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Abstract

Convolutional Neural Networks (CNNs) have revolutionised computer vision field since their
introduction. By replacing weights with convolution filters containing trainable weights,
CNNs significantly reduced memory usage. However, this reduction came at the cost of in-
creased computational resource requirements, as convolution operations are more computation-
intensive. Despite this, memory usage remains more energy-intensive than computation.
This thesis explores whether it is possible to avoid loading weights from memory and
instead functionally calculate them, thereby saving energy. To test this hypothesis, a novel
weight compression algorithm was developed using Cartesian Genetic Programming. This
algorithm searches for the most optimal weight compression function, aiming to enhance
energy efficiency without compromising the functionality of the neural network.
Experiments conducted on the LeNet-5 and MobileNetV2 architectures demonstrated
that the algorithm could effectively reduce energy consumption while maintaining high
model accuracy. The results showed that certain layers could benefit from weight compu-
tation, validating the potential for energy-efficient neural network implementations.

Abstrakt

Konvoluéné neurénové siete (CNN) od svojho vynajdenia zrevolucionizovali spésob, akym sa
realizuju dlohy z odvetvia pocitac¢ového videnia. Vynalez CNN viedol k znizeniu pamétovej
narocnosti, kedze vahy boli nahradené konvoluénymi filtrami obsahujtcimi menej tréno-
vatelnych vah. AvsSak, toto znizenie bolo dosiahnuté na tkor zvySenia poziadaviek na
vypoctovy vykon, ktory je naviazany na vypocet konvolicie.

Tato praca skima hypotézu, ¢i je mozné sa vyhnuf nacitavaniu vah a miesto toho
ich vypocitat, ¢im sa usetri energia. Na otestovanie tejto hypotézy bol vyvinuty novy
algoritmus kompresie vah vyuzivajici Kartézske genetické programovanie. Tento algoritmus
hlada najoptiméalnejsiu funkciu kompresie vah s cielom zvysit energetickti ti¢innost.

Experimenty vykonané na architektiirach LeNet-5 a MobileNetV2 ukazali, ze algoritmus
dokéaze efektivne znizit spotrebu energie pri zachovani vysokej presnosti modelu. Vysledky
ukézali, Ze urcité vrstvy je mozné doplnif vypocitanymi vahami, ¢o potvrdzuje potencial
pre energeticky efektivne neurénové siete.
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Rozsireny abstrakt

Umelé neurénové siete (ANN), ktoré sa Standardne pouzivaji v roznych aplikdcidch umelej
inteligencie, sa prvykrat objavili v 60. rokoch minulého storocia [55]. AvSak vyznamny
rozmach zaznamenali v poslednych dvoch desafrociach, predovsetkym vdaka napredovaniu
vyvoja pocitacov [8]. S moznostou pracovat s velkym mnozstvom dét tieto siete dokazu
efektivne vyriesit rézne tlohy, ktoré by bolo konvenénymi spésobmi pracne vyriesit.

Vypoctovy model umelych neurénovych sieti sa znacne opiera o matematické operacie
nasobenia a sc¢itania. Na zaciatku musi model prejst tréningom, ¢o sa povazuje za opti-
maliza¢ny problém s cielom minimalizovat stratova funkciu. Chyby modelu st ovplyvnené
vahami a hodnotami bias, ktoré si ulozené vo fyzickom tlozisku. Na proces inferencie mu-
sia byt tieto parametre nacitané z fyzického tuloziska do rychlej paméate DRAM aby mohli
byt pouzité pri vypocte, ¢o vedie k spotrebe energie. Avsak pristup k paméti je energet-
icky ndro¢ny [75, 12, 62], ¢o viedlo k vyskumu zameranému na minimalizéciu pristupu do
pamaéte.

Spotreba energie je kltucovd, pretoze priamo koreluje s vykonom, zahrievanim, eko-
nomickymi a environmentalnymi faktormi [16]. Velké jazykové modely, ktoré preukazali
velky potencial v interakcii ¢loveka s pocitacom, vyzaduju znacni vypoctova silu. Bolo
preukizané, ze tréning takychto modelov mdze produkovat viac emisii ako jeden let lietad-
lom [16], ¢o viedlo vyskumnikov k zahrnutiu vypocétu emisii do svojich sprav. Ekonomicky
su tieto modely nékladné nielen na tréning, ale aj proces inferencie je nakladny. Existuje
teda silnd motivacia zlepsit oba faktory, pohanana ekonomickymi a environmentalnymi
faktormi. Konvolu¢né neurénové siete (CNN) preukézali, Ze menej Casty pristup k paméti
mo6ze umoznit hlbsie, Sirsie a energeticky efektivnejSie modely. Predpoklada sa, ze vahy
je mozné este viac komprimovat ich nahradenim kompresnou funkciou, aby sa zabranilo
pristupu k pamaéti, ¢im sa usetri energia. V dosledku toho bol navrhnuty a vyhodnoteny
novy algoritmus vyuzivajici Kartézske genetické programovanie (CGP) na réznych experi-
mentalnych konfiguraciach. Tento algoritmus moéze nahradif vahy aproximacnou funkciou,
¢im efektivne znizuje pocet vah, ktoré je potrebné nacitat z paméte zariadenia a nasledne
znizuje spotrebu energie.

Na dosiahnutie tohto ciela bol pouzity algoritmus CGP na automaticky navrh digital-
nych obvodov. Navrhy sa vyhodnocuji na zaklade obvodovych parametrov ako je chyba,
spotrebovana energie, oneskorenie a pocet hradiel. Po zrealizovani prvého prototypu prva
iterdcia experimentov bola vykonand na architektire neurénovej siete LeNet-5 [44], ktora
dosiahla experimentéalne slubné vysledky. Algoritmus dokézal néjst riesenia bez akejkolvek
spotreby energie pri zachovani vysokej az p6vodnej presnosti modelu. AvsSak, na potvrdenie
vysledkov a zaistenie, ze model nebol pretrénovany alebo nadmerne pre parametrizovany,
dalsia iterdcia bola vykonand na najviac energeticky efektivnom modeli MobileNetV2 [57].
Predtym avsak bolo nutné vykonat optimalizaciu algoritmu, pretoze vykonovo nestacil. Za-
viedol sa algoritmus, ktory zhlukuje rovnaké vahy na vystupy a prakticky ich zaskratuje.
Tento pristup dosiahol neskutocne zjednodusenie naroc¢nosti dizajnu obvodov pre algoritmus
CGP. Prakticky odstranil problém skédlovatelnosti algoritmu pre problémy, ktoré nevyuzi-
vaju suciastky multiplexor.

Séria experimentov na Mobilenet V2 priniesla zaujimavejsie vysledky a ukazala, ze kazda
vrstva reaguje na zmeny vah odlisne. Okrem toho tiez zdoraznila niektoré obmedzenia al-
goritmu, ako je optimalizdcia energie, ktord vyznamne zavisi od unikatnych vah, ktoré je
potrebné vydedukovat. Podstatnym zistenim je, ze aj na tak dolezitom modeli, ako je Mo-
bileNet V2, navrh algoritmu stale dokazal najst efektivne riesenia a tak prekonat konvenény



pristup k paméti. Jedinou nevyhodou je, ze kazda vrstva je komprimovana individualne, a
preto z hardvérového hladiska implementacia nie je v tomto aspekte kompletn4.

Na riesenie tohto problému bola implementovana multiplexnd metéda. Avsak, rychlost
evolicie implementacie nebola uspokojiva, ¢o by neviedlo k praktickému pouzitiu v redlnom
prevoze. Rovnaky princip ako predosla spominana optimalizacia bol pridany k multiplexnej
metdde, avsak vylepSenia neboli markantné. Tento problém teda zostal nevyrieseny a mohol
by byt spojeny na dalsi vyskum, ktory by skimal optimalizaciu na viacerych vrstvich
stcasne. Na zaver, vykonany vyskum prispel v oblasti energeticky efektivneho pouzivania
neurénovych sieti, najmé v prostrediach s obmedzenymi zdrojmi, ako st mobilné zariadenia
a elektronické systémy. Vyskum ukazal, ze je mozné aproximovat konvolu¢né vahy pomocou
algortimu CGP. Bolo taktiez zistené, Ze optimalizacia energie zavisi od vstupnych vah a
od poc¢tu jedinecnych vystupnych vah, ktoré je potrebné optimalizovat. V experimentoch
vykonanych na MobileNetV2 niekolko rieseni dokazalo prekonat energetickti efektivnost
oboch typy paméti buffer a DRAM.
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Chapter 1

Introduction

Artificial Neural Networks (ANN), widely used in many artificial intelligence applications,
appeared in the 60’s [55]. However, it has gained significant traction over the last two
decades, primarily due to the increased accessibility of computational resources [8]. With
access to large quantities of data, these networks demonstrated the capability to solve
various tasks that would be challenging to resolve programmatically at the cost of imperfect,
although acceptable, accuracy.

The computational model of Artificial Neural Networks heavily relies on multiplication
and addition mathematical operations. Initially, a model must undergo training, a process
considered an optimisation problem aimed at minimising model loss. Furthermore, model
loss is influenced by weights and biases, which are then stored in physical storage. For
inference, those parameters must be loaded from physical storage to device memory and
used for calculations resulting in energy consumption. However, memory access is an ex-
pensive energy operation [75, 12, 62], which resulted in several types of research focusing
on avoiding memory access as much as possible.

Energy consumption is essential, as it directly correlates with performance, heating,
economic and environmental factors [16]. Large language models have lately exhibited
tremendous potential in human-computer interaction; however, as can be determined from
the name, those models require a lot of computational power. Notably, it has been proven
that training can emit more emissions than a single air flight [16], prompting some re-
searchers to incorporate emission calculations into their reports. Economically, those mod-
els are not only expensive to train; the inference process is costly as well. Therefore, a
solid motivation exists to improve both factors, driven by economic considerations and
environmental concerns.

Convolution Neural Networks demonstrated how less frequent memory access can open
opportunities for deeper, wider and more energy-efficient models. It is hypothesised it is
possible to compress weights even more by replacing them with a compression function to
avoid memory access, therefore saving more energy. As a result, a novel algorithm utilis-
ing Cartesian Genetic Programming was proposed and evaluated on various experimental
configurations. The resulting algorithm can substitute weights with a learnt function, ef-
fectively reducing the number of weights that need to be fetched from device memory and,
consequently, reducing energy consumption.

The following thesis is organised into several chapters, gradually introducing the reader
to the problem of weight compression using Evolutionary Algorithms. In Chapter 2, Convo-
lution Neural Networks are introduced to explain the required concepts and methodologies
that the architecture builds on so these concepts can be later utilised. Following a chapter



later, Chapter 3 instigates the field of Evolutionary Algorithms that heavily take inspiration
from natural processes to look for optimal solutions through searching space. Chapter 4
proposes a novel convolution weight compression algorithm, which is later more concretely
described in the implementation Chapter 5. Several experiments were conducted to vali-
date the algorithm functionality, presented in detail in Chapter 6. Finally, the findings and
algorithm performance are concluded in Chapter 7.



Chapter 2

Convolution Neural Networks

Artificial Neural Networks (ANNSs) are computational models inspired by the human brain’s
biological structure [13]. The brain contains an interconnected network of neurons respon-
sible for handling and transmitting signals to other parts of the brain or body parts. These
neurons have synapses that act as output points for each neuron. It might be modified or
interrupted before transferring the signal to another neuron. From a mathematical stand-
point, a Neural Network is often an unknown function f(x) with a noise e that roughly
approximates a reference function, as exhibited in Formula 2.1.

y=f(z)+e (2.1)

Although a function alone is not capable of approximation, Hornik et al. [27] discovered
that chaining multiple non-linear squashing functions g; (Formula 2.2) allows these squash-
ing functions to approximate the reference function. Hence, the approximation function
possesses the universal approximation property.

f(x) ~ gn(g3(92(91()))) (2.2)

As machine learning evolved, it became apparent that only neuron-based neural net-
works were unsustainable regarding the number of parameters. Hence, research for other
architectures was highly motivated. In 1988, Denker et al. [15] developed one of the first
Convolution Neural Networks (CNN) to classify handwritten digits for the US Postal Ser-
vice. The architecture had one big drawback, and it required manual weight calculation
of activation maps and a large amount of image pre-processing. As such, later, Denker
and LeCun et al. [41] employed the backpropagation algorithm to CNN. As a result, the
classifier could classify raw images with minor transformations to the former counterpart,
which used input vectors [15]. Thus, adapting pattern recognition principles described in
the book of Watanabe [70] led to a novel and more efficient feature extraction architecture
type.

Convolution is a computation-heavy operation; however, the most significant energy
consumption arises from memory access [12, 75], explained more in Section 2.2. Addi-
tionally, CNNs are not suited for every type of task, though they are remarkably good at
computer vision [41] and speech recognition tasks. The explanation of why CNN performs
better in those tasks can be found in architectural design. Hence, the whole architecture,
including the building blocks of CNN, will be explained in Section 2.1.



2.1 Architecture Overview

Convolution Neural Networks excel at pattern recognition tasks, such as computer vision,
speech recognition or signal processing. To perform well, CNNs use the convolution function
to extract features from patterns, which is especially beneficial when analysing signals
and image data. However, convolution layers alone are insufficient for classification and
regression problems. In order to reach the most optimal performance when developing
CNNs, other layers are required to function well, which will be explained in this section.

2.1.1 Convolution Layer

Convolution layers are the most essential building blocks of CNNs and are responsible
for feature extraction from the data. Conceptually, a convolution layer is a particularly
restricted case of the fully connected layer, which has more strict restrictions than a regular
fully connected layer. However, those restrictions are made in a way that slightly restricts
the layer’s capability, resulting in a significant reduction of parameters, reducing over-fitting
[63]. Every convolution layer consists of a finite number of filters, as shown in Figure 2.1,
sometimes called maps, that store weights later for convolution.
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Figure 2.1: A single convolution layer containing multiple filters trained to find specific
features in data. Each filter contains trainable weights used for convolution or depthwise
convolution.

Convolution

Convolution is a mathematical operator of two functions that has been proven efficient in
pattern recognition [15, 41] and since then became a standard in computer vision. Convo-
lution operator has many definitions; for instance, the continuous definition with integral
is used in signal processing. However, CNNs function in discrete space. Therefore, it has
slightly different definitions, as defined in Formula 2.3, where f is an input image and g is
a filter.

b d
ixgluv] =Y > gli,j] flu+iv+j] (2.3)

i=—a j=—c

One particular difference is how the sum iterates over values. In CNNs, it is common to
use filters with odd kernel size; thus, the variables a, b, ¢, d are equal, which implies that



kernel dimension can be trivially calculated as (2a + 1) x (2a + 1). Moreover, compared to
the standard convolution, the CNNs convolution also defines parameters such as stride and
padding that define by how much filter is moved across the image after each convolution,
and padding specifies how are missing values handled which is a case for image pixels that
reside on the edges of the image. For instance, the padding effect can be seen in Figure 2.2,
which also incorporates an example of how an image can be convoluted.

210|121 12 1 4559 98 | 67
0| 2(3[9]°9 1 3 6 32 | 62 108/125|128
0 5|4 53 10 2 3 51(96 191/210|132
0O 6 /5 7 8 0O 5 4 76 |105/163 150100
0O 7|1 .50 57 | 65 150 94 | 81

Figure 2.2: Example of 3 x 3 convolution performed on the region in the left imaginary
greyscale image of 5 x 5, which is padded with zeros. The result is highlighted by purple
colour on the right and was calculated with the following formula: y =2-1+0-3+1-6+
0-1042-2+3-340-0+5-5+4-4 from top left to bottom right.

Convolution Evolution

Apart from ordinary convolution, which was first introduced by Denker et al. [15], later
Denker and LeCun et al. improved it by utilising backpropagation [41] followed up by the
creation of LeNet-5 [44]. However, CNNs were not popular until a significant breakthrough
occurred in 2012 when Krizhevsky et al. used GPU parallelization for the first time, ReLLU
activation, Dropout and data augmentation to train neural networks, which won them the
ILSVRC challenge with convolution neural network AlexNet [36]. The most interesting
feature of the model is how big the first convolutional filters are with size 11 x 11. Even
though GPU training became a norm with more research by Krizhevsky [35], large filters
did not stay ground, and more effective convolution techniques were invented.

One of the more efficient techniques is 1 x 1 convolution in convolutional layers, as
showcased in the proposed model by Lin et al. [46]. The premise builds on the idea that
inside feature extraction layers, inter-channel classification and pooling should improve
model accuracy. Basically, 1 x 1 convolution is a compatible multilayer-perceptor, which is
a capable function approximator [46]. Furthermore, the standard FCN layer is not used at
all at the end of the model. Instead, the last layer is a convolutional network with global
averaging pooling, as shown in Figure 2.3.

