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ABSTRACT

Capsule Networks are the next generation of image classifiers. Although they
have several advantages over conventional Convolutional Neural Networks (CNNs),
they remain computationally heavy. Since inference on Capsule Networks is time-
consuming, thier usage becomes limited to tasks in which latency is not essential.
Approximation methods in Deep Learning help networks lose redundant parameters
to increase speed and lower energy consumption.

In the first part of this work, we go through an algorithm called zero-skipping.
More than 50% of trained CNNs consist of zeros or values small enough to be con-
sidered zero. Since multiplication by zero is a trivial operation, the zero-skipping
algorithm can play a massive role in speed increase throughout the network. We
investigate the eligibility of Capsule Networks for this algorithm on two different
datasets. Our results suggest that Capsule Networks contain enough zeros in their
Primary Capsules to benefit from this algorithm.

In the second part of this thesis, we investigate pruning as one of the most popular
Neural Network approximation methods. Pruning is the act of finding and removing
neurons which have low or no impact on the output. We run experiments on four
different datasets. Pruning Capsule Networks results in the loss of redundant Primary
Capsules. The results show a significant increase in speed with a minimal drop in

accuracy. We also, discuss how dataset complexity affects the pruning strategy.
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Chapter 1

Introduction

Machine Learning (ML) has changed our experience of everyday life. ML technology is
the tool that powers Netflix to recommend which movie to watch next (recommender
systems), Google to identify spam emails (Classification), Tesla to drive automatically
(Reinforcement Learning and object detection) and Apple’s Voice assistant Siri to
answer our questions (Natural Language Processing).

Deep Learning is defined as "representation-learning methods in which features
are processed in multiple stages that every stage is simple but non-linear” [15].
Representation-learning are algorithms that automatically find the representations
necessary to detect or classify a pattern in the input data. Deep Learning is pro-
foundly used in different areas because of it’s capacity to discover features from com-
plicated input data. There are many challenging tasks for deep learning such as image
classification and object detection.

Convolutional Neural Networks (CNN) are a subclass of Deep Neural Networks
(DNN). They made a breakthrough in image classification and object classification
task when AlexNet was introduced in 2012. Although researchers have gained a lot

of success using CNNG, it still has shortcomings. CNNs remove useful information in



pooling layers. The responsibility of this layer is to keep one element per region for
better semantic information based on the input feature map. Also, CNNs only check
for the presence of features and do not take into account the spatial relationship of
features.

The next generation of Neural Networks are Capsule Networks (CapsNets). They
have drawn the attention of researchers since the introduction of an algorithm called
Dynamic Routing that makes the idea of CapsNets feasible. CapsNets overcome
CNNs shortcomings. Spatial relationship of objects are encoded within each capsule.
There is no lost information since there are no pooling layers. CapsNets have reached
accuracies that have never been reached before on standard ML datasets such as
handwritten digits Modified National Institute of Standards and Technology database
(MNIST). [16] CapsNets have their own downsides. CapsNets are computationally
expensive to train and test.

Since the need for ML applications has increased, and the tasks are more com-
plex, the demand for custom hardware designed for Deep Learning has become a hot
topic. Research on algorithms that reduce the computational complexity has become
a necessity. These algorithms can speed up the process of training and inference on
custom or general hardware. In addition to the speed gain, parameters like memory
consumption, off chip access and energy consumption should be kept in mind when
designing these algorithms.

One of the common approaches to improve speed and save energy is to skip trivial
operations. Trivial operations are the type for which that the output could be known
without doing any operation on the input. An example of trivial operations is mul-
tiplication by zero. If at least one of the inputs of a multiplication is zero, then the
output is a zero.

A hardware implementation of the zero-skipping algorithm is proposed by J. Al-



bercio et al. on Convolutional Neural Networks [2]. CNNs check for the presence
of features by applying image filters on the input image which generate zeros if a
feature is absent. An average of 44% of a CNN layer output is zeros which makes the
algorithm worth implementing on custom hardware.

But the question is: whether CapsNets can generate enough zeros so that the
zero-skipping algorithm makes a difference. In this thesis, we have explored how
CapsNets behave over training on standard Machine Learning datasets and how the
number of zeros evolve through training epochs.

Neural Network pruning is another approach to gain speed both in training and
inference. Pruning is defined as the process of removing redundant connections in a
Deep Learning network. Removing redundant neurons can improve the energy effi-
ciency of the hardware, since fewer computations are needed throughout the network.
A pruned network is usually referred to as compressed. The process of identifying the
redundant neurons remains a challenge. Parameter salience decides whether to prune
a parameter. The success of pruning is relies on the salience estimation. Similar-
ity evaluations and iterative pruning processes share the same idea of pruning at an
element-wise granularity. These pruning techniques are also called fine-grain pruning.
This pruning can result in uneven weight distributions which can degrade hardware
throughput. On the other hand, coarse-grained pruning techniques can find the sweet
spot in the compression-throughput trade-off. In this thesis, we use a pruning tech-
nique that relies on first-order gradient information for parameter saliency. This
technique has been successful in CNNs and showed promising results in CapsNets by
removing more than 95% of the parameters with a minuscule drop in accuracy. [27]

Chapter two of this thesis gives the background of this work. We explain Convo-
lutional Neural Networks and how they are trained, activation functions, and Capsule

Networks and how they compare to Convolutional Neural Networks. In the last sec-



tion of this chapter, we describe the datasets used in this work.

Chapter three of this work presents zero-skipping, an algorithm that will ignores
zero multiplication operations. We investigate if zero-skipping would be beneficial
in CapsNets. We fully train CapsNets on handwritten digits MNIST and Fashion
MNIST. Histograms are presented to better visualize of Primary Capsules. The
results of this chapter have been published in ACM CATA 2020.

In Chapter four, we investigate pruning in Capsule Networks. We provide the
background of pruning and how it’s application in our work. We compare CapsNets
pruning for four different datasets, and in the last section of this chapter, we compare
the datasets from a complexity perspective and how they affect Capsule Networks

behaviour.



Chapter 2

Background

In this chapter, background information on CNNs and CapsNets is provided, and the
pros and cons of each network will be explained. First, in this chapter, an introduction
to CNNs and their state-of-the-art classification is be given. Then, the layers utilized
in CNN architectures are explicated. Next, CapsNets are introduced. We also discuss
how CapsNets differ in terms of information preservation through the network and
their advantages over CNNs. This chapter ends with an introducing of the datasets

used in the experiments.

