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ABSTRACT

ADAPTIVE NETWORK SELECTION TECHNIQUE IN CASCADED
CONVOLUTIONAL NEURAL NETWORKS

Onal, Ekin Sarp
M.S., Department of Computer Engineering

Supervisor : Asst. Prof. Dr. Ethan GOKCAY

June 2023, 52 pages

Dynamic neural network is an important research area in deep learning. The pre-
sented thesis focuses on cascaded neural network which is a sub-topic of dynamic
neural network, that utilizes a router for connecting two or more neural networks with
increasing depth in order to enhance the efficiency and adaptiveness of static mod-
els. In this thesis, we proposed a parameter-free technique for network selection in
cascaded deep neural networks in order to reduce the computational time required for
training and inference by taking advantage of the fact that shallow networks are also
able to correctly classify many samples. Following a brief explanation of the cascaded
neural network, softmax margin, and classical LeNet model; a novel cascaded neural
network algorithm is introduced. The proposed model is compared to LeNet in terms
of efficiency and performance on MNIST, EMNIST, and Fashion-MNIST datasets
with various networks utilized as small modules of the cascaded model. Numerical
results demonstrated that the proposed technique greatly improves the efficiency of

the benchmark model without sacrificing accuracy.

Keywords: Dynamic networks, Cascaded neural networks, Convolutional neural net-

works, Adaptive network selection, Dynamic threshold

il



(0Y/

KADEMELI EVRISIMLI SINIR AGLARINDA UYARLANABILIR AG
SECIiMi TEKNIGI

Onal, Ekin Sarp
Yiiksek Lisans, Bilgisayar Miihendisligi
Tez Yoneticisi : Dr. Ogr. Uyesi Erhan GOKCAY

Haziran 2023, 52 sayfa

Dinamik sinir ag1, derin 6grenmede 6nemli bir aragtirma alanidir. Sunulan tez, statik
modellerin verimliligini ve uyarlanabilirligini artirmak i¢in iki veya daha fazla sinir
agin artan derinlikte baglamak i¢in bir yonlendirici kullanan kademeli sinir agina
odaklanmaktadir. Bu tezde, kademeli derin sinir aglarinda ag secimi i¢in parame-
tresiz bir teknik Onerdik. Bu teknik, s1g aglarin da bir¢ok 6rnegi dogru bir sekilde
siniflandirabilmesi ger¢eginden yararlanarak, egitim ve ¢ikarim icin gereken hesaplama
sliresini azaltmay1 amaglamaktadir. Kademeli sinir ag1, softmax marj1 ve klasik LeNet
modelinin kisa bir aciklamasini takiben, yeni bir kademeli sinir ag1 algoritmasinin
tanitim1 yapilmaktadir. Onerilen model; MNIST, EMNIST ve Fashion-MNIST veri
kiimelerinde etkinlik ve performans acgisindan LeNet ile karsilastirilmaktadir. Sayisal
sonuclar, onerilen teknikle referans modelinin verimliliginin biiyiik dl¢iide arttigini ve

dogruluktan 6diin vermeden gelistirildigini gostermektedir.

Anahtar Kelimeler: Dinamik sinir aglari, Kademeli sinir aglari, Evrisimsel sinir agi,

Uyarlanabilir sinir ag1 secimi, Dinamik esik degeri
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CHAPTER 1

INTRODUCTION

Deep neural networks (DNN) have brought new perspectives to various areas includ-
ing natural language processing (NLP) [1, 2], computer vision (CV) [3, 4, 5], data
analysis, reinforcement learning (RL) and data mining. For the last few years, many
successful neural network architectures have been proposed for different research ar-
eas such as LeNet [6], AlexNet [7], ResNet [8], GoogleNet [9]. Even though these
deep neural network models have made it possible to train deeper networks and led
to more accurate results; most of these networks are used in a static manner both in
the training and prediction phases. In other words, the network structure, such as the
number of layers and the number of neurons, and network parameters are kept the
same after training. This causes static neural networks to have less efficiency, com-
patibility, adaptiveness, and representation power. However, dynamic neural networks
have the ability to change network architecture or network parameters during both the
training and testing phases. This leads to dynamic models having advantages over

static models in the following properties:

e Efficiency: Most important advantage of dynamic networks over static networks
is the ability to reduce computational complexity. Dynamic models can select
different sub-networks [10] or layers [11] of a larger network in each iteration,
instead of using the whole network for every sample. Therefore, computation-
ally cheaper modules are used for relatively easy samples while computationally
expensive modules are only used for hard-to-recognize samples. This causes a
decrease in computation time and memory in the test phase, and even more if

applied in the training phase.

e Compatibility: Dynamic models are compatible with the innovations achieved



in static deep neural networks which makes it possible to compete with static
models by keeping up to date with the recent advances in the field. State-of-the-
art techniques applied to static models in data preprocessing [12] and optimiza-
tion [13] can also be applied to dynamic networks. They also benefit from the
efficiency-increasing methods used in static neural networks such as network
pruning [14] and weight quantization [15]. Also, dynamic models can be gen-
eralized to a wide range of research areas. Dynamic models implemented for

object detection can be easily transferred to image classification.

e Adaptiveness: Dynamic neural networks supply a trade-off between efficiency
and accuracy which makes it possible for the users to take advantage of this
trade-off. Therefore, dynamic models are adaptable to hardware with varying
computational power, since it is possible to reduce the computational complex-
ity of larger algorithms dynamically. On the other hand, static neural networks

have fixed computational complexity.

e Representation power: Because of the dynamic architecture of the models, the
size of the deep neural networks depends on the input sample, which leads to a

larger parameter space and hence better representation power [16]

Another advantage of using dynamic neural networks is that they are easy to inter-
pret. The working mechanism of dynamic models is very similar to the human brain
since the human brain also has dynamically altering active modules for different tasks
[17]. This can make it possible to overcome the problem of recognizing deep neural
networks as black box models because of their inexplicit mechanism of decision-
making. It can be observed which modules of the dynamic network are active for
a certain sample; therefore, which parts of the dynamic network are responsible for

certain classifications can be identified.

Dynamic neural networks have a wide range of application areas and different imple-
mentation techniques. Therefore it is divided into subtopics in [18] according to input
sample type, dynamic on training or test phase, changing architecture or parameter.
These subcategories are presented in Figure 1.1 . Firstly, it is divided according to in-
put types such as sample-wise (red boxes), spatial-wise (blue boxes), or temporal-wise

(green boxes). Sample-wise methods change architecture or parameters according to
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the hardness of the input sample, spatial-wise methods focus on reducing compu-
tational complexity or increasing performance by ignoring the unimportant parts of
an image and focusing on the parts of the image which include more information,
and temporal-wise methods focus on sequential data. Secondly, dynamic models are
sub-categorized according to which phase is dynamic: training or prediction. Yellow
represents dynamic prediction and pink represents dynamic training. In this paper, we
focus on sample-wise dynamic neural networks with changing depth both in test and

training phases with early exiting in cascaded convolutional neural networks.