Moreover, 1 x 1 convolutions have become widely used and are present in state-of-the-
art models, for instance, MobileNet [57, 28] and GoogleNet [63]. However, original 5 x 5
convolution filters are still a viable option despite Simonyan and Zisserma proving that two
3 x 3 filters have an effective receptive field of 5 x 5 filter [58].
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Figure 2.3: Architecture of the Network in Network model proposed by Lin et al. [46]
with non-standard architecture which places neurons in between convolution layers. Image
courtesy [46].

Convolution Types

As convolution was more researched, multiple convolution techniques were invented. Until
now, only the standard convolution has been explained; however, the most recent state-of-
the-art models use different convolution methods, such as:

1 x 1 Convolutions — his technique, as previously mentioned, serves multiple pur-
poses. Firstly, it can be used for pooling, as mentioned earlier. Secondly, it can be
used to adjust the input dimension.

Depthwise Convolutions — In this method, only one filter is employed per channel,
thereby reducing the number of parameters and convolution filters required.

Pointwise Convolutions — A 1 x 1 convolution is applied for every point value in
the input matrix, performing linear combination. It is required to have the same
number of filters as input channels.

Separable Depthwise Convolutions — By combining Depthwise and Pointwise
convolution, it is possible to perform effective feature extraction trading off fewer
parameters for a little bit worse accuracy, as demonstrated by MobileNet [57, 28], as
elaborated in Section 2.5.

Grouped Convolution — Inputs are divided into multiple groups, each of which
undergoes separate convolution with multiple kernels. Initially proposed as a tech-
nique for GPU parallelization in AlexNet [36]. Later, it was used in ResNeXt [73]
to introduce cardinality, a new dimension comprising n groups that are eventually
aggregated.

Shuffled Grouped Convolution — Building upon the previous idea, a shuffling
operation is employed after group concatenation which originated from ShuffleNet
[79]. The motivation is to promote feature diversity and to exchange data between
channels thereby improving model learning.
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Comparission to Fully Connected Neural Layer

As mentioned, the convolutional layers impose restrictions on inference and these are de-
pendent on filters. Whereas FCN has a set of weights w and biases b and performs inference
based on the following Formula 2.4, where f is an activation function.

N
i(x)=f (Z w;T + b) (2.4)
i=0

Although the formula appears to be simpler to calculate, the problem is that FCN
layers require significantly more weights than convolution layers, and that’s the primary
determinant of their differences. Moreover, the higher weights also cause more intense
memory usage, which is, in terms of energy and delay, very demanding [12]. So, by replacing
memory access at the cost of more intensive calculation, more can be learnt as the result
of better resource utilisation, which is an interesting concept that will be pivotal until the
end of the thesis.

Nonetheless, both layer types cooperate well and create a foundation for CNNs. The
most common CNN architecture involves nesting multiple convolution layers, also called
feature extractors. Nesting is essential because a single convolution layer cannot capture
all the required details of a pattern, meaning the deeper the image is processed, the finer
details are extracted. Finally, calculated activation maps are passed to the classification
part built out of FCN layers. A schematic can be seen in Figure 2.4, and a more specific
example in Figure 2.5.

2.1.2 Pooling Layers

A pooling layer is often employed to downscale a given sequence. However, pooling layers
are not strictly necessary and are considered optional. Alternative architectures without
pooling layers have been found to be as effective, as demonstrated by Springenberg et
al. [59]. Despite that, the pooling layer is a beneficial layer when assisting in learning
translation invariance [14]. Also, down-scaling input helps prevent model over-fitting [63].

Required hyper-parameters for the layer are a pooling function, pool size, stride and
a padding method. The most used pooling functions are min, max and average, which
are simple to calculate. Thus, for their simplicity and favourable properties of dimension
reduction, they are commonly used to speed up the training and inference process. Figure
2.6 shows an example of the performing max pooling operation.

2.1.3 Dropout Layer

Dropout is a regularization technique to combat the over-fitting problems in neural networks
[60, 26]. However, the common dropout technique for FCN cannot be applied to convolution
layers because of the spatial correlation between elements in a sequence. For example, pixels
in photos are highly correlated as they belong to a particular object; hence, they can be
inferred from other pixels. Therefore, a spatial dropout is used instead.

2.2 Energy Analysis

Deep neural networks are known for high computational requirements and energy use. As
models become more robust, energy costs increase, resulting in higher financial costs. Thus,

11
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Figure 2.4: Inference workflow diagram showcasing classification for a digit seven from
MNIST [39] dataset. In this example, the first layer applies a convolution operator on
the image, creating new feature maps consisting of convoluted pixels. The feature maps
are downsampled to smaller dimensions in the next step, resulting in faster inference and
helping the model learn transition invariance [14]. This procedure can be repeated arbitrary
times to extract more detailed features from previously extracted features. Ultimately, the
created features must be classified, often done by flattening feature maps into a single-
dimensional vector to allow the Fully Connected Network (FCN) to classify the extracted
features.

to localise energy hotspots, it is crucial to know how the CNN works on the hardware level,
as Yang et al. [75] found out data movement has more significant energy consumption
than computation alone, giving an example of GoogLeNet [63] that uses 10% of total en-
ergy for computation and 78% for moving feature maps. Similarly, the memory hierarchy
and dataflow significantly influence the energy consumption of data movement [75]. Fur-
thermore, Chen et al. [12] demonstrated that reusing weights makes it possible to utilise
memory hierarchy less frequently, decreasing energy usage.

Because of all the mentioned reasons, this thesis aims to find and research possible energy
savings and evaluate the savings against the loss of accuracy. Therefore, the following
sections were split into specific components that play important roles when performing
inference. Every section will describe energy usage on its own level.

2.2.1 Convolution Layers

A convolution layer for an input feature map applies multiple convolution filters and, as a
result, generates multiple output feature maps. In every step, element-wise multiplication
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Figure 2.5: An example of the CNN conducting inference on 3-channel input of RGB colour
format image of a dog, which is being convoluted by each layer with output feature maps
visible as rectangular grey-scale images. Specifically, in this example, the dog is being
recognised based on its eye. The image was created by LeCun et al. [40]

occurs, and result values are accumulated to compute an activation for the output feature
map. However, the accumulation cannot be done in a single step. Therefore, values get
accumulated iteratively, creating partial sums. As such, the Multiplication and Accumu-
lation (MAC) unit, which is graphically described in Figure 2.7, was established as a way
how to measure the computation intensity of ANN. [75]

Convolution layers computation in CNNs can amount to as much as 90% of overall
computation resources [14], or in the case of Yang et al. [75] it was 72% even though
the fully connected layers consisted of 96% of total weights. Due to the dominant use of
computation resources, it is an interesting subject. Chen et al. [12] conducted a study on
the impact of energy usage, which was compiled into Figure 2.8. From the image, it is
noticeable that memory is energy expensive and opens a new opportunity to research ways
to avoid memory as much as possible. For instance, an ALU computation consists of one
MAC. Similarly, RF registers have the same amount. However, as the memory hierarchy
gets deeper, energy usage increases. Hence, multiple techniques were invented to minimise
memory usage.

Data Reuse

Convolution operation offers multiple opportunities for calculation reuse due to how con-
volution works. The three main techniques are [12] (for visual demonstration see Figure
2.9):

e Sharing of unique input data — The method is based on exploiting the weight
sharing property of convolution layers, which utilises every weight filter E? times in
the same input feature map. Nonetheless, fully connected layers do not possess this
type of property.

o Filter reuse — Every filter weight is reused among the batch of NV input feature maps
in convolution and fully connected neural layers.

13
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Figure 2.6: Operation of pooling with kernel dimension equals two and with a stride of 2,
commonly matched with dimension. Max pooling selects the largest value in 2 x 2 sub-
matrices and then moves by 2 to the right. Similarly, the average pooling performs the
same steps. However, the average value is calculated from 2 x 2 sub-matrices. The image
was created by Yani et al. [706]

e Input feature map reuse — Every input feature map pixel is reused among M
filters in convolution and fully connected neural layers.

2.2.2 Fully Connected Neural Layers

Fully connected neural layers are commonly placed at the end of the CNNs. Even though
they dominate in terms of quantity of weights, their energy use is not that significant
compared to convolution layers [75]. Still, energy utilisation can be optimised by reusing
values and accelerators described in Section 2.3.1.

2.2.3 Activation Functions

Activation functions' are used to maintain the property of the universal approximation,
which in history was achieved by TanH or Sigmoid functions. However, the latest mod-
els use ReLU, which gained popularity with its simple function definition and first-order
derivation. Furthermore, those simplifications brought reduced training times and compu-
tational complexity, as demonstrated by Krizhevsky et al. [37] in the paper they managed
to make training six times faster than an equivalent model with TanH function. Neverthe-
less, activation functions do not require intensive access to memory, thus rendering them
inferior candidates for energy savings measurements.

2.2.4 Pooling Layers

Pooling layers are also not good energy-saving candidates because the most popular function
maz does not require frequent memory access. Moreover, their resource usage is insignificant
during the whole process.

Yintroducing non-linearity to models
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Figure 2.7: A single Multiplication and Accumulation (MAC) operation example. The
ALU unit takes one filter weight (WE) and input feature activation (AC), which are in the
next step multiplied and summed to the previous partial sum P.S;, creating a new partial
sum PS;y1. Input values and an output value are stored in the same memory hierarchy.
Therefore, a single MAC operation requires three memory readings and one memory write
operation. Taken from [75].
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Figure 2.8: An example of the energy cost of MAC used by commercial 65nm processors
using RF (Register File), PE (Process Element), buffers and DRAM. The energy cost is
normalised. Thus, five is equivalent to 5 operations of MAC. Image was taken from [75],
measurements were collected from [12].

2.3 Artificial Neural Network Optimisation

Artificial Neural Networks, from the beginning, were limited by computation resources, for
instance, an invention of Percepton [47] in 1943. Even though Machine Learning was known
much before, the most significant inventions (LeNet-5 [44]) happened throughout the '90s
until the most influential inventions, such as attention-based learning [69] that moved the
development of Large Language Models such as GPT-4 [3], Inception Blocks [63] to keep
activation maps size in the acceptable range, Residual Blocks [23] to overcome degradation
problem, or ReLU [4] with a simpler derivation.

All of the abovementioned approaches improved performance by introducing new con-
cepts into architecture. Nonetheless, additional techniques can also be employed to improve
performance, which will be explained in the following sections.

2.3.1 Hardware Optimisation

As mentioned and shown in Figure 2.8, DRAM memory access is expensive, requiring for
every MAC three reads from memory for loading weights, activation maps and partial sums
[62]. Thus, to optimise energy and speed performance, Field Programmable Gate Arrays
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Figure 2.9: Visual demonstration of the three data reuses. Image courtesy: [75].

(FPGA), Application Specific Integration Circuit ASIC and Tensor Processing Units (TPU)
are used to offer more optimal hardware configuration. To achieve performance gains, these
techniques optimise calculations so that the DRAM is used as little as possible. Instead of
DRAM, local registers are preferred. Some of these configurations will be explained and
graphically presented in the following sections.

Weight Stationary

One of the configurations is Weight Stationary, which stores weights in RF that are assigned
to some PE. The weights stay mostly stationary; meanwhile, input data and accumulated
sum changes. After the weights are fetched, N - E? operations using the same weight are
performed. [12, 33]

From a hardware point of view, R x R filter weights are distributed into PE, which
stores them in RF, where they stay stationary. In the next step, each pixel from input
feature maps is sent to those PEs, where they are spatially accumulated across PEs. For
instance, Weight Stationary can be found in TPU [21] and visual demonstration in Figure
2.10. [12, 33]

Global Buffer

Weight

Figure 2.10: Visual demonstration of the Weight Stationary acceleration. Taken from [62].
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Output Stationary

Output Stationary aims to reduce memory access by storing accumulated sums into each
PE’s RF. To ensure stationary property, input feature maps data are streamed into PEs,
and the same filter weight is broadcasted to all PEs. This configuration is mainly helpful
for convolution reuse. Figure 2.11 shows a visual aid demonstrating the concept. [12, 33]

Global Buffer

Figure 2.11: Visual demonstration of the Output Stationary acceleration. Taken from [62].

Row stationary

Row Stationary [12] reuses every mentioned data primitive, such as weights, input feature
map pixels and accumulated sums. The algorithm assigns the calculation of 1-D convolution
to each PE that is later aggregated in case 1-D convolution is not sufficient. The concept
of 1-D calculation is visualised in Figure 2.12, and 2-D convolutions can be found in Figure
2.13.

Input Fmap Input Fmeg Input Fmap

Filter Emcde Partal Surs Flk=r EEECdE Fartial Sums Filier mDcdE Partial Sums
@0 w 2HY a8 @
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(a) Step 1 (b) Step 2 (c) Step 3

Figure 2.12: Visual demonstration of the 1-D Row Stationary acceleration. Taken from
[62].

2.3.2 Pruning

Neural Networks consist of many parameters, not all of which are used for inference, as
noted in a study of Gholami et al. [19] and other implications that follow in the following
sentences. Therefore, removing them, especially those exhibiting slight sensitivity to the
result, is possible. Thus, removing them results in a sparse computational graph, reduced
computational costs, and, more importantly, a reduced memory footprint, which is the
primary goal of this thesis. Furthermore, pruning is divided into two categories:

1. Unstructured pruning [19, 43, 17, 45] — In unstructured pruning, every neuron
with small sensitivity is removed, hence leading to large parameter elimination. It
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Figure 2.13: Visual demonstration of the 2-D Row Stationary acceleration. Taken from
[62].

is considered an aggressive approach that does not significantly change the model’s
generalisation. However, sparse matrices are created as a result. The issue is that the
sparse matrices are difficult to accelerate. Thus, the computation is memory bound
[9, 18].

2. Structured pruning [19, 25, 29] — Alternative to unstructured pruning is to remove
groups of parameters such as weights or even entire convolutional filters. Because of
that, the matrices stay dense, and the acceleration issues do not arise. Conversely, an
increased level of unstructured pruning does not guarantee a state-of-the-art model
performance, which means model loss and accuracy may drop significantly. For more
information, refer to [19].

2.3.3 Weight Sharing

Another way to reduce weight and space is through weight sharing, which exploits the fact
that weights can be close together, so their mean can replace them. However, to determine
the mean, first, weights must be grouped into clusters, as was demonstrated in the work of
Coupek [81], who also extended the algorithm to quantisation to grouped weight and further
improved weight sharing compression efficiency. Moreover, to improve model accuracy even
more, the fine-tuning method was proposed, which looks for optimal parameters that can
expand weight dimensions to be better differentiable by clustering algorithms, as cluster
centroids outperformed in expanded dimensions.

2.3.4 Knowledge distillation

Considering a trained model with many parameters, the model is used to train the smaller
model in this method. The premise builds on the thought that the larger trained model
can give useful information in the form of soft probabilities that contain more information
than hard labelled data. However, the major problem is that aggressive compression causes
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significant accuracy loss. Conversely, it can be reduced by combining the method with
pruning and quantisation. [19]

2.3.5 Quantisation

The quantisation is a method of transforming one particular range of values into another
arbitrary range while keeping information with minimal loss. Mapping one range value,
for example, real values, into integer values has the benefit of more efficient computation
utilisation, as integer operations perform better than floating point operations. Moreover,
it is also possible to map a more extensive range to a smaller range with the premise of
utilizing computation resources even more, leading to more efficient calculations and less
demanding energy requirements.

In Neural Networks, quantisation is frequently used to map real float32 values to in-
teger values with smaller bit bandwidth, for example, int8. As a result, the data type
gets smaller, and the disadvantages of float arithmetic are not present anymore, which, in
the end, improves computation performance and reduces memory footprint. More interest-
ingly, Deep Neural Networks tend to be over-parameterised, which carries more degrees of
freedom; thus, the quantisation error is not as significant as it would typically be [19].

Formally defined Neural Network quantisation is a process of finding such quantisation
parameters that minimalise empirical risk minimization function, thus retaining model gen-
erality, as denoted in Formula 2.5. N is a number of samples, z; and y; are the pair of
datum and labels, [ loss criterion, and @ is the set of learnt model weights.