2.1 Convolutional Neural Networks

Machine Learning has a pivotal role in many applications such as image classification.
Deep learning is a branch of Machine Learning which is gaining lots of attention from
researchers due to the complex patterns it can recognize and the advancements made
to deploy Deep Learning on hardware [1]. Image classification is the task of assigning
a proper label to an image that belongs in a category based on its patterns. This prob-
lem can become complex fairly quickly by adding different patterns into an image.

Convolutional Neural Networks are the solution offered by deep learning researchers.



The use of CNNs has proven useful as they beat their predecessor classification meth-
ods in terms of accuracy. CNNs have achieved high accuracy on standard machine
learning datasets such as handwritten digits MNIST, Fashion MNIST, SVHN and
CIFAR-10.

2.1.1 Convolutional Neural Networks Training, Validation

and Testing

The main task of a CNN is to find meaningful patterns which translate the input image
to the ground truth. Datasets are split into three different sets. The largest part of the
dataset is used for training. This is called the training set. The next set of images are
used to tune hyperparameters, which is called the validation set. Lastly, we have the
test set which can provides a vision of how well the model performs. It is important
that the model’s parameters are not tuned during the testing phase. Training a
CNN is an optimization process in which the optimizer is trying to minimize the loss
function defined for the model. The loss function is a mathematical function that
outputs a score of how well the model performed its predictions. Several different
loss functions have been used. A loss function usually consists of two terms. First,
the main loss is calculated based on the predictions of the model and the ground
truth. The second term in a loss function is the regularizer. The regularizer is used

to prevent overfitting and its definition is dependent on the model.

2.1.2 Gradient Propagation

Each layer in a CNN has parameters that need to be set during the training phase
which is called weights. Weights are building blocks of every neural network. An
image goes through multiple layers in a CNN before a prediction is made. The

weights are updated every time a set of images, which are called a batch, have their



labels predicted by the model. Updating the weights is done by gradient propagation
usually called back-propagation. Gradients are calculated from the last layer going
back to the first layer. These gradients contain the information needed to update the

weights in the back-propagation process.

2.1.3 Convolutional Layer

The convolutional layer is the most important part of a CNN. This layer consists
of different filters which are applied to its input to generate the output which is
called a feature map. Each filter consists of weights that need to be trained in the
training phase. Each convolutional layer has another part called bias which is applied

independently to the feature map. The size of the output feature map is

WK +2P

© S

+1 (2.1)

where O is the size of the feature map, K is the kernel size, W being the size of the
input, P is the padding and S is the stride. Padding is the process of adding elements
on the edges of the original input to overcome the border effect. This effect is the
reduction in the size of the input as a result of the convolution process. The number

of weights in each convolutional layer is
P=W+B=K*xCxN+N (2.2)

where P is the number of weights, W is the number of kernel weights, and B is the
number of the bias. K is the kernel size, C' is the number of channels and N is the

number of filters.



2.1.4 Fully-Connected (FC) Layer

The fully-Connected(FC) layer will input all elements for each feature map and apply
their weights to produce the desired outputs. The output of the FC layers in a
CNN architecture is the classification results. Classification results are called model
predictions. Number of parameters in an FC layer can be is (N + 1) x M where N

is the number of input elements and M is the output size.

2.1.5 Activation Functions

Activation functions are non-linear mathematical functions which are used in neu-
ral networks. The goal of a deep learning model is to approximate the function
which generated the inputs. Since these generator functions are non-linear, activa-
tion functions can give us the ability to estimate non-linear functions. Some of the
most famous activation functions are Rectified Linear Unit (ReLU), Leaky ReLU,
Exponential Linear Unit (ELU), Sigmoid and Softmax. In this part, some of these

activation functions are explained.

Rectified Linear Unit (ReLU)

This activation is one of the most used activation function in Neural Networks. ReLLU

can be described as

ReLU(z) = max(0, x) (2.3)

Vanishing gradients is a problem which can happen during training of neural
networks, when the back-propagated gradient is so small that it cannot update the
weights. This problem interferes with the training and brings it to a halt. The

ReLU activation function will prevent the vanishing gradient problem. The main



disadvantage of ReLLU is not having an upper limit on its output. Leaky ReLU js
similar to ReLLU but instead of outputting zero for negative inputs, they output a
small negative number which translate to a positive gradient. This small positive

gives the neurons a chance to recover when not being able to update.

Sigmoid

The Sigmoid activation function outputs values between 0 and 1. It is a well-behaved

function. and can be described as

1

SG) = T e (2.4)

Sigmoid has a limited output which is an advantage over ReLU. Still, when its
input is small or large, it can result in the vanishing gradient problem. Also, since
the function does not output zero for inputs which are zero, the gradient function will

move in different directions which makes the optimization difficult.

SoftMax

Softmax is usually chosen for the prediction layer which is the final layer of the CNN.
This is because softmax maps the inputs to probabilities so the output probabilities
sum to one. Softmax is

exp()

Softmaz(x) = 1T exp(@) (2.5)

2.1.6 Pooling Layer

Pooling helps with managing the size of feature maps. Since feature maps are stacked
for each layer, if pooling layers are not utilized, the system may run out of memory. A

pooling layer outputs a single value for each square segment of the feature map. One
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of the most popular pooling layers is called max-pooling. Max-pooling is the process
taking the largest value for each square segment of the feature map and ignoring the
rest of the values in that segment. The downside of pooling layers, in general, is the

loss of information.

2.1.7 Regularizers and Dropout

There are several methods used in a network to avoid overfitting in the training phase.
Two of these are regularization and dropout. Overfitting happens when the for on the
training set differs largely from that of test set. If a model is overfit on the training
set, it will perform poorly on the test set. Two of the most important regularizers
used in CNNs are weight-loss and reconstruction losses. Regularizers are added to the
loss function to prevent overfitting. Weight-loss regularizers will not tolerate large
weights in a network, and the model will adapt to this restriction.

The reconstruction loss method compares the reconstructed image to the input.
This will forces the network to produce meaningful interpretations of the input image.
The dropout method randomly chooses neurons and removes them from the output.
Dropout also helps the network to generalize over the dataset. If a neuron is omitted

from the output, the model has to utilize other neurons to generalize over the dataset.

2.2 Capsule Network (CapsNet)

A capsule is a group of neurons that are in vector format. The Capsule Network was
introduced by Sabour et al. [30], and it’s shown in the figure 4.6. The architecture
starts with two convolutional layers. These two convolutional layers are feature ex-
tractors. The extracted features are reshaped into vectors called Primary Capsules

(PC). PCs are then multiplied by a weight matrix. This matrix is called the affine
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transform matrix. The robustness of the capsules is due to this matrix. The output

of this multiplication is the prediction of the first layer.

