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Abstract

The recent end of Dennard’s Scaling and the declining Moore’s Law have signified
a new era for the computing systems. Power efficiency has now become a criti-
cal factor for both cloud and edge computing. Concurrently, the rapid growth of
compute-intensive applications from the Digital Signal Processing (DSP) and Arti-
ficial Intelligence (AI) domains challenges the resources of computing systems. As
a result, the computing industry is forced to find alternative design approaches and
computing platforms to sustain increased power efficiency, while providing sufficient
performance. Among the examined solutions, Approximate Computing, Hardware
Acceleration, and Heterogeneous Computing have gained great momentum. Ap-
proximate Computing is a novel design paradigm that exploits the inherent error
resilience of DSP/AI applications to deliver gains in power, area, and/or perfor-
mance by reducing the quality of the results. Hardware Acceleration refers to the
execution of demanding computational tasks on specialized hardware, such as the
Application-Specific Integrated Circuits (ASICs) and the Field-Programmable Gate
Arrays (FPGAs), rather than general-purpose processors. Finally, Heterogeneous
Computing refers to versatile processing architectures, such as the Vision Processing
Units (VPUs), which integrate more than one type of processor and various memory
technologies.

In this Dissertation, we introduce design solutions and methodologies, built on top
of the preceding computing paradigms, for the development of energy-efficient DSP
and AI accelerators. In particular, we adopt the promising paradigm of Approximate
Computing and apply new approximation techniques in the design of arithmetic cir-
cuits. Based on our methodology, these arithmetic approximation techniques are
then combined with hardware design techniques to implement approximate ASIC-
and FPGA-based DSP and AI accelerators. Moreover, we propose methodologies for
the efficient mapping of DSP/AI kernels on distinctive embedded devices, such as the
new space-grade FPGAs and the heterogeneous VPUs. On the one hand, we cope
with the decreased flexibility of the space-grade technology and the technical chal-
lenges that arise in new FPGA tools and devices. On the other hand, we unlock the
full potential of heterogeneity by surpassing the increased hardware complexity and
exploiting all the diverse processors and memories.

In more detail, the proposed arithmetic approximation techniques involve bit-level
optimizations, inexact operand encodings, and skipping of computations, while they
are applied in both fixed- and floating-point arithmetic. To increase the design space
and extract the most efficient solutions, we also conduct an extensive exploration on

xiii



Abstract

combinations among the approximation techniques. Furthermore, we propose a low-
overhead scheme for seamlessly adjusting the approximation degree of our circuits
at runtime. In comparison with state-of-the-art designs, the proposed arithmetic
circuits feature a very large approximation space, i.e., a wide range of approxima-
tion configurations, which enable to maximize the resource gains for a given error
constraint. Our techniques induce a mean relative error of up to ∼2%, i.e., typical
error values for approximate circuits. The most prominent approximate circuits of
the Dissertation form a high-resolution Pareto front in a comparative evaluation in-
volving state-of-the-art designs of the literature, and they deliver up to 63% better
energy consumption. Finally, our runtime-configurable circuits exhibit a small area
overhead of ∼3% compared to the accurate design, and they provide ∼1.5× less en-
ergy gains than their respective design-time counterparts with fixed approximation.
Nevertheless, they can dynamically change the approximation degree, namely, the
accuracy of the calculations, while they still attain remarkable energy gains versus
the accurate circuit and state-of-the-art approximate circuits. At the accelerator
level, we develop a plethora of approximate kernels for 1D/2D signal processing and
Convolutional Neural Networks (CNNs). The experimental results show that we
achieve small relative errors for classic DSP calculations and 0%–5% accuracy loss
in CNNs for various arithmetic formats, while providing up to 70% area and energy
savings.

Regarding the DSP acceleration on new space-grade FPGAs, we apply our method-
ology to efficiently map computer vision algorithms onto the radiation-hardened
NanoXplore’s FPGAs. In the end, we achieve balanced resource utilization, which
is comparable to that of well-established FPGA vendors. Moreover, the throughput
is sufficient (e.g., up to 10 FPS for feature detection on MPixel images), consider-
ing the performance requirements of vision-based space applications. In terms of
Heterogeneous Computing, we accelerate custom DSP kernels, a sophisticated com-
puter vision pipeline, and a demanding CNN with ResNet-50 backbone on Intel’s
Myriad VPUs. The proposed methodology and embedded design techniques pro-
vide speedups up to 20× for classic DSP on Myriad 2, while the power lies around
1W. The CNN is accelerated on Myriad X with 2W, achieving ∼8.5× and ∼1.7×
better performance-per-Watt than the ARM CPU and the Jetson Nano GPU, re-
spectively.

Keywords: Approximate Computing, Approximation Techniques, Arithmetic Cir-
cuits, Computer Arithmetic, Hardware Design, Hardware Accelerators, ASIC, FPGA,
VPU, SoC, Heterogeneous Computing, Embedded Systems, Space-Grade, Digital Sig-
nal Processing, Computer Vision, Convolutional Neural Networks.
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Per—lhyh

To prìsfato tŁloc thc Klim�kwshc tou Dennard kai h fj—nousa pore—a tou Nìmou

tou Moore Łqoun shmatodot sei mia nŁa epoq  gia ta upologistik� sust mata. H

katan�lwsh isqÔoc apotele— plŁon Łnan kr—simo par�gonta, tìso gia to upologistikì

nŁfoc ìso kai gia upologismoÔc sthn �krh tou diktÔou. Tautìqrona, h taqe—a an�ptu-

xh apaithtik‚n efarmog‚n apì touc tome—c thc Yhfiak c Epexergas—ac S matoc (DSP)

kai thc Teqnht c NohmosÔnhc (AI) dhmiourge— prokl seic stouc pìrouc twn upologi-

stik‚n susthm�twn. Wc apotŁlesma, h biomhqan—a twn upologist‚n uiojete— enalla-

ktikŁc mejìdouc sqed—ashc kuklwm�twn kai susthm�twn, ‚ste na diathr sei qamhl 

katan�lwsh isqÔoc, parŁqontac ìmwc kai epark  taqÔthta. An�mesa stic lÔseic pou

exet�zontai, o Proseggistikìc Upologismìc ekmetalleÔetai thn eggen  anjektikìthta

se sf�lmata twn DSP/AI efarmog‚n ‚ste na prosfŁrei kŁrdh se pìrouc mei‚nontac

thn poiìthta twn apotelesm�twn. H Epit�qunsh UlikoÔ anafŁretai sthn ektŁlesh

apaithtik‚n upologistik‚n ergasi‚n se exeidikeumŁno ulikì, ìpwc ta OloklhrwmŁna

Kukl‚mata Eidik c Efarmog c (ASICs) kai oi Sustoiq—ec Epitìpia Programmatizìme-

nwn Pul‚n (FPGAs). TŁloc, o Eterogen c Upologismìc anafŁretai se euŁliktec

arqitektonikŁc epexergas—ac me pollaploÔc tÔpouc epexergast  kai mn mhc, ìpwc oi

Mon�dec Epexergas—ac ’Orashc (VPUs).

Sthn paroÔsa Diatrib , eis�goume sqediastikŁc lÔseic kai mejodolog—ec basismŁnec

sta proanaferjŁnta prìtupa sqed—ashc, me stìqo thn an�ptuxh energeiak� apodo-

tik‚n epitaqunt‚n ulikoÔ. Sqetik� me ton Proseggistikì Upologismì, efarmìzoume

nŁec teqnikŁc prosŁggishc sth sqed—ash arijmhtik‚n kuklwm�twn. Oi teqnikŁc autŁc

sundu�zontai me b�sh th mejodolog—a mac me klassikŁc teqnikŁc sqed—ashc, ‚ste na

ulopoi soume proseggistikoÔc DSP kai AI epitaquntŁc se ASIC kai FPGA. EpiplŁon,

prote—noume mejodolog—ec gia thn apotelesmatik  apotÔpwsh DSP/AI pur nwn p�nw

se idiìmorfec enswmatwmŁnec suskeuŁc, ìpwc ta nŁa FPGAs diasthmikoÔ bajmoÔ kai

oi eterogene—c VPUs. ’Oson afor� ta FPGAs, antimetwp—zoume tic teqnikŁc prokl seic

pou prokÔptoun kat� th qr sh nŁwn ergale—wn, en‚ gia tic VPUs, xekleid‚noume ìlec

tic dunatìthtec thc eterogŁneiac, xepern‚ntac thn auxhmŁnh poluplokìthta ulikoÔ kai

axiopoi‚ntac ìlouc touc diaforetikoÔc pìrouc.

Oi proteinìmenec teqnikŁc arijmhtik c prosŁggishc perilamb�noun beltistopoi seic

se ep—pedo duadikoÔ yhf—ou, mh akribe—c kwdikopoi seic telest‚n, kai par�leiyh u-

pologism‚n, en‚ efarmìzontai se arijmhtik  tìso stajer c ìso kai kinht c upodia-

stol c. Gia na auxhje— o q‚roc sqed—ashc kai na ex�goume tic pio apotelesmatikŁc
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Greek Abstract

lÔseic, pragmatopoioÔme ep—shc mia ekten  exereÔnhsh p�nw stouc sunduasmoÔc twn

teqnik‚n. EpiplŁon, prote—noume Łna sq ma qamhl c epib�runshc gia thn aprìsko-

pth rÔjmish tou bajmoÔ prosŁggishc twn kuklwm�twn kat� to qrìno ektŁleshc. Se

sÔgkrish me shmantik� kukl‚mata thc bibliograf—ac, oi proteinìmenec lÔseic diajŁtoun

polÔ megalÔtero q‚ro prosŁggishc (eurÔtero f�sma prosegg—sewn), epitrŁpontac th

megistopo—hsh twn kerd‚n se pìrouc gia Łnan dedomŁno periorismì sf�lmatoc. Oi

teqnikŁc mac prokaloÔn Łna mŁso sqetikì sf�lma Łwc kai ∼2%, dhlad  tupikŁc timŁc

sf�lmatoc proseggistik‚n kuklwm�twn. Ta pio exŁqonta proseggistik� kukl‚mata

thc Diatrib c sqhmat—zoun Łna sÔnoro Pareto uyhl c an�lushc sth sugkritik  axio-

lìghsh me shmantikŁc ergas—ec thc bibliograf—ac, prosfŁrontac Łwc kai 63% kalÔterh

katan�lwsh enŁrgeiac. TŁloc, ta kukl‚mata pou mporoÔn na rujm—soun dunamik� thn

prosŁggish, Łqoun auxhmŁnh epif�neia kat� ∼3% se sÔgkrish me to akribŁc kÔklwma,

kai parŁqoun ∼1.5× ligìtera kŁrdh enŁrgeiac apì ta ant—stoiqa kukl‚mata me stajer 

prosŁggish. ’Omwc, Łqoun th dunatìthta na all�zoun thn akr—beia twn upologism‚n,

en‚ exakoloujoÔn na prosfŁroun axioshme—wta energeiak� kŁrdh Łnanti tou akriboÔc

kukl‚matoc kai kuklwm�twn thc bibliograf—ac. Se ep—pedo epitaqunt , anaptÔssou-

me mia plhj‚ra apì proseggistikoÔc pur nec gia epexergas—a shm�twn/eikìnwn kai

Suneliktik� Neurwnik� D—ktua (CNNs). Me b�sh thn peiramatik  an�lush, ta sf�l-

mata e—nai mikr� se klasikoÔc DSP upologismoÔc kai h ap‚leia akr—beiac kuma—netai

wc 5% sta neurwnik� d—ktua, en‚ epitugq�netai Łwc kai 70% exoikonìmhsh epif�neiac

kai enŁrgeiac.

Sqetik� me ta nŁa FPGAs diasthmikoÔ bajmoÔ, efarmìzoume th mejodolog—a mac gia

thn apotelesmatik  apeikìnish algor—jmwn upologistik c ìrashc sta anjektik�-se-

aktinobol—a FPGAs thc NanoXplore. Sto tŁloc, epitugq�noume isorrophmŁnh qr sh

pìrwn, h opo—a e—nai sugkr—simh me aut  twn kajierwmŁnwn promhjeut‚n FPGAs. E-

piplŁon, h taqÔthta e—nai epark c (p.q., Łwc kai 10 FPS gia thn an—qneush qarakth-

ristik‚n se MPixel eikìnec), lamb�nontac upìyh tic apait seic apìdoshc twn dia-

sthmik‚n efarmog‚n. Sqetik� me ton Eterogen  Upologismì, epitaqÔnoume DSP
pur nec, mia akolouj—a algor—jmwn upologistik c ìrashc, kai Łna apaithtikì CNN
stic Myriad VPUs thc Intel. Oi proteinìmenec mejodolog—ec kai teqnikŁc enswmatw-

mŁnhc sqed—ashc parŁqoun epit�qunsh Łwc kai 20× se klasikoÔc DSP upologismo-

Ôc sth Myriad 2 me katan�lwsh isqÔoc 1W. To CNN epitaqÔnetai sth Myriad X
me 2W, prosfŁrontac ∼8.5× kai ∼1.7× kalÔterh apìdosh-an�-Watt apì ton epexer-

gast  genikoÔ-skopoÔ ARM kai ton epexergast  grafik‚n Jetson Nano, ant—stoi-

qa.

LŁxeic Kleidi�: Proseggistikìc Upologismìc, TeqnikŁc ProsŁggishc, Arijmhtik�

Kukl‚mata, Arijmhtik  Upologist‚n, Sqed—ash UlikoÔ, EpitaquntŁc UlikoÔ, Etero-

gen c Upologismìc, EnswmatwmŁna Sust mata, Teqnolog—a Diast matoc, Yhfiak  E-

pexergas—a S matoc, Upologistik  ’Orash, Suneliktik� Neurwnik� D—ktua.
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Chapter 1

Introduction

1.1. The Landscape of Embedded Systems

The rapid technological advancements in processing, communication, storage, and
sensing have transformed the landscape of embedded systems. With the emergence
of Internet of Things (IoT) [1], there is a huge increment in the amount of data that
are generated, which imposes technical challenges in the typical resource-constrained
devices. On the other hand, the transmission of all these data to cloud infrastructures
and data centers for processing creates communication bottlenecks, does not guaran-
tee real-time response, while it is often avoided due to safety and privacy issues. Due
to the ever-growing number of IoT connections, which is expected to be 27 billion in
2025 (as shown in Figure 1.1), the original cloud-centric system is already stressed to
meet the runtime requirements. As a result, there is a tendency to process the data
at the edge of the network, namely, upon they are generated. This new computing
paradigm is established by the name Edge Computing [2] and has gained significant
momentum over the last years.

Concurrently, the massive growth of demanding applications and powerful algorithms
from domains such as Digital Signal Processing (DSP), Computer Vision (CV), Artifi-
cial Intelligence (AI), and Machine Learning (ML), marks a new era for the computing
systems at the edge. Conventional embedded processors, such as Central Processing
Units (CPUs) and microcontrollers, do not have the computational power to handle
these compute-intensive workloads, and thus, they are unable to meet the perfor-
mance requirements [3–5]. Another limitation is the restricted memory capacity at
the edge, which slows down the processing, especially in applications with a large
amount of I/O data.

It is evident that the proliferation of data along with the emergence of applications
with increased complexity requires alternative design solutions to sustain sufficient
performance at the edge. For this reason, the embedded systems have evolved over
the years and constitute multi-purpose systems that sense, act, and communicate

1
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Figure 1.1: Number of connected IoT devices from 2015 to 2025. Source: IoT Analytics, https:
//iot-analytics.com/number-connected-iot-devices/.

with their environment. In earlier years, the embedded systems consisted of simple
microcontrollers and memories. In contrast, contemporary embedded systems are
build on complex System-on-Modules (SoMs) and System-on-Chips (SoCs), i.e., they
are placed in single boards and single chips, respectively. These systems integrate
CPUs, novel specialized processors, memory blocks, high-bandwidth peripherals, and
communication interfaces. Nevertheless, besides space limitations, there is a vital
factor that does not allow to seamlessly increase the computation resources, e.g.,
by adding more devices and/or processing units: the power consumption. Typical
embedded systems consume some Watts [6], while ultra-low-power embedded systems
(e.g., wearable) have a power budget of a few milliWatts [7]. Consequently, there
is a trade-off between performance and power: from the one side, the applications
demand speed and real-time response, while from the other side, there are tight power
constrains at the edge.

1.2. The Evolution of Integrated Circuits

The integrated circuits constitute the cornerstone of computing systems, as they in-
herently impact their performance, power consumption, and area utilization. Figure
1.2 illustrates the trends for the microprocessors over the last 50 years. Historically,
the semiconductor technology was driven for more than 40 years by two fundamental
principles: Moore’s Law [8] and Dennard’s Law [9]. According to Gordon Moore [8],
the number of transistors in a dense integrated circuit doubles approximately every
two years. As shown in Figure 1.2, the transistor scaling is linear until today, even
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Figure 1.2: 50-year trends in microprocessors. Source: Karl Rupp, https://github.com/karlrupp/
microprocessor-trend-data.

though several researchers forecast that Moore’s Law will end soon [10]. Moore’s Law
is often quoted together with the prediction of David House (executive of Intel), who
then said that the overall computing performance would double approximately every
18 months. On the other hand, Dennard’s Law, which expired in the mid-2000s, is
the force behind Moore’s Law. According to Robert Dennard [9], the power den-
sity (power per silicon area) remains stable as the transistors get smaller, so that
the power use stays in proportion with the area, i.e., both voltage and current scale
(downward) with the length. Practically, for a given area size, the power consump-
tion of the chip remained the same in each transition to a new generation of process
technology (technological node). Therefore, each new process technology doubled
the number of transistors in a chip without increasing the power consumption. The
combination of the two laws allowed to scale the supply voltage and the threshold
voltage, resulting in lower power per transistor, and thus, almost stable power den-
sity.

Nevertheless, the scaling law of Dennard did not consider the impact of the transistor
sub-threshold leakage on the total chip power [11]. More specifically, in techno-
logical nodes of some nanometers, the decrease of the threshold voltage results in
an exponential increase of the leakage power. This did not happen in 1970s, be-
cause the sub-threshold leakage was small and had negligible impact on the total
chip power. As a result, the threshold voltage can no longer be reduced, and thus,
the scaling of the supply voltage stopped (further scaling could affect the perfor-
mance).
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In summary, even though the number of transistors integrated per area is increasing,
the supply voltage is not scaled accordingly, and thus, the power density is increased.
The failure of Dennard’s scaling in conjunction with other factors such as the cooling
technology and the natural limits of silicon has led us to the “Dark Silicon” era [12–14].
In this era, the entire circuitry of an integrated circuit cannot be powered-on at the
nominal operating voltage for a given Thermal Design Power (TDP) constraint. All
the things considered, the power efficiency and management is nowadays a critical
issue for computing systems, either they are placed at the edge (embedded systems) or
on the cloud (data centers). Therefore, the industry of computing systems is forced to
find new design approaches and computing platforms, which will improve the power
efficiency while providing the desired performance.

Towards power-efficient, real-time, and high-yielding computing systems, Approxi-
mate Computing [15–19], Hardware Acceleration [3, 4, 20–22], and Heteroge-
neous Computing [23–27] have attracted much interest from the research commu-
nity. The Approximate Computing paradigm exploits the error resilience of appli-
cations from the DSP/AI domains to reduce the quality of the results and deliver
in exchange gains in power, area, and/or performance. Hardware Acceleration refers
to the process of offloading compute-intensive tasks onto specialized hardware, such
as the Application-Specific Integrated Circuits (ASICs) and the Field-Programmable
Gate Arrays (FPGAs), rather than executing them on general-purpose CPUs. Finally,
Heterogeneous Computing refers to systems integrating more than one type of proces-
sor, such as the Graphics Processing Units (GPUs) and the Vision Processing Units
(VPUs). These design approaches are inherently linked and overlapping each other:
(i) practically, heterogeneous hardware architectures (i.e., GPUs and VPUs) belong
in the wider range of hardware accelerators, and (ii) approximations can be applied
in implementations of all the hardware accelerators.

1.3. Approximate Computing

Approximate computations have been applied since the 1960s. For example, in one of
the first works of the field, Mitchell proposed the logarithmic-based multiplication/-
division [28]). Nevertheless, the first systematic efforts to define the Approximate
Computing paradigm started in the late 2000s. Since then, various terms have been
used to describe the process of generating approximate architectures, programs, and
circuits. Approximate Computing is synonymous or overlaps with them. The most
well-known terms of the literature are listed as follows:

• Chakradhar et al. [29] define “Best-Effort Computing” as “the approach of de-
signing software/hardware computing systems with reduced workload, improved
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parallelization and/or approximate components towards enhanced efficiency and
scalability”.

• Carbin et al. [30] introduce the term “Relaxed Programming” to express “the
transformation of programs with approximation methods and relaxed semantics
to enable greater flexibility in their execution”.

• Chippa et al. [31] use the term “Scalable Effort Design” for “the systematic
approach that embodies the notion of scalable effort into the design process at
different levels of abstraction, involving mechanisms to vary the computational
effort and control knobs to achieve the best possible trade-off between energy
efficiency and quality of results”.

According to Mittal [16], “Approximate Computing exploits the gap between the ac-
curacy required by the applications/users and that provided by the computing system
to achieve diverse optimizations”. Han and Orshansky [15] distinguish Approximate
Computing from Probabilistic/Stochastic Computing, stating that “it does not in-
volve assumptions on the stochastic nature of the underlying processes implementing
the system and employs deterministic designs for producing inaccurate results”. An-
other interesting point of view is expressed by Sampson [32], who claims that Ap-
proximate Computing is based on “the idea that we are hindering the efficiency of the
computer systems by demanding too much accuracy from them”. In this Dissertation,
we attribute the following definition:

� Approximate Computing: A progressive paradigm shift for the development of sys-
tems, circuits & programs, build on top of the error-resilient nature of application
domains, and based on disciplined methods to intentionally induce errors that will
provide valuable resource gains in exchange for tunable accuracy loss.

The world of computing systems is full of workloads with intrinsic error tolerance [29].
These workloads are significant pillars of domains such as DSP (e.g, signal/im-
age/video/audio processing), AI/ML (e.g., artificial neural networks, clustering), and
Data Analytics (e.g., web search, data mining). Approximate Computing exploits this
error resilience across the entire computing stack, i.e., at both software and hardware
levels. The factors that allow Approximate Computing to decrease the quality of the
results in exchange for resource gains, originate from [29]:

• the user’s intention to accept results of lower quality.

• the limited human perception, e.g., in multimedia applications.

• the lack of perfect/golden results for validation, e.g., in data mining applica-
tions.

• the lack of a unique answer/solution, e.g., in machine learning applications.
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• the application’s self-healing property, i.e., the inherent capability to absorb/-
compensate errors.

• the application’s inherent approximate nature, e.g., in probabilistic calculations,
iterative algorithms, and learning systems.

• the application’s analog/noisy real-world input data, e.g., in multimedia/signal
processing.

There are several challenges in the design of approximate systems. First of all, the
accuracy is still of the utmost importance. Namely, even though errors are tolerated,
the accuracy needs to be retained within the acceptable limits of the application. This
requires the analysis of the application with realistic datasets and the development of
accurate models that emulate the approximations. Moreover, modern approximate
systems need to adapt their accuracy at runtime depending on the application’s/user’s
constraints. Hence, the approximation methods should enable runtime approxima-
tion tuning instead of providing a single static approximation configuration. Another
challenge in Approximate Computing is the development of systems with cross-layer
approximation, i.e., the synergistic application of approximation techniques from dif-
ferent layers of the computing stack. This approach has shown promising results,
however, sophisticated methodologies for the automatic configuration of the approx-
imations in all system’s modules are still missing.

In this Dissertation, regarding “Approximate Computing”, we report an extensive
literature review of the state-of-the-art software and hardware approximation tech-
niques and then, we focus on hardware-level Approximate Computing. In particular,
we propose new approximation techniques for the design of power-efficient arithmetic
circuits, and employ them along with other design techniques to develop approximate
hardware accelerators from the DSP and AI domains.

1.4. Hardware Acceleration

The conventional CPU-based computing platforms do not provide sufficient perfor-
mance for compute-intensive DSP/AI workloads [3, 4, 20–22]. As already discussed,
the computing industry employs novel processors based on ASICs, FPGAs, GPUs,
and VPUs to cope with the increased demands of modern DSP/AI workloads. The
execution of high-complexity computing tasks on customized hardware, such as the
preceding specialized processors, is widely known as Hardware Acceleration. In terms
of development, Hardware Acceleration requires more programming effort and time
than the respective development on general-purpose CPU-based processors. Never-
theless, the performance results are very impressive, providing speedups of orders of
magnitude. We note that besides the aforementioned accelerators, the market offers
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additional hardware platforms, such Google’s Tensor Processing Unit (TPU) [33],
which is an AI accelerator. Below, we introduce in brief the most common hardware
accelerators:

• ASIC: an integrated circuit that is customized for a specific application/func-
tion. It cannot be reprogrammed or modified after its production. ASICs are
used for the efficient implementation of DSP/AI functions and general-purpose
tasks of computing systems.

• FPGA: an integrated circuit that is manufactured with configurable logic blocks
and programmable interconnects. It can be reprogrammed numerous times
after its production. FPGAs are mainly used for accelerating heavy DSP/AI
functions, as well as for interfacing and prototyping purposes.

• GPU: a processor integrating multiple specialized small cores. GPUs are used
for accelerating graphics rendering, calculations involving massive amount of
data, scientific calculations, and CV/AI workloads.

• VPU: a processor integrating vector cores, image processing filters and AI en-
gines. VPUs excel in imaging/vision tasks and are used for accelerating DSP/AI
workloads.

In the remainder of this Dissertation, we report a plethora of related works and
discussions involving the aforementioned hardware accelerators. Indicatively, in Fig-
ure 1.3, we depict the well-known Eyeriss ASIC for Convolutional Neural Networks
(CNNs) [34] and Xilinx’s Zynq-7000 SoC FPGA [35]. Eyeriss is designed for accel-
erating CNNs with many layers and varying shapes, and it is based on a spatial
array of 168 Processing Elements (PEs) and a global on-chip buffer. The data move-
ment is optimized by exploiting data reuse and inter-PE communication, while data
gating and compression are used to reduce the power consumption. On the other
hand, the Zynq SoC FPGAs have been established in the market as state-of-the-art
devices for Hardware Acceleration. These devices offer the software programma-
bility of an ARM-based processing system (2 ARM Cortex-A9, on-chip memory,
caches, memory controllers, and peripherals) and the hardware programmability of
a traditional FPGA (programmable resources for logic functions, arithmetic oper-
ations, registers, and memories). All these components are integrated in a single
chip to provide a fully scalable SoC platform for high-performance DSP/AI process-
ing.

In this Dissertation, regarding “Hardware Acceleration”, we implement approximate
arithmetic circuits using standard-cell libraries for ASIC. Our arithmetic circuits are
also integrated in hardware DSP/AI functions, which are accelerated on standard-
cell ASIC and Xilinx’s FPGAs. Moreover, we implement demanding CV kernels on
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Figure 1.3: High-level architecture of (a) the Eyeriss ASIC [34] and (b) the Xilinx Zynq-7000 SoC
FPGA [35].

the new European space-grade FPGAs. Finally, we accelerate custom DSP kernels, a
sophisticated CV pipeline, and CNNs on Intel’s VPUs.

1.5. Heterogeneous Computing

The increased diversity of modern DSP/AI workloads in I/O, computational, and
memory requirements has marginalized the use of homogeneous CPU-based com-
puting platforms. To cope with all these requirements and provide efficient design
solutions, the computing industry has turned to Heterogeneous Computing architec-
tures [23–27]. These architectures integrate more than one type of processor and
potentially different memory technologies. In particular, contemporary heteroge-
neous architectures offer both general-purpose processors and specialized accelera-
tion cores/engines. In terms of storage, the heterogeneity usually offers global mem-
ory, caches and scratchpad (working) memory. Figure 1.4 shows the evolution of
heterogeneous architectures according to Shalf [10]. Computing architectures with
two similar CPUs or a multi-core CPU (Figure 1.4a) are now considered homo-
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geneous systems. Currently, there are two prevailing kinds of computing architec-
ture:

(i) the heterogeneous architecture of Figure 1.4b, which combines the general-
purpose CPU with a GPU/DSP accelerator [25].

(ii) the very heterogeneous architecture of Figure 1.4c, which additionally includes
small accelerators (e.g., the VPU SoCs [36]).

The heterogeneity is expected to increase in the future (Figure 1.4d), integrating accel-
erators and memories of different technologies. The very heterogeneous architecture
of Figure 1.4c is met in Intel’s Myriad VPUs [36], which constitute embedded SoCs
for Edge Computing. These VPUs have recently emerged as an attractive solution
for accelerating imaging applications with only 1–2W. Compared to the CPU–GPU
architectures, the VPU SoCs are more heterogeneous, as they offer general-purpose
CPUs, vector cores, hardware filters for image processing, and a dedicated AI accel-
erator in the case of Myriad X.

Heterogeneous Computing imposes several challenges. From the developer side, the
programming model involves parallel computing and mapping to specialized hard-
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ware, and thus, it is more complex than the respective one of conventional comput-
ing. The workloads need to be efficiently distributed and parallelized among the cores
and accelerators to deliver improved performance and power efficiency. Towards this
direction, the developer has to make decisions regarding the application’s decomposi-
tion into parallel computing tasks, the selection of the most suitable processor for each
task, and the identification of the parts that offer limited parallelization opportunities
or do not require acceleration. In the case of the Myriad VPUs, there are more tech-
nical challenges, given that these SoCs are mainly build for power efficiency rather
than high performance. Therefore, the developer needs to exploit every piece of the
VPU heterogeneity to provide sufficient performance.

In this Dissertation, regarding “Heterogeneous Computing”, we develop methodolo-
gies for the efficient mapping and scheduling of DSP/CV kernels and CNNs on the
Myriad VPUs. We introduce several high- and low-level implementation techniques
and evaluate the suitability of the VPUs as edge processors.

1.6. Scope and Contribution of Dissertation

The scope of the Dissertation is the design of arithmetic circuits and DSP & AI
accelerators. In this context, we propose design solutions and methodologies for im-
proving the efficiency of the implementations on ASIC/FPGA and multi-core SoCs.
At circuit level, we adopt the promising design paradigm of Approximate Comput-
ing and propose new arithmetic approximation techniques, which are then used to
design various approximate hardware accelerators on ASIC/FPGA technology. At
platform level, we aim to unlock the full potential of new embedded devices, such
as the space-grade FPGAs and the multi-core VPUs, by surpassing the bottlenecks
of the tools and exploiting the heterogeneity of the SoCs, respectively, to accelerate
high-performance DSP/AI workloads.

The main differentiation of the Dissertation compared to prior art is summarized
as follows:

• At design technique level, we propose approximation methods that provide a
larger approximation space, i.e., multiple approximation configurations, en-
abling to maximize the resource gains under a specified error constraint.

• At circuit level, we propose energy-efficient approximate circuits that can seam-
lessly adjust their approximation configuration at runtime.

• At hardware accelerator level, we perform an extensive design space exploration
on approximation techniques, arithmetic formats, algorithms, and hardware
design techniques to generate approximate ASIC/FPGA-based accelerators.
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• At computing platform level, we systematically examine the capabilities of the
programming tools and exploit the underlying hardware architectures to accel-
erate high-performance DSP/AI workloads.

The contribution of the Dissertation is summarized as follows:

(i) In Chapter 2, we report a comprehensive up-to-date literature survey for Ap-
proximate Computing, where we report the basic terminology, and then, classify
and analyze the state-of-the-art software and hardware approximation tech-
niques.

(ii) In Chapter 3, we highlight the significance of the underlying arithmetic in cir-
cuits, and show that novel numerical formats and sophisticated bit-level opti-
mizations can provide valuable resource gains in hardware.

(iii) In Chapter 4, we address the circuit overheads of the classic high-radix encodings
and propose a new approximate hybrid high-radix encoding, which is parametric
in terms of approximation degree. This encoding is used to design the RAD
family of approximate multipliers.

(iv) In Chapter 5, we introduce a low-overhead dynamic configuration scheme for
adjusting the approximation degree of multipliers at runtime. This technique
is applied in fixed- and floating-point arithmetic, generating the DyFXU and
DyFPU families of runtime-configurable approximate multipliers.

(v) In Chapter 6, we highlight the efficiency of integrating more than one approxi-
mation technique in the design of approximate circuits. In this context, we com-
bine various state-of-the-art techniques and provide a very large design space
for approximate multiplication. This extensive exploration results in the ROUP
family of approximate multipliers, which form the state-of-the-art Pareto-front.

(vi) In Chapter 7, we introduce a methodology for designing approximate DSP/AI
hardware accelerators. Based on this methodology, we fuse approximation tech-
niques with various arithmetic formats, DSP/AI algorithms, and hardware de-
sign techniques, to generate energy-efficient hardware accelerators for 1D/2D
signal processing and neural networks.

(vii) In Chapter 8, we introduce a methodology for efficiently mapping and accelerat-
ing high-performance DSP algorithms on the new European space-grade FPGAs.
Based on this methodology, we apply our tool-level exploration to surpass issues
that arise because the FPGA vendor is new and the space-grade FPGAs exhibit
decreased flexibility compared to the commercial ones.

(viii) In Chapter 9, we introduce a methodology for partitioning, scheduling and
optimizing demanding DSP and AI workloads on the heterogeneous multi-core
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VPUs. Based on this methodology, we exploit the full potential of the VPU SoCs
to provide sufficient DSP and AI acceleration with limited power consumption.

1.7. Structure of Dissertation

The remainder of the Dissertation is organized as follows. Chapter 2 introduces the
Approximate Computing paradigm, reviewing the terminology and state-of-the-art
software & hardware approximation techniques. Chapters 3–9 report the main work
of the Dissertation. Finally, Chapter 10 concludes the Dissertation by summarizing
the contributions and discussing future extensions. The structure of the main work
is presented in Figure 1.5 and is divided in two parts:

Part I: “Arithmetic Approximation Techniques for Circuit Design”

Part II: “Design Methodologies for Embedded Computing”

Part I includes Chapters 3–7 and focuses on arithmetic approximation techniques and
the design of approximate DSP/AI hardware accelerators. Part II includes Chapters
8–9 and focuses on new embedded computing platforms (space-grade FPGAs and
multi-core VPU SoCs) and the efficient acceleration of DSP/AI kernels. Both parts
have a common goal: the development of energy-efficient DSP/AI accelerators.
Part I reaches this goal from a lower design abstraction layer, while Part II reaches
it from higher design abstraction layers. Figure 1.6 depicts how we achieve this
goal and what issues we have to surpass: (i) by using arithmetic approximations,
while we have to care about the errors and application’s accuracy, (ii) via extensive
and systematic tooling on the new space-grade FPGAs, where we have to surpass the
limitations/issues of newly released tools/devices, (iii) by exploiting the heterogeneity
of low-power multi-core VPUs, where we have to cope with resource-constrained edge
devices and the increased complexity of the SoCs. Next, we discuss the content of
each chapter included in Part I and Part II.

Chapter 3: This chapter acts as introductory to low-level logic optimizations, tar-
geting to highlight the significance of studying the arithmetic of circuits/accelerators.
For this purpose, it focuses on the Double Least Significant Bit (DLSB) numerical
format, in which the numbers have an extra least significant bit, and it proposes so-
phisticated low-level optimizations. These bit manipulations are also used in the next
chapters, and specifically in the design of approximate circuits. More explicitly, in this
chapter, we improve the DLSB multiplication, resulting in decreased overheads versus
the straightforward design approach. Moreover, as case study, we demonstrate how
the proposed optimized circuit can be used as building block in the implementation
of large-size multiplications.
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Chapter 4: This chapter proposes an approximate hybrid high-radix encoding for
generating the energy-efficient RAD multipliers. The proposed encoding scheme ap-
proximately encodes one of the operands, using the accurate radix-4 encoding for
its most significant part and an approximate high-radix encoding for its least signif-
icant part. The approximation is inserted by mapping all the high-radix values to a
set of values including only the 4 largest powers of two. The proposed RAD family
of approximate multipliers is configurable, and can be tuned to achieve the desired
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energy–accuracy trade-off.

Chapter 5: This chapter proposes runtime-configurable approximate multipliers for
fixed- and floating-point arithmetic. The approximation is inserted by two orthogo-
nal techniques, i.e., partial product perforation and partial product rounding, which
allow to integrate a low-overhead scheme for tuning the approximation at runtime.
The runtime circuit variants DyFXU and DyFPU deliver negligible overhead versus
their design-time counterparts (AxFXU and AxFPU). However, they still provide en-
ergy efficiency and benefit from their capability of selecting a different approximation
configuration (among numerous ones) at runtime.

Chapter 6: This chapter proposes the concept of cooperative approximation, namely,
the application of more than one arithmetic approximation technique in the design of a
circuit. The goal is twofold: (i) to create a very large approximation space that serves
various design scenarios and can handle different error constraints or power budgets,
and (ii) to identify the most efficient approximation solutions in terms of both accu-
racy and resources. Our extensive design space exploration results in 5 new families
of approximate multipliers, from which, ROUP is the most prominent, as it forms the
state-of-the-art Pareto front with increased resolution.

Chapter 7: This chapter introduces a methodology for the systematic development
of approximate DSP/AI hardware accelerators. The proposed methodology consists
of two stages, i.e., software-level exploration and hardware development. The main
feature of the methodology is the combination of approximation techniques with dif-
ferent arithmetic formats (e.g., fixed/floating-point, quantized integer), alternative
algorithms for the same application, and classic hardware design techniques. The goal
of this chapter is twofold: (i) to assess the Dissertation’s approximate designs in real-
world DSP/AI applications, and (ii) to evaluate the error resilience and quantify the
resource gains of approximate DSP/AI accelerators.

Chapter 8: This chapter proposes a design methodology for porting demanding DSP
algorithms on the new European space-grade FPGAs. The methodology is divided
with respect to the stages of the typical FPGA design flow. Our systematic design
approach aids us to surpass issues that arise when using new tools or porting designs
developed in other FPGA vendors, as well as confront the decreased flexibility and
lower performance of space-grade FPGAs compared to their commercial counterparts.
The evaluation is performed with hardware kernels for feature detection and stereo
vision, and it includes comparisons to other FPGAs.

Chapter 9: This chapter proposes a design methodology for the efficient mapping
and acceleration of compute-intensive algorithms on the heterogeneous multi-core
VPUs. The methodology aims to highlight the most efficient partitioning and schedul-
ing schemes in such complex and very heterogeneous SoCs. In this context, we intro-
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duce several high- and low-level implementation techniques. Given that the VPUs are
designed to provide low power consumption, our methodology and design choices al-
low us to deliver sufficient performance in custom DSP kernels and a sophisticated CV
pipeline. Moreover, we deploy a demanding CNN. The evaluation includes comparison
results with other state-of-the-art embedded devices.

Finally, even though all chapters are related to each other, they constitute standalone
structures of text. Namely, each chapter has its own abstract, introduction, list of
contributions, proposed techniques/designs/methodologies, experimental evaluation
and conclusion.

1.8. Overview of Technologies, Tools and Devices

In this section, we report all the industrial-strength programming/development tools,
devices/platforms and technologies that are used in the Dissertation. Table 1.1 sum-
marizes all the relevant details. In Chapters 3–6, all the circuits are synthesized on

Table 1.1: Overview of Dissertation’s tools and devices.

Tool Usage Reference

Synopsys Design Compiler standard-cell synthesis Chapters 3–7
Synopsys PrimeTime standard-cell power measurement Chapters 3–7
Siemens QuestaSim simulation (validation & power) Chapters 3–8
Xilinx Vivado FPGA implementation Chapters 7–8
Intel Quartus FPGA implementation Chapter 8
Microsemi Libero FPGA implementation Chapter 8
NanoXplore NXmap FPGA implementation Chapter 8
Intel MDK VPU implementation Chapter 9
Intel OpenVINO VPU implementation Chapter 9
Google TensorFlow CNN development Chapters 7,9

Device/Technology Reference

TSMC Standard Cells (65-nm, 45-nm) Chapters 3–7
Xilinx FPGAs (ZCU106, Zynq-7020) Chapter 7
Xilinx FPGA (Virtex-5QV) Chapter 8
Intel FPGA (Cyclone III) Chapter 8
Microsemi FPGA (RTG4) Chapter 8
NanoXplore FPGAs (NG-Medium, NG-Large) Chapter 8
Intel VPUs (Myriad 2, Myriad X, NCS2) Chapter 9
Nvidia GPU (Jetson Nano) Chapter 9
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TSMC standard-cell libraries (65-nm and 45-nm) with Synopsys’ Design Compiler
tool. All the simulations are performed with Siemens’ (Mentor Graphics) QuestaSim,
while for the power measurements, we use Synopsys’ PrimeTime. The same libraries
and tools are used for the synthesis of the ASIC-based accelerators in Chapter 7.
Moreover, this chapter includes implementation results for accelerators on Xilinx’s
ZCU106 and Zynq-7020 FPGAs, while the associated tool is Vivado. In Chapter
8, we report numerous results from the implementation of DSP kernels on various
FPGAs (Xilinx Virtex-5QV, Intel Cyclone III, and Microsemi RTG4). For these im-
plementations, we use the corresponding software tool of each FPGA vendor. Chapter
8 also includes results for NanoXplore’s new space-grade FPGAs (NG-Medium and
NG-Large), which are generated by the NXmap tool. Chapter 9 focuses on Intel’s
VPUs (Myriad 2 and Myriad X), and all the implementations are performed with the
associated tools, i.e., the MDK design suite for custom development and the Open-
VINO framework for the deployment of neural networks. This chapter also reports
results for Nvidia’s Jetson Nano GPU.
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Chapter 2

The Approximate Computing Paradigm

The emergence of complex applications in domains applying multimedia processing
and machine learning tasks has transformed the computing paradigm in embedded
systems and data centers. These applications involve massive data and/or high com-
putational complexity. Consequently, there is an emerging need for computational
resources, which results in increasing more and more the power consumption of the
computing systems. In the past, the technology scaling has played significant role
towards surpassing these challenges, however, its declining efficiency pushes us to
examine new computing paradigms. Approximate Computing is such an alternative
paradigm, which trades-off accuracy loss and decreased quality of results for resource
gains (e.g., in power/energy, area, latency, throughput). This computing paradigm
is applied to error-resilient applications, such as those involving multimedia and ma-
chine learning, and it induces errors based on a disciplined approach to improve the
efficiency of the systems/circuits and deliver the desired resource gains. Approxima-
tion opportunities abound in every layer of the typical computing stack, i.e., from
transistors and circuits to compilers and programming languages. Therefore, there is
a great variety of approximation techniques at each design abstraction layer, which
study the errors and relax the accuracy from different perspective. In this chapter, we
review state-of-the-art research works in Approximate Computing from all the layers
of the computing stack. At first, we discuss the terminology of Approximate Comput-
ing and then, we classify and analyze the state-of-the-art approximation techniques
with respect to their application layer (software or hardware). Our taxonomy is fine-
grained, namely we study in-depth the approximation techniques of each layer and
classify them based on their design approach.
This chapter is based on our publication in [37].
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2.1. Introduction

Approximate Computing covers the entire computing stack, i.e., approximation tech-
niques are applied at all design abstraction layers. Significant research has been con-
ducted in the field of software approximation techniques, which involve approximate
programming languages, approximate compilers, approximation frameworks, quality-
aware runtime systems, as well as approximations via precision scaling, task skipping
and memoization. On the other hand, the most common hardware techniques target
the modification of the circuits and hardware architectures, i.e., they generate a lossy
circuit/architecture from the nominal accurate one. There is also wide research on the
tunable scaling of the circuit’s voltage or frequency.

This chapter provides background in Approximate Computing. In particular, we in-
troduce the terminology of Approximate Computing based on our literature search,
and we report an extensive review of the state-of-the-art software and hardware
approximation techniques. Our literature review includes newer works and more
works compared to previous well-established surveys in Approximate Computing,
i.e., from Mittal et al. (2016) [16], Xu et al. (2016) [17], and Shafique et al.
(2016) [18]. Furthermore, it differentiates from the survey of [19], as it focuses
on implementation details and analyzes the approximations of each reviewed tech-
nique.

The remainder of this chapter is organized as follows. Section 2.2 reports the terminol-
ogy. Section 2.3 classifies and analyzes the software approximation techniques, while
Section 2.4 classifies and analyzes the hardware approximation techniques.

2.2. The Terminology of Approximate Computing

Table 2.1 describes the most frequently used terms in Approximate Computing. The
term error is used to indicate that the output result is different from the accurate re-
sult (produced with conventional computing). Error is distinguished from fault, which
refers to an unexpected condition (e.g., stuck-at-logic in circuits, bit-flips in memories,
faults in operating systems) that causes the system to unintentionally output erro-
neous results. Another significant term is accuracy, which is defined as the distance
between the approximate and the (nominal) accurate result and is expressed with var-
ious error metrics (e.g., error rate, mean relative error, mean squared error, classifica-
tion accuracy). Accuracy is distinguished from precision, which expresses the differ-
entiation between nearby discrete values and does not refer to errors of Approximate
Computing but to quantization noise (inserted by the real-to-digital value mapping).
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2.2. The Terminology of Approximate Computing

Table 2.1: Basic terminology of Approximate Computing.

Term Description

Error-Resilient
Application

The application that tolerates errors and accepts results of lower
quality.

Quality of Service The quality of the results in terms of errors and accuracy.
Error Constraints The quality/accuracy requirements that the results should satisfy.
Error Threshold The maximum error allowed in the results.
Golden Result The result that is obtained from the accurate computations.
Acceptable Result The result that satisfies the application’s error constraints.
Variable Accuracy The capability of providing different levels of accuracy.

Non-Critical Task The task/computation that can be safely approximated due to its
small impact on the quality of the output results.

Error Analysis The study involving metrics, mathematics and simulations to ex-
amine the range, frequency, scaling, and propagation of errors.

Approximation
Technique

The systematic and disciplined approach/method to insert com-
putation errors in exchange for resource gains.

Approximation
Degree

The strength of the approximation technique in terms of compu-
tations approximated and errors induced.

Approximation
Configuration

An instance of the parameters/settings of the approximation tech-
nique.

Frozen
Approximation The approximation degree is fixed and cannot be re-configured.

Dynamic
Approximation
Tuning

The capability of adjusting the approximation degree at runtime
to satisfy the desired error constraints.

Cross-Layer
Approximation

The approximation that is applied at multiple design abstraction
layers (software, hardware, architecture).

Heterogeneous
Approximation

The approximation that concurrently applies multiple configura-
tions of different degree within the same system.

Approximation Space
Exploration

The study involving error analysis and gain quantification to ex-
amine trade-offs and select the suitable approximations.

Approximation
Localization

The systematic approach to locate the computations and regions
that are offered for approximation.

Error Modeling The process of emulating the errors of the approximations.
Error Prediction The process of predicting errors before computing the final result.
Error Detection The process of identifying an error occurrence.
Error Compensation The process of modifying the erroneous result to reduce the error.
Error Correction The process of correcting the erroneous result.

More specifically, in computer arithmetic, the more bits are used for the decimal num-
ber part, the higher the precision, i.e., there are more bits for the representation and
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the numbers are closer to their real value. Moreover, in Approximate Computing, the
term Quality-of-Service (QoS) is used to describe the overall quality of the results (in
terms of accuracy and errors), considering the expected/accurate results as baseline
and the application’s quality constraints.

2.3. Classification of Software Approximation
Techniques

In this section, we classify and introduce approximation techniques that are applied
at software level, i.e., the higher level of the design abstraction hierarchy. The goal
of software Approximate Computing is to improve the execution time of the program
and/or the energy consumption of the system. The techniques of the literature, illus-
trated in Figure 2.1, can be categorized into six classes: (i) Selective Task Skipping,
(ii) Approximate Memoization, (iii) Relaxed Synchronization, (iv) Precision Scaling,
(v) Data Sampling, and (vi) Approximate Programming Languages. Typical tech-
niques include some of the following features: approximation libraries/frameworks,
compiler extensions, accuracy tuning tools, runtime systems, and language annota-
tions. Moreover, there are numerous techniques allowing the programmer to specify
QoS constraints, provide approximate code variants, and mark the program’s region-
s/tasks for approximation.

The remainder of this section reports representative state-of-the-art works for soft-
ware Approximate Computing. Besides classifying state-of-the-art techniques, we

Approx. Memoization SOFTWARE

APPROXIMATION TECHNIQUES

Loop

Perforation

Selective Task Skipping

Data Sampling

Computation

Skipping

Relaxed Synchronization Precision Scaling

Memory Access

Skipping

Approx. Programming Languages

Figure 2.1: Classification of state-of-the-art software approximation techniques.
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Table 2.2: Classification of software approximation techniques.

SW Approximation Class References

Loop Perforation [40–48]
Computation Skipping [49–57]
Memory Access Skipping [58–63]
Approximate Memoization [64–73]
Relaxed Synchronization [74–81]
Precision Scaling [82–97]
Data Sampling [98–109]
Approximate Program. Languages [30,110–127]

discuss their approximations and how they are applied. Table 2.2 reports the refer-
ences of all the reviewed research works. We note that the literature also includes
entire approximation frameworks, such as ACCEPT [38] and OPPROX [39], which
integrate multiple of these state-of-the-art techniques. Their goal is to perform an
extensive exploration using differing approximation approaches, identify the best ap-
proximation opportunities, and hence, maximize the resource gains while satisfying
the application’s/user’s constraints.

2.3.1. Selective Task Skipping

Loop Perforation

The loop perforation technique skips some of the loop iterations in a software pro-
gram to provide performance/energy gains in exchange for QoS loss. Subsequently, we
present several relevant works [40–48] involving design space exploration on loop per-
foration with programming frameworks and profiling tools.

Starting with one of the first state-of-the-art works, the SpeedPress compiler [40]
supports a wide range of loop perforation types, i.e., modulo, truncation, and ran-
domized. It takes as input the original source code, a set of representative inputs,
as well as a programmer-defined QoS acceptability model, and it outputs a loop per-
forated binary. In the same context, Misailovic et al. [41] propose a QoS profiler to
identify computations that can be approximated via loop perforation. The proposed
profiling tool searches the space of loop perforation and generates results for mul-
tiple perforation configurations. In [42], the same authors propose a methodology
to exclude critical loops, i.e., whose skipping results in unacceptable QoS, and they
perform exhaustive and greedy design space explorations to find the Pareto-optimal
perforation configurations for a given QoS constraint.

21



The Approximate Computing Paradigm

In [43], the authors propose an architecture that employs a profiler to identify non-
critical loops towards their perforation. To protect code segments that can be affected
by the perforated loops, the architecture is equipped with HaRE, i.e., a hardware
resilience mechanism. Another interesting work is GraphTune [44], which is an input-
aware loop perforation scheme for graph algorithms. This approach analyzes the input
dependence of graphs to build a predictive model that finds near-optimal perforation
configurations for a given accuracy constraint. Li et al. [45] propose a compiling
& profiling system, called Sculptor, to improve the conventional loop perforation,
which skips a static subset of iterations. More specifically, Sculptor dynamically
skips a subset of the loop instructions (and not entire iterations) that do not affect
the output accuracy. More recently, the authors of [46] develop LEXACT, which
is a tool for identifying non-critical code segments and monitoring the QoS of the
program. LEXACT searches the loop perforation space, trying to find perforation
configurations that satisfy pre-defined metrics.

The loop perforation technique has also been used in approximation frameworks for
heterogeneous multi-core systems combining various approximation mechanisms. Tan
et al. [47] propose a task scheduling algorithm, which employs multiple approximate
versions of the tasks with loops perforated. Kanduri et al. [48] target applications
in which the main computations are continuously repeated, and they tune the loop
perforation at runtime.

Computation Skipping

This technique omits the execution of blocks of codes with respect to the acceptable
QoS loss, programmer-defined constraints, and/or runtime predictions regarding the
output accuracy [49–57]. Compared to loop perforation, these techniques do not
focus only on skipping loop iterations, but also skip higher-level computations/tasks
e.g., an entire convolution operation. Most of the state-of-the-art works perform
application-specific computation skipping.

Meng et al. [49] introduce a parallel template to develop approximate programs for
iterative-convergence recognition & mining algorithms. The proposed programming
template provides several strategies (implemented as libraries) for task dropping,
such as convergence-based computation pruning, computation grouping in stages,
and early termination of iterations. Another interesting work involving application-
specific computation skipping is presented in [50]. The authors of this work study the
error tolerance of the supervised semantic indexing algorithm to make approximation
decisions. Regarding their task dropping approach, they choose to omit the processing
of common words (e.g., “the”, “and”) after the initial iterations, as these computations
have negligible impact on accuracy.
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The authors of [51] propose two techniques to find computations with low impact on
the QoS of the Reduce-and-Rank computation pattern, targeting to approximate or
skip them completely. To identify these computations, the first technique uses inter-
mediate reduction results and ranks, while the second one is based on the spatial or
temporal correlation of the input data (e.g., adjacent image pixels or successive video
frames). Similar to the other state-of-the-art works, Vassiliadis et al. [52,53] propose
a programming environment that skips (or approximates) computations with respect
to programmer-defined QoS constraints. More specifically, the programmer expresses
the significance of the tasks using pragmas directives, optionally provides approximate
variants of tasks, and specifies the task percentage to be executed accurately. Based
on these constraints, the proposed system makes decisions at runtime regarding the
approximation/skipping of the less significant tasks.

Rinard [54] builds probabilistic distortion models based on linear regression to study
the impact of computation skipping on accuracy. The programmer partitions the
computations into tasks, which are then marked as “critical” or “skippable” through
random skip executions. The probabilistic models estimate the output distortion as
function of the skip rates of the skippable tasks. This approach is also applied in
parallel programs [55], where probabilistic distortion models are employed to tune
the early phase termination at barrier synchronization points, targeting to keep all
the parallel cores busy.

Significant research has also been conducted on skipping the computations of Convo-
lutional Neural Networks (CNNs). Lin et al. [56] introduce PredictiveNet to predict
the sparse outputs of the nonlinear layers and skip a large subset of convolutions at
runtime. The proposed technique, which does not require any modification in the
original CNN structure, examines the most-significant part of the convolution to pre-
dict if the nonlinear layer output is zero, and then it decides whether to skip the
remaining least-significant part computations or not. In the same context, Akhlaghi
et al. [57] propose SnaPEA, exploiting the convolution–activation algorithmic chain
in CNNs (activation inputs the convolution result and outputs zero if it is negative).
This technique early predicts negative convolution results, based on static re-ordering
of the weights and monitoring of the partial sums’ sign bit, in order to skip the rest
computations.

Memory Access Skipping

Another approach to improve the execution time and energy consumption at soft-
ware level is the memory access skipping. Such techniques [58–63] aim to avoid
high-latency memory operations, while as a result, they also reduce the number of
computations.
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Miguel et al. [58] exploit the approximate data locality to skip the required memory
accesses due to L1 cache miss. In particular, they employ a load value approximator,
which learns value patterns using a global history buffer and an approximator table,
to estimate the memory data values. RFVP [59] uses value prediction instead of
memory accessing. When selected load operations miss in the cache memory, RFVP
predicts the requested vales without checking for misprediction or recovering the val-
ues. As a result, timing overheads from pipeline flushes and re-executions are avoided.
Furthermore, a tunable rate of cache misses is dropped after the value prediction to
eliminate long memory stalls. The authors of [60] propose a framework that skips
costly last-level cache misses according to a programmer-defined error constraint and
an heuristic predicting skipped data.

To improve the performance of CUDA kernels on GPUs, Samadi et al. [61] propose
a runtime approximation framework, called SAGE, which focuses on optimizing the
memory operations among other functionalities. The approximations lie in skipping
selective atomic operations (used by kernels to write shared variables) to avoid con-
flicts leading to performance decrease. Furthermore, SAGE reduces the number of
memory accesses by packing the read-only input arrays, and thus, allowing to access
more data with fewer requests. Karakoy et al. [62] propose a slicing-based approach
to identify data (memory) accesses that can be skipped to deliver energy/performance
gains within an acceptable error bound. The proposed method applies backward and
forward code slicing to estimate the gains from skipping each output data. Moreover,
the ‘0’ value is used for each data access that is not performed. The ApproxANN
framework [63], apart from performing approximate computations, skips memory ac-
cesses on neural networks according to the neuron criticality. More specifically, a
theoretical analysis is adopted to study the impact of neurons on the output accu-
racy and characterize their criticality. The neuron approximation under a given QoS
constraint is tuned by an iterative algorithm, which applies the approximations and
updates the criticality of each neuron (it may change due to approximations in other
neurons).

2.3.2. Approximate Memoization

The memoization technique stores results of previous calculations or pre-computed
values in memory to use them instead of performing calculations. Namely, this mem-
ory functions as a look-up table, which maps a set of data identifiers to a set of
stored data. Subsequently, we focus on approximate memoization techniques [64–69]
relying on software frameworks, compilers and programmer’s decisions. Nevertheless,
we note that there are also approaches [70–73] requiring hardware modification to
support memoization.
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Chadhuri et al. [64] propose an approximate memoization for computations in loops.
Prior executing an expensive function within a loop, this technique checks a look-up
table to find if this computation was previously performed for similar input data. In
this case, the cached result is used, otherwise, the function is executed and the new
computation is stored in the look-up table. Paraprox [65] is a software framework
for identifying common patterns in data-parallel programs and applying tailored ap-
proximations. For the Map & Scatter/Gather patterns, Paraprox uses memoization
rather than performing computations. In particular, it fills a look-up table with pre-
computed data, which are obtained from the execution of the Map & Scatter/Gather
function for some representative inputs, and it performs runtime look-up table queries
instead of the conventional computations.

iACT [66] is another approximation framework that applies runtime memoization
among other functionalities. The programmer uses pragmas to declare the func-
tions for memoization and specify the error tolerance percentage. For each function
call-site, the framework creates a global table to store pairs of function arguments
and output results. In case the function arguments are already stored in the table
(within an error bound), the corresponding output results are returned. Otherwise,
the function is accurately executed and the new input–output pairs are stored in the
table. The ATM approach [67] performs runtime task memoization, relying on hash-
ing functions to store the task inputs and an adaptive algorithm to automatically
decide whether to use memoization or execute the task. The programmer needs to
use pragmas to specify the tasks that are suitable for memoization. The authors
of [68] introduce an approximate memoization mechanism for GPU fragment shading
operations, which reduces the precision of the input parameters and performs partial
matches. To identify approximate memoization opportunities, they characterize var-
ious fragment shader instructions in terms of memoization hits and output accuracy.
Moreover, runtime policies are proposed to tune the precision according to the errors
introduced.

Contrary to the aforementioned techniques, TAF-Memo [69] is an output-based func-
tion memoization technique, i.e., it memoizes function calls based on their output his-
tory. TAF-Memo checks for temporal locality by calculating the relative arithmetic
difference of two consecutive output values from the same function call-site. In case
this difference is below the acceptable error constraint, memoization is applied by re-
turning the last computed output for the following function calls.

2.3.3. Relaxed Synchronization

The execution of parallel applications on multi/many-core systems requires time-
consuming synchronization to either access shared data or satisfy data dependencies.
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The literature includes various techniques [74–81] that relax the conventional syn-
chronization requirements guaranteeing error-free execution, to improve the perfor-
mance.

The authors of [74] propose the four-step RaC methodology to systematically re-
lax synchronization, while always satisfying a programmer-defined QoS constraint.
Initially, the programmer specifies the parallel code segments, and then applies the
RaC methodology. This methodology identifies criteria for quantifying the accept-
able QoS, selects the relaxation points, modifies the code to enable the execution of
both the original and relaxed versions, and selects the suitable relaxation degree (i.e.,
which instances to relax for each synchronization point). Misailovic et al. [75] pro-
pose the Dubstep system, which relaxes the synchronization of parallelized programs
based on a “find-transform-navigate” approach. Dubstep performs a profiling-based
analysis of the original program to find possible optimizations, inserts opportunistic
synchronization and barriers, and finally, performs an exploration including accuracy,
performance and safety analysis.

QuickStep [76] is a system for approximately parallelizing sequential programs with-
out preserving their semantics within statistical accuracy bounds. Among other
transformations, QuickStep replicates shared objects to eliminate the bottlenecks
of synchronized operations on them. HELIX-UP [77] is another parallelizing com-
piler that selectively relaxes strict adherence to program semantics to tackle runtime
performance bottlenecks, involving profiling and user interaction to tune QoS. The
compiler also offers a synchronization-relaxing knob to decrease the inter-core commu-
nication overhead by synchronizing sequential segments with prior iterations. More
recently, the authors of [78] introduce PANDORA, which is an approximate paralleliz-
ing framework based on symbolic regression machine learning and sampled outputs of
the original function. To avoid timing bottlenecks, such as data movement and syn-
chronization, and improve parallelism, PANDORA eliminates loop-carried dependen-
cies using fitness functions and constraints regarding error and performance. In [79],
the authors exploit the concept of approximate shared value locality to reduce syn-
chronization conflicts in programs using optimistic synchronization. The reduction of
conflicts on approximately local variables, detected for a given similarity constraint, is
achieved through an arbitration mechanism that imprecisely shares the values between
threads. The authors of [80] apply aggressive coarse-grained parallelism on recognition
& mining algorithms by relaxing or even ignoring data dependencies between different
iterations. As a result, the timing overheads are reduced in comparison with the con-
ventional parallel implementation, which also applies parallelization only within the
iteration (iterations are executed serially). Rinard [81] introduces synchronization-
free updates to shared data structures by eliminating the conventional use of mutual
exclusion and dropping array elements at the worst scenario. Moreover, the same
work applies relaxed barrier synchronization, allowing the threads to pass the barrier
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without stalling to wait for the other threads.

2.3.4. Precision Scaling

Precision scaling (tuning) refers to the discipline reduction of the nominal numer-
ical precision, resulting in improved calculation speed and/or memory bandwidth
[128]. The state-of-the-art software-level works [82–97] address several challenges,
such as the scaling degree, scaling automation, mixed precision, and dynamic scal-
ing.

Starting with works based on formal methods to reduce the precision and examine
the errors, the Gappa tool [82] automates the study of rounding errors in elemen-
tary functions and floating-point calculations using interval arithmetic. An extended
version of this tool is Gappa++ [83], which provides automated analysis of numer-
ical errors in a wide range of computations, i.e., fixed-point, floating-point, linear
and non-linear. This tool integrates several features, such as operation rewriting to
facilitate the isolation of rounding errors, and affine arithmetic to accurately bound
linear calculations with correlated errors. FPTuner [84] is a tool that performs for-
mal error analysis based on symbolic Taylor expansions and quadratically constrained
quadratic programming. It searches for precision allocations that satisfy constraints
such as the number of operators at a given precision and the number of type casts.
Rosa [85] is a source-to-source compiler that combines satisfiability modulo theories
with interval arithmetic to bound the round-off errors of the fixed- and floating-point
formats.

Several works employ heuristics and automated search to scale the precision of floating-
point programs. Precimonious [86] searches all the program variables in their order
of declaration using the delta-debugging algorithm, and it lowers their precision ac-
cording to an error constraint specified by the programmer. In the same context,
HiFPTuner [87] firstly groups dependent variables that may require the same preci-
sion, and then it performs a customized hierarchical search. Lam et al. [88] introduce
a framework that employs the breadth-first search algorithm to identify code regions
that can tolerate lower precision. Similar to this technique, CRAFT [89] performs
binary searches to initially determine the required program precision, and then trun-
cate the results of some of the floating-point instructions. Towards the detection of
large floating-point errors, the authors of [90] propose S3FP. This tool is based on
an heuristic-guided search to find the inputs causing the largest errors. The Blame
Analysis [91] combines concrete and shadow execution to generate a blame set for the
program instructions, which contains the minimum precision requirements under a
giver error constraint. This approach can be also used in cooperation with the previ-
ous search-based works, and specifically, as pre-processing to reduce the search space.
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Schkufza et al. [129] treat the scaling of floating-point precision as a stochastic search
problem. In particular, they repeatedly apply random program transformations and
use a robust search to guarantee the maximum errors.

The concept of dynamic precision scaling, i.e., the precision tuning at runtime with
respect to the input data and error tolerance, has been studied in [92]. The dynamic
scaling framework of this work integrates an offline application profiler, a runtime
monitor to track workload changes, and an accuracy controller to adjust the precision
accordingly. ApproxMA [93] dynamically scales the precision of data memory accesses
in algorithms such as mixture model-based clustering. This framework integrates a
runtime precision controller, which generates custom bit-widths according to the QoS
constraints, and a memory access controller, which loads the scaled data from memory.
The custom bit-widths are generated by analyzing a subset of data and intermediate
results and calculating metrics regarding the error appearance and the number of
tolerable errors.

Mixed floating-point precision has also been studied in high-performance computing
workloads. ADAPT [94] uses algorithmic differentiation, i.e., a technique for numeri-
cally evaluating the derivative of a function corresponding to the program, to estimate
the output error of high-performance computing workloads. It provides a precision
sensitivity profile to guide the development of mixed-precision programs. The authors
of [95] propose an instruction-based search that explores information about the dy-
namic program behaviour and the temporal locality.

To enable mixed floating-point precision in GPUs, the authors of [96] propose the
GPUMixer tool, which relies on static analysis to find code regions where precision
scaling improves the performance. Next, GPUmixer performs a dynamic analysis
involving shadow computations to examine if the scaled program configurations sat-
isfy the accuracy constraints. In the same context, PreScaler [97] is an automatic
framework that generates precision-scaled OpenCL programs, considering both kernel
execution and data transfer. Initially, it employs a system inspector to collect infor-
mation about precision scaling on the target platform, and an application profiler to
identify memory objects with floating-point elements for potential scaling. This in-
formation is exploited by a decision maker, which finds the best scaling configuration
using decision tree search on a minimized space.

2.3.5. Data Sampling

Approximate Computing is also exploited in big data analysis, in an effort to reduce
the increased number of computations due to the large amount of data. The key
idea is to perform computations on a representative data sample instead of the entire
dataset. In this context, data sampling methods [98–109] provide real-time processing
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with error bounds in applications involving stream analytics, database search, and
model training.

EARL [98] is an extension of Hadoop (i.e., a software framework that provides dis-
tributed storage and big data processing on clusters), which delivers early results with
reliable error bounds. It applies statistics-based uniform sampling from distributed
files. Goiri et al. [99] propose the ApproxHadoop framework to generate approximate
MapReduce programs based on task dropping and multi-stage input sampling. They
also bound the errors using statistical theories. The programmer tunes the approxi-
mation by specifying either the ratio of task dropping and/or input sampling or the
desired error bound. Similarly, ApproxSpark [100] performs sampling at multiple ar-
bitrary points of long chains of transformations to facilitate the aggregation of huge
amounts of data. This framework models the clustering information of transforma-
tions as a data provenance tree, and then it computes the approximate aggregate val-
ues as well as error thresholds. Moreover, the sampling rates are dynamically selected
according to programmer-specified error thresholds.

Sampling methods have also been examined in stream analytics. StreamApprox [101]
is an approximate stream analytics system that supports batched and pipelined
stream processing. It employs two sampling techniques (stratified and reservoir sam-
pling) to approximate the outputs with rigorous error bounds. IncApprox [102] com-
bines approximate and incremental computations to provide stream analytics with
bounded error. This system executes a stratified sampling algorithm that selects data
for which the results have been memoized from previous runs, and it adjusts the com-
putations to produce an incrementally updated output. On the other hand, PrivAp-
prox [103] combines sampling and randomized response to provide approximate com-
putations and privacy guarantee. This system integrates a query execution interface
that systematically explores the trade-off between accuracy and query budget. Ap-
proxIoT [104] facilitates approximate stream analytics at the edge by combining strat-
ified reservoir sampling and hierarchical processing.

A variety of sampling methods have been employed in approximate query processing
systems for databases. BlinkDB [105] performs approximate distributed query pro-
cessing, supporting SQL-based aggregation queries with time and error constraints.
It creates stratified samples based on past queries and uses an heuristic-based pro-
filer to dynamically select the sample that meets the query’s constraints. Another
system applying approximate big-data queries is Quickr [106], which integrates oper-
ators sampling multiple join inputs into a query optimizer, and then it searches for an
appropriate sampled query plan. Sapprox [107] is a distribution-aware system that
employs the occurrences of sub-datasets to drive the online sampling. In particular,
the exponential number of sub-datasets is reduced to a linear one using a probabilistic
map, and then, cluster sampling with unequal probability theory is applied for sub-
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dataset sampling. Sapprox also determines the optimal sampling unit size in relation
with approximation costs and accuracy.

Numerous works use data sampling to decrease the increased computational cost of
model training for machine learning applications. Zombie [108] is a two-stage system
that trains approximate models based on clustering and active learning. The first
stage applies offline indexing to organize the dataset into index groups of similar ele-
ments. Afterwards, the stage of online querying uses the index groups that are likely
to output useful features to create the training subset of data. BlinkML [109] approx-
imately trains a model on a small sample, while providing accuracy guarantees. The
sample is obtained through uniform random sampling, however, in case of very large
datasets, a memory-efficient algorithm is employed.

2.3.6. Approximate Programming Languages

The high-level approximation of software programs has been examined through ap-
proximate programming languages, i.e., language extensions that allow the program-
mer to systematically declare approximate code regions, variables, loops, and func-
tions, insert randomness in the program, and/or specify error constraints. The lit-
erature involves numerous works [30, 110–127] that enable approximate procedural,
object-oriented, and probabilistic programming.

Ansel et al. [110] introduce a set of PetaBricks language extensions that allow the pro-
grammer to write code of variable accuracy. These extensions expose the performance–
accuracy trade-off to the compiler, which automatically searches the algorithmic space
to tune the program according to the programmer’s accuracy constraints. Eon [111]
is a programming language that allows the programmer to annotate program flows
(paths) with different energy states. The Eon runtime system predicts the workload
and energy of the system, and then it adjusts the execution of flows according to the
programmer’s declarations and the energy constraints. In the same context, Baek
and Chilimbi [112] propose Green, which is a two-phase programming framework
providing language extensions to approximate expensive functions and loops. The
programmer uses pragma-like annotations to specify approximate variants of func-
tions. In the calibration phase, Green builds a model to quantify the QoS loss and
the performance/energy gains. This model is then used in the operational phase
to generate an approximate program satisfying the programmer’s QoS constraint.
DECAF [113] is a type-based approximate programming language that allows the
programmer to specify the correctness probability for some of the program variables.
The DECAF type system also integrates solver-aided type inference to automati-
cally tune the type of the rest variables, code specialization, and dynamic typing.
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Flikker [116] provides language annotations to mark the program variables and par-
tition the data into critical and non-critical regions (stored in unreliable memories).
Topaz [117] is a task-based language that maps tasks onto approximate hardware and
uses an outlier detector to find and re-execute the computations producing unaccept-
able results.

In [30], the authors introduce language constructs for generating approximate pro-
grams and proof rules for verifying the acceptability properties. Rely [114] is an
imperative language that allows the programmer to introduce quantitative reliabil-
ity specifications for generating programs with data stored in approximate memory
and inexact arithmetic/logical operations. Chisel [115] automates the selection of
Rely’s approximations while satisfying the programmer-defined reliability and ac-
curacy constraints. To solve this optimization problem, Chisel employs an integer
programming solver. All these works include safety analysis and program verification
for sequential programs. In contrast, Parallely [126] is a programming language for
approximating parallel programs through canonical sequentialization, i.e., a verifica-
tion method that generates sequential programs capturing the semantics of parallel
programs.

Targeting approximations in Java programs, the authors of [118] propose EnerJ, i.e.,
a language extension providing type qualifiers to specify data that can be approxi-
mately stored or computed. EnerJ guarantees isolation of the approximate compu-
tations. FlexJava [119] offers another set of language extensions to annotate approx-
imate programs. Using an approximation safety analysis, FlexJava automates the
approximation of data and operations while ensuring safety guarantees. ExpAX [120]
allows the programmer to explicitly specify error expectations for a subset of Java.
Based on an approximation safety analysis, it identifies operations that are candidate
for approximation, and then, an heuristic-based framework approximates those that
statistically satisfy the error expectations.

Significant research has also been conducted on probabilistic programming languages.
Church [121] is a probabilistic language that inserts randomness on a deterministic
function subset using stochastic functions. The Church semantics are defined in
terms of evaluation histories and conditional distributions on the latter. Similarly,
Venture [122] is another language that enables the specification of probabilistic models
and inference problems. The Anglican [123] language and runtime system provides
probabilistic evaluation model and functional representations, e.g., distributions and
sequences of random variables.

Uncertain<T> [124] is a language abstraction that manipulates data as probability
distributions. Random variables are declared as “uncertain” and a Bayesian network
for representing computations is build, where nodes correspond to the variables and
edges correspond to conditional variable dependencies. The Uncertain<T> runtime
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system performs hypothesis tests and sampling to evaluate the network. Similarly,
Sampson et al. [125] use probabilistic assertions on random variables. Their tool,
called MayHap, performs probabilistic evaluation by statically building a Bayesian
representation network based on the input distribution and dynamically interpreting
it via sampling. In the same context, AxProf [127] is a profiling-based framework
for analyzing randomized approximate programs. The programmer specifies proba-
bilistic predicates for the output, i.e., regarding the expectation of the output value
and/or the probability that the output satisfies a condition, and AxProf generates
approximate programs based on statistical tests.

2.4. Classification of Hardware Approximation
Techniques

In this section, we classify and introduce the hardware approximation techniques,
which are applied at the lower level of the design abstraction hierarchy. These tech-
niques aim to improve the area, power consumption, and performance of the circuits
i.e., the basic building blocks of accelerators, processors, and computing platforms.
The hardware approximation techniques can be categorized into three classes: (i)
Circuit Functional Approximation (CFA), (ii) Voltage Over-Scaling (VOS), and (iii)
Over-Clocking (OC). In approximate hardware, we distinguish two types of errors:
the functional errors (produced by CFA) and the timing errors (produced by VOS
and OC). Figure 2.2 illustrates the hardware approximation techniques, including a
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Figure 2.2: Classification of state-of-the-art hardware approximation techniques.
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Table 2.3: Classification of hardware approximation techniques.

HW Approximation Class Technique/Approach

Adder Approximation use of approximate full adder cells [130–133]
segmentation and carry prediction [134–141]

Multiplier Approximation

truncation and rounding [142–148]
approximate radix encodings [149–153]
use of approximate compressors [154–158]
logarithmic approximation [159–162]

Divider Approximation
bit-width scaling [163,164]
use of approximate adder/subtractor cells [165–168]
simplification of computations [169–173]

Approximate Synthesis

structural netlist transformation [174–178]
Boolean rewriting [179–182]
high-level approximate description [183–187]
evolutionary synthesis [188–192]

Voltage Over-Scaling

slack re-distribution [193]
circuit re-design and architecture modification [194–196]
fine-grained scaling [197–199]
error modeling [200–204]

Over-Clocking

tight synthesis [205]
circuit re-design and architecture modification [206–208]
error detection & correction [209–211]
error prediction [212–215]

further taxonomy to sub-classes.

In the remainder of this section, we present state-of-the-art works, organized according
to the proposed classification. Table 2.3 summarizes the state-of-the-art hardware
approximation techniques. We also note that some works belong to more than one
sub-class, however, we opt to assign them to the sub-class of their prevalent technique
and highlight the relevant features.

2.4.1. Circuit Functional Approximation

Circuit functional approximation modifies the original accurate design by reducing
its circuit complexity at logic level. Typical CFA approaches include: (i) the modifi-
cation of the circuit’s truth table, (ii) the use of an approximate version of the initial
hardware algorithm, (iii) the use of small inexact components as building blocks, and
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(iv) approximate circuit synthesis. The main target of CFA is the arithmetic cir-
cuits [216], as they constitute the key processing units of processors and accelerators,
and thus, they inherently affect the power efficiency and performance of the entire sys-
tem. Interestingly, the literature provides several open-source libraries of approximate
arithmetic circuits, such as ApproxAdderLib [138], EvoApprox8b [190] and SMAp-
proxLib [217]. In this literature review, we focus on approximate adders, multipliers,
and dividers. However, we note that numerous works design and evaluate other ap-
proximate arithmetic operations, such as circuits for multiply-accumulate [218, 219],
square root [164], squaring [220], square-accumulate [221], and Coordinate Rotation
Digital Computer (CORDIC) [222]. Moreover, the literature includes automated
methods for generating approximate circuits, which are presented in the context of
approximate logic synthesis.

Approximate Adders

Significant research has been conducted on the design of approximate area- and power-
efficient adders. The approximation techniques for inexact adders involve: (i) use of
approximate full adder cells [130–133] and (ii) segmentation and carry prediction
[134–141]. In the following, we present representative state-of-the-art works with
approximate adders.

The IMPACT adders are based on inexact full adder cells, which are approximated at
the transistor level to deliver up to 45% area reduction [130]. Another transistor-level
cell approximation is proposed in [131], where the AXA 4-transistor XOR/XNOR-
based adders are implemented, delivering up to 31% gain in dynamic power con-
sumption. Moreover, in [132], approximate reverse carry-propagate full adders are
used to build the hybrid RCPA adders. Targeting higher level approximations, the
OLOCA adder splits the addition into accurate and approximate segments [133],
and for the latter, it employs OR gates for the most-significant bit additions and
outputs constant ‘1’ for the least-significant ones. To reduce the worst-case carry
propagation delay, Kim et al. [134] propose a carry prediction scheme leveraging
the less-significant input bits, which is 2.4× faster than the conventional ripple-
carry adder. Similarly, Hu et al. [135] introduce a carry speculating method to seg-
ment the carry chain in their design, which also performs error and sign correction.
Compared to the accurate adder, the proposed design is 4.3× faster and saves 47%
power.

The quality constraint of applications may vary during runtime, thus, research efforts
have also focused on designing dynamically configurable adders, which can tune their
accuracy. In [136], the authors propose an accuracy-configurable adder, called ACA,
which consists of several sub-adders and an error detection & correction module. The
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design controls the accuracy at runtime and can operate in accurate mode. Another
dynamically configurable adder, called GDA, is proposed in [137], where multiplexers
select the carry input either from the previous sub-adder or the carry prediction unit,
providing a more graceful degradation of the accuracy. In the same direction, the
GeAr adder employs multiple sub-adders of equal length to variable approximation
modes [138]. This architecture also supports accurate mode via a configurable error
correction unit.

More recently, Akbari et al. [139] introduce the RAP-CLA adder, which splits the
conventional carry look-ahead scheme into two segments, i.e., the approximate part
and the augmenting part, supporting approximate and accurate mode. When oper-
ating at the approximate mode, the augmenting part is power-gated to reduce power
consumption. Another carry-prediction-based approach supporting both modes is the
SARA design [140]. This adder uses carry ripple sub-adders, and the carry predic-
tion does not require a dedicated circuitry. Finally, the BSCA adder, which is based
on a block-based carry speculative approach [141], integrates an error recovery unit
and non-overlapped blocks consisting of a sub-adder, a carry prediction unit, and a
selection unit.

Approximate Multipliers

The multiplication circuits have attracted significant interest from the research com-
munity. The literature includes a plethora of inexact multipliers, which can be catego-
rized according to the prevailing approximation techniques: (i) truncation and round-
ing [142–148], (ii) approximate radix encodings [149–153], (iii) use of approximate com-
pressors [154–158], and (iv) logarithmic approximation [159–162]. Subsequently, we
introduce the state-of-the-art works from each category.

Starting with the rounding and truncation techniques, the DRUM multiplier [142] dy-
namically reduces the input bit-width, based on the leading ‘1’ bits, to achieve 60%
power gain in exchange for mean relative error of 1.47%. Zendegani et al. [143] pro-
pose the RoBa multiplier, which rounds the operands to the nearest exponent-of-two
and performs a shift-based multiplication in segments. In [144], the PR approximate
multiplier perforates partial products and applies rounding to the remaining ones,
delivering up to 69% energy gains. The same approximation technique is integrated
in the mantissa multiplication of floating-point numbers to create the AFMU multi-
plier [145]. Vahdat et al. [146] propose the TOSAM multiplier, which truncates the
input operands according to their leading ‘1’ bit. To decrease the error, the trun-
cated values are rounded to the nearest odd number. In [147], different rounding,
perforation and encoding schemes are combined to extract the most energy-efficient
designs. Finally, Frustaci et al. [148] implement an alternative dynamic truncation
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with correction, along with an efficient mapping for the remaining partial product
bits.

