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Résumé—Ce projet porte sur l'optimisation des réseaux de neurones profonds pour une
inférence embarquée efficace. Pour cela, les techniques d’élagage et de quantification des
réseaux ont été implémentées dans l’environnement PyTorch, et testées sur ResNet50. Les
résultats obtenus en terme de taux de compression et de vitesse de traitement, valident avec
succes la faisabilité du concept. Afin de montrer leur intérét applicatif, ces deux techniques
ont été appliquées sur le détecteur d’objets RetinaNet. Ce travail montre que l'inférence peut
étre effectuée localement en réduisant le temps d’exécution et I'espace mémoire occupé par le
modeéle, ce qui permet une diminution de la latence et de la consommation d’énergie. Il permet
également de contribuer a une meilleur protection des données, et ce, en les traitant localement.

Ce travail ouvre ainsi des perspectives intéressantes pour les applications systemes embarqués.

Mots-clés : Intelligence artificielle, réseaux de neurones artificiels profonds, systémes embarqués,
inference, Elagage, Quantification, détection d’objet, PyTorch.

Abstract—This project deals with the optimization of Deep Neural Networks for efficient
embedded inference. Network Pruning and Quantization techniques are implemented under
the PyTorch environment and benchmarked on ResNet50. The obtained results, consisting of
compression and speed-up rates, successfully validate the feasibility and the effectiveness of the
concept. To show their practical potential, the two schemes have been applied on RetinaNet
object detector. Additionally, this work demonstrates that inference can be performed at the
edge by reducing the model’s memory footprint and the processing time, resulting in reduced
latency and energy consumption as well as improved data security. Hence, new horizons of

applications in embedded systems are opened up.

Index-terms : Artificial intelligence, Deep Neural, Embedded Systems, Inference, Networks,
Pruning, Quantization, Object detection, Pytorch.




Acknowledgement

First and foremost, we would like to offer sincere thanks to our supervisor Mr Sid Ahmed BERRANI,
Associate Professor with Ecole Nationale Polytechnique, who has been an exceptional supervisor, and we
have been very fortunate to receive his guidance throughout this project. In each step, Mr BERRANI gave
us extremely visionary advice and most generous support. He taught us, the methodology of a researcher,
and the way to understand the scope of any research we tackle. We are honored to say he is one of our best

professors and was a very good advisor as well.

We would like to express our profound gratitude to Ph.D Hamza YOUS, data scientist at Intel corp,
for his availability and for his invaluable support. We had the unique privilege to have access to his profes-
sional expertise and brilliant thinking. The great advice he offered us, have dramatically helped us to learn

a great deal while completing our project.

We give special thanks to Ph.D Sofiane YOUS, Lead scientist at Intel corp, for introducing us to the
topic as well for the support along the way. We would like to thank him for giving us the chance to engage

in a cutting edge research.

We would like to thank the committee members for reviewing our dissertation and for their valuable

and insightful comments.



Dedication

We would like to dedicate our work to our parents and loved ones, who always helped us
throughout the entire educational pathway. They always stood alongside us during tough mo-
ments, offering us their wholehearted support and elating words of encouragement.

We offer this dissertation to all our professors at the Electronics Department at Ecole Na-
tionale Polytechnique, who had spared no effort to teach us, and who have been always support-

ive and available.

We also dedicate this project to our friends, both from the school and outside the school. All
those who have supported us throughout the process. We will always appreciate everything they
have done.



Contents

Abstract

Acknowledgement

Dedication

List of Figures

General Introduction 10
1 Deep Neural Networks 13
1.1 Introduction . . . . ... ... . . . ... 13
1.2 Neural Networks . . . . . . . . . . e 13
1.2.1 The Artificial Neuron . . . . . . . . . . . .. .. 14

1.2.2 Activation Functions of Artificial Neurons . . . ... ... ... ........ 15

1.2.3 Feed Forward Neural Networks . . . . ... ... ... ... .. ........ 17

1.24 Training the Neural Network . . . . .. ... ... .. ... ... .. ...... 18

1.2.5 Testing the Neural Network . . . . ... ... ... ... .. ... ... ... 20

1.2.6 Evaluation Metrics . . . . . . . . . . . .. e e 21

1.3 Convolutional Neural Networks . . . . .. ... ... .. ... ... .. ... ..... 23
1.3.1 Convolutional Layer . . ... ... ......................... 23

1.3.2 Batch Normalization . . . . . . . . .. . ... .. .. .. 27

133 Pooling . ... .. ... .. ... 28

1.3.4 Puttingitall together . . ... .. ... .. ... .. ... .. . .. . ... 28

1.4 Residual Neural Networks . . . . . . . . . . . . . it 29
1.5 Datasets . . . . . . . e e e e e 32
151 ImageNet . .. ... ... .. ... ... .. ... . 32

1.5.2 CIFARIO . . . . . e e 34

1.6 Pytorch Deep learning framework . . ... ... ... ... ... ... .. ... .. 35
1.7 Conclusion . . . . . . . . . e e e e e 35



2 Optimization Methods

21 Introduction . . . . . . . . . . e e e
2.2 Software Optimizations for Embedded Systems . . . ... ... ............
221 Prior to Optimization in the Compiler . . . . . ... ... ... .. .. ... ...
222 Optimizing Software for Performance . . . . . ... .... ... .. ......
22.3 Optimizing Software for Memory . . .. .. .. ... ... .. .........
224 Optimization with Pytorchmobile . . . . .. ... .. ... ..........
2.3 Neural Network Pruning . . . . ... ... ... ... .. ... .. ... .. .. . ...
231 FHlterpruning . . . .. . ... .
232 PruningScheme . . ... ... ... . ... .. ... .. o
233 Experimentsand Results . . ... .. ... ... ... . ... . ... ......
24 Neural Network Quantizaion . . . . . . . . . . .. .. ... ...
241 Quantizationscheme . . . . . . . . . . ... e
2.4.2 Quantization modes in Pytorch. . . . .. .. .. ... ... ... .. 0L,
243 Experimentsand Results . . .. .. ... ... .. .. ... .. ... .. ..

2.5 Conclusion

3 Application and Deployment

3.1 Introduction . . . . . ... . ..
32 COCOdataset . . . .. ... .. .. e
33 RetinaNet . . . .. ... e
331 TheBackbone . . . ... ... ... ... ... ..
3.3.2 C(lassification Sub-network . . ... .. ... ... .. .. ... .. .. . ...
3.3.3 Box Regression Sub-network . . ... ....... .. ... ... ... ...
3.4 RetinaNet-50 Optimization . . ... ... ... ... ... .. ... ...........
3.5 Mobile application development . . . . .. ... ... ... ... .0 0 L.
3.5.1 Android General Concepts . . . ... ... ... ... .. ... .......
3.5.2 Profiling the application . . . . .. ... ... ... .. .. . o oL

3.6 Conclusion

Conclusion

68
68
70
71
71
72
72
73
75
75
79
81

83



List of Figures

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8
1.9
1.10
1.11
1.12
1.13
1.14
1.15
1.16
1.17
1.18
1.19

2.1
2.2
2.3

24
25
2.6
2.7
2.8

An artificial neural network with N hidden Layers [9]. . . . .. .. ... ....... 14
Artificial neuron in a deep neural network [5]. . . . .. ... ... ... . 0L 15
Graph of the Sigmoid function [71]. . . . ... ...... ... .. ......... 15
Graph of the tanh function [29]. . . . .. ... ... ... . oL oo L 16
Graph of the ReLu function [18]. . . . . ... ... ... ... .. ... ... ..... 17
A feed-forward neural network with 3layers [5].. . . . .. ... ... .. ... .... 18
Visualization of the data splits [70]. . . . . .. ... ... ... ... . ... ... ... 21
2D-convolution operation. . . . . . .. ... L Lo 24
(@) : fully connected layer (b): locally connected layer (convolutional) [46]. . . . 24
Examlpe of zero padding [72]. . . . . ... ... .. ... ... L o 25
Generation of output feature maps by convolving filters with input feature maps. . 26
Top-right: max pooling, bottom-right: average pooling [67]. . . . . .. ... .. ... 29
Convolutional neural network architecture [8]. . . . . . ... ... ... ... ..... 29
Structure of a residual block: a direct path, and an identity mapping [23]. . . . . . . 30
(a): bottleneck with no expansion; (b): bottleneck with expansion [8]. . ... .. .. 31
Architecture of ResNet50 [53].. . . . . . . . . . . . e 32
Example of a hierarchy of the concept: Carnivore. . . . . ... ... ... ....... 33
Classes that belong to the Caninesynset.. . . . .. ... ................. 33
Sample images of the CIFAR-10 dataset [1]. . . . . . ... ... ... .......... 34
The optimisation process. . . . . . . .. .. ... . .. 37
Aliasing: Two pointers that store the same memory address. . . . . . ... ... ... 39
Examples of control graphs; nodes represent basic blocks, edges represent flow of

control [76] . . . . . . e e 41
left: traditional matrix multiplication; right: QNNPACK matrix multiplication. [11] 44
Addition of the indirection buffer [11].. . . . . . . . . .. ... .. ... ... ..... 45
Depthwise 3 x 3 convolution in QNNPACK [11]. . .. .. ....... ... ..... 46
Weights and Neurones Pruning in a fully-connected network. . . . . ... ... ... 47

Transforming to compressed sparse format. . . . . .. ... ... ... ... ...... 47



29
2.10

211
212
2.13
2.14

2.15
2.16
217
2.18
2.19
2.20
221
222
2.23
2.24
2.25
2.26

3.1
3.2
3.3
34
3.5
3.6
3.7
3.8
39
3.10
3.11

3.12

Two different structures of sparsity. . . . ... ......... ... .. ... ... 48
Accuracy-Sparsity Curve of AlexNet with different grain sizes. X-axis: sparsity
of conv layers (percentage of zero weights). Y-axis: top-5 accuracy on ImageNet

validation set [49].. . . . . . . . . .. 49
lustration of data-dependency in filter pruning (side view). . . ... ... ... .. 50
Parallel Conv layers Pruning (front view). . . .. ... .. ... ............ 51
Iterative Pruning. . . . . . . . ... .. 54
Ilustration of 1st and 2nd trials, (Batch Normalization and ReLu are not presented

for simplicity). . . . . . .. L 55
Top-1 Accuracy on CIFAR1O0 Test set against Pruning rate. . . . . . ... ... .... 55
Inference time for a batch size of 200 against Pruning rate. . . . . . . ... ... ... 56
Model size against Pruning rate. . . . . ... .. ... ... ... ... .. .. ... 57
Top-1 Accuracy on CIFAR10 Testset against Pruning rate. . . . . . ... ... .. .. 57
Weight distribution for GoogleNet [19]. . . . . . ... ... ... ... ......... 58
Converting real values to integer values [62]. . . . . . .. ... ............. 60
Floating point. . . . . . . . . ... . 62
Fixed point. . . . . . . .. . 62
Convolutional layer: Before and After Graph Transformation [33]. . . ... ... .. 62
[lustration of a quantized computation graph. . . ... ... ... ... .. .. ... 63
Training with simulated quantization [33]. . . ... ... ... ............. 64
Optimized matrix on matrix multiplication. . . . . . . ... ... ... ... ... ... 65
Example of object detection and segmentation [50] . . ... ... ... ... ..... 69
An image with bounding boxes from COCO dataset [44]. . . .. ... ........ 70
RetinaNet network architecture [43]. . . . . . . . . . . ... ... ... ... .. ... . 72
RetinaNet network architecture [43]. . . . . . . . . . . . . .. ... ... .. .. 73
Retinanet-50 - iterative pruning: Precision/Recall. . . . . .. ... ... ... ... .. 73
Size reduction through Iterative pruning. . . . .. ... .. ... ... ... .. .. 74
Activity lifecycle. . . . . . ... 76
Android project organization. . . . . ... ... L Lo Lo 77
The View class and its children. . . . . . . ... ... ... ... ... L. 78
Profiling memory usage on a smartphone . . . . .. ... . ... ... ... ... 80
CPU usage profiling, the application uses 4 threads to perform inference, CPU

peaksat65 % . . ... 80
(a): Launch screen. (b): Image loaded. (c): Inference performed.. . . . . ... .. .. 81



Acronyms

Al Artificial Intelligence. 10

AUC Area Under Curve. 21
BFLOPS Billion Floating Point Operation per Second. 10

CIFAR Canadian Institute for Advanced Research. 34
CNN Convolutional Neural Networks. 28

COCO Common Object in Context. 70

DNNSs Deep Neural Networks. 10

DRAM Dynamic Random Access Memory. 10

IoT Internet of Things. 10

ONNPACK Quantized Neural Networks PACKage. 43
ReLU Rectified Linear Unit. 16

SRAM Static Random Access Memory. 11

YOLO You Only Look Once. 70



Introduction

Deep Neural Networks (DNNs) are nowadays widely employed in a variety of Artificial Intelli-
gence (Al) applications, including computer vision, natural language processing, robotics, and so
on. Whereas DNNs achieve state-of-the-art accuracy on many machine learning tasks, it comes
at the cost of high computation and memory usage. As a result, it is quite challenging to deploy
computing systems like these DNNs on embedded devices such as smartphones, drones, self-
driving cars, and other IoT devices.

Generally, deep learning can be carried out in the cloud or by utilizing high-performance com-
puting platforms, often relying on multiple graphics cards to accelerate the process. Inference
can be performed in the cloud as well, which works fine for non-time-critical workflows. How-
ever, it is now commonly being carried out on a device local to the data being analyzed, which

is known as inference at the edge.

