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Abstract

This thesis attempts to develop networks trained without gradient descent or
backpropagation designed specifically for classification tasks. The emergence
of issues with gradient-based neural networks, such as long training time, van-
ishing or exploding gradients and high computational costs, has led to the
development of such alternatives. In fact, the works presented in this the-
sis extend PCANet, with the fundamental objective being the development
of networks capable of providing both good performance and significant im-
provements in network depth. Chapter 1 of this thesis formulates the problem,
describes the challenges, outlines the research questions and summarises the
contributions. In Chapter 2, gradient-based and non-gradient-based networks
are reviewed. Chapter 3 presents the Multi-Layer PCANet, whose design is
inspired by that of PCANet. However, using second-order pooling and CNN-
like filters, the evaluation experiments indicate that the proposed network pro-
vides a considerable reduction in the number of features and, consequently, a
gain in performance. The networks in Chapters 4 and 5 share the same de-
sign as the Multi-Layer PCANet but generate their filter banks using different
supervised learning approaches. The experimental results on four databases
(CIFAR-10, CIFAR-100, MNIST and TinylmageNet) show that semi-supervised
Stacked-LDA filters are sufficient for providing good data representation in the
convolutional layers. These filters are produced by combining 50% PCA fil-
ters (Chapter 3) with 50% Stacked-LDA filters (Chapter 4). Chapter 6 intro-
duces deep residual compensation convolutional networks for image classifi-
cation. The design of this network comprises several convolutional layers, each
post-processed and trained with new labels learned from the residual informa-
tion of all preceding layers. The evaluation experiments indicate that the pro-
posed network is competitive with standard gradient-based networks not only
in terms of accuracy but also in the number of FLOPs required for training.
Chapter 7 summarises the findings and discusses the field’s potential future

directions.
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Chapter 1

Introduction

1.1 Motivation and Context

Deep learning is a machine learning technique that relies on representation
learning, by which the system automatically learns the necessary represen-
tations from the raw data provided. The representations are learned using
a multi-layer framework in which each layer passes the processed data to a
higher abstraction layer. With enough transformations and parameters, com-
plex non-linear functions can, therefore, be learned [2].

Convolutional neural networks (CNNs) are deep learning models that ex-
tract meaningful abstract representations from raw data. The basic CNN ar-
chitecture is structured as a set of layers. The rst few layers are convolu-
tional layers responsible for detecting useful features using kernels that slide
across different training data positions. Some of the convolutional layers are
followed by pooling layers, which combine semantically similar features and
reduce the amount of information. Between the layers of any CNN design, the
data are processed using non-linear activations. At the end of the network,
fully-connected layers and a softmax layer are employed. CNN networks are
trained in an end-to-end learning fashion using the backpropagation method,
which uses chain rules of derivatives to update the network's parameters with
regard to its output's errors.

Since the early 2000s, CNNs have been successfully applied to different
elds, including face recognition, image segmentation and detection [2]. How-
ever, CNNs started to become popular in computer vision and machine learn-
ing in 2012, when AlexNet [3] won the ImageNet challenge with a top- ve error
rate of 15%, effectively halving the error rates of the best competing methods.
Since then, many CNN architectures have been investigated. VGGNet [4], for
instance, increased the CNN's depth to 19 layers and placed second in the 2014
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ImageNet challenge with a top-5 error rate of 7.3%. Using short connections be-
tween at least two convolutional layers, ResNet [5] has exceeded the 100-layer
barrier and won the ILSVRC competition with an error rate of 3.75%. Other
deep CNN examples include Fractional Net [6], Maxout [7], stochastic pool-
ing [8], ALL-CNN [9], binary network [10], FractalNet [11] and DenseNet [12],
among many others.

Along with the development of computer hardware and software, CNN ar-
chitectures have achieved human-level performance and become the dominant
approach in several domains, including image classi cation tasks. Since then,
deep learning and CNNs have been used interchangeably, with deep learning
now explicitly referring to the use of CNNs with several layers.

Before deep learning, the limitations of neural networks were well-known.
For example, they are not explainable, slow to train and require large amounts
of training samples. The evolution of CNNs has also led to complex models
with hundreds of layers and billions of parameters. Proper tuning of these pa-
rameters is crucial for optimal learning performance. This makes CNNs' train-
ing not only challenging but also something closer to an art than a scienti c or
technical discipline [13]. In addition, the network error is minimised using an
iterative method called stochastic gradient descent. This method aims to ad-
just the weights so that the network error reaches its global minimum. Most
of the time, however, it sticks at its local minimum. Backpropagation also uses
chain rules of derivatives, while not all properties in the world can be differ-
entiated [13]. Some additional issues that have emerged with deeper CNNs
include vanishing gradient, slow convergence rate and high computing cost
[14]. These limitations remain in the era of deep learning.

The main message from the last ve years is to use effective deep archi-
tectures to represent real-world patterns, but this does not rely speci cally on
the use of neural networks. Therefore, efforts have been made to investigate
non-differentiable-style networks, which are trained without gradient descent
or backpropagation. Among these networks are deep forest [13], PCANet [15],
scattering network [16] and extreme learning machine networks [14, 17, 18, 19].
The PCANet architecture, with basic processing steps, including two cascaded
principal component analysis (PCA) layers, binary hashing and histogram-
ming, has reached state-of-the-art performance on many databases, including
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MNIST, extended Yale B, AR and FERET, con rming its generalisation capa-
bility across different tasks. As a result of PCANet's success, a variety of sim-
ilar strategies have been developed. DCT-Net [20], LBP-Net [21] and ICANet
[22], for instance, shared the same architecture as PCANet but generated dif-
ferent features using different Iter types. PCANet-II [23] replaced the original
PCANet's histogram pooling with second-order pooling to reduce the number
of features. PCANet+ [24] presented a lter ensemble learning approach to ad-
here to CNN architectures. While these networks have not provided high clas-
si cation accuracy on more challenging datasets such as CIFAR-10, they have
shown that network training without gradient descent or backpropagation is
possible. In addition, these networks offer less training time than gradient-
based style networks since they are trained sequentially in a single pass without
requiring iterations to update the weights. Moreover, the vanishing or explod-
ing gradient problem is not an issue since these networks are trained without
gradient descent. However, further study in this area is required, which is the
purpose of this research. The primary objective is to determine ways to build
more complicated structures without using backpropagation for classi cation
tasks.

1.2 Challenges

The main objective of this research is to investigate deep, non-differentiable-
style networks that are trained without backpropagation for classi cation tasks.

In this research, the PCANet structure [15] serves as the baseline for designing
our non-differentiable networks. Training networks without gradient descent
or backpropagation is not a trivial task, and in the following, we highlight some
challenges we encountered while working with non-differentiable networks.

The rst challenge was to reduce the number of features and, therefore,
memory consumption. The current works suffer from the feature explosion
problem. Taking PCANet [15] as an example, images are convolved with Iters
per channel; as each Iter works on a single channel to create a new grayscale
iImage, the number of channels at the next layer equals channels Iters and
grows rapidly. Local histogramming in PCANet is another factor contributing
to the feature explosion problem. While several studies (e.g., [24] and [23]) have
attempted to tackle this issue, doing so effectively remains an open challenge.
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The second challenge was to improve the feature representation process ei-
ther by changing the lter type or the post-processing procedures. PCANet
[15], for example, used PCA-based lters, whereas the unsupervised PCA method
is applied to local patches extracted from images. Other studies used differ-
ent lter types to generate different features. DCTNet [20], CCANet [25] and
CFR-ELM [26] are all examples of networks that create Iter banks using unsu-
pervised approaches. The LDANet [15], DCCNet [27], OSNet [28] and CKNet
[29] networks are examples of those that use supervised approaches to pro-
duce their Iter banks. DFSNet [30] is a good example of a network that uses
semi-supervised lters. Even though several of these studies used more com-
plicated procedures to create their lters, the networks' accuracy results were
similar to those of the original PCANet. The primary dif culty is in produc-
ing Iter banks that improve data representations while still offering noticeable
improvements over the baseline PCANet design. To further enhance the rep-
resentations, post-processing the feature maps after convolving them with the
Iter banks is required. All variants of PCANet involve a binarization step that
reduces the lter responses to zeros and ones using the signum function, result-
ing in a big loss of information. Among the challenges was nding a suitable
alternative to the signum function that would maintain essential information
and provide better representations.

The nal challenge was to considerably increase the network depth while
maintaining a good level of accuracy. Existing non-differentiable networks do
not have more than three layers, despite the importance of network depth in
achieving good classi cation results. This limitation, we believe, is due to the
subsampling nature of these shallow-depth networks. As we add more layers,
we lose more information about the original data, and unlike gradient-based
networks, we have no mechanism to update the network parameters concern-
ing the network’s error. Hence, the network's errors are propagated as addi-
tional layers are added.

1.3 Objectives and Research Questions

This research again focuses on the classi cation tasks. Our main goal is to
design deep, non-differentiable networks that can be trained in a single pass
without backpropagation. Speci cally, the layers are added sequentially and
trained without iterations or extensive parameter updates. More precisely, this
research aims to answer the following questions based on the main challenges



Chapter 1. Introduction 5

described in Section 1.2.

» What modi cations may be made to the current PCANet model to reduce
the dimensionality of the data and, hence, the computational cost without
compromising classi cation accuracy?

» What type of convolutional lters are to be used to extract good represen-
tations that lead to a noticeable gain in the model's accuracy?

* How can we simultaneously increase the network's depth and ensure that
classi cation errors are corrected while traversing it?

1.4 Contributions

This thesis makes the following contributions to the area of non-differentiable
networks by addressing the research questions listed in Section 1.3:

* In Chapter 3, the Multi-Layer PCANet architecture is presented as a hy-
brid model that combines Iter ensemble learning from [24] with second-
order pooling from [23]. In contrast to other variants of PCANet, which
employ the Heaviside activation function, we post-process the data us-
ing the z-score method, which maintains more information and provides
better representations. In addition, we use a late fusion technique to re-
duce the dimensionality of the data further. Due to these modi cations,
we were able to enhance the original PCANet's performance while in-
creasing the number of layers to a maximum of nine. Our experiments
in the chapter demonstrated that the Multi-Layer PCANet outperformed
PCANet not only in terms of accuracy but also in the number of oat-
ing operations (FLOPS) required for the training. The model also showed
a signi cant improvement in the number of FLOPs compared to many
gradient-based models.