1 N
L£(0) =+ D Ui yii0) (2.5)
=1

Furthermore, quantisation can be further divided into uniform or non-uniform quanti-
sation, as seen in Figure 2.14, both involving various trade-offs. In practice, despite the
better potential accuracy achievable by non-inform quantisation, uniform quantisation is
only used because non-uniform quantisation is complicated to deploy on current CPUs and
GPUs while maintaining inference speed. However, the memory footprint might be less
demanding [77].

i

|
|

B |
| |
| i
| |
| |

Figure 2.14: Examples of uniform quantisation and non-uniform. On the left is uniform
quantisation that maps r real domain values to quantised values ) in even increments. On
the other hand, non-uniform quantisation maps values in uneven increments. Source: [19].
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Uniform Quantisation

To uniformly quantise numbers, quantisation operator () is applied on real value r, as
defined in Formula 2.6.

o= 2] -2 -

Quantisation scale factor S (Formula 2.7) influences how numbers are scaled into quan-
tified form.

_B-a
201
Zero point Z defines where zero maps in quantified scale. Consequently, quantisation
resolution b determines the number of bits that will be used to encode values from one
domain into the quantified domain, restricting the largest possible quantified value. Finally,
8 and « variables define a clipping range, the range from which real domain values will be
quantised. If the value is out of the range, the quantisation will not work correctly.
Likewise, by modifying the formula to express r instead of Q(S), backwards conversion
can be performed from the quantified domain to the real domain as seen in Formula 2.8.

S (2.7)

7=S5-(Q(r)+ Z2) (2.8)

However, the rounding information had already been lost in the quantisation process, so
a quantisation error might be present. Nevertheless, the quantisation error is insignificant
due to model over-parameterisation, which makes quantisation the most stable and used
compression method.

Quantisation requires a proper scale factor and zero point to function optimally. While
zero point will be explained later, the process of looking for appropriate scale factor is
called calibration. Calibration aims to find such § and « that will cover all possible used
real values while ensuring that quantisation loss will be as minimal as possible. This can
be achieved by selecting proper quantisation resolution bit b; however, due to compression
purposes, it should be minimal, too. Therefore, in this case, the aim is to find a clipping
range that will not be too wide, which is explained more in Section 2.3.6.

Moreover, properties of the variable Z divide the quantisation further into symmetrical
and asymmetrical quantisation. Asymmetrical quantisation poses a tighter clipping range,
which becomes essential when used on imbalanced weights or activation functions which are
imbalanced, for instance, ReLU, which cannot have negative values [19], or for this thesis,
quantisation of energies, that cannot be negative. Conversely, symmetrical quantisation is
more widely used because the zero point Z is at zero, as seen in Figure 2.15. Therefore,
the computation cost gets cheaper as it can be neglected entirely [72].

2.3.6 Quantisation Granuality

Quantisation on Neural Networks can be performed on multiple levels, and every method
has some trade-offs to consider. Those methods are as defined by [19]:

1. Layerwise — Quantise all weights in a layer using the same clipping range and scale
factor, which may result in a potential clipping range that might be way too broad for
some other weights with a narrow clipping range. On the other hand, the algorithm
is simple to implement.
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Figure 2.15: Symmetric and assymetric quantisation compression. Symmetrical quantisa-
tion has zero point at 0 compared to the asymmetrical variant. Moreover, symmetrical
quantisation must be satisfied the following condition —a = 3. Taken from [19].

2. Groupwise — Selects a group of filters and channels within a single layer and performs
quantisation. This approach proved to be beneficial in Transformers [69] and comes
with one drawback, and that is multiple scale factors S.

3. Channelwise — Each filter in a channel has its clipping range, whereas every channel
has its scale factor. This technique is the most popular because of its high quanti-
sation resolution and accuracy. Figure 2.16 shows visual representation compared to
Layerwise quantisation.

4. Sub-channelwise — The last technique is a modification of the previous Channelwise
quantisation, just with a slight difference. It uses various clipping ranges for different
groups, and multiple scale factors must be considered.
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Figure 2.16: Quantisation granularity of Layerwise and Channelwise type. Vertical red and
green lines represent the clipping range, which, in this case, Channelwise is more accurate
in quantisation. Source: [19].

Nonetheless, all techniques must undergo the calibration process to set the most optimal
clipping ranges. Calibration can be done either dynamically when the range is determined
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just in time during inference for each combination of filter and its input, resulting in better
accuracy at the cost of computation overhead”?. On the other hand, quantisation can
be done ahead of model deployment with statically set scalers and zero points, leading
to worse accuracy than dynamic quantisation, although with less computation overhead
during inference. [19]

However, static quantisation calibration comes with challenges and can be done in nu-
merous ways to minimise accuracy loss to determine « and [ variables. The most popular
static quantisation method is to calculate the clipping range from a subset of data based
on their activations as demonstrated by Jacob et al. [32] and Yao et al. [77] that is used
in Post-Training Quantisation (PTQ) and Quantisation-Aware Training (QAT), schemat-
ically compared in Figure 2.17.

[ Pre-trained madel ] [ Pre-trained model ] [ Calibration data ]
. Training data
[ Quantization ] [ Calibration ]
[ Retraining / Finetuning ] [ Quantization ]
!
[ Quantized model ] [ Quantized model ]

Figure 2.17: Comparision of two static quantisation techniques. Quantisation-Aware Train-
ing on the left quantises a subset of training data and then fine-tunes the model. Re-
calibration is performed in parallel with fine-tuning. Conservely, Post-Training Quantisa-
tion performs inference on arbitrary data and collects statistics for quantisation. Based on
that, the clipping range and scale factors are determined. Taken from [19].

2.3.7 Quantisation-Aware Training

Weight quantisation can introduce quantisation error due to resolution limitations, causing
an undesired noise in original weights. Consequently, the model suffers accuracy loss and
deviates from the initial converged state. Therefore, to eliminate noise, the model undergoes
the training process on the training dataset, described in the sections below, to reinstate
part of lost accuracy, which is perpetuated in Figure 2.18. [19]

Forward Pass

It is necessary to note that the training process uses real and quantified domain values.
At first, integer weights are dequantised to float values using static quantisation parame-
ters so weights can be forwarded to the Neural Network [19]. After that, an inference is
performed, and the error gradient is calculated in floating-point as the quantified version
would not allow for calculation gradient as Stochastic Gradient Descent (SGD) [55] explores
space in small and noisy steps, which are eventually statistically averaged [30]. Hence, it
implies higher precision is needed, as described by several researchers in [30, 5, 78], and
also according to similarly reported results by Gysel et al. [22].

Zthe algorithm calculates several statistical properties such as minimum, maximum, percentiles, etc.
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Backward Pass

In the subsequent phase, the gradient must be back-propagated to the initial weights.
However, the quantisation function quantised those weights initially, which must be reflected
in the error function. The problem is that the quantisation function is not continuous.
Therefore, the round operator is not differentiable. To overcome this issue Straight Through
Estimator (STE) [7] operator is employed instead (Formula 2.18) that ignores the rounding
operator altogether [19]. Despite not modelling round operators, it performs very well in
practice, excluding cases when lower resolutions, especially binary quantisation, are used [5].
Furthermore, apart from STE, multiple other approaches were proposed in other studies,
as mentioned in [19]. Finally, as in standard SGD, weights are updated to new values and
are prepared for the next iteration.

Weigh r .
(FP)

Quantized Weight
(INT)

®12
2 2 | 2

Cuantizer

11 2.2
Forward Pass

U

Y

-17 | 36

o

0.1

-0.1

0.1

-0.1

0.2

0.2

Gradient dl./dr
(FP)

0.2

0.2

Gradient dL,/d@Q
(FP)

(

Backward Pass

Figure 2.18: A single iteration of Stochastic Gradient Descent on quantised weights that
are dequantised during the process to allow SGD to minimise loss function £(#). For more
detailed workflow, refer to Section 2.3.7. Taken from [19].

Implications

Quantisation-Aware Training excels in circumstances when minimal accuracy loss is pre-
ferred. However, it requires fine-tuning, which might take several epochs to converge again
at acceptable accuracy and loss, thus resulting in a higher initial investment. If the model
exhibits frequent alterations, it raises doubt whether employing Post-Training Quantisation
might not be more advantageous, as it circumvents the need for prolonged training, thereby
accelerating model deployment.

2.3.8 Post-Training Quantisation

Post-Training quantisation is a much simpler alternative to QAT. It does not undergo a
fine-tuning process and exhibits lower overhead. Moreover, it does not require much data
to calibrate, and even the data do not have to be labelled because, during quantisation
activation statistics are collected to determine scale factor and resolution, for instance, as
shown in Figure 2.19. However, these advantages come at the cost of lesser accuracy, which,
on the other hand, opens many opportunities for improvement. [19]

For instance, Banner et al. [6] proposed a novel technique of Analytical Clipping for
Integer Quantisation (ACIQ) that analytically computes clipping range and channel-wise

23



bit-width according to activations within tensor, reducing the rounding error instead of
using input tensor at the cost of potential distortion of the input tensor. Furthermore, they
perform bias correction according to monitored weights, means and variances. However,
ACIQ reaches low accuracy losses on channel-wise quantisation; it is inherently hard to
deploy on hardware [19].
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Figure 2.19: A distribution of activations in layer 3 in ResNet50 [23]. Three statistics are
used to determine the clipping range: max, entropy and 99.99% percentile. Taken from
[72].

2.4 LeNet-5

LeNet-5 is a convolution network proposed by LeCun et al. [44] in 1995 that superseded
LeNet-1 [41] as this network was unsuitable for learning from the newly created dataset
MNIST [39]. Because of that, two networks were prototyped, LeNet-4 and LeNet-5, in
which LeNet-5 turned out to be superior with hyperparameter configuration as shown in
Table 2.1. The main difference is that LeNet-5 has more feature maps and a more extensive
fully connected layer and uses the distributed representation to encode classes.

Furthermore, with the creation of LeNet-5 also comes the database MNIST that is used
in this thesis. It is a database of handwritten digit images split into 60000 labelled train
samples and 10000 labelled validation samples, with the largest digit having a size of 20 x 20
pixels centred around 28 x 28 pixels large field. Despite that, LeNet-5 resizes input images
to 32 x 32 pixels to capture distinctive features of end strokes or corners. Moreover, the
input pixels are normalised, so background white pixels are represented as —0.1 and black
digit pixels as 1.175, resulting in mean equal zero and variance one, thus improving learning
[38]. More detailed information can be found in [42].

Layer Output | Feature Maps | Kernel Size | Stride | Activation
Input 32 x 32 1 - - -
Convolutional 28 x 28 6 5x5 1 TanH
Avg. Pooling 14 x 14 6 2% 2 2 -
Convolutional 10 x 10 16 5x5 1 TanH
Avg. Pooling 5X%X5H 16 2% 2 2 -
Convolutional 1x1 120 5x5 1 TanH
Fully Connected 84 - - - TanH
Fully Connected 10 - - - Softmax

Table 2.1: Hyperparameter Configuration for LeNet-5
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Nowadays, as LeNet-5 replaced LeNet-1, the LeNet-5 has been replaced by other modern
architectures. Nevertheless, it served as a baseline for CNNs, and it is still used for test
purposes because of the fast training times, even though it used to take twenty days to train
[44]. However, this thesis used a slightly modified version with new modern discoveries.

2.4.1 QMNIST Dataset

QMNIST [74] was developed to address the partial loss of the original pre-processing pro-
cedure used to create the MNIST [39] dataset. While the original MNIST testing set had
60,000 test images, only 10,000 of them are available nowadays. To address this issue,
Yadav et al. [74] created a new dataset sampled from the NIST Special Database 19 [20],
striving to reproduce the former MNIST dataset following the creation procedure as closely
as possible.

For the purposes of this thesis, especially in terms of evaluating compression techniques,
testing on multiple datasets is advantageous. The QMNIST dataset offers 50,000 new test
samples that were not used for training. Furthermore, the dataset is well integrated into
PyTorch [53] library and attainable when accessing dataset split test50k. Moreover, the
NIST dataset (split nist) dataset is also available providing even more data.

Historically, even training a simple model like LeNet was time-consuming, but with
modern computational resources, it is now feasible to evaluate the entire NIST dataset.
With more data, the weight compression evaluation will be even more robust.

2.5 MobileNet

MobileNet [57, 28] is a neural network designed to maximise energy efficiency while still
maintaining acceptable accuracy levels. Energy efficiency is primarily achieved through
the use of Depth Separable Convolution. However, the most influential savings stem from
Inverted Residual Blocks.

With the release of the MobileNetV2 new Inverted Residual Blocks were proposed.
Before going into more detail, it is important to first introduce Residual Blocks. Following
the success of VGGNet [58] in ILSVRC [56] competition of 2014, very deep neural networks
emerged as a popular architecture choice. However, soon enough, the deep architecture
was shown to be sensitive to vanishing gradient and to the degradation problem [23]. At
the time, it was anticipated the deeper the model, the better accuracy it could achieve.
Contrary to this expectation, deeper networks began to exhibit diminishing performance
when stacking layers, indicating that simply adding more layers still was not adequate.

To address this problem shortcut connections among layers were proposed. These short-
cut connections can take multiple forms, as experimented with by Kaiming et al. [24], who
found that simple shortcut connections outperformed other tested configurations. However,
it must be noted the shortcut connections appeared earlier, for instance, ResNet [58], which
won the ILSVRC competition. This triumph highlighted how shortcut connections have
the potential to enable the building of deeper models. ResNet used Residual Blocks and
Bottlenecks schematically demonstrated in Figure 2.20. These blocks scale channel size
using the first layer 1 x 1 convolutions, the second layer performs 3 x 3 convolution, and
the third layer applies 1 x 1 convolutions again to restore channel size. In the case of the
ResNet and Residual Blocks overall, input channels are downscaled.

Inverted Residual Blocks [57] adopted an approach opposite to the “shrinking” by ex-
panding the input activation map, as shown in Figure 2.21. The idea builds on the principle
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(a) Residual Block (b) Bottleneck

Figure 2.20: On the left is a schematic example of a Residual Block, which shortcuts two
convolution layers with an identity function. On the right is a schematic for the Bottleneck
block, which first scales the activation map, then convolves it, and finally reshapes the
activation map to its original shape. The Bottleneck does not necessarily have a shortcut
connection. The figure was redrawn from [23].

that Inverted Residual Bottlenecks sacrifice some learning capabilities for parameter reduc-
tion. Furthermore, to decrease the number of trainable parameters, depthwise separable
convolution is utilised, reducing model complexity and total size. These blocks are com-
bined with various techniques such as batch normalisation, dropouts, convolution layers
and classification layers to form complete architecture, which can be further examined in
Table 2.2.

2.5.1 ImageNet Dataset

ImageNet [56] is a large database of images used to evaluate competing models in the
ILSVRC computer vision competition. For that reason, the test dataset split consisting of
100,000 samples is not publicly available. The available dataset splits are: train split with
1,281,167 samples and validation split including 50,000 samples.

The dataset is divided into 1,000 classes which need to be correctly classified. However,
this classification task is challenging. Therefore, in addition to model accuracy and loss,
Top-5 accuracy is also assessed. Top-5 accuracy is a metric that evaluates how successful
the model is in predicting data by tolerating minor misclassifications. It is calculated by
by considering the five most likely classes, and if the target class is among these five, then
the classification is assessed to be successful.
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Figure 2.21: The primary blocks used in MobileNet models. On the left is a schematic
for a depthwise separable convolution block. To the right of that, Bottlenecks are shown
with various strides, and in the case of s = 1, it also contains a residual connection. For
completeness, dw stands for depthwise convolution. The figure was redrawn from [23].

Operator Input (w, h,c;) | Output (w, h,c) | t | s | n
Conv2D 224 x 224 x 3 112 x112x32 | -2 1
Bottleneck 112 x112x 32 | 112x112x16 | 1|1 |1
Bottleneck 112 x 112 x 16 56 X 56 x 24 6212
Bottleneck 56 x 56 x 24 28 x 28 x 32 6123
Bottleneck 28 x 28 x 32 14 x 14 x 64 61214
Bottleneck 14 x 14 x 64 14 x 14 x 96 6113
Bottleneck 14 x 14 x 96 7 X7 x 160 61213
Bottleneck 7 x7x160 7Tx7x320 6111
Conv2D 1 x 1 7Tx7x320 7 x 7 x 1280 - |11
AvgPool 7 x 7 x 1280 1 x1x 1280 - -
Flatten 1 x1x1280 1280 - - -
Linear 1280 1000 - - -

Table 2.2: Tabular overview of the MobileNetV2 architecture as defined in the PyTorch
[53] implementation. In the original implementation, the last layer is Conv2D 1 x 1 x 1280
with an output size of 1000. Moreover, w stands for tensor width, h for tensor height, and
¢; for input channels count. Likewise, the same notations are used for output, with one
difference: ¢ denotes the number of output channels. Lastly, parameter ¢ is an expansion
factor responsible for expanding input channels, s is the convolution stride, and n is the
number of repetitions of a given layer.
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Chapter 3

Evolutionary and (enetic
Algorithms

Evolutionary and Genetic algorithms belong to the metaheuristic searching class of optimi-
sation algorithms. These algorithms are inspired by nature and biological evolution. The
entire process is based on the biological evolution of species, selecting the best population
specimens (referred to as chromosomes in Evolutionary algorithms) to create a new gener-
ation while discarding less fit members of the population. The complete evolutionary cycle
will be thoroughly explained in Section 3.1.

