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Abstract

Domain adaptation on semantic segmentation generally refers to the procedures for nar-
rowing the distribution gap between source and target data, which is vital for developing
the automatic vehicle system. It requires a large amount of data with well-labelled ground
truth at the pixel level. Labelling this scale of data is extremely costly due to the lot of
human effort required. Also, manually labelling often comes with label noises that are
harmful to automatic vehicle system development. In this case, solving the above problem
utilizes computer-generated data and ground truth for development. However, a notorious
problem exists when a system is trained with synthetic data but deployed in a real-world
environment, which results from the distribution (domain) difference between these two

kinds of data, and domain adaptation helps solve this issue.

In the thesis, the limitation of conventional batch normalization layer on adversarial
learning based domain adaptation methods is mentioned and discussed. From the view of
the limitation, we propose replacing the Sharing Affine Transformation with our proposed
Separate Affine Transformation (SEAT) to improve the domain adapting performance.
The proposed SEAT is simple, easily implemented, and integrated into existing adversarial
learning-based unsupervised domain adaptation methods. Also, to further improve the
adaptation quality on lower-level features, we introduce multi-level adaptation by adding
the lower-level features to the higher-level ones before feeding them to the discriminator,
which is different from others by adding extra discriminators. Finally, a simple training

strategy, self-training, is adopted to improve the model performance further.

Extensive experiments show that our proposed method is able to get comparable results

with other domain adaptation methods with simpler design.
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Chapter 1

Introduction

Artificial Intelligence (AI) was firstly mentioned by Alan Turing in a report in 1969 [72]. In
recent years, Al has been widely adopted in many areas of human life and helps improve our
quality of life. Generally speaking, we could find Al everywhere, and it becomes inseparable
from our life. In the education area, Al tutor allows students to get extra and one-on-one
help. There is an idiom in Chinese, teaching students following their aptitude. With the
help of AI tutor, students can learn content that suits them best. Robots have become
more popular in the manufacturing area as they can work in environments considered
dangerous to humans. In the healthcare area, Al help the doctor detect cancers and find
the corresponding proper treatment. During the Coronavirus Disease 2019 (COVID-19)
pandemic period, it is also used to detect and help stop the spread of the virus, which
reduces the pressure on the medical system for many countries. In the transportation
area, Al has been utilized in the creation of self-driving vehicles. With Al involved, vehicles
enable braking, accelerating, and lane changing according to road situations. Also, in the
media area, the Al based recommendation system will recommend content based on our

regular use in most music and news platforms.

Deep Learning (DL) must also been mentioned as it is the main direction of Al devel-
opment in recent years. DL is a subset of machine learning algorithms that progressively
extract higher-level features from the raw input by the usage of the neural networks. It

has improved state-of-the-art results in many fields, like object detection and recognition,



speech recognition, etc [10].

It is well known that training a sizeable neural network requires a large amount of
well-labelled data to prevent the model from overfitting to a particular set of data [23].
Nowadays, most data are manually collected in real world and labeled them by human,
which comes with the following limitations. First, uncommon scenes are hard to collect
in real life. For example, accident scenes very useful for the development of autonomous
driving but hard to collect in real life. Second, collecting and manually annotating a large
amount of data with dense pixel-level labels has been extremely costly due to the much
human effort required. Third, manual annotation always comes with label noise, like wrong
labelling, multi-labelling, etc, where some examples are shown in Figure 1.1. According to
the study, there is an average of 3.4% label errors at testing set across ten commonly used

datasets [51].

1.1 Motivation

Utilizing synthetic data generated and labelled by the computer is an appealing idea to

solve the abovementioned problems. There are several advantages of doing so.

e Without the manual annotation, we could save a lot of human resources like money;,

time.

e As the synthetic data is generated and labelled by the computer, label noises are

perfectly avoided, and we could generate as much data as needed.

e Uncommon scenes that are hard to collect in real life can also be generated by the

computer, like crime scenes, accident scenes, etc.

However, there is an not negligible problem existing in using the synthetic data, which
is that the distribution between source, with synthetic data, and target, with real-world
data, domains are different [27], resulting in a model trained with source domain data

performing poorly in target domain data, so-called “domain shift” problem.
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correctable
given: 5 given: cat given: lobster given: ewer given: white stork given: tiger
corrected: 3 corrected: frog corrected: crab corrected: teapot corrected: black stork corrected: eye
multi-label
given: hamster given: fried egg given: mantis given: hat
also: cup also: frying pan also: fence also: flying saucer
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4 “< 1 y
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o ’ ) '! T | {
non-agreement
given: 4 given: deer given: spider given: minotaur given: eel given: bandage
alt: 9 alt: frog alt: cockroach alt: coin alt: flatworm alt: roller coaster

Figure 1.1: Examples of different label noises in 6 commonly used datasets. This figure is

collected from [5].



To address the above issue, the Domain Adaptation (DA) was firstly mentioned by
Ben-David et al. [5] to reduce the “domain shift” problem. In general, DA can be classified
into two categories which are the non-adversarial learning based and adversarial learning
based DA while most of adversarial learning based DA methods are built upon on Gener-
ative Adversarial Network (GAN). In the thesis, we point out the limitation of the usage
of Batch Normalization (BN) in adversarial learning based DA methods, and propose the
corresponding solution. More specific, the source domain and target domain have different
distributions, researchers still share BN layers [28] between them. It is inappropriate to
normalize source domain data with target domain statistics as they have different distri-
butions. Also, during training, the model is trained with source domain data and target
domain data alternately with different loss functions. Thus, it causes conflicts at the up-
date of the affine transformation pair in BN layers. More details will be discussed at section

3.3.

'in the neural network are not

Moreover, as mentioned in [71], lower-level features
adapted well. Researchers tend to solve it by directly adding one more discriminator to
adapt lower-level features, resulting in more computational resources and more time spent

training the network.

All in all, the thesis objective is to improve the performance of adversarial learning

based DA methods by solving the problems mentioned above.

We propose to utilize domain separate mean and variance to normalize input data,
followed by SEAT to project the normalized source or target domain data to their original
representations, instead of using sharing BN layers for source domain data and target
domain data. Furthermore, to better adapt lower-level features without adding an extra

discriminator, we propose combining the lower-level features with higher-level ones.

ILower-level features represent the output far away from the network. Higher-level features represent
the output at the tail of the network. Generally speaking, higher-level features contains more global
information than lower-level features because larger area of the image is seen when the network goes

deeper.



1.2 System Overview

Figure 1.2 shows the overview of our system, including a segmentation network (G) which
is in charge of predicting pixel level segmentation, and a discriminator (D) which is used

to discriminate source and target domain inputs.

Sre Src Features

(Nx3xHxW) Src (Real) /
Shared weight Trg (Fake)

Trg

(Nx3xHxW) " Trg Features
Shared weight

Src

(Nx3xHxW) Label

Figure 1.2: G, D represent segmentation network and discriminator respectively. Three

G are shared weight, with source (Src) and target (Trg) domain images as input.

During training, the source domain images and target domain images are fed to the G
alternatively to output source features and target features. After that, those features are
sent to the D to distinguish whether the features are from the source domain or target
domain. The G are trained to fool the D, such that it cannot distinguish target features
from source features. While the goal of D is not to be fooled by the G. Two networks are
trained alternatively. Besides, when the input of the G belongs to source domain, the G

should also give correct label which is the semantic segmentation map in the thesis.

1.3 Contributions

In the thesis, we indicate the limitation of conventional BN in the adversarial learning based
DA methods, and replace it with our proposed SEAT. The SEAT is easy to couple with
other DA methods, and faster the convergence speed. Also, we add lower-level features
with higher-level features as the final output, which is more effective and computational

resource saving comparing with using multiple discriminators.



1.4 Thesis Organization

The structure of the thesis is organized as follows. In Chapter 2, Neural Network (NN),
Convolutional Neural Network (CNN) and BN are presented at the very begining, followed
by the introduction of GAN and Unsupervised Domain Adaptation (UDA) on semantic
segmentation. After that, the model architecture is introduced. Chapter 3 presents the
details of SEAT and multi-level adaptation, and how to combine them into the baseline
network are also discussed in the chapter, followed by the introduction of loss functions
we used to train the network. Next, we illustrate the source, target datasets used in this
thesis, and training details at the chapter 4. Moreover, case studies of the SEAT and
multi-level adaptation are presented in the chapter. Finally, in chapter 5, the conclusion

and future work are presented.



Chapter 2

Literature Review

In this chapter, we first give a brief introduction of NN and CNN. BN is also introduced
as our work is based on it. After that, GAN is presented, followed by the introduction of

UDA on Semantic Segmentation.