Input image

Output Vector

Primary Capsules

Convolution Convolution
layer layer

Figure 2.1: CapsNet Architecture

If u; is the output of a capsule, then ); will demonstrate the next layer predictions
and is given by

ﬁj|i = Wij X Uy (26)

where W;; is the affine transformation matrix. The output of the current layer goes

through the squash function

vj = squash(z Cijlj)i) (2.7)

where the ¢;; are the coefficients which are set by the dynamic routing. Squash is a
non-linear activation function with maximum value one and minimum value zero.

A capsule Network outputs N vectors, where N is the number of classes in our
classification problem. The length of each vector is the output probability of the
network. Each element of the vector is an instantiating parameter of the image. The
Squash function will detect small-length vectors and replace them with zero. This

function also, helps the largest vector to maintain a length of one. Squash function
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is represented below:
S
T T IsilP sl

(2.8)

where s; is the input and v; is the output vector.

2.2.1 Dynamic Routing Algorithm

Dynamic routing is an algorithm which helps capsule networks go through a stable
training [30]. Dynamic routing determines where the output vectors of the first layer
of capsules should be placed in their next layer. Dynamic routing parameters are
should be determined for each input. This algorithm checks the degree of agreement

between the predictions of the first layer

Algorithm 1 Dynamic Routing Algorithm

1: procedure ROUTING (uj|;, [, 1)

2 bij <0 > for all capsules ¢ and j in layers [ and [ + 1

3 for r iterations do

4: ¢ < SoftMax(b;) > for all capsule ¢ in layer [

5: v; = Squash()_; cijlijl;) > for all capsule j in layer 141

6 bij = bij + Uj);.v; > for all capsule i and j in layers | and 1+1
return v;

2.2.2 Margin Loss

The length of a capsule reflects the probability that an entity exists in an image. This
is a factor that has been taken into consideration in CapsNet loss functions. Margin
loss accounts for each capsule predicting the right entity in each image. Higher values
of margin loss indicate that the capsules are predicting each category incorrectly. As

a result, the margin loss is described as

Ly, = T, max(0, m™ — [|Vi|)? + A1 — T}) max (0, || Vi|| — m™)? (2.9)
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where L; denotes the loss term for each capsule, T} is determined based on the
prediction of each capsule (one for correct predictions and zero otherwise), A is the
weight considered for penalizing wrong predictions, and m* and m~ are used to

remove capsules with high or low probabilities from taking part in the margin loss.

2.2.3 Regularization by Reconstruction

Each input to the CapsNet is reconstructed using a decoder. Comparing the recon-
structed images with the input images adds an extra term to the loss function. Input
images are masked before being fed into the decoder section of a CapsNets. In the
training phase, all outputs except for the ground truth are set to zero. In the testing
phase, only the highest magnitude is kept and the rest of the vectors are masked
to zero. The decoder utilized in the original CapsNet is a Fully-Connected layer to
the decode the output vectors. Reconstruction loss is refrained from dominating the

margin loss.

16 FC FC FC
A RelLU RelLU Sigmoid
A I R _.L'\
10< >512 %1024 >784
(—

=0 Masked [l = Representation of the reconstruction taraet

Figure 2.2: CapsNet Decoder [30]
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2.2.4 Advantages of CapsNets over CNNs

Convolutional Neural Networks ignore the relationship between low-level and high-
level features. Low-level features are edges and blobs. High-level features are whole
objects. In the case of face detection, low-level features are lips, noses and eyes and
their shapes. CNNs cannot distinguish between a normal face with features in their
right spot and a shape that only includes all the features without any particular
spatial formation. This means that if the lips and nose were misplaced, CNNs will
not understand the difference.

CapsNet provides a vector for each category in which they encode the spatial
information. The part-to-whole relationship between the different levels of features
is reserved in Capsule Networks in the Dynamic Routing algorithm which determines
how much low and high level features are in agreement.

CapsNets are more robust to affine transformations applied to input images. This
means that CapsNets can perform better than CNNs with affine transformation even
if they are not trained on a particular set of transformations. This was verified in
[30] by testing CapsNet and CNN on an affined transformed MNIST dataset. In
this experiment, CapsNet was trained on the raw handwritten digits MNIST dataset
and tested on the transformed dataset. Capsule Networks also perform better on
detecting overlapping images over CNNs classifying images. [30]. The dataset was
generated by overlaying an input of one category on top of the other from a different
category. The same datasplit was used for both testing and training the CNNs and

Capsule Networks.

2.2.5 CapsNet Drawbacks

Capsule Networks are much slower to train than Convolutional Neural Networks.

This is due to the multidimensional matrix multiplications and the Dynamic Routing
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Algorithm which is an iterative process. Dynamic Routing is a computationally ex-
pensive operation which has to be repeated three times for each set of input images.
Also, the number of capsules directly influences the computational complexity of the
architecture.

Capsule Networks generate K output vectors for K classes which are being pre-
dicted. As aresult, CapsNets contain too many learnable weights for the classification
of datasets with high number of classes, e.g. ImageNet (1000 classes). CapsNets also

to perform poorly on visually complex datasets.

2.3 Datasets

In this section, we discuss the datasets used in this work. The focus on the four
datasets which are handwritten digits MNIST, Fashion MNIST, SVHN and CIFAR-
10.

Handwritten Digits MNIST and Fashion MNIST

Handwritten Digits MNIST and Fashion MNIST datasets are 28 x 28 grey-scaled
images in 10 different classes. The training and testing sets have 50,000 and 10,000
images, respectively. The classes for MNIST are handwritten digits between zero and
nine. Fashion MNIST consists of different categories of clothes. Examples of both

datasets are shown in Figs. 2.4 and 2.3.

SVHN and CIFAR-10

CIFAR-10 and SVHN consist of 32 x 32 pixel images in ten different categories. Both
classes contain RGB (3 channels) images which are split into 50,000 and 10,000 im-
ages for CIFAR-10 and 73,257 and 26,032 samples for SVHN. SVHN contain house
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Figure 2.3: Fashion MNIST images
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Figure 2.4: Handwritten digits MNIST images

numbers as samples. An example of this dataset is shown in Fig. 2.5 CIFAR-10 con-
tains 10 non-related categories: airplanes, cars, birds, cats, deer, dogs, frogs, horses,
ships, and trucks. Examples of this dataset are shown in Fig. 2.6. The complexity of

these datasets is explained in more detail in Chapter 3. The introduction on datasets
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Table 2.1: Datasets used in this work and related information

Name Image Size | # Channels | # Training Samples | Test Samples
Handwritten digits MNIST 28 x 28 1 50,000 10,000
Fashion MNIST 28 x 28 1 50,000 10,000
SVHN 32 x 32 3 73,257 26,032
CIFAR-10 32 x 32 3 50,000 10,000

are summarized into Table 2.1.