* In Chapter 4, we introduce the Stacked-LDA network, which replaces the
unsupervised PCA lters in the Multi-Layer network with supervised
Stacked-LDA lIters. The computation of these lIters involves selecting
a subset of image-based patches and then applying a linear discriminant
analysis classi er to train the selected patches with their classes. The tech-
nique searches iteratively for patches with separable classes. When such
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classes are found, their weights are accumulated and used as Stacked-
LDA lters. In all classi cation tasks, the Stacked-LDA network out-
performed the Multi-Layer PCANet structure, demonstrating the signif-
icance of the Iter type on the model's accuracy. In addition, our exper-
imental results demonstrated that using only one layer of the Stacked-
LDA model produced a comparable performance to that of using multi-
ple layers of the Multi-Layer PCANet, but with a signi cant reduction of
around 50% in the number of trainable parameters.

 In Chapter 5, more lter types are introduced to generate different fea-
tures. Clustering networks, for instance, use spectral clustering to di-
vide each class into sub-classes, which are then used to train an LDA on
batch-based image data to produce the network Iter banks. The SLE net-
work generates non-linear lIters using supervised laplacian eigenmaps
and an extreme learning machine. The supervised laplacian eigenmaps
method is based on the principle of employing separation criteria that
maximises the distance between samples of different classes while min-
imising it within a class. As an alternative to the SLE network, the HSIC
network generatesits Iter banks based on the information criterion (Hilbert—
Schmidt independence criterion), which reduces the dependency on the
inputs and increases it on the labels. In addition, the S-ELM network em-
ploys the supervised extreme learning machine auto-encoder to produce
Iter banks, which in turn give a compact representation that is informed
by both input and target data. The experiments presented in Chapter 5
demonstrated that the Stacked-LDA (Chapter 4) provided the highest ac-
curacy among the networks under consideration, despite the robust com-
petition from the S-ELM network. In addition, regarding computational
complexity, our experiments demonstrated that the Stacked-LDA lters
showed better computational ef ciency compared to several other pro-
posed lters, including HSIC, SLE and clustering network lters.

* In Chapter 6, we present a novel deep residual compensation convo-
lutional network (ResCNet). This network's structure comprises multi-
ple convolutional layers, each followed by some post-processing steps
and a classi er. Each layer is trained with classes generated using the
residual information of all of its preceding layers. In terms of accuracy,
this network structure outperformed all previous non-differentiable net-
works. Unlike neural networks, the ResCNet structure does not need to
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be known in advance. Moreover, to the best of our knowledge, ResC-
Net is the rst non-differentiable network to be implemented with over
950 layers and achieve outstanding performance. This performance was
comparable to standard gradient-based models such as Network in net-
work [31], stochastic pooling [8] and several residual networks. In ad-
dition, regarding the number of FLOPs required for training, ResCNet
used fewer FLOPs than some residual networks. While ResCNet is im-
plemented with hundreds of layers, these layers are trained sequentially,
one layer at a time, without any iterations or extensive updates to the net-
work's parameters. Additionally, we trained each layer with a relatively
small number of lters, which never exceeded 60. Therefore, although
ResCNet comprises hundreds of layers, it remains computationally ef -
cient and does not suffer from the same complexity issues that arise with
deep gradient-based models.

1.5 Outline of the Thesis

This thesis is organised as follows:

In Chapter 2, gradient-based and non-gradient-based works are discussed.

In Chapter 3, the Multi-Layer network is presented, and its performance
is compared with that of the original PCANet.

The primary purpose of Chapters 4 and 5 is to generate features using
different convolution lters.

Chapter 6 describes the deep residual compensation convolutional net-
work, which increases the network’s depth to more than 950 layers while
simultaneously correcting classi cation errors.

The works discussed in this thesis are summarised in Chapter 7, and some
directions for future research are presented.

In addition, it is worth noting that the work presented in Chapter 3 has been
published in [1], whereas the work described in Chapter 6 has been submitted
and accepted for presentation at the International Joint Conference on Neural
Networks (IJCNN 2023). Additionally, the Stacked-LDA Iters discussed in
Chapter 4 were submitted to IJICNN2023 as supplementary material.



Chapter 2

Background and Related Works

2.1 Introduction

The arti cial neural network is a sub-area of machine learning that has pro-
duced deep learning. Since its inception, deep learning has led to ever greater
disruption and achieved extraordinary success in practically all areas of appli-
cations. In deep learning, a class of machine learning that was introduced in
2006, 'learning' refers to the procedure of estimating a model's parameters to
perform a speci c task. It consists of many layers that separate the input and
the output, providing multiple steps of nonlinear data processing units with
hierarchical constructions that are used to learn features and classify patterns.
In other words, deep learning is a universal approach composed of multiple
layers that learn representations from data and is not task-speci c [32].

The key difference between deep learning and traditional methods is in fea-
tures are derived from the data. Traditional machine learning methods rely on
hand-crafted features using feature extraction methods such as scale-invariant
feature transform (SIFT), the speed-up robust feature (SURF) and many more.
The extracted features are then classi ed using a classi er such as the support
vector machine (SVM). Deep learning, on the other hand, automatically learns
functions from the raw data using a hierarchical, multi-level structure. This
makes deep learning a hot topic for many researchers.

Image classi cation is one area in which deep learning has shown effective-
ness. This deep learning success story began in 2012 when AlexNet [3], with an
eight-layer architecture, obtained a top-5 error rate of 15.3% on the ImageNet
database. AlexNet architecture, which consists of ve convolutional layers,
three pooling layers and three fully connected layers, has served as the basis
for the development of a wide variety of other networks. For example, VG-
GNet [4] is a classic deep CNN with the same design as AlexNet. However,
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unlike AlexNet, and with the help of small, 3 3 receptive elds, VGGNet
increases the network depth to 19 layers. VGGNet placed second in the 2014
ImageNet challenge, with a top-5 error rate of 7.3%, which was reduced to 6.8%
after the submission. Network in network (NiN) [31] is a CNN architecture that
set out to modify the design of AlexNet and VGGNet by replacing their fully
connected layers with a global average pooling. This method has proven to
be effective in reducing the total number of parameters, and it has since been
adopted by many other well-known networks, such as ResNet [5]. NiN also
incorporated fully connected networks such as the multi-layer perceptron to
be utilised between layers to extract the feature maps of the convolutional lay-
ers. This network was tested on several benchmarks and set new records in the
CIFAR-10 and CIFAR-100 databases. ResNet [5] is an example of CNN archi-
tecture that follows the same design as VGGNet and AlexNet but replaces the
fully connected layers with global average pooling, as in NiN. ResNet added
short connections between at least two convolutional layers and increased the
network depth to over 100 layers. This network placed rst in the ILSVRC
ImageNet challenge in 2015 with an error rate of 3.75% and won rst place in
the COCO database competition. Other examples of deep convolutional neural
networks include Maxout [7], ALL-CNN [9], stochastic pooling [8], binary net-
work [10], DenseNet [12], FractalNet [11], Fractional Net [6] and many others.
Some of these networks have modi ed one aspect of the VGGNet architecture
while still adhering to the network's fundamental design. For instance, frac-
tional [6] and stochastic pooling [8] networks work with the pooling layers,
Maxout [7] uses a new activation function, and EffNet-L2 [33] improves the
optimisation loss function of the network. Other networks have changed the
network's basic design, such as Fractal Net [11] and DenseNet [12].

With the development of deeper networks, CNNs have shown success in
classi cation tasks and reached human-level performance in many benchmarks.
Despite their success, several problems have emerged, such as vanishing gra-
dient descent, in which the gradients become very small or vanish by the time
they reach the network end. CNNs also involve a high computational cost,
which negatively affects training and inference times. Other issues associated
with CNNs include a slow convergence rate, intensive human intervention in
the training phase and local minima [14]. Consequently, considerable efforts
have been devoted to examining different strategies that might extract deep
feature representations while simultaneously reducing computational costs. Ex-
amples of such networks include deep forest [13], deep SVM [34], ScatNet [16],
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PCANet [15], and extreme learning machines (ELM) [14, 17, 18, 19]. All of these
networks are non-differentiable models that have been trained without gradi-
ent descent or backpropagation. PCANet [15] is a well-known network that
facilitates faster training convergence and does not need iterations to adjust
the weights of the hidden layers. Instead, network training is accomplished
by applying unsupervised principal component analysis (PCA) to local image
patches. PCANet architecture is simple and consists only of basic processing
steps, including two cascaded PCA stages, binary hashing and histogramming.
PCANet, with its simple structure, has achieved state-of-the-art performance
on many databases, including MNIST, extended Yale B, AR and FERET, con-
rming its generalisation capability across various tasks. The success of this
network has resulted in the development of a family of similar networks. For
instance, while maintaining the same structure, DCT-Net [20], LBP-Net [21],
and ICANet [22] generated different features by modifying the lters used by
PCANet [15]. PCANet-1l [23] shared the same design and Iters as the original
PCANet; however, it used second-order pooling instead of histogramming to
reduce the number of features. PCANet+ [24] changed the topology of PCANet
Iters by proposing PCA lters ensemble learning that constrains to CNNs'
structure. In addition, multiple kernel approaches have been investigated in an
effort to learn a non-linear representation of the PCA lters (see, for example,
[35]). Despite not achieving state-of-the-art performance on more challenging
datasets such as CIFAR-10 or Image-Net, these networks have demonstrated
the importance of convolution layers for obtaining good performance. How-
ever, there is a need for additional research in this area, and the objective of this
study is to satisfy that need. The research was carried out to investigate the
design of PCANet-like networks, which are optimised for classi cation tasks
and are trained without backpropagation or gradient descent.

This chapter is organised as follows. The whole chapter is divided into
two main sub-sections. The rst one (Section 2.2) describes some examples of
gradient-based models and is divided into the following two subsections: 2.2.1
explains some CNNs such as LeNet-5 [36], AlexNet [3], VGGNet [4], ResNet
[5], FractalNet [11], DenseNet [12], ALL-CNN [9], stochastic pooling [8] and
Maxout [7], while 2.2.2 details some deep probabilistic models such as the
Boltzmann machine [37], deep belief and deep direct networks [38]. The sec-
ond section in this chapter (Section 2.3) reviews some models designed with-
out relying on gradient descent or backpropagation. Among these models are
deep-SVM [34], deep forest [13], ScatNet [16], PCANet [15], PCANet+ [24] and
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PCANet-Il [23].

2.2 Gradient-Based Networks

In this section, we begin by discussing different basic CNN architectures, in-
cluding AlexNet [3], VGGNet [4] and ResNet [5]. We then describe gradient-
based probabilistic models, such as deep belief nets [39] and deep Boltzmann
machines [38].

2.2.1 Convolutional Neural Networks

This section provides an overview of different fundamental CNN structures.

All these networks use a mathematical operation known as convolution to cap-
ture the different local patterns of images. The convolutional layers in CNNs
use shared-weight convolution lters that slide along input features and create
translation-equivariant feature maps.

