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ABSTRACT

Minimizing distribution shift is a critical challenge in domain adaptation (DA), as models trained
on a source domain often experience degraded performance when applied to a different target domain.
To address this issue, deep adversarial neural networks have emerged as a powerful approach to
reduce domain discrepancies by leveraging adversarial learning. These networks employ a domain
discriminator that encourages the feature extractor to learn domain-invariant representations, thereby
aligning the distributions of source and target domains. By minimizing distribution shift, deep
adversarial neural networks enable better generalization of deep learning models across diverse
applications such as image classification, object recognition, semantic segmentation, and person re-
identification. The integration of adversarial training with feature alignment techniques significantly
improves model adaptability without requiring extensive labeled data in the target domain. However,
challenges such as mode collapse, instability in adversarial training, and the selection of optimal
feature representations remain key areas for further research. In this work, we explore deep
adversarial neural networks as a solution for minimizing distribution shift and provide an in-depth
analysis of their effectiveness, limitations, and potential improvements.
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GIAM THIEU SU THAY POI PHAN PHOI BANG MANG POI NGHICH TAO SINH

TOM TAT

Giam sy chénh léch phan phdi dir liéu 1a mot thach thirc trong thich Gng mién (Domain
Adaptation - DA), vi cac mo6 hinh dugc huén luyén trén mét mién nguén thuong bi giam hiu sut
khi 4p dung vao mot mién dich. Dé giai quyét vin dé nay, mang no-ron ddi khang tao sinh (Deep
Adversarial Neural Network) da duoc phat trién nhu mot phuong phap hiéu qua nham giam su khac
biét gilra cac mién thong qua hoc ddi khang. M6 hinh nay sir dung mot bo phan biét mién, giap bo
trich xut dic trung hoc duoc cac biéu dién khong phu thudc vao mién, tir d6 lam cho phan phdi cua
mién ngudn va mién dich tré nén gidng nhau hon. Nhd vy, mang no-ron ddi khang tao sinh giup cac
mo hinh hoc sau téng quat tdt hon, dic biét trong cac bai toan nhu phan loai hinh anh, nhan di¢n ddi
turong, phan doan ngir nghia va nhan dang danh tinh c4 nhan. Viéc két hop hoc dbi khang véi cin
chinh dic trung gitip cai thién kha nang thich ing cia mé hinh ma khong can dir liéu cé nhan trong
mién dich. Tuy nhién, van con mét sd thach thirc nhu sy mét 6n dinh trong huén luyén ddi khang,
nguy co sup d6 ché do hoc (mode collapse), va viéc lya chon dic trung phit hop nhét. Trong nghién
clru nay, chiing toi phan tich cach mang no-ron d6i khang tao sinh c6 thé gitip giam chénh 1éch phan
phdi, dong thoi danh gia hidu qua, han ché va hudng cai tién ctia phuong phap nay.

Tir khéa: Pdp irng mién, mang no-ron doi khang tao sinh, phén loai.
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1. INTRODUCTION

Domain adaptation (DA) is a sub-field of
transfer learning aims to train a network using
source samples that obtain well the
performance on the target domain. The main
goal of domain adaptation is to approximate
the joint distribution of source domain and
target domain that is to predict the target labels
with minimum expected error. This technique
is applied in various real-world applications
such as 1image classification following
Azarbarzin and Afsari (2018), Ge (2020),
Karimpour  (2020), object recognition
following Yu (2019), face recognition
following Sohn (2017), object detection,
semantic segmentation, style translation,
person re-identification, and so forth.

» This paper presents a review for
domain adaptation techniques in computer
vision with deep learning. We cover various
current techniques to solve the domain

adaptation problem. The current techniques
can be categorized into three parts as shown in
the Figure 1.

* The first group is the adversarial-based
method, which includes techniques for
minimizing the distribution difference across
domains by using an adversarial manner with a
domain  discriminator  through  making
confusion domain labels.

« The second group consists of
techniques for making more similarities
between data distributions in source and target
domains by utilizing statistical techniques
called the discrepancy-based method.

In the third group, by mapping both the
source and target domain into a shared
representation domain, the reconstruction-
based methods reduce the difference between
the domains.

Figure 1. Catergorization of deep domain adaptation

Source: Compiled by the authors

2. ADVERSARIAL- BASED METHOD

Adversarial-based  methods  following
Chadha and Andreopoulos (2019), Long et al.
(2018) are an essential type of domain
adaptation method to deal with domain

adaptation problems, which utilize an
adversarial manner for obtaining domain
confusion concerning a domain discriminator.