Next, we present multipliers generating their partial products based on approximate
radix encodings. Liu et al. [149] modify the Karnaugh map of the radix-4 encoding to
create approximate encoders for generating the least-significant partial product bits.
A similar approach is followed in [150], where approximate radix-4 partial product
generators are designed. Jiang et al. [151] use an approximate adder to generate the
±3× multiplicand term in the radix-8 multiplier. In [152], the authors propose a
hybrid low-radix encoding, which encodes the most-significant bits with the accurate
radix-4 encoding and the least-significant bits with the proposed approximate radix-8
encoding. Correspondingly, the hybrid high-radix encoding, i.e., accurate radix-4 and
approximate radix-2k, is examined in [153].

Several works employ approximate compressors for the partial product accumulation.
Momeni et al. [154] modify the truth table of the accurate 4:2 compressor to create two
simplified designs and use them in the Dadda multiplier. The authors in [155] design
4:2 compressors, again for Dadda multipliers, which can switch between accurate
and approximate mode at runtime, providing 68% lower power consumption. In
[156], an approximate 4:2 compressor is implemented in FinFET based on a three-
input majority gate, and then it is used in the Dadda architecture along truncation.
Esposito et al. [157] introduce a new family of approximate compressors and assign
them to each column of the partial product matrix according to their allocation
algorithm. Another interesting work is the design of approximate compressors for
multipliers using the concept of stacking circuit [158].

Regarding the approximate logarithmic multipliers, Liu et al. [159] employ a truncated
binary-logarithm converter and inexact adders for the mantissa addition to design the
ALM family of multipliers. The logarithmic-based REALM multiplier [160] partitions
the power-of-two intervals of the input operands into segments, and determines an
error compensation factor for each one. The ILM multiplier [161] differentiates from
the conventional design, as it rounds the input operands to their nearest power-of-two
using a nearest ‘1’ bit detector. Pilipovic et al. [162] propose a two-stage trimming
logarithmic multiplier, which reduces at first the bit-width of the input operands, and
then the bit-width of the mantissas.

Approximate Dividers

The division circuits have received less attention than the other arithmetic circuits
(adders and multipliers), even though they feature complex calculations. Never-
theless, the literature provides numerous works aiming to reduce the large criti-
cal paths of the conventional dividers. The approximation techniques for the di-
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vision circuits can be categorized as follows: (i) bit-width scaling [163, 164], (ii) use
of approximate adder/subtractor cells [165–168], and (iii) simplification of computa-
tions [169–173].

The first class of approximation techniques uses exact dividers with reduced bit-width.
The approximate divider of [163] dynamically selects the most relevant bits from the
input operands and performs accurate division at lower bit-width, providing up to 70%
power gains in exchange for 3% average error. The design makes use of leading ‘1’ bit
detectors, priority encoders, multiplexers, subtractor and barrel shifter. Similarly, the
AAXD divider of [164] detects the leading ‘1’ bits and uses a pruning scheme to extract
the bits that will be given as input to the divider. Additionally, the design integrates
an error correction unit to form the final output.

Regarding the second class of approximation techniques, Chen et al. [165] perform
the subtraction of the non-restoring array divider with inexact subtractor circuits
employing pass transistor logic. For the proposed divider, called AXDnr, the authors
examine different schemes with regard to which subtractions of the division array
to approximate. Similarly, in the AXDr divider of [166], some of the subtractions
of the restoring array divider are performed with inexact subtractor circuits. The
use of inexact cells has also been examined in the high radix SRT divider [167].
In this divider, called HR-AXD, the inexact cell is a signed-digit adder, which is
employed based on different replacement schemes and along with cell truncation and
error compensation. More recently, Adams et al. [168] introduce two approximate
division architectures, called AXRD-M1 and AXRD-M2, which deliver up to 46%
area and 57% power gains, respectively, compared to the exact restoring divider.
The first design replaces some of the restoring divider cells with inexact ones of
simplified logic, while the second one involves the elimination of some rows of the
divider.

Targeting to perform the division with simplified computations, the SEERAD di-
vider [169] rounds the divisor to a specific form based on the leading ‘1’ bit position,
and thus, the division is transformed to shift-&-add multiplication. Similarly, Vahdat
et al. [170] propose the TruncApp divider, which replaces the division with the mul-
tiplication of the truncated dividend by the approximate inverse divisor. In the same
context, the CADE divider of [171] performs the floating-point division by subtracting
the input mantissas. To compensate a large error, which is estimated by analyzing the
most-significant input bits, a pre-computed value is retrieved from memory. In [172],
the proposed AXHD divider approximates the least-significant computations of the
division using a non-iterative logarithmic approach that is based on leading ‘1’ bit
detection and subtraction of the logarithmic mantissas. Finally, Saadat et al. [173]
propose approximate integer and floating-point dividers with near-zero error bias,
called INZeD and FaNZeD, respectively, by combining an error correction method
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with the classical approximate logarithmic divider.

Approximate Synthesis

An automated approach to generate inexact circuits is the approximate logic syn-
thesis. This method provides increased approximation diversity, i.e., multiple ap-
proximate variants of circuits, without relying on the manual approximation inserted
by the designer, such as in the case of the aforementioned arithmetic approxima-
tions. Another benefit of approximate synthesis is that several techniques gener-
ate the approximate variant that leads to the maximum hardware gains for a given
approximation/error constraint. The state-of-the-art techniques can be categorized
as follows [223]: (i) structural netlist transformation [174–178], (ii) Boolean rewrit-
ing [179–182], (iii) high-level approximate description [183–187], and (iv) evolutionary
synthesis [188–192].

Several works of the literature employ a direct acyclic graph to represent the circuit
netlist, where each node corresponds to a gate. In this context, the GLP technique
[174] prunes nodes with an iterative greedy approach according to their impact on the
final output and their toggle activity. In contrast, the CC framework [175] performs
an exhaustive exploration of all possible node subsets that can be pruned without
surpassing the error constraint. Venkataramani et al. [176] propose SASIMI, which is
based on a greedy heuristic to find signal pairs assuming the same value and substitute
one with the other. This automatic synthesis framework guarantees that the user-
defined quality constraint is satisfied and generates accuracy configurable circuits. To
apply stochastic netlist transformation, the SCALS framework [177] maps an initial
gate-level network to the targeted technology (standard cell or FPGA), and then it
iteratively extracts sets of sub-netlists and inserts random approximations in them.
These sub-netlists are evaluated using statistical hypothesis testing. More recently,
Castro-Codinez et al. [178] propose the AxLS framework, which converts the Verilog
netlist to XML format and then applies typical transformation techniques, e.g., gate
pruning, according to an error threshold.

The second category includes techniques that apply approximations in a formal
Boolean representation of the circuit before it is synthesized. The SALSA approach
[179] encodes the error constraints into a quality logic function, which compares
the outputs of the accurate and approximate circuits. Towards logic simplification,
SALSA computes the “observability don’t cares” for each output of the approximate
circuit, i.e., the set of input values for which the output is insensitive. In the same
direction, but for sequential circuits, Ranjan et al. [180] introduce ASLAN. This
framework generates several approximate variants of the combinational blocks, and
then it identifies the best approximations for the entire sequential circuit based on
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a gradient-descent approach. Miao et al. [181] use a two-phase Boolean minimiza-
tion algorithm to address the problem of approximate synthesis. The first phase
solves the problem under a given constraint for the error magnitude, and the second
phase iteratively finds a solution that also satisfies the error frequency constraint.
In an iterative fashion, the BLASYS methodology [182] partitions the circuit into
smaller circuits, and for each one, it generates an approximate truth table based
on Boolean matrix factorization. The approximate sub-circuits are synthesized and
the trade-off between error and power/area efficiency for the entire circuit is evalu-
ated.

Regarding approximations introduced at the hardware description level, Yazdan-
bakhsh et al. [183] propose the Axilog language annotations, which provide syntax
and semantics for approximate design and reuse in Verilog. Axilog allows the designer
to partition the design into accurate and approximate segments. ABACUS [184] is
another interesting work, which parses the behavioral/RTL Verilog description of
the design to create its abstract syntax tree. Next, a set of diverse transforma-
tions is applied to the tree to create approximate variants, which are then written
in Verilog. An expanded version of ABACUS is introduced in [186], where sorting-
based evolutionary algorithms are employed for design space exploration. Moreover,
the new ABACUS version focuses on approximations in critical paths to facilitate
the reduction of the supply voltage. Lee et al. [185] generate approximate designs
in Verilog from C accurate descriptions. The proposed framework computes data
statistics and mobility information for the given design and employs an heuristic
solver for optimizing the energy–quality trade-off. Targeting to high-level synthesis,
the AxHLS approach [187] performs a design space exploration, based on analytical
models, to identify the best arithmetic approximations for a given error constraint.
Starting from a C description, AxHLS adopts scheduling and binding operations
to apply the approximations provided by the exploration and generate the Verilog
code.

The fourth class of techniques for automated synthesis of approximate circuits is
based on evolutionary algorithms, i.e., heuristic-based search algorithms that treat
circuit approximation as multi-objective optimization problem and generate a set of
solutions. In this context, Sekanina et al. [188] use Cartesian genetic programming
to minimize the error in adders considering the number of logic gates as constraint.
This approach is extended in [189], where approximate multipliers and median fil-
ters are evolved through randomly seeded Cartesian genetic programming. Based
on the same utilities, the authors of [190] propose the EvoApprox8b library of ap-
proximate adders and multipliers. This library is generated by examining various
trade-offs between accuracy and hardware efficiency, and it offers different approx-
imation variants and circuit architectures. In [191], a search-based technique for
evolutionary circuit synthesis for FPGAs is proposed. In particular, this approach
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represents the circuit as a directed acyclic graph, and re-synthesizes approximate
configurations based on Cartesian genetic programming. Vasicek et al. [192] adjust
the approximation degree according to the significance of the inputs. To do so, they
adopt a weighted error metric to determine the significance of each input vector and
use Cartesian genetic programming to minimize the circuit’s area while satisfying a
threshold.

2.4.2. Voltage Over-Scaling

Voltage over-scaling reduces the circuit’s supply voltage below its nominal value,
while keeping the clock frequency constant. The circuit operation at a lower voltage
value produces timing errors due to the failure of the critical paths to meet the delay
constraints. Nevertheless, considering that power consumption depends on the voltage
value, VOS techniques are continuously examined in the literature. An exploration
and quantification of the benefits and overheads of VOS is presented in [224]. Research
involving VOS can be classified in the following categories: (i) slack re-distribution
[193], (ii) circuit re-design and architecture modification [194–196], (iii) fine-grained
scaling [197–199], and (iv) error modeling [200–204].

Kahng et al. [193] shift the timing slack of the frequently executed near-critical
paths through slack redistribution, and thus, they reduce the minimum voltage at
which the error rate remains acceptable. The proposed technique is based on post-
layout cell resizing to deliver the switching activity-aware slack redistribution. More
specifically, a heuristic finds the voltage satisfying the desired error rate, and then
it increases the transistor width of the cells to optimize the frequently executed
paths.

In [194], the authors optimize building blocks for more graceful degradation under
VOS, using two techniques, i.e., dynamic segmentation & error compensation and
delay budgeting of chained datapath. The first technique bit-slices the datapath
of the adder and employs a multi-cycle error correction circuitry that tracks the
carries. The second technique adds transparent latches between chained arithmetic
units to distribute the clock period. To facilitate VOS, Chen et al. [195] build their
designs on the residue number system, which provides shorter critical paths than
conventional arithmetic. They also employ the reduced precision redundancy scheme
to eliminate the timing errors. Another interesting work is Thundervolt [196], which
provides error recovery in the Multiply-And-Accumulate (MAC) units of systolic Deep
Neural Network (DNN) accelerators. To detect timing errors, Thundervolt employs
Razor shadow flip-flops. In case an error occurs in a MAC, a multiplexer forwards
the previous MAC’s accurate partial sum (stored in the Razor flip-flop) to the next
MAC.
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Targeting fine-grained VOS solutions, i.e., different voltages across the same circuit
architecture, Pandey et al. propose GreenTPU [197]. This design integrates a timing
error control unit in each MAC row of the systolic array, which stores input sequences
producing timing errors. As a result, when such an input sequence pattern is iden-
tified, the voltage of the MAC is scaled accordingly to prevent timing errors. In the
same context, the authors of [198] propose NN-APP. This framework analyzes the er-
ror propagation in neural networks to model the impact of VOS on accuracy. Based
on this analysis, as well as an error resilience study for the neurons, NN-APP uses
a voltage clustering method to assign the same voltage to neurons with similar error
resilience. Another fine-grained VOS approach is proposed in [199]. This framework
provides voltage heterogeneity by using a greedy algorithm to solve the optimiza-
tion problem of grouping and assigning the voltage of arithmetic units to different
islands.

The analysis of errors in circuits under VOS is considered a key factor, as it guides
the aggressiveness of voltage scaling towards the acceptable error margins. In [200],
an analytical method to study the errors in voltage over-scaled arithmetic circuits is
proposed. Similarly, the authors of [201] introduce a probabilistic approach to model
the errors of the critical paths. In the same category, we include works relying on
simulations to analyze the errors of VOS. Ragavan et al. [202] characterize arithmetic
circuits in terms of energy efficiency and errors using transistor-level SPICE simula-
tion for various voltages. Based on this characterization, they propose a statistical
model to simulate the behavior of arithmetic operations in VOS systems. Exploiting
the machine learning methods, Jiao et al. [203] propose LEVAX to model voltage over-
scaled functional units. This input-aware model is trained on data from gate-level
simulations to predict the timing error rate for each output bit. To provide accu-
rate VOS-aware gate-level simulation, Zervakis et al. propose VOSsim [204]. This
framework performs an offline characterization of the flip-flop for timing violations
and calculates the cell delays for the targeted voltage, enabling gate-level simulation
under VOS.

2.4.3. Over-Clocking

Over-clocking (or frequency over-scaling) configures the circuit/system at higher clock
frequencies than those that respect the critical paths. As a result, timing errors are
induced in exchange for increased performance. A trade-off analysis between accuracy
and performance when over-clocking FPGA-based designs is presented in [225]. In the
same work, the authors show that OC outperforms the traditional bit truncation for
the same error constraint. For our analysis, we consider that the state-of-the-art works
of the domain focus on the following directions: (i) tight synthesis [205], (ii) circuit
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re-design and architecture modification [206–208], (iii) error detection & correction
[209–211], and (iv) error prediction [212–215].

The first approach aims to reduce the timing errors of OC by optimizing the critical
paths of the design. In this context, the SlackHammer framework [205] synthesizes cir-
cuits with tight delay constraints to reduce the number of near-critical paths, and thus,
decrease the probability of timing errors when frequency is over-scaled. At first, Slack-
Hammer isolates the paths and identifies potential delay optimizations. Based on the
isolated path analysis, the framework performs an iterative synthesis with tighter con-
straints for the primary outputs with negative slack.

The second class of techniques modifies the conventional circuit architecture to fa-
cilitate frequency OC and increase the resilience to timing errors. The retiming
technique [206] re-defines the boundaries of combinational logic by moving the flip-
flops backward or forward between the stages. Based on this circuit optimization,
the synthesis is relaxed by ignoring the paths that are bottleneck to minimum period
retiming. Targeting different circuit architectures, Shi et al. [207] adopt an alternative
arithmetic, called online, and show that online-based circuits are more resilient to the
timing errors of OC than circuits with traditional arithmetic. The modification of the
initial neural network model to provide resilience in timing errors has also attracted
research interest. In this direction, Wang et al. [208] propose an iterative reclocking-
and-retraining framework for operating neural network circuits at higher frequencies
under a given accuracy constraint. The clock frequency is gradually increased and
the network’s weights are updated through back-propagation training until to find
the maximum frequency for which the timing errors are mitigated and the accuracy
constraint is satisfied.

Several works propose circuits for timing error detection & correction, enabling the
use of over-clocking. These techniques either improve the frequency value of the first
failure, i.e., the first timing error, or reduce the probability of timing errors. TIM-
BER [209] masks timing errors by borrowing time from successive pipeline stages.
According to this approach, the use of discrete time-borrowing flip-flops and continu-
ous time-borrowing latches slows down the appearance of timing errors with respect
to the frequency scaling. Ragavan et al. [210] detect and correct timing errors by
employing a dynamic speculation window on the double-sampling scheme. This tech-
nique adds an extra register (called shadow and clocked by a second “delayed” clock)
at the end of the pipelined path to sample the output data at two different time
instances. The proposed approach also uses an online slack measurement to adap-
tively over-clock the design. The TEAI approach [211] is based on the locality of
the timing errors in software-level instructions, i.e., the tendency of specific instruc-
tions to produce timing errors. TEAI identifies these instructions at runtime, and
sends error alarms to hardware, which is equipped with error detection & correction
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circuits.

There is also wide research on the prediction of the timing errors in advance, which
allows to over-scale the frequency according to the acceptable error margins. In [212],
the authors introduce an instruction-level error prediction system for pipelined micro-
processors, which stalls the pipeline when critical instructions are detected. Their
method is based on gate-level simulations to find the critical paths that are sensitized
during the program execution. Similarly, Constantin et al. [213] obtain the maximum
delays for each arithmetic instruction through gate-level simulations, and they dynam-
ically exploit timing margins to apply frequency over-scaling.

Besides instruction-level prediction models, there are numerous works that build mod-
els based on machine learning and simulations of functional units. A representative
work of this approach is WILD [214], which builds a workload-dependent prediction
model using logistic regression. In the same direction, SLoT [215] is a supervised
learning model that predicts timing errors based on the inputs and the clock fre-
quency. At first, SLoT performs gate-level simulation to extract timing class labels,
i.e., “timing error” or “no timing error”, for different inputs and frequencies. These
classes are then used, along with features extracted from random data pre-processing,
to train the error prediction model.
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Part I.

Arithmetic Approximation
Techniques for Circuit Design

Prologue
Dissertation’s Part I focuses on the arithmetic of circuits and accelera-
tors. At first, it proposes logic-level arithmetic approximation techniques,
and then, it presents the development of approximate hardware accel-
erators. Chapters 3–7 examine different aspects of computer arithmetic
and approximate circuit design: alternative numerical formats in Chapter
3, hybrid radix encodings in Chapter 4, dynamic/runtime approximation
configuration in Chapter 5, cooperative approximation in Chapter 6, and
systematic design of approximate accelerators in Chapter 7.

Chapter 3 highlights the benefits of applying sophisticated bit-level opti-
mizations. Chapter 4 proposes a hybrid high-radix encoding that is used
to design the RAD family of approximate multipliers. Chapter 5 proposes
runtime-configurable approximate multipliers for fixed-point (DyFXU de-
sign family) and floating-point arithmetic (DyFPU design family). Chap-
ter 6 examines the combination of arithmetic approximation techniques,
resulting in the state-of-the-art ROUP family of approximate multipliers.
Finally, Chapter 7 integrates all the proposed approximate circuits in the
design of ASIC/FPGA accelerators for DSP and AI applications.

Acknowledgements: The author of the Ph.D. Dissertation would like
to thank Prof. Kiamal Pekmestzi for accepting him in the Ph.D. program,
as well as Prof. Dimitrios Soudris for his support throughout the years.
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Chapter 3

Arithmetic Optimization:
Double-LSB Encoding

Computer arithmetic has received significant attention, as it inherently affects the
efficiency and performance of the hardware accelerators. In this context, novel nu-
merical formats are examined, targeting to provide increased resource gains compared
to the conventional binary formats in various application domains, e.g., in Digital
Signal Processing (DSP). In this chapter, we adopt the Double Least Significant Bit
(DLSB) format, where the numbers have an extra least significant bit, and we ap-
ply optimizations in the multiplication, i.e., one of the most resource-hungry DLSB
operations. The DLSB arithmetic delivers several benefits, such as the symmetric
representation range, the number negation performed only by bitwise inversion, the
improvement of the residue number circuits, and the improvement of the rounding
process in floating-point calculations. However, all these advantageous features come
with some penalties in the design of the arithmetic DLSB units. Towards reducing
the DLSB overheads in the multiplication, we propose an energy-efficient scheme for
multiplying 2 ’s-complement binary numbers, which is based on sophisticated bit-level
manipulations. The overhead of the proposed DLSB design is negligible compared to
the conventional design for ordinary 2 ’s-complement numbers, i.e., ∼3% area/energy
overhead on average for different multiplier sizes. Moreover, our design outperforms
the straightforward design approach by providing 4×–5× less resource overhead. Fi-
nally, as case study, we demonstrate how the DLSB multiplier can be effectively used
as building block for the implementation of larger multiplications, delivering 31% area
and 43% energy gains.
This chapter is based on our publication in [226].
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3.1. Introduction

The integration of novel numerical representation formats in the design of circuits
appears as an effective solution for reducing the power/energy consumption, area
and delay [227]. In this context, several alternative arithmetic formats have been
proposed in the literature. The Residue Number System (RNS) [228] and the Loga-
rithmic Number System (LNS) [229] are typical examples of non-standard represen-
tation formats that aim to improve the hardware efficiency of the arithmetic units.
Another interesting format is the carry-save representation [230], which is mainly
used to build fast adders with multiple inputs and accumulation trees for multipli-
ers.

In this chapter, we focus on the novel Double Least Significant Bit (DLSB) arith-
metic representation, which is proposed by Parhami [231]. In particular, the DLSB
arithmetic adopts the conventional arithmetic and considers an additional Least Sig-
nificant Bit (LSB), i.e., an extra bit that has the same weight as the original LSB.
With this format, the number representation range becomes fully symmetric, i.e., for
2’s-complement arithmetic, it is [−2n−1, 2n−1] instead of [−2n−1, 2n−1 − 1]. Other
benefits of the DLSB arithmetic are the simpler number inversion, the simpler round-
ing process in floating-point calculations, and the increased efficiency in residue num-
ber operations.

The symmetry in the representation range allows to perform negation with only bit-
wise inversion, hence, the addition of ’1’ (performed in the conventional 2’s-complement
arithmetic) is eliminated. The latter is an important feature, especially in algorithms
where the sign change is not followed by another addition [231]. Moreover, the symme-
try of DLSB guarantees that all the numbers can be complemented without resulting
in overflow.

In floating-point calculations, if the result has more bits than those supported by
the format, then the extra bits are discarded and the remaining ones are adjusted
with rounding. This process requires addition involving carry propagation, which is
a task that can add significant delay to the floating-point arithmetic units. In the
case of DLSB format, the rounding algorithm needs only to determine the value of the
extra LSB in the rounded result [231]. Specifically, instead of performing the required
addition of the regular rounding, the extra LSB of the result is set to ‘1’ for rounding
up, avoiding in this way the carry propagation.

The DLSB format has also been used in RNS operations to improve the design effi-
ciency. In this direction, the DLSB encoding of the 2n + 1 residues is employed to
design the modulo 2n + 1 adder [232] and multiplier [233]. The representation range
of the unsigned numbers is [0, 2n], and thus, the end-around carry is stored and
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there is no need for a post-increment operation. Furthermore, the authors of [234]
propose reverse converters for two 4-moduli sets that are based on DLSB encod-
ings. The derived results show that both the area and delay of the DLSB-based
converters are comparable to that of the converters using the conventional binary
encoding.

These advantageous features of the DLSB arithmetic come with some delay and area
overheads, considering the corresponding conventional circuits as baseline. In [231],
the delay and area theoretical penalties are reported for a variety of DLSB circuits
(e.g., adders, different types of multipliers, dividers), showing that complex arith-
metic units such as the multipliers exhibit the largest overheads. Furthermore, these
theoretical overheads have not been actually evaluated with industrial synthesis tool-
flows and technology libraries. In this chapter, motivated by the benefits of the DLSB
format, and targeting to eliminate the penalties that arise, we propose an improved
algorithm for the multiplication of two 2’s-complement DLSB numbers. We provide
both theoretical and robust experimental evaluations on industrial tools, showing
that sophisticated bit-level manipulations provide significant gains and decrease the
penalties.

We further motivate the applicability and effectiveness of the proposed DLSB tech-
nique by examining a realistic case study design scenario. In particular, we show that
large-size multiplications can be efficiently implemented using small DLSB multipliers
as building blocks. The multiplication of large operands is a key component in various
applications, e.g., cryptographic schemes and scientific calculations. To improve the
hardware efficiency, significant research has been conducted on the implementation
of large-size multiplications [235, 236]. The mapping of large-size multiplications in
Field-Programmable Gate Arrays (FPGAs) is also examined in the literature [237].
In FPGAs, such multiplications are implemented by segmenting the input operands
based on the bit-width of the hardwired multipliers that are integrated in the DSP
blocks.

The contribution of this chapter is summarized as follows:

(i) We highlight the significance of computer arithmetic and show that novel nu-
merical formats can provide valuable gains in hardware.

(ii) We propose an improved algorithm for the multiplication of two 2’s-complement
DLSB numbers, which is strictly defined by a rigorous theoretical analysis in-
volving sophisticated bit-level manipulations.

(iii) We show that the proposed DLSB circuit outperforms its unoptimized coun-
terpart, and also, it can be effectively used as building block for improving the
implementation of large-size multiplications.

49



Arithmetic Optimization: Double-LSB Encoding

The remainder of this chapter is organized as follows. Section 3.2 introduces the
DLSB arithmetic format, Section 3.3 presents the proposed DLSB multiplier, and
Section 3.4 includes the theoretical and experimental evaluation. Finally, Section 3.5
draws the conclusions.

3.2. The Double Least Significant Bit Format

This section includes an introduction in the 2’s-complement DLSB format [231]. Let
X = 〈xn−1xn−2 · · ·x0〉2’s be a n-bit 2’s-complement number. X is converted to a
2’s-complement DLSB number by attaching an extra LSB (x0+) next to the original
LSB, as shown in Eq. (3.1).

X+ = X + x0+ = 〈xn−1xn−2 · · ·x0〉2’s + x0+ (3.1)

For the rest of the discussion, we assume that X+ is a n-bit 2’s-complement DLSB
number (the extra LSB is not calculated in the bit-width). Moreover, the following no-
tations are used: 〈. . . 〉2’s denotes a 2’s-complement number, and 〈. . . 〉u denotes an un-
signed number. Subsequently, we present some numerical examples.

Example 1. The DLSB number 〈0111〉2’s + 1 is the number 810 in the decimal
system, while 〈1010〉2’s + 0 is −610.

Example 2. The DLSB number 〈0111〉2’s + 1 = 810 is complemented by inverting
all its bits: 〈1000〉2’s + 0 = −810.

The addition of two n-bit DLSB numbers is performed using a conventional n-bit
adder [231]. The extra LSB of one of the operands is given to the carry input of the
adder, while the extra LSB of the other is attached to the sum as its extra LSB. The
operation of the addition is illustrated in Figure 3.1. The subtraction is performed
in the same way, however, the subtrahend is firstly complemented, namely all its bits
(including the extra LSB) are logically inverted.

The multiplication of a DLSB number by a power of two, i.e., 2e, is performed like in
the conventional arithmetic, i.e., via e left shifts. Regarding the multiplication of two
DLSB numbers, well-established architectures and algorithms can be employed with
some extra overheads, as discussed in [231]. This arithmetic operation is exhaustively
examined in the rest of the chapter.
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A B

n-bit Adder b0+

a0+A + B + b0+ a0+

A
+
 + B

+

Figure 3.1: The addition of two n-bit DLSB numbers is performed using a conventional adder. The
subtraction is performed with the same architecture, but with the inverted bits of B+.

3.3. Design of DLSB Multiplication Circuits

In this section, we design the DLSB multiplier in two flavours, i.e., based on the
straightforward approach and a more sophisticated improved approach. As baseline
multiplication algorithm, we adopt the Modified Booth (MB) method [227], which
facilitates low-level optimizations and also outperforms several well-established mul-
tiplication methods [226].

3.3.1. Straightforward DLSB Design

Let A+ = 〈an−1an−2 · · · a0〉2’s + a0+ and B+ = 〈bn−1bn−2 · · · b0〉2’s + b0+ be two n-bit
2’s-complement DLSB numbers. We form their product as shown in Eq. (3.2).

A+ ×B+ =
(
〈an−1an−2 · · · a0〉2’s + a0+

)
·B+ (3.2)

Following the Modified Booth multiplication algorithm, B+ is encoded with its extra
LSB b0+ included in the least significant Modified Booth digit, i.e., b−1 = b0+ instead
of b−1 = 0 (conventional encoding), as shown in Eq. (3.3)–(3.4).

B+ = −2n−1bn−1 +
n−2∑
i=0

2ibi + b0+ =
n/2−1∑

j=0
4jbMB

j (3.3)

where bMB
j = −2b2j+1 + b2j + b2j−1 =⇒ bMB

j ∈ {0,±1,±2} (3.4)

The Modified Booth digits bMB
j ∈ {0, ±1, ±2} are functions of three consecutive bits

of B+ (b2j+1, b2j , b2j−1), and they are formed according Table 3.1. Each digit is
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Table 3.1: Modified Booth encoding.

Input MB Digit Output

b2j+1 b2j b2j−1 bMB
j sj twoj onej

0 0 0 0 0 0 0
0 0 1 1 0 0 1
0 1 0 1 0 0 1
0 1 1 2 0 1 0
1 0 0 −2 1 1 0
1 0 1 −1 1 0 1
1 1 0 −1 1 0 1
1 1 1 0 1 0 0

represented by three 1-bit signals that define its sign (sj) and absolute value (twoj ,
onej). Using these encoding signals, the Modified Booth digits are calculated by Eq.
(3.5).

bMB
j = (−1)sj · (2twoj + onej), j = 0, 1, · · ·n/2− 1 (3.5)

Using Eq. (3.2) and (3.3), the multiplication of the DLSB numbers A+ and B+ is
formed as shown in Eq. (3.6).

A+ ×B+ = 〈an−1an−2 · · · a0〉2’s ·B+ + a0+ ·B+ =

= 〈an−1an−2 · · · a0〉2’s ·
n/2−1∑

j=0
4jbMB

j + a0+ ·
(
〈bn−1bn−2 · · · b0〉2’s + b0+

)
(3.6)

The implementation of the DLSB multiplier based on Eq. (3.6) requires a conven-
tional Modified Booth multiplier to calculate the first term of the final expression, as
well as considerable overhead to calculate the extra term a0+ ·

(
〈bn−1bn−2 · · · b0〉2’s +

b0+
)
.

3.3.2. Sophisticated DLSB Design

To reduce the overhead derived by the calculation of the extra term in the straightfor-
ward approach, we consider an alternative representation for the operand A+. Firstly,
we examine how A+ is formed with respect to the value of a0+:
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• if a0+ = 0, we get:

A+ = 〈an−1an−2 · · · a0〉2’s + 0 = 〈an−1an−2 · · · a0〉2’s (3.7)

• if a0+ = 1, and using the expression ai = −āi + 1 (āi: inverted ai), we get:

A+ = 〈an−1an−2 · · · a0〉2’s + 1 = −2n−1an−1 +
n−2∑
i=0

2iai + 1 =

= −2n−1(−ān−1 + 1) +
n−2∑
i=0

2i(−āi + 1) + 1 =

= −(−2n−1ān−1 + 2n−1)−
n−2∑
i=0

2iāi +
n−2∑
i=0

2i + 1 =

= −(−2n−1ān−1 +
n−2∑
i=0

2iāi)− 2n−1 +
n−2∑
i=0

2i + 1 =

= −(−2n−1ān−1 +
n−2∑
i=0

2iāi) = −〈ān−1ān−2 · · · ā0〉2’s (3.8)

Next, we encode A+ using the expression a′i = ai ⊕ a0+. Namely, each bit of
A = 〈an−1an−2 · · · a0〉2’s is driven to a XOR gate along with the extra LSB a0+ to form
A′ = 〈a′n−1a′n−2 · · · a′0〉2’s. Hence, A+ is encoded as shown in Eq. (3.9).

A+ = (−1)a0+ · (−2n−1a′n−1 +
n−2∑
i=0

2ia′i) = (−1)a0+ ·A′, a′i = ai ⊕ a0+ (3.9)

This encoding is equivalent to the initial representation of A+, as verified by assigning
either 0 or 1 to a0+ in Eq. (3.9):

• for a0+ = 0, A+ is equal to the expression of Eq. (3.7).

• for a0+ = 1, A+ is equal to the expression of Eq. (3.8).

To perform the DLSB multiplication, we use Eq. (3.3) for B+ and Eq. (3.9) for A+.
Their product is defined as shown in Eq. (3.10).

A+ ×B+ = (−1)a0+ ·A′ ·
n/2−1∑

j=0
4jbMB

j = A′ ·
n/2−1∑

j=0
(−1)a0+ · 4jbMB

j (3.10)

The next step is to integrate the term (−1)a0+ in the calculation of bMB
j , i.e., the

Modified Booth digits, which are calculated by Eq. (3.5). Considering that this term

53



Arithmetic Optimization: Double-LSB Encoding

affects the sign (depending on the value of a0+), we drive sj , i.e., the sign of the
Modified Booth digits, to a XOR gate along with a0+. As a result, the absolute value
of the new Modified Booth digits, labeled as bMB+

j , is the same with that of bMB
j ,

however, their sign depends on sj and a0+. In particular, the new expression for the
sign is given by Eq. (3.11).

s′j = sj ⊕ a0+ (3.11)

Based on the above analysis, Eq. (3.10) is transformed to Eq. (3.12), and the calcula-
tion of the newModified Booth digits is performed as shown in Eq. (3.13).

A+ ×B+ = A′ ·
n/2−1∑

j=0
4jbMB+

j (3.12)

where bMB+
j = (−1)s′j · (2twoj + onej) (3.13)

The logic equations of the encoding signals sj , onej , and twoj are derived from Table
3.1. The proposed encoding circuit is illustrated in Figure 3.2a. Compared to the
conventional Modified Booth encoder that is illustrated in Figure 3.2b, the proposed
encoder has an extra XOR-2 gate for calculating s′j , which includes the extra LSB of
A+.

For the calculation of the product defined in (3.12), the generation of n/2 partial prod-
ucts PPj is required, as shown in Eq. (3.14) and (3.15).

A+ ×B+ = A′ ·
n/2−1∑

j=0
4jbMB+

j =
n/2−1∑

j=0
4jPPj (3.14)

where PPj = A′ · bMB+
j = 2n pj,n +

n−1∑
i=0

2ipj,i, j = 0, 1, · · ·n/2− 1 (3.15)

The generation of the i-th bit of the partial product PPj is illustrated at gate level
in Figure 3.2c. The circuit of the DLSB partial product generator is the same with
that employed in the conventional Modified Booth algorithm. To calculate the Most
Significant Bit (MSB) of each partial product, we consider a′n = a′n−1, and thus,
an = an−1. Their LSB is calculated considering a′−1 = 0, and thus, a−1 = a0+. In
comparison with the conventional Modified Booth multiplier, the generation of the
partial product bits is intact, except for the LSBs, where s′j = sj⊕a0+ is used instead
of sj .
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sj
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twoj

a0+

b2j+1

b2j-1
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b2j-1
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(b)

sj

ai

pj,i

onej

twoj

ai

ai-1
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Figure 3.2: Circuits used in the DLSB multiplication: (a) DLSB Modified Booth encoder (used in
the sophisticated approach), (b) conventional Modified Booth encoder (used in the straightforward
approach), (c) conventional partial product generator (ai: i-bit of A, ai = sj ⊕ ai, used in both
approaches).

The generated partial products are accumulated, properly weighted, using a Wallace
tree [238] along with the constant terms (’1’s) and the correction terms (c′j). Finally,
the carry-save output of the Wallace tree is driven to a fast prefix adder [238] to form
the final result. Compared to the conventional Modified Booth multiplier, again the
only difference is the use of s′j instead of sj in the calculation of the correction terms,
as shown in its logic function in Eq. (3.16).

c′j = s′j · (onej + twoj) = (sj ⊕ a0+) · (onej + twoj) (3.16)

Overall, the proposed DLSB multiplier incorporates the typical stages of the Modified
Booth multiplication circuit: (i) encoding, (ii) partial product generation, (iii) partial
product accumulation, and (iv) final addition. As shown, with careful design and bit-
level manipulations we reduce the circuit overheads of the straightforward approach:
the product a0+ ·B+ of Eq. (3.6) is eliminated and the only overhead regards the en-
coding stage, where an extra signal (s′j) is generated.

For comparison purposes, Figure 3.3 illustrates the partial product matrices of the
16-bit examined multipliers, i.e., the conventional Modified Booth multiplier (Figure
3.3a), the straightforward DLSB Modified Booth multiplier (Figure 3.3b), and the
sophisticated DLSB Modified Booth multiplier (Figure 3.3c). All the necessary bits
(partial product bits, constant terms, and correction terms) that are required for
the partial product accumulation are included. As shown, the straightforward DLSB
multiplier implements the conventional multiplier plus extra logic for the product
a0+ · B+. In contrast, the sophisticated design does not implement this logic, it has
the same depth of accumulation tree with the conventional multiplier, and its only
difference compared to the latter is the calculation of s′j . This signal is used instead
of sj for generating the LSB of the partial products (p′j,0) and the correction terms
(c′j).
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Figure 3.3: Partial product matrices of 16-bit multipliers: (a) conventional Modified Booth mul-
tiplier (ordinary 2’s-complement numbers), (b) straightforward DLSB Modified Booth multiplier of
Eq. (3.6), (c) sophisticated DLSB Modified Booth multiplier of Eq. (3.14).
Symbols: : pj,i : cj : a0+ · bi : p′j,0 : c′j

3.4. Evaluation

In this section, firstly, we evaluate the DLSB multipliers, and then, we demonstrate
how they can be used to improve the hardware efficiency of large-size multiplications.
We conduct both theoretical and experimental analysis. We consider the following
notations for the examined multipliers:

• CMB: conventional Modified Booth multiplier for ordinary 2’s-complement num-
bers (Figure 3.3a).

• DLSB1: straightforward Modified Booth multiplier for 2’s-complement DLSB
numbers (Figure 3.3b).

• DLSB2: sophisticated Modified Booth multiplier for 2’s-complement DLSB
numbers (Figure 3.3c).

3.4.1. Theoretical Analysis

As already discussed in the previous section, DLSB1 implements CMB and requires
additional logic (n + 1 AND-2 gates) for calculating the extra product, as well as
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considerable overhead for accumulating it with the rest partial products. On the
other hand, DLSB2 implements CMB with a small overhead of n/2 XOR-2 gates for
calculating s′j . Namely, it uses the encoder of Figure 3.2a instead of that of Figure
3.2b. Subsequently, we evaluate the area complexity of the DLSB multipliers based on
the unit gate model used in [239]. According to this model, the primitive gates AND-2
and OR-2 are equal to 1 unit gate, the NOT gate counts as 0.5 unit gates, and the
XOR-2 gate is equal to 2 unit gates. Moreover, the area of a full adder and a half adder
is 7 and 3 unit gates, respectively. The gate equivalence of the main components used
in the partial product generation and accumulation of the multipliers is summarized
in Table 3.2. In the next paragraphs, we examine separately the stages of the partial
product generation and accumulation, and then we quantify the resources of the entire
multiplication architectures.

Regarding the partial product generation, the n-bit CMB multiplier generates n/2
(n+1)-bit partial products, Therefore, it requires n/2 MB encoders of Figure 3.2b, n/2
× (n + 1) 1-bit partial product generators of Figure 3.2c, and n/2 correction terms
generators (signals cj). Additionally, n/2 NOT gates are needed for inverting the
MSB of each partial product. DLSB1 requires the same resources, and also employs
n + 1 AND-2 and 1 NOT gates for calculating the product a0+ · B+. Compared
to CMB, DLSB2 uses only a different encoder, i.e., the DLSB encoder of Figure
3.2a.

Next, we analyze the resources needed for the partial product accumulation. CMB
and DLSB2 accumulate n/2 + 1 n-bit vectors, i.e., n/2 partial products and 1 vector
containing the constant and correction terms. This multi-operand addition is per-
formed in carry-save form [238], thus, (n/2−1) × n full adders are required in total. In
DLSB1, one more number must be added, and thus, n/2 × n full adders are required.
Finally, in all multipliers, the 2n-bit carry-save output of the Wallace tree is driven to
a fast adder [238], which consists of 2n half adders, n log2 2n propagate group circuits
(each one is 3 unit gates), and 2n XOR-2 gates.

Based on our theoretical analysis about the resources of each design, Table 3.3 re-
ports the overhead in unit gates of the DLSB multipliers for different bit-widths, i.e.,
n = 8, 16, 32. This overhead is calculated by comparing the unit gates of the DLSB
multipliers with those of CMB. As expected, DLSB1, which is based on the straight-
forward design approach, exhibits larger overhead compared to DLSB2. On the other
hand, the overhead of DLSB2 is negligible, lying in the range 0.5%–1.4%. The unit
gate model is a simplified model, but it gives a rough estimation about the circuit area.
In the next section, we provide experimental analysis based on industrial-strength syn-
thesis of the circuits, in which it is shown that theoretical outcomes and trends follow
in a fine manner the experimental results.
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Table 3.2: Unit gates per component and components of the n-bit multipliers.

Component Unit Gates # in CMB # in DLSB1 # in DLSB2

MB Encoder 5.5 n/2 n/2 –
DLSB MB Encoder 7.5 – – n/2
MB PP Generator 5 n/2× (n + 1) n/2× (n + 1) n/2× (n + 1)
AND PP Generator 1 – n + 1 –
Corr. Term Generator 2 n/2 n/2 n/2
Full Adder 7 (n/2− 1)×n n/2×n (n/2− 1)×n

Half Adder 3 2n 2n 2n

Propagate Group 3 n log2 2n n log2 2n n log2 2n

XOR-2 Gate 2 2n 2n 2n

Table 3.3: Unit gate overhead of the n-bit DLSB multipliers.

Multiplier n = 8 n = 16 n = 32

DLSB1 11.8% 6.7% 3.7%
DLSB2 1.4% 0.8% 0.5%

3.4.2. Experimental Results

This section evaluates the multiplication circuits in terms of delay, area, and energy
consumption, using industrial-strength tools. All the multipliers are implemented in
Verilog and synthesized with the Synopsys Design Compiler and the TSMC 45-nm
standard-cell library. The simulations are performed with Mentor Graphics Ques-
taSim. Both synthesis and simulation are performed at 1V, i.e., the nominal supply
voltage. Moreover, the designs are configured to operate at their critical path delay,
i.e., at maximum frequency. The critical path delay and the area are reported by
Synopsys Design Compiler, while the power consumption is measured with Synopsys
PrimeTime. The energy consumption is also calculated by the product of delay and
power.

Table 3.4 presents the experimental results from the synthesis of the multipliers for
various sizes, i.e., n = 8, 16, 32. Furthermore, the energy and area overheads compared
to CMB are reported. In terms of critical paths, as expected, the DLSB multipli-
ers deliver almost the same delays with CMB. DLSB2 exhibits similar delay even
for the smallest bit-width, i.e., 0.38ns versus 0.37ns. This is justified by the fact
that the depth of DLSB2’s partial product tree has not increased. In comparison
with DLSB1, the sophisticated DLSB2 design achieves higher efficiency for all the
resources. On average, DLSB2 imposes small area and energy overheads (i.e., 3.1%
and 3.3%, respectively), while the corresponding overheads for DLSB1 are 11.9% and
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Table 3.4: Synthesis results of the n-bit DLSB multipliers on TSMC 45-nm standard-cell.

Design Delay Area Energy
(ns) (�m2) (%)1 (�W·ns) (%)1

n
=

8
CMB 0.37 485 − 384 −
DLSB1 0.40 572 +18 480 +25
DLSB2 0.38 510 +5.2 406 +5.7

n
=

16 CMB 0.51 1519 − 1186 −
DLSB1 0.52 1701 +12 1344 +13.3
DLSB2 0.51 1562 +2.8 1217 +2.6

n
=

32 CMB 0.67 5189 − 4340 −
DLSB1 0.67 5491 +5.8 4685 +7.9
DLSB2 0.67 5256 +1.3 4412 +1.7

1 Refers to % area/energy overhead (relative increase) in comparison with CMB.

15.4%. Regarding the bit-width scaling, the derived results show that as the multi-
plier’s size increases, the impact of the extra LSB is becoming smaller in both area
and energy. This observation is normal, as by increasing the bit-width, the rate of
the overheads induced by the DLSB increases slower than the rate of the area added
due to the bit-width scaling.

3.4.3. Case Study: DLSB for Large-Size Multiplication

In this section, we demonstrate how the sophisticated DLSB multiplier can be ef-
fectively used as building block for implementing multiplications with large input
operands. For the rest of the analysis, we consider 2’s-complement arithmetic and
small fixed-size multiplication circuits, i.e., there is the constraint of hardwired arith-
metic units with specific small bit-width, like in embedded devices [237].

We follow the well-established approach of decomposing the large bit-width operands
to smaller sizes [237]. The reduction of the operand bit-width to match the desired
bit-width (imposed by the constraint) is a recursive procedure. Nevertheless, to ease
the description and without loss of generality, we focus our analysis on the first
recursion, assuming that the bit-width constraint exposed by the available arithmetic
unit is satisfied. Next, we discuss how the large-size multiplications are partitioned
in the conventional arithmetic, and then, we present a more efficient DLSB-based
partition.

Conventional 2’s-Complement Arithmetic: Let A and B be two k-bit 2’s-
complement numbers to multiply. Without loss of generality, we consider k = 2n,
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where n is an integer, and we split A and B in two n-bit words, as shown in Eq. (3.17).
The product A×B is formed as shown in Eq. (3.18).

A = 〈a2n−1a2n−2 · · · an〉2’s · 2n + 〈an−1an−2 · · · a0〉u = As · 2n + Au

B = 〈b2n−1b2n−2 · · · bn〉2’s · 2n + 〈bn−1bn−2 · · · b0〉u = Bs · 2n + Bu (3.17)

A×B = (As · 2n + Au) · (Bs · 2n + Bu) =
= As ·Bs · 22n + (As ·Bu + Au ·Bs) · 2n + Au ·Bu (3.18)

The above product requires the execution of 4 multiplications: (i) 2’s-complement
× 2’s-complement (As · Bs), (ii) unsigned × unsigned (Au · Bu), (iii) unsigned ×
2’s-complement (Au · Bs), (iv) 2’s-complement × unsigned (As · Bu). We note that
the multiplications involving unsigned numbers must employ an extra bit for the
sign extension. As a result, to cover all the bit-width cases and calculate the 4
sub-products with the same module, the (n + 1)-bit CMB multiplier needs to be
used.

2’s-Complement DLSB Arithmetic: We propose an alternative operand parti-
tion that aims to create DLSB-like bit vectors. As shown in Eq. (3.19)–(3.20), we
divide the operands in two 2’s-complement segments, and attach the MSB of their
least significant part, i.e., an−1 and bn−1, as an extra LSB in their most signifi-
cant part. Assuming an extra LSB equal to 0 for the least significant parts, the
k-bit operands are now formed as functions of two n-bit 2’s-complement DLSB num-
bers.

A =
(
〈a2n−1a2n−2 · · · an〉2’s + an−1

)
· 2n +

(
〈an−1an−2 · · · a0〉2’s + 0

)
=

= A+
1 · 2n + A+

2 (3.19)

B =
(
〈b2n−1b2n−2 · · · bn〉2’s + bn−1

)
· 2n +

(
〈bn−1bn−2 · · · b0〉2’s + 0

)
=

= B+
1 · 2n + B+

2 (3.20)

Considering the proposed DLSB-based partition, the 4 sub-products, derived by ap-
plying again the distributive property, can be calculated by the n-bit 2’s-complement
DLSB multiplier, which can effectively replace the (n+1)-bit CMB as building block.
To evaluate the efficiency of the proposed scheme, we compare the n-bit DLSB2
with the (n + 1)-bit CMB for various bit-widths. The experimental setup is the
same as described in the previous section. Figure 3.4 illustrates the energy and area
gains achieved by the proposed DLSB2 compared to CMB. In particular, DLSB2
provides significant gains, especially for small bit-width (i.e., 30.6% and 43.3% area
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Figure 3.4: Energy and area gains provided by n-bit DLSB2 compared to (n+1)-bit CMB (targeting
the use of DLSB2 instead of CMB as building block in large-size multiplications).

and energy gains, respectively, for n = 8). The inefficiency of CMB is justified
by the extra bit in the multiplier’s bit-width, which results in the generation of
one more partial product and the addition of an extra bit in each partial prod-
uct.

3.5. Conclusion

The goal of this chapter was to highlight the benefits of using novel numerical formats
and applying low-level arithmetic optimizations and sophisticated bit-level manipu-
lations. In particular, we adopted the DLSB arithmetic, which assumes an extra
LSB in the number representation and provides advantageous features, such as the
representation symmetry and the simplification of rounding in floating-point opera-
tions. Targeting to decrease the overheads induced by the extra LSBs, we introduced
a new and effective algorithm for multiplying two 2’s-complement DLSB numbers.
Through an alternative representation, we optimized the Modified Booth multiplica-
tion scheme to decrease the overheads of the straightforward DLSB multiplication.
According to our experimental evaluation for different multiplication bit-widths, our
DLSB design provides average overheads of ∼3% in area and energy. In contrast, the
DLSB design that does not adopt our sophisticated low-level optimizations, suffers
from average overheads of ∼12% and ∼15% in area and energy, respectively. Finally,
we demonstrated how the proposed DLSB multiplier can be efficiently used as build-
ing block in large-size multiplications, replacing the conventional multiplier. In this
case, both the area and energy consumption are significantly improved, consider-
ing that the DLSB multiplier outperforms the conventional design that is needed to
implement the sub-products, by up to 30.6% and 43.3% in area and energy, respec-
tively.
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Chapter 4

Arithmetic Approximation:
Hybrid High-Radix Encoding

Approximate Computing forms a design alternative that exploits the intrinsic error
resilience of various applications and produces energy-efficient circuits with small ac-
curacy loss. In this chapter, we examine the impact of applying low-level optimiza-
tions and disciplined approximations in the design of arithmetic circuits. Towards
this direction, we propose an approximate hybrid high-radix encoding for generating
the energy-efficient RAD multipliers. The proposed encoding scheme approximately
encodes one of the operands, using the accurate radix-4 encoding for its most signif-
icant part and an approximate higher radix encoding for its least significant part. In
the high-radix encoding, the approximations are applied by mapping all the high-radix
values to a set of values that includes only the 4 largest powers of two. The pro-
posed hybrid encoding is configurable and can be tuned to achieve the desired energy–
accuracy trade-off. Another important feature of the proposed design is that the error
induced by the approximations is bounded by a Gaussian distribution with near-zero
average. In addition, the mean relative error of the multiplication depends only on the
approximately encoded operand, and thus, the calculation of the corresponding error
metrics is accelerated, eliminating the need for exhaustive hardware simulations. In
terms of resources, the proposed multipliers deliver up to 56% energy and 55% area
gains compared to the accurate radix-4 multiplier, when operating at the same fre-
quency. Moreover, our designs outperform state-of-the-art multipliers by up to 40%
in energy consumption for similar error values. Finally, we examine the scalability
of our technique, showing that as the multiplier’s size increases, our designs achieve
larger gains in energy consumption and critical path delay, i.e., up to 64% and 22%,
respectively, while the error remains constant.
This chapter is based on our publication in [153].
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4.1. Introduction

In modern embedded systems and data centers, power efficiency and performance
are critical design concerns. Considering that various application domains exhibit
an intrinsic error resilience (e.g., digital signal processing, data analytics, and data
mining [29, 240]), Approximate Computing [16, 17, 19] appears as an effective solu-
tion to provide remarkable power gains and/or speed improvements. In Approximate
Computing, error is viewed as a commodity that can be traded for significant gains in
resources (e.g., area, power, energy, latency, or throughput) [241], and thus, it com-
poses a promising design paradigm to generate power-efficient systems and circuits. In
particular, Approximate Computing exploits the innate error tolerance of the applica-
tions and deliberately relaxes the correctness of some computations to decrease their
power consumption and/or accelerate their execution.

To take advantage of the benefits provided by Approximate Computing, massive re-
search has been conducted in the field of approximate hardware and circuits. In this
field, automated synthesis techniques [242] and hardware description language anno-
tations [183] have been proposed to facilitate the design of approximate hardware.
Significant research has also been reported in approximate processors that employ
quality programmable vectors [243], neural networks [244] and approximate custom
instructions [245]. Circuit-level approximations involve voltage over-scaling [202,224]
and over-clocking [213,225] techniques. Voltage over-scaling lowers the supply voltage
of the circuit below the nominal value, and thus, the power consumption is decreased
in exchange for erroneous outputs due to the critical paths’ failure to meet the timing
constraints [224]. Over-clocking inserts timing violations, reducing expensive tim-
ing guard-bands and providing performance improvement [225]. Another approach
is to apply logic-level approximations, i.e., modify the truth table, employ inexact
components, or prune nodes of the circuit.

The main target of logic-level Approximate Computing is the arithmetic circuits [216],
which are key computation units in general-purpose processors and custom hardware
accelerators. Extensive research is reported in approximate adders [130, 246–249],
which provide significant gains in critical path delays and power consumption. On the
other hand, research activities on the approximate multipliers [142,143,149,151,154,
250–256] are less comprehensive compared to the respective on approximate adders.
In the multiplication circuit, approximations can be applied in the partial product
generation [149, 151, 255] and the partial product accumulation [154, 250, 251, 253].
Both types of approximation are synergistic and can be applied in collaboration to
achieve higher power reduction [149, 151]. Although significant research regards the
partial product accumulation, approximation techniques in the partial product gen-
eration have received less attention. Another limitation of the existing approximate
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multipliers is that the majority of them (e.g., [154, 250, 252, 256]) does not examine
signed multiplication.

In this chapter, motivated by the resource gains provided by arithmetic circuits, we
present a novel hybrid high-radix encoding for approximate multipliers. Our technique
addresses some of the issues of prior designs, such as the signed multiplication and the
reduction of the critical paths, and it also provides better results than state-of-the-
art works. The proposed encoding is hybrid, i.e., it splits the number and encodes it
with two different schemes (accurate and approximate). More specifically, the Most
Significant Bits (MSBs) are encoded using the accurate radix-4 encoding, whereas
the k Least Significant Bits (LSBs) are encoded using the approximate high-radix-2k

(where k ≥ 4). To simplify the increased complexity induced by the conventional
high-radix encodings, we alter their truth tables and generate their approximate vari-
ants. Using this approximate hybrid encoding, the number of the partial products is
decreased, and simpler tree architectures are used for the partial product accumula-
tion.

The contribution of this chapter is summarized as follows:

(i) We highlight the efficiency of applying disciplined low-level approximations,
which deliver valuable resource gains while keeping the accuracy in acceptable
levels.

(ii) We address the circuit overheads of the classic high-radix encodings, e.g., radix-
64, radix-256, radix-1024, which constitute them inefficient for use in multipli-
cation circuits.

(iii) We propose a new hybrid encoding for approximate partial product generation,
which is parametric in terms of approximation degree and can be combined with
other techniques, e.g., with approximate partial product accumulation.

(iv) We show that the proposed technique outperforms related state-of-the-art ap-
proximation techniques, providing remarkable area and energy gains for com-
parable error values.

The remainder of this chapter is organized as follows. Section 4.2 introduces the
proposed approximate hybrid high-radix encoding and its application in the design of
approximate radix-based multipliers. Section 4.3 performs the evaluation of the pro-
posed design, including theoretical resource analysis, error analysis, and comparative
experimental results. Finally, Section 4.4 draws the conclusions.
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4.2. Design of Approximate High-Radix Encodings and
Multipliers

Conventional high-radix operand encodings reduce the total number of partial prod-
ucts in multipliers, and thus, the partial product accumulation is performed with
simpler adder tree architectures. However, the high-radix encoders, as well as the
high-radix-based partial product generators, are characterized by increased logic com-
plexity, negating thus the benefits of the partial product reduction. Therefore, the
prevailing radix encoding for multiplication circuits is radix-4, outperforming its high-
radix counterparts.

In this section, we propose an approximate hybrid encoding, which applies simul-
taneously the conventional (accurate) radix-4 encoding and a new (approximate)
high-radix-2k encoding. In more detail, we present the functionality of the hybrid
encoding, we introduce the proposed approximations that simplify the complexity of
the conventional high-radix encoding, and finally, we design inexact multipliers based
on the proposed approximate encoding.

4.2.1. Approximate Operand Encoding

Let B be a n-bit 2’s-complement number and k be an even number belonging in the
interval [4, n− 2], i.e., k = 2m: m ∈ Z and 2 ≤ m ≤ (n− 2)/2. B is divided into two
segments with respect to k: the most significant part containing its n− k + 1 MSBs
and the least significant part containing its k LSBs (there is a shared bit between
the two segments). The n − k + 1 MSBs are encoded with the radix-4 encoding,
while the k LSBs are encoded with the radix-2k encoding, as shown in Eq. (4.1)–
(4.3).

B = 〈bn−1bn−2 · · · b0〉2’s = −2n−1bn−1 +
n−2∑
i=0

2ibi =
n/2−1∑
j=k/2

4jyR4
j + yR2k

0 (4.1)

yR4
j = −2b2j+1 + b2j + b2j−1 =⇒ yR4

j ∈ {0,±1,±2} (4.2)

yR2k

0 =−2k−1bk−1+2k−2bk−2+· · ·+b0 =⇒ yR2k

0 ∈{0,±1, . . . ,±(2k−1−1),−2k−1} (4.3)

Eq. (4.2) refers to the radix-4 encoded digits, while Eq. (4.3) refers to the radix-
2k encoded digit. In more detail, the radix-4 encoding creates (n − k)/2 digits yR4

j

∈ {0, ±1, ±2}, while the radix-2k encoding creates the digit yR2k

0 ∈ {0, ±1, ±2,
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±3, . . . , ±(2k−1 − 1), −2k−1}. In total, B is encoded with (n − k)/2 + 1 dig-
its.

The encoding circuit for the above accurate hybrid encoding features increased logic
due to the large number of yR2k

0 values and the values that are not power of two.
Therefore, we propose an alternative approximate variant of the high-radix encoding,
while we keep the low-complexity radix-4 encoding of the MSBs to avoid huge errors.
To approximate yR2k

0 , we map all the values that are not power of two, as well as
the k − 4 smallest powers of two, to their nearest of the 4 largest powers of two or 0.
In this way, the approximate digit ŷR2k

0 takes values from a smaller set that includes
only 4 absolute values plus 0. In addition, the sum of these values is 0, like in the
set of values of yR4

j . We choose to keep only the 4 largest powers of two, so that
the approximate radix-2k encoder requires about double the logic of the (n − k)/2
accurate radix-4 encoders.

Table 4.1 presents the accurate radix-4 encoding. The signal signj indicates the
sign of yR4

j , i.e., it is activated when the digit is negative. The signals ×1j and
×2j regard the magnitude of yR4

j , i.e., they are activated when its magnitude is 1
and 2, respectively. The logic functions of these signals are provided in Eq. (4.4)–
(4.6).

signj = b2j+1 (4.4)

×1j = b2j−1 ⊕ b2j (4.5)

×2j = (b2j+1 ⊕ b2j) · (b2j−1 ⊕ b2j) (4.6)

Table 4.2 presents the approximate radix-2k encoding. The first two columns show
the proposed mapping to create the approximate set of values (yR2k

0 → ŷR2k

0 ). For
example, if the value of yR2k

0 , as originally calculated by Eq. (4.3), belongs in
[2k−5, 2k−4 + 2k−5), it is mapped to 2k−4. Similar to the radix-4 encoding, the
encoding signals are activated to indicate the value of ŷR2k

0 . The logic functions of
the approximate radix-2k encoding signals are provided in Eq. (4.7)–(4.11). We note
that for k = 4, we consider an extra bit b−1 = 0.

sign = bk−1 (4.7)

×2k−4 = (bk−2 · bk−3 · bk−4 + bk−2 · bk−3 · bk−4) · (bk−4 ⊕ bk−5) (4.8)

×2k−3 = bk−1 · bk−2 · (bk−3 · bk−4 · bk−5 + bk−3 · bk−4) +
+ bk−1 · bk−2 · (bk−3 · bk−4 · bk−5 + bk−3 · bk−4) (4.9)

×2k−2 = bk−2 · bk−3 · (bk−1 + bk−4) + bk−2 · bk−3 · (bk−1 + bk−4) (4.10)

×2k−1 = bk−1 · bk−2 · bk−3 + bk−1 · bk−2 · bk−3 (4.11)
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Table 4.1: Accurate radix-4 encoding.

Operand Bits R4 Digit Encoding Signals

b2j+1 b2j b2j−1 yR4
j signj ×2j ×1j

0 0 0 0 0 0 0
0 0 1 1 0 0 1
0 1 0 1 0 0 1
0 1 1 2 0 1 0
1 0 0 −2 1 1 0
1 0 1 −1 1 0 1
1 1 0 −1 1 0 1
1 1 1 0 1 0 0

Table 4.2: Approximate high-radix-2k encoding.

Accurate Digit Approx. Digit Encoding Signals

yR2k

0 ŷR2k

0 sign ×2k−1 ×2k−2 ×2k−3 ×2k−4

[0, 2k−5) 0 0 0 0 0 0
[2k−5, 2k−4 + 2k−5) 2k−4 0 0 0 0 1
[2k−4 + 2k−5, 2k−3 + 2k−4) 2k−3 0 0 0 1 0
[2k−3 + 2k−4, 2k−2 + 2k−3) 2k−2 0 0 1 0 0
[2k−2 + 2k−3, 2k−1) 2k−1 0 1 0 0 0
[−2k−1, −2k−2 − 2k−3) −2k−1 1 1 0 0 0
[−2k−2 − 2k−3, −2k−3 − 2k−4) −2k−2 1 0 1 0 0
[−2k−3 − 2k−4, −2k−4 − 2k−5) −2k−3 1 0 0 1 0
[−2k−4 − 2k−5, −2k−5) −2k−4 1 0 0 0 1
[−2k−5, 0) 0 1 0 0 0 0

Overall, starting from the accurate hybrid encoding of Eq. (4.1)–(4.3), we approxi-
mate the high-radix encoding of the LSBs through the mapping of Table 4.2, and thus,
B is approximately encoded to B̃ as shown in Eq. (4.12)–(4.14).

B̃ =
n/2−1∑
j=k/2

4jyR4
j + ŷR2k

0 (4.12)

where yR4
j ∈ {0, ±1, ±2} (4.13)

and ŷR2k

0 ∈ {0, ±2k−4, ±2k−3, ±2k−2, ±2k−1} (4.14)

Next, we present some examples to show how the proposed hybrid encoding is ap-

68



4.2. Design of Approximate High-Radix Encodings and Multipliers

plied. We consider n = 16, i.e., 16-bit numbers and k = 6, 10, i.e., the LSBs are
encoded with radix-64 and radix-1024, respectively. In the hybrid radix-64 encod-
ing, the bits of B are grouped as shown in Eq. (4.15). Regarding the approx-
imation of the radix-64 encoding, the 4 largest powers of two are ±4, ±8, ±16
and ±32. Thus, we map all the rest values of the original digit yR64

0 to their
nearest value from the set {0, ±4, ±8, ±16, ±32} according to Table 4.2 (for
k = 6).

yR4
6 yR4

4 yR64
0︷ ︸︸ ︷ ︷ ︸︸ ︷ ︷ ︸︸ ︷

b15b14b13b12b11b10b9b8b7b6b5b4b3b2b1b0︸ ︷︷ ︸ ︸ ︷︷ ︸ ︸ ︷︷ ︸
yR4

7 yR4
5 yR4

3

(4.15)

In the hybrid radix-1024 encoding, the bits of B are grouped as shown in Eq. (4.16).
Similarly, the values of the digit yR1024

0 are mapped to {0, ±64, ±128, ±256, ±512}
according to Table 4.2 (for k = 10).

yR4
6 yR1024

0︷ ︸︸ ︷ ︷ ︸︸ ︷
b15b14b13b12b11b10b9b8b7b6b5b4b3b2b1b0︸ ︷︷ ︸ ︸ ︷︷ ︸

yR4
7 yR4

5

(4.16)

For the implementation of the hybrid high-radix encoding, the designer needs only to
use the logic functions of Eq. (4.4)–(4.6) to generate the (n − k)/2 accurate radix-4
encoders, as well as the logic functions of Eq. (4.7)–(4.11) to generate the single
approximate radix-2k encoder. We note that an important feature of this encoding is
that the logic resources of the approximate radix-2k encoder are fixed and independent
of k.

4.2.2. RAD: Approximate High-Radix Multiplier

In this section, we present how the proposed hybrid encoding can be used to design
approximate high-radix multipliers. We consider the notation RAD2k for the multi-
plier that implements the hybrid high-radix-2k encoding. Let A · B be the accurate
multiplication of two n-bit 2’s-complement numbers. We encode the multiplicand B

with the proposed approximate high-radix encoding and perform the approximate
multiplication A · B̃.

The approximate architecture of the RAD2k multiplier is illustrated in Figure 4.1.
It consists of three stages: operand encoding, partial product generation and partial
product accumulation. In the first stage, B is encoded as discussed in the previous
section. The second stage inputs A and the encoding signals of B̃, and it generates
(n − k)/2 accurate partial products based on the radix-4 encoding (digits yR4

j ) and
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Figure 4.1: The architecture of the RAD2k multiplier that is based on the approximate hybrid
high-radix encoding.

Table 4.3: Partial products generated by the radix encodings (k = 6, 8, 10).

Encoding Partial Products

Radix-4 0, ±A, ±2A

Radix-64 0, ±4A, ±8A, ±16A, ±32A

Radix-256 0, ±16A, ±32A, ±64A, ±128A

Radix-1024 0, ±64A, ±128A, ±256A, ±512A

1 approximate partial product based on the radix-2k encoding (digit ŷR2k

0 ). The
approximate partial product practically substitutes the k/2 least significant partial
products of the accurate radix-4 multiplier. Namely, we achieve a reduction of k/2−1
partial products, as the accurate radix-4 multiplier generates n/2 partial products,
while the proposed one generates (n − k)/2 + 1. Table 4.3 summarizes the partial
products that can be generated by the accurate radix-4 encoding and the approxi-
mate radix-2k encodings (k = 6, 8, 10). All the possible partial products express the
multiplication of A with the encoded digits of B, which take the values discussed
in the previous section. In the last stage, the partial products are accumulated to
form the final approximate product. We note that the accumulation stage is orthog-
onal to the approximate encoding and partial product generation. Therefore, the
designer can choose any method for the accumulation, either accurate or approxi-
mate.

The circuit of the i-bit partial product generator based on radix-4 encoding is the
one discussed in Chapter 3 and illustrated in Figure 3.2c. It inputs the signals signj ,
×1j , ×2j and the bits of A, and it calculates the partial product bits. In Figure 4.2,
we illustrate the i-bit partial product generators based on the approximate radix-64,
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Figure 4.2: Approximate i-bit partial product generators based on the high-radix encodings: (a)
radix-64 (k = 6), (b) radix-256 (k = 8), (c) radix-1024 (k = 10).
Notations: ai: i-bit of A, ai = sj ⊕ ai

radix-256, and radix-1024 encodings. As shown, similar to the encoders, the area of
the partial product generator for 1 bit is fixed and independent of the encoding (i.e.,
the value of k).

Figure 4.3 illustrates the partial product matrices of the 16-bit approximate multi-
pliers for k = 6, 8, 10. The matrices also include constant and corrections terms, as
those discussed in Section 3.3. As shown, each increment of the k parameter omits an
accurate radix-4 partial product, which is encoded in the larger approximate radix-2k

partial product. The bit-width of each accurate partial product is n + 1, i.e., there
are n generated partial product bits (black circles) plus the inverted MSB of the par-
tial product (gray circle). Correspondingly, the bit-width of the approximate partial
product is n + k − 1.

4.3. Evaluation

In this section, we evaluate our approximate high-radix multipliers. Firstly, we report
a theoretical analysis on the resources of our approximate designs, then we examine
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Figure 4.3: Partial product matrices of the 16-bit approximate multipliers using the accurate radix-4
and an approximate high-radix-2k encoding: (a) radix-64 (k = 6), (b) radix-256 (k = 8), (c) radix-
1024 (k = 10).
Symbols: : partial product bits from radix-4 : partial product bits from radix-2k , : inverted
partial product MSBs , : correction terms

the error introduced by the approximations, and finally, we attach experimental re-
sults including comparisons with state-of-the-art multipliers.

4.3.1. Theoretical Analysis

The advantage of the RAD2k multipliers is their decreased logic compared to the
accurate radix-4 multiplier (labeled as ACCR4), which results in faster operation
and area/power gains. RAD2k generates a larger least significant partial product,
however, this product substitutes k/2 radix-4 partial products, and also, the corre-
sponding circuits for its generation do not impose significant overheads. To provide a
theoretical evaluation, we employ the unit gate model used in [239]: the AND-2/OR-2
gate is equal to 1 unit gate, the NOT gate is equal to 0.5 unit gate, the XOR-2 gate
counts as 2 unit gates, and the unit gates of the full adder and half adder are 7 and 3,
respectively. Based on this model, Table 4.4 reports the unit gates of each component
used in the RAD2k multipliers.

For the partial product generation, ACCR4 uses n/2 radix-4 encoders and (n/2)× n

radix-4 partial product generators to produce the n/2 n-bit partial products. Cor-
respondingly, RAD2k employs (n− k)/2 radix-4 encoders, 1 radix-2k encoder, ((n−
k)/2)× n radix-4 partial product generators, and n + k − 2 radix-2k partial product
generators. For the partial product accumulation, we choose the Wallace tree and
a final fast adder, like in the design of Chapter 3. ACCR4 accumulates n/2 + 1
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Table 4.4: Unit gates per component of RAD-2k multipliers.

Component Reference Unit Gates

Radix-4 Encoder Eq. (4.4)–(4.6) 5.5
Radix-2k Encoder Eq. (4.7)–(4.11) 41.5
Radix-4 PP Generator Fig. 3.2c 5
Radix-2k PP Generator Fig. 4.2 9

Table 4.5: Unit gates of 16-bit RAD2k multipliers (k = 6, 8, 10).

Multiplier Stage ACCR4 RAD64 RAD256 RAD1024

Radix-4 Encoding 44 25 20 15
Radix-2k Encoding − 41.5 41.5 41.5
Radix-4 PP Generation 640 400 320 240
Radix-2k PP Generation − 180 198 216
PP Accumulation 784 560 448 336
Final Addition 400 400 400 400
Total Unit Gates 1868 1606.5 1427.5 1248.5
Reduction − 14% 24% 33%

operands, i.e., n/2 partial products and 1 operand with the correction and con-
stant terms, while RAD2k accumulates (n − k)/2 + 2 operands. Considering the
logic required for the multi-operand accumulation of n-bit numbers in carry-save
form [238], as well as our analysis in Section 3.4, ACCR4 requires 7n(n − 2)/2 unit
gates, while RAD2k requires 7n(n− k)/2 unit gates. Finally, regarding the final 2n-
bit fast addition, which is performed in both ACCR4 and RAD2k, it requires 2n half
adders, n log2 2n propagate group circuits (each one is 3 unit gates), and 2n XOR-2
gates.

Based on the above analysis, Table 4.5 includes the per-stage and total number of
unit gates for ACCR4 and RAD2k (k = 6, 8, 10). As shown, even though the entire
encoding component of the RAD2k multipliers has ∼1.5× more unit gates than the
encoder of ACCR, their partial product generation and accumulation requires less
resources than that of ACCR. More specifically, the RAD2k partial product generation
and accumulation are up to 29% and 57% better, respectively. In total, the logic
reduction achieved by RAD2k is up to 33%. We note that the unit gate model is a
simplified model (e.g., it does not take into account the interconnections complexity),
and it only gives a rough estimation for the area reduction. The exact resource gains
are presented in Section 4.3.3.
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4.3.2. Error Analysis

The quality of the results calculated by approximate circuits is of utmost impor-
tance, thus, the analysis of the errors induced by the approximations constitutes a
separate object of study. In this context, we evaluate the accuracy of the RAD2k

multipliers based on the execution of their software models emulating the logic-level
approximations. Because our approximations can be emulated at software level, we
can provide fast and accurate error analysis. This is an important feature of our
approximate designs, eliminating the need for time-consuming hardware simulations
to obtain the approximate results. In our analysis, we employ error metrics that are
widely used in the field of Approximate Computing [149,151,257]. These metrics aim
to evaluate the significance and the frequency of the errors in approximate arithmetic
circuits.

To evaluate the mean error of our designs, we calculate the Mean Relative Error
Distance (MRED), which is the average of the Relative Error Distance (RED) values
for a set of inputs. RED refers to the arithmetic difference between the accurate and
the approximate result, divided by the accurate result. In our case, let A · B be the
accurate multiplication and A·B̃ be the approximate multiplication (calculated by the
RAD2k multipliers). B is accurately encoded as in Eq. (4.1) and B̃ is approximately
encoded as in Eq. (4.12). Considering these encodings, the RED of the multiplication
is calculated by Eq. (4.17).

REDAB = |A ·B −A · B̃|
|A ·B|

= |B − B̃|
|B|

= |yR2k

0 − ŷR2k

0 |∣∣∣∣n/2−1∑
j=k/2

4jyR4
j + yR2k

0

∣∣∣∣
= REDB (4.17)

Hence, the RED of the RAD2k multipliers depends only on B, i.e., REDAB = REDB .
Let pA and pB be the Probability Density Functions (PDFs) of A and B, respectively.
In this case, MRED is calculated by Eq. (4.18).

MRED =
∑
∀A,B

pA(A) · pB(B) · REDAB =
∑
∀A

pA(A) ·
∑
∀B

pB(B) · REDB =

=
∑
∀B

pB(B) · REDB =
∑
∀B

pB(B) · |yR2k

0 − ŷR2k

0 |∣∣∣∣n/2−1∑
j=k/2

4jyR4
j + yR2k

0

∣∣∣∣
(4.18)
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Therefore, the MRED of the RAD2k multipliers for a set of input pairs {A, B} can
be calculated using only the values of B and their PDF values (e.g., for uniform input
distribution: pB(B) = 1/2n).

The possibility of RED > M% (PREDM ) is another widely used error metric [149,
151]. More specifically, this metric is defined as shown in Eq. (4.19).

PREDM = p(REDAB ≥M%) = #A ·B|REDAB≥M%

#A ·B
(4.19)

In our error analysis, we consider 16-bit multiplication. In Figure 4.4a, we illustrate
the PDFs of RED for the RAD64 multiplier. RAD256 and RAD1024 deliver a similar
curve, proving that the probability of having small RED is high. In Figures 4.4b–4.4d,
we plot the RED distribution for RAD2k (k = 6, 8, 10) with respect to the encoded
operand B. As shown, the error follows a Gaussian distribution with bounds for
maximum error, i.e., the error is large only for a small near-zero interval. For the
rest values of B (either positive or negative), RED ∈ [0%, 1%]. In particular, RAD64
exhibits RED larger than 10% only if B ∈ [−100, 100]. The respective intervals for
RAD256 and RAD1024 are [−400, 400] and [−1500, 1500]. These intervals represent
a very small fraction of all the possible values of B for 16-bit arithmetic. As a
result, PRED10 is 0.001%, 0.004%, and 0.02% for RAD64, RAD256, and RAD1024,
respectively.

Overall, the proposed 16-bit RAD2k multipliers introduce small errors for the ma-
jority of the multiplications. Even RAD1024, which applies the most aggressive
approximations, features a MRED of 0.93%, while its PRED2 and PRED10 are
6.74% and 0.02%, respectively. We note that the accuracy loss of approximate
designs should be examined along with the respective gains in resources. Thus,
our analysis in the next section examines the trade-off between accuracy and re-
sources.

An advantage of the RAD2k multipliers compared to other state-of-the-art designs is
that their error, as shown in Eq. (4.17), depends only on the operand that is encoded
(B). This feature enables the fast calculation of the RED-based error metrics. In case
RED was a function of both A and B, its calculation would require to use a larger
input dataset (to cover different pair combinations) and also execute the approximate
multiplication.

4.3.3. Experimental Results

This section includes the evaluation of the RAD2k multipliers in terms of resources
(delay, area, power and energy). It also examines the accuracy of the approximate
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Figure 4.4: (a) Probability density function of RED for RAD64. The RED distribution with
respect to the values of B for (b) RAD64, (c) RAD256, and (c) RAD1024.

designs in parallel with the provided resource gains. The evaluation consists of two
stages, i.e., the comparison of RAD2k with state-of-the-art approximate multipliers
and the exploration of RAD2k’s bit-width scaling.

The designs are implemented in Verilog, synthesized with Synopsys Design Compiler
and the TSMC 65-nm standard-cell library, and simulated with Mentor Graphics
QuestaSim. Both synthesis and simulation are performed at 1V, i.e., the nominal
supply voltage. The critical path delay and the area of the circuits are reported by
Synopsys Design Compiler, while the power consumption is measured with Synopsys
PrimeTime. Energy is defined as the product of power and delay. Moreover, we
define the gain of the approximate design as the relative resource reduction from the
accurate design.

Comparative State-of-the-Art Evaluation

For comparison, we implement the accurate radix-4 (ACCR4) and radix-8 (ACCR8)
multipliers, as well as relevant state-of-the-art approximate multipliers [142,149,151].
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R8ABM1 and R8ABM2-15 [151] employ the radix-8 encoding and calculate the prod-
uct 3A with an adder operating approximately for the 8 LSBs. R8ABM2-15 extends
the approximation by truncating the 15 LSBs of the partial products. R4ABM1-14,
R4ABM1-16, R4ABM2-14, and R4ABM2-16 [149] use the accurate radix-4 encoder
for producing the MSBs of the partial product matrix and an approximate radix-4 en-
coder for the 14/16 LSBs. The difference between R4ABM1 and R4ABM2 is that the
latter design performs more aggressive approximations. For the radix multipliers of
[151] and [149], the partial product accumulation is performed accurately with a Wal-
lace tree and a fast adder, like in RAD2k. Finally, we implement DRUM6 [142], which
selects a 6-bit segment, starting from the leading non-zero bit of the input operands,
and sets the LSB of the truncated values to ‘1’.

Table 4.6 presents the results from the synthesis of the multipliers for 16-bit input
operands. The circuits are configured to operate at their critical path delay, i.e.,
at maximum frequency. We note that Table 4.6 also reports error metrics (MRED
and PRED2), which have been obtained by performing simulations over all the pos-
sible input combinations. At first, we notice the inefficiency of ACCR8 compared to
ACCR4, which proves that the conventional accurate high-radix encodings impose
significant overheads. Next, we compare the accuracy and the hardware efficiency of
the examined multipliers.

RAD64 gives the best MRED among all the designs, as approximations are performed
only in the 6 LSBs of B. In addition, the approximated values have small absolute
distance from the accurate ones. In R4ABM1-14, a very small error is introduced,
considering that only four entries of the radix-4 encoder’s K-Map are modified [149],
while R8ABM1 has a small MRED because the approximate adder that calculates 3A

involves both accurate and approximate parts. However, the errors of R8ABM1 are
of greater significance, namely there are large absolute distances from the accurate
results. In R8ABM2-15, the error does not increase significantly, although the 15 LSBs
of the partial products are truncated. This is due to the correction ‘1’ added to the 17-
th bit that compensates the error generated by the truncated lower part [151]. Finally,
DRUM6 delivers the worst MRED among all the multipliers with 1.47%, although its
error distribution is bounded. Our RAD2k multipliers deliver MRED smaller than
1% as standalone circuits, meaning that they can be used in real-world applications
that tolerate mean errors of 5% or 10% [258].

DRUM6 has the worst critical path delay, as it initially calculates the absolute value
of the products [142], while our designs RAD64, RAD256, and RAD1024 are the
fastest circuits, with delays of 0.72ns, 0.69ns, and 0.65ns, respectively. Regarding
energy, R8ABM1 delivers the worst consumption among all the multipliers, as it may
use an approximate adder to calculate 3A, but it contains a 7-bit precise adder to
avoid very large errors [151]. The energy is improved in R8ABM2-15 due to the
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Table 4.6: Experimental results of the 16-bit approximate multipliers on TSMC 65-nm standard-
cell.