The motivation for performing inference computation at the edge, where the data resides, is that
sending data across the network is expensive and time-consuming. This incurred latency and
cost limit the user experience that could be delivered to the consumer. Removing these barriers
opens up new applications that would otherwise not be possible. Clearly, for real-time appli-
cations such as the detection of defective products in a production line (anomaly detection), it
is important that the result is generated as quickly as possible so that the faulty product can be
quickly discarded. Data security is another area that can benefit from performing inference at the
edge; removing the necessity to transmit personal data across the network reduces the chances

of a malicious user from intercepting it.

That being said, bringing all the computation to end devices comes with numerous challenges,
because of the limited computational resources of the devices. For example, a modern object de-
tection model like YOLO-v3 is 237MB in size, and requires the hardware to deliver 56.45 BFLOPS
to run at 30 frames/second [58]. Running such a large neural network requires a lot of memory
bandwidth to fetch the weights. These weights usually do not fit in on-chip memory. Hence,
they require costly DRAM accesses. To give an insight into energy consumption, take a device

10



that runs on 45nm CMOS technology. In this device, a 32-bit floating-point addition consumes
0.9p], a 32bit SRAM cache access takes 5p]J, while a 32bit DRAM memory access consumes 640p].
The latter type of access is 3 orders of magnitude of an add operation. Running a neural network
with 1 billion connections, for example, at 20fps would require (20Hz)(1G)(640p]) = 12.8W just
for DRAM access [19], on top of that, extensive arithmetic operations also contribute their fair
share in energy consumption. Embedded systems can hardly afford all these demands, and in

many cases, it is beyond their capabilities.

Despite those challenges and constraints, we have witnessed rapid progress in the area of Deep
Neural Networks optimization. In this dissertation, we investigate how to simplify and com-
press DNN models to make them less computation and memory intensive. The most popular
techniques are Pruning and Quantization. They have been able to achieve surprisingly high com-
pression rates and a stunning speed-up with minimal accuracy drop. Plenty of works focus on
both techniques (i.e. pruning and quantization). Han et al. [61] implemented both techniques
in addition to Huffman coding, however their approach requires specialized hardware to work ef-
fectively. Other works introduce more sophisticated variants of pruning, notably those proposed
by He et al. [25] and Lin et al. [24]. Quantization has its fair share of proposals as well. The
most outstanding approach is the one published by engineers from Google Jacob et al. [30] that
is widely adopted. Some quantization approaches do however present a number of practical
downsides [30]. The aim of this project is to explore previous researches conducted in this field
of study and effectively implement Pruning and Quantization, then apply them on a modern

DNN model. The model will then be deployed on an embedded system.

The main contributions of our work can be summarized as follows:

1. Implement two well-established techniques in the field of deep neural networks optimiza-

tion, i.e. Network pruning and quantization

2. Apply these above-mentioned techniques on two contexts: Image classification and object
detection.

3. Compare the performance of the baseline model and the fully optimized model on a smart-

phone ( typical embedded device)

This dissertation is organized as follows:

e Chapter I provides a background on the context of why DNNs are important, their history,
and applications. It gives an overview of the basic components of DNNSs, as well as a brief
presentation of the utilized datasets and the framework which we used for implementation.

11



e Chapter II describes software optimization methods for embedded systems along with the
two aforementioned techniques explained in meticulous detail. It also shows the achieved
results on the optimization of ResNet50 trained on the CIFAR10 dataset.

e Chapter III gives an overview of object detection, then presents the targeted model, Reti-
naNet, as well as the dataset it is trained on. Afterward, it describes the mobile application
development workflow that is used to deploy the backbone model of the object detector
(ResNet50) on a smartphone. Finally, it shows the inference results of the original and the

optimized model on the target phone.

e The conclusion lays out a brief summary of what this dissertation is about. In addition, it
explores the challenges that we faced during implementation. It also explores contributions
that could be made in future works.
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Chapter 1

Deep Neural Networks

1.1 Introduction

The aim of this chapter is to acquaint the reader with the fundamental concepts that constitute
the field of deep learning. This area of research is becoming increasingly fruitful as it is paving
the way for modern machine learning. The information is presented such that each concept
builds on its previous counterparts, going from the single artificial neuron and the biological
analogy to feedforward and convolutional networks. The models of great interest to us are
those that have a deep convolutional architecture like ResNet50. Deep networks have more
parameters and therefore, take more space in memory, which gives a good incentive to compress
them. Convolutional layers are also computationally demanding, which gives a good incentive

to accelerate operations that they perform.

1.2 Neural Networks

Artificial Neural Networks (ANNs) are computing entities that mimic the way biological nervous
systems operate. This similarity can be linked to two main aspects of ANNs. The first one is
based on the observation that much like the nervous system in living beings, artificial neural
networks are comprised of a collection of interconnected computational nodes. These nodes
are also known as artificial neurons; these neurons exchange and process signals between one
another. The second aspect resides in the fact that the network is able to learn and adapt its
behavior according to the input, in order to get as close as possible to the desired output, just
like their biological counterparts.

Out of the huge number of nodes that the network consists of, the ones found at the extremities
are the most notable to us. On one side, the input units are located. They are designed to receive
different forms of information signals from the outside environment. In the training phase, the

network will attempt to learn about these signals and extract residing patterns. The response of
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the network will emerge on the other side, i.e. the output units. In between these extremities,
the rest of the units constitute what is known as the hidden layers, which form the majority
of the neural network. These hidden layers are what makes the network deep. This apparent
characteristic of the network is what popularised the term “Deep Learning” which is the field
of study associated with everything related to ANNs. Figure 1.1 below illustrates the general

structure of a plain neural network.

Neuron

Input Data - Output

-
P =

Output Layer

"i'fi‘.é"??’?"
. &
. 2

Layer 1 Layer N

Hidden Layer

Figure 1.1: An artificial neural network with N hidden Layers [9].

1.2.1 The Artificial Neuron

The understanding of the functional behavior of biological neurons can be relayed to computing
systems in the form of what is known as the artificial neuron. To put it bluntly, an artificial
neuron is an object that can be represented in our computers and with which, far more complex
systems can be built. The artificial neuron can be thought of as a point with multiple connections
that incorporates a function. This function takes the inputs, xi,x2,x3,...,x,, scaled with the
weights wq, wy, w3, ..., w, respectively. These weighted inputs are added together along with a

constant bias b to produce z.
n

= Z wiX;i —|— b (11)

i=1

z is then passed to an activation function to produce the output of the neuron, y.
y=1£(z) (1.2)
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The activation function f illustrated in Figure 1.2 can be linear or nonlinear. In the linear case it

w,
w, 5
) I ——
. )
.
.
w,

Figure 1.2: Artificial neuron in a deep neural network [5].

Y‘1
X,
rIl

can be expressed as:
f(x)=ax+b (1.3)

where a is the slope, and b is the offset (or bias). In the nonlinear case, multiple functions have
been proposed each with its advantages and drawbacks.

1.2.2 Activation Functions of Artificial Neurons
The Sigmoid activation function
This function is defined as:

f(x)zl_i_le_x

The Sigmoid function is differentiable and monotonic, but with a non-monotonic derivative. It

(1.4)

maps the input x to the interval [0;1], where the smaller the value of x gets, the closer it is to
zero. Conversely, the bigger it gets, the closer it is to 1. Figure 1.3 depicts a representation of the
Sigmoid function.

fix) |

T y tr

Figure 1.3: Graph of the Sigmoid function [71].
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Tanh function
The tanh function shares some similarities with the Sigmoid function. It is also differentiable and

monotonic, and with a non-monotonic derivative. The interval it maps to is [—1;1] and it has the
expression:
e —e
(1.5)

f0) = o=

The graph of this function is s-shaped and is represented in Figure 1.4.

1.0F
o

05rf

—10 -5 It 3 10

)
| |k
—0AF
J| -
f

-----—*’—/:.nl

Figure 1.4: Graph of the tanh function [29].

ReLU function
Rectified Linear Unit (ReLU) is a piece-wise linear function (Figure 1.5) that has 0 output if the

input is negative, and the identity output otherwise. This type of activation is preferred in many
models due to the fact that it has a non-saturating gradient, meaning that it does not have the
back-propagation errors that other activation functions like Sigmoids suffer from. On top of
that, the calculations performed during both the training and inference phases are much faster.
This is because the expression of the ReLU function is simple and does not involve complex

mathematical operations like exponential functions (for the Sigmoid).
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output

5

Figure 1.5: Graph of the ReLu function [18].

1.2.3 Feed Forward Neural Networks

In order to be able to treat complex real-life problems, a single neuron will clearly not suffice. If
one looks at the architecture of the artificial neural network, one can easily deduce that it would
be impossible for it to differentiate between complex patterns, like those of handwritten digits, if
it was comprised of one neuron only. So to tackle these kinds of problems, the artificial neuron
is used as a building block for a more complex system. This system is constructed by grouping
multiple neurons in regular structures known as layers, and then stacking these layers against
each other.

The first layer takes in the input information, and the last layer computes the output. The layers
found in the middle who are hidden have the role of extracting patterns. These patterns get
increasingly more complex as we move forward along the network, up until we reach the output
layer.

In Figure 1.6, we observe that between the i neuron in the k' layer and the j" neuron in the
(1;)

k 4+ 1% layer, there is a connection that has a weight of w; ;’ associated with it. This model is called
a feed-forward neural network because the information moves from one layer to the next layer
only. There are no connections between neurons in the same layer, nor are there connections

tha*™* t transmit data from a higher layer to a lower one.

Softmax activation function

The Softmax activation function outputs a vector representing a probability distribution over a
set of mutually exclusive labels. It differs from other activation functions that we have seen
before because the output of each individual neuron in the layer associated with it depends on
the output of the rest of the neurons of the same layer. This dependency is the result of the law of

probability that requires the sum of all outputs to be equal to 1. This is achieved by normalizing
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Figure 1.6: A feed-forward neural network with 3 layers [5].

z and setting the output of the neuron to:

e%i

Yoi = W (1.6)

A good prediction would have one of the entries of the output vector close to 1, whereas the
remaining entries are close to 0. Contrariwise, a bad prediction would have multiple possible
labels roughly equal to the same value. Therefore, Softmax is used specifically for the output

layer of the network.

1.2.4 Training the Neural Network

During the training process, the values of the parameters are gradually learned. The model
parameters, in this case, refer to the weights and biases of each layer. The first phase is the
initialization, where the parameters are assigned initial values. The most trivial method is to
initialize the parameters randomly. Though, this technique is known to slow down or even stall
the convergence process [51]. Many initialization methods have been proposed to circumvent this
problem [51], [63], [68]. The next phase, called forward propagation, occurs when the network
gets exposed to a predetermined amount of training data (batch). The data traverses the entire
neural network until the final layer is reached, at which point, label predictions are delivered.

With these outputs, the loss function that models the error is calculated. The calculation is

18



performed based on a given expression (Cross entropy, mean squared error, etc). After that, an
optimization algorithm is applied to adjust the parameters of the model so as to minimize the
error. The algorithm works by computing the gradient of the loss function with respect to each
weight, computing the gradient one layer at a time, propagating backward from the last layer
up to the first layer. This phase is called the pack-propagation phase. When all the weights and
biases have been successfully updated, the whole process is repeated for another incoming batch,
until all the training dataset has been entirely traversed, in which case, one epoch of training is

achieved.

Optimization Algorithms for Deep Learning

The entire premise of model training relies on optimization algorithms, these are used to adjust
the parameters of the network such as weights and biases, with the objective of reducing the
error in the output. The errors are modeled by a loss function L(6,T) where I' is the complete
training dataset, and 0 is a vector representing the parameters to optimize. The end goal is to
find the values of the parameter vector 6 that would minimize the value of the loss function. This
is mathematically described as:

6= argmein L(6,T) (1.7)

The way weights are updated is different depending on the optimization algorithm used.

Vanilla Gradient Descent

This optimization algorithm is the most basic among optimizers, but also the most widely used.
This is especially true for linear regression and classification problems. It is a first-order optimizer
which depends on the first-order derivative of the loss function. The model variable vector 6 of
the current iteration 7 is calculated as follows:

0(0) ==Y —» VoL(6V;T) (1.8)

In the equation above, VoL(08(7);T) is the first-order derivative of the loss function with respect
to 0 based on the complete training set, and # denotes the learning rate. This iterative process is

perpetuated until convergence over a minimum is achieved.

Stochastic Gradient Descent

One of the cons of the vanilla gradient descent algorithm is that the loss function is computed
over the complete training data set, which is very slow and inefficient if the dataset is large.
To circumvent this problem, the stochastic gradient descent updates the model’s parameter vector

more frequently. In this algorithm, the parameter vector is altered after the loss function is
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calculated in each training example. This way, the stochastic gradient descent can be much
quicker than its vanilla counterpart. But it comes at the cost of heavy fluctuations of the loss
function throughout the updating process. The updating process is described as follows:

9(t) — g(t=1) _ 17.V9L(9(T_1); (xi, i) (19)
where L(0(; (x;,y;)) designates the loss introduced by the data sample (x;, ;).

As mentioned previously, the stochastic gradient descent may fluctuate on multiple occasions,
but this can sometimes be helpful, in the sense that it could give this algorithm the ability to jump
out of a local minimum. A good way to approach this is to manually select a small learning rate
n and gradually decrease its value as more epochs are completed. This way, the convergence to
the local or global minimum is much more likely.

Mini-batch Gradient Descent

This algorithm can be thought of as middle-ground between the vanilla gradient descent and
the stochastic gradient descent. In this instance, the model parameters are updated in each

mini-batch B which is a subset of the complete dataset. Formally,

00 =01 — oL (6" V); B) (1.10)

The Concept of Momentum

To reduce high variance and soften the convergence in the stochastic and mini-batch gradient
descent algorithms, Momentum has been introduced [54]. It accelerates the convergence towards
the relevant direction and reduces the fluctuation that is irrelevant. Momentum is mathematically
modeled with the help of one more hyper-parameter p and the parameter vector is updated
within each iteration as follows:

00 == 1) —y AV (1.11)

where AV(D) = pAV(™1 4 (1 — p).VoL(8(™"1) and 7 is the current iteration.

