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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 e [ciehcy 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 (Al) 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 e [ciehcy, while providing su [cieht
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-e [cieht DSP
and Al 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 Al accelerators. Moreover, we propose methodologies for
the e Ccieht 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 e [cieht solutions, we also conduct an extensive exploration on
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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 CI.5x 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 e [ciehtly 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 su [cieht (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 20x for classic DSP on Myriad 2, while the power lies around
1W. The CNN is accelerated on Myriad X with 2W, achieving 85> and rI¥x
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-lIhyh

To pr sfato ttloc thc Klim kwshc tou Dennard kai h Fjnousa pore-a tou N mou
tou Moore tgoun shmatodot sei mia nta epoq gia ta upologistik sust mata. H
katan lwsh isq oc apotele- plton tnan kr-simo par gonta, t so gia to upologistik
ntfoc so kai gia upologismo ¢ sthn krh tou dikt ou. Taut grona, h tage-a an ptu-
xh apaithtik ,n efarmog,nap touc tome-c thc Yhfiak c Epexergas-ac S matoc (DSP)
kai thc Tegnht ¢ Nohmos nhc (Al) dhmiourge- prokl seic stouc p rouc twn upologi-
stik,,n susthm twn. Wc apottlesma, h biomhgan-a twn upologist,n uiojete- enal la-
ktikkc mej douc sqged-ashc kuklwm twn kai susthm twn, ,ste na diathr sei gamhl
katan lwsh isg oc, partqontac mwc kai epark taq thta. An mesa stic 1 seic pou
exet zontai, o Proseggistik ¢ Upologism c ekmetalle etai thn eggen anjektik thta
se sT Imata twn DSP/AI efarmog,n ,ste na prosfitrei kkrdh se p rouc mei, nontac
thn poi thta twn apotelesm twn. H Epit qunsh Uliko anaftretai sthn ekttlesh
apaithtik ,n upologistik ,n ergasi,n se exeidikeumtno ulik , pwc ta Oloklhrwmtna
Kukl ,mata Eidik ¢ Efarmog c (ASICs) kai oi Sustoig-ec Epit pia Programmatiz me-
nwn Pul,n (FPGAs). Ttloc, o Eterogen ¢ Upologism c anaftretai se eutliktec
arqitektoniktc epexergas-ac me pollaplo ¢ t pouc epexergast kai mn mhc, pwc oi
Mon dec Epexergas-ac 'Orashc (VPUs).

Sthn paro sa Diatrib , eis goume sgediastikic I seic kai mejodolog-ec basismtnec
sta proanaferjtnta pr tupa sged-ashc, me st qo thn an ptuxh energeiak apodo-
tik ,n epitaqunt,n uliko . Sgetik me ton Proseggistik Upologism , efarm zoume
ntec tegnikktc prostggishc sth sged-ash ariymhtik ,n kuklwm twn. Oi tegniktc auttc
sundu zontai me b sh th mejodolog-a mac me klassiktc tegniktc sged-ashc, ,ste na
ulopoi soume proseggistiko ¢ DSP kai Al epitaqunttc se ASIC kai FPGA. Epiplton,
protenoume mejodolog-ec gia thn apotelesmatik apot pwsh DSP/AI pur nwn p nw
se idi morfec enswmatwmktnec suskeutc, pwc ta nta FPGAs diasthmiko bajmo Kkai
oi eterogene-c VPUs. 'Oson afor ta FPGAs, antimetwp-zoume tic tegniktc prokl seic
pou prok ptoun kat th qr sh ntwn ergale-wn, en, gia tic VPUs, xekleid,noume lec
tic dunat thtec thc eterogtneiac, xepern,ntac thn auxhmtnh poluplok thta uliko Kkai
axiopoi,ntac louc touc diaforetiko ¢ p rouc.

Oi protein menec tegniktc arijmhtik ¢ prostggishc perilamb noun beltistopoi seic
se ep-pedo duadiko yhf-ou, mh akribe-c kwdikopoi seic telest,n, kai par leiyh u-
pologism,n, en, efarm zontai se arijmhtik t so stajer ¢ so kai kinht ¢ upodia-
stol c. Gia na auxhje- 0 g, roc sged-ashc kai na ex goume tic pio apotelesmatiktc
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Greek Abstract