Confidence \ f)l Objectives Straight-through
v I‘ Estimation

Early Exiti
Dyna_[nic arly pxiting
Depth Layer Skipping Policy Networks \>[ Optimization I-%I)[Reparametedzationl
Gating Functions \ Reinforcement
Skipping Neurons Learning
i g
Architecture Width Skipping Branches Dynamic Sparse Convolution
Skipping Channels Architecture Additional
- Pixel-level Refinement
Multi-branch 5 e Weight
- 'ynamic Weights
Routing Soft Attention
Others Dynamic
Region-level Transformation
Soft Attention on -
Weisht Hard Attention
Adjustment Kernel Shape Adaptive

Scaling

Adaptation

Weight Feature-based
Predicti
Ll Task-specific
Channel-wise

Dynamic
Activation

Resolution-level

Dynamic
Parameter

Frame Glimpse

Early Exiting I

Dynamic
Features

Text Skimming

Early Exiting |

Text

Figure 1.1 Overview of sub-classes of dynamic neural networks according to [18]

In [19], a method is proposed to use dynamic deep neural networks in order to de-
crease the required time for evaluation of new samples with losing accuracy as little
as possible. Instead of redesigning or approximating current networks, two adaptive
schemes are suggested to utilize networks. First, a dynamic neural network model is
implemented which chooses the required components of the network for each sam-
ple. Computational complexity occurring because of the evaluation of the full net-
work is reduced, by allowing quick classification using early layers of the deep neural
network. Then this proposed solution is expanded to cascaded deep neural network

models, which chooses the network for each sample. It is demonstrated that it is pos-
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sible to reduce the computational time required for inference by taking advantage of
the fact that many samples can also be successfully classified using smaller networks.
In this paper, a cascaded deep neural network model is implemented only for the

inference phase by using the entropy for network selection for the ImageNet dataset.

The paper [20] introduces the concept of the big-little deep neural network (BL-DNN)
which aims to reduce the energy consumption required for carrying out deep neural
networks while maintaining test accuracy. The BL-DNN consists of a low-energy
consuming, small DNN and an energy-consuming, big DNN. To reduce energy con-
sumption, the BL-DNN executes the small DNN first and only runs the big DNN
if necessary. This approach results in reduced energy consumption while maintain-
ing similar levels of inference accuracy. The paper presents design-time and runtime
methods to control the execution of the big DNN, which are used to strike a balance
between energy consumption and inference accuracy. Experiments are carried out on
ImageNet and MNIST datasets for a cascaded network only for the inference phase

where they use static thresholding with grid search.

The paper [21] explores the idea of using model cascades to save on cost by exploiting
class asymmetry. The authors introduce a new framework called the I Don’t Know”
(IDK)) prediction cascades, which allows pre-trained models to be combined for faster
inference without sacrificing accuracy. They propose two methods for building cas-
cades and a cost-aware objective for this framework. The IDK cascade framework can
be easily implemented into existing model serving systems without needing to retrain
models. The authors present the results of the proposed techniques for ImageNet and
CIFAR-10 datasets. Class probability and entropy are used for network selection with

a static threshold for the inference phase.

The remainder of the thesis is organized as follows. Chapter 2 starts with the in-
troduction of the cascaded convolutional neural networks and the connection of two
networks according to the proposed selection algorithm. Later, the well-known soft-
max activation function is explained and how it is adapted to cascaded convolutional
neural networks is described. This adaptation also introduces cross entropy as a loss
function for the training of convolutional neural networks. Afterward, softmax mar-

gin is derived and a dynamic update of the threshold for solving the network selection



problem is introduced. Later, MNIST, EMNIST, and Fashion-MNIST datasets used
for evaluating the proposed cascaded model are explained. Different network architec-
tures which are utilized as small networks and benchmark networks as large networks

for each dataset are introduced.

Chapter 3 includes three sets of numerical simulations. In the first set, the performance
and efficiency of the proposed cascaded model are compared to small networks and
LeNet [20] in the MNIST dataset. In the second set, the superior efficiency of the
proposed cascaded model over the benchmark LeNet-5 model [6] without sacrificing
accuracy in the EMNIST dataset is demonstrated. The last experiment compares the
introduced cascaded model to the LeNet-5 model on the Fashion-MNIST dataset.
Chapter 3 is concluded with a summary of experimental results and an investigation

of the proposed technique’s performance under various conditions.

The final remarks and the prospective future studies are presented in Chapter 4. The

main contributions of the thesis are listed below:

e A novel technique for cascading deep neural networks using softmax margin is

presented. (Chapter 2)

e Proposed algorithm derives the threshold dynamically and it is parameter-free.

(Chapter 2)

e Dynamic deep neural network model is utilized for both training and inference.

(Chapter 2)

e Proposed cascaded convolutional neural network model is evaluated in three
real-world benchmark datasets: MNIST, EMNIST, and Fashion-MNIST. (Chap-
ter 3)



CHAPTER 2

SOFTMAX MARGIN BASED DYNAMIC THRESHOLD

2.1 Introduction

The main interest of the presented thesis is the parameter-free cascaded dynamic deep
neural networks both in training and inference based on class probability estimates
of a small network. Therefore, first dynamic neural networks and cascaded mod-
els are explained. Hence, the softmax activation function used for estimating class
probabilities is explained first, and then the derivation of the softmax margin used for
calculating the confidence of a small network for each input sample is presented. Af-
ter that, how these techniques, used for the inference phase, are adapted to the training
phase and transformation to parameter-free dynamic threshold calculation technique
is introduced. Different-sized small neural networks are used in order to observe the
effect of little networks on the performance and efficiency of the cascaded model
and proposed network selection algorithm. Architectures of the previously mentioned
small networks and large benchmark networks are described for different datasets.
The chapter is concluded with simulation-based experiments in order to compare the
proposed technique to benchmark CNN models according to both accuracy and time

consumption.