1.2.5 Testing the Neural Network

Before the training process, the available dataset is split into three sets: The training set, the
validation set, and the test set (Figure 1.7).
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Train Validation Test

Figure 1.7: Visualization of the data splits [70].

Train dataset

This is the actual dataset that is used for the training process explained in Section 1.2.4. Batches
of this dataset are fed to the model to adjust its parameters and reduce the training error as much

as possible.

Validation dataset

This dataset is used to provide an unbiased evaluation of a model trained on the training dataset.
The validation process can be performed multiple times while varying the model’s hyperparam-
eters, so as to improve its effectiveness even more. The evaluation on this dataset becomes more

biased as more training-validation cycles are performed to find the optimal hyperparameters.

Test dataset

The test dataset provides the gold standard for model evaluation. It is only used once a model
is completely trained under optimal hyperparameter values (that result in the smallest error on
validation set). The test set is generally carefully selected. It contains samples that span the

various classes that the model would face when used in a real-world scenario.

1.2.6 Evaluation Metrics

After preparing and implementing a deep neural network, using whatever approach suited for
the targeted classification problem. The next step is to evaluate how effective the model is based
on some metric using test datasets. There are different performance metrics used for classification
problems such as Accuracy, Log-Loss, AUC (Area Under Curve), precision, recall, etc. The choice
of metrics to evaluate the effectiveness of the model is very important because it can give us some
insights regarding how the model stacks up with respect to the other models. These metrics also
rely on the type of problem at hand.

21



Confusion Matrix

A confusion matrix is used in describing a classification model in terms of its performance, which
is measured on a set of testing data for which the true results are established and defined by the
experts.

The confusion matrix describes the performance of a classifier on a set of test data for which the
true values are known. If we take an example of a binary classifier for the sake of simplicity
(though, it can easily be extended to more than two classes) which predicts two classes, either
positive (1) or negative (0). To measure the performance of such a classifier, it is important to
distinguish four basic terms:

1.True Positives (TP): Refer to the number of cases in which the actual class of the input data
was 1 (True) and the prediction of the network is 1 (True) as well.

2. True Negatives (TN): Refer to the number of cases in which the actual class of the input was
0 (False) and the prediction of the network is 0 (False) as well.

3. False Positives (FP): Refer to the number of cases in which the actual class of the input was 0
(False) but the predicted value by the network is 1 (True).

4. False Negatives (FN): Refer to the number of cases when the actual class of the data point was
1 (True) but the predicted is 0 (False).

Table 1.1 gives a concise illustration of how a confusion matrix can be represented:

Table 1.1: Confusion matrix for two classes.

Predicted: class 0 Predicted: class 1
Actual: class 0 TN FP
Actual: class 1 FN TP

Ideally, the model ought to give 0 cases of false positives and 0 cases of false negatives. Which is

equivalent mathematically to a diagonal confusion matrix.

Accuracy is one of the metrics that are often used, and it represents the rate of correctness of a

neural network, it is defined as follows:

TP+ TN
TP+FN+TN+FN

Accuracy = (1.12)

Precision represents the percentage of the results that are relevant and are correctly classified

by the neural network.

TP
Precision = ———— 1.1
recision TP+ EP (1.13)
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Recall represents the relative number of total relevant results that are correctly classified by the

neural network.
TP

TP+ FN

Sometimes a higher priority is given to maximizing precision, while at other times, maximizing

Recall = (1.14)

recall is more important. But to include both of these metrics in a single quantity for ease
of comparison between models, the Fl-score has been proposed. It is the harmonic mean of

precision and recall:

Precision x Recall
F1-S =2 1.15
core % Precision + Recall ( )

1.3 Convolutional Neural Networks

Convolutional neural networks (CNNs) are a class of deep neural networks characterized by
their shift, scale, and distortion invariance [38]. They have been proven to be excellent in real-
world problems involving computer vision, and natural language processing [34], [64], [79].
These are attributable to their architecture that inherently incorporates local connectivity, shared
weights, and sub-sampling. These properties are achieved through the use of a combination of

convolutional layers, pooling layers, as well as fully connected layers.

1.3.1 Convolutional Layer

The convolution layer is a fundamental building block of the CNN model. Its main function
is feature extraction. It takes an input in the form of a tensor® know as input feature maps,
and produces a tensor of activations (output feature maps). Typically, it combines linear and

nonlinear operations, namely, a convolution operation followed by an activation function.

2D-Convolution

The 2D-convolution is a fairly simple operation. It starts with a kernel, which is simply a small
matrix of weights. This kernel ”slides” over the 2D input data, performing an element-wise mul-
tiplication with the part of the input it is currently on, and then summing up the results into a

single output pixel. This operation is often referred to as a scalar product.

The kernel repeats this process for every location it slides over, converting a 2D matrix of features
into yet another 2D matrix of features. The output values are essentially the weighted sums (with
the weights being the values of the kernel itself) of the inputs taken from its receptive-field".

Figure 1.8 shows an example of a 2D-convolution.

?N-dimensional array of values.
bthe region of the input space that affects a particular the output pixel.
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Figure 1.8: 2D-convolution operation.

All the output pixels share the same weights and together, they form a feature map. This weight
sharing property grants the convolution the ability to extract basic local visual features such as
edges, corners, and end-points (Figure 1.9). These local features can then be exploited by sub-

sequent convolutions to detect higher-order local features. The term local here is very important

because it leads to robustness against the spatial shift of these features in the image.

(b)

Figure 1.9: (a) : fully connected layer (b): locally connected layer (convolutional) [46].

The kernel in the convolution described above cannot overlap the elements found in the borders
of the input image. As a result, the output feature map has a height and width smaller than
those of the input. To address this issue, the zero-padding technique is used. With it, rows and
columns of zeroes are added on each side of the input image. This way, the border elements
can be overlapped by the kernel (Figure 1.10). Thus, the height and width dimensions of the
input can be preserved. In modern CNN architectures, zero padding is employed to retain input
height and width in order to apply more layers. Without zero-padding, the feature maps would
get smaller after each convolutional layer. The distance between two consecutive kernel positions
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is known as a stride. The usual choice of stride is 1. However, a larger stride is used at times
to perform downsampling (i.e. reduction in the size of the input) of the feature maps. The
dimensions (height or width) of a f X f x 1 feature map can be calculated with the formula:

_n+2p—k

f s+1

(1.16)

where:

s is the stride size
p is the padding size

Figure 1.10: Examlpe of zero padding [72].

Convolution in a Convolutional Layer

In general, a convolution layer will transform an input into a stack of feature mappings of that
input (output feature maps). The 2D-convolution operation is repeated by convolving multiple
kernels on the input feature maps. The results are summed to produce a single output feature
map, as shown in Figure 1.11. Kernels stacked against each other form a filter. The components
of a filter (kernels) are called channels. The filter is trained to extract unique features from the
input feature maps of the convolutional layer. Thus, the filter depth (number of channels) must
match that of the input. For example, a filter with 6 channels will be convolved with 6 input
feature maps to produce a single output feature map (Figure 1.11).
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Figure 1.11: Generation of output feature maps by convolving filters with input feature maps.

Convolutional neural networks do not learn a single channel; they, in fact, learn multiple fea-
tures in parallel for a given input. Essentially, the number of channels in a convolutional layer

represents the number of output feature maps.

The convolution operation is defined by two important hyperparameters: The kernel size and the
number of channels. Usually, the former is 1 x 1, 3 x 3, or 5 x 5. The latter is defined during the
construction of the model, where each convolutional layers contains a predetermined number of

channels.

Point-wise Convolution

It refers to a convolution of kernel size 1 x 1. At first thought, it may seem futile to construct a
convolution layer with only one scalar in each of its filters, but it turns out that this operation is

very useful as it allows for:

e Depth control of the input feature maps, as they are passed to the subsequent layer. The
depth can be either expanded or shrunk. This control is attained by appropriately choosing
the number of channels. As for the width and height dimensions, they can be controlled by
adjusting channel sizes and padding parameters, or even by adding a pooling layer (Section

1.12) in some instances.

e Reduction of the computation intensity by decreasing the dimensions. This is especially
useful when the model contains convolution layers of channel sizes larger than 1 ( 3 x 3,
5 x5, ... etc). By adding a 1 x 1 convolutional layer that decreases the depth of feature
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maps before a large channel size layer, calculation speed improves greatly. After that,

another point-wise convolutional layer can be added to restore the original depth.

1.3.2 Batch Normalization

One problem that emerges during the training phase of the model is that of the internal covariate
shift, which happens when there is a change in the input distribution of feature maps. In reaction
to this change, the hidden layers try to adapt to this new change throughout the training. The
problem is that this shift occurs from one input batch to the next, so in each time, the weights
are adjusted according to the new distribution. This can drastically slow down convergence to
a minimum of the cost function. To solve this problem, the batch normalization technique has
been proposed [28], in which the input mini-batches to the layers in the convolutional neural
network are standardized. Therefore, stabilizing the learning process and substantially reducing
the required number of learning epochs. During training time, the batch normalization layer

performs the following;:

1. Calculate the batch mean pp and batch variance 03 of the input tensor with m elements:

1
“LLB = E le' (117)

1 m
o=~ 3 (xi—pp)? (1.18)
2. Normalize the input tensor’s elements using the previously calculated batch statistics:

5= S HB (1.19)

\/ 053 +e€

where € is a small constant used to avoid division by zero (usually 10~°)

3. The output tensor elements of the layer are shifted and scaled versions of the input tensor
elements:
yi=7%5i+p (1.20)

v and B are learned during training along with the other parameters of the model.

During inference, the batch mean and batch variance values are fixed. They are an estimation of

the previously computed means and variances of the training batches.

27



1.3.3 Pooling

Another important element of a convolutional neural network is the pooling layer. This layer is
obtained through the application of a pooling operator with the goal of aggregating information
within each region found in the input feature maps. The results are then down-sampled. In other
words, it tries to preserve the more useful information and at the same time, it discards details
that are irrelevant. This has the effect of reducing the dependency of the distinctive features to
their position in the image. The deployment of this type of layer in CNNs aims at achieving some
degree of invariance when the patterns that are sought after change in position or their lighting

conditions change.

Feature pooling also increases the robustness to clutter and renders the representation more
compact. In the output of the layer, the resolution of the input feature maps is decreased by
pooling over local neighborhoods on the feature maps that the previous layer outputs.

In CNNs, two pooling techniques are usually used: max pooling and average pooling. In the

max-pooling technique, the largest value in each pooling region is selected, formally:

i = max Xj (1.21)
V¥ (pa)€R;; P
Where yy;; is the pooling operator output associated to the k" feature map, and Xy, is the value
at (p,q) in the R;; neighborhood of the position (i, f).
In the average pooling layer, the output is the average of the elements belonging in the neighbor-
hood region R;; of the position (i, ):

Ykij = R Y Xk (1.22)
ij .
Figure 1.12 depicts an example of a matrix that get down-sampled by pooling its elements using

either max pooling or average pooling;:

1.3.4 Putting it all together

The CNN model is going to be containing different versions of the layers mentioned in the previ-
ous subsections, and the way they are connected to one another differs also from a convolutional
neural network model to another. In general, the input image will go through a series of con-
volutional layers, pooling layers, fully connected layers, and in the end, a softmax function is
applied to classify an object by delivering a probability vector.
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Figure 1.12: Top-right: max pooling, bottom-right: average pooling [67].

Figure 1.13 illustrates a typical CNN architecture designed for images classification. It com-
prises a feature extraction block composed of convolutional layers and a classification block that
contains fully connected layers.
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FEATURE LEARNING CLASSIFICATION

Figure 1.13: Convolutional neural network architecture [8].

1.4 Residual Neural Networks

Deep residual networks are considered to be a major breakthrough. This is because not only
do they enable the design of much deeper networks, but also circumvent the problem usually

associated with them. Specifically, the vanishing gradient problem [4], [15].

In general, deeper networks are capable of extracting more complex features from the input data
[65], [69]. This naturally leads to better performance, yet experiments showed that if the model
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gets too deep, the training error increases. Therefore, performance starts to degrade rapidly [22],
[66]. This is where residual blocks were proposed as a remedy to this apparent degradation [23].

The alleviation of the deep networks training problem came with the introduction of a new
structure called the residual block.

X
A
weight layer
f(x) ! relu <
weight layer identity
Flx)+x &

relu

Figure 1.14: Structure of a residual block: a direct path, and an identity mapping [23].

Figure 1.14 above illustrates the most important contribution of the residual block: the addition
of a skip connection also referred to as identity mapping. This connection is devoid of parameters
and it takes the input x to directly add it to the output of the current convolutional layer F(x). The
Skip Connections between layers results in the ability to train much deeper networks than what
was previously possible. To eliminate the potential problem of unmatched dimensions between
the feature maps x and F(x), a linear projection is applied to the identity mapping in order to
expand or shrink the channels of the shortcut, thus, allowing for the possibility to combine x and
F(x) as inputs that get fed to the subsequent layer. Formally, this process can be described by:

y = F(x, {Wi}) + Wsx (1.23)

where F(x, W;). is the direct path that contains numerous convolution layers, whose weights
are represented by W;, and Wsx is the shortcut path, with W; being the linear projection that
matches the dimensions of the input x to that of the output of the direct path.

ResNet model

A ResNet model contains four major layers. Each layer contains a predefined set of bottlenecks,
and each bottleneck is composed of a direct path and a shortcut path. In the direct path, three
convolutional layers are stacked on top of one another, along with their respective batch normal-
ization and activation layers. The number of bottlenecks dictates the number of total layers in
the model. For example, in ResNet 50, the number of bottlenecks is distributed among the four
major layers according to Table 1.2

In some bottleneck modules of the network, the output of the 3 x 3 convolution is expanded
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Table 1.2: Distribution of bottlenecks in Resnet50.

