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Abstract

In the past few years, Deep Learning (DL), a subset within the broader fiaktifafial
Intelligence (Al), has achieved remarkable success across a wide spectrum of
applications, such as computer vision and autonomous systdms emerged as one of

the most powerful and accurate techniques, often empldyeep Neural Networks
(DNNSs) that frequently surpass human performantmvever the ongoing Al research,
heavily relies on higiperformance systents handle the vast amounts of computations
and datainvolved Advancements in technology and architecture have led to the
integraion of coprocessors like Graphics Processing Units (GPUs) or Field
Programmable Gate Arrays (FPGASs). These devices are types of hardware accelerators
that play crucial roles in accelerating Al workloads and have facilitated the deployment
but also the dealopment of increasingly sophisticated Al modela address the
substantial computational demands of Al algoritheughspecialized hardware requires
significant engineering effort to achieve optimal performance and effici&éhaseover,

the current statof-the-art leverages approximate computign approach that permits
computations to be less precise, trading off some precisiadtbtionalefficiency gains
However, evaluating the accuracy of approximiabNs is cumbersome due to the lack

of adequate support fapproximate arithmetic ilDeep Learningrameworks such as
PyTorchor Tensorflow

In this dissertation, wdirst employ FPGA asaccelerators fola wide range ofAl
applications and presewmérious strategies and techniques to imprtwe efficiency and
performancefor such applications. We alssxamine automateffamewoks to convert
trained neural network models into optimized FPGA firmwatkeviating the hardware
development challenges faced by engineers in the process. Additiomainvestigate
the use of approximate computing leverage the intrinsic error resilience of DNN
models.We addresghe challenge of evaluating approximate DNNs by introducing two
frameworks, AdaPT and TransAxx. These framewolkslt on PyTorchand optimized
usingCPU and GPU hardware acceleration respectivigyilitate approximate inference
and approximatioraware retraining for various DNN modglsast, we proposea
hardwaredriven Monte Carlo Tree Search (MCTS) algorithm to efficiently sedneh t
space of possible approximate configurations on Vision Transformer (ViT) models and
achieve significant tradeffs between accuracy and power.

Keywords: Al, DNNs, PyTorch, Hardware Accelerator, Approximate Computing
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Chapter 1. Introduction 1

Introduction

1.1 Motivation for the Research

The motivation for this research is rooted in the increasing demand for efficient
artificial intelligence (Al) processing. As the use of Al technologies continues to grow
across a wide range of industries, it has become inoghasimportant to develop
hardware and software solutions that can handle the computational demands of these
applications. This has led to a growing interest in the use of hardware accelerators, such
as graphics processing units (GPUs) and fetirammale gate arrays (FPGAS), which
can significantly improve the speed atkergyefficiency of Al processing

To gain a deeper understanding of the motivation behind this work, it is important to
trace its origins and foundational elemer@ser the passix decades, Moore's Law has
played a pivotal role in driving the trajectory of computiitnroughout this extended
period, the industry'solid emphasis on transistor scalingkey aspecbf Moore's Law,
has consistently yieldeiticreasedransistor performace and densityWhile it might be
premature to definitively declare the demise of Moore's Law, there are indications
suggesting that we have encountered the physical constraints inherent intskeoh
CPUs (Central Processing Units).

iMoOoreds | aw is the observat
dense integrated circuit doubles approximately every two years.
period is often quoted as 18 months because of Intel executive |
House, who predicted that chip performance wouldbtwvery 18
months d G. E. Moore, 1965
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50 Years of Microprocessor Trend Data
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Figure 1-1. 50 years of microprocessor trend dat4l].

As observd from the above figure,he exponential growth in computin@pwer
predicted by Moore's Law is slowing dowhhis trend posea challenge to the continued
advancement of Alas the increased computational power is crucial for handling the
complex calculations and vast datasetgpeciallyinvolved in Deep Learningasks.The
traditional approach of relying solely on gengratpose CPUs for Al workloadsas
becone increasingly inefficient and unsustainable. CPUs, designed for a wide range of
tasks, are not optimized for the specific computational demands of Al algorithms, leading
to suboptimal performance and high energy consumptiofigure 1-2, we show the
enormous computational demands needed for training recent Deep Learning models.

Shown on the vertical axis is the training computation
that was used to train the Al systems.

10 billion petaFLOP

100 million petaFLOP
int

1 million petaFLOP

10,000 petaFLOP

100 petaFLOP

Pre Deep Learning Era

Minerva: built in 2022 and trained on 2.7 billion petaFLOP

Minerva can solve complex mathematical problems at the college level.

PaLM: built in 2022 and trained on 2.5 billion petaFLOP

PalM can generate high-quality text, explain some jokes, cause & effect, and more.
GPT-3: 2020; 314 million petaFLOP

GPT-3 can produce high-quality text that is .‘

often indistinguishable from human writing.

DALL-E: 2021; 47

DALL-E can generate high-quality imc

NEO: 2021; 1.1 million petaFLOP
Recommendation systems like Facebook’s NEO determine what you see on
your social media feed, online shopping, streaming services, and more.

. ® o
AlphaGo: 2016; 1.9 million petaFLOP e o ©
AlphaGo defeated 18-time champion Lee Sedol at the ancient and highly Y ~. '
complex board game Go. The best Go players are no longer human. ™) °
o, -0
AlphaFold: 2020; 100,000 petaFLOP ... Ve °
AlphaFold was a major advance toward solving the protein-folding problem in biology. " o _® o %
e o
MuZero: 2019; 48,000 petaFLOP ‘ ]
MuZero is a single system that achieved superhuman performance at Go, (a4
chess, and shogi (Japanese chess) — all without ever being told the rules. o ® °

AlexNet: 2012; 470 petaFLOP ° ® ° ’ °
A pivotal early "deep learning” system, or neural network with many layers, that ®
could recognize images of objects such as dogs and cars at near-human level.
XA
1 petaFLOP = 1 quadrillion FLOP NPLM o o

Deep Learning Era

The first electronic computers Training computation grew in line with Moore's law, doubling roughly every 20 months. Increases in training computation
were developed in the 1940s accelerated, doubling roughly
every 6 months.
1956: The Dartmouth workshop on Al, often 1997: Deep Blue beats world
seen as the beginning of the field of Al research chess champion Garry Kasparov

Figure 1-2. Training computation for popular Deep Learning models[2].
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It is evident that CPUs cannot keep up with the pace of the computational demands
of Al and especially Deep Learningltérnative computing architectures and specialized
processordgor Al arebeing develope@nsuringan uninterrupted progression of ti#d
research. Despite the integration of Al accelerators to enhance computational
performance, therealways remains a notable concern regardimgcreased power
consumption. The demand for substantial processing power in deep learning tasks,
coupled with the growing complexity of neural networks, has contributed teceeased
energy requiremenpresenting a challenge in achieving optimal power efficiemn
with the deployment of specialized Al accelerators

Consumption CO2ze (Ibs)
Air travel, 1 passenger, NeY SF 1984
Human life, avg, 1 year 11.023
American life, avg, 1 year 36.156
Car, avg incl. fuel, 1 lifetime 126.000

Transformer (big) wheural architecture searc 626.155

Table 1-1. Estimated CO2 emissions fronL,LM training, compared to familiar consumption.

In Table1-1 we present the estimated CO2 emissions from training large language
models(LLMs) in GPU acceleratorsThe consumption is compared to common human
activities highlighting the extreme powermdands needed for Al processir@ne of the
key challenges in Al processing is the development of algorithms that can run on fast and
power efficient hardware, especially for many computer vision algorithms where
response latency and energy consumptiorcareial. DeepNeuralNetworks DNNSs) for
example have emerged as a popular choice for the core algorithms of many computer
vision tasks due to their ability to learn complex features from raw image data. This has
led to a growing interest in the use ofdwaare accelerators, such as GPUs and FPGAs, to
speed up the computations of these algorithms and improve overall performance.
Programming such devices and developing softiiardware solutions that can handle
the computational demands of these algorithmgeal timeis not trivial and often
requires great programming effort from the

Additionally, current statef-the-art employs approximate multipliers to address the
highly increased power demands of DNN accelerafgpproximatecomputing refers to
the idea of sacrificing the accuracy of computation in favor of efficiency, often through
the use of reduced precision or simplified operatiolygproximate multipliers can
significantly reduce the computational complexity Af models making them more
efficient and practical for reatorld applicationsEvaluatingthe accuracy oapproximate
DNNs proves challenging due to the absence of dedicated approximate hardware.
Understanding how thedaNNs behaveon such hardwares crucial befoe constructing
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the hardware, making it a prerequisite for accurate assesskVéein hardware is
unavailable, the only feasible option is perform simulation of the approximate
multiplier arithmetic This can be done Hgveraging a deep learning framawaapable
of supporting this functionalityout commonDNN frameworkslack builtin support
Emulaing the behavior of the approximate multipliesing these frameworks will be
cumbersomeresulting in prolonged execution time®nlike the optimized libraries
available for the standard versions of the frameworks across v&»NNslayers, there
are no equivalents facceleratinghe simulation process of the approximate multiplier.

In addition, towards optimizing approximate camgtions in DNNs, a critical
consideration involves identifying the most suitable approximate multiplier for each DNN
layer, a concept referred to as cHeEger optimization. This aspect is particularly crucial
when the goal is to maximize power gains l&hadhering to constraints on acceptable
accuracy losswWhile numerous studies have explored automated methods for determining
optimal perlayer quantization in quantized DNNs, tfield of approximate DNNs has
received comparatively less attention in terof an automated search flow. In other
words, there's a gap in the existing research when it comes to systematically and
automatically optimizing the configuration of approximate computations within the entire
network.Also, determiningthe optimal configration of approximate multipliers between
each layer of a DNN model in order to find the best t@ifldbetweenaccuracyand
poweris liable to cause a significant computational overhead. The design space becomes
large and measuring the accuracy of evaayfiguration is impracticalAddressinghese
challengs could pave the way for more widespread and practical adoption of
approximate DNNs, particularly in resouricgéensive applications
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1.2 ThesisObjectives

This thesis makes several significant contitms to the field of efficient computing
for deep learningThe objectives of our research can be summarized below:

b)

a) Acceleration of Al Applicationur dissertationwill involve accelerating
various Al applications by leveraging FidRtogrammable Gatérrays
(FPGAS), demonstrating enhanced computational efficiency and performance.
We will describe how we can applarious hardware/software optimization
techniques for deploying Al algorithms efficiently on FPGAs and compare the
execution and efficiesy vs other high performance systems such as GPUs.
This workaims to gadbeyond standarBPGA acceleratia techniques (such as
pipelining or loop unrollingpy exploring advanced optimizatisitailored to
FPGA architectures We will apply various hardware/sofare co
optimization techniques (e.dSLR partitioning memory access optimization
Xilinx int8 DSP optimizatioh specifically tuned for Xilinx FPGA
architecturesWe will also focus on cloud FPGAs, aiming to bridge the gap
between optimized edge Al solotis and cloudbased Al deployments by
creating a unified interface using OpenCL FPGA APIs. This approach enables
seamless integration and scalability across both edge and cloud environments.

Automatic FPGA firmware from trained CNN modeWe will introduce
optimizations for an endto-end framework towards generating FPGA
firmware fromtrainedConvolutional Neural Networks (CNNs)he ultimate
goal is to alleviate the engineering effort from optimizing a CNN for FPGA
hardware. This framework utilizs HLS4ML [3], enabling the seamless
conversion of trained CNN models into optimized FPGA firmware
specifically designed for cloud FPGA architectu@ar goal isto enhance the
framework by implementing additional optimatzon techniques, including
more FPGAfriendly layer implementations, to provide seamless support for
larger network topologies. Furthermore, we will leverage the Xilinx DSP's
packed int8 multiplier to improve computational efficiency and performance.
Last as HLS4ML has been previously applied in smallmle Al
applications like particle physicgie aim toextend its use to larggcale cloud
FPGA architectures through a common OpenCL API for both edge and server
FPGAs.

c) Rapid approximate DNN emulatioin order to enable fast and seamless
support of approximate DNN evaluation we will propose two frameworks.
AdaPT and TransAxx, both based on PyTorch with CPU and GPU
acceleration respectively, will enable supportvafious DNNs and model
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d)

architectures. They will also support posttraining quantization and
approximatioraware finetuning so as to recover the accuracy introduced by
approximationOur objective is that our frameworks will allow developers to
test various DNN architectures and approximationlteseamlessly, a feature
lacking in most existing tools, which typically focus on static,-adaptive
solutions. In addition to CNNs, which are commonly evaluated in previous
work, our framework will support a broader range of DNN topologies,
including LSTMs, GANs and Vision TransformersThis will expand the
applicability of our approach to diverse models, offering more comprehensive
support for various approximate neural network architectures.

Automatic Design Space ExploratioiVe will address thechallenge of
finding optimal approximate configuration-between the layers of a DNN
model. We will show we can leveragdonte Carlo Tree Search (MCTS)
algorithm as &W-driven automated search that caieve significantrade
offs in the poweiaccuracyspaceof an approximate DNN modeMCTS will
allow for intelligent exploration of the design space by balancing exploration
(trying new configurations) and exploitation (refining promising
configurations), making it more efficient than previous bifotee or heuristic
methods Additionally, thiswill be one of thdfirst applications of MCTS for
exploring the poweraccuracy parameter space of approximate DNNSs,
specificallyfor Vision transformer models.
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1.3Overview of theThesis

The rest of this thesis organized as follows

T

Chapter 2 provides a background the research argapecifically related to Al
and hardware acceleratioras well as diterature reviewthat exploresthe key
concepts, theories, and methodologies have shaped the fiedd this work.

Chapter 3presents aetailed analysis of software and hardware optimization
techniques applied to Deep Neural Networks for efficient inferatagy with the
demonstration on several reabrld Al applications Also, an eneto-end tool is
presented forwomatic FPGA firmwargeneratiorfrom trainedCNNSs.

Chapter 4 describes the two frameworks, AdaPT and TransAxx for rapid
approximate DNN simulation. It also demonstrates the use of an Ma@3I&l
algorithm for automatedesign space seartbwardsachievingsignificanttrade

offs in the poweiaccuracy spacef an approximate DNN model

Chapter 5 concludes this thesis by summarizing the presented rasdlts
discusses the futudirectionsof this work.

The following chaptepresents an extended abstract in Greek language.
Appendix A in Appendices, destres theSERRANO platform Specifically it

presents a platfornrowards seamless application development & deployment in
the heterogeneous edg®ud continuum.
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Background and Literature Review

In this chapter, we provide a concise summary of phevious work and
background that form the foundation of the present dissertattoa chapter provides a
detailed background on the research area, shedding light on the progression of Al and
hardware acelerators which the current study is situatédditionally, in order to
provide a comprehensive understanding of the subject matter, a thorough examination of
existing research, theories, and studies has been conducted. The literature review explores
thekey concepts, theories, and methodologies that have shaped the field, highlighting the
gaps, limitations, and unresolved guestions that motivate the current Byupsesenting
a comprehensive background gmmdviding relevant literature, this chaptetssthe stage
for the subsequent analysis and findings presented in the following chapters.

2.1 Computer Vision and Neural Networks

Computer vision encompasses a branchMachine Learning dedicated to the
analysis and comprehension of images and videos.riisafy objective is to enable
computers to "see" by effectivelyterpreting visual information.

Within computer vision, models are specifically designed to decode visual data by
extracting relevant features and contextual information acquired duringraiméng
process. This capability empowers these models to comprehend images and videos and
apply those interpretations to tasks involving prediction or decision making. However,
computer vision heavily relies on abundant data for its operatiNosvadays @
accomplishsuchtasks, neural networkswvhich are a type of deep learning modeé
neededo be trainedto acquire knowledge and enhance their accuracy through iterative
learning processes. Once these algorithms are refined for optimal precision,dbee be
powerful tools for artificial intelligence. They enable rapid classification and clustering
of data, often surpassing the efficiency of manual identification by human experts.
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2.1.1 Historical Development andMilestones

This section will provide a comprehensive overview of the key advancements and
significant milestones in the field of neural networks. By exploring the historical context,

the readercan highlight the evolution of neural networks, which is essential for
understanding their current state and future poterBiesides the historical milestones

there were also AAl winterso, a term which w
fundingand interest for artificial intelligence was in decline, specifically around $70s

mid 1980s and mid990sd mid-2000s.

194Q Prehistory: Artificial Neurons

In the 1940s, Warren McCulloch, a neuroscientist, and Walter Pitts, a logician,
embarked on piagering work in the field of artificial neurons. Their collaboration led to
the development of the first artificial neuron, which aimed to simulate the operations of
organic neurons found in biological systems. This groundbreaking achievement
demonstratedhie potential of utilizing basic computational units to replicate logical
functions[4].

1950: Artificial Neural Networks

Frank Rosenblatt, a research psychologist who worked at Cornell Aeronautical
Laboratory, drewnspiration from the influential work of Warren McCulloch and Walter
Pitts. Building upon their contributions, Rosenblatt dedicated his efforts during the 1950s
to developing theperceptronwhich consisted of asingle layer of neurons with the
capabilityto classify images composed of several hundred pixels. The perceptron can be
regarded as a significant precursor to the advanced neural networks we empldgjtoday

1985: Backpropagation

In his 1974 doctoral thesis, PaWerbos was the first to propose the utilization of
backpropagationas a means to optimize neural netwofBs However, due to the
prevailing state of the initial neural network winter, his groundbreaking work went
largely unnoticed by the research community. It was only later, with the influential
research conducted by Rumelhart et al. in 1986, that backpropagation gained widespread
recognition as a powerful training technique for neural netwptksEquipped with the
capabilities of backpropagation, researchers could now explore numerous applications of
neural networks. Notably, Yann LeCun proposed a technique in 1989 for recognizing
handwritten digits using neural netwoll8}. However, a new challenge emerged, leading

to slow and unstable training, posing further obstacles to overcome.
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2010 The Rise of Deep Learning

While the roots of deep learning can be traced back to the 1940s and 18b@mmiliar

terms up until now, such as backpropagation, gradient descent, ReLU, etc., its true boom
occurred after 2010. In 2012, deep learning gained significant attention and popularity
due to a pivotal moment in the field: th@mageNetcompetition. ThelmageNet Large
Scale Visual Recognition Challenge, initiated by-Fei Li and her team at Stanford
University, provided a dataset of millions of labeled images for researchers to develop
algorithms that could accurately identify objects within imageswds during this
competition that a deep learning model call&texNet [9], developed by Alex
Krizhevsky, llya Sutskever, and Geoffrey Hinton, outperformed other traditional
computer vision techniques by a significamargin. AlexNet's success demonstrated the
enormous potential of deep learning in computer vision t&gexifically Convolutional
Neural Networks (CNN)models with various architectures, such as AlexNet, begin to
gain traction achieving significant retln the competition year after year

2014:Generative Adversarial Networks

In 1991, Juergen Schmidhuber introduced the concept of adversarial neural networks,
wherein two neural networks engage in a zesom game, with one network's gain
equating to the other network’s loss. In 2014, lan Goodfellow et al. applied the adversarial
principle to develop a generative adversarial network (GAR). Basically, Goodfellow

and his colleagues employed a sophisticated statistical anatysietect the most
important featuresomprising a photograph witthe aim to enable machines to generate
new realistic images automaticallyith similar featuresin the next yearsGANs have

found applications itmageto-image translation tasks, such as converting summer photos
to winter or altering day scenes intagimt scenes. Additionally, GANs exceled at
generating photorealistic images of objects, scenes, and people to such an extent that
humans cannot distinguish them as artificial. By setting neural networks against one
anotherGoodfellow created a powerful Adol that isnow essential in many Al tasks.

2017:TheTransformer model

Ashish Vaswani et al. in their 2017 paper titled "Attention Is All You Need," marked a
significant advancement in the field of deep learning and specifically natural language
processingl1]. Transformers introduced a reharchitecture that revolutionized the way
information is processeflom human textand represented in neural networks by using a
mechanism calledelfattention This attention mechanism allowed the model to focus on
different parts of the inpuigequence during processing, enabling better capturing of long
range dependencies. Moreover, Transformers are increasingly being employed in
computer vision tasks, expanding their application beyond natural language processing.
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2.1.2 Key Components in Neural Netvorks

Traditionally, computer vision algorithms heavily relied on handcrafted features and
traditional machine learning techniques. However, the advent of deep learning has
revolutionized the field, leading to remarkable advancements in visual understanding
Deep learning models, particularly convolutional neural networks (CNNs), have emerged
as the backbone of computer vision tasks. These models are inspired by the structure and
functioning of the human visual cortex. CNNs excel at automatically learrenaroinical
representations and extracting discriminative features from raw image data, eliminating
the need for manual feature engineering. This paragraph discusses the importance of deep
learning models in computer vision and gives an overview of the ckeyponents
comprising such models.

Brain analogy Before proceeding with the fundamentals of neural networks we will
emphasize on the brain analogy that helps in understanding how Convolutional Neural
Networks (CNNs) work. CNNs draw inspiration from biolcgi processes observed in

the animal visual cortexndividual cortical neurons respond to stimuli only in a restricted
region of the visual field known as the receptive fidld.cover the entire visual field, the
receptive fields of different neurons pally overlap.This concept mirrors the behavior

of the human brain, as CNNs simulate the densely interconnected brain cells using digital
neurons. These artificial neurons are designed to trigger or respond when they detect
certain features, irrespectieé the features' positions in the visual field.

impulses carried o wo
toward cell body — @ synapse
branches axon from a neuron

dendrites ﬂ( of axon wWoTo
\J axon __ @%> axon cell body f (Z — b)

nucleus ® terminals
/7 impulses carrm Z w;z; +b
away from cell body i

cell body

output axon
activation
function

Figure 2-1. A biological neuron (left) and its mathematic model (right)

Neural Network A neural network is created by connecting multiple artificial apsr
together. These neurons are organized in afie®dard network, typically in a directed
acyclic graph, although some architectures employ multilpgeseptros where neurons

are grouped into layers. This means that the output of certain neurorsngam@as input

to other neurons. Neural networks consist of input and output layers, as well as hidden
layers that often increase the size and complexity of the net&ack neuron assigns a
weight to its input, indicating its degreeadrrectness or incorrectness with respect to the
task at hand. The final output is determined by the sum of these weightings.
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Figure 2-2. The organization of multiple layers of neurons

Layer Types Neurd Networks use many different interconnected layers, as shown in
the previous figure, specifically designed among other tasks to recognize or detect 2
dimensional image data. A Neural Network can have different layers performing unique
tasks aiming to giva specific output that is passed through the other layers.

Some of the fundamental layers found in many models are:

1

T

Convolutional Layemapplies a convolution operation to the input, passing
the result to the next layer. The convolution emulates the respafnan
individual neuron to visual stimuli. Each convolutional neuron processes
data only for its receptive field. Convolutional layers take several feature
maps as input and using convolution with the filter weidRdsQacquired

from the training pocess they produce feature maps as output. For filters
larger thanp wp, border effects reduce the output dimensions. To avoid
this effect, the input image is typically padded with zeros on each side thus
reducing the output dimensions.

Activation Layer apples a nonlinear activation function to each input
pixel. The most popular activation function is tRectified Linear Unit
(ReLU)which computedw | A @ and clips all negative elements

to zero. Other networks use sigmoidal functions sucfQeas p¥ p

Q or’Qw OATdE

Pooling Layercombines the outputs of neuron clusters at one layer into a
single neuron in the next layer by summarizing multiple input pixels into
one output pixel. For example, max pooling uses the maximum value from
eah of a cluster of neurons at the prior layer. Another example is average
pooling, which uses the average value from each of a cluster of neurons at
the prior layer. They are usually applied to a patclgdf or oao input
pixels, but can also be applied as global pooling to the whole input image.
Fully Connected Layeronnects every neuron in one layer to every neuron
in another layer. Each output value of a Fully Connected layer looks at
every value in the input lay, multiplies them all by the corresponding
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weight it has for that input index, and sums the results to get its output.
They can be visualized as one dimensional and perform the high level
reasoning in the neural network.

1 Dropout Layeris a popular methotb combat overfitting in large CNNs.
These layers randomly drop a selectable percentage of their connections
during training which prevents the network from learning very precise
mappings and forces some abstraction and redundancy into the weights.

1 Softma Layerare often used in the final layer of a neural netwmaked
classifier. It converts the raw class scotesnto class probabilitie®
accordingt@ 'Q ¥B 'Q , which result in a vector P that sums to 1.

1 TransformerEncoderLayeris found in Transformer models, for example
in Vision Transformers (ViT) modelwhich are used in computer vision
This layer is responsible for capturing the spatial relationships and
dependencies between different parts of thage. It uses seéttention
mechanisms to focus on relevant image regions and extract meaningful
features. The Transformer encoder layer plays a crucial role in processing
the input image and producing hitgvel representations that can be
further utilized for classification or other tasks.

Training a Neural Network involves the learning of its parameters through a process of
optimization. By defining a loss function and employing the backpropagation algorithm,
the network can discover the optimal wegghtfThe commonly used approach is
supervised training, whichequiresa set of labeled examples. Initially, the network
begins with small or random weights, and each example is repeatedly fed through the
network to improve performance (feémtward pass). faining is considered complete
when the network achieves the desired performance on the training data. The
backpropagation algorithm calculates the loss between the current network output and the
ground truth, then propagates the error backward throughetinork to compute weight
updates (backwargdass). The objective of the learning process is to minimize this loss by
adjusting the training weights. The learning rate determines the magnitude of these
updates.An example of a basic optimization algorithoalled Stochastic Gradient
Descent is provided below. It utilizes a subset of examples to compute the parameter
gradients relative to the loss function

— — _ 30 e
The convergence of this algorithm lacks formal proof, but intmecit often converges
to good local minima, even with random parameter initialization. One reason for this
could be the stochastic nature of the algorithm, which enables it to optimize various loss
functions and escape unfavorable minima. Another reasoitd be that many local
minima are nearly as accurate as the global minimum. Ongoing research continues to
explore these questions.
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Image ClassificationOnce training is complete, the neural network is prepared for image
recognition on new data, which ascomplished through the procesdrdérence In this

context, the objective is to compute the network's output. The image's colors are
represented as RGB values, which range from 0 to 255 and combine red, green, and blue

components. Computers caxtract the RGB value of each pixel and organize the results

into an array for interpretation, which is then fed through all the network layers. The input
image is then scanned for features using small filters. Feature extraction begins with the
input imag, where each pixel serves as input for neurons grouped into features. The

neurons in the feature maps are arranged indiweensional grids
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Right: lllustration of a 2D convolution between 3x3 kernel and an input feature map by
the kernel over the input pixels and performing MAC operations at each pixel position

The inputentersalternating layers of convolution, pooling and othédsimerous
hiddenlayerscan be involved wherdata is fed through. After passing all layers, the
netwak produces a final vector with a possibiltiyfor each category of our model.
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2.1.3 The Challenges ofNeural Network Inference

Neural networkgan addresmtricate problems across variousna&@ins, such as computer
vision or natural language processiras we already mentionedNonetheless, these
approaches encountehnallenges andonstraints that impede their completentialand
widespread application Below, we summarize the mairexisting challenges and
limitations associated with neural networkirence

1. Computational Complexity: Neural networks can be computationally intensive,
especially deep neural networks with a largamber of layers and parameters.
Inference requires performing extensive matrix multiplication operations and
activation function evaluations, which can be tioomsuming and resource
intensive, particularly on devices with limited computational power.

2. Memory Requirements: Neural networks often require significant memory to store
the model parameters and intermediate activations during inference. This can be
problematic on resoureeonstrained devices, such as mobile phones or embedded
systems, where mempocapacity is limited.

3. Energy Efficiency: Inference on powkmited devices, such as mobile devices or
edge devices, requires careful optimization for energy efficiency. Running
complex neural networks can quickly drain the device's battery. Therefore,
minimizing the energy consumption of the inference process is crucial fer real
world deployment.

4. Latency: Many applications demand ldatency predictions. However, neural
network inference can introduce delays due to the computational requirements
involved.Reducing the inference time to achieve Aeatantaneous predictions is
a significant challenge, especially when dealing with large and complex models.

5. Model Size: Deep neural networks can be quite large in terms of the number of
parameters they posse3#is poses challenges in terms of storage, transmission,
and memory requirements during inference. Reducing the model size without
significant loss in accuracy is a research area of ongoing interest.

6. Edge Deployment: Deploying neural networks on edge cdsyi such as
smartphones, loT devices, or embedded systems, presents unique challenges.
These devices typically have limited computational resources, power constraints,
and intermittent connectivity. Efficiently adapting neural networks to operate
effectively under such constraints is essential for edge deployment.

7. Privacy and Security: Neural networks trained on sensitive data can raise concerns
regarding privacy and security during inference. Protecting the privacy of user
data and preventingnalicious attacks, such as adversarial examples or model
stealing, are significant challenges that need to be addressed.
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2.2 Hardware Acceleration for Al

In this section, we will explore the role and significance of leveraging specialized
hardware for accelating Al computations, such as neural network inference. In
summary, we will focus on the following key aspects:

1 What isAl Acceleration and why we need it: We will provide an overview of
hardware acceleration and its relevance in the context of Al. Tilisnwolve
discussing the need for dedicated hardware to enhance the computational
efficiency and performance of Al algorithms.

1 Types of Hardware Accelerators: We will explore various types of hardware
accelerators commonly employed for Al tasks. TihdudesCentral Processing
Units (CPUs), @aphics ProcessingUnits (GPUSs), Field-ProgrammableGate
Arrays (FPGAs)and ApplicationSpecific IntegratedCircuits (ASICs). We will
examinetheir architectural characteristics, advantages, and limitations.

1 Case Studiesand Challenges To illustrate the effectiveness of hardware
acceleration, we will presenteatworld case studiesshowcasinghardware
acceleration in AIWe will analyze the pédormance improvements achieved by
utilizing hardware accelerators and compare them with traditional computing
platforms. Also, we identify the challenges and limitations regarding current
implementations.

2.2.1 What is Al Acceleration and why we needt

Hardware acceleration in the context Af refers to a specialized hardwadevice or
computer system designed explicitly to enhance the performance of artificial intelligence
(Al) and machine learning (ML) applications. It targets tasks involving artifrezairal
networks, machine vision, and other detinsive or sensedriven applicationsThese
accelerators often adopt maaogre designs and prioritize leprecision arithmetic, novel
dataflow architectures, and-memory computing capabilities. Notablys of 2018, Al
integrated circuit chips typically consist ofllilsins of MOSFET transistorfl2]. Within

this category, various vendgpecific terms exist to describe these devices, highlighting
an emerging technology landgze with no prevailing design standard.

To understand the parallelization of MAC (Multiphccumulate) operations in most
accelerators, which are common in neural network computatagmste 2-5 presents @
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illustration of a generic accelerator architecture. In this architecture, weights and inputs,
which can be inputs to the network or activatmrputsfrom a previous layer, traverse
through a grid of processingeenents (PESs) in a synchronized manner.

Win

Figure 2-5. Graph diagram of a single neuron in a traditionalneural network. [13]

Specifically focusing on the fully connected (FC) layer in an artificial neural network
(ANN), each neuron is represented by a row (or column, depending on the
implementation) in this grid. The fundamental building blockmafstAl accelerators is

the systlic array, which comprises simple arithmetic logical units (ALUs) integrated
within each PE. The arrangement and utilization of buffers (such as input, weight, and
output buffersseen inFigure 2-6) may differ among accelerators, but the underlying
principle remains consistent: input data and weights are loaded into their respective
buffers and propagate through the systolic array. The array performs multiplication
operations and accumulates the results, either within the PEs themselves or at the end of a
lane of PEs, depending on the employed dataflow technique.
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Figure 2-6. Typical architecture of an ANN accelerator. Each PE has alocal memory attached to

them (gray box) for storing partial sums. The structure of PEs varies depending othe dataflow.
[13]

The need for Al advancementlo answer the question of why we need acceleration we
can observerigure 2-7 below. It illustrates the progression since the introduction of
AlexNet [9] in 2012, which was evaluated in the Imagellletdataset for a 106€lass
ImageNet LargeScale Vsual Recognition CompetitionThe research community has
since focused on designing more acculkatecomplex network§l4]. This progress has
been facilitated by the availability of fakardware devices such as GPUs that can do
efficient Al computéions and can handle the extensive memory bandwidth and
computational demands of largeale DNNs. As a result, DNN architectures have
evolved to become wider and deeper, with models comprisimgliredsof layeis and
billions of parameter§l5]. However, this poses a challenge when deploying DNNs on
resourceconstrained edge devices (eghones embedded devices, robots) with limited
hardware resources such as memory, bandwidth, and energy. Consequently, there is an
urgentneed to develop efficient methods for deployargl acceleratingDNNs on such
devices without compromising their performan¢eaus, Al acceleration is needed both
for the advancement of new novel Al models but also for the deployment and efficient
execution on devices with limited resourcas we will discuss in the next paragraph.
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Figure 2-7. Ball chart reporting the Top-1 ImageNetaccuracy vs. computational complexity. The
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The need forenergy efficiencyand performance As the size ofAl modelsincreases,

the number of mmory access operations required also grows. Comparatively,
computation operations like matiratrix and matrixvector computations are
significantly more energgfficient than memory access operations. When considering the
energy consumption of read assefrom memory versus addition and multption
operations[16], it becomes evident that memory access requires several orders of
magnitude more energy than computation operations. Due to the inability of large
networks to fit into orchip storage, the frequency of eneigtensive DRAM accesses
increases significantlyln contrast, Al accelerators can incorporate specific design
elements aimed at reducing the frequency of memory access, providing laic/@p on
cache, and integrating dedicated hardware features to enhance -metix
computations. By virtue of being purpeseilt devices, Al accelerators are more specific

to the algorithms they execute, allowing them to leverage their dedicated features more
efficiently compared to generglurpose processors.
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Relative Energy Cost

Operation Energy [pJ] Relative Cost
32 bit int ADD 0.1 1

32 bit float ADD 0.9 9

32 bit Register File 1 10

32 bit int MULT 3.1 31

32 bit float MULT 3.7 37

32 bit SRAM Cache 5 50

32 bit DRAM Memory 640 6400

1 10 100 1000 10000
Figure 2-8. Energy metrics for 45nm CMOS process with each type of operatiofil6]

Analyzing the provided data, we obsetkat the energy consumption perural network
connection is predominantly influenced by memory access. The energy required varies,
ranging from 5pJ for 3Dit coefficients stored in eohip SRAM to 640pJ for 3Bit
coefficients stored in ofthip DRAM. Howvever, due to the limited capacity of-chip

storage, large networks cannot be accommodated and thensfedanore expensive

DRAM accesses. To illustrate the magnitude of this energy demand, let's consider the
scenario of running aOlbillion connectionneural network. The calculation resuits

p TOJp T @& w . This might seem low but we are not taking into account the large
number of computations which in total will often surpéiss power limitations of a

typical mobile device. Consequently, aceoodating such energntensive DRAM

access becomes impractical within the power envelope of common mobile délices.
accelerators need to address these issues while also providing high parallelism. The need
for realworld low-latency results becomes apgair, thus such hardware devices must
operate at high energy efficiency and surpass at the same time the performance of generic
hardware such &PUs.