I seic, pragmatopoio me ep-shc mia ekten exere nhsh p nw stouc sunduasmo ¢ twn
tegnik ,n. Epiplton, protenoume tha sq ma gamhl c¢ epib runshc gia thn apr sko-
pth r jmish tou bajmo prostggishc twn kuklwm twn kat to gr no ekttleshc. Se
s gkrish me shmantik kukl ,mata thc bibliograf-ac, oi protein menec I seic diajttoun
pol megal tero q,ro prostggishc (eur tero ¥ sma prosegg-sewn), epitrtpontac th
megistopo-hsh twn kerd,n se p rouc gia tnan dedomtno periorism s¥ Imatoc. Oi
tegnikkc mac prokalo n tna mtso sqetik sf Ima twc kai 2%, dhlad tupikkc timtc
sT Imatoc proseggistik,n kuklwm twn. Ta pio extqonta proseggistik kukl ,mata
thc Diatrib ¢ sghmat-zoun tha s noro Pareto uyhl ¢ an lushc sth sugkritik axio-
I ghsh me shmantiktc ergas-ec the bibliograf-ac, prosftrontac twc kai 63% kal terh
katan Iwsh entrgeiac. Ttloc, ta kukl ,mata pou mporo n na rujm-soun dunamik thn
prostggish, tqoun auxhmktnh epif neia kat 3% se s gkrish me to akribtc k klwma,
kai partqoun 1-5x lig tera kkrdh entrgeiac ap ta ant-stoiga kukl ,mata me stajer
prostggish. 'Omwc, tgoun th dunat thta na all zoun thn akr-beia twn upologism,n,
en, exakoloujo n na prosfiroun axioshme-wta energeiak ktrdh tnanti tou akribo ¢
kukl ,matoc kai kuklwm twn thc bibliograf-ac. Se ep-pedo epitaqunt , anapt ssou-
me mia plhj,ra ap proseggistiko ¢ pur nec gia epexergas-a shm twn/eik nwn kai
Suneliktik Neurwnik D-ktua (CNNs). Me b sh thn peiramatik an lush, ta sf I-
mata e-nai mikr se klasiko ¢ DSP upologismo ¢ kai h ap, leia akr-beiac kuma-netai
wc 5% sta neurwnik d-ktua, en, epitugq netai twc kai 70% exoikon mhsh epif neiac
kai entrgeiac.

Sqgetik me ta nta FPGAs diasthmiko bajmo , efarm zoume th mejodolog-a mac gia
thn apotelesmatik apeik nish algor-ymwn upologistik ¢ rashc sta anjektik -se-
aktinobol-a FPGAs thc NanoXplore. Sto ttloc, epitugg noume isorrophmtnh qr sh
p rwn, h opo-a enai sugkr-simh me aut twn kajierwmtnwn promhjeut,n FPGAs. E-
piplton, h tag thta enai epark ¢ (p.q., twc kai 10 FPS gia thn an-qneush qarakth-
ristik ,n se MPixel eik nec), lamb nontac up yh tic apait seic ap doshc twn dia-
sthmik,n efarmog,n. Sgetik me ton Eterogen Upologism , epitag noume DSP
pur nec, mia akolouj-a algor-jmwn upologistik ¢ rashc, kai tna apaithtik CNN
stic Myriad VPUs thc Intel. Oi protein menec mejodolog-ec kai tegniktc enswmatw-
mtnhc sqged-ashc partqoun epit qunsh twc kai 20x se klasiko ¢ DSP upologismo-
¢ sth Myriad 2 me katan lwsh isq oc 1W. To CNN epitag netai sth Myriad X
me 2W, prosfirontac 85x kai £1.¥x kal terh ap dosh-an -Watt ap ton epexer-
gast geniko -skopo ARM kai ton epexergast grafik,n Jetson Nano, ant-stoi-

ga.

Litxeic Kleidi : Proseggistik ¢ Upologism c, Tegniktc Prostggishc, Arijmhtik
Kukl ,mata, Ariymhtik Upologist,n, Sqged-ash Uliko , Epitaqunttc Uliko , Etero-
gen c Upologism c, Enswmatwmtna Sust mata, Teqgnolog-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 (loT) [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 10T 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 (Al), 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 1/0 data.

It is evident that the proliferation of data along with the emergence of applications
with increased complexity requires alternative design solutions to sustain su [cieht
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
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Figure 1.1: Number of connected 10T devices from 2015 to 2025. Source: 10T 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-o Hetween 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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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 aledt 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 e [ciehcy 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
e [ciehcy while providing the desired performance.

Towards power-e [cieht, 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 o Coadling 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 VPUSs) 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 e [ofts 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-E [ait 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 e Cciehcy 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 E [oft Design” for “the systematic
approach that embodies the notion of scalable e [ont into the design process at
di Cerknt levels of abstraction, involving mechanisms to vary the computational
elont and control knobs to achieve the best possible trade-o[—Hetween energy
e [ciehcy 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 s