Dynamic Neural Network ————>»Sample Wise ——>» Dynamic Depth ———— > Early Exiting ——— > Cascaded DNN

Figure 2.1 Cascaded Deep Neural Networks as a subtopic of Dynamic Neural Net-
works

Focus of the presented thesis is proposing a novel cascaded deep neural network
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model with network selection both in the training and inference phases. Figure 2.1
demonstrates that dynamic neural network consists of a broad range of research ar-
eas. This thesis aims to contribute to the dynamic neural network research area with
sample-wise input representation by dynamically adjusting the depth of the model
with an early exiting strategy called cascaded deep neural networks. Cascading of
two neural network models is achieved as shown in Figure 2.2. This is a general
representation of a cascaded deep neural network model with two sub-modules. The
working principle of such a system is that the input sample is fed to a small network
(Modell) and the output of this small network is transferred to a router. This router
decides to use the output of the modell as final prediction or use a larger network
(Model2) to make a better prediction using the same input; according to the output of
the first model. This principle originates from the idea that in a dataset, some samples
are relatively easier and a small network can accurately classify them, but there are

also harder samples that need to be classified by a more complex and deeper network.

Output

Figure 2.2 Cascading of models

2.2 Proposed Model

The proposed novel model introduced in this thesis is demonstrated in Figure 2.3 for
the training phase, and in Figure 2.4 for the test phase. It is possible to observe that
the cascaded model acts very similarly in both phases, with an exception in dynamic
threshold calculation. The threshold is calculated according to training data and a de-

cision is determined considering the inequality between softmax margin derived for
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Figure 2.3 Proposed model for training phase
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Figure 2.4 Proposed model for test phase

each individual sample and the threshold is calculated as the average of softmax mar-
gins. This calculation allows the cascaded model to dynamically update the threshold,
hence leading to a better network selection without any parameters to tune. In the in-
ference phase, threshold derivation is conducted again, but according to the test set. It
is observed during the implementation that using the threshold calculated in training
for the inference phase is not viable since the complexity of samples varies in training
and test sets. This results in a decrease in the adaptability of the cascaded model and

hence reduces the performance.

Softmax activation function is added at the end of the little convolutional neural net-
work in order to calculate the predicted class probabilities for each sample. The soft-
max function is utilized to transform a set of actual numbers into a likelihood dis-
tribution of potential outcomes as first described in [22]. This technique extends the
logistic function to multiple dimensions and is employed in multinomial logistic re-

gression. The softmax function is frequently employed as the final activation function



in a neural network to standardize the output of the network to a probability distribu-
tion across anticipated output categories. The equation of softmax activation function

is presented in 2.1.

so ftmax(x); = PN 2.1)

X expx;
Then softmax margin is derived from class probabilities according to the equation
demonstrated in equation 2.2. Softmax margin can be used as an evaluation metric
for the confidence and performance of the small network since it represents the prob-
ability difference between the most likely estimated class and the second most likely
estimated class. Therefore, the larger the softmax margin value, the small network
is more confident with its estimation and more likely to classify accurately. On the

other hand, a lower softmax margin means the small network is less confident with its

predictions and more likely to falsely classify the given sample.

SoftmaxMargin = Largest Softmax Value — Second Largest Softmax Value (2.2)

" Softmax_Margin;
YWHMM:ZH / 87 2.3)
n

small network if Softmax_Margin > threshold
selected network = 2.4)

large network  if Softmax_Margin < threshold

Network selection in the router is conducted according to softmax margin and dy-
namically calculated threshold. The threshold is calculated as the average of softmax
margin values which is demonstrated in equation 2.3. And decision to benefit from
the larger network or accept the classification of the small network as output is made
according to equation 2.4. If softmax margin for a sample is larger than the threshold,

then small network is used and the large network does not observe that sample. Since



larger softmax margin results in better prediction and high confidence. On the other
hand, if softmax margin is small for an input sample it means the largest softmax
value is close to the second largest softmax value. Meaning that the input sample
is hard to classify and little convolutional neural network is not confident about its
prediction, hence router decides to use the larger network for the classification of the

corresponding sample image. Proposed algorithm is demonstrated below (2.2):

1: Small Network < Input sample

2: Input of the router < Softmax (Output of small network)

3: Softmax Margin = Largest Softmax Value - Second Largest Softmax Value
4: Threshold = 2 -

s: if Softmax Margin > Threshold then

n .
=1 Softmax_Margin;

6:  selected network = small network

7:  output of cascaded model = argmax(Softmax(output of small network))
8: else

9:  if Softmax Margin < Threshold then
10: selected network = large network

11: Large Network « Input sample

12: Output of Cascaded Model « argmax(Softmax(output of large network))
13:  endif
14: end if

2.3 Network Architectures

The aim of this thesis is to propose a novel dynamic deep neural network model
for reducing time consumption while the decrease in accuracy is negligible. Specifi-
cally, I have conducted experiments on three different datasets and used two state-of-
the-art models as benchmarks to compare the performance of the proposed cascaded
deep neural network model. Conducted experiments focus on classification tasks with

benchmark image datasets.

The three datasets used in the experiments are (i) the MNIST dataset of handwritten
digits, (ii) the EMNIST dataset of handwritten letters, and (iii) the Fashion-MNIST
dataset of labeled fashion images. The MNIST dataset consists of 60,000 images of

10



handwritten digits (0-9) with 10 classes and a size of 28x28 pixels per image. The
EMNIST dataset contains 124,800 images of 28 different classes, where each image
is of size 28x28 pixels. Finally, the Fashion-MNIST dataset is a collection of clothes

that are categorized into 10 different classes.

For experiments, two state-of-the-art models are selected as benchmarks: (i) LeNet-
1 [20], and (ii) LeNet-5 [6]. These models are widely used in the field of image
classification and have been shown to perform well on benchmark datasets used in

this thesis.

To evaluate the performance of the proposed cascaded convolutional neural network
model, extensive experiments are conducted on each of the three datasets using the
two benchmark models for comparison. The proposed model utilizes a novel net-
work selection technique that aims to reduce the time complexity of a relatively large
deep neural network, at the same time without sacrificing the accuracy of classifica-
tions. Also, the effect of varying small networks on the performance of the proposed

cascaded convolutional neural network model is explored.

The results of the experiments demonstrate that the proposed network selection algo-
rithm for cascaded deep neural networks remarkably reduces the time consumption
of benchmark models on all three datasets, achieving very similar accuracy scores.
These findings suggest that the proposed model in this thesis is a promising approach
for lessening the time complexity of large networks in image recognition tasks without

sacrificing performance.

2.3.1 MNIST Dataset

The MNIST dataset is a popular benchmark dataset in the area of deep learning and
computer vision. It consists of 60,000 images of handwritten digits (0-9) with a size
of 28x28 pixels. The dataset is split into 54,000 images for training and 6,000 images
for testing. The MNIST dataset has been broadly used for developing and evaluating
deep neural network and convolutional neural network models for image classification
[6, 23, 24,25,26]. MNIST dataset is selected as one of the benchmark datasets for this

thesis because it is accepted as a standard for developing and evaluating novel models.
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The MNIST dataset has played a significant role in the development of deep learning
algorithms, especially for convolutional neural networks. Figure 2.5 demonstrates
sample images from the MNIST dataset. Table 2.1 demonstrates information about

the size of the MNIST dataset.