2.2.2 Tools andTechnologies

Commonly, Al accelerators are coprocessors. Their purpose is to Adkeslated
workloads from the central processor to improve the efficiency of the overall system.
Examples of these workloads include machine learning, deep learning, image processing,
and natural language processing, among others. Their purpose and getvaida rest on

the purpose and advantages of hardware acosisreibwever, there is not a single type

of accelerator and there are several reasons why we have multiple techrtoldayes

1 The field of Al is constantly evolving, and new algorithms gmglieations are
being developed all the tim&his means that there is no single "best" Al
accelerator for all purposes. Different devices are better suited for different tasks,
and the best choice for a particular application will depend on a numbetaftia
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such as the size and complexity of the model, the desired accuracy, and the power
and thermal constraints of the system.

1 The different characteristics of Al acceleration devices are a result of the different
ways in which they are designed and impd&ted Some devices, such as GPUs,
are designed for genesplirpose computing and can be used for a variety of tasks,
including Al. Other devices, such as ASICs and FPGAs, are specifically designed
for Al and can achieve higher performance for certaiegyqf workloads.

1 The diversity of Al acceleration devicedbmneficial to the communitgs it gives
developers a choice of different options to meet their specific nEaddiversity
is also likely to continue to grow as the field of Al continuesvial\e.

In this subsection, we will analyze the most importhatdware devicedesigned for Al
computationsalong with the tools they can be programmibst of thesearchitectures
were used throughout the experiments of this dissertation.

CPWbased eamder s

While accelerators, which are mentioned next, excel in parallel processing e$datge

data, in the 2000specific CPU components were designgalven by video and gaming
workloads CPUs started to support vectorized instructions, such as Si&iyle
Instruction, Multiple Data) extensions like Intel's AVX and ARM's Neon. These
instructions enable CPUs to perform parallel operations on multiple data elements
simultaneously. With suitable optimizations, CPUs can achieve reasonable performance
gans in certain Al workloads as well, especially when the computational demands are not
highly parallelizable.CPUs arevery efficient for DNNs with small or mediurscale
parallelism, for sparse DNNs and in ldwtchsize scenariod. t 6 s wor t hatnot i
the kind of Al acceleration we are referring to regarding @REed approaches is
typically inferenceOne other reason that CPU accelerators might be preferred is the host
device latency which is more prominent in the other devidesly CPU vendorsrpvide
specific low level instructions to take advantage of the CPU parallelism. For instance,
Intel leverages\dvanced Vector &ensions 512 (Intel® AVX512)and several more Al
specific extensions such as Bloost Vector Neural Network Instructions (VNNI), which
consolidates three instructions into on@. general, these optimization strategies
maximize the utilization of compute resources, improve cache utilization, and avoid
potential bandwidth limitationsesulting in a significant performance boost.

To conclude CPU acceleration is based on SIMD acceleration which is applied when the
same value is being added to (or subtracted from) a large numbetaopoints.This
utilization of SIMD instructions atiws for efficient parallel processing and can greatly
enhance the performance of algorithms that exhibit data paralldiswever, it is
important to note that not all algorithms can easily benefit from SIMD, as certain tasks

ng

a
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with complex flow control maypose challenges for vectorization. Nevertheless,
advancements in research and manual implementation techniques are paving the way for
better support and automatic vectorization in compilers, ensuring that the potential of
SIMD acceleration can be harnedsmore effectively in a wider range of applications.
Below, we summarize the advantages/disadvantages of using CPUs for Al acceleration:

CPUadvantages

A They are more suitable for small data or small Al models as they praltide
low latency in these scenarios.

A They eliminate the host to device data transfer tieeause the data is always
near the computation contrast with other accelerators.

A They are affordable and widely available. This enables the use of Al
acceleration more easily applicable withoetjuiringadditionalresources

A Some algorithms are nessily adaptabléor vectorization. Additional
complexity may arise in order to avoid data dependencies as data independence
is a requirement for vectorization.

A Often the implementation @llgorithmsusing SIMD instructions typically
involves manual effort, as most compilers do not generate SIMD instructions
automatically from typical C programs. For example, gathering data into SIMD
registers and scattering it to the correct destination locations is.tricky

A Different archiectures provide different register sizes (e.g. 64, 128, 256 and
512 bits) and instruction sets, meaning that programmers must provide multiple
implementations of vectorized code to operate optimally on any given CPU.

A CPU acceleration isot suitable for medium to large workloads as they cannot
provide the massive parallelism other devices can.

GPWbased accel erators

A GPU is a computational processor that executes rapid calculations for image and
graphic rendering purposes. GPUs leverage parallel processing techniques to accelerate
their operationsln fact, some of thédigh endGPUshavea higher transistor count than

the average CPU.he principle behind their operation is breakdayvn tasks into smaller
segments and distribng them among numerous processor cores, often reaching
hundreds or thousands of cores, operating within thee Sa@RU. Historically, GPUs
primarily handled the rendering of 2D and 3D images, videos, and animhatiomow

they includea broader array of applicationsclude DLand big data analytics.

The very large number of cores or threads these devicesoftaudranslates to a very
high parallelism which is particularly beneficial for Al tasks that involve complex
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mathematical operations, such as deep learning algorithms. For example, matrix
multiplication in neural network training or inference is common aft$scan do this

kind of operationvery efficiently. Furthermore, they often have dedicated video
randomaccess memory (VRAM)The nature of the applications GPUs usually execute
require substantial memory bandwidth. Thus, VRAM is a very important compand

needs to be physically near the computations to provide datanigtithroughput to the
processing cores of the devidgesides its computational capabilitiesG®U employs
specialized programming to facilitate data analysis and utilization. &dioiminats the
GPUAI market,thus the following analysis will focus on this type of architecture.
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lch Unit (32 thread/clk)
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Figure 2-9. Nvidia Ampere SM block diagram [17]

GPU Microarchitecture 8 The fundamental unitin Nvidia GPUsis the Streaming
Multiprocessor or SM. It comprises multiple compute engines positioned together,
operating in parallel while awaiting tasks to be assigned to {frégare 2-9). SMs are
responsible for executing the instructions and performing computations such as-loating
point arithmetic, matrix operations, texture mapping, and stl@&wncerning the emory
access, GPH fetchdata from the memory hierarchy based on the instructions and store
the results back into the appropriate memory locati@etow, are the main memory
locations,each with distinct purpose and varying performactagacteristics.

9 Localregistersper thread.
1 A parallel data cache gsharedmemorythat is shared by all the threads.
1 Areadonly constantcache that is shared by all the threads.
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1 A readonly texturecache that is shared by all the processors.
1 A local cadhed memory like registers

Also, a very important component in GPUsTensorCores the heart of Deep Learning
processing. These cores are specialized hardware units found in almost any GPU today
designed to accelerate matrix and tensor operations, varehfundamental to deep
learning and other compuietensive workloads. They perform matrix multgations

using lowerprecision data typeisistead of the typical floating point 32bit datatyjpe.(

FP16, INT8, INT4)which significantly speeds up computation due to reduced memory
bandwidth requirements and increased paralleliB@velopersalso can easily utilize
tensor cores using specialized programming interfaces like Nvidia's CUDA and software
libraries such as &LAS and cuDNNor even more automated etadend tools for DNN
inference such as TensortRIB]. The combination of lower precisiamith the utilization

of tensor cores has immensely enhanced the value ogbregision in inference tasks

well as training.
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Figure 2-10. Matrix processing operations on Nvidia Tensor Coreq19]

With each generation of GPU microarchitecturew technigques have been introduced to
enhance the performance of Tensor Core operations. @dgaacements have expanded
their functionalities, enabling them to handle a wider range of numerical formats. For
example, Tensor Cores available Nmidia Volta and Turing GPUs operate on FP16
inputs in order to provide great speedup when performing convolutions or matrix multiply
operations Figure 2-10. Matrix processing operations on Nvidia Tensor CoFegure
2-10). Newer architectures such as Nvidia Hopper provide a now#l Boating point
format. FP8 reduces deviations from established IEEE 754 fleptimg formats with a
good balance between hardware and software to leverage existing implementations and
enhance developer productivitfVhile these reduced precision formatsn offer
improved performance, it is important to note that not all omeratshould be executed
using thesalata formag due to theitimited dynamic range, which may lead to potential
overflows.
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Many Deep Learning frameworks such as Tensor{0y or PyTorch[21] provide GPU
support inherentlyThe integration with GPUs is seamless, allowing users to leverage the
computational power of GPUs for accelerated deep learning tasks. Thesstexossy
continuously evolve, providing a rich set of tools, -pened models and libraries
advancing the Al development with their compute capabiliBetow, we summarize the
most important GPU advantages and disadvantages when considering Al acoeleratio
Besides the great support and ecosystem of GREsmiportant to carefully assess the
specific requirements of each application and workload to determine whether utilizing
GPUs will provide the desired benefits and outweigh any potential disadvantages

GPU advantages

A Theyoffer high parallel ppcessingrowerallowing them to perform multiple
computations simultaneously

A They have become the 4o hardware for training and deploying deep learning
models and Nvidia ecosystemalready across various domains and industries.

A Their priceto-performance ratio makes them attractive for tasks requiring
massive prallelism

A They can be easily scaled by adding multiple GPUs to a system, allowing for
increased performance and computational capabilities.

A They havencreased power consumption which results in higher electricity
costs and may require additional cooling measures.

A They excel at executing a single task on a massive scale but are reuivesl|
for generalpurpose computing tasks realtime serial tasks

A They are currently more costly than CPUs especially compared
with largescale GPU systems which can reach significantly high price points

FPGBased accel erators

A Field-Programmable Gate Array (FPGA) is iategrated circuit that can be configured
after manufacturing. The configuration is typically specified using a hardware description
language (HDL)or higher abstraction languages such as High Level Synthesis (HLS).
FPGAs consist of an array of programneblogic blocks and reconfigurable
interconnects, enabling the connection of these bldalgsie2-11). The logic blocks can

be set up to perform comgd combinational functions or act as simple logic gates like
AND and XOR. Many FPGAs also include memory elements within the logic blocks,
ranging from basic fliglops to more comprehensive memory units. This reconfigurable
nature allows FPGAs to be regrammed to implement different logic functions,
enabling flexible and adaptable computing akin to software programming.
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Figure 2-11. Internal structure of Xilinx FPGA [22]

More specifically, FPGAs, beyond being a mere array of gates, possess a sophisticated
network of interconnected digital subcircuits, designed with precision to efficiently
execute common functions and provide highifiéity. FPGAs mainly have 3 parts:

1 Configurable Logic Block®d At the heart of an FPGA's programmahigic
capabilities lies a collection of configurable logic blocks (CLB&timplement
logic functions.

1 Programmable Interconnects The CLBs within thd=PGA need communication
with each other achieved through a matrix of programmable interconnects

1 Programmable 1/0 Block8 In order to connect with external circuitry FPGAs
have programmable 1/O blocks

FPGA programmingd FPGA programming involves utilimg an HDL to tailor circuits
based on desired device capabilities. Unlike programming a GPU or CPU in a sequential
manner, the process entails creating circuits and physically modifying the hardware to
suit specific requirements. This process bears sitmgto software programming, as the
code which is written is converted into a binary file and loaded onto the FPGA. However,
the distinction lies in the HDL's ability to perform physical changes to the hardware,
rather than merely optimizing the device §oftware execution.

Unified software platformenablesoftware developer® utilize their preferred languages

to program FPGAs from Xilinx or Intel without extensive knowledge of HDLs. These
platforms work by translating highégvel languages into losv-level ones, allowing
FPGAs to execute the desired functions. Languages compatible with unified software
platforms for FPGA programming include:
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1 C and C++: HigHevel synthesis (HLS) now enablesb@sed languages for
FPGA design. The Vivado HLS compileirom AMD-Xilinx provides a
programming environment that optimizes C and C++ programs, allowing software
engineers to optimize code .using specific

1 Python: Designers can use the Python language and libraries to create high
performane applications and program FPGAs. For example, Xilinx PYNQ, an
opensource project from AMD simplifies FPGA usage on Xilinx platforms.

1 Al development frameworks: Al scientists can use FPGAs without hardware
knowledge. For example, with Vitis AR3] engineers can directly apply their
trained deep learning models from TensorFlow or Pytorch and compile them for
FPGA acceleration. This eliminates the need for-level hardware programming
and achieves fast compilation times, $anto thesoftwareexperiencef CPUs.
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o Build Model DPU IPs C,C++ Accelerated Libraries
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Figure 2-12. Xilinx Al Development stack
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In Figure 2-12, the whole Xilinx Development stack is shown. As already mentioned,
engineers can use high level tools such as Vitis for synthesizing a C/C++ function into
RTL. This highlevel code representthe desired functionality of the hardware module
that is going to be implemesd Foroptimization HLS tools offer various optimization
options to finetune the code for better results. The generated RTL code is then subjected
to the synthesis proceasd then transformed into a gdé®el representation, specifying

the actual logic gates and interconnections that make up the hardware design. Once
synthesis is complete, the tool performs pleceandroute process. During this step, the
gatelevel netist is mapped onto the FPGA's physical resources, such as lookup tables,
flip-flops, and interconnects. Afterishprocessthe FPGAbitstreamis generated. The
bitstream contains the configuration data required to program the FPGA, defining the
connectios and functionality of the hardware module.
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Additionally, Al engineers can take advantage of Al development stacks from FPGA
companies such as Xilinx Vitis Al. Vitis Al fully supports Al inference algorithms to be
accelerated in both edge and cloud environments. At the core of the Vitis Al stattlelie
Xilinx Deep Learning Processor Unit (DPU), a programmable {bgsed unit optimized

for implementing Convolutional Neural Networks (as depicteBigure2-12). The DPU
takes advantage of the parallel nature of the FPGA's programmable logic to perform fast
and efficient computations required for neural network inferembe. process of using
Vitis Al and DPUs typically involved) optimization anoptional process to reduce the
overall computational complexity of the model,) quantization where the model is
guantized to a lower bit precisioB) compilation where the DPU is configured to
execute the specifimodeland the FPGA is programmed with the DPU's bitstream.

Below, we summarize the main advantages and disadvantages of using FPGAs for Al:

FPGA advantages

A Theyare known for their power efficiency, as they can be optimized to
executeto redue erergy consumption compared to gengratposehardware

A Theycan achieve extremely low latency in processing data, making them
ideal for realtime Al applications where quick responses are critical

A They have highlexibility allowing them to ft to specific Al workloads

A The development and programming require specialized hardware engineering
skills, effort and time from the engineer perspective

A At the same performance leyEIPGAs are generally moexpensive than
GPUs, and the cost of hiring or training FP@GAignificant.

A Theyhave limited orchip resources, such as logic celfelmemory blocks
thus @mplex Almodelsoftencannot fit in the resources of a single device

A The eosystem is not amature as the ecosystem for CPUs and GPUs.

ASI-lCased accel erators

An Application Specific Integrated CircuifASIs) is an integrated circuit (IC) chip
customized for a particular uséor example Al model acceleration.They typically

contain a systolic array which is composed of a large network of basic computing nodes,
which can be either hardwired or software configured for specific applications. These
nodes are usually fixed and identical, while the interconnect bketwbem is
programmable.Unlike the conventional Von Neumann architecture, where program
execution follows a sequence of instructions stored in common memory, addressed and
sequenced under the CPU's program counter (PC), individual nodes within a systolic
array are triggered by the arrival of new data and process the data in a consistent manner.
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Due to its ability to handle multiple data streams through data counters, the systolic array
supports data parallelisnthis enables the systolic array éfficiently process multiple
data streams simultaneously.

There are many devicedeveloped by various companiasd organizationsthat are
classified aASIC Al acceleratorsThe most popular as of todayGoogle TPU (Tensor
Processing Unit)24] which shares many common characteristics with many accelerators
of the same categoryzoogle developed its custom ASIC Al accelerator, the TPU, to
accelerate machine learning workloads, particularly neural network infedrence

Figure 2-13). TPUs are extensively used within Google's data centers to accelerate
various Al applicationsThey incorporate specialized features like tnatrix multiply

unit (MXU), which optimizes complex matrix operations, and utilize optical circuit
switch (OCS) technology to achieve higandwidth memory (HBM). These TPUs can be
seamlessly grouped into clusters known as Pods, enabling scalable aheased
machine learning training and inferenBeveloperdeveragecloud as well as edg&PUs

to benefit fromhigh performanceseamlesslevelopment processes, and cost efficiency
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Figure 2-13. Google's TPU architecture and operation

TPUs, just like many Al accelerators, primarily focus on matrix processing combining
multiply and accumulate operations. They consist of numerous muditolymulators
directly inteconnected to create a large physical matrix, utilizing a systolic array
architectureas shown inFigure 2-13 For example, in the case of Cloud TPU v3, two
systolic arays with 128 x 128 ALUs each are present on a single processor. The TPU's
operation involves a stream of data into an infeed queue, where data is loaded into HBM
memory. After computation, the results are placed into an outfeed queue. The TPU host
then etrieves and stores the results in its memory. For matrix operations, the TPU fetches
parameters from HBM memory into the Matrix Multiplication Unit (MXU). Similarly,
data is loaded from HBM memory, and as each multiplication is executed, the result
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moves to the next multiplyaccumulator. The output is the accumulation of all
multiplication results between data and parameters. This process requires no memory
access during matrix multiplication, leading to a high computational throughput

Other ASICbased A accelerators utilize different kind of techniques to improve the
performance. Often, the multiplier circuit reduces its area and power consumption by
discarding certain partial products used in computing the final f@&jlt These circuits
trade off precision and circuit complexity enhance speed and power efficiency. This
approach is often referred to as tiqgoroximate computing paradigrwhich allows for
design approximations with an acceptable loss of accuhacil, many deep learning
models and algorithms can tolerate some loss of precision without significantly affecting
the final output or model accuracihus, custordesigned hardware chips oftenegrate

these kinds of optimizations to efficiently perfonaural network operations.

Through specialized desigkSIC-based accelerators have achieved remarkable levels of
performance and energy efficiencys Ahe demand for Al accelerators grows, many
companies are investing in custom ASIC development to gaomgpetitive edge in the

Al market. This has led to a surge in the number of startups and established tech
companies specializing in Al accelerator chips, contributing to a vibrant ecosystem of Al
hardware innovatiof6, 27, 28] However, these devices hawethpros and cons

ASIC advantages

A Theyareoftendesigned specifically for tensor operations, resulting in faster
training and inference times fBNNs compared t@theraccelerators

A Due to their specialized design, ASICs aeey energyefficient

A ASIC-based acceleratossich as TPUsan scale efficiently to handle large
scale Al workloads and models

A The design process cantirae consuming and the development cost high.

A They have limited reusability as the Al landscape changes significantly fast.

2.2.3 The Role of Approximate Computing

The failure of Dennard scaling resulted in the emergence of the "dark silicon problem"
[29], compelling computer designers to explore innovative approaches to maintain and
enhance the efficiency of computing systeMéthin the field of computing, several
groundbreaking paradigms emerged, and over the past decade, one of the most
remarkable developments has been in Approximate Computing (AxC) research
Approximatecomputing involves techniques that leverage the inherent error resilan
various applications to achieve enhanced efficiency in terms of energy and performance
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at all levels of the computing stackl applications offermany opportunities for the
implementation of AxC techniques due to several factors:

1 Inherent Error Redience Many Al tasks often involve handling large datasets
and complex models. These tasks exhibit a level of inherent error resilience,
meaning that small deviations in computation or approximations may not
significantly affect the overall quality of éfresults.

1 Function Approximation Al tasks frequently involve approximating complex
functions to model patterns and relationships within data. AXC techniques can be
applied to these approximations, optimizing the trafiebetween accuracy and
computational resources.

1 Computational Intensitpf Al: Al applications, especially deep learning models,
can be computationally intensive, requiring substantial resources for inference and
training. AXC techniques can significantly reduce these computational demands
without compromising the quality dhe results, making Al applications more
efficient and coseffective.

{1 Parallelism and Hardware AcceleratioAl workloads often lend themselves well
to parallel processing and hardware acceleratiorspecific parallel computing
systemsand specialized drdware [24] AXC techniques can be efficiently
implemented, further enhancing their benefits in terms of perfornaraergy.

1 Realtime and Embedded Systentis certain Al applications, such as those in
reattime or embdded systems, power and resource constraints are critical
considerations. AxC techniguean addresthese limitations.

1 Emergence of Lowrecision Hardware AxC aligns well with the trend of
developing specialized loyrecision hardware for AIAXC necesgdates low
precision hardware to fully realize its potential, leading to the creation of such
hardware that leveraged AxC for improved performance and energy efficiency.

1 Tradeoff Flexibility: AXC was developed to manage the complex teafte
between accuacy, performance, energgc AxC allows for flexible optimization
of these parametersnabling more effective adjustments based on specific needs.

Taxonomy of AxC techniques foAl & In the past decade, there has been a focused
effort to develop Approximate Computing techniques for AI/ML applications, driven by
the prospect of achieving significant improvements in performance and computational
efficiency. These AxC techniques have be&plored across the entire computing stack,
ranging from algorithms to circuitdrigure 2-14 illustrates a taxonomy of various
approximate computing techniqueargeing AI/ML applications. Notably, the most
successful techniques are inherently cilagered, wherein multiple layers of the
compute stack are jointly designed to maximize the benefits of approximations while
minimizing their impact on the quality of the&l output of the applications.
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Figure 2-14. Taxonomy of Approximate Computing techniques

Delving into Figure 2-14, we can observe that there are several optimizations that can be
applied on thealgorithm level. Most techniques concern the reduction of the
computationsor memory of the model with the most popular beingruning or
guantization Also, at thearchitecturallevel, hardware accelerators for AlI/ML typically
consist of arrays of processing elements. AXC techniques leverage these processing
elements to perform neural network operations more efficiently, optimizing both
performance and energy consumptibast bu not leastgircuits play a crucial role in the
implementation of approximate computing systerRsevious techniques such as
guantization heavily rely on efficient approximate circuit design to achieve maximum
benefits. These types of approximations arsually categorized as i) logic
approximations, which involve making slight modifications to the logic functionality of a
circuit, and ii) timing approximations, where the circuit is designed and operated at an
overscaled voltagdrequency point.

2.2.4 Reviewof RelevantStudies andResearch in thefield

This subsectioraims to offer a comprehensiveviewof the most influential architectures
used for accelerating Deep Learning (DL). It highlights various approaches that support
DL accelerationincluding GPU-based acceleratorSPGA-based accelerators and ASIC
based acceleratothat we introduced in the previous subsectionthis study, we have
examined the research on DL accelerators over theypas$ that have influenced the
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ecosystem of Al hardwarenovation It is important to note that due to the prolific and
rapidly evolving nature of DL acceleration, we acknowledge that our review may not
encompass all research works to d&@tas survey can serve as a connecting pointHer

next chapterswhich focus on specific aspects ohardware optimizatiognsuch as
reconfigurable hardwareand approximate computinglTo organize thesubsection
effectively, we have structured it into different categobased on thareaof computer
architecture and hardwareesign. Within each classification, we have cited research
papers thatvere significant for the community but also for our disserta#alditionally,

we have selectively chosen the most notable and influential worter approximate
computing for Al whichChapter 4 centers on.

Our main interest was tmainly investigate the trends in performanoeer several
hardware accelerators along wittow numerical precisior(or other approximation
techniques)have impacted these trends. Figure 2-15 we show a small group of
accelerators fronB30] over the 16year periodplotted agaist their peak performance for
one or more precision format¥his plot highlights the substantial performance gains
achieved over the past decade by supporting lower precision formats.
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Review on GPU accelerators

Various vendors, including Nvidia, AMD and Intel, have ventured into the development
of GP-GPU architectures, primarily focusing on Higerformance Computing (HPC)
and, more recently, Artificial Intelligence (Al) computing. Despite their shared hardware
details, there is a lack of consistency in the terminology employed by these different
vendors. For instance, while AMD refers to it as "Compute Umlyidia calls it
"Streaming Multiprocessor,"” and Intel uses "Compute Slice" or "Execution Unit."
Furthermaoe, Nvidia refers to the set of instructions scheduled and executed at each cycle
as "Warp," while AMD adopts the term "Wavefront,” and Intel utilizes -“"Hiead." In

terms of the execution modéllvidia employs the "Single Instruction Multiple Thread
(SIMT)" approach, while both AMD and Intel use "Single Instruction Multiple Data
(SIMD)". Table 3 presents the primary hardware characteristics of the three most recent
GP-GPU architectures, namelNvidia H100 , AMD, and Intel. The comparison includes
the peakperformancen Teraflopsrelated to 3zbit singleprecision(SP) 64-bit double
precision(DP) andhalf-precision(FP16 along withThermal Design Power (TDP)

Model (Vendor) H100 Instinct MI1250X Arc 770
(Nvidia) (AMD) (Intel)
#physicalcores 132 220 32
#logicaklcores 16896 14080 4096
Clock (GHz) 1.6 1.7 2.4
Peak perf. DP (TF) 30 47.9 4.9
Peak perf. SP (TF) 60 95.8 19.7
Peak perf. FP16 (TF) 120 383 39.3
Max Memory (GB) 80 HBM2e 128GB HBM2e 16GB GDDR6
Mem BW (TB/s) 2.0 3.2 0.56
TDP Power (Watt) 350 560 225

Table 2-1. Hardware characteristics of recent GPU systems developed by NVIDIA, AMD, and Intel

Nvidia GPUs have established their dominance in the Al market, positioning themselves
as the prevailing choice for artificial intelligence applicatig@&]. With their high
performance and specialized architecture tailoredpérallel processing\vidia GPUs

have demonstrated superior capabilities in accelerating deep learning algorithms and
largescale neural network training. The extensive support for Al frameworks and
libraries,such as PyTorch and Tensorfleaupled withadvanced software optimizations,
further makes these GPUss the gedo solution for Al researchers, data scientists, and
industrieswho aim to find seamless solutions for theirtAsks Considering the above,

we examine the Nvidiarchitectures through the years and give a comprehensive review
on the related work and research, specifically for Al inference applications.
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Advancements im\vidia GPU technologiesd Considering each generation of Nvidia
architecture, some minor differeggoccurred. Through the years, Nvidia developed more
efficientarchitecturesindAl-specificcircuits to implemenefficiently Al algorithms.

With the Kepler architecture, Nvidia introduced K20, K40, and K80 GPUle T
K40 processor offers more global memdhan the K20, leading to slight improvements
in memory bandwidth and floatifgpint throughput. On the other hand, the K80 features
two enhanced Kepler GPUs with additional registers and shared memory, along with
extended GPUBoost capabilities. The peaakgleprecision performance of the Kepler
K20 and K40 is approximately 5 Tflops, while the K80's aggregate performance from two
GPUs reaches around 5.6 Tflops. The peak memory bandwidth is 250 GB/s for the K20X,
288 GBY/s for the K40, and a combined 48B/§for the K80.

Moving to thePascalarchitecture, the P100 boandsdesigned to address memory
challenges with stacked memory technology, integrating High Bandwidth Memory 2
(HBM2). This resulked in greater bandwidth, more than double the capacity,hagtter
energy efficiency compared to previous generations usingaufage GDDR5. The
P100 achieves peak performances of about 10.5 Tflops in single prexidi&3 Tflops
in double precision. The peak memory bandwidth is increased to 732 GB/s.

The Volta architecture combirte High-Performance Computing (HPC) and Al
capabilities, incorporating Tensor Cores optimized for deep learning and second
generation NVLink with increased throughput. The Tesla V100 offers 7.5 Tflops of DP
computing throughput and 90@GB/s peak memory bandwidth, %.4and 1.%
improvements over Pascal, respectively.

In the Ampere architecture, Tensor Cores have been significantly enhanced,
boosting deep learning throughput by 10 times compared to V100. The A100 GPU
delivers peak perforances of 9.7 Tflops in DP and 19.5 Tflopgh FP32.

Finally, the Hopper architecture representév i d lated@enerationintroducing
new streaming multiprocessors with advanced features. With Tensor Cores that are 6
faster than A100's chip-chip, amemory subsystem based on HBM3 modules providing
nearly a 2 bandwidth increase, and foutfeneration NVLink providing 8 bandwidth
increase, the Hopper achieves remarkable peak performances of 24 Tflops in DP and 48
Tflops using FP64 Tensor Core and FP32 operations. The Hopper's H100 SXM5 GPU
supports 80 GB of fast HBM3 memory, delivering over 3 TB/sec of memory bandwidth,
effectively doubling the memory bandwidth of the A100. Additionally, the H100
introduces DPX instructions to accelerate Dynamic Programming algorithms with support
for advanced fused operands. The PCle version of H100 provides 80 GB of fast HBM2e
with over2 TB/sec of memory bandwidth.

Ités worth mentioning that Nvidia has establ
workloads both in edge and cloud domains. Consequently, the availability of this
computing powerand the novel compute capabilities ®@PUs targeting Al workloads

facilitated the advancement méwDNN applicationswith higher computational needs
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Related research on GPU8® Many research papers utilized GPU accelerators to
develop or deploy their applications. Specifically, researchectl® computer vision and
neural networkinferenceand trainingstarted to grow with thenfluential paper ofAlex
Krizhevskyet al.[9]. It introduced the AlexNet architecture, a deep convolutional neural
network th& achieved a significant breakthrough in image classification accuracy on the
ImageNet dataset. The use of GPUs was instrumental in accelerating the training of deep
neural networks. After, several other works introduced new Al models that solved more
abstact tasks.

Object detection algorithms such Baster RCNN [32] or YOLO [33] proposed
new modelarchitecturs for object detectionTheyachieved statef-the-art performance
in object detection and benefited from GPU acceleration during both training and
inference. However, eattime inference requickefficient processing of the entire image
in a single pass, which can be computationeligllenging for large images and complex
scenes.As Shi et al. [18]also suggested othe rationale for edge processinie
tremendous data generated by |oT nodeeates significant challenges in edge
applications.In their comprehensive analysis of edge processing applications, they
advocate the execution of video analytics close to the data sblwidea and other GPU
vendors introduced tensorixed-precision omputing, dynamically adapting calculations
to decrease latencyseveral previous work tockdvantageof the computing capabilities
of the tensor cores to efficiently deploy Al algorith{@3d] [35] [36] [37]. Tensorcores
however,are optimized for typicallyfor 16-bit or &bit arithmetic While this is often
sufficient for training and inference in deep learning, it ks to potential issues with
numerical stabilityor data format constraints It also makes balancing accuracy and
power a difficult task as there is limited support for other precision datatypes in contrast
with other Al acceleratorf88] [39] [40].

Another important workof the last yearghat influenced the Al ecosystem was
"Attention Is All You Need" (2017) by Vaswani et [@l1] with the advent of the novel
Transformer Al model The parallelizable natureof the transformer modemade it
suitable forhardware acceleratioithis paper inspired efforts to optimize and accelerate
these operatianon specialized hardware but also other Al accelerators, to handle large
scale language models efficiently. However, it is not trivial to handle the model's massive
data dependencies and memory bandwidth requirements. Researchers have addressed
these chdénges through techniques like quantization, sparsity, and model disti[ktipn
[42] [43] but this remains an open issue.
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Revi erlPGA\T cel erator s

FPCGA-based acceleratiprespeciallyfor neural network inferencenas emerged as a
compelling area of research, presenting a promising alternative to GPUs in terms of speed
and energy efficiencyResearchers have been developing specialized hardware designs t
unlock the full potential of FPGA as a viable solution. Numerous FB&sed
accelerator concepts have been proposed, incorporating both software and hardware
optimization techniques to achieve impressive levels of speed and energy effiéiency.
comprehesive investigation spanning from software to hardware, and from circuit to
system levels, has been conducted to provide a holistic analysis of-B&s@4 neural
network inference accelerator desgihis study serves as a valuable reference and
guide forfuture researctbut also for comparison with the usases of the next chapters
which focus on reconfigurable computing.

According to market share researd&iyID-Xilinx holds the dominant position as the
largest FPGA manufacturer with 3.06 billion in revenue as reported in the 2019 annual
reports. Following Xilinx is Intel, with 1.987 billion in revenue in the same year. Apart
from these major players in the FPGAarket, there are also other FPGA manufacturers
such asLattice Semiconductor and Archonix Semiconductor. Among the leading
companies, Xilinx, Inteloffer high-performance FPGA platforms that include the ARM
CPU pocessobut also PCI compatible cards tlatach to serverdntel focuses on GPU

and machine learning processor examples, with their VPU primarily targeting image
processingTable2-2 shows a summary of A hardware platforms ltés worth no
that Xilinx offers a wide range of devices spanning from edge to cloud and hence, this
paragraptwill primarily focus on examining Xilinx'sechnologiesn this context.

FPGA Series Company | DSP Description
Slices
Agilex AGF027 Intel 8528 Quad core ARM CortedA53, PCle Gen5
Stratix 10 DX 2800 | Intel 5760 Quadcore ARM CortexA53 HPS, HBM2
16G, Intel Optane DC
Stratix 10 GX 2800 | Intel 3456 DDR4
Arria 10 GT1150 Intel 1518 DDR4
Virtex VU19P Xillinx 3840 DDR4, server Class DIMM
UltraScale+
Zynq UltraScale+ | ZU7EV Xillinx 1728 QuadCore ARM CortexA53 MP Core,

Dualcore ARM CortexR5 MPCore and
Mali 400, MP2 GPU, DDR4

Zynq UltraScale+ | ZU7CG Xillinx 1728 DualCore ARM CortexA53 MP Core and
ARM CortexR5 MPCore, DDR4
Alveo U200 XCU200 | Xillinx 5867 Server Class, DDR4

Table 2-2. Summary Table of FPGA platforms for Xilinx and Intel
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Advancements inXilinx FPGA technologiesd Xilinx, one of the leading FPGA
manufacturers, has introduced several generations of FPGAs over the years, each
representing significant advancements in technology and capabildeEew is an
overview of some key Xilinx FPGA generations and their evoiuti

The Virtex series The Virtex series, introduced in the 1990s, marked Xilinx's first
foray into highend FPGAs. These devices offered higher logic density, improved
performance, and more resources compared to previous FPGA families. Virtex FPGAs
also ncluded specialized features such as Block RAM (BRAM) and Digital Signal
Processing (DSP) slices, making them suitable for a wide range of applicatitimshe
Virtex-6 seriesyears after Xilinx moved to a 40nm process, further improving
performance angower efficiency. These FPGAs featured advanced DSP slices and on
chip memory, making them suitable for applications in communications and signal
processing.

With the 7 series including Artix-7, Kintex7, and Virtex7 families, Xilinx
brought significantmprovements, such as the adoption of 28nm process technology. This
generation offered higher logic capacity, improved power efficiency, and krsgked
serial transceivers.

The UltraScale seriesrepresented a major leap in FPGA technology, introducing
20nm process nodes. It brought massive increases in logic and memory capacity, as well
as advancements in higipeed serial transceivers and DSP resources. UltraScale FPGAs
offered a higher level of integration and performance for demanding applications.

The UltraScale+ series continued the evolution, incorporating 16nm process
technology. It further enhanced performance, power efficiency, and integration
capabilities. UltraScale+ devices included features like High Bandwidth Memory (HBM)
integration, versde programmable 1/0O (PIO) banks, and advanced sytesai features.