Design Delay Power Area Energy MRED PRED2
(ns) (�W) (�m2) (�W·ns) (%) (%)

ACCR4 0.75 4998 4153 3749 − −
ACCR8 0.80 5343 4639 4274 − −
RAD64 0.72 4497 3489 3238 0.08 0.42
RAD256 0.69 3493 2769 2410 0.28 1.69
RAD1024 0.65 3422 2624 2224 0.93 6.74
R8ABM1 [151] 0.77 5058 4210 3895 0.15 1.05
R8ABM2-15 [151] 0.74 3377 2926 2499 0.61 2.70
R4ABM1-14 [149] 0.74 4676 3958 3460 0.12 0.41
R4ABM1-16 [149] 0.73 4447 3725 3246 0.49 1.49
R4ABM2-14 [149] 0.73 4648 3732 3393 0.24 0.68
R4ABM2-16 [149] 0.72 4307 3467 3101 1.18 2.50
DRUM6 [142] 1.07 2148 3993 2298 1.47 28.85

truncated partial product bits. However, as our multipliers feature small MRED, the
truncation technique can also be applied to them to provide even better resource gains.
The radix-4 multipliers of [149] exhibit similar results, with R4ABM2-16 delivering the
best area and energy gains from their design family. RAD1024 features the best energy
consumption, with DRUM6 being second. However, the latter delivers significantly
larger MRED than all the other multipliers. The same applies to its PRED2, which is
increased (28.85%), while the other multipliers have PRED2 smaller than 3% (apart
from RAD1024 that has PRED2 equal to 6.74%).

Figure 4.5 illustrates the scatter plot of the examined multipliers for MRED and en-
ergy consumption. The purpose of this plot is to highlight the most prominent designs
when considering both error and energy consumption. As shown, the Pareto Front is
formed exclusively by RAD2k multipliers. Namely, RAD2k constitute the most effi-
cient approximate multiplier alternatives compared to all the examined state-of-the-
art approximate multipliers, as they exhibit the best energy–MRED trade-off. RAD64
attains the smallest MRED value and should be preferred when error is of high im-
portance, while RAD1024 delivers the highest energy reduction. Finally, RAD256 fea-
tures significant energy reduction for a very small error value.

Next, we evaluate the RAD2k multipliers by exploring the energy and area gains
compared to the accurate radix-4 multiplier. The main target of Approximate Com-
puting is to trade accuracy for energy gains, i.e., generate good enough results at
comparable performance and lower energy consumption. Thus, in this evaluation,
we leverage the delay slack between the RAD2k multipliers and the accurate one,
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Figure 4.6: Area and energy gains of RAD2k compared to the accurate radix-4 multiplier.

and targeting energy efficiency, we synthesize and simulate the RAD2k designs at
the critical path delay of ACCR4. Figure 4.6 reports the delivered gains of RAD2k

multipliers compared to ACCR4, when they operate at the same frequency. Remark-
able reduction in area and energy is attained by the RAD2k multipliers, and it is
shown that the gains become larger when using higher radix encoding, because less
partial products are generated. In these designs, the number of the partial products
is reduced from 8 to 6, 5 and 4, and thus, the area and the depth of the accumulation
tree is reduced by up to 50%. As expected, RAD1024 delivers the largest gains (56%
in energy consumption and 55% in area).

The presented analysis regards fixed-point arithmetic, but it can be also extended
for floating-point multiplication. In the latter case, the proposed RAD2k multipli-
ers can replace the fixed-point multiplication of the mantissas, which is executed in
floating-point multiplication. Considering that the error of RAD2k is very small, it
will affect only the mantissa’s accuracy, whereas the exponent value (calculated by
an accurate adder) will remain the same as in the accurate floating-point multipli-
cation. Therefore, similar error values are expected in RAD2k-based floating-point
multiplication. In terms of energy gains, they depend on the floating-point repre-
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Figure 4.7: Energy and delay gains of RAD2k for scaled bit-width and MRED = 0.28% (error
constraint).

sentation. For higher floating-point precision, similar or even larger energy gains are
expected.

Evaluation of Bit-width Scaling

Finally, we examine the efficiency of RAD2k when increasing the multiplier’s bit-
width, i.e., to 24 and 32 bits. We consider ACCR4 as the baseline design and
an MRED of 0.28% as a quality constraint that should be satisfied. We select
0.28% as error constraint because it is the MRED of the 16-bit RAD256 multiplier,
which is the most efficient design when taking into account both the provided en-
ergy gains and the error values. Namely, as shown in Figure 4.5, RAD256 attains
a very efficient energy-error trade-off, i.e., significant error reduction for very small
error.

Figure 4.7 presents the scaling of the gains in delay and energy with respect to the
multiplier’s size. For the 16-bit arithmetic, we implement the high-radix-28 multiplier
(RAD256), while for 24-bit and 32-bit arithmetic, we implement the high-radix-216

and high-radix-224 multipliers, respectively, in order to deliver the same MRED of
0.28%. The reductions in energy consumption and delay scale up to 64% and 22%,
respectively, while the quality constraint is satisfied. Thus, the results show that
as the multiplier’s size increases, the proposed hybrid high-radix encoding achieves
larger gains in critical path delay and energy consumption for the same error. The
scaling behavior is theoretically confirmed, as the RAD2k designs of Figure 4.7 have
an MRED of 0.28%, while generating 37%, 58%, and 60% less partial products for 16,
24, and 32 bits, respectively. More specifically, each one generates 5 partial products
in total (1 approximate and 4 accurate). In contrast, ACCR4 generates 8, 12, and 16
partial products, respectively.
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4.4. Conclusion

In this chapter, we introduced an approximate hybrid high-radix encoding for gen-
erating the partial products of a signed multiplier. The most significant bits of the
multiplicand are encoded with the accurate radix-4 encoding, while its k least signifi-
cant bits are encoded with an approximate high-radix-2k encoding. The parameter k

determines the approximate high-radix encoding, and thus the approximation degree,
and it can be tuned to provide the desired trade-off between accuracy and resources.
Our approximation approach maps all the high-radix values to a set including only
the 4 largest powers of two. Therefore, it surpasses the bottlenecks of the conventional
high-radix encodings, which provide partial product reduction, however, they suffer
from increased encoding logic. The error of the RAD2k multipliers follows a Gaus-
sian distribution with near-zero average. The mean relative error of our designs lies
in the range 0.08%–0.93%, and also, it depends only on the approximately encoded
operand, allowing the fast calculation of the error metrics and eliminating the need
for exhaustive circuit simulations. In terms of resource savings, our designs achieve
up to 56% energy and 55% area gains compared to the accurate radix-4 multiplier,
when operating at the same frequency. Compared to state-of-the-art approximate
multipliers, RAD2k constitute better approximate design alternative, as they form
the Pareto front in our analysis involving energy and error. Finally, our approxi-
mation technique is scalable, delivering larger resource gains as the multiplier’s size
increases, while keeping the error constant. More specifically, for 32-bit multiplica-
tion, the gains reach to 64% and 22% in energy and delay, respectively, while the
mean relative error is retained at 0.28%.
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Chapter 5

Dynamic Approximation:
Runtime-Configurable Arithmetic Circuits

The challenging deployment of Digital Signal Processing (DSP) and Artificial In-
telligence (AI) algorithms pushes the community to examine alternative design ap-
proaches, such as Approximate Computing. This novel design paradigm provides
valuable resource gains by exploiting the error tolerance of the DSP/AI applications.
Nevertheless, approximate designs with fixed approximation configuration provide lim-
ited flexibility and cannot accommodate different workloads or tune the quality of the
results with respect to the given accuracy and energy constraints. As a result, there is
a growing need for approximate circuits and systems that support multiple approxima-
tion configurations and can seamlessly change among them at runtime. In this context,
we design runtime-configurable approximate multipliers for integer/fixed-point and
floating-point arithmetic. We employ two orthogonal approximation techniques, i.e.,
partial product perforation and partial product rounding, to enlarge the approximation
space, and we provide a low-overhead configuration scheme for tuning the approxima-
tion at runtime. The evaluation is performed for both the design-time (static) and
runtime (dynamic) approximate variants, and it involves an in-depth error analysis
and diverse experimental results. The error analysis shows that our designs feature
slow error scaling with multiple values, which allows them to satisfy various accuracy
constraints. According to the experimental results, the design-time variants outper-
form all the examined state-of-the-art multipliers, considering either error or resource
gains as target. The runtime variants provide negligible area overhead (e.g., 4% and
2% for half and single floating-point precision, respectively) and smaller energy gains,
however, they still deliver remarkable gains versus the accurate multiplier and other
state-of-the-art design-time multipliers. In more detail, the fixed-point runtime vari-
ant consumes only up to 1 .2× and 1 .7× more energy than its design-time variant
for low-strength and more aggressive approximation, respectively. Correspondingly,
the floating-point runtime variant provides ∼1 .4× and ∼1 .6× less energy gains in
half and single precision, respectively.
This chapter is based on our publications in [144,145].
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5.1. Introduction

The proliferation of compute-intensive workloads from domains such as Digital Signal
Processing (DSP) and Artificial Intelligence (AI) is changing the landscape in both
cloud and embedded computing. The efficient deployment of DSP/AI applications
is a first-class concern due to their increased computational and memory demands,
as well as the resource constraints imposed by the computing systems (e.g., specific
energy budget or limited number of available processing units). For this reason,
the research community explores new design alternatives towards power-efficient and
high-performance computing.

One of the most attractive and well-established solutions is the emerging paradigm
of Approximate Computing [16, 17, 19], which exploits the inherent approximate na-
ture and error resilience of the DSP/AI applications [29, 240]. This design approach
trades accuracy loss for resource gains, e.g., in power, area, or throughput. In par-
ticular, errors are inserted in the computations based on a systematic and disciplined
approach, which aims to provide resource gains while retaining the quality of the
results at acceptable levels. Approximation techniques are applied at all layers of
the computing pyramid, i.e., from algorithms to software and down to circuits and
transistors.

The increased diversity of the real-world error-resilient applications demands flexible
approximate designs that offer various approximation configurations. More explic-
itly, the approximate system/circuit/architecture needs to be capable of adjusting
the approximation degree in order to satisfy the end-to-end application-specific accu-
racy, while providing the desired performance within the constrained power envelope.
Even for the same application, different input distributions may require a new approx-
imation configuration to provide the acceptable quality of results (e.g., consider an
approximate video processor that inputs frames with different content). As a result,
there is a growing need for approximate designs that can: (i) provide multiple ap-
proximation configurations (namely different levels of accuracy), and (ii) dynamically
configure their approximation degree, either offline (e.g., before starting the execu-
tion of a new application) or at runtime, with respect to the given accuracy/power
constraints.

In this chapter, motivated by the demand for dynamic approximation configuration,
we target the arithmetic circuits and design approximate multipliers that can config-
ure their approximation degree at runtime. Contrary to the RAD2k circuits of Chapter
3, which are configured at design-time to implement a fixed (frozen) approximation,
the designs of this chapter provide a larger approximation space and seamless dynamic
configuration. The proposed family of runtime-configurable approximate multipliers
can be integrated in processors and custom hardware accelerators that need to tune
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the approximation degree. We note that we neither examine which approximation
configuration should be selected nor we apply automatic approximation tuning. Our
goal is to implement circuits that can change approximation on an efficient way (with-
out significant area overhead and timing penalties).

Additionally, compared to Chapter 3 and Chapter 4, we examine floating-point arith-
metic, i.e., we design both runtime-configurable fixed- and floating-point multipli-
ers. Arithmetic computations impose a trade-off in range, precision, and hardware
resources. Range is the capability of representing small/large numbers, while pre-
cision is the differentiation between nearby values. Fixed-point arithmetic delivers
hardware-friendly designs, but it sacrifices range and offers limited precision. On the
other hand, floating-point arithmetic provides a larger range of values and higher
precision for the same word-length, but it suffers from increased hardware cost. Fur-
thermore, the floating-point format offers a simplified programming model, contrary
to fixed-point, which needs to compensate for the quantization noise. Below, we dis-
cuss the significance of the floating-point arithmetic and analyze what pushed us to
design floating-point multipliers.

Numerous compute-intensive algorithms use a wide range of values and require high
precision. Therefore, floating-point arithmetic is favored in applications from do-
mains such as DSP, computer graphics, scientific computing, and speech recognition,
which handle real numbers and produce results with unpredictable range. However,
the increased hardware cost of floating-point calculations results in using fixed-point
arithmetic or alternative data formats that are more hardware-efficient, but they do
not provide the benefits of floating-point. For this reason, there is also limited in-
tegration of Floating-Point Units (FPUs) in embedded devices, e.g., the commercial
Field-Programmable Gate Arrays (FPGAs) do not have hardwired FPU blocks [259].
The power inefficiency of FPUs is also proven by a recent study on Graphics Process-
ing Units (GPUs) [260]. This study revealed that the portion of the power consumed
for arithmetic operations in compute-intensive benchmarks reaches more than the
70% of the total power, with the FPU being the most power-hungry unit. Specifi-
cally for floating-point multiplication, it is widely used in operations such as convo-
lution, matrix multiplication, and Fourier transform, and thus, its efficiency inher-
ently affects the entire application. Recent studies on general OpenCL applications
from the AMD APP SDK showed that over 85% of the floating-point arithmetic in-
volved multiplication [261]. Although floating-point multipliers are more expensive
in power and area, they have received less research attention than their fixed-point
counterparts for disciplined approximations [142, 143, 146, 149, 150, 154, 155, 250, 253,
254,262].

Regarding the technical details of our work, we employ two orthogonal approximation
techniques, i.e., partial product perforation and partial product rounding. The first
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technique perforates entire partial products, while the second technique rounds them
to a smaller bit-width. These two techniques are applied in collaboration to generate
a large approximation space, satisfying the requirement for multiple approximation
configurations and varying levels of accuracy. More specifically, at first, we discard
partial products starting from the least significant, and then, we apply rounding to
the remaining ones. Besides offering a large approximation space, we select these
two techniques because their configuration is associated with the input operands, and
thus, we can easily change it at runtime with negligible area overhead. This overhead
is 2n AND gates and two n-bit control signals (one per operand), where n is the
operand bit-width. The approximation configuration is determined by simply setting
the bits of the control signals to either ‘1’ or ‘0’.

The contribution of this chapter is summarized as follows:

(i) We highlight the significance of dynamic approximation configuration and inte-
grate this attractive feature in the design of approximate multipliers.

(ii) We extend our approximation techniques to floating-point arithmetic, which
imposes increased hardware cost compared to integer/fixed-point arithmetic.

(iii) We combine two orthogonal approximation techniques to generate a large ap-
proximation space, which can accommodate numerous accuracy constraints and
explore the accuracy–energy trade-off to provide the most efficient solution.

(iv) We introduce a low-overhead dynamic configuration scheme for adjusting the
approximation degree at runtime.

(v) We show that the proposed solution outperforms related state-of-the-art designs
in both fixed- and floating-point arithmetic, providing remarkable area and
energy gains for comparable error values and slow error scaling.

The remainder of this chapter is organized as follows. Section 5.2 introduces the
proposed approximation techniques and the design-time and runtime variants of our
approximate fixed- and floating-point multipliers. Section 5.3 includes the evalua-
tion of the proposed designs, including error analysis and comparative experimental
results. Finally, Section 5.4 draws the conclusions.

5.2. Design of Runtime-Configurable Approximate
Multipliers

To facilitate the dynamic configuration of the approximation degree, we target to
approximate partial product generation, i.e., the multiplication stage that is as-
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sociated with the input operands. Moreover, to provide multiple approximation
configurations, we employ two orthogonal approximation techniques, namely, the
partial product perforation and the partial product rounding. The approximation
degree of each technique is tuned independently and can be easily tailored to sat-
isfy various design constraints, e.g., maximum error bound or specific power budget.
Regarding the multiplication scheme, we select the radix-4 encoding for generat-
ing the partial products, as it outperforms other well-established algorithms [226].
Firstly, we present our approximate design for integer/fixed-point arithmetic, which
is also the main approximate component of our floating-point unit. Subsequently,
we present the extension of our design to support dynamic approximation configura-
tion.

5.2.1. AxFXU: Approximate Fixed-Point Multiplier

Let A = 〈an−1an−2 · · · a0〉2’s and B = 〈bn−1bn−2 · · · b0〉2’s be two n-bit 2’s-complement
numbers. The accurate radix-4 multiplication A×B is performed by generating and
accumulating n/2 partial products. The application of partial product perforation
omits the generation of P successive partial products, starting from the least signif-
icant ones. Afterwards, partial product rounding is applied to round the remaining
partial products to a smaller bit-width, i.e., it truncates their R − 1 Least Signif-
icant Bits (LSBs) and add their (R − 1)-th bit to the most significant part. We
name this family of approximate circuits as AxFXU|P,R, which denotes approximate
fixed-point multiplication with P and R configuration of perforation and rounding,
respectively.

Using the accurate radix-4 encoding for B, as presented in Chapter 4, the approximate
multiplication in AxFXU is performed as shown in Eq. (5.1).

A×B|P,R =
n/2−1∑
j=P

4jP̃P j =
n/2−1∑
j=P

4jAR · yR4
j (5.1)

where P ∈ [0, n/2− 1), R ∈ [0, n− 1) (5.2)

yR4
j = −2b2j+1 + b2j + b2j−1 =⇒ yR4

j ∈ {0,±1,±2} (5.3)

AR = 〈an−1an−2 · · · aR〉2’s + aR−1 (5.4)

Therefore, the final approximate product of AxFXU is calculated by accumulating
the n/2 − P most significant rounded partial products P̃P j . The application of the
two approximation techniques is independent, as illustrated in Figure 5.1. As shown,
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Partial Product 

Perforation

Partial Product 

Rounding

Figure 5.1: Approximate partial product matrix that is generated using partial product perforation
(P = 2) and rounding (R = 4).
Symbols: : perforated bits : truncated bits : bits added to the remaining words for rounding
: accurately generated (remaining) bits

the partial product matrix is reduced vertically by perforation and horizontally by
rounding.

The partial product generation technique removes P radix-4 encoders and P ×n 1-bit
partial product generators from the accurate multiplier (see Section 4.2 of Chapter 4).
These components are required to implement the perforated partial product bits (red
rectangles in Figure 5.1). To improve the efficiency of rounding and avoid possible
penalties due to the addition of aR−1 (blue rhombuses in Figure 5.1), we adopt our
bit-level manipulations for DLSB arithmetic (see Section 3.4 of Chapter 3), assuming
a0+ = aR−1. As a result, the remaining partial product bits are generated like in the
accurate multiplier, and only one XOR gate is added in the calculation of each correc-
tion term, i.e., signj ⊕ aR−1 is used instead of signj .

5.2.2. AxFPU: Approximate Floating-Point Multiplier

Next, we introduce the family of our approximate floating-point multipliers, which are
named AxFPU|P,R. This design makes use of AxFXU for multiplying the mantissas,
it employs the logic of the conventional floating-point multiplier for the rest opera-
tions (e.g., exponent addition), and also, it integrates some extra functionalities to
handle the approximations. Before introducing AxFPU, we make a brief introduction
in floating-point arithmetic and the representation of the floating-point data. This
information is required to understand the design of the floating-point multiplier, but
mainly, we include it as background to the error analysis of AxFPU.

The Floating-Point Arithmetic

Floating-point arithmetic performs a systematic approximate mapping of the real
arithmetic. More specifically, the floating-point format is an established encoding
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for representing a finite subset of the continuum of real numbers. A floating-point
datum can be a finite non-zero number, a signed zero (±0), a signed infinity (±∞),
or a Not-a-Number (NaN).

In base (radix) b ≥ 2, the finite non-zero numbers and the signed zero are represented
approximately with a fixed number of significant digits (called mantissa), and they are
scaled by raising the base to an integer (called exponent). In addition, they include
a sign that indicates if they are positive or negative. These three parameters are
defined in more detail as follows:

• the sign is ‘0’ (positive) or ‘1’ (negative).
• the exponent is any integer that belongs in the interval [emin, emax], where

emin = 1− emax.
• the mantissa is any number that belongs in the interval [0, b), and it is repre-

sented as 〈d0 · d1d2 . . . dm−1〉, where 0 ≤ di < b.

The smallest normal floating-point magnitude is bemin . All the non-zero floating-
point numbers with magnitude less than bemin are called subnormal, because they lie
between zero and the smallest normal magnitude.

The IEEE-754 standard [263] defines various encodings for the binary floating-point
format (b = 2). The most widely used binary formats are presented in the left side
of Table 5.1. The Most Significant Bit (MSB) of a floating-point datum is the sign
(S). The exponent is encoded using an offset, referred as exponent bias in the IEEE-
754 standard, which is equal to emax. Therefore, the biased exponent E is equal to
e + emax, where e is the true exponent, and it is stored as a w-bit unsigned integer.
Regarding the mantissa, its leading bit (d0) is implicitly encoded with the biased
exponent. Thus, only m − 1 bits of mantissa are stored, i.e., M = 〈d1d2 . . . dm−1〉,
even though the total precision is m bits.

In case the biased exponent E belongs in the interval [1, 2w − 2], the floating-point
datum represents the normal value of Eq. (5.5).

(−1)S · 2E−emax ·

(
1 +

m−1∑
i=1

2−idi

)
(5.5)

In case the biased exponent E is zero and the mantissa M is non-zero, the floating-
point datum is a subnormal value. Additionally, special numbers (±0, ±∞, NaN) are
defined depending on the values of exponent and mantissa. All the possible floating-
point data types are summarized in the right side of Table 5.1.
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Table 5.1: The IEEE floating-point formats and data types [263].

Format Properties
Precision

Half Single Double

Total Bits 16 32 64
- Sign Bit 1 1 1
- Exponent Bit (w) 5 8 11
- Mantissa Bits (m− 1) 10 23 52
Exponent Bias (emax) 15 127 1023

Datum Type
Case

Exponent Mantissa

Normal ∈ [1, 2w − 2] don’t care
Subnormal = 0 6= 0
±0 = 0 = 0
NaN = 2w − 1 6= 0
±∞ = 2w − 1 = 0

Design of Accurate Architecture

Before introducing AxFPU, we present the baseline accurate floating-point multipli-
cation architecture. Let Af and Bf be two n-bit floating-point normal numbers. The
product Af ×Bf is calculated by Eq. (5.6).

Af ×Bf = (−1)(SA+SB) ·2(EA+EB−2emax) ·

(
1 +

m−1∑
i=1

2−iai

)
︸ ︷︷ ︸

A=1.MA

·

(
1 +

m−1∑
i=1

2−ibi

)
︸ ︷︷ ︸

B=1.MB

(5.6)

The above multiplication is performed in the following basic steps: (i) calculation of
the result’s sign, (ii) addition of the exponents, (iii) multiplication of the mantissas,
(iv) normalization of the mantissa product, (v) update of the result’s exponent, (vi)
rounding of the mantissa product, and (vii) handling of special cases. Below, we
discuss the technical details of each step.

The sign of the result is calculated by the XOR of the input signs, i.e., SR = SA⊕SB .
Regarding the result’s exponent, the input exponents (EA, EB) are biased, thus, the
bias (emax) is removed before their addition. Afterwards, the bias is added to the
result’s exponent, i.e., in total ER = EA + EB − emax. For the mantissa multipli-
cation, all the m mantissa bits are employed. The MSB of each mantissa string is
‘1’, as we assume normal floating-point numbers. Therefore, the multiplication of
1.MA = 〈1a1a2 . . . am−1〉 and 1.MB = 〈1b1b2 . . . bm−1〉 is performed. Due to multi-
plying normal floating-point numbers, the result can be in one of the following forms:
(a) 01.xx . . . x, (b) 10.xx . . . x, or (c) 11.xx . . . x. The next step is to normalize the
product in case it is in the form (b) or (c), so that there is only one leading ‘1’ be-
fore the radix point. To do so, the radix point is moved one place to the left and
the intermediate exponent ER is increased by 1. Otherwise, the exponent and the
already-normalized mantissa remain intact. Finally, only the m − 1 MSBs that are
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placed after the radix point can be stored in the mantissa field, thus, bit rounding is
applied.

Our architecture also handles special cases that may arise due to the exponent value.
Specifically, if the exponent is too small/large to be represented, then underflow/over-
flow occurs. To consider these special cases, an underflow/overflow detector is em-
ployed after the component that performs the exponent update in case of normal-
ization. This detector checks the value of the exponent and decides if the result is
normal number, underflow or overflow. If the exponent lies in the interval [1, 2w − 2],
then the result is a normal number. In contrast, if the result is smaller than 1, it is
marked as underflow, while if it is bigger than 2w − 2, it is marked as overflow. We
note that if underflow occurs, the exponent is stored as 0 and the product Af × Bf

is either a subnormal number or ±0, depending on the value of the mantissa product
(see Table 5.1). Similarly, if overflow occurs, the exponent is stored as 2w−1 and the
product Af ×Bf is either NaN or ±∞.

Design of Approximate Architecture

The most costly component of the floating-point unit is the mantissa multiplier [264],
as the rest of the circuits are comparators, small adders, and multiplexers. Thus, to
improve its efficiency, we use AxFXU to multiply the mantissas.

Considering the accurate floating-point multiplication of Eq. (5.6) and the approxi-
mate AxFXU multiplication of Eq. (5.1), the multiplication in AxFPU|P,R is calcu-
lated by Eq. (5.7).

Af ×Bf |P,R = (−1)(SA+SB) · 2(EA+EB−2emax) ·AR ·
m/2−1∑

j=P

4jyR4
j︸ ︷︷ ︸

A×B|P,R

(5.7)

Figure 5.2 illustrates the block diagram of AxFPU. In comparison with the baseline
accurate design, an additional detection component is implemented, because due to
the approximations, the mantissa multiplication of very large operands may produce
a result in the form 00.xx . . . x. We remind that the result of a conventional floating-
point multiplication is always in the form 01.xx . . . x, 10.xx . . . x, or 11.xx . . . x. In
AxFPU, this may happen due to discarding negative partial products. In such a case,
the absence of these products results in not decreasing the value of the final product
(as in the accurate multiplication), and thus, the floating-point result appears in the
aforementioned form. This case is handled as overflow, however, we note that ac-
cording to our experimental results, the possibility of having either the conventional
or this special overflow is around 0.35% on average for half and single floating-point
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Figure 5.2: The approximate floating-point multiplication architecture of AxFPU|P,R. The config-
uration parameters P and R adjust the approximation degree of perforation and rounding, respec-
tively. The highlighted blocks are modified/added compared to the conventional accurate design.

precision. Another differentiation of AxFPU compared to the accurate design regards
the rounding process. Considering that the mantissa product is now approximate, its
rounding to the m − 1 MSBs, which is typically applied after normalization, offers
negligible accuracy gain. Therefore, we eliminate the rounding unit, i.e., the second
most power-consuming component of the floating-point multiplier [264], and we sim-
ply truncate the leftover LSBs. We note that this design choice is optional and the
designer can apply rounding instead of truncation.

5.2.3. Dynamic Configuration of the Approximation Degree

The AxFXU|P,R and AxFPU|P,R circuits apply static approximation, namely, the
approximation parameters P and R are configured at the design time and cannot
change after the implementation. In this section, we introduce their runtime vari-
ants (DyFXU and DyFPU), which can dynamically configure their approximations
degree, i.e., adjust the parameters P and R at runtime. These designs employ the
accurate radix-4 multiplier, thus, they also support operation in fully-accurate mode.
The two approximation techniques that are applied (partial product perforation and
partial product rounding) in conjunction with the selected radix-4 multiplication al-
gorithm facilitate the design of a low-overhead scheme for dynamic configuration
because:
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(i) the 2P − 1 LSBs of B are used only for the generation of the P least significant
partial products.

(ii) the R− 1 LSBs of A are used only for the generation of the R− 1 LSBs of each
partial product.

From the first ascertainment, we conclude that the truncation of the 2P − 1 LSBs
of B is equivalent to configuring perforation to P . From the second ascertainment,
we conclude that the truncation of the R − 1 LSBs of A, along with the addition
of aR−1 to the most significant part of A, is equivalent to configuring rounding to
R. Therefore, to dynamically configure the parameters P and R, we drive the i-th
bit of each operand to an AND gate along with an input signal si (i = 1, 2, . . . n).
The value of si determines whether the i-th bit of the operand will be “virtually”
truncated (si = 0) or not (si = 1).

Figure 5.3 illustrates the dynamic configuration of the approximation degree to P = 2
and R = 4. The control signal si is set to ‘0’ in the AND gates driven by:

(i) the 3 LSBs of B, and thus, the 2 least significant partial products are not
calculated (they are 0) → perforation is configured to P = 2.

(ii) the 3 LSBs of A, and thus, the 3 LSBs of each partial product are not calculated
(they are 0) → rounding is configured to R = 4.

In the rest AND gates, si is set to ‘1’, and the corresponding partial products bits
are accurately generated.

It is obvious that the runtime variants do not provide area gains, as they implement
the entire n-bit multiplier plus 2n AND gates and 2n 1-bit input signals. However,
they still deliver significant energy gains while offering accurate operation mode and
multiple levels of accuracy, which can be configured at runtime. In terms of perfor-
mance, the critical paths are not reduced, and thus, the clock frequencies are set at
their nominal value, i.e., that of the accurate designs, to satisfy the accurate opera-
tion mode. To provide performance gains, the frequencies can be dynamically scaled
to satisfy the critical paths of the respective design-time multipliers, e.g., operate
DyFXU|2,4 at the maximum frequency of AxFXU|2,4.

The control signals that tune the approximation degree are directly exposed to the
system. Namely, they can be seamlessly set to 0/1 at runtime to increase/decrease the
approximation degree. The tuning can be performed by a high-level policy (e.g., in an
approximate custom processor/accelerator) that sets the control signals with respect
to pre-stored error values and an error constraint defined by the application/user. For
instance, the mean error for all the combinations of the approximation parameters P

and R can be calculated offline (e.g., for an application-specific input distribution or
for all the possible inputs), in order to be stored and accessed by the high-level policy.
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Figure 5.3: Dynamic configuration of the approximation degree by adjusting perforation and round-
ing via control signals. The “virtual” truncation of 3 LSBs in each operand sets the highlighted partial
product bits to 0, activating P = 2 (perforation configuration) and R = 4 (rounding configuration).

In this scenario, given an error constraint (that may change at runtime), the high-level
policy selects the most resource-efficient approximation configuration that satisfies it.
A similar approach is proposed in [265], where the authors use runtime-configurable
circuits in an approximate RISC-based processor.

5.3. Evaluation

In this section, we evaluate the design-time and runtime variants of our fixed-point
and floating-point multipliers. The evaluation begins with the error analysis, which
examines the accuracy of our designs, and continues with the experimental results
from the synthesis of the circuits, involving comparisons with state-of-the-art approx-
imate designs.

5.3.1. Error Analysis

In the design of approximate circuits, the error inserted in the computations is con-
sidered a critical issue, and thus, its impact on the final result is studied using either
circuit simulations or rigorous error expressions and models. To evaluate our approx-
imate designs in terms of accuracy, we execute the respective software models emu-
lating the logic-level approximations. Our analysis is based on the calculation of well-
established error metrics, as well as new error metrics that are tailored to the designs,
such as in the case of floating-point approximations.
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Study of AxFXU Accuracy

Firstly, we study the error of AxFXU, namely, our approximate fixed-point multiplier.
We consider the error metrics used in the error analysis of Chapter 4. In brief, these
metrics are defined as follows:

• REDAB : the relative error distance between the approximate multiplication
and the accurate multiplication for a given operand pair A and B.

• MRED: the average of all relative error distances for a given set of operand
pairs.

• PRED2: the possibility of having a relative error distance larger than 2%.

We note that the approximation space is large, i.e., there are numerous approxima-
tion configurations (combinations of the P and R parameters). Therefore, for each
examined configuration, we consider 200K different input pairs, which are uniformly
distributed over the multiplication bit-width. The uniform input distribution forms a
stressed scenario for AxFXU, because more narrow distributions would lead to biased
MRED values, which could be efficiently handled with a limited set of approximation
configurations. Nevertheless, we note that AxFXU tunes the approximation degree
with two independent parameters, and as a result, it provides the flexibility to handle
different input distributions.

Figure 5.4 presents how MRED is affected by the approximation configuration for
multiplication bit-width n = 16, 24, 32. As shown, the MRED values increase linearly
with the approximation degree, i.e., as more approximations are applied. Perfora-
tion introduces larger error than rounding, due to the significance of the bits that
are pruned (entire partial products versus partial product bits). Moreover, as the
bit-width increases, MRED is less affected by the approximations. Specifically for
n = 24, 32, MRED is up to 0.02% and 0.00005%, respectively. This feature is an
advantage of our designs, because it provides the flexibility to perform more aggres-
sive approximations in large-sized multipliers, resulting in increased energy and area
gains. Correspondingly, as the multiplier’s size increases, a smaller error is introduced
to retain the same energy budget and area.

Regarding the significance of the errors, which is examined with the metric PRED2,
the large approximation space of AxFXU generates designs with varying PRED2 val-
ues. Namely, there are designs with zero or near-zero PRED2, as well as designs
with PRED2 of 5% or 10%, which, however, deliver remarkable resource gains. Con-
cluding, the set of approximations of AxFXU can support various design scenarios
involving different error and resource constraints.
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Figure 5.4: MRED variation of AxFXU with respect to the approximation configuration P (perfo-
ration) and R (rounding) for multiplication bit-width: (a) n = 16, (b) n = 24, and (c) n = 32.

Study of AxFPU Accuracy

Next, we study the error of AxFPU, namely, our approximate floating-point multi-
plier. We consider the same error metrics with AxFXU, however, we also employ new
error metrics to evaluate the special cases of floating-point arithmetic.

Let Af×Bf be the accurate floating-point multiplication of Eq. (5.6) and Af×Bf |P,R

be the approximate floating-point multiplication of Eq. (5.7). The RED of AxFPU
is formed as shown in Eq. (5.8).

REDAf Bf
=
∣∣Af ·Bf −Af ·Bf |P,R

∣∣∣∣Af ·Bf

∣∣ =
∣∣A ·B −A ·B|P,R

∣∣∣∣A ·B∣∣ = REDAB (5.8)
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Hence, the RED of AxFPU is equal to the RED of the approximate mantissa mul-
tiplier (implemented with AxFXU), i.e., REDAf Bf

= REDAB . It is important to
mention that this formula assumes that possible normalization in the accurate man-
tissa multiplication, which results in increasing the exponent, also appears in the
approximate multiplication. Additionally, we assume that AxFPU does not produce
erroneous need for normalization. Regarding MRED and PRED2, they are calculated
as defined in Chapter 4.

Considering that in floating-point multiplication overflow or underflow may occur,
RED is involved in the calculation of MRED and PRED2 only in three cases, depend-
ing on the floating-point data type of the approximate and the respective accurate
product:

(i) if both products are normal numbers, where RED is calculated by Eq. (5.8).

(ii) if both products are overflow, where RED is considered 0.

(iii) if both products are underflow, where RED is considered 0.

To evaluate the possibility of having one of the rest combinations, e.g., normal accu-
rate product and underflow approximate product, two more error metrics are intro-
duced:

• PON: the possibility of overflow approximate product and normal accurate
product, or vice versa.

• PUN: the possibility of underflow approximate product and normal accurate
product, or vice versa.

We note that the appearance of unexpected floating-point data type in the approx-
imate result, which occurs due to the applied approximations, is not examined in
prior works of approximate floating-point multipliers. The PON and PUN metrics
are calculated by Eq. (5.9)–(5.10).

PON = p(Af ×Bf |P,R : overflow & Af ×Bf : normal |
Af ×Bf |P,R : normal & Af ×Bf : overflow) (5.9)

PUN = p(Af ×Bf |P,R : underflow & Af ×Bf : normal |
Af ×Bf |P,R : normal & Af ×Bf : underflow) (5.10)

Table 5.2 summarizes all the possible accurate and approximate products and reports
which error metric is employed for each combination. According to the analysis
of our approximations as well as exhaustive simulations, there are two impossible
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Table 5.2: Error metrics for approximate floating-point multipliers.

Acc. Product Appr. Product Possible Error Metrics

normal normal X MRED, PRED2: w/ RED of Eq. (5.8)
normal underflow X PUN
normal overflow X PON

underflow normal X PUN
underflow underflow X MRED, PRED2: w/ RED= 0
underflow overflow 5 –
overflow normal X PON
overflow underflow 5 –
overflow overflow X MRED, PRED2: w/ RED= 0

combinations. Specifically, AxFPU cannot produce overflow/underflow in case the
accurate result is underflow/overflow.

For the accuracy evaluation, we use half and single floating-point precision, i.e., we
employ the 16-bit and 32-bit AxFPU multipliers, labeled as AxFPU16 and AxFPU32,
respectively. Similar to the error analysis of AxFXU, we consider a uniform distri-
bution over the normal floating-point numbers (to cover all the data range) and
employ 200K different input pairs. Again, narrower input distributions, e.g., only
small floating-point numbers, would lead to more biased error values, which could be
handled with a limited set of approximation configurations. Figure 5.5 and Figure 5.6
present the variation of the error metrics for AxFPU16 and AxFPU32, respectively.
To explore the error scalability, we combine different values for P and R, tailored to
the floating-point bit-width, i.e., for the single-precision AxFPU32, we set larger P

and R values.

The derived results show that the range of MRED is 0.05%–3.33% for AxFPU16 (see
Figure 5.5a), and 0.01%–2.20% for AxFPU32 (see Figure 5.6a), which are typical
mean error values for approximate arithmetic units. By examining the impact of
rounding for fixed perforation values, we notice that the MRED of AxFPU16 grows
sharply when we set R = 6, i.e., when the bit-width of each partial product is halved.
Specifically, considering perforation values P < 3, there is an average ∼4× increase
of MRED when moving from R = 4 to R = 6. This threshold is bigger for AxFPU32
(i.e., R = 20), considering that the mantissa bit-width is 23 rather than 10. Moreover,
as expected, the error is highly affected by perforation, which omits entire partial
products. For instance, the MRED of AxFPU16 explodes from 0.81% to 3.25%,
when discarding P = 4 rather than P = 3 partial products. Multipliers with large
bit-widths are favored by more aggressive perforation, and as a result, AxFPU32
delivers relatively small error, even though several partial products are perforated,
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Figure 5.5: Variation of error metrics for half-precision AxFPU with respect to the approximation
configuration P (perforation) and R (rounding): (a) MRED, (b) PRED2, (c) PON, (d) PUN.

e.g., for P = 10 the MRED is 1.63% and raises up to 2.20%, depending on the
rounding configuration.

Regarding the PRED2 metric, presented in Figure 5.5b and Figure 5.6b, both multi-
pliers exhibit near-zero values for the smallest examined pairs of configurations, which,
however, offer remarkable resource savings. For example, the PRED2 of AxFPU16 is
0.02% in exchange for P = 2 perforated partial products and R = 4 rounding value.
Similarly, the PRED2 of AxFPU32 is 0.01% for P = 8 and R = 18, i.e., values that
deliver significant area reduction considering the number of the remaining partial
products and their bit-width. On the other hand, more aggressive approximations
produce larger PRED2 values. We note that these values are decreased for input
distributions involving bigger floating-point numbers, which are less sensitive to the
applied approximations.

Finally, the PON values of our approximate designs lie below 0.43% and 0.26%
for AxFPU16 (see Figure 5.5c) and AxFPU32 (see Figure 5.6c), respectively. The
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Figure 5.6: Variation of error metrics for single-precision AxFPU with respect to the approximation
configuration P (perforation) and R (rounding): (a) MRED, (b) PRED2, (c) PON, (d) PUN.

corresponding values for PUN are 0.1% (see Figure 5.5d) and 0.01% (see Figure
5.6d), namely, near-zero possibilities. Moreover, the low-strength approximation con-
figurations completely avoid erroneous type of result (unexpected overflow or un-
derflow) delivering zero PON and PUN values. Overall, only a negligible number
of inputs trigger such wrong results, which otherwise could render AxFPU ineffi-
cient.

5.3.2. Experimental Results

This section reports experimental results for our approximate fixed- and floating-point
multipliers. We employ relevant state-of-the-art designs for comparison, analyze the
trade-off between accuracy and resources, and also discuss the benefits of the design-
time and runtime variants.
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All the designs are implemented in Verilog and synthesized with the Synopsys De-
sign Compiler tool and the TSMC 65-nm standard-cell library. The simulations for
the functional verification and the power measurements are performed with Mentor
Graphics QuestaSim. The nominal supply voltage (1V) is used in both synthesis
and simulation. The critical path delay and the area of the circuits are reported by
Synopsys Design Compiler, while the power consumption is measured with Synopsys
PrimeTime after performing gate-level simulation. We also evaluate the energy con-
sumption, which is defined as the product of power and delay. For our analysis, we
define the gain of the approximate design as the relative resource reduction from the
respective accurate design.

Comparative State-of-the-Art Evaluation of Fixed-Point Designs

We implement several configurations of our design-time (AxFXU|P,R) and runtime
(DyFXU|P,R) multipliers, as well as the accurate radix-4 multiplier (ACCR4) and
the approximate multipliers of [142, 143, 149, 151, 153, 255, 266]. In total, our evalu-
ation is performed considering two design scenarios regarding the clock constraint,
and involves: (i) comparison among state-of-the-art designs, (ii) comparison between
our design-time and runtime designs, and (iii) Pareto analysis considering the error–
energy trade-off. Below, we explain the approximation techniques of the literature’s
designs, and then we present the experimental results.

The perforation of k partial products [255] is labeled as PERFk. We note that the
approximation configurations of PERFk are covered by our designs with P = k and
R = 0, i.e., when applying only perforation and not rounding. R8ABM1 [151] uses the
radix-8 encoding to generate the partial products, while calculating an approximate
3A product. R8ABM1-15 [151] is the same design, but it also truncates 15 bits of the
partial products. The R4ABM1-k and R4ABM2-k multipliers [149] employ an ap-
proximate radix-4 encoding for generating the k LSBs of the partial product matrix.
R4ABM1-k applies less approximations than R4ABM2-k [149]. RAD2k [153], which
is our design presented in Chapter 4, generates the partial products based on the accu-
rate radix-4 encoding and an approximate high-radix-2k encoding. TMCk [266] trun-
cates the k LSBs of the partial product matrix and adds correction terms for reducing
the error. DRUM6 [142] selects a segment of 6 bits from the multiplication operands,
starting from the leading ‘1’ and sets the LSB of the truncated values to ‘1’. Finally,
RoBA [143] rounds the operands to the nearest exponent of two and performs the
multiplication in segments using the shift operation.

Table 5.3 presents the experimental results for all the multipliers in 16-bit arithmetic.
We note that the experiments are presented in two flavours with respect to the clock
frequency of the circuits:
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Table 5.3: Experimental results of 16-bit approximate fixed-point multipliers on TSMC 65-nm
standard-cell.

Design
MIN-Delay ISO-Delay Accuracy

Delay Area Energy Area Energy MRED PRED2
(ns) (�m2) (�W·ns) (�m2) (�W·ns) (%) (%)

ACCR4 0.75 4153 3749 2925 1407 − −
AxFXU|1,2 0.73 3209 2793 2341 1116 0.06 0.32
AxFXU|2,4 0.69 2672 2274 1800 919 0.23 1.21
AxFXU|3,4 0.65 2320 1830 1529 816 0.53 3.01
AxFXU|3,6 0.63 2017 1487 1264 741 0.78 4.81
AxFXU|4,4 0.60 1888 1453 1253 716 1.55 10.38
AxFXU|4,6 0.59 1513 1178 1025 642 1.76 12.17
DyFXU|1,2 0.75 4259 2880 3065 1278 0.06 0.32
DyFXU|2,4 0.75 4259 2382 3065 1105 0.23 1.21
DyFXU|3,4 0.75 4259 2206 3065 1002 0.53 3.01
DyFXU|3,6 0.75 4259 2148 3065 981 0.78 4.81
DyFXU|4,4 0.75 4259 2024 3065 896 1.55 10.38
DyFXU|4,6 0.75 4259 1953 3065 802 1.76 12.17
PERF1 [255] 0.75 3355 2880 2547 1202 0.03 0.17
PERF2 [255] 0.72 2927 2473 2214 1083 0.13 0.60
PERF3 [255] 0.66 2892 2342 1874 965 0.44 2.38
PERF4 [255] 0.65 2285 1859 1564 858 1.48 9.75
R8ABM1 [151] 0.77 4210 3895 2694 1268 0.15 1.05
R8ABM1-15 [151] 0.74 2926 2499 1686 890 0.61 2.70
R4ABM1-14 [149] 0.74 3958 3460 2634 1257 0.12 0.41
R4ABM1-16 [149] 0.73 3725 3246 2577 1108 0.49 1.49
R4ABM2-14 [149] 0.73 3732 3393 2609 1128 0.24 0.68
R4ABM2-16 [149] 0.72 3467 3101 2547 1079 1.18 2.50
RAD64 [153] 0.72 3489 3238 2257 1057 0.08 0.42
RAD256 [153] 0.69 2769 2410 1911 926 0.28 1.69
RAD1024 [153] 0.65 2624 2224 1663 884 0.93 6.74
TMC8 [266] 0.77 3823 3075 2685 1195 0.11 0.59
TMC15 [266] 0.71 2867 2242 1829 928 1.19 2.75
DRUM6 [142] 1.07 3993 2298 3167 1404 1.47 28.85
RoBA [143] 0.94 4040 2345 2999 1216 2.66 50.07

(i) MIN-Delay: the clock constraint of each circuit is set to its critical path delay
(high-performance mode).

(ii) ISO-Delay: the clock constraint of all the circuits is set to the same relaxed
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value (low-power mode).

The advantage of AxFXU is its large approximation space, which provides the flexi-
bility to target multiple error levels, while delivering remarkable resource gains. This
is justified by the experimental results showing that our approximation technique
delivers the best exploitation of the error imposed. Namely, for similar error values,
AxFXU outperforms the rest designs in terms of resources (delay, area, energy). In-
dicatively, we mention that AxFXU|4,4 inserts an MRED of 1.55%, while PERF4 and
DRUM6 have an MRED of 1.48% and 1.47%, respectively. However, in the MIN-
Delay scenario, AxFXU|4,4 delivers 17% area and 22% energy gains versus PERF4,
and 53% area and 37% energy gains versus DRUM6. Similarly, in the ISO-Delay
scenario, the corresponding gains are 20% and 17% versus PERF4, and 60% and 49%
versus DRUM6. We notice that in the ISO-Delay scenario, the gains of AxFXU|4,4
versus DRUM6 increase due to its large critical path delay (i.e., 1.07ns), which is
close to the relaxed clock constraint used.

The radix-4 [149] and radix-8 [151] multipliers exhibit small error values, however,
compared to AxFXU, they suffer from increased energy consumption and delay. More-
over, for every RAD2k multiplier [153], there is an AxFXU|P,R circuit that outper-
forms it in energy consumption, while delivering a slightly smaller MRED. For in-
stance, in MIN-Delay, AxFXU|2,4 offers 6% better energy than RAD256, while it
attains smaller error (0.23% versus 0.28%). In general, the RAD2k family of mul-
tipliers features a limited set of approximation configurations, and thus, its error
scaling is abrupt, which does not allow to efficiently serve various error constraints.
Furthermore, AxFXU is more efficacious than the partial product perforation [255],
as the application of rounding delivers significant energy savings, whereas the error
slightly increases. Finally, DRUM6 [142] and RoBA [143] deliver good energy savings,
however, they exhibit significant errors (considered large for standalone arithmetic cir-
cuits). In particular, their large MRED values (1.47% and 2.66%, respectively) are
also translated to large PRED2 values (28.85% and 50.07%, respectively). More-
over, the critical paths of the DRUM6 and RoBA circuits are larger compared to
the encoding-based circuits, because they implement a different multiplication algo-
rithm.

Next, we evaluate the runtime-configurable variant. We remind that, contrary to
AxFXU, where each approximation configuration is implemented as a new circuit,
there is only one DyFXU circuit. This circuit implements ACCR4 plus some AND
gates to tune the approximation degree at runtime. Namely, DyFXU|P,R denotes the
DyFXU circuit that is configured via the control signals to execute the multiplication
with perforation P and rounding R. The results for various DyFXU|P,R that are
presented in Table 5.3, are reasonable. As expected, DyFXU delivers the same crit-
ical path delay and slightly increased area compared to ACCR4. Regarding energy
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Figure 5.7: Comparative Pareto analysis for approximate fixed-point multipliers considering MRED
and energy.

consumption, which has been measured when DyFXU is operating for its P and R

configuration, it is improved compared to ACCR4 due to the logic paths that are
not activated. Finally, it is interesting to compare DyFXU|P,R with its design-time
counterpart, i.e., AxFXU|P,R. The energy consumption of DyFXU|P,R is increased,
which is reasonable, considering the leakage power of the inactive circuit nodes and
the power consumed by the extra AND gates, as well as the control signals that are
given as input to the circuit. Indicatively, DyFXU|1,2 consumes 1.03× and 1.2× more
energy than AxFXU|1,2, in the MIN-Delay and ISO-Delay scenarios, respectively.
When considering more aggressive approximations, DyFXU|4,6 consumes 1.7× and
1.3× more energy than AxFXU|4,6, in the MIN-Delay and ISO-Delay scenarios, re-
spectively. Summarizing, in terms of area, DyFXU does not provide gains, however,
the overhead is negligible compared to ACCR4. In terms of energy, it provides gains
and outperforms several design-time multipliers of the literature, even though these
gains are reduced compared to AxFXU. In any case, the negligible area overhead and
the reduced, but also significant, energy gains are achieved while supporting dynamic
configuration of the approximation.

A comprehensive comparison of all the examined designs is presented in Figure 5.7,
where we consider both the MIN-Delay energy and MRED in a scatter plot. We
note that this plot includes additional AxFXU and DyFXU designs. As shown,
the Pareto front is formed exclusively by different configurations of AxFXU, i.e.,
our design exhibits the best error–energy trade-off in this comparison involving sev-
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eral state-of-the-art designs. AxFXU|2,2 provides significant energy reduction in ex-
change for a very small error. Similarly, AxFXU|2,6, AxFXU|3,4, and AxFXU|3,6
deliver remarkable energy gains in exchange for MRED values up to 0.78%. Regard-
ing DyFXU, even though it has worse energy consumption than AxFXU, it retains,
in almost all cases, the Pareto front with regard to the rest approximate multipli-
ers.

Comparative State-of-the-Art Evaluation of Floating-Point Designs

The evaluation of our approximate floating-point designs, namely, AxFPU|P,R and
DyFPU|P,R, is performed in the following stages: (i) Pareto analysis of the error–
resources trade-off, (ii) comparison to state-of-the-art approximate designs, and (iii)
efficiency analysis of the runtime variant.

As already discussed, the approximation space of our designs is defined by two in-
dependent approximation techniques, and thus, it is large. It is also obvious that it
increases as we move on to larger floating-point bit-widths. Therefore, at first, we
perform a Pareto analysis involving the resources (delay, area, energy) and MRED,
targeting to extract the best approximation configurations and also study the impact
of the two approximation techniques in floating-point arithmetic. Again, we consider
half- and single-precision floating-point multiplier, i.e., AxFPU16 and AxFPU32. Our
Pareto analysis considers approximation configurations that do not produce very large
errors. Furthermore, we stress the tool to perform synthesis at the critical path delay
of each design, and we also configure the clock period of the gate-level simulation to
be equal to the critical path delay.

The scatter plots for the Pareto analysis of AxFPU16 and AxFPU32 are presented
in Figure 5.8 and Figure 5.9, respectively. The range of AxFPU16’s delay is 0.75ns–
0.51ns, while the delay range for AxFPU32 is 0.9ns–0.54ns. Our exploration shows
that there is a wide range of area and energy values, along with typical MRED, which
constitutes AxFPU as a sustainable solution for scenarios with diverse area/energy
constraints. According to the results, rounding has remarkable impact on the accu-
racy for small perforation configurations, while for bigger P values, MRED almost
remains intact. For instance, the MRED of AxFPU16 is stable at ∼3.3% for P = 4
and different values of R, however, as the rounding aggressiveness increases, sig-
nificant gains are achieved, e.g., 25% energy reduction for R = 6 versus R = 2.
Regarding perforation, the single increment of the P parameter, considering stable
rounding configuration, delivers 5%–12% and 3%–6% energy reduction on average for
AxFPU16 and AxFPU32, respectively. Furthermore, as expected, the slower scal-
ing of AxFPU32’s error due to its larger mantissa bit-width, allows more aggressive
approximations, and as a result, its delay, area and energy are similar to those of
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Figure 5.8: Pareto analysis for the half-precision AxFPU|P,R considering: (a) Delay and MRED,
(b) Area and MRED, and (c) Energy and MRED.
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Figure 5.9: Pareto analysis for the single-precision AxFPU|P,R considering: (a) Delay and MRED,
(b) Area and MRED, and (c) Energy and MRED.
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Figure 5.10: Area and energy gains of AxFPU|P,R compared to the accurate floating-point multi-
plier for (a) half precision and (b) single precision.

AxFPU16. Namely, our approximate half- and single-precision multipliers impose
comparable resource demands.

Following our Pareto analysis, we examine the total resource gains of the Pareto-front
AxFPU designs. In Figure 5.10, we present the area/energy gains of AxFPU in com-
parison with the accurate floating-point multiplier, as well as their MRED values. We
select designs with varying MRED values, i.e., from 0.05% to 3.33% for AxFPU16 and
from 0.01% to 2.20% for AxFPU32. The half-precision AxFPU family delivers area
gains in the range 7.3%–54.6% and energy gains in the range 3.6%–53.5%. The corre-
sponding ranges for the single-precision AxFPU family are 46.1%–83.4% and 37.2%–
82.4%. For both precisions, remarkable gains are achieved even for small MRED,
e.g., 31% and 59% energy reduction for AxFPU16 and AxFPU32, respectively, in
exchange for 0.83% and 0.07% error values. Moreover, in terms of performance, our
approximations decrease the critical paths, delivering up to 32.9% and 46% delay
gain in AxFPU16 and AxFPU32, respectively. According to the results, AxFPU32
provides increased gains compared to AxFPU16, even for smaller error values. This
is justified by its larger bit-width, which offers more room from approximations with-
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out significantly affecting the accuracy of the calculations. We note that larger gains
can be achieved for both floating-point precisions by increasing the approximation
degree. However, more aggressive approximations should be accompanied by a care-
ful error analysis involving the calculation of the metrics presented in the previous
section.

Next, we compare AxFPU with the approximate floating-point multipliers of [267]
and [268], as well as approximate floating-point multipliers that employ the designs
of [149] and [151] to calculate the mantissa product. CFPU [267] does not perform
the mantissa multiplication and uses directly one of the two input mantissas as out-
put. On the other hand, RMAC [268] replaces the mantissa multiplication with the
addition of the input mantissas. R4ABM [149] and R8ABM [151] are based on the
approximate radix-4 and radix-8 encoding, respectively, and they are also included in
the evaluation of our fixed-point design. For this comparison, we implement the best
approximation configuration. To make a fair comparison, we implement the approx-
imation of these designs in the mantissa multiplication of the accurate floating-point
multiplier described in Section 5.2 (the rest components remain intact). The syn-
thesis of AxFPU, CFPU [267], RMAC [268], R4ABM [149] and R8ABM [151] is
performed using the same relaxed clock constraint, i.e., the critical path delay of the
accurate floating-point multiplier, targeting to study their effectiveness, but also their
sustainability under relaxed design margins.

In Table 5.4, we present the resource gains and the accuracy results of the examined
floating-point multipliers. We note that we select AxFPU configurations with error
values that are comparable to those of the other designs. In terms of accuracy, CFPU
[267] is the most inefficient design, as it delivers around 4×–6× larger MRED and
PRED2 of 70%. It is important to mention that both PON and PUN, i.e., the metrics
examining unexpected output concerning overflow and underflow, is below 0.5% for all
the designs. In case of half precision, RMAC [268] has slightly better accuracy results
than AxFPU, however, our design provides increased energy gains. Regarding single
precision, AxFPU delivers better MRED and PRED2 values than RMAC as well as
higher energy gains. Overall, the proposed AxFPU design provides larger energy
savings than RMAC [268] for similar errors, as well as better energy efficiency than
CFPU [267], while exhibiting significantly better accuracy. In terms of critical path
delay, CFPU [267] and RMAC [268] deliver larger gains, as they model the mantissa
multiplication with less complex operations. Finally, the gains of R4ABM [149] and
R8ABM [151] are considered small compared to the other designs. The advantage of
these designs is their small error values. Nevertheless, in case there is a constraint
of small error values, AxFPU with less aggressive approximation can provide larger
resource gains. Indicatively, we mention that the MRED of AxFPU16|3,6 is 1.10%
and that of AxFPU32|10,18 is 1.66%.
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Table 5.4: Experimental results of approximate half- and single-precision floating-point multipliers
on TSMC 65-nm standard-cell.

Design Delay Area Energy MRED PRED2 PON PUN
(%)1 (%)1 (%)1 (%) (%) (%) (%)

n
=

16

AxFPU16|4,6 32.9 70.8 67.1 3.33 57.40 0.43 0.10
CFPU [267] 44.7 71.6 64.6 12.96 70.68 0.46 0.11
RMAC [268] 42.2 71.1 63.2 3.16 49.42 0.20 0
R4ABM [149] 7.8 43.3 39.1 2.12 20.61 0.09 0.01
R8ABM [151] 10.1 47.6 41.3 1.56 7.14 0 0

n
=

32

AxFPU32|10,20 46.0 89.9 87.4 2.20 44.86 0.26 0.01
CFPU [267] 53.9 86.5 79.7 12.80 70.63 0.05 0.02
RMAC [268] 50.6 83.9 78.3 2.92 49.73 0.02 0
R4ABM [149] 9.1 53.3 50.7 1.44 16.32 0.02 0
R8ABM [151] 14.3 59.5 51.1 0.99 5.46 0 0

1 Refers to % delay/area/energy gains (relative reduction) in comparison with the accurate design.

Finally, we assess the hardware efficiency of DyFPU, which is the runtime-configurable
variant of AxFPU. We remind that DyFPU|P,R denotes the single DyFPU circuit that
is configured via the control signals to execute the multiplication with perforation P

and rounding R. In contrast, AxFPU|P,R is configured at design-time, i.e., a new
circuit is implemented for each approximation configuration. Table 5.5 presents the
comparison of the two variants by examining the gains compared the accurate design.
Both DyFPU and AxFPU are synthesized and simulated under tight clock constraints,
i.e., their critical path delays. The outcomes from this comparison are similar to those
derived from the comparison of the fixed-point designs (AxFXU and DyFXU). More
specifically, as expected, DyFPU imposes an area increase of 4.3% and 2.1% for half
and single precision, respectively. Regarding energy consumption, DyFPU is worse
than its design-time counterpart, delivering ∼1.4× and ∼1.6× less gain for remarkable
approximation in half and single precision, respectively. However, it is still more
energy-efficient than the accurate design, providing energy gains up to 49.7%, while
also allowing to dynamically tune the approximation degree by seamlessly changing
the values of the P and R parameters.

In comparison with the runtime-configurable variants of the CFPU [267] and RMAC
[268] designs, DyFPU is not designed to automatically configure its operation to
either accurate or approximate mode based on the mantissa inputs or the approxi-
mate mantissa product. However, it prevails over these two methods in the following
factors: (i) it supports multiple approximation configurations instead of one fixed
configuration, (ii) it does not insert extra delays (e.g., to check the inputs/outputs
or even re-calculate the result using the accurate circuit), (iii) it exposes the tuning
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Table 5.5: Comparison of the design-time and runtime approximate floating-point multipliers.

Design-Time Config. Area Energy
(%)1 (%)1

n
=

16 AxFPU16|1,0 7.3 3.6
AxFPU16|3,4 38.0 30.5
AxFPU16|4,6 54.6 53.5

n
=

32 AxFPU32|4,12 46.0 37.2
AxFPU32|6,14 64.9 59.8
AxFPU32|10,18 80.5 76.6

Runtime Config. Area Energy
(%)1 (%)1

n
=

16 DyFPU16|1,0 −4.3 1.1
DyFPU16|3,4 −4.3 22.5
DyFPU16|4,6 −4.3 37.2

n
=

32 DyFPU32|4,12 −2.1 23.1
DyFPU32|6,14 −2.1 34.1
DyFPU32|10,18 −2.1 49.7

1 Refers to % area/energy gains (relative reduction) in comparison with the accurate design.

logic (AND gates) to the system, allowing a high-level policy or framework to config-
ure the approximation degree with respect to the application’s energy and accuracy
constraints.

5.4. Conclusion

In this chapter, we examined an attractive aspect of Approximate Computing, i.e.,
the dynamic configuration of the approximation degree. This feature is extremely im-
portant for modern embedded systems and circuits, which need to adapt the accuracy
of the calculations at runtime, depending on the type of the application, the input
dataset of the application, and the given energy constraints. Towards this direction,
we targeted the runtime-configurable arithmetic circuits and designed energy-efficient
multipliers that can change approximation configuration at runtime. In particular, we
employed two orthogonal approximation techniques for calculating the partial prod-
ucts and generated a large approximation space that serves different scenarios in terms
of accuracy and energy budget. The technique of partial product perforation omits
the generation of least significant products, while partial product rounding efficiently
decreases the bit-width of the remaining ones. These two approximation techniques
facilitate dynamic configurability when combined with the radix-4 operand encoding,
as their application is associated with the input operand bits. Therefore, we added
negligible logic overhead in the input of the accurate design, i.e., 2n AND gates, where
n is the operand bit-width, and enabled dynamic configuration via input signals. We
designed both integer/fixed-point and floating-point circuits integrating our approx-
imation techniques and runtime functionalities. In terms of accuracy, we evaluated
our designs by performing an in-depth exploration involving diverse error metrics for
various approximation configurations, as well as new error metrics that are tailored to
floating-point arithmetic. The results show that the proposed solution exhibits dense
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error scaling, i.e., it provides multiple configurations with mean error values across the
entire range that is considered acceptable (up to 2%). In terms of circuit resources,
our design-time variants outperform all the examined state-of-the-art multipliers in
both fixed- and floating-point arithmetic. For similar error values, the fixed-point
AxFXU designs deliver gains up to 60% and 49% in area and energy, respectively,
when operating at the same clock frequency. Similarly, the floating-point AxFPU de-
signs exhibit either better accuracy for the same resource gains or larger resource gains
for comparable error values. The respective runtime variants provide negligible area
overhead and smaller energy gains, however, they still deliver remarkable gains versus
the accurate multiplier and other state-of-the-art design-time multipliers, while allow-
ing to seamlessly change approximation configuration at the runtime. In fixed-point
arithmetic, DyFXU consumes only up to 1.2× and 1.7× more energy than AxFXU for
low-strength and more aggressive approximation, respectively. Similar behaviour is
observed in our floating-point designs, where DyFPU provides ∼1.4× and ∼1.6× less
energy gains in half and single precision, respectively.
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Chapter 6

Cooperative Approximation:
Combination of Arithmetic Encodings

The rapid growth of error-resilient applications with different accuracy constraints
and computational demands creates the need for approximate circuits and systems
that can support multiple approximations. Towards this direction, the designers tend
to select approximation techniques that do not generate a single approximate design,
but they can provide various design variants with different approximation configura-
tion, and thus, different accuracy and resource gains. In this context, we combine
arithmetic approximation techniques to create a very large approximation space for
the design of multiplication circuits. Besides providing numerous approximation con-
figurations, we also target to identify the most-efficient design solution among the
well-established arithmetic approximation techniques. Our pool of techniques consists
of high-radix encoding, partial product perforation and partial product rounding. The
feasible combinations of these techniques generate 5 new design families of approxi-
mate multipliers. Our extensive design space exploration shows that the combination
of approximation techniques, called as “cooperative approximation”, results in slow
error scaling with numerous configurations in the typical acceptable range 0%–2%.
This feature creates increased design flexibility, allowing to efficiently handle work-
loads and applications with different constraints. The experimental evaluation is based
on a comparative state-of-the-art Pareto analysis involving the Pareto-front designs
RAD and AxFXU, namely all the approximate designs presented in the Dissertation,
as well as other designs of the literature. The results show that the Pareto front
is formed exclusively by designs with cooperative approximation. In particular, the
ROUP family of multipliers, which applies perforation and a new type of rounding,
constitutes the most energy-efficient design alternative, improving the Pareto front by
up to 1 .5×–2×. Furthermore, the new Pareto front has increased resolution (i.e.,
more design configurations) due to the large approximation space. Finally, in com-
parison with state-of-the-art designs, the ROUP family provides energy gains up to
63% for the same error constraint.
This chapter is based on our publication in [147].
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6.1. Introduction

One of the goals of Approximate Computing is to provide design solutions that can
handle various accuracy and resource constraints. This feature is extremely impor-
tant, considering that the error-tolerant applications [29,240] impose non-identical de-
mands regarding the quality of results and exhibit different error propagation within
their calculations. Approximation techniques are applied at software, architecture and
hardware layers [16, 17, 19]. To expand the approximation space, the designers are
examining the simultaneous application of more than one approximation technique,
either from different or the same layer. Although vertical cross-layer approximation
techniques have recently emerged [18], the full potential of horizontal approximation,
i.e., within the same layer of design abstraction, still remains an open issue for further
exploration. In this chapter, we explore, for the first time, the efficiency of combining
arithmetic approximation techniques in the design of energy-efficient multiplication
circuits. We focus on combining approximation techniques at the arithmetic level, as
it inherently affects both the dynamic and static power consumption of the underlying
circuits. Moreover, the implementation delivered at this level can be straightforwardly
adopted in a vertical cross-layer design approach.

The work presented in this chapter is inspired from the promising results of the
AxFXU design (see Chapter 5), which combines two orthogonal approximation tech-
niques. The goal of AxFXU is twofold: (i) to provide multiple approximation con-
figurations and enrich the available accuracy options at runtime, and (ii) to apply
an approximation scheme that facilitates the integration of dynamic configuration
capabilities. In this chapter, we perform an extensive design space exploration on
combining arithmetic approximation techniques. Contrary to Chapter 5, the goal of
this chapter is the expansion of the approximation space with diverse sets of approx-
imation configurations and the in-depth exploration of the design space to identify
the most efficient solution. We use the term cooperative approximation to state that
two techniques are applied in the design of the approximate circuit. As a result of
our exploration on cooperative approximation, we propose 5 families of approximate
multipliers, which combine some of the techniques that have been already examined,
i.e., high-radix encoding, partial product perforation, and partial product round-
ing.

Figure 6.1 summarizes the motivation behind our work by demonstrating the bene-
fits of combining approximation techniques rather than using a single one. This plot
illustrates the scatter points of partial product perforation, partial product rounding,
and their combination. The red points label the single application of perforation and
rounding, while the blue points label the cooperative perforation & rounding. We
note that for the cooperative approach, we employ two perforation configurations
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Figure 6.1: Motivation plot for cooperative arithmetic approximation.

and combine each one with five rounding configurations. As shown, the cooperative
approximation approach provides three advantages versus the single approximation
approach (either perforation or rounding): (i) it forms the Pareto front, thus, it is con-
sidered a better design solution, (ii) it provides increased Pareto front resolution due to
the larger design/approximation space, and (iii) it delivers a more energy-efficient cir-
cuit for a given error constraint, e.g., for mean error of 1.3%, it gains 50% and 41% in
energy versus perforation and rounding, respectively.

The contribution of this chapter is summarized as follows:

(i) We highlight the efficiency of integrating more than one approximation tech-
nique in the design of approximate circuits.

(ii) We propose 5 new families of approximate multipliers that feature a very large
design space with differing approximation configurations that can efficiently
handle diverse error constraints.

(iii) We reform the state-of-the-art energy/area–error Pareto front by improving it
and also increasing its resolution.

(iv) We provide a more energy-efficient design solution than state-of-the-art designs
for a given error constraint.

The remainder of this chapter is organized as follows. Section 6.2 classifies the arith-
metic approximation techniques and reports representative state-of-the-art works.
Section 6.3 introduces our approximation techniques and presents how they can be
combined in the design of multipliers with cooperative approximation. In Section
6.4, we assess the cooperative approximation techniques in terms of accuracy and cir-
cuit efficiency by reporting a comparative state-of-the-art Pareto evaluation, which
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includes the previous Pareto-front designs. Finally, Section 6.5 draws the conclu-
sions.

6.2. Classification of Arithmetic Approximation
Techniques

Arithmetic approximations in circuits have been extensively studied in the past,
as they deliver significant energy gains at the application/system level. Interest-
ingly, we focus on techniques that apply approximations based on the input operands
and the bit significance. i.e., they can be included in the wider range of encoding-
based techniques, and we attempt to categorize them into the following classes: (i)
pruning, (ii) radix encoding, (iii) rounding, and (iv) dynamic scaling. More specifi-
cally, we provide a closer look at each class by describing their basic approximation
concept and presenting representative state-of-the-art works for multiplication cir-
cuits.

Pruning: This class of techniques aims to reduce the logic by discarding either bits,
terms, or nodes of any arithmetic circuit. A well-established pruning technique for
approximate multipliers is the partial product perforation [255]. In this technique,
partial products are omitted, and thus, simpler partial product matrices are gener-
ated. One downside of this technique is that the error is exponentially increased
as more partial products are excluded. The literature also provides more general
pruning approaches. In [174], the authors propose a methodology and tool to au-
tomatically trade accuracy for area, power and delay gains. Their method applies
gate-level pruning to any combinational circuit, and it is quite effective especially on
arithmetic circuits that have a notion of bit significance. In the same context, prob-
abilistic pruning is proposed in [269], where a greedy approach is used to generate
approximate circuits.

Radix Encoding: The techniques that are based on radix encodings, approximately
encode the input operands to reduce the complexity of the calculations. Specifically
for multipliers, approximate radix encodings result in less partial product bits or even
reductions in the total number of partial products. Liu et al. [149] designed approxi-
mate radix-4 encoders by transforming the Karnaugh map of the accurate encoding.
Moving to radix-8 multipliers, Jiang et al. [151] employed an approximate adder for
producing the partial product ±3A. In Chapter 4, we presented our approximate
high-radix encodings [153]. In particular, we issue the increased complexity of the
conventional accurate high-radix encodings by mapping all the radix values to their
nearest of the 4 largest powers of two. This approximation provides simpler operand
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encoders and partial product generators. In the same context, there are various radix-
based approximate multipliers in the literature, e.g., using radix-4 [270], radix-8 [152]
and radix-256 [271] encodings.

Rounding: Both truncation and rounding techniques have been examined in arith-
metic circuits. Truncation simply discards least significant bits to reduce the bit-
width. In contrast, rounding performs mapping to a smaller bit-width, while trying to
compensate for the error, e.g., by inserting correction terms. These techniques are ap-
plied to either the input operands, intermediate results or the final result. Several ap-
proximate multipliers are designed by applying rounding/truncation along with error
compensation techniques. A representative work is the truncated multiplier proposed
in [266], where the least significant bits of the partial products are vertically discarded
and a constant correction term is added to reduce the total error. In [272], the au-
thors propose an error compensation method for the radix-4 multiplier that outputs
products with the same bit-width as the input operands. Zhang et al. [273] design an
approximate multiplier by dividing the partial product matrix into two segments: the
main segment, which is accurately accumulated, and the truncated segment, which is
further partitioned into two parts. The least significant part of the truncated segment
is calculated through a probabilistic approach. In Chapter 5, we introduced partial
product rounding, which rounds the partial products to a smaller bit-width based on
low-level optimizations [144]. As we showed, the rounding of the partial products is
equivalent to rounding one of the input operands.

Dynamic Scaling: In this class, the approximation degree is determined with respect
to the input operands. In [254], the authors statically capture and multiply bit seg-
ments, either starting from the most significant bit or ending at the least significant
bit. A limitation of this technique is the difficulty in scaling to higher bit-widths,
and thus, its benefits are reduced as the input bit-width grows. Based on the varying
bit significance, Hashemi et al. [142] proposed a more fine-grained input segmenta-
tion, using leading one detector circuits to locate the most significant ‘1’ in each
operand. However, this dynamic segmentation implies extra circuits for the signed
multiplications, increasing the total circuit area.

6.3. Design of Multipliers with Cooperative
Approximation

In this section, we present the proposed combinations of arithmetic approximation
techniques. Firstly, we make a brief introduction in the examined techniques, target-
ing to explore the feasibility of all the possible combinations, and then, we discuss
the technical details of each combination.
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6.3.1. The Pool of Arithmetic Approximation Techniques

We consider the three techniques used in Chapter 4 and Chapter 5, i.e., high-radix
encoding, partial product perforation, and partial product rounding. As baseline, we
consider the accurate radix-4 multiplier for the n-bit operands A and B. The partial
product matrix of the 16-bit radix-4 multiplier is illustrated in Figure 6.2a.

High-Radix Encoding: This technique is configured with the parameter k, which is an
even number belonging in the interval [4, n−2]. The multiplicand B is approximately
encoded with respect to k: the n−k+1 Most Significant Bits (MSBs) are encoded with
the accurate radix-4 encoding, while the k Least Significant Bits (LSBs) are encoded
with the approximate high-radix-2k encoding. This hybrid encoding is then used to
generate (n−k)/2 accurate and 1 approximate partial product. Figure 6.2b illustrates
the partial product matrix of the 16-bit multiplier that is based on high-radix encoding
with k = 6. The least significant partial product (black triangles) is approximately
generated from the radix-64 encoding, substituting the three least significant partial
products of the accurate design (see Figure 6.2a).

Partial Product Perforation: This technique is configured with the parameter P ,
which is an integer number belonging in the interval [0, n/2 − 1). It is applied
by not generating the P least significant partial products. In practice, this technique
is equivalent to encoding B to BP = 〈bn−1bn−2 · · · b2P−1〉. Figure 6.2c illustrates
the partial product matrix of the 16-bit multiplier that is based on partial product
perforation with P = 2. As shown, the matrix has two less partial products than the
accurate design (see Figure 6.2a).

Partial Product Rounding: This technique is configured with the parameter R, which
is an integer number belonging in the interval [0, n−1). It is applied by rounding the
partial products to their R-th bit. In practice, rounding is equivalent to reducing the
bit-width of A, e.g., the rounding technique of Chapter 5 is equivalent to encoding
A to AR = 〈an−1an−2 · · · aR〉 + aR−1. We note that in this chapter, we consider
additional methods for rounding, which reduce the partial products to a tailored bit-
width based on their significance. In contrast, the rounding of Chapter 5 rounds all
the partial products to the same bit-width. We call this variant “asymmetric” round-
ing and use the label “symmetric” for the one presented in Chapter 5. Figure 6.2d
illustrates the partial product matrix of the 16-bit multiplier that is based on asym-
metric rounding. As shown, the four least significant partial products are rounded to
a different bit-width. The red squares denote the correction terms that are added for
error compensation.

The next step is to explore all the possible combinations of our approximation tech-
niques. Table 6.1 summarizes the combinations when considering one encoding per
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Figure 6.2: Partial product matrices of 16-bit multipliers based on: (a) accurate radix-4 encoding
(baseline), (b) high-radix encoding, (c) partial product perforation, (d) partial product rounding.

Table 6.1: Combinations of arithmetic approximation techniques.

1st Operand 2nd Operand Feasibility Combination Label

high-radix high-radix X DRAD
high-radix perforation X equivalent to perforation
high-radix rounding X RADR
rounding rounding 5 –
rounding perforation X ROUP
perforation perforation 5 –

Extra Combinations Feasibility Combination Label

high-radix & high-radix + perforation X DRADP
high-radix & rounding + perforation X equivalent to ROUP
rounding & perforation + perforation X equivalent to ROUP

operand. As shown, there are two combinations, i.e., rounding & rounding and perfo-
ration & perforation, which are not feasible. The combination high-radix & perfora-
tion is equivalent to single perforation, as the high-radix approximate partial product
is perforated, and thus, it can be safely excluded for further examination. Addi-
tionally, we examine the application of perforation to all the feasible combinations
(bottom part of the table). The only extra meaningful combination is perforation
with the double high-radix encoding, as the rest ones are equivalent to rounding &
perforation.
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6.3.2. Combining Arithmetic Approximation Techniques

Next, we analyze the selected combinations of arithmetic approximations. More de-
tails about the high-radix encoding and the perforation/rounding are provided in
Chapter 4 and Chapter 5, respectively.

DRAD: High-Radix & High-Radix

Let m and k be the configuration parameters for encoding A and B, respectively.
The two operands are transformed using the high-radix-2m and high-radix-2k encod-
ings as shown in Eq. (6.1)–(6.6). We note that B is encoded exactly as shown in
Chapter 4, i.e., with the hybrid radix-4–radix-2k encoding, while for A, we divide it
into two words and encode only the least significant with radix-2m. To create the
high-radix digit in A, we add and subtract the term 2m−1am−1 in its representa-
tion.

A = −2n−1an−1 +
n−2∑
i=0

2iai = A1 + xR2m

0 (6.1)

where A1 = −2n−1an−1 +
n−2∑

i=m−1
2iai + 2m−1am−1 (6.2)

xR2m

0 = −2m−1am−1 + 2m−2am−2 + · · ·+ a0 (6.3)

B = −2n−1bn−1 +
n−2∑
i=0

2ibi = B1 + yR2k

0 (6.4)

where B1 =
n/2−1∑
j=k/2

4jyR4
j , yR4

j = −2b2j+1 + b2j + b2j−1 (6.5)

yR2k

0 = −2k−1bk−1 + 2k−2bk−2 + · · ·+ b0 (6.6)

Following the approximation approach of the high-radix encoding, we approximate the
high-radix digits of A and B, i.e., we use x̂R2m

0 ∈ {0, ±2m−4, ±2m−3, ±2m−2, ±2m−1}
and ŷR2k

0 ∈ {0, ±2k−4, ±2k−3, ±2k−2, ±2k−1}, respectively. Based on these
operand encodings, the multiplication of DRAD|k,m is calculated by Eq. (6.7).

DRAD|k,m = A1 ·B1 + B1 · x̂R2m

0 + A · ŷR2k

0 (6.7)
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DRADP: High-Radix & High-Radix + Perforation

When combining the double high-radix encoding with perforation, we create the
DRADP|k,m multiplier, which perforates the least significant partial product, as
shown in Eq. (6.8).

DRADP|k,m = A1 ·B1 + B1 · x̂R2m

0 (6.8)

RADR: High-Radix & Rounding

For this combination, we consider the approximate high-radix encoding of B, i.e.,
B1 + ŷR2k

0 , while A is implicitly encoded via the rounding of the partial products. To
apply asymmetric rounding, we truncate the R least significant columns of the partial
product sub-matrix that is generated by A · B1. As a result, the multiplication of
RADR|k,R is calculated by Eq. (6.9).

RADR|k,R = A ·B1|R + A · ŷR2k

0 (6.9)

To compensate for the truncation error, we insert a correction term in the place of
the truncated MSB of each partial product. This term is different for each partial
product and it is affected by the radix-4 encoding, i.e., it is equal to onej + twoj .
We remind that the signals onej and twoj are activated if the j-th partial product
is equal to ±1A or ±2A, respectively (see the analysis of Chapter 4). To further
improve our rounding, we attach a constant ‘1’ in the position that the sub-matrix of
A ·B1 is truncated.

ROUP: Rounding & Perforation

The symmetric rounding & perforation combination has been already examined in
Chapter 5, where AxFXU|P,R is presented. Therefore, in this chapter, we combine
asymmetric rounding and perforation, and more specifically, we employ two different
variants of asymmetric rounding.

The first combination is labeled ROUP1|P,R and uses the asymmetric rounding of
the RADR design. In particular, we perforate the P least significant products, and
then we apply rounding by truncating the R least significant columns of the partial
product matrix and inserting the correction terms. The multiplication of ROUP1 is
calculated by Eq. (6.10).

ROUP1|P,R =
n/2−1∑
j=P

4jP̃P j

∣∣∣∣
R

=
n/2−1∑
j=P

4jA · yR4
j

∣∣∣∣
R

(6.10)
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The second combination is labeled ROUP2|P,R and converts the rounding of AxFXU|P,R

to asymmetric. The multiplication of ROUP2 is performed by accumulating the non-
perforated, rounded partial products as shown in Eq. (6.11)–(6.12).