The primary goal of optimisation algorithms is to search through the search space to find
the most optimal solution. Throughout history, multiple types of algorithms with different
concepts emerged. For instance, the Random Search algorithm, solely based on randomly
traversing the search area, is one of the simplest algorithms. Similarly, the Hill Climbing
algorithm exhibited better performance; nonetheless, the found solution was not optimal
because the algorithm struggled to leave local extremes. As these algorithms were not
sufficiently effective for some problems, more sophisticated algorithms emerged. Especially
for this thesis, the Cartesian Genetic Programming (CGP) was employed to solve the weight
compression task, explained in Section 3.2. Moreover, the CGP phenotype function will be
described in the section so it can be used to interpret experiments.

3.1 Evolution Cycle

Evolutionary algorithms utilise the concept of biological evolution to find optimal solutions
by evaluating them based on their fitness. Fitness determines the quality of a given candi-
date solution encoded in a chromosome, which is also a term in evolutionary biology. The
chromosome contains different gene combinations that store parts of the encoded candidate
solution. Hence, a gene is the smallest part of the evolution cycle, carrying information;
otherwise, it is called an allele. In summary, the resulting compiled solution is called a
phenotype, compiled from information contained within a chromosome with alleles.

Eventually, the evolution cycle will find the optimal phenotype when fitness evaluation
and chromosome encoding are appropriately done. To utilise algorithms properly, it is
necessary to be able to encode phenotype into a chromosome, usually in the format of
binary representation, vector, tree, graph, etc. Equally crucial to encoding is the ability
to calculate fitness value. After that, the evolution process can begin, which is further
explained in the upcoming sections and introduced in Figure 3.1:
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Figure 3.1: A generic evolution cycle for Evolutionary algorithms. At the beginning of the
chosen algorithm, the initial population must be created according to the preferred strategy.
Following that, a fitness function is used to evaluate the fitness of every chromosome,
which is further used in the selection process to select the fittest chromosomes. After the
selection process, a new population will be created, combining the fittest chromosomes and
performing mutation operators on chromosomes. Eventually, a brand new population is
restored, which can be evaluated, and if it contains a satisfying candidate solution, the
process can be successfully stopped.

3.1.1 Imitial Population

In the beginning, an initial population must be created. It can be initialised from a pre-set
population or, more commonly, a randomly generated population. The first approach is
beneficial when existing chromosomes are utilised to resume evolution from arbitrary saved
checkpoints. The latter is applicable when there are no evolved chromosomes, and the
whole process starts from scratch.

3.1.2 Fitness Evaluation

In every cycle of evolution, each chromosome is evaluated and assigned a fitness value
describing the quality of the candidate solution. In addition, the fitness value must be
calculated at least from a single parameter; however, it can be derived from multiple pa-
rameters, known as multi-objective optimisation. Therefore, the values do not have to be
necessary of scalar type since some problems might require to optimise various parameters,
or at least be able to find trade-offs between parameters, often visually determined from
Pareto fronts, for example, showcased in Figure 3.2, or decided by prioritising particular
parameters over others, for instance, the accuracy of an electrical circuit over several digital
gates. Alternatively, multi-objective can be done by aggregating parameters into a single
fitness value applying weighted sum, for reference Formula 3.1.

fl(z) = Z(wi S (x)) (3.1)
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Figure 3.2: An example of three Pareto fronts marked by coloured lines. Displayed solutions
with marks outperform other solutions in either parameter f; or fo. Furthermore, an
example of convex and concave Pareto fronts is shown, as aggregated fitness methods can
only be used on convex-shaped Pareto fronts. The image was authored by Abonyi et al.

[2].

On the other hand, the problem with aggregated methods is that, compared to the
Pareto front, only one solution can be found. Moreover, the optimal aggregate function
has to be discovered with a good combination of weights. Finally, the aggregated approach
does not work for problems that would result in non-convex Pareto fronts.

3.1.3 Chromosome Selection

After the fitness evaluation, the next step in Evolutionary algorithms is to create a new
population derived from the best chromosomes. For this task, the best chromosomes are
used to evolve a new generation of chromosomes, possibly carrying the most good proper-
ties, with a chance of becoming better or even worse than parent chromosomes. Multiple
strategies have been researched throughout history to achieve the most optimal offspring
chromosomes, and these will be described in the following sub-sections.

Roulette Selection

Roulette is a statistical method of choosing fit chromosomes to establish a new chromosome
population. The whole principle is based on assigning a probability of selection determined
by chromosome fitness. The higher the fitness, the higher the likelihood it will be selected for
re-creation. Each possible unique fitness value is summed together to infer the probability
of every chromosome. Consequently, the final probability is calculated using the Formula
3.2.

f(x)

T =57 e

(3.2)
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Tournament Selection

In the tournament elimination method, chromosomes are randomly compared among each
other, stemming from their fitness values. The number of competing chromosomes is given
by parameter K, usually set to two, resulting in pair comparisons. Compared to the roulette
method, chromosomes with lower fitness values do not have a chance to be selected for re-
creation. Thus, the fittest chromosomes are always selected.

Deterministic Selection

The deterministic method selects K chromosomes with the highest value. This method is
particularly interesting for this thesis, as it was utilised as the selection method for the
Cartesian Genetic Programming algorithm in Section 3.2.

3.1.4 New Population

The final step in evolution is to create a new population of potentially better chromosomes.
This step selects the best chromosomes for evolutionary operators such as mutation or
crossover, explained in the following sections.

Mutation Operator

The mutation is the slightest change in chromosomes used in Evolutionary algorithms.
Changes are done stochastic, either randomly selecting the number of genes to be mutated
within the chromosome and eventually performing gene mutation on the number of genes
or iterating over genes and mutating it according to set probability. In the first case, it
is called a point mutation; in the second case, it is a probability mutation. An example
of mutation can be found in Figure 3.1, or more thoroughly explained in the Cartesian
Genetic Programming Section 3.2 as explicitly employed for thesis implementation.

Crossover Operator

The last operator in this thesis is the Crossover operator, conceptually grounded on com-
bining two chromosomes to create two new chromosomes. Gene exchange is chosen entirely
on a crossover point or two crossover points in case a 2-point crossover is performed. The
most used crossover techniques are the following;:

1. Single Point Crossover — A single point is randomly chosen, and points to the right
are exchanged between chromosomes.

2. 2-point Crossover — Two points are selected, marking an exchange zone in between.
The in-between zone is exchanged.

3. Uniform — Every offspring chromosome is randomly assigned a parent gene to receive.

3.2 Cartesian Genetic Programming

Cartesian Genetic Programming (CGP) [50, 48] is a variant of Genetic Programming (GP),
a computational optimisation approach widely used for solving complex problems. In tree-
based GP [34, 54], solutions are represented as computer programs, and the evolutionary
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process seeks to evolve these programs to achieve optimal performance. Initially, candi-
date solutions are randomly generated, but more effective programs are explored through
iterative evolution. CGP, in particular, employs a graph-based representation, enabling
node resue and multi-variable output [51]. Furthermore, it is capable of solution space
exploration while producing fewer bloat' [64] compared to other tree-based GP counter-
parts. Moreover, the resulting genotype can contain non-coding genes because of the graph
structure. However, those inactive nodes are discarded as the phenotype is constructed by
iteratively traversing the graph backwards from output nodes. Although those nodes are
not used in phenotype, they are essential in helping evolution find more optimal candidate
solutions [64].

The Cartesian Genetic Programming is especially useful in performing symbolic regres-
sion for functions with multi-variable output or circuit electrical design as demonstrated by
Miller et al. [48]. Additionally, CGP excels at circuit optimisation as well; for instance, a
couple of studies [80, 52] employed formal verification techniques to optimise a more com-
plex arithmetic circuit based on a pioneered idea by Vasicek and Sekanina [67] utilising
SAT verification to check for correctness when evaluating fitness.

As this thesis aims to research energy-effective circuits, tree-based GP is unsuitable for
such tasks due to high bloat. To get more acquainted with Cartesian Genetic programming,
this chapter is organised into sections clarifying evolution concepts introduced in Section
3.1 into more detail; however, now only focusing on the CGP. Hence, chromosome encoding,
fitness evaluation, and lastly mutation operators will be explained in this section.

3.2.1 Genotype Encoding

The algorithm works with the graph structure that reassembles r x ¢ grid of nodes when
searching for candidate solutions, in which a single candidate solution is encoded into a
chromosome” formed out of genes. Nonetheless, several parameters must first be defined to
demonstrate better what the chromosome looks like, its rules, and potential implications.
A visual demonstration can be seen in Figure 3.3.

¢ Row — A row in the graph, the maximum value defined by parameter n,.
¢ Column — A column in the graph, the highest value limited by parameter n..

e Function — A function f: X — Y, where X and Y might have different dimensions
as defined by n; for input arity and n, for output arity. The set of these functions is
denoted as I'.

e Input Node — Special case of the node that performs no function calculation. Input
quantity is specified by pj.

e Output Node — Special case of the node that performs no function calculation.
Output quantity is specified by pe.

e Node — A node in the CGP graph, accepting at least one input and outputting
minimally one value calculated by the function. The function does not have to be
computed with every parameter. However, it must assign values to all outputs.

!growth of the tree without significant fitness improvement
Zsynonym to genotype in GP algorithms
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e« Edge — A connection between every node type. The CGP limits how many columns
can be skipped or reused from previous columns, as defined by the L parameter, often
called Look-Back.
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Figure 3.3: The graph structure of the CGP algorithm candidate graph solution with the
following parameters: n, = 2, n, =4, l =3, n =2, no =1, p, =3, po =2, I' =
{AND (0), OR (1)}. The image was authored by Vasicek et al. [66].

With all of the relevant terminology, it is an ideal moment to define the chromosome
encoding for the Cartesian Genetic Programming (CGP) algorithm. Given that chromo-
somes should be as small as possible yet be able to describe a graph, it is crucial to define
how nodes are connected by specifying what input pin is connected to what node. After
that, each node performs a function; therefore, that information must also be present. This
information must be repeated for r x n times. Finally, output nodes O remain (Formula
3.3), and those must specify the node they are connected to. Consequently, the chromo-
some encoding definition R (Formula 3.4) and its size (Formula 3.5) can be calculated in
the following way:

O:{($p17$p27"'7xpo)} (33)
R ={(ap,0,Tap1;s- Tapn;: f) | Va,b e (I,ng) x (Ine) AN feltUO (3.4)
|R| = ne-ny - (ni +1) +po (3.5)

3.2.2 Fitness Evaluation

Fitness in circuit design is usually evaluated using a multi-objective prioritisation technique.
The most essential fitness parameters are accuracy, energy, the number of used nodes or
digital circuit delays. Accuracy can be calculated using multiple methods depending on
the type of approximated function. For instance, the digital circuit can use Hemingway
Distance, which calculates how many bits are different to reference the result. For circuit
optimisation, the SAT solver may be employed [80, 67, 52] to verify the equality of solution
to the reference solution.

Additionally, errors such as those demonstrated by Mrazek et al. [52] can be used
as chromosome fitness. Those include ER, MAE, WCE, MSE, MRE, and others can be
used, however for this thesis was Mean Squared Error (MSE) used as an error metric.
Mean Squared Error (MSE) in Formula 3.6, calculates the difference between reference and
approximated values. However, compared to Hemingway Distance, the method works for
scalar values and is especially good for accompanying outlier values because the error is
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squared, highlighting errors. This property is especially significant to achieve the most even
distribution of errors in convolution filters.

1< L
MSE = > (yi — i) (3.6)

i=1

3.2.3 Selection Process

Because when working with the CGP algorithm, it is not common to use the Crossover
operators [31]; the selection process is purely done deterministically. Thus, an evolution
strategy pu -+ A (1 = 1), a specific form of elitism?, is applied to the selection process, which
means that only the best chromosome is used for recreation, and as a result, creates A
offsprings. If two chromosomes share the same fitness value, a chromosome not used to
create a new population is prioritised instead of the original parent chromosome. This
effect is known as neutrality and was proven beneficial in research conducted by Vassilev
and Miller [68]. The effect can be seen in Figure 3.4.
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Figure 3.4: An effect of neutral mutations on a search for candidate solutions as researched
by Vassilev and Miller [68]. The graph was taken from their study.

3.2.4 New Population

As previously mentioned, the Crossover operator does not work well with the CGP. Hence,
the point mutation operator is responsible for creating a new collection of chromosomes.
Mutation can be done in multiple ways, though point mutation for this thesis follows these
two essential concepts. First, an introduced gene mutation limit dictates how many genes
can be mutated. In every mutation evolution cycle, a random number n is generated from
the range zero to the limit. Later, depending on the random number n, n genes are mutated.

Regarding gene mutation, it is essential to note that the amount of possibly mutated
genes is very significant, with opportunities to do experiments. The lower the quantity is,
exploitation is more prevalent than exploration. The exploitation effect tends to converge
more slowly, trying to improve the best chromosome with little modifications. Although, it
is useful when searching for the most optimal phenotype. Oppositely, exploration results in

3retaining the best chromosomes in population
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trying out different combinations and reaching decent candidate solutions faster than the
opposite approach. However, it is less likely to find the most optimal candidate solution.

The impact of mutation depends on what part of a chromosome is being mutated. In
the CGP, the mutation can lead to changes in a node function, rewired inputs for the node,
or rewiring of outputs. However, a particular constraint, such as the L parameter, prevents
nodes from further layers set by the parameter to be connected to nodes. Moreover, every
mutation must be legal. Therefore, a node input cannot be connected to nodes in the
following layers.

In conclusion, finding the most suitable trade-off between exploitation and exploration
is essential when considering gene mutation. However, this part of the algorithm design is
mainly experimental work.

3.2.5 Evolved Program Performance

As defined in Section 2.2.1, the Multiplication And Accumulation operation is a standard
unit to count the quantity of operations. Because the CGP algorithm utilises a graph
structure in which one node represents a single function with a fixed number of inputs
and outputs. Although the CGP function can have an arbitrary number of MAC units,
keeping each function as one MAC operation or one Floating Point Operation (FLOP) for
weight compression and possible hardware integration is better. Alternatively, one FLOP
is equivalent to one-half of the MAC.

It is also important to note that a constructed phenotype does not have to necessarily
use every bit of information from the found genotype due to unused nodes. Unused nodes
are helpful when searching for candidate solutions, as they can contribute to finding better
configurations. Therefore, these nodes can be omitted from the genotype to construct an
even more optimal phenotype.

Finally, when an optimised phenotype is constructed, performance can be calculated by
summing together functional nodes and their MAC units. After that, given the function
can be synthesised into a hardware version supporting PE and RF, energy utilisation is
analysed according to measurement in Figure 2.8.
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Chapter 4

Algorithm Design

As previously mentioned, conventional memory access is an expensive operation consum-
ing a non-negligible amount of energy [12]. To mitigate memory access as much as possible,
neural network weight compression is a heavily researched field. Despite of that, the field
still possesses many undiscovered open challenges, creating many diverse opportunities.
For instance, the most significant discoveries, such as quantisation, hardware optimisation,
pruning, weight sharing and knowledge distillation, have been mentioned in Section 2.3.
Nevertheless, one of them employed interesting concepts such as weight and activation map
reuse on a hardware level to avoid unnecessary memory, which can be summarised into a
single research question:

Is it possible to avoid conventional memory access?

Che et al. [12] used energy-efficient local registers to store accumulated convolution
sums and activation maps. However, convolution weights must still be fetched from the
buffer or, in the worst case, from RAM which extends the previous research question:

Can weight inference substitute memory access?

In circumstances when the weight compression function would be more energy-efficient
than conventional memory access or SRAM buffers, it could be a viable solution. However,
the viability of the solution does not entirely rely on energy consumption, as it is not
the only pivotal parameter. Another equally important attribute is delay, which can be a
limiting factor in some real-time applications.

