
DOMAIN ADAPTATION FOR VIDEO

ACTION RECOGNITION

Xiyu Wang

School of Electrical & Electronic Engineering

A thesis submitted to the Nanyang Technological University

in partial fulfillment of the requirements for the degree of

Master of Engineering

2023

https://github.com/wang-chen/thesis_template_ntu
https://github.com/wang-chen/thesis_template_ntu
http://www.ntu.edu.sg
http://www.eee.ntu.edu.sg




Statement of Originality

I hereby certify that the work embodied in this thesis is the result

of original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

2 May 2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Xiyu Wang





Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and

declare it is free of plagiarism and of sufficient grammatical clarity to

be examined. To the best of my knowledge, the research and writ-

ing are those of the candidate except as acknowledged in the Author

Attribution Statement. I confirm that the investigations were con-

ducted in accordance with the ethics policies and integrity standards

of Nanyang Technological University and that the research data are

presented honestly and without prejudice.

18 May 2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Prof. Kezhi Mao





Authorship Attribution Statement

This thesis contains material from 1 paper accepted at peer-reviewed

conferences in which I am listed as an author.

Chapter 3 is published as Xiyu Wang, Yuecong Xu, Jianfei Yang, and Kezhi Mao.
”Calibrating class weights with multi-modal information for partial video domain
adaptation.” In Proceedings of the 30th ACM International Conference on Multi-
media, pp. 3945-3954. 2022.

The contributions of the co-authors are as follows:

• Prof Mao provided the initial research direction and reviewed the final manuscript
draft.

• I prepared the manuscript drafts, and Dr. Yuecong And Dr. Jianfei revised
them.

• Dr. Yuecong is involved in the development of part of the code and some
baseline testing while I conducted most of the development.

2 May 2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Xiyu Wang





Acknowledgements

I wish to express my gratitude to my advisor, co-authors, and my parents. Prof.

Mao gave me some initial thoughts on what I should do as a fresh M.Eng. student,

and I appreciate his help in introducing Dr. Yuecong to me. I also want to thank

Dr. Yuecong for teaching me a lot about designing and conducting experiments

and drafting a comprehensive draft for submission. Those abilities are essential for

a researcher. Dr. Jianfei also provided much guidance when I was confused about

experiment results as well as my research direction. Finally, as a self-funded M.Eng.

student, I want to express my greatest gratitude to my parents, who funded me

throughout my M.Eng. candidature. They also provided me with comfort when I

was facing difficulties. Overall, I am thankful to people who had helped me along

the way and I simply cannot express my gratitude enough for them.

ix





Contents

Abstract xiii

List of Figures xiv

List of Tables xix

Symbols and Acronyms xxi

1 Introduction 1

1.1 Overview and Motivation . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Major Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Literature Review 7

2.1 Video Action Recognition . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Handcrafted Visual Features . . . . . . . . . . . . . . . . . . 8

2.1.2 Convolutional Neural Network . . . . . . . . . . . . . . . . . 10

2.1.3 Transformer Network . . . . . . . . . . . . . . . . . . . . . . 13

2.2 Domain Adaptation . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1 Unsupervised Domain Adaptation . . . . . . . . . . . . . . 15

2.2.2 Video-based Unsupervised Domain Adaptation . . . . . . . . 18

2.3 Cross-Domain Video Action Recognition Datasets . . . . . . . . . . 20

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3 Multi-Modality Partial Video Domain Adaptation 23

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.3.1 PVDA with Adversarial Network . . . . . . . . . . . . . . . 29

3.3.2 Multi-Modality Partial Adversarial Network (MAN) . . . . . 29

3.3.3 Multi-Modality Cluster-Calibrated Partial Adversarial Net-
work (MCAN) . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.4 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4.1 Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

xi



xii CONTENTS

3.4.2 Results and Comparisons . . . . . . . . . . . . . . . . . . . . 36

3.4.3 Empirical Analysis . . . . . . . . . . . . . . . . . . . . . . . 37

3.4.4 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4 Continuous Video Domain Adaptation 43

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.3 Continuous Video Domain Adaptation . . . . . . . . . . . . . . . . 48

4.3.1 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . 48

4.3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.4.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . . 53

4.4.2 Results and Comparisons . . . . . . . . . . . . . . . . . . . . 56

4.4.3 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4.4 Result Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5 Conclusion and Future Works 63

5.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2 Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

List of Author’s Awards, Patents, and Publications 67

Bibliography 69



Abstract

Humans can effortlessly learn from a specific data distribution and generalize well

to various situations without excessive supervision. In contrast, deep learning mod-

els often struggle to achieve similar generalization capabilities. This is primarily

because deep models are trained with algorithms that aim to minimize empirical

risks on training data and assume that test data share the same distribution as

train data. However, significant domain shifts between training (source) and test-

ing (target) data can occur, causing deep models to generalize poorly on target

domains and necessitating additional supervision for adaptation.

To address this, Video-based Unsupervised Domain Adaptation (VUDA) has been

proposed as a cost-efficient approach for transferring video action recognition mod-

els from the source domain to an unlabeled target domain. Nonetheless, VUDA re-

lies on strong assumptions, such as identical label spaces and fixed target domains,

which may not hold true in real-world applications. Consequently, this thesis aims

to eliminate these assumptions to broaden the applicability of video adaptation

methods, focusing on two major shortcomings of conventional VUDA methods,

e.g., partial domain adaptation (adapting from a source domain with many classes

to a target domain with fewer classes) and continual domain adaptation (adapting

to continuously changing target domains). For partial domain adaptation, this

thesis proposes the Multi-modality Cluster-calibrated partial Adversarial Network

(MCAN), which constructs a multi-modal network to extract robust features and

a novel calibration method to refine target class distribution estimation, effectively

filtering out irrelevant source classes. To further address some real challenges in

the field of adapting deep video models, the problem of continuous video domain

adaptation is defined and this thesis proposes Confidence-Attentive network with

geneRalization enhanced self-knowledge disTillation (CART). This method lever-

ages attentive learning and a novel data generalization enhanced self-knowledge

distillation to preserve previously learned knowledge on seen target domains while

adapting to newly encountered ones, ultimately providing a performative model

for multiple seen target domains at a minimal cost.

xiii
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This thesis evaluates the proposed partial and continuous video domain adaptation

methods on existing and newly constructed benchmarks in this thesis. Our results

demonstrated significant performance improvements for MCAN and CART, with

MCAN showing particularly strong gains when domain shifts were substantial and

CART demonstrating a superior capability of preserving learned knowledge. In

conclusion, our research findings on partial and continuous domain adaptation ef-

fectively broadened the applicability of video domain adaptation methods, making

them more general and cost-efficient.
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Chapter 1

Introduction

1.1 Overview and Motivation

As one of the most prevalent data types encountered daily, understanding video

content through deep learning methods has gained significant interest in recent

decades. A fundamental aspect of developing the video understanding capability

of AI is vision-based action recognition, which has numerous applications in surveil-

lance, smart homes, autonomous driving, and robotics. While handcrafted features

were initially employed in vision-based action recognition models, deep learning

methods, such as convolutional neural networks (CNNs), have gradually taken the

lead in performance. Pioneering deep learning-based research [2] in vision-based

action recognition focused on extracting spatial features from individual frames

and then fusing them using a late-fusion approach to obtain spatial-temporal rep-

resentations. However, it was discovered that capturing temporal information,

such as motion, proved challenging for CNNs, as they are optimized for process-

ing geometric relationships. In response to subsequent research [6, 7] expanded

2-dimensional CNNs and proposed 3-dimensional CNNs to concurrently process

spatial and temporal information. To date, as self-attention-based transformer

networks have gained prominence in vision-based action recognition, a consen-

sus among researchers remains that accurately modeling temporal relations within

videos is crucial for enabling precise video-based action recognition.

1



2 1.1. Overview and Motivation

Modern deep neural networks often overfit training datasets due to their increased

network capacity in recent years. Consequently, deep learning methods may un-

derperform on target datasets with different data distributions than the training

dataset. This is because the model can reach a local optimum for the training

dataset without being optimal for other data distributions. To address this issue,

a line of work called Unsupervised Domain Adaptation (UDA) for image-based

models was proposed. UDA aims to mitigate the challenges of obtaining costly

and unrealistic fine-tuning datasets. The founding theory of UDA suggests that,

given a fixed model and datasets, adaptation performance is largely determined

by the domain discrepancy between the extracted features of the source and tar-

get datasets. Consequently, related research [8, 9] generally aims to minimize

such discrepancies using strategies like adversarial domain adaptation or minimiz-

ing statistical approximations of domain discrepancies. For videos, adaptation is

complicated by the increased complexity of video features due to the additional

temporal dimension. Although capturing temporal features is necessary for video

action recognition models, current deep learning methods sometimes focus on spa-

tial information and fail to learn temporal relations. This failure can lead to poor

domain adaptation performance, prompting researchers to explore Video-based Un-

supervised Domain Adaptation (VUDA). Recent VUDA work [10, 11] focuses on

aligning temporal features to improve overall domain adaptation performance in

video action recognition models. These works typically emphasize independent pro-

cessing and alignment of temporal features during the adaptation process. While

VUDA has achieved promising results on video domain adaptation benchmarks, it

has limitations when applied to real-world scenarios. Specifically, VUDA methods

generally assume that the label spaces between the source and target domains are

identical, which can be impractical since identifying target classes in the target

dataset can be exhaustive. Additionally, VUDA methods do not consider cases

where the model needs to adapt to continuously arriving target domains, even

though collecting video datasets can be time-consuming and samples may arrive

in batches.

In the first case, known as Partial Domain Adaptation (PDA), the target label

space is assumed to be a subset of the source label space. This assumption in-

troduces the challenge of adapting to the target domain while avoiding negative

transfers of outlier classes or classes that exist only in the source dataset. For

example, a model may be confused by two similar actions, such as walking and
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running. If the source dataset contains both actions while the target dataset only

has ’running,’ the model may misclassify all ’running’ samples in the target dataset

as ’walking,’ leading to degraded adaptation performance. Existing image-based

methods address this issue by estimating the target class distribution based on

aggregated target predictions. For Partial Video Domain Adaptation (PVDA),

temporal features are critical for model transfer, prompting some methods to ex-

tract additional information from temporal relations to improve target class esti-

mation accuracy. This thesis further explores leveraging temporal information for

efficient PVDA and proposes a novel strategy to refine estimation based on certain

clustering structures. A detailed discussion of these methods is found in Chapter

3.

In the second case, Continuous Video Domain Adaptation (CVDA), a deep model

is continuously adapted to new domains without supervision on both the source and

target domains. CVDA remains largely unexplored in academia, as it is a relatively

new topic. Conventional VUDA methods may struggle in such cases, as they are

not designed to adapt to target datasets arriving in separate pieces, each with

potentially different data distributions. To address this, the thesis first formulates

the new CVDA problem and conducts extended experiments on this topic. Based

on insights into how modern video action recognition models respond to CVDA

scenarios, the thesis proposes novel training policies and regularization methods

to prevent catastrophic forgetting of previously learned knowledge. Chapter 4

provides a detailed explanation of the problem and a comprehensive illustration of

the proposed solution.

Overall, this thesis introduces the general concept of Video-based Unsupervised

Domain Adaptation (VUDA), identifying its limitations in Partial Video Domain

Adaptation (PVDA) and Continuous Video Domain Adaptation (CVDA). Building

on VUDA methods, the thesis proposes solutions to these challenges in Chapters

3 and 4, aiming to enable more practical and general domain adaptation for deep

video models.



4 1.2. Major Contributions

1.2 Major Contributions

One of the major contributions of this thesis is that it enables more efficient and

accurate domain adaptation for video action recognition models in more practical

scenarios, e.g., partial domain adaptation scenarios and continuous domain adap-

tation scenarios. More specifically, they can be stated as follows:

Multi-modality Cluster-calibrated partial Adversarial Network (MCAN)

Assuming the source label space subsumes the target one, Partial Video Domain

Adaptation (PVDA) is a more general and practical scenario for cross-domain video

classification problems. The key challenge of PVDA is to mitigate the negative

transfer caused by the source-only outlier classes. To tackle this challenge, a cru-

cial step is to aggregate target predictions to assign class weights by up-weighing

target classes and down-weighing outlier classes. However, incorrect predictions

of class weights can mislead the network and lead to negative transfer. Previous

works improve the class weight accuracy by utilizing temporal features and at-

tention mechanisms, but these methods may fall short when trying to generate

accurate class weight when domain shifts are significant, as in most real-world sce-

narios. To deal with these challenges, this thesis first proposes the Multi-modality

partial Adversarial Network (MAN), which utilizes multi-scale and multi-modal

information to enhance PVDA performance. Based on MAN, this thesis then pro-

poses Multi-modality Cluster-calibrated partial Adversarial Network (MCAN). It

utilizes a novel class weight calibration method to alleviate the negative trans-

fer caused by incorrect class weights. Specifically, the calibration method tries

to identify and weigh correct and incorrect predictions using distributional infor-

mation implied by unsupervised clustering. Extensive experiments are conducted

on prevailing PVDA benchmarks, and the proposed MCAN achieves significant

improvements when compared to state-of-the-art PVDA methods.

Confidence-Attentive network with geneRalization enhanced self-knowle-

dge disTillation (CART) Continuous Video Domain Adaptation (CVDA) is

a scenario where a source model is required to adapt to a series of individu-

ally available changing target domains continuously without source data or tar-

get supervision. It has wide applications, such as robotic vision and autonomous

driving. The main underlying challenge of CVDA is to learn helpful informa-

tion only from the unsupervised target data while avoiding forgetting previously
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learned knowledge catastrophically, which is out of the capability of previous Video-

based Unsupervised Domain Adaptation methods. Therefore, this thesis proposes

a Confidence-Attentive network with geneRalization enhanced self-knowledge dis-

Tillation (CART) to address the challenge in CVDA. Firstly, to learn from unsu-

pervised domains, pseudo labels are utilized. However, in continuous adaptation,

prediction errors can accumulate rapidly in pseudo labels, and CART effectively

tackles this problem with two key modules. Specifically, The first module gener-

ates refined pseudo labels using model predictions and deploys a novel attentive

learning strategy. The second module compares the outputs of augmented data

from the current model to the outputs of weakly augmented data from the source

model, forming a novel consistency regularization on the model to alleviate the

accumulation of prediction errors. Extensive experiments suggest that the CVDA

performance of CART outperforms existing methods by a considerable margin.