ROUP2|P,R =
n/2−1∑
j=P

4jP̃P j =
n/2−1∑
j=P

4jARj · yR4
j (6.11)

where ARj
= 〈an−1an−2 · · · aRj

〉2’s + aRj−1 (6.12)

Compared to the respective expressions of AxFXU, which are given in Eq. (5.1)–(5.4),
the only difference is that there are j AR words (one per partial product) instead of
one. The rest rounding optimizations are the same, resulting in integrating the aRj−1
bits with a XOR gate in the correction terms, i.e., (signj⊕aRj−1) · (onej + twoj). We
note that the notation ROUP2|P,R considers R = RP , i.e., it shows the rounding con-
figuration of the first non-perforated partial product.

6.3.3. Overview of Cooperative Approximation Techniques

Figure 6.3 illustrates the 16-bit partial product matrix of each combination with spe-
cific configuration. As shown, depending on the combination, we achieve a different
structure compared to the accurate matrix of Figure 6.2a. Even though it is possible to
achieve comparable horizontal and vertical matrix reduction with all combinations, we
note that each combination: (i) requires different logic for implementing the operand
encoding and/or partial product generation, (i) imposes different overheads in the par-
tial product accumulation, which depends on the bit arrangement within the matrix
(e.g., for carry propagation penalties), and (iii) has different impact on the accuracy
of the results. For example, ROUP1|3,8 (see Figure 6.3d) and ROUP2|3,10 (see Figure
6.3e) may deliver similar matrices, however, as we show in the evaluation in the next
section, their results and total efficiency are different.

In the matrix of DRAD, the triangles denote the product A · ŷR2k

0 and the rectangles
denote the product B1 · x̂R2m

0 . The circles are the products from A1 · B1. The
difference of DRADP is that it perforates the product A · ŷR2k

0 . Regarding RADR,
the triangles denote the product A · ŷR2k

0 , while the circles are the products from
A · B1|R. The red rectangles are the correction terms that are inserted for error
compensation. The circles in the ROUP1 matrix are the non-perforated, rounded
partial products. Like in RADR, the red rectangles are the rounding correction
terms. Finally, the matrix of ROUP2 is similar to that of ROUP1, however, in this
combination, the correction terms (gray rectangles) are different and the matrix is
not truncated vertically.
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Figure 6.3: Partial product matrices of 16-bit multipliers based on cooperative approximation:
(a) high-radix & high-radix (DRAD|8,8), (b) high-radix & high-radix + perforation (DRADP|8,8),
(c) high-radix & asymmetric rounding v.1 (RADR|6,8), (d) perforation & asymmetric rounding v.1
(ROUP1|3,8), and (e) perforation & asymmetric rounding v.2 (ROUP2|3,10).

6.4. Evaluation

In this section, we evaluate the application of cooperative approximation in multipli-
cation circuits. Like in Chapter 4 and Chapter 5, we begin with the error analysis
of each combination, and then we report comparative experimental results involv-
ing state-of-the-art works, as well as all the approximate designs proposed in the
Dissertation.

6.4.1. Error Analysis

For the error analysis, we rely again on the MRED metric (see the respective analysis
of Chapter 4 and Chapter 5 for more details). In brief, MRED is the average of the rel-
ative errors for a given set of operand pairs. All the proposed multipliers feature a very
large design space, as they are configured by two independent parameters. Therefore,
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Figure 6.4: MRED variation of 16-bit multipliers based on cooperative approximation: (a)
high-radix & high-radix (DRAD|k,m), (b) high-radix & high-radix + perforation (DRADP|k,m),
(c) high-radix & asymmetric rounding (RADR|k,R), (d) asymmetric rounding & perforation v.1
(ROUP1|P,R), and (e) asymmetric rounding & perforation v.2 (ROUP2|P,R).

for each approximation configuration we calculate MRED for 200K pairs of operands
that are uniformly distributed over the 16-bit range.

Figure 6.4 presents the variation of MRED with respect to the approximation con-
figuration. Regarding DRAD, even though the error range is small, i.e., [0.15%,

124



6.4. Evaluation

1:65%], it grows rapidly creating blank error segments. However, the error scaling
provides increased density compared to the RAD design of Chapter 4, which has
only three con�gurations ( k = 6 ; 8; 10) with MRED values 0:08%, 0:28% and 0:93%.
As expected, for the same con�gurations, DRADP exhibits larger error values than
DRAD, starting from 0:49%, while the rapid error scaling is again observed. The
advantage of RADR is that it smooths the rapid error scaling of RAD by adding
multiple error values between two consecutive RAD con�gurations, especially for the
small k values. The error range and scaling of ROUP1 and ROUP2 are similar to
those of the AxFXU design of Chapter 5. ROUP1 features dense error scaling from
0:04%(P = 1 ) to 2:47%(P = 4 ) with several intermediate values. The MRED values
of ROUP2 are similar, however, its maximum error is smaller (2:07%) compared to
that of ROUP1 ( 2:47%).

6.4.2. State-of-the-Art Comparison: Pareto E�ciency Analysis

This section includes the experimental evaluation of the cooperative approximation
techniques. To provide an overall resource�accuracy Pareto analysis and extract the
most e�cient designs proposed in the Dissertation, we also employ the approximate
designs of Chapter 4 and Chapter 5. We remind that these designs have already
formed the Pareto fronts in comparative evaluations including several state-of-the-
art designs [142, 143, 149, 151, 255, 266]. Table 6.2 summarizes all our approximate
multipliers.

All the designs are implemented in Verilog forn = 16 multiplication bit-width. The
synthesis is performed with the Synopsys Design Compiler tool and the TSMC 65-
nm standard-cell library. The simulations for the functional veri�cation and the
power measurements are performed with Mentor Graphics QuestaSim. The nominal
supply voltage (1V) is used in both synthesis and simulation. The critical path delay
and the area of the circuits are reported by Synopsys Design Compiler, while the

Table 6.2: Overview of Dissertation's approximate arithmetic circuits.

Design Approximation Techniques Reference

RAD 2k high-radix- 2k Chapter 4 [153]
AxFXU| P;R perforation P , symmetric rounding R Chapter 5 [144]
DRAD| m;k high-radix- 2m , high-radix- 2k Chapter 6 [147]
DRADP| m;k high-radix- 2m , high-radix- 2k , perforation P = 1 Chapter 6 [147]
RADR| k;R high-radix- 2k , asymmetric rounding R v.1 Chapter 6 [147]
ROUP1| P;R perforation P , asymmetric rounding R v.1 Chapter 6 [147]
ROUP2| P;R perforation P , asymmetric rounding R v.2 Chapter 6 [147]
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power consumption is measured with Synopsys PrimeTime after performing gate-level
simulation. We also evaluate the energy consumption, which is de�ned as the product
of power and delay. We note that, like in Chapter 5, we synthesize and simulate the
circuits under two di�erent design scenarios:

(i) MIN-Delay : the clock constraint of each circuit is set to its critical path delay
(high-performance mode).

(ii) ISO-Delay : the clock constraint of all the circuits is set to the same relaxed
value (low-power mode).

In Figure 6.5, we present the MRED�area and MRED�energy scatter plots with all
Dissertation's proposed designs. Regarding the cooperative high-radix multipliers,
i.e., DRAD, DRADP and RADR, they increase the resolution of the RAD front, and
even improve it with DRADP, which constitutes a better design in most cases. We
note that we present only the RAD multipliers for k = 6 ; 8; 10, because large error
values are produced fork � 12. This limitation of the single high-radix technique is
surpassed with the cooperative approximation techniques. Regarding the multipliers
implementing cooperative perforation & rounding, the asymmetric rounding tech-
niques of ROUP1 and ROUP2 outperform the symmetric rounding of AxFXU, and
thus, they constitute better design alternatives. We conclude that more �ne-grained
bit-level optimizations, such as the tailored rounding per partial product of ROUP2,
provide better results than generic coarse-grained solutions, such as the global partial
product rounding of AxFXU. Additionally, for small error values, AxFXU is not con-
sidered the most energy-e�cient design, as several con�gurations of the cooperative
approximation techniques provide improved energy consumption. Nevertheless, as
shown in Chapter 5, the advantage of AxFXU is that it facilitates dynamic approx-
imation con�guration, which would be more di�cult in ROUP1/ROUP2 due to the
di�erent rounding per partial product.

Overall, as shown in both design scenarios, the Pareto front is formed exclusively by
the ROUP2 multipliers. The ROUP2 design family provides the best exploitation
of the energy�error trade-o� and further improves the state-of-the-art Pareto front
(previously held by RAD [153] and AxFXU [144]) by up to 1:5� � 2� . Moreover, it is
important to mention that it increases the resolution of the front, namely, it expands
the already-large approximation space even more, providing a great variety of design
options.

As a �nal stage of evaluation, we compare the new Pareto front with other state-of-
the-art designs [142, 149, 151, 266]. In particular, we evaluate the energy consump-
tion of the circuits for various MRED constraints in the range 0:15%� 1:47%. Figure
6.6 reports the energy gains of the ROUP2 multipliers compared to R8ABM [151],
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(a)

(b)

(c)

(d)

Figure 6.5: Pareto analysis for Dissertation's approximate multipliers considering MRED and
area/energy under two design scenarios: (a) , (b) MIN-Delay and (c) , (d) ISO-Delay.
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Figure 6.6: Energy gains of Dissertation's most e�cient designs (ROUP2) versus state-of-the-art
multipliers (R8ABM [151], R4ABM [149], TMC [266], DRUM [142]) for the same error constraint.

R4ABM [149], TMC [266], and DRUM [142]. We consider the relative energy reduc-
tion from the other design as the energy gain of ROUP2. The large approximation
space and dense error segments of ROUP2 provides increased �exibility, and thus,
we select con�gurations with MRED equal or slightly smaller than the MRED con-
straint. This is extremely important, because ROUP2 can maximize its gains for a
given error constraint. As expected, the derived results show that ROUP2 provides
signi�cant gains ranging from 29% to 63%.

6.5. Conclusion

In this chapter, we examined the combination of arithmetic approximation techniques,
targeting to expand the approximation space and identify the most e�cient design
solution in a comparative state-of-the-art Pareto evaluation. We de�ned the approx-
imation space by combining the approximate encodings presented in Chapter 4 and
Chapter 5 and as a result, we propose 5 new families of approximate multipliers. Each
design family integrates two approximation techniques that can be con�gured inde-
pendently, and thus, it provides numerous approximation con�gurations with di�erent
accuracy, namely, dense error scaling in the range0%� 2%. The experimental eval-
uation, which is performed under two design scenarios (MIN-Delay and ISO-Delay),
reveals that the Pareto front is formed exclusively by designs applying cooperative
approximation techniques, and more speci�cally, by the ROUP2 family. The ROUP2
family applies partial product perforation and asymmetric partial product rounding,
and it improves the state-of-the-art Pareto front that was held by RAD [153] and
AxFXU [144] by up to 1:5� � 2� . Moreover, besides forming an improved Pareto
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front, the cooperative approximations increase its resolution with their large sets of
available con�gurations. Compared to other designs of the literature, the ROUP2
family can e�ciently handle all the error bounds and provides energy gains up to
63% for the same error constraint.
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Chapter 7

Approximate DSP & AI Hardware Accelerators

The worldwide demand for faster applications with less power consumption challenges
the design of Digital Signal Processing (DSP) and Arti�cial Intelligence (AI) hard-
ware accelerators. As an alternative design strategy, there is a tendency to exploit the
error tolerance of DSP/AI workloads and produce approximate accelerators, which,
however, improve the power e�ciency and/or performance. Our work aims at the
design and evaluation of approximate DSP and AI accelerators that integrate our
approximate circuits, i.e., RAD, AxFXU/AxFPU, and ROUP. To provide a great di-
versity in terms of DSP/AI workloads, we develop several 1D/2D signal processors
and Convolutional Neural Networks (CNNs). Both the development and evaluation
are directed by our design methodology, which includes design space exploration at both
software and hardware level. The design is not limited only to the use of our approxi-
mation techniques, but it also involves various arithmetic formats, di�erent algorithms
and state-of-the-art parallelization techniques. The exploration of all these design pa-
rameters targets to provide the most e�cient approximate variants of the targeted
DSP/AI hardware accelerator. Speci�cally for CNNs, besides fusing parallel design
techniques with arithmetic approximations, we apply �ne-grained approximation with-
out retraining via our MAx-DNN framework. Moreover, we examine networks that
are built on �oating-point, �xed-point, and quantized integer arithmetic. The evalua-
tion is performed with industrial-strength tools, i.e., Synopsys Design Compiler and
Xilinx Vivado. In terms of accuracy, our approximate accelerators attain mean rela-
tive error up to 3% in applications based on multiply-accumulate operations, typical
quality of output image in image processing, and up to5% accuracy loss in CNNs.
We note that the large design space o�ered by our approximation techniques can pro-
vide, if necessary, near-zero accuracy loss. In terms of resource gains, depending on
the implementation, we deliver energy and area gains up to70%.
This chapter is based on ourpublications in [144,145,147,153,274�277] .
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7.1. Introduction

In recent years, signi�cant research has been conducted on the development and op-
timization of applications from the Digital Signal Processing (DSP) and Arti�cial
Intelligence (AI) domains. Such applications impose strict performance and energy
constraints, which constitute the selection of the computing platforms/devices for
their deployment a major open issue [3]. The powerful and compute-intensive DSP/AI
algorithms make the general-purpose Central Processing Units (CPUs) and the low-
end Graphics Processing Units (GPUs) un�t for satisfying the application constraints
[4,278]. As a result, alternative computing platforms, such as the Field-Programmable
Gate Arrays (FPGAs) and the Application-Speci�c Integrated Circuits (ASICs), are
examined for accelerating DSP/AI workloads. Both solutions provide high par-
allelization capabilities and increased design �exibility. The FPGAs provide re-
con�gurability and attractive throughput-per-power ratio [3]. The ASICs o�er high
computational e�ciency along with low power consumption [279], while allowing more
custom implementations. In all cases, the design of optimized circuits for DSP/AI
workloads is a key goal for the research community.

AI brings forth various demanding workloads and algorithms, including the Convo-
lutional Neural Networks (CNNs), which are a class of Arti�cial Neural Networks
(ANNs) based on deep learning. CNNs are considered a state-of-the-art AI approach
to provide high accuracy in computer vision tasks such as object recognition [280]
and image classi�cation [281]. FPGA-based accelerators [282�286] have started to
take their place as viable and promising solutions, thus, investing in their e�cient
implementation forms an emerging highly valuable design paradigm. ASIC imple-
mentations also provide signi�cant gains in the performance of CNNs [287�290], even
though they lack of re-con�gurability. On the other hand, classic DSP algorithms
are employed for the implementation of functions for image/video/signal process-
ing. In this context, various FPGA implementations are proposed in the literature,
e.g., for image processing [291�293] and telecommunication functions [294,295]. Cor-
respondingly, there is signi�cant research on ASIC-based accelerators for computer
vision [296,297] and telecommunications [298,299].

One of the main advantages of FPGA/ASIC design is the ability to perform arbi-
trary bit-level manipulations, i.e., tune the bit-width of the datapath and optimize
the arithmetic optimizations. Namely, the designer can select the desired arithmetic
representation, including alternative formats [300, 301] (also see Chapter 3), as well
as de�ne n-bit words without restriction and use custom arithmetic operators. All
these operations are seamlessly applied on FPGA/ASIC technology, contrary to the
general-purpose GPU/CPU processors. The design paradigm of Approximate Com-
puting [16, 17, 19] exploits this �exibility of the FPGA/ASIC design and leverages
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the error tolerance of DSP/AI applications [29, 240] to provide gains in resources
(power, energy, area) and/or performance. The approximation techniques that are
applied in DSP hardware accelerators involve the use of approximate arithmetic [302],
voltage over-scaling [224], and over-clocking [225]. Obviously, in FPGA/ASIC de-
sign, the optimization of the datapath's bit-width is a typical task, non-related to
Approximate Computing, which may result in accuracy loss to provide hardware-
friendly designs (e.g., due to the use of �xed-point arithmetic or the truncation of
the results). On the other hand, the design of approximate AI accelerators involves
application-speci�c techniques: low-bit numerical formats [301], approximate arith-
metic operators [303], weight quantization [304], neuron connection pruning [305],
and voltage over-scaling [196].

In this chapter, we focus onapproximate DSP and AI acceleratorsthat are developed
with Hardware Description Language (HDL) and can be deployed either on FPGA or
standard-cell ASIC technology. Our main approximation approach lies in using the
Dissertation's approximate multipliers in DSP and AI hardware architectures. The
arithmetic components are key processing units in hardware accelerators, as they in-
herently a�ect the energy e�ciency and the performance of the entire application.
Their impact becomes even greater, considering that modern accelerators implement
parallel architectures consisting of multiple processing units. The integration of our
approximate circuits in accelerators is based on a design methodology involving both
software- and hardware-level Design Space Exploration (DSE). Our goal is to as-
sess the Dissertation's approximate designs in real-world DSP/AI applications, and
in reverse, explore the error resilience of the applications and quantify the resource
gains of approximate accelerators. Moreover, our approximation approach allows to
seamlessly decrease the resources or improve the throughput of any given DSP/CNN
without modifying the initial hardware architecture. Namely, we improve the e�-
ciency of DSP accelerators without tuning their underlying arithmetic (a typical task
of the hardware development �ow), and speci�cally for CNNs, we provide approxi-
mate accelerators without re-training (a task that may be required in order to reduce
the accuracy loss caused by the approximations). The elimination of additional train-
ing/exploration is considered an advantage, as proprietary datasets/models may not
be available, and also, the training time time is usually increased due the emula-
tion of the hardware approximations and the use of custom approximate arithmetic
operators.

The contribution of this chapter is summarized as follows:

(i) We highlight the bene�ts of studying and optimizing the arithmetic of DSP and
AI hardware accelerators, while proving the inherent error resilience of their
workloads.
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(ii) We propose a methodology for developing approximate DSP and AI hardware
accelerators, which is based on extensive design space exploration involving
arithmetic formats, approximation techniques, and algorithms.

(iii) We explore and quantify the resource gains and accuracy of DSP and AI hard-
ware accelerators with approximate arithmetic.

The remainder of this chapter is organized as follows. Section 7.2 introduces our
design methodology and summarizes all the approximate designs, applications and
accelerators presented in this chapter. Sections 7.3�7.5 evaluate our approximate
designs when used in DSP/AI accelerators. Finally, Section 7.6 draws the conclu-
sions.

7.2. Design Methodology

The proposed methodology for designing approximate DSP and AI accelerators is
illustrated in Figure 7.1. It consists of two stages: the exploration at the software
level and the development of the accelerator at the hardware level. We note that our
methodology follows the typical steps of hardware design. However, it includes ad-
ditional functionalities (i.e., the use of approximate arithmetic units), error analysis
(due to the approximations), and multi-level DSE (involving approximation tech-
niques/con�gurations, arithmetic formats, and algorithms). The multi-level DSE of
our design methodology is very important, because each combination of approxima-
tions, arithmetic formats, and algorithms has a di�erent impact on the accuracy and
the hardware e�ciency of the accelerator.

Before analyzing the steps of our methodology, we make the following clari�ca-
tions:

ˆ Approximate Design Library : it includes the software models and the hardware
descriptions of the approximate arithmetic units (e.g., RAD [153], AxFXU [144],
AxFPU [145], and ROUP [147]), along with their error analysis and experimen-
tal results.

ˆ Arithmetic Pool : it includes various arithmetic formats, e.g., the conventional
�xed- and �oating-point, block �oating-point [306], Flexpoint [301], and quan-
tized �xed-point [307].

ˆ Algorithmic Pool : it includes algorithms for the entire application (e.g., the
ResNet model [308] for CNN or the Log-Likelihood-Ratio (LLR) method [309]
for signal demodulation) and key operations (e.g., the Winograd method [310]
for convolution).
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Figure 7.1: Design methodology for approximate DSP and AI hardware accelerators.

ˆ Dataset Pool: it includes various application-speci�c test datasets (e.g., ran-
dom, Gaussian/uniformly distributed, and realistic data) for evaluating the
quality of the results at software level.

Firstly, we develop the application in software using various arithmetic formats and
algorithms. Our software models are bit-accurate, which allows us to study the accu-
racy when using approximate arithmetic formats and/or approximate operators. To
obtain the groundtruth (accurate) results, we run simulations on the datasets. Af-
terwards, we start to integrate approximate arithmetic units and create approximate
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model variants of the targeted accelerator. For each variant, we run simulations to ob-
tain the approximate results and evaluate its accuracy with application-speci�c met-
rics. Indicatively, we use metrics such as the Structural Similarity Index (SSIM) and
Peak Signal-to-Noise Ratio (PSNR) for image processing, the Bit Error Rate (BER)
for telecommunications, and the classi�cation accuracy for CNNs. Furthermore, for
each variant, we report possible bottlenecks in hardware, e.g., regarding paralleliza-
tion or the implementation of complex operations. The next step is to examine which
approximate variants satisfy the constrained quality of results, and then select the
most e�cient for implementation on FPGA/ASIC technology. In case the accuracy
constraints are not met, we design new approximate variants by combining di�erent
arithmetic, algorithms, and approximate units.

When the software-level DSE is over, we continue with the typical HDL development.
We implement the selected approximate variants integrating our design choices for
arithmetic, algorithms, and approximation techniques. Finally, in the evaluation
phase we examine if the accelerator satis�es the constraints for performance and
resource utilization. In case the results are not the expected ones, we examine alter-
native design approaches (e.g., parallelization scheme) or even return to the initial
software-level DSE to create new approximate variants.

In the remainder of the chapter, we present experimental results from DSP/AI hard-
ware accelerators employing our approximate multipliers. More speci�cally, based on
our methodology, we design parallel architectures with approximate arithmetic for
1D/2D signal processing and CNNs. Each section is dedicated to one of our approxi-
mate designs, i.e., RAD [153] (presented in Chapter 4), AxFXU [144] & AxFPU [145]
(presented in Chapter 5), and ROUP [147] (presented in Chapter 6). Table 7.1 sum-
marizes the details for all the applications and accelerators that are presented in the

Table 7.1: Overview of Dissertation's approximate DSP & AI hardware accelerators.

Design Domain Application Accelerator 1

RAD Digital Signal Processing Sobel, FIR, MatMul ASIC
RAD Digital Signal Processing QAM Demodulation FPGA
RAD Arti�cial Neural Networks CNN (Ship Detection) FPGA
AxFXU Digital Signal Processing Sobel, FIR, MatMul ASIC
AxFPU Digital Signal Processing Gaussian Blurring ASIC
AxFPU Arti�cial Neural Networks CNNs (MNIST, CIFAR-10) ASIC
AxFPU Machine Learning K-Means Clustering �
AxFPU Linear Algebra LU Decomposition �
ROUP Arti�cial Neural Networks ResNet-8 (CIFAR-10) ASIC
1 Implementation details: with HDL, for ASIC (standard-cell) or FPGA (programmable logic).
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following sections.

7.3. Design and Evaluation of Applications with RAD

In this section, we employ our approximate high-radix RAD multipliers [153] in real-
world applications. From the DSP domain, we implement the Sobel edge detector, a
Finite Impulse Response (FIR) �lter, a matrix multiplication unit, and a Quadrature-
Amplitude-Modulation (QAM) demodulation �lter. From the AI domain, we imple-
ment a custom CNN for ship detection on satellite images.

7.3.1. Approximate DSP Accelerators

A well-known �lter for �nding the object boundaries in an image is the discrete
Sobel operator [311]. The Sobel operator consists of two3 � 3 kernels that are
applied linearly to the image to compute an approximation of the gradient of the
intensity function. The two convolutions compute the changes in brightness in the
horizontal and vertical orientation. For the hardware implementation of convolution,
we adopt the ordinary approach [312], which includes a serial-to-parallel converter
along with the structure of multipliers and adders, as illustrated in Figure 7.2 for
generic r � r kernel. The convolution engine inputs one pixel per clock cycle in
raster-scan order and forwards it to the serial-to-parallel converter that outputs r � r
pixels per cycle. The converter consists ofr � r DFFs connected to r FIFOs in a
linear array topology. In practice, the r � r DFFs slide over the input image in
raster-scan order, while each FIFO temporarily stores a row of pixels. In a pipeline
fashion, the r � r pixels along with the r � r kernel weights are forwarded to r 2

multipliers, and then, the multiplication results are added to produce the new pixel.
Similar architectures are designed for the FIR �lter and the matrix multiplication
unit. Regarding FIR, we employ a 32-tap low-pass �lter with cut-o� frequency equal
to 20KHz and 16-bit coe�cients, while for matrix multiplication we select 3 � 3
tiling.

Besides the aforementioned hardware architectures, we design circuits for QAM de-
modulation, i.e., a key digital function in the baseband processing chain (telecommu-
nications). We consider64-QAM keying signals and their corresponding gray-coded
constellation map, where each constellation point is represented by a6-bit vector. We
employ the approximate LLR method [309] for predicting the i -th bit of the received
symbol. This method avoids the expensive logarithmic and exponent calculations
of the exact LLR method by using only the nearest constellation points with i -th
bit equal to 0 and 1. The generic hardware architecture forM -QAM demodulation
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(a)

(b)

Figure 7.2: Hardware architecture of r � r convolution: (a) convolution engine and (b) serial-to-
parallel converter.

Figure 7.3: Hardware architecture of M -QAM demodulation.

is presented in Figure 7.3. It processes in parallel the input symbol per constella-
tion point and performs on-the-�y computations (e.g., square distances, minimum,
subtractions).
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Experimental Evaluation

We implement the Sobel edge detector, the FIR �lter, and the matrix multiplica-
tion in Verilog and synthesize them with Synopsys Design Compiler and the TSMC
65-nm standard-cell library, targeting to ASIC-based approximate DSP accelerators.
The resource gains and accuracy results of the accelerators with our RAD multi-
pliers [153] are reported in Table 7.2. The Table also includes results for the mul-
tipliers [142, 149, 151] that are employed in the evaluation of RAD in Chapter 4.
Regarding accuracy, for Sobel, we use the Correct Edge Ratio (CER), which mea-
sures the number of correct edges detected per total number of edges, while for the
other two accelerators, we use MRED (as de�ned in Chapter 4). For input data, we
use the Cameraman benchmark image for Sobel (illustrated in Figure 7.4 along with
the various output images) and200K random generated inputs for the FIR �lter and
the matrix multiplication.

Starting with the Sobel edge detector, the RAD multipliers achieve the highest ac-
curacy by detecting almost all the edges (more than99:87% edges are correctly de-
tected). Moreover, they deliver remarkable resource gains, i.e., up to54:8% in energy,
46:% in area, and 8:4% in critical path delay. DRUM6 exhibits similar energy gain
(55:3%), however, it imposes a delay overhead of7:8% and detects 1% less edges
compared to RAD1024. Furthermore, it is worth to note that although R8ABM1
and R8ABM2-15 feature small MRED values (see Chapter 4), they decrease the
quality of the results in Sobel, as they exhibit a CER of 58:90% and 54:41%, respec-
tively.

The RAD multipliers also outperform the other designs in the FIR �lter. More
speci�cally, they achieve up to 34:1% energy gain in exchange for small a MRED
of 3:60%. Similar to Sobel, R8ABM1 and R8ABM2-15 introduce large errors, i.e.,
MREDs of 13:51% and 33:98%, respectively. In this application, DRUM6 achieves
signi�cant energy reduction (21:4%) for considerable error (9:18%). However, these
values are worse than those of RAD1024, which provides1:6� larger energy gains
and 2:6� smaller MRED.

Regarding the matrix multiplication, all the examined multipliers perform very well in
terms of accuracy. When considering similar error values, our RAD multipliers achieve
larger energy savings than the other designs. In particular, RAD1024 delivers37:7%
energy reduction while exhibiting an MRED of 0:57%. R4AMB1-14 and RAD64
feature the smallest MRED (0:07%), however, RAD64 delivers 1:4� larger energy
gains. Similarly, R4AMB2-14 and RAD256 exhibit similar MRED, however, the
latter delivers 3:6� larger energy gains.

Finally, we implement the 64-QAM demodulation on the Zynq UltraScale+ ZCU106
FPGA using VHDL and the Xilinx Vivado tool. Based on our methodology, we em-
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Table 7.2: Experimental results of approximate RAD-based DSP applications on TSMC 65-nm
standard-cell.

Design
Delay Energy Area CER
(%)1 (%)1 (%)1 (%)

Sob
el

RAD64 1:8 22 20:8 99:98
RAD256 6 37:3 33:9 99:96
RAD1024 8:4 54:8 46 99:87
R8ABM1 [151] 1:1 1:3 1:6 58:90
R8ABM2-15 [151] 5:4 9:6 8:4 54:41
R4ABM1-14 [149] 0:6 3:4 3:8 99:80
R4ABM1-16 [149] 0:6 6:9 4:7 99:36
R4ABM2-14 [149] 1:8 7 5 99:11
R4ABM2-16 [149] 3 7:1 5:1 98:27
DRUM6 [142] � 7:8 55:3 46:4 98:87

Design
Delay Energy Area MRED
(%)1 (%)1 (%)1 (%)

FIR

RAD64 3 6 9:8 0:41
RAD256 7:1 17 18:3 0:96
RAD1024 11:1 34:1 34:7 3:60
R8ABM1 [151] 0 � 0:2 � 0:1 13:51
R8ABM2-15 [151] 6:1 5:3 9:2 33:98
R4ABM1-14 [149] 0 1:5 2:2 5:28
R4ABM1-16 [149] 1 3 3:1 23:38
R4ABM2-14 [149] 1 3:9 4:8 6:10
R4ABM2-16 [149] 3 4:1 5:5 30:43
DRUM6 [142] � 32:3 21:4 21:6 9:18

Design
Delay Energy Area MRED
(%)1 (%)1 (%)1 (%)

M
at

M
ul

RAD64 6:2 7:8 14 0:07
RAD256 8 25:8 26:9 0:17
RAD1024 11:5 37:7 38:7 0:57
R8ABM1 [151] 0 � 1:7 0 0:10
R8ABM2-15 [151] 5:3 7:1 12:8 0:38
R4ABM1-14 [149] 0:9 5:8 6:4 0:07
R4ABM1-16 [149] 0:9 6:6 7:3 0:29
R4ABM2-14 [149] 3:5 7:1 7:7 0:15
R4ABM2-16 [149] 3:5 8:9 9:5 0:75
DRUM6 [142] � 30:1 32:8 34:9 1:60

1 Refers to % resource gains (relative reduction) in comparison with the accurate design.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 7.4: I/O images of approximate Sobel edge detector: (a) input image and output image with
(b) accurate multiplier, (c) RAD64, (d) RAD256, (e) RAD1024, (f) R8ABM1 [151], (g) R8ABM2-
15 [151], (h) R4ABM1-14 [149], (i) R4ABM1-16 [149], (j) R4ABM2-14 [149], (k) R4ABM2-16 [149]
and (l) DRUM6 [142].

Table 7.3: Experimental results of approximate RAD-based 64-QAM demodulation on Zynq
ZCU106 FPGA.

Design
LUT Clock Throughput

BER 1

(%)1 (MHz) (MSamples/s)

Accurate (Fl. Point) 46 286 286 10� 1 � 10� 4

Accurate (Fx. Point) 24 312 312 10� 1 � 10� 4

RAD64 (Fx. Point) 16 321 321 10� 1 � 10� 4

1 Refers to % resource utilization of ZCU106 ( 230400 LUTs).
2 Measured for SNR/symbol values 0� 14dB.

ploy both 32-bit �oating-point and 16-bit �xed-point arithmetic. As accuracy metric,
we use BER. Table 7.3 summarizes the results for the most e�cient64-QAM circuits.
Fixed-point provides similar BER values with the �golden� �oating-point model, i.e.,
from 10� 1 to 10� 4 for Signal-to-Noise Ratio (SNR) per transmitted symbol in the
range 0� 14dB. RAD64 retains BER at the same orders of magnitude (the maximum
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relative error is 1% compared to �oating-point). In terms of resources, the design us-
ing RAD64 provides 65%LUT reduction and 1:12� speedup versus the �oating-point
variant, and small but still important gains versus the �xed-point variant. Finally,
according to our design methodology, the algorithmic pool for QAM demodulation
includes other LLR methods, such as the exact and the piecewise LLR. However, our
software/hardware DSE highlights the approximate LLR method as the most e�cient
one. For example, the approximate LLR method almost matches the BER scaling of
the exact method (for small SNR values, it is the same), while it provides signi�cantly
smaller resource utilization, i.e., � 3� less LUTs.

7.3.2. Approximate CNN Accelerators

Following the evaluation in DSP applications, we employ RAD in CNNs. In particu-
lar, we develop a parallel CNN architecture for detecting ships on satellite images. Our
CNN model consists of4 convolutional and 2 fully connected layers. In total, the con-
volutional layers have 144 �lters ( 32+ 16+ 64+ 32) with 33K weights, while each �lter
includes a ReLU activation function and 4-to-1 max pooling. The fully connected lay-
ers consist of50 neurons (48+ 2) with 98K weights. The CNN is developed in Tensor-
Flow and trained with 16-bit �oating-point arithmetic on 128� 128RGB images [313],
providing a classi�cation accuracy of 96:8%.

For our design, we consider the typical CNN: the network consists of convolutional lay-
ers, which include �lters, which perform multiple convolutions. Namely:

ˆ a convolutional layer inputs M image channels, processes them withN �lters,
and outputs N feature maps (one by each �lter).

ˆ each one of theN �lters inputs M image channels, performM convolutions
(one per channel), and outputs1 feature map.

We apply parallelization at two distinct levels: (i) at network level, where we deploy
multiple parallel convolution engines per �lter, and (ii) at convolution level, where we
parallelize the number of arithmetic operations perr � r convolution. The network-
level parallelization is supported by a parallel multi-bank memory organization [312],
which allows multiple channels to be accessed concurrently. On the other hand,
the convolution-level parallelization is implemented as in Sobel (see Section 7.3.1
and Figure 7.2). Regarding the arithmetic, we consider both the conventional �xed-
and �oating-point formats, and we also adopt the block �oating-point format [306].
Finally, for the implementation of the convolutional engine, besides the ordinary
approach used in Sobel, we employ the Winograd algorithm [310]. Next, we present
the details for each one of our design choices.
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Figure 7.5: Hardware architecture of �lter in M -input convolutional layers.

Network-Level Parallelization: The convolution layers are executed serially by reusing
E convolutional engines in parallel. Figure 7.5 shows a representative setup with a
fully parallelized �lter processing all M input channels with E = M engines. Each
engine computes a 2D convolution with a throughput of 1 pixel per clock cycle,
as shown in Figure 7.2. In a pipelined fashion, theE output pixels per cycle are
accumulated in an adder tree along with the �lter's bias, and then, they are for-
warded through ReLU and MaxPool to the memory storing the output channels.
When E > M , we compute multiple �lters in parallel. The data memories (left and
right in Figure 7.5) are designed with 1 bank per channel (being reused during CNN
steps) in a ping-pong setup to interchange between successive convolutional layers.
For each convolution engine, the corresponding kernel weights are stored in ROM
and are loaded according to the running �lter. The architecture operates in burst
mode with a convolution's cycle budget being almost equal to the size of the input
channel.

Block Floating-Point : In our �oating-point convolution engine, instead of processing
each number as an individual exponent-mantissa pair, we group an entire block of
pixels by assuming a common exponent [306]. As a result, the main operations re-
duce to �xed-point arithmetic, i.e., simple mantissa multiplication/addition. At the
start/end of the block processing, we transform all data (pixels and weights) from/to
the standard �oating-point format to/from block �oating-point based on their max-
imum exponent. For the transformation to block �oating-point (before starting the
processing), the mantissas of pixels and weights are shifted according to their max ex-
ponent, which is either detected or given as input. The transformed mantissas are for-
warded to the convolutional engine (see Figure 7.2). In parallel, the block's common
exponents (for pixels and weights) are added and shifted to be included in the mantissa
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accumulation that is performed in the convolutional engine. For the transformation
to �oating-point (after �nishing the processing), the new max exponent is detected
and is used to normalize the mantissas. We note that the internal multiplications can
be performed by accurate or approximate multipliers, and also, another convolution
engine can be used (e.g., the Winograd-based one).

Winograd Convolution: The Winograd 2D convolution algorithm [310] with an r � r
kernel computes anm � m output using (m + r � 1) � (m + r � 1) image tiles
with stride r � 1. It requires (m + r � 1) � (m + r � 1) multiplications to compute
the m � m output, while the ordinary convolution needs (m � m) � (r � r ). The
f m = 2 , r = 3g con�guration is widely used, because it provides resource e�ciency
and numerical stability. Compared to the ordinary convolution, this Winograd con-
�guration requires 2:25� less element-wise multiplications. In brief, it applies the
following steps [310]:

i) split the input image into 4 � 4 tiles di with stride 2.
ii) transform the 3� 3 kernel g into the 4� 4 kernel G = AgAT , whereA is a 4� 3

matrix with elements 0, � 1=2, +1=2.
iii) transform the image tiles di into 4 � 4 tiles D i = B T di B , where B is a 4 � 4

matrix with elements 0, � 1, +1 .
iv) compute the intermediate outputs Fi via the element-wise multiplication Fi =

D i � G.
v) transform the intermediate outputs Fi into 2 � 2 matrices Yi = CT Fi C, where

C is a 4 � 2 matrix with elements 0, � 1, +1 .

Figure 7.6 depicts the architecture of our Winograd convolution engine, which replaces
4 ordinary convolution engines. This design exploits the gap created by the afore-
mentioned stride-2 steps during continuous single-pixel raster-scan streaming, and it
employs one common core for processing4 distinct channels via time multiplexing.
In the input, we use 4 serial-to-parallel converters to slide a distinct4� 4 window per
channel. Each4� 4 window is multiplexed towards the 3 common processing units to
perform the D i , Fi , Yi calculations via pipelined multiplications/additions. At each
clock cycle, the corresponding kernel is selected from an initialized DFF array and
transformed to G. We use �xed input delays and a control unit to synchronize the 4
streams and achieve a constant output rate of4 pixels per clock cycle. We note that
the arithmetic operations can be approximated either using the block �oating-point
format or approximate arithmetic units.

Experimental Evaluation

We develop various CNN variants in parametric VHDL based on the DSE of our
methodology, and we use Xilinx Vivado to implement them on the Zynq-7020 FPGA.
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Figure 7.6: Hardware architecture of Winograd convolution processing 4 channels in parallel.

Towards exploiting every specialized resource of the FPGA, we implement the en-
tire network with a mixture of accurate and approximate convolution engines. The
key idea is, on one hand, to utilize the DSP blocks by doing `default' multiplica-
tions, while on the other hand, to decrease the LUT utilization via approxima-
tions (e.g., when bound to revert to LUT usage due to lack of DSPs). The `de-
fault':`approximate' engine ratio depends on the capacity of the FPGA. For Zynq-
7020, we select the16:16 ratio, i.e., 16 typical and 16 approximate engines, for a
total of 32� parallel engines (which also leads to the full utilization of the available
RAMBs). For the approximations, we employ our RAD multipliers [153], as well
as all the algorithms and arithmetic representations discussed in this section, i.e.,
conventional �xed- and �oating-point, block �oating-point, and Winograd convolu-
tion.

Table 7.4 reports representative results from our DSE. The accurate �oating-point
CNN achieves a maximum parallelization of only8� due to increased cost and con-
straints of Xilinx's IP for �oating-point calculations, which relies on DSPs. By apply-
ing the schemes derived by our methodology, we achieve4� higher throughput with a
negligible accuracy loss of0:1%. More speci�cally, the block �oating-point format de-
livers 32� parallelization, whether with Winograd or not, delivering up to 730Frames
Per Second (FPS). In terms of resource utilization, as expected, the increased paral-
lelization requires more RAMBs, however, the use of the RAD256 multiplier results
in not over-utilizing the LUT resources. Moreover, the use of the Winograd algorithm
instead of the ordinary convolution in the RAD-based block �oating-point design re-
duces the DSP utilization by 41%, while maintaining almost the same throughput
and LUT utilization. For the accurate �xed-point CNN, the FPGA resources are
automatically balanced, to some extent, by Vivado. The gains provided by our ap-
proximate variants are summarized in the LUT resources (there is also a small increase
in throughput). In particular, the mixture of engines decreases the LUTs by7% when
using only RAD256 and by 38% when also using Winograd. Again, the accuracy is
not a�ected by either the �xed-point arithmetic or our RAD256 multiplier, as there
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Table 7.4: Experimental results of approximate RAD-based Ship-Detection CNN ( 128� 128� 3,
132K param.) on Zynq-7020 FPGA.

Design Paral.
LUT DSP RAMB Clock Throughput
(%)1 (%)1 (%)1 (MHz) (FPS)

Accurate (Fl. Point) 8 37 91 78 125 182
RAD256 (BFl. Point) 32 65 100 95 125 730
RAD256 (Win. BFl. Point) 8 � 4 69 59 95 124 724
Accurate (Fx. Point) 32 69 58 95 118 689
RAD256 (Fx. Point) 32 60 54 95 124 724
RAD256 (Win. Fx. Point) 8 � 4 43 58 95 112 654
1 Refers to % resource utilization of Zynq-7020 ( 53200 LUTs, 220 DSPs, 140 RAMBs).
* The accuracy loss is 0:1%� 0:2% among the designs.

is only loss up to 0:2%.

7.4. Design and Evaluation of Applications with
AxFXU/AxFPU

In this section, we evaluate our approximate AxFXU [144] and AxFPU [145] multi-
pliers in real-world applications. We remind that AxFXU is the �xed-point variant
and AxFPU is the �oating-point variant, as well as that both variants combine the
perforation and rounding approximation techniques. To evaluate AxFXU, we em-
ploy again our hardware architectures for the Sobel edge detector, the FIR �lter,
and matrix multiplication. Additionally, we implement a Gaussian blurring �lter on
�oating-point arithmetic to evaluate AxFPU. From the AI domain, we develop two
�oating-point CNNs on the MNIST and CIFAR-10 datasets. Finally, we evaluate the
AxFPU design in two functions that employ �oating-point numbers, i.e., the K-means
clustering and the LU decomposition.

7.4.1. Approximate DSP Accelerators

Starting with AxFXU, we employ again the �xed-point hardware architectures for
Sobel, FIR, and matrix multiplication. The Sobel edge detector uses two3� 3 convo-
lution kernels, the FIR �lter is low-pass with cut-o� frequency of 20KHz and 16-bit 32
coe�cients, while for matrix multiplication we implement 3� 3 tiling.

Regarding AxFPU, we select the Gaussian blurring �lter, which smooths the image to
remove details and noise. This convolution �lter is widely used in image processing,
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e.g., before edge detection to reduce the levels of noise in the image. We implement
the 3� 3 Gaussian blurring with our convolution engine illustrated in Figure 7.2. We
note that hardware �lters such as Gaussian blurring, do not require �oating-point
arithmetic to provide acceptable accuracy results. However, considering that the
optimization of the arithmetic/bit-width in DSP applications is not a negligible task,
and it is mainly performed by low-level hardware engineers, we evaluate the scenario
where the default �oating-point arithmetic is selected. Moreover, considering that
our AxFPU multipliers can be integrated in an embedded processor, our evaluation
aims to prove their power e�ciency in case the embedded developer does not use
integer coe�cients for Gaussian blurring.

Experimental Evaluation

We develop the DSP kernels in Verilog and synthesize them with Synopsys Design
Compiler and the TSMC 65-nm standard-cell library, targeting to ASIC-based accel-
erators. Like in the evaluation of RAD, for Sobel we use the CER error metric, which
measures the number of correct edges detected per total number of edges, while we
use MRED for FIR and the matrix multiplication. For the Gaussian blurring, we use
two well-established image processing metrics, i.e., PSNR and SSIM. As benchmark
images, we use Cameraman for Sobel and both Cameraman and Lena for Gaussian
blurring. Moreover, the FIR and matrix multiplication kernels take 200K random
generated inputs.

For evaluating AxFXU, we employ three con�gurations with di�erent approximation
degree (AxFXUj2;2, AxFXU j3;6, and AxFXU j4;6). Figure 7.7 shows the delivered re-
ductions in resources along with the application's accuracy metric. Regarding Sobel,
as shown in 7.7a, CER is more than98:5% in all con�gurations, like in the RAD-based
Sobel accelerators (see Table 7.2). However, the use of AxFXU provides increased
resource gains, i.e., up to54% in area, 58% in energy, and 18% in delay. Especially
for delay, AxFXU provides 2:3� smaller critical path versus RAD. Similar behavior
is observed for the other two applications. The important outcome from this explo-
ration is that, again, the use of our approximate multipliers does not damage the
accuracy of the application. Only FIR outputs larger error, however, this is normal,
as every output depends on the previous ones, and the error is propagated to the next
calculations. Speci�cally, the MRED is 3:66%� 6:65%, but it can be handled using
less aggressive approximation con�gurations.

Regarding the AxFPU-based Gaussian blurring, we employ Pareto-front con�gura-
tions with diverse approximation degree and error sensitivity. Our goal is to as-
sess the smoothing's accuracy over di�erent approximation levels. Table 7.5 reports
the resource gains and the accuracy metrics for the benchmark images. The results
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(a)

(b) (c)

Figure 7.7: Experimental results of approximate AxFXU-based DSP applications on TSMC 65-nm
standard-cell: resource gains and accuracy results of (a) Sobel, (b) FIR, and (c) MatMul.

Table 7.5: Experimental results of approximate AxFPU-based Gaussian Blurring on TSMC 65-nm
standard-cell.

Design
Area Power PSNR 2 SSIM 2 PSNR 3 SSIM 3

(%)1 (%)1 (dB) � (dB) �

AxFPU16 j1;0 5:4 2:6 1 1 1 1
AxFPU16 j3;4 28:4 22:9 59:22 0:99 55:17 0:99
AxFPU16 j4;6 41:9 40:3 50:86 0:98 48:20 0:87

AxFPU32 j4;12 34:5 27:9 1 1 1 1
AxFPU32 j6;14 48:7 44:8 1 1 1 1
AxFPU32 j10;18 60:4 57:4 54:46 0:99 52:99 0:95
1 Refers to % resource gains (relative reduction) in comparison with the accurate design.
2,3 Refers to Lena and Cameraman benchmark images, respectively.

show that the quality of the calculations is barely a�ected by the approximations,
which, at the same time, deliver signi�cant resource gains in the convolution en-
gine. More speci�cally, the designs exhibit more than50dB PSNR on average, i.e.,
acceptable PSNR values for lossy image processing, and near1 SSIM values, while
the less approximation-aggressive designs produce the �golden� output. For instance,
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 7.8: I/O images of approximate Gaussian blurring: (a) ,(f) input images, and output im-
age with (b) ,(g) accurate multiplier, (c) AxFPU16 j1;0 , (d) AxFPU16 j3;4 , (e) AxFPU16 j4;6 , (h)
AxFPU32 j4;12 , (i) AxFPU32 j6;14 , (j) AxFPU32 j10;18 .

AxFPU32, which has already proven to be less sensitive to approximations (see Chap-
ter 5), produces the �golden� output for both images, while delivering power gains up
to 45%. The gains reach58%in exchange for a PSNR of53:7dB and a SSIM of0:97on
average. Finally, Figure 7.8 presents a visual inspection of the images produced using
the approximate AxFPU multipliers, indicating a very small di�erence compared to
the image produced with accurate computations.

7.4.2. Approximate CNN Accelerators

Next, we assess the resource e�ciency and accuracy of CNNs that replace the multi-
plications in their the convolutional layers with AxFPU multipliers. The �rst CNN,
which is trained and evaluated on the MNIST dataset [314], consists of one convolu-
tional layer with 12 �lters, followed by another one with 24 �lters. The second CNN,
which is trained and evaluated on the CIFAR-10 dataset [315], consists of two convo-
lutional layers with 32 �lters and two convolutional layers with 64 �lters. Both CNNs
use ReLU as activation function and rely on two fully-connected layers to generate
the 10-value output vectors. The CNN models are generated with TensorFlow in two
�avors, i.e., with 16- and 32-bit �oating-point arithmetic, in order to evaluate our
half- and single-precision AxFPU multipliers. The training is performed on 80% of
the datasets, generating32-bit �oating-point weights and biases. The 16-bit �oating-
point models are created by applying post-training quantization on the32-bit models.
Finally, we remind that we do not aim to generate the most e�cient CNN networks
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(e.g., for the selected models/datasets, �xed-point or quantized integer arithmetic
may be su�cient). Our goal is to evaluate our approximations in �oating-point CNN
workloads, provide hardware e�ciency without structural modi�cations, and quantify
the actual resource gains.

Experimental Evaluation

To estimate the power consumption of the approximate CNN accelerators, we adopt
the model used in [303]. Namely, we calculate the power of each layer based on the
number of its multiplications and the power of the multiplication circuits, which is
experimentally measured. To estimate the total power consumption, we accumulate
the individual powers of all the layers. Moreover, we perform similar calculations to
estimate the area of the CNN accelerators. Targeting to standard-cell ASIC tech-
nology, the AxFPU multipliers are implemented on the TSMC 65-nm library using
industrial-strength tools, i.e., Synopsys Design Compiler for synthesis and Synopsys
PrimeTime for measuring power.

Table 7.6 reports the results for the two CNNs using the AxFPU designs. In terms
of accuracy, the small con�gurations of AxFPU do not a�ect at all the classi�ca-
tion results, especially for the MNIST dataset, while for CIFAR-10, the accuracy
loss starts growing faster. For more aggressive approximations, i.e.,P = 4 , R = 6
in AxFPU16 and P = 11, R = 19 in AxFPU32, the accuracy loss for MNIST is
0%, while it is small for CIFAR-10 (in the range 1:3%� 5:4%). This accuracy loss
is traded for signi�cant gains in area, ranging in 33%� 67:1% and 30:9%� 63:4% for
16- and 32-bit �oating-point, respectively, and similar gains in power (up to � 64%).
Finally, according to our exploration, more aggressive approximation con�gurations
are not recommended, as the accuracy loss explodes, while the extra gains are negli-
gible.

7.4.3. Approximate Clustering and Linear Algebra

In this section, we evaluate the use of AxFPU in Rodinia 3.1 benchmarks [316]. Tar-
geting to explore di�erent application domains than the classic DSP/AI ones, we
employ two benchmarks from machine learning and linear algebra, i.e., domains that
require �oating-point arithmetic and high precision, and we examine the accuracy
results when using AxFPU. The �rst benchmark is K-means clustering [317], which
is an unsupervised learning algorithm used extensively in the data mining domain to
classify unlabeled data into clusters. Moreover, we use AxFPU in the LU decomposi-
tion [318], which is a typical task of the numerical analysis and linear algebra domains.
For these two benchmarks, we do not provide hardware implementations and results.
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Table 7.6: Experimental results of approximate AxFPU-based CNNs on TSMC 65-nm standard-
cell.

Design
2� ConvLayers on MNIST 4� ConvLayers on CIFAR-10
Area Power Accuracy Area Power Accuracy
(%)1 (%)1 (%)2 (%)1 (%)1 (%)2

AxFPU16 j1;0 5:8 2:8 0 5:4 2:5 0
AxFPU16 j3;4 30:3 24:3 0 28:4 22:1 0
AxFPU16 j3;8 33:0 26:1 0 30:9 23:5 1:8
AxFPU16 j4;6 43:7 42:8 0 40:9 38:8 2:5
AxFPU16 j5;4 53:5 49:9 2:7 50:2 45:2 19:8

AxFPU32 j4;12 36:8 29:8 0 34:5 26:9 0
AxFPU32 j8;16 59:3 54:7 0 55:6 49:6 0
AxFPU32 j10;18 64:4 61:2 0 60:4 55:5 1:3
AxFPU32 j11;19 67:1 63:8 0 63:4 57:6 5:4
AxFPU32 j12;4 69:6 65:5 5:5 65:1 61:2 12:5
1 Refers to % resource gains (relative reduction) in comparison with the accurate design.
2 Refers to % accuracy loss.

Nevertheless, the accuracy evaluation is extremely important, considering that such
benchmarks are usually implemented in software and they can be executed in pro-
cessors integrating AxFPU in their �oating-point units. For our experiments, we
develop a generic C/C++ function for AxFPU that takes as input the approximation
con�guration parameters. This function is called in the Rodinia programs instead of
the default accurate �oating-point multiplication.

For K-means clustering, we consider the accurate32-bit �oating-point model as base-
line, and examine the Erroneous Classi�cation Ratio (ECR), i.e., the number of wrong
classi�cations per the total number of classi�cations. As shown in Figure 7.9a, AxFPU
achieves the classi�cation results of the �golden� model, even when applying approxi-
mations that deliver signi�cant resource gains (e.g., AxFPU32j8;12 provides 68%area
gains versus the accurate multiplier). According to the derived results, for large per-
foration values, i.e.,P � 8, the impact of rounding increases forR � 14, which results
in very high ECR. Nevertheless, the resource gains and the classi�cation accuracy of
the �golden� model, which are provided by either AxFPU32 j8;12 or AxFPU32j9;12,
establish AxFPU as an e�cient solution for such �oating-point calculations. For the
LU decomposition, we consider MRED as accuracy metric and the accurate32-bit
�oating-point model as baseline. Figure 7.9b presents the experimental results for a
large matrix size (2048� 2048). Again, the proposed AxFPU achieves good accu-
racy results, as MRED is smaller than 0:1% for several con�gurations that deliver
signi�cant hardware gains.
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(a)

(b)

Figure 7.9: Accuracy variation of approximate AxFPU-based (a) K-means clustering and (b) LU
decomposition.

7.5. Design and Evaluation of Applications with ROUP

In this section, we employ our state-of-the-art ROUP multipliers [153] in CNNs. In
particular, we examine the interplay of �ne-grained error resilience of CNNs in collab-
oration with arithmetic approximation, targeting to achieve higher energy e�ciency.
The large approximation space o�ered by the ROUP multipliers allows us to sys-
tematically explore their �ne-grained distribution across the network according to
di�erent approaches. For evaluating our approximations, we employ the ResNet-8
CNN on the CIFAR-10 dataset.

7.5.1. Fine-Grained Approximate CNN Accelerators

The approximate CNNs presented in Sections 7.3-7.4 execute all their multiplications
with the same approximate multiplier. Namely, each approximate CNN variant em-
ploys a single multiplier. In contrast, the current section examines the use of di�erent
approximate multipliers within the same network. More explicitly, the approximate
multipliers are distributed across the network based on three approaches correspond-
ing to the abstraction levels of the CNN architecture (convolutional layers! �lters !
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convolution engines). Moreover, compared to our previous work on approximate CNN
kernels, which are built on 16/ 32-bit �xed- and �oating-point arithmetic, we adopt
quantized network models (8-bit unsigned integer arithmetic).

To perform an extensive DSE regarding the distribution of approximate multipliers
within the CNN, we employ ALWANN [303], which is a state-of-the-art framework
for generating approximate CNN hardware accelerators without retraining. Towards
larger design/approximation space, we extend it with our approximation approaches
and the ROUP multiplication library. The proposed framework is called MAx-DNN
and assigns di�erent ROUP multipliers either in each convolutional layer, �lter, or
convolution engine (kernel). On the other hand, ALWANN inserts the same multi-
pliers in each convolutional layer (multipliers may di�er among layers). In the next
paragraphs, we make a brief introduction to ALWANN, and then we introduce our
approximation approaches.

ALWANN [303] : The framework takes as input the trained (frozen) network model
in protobuf format, a library of approximate multipliers, and architecture constraints
for the hardware accelerator (e.g., pipelined or power-gated mode, number of approx-
imate units). It implements accurate addition and approximate multiplication, as
well as one approximation type per convolutional layer. Moreover, to improve the ac-
curacy without re-training, the network weights are tuned/updated according to the
multipliers' properties. The approximate networks, labeled as AxNNs, are modi�ed
versions of the initial model and satisfy the user constraints for the architecture of
the accelerator.

To enable the ALWANN functionalities, the TensorFlow framework is extended to
support approximate quantized layers. In particular, a new operator is created that
replaces the defaultQuantizedConv2Dlayers with AxConv2Dlayers. This operator al-
lows to specify which approximate multipliers to employ via the AxMult(str) param-
eter (a C/C++ model of the multipliers is necessary), and optionally, to use the weight
tuning feature via AxTune(bool) . The frozen model is processed by the TensorFlow's
tool for graph transform, which inserts the AxConv2Dlayers, and then, the Pareto-
optimal AxNNs are extracted by the NSGA-II algorithm.

In our work, we use ALWANN's infrastructure and introduce new approximation
approaches regarding the distribution of the approximate multiplications across the
network. The tool�ow and architecture of MAx-DNN is illustrated in Figure 7.10.
Compared to ALWANN, we modify the AxConv2DTensorFlow operator to support
our approximation approaches at di�erent CNN abstraction levels, i.e., layer, �lter,
convolution engine, and we also employ the state-of-the-art ROUP library of ap-
proximate multipliers. Below, we discuss our approximation approaches, targeting to
explore the approximation space of the CNNs and identify the best approximation
opportunities within the network.
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Figure 7.10: The tool�ow and architecture of the MAx-DNN framework (extension of ALWANN
[303]) that applies �ne-grained CNN approximation. Max-DNN distributes the state-of-the-art
ROUP multipliers across the network based on di�ering approximation approaches.

Layer-Level Approximate Multiplication : The �rst approach, illustrated in Figure
7.11a, aims to create approximate convolutional layers, in which all the multiplica-
tion operations are executed with the same approximate multiplier. This approach
is the straightforward one, where the approximations are distributed across the net-
work by assigning an approximate multiplier, either the same (uniform distribution)
or di�erent (non-uniform distribution), to each convolutional layer. In MAx-DNN,
we create various layer-level approximate variants by using di�erent ROUP con�gu-
rations among the convolutional layers.

Filter-Level Approximate Multiplication : Our second approximation approach, illus-
trated in Figure 7.11b, creates di�erent approximate �lters within each convolutional
layer of the CNN. Namely, we use di�erent ROUP multipliers in each �lter of the
layer, contrary to the �rst approach, where all the �lters of a layer have the same
ROUP multiplier. MAx-DNN implements this approach by creating groups of �lters
and assigning them ROUP multipliers.

Kernel-Level Approximate Multiplication : In the third approximation approach, we
proceed deeper in the CNN architecture and examine separately the multiplica-
tions of each convolution engine. As a result, the convolutions of each �lter are
performed with di�erent ROUP multipliers. Figure 7.11c illustrates the three pro-
posed �avors of this approach: the channel �avor, where all the multiplications
of the convolution kernel are performed with the same multiplier, and the row/-
column �avor, where di�erent multipliers are employed for each kernel's row/col-
umn.
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(a)

(b) (c)

Figure 7.11: Fine-grained non-uniform CNN approximation of the MAx-DNN framework at (a)
layer level, (b) �lter level, and (c) kernel level.

Experimental Evaluation

For evaluating the ROUP-based MAx-DNN framework, we employ the ResNet-8
CNN [308] and the open-source ALWANN framework [303]. ResNet-8 is trained with
quantization on the CIFAR-10 dataset [315], achieving83% classi�cation accuracy.
The energy consumption of the approximate CNN accelerators is estimated with the
model used in Section 7.4.2, which is also used in ALWANN. According to this model,
the energy consumption is estimated based on the energy of the multipliers. Targeting
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to standard-cell ASIC technology, we implement the ROUP multipliers on the TSMC
45-nm library using industrial-strength tools, i.e., Synopsys Design Compiler for syn-
thesis and Synopsys PrimeTime for measuring power. Next, we calculate the energy
of each convolutional layer based on the number of multiplications and the energy of
the multiplication circuits. To estimate the energy of the entire CNN, we accumulate
the individual energies of the layers. Our evaluation is performed in the following
three stages: (i) study of CNN layer's error resilience, (ii) exploration of the CNN's
approximation space, and (iii) comparison to the original ALWANN approximation
framework and its approximate multipliers.

At �rst, we examine the error sensitivity of the convolutional layers, in an e�ort to
understand which layers are o�ered for approximations. For this experiment, we pick
three ROUP multipliers with di�erent approximation strength, i.e., �low�, �medium�,
and �high�, labeled as ROUPL , ROUPM , and ROUPH , respectively. Figure 7.12a
illustrates the accuracy scaling when using these multipliers only in them-th convo-
lutional layer ( m = 1 ; 2; : : : 7). Regardless of the approximation strength, it is shown
that approximating one of the �rst layers results in remarkable accuracy loss (m = 0
shows the baseline model with83% accuracy). This is more evident in the ROUPH

con�gurations, where signi�cant computation errors are inserted. In this case, when
approximating one of the layers 4� 7, the accuracy loss is decreased and stabilized
around 8%. Figure 7.12b, depicts the accuracy scaling when approximating the �rst
m layers. As expected, the accuracy loss is increased with respect to the number of
approximate layers, however, we again notice the error resilience of the last layers.
Speci�cally, the accuracy loss is slowing down when extending the approximation af-
ter the 4-th layer. Another important outcome from this exploration is the negligible
accuracy loss of the ROUPL and ROUPM con�gurations, regardless of which and
how many layers are approximated. In exchange for such small accuracy loss, these
multipliers provide increased energy gains compared to their accurate design (around
10% and 20%, respectively).

Subsequently, we perform an extensive design space exploration on the proposed
approaches, involving various ROUP multipliers, to extract their most prominent
con�gurations in terms of accuracy and energy. For each approach, several multi-
plication replacements and combinations are examined. In Figure 7.13, we present
all the con�gurations that deliver at least 75% classi�cation accuracy, i.e., up to 8%
accuracy loss compared to the baseline quantized model. As shown in the upper left
segment of the plot, multiple con�gurations deliver negligible accuracy loss compared
to the quantized model, which ranges from0:02% to 1%, while improving the en-
ergy e�ciency due to using the ROUP multipliers. Therefore, our approaches can
satisfy near-zero accuracy loss with more energy-e�cient computing. Regarding the
e�ciency of each approach, the Pareto front is formed almost exclusively from the
kernel- and �lter-level con�gurations. For the same accuracy loss, these con�gura-
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(a) (b)

Figure 7.12: The scaling of ResNet-8 accuracy with respect to the layers approximated: (a) only
the m-th layer (e.g., only the 5th), and (b) the �rst m layers (e.g., layers 1 to 5). �Layer=0� denotes
the baseline quantized model.

Figure 7.13: Pareto analysis for the approximate MAx-DNN-based ResNet-8 CNNs (with ROUP
multipliers) considering energy consumption and accuracy loss.

tions provide better energy than the straightforward layer-level approach, which has
to sacri�ce a large amount of accuracy, i.e., more than40%, to deliver this energy
e�ciency.

Table 7.7 compares the Pareto-front con�gurations with ALWANN networks employ-
ing the EvoApprox8b multipliers [190]. The proposed designs deliver better accuracy,
as the average loss of the EvoApprox8b con�gurations is� 23%, while in terms of
energy, they provide2� gains. This comparison highlights the advantage of studying
the approximations at a lower CNN abstraction level, i.e., �lter or kernel. Namely,
the non-uniform �ne-grained use of multipliers with di�erent approximation degree

157



Approximate DSP & AI Hardware Accelerators

Table 7.7: Experimental results of approximate ROUP-based ResNet-8 CNNs on TSMC 45-nm
standard-cell.

Approximation Approach & Con�guration
Energy Accuracy

(%)1 (%)2

MAx-D
NN/R

OUP

FLAM-3clas._2_1_1 49 18
FLAM-3clas._2_2_1 52 20
KLAM-chan._1_0_1 46 17
KLAM-chan._2_0_2 53 21
KLAM-chan._1_1_2 50 19
KLAM-chan._2_1_2 54 21
KLAM-row_2_1_1 50 19
KLAM-row_2_1_2 52 20

ALW
ANN

[190,3
03] Evo_mul8_2AC 23 20

Evo_mul8u_2HH 23 23
Evo_mul8u_NGR 32 23
Evo_mul8u_ZFB 39 23
Evo_mul8u_7C1 20 24

1 Refers to % energy gain (relative reduction) in comparison with the accurate design.
2 Refers to total accuracy loss (the baseline quantized model already has 17% loss).

outperforms the straightforward approximation, which either selects the same ap-
proximate multiplier for the entire network or assigns an approximate multiplier per
layer. At the same time, the use of numerous approximate multipliers based on dif-
ferent approximation approaches signi�cantly expands the design space. As a result,
there is increased design �exibility, which allows to e�ciently handle various accuracy
constraints.

7.6. Conclusion

In this chapter, we developed various approximate DSP and AI ASIC/FPGA-based
accelerators that integrate the Dissertation's approximate circuits. Our goal was
twofold: (i) to evaluate our approximate multipliers in real-world error-resilient ap-
plications, and (ii) to quantify the resource gains and examine the accuracy of ap-
proximate DSP and AI hardware accelerators. To facilitate the evaluation, as well as
examine various design scenarios and combinations, we proposed a software/hardware
design methodology, which is based on design space exploration involving arithmetic,
algorithms and approximation techniques/con�gurations. Based on our methodology,
we designed several approximate variants of accelerators for 1D/2D signal process-
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Table 7.8: Summarized results of Dissertation's approximate DSP & AI hardware accelerators.

Application Approximation Accelerator Gain Accuracy

Sobel Edge Detector RAD, AxFXU 65-nm ASIC 58% energy CER > 98:5%
FIR Filter RAD, AxFXU 65-nm ASIC 34% energy MRED = 3 :6%
Matrix Multiplication RAD, AxFXU 65-nm ASIC 71% energy MRED = 0 :9%
QAM Demodulation RAD ZCU106 FPGA 65% LUTs BER 2 [10-1 ; 10-4 ]
ShipDetect CNN RAD Zynq-7020 FPGA 38% LUTs 0:2% loss
Gaussian Blurring AxFPU16 65-nm ASIC 40% power PSNR = 51dB
Gaussian Blurring AxFPU32 65-nm ASIC 57% power PSNR = 55dB
CNN/MNIST AxFPU16 65-nm ASIC 49% power 2:7% loss
CNN/MNIST AxFPU32 65-nm ASIC 66% power 5:5% loss
CNN/CIFAR-10 AxFPU16 65-nm ASIC 39% power 2:5% loss
CNN/CIFAR-10 AxFPU32 65-nm ASIC 58% power 5:4% loss
K-Means Clustering AxFPU32 � � ECR = 0%
LU Decomposition AxFPU32 � � MRED 2 [0:1; 0:8]%
ResNet-8/CIFAR-10 ROUP 45-nm ASIC 54% energy 4% loss

ing and CNNs. Regarding the HDL development of the accelerators, we employed
various state-of-the-art parallelization techniques that were combined with our arith-
metic approximations. The most important experimental results are summarized
in Table 7.8. In terms of quality of results, the approximations attain small ac-
curacy loss, which is tunable due to the various approximation con�gurations that
are o�ered by our design families. More explicitly, we achieve typical values for the
quality metrics of image processing (convolutions) and small errors in applications
involving multiply-accumulate operations (signal �ltering, matrix multiplication and
LU decomposition). Our approximations also provide promising accuracy results in
applications/algorithms from other domains, such as telecommunications (QAM de-
modulation) and machine learning (K-means algorithm). Moreover, our approximate
CNNs deliver small accuracy loss in various arithmetic formats (16-bit �xed-point,
32/ 16-bit �oating-point, 8-bit quantized integer), which can be tuned even to pro-
vide the baseline accuracy. At the accelerator level, we achieve remarkable resource
gains on both ASIC and FPGA. Depending the application, we achieve power/en-
ergy gains in the range30%� 70% on ASIC technology, as well as valuable logic re-
duction, i.e., up to 65% in FPGA's LUTs and up to 60%-70% in ASIC's logic-cell
area.
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Part II.

Design Methodologies
for Embedded Computing

Prologue

Dissertation's Part II focuses on higher design abstraction layers and pro-
poses design methodologies for the e�cient mapping and acceleration of
DSP and AI algorithms on space-grade FPGAs and embedded heteroge-
neous VPUs. Chapter 8 regards the new European space-grade FPGAs,
which insert several bottlenecks towards e�cient implementation, mainly
because the tool is new and the performance is lower than that of commer-
cial FPGAs. We show that the systematic development and exploration of
all the tool settings can provide su�cient acceleration of high-performance
DSP algorithms. Chapter 9 regards the multi-core VPUs, which are char-
acterized by increased SoC complexity and decreased performance due to
their limited power. We show that the systematic development along with
high- and low-level embedded design techniques can provide su�cient ac-
celeration of demanding DSP and AI algorithms.

The work presented in Part II was mainly performed in the context of
research activities of the European Space Agency (ESA). Namely, it is
product of groups of people that took part in the respective activities and
publications. The contribution of the Dissertation's author is as follows.
For Chapter 8, he contributed to the methodology, FPGA benchmark-
ing, tool exploration, hardware/software development for FPGA execu-
tion, and experimental analysis/evaluation. For Chapter 9, he contributed
to the methodology, VPU development/coding, and experimental evalua-
tion/analysis.

Acknowledgements: The author of the Ph.D. Dissertation would like
to thank Prof. Dimitrios Soudris and Dr. George Lentaris, who are the
Scienti�c O�cer and Project Manager & Chief of the ESA projects, re-
spectively.
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Chapter 8

DSP Acceleration with New Space-Grade
FPGA Devices & Tools

The advent of space applications with increased computational requirements pushes the
space industry to consider specialized processors for high-performance on-board data
processing. The excellent performance-per-Watt ratio of modern Field-Programmable
Gate Arrays (FPGAs) establishes them as a promising device solution, which out-
performs the general-purpose Central Processing Units (CPUs). Especially for de-
manding Digital Signal Processing (DSP) algorithms, the FPGAs o�er increased par-
allelization (to provide high processing throughput) and interfacing capabilities (to
handle various sensors and provide high I/O rate). In a relatively limited market
of space-grade FPGAs, the new European FPGA family of NanoXplore o�ers such
novel radiation-hardened solutions. Nevertheless, the full exploitation of these new
space-grade FPGAs, considering also that they lack in performance compared to their
commercial counterparts, requires a systematic design approach. Towards the e�cient
mapping and acceleration of high-performance DSP algorithms on new space-grade
FPGAs, this chapter devises and applies a methodology to thoroughly examine the
implementation. We focus on NG-Large, i.e., the largest 65nm radiation-hardened
SRAM FPGA of NanoXplore, and we accelerate demanding computer vision kernels
for feature detection and depth extraction. Our design approach comprises a number
of customized steps that perform exhaustive exploration of all the tool settings and gen-
erate a variety of results, which are directly compared to results from well-established
FPGA vendors. The experimental evaluation shows that NG-Large provides su�cient
performance, e.g., 5� 10 FPS for feature detection on MPixel images, while the re-
source utilization is balanced and comparable to that of the other FPGA vendors.
This chapter is based on ourpublication in [319] .
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8.1. Introduction

In the last decade, the Field-Programmable Gate Arrays (FPGAs) have been es-
tablished as state-of-the-art devices in the semiconductor market. Their attractive
performance-per-Watt ratio marks a new era, in which they are not used only for pro-
totyping or interfacing, but also for accelerating demanding workloads [282�286,291,
294,295]. Modern FPGAs still do not match the power consumption of Application-
Speci�c Integrated Circuits (ASICs) [279], however, their re-con�gurability and high-
performance constitute them as �rst-class devices for acceleration in data centers [20]
and embedded systems [3]. The throughput rate of FPGAs is signi�cantly better
than that of the Central Processing Units (CPUs), while in terms of power con-
sumption, they outperform the Graphics Processing Units (GPUs) [3, 4, 278, 320].
The FPGAs are used in various �elds (such as telecommunications, robotics, space)
for accelerating Digital Signal Processing (DSP) functions [291�295, 321], e.g., for
image/video processing and signal �ltering, and more recently, for deploying Arti-
�cial Intelligence (AI) [282�286], e.g., neural networks and machine learning algo-
rithms.

The space industry is one of the communities seeking for high-performance embed-
ded platforms to handle the increased computational demands and fast data transfers
of modern space applications. The enhanced performance of FPGAs facilitates on-
board/embedded computing in space, e.g., for Earth Observation (EO) and Vision-
Based Navigation (VBN) tasks, decreasing the need for downlink transmission of
sensor data to the ground stations. As a result, space-grade and Commercial-O�-
The-Shelf (COTS) FPGAs are constantly being evaluated [322�329] as on-board ac-
celerators and framing processors. When radiation, thermal and vibration resilience
are of utmost importance, space-grade FPGAs are used instead of their COTS coun-
terparts to achieve increased reliability. The literature also includes numerous works
with space avionics co-processing architectures that include FPGAs [330�332]. In
terms of algorithms, besides accelerating DSP, the FPGAs are used for implementing
data transcoding for instruments/sensors (e.g., via SpaceWire/SpaceFibre [333]) and
data compression [334,335].

The space-grade FPGAs are either Radiation Hardened (RH) or Radiation Tolerant
(RT). Their main di�erence is that RH FPGAs are radiation hardened by design,
i.e., they are fabricated on special technology to endure in radiation environments,
while RT FPGAs are fabricated to operate under lower radiation values (usually
along with fault-tolerant techniques to ensure reliable operation). Nevertheless, the
space-grade FPGAs come with some penalties. Besides their increased cost, they
are slower and o�er decreased design �exibility (e.g., in terms of tool options, ven-
dor IPs) than their COTS counterparts [336, 337]. In any case, they still outper-
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form RH CPUs such as the PowerPC-based RAD750 (12W@200MHz) [338] and the
LEON2-based AT697F (1W@100MHz) [339]. Currently, the market o�ers few space-
grade FPGAs, from which the most well-established are categorized per vendor as
follows:

ˆ Xilinx [340] : Virtex-4QV (SRAM, 90nm), Virtex-5QV (SRAM, 65nm), RT Kintex
UltraScale (SRAM, 20nm).

ˆ Microsemi [341]: RTSX-SU (anti-fuse, 250nm), RT ProASIC3 (�ash, 130nm),
RTAX-S/SL (anti-fuse, 150nm). RTG4 (�ash, 65nm), RT PolarFire (SONOS,
28nm).

ˆ Atmel [342]: AT40K (SRAM, 350nm), ATF280 (SRAM, 180nm).

All the above FPGAs vary with respect to fabrication technology, capacity, perfor-
mance capabilities and radiation resilience. Very recently, there are new promising
additions in this limited pool of space-grade FPGAs. NanoXplore [343]provides the
�rst European RH high-density FPGAs [344, 345], also known asBRAVE , i.e., Big
Re-programmable Array for Versatile Environments. The BRAVE FPGAs have at-
tracted the interest of the space community and are expected to play a key role in
upcoming space missions, especially in Europe. This new space-grade FPGA fam-
ily includes low-end and high-end RH SRAM-based chips, i.e., NG-Medium (65nm),
NG-Large (65nm) and NG-Ultra ( 28nm), as well as software tools for end-to-end
development and seamless re-con�guration. NG-Medium is the �rst FPGA of the
BRAVE series and was introduced in 2016 along with the initial tool versions. The
BRAVE FPGAs integrate all the traditional FPGA programmable logic resources,
i.e., Look-Up-Tables (LUTs), D Flip-Flops (DFFs), Carry Units (CYs), Digital Signal
Processors (DSPs), RAM Blocks (RAMBs), and Register Files (RFs). Additionally,
NG-Large and NG-Ultra integrate the single-core ARM Cortex-R5 and quad-core
ARM Cortex-R52 processors, respectively, with the latter implementing the DAHLIA
System-on-Chip (SoC). Furthermore, the BRAVE FPGAs include features that are
essential for on-board embedded computing in space, such as the SpaceWire interface
for fast I/O data transfers and memory scrubbing to ensure continuous error-free
functionality. The BRAVE FPGAs can be con�gured via multiple interfaces (JTAG,
SPI/�ash, SpaceWire).

The e�cient utilization of a new FPGA family such as BRAVE, as well as the full
exploitation of the associated software tools, require a systematic and disciplined ap-
proach. Moreover, the developer needs to surpass the bottlenecks and limitations of
new tools to provide su�cient resource utilization and/or performance for compute-
intensive DSP. The development becomes even more challenging due to the special
features of the space-grade FPGAs compared to the commercial ones (e.g., lower per-
formance). For these reasons, the European Space Agency (ESA) is supporting a set
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of research activities1, which involve hardware benchmarking on the BRAVE chip-
s/boards and testing of the BRAVE software tools. These activities aim to improve
the new space-grade devices and tools and evaluate the suitability of the BRAVE
solution as on-board data processor. In the context of these activities, we develop
a methodology to support the design on the BRAVE FPGAs and evaluate the de-
vices/tools compared to solutions provided by well-established FPGA vendors. We
note that even though our methodology is applied in space-grade FPGAs, it can be
adopted to aid the design on any FPGA platform or perform benchmarking/evalu-
ation among di�erent FPGAs, either space-grade or COTS. Moreover, our goal is
not to design new parallel DSP architectures. In contrast, we employ DSP hard-
ware kernels mainly from the Computer Vision (CV) �eld, which were developed
in past ESA activities by Lentaris et al. [326�329]2, and we accelerate them on the
BRAVE technology. More explicitly, in a systematic manner, we deploy these high-
performance kernels on NanoXplore's FPGAs and other FPGAs of the market with
similar architecture (mentioned as �3rd-party�), and we assess the software tools and
the underlying hardware.

The contribution of this chapter is summarized as follows:

(i) We highlight the bottlenecks that arise when immigrating to new FPGA tech-
nologies, as well as the signi�cance of the systematic exploration of the tool
settings and device capabilities towards improved resource utilization and per-
formance.

(ii) We propose a methodology for the e�cient deployment of high-performance
DSP kernels (developed on well-established technologies) on the programmable
logic of new FPGAs.

(iii) We propose a methodology for the assessment and testing of FPGA tools and
devices.

(iv) We evaluate NanoXplore's new space-grade FPGAs as candidate on-board ac-
celerators for future space missions by testing all the relevant features and com-
paring them to well-established competitor devices.

The remainder of this chapter is organized as follows. Section 8.2 overviews the
market's space-grade FPGAs and presents the new BRAVE devices and tools. Sec-
tion 8.3 introduces our design and assessment methodology. Section 8.4 presents the
CV kernels and reports issues and tool bugs that arose during their implementation
with the early tool versions. Section 8.5 conducts the experimental evaluation, which

1ESA QUEENS1/QUEENS2/QUEENS3:
4000119331/17/NL/PS, 4000128041/19/NL/AR/va, 4000134874/21/NL/AR/va

2Special thanks to Dr. G. Lentaris et al. from NTUA for providing the DSP hardware kernels.
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includes various FPGA results and comparisons. Section 8.6 demonstrates the exe-
cution of the CV kernels on the BRAVE hardware. Finally, Section 8.7 draws the
conclusions.

8.2. Background

8.2.1. The Landscape of Space-Grade FPGAs

Table 8.1 presents an overview of the most prominent space-grade FPGAs, including
the BRAVE ones. The Atmel FPGAs are omitted here due to their limited on-chip
resources. We note that Xilinx has recently announced a new space-grade FPGA,
named XQR Versal [346], which includes additional features such as ARM processors
and AI engines. The examined FPGAs can be categorized in three classes, with
each class including chips with similar resources but from di�erent vendors, e.g.,
{Virtex-5QV, RTG4, NG-Large}. BRAVE is the only FPGA family that o�ers hard
embedded processors, facilitating hardware/software co-design. In terms of radiation
resilience, similar to Virtex-5QV, the advantage of BRAVE is their RH SRAM-based
chips. More speci�cally, they are fabricated with 12-transistor (12-T) con�guration
memory cells outperforming the simple SRAM cells and competing with anti-fuse
and �ash technologies. This is extremely important, considering that, for example,
Virtex-4QV would require full Triple Modular Redundancy (TMR) and con�guration
memory scrubbing to achieve reliable operation.

Several of these FPGAs have been used in space missions [347�350]. More details
about their use in past, present and future missions can be found in our publication in
[319]. At research level, the space-grade FPGAs are being evaluated for the implemen-
tation of compute-intensive functions and novel space applications, while they are also
examined as part of co-processing architectures [330�332]. Next, we present some rep-
resentative research works involving space-grade FPGAs.