ECHEN
EEEET

Figure 2.5: Samples of the SVHN dataset
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Figure 2.6: Samples of the CIFAR-10 dataset
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Chapter 3

Zero-skipping in CapsNet. Is it

worth 1t?

Machine learning methods have a wide range of applications such as Natural Language
Processing (NLP), pattern recognition and computational learning. Deep learning
structures were introduced in the late 20th century and originated from studying
Artificial Neural Networks (ANNs) [21] and has attracted a lot of attention in recent
years [8, 10, 37, 39, 40]. A Neural Network is constructed using a network of neurons
that produce activations and have weights that needed to be adjusted for the network
to learn a specific pattern in data [21]. Deep Neural Networks (DNNs) use a large
number of layers to learn features of different depths from the input data.
Convolutional Neural Networks (CNNs) are DNNs that perform effectively when
the input data is two-dimensional, e.g. images [21]. These networks include several
types of layers. One of these layers is the Pooling layer which is used to create different
receptive fields to obtain richer semantic information from the feature maps. This
layer reduces the size from the previous layer and so results in some information being

lost. Pooling is a convolutional layer and is responsible for keeping some values per
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region of the feature map depending on its type.

Capsule Network (CapsNet) is the next-generation neural network and has drawn
the attention of researchers in the past few years [13, 24, 29, 35]. The concept “Cap-
sule” was first introduced in [9] but there was no practical implementation until
Sabour et al. introduced Dynamic routing between Capsules [30] and presented a
practical new network based on capsules called a Capsule Network. A capsule is a set
of neurons that provide vectors as output (instead of the scalars used in CNNs), which
represent different properties called the instantiation parameters for a type of entity.
In contrast to CNNs, this network considers the relationship between low-level and
high-level features while performing the classification. This is done by using vectors
to represent features and applying an iterative algorithm referred to as Routing by
Agreement or Dynamic Routing, to find the relationship between vectors of one layer
and the output vectors of the next one.

Trivial operations are those operations where the output can be calculated without
performing the operation. Examples include multiplication by or addition with zero.
Skipping trivial operations results in networks requiring less memory and perform-
ing faster training and testing. This consequently results in saving time and energy.
Trivial operations in neural networks were considered in [20, 12, 2]. Here we focus on
zero-skipping and identifying and skipping redundant multiplications by zero. The
CapsNet architecture includes two convolutional layers, a weight matrix multiplica-
tion and the dynamic routing algorithm to generate the output vectors whose length
determines the type of an entity. These vectors are fed to 3 Fully-Connected (FC)
layers to reconstruct the input image. This reconstruction is used as a regularizer for
the training process.

In this work, we investigate the maximum savings achievable by removing trivial

operations in CapsNet by analyzing the fraction of zeros present in the CapsNet
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predictions. These are the zeros generated by the primary capsules on the validation
set for different epochs. This investigation serves as a first step in estimating the
potential benefits of applying zero-skipping techniques on CapsNet. All experiments
are done on MNIST handwritten digits [16] and Fashion-MNIST [36] datasets.

3.1 Related Work

Zero-skipping and power aware neural networks have attracted significant research
attention in recent years. In [2], Albercio et al showed that on average 44% of
Convolutional Neural Network multiplications produce zero. Their architecture is
a modified version of the DaDianNao architecture [23]. Albercio et al [2] introduced
CNVLUTIN as a modified architecture to skip multiplications by zero in Convolu-
tional Neural Networks. CNVLUTIN improved the performance on average by 34%.
CNVLUTIN’s best and worst results were on CNNS with 55% and GoogleNet with
24% performance improvement, respectively. They introduced a zero-free neuron ar-
ray format which only contains non-zero value neurons to avoid zero multiplication.
In order to keep all lanes busy, they use a dispatcher to store neural values to fill
empty lanes. CNVLUTIN decouples the original architecture lanes so each lane can
perform zero skipping.

In ZeNA [12], Kim et. al were the first to skip trivial computations (also referred
to as ineffectual operations), caused by weights and activations. They proposed zero-
aware kernel allocation and dynamic work group. They reported a 4.4 times speed
up for AlexNet over fixed-point Iris which they used as a baseline. Kim et al [12]
present ZeNA as a highly scalable solution. In their work, zero-aware kernel allocation
sorts the kernel values first and then allocates them to processing elements. By this

method, the load is distribute the load more uniformly. Dynamic work group deals
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with inter-workgroup load imbalance.

In PredictiveNet [20], Lin et.al proposed a predictive convolutional neural network
which can predict the output of convolutional layers and skip over trivial (ineffectual)
multiplications. They showed that PredictiveNet can decrease the computational cost
by a factor of 2.9x for the MNIST handwritten digits dataset. The proposed technique
is supported by mean squared error perseverance. They reported a marginal accuracy

loss with the reduced computational cost.

3.2 Background

A capsule is a set of neurons that provide vectors as outputs (instead of scalars in
CNN) which represent different properties called the instantiation parameters for a
type of entity [30]. The length of these vectors reflects the probability of an entity’s
existence. There are multiple layers of capsules (here two layers). Lower-level cap-
sules send their predictions using transformation matrices to the higher-level capsules.
This is done via the routing-by-agreement algorithm. The activation of a higher-level
capsule depends on the agreement of predictions. The structure proposed in [30]
achieves state-of-the-art accuracy on MNIST dataset. It also has several advantages
over conventional CNNs. CapsNet is better than a CNN in recognizing highly over-
lapping datasets. It is also more robust to affine transformations applied to the input
data.

The MNIST dataset of handwritten digits is one of the most popular datasets in
machine learning applications. It has 50,000 images for training and 10000 images
for testing. Each image is 28 by 28 pixels and depicts a digit between 0 and 9. In
[30], other datasets including Fashion MNIST. Fashion MNIST is an image dataset

which has the same dataset size, number of classes and image size as the MNIST
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dataset, but it contains images of different types of clothing. Fashion-MNIST serves
as a replacement for the original MNIST dataset for benchmarking.

The architecture of the CapsNet includes two convolutional layers. The output of
the second convolutional layer is reshaped to 8-dimensional vectors which are called
Primary Capsules. Next, a weight matrix is multiplied by these vectors to create
a new set of vectors. The analysis on skipping zeros is performed on these vectors.
The next layer consists of 10 vectors each with 16 dimensions (DigitCaps). Here,
the Dynamic-Routing algorithm at find an agreement between the DigitCaps and the
vectors from the previous layer.