1.3 Thesis Organization

Chapter 1 introduces the background and scope of this thesis and provides a brief

overview of domain adaptation for video action recognition as well as some practical

limits of standard unsupervised video-based domain adaptation. Those practical

limits effectively motivated the works contained in this thesis. The main contribu-

tions and outline of the thesis are also briefly listed.

Chapter 2 reviews the research progress of prevailing video action recognition meth-

ods and domain adaptation techniques, including convolutional neural networks,

transformer networks for spatial-temporal analysis, and unsupervised domain adap-

tation for both image-based and video-based tasks. Notably, in Chapter 3 and

Chapter 4, there will be dedicated reviews for specific topics, such as partial do-

main adaptation, while Chapter 2 remains a general introduction for some com-

monly adopted research works.

Chapter 3 introduces the Multi-modality Cluster-calibrated partial Adversarial

Network (MCAN), which uses multi-modal information to achieve better domain

adaptation performance. The involvement of multi-modal information greatly helps

the adaptation performance, as information from a single domain can be biased.

The integration of multi-modal information also enhanced the estimation accuracy
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of the target label space, making the filtration of redundant classes in the source

domain more accurate and efficient. Moreover, as the key contribution, a calibra-

tion method is proposed to make identifying target classes even more accurate.

This is achieved by utilizing the empirical patterns discovered when analyzing the

high-dimensional features produced by deep models. In summary, MCAN effec-

tively integrated multi-modal information for partial video domain adaptation and

leveraged a novel calibration method to make the adaptation process more efficient

and accurate.

Chapter 4 pointed out that while continuous domain adaptation is a commonly en-

countered scenario in video domain adaptation, it is largely unexplored. Therefore,

in this chapter, this thesis first specifies a novel video domain adaptation scenario,

namely Continuous Video Domain Adaptation (CVDA). In CVDA, it is assumed

that a model needs to be continuously adapted to new arriving domains without

being able to access historical data and supervision to emulate real-world scenarios

closely. To enable better CVDA, this research proposal is to learn from samples at-

tentively based on prediction confidence. This thesis proposes a novel data general-

ization enhanced self-knowledge distillation method to preserve learned knowledge.

With both methods, this thesis proposes a Confidence-Attentive network with gen-

eRalization enhanced self-knowledge disTillation (CART) as our main contribution.

Extensive experiments show that CART can effectively preserve learned knowledge

while learning based on noisy unsupervised information.

Chapter 5 summarizes the thesis and envisions some future works.



Chapter 2

Literature Review

Modern domain adaptation generally involves adapting a deep neural network with

a set of adaptation techniques to a target domain. Therefore, this chapter reviews

the related works of this thesis from two perspectives, i.e., backbone networks and

adaptation techniques. Specifically, for backbone networks, a brief review of hand-

crafted feature-based methods is given, followed by reviews of recent progress in

deep learning models for video action recognition, including convolutional neural

networks and transformer networks. For adaptation techniques, this chapter re-

views conventional Unsupervised Domain Adaptation (UDA) methods as well as

recent advancements in Video-based Unsupervised Domain Adaptation (VUDA).

2.1 Video Action Recognition

Video action recognition involves analyzing a video with many frames rather than

a single image, as is the case in image-based recognition tasks. This necessitates

processing multiple frames from a video to generate features that can be utilized for

classifying human actions. In the early stages of research, handcrafted features were

predominantly used, and traditional machine learning algorithms such as Support

Vector Machines (SVM) were employed for classification. However, with the rapid

advancement of deep learning methods in recent years, handcrafted features have

been largely supplanted by features generated by deep neural networks, which

offer greater robustness to variance and improved scalability when given sufficient

data. Presently, convolutional neural networks (CNNs) serve as the mainstream

7
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approach for processing video data, though emerging studies suggest that self-

attention-based transformer networks could become the next-generation standard

for video feature extraction. This section provides a brief introduction to vision-

based action recognition methods that utilize handcrafted features and offers a

comprehensive review of vision-based action recognition techniques based on deep

learning.

2.1.1 Handcrafted Visual Features

As a common practice in both machine learning and deep learning, feature extrac-

tion from raw data is essential for efficient classification since useful information is

often implicitly represented within the raw data. Long before the advent of deep

learning methods, researchers began utilizing various types of handcrafted features

to analyze video clips and classify human actions depicted in them. Although

these handcrafted features have been largely superseded by more robust features

generated by neural networks, these early works provided valuable insights into

the development of video understanding research. Handcrafted features can be

broadly classified into several categories, including local/global feature descriptors,

trajectory-based methods, and feature encoding and aggregation.

Local/Global Feature Descriptor Local feature descriptors primarily capture

appearance and motion information in small regions of video frames, whereas global

feature descriptors represent an entire video by considering a broader range of

frames. Notable examples of local descriptors include Space-Time Interest Points

(STIPs) [12–14] and Histogram of Oriented Gradients (HOG) [15]. For instance,

STIPs-based methods employ the well-established Harris corner detector for image

feature extraction to detect interest points in videos. Researchers extended the

concept of the original Harris corner detector to detect rapid changes across both

spatial and temporal dimensions. Following similar inspiration, the 3D-Hessian

detector was proposed to find interest points in the spatiotemporal domain [16].

While various local feature descriptor methods have been proposed, they are often

susceptible to changes in camera view angles and background movements, limiting

their applicability in real-world scenarios.

Conversely, global feature descriptor-based methods like Motion History Image

(MHI)[17] and Motion Energy Image (MEI)[17] focus on the entire video. MHI,
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for example, computes and summarizes a single ”motion image” to represent the

motions occurring in a video clip. Likewise, MEI also generates a single image

output, albeit without encoding temporal order. Although global descriptor meth-

ods incorporate more information from an entire video, they are limited by their

inability to attend to specific changes between frames. These methods are also

generally sensitive to occlusions, as they require clear human contours to function

effectively.

Trajectory-based Methods Trajectory-based methods involve tracking points

over time to capture motions as a set of trajectories. Two representative methods of

trajectory-based methods are dense trajectories and improved dense trajectories[18].

These methods densely sample points in video frames and track them over time

using optical flow. In iDT, for example, features such as HOG and the Motion

Boundary Histogram (MBH) [19] were integrated. Later, works like SDT [20] were

proposed to improve trajectory-based methods’ robustness during camera move-

ments. Overall, compared to other methods, trajectory-based methods are robust

against camera view angle changes, but they require accurate human skeleton in-

puts, which can be challenging to acquire.

Feature Encoding and Aggregation This line of work largely focuses on com-

bining local features into a compact and discriminative representation suitable for

classification. Though conceptually similar to modern deep neural networks, the

data flow is largely defined manually instead of being learned automatically by

machines. Popular methods in this category include Bag of Visual Words (BoVW)

[21], and Fisher Vector Encoding [22]. A general approach taken by these methods

involves clustering local features into a visual vocabulary and then quantizing the

features into a compact representation. Finally, the resulting compact representa-

tion can be used as input for SVM, and some advances were achieved. In summary,

although comparatively better than simply classifying based on local features, this

line of work is still largely limited by the fact that most of its components are

handcrafted and cannot be optimized for vastly diverse real-world cases, making it

unsuitable for industrial-grade applications.

Overall, handcrafted features have been used for many years and achieved promis-

ing results on smaller early datasets, including HMDB51 [23] and UCF101 [24].

However, they are largely incapable of handling diverse real-world cases due to the

construction of features not always capturing important information from video
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Figure 2.1: The structure of LeNet [1] where the input image is processed by a
few layers of convolutional layers to extract features followed by fully connected
layers to classify the extracted features.

clips, rendering them less applicable to larger and more challenging datasets such

as Kinetics-400 [25].

2.1.2 Convolutional Neural Network

Starting around 2015, the rapid rise of deep learning-based methods began to

outpace conventional handcrafted feature-based methods. Deep learning methods

generally consist of a set of differentiable operations that can be optimized by em-

pirical risk minimization (ERM) [26]. Among these, convolutional neural networks

(CNNs) have been particularly successful in the areas of image classification and

video action recognition.

Convolutional neural networks (CNNs) were first proposed by LeCun et al. [1], and

their main idea is to learn convolutional kernels that are used to perform convolu-

tion on 2-dimensional inputs. By stacking such convolutional operations together,

along with other necessary operations, including activation and fully connected

layers, pioneering works like LeNet [27] have achieved great success in handwritten

digit classification. Thanks to the rapid rise of GPU computing power, deeper and

more complex CNNs emerged after the success of LeNet. These improved versions,

such as AlexNet [28] and ResNet [29], achieved state-of-the-art performance on the

ImageNet dataset [30] in 2012 and 2015, respectively.

Similar to the case of handcrafted features, convolutional neural networks for videos

are largely adapted and improved variants of image-based convolutional neural net-

works. Some early works directly employed 2D CNNs as the backbone for feature

extraction and temporal information is represented as a simple fusion of spatial

features extracted from independent frames. Meanwhile, other works involved
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Figure 2.2: The structure of Temporal Segment Network (TSN) [2]. Video clips
are divided into a few segments and frames are randomly sampled from those
segments. Features from sampled frames are combined during the segmental
consensus stage and the prediction is based on the output of the segmental
consensus module.

leveraging a two-stream structure that processes RGB frames and optical flows in

parallel. Later, 3-dimensional CNNs, also known as 3D CNNs, were proposed to

efficiently integrate temporal information into compact spatiotemporal features.

The following paragraphs of this section will dive deeper into the basics of both

2D CNNs and 3D CNNs for video action recognition.

2D-CNN based Methods. With the rise of deep learning [28], researchers be-

gan adapting CNNs to tackle video understanding challenges. One early work,

DeepVideo [31], proposed using a single 2D CNN network to independently ex-

tract features from video frames and explored several relatively simple methods,

such as early fusion, late fusion, and slow fusion, for combining these spatial fea-

tures into spatiotemporal representations. However, it was found that transfer

learning on UCF101 [24] was considerably less effective than handcrafted counter-

parts. Researchers also discovered that the network performed similarly regardless

of whether the input was a single frame or multiple frames. These observations

might indicate that the trained CNNs were not effectively capturing motion infor-

mation, which could explain why deep learning-based methods were less effective

for video problems compared to handcrafted feature-based methods.

Recognizing the shortcomings of CNNs, such as their inability to capture motion,

optic flow [32] was later introduced to explicitly introduce motion information into

CNNs’ data flow. Optic flow is the pattern of apparent motion of objects, surfaces,

and edges in a visual scene caused by the relative motion between an observer and
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the scene [33]. In practice, optic flow is often represented as a two-channel image

for each frame, where the first channel u corresponds to horizontal movement, and

the second channel v corresponds to vertical movement. By removing redundant

background information, optic flow simplifies the learning problem compared to

using RGB images as inputs. This led to the development of two-stream networks

[34], which achieved results comparable to previous state-of-the-art handcrafted

feature-based methods for the first time, demonstrating that deep learning-based

methods could surpass conventional handcrafted feature-based methods. This suc-

cess spurred a wealth of follow-up research, further advancing video action recog-

nition.

One seminal follow-up, Temporal Segment Network (TSN) [2], was proposed in

the wake of the success of Simonyan et al. TSN experimented with various deep

CNNs, including VGG [35], ResNet [29], and Inception [36], showing that deeper

networks can achieve satisfying results on conventional datasets with appropriate

training strategies, such as batch normalization and dropout. Specifically, TSN

uses backbone networks such as ResNet [29] to extract frame-level spatial features,

which are then fused using a consensus function. Although this structure is rela-

tively simple, it achieves state-of-the-art performance on datasets and has inspired

numerous follow-up works. For example, Temporal Relation Network (TRN) [4]

was proposed to further enhance the effectiveness of the consensus function by

more accurately representing temporal relations. Later works, such as TSM, are

also built upon the structure of TSN, and they yielded promising improvements.

3D-CNN based Methods. Similar to the era of handcrafted features, researchers

also attempted to extend 2-dimensional convolution to 3-dimensional convolution

for processing video inputs. The introduction of 3D CNN first occurred in [37],

although it was not deep enough to demonstrate its full potential. Later, Tran et al.

[6] expanded upon this work and constructed a much deeper network called C3D,

based on the basic structure of the VGG network. However, its performance was

largely unsatisfactory, and significant improvements were needed. For instance,

3D CNNs are difficult to optimize, necessitating large-scale video datasets with

diverse video contents and action categories. Training them also proved to be

more challenging, as 3D CNN networks require significantly more memories and

computations than their 2D counterparts due to their 3-dimensional kernels being

naturally larger than 2-dimensional kernels. Another issue is that 2D CNNs can
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fully utilize pre-trained weights, e.g., a pre-trained network on ImageNet [38], while

3D CNNs need to be trained from scratch.

This situation changed in 2017 with the introduction of I3D[7]. The main con-

tribution of I3D was the revelation that by simply loading dilated pre-trained

weights of a 2D CNN on image datasets, 3D CNNs could avoid repetitive training

from scratch. The results achieved by I3D demonstrated that 3D CNNs could be

as accessible as 2D CNNs while being more capable in terms of capturing tem-

poral relations. Another work aiming to reduce the computational cost of C3D

was R(2+1)D[39], which splits the 3-dimensional spatiotemporal kernel into one

2-dimensional spatial kernel and one 1-dimensional temporal kernel. This simpli-

fication maintained the performance advantages of 3D CNNs while significantly

reducing the required computational resources. This strategy was also employed

by S3D[40] and P3D[41]. Additionally, Channel-Separated Convolutional Network

(CSN) [42] proposed performing convolution operations across channels separately,

further alleviating the resource requirements of 3D CNNs. More recently, the

SlowFast[43] network was proposed, which fuses information from a slow and fast

pathway. The fast pathway is designed to process more frames but with limited

channels, while the slow pathway processes fewer frames but with more channels.

This ensures the simultaneous capture of long-range relations and important static

features, achieving state-of-the-art results in many benchmarks.

In summary, 3D CNNs are powerful end-to-end methods for video action recogni-

tion, capable of working with only RGB input as they have the ability to accurately

extract temporal relations. However, the structure of CNNs might not be the opti-

mal choice for processing consecutive frames, as the advantage of CNNs lies more

in their ability to understand 2D geometries rather than temporal relations. This

is also partially supported by results obtained in this thesis, where CNNs can be

confused by changes in the temporal characteristics of videos and be outperformed

by two-stream methods in domain adaptation tasks.