In [351], the CCSDS 1.2.3 standard for compressing hyperspectral images is imple-
mented on Virtex-4QV, achieving real-time compression for sensors such as AVIRIS
(680� 512� 224 image size), while utilizing 1/ 3 of the chip resources and consum-
ing limited power. Similarly, the Virtex-5QV and RTG4 FPGAs are used for the
implementation of the SHyLoC 2.0 CCSDS 121 and 123 lossless compression stan-
dards [334], providing up to138and 81MSamples/s, respectively, for the AVIRIS sen-
sor. In [352], the authors implement a single-chip payload data processing unit on the
Virtex-5QV FPGA, which integrates both the instrument system supervisor and data
processing functions. The proposed architecture supports self-con�guration manage-
ment and mitigation techniques to provide fault-tolerance. In [353], the new SCCC-X
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Table 8.1: Overview of market's space-grade FPGAs.

Vendor FPGA Rad. Resilience Technology TID / SEL 1 Processor

Xilin
x

Virtex-4QV Tolerant SRAM, 90nm 300 / 125 �
Virtex-5QV Hard SRAM, 65nm 1000 / 125 �
RT Kintex US Tolerant SRAM, 20nm 100 / 80 �

Micr
ose

mi RTAX-S/SL Tolerant anti-fuse, 150nm 300 / 117 �
RTG4 Tolerant �ash, 65nm 100 / 103 �
RT PolarFire Tolerant SONOS, 28nm 100 / 80 �

NanoXplore NG-Medium Hard SRAM, 65nm 100 / 60 �
NG-Large Hard SRAM, 65nm 100 / 60 Cortex-R5
NG-Ultra Hard SRAM, 28nm 50 / 60 Cortex-R52

Vendor FPGA Logic Cells Total RAM DSPs User I/Os SERDES 2

Xilin
x

Virtex-4QV 55� 200K 4:1� 9:9Mb 32� 192 640� 960 �
Virtex-5QV 131K 12:3Mb 320 836 18@4:3Gbps
RT Kintex US 726K 38Mb 2:7K 620 32@12:5Gbps

Micr
ose

mi RTAX-S/SL 2� 40K 0:05� 0:5Mb 0� 120 198� 840 �
RTG4 151K 5Mb 462 720 24@3:1Gbps
RT PolarFire 481K 33Mb 1:4K 584 24@10:3Gbps

NanoXplore NG-Medium 34K 2:9Mb 112 566 �
NG-Large 137K 10:1Mb 384 684 24@6:3Gbps
NG-Ultra 536K 34Mb 1:3K 744 32@12:5Gbps

1 Total ionizing dose in Krad (Si) and single-event latch-up immunity to linear energy transfer in
MeV-cm 2 /mg.

2 High-performance serialization/deserialization transceivers.

telemetry transmitter, which is an extension of the CCSDS 131.2-B-1 standard, is im-
plemented and evaluated on RT Kintex UltraScale and RTG4, delivering more than
450MSym/s and 250MSym/s, respectively. Very recently, radiation-tolerant FPGA-
based platforms for AI applications have gained momentum. In [354], the authors
propose a deep learning architecture for RT Kintex UltraScale, which is based on Xil-
inx's deep learning processing unit and the TMR MicroBlaze subsystem. The authors
of [355] use the VectorBlox software development kit to deploy AI models on a matrix
processor implemented on the RT PolarFire FPGA.

The literature includes several works with the BRAVE FPGAs. In [356], the re-
con�guration capabilities of NG-Medium via the SpaceWire interface are evaluated,
while in [325], benchmarking results for NG-Medium are reported, and re-con�guration
scenarios with di�erent algorithms are examined. Moreover, NG-Medium is used for
the implementation of dense stereo vision algorithms [329]. Regarding NG-Large, pre-
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liminary benchmarking results are provided in [357]. In [334], both NG-Medium and
NG-Large FPGAs are evaluated for hyperspectral image compression.

8.2.2. The NanoXplore Space-Grade FPGAs and Tools

The NG-Large FPGA

In this Dissertation, we focus on NanoXplore's NG-Large FPGA, i.e., the second chip
of the BRAVE series, thus, we analyze its architectural details and most important
features. NG-Large is a radiation-hardened-by-design SRAM-based FPGA that is
manufactured on the 65nm STM C65-Space process technology [344]. Below, we ana-
lyze its fabric architecture, which is illustrated in Figure 8.1.

The NG-Large die features7 rows of 48 Tiles, with a single Tile consisting of 384
4-input LUTs, 384 DFFs, 96 1-bit CYs, 24 X-LUTs, and 2 64� 16-bit RFs. Each
Tile includes 384 Functional Elements (FEs), with a single FE integrating 1 LUT�
DFF pair and additional logic for CYs, X-LUTs and RFs. The CYs of NG-Large
combine 1 LUT with carry propagation logic to support up to 96-bit carry chain. To
allow the implementation of up to 16-input logic functions, 4 LUTs drive the inputs
of another LUT (called X-LUT) without routing through the interconnect network.
The RF of NG-Large is a synchronous dual-port SRAM with read-only and write-
only ports and optional output register. Furthermore, NG-Large features 4 rows
of 48 48-Kbit RAMBs and 4 rows of 96 DSPs. Each RAMB is a true dual-port
SRAM with optional output register and supports multiple memory con�gurations,
i.e., 48K� 1-bit, 24K� 2-bit, 12K� 4-bit, 6K� 8-bit, 4K� 12-bit and 2K� 24-bit, as well
as Error Detection and Correction (EDAC) con�guration. A single DSP includes
a 19 � 24 multiplier, a 56-bit Arithmetic Logic Unit (ALU), an 18-bit pre-adder,
as well as pipeline registers. The DSPs operate either in signed or unsigned mode,
and can cascade up to96 blocks. Finally, NG-Large includes 4 Clock Generators
(CKGs), one at each die corner. The CKG block includes1 Phase-Locked Loop
(PLL) and 10 Waveform Generators (WFGs), i.e., frequency dividers. Moreover, it
has 4 High Speed Serial Links (HSSLs) of6 lanes, providing up to 6:25 Gbps data
rate.

Overall, the total resources of NG-Large are summarized as:137088LUTs, 129024
DFFs, 32256 CYs, 384 DSPs, 192 RAMBs, 672 RFs, 4 PLLs. Compared to NG-
Medium, NG-Large is � 4� larger (NG-Medium has 34272 LUTs, 112 DSPs, 56
RAMBs) [344]. Correspondingly, NG-Large is� 4� smaller than NG-Ultra.
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Figure 8.1: The fabric architecture of NanoXplore's space-grade NG-Large FPGA [343].

The NXmap Software Tool

NXmap is the design suite provided by NanoXplore to support all classical FPGA de-
velopment stages except for simulation, which is currently performed with 3rd-party
tools (ModelSim/QuestaSim). The tool supports both Verilog and VHDL hardware
description languages and includes functions for timing analysis and power estima-
tion. It is divided in two components: (i) the graphical interface, which allows the user
to compile existing projects, view the �oorplan and inspect the implemented design,
(ii) the Python wrapper, which allows the user to build projects by compiling Python
scripts with the desired tool settings and functionalities.

The Python wrapper of NXmap supports the Python syntax and structures, and it
provides a plethora of NanoXplore routines/modules for each stage of the FPGA de-
velopment �ow. These Python routines can be categorized as follows:

ˆ Project-related: e.g., createProject , addFiles
ˆ Tool-related: e.g., setOptions
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ˆ Mapping-related: e.g., createRegion , addRAMLocation
ˆ Stage-related: e.g.,synthesize , generateBitstream
ˆ Board-related: e.g.,addPads, addBanks
ˆ Timing-related: e.g., createClock , addFalsePath

The NXmap routines take numerous arguments as input, providing a wide range
of functionalities. NXmap also o�ers routines for monitoring the design �ow and
de�ning the verbosity of the reports. A Python code snippet demonstrating some
basic NXmap functionalities is attached in Code 8.1.

# project creat ion
project = createProject ( my_directory )
project . setVariantName ( 'NG - LARGE ')
project . setTopCel lName ( ' top_module ')
project . addFi les ([ ' top_module .vhd ' , ' design1 .vhd ' , ' design2 .vhd ' ])

# general tool sett ings
project . setOptions ([ 'MappingEffort ' : 'Medium ' ,

'Rout ingEffort ' : 'High ' ,
'DisableDSPRegisters ': 'Yes ' ,
'Defaul tROMMapping ': 'LUT ' ,
'ManageUnconnectedOutputs ': 'Ground ' ])

# custom mapping targets
project . addMappingDirect ive ( ' getModels (.* mult .*) ' , 'MUL ' , 'DSP ')
project . addMappingDirect ive ( ' getModels ( add_9u_9u ) ' , 'ADD ', 'CY ')

# custom mapping locat ions
project . addDSPLocat ion ( '* mult_L267 * ' , 'CGB [1 x8 ]:L ')
project . addRAMLocat ion ( '* RAM_INST0 * ' , 'CGB [48 x20 ] ')

# clock constraint
project . createClock ( ' getClockNet (clk ) ' , ' clk ' , 40000)

# I /O signals and pads pair ing
project . addPad ( 'clk ' , { ' locat ion ': ' IO_B18D02P ' ,

' standard ': ' LVCMOS ', 'drive ': '2mA '})
# project save
project . save ( 'project .nym ')

# synthesis
project . synthesize ()
project . save ( ' synthesis_net l ist . vhd ')

# place
project . place ()
project . save ( ' place_net l ist . vhd ')

# route
project . route ()
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project . save ( ' route_net l ist . vhd ')

# reports
project . reportPorts ()
project . report Instances ()

# stat ic t iming analysis
analyzer = project . createAnalyzer ()
analyzer . launch ()

# bitstream generat ion
project . generateBitstream ( 'bi tstream .nxb ')

Code 8.1: Example of Python script for building an FPGA project in NanoXplore's NXmap tool.

8.3. Design & Assessment Methodology

In this section, we introduce a methodology for deploying DSP kernels on BRAVE FP-
GAs, as well as for assessing the capabilities of the tools and chips. Our methodology
regards the three main stages of the typical FPGA design �ow, i.e., synthesis, place
& route (implementation), and bitstream generation & con�guration. Currently, the
methodology is executed manually by the developer, however, some segments, such
as the exploration of the tool settings via Python scripting, could be performed in an
automatic fashion. Moreover, this methodology is generic, namely it can be adopted
to test/evaluate other FPGAs or facilitate the development with new devices and
tools.

8.3.1. Synthesis of the Design

From the tool assessment perspective, our synthesis-related methodology aims to:

(i) Test the correct functionality of all the tool settings, attributes, and strategies
by examining if they apply the expected functionality and if the output results
of the post-synthesis simulation remain correct.

(ii) Evaluate the quality of results for di�erent tool con�gurations by comparing
the resource utilization of the respective synthesis netlists.

(iii) Evaluate the capability of the tool's synthesizer to e�ciently map the input
design on the FPGA blocks by examining the resource utilization compared to
the expected (theoretical) one.

(iv) Rate the resource utilization via systematic comparisons to 3rd-party devices/-
tools that are already established in the market.
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From the e�cient DSP deployment perspective, given a kernel developed in Hardware
Description Language (HDL), our methodology aims to:

(i) Quantify the expected resource utilization of the kernel based on well-established
state-of-the-art 3rd-party devices/tools.

(ii) Extract the tool con�gurations that result in the most e�cient synthesis netlists.

(iii) Resolve the issues that arise from the tool's �immaturity� (recently released
tool) or because the kernel was initially developed in other vendor's technology.

The part of our methodology targeting to synthesis is illustrated in Figure 8.2. It
is divided into three main phases: the parametric con�guration of the DSP kernels,
the tool-level exploration, and the HDL-level exploration. Initially, we adapt the
algorithmic parameters of the DSP kernel with respect to the features of the targeted
BRAVE FPGA (e.g., resources, architecture of FPGA blocks), and we run syntheses
on 3rd-party tools. To be more speci�c, we con�gure parameters such as the size of the
input image, the size of the convolution masks, the data bit-width, the accuracy of the
calculations, and the parallelization factor. For example, the bigger BRAVE devices
can handle larger input images and/or increased parallelization. The next two phases
aim to generate an e�cient error-free synthesis netlist.

In the phase of the tool-level exploration, we perform a preliminary synthesis with
the default tool settings to retrieve the �default� reports and detect potential issues.
This step is also considered as test for the synthesizer's capability to automatically
balance the resource utilization and generate an error-free netlist. Next, we explore
all the available synthesis-related settings and assess their capability to produce a
synthesis netlist according to the developer's choices and preferences. Indicatively,
we test tool settings regarding the mapping e�ort of the synthesizer, the mapping
target of the arithmetic/memory components, the DSP utilization ratio, the register
duplication, and the style of the �nite-state machine encodings. The settings are
applied in both standalone and combinatorial fashion. In case of error or unexpected
tool behaviour, we report the issue (to be resolved, if possible, via an alternative
tool con�guration or HDL coding). The resource utilization of the most prominent
synthesis netlists is compared with that of the 3rd-party tools. In case spikes are
observed, we apply di�erent tool settings or we move on to the next phase of our
methodology.

In the phase of the HDL-level exploration, we recursively decompose the kernel to
smaller building blocks and test them individually. This step is very important in
our methodology, as it provides an in-depth investigation of various optimization is-
sues and/or errors, which, otherwise, would be very di�cult to be detected in the
entire kernel. This low-level exploration uses standard template-based coding and
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Figure 8.2: Methodology for the synthesis of DSP kernels on the new BRAVE FPGAs.
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attributes/directives to express memories, �nite-state machines, and arithmetic com-
ponents, as well as vendor-speci�c HDL templates (i.e., from NanoXplore in the
present case). In this phase, for every new or modi�ed building block, we perform
synthesis and functional veri�cation via post-synthesis simulation. If we identify a
type of HDL coding that generates improved results or resolves one of the arisen is-
sues, we adopt it and return to the tool-level exploration to examine the entire kernel
(also in comparison with the 3rd-party tools).

In case neither tool-level nor HDL-level exploration can provide a solution in issues
such as critical tool error, resource over-utilization, and unsuccessful veri�cation, our
methodology includes feedback loops (red dashed lines in Figure 8.2). The developer
can use them to return to the �rst phase to re-customize the algorithmic parame-
ters, and then perform the tool-level and HDL-level exploration with a new kernel
con�guration.

8.3.2. Placement & Routing of the Design

A similar methodology is developed for the place & route (implementation) stage.
This methodology, illustrated in Figure 8.3, inputs the error-free synthesis netlist of
the DSP kernel and performs a performance-wise tool exploration, targeting to pro-
vide the best possible clock frequency. Like in synthesis, we perform a preliminary run
with the default settings, and then start the exploration with tailored tool con�gura-
tions. In our exploration, we employ all the settings related to the implementation,
i.e., placement/routing and physical constraints.

In this phase, at �rst, we perform location-speci�c placements by specifying mapping
regions on the FPGA �oorplan, either at �ne-grained (LUTs, DFFs) or coarse-grained
(Tiles/FEs, DSPs, RAMBs) level. In parallel, we examine the e�ciency of the more
general placement settings, e.g., the placement e�ort. Regarding the routing con-
straints, we stress the implementation towards performance and increased routing
congestion. Namely, we employ all the available timing constraints (e.g., clock con-
straint, timing driven option, options for setting false path or max delay) and rout-
ing settings (e.g., router e�ort, router mode). We note that we combine these tim-
ing/routing settings with di�erent placement constraints. For every combination of
settings, our performance-wise tool exploration examines the Static Timing Analysis
(STA) reports to identify the most e�cacious tool settings.

Our methodology involves systematic comparisons with the 3rd-party tools and func-
tional and timing veri�cation via post-place and post-route netlist simulations, as well
as �oorplan inspection for veri�cation purposes. Moreover, we include feedback loops
(red dashed lines in Figure 8.3) to return to synthesis if this stage cannot provide solu-
tion to issues such as critical tool error or unsuccessful veri�cation. As synthesis and
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Figure 8.3: Methodology for placing & routing DSP kernels on the new BRAVE FPGAs.

place & route are tightly coupled, i.e., di�erent synthesis netlists may lead to di�erent
place & route results, we can also return to synthesis and generate a new netlist in
case of issues with performance or resource utilization.

8.3.3. Bitstream Generation and Hardware Execution

The �nal step of our methodology is to examine the bitstream generation, the FPGA
con�guration/programming, and the actual hardware execution. For these purposes,
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Figure 8.4: Methodology for the bitstream generation and hardware execution of DSP kernels on
the new BRAVE FPGAs.

we employ the methodology illustrated in Figure 8.4. More speci�cally, for di�erent
relevant tool settings, we examine the correct functionality of the bitstream, the
bitstream size, and the programming speeds via the available con�guration interfaces
(e.g., JTAG, SpaceWire, EPROM). The examination of the bitstream size and the
programming speed is essential, considering that an application may require multiple
bitstreams, e.g., a space mission storing on-board di�erent bitstreams/algorithms
and interchanging between them. Regarding the chip con�guration, we also examine
the correct functionality of the FPGA after multiple successive re-con�gurations, as
in real-world scenarios (like in space missions), it may be required to reprogram
the FPGA several times, even in a very short period of time. Finally, we perform
hardware executions to verify the correct implementation of the DSP kernels on such
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new chips like the BRAVE FPGAs. The validation of the results is performed by
comparing the FPGA outputs with ground-truth data obtained from behavioral or
post-place-&-route netlist simulations.

8.4. Porting of Computer Vision Kernels on the
NG-Large FPGA

8.4.1. CV Kernels for Feature Detection and Depth Extraction

Based on our methodology, we accelerate CV hardware kernels from past ESA activi-
ties [326�329] on the space-grade NG-Large FPGA. In particular, we employ HDL ker-
nels for feature extraction (image edges and corners), i.e., Canny Edge Detector [326]
and Harris Corner Detector [327], as well as stereo matching (depth extraction in 3D
scene reconstruction), i.e., GAD-Disparity [328] and Spacesweep [329]. These kernels
impose increased requirements in calculations and memory resources, stressing the
new tools and devices towards e�cient and high-performance deployment. Their de-
velopment was performed in parametric VHDL code, and thus, at compile time, we
can change various parameters, e.g., the input image size, the datapath bit-width, or
certain parallelization factors, as required by our methodology (see Figure 8.2). Next,
we present in brief one kernel from each CV class:

ˆ Harris Corner Detector [327]: The kernel inputs a grayscale image and outputs a
set of �corners�, i.e., the coordinates of the most salient features depicted in the
image. The image is divided in horizontal stripes, which are processed succes-
sively in the FPGA by resource reusing. Functionally, in a loop over all pixels,
the kernel employs Gaussian-smoothed products of image derivatives to de�ne an
auto-correlation matrix, whose eigenvalues capture the principal intensity changes
in the examined point's neighborhood. Corners are detected on pixels whose �cor-
nerness� is su�ciently high and exceeds that of its neighboring pixels in a 3 � 3
region (via non-maximum suppression). All these operations are implemented via
a succession of deep, �ne-grained, pixel-based pipelines connecting memories that
store intermediate results.

ˆ GAD-Disparity [328] : The kernel inputs a pair of stereo images and outputs a
two-dimensional disparity map, which can be transformed to depth map via simple
calculations involving the focal length and baseline of the camera. The images are
divided in horizontal stripes, which are processed in the FPGA by resource reusing.
In an iterative fashion, by implementing an outer loop over all examined disparities
and an inner loop over all pixels, the kernel matches all7� 7 image blocks between
images by minimizing a Gauss-aggregated sum of absolute di�erences. The on-chip
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memory is mostly used to store the pixels and their corresponding intermediate
aggregated values that are continuously compared/updated. On the other hand,
the on-chip logic is mostly used to calculate the Gauss-aggregated values.

8.4.2. Implementation Details and Issues

The initial porting of the CV kernels on NG-Large generated many tool issues and
unoptimized results. More speci�cally, functional errors appeared due to the HDL
description of the kernels, which was based on other FPGA technologies. Moreover,
the tool reported unbalanced or increased resource utilization and low clock frequency
due to its �immaturity� (newly released tool). Next, we report some representative
issues that appeared during the implementation. However, we note that most of them
have been resolved either by newer tool versions or via custom tool con�guration and
alternative HDL coding.

One of our �rst issues was with the HDL description of the dual-port memory banks.
The memory core of NG-Large's RAMB and RF is not read-�rst, thus, we had to add
registers to pipeline the write data/address, and also perform the write operation on
the falling edge of the clock. This issue was not reported by the tool, however, after
investigation based on our methodology, we managed to isolate the corresponding
components and detect the memory problem via post-synthesis simulation. Another
incidence occurred regarding the recognition of the ROM memories. The tool always
mapped our ROM arrays (declared asconstant in VHDL) onto the LUTs, even when
specifying a di�erent mapping target, i.e., RAMB/RF. Therefore, we used the VHDL
signal in the description of our ROMs. This issue was not functional, however, it
did not allow us to deliver the desired resource optimizations, while it was di�cult to
detect. Moreover, we note that the tool could not implement very large multiplications
onto the DSPs via cascading, thus, in certain cases, we had to modify the HDL
code and split the multipliers into smaller ones (or alternatively map them onto
CYs).

Regarding the mapping of the CV kernels on the underlying hardware, we observed
several ine�cient tool choices. Indicatively, we mention that the tool did not employ
the internal registers of the DSPs and RAMBs and used the DFFs of the FEs (e.g.,
to implement the registers before a multiplication or after the memory output). In
addition, the tool did not use all the available memory con�gurations to e�ciently map
our RAM components onto the RAMBs, resulting in large fragmentation. Finally, we
note that the tool did not exploit the CY at all (e.g., for additions), resulting in DSP
over-utilization and decreased performance.

Nevertheless, we note again that all the functional issues have been resolved and the
CV kernels are successfully implemented, while in terms of mapping e�ciency, the
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tool is continuously improving. In any case, we report indicative issues that arose
during the implementation to highlight the di�culty of using new tools for FPGA
design, as well as to indicate the signi�cance of accompanying the development with
a methodology.

8.5. Evaluation

8.5.1. Experimental Setup

The experimental evaluation is conducted at two levels: (i) at tool level, where we eval-
uate the NXmap settings and examine the resource utilization of the CV kernels, and
(ii) at hardware level, where we evaluate the chip's maximum frequency, the through-
put of the CV kernels, and the con�guration speeds/sizes of the bitstreams. Overall,
we report various experimental results for the acceleration of the CV kernels on NG-
Large, and we also directly compare them to the results obtained by well-established
FPGA tools and devices (mentioned as �3rd-party�).

From NanoXplore, besides NG-Large, which is our targeted FPGA device, we also
employ its predecessor NG-Medium for comparison purposes. Regarding the 3rd-
party FPGAs, we employ Xilinx Virtex-5QV XQR5VFX130 and Microsemi RTG4
RT4G150 (see Table 8.1), but we also use Cyclone III EP3CLS150 of Intel [358]. Even
though the latter is not a space-grade chip, it provides similar characteristics with NG-
Large (i.e., 65nm SRAM-based, 150K LUT4s, 150K DFFs, 666 9-Kbit RAMBs, 320
DSPs) and Intel is considered a well-established vendor in the FPGA market. In terms
of tools, we use NanoXplore NXmap v3.5.0.4 and the 3rd-party development suites
(Xilinx Vivado, Intel Quartus, Microsemi Libero).

The functional kernel veri�cation is performed via post-synthesis simulations, post-
place-&-route simulations, and actual hardware execution on realistic datasets. We
use images depicting rocky Martian terrains or satellites for Harris and Canny, and
synthetic stereo images depicting a rover's view on Martian terrain for GAD-Disparity
and Spacesweep. As discussed in our methodology, we compare the outputs with the
groundtruth results of the behavioral simulations.

8.5.2. Design Space Exploration on Market's FPGA Vendors

Before porting the CV kernels on NG-Large, we perform a design space exploration on
3rd-party tools/devices, as indicated by our methodology (see Figure 8.2). The goal is
to determine the most suitable kernel con�guration according to NG-Large's capacity,
but also, to extract baseline results for evaluation purposes.
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(a) (b)

(c) (d)

Figure 8.5: Design space exploration on FPGA vendors: synthesis results for (a) Canny Edge
Detector [326], (b) Harris Corner Detector [327], (c) GAD-Disparity [328], (d) Spacesweep [329].

Figure 8.5 illustrates the resource utilization from the synthesis of6 di�erent kernel
con�gurations with the 3rd-party tools. These diverse con�gurations impose di�erent
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constraints in calculations, datapath and input sizes, in an e�ort to stress the tools in
both logic and memory. We note that Virtex-5QV has 6-input LUT while the other
FPGAs have 4-input LUTs. To make a fair comparison, we rely on our experiments
and statistically use LUT4 = 1:5� LUT6 for Virtex-5QV. Moreover, as each FPGA
has di�erent RAMB size, we present the total RAM in Kbits. As explained, even
though our goal is not to compare the 3rd-party tools, we perform similar scaling in
all FPGA vendors. This is quite evident in the scaling of the RAM resources of all CV
kernels. The LUT and DSP utilization are tightly coupled, and they also depend on
the strategy of each vendor regarding the mapping of the arithmetic/logic operations.
Nevertheless, we observe some spikes, e.g., in the LUT utilization of Cyclone III for
Canny (Figure 8.5a) and Harris (Figure 8.5b), and the RAM of RTGA for Canny
(Figure 8.5a) and Disparity (Figure 8.5c).

Following our 3rd-party exploration, we con�gure the CV kernels as shown in Table 8.2
to port them on NG-Large. For example, Harris inputs a 1024� 1024 8-bit image, par-
titioned in 1024� 32 pixel stripes (image divided into 32 such blocks), performs convo-
lutions with 7� 7 14-bit masks, and outputs 32-bit corners.

8.5.3. Experimental Results

Evaluation of NXmap Tool

In this section, we evaluate the implementation of the CV kernels on NG-Large and
present results from our exploration in the NXmap synthesis and place & route stages.
We remind that for the default runs we do not modify any tool settings, while for the
tailored runs we apply custom tool settings. Moreover, we note that our tailored tool
con�gurations were more important in earlier versions of NXmap, which provided un-
optimized results (see Section 8.4.2). In the examined tool version, the default results
have been greatly improved compared to previous versions.

The upper/lower part of Table 8.3 presents the NG-Large utilization of synthesis with
the default/tailored NXmap settings. Towards more balanced resource utilization, as
indicated by our methodology (see Figure 8.2), we share the arithmetic operations
between DSPs and CYs using the corresponding NXmap routines. For example, the
majority of Harris multiplications are mapped onto CYs instead of DSPs in the default
synthesis. As a result, in the tailored synthesis, we achieve a balanced utilization i.e.,
from 43% CY and 8% DSP to 23% CY and 22% DSP. For Disparity, the default
settings deliver the same resources with our custom settings that balance the DSP
and CY utilization. For Spacesweep, the tool maps by default the small memories onto
RFs, thus, it is capable of making decisions with respect to the memory size. However,
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Table 8.2: Final con�guration of computer vision kernel's algorithmic parameters.

Kernel
Data Mask

Img Size Img Partition I/O Bits Size Bits

Canny Edge Detector [326] 1024� 1024 � 8=4 3 � 3 8 � 3
Harris Corner Detector [327] 1024� 1024 1024� 32 8/ 32 7� 7 8 � 14
GAD-Disparity Stereo Vision [328] 1024� 1024 1024� 32 8/ 10 7� 7 8 � 7
Spacesweep Stereo Vision [329] 1024� 1024 1024� 16 8/ 32 13� 13 8� 8

Table 8.3: Synthesis' resource utilization of computer vision kernels on NG-Large FPGA.

Kernel
Default Tool Settings 1

LUT DFF CY DSP RF RAMB

Canny 1845 (2%) 2348 (2%) 1167 (4%) 2 (1%) 0 (0%) 177 (93%)
Harris 6210 (5%) 16398 (13%) 13794 (43%) 27 (8%) 0 (0%) 69 (36%)
Disparity 1000 (1%) 3628 (3%) 4548 (15%) 4 (2%) 0 (0%) 85 (45%)
Spacesweep 5500 (5%) 10222 (8%) 6277 (20%) 50 (14%) 8 (2%) 74 (39%)

Kernel
Tailored Tool Settings 2

LUT DFF CY DSP RF RAMB

Canny 1845 (2%) 2299 (2%) 1086 (4%) 4 (2%) 0 (0%) 177 (93%)
Harris 6110 (5%) 15304 (12%) 7112 (23%) 81 (22%) 0 (0%) 69 (36%)
Disparity 1000 (1%) 3628 (3%) 4548 (15%) 4 (2%) 0 (0%) 85 (45%)
Spacesweep 5499 (5%) 10222 (8%) 6277 (20%) 50 (14%) 0 (0%) 79 (42%)
* %: utilization of NG-Large ( 137K LUTs, 129K DFFs, 32K CYs, 384 DSPs, 672 RFs, 192 RAMBs).
1 Previous NXmap tool versions did not utilize CYs by default, and we had to share the arithmetic

operations between DSPs and CYs to balance the utilization for our tailored synthesis.
2 Tailored tool settings selected towards the best possible clock frequency (see Table 8.4).

we force the tool to use RAMBs even for these small memories, because according to
our experiments, it results in better clock frequency.

Before proceeding to place & route, we examine how our mapping choices a�ect the
clock frequency. Canny and Harris achieve better clock frequency when using the
DSP for their multiplications. Therefore, as in Harris, we map the few multipliers of
Canny onto the DSPs. On the other hand, Disparity and Spacesweep achieve better
timing when the default mapping is used, as the custom mapping decreases the clock
frequency by 5%. As a result, we do not adopt the custom mapping in these kernels
and tune only the settings of place & route.

Next, we proceed with the place & route stage, where we apply our performance-
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Table 8.4: Implementation's resource utilization of computer vision kernels on NG-Large FPGA.

Kernel
Default Tool Settings

LUT DFF CY DSP RAMB MHz

Canny 1844 (2%) 2412 (2%) 1167 (4%) 2 (1%) 177 (93%) 35
Harris 6205 (5%) 16516 (13%) 13794 (43%) 27 (8%) 69 (36%) 31
Disparity 994 (1%) 3664 (3%) 4548 (15%) 4 (2%) 85 (45%) 47
Spacesweep 5493 (5%) 10280 (8%) 6277 (20%) 50 (14%) 74 (39%) 51

Kernel
Tailored Tool Settings

LUT DFF CY DSP RAMB MHz

Canny 1843 (2%) 2349 (2%) 1086 (4%) 4 (2%) 177 (93%) 38
Harris 6105 (5%) 15413 (13%) 7112 (23%) 81 (22%) 69 (36%) 40
Disparity 998 (1%) 3672 (3%) 4548 (15%) 4 (2%) 85 (45%) 50
Spacesweep 5458 (5%) 10276 (8%) 6277 (20%) 50 (14%) 79 (42%) 52
* %: utilization of NG-Large ( 137K LUTs, 129K DFFs, 32K CYs, 384 DSPs, 192 RAMBs).

wise tool exploration (see Figure 8.3). The upper/lower part of Table 8.4 presents
the NG-Large utilization of place & route with the default/tailored NXmap settings.
Firstly, we observe that the memory and arithmetic resources, i.e., RFs/RAMBs and
CYs/DSPs, remain equal to those reported by synthesis. Moreover, the variations in
resources for tuning the place & route settings (DensityEffort , CongestionEffort ,
PolishingEffort , RoutingEffort , BypassingEffort ) are negligible for all the ker-
nels, i.e., � 10 LUTs. In terms of performance, all the kernels achieve better clock
frequency by modifying some of the default settings. We combine di�erent options
for the aforementioned tool settings and report those that provide the maximum fre-
quency according to NXmap's STA. For Canny, the PolishingEffort setting is set
to �high� rather than �medium�, providing an increase of 2:7MHz. For Harris, the
PolishingEffort setting is set to �low� rather than �medium�, giving an increase
of 9:5MHz. For Disparity, the PolishingEffort setting is set to �low� rather than
�medium� and the DensityEffort to �medium� rather than �low�, delivering an in-
crease of2:6MHz. For Spacesweep, theCongestionEffort setting is set to �medium�
rather than �high�, delivering an increase of 0:7MHz. These gains in the clock fre-
quency may be considered limited, but as we show in the next section, they are still
important towards improving the throughput of the CV kernels. Moreover, we note
again that our tool exploration provided signi�cant gains in the initial tool versions,
i.e., up to 3� frequency improvement.

Overall, with respect to the reported resource utilization, we conclude that the
NXmap tool maps the CV kernels as expected. Considering that these kernels im-
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pose diverse memory requirements, the tool correctly employs several of the available
RAMB con�gurations, e.g., 24K� 2 and 12K� 4. As a result, reasonable RAMB uti-
lization is derived for 1024-pixel-wide images, ranging from 36% (Harris) to 93%
(Canny). Canny utilizes almost all the on-chip RAM resources, as it receives the
entire image and operates in burst mode, contrary to the other kernels that input
image stripes. Regarding the arithmetic and logic components of the kernels, NXmap
successfully recognizes, reports, and maps all the arithmetic operators, �nite-state
machines, and logic functions.

Evaluation of NG-Large's Performance, Power and Con�guration

Table 8.5 reports the performance results for the kernels (clock frequency, latency for
one input frame and throughput). The throughput metric excludes I/O and refers
only to processing, i.e., the single execution of the kernel. For the feature detection
kernels, we measure the Frames Per Second (FPS), while for the depth extraction
kernels, we employ the MPixel Disparities per Second (MPDS), which is a metric
combining both resolution and performance. The results show that NG-Large pro-
vides su�cient performance for 1-MPixel image, taking into account the requirements
of the corresponding VBN space applications. The time required for a complete re-
construction using Disparity and Spacesweep could improve the conventional depth
extraction of Mars rovers by 1 order of magnitude (in terms of resolution and speed).
We note that in the tested con�guration, Spacesweep examines 3� more depth levels
than Disparity ( 300 versus 100), and thus, it provides much higher accuracy. Fur-
thermore, given that most VBN pipelines require 1� 10 FPS, we conclude that the
throughput of Canny and Harris, which is 5:3 FPS and 10 FPS, respectively, leaves
enough room for the complementary components of an algorithmic chain to �nish on
time. Regarding the power consumption of NG-Large, we report a detailed analysis
in [319]. In brief, the static power (when the FPGA is not programmed) is 2W, while
the dynamic power varies, as it depends on the resource utilization (e.g., it is� 200mW
when utilizing 10K FEs or 200DSPs, and� 40mW when utilizing 150RAMBs). Based
on our power measurements and analysis in [319], we report a power estimation in
Table 8.5, which, however, regards only the resource utilization and does not take
into account the I/Os, interconnections, and switching activity. When considering
these parameters, the power consumption of NG-Large lies around the typical FPGA
values for such high-performance DSP workloads.

In Table 8.6, we report the bitstream size of each kernel and the time required for
NG-Large to be programmed via JTAG operating at 8MHz. According to the results,
the con�guration time of NG-Large is almost proportional to the bitstream size. In
particular, the JTAG interface programs the chip with a rate of 452KB/s for Canny,
389 KB/s for Harris, 381 KB/s for Disparity and 399 KB/s for Spacesweep. The
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Table 8.5: Performance and power of computer vision kernels on NG-Large FPGA.

Kernel
Clock Latency Throughput 1 Power 2

(MHz) (s/frame) (FPS) | (MPDS) (W)

Canny 38 0:10 10 2:3
Harris 40 0:19 5:3 2:5
Disparity 50 6:7 18 2:3
Spacesweep 52 10:8 29 2:4

1 Excluding I/O: FPS for Harris and Canny, MPDS for Disparity and Spacesweep.
2 Estimation based on the static FPGA power and the dynamic resource power (without

taking into account the I/Os, interconnections and switching activity).

Table 8.6: Results from the con�guration of the computer vision kernels on NG-Large FPGA.

Kernel
Bitstream Size Con�guration Time 1 Con�guration Rate

(KB) (s) (KB/s)

Canny 2669 5:9 452
Harris 1751 4:5 389
Disparity 1563 4:1 381
Spacesweep 1719 4:3 399
1 FPGA con�gured via JTAG using Intel Core i7-4500U@1.80GHz � 4, 8GB RAM.

bitstream of Canny is around 1MB larger than that of the other kernels, which is due
to its 93% RAMB utilization, and thus, it requires more time to be con�gured. The
con�guration times can be greatly improved by using the SpaceWire interface, which
can operate up to400 Mbps. Furthermore, we observe that the size of the NG-Large
bitstream is not �xed, like in other 3rd-party FPGAs, where the bitstream size is
pre-determined regardless of the design size and complexity. This is an advantage of
NG-Large, considering that in space missions various bitstreams are stored on-board.
These bitstreams implement either di�erent kernels (in case of algorithmic pipelines)
or multiple variants of the same kernel (e.g., performance-wise and accuracy-wise vari-
ants). In this context, our work in [325] discusses adaptive scenarios in space applica-
tions that require multiple bitstreams to be con�gured. The same work also evaluates
the recon�guration capabilities of NanoXplore's NG-Medium based on the expected
recon�guration rates of the space applications.

8.5.4. Comparative FPGA Evaluation

In this section, we compare the implementations of the CV algorithms on NG-Large
with those on other FPGAs (Virtex-5QV, Cyclone III, RTG4, NG-Medium). Our goal
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is to evaluate the BRAVE tools and devices by comparing them to well-established
and more mature solutions in the space domain that exist in the market for much
longer. Moreover, we compare NG-Large with NG-Medium in order to evaluate the
evolution of the space-grade BRAVE FPGAs.

Comparison to 3rd-Party FPGAs

For Canny, NXmap provides LUT utilization that is comparable to that of the 3rd-
party tools, i.e., LUTs are increased by only 6%. However, we note that if we also
consider the route-thru LUTs that are consumed due to CY utilization, the LUTs are
increased by48%. The DFF resources are increased by almost50% in NG-Large.
This huge increment is due to not utilizing the internal registers of RAMBs (given
that the RAMB utilization is 93% and our memories include registers). In terms
of DSPs, NXmap utilizes the same resources with the 3rd-party tools, while it is
more e�cient in the utilization of the memory resources (considering the RAMB size
di�erence between devices). Overall, we consider the Canny resources as reasonable,
taking into account that it almost �lls up all the RAMBs, and thus, the tool is stressed
to provide e�cient mapping for the rest resources. For Harris, NXmap provides a
good LUT utilization, i.e., 3:2� less LUT versus the average 3rd-party value. When
considering the pass-thru LUTs for the CY utilization, the total number of LUTs
increases, but it is still comparable with the 3rd-party value. Moreover, the LUT
utilization should be examined along with the number of employed DSPs, for which
NXmap utilizes 1:5� less. Regarding the memory resources, NXmap delivers56%
less RAMBs, while the total RAMB Kbits consumed are less than the average 3rd-
party value. Similar results are observed for the other two CV kernels. For Disparity,
NXmap provides promising LUT utilization, as it employs a small number, even when
considering the CY resources. Regarding RAM resources, NXmap is below the 3rd-
party value in both blocks and Kbits. For Spacesweep, NXmap provides small LUT
utilization, which is better by 52%compared to the other tools, and almost the same
when considering the CYs. The DFF utilization is also better by 5%, while the DSP
and RAMB utilization is excellent, as NXmap outperforms the average 3rd-party
values by 20% and 30%, respectively.

Comparison to the NG-Medium FPGA

Next, we compare NG-Large against its predecessor, i.e., NG-Medium, to evaluate
the progress of BRAVE devices and examine if NG-Large provides signi�cant ad-
vantage due to being4� bigger in resources. We implement the same kernels on
NG-Medium, initially con�gured as shown in Table 8.2, and we apply the �nal tai-
lored tool settings that provided the best frequency on NG-Large. We note that we
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do not change the algorithm of the kernels, namely, the same HDL sources are im-
plemented in both devices. Only in case of resource over-utilization or unexpected
tool issue in NG-Medium, we modify either the kernel parameters (e.g., use smaller
input image) or the tool settings (e.g., apply di�erent mapping). Table 8.7 reports
the resource utilization in both BRAVE FPGAs. As expected, the memory resources
of NG-Medium force us to modify the parameters in all kernels. More speci�cally,
in Harris and Disparity, we decrease the height of the input image stripe by4� and
2� , respectively, while in Canny and Spacesweep, we decrease the size of the entire
image by 4� (from 1024� 1024 to 512� 512). The derived results show that, even
though the designs of NG-Large regard inputs with larger size, its resource utiliza-
tion percentage is signi�cantly better, leaving room for implementing complementary
HDL components, increasing the parallelization, or serving even bigger input im-
ages.

In Figure 8.6, we report the latency improvement in NG-Large compared to NG-
Medium. Harris in NG-Large is better by 4:6� , as the clock frequency is increased
by � 4� , and NG-Medium has to process4� more (smaller though) image stripes.
Canny achieves better clock frequency and execution time in NG-Medium, but for
the 1=4 of NG-Large's input image. To serve an 1024� 1024 image, it will have to
process each1=4 of the image, send the partitioned edge map back to the CPU,
and at the end, bring all the partitioned edge maps back to the FPGA. These ex-
tra steps will add an overhead of � 60ms in the good scenario, i.e., when using the
SpaceWire interface at100 Mbps for data transmission. Thus, the total performance
improvement in NG-Large is 1:4� . Regarding Disparity, both devices achieve al-
most the same clock frequency, i.e., around50MHz, however, NG-Medium has to
process2� more (smaller though) image stripes. This di�erentiation in the parti-
tion of the input image is translated to 1:2� performance improvement in NG-Large.
For Spacesweep, considering that NG-Medium has to process smaller input image to
avoid resource over-utilization, and also with a clock frequency decreased by1:7� ,
NG-Large delivers around1:7� better performance. In any case, we note again that
we implement the same algorithms on both devices, and the performance in NG-
Large can be greatly improved by exploiting its bigger capacity and increasing the
parallelization, e.g., implement parallel arithmetic operators or process stripes in par-
allel.

Concluding, in comparison with the 3rd-party FPGAs, NG-Large exhibits compara-
ble, or even better in several cases, resource utilization (depending on the kernel and
the FPGA block). Considering that NXmap is a newly released tool and that we
have seen continuous improvement in every new tool version, the results are expected
to improve in the future. Compared to NG-Medium, NG-Large provides increased
�exibility due to its bigger capacity, while the former is stressed (or is unable) to
implement CV kernels for typical image sizes, e.g., 1 MPixel. NG-Large delivers bet-
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Table 8.7: Comparison of NanoXplore's FPGAs for the implementation of computer vision kernels.

Kernel 1 FPGA NG-Med. vs. NG-Lar. 2 LUT DFF CY DSP RAMB MHz

Canny NG-Large 4� smaller input image 2% 2% 4% 1% 93% 38
NG-Medium (0.25MP vs. 1MP) 7% 8% 13% 5% 90% 50

Harris
NG-Large 4� smaller img. partition 5% 13% 23% 22% 36% 40
NG-Medium (1K � 8 vs. 1K� 32) 19% 38% 73% 100% 63% 11

Disparity NG-Large 2� smaller img. partition 1% 3% 15% 2% 45% 50
NG-Medium (1K � 16 vs. 1K� 32) 4% 10% 18% 41% 86% 52

Ssweep NG-Large 4� smaller input image 5% 8% 20% 14% 42% 52
NG-Medium (0.25MP vs. 1MP) 22% 32% 78% 45% 95% 30

1 The same algorithms are implemented in both FPGAs (no HDL modi�cation).
2 NG-Large is 4 � bigger than NG-Medium in resources.

Figure 8.6: Latency improvement in computer vision kernels by NG-Large compared to NG-Medium
for the same algorithm (no HDL modi�cation, e.g., for increased parallelization).

ter performance that can be further improved by exploiting its resources to increase
the parallelization. Furthermore, NG-Large leaves a signi�cant amount of resources
that can be used for implementing other complementary HDL components in the case
of algorithmic pipelines, as shown in the system-level evaluation of our publication
in [319].

8.6. Demonstration of the Computer Vision Kernels

To evaluate and demonstrate the actual hardware execution of the CV kernels on
NG-Large, we develop a hardware/software architecture that is based on the se-
rial UART communication. Our goal is to transmit and receive I/O data to/from
NG-Large and validate the results, and not to provide the optimal I/O and system
throughput (which can be achieved via the high-performance SpaceWire interface).
For this purpose, we develop software in our host-PC for I/O data handling and
demonstration, as well as hardware in NG-Large for I/O data handling and kernel
control.
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Figure 8.7: Hardware/Software UART-based architecture for the execution of the computer vision
kernels on NG-Large (testing and demonstration).

8.6.1. Development of CPU�FPGA Communication

To establish a communication for data transfers between the host-PC and NG-Large,
we adopt the infrastructure of Figure 8.7. In the host-PC side, we develop C functions
using the GCC compiler, which are tailored to the data sizes and bit-widths of each
kernel. In brief, the host-PC functions perform the following operations:

ˆ open the USB port for the serial communication.

ˆ specify the settings for the communication, e.g., baud rate, timeouts, blocking
or non-blocking mode.

ˆ read the input data (stored in the host-PC) and send them to NG-Large by
applying the appropriate bit manipulations and writing the USB port.

ˆ receive the output data from the NG-Large execution by reading the USB port.

ˆ write the output data to �les for comparison with the groundtruth data and
demonstration.

In the FPGA side, we implement a hardware architecture for receiving/transmitting
data from/to the host-PC, as well as for applying the required data encoding/decod-
ing and controlling the kernel's I/Os. The development is performed in pure VHDL,
and the architecture is parametric in terms of baud rate and global clock frequency.
The UART modules are implemented based on the protocol speci�cations: the Rx/Tx
component serially receives/transmits the data, while the tick generator synchronizes
the UART logic with respect to the baud rate. The arbiters for controlling the kernel
I/Os, i.e., the glue logic between UART and the kernel, are based on the kernel's
architecture (e.g., processing in image stripes or in burst mode) and I/O signals.
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(a)

(b)

Figure 8.8: Input and output arbiter for handling the I/O data of (a) Canny and (b) Harris. The
corresponding arbiters for Disparity and Spacesweep are similar to those of Harris.

In general, the input arbiter collects the data from the Rx component, packs them
accordingly, and feeds the kernel when it is ready to start the processing. Correspond-
ingly, the output arbiter retrieves the kernel's outputs, decouples them to packets,
and forwards them to the Tx component when the latter is ready to transmit them
to the host-PC.

Figure 8.8 illustrates the main �nite-state machines of Canny's and Harris' arbiters.
The arbiters of Disparity and Spacesweep are similar to those of Harris. At �rst,
Canny receives the two thresholds required for the hysteresis thresholding task, and
then it receives the entire image. The input arbiter remains in the �Idle� state until
the �ag signal for valid data reception is activated for the �rst time by the Rx com-
ponent, which means that the �rst threshold is successfully received. This threshold
is stored in a register and the arbiter moves to the state �Store Inputs�. It remains
there until the second threshold and all the image pixels are received and stored in
register and memory bank, respectively. Next, in the state �Check Kernel�, the ar-
biter examines if Canny is ready to receive the input data. When that happens, the
controller moves to the �Feed Kernel� state, where it sends the thresholds and pixels
to Canny and activates all the signals required for starting the processing of a new
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image. Upon �nishing this process, it returns to the �Idle� state, waiting for the next
image. Correspondingly, the output arbiter remains in the �Idle� state until Canny
activates its output signals indicating that both the histogram and the edge map have
been calculated. When that happens, the arbiter starts to store the histogram and
edgemap in memory banks, before sending them to the Tx component. This data
storing is required, as the Tx component is not always ready to transmit the outputs
to the host-PC. Therefore, the output memory banks are read when Tx is ready for
transmission. When all the outputs are sent to Tx, the arbiter returns to its �Idle�
state to wait for the next Canny outputs. In the same context, we design the arbiters
of Harris, which, however, transfer and process the image in stripes. Moreover, before
starting the processing of a new image, we feed Harris with a new threshold, which
is updated in the software based on the previous frame's corners. Another di�er-
ence is that Harris produces32-bit output data, while the UART communication is
designed for8-bit data. Therefore, we transmit the outputs of Harris in bytes, and
perform the required bit manipulations in the software receiving the data from the
FPGA.

8.6.2. Real-Time Processing and Visualization

We assume the real-world scenario of space missions, where NG-Large is equipped
on-board. The camera captures random images during the traversal of the rover, and
NG-Large detects features on them using Canny and Harris, i.e., edges and corners,
respectively. These features are useful in VBN pipelines for pose tracking [326], rover
localization [327], and other space applications. On the other hand, Disparity and
Spacesweep are used to extract the depth of the scene when the camera captures
stereo images (e.g., every20cm) [328,329].

For demonstration purposes, we visualize the output results of the CV kernels. For
the feature detection kernels (Canny and Harris), we use both real-time camera input
and stored images, and we plot the edges and corners on them. For the depth extrac-
tion kernels (Disparity and Spacesweep), we use20 synthetic stereo images depicting
the Martian terrain and visualize the data in 2D and 3D. Figure 8.9 illustrates output
images from the execution of the kernels on NG-Large. Our demonstration video is
also available online3. As explained in the previous section, we aim only to demon-
strate the correct hardware execution and not evaluate the system throughput. The
serial UART communication does not provide increased I/O rate, and thus, the total
system throughput is low. Considering the processing throughput of the CV kernels
(see Table 8.5), the use of the high-performance SpaceWire interface (e.g., at100
Mbps) would provide su�cient system throughput.

3Demo available on YouTube: https://youtu.be/q8NKV4rpcY4 .
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(a)

(b)

Figure 8.9: Visualization of results from the execution of computer vision kernels on NG-Large:
(a) Harris Corner Detector [327] and (b) GAD-Disparity [328].

8.7. Conclusion

In this chapter, we examined the acceleration capabilities of the new European space-
grade BRAVE FPGAs. In particular, we employed high-performance CV kernels that
were developed in other FPGA devices/tools, and we systematically ported them on
NanoXplore's NG-Large FPGA. Towards exploiting all the available software tools
settings, as well as for surpassing the issues and ine�cient results of such new de-
vices/tools, we proposed a three-stage development & assessment methodology. The
methodology regards the typical stages of the FPGA design �ow, i.e., synthesis, place
& route (implementation), and bitstream generation & hardware execution, and it
can be used for testing and development on new FPGAs. In our work, we used it to
e�ciently port the high-performance CV kernels on NG-Large and evaluate this new
space-grade chip as on-board processor for space missions. Our experimental evalu-
ation examined the resource utilization, performance, power consumption, bitstream
size, and con�guration time, which are all taken into account in space mission scenar-
ios. It also included comparisons with well-established FPGA devices/tools. Besides
measuring the �exibility and e�ciency of the new NXmap tool, which is continuously
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evolving and improving, we showed that NG-Large could achieve feature extraction
with a throughput of up to 10 FPS and depth extraction with a latency of around
10s. Overall, NG-Large could implement high-performance and complicated algo-
rithms with su�cient hardware metrics, i.e., resource utilization, throughput, and
power consumption, which were all shown to be competitive/comparable with the
3rd-party FPGA designs.
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Chapter 9

DSP & AI Acceleration on Heterogeneous
Multi-Core SoCs

The increased computational demands of modern applications from domains such as
Arti�cial Intelligence (AI) and Digital Signal Processing (DSP) challenges their de-
ployment at the edge. At the same time, embedded systems are presented with tight
energy constraints, which limit their processing capabilities compared to the high-
performance computers of the cloud. Heterogeneous System-on-Chip (SoC) processors
emerge as an attractive hardware solution, however, they stil l require sophisticated
development to provide e�cient implementations. In this chapter, we exploit the het-
erogeneity of the multi-core Vision Processing Units (VPUs), which are low-power
SoCs with increased diversity in processors and memories, to accelerate demanding
DSP and AI algorithms. Towards the e�cient utilization of such heterogeneous and
complex SoCs, we employ a design methodology and various high- and low-level tech-
niques. Our implementations include custom DSP kernels, as well as a Computer
Vision (CV) pipeline and a demanding Deep Neural Network (DNN), which both per-
form pose estimation in space. The individual kernels are accelerated by10� � 20�
on the Myriad 2 VPU, while for the CV pipeline, we provide a speedup of8:5� � 12� .
The throughput of this pipeline for MPixel frames is up to5 FPS, while the power
consumption lies between0:8W and 1:1W. The deployment of the DNN on Myriad X
for resampled MPixel frames provides a throughput of2:7 FPS and a maximum power
consumption of 2W. Moreover, we directly compare the VPUs to other embedded de-
vices. According to our analysis, the Myriad VPUs exhibit signi�cantly better power
e�ciency, i.e., 5� versus the Jetson Nano GPU and4� versus the Zynq FPGA.
When examining the performance-per-Watt ratio of the devices, the VPUs provide
comparable results, and in some cases, even better: e.g., for the CV pipeline, Myriad
2 trades a3� loss in speed for a4� gain in mean power consumption.
This chapter is based on ourpublications in [359�362] .
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9.1. Introduction

The last decade is characterized by a rapid growth of powerful Arti�cial Intelli-
gence (AI) and complex Digital Signal Processing (DSP) algorithms. This algo-
rithmic evolution along with the large increment in sensor data have signi�cantly
a�ected computing systems at the edge. The worldwide demand for speed chal-
lenges the integration of AI/DSP functionalities in novel applications, especially at
the power-constrained embedded systems. Heterogeneous System-on-Chip (SoC) pro-
cessors emerge as a promising solution [25], o�ering increased programming �exibility
and diversity in terms of processors and storage. Besides the well-established SoCs
integrating Central Processing Units (CPUs) and Graphics Processing Units (GPUs),
a novel class of heterogeneous SoCs has recently appeared, namely the Vision Pro-
cessing Unit (VPU) [36,363]. Compared to the CPU�GPU SoCs, the VPUs provide
better power e�ciency. For example, Nvidia's Jetson Nano GPU consumes10W/ 5W,
while Intel's Myriad VPUs consume 1W� 2W. Compared to the Field-Programmable
Gate Arrays (FPGAs), the VPUs o�er improved programmability, smaller develop-
ment time/e�ort, and lower power consumption. Moreover, the VPUs can handle
classic DSP workloads, contrary to AI-speci�c processors, such as Google's Tensor
Processing Units (TPUs). In general, the VPUs integrate a variety of processors,
e.g., general-purpose cores, hardware �lters, vector cores, and neural network accel-
erators. The VPU SoCs excel in low-power imaging applications, covering domains
such as robotics, automotive, and space.

Intel manufactures the Myriad VPUs [364], i.e., Myriad 2 (28nm) and Myriad X
(16nm), which are prominent and well-established processors for embedded DSP &
AI applications. By o�ering numerous heterogeneous processing cores, these VPUs
enable the e�cient parallelization of demanding algorithms. A single VPU chip inte-
grates multiple hardware I/O peripherals, a variety of hardcoded low-power imaging
�lters, general-purpose processors, acceleration vector cores, and AI acceleration en-
gine(s). A similar heterogeneity is provided in storage, for which the VPU SoCs
o�er a memory hierarchy consisting of DRAM, scratchpad, and cache memories.
It is evident that the full utilization and exploitation of such complex heteroge-
neous SoCs requires a meticulous and systematic development approach. Further-
more, considering that these SoCs are build towards more �low-power� than �high-
performance�, the need for e�cient mapping and deployment becomes even more
crucial.

As explained in Chapter 8, space is one of the communities searching for alternative
processing platforms to comply with the tight constraints of on-board processing.
Besides the FPGAs, the enhanced performance of modern low-power edge devices
can e�ciently serve tasks of Earth Observation (EO) and Vision-Based Navigation
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(VBN). The heterogeneity of platforms such as the VPUs, allows for improved adapt-
ability to various mission scenarios and seamless in-�ight re-programmability. To
further improve the performance and Size, Weight and Power (SWaP), as well as addi-
tional costs (e.g., development e�ort), the space industry is studying mixed-criticality
architectures [365�368], i.e., the integration of both space-grade and Commercial-O�-
The-Shelf (COTS) components. The use of COTS components in Low Earth Orbit
(LEO) missions and CubeSats relies on the partial shielding provided by Earth's
magnetosphere and/or the short mission lifetime, which limit the damage or un-
availability of electronics due to radiation. In this context, FPGAs [322�324, 326],
GPUs [330, 331, 369�371] and VPUs [372�376] are evaluated as accelerators, while
they are also subjected to radiation tests, such as the Myriad 2 VPU [377]. A second
challenge for the space industry is the wider adoption of AI, which is currently limited
to o�ine/ground data processing and not on-board processing, mostly due to insuf-
�cient computational power and increased memory footprint, as well as quali�cation
issues when deployed in orbit [377].

The promising features ofMyriad VPUs has attracted the interest of the European
Space Agency (ESA), which is thoroughly involved in the safari of COTS embed-
ded devices. Towards the use of VPUs in space, ESA is supporting research ac-
tivities 1 that evaluate the overall performance of the Myriad SoCs, including their
integration in high-performance compute boards and mixed-criticality architectures
for space avionics. These activities aim to assess the suitability of the VPUs as
COTS parts of the on-board computer, mainly for low-power DSP/AI acceleration.
In the context of these activities, we propose a methodology to support the devel-
opment on the Myriad VPUs and accelerate demanding DSP/AI workloads. Our
goal is to surpass the bottlenecks of the resource-constrained embedded computing,
unlock the full potential of VPU's heterogeneity, and thus, e�ciently deploy com-
plex algorithms. Our application domain is space, however, both our methodology
and development techniques are generic, i.e., they can be used as design paradigm
to provide DSP/AI acceleration on the heterogeneous multi-core VPUs. Regarding
development, we apply various high-level parallelization and partitioning techniques,
while at lower level, we optimize the memories and the acceleration cores. In terms of
algorithms, at �rst, we implement custom DSP and AI kernels on Myriad 2, targeting
to demonstrate the VPU's capabilities and evaluate embedded design techniques for
parallelization and optimization. Afterwards, we accelerate a sophisticated 5-stage
Computer Vision (CV) pipeline (developed by Lourakis and Zabulis [378]2) on Myriad
2. Finally, we accelerate a compute-intensive Deep Neural Network (DNN) [379] (that
was not developed for embedded systems) on the AI acceleration engine of Myriad

1ESA LEOTOME: 4000126083/18/NL/FE
ESA HPCB: 4000126129/18/NL/AF

2Special thanks to Dr. M. Lourakis & Dr. X. Zabulis from FORTH for providing the initial CV SW.
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X.

The contribution of this chapter is summarized as follows:

(i) We highlight the great diversity of heterogeneous SoCs in terms of processors
and storage, as well as the signi�cance of the meticulous exploitation of the
heterogeneity towards improved performance.

(ii) We propose a methodology for the optimized mapping and acceleration of de-
manding DSP and AI algorithms on heterogeneous multi-core VPUs, while we
demonstrate several high- and low-level implementation techniques for embed-
ded systems.

(iii) We report comparative experimental results for embedded CPUs, VPUs, GPUs
and FPGAs, and we discuss the trade-o�s of each processor.

(iv) We test and evaluate Intel's Myriad VPUs as candidate on-board COTS accel-
erators for future space missions.

The remainder of this chapter is organized as follows. Section 9.2 overviews the
market's embedded platforms and presents the Myriad VPUs. Section 9.3 introduces
our design methodology. Sections 9.4�9.6 discuss the implementation details of the
DSP and AI algorithms. Section 9.7 reports various experimental results. Finally,
Section 9.8 draws the conclusions.

9.2. Background

9.2.1. The Landscape of Embedded Devices

Table 9.1 summarizes well-established embedded devices of the market, including the
Myriad VPUs. We report platforms with power consumption lying within the same or-
der of magnitude (e.g., there are other Nvidia Jetson devices consuming more power).
As shown, Intel's VPUs integrate LEON general-purpose processors along with the
RTEMS real-time operating system. On the other hand, Nvidia's GPUs and Google's
TPUs feature ARM processors and are equipped with Linux-based operating systems.
In terms of accelerators, the VPUs have more heterogeneity than the other devices,
o�ering multiple Streaming Hybrid Architecture Vector Engine (SHAVE) cores and
hardware �lters, while Myriad X also integrates a neural engine. The GPUs are based
on the Compute Uni�ed Device Architecture (CUDA) cores for acceleration, whereas
the key processing unit of TPUs is a systolic array with multipliers and accumulators.
The AI performance of these devices varies and shows that the TPUs are the win-
ners, however, these metrics are theoretical and should also be examined along the
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Table 9.1: Overview of market's embedded devices.

Vendor Device CPU Accelerators

Int
el Myriad 2 LEON4 ( � 2) 12-Core SHAVE, HW Filters

Myriad X LEON4 ( � 2) 16-Core SHAVE, AI Engine, HW Filters

Nvid
ia Jetson Nano Cortex-A57 128-Core Maxwell GPU

Jetson TX2 Cortex-A57, Denver 2 256-Core Pascal GPU

Google Coral Mini Cortex-A35 64� 64-Array 1 Edge TPU
Coral Cortex-A53, Cortex-M4F 64� 64-Array 1 Edge TPU

Vendor Device OS Max Clock AI Performance 2 Power 3

Int
el Myriad 2 RTEMS 600MHz 100 GFLOPS (fp16) 1W

Myriad X RTEMS 700MHz 1 TFLOPS (fp16) 2W

Nvid
ia Jetson Nano Linux4Tegra 922MHz 472 GFLOPS (fp16) 10W / 5W

Jetson TX2 Linux4Tegra 1122MHz 1:3 TFLOPS (fp16) 15W / 7:5W

Google Coral Mini Mendel Linux 500MHz 4 TOPS (int8) 5W
Coral Mendel Linux 500MHz 4 TOPS (int8) 5W

1 Estimation based on AI performance and testing (the array dimensions have not been revealed).
2 Reported o�cially by the vendors.
3 According to our in-house measurements.

AI accuracy and the actual power consumption. Moreover, a disadvantage of TPUs
is that they are AI-speci�c accelerators, and thus, they do not provide acceleration
cores for classic DSP and CV workloads. Regarding power, the VPUs are the most
e�cient solution, as they consume up to 2W. The TPU chip consumes0:5W per Tera
Operation Per Second (TOPS), however, the power of the entire system is� 5W. Es-
pecially for AI, the VPUs and the GPUs support various development frameworks,
e.g., TensorFlow and PyTorch, while the TPUs rely only on TensorFlow Lite. Finally,
both the VPUs and TPUs are produced as USB accelerators that can be hosted on
PC or single-board computer (e.g., Raspberry Pi).

These devices are used for accelerating compute-intensive DSP and AI workloads at
the edge. Because of their increased programming complexity and performance issues
compared to their desktop and data center counterparts, they have received signi�cant
research attention. More speci�cally, the literature includes several methodologies and
techniques for the development on these devices and provides a plethora of bench-
marking/evaluation results. There are also relevant works that propose new frame-
works/libraries and co-processing embedded architectures. As our application domain
is space, we report related work on the aforementioned devices.

The Myriad VPUs are systematically evaluated by the space community. Furanoet al.
[377] report results from the radiation tests on Myriad 2, involving various functional
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tests and characterization of all SoC's memories. Their results show that Myriad 2
remains fully functional after being exposed to a total ionizing dose of 49 krad(Si).
Agarwal et al. [374] use Myriad 2 to implement a star identi�cation neural network.
Their experimental evaluation shows that Myriad 2 provides su�cient performance,
while it consumes around1W and retains 99%accuracy. Myriad 2 is also integrated in
custom boards and co-processing architectures. This VPU is equipped on-board in the
� -Sat-1 CubeSat mission of ESA as DNN demonstrator for EO [372]. Furthermore,
it is integrated in Ubotica's CogniSat platform [375], which is an AI inference and CV
engine that exposes Myriad 2 to the payload developer. In the same context, Myriad 2
is the main accelerator of the HPCB platform [373], which is a payload data processor
board provided by Gobham Gaisler. Interestingly, the HPCB includes three Myriad
2 SoCs to provide fault tolerance and increased performance. For the successor of
Myriad 2, i.e., Myriad X, the authors of [376] report results from the deployment
of neural networks classi�ers. The networks are trained on Mars imagery from the
Reconnaissance Orbiter and Curiosity rover, and the average inference time is16-
20ms, while the power consumption lies around1:9W.

Regarding the use of embedded GPUs in the space domain, Kosmidiset al. [369] ex-
amine their applicability from both the software and hardware perspectives. In partic-
ular, they analyze the algorithms and workloads of space applications to identify their
suitability for GPUs, and they also perform benchmarking on GPUs. In [370], the au-
thors evaluate two graphics-based computing methodologies (OpenGL 2.0 and Brook
Auto) for safety-critical systems. Their main benchmark is an application modeling
a VBN scenario where the aircraft performs rendez-vouz with an object. Moreover,
the literature includes various FPGA�GPU co-processing architectures. The hybrid
FPGA-GPU architecture of [330] employs Nvidia's TX2/TX2i GPU as main acceler-
ator. The heterogeneous architecture of [331] integrates the AMD SoC (CPU�GPU)
for acceleration, and optionally, a VPU for AI deployment. The authors of [371] use
Nvidia's Jetson Nano GPU to accelerate neural networks for object detection along
with image compression techniques. Finally, the edge TPUs are used in several terres-
trial applications [380, 381], however, they are still not adopted in the space domain
(ESA is working towards this direction [382]3). Very recently, a CubeSat-sized co-
processor with three TPUs was introduced [383], supporting various operation modes
(high-performance, fault-tolerant, low-power).

9.2.2. The Intel VPUs and Tools

The Myriad family of VPUs o�ers heterogeneous multi-core SoCs for mobile/embed-
ded applications. Besides the space domain, the Myriad VPUs are used for implement-

3ESA CAIRS21: 4000135491/21/NL/GLC/ov
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ing DNNs [384�387], machine learning algorithms (e.g., SVM classi�ers [388]), and
CV functions (e.g., stereo vision [389]). The fabric architectures of Myriad 2 and Myr-
iad X are illustrated in Figure 9.1 and Figure 9.2, respectively. Next, we discuss the
SoC details and present the associated software tools.

The Myriad SoCs integrate multiple I/O peripherals and di�erent types of proces-
sors. All these components are connected to a multi-ported high-bandwidth shared
memory hierarchy. Regarding general-purpose CPUs, the SoCs include two LEON4
processors that implement the 32-bit RISC SPARCv8 architecture. The �rst pro-
cessor is called LEON OS (LOS) and primarily handles the external communication,
i.e., it controls peripherals such as UART, SPI, ETH, and USB3. Moreover, LOS
runs the RTEMS real-time operating system. The second core is called LEON RT
(LRT) and manages the media devices such as camera sensors and HDMI, while
it also controls all the imaging interfaces (MIPI, LCD, CIF). The key processing
units are the SHAVE cores, which are controlled at high level by the LEON proces-
sors. These cores are128-bit Very-Long-Instruction-Word (VLIW) processors that
are suitable for executing the bulk of compute-intensive tasks, o�ering not only core
parallelization, but also room for low-level custom optimization. Each SHAVE sup-
ports Single-Instruction-Multiple-Data (SIMD) instructions on various data types,
i.e., 16/ 32-bit �oating-point and 8/ 16/ 32-bit integer. The Myriad VPUs are also
equipped with hardware imaging accelerators, which are called Streaming Image Pro-
cessing Pipeline (SIPP) �lters. These specialized accelerators are con�gurable up to a
certain degree and provide low-power implementation for numerous image processing
kernels.

Regarding memory hierarchy, the VPUs provide on-chip DDR DRAM (global mem-
ory), which is accessed by the processors through a single DDR controller. Further-
more, the SoCs have a small SRAM memory, called Connection Matrix (CMX), which
is primarily used by the acceleration cores as scratchpad memory. Each SHAVE core
has preferential ports into a 128KB slice of the CMX memory, whereas the remaining
storage can be exploited for other purposes. For the communication between DDR
and CMX, the hardcoded DMA engine is used, providing high-bandwidth data trans-
fers in either direction. The processors come along with their cache memories. More
speci�cally, each LEON processor has both L2 and L1 caches, while the SHAVEs
share a common L2 and have a dedicated L1.

The fabrication process of Myriad 2 is 28nm HPC+/HPC/HPM. This VPU o�ers
12 SHAVEs and its clock frequency can be con�gured up to600MHz. In terms of
memories, it has on-chip a512MB DDR and a 2MB CMX. LOS has 64KB L1 and
256KB L2 caches, whereas LRT has8KB L1 and 32KB L2 caches. SHAVEs share a
common256KB L2 cache, in addition to a 3K L1 per core (1KB for data and 2KB for
instructions). The fabrication process of Myriad X is 16nm FFC. This next-generation
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Figure 9.1: The fabric architecture of Intel's Myriad 2 VPU [364].

Figure 9.2: The fabric architecture of Intel's Myriad X VPU [364].

VPU features a dedicated on-chip accelerator, called Neural Computer Engine (NCE),
for inferencing DNNs. Besides the AI accelerator, the main di�erences compared to
Myriad 2 are the addition of 4 more SHAVE cores, the increment of the CMX capacity
by 0:5MB, and the increment of the clock frequency to700MHz. There are also more
MIPI lanes and slightly bigger caches for LEONs.

To implement custom CV and DNN applications on the Myriad VPUs, the developer
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uses the Myriad Development Kit (MDK). This programming suite integrates GCC
toolchain for the LEON processors and a C/C++ compiler with extensive intrinsic
support for SHAVEs, while o�ering numerous C/C++ libraries (e.g., for DMA trans-
actions, SHAVE initialization, I/O data handling, power measurement). Moreover,
MDK provides debugger, simulator, trace pro�ler, and libraries with CV kernels. In
essence, the Myriad VPUs are programmed via an LLVM-based vectorizing C/C++
compiler, allowing the generation of assembly code, which is on a par with hand-
optimized assembly. Towards improved assembly code, the developer can also write
Myriad-friendly C/C++ code, e.g., explicitly apply the vectorization to leverage the
automatic SIMD calculations.

To deploy DNN models of well-known frameworks (e.g., TensorFlow) on Myriad X,
the developer uses Intel's OpenVINO toolkit [390]. Figure 9.3 shows the deployment
procedure via OpenVINO with respect to the targeted platform: (i) the USB accelera-
tor integrating Myriad X, which is called Neural Computer Stick 2 (NCS2) and (ii) the
Myriad X SoC. In the �rst case (Figure 9.3a), OpenVINO inputs the frozen graph of
the network and generates its intermediate representation with the model optimizer.
The intermediate representation consists of an XML �le for the network topology
and a binary �le for the weights and biases. These �les are deployed on NCS2 using
the OpenVINO C/C++ or Python API. In the second case (Figure 9.3b), OpenVINO
converts the intermediate representation to a binary programming �le, which is loaded
on NCE via the mvNCI API. The same API is also used to feed NCE with input data
and receive its outputs in the form of tensors.

9.3. Design Methodology

The e�cient utilization of very heterogeneous SoCs, such as Myriad 2 and Myriad
X, requires a methodical design approach. To exploit the full potential of hetero-
geneity, the diverse algorithmic functions of the application should be mapped to the
most suitable processing units, while the development should be customized to the
underlying hardware. Towards this direction, we propose a design methodology for
e�ciently partitioning, scheduling and mapping any DSP/AI application that consists
of multiple algorithmic functions.

We divide our methodology in two branches. The �rst branch regards the implemen-
tation of an algorithm from the DSP domain, e.g., the CV pipeline of [378]. The
second branch regards the deployment of an AI network, e.g., the DNN of [379]. The
methodology for the AI application refers only to the Myriad X SoC and the NCS2
USB, which include NCE, i.e., the hardcoded AI accelerator. In case the targeted
platform is Myriad 2 or more custom implementations are desired, the developer can
adopt the methodology for the DSP application.
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(a)

(b)

Figure 9.3: Deployment of DNNs on Myriad X via OpenVINO on (a) Neural Computer Stick 2
and (b) Myriad X SoC.

Regarding the DSP application, we begin by developing all the algorithmic functions
or porting their pure C/C++ code (developed in other platforms) on the general-
purpose LEON CPU. Upon all the functions are successfully compiled and executed,
we pro�le and analyze them to derive the execution time, the requirements in memory,
I/O and arithmetic, and even the programming complexity. Based on this analysis,
and according to our design goal, e.g., more �low-power� or more �high-performance�,
we partition the entire algorithm on the SoC, i.e., we determine the mapping target
for each algorithmic function. Moreover, based on our analysis as well as the SoC's
micro-architecture and the libraries/frameworks provided by the vendor, we develop
the utility software, e.g., for handling the I/Os, managing the memory allocation, and
parallelizing the tasks of each function. Afterwards, we begin the implementation of
each function at both high and low level. At high level, we apply the most e�cient

204



9.3. Design Methodology

parallelization and mapping scheme to the SoC cores and organize our software in
terms of time and memory allocation. At low level, we accelerate each function by
rearranging its operations to facilitate pipelining and maximize the memory reuse,
we apply word-length optimization to further minimize bu�ering, and we perform
parallelization via vectorization and/or data decomposition techniques. The next step
is to integrate all the functions to the system and explore all coding parameters to �ne-
tune the implementation for the given problem/dataset. In case the design constraints
are not satis�ed, we use our feedback loop to return either to the initial partitioning
and scheduling of the entire algorithm or the high- and low-level implementation. All
these methodology steps are summarized as follows.

Methodology for DSP Application:

1. Development/Porting of the application/algorithm on the LEON core.

2. Pro�ling and analysis of each algorithmic function with realistic dataset.

3. Partitioning and scheduling of the entire algorithm on the Myriad SoC.

4. Development of utility software for I/O handling, memory management, and
low-level optimizations.

5. High-level parallelization of each algorithmic function to the SHAVE cores.

6. Low-level implementation and optimization in the SHAVE cores.

7. System integration of each algorithmic function.

8. Testing and tuning with application-speci�c datasets.

9. Return to step 3 or 5 until the constraints are met and the system is optimized.

Regarding the AI application, we follow steps similar to those proposed by Open-
VINO [390]. The training and optimization of the network with the AI framework
(e.g., TensorFlow, PyTorch) are out of the Dissertation's context. OpenVINO sup-
ports tuning and optimization on the network frozen graph via the model optimizer.
One of the provided methods is the fusing of the linear operations, e.g., the multipli-
cations and additions can be merged into a single multiply-add instance or fused to
convolutional and fully-connected layers. The tool also o�ers other methods, such as
grouped convolution fusing and network pruning. Moreover, if required, the devel-
oper can create custom operations in OpenCL. All these methodology steps for the AI
deployment on Myriad X are summarized as follows.

Methodology for AI Application :

1. Generation of the DNN model in the AI development framework.

2. Optimization and development of custom network operations in OpenVINO.

3. Creation of the network programming �le in OpenVINO.

4. Inference run on Myriad X and analysis of the results.
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5. Return to step 1 or 2 until the constraints are met and the inference is optimized.

9.4. Implementation of DSP & AI Applications on the
Myriad 2 VPU

In this section, we present the implementation of three custom kernels on Myriad 2.
In particular, we develop in C/C++ an image binning kernel, �oating-point convo-
lutions, and a Convolutional Neural Network (CNN) 4 for detecting ships on satellite
images [313]. This section acts as introductory in the VPU development and aims to
introduce the Myriad computing paradigm and the SoC's functionalities, as well as
demonstrate our programming approach.

9.4.1. Development of Custom DSP and CNN Kernels

In image processing, binning is the procedure of extracting a single pixel from an
image region (cluster of pixels). This task, although results in loss of information,
reduces the amount of data to be transferred and processed (e.g., a4-MPixel sensor
image is transformed to1-MPixel). For our kernel, we adopt 2� 2 Averaging Binning,
namely, we assume2 � 2 regions with stride 2. The new pixels are calculated as the
mean values of the regions' pixels. For our convolution kernels, we employ single-
precision �oating-point masks of di�erent sizes (3 � 3, 7 � 7, 13 � 13), targeting to
stress the VPU with this fundamental DSP operation.

In the implementation of Averaging Binning and Floating-Point Convolution, the
LEON processor initializes the SHAVEs cores and performs all the necessary high-
level tasks for the core parallelization. Our design choices are the same for both
kernels. The input and output images are stored in DDR (global memory), while we
perform DMA transactions to transfer image slices in the CMX (scratchpad/working
memory), which is accessed by the SHAVE acceleration cores. The high-level paral-
lelization procedure is illustrated in Figure 9.4. Regarding general implementation
details in SHAVEs, we do not use additional working bu�ers, i.e., the processing is
performed in-place (in the input bu�er), and we enable the caches. For Averaging Bin-
ning, we employ2048� 2048 8-bit input images, which are transformed to 1024� 1024
8-bit output images. We divide the input image into 36 stripes, i.e., 35 stripes of
size 2048� 58 and 1 smaller stripe of size2038� 18, and we assign3 stripes to each
SHAVE to process them successively. For the Floating-Point Convolution, we con-
sider 1024� 1024 8-bit input images and zero padding. Our design is parametric in

4Special thanks to E. Petrongonas for coding on the CNN and Myriad 2.
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Figure 9.4: High-level parallelization of image processing workload in the Myriad 2 VPU.

terms of the mask size, allowing to change masks at compile time. The masks are
stored in CMX to be accessed directly by SHAVEs. Regarding parallelization, we di-
vide the image into 24 stripes, i.e., 22 of size1024� 43 and 2 of size1024� 39, and we
assign2 stripes to each SHAVE. The SHAVE processing uses vectorized operations
as indicated by the generated assembly code.

Our CNN model is trained in TensorFlow with 128� 128� 3 images and32-bit �oating-
point weights and biases. The accuracy is96:8% for binary classi�cation (ship de-
tected or not). The network consists of four convolutional layers and two fully-
connected layers, while the total number of weights is131K. For our custom imple-
mentation in Myriad 2, the 32-bit �oating-point weights and biases are converted to
16-bit �oating-point using the corresponding routine of the MDK suite. The imple-
mentation is based on a custom parametric inference engine for128� 128� 3 input
tensors, which is mapped onto SHAVEs and supports all the layers of our Ship Detec-
tion CNN. In our case, we develop the CNN accelerator for1024� 1024� 3 16-bit input
images. Considering that the inference engine is built for smaller tensors, we employ a
function running on LEON that divides the input image into 64 128� 128� 3 patches.
Subsequently, it successively stores them in the engine's input bu�er and orders the
SHAVEs to start the patch processing. In terms of memory utilization, we store the
images, weights, and working bu�ers in DDR.

9.5. Porting of Computer Vision Pipeline on the Myriad
2 VPU

Based on our design methodology, we accelerate on Myriad 2 a vision-based pose
tracking algorithm [378], which is representative of spacecraft proximity operations.
In particular, it inputs a sequence of high-de�nition images and continuously performs
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rendering, feature detection, feature matching, and data �tting via robust regression.
The output is the 6D pose of the recorded satellite (Envisat) during a hypothetical
maneuver in an Active Debris Removal mission [326]. This sophisticated5-stage CV
pipeline exhibits increased diversity in terms of computations and memory, thus, its
porting on a low-power SoC is challenging. Next, we present the functions of the CV
algorithm and discuss details about their implementation.

9.5.1. The CV Algorithm for Satellite Pose Tracking

The pose tracking algorithm of [378] assumes small motion between successive frames
and uses a model-based approach to estimate the object's pose relative to the camera.
Frame after frame, it evolves an initial pose by continuously rendering a depth map
from the object's mesh model, detecting edges on it, and then matching them to the
edges detected on the input image. These matches are used to re�ne the current
pose i.e., to perform data �tting via least median of squares regression followed by
iteratively reweighted least squares.

The key functions and data�ow of the algorithm are presented in Figure 9.5. The
algorithmic functions are summarized as follows: (i) edge detection on the input/in-
tensity image, (ii) depth map rendering, (iii) edge detection on the rendered/depth
image, (iv) perpendicular edge matching, and (v) pose re�nement. Regarding I/O,
the algorithm inputs 1024� 1024 8-bit grayscale images and outputs a6� 1 �oating-
point vector corresponding to the posehx; y; z; pitch; roll; yaw i . Moreover, it employs
the object's mesh model (the Envisat satellite in our case), which consists of20K
vertices and 35K triangles.

For Edge Detection, the algorithm uses the well-known method of Canny [391] for both
the intensity and depth images. This detector performs the following tasks: (i) Sobel
convolution to compute image gradients (magnitude and direction), (ii) non-maximum
suppression to remove spurious edges, (iii) hysteresis thresholding on the magnitudes
to identify strong edges and suppress the weak ones. The hysteresis thresholding
task initially retains all the mid-strength edges, but then it traces recursively their
spatial connections to keep only those related to strong edges. This procedure is
based on two thresholds, which are calculated based on the median in the histogram
of gradients.