The work in [2] includes investigations on pruning. Pruning relies on setting a
threshold on values of neurons. In [2] the threshold values are determined for each
layer of network separately. For simplicity, they have just used powers of two as
threshold values. Any value below the threshold will be truncated to zero. CN-
VLUTIN architecture performs pruning dynamically. In CNVLUTIN, pruning has
no effects on accuracy up to a certain threshold. After that, accuracy starts to de-
cline. However, since many values are set to zero and consequently skipped, overall,
we gain in speedup.

In this work we analyze the vector values during the training process. For training,
the dataset is divided into training, validation and testing sets. The validation set is
used to verify the progress of the network. Our analysis is done on the validation set.
To optimize a neural network, a dataset is divided into fixed-size batches and these
batches are fed to an optimizer. The procedure of applying the whole dataset to the
neural network is called an epoch. We store all values over different iterations in each

epoch and inspect them to determine the percentage of data that is zero.
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3.3 Experiments and Results

We analyze the prediction values from the primary capsules while training the Cap-
sNet on two different datasets, i.e. MNIST and Fashion-MNIST. The predictions of
the primary capsules are in fact the output of the secondary feature map reshaped
into 8-dimensional vectors and then multiplied by the weight matrix. We save all
the tensor values over all validation iterations and then analyze and investigate the
results from different perspectives. There is a total of T'x B x 1152 x 10 x 16 values
where T is number of iterations per epoch and B is batch size. B is 64 for both
datasets and T is 78 and 156 for MNIST and F-MNIST, respectively. This gives a
total of 920,125,440 and 1,840,250,880 values per epoch for MNIST and F-MNIST,

respectively.
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Figure 3.1: Fraction of zeros versus the number of epochs for MNIST

The range of tensor values is [-1.2312, 1.3018] and [-1.2766, 1.1403] for MNIST
and F-MNIST, respectively. Both datasets have a significant number of zeros during
the training processes. Our first observation is that the number of zeros increases
as the training makes progress. Figs. 3.1 and 3.2 show the fraction of zero values

over different epochs for both datasets. As the accuracy increases, the features get
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more specific. As the accuracy of the model improves, the number of zeros increases.
This is because during checking for specific features in images, many of them are
found to be absent. This is the result of the fact that each feature exists in only a
different set of images. For this reason, F-MNIST has fewer of absolute zeros over all
epochs compared to MNIST. This can be justified by the higher accuracy the network
achieves when trained on MNIST (99.42%) compared to F-MNIST (90.45%).
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Figure 3.2: Fraction of zeros over epochs for F-MNIST

Both datasets achieve a high number of absolute zero values. This percentage
ranges from 32% to 77% in the first and 10th epochs for MNIST and from 42%
to 55% for FMNIST. Figs. 3.3b and 3.3a depicts histograms of the distribution
of predictions generated by the primary capsules for the datasets. Both plots are
cropped from the top to make the surrounding points more visible. In other words,
the bin for the number of zeros is removed since it has a significantly higher number
of values than the other bins. Even though there are many values close to zero,

their numbers are far less that the number of absolute zeros available. As a result,
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the reduction in computations for values near zero would be negligible compared to

that for absolute zero values. Therefore, for our case pruning does not apply. Our

investigation shows that more than 50% of primary capsule predictions consist of

absolute zeros. Multiplications with these zero values can be skipped using methods

like the one proposed in [2] and this will result in fewer computations.
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3.4 Conclusion

CapsNet is considered as the next generation neural network since it not only achieves

state-of-the-art results on MNIST handwritten digits dataset, but also has additional

advantages over the conventional CNNs, e.g. detecting overlapping entities. However,

CapsNet is computationally expensive. In this work, we investigated the potential of
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zero skipping in CapsNet and showed that there are many zeros to be skipped when
trained on MNIST and Fashion-MNIST. Further, this may lead to significant savings

in energy in Capsule Networks.
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Chapter 4

PrunedCaps: A Case for Primary

Capsules Discrimination

4.1 Introduction

Artificial Neural Networks (ANNs) have recently become effective and popular models
for the task of classification, pattern recognition, prediction and data clustering tasks
in various fields [1]. ANNs are frequently used today for approximating functions due
to properties such as adaptability, self-learning, non-linearity and advanced mapping
of the inputs to the outputs [33].

ANNS continue to grow more complicated as architectures become more complex.
Complex networks can achieve high accuracy but at the cost of slow training and in-
ference phases [4]. Neural Network approximation methods redesign complex ANNs
with the goal of saving memory and reducing computation power. These improve-
ments usually come at the cost of marginal accuracy losses. Such approximations
play a crucial role in reducing the latency and improving throughput in various ap-

plications. These methods can be categorised into two major groups: quantization
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and weight reduction. Quantization algorithms focus on reducing the precision of the
network parameters. While weight reduction solutions eliminate redundant neurons
or structures [34].

Pruning is a well-known method for weight reduction methods. Pruning an ANN
is the process of removing neurons from a network. This method aims to omit neurons
that have zero to low impact on the output accuracy. ANN pruning was introduced
by Lecun et al [17]. There are two main types of pruning for ANNs: fine-grain and
coarse-grain. Similarity evaluations and iterative pruning processes both implement
pruning at an element-wise granularity. These techniques are referred to as the fine-
grain pruning. Fine-grain pruning can result in uneven weight distributions which can
affect hardware’s throughput. Coarse-grained pruning techniques, however, can find
best in the compression-throughput tradeoff by considering the whole architecture
instead of focusing on individual elements [14].

Sabour et al introduced Capsule Networks (CapsNets) as the next generation of
ANNSs [30]. The CapsNet computational unit consists of a vector of neurons referred
to as a capsule. The final representation of this network is also in the form of capsules.
CapsNet contains more information compared to other conventional ANNs such as
Convolutional Neural Networks (CNNs) due to the absence of pooling layers. Pooling
reduces the size of an feature map. Pooling layers in CNNs are the main cause of
information loss and are not in CapsNets.

Primary Capsules (PCs) are reshaped vectors calculated through multiplication
of a feature extractor output and a weight matrix. PCs contain the most trainable
number of parameters in the entire CapsNet architecture. Another trainable part of
CapsNets is the convolutional layers which build the feature extractor and translate
images to the feature maps. The last section which has trainable parameters is the

decoder layer which reconstructs the image and compares it to the input. The focus
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of this chapter is on pruning PCs to speed-up inference.