2.2.1.1 LeNet-5 [36]

LeNet-5, which was introduced in [36] in 1998, is one of the earliest deep learn-
ing networks designed to recognise hand digits from the MNIST database. The
structure of the network is simple and is described in gure 2.1. The architec-
ture comprises seven layers, including three convolutional layers, two down-
sampling layers, and two fully connected layers. It derives its name from the
fact that ve of its layers consist of trainable parameters.

FIGURE 2.1: LeNet-5 architecture: a ve-layer convolutional neu-
ral network for image classi cation on the MNIST database.

Table 2.1 provides more details about the network structure. The network's
rst layer, the input layer, is designed to receive 32 32 grayscale images. In ar-
ticle [36], the MNIST images of 28 28 size were zero-padded and normalised
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to values of between 0.1 and 1.175 to ensure that the image patches had a
mean of about 0 and a standard deviation of roughly 1. The 32  32-pixel
images were then passed to the rst convolutional layer (C1), which used a

5 5-pixel kernel to generate six feature maps. The downsampling layer (S2)
reduced the size of the dimensions by a factor of two, bringing them down to
14 14. In the paper, the downsampling layer averaged the pixel values in-
side a2 2 window, multiplied the average by a coef cient and added a bias
term before passing them to the activation function. The second convolutional
layer (C3) used a kernel size of 5 5 to generate 16 feature maps, which were
then pooled by the second downsampling layer with a lter size of 2 2 and
a stride of 2, to get 16 feature maps of size 5 5 each. The nal convolutional
layer (C5) employed a5 5 lter size to generate 120 feature maps, which were
then attened and sent to a fully connected layer containing 84 neurons. The
last layer of the structure was the softmax layer, which consisted of 10 neurons
representing the MNIST digits (0-9). The network was trained to minimise the
mean square error loss using around 60, 000 parameters. The testing accuracy
reported in the paper was 99.05% on the MNIST database.

TABLE 2.1: LeNet-5 architecture.

Layer name Layer type Filter size Image size | Activation
Input Image - 32 32 1 -
C1 Convolution 5 5 1 6 28 28 6 Tanh
S2 Sub-sampling |2 2,stride=2| 14 14 6 | Sigmoid
C3 Convolution 5 5 6 16 |10 10 16 Tanh
S4 Sub-sampling |2 2,stride=2| 5 5 16 Sigmoid
C5 Convolution 5 5 16 120 1 1 120 Tanh
F6 fully connected - 84 Tanh
Output fully connected - 10 Softmax

2.2.1.2 AlexNet [3]

AlexNet, described in [3], has a structure similar to LeNet-5 but is much deeper.
The network was trained to classify the 1.2 million high-resolution images from
the ImageNet LSVRC-2010 competition into 1000 distinct categories. On the
test data, AlexNet obtained top-1 and top-5 error rates of 37.5% and 17.0%,
respectively, which was an improvement of more than 8% over the previous
state-of-the-art results. The network also won the ILSVRC-2012 challenge, with
a top-5 test error rate of 15.3%.
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Figure 2.2 describes the network architecture. The architecture consists of
eight layers; ve of these are convolutional layers, while the remaining three
are fully connected. Some of the convolutional layers are followed by max-
pooling layers. The rst convolutional layer applies 96 kernels of size 11
11 3 with a stride of 4 pixels to the 227 227 3 input images. The second
employs 256 kernels of size5 5 96 to convolve the normalised and pooled
output of the rst convolutional layer. The third, fourth and fth are linked
with no pooling or normalising layers in between. The third layer employs 384
3 3 256 lters to convolve the outputs of the second convolutional layer
after normalising and pooling them. While the fourth layeruses 3843 3 384
Iters, the fth layer uses only 256. Moreover, each fully connected layer has
a total of 4096 neurons. Table 2.2 provides more details about the network
architecture, including the activation functions used at each layer.

FIGURE 2.2: AlexNet architecture: eight-Layer CNN for large-
scale image classi cation. More details about the network struc-
ture are described in Table 2.2.

TABLE 2.2: Explanation of the AlexNet architecture in detail.

Layer Filter size Stride | Padding | Image size | Activation
Input - - - 227 227 3 -
Conv 1 11 11 3 96 4 — 55 55 96 RelLU
Max-pool 1 3 3 2 - 27 27 96 -
Conv 2 5 5 96 256 1 2 27 27 256 RelLU
Max-pool 2 3 3 2 - 13 13 256 -
Conv 3 3 3 256 384 1 1 13 13 384 RelLU
Conv 4 3 3 384 384 1 1 13 13 384 RelLU
Conv5 3 3 384 256 1 1 13 13 256 RelLU
Max-pool 3 3 3 2 - 6 6 256 -
fully connected 1 - - — 4069 RelLU
fully connected 1 - - - 4069 RelLU
Output - - - 1000 Softmax

In [3], AlexNet was trained with 60 million parameters on GTX 580 3GB
GPUs for six days. So that the network would be trained faster, the authors
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used the recti ed linear unit (ReLU), de ned as max (0,x), instead of the tanh
or the sigmoid activation functions. The ReLU activation was used after each
convolutional layer, as shown in Table 2.2. In addition, two data augmenta-
tion methods and the dropout technique were used to address the over tting
problem. Translation and horizontal ipping were the rst forms of data aug-
mentation adopted. The original training images of size 256 256 3 and their
horizontally ipped copies were randomly cropped to size 227 227 3. Atthe
testing time, the testing images were cropped into ten patches of size 227 227,
ve representing the four corners and the centre of the original images and
the remaining representing the four corners and the centre of the horizontally
ipped images. The prediction was then made as the average probabilities of
these ten images. The second type of data augmentation used in the article was
the PCA-based transformation of RGB channel intensities. With a probability
of 50%, the dropout strategy deactivated speci ¢ neurons during training. This
method enabled neurons to learn representative features independent of the
values of neighbouring neurons.

Despite its success, AlexNet suffers from a hyperparameters problem. The
variability in the con guration that is external to the model and cannot be
inferred from the data is referred to as the hyperparameters [40]. There are
two types of hyperparameter: those responsible for determining the network's
structure and those associated with its training. Among the hyperparameters
that may have an effect on the structure of the network are the kernel size, stride
value, padding value, number of hidden layers and activation functions that
are utilised. The learning rate, momentum, number of epochs and patch size
are examples of the hyperparameters de ned during the network’s training
[40]. In Alex-Net, the number of user-de ned hyper-parameters is relatively
high; this is what we refer to as the hyperparameters problem.

2.2.1.3 VGGNet [4]

The main contribution made by VGGNet [4], where VGG stands for the vi-
sual geometry group, was to highlight the importance of network depth on the
accuracy of CNNs. Utilising a very small convolutional Iter size of 3 3, the
authors of [4] were able to increase the network depth to 19 layers. Itis essential
to mention that GooglLeNet [41] is also a deep CNN that consists of 22 layers.
It uses very small convolutional Iter sizes, much as VGGNet does; however,
its structure is more complicated than VGGNet.
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The authors of the VGGNet paper used six con gurations, all of which are
described in Table 2.3, whereby each column represents a single structure of
the VGGNet. The con gurations follow the same design but differ in the num-
ber of layers, which range from 11 to 19 in con gurations A through E. The
input size is xedto 224 224 3 for all VGGNet con gurations. Every con-
volutional layer uses relatively small receptive elds of size 3 3 with a stride
and padding of 1 pixel each. In some con gurations, 1 1 convolution lters
are also employed to add non-linearity without changing the layer's receptive
eld. In every con guration, ve max-pooling layers are used; however, not
every convolutional layer is followed by a max pooling layer. Every max pool-
ing layer uses a 2 2 window with a two-pixel stride. The number of lters
in each network starts with 64 and increases by a factor of 2 after each max-
pooling layer until it reaches 512. All VGGNet con gurations use three fully
connected layers, with 4096 neurons in the rst two and 1000 neurons in the
third. Similar to AlexNet, ReLU is the activation function utilised between the
layers. Table 2.4 displays the total number of parameters for each VGGNet con-
guration.

The main difference between VGGNet [4] and AlexNet [3] is that the former
has more layers. In contrast to AlexNet, which employs a single huge respec-
tive eld of size 11 11, VGGNet consists of multiple layers, each of which
uses a very small respective eld of size 3 3. In addition to increasing non-
linearity and producing more discriminative data, using small receptive elds
reduces the number of parameters. For instance, a single layer with a lter size
of 5 5 can be represented by two layers of 3 3 convolutional Iters. The
number of parameters required for the 5 5 lIter is 25. Using two layers of
3 3 lters, however, generates (3 3)+ (3 3) = 18 parameters. The con-
cept of small-size convolution lters allows VGGNet to have a larger number
of layers, resulting in a performance gain.

In [4], to train VGGNet, the input to each architecture was cropped to a
xed size of 224 224 3 using rescaled images. The paper referred to the
scale parameter for the training images as S and the one for the test set asQ.
It investigated two types of scaling parameters, namely the single-scale param-
eter and the multi-scale parameter. In the single-scale approach, images were
scaled using a xed value, whereas in the multi-scale approach, each image
was scaled by randomly sampling S from a given range [Shin, Smax]. If multi-
ple scales were used during testing, the class scores were averaged.
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TABLE 2.3: VGG Con gurations. Each column represents an ar-
chitecture.

Convolution network con gurations
A A-LRN B C D E
11 weights 11 weights 13 weights | 16 weights | 16 weights | 19 weights
layers layers layers layers layers layers
Input ( 224 224RGB image)
Conv3-64 | Conv3-64 | Conv3-64 | Conv3-64
Conv3-64 | Conv3-64LRN | ~v3.64 | Conva-64 | Conv3-64 | Conv3-64
MAX-pooling
Conv3-128 | Conv3-128 | Conv3-128 | Conv3-128
Conv3-128 | Conv3-128 | 1v3.128 | Conva-128 | Conv3-128 | Conva-128
MAX-pooling
Conv3-256
Conva-256| Conva-256 | Conva-256 | Zorve 500 | CoMve 229 | Conva-256
Conv3-256| Conv3-256 | Conv3-256 Conv3-256
conv1-256 | Conv3-256
Conv3-256
MAX-pooling
Conv3-512
Conva-512| Conva-512 | Conva-512| Jonve 212 | 209232 | Conva-512
Conv3-512| Conv3-512 | Conv3-512 Conv3-512
convl1l-512 | Conv3-512
Conv3-512
MAX-pooling
Conv3-512
Conv3-512| Conv3-512 | Conv3-512 gggggg gg%ggg Conv3-512
Conv3-512| Conv3-512 | Conv3-512 Conv3-512
convl-512 | Conv3-512
Conv3-512
MAX-pooling
FC-4096
FC-4096
FC-1000
Softmax

TABLE 2.4: The number of parameters in millions in each con g-
uration of VGGNet.