For Depth Rendering, the algorithm uses a triangle 3D mesh model and the current
6D pose to generate an image, whose pixels encode the distance between the camera
and the nearest point on the model's surface. The projection of the triangles on
the image is performed via rasterization, i.e., by projecting their vertices, then using
bounding box traversal to determine the pixels residing inside the projected triangles
and, �nally, calculating the distance of the model's triangles from each pixel. When
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Figure 9.5: The 5-stage computer vision pipeline for satellite pose tracking [378].

multiple triangles project on the same pixel, the algorithm retains the projection that
is closest to the camera.

Perpendicular Edge Matching �nds the correspondences between intensity and depth
edges. For each edge of the depth map, it searches along the gradient direction in
the intensity map until an intensity edge is found or a maximum distance is cov-
ered. Finally, Pose Re�nement utilizes the set of control points (matches plus spatial
information) to determine the change of 6D pose between the two edge maps rep-
resenting the previous and current frames. The change is determined in a robust
regression framework that mostly involves linear algebra operations, e.g., SVD and
QR decompositions. In an incremental fashion, the change is used to update the pose
estimation.

9.5.2. Partitioning and Scheduling

The most central design choice when partitioning a CV algorithm in Myriad 2 is
whether to accelerate each function in the SHAVE subsystem, execute it on LEON,
or assign it to a hardware �lter. The main criteria to select the mapping targets are:
(a) performance and power constraints, (b) library dependencies, (c) parallelization
amenability, and (d) memory access patterns. Regarding criterion (a), the use of
SHAVEs provides better performance than the hardware �lters, however, the latter
attain better power e�ciency. Criterion (b) regards the software complexity. For
instance, it is preferable for the functions depending on software libraries (e.g., for
linear algebra) to run on the general-purpose LEON processor in case of decreased
support and availability in SHAVEs. Criterion (c) relates to the e�ciency of the
parallelization. For example, it may be preferable to execute an inherently sequential
algorithm on LEON rather than parallelize it to SHAVEs. Finally, criterion (d) refers
to the selection and the con�guration of the available memories according to the access
patterns (global or scratchpad, use of cache or not).
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Figure 9.6: Partitioning, scheduling and memory transactions of the computer vision pipeline in
Myriad 2.

The pro�ling and analysis of the CV pipeline based on our methodology and the above
criteria results in the partitioning and scheduling shown in Figure 9.6. First, we avoid
using the SoC's hardware �lters, because we target maximum performance gain. Sec-
ond, the pro�ling on LEON shows the very slow execution of the compute-intensive
functions, i.e., Edge Detection and Depth Rendering, thus, we identify all the paral-
lelization opportunities in their algorithmic nature and accelerate them on SHAVEs.
Even though the Edge Matching function does not include demanding computations
(it applies only image scanning and comparisons), we also map it onto SHAVEs. Oth-
erwise, LEON would have to scan a1024� 1024image, resulting in increased execution
time. We note that we sequentially assign each function to all12 SHAVEs instead of
splitting them among the three functions. The latter would achieve questionable per-
formance gains at the cost of signi�cantly increased development e�ort for handling
split memory and function synchronization. Regarding Pose Re�nement, we assign
it to LEON due to its dependencies on the BLAS/LAPACK libraries. For high-level
scheduling, we follow the dependencies shown in Figure 9.5, while we maximize the
function-level parallelization between SHAVEs and LEON. More speci�cally, we start
detecting edges on a new input image even while LEON is still processing the pre-
vious frame to output its pose. When both are �nished, we start the execution of
Depth Rendering for the current frame. Finally, we consider that Myriad 2 receives
the input frames from its Camera Interface (CIF). In our scheduling, the reception of
each new frame is performed in parallel to the main processing by the hardware CIF
peripheral of the SoC.
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9.5.3. Development of Utility Software

The purpose of developing a utility software is to increase the productivity and en-
able sophisticated parallel programming over MDK, i.e., the VPU development tool,
which demands low-level coding when targeting custom implementations. For ex-
ample, extra development is required when multiple diverse functions must be as-
signed to SHAVEs for non-embarrassingly parallel execution. Our utility software
creates an abstraction layer for handling the I/O peripherals, memory management,
task scheduling, and inter-process communication. It includes a set of lightweight,
standalone, and transparent C/C++ libraries, which, like the other MDK compo-
nents, are included at compile-time and alleviate the coding/testing e�ort from the
main development. Without this software, the implementation of the 5-function CV
pipeline would not be e�cient (or even feasible at all). Overall, our software modules
extend MDK by introducing new mechanisms, improving the performance of the ex-
isting ones, and providing automatic/transparent device con�guration. More details
about our utility software for the Myriad VPUs can be found in our publications
in [359,363].

Figure 9.7 presents the basic mechanisms of our utility software. The �rst mech-
anism, shown in Figure 9.7a, provides inter-process communication using hardware
mutexes and a variable size bu�er per SHAVE, which is placed in the shared CMX
memory slice. For data exchange, the SHAVEs read and write the bu�ers. The sec-
ond mechanism, shown in Figure 9.7b, pre-loads the code of each function in DDR
and allocates the requested CMX memory at runtime, i.e., during the execution of
the function, based on a pointer technique. The third mechanism, shown in Figure
9.7c, aims to reduce the idle core time that is caused by the static task assignment.
For embarrassingly parallel workloads, the developer creates a task pool by splitting
the workload into small (independent) tasks, which are inserted in a FIFO struct and
assigned to SHAVEs at runtime. Namely, the �rst task of the FIFO is assigned to the
�rst available SHAVE, and hence, each SHAVE is immediately assigned a new task
upon completing its previous one.

9.5.4. Parallelization and Low-Level Optimization

This section reports the implementation details on SHAVEs in two interdependent
stages: (i) core parallelization, (ii) low-level mapping and optimization within each
core. All the functions employ our memory allocation mechanism in order to use the
common scratchpad CMX memory. More speci�cally, before the execution of each
function, all the necessary working bu�ers are allocated, and correspondingly, after
the execution they are freed.
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(a)

(b) (c)

Figure 9.7: Custom utility mechanisms for development support in Myriad 2: (a) inter-process
communication, (b) memory management, and (c) dynamic task assignment.

Canny Edge Detection

To provide improved workload balancing among the12 SHAVEs, we split the input
image in half, divide each half-image into12 slightly overlapping stripes, and assign
each one to a distinct SHAVE. In total, each SHAVE processes two1024� 43-pixel
stripes from remote parts of the image, which have decreased correlation in terms of
content.

The initial porting of Canny Edge Detection utilized a large memory, e.g., at least 4
bu�ers for the images and the derivatives, as well as extra32-bit integer bu�ers for
the histogram calculation and the execution of hysteresis thresholding. In our cus-
tom embedded implementation, we adopt in-place processing with reduced bu�ering
to best �t in the 2MB CMX memory. That is, we interleave the loops for calculating
the gradients and performing non-maximum suppression, such that with extensive
memory reuse, we rely only on the input image bu�er and two small bu�ers of size
1024� 3 to slide all 3� 3 kernels. Furthermore, we calculate the histogram of each
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stripe inside this convolution loop (while generating the gradients). Another low-
level knob regards the optimization of the bu�ers via word-length tuning and data
type adaptation to work with the smallest required data size. Besides CMX, this
customization exploits the capability of the VPU to process various data types (e.g.,
16-bit integers instead of 32-bit). Upon the loop completion, the image bu�er stores
all local maxima and the hysteresis thresholding task is executed. This recursive pro-
cedure re-labels the weak edges neighboring any strong edge. The tracing continues
until all connecting paths are followed. In our implementation, each SHAVE executes
a local hysteresis in its own stripe and afterwards, it exchanges the strong edges of the
stripe borders with its neighboring SHAVEs using our inter-process communication
mechanism. After updating their border edges, SHAVEs execute another iteration of
hysteresis speci�cally for those pixels. The last (low-complexity) task is executed on
LEON and calculates the entire histogram of the gradients by accumulating the24
stripe histograms (returned to DDR from CMX). This process also determines the
hysteresis thresholds for the next frame.

Depth Rendering

For this function, we divide the image into horizontal R-row stripes, which are as-
signed to distinct SHAVEs to be rendered almost independently from each other.
That is, we create a pool ofB = 1024=R individual tasks, where B determines the
CMX memory resources per SHAVE and the DMA transactions (each rendered stripe
is sent to DDR). The full utilization of CMX requires B = 18 stripes, however, our ex-
ploration shows that B = 32 improves the execution. Namely, smaller stripes adapt
better to image content and distribute the workload more fairly to SHAVEs, even
though larger B increases the repetitions of model reading. To reduce the idle time
per core, we employ our mechanism for dynamic task assignment: each SHAVE is
assigned a new task (i.e., stripe to render) from the pool at runtime, immediately
upon �nishing its previous stripe.

After exploration, we store the static Envisat's mesh model in the DDR global mem-
ory instead of CMX. The scratchpad is small and is preferred only for storing working
bu�ers. Each SHAVE gets direct access to the full model in DDR, and hence, multiple
cores read the same set of memory locations repetitively. However, due to their shared
L2 cache, we measure negligible time penalties with this approach (compared to stor-
ing the model in CMX). Regarding the low-level optimization in SHAVEs, we reduce
the number of bu�ers and customize the data types. In particular, we do not employ
the working bu�ers used in typical CPU implementations, and ultimately, we utilize
only the Z-bu�er containing the rendered image stripe. Furthermore, we successfully
enable SIMD operations to accelerate amenable functions (almost half of total com-
putations), such as projection, bounding, and depth calculation. In detail, we arrange
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the data using the Clang Intrinsic vectors, e.g.,float4 for de�ning a vector for 4 �oat
numbers, and we call the corresponding MDK routines to calculate the dot/cross prod-
ucts (mvuDot, mvuCross) and �nd the min/max numbers ( mvuMax, mvuMin). More-
over, we transform extra multiplications and additions to dot and cross products to
expand our parallel/vectorized operations.

Perpendicular Edge Matching

This function searches for matches between the intensity and depth edgemaps. We
divide the image into 12 independent stripes and assign each stripe to a distinct
SHAVE. After exploration, we opt to store both the depth and intensity edge maps
in DDR, while we enable the L1 (including data) and L2 caches of SHAVEs. Con-
sidering that Edge Matching relies on simple data comparisons (fast computations),
the processing time on SHAVEs cannot mask the overhead of transferring the edges
to CMX via the DMA engine. We store the output matches in the uncached CMX,
which is directly accessed by LEON (to start the execution of the next function, i.e.,
Pose Re�nement), in order to avoid disturbing the caching mechanism fetching the
input edges. The race conditions to the shared output bu�er are resolved by �ne
grained locking using the SoC's hardware mutexes.

9.6. Inference of Deep Neural Network on the Myriad
X VPU

In this section, we present the inference of a demanding DNN on Myriad X, and
more speci�cally, on the NCS2 USB accelerator via OpenVINO5. In particular, we
accelerate a DNN of ResNet backbone, namely UrsoNet [379], which estimates the
satellite's pose. To surpass the limited embedded computation power (compared to
high-performance computers and host machines) and comply with the real-time con-
straints, we deploy a mobile version of UrsoNet. Moreover, to improve the DNN infer-
ence, we decrease the image resolution, using various resampling algorithms. More de-
tails about the resampling can be found in our publication in [362].

9.6.1. Deployment of DNN for Satellite Pose Estimation

The architecture of the UrsoNet DNN [379] is illustrated in Figure 9.8. In comparison
with the original ResNet architecture, the global average pooling layer and the last

5Special thanks to P. Minaidis for coding on the DNN and NCS2.
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Figure 9.8: The UrsoNet DNN for satellite pose estimation [379].

Table 9.2: Con�guration of the UrsoNet DNN for deployment on Myriad X VPU (NCS2).

Network Training

Parameter Value Parameter Value

Backbone ResNet-50 Pre-Trained Weights ImageNet
Bottleneck Width 32 Dataset �soyuz_hard�
Input Image 1024� 1024� 3 Arithmetic fp32
Resampling Bilinear/Bicubic/Lanczos Epochs 100
Inference Image 512� 512� 3 Augmentation No
Ori./Loc. Resolution 16/ 16 Optimizer SGD

fully-connected layer are removed. In their place, the designers of UrsoNet insert a
bottleneck layer that consists of a3� 3 convolution with stride 2, as well as two fully-
connected layers for calculating the satellite's location and orientation. To generate
a mobile network for deployment on Myriad X, we adopt the UrsoNet con�guration
presented in Table 9.2. We use the dataset for the Soyuz spacecraft (�soyuz_hard�)
and follow the training process of [379], but we start from a pre-trained ImageNet
model, perform training for 100 epoques, and do not apply data augmentation. The
image resolution is decreased using di�erent resampling algorithms. We consider an
1024� 1024� 3 input image, which is scaled to 512� 512� 3 for e�cient deployment
and inference at the edge.

To generate the binary network �le and deploy it on Myriad X (NCS2 accelerator),
we follow the OpenVINO tool�ow discussed in Section 9.2.2. Figure 9.9 illustrates
the mapping of the basic network blocks of UrsoNet on Myriad X. Compared to
the original ResNet architecture, the batch normalization blocks are replaced by add
operations, which are accelerated on SHAVEs. Smaller operations, e.g., permutations
before the fully-connected layers, are also executed on SHAVEs. The convolutions and
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Figure 9.9: Mapping of the UrsoNet DNN in Myriad X.

matrix multiplications are mapped onto NCE, while almost all the ReLU activation
functions are optimized out by OpenVINO, i.e., fused with other operations during
the graph transformation stage.

9.7. Evaluation

This section conducts the evaluation of our development on the VPUs. Section 9.7.1
reports results from the implementation of the DSP and CNN kernels on Myriad 2
(presented in Section 9.4). Section 9.7.2 regards the implementation of the CV algo-
rithm for pose tracking on Myriad 2 (presented in Section 9.5). All these algorithms
are developed with the MDK tool. For their evaluation, we consider an FPGA�VPU
co-processing architecture, in which the FPGA sends/receives the I/O data to/from
the VPU. We also employ a host-PC for validating and demonstrating the results.
Finally, Section 9.7.3 evaluates the inference of the DNN for pose estimation (pre-
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Table 9.3: Overview of Dissertation's DSP & AI VPU accelerators.

Design Input Data Output Data VPU Reference

Averaging Binning 4-MPixel, 8b 1-MPixel, 8b Myriad 2 Sec. 9.4, 9.7.1
Fl. Point Convolution 1-MPixel, 8b 1-MPixel, 8b Myriad 2 Sec. 9.4, 9.7.1
ShipDetect CNN 1-MPixel � 3, 16b 64� 1, 32b Myriad 2 Sec. 9.4, 9.7.1
Canny Edge Detection 1-MPixel, 8=16b 1K� 5K, 5b Myriad 2 Sec. 9.5, 9.7.2
Depth Rendering 6� 1, 32b 1-MPixel, 16b Myriad 2 Sec. 9.5, 9.7.2
Edge Matching 1-MPixel � 2, 8&16b 1K� 5K, 8b Myriad 2 Sec. 9.5, 9.7.2
UrsoNet DNN 1-MPixel � 3, 8b 4099� 1, 32b Myriad X Sec. 9.6, 9.7.3

Figure 9.10: FPGA�VPU co-processing architecture for the acceleration of DSP/CNN kernels on
Myriad 2.

sented in Section 9.6). For this experimentation, we use the OpenVINO tool and the
Myriad X NCS2 accelerator. Table 9.3 summarizes all the VPU implementations of
the Dissertation along with their I/O data.

9.7.1. Experimental Results of Custom DSP and CNN Kernels

Figure 9.10 illustrates our testing setup for the evaluation of the custom DSP and
CNN kernels. The host-PC is connected with an FPGA, which transmits/receives
the I/O data to/from Myriad 2. Myriad 2 receives the input data via CIF, as in our
CV pipeline (see Section 9.5.2) and sends the output to the FPGA via the Liquid
Crystal Display (LCD) interface 6. More details about our FPGA�VPU architecture,
the components/functions of each device that enable the communication, and the I/O
transfers are reported in our publication in [360].

Acceleration of Kernels

Firstly, we assess the acceleration of our kernels using the general-purpose LEON
processor as baseline. For Averaging Binning, we achieve14� speedup, which mainly

6Special thanks to Prof. D. Reisis et al. from NKUA for coding on the CIF/LCD interface.
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(a)

(b) (c)

Figure 9.11: Experimental results from the implementation of Averaging Binning on Myriad 2 with
respect to the clock frequency: (a) latency, (b) power consumption, and (c) FPS-per-Watt.

comes from the parallelization to12 SHAVEs (LEON has to scan the entire4-MPixel
image, resulting in signi�cant delay). Depending on the size of the convolution mask,
we achieve up to75� speedup for Floating-Point Convolution. Compared to Averag-
ing Binning, the speedup is larger, because the convolutions require more demanding
computations. Finally, the Ship Detection CNN is implemented only on SHAVEs, i.e.,
where the custom inference engine is mapped, however, considering the performance
of convolutions, and given that LEON does not support 16-bit �oating-point (thus,
it must execute the 32-bit model), the speedup is expected to be more than2 orders
of magnitude.

Figure 9.11 illustrates the scaling of latency, power consumption, and performance-
per-Watt of Averaging Binning for di�erent clock frequencies. Regarding latency, it is
almost linear to the clock frequency whether Averaging Binning is executed on LEON
or the 12 SHAVEs. The SHAVE implementation is � 13� faster than the respective
LEON implementation in all experiments. In terms of power, as expected, LEON
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provides 1:1� � 1:3� smaller consumption, however, SHAVEs still deliver low power,
i.e., up to 900mW. Moreover, the power consumption of the SHAVE implementation
increases faster than that of LEON. When considering both Frames Per Second (FPS)
and power, LEON attains negligible scaling, while the FPS-per-Watt of SHAVEs in-
crease almost linearly. Similar results are derived for the Floating-Point Convolution,
i.e., up to 900mW and 58� speedup.

System Evaluation

We also evaluate the system performance involving both I/O and processing based on
the FPGA�VPU co-processing architecture of Figure 9.10, where the data transfers
are performed via the CIF and LCD interfaces. In this analysis, the clock frequency
of CIF and LCD is con�gured at 50MHz, which guarantees error-free data transfers
according to our experiments presented in [360]. The evaluation regards two dis-
tinct scenarios concerning the execution order of the I/O handling and processing
tasks:

1) Unmasked I/O: assuming serial I/O�processing, the VPU receives the input frame
from the FPGA, performs the processing, and transmits the output data to the
FPGA.

2) Masked I/O : assuming pipelined I/O�processing and streaming input, the VPU
performs in parallel two processes: (i) bu�ering of output frame n � 1, CIF recep-
tion and bu�ering of input frame n + 1 , LCD transmission of output frame n � 1,
and (ii) processing of framen. In that case, the one LEON processor executes the
�rst process, i.e., the I/O handling, and the other takes over the second process,
i.e., it manages the processing performed by SHAVEs.

The performance results are presented in Table 9.4. Both I/O interfaces are operating
at 50MHz and as expected, they transmit an 1-MPixel image in � 21ms. In the
Unmasked I/O mode, the total throughput ranges between 9� 20 FPS for kernels
with small processing time. To implement the Masked I/O mode, the I/O data
are bu�ered to an allocated DDR space for data integrity reasons (copying an1-
MPixel image requires � 42ms). As a result, the latency of a single frame increases
considerably. Even so, the kernels featuring excessive processing time can bene�t from
this masking technique and improve their throughput by 1:1� � 1:3� . This e�ect is
shown in the Floating-Point Convolution with a 13� 13 mask and the Ship Detection
CNN. In contrast, kernels with small processing time su�er a throughput decrease
when applying masking, and the developer must be cautious with respect to the
selected mode of operation. This is evident in Averaging Binning, which has only3ms
computation latency and the bu�ering of its 4-MPixel input image adds considerable
timing overhead.
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Table 9.4: Experimental results of custom DSP & CNN kernels on Myriad 2 VPU.

Kernel

Function Latency 1 Sys-Unmasked I/O 2 Sys-Masked I/O 3

CIF VPU LCD Latency Throughput Latency Throughput
(ms) (ms) (ms) (ms) (FPS) (ms) (FPS)

Avg Binning 85 3 21 109 9.1 906 3.2

3� 3 Conv. 21 8 21 50 20 336 8

7� 7 Conv. 21 29 21 71 14.1 336 8

13� 13 Conv. 21 114 21 156 6.4 336 8

ShipDetect 63 658 � 0 721 1.4 1505 1.5
1 Refers to the input reception via CIF, the processing on VPU, and the output transmission via LCD.
2 Regards serial I/O�processing ! Throughput = 1/(CIF_Time + VPU_Time + LCD_Time).
3 Regards pipelined I/O�processing ! Throughput = 1/( maxf VPU_Time, LCD_Bu�ering_Time

+ CIF_Time + CIF_Bu�ering Time + LCD_Time g).

Comparison to Embedded Devices

Finally, we compare our VPU accelerators with other embedded devices. For the
same CNN model, Myriad 2 provides� 2:5� less FPS-per-Watt than the Zynq-7020
FPGA [276], however, the latter utilizes almost all the chip resources and exhibits
4� larger power consumption. Compared to the Jetson Nano GPU [276], the VPU
delivers � 4� better FPS-per-Watt for the CNN. For Averaging Binning, we achieve
� 3� better throughput than a typical Zynq FPGA implementation with one binning
pipeline in programmable logic (one input pixel per clock cycle), also due to the slower
DMA engines of Zynq.

9.7.2. Experimental Results of CV Pipeline

Figure 9.12 illustrates our testing setup for the evaluation of the CV pipeline. In this
setup, we employ EGSE [392], which comprises an interface unit for the real-time
simulation of the high-bandwidth SpaceWire link (i.e., a spacecraft communication
network for data transmission). The host-PC con�gures EGSE, which feeds the input
data to the FPGA. The FPGA transmits the data to Myriad 2 via CIF operating at
5MHz. For validation and demonstration 4 purposes, we transfer the outputs of the
CV pipeline (6D poses) back to the host-PC. More details about the FPGA�VPU
architecture, the con�guration of SpaceWire, and the I/O transfers are reported in
our publication in [359].

4Demo available on YouTube: https://youtu.be/9wDLm56zsss .

220



9.7. Evaluation

Figure 9.12: FPGA�VPU co-processing architecture for the acceleration of the computer vision
pipeline on Myriad 2.

(a) (b) (c) (d)

Figure 9.13: I/O data of main functions in the computer vision pipeline ( 30m� 20m Envisat se-
quence): (a) ,(c) input, (b) output of Edge Detection, and (d) output of Depth Rendering.

We test our system with a synthetic dataset5 that includes two sequences of1000im-
ages (1024� 1024 8-bit grayscale pixels) realistically simulating the motion of Envisat.
The nature of the data is similar to that of actual rendezvous images and su�ces to
evaluate the system performance. In particular, the �rst frame sequence depicts a
satellite rotation out of plane at � 50m away from the camera, while the second one
depicts a satellite approach from30m to 20m while tumbling. Figure 9.13 illustrates
frames from the 30m� 20m dataset, together with outputs from the basic functions of
the CV pipeline.

Acceleration of Functions

At �rst, we evaluate the implementation of each function of the CV pipeline. In
particular, targeting to assess our development methodology and embedded imple-
mentation techniques, we gradually study the speedup factor. Figure 9.14 presents

5Special thanks to D. Gonzalez-Arjona et al. from GMV for providing the test dataset of Envisat.
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(a)

(b) (c)

Figure 9.14: Incremental acceleration of the computer vision functions with respect to their major
implementation steps on Myriad 2: (a) Edge Detection 1 , (b) Depth Rendering 2 , and (c) Edge
Matching 3 .

1 Step 1: SHAVE porting, Step 2: improved bu�ering and in-place computations, Step 3: loop merging,
Step 4: improved task partition.

2 Step 1: SHAVE porting, Step 2: dynamic task assignment, Step 3: improved task partition, Step 4:
SIMD computations, Step 5: optimized cache con�guration.

3 Step 1: SHAVE porting, Step 2: shared L2 and instructions at L1, Step 3: shared L2 per 2 cores and
instructions & data at L1.

how each major implementation step contributes in the speedup for the30m� 20m
Envisat dataset. Namely, the speedup of the last step is the �nal speedup achieved.
Below, we analyze the implementation steps and the speedup of the CV functions
accelerated on SHAVEs.

The parallelization of Edge Detection to 12 SHAVEs delivers only 4:9� speedup, re-
gardless of the pixel bit-width. The re-design of the function using improved bu�ering
and in-place computations almost doubles the speedup to9� . By performing the
thresholding before hysteresis and by merging loops (histogram calculation during
thresholding), the speedup is increased to9:5� . Dividing the image to 24 stripes
rather than 12 adds negligible overhead due to extra DMA transactions, however, it
improves the workload balancing among SHAVEs during the content-dependent hys-
teresis task and results in the �nal speedup of10� .

The parallelization of Depth Rendering to 12 SHAVEs delivers only 2.3� speedup
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when using static task assignment. We note that the performance of this function
varies among frames, as it is highly dependent on the image content. By employing
dynamic task assignment, the idle time per SHAVE core signi�cantly reduces, and
thus, the speedup is increased to4:8� . Moreover, the image partition into more
stripes results in more �ne-grained workload balancing and provides an additional
speedup boost to7:2� . Subsequently, the exploitation of the SIMD capabilities of
SHAVEs enlarges the speedup by9� � 12� . Finally, the read-only nature of the data
allows cache optimizations that decrease the execution time even further, to about
119ms� 212ms. In total, depending on Envisat's orientation in the image, the Depth
Rendering functions attains a speedup of10� � 16� .

Out of all functions, the con�guration of the memory hierarchy has the highest im-
pact on the performance of Edge Matching. Its parallelization to 12 SHAVEs pro-
vides a remarkable speedup of6:5� , however, our cache con�gurations result in even
larger speedup. In particular, the employment of the shared L2 and L1 cache for
instructions increases it to 13:1� . By enabling a shared L2 cache of16KB per
two SHAVEs and using the dedicated L1 also for data, the speedup increases to
20� .

System Evaluation

Table 9.5 reports the main experimental results from the implementation of the CV
pipeline in Myriad 2. It includes results from the pro�ling on LEON and the �nal
SHAVE implementation for the 30m� 20m Envisat dataset. Similar results are derived
for the 50m Envisat dataset. Nevertheless, this dataset imposes slightly less compu-
tation demands (the workload is content-dependent), as the distance of the satellite
from the camera is larger, and thus, its size is smaller.

The execution times in Table 9.5 vary during the test sequence, because the algo-
rithmic workload is content-dependent, i.e., it is a�ected by the apparent size of
Envisat in the image. In addition, the e�ciency of the task parallelization depends
on the orientation of Envisat due to the mapping of rendering areas to SHAVEs. We
note that the image reception via CIF operating at 5MHz requires � 210ms, however,
in our �nal implementation it is entirely masked by the processing of the previous
frame (see Figure 9.6). Hence, the system speedup increases to8:5� � 12� (Table
9.5 does not take into account the I/Os). Overall, the achieved throughput is 2:6�
3:8 FPS for the 20m� 30m sequence (325ms per frame on average), while for the
50m sequence, we achieve a throughput of3:8� 4:9 FPS (235ms per frame on aver-
age).

Regarding power consumption, the MDK routines report 0:7W� 1W (see Table 9.5)
for the execution of each individual function on SHAVEs, with Depth Rendering be-
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Table 9.5: Experimental results of the computer vision pipeline on Myriad 2 VPU.

Function

LEON SHAVEs Gains

Latency Memory Latency Memory Power Accuracy Latency Memory
(ms) (MB) (ms) (MB) (mW) ( %) ( � ) (%)

I. Edge Det. 370�375 6.1 36�37 2.3 771 99 10 62.9
D. Edge Det. 375�380 7.1 39�40 3.8 771 99 10 47.3
Depth Rend. 1900�2100 6.4 119�212 3.3 980 100 10�16 48.6
Edge Match. 100�120 3 5�6 3 810 100 20 0
Pose Re�n. 100�130 6.3 100�1301 6.3 644 Fig. 9.15 1 0

Pipeline 2845�3105 � 263�388 2 � 898 Fig. 9.15 8�11 3 �
1 Pose Re�nement was not accelerated on SHAVEs.
2 Intensity Edge Detection is not added in the total latency (masked by Pose Re�nement).
3 Without I/O. With image reception via CIF ( � 210ms), the speedup increases to 8:5� � 12� (CIF is

masked).

ing the most power-hungry. In comparison with the porting on LEON, these values
are slightly increased by 1:2� � 1:4� , as LEON consumes600mW� 700mW depend-
ing on the function. On average, when the entire CV pipeline operates, we get
0:9W. For the execution of the full system, i.e., when including the image recep-
tion via CIF, the power consumption lies between 0:8W and 1:1W. We note that
our board measurements via an external multimeter report a power consumption of
1:2W.

In terms of memory, the integration of the entire CV pipeline along with the CIF mod-
ule results in small utilization. The total memory (data and instructions) is around
20MB, i.e., smaller than the 10% of the available DDR resources. Furthermore, by
storing the instruction code in DDR, there are no timing penalties for the execution on
SHAVEs, and CMX is used only for data and internal structures. Additionally, due to
the applied optimizations, i.e., improved bu�ering and in-place processing, we achieve
signi�cant memory gains: 55% on average for the two Edge Detection functions and
49% for Depth Rendering (see Table 9.5).

In terms of individual accuracy, the functions generate the same sets of results as the
initial software. A small exception is in Edge Detection, which misses1% of the edges
when executing slightly fewer hysteresis recursions at the stripe borders (compile-time
con�gurable). We also note that for Pose Re�nement, we port on LEON a relatively
old version of BLAS/LAPACK (v3.2.1, without guaranteed compatibility to the initial
software). Figure 9.15 shows the alignment error of Envisat's pose, as it is de�ned in
[326]. The error versus Envisat's distance is in the area of1% and tracking is lost only
in few speci�c frames. In general, the behavior of pose tracking on Myriad 2 is similar
to that of the CPU and FPGA implementations [326].
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(a) (b)

Figure 9.15: Alignment error of Envisat's pose computed by the computer vision pipeline in Myriad
2 at (a) 30m and (b) 50m camera distance.

Table 9.6: Data volume reduction in the implementation of the computer vision pipeline in Myriad
2.

VPU Input VPU Output

Data Type 1024� 1024 8-bit frames Data Type 6� 1 32-bit vectors
Data Volume 8MB per frame Data Volume 192b per vector
Reception Time � 210ms Processing Time � 325ms | � 235ms
Reception Rate � 38 Mbps Processing Rate � 590 bps | � 817 bps

Finally, in Table 9.6, we evaluate the e�cacy of the proposed architecture as an edge
processor by examining the data volume reduction. Interestingly, we achieve the
very important goal of data reduction at the edge, which relieves several potential
bottlenecks concerning the storage, the network's bandwidth and energy consumption,
as well as the I/O throughput. In particular, considering the input and output data,
i.e., 1024� 1024 8-bit images and 6� 1 32-bit vectors, respectively, as well as the
latency of the input reception and processing, we achieve a data reduction factor of
105 bps.

Comparison to Embedded Devices

Finally, we provide an overall evaluation of the Myriad 2 VPU, including comparisons
to other embedded devices. When comparing individually the implementation of the
functions to other ARM-based or GPU-based mobile devices, we verify the power
e�ciency of Myriad 2. For Canny Edge Detection, we achieve 1 order of magnitude
faster execution than ARM Cortex-A9 ( � 326ms per MPixel image, single-threaded
at 667MHz) [326], and approximately 3� better performance-per-Watt than Nvidia's
Jetson TK1 GPU ( � 12ms per MPixel image,192 CUDA cores, but with 10W) [393].
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For Depth Rendering, we achieve� 7� faster execution than ARM Cortex-A9 ( � 869ms
per 30m-distant-image, single-threaded at667MHz) [326] and 5� � 11� better power
consumption than high-end mobile GPUs (given their nominal values, see Table 9.1).
Regarding system performance, our e�cient SoC utilization provides tenfold accel-
eration versus LEON4@600MHz. The achieved FPS approach5 and can be further
improved via customization at algorithmic level, e.g., smaller rendering, which is gen-
erally considered as su�cient for VBN in space [3]. When comparing to Zynq-7000
implementing the same algorithm [326], the FPGA processes approximately3� more
FPS than Myriad 2, in total. For speci�c functions, i.e., Edge Detection or Depth Ren-
dering, Zynq also achieves6� � 14� faster execution.

Regarding the power consumption, the0:8W� 1:1W of Myriad 2 is signi�cantly lower
than that of other high-performance processors, with only few CPUs consuming� 1W
by operating at signi�cantly lower clock frequency. Based on our methodology, we
exploit all the capabilities of the tools and SoC to deliver a very high performance-per-
Watt ratio in Myriad 2, which matches the notable FPGA results measured in [3,326]
for such tasks. Compared to Zynq [326], Myriad 2 achieves the same, or slightly
better, performance-per-Watt by trading approximately 3� speed for4� mean power.
Additionally, it has a more stable consumption than the 2W� 9W variation of the
FPGA, allowing for simpler electronics design.

Another advantage of Myriad 2 over the FPGA is that it utilizes less than 10% of
the available memory space, allowing to implement additional functions or alternative
algorithms for the current functions. In contrast, the same FPGA implementation
utilizes 28%� 77% of the chip [326], thus, it would require dynamic recon�guration to
change functionality. In terms of accuracy, the Myriad 2 processor can meet exactly
the same arithmetic requirements as an ordinary CPU during the entire algorithm
execution. This can be viewed as an advantage in cases where the original algorithm,
which is usually developed on CPU, must remain100% intact with respect to its
intermediate and output values.

9.7.3. Experimental Results of DNN Kernel

Acceleration of UrsoNet

In this section, we report the results from the deployment of the UrsoNet DNN on
Myriad X. The latency of the pre-processing stage, which involves image resampling
to transform the 1024� 1024� 3 input image to 512� 512� 3, is 1ms� 20ms, depending
on the algorithm. A single DNN inference (synchronous execution) on the 512� 512� 3
image requires around 373ms, which is 5� faster than inferencing on the initial image.
At the same time, the mean Location Error (LOCE) is 1:68m� 1:89m and the mean
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Orientation Error (ORIE) is 25:08� � 27:89� , namely both remain in the range of the
original DNN without resampling, where LOCE is 1:78m and ORIE is 27:83� . In
all cases, as shown in [379], more �ne-grained training, which is not the purpose
of our work, can provide better accuracy results for the same performance. We
remind that we apply di�erent training settings (e.g., another pre-trained model, less
epochs) and architectural modi�cations (e.g., decreased resolution for location and
orientation, and smaller bottleneck layer). Overall, the pre-processing stage for image
resampling, which is parallelized to16 SHAVEs, adds very small latency, however, it
facilitates the inference stage. As a result, the entire synchronous execution sustains
a throughput of � 2:7 FPS. The throughput is expected to increase for asynchronous
inferencing, while further speedup can be achieved by inferencing on smaller tensor,
e.g., 192� 256� 3. In this case, Myriad X delivers 15 FPS, whereas the accuracy loss
in not signi�cant, as LOCE lies in the range 1:9m� 2m.

Comparison to Embedded Devices

Following the analysis of the experimental results on Myriad X, we provide a compar-
ison to other embedded devices that are also considered for space avionics. Table 9.7
presents the results for inferencing on VPU, CPU, and GPU. For this experiment, we
use input images that are scaled to512� 640� 3. The CPU is the ARM Cortex-A57
of Nvidia's Jetson Nano board, while the GPU is the 128-core Maxwell of the same
board. For Jetson Nano, we consider its two power modes: the �low-power� at5W
and the �high-performance� at 10W. To make a fair comparison, we consider the
NCS2 VPU hosted on a single-board computer (i.e., a Raspberry Pi 3), and thus,
the total power consumption for inferencing is 5W. In terms of latency, the 4-core
Cortex-A57 operating at 1:4GHz is relatively slow, thus, NCS2 delivers a6� speedup.
Compared to the GPU, NCS2 achieves a slight improvement of1:3� , but with half
of the GPU's power consumption. When considering both throughput and power,
NCS2 provides� 1:7� more FPS-per-Watt than GPU and � 8:5� more FPS-per-Watt
than CPU. Finally, we report comparison results for the original ResNet-50 network
(224� 224� 3 image), which is the backbone of UrsoNet. For ResNet-50, the Jetson
Nano GPU provides increased throughput versus Pi 3 + NCS2, i.e., 1.3� �1.9 � more
FPS, however, when also considering FPS-per-Watt, the VPU inference outperforms
the GPU by 1.1� �1.5 � .

9.8. Conclusion

In this chapter, we accelerated various DSP and AI algorithms on the multi-core
Myriad VPUs. These SoCs are characterized by extremely low power consumption
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Table 9.7: Experimental results of the UrsoNet DNN on embedded devices ( 512� 640� 3 input
tensor).

Device
Latency Throughput Power

FPS-per-Watt
(ms) (FPS) (W)

Intel Myriad X VPU (NCS2 + Pi 3) 1 588 1.7 5 0.34

ARM Cortex-A57 CPU (Jetson Nano) 2 2830 0.4 10 0.04
7519 0.1 5 0.02

Nvidia Maxwell GPU (Jetson Nano) 3 761 1.3 10 0.13
958 1 5 0.2

1 NCE & 16-core SHAVE @700MHz. NCS2 (2W) hosted on a Raspberry Pi 3 (3W).
2 10W mode: 4-core @1.4GHz. 5W mode: 2-core @918MHz.
3 10W mode: 128-core @921MHz. 5W mode: 128-core @614MHz.

(i.e., � 1W� 2W) and increased heterogeneity in terms of processors and memories.
As shown in practice, the e�cient utilization of such an heterogeneous SoC architec-
ture requires a design methodology involving algorithmic analysis, multi-level paral-
lelization, and extensive low-level optimization and tuning, especially when having to
deploy multiple diverse software kernels. Based on our methodology, at �rst, we im-
plemented custom kernels, i.e., averaging image binning, �oating-point convolutions,
and a CNN for detecting ships on satellite images. Afterwards, we accelerated a so-
phisticated 5-stage CV pipeline for tracking the pose of the Envisat satellite, which
includes kernels such as Canny edge detection, depth rendering and perpendicular
edge matching. Moreover, we deployed the demanding UrsoNet DNN of ResNet-50
backbone for estimating the pose of the Soyuz spacecraft. For the implementations,
we successfully applied various high- and low-level techniques such as dynamic task
scheduling, SIMD operations, improved bu�ering, variable tuning, and optimized
memory con�gurations. Our experimental evaluation on Myriad 2 shows that for
individual kernels, we provided 10� � 20� speedup compared to the general-purpose
LEON4 CPU. At system-level, the entire CV pipeline for pose tracking on MPixel im-
ages provided a speedup of8:5� � 12� , while sustaining a throughput of 2:6� 4:9 FPS
with only 0:8W� 1:1W. Regarding Myriad X, the inference of UrsoNet on resampled
MPixel images delivered a throughput of 2:7 FPS within the power envelope of2W.
Finally, compared to other embedded devices, the Myriad VPUs provide signi�cantly
better power e�ciency, i.e., 5� versus the Jetson Nano GPU and4� versus the Zynq
FPGA. In terms of performance, they are outperformed by the Zynq FPGA, however,
when considering the performance-per-Watt ratio, they provide the same or even bet-
ter results. Indicatively, for the CV pipeline, Myriad 2 trades a 3� loss in speed for
a 4� gain in mean power consumption.
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Chapter 10

Conclusion

10.1. Summary of Main Contributions

The goal of the current Ph.D. Dissertation was to design and evaluate DSP and AI
accelerators that ful�ll the requirements of modern computing systems. Towards
reaching this goal, we adopted various design approaches from di�erent layers of the
computing stack. Starting from the bottom to the top design layer, our work involved
arithmetic circuits, hardware accelerators, FPGA implementations and implementa-
tions on embedded SoCs.

At circuit level, we exploited the promising design paradigm of Approximate Comput-
ing to propose new approximation techniques for energy-e�cient multipliers, which
are key processing units in DSP/AI hardware accelerators. In this context, we exam-
ined several aspects of Approximate Computing, including low-level optimizations,
hybrid encodings, runtime con�gurability, and cooperative approximation. Our ap-
proximate multiplication circuits provide a very large approximation space and slow
error scaling in the typical acceptable error segment, while they outperform several
state-of-the-art designs. All the proposed circuits were e�ciently integrated in bigger
DSP/AI hardware accelerators based on our design methodology.

Next, we provided acceleration and e�cient mapping of DSP algorithms on the new
European space-grade FPGAs, which require special treatment due to several factors
(e.g., new tools, lower performance than commercial FPGAs). Our development was
accompanied by a design methodology targeting to highlight all the acceleration and
mapping opportunities, and also aid us to surpass issues that arose either by the
new tool or due to HDL porting on a di�erent FPGA vendor. The �nal resource
utilization of high-performance algorithms for feature detection and stereo vision was
comparable to that of well-established FPGAs, while the performance was su�cient
for space applications.

Finally, we provided acceleration and e�cient mapping of DSP/AI algorithms on
the multi-core VPUs. These SoCs are very heterogeneous in terms of processors
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and memories, however, several challenges need to be addressed to deliver increased
acceleration. To o�er very low power consumption, the VPUs have sacri�ced com-
putational power, while the SoC's complexity requires systematic study to e�ciently
map and schedule compute-intensive algorithms. Therefore, we proposed a design
methodology and several high- and low-level implementation techniques to accelerate
classic DSP kernels, as well as a sophisticated CV pipeline and a DNN algorithm
(both for satellite pose estimation).

Overall, the key contributions of the Ph.D. Dissertation are summarized as fol-
lows:

ˆ Extensive and up-to-date survey in the �eld of Approximate Computing, which
reviews and classi�es software and hardware approximation techniques (Chapter
2).

ˆ Low-level optimizations in the alternative DLSB numerical format ( Chapter 3 ).

ˆ New arithmetic approximation techniques, which generate the RAD, AxFXU/
AxFPU and ROUP families of approximate multipliers ( Chapters 4�6 ).

ˆ Improvement (3 times) of the state-of-the-art energy-error Pareto front of ap-
proximate multipliers ( Chapters 4�6 ).

ˆ Seamless runtime con�guration of the approximation in the DyFXU/DyFPU
approximate multipliers ( Chapter 5 ).

ˆ The design approach of �cooperative approximation�, which combines various
orthogonal approximation techniques to provide a very large design (approxima-
tion) space (Chapter 6 ).

ˆ Methodology for the development of approximate DSP and AI hardware accel-
erators, either for ASIC or FPGA, which is based on extensive design space
exploration with di�ering approximations, algorithms, arithmetic formats, and
hardware design techniques (Chapter 7 ).

ˆ Experimental results for various approximate DSP and AI hardware accelerators,
including kernels for 1D/2D signal processing and CNNs (Chapter 7 ).

ˆ Methodology for the mapping and acceleration of high-performance DSP kernels
on the new space-grade BRAVE FPGAs and tools (Chapter 8 ).

ˆ Experimental results from the implementation of various DSP kernels (feature
detection and stereo vision) on space-grade FPGAs of the market (Chapter 8 ).

ˆ Methodology for the mapping and acceleration of high-performance DSP and AI
algorithms on the heterogeneous multi-core Myriad VPUs (Chapter 9 ).
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ˆ High-level and low-level techniques for the partitioning, scheduling, and map-
ping of demanding algorithms on the heterogeneous multi-core Myriad VPUs
(Chapter 9 ).

ˆ Experimental results from the implementation of various DSP and AI kernels
(convolution, image classi�cation, pose tracking) on the heterogeneous multi-core
Myriad VPUs ( Chapter 9 ).

ˆ Evaluation of NanoXplore's space-grade BRAVE FPGAs and Intel's COTS Myr-
iad VPUs as candidate on-board processors for space missions (Chapters 8�9 ).

10.2. Future Work

Regarding the work of Part I , Approximate Computing is applied in all the layers
of the typical computing stack. As a result, research is conducted at the transistor
layer, circuits, hardware accelerators, micro-architecture, runtime systems, compilers,
and programming languages. In this Ph.D. Dissertation, the proposed approximation
techniques are applied at the logic level and the design of arithmetic circuits, which
are then integrated in hardware accelerators. However, to exploit the full potential of
Approximate Computing, our arithmetic approximation techniques can be combined
with approximations inserted in other layers, namely, apply cross-layer approxima-
tion. Other future extensions include the integration of our approximate circuits
in processors (e.g., in open-source GPUs or RISC-V CPUs), the system-level ap-
plication of our runtime approximation con�guration (e.g., to provide tuning with
respect to the desired accuracy constraints), and the automatic selection of the best
approximation con�gurations for a given application (which is currently performed
manually).

Regarding the work of Part II , segments of our design methodologies can be per-
formed in an automatic fashion, e.g., the exploration of the tool settings in the FPGA
development. Our methodology about the programmable logic of the space-grade FP-
GAs can be extended to take into account the ARM processor of the SoCs, while an
open issue is the successful integration of high-performance I/O links for data trans-
mission. Our work in the VPUs can be extended towards the synergistic application
of both classic CV and AI algorithms, in order to increase the system robustness, e.g.,
execute both the CV pipeline and the UrsoNet DNN for pose estimation/tracking.
Moreover, we are already developing similar methodologies and performing bench-
marking on other embedded platforms such as the TPUs. Finally, as our research
activities with the FPGAs and VPUs target on-board computing in space, we are
also working on equipping COTS devices (e.g., Zynq and Myriad) with fault-tolerant
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mitigation techniques, in an e�ort to increase their reliability without a�ecting the
DSP/AI performance.
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Ektetamènh PerÐlhyh

1. Eisagwg 

Oi ragdaÐec teqnologikèc exelÐxeic sthn aÐsjhsh, thn epexergasÐa kai thn apoj keu-
sh dedomènwn èqoun metamorf¸sei to topÐo twn enswmatwmènwn susthmˆtwn. Me
thn emfˆnish tou DiadiktÔou twn Pragmˆtwn ( IoT ) [1], upˆrqei mia terˆstia aÔxhsh
ston ìgko twn dedomènwn pou parˆgontai, h opoÐa epibˆllei teqnikèc prokl seic stic
periorismènwn-pìrwn suskeuèc epexergasÐac. Epiplèon, h metˆdosh ìlwn aut¸n twn
dedomènwn se upodomèc sÔnnefou kai kèntra dedomènwn gia epexergasÐa dhmiourgeÐ
probl mata sthn epikoinwnÐa, den egguˆtai apìkrish se pragmatikì qrìno, en¸ suqnˆ
apofeÔgetai lìgw zhthmˆtwn asfˆleiac kai idiwtikìthtac. Lambˆnontac upìyh ton
oloèna kai auxanìmeno arijmì IoT sundèsewn, to arqikì sunnefo-kentrikì sÔsth-
ma pièzetai gia na kalÔyei tic apait seic se apìdosh, kai wc apotèlesma, èqei arqÐsei
na egkataleÐpetai. Gia autìn ton lìgo, upˆrqei mia tˆsh na epexergˆzontai ta dedomèna
sthn ˆkrh tou diktÔou, dhlad , mìlic autˆ dhmiourgoÔntai [2].

Tautìqrona, h mazik  anˆptuxh apaithtik¸n efarmog¸n kai isqur¸n algorÐjmwn apì
tomeÐc ìpwc h Yhfiak  EpexergasÐa S matoc (DSP), h Upologistik  'Orash ( CV), h
Teqnht  NohmosÔnh (AI ), kai h Mhqanik  Mˆjhsh ( ML ), shmatodoteÐ mia nèa epoq 
gia ta upologistikˆ sust mata sthn ˆkrh tou diktÔou. SumbatikoÐ enswmatwmènoi
epexergastèc, ìpwc Kentrikèc Monˆdec EpexergasÐac (CPUs) kai mikroelegktèc, den
èqoun thn upologistik  isqÔ gia na qeiristoÔn touc fìrtouc ergasÐac aut¸n twn e-
farmog¸n kai algorÐjmwn, kai ètsi, den mporoÔn na antapokrijoÔn stic apait seic
apìdoshc [3�5]. 'Enac ˆlloc periorismìc eÐnai h mikr  qwrhtikìthta mn mhc sthn ˆkrh
tou diktÔou, h opoÐa epibradÔnei thn epexergasÐa, eidikˆ se efarmogèc me megˆlo ìgko
dedomènwn eisìdou/exìdou.

EÐnai profanèc ìti o pollaplasiasmìc twn dedomènwn mazÐ me thn emfˆnish efarmo-
g¸n auxhmènhc poluplokìthtac apaitoÔn enallaktikèc sqediastikèc lÔseic ¸ste na
diathrhjeÐ epark c apìdosh sthn ˆkrh tou diktÔou. Wc apotèlesma, ta enswmatw-
mèna sust mata èqoun exeliqjeÐ me ta qrìnia, kai apoteloÔn polÔploka sust mata
pou perilambˆnounCPUs, exeidikeumènouc epexergastèc/epitaquntèc, mplok mn mhc,
perifereiakˆ uyhloÔ eÔrouc z¸nhc, kai diepafèc epikoinwnÐac. 'Omwc, h anˆgkh gia qa-
mhl  katanˆlwsh isqÔoc [6,7] den epitrèpei thn aprìskopth aÔxhsh twn upologistik¸n
pìrwn. Sunep¸c, to sqediastikì prìblhma anˆgetai wc ex c: apì th mia pleurˆ, oi
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efarmogèc apaitoÔn taqÔthta kai apìkrish se pragmatikì qrìno, en¸ apì thn ˆllh
pleurˆ, upˆrqoun stenoÐ periorismoÐ isqÔoc.

Ta oloklhrwmèna kukl¸mata apoteloÔn ton akrogwniaÐo lÐjo twn upologistik¸n su-
sthmˆtwn, kaj¸c ephreˆzoun eggen¸c thn apìdos  touc, thn katanˆlwsh isqÔoc kai
thn epifˆneia touc. Istorikˆ, h teqnologÐa hmiagwg¸n basÐsthke gia perissìtera a-
pì 40 qrìnia se dÔo jemeli¸deic arqèc: ton Nìmo tou Moore [8] kai ton Nìmo tou
Dennard [9]. 'Omwc, to tèloc thc klimˆkwshc tou Dennard se sunduasmì me ˆllouc
parˆgontec, ìpwc h teqnologÐa yÔxhc kai ta fusikˆ ìria tou puritÐou, mac od ghse
sthn epoq  tou �Dark Silicon� [12�14]. GÐnetai loipìn antilhptì ìti h katanˆlwsh
isqÔoc apoteleÐ èna krÐsimo z thma sth sqedÐash kuklwmˆtwn kai susthmˆtwn. Se
autì to plaÐsio, h biomhqanÐa twn upologistik¸n susthmˆtwn yˆqnei nèec sqediasti-
kèc proseggÐseic kai upologistikèc platfìrmec, oi opoÐec belti¸noun thn katanˆlwsh
isqÔoc parèqontac parˆllhla thn epijumht  apìdosh.

StoqeÔontac se upologistikˆ sust mata qamhl c katanˆlwshc kai uyhl c apìdo-
shc, diˆforec proseggÐseic sqedÐashc uiojetoÔntai, ìpwc oProseggistikìc U-
pologismìc [15�19], h Epit q̂unsh UlikoÔ [3, 4, 20�22], kai o Eterogen c
Upologismìc [23�27]. O Proseggistikìc Upologismìc ekmetalleÔetai thn anje-
ktikìthta se lˆjh twn DSP/AI efarmog¸n kai qeirotereÔei thc poiìthta twn apo-
telesmˆtwn me antˆllagma kèrdh se isqÔ, epifˆneia kai/  apìdosh. H Epitˆqunsh
UlikoÔ anafèretai sth diadikasÐa ektèleshc diadikasi¸n uyhl c poluplokìthtac se
exeidikeumèno ulikì, ìpwc ta Oloklhrwmèna Kukl¸mata Eidik c Efarmog c ( ASICs)
kai oi SustoiqÐec Epitìpia Programmatizìmenwn Pul¸n (FPGAs). Tèloc, o Etero-
gen c Upologismìc anafèretai se sust mata pou enswmat¸noun pollaploÔc tÔpouc
epexergast  kai diaforetikèc teqnologÐec mnhm¸n, ìpwc oi Monˆdec EpexergasÐac 'O-
rashc (VPUs). H paroÔsa Diatrib  stoqeÔei sta trÐa autˆ prìtupa upologismoÔ,
proteÐnontac sqediastikèc lÔseic kai mejodologÐec gia th beltÐwsh twn epitaqunt¸n
ulikoÔ.

2. Sumbol  Didaktorik c Diatrib c

To antikeÐmeno thc Diatrib c eÐnai h sqedÐash arijmhtik¸n kuklwmˆtwn kai DSP &
AI epitaqunt¸n. Se autì to plaÐsio, proteÐnoume lÔseic kai mejodologÐec me stìqo th
beltiwmènh sqedÐash seASICs/FPGAs kai enswmatwmènouc polupÔrhnouc epexerga-
stèc. Se epÐpedo kukl¸matoc, uiojetoÔme to prìtupo sqedÐashc tou ProseggistikoÔ
UpologismoÔ, kai proteÐnoume nèec teqnikèc arijmhtik c prosèggishc, oi opoÐec sth su-
nèqeia qrhsimopoioÔntai se proseggistikoÔc epitaquntèc ulikoÔ. Se epÐpedo platfìr-
mac, stoqeÔoume na xekleid¸soume pl rwc tic dunatìthtec nèwn enswmatwmènwn su-
skeu¸n, ìpwc ta FPGAs diasthmikoÔ bajmoÔ kai oi eterogeneÐcVPUs.
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H kÔria diaforopoÐhsh thc Diatrib c se sqèsh me th bibliografÐa sunoyÐzetai wc
ex c:

ˆ Se epÐpedo teqnik c sqedÐashc, proteÐnoume nèec mejìdouc prosèggishc, tic opo-
Ðec kai sunduˆzoume ¸ste na dhmiourg soume ènan polÔ megˆlo q¸ro sqedÐashc
me pollaplèc diamorf¸seic prosèggishc, epitrèpontac ètsi th megistopoÐhsh twn
kerd¸n se pìrouc kˆtw apì ènan kajorismèno periorismì sfˆlmatoc.

ˆ Se epÐpedo kukl¸matoc, proteÐnoume proseggistikˆ arijmhtikˆ kukl¸mata pou
mporoÔn aprìskopta na diamorf¸soun thn prosèggish touc katˆ ton qrìno e-
ktèleshc.

ˆ Se epÐpedo epitaqunt  ulikoÔ, pragmatopoioÔme mia ektetamènh exereÔnhsh tou
q¸rou sqedÐashc pˆnw stic teqnikèc prosèggishc, tic arijmhtikèc anaparastˆseic
kai tic teqnikèc sqedÐashc ulikoÔ, ¸ste na ulopoi soume proseggistikoÔc epi-
taquntèc se ASIC/FPGA teqnologÐa.

ˆ Se epÐpedo upologistik c platfìrmac , exetˆzoume susthmatikˆ tic dunatìthtec
twn ergaleÐwn programmatismoÔ kai ekmetalleuìmaste pl rwc tic arqitektonikèc
ulikoÔ ¸ste na epitaqÔnoume apodotikˆDSP/AI algorÐjmouc uyhl c poluplo-
kìthtac.

Sthn sunèqeia, analÔoume perilhptikˆ tic proteinìmenec teqnikèc kai mejodologÐec,
kai parousiˆzoume ta kÔria peiramatikˆ apotelèsmata.

3. BeltistopoÐhsh Arijmhtik c: DLSB KwdikopoÐhsh

H enìthta aut  aforˆ to Kefˆlaio 3 kai basÐzetai sthdhmosÐeush [226] .

Eisagwg 

H enswmˆtwsh kainotìmwn arijmhtik¸n anaparastˆsewn sth sqedÐash kuklwmˆtwn a-
poteleÐ mÐa apotelesmatik  lÔsh gia th meÐwsh thc katanˆlwshc enèrgeiac/isqÔoc, thc
epifˆneiac kai thc kajustèrhshc enìc kukl¸matoc [227]. Sto plaÐsio autì, èqoun pro-
tajeÐ sth bibliografÐa diˆfora enallaktikˆ arijmhtikˆ prìtupa [228�230] pou èqoun
wc stìqo th beltÐwsh tou ulikoÔ twn arijmhtik¸n monˆdwn. Sthn paroÔsa Diatri-
b , estiˆzoume sthn arijmhtik  anaparˆstash DLSB [231], h opoÐa prosjètei sth
sumbatik  arijmhtik  èna epiplèon Ligìtero Shmantikì Bit (LSB). Dhlad , ìloi oi
arijmoÐ anaparÐstantai me èna akìmabit pou èqei to Ðdio bˆroc me to sumbatikìLSB.
To prìtupo DLSB kajistˆ to eÔroc anaparˆstashc arijm¸n pl rwc summetrikì, dh-
lad  gia thn arijmhtik  tou sumplhr¸matoc wc proc 2, to eÔroc anaparˆstashc eÐnai
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[� 2n � 1, 2n � 1] antÐ gia[� 2n � 1, 2n � 1 � 1]. EpÐshc, parèqei pollˆ pleonekt mata,
ìpwc: ( i) h aploÔsterh diadikasÐa antistrof c arijm¸n, ( ii ) h aploÔsterh diadika-
sÐa stroggulopoÐhshc stouc upologismoÔc kinht c upodiastol c, kai (iii ) h auxhmènh
apotelesmatikìthta stouc upologismoÔc Arijmhtik c UpoloÐpou ( RNS). Ta pleone-
kt mata thc DLSB arijmhtik c sth sqedÐash kuklwmˆtwn analÔontai stic dhmosie-
Ôseic [226,231].

'Omwc, h qr sh thc arijmhtik c DLSB èqei wc apotèlesma na auxˆnontai h kajustèrh-
sh kai h epifˆneia twn kuklwmˆtwn se sÔgkrish me ta antÐstoiqa sumbatikˆ kukl¸mata.
SÔmfwna me th jewrhtik  anˆlush thc dhmosÐeushc [231], ta kukl¸mata pollapla-
siasmoÔ parousiˆzoun tic megalÔterec aux seic se pìrouc. Epomènwc, me kÐnhtro ta
pleonekt mata thc arijmhtik c DLSB, kai stoqeÔontac na mei¸soume tic aux seic se
pìrouc pou prokÔptoun, proteÐnoume ènan beltiwmèno algìrijmo gia thn ektèlesh tou
pollaplasiasmoÔ dÔo arijm¸n DLSB sumplhr¸matoc wc proc 2. Parèqoume mÐa ekte-
n  anˆlush se epÐpedo duadikoÔ yhfÐou kai axiologoÔme ton proteinìmeno algìrijmo
jewrhtikˆ kai peiramatikˆ, apodeiknÔontac ìti oi qeirismoÐ kai oi beltistopoi seic qa-
mhloÔ epipèdou prosfèroun shmantikˆ kèrdh se pìrouc. Epiplèon, parakinoÔme perai-
tèrw thn efarmog  thc arijmhtik c DLSB kai axiologoÔme thn apotelesmatikìthta thc
proteinìmenhc teqnik c se èna realistikì senˆrio. Sugkekrimèna, deÐqnoume ìti oi pol-
laplasiastèc megˆlou megèjouc mporoÔn na ulopoihjoÔn apodotikˆ qrhsimopoi¸ntac
mikroÔc pollaplasiastèc DLSB wc domikˆ stoiqeÐa.

SqedÐash Kukl¸matoc DLSB Pollaplasiast 

'Estw ìti o X = hxn � 1xn � 2 � � � x0i 2's eÐnai ènacn-bit arijmìc se sumpl rwma wc proc
2. O X metatrèpetai ston arijmì DLSB X + episunˆptontac èna epiplèonLSB, ìpwc
faÐnetai sthn Ex. (1).

X + = X + x0+ = hxn � 1xn � 2 � � � x0i 2's + x0+ (1)

Me bˆsh ton algìrijmo pollaplasiasmoÔ Modi�ed Booth [227], sqediˆzoume ton pol-
laplasiast  gia DLSB arijmoÔc. 'Enac apì touc dÔo ìrouc tou pollaplasiasmoÔ,
èstw o B + , kwdikopoieÐtai me to epiplèonLSB b0+ na sumperilambˆnetai sto ligìtero
shmantikì Modi�ed Booth yhfÐo, dhlad  b� 1 = b0+ antÐ giab� 1 = 0 (sumbatik  kw-
dikopoÐhsh). Se aut  thn perÐptwsh, o pollaplasiasmìc ekteleÐtai sÔmfwna me thn
Ex. (2).

A+ � B + = han � 1an � 2 � � � a0i 2's � B + + a0+ � B + =

= han � 1an � 2 � � � a0i 2's �
n / 2� 1X

j =0

4j bMB
j + a0+ �

�
hbn � 1bn � 2 � � � b0i 2's + b0+

�
(2)
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H ulopoÐhsh tou kukl¸matoc me bˆsh thn parapˆnw exÐswsh apaiteÐ ènan sumbatikì
pollaplasiast  Modi�ed Booth gia ton upologismì tou pr¸tou ìrou thc parˆstashc,
kaj¸c kai epiprìsjeto ulikì gia ton upologismì tou ìrou a0+ �

�
hbn � 1bn � 2 � � � b0i 2's +

b0+
�
. Gia na meiwjeÐ to kìstoc pou prokÔptei apì ton upologismì tou epiplèon ìrou,

jewroÔme mia enallaktik  anaparˆstash gia ton A+ . Sugkekrimèna, pragmatopoioÔme
qamhloÔ epipèdou logikèc beltistopoi seic, kai o A+ kwdikopoieÐtai ìpwc faÐnetai
sthn Ex. (3).

A+ = ( � 1)a0+ � A0, ìpou A0 = ha0
n � 1a0

n � 2 � � � a0
0i 2's, a0

i = ai � a0+ (3)

To epìmeno b ma eÐnai na enswmat¸soume ton ìro(� 1)a0+ ston upologismì tou bMB
j ,

dhlad  tou Modi�ed Booth yhfÐou. Lambˆnontac upìyh ìti o ìroc (� 1)a0+ ephreˆzei
to prìshmo (anˆloga me thn tim  tou a0+ ), odhgoÔme to s ma gia to prìshmo tou
Modi�ed Booth yhfÐou se mia pÔlhXOR mazÐ me toa0+ . Wc apotèlesma, h apìluth
tim  tou nèou Modi�ed Booth yhfÐou (bMB +

j ) eÐnai h Ðdia me toubMB
j , wstìso, to

prìshmo tou exartˆtai kai apì to a0+ .

Me bˆsh tic parapˆnw tropopoi seic, o pollaplasiasmìc dÔo n-bit DLSB arijm¸n
apaiteÐ th dhmiourgÐa kai thn ˆjroishn=2 merik¸n ginomènwnPPj , ìpwc faÐnetai stic
Ex. (4)�(6).

A+ � B + = A0 �
n / 2� 1X

j =0

4j bMB +
j =

n / 2� 1X

j =0

4j PPj (4)

PPj = A0 � bMB +
j = 2 n pj;n +

n � 1X

i =0

2i pj;i (5)

bMB +
j = ( � 1)s0

j � (2twoj + onej ) = ( � 1)sj � a0+ � (2twoj + onej ) (6)

Oi logikèc exis¸seic twn shmˆtwn kwdikopoÐhshcsj , onej kai twoj dhmiourgoÔntai
apì ton pÐnaka al jeiac thc sumbatik c Modi�ed Booth kwdikopoÐhshc [227]. To pro-
teinìmeno kÔklwma kwdikopoÐhshc apeikonÐzetai sto Sq ma 1aþ. Se sÔgkrish me ton
sumbatikì kwdikopoiht  Modi�ed Booth (Sq ma 1bþ), o proteinìmenoc kwdikopoiht c
èqei mÐa epiplèon pÔlhXOR gia ton upologismì tou s matoc pros mou s0

j , to opoÐo pe-
rilambˆnei to a0+ . H dhmiourgÐa toui bit tou merikoÔ ginomènouPPj , h opoÐa prokÔptei
apì thn Ex. (5), apeikonÐzetai se epÐpedo pÔlhc sto Sq ma 1gþ. To kÔklwma paragwg c
merik¸n ginomènwn touDLSB pollaplasiast  eÐnai to Ðdio me autì pou qrhsimopoieÐtai
ston sumbatikì algìrijmo Modi�ed Booth .

Gia lìgouc sÔgkrishc, to Sq ma 2 apeikonÐzei ta dèntra twn merik¸n ginomènwn twn 16-
bit pollaplasiast¸n pou exetˆsthkan, dhlad  tou klassikoÔ pollaplasiast  Mod-
i�ed Booth (Sq ma 2aþ), tou mh-beltistopoihmènou pollaplasiast  DLSB (Sq ma
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(aþ) (bþ) (gþ)

Sq ma 1: Ta kukl¸mata gia ton pollaplasiasmì DLSB arijm¸n: (a') proteinìmenoc DLSB Modi-
�ed Booth kwdikopoiht c, (b') klasikìc Modi�ed Booth kwdikopoiht c, (g') klassikìc genn torac
merik¸n ginomènwn (ai : i bit tou A , ai = sj � ai ).

(aþ)

(bþ) (gþ)

Sq ma 2: Ta dèntra merik¸n ginomènwn 16-bit pollaplasiast¸n: (a') sumbatikìc Modi�ed Booth
pollaplasiast c, (b') mh-beltistopoihmènoc DLSB Modi�ed Booth pollaplasiast c, (g') protei-
nìmenocDLSB Modi�ed Booth pollaplasiast c.
SÔmbola: : pj;i : ìroc diìrjwshc : a0+ � bi : p0

j; 0 : ìroc diìrjwshc

2bþ), kai tou proteinìmenou pollaplasiast  DLSB (Sq ma 2gþ). Sta sq mata èqoun
sumperilhfjeÐ ìloi oi ìroi pou apaitoÔntai gia thn orj  ektèlesh tou pollaplasia-
smoÔ (bits merik¸n ginomènwn, stajeroÐ ìroi kai ìroi diìrjwshc). 'Opwc faÐnetai, o
mh-beltistopoihmènoc pollaplasiast c DLSB, o opoÐoc ekfrˆzetai apì thn Ex. (2),
ulopoieÐ ton klassikì pollaplasiast  Modi�ed Booth sun epiplèon logik  gia to
ginìmenoa0+ � B + . AntÐjeta, to proteinìmeno kÔklwma, to opoÐo basÐzetai sthn Ex.
(4), ulopoieÐ èna dèntro Ðdiou bˆjouc me autì tou klassikoÔ pollaplasiast  Modi-
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�ed Booth . H mình diaforˆ tou se sqèsh me autìn eÐnai o upologismìc tou s matoc
s0

j = sj � a0+ . Autì to s ma qrhsimopoieÐtai antÐ gia tosj sthn paragwg  tou
LSB twn merik¸n ginomènwn kai twn ìrwn diìrjwshc. Dhlad , se sÔgkrish me ton
pollaplasiast  Modi�ed Booth gia klassikoÔc arijmoÔc, h mìno epibˆrunsh tou
proteinìmenou kukl¸matoc gia ton pollaplasiasmì DLSB arijm¸n eÐnai n=2 pÔlec
XOR.

Peiramatik  Axiolìghsh

Gia thn peiramatik  axiolìghsh, anaptÔssoume ta kukl¸mata sth gl¸ssa perigraf c
ulikoÔ Verilog kai pragmatopoioÔme thn sÔnjesh touc me to ergaleÐoDesign Compiler
thc Synopsyskai th biblioj kh twn 45 nm thc TSMC. JewroÔme touc akìloujouc sum-
bolismoÔc gia ta exetazìmena kukl¸mata pollaplasiast¸n:

ˆ CMB: sumbatikìc Modi�ed Booth pollaplasiast c gia kanonikoÔc arijmoÔc
sumplhr¸matoc wc proc 2.

ˆ DLSB1: mh-beltistopoihmènocModi�ed Booth pollaplasiast c gia DLSB a-
rijmoÔc sumplhr¸matoc wc proc 2.

ˆ DLSB2: proteinìmenoc Modi�ed Booth pollaplasiast c gia DLSB arijmoÔc
sumplhr¸matoc wc proc 2.

O PÐnakac 1 parousiˆzei ta peiramatikˆ apotelèsmata apì th sÔnjesh twn pollapla-
siast¸n gia diˆfora megèjh ( n = 8 ; 16; 32). Epiplèon, anafèrontai oi epibarÔnseic se
enèrgeia kai epifˆneia twn pollaplasiast¸n se sÔgkrish me ton CMB. 'Oson aforˆ
ta krÐsima monopˆtia twn kuklwmˆtwn, ìpwc anamenìtan, oiDLSB pollaplasiastèc
èqoun sqedìn tic Ðdiec kajuster seic me tonCMB. O DLSB2 emfanÐzei parìmoia ka-
justèrhsh akìmh kai gia to mikrìtero m koc bit , dhlad  0:38ns ènanti 0:37ns. Autì
dikaiologeÐtai apì to gegonìc ìti to bˆjoc tou dèntrou twn merik¸n ginomènwn tou den
èqei auxhjeÐ. Se sÔgkrish me tonDLSB1, h beltistopoihmènh sqedÐash touDLSB2
epitugqˆnei kalÔtera apotelèsmata gia ìlouc touc pìrouc. Katˆ mèso ìro, o DLSB2
epibˆllei mikrèc epibarÔnseic epifˆneiac kai enèrgeiac (3:1%kai 3:3%), en¸ oi antÐstoi-
qec epibarÔnseic tou mh-beltistopoihmènouDLSB1 eÐnai arketˆ megalÔterec (11:9%
kai 15:4%). 'Oson aforˆ thn klimˆkwsh tou m kouc bit , ta apotelèsmata deÐqnoun ìti
ìso auxˆnetai to mègejoc tou pollaplasiast , o antÐktupoc tou epiplèon LSB gÐnetai
mikrìteroc tìso sthn epifˆneia ìso kai sthn enèrgeia.

Sth sunèqeia, deÐqnoume p¸c on-bit DLSB2 mporeÐ na qrhsimopoihjeÐ apotelesmatikˆ
wc domikì stoiqeÐo gia thn ulopoÐhsh pollaplasiasm¸n me megˆlouck-bit arijmo-
Ôc. QwrÐc ap¸leia thc genikìthtac, jewroÔmek = 2n. Praktikˆ, èqoume kukl¸mata
pollaplasiasmoÔ me mikrì stajerì m koc bit kai jèloume na ektelèsoume pollapla-
siasmoÔc megalÔterwn arijm¸n.
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PÐnakac 1: Apotelèsmata sÔnjeshc twn n-bit DLSB pollaplasiast¸n sth biblioj kh twn 45nm
thc TSMC .

KÔklwma
Kajustèrhsh Epifˆneia Enèrgeia

(ns) (� m2) (%)1 (� W�ns) (%)1

n
=

8
CMB 0:37 485 � 384 �
DLSB1 0:40 572 +18 480 +25
DLSB2 0:38 510 +5:2 406 +5:7

n
=

16
CMB 0:51 1519 � 1186 �
DLSB1 0:52 1701 +12 1344 +13:3
DLSB2 0:51 1562 +2:8 1217 +2:6

n
=

32
CMB 0:67 5189 � 4340 �
DLSB1 0:67 5491 +5:8 4685 +7:9
DLSB2 0:67 5256 +1:3 4412 +1:7

1 Anafèretai se % epibˆrunsh epifˆneiac/enèrgeiac (sqetik  aÔxhsh) se sÔgkrish me ton CMB .

'Estw ìti oi A kai B eÐnai dÔok-bit arijmoÐ sumplhr¸matoc wc proc2. QwrÐzoume
touc A kai B se dÔoDLSB lèxeic twn n bits. Pio sugkekrimèna, ìpwc faÐnetai stic
Ex. (7)�(8), qwrÐzoume touc arijmoÔc se dÔo lèxeic, episunˆptontac ta pio shmantikˆ
bits twn ligìtero shmantik¸n lèxewn, dhlad  ta an � 1 kai bn � 1, wc epiplèon LSBs
stic pio shmantikèc lèxeic. Jewr¸ntac èna epiplèon LSB Ðso me0 gia tic ligìtero
shmantikèc lèxeic, oik-bit arijmoÐ metasqhmatÐzontai se sunart seic dÔon-bit DLSB
arijm¸n sumplhr¸matoc wc proc 2.

A =
�
ha2n � 1a2n � 2 � � � an i 2's + an � 1

�
� 2n +

�
han � 1an � 2 � � � a0i 2's + 0

�
=

= A+
1 � 2n + A+

2 (7)

B =
�
hb2n � 1b2n � 2 � � � bn i 2's + bn � 1

�
� 2n +

�
hbn � 1bn � 2 � � � b0i 2's + 0

�
=

= B +
1 � 2n + B +

2 (8)

O pollaplasiasmìc twn parapˆnw kwdikopoihmènwn arijm¸n A kai B apaiteÐ thn e-
ktèlesh 4 pollaplasiasm¸n mikrìterou megèjouc, ìpwc prokÔptei apì thn epimeristi-
k  idiìthta. AutoÐ oi pollaplasiasmoÐ mporoÔn na ektelestoÔn apì to n-bit DLSB2
kÔklwma. AntÐjeta, me bˆsh thn anˆlush mac [226], an qwrÐsoume touc arijmoÔc jew-
r¸ntac thn sumbatik  arijmhtik , qreiˆzetai na qrhsimopoihjeÐ o klasikìc (n + 1) -bit
CMB ¸ste na ektelestoÔn swstˆ ìloi oi mikrìteroi pollaplasiasmoÐ pou prokÔptoun.
Gia ton lìgo autì, sto Sq ma 3 parousiˆzoume ta kèrdh se pìrouc tou n-bit DLSB2
ènanti tou (n + 1) -bit CMB . Ta apotelèsmata deÐqnoun ìti oDLSB2 parèqei shma-
ntikˆ kèrdh, eidikˆ gia mikrì m koc bit : 30:6% kai 43:3% se epifˆneia kai enèrgeia,
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Sq ma 3: Ta kèrdh se enèrgeia kai epifˆneia kukl¸matoc pou parèqontai apì ton n-bit DLSB2
pollaplasiast  se sÔgkrish me ton (n + 1) -bit CMB (stoqeÔontac sth qr sh tou DLSB2 antÐ tou
CMB wc domikì stoiqeÐo se megˆlouc pollaplasiastèc).

antÐstoiqa, gian = 8 . H anapotelesmatikìthta tou CMB dikaiologeÐtai apì to epi-
plèon bit sto m koc tou pollaplasiast , to opoÐo èqei wc apotèlesma th dhmiourgÐa
enìc akìmh merikoÔ ginomènou kai thn prosj kh enìc epiplèonbit se kˆje merikì
ginìmeno.

4. Arijmhtik  Prosèggish: Ubridik  High-Radix
KwdikopoÐhsh

H enìthta aut  aforˆ to Kefˆlaio 4 kai basÐzetai sthdhmosÐeush [153] .

Eisagwg 

O kÔrioc stìqoc tou ProseggistikoÔ UpologismoÔ sto epÐpedo thc logik c eÐnai ta
arijmhtikˆ kukl¸mata [216], ta opoÐa apoteloÔn basikèc upologistikèc monˆdec twn
epexergast¸n genikoÔ skopoÔ kai twn epitaqunt¸n ulikoÔ. Sth bibliografÐa upˆr-
qei mÐa ekten c èreuna gia touc proseggistikoÔc ajroistèc [130, 246�249], oi opoÐoi
parèqoun shmantikˆ kèrdh sthn kajustèrhsh tou krÐsimou monopatioÔ kai thn ka-
tanˆlwsh isqÔoc. Apì thn ˆllh pleurˆ, oi ereunhtikèc drasthriìthtec pou aforoÔn
proseggistikoÔc pollaplasiastèc [142,143,149,151,154,250�256] èqoun af sei arketˆ
zht mata anoiktˆ se sÔgkrish me tic antÐstoiqec gia touc ajroistèc. Sto kÔklwma tou
pollaplasiasmoÔ mporoÔn na efarmostoÔn proseggÐseic sthn paragwg  twn merik¸n
ginomènwn [149, 151,255] kai sthn ˆjroish twn merik¸n ginomènwn [154,250,251, 253].
Kai oi dÔo tÔpoi prosèggishc mporoÔn na efarmostoÔn se sunergasÐa gia thn epÐteuxh
uyhlìterhc meÐwshc thc isqÔoc kai thc epifˆneiac tou kukl¸matoc [149, 151]. An kai
shmantik  èreuna aforˆ thn ˆjroish twn merik¸n ginomènwn, oi teqnikèc prosèggishc
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gia thn paragwg  twn merik¸n ginomènwn èqoun lˆbei ligìterh prosoq . 'Enac ˆlloc
periorismìc twn proseggistik¸n pollaplasiast¸n thc bibliografÐac eÐnai ìti h pleio-
nìthtˆ touc (p.q., [154,250,252,256]) den exetˆzei ton pollaplasiasmì proshmasmènwn
arijm¸n.

Me kÐnhtro ta kèrdh pou parèqontai apì ta arijmhtikˆ kukl¸mata stouc pìrouc enìc
epitaqunt , proteÐnoume mÐa ubridik  kwdikopoÐhsh gia ènan apì touc dÔo ìrouc tou
pollaplasiast . Aut  h kwdikopoÐhsh èqei wc apotèlesma thn apodotik  dhmiourgÐa
twn merik¸n ginomènwn sto kÔklwma pollaplasiasmoÔ. H proteinìmenh teqnik  antime-
twpÐzei orismèna apì ta zht mata twn prohgoÔmenwn sqetik¸n kuklwmˆtwn, ìpwc eÐnai
o proshmasmènoc pollaplasiasmìc kai h meÐwsh twn krÐsimwn monopati¸n, en¸ parèqei
epÐshc kalÔtera apotelèsmata apì shmantikèc douleièc thc bibliografÐac. Gia thn e-
farmog  thc, qwrÐzoume ton arijmì se dÔo lèxeic apìbits kai ton kwdikopoioÔme me
bˆsh dÔo diaforetikèc kwdikopoi seic aktÐnac (radix): ta Perissìtero Shmantikˆ Bits
(MSBs) kwdikopoioÔntai me thn akrib  kwdikopoÐhshradix-4, en¸ ta k Ligìtero Shma-
ntikˆ Bits (LSBs) kwdikopoioÔntai me thn proseggistik  kwdikopoÐhshhigh-radix-2k

(ìpou k � 4). Gia na aplopoihjeÐ h auxhmènh poluplokìthta pou prokaleÐtai apì tic
sumbatikèc kwdikopoi seichigh-radix, allˆzoume touc pÐnakec al jeiac twn shmˆtwn
kwdikopoÐhshc eisˆgontac proseggÐseic. H qr sh aut c thc ubridik c kwdikopoÐhshc
èqei wc apotèlesma th meÐwsh tou arijmoÔ twn merik¸n ginomènwn kai th dhmiourgÐa
aploÔsterwn dèntrwn gia thn ˆjroish touc.

SqedÐash Kukl¸matoc UbridikoÔ High-Radix Pollaplasiast 

'Estw ìti o B eÐnai ènacn-bit arijmìc sumplhr¸matoc wc proc 2. JewroÔme ènan zugì
arijmì k pou an kei sto diˆsthma [4, n � 2], dhlad  k = 2m: m 2 Z kai 2 � m � (n �
2)=2. O B qwrÐzetai se dÔo tm mata me bˆsh tok: to pio shmantikì tm ma pou perièqei
ta n � k + 1 MSBs tou kai to ligìtero shmantikì tm ma pou perièqei ta k LSBs tou
(upˆrqei èna koinì bit metaxÔ twn dÔo tmhmˆtwn). Tan � k +1 MSBs kwdikopoioÔntai
me thn kwdikopoÐhshradix-4, en¸ ta k LSBs kwdikopoioÔntai me thn kwdikopoÐhsh
radix-2k , ìpwc faÐnetai stic Ex. (9)�(11).