2.1.3 Transformer Network

Transformer-based networks, a recent development in the field, are built upon a

novel operation known as the self-attention mechanism. Originally designed for

Natural Language Processing tasks, these networks quickly demonstrated their
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Figure 2.3: The structure of Vision Transformer (ViT) [3]. On the left side, it
shows that a single image is represented by a grid of patches that are regarded
as tokens for the transformer network to process. On the right side, it shows the
structure of a single transformer block inside ViT.

potential for processing image and video data. The first work to adapt the self-

attention mechanism for image classification was ViT [3], which suggested that

transformer-based networks could be more scalable than conventional CNNs given

sufficient data. Subsequently, video-based methods such as ViViT [44] and TimeS-

Former [45] rapidly emerged. In transformer-based networks, multiple self-attention

layers are stacked and connected to generate a representation for the input. Within

each self-attention layer, the input is projected into three vectors: Query (Q), Key

(K), and Value (V) using learnable transformation matrices. Multiplication is

performed between Q and K to create attention maps, which are then further

processed by multiplying with V to incorporate input information. Although the

precise mechanism of self-attention remains a topic of debate, researchers generally

agree that this structure allows networks to attend to different objects of interest

in the inputs. For example, a network may learn to attend to human bodies in a

video frame when tasked with classifying human actions.

In summary, transformer-based networks have started to exhibit significant poten-

tial in terms of generalizability and robustness. Research such as TimeSFormer [45]

has also indicated that transformer networks are better suited to process temporal

relations, which may be attributed to the inherent suitability of the self-attention

mechanism for modeling temporal relations. However, as related research has only

recently begun, it will take some time before the full potential of the self-attention

mechanism can be exploited. To facilitate the understanding of transformer-based
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networks, Chapter 4 of this thesis primarily focuses on transformer-based feature

extraction networks, as they have proven to be both generalizable and consistent.

2.2 Domain Adaptation

Neural networks are primarily trained using empirical risk minimization, which

implies that for networks to perform as expected on test data, the training data

should share the same distribution as the test data. Otherwise, the test results can

be significantly degraded due to sub-optimal predictions generated by the network.

This discrepancy in distribution, commonly known as domain shift, indicates that

the source domain (training dataset) has a different distribution than the target

domain (test dataset). For instance, images captured by surveillance cameras and

those taken by phones may differ in characteristics such as resolution, focus, and

color, causing a model trained on surveillance camera data to be confused by inputs

from phone cameras. To address this issue, domain adaptation is necessary. When

sufficient supervised data from the target domain is available, a common approach

for adaptation involves fine-tuning the model on the target dataset using standard

training methods, such as empirical minimization. This straightforward strategy

is widely adopted in various applications due to its promising results. However,

in cases where collecting sufficient supervised data is challenging, fine-tuning may

not be feasible. Consequently, Unsupervised Domain Adaptation (UDA) methods

have been proposed in recent years to facilitate adaptation from the source domain

to target domains without supervised data, reducing the cost of model adaptation.

In this section, conventional image-based unsupervised domain adaptation meth-

ods are first introduced, followed by recent advancements in unsupervised domain

adaptation methods for videos. This section also provides insights into the limita-

tions of current video-based unsupervised domain adaptation methods in certain

applications, which serves as motivation for this research to investigate specific

domain adaptation scenarios for video recognition models.

2.2.1 Unsupervised Domain Adaptation

Since supervised domain adaptation requires supervised datasets which can be hard

to obtain in real-world application scenarios, Unsupervised Domain Adaptation
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(UDA) methods were proposed to avoid using supervised datasets. In UDA, the

model trained on the source data is transferred to the target domain with the

unsupervised target domain data and the essential goal of UDA methods is to

minimize the domain discrepancy between the source and target domains. Previous

works [46] have drawn the upper bound for the expected error ϵT (h) of the target

samples and it is formulated as follows:

Theorem 2.1. Let H be a hypothesis space and US,UT be samples drawn from

distributions pS of the source domain and pT of the target domain respectively. For

hypothesis h ∈ H, the expected error of the target samples is bounded by:

ϵT (h) ≤ ϵS(h) +
1

2
d̂H∆H(US,UT ) +C0 + λ, (2.1)

where ϵS(h) denotes the source error while 1
2
d̂H∆H(US,UT ) is the empirical H∆H

divergence on samples US,UT drawn from distributions pS, pT . λ is the error of an

ideal hypothesis for both source and target domains, while C0 is a constant term

determined by the complexity of the hypothesis space H. Notably, the second term

is often approximated with discrepancy metrics in practice as the actual discrepancy

is hard to be calculated directly.

According to Theorem 2.1, it shows that the key to decreasing the error rate on

the target data is to minimize the second discrepancy term. This is because the

first term, i.e., the source data error, is determined once trained on the source

data, and C0 and λ are also determined by the selected model and λ is often

considered small and negligible as an ideal hypothesis can perform equally well

on all domains. Therefore, mainstream methods largely targeted minimizing the

second discrepancy term, and two main approaches were proposed: adversarial-

based methods and statistic-based methods.

Adversarial Domain Adaptation. Largely inspired by the success of Generative

Adversarial Networks (GAN) [47], researchers proposed adversarial domain adap-

tation methods [8] that employ a feature extractor and a domain discriminator to

minimize the domain discrepancy between the source and target domains. Specifi-

cally, such networks are trained in an adversarial manner: the domain discrimina-

tors learn to discriminate source features from target features, whereas the feature

generators learn to confuse the domain discriminators. Eventually, the feature gen-

erator can learn to generate domain-invariant features such that the discriminator
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is confused. As a result, since the domain discrepancy is effectively reduced during

such a process, the discrepancy term in Theorem 2.1 is also decreased, resulting

in better adaptation performance on the target domain. In practice, the domain

discriminators are implemented as a stack of fully connected layers to distinguish

source features from target features. The output of the feature generator is first

fed to a Gradient Reverse Layer and then passed to the domain discriminator to

achieve the goal of adversarial learning. Such structure soon becomes the main-

stream method as it is plug-and-play and can achieve satisfying results on many

datasets. Its success also inspired many other researchers and an ample of follow-

ups were proposed. Consequently, PixelDA [48] was proposed to perform both

feature-level and pixel-level domain adaptation. Additionally, CyCADA [49] intro-

duced cycle loss and semantic consistency loss over both source and target classes

on top of pixel domain adaptation. Later, works such as MDD [50], ADDA [51],

and CADA [52] were proposed to further improve the performance of adversarial

domain adaptation-based methods. In MDD, a discriminator gate [53] is intro-

duced to filter negative transfer. In ADDA, the researcher performs discriminative

representation learning first followed by the mapping of the target data to learn the

representation space by asymmetric mapping. For CADA, the researchers further

improve ADDA by fine-tuning the trained source feature generator while training

the target feature generator via adversarial learning.

Statistics-based Domain Adaptation. As another viable domain adaptation

approach, statistics-based domain adaptation methods seek to approximate the do-

main discrepancy based on statistics of the extracted features of the source domain

and target domain data. In this manner, given a differentiable discrepancy loss,

one can minimize this loss to achieve the goal of minimizing the discrepancy term

in Theorem 2.1. The seminal work of such an idea is Maximum Mean Discrepancy

(MMD) [9]. MMD operates based on the maximum mean discrepancy, which is a

kernel-based statistical test used to measure the similarity between two probability

distributions. During operation, the mean embeddings of the source and target

domain samples in a high-dimensional Reproducing Kernel Hilbert Space (RKHS)

are compared. The founding idea of MMD is that if two distributions are close

in the RKHS, then the distributions can be considered similar. Therefore, given a

deep neural network, one can first generate video features based on inputs and then

calculate the mean maximum discrepancy as a loss term. By minimizing this loss,

one will effectively achieve the goal of minimizing the domain discrepancy between
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the source and target features and achieve efficient domain adaptation. However,

the MMD is sensitive to the choice of kernel functions used to map data into RKHS

and it requires a pairwise comparison between source and target samples, which

may lead to higher computation costs given a larger unsupervised target dataset.

Thus, a line of works based on MMD [9] was proposed to improve its effective-

ness. MK-MMD [54], explored the idea of using multiple kernel functions, and

Deep Adaptation Network [55] investigated enabling MK-MMD for deeper net-

works. Alternatively, other research suggests that one can also approximate the

domain discrepancy between the source and target domain based on other types of

metrics. For instance, SISS and SIE [56] are proposed to measure the discrepancy

between source and target domains on the Riemannian manifold instead of RKHS,

while CORAL is proposed to measure the discrepancy via covariance matrices.

In summary, the core objective of domain adaptation methods is well-defined by

Theorem 2.1, i.e., minimize the domain discrepancy term. Adversarial-based meth-

ods took the way of leveraging adversarial networks to approach the goal of mini-

mizing the discrepancy, while statistics-based methods employ a more direct way,

i.e., approximate the discrepancy using certain discrepancy metrics, and minimize

the metric to achieve minimization of domain discrepancy. Although UDA meth-

ods had achieved promising results over the years, researchers are beginning to find

that sometimes the assumption made in the standard UDA problems can be restric-

tive. For example, UDA requires equal label space between the source and target

domains. This can be hard to achieve, as identifying what classes are involved in

the target domain can be exhaustive and costly. On the other hand, UDA methods

also do not consider the adaptation process continuous, making it less applicable if

the target data are arriving as batches and the model needs to continuously adapt

to each arriving batch individually. Those shortcomings largely inspired the works

being done in this thesis and our methods addressing those issues will be discussed

in detail in Chapter 3, and Chapter 4.

2.2.2 Video-based Unsupervised Domain Adaptation

UDA researches [8, 9, 51, 52, 54] largely focus on image-based tasks as it is a typ-

ical case of domain adaptation. They can be applied to a variety of tasks, such
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as image recognition, objection detection, as well as semantic segmentation. How-

ever, compared to image-based UDA research, Video-based Unsupervised Domain

Adaptation (VUDA) works are of very limited quantity. This is partially due to the

extraction of spatial-temporal features being much more challenging, and this was

achieved in more recent years. In the early days, Waqas et al. [57] improved the

generalization ability by decreasing the influences from the background, and Xu et

al. [58] mapped source and target domains to a common feature space via shallow

neural networks. More recently, Arshad et al. [59] take the approach of domain

adversarial networks [8] to tackle VUDA problems, and Zhang et al. [60] approach

VUDA with discrepancy-based methods. Later, TA3N [10] proposes to leverage

both domain adversarial networks and information-entropy-based attention mech-

anisms to tackle VUDA on larger datasets, e.g. [23, 24, 61] while ACAN [62] further

applies the domain adversarial network to correlation information within videos.

Naturally, to handle diverse videos, multi-modality VUDA networks are also pro-

posed, and some of them integrate optic flow as the additional modality [63–66]. Qi

et al. [66] propose a unified framework for multi-modal domain adaptation based

on covariant multi-modal attention and multi-modal fusion module. MM-SADA

[63] leverages RGB and optic flow to better recognize fine-grained human actions.

In DLMM [65], a differentiated adversarial learning process is applied to different

modalities, and teacher/student sub-models are applied to estimate the reliability

of recognition results. Later, based on RGB and optic flow, Song et al. [64] pro-

pose to integrate contrastive learning to tackle DA problems. TCoN [11] instead

proposes to align the distributions of video features using a novel cross-domain

co-attention mechanism across the temporal dimension. Meanwhile, SAVA [67]

proposed to add auxiliary tasks as part of the training goal. Overall, VUDA re-

search focuses more on aligning spatial-temporal features, especially the temporal

features, as it is the signature difference between video and image data. Despite its

success, VUDA also faces some practical challenges, such as the need to align the

label spaces and the challenge of continuous adaptation, as mentioned in Section

2.2.1. Those challenges provide important motivations for research, demonstrated

in the following chapters.
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2.3 Cross-Domain Video Action Recognition

Datasets

With the rise of deep learning methods, the need for large and diverse datasets is

becoming unprecedented as the performance of deep learning method often scale

well as the dataset becomes larger and more diverse. Following such a trend, recent

video action recognition datasets are becoming much larger than datasets used to

train and test handcrafted features. To build a video action recognition dataset,

a list of actions will be defined first. Then, videos are created either manually

by researchers or collected from large-scale public platforms such as YouTube.

Finally, the collected data will be cleaned and annotated. Notably, the annotation

process often includes identifying relevant frames of action since raw video can be

long and much irrelevant information can introduce extra noise. In the following

paragraphs, some mainstream datasets that will be used in this thesis to crate

challenging domain adaptation datasets are introduced.

HMDB51 [23] was introduced in 2011 as a pioneering dataset for video action

recognition research. Its video clips are largely collected from movies, and some are

from public databases such as Prelinger archive, YouTube, and Google videos. In

total, HMDB51 contains 6,849 clips and 51 action categories. Officially, HMDB51

has three splits for training and testing and most previous works report the top-1

accuracy either on split 1 or average across all three splits.

UCF101 [24] was introduced in 2012 as an extension for the previous UCF50

dataset. It contains 13,320 videos from YouTube and a total of 101 classes are

contained. Similarly, UCF101 also has three official splits and the accuracy can be

reported in a similar manner to HMDB51.

Sports1M [68] was introduced in 2014 as the first large-scale video action dataset,

which contains more than 1 million YouTube videos annotated with 487 sports

classes. The action categories are fine-grained, making it challenging to correctly

predict the action class between similar classes. It has an official 10-fold cross-

validation split for evaluation.

Moments in Time [69] is a dataset first proposed in 2018 and it is a large-scale

dataset designed for event understanding. Video clips are all 3 seconds clips, and

there are 1 million video clips in total spread across 339 classes. What makes this
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dataset slightly different from other datasets is that video clips in this dataset also

involve people, animals, objects, and natural phenomena, making it vastly different

from ordinary datasets that solely concentrate on human-based actions.

Kinetics-400/600/700 are a series of large-scale datasets that are widely adopted

in many research works as the involved video clips are diverse and of large quantity.

Kinetics-400 [25] was first publicized in 2017, and it consists of around 240k training

and 20k validation video clips that are manually trimmed down to 10 seconds to

exclude redundant contents. As the name suggested, there are a total of 400 classes

in Kinetics-400. In 2018 and 2019, the authors further expanded the Kinetics-400

to Kinetics-600 and Kinetics-700. Today, Kinetics series datasets have become the

standard dataset for testing the performance of a deep action recognition model as

the data diversity and quality is above average.