Network

A/A-LRN B

C D

Number of parameters

133

133

134 | 138

144
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Table 2.5 displays the top-1 and top-5 error rates of the six con gurations
using the single-scale method, and Table 2.6 displays the performance of VG-
GNets using the multi-scale method. These results are based on the submission
by the authors of [4] to ImageNet Challenge 2014. As indicated in Table 2.5,
con guration E provided the best performance for VGG on a single test scale,
with a top-1 error of 25.5% and a top-5 error of 8.0%. Con guration D, with
16 layers, achieved comparable performance. According to Table 2.6, VGGNet
obtained a top-1 error of 24.8% and a top-5 error of 7.5% in multiple test scales
when using con gurations E and D with 16 and 19 layers. In addition, VG-
GNet placed second in the 2014 ImageNet competition with a top-5 error rate
of 7.3%, which was obtained by training seven networks and averaging their
class scores. The error rate, as indicated in the paper, was decreased to 6.8%
after the submission by ensembling two architectures, D and E.

TABLE 2.5: The performance of VGG con gurations using the
single-scale method. These results were reported in [4].

Network | Smallestimage side | Top-1 error (%) | Top-5 error (%)
Train(S) | Test(Q)
A 256 256 29.6 10.4
A-LRN 256 256 29.7 10.5
B 256 256 28.7 9.9
256 256 28.1 9.4
C 384 384 28.1 9.3
[256; 512] 384 27.3 8.8
256 256 27 8.8
D 384 384 26.8 8.7
[256; 512] 384 25.6 8.1
256 256 27.3 9
E 384 384 26.9 8.7
[256; 512] 384 25.5 8
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TABLE 2.6: The performance of VGG con gurations using the
multi-scale method. These results were reported in [4].

Network Smallest image side | Top-1 error (%) | Top-5 error (%)

Train (S) | Test (Q)

B 256 224,256,288 28.2 9.6

256 224,256,288 27.7 9.2

C 384 352,384,416 27.8 9.2

[256; 512]| 256,384,512 26.3 8.2

256 224,256,288 26.6 8.6

D 384 352,384,416 26.5 8.6

[256; 512] | 256,384,512 24.8 7.5

256 224,256,288 26.9 8.7

E 384 352,384,416 26.7 8.6

[256; 512] | 256,384,512 24.8 7.5

2.2.1.4 Network in Network (NiN) [31]

LeNet-5 [36], AlexNet [3] and VGGNet [4] all share the same basic structure,
with multiple convolutional layers, some of which are followed by a max pool-
ing layer, and fully connected layers plugged in at the end of the network. The
difference between VGGNet and ALexNet is that VGGNet uses small convo-
lution lters of size 3 3 to increase the CNN's depth. In general, this design
faces two primary challenges. First, the fully connected layers use an extremely
large number of parameters. Using VGGNet as an example (con gurations in
Table 2.3), in order to add a fully connected layer with 4069 dimensions to the
last convolutional layer of size 7 7 512, we need about7 7 512 4096
parameters, which amounts to more than 102 million. The second issue is that
adding fully connected layers earlier in the network to increase non-linearity
Is impossible. Network in network (NiN) [31] provides an alternative solution
capable of resolving both issues by using a straightforward technique. Instead
of using linear lters followed by non-linear activation functions, as in con-
ventional CNNs, NiN uses a micro-network comprised of multiple non-linear
layers to generate feature maps, which results in more abstract features for lo-
cal patches. By using global average pooling instead of fully connected layers,
the network is able to achieve better interpretable results while also eliminating
the need to optimise additional parameters.

Figure 2.3 depicts the primary architecture of NiN, which consists of stacked
multi-layer perceptron convolutional layers (MLPconv layers) followed by global
average pooling. The difference between the standard convolutional layers and
the MLPconv layers is explained in Figure 2.4, in which a shared multi-layer
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perceptron is applied by the latter to different image patches. Similar to CNN,
the feature maps are generated by sliding the multi-layer perceptron over the
input before being passed to the next layer. The MLPconv layer performs the
following calculation:
1 — 1T
fi,j,kl = max(wkl Xij+ by, 0)
(2.2)

fir"j’kn = max(wEanirjj 1+ b ,0),

where n denotes the number of layers in the multi-layer perceptron, (i,]j) rep-
resents the pixel index of the feature map, k is the index of the feature map
channel, x;; is the initial input, and f;; represents the output of the previous
layer in the multi-layer perceptron.

FIGURE 2.3: The main architecture of Network in Network: a
CNN model with three mlpconv layers and one global average
pooling layer. Captured from [31].

The global average pooling plug-in at the end of the network works by av-
eraging each feature map and feeding the resulting vector straight into the soft-
max layer. One bene t of employing global average pooling is that it forces cor-
respondences between feature maps and categories. Additionally, there are no
parameters to optimise in global average pooling; therefore, there is no over t-
ting at this layer. Moreover, global average pooling works by adding all spatial
information in each channel, making the output more invariant to spatial trans-
lations.

In [31], NiN was evaluated across four benchmarks, CIFAR-10, CIFAR-100,
MNIST and the Street View House Numbers database (SVHN). The network
presented state-of-the-art performance on the CIFAR-10 and CIFAR-100 databases,
with a CIFAR-10 accuracy of 89.59% and a CIFAR-100 accuracy of 64.32%. In
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FIGURE 2.4: Comparison between a) linear convolution layer and
b) mipconv layer. The linear convolution layer slides a linear I-
ter along the image, while the mipconv layer slides a multi-layer
perceptron over the image.
Captured from [31].

MNIST (99.52%) and SVHN (97.65%), the network achieved excellent but not
state-of-the-art performance.

2.2.1.5 Maxout Network [7]

The Maxout network [7] is nothing more than a feed-forward architecture, such
as a multi-layer perceptron or deep convolutional neural network, although it
uses a new activation function that is referred to as the Maxout unit. Figure
2.5 provides a simple example of the Maxout unit. As shown in the gure, the
Maxout unit nds the maximum of weighted sum units. Given ~ x 2 RY, which
represents the input or the output of any hidden layer, the mathematical ex-
pression of the Maxout unit can be described as follows:

h(x) = max(zy,2o, .. .,Zn)

2.2
= max(x Wy + by, X "Wo+ by, ... x "W, + by), (22)

where [W,Wo, ..., Wy] and [by, by, . ..,by] are all trainable parameters. As in-
dicated by equation 2.2, the Maxout unit takes the maximum value among the
values from n linear functions. Figure 2.6 illustrates how it can approximate
several activation functions, including ReLU, absolute value and quadratic func-
tion. The gure shows that the Maxout can represent the ReLU and absolute
value activation functions using two linear functions while approximating the
guadratic function with four linear functions. In other words, the ReLU func-
tion is a special case of the Maxout activation function.
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FIGURE 2.5: A single Maxout unit: a linear function that returns
the maximum of the inputs ( z; to z, in the gure).

FIGURE 2.6: Graphical depiction of how the Maxout activation

function can implement the recti ed linear, absolute value recti-

er, and approximate the quadratic activation function. Captured
from [7].

To generalise the previous idea, in each layer of a Maxout network, instead
of computing a single Maxout unit of the input, several Maxout units are com-
puted per layer. Given an input x 2 RY that needs to be transformed into m
dimension outputs h(x) 2 R™ using the Maxout layer, m Maxout units are
needed, each consisting ofk neurons, where k is a user-de ned parameter. Ob-
viously, each Maxout unit must have at least two neurons (thatis, k 2). In
other words, the number of output neurons is rst increased by a factor of Kk,
which is at least two, and then the weighted sum of the hidden layer with the
new number of neurons (k m) is computed using the following formula (see
Figure 2.7):

ziy = x Wi + by, (2.3)

where W 2 R4 (M K and p 2 RY (M K are learnable parameters. In order to



Chapter 2. Background and Related Works 22

getmoutputs h(x) 2 R™, the largest value among each of the m units is chosen,
as shown below:

hi(X) = maxX Zija i = [1, 2,... ,m]. (24)
j2[1K]

FIGURE 2.7: An example of m Maxout units needed to map x 2
RY to m dimension outputs h(x) 2 R™. k 2inthe gureis a
user-de ned parameter.

In [7], the performance of Maxout networks was evaluated using four differ-
ent datasets, CIFAR-10, CIFAR-100, MNIST and SVHN. The network achieved
state-of-the-art performance across all datasets, reaching an accuracy of 88.32%
on CIFAR-10, 61.43% on CIFAR-100, 99.55% on MNIST and 97.53 on SVHN.
The Maxout activation function performed much better than the ReLU activa-
tion function when applying the same preprocessing on the CIFAR-10 database.
The performance of the Maxout algorithm was also demonstrated to be supe-
rior to that of the ReLU algorithm when increasing the network depth using
the MNIST database, as shown in Figure 2.8. However, Maxout requires at
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least twice as many parameters as other activation functions, making the net-
work more susceptible to the over tting problem.

FIGURE 2.8: Comparasion between ReLU and Maxout with mul-
tiple layers on the MNIST database. This gure is captured from

[7].

2.2.1.6 Stochastic Network [8]

CNNs consist of several convolutional layers, some of which are followed by a
pooling layer, which is either max pooling or average pooling. Average pool-
ing considers all elements in a region, regardless of their magnitude [8]. For
example, combining average pooling with the ReLU activation function causes
down-weighting of strong activations, since many elements with zero value are
included in the average calculation. On the other hand, max pooling does not
suffer from such a problem but easily over ts the training samples. Stochastic
pooling was proposed as a scheme by [8] to take advantage of max pooling
while avoiding over tting. This technique relies on sampling from activations
in each region based on multimodal distribution. The larger the value of the
activation, the more likely it is to be picked. To be more speci c, the technique
begins with calculating probabilities p within a window | by normalising the
activations inside the window, as follows:

g

= (2.5)
A R;
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The pooled activation (&) is then selected by sampling from the multinomial
distribution based on p in order to select a position | inside the region, as fol-
lows:

sj= a where  P(py, pz,...,ijjj). (2.6)

Figure 2.9 illustrates the concept of stochastic pooling. It indicates that 1.6
has a 40% chance of being selected, whereas 2.4 has a 60% chance; nevertheless,
the sampling procedure selects 1.6. In contrast to max pooling, which captures
only the highest activation within a region, stochastic pooling guarantees that
non-maximal activations, which may contain additional information, are also
considered. Through testing, the authors of [8] demonstrated that stochastic
pooling introduces noise to the network predictions, resulting in performance
degradation. Instead, a probabilistic form of averaging was used, which may
be formally represented as follows:

S= a pa. (2.7)
i2R,

FIGURE 2.9: An example explaining the stochastic pooling idea.