2.1 NN & CNN

NN can be seen as the key component of DL. It’s inspired by modeling biological neural
systems in human brain [37]. A NN can be seen as a collection of neurons (the Figure
2.1 shows what a neuron look like), where these neurons form a computational graph. In
other works, the output of some neurons can become the input of other neurons. The
Appendices A.1 presents more details of NN, including the forward pass, backward pass,

etc.

I wh
L2 wso

Figure 2.1: A neuron with two inputs xy, x5 respectively, where y = """ z; * w;



However, utilizing an NN on the image processing tasks is difficult, as the number of
trainable parameters increases drastically with an increase in the size of the image. For
example, 196,608 (3*128*128*4) trainable parameters are needed for an NN with four
neurons when the input image size is 3x128x128. If we enlarge the size of the input image
twice, then the number of trainable parameters needs to be four times than the original.
Thus, using an NN on the images processing tasks is costly and inefficient, especially for

large-scale images.

CNN was specially designed to deal with the handwritten recognition in 1998 [11],
while it has been utilized and become popular in other image processing tasks nowadays,
like classification, segmentation, etc. Figure 2.2 shows an very famous and classical CNN;,

named VGG16 [60] on image classification task.

Compared with NN, CNN applies the sharing kernel to extract the relevant features
from the input using the convolution operation, which enables it to be less sensitive to the
size of the input and to capture the spatial features from an image. Also, NN may make
a different prediction on the same object even though only the position of the object has
changed. While CNN solves this problem. It retains the features of the image in a similar
visual way. When the object is flipped, rotated or changed position, it can also effectively

identify the object.

28 x 28 x 512 TxTx512
512

—/ﬁw’ﬁlrﬁ@; 1 1x4096 111000
L ¥
@ convolution+Rel.U
ﬂ max pooling
| fully connected+ReLU
.' softmax

Figure 2.2: The architecture of VGG16, which is collected from the internet.



2.2 Batch Normalization

Training a Deep Neural Network (DNN) is complicated because of the continuous change of
the distribution of each layer [28]. Changing the distribution of previous layers requires the
current layer to re-adapt the input distribution. A small change to the network parameter
amplifies as the network goes deep. This phenomenon is named as Internal Covariate Shift

(ICS), leading to slow convergence of a DNN.

So as to tackle the aforementioned problem, BN was proposed by normalizing the input
of each layer to zero mean, unit variance and then reprojecting to the original representation

by a pair of learnable affine transformation parameters (see algorithm 2.1).

Algorithm 2.1 Batch Normalization Over A Mini-Batch

Input: Values of x over a mini-batch: B = {z1_,,}

Input: v, 5: A pair of learnable parameters
Output: y;
Calculate mini-batch mean: ug <+ % Yo

Calculate mini-batch variance: 0% + = 37" (z; — up)?

Normalize: #; + %
Scale and shift: y; < vz; + 3

The advantages of using BN layers in the networks can be listed in follows:

e The network becomes more stable during training. Thus, we could use a larger

learning rate and speed up the training.
e Less sensitive to the weight initialization.

e BN adds some noise to the network. It could be regarded as the regularization to

some extent.

The Figure 2.3 shows the training accuracy and loss of VGG [66] with and without BN
layers. As we can see, the VGG with BN layers converges faster compared with the standard

one.
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Standard +
104 BatchNorm

75

50
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LR = 1le-07
Training Loss
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LR =0.1
Training Accuracy (%)

10°

Figure 2.3: Testing accuracy and loss of a network with and without batch normalization

layer. the Figure is captured from [67]
2.3 Generative Adversarial Network

GAN [21] was proposed by Goodfellow in 2014. GAN is a min-max game by two networks,
named generator G and discriminator D respectively. Given a noise vector as input, G
is trained to capture the data distribution and give an output with distribution as close
as the given data. D is trained to discriminate whether the sample data is drawn from
the training data distribution or the generated data distribution. These two networks are

trained simultaneously with the equation 2.1.

minmaz V (D, G) = Byp,,.0109(D(x) + By, log(1 ~D(G()  (21)

Until now, there are a lot of impressive improvements being proposed based on the
original idea from Goodfellow. For example, GAN is always used in the creation of images,
including generating cartoon characters [30], human faces [32], realistic scenes and objects,
etc. Compared with the conventional GAN, conditional GAN [51] introduces the label
as extra input for the generator and the discriminator so that the generator can give a
conditional output. Based on the conditional GAN, pixel2pixel [29,87] tackles image-to-
image translation problems by learning the mapping from input images to output images,
including labels to the street scene, aerial to map, day to night, etc. As for text to image,
GAN-based methods [16,60,83] demonstrate the usage of GAN to generate realistic images

from textual descriptions. There are also GAN aiming to change features on the human

face, like IcGAN [57] being able to reconstruct hair colour, style, facial expression, and even

10



gender for the human face. FaceAging [1] with the ability to change appearance at different
ages, from younger to older. Moreover, GAN is also well implemented in super-resolution,
where the generator is required to output a high-resolution image given a corresponding
low-resolution image. [3,12,73], and photo in painting, where the generator, is required to
reconstruct the whole image, given an input image with hole [56,32]. The GAN systems
introduced above are mainly focused on the generation in 2-dimensional objects, while 3D-
GAN [77], PrGANs [18] can generate 3-dimensional objects by mapping the probability
from 2D to 3D. Examples of different GANs are shown at the Figure 2.4.

2.4 Unsupervised Domain Adaptation on Semantic

Segmentation

In this section, semantic segmentation related literature are introduced at the very begin-
ning, followed by the literature review relevant to the unsupervised domain adaptation on

semantic segmentation .

2.4.1 Semantic Segmentation

In the last decade, image segmentation has been one of the most challenging tasks in
computer vision. Unlike classification and recognition, image segmentation is a pixel-
level task required to segment the unknown given image. As the sub-category of image
segmentation, semantic segmentation aims at assigning the same labels to those pixels that
are semantically relevant and distinct labels while they are not (see Figure 2.5). Compared
with traditional image segmentation methods [33,53], CNN based methods are most used
nowadays because of their robustness and capacity of handling complex scenarios. There
are many applications about semantic segmentation in our life, like autonomous driving,
virtual make-up, virtual try-on, etc. Due to its difficulties and needs in our lives, semantic

segmentation is still one of the hottest topics in deep learning.

In 2015, Jonathan Long et al. [17] proposed to adapt three famous networks in classi-
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(a) Pixel2pixel [29].

The small bird has a red head with feathers that fade from red to gray from head to tail

Stage-1
images
Stage-11
images
(b) StackGAN [33].
Real image Reconstructed images

(d) CycleGAN [57].

Figure 2.4: Examples of different GANs.
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IHEINKRAF1 §i:2%

(a) Original Image (b) Semantic Segmentation Map

Figure 2.5: A sample of semantic segmentation. (a) is the original image, while (b) is the
corresponding semantic segmentation map, while the semantic relevant objects are marked

with same color.

fication task, which are AlexNet [39], GoogleNet [68], VGG [(0] respectively, to semantic
segmentation task. Although the performance surpasses the traditional image segmenta-
tion methods, there is still much room for improvement. For instance, Jonathan Long et
al. [17] directly upsamples the low-resolution output of the network to the desired size,
which is unsuitable to the pixel level task [20]. Based on this, SegNet [1] proposes to use
an encoder-decoder structure, which is still very common nowadays for pixel-level tasks,
to solve the issue as mentioned earlier where the encoder takes charge of producing feature
maps. The decoder is responsible for mapping them to pixel-wise predictions. However, it
is crucial to incorporate local and global information to achieve good pixel-level accuracy.
Thus, Conditional Random Fields (CRF), which can capture the long-range dependencies
of pixels, is used as a post-processing step by the DeepLabV1 and V2 [10, 1] to refine
the segmentation result. To increase the receptive field without adding more convolutional
layers, DeepLabV2 to V3+ [11—13] make use of the dilated convolution to replace the con-
ventional one. Using dilated convolution enables us to reach the same receptive field size
with fewer computation resources than the conventional one. Adopting multi scales input
to the network is also a good choice to improve the segmentation result [7, 17,59, 64] as
the network could capture different scale objects with different scale input images (small
scale images are beneficial to the prediction on the road, tree, etc, while large scale im-
ages make for predicting pedestrians, traffic lights, etc.). Last but not least, feature fusion

uses the mechanism of combining local features from previous layers with global features

13



Dataset A Dataset B
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1.0 A
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0.0 4
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Figure 2.6: Distribution of the dataset A and the dataset B, where both of them are point
dataset in two dimensions. The X-axis and the Y-axis are the range of feature x; and x5

respectively. Darker areas indicate that more points are distributed there.

from subsequent layers. It is frequently used by many famous backbones like ResNet [25],

UNet [62], HrNet [75], on semantic segmentation.