10 20 10 20 0 10 20

Figure 2.5 Samples images from MNIST dataset

LeNet [6] is used as a benchmark model in order to compare the performance and
time complexity reduction provided by the introduced cascaded deep neural network
model. The reasons for choosing LeNet as the benchmark model are that it is one of
the earliest and most successful convolutional neural network models for classifying
handwritten digits, commonly used as a benchmark model to evaluate novel neural
network models [27, 28] and it has a broad range of application areas such as computer

vision, image recognition, and natural language processing.
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Table 2.1 Information about MNIST dataset

| Element of Dataset [ Size ||

Sample Size 60.000
Training Set Size | 54.000
Test Set Size 6.000
Image Size 28x28
Number of Classes 10

Table 2.2 Architecture of modified LeNet used in MNIST dataset

| Layer name | Size |

Input Layer 28x28

Convolutional Layer | 5x5x20
Maxpool Layer 2x2

Convolutional Layer | 5x5x50
Maxpool Layer 2x2
Fully connected Layer | 500
Fully connected Layer 10

A modified version of the original LeNet model, inspired from the [20] is used in
MNIST dataset as a benchmark. It consists of 6 layers, including two convolutional
layers, two subsampling layers, and two fully connected layers. The input to the
network is a grayscale image of size 28x28 pixels, which is passed through the two
convolutional layers to extract features. The first convolutional layer has twenty filters
of size 5x5, while the second layer has fifty filters of size 5x5. The outputs of the
convolutional layers are then passed through the subsampling layers, which reduce
the spatial dimensions of the feature maps. The subsampling layers use a technique
called max pooling, which divides the feature maps into non-overlapping regions and
computes the maximum value for each region. The output of the subsampling layers is
then passed through two fully connected layers, which perform the classification task.
The first fully connected layer has 500 units, and the second has 10 units (one for each
class from O to 9). Softmax function, which is a non-linear activation function, is used
to map the score for each class to a probability between 0 and 1. The neural network
is trained with backpropagation using stochastic gradient descent, by using subsets
of training set at each iteration. The architecture of the LeNet model is presented in

Table 2.2.
Three different small networks are designed for constructing three different cascaded
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Table 2.3 Architectures of small networks used in MNIST dataset

| Layer name | Smalll | Small2 | Small3(10 Epochs) ||
Convolutional Layer | 5x5x10 | 5x5x2 | 5x5x2 with stride=2
Maxpool Layer 2x2 2x2 2x2
Convolutional Layer | 5x5x20 | 5x5x4 | 5x5x4 with stride=2
Maxpool Layer 2x2 2x2 2x2
Fully connected Layer 50 50 50
Fully connected Layer 10 10 10

networks all including the LeNet model as the large network, in order to observe the
effect of different-sized small networks on the performance and efficiency of the in-
troduced cascaded convolutional neural network model. Architectures of three small
convolutional neural network models are presented in Table 2.3. While the number of
layers is the same for all three small networks, the size of the layers and stride values
are different in order to change the number of connections in each network, hence al-
tering the number of parameters to be trained. Therefore, these previously presented

small networks diverge in accuracy and time complexity.

2.3.2 EMNIST Dataset

The EMNIST dataset is a broadly used benchmark dataset in the field of deep learn-
ing and computer vision. It consists of 124.800 images of handwritten letters of the
English alphabet with a size of 28x28 pixels. The dataset is split into training and test
sets, which include 112.320 and 12.480 samples respectively. The EMNIST dataset
has been widely used for developing and evaluating deep neural network and convo-
lutional neural network models for image classification. EMNIST dataset is preferred
as one of the benchmark datasets in this thesis since it is acknowledged as a standard
for advances and assessment of novel models. The EMNIST dataset has played a vi-
tal role in the advancement of deep learning algorithms, especially for convolutional
neural networks. Figure 2.6 demonstrates sample images from the EMNIST dataset.

Table 2.4 demonstrates statistical information about the EMNIST dataset.

LeNet-5 [6] model is employed as the large network in the cascaded neural network
model and used as a benchmark convolutional model in the EMNIST dataset. An

illustration of LeNet-5 model architecture is demonstrated in Figure 2.7 and a com-
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Figure 2.6 Sample images from EMNIST dataset

prehensive explanation of each layer is presented in Table 2.5. LeNet5 consists of 2
convolutional layers, 2 subsampling layers which are utilized in order to reduce the
spatial dimension of feature maps, and 3 fully connected layers, with a softmax acti-
vation function in the last fully connected layer. The first convolutional layer includes
6 filters with a size of 5x5, and the second convolutional layer consists of 16 filters
with a size of 5x5. There are subsampling layers after each convolutional layer, and
both of them have a size of 2x2. These subsampling layers use a technique called max
pooling, which divides the feature maps into non-overlapping regions and computes
the maximum value of each region. Then, the output of the second max-pooling layer
is passed into three fully connected layers, with decreasing sizes, for the classification

task. The first fully connected layer has 120 neurons, the second one has 84 neurons
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Table 2.4 Information about EMNIST dataset

| Element of Dataset | Size ||
Sample Size 124.800
Training Set Size | 112.320
Test Set Size 12.480
Image Size 28x28
Number of Classes 26

Table 2.5 Architecture of LeNet-5 used in EMNIST dataset

| Layer name | Size ||

Convolutional Layer | 5x5x6
Maxpool Layer 2x2

Convolutional Layer | 5x5x16
Maxpool Layer 2x2
Fully connected Layer 120
Fully connected Layer 84
Fully connected Layer 26

and the last fully connected layer consists of 26 neurons (one for each letter). Lastly,
the output of the third fully connected layer is fed into the softmax activation function

in order to calculate class probabilities.

C3: 1. maps 16@10x10
S4:1

INPUT

C1: feature maps
122 -

6@14x14

Convolutions Subsampling

Figure 2.7 Figure of LeNet-5 model architecture

To examine how the size of small networks affects the performance and efficiency
of cascaded convolutional neural network models, four different small networks are
designed that all incorporate the LeNet-5 model as the large network. Each of these
small convolutional neural network models has a difference in the number of layers,

the size of their layers, or stride values, which altered the number of connections in
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Table 2.6 Architecture of First small network utilized in EMNIST dataset

| Layer name | Size |
Convolutional Layer | 5x5x10
Maxpool Layer 2x2
Convolutional Layer | 5x5x20
Maxpool Layer 2x2

Fully connected Layer 50
Fully connected Layer 26

Table 2.7 Architectures of three small networks utilized in EMNIST dataset

| Layer name | Small2(Epoch=5) | Small3(Epoch=1) | Small4 |
Convolutional Layer 5x5x10 5x5x10 5x5x10 with stride=3
Maxpool Layer 2x2 2x2 2x2
Fully connected Layer 50 50 50
Fully connected Layer 26 26 26

each network and the number of parameters to be trained. As a result, presented small
networks demonstrate varying levels of accuracy and time complexity. Detailed de-
scriptions of the architectures for these small networks are provided in Tables 2.6,2.7.
The first small network presented in Table 2.6 has the most number of layers compared
to other little networks utilized in the EMNIST dataset. Three different convolutional
neural networks are acquired by omitting a convolutional layer and max-pooling layer
from the first small neural network. Even though these three networks have the same
depths, they vary in layer width and stride of the convolutional layer. Hence, each
network has a diverse number of connections between layers and a different number
of parameters. Which results in different networks, with varying performances and

efficiencies.