To address all the mentioned circumstances to decrease memory use and thus decrease
energy consumption as much as possible, an automatic convolution weight compression
algorithm was prototyped. The algorithm aims to find such electrical circuit configurations
that would infer a portion of convolution weights from the memory-fetched weights or
potentially from previously used weights which can be seen in Figure 4.1. Due to the
nature of the task, the Cartesian Genetic Programming algorithm was employed to evolve
circuits since, compared to deep learning approaches, it does not require multiplication'.
Additionally, CGP tends to generate small phenotype without bloat [64], which goes well
with the goal of reducing energy in evolved circuits.

Nonetheless, the CGP algorithm and its configuration cannot be universally applied
to every problem, as explained by the No Free Lunch Theorem [71]. Consequently, this
chapter will be dedicated to detailing the CGP setup, covering aspects such as chromosome
encoding, population generation, fitness evaluation, selection, and mutation.

'the most energy-intensive operation
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Figure 4.1: An example of how the algorithm could operate upon convolution weights. On
the left, the nine core weights are fetched from the memory to the remaining outer weights
that are eventually merged into the original filter.

4.1 Chromosome Encoding

The chromosome, for its functionality, needs to know how nodes are connected to each
other. The relation can be trivially encoded in an array of number values where first
n, X n. values contain a connected input pin to which output pin and finally what function
the node performs. After the node connection relation, an output sequence follows, which
is not compatible with the two-dimensional representation of filters. Therefore, the output
vector was flattened the same way as the input vector was as well, resulting in flat vectors,
which is visually demonstrated in Figure 4.2. The only drawback of this flattened solution
is it must be reconstructed into a two-dimensional filter again, which will be described in
more detail in the implementation Chapter 5.

4.2 Population

In an aspect of population management and generation, a standard evolution strategy p+ A
was picked, specifically with p = 1 which is often employed in evolutionary circuit design.
The strategy retains the best solution serving as a baseline for newly A created circuits, that
eventually reach eventual convergence and gradual improvements over time. However, to
first reach the convergence, the population needs to be managed every generation; therefore,
the whole section will be dedicated to processes achieving that in chronological order.

4.2.1 Initial Generation

Unless the algorithm is initialised with a beginning chromosome, thus skipping this step
altogether, an initial population must be generated. A simple stochastic chromosome gen-
eration approach was used, adhering to the rules of valid circuit configuration, forming a
direct acyclic graph with respect to the given look-back parameter. After initialisation,
optional manual circuit modification follows, which is used for optimisation purposes later
described in Section 5.1.6. Other than that, the initialisation process is complete, and evo-
lution progresses into the fitness evaluation phase, after which a new generation population
is created until the stop condition is met.
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Figure 4.2: Visual representation of the CGP genotype. The most important rule is that
the input pin can be connected only to one input or output node. Furthermore, not every
input or output pin must have a connection, for instance, on input numbers five and six
and the output pin of the bottom right node. Finally, the genotype in this figure is purely
a demonstration, does not have perfect accuracy and solely serves as a visual aid.

4.2.2 Next Generation

To create a new population, the best solution is mutated with the point mutation method
for A times spawning new candidate solutions that might be evaluated superior, inferior
or neutral to the parent as shown in Figure 4.3. On the assumption of a neutral solution,
it was determined to allow neutral solutions to replace the parent ensuing population di-
versity, which has been proven to have a positive effect on convergence and optimisation
performance [68].

Shifting back to the mutation part, the process does not significantly diverge from
the usual procedure; however, to implement some optimisations, minor modifications were
required, which will be explained in Section 5.1.4. Finally, after mutating the parent into
a new generation of A children, a fitness evolution follows.

4.3 Fitness Evaluation

Fitness Evaluation is considered one of the most computation-intensive parts of the CGP
algorithm. Thus, the evaluation is split into two phases to optimise the population opti-
mally. In the first phase, which is active until a single offspring does not reach a certain
threshold, only convolution weight error is measured which might be Squared Error® (For-

2t0 avoid division opposed to MSE
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mula 4.1), Mean Squared Error (Formula 4.2) or Absolute Error® (Formula 4.3). Other
metrics could be measured as well. Nevertheless, their computation is much more demand-
ing than linear iterations over outputs that have linear complexity of O(p,). Furthermore,
potential multi-objective optimisation reduces a possible number of neutral mutations that
have been proven to degrade evolution [68]. Thus, the error threshold was introduced to
have a condition to switch to the second phase.

N
SE = Z (yz - Qz)z (4 1)
i=1
MSE = %( ) (4.2)
- N - Yi —Yi .
N
AE =" [yi — il (4.3)
i=1

After the transition to the second phase, metrics such as energy, delay, and gate count
become relevant, and they are prioritised in the order they were mentioned. Evaluation
becomes more computationally demanding, and because of that, lazy evaluation was used
to calculate fitness. The lazy evaluation flowchart can be seen in Figure 4.3. Notably, the
error is guaranteed not to exceed the error threshold.
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Figure 4.3: Flowchart of the second phase fitness evaluation. In the beginning, there are
two solutions represented as chromosomes. These solutions are compared according to the
flow chart; on the left is a candidate solution from the population, and on the right is the
parent. If the candidate solution turns out to be dominating or neutral, it will be selected as
the best solution. Otherwise, the parent will remain. If there are more dominant solutions
than the parent alone, then the most recent solution will be selected

3avoid division and multiplication and apply less severe penalty for outliers
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4.4 Algorithm Stop Condition

The CGP algorithm usually operates on large search spaces, which means many solutions
can be found to varying degrees. Nonetheless, the perfect solution is difficult to discover,
while alternative solutions might offer satisfactory quality for an acceptable metric trade-off,
for instance, for this thesis, the error metric. Therefore, instead of fixating on the specific
generation count, the algorithm uses the patience known from the deep learning algorithms.
Patience is a parameter that monitors how many generations remained unchanged in terms
of the evolved best solution, and if a patience counter reaches a set limit, the evolution is
early-stopped. In case an improvement is evolved, the counter is set to zero, restarting the
whole counting. As previously mentioned, neutral solutions are allowed to replace parent;
however, it does not reset the counter to prevent infinite evolution.

4.5 Experiment Replicability

Finally, every experiment should be replicable by executing the same procedure as used
in the first run. Therefore, the CGP algorithm supports parameterization through con-
figuration files generated with the experiment. Moreover, when an experiment finishes,
it saves the final configuration file for later replication reuse, including the best solution
chromosome encoded as a string with additional metrics such as error, energy, delay, gate
count, and more metrics used internally by the CGP. Alongside the mentioned metrics and
configuration files, other necessary files are saved as well such as:

1. train.data — input/output weights pairings for the CGP algorithm
2. train__cgp.config — initial experiment configuration
3. cgp__configs/cgp.{run}.config — final experiment configuration

4. train_statistics/fitness/statistics.{run}.csv — experiment statistics with metrics and
chromosomes

5. gate__parameters.csv — gate parameters file in CSV format (for later evaluation)
6. gate__parameters.tzt — gate parameters file for the CGP algorithm

7. train.pbs.sh (optional) — OpenPBS job script
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Chapter 5

Implementation

The entire project consists of four major parts, each dedicated to a specific task. Starting
unconventionally, not from the beginning, the CGP algorithm carries out the most extensive
computational task of weight compression. Evolution algorithms require a lot of computa-
tional resources; therefore, many optimisations were introduced to speed up the evolution
process. Because of the importance of the CGP module, it will be described in the opening
Section 5.1.

However, the CGP algorithm is implemented in C++, which offers high-optimisation
opportunities at the expense of developer productivity; therefore, computationally non-
critical parts are delegated to Python scripts that are additionally separated into three
parts as showcased in Figure 5.1.

The weight preparation part extracts convolution weights from the input quantised
model also referred to as reference model. After weight extraction, weights can be either
passed directly to the CGP module, hence proceeding with training on a local machine or
additionally processed to generate an OpenPBS batch script to delegate the computation
to the Czech National Grid Organization Metacentrum CESNET' z.s.p.o.

The second red HPC preparation part, apart from generating PBS scripts, handles
various compiler optimisation settings for hyper-computing which are not supported for
the local training. Furthermore, OpenPBS opens opportunities for vertical and horizon-
tal scaling where the latter exhibits so much potential for acceleration. Moreover, path
manipulation is different than in local training mode because the Metacentrum CESNET
organisation mandates the use of SCRATCH directories, which makes the former local
approach incompatible.

At last, after weights are extracted and the weight compression circuit evolved, the found
solution must be validated. For validation, the last model evaluation part obtains reference
model accuracy, Top-5 and loss to compare with an approximated model reconstructed out
of inferred weights. To reconstruct the approximated model, the best chromosome is read
from the statistics file in comma-separated values format? which is used to infer weights.
The resulting weights are injected into a copy of the reference model and evaluated. The
metric calculation follows creating metric deltas, thus providing algorithm performance
metrics and concluding the whole pipeline.

"https://metavo.metacentrum.cz/en/index.html
https://en.wikipedia.org/wiki/Comma-separated_values
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Figure 5.1: Diagram of the algorithm ecosystem consisting of the four major modules,
each coloured differently. The Weight Preparation module is responsible for preparing and
separating weights between input and reference weights for training. Training can then
be conducted in one of two ways: either on the local machine (transitioning to the CGP
module) or on a remote machine running the OpenPBS service. After the training phase,
the inferred weights are injected into the reference model and can be compared with the
approximated model.

5.1 Genetic Weight Compression

The weight compression tool plays a crucial role in this thesis, being the most computation-
intensive module. This is due to the utilisation of the Cartesian Genetic Programming
algorithm for evolving potential candidate circuits, replacing conventional memory access.
Achieving this for larger datasets necessitated several optimisations to obtain the results
presented in the experimentation Chapter 6.

The following section starts with the algorithm input parsing, continues through evolu-
tion parts involving mutation and fitness evaluation, and eventually finishes with the most
significant optimization that allows approximation of arbitrary-sized datasets.

5.1.1 Train Dataset Format

The weight compression tool was designed to be independent of other modules. Thus,
it is not tightly integrated with a single library such as PyTorch [53]. To support other
libraries, such as Tensorflow [1], only changes to Weight Preparation and Model Evaluation
are needed. Furthermore, the selected format ensures the algorithm works with the weights
as strictly defined in the dataset file and infers weights precisely in the order they were
defined in the dataset. To achieve this, weights are serialised in text form with train weights
preceding target weights delimited by a new line. As the number of train combinations
increases, n different pairs are added after each previous pair.

The increase in train combinations does not have a significant impact on the CGP
algorithm, which was facilitated with the addition of the multiplexer function and a selector
variable. Input weights are stored in memory for the entire run and can be easily changed
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by assigning a pointer to a different combination and simultaneously setting the selector to
the combination’s index. However, it has a major drawback that slows down evolution due
to more difficult function approximation and inhomogeneous layer size. Inhomogeneity was
partially solved by introducing no-care marked as “x” in the dataset file, which stops error
evaluation and does not include it in the calculation.

Files related to that module can be found in C++ files Dataset.h and CGPStream.h
which also incorporates digital gates properties loading and data parsing.

5.1.2 Digital Gates Properties Format

Candidate solutions represent different circuits, which can be compared based on approxi-
mation error, energy used, chip area, time delay and gates used. Therefore, the algorithm
must load these properties from a file, with each row containing gate data for a specific
function. To distinguish and correctly pair gates’ properties and functions, the parameters
file needs to adhere to ordering based on function number as defined in Table 5.1. Cur-
rently, these function numbers are hard-coded in the CGPOperator enum datatype. The
only exceptions to this rule are:

1. Identity Function — used for optimisation, as will be explained later in Section 5.1.6

2. Multiplexer Function — multiple-bit variants can be used; however, the algorithm
strictly selects the minimal one that will conform to the dataset size and discards
others

3. Demultiplexer Function — the same as the Multiplexer Function

Furthermore, during development, issues arose related to floating point precision in fit-
ness evaluation, particularly concerning energy and delay parameters. To mitigate these
problems, quantisation was adopted into the algorithm. However, the quantisation is per-
formed slightly differently than described in Formula 2.6, with some minor modifications.
First, clipping range and zero point must have been defined as done for energy in For-
mula 5.1 and delay in Formula 5.2.

ap =0, Be=np n¢  Epaz, Zg=0 (5-1)
ap =0, ﬁD:nc'Dmama Zp =0

Where « represents the lowest possible values, which is zero for both energy and delay,
and [ assumes the worst possible fitness values. For energy, the worst achievable fitness
occurs when all gates consist of the most energy-intensive function. Conversely, the worst
fitness for the delay is when all columns are used, and the function with the highest delay is
used. Lastly, the zero point is set to zero because it is also mapped to zero in the quantised
domain.

In the following step, a minor modification is introduced compared to Formula 2.7.
Typically, a value of one is subtracted from the maximal quantised value; however, in this
case, it is subtracted by one again to accommodate an extra value that represents the
undefined state in the algorithm. The modified scale formula can be seen in Formula 5.3.

08—«

§=2"°
26— 2

(5.3)
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However, resolution parameter b is unknown beforehand and has to be calculated con-
sidering quantisation error € shown in Formula 5.4 which can be rearranged to calculate
the resolution.

_f-a
202

To determine the minimal value satisfying the error condition, Formula 5.5 was utilised.
However, using the minimal value would in wasting bits in a C++ program because datatypes
are bound to bits powers of two. Therefore, the minimal value is rounded to the closest
upper datatype size to utilise allocated space more effectively for better precision, thus
resulting in lower quantisation error.

b= ’Vlogg (ﬁ;a +2H (5.5)

Eventually, after putting everything together, a quantised number can be calculated as
shown in Formula 5.6 and used in fitness evaluation.

Q(s) = {ﬂ —Z= {% : <2b . 2) W (5.6)

5.1.3 Population Managment

e (5.4)

Although chromosomes are primarily represented as an array of ordinal values, for conve-
nience, they were implemented as a C++ class Chromosome, located in the file Chromo-
some.h. The class consists of many helper functions ranging from optimisation functions,
correction functions and mainly CGP-related functions such as mutate and evaluate.

Furthermore, during development, the philosophy behind chromosome class changed
several times, influenced by scalability problems. As dataset size increases, the chromo-
some size also increases, leading to performance degradation. When combined with circuit
grid expansion, it spirals evolution into higher complexity, thereby plummeting algorithm
search efficiency and rendering it unusable. The degradation in search efficiency can be
attributed to two factors: search space complexity and memory allocation. The former will
be explained later in Section 5.1.6, while the latter is tightly tied to chromosomes; hence,
this section is well suited for this. It is important to note that until the last philosophy,
the best chromosome was stored in a variable, while candidate solutions were stored in a
C-style array.

The First Philosophy: Immutable Chromosomes

Immutable objects are essential in functional programming paradigms that discourage the
use of impure functions®. This promotes cleaner, verifiable code with a lower chance of
introducing programming mistakes, so-called “bugs”. On the other side, with every change,
a new instance with a new state must be created, resulting in the creation of a new object
copy. With a generation cadence that scales over a million in CGP, this approach soon

became unsustainable, and the pure function paradigm was discontinued.

3functions that cause side-effects outside its body
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The Second Philosophy: Chromosome Reuse

Under the assumption that with every mutation, an old chromosome is replaced by a new
one, it was later exploited that the original chromosome is not truly deleted. Instead, the
old chromosome is overridden by the parent’s chromosome and metrics are set as invalid,
thus preserving other internal utility arrays. This approach saved a lot of time by omitting
internal array initialisations for chromosome instances, which, with the cadence of evolu-
tion, accumulated and created a serious bottleneck. Unfortunately, the chromosome array
cannot be copied and further optimised. Regardless, this philosophy still stored the best
chromosome in a variable, which sometimes required the parent chromosome to perform a
deep copy of itself, carrying the disadvantage of the previous philosophy.

The Third Philosophy: Best Chromosome as Part of Population

In the latest philosophy, the best chromosome was relocated from the variable to the array,
effectively virtually increasing the population array by one. Nevertheless, the best chromo-
some is not considered to be part of the population and is disregarded in fitness evaluation
once it has been assessed. Furthermore, because it resides in the same array, the CGP
creates chromosome objects only once in the beginning with quantity A 4+ 1. Additionally,
there are no trade-offs; the instance resides in the same memory space, and when changing
the best chromosome, it can be simply done by calling std::swap(chrom[0], chrom[i]) where
the best chromosome is at index zero.