2.4.2 Unsupervised Domain Adaptation

Machine learning has an assumption that both the training data and the testing data
are drawn from the same distribution. But in real world applications, this assumption is
easily violated since the training data and the testing data can originate from different
distributions. Thus, when a model trained with the data where its distribution cannot
reflect the testing data’s distribution, the trained model will experience degradation in

performance.

We did a small experiment as followed. We manually generated dataset A with specific
mean and standard deviation. And then, based on the dataset A, we added a linear
transformation to generate dataset B (the distribution of the dataset A and dataset B

are shown at the Figure 2.6), where the dataset A and B can be seem as the source and
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Train/Test A (%) B (%)

A 98.0 76.0

Train/Test A (%) B (%)

A~

A 98.0 84.0

Train/Test A (%) B (%)

A 98.0 84.0

Table 2.1: Classification accuracy on the test set that has the same and different distribu-

tion as the train set.

target domain dataset respectively. After that, we trained a linear classifier for binary
classification task using the train set of A, and tested it with the test set of B (see Table
2.1 top row). We could observe there is a large degradation on the performance when
classifier tested on a test set with different distribution . We also visualize the decision
boundary so as to understand how the classifier perform under a disparity domain dataset,
which is shown at the Figure 2.7. As shown, the decision boundary is not well suited
on the dataset B. In order to decrease the degradation resulting from the domain gap
(domain disparity), DA was proposed and aims to solve this type of problem by aligning

the discrepancy of domain distributions.

Definitions & Goals

Let X, = {25}, be the source domain data, with labels Y = {yf}ﬁfb, and X¢ = {xﬁ}go
be the target domain data, where N¢, N'* represent the number of source domain data and
target domain data. Assuming the existence of two distinct joint probability distributions
Ps(2%,y) and Py(z!,y) are related to the source domain and target domain respectively,
noted as €, and ;. DA is to find an non-linear transformation T to transform source
domain distribution to target domain distribution (T: Qs — €);), or conversely, target

domain distribution to source domain distribution (T: € — €2). And the transformed
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Dataset A Dataset B
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Figure 2.7: Visualization of the dataset A and B with 2 classes. The black dot-dash line
is the decision boundary of the classifier which is trained on the dataset A and applied on

the dataset B.

source data should satisfy the following equation:

Pq(ylzs) = Pe(y|T(zs)), T : Qs — (2.2)

Pi(y|xy) = Ps(y|T(xy)), T : Q — Qs (2.3)

The above equation means that the label information is still preserved after transfor-
mation. For example, if we rotate the dataset A in a certain degree (fl = TA) to map the
distribution of the dataset B. We train the classifier with the A and make prediction on
the dataset B. The accuracy increases to 84.0% from 76.0% (see Table 2.1 middle row).
The Figure 2.8 show the new decision boundary. The Figure 2.9 also show the transformed
dataset B, and the performance is shown at the Tabel 2.1 bottom row. and In practice,
the distribution between two domains are more complex than what we showed at the ex-
ample. Thus, it is not simple to find a proper transformation to decrease the domain gap.
However, as more data being available in public, deep learning approaches have started to

dominate this area.

According to the standard proposed by the Sicheng Zhao et al [$6], the deep domain
adaptation can be summarized into categories shown at the table 2.2. As our DA method
is under N7 = 0, Nsy = Ns, N = 1, Ns = 1, the literature review of DA method is also

focused within this range.
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Figure 2.8: Visualization of the dataset A and B (T: Q, — ).
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Figure 2.9: Visualization of the dataset A and B (T: Q, — Q).
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Standard Classification Definition Description
unsupervised DA Nrr.=0 target data is fully unlabeled
target label fully supervised DA Nre=Nr target data is fully labeled
semi-supervised DA 0 < N7z < N7 target data is partially labeled

strongly-supervised DA Nsr = Ns source data is fully labeled
source label
weakly-supervised DA Nsre < Nt source data is weakly labeled

single-target DA Nr=1 only one target domain
F#targets

multi-target DA Ny >1 multiple target domains

single-source DA Ns=1 only one source domain
#£sources

multi-source DA Ns>1 multiple source domains

Table 2.2: Classifications of Domain Adaptation. N7,, Nsz, N7, Ns denote the number

of target label, source label, target data, source data respectively.

Adversarial Learning-Based UDA Methods (With Discriminator Involved)

Adversarial learning is widely used on UDA area [19,26,27,71,76,85]. Basically, adversarial
learning based methods consists of two components. One is called the discriminator, which
is used to discriminate target domain samples from the source domain samples, and the
other one is called the generator (feature extractor), which aims to find a representation
that the discriminator cannot distinguish two domains samples. Two networks are trained
alternatively until the discriminator can not classify correctly while the generator give

correct labels for source domain samples.

At the very beginning, a single discriminator is used at the feature space on classifi-
cation task [19,418]. While Yi-Hsuan Tsai et al. [71] proposes to adapt to the structured
output space for the semantic segmentation task because the latter task requires more
visual cues and details that are needed to adapt. Based on it, more and more researchers
have started to make innovations in this area. For example, Judy Hoffma et al. [20] utilize
transferred target-style source domain images generated from CycleGan [37] to train the

model. Myeongjin Kim et al. [35] diversify the texture of source domain images. Then
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the generated images with various textures are used during training to prevent the seg-
mentation model from overfitting to one specific texture. To better align cross-domain
features, more constraints are also added during training. For example, Tuan-Hung Vu et
al. [71] combines entropy-based loss with adversarial loss to align the domain gap better,
while Fei Pan et al. [55], based on the original Adversarial Learning-based UDA methods,
proposes to split the target domain images into hard and easy split using an entropy-based
ranking function. And then fine-tune the model by adapting the domain from easy split
to hard split. To adapt the target domain features towards the most likely space of source
domain features, Zhonghao Wang et al. [76] proposes to treat stuff categories (sky, tree,
etc) and thing categories (car, traffic sign, etc) with different strategies. Guangrui Li et
al. [11] facilitates Content-Consistent Matching to find out synthetic images with similar

distribution as real ones in the target domain.

Non-Adversarial Learning-Based UDA Methods (Without Discriminator In-

volved)

Compared with adversarial training-based methods, non-adversarial training-based meth-
ods usually require less computational resources and less effort to balance the segmentation
model and the discriminator. Q.Lian et al. [15] combine curriculum domain adaptation [$/]
with self-training to construct a pyramid curriculum that contains different levels of in-
formation about the target domain. G. Kang et al [31], W. Liu [1(] proposes to build
the pixel-level cycle association and patches-level association respectively between source
and target domain data and contrastively strengthen their connections. While Y. Yang
et al. [30] describes a Fourier transfer-based unsupervised domain adaptation by swapping

the low-frequency spectrum of synthetic images with that of target images.

2.5 Models Architecture

In this section, the architecture of the segmentation network and the discriminator are

introduced.
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Figure 2.10: Training error (left) and testing error (right) on CIFAR-10 [38]. The figure is

captured from [25].

2.5.1 Segmentation Network

The DeepLabV3 is proven to be a very successful network in semantic segmentation task
due to the atrous convolutional layer [12]. Thus, DeepLabV3 is combined with the ResNet-

101 [25] to form our segmentation network.

ResNet

Deeper networks are always hard to converge because of the notorious problem of vanish-
ing/exploding gradients [0,21]. This problem is largely addressed by adding the BN [2§]
layer after each convolution. However, simply using BN is still not enough to let deeper
network outperform shallower network. This phenomenon can be found at the figure 2.10.
As we can see, both the training error and the test error of a 56-layer network are higher

than a 20-layer network.