2.3.3 Fashion MNIST Dataset

The Fashion MNIST dataset is a collection of images used as a benchmark for ma-
chine learning algorithms, particularly those designed for image classification and im-
age recognition, example images of the Fashion MNIST are provided in Figure 2.8.
It consists of 70.000 images divided into training and test sets of 60.000 and 10.000

respectively, with size 28x28 pixels. Statistical information on Fashion MNIST is
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presented in Table 2.8. The dataset is uniformly categorized into 10 different clothing
classes, including shirts, sneakers, sandals, bags, and trousers. The main purpose of
creating the Fashion MNIST dataset is to replace the most widely used MNIST dataset
of handwritten digits with a more complex dataset without changing size and format.
Because of the fast advancements in deep learning field, the MNIST dataset has be-
come too simple for modern machine learning algorithms to effectively demonstrate
their capabilities [29]. Due to its similarity to the MNIST dataset in terms of size
and format, the Fashion MNIST dataset is a convenient substitute for researchers who
wish to evaluate their algorithms using a more challenging image dataset. Hence,

Fashion MNIST dataset is widely used in order to assess the performance of many

novel convolutional neural network algorithms, such as [30, 31, 32, 33, 34].

=
[

Figure 2.8 Sample images from Fashion-MNIST dataset

The leNet-5 model used in the EMNIST dataset is adapted to the Fashion MNIST
classification problem, by altering the last fully connected layer. Since there are 10
categories in the F-MNIST dataset, the last fully connected layer is decreased to 10
neurons. The architecture of the slightly changed LeNet-5 model for the Fashion
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MNIST dataset is presented in Table 2.9. Three relatively small neural network mod-
els with varying depths and number of parameters are implemented and separately
cascaded with the LeNet-5 model in order to evaluate the performance and efficiency
of the proposed network selection technique over the Fashion-MNIST dataset. The

depth of network architecture and number of neurons per layer of three small convo-

Table 2.8 Information about Fashion-MNIST dataset

| Element of Dataset [ Size ||

Sample Size 70.000
Training Set Size | 60.000
Test Set Size 10.000
Image Size 28x28
Number of Classes 10

Table 2.9 Architecture of LeNet-5 used in FMNIST dataset

| Layer name | Size ||

Convolutional Layer | 5x5x6
Maxpool Layer 2x2

Convolutional Layer | 5x5x16
Maxpool Layer 2x2
Fully connected Layer 120
Fully connected Layer 84
Fully connected Layer 10

Iutional neural networks are demonstrated in Table 2.10.

Table 2.10 Architectures of three small networks utilized in Fashion MNIST dataset

H

Layer name

H

Maxpool Layer
Fully connected Layer

| Smalll | Small2 | Small3
Convolutional Layer | 5x5x6 | 5x5x2 | 5x5x2 with stride=3
2x2 2x2 2x2
50 50 50
10 10 10

Fully connected Layer
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CHAPTER 3

EXPERIMENTAL RESULTS

In the first set of simulations, the accuracy and execution time of cascaded neural net-
works utilized with the network selection technique proposed in Chapter 2 compared
to benchmark model LeNet [20] for the MNIST dataset. Three varying-sized small
neural networks are cascaded with the LeNet model separately in order to observe the
effect of the small network module over the introduced cascaded convolutional neural
network model. For simulation purposes, a big convolutional neural network (CNN)
is fixed to LeNet while little CNN is altered in the sense of depth and width. Param-
eters of the LeNet model are obtained from the paper [20] in order to have a well-
performing benchmark model, hence hyperparameter tuning and cross-validation are

not required.

In the second and third sets of simulations, the big CNN model and benchmark model
are changed to LeNet-5, since experiments are conducted on different datasets. EM-
NIST and Fashion-MNIST are more complex and harder to classify compared to the
MNIST dataset, therefore more complex and deeper CNN model is utilized both as a
big network module of the cascaded system and a benchmark model. Parameters of
the LeNet-5 model are obtained from the paper [34] for the Fashion-MNIST dataset
and from the paper [6] for the EMNIST dataset in order to have a well-performing

benchmark model, hence hyperparameter tuning and cross-validation is not required.

The numerical results of three sets of simulations acquired from three different datasets
are compared in order to observe the effect of the complexity of the classification task
over the performance and efficiency of the proposed parameter-free network selection

algorithm designed for cascaded convolutional neural networks.
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3.1 MNIST Dataset

LeNet model is utilized with hyperparameters optimized in paper [20] as 0.001 learn-
ing rate for 10 epochs, and results in 98.50% test accuracy and 99.19% training ac-
curacy with 421 seconds of total run-time (training and test phase run-times are com-
bined). Test accuracy and run-time of LeNet are employed as benchmark for the
assessment of cascaded deep neural network models in the next sections. The perfor-

mance of the benchmark model is presented in Figure 3.1.

Mnist LeNet model test accuracy: 98.50% Mnist LeNet model training accuracy: 99.19%

== Train
99.0 + Test

98.5 -
98.0 1
97.5 1

97.0 1

Accuracy (%)