Layer N° of Bottlenecks

1 3
2 4
3 5
4 3
input input
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Figure 1.15: (a): bottleneck with no expansion; (b): bottleneck with expansion [8].

(Figure 1.15 (b)). The 1 x 1 convolutional layer that follows plays the role of a linear projection
as it takes the set of output feature maps of dimensions [C,D, H, W] and expands it to [C
f,C,H,W| where f is the expansion factor which, in the case of ResNet50, has the value of 4.
This set of four major layers is sandwiched between a 7 x 7 convolutional module at the input
side, and a fully connected module at the output side.

The overall architecture of ResNet50 is illustrated in Figurel.16.

ResNet50 has been the subject of our experiments that involve optimization using pruning and
quantization. Subsequently, the performance results of the baseline model and the optimized
model are contrasted and discussed in the next chapter.
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Architecture of ResNet50 model
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Figure 1.16: Architecture of ResNet50 [53].

1.5 Datasets

In this section, the image datasets that have been involved in our project are presented:
1. ImageNet the dataset that ResNet has been originally trained on

2. CIFAR-10, the one that we used in our experiments which also has a variant of ResNet.

1.5.1 ImageNet

ImageNet is a huge database of images organized and labeled in a hierarchy. The aim of its de-
sign is to establish a common set of images dedicated to computer vision research. This dataset
has played and is still playing an important role in the fast advancement regarding the field of
computer vision [60]. The idea of assembling labeled images for research purposes came in 2006
at the University of Illinois Urbana-Campaign. By that time, the lexical database WordNet used
for natural language processing was already mature. It was regarded as a well established and
reliable database. As a result, its hierarchical structure was adopted for ImageNet.
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Figure 1.17: Example of a hierarchy of the concept: Carnivore.

Figure 1.17 showcases an example of a hierarchy of synsets that revolve around the Carnivore
concept. In WordNet, each meaningful concept is potentially described by a multitude of words
or word phrases. This concept is referred to as a synonym or a synset. WordNet contains over 100
thousand synsets. A big portion of them are nouns, which amount to approximately 80 thousand
synsets. The creators of ImageNet set the goal of providing at least 1000 images for each of these
80 thousand words. So far, researchers have been able to gather over 14 million labeled images
across more than 21,000 synsets. Figure 1.18 depicts some examples of the synsets that have the

Canine synset as a distant parent.
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Figure 1.18: Classes that belong to the Canine synset.
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1.5.2 CIFAR10

CIFAR-10 dataset is a collection of low-resolution images that make it possible for researchers to
quickly deploy algorithms, test them, and observe the results. CIFAR-10 comprises 60,000 images
with a fixed size of 32x32. These images are distributed among 10 mutually exclusive classes with
6000 images for each class. A subset of 50,000 images is reserved for training and structured in a
way such that we have 5 training batches containing randomly-selected images from each class.
It is important to note that the training images are not distributed evenly amongst the 10 classes.
Some training batches contain more images from one class than another. As for the testing set,
it contains exactly 1000 randomly selected images per class. Figure 1.19 shows 10 sample images
for each of the 10 classes of the dataset:
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Figure 1.19: Sample images of the CIFAR-10 dataset [1].
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1.6 Pytorch Deep learning framework

When it comes to implementing machine learning algorithms, one must make use of a Deep learn-
ing framework to make development easier. A deep learning framework is an interface, library, or
a tool which allows us to build deep learning models more easily and quickly, without getting
into the details of underlying algorithms. It provides a clear and concise way of defining models
using a collection of pre-built and optimized components.  Pytorch! is an open-source frame-
work. It has been developed primarily by Facebook AI Research lab (FAIR) in 2016. It is built
to be flexible and modular for research, with the stability and support needed for production
deployment.

Pytorch applies a graph-meta programming based approach — the executive code for defining
layers, composing models, loading data, and running optimizer are all expressed by general-
purpose programming. Such a design ensures that any new neural network architecture can be
easily generalized and implemented with PyTorch. We have chosen Pytorch over other frame-
works such as Tensoflow? because, as the latter relies on the non-intuitive computational graphs,
PyTorch shares many similarities with imperative programming languages that us, electronics
engineers, are more familiar with. Additionally, its pythonic style made it more intuitive to use

and easier to learn.

1.7 Conclusion

This chapter presented general information regarding deep neural networks, starting with the
most basic building block, the neuron, and going through the different constituting layers, their
characteristics, and usage in the network, we also talked about the training phase since some of
the methods presented later on involve adjusting the weights in a process known as fine-tuning.

One particular layer of interest to us is the convolutional layer. It is notorious for being computa-
tionally expensive and hard to parallelize. This is largely due to its implementation being serial
in nature [48], optimizing this layer will result in an impressive improvement in inference time
using a residual-block-based model, i.e. Resnet50. We tried to keep the material presented in this
chapter as relevant as possible so as to not diverge from the focus of our dissertation, which we

shall explore in detail in the following chapters.

Pytorch!: Official Pytorch website: https:/ /pytorch.org/
Tensoflow?: Official Tensorflow website: https:/ /www.tensorflow.org /
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Chapter 2

Optimization Methods

2.1 Introduction

In this chapter, we first and foremost explore the literature concerning the advancements made
in the general field of code optimization. The methods involved apply universally to any soft-
ware source code, including deep neural network implementations. Afterward, we treat in great
lengths the two principal components of our work: Network Pruning and Quantization. We
discuss the principles governing them, lay out the state-of-the-art progress, and implement them

on our framework of choice.

The convolutional model on which these methods are applied is ResNet50. We have chosen this
model for two main reasons. Firstly, it offers excellent classification accuracy on datasets like Im-
ageNet and CIFAR10. Secondly, many researchers use ResNet50 as a backbone upon which their
own model proposals are built, case in point, the RetinaNet model designed for object detection,
that we will explore in Chapter 3. As for the dataset, we have opted to conduct the experiments
on CIFARI10 instead of ImageNet since it is a relatively small collection of low-resolution im-
ages, something which renders it very convenient for us. It makes it possible to quickly test and

fine-tune the model that goes through the optimization pipeline.

2.2 Software Optimizations for Embedded Systems

Contrary to traditional computers like PCs, laptops, or servers, embedded systems operate
under arduous restrictions when it comes to resource availability. Some micro-controllers have
word-lengths of only 8 or 16 bits and have to read from or write data to a small-size memory.
In addition, the entire system runs on a clock speed in the tens of Megahertz. However, if the

system is not constrained enough, sometimes it must fulfill additional requirements.
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The example of real-time systems comes to mind, where they have to finish computations, and
deliver the results before the next batch of data arrives.

These systems have to also be energy efficient, and follow stringent constraints with respect to
size and weight. Which is why optimization plays an important role in the process of designing
an embedded system. The software that runs on this type of system needs to fulfill all require-
ments with the scarce resources that are at its disposal. There are some optimizations that need
to be considered by the programmer, while others can be directly handled by the compiler. This
section covers most of the two types.

2.2.1 Prior to Optimization in the Compiler

Determining functional accuracy prior to beginning the optimization process is paramount. A
baseline function needs to be established by generating tests in order to enable easy identification
and localization of potential errors that occurred when optimizing the program. These errors
can be induced through incorrect changes in the code done by the programmer, or through an
extremely aggressive optimization by a compiler. Figure 2.1 showcases the basic workflow of
software optimization.

Build Generate Optimize = Check
tests outputs

Figure 2.1: The optimisation process.

The Profiler
The profiler is a tool that performs dynamic analysis on the program source code or its executable
binary form. Not only can it measure memory and time complexity, but also monitor the usage

of particular instructions of interest, or the duration and frequency of function calls.

Software profilers rely on a number of different techniques which include event-based, statistical,
instrumented, and simulation methods. If the programmer wants to optimise the code for speed
for example, he/she can use the profiler to analyse where cycles are spent, to determine critical
regions in the code, and to proceed with the optimisation process.
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Below is an example of C code to be optimised:

int x=0;

int y = 2;

zZ = 2%y;

for (int i = 0; i < 50; i ++) {
X =X + z;

}

printf ("value of x is %d",x);

One can determine with simple visual scrutiny that the program above spends more than 90% of
its execution time in the for loop (lines 4-5). Thus, optimization in this region can significantly
improve the running speed of this code. In our case, we use the profiler in the embedded
system application to monitor the CPU, and memory usage. Further details are given in the later

sections.

2.2.2 Optimizing Software for Performance

These techniques focus more on improving execution speed with no regard to code size in the

memory.

Data-types and Intrinsics

Leaning the sizes of different data types on the core prior to starting to write code is very impor-
tant. Opting to store data in one type over another can have drastic performance implications,
and a lot of it has to do with the compiler. It is required to support all the necessary data-types
so it will try to find a workaround if a data-type incompatible with the hardware is fed. For
example, a CPU may not support 32-bit multiplication. Writing code that involves this operation
will cause the compiler to generate a sequence of instructions to construct 32-bit multiplication

using 16-bit operations that the CPU supports.

Intrinsics are functions native to the target hardware. They represent a way to express some op-
erations that are not possible or practical to express in a low-level programming language like
C. Intrinsicts can be combined with custom data types that allow for the use of non-standard
data sizes or types. They can be used to access application-specific instructions that cannot be
generated automatically from ANSI C! by the compiler. At first glance, they appear to be func-
tion calls, but what actually happens is that the compiler will replace them with the intended
sequence of instructions that perform the custom operation. Thus, calling overhead is virtually
non-existent. Examples of hardware-specific features accessible through intrinsics include:

ANSI C!: a collection of successive standards for the C programming language published by the American National
Standards Institute (ANSI)
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e Arithmetic saturation.
e Fractional types.

¢ Enabling/disabling interrupts.

Pointers and Memory Access

Some embedded specialized processors like DSPs are capable of loading multiple data values
through buses to ensure that all the arithmetic units are kept busy. These operations are called
multiple data moves. During the process, adjacent values are moved in from memory to the
processor registers. Usually, a compiler aligns variables in memory according to their access
width. To leverage multiple data moves, the data has to be placed in a higher alignment. In
other words, to load two 16-bits values at once, the data must be aligned to 32-bits in a memory
that supports 32-bits word lengths. In our work, after quantizing a neural network from 32-
bits floating-point precision to an 8-bits integer value, the QNNPACK library [11] is capable of
ensuring an alignment of four 8-bit values in a single 32-bit GPR in the ARM processor.

One important thing that the programmer needs to keep in mind is pointer aliasing. If pointers
are to be used in the same piece of code, great care must be given to avoiding pointers that direct
to the same memory location. If this is guaranteed never to happen, the compiler can ensure

accesses to memory locations pointed to by those pointers in parallel.

int *a; a—r;*—b

int *b;

Figure 2.2: Aliasing: Two pointers that store the same memory address.

If pointer aliasing cannot be guaranteed not to happen, the compiler will assume that pointers

could alias, and parallel access is avoided. Otherwise, a fatal run-time error could occur.

General Loop Transformations

The optimization techniques that are presented in this section are critical in taking full advan-
tage of processors with modern multi-ALU architectures. A modern compiler has the ability to

perform most of these optimizations, if possible, even simultaneously.

Loop Unrolling

The unrolling is a type of code transformation in which the body of the loop is duplicated multiple
times. Each copy of the loop can be slightly tweaked, and different registers can be used in each
case. If the loop performs N iterations originally and gets unrolled K times, instruction level
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parallelism (ILP) can be achieved, the execution speed is increased by a factor of K [26]. For
example, the following loop,

for(int i=0;i<100;i++)
alil=2;

is unrolled by a factor of 4.

for(i=0;1<100;i+=4){
alil=2;
ali+1]=2;
ali+2]=2;
ali+3]=2;

By using this code transformation, the execution is speeded-up by a factor of 4.
Multisampling Partial Summation

This iteration method maximizes the usage of ALUs units during execution. The output values
that share common input source data values are calculated in parallel. Multisampling extends to

any signal-processing calculation that has the form:

M
yln] = ) x[n+ m]h[n] (2.1)
m=0
If the outputs y[n] are independent of each other, and at the same time, their inputs overlap, then

they can be calculated simultaneously. Thus, calculation time is considerably reduced.

In partial summation, one output sum is divided into numerous smaller sums, which are added
at the end. Like multisampling, partial summation enables us to leverage parallelism inside the
processing unit. However, unlike multisampling, partial summation is prone to errors since serial
dependency between the partial sums is broken.

These unrolling and partial summation methods forms the basis of convolution optimization
in deep neural networks, since convolution can be implemented using nested loops, which are
optimized using a GEMM-based algorithm [48]

2.2.3 Optimizing Software for Memory

Software optimization for memory designates the process of reducing code size in order to make
it fit into a smaller memory location than it did originally. In this section, we will cover the two
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techniques for compacting code: The pattern-based procedural abstraction approach, and the
multiple-memory access approach [31]. But before we delve into the details of these methods,
some key concepts need to be cleared in order to better understand the optimization process.

Control Flow and Data Flow Graphs

The control flow graph (CFG) is a representation of a program that involves specifying the paths
that might be traversed in the code during execution. In a control graph structure, each node
denotes a sequence of instructions without any jumps or jump targets. The block of instructions
that fulfill this requirement is called a basic block. A basic block starts after a jump target and
ends after a jump. The edges in the CFG represent the flow of control between blocks.

(a) (b)
(© (d)
Figure 2.3: Examples of control graphs; nodes represent basic blocks, edges represent flow of control [76]

The DFG (data flow graph) follows the same representational pattern as the CFG. The difference
is in the edges. In the case of DFG, they represent the flow of data between blocs.