The newergeneration of devices wabke Versal seriesbuilt on the TSMC 7 nm
FINFET process technologyhese devices included a typigabgrammabldogic with
some improvements in DSPs and other components, but also introduced the new Al
engines. These intelligent engine®vided up to 5« higher compute density for vector
based algorithmsompared with previous approach&bkey were ptimized for re&time
DSP and AlI/ML computatiobuilt from the ground up to be software programmable and
hardware adaptablén particular,Al Engines are an array of velgng instruction word
(VLIW) processors with single instruction multiple data (SIMD) vector urhitgt fare
highly optimized for computetensive applicationsWith this new technology, AMD
Xilinx introduced a new paradigm of Al acceleration.
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Related research ofPGAsd The versatilityof FPGAs have made them particularly
attractive for researcldevelopment, and deployment in various applications, including
edge devices, data centers, and Internet of Things (I0T) devices.-B&S&4 accelerators
have shown to significantly reduce power consumption, contributing to ea#irggnt

and environmently friendly computing solution§44, 45]

One common method of achieving parallelization in FPGAs is by reducing the
computation's bitvidth directly which consequently leads to a reduction in the size of
computation units. In statef-the-art FPGA designs, 38it floating-point units are often
replaced with fixedpoint units. For instance, Podili et §6] implemented 3it fixed-
point units for their proposed systewhile other works likg47, 48, 49)widely adopted
16-bit fixed-point units.Notably, someworks explore narrowr bit-width desigis. For
example, Guo et al[50] employed &it units for their embedded FPGA design.
Surprisingly, experiments with extremely narrowtworks, such as Binarized Neural
Networks (BNN) that employ-bit weights/activations, have shown remarkable results,
exhibiting little accuracy losgp1, 52, 53] Low bitwidth fixed-point arithmetichasbeen
appealing to the FPGA designers and the lastateof-the-art designs have been
leveragingthem to reduce latency and power. Ofteftraéning or calibration is needed if
aggressive quantization is applied so as to optimize the weights ortiaovi the new
value distribution$54, 55}

Several prior works focused on optimizing convolution operations in
convolutionallayers by adopting alternative mathematical functidrtgee convolutional
layer isthe most common layer for acceleration in neural networks in computer vision.
For examplein [56] they used Discrete Fourier Transformation (DFT) from digital signal
processing for faster convolutions. Zhang et al. intoed a hardware design utilizing 2D
DFT. Also, acording to Ding et al[57], a blockwise circular constraint can be utilized
on the weight matrix. By doing so, the matviector multiplication in Fully Connected
(FC) layes is transformed into a series of 1D convolutions, enabling acceleration in the
frequency domainlLast, severalpaperson neural network acceleration oRPGAS
proposed the fast Winograd algorithm reduce the number of arithmetic operations
required for onvolutions[58, 59]

Despite the efforts from the researchers to reduce memory or compute
requirements of neural networks to achieve acceleration, there are always design or
productivity limitations. HigHevd synthesis tools and design frameworks can help
improve design productivity, but they may still face limitations in handling complex CNN
archiectures. Several previous worksgve proposed frameworks to automate the
optimization of CNN models for FPGA$0, 61} Another popular framework iEINN
[62], an endto-end tool that enables desigpace exploration on reduced precision neural
networks. HLS4ML [3] is another widely adoptedool that automatically creates
firmware implementations okl algorithms using high level synthesis langudgehese
frameworks, however, the produced designs were not always optimal while there were
manylimitations and partial support for neural networks layers or operations.
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Revi eA6slaCocel erators

ASIC accelerators play a crucial role in the acceleration of deep learning tasks, providing
highly efficient and powerful solutions for a wide range pplaecations. As the demand

for Al and deep learning grows, ASIC technolagyntinues to advanderther enhancing

the capabilities of these specialized acceleraBomgle has been a major contributor to

Al hardware with its custordesigned Tensor Proc&sg Units (TPUSs). Also, Intel's Al
hardware division,Habana has been developing dedicated ASICs. These chips are
designed to deliver high performance and efficiency for deep learning workloads.
Graphcore has also gained attention for its IntelligenceeBsing Units (IPUs), custem
designed ASICs for Al acceleration. IPUs focus on parallelism and use a novel graph
based approach to accelerate neural network computations. Cerebras Systems has
developed the Wafe$Scale Engine, a revolutionary Al acceleratioat covers an entire
silicon wafer with a massive number of cores and memory, providing exceptional
performance for deep learning. While there are many ASIC Al accelematstsof them
includesomecommon characteristics such @sstomized instructioness and data paths
tailored for Al or specialized tensor processing units Table 2-3 we summarize some
important Al accelerators.

Company Product Label Form Factor
Cerebras CS1 CS1 System
Cerebras CS2 CS2 System
Google TPU Edge TPU Edge System
Google TPU1 TPU1 Chip
Google TPU2 TPU2 Chip
Google TPU3 TPU3 Chip
Google TPU4 TPU4 Chip
Google TPU4i TPU4i Chip
GraphCore Cc2 GraphCore Chip
GraphCore Cc2 GraphCoreNode | System
GraphCore Colossus Mk2 GraphCore2 Chip
GraphCore Bow-2000 GraphCoreBow | Chip
Habana Gaudi Gaudi Card
Habana Goya HL-1000 Goya Card
Qualcomm Cloud Al 100 Qcomm Card

Table 2-3. List of ASIC Al accelerators

Many of these accelerators leveratgaflow processing, a unigue computational model
that organizes computations based on the availability of data rather than control flow.
Neural network traiing and inference computations can be effectively mapped in a
deterministic manner, making them wslited for dataflow processing. This kind of
architectures offers advantages in terms of flexibility, resource utilization, and parallelism
compared to aditional instructiorbased architectures.
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Advancements imPASIC technologie®d Thefirst generation of ASICdedicated to deep
learning emerged around 2015. Google's Tensor Processing Unit (TPU) was one of the
pioneering ASICs in this category, optimizedr finference tasks. These ASICs
demonstrated significant performance improvements compared to GPUs and CPUs for
deep learning workloads.

In the following years,secondgeneration ASICdurther improved upon the
performance and efficiency of early Al chipehese chips incorporated more advanced
architectures and optimizations, enabling better parallelismpport for better
quantization techniques, and memory management. NVIDIA's Volta and Xavier GPUs,
equipped with Tensor Cores, were notable examples igfgdnerationwhich can be
characterize@s Al chips.

With large-Scale and wafescale ASICslater generations pushed the boundaries
of scale and size. Cerebras Systems introduced the \Sedde Engine (WSE)an
innovative Al accelerator that spans an entire silicon wafer, feattiromgands o€ores
anda largesizememory Such largescale ASICs provided unparalleled performance for
both training and inference taskend addressed the problem of-adrip memory
limitations which is a common challenge faced in the design of Al acceler@emebras
tried to overcome the echip memory limitatim which arises due to the physical
constraints of the chip's size by creating a laig@untof memory that could fit into their
custom chip. Thus neural network memory such as intermediate data, activations, and
model parametersould be successfully pressedn-chip during computation.

Next generations focused dmgh-efficiencytraining ASICs While early ASICs
focused primarily on inference, later generations addressed the demands of Al training
workloads. Companies like Habana LabsGraphcore deveped ASICs optimized for
Al training tasks, with features such as large memory bandwidth, higher precision
arithmetic, and sophisticated communication mechanisms between chips.

|l tds worth mentioning that due to the s
avalable, efforts have been made to establish a standardized benchmark that facilitates
fair comparisons among these devices. An initiative with the name MLPerf aimed to
provide an impartial and objective performance standard for software frameworks,
hardware platforms, and cloud solutions involved in machine learning. A diverse
consortium of Al community researchers and developers from over 30 organizations
collaboratively designed and continually enhahiteese benchmarks. Various companies
uploaded their dece benchmarks over MLPerf which through the yeaasle MLPerf to
becomea widely recognized and respected benchmarkuige. Now it is an industry
standard as it has independent and objecthatuatiors, recognition and wide adoption
over many major@mpanies in the field.
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Related research o\SICs d ASIC Al architectures often incorporate innovative
approaches, such as dataflow processing, systolic arrays, and specialized units for matrix
multiplication and tensor operations. There are also heterogeneous approaches exploring
hybrid architectureg24, 28, 27]that combine different processing units (e.g., scalar
processors, tensor processors, vector units) to achieve a balance between flexibility and
efficiency.

Reduced precision (e.g., -bi, 8-bit) continues to be the default numerical precision
for these devices whether targetiagmbedded, autonomows data center applications.

The precision provided by these formats is generally sufficient for most Al/ML
applications that involve a reasonable number of cld68e$4] It is also very common

for Al chips to appear in embedded systen-chip (SoC) solutions, which often include
low-power CPU cores, audio and video anaiogligital converters (ADCs), encryption
engines, network interfaces, etc. Also, mostcAlp companies like Cerebras or
GraphCore have highly scalable intestworkng technologies that allow thousands of
cards to be interconnected. This scalability is particularly crucial for dataflow accelerators
and facilitates the networking of multiple cards, effectively handling even extremely large
models like transformen®5]. Nevertheless, the evarcreasing computational demands

of modern complex DNNs cannot be met by these devices aaodeoften more
aggressive optimizations are needed.

While some approaches like the previous hawtuoed precisiorarithmetic a large
number ofstateof-the-art works employapproximate multipliers to address the highly
increased compute demands of DNN accelerafgproximate computing techniques are
based on the intuitive observation that achiewemgct computatiorffor example exact
multiplication) is not often needed66] employed approximate multipliers to different
convolution layers and67] proposed a compact and eneggficient multiplierless
artificial neuron.Most of previous works focus on layetise approximatiorj68] where
each layer has a different multiplier. Extensive search although is needed to find the
optimal approximation pefayer. Alsq usually additional finetuningor retraining is
required to mitigate the error induced by the approximate multipliers.

Evaluating the accuracy on approximate DNNs is cumbersitueeto the limited
support from DL frameworks which do not havetiopzed approximate mathematical
operations. Thus, there have been many works that proposed approximate DNN
frameworks[69, 70, 71]but there are still open challenges such as overcoming tve slo
inference timedue to limited approximate arithmetic support from DL framewpor&s
training on approximate operations or finding optimal approximation per layer using
search algorithms.
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Optimization of Deep Learning
Accelerators

In this section, we present a detailed analysisajfware andhardwareoptimization
techniques applied t®eep Neural Networksfor efficient inference The first section
describeseveraloptimizations that were explorédroughouthis thesis with a p#cular
focus on theiuse andmpact on computer vision tasks such as image classification. In
the next three subsections, thrdistinct Al tasks are examined with implementation
details regarding acceleration using reconfigurable hardware. The lashgaeisents a
comprehensive entb-end frameworkdr automatic acceleration of Convolutional Neural
Networkson FPGAsand shows its performanterough different experiments.

3.1 Overview

We begin this chapterby discussing various strategies and techniqoesnprove the
efficiency and performance oheural networks for both software and hardware
implementationsFrom the software perspective, \@iscuss theoptimization techniques

of quantizatiorandpruning to reduce the precision of weights and actimat@ong with

layer fusing to overcome the overhead due to memory access and intermediate data
storage.From the hardware perspective, we cover the most important optimizations,
which are universal for many hardware platforms, but with a focus on regraiflg
hardware.These include the parallelizatiostrategies data movement and precision
saling techniques. Next, we give three real world -oaees wherevarious ML/AI
algorithms wereacceleratedising FPGA platforms, along witin-depth explanations of

the implementation process and the outcomes obtairsed, we present our eitd-end

tool for automatic FPGA firmware generation from CNNSs, which is based on HLS4ML
[3] tailored for cloud FPGA architectures
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3.2 Common Techniques forEfficient Inference

In scenarios requiring the executioh Al algorithms with constrained energy and low
latency, there arises a demand for achieving ereifgyient deep learning execimn.
Numerous techniques can be employed to streamline the DNN inference process and
improve its efficiency, making it more feasible to deploy on various hardware platforms
with constrained resources such as FPGAs. However, we focus on the most important
ones, namely quantization, pruning, and layer fusion.

3.2.1 Software: Quantization, Pruning and Layer Fusion
Quanti zation

The main challenge occurs when running on smaller, less powerful devices, but often on
cloud devices as well, where there is higemory and computational demand. It involves
adapting a relatively large neural network to operate efficiefitythis end, the most
effective technique is known as quantizati®n. understand the concept of quantization,

it's crucial to firstexaminewhy neural networks, in general, require substantial memory.

As we described i2.1.2 aneural network comprises interconnected neurons organized
into layers. Each layer involves a set of interconnected neurons, each having its weight,
bias, and associated activation functidduring training, the weights, biases, and
activations are adjusted to optimize the neural network's performance. These values
represent the majority of data stored in memory by the network. Typically, they are
represented as ddt floating-point valuesto ensure high precision and accuracy. This
precision comes at the cost of memory usage, especially for large networks with millions
of parameters and activations. For instance, théay® ResNet architecture includes
approximately 26 million weights an@lé million activations. When stored as-Bi2
floating-point values, the entire architecture requires around 168 MB of storage.
Consequently, this is why neural networks tend to consume significant memory
resources.

Quantization however,s important nbonly for reducing memory requirements but also

for optimizing computations in hardware accelerators. It plays a crucial role in improving
the overall efficiency and performance of DNNs on hardware dewigels as GPUs,
FPGAs and other specialized acceltors. Generally, quantized neural networks use
integer arithmetic format as we will see next, although new FP8 datatypes have been
recently proposed and adopted by various compajii@s Integer operations are
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generallyfaster and require less power than floafpmnt operations. This allows the
accelerator to process more data in parallel and achieve higher throughput

Quantization concepd Quantization involves reducing the precision of neural network
parameters, kluding weights, biases, and activations, to decrease their memory
consumption. For example, & floatingpoint values which are used to represent
parameters are converted into a more compact representation, subk agegjers.int8
guantization havecome a popular approach for such optimizations not onlygldep
learning frameworks like TensorFlow and PyTorch but also for hardware toolchains like
NVIDIA TensorRT and XilinxVitis Al framework.

To transition from floatingpoint to more efficientiked-point operations, we require a
method to convert floatinrgoint vectors into integers. This conversion can be achieved
by expressing a floatingoint vector x as an approximate scalar multiplied by a vector of
integer values

0 isto o

We use a floatingoint scale factor,y, and an integer vector (e.g., INT8) denoted as

to quantize the vector x. The quantized version of the vector is representedgas
applying quantization to both the weights and activations, we can expesgsiantized
version of the accumulation equation

5 H  f 5o
"H "inf R (40
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Often, separate scale factors are used for weighdsaphd activationsi¢) as they offer
increasedlexibility and reduce quantization errors. By applying each scale factor to the
entire tensor, we can factor them out of the summation in the previous equation, allowing
for fixed-point format MAC operations. Bias quantization is currently omitted, aebia

are typically stored with a higher hitidth (32bits), and their scale factor depends on
that of the weights and activatiori63]. Maintaining a higher biwidth for the
accumulators, is crucial to prevent potentiaislolue to overflow during the computation

The quantization scheme referred tauagormaffineis widely used because it allows for
an efficient implementation of fixegoint arithmetic Uniform affine quantizationalso
known asasymmetriguantization is characterized by three quantization parameters: the
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scale factor (s), the zeqmwint (z), and the bitvidth (b). These parameters work together

to map a floatingpoint value to the integer grid, whose size is determined byidih.

Oncethe three quantization parameters are defined, we can proceed with the quantization
operation. Beginning with a reahlued vector x, we map it to thumsignednteger grid
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where@is the rouneto-nearest opator and clamping is defined as:
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To approximate the reaflued input x we perform @e-quantizationstep:
0 0 {60 o

By combining the two steps mentioned earlier, we can present a comprehensive definition
for thequantizationfunction, denoted a$ 8:
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Through the deuantization step, we can determine the quantizatiod gmits

n M  hwheren i dandn i ¢ p @. Values ofo outside this
range will be clipped to these limits, resulting in a clipping error. To reduce the clipping
error, we can expand the quantization range by increéstngcale factor. However, this

also leads to increased rounding erroiit &sls within the range -i,-1i .

Quantization techniqgues 8 Normally, the quantization type can Heosttraining
qguantization (PTQ) or Quantizati@aware training (QAT). In the first, the model is
guantized after it has been trained while on the ldttermodel is further trained with
quantization in mindPTQ can be data free or require a small catibn dataset while

QAT will often require dataWhile PTQ is more straightforward to implement as it
doesn't require retraining, QAT can often result in more accurate quantized models due to
its trainingawarenessHowever, finding optimal quantization rages is critical for
minimizing quantization errors in PTQ, whereas QAT needs to handle the complexities of
training with quantization constraintsast, quantization may need to be tailored to match
the capabilities and preferences of the target hardwaseiring the best performance and
accuracy.
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Pruning

Considering the redundancy in neural network parameters, network pruning involves the
elimination of certain parameters, specifically setting them to zero, that have no
significant impact on the modefxrformance (i.e., its accuracy). The concept of pruning
was initially explored in Optimal Brain Damad&3], where weights with minimal
influence on the loss function during training were pruned. A simpler appi{@d¢h
involves pruning weights with small magnitudes after training, followed bytfineg

the remaining weights to recover any potential accuracy loss. This straightforward and
linear method allows for a substantial reductiorthie number of parameters in models
such as the weknown AlexNet modelachieving up to a 10x reductiprd].

Pruning conceptd There are various methods for pruning a neural network. One
approach involves pruning weightshich entails setting specific parameters to zero,
effectively making the network sparse. This results in a reduction of parameters in the
model while maintaining the original architecture intact. Another method involves
eliminating entire nodes from thestwork. By doing so, the overall architecture of the
network becomes smaller, with the goal of preserving the accuracy achieved by the initial
larger network.

Weightbased pruning is more popular due to its ease of implementation without
compromising the network's performance. However, for it to be effective, sparse
computations are necessary, which demands hardware support and a certain level of
sparsity to achieve efficiency. On the other hand, node pruning enables dense
computation, whgh is highly optimized and allows the network to run normally without
relying on sparse computation. Dense computation is generally better supported by
hardware. Nevertheless, the removal of entire neurons can more readily impact the
accuracy of the neuraktwork. Below is the visualization of pruning weights/synapses:

before pruning after pruning

pruning
synapses

-—>

pruning
neurons

Figure 3-1. Visualization of pruning weights/synapses vs nodes/neurons
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Pruning techniquesd A significant challenge in the pruning proseges in deciding

what to remove. When eliminating weights or nodes from a model, the objective is to
target parameters that are less valuable. There exist various heuristics and methods for
identifying less important nodes to be pruned while presendgogracy to the maximum
extent possible. These heuristics often rely on analyzing weights or activations of neurons
to assess their significance in the model's performance. The ultimate goal is to eliminate a
greater proportion of the less crucial paranseter

One of the simplest pruning techniques is based onnthgnitude of the weight
Removing a weight essentially involves setting it to zero. To minimize the impact on the
network, it is prudent to remove weights that are already close to zero, indicating
magnitudes. This can be practically achieved by discarding all weights below a certain
threshold. When pruning a neuron based on weight magnitude, the L2 norm of the
neuron's weights can be utilized as a helpful criterion.

Rather than relying solely on weights, thetivations from training dat@an serve as a
criterion for pruning. During the dataset's pass through the network, certain statistics of
the activations can be observed. For instance, some neurons may congstehite
nearzero output values, suggesting that these neurons can likely be removed with
minimal impact on the model. The underlying intuition is that if a neuron rarely activates
with a high value, it is also rarely involved in the model's task.

It's worth noting thatactivationbased pruning can be more aggressive compared to
weightbased pruning since it directly considers the importance of neurons based on their
behavior with the training data. However, the effectiveness of activatised pruning

may vary depending on the specific dataset, architecture, and task. As with any pruning
method, it's essential to evaluate the pruned network's performance and, if necessary,
apply additional techniques to maintain or enhance its accuracy and capalultziy,

in a neural network, all neurons should possess unique parameters and output activations
of significant magnitude, without redundancy. The goal is to ensure that each neuron
contributes something distinct, while removing those that fail to do so.

Last, when evaluating a pruning method, several metrics come into play besides accuracy
such as size and computation time. Accuracy is crucial for assessing the model's
performance on its task. Model size refers to the amount of storage requireck tthastor
model's parameters. Computation time can be measured using FLOPs (Floating Point
Operations), providing a consistent metric that is independent of the system on which the
model runs. Pruning involves a tradeoff between model performance and efficienc
Conversely, lighter pruning may vyield a highly performant network, but it could be larger
and more expensive to operate. Different applications of neural networks require careful
consideration of this tradeff especially when considering resource craised devices.
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Layer Fusion

Layer fusion,also known as kernelperatorfusion, stands as a crucial optimization in
numerous cuttinggdge DNN execution frameworks like TensorFlow Pytorch The
primary objective of this optimization is to enhance tffeciency of DNN inference
especially when targeting hardware accelerators. This can be described as a software
optimization that has a direct impact on hardware computations.

Fusion conceptd The fundamental concept behind this fusion technique aligns with
traditional loop fusion performed by optimizing compilg#S], resulting in the following
advantages:

1 Eliminating the need for unnecessary intermediagaltestorage.
1 Reducing unnecessary input scans.
1 Enabling additional opportunities for optimization on hardware compilers.

In particular, in traditional deep learning models, each operation generates intermediate
results that are stored in memory beformppgassed to the next operation. With operator
fusion, these intermediate results are eliminated, and computations are performed on the
fly as data flows through the fused layer. This reduces the memory footprint and the
overhead associated with intermeéi storage. Also, when operations are fused,
redundant computations on the same input data are avoided. Last, by fusing operations,
the resulting composite operation can offer new optimization opportunities. For example,
the fused operation may allow fbetter utilization of hardwarspecific features, such as
specialized instruction sets or tensor cores, which can lead to further acceleration.

Fusion techniqgues 8 Generally, the deep learning model is represented as a
computational graph or a sequenceopgrations. Each layer in the model is typically
represented as a node in the graph. The fusion process begiasalygng the
computational graph to identify fusion opportunifiisat isconsecutive operations that

can be efficiently combined into angile fused operatiofter fusion, the computational

graph is updated to reflect the changes. The nodes representing the individual operations
are replaced with a single node representing the fused operatiang inference, the

fused layer is executddstead of the individual operations, leading to reduced memory
transfers and improved execution speed.

By combining multiple operations into a single fused layer, redundant computations and
memory accesses are minimized, leading to faster and more mefficignt execution

of DNN models. These advantages are significant in accelerating the deployrB&t of
models on various hardware platforms, including CPUs, GPUs, and FPGAs.



52 3.2 Common Techniques for Efficient Inference

3.2.2 Hardware: Parallelism, Data Movement andPrecision Scaling

In this section, we delve into tlmeost importanaspects of leveraging hardware resources
to optimizeneural networks. Bwtilizing parallel processing, optimizing data movement,
and exploring precision scaling, researchers and engineersccalerate # execution
DNNs. These techniques serve as a standard for neural network optimizatiofieand
apply to different hardware architecturesThis exploration of hardwareriented
optimization techniquedocuses onspatial architectures Spatial architectures are
designed to process data in parallel, making them-sugikd for tasks that require
simultaneous computations on large datasetdodsnot cover, howeverpther popular
architectures which include more specialized optimizations suche@®morphic or
Processingn-Memory (PIM)architecturesas they are beyond the scope of this thesis.

Parall elism

Various technigues and hardwarehatrectures have been developed to exploit parallelism
effectively in DNNs. Below are the common categories of parallelism in DNNs from the
level of thealgorithm

1 Data Parallelism:Data parallelism involves distributing the training data across
multiple processing units (e.g., GPUs or CPUs) and processing different data
batches simultaneously. Each processing unit performs the same set of operations
on its assigned data batch, and the gradients are aggregated and updated
synchronously or asynchronouslyhi§ approach allows for faster training by
parallelizing the computation across multiple examples.

1 Model Parallelism In model parallelism, different parts or layers of the neural
network are distributed across multiple processing units. This is parycusaful
when a DNN is too large to fit entirely in the memory of a single device. Each
processing unit handles the computations for its allocated portion of the model,
and data is communicated between the units as needed.

1 Pipeline Parallelism Pipeline @rallelism splits the computation of a DNN into
stages, and each stage is processed independently by different processing units.
The output from one stage is passed to the next stage for further processing. This
approach can reduce the memory requiremientsitermediate data, allowing for
larger models to be trained.

1 LayerLevel Parallelism Layerlevel parallelism involves parallelizing the
computation of individual layers within a DNN. GPUs or FPGAs for example,
are wellsuited for this type of paralism, as they can efficiently handle
computations for multiple layers simultaneously due to their massively parallel
architecture.
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DNNs &6 comput e diln DNNs,sthevmst important operation which is
usually responsible for the most computationthe model is the matrix multiplication. In

fact, GEMM (General Matrix Multiply) plays a crucial role in Deep Neural Networks as it

is a fundamental operation used in many layers of neural network models, particularly in
fully connected layers and convahknal layers. GEMM can be highly optimized and
parallelizable, and its efficient implementation is essential for accelerating DNN training
and inference. The most important optimizations commonly used for many accelerators in
parallelizing GEMM operatianinclude:

1 Tiling/Blocking: Tiling or blocking the input matrices into smaller submatrices
allows for efficient use of cache memory. By breaking down the large matrices
into smaller tiles, the data can fit into the limited cache memory of the processing
units, reducing the need for frequent data access to main mewiben using the
blocking technique in a GPU, the submatrices or tiles of the input matrices in a
GEMM operation are stored in the local memory of each SM. The smaller tiles
can fit entirely wihin the local memory, allowing the GPU to perform
computations on these smaller data chunks without the need to fetch data from the
slower global memory repeatedly. When using the blocking technique in an
FPGA, the tiling of matrices enables the datadastored on the echip memory
of the device, which is usually BRAMs or LUTs, minimizing data transfer latency
and enhancing performance.

91 Parallel Processing: Utilizing multiple processing cores or computing units to
perform GEMM computations in parallaignificantly speeds up the matrix
multiplication. GPUsfor example, withthe massive number of CUDA cores or
with the most specialized Tensor cores distribute the workload of the matrix
multiplication which can be computed independently by the rows lmes.
Similarly, FPGAs can expose parallelism using multiple DSPs that operate in
parallel or they can be partitioned into multiple computation units which can
operate simultaneously at the task level. FPGAs can also implement pipelining,
where the compation is divided into multiple stages, and each stage processes
different data pointseducing the critical path delay

1 Vectorization: Vectorization involves transforming scalar operations into vector
operations, where a single instruction operates oripteilelements of a vector.
This optimization is especially effective on SiMiapable processor&PUS,
have SIMD units capable of executing the same instruction on multiple data
elements (vectors) in parallel. FPGA also provide Silke parallelism.FPGA
vendors provide libraries and tools that allow developers to create -5d4éd
designs to take advantage of parallelismariousapplications.
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Data movement

In neural network inference, the process of moving data between memory and the
processing units can often become a bottleneck, limiting the overall throughput and
energy efficiency of the system. To address this issue, hardware vendors and researchers
havebeen working on various techniques to optimize data movement in neural network
inference on different hardware acceleratoBeveral techniques we have already
mentioned involve optimizing data such as quantization or layer fusidis paragraph,
however, we focus on three major techniques regarding data optimization from a
hardware perspective. The techniques are described below:

1 Data Reuse:In neural networks, some data elements, such as weights and
activations, are used multiple times during thepatation. Exploiting data reuse
can lead to significant reductions in data movement overhead. There are several
techniques to achieve data reuse optimization:

o Activation Reuse: In CNNs, the same activation maps are reused for
multiple filter convolutionsacross different spatial locations. By reusing
activations, hardware accelerators can avoid transferring the same data
multiple times, reducing memory access and bandwidth requirements.

o Weight Reuse: In convolutional or fully connected layers, the sanghtvei
values are reused across different input neurons. Similarly, in CNNSs,
weights are reused for different input channels. Hardware accelerators can
take advantage of this property to minimize data transfers and improve
inference speed.

o Buffering: By buffeing intermediate results and reusing them when
necessary, data movement can be minimized. Hardware accelerators can
store and reuse the outputs of certain layers to avoid recalculating them
during subsequent operations.

1 Data Layout OptimizationData layut refers to how tensors (activations, weights
etc.) are organized in memory. Optimizing data layout is crucial for maximizing
data locality and minimizing data movement overhead. Some key techniques
include:

0 Weight and Activation Tiling: Breaking down éhweight and activation
tensors into smaller tiles allows hardware accelerators to load only the
relevant data needed for a computation, reducing unnecessary data
transfers.

o Blocked Data Formats: Using blocked or tiled data formats improves data
locality, as the data is organized in blocks with contiguous elements. This
reduces cache thrashing and enhances the efficiency of memory accesses.
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o Transpose and Data Reordering: For certain operations or hardware
architectures, reordering data elements can leadote efficient memory
access patterns, reducing data movement overlteadinstance, in the
BLAS (Basic Linear Algebra Subprograms) library, which is widely used
for efficient GEMM computations, data reordering techniques such as
columnmajor ordering a commonly employed. Colurmajor ordering
involves organizing the elements of a matrix in memory by storing the
columns of the matrix in contiguous blocks, allowing for optimized data
access patterns during matrix operations. This approach ensureslaietter
locality and reduces data movement overhead, thereby enhancing the
overall performance of GEMM operations on various hardware
accelerators.

1 Memory Hierarchy UtilizationModern hardware accelerators often have multiple
levels of onchip memory hierahy, such as registers, cache, etc. Efficiently
utilizing these memory levels is crucial to minimize data movement between on
chip and offchip memory. Some techniques include:

o Data Prefetching: Prefetching data from-difip memory to orchip memory
in advance of their actual usage can hide data transfer latencies and ensure
data is readily available when needed.

o Cache Blocking: Dividing the data into smaller blocks that fit into the cache
can improve data locality and reduce cache misses, enhancingaseaand
minimizing data movement.
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Figure 3-2. Data-reuseopportunities in DNNs
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Preci

sion Scaling

Precision scaling in hardware, especially in the context of neural networks, refers to the
process of using reduced numerical precision to represent and compute values during
various operations within a neural network model. We have covered reduced numerical
precision optimization, namely quantization, from the software perspective. However, in
this paragraph we focus on hardwagtated techniques regarding precision optimization.
This is typically done to achieve a balance between computational efficiency and model
accuracy. As we have seen, in DNNs, many computations involve large matrices and
tensors. The precision of these numerical values significantly impacts the computational
requirements and memory usage of the hardware. Higher precision (ebif. fldating-

point numbers) provides more accurate results but requires more memory and
computational power. Lower precision (e.g-p& fixed-point numbers or evenHit) uses

less memory and computational resources but might lead to some loss of accuracy.

1 Exploiting 8-bit precisionin hardware Using 8bit for weights in a DNN is a
common pratice nowadays in computer vision applications. It often provides
good tradeoff of performance and accuracy while havibhgpbadsupport in many
hardware accelerators.

o GPUs:Modern GPUs, such as NVIDIA's Volta and Ampere architectures,

come equipped withihe specialized Tensor Cores that are designed to
accelerate matrix multiplication operations. Tensor Cores can perform
mixed-precision (FP16 and INT8) computations with siigaintly higher
throughput compared to traditional floatipgint units. Also, memory
bandwidth often becomes a bottleneck in deep learning tasks, as fetching
data from memory consumes time and energy. Willit @omputations,
more data can be loaded intke GPU's cache, reducing the need for
frequent data fetches and optimizing memory utilization.

FPGAs These devicemherently operate on fixedoint arithmetic, which

is well-suited for implementing lower precision computations. Models
need to be quanezl and weights transformed to fixpdint formats
before deployment on FPGA®edicated processing pipelinesan be
designedfor convolution, pooling, and other operations to achieve high
throughput and low latencyipelining techniques can be applied mor
efficiently by reducing the overall critical path as FPGAs can handle more
input samples in a given time framBechniques like loop unrolling and
data reuse are commonly employiedthese scenarios and DSPpecific
optimizations can be tailored to prdei more parallelism usinglt data.
Last, with 8bit fixed-point arithmetic, fewer FPGA resources are required
such as LUT, BRAMs, etc. allowing more-chip memory bandwidth.
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1 Exploiting very low-bit precisionin hardware Sub-8-bit DNN inferencehasbeen
widely investigated from the research community, especially on customized
hardware devices like FPGAs. It includesange of numerical formats, such as 4
bit down to 1bit representations. These formats use a reduced number of bits to
represent thealues of weights, activations, and intermediate computations within
neural network layersThe most common ve#dpw bit-width representation
names argernary and binary. Ternary weights can bd, O or +1 but are less
common in comparison to binary or higrbit representations due to their limited
range and the challenges they can pose in terms of training and computation. In
contrast, mary weightsor binary neural networks (BNN&gave been explored as
a way to create highly efficient and lggower neual network models

o0 GPUs:Some GPUs, such as Nvidia T4 or A100 have support-birr data
formats. Several DNN frameworks have tried to incorporate the tensor
core 4bit inference scheme as an alternative in order to further reduce the
computations and meory requirement for inference taskblaturally,
however, Nvidia Tensor Cores have been designed -fut Biference,
hence the reason forl3lt format not being widely applicable.

o FPGAs:In contrast to GPUs, FPGAs have greater flexibility in terms of
cusbmizing the design. Designers can use arbitrarwlath from 2-bit to
even 512vit in a given register. This however comes with the cost of
additional design time as careful calibration is needed to find the optimal
ranges for these datatypes. For exan@NNs often involve XOR
operations instead of the typical multiply and accumulate operation
(MAC). FPGAs allow to design and implement custom XOR computation
circuits tailored to the network's needs. This level of customization can
lead to optimized hawdare for XORrelated computationachieving very
high parallelism from a single XOR instruction as it packs multiple data.
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Figure 3-3. Binary Matrix Multiplication in Neural Networks
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3.3 AcceleratedSimilarity Search usingVector Indexing

This section contains the first of the three scenarios in which we utilized FPGAs for Al
acceleration. In particular, it concerns a novel integration of FPGAs into the popular
FAISS (Facebook Al SimilaritySearch)framework [76] in order to accelerate the
algorithm of similarity search. One of the most significant algorithms in ML employed
for conducting similarity searches is referred to as thledrest Neighbor algorith
(KNN). It finds extensive use in tasks such as predictive analysis, text categorization, and
image recognition. However, this algorithm comes with a tadfjeoften requiring
substantial computational resources. To tackle this challenge, large compealies

with largescale datasets in modern data centers combine the KNN technique with
algorithmic approximations, enabling the computation of crucial workloads on-@imneal
basis. Nevertheless, the computation demands and energy consumption aesthtate f
when dealing with higldimensional nearest neighbor queries. In this study, we introduce
an innovative approach: a hardwaerelerated approximate KNN algorithm integrated
into the FAISS framework through FP@2penCL platforms. The FPGA architeaun

this framework effectively addresses the intricacies of vector indexing during training and
the incorporation of largecale, highdimensional data. The proposed solution leverages
an FPGAbased iamemory format, which surpasses mualtire highperfomance
systems in terms of both speed and energy efficiency. Empirical experiments performed
on the Xilinx Alveo U200 FPGA revealed significant results. The acceleration achieved is
up to98 times faster than a singtmre CPU when utilizing only the accedéor, and the
endto-end system speed is improved by imes compared to a 36read Xeon CPU.
Additionally, the design's performance per watt exhibits a notable bod&xafompared

to the same CPU, and2k.compared to a Keplarlass GPU.