96.5 <

96.0 1

95.5 1

95.0

T

0 2 4 6 8
Epochs

Figure 3.1 Performance of benchmark model in MNIST dataset

3.1.1 Smalll + LeNet

This section involves the experimentation on the first cascaded network using the
small network described in Table 2.3 and the big network described in Table 2.2 in
Chapter 2. Test accuracies of small CNN, large CNN, and cascaded model acquired by
combining small and large networks with the introduced network selection algorithm
are presented in Figure 3.2. In addition to evaluating the performance of the models

in terms of accuracy, the runtimes of each model were also measured, which are
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demonstrated in Figure 3.3. The runtimes of the models were found to be 38 seconds,
421 seconds, and 67 seconds, respectively. These results suggest that the model with
the highest accuracy was not necessarily the most efficient in terms of runtime. It is
possible to observe from Figure 3.2 and Figure 3.3 that, the loss in performance is very
small with the cascaded model while the decrease in runtime is substantial. The ratio
of samples routed from little to big network during training is 4.9% and 12% during
test, which are shown in Figure 3.4. It can be observed from these Figures, even
though the accuracy of the cascaded model is very similar to the benchmark network,
performance of the cascaded model is only slightly better than the small network when
the ratio of training samples passed from little CNN to large CNN is very low. In the
case of a small network that has a very good performance, it is mostly confident in
classifications, hence passing only a small amount of samples to the large network.
This causes most of the classifications to be made by the little CNN, in this case,
88% and leads to very similar accuracy between small and cascaded models. Another
reason for the close performances of the small and cascaded model is, the low ratio
of samples passed during the training phase, hence big CNN module of the cascaded
model is under-trained. In order to assess the performance of the introduced network
selection algorithm more clearly, more experiments are conducted with higher little
to big ratios by either utilizing more simpler small networks or using more complex

datasets in the next sections.
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Figure 3.2 Performance of Smalll, LeNet and cascaded model in MNIST dataset
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Figure 3.3 Time consumption of Smalll, LeNet and cascaded model in MNIST
dataset
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Figure 3.4 Ratio of samples passed from Smalll CNN to big CNN in the cascaded
model
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3.1.2 Small2 + LeNet

This section describes the experimentation carried out on a cascaded network, which
uses both small and big networks as described in Tables 2.3 and 2.2 in Chapter 2. Test
accuracies for the small CNN, large CNN, and cascaded model obtained using the
proposed network selection algorithm are presented in Figure 3.5, and their runtimes
are shown in Figure 3.6. The runtimes were found to be 13 seconds, 421 seconds,
and 31 seconds, respectively. These results indicate that the most accurate model is
not always the most efficient in terms of runtime. Interestingly, the cascaded model
demonstrates only a small loss in accuracy compared to the benchmark network, but
a substantial decrease in runtime. Figures 3.5, 3.6, and 3.7 show that only a small
percentage of samples were routed from the small to large network during training
and testing, suggesting that when the small network performs well, it is confident in
its classifications and only passes a small number of samples to the large network.
Overall, these findings demonstrate the potential of the proposed network selection
algorithm to improve the efficiency of cascaded models without sacrificing much ac-
curacy. Itis possible to notice the performance difference between small and cascaded
networks, as the accuracy of small network is less in this experiment. However, there
is a larger performance gap between benchmark and cascaded models, because the

ratio of samples routed to big CNN during training is too low (2.4%).
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Figure 3.5 Performance of Small2, LeNet and cascaded model in MNIST dataset
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Figure 3.6 Time consumption of Small2, LeNet and cascaded model in MNIST
dataset
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Figure 3.7 Ratio of samples passed from Small2 CNN to big CNN in the cascaded
model
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3.1.3 Small3 + LeNet

This section reports on an experimental evaluation of the cascaded network, which
utilizes both small and big networks described in Tables 2.3 and 2.2 from Chapter 2.
Figure 3.8 presents test accuracies for the small CNN, large CNN, and cascaded model
obtained using the introduced network selection algorithm, and Figure 3.9 shows their
corresponding runtimes. The results reveal that, although the model with the highest
accuracy achieved a score of 98.50%, it had a much longer runtime of 808 seconds
compared to the other models. Interestingly, the cascaded model exhibits only a small
reduction in accuracy when compared to the benchmark network, yet achieved a sig-
nificant decrease in runtime. Figures 3.8, 3.9, and 3.10 reveal that higher percentage
of samples were routed from the small to large network during training and testing,
indicating that the small network is not confident in its classifications and passes more
samples to the large network; lower test accuracy of small network also supports this
argument. Hence, it can be observed that lower performance of little module causes
more training of large module; therefore a significant performance gap between small
and cascaded networks and less runtime reduction. These results highlight the poten-
tial of the proposed network selection algorithm to enhance the efficiency of cascaded

models while maintaining high accuracy.
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Figure 3.8 Performance of Small3, LeNet and cascaded model in MNIST dataset
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Figure 3.9 Time consumption of Small3, LeNet and cascaded model in MNIST
dataset
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Figure 3.10 Ratio of samples passed from Small3 CNN to big CNN in the cascaded
model
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3.2 EMNIST Dataset

LeNet-5 model is utilized with hyperparameters optimized in paper [6] and results in
91.46% test accuracy and 94.01% training accuracy with 386 seconds of total run-
time (training and test phase run-times are combined). Test accuracy and run-time of
LeNet-5 are employed as benchmark for the assessment of cascaded deep neural net-
work models in the next sections. Performance of the benchmark model is presented

in Figure 3.11.

Big model test accuracy: 91.46% Big model training accuracy: 94.01%
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Figure 3.11 Performance of benchmark model in EMNIST dataset

3.2.1 Smalll + LeNet5

This section involves the experimentation on the first cascaded network using a small
network described in Table 2.6 and a big network described in Table 2.5 in Chapter
2. Smalll CNN has less depth and width compared to LeNet-5, with fewer fully
connected layers and fewer neurons in each fully connected layer. Test accuracies of
small CNN, large CNN, and cascaded model acquired by combining small and large

networks with the introduced network selection algorithm are presented in Figure
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3.12. In addition to evaluating the performance of the models in terms of accuracy,
the runtimes of each model were also measured, which are demonstrated in Figure
3.13. The runtimes of the models were found to be 91 seconds, 386 seconds, and
156 seconds, respectively. It is observed that the high accuracy of the small CNN
module causes a low ratio of samples to be routed from little CNN to big CNN as
in Figure 3.14. Therefore, performance of the cascaded model is more similar to
the small neural network, although the accuracy gap between the cascaded model
and benchmark LeNet-5 is less than 2%. Even though the cascaded model increases
efficiency by more than 50% while losing only 2% accuracy in this experiment; the
advantage of the proposed network selection algorithm is more noticeable when there

is more difference between small and large networks regarding performance.
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Figure 3.12 Performance of Smalll, LeNet-5 and cascaded model in EMNIST dataset
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Figure 3.13 Time consumption of Smalll, LeNet-5 and cascaded model in EMNIST
dataset
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Figure 3.14 Ratio of samples passed from Smalll CNN to big CNN in the cascaded
model for EMNIST dataset



