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ABSTRACT

A capsule neural network (CapsNet) is a new approach in artificial neural
network (ANN) that produces a better model hierarchical relationship. A capsule is a
set of neurons. Each capsule generates vector which presents the details of an entity.
The performance of CapsNet on graphics processing unit (GPU) is considerably better
than convolutional neural network (CNN) at recognizing highly overlapping digits in
images. Nevertheless, this new method has not been designed as accelerator on field-
programmable gate array (FPGA) to measure the speedup performance and compared
it with the GPU. This is because of the lack of hardware design experience. This project
aims to design the CapsNet model (accelerator) on FPGA using high-level synthesis
(HLS). Then, the performance between FPGA and GPU will be compared, mainly in
terms speedup and accuracy. Behavioural module is synthesized using HLS tools on
FPGA then it is evaluated and validated using MNIST dataset. The module is designed
to receive features vectors of handwritten digits image as an input and pass it through
several layers to predict the output. The speed-up performance on FPGA is expected
to be higher than GPU, but FPGA accuracy is expected to be slightly lower than GPU.
The module can be useful in detecting the license plate of fast-moving vehicles and

many other applications.
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ABSTRAK

Rangkaian neural kapsul (CapsNet) adalah pendekatan baharu dalam
rangkaian saraf Buatan (ANN) yang menghasilkan hubungan hierarki model yang
lebih baik. Kapsul adalah kumpulan neuron yang menghasilkan vektor dimana
mewakili keperincian satu entit. Prestasi CapsNet pada unit pemprosesan grafik (GPU)
telah menemui tahap pencapaian pada pangkalan data Institut Kebangsaan Standard
dan Teknologi Modified (MNIST) dan jauh lebih baik daripada rangkaian saraf
lingkaran untuk mengenali digit yang sangat bertindih dalam imej. Walau
bagaimanapun, teori baru ini belum dilaksanakan sebagai pemecut pada cip yang boleh
aturcara (FPGA) untuk mengukur prestasi kelajuan dan membandingkannya dengan
GPU. Ini disebabkan oleh kekurangan kepakaran berkaitan reka bentuk perkakasan.
Projek ini bertujuan untuk merekabentuk model CapsNet (pemecut) pada FPGA
menggunakan alat sintesis peringkat tinggi (HLS). Prestasi di antara FPGA dan GPU
akan dibandingkan terutamanya kelajuan and ketepatan. Modul kelakuan disintesis
menggunakan alat HLS pada FPGA kemudian ia dinilai dan disahkan menggunakan
dataset MNIST. Modul ini direka bentuk untuk menerima vektor ciri imej digit tulisan
tangan sebagai input dan melalui beberapa lapisan untuk meramalkan outputnya.
Prestasi kelajuan pada FPGA dijangka lebih tinggi daripada GPU, tetapi ketepatan
FPGA dijangka sedikit lebih rendah daripada GPU. Modul ini berguna dalam

mengesan plat lesen kenderaan yang bergerak pantas dan banyak aplikasi lain.
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CHAPTER 1

INTRODUCTION

1.1 Overview

A Capsule Neural Network (CapsNet) is the latest type of artificial neural
network (ANN) which propose better hierarchical relationships in the model. A
capsule is neurons grouped together which the features vector represents the
instantiation parameters of a certain entity [1]. Similar to normal neural network, a
CapsNet is designed in multiple layers. The capsules in the first layer are the primary
capsules which the small primary features are detected. Capsules in second layers are
the routing capsules which detect large and complex objects [2]. Nevertheless, this
new machine learning system has not been implemented on any embedded system, for
example Field Programmable Gate Array (FPGA). Therefore, in this project, the aim
is to identify which part in CapsNet consumes the highest amount of time from overall
execution time and design an accelerator on FPGA to implement this part and measure
the amount of enhancement in overall execution time without effecting the accuracy

of the module.

1.2 Problem statement

The complex computation of the CapsNet algorithm takes a long time and as
data sizes increase, its running time can stretch to several hours. The CapsNet has not
been implemented on hardware system to compare the speed up performance and

accuracy with graphics processing unit (GPU).


https://en.wikipedia.org/wiki/Artificial_neural_network
https://en.wikipedia.org/wiki/Artificial_neural_network

1.3 Research objectives

There are three objectives for this research:

1. To implement the CapsNet algorithm in MATLAB using GPU and
find the statistics of the module which are the delay to find the results
and accuracy of the module in predicting new images.

2. To identify the computation intensive part which consumes the
maximum amount of time from over all execution time in MATLAB
and design FPGA accelerator for this part and measure the delay of the
correct output.

3. To compare the speedup performance and accuracy between FPGA
and GPU.

1.4 Scope of the project

The followings are the considered as the project’s scope:

1. Capsule network is the latest technology in the field of machine
learning, and it achieved a better performance than the convolutional
neural networks (CNN). Simulate for this algorithm is done in GPU
using high level languages (HLL).

2. FPGA is a strong embedded hardware that offers low power, high
parallelism and high reconfigurability to meet the demand of high

computational speed of different machine learning algorithms.



1.5 Contributions

This hardware design can be used in several fields such as security reasons.
For example, the module can be useful in detecting the license plate of fast-moving

vehicles and many other applications.

1.6 Report organization

The are 5 following chapters. Chapter 2 is about literature review which
describes the existing works related to this project. Chapter 3 describes the
methodology used in the project. Chapter 4 presents the result of the project. Chapter

5 summarizes the conclusion. Chapter 6 will discuss future work.
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