Pooling layers are mainly used to reduce the size of feature maps by removing
elements that are not significant to the output. Not using pooling layers may cause
over-fitting in smaller networks. Choosing the maximum element or averaging certain
elements are examples of pooling. Since CapNets do not utilize pooling layers, the
accumulation of convolutional layer outputs results in a very large multi-dimensional
matrix. Having a multi-dimensional matrix requires time consuming computations
which affects the architecture’s suitability for low latency applications such as self-
driving cars. In this chapter, we use pruning technique that rely on first-order gradient
information for parameter salience. This technique has been successful in CNNs and
showed promising results in CapsNets removing more than 95% of the parameters
with a minuscule drop in accuracy. [27]

In summary our contributions of this chapter are as follows:

e Pruning CapsNet Primary Capsules using Taylor expansion. Primary Capsules
are a reshaped representations of features which are multiplied by a matrix.
Taylor’s expansion is used as a metric to select and remove PCs which are

redundant to the architecture.

e A comprehensive analysis is given using popular datasets such as MNIST hand
written digits, Fashion-MNIST, SVHN and CIFAR-10. Inference time, number

of FLOPS and an architecture different numbers of capsules.

e Providing insight on how pruned CapsNets behave for different number of PCs.
We also study how dataset complexity (i.e. size and features), impacts CapsNet
behaviour. We show how Taylor expansion pruning removes PCs and how
CapsNet is influenced by the reduction in the ability of the network to fitting

the input function (imposed by pruning).
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This chapter is organized as follows. Section 4.2 describes related works. Section
4.3 details the background and the proposed method. Section 4.4 reports the results

and discussions. Section 4.5 offers some concluding remarks.

4.2 Related Work

There are several works results in the literature focusing on pruning ANNs. Lecun
et al. and Hassibi et al. are the pioneers in removing unnecessary weights in ANNs
[17, 7]. Pruning can be effective in different ways. Han et al. and Suzuki et al. show
how pruning can sometimes increase accuracy by training longer compared to the
baseline model, without overfitting [6, 32]. Residual Network (ResNet) are a kind of
Deep Learning Network which use residual blocks. Residual blocks help when there
are many layers to train without vanishing gradients by appending the input feature
to the output of the block. Previous research has established that the error rate on the
ResNet20 network can be decreased by setting sparse weights to the pruned network
[18]. Kalchbrenner et al. [11] used pruning for efficient audio synthesis. They used
a single Recurrent Neural Network (RNN) referred to as WaveNet. Their findings
suggest that a sparse architecture can outperform a smaller dense network with the
same number of parameters.

Random pruning is the process of selecting the target neurons and removing them
randomly. Researchers have observed that method-based pruning beats random prun-
ing. [4, 5, 38, 26]. Frankle et al. [4] argued that a large, dense, and randomly ini-
tialized network contains subnetworks. These subnetworks can be trained to perform
competitively to their parent network. These subnetworks are initialized with the
original weights of the network. Lottery ticket pruning is the process of finding these

subnetworks, whose size is under 10-20% of the size of the original network. Lee et
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al. [19] have identify irrelevant connections using a method referred to as Single-Shot
Network Pruning (SNIP). They start pruning prior to training. This can lead to
better results due to network sparsity at initialization.

Pruning can also be done by removing neurons from all layers of a network in a
uniform fashion. To date, several studies have investigated this approach. Performing
pruning uniformly is outperformed by a smart parameter allocation technique [5, 6].
Lou et al. [22] demonstrated a compressed and accelerated pruning method for CNNss.
Their method is not uniform and achieves better accuracy.

A pruned network will lose accuracy if it is not fine-tuned. Fine-tuning is the
process of continuing the training of an ANN after initial prunning. Recent studies
[41, 38] suggest that if all weights are set to zero, training a pruned architecture falls

behind fine-tuning.

4.3 Background

In this section, we first review CapsNet and its architecture. and then explain the

pruning techniques.

4.3.1 Capsule Network (CapsNet)

The basic computational units in CapsNet are capsules (vectors of neurons). The
architecture of CapsNet is shown in Figure 4.1. According to this figure, the network
starts with extraction of low-level features using two convolutional layers. The ex-
tracted features are then reshaped to vectors. These vectors are then multiplied by
a matrix, encoding the spatial relationship between them. The resulting vectors are
referred to as Primary Capsules (PCs).

The next layer of capsules (the output capsules) are inferred from the PCs. There
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is a fully-connected relationship between the PCs and the output capsules. However,

the coefficients are not learned during the training process. Instead, they are deter-

mined in each iteration of the training process by an iterative algorithm referred to

as Dynamic Routing (DR). This algorithm determines the contribution of each PC

to each output capsule based on the level of agreement among PCs.

CapsNet is designed such that there are as many output capsules as the number

of categories in the classification task. The output capsules hold two important

pieces of information. First, the capsule with the highest magnitude is the capsule

corresponding to the correct class. Second, the different dimensions of each output

capsule hold information about the instantiation parameters of the input image such

as pose and deformation [30].
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=0 Masked = Representation of the reconstruction target

Figure 4.2: Decoder architecture of CapsNet [30]

CapsNet also includes a basic decoder to reconstruct the input images using the
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output capsules as input. The decoder consists of fully-connected layers. The re-
constructed image is compared to the input images and the difference, known as the
reconstruction loss, is used to regularize the training process.

The loss function in CapsNet consists of two terms. The first term is the recon-
struction loss explained earlier. The second term is called the margin loss and is based

on the predictions made by the output capsules. The loss for each output capsule

Ly, = T, max(0, m™ — [|Vi])? + M1 — T}) max (0, ||Vi|| — m™)?

where T}, is determined based on the prediction of each capsule (one for correct predic-
tions and zero otherwise), A is the weight considered for penalizing wrong predictions,
and m™* and m™ are used to remove capsules with high or low probabilities from taking

part in the margin loss.

4.3.2 Pruning Methods

Pruning consists of removing the least important parameters. It is essential to mini-
mize the difference in accuracy between the normal and pruned networks. Optimally,
the impact of removing each parameter should be evaluated in the terms of the impact
on network accuracy.

There are two criteria used to estimate the importance of the parameters. The
first is based on the sign change in the loss Lp w+ — Lpw, where Lp w is the value
of loss for the network over dataset D using parameters W. W’ is the new set of
parameters with the redundant parameters removed. The second criterion is the
absolute difference in the loss |Lpw' — Lpw]|.

It is significantly expensive to consider the effect of each parameter individually

on the dataset. Therefore there are various estimation methods including Minimum
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Weight, Activation, and Taylor Expansion. Here we briefly explain each method.