3.3.1 Introduction and RelatedWork

In the era characterized by the immense expanse of big data, the operational requirements
of modern data centers entail the processing of substantial workloads, often exceeding
several terabytes of data daiNotably, emerging machine learning applications deployed

on the cloud have made remarkable strides, continually leafrong largerealworld
datasets. Responding to the escalating computational complexities of these tasks, recent
efforts have been diresd towards augmenting their performance through specialized
hardware. This is achieved by leveraging diverse heterogeneous architectures, including
central CPUs, GPUs and FPGAs.

Addressing the surging demand for efficient and-vealld execution of thealest
generation algorithms, the FPGA has emerged as potential platform. This architecture is
distinguished by its high parallelization capabilities and adaptability, making it
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particularly suited for tasks characterized by repetition, such as-tteakes Neighbor
(KNN) algorithm. Remarkably, numerous companies seek optimized solutions for
achieving high performance while minimizing energy consumption costs, with FPGAs
taking center stage in this transformative evolufion, 78] The field of KNN search
within data centers is marked by the presenceéigfdatasets and frequently high
dimensional inputs. Even stadéthe-art highperformance computers oftstrugglewith

these demanding requests, a phesmoom termed the "curse of dimensionalify9]. To
addressthe resourcéntensive nature of standard KNN, the Approximate Nearest
Neighbor (ANN) algorithm emerges as a solution, strategically managing computational
complexity and data bandwidth through partial query seai8@gs

However, the optimizations do not focus only on optimizing the query time even though
it has a major importanceNovel data structures and algorithms tspeed upKNN
queries center around data point training, often employing specialized indexing
techniques to enable efficient search of thousands of vectors without necessitating
complete dataset access. Given the impracticality of exact results in vashséata
innovative techniques involving vector indexing or compression using quantization
methods have been introducfll]. The algorithms employed for constructing KNN
graphsrequire substantial timeeffort, rendering tem energyinefficient and often il

suited for the substantial scale of input vectors. Particularly idmsdwith statistically
different data requiring frequent retraining, scalability becomes a significant challenge.

FAISSis an optimizedlibrary tailored for similarity searches of this nature, developed by
Facebook76]. FAISS includesapproximate algorithmsapableat managingoig-scale
inputs, effectivelyaddressinghe complexities of large dataset®veraging FBA as a
parallel platform presents an opportunity to alleviaie tbmputationathallengethrough

a specializechardwarebased solution, thereby elevating performance in thesglex
tasks. Implementing a finelgrained approach cdeverageFPGA's hardare resources
for superior performance, coupled with markedly reduced energy consunipton
attribute of utmost importande moderndata centersvhich try to operate on a lower
energy footprint Within this paper, we introduce an innovative implementation of the
FAISS framework using FPGA technology, achieving a notable acceleration in contrast to
alternativeCPU multi-core solutionsMore specifically our contributions are as follows:

1 We sped-up the index creation and addition of data points for the approximate
KNN search by implementing an FPGA accelerator for Xilinx Alveo U200.

1 We introduce an efficient FPGA integration for FAISS framework that can benefit
directly from our hardware seamébgs

1 We successfully integrated and ran the full hardware accelerated framework on a
Alveo U200 OpenCLFPGA achieving superior performance and power
efficiency compared with a CPU muttore system.
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Related Workd Numerous researchers have examined varigbeN algorithms,
particularly in the field of software and hardware optimizations tailored for this specific
task. Moreover, large companies are actively exploring novel peffieient
computation methods, an aspect that held minimal significance inaste @iven the
surge in processing largeale data on cloud platforms, developers are compelled to
devise ingenious heterogeneous architectures to facilitate the migration of these
applications. Yuliang Pu et dB2] introduced anenhancedKNN algorithm employing
bubble sort within an FPGAased computing framework. While their focus lies on query
searches, their algorithm rests upon an exhaustive naive KNN implementation, which
falls short in terms of performance wheompaed with an approximate solution. Even
their proposed FPGAccelerated approach fails to outperform the performance of FAISS
executed on a conventional CPU. Thss due to the fact thaFAISS represents a
CPU/GPUoptimized library designed for approximatengarity searches, deliverinast

query results while maintaining generally negligible reduction in accuradsliang
Zhang et al.[83] presenteda technique for P@ased approximated nearest neighbor
search utilizing OpnCL FPGAs. Theifocus lies in diminishing the codebook size to
mitigate memory overhead whiperformingquery searches. Yet, the computation cost of
training/clustering, &rucial partof approximate KNN graph constructida,not reflected

in the meastements Furthermore, they provide only a partiaiplementationof the
algorithm in pseudocode, without a detaileexplanation of the hardware
implementation/architecture of the accelerator. Notably, their proposed solution does not
extend to FPGA implenmation in cloud environmentéast, Hanaa M. Hussain et al.

[84] introduced a Kmeans clustering methodology in FPGASs, tailored for processing
largedatasets. However, their implementation falls short when compared pattition

based accelerator presented in this study, primarily concerning performance metrics. They
report achieving a time of 0.0042 seconds per iteration for a dataset with N = 65500, K =
4 clusters, and D = 9 dimensions:neans, characterized by #atgorithmic complexity

of 0 ¢ 'Q "QQhtranslates to approximately 0.56 GFLOMSich is proportionately (of

our FPGA resources) smaller than the performance we achieve in this work as we will see
in the next paragraph.

Background

The FAISS frameworlemploys an inverted indexing technique (IVF) as a preliminary
step prior to conducting similarity searches through the clustering of dense vectors. In the
ensuing section, weescribethe operation ofa conventional KNN algorithm and an
approximate KNN approach within the FAISS framework. Subsequently, we present our
FPGA implementation and the todeveragedto developthe environment required for
hosting tle reconfigurablarchitectue of FPGAandapplication dataflow.
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KNN [84, 85] stands as one of the most extensively employed machine learning
techniques in scenariascluding classification, recommender systems, and even financial
research. This algmhm, when appliedreturnsthe K-nearest neighboring points in
relation to a designated object (referred to as a "query") within a given dataset. Each
object's unique attributes, encapsulated within a data dimension D, define its distinct
"weights" or "atributes” in the form of a specific vector. The decismaking process of

this algorithm is frequently defined by the distances between the query points. In this
context, the Euclidean distance prevails as the preferred distance metric due to-its often
intuitive interpretatior[86] and its computational scalability. Furthermore, the Hamming
distance is commonly adopted when the input consists of discrete variabledi¢fdtbe
Cartesian coordinates, the Euclideaspaceds described as follows:

A E QIE ® W

Employing the aforementioned algorithm for exhaustive query searches, particularly with
largedatasets, results in a substantial number of operations. This is due to the necessity of
computing distances between each point within the sample, leading to a considerable
computational load. Consequently, the integration of approximate solutions becomes
imperative to efficiently identify the K most probable nearest neighbors.

Approximate KNNO Practice says that an approximate nearest neighbor approach is
almost as good as the accuracy of the exact solution, given that discrepancies in distance
calculations are frequentlyinsignificant. Consequently, KNN search becomes
computationally viable even when dealing with extensive datasets andihighsional
spaces. This feasibility is attributed to the substantial reduction in the total number of
distance evaluations due to the implementation of approximation technibgueke
domain of approximate nearest neighbor search, two primary me#mdgye each
emphasizing eitheon data reduction, dimension reduction, or a combination of both for
guery sarches. One category revolves around spatial clustbasgd techniquesyith

some approacheseing K-means clustering87] or hierarchical KbBtrees[88]. These
methodologies adopt aagitioning algorithm, constructing a-rkearest neighbor graph
through the segmentation and clustering of samples into distinct redioraternative
approach in thefield of approximate nearest neighbor search entails haskisgd
techniques like Locdly Sensitive Hashing (LSH)89]. Such methods group data points
into "buckets" according to the distance metNear vectors are assigned to the same
bucket, facilitating the algorithm's retrieval of the nearest neighioathe target vector.
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FAISS framework operationd Faiss leverages a variety of methods designed for
performing similarity searches on dense vectors containing real or integer values. These
methods identify vectors that are near a given query vectoichwisi achieved by
minimizing the L2 distance or maximizing the dot product between the vectors. The
underlying structure of Faiss involves employing diverse indexing approaches to store
vectors, and the computation of distance involves multiple metriceeatoned earlier.

The indexing methods within Faiss exhibit diversity, ranging from exact search methods
to techniques like product quantization, which have demonstrated superior effectiveness
compared to binary codes. This efficacy, however, is accoegbapy a tradeoff
involving factors such as accuracy, search speed, training time, and memory
consumption. Within this section, we will look into an exploration of fundamental
indexing techniques employed within the Faiss framework. This exploration taims
provide a comprehensive understanding of the architecture before delving into the
optimizing process via FPGA hardware. Our subsequent implementation, detailed in the
following paragraph, focuses on utilizing IVFFlat indexing as a representative @&se cas
(best for highaccuracy regimes) but the design can be easily applied to other indexes
such as IndexIVFP(@Both approaches, particularly the latter one, exhibit slightly lower
precision compared to exhaustive search. However, they have been demornstrated
effectively handle billions of vectors given ample memory resources on a single server.

I. IVFFlat Indexing: Several previous research works have exploited the
characteristics of Voronoi diagrams to enhance variations of the nearest neighbor
search[90]. A Voronoi diagram partitions a plane into distinct regions based on
distances from points within a designated subset of the {Rtle FAISS
constructs the IndexIVFFlat index by edisling Voronoi cells through a
codebookd in the ddimensional space; each database vector is assigned to
one of these cells. During the search process, only the database weitoeted
within the same cell as the quety along with a few neighboring ones, are
compared against the query vector. Consequently, two critical parameters govern
the query processicells representing the number of cells, amtobe denoting
the count of cells (out oincellg that are explored during a search. The concept of
the number of cells aligns with the quantity of inverted lists, which could also be
referred to asnlist. This probing mechanism operates as a partiigented
approach rootedh Multi-probing (reminiscent of a variant of the bbst KD-
tree)[92]. The assignment of database vectors to cells is facilitated by a hashing
function, notably Kmeans (closest query to centroids), and these vectors are
stored within an inverted file structure. As a result, IVFFlat efficiently reduces the
search space and significantly accelerates the search process compared to
exhaustive search methods. However, to ensure result accuracy, it is imperative
that the outcmes align with the Voronoi cells being visited during the search
operation.
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IVFPQ Indexing This approach extends the concept of inverted indices by
integrating them with product quantization, thereby circumventing the need for
exhaustive search. The com#@nal product quantization method is referred to as
PQ, and its nomxhaustive variant is termed IVFHE@B]. Vectors continue to be
stored within Voronoi cells, but their dimensions are reduced to a configurable
byte count denoted as 'm' (with the vector's dimension being a multiple of 'm’).
The compression step introduces an additional layer of quantization, focusing on
encoding sulvectors of the original vectors. Since the vectors are not stored
exactly in this scenarjathe distances returned by the search method represent
approximations and may exhibit somewhat lower accuracy compared to methods
like IVFFlat. Additionally, when dealing with uniform data, this indexing
approach encounters challenges due to the absénicdnayent regularity that
could be leveraged for clustering or dimensionality reduction. Nevertheless, the
IndexIVFPQ structure proves highly valuable for conducting lsigde searches

and holds potential for integration within our FPGA design. Thieximd) strategy
offers a pragmatic solution for efficient search operations, making itswisd

for deployment in FPGAased systems.

LSH Technique:Another widely recognized cefirobe approach is likely the
original method of Locality Sensitive HasginLSH). This method aims to
diminish the dimensionality of higlimensional data by employing hashing to
assign input items into akin buckeBointsthat are in proximity to one another
according to a specific distance metric (such as the Euclideamadi¥tare
assigned to the same bucket with a high likelihood. While Faiss incorporates this
algorithm, it does lack certain attributes present in other algorithms, including
memory optimizationThe incorporation of nhumerous hash functions introduces
additional memory requirements, a factor that becomes impractical for extensive
datasets hosted on cloud platforms. As a result, this approach is not particularly
well-suited for the scope of thvgork due to the limitations posed by memory

IV. FPGA OpenCL framewrk: The OpenCL specification within FPGAs comprises

both host code and kernels. In this setup, the host is situated on -64 X38U

and manages the dataflow of the application. Our FAISS application, running on
the host, takes advantage of the hardwammdds responsible for translating the
OpenCL hardware abstraction into an FPGA implementation within the device
fabric. For thistask, we utilized the SDAccel environmg@#], which provides

both software and hardware efation capabilities. Through careful examination

of system reports anthecking thedevice data tracing and application's timeline,
we identified potential bottlenecks within our design down to the granularity of
clock cycles.Thus, thisanalysisallowed us to finalize the optimized application,
seamlessly integrating the hardware into the FAISS framework.
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3.3.2 Implementation and Results

To determine which components dfaiss should be prioritized for hardware
implementation, a comprehensive framewauofiling was conducted. This section
begins by detailing the process involved in this profiling, during which the IVFFlat index
was chosen as a representative-case. Subsequently, the hardware algorithm is
specified along with optimizations executed both the host and kerretlesto optimize
throughput and minimize overall design latency. The final portion of this section delves
into the novel custom framework. This framework employs an FRMEA optimized
memorytransfer schemehich seamlessly itegrates oudesignedaccelerators to ensure
minimal latency overhead during memory transactions.

Framework Profiling & Both prior research and our own practical experience have
demonstrated that IVF indices generally exh#hibstantiaspeed and accuracy. Notably,
among the various indexing techniqgues employeBaissfor typical scenarios, IVFFlat
stands out as the mostoficient technique Subsequently, we employed egiaph
techniques offered by profiling tools such as valgrind/callgrind to identify memory and
computational bottlenecks. Functions consuming the majority of execution time present
suitable candidates f@ffloading and acceleration onto FPGAs¢€Figure3-4). Profiling
outcomes revealed that the most substantial computational workload arises during index
creation ad data addition to the index. This holds true even when considering modest
query searches encompassing thousands of vectors. This phenomenon stems from the fact
that while approximate nearest neighbor search is highly efficient, it incurs extended
training times, especially when numerous cluster points are required to sample the
dataset. Notably, the training algorithm incorporates numerous Muhligdtymulate
operations (MAC), whichraisspresently executes using CRigtimized BLAS routines

by default. Gven the prevalent characteristics of these algorithmsyat\s commonto

map them for hardware, owing to their high operatitmAaytes transferred ratio.

= Train = Query = Add_List = Other

Figure 3-4. IVF indexing (Flat) workload distribution
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Optimization schemes Consideration of specific hardware design principles was
imperative to ensure an efficient FPGA implementation of the accelerator. As an initial
step, these principlemclude the thoughtful design of both the x86 hostdakernel
aspects of the accelerator function. This euaihged approach was aimed at effective
alignment withFaiss operatiomvhile maintaining application correctness. Moreover, due

to thesignificantimportance of memory optimization, we dedicated re$féo streamline

data movement between the Linux host and global memory, as well as between global
memory and kerneldrurthermore careful attention was directed toward designing the
FPGA kernels in a manner that minimizes latency within our custom. [bgielaborate

on the specifics:

1. Defining the acceleratorThe key transformations of higavel synthesis lie in
the host code. To establish a scalable function for acceleration, we devised a
bespoke columimajor General Matrix Multiplication (GEMM) rourte, where
the first matrix is transposed:

6 Oz Yd 286 OQ®D

This approach optimizes hardware efficiency by accessing both arrays with
consecutive elements along the second dimension, in line with the data storage
format. Subsegently, we determined the matrix dimensions for our function's
application, particularly during index creation and data addition phases. Within
Faiss, the GEMM's first input is characterized bytag "Qi ®'Q & dinénsion
matrix, while the secondinput comprises a vectorQQa Qe i Q¢ ¢
®'Q¢ o 1) € "Omnatiix. Notably, the integerlist, often small compared to the
database, signifies the number of inverted lists, as previously described. This
value, generally a multiple Q @ &, (@.9., IVFFlat409% informs the number
of lists. Additionally, the vector dimensiovector_dim), representing the
dimension of the vectors, typically remains modest (below a thousand) due to
data dimension compression. The larger matrix dsiwenpertains to centroid
points (centroid_pointy denoting the points sampled for clustering in each
iteration. Our algorithmic design and data flow are intricately constructed around
thesefacts ensuring maximum optimization aligned with these guiéslin

2. Optimizing data movemenA pivotal observation we made was that GEMM is
executed multiple times within each iteration of the training process, accessing
segments of the B matrix. This realization underpins our strategy, which hinges
on a blocking telenique. Moreover, our theoretical understanding confirms that
each iteration employs consistent clustering data (total centroid points), leading
us to infer that the B matrix remains constant across iterations. To obviate
redundant data transfers to glob@mory during each iteration, we made a-one
time transfer of the aggregate centroid points to RDRein the initial iteration.

This approach not only eliminates memory requests for the same data but also
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facilitates accelerated burst data transfers labal memory, benefiting from
largermemory chunkdeingtransferred ahigherrates.To further enhance data
throughput, wemplementeca 512bit user interface on each kernel side, aligned
with the maximum memory bandwidth supported by our FPGA through OpenCL
vector datatypesBy employing the floatl6 datatype, we maintained peak
accuracy for the dataset while abstaining from introdudinther layers of
approximation into the Approximate Nearest Neighbor (ANN) search process. By
leveraging all four DDRs of the device for readte operations, we achieved
optimal memory transfer rates spanning betweenbBdts and DDRernels.

It's wath mentioning that carefudllocation of kernels t&GuperLogic Regions
(SLRs) was undertaken. Our design placement was strategically arranged to
ensure that SLR resource limits were not surpassed, and kernels were matched
with the memory banks to whichay exhibited the most connectioascording

to their respective SLR his deliberate placement strateaoidsSLR crossings

and mitigates critical path complexitieghich often translates tiefficient
synthesis outcomes and unnecessary power congumbpastly, for improved
communication efficiency, we allocated matrix blocks within physically
contiguous memory utilizing eochip Block RAMs (BRAMS), strategically
positioned near kernel computations. This arrangement ensunegh speed
communication, eabling onecycle reaedwrite operations of 51Bit data,
optimizing the performanagsingthe most efficient data movers.

3. Optimizing kernel To achieve substantial throughput, our focus centered on
introducing a significant level of finelfuned parallem in application execution
within the Programmable Logic (PL) fabric. This entailed mitigating data
dependencies. Employingppropriate OpenCL directives like 'pipeline' or
‘unroll,” we formulated #&ighly parallel and pipelined architecture characterized
by minimal latency. This architecture exhibited exceptional efficiency in
executing MultiplyAccumulate (MAC) operationsBy ensuring an initiation
interval (II) of 1 for each loop andtilizing the dataflow directive, the kernel
operated optimallyrapidy consuming incoming data from memory interfaces
andrapidly writing results back to DDRs. Moreover, we identified that creating
largerand fewerCompute Units (CUs) to access global memory chunks yielded
increasecefficiency compared to generating mulésmaller CUs. This strategic
choice averted excessive FPGA resource utilization and area consumption,
mitigating timing failures. Furthermore,we generalized our implementation to
host multiple FPGAsThis entailed an even distribution of the workloadl an
automatic synchronization of the dataflow across any number of kernels. Our
design, tailored for a single kerrgrallelizes up to 192 output data achieving the
maximum of 300 Mhz, thus in every cycle 192 output elementprar@uced,
translating into 2 192 - 300 MHz = 115 GFLOPf8r a single kernel.
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Final system designd In order to integratehe hardware accelerator intaissand
transfer it to the FPGA, a necessary step was to export it as a shared library. This library
was then connected to thest of Faiss framework throughlibrary linking during
compilation To ensure seamless compilation of the entire framework using the SDAccel
compiler and loadinguccessfullythe required OpenCL runtime libraries, we performed
targeted adjustments to tframeworkMakefile The FPGA API operates underneath the
Faiss framework, and enabling it involves a simple switch from the 'SW' to 'HW' build
target option. Within the FPGA mery model of Faiss, relevant Faiss functions are
mapped onto FPGA memory, granting access to device specifications across all
framework source files. This setup enables any function to execute in HW mode
immediately and seamlessly. Moreover, all clusteints resided in the FPGA global
memory throughout the application execution, with hardware accelerators in Faiss
accessing the necessary memory segments as required. The optimized CPU BLAS
function, "sgemm" was replaced with a customized function inraptementation. This
custom function meticulously handles input data manipulation and utilizes OpenCL task
synchronization through command queues on the host side. A representative hardware
dataflow is depicted irFigure 3-5, showcasing the concurrency achieved via OpenCL
Command Queues, as well as the synchronization established between the host and
kernels. These elements were carefully implemented to operate cotlgurretignment

with FPGA design principles, thus achieving elevated performance levels.

|
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Figure 3-5. Kernel Synchronization

Also, on the followingFigure 3-6, we show the illustration of the emotend application

from SW to HW.Host code optimization (concurrency from OpenCL Command Queue),
buffer management regarding data exchange between tteahd kernels, general
pipelining on the FPGA, and synchronization between host and kernels were all precisely
constructed according to FPGA design principles for high performance. As depicted in
the figure, the query vectors are loaded from the hosCH8 and communicate with the
dynamic library of Faiss which we have linked with the rest of the framework. Also, the
inverted index is loaded in order to fetch the results according to the clusters.
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Figure 3-6. Software and hardware dataflow

Eval uatReosnu |atnsd

To assess the design, we verified the accuracy of the accelerator and quantified its
performance. Subsequently, following the integration wkhiss we conducted
assessments of thénal system's precision and efficiency using +eakld data.
Additionally, we measuredoower efficiency in comparison to alternative systems like
CPU and GPU setup3he configuration of the system was done on OpeREGAS,
specifically employing an Xilinx Alveo U200 datacenter card equipped with four DDR4
channels. This was oapled with a host system utilizing a Xeon CPU. For a
comprehensive likéor-like comparison against a higierformance CPU, we selected a
c4.8xlarge instance from AWS Cloud, equipped with a Xeon CPU with 36 vCPUs and 60
GiB of RAM. Remarkably, this instae bears an equivalent cost (per hour) to an
fl.2xlarge instance featuring a similar FPGA, the VU9P. Moreover, for the conclusive
evaluation of the final system's performance, we assessed the efficiency in terms of
performance per watt against both the sa@PU and a Keplezlass K40 GPU. Our
FPGA hardware design maximizes the utilization of all DDRs and optimally leverages the
resources within each SLR. However, the primary limitation to further scalability resides
in the routing across the three SLRs. Thsource utilization of a single kernel on the
FPGA device is outlined in

Table3-1 for reference.

Utilization summary

Name BRAM DSP FF LUT
Total 502 1036 156137 89206
Percentage (%) @ 11 15 6 7

Table 3-1. FPGA resource utilization per kernel
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Accelerator performancé® To assess the design's effectiveness, our initial step involved
validating the accelerator's accuracy and quantifying its performance on the Alveo FPGA.
To thoroughly test the hardware functionality, we simulated Faiss inputs across diverse
dataset scenas. This involved generating random cluster data across various list sizes.
Figure3-7 illustrates the notable speegp achieved exclusively by the FPGA accelerator,
with enhancements reaching approximately 88 larger list sizes. The arrow shows the
maximum speedip achieved when compared with a singbee CPU. This comes from
the fact t hat for more <cells the 1 mpact
mertioning here that the lower efficiency value which happens to be %509 cells and
below does not impact the overall performance of the algorithm. Usually mvoeial
datasets, especially in larger ones used in data centers, the Voronoi cells gniesruofiti
thousands for satisfactory clustering, even for a modestlibn dataset.
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80 |1 m IX- speed-up o
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Figure 3-7. Hardware accelerator efficiency

Final system and evaluatio® In the final evaluation of the system's pemi@nce, our

initial comparison involved measuring the eoneend execution against the previously
mentioned 3@hread Xeon CPU, resulting in an approximate<zfieedup. To provide a
demonstrative scenario, we employed a milsmale dataset, specificalthe SIFT 1M
dataset, aery populardataset that comfortably fits within available RAM.HRigure 3-8,

we perform an accuracy assessment on this dataset using@AardelBign to evaluate the
algorithm's efficacy with realvorld data. The evaluation of KNN models generally
employs the recall measure, which calculates the ratio of correctly predicted positive
observations to all observations in the actual class. Howereeunse the more appropriate

"R 1 r e ¢ aldolknoventas iRersection, to assess the effectiveness of our custom
Inverted Index method. This measure quantifies the fraction of the R nearest neighbors
found by the model that are within the grottnath R nearest neighbors, with R set to

100 in our case.
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In the provided figure, we analyze the accuracy of two Inverted Index (Flat) methods
using varying probe values. Notably, constructing the IVF4096 index consumes more
time due to a larger number of cells to train (4096 compared to 256). However, even
while maintaining the same accuracy valuesaxys), the query search on IVF4096 is
considerably faster. This efficiency is attributed to a smaller fraction of the database being
compared to the query (nprobe/ncells). For instance, to sustain 0.6 accuraayg prob
involves — cells of the dataset on IVF256, whereas IVF4096 requires enly cells

from the dataset, as illustrated Figure 3-8. From theseobservations, we conclude that
investing computational time in a robust indaxlding process yields more efficient
query results. Consequently, by adopting this appraggrscan achieve faster similarity
search outcomes. As a result, the inbBexding algorithm, which was a focal point of
accelerationin our FPGA design, plays an undeniable and pivotal role in enabling more
efficient search capabilities.
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Figure 3-8. Inverted index accuracy for different probe values on SIFT 1M

Subsequently, we advanced to conducting actuaiwedt measurements of our FPGA
board within a live environment, utilizing AWS metric tools to encompass data transfers.
Following this, we engaged in a comparison of the nreasperformance per watt from

our hardware design with the theoretical maximum performance per watt attainable by the
Xeon CPU and a K40 GPU. The outcomes, as depicted in Figure 5, exhibit a distinct
advantage for our FPGA architecture. For the other deymwe employed the following
equation to facilitate a comparison of their potential maximum power efficiency against
our FPGA design. This equation was utilized to determine how efficiently those devices
could perform in relation to our FPGA architecture.
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Figure 3-9. Power efficiency comparison

Conclusion 8 Hardware accelerators have the potential to significantly enhance the
performance of ML applications. However, numerous frameworks, including Faiss, lack
transparent support for effectively incorporating such acceleration modules. This study
introduced annnovative approach that seamlessly integrates FPGA hardware into the
popular Faiss framework for largeale similarity searches, a vital component of cloud
computing. Our findings demonstrate that our hardware accelerator surpasses the
capabilities of 886-thread Xeon CPU. Furthermore, it exhibits superior performance per
watt in comparison to both the same CPU and a Kejdess GPU. This underscores the
effectiveness of a software/hardware codesign approach for addressing the demands of
cloud computingworkloads, specifically in scenarios like persistent indexing times for
approximated KNN algorithms. The increased performance and efficiency of our design
hold the potential to revolutionize the utilization of FPGA hardware in cloud
environments and expsive data centers, given the growing significance of power
efficiency amidst escalating workload requirements. Looking ahead, in order to solve the
memory issue of billiorscale datasets which was our only restriction, the distributing of
the applicatiorto a number of FPGAs is needed. Our algorithm was designed in such a
way that the host application can easily distribute the dataset and thus the workload on a
number of FPGAs on the cloud which due to limited infrastructure at that time we could
not accorplish. Despite the limitations imposed by the available infrastructure at the time
of this study, this distributed approach remains a promising avenue for future exploration.
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Hardware Acceleration of Machine Learning Applications in the Cloud.
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3.4 AcceleratedlmageReconstructionusing GANs

This section contains the second of floeir scenarios in which we utilized FPGA
acceleration for Al execution. Precise and efficient ML algorithms hold immense
significance across various challenges, particularly in taskslving classification or
clustering. In recent times, a novel category of Machine Learning known as Generative
Adversarial Networks (GANs) has emerged. GANs operate using two neural networks: a
generative network (generator) and a discriminative netwdr&criminator). These
networks engage in a competitive process with the objective of generating new unseen
data, such as images. For instance, a GAN can reconstruct an image that is corrupted by
noise or contains damaged segments. This image recorwtrutincept has diverse
applications in computer vision, augmented reality, huo@nputer interaction,
animation, and medical imaging. Nonetheless, this algorithmic approach demands a
substantial number of MAC (multiplsgccumulate) operations and consummassiderable

power to function. In this section, we describe the implementation of an image
reconstruction algorithm utilizing GANs. Specifically, we focus on training a model to
restore images of clothing utilizing the fashiwiNIST dataset as a case sjud
Furthermore, we deploy and optimize this algorithm on a Xilinx FPGA SoC. These
plattorms have demonstrated notable proficiency in effectively addressing such
challenges in terms of performance and power management. The designed approach also
outperformsCPU and GPU setups, achieving an average reconstruction time of 0.013
milliseconds per image and a peak sigioahoise ratio (PSNR) of 43 dB on the FPGA's
quantized configuration.

3.4.1 Introduction and RelatedWork

In the era characterized by the prevaéent big datasets, modern applications spanning
from edge computing to clodghsed solutions confront the substantial challenge of
processing several terabytes of data on a daily basis. Emerging machine learning
algorithms, notably Neural Networks (NNs)hiwh continuously learn from realorld
largescale data, have exhibited remarkable progress, largely attributed to their ability to
achieve high levels of accuradygecently, a fresh category of Machine Learnimgmned

as Generative Adversarial NetworkSANS), was introduced by lan Goodfellow and his
collaboratorg10]. Within this framework, two neural networks engage in a competitive
game resembling a zesum scenario, where gains for one ageeliosses for thether.
Essentially an unsupervised learntagk GANs employ provided training data to acquire

the skill of generating novel samples mirroring the statistical properties of the training
dataset. This includes the capacity to reconstruct incomplete debtaaspartialimages.

The setup involves a generator model trained to create new instances, and a discriminator
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model tasked with categorizing instances as genuine (pertaining to the domain) or
counterfeit (generated). The applications of GANs have rapidgained substantial
traction, particularly in domains likeience videogames, and@domputervision, owing to

their versatile capabilitiel®5].

More specifically, the focal point of our work is image reconstruction, a domain that has
found application across multiple sectors. Notably, it is utilized in computer vision and
image processing, including tasks like resolution upscaling. Moreovenys pl pivotal

role in humarcomputer interaction, including tasks such as face reconstruction, and
extends its utility to medical imaging where it aids in the early diagnosis of incomplete
medical image$96]. For thee challenges, the utilization of cuttiegge models such as
GANSs presents a marked improvement in accuracy and output quality compared to older
techniques. However, the surge in demand for efficient and rapid processing of the latest
generation algoriths) like CNNs (or GANs in our context), has spurred efforts to
optimize their performance through hardwapecific enhancements. This involves
harnessing the potential of heterogeneous architectures, including CPUs, GPUs, and
FPGAs [97]. FPGA implementations have made remarkable strides, proven to be
exceptionally effective in tasks involving CNNs due to their inherent parallelism and
configurable nature at the bit levf8, 99]. This architecture aligns well with tasks
characterized by repetition, such as the computations within GANs. As demonstrated in
our work, the incorporation of hardware acceleratmables us t@achiewe low latency

and substantial overall througit. Notably, these higherformance platforms also excel

in power efficiency, a critical factor for both edge and ctbaded workloadfgL00, 96]

However, GANs represent a relatively recent yighly significant area within this
domain, and scant prior research has combined GANs with hardware acceleration. As a
result, this study introduces an innovative approach: the deployment of GANs on a small
embedded Xilinx FPGA SoC, which not only achietigghquality image restoration but

also operates within a short timeframe. To summarize, the primary contributions of this
work are as follows:

1 Development and Training of GAN Model: We construct and train a GAN model
with the ability to generate novedreviously unseen images, employing clothing
images as a practical use case. Through a series of key modifications, we adapt
this model to excel at reconstructing images with an impressive degree of
precision.

1 Hardware Architecture Implementation: A hardearchitecture is devised for the
Generator model, specifically tailored for a Xilinx Zynq 7000 FPGA. This
architecture is optimized to accelerate the image reconstruction algorithm,
involving enhancements in host processing, memory management, and kernel
operations.
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1 Performance and Quality Evaluation: The restored images are subjected to
comprehensive evaluation in terms of both performance and quality. This
evaluation encompasses varying bit precisions within the hardware configuration.
Furthermore, theutcomes are compared against alternative platforms, such as
CPUs and GPUs.

Related Workd Significant prior research within the domain GANS, especially in
conjunction with FPGASs, is relatively scarce due to its novelty within the research
community. Neveheless, a number of earlier studies have tackled image reconstruction
algorithms by leveraging hardware accelerationthis paragraphthe related workwill
include a very similar problem domain and compare our contributions with previous work
in termsof quality of results and acceleration speed. In a stud@lgsemzadebt al.

[101], they introduce a reconfigurable design for tomographic image reconstruction,
aimed at a Xilinx Virtex 2 Pro FPGA. Their focus centensa reconfigurable design of
fillered backprojection (FBP) for parallel beam imaging, achieving an operational
frequency of 144MHz while utilizing nearly 14% of FPGA resources. However, the
reconstructed image presented in their paper exhibits a comphrahore pronounced
reduction in quality when contrasted with images generated using GANs, as demonstrated
in this study. S.0. Memik et aJ102] explored FPGA implementation of an iterative
image restoration technique.hdir investigation includes various metrics like result
quality and speed, concentrating on a Xilinx FPGA platform. Specifically, their highest
reported speed for a single image restoration, with kernel execution only, using their
largest FPGA, stands at28 seconds for a 28856 image. Even if we extrapolate this
acceleration to our image size &8), our design showcases relatively higher sp8ed.
Kumar[103] developed a noise reduction algorithm tailored to eliminating diverse types
of noise, particularly from digital images, with remarkable accuracy. Employing an
approximated fractional integrator (AFI) on grayscale images, they propose a hardware
implementdon on an Artix7 FPGA. Although they validate accuracy, no explicit
performance outcomes are providethere have been some earliekamples of
combining GANs with FPGAs, such as in works liKe&4] and [105]. These works
present memorgfficient architectures tacceleratehe generator and/or discriminative
network of GANs. Although this aligns closely with our problem domain, they showcase
performance results on significantly largg?GAs, with no explicit application testing or
mention. While these studies meticulously outline FPGA architecture designs, they lack
details concerning application outcomes or the quality of &®Nerated contenfio
summarize, some preceding research diddressed image restoration algorithms through
FPGA implementations but falls short in matching the quality and/or speed of outcomes
achieved through our GAd&lated work. Others have delved into GA®ated concepts

on FPGAs but omit applicatiespecifc details or insights into the quality of generated
outputs. In subsequent sections, we will introduce a uridqR@A taskthat hasn't been
previously exploreda GAN generative model designed for partial image restoration
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3.4.2 Implementation and Results

In the following paragraph we describe the optimization aspects of the software and then
the hardware design of our GAfdlated application for image restoration.