Based on the hypothesis that multiple nonlinear layers should be capable of approxi-
mating the residual functions (F(X) = H(X) — X) if it could approximate the complex
functions (H (X)), Kaiming He et al [25] designs the residual block (see the Figure 2.11)
and make a serial of networks in different level of depth based on the special design resid-
ual block to solve the problem as mentioned above. Compared with directly learning the
complex functions H(X), learning the residual function F(X) with the precondition from
the identity X is much easier. the Figure 2.12 show the architecture of ResNet, while
ResNet-101 is one of them.
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| weight layer
F(x) | relu x
| weight layer | identity
F(x)+x

Figure 2.11: Residual block, where X is the input, F is the mapping function, which

consists of convolutional layers. the Figure is captured from [25].

layer name | output size 18-layer | 34-layer ] 50-layer 101-layer 152-layer
convl 112112 Tx7, 64, stride 2
3> 3 max pool, stride 2
1x1,64 1x1,64 ] 1x1,64 7
conv2_x 5656 N : :
{ ;iiz } 2 { ii;: ]xs 3x3,64 | x3 31%3,64 | %3 3x3,64 | x3
’ : 1x1,256 11,256 | 1x1,256 |
. . - . 1=1, 128 11,128 ] 1x1,128 ]
%
conv3x | 28x28 ;i; i;g x2 izi :;2 w4 | | 3x3,128 | x4 33,128 | x4 3x3, 128 | %8
L i L : J 1x1,512 1%1,512 | 1x1,512 |
. . - . 1x1,256 1x1,256 1x1,256 ]
convd _x 14x14 gi; ;;2 ®x2 g:i’ ;gg %6 3x3, 256 i) 3x3, 256 %23 3Ix3, 256 =36
- ' - . ' . %1, 1024 1x1,1024 | 11,1024 |
. . - . 11,512 1x1,512 1x1,512
2
conv5 x Tx7 g:gg:; %2 g:ggi; x3 || 3x3,512 |x3 3x3,512 | x3 33,512 | x3
- ’ - - T 11,2048 1x1,2048 | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x 107 [ 36107 [ 3.8x107 | 7.6x10° 11.3x10%

Figure 2.12: Architecture of ResNet with differet layers, while the [*] represents one residual

block. the Figure is captured from [27].
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DeepLabV3

One challenge of using CNN is that the features map becomes smaller while traversing
through the convolutional and pooling layers of the network, which results in the loss in
information of images and making the object boundries become fuzzy. DeeplLabV3 solve
this challenge by introducing the Atrous Spatial Pyramid Pooling (ASPP) and the Atrous
Convolution (Dilated Convolution). Before going deeper on this two modules, we would

like to introduce the Receptive Field (RF) first as it is crucial for the segmentation task.

The receptive field is defined as the size of the region in the input that produces the
feature [2]. More specifically, the receptive field is the metric to indicate how large the
original image can be seen by a single pixel in the feature map, where the Figure 2.13 gives
a more intuitive explanation. In the segmentation task, we need to predict each pixel,
which means we want the RF to be large enough to take every crucial information from
the input image into account. The equation 2.4 shows how to calculate the RF for a layer,

where r, s, k represents the size of RF, stride and kernel respectively.
Tiel = S X 1y + (k’z — 87;) (24)

As we can see, if we want to enlarge the RF, we need to increase either the size of the
stride or the size of the kernel size. As known, the larger stride and kernel size lead to

losing more information of the input image and more computational cost respectively.

So as to keep large enough RF while using small size of stride and kernel, atrous
convolution [11] is proposed to replace the conventional convolution layer (see the Figure
2.14). On top of the features map extracted from the backbone, ASPP, consisting of four
parallel atrous convolutions with different atrous rates (1, 6, 12, 18) is applied to get the

multi-scale context information. The final model architecture is shown at 2.15.

2.5.2 Discriminator

PatchGAN has achieved great success in the image-to-image translation task [29]. Based

on the insight that semantic segmentation and image-to-image translation are pixel-level
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Figure 2.13: The receptive field for green pixel in layer 2 is 3, while the yellow pixel in
layer 3 is 5.

Conv Conv Conv
kernel: 3x3 kernel: 3x3 kernel: 3x3
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rate = 24
p—
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Figure 2.14: Atrous Convolution layer with kernel size of 3x3 and different atrous rates,
where rate=1 represents conventional convolution, rate=6,24 represents atrous convolution.

Employing large value of atrous rate enlages the receptive field [12].

(a) Atrous Spatial
Pyramid Pooling
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(b) Image Pooling

Figure 2.15: Model architecture of DeepLabV3 [12].
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tasks, we also choose to use PatchGAN instead of conventional GAN to narrow the domain
gap. The only difference between them is that PatchGAN generates an NV x N array, where
each element in the array is a scaler to classify the corresponding patch as real or fake,
instead of directly generating a scaler vector to classify the whole image as real or fake.

Figure 2.16 shows how PatchGAN and Conventional GAN look like.

Pprediction

(a) PatchGAN (b) Conventional GAN

Figure 2.16: Comparison of PatchGAN and Concentional GAN. The PatchGAN outputs
an array with prediction on each patch, while the Conventional GAN makes prediction on

the whole image.
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Chapter 3

Method

In this section, we introduce the multi-level adaptation first, followed by objective functions
and SEAT. Finally, self-training is also discussed. The overall model architecture of our
method is shown at the Figure 3.1, where G and D represent the segmentation network

and the discriminator respectively.

3.1 Multi Level Adaptation

In order to solve poor adaptation quality on lower-level features, Tsai et al [71] propose to
add one more discriminator to adapt lower-level features. However, adding one more dis-
criminator requires nearly two times the computational resources during training compared
with only one discriminator being used. To improve the adaptation quality while saving
more computational resources, we combine the lower-level features with higher-level ones.
As shown in the figure 3.1, outputs from layer 3 and layer 4 of the segmentation network
are passed through to the ASPP module and then added together with a hyper-parameter

«. After that, the combined outputs are sent to the discriminator for discriminating.
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1024 2048

256

N

Figure 3.1: The overall model architecture. Blue blocks represent G integrating with our
proposed SEAT inside the red rectangle. Green blocks represent D. Arrows correspond to
the flow direction, where orange arrows represent our multi-level adaptation by adding the
lower-level features with higher-level ones with parameter a. Numbers represent the size

of channels, while N/, @ denotes the number of classes and the sum operation.
3.2 Objective Functions and Training Schema

The source domain images z° € R¥>***W and target domain images ! € R*>*™W are
firstly forwarded to the G to get lower-level and higher-level features of source domain and

target domain respectively, denoted as {f%, f, %, fi}e RV*HW_ With these features,

the following loss functions are used to train D and G alternately.

3.2.1 Discriminator Objective Function

Firstly, D is trained to discriminate the source domain features and target domain features.

The conventional discriminator loss is applied and shown at equation 3.1.
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Lais = Z Loelaff + (1= a)ff*) + Lgl(afi + (1= ) f) (3.1)

Liis(x) = (1 —y)log(1 — D(x)) (3.2)
Ly (x) = ylog(D(x)) (3.3)

y = 1 if samples are drawn from target domain, y = 0 if samples are drawn from source
domain. M represents the number of images in a batch.
3.2.2 Segmentation Network Objective Functions

There are two goals being set for G. Firstly, given the target domain input z*, G is required
to output features in source style so as to fool D. In order to do so, we apply adversarial

loss shown at 3.4.

Logy = — Zlog L=D(afi' + (1 —a)f") (3.4)

Secondly, the cross-entropy loss is applied to G so as to output segmentation map that
is similar with the given Ground Truth (GT) labels Y, which is shown at the equation
3.5.

1 M
Loy = v Z Yilog(af + (1 — a) f1) (3.5)
=0

The overall loss function of G is shown at equation 3.6, where /3 is set to 0.001 during

experiments.

ssn ﬂﬁadv + Lseg (36)
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3.2.3 Training Schema

Too strong or too weak D often leads to the collapse of G because of the gradient explosion
and the gradient vanishing problems. Thus, balancing the D and G is very important and
widely studied by researchers. Among the proposed balancing strategies, training the D

and G alternately is widely used and is shown below.

Algorithm 3.1 Training Schema

Input: Source domain images z* and G'T' labels Y*
Input: Target domain images x
Input: Segmentation network G and Discriminator D
Input: Epoch size F/, Batch size B
while epoch < F do
while 1 < B do

Sample source domain images ¢, labels Y;* and target domain images x! over a

batch

G(x3) = [, f1°, G(at) — fit,

Update D by Las(f5, fI#, fI*, f1)

v rJe

Update G by Lua,(fY, f*) and Ley( s fhsYs)

end while

end while

3.3 Separate Affine Transformation

In this section, we will describe why the conventional BN layers degrades the model per-

formance and how BN layers intergrating with SEAT avoids this issue.

First, we want to build up the relation between the Cross-Entropy and the KL-Divergence
[15], where KL-Divergence is used to measure the distance between two probability dis-
tributions. The definitions for them are shown below, where A and B represent GT’s

distribution and prediction’s distribution here.
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ZPA Jlog(Pg(x)) (3.7)
ZP 2)log(Pa(x))

— Pa(x)log(Pp(x)) (3-8)

If we substitute equation 3.7 with equation 3.8, we get equation 3.9.

H(A,B) = KL(A, B) + H(A, A) (3.9)

From equation 3.9, as H(A, A) is a constant. Thus, we could consider that minimizing
the Cross-Entropy is equal to minimizing the distance between probability distribution A

and B.