5.1.4 Chromosome Mutation

A chromosome is mutated with a point mutation, where each gene has a certain probability
of being mutated, requiring iteration over all genes in the chromosome. To speed up the
whole process and avoid modulo operations per gene, a random number indicating the
number of genes to mutate is generated instead. This optimisation reduces the number
of modulo operations from p, to just one while maintaining equivalent functionality. The
random value is used to generate random gene indices to mutate, and these are iterated
instead. Once the mutation process is complete, the chromosome is ready for evaluation.
However, the evaluation process can be entirely skipped if a neutral mutation occurs, which
is safeguarded by a gate visit array marking gates that have an effect on the fitness. This
frees up one CPU core to assist in evaluating other chromosomes.

5.1.5 Chromosome Evaluation

Chromosome evaluation stands out as the most computation-heavy aspect of the entire CGP
algorithm. Consequently, this led to CGP being implemented in C++ with enabled support
for OpenMP[11], allowing CPU core parallelism and instruction vectorization. Overall, the
CGP algorithm is ideal for multi-threaded applications because every chromosome can be
evaluated asynchronously and initially, this was also a motivation for immutable objects.
However, similar effects were accomplished by employing validity flags for every metric.

Furthermore, chromosome fitness metrics are independent allowing for the simultaneous
evaluation of energy and delay metrics. Nonetheless, the problem arises with the time
complexity of fitness functions, which for an error function is ideal linear complexity O (p,);
however, other metrics require more complex computation.
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Energy, Area and Gate Count Metrics

These metrics can be accumulated to calculate their fitness, which is advantageous for
traversing the phenotype from the output nodes to the input nodes or constant gate nodes”
without repetition. To traverse phenotype, Depth-First Search algorithm was employed
to traverse through used gates while accumulating their fitness metrics. Moreover, these
metrics can be computed and aggregated in a single function, thereby minimising the per-
formance penalty. However, to speed up the calculation, every output node can spawn a
new thread to traverse the graph, which is particularly beneficial when some chromosomes
were neutrally mutated and their evaluation was omitted. The only drawback of paral-
lelisation is the increased memory usage, which was not fully utilised even in the most
memory-intensive experiments. The entire search has a time complexity of O (n;¢) and
space complexity of O (n, - n.). In the parallel version, the space complexity is multiplied
by a maximal number of possible threads.

Delay Metric

Similar to the previous metrics, the delay is determined by traversing the graph using Depth-
First Search with one difference: delay fitness is not cumulative. Instead, it relies on the
maximal delays that add up each column. Thus, visit optimisation cannot be applied here
making frequent delay evaluation undesirable. However, it remains an important metric in
deep convolutional neural networks because latency is crucial for sensible usage, especially
in real-time applications. To address this, a lazy evaluation procedure was introduced,
depicted in a state diagram in Figure 4.3, which essentially showcases when a particular
fitness metric is calculated.

Applying OpenMP to Depth-First Search

Compared to Breadth-First Search, Depth-First Search requires lower memory but, more
importantly, traverses the phenotype graph by depth. The latter is especially beneficial
for multi-threading applications because, on the other hand, Breadth-First Search tends
to traverse graphs in a shallow way. Consequently, that would result in a single thread
reserving way too many gates near output nodes for itself and potentially blocking other
threads. In contrast, Depth-First Search deep-oriented traversal minimises the risk of a
single thread locking many gates near the output nodes. Instead, it is biased to lock gates
progressively until the input nodes, thus allowing other threads to traverse the phenotype
as well.

To ensure operation validity and prevent race conditions critical sections were introduced
to places where gate visit status is checked. The second critical section guards fitness value
updates, with a distinction being made for the delay metric. Unlike other fitness metrics,
it is not cumulative; instead, it is determined by the maz function to save the longest delay
in the phenotype.

Energy, area, and gate count metrics are more straightforward to calculate and have
only one critical section securing gate visit status checks. Data validity is safeguarded
by arrays sized to accommodate the maximum number of OpenMP threads, where each
thread stores temporary values in its own allocated memory chunk. After graph traversal
is completed, these values are aggregated into a single fitness metric for energy, area, and
gate count.

“for instance f (X) =1
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5.1.6 Compression in Compression Optimisation

As the experiments progressed and chromosome sizes increased, the performance of evo-
lution plummeted into infeasible conditions. Upon investigating the factors contributing
to the emerged effect, it was determined that the primary cause of performance degrada-
tion was the poor scalability of the CGP algorithm particularly highlighted by increasing
output size. Therefore, an optimization technique was researched to recover lost efficiency.
Eventually, it was discovered that any problem with a single dataset pair can be reduced to
an optimization problem to just 256 outputs in the worst case. This finding tremendously
curtailed the evolution time for datasets with many output weights, whereas the solution
is rather simple: compress outputs by shortcutting the same weights.

However, the algorithm design imposes strict restrictions on language and library-
agnostic properties and independence. Hence, the optimisation happens in the background
while still preserving the input and output weight format. To achieve that, 256 gates are
sacrificed and fixated to the identity function in the first phase, where each gate represents
one number from range (—128,127). Similarly, each gate is uniquely connected to a single
output, which on the large scale forms a bijective function f : X — X, effectively shrinking
output size from p, to 256 outputs as seen in Figure 5.2.
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Figure 5.2: The left side illustrates the initial phase short-circuit-based optimisation, which
reduces the problem to an approximation of 256 weights, resulting in faster evolution. Once
evolution is completed, these identity gates are removed as they serve purely as helper gates
and do not have any important influence on phenotype, as depicted on the right side. Special
attention should be paid on red cross marks on the left side, indicating that gate input is
not used. This is particularly relevant for unary operators and the identity function.

Effect on the Error Fitness Evaluation

Another advantageous property of the found optimisation is that only 256 iterations are
needed to calculate the error metrics driven by the fact that each weight can be mapped
to its frequency in an array. This weight frequency information effectively provides an
opportunity to simplify previously mentioned error metrics as shown in Formula 5.7, 5.8
and 5.9.

47



SE =Y w; (i — i) (5.7)

i=1
1 256
1=
256
AE =) wilyi — il (5.9)
i=1

In the context of this implementation, w; denotes weight frequency, representing the
significance of a convolution weight in inference. This metric reflects how likely the weight
is to impact the overall outcome.

Graph Search Based Metrics

Regarding metrics such as energy and delay (and others mentioned), there was no significant
speedup from this technique. Still, it is not required to iterate over all outputs, so speedup
becomes more apparent and visible in large output datasets. Theoretically, it could have
been optimised more efficiently because currently, when a thread visits a gate, the gate gets
greedily marked as visited which might block other threads. It could be implemented the
way that only one pin could be taken at a time; however, at this point, it was not deemed
neccesary to obtain experimental data.

Multi-combination Datasets

The technique can also be utilised to optimize multi-combination datasets. However, the
output size is composed of multiples of 256, expressed mathematically as 256n. This repre-
sents an improvement over the original size while sacrificing energy efficiency. The energy
is consumed by utility multiplexers, which are inserted just right after identity functions.
Moreover, every output node requires a single multiplexer, which imposes a physical limit
on how many outputs can be multiplexed until it is more efficient to fetch weights from
memory. Theoretically, multiplexers could be removed through evolution, sacrificing accu-
racy for energy. However, it is uncertain how sensitive is every layer to the weight change.
For this thesis, it was more important to research the overall weight approximation ef-
fect, and this could be a potential extension for the future to optimise multi-combination
approximation.

5.2 Experiment Preparation

The CGP algorithm imposes a strong pre-condition that weights must be prepared before-
hand in text format. Moreover, considerable emphasis was placed on designing reproducible
experiments, providing researchers with information on what parameters were used and
what weights were approximated. Hence, a Python framework was designed to prepare ex-
periments in a predictable manner before their deployment, which is going to be described
in the following sections.
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5.2.1 Experiment Template

An experiment is assembled based on its Python class definition, which must extend the
base Experiment class. Every experiment must have a unique name to ensure it can be
isolated in its own file directory”. his guarantees independence and experiment isolation
against outside factors. The only exception is applied to an composite experiment, which is
an experiment template created to better manage independent variables of sub-experiments.
The composite experiment is considered to be an experiment, albeit it does not perform
any computation. Instead, it groups experiments with the same experiment protocol par-
ticularly useful in evaluation and experiment bootstrapping.

Following experiment bootstrapping, every non-composite experiment must define what
weights it aims to approximate. Hence, to guarantee safe weight extraction and weight re-
construction a FilterSelector class was created. Currently, only PyTorch [53] is supported,
whose weights can be retrieved from the model state dictionary in the form of a Tensor ob-
ject. The tensor values can be obtained by numerical indices or range indices. For instance,
Conv2D is four-dimensional with the following semantical meaning: output channels, input
channels, kernel width and kernel height. For illustration, filters from the first channel can
be fetched by executing: conv2d/:, 0, :, :/.

To ensure predictability and readability for unconventional filter selectors, such as outer
filter weights, additional utilities were introduced which can be found in models/quantiza-
tion.py. Furthermore, to handle datasets with multiple training pair combinations, FilterS-
electorCombination was introduced to handle single combination and FilterSelectorCombi-
nations for the entire dataset. The latter is used for experiment environment initialisation.

5.2.2 Experiment Bootstrapping

Consequently, at this phase, the experiment instance is created with a filled-in name and
filter selectors. To complete the whole process, a CGP parameter configuration and weight
extraction based on the weight selectors must be finalized. First, default CGP parameters
are loaded from the file provided in the codebase, and other mandatory parameters are
either derived or filled in by the script. The final configuration is saved to train_ cgp.config.

Weight extraction is managed by the experiment instance, which then passes the ex-
tracted weights to the CGP class in the cgp__adapter.py file. The CGP instance stores train
and reference weights into an array of one-dimensional tensors that are eventually written
to train.data file. Additionally, if a multi-combination dataset is provided, no care values
are inserted into output nodes where output weights cannot be inserted. Consequently, the
value of these nodes becomes irrelevant, and their evaluation is skipped.

Gate Metrics Preparation

In the final phase, the gate metrics parameter file, which includes energy, area, and delay
parameters, is generated. While energy and delay are particularly significant for this thesis,
the area also holds importance. However, since area correlates with energy, it is deemed
unnecessary to optimise based on the area metric.

These values are extracted from the synthesised Verilog functions mentioned in Ta-
ble 5.1, where all metrics are presented as decimal numbers. However, the decimal rep-
resentation posed scale problems as extensively explained in Section 5.1.2. Both floating
point numbers with a combination of physics units caused comparison problems. Moreover,

Sin implementation referred to as “experiment environment”
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if decimal numbers were still used, it would require defining a minimal delta value € to de-
termine whether two values are truly equal. Epsilon requires careful consideration to avoid
introducing comparison errors. To address these problems, the quantisation technique was
employed to convert decimal numbers to integer numbers, ensuring comparability on equal
terms. The quantisation is conducted by Python scripts from circuit package that require
Verilog synthesised data to be available from the data_ store directory.

Eventually, a new experiment with all file dependencies is created and ready for local
training. However, as experiments demanded more computational resources, a more robust
solution was needed. Therefore, OpenPBS support was integrated into the current pipeline,
significantly extending its functionality beyond the initial scope.

5.3 High-Performance Computing Preparation

The HPC Preparation module serves as an optional part within the weight compression
pipeline, providing support for the OpenPBS service managed on MetaCentrum servers.
OpenPBS provisions jobs based on their PBS scripts. Integration to OpenPBS required
adjustments due to the uncertainty of the working directory until jobs are provisioned.
Apart from that, it does not have many limitations, which will be mentioned. However, it
has many benefits, which will be described in subsequent sections.

5.3.1 Changes to Experiment Bootstraping

The process largely remains unchanged, except absolute paths are converted to relative
paths to make them compatible with MetaCentrum Scratch directories. Furthermore,
OpenPBS provisions computational resources based on PBS scripts, which contain infor-
mation such as the required number of processors, RAM, Scratch capacity, and more which
can be found in the MetaCentrum documentation [10]. Accordingly, with all files gener-
ated, a new OpenPBS job preparation file, named train.pbs.sh is generated as well. The
generated provisioning script can be queued to the MetaCentrum OpenPBS queue.

5.3.2 Vertical Scaling

MetaCentrum servers leverage serverless architecture, offering good computation flexibility
and relieving end users from server management. On the other hand, the CGP algorithms
seldom use configurations which would set A parameter to high values®, although additional
cores might be valuable when doing energy and delay evaluation. Contrary to vertical
scaling, horizontal scaling exhibits a much stronger advantageous use case.

5.3.3 Horizontal Scaling

When experimenting with CGP algorithms, it is standard practice to conduct multiple
evolution runs to statistically evaluate performance, a process that takes a considerable
amount of time. To streamline this, a new batching feature was integrated into the weight
preparation module, allowing experiment runs to be split into smaller jobs. With smaller
jobs, it is possible to launch experiment runs simultaneously, proportionally saving time.
Contrariwise, simultaneous experiment evaluation comes with one weakness of extended
post-processing tasks that must be done to merge batches into a single experiment, which

5the most popular is A = 4
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is handled by utility Bash scripts located in scripts folder, most notably experiment.sh that
compresses result into an archive.

5.3.4 The CGP Compilation

The CGP configuration loads parameters from generated files or command-line arguments,
which limits the compiler to optimise certain aspects of the code. For instance, it is unnec-
essary to make a division when the output arity of the gate is set to one or to do one for
iteration.

However, the most impactful optimization arises from the compression technique intro-
duced in Section 5.1.6. This technique modifies the algorithm’s flow by using compile-time
macros to minimise the number of conditional jumps caused by if statements. This ap-
proach ensures that during evaluation, there is no need to check the type of error metric used
or whether compression optimisation is enabled, as this information is known beforehand.
Otherwise, either string or numerical check would be required if macros were substituted
by command-line arguments checking.

5.4 Experiment Evaluation

In the final phase of the weight compression, the CGP generates statistics files containing
fitness metrics and primarily chromosomes. The best chromosome is located on the last
line of the statistics file and is later used for model evaluation. From this chromosome,
the CGP algorithm reconstructs the circuit configuration and initiates evaluation for every
input and output weight pair, logging the resulting weights into the all weights folder.
Weight injection follows, which injects weights based on the selectors from the experiment
preparing model evaluation. After evaluation, the model is reset to its initial state, and the
process can be repeated again if there are more solutions to evaluate. For more demanding
evaluations, a PBS script has also been created that supports uniform file splitting based
on file order in the directory.
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Number | Function Name | Power [mW] | Delay Area | Energy [uJ]
0 127 —a 0.00042901 0.01 9.8553 | 0.0000042901
1 a+b 0.03259 0.62 | 69.456402 0.0202058
2 a—>b 0.038322 0.65 | 80.719602 0.0249093
3 a-b 0.2076 0.73 | 376.378598 0.151548
4 —a 0.011560 0.28 | 58.193198 0.0032368
) —128 4+ a 0.000061287 0.01 1.4079 | 6.1287-1077
6 a>>2 0 0 0 0
7 a>1 0 0 0 0
8 a®b 0.0022856 0.04 | 18.771999 | 0.000091424
9 alb 0.0028906 0.04 | 18.771999 | 0.000115624
10 adb 0.01097 0.04 | 37.543999 0.0004388
11 ~a 0.0004903 0.01 11.2632 | 0.000004903
12 a<1 0 0 0 0
13 a+1 0.0072 0.33 | 34.258899 0.002376
14 a—1 0.0090466 0.35 | 53.030899 0.00316631
15 a>3 0 0 0 0
16 a>4 0 0 0 0
17 a>> 0 0 0 0
18 a <2 0 0 0 0
19 a <3 0 0 0 0
20 a <4 0 0 0 0
21 a<d 0 0 0 0
22 1 0 0 0 0
23 -1 0 0 0 0
24 0 0 0 0 0
25 —128 0 0 0 0
26 127 0 0 0 0
27 MX2—1 0.0088363 0.06 41.2984 | 0.000530178
28 MX4—1 0.033524 0.21 | 118.732898 0.00704004
29 MX8&8 =1 0.057117 0.31 | 256.237795 0.01770627
30 MX 16 = 1 0.1016 0.41 | 556.589787 0.041656
31 D-MX 2 —1 0.0061661 0.07 | 38.951899 | 0.000431627
32 D-MX 4 —1 0.016176 0.14 | 101.368797 0.00226464
33 D-MX 8 =1 0.025693 0.13 | 195.698094 0.00334009
34 D-MX 16 — 1 0.045728 0.21 | 400.312887 0.00960288

100 F(X)=X 0 0 0 0

Table 5.1: Eletrical parameters of digital gate circuits used. An identity function has a
special value of 100, which was added later to support optimisation. Data were obtained
with the assistance of my supervisor with Synopsys Design Compiler [61] using gates im-
plemented in Verilog and Free PDK45nm [65].
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Chapter 6

Experiments

Several experiments were designed to validate the proposed algorithm. These experiments
are ordered by increasing difficulty, starting with the simple filter approximation. To
progress further, the smallest grid size was tested, which was later followed by algorithm
limit testing. The first limit was a special case when the algorithm approximates the core
of a kernel to outer values, which were set to zero.