Software Implementationd We are going to outline the softwdevel design of the
application. As previously indicated, we have conducted training on two custom MLP
(multilayer perceptron) networks one for the generator model and another for the
discriminator model. The training was performed on the fashibiiST dataset, which
poses a slightly greater challenge than the standard MNIST dataset. The primary
generative model produces novel image samples, and by implementing several
adjustments, we have configured the GAN model to reconstruct partial images.
Furthermoe, we have optimized the model parameters in a meeftipgent manner to
ensure they can be accommodated within the FPG&hgn BRAMs (Block RAMS)
without causing any substantial loss in quality.

1 Model ParametersThe discriminator is composed of an NMLfeaturing a 4ayer
architecture. Each layer consists of a Dense layer, a LeakyRelLU activation
function, and a dropout layer. The final layer employs a Sigmoid activation
function, featuring in a total of 1.5 million parameters. Similarly, the generator
model, which excels in generating synthetic images, also adoptdayer4
configuration. However, it incorporatesifanhoutput layer and contains a total of
1.1 million parameters. It's important to note that these parameters have been
notably reduced fodeployment on hardware, which will be elaborated upon in
the subsequent sections.

1 Data Reconstruction TechniguBuring the training of the GAN, the generator
tries to approximate a particular distribution, while the discriminator evaluates its
performare, resulting in mutual iterative enhancements. The generator is
supplied with random noise during each iteration to create random samples
adhering to the distribution. However, in the context of image reconstruction,
instead of random noise, we feed thengrator with half of an image from the
dataset as input, expecting it to generate an approximation of the missing half. For
the generator model, both the training and test sets have been modified to only
include the top half of the images. Ultimately, tbatputted halimage is
combined with the original counterpart to create a complete image, which is then
used to train the discriminator model. The training process for the generator model
is in line with the fundamental principles of the typical discniator model,
utilizing binary crossentropy loss (as indicated in the next equation). The primary
objective here is to devise a model that maximizes the likelihood of the training
data.
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1 HW-aware training: To adapt the neural network model for FPGA synthesis, we

undertook several hardwamgendly adjustments within the model architecture
itself. Firstly, the substantial parameter count of the generative model (1.1 million)
necessitated deiction to ensure compatibility with the FPGA's@dnp memory,

thus maximizing data bandwidth. To achieve this, we downsized the network from
four layers to three, as well as reducing the number of neurons. Despite these
modifications, we retained the R@Lactivation function, which is generally
suitable for hardware implementation. Consequently, this yielded a mere 32,000
parameters, demonstrating exceptional memory efficiency without significant
compromising of outcomes. Additionally, it's important taghhight our
application of aMinMax constraint during the Keras training phase. This
constraint limits weight values to a narrow range, specifically within the interval
of (-2, 2) (as depicted ikigure 3-10). By doing so, the necessity for extensive
bitwidth in multipliers is obviated, leading to a reduction in overall resource
usagelastly, for the final output layer, we employed a Tanh function. While this
poses kghtly more intricacy in hardwarenplementatiorcompared to ReLU, we
successfully implemented it on the FPGA through the use ofeopnputedvalue

table. The Tanh function's output neuron count, totaling 392, is derived from the

dimensions of the prectied halfimage %). This design approach ensures
efficient hardware compatibility while achieving the desired functionality.

In the following Figure, we can observe the loss achideedliscriminator and new
generator model. Also, at the bottayfhithe Figure we can see the parameter range for
each layer aacquired from the MinMax constraint we already mentioned.

Parameter range

0.5

0.0

=05

Loss

\m«quJan/wLw«hwvvvq_~rww«fyv\wq~w\~,»KVA,-V/Vh~WW\r

EY

100 150
Epoch

Layeri Layer2
. 154

1.04
0.54
0.0

-05

—1.04

—154

Figure 3-10. Training Results (top: Loss for Discriminator and Generator modelbottom: illustration
of parameter range in each layer)
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Figure 3-11 displays acollectionof diverse images captured during both the initial and
final epochs of trainingEvidently, in the initial epoch, the lower halves of the images
(which constitute the output generated by the generator model) appear as if they consist of
random noise. However, in the concluding epoch (on the right), the showcased images
constitute a comilation of complete clothing ensembles, bearing a strong resemblance to
actualclothing.

Figure 3-11. Generator results for image reconstruction from first (left) and last

Hardware Implementationd The primary objective behind FPGA acceleration was to
enhance the speed of the generator model responsible for image synthesis and
reconstruction. To ensure the creation dast reconfigurable design, we executed the
implementation of a memomfficient neural network, asxplainedin the preceding
paragraph This network's layers were then synthesized onto the hardware, employing a
pipelined approach. The optimization of the thosde, efficient management of buffers

for enablingdata exchange between the host and kermmseral FPGA pipelining
strategies, andpecific synchronization mechanisms between the host and kernels were
all meticulously orchestrated imccording to FP@& design principles for high
performanceThefinal configuration of the system is presentedrigure 3-12.

1 Host optimizations:The initial phase involves refininghé design of the host
component of the accelerator function to align effectively with the requirements of
the application. The accelerator takes in aZzBtimage, which is then processed.
The input image is stored in contiguous memory using C++ vectailtatang
the utilization of the most efficient data transfer mechanisms for the accelerator.
The outcome produced by the accelerator is the projecte2Bliinage that was
previously absent. This result is subsequently transferred back to the host system,
where it's combined with the input image to yield the final reconstructe@828
image.
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1 Memory optimizationsEnhancing the data movement and the organization of
memory is pivotal to achieving high performance levels. Through the strategic
partitioning ofBRAMs (Block RAMSs) within the fabric, we attained optimal data
bandwidth. This enabled the instantiation of a greater number of DSPs (Digital
Signal Processors) capable of parallel operation, with simultaneous access to the
model's weights. Additionallywe adopted fixegboint arithmetic for the MAC
operations during model quantization. This switch from floapoot arithmetic
ensured more efficient hardware synthesis for our design.

1 Kernel optimizationsFor the purpose of achieving substantial thrqughit was
necessary to activate a high degree of figghined parallelism during
application execution within the Programmable Logic (PL) fabric. This was
achieved by strategically circumventing data dependencies. By utilizing
appropriate pragma diréees, we constructed an architecture for @enerator
model that was entirely parallel and pipelined, minimizing latency. Furthermore,
each layer's execution overlaps with the subsequent layer's operation in a dataflow
manner. Intermediate results are nsterred downstream without needing
additional memory.
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Evaluation and Resul ts

In this paragraph, we assess and analyze our applicationv&uaton will initiate with

an examination of the reconstructed images yielded by the GAN model in hardware,
involving a comparative study of errors across various bit precisions. Furthermore, we
will provide an evaluation of the hardware acceleratorfopaance, resource utilization,

and power efficiency. This assessment will be compared against other platforms.

I.  Assessment of the ModeDur evaluationstrategy advances to the model
examination phaserigure 3-13 presents a visual representation of the image
quality generated by the Generator model through diverse-figed precisions
in the hardware setting. The perceptible outcome is the variatithre quality of
the lower portion of the image, which is subject to approximation, dependent on
the bitwidths of the multipliers in the FPGAfter careful consideratignve opt
to retain an it precision approach, as it yields the most optimal resulthout
imposing a significant overhead on resources.

Input half image

FPGA output

Software output 4-bit output 6-bit output 8-bit output

Figure 3-13. Image reconstruction quality for different bit precision in the FPGA

Furthermore Figure 3-14 presents the distribution of pixel errors obtained from
the complete set of test images (normalized on a scalk tof 1) across varying
bitwidths on the FPGA hardware. The error values @ampared against the
softwarebased execution of the generator using-bB2 floating-point
representation. This depiction also clarifies that thdit8 configuration
consistently yields the most favorable outcomes, achieving a Peak-tigihaise
Ratio (’SNR) of 43.14 dB (scaled from 0 to 255 pixels). Notably, within the
context of 8bit normalized images, the maximum error remains under 0.1. In
contrast, configurations with fewer bits withess the maximum error rising to
approximately 2. This escalation &rror magnitude can potentially lead to
complete pixel inversion, shifting from white to black or vice versa. This
outcome, in turn, contributes to a discernible decline in output quality.



80 3.4 Accelerated Image Reconstruction using GANs

Pixel Error Distribution
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Figure 3-14. Pixel error distribution for different FPGA bitwidths

II. Regarding the system configuration, we employed a Xilinx ZC702, which is
equipped with a Zyn@000 System on Chip (SoC) featuring a Doate ARM
CortexA9 processor and 512 MB of DDR3 memory. The resewitocation of
our FPGAbased hardware accelerator, coupled with latency timings and the
attained frames per second (FPS), is detail@dbie3-2.

Utilization Summary Timing
Name BRAM DSP FF LUT Latency FPS
Used 54 110 18907 9855 -

Percentage 38.57% 50% 11.77% @ 18.52% | 0.013 (ms) | 77K

Table 3-2. Resource utilization and latency per kernel

.  To comprehensively assess our system's performance, including memory
transfers, we implemented the identical generator model on alternative systems
(CPU, GPU). This was carried out to facilitate fair performance and
performance per watt (PPW) comparis@he acceleration achieved is evaluated
against the baseline of the singlere testing on the ARM Cortex9 CPU within
the FPGA SoC. The relatively modest scale of the problem rendered an embedded
FPGA SoC advantageous compared to a GPU, consideringtiee dverheads.
Remarkably, this approach yielded favorable outcomes across all platforms, both
in terms of performance and the performatepower ratio (PPW) metrias seen
from the metrics imable3-3.



Chapter 3. Optimization of Deep Learning Accelerators 81

Device Information | Evaluation
System Model Time/lmg Speedup Power PPW
CPU ARM A9 2.06ms 1x 3.2W 1x
GPU Nvidia K80 0.033ms 62x 74N 2.7%
FPGA ZC702 0.013ms 158x 3.6W 140x

Table 3-3. Performance and power evaluation vs other systems.

Conclusiond In this study, we examined the utilization of a highly promising Deep
Learning technique known as GAN (Generative Adversarial Network) for the purpose of
imagereconstruction on an FPGA. This particular application domain had yet remained
unexplored in the context of FPGA implementation. Our investigation unveiled the
supremacy of GANs over conventional algorithms in terms of image restoration quality.
Concurretly, we demonstrated a successful probtoncept, showcasing the efficacy of
employing FPGAs for such tasks, yielding substantial gains in accuracy, speed, and
power efficiency. The generator model, meticulously trained with optimizations tailored
for hadware, displayed exceptional performance in reconstructingdughty images. It

not only minimized latency but also operated with remarkable power efficiency,
outperforming equivalent CPU and GPU platforms. While the potential-trfislevithin

the defgn space are expansive, our study has illuminated a path within this field, yielding
prosperous outcomes. The overall objective is to establish FPGAs as major contributors
to the open softwarkardware landscape, and this research takes a significaid stri
towards realizing that vision.
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3.5 Hardware AcceleratedAl for Covid detection

Within this section we explore thehird scenario out of the four in which we employed
FPGA acceleration to enhance the executwdnAl applications The scenario we
investigatedhereis a medical application aimed at combating the Gd@dprandemic.

The Covid19 pandemidhaddevastatedboth socal life and the global economy, causing

a relentless surge in daily cases and fatalities. While chd®ays serve as a widely
accessible and cosffective screening method, the sheer volume of respiratory illness
cases impedespid testing and timely garantine for every patient. Consequently, there
IS a pressing need for an automated solution, driven by the research community's
dedication.In response to this demand, we present a Deep Neural Network (DNN)
topology designed to categorize chesRXy imaes into three classes: Co\id, Viral
Pneumonia, and Normal. The accurate identification of Ga9idnfections through X
Rays holdsutmost significance, supporting medical professionals in their diagnostic
tasks Nonetheless, the substantial amount afadto be processed consumes valuable
time and computational resourc@sking a significant stride forward, we implement and
deploy this Neural Network on a Xilinx Cloud FPGA platform. These deviceknangn

for their remarkable speed and power efficierithe ultimate goal is to provide a cleud
based medical solution for hospitals, stréamg medical diagnoses witlprecision,
speed andlow energyefficiency. To the best of our knowledge, this application has not
been explored for FPGAs previously. Hbly, the achieved accuracy and speed surpass
any known implementations of Neural Networks foR&y Covid detection. Specifically,

our system classifies -Ray images at an impressive rate of 3600 frames per second
(FPS)with an accuracy of 96.2%. Furtheone, it outperfons GPUs with a speadp of

3.1x and surpasses CPUs with a remarkableXlih@erms of performancén terms of
power efficiency, the FPGA platifm excels, demonstrating a #.@nprovement oer
GPUs and an impressive 18.aver CPUs.

3.5.1 Introduction and Related work

The abrupt surge in COVHR9 cases, stemming from a novel respiratory virus, has
imposed an unprecedented burden on healthcare systems globally. The pandemic's
profound impact on both the health and economy of the worldwide lggapu is
undeniable.A crucial aspect of the battle against COVID involves the efficient
screening of infected individuals. This is vital to ensure that those diagnosed can
promptly receive treatment and be quarantined, particularly those at eleigitedhe
conventional method for detecting the disease involves a manual examination of-chest X
Ray radiographs (CXRs) by highly trained specialists. While widely adopted, this
approach is inherently tirr@onsuming and intricate, adding strain to healthcystems.
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Moreover, XRay images of pneumonia associated with COX(fDare often indistinct,
leading to potential misclassification and subsequent errors in medication or delayed
guarantind106, 107, 108] Recognizing the urgency to address these challenges, there is
a pressing need for an automated method to categorize chags ¥nd identify specific
diseases. In response to the collaborative efforts of the research community and the
imperative to combat the COVHD9 pandemic, we propose the development of a Deep
Learning application for the automatic detection of COMMD through chest JRays.

The ultimate goal is to deploy this tool in the Cloud, providing doctors and clinics
worldwidewith remote access to a Cloud Medical Al Assistance.

While Cloud Computing facilitates eslemand access to computing resources, it is
acknowledged that CNN models, due to their computational intensity, pose significant
demands on compute power. This igtalarly relatedin the current pandemic era,
where vast amounts of patient data need processing daily. Addressing this modern
challenge, our project introduces a novel solution leveraging harépapific
optimizations through Fiel®rogrammable Gate rfay (FPGA) architecture. FPGA
based acceleration has exhibited substantial promise by offloading specific tasks from the
CPU, enhancing system performance, and redudymamic power consumptiofThis
sectionmarks a significant advancement in Deep Learning, especially in CNN tasks,
benefiting from FPGA's parallelism and reconfigurability at the bit level. Deploying our
CNN model on FPGA platforms accelerates the Image Recognition process, ensuring
both spee@dnd power efficiency, crucial in datacenter workloads.

In this project, we will describe several highly accurate Deep Learning models using
custom and novel Convolutional Neural Network topologies that can detect-C®vid
disease in chest-Ray images. fie application is also accelerated through a Xilinx Cloud
FPGA platform using the latest Xilinx's development stack for Al inference. Furthermore,
we investigate how our model makes predictions in an attempt to gain deeper insights into
critical factors asociated with Covid cases but also make the proposed testing technology
scalable on the Cloud to be available globally with support for massive input data.

In summary, the main contributions of the paper are as follows:

1 We expand upon three efficient CNNodel architectures with a focus on memory
and size efficiency, aimed at classifying chesRa>ys into three categories
(Covid, Viral Pneumonia, Normal). Trained on the Tensorflow Deep Learning
framework, we attain a maximum accuracy of approximately 9é¢passing the
performance of previous CNNs designed for che&ay Covid detection.

1 We introduce FPG#Aspecific optimizations to the model topologies, employing 8
bit quantization for arithmetic precision. The most efficient model is selected and
acceleraéd on a Xilinx Alveo U50 FPGA using a heterogeneous architecture that
is both scalable and seamlessly portable to data centers for cloud workloads.
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1 The FPGA application is executed in a containerized environment, and results are
quantified in terms of accacy, speed, and power efficiency. Our performance
surpasses other higierformance devices (Xeon CPU, V100 GPU), excelling in
both performance and performance per watt. Additionally, we evaluate the
model's classification ability using heatmaps orR2>ys and present other
important classification metrics.

It is imperative to mention once more that the models presented are not intended for self
diagnosis. Individuals should seek assistance from local health authorities if needed. The
tool is designed as assistant resource for healthcare systems, offering highly accurate
identification of the type of disease, whether it is Cal] Viral Pneumonia, or a
Normal chest image. The rapid and accurate detection of CQ9lDfections in chest
X-Rays is of parawunt importance as it facilitates the rapid diagnosis and quarantine of
high-risk patients.

Related Workd X-Ray detection algorithms have been explored by many researchers
especially in the past, usually for lung diseases such as Viral Pneumonia. écehe r

year of 2020, the global CovitB pandemic has sparked an increasing interest within the
research community regarding the development of Al models tailored for the
identification of Covidl9. The pressing demand to support healthcare professionals in
their medical diagnoses through automated tools, particularly leveraging Deep Learning,
is evident. However, given the substantial computational complexity of these Al models
and the exponential growth of laboratory data from new patients, there is auligen

need for a robust platform capable of handling these requests with both high speed and
efficiency. The subsequent literature review encompasses comparable design approaches
addressing analogous issues or presenting related problems within ouc gpebifem
domain.

Several studies have investigated the use of Neural Networks towards Covid detetion
through chest XRays. Mangal et a[109] presented CovidAID, a deep neural network
based model to triage patients fappropriate testing. On the publicly available cevid
chestxray dataset their model gave 90.5% accuracy for the GO¥ibfection. On the

same scheme, Wang et al. introduced CovidNé&0], a deep convolutional neural
netvork design tailored for the detection of COVID cases from CXR images. They
showed a classification report with 93.3% achieved accuracy. Although, these projects
were some of the early work towards the fight against Covid and were very useful for the
community, they lack the performance of our CNN model which achieves an accuracy of
96.2%.

Furthermore, several deep learning approaches have been devised for the identification of
Covid-19, as documented ji11, 112, 113]However, these models often fall short in
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terms of acuracy or precision when compared to our proposed model. For instance, Jain
et al. introduced an Xception model topology for the same problem domain, achieving
slightly higher accuracy (97.9%) than our model. Nonetheless, their approach lacks a
method for accelerating or enhancing the efficiency of the inference procedure.
Additionally, numerous studies have focused on a binary classification scenario,
distinguishing between Covid and n@ovid imageq114, 115] In contrast, our model
incorporates a third classification category, Viral Pneumonia, which holds significance in
treatment strategies, as patients with Viral Pneumonia require distinct treatment plans.

It is noteworthy that, to the best of our knowledthere is no existing research on Covid
detection utilizing FieleProgrammable Gate Arrays (FPGAs). Consequently, we will
compare our work with related projects in the same problem domain, particularly those
involving hardware acceleration of ConvolutadnNeural Networks (CNNs) for
Pneumonia detection. For example, Chouhan ¢fi4a6] developed a CNN model using
transfer learning from ImageNet models, reporting an average inference computation time
of 0.043s on an Nvid GTX 1070 GPU card. Similarly, Azemin et fl17] implemented

a ResNetLl01 CNN model architecture for Covi® detection, achieving a speed of 453
images/min on CPUnN conclusion, while various CNidased approaches f@Qovid-19
detection exist, our project introduces a novel CNN with superior accuracy compared to
prior work. Moreover, we propose an acceleration method suitable for deployment on
cloud FPGAs, a domain that has not been explored extensively in previeaches

3.5.2 Implementation and Results

We will divide this paragraph into two parts; the software and hardware implementation
of our proposed solution. These are two separate flows that are needed before deploying
the model to the actual hardware. The software flow is related to the trainthg an
finetuning of the CNN model using a deep learning framework while the hardware flow is
the optimization and deployment procedure regarding the FPGA execution.

Software | mplementation

In this part we formulated multiple Convolutional Neural NetworkNE) architectures

for the classification of Chest-Ray (CXR) images within the dataset. The selection of
the optimal Al model was based on considerations of both accuracy and efficiency, with
the intention of deploying it on an FPGA, as elucidated instifesequent section. This
section is dedicated to delving into the problem formulation, the dataset utilized, the
training process, and the hardwaentric optimizations implemented on the models to
facilitate their efficient deployment on the FPGA device.
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1. Dataset: The Covid19 X-Ray image database utilized in this study was curated

from the lItalian Society of Medical and Interventional Radiology (SIRM)
COVID-19 DATABASE [118] . The dataset comprises a total of 2,905RCX
images, categorized into 219 for Covid, 1,345 for Viral Pneumonia, and 1,341 for
the Normal class, used for training and evaluating the Al models. Despite the
relatively modest size and irregularity of the dataset, we employed various
techniques to addss these challenges, as elaborated in the following sections.
The selection of this dataset was driven by its egmirce nature and full
accessibility to the research community and the general public. As datasets
expand, we remain committed to refiningdasdapting the models accordingly.
The bar chart below illustrates the distribution of CXR images for each infection
type, segmented into training and test sets, with the test dataset accounting for
25% of the total dataset.

. Model Topology: We propose ttee different topologies for this problem in order

to have a better evaluation on the dataset and select the most suitable model for
acceleration on the FPGA afterwards. We developed separate models that each
has different prediction accuracy, architeckwa@mplexity (in terms of number of
parameters) and computational complexity (in terms of number of MAC
operations). A CustomCNN which is a classic convolution neural network, a
lightResNet which is a ResNet50 variant and DenseNetX which is based on
Denselt architecture but it also includes the Bottleneck layers and Compression
factor.

. Training: Last we will analyze several techniques that we applied on the training

procedure. These optimizations mainly had to do with the specific dataset
characteristicsbut also include several hardwaeare optimizations on the
model that helped us deploy and accelerate the CNNs in the FPGA more
efficiently. The first is related t&€lass weightingTraining with a dataset like

ours with very few Covidl9 images as opped to Normal or Viral Pneumonia
images constitutes a classbalanced problem. This is a complexity that poses
significant challenge to the converging of our models as CNNs are normally
assume to be trained on identical distribution datasets. To overtmmeass
variance we imposed specific class weights.,(6x on Covid class) which
applied to the model's loss for each sample and eventually helped the model learn
from the imbalanced data. Next we applW-aware optimizationso the model
compilation The CNNs' topology needed some minor modifications in order to
be compatible and efficient with Vitis Al quantizer and compiler. In particular,
the order of the Batch Normalization (BN), Rectified Linear Unit (ReLU)
activation and Convolution layers has bedtered fromBNY Rel¥Y UConv t o
ConvY BN RelLU. This order of |l ayers i

S

alr
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community, however it ensures that for any parameter values the network always
produces activations with the desired distribution. Also, another @atiioin that

we did is in the case of GlobalAveragePooling2D, which we needed for example
in DenseNetX and we replaced it with AveragePooling2D plus a Flatten layer.

Last, softmax was implemented in the DPU and not in SW (proved to be more
than 100x timesadster) using an AXI master interface nanséd_interrupt

The softmax module used_axi_dpu_aclk as the AXI clock forSFM_M_AXas

well as for computation.

Har dware | mplementation

In this segment, we will describe the sequence of sesg®mpassing quantization,
evaluation, compilation, and ultimately, the execution of Al models on the Alveo FPGA
platform. Additionally, we will examine the comprehensive architecture of the FPGA
design, functioning within a heterogeneous system that itéaed efficient
communication with the host processor. Finally, we will establish a completm®-emndi
environment accessible for seamless testing and utilization of our project through an
FPGA-containerized application.

Acceleration Approachd Given tre potential utilization of our application byany

users globally, an efficient and expeditious solution is imperative. Consequently, we
opted to leverage the Vitis Al environment to deploy our Convolutional Neural Network
(CNN) models on an Xilinx Alveo B0 FPGA. This strategic decision aims to yield an
application with high inference throughput and a compact memory fodperittcal

factors for optimal performance in cloud workloa#sirther exploration of the steps
involved in model quantization, evali@, and the subsequent compilation will be
discussed. This compilation process generates DPU (Deep Learning Processing Unit)
instructions, facilitating the effective utilization of the FPGA's compute units (CUS).

1. Quantization: Initially, we converted ourmodels into a Tensorflow
compatible floatingpoint frozen graph as a prerequisite for the quantization
process. Subsequently, we opted for the quantization of the trained weights of
our Convolutional Neural Networks (CNNs) usingbi8 precision. This
choice, widely acknowledged in similar CNN applications, has demonstrated
the ability to maintain acceptable accuracy levels. Finally, we supplied a
representative sample set of the training data to calibrate the quantization
process. The data underwent a ctateoforward pass through the model, and
the weights were adjusted based on the data range required for inference by
the application.



88 3.5 Hardware Accelerated Al for Covid detection

2. Evaluation of Quantized Model: The transformation from a floating
point model, where values can exhibit a broad dynamnge, to an it
model, limiting values to one of 256 possibilities, inherently introduces a
slight loss of accuracy. Therefore, it was crucial to evaluate the quantized
graph on Tensorflow before proceeding with the model compilation. Notably,
this techimque generally yielded nearly identical accuracy results when
compared with the actual application tested on the board. Moreover, the
guantized graph on the FPGA, in contrast to the flogtmigt graph on the
CPU, had a minimal impact on the final accyréess than 0.5%).

3. Model Compilation: In the final phase, we compiled the graph into a set
of micro-instructions encapsulated in a ".xmodel" file format. The Vitis Al
compiler undertook the conversion and optimization of the quantized
deployment model,asulting in the generation of the final "executable" for
CNN inference. The generated instructions were tailored to the specific
configuration of our Deep Learning Processing Unit (DPU). In our case, the
DPUCAHX8BPU IP was selected. To specify the partrseof the DPU for

the target Alveo U50 board, we provided these parameters in a ".dcf file.
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Figure 3-15. CNN graph quantization and compilation for the FPGA DPU

Evaluation and Results

In this segment, we will assess and profile our application comprehensively. Initially, we
will analyze the model performance, considering factors such as validation loss, accuracy,
and various classification metrics for the neural networks. Subsequently, weeivil

into the evaluation of the hardware accelerator's performance, exploring aspects such as
resource utilization, acceleration, and power efficiency in comparison to the CPU and
GPU. Finally, we will showcase qualitative results, shedding light on ai¢ais the X-

Ray images that are particularly indicative of Covid or Viral Pneumonia.
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Model evaluationd In this study, experiments were conducted using Tensorflow and
Keras, employing the common 224 x 224 image dimensions typical in many
Convolutional Neral Networks (CNNs). All models underwent training with the Adam
optimizer, accompanied by EarlyStopping and best model callbacks. The optimization of
classification models was achieved through the minimization of the-entsspy loss
function. Additiorally, various parameters and hyperparameters for each model
underwent tuning during training, including Learning Rate (LR) and epdéise 3-4
provides an overvievof the key characteristics of each model, encompassing training
hyperparameters, model specifications, and model evaluation metrics.

Hypermarameters Model Specs Evaluation
Model LR Epochs | Params @ FLOPs @ Accuracy Loss
CustomCNN 0.0001 70 2.033G | 1.025G | 96.2% 0.16
lightResNet 0.001 60 2.697G  2.814G | 96.5% 0.408
DenseNetX 0.005 80 0.758G | 1.722G | 94.9% 0.264

Table 3-4. CNN model characteristics and performance

Qualitative analysi®d In thepreceding tables, we presented various performance criteria
to assess the effectiveness of our classification models. Depending on specific
requirements, one can opt for a model with distinct characteristics that align with the
desired balance between merhance efficiency (FLOPs) and accuracy. For the purpose
of demonstration and the FPGA implementation, we chose the CustomCNN model. This
selection is based on its efficient performance, achieving a high level of accuracy
comparable to that of lightResN&hile maintaining minimal computational requirements

0 a crucial factor for computimtensive workloadsFurthermore, we provide several
insightful activation maps derived from the last convolutional layer of the CustomCNN
network. These maps play a sigecdint role by offering an understanding of the model's
classification capability and validating the regions of attention regarding the disease.
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Figure 3-16. X-Ray visualizations using attentiorheatmaps
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System performancé In assessing the system design, we initially verified the resource
utilization of the FPGA's Deep Learning Processing Unit (DPU). The hardware
configuration for deployment comprised a Xilinx Alveo U50 Cloud FPGA featuring an
8GB High Bandwidth Memory (HBM) capacity and a total bandwidth of 316 GB/s. The
device was integrated into a Gen4x8 PCIl Express setup, operating at a kernel clock
frequency of 300MHzTable 3-5 provides an overview of the resource utilization for a
DPUV3E kernel equipped with five batch engines (our design employed two kernels).

Utilization Summary

Name BRAM URAM DSP FF LUT
Used 628 320 2600 310752 250290
Percentage 46.7% 50% 43.6% 21.2% 28.7%

Table 3-5. Resource utilization of a single DPU kernel

Subsequently, we conducted an assessment of inference using the CustomCNN model on
alternative higkperformance systems, specifically an Nvidia V100 GPU and-eofd

Intel Xeon Silver 4210. The inference on these alternate devices was carried out using
Tensorflow with default settings and suitable batch sizes. The left sidégofe 3-17
illustrates the maximum throughput achieved by each device, measure®aysXper
second (FPGA: 3600, GPU: 1157, CPU: 204). Additionally, we annotated the latency,
measured in milliseconds, for singleRay image inference on each device. Furthermore,

the right side ofigure3-17 depicts thegpower efficiency measurement for each device in
X-Rays/Sec/Watt (FPGA: 51.3, GPU: 11.1, CPU: 3.9).
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Figure 3-17. Performance and Performance/Watt metrics across different architectures

The throughput metric holds significant importance for cloud workloads dealing with
extensive patient data, while the latency metric becomesatin@dge scenarios, such as
mobile phones, where time sensitivity demands an immediate response.
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A quantitative comparison reveals that, in large batch size scenarios in the cloud, the
FPGA achieves the highest inference speed, demonstrating a 3.#>updeam the GPU

and a remarkable 17.6x spega from the CPU in terms of throughput. It is noteworthy
that the 8bit quantized CNN employed on the FPGA incurred less than a 0.5% accuracy
loss, a trad®ff deemed acceptable for the gains in performancepanver efficiency.
Furthermore, the FPGA outperforms the other two devices in the power efficiency metric,
measured in XRays/Sec/Watt. Specifically, it attains a 4.6x spepdrom the GPU and

an impressive 13.1x speeg@ from the CPU. The FPGA's meta€51.3 X-Ray/Sec/Watt
implies that to identify a disease in a single che®ay image, only 0.019 seconds and 1
Watt of compute power would be required. This efficiency is particularly crucial for
cloud providers aiming to minimize energy consumptiorana centers while meeting

the performance demands of various applications.

Conclusiond In this study, we introduced multiple Al models, each possessing distinct
characteristics, designed for the detection of CO¥fDcases from CXR images. These
modelsare open source and available to the general public. Notably, our study showcased
substantial enhancements in both accuracy and performance when compared to previous
related work. Additionally, we delved into the interpretability of our model's predictions
by employing an attention heatmap method, seeking deeper insights into critical factors
associated with COVIEL9 cases. This not only aids clinicians in refining screening
processes but also enhances trust and transparency when utilizing our Convolutional
Neural Network (CNN).Furthermore, we quantized, compiled, and accelerated the Al
model for deployment on an Alveo U50 FPGA, aimingaticeleratecomputeraided
screening. The application was containerized, allowing seamless portability to a cluster of
FPGAs operating in the cloud, exhibiting high performance and energy efficiency in
comparison to other architecturdts essential to note that this is not a produeteady
solution intended for selfiagnosis. From a research standpoint, our focus nsma
enhancing performance and introducing additional features within our Al Health
framework, particularly as new data is collected. This may involve areas such as risk
stratification for survival analysis or predicting hospitalization durations. Wdledalm

of Al automated systems is vast, this work sheds light on the potential contributions of
FPGAs in fundamentally shaping compuégied Medical Diagnosis.
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3.6 Creating Optimized Firmware from CNNs for FPGAs

This section contains tHerth of the four scenarios in which we utilized FPGAs for
Al acceleration. In particulathis section does not present a specific Al application but
entails a more generalized way for accelerating Al applications for FPGAs. Specifically,
it describes on efficient framework to convert trained CNN models into optimized FPGA
firmware. Effective Al algorithms hold immense significance across numerous
challenges, particularly in tasks involving classification or clustering. However, a
standardized universal Al model and seamless optimization is necessary. Consolidating
various machine learning models into a shared ecosystem can substantially reduce
developmat time and enhance compatibility within frameworks. The Open Neural
Network Exchange Format (ONNX) stands as a widely recognized open format for
representing deep learning models. Its purpose is to enable smoother transitions of models
among cuttingedgetools for Al developers. Notably, hardware companies like Nvidia
and Intel are striving to stay aligned with this trend. They are producing hardware
runtimes optimized for CPUs and GPUs that proficiently manage these open format Al
models like ONNX. This mpowers developers to harness an assorted range of hardware
and utilize their preferred Al frameworks. Yet, FPGAs pose a more intricate challenge.
However, they are a proven platform for effectively addressing such challenges
concerning performance and pewefficiency. Our study idbased onan earlystage
development project known as HLS4MB], initially designed for particle physics
applications. The project's core innovation involves the automatic generation of neural
networks (NNs) for embedded Xilinx FPGAs. Our work takes this a step further by
incorporating hardwaraware NN training and a comprehensive optimization strategy on
top of HLS4ML. Thisextensionsignificantly enhances the i b r perfoynéasce and
power eficiency. Additionally, it introduces functionality for cloud FPGA firmware
deployment from any NN modeDur methodologyeginswith FPGA-awaretraining of
a model in Keras, tailored for image recognition. The model is then converted into the
ONNX open fomat before being adapted and fitueed for cloud FPGAs. This process
employs anovel scheme that optimizes various aspeitsluding the host environment,
memory management, and kernel operations. Multiple levels of network precision are
also leveragedTo the best of our knowledgehis approach stands as amique
innovation. It leads to a remarkable spegd achieving performance gains of up to 102
compared to a single CPU, and up to>x5ifprovements in performance per watt
compared to GPUs.

Sub®quentparagraphswill provide an initial overview and contextual insights
into frameworks designed for the automated acceleration of Al hardware. Our
implementation and integration within the HLS4ML framework will be detailed, followed
by evaluation metds concerning the acceleration of tpapular Al models



Chapter 3. Optimization of Deep Learning Accelerators 93

3.6.1 Introduction and Related work

Recently, ML techniques have achieved remarkable success across many applications and
have emerged as pivotal tools, particularly in fields like image and speech recognition.
Convolutional Neural Networks (CNNs) have gained substantial traction due to thei
exceptional accuracy and performance in visual recognition {dsl®. These deep
learning models have proven to be revolutionary, permeating numerous industries and
finding their way into an increasing array of comnmrproducts, thereby significantly
impacting people's daily lives.

Nonetheless, the demands of contemporary companies necessitate the processing of
massive volumes of data, often in the order of terabytes or more each day, owing to the
prevalence of thesalgorithms. As machine learning applications continually learn from
extensive realorld dataset§120], the requirement for faster processing speeds becomes
ever more pressing. This computational complexity hasregunitiatives to enhance
these tasks through hardwasgecific optimizations, making use of diverse heterogeneous
architectures that combine platforms such as CPUs, GPUs, and FPZAsWhile the
utilization of multicoe systems holds promig&22], the challenge of mitigating the
considerable energy costs and processing times perdi2®. Notably, FPGA
implementations have progressed significantly, shewga their exceptional
effectiveness in CNMelated tasks due to their remarkable parallelism and
reconfigurability at the bit level. Leveraging hardware accelerators contributes to a
increasedoverall throughput, stemming from the highly parallelizabdure of the
numerous multiplyaccumulate operations (MACS) inherent to these algorithms.