The activations inside a region is normalised to obtain the proba-

bilities p;. The pooled activation (1.6 in this example) is selected

using multinomial distribution applied to the computed probabil-
ities pj. Captured from [8].

The stochastic network in [8] was evaluated across many datasets, includ-
ing MNIST, CIFAR-10, CIFAR-100 and SVHN, and stochastic pooling was com-
pared with max and average pooling. The model's accuracy on each of the four
datasets is summarised in Table 2.7. According to Table 2.7, the performance
of stochastic pooling was signi cantly better than that of maximum or aver-
age pooling. In addition, the accuracy attained was state-of-the-art across all
databases. Using a small subset of each database, the authors of [8] compared
max pooling, average pooling, and stochastic pooling and demonstrated that
stochastic pooling outperformed all the other pooling techniques in terms of
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accuracy.

TABLE 2.7: Stochastic pooling network compared with max and
average pooling using four databases: MNIST, CIFAR-10, CIFAR-
100 and SVHN.

Method Test Accuracy%
MNIST | CIFAR-10 | CIFAR-100 | SVHN
Avg pooling 99.17 80.76 52.23 96.28
Max pooling 99.45 80.6 49.1 9619
Stochastic pooling 99.53 84.87 57.49 97.2

2.2.1.7 Residual Network [5]

Deep CNNs have led to tremendous success in image classi cation tasks. With
a top-5 test error rate of 15.3%, AlexNet [3] won the ILSVRC-2012 competition.
VGG [4], which came second in the 2014 ImageNet competition, with a top-5
error rate of 7.3%, emphasises the importance of network depth for achieving
high recognition rates. Despite the importance of network depth, the perfor-
mance of plain CNNs degrades when the network depth increases. Figure 2.10
depicts a speci cillustration of this problem. The gure indicates that the CNN
with 56 layers had a higher error rate than the CNN with 20 layers. The authors
of [5] stated that this issue could not be a result of over tting or vanishing gra-
dient descent, since the network had been trained using batch normalisation
(BN), which guarantees that the signals travelling in the forward direction have
non-zero values. Moreover, according to [5], the fundamental cause of this phe-
nomenon is unclear.

FIGURE 2.10: Training error rate (left) and test error rate (right) for
20-layer and 56-layer plain networks on CIFAR-10. This picture is
captured from [5].
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The authors of [5] proposed the deep residual network as a solution to the
degradation problem. The basic idea of their solution was based on considering
the deeper layers as identity mapping, and the other layers were copied from
a shallow depth network. In this new construction, the deeper model should
not produce a higher error rate than the shallower model. In order to put this
idea into practice, the authors of [5] used shortcut connections, shown in Figure
2.11, to skip one or more layers. The outputs of the shortcut connections were
added to those of the stacked layers, serving as identity mapping. The residual
learning building block shown in Figure 2.11 is technically described as follows:

y = F(x,fwig)+ x, (2.8)

where x and y represent the layer's input and output, respectively. The resid-

FIGURE 2.11: Residual learning: building block. This picture is
captured from [5].

ual learning function F in Figure 2.11 consists of two layers and can be ex-
pressed as follows:

F = Wos(WiX), (2.9)

where s is the ReLU activation function, and W; and W, are learnable parame-
ters. The dimensions of x and F should be the same to perform element-wise
addition between them. If this is not the case, the following two approaches
could be used to increase the dimension of x to match F:

» A:increase the size of x using zero-padding shortcuts; therefore, no addi-
tional learning parameters are required.

» B: Apply the following linear projection transformation to  x to increase
its size:
y = F(x,fW;g) + Wsx. (2.10)
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The residual network was evaluated in [5] using different architectures on
many benchmarks, including ImageNet, CIFAR-10 and the COCO object de-
tection database. Figure 2.12 shows the con gurations used for the ImageNet
database. All of the networks followed the same design as VGGNet, albeit with
the addition of skip connections between two or more layers. Additionally, the
fully connected layers were replaced with the global average pooling that was
described in [31].

FIGURE 2.12: ResNet architectures on the ImageNet database.
This picture is captured from [5].

Figure 2.13 compares the error rates of ResNet with its plain counterpart on
the ImageNet database using 18 and 34 network architectures. ResNet showed
signi cant improvement in the error rate compared with its plain network
counterpart, demonstrating its capability to address the degradation problem.
Table 2.8 shows the performance of ResNet compared with state-of-the-art mod-
els on the ImageNet database. The results show that ResNet with 152 layers
generated the lowest top-1 and top-5 error rates compared with the other mod-
els. By combining six models with different depths, ResNet won 1st place in
ILSVRC 2015 with an error rate of 3.57%. ResNet was also tested on CIFAR-10
using different architectures with a number of layers ranging from 20 to 1202.
The best error rate achieved was 6.43% using 110 layers, and, as stated in [5],
the 1202 layers introduced an over tting problem to the system. Finally, ResNet
was evaluated using the COCO database and won rst place at the COCO 2015
competition.
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FIGURE 2.13: Training on the ImageNet database using 18 and
34 layer structure of (left) plain networks and (right) residual net-
works. This picture is captured from [5].

TABLE 2.8: ResNet performance on ImageNet, compared with
state-of-the-art results. These results were all reported by [5].

Method top-1 error rate | top-5 error rate

VGG (v5) [4] 24.4 7.1
PReLU-net [42] 21.59 571
BN-inception [43] 21.99 5.81
ResNet-34 [5] 21.84 5.71
ResNet-50 [5] 20.74 5.25
ResNet-101 [5] 19.87 4.60
ResNet-152 [5] 19.38 4.49

2.2.1.8 The All Convolutional Net [9]

Deep CNNs such as LeNet-5 [36], AlexNet [3] and VGGNet[4] have the same
architecture, comprising a convolutional layer followed by max-pooling lay-
ers, fully connected layers and a softmax layer at the end of the network. The
all convolutional network [9] (ALL-CNN), as its name suggests, consists only
of convolutional layers followed by fully connected layers and a classi er. In
other words, ALL-CNN replaces the max pooling layer with a convolutional
layer that has a stride of more than 1. For example, a3 3 max pooling layer
with a stride of 2 is represented as a 3 3 convolutional layer with a stride
of 2. Without pooling layers, complex activation functions and response nor-
malisation, this basic design has achieved state-of-the-art results across many
benchmarks, including CIFAR-10 and CIFAR-100.

In [9], ALL-CNN was evaluated across three databases, CIFAR-10, CIFAR-
100 and ImageNet. The basic architectures used for CIFAR-10 and CIFAR-100
are described in Table 2.9. For each of these basic designs, three variants were
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examined in [9]. An example of these three variants for architecture (C) is de-
scribed in Table 2.10. In general, each basic architecture has the following ad-

ditional models:

» A model in which max-pooling layers are eliminated and the stride of the
convolution layers that come before the max-pooling layers is increased
by one (Strided-CNN-C in Table 2.10);

» A model replaces the max-pooling layers with convolutional layers (ALL-
CNN-C in Table 2.10);

* A model that increases the number of convolutional layers while retain-
ing the maximum pooling layers (ConvPool-CNN-C in Table 2.10). The
advantage of this model is that it ensures that ALL-CNN's accuracy is not
affected by the increase in learnable parameters generated by the replace-
ment of max-pooling with convolutional layers.

TABLE 2.9: Three baseline architectures for the CIFAR-10 and
CIFAR-100 databases.

Models
A \ B \ C
32 32 RGB image
5 5conv. 96 ReLU | 3 3conv. 96 ReLU
1 1conv.96RelLU | 3 3conv. 96 ReLU
3 3 max-pooling stride = 2
5 5conv. 192RelLU| 3 3conv. 192 RelLU
1 1conv.96RelLU | 3 3conv. 192 RelLU
3 3 max-pooling stride = 2
3 3conv. 192 RelLU
1 1conv. 192 RelLU
1 1conv. 10 ReLU
Global average pooling over 6 6 spatial dimensions
10 or 100 softmax

5 5conv. 96 ReLU

5 5conv. 192 RelLU

Table 2.11 compares the error rate of the baseline models with the additional
variants on the CIFAR-10 database with no data augmentation. The results
show that ALL-CNN-C achieved the best performance among the other ar-
chitecture, with an error rate of 9.08%. Table 2.12 compares the best accu-
racy achieved by ALL-CNN architecture with some state-of-the-art results on
CIFAR-10 and CIFAR-100 databases [9]. According to the table, ALL-CNN-
C achieved good results in both databases, indicating the effectiveness of the
network. ALL-CNN achieved state-of-the-art performance on the CIFAR-10
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TABLE 2.10: Three variants derived from model C described in

Table 2.9.
Models
Strided-CNN-C | ConvPool-CNN-C | ALL-CNN-C
32 32 RGBimage
3 3conv. 96 ReLU 3 3conv. 96 ReL,U 3 3conv. 96 ReL,U
3 3conv. 96 RelLU 3 3conv. 96 RelLU 3 3conv. 96 RelLU
with stride r = 2 3 3conv. 96 RelLU

3 3 max-pooling stride = 2| 3 3conv. 96 ReLU

with stride r = 2

3 3conv. 192 RelLU 3 3conv. 192 RelLU 3 3conv. 192 RelLU

3 3conv. 192 RelLU 3 3conv. 192 RelLU 3 3conv. 192 RelLU
with stride r = 2 3 3conv. 192 RelLU

3 3 max-pooling stride= 2 | 3 3conv. 192 RelLU

with stride r = 2

database and competitive results on the CIFAR-100 database. On ImageNet,
ALL-CNN obtained results comparable with those produced by AlexNet, al-
beit with six times fewer parameters.

TABLE 2.11: Error rate of baseline models described in Table 2.9
and their variants (2.10) on the CIFAR-10 database with no data

augmentation.

Model Error rate (%)
Model A 12.47
Strided-CNN-A 13.46
ConvPool-CNN-A 10.21
ALL-CNN-A 10.30
Model B 10.20
Strided-CNN-B 10.98
ConvPool-CNN-B 9.33
ALL-CNN-B 9.10
Model C 9.74
Strided-CNN-C 10.19
ConvPool-CNN-C 9.31
ALL-CNN-C 9.08

2.2.1.9 Densely Connected Convolutional Neural Network [12]

To handle the vanishing gradient descent problem, the densely connected con-
volutional layer (DenseNet) [12] was introduced. The main idea of DenseNet is
that each layer receives as input the feature maps of all preceding levels. This
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TABLE 2.12: ALL-CNN error rate (%) compared with some net-
works on the CIFAR-10 and CIFAR-100 databases with and with-
out data augmentation. These results were reported in [9].