Nonetheless, these experiments resolved mainly around accuracy and viability, which
is only half the task that must be fulfilled. Therefore, in the next experiment iteration,
a hypothetical scenario was created to test whether it is possible to calculate the next
layer weights from the previously used weights. This experiment was especially critical,
completely highlighting algorithm limitations.

After fixing the limiting issues and basically enabling the algorithm to approximate more
complex functions, it was decided to test the algorithm on the more recent network Mo-
bilenetV2, which is currently considered to be state-of-the-art. However, before reporting
results and implications, it is necessary to introduce the experiment methodology.

6.1 Methodology

The first experiments were conducted on a modified version of the LeNet-5 architecture,
which modified version can be seen in Table 6.1. It was trained on train split of MNIST
dataset, and for hyper-parameter search, the validation split was used.

Layer Output | Feature Maps | Kernel Size | Stride | Activation
Input 32 x 32 1 - - -
Convolutional 28 x 28 6 5x5 1 ReLLU
Max Pooling 14 x 14 6 2x2 2 -
Convolutional 10 x 10 16 5% 5H 1 ReLU
Max Pooling 5XH 16 2x2 2 -
Flatten 256 - - - -
Fully Connected 120 - - - ReLLU
Fully Connected 84 - - - ReLLU
Fully Connected 10 - - - Softmax

Table 6.1: Hyperparameter Configuration for experimental LeNet.
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The second experimental model is MobileNetV2, described in detail in Section 2.5,
utilised without any modifications except for Post-Training Quantisation. Likewise, the
experimental LeNet-5 was also subjected to quantisation, albeit using the Quantisation-
Aware Training method.

To obtain reference metrics, these models were assessed across various datasets. In
the case of LeNet-5, a more comprehensive evaluation was used compared to Mobilenet.
MobileNet was solely evaluated on the validation split of ImageNet [56], which, unfortu-
nately, provides only training and validation labels. Reference model metrics can be found
in Table 6.2.

Model Dataset Split Samples | Acc [%] | Top-5 [%] | Loss
MNIST [39] test 10,000 98.96 100 0.031
LeNet-5 [44] test50k 50,000 98.75 99.98 0.0491
QMNIST [74] nist 402,953 99.28 99.98 0.0307
MNIST [39] test 10,000 99.16 100 0.032
LeNet-5 (QAT) ’ test50k 50,000 98.87 99.98 0.0498
QMNIST [74] nist 402,953 99.38 99.98 0.0309
MobileNetV2 [57] | ImageNet [56] | validation | 50,000 71.6 90.24 1.1627

Table 6.2: Performance metrics for different models, datasets, and splits using cross-entropy
loss metric.

6.1.1 Determining Error Thresholds

Energy and accuracy metrics are expected to be negatively correlated, requiring careful
selection of an error threshold that is tightly coupled with accuracy. The error threshold
shifts the primary optimisation objective from error minimisation to energy minimisation,
hoping to optimise lower energy consumption at the cost of accuracy.

To define these error thresholds and research their influence on accuracy, LeNet-5 (QAT)
model was tested. The test consisted of 256 evaluations with artificially inserted errors
to convolution weights of interest within range (—128,127). So, for instance, for global
error, in the first iteration, every weight would be subtracted by —128. According to this,
model sensitivity data were collected, which are presented in Figure 6.1. Initially, threshold
le] = 11 was selected for experimentation, which accuracy can be found in Table 6.3, also
containing thresholds for other error types. It was selected based on how many weights can
be compressed while maintaining decent accuracy. However, in the later experimentation
stage, these thresholds were not strictly followed, and new thresholds were selected. If such
a change is made, it will be mentioned in the experiment introduction.

Error Location le| | Accuracy [%]
Everywhere (global) 7 95
Outside Kernel Core 3 x 3 | 11 95.34
Kernel Core 3 x 3 17 95.22

Table 6.3: Maximal error thresholds that still allow to operate LeNet-5 (QAT) above 95%
accuracy.
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Regrettably, the same surveying method could not be used for MobileNetV2, which
showed significant accuracy degradation even in the slightest error. Therefore, it is unknown
what is an approximately acceptable error for the model.

LeNet-5 (QAT): Weight Error Sensitivity

Error Location

—— Everywhere
—— Outside Kernel Core 3 x 3
—— Kernel Core 3 x 3

Accuracy [%)]

—100 —50 0 50 100 0 20 40 60 80 100 120
Error per Weight (¢) Absolute Error per Weight (|e|)

Figure 6.1: Sensitivity of LeNet-5 (QAT) to convolution weight errors. It can be observed
that as the number of affected weights increases, accuracy deteriorates more rapidly. Con-
versely, the kernel core appears to respond differently to the same errors, as demonstrated
by the absolute error on the right. Lastly, the red line highlights the lowest acceptable
accuracy 95%.

6.1.2 Error Presentation

Experiments measure weight errors using the Squared Error metric. However, it will be
reported as Mean Squared Error instead to ensure errors can be compared on equal terms.
Formula 6.1 shows how N train datasets' errors are converted to MSE on p, outputs.

= Squared Error (6.1)
i=0Po

Mean Squared Error =

6.1.3 Energy Reference Estimates

The main objective of the following experiments is to evaluate how well models perform
energetically while maintaining satisfactory levels of accuracy. To orientationally compare
that against reference values, energy estimates measured by Chen et al. [12] are used, which
can be also found in Figure 2.8. Estimates for DRAM, buffer and single MAC operation
can be found in Table 6.4 calculated according to Table 5.1.

Lwhen multiple datasets are used, homogenous output structure must be met; however, not all outputs
are used and evaluated
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Memory MAC | Energy [uJ]
Single MAC 1 0.1717538
Buffer 6 1.0305228
DRAM 200 34.35076

Table 6.4: Energy requirements of three operations: multiple and accumulate, fetch data
from buffer memory and read data from DRAM. MAC measurements originate from [12].

6.2 Single Filter Approximation

To validate whether the algorithm works on the most fundamental problem, which is a
single filter approximation, thirty experimental runs were conducted on a single filter. The
experiment examines an evolution ability to evolve approximated convolution weight func-
tion on grid size with dimension 5 x 5. The grid size was selected based on tested filters
from LeNet-5 QAT that are also sized 5 x 5.

Sixteen outer weights were approximated from kernel core weights consisting of size
3 x 3 with the CGP configuration as shown in Table 6.5. For demonstration, only the first
filter convl layer was tested, whose approximation results can be viewed in Figure 6.2 with
gathered metrics such as error, energy, gate count, time taken and evolved generations.

Parameter Value
Patience 400,000
Error Threshold 0
Runs 30
Mutation 15%
Functions 28
Population 16

L max
Grid (n, x n.) 5x5

Table 6.5: Configuration parameters for CGP approximation.

The results conclude that the weight compression algorithm has the potential to accu-
rately approximate missing weight while efficiently using energy. However, a single filter
approximation is not sufficient to prove the algorithm legitimate; therefore, more robust
experiments are needed. Before that, it is necessary to find a minimal viable grid size
because larger networks contain large quantities of convolution filters and with increasing
quantity, CGP scales poorly.

6.3 Minimal Grid Size

Following the successful single filter experiment, a question about minimal grid size arose.
To explore that further an experiment was created to examine the minimal gates required
to reach perfect accuracy. The experiment consists of three randomly selected filters from
convl and an additional three randomly selected filters from the other layer conv2. These
filters were approximated thirty times and evolved with the same CGP parameters as it
was in the previous experiment. Also, statistical data, such as energy, gate count, time
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LeNet-5 (QAT): Single Filter Circuit Metrics
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Figure 6.2: Results obtained from the single filter experiment. The results show that
approximation was successful, energy consumption looks promising and the whole grid was
not utilisied.

taken, chip area, delay, and created generations, were collected. Collected statistics can be
examined in Figure 6.3, which shows two qualifying solutions with perfect accuracy.

According to collected data, significantly lower energy consumption was observed in the
10 x 10 grid than in the 5 x 5 grid. However, on the other hand, the 5 x 5 grid shows 2.42
times quicker convergence time on average, with notably fewer blocks used. Finally, the
mean digital gate count for the 10 x 10 is statistically lower than 25.

LeNet-5 (QAT): Minimal Grid Size Circuit Metrics
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Figure 6.3: Data collected in Minimal Grid Size experiment. From the figure, it can be
observed that only grids of 5 x 5 and 10 x 10 satisfy the initial constraint MSE = 0.

6.3.1 Implications

Overall, the 10 x 10 phenotypes included more energy-efficient solutions at the cost of higher
evolution time and larger gate count. Nonetheless, the gate count mean was measured to
be lower than 25, which is the maximal possible phenotype for 5 x 5 grid. Hence, with
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the more optimal mutation rate, more energy-efficient solutions are also evolvable by the
smaller grids.

In terms of even smaller grids, those grids have not managed to evolve valid solutions, as
seen in the figure as flat lines. Moreover, the smallest viable grid 5 x 5 has not evolved any
solution smaller than 17 nodes. As a result, it is hypothesised that creating an accomodable
grid for the circuit should not be smaller than the number of filters multiplied by five for
each dimension.

6.4 Reversed Approximation

Until now 3 x 3 kernel cores were used to approximate missing outer weights. To explore
the opposite inference, twelve random filters were sampled from conv2 layer, anticipating
they would extract finer details from the previous layer. So, the expected outcome is the
evolution will find worse or equally good solutions as in the minimal grid size experiment.
Just for information, the patience parameter was changed to 600,000, anticipating a more
difficult optimisation problem.

Contrary to the expectations, this hypothesis turned out to be wrong after obtaining
experiment results reported in Figure 6.4. More surprisingly, the evolution managed to
find accurate solutions in 3 x 3 grids that prove the approximation is, in this case, in fact,
simpler. Nonetheless, gate count for 3 x 3 grids in most cases used all gates available,
completely eliminating it from potential use in the next experiments. Furthermore, larger
grids managed to remove enough gates that would comfortably fit into 4 x 4 grid, which
appears to be the most optimal configuration for these particular filters.

Regarding the relation between 5 x 5 and 10 x 10, previously tested metric differences
stay the same, except for the observation of the most optimal solutions that got closer than
before and the time taken difference got even more pronounced from 2.42 times to 4.44
times being quicker. However, this is mainly attributed to higher patience.

LeNet-5 (QAT): Reversed Approximation Circuit Metrics
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Figure 6.4: Experiment results for reversed weight approximation. On the contrary, a
more difficult approximation was expected. It turned out that functions were simpler to
approximation highlighted by 3 x 3 errors and gate count of all grid configurations which
would fit into 4 x 4 setting.
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6.5 Zero-Outer Approximation

Before concluding single filter approximation experiments the last experiment conducted
in this category was kernel core approximation on zero borders. In this experiment, an
independent variable is whether a kernel core contains at least one zero. Thus, the perfect
solution would not require any gates, and direct wiring can be made from a single input
zero to all outputs consisting of zeros. Oppositely, a minimal non-zero kernel core solution
includes just one gate representing constant zero.

Fourteen filters with a zero in the kernel core were tested. To balance it, fourteen
additional filters were randomly sampled from LeNet-5 (QAT). The patience parameter
was set to 400,000 again, expecting a simpler problem than before, which was confirmed
compared to the minimal grid size experiment (5 x 5 grids), shown in Figure 6.5.

LeNet-5 (QAT): Zero-Outer Approximation Circuit Metrics
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Figure 6.5: Approximation of the kernel core to zeroed borders. Interestingly, not a single
optimal solution was found in either category.

Although there appears to be no difference between the two populations, it was statis-
tically confirmed (p = 0.013) that filters with a zero in the kernel core tend to have fewer
gates than other filters. On the other hand, time taken and energy do not significantly
differ among the two groups. Nevertheless, none of the solutions managed to reach the
defined target, which was caused by a nonoptimal CGP configuration. The reason was way
too high a mutation rate, which was found to be an issue in later experiments. Until then,
it was undetected and attributed to low patience.

6.6 Single Channel Approximation

From this point onwards, single-filter experiments will no longer be reported. The first
multi-filter experiment is a single-channel experiment consisting of six filters forming conv1
layer in LeNet-5 (QAT). The objective of this experiment is to verify the hypothesis that
multiple filters can be approximated simultaneously. To validate this, the first and only
channel in convl was selected, expecting it to have a significant impact on inference accu-
racy.

Based on previous experiment results, the patience parameter was increased to 2,000,000.
Additionally, an identity function was removed. Furthermore, additional error thresholds
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were defined similarly to how LeNet-5 was tested on error sensitivity. The thresholds are 0,
1.44%, 35, 45, 51, and 56. More aggressive thresholds were selected to examine how larger
thresholds influence energy optimisation and resulting error.

The grid was allocated to accommodate 30 x 7 gates, which should be more than enough
for six filters. Two extra columns were reserved to ensure the evolution can find optimal
solutions. Additionally, from now on, the delay metric will be reported instead of the time
taken due to its importance for real-world use.

LeNet-5 (QAT): Single Channel Approximation Circuit Metrics
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Figure 6.6: Fitness values achieved by evolution using different error thresholds.

In terms of obtained fitness values presented in Figure 6.6, it is interesting to note
how accurate the solutions are with very low energy consumption. Additionally, a higher
threshold managed to find more optimal solutions, as can be seen in Figure 6.7. The only
trade-off in this case seems to be predictability, where lower error thresholds are more
likely to result in less noticeable accuracy loss. It is difficult to draw a definitive conclusion
based on these results, as 54 weights were mapped to 96 weights, which is a small number.
Therefore, a more robust experiment is needed.

6.7 LeNet-5 Approximation

To obtain more representative measurements, the entire conv2 layer was selected for ap-
proximation. This choice has two motivations. Firstly, the main objective of this thesis is
to investigate how circuit design can replace conventional memory. Considering the first
layer weights must be fetched anyway, they could hypothetically be used to infer all weights
of the next layer. Secondly, using all filters and all weights provides the opportunity to test
the algorithm on a more challenging approximation.

Additionally, when investigating possible reasons why the zero-outer experiment did not
manage to find an optimal solution, changes were made based on experimental results from
Miller and Smith [49], who researched mutation probability and genotype length interaction.
This led to decreasing the mutation probability to 0.01 and using larger grids than those

Zthresholds used to be configured in squared error format; however, the experiment was run with zero
threshold experiment before thresholds followed mean squared error format
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LeNet-5 (QAT): Single Channel Model Metrics
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Figure 6.7: Accuracy loss based on threshold and energy usage. More aggressive thresholds
unexpectedly found very accurate solutions, albeit with the drawback that they must be
evaluated to know their performance compared to perfect approximation.

that originated from the grid size experiment. Normally, for this experiment, a grid of size
480 x 7 would safely suffice; however, 500 x 30 was allocated instead.

In terms of error thresholds, a reserved strategy was selected for this experiment, in-
volving the following thresholds: 0.5, 2, 5, and 11. The last threshold was inspired by the
survey, which is expected to find a better solution anyway. Then, a threshold of five was
selected to cover the mid-threshold range and two and a half to cover smaller thresholds.
Another unintended threshold is 0, which at first, based on previous results, was not planned
to be included. However, this experiment uncovered an issue with scalability, making it
a very lengthy process to evolve circuits. In particular, this approximation problem maps
150 weights to 2400 weights. Compared to the previous experiment, it involves twenty-five
times more convolution weights to approximate.

To address this problem, a compression in compression optimisation, explained in Sec-
tion 5.1.6, was implemented. The optimisation was later experimentally tested with the
threshold set to 0, with the same patience parameter of 2,500,000 shared with other thresh-
olds.

6.7.1 Fitness Metrics

Starting, as usual, with the fitness metrics (Figure 6.8), the new optimised algorithm clearly
outperformed solutions optimised on threshold 0.5 in all metrics while still maintaining lower
error. Moreover, experiments with threshold 0 managed to find solutions in under two days,
whereas all experiments with threshold 0.5 timed out after four days. Unfortunately, this
skews the results because it is unknown how long it would take to finish without forcefully
stopping evolution. Nonetheless, this experiment showed how the former algorithm with-
out optimisation was computationally unsustainable, leading to a much better-optimised
version.
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LeNet-5 (QAT): LeNet-5 Approximation Circuit Metrics
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Figure 6.8: Fitness measurements over all examined thresholds, plus a novel optimisation
tested on threshold 0 which outperformed other solutions except in energy and delay.