2.1. Discriminative Adversarial Netwo
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Figure 2. The network architecture of domain adversarial networks

Source: Ganin et al. (2016)

Domain-adversarial training of neural
networks following Ganin et al. (2016) is a
popular training method in unsupervised
domain adaptation, which transfers both
domain data to a common feature space and
shares weights between the source and target
domains. Dann proposes a gradient reversal
layer to alleviate the discrepancy between
source and target domain. In contrast to the
dann method, the adversarial discriminative
domain adaptation method following Tzeng et
al. (2017) (unshared weights between the two
streams) considers independent source and
target mappings allowing domain- specific
feature extraction to be learned, where the
network initializes the target weights pre-
trained on the source. By using the adversarial
learning method of adda, m-adda following

Laradji and Babanezhad (2020) is proposed

{0 -

with a novel metric-learning framework that
uses the triplet loss to cluster the source dataset
for the task of domain adaptation and a new loss
function that regularizes the embeddings of the
target dataset to encourage them to form
clusters. Improved techniques for adversarial
discriminative domain adaptation Chadha and
Andreopoulos (2019) is the improved version
of adda, which extends the discriminator
output over the source classes, in order to
additionally incorporate task knowledge into
the adversarial loss functions and leveraging
on the fixed distribution over source encoder
posteriors in order to propose a maximum
mean discrepancy (mmd) and reconstruction-
based loss function for training a target encoder
and discriminator.

2.2. Feature Matching Adversarial Network

9000000000]

Figure 3. The network architecture of similarity network

Source: Pinheiro (2018)

Based on DANN following Ganin et al.
(2016), SimNet method proposed by Pinheiro
(2018) is proposed with a different approach
that makes some of prototypes from the source
data set, then the network is trained to match an
embedding of target with the prototypes. An

adversarial learning method for domain
adaptation is proposed by applying the
decision boundaries that are specific for each
task to increase the distance between the
classifiers. This method utilizes the task-
specific classifiers as a discriminator for the
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relationship between boundaries of classes and
samples of the target domain. Two classifiers
work as discriminators and are trained to
maximize the discrepancy to detect target
samples outside the support by the training
knowledge form source domain. In contrast, a
feature extractor is trained to minimize the
disparity between source domain and target
domain by generating target features near the
support.
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3. DISCREPANCY-BASED METHOD

Discrepancy-based methods try to make
more similarity between data distributions.
These methods following Tzeng et al. (2014),
are implemented by minimizing the
difference between the features of source and
the target domains.

3.1. Entropy Minimization

Leo(p. ) =Cross Entropy Loss
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Figure 4. The network architecture of minimax entropy

Source:

The principle of meca following Morerio
et al. (2017) is to connect between correlation
alignment and entropy regularization by
combining the geodesic correlation alignment
with the entropy-based criterion in a unique
pipeline that calls minimal-entropy correlation
This method verifies the
effectiveness of the proposed approach in
terms of systematic improvements over former
alignment methods and state-of-the-art
techniques for unsupervised domain through

alignment.

an extensive experimental analysis on publicly
available benchmarks for transfer object
categorization adaptation. In the advent
following Vu et al. (2019), they proposed a
novel entropy-based adversarial training
approach targeting not only the entropy

Saito et al. (2019)

minimization objective but also the structure
adaptation from source domain to target
domain. This method further improves the
performance in specific settings, such as
training on particular entropy ranges and
incorporating  class-ratio  priors.  Semi-
supervised domain adaptation via minimax
entropy is the state-of- art method using the
minimax entropy. Firstly, they create a
prototype representation for each class by
maximizing entropy between source data and a
few-shot target data. Secondly, reduce the
distance between each prototype and its nearby
unlabeled samples by minimizing entropy.

3.2. Maximum Mean Discrepancy (MMD)
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Figure 5 The network architecture of deep adaptation network

Long et al (2015)
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Figure 6. The framework of adversarial autoencoder

Source: Shao and Lan (2019)

Several methods Tzeng et al. (2014), are
developed based on MMD, one of the earliest
methods is the deep domain confusion Tzeng
et al. (2014), where the layer to be considered
for the discrepancy and its dimension is
automatically selected amongst a set of fine-
tuned networks based on linear MMD between
the source and the target. The deep adaptation
network model following Long et al. (2015) is
proposed by using a single layer and linear
MMD, which considers the sum of MMDs
between several layers. They also introduced
an additional work joint adaptation networks.
However, JAN Long et al. (2017) is developed
to focus on the joint distribution discrepancies
of these features instead of the sum of marginal
distributions defined between different layers.
The deep coral is the extended version of the

Similarity Graph
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coral method. The main idea is to learn a
nonlinear transformation that aligns the
correlations of activation layers between the
two streams.