B = hbn � 1bn � 2 � � � b0i 2's = � 2n � 1bn � 1 +
n � 2X

i =0

2i bi =
n= 2� 1X

j = k=2

4j yR 4
j + yR 2k

0 (9)

yR 4
j = � 2b2j +1 + b2j + b2j � 1 =) yR 4

j 2 f 0; � 1; � 2g (10)

yR 2k

0 = � 2k � 1bk � 1+2 k � 2bk � 2+ � � �+ b0 =) yR 2k

0 2f 0; � 1; : : : ; � (2k � 1� 1); � 2k � 1g (11)
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H Ex. (10) anafèretai sta kwdikopoihmènaradix-4 yhfÐa, en¸ h Ex. (11) anafèretai
sto kwdikopoihmènoradix-2k yhfÐo. Pio sugkekrimèna, h kwdikopoÐhshradix-4 dh-
miourgeÐ(n � k)=2 yhfÐayR 4

j 2 f 0; � 1; � 2g, en¸ h kwdikopoÐhshradix-2k dhmiourgeÐ

to yhfÐo yR 2k

0 2 f 0; � 1; � 2; � 3; : : : ; � (2k � 1 � 1); � 2k � 1g. Sunolikˆ, o B kwdiko-
poieÐtai me(n � k)=2 + 1 yhfÐa.

H parapˆnw akrib c ubridik  kwdikopoÐhsh qarakthrÐzetai apì auxhmènh poluplokìth-
ta lìgw twn poll¸n tim¸n pou paÐrnei to yhfÐo yR 2k

0 , kaj¸c kai twn tim¸n pou den
eÐnai dunˆmeic tou dÔo. Dhlad , to kÔklwma kwdikopoÐhshc ìlwn twn pijan¸n tim¸n
tou yR 2k

0 eÐnai arketˆ megˆlo. Epomènwc, proteÐnoume mia enallaktik  proseggistik 
parallag  thc kwdikopoÐhshc radix-2k , en¸ diathroÔme thn qamhl c poluplokìthtac
kwdikopoÐhshradix-4 twn MSBs ¸ste na apofeuqjoÔn ta megˆla lˆjh. H prosèggish
thc kwdikopoÐhshcradix-2k gÐnetai mèsw thc antistoÐqishc ìlwn twn pijan¸n tim¸n
tou yR 2k

0 sthn plhsièsterh apì tic 4 megalÔterec dunˆmeic tou dÔo   to0. Me au-
tìn ton trìpo, to proseggistikì yhfÐo ŷR 2k

0 paÐrnei timèc apì èna mikrìtero sÔnolo
tim¸n, to opoÐo perilambˆnei mìno4 apìlutec timèc sun to 0. EpÐshc, to ˆjroisma
twn tim¸n aut¸n eÐnai0, ìpwc sthn perÐptwsh tou set tim¸n tou yR 4

j . Epilègoume na
diathr soume mìno tic 4 megalÔterec dunˆmeic tou dÔo, ètsi ¸ste o proseggistikìc
kwdikopoiht c radix-2k na apaiteÐ perÐpou thn diplˆsia epifˆneia apì touc(n � k)=2
akriboÔc kwdikopoihtècradix-4.

O PÐnakac 2 parousiˆzei thn klasik  akrib  kwdikopoÐhshradix-4. To s ma sign j

anafèretai sto prìshmo tou yR 4
j , dhlad  energopoieÐtai ìtan to yhfÐo èqei arnhtik 

tim . Ta s mata � 1j kai � 2j upodeiknÔoun sto mètro touyR 4
j , dhlad  energopoio-

Ôntai ìtan to yhfÐo èqei mètro 1 kai 2, antÐstoiqa. O PÐnakac 3 parousiˆzei thn
proseggistik  kwdikopoÐhsh radix-2k . Oi dÔo pr¸tec st lec deÐqnoun thn proteinìme-
nh antistoÐqish gia na dhmiourghjeÐ to proseggistikì set tim¸n (yR 2k

0 ! ŷR 2k

0 ). Gia
parˆdeigma, eˆn h tim  tou akriboÔcradix-2k yhfÐou, ìpwc aut  upologÐzetai apì thn
Ex. (11), an kei sto diˆsthma [2k � 5; 2k � 4+2 k � 5), tìte antistoiqÐzetai sthn tim  2k � 4.
Parìmoia me thn kwdikopoÐhshradix-4, energopoioÔntai ta s mata kwdikopoÐhshc gia
na upodeÐxoun thn tim  toûyR 2k

0 . Oi logikèc exis¸seic twn shmˆtwn kwdikopoÐhshc
radix-4 kai radix-2k anafèrontai sthn dhmosÐeush [153] (exˆgontai apì touc pÐnakec
me qr sh qart¸n Karnaugh).

Sunoptikˆ, xekin¸ntac apì thn akrib  ubridik  kwdikopoÐhsh twn Ex. (9)�(11), pro-
seggÐzoume thn kwdikopoÐhshhigh-radix twn LSBs mèsw thc antistoÐqishc tou PÐnaka
3. Me autìn ton trìpo, o B kwdikopoieÐtai proseggistikˆ wc ~B , ìpwc faÐnetai stic
Ex. (12)�(14).

~B =
n= 2� 1X

j = k=2

4j yR 4
j + ŷR 2k

0 (12)
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PÐnakac 2: H akrib c radix -4 kwdikopoÐhsh.

Bits ArijmoÔ R4 YhfÐo S mata KwdikopoÐhshc

b2j +1 b2j b2j � 1 yR 4
j sign j � 2j � 1j

0 0 0 0 0 0 0
0 0 1 1 0 0 1
0 1 0 1 0 0 1
0 1 1 2 0 1 0
1 0 0 � 2 1 1 0
1 0 1 � 1 1 0 1
1 1 0 � 1 1 0 1
1 1 1 0 1 0 0

PÐnakac 3: H proseggistik  high-radix -2k kwdikopoÐhsh.

Akribèc YhfÐo Prosegg. YhfÐo S mata KwdikopoÐhshc

yR 2k

0 ŷR 2k

0 sign � 2k � 1 � 2k � 2 � 2k � 3 � 2k � 4

[0; 2k � 5) 0 0 0 0 0 0
[2k � 5 ; 2k � 4 + 2 k � 5) 2k � 4 0 0 0 0 1
[2k � 4 + 2 k � 5 ; 2k � 3 + 2 k � 4) 2k � 3 0 0 0 1 0
[2k � 3 + 2 k � 4 ; 2k � 2 + 2 k � 3) 2k � 2 0 0 1 0 0
[2k � 2 + 2 k � 3 ; 2k � 1) 2k � 1 0 1 0 0 0
[� 2k � 1 ; � 2k � 2 � 2k � 3) � 2k � 1 1 1 0 0 0
[� 2k � 2 � 2k � 3 ; � 2k � 3 � 2k � 4) � 2k � 2 1 0 1 0 0
[� 2k � 3 � 2k � 4 ; � 2k � 4 � 2k � 5) � 2k � 3 1 0 0 1 0
[� 2k � 4 � 2k � 5 ; � 2k � 5) � 2k � 4 1 0 0 0 1
[� 2k � 5 ; 0) 0 1 0 0 0 0

ìpou yR 4
j 2 f 0; � 1; � 2g (13)

kai ŷR 2k

0 2 f 0; � 2k � 4; � 2k � 3; � 2k � 2; � 2k � 1g (14)

Me bˆsh thn parapˆnw kwdikopoÐhsh, sqediˆzetai o proseggistikìc pollaplasiast c
RAD 2k , tou opoÐou ta basikˆ stˆdia apeikonÐzontai sto Sq ma 4. Sto pr¸to stˆdio,
o B kwdikopoieÐtai me thn proteinìmenh ubridik  kwdikopoÐhsh. To deÔtero stˆdio
lambˆnei wc eÐsodo tonA kai ta s mata kwdikopoÐhshc tou~B , kai parˆgei (n � k)=2
akrib  merikˆ ginìmena apì thn kwdikopoÐhshradix-4 (yhfÐa yR 4

j ) kai 1 proseggisti-

kì merikì ginìmeno apì thn kwdikopoÐhshradix-2k (yhfÐo ŷR 2k

0 ). To proseggisti-
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Sq ma 4: Ta basikˆ stˆdia tou proseggistikoÔ pollaplasiast  RAD 2k , o opoÐoc basÐzetai sthn
ubridik  kwdikopoÐhsh high-radix .

kì merikì ginìmeno praktikˆ antikajistˆ ta k=2 ligìtero shmantikˆ merikˆ ginìme-
na tou akriboÔc pollaplasiast  pou qrhsimopoieÐ mìno thn kwdikopoÐhshradix-4.
Dhlad , mei¸noume ta merikˆ ginìmena katˆ k=2 � 1, dedomènou ìti o akrib c pol-
laplasiast c radix-4 parˆgei n=2 merikˆ ginìmena sunolikˆ, en¸ o RAD 2k parˆgei
(n � k)=2 + 1.

Sto Sq ma 5 parousiˆzoume ta kukl¸mata pou parˆgoun to kˆje bit tou proseggisti-
koÔ merikoÔ ginomènou twnRAD 2k pollaplasiast¸n ( k = 6 ; 8; 10). 'Opwc faÐnetai,
h epifˆneia tou kukl¸matoc paragwg c merik¸n ginomènwn eÐnai Ðdia gia ìlec tic kw-
dikopoi seic, dhlad  eÐnai anexˆrthth thc epilegmènhc tim c touk. H diaforopoÐhsh
ègkeitai sta bits tou A kai sto mègejoc thc plhroforÐac pou metafèroun ta s mata
kwdikopoÐhshc touB . To antÐstoiqo kÔklwma paragwg c twn akrib¸n merik¸n gi-
nomènwn pou basÐzontai sthnradix-4 kwdikopoÐhsh eÐnai autì pou apeikonÐzetai sto
Sq ma 1gþ.

To Sq ma 6 apeikonÐzei ta dèntra twn merik¸n ginomènwn twn16-bit RAD 2k pol-
laplasiast¸n ( k = 6 ; 8; 10). Ektìc apì ta bits twn merik¸n ginomènwn, ta dèntra
perilambˆnoun stajeroÔc kai diorjwtikoÔc ìrouc. ParathroÔme ìti me kˆje aÔxhsh
thc paramètrou k parˆgetai èna ligìtero akribèc radix-4 merikì ginìmeno, to opoÐo
praktikˆ kwdikopoieÐtai se èna megalÔtero proseggistikì radix-2k merikì ginìmeno.
To m koc bit kˆje akriboÔc merikoÔ ginomènou eÐnain+1 . AntÐstoiqa, to proseggisti-
kì merikì ginìmeno, to opoÐo eÐnai kai to ligìtero shmantikì sto dèntro, apoteleÐtai
apì n + k � 1 bits.
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(aþ)

(bþ) (gþ)

Sq ma 5: Oi genn torec enìc bit twn merik¸n ginomènwn gia touc pollaplasiastèc pou basÐzontai
stic proseggistikèc kwdikopoi seic high-radix : (a') radix -64 (k = 6 ), (b') radix -256 (k = 8 ), (g')
radix -1024 (k = 10 ).
SumbolismoÐ:ai : i -bit tou A , ai = sj � ai

(aþ)

(bþ) (gþ)

Sq ma 6: Dèntra merik¸n ginomènwn twn 16-bit RAD 2k pollaplasiast¸n, oi opoÐoi basÐzontai
sthn akrib  kwdikopoÐhsh radix -4 kai thn proseggistik  kwdikopoÐhsh high-radix -2k : (a') radix -64
(k = 6 ), (b') radix -256 (k = 8 ), (g') radix -1024 (k = 10 ).
SÔmbola: : bits radix -4 merik¸n ginomènwn : bits radix -2k merik¸n ginomènwn , : antestrammèna
MSBs merik¸n ginomènwn , : diorjwtikoÐ ìroi
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Peiramatik  Axiolìghsh

Gia thn peiramatik  axiolìghsh, ulopoioÔme touc proteinìmenoucRAD 2k pollapla-
siastèc me th gl¸ssa perigraf c ulikoÔ Verilog kai touc sunjètoume me to erga-
leÐo Design Compiler thc Synopsys kai th biblioj kh twn 65 nm thc TSMC. Gia
lìgouc sÔgkrishc, ulopoioÔme diˆfora kukl¸mata pollaplasiast : ton akrib  radix-4
(ACCR4), ton akrib  radix-8 (ACCR8), kaj¸c kai touc proseggistikoÔc R8ABM1 &
R8ABM2-15 [151],R4ABM1-14, R4ABM1-16, R4ABM2-14, & R4ABM2-16 [149], kai
DRUM6 [142]. Ektìc apì thn axiolìghsh twn pìrwn ulikoÔ (epifˆneia, kajustèrhsh,
isqÔc, enèrgeia), oi opoÐoi parèqontai apì ta ergaleÐa ulopoÐhshc, meletˆme kai ta lˆjh
twn proseggistik¸n kuklwmˆtwn. Sugkekrimèna, qrhsimopoioÔme th Mèsh Sqetik  A-
pìstash Lˆjouc ( MRED ) kai thn Pijanìthta Sqetik c Apìstashc Lˆjouc pˆnw apì
2% (PRED2). Sth dhmosÐeush [153] upˆrqei ektenèsterh anˆlush tou lˆjouc twn
kuklwmˆtwn. O PÐnakac 4 parousiˆzei ta kÔria peiramatikˆ apotelèsmata gia touc
pollaplasiastèc arijm¸n twn 16 bits.

Arqikˆ, parathroÔme thn anapotelesmatikìthta tou ACCR8 sugkritikˆ me ton ACCR4,
gegonìc pou apodeiknÔei ìti oi uyhlìterec sumbatikèc akribeÐc kwdikopoi seicradix
auxˆnoun ta kìsth se pìrouc. O RAD64 dÐnei to kalÔteroMRED , kaj¸c oi pro-
seggÐseic tou ekteloÔntai mìno sta6 LSBs tou B . Epiplèon, oi proseggistikèc ti-
mèc tou èqoun mikr  apìluth apìstash apì tic akribeÐc. AntÐjeta, o DRUM6 pro-
sfèrei to qeirìtero MRED metaxÔ ìlwn twn pollaplasiast¸n me 1:47%, an kai h
katanom  sfalmˆtwn tou eÐnai periorismènh. Genikˆ, oi proteinìmenoi pollaplasia-
stèc RAD 2k parèqoun MRED mikrìtero apì 1%, prˆgma pou shmaÐnei ìti mporoÔn
na qrhsimopoihjoÔn se pragmatikèc efarmogèc pou anèqontai mèsa sfˆlmata5%  
10% [258].

O DRUM6 èqei th qeirìterh kajustèrhsh krÐsimou monopatioÔ, kaj¸c arqikˆ upo-
logÐzei thn apìluth tim  twn ginomènwn [142], en¸ oiRAD 2k apoteloÔn ta taqÔtera
kukl¸mata (me kajuster seic 0:65ns� 0:72ns). 'Oson aforˆ thn enèrgeia, o R8ABM1
prosfèrei th qeirìterh katanˆlwsh metaxÔ ìlwn twn pollaplasiast¸n, kaj¸c mporeÐ
na qrhsimopoieÐ ènan proseggistikì ajroist  gia ton upologismì twn ginomènwn3A,
allˆ perièqei ènan akrib  ajroist  twn 7 bits gia thn apofug  polÔ megˆlwn sfal-
mˆtwn [151]. H enèrgeia belti¸netai ston R8ABM2-15 lìgw thc perikop c twn bits
twn merik¸n ginomènwn. Wstìso, kaj¸c oi RAD 2k èqoun mikrì MRED , h teqnik 
thc perikop c mporeÐ epÐshc na efarmosteÐ kai se autoÔc, parèqontac akìma kalÔtera
kèrdh se pìrouc. Oi pollaplasiastèc tou [149] parousiˆzoun parìmoia apotelèsmata,
me tonR4ABM2-16 na prosfèrei ta kalÔtera apotelèsmata. O RAD1024 diajètei
thn kalÔterh katanˆlwsh enèrgeiac, me ton DRUM6 na eÐnai deÔteroc, parèqontac,
wstìso, shmantikˆ megalÔtero MRED apì touc ˆllouc pollaplasiastèc. To Ðdio
sumbaÐnei kai gia thn metrik PRED2, h opoÐa eÐnai auxhmènh stonDRUM6, en¸ stouc
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PÐnakac 4: Peiramatikˆ apotelèsmata twn 16-bit pollaplasiast¸n sth biblioj kh twn 65nm thc
TSMC .

KÔklwma
Kajustèrhsh IsqÔc Epifˆneia Enèrgeia MRED PRED 2

(ns) ( � W) ( � m2) ( � W�ns) (%) (%)

ACCR4 0:75 4998 4153 3749 � �
ACCR8 0:80 5343 4639 4274 � �
RAD64 0:72 4497 3489 3238 0:08 0:42
RAD256 0:69 3493 2769 2410 0:28 1:69
RAD1024 0:65 3422 2624 2224 0:93 6:74
R8ABM1 [151] 0:77 5058 4210 3895 0:15 1:05
R8ABM2-15 [151] 0:74 3377 2926 2499 0:61 2:70
R4ABM1-14 [149] 0:74 4676 3958 3460 0:12 0:41
R4ABM1-16 [149] 0:73 4447 3725 3246 0:49 1:49
R4ABM2-14 [149] 0:73 4648 3732 3393 0:24 0:68
R4ABM2-16 [149] 0:72 4307 3467 3101 1:18 2:50
DRUM6 [142] 1:07 2148 3993 2298 1:47 28:85

ˆllouc pollaplasiastèc eÐnai mikrìterh apì 3% (ektìc apì ton RAD1024 pou èqei
PRED2 6:74%).

To Sq ma 7 apeikonÐzei to diˆgramma lˆjouc�enèrgeiac gia touc exetazìmenouc pol-
laplasiastèc. O skopìc tou eÐnai na anadeÐxei ta pio exèqonta kukl¸mata, dhlad  thn
kalÔterh teqnik  prosèggishc gia pollaplasiastèc. 'Opwc faÐnetai, to sÔnoro Pareto
sqhmatÐzetai apokleistikˆ apì touc pollaplasiastèc RAD 2k . Oi pollaplasiastèc au-
toÐ apoteloÔn tic pio apotelesmatikèc lÔseic, kaj¸c parousiˆzoun thn kalÔterh isor-
ropÐa metaxÔ enèrgeiac kai lˆjouc. Dhlad , parèqoun kalÔterh katanˆlwsh enèrgeiac
gia to Ðdio   mikrìtero lˆjoc apì touc ˆllouc pollaplasiastèc thc bibliografÐac. O
RAD64 epitugqˆnei th mikrìterh tim  gia to MRED kai ja prèpei na protimˆtai ìtan h
akrÐbeia twn apotelesmˆtwn eÐnai shmantik , en¸ oRAD1024 prosfèrei th megalÔterh
meÐwsh thc enèrgeiac gia tupikèc timèc lˆjouc (< 1%). Tèloc, o RAD256 epitugqˆnei
shmantik  meÐwsh thc enèrgeiac gia polÔ mikrì lˆjoc.

EÐnai epÐshc shmantikì na anafèroume ta kèrdh twnRAD 2k pollaplasiast¸n se
sÔgkrish me to akribèc kÔklwma anaforˆc, dhlad  ton sumbatikì radix-4 pollaplasia-
st . Wc kèrdoc orÐzoume thn sqetik  meÐwsh twn pìrwn pou epitugqˆnoun oiRAD 2k

apì to kÔklwma anaforˆc. Sugkekrimèna, ta kèrdh touc eÐnai wc kai56% se enèrgeia
kai 55%se epifˆneia me antˆllagma ènaMRED mikrìtero tou 1%. Tèloc, exetˆzoume
touc RAD 2k pollaplasiastèc gia megalÔtera m kh bit (n = 24; 32). Se aut  thn
perÐptwsh, ta kèrdh ftˆnoun wc kai 64% se enèrgeia gia èna stajerì MRED Ðso me
0:28%. Me bˆsh thn anˆlush mac [153], ìso to m koc bit auxˆnetai, tìso megalÔtera
kèrdh prosfèrontai apì touc RAD 2k gia to Ðdio lˆjoc.
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Sq ma 7: H sugkritik  anˆlush Pareto twn proseggistik¸n pollaplasiast¸n wc proc to mèso
sqetikì sfˆlma kai thn katanˆlwsh enèrgeiac.

5. Dunamik  Prosèggish: Kukl¸mata
Epanadiamorf¸sima ston Qrìno Ektèleshc

H enìthta aut  aforˆ to Kefˆlaio 5 kai basÐzetai stic dhmosieÔseic [144,
145] .

Eisagwg 

H auxhmènh poikilomorfÐa twn anjektik¸n-se-lˆjh efarmog¸n apaiteÐ euèliktouc pro-
seggistikoÔc sqediasmoÔc pou prosfèroun pollaplèc diamorf¸seic prosèggishc. Pio
sugkekrimèna, ta proseggistikˆ sust mata kai kukl¸mata prèpei na èqoun thn du-
natìthta na prosarmìzoun ton bajmì thc prosèggishc touc, ètsi ¸ste na ikanopoie-
Ðtai suneq¸c h epijumht  akrÐbeia thc efarmog c, parèqontac parˆllhla epark  a-
pìdosh entìc tou periorismènou eÔrouc isqÔoc. Akìmh kai gia thn Ðdia efarmog ,
endèqetai na qrhsimopoioÔntai diaforetikèc katanomèc eisìdou pou na apaitoÔn mia
nèa diamìrfwsh thc prosèggishc prokeimènou na parèqetai apodekt  poiìthta apo-
telesmˆtwn (p.q., skefteÐte ènan proseggistikì epexergast  bÐnteo pou dèqetai ei-
kìnec me diaforetikì perieqìmeno). Wc apotèlesma, upˆrqei mia auxanìmenh anˆgkh
gia proseggistikoÔc sqediasmoÔc pou na mporoÔn: (i) na parèqoun pollaplèc diamor-
f¸seic prosèggishc (dhlad  diaforetikˆ epÐpeda akrÐbeiac) kai (ii ) na diamorf¸noun
dunamikˆ ton bajmì thc prosèggishc touc, eÐte prin xekin sei h ektèlesh miac efar-
mog c eÐte katˆ ton qrìno ektèleshc, anˆloga me touc periorismoÔc akrÐbeiac kai
isqÔoc.
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Me kÐnhtro thn anˆgkh gia dunamik  diamìrfwsh thc prosèggishc, stoqeÔoume sta a-
rijmhtikˆ kukl¸mata kai sqediˆzoume proseggistikoÔc pollaplasiastèc pou mporoÔn
na rujmÐsoun ton bajmì prosèggishc touc katˆ ton qrìno ektèleshc. Ta proteinìmena
kukl¸mata parèqoun megalÔtero q¸ro prosèggishc kai aprìskopth dunamik  diamìr-
fwsh se sÔgkrish me toucRAD 2k pollaplasiastèc, twn opoÐwn o bajmìc prosèggishc
eÐnai stajerìc kai epilègetai katˆ ton qrìno sqedÐashc/ulopoÐhshc. Shmei¸noume ìti
den exetˆzoume poia diamìrfwsh touc bajmoÔ prosèggishc ja prèpei na epilegeÐ oÔte
efarmìzoume autìmath diamìrfwsh tou (p.q., me bˆsh to lˆjoc). Stìqoc mac eÐnai na
ulopoi soume kukl¸mata pou mporoÔn na allˆxoun apotelesmatikˆ kai eÔkola bajmì
prosèggishc katˆ ton qrìno ektèleshc (qwrÐc dhlad  shmantikèc epibarÔnseic sthn
epifˆneia kukl¸matoc   sthn taqÔthta). Epiprosjètwc, ektìc apì thn arijmhtik  ake-
raÐwn kai stajer c upodiastol c, ulopoioÔme ta kukl¸mata mac kai gia pragmatikoÔc
arijmoÔc kinht c upodiastol c.

Gia na aux soume ton q¸ro prosèggishc, efarmìzoume dÔo anexˆrthtec teqnikèc pro-
sèggishc sta kukl¸mata mac: thn parˆleiyh merik¸n ginomènwn (partial product per-
foration) kai thn stroggulopoÐhsh merik¸n ginomènwn (partial product rounding ). H
pr¸th teqnik  apaleÐfei olìklhra merikˆ ginìmena (xekin¸ntac apì ta ligìtero sh-
mantikˆ), en¸ h deÔterh stroggulopoieÐ ta enapomeÐnanta se mikrìtero m kocbit .
Ektìc apì th dhmiourgÐa enìc megˆlou q¸rou prosèggishc, epilègoume autèc tic dÔo
teqnikèc epeid  h diamìrfws  touc sqetÐzetai me touc arijmoÔc eisìdou tou polla-
plasiast , kai ètsi mporoÔme eÔkola na thn allˆxoume katˆ ton qrìno ektèleshc.
Sugkekrimèna, prosjètoume mìno2n pÔlec AND kai dÔon-bit s mata elègqou (èna
anˆ arijmì eisìdou), ìpou n eÐnai to m kocbit twn arijm¸n. 'Etsi, h diamìrfwsh
thc prosèggishc anˆgetai se rÔjmish twn bits twn shmˆtwn elègqou, ta opoÐa ta
odhgoÔme eÐte sto logikì̀1' eÐte sto`0' gia na efarmìsoume ton epijumhtì bajmì
prosèggishc.

SqedÐash Kuklwmˆtwn Pollaplasiast  me Dunamik  Prosèggish

'Estw ìti oi A = han � 1an � 2 � � � a0i 2's kai B = hbn � 1bn � 2 � � � b0i 2's eÐnai dÔon-bit arij-
moÐ sumplhr¸matoc wc proc2. O akrib c pollaplasiasmìc A � B pou basÐzetai sthn
radix-4 kwdikopoÐhsh apaiteÐ thn paragwg  kai thn ˆjroishn=2 merik¸n ginomènwn.
H efarmog  thc perforation paraleÐpei th dhmiourgÐa twnP ligìtero shmantik¸n meri-
k¸n ginomènwn, en¸ h efarmog  thcrounding stroggulopoieÐ ta enapomeÐnanta merikˆ
ginìmena perikìptontac ta R � 1 LSBs touc kai prosjètontac to (R � 1)-o bit sthn
upìloiph (pio shmantik ) lèxh apì bits. H efarmog  twn dÔo teqnik¸n prosèggishc
eÐnai anexˆrthth kai parousiˆzetai sto Sq ma 8. Onomˆzoume aut  thn oikogèneia
proseggistik¸n pollaplasiast¸n AxFXU jP;R gia na dhl¸soume ton proseggistikì
pollaplasiasmì arijm¸n stajer c upodiastol c me statikì bajmì prosèggishc P
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Sq ma 8: To proseggistikì dèntro merik¸n ginomènwn twn teqnik¸n perforation (P = 2 ) kai
rounding (R = 4 ).
SÔmbola: : perikommènabits : perikommènabits : bits pou prostÐjentai sthn upìloiph lèxh gia
stroggulopoÐhsh : akrib  bits

kai R gia perforation kai rounding, antÐstoiqa. O pollaplasiasmìc tou kukl¸matoc
AxFXU ekteleÐtai ìpwc faÐnetai stic Ex. (15)�(18).

A � B jP;R =
n / 2� 1X

j = P

4j ~PP j =
n / 2� 1X

j = P

4j AR � yR 4
j (15)

ìpou P 2 [0; n=2 � 1); R 2 [0; n � 1) (16)

yR 4
j = � 2b2j +1 + b2j + b2j � 1 =) yR 4

j 2 f 0; � 1; � 2g (17)

AR = han � 1an � 2 � � � aR i 2's + aR � 1 (18)

Epomènwc, o pollaplasiasmìc tou AxFXU upologÐzetai ajroÐzontac tan=2 � P pio
shmantikˆ stroggulemèna merikˆ ginìmena ~PP j . 'Opwc faÐnetai kai sto Sq ma 8, to
dèntro twn merik¸n ginomènwn mei¸netai katakìrufa mèsw thcperforation kai orizìntia
mèsw thcrounding.

H teqnik  perforation afaireÐ P radix-4 kwdikopoihtèc kai P � n 1-bit genn torec
merik¸n ginomènwn apì ton akrib  pollaplasiast . Autˆ ta kukl¸mata apaitoÔntai gia
thn paragwg  twn merik¸n ginomènwn pou apaleÐfontai (kìkkina tetrˆgwna sto Sq ma
8). Gia th beltÐwsh thcrounding kai thn apofug  epibarÔnsewn lìgw thc prìsjeshc
twn aR � 1 (mple rìmboi sto Sq ma 8) me tic pio shmantikèc lèxeic, qrhsimopoioÔme tic
beltistopoi seic pou proteÐnoume gia thn arijmhtik  DLSB, jètontac a0+ = aR � 1.
Me autìn ton trìpo, ta bits twn merik¸n ginomènwn parˆgontai ìpwc ston akrib 
pollaplasiast , kai mìno mia pÔlh XOR prostÐjetai ston upologismì tou kˆje ìrou
diìrjwshc.

Sth sunèqeia, parousiˆzoume to kÔklwma tou antÐstoiqou proseggistikoÔ pollapla-
siast  gia arijmhtik  kinht c upodiastol c, to opoÐo onomˆzetai AxFPU jP;R . To
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kÔklwma autì basÐzetai ston sumbatikì pollaplasiast  arijm¸n kinht c upodiasto-
l c, me th diaforˆ ìti qrhsimopoieÐ ton AxFXU gia na pollaplasiˆsei ta shmantikˆ
yhfÐa twn arijm¸n (gnwstˆ me thn onomasÐamantissa). EpÐshc, enswmat¸nei epi-
plèon leitourgÐec gia na qeiristeÐ kˆpoiec eidikèc peript¸seic apotelesmaˆtwn pou
prokÔptoun lìgw twn proseggÐsewn. Jewr¸ntac kanonikoÔc arijmoÔc kinht c upodia-
stol c me bˆsh to prìtupo thc IEEE-754 [263] (S: prìshmo, E : polwmènoc ekjèthc,
emax : pìlwsh ekjèth), to mplok diˆgramma tou AxFPU jP;R apeikonÐzetai sto Sq ma
9 kai h sunˆrthsh tou paratÐjetai sthn Ex. (19).

A f � B f jP;R = ( � 1)(SA + SB ) � 2(E A + E B � 2emax ) � AR �
m= 2� 1X

j = P

4j yR 4
j

| {z }
A � B jP;R

(19)

Se sÔgkrish me ton akrib  pollaplasiast , upˆrqei mÐa epiplèon monˆda pou aniqneÔei
apotelèsmata pou den eÐnai sth swst  morf  kinht c upodiastol c. Sugkekrimèna,
o proseggistikìc pollaplasiasmìc twn mantissas polÔ megˆlwn arijm¸n mporeÐ na
dhmiourg sei èna apotèlesma thc morf c00:xx : : : x , en¸ ta apotelèsmata prèpei na
eÐnai pˆnta sth morf  01:xx : : : x , 10:xx : : : x ,   11:xx : : : x [263]. Autì mporeÐ na
sumbeÐ lìgw thc apaloif c arnhtik¸n merik¸n ginomènwn apì thn perforation. Aut 
h perÐptwsh antimetwpÐzetai wc uperqeÐlish, wstìso, shmei¸noume ìti sÔmfwna me ta
peiramatikˆ mac apotelèsmata, h pijanìthta na sumbeÐ eÐte kanonik  uperqeÐlish eÐte
aut  h eidik  uperqeÐlish eÐnai perÐpou0:35% katˆ mèso ìro gia kinht  upodiastol 
mis c kai mon c akrÐbeiac.

Ta kukl¸mata AxFXU jP;R kai AxFPU jP;R efarmìzoun statik  prosèggish, dhlad 
oi parˆmetroi P kai R den mporoÔn na allˆxoun metˆ thn ulopoÐhsh twn kuklwmˆtwn.
Gia na sqediˆsoume tic dunamikèc ekdoqèc touc (DyFXU jP;R kai DyFPU jP;R ) qrh-
simopoioÔme olìklhro ton sumbatikì radix-4 pollaplasiast  kai basizìmaste stic
akìloujec dÔo parathr seic:

(i) ta 2P � 1 LSBs tou B qrhsimopoioÔntai mìno gia thn paragwg  twnP ligìtero
shmantik¸n merik¸n ginomènwn.

(ii ) ta R � 1 LSBs tou A qrhsimopoioÔntai mìno gia thn paragwg  twnR � 1 LSBs
tou kˆje merikoÔ ginomènou.

Apì thn pr¸th diapÐstwsh, sumperaÐnoume ìti h perikop  twn2P � 1 LSBs tou B
isodunameÐ me thn efarmog perforation bajmoÔP. Apì th deÔterh diapÐstwsh, su-
mperaÐnoume ìti h perikop  twnR � 1 LSBs tou A mazÐ me thn prìsjesh touaR � 1

me to pio shmantikì mèroc touA isodunamoÔn me thn efarmog rounding bajmoÔR.
Epomènwc, gia na elègqoume dunamikˆ tic timèc twn paramètrwnP kai R, odhgoÔme to
i bit tou kˆje arijmoÔ eisìdou se mia pÔlh AND mazÐ me èna s masi (i = 1 ; 2; : : : ; n).
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Sq ma 9: O proseggistikìc pollaplasiast c arijm¸n kinht c upodiastol c AxFPU jP;R , o opoÐoc
basÐzetai stic teqnikèc perforation (P ) kai rounding (R). Oi tonismènec monˆdec upodeiknÔoun tic
diaforopoi seic se sÔgkrish me ton sumbatikì akrib  pollaplasiast .

H tim  tou s matoc si prosdiorÐzei an toi bit tou arijmoÔ ja perikopeÐ� eikonikˆ�
(si = 0 )   ìqi ( si = 1 ).

To Sq ma 10 apeikonÐzei th dunamik  diamìrfwsh thc prosèggishc seP = 2 kai R = 4 .
To s ma si paÐrnei thn tim ̀0' stic pÔlec AND pou odhgoÔntai apì:

(i) ta 3 LSBs tou B , kai ètsi, ta 2 ligìtero shmantikˆ merikˆ ginìmena den upolo-
gÐzontai (eÐnai0) ! h perforation rujmÐzetai seP = 2 .

(ii ) ta 3 LSBs tou A kai ètsi, ta 3 LSB kˆje merikoÔ ginomènou den upologÐzontai
(eÐnai0) ! h rounding rujmÐzetai seR = 4 .

Stic upìloipec pÔlec AND , to si odhgeÐtai sto logikì `1' ¸ste ta antÐstoiqa bits twn
merik¸n ginomènwn na paraqjoÔn orjˆ.

Peiramatik  Axiolìghsh

Gia thn peiramatik  axiolìghsh, ulopoioÔme diˆforec diamorf¸seic twn proteinìmenwn
pollaplasiast¸n gia arijmhtik  stajer c ( AxFXU/DyFXU ) kai kinht c upodiasto-
l c ( AxFPU/DyFPU ) me th gl¸ssa perigraf c ulikoÔ Verilog. H sÔnjesh gÐnetai me
to ergaleÐo Design Compiler thc Synopsyskai th biblioj kh twn 65 nm thc TSMC.
Ektìc apì thn axiolìghsh twn pìrwn ulikoÔ, stic dhmosieÔseic [144, 145] parèqoume
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Sq ma 10: H dunamik  diamìrfwsh tou bajmoÔ prosèggishc twn pollaplasiast¸n. H � eikonik  �
perikop  twn 3 LSBs tou A kai tou B jètei ta shmeiwmèna bits twn merik¸n ginomènwn sto 0, ener-
gopoi¸ntac P = 2 (diamìrfwsh thc perforation ) kai R = 4 (diamìrfwsh thc rounding ).

mÐa ektetamènh anˆlush twn laj¸n, eidikˆ gia ta kukl¸mata kinht c upodiastol c,
sta opoÐa emfanÐzontai idiìmorfa apotelèsmata (uperqeÐlish, upoqeÐlish kai tÔpoi de-
domènwn ìpwcNaN kai �1 ).

Sto Sq ma 11 parousiˆzetai h anˆlush Pareto gia touc pollaplasiastèc staje-
r c upodiastol c. To diˆgramma perilambˆnei arketoÔc AxFXU pollaplasiastèc
kai touc antÐstoiqouc DyFXU , kaj¸c kai shmantikˆ kukl¸mata thc bibliografÐac
[142, 143, 149, 151, 153, 255, 266]. UpenjumÐzoume ìti oAxFXU jP;R èqei sqediasteÐ
na efarmìzei pˆnta thn prosèggish f P; Rg, dhlad  den èqoun ulopoihjeÐ kˆpoiec mo-
nˆdec tou sumbatikoÔ akriboÔc kukl¸matoc. AntÐjetˆ, oDyFXU jP;R diamorf¸netai
dunamikˆ gia na efarmìsei thn prosèggishf P; Rg, dhlad  èqei ulopoihjeÐ ìlo to sum-
batikì akribèc kÔklwma kai epilègetai h prosèggish mèsw shmˆtwn eisìdou. 'Opwc
faÐnetai sto diˆgramma, to sÔnoroPareto sqhmatÐzetai apokleistikˆ apì diaforetikèc
diamorf¸seic tou AxFXU . Dhlad , to proteinìmeno kÔklwma apoteleÐ thn kalÔterh
sqediastik  lÔsh, lambˆnontac upìyh tìso to mèso lˆjoc ìso kai thn katanˆlwsh
enèrgeiac. OAxFXU j2;2 parèqei shmantik  meÐwsh thc enèrgeiac me antˆllagma èna
polÔ mikrì lˆjoc. OmoÐwc, oi AxFXU j2;6, AxFXU j3;4 kai AxFXU j3;6 prosfèroun a-
xioshmeÐwta energeiakˆ kèrdh gia timècMRED èwc0:78%. 'Oson aforˆ ton DyFXU ,
parìlo pou èqei qeirìterh katanˆlwsh enèrgeiac apì ton AxFXU , diathreÐ se ìlec
sqedìn tic peript¸seic to sÔnoro Pareto se sqèsh me touc upìloipouc proseggisti-
koÔc pollaplasiastèc.

Sth sunèqeia axiologoÔme ta proteinìmena dunamikˆ kukl¸mata. 'Opwc anamenìtan,
o DyFXU parèqei thn Ðdia kajustèrhsh krÐsimou monopatioÔ kai elafr¸c auxhmènh
epifˆneia se sÔgkrish me ton sumbatikì akrib  pollaplasiast . 'Oson aforˆ thn ka-
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Sq ma 11: H sugkritik  anˆlush Pareto twn proseggistik¸n pollaplasiast¸n stajer c upodia-
stol c wc proc to mèso sqetikì sfˆlma kai thn katanˆlwsh enèrgeiac.

tanˆlwsh enèrgeiac, h opoÐa èqei metrhjeÐ ìtan oDyFXU leitourgeÐ gia prosèggish
P kai R, eÐnai beltiwmènh se sqèsh me ton akrib  pollaplasiast  lìgw twn logi-
k¸n monopati¸n pou den energopoioÔntai. Tèloc, eÐnai endiafèrousa h sÔgkrish tou
DyFXU jP;R me ton antÐstoiqoAxFXU jP;R . H katanˆlwsh enèrgeiac tou DyFXU jP;R

eÐnai auxhmènh lìgw thc isqÔoc diarro c twn anenerg¸n kìmbwn tou kukl¸matoc kai
thc isqÔoc pou katanal¸netai apì tic pÔlec AND kai ta s mata elègqou pou dÐno-
ntai wc eÐsodoi sto kÔklwma. Endeiktikˆ, oDyFXU j1;2 katanal¸nei apì 1:03� èwc
kai 1:2� perissìterh enèrgeia apì AxFXU j1;2 anˆloga me thn epilegmènh suqnìthta
rologioÔ. AntÐstoiqa, gia megalÔterec proseggÐseic, oDyFXU j4;6 katanal¸nei 1:3� �
1:7� perissìterh enèrgeia apì ton AxFXU j4;6. SunoyÐzontac, oDyFXU den parèqei
kèrdh se epifˆneia, wstìso, oi epiplèon epibarÔnseic eÐnai amelhtèec. Wc proc thn
enèrgeia, parèqei shmantikˆ kèrdh kai xepernˆ polloÔc pollaplasiastèc thc biblio-
grafÐac, parìlo pou autˆ ta kèrdh eÐnai meiwmèna se sÔgkrish me tonAxFXU . Se
kˆje perÐptwsh, h polÔ mikr  epibˆrunsh epifˆneiac kai ta meiwmèna (allˆ exÐsou sh-
mantikˆ) energeiakˆ kèrdh epitugqˆnontai en¸ uposthrÐzetai h dunamik  diamìrfwsh
thc prosèggishc.

'Oson aforˆ ta kukl¸mata kinht c upodiastol c, jewroÔme mis  kai mon  akrÐbeia,
dhlad  16-bit kai 32-bit arijmoÔc, antÐstoiqa. Arqikˆ, pragmatopoioÔme mÐa leptome-
r  exereÔnhsh tou q¸rou sqedÐashc ¸ste na exˆgoume tic kalÔterec diamorf¸seic tou
AxFPU mèsw anˆlushc Pareto [145]. H exereÔnhsh mac deÐqnei ìti upˆrqei èna eurÔ
fˆsma kerd¸n se epifˆneia kai enèrgeia me antˆllagma tupikèc timècMRED . Autì
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kajistˆ ton AxFPU wc mÐa apotelesmatik  lÔsh gia senˆria me diaforetikoÔc perio-
rismoÔc se epifˆneia/enèrgeia. SÔmfwna me ta apotelèsmata, h teqnik rounding èqei
axioshmeÐwto antÐktupo sthn akrÐbeia twn apotelesmˆtwn gia mikrèc diamorf¸seic thc
perforation. AntÐjeta, gia megalÔterec proseggÐseicperforation, to MRED den eph-
reˆzetai tìso polÔ apì ton bajmì prosèggishc thc rounding. 'Ena ˆllo sumpèrasma
pou prokÔptei apì aut  thn anˆlush eÐnai ìti oi proteinìmenec proseggÐseic eunooÔntai
apì megalÔtera m khbit , ìpwc sthn perÐptwsh thc mon c akrÐbeiac arijmhtik c kinht c
upodiastol c. EpÐshc, axÐzei na anafèroume ìti ta energeiakˆ kèrdh se sÔgkrish me
touc sumbatikoÔc pollaplasiastèc kinht c upodiastol c kumaÐnontai èwc 53:5% gia
mis  kai 82:4% gia mon  akrÐbeia. Autˆ ta kèrdh prosfèrontai gia timèc MRED èwc
2:2% kai 3:3%, antÐstoiqa.

Sth sunèqeia, sugkrÐnoume tonAxFPU me proseggistikoÔc pollaplasiastèc kinht c
upodiastol c thc bibliografÐac [149,151,267,268]. Ston PÐnaka 5, parousiˆzoume ta
kèrdh pìrwn kai ta apotelèsmata thc akrÐbeiac twn exetazìmenwn pollaplasiast¸n.
O pÐnakac perilambˆnei dÔo nèec metrikèc akrÐbeiac, oi opoÐec eÐnai prosarmosmènec
sthn arijmhtik  kinht c upodiastol c. Sugkekrimèna, h metrik  PON ekfrˆzei thn
pijanìthta to proseggistikì apotèlesma na eÐnai uperqeÐlish en¸ to akribèc eÐnai
kanonikìc arijmìc (  to antÐstrofo). AntÐstoiqa, h metrik  PUN ekfrˆzei thn pija-
nìthta to proseggistikì apotèlesma na eÐnai upoqeÐlish en¸ to akribèc eÐnai kanonikìc
arijmìc (  to antÐstrofo). Shmei¸noume ìti epilègoume diamorf¸seic gia ton AxFPU
pou èqoun timèc lˆjouc sugkrÐsimec me autèc twn ˆllwn kuklwmˆtwn. 'Oson aforˆ thn
akrÐbeia, oCFPU [267] eÐnai o pio anapotelesmatikìc pollaplasiast c, kaj¸c pro-
sfèrei perÐpou4� � 6� megalÔteroMRED kai PRED2 Ðso me70%. EÐnai shmantikì
na anafèroume ìti tìso to PON ìso kai to PUN, dhlad  oi metrikèc pou exetˆzoun a-
prosdìkhta apotelèsmata sqetikˆ me uperqeÐlish kai upoqeÐlish, eÐnai kˆtw apì0:5%
gia ìla ta kukl¸mata. Sthn perÐptwsh thc mis c akrÐbeiac, o RMAC [268] èqei e-
lafr¸c kalÔtera apotelèsmata akrÐbeiac apì ton AxFPU , wstìso, to kÔklwma mac
parèqei auxhmèna energeiakˆ kèrdh. 'Oson aforˆ thn apl  akrÐbeia, oAxFPU pro-
sfèrei kalÔterec timèc MRED kai PRED2 apì ton RMAC , kaj¸c kai uyhlìtera kèrdh
enèrgeiac. Sunolikˆ, o proteinìmenoc pollaplasiast c AxFPU parèqei megalÔterh
exoikonìmhsh enèrgeiac apì tonRMAC [268] gia parìmoia lˆjh, kaj¸c kai kalÔterh
energeiak  apìdosh apì ton CFPU [267] me shmantikˆ kalÔterh akrÐbeia. Sqetikˆ
me thn kajustèrhsh tou krÐsimou monopatioÔ, oiCFPU [267] kai RMAC [268] apo-
dÐdoun megalÔtera kèrdh, kaj¸c montelopoioÔn ton pollaplasiasmì twnmantissasme
ligìtero polÔplokec prˆxeic. Tèloc, ta kèrdh twn R4ABM [149] kai R8ABM [151]
jewroÔntai mikrˆ se sÔgkrish me autˆ twn ˆllwn kuklwmˆtwn. To pleonèkthma touc
eÐnai oi mikrèc timèc lˆjouc. Wstìso, se perÐptwsh pou upˆrqei anˆgkh gia mikrèc
timèc lˆjouc, o AxFPU me ènan mikrìtero bajmì prosèggishc mporeÐ na prosfèrei
megalÔtera kèrdh se pìrouc. Endeiktikˆ, anafèroume ìti to MRED tou AxFPU 16j3;6

eÐnai1:10% kai autì tou AxFPU 32j10;18 eÐnai1:66%.
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PÐnakac 5: Peiramatikˆ apotelèsmata twn proseggistik¸n pollaplasiast¸n kinht c upodiastol c
mis c ( 16-bit ) kai mon c (32-bit ) akrÐbeiac sth biblioj kh twn 65 nm thc TSMC .

KÔklwma
Kajustèrhsh Epifˆneia Enèrgeia MRED PRED 2 PON PUN

(%)1 (%)1 (%)1 (%) (%) (%) (%)

AxFPU16 j4;6 32:9 70:8 67:1 3:33 57:40 0:43 0:10
CFPU16 [267] 44:7 71:6 64:6 12:96 70:68 0:46 0:11
RMAC16 [268] 42:2 71:1 63:2 3:16 49:42 0:20 0
R4ABM16 [149] 7:8 43:3 39:1 2:12 20:61 0:09 0:01
R8ABM16 [151] 10:1 47:6 41:3 1:56 7:14 0 0

AxFPU32 j10;20 46:0 89:9 87:4 2:20 44:86 0:26 0:01
CFPU32 [267] 53:9 86:5 79:7 12:80 70:63 0:05 0:02
RMAC32 [268] 50:6 83:9 78:3 2:92 49:73 0:02 0
R4ABM32 [149] 9:1 53:3 50:7 1:44 16:32 0:02 0
R8ABM32 [151] 14:3 59:5 51:1 0:99 5:46 0 0

1 Anafèretai se % kèrdoc kajustèrhshc/epifˆneiac/enèrgeiac (sqetik  meÐwsh) se sÔgkrish me to
akribèc kÔklwma.

Tèloc, axiologoÔme tonDyFPU , o opoÐoc eÐnai h parallag  touAxFPU me duna-
tìthta diamìrfwshc thc prosèggishc katˆ ton qrìno ektèleshc. UpenjumÐzoume ìti
o DyFPU jP;R upodhl¸nei ton monadikì pollaplasiast  DyFPU pou èqei rujmisteÐ
mèsw twn shmˆtwn eisìdou gia na ekteleÐ ton pollaplasiasmì me bajmìperforation
P kai bajmì rounding R. AntÐjeta, o AxFPU jP;R diamorf¸netai katˆ ton qrìno sqe-
dÐashc, dhlad , èna nèo kÔklwma ulopoieÐtai gia kˆje diamìrfwsh thc prosèggishc.
Ta apotelèsmata apì aut  th sÔgkrish eÐnai parìmoia me ekeÐna thc sÔgkrish twn
kuklwmˆtwn stajer c upodiastol c ( AxFXU kai DyFXU ). Pio sugkekrimèna, ìpwc
anamenìtan, oDyFPU epibˆllei aÔxhsh thc epifˆneiac katˆ 4:3% kai 2:1% gia mi-
s  kai apl  akrÐbeia, antÐstoiqa. 'Oson aforˆ thn katanˆlwsh enèrgeiac, o DyFPU
eÐnai qeirìteroc apì ton antÐstoiqoAxFPU , parèqontac � 1:4� kai � 1:6� ligìtero
kèrdoc gia megˆlec proseggÐseic sth mis  kai apl  akrÐbeia, antÐstoiqa. Wstìso,
exakoloujeÐ na eÐnai pio energeiakˆ apodotikìc apì ton akrib  pollaplasiast , pa-
rèqontac kèrdh èwc kai49:7%, en¸ epitrèpei epÐshc th dunamik  rÔjmish tou baj-
moÔ prosèggishc mèsw thc aprìskopthc allag c twn tim¸n twn paramètrwn P kai
R.

6. Sunergatik  Prosèggish: Sunduasmìc
Arijmhtik¸n Kwdikopoi sewn

H enìthta aut  aforˆ to Kefˆlaio 6 kai basÐzetai sthdhmosÐeush [147] .
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Eisagwg 

'Enac apì touc stìqouc tou ProseggistikoÔ UpologismoÔ eÐnai na prosfèrei sqedia-
stikèc lÔseic pou mporoÔn na qeiristoÔn diaforetikoÔc periorismoÔc se akrÐbeia kai
pìrouc. Autì to qarakthristikì eÐnai exairetikˆ shmantikì, lambˆnontac upìyh ìti
oi anjektikèc-se-lˆjh efarmogèc [29, 240] epibˆlloun poikÐlec apait seic sqetikˆ me
thn poiìthta twn apotelesmˆtwn kai parousiˆzoun diaforetik  diˆdosh sfalmˆtwn
stouc upologismoÔc touc. Oi teqnikèc prosèggishc efarmìzontai se epÐpedo logismi-
koÔ, arqitektonik c kai ulikoÔ [16,17,19]. Gia thn epèktash tou q¸rou prosèggishc,
oi sqediastèc exetˆzoun thn tautìqronh efarmog  pollapl¸n teqnik¸n prosèggishc,
eÐte apì diaforetikì eÐte apì to Ðdio epÐpedo. An kai prìsfata emfanÐsthkan stra-
thgikèc kˆjethc prosèggishc, dhlad  se pollaplˆ epÐpeda [18], to pl rec dunamikì
thc orizìntiac prosèggishc, dhlad  entìc tou Ðdiou epipèdou sqedÐashc, paramènei èna
anoiqtì z thma gia peraitèrw exereÔnhsh. Se autì to plaÐsio, diereunoÔme, gia pr¸th
forˆ, thn apotelesmatikìthta tou sunduasmoÔ teqnik¸n arijmhtik c prosèggishc sth
sqedÐash energeiakˆ apodotik¸n kuklwmˆtwn pollaplasiasmoÔ. Estiˆzoume ston sun-
duasmì proseggÐsewn sto epÐpedo thc arijmhtik c, kaj¸c aut  ephreˆzei eggen¸c tìso
th dunamik  ìso kai th statik  katanˆlwsh enèrgeiac twn kuklwmˆtwn. Epiplèon, h
ulopoÐhsh pou parèqetai se autì to epÐpedo mporeÐ na uiojethjeÐ ˆmesa se mia stra-
thgik  kˆjethc sqedÐashc se pollaplˆ epÐpeda.

Se aut  thn enìthta, pragmatopoioÔme mia ekten  exereÔnhsh tou q¸rou sqedÐashc
sunduˆzontac teqnikèc arijmhtik c prosèggishc. Stìqoc mac eÐnai h epèktash tou
q¸rou prosèggishc me poikÐla sÔnola diamorf¸sewn kai h eÔresh thc pio apotelesma-
tik c lÔshc. QrhsimopoioÔme ton ìro � sunergatik  prosèggish � gia na dhl¸soume
ìti dÔo teqnikèc efarmìzontai sth sqedÐash tou Ðdiou proseggistikoÔ kukl¸matoc.
To apotèlesma thc exereÔnhs c mac gia th sunergatik  prosèggish eÐnai 5 oikogèneiec
proseggistik¸n ubridik¸n pollaplasiast¸n, oi opoÐoi sunduˆzoun teqnikèc pou èqoun
 dh exetasteÐ (high-radix, perforation, rounding).

SqedÐash Kuklwmˆtwn Pollaplasiast  me Sunergatik  Prosèggish

To pr¸to b ma eÐnai na exereun soume to q¸ro sqedÐashc, dhlad  na exetˆsoume poioi
sunduasmoÐ twn teqnik¸nhigh-radix, perforation kai rounding eÐnai efiktoÐ. Upenju-
mÐzoume ìti kˆje mÐa apì autèc tic teqnikèc prosèggishc praktikˆ anˆgetai se proseg-
gistik  kwdikopoÐhsh enìc apì touc arijmoÔc eisìdou. O PÐnakac 6 parajètei ìlouc
touc sunduasmoÔc jewr¸ntac mÐa kwdikopoÐhsh anˆ ìro tou pollaplasiasmoÔ. 'Opwc
faÐnetai, upˆrqoun dÔo sunduasmoÐ, dhlad rounding & rounding kai perforation &
perforation pou den mporoÔn na ulopoihjoÔn. O sunduasmìcperforation & high-radix
isodunameÐ me apl perforation, kaj¸c to proseggistikì merikì ginìmeno pou parˆge-
tai apì th high-radix apaleÐfetai. Epomènwc, mporeÐ na apokleisteÐ me asfˆleia apì
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PÐnakac 6: Sunduasmìc arijmhtik¸n teqnik¸n prosèggishc.

1oc 'Oroc 2oc 'Oroc Efarmosimìthta 'Onoma SunduasmoÔ

high-radix high-radix X DRAD
high-radix perforation X isodÔnamo meperforation
high-radix rounding X RADR
rounding rounding 5 �
rounding perforation X ROUP

perforation perforation 5 �

'Extra SunduasmoÐ Efarmosimìthta 'Onoma SunduasmoÔ

high-radix & high-radix + perforation X DRADP
high-radix & rounding + perforation X isodÔnamo meROUP
rounding & perforation + perforation X isodÔnamo meROUP

peraitèrw exètash. Epiplèon, exetˆzoume thn efarmog  thcperforation se ìlouc touc
efiktoÔc sunduasmoÔc (kˆtw mèroc tou pÐnaka). O mìnoc epiplèon ousiastikìc sun-
duasmìc eÐnai hperforation me th dipl  high-radix, kaj¸c oi upìloipoi isodunamoÔn me
rounding & perforation .

Sth sunèqeia, analÔoume tic efiktèc kwdikopoi seic kai parajètoume tic exis¸seic twn
proseggistik¸n pollaplasiasm¸n.

DRAD: High-Radix & High-Radix

'Estw ìti ta m kai k eÐnai oi parˆmetroi diamìrfwshc thc kwdikopoÐhshchigh-radix
twn A kai B , antÐstoiqa. Oi dÔo arijmoÐ metasqhmatÐzontai me tic kwdikopoi seic
high-radix-2m kai high-radix-2k , ìpwc faÐnetai stic Ex. (20)�(25). Shmei¸noume ìti
o B kwdikopoieÐtai akrib¸c ìpwc ston RAD pollaplasiast , dhlad  me thn ubridik 
kwdikopoÐhshradix-4� radix-2k , en¸ gia ton A, ton qwrÐzoume se dÔo lèxeic kai kwdiko-
poioÔme mìno th ligìtero shmantik  me thnradix-2m . Gia na dhmiourg soume to yhfÐo
high-radix ston A, prosjètoume kai afairoÔme ton ìro 2m � 1am � 1 sthn anaparˆstash
tou.

A = � 2n � 1an � 1 +
n � 2X

i =0

2i ai = A1 + xR 2m

0 (20)

ìpou A1 = � 2n � 1an � 1 +
n � 2X

i = m � 1

2i ai + 2 m � 1am � 1 (21)

xR 2m

0 = � 2m � 1am � 1 + 2 m � 2am � 2 + � � � + a0 (22)
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B = � 2n � 1bn � 1 +
n � 2X

i =0

2i bi = B1 + yR 2k

0 (23)

ìpou B1 =
n= 2� 1X

j = k=2

4j yR 4
j , yR 4

j = � 2b2j +1 + b2j + b2j � 1 (24)

yR 2k

0 = � 2k � 1bk � 1 + 2 k � 2bk � 2 + � � � + b0 (25)

Qrhsimopoi¸ntac ta proseggistikˆ yhfÐa high-radix, dhlad  x̂R 2m

0 2 f 0; � 2m � 4;
� 2m � 3; � 2m � 2; � 2m � 1g kai ŷR 2k

0 f 0; � 2k � 4; � 2k � 3; � 2k � 2; � 2k � 1g, o pollapla-
siasmìc tou DRAD jk;m upologÐzetai apì thn Ex. (26).

DRAD jk;m = A1 � B1 + B1 � x̂R 2m

0 + A � ŷR 2k

0 (26)

DRADP: High-Radix & High-Radix + Perforation

Sunduˆzontac th dipl  kwdikopoÐhshhigh-radix tou DRAD meperforation, dhmiour-
goÔme ton pollaplasiast  DRADP jk;m , o opoÐoc praktikˆ apaleÐfei to ligìtero sh-
mantikì merikì ginìmeno, ìpwc faÐnetai sthn Ex. (27).

DRADP jk;m = A1 � B1 + B1 � x̂R 2m

0 (27)

RADR: High-Radix & Rounding

Gia autìn ton sunduasmì, jewroÔme thn proseggistik  kwdikopoÐhsh touB mehigh-
radix, dhlad , B1 + ŷR 2k

0 , en¸ o A kwdikopoieÐtai emmèswc mèsw thc efarmog c thc
rounding sta merikˆ ginìmena. QrhsimopoioÔme mÐa diaforetik  parallag  thcround-
ing apì aut  pou qrhsimopoi jhke stouc AxFXU/AxFPU . Sugkekrimèna, perikìptou-
me tic R ligìtero shmantikèc st lec tou pÐnaka (dèntrou) twn merik¸n ginomènwn
pou dhmiourgeÐtai apì to ginìmenoA � B1. Wc apotèlesma, o pollaplasiasmìc tou
RADR jk;R upologÐzetai apì thn Ex. (28).

RADR jk;R = A � B1jR + A � ŷR 2k

0 (28)

Gia na antistajmÐsoume to sfˆlma thc perikop c, eisˆgoume ènan diorjwtikì ìro sth
jèsh tou perikommènouMSB tou kˆje merikoÔ ginomènou. Autìc o ìroc eÐnai diafo-
retikìc gia kˆje merikì ginìmeno kai sqetÐzetai me thn kwdikopoÐhshradix-4, dhlad 
isoÔtai meonej + twoj . UpenjumÐzoume ìti ta s mataonej kai twoj energopoioÔntai
eˆn to j merikì ginìmeno eÐnai Ðso me� 1A   � 2A, antÐstoiqa. Gia na belti¸soume
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peraitèrw thn rounding, episunˆptoume mÐa stajerˆ̀ 1' sth jèsh pou o upopÐnakac
merik¸n ginomènwn touA � B1 perikìptetai.

ROUP: Rounding & Perforation

O sunduasmìc rounding & perforation èqei  dh exetasteÐ stouc pollaplasiastèc
AxFXU/AxFPU . Epomènwc, se aut  thn enìthta qrhsimopoioÔme dÔo diaforetikèc
parallagèc thc rounding. H kÔria diaforopoÐhsh touc se sqèsh me throunding twn
AxFXU/AxFPU eÐnai ìti den pragmatopoieÐtai stroggulopoÐhsh sto Ðdiobit gia kˆje
merikì ginìmeno. AntÐjeta, to bit stroggulopoÐhshc tou kˆje merikoÔ ginomènou epi-
lègetai me bˆsh th shmantikìthta tou sto dèntro ginomènwn. Onomˆzoume aut  thn
teqnik  wc asÔmmetrhrounding.

O pr¸toc sunduasmìc fèrei thn etikèta ROUP1jP;R kai qrhsimopoieÐ thnrounding
tou RADR . Sugkekrimèna, apaleÐfoume taP ligìtero shmantikˆ ginìmena, kai sth
sunèqeia efarmìzoumerounding perikìptontac tic R ligìtero shmantikèc st lec tou
pÐnaka merik¸n ginomènwn kai eisˆgontac ìrouc diìrjwshc. O pollaplasiasmìc tou
ROUP1 upologÐzetai apì thn Ex. (29).

ROUP1jP;R =
n / 2� 1X

j = P

4j ~PP j

�
�
�
�
R

=
n / 2� 1X

j = P

4j A � yR 4
j

�
�
�
�
R

(29)

O deÔteroc sunduasmìc fèrei thn etikètaROUP2jP;R kai metatrèpei thn rounding
twn AxFXU/AxFPU apì summetrik  se asÔmmetrh. O pollaplasiasmìc tou ROUP2
ekteleÐtai me thn ˆjroish twn stroggulemènwn merik¸n ginomènwn, ìpwc faÐnetai stic
Ex. (30)�(31).

ROUP2jP;R =
n / 2� 1X

j = P

4j ~PP j =
n / 2� 1X

j = P

4j AR j � yR 4
j (30)

ìpou AR j = han � 1an � 2 � � � aR j i 2's + aR j � 1 (31)

Se sÔgkrish me tic antÐstoiqec exis¸seic thcrounding twn AxFXU/AxFPU , h mình
diaforˆ eÐnai ìti upˆrqoun j A R lèxeic (mÐa anˆ merikì ginìmeno) antÐ gia mÐa. Oi
upìloipec beltistopoi seic qamhloÔ epipèdou eÐnai oi Ðdiec kai èqoun wc apotèlesma
na enswmatwjoÔn tabits aR j � 1 me mia pÔlhXOR stouc ìrouc diìrjwshc, dhlad 
(sign j � aR j � 1) � (onej + twoj ). Shmei¸noume ìti o sumbolismìcROUP2jP;R jewreÐ
R = RP , dhlad  deÐqnei th diamìrfwsh thcrounding tou ligìtero shmantikoÔ merikoÔ
ginomènou apì ta enapomeÐnanta.
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Peiramatik  Axiolìghsh

Arqikˆ, exetˆzoume thn akrÐbeia twn proteinìmenwn pollaplasiast¸n, qrhsimopoi-
¸ntac thn metrik  MRED (mèsoc ìroc twn sqetik¸n apostˆsewn lˆjouc gia èna
sÔnolo apì zeÔgh eisìdwn pollaplasiast ). O q¸roc sqedÐashc twn proteinìmenwn
pollaplasiast¸n eÐnai pˆra polÔ megˆloc, kaj¸c se kˆje kÔklwma o bajmìc pro-
sèggishc diamorf¸netai apì dÔo anexˆrthtec paramètrouc. Gia autìn ton lìgo, gia
kˆje diamìrfwsh thc prosèggishc upologÐzoume to MRED gia èna sÔnolo apì200K
zeÔgh eisìdou, ta opoÐa eÐnai omoiìmorfa katanemhmèna sto eÔroc twn16-bit arij-
m¸n.

To Sq ma 12 parousiˆzei th diakÔmansh touMRED se sqèsh me th diamìrfwsh
prosèggishc. 'Oson aforˆ ton DRAD , parìlo pou to eÔroc laj¸n tou eÐnai mikrì,
dhlad  [0:15%, 1:65%], to lˆjoc klimak¸netai gr gora dhmiourg¸ntac kenˆ diast ma-
ta. Wstìso, h klimˆkwsh tou lˆjouc tou parèqei auxhmènh puknìthta se sÔgkrish
me tonRAD , o opoÐoc èqei mìno treic diamorf¸seic prosèggishc (k = 6 ; 8; 10) me
timècMRED 0:08%, 0:28% kai 0:93%. 'Opwc  tan anamenìmeno, gia tic Ðdiec diamor-
f¸seic, o DRADP emfanÐzei megalÔterec timèc lˆjouc apì tonDRAD , xekin¸ntac
apì 0:49%, en¸ parathreÐtai kai pˆli taqeÐa klimˆkwsh lˆjouc. To pleonèkthma tou
RADR eÐnai ìti exomalÔnei thn taqeÐa klimˆkwsh sfalmˆtwn touRAD , prosjètontac
pollaplèc timèc metaxÔ dÔo diadoqik¸n proseggÐsewn, eidikˆ gia tic mikrèc timèc touk.
To eÔroc laj¸n kai h klimˆkwsh twn ROUP1 kai ROUP2 eÐnai parìmoia me autˆ tou
AxFXU . O ROUP1 diajètei arg  klimˆkwsh lˆjouc apì 0:04% (P = 1 ) èwc 2:47%
(P = 4 ) me pollèc endiˆmesec timèc. Oi timècMRED tou ROUP2 eÐnai parìmoiec, w-
stìso, to mègisto lˆjoc tou eÐnai mikrìtero ( 2:07%) se sÔgkrish me autì tou ROUP1
(2:47%).

Sto Sq ma 13 parousiˆzoume to diˆgrammaMRED �enèrgeiac me ìla ta proteinìmena
proseggistikˆ kukl¸mata thc Diatrib c. 'Oson aforˆ touc pollaplasiastèc high-
radix pou sqediˆsthkan me sunergatik  prosèggish (DRAD, DRADP, RADR ), au-
xˆnoun thn anˆlush thc kampÔlhc shmeÐwn tou aploÔRAD. H kampÔlh epÐshc bel-
ti¸netai apì ton DRADP , o opoÐoc apoteleÐ thn kalÔterh sqediastik  lÔshhigh-
radix stic perissìterec peript¸seic. Shmei¸noume ìti parousiˆzoume mìno touc pol-
laplasiastèc RAD gia k = 6 ; 8; 10, epeid  gia k � 12 parˆgontai megˆlec timèc
lˆjouc. Autìc o periorismìc thc apl c teqnik c high-radix xeperniètai me th mèjodo
thc sunergatik c prosèggishc. 'Oson aforˆ touc pollaplasiastèc pou efarmìzoun
perforation & rounding , oi teqnikèc asÔmmetrhcrounding twn ROUP1 kai ROUP2
uperteroÔn thc summetrik crounding tou AxFXU . SumperaÐnoume ìti oi pio lepto-
mereÐc beltistopoi seic se epÐpedobit , ìpwc h prosarmosmènhrounding anˆ merikì
ginìmeno touROUP2, parèqoun kalÔtera apotelèsmata apì kajolikèc lÔseic, ìpwc
h summetrik  rounding tou AxFXU . Epiplèon, gia mikrèc timèc lˆjouc, o AxFXU den
jewreÐtai o pio energeiakˆ apodotikìc pollaplasiast c, kaj¸c arketèc diamorf¸seic
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(aþ) (bþ)

(gþ)

(dþ) (eþ)

Sq ma 12: H diakÔmansh tou MRED twn 16-bit pollaplasiast¸n pou basÐzontai sth suner-
gatik  prosèggish: (a') DRAD jk;m , (b') DRADP jk;m , (g) RADR jk;R , (d') ROUP1 jP;R , (e')
ROUP2 jP;R .

thc sunergatik c prosèggishc parèqoun kalÔterh katanˆlwsh enèrgeiac. Wstìso,
shmei¸noume ìti to pleonèkthma tou AxFXU eÐnai ìti dieukolÔnei th dunamik  dia-
mìrfwsh thc prosèggishc, ìpwc deÐxame sthn prohgoÔmenh enìthta, h opoÐa ja  tan
pio dÔskolh stouc ROUP1 kai ROUP2 lìgw thc diaforetik c rounding anˆ merikì
ginìmeno.
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Sq ma 13: H sugkritik  anˆlush Pareto ìlwn twn proseggistik¸n pollaplasiast¸n thc Diatrib c
wc proc to mèso sqetikì sfˆlma kai thn katanˆlwsh enèrgeiac.

Sunolikˆ, ìpwc faÐnetai sto diˆgramma, to sÔnoro Pareto sqhmatÐzetai apokleistikˆ
apì touc pollaplasiastèc ROUP2. H oikogèneia pollaplasiast¸n ROUP2 parèqei
thn kalÔterh isorropÐa enèrgeiac�lˆjouc kai belti¸nei peraitèrw to sÔnoro Pareto
twn RAD [153] kai AxFXU [144] katˆ 1:5� � 2� . Epiplèon, eÐnai shmantikì na ana-
fèroume ìti auxˆnei thn anˆlush tou sunìrou (thc kampÔlhc shmeÐwn/diamorf¸sewn),
dhlad  epekteÐnei akìmh perissìtero ton  dh megˆlo q¸ro prosèggishc, parèqontac
megˆlh poikilÐa epilog¸n sqedÐashc. Wc telikì stˆdio axiolìghshc, sugkrÐnoume to
nèo sÔnoroPareto me ˆlla shmantikˆ kukl¸mata thc bibliografÐac [142,149,151,266].
Sugkekrimèna, axiologoÔme thn katanˆlwsh enèrgeiac twn kuklwmˆtwn gia diˆfo-
rouc periorismoÔcMRED sthn perioq  0:15%� 1:47%. O megˆloc q¸roc prosèg-
gishc kai ta puknˆ diast mata lˆjouc tou ROUP2 parèqoun auxhmènh euelixÐa kai
epomènwc, mporoÔme na epilèxoume diamorf¸seic meMRED Ðso   elafr¸c mikrìtero
apì ènan dedomèno periorismìMRED . Sunep¸c, o ROUP2 mporeÐ na megistopoi sei
ta kèrdh tou gia opoiod pote periorismì lˆjouc, parèqontac shmantikˆ kèrdh pou
kumaÐnontai apì29% èwc 63% se sÔgkrish me touc pollaplasiastèc thc bibliogra-
fÐac.

7. ProseggistikoÐ DSP & AI Epitaquntèc UlikoÔ

H enìthta aut  aforˆ to Kefˆlaio 7 kai basÐzetai sticdhmosieÔseic [144,145,
147, 153, 274�277] .
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Eisagwg 

Se aut  thn enìthta, estiˆzoume sthn anˆptuxh proseggistik¸n DSP kai AI epi-
taqunt¸n me Gl¸ssac Perigraf c UlikoÔ ( HDL), stoqeÔontac tìso se teqnologÐa
FPGA ìso kai se ASIC. H genik  mèjodoc prosèggishc ègkeitai sth qr sh twn protei-
nìmenwn proseggistik¸n pollaplasiast¸n thc Diatrib c se klasikèc arqitektonikèc
ulikoÔ gia DSP kai AI . Ta arijmhtikˆ kukl¸mata apoteloÔn shmantikèc monˆdec e-
pexergasÐac stouc epitaquntèc ulikoÔ, kaj¸c ephreˆzoun eggen¸c thn katanˆlwsh
enèrgeiac kai thn apìdosh olìklhrhc thc efarmog c. O antÐktupìc touc gÐnetai akìmh
megalÔteroc an lˆboume upìyh ìti oi sÔgqronoi epitaquntèc ulopoioÔn parˆllhlec
arqitektonikèc me pollaplèc monˆdec epexergasÐac.

H enswmˆtwsh twn proseggistik¸n kuklwmˆtwn mac se epitaquntèc basÐzetai se mia
mejodologÐa sqedÐashc pou exereunˆ ton q¸ro sqedÐashc se epÐpedo logismikoÔ kai uli-
koÔ. Stìqoc mac eÐnai na axiolog soume ta proseggistikˆ kukl¸mata thc Diatrib c se
pragmatikèc efarmogècDSP/AI kai antÐstrofa, na diereun soume thn anjektikìthta
twn efarmog¸n se lˆjh kai na posotikopoi soume ta kèrdh pìrwn twn proseggistik¸n
epitaqunt¸n. Epiplèon, h kÔria mèjodoc prosèggishc pou efarmìzoume (prosèggish
twn pollaplasiasm¸n) epitrèpei thn aprìskopth meÐwsh twn pìrwn kai thn beltÐwsh
thc apìdoshc efarmog¸n DSP/AI , qwrÐc na tropopoieÐtai h arqik  arqitektonik  uli-
koÔ. Sugkekrimèna, belti¸noume thn apìdosh twnDSP epitaqunt¸n qwrÐc na rujmÐzou-
me thn arijmhtik  touc (mÐa tupik  ergasÐa sthn anˆptuxhc pur nwn ulikoÔ). Eidikˆ
gia ta Suneliktikˆ Neurwnikˆ DÐktua ( CNNs), parèqoume proseggistikoÔc epitaqu-
ntèc qwrÐc epanekpaÐdeush, h opoÐa mporeÐ na apaiteÐtai ¸ste na meiwjeÐ h ap¸leia thc
akrÐbeiac pou prokaleÐtai apì tic proseggÐseic. H exˆleiyh thc anˆgkhc gia prìsjeth
ekpaÐdeush/exereÔnhsh jewreÐtai pleonèkthma, kaj¸c endèqetai na mhn eÐnai diajèsima
idiìkthta sÔnola dedomènwn   ta montèla twn diktÔwn. EpÐshc, o qrìnoc ekpaÐdeushc
sun jwc auxˆnetai lìgw thc exomoÐwshc twn proseggÐsewn ulikoÔ kai thc qr shc pro-
sarmosmènwn proseggistik¸n arijmhtik¸n telest¸n.

SqedÐash Proseggistik¸n DSP & AI Epitaqunt¸n UlikoÔ

H proteinìmenh mejodologÐa gia th sqedÐash proseggistik¸n epitaqunt¸nDSP kai AI
apeikonÐzetai sto Sq ma 14. ApoteleÐtai apì dÔo stˆdia: thn exereÔnhsh se epÐpe-
do logismikoÔ kai thn anˆptuxh tou epitaqunt  se epÐpedo ulikoÔ. Shmei¸noume ìti h
mejodologÐa mac akoloujeÐ ta tupikˆ b mata thc sqedÐashc ulikoÔ. Wstìso, perilam-
bˆnei prìsjetec leitourgÐec (qr sh proseggistik¸n arijmhtik¸n monˆdwn), anˆlush
laj¸n (lìgw twn proseggÐsewn) kai exereÔnhsh tou q¸rou sqedÐashc gia diaforetikèc
teqnikèc prosèggishc, arijmhtikˆ prìtupa kai algìrijmouc twn efarmog¸n. H lepto-
mer c exereÔnhsh tou q¸rou sqedÐashc eÐnai polÔ shmantik , epeid  kˆje sunduasmìc

265



Greek Extended Abstract

Sq ma 14: MejodologÐa sqedÐashc gia proseggistikoÔc DSP & AI epitaquntèc ulikoÔ.

proseggÐsewn, arijmhtik¸n protÔpwn kai algorÐjmwn èqei diaforetikì antÐktupo sthn
akrÐbeia, touc pìrouc kai thn apìdosh tou epitaqunt .

Prin analÔsoume ta b mata thc mejodologÐac mac, kˆnoume tic akìloujec dieukri-
nÐseic:

ˆ Proseggistik  Biblioj kh SqedÐashc : perilambˆnei ta montèla logismikoÔ kai
tic perigrafèc ulikoÔ twn proseggistik¸n arijmhtik¸n monˆdwn (p.q., RAD
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[153], AxFXU [144], AxFPU [145] kai ROUP [147]), ìpwc epÐshc kai thn a-
nˆlush twn laj¸n kai ta peiramatikˆ touc apotelèsmata.

ˆ SÔnolo Arijmhtik¸n ProtÔpwn : perilambˆnei diˆforec arijmhtikèc, p.q., to sum-
batikì prìtupo stajer c kai kinht c upodiastol c, to mplok kinht c upodiasto-
l c [306], to Flexpoint [301] kai thn kbˆntish stajer c upodiastol c [307].

ˆ SÔnolo AlgorÐjmwn: perilambˆnei algìrijmouc gia olìklhrh thn efarmog  (p.q.,
to montèlo ResNet [308] wcCNN   th mèjodo Log-Likelihood-Ratio [309] gia
thn apodiamìrfwsh s matoc), kaj¸c kai basikèc leitourgÐec (p.q., th mèjodo
Winograd [310] gia th sunèlixh eikìnac).

ˆ SÔnolo Set Dedomènwn: perilambˆnei diˆfora set dedomènwn (p.q., tuqaÐa,Gaus-
sian/omoiìmorfa katanemhmèna kai realistikˆ dedomèna) gia thn axiolìghsh thc
poiìthtac twn apotelesmˆtwn se epÐpedo logismikoÔ.

Arqikˆ, anaptÔssoume thn efarmog  se logismikì qrhsimopoi¸ntac diˆfora arijmhtikˆ
prìtupa kai algìrijmouc. Ta montèla logismikoÔ mac èqoun akrÐbeiabit , gegonìc pou
mac epitrèpei na meletˆme thn akrÐbeia thc efarmog c ìtan qrhsimopoioÔme proseggi-
stikèc arijmhtikèc morfèc  /kai proseggistikoÔc telestèc. Gia na lˆboume ta akrib 
(orjˆ) apotelèsmata, ekteloÔme prosomoi¸seic me ta set dedomènwn. Sth sunèqeia,
arqÐzoume na enswmat¸noume proseggistikèc arijmhtikèc monˆdec kai na dhmiourgo-
Ôme proseggistikèc parallagèc tou stoqeumènou epitaqunt . Gia kˆje parallag ,
ekteloÔme prosomoi¸seic gia na lˆboume ta proseggistikˆ apotelèsmata kai na axio-
log soume thn poiìthta touc me bˆsh tic metrikèc thc ekˆstote efarmog c. Epiplèon,
gia kˆje parallag , anafèroume pijanèc epibarÔnseic se ulikì, p.q., sqetikˆ me thn
parallhlopoÐhsh   thn ulopoÐhsh polÔplokwn leitourgi¸n. To epìmeno b ma eÐnai na
exetˆsoume poiec proseggistikèc parallagèc ikanopoioÔn thn epijumht  poiìthta twn
apotelesmˆtwn kai na epilèxoume tic pio apotelesmatikèc gia ulopoÐhsh se teqnologÐa
FPGA/ASIC . Se perÐptwsh pou den plhroÔntai oi periorismoÐ akrÐbeiac, sqediˆzoume
proseggistikèc parallagèc sunduˆzontac diaforetikèc arijmhtikèc, algìrijmouc kai
proseggistikèc monˆdec.

Metˆ thn exereÔnhsh se epÐpedo logismikoÔ, suneqÐzoume me thn anˆptuxh thc e-
farmog c se HDL . UlopoioÔme tic epilegmènec proseggistikèc parallagèc enswma-
t¸nontac tic sqediastikèc mac epilogèc gia arijmhtikèc, algìrijmouc kai teqnikèc
prosèggishc. Tèloc, sth fˆsh thc axiolìghshc exetˆzoume eˆn o epitaqunt c ika-
nopoieÐ touc periorismoÔc gia apìdosh kai katanˆlwsh pìrwn. Se perÐptwsh pou
ta apotelèsmata den eÐnai ta anamenìmena, uiojetoÔme enallaktikoÔc sqediasmoÔc
(p.q., sq ma parallhlopoÐhshc)   epistrèfoume sthn arqik  exereÔnhsh se epÐpe-
do logismikoÔ gia na dhmiourg soume nèec proseggistikèc parallagèc thc efarmo-
g c.
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Peiramatik  Axiolìghsh

Me bˆsh th mejodologÐa mac kai th qr sh klasik¸n teqnik¸n sqedÐashc kai parallhlo-
poÐhshc, ulopoioÔme arketoÔc proseggistikoÔc epitaquntèc gia epexergasÐa shmˆtwn
kai neurwnikˆ dÐktua. Oi teqnikèc leptomèreiec twn epitaqunt¸n kai twn arqitektoni-
k¸n ulikoÔ analÔontai stic dhmosieÔseic mac [144,145,147,153,274�277]. EpÐshc, stic
Ðdiec dhmosieÔseic parajètoume epÐshc mÐa plhj¸ra peiramatik¸n apotelesmˆtwn, axio-
logoÔme tic sqediastikèc epilogèc mac, analÔoume ta antallˆgmata akrÐbeiac�pìrwn,
kai exˆgoume tic kalÔterec lÔseic.