Within thefield of CNN hardware acceleration, a notable challenge is the interoperability
of deep learning frameworks. The task of moving models seamlessly betuttieg

edge tools while selecting the optimabnfiguration remains a challengefor Al
developers. As a response to this, there has been a shift towards adopting open format Al
models such as ONNX, which fosters an ecosystem with standardized repreisgntati
[98]. ONNX offers an opesource format for Al modelsncluding both deep learning

and traditional machine learning paradignmdéfering an adaptable computation graph
model and definitions of prbuilt operators md standard data types, ONNX gathers
significant support from prominent corporations like Alibaba, ARM, AWS, IBM,
Huawei, Intel, Nvidia, and othef424]. However, adapting Al models to run efficiently

on platforms ke FPGAs can be exceptionally demanding, prompting developers to
explore ways to circumvent code rewriting and overcome code optimization challenges.
The process of hardware acceleration for varying neural network architectures on FPGAs
is far from straigtforward.

In this paper, we present an innovative approach for seamlessly translating Convolutional
Neural Networks (CNNs) into OpenCL FPGA devices within cloud environments. We
extend the capabilities of an eadtage opesource project known as HLS4ML25, 3]
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which involves a compiler for higlkevel language code tailored for embedded Xilinx
FPGAs, thereby enabling neural network model implementation. Our contribution
introduces novel architectures andtiopzation methodologies for automating the
translation of neural networks onto clebdsed FPGAs, enabling full execution within
FPGA hardware and taking advantage of the server class FPGAs. As a result, the
development process for ONNXased deep learrarapplications on FPGAs gains speed
and power efficiency, simplifying neural network compilation and acceleration overall in
the cloud as well. To sum up, the primary contributions of this paper include the
following:

1 Introduction of a novel optimizatioacheme for automatically generating cloud
FPGA firmware from ONNX models, around a generalized approach adaptable to
various neural network types with the capacity for design space exploration.

1 Introduction of a new template for additional optimizationtha kernel, memory,
and host levels for FPGAs, such as the Xilinx Alveo U200. These optimizations
are applied on top of HLS4ML library utilizing a flexible heterogeneous
streaming architecture, involving different precision configurations between
neuralnetwork layers.

1 Proposition of a hardwargpecific training method for neural networks,
demonstrated using a small MNI®Bsed model and a larger ClFARsed
model. We port ONNXconverted models for automatic Hijlevel Synthesis
(HLS) translation for thé\lveo board. In performance and performance per watt,
we achieve superior results compared to other-paggformance devices like a
Xeon CPU and P100 GPU.

Related Workd Numerous researchers have experimented with CNN algorithms,
particularly focusing onoptimizing both software and hardware aspects. These
optimizations are applicable across various domains, including image recognition and
object detection. In the following overview of related work, similar design approaches are
presented, addressing amgbus problems within our problem domain. Weijie You et al.
[126] introduced a design for a DNN pipeline accelerator based on grouping techniques,
tailored for FPGAs. Their evaluation uses AlexNet and VGG16 networks using Xilinx
ZC706, an embedded FPGA SoC. In contrast, our paper utilizes a cloud FPGA instead of
the emledded counterpart. In a similar vein, HH®@7] proposed an FPGA/DNN eo
design method facilitated by an AdttiLS engine to generate FP&Anthesizable C
code. Their work also centers on an embedded FPGA, the Xilinx PXN@®urthermore,

Sitao Huand128] demonstrated a versatile sparse DNN inference accelerator on FPGA,
adaptable for both mobile and higlerformance computing scenarios. Notably, they
omitted a GPU comparison from their studyha&Semzadeh et a[96] showcased
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ReBNet, a Residual Binarized Neural Network running on Xilinx FPGAs. This
implementation employs -fit precision per neural network layer, utilizing Xnor
Popcounistyle computations. éivever, their approach's performance falls short when
compared to our solution. Despite running at a slightly different kernel frequency, their
hardware accelerator's CNN model is also based on the MNIST dataset. Their reported
peak throughput is 64000 Iges/s, whereas our MNIST model achieves a maximum of
158000 Images/s. This performance advantage is achieved by ubihga® higher
precision weights while utilizing only half of the available resources. Jiong Si[&Rf].
conducted testing on an FPGA platform for inference using various precisions, including
8-bit, on the MNIST dataset. Despite their FPGA operating at a lower frequency, their
performance with it data is proportionally lower than ours. They indicat uke of a

25 MHz clock, while our FPGA reaches the maximum device frequency of 300 MHz.
Notably, our clock speed is 12 times faster, leading to a significant performance
advantage of 60 times compared to their proposed solution. This implies an ovelall 5
performance enhancement from our system. Alemdar ef99]).implemented fully
connected ternarwe i g h t neur al net works on FPGAs,
the MNIST dataset. Their ternary networks inhegentthieve sparsity through pruning
smaller weights to zero during training, enhancing energy efficiency. It's noteworthy that
their work utilized a custom Xilinx Kintex 7 FPGA board named Sakraperating at

200 MHz. In contrast, our FPGA board, utitigi similar resources, operates at 300 MHz
and achieves a | atency of 6. 3 €S whil e
activations. Lastly, Makrani et al[130] introduced a model to optimize the
performance/cost ratiof ascaleout applications in cloud environments across varying
memory configurations. Their methodology, called Mena, focuses on tuning memory and
processor parameters to match system configurations with application requirements and
budget constraints, altigh it does not extend to the realm of FPGAs.

In conclusion, extensive research has explored the use of lower precision neural networks
on FPGAs. However, in the subsequeatagraphswe will present a novel approach for
deploying CNNs on FPGAsutomaically. This approach boasts the advantage of
seamlessly and efficientlgenerating FPGA code from ONNX models, offering low
latency and high power efficiency.

Preliminaries d In this work, we focused on utilizing an open neural network format
that can b beneficial for our framework as it promotes interoperability. The Open Neural
Network Exchange (ONNX) serves as an open ecosystm, empowering Al developers to
streamline the Al model development process. ONNX offers an-separce format for

Al models, esompassing both deep learning and traditional machine learning. It employs
an adaptable computation graph model and defines a range oeinbaperators and
standard data types for seamless deployment in inference tasks. ONNX has broad support
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across nunteus frameworks such as Tensorflow, Caffe, Pytorch, MxNet, Matlab, and is
compatible with various hardware runtimes, including Nvidia's and Qualcomm's. Javier
Duarte et al[3] explored the utilization of FPGAs for rapidfémence within particle
physics applications. They identified a distinctive requirement in particle physics for
FPGAbased trigger and data acquisition systems, demanding exceptionally lew, sub
microsecond latency. Consequently, they introduced a packsigndd to automate the
creation of machine learning models for FPGAs through HigNel Synthesis (HLS).

This compiler autonomously translates -pi@ned neural networks into HLS code,
relying on the model's architecture, weights, and biases. It extmiort to models
trained in Keras, PyTorch, and even ONNX. However, it's important to note that this tool
is still in its early stages and offers limited support for certain layers. In our specific case,
the model tailored for FPGA hardware initially enotered compilation challenges when
used with hls4ml. It necessitated several modifications to address memory issues, but this
marked the inception of our solution approach.

3.6.2 Integration with Existing Tools and Evaluation

Exporting machine learning models from frameworks like TensorFlow or PyTorch
necessitates robust hardware with substantial computational capabilgigigyhting the
importance of a weltlefined design flow. To gain a clearer insight into our design
straegy, Figure3-18 provides an overview of the proposed design flow. As depicted, the
process begins with the training and optimization of an Al model using Keras,
incorporating hardwar@aware optimizations. Subsequently, the model is converted into
the ONNX format. Next, the opeiormat neural network model undergoasnversion

into FPGA HLS code, facilitated by the HLS4ML package, complemented by our neural
network andFPGA optimizations tailored for cloud deployment. Finally, the image
recognition application is executed on board with meticulous synthesis fefréglency
performance and adequateardware exploration. Performance, modularity, and -re
configurability ®rve as pivotal sides of a higierformance and adaptable design.

1 Performance:To enhance design efficiency and reduce latency, we employ a
streaming dataflow approach. Each layer operates in parallel as an independent
module, transmitting its output do#y to the subsequent layer, which takes the
previous output layout as input, thereby overlapping operations and obviating the
need to store intermediate results in-dffp memory. This results in a faster and
more powerefficient design. Additionally, & consider calculation precision,
optimizing multiplier usage while minimizing accuracy errors.

1 Modularity: Our design accommodates varying precision levels among layers,
creating a heterogeneous neural network with accuracy tailored to each layer's
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activation requirements. Precision settings for weights, biases, and activations can
be seamlessly adjusted togali with application needs. Furthermore, each layer
functions as a standalone accelerated module, offering independent control.

1 Reconfigurability: Our frameworkis configured to generate custom FPGA
firmware compatible with a wide array of OpenCL FPGA ides, including
multiple copies of the same kernel for batch processing.

Keras Optimize
Framework precision,memory,etc.
7y
L 2
FPGA
Al model I;?rr::’,;n HLS4ML synthesis
! (PAR)

Figure 3-18. Design steps for ONNX model deployment to FPGAs. (Blue tasks indicate our work
while red are taken from previous work. The HLS4ML python APl was modified to support the
new optimizations and changes.

Optimize/
Finetune

Architecture Design

We adhere to FPGA design principles toveaogtimizing high performance and power
efficiency, accompanied by the development of a cusbganCL host API designed to
accommodate cloud FPGAer data centers. Our serautomated OpenGtentric tool

flow methodology for deploying neural networks on FPGApportsvarious software

and hardware optimization§Ve commence with hardwaspecific taining of a neural
network, applicable to a wide range of neural network models. This approach offers
substantial flexibility in parallelization, particularly beneficial when working with
unsigned neural network weights. Furthermore, the translation gfetheralized ONNX
model format into a fused hardware model with independent modules for each layer
provides opportunities for further parameterization and optimization of the neural
network. Lastly, through the OpenCL host API, we enhance memory accéssriels,
maximizing device data bandwidth. Utilizing OpenCL command queues and precise host
kernel synchronization enables substantial parallelization at a eyraised level.

I.  Hardware Acceleratar Our hardware accelerator, as previously mentioned,
comyprises several accelerated modules derived from the ONNX model, which are
pipelined with an initiation interval (lI) of 1 and interconnected sequentially in a
streaming fashion. Of particular significance are the dense/convolution layers,
primarily due to heir substantial computational demands, accounting for nearly
90% of the total network execution timEo optimize the performance, we have
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implemented a layer fusion technique specifically targeting Convohredr)

layers. This optimization combines theonvolution and RelLU activation
operations into a single, streamlined processing step. By fusing these layers, we
eliminate redundant data movements and reduce the overall computation time,
leading to significant improvements in both latency and throughput

Multiplier Optimization We aimed to maintain-Bit precision for all weights and
biases, as this typically yields satisfactory inference accufady, 132]
However, we employed mixegarecision data types for the inner activations. To
determine the minimal required precision for each layer in the network, a
statistical analysis was conducted on the weight and activation parameters.An
innovative approach to wultiplier design involved efficiently performing two
multiplication operations within a single clock cycle using Xilinx's DSP48E2. Our
objective was to devise an efficient method for encoding inputs a, b, and c in a
way that the multiplication (a + b) xaould be easily separated into a x c and b x

c. We achieved this by packing the twdi8inputs, a and b, into the it port of

the DSP48E2 multiplier via the peglder, ensuring that the vectors were as far
apart as possible, as illustratedrigure3-19.
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Figure 3-19. Packing two INT8 multiplications with a single DSP Slice.

As observed, thproduct of the packed port and aibi8 coefficient produced the
result without the bits of each vector influencing the computation of the other. To
prevent any interference between the upper and lower bits;l@mtmput required

a minimum total inputige of 24 bits (16 bits + 8 bits).

Memory OptimizationIn neural networks, the same set of inputs or weights is
often heavily reused in convolutional or dense layers. We opted for input sharing,
as depicted ifrigure3-20, which involved parallel MAC operations of the type a

x w; and ax w;. By left-shifting the values using the discussed INT8 optimization
technique, each DSP slice contributed to a partial and independent portion of the
final output valus.
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Figure 3-20. lllustration of input sharing technique

The common coefficient "c" in the multiplication a x ¢ + b x ¢ corresponds to the
input ai of the partial sum of produdis @ U ; in a convolutional layer.

Additionally, we configured the neural network weights to be stored in the fast
BRAMs of the FPGA device, allocating weights into matrix blocks within
physically contiguous memory, situated near the computation of kernels. This
ensured rapid communication, allowing ecycle readwrites of vectorized data
using the most efficient data movers. Furthermore, the blocks were fully
partitioned (or partially for larger networks), enabling the FPGA device to
simultaneously access muliplveight values and facilitate extensive parallelism.

Dataflow Optimization Following the optimization of multipliers and memory,

we proceeded with the final integration of the acceleration modules by executing
all layers in a unified kernel with a streag architecture. We established
channels based on FIFOs, enabling consumer layers to initiate operations before
producer layers had completed, as illustrated Figure 3-21. Each layer
transmitted its output to the next layer using similar datatype layouts, allowing
them to overlap their operations once sufficient data had accumulated in the
previous layer. Thisncreasedhe concurrency of the RTL dign. Moreover, in

the streaming architecture, there was no need to store intermediate results of each
layer in offchip memory since they were promptly passed downstream. This
resulted in significant resource reduction and enhanced power efficiency,
employing only the minimal resources required for our desigve also enabled

batch processing for the forward operation, allowing users to input a packed array
of N images for batch processing and receive results in an N x classes array
containing classificadn probabilities. Thesoftmaxlayer generated this array and
provided all classification results after processing all images.
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| void forward(img, res) {
> save_weights_onchip();
Layer 1 \ layer1(img, out1);
—_— layer2(out1, out2);
Layer 2 layer3(out2, res);
return;
[ Layer 3 }

Figure 3-21. Task level pipelining between layers

VI.

Model and parameterdnitially, we normalized the image values within a range

of 0 to 1 by dividing them by 255 before inputting them into the neural network
model. Subsequently, we divided the dataset into two parts: 60,000 images for
training and 10,000images for the test set. The MNIST model primarily
comprises two dense layers, encompassing over 200,000 synapses, with activation
layers interspersed. In contrast, the other model, designed for the QIFAR
dataset, is a variant of VG5, featuring thre convolutional and pooling layers

with activation layers in between. We opted for the ReLU activation function for
both models due to its stability, speed, and efficiency, particularly when deployed
on FPGA hardware.

The sign extension issuBs previouyy explained, we've implemented an INT8
optimization for the multiplier in our hardware accelerator, which utilizes a
packed port to perform two multiplications in a single DSP operation. However,
the original neural network computations in both densecandolutional layers
involve signeeby-unsigned multiplications. This arises from the fact that the
activations, stemming from RelLU or input layers, are consistently positive
numbers, while the weights may include negative values. When multiplying these
types of numbers, it becomes imperative to sgtend the inputs, as illustrated
below. This sign extension is necessary to execute the multiplications in an
unsigned format and subsequently obtain the correct result in two's complement
form; otherwise, th@utcome may prove invalidcor instance, when we multiply

two 8-bit numbers with one of them being signed, the sign extension process
results in a 16 by-8it multiplication, ensuring that the outcome is represented in
the appropriate two's complement rf@t. This principle applies not only to
integers but also to fixedoint numbers, as demonstratedrigure 3-22, since we

treat them as integers and subsequentheréma their binary point position.
Consequently, the INT8 optimization cannot be efficiently applied by default, as
the packed port designed for single DSP multiplication cannot accommodate two
16-bit numbers simultaneously.



Chapter 3. Optimization of Deep Learning Accelerators 101

-(0.1111101) = (0 + %g) = -0.9765625

1 1 1 1 1 1 1 1 0 1 1 1 1 1 0 1

L - JH,_JL. ~ J

sign extension integer fraction

Figure 3-22. Sign extension for an &it fixed point number

VII.  The weight regulationTo address the aforementioned issue, we devised a strategy
within the Tensorflow/Keras framework, which we employ for training our
models. Thisstrategy involves imposing specific constraints during the training
process, akin to employing L2 regularization techniques to direct the growth of
model weights. We opted for a payer nonnegativity constraint on both weights
and biases. Initially, tkiapproach yielded suboptimal results, with some weights
becoming excessively large positive values due to overfitting. To rectify this, we
introduced additional guiding mechanisms, such as weight and bias initialization,
as well as extending the numbertiining epochs. Ultimately, a combination of
iterative retraining steps and pruning was instrumental in achieving a weight
distribution within the [0, 2.5] range, with the majority of weights concentrated in
the [0, 0.05] interval. In the final stages mdsttraining refinement, we reduced
the integer width of the-Bit fixed-point values, retaining only 1 bit for the integer
component of the weights, since only a small fraction of values necessitated 2
integer bits.

Final system design using OpenC& Following the successful implementation of a
low-latency design, which leveraged figeain parallelism at the kernel level within the

PL fabric, we proceeded to create an efficient OpenCL host API using standard OpenCL
API calls. Specifically, we allocateimage inputs using C++ vectors, with each vector
sized at 28 * 28 * N, where N represents the number of images when batch processing is
preferred. This allocation method ensured that the image matrix occupied physically
contiguous memory, enabling theiligation of the most efficient data transfer
mechanisms to and from DDRs. To optimize data throughput, we implementeeba 512
user interface on each kernel side, leveraging the maximum memory bandwidth supported
by Xilinx OpenCL FPGAs. Simultaneously,enmade use of all available DDRs on the
device, achieving peak data transfer rates. Additionally, we carefully crafted concurrency
within OpenCL command queues for kernel initiation and synchronized interactions
between the host and kernels, ensuring smagteration within a constant dataflow
paradigm.
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Moreover, we took measures to minimize SLR crossing whenever feasible, as this tends
to result in less efficient designs in terms of latency and power due to the creation of
longer critical paths. Fortundye our kernels generally remained within the resource
boundaries of each SLRigure3-23 provides an overview of the entire system, starting
from the host CPU, trarsing through the FPGA, and finishing in the calculations
performed at the multiplier level in each Processing Element (PE). Notably, the final
system, complete with all the optimizations described, was integrated into the HLS4ML
package, accessible thgiu the Python API, thereby implementing our custom
architecture.
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Figure 3-23. Final system dataflow

Evaluation and Results

In this section, we will conduct an assessment and profiling of our application. We
will startby examining the hardwas@wvare training of a neural network, which serves as
a test case, and assess its accuracy. It's worth noting thdtgioisig quantizaon was
employed prior to determining the ultimate inference accuracy. Following that, we will
proceed with the performance evaluation of both the hardware accelerator and the fully
operational system, assessing their performance on both the compact kNt&T and
thelargerCIFAR-10 model.

To illustrate our approach, we implemented two customized neural networks, as
previously described, utilizing the Keras library. These models were specifically chosen
because they are commonly used in cloud indugppliGations, addressing clothing
classification and object recognition tasks, respectivéigure 3-24 displays the
validation accuracy of the first model across @asi training steps, comparing the default
model with the regulated one. The slightly lower accuracy observed in the hardware
optimized model can be attributed to the weight initialization and constraints we
introduced to fully leverage our proposed muiéplunit, enabling double packed MAC
(Multiply -Accumulate) operations. The difference in validation accuracy between the two
models is approximately 4%.
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Figure 3-24. Accuracy comparison between neural netark models

However, when evaluating the inference accuracy on the final sysgtamch
predominantly utilizes -®it weights and activations), we note only a 6% reduction in
accuracy compared to the original model on average. This-¢fade quite reasonadé,
considering the substantial increase in performance achieved using the same
computational resources, along with the advantageshf @ecision, such as reduced
resource usage, lower latency, and power efficiefrtyour specific case, we opted to
visualize the classification accuracy through a confusion matrix (as depickduie

3-25). This choice was made because conventional accuracy metrics often conceal the
details of the classification model's performance. A confusion matrix provides a
breakdown of correct and incent predictions for each class, offering insights not only
into the classifier's errors but also into the impact of our hardware optimizations.

True Label
O 0 N AU e W N= O

0 1 2 3 4 5 6 7 8 9
Predicted Label
Figure 3-25. Heatmap on the confusion matrix of theclassification model

Accelerator performancé® To evaluate the design, our initial focus was on verifying the
correctness of the accelerator, particularly our custom multiplier, as incorrect DSP
outputs could potentially disrupt the entire convolutioreimal network We conducted
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the hardware evaluation on a Xilinx Alveo U200 FPGA. This system boasts 64GB of off
chip RAM with a bandwidth of 77 GB/s and operates on a Gen3x16 PCIl Express
interface, running at a kernel clock speed of 300MMable 3-6 provides detailed
resource utilization and timing data for each neural network layer, categorized by layer
type, in the case of the MNIST model.

Utilization summary Timing
Layer BRAM DSP FF = LUT | Latency(cycles) FPS
Dense 192 64 2449 12656 1709 -
RelLu 0 0 16 127 130 -
Softmax 7 0 985 | 2401 51 -
Total 199 64 3450 15184 1890 158K

Table 3-6. FPGA resource utilization and latency per layer

Our streaming architecture exhibits a total latency that closely approximates the sum of
initiation intervals for each layer, amounting to 1890 kernel cycles. The kernel also
achieved the maximum device frequency of 300MHz, with the theoretical potential to
reach up to 400MHz, as evident from the Worst Negative Slack (WNS) of 0.8ns.
Consequently, our neural network accelerator can complete a full forward pass in 1890
kernel cytes or 6.3 microseconds, which translates to an impressive 158,000 frames per
second (FPS)-or instance, consider the scenario of processing a full HD 1920 x 1080
video stream at 30 FPS, where the video is segmented into 28 x 28 tiles for neural
network nference. To handle this task in r#ahe, a neural network inference rate of
80,000 FPS would be required, a demand that our system successfully lrastys.
Figure 3-26 provides a visualization of coarggained concurrency at the task level,
highlighting the parallelism achieved by employing four kernels simultaneously, with
data computation and transfercacring concurrently. This illustration was directly
generated from the SDAccel framework.
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Figure 3-26. Task level parallelism with concurrent kernel execution
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Final systemperformanced In the finalevaluation of our system, we initiated tests to
determine the entb-end execution time required for a single forward pass through our
two neural networks, namely MNIST and CIFAR, encompassing memory transfers within
the process. Subsequently, we compdhede results with the execution times achieved
on a singlecore Xeon CPU and an Nvidia Tesla P100 GPU, with the observation that the
timings for the two neural networks might appear similar due to device overhead
considerationsAs indicated inTable 3-7, our final FPGA system excels in terms of
performance and demonstrates lower average power consumption, especially for the
smaller MNIST model. This superiority in performance and efficierany be attributed

to several factors. Firstly, our system employs redyscedision weights and activations,

as opposed to the default -BR floating-point representations. Combined with the
utilization of a packed multiplier, our system achieves miniataihcy, a crucial attribute

for applications demanding rapid processifguthermore, it's worth noting that our
design utilizes only a small fraction of the available device resources, rendering it highly
powerefficient. Consequently, it can be deployeot only in data centers but also in
smaller embedded FPGA SoCs, catering to critical applications that necessitate low
latency and energy efficiency.

Device Performance Power Evaluation
Information Evaluation
System| Model | Architecture| CIFAR | Speedup | MNIST | Speedup | Watt(avg) | Perf./Watt
(max)
Xeon
CPU 2.4 22-nm 58 ms 1Xx 43 ms 1 X OW* 1x
GHz
GPU NFl’l'%'g 16-nm 11ms 527X | 0.75ms| 57X 95 W 5.4 X
Alveo
FPGA U200 16-nm 2.7ms | 215X 0.42ms| 102.3X 31 W 29.7%

Table 3-7. Evaluation vs other architectures * Scaled to single-core

To measure the performance of our systems in comparison to other projects sharing a
similar architectural context, we conducted a meticulous examination of related projects
involving FPGA designs aimed at addressing comparable problems or domains (for
further details, refer to the Related Work section). Among these projects, one of the
closest in resemblance was athiBaccelerator developed byliong Si et al[129] for

MNIST , which our design significantly outperformedhemving a fivefold increase in
performance.When comparing our design with systems utilizing different architectures,
we executed identical benchmarks on both a CPU and a GPU system, with the baseline
reference being the Xeon CPU. Notably, our FPGA desigeele in terms of
performance on the MNIST model, outpacing both CPU and GPU systems. It attains a
remarkable 10228 speedup over the CPU and a substantialXli@provement over the

GPU.
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Furthermore, the power efficiency of our FPGA architecexeels particularly evident
in the Performance/Watt metric. Here, our FPGA achieves a substantidbROspeed

up compared to the CPU and a -fofl improvement compared to the GPU. It's
noteworthy that the FPGA exhibits superior power efficiency in both tke\RIand
MNIST model cases.

Conclusiond In this study, we introduced a novel and revamped framework designed to
autonomously generate FPGA firmware using Higivel Synthesis (HLS) based on
neural network models. We implemented varioystimizations and extended the
functionality of the existing hls4ml package, enhancing its speed and efficiency. For
illustrative purposes, we meticulously trained and -funged two customized neural
networks, one smaller and one larger in size, withnapttions tailored for hardware
acceleration. These networks were specifically designed for image classification tasks,
such as recognizing clothing or objects, which are common applications in the cloud
computing industryOur research findings demonsadtthat the proposed architecture
can surpass the performance and power efficiency of otherehigiplatforms like CPUs

or GPUs. Additionally, we compared the performance of our accelerator with other FPGA
designs mentioned in the Related Work sectiomjuding those utilizing reduced
precision neural networks, and consistently showcased its superiniy. a research
perspective, we are actively working on further enhancing performance and incorporating
additional features into the package. One sudktufe under consideration is the
integration of hardwaraware training, as discussed in this work. Bineaof potential
design space traewfs is extensive, and our research contributes valuable insights to this
domain, achieving successful results amdhing to establish FPGAs as fundamental
contributors to the evolving open softwdrardware ecosystem.
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Simulation of Approximate Deep
Neural Networks

On the previous chapter we sasvhwe can optimize AlI/ML applications for hardware
accelerators such as FPGAgproximate hardware, on the other hand, involves trading
off some level of precision in calculations to gain performance or edfigiency
benefits. Al workloads, particulgrdeep learning, are often tolerant of minor errors or
approximations in calculations. Approximate hardware designs can exploit this tolerance
by using reducegrecision arithmetic or other approximation techniques to speed up Al
computations while sacrd@ing minimal accuracyComputingin these architectures is
calledapproximate computingndcan help reducétency,power consumptioor area

which are critical consideratiosin Al, especially for edge devices with limited power
budgets. Nevertheleshie development period for these hardware devices is lernbtny
determining the error or the impact of approximate hardware on an Al model without
having the hardware yet can be challengi@ge method is to use simulation tools and
software librarieshat allow to apply approximate computing techniques to an Al model's
computations. However, opular DNN frameworks do not support approximate
arithmetic because only libraries of accurate mathematical functions are inherently
supported, thus emulation beses extremely slowln this chapter, we formulate,
validate, and assess a framework for emulating approximate DNNs to address this
challenge. Thisenabled us teestimate the impact of approximation on accuracy and
power for several approximate multipliem the popular Pytorch frameworkVe
describe how our framework was built to provide acceleration support for both CPU but
also for GPU for arbitrary approximate multipliers and neural network models in a
seamless flow in order to perform fast approximaterence. Last, we introdu@eMonte

Carlo Tree Search (MCTS) algorithm to efficiently search the space of possible
configurations using a hardwadeiven hanecrafted policy, allowing us to deriv@ose to
pareteoptimal solutions.
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4.1 Motivation and Challenges in Simulating Approximate

DNNs

Deep learning methods, which are based on neural networks, have demonstrated
remarkable success in various applications like image processing due to their high
effectiveness and precision. Deep Neural Networks (DNNSs),irfstance, excel in
achieving exceptional accuracy and performance in tasks like visual recognition and
complex regression algorithms. Nevertheless, when it comes to neural networks, the
inference process of the model demands a substantial number oflyradipmulate
operations (MACs) and memory accesses, resulting in significant energy consumption
and time overheafd 33]. The computational intricacy associated with this, along with the
inherent error resilience of deep learning, has spurred significant research into the
development of approximate DNN accelera{G8&j.

The primaryobjective of approximate computing is to realize substantial reductions in
computational resource and memory usage. This approach entails the reduction of model
parameters or activations to a lower numerical precision through the use epdixed
arithmetic, as opposed to the conventionalb®2floating-point precision. Prior research

has demonstrated that selecting an optimal bitwidth for the model's maltiplynulate
(MAC) operations can result in negligible err¢t84]. Many accelerators employ integer
guantization, such as INT8. Consequently, implementing approximate MAC operations,
which predominantly rely on integer arithmetic, can yield significant enhancements in
performance, power efficiency, and energy éficy on the hardware sidé35]. For
instance, energy savings ranging from 35% to 81% have been reportedgssithdn a

1% loss in accuraciyl 36].

The vast and diverdandscape of approximate arithmetic units (dX7, 68]) and their
intricate impact on DNN accuracy increase the complexity of design, underscoring the
need for an approximate emulation framework. Furnttoge, as DNNs increase in depth,
they become more sensitive to approximatipB88]. Consequently, finduning DNNs

with approximation awareness is essential to mitigate the errors introduced by naive
approximation methal (e.g., replacing exact multipliers with approximate ones) and
attain high inference accurad$36]. Mainstream DNN frameworks lack support for
approximate arithmetic, as they inherently prioritize libraries of ateurathematical
functions, leading to slow emulation.

This chapter introduces two higipeed emulation frameworks for approximate DNN
accelerators developed in PyTorch: AdaPT, which leverages AVX intrinsics and
multithreading for CPU acceleration, and Asaxx, which utilizes GPU acceleration
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with CUDA. T h e f r a rmpranarg gokl ssdcaccelerate and facilitathe simulation

of Al models on approximate hardwafghey functionas an integrated PyTorchugin

that seamlessly integratdgth most Al modelsincluding Convolutional Neural Networks
(CNNs), Variational Autoencoders (VAES), hg ShortTerm Memories (LSTMs) and
Generative Adversarial Networks (GAN&)r AdaPT and even Vision Transformers
(ViT) for TransAxx They represeninnovative emulation ptéorms, enabledfirst time

for PyTorch which isa popularecosystem withinhte Al research communift39]. They

are alsocapable of performing approximate inference across a wide range of bitwidth
representations, inclity mixed precision. Statef-the-art techniques are employed for
model qiantizationand approximate retraining, enabling furtaecuracy enhancements

4.2 AdaPT: Operation and Optimization Techniques

We conceived the AdaPT framework as a rapid elmgsr DNN approximation
emulation tool, presented as a PyTorch plugin. Users have the flexibility to enable or
disable it, reverting to the PyTorch default flow when needed. The framework seamlessly
suppors a wide array of layers and model architectures. We offer support for two key
techniques to enhance accuracy: gomhing quantization, employing cuttireylge
calibration, and approximatvare retraining. Users have the freedom to select an
approximate compute unit (ACU) for integration into AdaPT as a -selfitained
component or to stick with the default precise flow. Furthermore, AdaPT is equipped to
handle mixed precision and mixed approximation, allowing the use of different ACUs
between layers. Hoswer, it's important to note that fhggained approximation, such as
perfilter approximation, is not currently supported. To accelerate the approximate DNN
emulation, AdaPT leverages the power of OpenMP threads and Intel AVX2 intrinsics for
advanced veorization.

Related Workd Populardeep learning frameworks like Caffe and TensorFlow have
undergone extensive examination within the research community when it comes to
simulating approximate convolutional neural networks (CNNs) for image recogftiion

70]. However, in recent years, PyTorch has emerged as the standard for both DNN
training and inference. To the best of our knowledge, no prior work has demonstrated
support for approximate DNN emulation it the PyTorch framework. Furthermore,
most previous studies have primarily concentrated-bit uantized CNNs exclusively

for image recognition simulationdn contrast, AdaPT offers a broader spectrum of
support, accommodating various bitwidths (edepjt, 8-bit, 12-bit, and so on) for diverse
types of DNNs and applications. This includes CNNs for image recognition, LSTMs for
text classification, and VAEs and GANSs for image reconstruction, with-inugtipport

for approximatioraware retrainingSeveral preRTL simulation frameworks have been
developed for appximate DNNs, including AXDNN[140] and TypeCNN [141].
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TypeCNN's evaluation focused on two Neural Networks (NNs) based on the Lenet
architecture, utilizing a custom C++ framework without CPU optimizations. AXDNN, on
the other hand, combines precis&ealing and pruning techniques with the simulation of
approximate hardware, resulting in approximately -#d@ simulation speedup coraped

to default RTL simulation, primarily for power analysis purposster frameworks like
Ristretto [142] can assess various bitwidth representations but lack support for
approximate arithmetic. In contrast, ALWANN[68] and TFApprox[70] implemented
different variations of ResNets using approximate units withit &eights. Notably,
ALWANN reported extended simulation tim¢approximately 1 hour for ResNet50).
Meanwhile, TFAoprox, along with ProxSiM143] performedemulation and evaluation

on a GPU, achieving low inference times on the Tensorflow framework, although limited
to &bit inference. ProxSiM also featured-training capabilities for ®it multipliers but

did not present results for popular DNNs.

Quantization optimizationd To effectively simulate approximate compute units, it is
essential to implement an efficient quantizatemheme that minimizes the impact of
errors. Previous research has predominantly concentratedvibig@antization70, 143]
However, in AdaPT, we have integrated a versatile bitwidth quantizer badéddia's
TensorRT toolkif144], which offers support for both lower and higher precision levels.
This flexibility is particularly valuable when simulating higher precision ACUs for
various DNNSs that exhibit limited erréolerance, such as compact CN[445, 146] We

opted for this approach due to its opmurce nature and its statethe-art capabilities.

The development of a new quantization method falls outbiglscope of this papedur
guantizer ibuilt for mapping real numbers to integers and can be applied to both weights
and activations, typically found within Convolutional or Linear layers. This mapping
involves an affine relationship, which means tHas teal value is calculated as the
product of a scale factor (A) and the quantized value, with an offset (B), which is often
set to zero, expressed by the equatieatl_value= A x quantizedvalue+ B.

To determine the optimal quantization parameters for the scale values, we employed the
calibrator class from TensorRT to collect data statistics. In our quantization modules, we
implemented the histogram calibrator, specifically targeting the 99.9th pircers it
demonstrated the best overall performance. However, it's worth noting that other
methods, such as Mean Squared Error (MSE) or entropy, can be used seamlessly. Instead
of simply identifying the maximum absolute value in our dataset, our calidearns the

offline calib_max which represents the absolute maximum input value that can be
represented in the quantized space at the 99.9th percentile. Weight ranges are determined
on a perchannel basis, while activation ranges are calculated peorieasstrategy
supported by previous research, and known for its efficl&6]. By processing just a
single batch of images, our learnalgi@ib_maxcan be optimally configured for most
DNNSs, resulting in approximately. D% error for the majority of-8it CNNs. Optionally,
following posttraining quantization, we can enable Quantization Aware Training (QAT)
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by continuing to train the calibrated model based on the Straight Through Estimator
(STE) derivative approximatiort.he process is visually depicted figure 4-1. AdaPT
mitigates the impact of approximation during training by incorporating fake quantization
modules, which operatavith quantized floatingpoint values to mimic the rounding
effects associated with true integer quantization. This approach effectively computes the
layer gradients. During QAT, the model performs propagation through our ACUS,
typically for 10% of the defdt training schedule, ensuring that retraining is aware of the
approximation.