ARID is a special dataset built for the purpose of testing video action recognition

models in dark environments. Normal datasets largely consist of samples shot in

normal lighting conditions and the model trained on them can be prone to the

change of such conditions. It features 5,572 clips with more than 320 clips per

action, with a total of 11 actions. Notably, ARID is created solely by volunteers in

24 scenes. Overall, the ARID dataset offers a unique chance to test the generaliza-

tion ability of video action recognition models in extreme environments, making a

decent choice to set up a cross-domain adaptation benchmark.

In the cross-domain adaptation context, a common practice to create a domain

adaptation benchmark dataset is to identify a few commonly shared classes across

different mainstream datasets, such as HMDB51 [23], UCF101 [24], and Kinetics-

400 [25], and regard one dataset as the source domain while using another dataset

as the target domain. Following this pipeline, benchmark datasets can be created

according to the needs of each research work. Some common formulations are

the UCF-Oplympic, UCF-HMDBsmall in TA3N [10], Epic-Kitchen-DA from Epic-

Kitchen project [70], etc. In summary, modern domain adaptation datasets for

video action recognition are largely built using mainstream large-scale datasets for

video action recognition. Since there are numerous shared classes, great flexibility

is allowed for testing many different kinds of adaptation scenarios, such as standard

Video-based Unsupervised Domain Adaptation, Partial Video Domain Adaptation,

Continuous Video Domain Adaptation, as well as other types of domain adaptation

scenarios.
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2.4 Conclusion

This provides a comprehensive survey of vision-based action recognition methods,

including handcrafted feature-based methods, convolutional neural networks-based

methods, and self-attention transformer-based methods. The fundamental mech-

anisms behind each method are discussed and highlighted their advantages and

disadvantages against action recognition benchmarks. This also provided us with

key motivations that lead to the research that will be discussed in this thesis,

i.e., current deep models for vision-based action recognition may perform poorly

in practical domain adaptation scenarios due to significant domain shifts. Mean-

while, a brief introduction is provided for Unsupervised Domain Adaptation (UDA)

methods. The founding theory of UDA is displayed, and some insights are also

provided. Then, two mainstream approaches of UDA, i.e., adversarial domain

adaptation and statistic-based domain adaptation, are also introduced. Lastly,

prevailing large-scale datasets for vision-based action recognition are introduced,

and those datasets will be employed to formulate new cross-domain benchmarks in

the following chapters of this thesis.



Chapter 3

Multi-Modality Partial Video

Domain Adaptation

3.1 Introduction

Though video action recognition has been studied for years, one key challenge of

applying it in the real world is that domain shifts between datasets would reduce

the model performance across different video domains. Video-based Unsupervised

Domain Adaptation (VUDA) methods [10, 11, 57–60] are therefore proposed to

mitigate the domain shifts. While many studies achieve notable improvements,

they generally assume the source label space and target label space are identical.

Such an assumption is sometimes impractical as manually aligning the label spaces

of different datasets can be tedious or impossible. In view of this, following the

definition of Partial Domain Adaptation (PDA) [71], Xu et al. [72] propose to

assume that the source label space subsumes the target one and define such scenario

as Partial Video Domain Adaptation (PVDA).

As the main difference from VUDA, the existence of source-only outlier classes can

bias the network in PVDA in such a way that target features may be misaligned

to outlier classes. In such cases, the overall performance may be compromised due

to the negative transfer of irrelevant source data triggered by the learned knowl-

edge of outlier classes. To address the interleaving challenge of mitigating domain

shifts and suppressing the negative transfer of irrelevant source data, attempts have

been made in existing works [72] to filter out outlier classes using a class weight

23
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Figure 3.1: An illustration showing the existence of source-only outlier classes
can cause negative transfers in PVDA. Bars in the class weight plot and classes
in the source domain are placed following the same order. Target classes and
outlier classes are chosen to be similar to each other and placed by order. Class
weights are obtained by aggregating network predictions of target videos. Neg-
ative transfer of irrelevant source data is triggered when the network incorrectly
aligns target videos to source-only outlier classes. Consequently, label distribu-
tion negative transfer arises and biases the network towards outlier classes. Best
viewed in color.

that is enhanced by RGB-only multi-scale temporal pooling [4] and an attention

mechanism. However, the utilization of RGB-only features is sub-optimal as the

fused spatial features implicitly imply the presence of motions, rendering them

insufficient to represent complex motions. Therefore, it is more desirable to inte-

grate additional modalities, such as optic flow, to capture motions more effectively.

With this objective in mind, this chapter proposes the construction of the Multi-

modality partial Adversarial Network (MAN) by combining RGB and optic flow

features to improve motion representation. Both types of features are constructed

using multi-scale temporal pooling [4] to further enhance the representation of mo-

tion. In summary, the temporal feature extraction is efficiently enhanced, and a

better class weight is composed to facilitate the suppression of negative transfer.

While it is the consensus in many studies [71–76] that the negative transfer of

irrelevant source data in PDA and PVDA can be addressed by identifying outlier

classes and having them filtered out, this research asks an obvious but less attended

question: what if the obtained outlier identification is incorrect? In the case of

class weight, it is termed as label distribution negative transfer since the learned

label distribution that shifts away from the real target label distribution could
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severely deteriorate the network performance. More specifically, such negative

transfer is the cycle of learned incorrect predictions compromising the class weight

and the class weight further confusing the network predictions. To circumvent

this, this thesis argues that not all predictions should contribute equally to the

class weight. In other words, the class weight should be calibrated such that

incorrect predictions are down-weighted and correct predictions are up-weighted.

Therefore, the question converts to the effective retrieval of prediction correctness of

the target domain without target labels in PVDA. Inspired by previous works [77–

79], this research pointed out that clustering can be leveraged to approximate such

target supervision. Therefore, this chapter proposes to approximate the prediction

correctness by exploiting cluster structures of video features. Lastly, by combining

the class weight calibration method with MAN, this chapter constructs Multi-

modality Cluster-calibrated partial Adversarial Network (MCAN). In MCAN, the

MAN and class weight calibration further complement shortcomings of each other,

and PVDA performance uplift is achieved for tasks with more significant domain

shifts.

In summary, our contributions are listed as follows:

• To improve the effectiveness of extracted temporal features, this chapter pro-

poses MAN that utilizes multi-modal features and multi-scale temporal pool-

ing to enhance class weight and network predicting performances.

• To mitigate the label distribution negative transfer, approximate the correct-

ness of predictions is approximated using cluster structures of video features

and weighing them accordingly. As a result, the shifted class weight is further

calibrated such that it promotes positive transfers of relevant source data and

suppresses negative transfers of irrelevant source data simultaneously.

• With the joint efforts of MAN and class weight calibration, MCAN achieves

state-of-the-art performance on current prevailing benchmarks, and it is also

the first study in the field of PVDA to exploit cluster structures. Thorough

ablation studies and empirical analysis of MCAN additionally show that the

class weight calibration is not sensitive to parameter initialization and can

be applied to different networks.
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3.2 Related Work

Video-based Unsupervised Domain Adaptation. Recently, many domain

adaptation (DA) methods have been proposed to improve the network general-

ization ability on target domains. Most studies focus on image-based DA tasks

[8, 50, 52, 54, 80, 81, 81–84], and only a few studies [10, 11] the Video-based Unsu-

pervised Domain Adaptation (VUDA) problem. Viewers may refer to the previous

Section 2.2.1 for a comprehensive understanding of those domain adaptation meth-

ods.

Partial Video Domain Adaptation. To closely emulate real-world scenarios,

researchers have extended domain adaptation with many other definitions such as

Partial Domain Adaptation (PDA), Multi-source Domain Adaptation [85], and so

on. Specifically, PDA focuses more on how to identify target classes and source-only

outlier classes. Such a challenge exists because that PDA allows the source label

space to subsume the target one, and the network can misalign target features

to outlier classes. Many image-based works [71, 73–76] approach this challenge

from different aspects: SAN [74] selects out these outlier classes with a multi-

discriminator domain adversarial network, and a weighting mechanism, IWAN

[73] chooses to derive the probability of a source example belonging to the tar-

get domain, PADA [71] weighs each class by a class weight vector obtained as the

aggregation of target predictions, ETN [75] identifies outlier classes by quantify-

ing transferability of examples, and A2KT [76] takes a progressive approach to

gradually filter out outlier samples. Though PDA is well studied on image-based

tasks, Partial Video Domain Adaptation was proposed more recently by Xu et

al. [72], and many of these image-based PDA methods are incapable of handling

PVDA tasks because video features are more complex and less separable. Based on

PADA [71], PATAN [72] leverages multi-scale temporal pooling [4] and information-

entropy-based attention mechanism to compute better class weights and filter out

outlier classes more thoroughly. Nevertheless, PATAN [72] can still fall short of

fitting the target label distribution when significant domain shifts exist. To further

improve the accuracy and robustness of the class weight, the integration of multi-

modal features into multi-scale temporal pooling is proposed, thereby enhancing

the performance of PVDA with better class weights.
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Clustering-based Domain Adaptation. In the field of unsupervised learning,

clustering is a powerful tool to characterize high-dimensional features and retrieve

supervised information. Thus, cluster structures are exploited in much Unsuper-

vised Domain Adaptation (UDA) studies to mitigate domain shifts. The key idea

is to acquire extra target supervision by exploiting cluster structures. For instance,

MSTN [79] proposes to align target class centroids with source class centroids so

that target features are more semantically aligned with the source features. Later,

CAT [86] improves upon [79] by installing a teacher network to produce pseudo

labels. Despite performing alignments between classes, DIRT-T [87] leverages the

cluster assumption [88] to refine the decision boundaries of the classifiers. And

SHOT [77] exploits the cluster structures directly by filtering out outlier classes

in PDA tasks depending on the total of members in each cluster. In sum, clus-

tering offers rich distributional information about the target features, and existing

studies have exploited it from many different aspects. However, in PVDA, few

studies have leveraged cluster structures to facilitate the promotion of positive

transfers and suppression of negative transfers simultaneously. To further enhance

the PVDA performance, it is believed that clustering can be applied and yield

benefits. Therefore, a novel class weight calibration method is proposed in this

research, which approximates the correctness of predictions and incorporates them

into the class weight. This calibration method aims to suppress the negative trans-

fer caused by label distribution and, as a result, facilitates positive transfers of

relevant source data while suppressing negative transfers of irrelevant source data

simultaneously.

3.3 Methodology

Similar to Video-based Unsupervised Domain Adaptation (VUDA), Partial Video

Domain Adaptation (PVDA) is provided with the source domain with ns labeled

samples and source label space Cs DS = {(V s
i , y

s
i )}ns

i=1 and target domain DT =

{(V t
i )}nt

i=1 of nt unlabeled samples with target label space Ct. What makes PVDA

different from VUDA is it assumes that Ct⊂Cs instead of Cs = Ct. The change

of label space assumption means the outlier label space Co = Cs\Ct would exist

and cause irrelevant source data to be negatively transferred. Thus, in PVDA,

besides mitigating domain shifts, promoting positive transfers of relevant source
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data and suppressing negative transfers of irrelevant source data is crucial. To

mitigate the domain shift, the current mainstream method is to apply domain

adversarial networks [10, 11, 72]. The domain adversarial network [8] is analogous

to the Generative Adversarial Network (GAN) [47] as it forms a min-max game

between the feature extractor and domain discriminator. To suppress the negative

transfer of irrelevant source data, the key method is to obtain a class weight γ

every s steps to down-weigh outlier classes [71] and have them filtered out. γ is

obtained as the aggregation of all target predictions and can be viewed as a rough

approximation of the real target label distribution. To improve the approximation

accuracy, recent advances [72] leverage RGB-only multi-scale temporal features

and information-entropy-based attention mechanism to enhance the class weight.

Nevertheless, it is observed that RGB-only features can be insufficient to represent

temporal information, e.g., motion, and additional modalities should be integrated.

Following this inspiration, Multi-modality partial Adversarial Network (MAN) is

proposed to generate more robust and transferable features while suppressing the

negative transfer of irrelevant source data.

On the other hand, while computing class weight [71] is one of the simplest yet

most effective Partial Domain Adversarial (PDA) methods [71, 73–76] for PVDA,

the class weight is far from a perfect approximation of the target label distribution.

Typically, the class weight would shift away from the real target label distribution

due to incorrect predictions, and this causes the accidental down-weighing of tar-

get classes and up-weighing of outlier classes. In this thesis, this is termed as label

distribution negative transfer because inaccurate class weight can cause the cycle of

learned incorrect predictions to compromise the class weight and the class weight

further confusing the network predictions. Moreover, it is particularly noted that

the label distribution negative transfer includes the case where target classes are ac-

cidentally down-weighted while previous works attend less to this issue [10, 72, 77].

To this end, inspired by previous works [77, 79, 86, 87], this chapter proposes

to suppress the label distribution negative transfer via calibrating the shifted class

weight. Specifically, this chapter first studies the cluster structures of video features

in PVDA tasks. Then it is proposed to up-weigh correct predictions and down-

weigh incorrect predictions where the correctness of predictions is approximated by

exploiting cluster structures in a novel way. Lastly, with the simultaneous promo-

tion of positive transfers and suppression of negative transfers, the combination of

class weight calibration with MAN leads to the Multi-modality Cluster-calibrated
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partial Adversarial Network (MCAN). The thesis begins by revisiting PVDA, fol-

lowed by a detailed illustration of MAN and the algorithms employed for the class

weight calibration of MCAN.

3.3.1 PVDA with Adversarial Network

The main challenge of PVDA is to mitigate domain shifts and the negative trans-

fer of irrelevant source data. The key idea to tackle them simultaneously is to

learn domain-invariant features and filter out outlier classes with class weight γ.

To obtain domain-invariant features, domain adversarial network [8] proposes to

form a min-max game similar to Generative Adversarial Networks [47]. To filter

out outlier classes, γ is obtained by aggregating network predictions, and the do-

main adversarial network is also weighted by γ to filter out outlier classes more

thoroughly. The overall objective for prior PVDA networks [72] is formulated as:

L =
1

ns

ns∑
i=1

γ[Ly(Gy(Gf (V
s
i )), yi)− αLd(Gd(Gf (V

s
i )), di)]

− α

nt

nt∑
i=1

Ld(Gd(Gf (V
t
i )), di),

(3.1)

where Gy is the source classifier, Gd is the domain discriminator, Gf is the feature

extractor, V s
i , V

t
i is the sampled video input from the source and target domain,

yi is the ground truth class label, di is the ground truth domain label, α is a

trade-off hyperparameter to balance label and domain classification, and Ld, Ly

are implemented as cross-entropy losses. For the class weight γ, it is obtained

every s mini-batches as: γ′ = 1
nt

∑nt

i=1 δ(ŷi), where ŷi = Gy(Gf (V
t
i )) is the network

prediction, and δ is a softmax function. In practice, γ′ is additionally normalized

by dividing its mean γ′, i.e. γ = γ′

γ′ .