3.2.2 Small2 + LeNet5

This section involves the experimentation on the cascaded network using the small
network described in Table 2.7 and the big network described in Table 2.5 in Chapter
2. Small2 network has reduced depth compared to Smalll CNN utilized for the EM-
NIST dataset, with fewer convolutional layers; while possessing the same network
depth. Small2 is trained for a higher number of epochs compared to Smalll; hence
has greater runtime in spite of its shallower architecture. The number of epochs is not
optimized for small networks utilized in cascades in order to prove that the proposed
network selection technique performs well even with non-optimized small networks.
Test accuracies of small CNN, large CNN, and cascaded model acquired by com-
bining small and large networks with the introduced network selection algorithm are
presented in Figure 3.15. In addition to evaluating the performance of the models in
terms of accuracy, the runtimes of each model were also measured, which are demon-
strated in Figure 3.16. The runtimes of the models were found to be 235 seconds, 386
seconds, and 279 seconds, respectively. It is noticed that the cascaded model raises ef-
ficiency by 27.7% with a decline in performance by 4.5%. These results demonstrate
that a small network with a relatively large runtime can cause a harsh decrement in

efficiency without any improvement in accuracy.
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Figure 3.15 Performance of Small2, LeNet-5 and cascaded model in EMNIST dataset
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Figure 3.16 Time consumption of Small2, LeNet-5 and cascaded model in EMNIST
dataset
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Figure 3.17 Ratio of samples passed from Small2 CNN to big CNN in the cascaded
model for EMNIST dataset



3.2.3 Small3 + LeNet5

This section involves the experimentation on the cascaded network using the small3
network described in Table 2.7 and the big network described in Table 2.5 in Chap-
ter 2. Test accuracies of small CNN, large CNN, and cascaded model acquired by
combining small and large networks with the introduced network selection algorithm
are presented in Figure 3.18. In addition to evaluating the performance of the mod-
els in terms of accuracy, the runtimes of each model were also measured, which are
demonstrated in Figure 3.19. The runtimes of the models were found to be 38 sec-
onds, 386 seconds, and 95 seconds, respectively. Small3 network has the same depth
and width compared to Small2, hence the same number of neurons and connections.
However, it employs 1 training epoch, which reduces runtime drastically while also
causing a decrease in the performance of the small module. However, it is observed
that the cascaded model performs better and more efficiently even though employed
little CNN is worse in both properties. This situation can be explained by the larger
rate of samples passed from little CNN to big CNN, which is demonstrated in Figure
3.20. Since a small module has lower accuracy, it also has lower confidence in both
training and test samples. Therefore, more samples are routed to the big module in

both phases and enhanced performance is obtained.
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Figure 3.18 Performance of Small3, LeNet-5 and cascaded model in EMNIST dataset
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Figure 3.19 Time consumption of Small3, LeNet-5 and cascaded model in EMNIST
dataset
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Figure 3.20 Ratio of samples passed from Small3 CNN to big CNN in the cascaded
model for EMNIST dataset



3.2.4 Small4 + LeNet5

This section reports on the experimental evaluation of the cascaded network, which
utilizes the small4 and big networks described in Tables 2.7 and 2.5 in Chapter 2. The
test accuracies of the small CNN, large CNN, and cascaded model obtained using
the introduced network selection algorithm are presented in Figure 3.21. In addition
to evaluating the models in terms of accuracy, their runtimes were also measured
and presented in Figure 3.22, with runtimes of 159 seconds, 386 seconds, and 218
seconds for the small CNN, large CNN, and cascaded model, respectively. The small4
network has the same depth as the small2 network. However, the convolutional layer
is configured to use a stride of 3. Even though there is an increment of 0.6% in small
module performance, advancement in cascaded model performance is 2.5% compared
to the small2 network.
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Figure 3.21 Performance of Small4, LeNet-5 and cascaded model in EMNIST dataset
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Figure 3.22 Time consumption of Small4, LeNet-5 and cascaded model in EMNIST
dataset
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Figure 3.23 Ratio of samples passed from Small4 CNN to big CNN in the cascaded
model for EMNIST dataset



3.3 Fashion MNIST Dataset

LeNet-5 model is utilized with hyperparameters optimized in paper [6] and results in
88.91% test accuracy and 92.57% training accuracy with 179 seconds of total run-time
(training and test phase run-times are combined). Small network structures utilized in
this part are demonstrated in Table 2.10. Test accuracy and run-time of LeNet-5 are
employed as benchmark for the assessment of cascaded deep neural network models

in the next sections. Performance of the benchmark model is presented in Figure 3.24.
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Figure 3.24 Performance of benchmark model in Fashion-MNIST dataset

3.3.1 Smalll + LeNet5

This section reports on an experimental evaluation of the cascaded network, which
utilizes both small and big networks described in Tables 2.10 and 2.9 from Chapter
2. Figure 3.25 presents test accuracies for the small CNN, large CNN, and cascaded
model obtained using the introduced network selection algorithm, and Figure 3.26
shows their corresponding runtimes. The results reveal that, although the model with
the highest accuracy achieved a score of 88.91%, it had a much longer runtime of 179

seconds compared to the other models. Interestingly, the cascaded model exhibits
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only a small reduction in accuracy when compared to the benchmark network, yet
achieved a significant decrease in runtime. Figures 3.25, 3.26, and 3.27 reveal that
around 20% of training data is routed from little to big network is sufficient for the
large module of the cascaded system to have a good performance, hence performance
of the cascaded system is very similar to the benchmark model. The proposed cas-
caded model achieved 60% more efficiency while having only 1% less accuracy than
the benchmark model. These results highlight the potential of the proposed network
selection algorithm to enhance the efficiency of cascaded models while maintaining

high accuracy.
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Figure 3.25 Performance of Smalll, LeNet-5 and cascaded model in Fashion-MNIST
dataset

39



Run times in second

500

400 A

300 A

200 1

100 A

Small_CNN_time Cascaded_model_time Large_CNN_time

Figure 3.26 Time consumption of Smalll, LeNet-5 and cascaded model in Fashion-
MNIST dataset
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Figure 3.27 Ratio of samples passed from Smalll CNN to big CNN in the cascaded
model for Fashion-MNIST
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3.3.2 Small2 + LeNet5

This section reports on an experimental evaluation of the cascaded network, which
utilizes both small and big networks described in Tables 2.10 and 2.9 from Chap-
ter 2. A smaller CNN model than the Smalll network in the previous subsection is
implemented in this section by decreasing the number of filters in the convolutional
filter. Reduction of layer width results in a faster little CNN and therefore faster cas-
caded model. However, the accuracy of the little CNN module is 0.5% higher, hence
performance gap between little and big modules is too small and results in a perfor-
mance decrease for the proposed cascaded model. This proves that if the performance
difference between the little CNN module and big CNN module is less than 1.5%,
the accuracy of the cascaded model is more close to the small neural network, than
the benchmark model. Figure 3.28 presents test accuracies for the small CNN, large
CNN, and cascaded model obtained using the introduced network selection algorithm,
and Figure 3.29 shows their corresponding runtimes. The findings indicate that even
though the benchmark model has 1.4% better performance than the proposed cas-
caded model, it takes 68% longer to run. It’s worth noting that the cascaded model
has only a slight decrease in accuracy compared to the benchmark network, but it has

a significant decrease in runtime.
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Figure 3.28 Performance of Small2, LeNet-5 and cascaded model in Fashion-MNIST
dataset
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Figure 3.29 Time consumption of Small2, LeNet-5 and cascaded model in Fashion-
MNIST dataset
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Figure 3.30 Ratio of samples passed from Small2 CNN to big CNN in the cascaded
model for Fashion-MNIST
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3.3.3 Small3 + LeNet5