Let us go back to the issue brought from the conventional BN. In order to give a
straightforward explanation, we draw how affine transformation maps input distribution
to output distribution during training at figure 3.2. As we could see from the figure 3.2 (a)
and (b), the update of affine transformation pair in conventional BN is conflicting if it is
trained simultaneously to align distribution between source’s prediction to that of source
GT and to align the distribution of target’s prediction to that of source’s prediction, which

leads to negative impact in the domain adaptation.

On the contrary, if we utilize source and target affine transformation (AF,. and AF,,)
for source domain input and target domain input shown at the figure 3.2 (c), the conflict
is avoided. The architecture between conventional BN layers and our proposed one are
shown at figure 3.3, and the algorithm 3.2 presents the flow of a BN layer intergrating with
SEAT.

3.4 Self Training

After the first stage of training introduced above, we could use the trained model to

generate pseudo labels for target domain images given a certain threshold ¢ € [0, 1]. More
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Figure 3.2: The upward arrows represent Affine Transformation inside BN layers, which
maps normalized input x to output y (y = AF(x)). Conventional BatchNorm is trained
simultaneously to align distribution between (a) Source GT (black, solid line) and source’s
prediction (blue, dashed line) under the guidance of the Cross-Entropy loss (proved at
equation 3.9) given source domain input (blue, horizontal, dashed line), and to align the
distribution between (b) Source’s prediction and target’s prediction (green, dashed line)
guided by discriminative distribution (black, dotted line) given target domain input (green,
horizontal, dashed line). (c) separate affine transformations are applied for source and
target domain input. (d) eventually, the source’s prediction and target’s prediction will

align with the GT’s distribution in ideal condition when training goes on.

Output Output
1 1
Relu Relu
" BNlayer "‘
JAF SrcAF TigAF
t < > t
Norm Norm Norm
1 1
Conv Conv
1 1
Input Input
(@) (®)

Figure 3.3: Architecture between the conventional BatchNorm and BatchNorm intergrating

with SEAT.
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Algorithm 3.2 Batch Normalization Intergrating with SEAT Over A Mini-Batch

Input: Values of source input z*® or target input z* over a mini-batch: B = {1...m}
Input: (v, fs) or (7, B¢): A pair of learnable parameters for source input or target input
respectively
Output: yf or y!
if input data belongs to source domain then
Calculate mini-batch mean: uj < % Yo s

Calculate mini-batch variance: (o) <= £ 31" (25 — uf)?

Normalize: x5 _Tiup
(0%)2+f
Scale and shift: y; < ysx7 + S5

end if
if input data belongs to target domain then
Calculate mini-batch mean: uf « L 5" o

Calculate mini-batch variance: (og)? <= = 31" (xf — uj)?

t_ ot
Ti—upg

Normalize: at ¢ 5"
ormalize: x} < \/m
Scale and shift: y! « vzt + 5,

end if
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specifically, G is initialized and trained with equation 3.6 at stage 1 without any target
domain’s labels involved. After that, for each image in target domain train set, the trained
G from stage 1 is used to predict semantic segmentation map ¢ € RVN*HW_ With ¢, we

could generate pseudo label Y € R**W by the following equation.

yifi j] = Z;gma:ﬁ(aﬁ[:,i,jl), if glk,i,j] > (3.10)

Given pseudo labels Y, we could reinitialize and train G at stage 2 by equation 3.11.
£ssn - ﬁﬁadv + ﬁseg + Acst (311)

M
1 I h
Lo=—71 Zizo Yiog(aff + (1 —a)fl")
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Chapter 4

Experiments and Results

In this chapter, we first show the datasets we use to evaluate our proposed method. After

that, we present the overall results and the discussion of the ablation study.

4.1 Datasets

To verify the effectiveness of the proposed method, we conduct experiments on three com-
monly used datasets in this area, which are GTA5 [61], SYNTHIA [63] and Cityscapes [11].
Both of the GTA5 and SYNTHIA are source domain datasets with fully labelled GT data
during training and the Cityscapes is the target domain dataset without any GT labels
being used during training. The two adaptation scenarios are GTA5 — Cityscapes and

SYNTHIA — Cityscapes. The Figure 4.1 shows the example of three datasets.

4.1.1 GTAS5

GTAS5 contains pixel-accurate semantic label maps for images collected from a famous
computer game named GTAS5. It contains 24,966 synthetic images with 33 classes of
semantic annotations, with [1914, 1052] original image size. During training, 19 classes in

common are used, and input images are resized into [1280, 720] and then randomly cropped
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into [1024, 512] for data argumentation. The Table A.1 presents the label distribution of
the dataset.

4.1.2 SYNTHIA-RAND-CITYSCAPES (SYNTHIA)

The SYNTHIA-RAND-CITYSCAPES is one of the subsets from the SYNTHIA dataset,
which contains 9,400 images, with [1280, 760] original image size. During training, we
resize the image into [1280, 720] and randomly crop the images into [1024, 512] for data
argumentation. 16 standard classes are used to train for the SYNTHIA dataset, while 13
are used to evaluate for standard comparison. The Table A.2 presents the label distribution

of the dataset.

4.1.3 Cityscapes

Cityscapes is a real-world dataset consisting of 30 classes collected from driving scenarios.
Only 19 classes are used during evaluation for standard comparison, while 2,975 images
are used to train, and 500 images are used for evaluation. In order to keep consistent with

synthetic datasets, we resize the input image into [1024, 512] from [2048, 1024].

Name SYNTHIA [63] Cityscapes [11]

Label

Figure 4.1: Example of GTA5, SYNTHIA and Cityscapes datasets.
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4.2 'Training Details

A single RTX3090 is used to train our model in 150,000 iterations with a batch size of
1, which takes around 40 hours. For the segmentation network, the optimizer we use is
Stochastic Gradient Descent (SGD) with an initial learning rate of 2.5e-4, weight decay
of 5.0e-4 and momentum of 0.9. As for the discriminator, we use Adam with an initial
learning rate of le-4 and the betas is set to (0.9, 0.99). The polynomial learning rate

scheduler with a power of 0.9 is applied to all models to adjust the learning rate.

4.3 Evaluation Metric

IoU (Intersection over Union) is used to check to what degree the predicted output is
similar to the GT. It is calculated by the area of overlap between the predicted output
and the GT divided by the area of union between the predicted output and the GT (the
Figure 4.2). For multi classes, the average of the IoU of each class is calculated (mloU).
In our experiments, we also calculate the mloU of large-scale, medium-scale, small-scale

objects according to the proportion of pixels occupied by each class in the test set (see

Area of Overlap .
Area of Union .

Figure 4.2: The Intersection over Union.

more details at the A.3).

loU =

4.4 Overall Results

We present overall adaptation results at Table 4.1 and Table 4.2 comparing with other

UDA methods on two adaptation scenarios and the experiments show that our proposed
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methods is simpler but comparable with other UDA methods. For example, at Table
4.1, Intra [55] consists of two pairs of segmentation network and discriminator compared
with only one pair used by ours. FDA [21] utilizes three segmentation networks (MBT)
and entropy regularization compared with only one segmentation network, no entropy
regularization used by ours. We also visualize the improvement of our method comparing
with the network with the conventional BN at figure 4.3, according to the Table 4.1, we
could see that our method outperforms others UDA methods on adapting the medium scale
objects, while reaching comparable results on the large and small scale objects on GTA5
to Cityscapes scenario. The same situation also presents for the SYNTHIA to Cityscapes

scenario.

GT Conventional BN Ours

Figure 4.3: Visualization results on GTAS to Cityscpaes. Black regions shown at the GT

column are ignored during training.
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GTA5—Cityscapes
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Methods N el 5 £ ‘§ D? =0 5;30 §a g 5 § 75’ & 5 g § ‘gc 5 g g g g
AdaStruct [71] 865 259 79.8 221 200 236 331 21.8 818 259 759 573 262 763 298 321 7.2 295 325 414 701 34 28
DCAN [79] 85.0 30.8 81.3 258 21.2 222 254 266 834 36.7 762 589 249 80.7 295 429 25 269 11.6 417 722 37 23
DLOW [22] 87.1 335 805 245 132 298 295 266 826 267 81.8 559 253 780 335 387 0.0 229 345 423 723 34 28
Cycada [20] 86.7 356 80.1 198 17.5 38.0 39.9 41.5 827 279 736 64.9 190 650 120 286 45 31.1 42.0 427 700 31 3.5
CLAN [19] 87.0 271 796 273 233 283 355 242 836 274 742 586 280 762 331 367 6.7 319 314 432 70.7 3.6 3.0
ABStruct [9] 91.5 47.5 825 313 256 33.0 337 258 827 288 827 624 30.8 8.2 277 345 64 252 244 454 779 37 29
AdvEnt [71] 89.4 331 81.0 266 26.8 272 335 247 839 36.7 788 587 305 848 385 445 1.7 316 324 455 744 39 3.0
Orthogonal [70] 89.4 30.7 821 23.0 220 292 376 31.7 839 379 783 60.7 274 846 376 447 73 260 389 459 741 39 32
Intra [55] 90.1 371 826 301 191 295 324 206 85.7 40.5 79.7 587 31.1 86.3 315 483 00 302 358 463 764 38 3.0
Ours 91.0 41.8 85.0 36.4 266 31.4 343 284 845 348 84.7 609 30.1 8.5 43.7 409 0.1 32.0 265 47.3 776 4.1 3.0

Table 4.1: Overall results with comparison to other unsupervised domain adaptation meth-
ods on GTA5 to Cityscapes dataset. 19 classes are used to train and evaluate. mloU._l,

mloU_m, mloU_s represent mloU of the large, medium, small scale objects respectively.