Program Dependence Graph

The program dependence graph fuses the control flow and data flow graphs into one single rep-
resentation. The nodes still represent sequential instructions. But the edges comprise two types,
one for representing the passing of control from one block to another, and one for representing
relevant data flow relationships between blocks. This approach combines the most important
aspects of a program and therefore, has some advantages. The main leverage is that there is only

one data structure to hold and maintain in the compiler. Therefore, many optimizations can be
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carried out within a single walk of the PDG and optimizations that required complex analysis of
CFG and DFG are achieved more easily (vectorization [3]).

Procedural Abstraction

This method involves reducing code size by replacing similar code occurrences with compiler-
generated functions. While this can be achieved by directly analyzing the program source code,
a graph representation is much more pertinent because of the normalizing effect graph represen-
tations like the PDG, which increases the probability of finding similar patterns in the program
structure. The average code size reduction using this approach in non-object-oriented program-
ming languages is up to 30% [35]. Algorithm 1 describes the procedure.

Algorithm 1: Procedural Abstraction Algorithm.

input : Program P
output: A semantically equivalent P’ program with reduced size

Method:
START: Generate all patterns in P ;
Find a pattern 7r with greatest benefit ;

if 7 is found then
generate abstract f7 function ;
insert calls to f2 at every occurence of 7 ;

remove now-redundant nodes ;
go back to START

else
L end ;

Multiple Memory Access

Multiple memory access refers to the process of loading and storing data using two or more
registers simultaneously. Numerous modern microprocessors use MMA instructions for the pur-
pose of reducing code size. These instructions include multiple loads and stores like the LDM
and STM instructions found in the ARMV?7 series of microprocessors. These allow for a sig-
nificantly more compact code by making it possible to express a large set of registers with few
instruction word bits. For example, the ARMV?7 processor uses only 16 bits to encode up to 16
register loads ( 512 bits if the LDM is not used) [35] The MMA algorithm looks for potential
candidate load/store instructions that can be replaced by MMA instructions.
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2.24 Optimization with Pytorch mobile

In recent years, many platforms and frameworks have been introduced by the major tech-
nology companies intended for machine learning applications on mobile systems. Facebook’s
solution goes under the name of Pytorch Mobile! . It is a portable version of Pytorch capable of
supporting fully-fledged end-to-end workflows, going from project development using Python to
deployment on mobile operating systems like IOS or Android. It provides APIs for preprocess-
ing, as well as the integration routines required for a successful machine learning incorporation
in mobile applications. It also comes with built-in support for QNNPACK quantized libraries, as
well as support for ARM-based CPUs.

ONNPACK library

QNNPACK (short for Quantized Neural Networks PACKage) is a library specifically optimized
for mobile systems. Its main design purpose is the acceleration of neural network inference at a
minimal cost of precision loss. This library presents an algorithm called the “indirect convolution
algorithm” [10] which is a modified version of the GEMM-based algorithms [6]. Additionally, it
offers support for quantized 8-bit tensors and 8-bit tensor operations which improve inference
time even further. In the next chapter, we will deal with quantization in the QNNPACK library,

but for now, our focus is on how the convolution operation is accelerated.

Most computer vision architectures are built upon convolutional layers with large filter sizes.
These layers are notorious for their computational intensity [48]. If they were to be implemented
directly, it would mean the involvement of many multiply-add operations that are associated

with every loaded element, something which would make inference on edge devices impractical.

Recently, the trend is heading towards using several other types of convolution that do not lever-
age fast convolution algorithms, for example, 1 x 1 convolutions. Others also include grouped,
strided, dilated, and depth-wise convolutions. In addition to that, they have a low arithmetic
intensity which reduces the required memory bandwidth for their utilization through the ex-
ploitation of their low-precision computation capabilities.

Matrix-Matrix multiplication

In Figure 2.4, matrix A ( M x K) is multiplied by matrix B (K x N) to produce matrix C (M x N).
One of the optimizations that QNNPACK provides is found in matrix multiplications. Instead
of calculating each element in the output matrix C one at a time, several rows and columns of A
and B respectively are considered, meaning, MR elements of A and NR elements of B are loaded

and MR xNR multiply-accumulate operations are performed. This would avoid the case where

Pytorch Mobilel: Official website: https:/ /pytorch.org/mobile/home/
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the processing unit becomes bottlenecked by memory or cache bandwidth, and the performance,
in this case, is solely dependent on the computational power of multiply-add units.

B
c A
B
A
= X
cl.

Figure 2.4: left: traditional matrix multiplication; right: QNNPACK matrix multiplication. [11]

Convolution with QNNPACK

For a convolution with 1 x 1 kernel size, direct matrix-matrix multiplication is performed. But
this is not the case for convolutions with larger strides, padding, or kernel sizes. These more com-
plex convolutions can be performed by mapping them to matrix-matrix multiplications through
the use of a transformation called im2col, which aligns the data in such a way that the convolution

operation can be achieved using matrix-matrix multiplication.

This technique is much more efficient because, in traditional element-wise convolution, a lot of ir-
regular memory accesses need to be called. Im2col arranges the data so that memory accesses are
regular, which improves speed drastically. But this comes at the price of a significant overhead
because for each pixel value in the output, im2col copies segments of the input image required
to compute it. And given that each pixel is dependent on kj, x ki, x C input pixel, (k; and k;, are
the kernel’s height and width respectively, C being the number of channels in the input image),

the resulting buffer matrix is kj X k;, times bigger than the input image.

In QNNPACK, a more efficient algorithm is implemented. The multiply-add micro-kernel is
adapted to perform im2col transformation on the fly. Instead of copying actual data values from
input images to the im2col buffer, a buffer of pointers is created where each pointer stores the
address of the input data on which the output pixel depends. The pointer buffer, also called
indirection buffer, eliminates the overhead of im2col transformation. Figure 2.5 depicts a visual
comparison between the GEMM-based (im2col-based) approach, and the QNNPACK approach.
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Figure 2.5: Addition of the indirection buffer [11].

Depthwise convolutions with QNNPACK

QNNPACK provides a separate implementation for depth-wise convolutions which has a vastly
different computational pattern in comparison to normal convolution. Depth-wise convolution
is a special case of the broader concept called grouped convolution, where the input and output
channels are split into several groups. Each group is processed independently. In the edge case,
when the number of groups equals the number of channels, the convolution is called depth-wise.
This latter type of convolution is used commonly in state-of-the-art neural network architectures.
It carries out spacial filtering of each channel independently in a way that does not resemble

normal convolution.

QONNPACK includes a highly optimized version of 3 x 3 depthwise convolution (Figure 2.6).
The QNNPACK implementation achieves a high performance, and one of the reasons is that
it perfectly utilizes general-purpose registers (GPRs) in order to unroll the looping over filter
elements, and at the same time, avoid reloads for address registers in the hot loop.

In the 32-bit ARM architecture, 14 GPRs are implemented. In 3 x 3 depth-wise convolution,
the most frequently used in mobile-based neural networks, 9 input rows and 9 filter rows are
required. Thus, a total of 18 addresses must be stored to fully unroll the loop. Since the filters do
not change at inference time, their previous shape of C x kj x ky, is packed into the new shape
£ X ky X ky x 8. Where C is the number of channels, k; and k;, represent the channel height and
width respectively. With this repacking, only one GPR is used, and all filters are accessed with
address increments. The factor 8 is used because 8 elements can be loaded with one instruction,
then the zero point is subtracted, producing eight values of 16 bits in length aligned in a 128-bit
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NEON register. Regarding the input row pointers, 9 of them can be fit along with the repacked
filters in only 10 GPRs, thus, the loop can be fully unrolled over filter elements. In the 64-bit
ARM architecture, the number of GPRs is doubled. The extra GPRS are leveraged by QNNPACK

to hold pointers to 3 x 5 input rows and calculate 3 output rows at a time.

QNNPACK
Depthwise Convolution

Input

Figure 2.6: Depthwise 3 x 3 convolution in QNNPACK [11].

2.3 Neural Network Pruning

Despite being so accurate at so many kinds of tasks, DNNs have the drawback of being over-
parameterized, which has been shown in many works [20], [52]. Therefore, a large amount of
weights in a network are redundant and can be removed (i.e., set to zero). This process is called

network pruning.

It was first proposed in 1989 through a technique called optimal brain damage [37]. The idea
was to compute the impact of each weight on the training loss, referred to as the weight saliency:.
The low-saliency weights were removed and the remaining weights were fine-tuned; this process

was repeated until the desired weight reduction and accuracy were reached.

With the resurgence of deep learning in 2012 and Neural Networks getting deeper and big-
ger size-wise, pruning has increasingly attracted attention recently, due to its ability to reduce
an overwhelming amount of parameters. Many papers have been published proposing various
methods [24], [25], [47].

Weights pruning, or model pruning, is a set of methods designed to increase the sparsity (amount
of zero-valued elements in a tensor) of a network’s weights. In general, the term "parameters’
refers to both weight and bias tensors of a model. Biases are rarely, if ever, pruned because there
are very few bias elements compared to weight elements. Subsequently, they are just not worth
removing since they have little impact on performance.
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before pruning after pruning

Figure 2.7: Weights and Neurones Pruning
in a fully-connected network.

DNNis consist of two types of layers: fully-connected layers and convolutional layers. They per-
form matrix-vector and matrix-matrix multiplication, respectively. Weight pruning techniques
[20], [21], [37] measure the importance of each weight individually and remove those deemed
unimportant, as shown in Figure 2.7. This results in both memory storage and computation
reductions. After weight pruning, the weight matrices in the pruned networks become sparse.
Thus, the remaining weights are stored in a sparse matrix format. Figure 2.8 shows the trans-
formation of a sparse into the Compressed Sparse Row format. This new presentation requires
less memory as we store 3 vectors only, instead of the entire matrix. Eventually, Storing a sparse
neural network in this format leads to a significant reduction in overall memory usage.
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Figure 2.8: Transforming to compressed sparse format.

Though it is able to achieve a high theoretical speed-up ratio, the sparsity of pruned networks
often results in a performance decrease in DNN computation. Sparse weight matrices lose the
regular structure of dense matrices, thus causing irregular memory accesses, i.e. a complex
storage structure that requires extra computation to decode the sparse format, and therefore,
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losing optimal usage of the supported hardware, e.g. memory coalescing. Moreover, dense
matrix optimizations, like matrix tiling, would be less effective.

Therefore, to run pruned models effectively, it requires either special hardware accelerators or
a special implementation, making use of libraries like cuSPARSE for NVIDIA GPUs and MKL
SPBLAS for intel CPUs. These libraries are optimized for sparse matrix-vector and matrix-matrix
multiplications. This Makes the implementation hardware-dependent and more complicated.
This is the reason why we opt for filter pruning where we remove certain filters (weight tensors)
entirely. It can be seen clearly in Figure 2.9, that filter-wise pruning is much more regular, making

it easier for hardware acceleration. Although this method is more hardware friendly, it causes

Irregular ——  Regular

_I

Fine-grained Filter-level
Sparsity(0-D) Sparsity(3-D)

Figure 2.9: Two different structures of sparsity.

larger accuracy loss than pruning individual weights [49]. As can be seen in Figure 2.10. The
green curve, which represents filter pruning, decreases rapidly as pruning rates increases. Other
less regular structured forms of sparsity do not hurt accuracy as much. Fortunately, there are
some techniques to mitigate the severeness of this downside.
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Figure 2.10: Accuracy-Sparsity Curve of AlexNet with different grain sizes. X-axis: sparsity of conv layers (percentage of zero
weights). Y-axis: top-5 accuracy on ImageNet validation set [49].

2.3.1 Filter pruning

Filter pruning involves removing the entire filter in the weight tensor. It is a form of structured
pruning that compresses a model in such a way that does not require special hardware or special
implementations to reap its benefits performance-wise. Removing hardware/implementation
dependency made this type of pruning quite popular in the research community. In DNN models
that have serial data dependencies, defining and pruning channels is reasonably straight-forward.
That being said, models with a more complex design, that includes parallel data dependencies
(paths) - such as GoogLeNet (Inception layers) and ResNets (skip connections) — things become
increasingly more challenging and require an elaborate understanding of how the data flows in
the model, in order to define the pruning schedule.

In filter pruning we use some criterion to determine which filters are important and which are
not. We will expand on that in the next section. But for now, we won’t take notice of how the
filters to prune are determined. Suppose that in Figure 2.11, we choose to prune the selected

grey filters (The * symbol denotes the convolution operation).

The fact that the convolution layer is stripped of two filters means that there will be two less out-
put feature maps, meaning the structure of the data is also altered. Therefore, when we prune
filters, we not only need to reconfigure the immediate convolution layer, but we also need to take
into account that the input FMs of the next layer is smaller. Hence, we need to reduce the next
layer’s filters, by removing the channels that correspond to the pruned filters. We say that there is
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Figure 2.11: Illustration of data-dependency in filter pruning (side view).

a data dependency between the two adjacent Convolution layers (see Figure 2.11). The activation
functions that immediately follow these convolution layers are devoid of trainable parameters

and are, therefore, not sensitive to the shape of their input.

The Batch Normalization (BN) layer is parameterized by a couple of tensors that contain in-
formation per input feature map (i.e. scale and shift). Since the output FMs of the preceding
convolution layer is reduced in dimensions, and being the input to the Batch Normalization
layer, we also need to reconfigure the Batch Normalization layer. In addition, we need to phys-
ically shrink the Batch Normalization layer’s scale and shift tensors, which are coefficients in
the BN input transformation. Moreover, the scale and shift coefficients that we remove from the
tensors, must correspond to the filters (or output feature-maps channels) that have already been

removed from the Convolution layer.

In another common case, we might have two parallel convolutional layers whose outputs undergo
an element-wise summation that is fed into a third Convolution, as is the case with residual
blocks (see 1.4). Figure 2.12 shows how conv3 is dependent on both convl and conv2, and there
are two implications to this dependency.