Model C10 | C10+ | C100| C100+
Maxout [7] 11.68| 9.38 | 34.57 -
NiN [31] 10.41| 8.81 | 35.68 -
Fractional pooling [6] [1 test] - - 31.45 -
Fractional pooling [12 tests] - - 126.39 -
Fractional pooling [100 tests] - - - 3.43
ALL-CNN [9] 9.08 | 7.25 | 33.71| 4.41

indicates that a neural network with L layers has L% connections. Figure

2.14 shows the architecture of DenseNet, which consists mainly of dense blocks
separated by transition layers. Before entering the rst dense block, DenseNet
initially appliesa 3 3 convolution with a batch normalisation operation. The
rst convolutional operation is applied with a stride of 1 and a padding of 1.
Every dense block consists of several dense layers, with thel™ layer receiving
the outputs of all its predecessor layers (Xg, X1,...,X| 1), as follows:

X| = H|([Xo, X1, .- 4 X| 1]), (211)

where:

* [Xo,X1,...,X 1] is the concatenation of feature maps generated by layers
[0,1,...1 1];

» H, is a composite function of three operations: batch normalization (BN),
a recti ed linear unit (ReLU) and a3 3 convolution. If dense layers are
de ned as bottleneck layers (DenseNet-B in the paper), H, is a function
comprised of the following consecutive operations: BN, ReLU,1 1 con-
volution, BN, ReLU and 3 3 convolution.

If each layer in a dense block generatesk features, the I layer receives kg +
k(I 1) feature maps, where kg represents the number of channels in the in-
put layer. The term 'growth rate' is used throughout the paper to refer to the
parameter k. According to [12], with a speci c growth rate of k, each 3 3
convolution operation generates k feature maps, butany 1 1 convolution op-
eration generates 4 feature maps.

The transition blocks that exist between the DenseNet blocks work as a
downsampling step and consist of a1 1 convolutional layer followed by a
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FIGURE 2.14: DenseNet architecture: a deep learning model con-
sists of several dense blocks separated by transition blocks. This
picture is captured from [12].

2 2 max-pooling layer with a stride of 2. The1 1 convolutional layer gener-
ates the same number of feature maps unless specifying a compression factor
(©); in such case (DenseNet-C in the paper), the convolution reduces the size
of the feature maps by C, which was speci ed as 0.5 in [12]. The last transition
block is followed by a global average pooling and a softmax layer.

DenseNet was evaluated using different architectures over four databases,
CIFAR-10, CIFAR-100, SVHN and ImageNet [12]. Table 2.13 shows the per-
formance of DenseNet compared with the models achieving state-of-the-art re-
sults across the CIFAR-10, CIFAR-100 and SVHN databases. According to Ta-
ble 2.13, DenseNet achieved state-of-the-art performance in the three databases
with a signi cant improvement over the existing models, achieving a 30% lower
error rate on the CIFAR-10 and CIFAR-100 databases than FractalNet with drop-
path regularisation. On the ImageNet database, DenseNet was evaluated using
different architectures and compared with ResNet. The results on this database
were comparable to those obtained by ResNet, with fewer parameters.

2.2.1.10 FractalNet [11]

The success of ResNet [11] has motivated other researchers to develop sim-
ilar networks based on it. Their research includes studies on pre-activation
ResNet [47], WRN [46], RIR [48], RoR [49] and stochastic depth [45]. The au-
thors of [11] presented an alternative non-residual network named FractalNet.
This network produced results competitive with ResNet's ndings on classi -
cation tasks, including on the CIFAR and ImageNet databases. FractalNet has
therefore demonstrated that residual representations are not strictly required
for the success of deep convolutional neural networks.

The structure of FractalNet is illustrated in Figure 2.15. Let C represent the
index of the truncated fractal; the structure of the network, including its con-
nections and layer types, is speci ed by the function fc(.). In Figure 2.15 (the
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TABLE 2.13: DenseNet error rate (%) compared with other net-

works on the CIFAR-10, CIFAR-100 and SVHN databases. These

results were all reported by [12]. The "+" symbol in the table refers
to the use of data augmentation.

Method C10 | C10+ | C100| C100+ | SVHN

Network in Network [31] 10.41| 8.81 | 35.68 - 2.35
All-CNN [9] 9.08 | 7.25 - 33.71 -
Highway Network [44] - 7.72 - 32.39 -

FractalNet [11] 10.18| 5.22 | 35.34| 23.30 | 2.01

with Dropout/Drop-path 733 | 4.6 |28.20| 23.73 | 1.81
ResNet [5] - 6.61 - - -

Resnet reported by [45] 13.63| 6.41 | 44.74| 27.22 | 2.01

ResNet with stochastic depth [45] | 11.66| 5.23 | 37.80| 24.58 | 1.75
Wide ResNet [46] - 4.81 - 22.01 -

with Dropout - - - - 1.64

DenseNet (k= 12,L = 40) [12] 7 524 | 27.55| 24.42 | 1.79

DenseNet (k= 12,L = 100) 577 | 410 | 23.79| 20.20 | 1.67

DenseNet (k = 24,L = 100) 583 | 3.74 | 23.42| 19.25 | 1.59

DenseNet-BC k= 12,L = 100) | 592 | 451 | 24.15| 22.27 | 1.76

DenseNet-BC k= 24,L = 100) | 5.19 | 3.62 | 19.64| 1760 | 1.74
DenseNet-BC k= 40,L = 190) - 3.46 - 17.18 -

middle block), C denotes the total number of columns (C = 4 inthe gure). To
begin, consider the base casefi(z) as a convolutional layer de ned as follows:

f1(z) = conv(z). (2.12)
The recursive fractals (columns) are added as follows:

fer1=[(fc fc)(2)]  [conv(z)], (2.13)

where is the decomposition operation and is the element-wise mean (the
green layers in Figure 2.15). The network depth within a block consists of 2 (¢ 1)
layers. In Figure 2.15, where the middle image represents a block and C =
4, the number of convolutional layers within the block is 2 3 = 8 layers. By
stacking ve blocks ( B = 5), as in FractalNet on the right side of Figure 2.15,
the number of convolutional layers within the entire network is B 2(C 1,
which is 5 23 = 40 layers. Moreover, 2 2 max pooling is added between
every two blocks in the network to minimise the size of feature maps. After
each convolution, Batch Norm and ReLU are also used.

To reduce over tting, the authors of [11] proposed a regularisation approach
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FIGURE 2.15: The architecture of FractalNet: simple Fractal ex-

pansion architecture (left), Fractal expansion stacked recursively

as a single block (centre), and ve blocks cascaded as FractalNet
(right). Captured from [11].

named drop-path, which is represented in Figure 2.16. By randomly removing
the operands of the join layers (the green layers in the gure), the drop-path al-
gorithm prevents the co-adaptation of parallel paths. The following two types
of sampling strategies were considered in the paper:

* Local, where the join layer deactivates some inputs with a xed probabil-
ity and ensures at least one input is activated.

* Global , where a single path or column is selected for the whole network.

The network was evaluated across four classi cation benchmarks, CIFAR-
10, CIFAR-100, SVHN and ImageNet, both with and without data augmen-
tation. Table 2.14 displays the error rates of the test set of FractalNet on three
datasets, CIFAR-10, CIFAR-100 and SVHN, compared with several ResNet vari-
ants. The results show that FractalNet achieved the lowest error rate compared
with ResNet and all of its variants except DenseNet in all databases with-
out data augmentation. For example, the error rate obtained by FractalNet
on CIFAR-100 with no data augmentation and no regularisation was 35.34%,
which was 9% lower than the 44.76% achieved by the original ResNet. With
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FIGURE 2.16: Drop-path: a fractal network block works with cer-
tain layer connections deactivated. Captured from [11].

data augmentation, FractalNet outperformed almost all ResNet variants except
for the wide residual network (WRN), CIFAR-10 and CIFAR-100. With heavy

data augmentations, FractalNet did not always achieve the best performance
compared with other networks on CIFAR-10 and CIFAR-100. Table 2.15 com-
pares the performance of FractalNet with that of ResNet-34 and VGG-16 on the
ImageNet database. The results show that FractalNet provided comparable re-
sults with those of ResNet-34, which is evidence of the network ef ciency [11].
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TABLE 2.14: The error rate of FractalNet compared with other
methods on three databases, CIFAR-10, CIFAR-100 and SVHN.

These results were reported by [11]. The sign "+" in the table in-
dicates the use of data augmentation, while "++" indicates the use
of heavy data augmentations.
Method C100 | C100+ | C100++| C10 | C10+ | C10++ | SVHN
NiN [31] 35.68 - - 10.41| 8.81 - 2.35
Generalised pooling [50] 32.37 - - 7.62 | 6.05 - 1.69
Recurrent CNN [51] 31.75 - - 8.69 | 7.06 - 1.77
Multi-scale [52] 27.56 - - 6.87 - - 1.76
FitNet [53] - 35.04 - - 8.39 - 2.42
Deeply supervised [12] - 34.57 - 9.69 | 7.97 - 1.92
All-CNN [9] - 33.71 - 9.08 | 7.25 4.41 -
Highway Net [44] - 32.39 - - 7.72 - -
ELU [54] - | 24.28 - - | 6.55 - -
Scalable BO [55] - - 27.04 - - 6.37 1.77
Fractional max-pool [6] - - 26.32 - - 3.47 -
FitResNet [56] - 27.66 - - 5.84 - -
ResNet [57] - - - - 6.61 - -
ResNet [45] 44.76| 27.22 - 13.63| 6.41 - 2.01
Stochastic depth [45] 37.80| 24.58 - 11.66| 5.23 - 1.75
Identity mapping [47] - 22.68 - - 4.69 - -
ResNet in ResNet [48] - 22.90 - - 5.01 - -
Wide [46] - | 2050 - - | 417 - -
DenseNet [12] 19.64| 17.60 - 5.19 | 3.62 - 1.74
FractalNet [11] (20 layers, 38.6 M params) | 35.34| 23.30 | 22.85 |10.18| 5.22 | 5.11 2.01
+ drop-path + dropout 28.20| 23.73 | 23.36 | 7.33 | 4.60 | 4.59 1.87
I deepest column alone 29.05| 24.32 | 23.60 | 7.27 | 4.68 | 4.63 1.89
FractalNet [11] (40 layers, 22.9 M params)| — 22.49 | 21.49 - 5.24 | 521 -

TABLE 2.15: FractalNet performance compared with ResNet [4]
and VGG [5] on the ImageNet database.