4. RECONSTRUCTION- BASED METHOD

The domain adaptation approaches based
on autoencoder reconstruction typically learn
the domain-invariant representation by a
reconstruction loss in the source and target
domains. Graph-based models are usually
considered a source graph and a target graph
with samples drawn from data manifolds. This
method solves the problem of estimating the
unknown class labels of the target graph by
utilizing the similarity among the two graphs
through the weights of graph edges and the
label information of the source graph.
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Figure 7. Learning procedure of geometric knowledge embedding

Source: Wu et al. (2020)

4.1. Autoencoder-based Models

A deep autoencoder-based network
adaptation framework was presented (Peng,
Wang, & Lu, 2012). Autoencoders are
typically  trained to  minimize the
reconstruction error by optimizing both the
encoder and decoder parameters. The transfer
learning with deep autoencoders following

Zhu et al. (2019) is proposed to minimize the
distance in distributions between domains by
using Kullback Leibler (KL) divergence in the
embedding encoding layer, and label
information of the source domain is encoded
using a softmax loss in the label encoding layer.
Cross Domain Minimization with Deep
autoencoder following Jiang, Chen and Jin
(2020) is presented for unsupervised domain
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adaptation; the classifier is trained by
predicting labels in the source domain and
input target domain is reconstructed by using
shared features aligned with coral Sun and
Saenko (2017) as a regularizer in a unified
scheme. The novel autoencoder-based method
named adversarial autoencoder (AA)
following Shao and Lan (2019) is proposed to

incorporate  with a  feature = domain
discriminator, so that the encoder tries to
encode features that are domain

indistinguishable to the feature discriminator
for feature alignment. In the AA, a decoder is
designed under a reconstruction constraint and
a domain similarity constraint based on MMD
metrics.

Table 1. Results on the domainnet dataset

painting

Method| Source DANN DAN MCD JAN MME
#Step - 1-shot 3-shot | 1-shot 3-shot | 1-shot 3-shot| 1-shot 3-shot | 1-shot | 3-shot
2,000 | 46.1 54.4 582 | 543 5951 52.6 56.1 | 61.1 64.1 62.4 65.2
4,000 | 49.7 56.1 59.8 | 57.1 61.0| 54.7 582 | 647 67.4 64.6 66.7
6,000 | 50.1 583 60.7| 58.6 619 | 549 584 | 66.0 68.3 67.1 69.2
8,000 | 53.2 57.9 613 | 57.6 61.1 | 553 57.8 | 66.8 68.5 68.0 71.0
10,000 | 53.4 57.6 60.6 | 59.0 62.0| 55.7 580 678 69.5 69.6 72.0
12.000 | 53.5 58.1 61.8| 59.2 62.5| 554 570 678 70.5 70.1 72.3
14,000 | 55.4 58.7 61.5| 58.0 61.8| 53.7 56.7 | 682 70.6 70.3 72.3
16,000 | 55.9 583 612 59.0 62.8 | 543 546 | 687 70.7 704 723
18,000 | 55.6 58.3 60.8| 594 62.1| 53.9 56.6 | 684 71.0 70.6 72.3
20,000 | 53.7 58.6 614 | 594 62.5| 52.6 545 | 683 71.0 70.4 72.3

Source: Compiled by the authors
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Figure 8. Example images in domainnet-345 dataset

Source: Compiled by the authors

4.2. Graph-Based Models

The graph-based models try to solve the
problem of estimating the unknown class
labels of the target graph utilizing the label
information of the source graph and the
similarity among the two graphs through the
weights of graph edges. It considers a source
graph and a target graph with samples drawn
from data manifolds. An optimal bayesian
transfer learning following Karbalayghareh et al.
(2018) classifier combines graph model concept
with a Bayesian method for domain adaptation
using the prior knowledge of source and target
domains. To avoid costly computations, the