3.3.2 Multi-Modality Partial Adversarial Network (MAN)

Existing works [72] primarily focus on leveraging RGB-only features to obtain

better temporal features and thus compute more accurate class weight. This can

be insufficient as motion features are implicitly embedded in the temporally pooled

[4] RGB-only features. To explicitly represent motion features, MAN is proposed as



30 3.3. Methodology

a means to achieve this objective. The corresponding details of MAN are described

below.

This chapter denotes the ith video input that contains multi-modal frames as

Vi = {(v1,1, v1,2, . . . , v1,M), . . . , (vN,1, vN,2, . . . , vN,M)}, where vj,m is the jth frame

of the mth modality and N,M is the total number of sampled frames and modal-

ities, respectively. For the following equations that contain multi-modal features,

the same sub-scripting rule is also applied. Thus, the main objective of MAN is

formulated similarly to Eq.3.2 as:

L =
1

ns

ns∑
i=1

γ[Ly(Gy(F (
M∑

m=1

Gf,m(V
s
i,m))), yi)

− α

M∑
m=1

Ld(Gd,m(Gf,m(V
s
i,m)), di)]

− α

nt

nt∑
i=1

M∑
m=1

Ld(Gd,m(Gd,m(V
t
i,m)), di),

(3.2)

where F is a fusing function for multi-modal features. In practice, F is implemented

as MLP layers to align dimensions and element-wise addition to fuse features.

Consequently, γ is obtained every s mini-batches as:

γ′ =
1

nt

nt∑
i=1

δ(Gy(F (
M∑

m=1

Gf,m(V
t
i,m))), (3.3)

where the raw class weight γ′ will be additionally divided by its mean. In practice,

while RGB is often the first modality to be applied, optic flow is considered the

second modality in many studies [2, 6, 7, 43]. This is largely due to the optic flow

can explicitly express the motions between given frames and suppress irrelevant

background information. Conventionally, generating optic flow requires the TV-L1

[89] algorithm to run offline, and each frame in the original video will be assigned

a post-adjacent optic flow frame. Such an extraction pipeline is inflexible and con-

sumes storage space. Moreover, the TV-L1 algorithm also falls short of handling

long-range dependencies and occlusions. Given this, this chapter proposes to di-

rectly obtain optic flow frames between sampled frames online, i.e. during training,

using learned neural networks. In this thesis, segment-based sampling is applied,
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and the optic flows can be extracted as:

Vi,2 = {O(v1,1, v2,1),O(v2,1, v3,1), . . . ,O(vN−1,1, vN,1)}, (3.4)

where O is the learned neural network, sampled RGB frame vj,1 is randomly ob-

tained from the jth segment of the video and temporally ordered in Vi,1. For the

following equations in this chapter, they also define RGB as the first modality and

optic flow as the second, i.e. m = 1 for RGB and m = 2 for optic flow.

Further, the Temporal Relational Module [4] is applied to both modalities to en-

hance the motion representation. Based on the segmental sampling, the multi-

modal frame-level feature f ′i for Vi can be denoted similarly as:

f ′i = {(f1,1, f1,2), (f2,1, f2,2), . . . , (fN,1, fN,2)}, (3.5)

where fj,m is the extracted feature using Gf,m. Next, multiple frame features fj,m in

f ′i are combined to form the clip with r temporally ordered and randomly sampled

frames where r∈[2, N ]. Formally, the multi-scale feature fi for Vi can be denoted

as:

fi =
M∑

m=1

N∑
r=2

L∑
l=1

gr(f1,m, f2,m . . . , fr,m)l (3.6)

where fj,m here instead refer to the jth within the clip, r features are sampled

from f ′i for the lth clip, L is the maximum number of clips L = max(Cr
N , 5), gr

is implemented as Multi-Layer Perceptron (MLP) to fuse temporally concatenated

frame features fj,m. Overall, all clips with the same length are grouped as a single

temporal scale, i.e. an r-frame relation.

3.3.3 Multi-Modality Cluster-Calibrated Partial Adversar-

ial Network (MCAN)

To further mitigate the label distribution negative transfer that leads to deteriorat-

ing class weight, not all predictions should contribute to the class weight equally.

To achieve this, MCAN is proposed, which incorporates a lightweight and effective

calibration module. This calibration module is designed to enhance the PVDA

performance further, building upon the effective design of MAN. Existing works

[72] weigh the predictions by measuring their certainty with information entropy
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Figure 3.2: Illustration of the proposed MCAN architecture. Gf,1, Gf,2 is the
feature extractor for RGB and optic flow modality; O is the optic flow estimation
network; GRL is the Gradient Reversal Layer [4]; Optic flows are generated
from sampled frames in each segment in the video. Calibrated γ is fed to weigh
Ld, Ly. The dotted lines represent that the data flow is single-ended without
backpropagation. The black solid arrow for Sampling Sync passes the segmental
sampling information to Gf,1, Gf,2 andO. Parameters ofO are completely frozen
and marked by the red ’lock’. Best viewed in color.

or directly discard identified outlier classes using cluster structures [77]. Though

effective, their dedicated strategies may not be optimal for cases where the do-

main gap is large. Therefore, this section first proposes a lightweight and simple

weighing strategy suitable for networks like MAN as follows:

γ′ =
1

nt

nt∑
i=1

δ(ŷi)ω(1−Hent(δ(ŷi))), (3.7)

where Hent(p) = −
∑

k pklog(pk) measures the certainty levels, and pk is the proba-

bility of a sample being classified to the kth class. γ′ should be divided by its mean

γ′ to obtain γ. However, leveraging information entropy to produce weights is not

ideal. For instance, given two classes, an incorrect prediction ŷ1 = [0, 1] would

produce just the same weight as a correct prediction ŷ2 = [1, 0]. Furthermore,

though correctly promoting positive transfers of relevant source data is important,

entropy-based calibrating is particularly incapable of enabling such promotions.

For example, given a class weight of three target classes γ = [1.2, 0.8, 2.0], while
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the predictions for the second class can be rather uncertain, entropy-based weigh-

ing is likely to produce a worse one, e.g. γ = [1.5, 0.6, 3.1], due to the nature of

information-entropy-based weighing is to down-weigh uncertain predictions. With

the goal of promoting positive transfers and negative transfers simultaneously in

mind and inspired by previous works [77, 79, 86, 87], this chapter proposes exploit-

ing cluster structures of video features to suppress the label distribution negative

transfer.

To exploit cluster structures, it is necessary to identify general patterns within

video feature clusters. The focus of this thesis is on the utilization of the k-means

algorithm, although alternative clustering approaches can be employed. More pre-

cisely, the problem of learning a d×k centroid matrix C and obtaining cluster

assignments ui for each video feature fi is addressed by the k-means algorithm [90].

minC∈Rd×k
1
nt

∑nt

i=1minui∈{0,1}k ||fi − Cui||22 s.t. u⊤
i 1k = 1. (3.8)

Solving the problem provides a set of optimal cluster assignments (u∗
i )i<nt and the

centroid matrix C∗. The centroids are obtained following [91] and the optimization

of Eq.3.8 is performed following [92]. Upon observation, it is observed that with

large domain shift and rather small K values:

• Features of incorrect predictions are more likely to be located closer to cen-

troids.

• Features of incorrect predictions are likely to form large clusters, and this

becomes more obvious when there are more source classes and samples.

• Correct predictions with separable features are more likely to form indepen-

dent smaller clusters, and they can be overly up-weighted because they are

certain and numerous.

To exploit these observations, a counter-intuitive but effective way would be down-

weighing predictions whose features are close to centroids. Moreover, to reduce the

excessive up-weighing of well-classified classes, a cluster-relative weighting scheme

would be more sensible. In line with these conclusions: a novel weighting scheme
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can be written as:

Hcls(fi) =


a τ ∈ (−∞, µ− σ)

(τ−(µ−σ))(b−a)
2σ

+ a τ ∈ [µ− σ, µ+ σ)

b τ ∈ [µ+ σ,∞)

(3.9)

where a < b, τ is the distance between fi and its corresponding centroid Cui, i.e.

τ = ||fi − Cui||22, µ is the mean of all τ in cluster C∗u∗
i , and, similarly, σ is the

standard deviation.

Compared to entropy-based calibration [10, 72] and filtering out outlier classes in

hard ways [77], our weighing strategy has these benefits:

• It roughly achieves the same positive effects as these methods.

• It partially avoids up-weighing incorrect predictions like entropy-based cali-

bration.

• It is more robust and flexible than discarding outlier classes directly.

• It partially avoids overly up-weighing well-classified target classes since the

weighting scheme is relative to cluster structures.

Last, to make cluster-based calibration more broadly applicable, the final weight is

an addition of both cluster-based calibration as well as entropy-based calibration.

γ′ =
1

nt

nt∑
i=1

δ(ŷi)(βω(1−Hent(δ(ŷi))) +Hcls(fi)), (3.10)

where β balances both calibrations, ω is set to align the range of Hent to Hcls, and

γ is obtained by dividing γ′ with its mean γ′.

By applying Eq.3.10 to MAN, MCAN is obtained. In sum, MCAN (1) leverages the

explicitly expressed motion features in optic flow to form a multi-modality network

and improves the overall PVDA performance, and (2) it particularly addresses the

issue of label distribution negative transfer by facilitating the positive transfer of

relevant source data and suppressing the negative transfer of irrelevant source data

simultaneously. The illustration of the overall architecture is presented in Fig.3.2
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3.4 Experiment

In this section, experiments on three benchmarks are conducted to evaluate MCAN

against previous PVDA/VUDA methods and several image-based PDA methods.

The comparisons between our methods and other methods are first shown, followed

by thorough empirical analysis and ablation studies.

3.4.1 Setup

The evaluation of the network performance is conducted on the following PVDA

benchmarks: UCF-HMDBpartial , MiniKinetics-UCF, and HMDB-ARIDpartial intro-

duced by [72]. Thereinto, ARID(A) [93] dataset is particularly created for video

shot in darkness and has larger domain shifts from common datasets, including

HMDB51(H) [23], UCF101(U) [24], MiniKinetics(M) [94], etc.

UCF-HMDBpartial . The UCF-HMDBpartial dataset is constructed upon 14 shared

classes between UCF101 and HMDB51 datasets. A total of 2780 videos are sam-

pled, and the first 7 classes in alphabetical order are chosen to be the target

classes. The original split of training and evaluation is maintained. In sum, UCF-

HMDBpartial offers settings: U-14→H-7 and H-14→U-7.

MiniKinetics-UCF. Similarly, the MiniKinetics-UCF dataset contains 45 shared

classes and 18 target classes for the target domain. Across MiniKinetics-200 [94]

and UCF101 [24], a total of 22,102 videos are contained, which is much more

than other benchmarks. Such a scale also suggests that MiniKinetics-UCF can be

more qualified to represent real-world scenarios. Overall, MiniKinetics-UCF offers

settings: M-45→U-18 and U-45→M-18.

HMDB-ARIDpartial . The ARID [93] dataset was created based on videos shot in

darkness. Therefore, transferring to ARID [93] from other datasets, e.g. HMDB51

[23], can be challenging. Overall, 10 source classes are selected, and 5 of them are

chosen as target classes using the same protocol applied to UCF-HMDBpartial and

MiniKinetics-UCF101. This yields H-10→A-5 and A-10→H-5.

For implementation, PyTorch [95] library is used to implement all domain adap-

tation methods. For RGB modality, TSN [2] trained on ImageNet [38] is utilized.

RAFT+GMA [96] trained on Sintel [97] is leveraged as the optic flow estimation
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Table 3.1: Results of MAN and MCAN on three pairs of datasets

Methods
UCF-HMDBpartial MiniKinetics-UCF HMDB-ARIDpartial

U-14→H-7 H-14→U-7 M-45→U-18 U-45→M-18 H-10→A-5 A-10→H-5
TRN [4] 62.85% 78.95% 88.57% 64.30% 23.33% 26.00%
DANN [8] 60.95% 74.44% 85.94% 64.06% 24.10% 34.00%
TA3N [10] 50.49% 70.68% 75.70% 48.23% 18.30% 24.00%
PADA [71] 65.71% 82.33% 89.45% 63.35% 24.36% 34.00%
ETN [75] 67.88% 82.89% 83.33% 63.59% 19.49% 28.82%

MK-MMD [54] 58.57% 82.71% 87.85% 63.82% 26.67% 34.67%
MCD [81] 55.71% 73.31% 88.58% 65.72% 19.74% 33.33%
MDD [50] 62.58% 80.45% 85.79% 66.66% 25.13% 26.00%
PATAN [72] 73.81% 89.85% 89.75% 69.51% 26.41% 34.67%

MAN 74.29% 91.35% 91.51% 71.16% 36.92% 44.00%
MCAN 79.52% 88.35% 87.70% 73.52% 40.51% 48.22%

network. SlowOnly [43] network is used to extract optic flow features. The batch-

size is set to 24 for both source samples and target samples, resulting in a total of 48

samples fed to the model in each iteration. Since applying class weight calibration

also changes the network convergence dynamics, grid searches are conducted to

obtain the optimal training epochs on each experiment setting. More specifically,

the network is trained for 20 epochs on U-45→M-18 and A-10→H-5, 30 epochs

on H-14→U-7, M-45→U-18, and 15 epochs on H-10→A-5 and U-14→H-7.

The learning rate is globally set to 0.001. α = 1 for all settings. β = 0.5 for

UCF-HMDBpartial and MiniKinetics-UCF. β = 2 for HMDB-ARIDpartial. a = 5 and

b = 1 in Eq.3.10. For universality, while some other optimal values may produce

even higher results, K is set to 4 for U-14→H-7 and both settings in HMDB-

ARIDpartial, and 5 for others.

3.4.2 Results and Comparisons

The network performances on the target domains are compared with the previous

PVDA and VUDA methods. Specifically, image-based methods including DANN

[8], PADA [71], ETN [75], MK-MMD [54], MCD [81], and MDD [50] are adapted

for transferring video features. TA3N is reproduced based on their provided code

and features [10]. Due to different experiment settings, PATAN [72] is reproduced.