Method Top-1 (%) | Top-5 (%)
VGG-16 28.07 9.33
ResNet-34 24.19 7.40
FractalNet-34 24.12 7.39
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2.2.2 Deep Generative Models

Deep generative models aim to create an explicit probability distribution for
the data. The next sub-sections describe three generative models, the deep di-
rected network, the deep Boltzmann machine and the deep belief network. The
Boltzmann machine is also explained, as it is the basis of many models, such as
deep Boltzmann machine.

2.2.2.1 Boltzmann Machine [37]

This is a probability model that is represented by the undirected graph. The
primary purpose of the Boltzmann machine is 'to determine the probability
distribution of the input' or to reconstruct the original data. There are two
types of Boltzmann machine: restricted and unrestricted (Figure 2.17). In the
unrestricted Boltzmann machine, every node is connected to all other nodes;
however connection between the nodes in the same layer is not permitted in
the restricted version. Each node in the Boltzmann machine has a binary state
of 0 or 1, and the hidden units contain the representations derived from the
model.

FIGURE 2.17:. Two types of Boltzmann machine: restricted and

unrestricted. In the unrestricted Boltzmann machine every node

is connected to all other nodes. On the other hand, connection

between nodes in the same layer is prohibited in the restricted
version of Boltzmann machine.

The restricted Boltzmann machine is an energy-based function that focuses
on minimising the energy function (equation 2.14) to increase probability (equa-
tion 2.15).

E(v.hig)= @ viwihy dbh davi= viwh b'h clv gy
1) J I
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E(v,h;q) = ﬁ exp( E(v,h; ), (2.15)

where
» visthe visible unitand his the hidden unit;
* W denotes the weight connecting the visible and the hidden units;

* bis the bias term related to the hidden units and cis the bias term of the
visible units;

o

- zis the partition function and the normalisation factor ( z= &,,e EVM),
which is an intractable term.

The conditional probabilities of the nodes are independent of one another
in the restricted Boltzmann machine. In addition, the following equation cal-
culates the probability that a hidden node or a visible node is active (equal to
one):

p(h= 1jv;g) = s(w'v+ b) (2.16)
p(v = 1jh;g) = s(w'h+ ), (2.17)
where
* s isthe sigmoid function;
* W is the weight connecting the visible unit with the hidden one.;
* histhe hidden unit and v is the visible one;

* bis the bias term for the hidden unit and cis the bias term for the visible
unit.

The learning rule in the Boltzmann machine involves the process of learning
the parameter q in Equation 2.15, which involves the bias terms that relate to
both the visible and hidden units and the weights that connect the two layers.
This learning process is accomplished by applying stochastic gradient descent
to minimise the negative log loss between the input and the reconstructed im-
age, resulting in two terms (Equation 2.18). The rstterm (Equation 2.18) refers
to the positive term, where it is easy to calculate, while the second term is in-
tractable. There are many algorithms to approximate the second term, such
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as contrastive divergence with k-steps of Gibbs sampling. After computing the
second term, we can update the weights and proceed with the learning process.

#
t ()
< log p(v') - E, sE(v ’h)jv(t) En sE(v,h)

sq sq ’ sq ’ (2.18)

where slogs—qp("t) is the derivative of the log probability of the training vector,

v is the visible unit, his the hidden unit and qrefers to the model parameters,
including the bias terms related to the hidden and the visible units and the
weight between them.

2.2.2.2 Deep Directed Network [38]

Figure 2.18 de nes the structure of this network, where the lowest level con-
tains the observed data and the remaining layers are hidden. It is also a prob-
abilistic model in which the nodes are binary. If the conditional probability
function is a logistic function, the directed network is called a sigmoid belief
network. The following equation de nes the joint probability of the model:

p(he, hz,ha,vig) = O Ber(vijsign(h{wa)) O Ber(hyjsign(hjwaj))
|

. _ : . _ (2.19)
O Ber(hyjsign(hiway)) O Ber(ha jwaL),
k L

where Ber is the Bernoulli distribution, hq, h, and hs are the hidden units, v is
the symbol for the visible nodes and w is the weight connecting the visible and
the hidden units.

The main problem with the directed network is the explaining-away prob-
lem. Figure 2.19 shows an example of this problem, where 'the earthquake'
and 'the truck hits the house' cause the house to jump, and these nodes are in-
dependent of each other. However, if there is an ‘earth-quick’, we know that
the house will jump, and so we do not need to check if there is a truck that has
hit the house. Thus, we can say the earthquick node explains away the truck
hits the house one. In other words, the inference in the directed networks is
intractable because the nodes are correlated.
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FIGURE 2.18: Deep directed network architecture

2.2.2.3 Deep Boltzmann Machine [39]

The Deep Boltzmann machine is a deep undirected model composed of a stack
of Boltzmann machines (Figure 2.20). The following equation shows the joint
probability of the model:
!
p(hy, hy, h3,vjq) = iexp a vihgwyj + & hjhywop + & hadhorwae
z(0) i ik KL

(2.20)
where, hy, hy, hz are the set of the hidden units, w is the model parameter rep-
resenting the interactions between the visible and the hidden units and v is the
visible unit.

The main advantage of using this model over the directed one is its ability
to perform Gibbs sampling or block mean- eld, since all of its nodes are condi-
tionally independent of each other. However, the undirected graph is hard to
train because of the intractable term Z.

2.2.2.4 Deep Belief Network [38]

This is a mixed model between the directed and undirected models (Figure
2.21). The following equation de nes the model:
I

. ~ .. ~ .. 1 o
p(hy, hp, hg,vig) = O Ber vijsigm(hjw;) Q Ber hyjsigm(hjwy) ﬂexp a hahz w3k
i j kL

(2.21)
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FIGURE 2.19: An example of the explaining-away problem. The
nodes "earth-quick" and "truck hits the house" end to be depen-
dent on each other.

where h is the hidden unit, v is the visible unit and w is the model parameter
representing the interactions between the visible and the hidden units.

The two upper levels serve as allocation memories, while the other remain-
ing levels generate the output. The model uses greedy layer-by-layer learning
and top-down procedures to ne-tune the weights. The authors of [38] tested
the model on the MNIST database (Figure 2.22) by linking the top restricted
Boltzmann machine with a softmax layer of 10 neurons. The number of param-
eters was 28 28 500+ 500 500+ 510 500= 1,662,000; the top-down
process took a week, and the error rate reached was 1.25%.
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FIGURE 2.20: Deep Boltzmann machine structure.

FIGURE 2.21: Deep belief net architecture.

FIGURE 2.22: Deep belief net on the MNIST database.
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2.3 Non Gradient-Based Networks

This section summarises some non-differentiable networks. A non-differentiable
network is any network that is trained without gradient descent or backprop-
agation. Examples of such networks include PCANet [15], ScatNet [16] and
deep forest [13].

2.3.1 Deep-SVM [34]

The SVM is a powerful binary classi er that aims to select the best hyperplane
that divides two sets (Figure 2.23 (a)). This is accomplished by maximising
the distance between the points close to the hyperplane, known as the support
vectors, and the hyperplane itself. Moreover, the support vector machine can
convert the linear space into a non-linear one using the kernel trick (Figure
2.23 (b)), by which we do not need to know the mapping itself as long as we
know the kernel function. There are many kernel functions, such as linear,
polynomial, RBF and sigmoid functions. Therefore, choosing the right kernel
function that ts our data is not a trivial task. For this reason, the authors of
[34] introduced deep SVM.

FIGURE 2.23: a) SVM maximises margin. b) Kernel trick of SVM.

The structure of deep-SVM is simple and displayed in Figure 2.24. Algo-
rithm 1 presents the procedures for training deep SVM. The rst layer's train-
ing is similar to the support vector machine's regular training, with the RBF
kernel applied to the input data. The output signals of this layer are P support
vectors (S)) and P Lagrange multipliers (a;). The RBF kernel is then applied
for each support vector (S) with each input X, and the result is multiplied by
the corresponding target (t;) and the Lagrange multiplier at this point (a;). The
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FIGURE 2.24: Structure of deep SVM. Captured from [34].

same process is repeated for the subsequent layers until the desired number of
layers is reached.

Algorithm 1 Training deep-SVM

Input: Training set: X1 =[Xq,Xo,...,Xn], target: t = [ty,15,...,tn], RBF kernel
function: K() and number of Layers: Njayers
Output: ErrorRate
1 fori 110 nNjgyesdo

2: [Si,a,bi]  trainsym(X|,t)

3 tsy  targetlabels corresponding to S

4: p  number of support vectors corresponding to S
5: forj 1toNdo

6 ittty d K(SLXD, .oty & K(Sh X))
7: end for

8: end for

In [34], the network was tested on the Breast Cancer Database, which is
a small database with only 384 instances with eight attributes. The authors
compared their network to the ordinary support vector machine (Table 2.16)
and demonstrated that their approach produced better results.

TABLE 2.16: The performance of deep-SVM compared to the stan-
dard support vector machine using the Breast cancer database.

SVM | Deep-SVM
Training accuracy | 100% 100%
Test accuracy 91.2% 95.6%
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2.3.2 Deep Forest [13]

The idea of the deep forest [13] was inspired by the training of neural networks.
The model consists of the cascade forest, Instead of the deep layers concept in
CNNs, and the multi-grain scan level in the deep forest corresponds to the
convolution layers in the CNN. After expanding the model to a new level, the
authors of [13] validated it using a validation set. If there is no improvement,
the algorithm ends, and the number of layers is determined.

FIGURE 2.25: Two phases deep forest architecture: multi-grained
scanning and cascade forest. This picture is taken from [13].

The deep forest model (Figure 2.25) consists of two independent phases,
namely multi-grained scanning and cascade forest. In multi-grained scanning,
different sliding windows are used to convert the input (either image or text)
into many instances. These instances are then sent to two forests, each with 500
trees. The output of each forest is the averaged class distribution, which is then
chained to other outputs to get the nal level 1 output. The second stage takes
the input (either the output of the rst stage or the row data) and sends it to
four forests, two of which are completely random forests and random forests,
each with 500 trees. Similar to the rst phase, the four random forests estimate
the averaged class distributions, concatenate them and pass them to the next
level. Before expanding to a new level, the entire model is validated in the
validation set. If there is no improvement, the algorithm is stopped, and the
output is de ned.

Zhi-Hua and Ji [13] tested the deep-forest model across various areas, in-
cluding image classi cation, face recognition, music classi cation, sentiment
classi cation and low-dimensional data. They showed that their method deliv-
ers competitive results, especially for small datasets. They also emphasised the
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importance of multi-grained scanning for features representation. Tables 2.17

and 2.18 show the accuracy results of the deep forest model on the MNIST and

CIFAR-10 databases, respectively. The performance of the model on challeng-
ing database such as CIFAR-10 was not as good as that of CNNs, but it was still

better than other machine learning algorithms.