SYNTHIA—Cityscapes
I~ (3}

S § g ~ 5
R 5 5 8 5 S 7 7

= 5 & 5 IS 5 S 3 < IS s} IS

ied 3} ~ ~ 1 (<) =3 g < o] () 123 N A Qo Qo (<] Q

N 3 g 5 g § A & 9 2 & 5 NG NG NG

Methods N ;51 5 £ “5 IS - = 5’0 o g 5’ & 3 § § g g g g
AdaStruct [71] 843 427 775 - - - 4.7 70 779 825 543 21.0 723 322 189 323 467 709 56 1.7
CLAN [19] 81.3 370 80.1 - - - 16.1 137 782 815 534 212 73.0 329 226 307 478 70.0 56 2.1
Advent [71] 85.6 422 797 - - - 5.4 8.1 80.4 84.1 579 238 733 364 142 330 480 722 6.0 1.7
Orthogonal [70] 88.3 42.2 79.1 - - - 16.8 16.5 80.0 84.3 56.2 150 83.5 272 6.3 30.7 482 746 5.6 1.7
ABStruct [9]  91.7 53.5 77.1 - - - 6.2 76 784 812 558 192 823 303 171 343 488 76.6 56 1.7
Intra [55] 84.3 377 795 - - - 9.2 84 80.0 84.1 572 230 780 381 203 36.5 489 719 6.0 1.9
Ours 81.8 39.1 79.7 - - - 109 158 80.9 825 545 27.2 728 429 283 321 499 709 6.0 2.3

Table 4.2: Overall results with comparison to other unsupervised domain adaptation meth-
ods on SYNTHIA to Cityscapes. 16 classes are used to train, and 13 classes are used to

evaluate. mIoU_l, mIoU_m, mloU_s represent mloU of the large, medium, small scale ob-

jects respectively.
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4.5 Ablation Study

4.5.1 Layer Switch

Target Norm and Affine Transformation are used only in normal situations as no source
data are used during evaluation. However, we wonder how switching target Norm, Affine
Transformation with source ones in certain layers affects the model’s performance. Thus,
we do the following experiments. First, we divide the ResNet-101 into 4 layers according
to where downsampling happens. Second, we switch the target Norm and Affine Trans-
formation to source one layer by layer and then evaluate the model performance. Due to
limited computational resources, we only evaluate the switch starting from layer 4 to layer
1, where the experiment result is shown in figure 4.4. What is beyond our expectation is
that switching some certain layers even improves the model’s performance, while there is
around 2 mloU improvement at most on GTA5 to Cityscapes scenario. From the Figure
4.4, we could see that the mloU increases when we do layer switch from layer4-4 or layer3-4.
We consider that it is because layer 4 and layer 3 is the layer we select to adapt, which

results in better adaptation quality than layer 1 and layer 2.

4.5.2 Effectiveness

In order to show the effectiveness and generally applicable of SEAT, we combine SEAT
with other three adversarial learning based UDA methods, which are AdaStruct [71] with
single level adaptation, Advent (adv model) [74] , Differential [70] respectively, and then

evaluate on GTAb to Cityscapes adaptation scenario. The results are shown at Table 4.3.

AdaStruct [71] with single level adaptation gains largest improvement, which has 0.6
mloU increase after SEAT being added, and 1.9 mIoU increase if we also do layer switch.
In contrast, Advent [7] obtains less improvement, increase from 43.8 to 44.0 mIoU. After
the SEAT is added, the performance of Differential [76] decreases to 44.1 from 45.5 mloU

but gains 0.4 mloU improvement if we switch the certain layer.

Also, we find that the network with SEAT converge faster than that of without SEAT.
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GTAS—Cityscapes

42 +
40 +
E 38 + [ i
=
—— No Switch
36 1 —— Layer4-4
Layer3-4
--- Layer2-4
-l Layerl-4

5 10 15 20 25 30
Epoch
Figure 4.4: Evaluation curve of layer switch on GTA5 — Cityscapes. Layer(x)-(y) represent

switching form layer(x) to layer(y). For example, Layer3-4 represent switching from layer3

to layer4.

The detail is shown at the Figure 4.5.

4.5.3 Models with SEAT

First of all, we choose ResNet-50 and ResNet-101, as the backbone, and then combine
them with SEAT and multi-level adaptation. The experiments are done on two adaptation
scenarios and the results are shown at the Table 4.4 and the Table 4.5. When using ResNet-
50 as the backbone, the mloU increases to 26.4 from 21.3 for GTA5 — Cityscapes scenario.
As for SYNTHIA — Cityscapes, the model gains 10.2 mloU improvement. When using
ResNet-101 as the backbone, the mloU increases to 42.9 from 40.4 for GTA5 — Cityscapes

scenario. As for SYNTHIA — Cityscapes, the model gains 3.1 mloU improvement.

Table 4.6 and Table 4.7 show the contribution of each module to the overall model
performance for two adaptation scenarios with ResNet-101 as backbone.
For GTA5 to Cityscapes scenario, we first follow the work from [71] with single level

adaptation at the output space and achieve mloU of 40.4, which is 1.0 lower than the
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GTAb5—Cityscapes

Methods mloU LS Range
AdsStruct (single-level) [71]* 404 - 0

+SEAT 410 - 406
+SEAT 423 Vv +19
Advent [71] 43.8 - 0

+SEAT 439 - 401
+SEAT 44.0 v +0.2
Differential [76]* 455 - 0

+SEAT™ 44.1 - -1.4
+SEAT 45.9 v 404

Table 4.3: The performance of other adversarial based unsupervised domain adaptation

methods when combined with the SEAT. LS stands for layer switch. *: reproduced result,

41.4 at the paper; T: reproduced result, 46.2 at the paper.

state during training, the result ranges from 44.1 to 45.8.

40
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—— SEAT
Conv
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(a) ResNet-50 as backbone

ResNet-50

40 4

38+

36

mloU

32 4
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=

—— SEAT
Conv
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epoch

(b) ResNet-101 as backbone

Figure 4.5: Evaluation results on GTA5 — Cityscapes scenario with two backbone. The

blue line represent the network with SEAT, while the orange dash line represent the network

without SEAT. Both ResNet-50 and ResNet-101 with SEAT converges faster than that of

conventional version.

GTA5—Cityscapes

Backbone AA SEAT MUL mloU Range

v 21.3 +0.0
ResNet-50 v v 247 434
v v 220  +0.7
v v v 264  +5.1
v 404 +0.0
ResNet-101 v v 41.0  +0.6
v v 40.8  +0.4
v v v 429  +25

Table 4.4: Ablation study on modules’ contributions on GTA5 — Cityscapes with different

backbone. AA represents Adversarial Adaptation; SEAT represents separate affine trans-

formation; MUL represents multi level adaptation;
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SYNTHIA—Cityscapes

Backbone AA SEAT MUL mloU Range

v 16.2 +0.0
ResNet-50 v v 252 +9.0
v v 17.1 +0.9
v v v 264  +10.2
v 42.8 +0.0
ResNet-101 v v 45.1 +2.3
v v 43.0  +0.2
v v v 459  +3.1

Table 4.5: Ablation study on modules’ contributions on SYNTHIA — Cityscapes with
different backbone. AA represents Adversarial Adaptation; SEAT represents separate

affine transformation; MUL represents multi level adaptation;

paper shows. As mentioned at [70], transferred target-style source images are helpful to
minimize the discrepancy of data distribution. Thus, we also adapt the transferred GTA5
images of [20] to improve the mIoU to 43.4, which is served as the baseline for our works.
Then, the mIoU is improved to 45.5 by adding the proposed SEAT (layer switch 3-4). After
that, our proposed multi-level adaptation is combined, with « being set to 0.05, and the
mloU achieves 46.4 (layer switch 3-4). Finally, mIoU is improved to 47.3 with self-training
(layer switch 3-4).