Calibrators:
pemeeemee e, \ Derivative

| _ . ~\*!  approximation with
Mse= x(y-7) ; STE:

.....................

: Approximate - -
DNN model Post-train aware Optimized
quantization o approx. DNN
retraining

Figure 4-1. Quantization & approximation -aware retraining flow before inference

Approximate unitsd In AdaPT, users have tlilexibility to specify whether each DNN

layer should be considered as accurate or approximate during its definition. It is possible
to designate any desired ACU for each layer (or for all layers), provided that the output of
the multiplier remains determstic. This section highlights the most commonly
encountered layers that we haveergineered and adapted for approximation.

1. Convolution Layer Typically applied in 2D convolution scenarios, commonly
found in CNNSs, this layer takes an input tensor X WiNh# ,( ,7 ), where N
represents the batch sizg, is the number of channels( is the height, and
7 is the width. The output isepresented by a tensor Y with dimensions (N,
# ,( ,7 ). We transformed the filters into a2 matrix and the input
matrix into another matrix, ensuring that the product of these two matrices
computes the same dot product as the original 2D coteol This
transformation aims to facilitate a more efficient implementation for accelerating
AdaPT's emulation by simplifying the computation through matrix multiplication.
Our convolution layer accommodates various input dimensions, kernel sizes,
paddirg, striding, and groups, making it capable of simulatingidewange of
DNN configurations.

2. Separable Convolutionin the case of separable convolution, the core idea
involves breaking it down into a tw&tep computation: depthwise and pointwise
2D convolutions, as expressed in the equation
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The first equation comprises the depthwise convolution which is equivalent to a
Conv2D with groups equal & channels. Next the output is fed to the pointwise
convolution which is same as Conv2D witkx 1 kernel size.

3. Linear Layer: The Linear Layer is commonly used in Mtliayer Perceptrons
(MLPs), often appearing in the final layers of DNNs, as well as in models like
GANs and VAEs. Similar to 2D convolution, the equivalent PyTorch layer
performs a mi@ix multiplication, expressed as y =A% + b, where the input
matrix is multiplied by the weight matrix and an optional bias vector is added.

4. RNN Layer: Recurrent Neural Network (RNN) layers are typically employed for
tasks involving temporal relationgs, such as text classification or speech
recognition. We have incorporated the feedback loop within the recurrent layer to
enable it to retain information over time, following a mathematical approach
equivalent to the vanilla PyTorch RNN layer. It alsdizgs our custom Linear
layer, rendering it compatible with approximation. Likewise, for Long Sherin
Memory (LSTM) and Gated Recurrent Unit (GRU) layers, we have included the
'memory cell," which can store information over extended time intervals.

Framework operatiord The operation of the AdaPT frawork is illustrated irFigure

4-2. Initially, the user configures the desired DNN model, specifying quantization
parameters such as precision and the calibrator to be used. Additionally, the user defines
the approximate modelto be utilized from the library, along with the dataset for the
DNN models. It's important to note that for the training dataset, only a representative
subset is required, which typically constitutes around 10% of the original training set,
primarily for calibration purposesSubsequently, AdaPT identifies the supported layers
within the DNN and retrieves the appropriate layer class from its layer library. For the
approximate multiplier, the corresponding Leaglx Table (LUT) is generated from
AdaPT's LUTgenerator, organized as a cadine aligned Garray. This design allows

CPU cores to efficiently access data from the same cache segment. Furthemmore, a
additionaltool is employed to translate a hardware description into a C function. In cases
where lager bitwidths may substantially increase LUT sizes, AdaPT can replace LUT
based multiplication with functichased multiplication, where the approximate multiplier

is represented in €ode. While this approach can mitigate mema@hated challenges
associted with large LUTs (greater than 15 bits), it may introduce overhead in DNN
execution time. Importantly, both approaches provide an equivalent-levigh
representation of the ACU, ensuring consistent results during quantization or retraining.
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AdaPT aims to populate the CPU cores' cache with LUTs as much as possible to
minimize cache misses. Finally, justtime (JIT) compilation dynamically loads the
layer extension using the Ninja build system. The produced inference and retrain engines
are then linkedvith the final approximate DNN layers, which replace the corresponding
vanilla PyTorch layers through a graphtransform tool. This tool analyzes the layers

and recursively substitutes PyTorch layers with their approximate equivalents.
Ultimately, usershave the option to finrtune the model using the provided training
subset to achieve even higher accuracy or proceed with approximate evaluation.
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Figure 4-2. AdaPT framework operation

Acceleration approas 0 The most demanding computationgsk within the
implemented layers revolves around matrix multiplications. For instance, the original 2D
convolution is reconfigured into a matrix multiplication. To accommodate approximate
units, we devised a adion by implementing LUTbased multiplications between
individual input and filter values. This approach allows us to compute any approximate
unit without the necessity of directly implementing its corresponding function, except in
cases where the LUTsizes are exceptionally large, as previously mentioned.
Subsequently, the table loalps are executed in parallel using a hybrid model of parallel
programming, which leverages OpenMP threads and CPU vectorization.
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1 Thread ParallelismiIn AdaPT, we have dedoped an efficient batched Conv2D
implementation that seamlessly scales with input size, avoiding memory errors by
leveraging the thread parallelism provided by OpenMP. This approach allows us
to implement loogbased parallelism shared across batchesiewdnly nearly
linear scaling as the input data size increases. The primary objective of this
approach is to unify the utilization of incremental parallelism through a common
interface, simplifying the application development process.

1 Vector Parallelism: The second layer of parallelism is introduced during the
execution of each thread, which pertains to the implementation of parallel table
lookup using Single Instruction Multiple Data (SIMD) instructions. The goal here
is to accelerate the dar operation for the lookup table data, a process involving
data retrieval from disparate memory locations and its consolidation into a
continuous memory space. To facilitate efficient memory access, all values of the
SIMD are organized in contiguous meypowhich aligns with the structure of our
AdaPT tensors. The indices, comprising activations and weights, are packed into
vector registers. The AVX2 instruction set is then employed to execute the gather
instruction and vectorize the task, collecting memiocations from the lookup
table into the destination vector register. We have chosen to use AVX2 intrinsics
because of their wide support in Intel CPUs manufactured from 2013 onward and
their compatibility with AMD CPUsFigure4-3 illustrates the process of utilizing
vectorized loads in a 2D convolution scenario.

Data matrix

Input data

mult. oweHdei 1
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Figure 4-3. 2D convolution to matrix multiplicatio n
with LUT override

Acknowledgments

This work has been supported in parts by the E.C. funded program SERRANO under
H2020 Grant Agreement No: 101017168 and in parts by the German Research
Foundation (DFG) projelt AACCROSS0 HE 2343/ 1c¢



Chapter 4. Simulation of Approximate Deep Neural Networks 115

4.3 TransAxx: Operation and Optimization Technigues

Previously,we have described a framework for emulation of approximate DiNINg)

CPUs. Now, we introduce a novel platform that harnesses the power of GPU acceleration
through CUDA cores and the CUDA programm model. Thistool named TransAxx
encompasses all the key features of AdaPT, including approxametee retraining,
support for arbitrary multipliers, various precision levels, and diverse model architectures.
Notably, itwas built with the aim t@mulae Vision Transformers (hence the nama)

first in thefield of DNN simulation frameworksbut can also be used with various CNN
models as wellFurthermore, it boasts a more streamlined design, enabling the automatic
use of pretrained models without répng manual intervention in the model's cddem

t he user 0slts pxeaut®rp @ncGPUsvresults increasedspeedenabling to
emulate large Al modelg neededwithout significant execution time while keeping a
very userfriendly interface Using TransAxx, we were able to analyze the sensitivity of
transformer models on the ImageNet dataset to approximate multiplications and perform
approximateaware finetuning to regain accuracy as we will show in the experimental
evaluation.

Motivation behind TfansAxxd CNNs demonstrate the capability to achieve impressive
accuracy and performance in visual recognition and complex regression algorithms.
Beyond CNNs, recent advancements in deep learning have given rise to Vision
Transformer (ViT) models. These ohels, based on the sdlftention mechanism of
transformers, have achieved stafdheart performance in various computer vision
tasks. However, VIiT models are computationally expensive due to their numerous
parameters and the sealftention mechanisminhiting their use on resourgmnstrained
devices.The application of approximate computing has shown potential in enhancing the
efficiency of deep learning models by reducing computational complexity and memory
requirementg147]. This involves sacrificing a small amount of accuracy for significant
gains in speed and power efficiency through the use of inexact arithmetic components
instead of accurate counterpaii86, 148] While approximate computing is promising

for improving DNN efficiency, prior research has not explored its application to
transformersThe broad domain of approximate compute units (ACUs) and mtioe-

trivial impact on DNN accuracy complicates the design of such hardware. Therefore,
there is a need for an approximate emulation framework to address this complexity. As
DNNs become deeper, they become more sensitive to approxirfl@@jn necessitating
approximatioraware retraining to correct errors introduced by approxim4iid8, 70]

In the case of ViT models, the distortion of the s#téntion map, involvig a large
number of operations, may lead to even greater errors with lower pre¢iioh
Moreover, determining the appropriate approximate multiplier for each DNN layer is
crucial when aiming to maximize power gains unagguracy loss constraintgl]. While

many works have explored automated methods for determining optimdayper
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quantization in quantized DNN450, 151, 152] few have focused on an automatic
search flow in approximate DNN&37]. If VIT models are intended for use, especially

on large datasets like ImageNet, the computational cost poses a significant design
challenge.

Related Workd Taking cue from the remarkable achievements of transformer models in
the domain of natural language processing (NLP), scientists have recently utilized
transformer models to address computer vision (CV) challenges. However, just like
CNNs, VIT models are troubled with heavy computational cost, thus applying
quantization techniques, which is lowering thevaitith of the weights or activations can
often address the memory requirement and computational cost of the model. Despite the
recent progress made in developing quantized ViT models, approximate ViT models and
their behavior remains an open issue. Also, automated mixed precision techniques for
guantized CNNs have been already investigated by the community to strike a balance
betweenthe computational efficiency and the numerical stability but there is no research
for approximate VIiT models.

Li et al. proposed iT [149], a fully differentiable quantization technique for ViT
models that focuses on a keaise bitwidth and switchable scale. Ding et §53]
proposed APQVIT which introduced a unified bottomlimination blockwise calibration
scheme to surpasses the typical ficghing quantization which causes signifitan
performance drops. Last, Liu et {2] presented an effective pesaining quantization
algorithm that finds the optimal lowit quantization intervals for weights and inputs and
introduced a ranking loss to keep theaatiee order of the attention layer values.

Approximate computing takes a different approach, on top of quantization, by
intentionally introducing errors into computations in exchange for reduced computational
cost. Several previous works have presentextoen DNN frameworks to simulate the
accuracy of approximate CNNs. For example, TFapgi® or ProxSim[143], are
frameworks built on top of TensorFlow to emulate approximate circuits in CNNs using
GPU accelerators. Mrazek et al. proposed ALWASR], a methodology to apply layer

wise approximation on 8bit ACUs with finetuningpabilities. The experimental results

of these works, however, are limited mainly to ResNet CNN models for small datasets
like Cifar-10. Other frameworks, such as AdaHI47] and ApproxTrain [154]
experimented on a wide range of DNNs but did not propose a design space exploration
strategy while posing difficulties for the users to test their custom models.

Support for the transformer architectured The transformer layer stands as the
foundational element within the vision transformer architecture. Its primary role involves
taking a sequence of image patches as input, leveraging tketeation mechanism to
establish longange relationships, and generating a new feature sequencéoialti,
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there are supplementary blocks positioned at the stahaof a ViT model, such as

patch embedding or a classification head. In patch embedding, the input image undergoes
division into fixedsize, noroverlapping patches, with each patch Imeambedded into

a flat vector. These patch embeddings subsequently serve as input tokens for the
transformer model. Toward the conclusion of the ViT model, a classification head is
typically present, tasked with making predictions based on the learagdee Our
approach focuses on applying approximation exclusively to the core transformer blocks
that involve the selattention mechanism, which significantly dominate the execution
time (usually exceeding 98%). These blocks are frequently expandedmuntiple
transformer encoder blocks, each primarily comprising normalization, -hedtl sel
attention, and a feefrward layer.Towards incorporatingpproximate arithmetic, we
concentrate on the latter two, which entail the majority of mathematicedtapes.

The attention mechanism can be precisely defined through the following equation, where
the softmax function is employed to compute weights determining the significance of
each element in the input. In this conteXtrepresents the query vecter,is the key
vector, andbis the value vector:
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In summary, it computes the correlation between the Query vector and the Key vector,
followed by multiplying the corresponding Value for each Key. The dimighy the
square root 0f2 (dimensionality of the KK vector) is carried out to ensure an appropriate
variance of attention values.

1 Multi-head Attention: The muHiead attention technique involves employing
multiple sets of (Q, K, V) triplets insteanf just a single set. This approach
addresses scenarios where an element in a sequence relies on dependencies with
more than one other element. The utilization of multiple weights associated with
the same element facilitates a more comprehensive weigbtitige sequence.

The multthead attention mechanism is explained further beltach head has its
own set of learned parameters and performs the scalepgrathict attention
operation separately.

D6a0 QOB 6¢:ddOMBIMNA o
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1 FeedForward Network: The Feedorward Network (FFN) is a twlayer

classification network featuring a GELU (Gaussian Error Linear Unit) activation
layer. Its purpose is to facilitate ndinear interactions among patches or tokens in
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the input feature mapenabling the model to grasp intricate patterns and
relationships. Given the substantial computational requirements of the FFN layer,
there is often a need to apply approximate computing methods to enhance
efficiency. The formulation of the FFN layer is follows:
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Quantization and finetuning strategiesd To simulate approximate computing units
effectively, it is crucial to implement an efficient quantization scheme that minimizes the
impact of quantization errors. It's worth noting that the majority of approximate
multipliers, especially those designed for Deep Neural Networks (DNNSs), support lo
bit-width integer (fixedpoint) arithmetic[136]. Previous efforts in approximate CNN
simulators have predominantly focused on standafoit &juantization [70, 143]
However, in TransAxx, we employ a versatile bitwidth quantizers i mi | ar t o
quantizer. As our paper does not aim to propose a new quantization method, we utilized a
stateof-the-art opensource quantizer based on Nvidia's TensorRT toolkit, offering
flexibility for both lower and higher precisions. This adaptability becomes cruciah wh
simulating higher precision Arithmetic Computing Units (ACUs) for deep neural
networks that may lack error resilien{d45, 146]

The mapping between real and quantized values must be affitoayifg the equation

2 AIKOAT OA 1 OAT HEAR O Awhere! represents the scale ahds the zero

point (often set to zero). To determine suitable quantization parameters for the scale
values, we employed a calibration technique to gather data stat@ticsquantization
modules were implemented with the histogram calibrator, targeting a 99.9% percentile, as
it consistently delivered optimal performance. However, alternative methods like Mean
Squared Error (MSE) or entropy can be seamlessly appliedrifraonework if desired.
Moreover, optionally after postaining quantization, we can perform Quantization
Aware Training (QAT) by continuing to train the calibrated model based on the Straight
Through Estimator (STE) derivative approximatiddotably, in TransAxx, QAT is
approximatioraware as it simulates the approximate noise of ACUs during the fine

tuning stage, eventually demonstrating increased robustness to the applied multipliers.

During approximate@ware retraining, TransAxx propagates computatibmsugh our
ACUs (typically for 2.5% of the default training schedule), effectively computing layer
gradients using STE, and ultimately enhancing the final accuracy of the approximate ViT
model at the end.

Adal



Chapter 4. Simulation of Approximate Deep Neural Networks 119

Toy experimentd A toy experiment wasconducted to test the effectiveness of
backpropagation on a simple attention layer that used-laih &proximate multiplier
instead of the default FP32 arithmetic of PyTorch. The core attention mechanism works
by focusing on specific parts of the inpugjgence based on their relevance to the current
output. The goal of this experiment is to see if a simple layer with the core attention
mechanism can backpropagate correctly and ensure, thus, that its functionality is not
compromised by the approximate haedte emulation.

To perform the experiment, the attention layer was modified to uswl@s 1L2H
approximate multiplier from the Evoapprox |{i37] for the forward and backward
passes. The modified layer was then traingidg a standard Stochastic Gradient Descent
(SGD) algorithm for 500 iterations on data taken fromrdp &he results presented in
Figure4-4 showed that backpropagation on our framework works as expected minimizing
the MSE while the target values in the layer exhibit similarity with the accurate layer.
Mathematically, the output dat¥aconverges in probability to the target dXthecause as

the number of samples (n) approaches infinity, the probability that the difference between
@ andX being greater than some small value epsilon

80
100 —— default default

Lo-2 mul8s_1L2H 701 mul8s_1L2H

1074
10-6

MSE loss
Frequency

108
10—10

10—12

0 200 400 -2 0
Number of iterations Target Values

Figure 4-4. Preliminary testing with an approximate attention layer. Left: MSE loss per training
iteration. Right: Histograms of target data (using FP32) and output data (using approx.
mul tiplier) distributions from the | ayerdés infer

Framework operationd TransAxx framework, developed for thapid emulation of
crosslayer DNN approximation, is accessible as a PyTorch plugin. Users have the
flexibility to activate or deactivate this plugin as needed, allowing the utilization of the
PyTorch default flow whemequired. TransAxx seamlessly supports a broad spectrum of
layer and model architectures without necessitating user intervehtiohis work, our

focus centers on VIiT models, as there has been no prior exploration of approximations for
such models. Addionally, we introduce two key techniques to enhance accuracy: post
training quantization with advanced calibration and approxiaatEe retraining.
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Furthermore, TransAxx accommodates mixed approximation, involving different
multipliers between layer©ne of the primary challenges associated with incorporating
approximate components in DNNs is the imperative to emulate approximate operations
swiftly. This is particularly crucial as existing DNN GHidsed accelerators do not
inherently support such comptitms. To address this challenge, we implement a
universal GPU accelerator designed to operate across all Nvidia GPU architectures,
thereby accelerating the emulation of approximate ViT models.

Designing the frameworld Our framework, shown irigure4-5, offers an orthogonal
approach to simulating approximate ViT models. The primary functionalities are outlined
below.

- Extension of default PyTorch modul@sansAxxaims to handle computations within
approximate ViT models that involve nalifferentiable operations or dependencies on
nonPyTorch libraries. To achieve this, it extends the default PyTorch modules, allowing
our custom functions to seamlessly integratéhwthe existing computational graph.
During the model compilation, our framework automatically swaps the vanilla PyTorch
layers with the custom layers, converting the default model to the desired approximate
equivalent. These layers are instantiateetherfly using justin-time (JIT) compilation,
ensuring efficient integration with the model's computational graph. JIT also makes the
model flexible and easy to modify during runtime. This method supports incremental
compilation, which means that only the fsanof the code that have changed are
recompiled. This significantly reduces the overhead of repeatedly compiling and loading
TransAxx's layer extensions during experimentation.

- Layer initialization and kernel dispatchingRegular Tensor objects within PyTorch are
leveraged to handle the initialization of weights or biases for the custom kernels. This
ensures consistency with PyTorch's initialization mechanisms, maintaining compatibility
and ease of use within the framewoilhen the weights/activations are quantized based
on the layer's multiplier bitwidth and calibrated using the statistics of the layer's
activations. Last, our framework utilizes C++ macros to dispatch the appropriate GPU
kernel per layer.

- Generation of Lookup Tables (LUTs): For each approximate multiplier, a
corresponding LUT is generated from its highkiel description (e.g., in C, Matlab, or
behavioral HDL). We have an integrated tool within TransAxx that can generate this LUT
for any arbitrary apmximate multiplier, whose behavior is described in C or HDL. This

is facilitated by running all possible hardware multiplicatioy %e.g., using an RTL
simulation) for the given approximate multiplier and then storing the results in a LUT.
Hence, LUT[x]y] gives the approximate product of x and y. During the forward pass,
TransAxx uses these LUTs and substitutes the default (exact) multiplication operator with
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the approximate product (i.e., loading the value LUT[X][y]). The LUT was a design
choice to hip reduce the emulation time of TransAxx. Initially, LUTs are stored in the
global memory as it has a large size and it's the most appropriate option for the random
access patterns of the LUTs. However, next, we show how we improved these memory
accesses.

- GPU kernel optimizatianlt is crucial to carefully consider memory transfers, as
operations involving LUTs can quickly become memboynd. Notably, the cache
behavior of the GPU is influenced by both hardware specifications and the specific
memory &cess patterns of the ViT model. However, given that LUT data isargd

we can guide the Nvidia compiler to maximize memory access throughput (i.e., by using
CUDA intrinsics and compiler flags). Using this approach, the LUT array will be
typically cacted through the L1 GPU cache, which offers low latency and can be shared
among all threads within a CUDA core. This facilitates efficient caching and access to
LUT data across multiple threads.

- Handling large bitwidths: For scenarios where LUTs mayow substantially in size,
particularly with large bitwidths> 12 bits), our framework provides a flexible solution.
TransAxx can dynamically substitute Lkbased multiplication with functionddased
multiplication (in which the approximate multiplier adternatively described in-Code).

This process can introduce computational overhead in the DNN execution time but
ensures that our framework remains efficient and scalable. It's worth mentioning that both
approaches provide allrepresentation of the uttiplier at highlevel thus the results
would be the same in inference or retraining. Also, it is important to note that
transformers work well with low precision valugs49], and higher b#wvidth, which

might hinder TransAx emulation time performance, is often not required.
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4.4 Automated Design Space Exploration

Automated Design Space Exploration plays a pivotal role ifieteeof optimizing Deep
Neural Networks (DNNSs), particularly when addressing the delicate balance between
model accuracy and computational efficiency. This field becomes especially crucial in
scenarios where deploying large and intricate models may be impractical due to resource
constraints or reaime requirements. In the context of optimal approximation within
DNNSs, researchers aim to systematically explore the vast design space, enc@mpassin
hyperparameters, architectural choices, and optimization techniques. The objective is to
discover configurations that strike an optimal tradle leveraging techniques like
quantization, pruning, knowledge distillation, and algorithmic approximatibnour

work, we focused on quantizati@pproximationoptimization, that is applying specific
approximate multipliers in each DNN layar order to achieve an optimal balance
between accuracy and power consumption. Specifically the method is applied for ViT
models which pose a challenge for their complexifirte synthesis of approximate
acceleratorgan be described aswaulti-objectiveoptimization problem. &t A denote the
synthesized approximate accelerator. Téearch process can be modeled as an
optimization problenbelow.

6 i | QO

where X is a vector representing the design parameters and characteristics of the
accelerator, and Cost(X) is a cost function that captures thedffsdbetween factors
such as accuracy, resource utiliaatiand energy efficiency.

4.4.1 Literature Review

For automatic exploration of the design space for accelerators usually machine learning
techniques are used. In the context of hardware design, the design space refers to the set
of possible configurations and parameters that can be chosen to meet specific
performance or efficiency criteria. Accelerators, in this case, typically refer to specialized
hardware components designed to accelerate specific computational tasks, often used in
the context of deep learning or other compuatensive applicationsThe automatic

design space exploration for approxima&d modelsin our cases accomplished by
simulathg the approximate multiplieras s ed i n t ha sysematie dpproadht 6 s
towards finding optimal configurations for neural network models by consideri
different levels of precisidapproximationin arithmetic operations, particularly in the
multiplication operations performed within the netwovkith the use of our proposed
frameworks, AdaPT and TransAxx, instead of implementing each potential meultipl
configuration in hardware and measuring its impact through physical synthesis, the



Chapter 4. Simulation of Approximate Deep Neural Networks 123

methodologybecomes seamless lynploying their simulationcapabilities Due to the
extensive range of approximate implementationdiwitibraries such as EvoAapprox
[137], users gain access to a diverse set of implementation options. This diversity allows
them to effectively navigate the tradeoff between Quality of Results (QoR) and energy
consumption (or other hardware parameters) at the accelerator level. Howevegreven f
accelerators involving only a few operations, determining the optimal combination of
approximatecompute units (ACUshecomes an intractable taskhere are several
previous works thaaddressdthe challenge of identifying the most suitable replacement
for arithmetic operations within a target accelerator, drawing from the available
approximate circuits irsuchlibraries Given that this is a mutbbjective optimization
problem, there isn't a singular optimal solution; rather, multiple solutionsatiypexist.

The focus is on pinpointing approximate circuits within the Pareto frontier, which
encompasses the ndominated solutions.

There have been many works, especially in the recent years, that involve the automation
of the endto-end process of @inizing DNNs. Automated Machine Learning (AutoML)

is a field that includes a variety of tasks, and optimizing neural network
guantizatiorapproximations a part of it in which we focus on this work. Algorithms and
methods such as Neural Architecture $RafNAS) or genetic algorithms have been
employed to automatically discover the optimal architecture or configurations for neural
networks. This includes exploring different quantization and approximation schemes to
find the right balance between accura@nd computational efficiency. Also,
Reinforcement LearningRL) - basedapproaches can also guide the search process,
where the model learns from its past experiences to make decisions on the quantization
and approximation strategies for DNN layers.

For example, nxed-precision quantization shows promise in providing an extra boost in
speed and reducing model size by taking advantage of model redundancy and assigning
lower bitwidth to less sensitive or less useful layers in the model. However, thengealle
lies in accurately measuring each layes&nsitivity score and mapping it to the
appropriate biwidth. A lot of techniques have been proposed such as HAW®AE, a
hardwareaware mixeeprecision quantization formulath that uses Integer Linear
Programming (ILP), or deep reinforcement learning (DRL) based quantization methods
such as Auto@151] and HAQ[150]. While training RL agents for common hardware
might be feasible, training such algorithms for simulated approxiDkifds, especially

ViTs, would immensely exceed the computational and timing constraints. Approximate
DNN frameworks run much slower than the default DL framewargs [70, 68) due to

the lack of adequate support for approximate arithmetic. Additionally, the learned policies
of RL agents to find optimal approximation per layer would degrade when evaluated on
new ACUs or models as each AClaynbehave very differently on layers with different
data distributions.
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4.4.2 Overview of Monte Carlo Tree Search (MCTS)Algorithm

This paragraph willpresenta comprehensiveackgroundof Monte Carlo Tree Search
(MCTS) algorithm MCTS s a proven intelligent stochastic search algorithm particularly
effective in handling problems characterized by large branching factors, such as in the
domain of gamesGrounded in the searcfor optimal hardwareconfigurations that
balance accuracy and femmance, our research navigates the intricagdd of
approximate accelerator design, leveraging the heuristic search algorithm of MCTS to
efficiently traversethe vast space diardwaresolutions Before we proceed with our
proposed algorithm implemeri@n, in this paragraph we will analyze the fundamentals

of the classic MCTS algorithm. Ouovel methodfor this problemwill enable to deal

with the large Design Space Exploration, which ursveil broad range of potential
approximations through lightweiy random simulations as we will discuss in the
following paragraph

Principle of operationd Monte Carlo Tree Search centers its attention on evaluating the
most promising moves by systematically expanding the search tree through random
sampling of thesearch space. In the context of game applications, MCTS relies on
numerous playouts, commonly referred to aseats. In each playout, the game unfolds

to its conclusion by randomly selecting moves. The outcome of each playout serves as a
basis for weighng the nodes within the game tree, favoring superior nodes for future
playouts.A fundamental approach to employing playouts involves applying an identical
number of them after each legal move by the current player. The selection of the move
that led tothe most victories in these playouts characterizes this method, known as Pure
Monte Carlo Game Search. The effectiveness of this strategy typically improves over
time as more playouts are assigned to moves that have demonstrated success for the
current plger. The iterative process of Monte Carlo tree search encompasses four key
steps:

1. SelectionCommencing from the root R, successive child nodes are chosen until a leaf
node L is reached. The root represents the current game state, and a leaf node is any
node with a potential child from which no simulation (playout) has been initiated.

2. Expansio: Unless L concludes the game definitively (e.g., win/loss/draw), one or
more child nodes are created, and node C is chosen from them. Child nodes
encompass any valid moves from the game position defined by L.

3. Simulation A single random playout is concked from node C, also referred to as a
playout or rollout. This process can be as straightforward as selecting uniformly
random moves until the game reaches a resolution (e.g., victory, defeat, or draw), as
observed in chess.
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4. Backpropagation The result 6the playout is utilized to update information in the
nodes along the path from C to R. This step, often termed backpropagation, ensures
that the knowledge gained from the simulated playout influences the evaluation of
subsequent moves in the search tree.

The above steps can be visualized as in the following figure.

Repeated X times

Selection }—>[ Expansion }—)( Simulation }—a{ Backpropagation

Figure 4-6. Steps of Monte Carlo tree search.

Exploration and exploitationd The primary challenge in selecting child nodes lies in
achieving a delicatdalancebetween exploiting deep variants following moves with a
high average win rate and exploring moves with limited simulations. The initial
formulation addressing this balané&own as UCT (Upper Confidence Bound 1 applied
to trees), was pioneered by Levente Kocsis and Csaba Szepesvéri. UCT builds upon the
UCBL1 formula developed by Auer, CeBanchi, and Fischer, incorporating the probably
convergent Adaptive Mukstage Sampig (AMS) algorithm initially employed in mukHi
stage decisiomaking models, particularly Markov Decision Processes, by Chang, Fu,
Hu, and Marcus. Kocsis and Szepesvari advocate the selection of moves within each node
of the game tree based on the expogss
o .10
- H—
€

In this formula
M U stands for the number of wins for the node considered afteithhmove.
M ¢ stands for the number of simulations for the node considered aftethtiheoive.
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! 0 stands for the total number of simidats after the-th move run by the parent
node of the one considered.
1 c is the exploration parametet heor et i cal ly equal t o
chosen empirically.
The first component of the formula above corresponds to exploitation; it is high for
moves with high average win ratio. The second component corresponds to exploration; it
is high for moves with few simulationg/e will take advantage of these characteristics in
our MCTSbased design space search as we will discuss next.

Below, we summarizéhe main advantages and disadvantages of using MCTS:

MCTS advantages

A Implementation of MCTS proves straightforward, rendering it-Ersemdly.

A As a heuristic approach, Monte Carlo Tree Search (MCTS) demonstrates its
efficacy in theabsence of specific domain knowledge, relying solely on the
understanding of rules and end conditions. Through the exploration of random
playouts, MCTS autonomously identifies optimal moves and learns from them.

AMCTS allows for the preservation it$ state at any intermediate point,
facilitating future utilization as needed.

A The versatility of MCTS extends to supporting asymmetric expansion of the
search tree, adapting dynamically to the operational circumstances it encounters

A The rapid growth of the tree structure after a few iterations demands a
substantial amount of memory, posingeaource challenge.

A Monte Carlo Tree Search exhibits a reliability issue in certain circumstances,
particulaty in turn-based games, where a single branch or path might lead to a
disadvantageous outcome against the opponent. This challenge arises from the
vast number of possible combinations, with some nodes not being visited
frequently enough tdiscern their longerm results.

A The effectiveness of the MCTS algorithrofsen contingent on a large
number of iterations, introducing a speed issue as it requires significant
computational effort to determine the me#icient path.
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4.4.3 MCTS-Based Automated Search for Optimal Approximation

In this part of our work, we will propose the use of Monte Carlo Tree Search for
approximate accelerator design space exploration. However, recognizing the inherent
dissimilarities between the two domains, that is game theory and approximate computing,
substantial modifications were essential to seamlessly tailor MCTS for approximate
accelerator simulation. To the best of our knowledge, this is the first work thats ada
MCTS for approximate DNN simulation, specifically for Vision Transformer models.

Design Space Siz& The exploratiororienteddesignspaceexploration process heavily
relies on an extensive search to discover and validate potential solutions. Hdivever,
overall size of the search space, indicating the total number of conceivable solutions,
becomes exceedingly vast and expands exponentially, particularly for msidiedn
DNNs as the number of candidates and approximate transformations increasesh&iven
many existingMCTS-related worksdepict the search space as a tieegur case tree
nodes signify distinct approximaf@NN variants generated during the DSESsuming

the total number of combinations (or approximate variants) achievable f@Nah
accelerator, denoted as N, with the number of candidates(a$iCh is the number of
model layers in our casend the total possible approximations applicable to a candidate
represented as A, the growth of N follows arithmeticprogression, expressed as A0

Al * A2 * ... * AC as the tree deepenisor example, for a DNN with 10 layerthe
number of possible hardware configurations, that is applyimgeach layer an
approximate multiplier from a set of 4 multipliéd€Us equalst =1048576.

. ---------------------- Layer 1
. 1 . 2 3 4 - - - - Layer 2
. ‘ . . . -------- Layer 3

ml-Nul Al WaEEE

Figure 4-7. Visualization of the tree expansion in DNN layers when 4 ACUs are used.
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As the number of candidates, along with their associated transformations, increases, the
assessment of lapotential combinations or nodes within the search tree becomes
unfeasible due to the exponential expansion of the tree's Bmee.previous figure
illustrates the total number of combinations (or nodes within a tree) in relation to the
escalating numbeof candidates (assuming onfigur possible transformations for each
candidate). In practical terms, considering the average time takem fapoximate

DNN inferencesimulation (considering mediursize CNNs using GPU acceleratidin)
approximately3 minutes it translates to a simulation time of 3mi@48576 @w Qi i

In someapplications commonly found iAutoML, where the number of candidates and
approximate transformations tends to be even higher than the aforementioned example,
thoroughlyexploring such an extensive search space is impractical within a reasonable
timeframe.To efficiently explore the approximate design spacenlieuse ahardware
drivenversion ofMonte Carlo tree seard narrow down the architecture space for the
approxmate ViT models, maximizing accuracy while still meeting our given power
constraints. To further reduce feedback time, we also developed an accuracy predictor for
the inferencend reaclanear Paretmptimal curveof powerandaccuracy.

Rationale for enploying MCTSd Monte Carlo Tree Seardh an Al search technique,

often used in board games, that uses probabilistic and hedristn algorithms to
combine the classic implementation of tree search with principles from machine learning
and particularlyreinforcement learninglhere has been only a few previous works that
utilized MCTS on the AutoML domain, however it is a different domain than ours.
Specifically some previous works have investigated the use of M2§8d methods for
hyperparameter tungn regarding CNNs[155, 156] Also, regarding the design of
electronic circuits there are also a few number of works but they focus on solving the
routing problem[157, 158, 159] Now, in our research area regarding approximate
simulation frameworks, MCTS has not been investigated for finding optimal approximate
configurations in DNNSs, specifically ViTs.