TABLE 2.17: The performance of gcForest on the MNIST database.
All of these results were reported by [13].

Method Accuracy%
gcForest 99.26%

SVM (RBF) kernel | 98.75% [38]
Deep belief network 98.75%
Random forest 96.80%

TABLE 2.18: The performance of gcForest on the CIFAR-10
database. These results were reported by [13].

Method Accuracy%
ResNet 93.5%0
AlexNet 83.00%
gcForest (gbdt) 69.00%

gcForest (5 grains) 63.37%
Deep belief network 62.20%
gcForest (default) 61.78%
Random forest 50.17%
MLP 42.20%
Logistic regression 37.32%
SVM (linear kernel) 16.32%

2.3.3 PCANet

PCANet [15] is a simple deep learning network that does not rely on stochastic
gradient descent in its learning process. Instead, the features are extracted us-
ing cascaded principal component analysis (PCA), which is applied to localised
patches of the images. Figure 2.26 shows the architecture of PCANet. As
shown in the gure, PCANet is comprised of three primary processing steps,
namely cascaded principal component analysis, binary hashing and block-wise
histogram, and the entire architecture is used as a feature extractor. After ex-
tracting the features using PCANet, the authors of [15] classi ed the extracted
features using the linear SVM classi er.
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FIGURE 2.26: The main architecture of PCANet.

PCANet was evaluated using a maximum of two cascaded PCA stages [15].
Figure 2.26 is an example of a two-stage PCANet. The rst stage consists
mainly of two steps. The rst step is patch-mean removal, in which the im-
ages are divided into patches of a speci c size de ned by the user. Then the
patches of each image are centralised to their local mean. In the second step
of the rst stage, PCA is applied to the centralised patches to produce L1 prin-
cipal components as the PCA lters for this stage, where L1 is the number of
Iters for the rst stage and a user-de ned parameter. After zero-padding the
original images, the output of the rst stage is computed by convolving the L1
principal components with the original images. The spatial dimensions of the
resulting images are the same size as the original ones.

The second stage is similar to the rst stage, but the output of the rst con-
volution layer is used instead of the original dataset. In fact, the PCA lters are
applied on a one-channel basis. For example, each Iter operates on one chan-
nel and produces one new greyscale image. As a result, the number of images
in this stage is equivalentto L; Lj, where L is the number of Iters for the
second stage.

After the lter learning stages, the output of the last convolutional layer is bi-
narized using the Heaviside function. The local binary pattern is then used to
combine the L2 binary images into a single image, producing images with L1
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channels. Then each of thelL, images is divided into B blocks, the histogram
of the decimal values is computed in each block and all of the B-histograms are
concatenated into a single vector. The resulting L1 vectors are combined to rep-
resent the features extracted from the corresponding original images. Finally,
the SVM classi er is applied to classify the images. PCANet's user-de ned
hyper-parameters include the size of the patches, the number of lters within
each level and the total number of levels.

PCANet shares some similarities with CNNs. For example, patch-mean
removal in PCANet corresponds with local contrast normalisation in CNNSs.
However, in contrast to CNNs and ScatNet, PCANet does not have any non-
linearity between its convolutional layers. Therefore, the whole process before
the binarisation step is linear. The authors of [15] showed that the use of quan-
tisation and local histograms in the last stage causes suf cient invariance for
the nal features. They also introduced two other networks, R-NET and LDA-
NET. The difference between those and PCANet is that the cascaded lters are
selected either randomly in R-Net or by learning a linear discriminant analy-
sis in LDA-Net. The ndings of the experiments in [15] showed that LDA-Net
and PCANet are equivalent, although R-Net produced results with the highest
error rate.

PCANet was designed mainly for classi cation tasks and tested on different
databases, including LFW for face veri cation, MultiPIE, Extended Yale B, AR
and FERET for face recognition, MNIST for hand-written digit recognition and
CIFAR-10 for pattern recognition. Comparing PCANet's performance with the
state-of-the-art results and hand-crafted features showed that the network'’s re-
sults were comparable [15]. On the MNIST database, PCANet reported an error
rate of 0.6%, which was considered to be state-of-the-art at that time. In addi-
tion, the network set new records on other databases, including Extended Yale
B, AR and FERET, con rming its exceptional capabilities across various tasks.
Despite its success, PCANet may not be able to deal with extreme variability
in some challenging databases due to its simple architecture, which relies on
extracting unsupervised PCA features. Such databases include PASCAL VOC,
which contains roughly aligned scales and a variety of poses.

2.3.4 PCANet+ [24]

PCANet is a shallow, deep structure that shows excellent results across differ-
ent benchmarks, including image classi cation and face veri cation. However,
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this simple stacked deep architecture suffers from the feature's explosion prob-
lem, which limits its depth to only two layers. The feature explosion problem
refers to the fact that the number of features extracted by the PCA layers in the
network grows rapidly as the depth of the network increases, which makes it
dif cult for the classi er to classify the extracted features after adding a few
layers. The problem is caused by the fact that PCANet learns the lIter weights
on a per-channel basis. For instance, when given an input of sizeh w ¢
and a lter of size k k, PCANetlearns k kweights for each channel cin the
input. In other words, the number of feature maps in one layer depends on
the number of feature maps in its previous layers. As the depth of the network
increases, the size of the feature maps also increases, leading to high computa-
tional cost, high memory consumption and an increased number of parameters
required for training subsequent layers. PCANet+, proposed by Low, Teoh,
and Toh [24], provided an alternate solution to the feature explosion problem
by conforming to CNN's constraints. The proposed network employed a lIter
ensembling mechanism to directly determine the number of feature maps for
each layer. This mechanism aggregates the feature maps across all channels to
extract k k cpatches, similar to CNNs. In this context, k denotes the lter
size, and c represents the number of channels in the previous layer.

Figure 2.27 illustrates the structure of PCANet+ as an entirely unsupervised
network. The designers of the network [24] used a mean-pooling layer be-
tween any two convolution layers as a replacement for the non-linear func-
tions in CNNs. Moreover, they changed the topology of the PCANet lters
by proposing an ensemble learning technique that conforms to CNN's struc-
ture. Given a layer L 1 with d_ ; images of size M N, all overlapping
patches are extracted from each channel and concatenated, so the result is of
sizek, k. d_ 1, where k_ is the size of the Iters in layer L. Next, the ex-
tracted patches are standardised to their unit variance using the z-score method
before the PCA of the normalised patches is computed and d, principal compo-
nents are chosen to be the PCA lters, where d, is the number of the lters for
layer L. The output is calculated by convolving the d, principal components
with the input images after zero-padding them. After several PCA learning
stages, the output of each layer is binarised and the histogram-based features
are found in the way described in PCANet [15]. Then all extracted features
from all layers are concatenated, and PCA whitening is applied to them to re-
duce their dimensions. To classify the data, the cosine similarity between the
training and the test samples is used.
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FIGURE 2.27: The main architecture of PCANet+.

In [24], PCANet+ was evaluated across three face recognition databases, in-
cluding face recognition technology (FERET), LFW and YouTube faces (YTF).
In all experiments, PCANet produced better accuracy results than PCANet.
Figure 2.28 compares the performance of PCANet+ with that of the original
PCANet using a different number of layers on the FERET DUP | and Il probe
sets. According to the results, PCANet+ outperformed the original PCANet in
both one- and two-layer architectures. In addition, the average performance of
PCANet+ increased from 70.09% in layer 1 to 89.73% in layer 4, indicating the
importance of the network depth to achieve better accuracy. Figure 2.29 illus-
trates the signi cance of mean-pooling layers to the accuracy of the PCANet+
model. As shown in the gure, the performance of PCANet+ degraded some-
what without the mean pooling layers, with roughly 1% less accuracy in all
topologies.

FIGURE 2.28: Accuracy of PCANet+ and PCANet on FERET DUP
| and DUP Il using different layers architectures. The gure is
captured from [24].
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FIGURE 2.29: Accuracy of PCANet+ and PCANet on FERET DUP
| and DUP Il with and without mean pooling layers. The gure is
captured from [24].

2.3.5 PCANet-Il [23]

PCANet, as mentioned in Section 2.3.4, suffers from the feature explosion prob-
lem, which limits its depth to two layers. Histogram pooling, which results

in exponential growth in the total number of features, is one of the factors
that contribute to this issue. PCANet-II [23] replaced the histogram pooling
in PCANet with second-order pooling, which is popular in CNNs. Examples
of CNNs using second-order pooling include [58, 59, 60, 61] and [62]. Figure
2.30 illustrates PCANet-II architecture in detail. PCANet-II starts by comput-
ing the PCA lters, as in the original PCANet [15]. However, Tian, Hong et al.
[23] calculated a pixel-wise binary feature difference (BDF) in each layer and
considered it to be a new feature map added to that layer. The main purpose of
adding a BFD image is to preserve more discriminant information because the
binarisation step in PCANet [15] cuts the Iters' responses into only O'sand 1's,
leading to a large discriminant information loss. After the Iter learning pro-
cess, the resulting images are divided into blocks of sizer ¢, where r and care
user-de ned parameters representing the width and height of each block. Then
each block is reshaped intor  crows and d. columns, where d, is the number
of ltersinlayer L. Afterthat, the covariance matrix is calculated for each block
and the resulting features are concatenated. Finally, the second-order features
are sent to a classi er to classify the data.

PCANet-1l has been tested on different benchmarks for classi cation and
progression tasks. Among these databases are CAS-PEAL-RL1 for classi cation
and the UNBC-McMaster pain dataset for the regression task. The results of
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FIGURE 2.30: The main architecture of PCANet-II.

the experiments proved the effectiveness of using both second-order pooling
and the BFD scheme, with improved running time and fewer features.

2.3.6 ScatNet [16]

Rigid and non-rigid transformations of the images inside a class make the clas-
si cation task dif cult, and the Euclidean distance cannot measure the similar-
ity within a class due to this variability [16]. As a result, the authors of [16]
concentrated on creating an invariant of each class and maintaining useful in-
formation from the images included inside this class.

The researchers initially focused on the translation transformation and proved
that the Fourier transform is not stable for small deformations. This instability
of low distortion becomes large at high frequencies, not at low rates. As a result,
some researchers have used the Fourier transform to kill the high-frequency
signals, resulting in the loss of such information. In contrast, the wavelet trans-
form is stable for deformations. Thus, if we have a signal x, we can compute
the wavelet operator by multiplying the Fourier transform of the signal by that
of the wavelet and applying a band pass lter to cover the low frequencies that
are not covered by the wavelet, such as described in the following equation:

pUx = x ?(t),x ygwithyg(t)= 2 Ry(2 R), andg=2 1°, (2.22)
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