In general, results in Table 3.1 show that MAN and MCAN achieve results that

surpass the previous highest results from PATAN or other methods. Based on

the results of MAN, they show that the utilization of multi-modal features and

multi-scale temporal pooling is indeed beneficial to enhancing PVDA performance.
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More importantly, this enables more robust and less shifted class weight for outlier

classes filtration. As a result, a relative improvement of 1.6% is achieved com-

pared with PATAN [72] on UCF-HMDBpartial and MiniKinetics-UCF. Particularly,

MAN improves the results on H-10→A-5 and A-5→H-10 from 26.67%, 34.67%

to 36.92% and 44.00%, respectively. Such significant performance uplift is largely

due to the optic flow being much more robust to steep luminance changes between

datasets. Moreover, it is worth noting that class weight additionally amplifies the

benefits brought by multi-modal features since it can guide the training process

much more precisely.

Furthermore, based on results from MCAN, they imply that the suppression of

label distribution negative transfer is effective. This is supported by a 7.41% rela-

tive improvement on four datasets that has larger domain shifts, e.g U-14→H-7,

U-45→M-18, H-10→A-5, and A-10→H-5. In conclusion, the significant im-

provements brought by our class calibration method prove that exploiting cluster

structures of video features is a novel and valid idea. Admittedly, it is observed

that class weight calibration is not effective on H-14→U-7 and M-45→U-18. It

is believed that this is largely due to the domain shifts being much smaller than

other benchmarks, making the cluster structure being exploited less compatible

with these settings. Nevertheless, even source-only networks, e.g. TRN [4] can

achieve high PVDA performance in these settings.

3.4.3 Empirical Analysis

t-SNE visualization. To support our claims in section 3.3.3 about the cluster

structures of video features, t-SNE [5] plots in Fig.3.4 for target features from U-

45→M-18 and U-14→H-7 produced by MAN is obtained. Before any analysis,

one should note that t-SNE plots are not a direct visualization of k-means clustering

observations. Based on plots (b), (c), and (d), it can be observed that those

incorrect predictions tend to be located near the centroids, while the entropy-

based weighting blindly up-weighs the predictions of these features. This is in line

with our motivation to implement the Eq.3.9, which is to down-weigh incorrect

predictions. For U-14→H-7, the t-SNE plots show that the 2nd class and 6th

class are weighted similarly by both calibration methods, but the entropy-based
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Figure 3.3: t-SNE [5] plots colored by different criteria. Plots (a) to (h)
are t-SNE plots for features generated by MAN at the 5th epoch. The usage
of early epochs is intentional since the first few class weights are crucial to
successful training. The first row and second row correspond to features of test
samples from U-45→M-18 and U-14→H-7. (a) and (e) is colored by cluster
assignments. Correct predictions are colored green, and incorrect predictions are
colored red in (b). Incorrect predictions are colored by red, 2nd and 6th classes
are marked as green, and others are colored as blue in (f). Hcls in Eq.3.10 is
removed to produce (c) and (g), and Hent is removed to produce (d) and (h).
The degree of weighing is shown by color in (c), (g), (d), (h), and they are
directly comparable. Deeper colors mean the weight is higher. Black dotted
circles in the first row mark the case where the entropy-based calibration can
accidentally up-weigh incorrect predictions. The circles in the second row mark
the case where the entropy-based calibration can overly up-weigh well-classified
classes. If inconsistencies occur between observations based on k-means and the
t-SNE plots, it is recommended to refer back to previous observations made in
section 3.3.3.

weighing can produce a class weight with a high vector mean due to the over up-

weighing of classes marked by dotted black circles. This is also in line with the

motivation of designing Eq.3.9, which is to weigh predictions in a balanced way,

i.e. referring to the relative position of each feature in its assigned cluster. Overall,

t-SNE plots offer crucial visualizations to support the formulation of our weighting

scheme, and they also suggest that the exploited cluster structures are not unique

to a single experiment setting.

Class weight visualization. To understand the efficacy of calibrating the class

weight and demonstrate that our calibration method is also applicable to other

frameworks, an experiment on U-45→M-18 is conducted using TRN based on

the TSN backbone [2] equipped with [4] PADA [71] with and without the calibra-

tion. In general, TRN+PADA+Calibration achieves an accuracy of 69.50%, while
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Figure 3.4: Class weight of each class in U45→M18 at epoch 20 using
TRN+PADA and TRN+PADA+class weight calibration. Classes from Biking
to Javelin Throw are target classes, while others are outlier classes. The weights
are all obtained as raw weights. A higher weight for target classes is better, and
a lower weight for outlier classes is better. Best viewed in color.

TRN+PADA achieves 63.35%. For simplicity, only 9 classes in all 45 classes are

shown in Fig.3.4. Based on the case of Kayaking and Skijet, our calibration method

indeed suppresses the label distribution negative transfer because the weight for

Skijet is significantly reduced. This also leads to the up-weighing of Kayaking

since these two are similar. For other outlier classes that share less similarity with

target classes, it is also observed that these outlier classes, e.g. Juggling Ball,

Pole Vault, Shot Put are constantly down-weighted, and the target class, Biking,

is up-weighted. For classes that share excessive similarities, e.g. Javelin Throw

and Throw Discus, the up-weighing of Javelin Throw is relatively more than that

of Throw Discus. This suggests that even if the network only has a limited abil-

ity to distinguish them, the class weight calibration can still promote the target

classes and facilitate the positive transfer of relevant source data. Overall, results

in Fig.3.4 show that our goal of promoting the positive transfer of relevant source

data and suppressing the negative transfer of irrelevant source data is achieved.

Moreover, this indicates that our calibration method could indeed work with other

PVDA methods.

3.4.4 Ablation Study

Network ablation. To further analyze the efficacy of the proposed MCAN, per-

form ablation studies are performed to evaluate MCAN against its variants: (1)
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MCAN w/o class weight is a variant that does not contain class weight updat-

ing over the entire training process, i.e. it is equivalent to MAN; (2) MCAN w/o

calibration is a variant where class weight calibration is removed; (3) MCAN w/o

adversarial is a variant without adversarial network, and (4) MCAN w/o flow is a

variant where the optic flow estimation and extraction pipeline are removed. This

thesis evaluates these variants on the challenging HMDB-ARIDpartial dataset to

demonstrate the efficacy of MCAN, and the results are shown in Table 3.2.

Table 3.2: Ablation Studies on HMDB-ARIDpartial

method H-10→A-5 A-10→H-5
MCAN 40.51% 48.22%

MCAN w/o class weight 37.95% 37.33%
MCAN w/o calibration 36.92% 44.00%
MCAN w/o adversarial 35.90% 43.33%

MCAN w/o flow 23.67% 35.33%

Specifically, the first variant is meant to demonstrate the effectiveness of utilizing

class weight, and the results indeed support that class weight can benefit PVDA

performance. The second variant is set to justify the efficacy of class weight cali-

bration. Compared with MCAN, the results imply that the calibration surely offers

a positive performance uplift. The third variant is meant to demonstrate the im-

portance of generating transferable features via domain adversarial networks, and

the results also align with our intention. Last, the fourth variant demonstrates the

dramatic performance uplift should thank the application of multi-modal features,

e.g. optic flow. Moreover, while the calibration may not work efficiently if the pre-

dictions are too noisy, e.g. the bottom column of H-10→A-5, it is indeed effective

on A-10→H-5.

K value ablation. In many methods that utilize k-means clustering, selecting

an optimal K value through grid searches is essential. However, in this thesis,

it is empirically demonstrated that the performance uplift can be achieved with

a relatively wide range of K. To support this claim, multiple experiments are

conducted onU-14→H-7 by gradually increasing theK, and the results are shown

in Fig.3.5. Compared with the baseline result from MAN, MCAN can achieve an

average of 4.05% relative improvement when K∈[1, 7]. On the other hand, the

performance quickly drops after K gets larger than 9, and the k-means clustering

would not converge when K is greater than 11. Such a phenomenon is expected as
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Figure 3.5: Ablation study of the K value on U-14→H-7 using MCAN. The
dotted line marks the baseline result from MAN.

our class weight calibration is built upon observations made for smaller K, and the

features are assumed to be less separable. In conclusion, this section empirically

demonstrates that our class weight calibration method is a practical method that

is not excessively sensitive to the K value.

3.5 Conclusion

In this work, a novel multi-modality network MAN to improve video feature ro-

bustness across different domains significantly is proposed. Unlike previous works

that only rely on RGB-only features, MAN explicitly represents motions via optic

flow modality and utilizes multi-scale temporal pooling to enhance the predicting

performance and class weight. To particularly aid the issue of label distribution

negative transfer, it is proposed to calibrate the class weight of MAN, which brings

us MCAN. The class weight calibration method in MCAN exploits cluster struc-

tures of video features to correctly promote positive transfers of relevant source

data and suppress negative transfers of irrelevant source data simultaneously. The

state-of-the-art PVDA performance of our networks are well justified by our ex-

tensive experiments across different PVDA benchmarks and subsequent analysis.





Chapter 4

Continuous Video Domain

Adaptation

Chapter 3 delved into the problem of partial video domain adaptation, exploring

ways to improve the performance of video action recognition models when faced

with redundant classes in the source label space. While substantial progress was

made, the proposed method did not fully attend to real-world scenarios where

continuous adaptation is needed. In real-world applications, the data distribution

often changes over time, which is a distinct challenge that our previous study did

not address. Given this, Chapter 4 investigates to tackle the problem of continuous

video domain adaptation. The aim is to extend the application range of video

action recognition models, enabling them to adapt to evolving environments and

maintain high performance over time. It is important to note that the work in

this chapter does not utilize the partial assumption about the label space because

this research intends to study fundamental problems such as continuous domain

adaptation for video action recognition. Nonetheless, this does not exclude the

possibility of integrating the insights and techniques from the two chapters in

the future. By combining the strategies for dealing with partial and continuous

domain adaptations, we may be able to create more robust and adaptable video

action recognition methods.

43
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Figure 4.1: Illustration of how changing target domains are encountered in
CVDA. The source model is adapted to each individual arriving domain, and
seen domains are not accessible. In such a scenario, VUDA methods can forget
previously learned knowledge, and it can be limited by storage issues. Therefore,
it is nontrivial to tackle the continuous learning challenge in CVDA, and CART
is proposed to address these challenges.

4.1 Introduction

Video action recognition using deep learning [2, 6, 45, 98] is a long-studied topic and

has many applications [99–103]. Still, in real-world scenarios, model adaptation

is often necessary due to domain shifts between the source and target domains.

Therefore, Video-based Unsupervised Domain Adaptation (VUDA) methods [10,

104–106] were proposed to transfer models from a pre-training (source) domain to

a static new (target) domain.

However, continuous adaptation is more desirable for real-world machine percep-

tion systems because they are running in continually changing environments, and

the target domain distribution can change over time. Intuitively, assuming the

source data can be stored and accessed, VUDA methods can continuously adapt

to new arriving target domains. Still, this is sub-optimal as VUDA methods do

not consider preserving knowledge learned on previous domains, making repeated

adaptation necessary when seen domains are re-appearing. On the other hand,

there is a strong motivation to enable continuous adaptation without any previous
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Setups Source Data Target Supervision Target Task Data Type
UDA [8, 50, 54, 81] Yes No Static Domain Image
VUDA [10, 104–106] Yes No Static Domain Video
SFDA [77, 107, 108] No No Static Domain Image

SFVDA [110] No No Static Domain Video
CiDA [111] No No Static Class-Incremental Image
CL [112–114] N/A Yes Continuous Class-Incremental Image/Video
CDA [109] N/A Yes Continuous Changing Domain Image

Ours (CVDA) No No Continuous Changing Domain Video

Table 4.1: Differences between CVDA and previous similar setups

data, including the source data, because storing the massive source data and the

accumulated target data for VUDA can be infeasible on platforms such as robots.

For example, a public safety robot can encounter videos shot in changing environ-

ments (domains), e.g., day and night, sunny and foggy weather, even at the same

location, and its onboard storage space can be very limited. To this end, the afore-

mentioned scenario can be summarized as Continuous Video Domain Adaptation

(CVDA), and the objective for CVDA methods is to obtain a video model that

performs well on all seen domains. Specifically, to enable video models to contin-

uously adapt to encountering target domains with only the unsupervised target

data from the encountering domain, two goals need to be achieved: 1) the method

should enable the model to learn helpful information from each encountering un-

supervised target domain without source and previous target domain data, and 2)

the method should retain the model performance on all seen target domains.

While VUDA methods are failing to achieve those two goals simultaneously, a

common strategy to enable unsupervised learning without source data is pseudo

labelling [77, 107, 108]. These methods focus on adapting to a static target domain

and do not consider the accumulation of prediction errors in long-term continual

adaptation scenarios. Over time, the accumulated error can significantly mislead

the model and cause catastrophic forgetting. Meanwhile, works such as CDA [109]

and most Continual Learning (CL) methods consider mitigating catastrophic for-

getting and assume the target supervision exists. This is sub-optimal for videos

as obtaining target supervision is time and labor-intensive. Limitations of existing

works are listed in Table 4.1. Overall, without effective measurements to simul-

taneously tame the accumulation of prediction errors over time and learn from

unsupervised target domains without source data, previous methods are generally

incapable of performing well in the CVDA scenario.

Based on those two aforementioned goals, it is identified that the CVDA scenario
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can be tackled by: 1) robust source-free learning of unsupervised changing target do-

mains, and 2) mitigation of accumulated prediction errors that mislead models and

cause catastrophic forgetting. In view of this, this thesis proposes a Confidence-

Attentive network with geneRalization enhanced self-knowledge disTil-

lation (CART). Firstly, CART uses target predictions as pseudo labels and de-

ploys prototypical classification to refine noisy pseudo labels. To reduce the un-

reliability of pseudo labels when the target domain changes continuously, a new

learning strategy is proposed where samples are learned attentively based on their

prediction confidence such that high confidence samples are learned to lead the

model update while low confidence but correct samples can also contribute to the

acquirement of new knowledge. Secondly, observing that the source model is often

less biased and more plastic than target models trained with noisy pseudo labels,

it is proposed to regularize the current model parameter to behave similarly to

the source model. This is achieved by constructing a self-knowledge distillation

process enhanced by data generalization. Specifically, the current model is first

fed with generalized, i.e., strongly augmented, data and the source model is fed

with weakly augmented data. Next, the current model is enforced to mimic the

output of the source model to ensure the current model behaves similarly to the

source model. This ensures that the current model behavior is consistent with the

less biased source model in a larger domain, i.e., the generalized target domain,

and the accumulation of prediction errors is better reduced. Extensive experiments

show that CART can effectively reduce the accumulation of prediction errors and

achieve state-of-the-art continuous adaptation results on new dedicated CVDA

benchmarks.