The more obvious implication is that the number of filters pruned in convl and conv2 must be
equal. Since we apply element-wise addition on the outputs of convl and conv2, they must have
the same shape - and they can only have the same shape if convl and conv2 prune the same
number of filters. The second implication of this triangular data-dependency is that we ought to
prune the exact same filters in convl and conv2 (as shown in Figure 2.12 because otherwise, we
would not know what channels to prune from the following convolutional layer. This means that
we need to decide whether to use the pruning on convl and conv2 according to the filter-pruning

choices of convl or of conv2.
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Figure 2.12: Parallel Conv layers Pruning (front view).

2.3.2 Pruning Scheme

The challenge in filter pruning is how to decide what filters are the most redundant in the net-
work, and thus should be removed. Researchers have been extensively working on this area and
proposed various pruning schemes that are more and more effective. Basically, pruning schemes

can be categorized mainly into two groups: Criteria-based and Regularization-based methods.

The first group prunes weights based on some established importance criteria. For instance, Op-
timal Brain Damage [37] and Optimal Brain Surgery [21] propose an importance criteria based on
the second-order derivatives of the loss function derived from Taylor expansion. Han et al [20],
rather than using the saliency as a metric, which is too difficult to compute for the large-scaled
DNNs, they simply prune small magnitude weights. The obtained compression is impressive
but may not always translate directly to faster inference since modern hardware exploits regu-
larities in the computation for high throughput as explained in paragraph 2.3. Taylor Pruning
[52], also introduces a new importance criterion based on Taylor expansion, but they use the
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first-order derivatives considering their easy access during back-propagation. Their method is
shown to be effective in pruning filters on transfer learning tasks. Li et al. [40] use L1-norm to
guide one-shot filter pruning (as we will see in the next subsection), which is simple and proves
effective on CIFAR-10 and ImageNet with VGG-16 and ResNet, but the reported speed-up is
limited. He et al. [25] alternatively used LASSO-regression-based channel selection and feature
map reconstruction to prune filters, and achieves one of the state-of-the-arts on VGG-16. Xu et
al. [77] sensitivity aware pruning consists of performing a fast sensitivity test to help identify
the sensitivity of each layer in a network for a given accuracy tolerance. AMC proposed by He
et al. [24] augment Channel Pruning with an optimized pruning ratio combination for different

convolutional layers based on searching via reinforcement learning.

The second set of methods is regularization-based methods, which add group regularization
terms to the objective function to penalize unimportant parameters and prune redundant filters
directly by minimizing the objective function during training. Among these methods we find
Group-wise Brain Damage [36] and Structured Sparsity Learning [75] that embed Group LASSO
[78] into CNN regularization and obtain regular-shape sparsity. Both works use a constant reg-
ularization factor to all the filters in the network, which is problematic because this scheme is a
“one size fits all”, it implicitly assumes that all weights in different groups are equally impor-
tant, which does not hold true. A recent method by Wang et al. [73] proposes an incremental
regularization scheme that enables the network to adapt during pruning. Lately, structured spar-
sity regularization (SSR) [41] was introduced that achieves a state of the art performance. It
forms a new optimization problem based on two structured sparsity with [, -regularization and
I p-regularization, both of which can be efficiently solved by a novel Alternative Updating with
Lagrange Multipliers (AULM).

In our work we favored a criterion-based over a regularization-based filter pruning since the lat-
ter is slow in convergence for filter selection, thus resource-intensive, which in our case was not
possible. Hence, we have opted for the L2-norm selection criterion in the first stage due to its
simplicity. It is a reasonable choice as other approaches are comparable to it performance-wise,

despite that, their implementation is much more complex.

L1/L2-norm

We measure the relative importance of a filter in each layer by calculating the sum of its absolute
weights ) ||F; ||, i.e., its L1-norm ||F;||; This value gives an expectation of the magnitude of the
output feature map. Filters with smaller kernel weights tend to produce feature maps with weak
activations as compared to the other filters in that layer. Thus they contribute little to the final
result (low saliency) and can be removed. To further improve this method, we can choose a

specific threshold for each layer. The threshold is calculated from the pruning percentage that we
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want to achieve, which in turn is intertwined with the desired compression and speed-up rates.
In practice, we increase the pruning percentage until we reach the targeted performance.

Fif  |[Ffl > A
threshold(F;) = (2.2)
0 if |[F|h<A

The same can be said with L2-norm. The difference is that for L1-norm, large weight values and
small weight values have the same impact on the group’s importance. However, in real DNNSs,
larger weights tend to be more important and should have a larger impact. L2-norm considers all
the weight values, and larger weight value will have a larger impact on the group’s importance,

Therefore, compared to the L1-norm, it is expected to help remove more redundant filters.

Iterative Pruning

When employing a pruning-followed-by-retraining regimen, we can achieve much better results
(higher sparsity at practically no accuracy loss). This is called iterative pruning, and the retraining
that follows pruning is often referred to as fine-tuning. How the pruning criteria changes between
iterations; how many iterations we perform and how often; and which filters are pruned - this
is collectively called the pruning schedule. Iterative pruning could be thought of as repeatedly
learning which weights are important, removing the least important ones based on some impor-
tance criterion, and then retraining the model to let the accuracy “recover” from the pruning by

adjusting the remaining weights. At each iteration, more weights are pruned.

The decision of when to stop pruning is also expressed in the schedule, and it depends on the
pruning algorithm. For example, if we are trying to achieve a specific sparsity level, then we stop
when the pruning achieves that level. If we are pruning weight structures in order to reduce the
required compute budget, then we stop the pruning when this compute reduction is achieved.

In our case, we chose the former.
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Figure 2.13: Iterative Pruning.

2.3.3 Experiments and Results

We have implemented Network pruning in Pytorch. We have conducted the experiments on intel
Xeon(R) CPU. We have pruned a modern classification model, ResNet 50 trained on CIFAR10
image dataset.

As explained in Subsection 1.4, ResNet 50 consists of 10 residual blocks, each residual block has
3 bottlenecks comprising 3 convolutional layers each, convl, conv2 and conv3 of kernel size being
1x1,3x3 and 1x1 respectively. As shown in Figure 2.14, we pruned at first stage only on conv2
of all bottlenecks, where the convolution is most expensive computation-wise, ( conv3 will be
channel pruned systematically as explained earlier). In the second trial we pruned both convl

and conv2, similarly conv3 is pruned as well.
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Figure 2.14: Illustration of 1st and 2nd trials,
(Batch Normalization and ReLu are not presented for simplicity).

We have first applied a one-shot pruning, which is a strait forward approach: Take a pretrained
model and prune it at once. The compression and speed-up are impressive, however, we have

noticed a significant drop in accuracy after 40% in sparsity as can be seen in Figure 2.15.

Top-1 Accuracy (%)

—-—-- Baseline

—8— conv2
—4— convl+conv2

0 T T T
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Pruning Rate (%)

Figure 2.15: Top-1 Accuracy on CIFAR10 Test set
against Pruning rate.
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Figure 2.16 presents the average inference time of a batch size 200 image for each pruning rate.
We have observed that the inference time decreases as more redundant filters are removed.
Clearly, pruning both convl and conv2 gives better results since more weights are discarded.
We have also noticed that at the 40% mark - where accuracy loss is relatively acceptable - there is
only a small decrease in execution time in both methods, beyond 40% pruning rate, the inference

time becomes irrelevant as the accuracy is far too low to be taken into account.
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Figure 2.16: Inference time for a batch size of 200
against Pruning rate.

In Figure 3.6, we see that the size of the model gradually decreases as the pruning rate increases.
At each pruning rate, the size reduction in the cases of pruning both convl and conv2 is almost
double that of the method where we prune conv2 only.

We have noticed that pruning both 1st and 2nd convolutional layers of each bottleneck has shown
to cause nearly the same accuracy loss as pruning 2nd layer alone. On the other hand, it results
in much more compression and speed-up as shown in Figures 3.6 and 2.16. Therefore, it is more
reasonable to proceed with the first approach.
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Figure 2.17: Model size against Pruning rate.

In the next phase, we performed iterative pruning. At each iteration, we increased the spar-
sity level by 10% and then we retrained the network until it recovers (each time 10% of the
new model). Eventually, High pruning rates required more epochs to regain accuracy. At
tirst, 4 epochs were enough. However, as pruning became aggressive we added more epochs
and reduced the learning rate each time the loss plateaus. This is a clear case of model over-
parametrization with respect to the dataset.
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Figure 2.18: Top-1 Accuracy on CIFAR10 Testset against Pruning rate.
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The results obtained of iterative pruning, exposed in Figure 2.18, show that there is little to no
significant accuracy loss. Indeed, the baseline starts at 92.12% and manages to keep the accuracy
at 89% even though more than 80% of the total weights have been removed.

2.4 Neural Network Quantizaion

Quantization refers to the process of reducing the number of bits that represent a number. In the
context of deep learning, the predominant numerical format used for research and deployment
has so far been a 32-bit floating-point or FP32. However, the desire for reduced bandwidth and
compute requirements of deep learning models has driven research into using lower-precision
numerical formats. It has been extensively demonstrated that weights and activations can be
represented using 8-bit integers (or INT8) without incurring a significant loss in accuracy [2],
[30], [80]. Broadly speaking, there are, two reasons for this.

First, DNN parameters are known to be quite robust to noise and other small perturbations once
trained. This means that even if we subtly round off numbers, we can still expect reasonably
accurate results. In addition, the weights and activations by a particular layer often tend to lie in
a small range, which can be estimated beforehand hence allowing us to concentrate our precious
fewer bits within a smaller range, for example, -1 to +1.

Below in Figure 2.19 is an example of a histogram representing the weight distribution of

GoogleNet [69]. We can notice that most values are concentrated in a small range.

4800 |

3200 |

Count

1600 |

-0.05 0 0.05
weight value

Figure 2.19: Weight distribution for GoogleNet [19].
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There are two main attributes when discussing a numerical format. The first is dynamic range,
which refers to the range of representable numbers. The second one is how many values can
be represented within the dynamic range, which in turn determines the precision / resolution
of the format (the distance between two numbers). For all integer formats, the dynamic range
is [-2"71;2"=1 — 1], where n is the number of bits. So for INT8 the range is [—128;127]. The
number of representable values is 2n. In contrast, with FP32, the dynamic range is +3.4 x 10%,

and approximately 4.2 x 10° values can be represented.

There are two key benefits to representing the data in integers using int8:

¢ Using integer arithmetics instead of floating-point math leads to faster computation as most
processors allow for faster processing of 8-bit data, especially embedded systems (subject

of our work).

e Reduce data storage requirements by a factor of 4, since a single-precision floating-point
requires 32 bits to represent a number (default data type in many frameworks including
PyTorch). The result is a reduction in the memory used to store all the weights and bi-
ases, and in the power consumed in transferring all the data, since energy consumption is

dominated by memory access.

The two factors above translate into faster inference, with a typical speed-up of 2-4x due to the
reduced precision for both memory accesses and computations. Further improvements in speed
and power consumption are possible with processors and hardware accelerators optimized for
low precision vector arithmetic. That is why machine learning library developers are building

extensive framework support for quantized inference.

However, it is until 2018 when quantization has seen the light, after developers from google
proposed a new approach for quantizing neural network [30], that is different from previous
approaches. As other quantization approaches do not deliver verifiable efficiency improvements
on real hardware. Approaches that quantize only the weights, for instance, [7], [16], [61] are
primarily concerned with on-device storage and less with computational efficiency. We point out
that there are some exceptions notably binary, ternary, and bit-shift networks [27], [39], [55] that
employ weights that are either 0 or powers of 2, which allow multiplication to be implemented by
bit shifts. However, while bit-shifts can be efficient in custom hardware, they provide little benefit
on existing hardware with multiply-add instructions that, when properly used (i.e. pipelined),
are not more expensive than additions alone. Moreover, multiplications are only expensive if the
operands are wide, and the need to avoid multiplications diminishes with bit depth once both

weights and activations are quantized.
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B.Jacob’s and al. [30] approach become popular to a large extent due to its efficiency. Google
published afterward a white paper describing it in more detail. Recently, it has been implemented
in many frameworks like TensorFlow, Pytorch, and Caffe.

2.4.1 Quantization scheme

In this paragraph, we describe the general quantization scheme, that is, the correspondence
between the bit-representation of values (denoted q below, for “quantized value”) and their
interpretation as mathematical real numbers (denoted r below, for “real value”).

At first, the quantization scheme [30] has a couple of requirements:

e An affine mapping of integers g to real numbers r: This means that it permits efficient
implementation of all arithmetic using only integer arithmetic operations on the quantized
values (no use of lookup tables because these tend to perform poorly compared to pure

arithmetic).

e Always represent 0.f accurately: Zero-point is an integer, ensuring that zero is quantized
with no error is critical so that common operations like zero padding do not cause quanti-
zation error. Moreover, having 0 map to another value that’s higher/lower than zero will

introduce a bias in the quantization scheme.

Some values are exactly Others end up getting rounded. Values outside the

Min/max real values map to representable, and 0.f is Dequantizing them back gives original min/max
min/max quantized value always one of them the nearest fixed-point number range get clamped

o L) O ®-0 o ®
rmin rmgx

¢ [ [ 0O N N 1

1 I T h h I ;
(%] 1 2 3 253 254 255

Figure 2.20: Converting real values to integer values [62].

Overall, a quantization scheme will simply be shifting and scaling of the real number line to
a quantized number line. For a given set of real values, the minimum/maximum real values
are in this range [Xuin, Xmax] to map to the minimum/maximum integer values [—28-1;28-1 1]
respectively, with everything in between linearly distributed.

Thus, the quantization goes as follows:

X

A) Tz (2.3)

Xint = round(

xXQ = Clamp(_Nlevels/zr Nievets/2 — 1, xint) (2.4)
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The de-quantization operation is:

X float = (xQ - Z)A (2.5)

x is the real value (float32).

x( is its quantized representation as a B-bit integer (int8, int16, etc.)