Minimum Weight

The minimum weight method is based on the magnitude of the parameters in the
kernel. The intuition behind this method that the lower the [2-norm of a kernel, the
less important features it detects. Regularizing the network would be beneficial to
this method since kernels corresponding to less important features will be pushed to

have smaller values.

Activation

Rectified Linear Unit (ReLU) is a mathematical function defined as max(0, z) where
x is the input of the function. The ReLLU activation function is sparse and is used as
a feature detector in the convolutional layers. This is due to the fact that these layers
check for existing features in their input. Any feature element with zero or negative
activation means that the associated feature does not exist.

Activation pruning works by removing small activation values. The issue with ac-
tivation pruning is that it can only use the ReLLU activation function. Other common
activation functions used in CNNs do not clip the negative values like ReLLU, and

therefore cannot be used for pruning the feature extractor.

Taylor Expansion

This pruning method aims to minimize |Lp w+ — Lp w| by removing some parameters
[25]. The Taylor expansion method can approximate the effect of removing a param-
eter on the loss function. Assuming that parameters are independent, for parameter
i our goal is to minimize |Lp w,—o — Lp w,|. We can estimate the minimization target

using the Taylor expansion. The Taylor expansion for function f at the point x = a
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where f(n) denotes the n-th order derivative of function f(x).

The Taylor expansion for function Lp w,— at W; = 0 is
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where R contains all the remaining higher order terms in the Taylor expansion. We
neglect the remaining terms for two reason. First, they increase the computation
complexity. Second, the value of the higher order terms in the Taylor expansion are
often negligible compared to the first order term.

Based on 4.2, the minimization target now changes to

oL
|Lpwi=o — Lpw,| = ‘ W; (4.3)

oW,

In short, the Taylor method results in pruning parameters associated with small
gradients in the loss function. Implementing this method is feasible as it needs the
multiplication of the gradient of a parameter by the parameter itself. This information
are all available during back-propagation. Considering the effect of all parameters,

the pruning method using Taylor expansion can be reformulated as minimizing

1 oL

FOV) = |57 22 7 Won (4.4)

where M is the number of all parameters.
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4.3.3 PrunedCaps Method

In this section, we use the Taylor’s expansion method. Primary Capsule is a reshaped
representation of the feature extraction layer which is multiplied by a matrix that
encodes the spatial relations into vectors. Since PCs are multi-dimensional, changing
them requires high computational power.

Feature vectors which are ignored and not processed further in the network can be
considered removed from the network. This is despite the fact that they are computed
every time there is an input to the network.

Selecting which Primary Capsules to remove in each pruning epoch requires rank-
ing capsules according to their activations and back-propagation gradients. Therefore,
Primary Capsules are ranked according to the product of their back-propagation gra-
dient and activations. The results of the activation times the gradients are then
divided by the number of features present. If this results in a high number compared
to the output of the same process for other PCs, we assume is significance to the
the network for inference. In our case, the number of features which are present is
the number of remaining Primary Capsules. This is the implementation presented in
(4). F(W) is a weighted average of activations and the weights are gradients which
represent the significance of the activation.

Our method prunes the Primary Capsules that show little to no change with
respect to their output. As iterations grow towards a complete epoch, this value
is accumulated giving a result indicating how each Primary Capsule would behave
over a dataset. After each pruning epoch ends, they are ranked and are the lowest
values for the ranking criteria are selected. The number of PCs to be removed is a
hyper-parameter which is set before training begins.

After each pruning phase, CapsNet goes through a training phase to restore its

accuracy and adapt to the changes made to its architecture. This training phase,
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which happens after the network has been pruned, is usually referred to as fine-
tuning phase. Between pruning epochs, we fine-tune for several epochs so the network
can reach the maximum possible accuracy. The number of fine-tuning epochs is set
empirically. If we increase this number of epochs, there could be a minuscule accuracy
gain whose effects can be neglected. If this number is reduced it is uncertain if the
network has reached its maximum accuracy. In our case, we tested different numbers

of epochs and decided on 50 which ensures a fully-trained network. The algorithm in
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Figure 4.3: Summary of the Pruning Algorithm

4.4 Experiments and Results

In this section, we present the experiments and the results. Experiments were done
with a machine equipped with an NVIDIA 2080 Ti GPU and 32 GB of memory and
a machine equipped with an NVIDIA V100 GPU and 13 GB of memory.

We use the MNIST handwritten digits, Fashion-MNIST datasets, CIFAR-10 and
SVHN datasets. The MNIST handwritten digits and Fashion MNIST datasets con-
tain 28 x 28 single-channel images. MNIST handwritten digits contain images of
handwritten digits from zero to nine. The Fashion MNIST dataset includes images of

different pieces of clothing. They have the same number of classes for classification.
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By default, MNIST handwritten digits and Fashion MNIST are divided into 50,000
and 10,000 images for training and testing. CIFAR-10 and SVHN datasets have the
same 32 x 32 image size and ten classes of RGB images. CIFAR-10 has 50,000 images
for the training set and 10,000 images for the testing set, whereas SVHN has 73,257
images for the training set and 26,032 images for the testing set. CIFAR-10 consists
of ten very different classes: airplanes, automobiles, birds, cats, deer, dogs, frogs,
horses, ships and trucks. SVHN dataset classes are the same as MNIST handwritten
digits, but the digits are house numbers obtained from Google’s Street View [28].

For 28 x 28 size images, we start with 1152 Primary Capsules, which is the baseline
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Figure 4.4: CapsNets accuracy drop on MNIST starts with only 5 PCs remaining.

number of capsules in the original architecture. We then train the network to reach
its baseline accuracy on each dataset. The baseline architecture reached 99.47% ac-
curacy on MNIST and 90.23% accuracy on Fashion MNIST testing sets samples. We
save the weights at the end of the training phase to be used in the pruning phase.
Pruning weights starts with one epoch of training so that the backpropagation
gradients can be calculated for PC rankings. Since more than half of the PCs are
either zero or have values near zero, we chose to prune 100 PCs in each pruning

epoch for the first 1100 PCs. After each pruning epoch, the network is fine-tuned



40

a0

| —— i | T B i ?

80 !

]

)

70 !

]

1

1

60 :

o '.
@ 90 T
3 H

(¥}

£ 40+ i
]

]

30 1 1

]

1

204 I

1

.
10 y
1600 1700 1800 1900 2000

Number of Pruned Capsules

Figure 4.5: The drop in accuracy begins after 2000 PCs pruned on SVHN dataset.

on the dataset to reach maximum accuracy. After 1100 PCs are pruned, we lower
the number of PCs to be pruned to 10.This change in the number of PCs pruned is
because the network changes in accuracy starts at 1100 PCs pruned. Fig. 4.4 and 4.7,
we show that the network cannot recover from the PCs removed from its architecture
for MNIST and FMNIST datasets. These two figures show the maximum accuracy
reached by the architecture at each number of capsules.