In summary, this chapter has made the following contributions: 1) to the best

of our knowledge, this chapter of the thesis is the first research to touch on the

concept of CVDA, where deep video models are required to continuously adapt to

new target domains while retaining learned knowledge on seen domains without

the source data and target supervision; 2) the challenges underlying CVDA are

analyzed and CART is introduced to address these challenges by attentive learning

of pseudo labels and generalization enhanced self-knowledge distillation; and 3) two

dedicated CVDA benchmarks are constructed, namely Sports-DAConti. and Daily-

DAConti.. Extensive experiments demonstrate that CART achieves an average of

8.42% relative improvement in adaptation performances over previous state-of-

the-art methods. Meanwhile, CART also has an average forgetting rate of -1.09%,
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indicating that CART enables knowledge accumulation instead of forgetting.

4.2 Related Works

Video-based Unsupervised Domain AdaptationUnsupervised Domain Adap-

tation (UDA) methods aim to transfer source domain image knowledge to an unsu-

pervised target image domain. The mainstream idea is to mitigate domain discrep-

ancy [8, 50, 54, 81]. Recent UDA studies propose other ideas, such as varying the

input space [115] or leveraging self-training [116]. In contrast, recent Video-based

Unsupervised Domain Adaptation (VUDA) methods [10, 104–106, 110] focus on

enabling efficient transfer of video models. A detailed introduction of those related

works can be viewed in Section 2.2.1.

Continual Learning The main challenge in Continual Learning (CL) is to pre-

vent catastrophic forgetting when learning new tasks [117]. Continual learning

methods can be divided into two categories: replay-based [118] and regularization-

based [112, 119, 120]. Replay-based methods memorize a certain amount of source

data to prevent forgetting, while regularization-based methods [112, 119, 120] seek

to regularize the model update without any source data to mitigate forgetting.

Among many CL methods, Knowledge Distillation [121] (KD) is particularly ef-

fective and does not require accessing source data. It was originally used for

knowledge transfer from big to small models and was considered an effective CL

method [112, 119, 122]. In this research, it was found that it offers simple but effec-

tive regularization on the current model in terms of preventing the accumulation

of prediction errors.

Continuous Domain Adaptation While most CL methods are developed for

class-incremental scenarios, others focus on continuous domain adaptation. Early

works such as CMA [123] and IADA [124] addressed the problem of adapting

to evolving target image data. More recently, CDA [109] proposed the use of

meta-learning to adapt to a series of supervised target domains. Studies such as

CiDA [111] instead combine domain adaptation with class-incremental continual

learning. In other pioneering works [125], the combined problem of test-time adap-

tation and continuous image domain adaptation was tackled.
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Domain Generalization. Domain generalization is a well-studied problem in

computer vision, and many related methods have been proposed [126–128]. Among

these methods, data augmentation is particularly effective. Image-transform-based

methods [129, 130] have shown that image transformations can generalize source

data to out-of-distribution data, enabling better adaptation performance. More

recent studies propose to leverage neural networks to manipulate the augmentation

process of images [131, 132]. For a better understanding of domain generalization,

readers are referred to related surveys [133]. In this research, it is shown that

simple domain generalization techniques can further improve the effectiveness of

self-knowledge distillation.

4.3 Continuous Video Domain Adaptation

4.3.1 Problem Definition

Given a pre-trained model consisting of a feature extractor g0 with parameters θ0

and classifier h0 with parameters ϕ0 trained on the source data (X S,YS), the goal

is to adapt to a series of target domains D1,D2,D3, ...Dt, ... where Dt = {xit}Nt
i=1

with Nt i.i.d. videos xit. The adaptation starts from the t = 1 moment, i.e., the

source domain is not accessible, and Dt is only available at the current time step.

The assumption is that the label spaces Ct across all domains are identical, and

the source task X 0 → Y0 is the same as all target tasks X t → Y t. In this manner,

CVDA focuses on two metrics: 1) adaptation performance on Dt and 2) prediction

performance on all seen target domains, e.g., D1,D2, ...,Dt−1. By default, it is

assumed that t ≥ 1. Thus, without further notification, when t appears in a

formula in this chapter, it refers to a time step greater than 0. For simplicity, i in

xit is omitted in some formulas, and xt is weakly augmented by default.

The aforementioned CVDA setup is designed to address the growing demand for

continuous adaptation to new video domains with limited data in many real-world

applications. In CVDA, deep models cannot rely on source data and target su-

pervision and are prone to noisy inputs. Moreover, CVDA also requires consistent

performance on all previously seen target domains, indicating that methods de-

signed for CVDA should preserve previous domain knowledge and further enable
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the accumulation of knowledge across domains to improve the adaptation perfor-

mance on the newly learned domain.

4.3.2 Methodology

Source Model Generation. Many existing Source-Free Domain Adaptation

(SFDA) methods [77, 111, 134] require a specific source model preparation phase

where modified training strategies, such as entropy loss [77, 135], are applied. In

contrast, CART does not require specific source preparation. Moreover, besides

proposing CVDA, this research is also a pioneering video domain adaptation work

that is solely based on transformer-based networks. TimeSFormer [45] is used as

the backbone for all involved methods in this chapter, for it is relatively lightweight,

performative, and robust.

Figure 4.2: Graphical illustration of the proposed CART. Whenever a new
domain Dt is met at time step t, CART first feeds weakly augmented samples to
the source model h0(g0) and a previous version of h0(gt) saved recently. Next,
CART feeds strongly augmented samples to the current model h0(gt). With the
model output, the classification loss LAcls is obtained using Eqn. 4.5. Combining
with the distillation loss LAdis, the loss to be optimized in CART is obtained,
i.e., Eqn. 4.7. With the combined loss, With the combined loss, the current
model h0(gt) is updated with stochastic gradient descent until epochs on the
data batch for Dt are completed.

Attentive Learning with Pseudo Labels. Modern deep classification models

are commonly constructed as two parts, i.e., a feature extractor g0 and a classifier

h0. UDA methods [8, 50, 54, 81] often aim to generate domain invariant features
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by minimizing metrics that could reflect the degree of domain discrepancy. Thus,

the loss to be optimized for a single source-target sample pair of samples in UDA

methods can be summarized as follows:

L = Lcls(xs, ys) + Ldom(xs, xt), (4.1)

where Lcls is the source classification loss, Ldom is a domain loss that takes both

source and target data as input, xs is a source sample. This is not applicable

in the proposed CVDA setup where source data are not accessible. In view of

this, SFDA methods [77, 107, 108] propose either learning from pseudo labels or

optimizing other types of unsupervised losses [77]. In this research, inspired by

previous studies [77, 135], a simple yet effective way to obtain refined pseudo labels

is taken. Formally, given target features gt(xt) and target predictions ht(g(xt)), the

centroids of target features can be obtained by the weighted average of all features

on each class as follows:

ck =

∑
xt∈X t δk(h0(gt(xt)))gt(xt)∑

xt∈X t δk(h0(gt(xt)))
, (4.2)

where δk is a softmax function and k indexes the k-th class. Then, by classifying

each feature to the corresponding class of its closest centroid, the refined pseudo

label is:

ŷt = argmin
k

Dist(gt(xt), ck), (4.3)

where Dist measures the cosine distance between a target feature to all centroids,

notice that the parameter ϕ0 of the source classifier h0 is not optimized as previous

works suggest that this can be unnecessary [77].

Refined pseudo labels can still contain a considerable amount of prediction errors

when the domain shift is large. In such scenarios, even state-of-the-art refinement

strategies can only provide minimal improvement, making regularizing the model

to reduce the accumulation of prediction errors necessary. In view of this, it is

proposed to learn from samples attentively. Specifically, each prediction is learned

attentively based on their prediction confidence. Firstly, the prediction confidence

of sample xt is calculated as follows:

Conf(xt) = max(δ(h0(gt(xt)))). (4.4)
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While previous methods [136] forsake all low-confidence examples, it was found

that this is wasteful as there can be many low-confidence correct predictions in

CVDA. Therefore, it is proposed to pay attention to high-confidence and low-

confidence samples differently such that the former can lead the optimization while

new knowledge can also be learned from the latter, i.e.,

Lcls =
1

Nt

Nt∑
i=1

M∑
m=1

(1(Conf(xit) > τm)Lce(xit, ŷit)), (4.5)

where 1(Conf(xit) > τm) masks out predictions whose confidence are lower than

τm, and Lce is a standard cross-entropy loss. In practice, it is found that setting

M = 2, τ1 = 0.1, τ2 = 0.5 is generally sufficient.

Self-Knowledge Distillation with Generalized Samples. Though learning

attentively from refined pseudo labels is effective, it cannot guarantee that the ac-

cumulation of prediction errors is reduced. This is because pseudo labels inevitably

contain errors, and the error rate is likely to be reinforced when continuously adapt-

ing for a long time. In addition, the domain shifts between video domains are often

large and such shifts can make the error rate grow rapidly as the model is misled

continuously by noisy pseudo labels. Eventually, without the help of source and

target supervision, the model may not be able to recover from such a state by it-

self. In view of this, inspired by some CL methods [112, 119], this chapter proposes

to regularize the model update such that h0(gt) is enforced to behave similarly as

h0(g0) via self-knowledge distillation. By enforcing the current model h0(gt) to be-

have similarly to the source model h0(g0), the accumulation of errors can be kept

at a lower level such that the model can retain learned knowledge. Formally, the

self-distillation loss is written as follows:

Ldis =
1

Nt

Nt∑
i=1

KL(δ(h0(g0(xit)))|δ(h0(gt(xit))))

=
1

Nt

Nt∑
i=1

δ(h0(g0(xit))) log
δ(h0(g0(xit)))

δ(h0(gt(xit)))
,

(4.6)

where the source model h0(g0) is regarded as a teacher model, and the model at

time step t is considered as a student model. By minimizing Ldis, the current model

h0(gt) can receive knowledge from the less biased h0(g0) and keep itself less biased.
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Notably, the distillation loss that uses the model from t− 1 moment as the teacher

model L′
dis is denoted. This is a common practice in previous works [112], but it

is unsuitable in CVDA since 1) frequently saving gt−1 is space inefficient, and 2)

models trained with pseudo labels are generally biased by accumulated prediction

errors.

With the aforementioned process, it is observed that the accumulation of predic-

tion errors is reduced. Still, it is found the results are sometimes unsatisfactory

when the model is required to learn new knowledge while having minimal forgetting

rates. Intuitively, enlarging the trade-off for Ldis can ensure a better reduction of

the accumulation of prediction errors. However, it is observed that large trade-offs

often limit the model to learn new knowledge. To achieve stronger regularization

without damaging model plasticity, i.e., the ability to learn new knowledge, this

chapter proposes to enhance the regularization on h0(gt) by first strongly augment-

ing samples fed to it and then computing the distillation loss between the output

of strongly augmented samples from h0(gt) and the output of weakly augmented

samples from h0(g0). To this end, the overall training and evaluation pipeline is

also illustrated in Algorithm 1, and Eqn. 4.5 and Eqn. 4.6 can be re-written to

obtain the loss that is optimized in CART:

L = LAcls + LAdis

=
1

Nt

Nt∑
i=1

M∑
m=1

(1(Conf(A(xit)) > τm)Lce(A(xit), ŷit))

+
α

Nt

Nt∑
i=1

δ(h0(g0(xit))) log
δ(h0(g0(xit)))

δ(h0(gt(A(xit))))
,

(4.7)

where A represents the strong augmentation applied to the input data xit, LAcls

and LAdis are classification and distillation loss that receive strongly augmented

samples as their input from h0(gt). The key motivation behind constructing LAdis

in Eqn. 4.7 is that, instead of only regularizing the model to respond similarly

when the input is xt, the model is regularized to respond similarly to the source

model output h0(g0(xt)) when the generalized version of the input, e.g., A(xt),

arrives. This enforces the model to act similarly to the source model not only in

the target domain Dt but also on a generalized target domain D̂t. Empirically, it is

found that this strategy is more effective than distilling with Ldis, indicating that

generalization can allow better model plasticity while retaining previous knowledge.
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Algorithm 1: The training pipeline of CART

Data: Streams of target data xt on a target domain sequence {D1,D2,D3, ...},
Source model h0(g0).

Result: Model h0(gt) adapted to Dt

for Epochs on Dt in {D1,D2,D3, ...} do
Weakly augment xt;
Obtain all source model outputs h0(g0(xt));
Obtain all ŷt via Eqn. 4.3 every few epochs;
for xt in Dt do

Strongly Augment xt as A(xt);
Obtain classification and distillation loss via Eqn. 4.7;
Back propagation;

end
Update parameter θt−1 → θt;
Evaluation on Dt,Dt−1, ...,D1;

end

Notably, strong augmentation is also applied to Lcls, i.e., LAcls, forming a structure

similar to some previous works [136]. Such structure for classification is empirically

proven to be effective by [136] in terms of improving adaptation performance, and

it also simplifies the data processing pipeline of CART shown in Fig. 4.2.

4.4 Experiments

Experiments are conducted on new benchmarks designed for Continuous Video Do-

main Adaptation (CVDA). This method is compared against other representative

methods and demonstrated to efficiently tackle the challenge of CVDA. In-depth

analyses of modules in CART are presented as well.

4.4.1 Experimental Settings

Our experiments are conducted on two CVDA benchmarks: Daily-DAConti., and

Sports-DAConti..

Daily-DAConti. is modified based on Daily-DA proposed by MSVDA [137], it

is constructed upon four mainstream datasets, e.g. Kinetics-600(K600) [138],

HMDB51(HMDB) [23], ARID [93], and Moments-in-Time(MIT) [69]. Kinetics-

600, HMDB51, and Moments-in-Time are three prevailing large datasets used
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for video action recognition benchmarking. ARID is a dataset specifically built

for action recognition in dark environments, and its data distribution drastically

differs from others, making it challenging for video models to perform well on

it. 11 classes are collected in this benchmark, and more than 20000 videos are

available. Given that Daily-DA is a multi-source domain adaptation benchmark,

the following modifications were made to enable it as a benchmark for Contin-

uous Video Domain Adaptation (CVDA): 1) Kinetics-600 is regarded as a fixed

source domain, and 2) others are split into two non-overlapping parts equally.