6.7.2 Model Metrics

Following accuracy and energy analysis, the same pattern can be observed as in the single-
channel experiment. Interestingly, energy seems to follow a similar relationship with accu-
racy loss and threshold, where lower error guarantees more predictable accuracy loss. In
the case of energy consumption to accuracy loss, it appears that with lower errors, energy
consumption is more diverse.

LeNet-5 (QAT): LeNet-5 Approximation Model Metrics
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Figure 6.9: Accuracy loss in relation to threshold and energy efficiency. As expected, the
approximation was more difficult, resulting in more diverse solutions. It is important to
mention that the threshold of 0.5 timed out in all instances, so solutions did not have a
chance to evolve fully.
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6.7.3 Energy Assesment

To investigate how zero-energy solutions manage to approximate functions imprecisely yet
do not suffer any loss of accuracy in some cases, a comparison study was conducted. The

findings are reported in Figure 6.10 and Figure 6.11.
LeNet-5 (QAT): Energy Consumption Difference between Thresholds 0 and 11
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Figure 6.10: Energy and gate use comparison for thresholds 0 and 11. Results indicate that
the more lenient threshold only precisely approximates weights that can be bit-shifted or
represented by constant gates. Essentially, it re-wires input weights to output weights in a
way that achieves the least error.
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Figure 6.11: Comparison of the two most strict error thresholds. Both phenotypes are the
best from the population to study how threshold 0 outperformed the opposing threshold.
From the graph on the right, the difference is noticeable. Zero threshold tends to utilise bit
operators instead of arithmetic operators. With only a single exception of the decrement
operator, which from the right graph is not dominantly used as well.

The study reveals that LeNet-5 (QAT) is over-parameterised, enabling evolution to ex-
ploit strategies such as simple rewiring. Bit operators follow in terms of energy efficiency,
and in the last place, arithmetic operators are the least desired to use. More importantly,
several solutions were found that comfortably outperformed buffer and DRAM access in
terms of energy consumption, thereby making them feasible for replacement. Furthermore,
the weight inference could possibly be calculated simultaneously with convolution infer-
ence. However, to prove the hypothesis about substituting conventional memory access,
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experiments should be performed on a model that is more sensitive to weight errors and
has more layers because LeNet-5 no longer offers any layers for further experimentation.

6.8 MobileNet Approximation

Building on the LeNet-5 experimentation, which ultimately demonstrated insensitivity to
errors introduced by approximated solutions, thereby making the initial weight sensitiv-
ity survey irrelevant, MobileNetV2 was selected for subsequent experiments to acquire re-
spectable model performance metrics that are widely accepted in the scientific community.
The objective is to verify whether the algorithm performs effectively on other layers as well.
Additionally, a threshold’s influence on accuracy loss and energy will be examined, primar-
ily to determine whether the threshold affects reduced energy consumption at the expense
of model accuracy. It is also hypothesised that energy consumption may be significantly
influenced by the number of missing weights that need to be approximated from scratch.

6.8.1 Experimental Setting

MobileNet offers 52 convolution layers for experimentation, which were examined using
four thresholds: 0, 1, 5, and 11. Due to the complexity of the experiments, thresholds
0.5 and 2 were omitted, and a rounded average value was chosen instead, corresponding
to threshold 1. Furthermore, the number of experimental runs was reduced from thirty to
twenty, allowing the patience parameter to be increased from 2,500,000 to 10,000,000. As
a result, evolution should have enough time to find energy-efficient solutions. Contrary to
the previous experiment, a grid of size 256 x 31 was used, as the introduced optimisation
appears to function with smaller grids without complications.

To further challenge the compression algorithm, every layer was approximated using 96
weights. Weight uniqueness was not guaranteed, as the input weights consisted of the first
96 weights in every layer, and no uniqueness check was performed. The reasoning behind
this approach is the suspicion that there is a correlation between the number of different
weights and energy utilisation.

It is important to note, however, that there was an error in calculating the total thresh-
olds®, which is negligible for non-zero thresholds. Nonetheless, threshold 0 allows one weight
to be off by one, slightly skewing the results for this threshold category.

6.8.2 Global Results

Before delving into a comprehensive analysis at the layer level, a descriptive analysis was
performed to identify key aspects for further focus. As standard practice, a statistical
analysis using a boxplot graph was performed, which can be seen in Figure 6.12.

For the first time, the boxplot graph revealed concerning information regarding poor
approximation performance. Nonetheless, this poor performance provided much more valu-
able insights compared to the LeNet-5 experiments. To identify the root cause of the per-
formance degradation, two additional boxplots were created to show how layers react to
compression individually. The first boxplot examines accuracy, as depicted in Figure 6.13.
On the positive side, only a few layers show a drop in accuracy, which is not a critical issue
as it only concerns more lenient thresholds.

3the threshold function was combined with the quantisation error function, which adds one to the total
error
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MobileNetV2: Digital Circuit Metrics
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Figure 6.12: Descriptive layer analysis of the MobileNetV2 model. At first glance, it is ap-
parent that some layers were not properly approximated. Moreover, precise approximation

exhibits worse energy consumption than buffer memories. However, they still outperform
DRAM.

What is more interesting is the intersection with Coupek’s results [81], who tested the
model using his compression algorithm on subsets of ImageNet. Layers 1, 7, 41, and 50
were identified as sensitive in his study as well. Additionally, this experiment identified
even more sensitive layers, which are listed in Table 6.6.

MobileNetV2: Accuracy Loss by Layer
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Figure 6.13: Detailed analysis of accuracy losses across all layers in the MobileNetV2 feature
extraction sequence.

Similarly, the second boxplot, as shown in Figure 6.14, was created to capture energy
utilisation. In MobileNet, precise approximation appears to be quite costly. However, in
terms of target energies, it still performs better than DRAM, although it starts to lag
significantly behind buffer memory.

Lastly, to conclude this section, a Pareto front showing all found solutions was plotted to
illustrate how each threshold influences phenotype energy consumption, as further explained
in Figure 6.15. From the figure, it can be determined that smaller thresholds are less likely
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MobileNetV2: Energy Consumption by Layer
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Figure 6.14: Layer-wise overview of energy consumption in the MobileNetV2 model.
Threshold 1 demonstrates very efficient energy utilisation, despite being only slightly stricter
than threshold 0.

to incur major accuracy losses, a trend more pronounced in MobileNet than in LeNet-
5. To verify this hypothesis, the Pearson correlation coefficient was examined for every
threshold. Surprisingly, a significant positive correlation between the error metric and
accuracy loss was only found in higher thresholds. Conversely, threshold 0 exhibited a
significant negative correlation. Threshold 1 does not show any significant correlation.
These results should show consistent correlation results. However, it might be attributed
to diverse layer sensitivities. Therefore, an additional Mann—Whitney U test was conducted
on thresholds 0 and 1 to prove that a lower threshold outperforms a higher threshold in
terms of mean accuracy.

MobileNetV2: Found Solutions Across Layers
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Figure 6.15: The relationship between energy consumption and traded-off accuracy. With
less strict accuracy requirements, energy efficiency increases. In the MobileNet model, the
threshold has more influence on evolution and further supports the hypothesis that lower
errors tend to have lower accuracy losses. On the other hand, evolution is hampered by
error constraints and cannot find more energy-efficient designs. Moreover, threshold 11 is
excessive, blending in with threshold 5.
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Mean Accuracy [%)] | Accuracy Loss [%]
MSE Threshold 5.0 11.0 5.0 11.0
Layer Index

0 66.8296 66.2173 | 4.7664 5.3787
1 38.8818 34.423 | 32.7142 37.173
2 65.0151 61.5361 | 6.5809  10.0599
5 68.7168 68.4704 | 2.8792 3.1256
7 67.0231 64.6437 | 4.5729 6.9523
8 65.343 66.5954 6.253 5.0006
1

1 65.7302 66.2717 | 5.8658 5.3243
13 68.1062 68.4975 | 3.4898 3.0985
20 68.8861 - | 2.7099 -
31 66.0348 67.2503 | 5.5612 4.3457
32 65.029 67.9837 6.567 3.6123
41 66.8136 67.8289 | 4.7824 3.7671
50 67.5964 67.5147 | 3.9996 4.0813

Table 6.6: Mean accuracy and accuracy loss for different MSE thresholds and layer indices
in MobileNetV2. Only layers with more than two per cent accuracy loss were listed.

To test whether all thresholds differ from each other, the Kruskal-Wallis H-test was em-
ployed. The Conover test result does not indicate a significant difference between thresholds
5 and 11, suggesting threshold 11 was redundant.

6.8.3 High Thesholds Limitations

As mentioned previously, several layers experienced significant degradation. To investigate
this issue, two of the most affected layers were examined closely. Specifically, two Pareto
fronts were constructed, as shown in Figure 6.16. Unexpectedly, one of the Pareto fronts
does not even contain a single dominating solution belonging to threshold 0. A similar
situation was also observed in the global Pareto front (Figure 6.15), though in this case, it
occurs at the layer-wise level.

Moreover, in layer two, the highest thresholds showed insignificant accuracy losses,
although threshold 11 is more energy-efficient on average and also offers one dominant so-
lution. Regarding the degradation problem, it seems these layers are just more sensitive to
error loss, which highlights the problem with the chosen optimisation error metric. How-
ever, the threshold-accuracy hypothesis still holds as threshold 0 significantly outperformed
threshold 1. Nevertheless, one pattern recurs in every instance, and that is the relationship
between energy and threshold.

6.8.4 Energy Consumption

A recurring theme when analysing Pareto fronts is that the thresholds are clustered together,
at least for MobileNet. This is expected, as achieving higher accuracy requires more energy
to reach precise weights. The question is, what drives this in the background?

Building on the insights from LeNet-5 experiments, a function energy hierarchy was
identified. The hierarchy consists of three tiers, starting from the most energy-efficient and
gradually decreasing in efficiency. The first tier consists of bit shift operators and constant
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MobileNetV2: Discovered Solutions on Layer 1

MobileNetV2: Discovered Solutions on Layer 2
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Figure 6.16: Relation between energy consumption and accuracy of the two most erroneous
layers. An interesting observation appeared in solutions with threshold 5. It seems it

has the potential to be energetically as performant as threshold 11. However, evolution
struggles to evolve such solutions.

functions, which do not consume any energy. In the second tier reside bit operators and
unary arithmetic functions. The least efficient tier comprises the remaining arithmetic
operators.

To infer a new weight solely from bit shifts, it is possible to create an additional seven
weights from one weight in the best case. In a hypothetical scenario where the only input is
zero, it would depend on constant functions to create weights of power two. Subsequently,
it would supposedly strive to build new weights from bit operators and, in the worst case,
from arithmetic operators.

This reasoning formed a hypothesis from the section introduction, which now will be
rephrased into a modified version. The new hypothesis states that the more weights evo-

lution needs to infer, the more energy is needed to acquire precision. To assist with the
hypothesis assessment, this relation was plotted in Figure 6.17.

MobileNetV2: Impact of Missing Weights on Energy Consumption
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Figure 6.17: Relationship between the energy required and missing weights per threshold.
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A strong linear correlation was identified among all thresholds except threshold 11 which
approximated everything to zero (best seen in Figure 6.12). This explains why the single-
channel experiment worked on aggressive threshold settings without problems. It needed
to approximate just 64 weights, while the LeNet-5 approximation experiment had to infer
125 unknown weights, almost doubling the amount.

6.8.5 Conclussion

To conclude the whole experiment, threshold selection is essential, as demonstrated by se-
lecting threshold 11, which was, in most cases, outperformed by threshold 5. Similarly, the
same applies to the least lenient thresholds 0 and 1, where the best solutions achieving per-
fect accuracy per layer are shown in Figure 6.18 and Figure 6.19. Allowing weights to have
some error enabled evolution to find more energy-efficient solutions while not decreasing
model accuracy.

MobileNetV2: Lowest Energy Consumption per Layer at Threshold 0
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Figure 6.18: Energy efficiency of the perfect solutions using threshold 0 without inheriting
any accuracy loss.

MobileNetV2: Lowest Energy Consumption per Layer at Threshold 1
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Figure 6.19: Energy efficiency of the perfect solutions using threshold 1 without exhibiting
any accuracy loss.

Unfortunately, these solutions are not the most optimal. Other better solutions with
non-zero errors were omitted, as they have not been tested together as one piece to prevent
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unexpected outcomes, as happened when testing error-threshold correlation. This is a
major flaw of this experiment because it is unknown how these compression functions would
integrate together.

6.9 Implications and Limitations

Algorithm viability was experimentally tested on multiple diverse test scenarios, challenging
the algorithm in different aspects. The primary strength of the algorithm is its ability to
find decent solutions without needing any weights, as demonstrated in Figure 6.20.

LeNet-5 (QAT): No Input Circuit Metrics
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Figure 6.20: Additional LeNet-5 experiment conducted with the same setting as the Mo-
bileNet experiment. The only change is that the input is only zero, and the output consists
of every single convolution weight. The evolution is supposed to approximate 237 unique
weights.

It was discovered that input weights significantly simplify the evolution process and help
evolution find more energy-efficient solutions by providing extra bits for approximation.
This can be observed in the previous image, where energy utilisation is worse compared to
other LeNet-5 experiments due to the fact that energy-free evolvable numbers are powers
of two and provided constants.

The major limitation is that despite the multiplexer function being supported, it is
hardly usable because of the time it needs to evolve accurate solutions. Furthermore, every
multiplexer consumes energy, which is cumulative. One experiment was conducted just to
highlight these shortcomings, as portrayed in Figure A.1.

In the case of non-multiplexed optimisation, the biggest problem turned out to be
the error metric function. Every model reacts differently to weight changes, which might
influence accuracy metrics that do not significantly correlate with the chosen error metric.
This was mainly a concern in the MobileNetV2 model, which has several sensitive layers.
Some of them suffered major performance losses. Nonetheless, the error metric still serves
as a good estimate. It would be much better if some prediction method or model evaluation
occurred while evolution is still ongoing, although one must be careful not to slow evolution
too much.

The last limitation is that the MobileNet network was not tested as a complete unit,
leaving potential approximated circuit cooperation in question.
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Chapter 7

Conclusion

A novel Convolutional Neural Network weight compression algorithm was proposed to de-
sign a more energy-efficient mechanism to replace conventional memory access methods
involving RAM or buffer memories. The idea stems from the fact that memory access is
an energy-intensive operation [12], significant enough that it could be replaced by a digi-
tal circuit performing computation in the background. Thus, the goal was to provide an
alternative that utilises more hardware, such as FPGA or ASIC.

To accomplish this, the Cartesian Genetic Programming algorithm was employed to
evolve circuit designs based on multi-objective optimisation, prioritising small convolution
weight errors and minimal energy consumption. Initial experiments on the LeNet-5 [44]
architecture yielded promising results, with the algorithm finding solutions without con-
suming any energy while maintaining high model accuracy. To ensure robustness, further
experiments were conducted on the state-of-the-art MobileNetV2 [57].

These experiments revealed that each layer reacts differently to weight changes and
highlighted some algorithm limitations, such as energy optimisation, which depends signif-
icantly on the missing weights that need to be approximated. Despite this, the algorithm
still found better solutions than conventional memory access. However, compressing multi-
ple layers at once remains a drawback, as the implementation is incomplete from a hardware
perspective.

A multiplexing method was implemented to address this, but its evolution speed was
impractical for real-world use. The same technique was adopted into non-multiplexing
designs which enabled the approximation of MobileNetV2 and larger quantities of weights.
This presents an opportunity for further research into multi-layer compression to accomplish
circuit gate reuse.

The research contributes to energy-efficient neural network use, especially in resource-
constrained environments such as mobile devices and embedded systems, making them more
sustainable and cost-effective. It demonstrated the feasibility of approximating convolution
weights using Cartesian Genetic Programming, showing that energy optimisation depends
on input weights and the number of unique output weights to be optimised. Several solu-
tions exceeded the energy efficiency of conventional memory. Future research could focus
on overcoming current limitations, improving the multiplexing method’s evolution speed,
and integrating approximated circuits. Further studies could also explore applying this
algorithm to other neural network architectures and combined optimisation approaches.
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Appendix A

Multiplexed Approximation
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Figure A.1: The Last LeNet-5 experiment was conducted with a similar setting as the
Mobilenet experiment, except patience was set to 2,000,000 with multiplexing enabled and
the error threshold set to one. At first sight, the energy usage is noticeably high, and the

time taken compared to generations shows a very slow evolution time.
is also very high due to mandatory multiplexers.

borders.
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The gate count

In terms of weights, one of the first
approximation techniques was used, meaning the kernel core was approximated to outer