The same process is repeated for CIFAR-10 and SVHN datasets. The main dif-
ference is the starting number of Primary Capsules. The starting number of PCs is
a function of the input size. For MNIST and Fashion-MNIST this number is 1152
which is 6 x 6 x 32. This is the reshaped feature size of the input image which went
through two Convolutional layers with stride one and stride two for the second layer.
For 32 x 32 pixel images, 1152 changes to 2048 which is 8 x 8 x 32. Sabour et al.
discussed how input image shapes change in the CapsNet [30].

Since CIFAR-10 and SVHN have 32 x 32 images, the starting number of PCs
is 2048. We present the performance measures for SVHN in Fig. 4.5. The starting
accuracy for a fully-trained network is 92.65%. After pruning 1500 PCs out of 2048, we

only lose 1.85% of performance. The results for CIFAR-10 are presented in Fig. 4.6.
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The starting accuracy for CIFAR-10 is 71.37% for the original CapsNet architecture.
After the pruning process, 2000 PCs have been removed.
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Figure 4.6: Sudden drop in accuracy with the CIFAR-10 dataset compared to MNIST
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Figure 4.7: Accuracy drop starts when 52 PCs are remaining for the Fashion-MNIST
dataset. F-MNIST is considered to be more complex than MNIST.

4.4.1 Number of FLOPS

Floating-point operations are multiplications or summations done by the hardware.

The CapsNet baseline architecture takes 276,480 FLOPS to calculate the matrix
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multiplications, which produce the 1152 PCs for the MNIST datasets. This number
drops to 12,480 FLOPS when the number of PCs remaining is 52. This 95.48%
drop in the number of FLOPS is a major improvement over the baseline architecture.
Also, dynamic routing achieves a 95.36% drop in the number FLOPS. The SVHN and
CIFAR-10 datasets also have major drops in the number of FLOPS. The SVHN has a
73.24% drop FLOPS when network was operating on 1500 PCs removed. CIFAR-10
can be pruned until the reduction in FLOPS is 83.01% at the cost of 1.85%.

Since the only part of the network that is changing is the number of PCs (feature
extraction and decoding are unchanged), there is no change in the total number of
FLOPS an input image in other parts of the architecture.
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Figure 4.8: Architecture testing time in seconds for different numbers of PCs

4.4.2 Inference Time Reduction

As shown in the previous section, we save more than 95% in the number of FLOPS
in the PCs and dynamic routing section of the architecture. This helps lower the
inference time. Fig. 4.8 shows the time for CapsNet to output results for 10,000 test

images. This is measured when running on the NVIDIA 2080 Ti equipped with 32
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GB of memory. The pruned architecture produces results 9.90 times faster than the
original architecture on MNIST datasets. The first two bars correspond to for the
baseline architecture and the highest bar is for 2048 PCs. This is the baseline number
of PCs for the SVHN and CIFAR-10 datasets. The second bar is for 1152 PCs which

is the baseline number of PCs when the architecture is trained on MNIST datasets.

4.4.3 Discussion

In this section, we further discuss how pruning affects the accuracy, number of FLOPS,
and number of PCs in CapsNet for different datasets. In [31], Sharifi et al. showed
that more than 50% of PC weights are either zero or insignificant. With our method,
pruning PCs that are trained on MNIST handwritten digits and Fashion-MNIST
does not show significant change in accuracy. The small accuracy drop is due to
the fact that most of the PCs are zeros for these two datasets. This is not the case
for SVHN and CIFAR-10. These two datasets are visually and mathematically more
complex compared to MNIST handwritten digits and Fashion MNIST [3]. Also, the
SVHN and CIFAR-10 images are larger in size, 32 x 32 pixels, versus those in MNIST
and Fashion MNIST, which are only 28 x 28 pixels. Our results show that a larger
and more complex dataset needs more remaining PCs to maintain its performance.
Therefore for SVHN and CIFAR-10, CapsNet is more sensitive to pruning and cannot
recover after removing a certain number of PCs.

This is consistent with our understanding of CapsNet capacity. Capacity in a
deep learning model is defined by the ability of the network to approximate different
functions. A model’s capacity consists of all trainable parameters in the network. Re-
moving trainable parameters from a network changes its capacity to learn. Since PCs
have the highest number of trainable parameters in the CapsNet architecture, they

play a significant role in model capacity. As explained earlier SVHN and CIFAR-10
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are considered complex datasets compared to MNIST datasets. Therefore maintain-
ing network accuracy will require a higher number of PCs for SVHN and CIFAR-10

compared to the MNIST datasets.

4.5 Conclusion

This chapter investigated Primary Capsules pruning of CapsNets. Although, Cap-
sNets have specific advantages over Convolutional Neural Networks as their training
and inference phases are inefficient. We trained and fine-tuned the original CapsNet
on the MNIST handwritten digits, Fashion-MNIST, SVHN and CIFAR-10 datasets.
Our results show up to 9.90 times speedup and more than a 95% drop in the number
of FLOPS over the baseline architecture with only a minuscule drop in accuracy. We
also provided better insight on why CapsNet’s behaves differently when pruned on
more complex datasets such as SVHN and CIFAR-10 compared to the MNIST and
Fashion-MNIST datasets.
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Chapter 5

Conclusions

This thesis considered the problem of Capsule Network efficiency. Capsule Networks
have several advantages over conventional Convolutional Neural Networks, but they
are computationally expensive.

Chapter two provided an introduction to CapsNets. We discussed how the archi-
tecture is trained, loss functions and regularization in CapsNets and Convolutional
Neural Networks. The CapsNets advantages and disadvantages over CNNs were pre-
sented. A brief summary of the datasets used in this work was also given.

Chapter three investigated if CapsNets produce enough zeros to be suitable for
zero-skipping algorithms. We trained CapsNet on handwritten digits MNIST and
Fashion MNIST. The results suggested that more than 50% of the capsules had zero
or near zero values for a fully trained CapsNet.

Chapter four presented an algorithm to prune CapsNets. Pruning is the act of
removing neurons that have low or no impact on the output. CapsNet was trained on
four different datasets (training phase). The fully trained CapsNet was pruned and
fine-tuned to reach attain maximum accuracy. The results obtained suggest a more

than 95% drop in the number of FLOPS. A pruned CapsNet performed 9.90 times
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faster than the original architecture. We also provided an insight into the behaviour

of the network on different datasets with respect to their complexities.
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