X float 18 the rounded value of x (float32).

A (float32) and z (int8) are the factors by which we scale and shift the number line. z is the
quantized ‘zero-point” which will always map back exactly to 0.f.

Xmax — Xmin

AT 20
The FP32 scale factor is approximated using fixed-point multiplication followed by a shift op-
eration (detailed explanation can be found in [30, sec 2.2]). In most cases the effect of this
approximation on accuracy is negligible.
The quantization scheme uses a single set of quantization parameters ( A and z ) for all values
within each activation array and within each weight array; separate arrays use separate quanti-
zation parameters.

While the uniform affine quantizer allows for storing weights and activations at 8-bits of preci-

sion, there is an additional cost. Consider a 2D convolution between a weight and an activation:

y(k,1,n) = conv(w(k,1,m,n),x(k,1,m)) (2.7)
y(k,1,n) = AyAyconv(wg(k,1,m,n) — zy, xg(k,1,m) — zy) (2.8)
—1K—1N-1

y(k,1,n) = conv(wg(k,1,m,n),xq(k,1,m)) ZWZZZXlem iii (k,1,m;n) + zyzy

=0 [=0 m=
(2.9)

Other then the first term is extra computation due to the zero-point.

To accelerate the process, the equation above is optimized by noting that the last two terms are
constant and can be computed off-line. This is further improved by noting that the sum over
activations is identical for all convolutional kernels of the same size.

We show below an example presenting the graph transformation for a convolutional layer is
shown in 2.23.
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Figure 2.21: Floating point.
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Figure 2.22: Fixed point.
Figure 2.23: Convolutional layer: Before and After Graph Transformation [33].
Avoiding Overflows

Convolution and fully connected layers involve the storing of intermediate results in accumu-
lators, and if we would use the same bit-width for the activations and weights, and for the

accumulators, it is almost certain that we would overflow due to the limited dynamic range of
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integer formats. Therefore, accumulators are usually implemented with higher bit-widths.

The result of multiplying two n-bit integers is, at most, a 2n-bit number. In convolutional layers,
these multiplications are accumulated c.k? times, where ¢ is the number of input channels in
a filter, and k is the kernel size (single channel), assuming a square kernel. Thereby, to avoid
overflowing, the accumulator should be 21 + M-bits wide, where M is at least log,(c.k?). In our
cases, accumulators of 32-bit width are used. Figure 2.24 shows data widths before and after a

matrix multiplication in computation graph.
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Figure 2.24: Illustration of a quantized computation graph.

2.4.2 Quantization modes in Pytorch

Pytorch developers have recently implemented three techniques for quantizing neural networks

as part of quantization tooling in the torch. quantization name-space:

Dynamic quantization

The easiest method of quantization PyTorch supports is known as dynamic quantization. In this
quantization, variant weights are converted ahead of time whereas the activations are dynam-
ically quantized during inference (on the fly), just before the computation (hence “dynamic”).
However, the activations are stored and loaded from memory in a 32-floating point format.

It is typically used in a situation where execution time is dominated by loading weights from
memory rather than matrix computation. The typical use cases for this are LSTM and Trans-

former type models with small batch sizes.
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Post-Training Static Quantization

Static quantization involves converting activations in addition to weights. This results in more
speed-up as the execution of the networks uses both integer arithmetic and int8§ memory ac-
cesses. The scale factor and zero-point for the activation tensors are pre-computed based on
observing the behavior of the model during a calibration process, where batches of data are fed
into the network to compute the resulting distributions of activations. This information is used

to determine how the different activations tensors should be quantized at inference time.

Quantization Aware Training

Quantization-aware training (QAT) is the one that typically results in the highest accuracy of
these three. With QAT, all weights and activations are “fake quantized” during both the forward
and backward passes of training; meaning that float values are clamped and rounded to simulate
the effects of INT8 quantization, but all computations are still done in float-32 format. Thus, all
the weight adjustments during training are made while “aware” of the fact that the model will
ultimately be quantized; after quantizing, therefore, this method usually yields higher accuracy

ReLU6 output

biases
conv

Figure 2.25: Training with simulated quantization [33].

than the other two methods.

Neural Network Quantization with QNNPACK

As described in Section 2.2.4, QNNPACK is a backend kernel dedicated to optimized mobile
deep learning. It uses a linear quantization scheme, which is compatible with Android Neu-
ral Networks API. QNNPACK’s optimization focus is on 8-bit quantized tensors that mobile
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Al use is designed for. Other optimization libraries that specifically target performance im-
provements in scientific computing, expecting matrices to be very large, containing thousands
of double-precision floating-point values, in the case of QNNPACK, the input matrices contain
low-precision elements and come at a variety of dimensions. In usual mobile applications (e.g:
computer vision task), the number of in-channels K and out-channels N do not exceed 1024.
They typically lie within the 32-256 range.

Mobile architecture constraints require that the loaded elements that take part in the simultane-
ous multiply-add operations, i.e. MR and NR, do not exceed 8 (Section 2.2.4). In the extreme
case, the biggest models include 1024 channels in some layers. Therefore, the whole memory
block read in the QNNPACK microkernel is at most 16KB. As a result, it can fit without a prob-
lem in the L1 cache on mobile devices, even those with low-end specifications. This property
enables QNNPACK to process the whole panels of A and B in a single call of the microkernel,
thus, eliminating the need to accumulate 32-bit intermediate results outside of the microkernel.
Furthermore, this library is able to fuse re-quantization of the 32-bit intermediate results into the
microkernel and output the quantized 8-bit final result, this saves both memory bandwidth and
cache footprint.

Traditional implementation QNNPACK implementation

Figure 2.26: Optimized matrix on matrix multiplication.
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Squeezing the whole panels of A and B into cache memory allows for another optimization
in QNNPACK: Matrix A repacking is removed. Repacking is the process of taking an object in
memory, a matrix for example, and transform its layout to another shape or form in order to
process it. In the case of matrix B, the elements that it contains are static weights and can be
transformed into any memory layout at the cost of a one-time operation. But for matrix A, which
contains feature maps, its elements are changing from one inference to the next. Ergo, repacking
matrix A induces overhead within each inference run.

In traditional implementations like GEMM, matrix A repacking cannot be avoided on account
of limited cache associativity and microkernel efficiency. Without repacking, the microkernel
is forced to read rows of matrix A that could be separated by large strides. If these strides are
multiples of large powers of 2, elements from different rows of matrix A could potentially fall into
the same cache set in the panel. Hence, the performance decreases dramatically if the number of
colliding rows exceeds cache associativity. This situation cannot occur when the entire panel fits

into L1 cache memory, as is the case with models for which QNNPACK is optimized.

2.4.3 Experiments and Results

We have applied Static Quantization that quantizes weights on a per-channel basis and picks

quantization parameters for activations in an optimal manner as explained before in Paragraph 2.4.2.

This technique has been first applied on the baseline ResNet50 (trained on CIFAR10 as before),
then on the ResNet50 that has been pruned using the iterative pruning scheme. We have cho-
sen the one that had 90.23% accuracy, which was obtained at 70% pruning rate (further pruning

brought accuracy below 90%).

As we can see in the Table 2.1, impressive results were achieved by quantizing these networks.
Memory usage was reduced by 75% right away (4x compression), due to the conversion from
FP32 to INT8 for both models, pruned and original. As for execution time, it decreased by more
than half for when applied on the original model, and 74% (i.e 3.85x speed-up) when applied
on the pruned ResNet50.

Table 2.1: Optimization statistics for ResNet50.

Model Accuracy (%) Size (MB) Speed-up Compression
Baseline 92.12 94.34 - -
Pruned 90.23 37.77 1.66 % 2.5x%
Quantized 91.90 23.60 2.13 % 4x
Pruned+Quantized 89.56 9.44 3.85x% 10x
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2.5 Conclusion

In this chapter, we have presented general optimization techniques for software in embedded sys-
tems and focused on DNN pruning and quantization. Both techniques are applied on ResNet-50
trained on CIFAR 10 dataset. We have achieved impressive results: almost 10x compression,
and 3.85x speed-up with less than 3% drop in accuracy. We point out, however, that ResNet-50
is originally created and trained to classify ImageNet dataset that contains 1000 classes. Thus,
applying these methods on the original model and eventually on ImageNet dataset, would prob-
ably not yield the same performance as for CIFAR10 (images distributed into only 10 classes).

Nevertheless, it does serve as a solid proof of concept.
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Chapter 3

Application and Deployment

3.1 Introduction

After successfully implementing and assessing two powerful techniques of DNN optimization,
we have applied them on one of the recent models that perform a common computer vision
task, that is, object detection. The considered model that we have worked on is RetinaNet trained
on COCO dataset. The model has been put through the optimization pipeline. Afterward, the
results of the baseline and those of the optimized model are contrasted.

In Addition, this chapter covers the deployment of an object classifier on an Android smart-
phone. The aim behind this is to find out if the two techniques implemented offer the same level
of performance improvements that we have seen on a PC. But before getting into the details, we

first clear out the new concept of object detection, and highlight its potential.

Humans glance at an image and instantly know what objects are in the image, where they are,
and how they interact. Detection and recognition of objects in the observed scenes is a natural
biological ability. The human visual system is fast and accurate, allowing us to perform complex
tasks like driving with little conscious thought. Computer vision is a field of artificial intelligence
that trains computers to interpret and understand the visual world. Using digital images from
cameras and deep learning models, machines can accurately locate, identify, and classify objects.
Each month, tens of papers are published with new ideas, algorithms, etc. For this reason, we

focus our work on optimizing this task (object detection).
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Object detection deals with predicting the location of an object as well as its class in an image.
This is done regardless of scale, location, pose, view with respect to the camera, partial occlusions,

and illumination conditions.

traffic IghED

-
car 0.970

Figure 3.1: Example of object detection and segmentation [50]

This task is breaking into a wide range of industries, with use cases ranging from personal
security to productivity in the workplace. it is applied in many areas with the most popular ones
being;:

e Automotive: allowing computers to drive cars without specialized sensors.
e Security: intelligent video surveillance systems

e Healthcare: lesion detection in medical images, computer-assisted diagnosis, and interven-
tion.

In learning-based object detection, there are four primary object detector families one can
find:

e Region-Based Convolutional Neural Network( R-CNN ) [59], [14].

e Single Shot Detector (SSD) [45], [32], [74].
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¢ You Only Look Once (YOLO) [56], [57], [58].

e RetinaNet [43], [13]

These families revolve around two design approaches. The first approach is based on a two-stage
architecture, such as Faster R-CNN (Region-based Convolutional Neural Networks). The first
stage is composed of a Region Proposal Network (RPN) that generates regions of interest. These
regions are fed to the second stage for object classification and bounding-box regression. The
other design uses one-stage detectors such as YOLO-v3 (You Only Look Once) and RetinaNet.
These models treat object detection as a simple regression problem by taking an input image
and learning the class probabilities and bounding box coordinates. We have opted for RetinaNet
since it has a number of characteristics that we have been looking for. More specifically, it
has ResNet50 as a backbone. This model is familiar to us since we have performed extensive
optimization experiments on it. Additionally, it utilizes ReLU as an activation function which is
supported in the Pytorch quantization APIL, unlike YOLO-v3 for example, that relies on leaky-
ReLU (unsupported).

3.2 COCO dataset

Microsoft COCO: Common Object in Context [44], is a large-scale dataset that addresses three
core research problems in scene understanding: Object detection, segmentation and captioning.
The 2014 version that we have used contains images, bounding boxes, and labels. Images are
gathered from complex everyday scenes containing common objects in their natural context. This
dataset contains photos of 80 object types that can be recognized easily. Instances are labeled in
164,062 images. The total size of the dataset is 37.57GB. The images are split into 3 groups,
the training set that comprises 82,783 images, validation containing 40,504 images, and the rest
(40,775 images) are the test set (the split is approximately 3 train, 1 validation, and 1 test).

Figure 3.2: An image with bounding boxes from COCO dataset [44].
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3.3 RetinaNet

RetinaNet has been developed by Facebook AI Research (FAIR) in 2018, by Lin and al [43]. It
is a one-stage object detection model that consists of a backbone network and two specialized
subnetworks. The backbone is a combination of ResNet50 (or 101) and a feature pyramid network
(FPN). This backbone is mainly responsible for computing a convolutional feature map across
the entire input image. The output of this block is fed to two sub-networks. The first sub-network
performs convolutional object classification; the second sub-network is tasked with performing

convolutional bounding-box regression (Figure 3.10).

3.3.1 The Backbone

The pattern computing backbone is composed of:
e A ResNet (50 or 101) model is used for deep feature extraction (Section 1.4).

e Feature Pyramid Network (FPN) is used on top of ResNet for constructing a rich multi-scale

feature pyramid from one single resolution input image [42].

The scale of objects in an image poses a huge challenge in the object detection task. In a tra-
ditional bottom-up convolutional networks (Figure 3.3 b), the object detection at different scales
is not very accurate. It is especially true if there is a big size discrepancy. One way to solve
this problem is to feed the network multiple scales of the same image (called featurized image
pyramid ,Figure 3.3 a), but this method is too slow because these scales are fed sequentially to
the network. A much faster way of extracting features at different scales is to use the inherent
pyramidal feature hierarchy that a CNN computes layer by layer (with sub-sampling layers). This
feature hierarchy is treated as if it were a featurized image pyramid (Figure 3.3 c). The problem
with this approach is that the resulting featurized image pyramid suffers from large semantic
gaps because of the different depths from which it is extracted. The high-resolution feature maps
have low-level features that harm their representational capacity for object recognition.

The FPN network circumvents the problems of the semantic gaps with the addition of lateral
connections along with a top-down pathway. Thus, this approach combines low-resolution, se-
mantically strong features with high-resolution, semantically weak features (Figure 3.3 d), which
results in a lot more robustness to scale.