MCTS ha the ability to dynamically balance exploration and exploitation, making it less
susceptible to getting stuck in local optima compared with other methods such as greedy
algorithms which are often used for quantization precision s¢h®éh 161] Specifically,

the case of using inexact arithmetic can introduce additional sources of error that can
make the optimization problem more complex to solve as it requires a greater degree of
exploration than the greedyetiods.In addition to these methods, RL agents and genetic
algorithms have also been used for finding optimal hardware configurations in CNNs
[150], though applying them for our case would be unrealistic. The reason aver no
training an RL agent is twofold. Training and converging an agent would require a lot of
data which would greatly exceed the computational and timing constraints by simulating
a vast number of ViT models. Also, the effectiveness of the learned polidies agent

for determining the optimal approximation per layer may deteriorate when assessed on
new ACUs or models, given that different ACUs exhibit significant variability in their
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behavior across layers with distinct data distributions. Besides Rbag@s, comparing

with the use of genetic algorithms, MCTS has the potential to find a good solution faster
and more reliably by balancing exploitation and exploration, which is crucial for this
computationally expensive design space. Also, the effortinesfjuo optimize the
parameters of the MCTS algorithm (e.g. exploration coefficient) is lower than the effort
required for the genetic algorithnis62]. Thus it would be problematic to apply genetic
algorithms towards thisomplex problem which inhibits high variability across different
ACUs.

Operation of MCTSbased searcld Exposing the optimal configuration of approximate
multipliers between each layer of a DNN model in order to find the best-afade
between performance and power is liable to cause a significant computational overhead.
The design space becomes laage metioned earlierand measuring the accuracy of
every configuration is not feasible even when using our G&éd acceleration,
particularly in our case, where the ViT simulation increases further the executiomntime
order to systematically navigate tepaceof approximate desigsolutions we employ a

Monte Carlo tree search (MCTS) that is specifically tailored tbdvdwaredriven This
approach helpacceleratgéhe exploration of architectural configurations for approximate
Vision Transformer (ViT) moels, striking a balance between maximizing accuracy and
adhering to predefined power constraints. Additionally, to expedite the feedback loop, we
have devised an accuracy predictor for estimating inference accuracy. As a result, our
methodology achieves aearly Pareteptimal curve, effectively balancing power
consumption and accuracy.

In MCTS, nodes are the building blocks of the search tree. The high level description of
our approach (also shown as pseudocode in Algorhisias follows:

1. Create a roonode with an initial state of the model.

2. Traverse the tregelectingthe node with the best Upper Confidence Bound (UCB)
value according t&JCB equatioruntil a leaf node is reached.

3. If the leaf node is not terminagéxpandit by creating child nodes fall possible
actions from that state.

4. Simulate aollout from the selected child node based on the input p&liantil a
terminal state is reacheHere, we take actions by choosing a potential ACU for
the layerl of the ViT model. We followed a heaslise approach similar §d49],
making decisions for individual heads within the mukiad attention layers of the
ViT. The terminal state is defined as the point when all layef®thel layers in
the model have been assigned an ACU; This can be expressed as
- T AAT indicating the model's configuration at the terminal staten, we
compute the reward of the current approximate configuration of this rollout.

5. Backpropagatehe reward obtained from the rollout up to root and update all
UCB values of visited nodes.
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UCB equation: 3 @ A—nh

where3 the value of nodé @ the empirical mean of nodeAthe exploration constant,
the total number of simulations up to i dnche number of visits of the node.

Algorithm 1 Pseudocode for our hw-driven MCTS

Input: 1) Model M, 2) Ground truth batch By, 3) Selected ACUs A,
4) Exploration constant ¢, 5) Rollout policy P, 6) No. of Simulations N
Output: 1) Optimal Approx. Configs Cpyt

1: rootNode <— Node(M)

2: fori+ 1to N do

3: node < rootN ode|

4 while not node.isTerminal() do

5 if node.isFullyExzpanded() then
6: node < node.get BestChild(c)
7 else

8: node < expand(node)

9: break

10: end if

11: end while

12: state < node.state

13: while not state.isTerminal() do

14: a +— chooseAction(state, P, A)

15: state — state.takeAction(a),a € A

16: end while
17: Y; ¢+ AzxzConfig(state)

18: accuracy;, power; < evaluate(M,Y;, By)
19: reward <— accuracy; — A X power;

20: backprop(node, reward)

21: end for

22: Cout + pareto(accuracy;, power;,Y;), Vi € [1, N]

The cycle of selection, expansion, simulation and backpropagation continues until it
reaches the uselefined time limits. Every terminal state is expressed ™as

O B MM and all the environmergpecific information that is relevant for the
decisbn-making process has been included, specifically the power consumption of the
current configuration and the output from the accuracy predictor. Also, the expleration
exploitation ratio can be tuned usiegvariable from the UCB formula. The accuracy
from the predictor is computed in each rollout of the MCTS tree as evaluating the real
accuracy on the whole dataset (ImageNet in our case) would be impractical. Root Mean
Square Error (RMSE) was used as a metric to reflect the magnitude of the error of the
target models. The output was compared with the ground truth using the square root of
the typical MSE formulaB @ w for 128 input samples which was proven to
suffice the majority of our scenarios. In general, determining where to allocatgtthe ri
multiplier is not straightforward. The aim of MCTS is to explore alternative paths which
might be perceived as suptimal so that the system can avoid getting stuck in local
optima. Figure 4-8 represents the normalized true and predicted accuracy (red and blue
bars respectively) after applying theul8s_1L2H ACU in the first 5 layers individually
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for every targetViT modelof our study Through these ablation stedi we show our
primary objective, which is not to achieve precise predictions of the accuracy, but rather
to produce estimations that capture the general trend of the actual accuracy. Also, upon
observation of the figure, it is evident that each layerkologs a differensensitivity
towards the perturbation of the final accuracy. This sensitivity list is beneficial for
producing a better policy during the rollout phase of MCTS as we discuss next.
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Figure 4-8. Comparison of actual (red) and predicted (blue) accuracy after applying approximation
to each layer individually (from layer 1 to 5) across different ViT models.

Defining a better policyd Rollout policy is usually a simplheuristic to estimate the
reward of a given state by randomly choosing actions until the terminal state is reached
[163]. It is often implemented as a random policy, where actions are selected uniformly at
random withotiany particular strategy but with the aim to explore a wider range of states.
Using domairspecific knowledge of the sensitivity of each layer to approximation, we
implemented a more sophisticated policy. L't { H ;B H ; be the layer
sengivity list of an ACUO . i j is the normalized accuracy of the model when ACU

with O phQ is applied only on layer. Similarly, we can represent the total returned
power of the approximate model whénis applied on layer asr p8Conclusively, we

can now express the probability of taking a specific action in the rollout policy, that is to
select ard out ofk available ACUs for layerras:

3 0 h
Q F i
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We incorporated expert knowledge to our problem by producing a #ettemed rollout

than thedefault heuristic. We tooKeedback from each laydsut also incorporated
randomness as wellThis approach reflectsptimism in the face of uncertainsshich as a
mathematical concept has underpinned many deemgding algorithmg$164, 165]

4.5 Experimental Evaluation

In this section we present the evaluation of AdaPT and TransAxx frameworks regarding
several DNN netwdks with their respective quantization calibration, approximation
aware training and simulation time. Also, the specifications regarding each model's
parameters, number of MAC operations (OPs) and dataset used will be shown. The
experiments were conducted Intel Xeon Gold 6138 CPU at 2.00GHz and 64GB RAM

for AdaPT CPU experimenighile for TransAxx experiments the same system was used
along with anNvidia Tesla V100 GPUFurthermore, wavill show the effectiveness of

our MCTS algorithm foefficiently seaching the space of approximdd@\N designs

4.5.1 Experiments with AdaPT Framework

First, each target modelTdble 4-1) undergoes assessment based on five metrics:
accuracy in FP32, quantized (with and without calibration), approximate, and models
subjected to approximasavare retraining. Postjuantization calibration involves the
utilization of two batches of imagesaah set at 128, for histogram collection using a
99.9% percentile method. For the retraining of the DNNs we employed Stochastic
Gradient Descent (SGD) with a learning rate odland a batch size of 128, utilizing

10% of the corresponding training datasas retrain subsetWe showcasdive DNNs

across various tasks, including image recognition (ResNet50, VGG19, SqueezeNet), text
classification (LSTMIMDB), and image reconstruction (VAENIST).

DNN Type Dataset Params OPs
ResNet50 CNN CIFAR10 23.52M 0.33G
DenseNet121 CNN CIFAR10 6.96M 0.23G
VGG19 CNN CIFAR10 38.86M 0.42G
FashionGAN GAN Fashion MNIST 0.28M 0.29M
VAE-MNIST VAE MNIST 0.65M 0.66M
LSTM-IMDB LSTM IMDB 0.58M 0.55G
Inceptionv3 CNN ImageNet 27.16M 2.85G
SqueezeNet CNN ImageNet 1.24M 0.36G
ShuffleNet CNN ImageNet 2.28M 0.15G

Table 4-1. Specifications for each DNN used i\ d a P &x@esiments
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For retraining demonstration purposes, two approximate multipliers, implemented as
Look-Up Tables (LUTS), are used with distinct Mean Relative Error (MRE) and Mean
Absolute Error (MAE) values from the EvoApprox librgiy37]. One has ®it precision

and low power consumption but higher MRE, while the other hasitl@ecision with

lower MRE but higher power consumption. The -fio@ccuracy metric is generally
employed, except for ImageNet models, which usebtophe result presented in Table
Table 4-2 indicate that postraining quantization achieves low accuracy error compared
to the original FP32 models (approximately 0.1%), primadue to calibration.
Calibration proves to be crucial for modern neural networks, especially larger ones, as
emphasized ifil66]. Through our approximat@ware retraining, DNNs can be adapted to
the approximate backward engine, resulting in increased accuracy targatbNN.

mul8s_1L2H MAE: 0.081 %, MRE: 4.41 %, power: 0.301mwW
DNN FP32 8hit 8bit calib. 8hit retrain 3 time
approx.

ResNet50 |  93.65% 93.55% 93.59% 82.69 % 93.44% 763s

VGG19 93.95% 93.80% 93.82% 90.7% 93.56% 318s

VAE - 99.99% 99.95% 99.96% 93.12% 99.88% 9.28s
MNIST
LSTM - 83.10% 82.90% 82.95% 79.9% 82.63% 710s
IMDB
SqueezeNe| 80.6% 79.01% 80.16% 62.01% 76.21% 620s
mull2s_ 2KM MAE: 1.2e-6 %, MRE: 4.7e-4 %, power: 1.205mW
DNN FP32 12bit 12bit 12bit retrain 3 time
calib. approx.

ResNet50 | 93.65% 93.60% 93.61% 93.52% 90.54% 798s

VGG19 93.95% 93.80% 93.81% 93.81% 93.71% 359s

VAE- 99.99% 99.98% 99.98% 99.98% 99.99% 10.11s
MNIST
LSTM - 83.10% 82.94% 82.96% 82.96% | 83.12% 1040s
IMDB

SqueezeNe| 80.6% 80.11% 80.3% 80.35% 80.50% 623s

Table 4-2. Accuracy and retrain time evaluationfor AdaPT on various DNNs

Ipower of 8bit exact: 0.425mV8power of 12bit exact: 1.210mW.
Sapprox. multiplier & approximatiomware retrain.
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In line with prior researcfil67] most models are retrained for a single epoch, achieving
significant performance improvements. The effectiveness of AdaPT's retrain engine is
evident in substantial error recovery of approximatiparticularly in the &it ACU
(approximately 7.5% increase on average). Further-tlineng with learning rate
annealing marginally reduces the error.

Furthermore, we provide a summary of the emulation time for each approximate DNN, as
presented iMable4-3. Moreover, the incorporation of quantization and dequantization in
each layer introduces an overhead of approximately 10% for the optimized approximate
solution. The comparison of inference is conducted usifgt&recision to align with
related work, ensuring an unbiased assessment (the specific approximate module can be
arbitrary, given their implementation as LUTs). Notably, the emulation time experiences
a linear increase when different ACUs are utilized within the same DNN, occurrng in
between the layers. It is worth mentioning that employing smaller LUTs results in lower
inference times due to improved cache utilization. Additionally, an observed average
increase of approximately 2.1 times in time occurs when expanding the LUT bitwidth by
two.

DNN Native CPU Baseline AdaPT AdaPT AdaPT vs

Approx (w/ func) (w/ LUT) Baseline
ResNet50 0.5 min 76.5 min 104 min 1.7 min 45x
DenseNet12 0.48 min 53.2 min 72 min 1.6 min 33.2
VGG19 0.2 min 91.7 min 125 min 1.7 min 53.9
FashionGAN 0.003 min 0.02 min 1.1 min 0.012 min 1.7x

VAE-MNIST 0.015 min 0.1 min 1.2 min 0.02 min 5%

LSTM-IMDB 1.36 min 48.5 min 449 min 7.6 min 6.4%
Inceptionv3 22.1 min 2909 min 4560 min 83 min 35.1x
SqueezeNet 11.6 min 443 min 576 min 20.6 min 21.5x
ShuffleNet 11.4 min 163 min 251 min 22.4 min 7.3x

Table 4-3. Inference emulation time in AdaPT for various DNNs

Specifically, n Table 4-3, we compare AdaPT with PyTorchsitive FP32 optimized
implementation, théaselineunoptimized approximate simulation (which utilizes LUTs
but excludes ourmptimizations), and the functioh&-implementation of the ACU
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(mul8s_1L2H). It is evident that the computation time for AdaPT has been significantly
reduced in comparison to the baseline approach. When benchmarked against-tife state
the-art, AdaPT outpdorms ALWANN [68], which also operates on a Xeon CPU, with a
notable margin (1.7 minutes vs. 54.5 minutes on ResNet50). TypgGNI\ running on

a CPU and employing a custom C++ framewatkes not provide inference results.
Moving on to ProxSim[143], despite running on a GPU, AdaPT demonstrates very
similar execution times (20.6 minutes vs. 17.5 minutes on SqueezeNet). TFAPPfox
exhibits faster execution on a GPU with ResNet50 (1.7 minutes vs. 0.26 minutety, but
essential to note that the authors exclusively assess ResNetbifonf@rence in image
recognition.

AdaPT's strength lies in its diverse features, supporting various model architectures,
application domains, and approximation techniques, aloitly approximatioraware
retraining. This versatility contributes to the creation of a robust framework. A
comprehensive comparison of AdaPT's functionalities with the -sfdtee-art is
presented iTable4-4.

Tool Support AdaPT = [70] [143] [68] [141]
Framework PyTorch, TF* | TF | TF | C++
Backend CPU GPU| GPU | CPU | CPU
Varying DNN types? n 6 6 6 6
Arbitrary ACU n 6 6 o n
Quantization calibration n ) 6 n 6
Approximate-aware n ) n n n
retraining

1TF: Tensorflow2For example: CNN, LSTM, GAN, etc.

Table 4-4. Qualitative comparison of AdaPT with state-of-the-art

To conclude AdaPTis an endto-end framework for fast crodayer evaluation and +e
training of approximate DNNs based on the popular PyTorch lib¥aig.showed how
AdaPT simplifies and accelerates the process of DNN simulation usingthrakliding
and vectorization while ahe same time it can support a wide range of DNN topologies
and paved the way to new approximate DNN accelerators first time for PyTorch
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4.5.2 Experiments with TransAxx Framework

In this section,we conductexperiments to evaluate the performance of then3Axx
framework, focusing on the accuracy and execution time of popular Vision Transformer
(ViT) models across various approximate multipliers. In terms of software versions,
TransAxx was developed on PyTorch 1.13 with CUDA Version 11.7. The hardwape setu
empl oyed for the experiments consist-ed of
core Intel Xeon Gold 5218R server with 64GB of RAMong with an Nvidia Tesla

V100 GPUasthe hardware accelerator of TransAxx.

Our framework prioritizes speeavhile maintaining flexibility, allowing users to
efficiently test their custom Approximate Computing Units (ACUs). As mentioned
earlier, two emulation methods are supported: the -bd3ed and the functionbased
approaches. Imable 4-5, we present inference times using both approaches and the
retraining time for an epoch for each model. Our experiments involve four popular Vision
Transformer modelé ViT [168], DeiT [169], Swin[170], and GCVIiT[171] 8 on the
ImageNet2012 dataset with batch sizes of 128 oF6édretraining, we employ the Adam
optimizer with a learning rate of g for 2.5% of the ImageNet train dataskt.Table

4-5 the 8bit mul8s_1KV9w[137] is used, but the execution time remains similar for any
ACU of the same size. The LWUdased approach is generally unaffected hwy tiype of
ACU and is notably faster than the functiobalsed approach. The latter serves as a
backup method in TransAxx to address unforeseen memory issues.

DNN FLOPs Params | Inference | Inference | Retraining
(w/ func.) (w/ LUT) (w/ LUT)
ViT-S 4.2G 22.1M 121 min 6 min 5.5 min
DeiT-S 4.2G 22.1M 122 min 6.1 min 5.8 min
Swin-S 8.5G 49.6M 242 min 13.1 min 13 min
GCVIT -XXT 1.9G 12M 43.5 min 3 min 3.5 min

Table 4-5. Emulation time in TransAxx for different ViTs

We further investigated the performance of Lbdsed multiplication in our study, as
depicted inFigure4-9. On the left side of the figure, we can observe the inference time

for each VIiT model using different bitwidths of the LUT. As it is evident, the emulatiom
time increases as the memory reguoients increase because it takes more time to fetch
the LUT from the GPU memory. Also, larger LUTs may not fit entirely into cache,
leading to increased cache misses and longer memory access times. In contrast, smaller
LUTs are more likely to fit into caeh resulting in better cache utilization and lower
memory access latency. Now, on the right side of the figure, we show the caching effect
on the LUT performance across the first batches of the inference.

t
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Figure 4-9. LUT-based multiplication performance. Left: LUT bitwidth impact on inference
emulation time. Right: Caching effect on LUT performance during the first batches of inference.

As processing progresses through subsequent batches, the LUT cactivagismas we
introduced within TransAxx effectively come into play. These mechanisms allow for
faster access to frequently used data, such as the LUT memory in our case, thereby
reducing the computation time. As aforementioned,>dt2 bits where LUT memagr

might increase substantially TransAxx can always subsitute the-dHad@éd with
functional based approach. We report that for aitdnultiplier mull2s 2PP from

[137]) the inference emulation time using its C functionedatiption can be5x slower

than the LUTbased approaclGenerally, theLUT-basedexecution times are deemed
satisfactory and sufficiently fasgspecially when considering that there is no other
alternative for approximate ViT emulatiol.is importantto note that these performance
metrics pertain to the complex and large ImageNet dataset. When compared to other
frameworks for approximate simulation and taking into account the utilization of the large
ImageNet dataset and complex VIiT architectures, Sk&r proves to be faster.
Additionally, TransAxx outperforms similar frameworks that lack support for ViT
models.To facilitate a comparison with previous research, our focus can be directed
towards the execution time of VA4S, which closely aligns with RE®t50 in terms of
FLOPs (4.2G vs. 3.87G). TransAxx demonstrates quicker inference times when
contrasted with other GPU simulation frameworks such as ProxRBiA8] (6min vs.
107min) andApproxTrain [154] (6min vs. 10.4min).

Tool Support TransAxx [147] [154] @ [70] | [143] [68] [141]
Framework PyTorch PyTorch| TF TF TF TF C++
Backend GPU CPU GPU  GPU | GPU | CPU CPU
ViT model support n ) 6 ] ) ) o}
Automatic layer n 6 ) 6 6 o} )
swapping

Quantization N n ) 6 ) n 0
calibration

HW -aware retraining n n n n n o} n
Design space search n 6 6 6 6 n )

Table 4-6. Qualitative comparison of TransAxx with state-of-the-art
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4.5 Experimental Evaluation

We also perform a systematic analysis on thelt@zcuracy achieved on ImageNét
dataset for each of the four aforementioned VIiT models on the default FR#2, 8
quantized, approximate and retrained versioas seen inTable 4-7. Apart from

fi

performing successful finetuning after approximation, we considered significantly the

guantization part, as also describedprevious paragraphk. In particular, prior to the
approximation of the models, we performed a calibrated quantizatisemsc since

ndi ng

a

scal e

par ameter
performancg172]. Regarding the approximate multipliers used for the experiments, we

cor

rectly i

chose three distinct ACUs with differeMlean Relative Error (MRE) and power
characteristics obtained from the opsyurce EvoApproX{137], andan accurate ACU
which corresponds tmul8s_1KV6

Model specifications

ACU 1: mul8s_1KV9
MRE 0.90%, power0.410mW

ACU 2: mul8s_1L2H

MRE 4.41%, power: 0.301mW

ACU 3:mul8s_1L2L

S

MRE 12.26%, power: 0.200mW

Name MACs FP32 Bbit Initial | Retrained| PowerZ | Initial | Retrained| PowerZ | Initial | Retrained, PowerZ
approx. (calib.)

ViT-S | 9854 | 74.64 | 71.86 | 34.95| 67.31 3.45 1.264 | 66.74 28.75 0.090 0.15 52.18

DeiT-S | 9854 | 81.34 | 79.34 | 0.96 | 70.16 3.45 0.10 67.01 28.75 0.10 0.11 52.18

Swin-S | 99.7 82.89 | 81.83 | 79.56| 79.25 3.49 64.30 | 76.64 29.09 0.41 67.87 52.79

GCVIT 75.5 79.72 | 78.91 | 73.50| 78.346 2.64 51.56 | 76.93 22.03 0.26 63.01 39.98

Table 4-7. Accuracy and power benchmark [%] per multiplier and model

Table 4-7 summarizes our accuracy results obtained before
Generally, we see that approximaieare retraining reduces the accuracy gap
successfully on the majority of approximatedels, as the weights of the network can

adapt to the distributions the ACUs represent. Additionally, we report the total MAC

and after retraining.

(multiply-andaccumulate) power reducti@s it will be important for experiments of the
design space exploration in the next paragr&pbarly the actual power reduction would

be influenced by numerous factors but the reduction from MAC operations usually has a

cascading effect on the total samption. The reduction percentage is in relation to the

total MACs approximated in each model in order to have more precise measurements.

The baseline is the power consumption of the accuraté8s_ 1KV6 multiplier
(0.425mW).

4.5.3 Explored DesignSpace

The manual and simple method of performing approximation, that is to apply the same
multiplier to all layers in the model gave us substantial power gains with the cost of some

accuracy drop as seen frohable 4-7. However, in some cases, it is not possible to

recover the large impact that approximate multiplications had on accuracy. Moreover, in

many cases there might be a more power efficient solution that achiewikes accuracy.

In this subsection, we conduct a comprehensive analysis of our automated search

knowr
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algorithm based on MCTS. The results of our automated search reveal a nuanced
understanding of the traddfs inherent in the poweaiccuracy space. We show thvee

can automatically find better solutions that are closer to the Plaoetoand thus offer

better tradeoff between power consumption and accuracy. For our experiment the four
ACUs (mul8s_1KV9, mul8s_1L2H, mul8s_1L2L, mul8s_1KV6) are considered as
possble candidates for each layer of every target model.

Policy Evaluationd Before proceeding with the Monte Carlo simulations it is essential

to exhibit the stability of the algorithm and its ability to converge after some iterations.
Naturally, our agerg' performance is optimal when the rollout policy we used to estimate
the expected rewards of each possible action is more likely to choose the best action. This
is the reason we injected knowledge from the hardware configurations into the system
usingUCBL1 formulaso as to guide the search process towards the Rapttoal points.

In Figure4-10, for the case of VidS model, we measure the normalized reward on each
simulation of the four possible starting paths/actions from the root node of the MCTS
tree. In this way, we demonstrate the ability of our custom haredvawen policy to
converge tanore stable rewards faster than the random policy.

mul8s 1KV6 + mul8s_1KV9 ¢ mul8s_1L2H ¢ mul8s_1L2L
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Figure 4-10. Rewards of each action from the MCTS root node using the random policy (left) and hw
driven policy (right).

Another valuable insight we nabbtain from this figure is that the hardwa@ven policy
manages to find faster what might be a good or bad action to take according to the
algorithm. For example, it prefers choosm@gl8s_1L2H multiplier at the first layer as it
might give an "appemlg" accuracypower tradeoff which is also indicated by our
measurements imable4-7. In contrary, the lower powenul8s_1L2L multiplier is not

often preferred as it significantly compromises the accuracy. We should note however,
that intuitively these outcomes would vary across models, layers or multipliers.
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Additionally, to demonstrate the convergence of ourdnwen MCTSbasd search, we

plot the reward values and their rolling mean (with a window of 50) targetingSViT
model, over multiple simulations, as shown igure 4-11. As moresimulations are
performed, the MCTS tree is refined, and the algorithm converges towards optimal
decisions or solutions. With each simulation, the search algorithm converges towards the
approximate configurations that yield the best performance for thenddel in terms of
accuracy/power. The average reward stabilizes or reaches a plateau as the number of
simulations increases. This means that our algorithm has explored the search space
sufficiently enough and has found a solution or set of solutiongdinaistently achieve a
certain level of performance.
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Figure 4-11. Convergence of the MCTS rewards.

MCTS simulationsd Finally, we evaluate the use of our hardwdreeen MCTS
algorithms towards finding ¢hPareteoptimal curve for accuracy and power. Higure

4-12, we illustrate the scatter plots from MCTS for every target ViT model using 2000
simulations (power consumption is normalized). On average, the exploration time on
most models for this setugras about 35mins which is considered very acceptable,
especially when compared with previous wofk52, 68]). The user has the flexibility to

tune it according to their requirements; however, further expboratielded minimal
results on the accuragower tradeoff. Each acquired Pareto (in red) represents the
knowledge learned by the system towards finding the optimal multiplier configuration
and it's basically the output of the search algorithm. To prduidieer comparisons, we
experiment for two distinc-parameters for the power bias, as described in Algorithm
andMCTS policy equationFor a state in the tree to be evaluated accurately, it must be
visited a sufficient number of times (to gain the fadence about the statistics). Thus, the
number of simulations clearly affects the quality of solutions, but we saw that around
2000 simulations were enough for most models to derive successful results in a
reasonable time. Additionally, experimenting withfferent & parameters or even
explorationexploitation ratios could potentially yield marginally improved results;
however, our experiments served as a strong indication of the successful application of
the proposed search algorithm and parameters.
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Figure 4-12. Scatter plots of hwdr i ven MCTS wusing 28060t ep mudkbadi ®n s
(bottom) parameter.

In Figure4-13, we summarize the solutions found with the baseline approximation of the
models (in yellow), obtained fromhable 4-7, along with the proposed optimal solutions
obtained by our MCT®ased approach (in green). As baseline solutions we define the
accuracy/power data points frohable4-7 in which approximation is uniformly applied

to all layers of the model without much customizatibime corresponding scatter plots of
Figure 4-13 illustrate the practical observation of the accuracy/power “oéfdevith
normalized power consumption along thexs and actual measured accuracy along the

y axis. Notably, the study highlights tiseiperior performance of our hardwaheven
Monte Carlo tree search algorithm, particularly in achieving a more advantageous balance
between power consumption and accuracy, as well as giving an increased flexibility from
the designer's perspective in chiogsa wider range of approximate solutions.

The green data points dfigure 4-13 are derived from the large exploration of the
parameter space usingQM'S, depicted irFigure 4-12, focusing only on the optimal
solutions achieved through this algorithm (red point&igure4-12). These data points

are evaluated on the whole ImageNet validation dataset and the Pareto points are depicted
in the corresponding scatter plots of

Figure4-13 as green triangular markershe baseline solutions froifable4-7, for each
approximate multiplier, r@ deliberately included to provide a benchmark for evaluating

the effectiveness of the proposed solutions using the MCTS search algorithm.
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Figure 4-13. MCTS-optimal solutions based on real accuracy (gen) and
baseline approximate solutions (yellow).

The scatter plots of

Figure 4-13 visually highlight the tradeffs between power consumption and accuracy.
Our solutions (green points) mainly form the Paifedmt in each subplot (i.e., deliver the
bestpossible compromisbetween the two objectives, accuracy and power). For similar
accuracy as the baseline approximate solutions (within ~1% maximum difference),
MCTS delivers on average solutions with ~21% lower power. Additionally, our approach
yields a considerable numbef Pareto solutions in all models, providing the designer
with a finegrained set of choices. These choices aim to deliver the most effective balance
between the two objectives, power and accuracy, while minimizing exploration time. In
contrast, the baseke approximation offers a more limited selection.

In general, our MCTS search enables obtaining results from the {feareeocustomized

to fulfill the designer's requirements and eventually give a moregfia@ed tradeff
between accuracy and power thvirespect to the baseline approximation. Our
requirements, relevant to the specific application, included constraints on power
consumption, accuracy thresholds and exploration time of MCTS algorithm, but
additional criteria can be involved for the systander consideration. Note that, to the
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best of our knowledge, our work is the first to analyze the impact of approximate
multipliers on VIiT models and deliver a framework for a) evaluating the inference
accuracy with reasonable speed, b) performing apmatonaware ViT retraining, and

c) delivering a finggrained accuracpower tradeoff when exploring the design space of
VIT to approximation mappindespite the considerable savings reported in

Figure 4-13, higher power savings for similar accuracy loss have often been reported in
approximate CNN$136]. Hence, additional research is required for ViT models and/o
dedicated approximate multipliers/approximation techniques are ne@dedvork lays

the groundwork for exploring this challenging domain and greatly facilitates designers in
identifying solutions fast enough that align more closely with the desiretidealef
power and accuracy in ViT models
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Conclusion

This Ph.D. thesis has investigated the intrideéd of efficient computing forDeep
Learning(DL), with a primary focus on optimizindeepneural networkacceleratorsor
custom hardware. Through a comprehensive exploration of varisoware and
hardwae optimization strategies this research bastributed toour understanding of the
underlyinghardwaremechanisms$owards optimal Al model execution. Additionally, this
thesis explored the use of approximate computmgxploit the capabilities of such
hardwarein inference speed and energy efficiermfyDNNs. By proposingwo custom
emulation framework, AdaPT and TransAxit addresses thehallenge of approximate
DNN simulation.Specifically, itenables researchers and practitioners to rapjgligtotype
and evaluate approximate DNNs, fostering a more accessible and iterative approach to
model developmentLast, thisthesis proposed an MCTS (Monte Carlo Tree Search)
based method for rapid design space exploratawards find an optimal tradeoff
between power consumption and accuracgpproximate DNNs, showing its efficacy on
vision transformer model#s the field of deep learning continues to evolve, the findings
of this thesis contribute to the ongoidigcussioron efficient computing for Ainference.
The insights gained from optimizing neural network inferencecostom hardware,
coupled with theemulation framework for approximate computirsignify a substantial
step towards bridging the gap betwaseftware and hardware thefield of DL.

5.1 Summary of findings

Below is the summary of the main findings and contributions:

1 Optimization of novel Al applicationdhree distinct Al tasks were optimized for
reconfigurable hardware. First, the popufakISS (Facebook Al Similarity Search)
framenork [70] was optimized for FPGA& order to accelerate the algorithm of
similarity searchSecond, a@&enerative Adversarial Network (GANyas developed
and deployed on an FPGA SoC with the aonreéstore images of clothind hird,
towards combating thea®id-19 pandemic, a CNN was developed and accelerated for
reconfigurable hardware with the ability ¢ategorize chest-Ray images into three
classes: Covid 9, Viral Pneumonia, and Normal
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1 Automatic FPGA firmware from CNN&Ve proposed arendto-end framework,
based onHLS4ML [56]. Throughthis tool we convert trained CNN models into
optimized FPGA firmwaréailored for cloud FPGA architectures.

1 AdaPT FrameworkWe created the AdaPT framework as a rapid DNN approximation
emulation tool, presented as a PyTorch plugin. The framework leverages CPU
acceleration and seamlessly supports a wide range of layers and model architectures
along with postraining quantizatiomnd approximataware retraining.

1 TransAxx FrameworkWe createdlTransAxx withthe aim to emulat@pproximate
Vision Transformerslt accommodates all the major features of AdaPT such as post
training quantization and approximade/are retraining. Also,it has a more
streamlinedand seamlesdesignand leverages GPU acceleration for the emulation of
approximate Al models.

1 MCTSbased Design Space ExploratioWwe proposed a novel method based on
Monte Carlo Tree SearcfMCTS) for a hw-driven automated search that can find
nearoptimal tradeoffs in the powesaccuracy spaceWith this method, we
demonstrate that we can automatically find better solufiastswhich are closer to
the Pareto front than the simple approximation method. In theer,lathe
approximation is uniformly applied to all layers of the model without much
customization while in our solution we achieva better tradeff between power
consumption and accuraoging mixed approximation between layers

5.2 Future Directions

The research presented demonstrates that custom hardware for Deep Learning holds great
promisein enhancing performance and energy efficiency. Nevertheless, with the rapid
growth and expansion of negeneration Al models and the continuous emergence of
new hardware architectures, new innovative challenges always arise that need attention in
future applicationsGiven the rapid growth and expansion of RgeherationAl such as
generative Aland the emergence of new requirements from both technical aredasoci
perspectives, there remain open and novel issues to be addressed in future efforts. Major
technology companieguropean networks of researchers, and Europe itself have already
paved the way for the design and implementation of future computing syfeagent

years have witnessed a surge in the demand for computing systems capable of supporting
large language models and other extensive Al applications. This has brought hardware
accelerators to the forefront as promising solutions for optimizing resediiciency and
performance in datacenteaand edgeinfrastructures. Future researahill focus on
enhancing the scalability and adaptability of accelerators to accommodate the evolving
complexity of Al modelswhile also innovating new Al algorithms thedn understand,
interpret, and generate complex, coriaxaire responses, mimicking humans.
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Future work should focus orert-geneation computing systems and Al, specifically on
several key technical areas to advance their capabilities and address gcieatienges:

1. Scalability and Adaptability of Accelerators:

1 Develop FPGAbased Al accelerators that can dynamically reconfigure to
support various Al workloads, ensuring efficient resource utilization and
performance optimization.

1 Enhance the scalalyi of these accelerators to handle the growing size and
complexity of Al models, including large language models and deep neural
networks.

2. EnergyEfficient Computing
1 Implement Al/ML-based resource management policies that optimize energy
consumption Wile maintaining system performance and reliability.
1 Integrate renewable energy sources with traditional pewpplies, using Al
to predictand manage energy demand, ensuring a sustainable and cost
effective energy mix.

3. Approximate&Computing:

1 Explore approximate computing technigues new novel architectures or
materialthat allow for controlled tradeffs between computational accuracy
and efficiency, reducing power consumption and processing time without
significantly impactinghe quality of results.

1 Develop algorithms that can leverage these techniques for various Al
applications, such as natural language processiggnerative Al

4. Edge and Cloud Integration
1 Design systems that seamlessly integrate edge computing witld clo
infrastructures, leveraging the strengths of both to provideldtency, high
performance computing for Al applications.
1 Focus on the development of distributed Al models that can operate
efficiently across these integrated environments.
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Relative Energy Cost

Operation Energy [pJ] Relative Cost
32 bit int ADD 0.1 1

32 bit float ADD 0.9 9

32 bit Register File 1 10

32 bit int MULT 3.1 31

32 bit loat MULT 3.7 37

32 bit SRAM Cache 5 50

32 bit DRAM Memory 640 6400
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