Ta pio shmantikˆ peiramatikˆ apotelèsmata sunoyÐzontai ston PÐnaka 7. 'Oson a-
forˆ thn poiìthta twn apotelesmˆtwn, oi proseggÐseic mac prokaloÔn mikr  ap¸leia
akrÐbeiac, h opoÐa mporeÐ na rujmisteÐ sto epijumhtì epÐpedo lìgw twn pollapl¸n
diaforetik¸n diamorf¸sewn thc prosèggishc pou prosfèrontai apì tic oikogèneiec
kuklwmˆtwn thc Diatrib c. Pio sugkekrimèna, epitugqˆnoume tupikèc timèc stic me-
trikèc epexergasÐac eikìnac kai mikrˆ lˆjh se efarmogèc pou basÐzontai se upolo-
gismoÔc pollaplasiasmoÔ-ˆjroishc (filtrˆrisma s matoc, pollaplasiasmìc pinˆkwn
kai paragontopoÐhshLU). Oi proseggÐseic mac parèqoun epÐshc kalˆ apotelèsmata
akrÐbeiac se efarmogèc/algìrijmouc apì ˆllouc tomeÐc, ìpwc oi thlepikoinwnÐec (a-
podiamìrfwsh QAM ) kai h mhqanik  mˆjhsh (algìrijmoc K-means). Epiplèon, ta
proseggistikˆ CNNs parousiˆzoun mikr  ap¸leia akrÐbeiac se diˆforec arijmhtikèc
(16-bit stajer c upodiastol c, 32/ 16-bit kinht c upodiastol c, 8-bit kbantismènwn
akeraÐwn). Se epÐpedo epitaqunt , epitugqˆnoume axioshmeÐwta kèrdh pìrwn tìso se
ASIC ìso kai se FPGA . Anˆloga me thn efarmog , prosfèroume kèrdh isqÔoc/enèr-
geiac sto diˆsthma 30%� 70% sthn teqnologÐaASIC, kaj¸c kai polÔtimh meÐwsh thc
logik c twn kuklwmˆtwn, dhlad  èwc 65% sta LUTs tou FPGA kai èwc 60%� 70%
sta logikˆ keliˆ tou ASIC.

8. Epitˆqunsh DSP sta Nèa FPGAs DiasthmikoÔ
BajmoÔ

H enìthta aut  aforˆ to Kefˆlaio 8 kai basÐzetai sthdhmosÐeush [319] .

Eisagwg 

Ta teleutaÐa qrìnia, h epitˆqunsh ulikoÔ meFPGAs èqei apokt sei auxhmènh dunamik 
lìgw thc elkustik c apìdoshc-anˆ- Watt pou prosfèrei [3,20,279]. Wc apotèlesma, ta
FPGAs brÐskoun efarmog  se diˆforouc tomeÐc, ìpwc h rompotik , oi thlepikoinwnÐec,
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PÐnakac 7: Sunoptikˆ apotelèsmata twn proseggistik¸n DSP & AI epitaqunt¸n thc Diatrib c.

Efarmog  Prosèggish Epitaqunt c Kèrdoc AkrÐbeia

Sobel Edge Detector RAD, AxFXU 65-nm ASIC 58% enèrgeia CER > 98:5%
FIR Filter RAD, AxFXU 65-nm ASIC 34% enèrgeia MRED = 3 :6%
Matrix Multiplication RAD, AxFXU 65-nm ASIC 71% enèrgeia MRED = 0 :9%
QAM Demodulation RAD ZCU106 FPGA 65% LUTs BER 2 [10-1 ; 10-4 ]
ShipDetect CNN RAD Zynq-7020 FPGA 38% LUTs 0:2% ap¸leia
Gaussian Blurring AxFPU16 65-nm ASIC 40% isqÔc PSNR = 51dB
Gaussian Blurring AxFPU32 65-nm ASIC 57% isqÔc PSNR = 55dB
CNN/MNIST AxFPU16 65-nm ASIC 49% isqÔc 2:7% ap¸leia
CNN/MNIST AxFPU32 65-nm ASIC 66% isqÔc 5:5% ap¸leia
CNN/CIFAR-10 AxFPU16 65-nm ASIC 39% isqÔc 2:5% ap¸leia
CNN/CIFAR-10 AxFPU32 65-nm ASIC 58% isqÔc 5:4% ap¸leia
K-Means Clustering AxFPU32 � � ECR = 0%
LU Decomposition AxFPU32 � � MRED 2 [0:1; 0:8]%
ResNet-8/CIFAR-10 ROUP 45-nm ASIC 54% enèrgeia 4% ap¸leia

kai to diˆsthma. H biomhqanÐa tou diast matoc eÐnai mÐa apì tic koinìthtec pou ana-
zhtoÔn enswmatwmènec platfìrmec uyhl c apìdoshc gia na qeiristoÔn tic auxhmènec
upologistikèc apait seic kai tic gr gorec metaforèc dedomènwn twn sÔgqronwn dia-
sthmik¸n efarmog¸n. H beltiwmènh apìdosh twn FPGAs dieukolÔnei ton enswmatw-
mèno upologismì sto diˆsthma, p.q., gia ergasÐec parat rhshc thc Ghc kai plo ghshc,
kaj¸c mei¸nei thn anˆgkh gia metaforˆ twn dedomènwn twn aisjht rwn stouc epÐgeiouc
stajmoÔc. Se autì to plaÐsio, ta FPGAs diasthmikoÔ bajmoÔ (space-grade) kai ta
klasikˆ emporikˆ axiologoÔntai suneq¸c [322�329] wc enswmatwmènoi epitaquntèc/e-
pexergastèc diasthmik¸n efarmog¸n. 'Otan h anjektikìthta se aktinobolÐa eÐnai u-
yÐsthc shmasÐac, qrhsimopoioÔntaiFPGAs diasthmikoÔ bajmoÔ antÐ twn emporik¸n
¸ste na auxhjeÐ h axiopistÐa. H bibliografÐa perilambˆnei epÐshc poluˆrijmec douleièc
me arqitektonikèc epexergasÐac gia to diˆsthma pou perilambˆnounFPGAs [330�332].
Sqetikˆ me touc algìrijmouc pou ulopoioÔntai sta FPGAs, ektìc apì thn epitˆqun-
sh DSP, epitaqÔnontai ergasÐec kwdikopoÐhshc/apokwdikopoÐhshc dedomènwn orgˆnwn
kai aisjht rwn (p.q., pou metadÐdontai mèsw tou prwtokìllou SpaceWire/SpaceFi-
bre [333]) kai sumpÐeshc dedomènwn [334,335].

H agorˆ prosfèrei mÐa periorismènh poikilÐa apìFPGAs diasthmikoÔ bajmoÔ, ìpwc
faÐnetai sthn anˆlush mac sth dhmosÐeush [319]. PolÔ prìsfata, upˆrqoun nèec pol-
lˆ uposqìmenec prosj kec se aut n thn periorismènh dexamen  suskeu¸n diasthmikoÔ
bajmoÔ. H etaireÐaNanoXplore [343] kataskeuˆzei ta pr¸ta Eurwpaðkˆ anjektikˆ-
se-aktinobolÐaFPGAs uyhl c puknìthtac [344, 345], gnwstˆ kai wc BRAVE (Big
Re-programmable Array for Versatile Environments). Ta BRAVE FPGAs èqoun pro-
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selkÔsei to endiafèron thc diasthmik c koinìthtac kai anamènetai na diadramatÐsoun
basikì rìlo stic eperqìmenec diasthmikèc apostolèc, eidikˆ sthn Eur¸ph. Aut  h nèa
diasthmik  oikogèneiaFPGAs perilambˆnei tsip qamhl c kai uyhl c qwrhtikìthtac
pou basÐzontai seSRAM teqnologÐa. Ta trÐa pr¸ta FPGAs thc NanoXplore eÐnai
to NG-Medium (65nm), to NG-Large (65nm) kai to NG-Ultra (28nm). H etaireÐa
parèqei epÐshc to ergaleÐo logismikoÔNXmap gia thn anˆptuxh kai ton programmati-
smì. To NG-Medium eÐnai to pr¸to FPGA thc seirˆc BRAVE kai ègine diajèsimo to
2016 mazÐ me tic arqikèc ekdìseic ergaleÐwn. TaBRAVE FPGAs enswmat¸noun ìlouc
touc paradosiakoÔc programmatizìmenouc logikoÔc pìrouc. Epiplèon, taNG-Large
kai NG-Ultra enswmat¸noun touc epexergastècARM Cortex-R5 kai ARM Cortex-
R52, antÐstoiqa. Tèloc, ta BRAVE FPGAs perilambˆnoun leitourgÐec pou eÐnai apa-
raÐthtec gia enswmatwmènouc upologistèc sto diˆsthma, ìpwc h diepaf SpaceWire
gia gr gorec metaforèc dedomènwn kai o kajarismìc thc mn mhc programmatismoÔ gia
th diasfˆlish suneqoÔc leitourgikìthtac.

H apotelesmatik  qr sh miac nèac oikogèneiacFPGAs ìpwc h BRAVE , kaj¸c kai
h pl rhc ekmetˆlleush twn sqetik¸n ergaleÐwn logismikoÔ, apaitoÔn mia susthmati-
k  kai peijarqhmènh prosèggish. Epiprosjètwc, o programmatist c prèpei na eÐnai
se jèsh na xeperˆsei ta jèmata kai touc periorismoÔc twn nèwn ergaleÐwn ¸ste na
parèqei apodekt  qr sh pìrwn kai epark  apìdosh. H anˆptuxh se autˆ ta FP-
GAs diasthmikoÔ bajmoÔ gÐnetai akìmh pio dÔskolh lìgw twn idiaÐterwn qarakthri-
stik¸n touc se sÔgkrish me ta emporikˆ (p.q., qamhlìterh apìdosh). Gia autoÔc touc
lìgouc, h European Space Agency (ESA)uposthrÐzei èna sÔnolo ereunhtik¸n dra-
sthriot twn ( QUEENS1/QUEENS2/QUEENS3 ), oi opoÐec perilambˆnoun sugkriti-
k  axiolìghsh tou ulikoÔ kai dokimèc twn ergaleÐwn logismikoÔ twnBRAVE FPGAs .
Autèc oi drasthriìthtec stoqeÔoun sth beltÐwsh twn nèwn suskeu¸n kai ergaleÐwn
kai sthn axiolìghsh thc katallhlìthtac thc qr shc twn BRAVE FPGAs wc ensw-
matwmènwn epexergast¸n dedomènwn se diasthmikèc apostolèc. Sto plaÐsio aut¸n
twn drasthriot twn, anaptÔssoume mia mejodologÐa gia thn upost rixh thc sqedÐa-
shc sta BRAVE FPGAs kai thn axiolìghsh twn suskeu¸n/ergaleÐwn se sÔgkrish
me lÔseic pou parèqontai apì kajierwmènouc promhjeutèc thc agorˆc. Shmei¸noume
ìti parìlo pou h mejodologÐa mac efarmìzetai se FPGAs diasthmikoÔ bajmoÔ, mpo-
reÐ na uiojethjeÐ gia na bohj sei th sqedÐash se opoiad pote platfìrma FPGA  
na pragmatopoi sei sugkritik  axiolìghsh metaxÔ diaforetik¸n FPGAs. Epiplèon, o
stìqoc mac den eÐnai na sqediˆsoume nèec parˆllhlec arqitektonikècDSP. AntÐjeta,
qrhsimopoioÔme pur nec ulikoÔ kurÐwc apì to pedÐo thcCV, oi opoÐoi anaptÔqjhkan se
prohgoÔmenec drasthriìthtec thc ESA [326�329] kai touc epitaqÔnoume sthn teqno-
logÐaBRAVE . Pio sugkekrimèna, me susthmatikì trìpo, anaptÔssoume autoÔc touc
pur nec uyhl c apìdoshc sta FPGAs thc NanoXplore kai se ˆlla FPGAs thc agorˆc
me parìmoia arqitektonik , kai axiologoÔme ta ergaleÐa logismikoÔ kai to upokeÐmeno
ulikì.
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MejodologÐa SqedÐashc gia ta BRAVE FPGAs DiasthmikoÔ BajmoÔ

Se aut n thn enìthta, eisˆgoume mia mejodologÐa gia thn anˆptuxh pur nwnDSP
sta BRAVE FPGAs , kaj¸c kai gia thn axiolìghsh twn dunatot twn twn erga-
leÐwn kai twn tsip. H mejodologÐa mac aforˆ ta kÔria stˆdia thc tupik c ro c
sqedÐashc staFPGAs, dhlad  th sÔnjesh, thn ulopoÐhsh, th dhmiourgÐa toubit-
stream, kai ton programmatismì. EpÐ tou parìntoc, h mejodologÐa ekteleÐtai qei-
rokÐnhta apì ton programmatist , wstìso, orismèna tm mata, ìpwc h exereÔnhsh
twn rujmÐsewn tou ergaleÐou ja mporoÔsan na ektelestoÔn me automatopoihmèno
trìpo.

Apì thn ˆpoyh thc axiolìghshc tou ergaleÐou anˆptuxhc kai programmatismoÔ, h me-
jodologÐa pou sqetÐzetai me th sÔnjesh stoqeÔei:

(i) ston èlegqo thc swst c leitourgikìthtac ìlwn twn rujmÐsewn kai strathgik¸n
tou ergaleÐou, exetˆzontac eˆn autˆ efarmìzoun thn anamenìmenh leitourgÐa kai
eˆn ta apotelèsmata exìdou thc prosomoÐwshc eÐnai ta orjˆ.

(ii ) sthn axiolìghsh thc poiìthtac twn apotelesmˆtwn gia diaforetikèc diamor-
f¸seic tou ergaleÐou, sugkrÐnontac touc pìrouc tou FPGA pou autèc qrhsi-
mopoioÔn.

(iii ) sthn axiolìghsh thc ikanìthtac thc sÔnjeshc na antistoiqÐzei apotelesmatikˆ ta
kukl¸mata sta mplok tou FPGA , exetˆzontac th qr sh twn pìrwn se sÔgkrish
me thn anamenìmenh (jewrhtik ).

(iv) sth bajmolìghsh thc qr shc twn pìrwn mèsw susthmatik¸n sugkrÐsewn me su-
skeuèc/ergaleÐa kataskeuast¸n FPGAs pou eÐnai  dh kajierwmènoi sthn agorˆ.

Apì thn ˆpoyh thc dhmiourgÐac apodotik¸nDSP epitaqunt¸n, dedomènou enìc pur na
pou èqei anaptuqjeÐ meHDL , h mejodologÐa mac stoqeÔei:

(i ) ston prosdiorismì thc anamenìmenhc qr shc pìrwn me bˆsh kajierwmènouc ka-
taskeuastèc thc agorˆc.

(ii ) sthn exagwg  twn rujmÐsewn tou ergaleÐou pou odhgoÔn stic pio apotelesmati-
kèc parallagèc ulopoÐhshc.

(iii ) sthn epÐlush zhthmˆtwn pou prokÔptoun apì thn� anwrimìthta � tou ergaleÐou
(epeid  kuklofìrhse prìsfata)   lìgw tou ìti o pur nac anaptÔqjhke arqikˆ
se teqnologÐa ˆllou kataskeuast  FPGA .

H proteinìmenh mejodologÐa gia th sÔnjesh apeikonÐzetai sto Sq ma 15. QwrÐzetai
se treic kÔriec fˆseic: th diamìrfwsh twn algorijmik¸n paramètrwn tou pur na DSP,
thn exereÔnhsh se epÐpedo ergaleÐou kai thn exereÔnhsh se epÐpedo k¸dika/HDL . H
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Sq ma 15: MejodologÐa gia th sÔnjesh pur nwn DSP sta nèa BRAVE FPGAs .
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anˆlush thc mejodologÐac paratÐjetai sth dhmosÐeush [319], ìpou epÐshc apeikonÐzo-
ntai kai analÔontai mejodologÐec gia ta stˆdia thc ulopoÐhshc, thc paragwg c tou
bitstream kai tou programmatismoÔ.

UlopoÐhsh CV Pur nwn

Me bˆsh th mejodologÐa mac, epitaqÔnoumeCV pur nec apì prohgoÔmenec drasthri-
ìthtec thc ESA [326�329] sto NG-Large FPGA. Sugkekrimèna, qrhsimopoioÔme pu-
r nec gia exagwg  qarakthristik¸n (akmèc kai gwnÐec eikìnac), dhlad  ton Canny
Edge Detector [326] kai ton Harris Corner Detector [327], kaj¸c kai pur nec gia e-
xagwg  bˆjouc sthn anakataskeu  3D skhn c, dhlad  ton GAD-Disparity [328] kai
ton Spacesweep[329]. AutoÐ oi pur nec epibˆlloun auxhmènec apait seic se upologi-
smoÔc kai pìrouc mn mhc, pièzontac ta nèa ergaleÐa wc proc thn apotelesmatik  kai
uyhl c apìdoshc ulopoÐhsh. Oi epilegmènec algorijmikèc parˆmetroi twn pur nwn
parousiˆzontai ston PÐnaka 8.

Gia thn ulopoÐhsh touc sto BRAVE NG-Large , proèkuyan arketˆ zht mata. 'Ena
apì autˆ  tan h perigraf  HDL twn monˆdwn mn mhc me dÔo jÔrec. OiRAMBs tou
NG-Large den eÐnai� anˆgnwshc-pr¸ta mn mec� , epomènwc, èprepe na prosjèsoume ka-
taqwrhtèc gia th dioqèteush twn dedomènwn kai twn dieujÔnsewn eggraf c kai epÐshc
na ektelèsoume th leitourgÐa eggraf c sthn arnhtik  akm  tou rologioÔ. Autì to
z thma den anafèrjhke apì to ergaleÐo NXmap, wstìso, metˆ apì èreuna me bˆsh th
mejodologÐa mac, katafèrame na apomon¸soume tic sqetikèc monˆdec kai na entopÐsou-
me to prìblhma mn mhc mèsw prosomoÐwshc metˆ th sÔnjesh. 'Ena ˆllo peristatikì
pou sunèbh aforoÔse thn anagn¸rish twn mnhm¸nROM. To ergaleÐo ulopoioÔse
pˆnta touc pÐnakecROM (pou dhl¸nontai wc constant sth VHDL ) sta LUTs. Epo-
mènwc, qrhsimopoi same th d lwshsignal sthn perigraf  twn ROM mac. Autì to
z thma den  tan leitourgikì, wstìso, den mac epètreye na parad¸soume tic epijumhtèc
beltistopoi seic pìrwn, en¸  tan dÔskolo na entopisteÐ. Epiplèon, shmei¸noume ìti
to ergaleÐo den mporoÔse na efarmìsei polÔ megˆlouc pollaplasiasmoÔc staDSPs
mèsw spasimˆtwn, epomènwc, se orismènec peript¸seic, èprepe na tropopoi soume ton
k¸dika HDL kai na qwrÐsoume touc pollaplasiastèc se mikrìterouc (  enallaktikˆ
na touc antistoiqÐsoume staCYs).

'Oson aforˆ thn antistoÐqish twn CV pur nwn sto upokeÐmeno ulikì, parathr same
arketèc anapotelesmatikèc epilogèc apì to ergaleÐoNXmap. Endeiktikˆ anafèrou-
me ìti to ergaleÐo den qrhsimopoioÔse touc eswterikoÔc kataqwrhtèc twnDSPs kai
RAMBs allˆ ta DFFs twn FEs (p.q., gia thn ulopoÐhsh twn kataqwrht¸n prin apì
ton pollaplasiasmì   metˆ thn èxodo thc mn mhc). Epiplèon, to ergaleÐo den qrhsimo-
poioÔse ìlec tic diajèsimec diamorf¸seic mn mhc gia thn apotelesmatik  antistoÐqish
twn monˆdwnRAM stic RAMBs, me apotèlesma na upˆrqei polÔ megˆlh qr sh pìrwn.
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PÐnakac 8: Algorijmikèc parˆmetroi twn CV pur nwn.

Pur nac
Eikìna Mˆska

Mègejoc Q¸risma I/O Bits Mègejoc Bits

Canny Edge Detector [326] 1024� 1024 � 8=4 3 � 3 8 � 3
Harris Corner Detector [327] 1024� 1024 1024� 32 8/ 32 7� 7 8 � 14
GAD-Disparity Stereo Vision [328] 1024� 1024 1024� 32 8/ 10 7� 7 8 � 7
Spacesweep Stereo Vision[329] 1024� 1024 1024� 16 8/ 32 13� 13 8� 8

Tèloc, shmei¸noume ìti to ergaleÐo den ekmetalleÔthke kajìlou ta CYs (p.q., gia tic
prosjèseic), me apotèlesma thn uperbolik  qr sh twn DSPs kai th meiwmènh apìdo-
sh.

Wstìso, shmei¸noume ìti ìla ta leitourgikˆ zht mata èqoun epilujeÐ kai oi CV pur nec
èqoun ulopoihjeÐ me epituqÐa, en¸ ìson aforˆ thn apotelesmatikìthta thc antistoÐqi-
shc touc sto ulikì, to NXmap belti¸netai suneq¸c. Se kˆje perÐptwsh, anafèrame
endeiktikˆ zht mata pou proèkuyan katˆ thn ulopoÐhsh gia na tonÐsoume th duskolÐa
qr shc nèwn ergaleÐwn sqedÐashcFPGA kai na anadeÐxoume th shmasÐa mejodologÐ¸n
ìpwc twn proteinìmenwn.

Peiramatik  Axiolìghsh

Gia thn peiramatik  axiolìghsh, basizìmaste stic ulopoi seic twn CV pur nwn kai exe-
tˆzoume tìso to ergaleÐo logismikoÔNXmap ìso kai ta BRAVE FPGAs thc NanoX-
plore. Apì ta BRAVE FPGAs , ektìc apì to NG-Large, epistrateÔoume epÐshc ton
prokˆtoqì tou NG-Medium gia lìgouc sÔgkrishc. 'Oson aforˆ ta FPGAs trÐtwn ka-
taskeuast¸n, qrhsimopoioÔme taXilinx Virtex-5QV XQR5VFX130, Microsemi RTG4
RT4G150 kai Intel Cyclone III EP3CLS150. AntÐstoiqa, qrhsimopoioÔme ta ergaleÐa
anˆptuxhc, dhlad  ta NanoXplore NXmap v3.5.0.4, Xilinx Vivado, Microsemi Libero
kai Intel Quartus .

O PÐnakac 9 parajètei thn telik  katanˆlwsh pìrwn twn CV pur nwn sto NG-Large.
Autˆ ta apotelèsmata aforoÔn prosarmosmènec rujmÐseic tou ergaleÐouNXmap kai
h sÔgkrish touc se sqèsh me autˆ pou prosfèroun oi prokajorismènec rujmÐseic a-
nalÔetai sth dhmosÐeush [319]. Sunolikˆ, sumperaÐnoume ìti to ergaleÐoNXmap a-
ntistoiqÐzei touc pur nec ìpwc anamenìtan. Lambˆnontac upìyh ìti autoÐ oi pur nec
epibˆlloun diaforetikèc apait seic mn mhc, to ergaleÐo qrhsimopoieÐ swstˆ arketèc a-
pì tic diajèsimec diamorf¸seic twn RAMBs (p.q., 24K� 2 kai 12K� 4). Wc apotèlesma,
prokÔptei logik  qr sh twn RAMBs gia eikìnec plˆtouc 1024-pixel, pou kumaÐnontai
apì 36%(Harris) èwc93%(Canny). O Canny qrhsimopoieÐ sqedìn ìlouc touc pìrouc
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PÐnakac 9: Katanˆlwsh pìrwn twn CV pur nwn sto NG-Large FPGA .

Pur nac
Prosarmosmènec RujmÐseic ErgaleÐou

LUT DFF CY DSP RAMB MHz

Canny 1843 (2%) 2349 (2%) 1086 (4%) 4 (2%) 177 (93%) 38
Harris 6105 (5%) 15413 (13%) 7112 (23%) 81 (22%) 69 (36%) 40
Disparity 998 (1%) 3672 (3%) 4548 (15%) 4 (2%) 85 (45%) 50
Spacesweep 5458 (5%) 10276 (8%) 6277 (20%) 50 (14%) 79 (42%) 52
* %: qr sh tou NG-Large ( 137K LUTs, 129K DFFs, 32K CYs, 384 DSPs, 192 RAMBs) .

mn mhc, kaj¸c lambˆnei olìklhrh thn eikìna gia na thn epexergasteÐ, se antÐjesh me
touc ˆllouc pur nec pou epexergˆzontai lwrÐdec thc eikìnac. 'Oson aforˆ ta arijmh-
tikˆ kai logikˆ stoiqeÐa twn pur nwn, to NXmap anagnwrÐzei, anafèrei kai ulopoieÐ me
epituqÐa ìlouc touc arijmhtikoÔc telestèc, tic mhqanèc peperasmènwn katastˆsewn kai
tic logikèc sunart seic. EpÐshc, oi suqnìthtec rologioÔ epitugqˆnontai èpeita apì e-
xereÔnhsh ìlwn twn sqetik¸n rujmÐsewn tou ergaleÐou, kai eÐnai beltiwmènec se sqèsh
me autèc pou prosfèroun oi proepilegmènec rujmÐseic.

O PÐnakac 10 anafèrei apotelèsmata sqetikˆ me thn taqÔthta epexergasÐac (suqnìth-
ta rologioÔ, qrìnoc ektèleshc gia mÐa eikìna eisìdou kai apìdosh). H metrik  thc
apìdoshc den lambˆnei upìyh touc qrìnouc eisìdou kai exìdou (metaforèc thc ei-
kìnac) kai anafèretai mìno sthn epexergasÐa, dhlad  sth memonwmènh ektèlesh tou
pur na. Gia touc pur nec anÐqneushc qarakthristik¸n, metrˆme ta Karè Anˆ Deu-
terìlepto ( FPS), en¸ gia touc pur nec exagwg c bˆjouc, qrhsimopoioÔme taMPixel
Disparities anˆ Deuterìlepto ( MPDS), h opoÐa eÐnai mÐa metrik  pou sunduˆzei thn
anˆlush thc eikìnac kai thn taqÔthta epexergasÐac. Ta apotelèsmata deÐqnoun ìti to
NG-Large parèqei epark  apìdosh gia eikìna 1 MPixel , krÐnontac apì tic apait seic
twn antÐstoiqwn diasthmik¸n efarmog¸n. O qrìnoc pou apaiteÐtai gia mia pl rh ana-
kataskeu  thc skhn c qrhsimopoi¸ntac touc Disparity kai Spacesweepja mporoÔse
na belti¸sei thn exagwg  bˆjouc sta rovers tou 'Arh katˆ 1 tˆxh megèjouc (ìson
aforˆ thn anˆlush kai thn taqÔthta). Shmei¸noume ìti stic epilegmènec paramètrouc
twn pur nwn, o Spacesweepexetˆzei 3� perissìtera epÐpeda bˆjouc apì ton Dispar-
ity (300 ènanti 100), kai ètsi parèqei polÔ megalÔterh akrÐbeia. Epiplèon, dedomènou
ìti oi perissìterec algorijmikèc alusÐdec diasthmik¸n efarmog¸n apaitoÔn 1� 10 FPS,
sumperaÐnoume ìti h apìdosh twnCanny kai Harris, pou eÐnai5:3 FPS kai 10 FPS,
antÐstoiqa, af nei arketì q¸ro gia tic upìloipec sunart seic na telei¸soun thn e-
ktèlesh sthn ¸ra touc. Sqetikˆ me thn katanˆlwsh isqÔoc tou NG-Large, anafèroume
mia leptomer  anˆlush sth dhmosÐeush [319]. En suntomÐa, h statik  isqÔc (ìtan to
FPGA den eÐnai programmatismèno) eÐnai2W, en¸ h dunamik  isqÔc poikÐllei, kaj¸c e-
xartˆtai apì th qr sh twn pìrwn (p.q., eÐnai � 200mW ìtan qrhsimopoioÔntai10K FEs
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PÐnakac 10: Apìdosh kai isqÔc twn CV pur nwn sto NG-Large FPGA .

Pur nac
Rolìi Qr. Ektèleshc Apìdosh 1 IsqÔc 2

(MHz) (s/frame) (FPS) | (MPDS) (W)

Canny 38 0:10 10 2:3
Harris 40 0:19 5:3 2:5
Disparity 50 6:7 18 2:3
Spacesweep 52 10:8 29 2:4

1 QwrÐc I/O: FPS gia touc Harris kai Canny, MPDS gia touc Disparity kai Spacesweep.
2 EktÐmhsh basismènh sth statik  isqÔ tou FPGA kai th dunamik  isqÔ twn mplok tou.

  200 DSPs kai � 40mW ìtan qrhsimopoioÔntai 150 RAMBs). Me bˆsh tic metr seic
isqÔoc kai thn anˆlus  mac, anafèroume mia ektÐmhsh gia thn isqÔ ston PÐnaka 10, h
opoÐa, wstìso, aforˆ mìno th qr sh twn pìrwn kai den lambˆnei upìyh tic eisìdou-
c/exìdouc, tic diasundèseic kai thn enallag  drasthriìthtac. 'Otan exetˆzoume autèc
tic paramètrouc, h katanˆlwsh isqÔoc tou NG-Large brÐsketai se tupikèc timèc gia
fìrtouc ergasÐac DSP uyhl c apìdoshc.

Sth sunèqeia, sugkrÐnoume ta apotelèsmata me ekeÐna trÐtwn kataskeuast¸nFPGAs.
Gia ton Canny, to NXmap parèqei qr sh LUTs pou eÐnai sugkrÐsimh me ekeÐnh twn
ˆllwn ergaleÐwn (ta LUTs eÐnai auxhmèna mìno katˆ6%). Wstìso, shmei¸noume ìti
an lˆboume upìyh kai ta LUTs pou katanal¸nontai lìgw qr shc CYs, ta sunolikˆ
LUTs auxˆnontai katˆ 48%. Ta DFFs auxˆnontai katˆ sqedìn 50% sto NG-Large.
Aut  h terˆstia aÔxhsh ofeÐletai sth mh qr sh twn eswterik¸n kataqwrht¸n twn
RAMBs (dedomènou ìti h qr sh RAMBs eÐnai93% kai oi mn mec mac perilambˆnoun
kataqwrhtèc). 'Oson aforˆ ta DSPs, to NXmap qrhsimopoieÐ touc Ðdiouc pìrouc
me ta ergaleÐa trÐtwn kataskeuast¸n, en¸ eÐnai pio apotelesmatikì sthn axiopoÐhsh
twn pìrwn mn mhc (lambˆnontac upìyh th diaforˆ megèjouc RAMBs metaxÔ twnFP-
GAs). Sunolikˆ, jewroÔme touc pìrouc tou Canny wc logikoÔc, lambˆnontac upìyh
ìti sqedìn gemÐzei ìlec tic RAMBs, kai ètsi, to ergaleÐo pièzetai ¸ste na parèqei apo-
telesmatik  ulopoÐhsh gia tic upìloipec monˆdec. Gia tonHarris, to NXmap parèqei
kal  qr sh LUTs, dhlad  3:2� ligìtera ènanti thc mèshc tim c twn ˆllwn ergaleÐwn.
'Otan exetˆzoume ta epiplèonLUTs lìgw thc qr shc CYs, o sunolikìc arijmìc twn
LUTs auxˆnetai, allˆ exakoloujeÐ na eÐnai sugkrÐsimoc me thn mèsh tim  twn ˆllwn
ergaleÐwn. H qr sh twn LUTs ja prèpei na exetˆzetai mazÐ me ton arijmì twn qrh-
simopoioÔmenwnDSPs, gia ta opoÐa toNXmap qrhsimopoieÐ1:5� ligìtera. Sqetikˆ
me th mn mh, toNXmap parèqei 56% ligìtera RAMBs, en¸ ta sunolikˆ Kbits twn
RAMBs pou katanal¸nontai eÐnai mikrìtera apì th mèsh tim  twn ˆllwn ergaleÐwn.
Parìmoia apotelèsmata parathroÔntai kai gia touc ˆllouc dÔo CV pur nec. Gia ton
Disparity , to NXmap parèqei kal  qr sh LUTs, kaj¸c qrhsimopoieÐ ènan mikrì arij-
mì akìmh kai ìtan lambˆnontai upìyh oi pìroi twn CYs. Gia tic mn mec, toNXmap
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eÐnai kˆtw apì thn tim  tìso se mplok ìso kai se Kbits . Gia ton Spacesweep, to
NXmap parèqei mikr  qr sh LUTs, h opoÐa eÐnai kalÔterh kat5̂2% se sÔgkrish
me ta ˆlla ergaleÐa kai sqedìn h Ðdia ìtan exetˆzoume kai taCYs. H qr sh twn
DFFs eÐnai epÐshc kalÔterh kat5̂%, en¸ h qr sh DSPs kai RAMBs eÐnai exaireti-
k , kaj¸c eÐnai mikrìterh twn mèswn tim¸n twn ˆllwn FPGAs katˆ 20% kai 30%,
antÐstoiqa.

Tèloc, exetˆzoume th beltÐwsh tou qrìnou ektèleshc sto NG-Large se sÔgkrish me
to NG-Medium. Kai ta dÔoFPGAs ulopoioÔn touc Ðdiouc algorÐjmouc twn pur nwn,
dhlad  den axiopoieÐtai h megalÔterh qwrhtikìthta touNG-Large. O Harris sto NG-
Large eÐnai4:6� taqÔteroc, kaj¸c h suqnìthta rologioÔ auxˆnetai katˆ � 4� kai to
NG-Medium prèpei na epexergasteÐ4� perissìterec (mikrìterec ìmwc) lwrÐdec ei-
kìnac. O Canny epitugqˆnei kalÔterh suqnìthta rologioÔ kai qrìno ektèleshc sto
NG-Medium, allˆ gia to 1=4 thc eikìnac eisìdou tou NG-Large. Gia eikìna eisìdou
megèjouc 1024� 1024, to NG-Medium ja prèpei na epexergasteÐ kˆje 1=4 thc ei-
kìnac, na steÐlei ton qˆrth akm¸n pÐsw sth CPU kai sto tèloc, na epanafèrei ìlouc
touc qˆrtec akm¸n pou èqoun diameristeÐ stoFPGA . Autˆ ta epiplèon b mata ja
prosjèsoun mia epibˆrunsh � 60ms sto kalì senˆrio, dhlad  ìtan qrhsimopoieÐtai h
diepaf  SpaceWiresta 100 Mbps gia metˆdosh dedomènwn. Gia autìn ton lìgo, h su-
nolik  beltÐwsh thc apìdoshc sto NG-Large eÐnai1:4� . 'Oson aforˆ ton Disparity ,
kai oi dÔo suskeuèc epitugqˆnoun sqedìn thn Ðdia suqnìthta rologioÔ, dhlad  perÐpou
50MHz, wstìso, to NG-Medium prèpei na epexergasteÐ2� perissìterec (mikrìte-
rec ìmwc) lwrÐdec eikìnac. Aut  h diaforopoÐhsh sto q¸risma thc eikìnac eisìdou
metafrˆzetai se 1:2� beltÐwsh thc apìdoshc sto NG-Large. Gia tonSpacesweep, lam-
bˆnontac upìyh ìti to NG-Medium prèpei na epexergˆzetai mikrìterh eikìna eisìdou
gia na apofeuqjeÐ h uperkatanˆlwsh pìrwn (kai me meiwmènh suqnìthta rologioÔ katˆ
1:7� ), to NG-Large prosfèrei perÐpou1:7� kalÔterh apìdosh. Se kˆje perÐptwsh,
shmei¸noume xanˆ ìti efarmìzoume touc Ðdiouc algìrijmouc kai stic dÔo suskeuèc kai
h apìdosh sto NG-Large mporeÐ na beltiwjeÐ shmantikˆ me thn ekmetˆlleush thc me-
galÔterhc qwrhtikìthtˆc tou kai thn aÔxhsh thc parallhlopoÐhshc (p.q., mèsw thc
ulopoÐhshc parˆllhlwn arijmhtik¸n telest¸n   thc parˆllhlhc epexergasÐac lwrÐdwn
eikìnac).

9. Epitˆqunsh DSP & AI se Eterogen  PolupÔrhna
SoCs

H enìthta aut  aforˆ to Kefˆlaio 9 kai basÐzetai stic dhmosieÔseic [359�
362] .

277



Greek Extended Abstract

Eisagwg 

H teleutaÐa dekaetÐa qarakthrÐzetai apì mia taqeÐa anˆptuxh isqur¸nAI kai polÔplo-
kwn DSP algorÐjmwn. Aut  h algorijmik  exèlixh mazÐ me th megˆlh aÔxhsh twn de-
domènwn twn aisjht rwn èqoun ephreˆsei shmantikˆ ta upologistikˆ sust mata sthn
ˆkrh tou diktÔou. H pagkìsmia z thsh gia taqÔthta amfisbhteÐ thn qr sh AI/DSP
leitourgi¸n se nèec efarmogèc, eidikˆ sta enswmatwmèna sust mata periorismènhc
isqÔoc. Eterogen  Sust mata-se-Tsip ( SoCs) ìpwc oi VPUs emfanÐzontai wc mia
pollˆ uposqìmenh lÔsh [25], prosfèrontac auxhmènh euelixÐa programmatismoÔ kai
poikilomorfÐa ìson aforˆ thn epexergasÐa kai thn apoj keush. Genikˆ, oi VPUs
prosfèroun mia poikilÐa epexergast¸n, ìpwc epexergastèc genikoÔ skopoÔ, fÐltra u-
likoÔ, dianusmatikoÔc pur nec kai epitaquntèc neurwnik¸n diktÔwn. QrhsimopoioÔntai
se efarmogèc upologistik c ìrashc qamhl c katanˆlwshc, kalÔptontac tomeÐc ìpwc h
rompotik , h autokinhtobiomhqanÐa kai to diˆsthma. To kÔrio qarakthristikì touc eÐnai
ìti prosfèroun shmantikˆ qamhlìterh katanˆlwsh apì tic upìloipec antagwnistikèc
platfìrmec, ìpwc eÐnai ta FPGAs kai oi GPUs.

H Intel kataskeuˆzei tic Myriad VPUs (th Myriad 2 sta 28nm kai th Myriad X
16nm) [364], oi opoÐec apoteloÔn exèqontec kai kajierwmènouc epexergastèc gia en-
swmatwmènec efarmogècDSP kai AI . Prosfèrontac poluˆrijmouc eterogeneÐc pur nec
epexergasÐac, autèc oiVPUs epitrèpoun thn apotelesmatik  parallhlopoÐhsh apaith-
tik¸n algorÐjmwn. 'Ena mìno tsip VPU enswmat¸nei pollaplˆ perifereiakˆ ulikoÔ,
mia poikilÐa apì fÐltra qamhl c isqÔoc, epexergastèc genikoÔ skopoÔ, dianusmatikoÔc
pur nec epitˆqunshc kai mhqanèc epitˆqunshcAI . Oi kÔriec monˆdec epexergasÐec twn
Myriad VPUs eÐnai oiSHAVEs, oi opoÐoi apoteloÔnVLIW & SIMD dianusmatikoÔc
epexergastèc. Parìmoia eterogèneia parèqetai kai sthn apoj keush dedomènwn, gia
thn opoÐa taVPU SoCs prosfèroun mia ierarqÐa mn mhc pou apoteleÐtai apì mn mec
DRAM , scratchpadkai cache. EÐnai profanèc ìti h pl rhc axiopoÐhsh kai ekmetˆlleu-
sh tètoiwn polÔplokwn eterogen¸n susthmˆtwn apaiteÐ mia sqolastik  kai susthma-
tik  prosèggish thc anˆptuxhc. Epiplèon, lambˆnontac upìyh ìti autˆ ta SoCseÐnai
kataskeuasmèna me gn¸mona perissìtero th qamhl  isqÔ parˆ thn uyhl  apìdosh, h
anˆgkh gia apotelesmatikì programmatismì gÐnetai akìma pio krÐsimh. H arqitektoni-
k  kai ta ergaleÐa programmatismoÔ twnMyriad VPUs parousiˆzontai analutikˆ sth
dhmosÐeush [359].

Ta pollˆ uposqìmena qarakthristikˆ twn Myriad VPUs èqoun proselkÔsei to en-
diafèron thc ESA, h opoÐa summetèqei pl rwc sto safˆri thc eÔreshc nèwn enswma-
twmènwn epexergast¸n. Gia ton skopì autì, uposthrÐzei ereunhtikèc drasthriìthtec
(LEOTOME, HPCB ) pou axiologoÔn th sunolik  apìdosh twn Myriad SoCs. Autèc
oi drasthriìthtec stoqeÔoun sthn axiolìghsh thc katallhlìthtac twn VPUs kurÐwc
gia epitˆqunsh DSP/AI . Sto plaÐsio aut¸n twn drasthriot twn, proteÐnoume mia me-
jodologÐa gia thn upost rixh thc anˆptuxhc kai thn epitˆqunsh apaithtikoÔ fìrtou
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DSP/AI ergasi¸n. Stìqoc mac eÐnai na xeperˆsoume ta zht mata tou enswmatwmènou
upologismoÔ lìgw twn periorismènwn pìrwn, na xekleid¸soume to pl rec dunamikì
thc eterogèneiac twnVPUs kai ètsi, na ulopoi soume apotelesmatikˆ polÔplokouc
algìrijmouc. O tomèac efarmog¸n mac eÐnai to diˆsthma, wstìso, tìso h mejodologÐa
ìso kai oi teqnikèc anˆptuxhc eÐnai genikèc, dhlad  mporoÔn na qrhsimopoihjoÔn wc
prìtupo sqedÐashc gia thn paroq  epitˆqunshc DSP/AI stic eterogeneÐcVPUs. Sqe-
tikˆ me ton programmatismì, efarmìzoume diˆforec teqnikèc parallhlopoÐhshc uyhloÔ
epipèdou, en¸ se qamhlìtero epÐpedo beltistopoioÔme tic mn mec kai touc pur nec e-
pitˆqunshc. Sqetikˆ me touc algìrijmouc, ulopoioÔme prosarmosmènoucDSP kai AI
pur nec sth Myriad 2, epitaqÔnoume mia exeligmènh algorijmik CV alusÐda 5 sta-
dÐwn [378] sthMyriad 2, kai epitaqÔnoume èna apaithtikìCNN [379] ston NCS2 USB
epitaqunt  pou basÐzetai sthMyriad X . Tìso to CV ìso kai to CNN, parakoloujoÔn
thn pìza (stˆsh) enìc dorufìrou sto diˆsthma.

MejodologÐa SqedÐashc gia tic EterogeneÐc Myriad VPUs

H apotelesmatik  qr sh twn polÔ eterogen¸n Myriad 2 kai Myriad X apaiteÐ mia mejo-
dik  sqediastik  prosèggish. Gia na axiopoihjeÐ pl rwc to dunamikì thc eterogèneiac,
oi poikÐlec algorijmikèc sunart seic thc efarmog c ja prèpei na antistoiqistoÔn stic
katallhlìterec monˆdec epexergasÐac, en¸ h anˆptuxh touc ja prèpei na prosarmosteÐ
sto upokeÐmeno ulikì. Proc aut  thn kateÔjunsh, proteÐnoume mia mejodologÐa sqe-
dÐashc gia ton apotelesmatikì programmatismì opoiasd pote efarmog cDSP/AI pou
apoteleÐtai apì pollaplèc algorijmikèc sunart seic. QwrÐzoume th mejodologÐa mac
se dÔo klˆdouc. O pr¸toc klˆdoc aforˆ thn ulopoÐhsh enìc algorÐjmou DSP, ìpwc
h algorijmik  CV alusÐda tou [378]. O deÔteroc klˆdoc aforˆ thn epitˆqunsh enìc
diktÔouAI , ìpwc to CNN tou [379]. H DSP mejodologÐa stoqeÔei staMyriad SoCs,
en¸ h AI mejodologÐa anafèretai stonNCS2 USBepitaqunt , o opoÐoc basÐzetai sthn
Myriad X kai thn AI mhqan  thc.

Gia thn programmatismì mÐacDSP efarmog c, xekinˆme anaptÔssontac apì thn arq 
ìlec tic algorijmikèc sunart seic   metafèrontac ton k¸dika C/C++ touc (pou a-
naptÔqjhke se ˆllec platfìrmec) ston epexergast  genikoÔ skopoÔ LEON. Metˆ
thn epituq  metagl¸ttish kai ektèlesh ìlwn twn sunart sewn, analÔoume ton qrìno
ektèleshc touc, tic apait seic se mn mh, I/O kai arijmhtik , akìmh kai thn poluplo-
kìthta programmatismoÔ. Me bˆsh aut n thn anˆlush, kai sÔmfwna me ton sqediastikì
mac stìqo (qamhl  katanˆlwsh   uyhl  apìdosh), diamerÐzoume olìklhro ton algìrij-
mo sto SoC, dhlad  kajorÐzoume to pou ja ektelesteÐ kˆje algorijmik  sunˆrthsh.
Epiplèon, bˆsei thc anˆlus c mac kaj¸c kai thc mikro-arqitektonik c tou SoC kai
twn bibliojhk¸n pou parèqontai apì ton promhjeut , anaptÔssoume bohjhtikì logi-
smikì gia ergasÐec ìpwc o qeirismìc twn eisìdwn/exìdwn, h diaqeÐrish thc mn mhc kai
h parallhlopoÐhsh tou fìrtou ergasÐac.
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Sth sunèqeia, xekinˆme thn ulopoÐhsh kˆje sunˆrthshc tìso se uyhlì ìso kai se
qamhlì epÐpedo. Se uyhlì epÐpedo, efarmìzoume to pio apotelesmatikì sq ma pa-
rallhlopoÐhshc kai antistoÐqishc stouc epexergastèc tou SoC, kai organ¸noume to
logismikì ìson aforˆ ton qrìno kai thn katanom  mn mhc. Se qamhlì epÐpedo, epi-
taqÔnoume tic sunart seic anadiatˆssontac tic leitourgÐec touc gia na dieukolÔnoume
tìso thn ektèlesh ìlhc thc algorijmik c alusÐdac ìso kai thn epanaqrhsimopoÐhsh
thc mn mhc. Se autì to plaÐsio, efarmìzoume beltistopoÐhsh tou m kouc twn lèxewn
gia peraitèrw elaqistopoÐhsh thc proswrin c apoj keushc, kai pragmatopoioÔme pa-
rallhlopoÐhsh mèsw teqnik¸n dianusmatopoÐhshc  /kai aposÔnjeshc dedomènwn. Sto
epìmeno b ma, enswmat¸noume ìlec tic sunart seic sto sÔsthma kai exereunoÔme ìlec
tic paramètrouc kwdikopoÐhshc gia na beltistopoi soume thn ulopoÐhsh gia to dedo-
mèno prìblhma. Se perÐptwsh pou oi periorismoÐ thc sqedÐashc den ikanopoioÔntai,
qrhsimopoioÔme ènan brìqo anatrofodìthshc gia na epistrèyoume eÐte sthn arqik 
katˆtmhsh kai ston programmatismì olìklhrou tou algorÐjmou eÐte sthn ulopoÐhsh
uyhloÔ kai qamhloÔ epipèdou twn sunart sewn.

'Ola ta parapˆnw b mata thc mejodologÐac anˆptuxhcDSP sunoyÐzontai wc ex c:

1. Anˆptuxh/Metaforˆ thc efarmog c/algìrijmou ston epexergast  genikoÔ sko-
poÔLEON.

2. Anˆlush kˆje algorijmik c sunˆrthshc gia èna realistikì sÔnolo dedomènwn.

3. Katˆtmhsh kai programmatismìc olìklhrou tou algorÐjmou sto Myriad SoC.

4. Anˆptuxh bohjhtikoÔ logismikoÔ gia ton qeirismì twn eisìdwn/exìdwn, th diaqe-
Ðrish mn mhc kai tic beltistopoi seic qamhloÔ epipèdou.

5. ParallhlopoÐhsh uyhloÔ epipèdou kˆje algorijmik c sunˆrthshc stouc pur nec
epitˆqunshc SHAVEs.

6. UlopoÐhsh kai beltistopoÐhsh qamhloÔ epipèdou stoucSHAVEs.

7. Enswmˆtwsh ìlwn twn algorijmik¸n sunart sewn sto sÔsthma.

8. Dokim  kai suntonismìc me sÔnola dedomènwn gia th sugkekrimènh efarmog .

9. Epistrof  sto b ma 3   5 mèqri na ikanopoihjoÔn ìloi oi periorismoÐ kai na bel-
tistopoihjeÐ to sÔsthma.

AntÐstoiqh mejodologÐa proteÐnoume kai gia thn ektèleshCNNs mèsw tou ergaleÐou
OpenVINO thc Intel . Ta b mata sunoyÐzontai wc ex c:

1. DhmiourgÐa tou montèlou touCNN se kˆpoio framework anˆptuxhc AI (p.q.,
TensorFlow).

2. BeltistopoÐhsh kai anˆptuxh prosarmosmènwn leitourgi¸n tou diktÔou sto Open-
VINO .

3. DhmiourgÐa tou arqeÐou programmatismoÔ tou diktÔou stoOpenVINO.

4. Ektèlesh tou diktÔou sthn Myriad X kai anˆlush twn apotelesmˆtwn.
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PÐnakac 11: Episkìphsh twn VPU epitaqunt¸n thc Diatrib c.

Sunˆrthsh Dedomèna Eisìdou Dedomèna Exìdou VPU

Averaging Binning 4-MPixel , 8 bits 1-MPixel , 8 bits Myriad 2
Floating-Point Convolution 1-MPixel , 8 bits 1-MPixel , 8 bits Myriad 2
ShipDetect CNN 1-MPixel � 3, 16 bits 64� 1, 32 bits Myriad 2
Canny Edge Detection 1-MPixel , 8=16 bits 1K� 5K, 5 bits Myriad 2
Depth Rendering 6� 1, 32 bits 1-MPixel , 16 bits Myriad 2
Edge Matching 1-MPixel � 2, 8&16 bits 1K� 5K, 8 bits Myriad 2
UrsoNet CNN 1-MPixel � 3, 8 bits 4099� 1, 32 bits Myriad X

5. Epistrof  sto b ma 1   2 mèqri na ikanopoihjoÔn ìloi oi periorismoÐ kai na bel-
tistopoihjeÐ h ektèlesh.

UlopoÐhsh CV Algorijmik c AlusÐdac

Me bˆsh th mejodologÐa mac, ulopoioÔme diˆforoucDSP pur nec, ènanCV algìrijmo
kai CNNs, ta opoÐa sunoyÐzontai ston PÐnaka 11. Endeiktikˆ, anafèroume kˆpoiec
leptomèreiec thc ulopoÐhshc gia tonCV algìrijmo tou [378], o opoÐoc parakoloujeÐ
thn pìza (stˆsh) tou dorufìrou Envisat se pragmatikì qrìno. Sugkekrimèna, eisˆgei
mia akoloujÐa eikìnwn uyhl c eukrÐneiac kai ekteleÐ suneq¸c realistik  apìdosh tou
montèlou, anÐqneush qarakthristik¸n, antistoÐqish qarakthristik¸n kai prosarmog 
dedomènwn mèsw isqur c palindrìmhshc. H èxodoc eÐnai h6D stˆsh tou dorufìrou
katˆ th diˆrkeia enìc upojetikoÔ eligmoÔ se mÐa apostol  apomˆkrunshc aporrim-
mˆtwn [326]. Autìc o exeligmènoc algìrijmoc, o opoÐoc perilambˆnei sunart seic
ìpwc h Canny Edge Detection, h Depth Rendering kai h Edge Matching, parousiˆze-
tai analutikˆ sth dhmosÐeush [359].

H anˆlush tou CV algorÐjmou me bˆsh th mejodologÐa mac katal gei ston diaqwrismì
kai ton programmatismì twn epimèrouc sunart sewn pou faÐnetai sto Sq ma 16. O au-
xhmènoc qrìnoc ektèleshc ston epexergast  genikoÔ skopoÔLEON twn Canny Edge
Detection kai Depth Rendering deÐqnei ìti ja prèpei na entopÐsoume ìlec tic eukairÐec
parallhlopoÐhshc kai na epitaqÔnoume tic sunart seic autèc stoucSHAVEs. Parìlo
pou h sunˆrthsh Edge Matching den perilambˆnei apaithtikoÔc upologismoÔc (efar-
mìzei mìno sˆrwsh eikìnwn kai sugkrÐseic), thn ulopoioÔme epÐshc stoucSHAVEs.
Diaforetikˆ, o LEON ja èprepe na sar¸sei mia eikìna 1024� 1024, me apotèlesma na
auxhjeÐ o qrìnoc ektèleshc. 'Oson aforˆ th sunˆrthsh Pose Re�nement, epilègoume
na ektelesteÐ stonLEON lìgw twn exart se¸n thc apì tic biblioj kec BLAS/LA-
PACK . Sqetikˆ me ton programmatismì twn epimèrouc sunart sewn pou parousiˆzetai
sto Sq ma 16, arqÐzoume na aniqneÔoume akmèc se mia nèa eikìna akìma ki ìtan oLEON
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Sq ma 16: UlopoÐhsh tou CV algorÐjmou 5 stadÐwn sth Myriad 2.

epexergˆzetai to prohgoÔmeno karè gia na emfanÐsei thn pìza tou dorufìrou. 'Otan
telei¸soun kai oi dÔo autèc ergasÐec, xekinˆei h ektèlesh thcDepth Rendering gia
thn trèqousa eikìna. Shmei¸noume ìti h Myriad 2 lambˆnei tic eikìnec eisìdou apì
to perifereiakì Camera Interface (CIF). H l yh kˆje nèac eikìnac pragmatopoieÐtai
parˆllhla me thn kÔria epexergasÐa.

Gia thn parallhlopoÐhsh twn sunart sewn tou CV algorÐjmou stouc SHAVEs, kaj¸c
kai twn upoloÐpwn pur nwn epexergasÐac eikìnac, ergazìmaste ìpwc apeikonÐzetai sto
Sq ma 17. Oi eikìnec eisìdou twn sunart sewn eÐnai apojhkeumènec sthDDR DRAM
mn mh, qwrÐzontai se lwrÐdec eikìnac, kai metafèrontai sthCMX mn mh ergasÐac twn
SHAVEs mèsw thc leitourgÐacDMA gia na epexergastoÔn. Oi epexergastècLEON
ekkinoÔn toucSHAVEs kai ekteloÔn ìlec tic aparaÐthtec ergasÐec uyhloÔ epipèdou
sqetikˆ me th l yh twn eikìnwn, ton qwrismì touc se lwrÐdec, kai tic DMA metaforèc.
'Oson aforˆ tic qamhloÔ epipèdou leptomèreiec ulopoÐhshc stoucSHAVEs, apofe-
Ôgoume th qr sh epiplèonbu�ers ergasÐac ìso autì eÐnai efiktì, dhlad  h epexerga-
sÐa pragmatopoieÐtai epitìpou stonbu�er eisìdou, en¸ epÐshc rujmÐzoume katˆllhla
tic krufèc mn mec. Sunoptikˆ, gia thn anˆptuxh efarmog¸n stic Myriad VPUs qrh-
simopoioÔme teqnikèc ìpwc h prosarmog  tou tÔpou dedomènwn twn metablht¸n, dia-
nusmatikècSIMD entolèc gia arijmhtikèc prˆxeic, kai statik /dunamik  dromolìghsh
twn epimèrouc ergasi¸n. 'Olec oi sqediastikèc leptomèreiec parousiˆzontai analutikˆ
stic antÐstoiqec dhmosieÔseic [359,360,362]. Endeiktikˆ, sto Sq ma 18 parousiˆzoume
kˆpoiec apo tic teqnikèc pou qrhsimopoi jhkan.
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Sq ma 17: ParallhlopoÐhsh twn pur nwn epexergasÐac eikìnac sth Myriad 2 VPU .

(aþ)

(bþ) (gþ)

Sq ma 18: Ulopoihmènec teqnikèc sth Myriad 2 gia: (a') epikoinwnÐa epitaqunt¸n, (b') diaqeÐrish
mn mhc, kai(g') dunamik  anˆjesh ergasi¸n.

Peiramatik  Axiolìghsh

Se aut  thn enìthta parousiˆzoume ta pio shmantikˆ peiramatikˆ apotelèsmata stic
Myriad VPUs . Arqikˆ, axiologoÔme thn ulopoÐhsh twnDSP kai CNN pur nwn jew-
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r¸ntac mÐa arqitektonik  pou apoteleÐtai apì ènaFPGA , th Myriad 2 VPU , kai èna
Host-PC. To Host-PC fort¸nei ta dedomèna eisìdou sto FPGA , to opoÐo antallˆssei
dedomèna me thMyriad 2 mèsw twn perifereiak¸n CIF kai LCD. H Myriad 2 prag-
matopoieÐ thn epexergasÐa kai epistrèfei ta apotelèsmata stoFPGA . Perissìterec
leptomèreiec gia thn arqitektonik  kai thn epikoinwnÐa twn dÔo suskeu¸n upˆrqoun
sth dhmosÐeush [276]. Ta peiramatikˆ apotelèsmata deÐqnoun kaloÔc qrìnouc metafo-
rˆc dedomènwn (p.q.,21ms gia mia1-MPixel eikìna), kaj¸c kai apodektoÔc qrìnouc
sust matoc (metaforˆ + epexergasÐa) lambˆnontac upìyh ˆllec suskeuèc kai arqite-
ktonikèc.

AntÐstoiqa, axiologoÔme thn ulopoÐhsh touCV algorÐjmou sth Myriad 2, qrhsimo-
poi¸ntac mÐa parìmoia arqitektonik , h ìpoia perilambˆnei epÐshc kai to diasthmiko-
Ô bajmoÔ dÐktuo epikoinwnÐacSpaceWire gia th metaforˆ dedomènwn. Perissìterec
leptomèreiec gia aut  thn arqitektonik  parajètontai sth dhmosÐeush [359]. Axio-
logoÔme to sÔsthmˆ mac me èna sunjetikì sÔnolo dedomènwn pou perilambˆnei dÔo
akoloujÐec apì 1000 1-MPixel eikìnec, oi opoÐec prosomoi¸noun realistikˆ thn kÐnh-
sh tou Envisat. Sugkekrimèna, h pr¸th akoloujÐa karè apeikonÐzei mia peristrof  tou
dorufìrou me apìstash � 50m apì thn kˆmera, en¸ h deÔterh apeikonÐzei mia kÐnhsh
apì ta 30m èwc ta 20m makriˆ apì thn kˆmera. O PÐnakac 12 anafèrei ta kÔria pei-
ramatikˆ apotelèsmata thc ulopoÐhshc touCV algorÐjmou gia th deÔterh akoloujÐa
dedomènwn eisìdou.

Oi qrìnoi ektèleshc poikÐlloun katˆ th diˆrkeia thc akoloujÐac dokim c, epeid  o al-
gorijmikìc fìrtoc ergasÐac exartˆtai apì to perieqìmeno, dhlad  ephreˆzetai apì to
mègejoc touEnvisat sthn eikìna. Sth dhmosÐeush [359], parousiˆzoume analutikˆ to
pwc epidrˆ h kˆje teqnik  mac sthn beltÐwsh thc epitˆqunshc kˆje sunˆrthshc tou
CV algorÐjmou. H l yh thc eikìnac mèsw tou perifereiakoÔ CIF , to opoÐo leitourgeÐ
sta 5MHz, apaiteÐ� 210ms, wstìso, sthn telik  mac ulopoÐhsh kalÔptetai ex� olo-
kl rou apì thn epexergasÐa tou prohgoÔmenou karè (blèpe Sq ma 16). Wc ek toÔtou,
h epitˆqunsh tou sust matoc auxˆnetai se 8:5� � 12� (o PÐnakac 12 den lambˆnei u-
pìyh ta I/Os ). Sunolikˆ, h apìdosh ìlou tou algorÐjmou eÐnai 2:6� 3:8 FPS gia thn
akoloujÐa 20m� 30m (325ms anˆ karè katˆ mèso ìro), en¸ gia thn akoloujÐa 50m,
epitugqˆnoume apìdosh3:8� 4:9 FPS (235ms anˆ karè katˆ mèso ìro). Tèloc, sth
dhmosÐeush [359] parajètoume sugkrÐseic me ˆllouc epexergastèc, apì tic opoÐec e-
xˆgetai to ex c sumpèrasma: hMyriad 2 VPU èqei shmantikˆ qamhlìterh katanˆlwsh
isqÔoc apì ta FPGAs kai tic GPUs, auxhmènh epitˆqunsh se sqèsh me ticCPUs, kai
perÐpou Ðdia   kalÔterh apìdosh-anˆ-Watt apì ta FPGAs kai tic GPUs. Endeiktikˆ,
gia thn teleutaÐa metrik , h Myriad 2 antallˆssei perÐpou 3� se taqÔthta gia 4� se
mèsh isqÔ se sÔgkrish me toZynq FPGA .

O PÐnakac 13 parousiˆzei ta apotelèsmata thc ektèleshc touUrsoNet CNN se VPU,
CPU kai GPU. Gia autì to peÐrama, qrhsimopoioÔme eikìnec eisìdou pou èqoun klima-
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PÐnakac 12: Peiramatikˆ apotelèsmata tou CV algorÐjmou sth Myriad 2 VPU .

Sunˆrthsh

LEON SHAVEs

Qr. Ektèleshc Mn mh Qr. Ektèleshc Mn mh IsqÔc AkrÐbeia
(ms) (MB) (ms) (MB) (mW) (%)

I. Edge Detect. 370�375 6.1 36�37 2.3 771 99
D. Edge Detect. 375�380 7.1 39�40 3.8 771 99
Depth Rend. 1900�2100 6.4 119�212 3.3 980 100
Edge Matching 100�120 3 5�6 3 810 100
Pose Re�nem. 100�130 6.3 100�1301 6.3 644 [359]

Algìrijmoc 2845�3105 � 263�388 2 � 898 [359]
1 H Pose Re�nement den ulopoi jhke stouc SHAVEs .
2 H Intensity Edge Detection den prostÐjetai sth sunolik  kajustèrhsh epeid  kalÔptetai qronikˆ

apì thn Pose Re�nement .

PÐnakac 13: Peiramatikˆ apotelèsmata gia to UrsoNet CNN se enswmatwmènec suskeuèc (eikìna
me mègejoc512� 640� 3).

Suskeu 
Qr. Ektèleshc Apìdosh IsqÔc

FPS -anˆ -Watt
(ms) (FPS) (W)

Myriad X VPU (NCS2 + Pi 3) 1 588 1.7 5 0.34

Cortex-A57 CPU (Jetson Nano) 2 2830 0.4 10 0.04
7519 0.1 5 0.02

Maxwell GPU (Jetson Nano) 3 761 1.3 10 0.13
958 1 5 0.2

1 NCE & 16-core SHAVE @700MHz. To NCS2 (2W) brÐsketai pˆnw se èna Raspberry Pi 3 (3W) .
2 10W leitourgÐa: 4-core @1.4GHz. 5W leitourgÐa: 2-core @918MHz.
3 10W leitourgÐa: 128-core @921MHz. 5W leitourgÐa: 128-core @614MHz.

kwjeÐ se512� 640� 3, ¸ste na petÔqoume kalÔterouc qrìnouc gia autì to apaithtikì
dÐktuo. H peiramatik  axiolìghsh thc ulopoÐhshc twn algorÐjmwn deigmatolhyÐac thc
eikìnac sth Myriad X VPU kai oi epipt¸seic touc sthn akrÐbeia sumperilambˆnontai
sth dhmosÐeush [362]. HCPU eÐnai oARM Cortex -A57 thc plakètac Jetson Nano
thc Nvidia , en¸ h GPU eÐnai hMaxwell 128 pur nwn thc Ðdiac plakètac. Gia toJet-
son Nano, lambˆnoume upìyh tic dÔo leitourgÐec tou: thn� qamhl c-katanˆlwshc �
sta 5W kai thn � uyhl c-apìdoshc � sta 10W. Gia na kˆnoume mia dÐkaih sÔgkrish,
jewroÔme ìti h NCS2 USB VPU brÐsketai pˆnw se mÐa plakèta, aut  touRasp-
berry Pi 3, kai epomènwc, h sunolik  katanˆlwsh isqÔoc eÐnai5W. 'Oson aforˆ ton
qrìno ektèleshc, o 4-pÔrhnoc Cortex-A57 pou leitourgeÐ sta 1:4GHz eÐnai sqetikˆ
argìc, dhlad , o NCS2 petuqaÐnei epitˆqunsh6� . Se sÔgkrish me thGPU, o NCS2
prosfèrei mia mikr  beltÐwsh 1:3� , allˆ me th mis  katanˆlwsh isqÔoc thc GPU.
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Lambˆnontac upìyh tìso thn apìdosh ìso kai thn isqÔ, o NCS2 prosfèrei � 1:7�
perissìtera FPS-anˆ-Watt apì th GPU kai to � 8.5� perissìtera FPS-anˆ-Watt apì
th CPU.

10. EpÐlogoc

O stìqoc tou paroÔsac Didaktorik c Diatrib c  tan na sqediˆsei kai na axiolog sei
epitaquntèc ulikoÔ giaDSP kai AI pou plhroÔn tic apait seic twn sÔgqronwn upolo-
gistik¸n susthmˆtwn. Proc thn epÐteuxh autoÔ tou stìqou, uiojet same proseggÐseic
sqedÐashc apì diaforetikˆ epÐpeda thc upologistik c puramÐdac. Xekin¸ntac apì to
kat¸tato epÐpedo sqedÐashc kai anebaÐnontac proc ta pˆnw, h douleiˆ mac perilˆmbane
arijmhtikˆ kukl¸mata, epitaquntèc ulikoÔ, ulopoi seic se FPGAs kai ulopoi seic se
enswmatwmènaSoCs. Sunolikˆ, oi basikèc suneisforèc thc Diatrib c sunoyÐzontai
wc ex c:

ˆ Ekten c kai enhmerwmènh èreuna sthn eurÔterh episthmonik  perioq  tou Pro-
seggistikoÔ UpologismoÔ, h opoÐa exetˆzei kai taxinomeÐ teqnikèc prosèggishc
logismikoÔ kai ulikoÔ (Kefˆlaio 2 ).

ˆ Beltistopoi seic qamhloÔ epipèdou sto enallaktikì arijmhtikì prìtupo DLSB
(Kefˆlaio 3 ).

ˆ Nèec teqnikèc arijmhtik c prosèggishc, oi opoÐec dhmiourgoÔn tic oikogèneiec pro-
seggistik¸n pollaplasiast¸n RAD, AxFXU/AxFPU kai ROUP (Kefˆlaia
4�6 ).

ˆ BeltÐwsh (3 forèc) tou sunìrou Pareto tou diagrˆmmatoc enèrgeiac-lˆjouc twn
proseggistik¸n pollaplasiast¸n thc bibliografÐac ( Kefˆlaia 4�6 ).

ˆ Sq ma qamhl c epibˆrunshc gia thn aprìskopth diamìrfwsh thc prosèggishc twn
pollaplasiast¸n DyFXU/DyFPU katˆ ton qrìno ektèleshc ( Kefˆlaio 5 ).

ˆ SqedÐash basismènh sthn� sunergatik  prosèggish � , h opoÐa sunduˆzei diˆforec
orjog¸niec teqnikèc arijmhtik c prosèggishc ¸ste na dhmiourg sei ènan polÔ
megˆlo q¸ro sqedÐashc/prosèggishc (Kefˆlaio 6 ).

ˆ MejodologÐa gia thn anˆptuxh proseggistik¸n epitaqunt¸n ulikoÔ gia DSP kai
AI , eÐte seASIC eÐte seFPGA , h opoÐa basÐzetai se mÐa leptomer  exereÔnhsh tou
q¸rou sqedÐashc me diaforetikèc proseggÐseic, algìrijmouc, arijmhtikˆ prìtupa
kai teqnikèc sqedÐashc ulikoÔ (Kefˆlaio 7 ).
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ˆ Peiramatikˆ apotelèsmata gia diˆforouc proseggistikoÔc epitaquntèc ulikoÔ gia
DSP kai AI , sumperilambanomènwn pur nwn gia epexergasÐa1D/2D s matoc kai
neurwnik¸n diktÔwn (Kefˆlaio 7 ).

ˆ MejodologÐa gia thn apotelesmatik  ulopoÐhsh kai epitˆqunsh apaithtik¸n al-
gorÐjmwnDSP sta nèa BRAVE FPGAs diasthmikoÔ bajmoÔ (Kefˆlaio 8 ).

ˆ Peiramatikˆ apotelèsmata apì thn ulopoÐhsh diafìrwn DSP pur nwn (anÐqneush
qarakthristik¸n kai exagwg  bˆjouc eikìnac) se FPGAs diasthmikoÔ bajmoÔ thc
agorˆc ( Kefˆlaio 8 ).

ˆ MejodologÐa gia thn epitˆqunsh apaithtik¸n DSP kai AI algorÐjmwn stic etero-
geneÐc polupÔrhnecMyriad VPUs (Kefˆlaio 9 ).

ˆ Teqnikèc enswmatwmènhc sqedÐashc uyhloÔ kai qamhloÔ epipèdou gia ton apodoti-
kì programmatismì apaithtik¸n algorÐjmwn stic eterogeneÐc polupÔrhnecMyriad
VPUs (Kefˆlaio 9 ).

ˆ Peiramatikˆ apotelèsmata apì thn ulopoÐhsh diafìrwn DSP kai AI pur nwn
(sunelÐxeic eikìnac, parakoloÔjhsh pìzac) stic eterogeneÐc polupÔrhnecMyriad
VPUs (Kefˆlaio 9 ).

ˆ Axiolìghsh twn BRAVE FPGAs thc NanoXplore kai twn Myriad VPUs thc Intel
wc upoy fiwn epexergast¸n gia qr sh se diasthmikèc apostolèc ( Kefˆlaia 8�
9).
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Glwssˆri

Accurate Circuit To akribèc (orjì) kÔklwma. ApoteleÐ to kÔklwma anafo-
rˆc, to opoÐo den efarmìzei kˆpoia prosèggish kai parˆgei
orjˆ apotelèsmata.

Application-
Speci�c Integrated
Circuit (ASIC)

TÔpoc oloklhrwmènou kukl¸matoc. EÐnai èna tsip pou
èqei kataskeuasteÐ gia na ekteleÐ apodotikˆ mÐa sugkekri-
mènh diadikasÐa/efarmog  kai den mporeÐ na programmati-
steÐ xanˆ.

Approximate
Circuit

To proseggistikì kÔklwma. 'Eqei sqediasteÐ me bˆsh
kˆpoia teqnik  prosèggishc ¸ste na parˆgei qamhlìterhc
poiìthtac apotelèsmata kai na prosfèrei kèrdh se pìrouc.

Approximate
Computing

Prìtupo sqedÐashc upologistik¸n susthmˆtwn. Qala-
r¸nei thn akrÐbeia twn upologism¸n pou ekteloÔntai me
stìqo ta kèrdh se pìrouc (isqÔc, enèrgeia, epifˆneia, ta-
qÔthta).

Computer
Arithmetic

Tomèac thc Epist mhc twn Upologist¸n. AsqoleÐtai
me thn anaparˆstash twn arijm¸n sta upologistikˆ su-
st mata, kaj¸c kai me to pwc pragmatopoioÔntai oi
prˆxeic kai h apoj keush touc.

Computer Vision Tomèac thc Epist mhc twn Upologist¸n. AsqoleÐtai me
thn algorijmik  anaparˆstash thc ìrashc, melet¸ntac th
jewrÐa kai thn teqnologÐa pou apaiteÐtai gia th sqedÐash
susthmˆtwn pou lambˆnoun kai analÔoun dedomèna apì
yhfiakèc eikìnec.
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Convolutional
Neural Network
(CNN)

TÔpoc teqnhtoÔ neurwnikoÔ diktÔou. ApoteleÐ mÐa arqi-
tektonik  diktÔou gia thn diaqeÐrish dedomènwn me kˆpoia
qwrik  topologÐa (p.q., eikìna), h opoÐa apoteleÐtai apì
ekpaideumèna bˆrh kai basÐzetai sthn prˆxh thc sunèlixhc.

Cooperative
Approximation

TÔpoc efarmog c tou ProseggistikoÔ UpologismoÔ. E-
farmìzei dÔo   perissìterec teqnikèc prosèggishc sto Ðdio
kÔklwma, auxˆnontac shmantikˆ ton q¸ro sqedÐashc kai
prosfèrontac pollaplèc diamorf¸seic thc prosèggishc.

Critical Path
Delay

H kajustèrhsh tou krÐsimou monopatioÔ enìc kukl¸matoc.
Prìkeitai gia to monopˆti apì thn eÐsodo wc thn èxodo me
thn mègisth kajustèrhsh.

Design Space
Exploration (DSE)

H diadikasÐa exereÔnhshc tou q¸rou sqedÐashc. Diereunˆ
pollaplèc sqediastikèc parallagèc gia thn ulopoÐhsh e-
nìc upologistikoÔ sust matoc me stìqo thn eÔresh twn
kalÔterwn lÔsewn.

Digital Signal
Processing (DSP)

Tomèac thc Epist mhc twn Upologist¸n. AsqoleÐtai me
thn epexergasÐa shmˆtwn sto pedÐo tou qrìnou, tou q¸rou
 /kai thc suqnìthtac mèsw exeidikeumènwn yhfiak¸n epe-
xergast¸n.

Dynamic
Approximation

TÔpoc efarmog c tou ProseggistikoÔ UpologismoÔ. E-
farmìzei mÐa teqnik  prosèggishc pou mporeÐ na diamor-
fwjeÐ, dhlad  na allˆxei bajmì prosèggishc, katˆ th di-
ˆrkeia tou qrìnou ektèleshc.

Edge Computing Prìtupo sqedÐashc upologistik¸n susthmˆtwn. Pragma-
topoieÐ apokentrwmènh epexergasÐa kai apoj keush twn
dedomènwn kontˆ stic phgèc dhmiourgÐac touc, qwrÐc na a-
paiteÐtai h metaforˆ touc se upologistikèc domèc nèfouc.

Embedded System TÔpoc upologistikoÔ sust matoc. ApoteleÐtai apì epe-
xergastèc, eidikoÔc epitaquntèc, mn mec kai perifereia-
kˆ suskeu¸n eisìdou/exìdou, kai epiteleÐ mia apokleisti-
k  leitourgÐa se èna megalÔtero mhqanikì   hlektronikì
sÔsthma.
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Error Analysis H melèth tou lˆjouc enìc proseggistikoÔ kukl¸matoc.
Perilambˆnei metrikèc lˆjouc kai prosomoi¸seic ¸ste na
analujeÐ to mègejoc, h suqnìthta kai h diˆdosh twn la-
j¸n, kai na axiologhjeÐ h poiìthta twn apotelesmˆtwn.

Error Constraint O periorismìc lˆjouc enìc proseggistikoÔ kukl¸matoc.
OrÐzetai apì ton qr sth   thn efarmog  kai ta proseggi-
stikˆ apotelèsmata ja prèpei na to ikanopoioÔn.

Error Distance Metrik  lˆjouc. OrÐzetai wc h apìluth tim  thc diaforˆc
tou apotelèsmatoc tou proseggistikoÔ kukl¸matoc apì
to antÐstoiqo tou akriboÔc kukl¸matoc.

Field-
Programmable
Gate Array
(FPGA)

TÔpoc programmatizìmenou oloklhrwmènou kukl¸matoc.
ApoteleÐtai apì programmatizìmena logikˆ mplok kai apì
mia ierarqÐa epanadiamorf¸simwn diasundèsewn pou epi-
trèpoun sta mplok na diasundejoÔn metaxÔ touc ¸ste na
ulopoihjeÐ to epijumhtì kÔklwma.

Fixed-Point
Arithmetic

Prìtupo anaparˆstashc arijm¸n. Anaparistˆ ènan prag-
matikì arijmì me ènan stajerì arijmì akeraÐwn kai deka-
dik¸n yhfÐwn.

Floating-Point
Arithmetic

Prìtupo anaparˆstashc arijm¸n. Anaparistˆ ènan prag-
matikì arijmì me ènan stajerì arijmì shmantik¸n yh-
fÐwn klimak¸nontac ton me ènan ekjèth se kˆpoia stajer 
bˆsh.

Hardware
Accelerator

Epitaqunt c ulikoÔ. ApoteleÐ ènan exeidikeumèno epexer-
gast , o opoÐoc epitaqÔnei diadikasÐec kai efarmogèc se
sÔgkrish me ènan epexergast  genikoÔ skopoÔ.

Heterogeneous
Computing

Prìtupo sqedÐashc upologistik¸n susthmˆtwn. Qrhsi-
mopoieÐ pollaploÔc tÔpouc epexergast  kai teqnologÐec
mn mhc.

Logic Synthesis H sÔnjesh enìc kukl¸matoc. EÐnai h diadikasÐa me thn
opoÐa h perigraf  thc epijumht c sumperiforˆc tou ku-
kl¸matoc metatrèpetai se ulopoÐhsh (logikèc pÔlec) su-
gkekrimènhc teqnologÐac mèsw enìc ergaleÐou sÔnjeshc.
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Mean Relative
Error Distance
(MRED)

Metrik  lˆjouc. OrÐzetai wc h mèsh tim  twn apìlutwn
sqetik¸n tim¸n twn diafor¸n twn apotelesmˆtwn tou pro-
seggistikoÔ kukl¸matoc apì ta antÐstoiqa tou akriboÔc
kukl¸matoc.

Multi-Core
Processor

TÔpoc epexergast . Enswmat¸nei se èna oloklhrwmèno
kÔklwma dÔo   perissìterouc xeqwristoÔc epexergastèc
(pur nec).

Pareto Analysis H diadikasÐa eÔreshc bèltistwn sqediastik¸n lÔsewn. A-
nazhtˆei èna sÔnolo apì bèltistec sqediastikèc lÔseic, tic
opoÐec qarakthrÐzei me bˆsh ta krit ria beltistopoÐhshc
(p.q., katanˆlwsh enèrgeiac kai posostì lˆjouc).

Pareto Front SÔnoro Pareto. ApoteleÐ to sÔnolo twn bèltistwn sqe-
diastik¸n lÔsewn, oi opoÐec eÐnai kalÔterec apì tic upìloi-
pec se toulˆqiston èna krit rio beltistopoÐhshc qwrÐc na
eÐnai qeirìterec se kˆpoio ˆllo.

Possibility of
Relative Error
Distance (PRED)

Metrik  lˆjouc. OrÐzetai wc h pijanìthta na upˆrqei
sqetik  apìstash tim¸n megalÔterh apì kˆpoia stajerˆ
(p.q., 2%).

Radiation-
Hardened
Electronic
Component

Hlektronikì exˆrthma anjektikì se aktinobolÐa. 'Eqei ka-
taskeuasteÐ me eidik  teqnologÐa ¸ste na eÐnai anjektikì
se zhmièc   dusleitourgÐec pou prokaloÔntai apì uyhlˆ e-
pÐpeda ionÐzousac aktinobolÐac se drimÔ peribˆllonta ìpwc
to diˆsthma.

Space-Grade
Electronic
Component

Hlektronikì exˆrthma diasthmikoÔ bajmoÔ. PlhroÐ mia au-
sthr  diadikasÐa elègqwn pou perilambˆnei pistopoÐhsh
exarthmˆtwn kai ulik¸n kai èqei wc stìqo thn qr sh se
mellontikèc diasthmikèc apostolèc.

System-on-Chip
(SoC)

TÔpoc oloklhrwmènou kukl¸matoc. Enswmat¸nei ta pe-
rissìtera   ìla ta stoiqeÐa enìc upologistikoÔ sust ma-
toc, ìpwc epexergastèc, eidikoÔc epitaquntèc, mn mec, die-
pafèc eisìdou/exìdou, se èna mikrotsÐp.
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Vision Processing
Unit (VPU)

TÔpoc enswmatwmènou epitaqunt . ApoteleÐtai apì pol-
laploÔc dianusmatikoÔc epexergastèc, mhqanèc Teqnht c
NohmosÔnhc kai fÐltra eikìnac, kai exeidikeÔetai se efar-
mogèc Upologistik c 'Orashc.
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