As for SYNTHIA to Cityscapes scenario, SEAT is added. The mloU is increased to
47.0 (no layer switch) compared with the mIoU of 44.6 from the baseline. After that, the
mloU is improved to 47.4 with our proposed multi-level adaptation (o = 0.15, layer switch

4-4). Finally, the mloU is improved to 48.9 when combined with self-training (layer switch
from 4-4).
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GTA5—Cityscapes

AA IT SEAT LS MUL ST mloU

v 40.4
v ooV 43.3
v oV v v 45.5
v oV v v v 46.4
v v v v v v 473

Table 4.6: Ablation study on modules’ contributions. AA represents Adversarial Adapta-
tion; LS represents layer switch; I'T stands for image style transferring; MUL represents

multi level adaptation; ST represents self training.

SYNTHIA—Cityscapes

AA IT SEAT LS MUL ST mloU

v 42.8
v oV 44.6
v oV v v 47.0
v oV v v v 47.4
v oV v v v v 499

Table 4.7: Ablation study on modules’ contributions. AA represents Adversarial Adapta-
tion; LS represents layer switch; IT stands for image style transferring; MUL represents

multi level adaptation; ST represents self training.
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4.5.4 Parameter Analysis

In order to give a more straightforward proof that our proposed multi-level adaptation
can improve the adaptation quality at the lower layers on two adaptation scenarios, we
visualize the distribution of the output feature from the lower layer (see the Figure 4.6 and
4.7). The Figures show that the source domain features and target domain features are

better aligned after the multi-level adaptation is used.

Also, to find out the best value of a;, we keep all network settings the same except for
the change in the value of a. The Table 4.8 and table 4.9 show the experiment results on
two adaptation scenarios. We could see that our proposed multi-level adaptation (« # 0)
is beneficial to domain alignment compared with single-level adaptation (v = 0) on GTA5
— Cityscapes scenario, while a = 0.05 is the most suitable one among those. However, for
the SYNTHIA — Cityscapes scenario, we need to choose a proper value for a. The model

can gain improvement from the multi-level adaptation.

trg
src

(a) w/o multi level adaptation (b) w multi level adaptaion

Figure 4.6: Lower layer’s features visualization on GTA5 — Cityscapes scenario, where

orange, blue cycle represent source, target features respectively.

4.5.5 Visualization of ASPP

As mentioned at 2.5.1, the ASPP consists of multiple paralleled atrous convolution layers

with different atrous rates to capture the multi-scale context information. In our experi-
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GTA5—Cityscapes

a 0 0.01 0.05 0.1 0.2 0.4

mloU 41.0 41.9 42.9 425 426 41.7
Range 0 409 +19 +15 +1.6 +0.7

Table 4.8: a Analysis on GTA5 — Cityscapes (AA+SEAT+MUL).

(a) w/o multi level adaptation (b) w multi level adaptaion

Figure 4.7: Lower layer’s features visualization on SYNTHIA — Cityscapes scenario, where

orange, blue cycle represent source, target features respectively.

SYNTHIA—Cityscapes

o 0 0.1 015 0.2 0.3 0.4 0.5 0.6 0.7

mloU 45.1 457 457 459 458 464 459 453 456
Range 0 406 +06 +08 +0.7 +1.3 +0.8 +0.2 +0.5

Table 4.9: a Analysis on SYNTHIA — Cityscapes (AA+SEAT+MUL), where « is the
weight for controlling the contribution of lower-level features and higher-level features to

the final output, which is used in the Equation 3.1.
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ments, four paralleled atrous convolution layers with atrous rates of 6, 12, 18, 24 are used.
In order to study to what extent the atrous rates affect features being captured by the
atrous convolution layer, we visualize the mentioned four paralleled atrous convolution
layers from the higher-level ASPP on GTA5 — Cityscapes scenario, where the input image
is shown at the Figure 4.8 and the output from atrous convolution layers with atrous rates
of 6, 12, 18, 24 are shown at the Figure 4.9, 4.10, 4.11, 4.12 respectively in heat map format

(whiter area represents higher activation).

We could find that the atrous convolution layer with a smaller astrous rate is better at
capturing the small scale objects while performing worse on large scale objects than that
of a large astrous rate. For example, there are clear boundaries on car and sidewalk class
at the output of the atrous convolution layer with atrous rate of 6. But, the boundaries
become blur when the atrous rate becomes larger. On the contrary, the atrous convolution
layer with atrous rate of 24 performs better on capturing the sky, road class than that of

atrous rate of 6.

Figure 4.8: Input image, GTA5 — Cityscapes
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road sidewalk huilding

I

Figure 4.9: Astrous Rates=6, GTA5 — Cityscapes

road sidewalk building fence

Figure 4.10: Astrous Rates=12, GTA5 — Cityscapes
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road sidewalk huilding

Figure 4.11: Astrous Rates=18, GTA5 — Cityscapes

building wall fence

sign rrain

person

motocycle

Figure 4.12: Astrous Rates=24, GTA5 — Cityscapes
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Chapter 5

Conclusions and Future Work

This thesis set out to improve the performance of adversarial training based domain adapta-
tion methods by solving the following two problems with SEAT and multi-level adaptation
respectively. First, the conventional batch normalization layer confines the alignment of
source distribution, target distribution and GT distribution. Second, poor adaptation in
the lower-level features of the network. The study contributes to our understanding of the
limitation of conventional batch normalization layer in domain adaptation task and how
distribution being aligned during training, which may be of assistance to the design of

normalization layer in this area.

The research has shown that both SEAT and multi-level adaptation are able to improve
network’s performance in different scales. The base model is able to gain 2.4 and 2.9 mloU
improvement respectively on two adaptation scenarios when it is combined with SEAT and
multi-level adaptation. Also, a network with SEAT has a faster convergence speed than
that of without SEAT. And SEAT is capable of boosting the performance of other domain
adaptation methods by simply adding it durning training.

The major limitation of our study is the lack of experiments support on our assumption
of the conflict of affine transformation in conventional batch normalization layer. The class
imbalance may also affect the experiment results. As being shown at the appendices A.2,
large scale objects dominate the two datasets (GTA5 and SYNTHIA). The phenomenon

leads to model bias during training. In other words, the trained network performs better
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at those dominated classes while worst at others.

Considerably more works will be done to prove the existence of the conflict on conven-
tional batch normalization and creation of source domain dataset with equivalence class
distribution. Finally, as there are many variants of batch normalization, like layer norm [3],
group norm [78], etc. We believe the affine transformation in the variants can also be re-

placed with separate affine transformation if utilizing them in domain adaptation task.
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Appendix A

A.1 Neural Networks

The Figure A.1 shows an example of an NN with three hidden layers. The NN consists
of numerous neurons and connections, where each connection represents the output of one
neuron, an input of another neuron as well. Also, a weight is assigned to each connection,

representing how important one neuron is to another.

Input layer Hidden layers i Output layer

ﬂ)\u’(ﬂ"‘

N
TAANKDOND
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XS N V% '
Input n / | I \ / \

Figure A.1: An neural network with 3 hidden layers. Green cycles represent neurons; Black

lines represent connection between each neuron.
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A.1.1 Forward Propagation

The forward propagation refers to the calculation process of one NN starting from the input
to the output, where the input provides the initial information, then propagates through
each hidden layer and finally produces the output [23]. A simplified NN shown at figure
A.2 is taken as an example to demonstrate the forward propagation, where the calculation
process is shown below, where x, w, b, h, y represent input, weight, bias, hidden layer,

output respectively.

Figure A.2: A simplified neural network with two hidden layers.

hy = wo * 1 + by

ho = wy * Ty + by

hs = wsy * hy 4+ wy * hy + b3
hy = w3 * hy 4+ ws * hy + by
Yy = wg * hy + wr * hy

= wg * (wo * hy + wy * ho + b3) + wy * (w3 * hy + ws * hy + by)

N /N /N /N /N /N /~
O e
N O Ot e W NN =
N N S e N~ N~~~

= wg * (wg * (W * 1 + by) + wy * (wy * T2 + by) + b3)

+ wr * (ws * (wo * 21 + by) + ws * (wy * T3 + by) + by)
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A.1.2 Activation Function

As shown at the Equation A.7, the NN without activation functions is a linear system,
which means that it is limited on learning complex mapping from data. Thus, non-
linear activation functions, like Rectified linear Unit (ReLU) [52], Leaky Rectified linear
Unit(Leaky ReLU) [50], are necessary to help the network learn complex data and repre-
sentations. Normally, the activation function is add at the output of each neuron before

being sent to the next neuron.