OBTL classifier is derived based on the
Laplace approximated hypergeometric
functions. The adaptive bayesian linear
regression model following Perrone et al.
(2017) is a graph-based method introduced for
multi-task applications; a Bayesian linear
regression layer models each task in the ABLR
on top of common feature space. The method
called geometric knowledge embedding
following Wu et al. (2020) is introduced in
order to learn discriminative and transferable
representations to exploit the geometric
information of data, which is usually omitted
in most existing domain adaptation methods.
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They describe the relationship between
samples of both source and target data based on
their similarities and develop a graph
convolutional network to learn discriminative
representations based on the constructed

graph.
5. EXPERIMENTAL RESULTS

Datasets. We evaluated recent methods
using the two benchmark dataset: DomainNet
Peng et al. (2019) in Figure 8. DomainNet
contains 6 domains of 345 classes each.
Among them, we used 2 domains (Real,
Clipart) and 126 classes. We chose real images
as source domain and clipart images as target

source MME

domain.

Implementation. We select ResNet-34
following, which is pre-trained on ImageNet
following Deng et al. (2009), for the base
networks. We compare with the following
methods, DANN Ganin et al. (2016), DAN
proposed by Long et al. (2015), MCD
introduced by, JAN Long et al. (2017), and
MME introduced by. All these methods are
implemented to address the semi-supervised
domain adaptation problem, which includes
small number of labeled target images during
training. In this case, we implemented two
scenarios 1-shot and 3-shot images.

i ~ __‘w* L : ..,.H...,. ) j,m:i.
[EE I [ I, S e S

(a) Embedding Space of
Source (MME-pseudo

(b) Embedding Space of
Target after 10k step

(c) Embedding Space of
Target after 20k step

labels) (MME-pseudo labels) (MME-pseudo labels)
" - } i \ [—
: b { 1 ™ - I =t
ugj s = .,?.. T ’*-LE Sr—st—ia ﬁ % '“j : } - ﬁ = -
(d) Embedding Space of (e) Embedding Space of (f) Embedding Space of Target

Target after 30k step Target after 40k step (MME-
pseudo labels)

(MME-pseudo labels)

after 50k step (MME-pseudo
labels)

Figure 9. t-sne visualiation over various the training steps

Source: Compiled by the authors

Figure 9. t-SNE visulalization on
DomainNet. (a) Embedding space after
training on the Source (Real images), (b)
Embedding space on Real->Clipart without

domain adaptation and (c) Embedding space
on Real=>Clipart with domain adaptation
(MME method).
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Figure 10. Performance comparison of domain adaptation methods over training steps

Source: Compiled by the authors

As shown in Figure 9, the target features
have a tendency to move the source features
after applying the domain adaptation method.

The results in Figure 10 compares the
performance of domain adaptation (DA)
methods based on the number of training steps,
with the proposed method achieving the
highest accuracy, maintaining a stable
performance at around 74%. MME also
demonstrates ~ competitive  performance,
gradually improving and nearly reaching the
proposed method, while JAN follows behind
with an accuracy of approximately 68% at the
final stage. DAN and DANN exhibit moderate
performance, fluctuating around 60%, with no
significant improvement after a certain number
of training steps. In contrast, MCD shows the
and most unstable performance,
indicating that this method may not be
effective in this training scenario. The overall
trend suggests that Ours method, MME, and
JAN have greater application potential due to
their consistent and steady performance
improvements over time.

6. CONCLUSION

lowest

In this paper, we provided a survey of
different methods for domain adaptation with
deep learning. We categorized the image
classification methods into three main groups
based on the technology adopted for domain
adaptation: discrepancy-based, adversarial-
based, reconstruction-based methods. We
reviewed recent papers for different deep

visual domain adaptation applications, such as
image classification, semantic segmentation,
and object detection. Finally, experiment
results indicated that the domain adaptation
could lead to enormous advancements in
classification problems.

7. FUTURE WORKS

In future research, we plan to extend our
study by applying adversarial networks to
address the distribution shift problem in
industrial By leveraging deep
adversarial learning, we aim to develop a more
robust and adaptive model that can effectively
minimize discrepancies between different
operating conditions of industrial machinery.
This approach will help enhance predictive
maintenance, fault detection, and performance
optimization by ensuring better generalization
across engine
Additionally, we will explore the integration of
domain adaptation techniques with real-time
monitoring systems to improve the reliability
and efficiency of industrial engine operations.
Our future work will focus on optimizing the
adversarial training process to achieve higher
accuracy, stability, and scalability in industrial
applications.
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