Anchors

The anchors are bounding boxes with pre-defined scales and aspect ratios that cover objects
of different shapes. At the center of each sliding-window location in the FPN output, and at
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Figure 3.3: RetinaNet network architecture [43].

each pyramid level, the anchor boxes are simultaneously generated. The maximum number of
possible boxes for each location is denoted as A. RetinaNet uses these anchors in the matching
phase throughout the training. During the process, the appropriate anchor box is matched with
the bounding boxes of each ground truth object within an image. Essentially, the anchor box
that has the highest extent of overlap with an object is responsible for predicting the class and
the location of that object. The RetinaNet model accounts for three aspect ratios ( 1:2, 1:1, and
2:1) as well as three scales ( 2°, 23,25 ) in all the levels of the pyramid. With a total of 9 anchor
boxes (combination of the 3 scales and 3 ratios) for each pyramid level, the model is able to detect

objects with a great variety of shapes and scales.

3.3.2 Classification Sub-network

This classification sub-network predicts the probability of object presence at each spatial position
for each of the A anchors and K object classes ( 80 in COCO). The sub-network is a fully con-
volutional network (FCN?') that applies four 3x3 convolutional layers, each with C channels and
each followed by ReLU activations, followed by a 3x3 convolutional that has a channel for each
anchor associated with a class. There are K classes and A anchors for each class, therefore, the

number of channels of this last layer is KA.

3.3.3 Box Regression Sub-network

This sub-network is an FCN connected to each pyramid level for the purpose of regressing the
offset from each anchor box to a nearby ground-truth object if it exists. It is identical to the
classification sub-network except that it terminates With 4A (4 coordinates for each of the A

FCN': A convolutional network that does not contain fully connected layers
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anchors) linear outputs per spatial location. It is a class-agnostic bounding box regressor that
uses fewer parameters.

Figure 3.10 depicts how the different sub-networks are connected in the RetinaNet model.
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Figure 3.4: RetinaNet network architecture [43].

3.4 RetinaNet-50 Optimization

Our objective is to optimize RetinaNet-50 in order to evaluate the pipeline’s (pruning and quan-
tization) effectiveness on an object detector model. At the first stage, we have performed iterative
pruning, with a 5% step at each iteration. We have chosen a step of 5% because we have noticed
that RetinaNet could hardly recover with a greater pruning step. 40% was the maximum prun-
ing rate we could achieve. Further pruning results in an intolerable loss in the original accuracy
(more than 5% incurred error in both Average Recall and Average Precision).

0.6
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Figure 3.5: Retinanet-50 - iterative pruning: Precision/Recall.
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Figure 3.6: Size reduction through
Iterative pruning.

A remarkable note in Figure 3.5 above is that RetinaNet-50 performed better after 5% pruning
(with fine-tuning of course), and that is explained by the fact that Pruning is a form of regular-
ization.

Table 3.1 showcases the results of optimizing RetinaNet-50-500".

Table 3.1: Optimizations statistics for Retinanet-50-500.

Model Average Average Size (MB) Inference Compression Speed-up
Precision  Recall (ms)

Baseline 45.0 53.4 145.08 536 - -

Pruned 40% 414 51.0 113.14 266 1.3x 2%

Quantized 43.6 50.8 36.27 282 4x 1.9x%

Fully optimized 38.9 49.2 28.81 101 5x 5.3 %

RetinaNet-50-500": A RetinaNet model with ResNet50 as a backbone that takes an image with a size of 500 pixels.
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Upon the application of an iterative pruning that removes 40% of the channels in each 3 x 3
convolutional layer, we observe in Table 3.1 that the size of the model drops from 145.08 MB to
113.14 MB (1.3x compression). The inference time also drop to 266 ms when it was originally
536ms (2x speed-up). Applying quantization alone also gave impressive results. The size if
reduced with a compression factor of 4x whereas the speedup almost doubled. When the full
pipeline is applied ( pruning + quantization), we observe and impressive 5.3 x speed-up as well

as a compression factor of 4x. The accuracy drop was a tolerable 6.1%.

3.5 Mobile application development

Our embedded platforms of choice are mobile devices. They provide a rich environment in terms
of deep neural network deployment. With that being said, a lot of progress needs to be made
in order for it to be considered a fully functional deep learning framework. Since we have used
Facebook’s Pytorch for the implementation of the optimization techniques, it is only natural that
we use Pytorch Mobile to ensure a consistent end-to-end workflow to deliver the edge-inference
tests. But before that, a brief description of the Android development tools used is a must. The
next section deals with the important concepts, covering both the executed background modules

as well as user interface layouts.

3.5.1 Android General Concepts
Application components

Activities

An activity is a class that represents one screen of the user interface. It is very much comparable
to a window in Microsoft Windows. An android app may contain one or more screens, meaning,
one or more activities. In our case, we have opted for a minimalist design with only one activity.
a sequence of callback methods are associated with an activity life cycle, Figure 3.7 illustrates the
chain of events when an activity is launched. The main activity is the first activity that is created,
much like the main function is the first function that gets executed in a C/C++ program.

e onCreate() is called when the activity is created for the first time.

e onStart() is called as soon as the activity is visible on the screen.

e onResume() is executed when interaction with the application starts.

e onPause() is called when the the activity is no longer receiving input from the user.

e onStop() executes when the activity is no longer visible on the screen.
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Figure 3.7: Activity lifecycle.

e onDestroy() is executed before the activity is destroyed by the operating system.

For our purposes, the only method that we need to override is the onCreate() method. the other

callbacks will be called from the parent class.

Services

A service is an application component that performs long-running operations in the background.
no user interface is provided during its life cycle. A service can be in two states, Bound, and
Started. When a service is in the Started, that means that an application component such as an
activity has started it by calling startService(). the service runs in the background indefinitely
even if the calling element is destroyed. To create a service, a new class that extends the Service
base class has to be created. In our case, we will need to run the inference in the mobile device

using a service.

Intents
an Intent is an abstract description of an operation. It can be used for various actions, launching
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Figure 3.8: Android project organization.

an activity, broadcasting a message to other apps, or communicating with background services.
For our purposes, we will use intents to communicate with the gallery application in order to

retrieve the image for inference.

Resources

Android application is comprised of more elements other than code. These elements include
images, videos, layout definitions, or any other type of static content that the code may need
throughout the life cycle of the application. These resources are organized in such a way that
they are always maintained separately in their respective sub-directories. A typical android
studio project is organised in the hierarchy shown below:

The /manifest directory contains what’s called the android manifest, which is a file that defines
the structure and metadata of the application, including its components and requirements. for
example, if the application needs to access the camera or Bluetooth modules, then it must be
stated in the manifest file as a requirement for the application to run properly, and access per-
missions to these modules will have to be declared as well. the /java directory contains all the
java code necessary, including the classes of the different activities and other custom classes that
are used. MainAcvity.java is the main activity as its name suggests. this is the entry point to the

application when it is first launched.
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User Interface

The most basic, yet fundamental element for the user interface is a View object which is an
instantiation of the View class. It takes for the form of a rectangle on the screen and takes care of
drawing shapes as well as handling events. View is also the base class for many Ul components
such as buttons, text fields, etc.

View
*
I
ImageView TextView ViewGroup ‘
!
Button
LinearLayout FrameLayout

Figure 3.9: The View class and its children.

In our application we need the View class to contains the buttons and the image that will be fed
to the CNN model.

Controls

As previously stated, we tried to keep the application as minimal as possible, containing only
the necessary functionality for loading the model, the input image, and running the inference,
as a result, we opted to include two buttons, one for loading the image, and one for running the

classification process.

Event Handling

Events are a way to gather information about the user’s interaction with application components
that allow it. like button presses or screen touch. The Android operating system treats such
events as a queue, meaning that events are handled on a first-in, first-out basis. We bind event
listeners to the buttons displayed in our application such that when the user clicks on them, the
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corresponding code will be executed immediately. the event handler in this case is the onClick()
callback.

Application development workflow

The Resnet50 model is optimized by applying iterative pruning and reducing the number of
weights of some layers by 60%. Then per-channel quantization is applied, which converts the
parameters and activations of the model from float32 to int8. After that, we convert the model to
what is called a Torchscript format that can be deployed in a mobile device. once the model is
ready, we put it in the assets folder of the android project (Figure 3.8).

3.5.2 Profiling the application

Upon inspection of the memory usage in time, which was performed on a Condor Allure M1
smartphone that uses an ARMv7 CPU, one notices right off the bat that both applications (one
using the baseline model and one using the optimized model) start at about the same size in
the memory heap. As soon as the models are loaded (after around 3 seconds), a huge size
discrepancy is observed. The baseline application maintains a 117 MB memory usage, while
the optimized application reserves 47 MB. At the 10 seconds mark, however, after inference is
initiated, we see that the baseline application peaks at 309 MB and does not stop running until
37 seconds are passed, whereas the optimized application stops much earlier (17 seconds mark)
with a peak memory usage of only 120 MB.
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Figure 3.10: Profiling memory usage on a smartphone
Figure 3.11 is a capture from Android profiler that shows the CPU work load. Colored in green

is the time where inference dominated CPU usage. We see how intensive inference is, therefore
keeping it in short duration is extremely beneficial.

Figure 3.11: CPU usage profiling, the application uses 4 threads to perform inference, CPU peaks at 65 %

Table 3.2 presents the Loading and Inference duration for both baseline model and optimized
one. After the model was optimized we gained an impressive 4.8x speed-up (on PC it was
3.3x). We note however that the loading time becomes greater. We suspect that it is due to
additional quantization support libraries that may be loaded as well.

Figure 3.12 shows screenshots of the Android application.
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Table 3.2: Statistics for loading and inference times

Loading time (ms) Inference time (ms)

Trial Baseline Optimized Baseline Optimized
1 1076 1197 25055 5128
2 1065 1172 25556 5390
3 1069 1237 25212 5126
4 1072 1222 25342 5261
5 1058 1229 24865 5156
Average 1068 1211 25206 5212

N i3 16,34Kb/s = il il 5 4 19:47 AN #{3¢0,00Kb/s = i, i, B 4 19:48 N 3¢ 0,00Kb/s = i, i, B 4 19:50

ObjectDetectorDemo ObjectDetectorDemo ObjectDetectorDemo

Class: car
inference time: 5475ms
loading time: 1431ms

LOAD IMAGE LOAD IMAGE LOAD IMAGE
DETECT DETECT DETECT
(a) (b) (c)

Figure 3.12: (a): Launch screen. (b): Image loaded. (c): Inference performed.

3.6 Conclusion

In this last chapter:

e We shed light on object detection, one of the most challenging computer vision tasks out
there, which truly puts the methods that we implemented to the test. The optimization
pipeline has been applied on the Retinanet-50 trained on COCO dataset. We have been able
to showcase the effectiveness of the two techniques in the context of object detection. The
performance improvements were comparable to those obtained by optimizing ResNet50 on
CIFAR10.

e A fully optimized classification model (ResNet50) has been deployed in an embedded de-
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vice (smartphone). The inference performance is contrasted with that of the baseline model.
In the absolute, the optimized model showed that real-time inference is still hard to achieve

on a smartphone. However, relatively speaking, the performance improvement over the
baseline model is remarkable.
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Conclusion

In many Artificial Intelligence applications such as smart industrial robots, autonomous vehicles,
and speech recognition, deep neural networks are constrained by latency, energy consumption,
and model size. This dissertation has focused on optimizing DNNSs for efficient inference on
embedded platforms with limited resources. The objective is to compress the model and accel-
erate the inference (i.e: reducing its memory footprint and execution time) while preserving the

accuracy.

We have started our work by conducting thorough research in the literature. Many techniques
have been proposed to address this problem. Most of them revolve around two techniques: Net-
work pruning and quantization. Each technique comes with many ingenious approaches. The first
technique that we implemented is Filter Pruning, based on the L2-norm criterion. The second
technique is post-training Quantization which is applied at the channel level. The optimization
pipeline that we devised integrates pruning and quantization which have the property of be-
ing orthogonal, i.e. they are able to compress the network without interfering with each other.
Thus, leading to surprisingly high optimization rates. We set up the benchmark of our pipeline
on ResNet50. Then to demonstrate its efficiency in a typical embedded system application, the
model has been deployed on an Android smartphone. Furthermore, we applied the optimiza-
tion procedure in the context of object detection. The model of choice has been RetinaNet object
detector trained on COCO dataset.

Future work The implemented techniques in this dissertation showed some promising results.
However, there still is plenty of room for future improvement, such as implementing state-of-
the-art pruning methods ( e.g. AMC [24] ) or developing new approaches, since the criterion that
we used ( L2-norm) is still not as accurate as what state-of-the-art offers. Network Quantization
could be further improved as well. Very recently, a paper entitled “Training with quantization
noise for extreme model compression”[12] sets a new state-of-the-art for combining high accuracy

and small model size. Hence, exploiting it would be on our top priorities in future work.

The optimization API of the Pytorch deep learning framework could be improved further as well.
At the time of writing this dissertation, this API is still in beta version, and additional features

need to be implemented in order to truly leverage the power of DNN optimization. For example,



some special object detection operations are still not supported, like quantization support for
the leaky-ReLU activation function. Something which made it very difficult for us to optimize
the original target object detector model, YOLO-v3 (which forced us to switch to Retinanet).
Additionally, considering GPU support for quantization on PCs, as well as GPU support for
mobile DNN inference on Pytorch Mobile would bolster optimization performance even further.
The latter feature is a work in progress with the introduction of the Android Neural Network
API [17], but for now, it only supports Tensorflow.

Removing these obstacles would open a vast array of possibilities in this promising field. Of
course, it goes without saying that we will keep on investigating future contributions, and we
will improve on our work as more features are supported.
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