This section describes an experiment evaluating a cascaded network that combines a
third small network explained in Table 2.10 and a big network explained in Table 2.9.
Small3 is the smallest neural network implemented for experimenting in the Fash-
ion MNIST dataset, with a narrower convolutional layer and larger stride value, hence
fewer parameters to be trained. This results in lower accuracy of 78% and fast compu-
tation time of 13 seconds as demonstrated in Figures 3.31 and 3.32 respectively. Low
performance of the small CNN module leads to a higher ratio of samples passed from
little CNN to big CNN during both training and test phases which is demonstrated in
Figure 3.33. Therefore the cascaded model is more similar to the benchmark model
than to the small CNN in the matter of performance; while keeping a higher runtime
gap between the benchmark model. The findings indicate that when a very simple and
fast neural network with low performance is utilized, the proposed network selection
algorithm is still able to enhance the efficiency of cascaded models while maintaining

high accuracy.
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Figure 3.31 Performance of Small3, LeNet-5 and cascaded model in Fashion-MNIST
dataset
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Figure 3.32 Time consumption of Small3, LeNet-5 and cascaded model in Fashion-
MNIST dataset
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Figure 3.33 Ratio of samples passed from Small3 CNN to big CNN in the cascaded
model for Fashion-MNIST
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3.4 Discussion of Experimental Results

Numerical results demonstrate that cascaded models with the proposed network selec-
tion algorithm outperform benchmark models in matters of efficiency under various
scenarios. The comparison between cascaded models employing different small mod-
ules indicates that; although their performance and efficiency depend on the small
modules, efficiency gain is remarkably larger than performance decrease even in the
worst-case scenario. Worst results are observed when the small module of the cas-
caded model is relatively large, which causes a decrease in both performance and
efficiency. Experimentation on different datasets shows that more complex classifi-
cation tasks can limit the efficiency gain to around 60%. However, performance in
the 5% domain of the benchmark model is achievable. The summary of experimental

results is demonstrated in Table 3.1.
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Table 3.1 Summary of experimental results

Benchmark | Acc  De- . Benchmark | Efficiency
MNIST Acc Acc crease(%) S Runtime Gain(%)
smalll+ - o7 75 | 9g 5 0.76% 67 421 84%
LeNet
Small2+
LeNet 96.7 | 98.5 1.82% 31 421 92%
Small3+ g, | 985 4.56% 177 421 58%
LeNet

Benchmark | Acc  De- . Benchmark | Efficiency
EMNISS Ace Acc crease(%) s Bl Runtime Gain(%)
Smalll+
LeNetS 89.51 | 91.5 2.1% 156 386 59%
Small2+
LeNets 87.32 | 91.5 4.5% 279 386 27%
Small3+
LeNetS 89.9 | 915 1.7% 95 386 75%
Small4+
LeNetS 89.8 | 91.5 1.8% 218 386 43%
FASHION Acc Benchmark | Acc  De- Runtime Benchmark | Efficiency
MNIST Acc crease(%) Runtime Gain(%)
Smalll+
LeNetS 88.33 | 88.91 0.6% 68 179 62%
Small2+
LeNetS 87.63 | 88.91 1.4% 56 179 68%
Small3+
LeNetS 86.58 | 88.91 2.6% 60 179 66%
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CHAPTER 4

CONCLUSION

In this thesis, two essential questions are addressed: is it possible to implement a
parameter-free network selection algorithm based on softmax margin for cascaded
neural networks, and how this technique can be employed in both training and test
phases? In Chapter 2, cascaded neural networks are explained and the definition of
softmax margin is given. A detailed description of the proposed technique is provided
and how it is adapted to cascaded convolutional neural networks is explained in de-
tail, including the introduction of cross-entropy as a loss function and the derivation
of softmax margin for dynamic threshold updates. The chapter concludes with the
experimental setup, architectures of little and big networks utilized on every dataset,

and a comprehensive description of datasets.

All experimental results are summarized in Table 3.1. It can be observed that the cas-
caded models are 2 to 4 times faster and only loses 2.6% accuracy at most in every
experiment except two worst-case situations. These two worst-case scenarios occur
if the small network is redundantly overtrained, and overfitting of the small network
causes wrong high confidence, so the router sends fewer samples to the large network,
even if it should send more. Even in the worst-case scenarios, the proposed technique
achieves only a 4.5% accuracy decrease and a 25 to 50% efliciency gain. However,
this situation can be easily fixed with domain knowledge. It is also possible to notice
from the experiments that even when the small network has low accuracy, the cas-
caded system is still able to perform well enough. This situation can be explained by
the adaptive nature of the proposed network selection technique. The router is able to

notice when the small module is performing poorly and increases the ratio of samples
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fed to the large module. Therefore, similar to the benchmark model performance is

achieved even if the small network module is chosen poorly.

In conclusion, this thesis proposes a novel network selection technique to be utilized
in cascaded deep neural networks and demonstrates its performance and efficiency
through numerical simulations on MNIST, EMNIST, and Fashion-MNIST datasets.
The results suggest that the proposed model can perform more efficiently than bench-
mark models without sacrificing accuracy, making it a promising approach for solving

similar problems in the future.

The proposed network selection technique is capable of increasing efficiency with
only a small decrease in effectiveness and is also able to adjust to different datasets
and small network modules. However, the introduced approach is only suitable for
batch-processing datasets. It is not possible to directly use this technique in real-
time data since the threshold is calculated for a batch of data. As a future study, the
proposed network selection algorithm can be improved so that it is also suitable for

real-time data.

While the introduced technique is only applied to double cascade systems in the pre-
sented thesis, As a future study, the proposed network selection algorithm can be
adapted to triple cascade systems. Furthermore, the network selection technique can
be generalized to a layer selection technique so that early exiting in a large network
can be achieved. This means, instead of utilizing a small and a large network; a large
network can be used with varying active layers for creating a single network with
dynamic depth. Another research direction can be transforming action-selection algo-

rithms, used for solving reinforcement learning tasks, to utilize for network selection.
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