Also, the network does not know the bound of its output. It could be ranged from -inf
to +inf. Therefore, some activation functions like sigmoid, softmax [23] are needed to scale

the output into desired ranges.
The details for the mentioned activation functions are introduced below.
Sigmoid

The sigmoid function, ranges within (0, 1), which is commonly used in machine learning

for producing the Bernoulli distribution, which is showed at the Figure A.3 (a).

f(z) = (A.8)

6

0.5 3

(a) sigmoid (b) ReLLU (c) leakyReLLU
Figure A.3: The sigmoid function

However, as shown in figure A.3 (a), the sigmoid function becomes very flat when the

input tends to be very positive or very negative, which means that the function becomes
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insensitive in the small changes of its input resulting in no gradient or minimal gradient

during the backpropagation, so-called vanishing gradient problem.

Rectified Linear Unit (ReLU)

The NN and CNN make use of the ReL U function instead of the sigmoid function nowadays
because of the vanishing gradient problem. The RelLU has output 0 if the input is negative,
otherwise, the output is equal to the input. The Figure A.3 (b) shows how it looks like.

f(z) = max(0,x) (A.9)

The ReLU function is non-linear, and it has the following advantages compared with the

sigmoid function.

e Faster speed because 50% of hidden units are inactivated if the input is evenly dis-

tributed around zero.
e Better gradient propagation due to fewer gradient vanishing problems.

e More efficient on computation due to the only comparison, addition and multiplica-

tion operations.

However, the vanishing gradient problem still exists when the input lies below 0 for the

ReLU function, and it is non-differentiable at Zero.

Leaky ReLU

One way to solve the gradient vanishing problem for the ReLLU function is to use a small
slope instead of deactivating all neurons when the input lies below 0, so called Leaky ReLLU

function. And it’s shown at the figure A.3.

o) = - (A.10)
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Softmax

The softmax function is not only used to map the network’s output lie in range [0, 1] but
also map the total sum of the output along the channel to be 1. It’s widely used at the
final output for multi class logistic regression problems while the sigmoid function is for

binary class logistic regression problems.

f(z); = Z;ﬁ (A.11)

For 7 in 0,1,2...K, where ¢ is the channel index.

A.1.3 Backward Propagation

During training, the forward propagation produces the output and the loss (cost). At
the same time, the backward propagation allows the information from the loss to flow
backward through the NN and calculates the gradient of each neuron [23]. After that, the
learning algorithm such as stochastic gradient descent performs learning using the gradient,
which is discussed at A.1.5. The Figure A.2 is used as an example NN to demonstrate
the backward propagation. According to the chain rule of calculus, the gradient of wg, ws,

and wy are shown below, where L denotes the loss.(activation functions are omitted for

simplification).
oL 0L 0Oy
— = — == A.12
owg Oy * Owg ( )
OL OL 0y Ohs
— = — k= ok —— A.13
dw, Oy Ohs  Ows (A-13)
8_L:8_L*(8y*8h3*8h1+8y*8h4*8h1 (A14)
8w0 ay 8h3 8h1 8w0 8]14 8h1 8w0

A.1.4 Gradient Descent

The gradient descent [13] is introduced to minimize the loss (cost) function, where the

Figure A.4 gives an example of how a function f(z) = 12? reach its minimum by using

the gradient descent algorithm. Identically, if we have the gradient of the w; from the
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backward propagation, where 7 € R, the following equation can be used to update the w;.

w; = w; — €% Vo, f(w;) (A.15)

1

where € denotes the learning rate.

20 T T T T T
N\
1L5F N Global minimum at = = 0. 7/
\ Since f/(z) = 0, gradient y
1ok N descent halts here. 7
N 7
N s
0.5 E
~ -
~ -
0ol e :
! For & < 0, we have f/(x) s For « > 0, we have f'(z) >0,
so we can decrease [ b so we can decrease [ by
—0.5 moving rightward. moving leftward.
-1 [) -
. () =447
—15}F ,
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Figure A.4: An illustration of how the gradient descent algorithm find the global minimum

by using the derivatives of a function, where the figure is captured from [23].

A.1.5 Loss Function and Learning Algorithm

The function we want to minimize or maximize is called the loss function or cost function
[23]. Choosing the proper loss function for the NN and CNN can be seen as one of the
important aspects for designing the network. Fortunately, there are many loss functions
for us to select in different tasks. For examples, normally, for classification tasks, the
cross-entropy loss (multi classes) and the binary cross-entropy loss (binary classes) [17]
are commonly chosen. While for linear regression tasks, mean squared error is one of the

popular loss functions.

After selecting the proper loss function, a good optimizer should also be selected to
perform gradient descent as an appropriate optimizer can accelerate the convergence of

the network and find the global minimum.
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Stochastic Gradient Descent

SGD [34] is one of the most popular learning algorithm for DL. It performs gradient descent
by randomly selecting m samples and calculating the average gradient. The algorithm 1.1
illustrates the process. The learning rate is a crucial parameter for the SGD. A too-small
learning rate leads to slow convergence. On the contrary, a too-large learning rate could

hinder it, as the loss function fluctuates around the minimal point.

Algorithm 1.1 Stochastic Gradient Descent
e: Learning rate

f: Initial parameters
X, Y A mini-batch with m samples and its corresponds targets
X,,Y,: Training set with n samples and its corresponds targets

while criterion not met do

end while

Adam

In order to faster convergence speed while using a small learning rate, momentum [58]
based learning alorithms are proposed [36,67,69]. The momentum algorithm accumulates

previous gradients with current one and continues to move in their direction.

v=ov— EV@% Z L(f(zm,0),ym) (A.16)

(X'rmYm)

0=0+v (A.17)

According to the Newton’s law of motion, the equation A.16 can be seen as v = v + at,
where a is the negative gradient, ¢ is the unit time. As for the v in the equation A.17, it

could be regarded as the momentum (mwv) with m = 1.That’s how the name “momentum”
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Figure A.5: Illustration of gradient descent w/wo momentum. The red line indecates the

path followed by gradient descent. The Figure is captured from [23].

comes from. The Figure A.5 (a) and (b) show the difference between the gradient descent

with and without momentum respectively.

Setting the learning rate is difficult as it significantly impacts the model performance.
Also, the loss function is susceptible to some directions in parameter space while insensitive
to others [23]. The momentum algorithm can ease these problems,; but the performance
still needs improvement. Thus, the adaptive learning rate is introduced, using different

learning rates for parameters and updating automatically throughout the learning.

Speaking of the momentum and adaptive learning rate based learning algorithms, Adam
[30] is one of the most used ones by researches bacuase of its robustness on choosing

hyperparameters. The Adam is presented in the algorithm 1.2.

A.2 Label Distribution of GTAS5 and SYNTHIA
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Algorithm 1.2 Adam

e: Learning rate

0: Initial parameters
§: Small constant (default: 107%)
p1, p2: A pair of decay rates in [0,1)
X, Yo A mini-batch with m samples and its corresponds targets
X, Y,: Training set with n samples and its corresponds targets
Initialize time step t=0
Initialize 1st and 2nd moment varianles s=0, r=0
while criterion not met do
X, Yoo < X0, Yy,
g < Vew% Z(xmym) L(f(:vm, 9),ym)
t+t+1
s pis+(1—p1)g
rpar+(1—=p2)g©g

5 ey

A

Al =—e75

0+ 0+ A0
end while

Label Distribution of GTA5 (%)

road sildewalk building wall fence pole light sign vegetation terrain
36.41 9.20 19.19  2.06 0.74 1.23 0.15 0.09 8.40 2.25
sky person rider car truck bus train motocycle  bicycle -
15.3 0.4 0.03 2.8 128 0.33 0.03 0.03 2.03 -

Table A.1: 2000 images are randomly sampled to represent the whole dataset.
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Label Distribution of SYNTHIA (%)

road sildewalk building wall fence pole light

sign

19.10 19.72 30.32 0.33 031 1.11 0.04 0.10
vegetation sky person rider car  bus motocycle bicycle

10.54 7.53 4.40 048 4.08 1.49 0.20 0.23

Table A.2: 2000 images are randomly sampled to represent the whole dataset.

A.3 Class Proportion

According to the Table A.3, we define large, medium, small scale objects by their average
proportion. More specifically, large-scale, medium-scale, small-scale objects represent those

objects with proportion of [5%, inf), [2%, 5%), [0, 2%) respectively.

Class Proportion (%)

road sildewalk building wall fence pole light sign vegetation terrain
38.2 6.0 22.8 273 35 1.6 1.0 1.3 17.8 3.0
sky person rider car truck bus train motocycle  bicycle -
4.2 2.7 1.2 73 38 38 35 1.7 2.0 -

Table A.3: The average class Proportion of the test set of the Cityscapes dataset.
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