The dataset was split with the intention of training methods on a prolonged

sequence of domains so that the benchmark can better simulate real-world sce-

narios where changing target domains arrive continuously and sometimes previ-

ously seen domains can re-appear. As a result, HMDB51 is split into HMDB1

and HMDB2. Splits for Kinetics600 and MIT also follow the same naming con-

vention. With training data prepared, the main experiments were performed

on two sequences, e.g., ARID1→MIT1→HMDB1→ARID2→MIT2→HMDB2 and

HMDB1→ARID1→MIT1→HMDB2→ARID2→MIT2. For simplicity, these two se-

quences will be quoted in following paragraphs as ARID→MIT→HMDB51 and

HMDB51→MIT→ARID, respectively in following tables, figures, and paragraphs.

Sports-DAConti. is processed similarly to Daily-DA. It is also an adapted version

of the original Sports-DA proposed by MSVDA [137]. This benchmark contains

data from three mainstream datasets, e.g., Sports-1M [68], Kinetics-600 [138], and

UCF101 [24]. 23 classes were involved, and over 40000 videos are available for

benchmarking. Similarly, UCF101 is considered as the fixed source dataset, and

the training data of Kinetics-600 and Sports-1M is split into two non-overlapping

splits equally to create four changing batches of data to adapt to., e.g., K6001,

K6002, Sports1M1, and Sports1M2. The sequence used during experimentation is

Sports1M1→K6001→Sports1M2→K6002. For simplicity, this sequence is referred

to as Sports1M→Kinetics600. Specific dataset information for both Daily-DAConti.

and Sports-DAConti. is displayed in Table 4.2.

Statistics Daily-DAConti. Sports-DAConti.

Video Classes # 11 23
Training Video # A:3,792 / H:770 / M:5,500 / K600:10,639 U:2,145 / S:14,754 / K600:19,104
Testing Video # A:1,768 / H:330 / M:550 / K:725 U:851 / S:1,900 / K:1,961

Table 4.2: Statics of Daily-DAConti. and Sports-DAConti. A, H, M, and K600
refer to ARID, HMDB51, Moments-in-Time, and Kinetics-600. Notice that these
two datasets use a different subset of Kinetics-600.
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Class ID ARID Class HMDB51 Class Moments-in-Time Class Kinetics-600 Class
0 Drink drink drinking drinking shots
1 Jump jump jumping jumping bicycle, jumping into pool, jumping jacks
2 Pick pick picking picking fruit
3 Pour pour pouring pouring beer
4 Push push pushing pushing car, pushing cart, pushing wheelbarrow, pushing wheelchair
5 Run run running running on treadmill
6 Walk walk walking walking the dog, walking through snow
7 Wave wave waving waving hand
8 Sit sit sitting falling off chair
9 Stand stand standing snatch weight lifting
10 Turn turn turning pirouetting

Table 4.3: List of action classes for Daily-DAConti..

Class ID UCF101 Class Sports-1M Class Kinetics-600 Class

0 Archery archery archery
1 Baseball Pitch baseball catching or throwing baseball, hitting baseball
2 Basketball Shooting basketball playing basketball, shooting basketball
3 Biking bicycle riding a bike
4 Bowling bowling bowling
5 Breaststroke breaststroke swimming breast stroke
6 Diving diving springboard diving
7 Fencing fencing fencing (sport)
8 Field Hockey Penalty field hockey playing field hockey
9 Floor Gymnastics floor (gymnastics) gymnastics tumbling
10 Golf Swing golf golf chipping, golf driving, golf putting
11 Horse Race horse racing riding or walking with horse
12 Kayaking kayaking canoeing or kayaking
13 Rock Climbing Indoor rock climbing rock climbing
14 Rope Climbing rope climbing climbing a rope
15 Skate Boarding skateboarding skateboarding
16 Skiing skiing skiing crosscountry, skiing mono
17 Sumo Wrestling sumo wrestling
18 Surfing surfing surfing water
19 Tai Chi t’ai chi ch’uan tai chi
20 Tennis Swing tennis playing tennis
21 Trampoline Jumping trampolining bouncing on trampoline
22 Volleyball Spiking volleyball playing volleyball

Table 4.4: List of action classes for Sports-DAConti..

All methods are implemented using the PyTorch [95] library in this thesis. TimeS-

Former [45] serves as the backbone. UDA/VUDA [8, 62, 81], SFDA [77], and

TTA [125, 135] methods are involved as baselines. For UDA/VUDA methods,

source data is made available to them, while SFDA and TTA methods are directly

employed. Additionally, to ensure fair comparisons with other methods, state-of-

the-art methods from related but different research works [8, 62, 77, 81, 125, 135]

are adapted. SHOT [77] is directly employed without further modifications as it is

compatible with CVDA settings. For UDA [8, 81], and VUDA [81] methods, source

data is made available. Instead of feeding 16 samples per GPU, a total of 32 sam-

ples (16 sources and 16 targets) are fed to a GPU when UDA/VUDA methods are

utilized. Since UDA/VUDA methods sometimes encounter stability issues [139]

in CVDA, gradient clipping is applied to stabilize the training. For TTA meth-

ods [125, 135], the training and testing split is combined as one data stream. The
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model is iterated directly on this data stream and will randomly encounter either

a training or a testing sample, though only the accuracy of the testing samples

is recorded. The source model is generated based on weights trained on Kinetics-

400 [25]. The SGD optimizer is used with a default learning rate of 0.001. All

involved methods are trained for 10 epochs on each domain before the next do-

main arrives. The learning rate is decreased to 0.0001 at epoch 5 for UDA/VUDA

methods, SFDA methods, and CART. Pseudo labels are generated based on task

predictions using a previous version of h0(gt) that is saved every 5 epochs. A value

of α = 5 is set in Eqn.4.7 as it offers a reasonable level of regularization without

damaging model plasticity. For the distillation process, the augmentation set used

is inspired by RandAugment[140]. For weak augmentation, only some common aug-

mentations such as center cropping and normalization [2, 6, 45] are leveraged. For

strong augmentation, random HLS color variation, Gaussian noise, camera noise,

flipping, etc. are included. The distillation temperature is set to 2 and the trade-off

for distillation to 5. For the attentive learning process, m = 2, τ1 = 0.1, τ2 = 0.5 are

set. Comprehensively, this means low-confidence samples are learned once while

high-confidence samples are learned twice. For the backbone, TimeSFormer [45] is

employed, which is an efficient and robust transformer-based network. This net-

work achieves similar results to bigger models such as Swin [141] and ViViT [44].

Pre-trained weights based on the Kinetics-400 [25] dataset are loaded. For efficiency

and accuracy, the first 4 blocks of the TimeSFormer are frozen. Training occurs on

each data split for 10 epochs. The learning rate is set to 0.001 and decreases tenfold

every 5 epochs. For pseudo label generation, CART re-generates the pseudo label

every 5 epochs. Stochastic Gradient Descent (SGD)[142] optimizer is utilized with

weight decay set to 0.0001 and momentum set to 0.9. Nesterov momentum[143] is

also leveraged. A batch size of 96 with 16 samples per GPU is used. Each video

clip contains 8 frames sampled from 8 segments of a video.

4.4.2 Results and Comparisons

In this study, the performance of CART is evaluated against several existing state-

of-the-art methods, including SFDA methods such as SHOT [77], UDA/VUDA

methods including DANN [8], MCD [81], and ACAN [62], and test-time adap-

tation methods TENT [135] and CoTTA [125]. Negative learning rates indicate

the model is learning instead of forgetting knowledge. The average forgetting rate
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is calculated between h0(gt) and h0(gt−1) on all seen domains. Notably, average

forgetting rates can be numerically small, but it can quickly lead to significant

performance regression as time step t increases.

time −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
method ARID1 MIT1 HMDB1 ARID2 MIT2 HMDB2 Mean Acc. Mean Forget

Source-Only 20.81% 26.91% 40.00% 20.81% 26.91% 40.00% 29.24% N/A
SHOT 21.55% 24.91% 29.39% 21.95% 25.27% 37.27% 26.72% -1.59%
ACAN 21.67% 25.73% 38.03% 21.48% 24.85% 33.55% 27.55% 7.42%
DANN 21.78% 25.27% 37.88% 21.32% 26.00% 39.39% 28.61% -0.81%
MCD 15.33% 23.45% 31.21% 12.10% 19.09% 25.45% 21.11% 1.24%
TENT 20.81% 26.18% 36.97% 20.76% 25.27% 36.36% 28.03% 2.78%
CoTTA 20.53% 26.91% 39.39% 18.27% 26.73% 36.67% 28.68% 0.66%
CART 21.78% 26.91% 45.76% 26.19% 27.09% 47.58% 32.55% -3.83%

Table 4.5: Domain adaptation results on ARID→MIT→HMDB51

time −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
method HMDB1 ARID1 MIT1 HMDB2 ARID2 MIT2 Mean Acc. Mean Forget

Source-Only 40.00% 20.81% 26.91% 40.00% 20.81% 26.91% 29.24% N/A
SHOT 43.94% 24.55% 25.64% 42.73% 23.42% 26.73% 31.17% 2.33%
ACAN 35.31% 20.84% 27.51% 37.25% 21.81% 25.62% 28.05% 4.05%
DANN 32.73% 20.53% 25.27% 35.15% 20.87% 24.91% 26.57% -0.51%
MCD 31.82% 20.59% 22.73% 29.39% 15.84% 19.09% 23.24% 2.13%
TENT 36.36% 20.81% 25.82% 36.97% 20.81% 25.27% 25.27% 0.27%
CoTTA 37.88% 20.87% 26.36% 39.39% 20.70% 26.36% 28.59% 1.63%
CART 46.06% 27.94% 28.73% 49.39% 29.19% 30.18% 35.24% -0.19%

Table 4.6: Domain adaptation results on HMDB51→MIT→ARID

Results in Table 4.5-4.7 show that the novel CART achieves state-of-the-art adapta-

tion results consistently on three challenging benchmarks, outperforming the best-

performing prior UDA/VUDA, SFDA, and TTA methods by an average improve-

ment of 11.32% on HMDB51→MIT→ARID, 13.06% on HMDB51→ARID→MIT,

and 0.89% on Sports1M→Kinetics600. It is identified that previous UDA/VUDA

methods [8, 62, 81] are surpassed by the methods in this study by a large margin

in terms of both average adaptation performances and sometimes the average for-

getting rates, indicating that CART can remain stable even without the support of

source data. Specifically, CART is obtaining the lowest average forgetting rate in

Table 4.5 while being competitive in Table 4.6,4.7 when compared to UDA/VUDA

methods that can access the source data, meaning that accumulation of prediction

error is effectively mitigated even without the help of source data. With the low

forgetting rate and high adaptation performance, the empirical results fully justify
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time −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
method Sports1M1K6001 Sports1M1K6002 Mean Acc. Mean Forget

Source-Only 80.89% 89.91% 80.89% 89.91% 85.40% N/A
SHOT 82.37% 93.32% 82.00% 93.43% 87.78% 1.06%
ACAN 81.21% 91.36% 82.44% 91.36% 86.59% 2.52%
DANN 80.16% 91.08% 81.37% 91.03% 85.91% -0.34%
MCD 79.42% 88.43% 78.63% 85.58% 83.02% 0.51%
TENT 79.37% 90.27% 80.63% 90.52% 85.20% -0.54%
CoTTA 79.63% 87.67% 75.47% 79.82% 80.39% 5.63%
CART 82.53% 94.80% 82.58% 94.34% 88.56% 0.73%

Table 4.7: Domain adaptation results on Sports1M→Kinetics600

that CART has effectively tackled the challenge brought by CVDA and enables

the continuous learning of a global model.

Furthermore, it is observed that both SFDA methods [77] and UDA/VUDA [8, 62,

81] are achieving unsatisfactory results and sometimes worse than the source model.

For SFDA methods, e.g., SHOT [77], it is observed that they are particularly prone

to extremely noisy target domains, such as the ARID domain. Without measure-

ments to reduce the accumulation of prediction errors, the continuous adaptation

performance of SHOT[77] drops constantly and heavily. It is also found that,

even with source data being accessible, UDA/VUDA methods are still incapable of

adapting to continuously changing domains. Such results are believed to be caused

by: 1) the Daily-DAConti. is very challenging, and the domain adversarial network

in UDA/VUDA can be unstable when the target domain is frequently varying.

Finally, it is observed that TTA methods [125, 135] are also achieving degraded

results. The belief is that this is because TTA methods cannot utilize samples ef-

fectively as they discard samples once learned, while their regularization [125, 135]

may be too strong to allow learning of new knowledge.

4.4.3 Ablation Studies

To analyze the effectiveness of the two modules in CART, a series of ablation

studies on the ARID→MIT→HMDB51 sequence are conducted and each module

is carefully removed to investigate their effectiveness. Results are displayed in

Table. 4.8. First, the effectiveness of enhancing distillation with data generaliza-

tion by removing the generalization, i.e., optimize LAcls+Ldis, is evaluated, i.e.,
optimize LAcls + Ldis. Results suggest that the average adaptation performance

dropped by 1.60%, and the average forgetting rate increased by 49.09%, indicating
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method Loss Mean Acc. Mean Forget

CART

LAcls + LAdis 32.55% -3.83%
LAcls + Ldis 32.01% -1.95%
Lcls + Ldis 30.26% -3.28%

Lcls 28.38% 0.60%
LAcls + LAdis,m = 1, τ = 0 32.16% -3.48%

LAcls + Ldis, α = 10 29.49% 1.19%
LAcls + L′

Adis 29.11% 2.57%

Table 4.8: Ablation study on ARID→MIT→HMDB51

the model is much more likely to forget previously learned knowledge. Next, strong

augmentation is further removed entirely, i.e., optimize Lcls + Ldis, and find the

adaptation performance is dropped heavily, indicating the accumulation error is

less reduced and leading to degraded performance. Lastly, distillation in CART is

completely removed, and it is found that the model performance decreases again.

Overall, while distillation enables a significant reduction of accumulation of errors,

the performance can receive another leap when using data generalization. On the

other hand, the effectiveness of the proposed attentive learning of pseudo labels is

also validated. Thus, M = 1, τ = 0 is set to transform LAcls into a standard cross-

entropy loss. Results reflect that our attentive learning strategy can indeed help to

reduce the accumulation of prediction errors and improve model adaptation perfor-

mance. Finally, to validate two claims made in Section 4.3.2 that distilling from the

model at t− 1 moment is sub-optimal and simply setting trade-off for distillation

high can limit model plasticity, CART is optimized using LAcls + Ldis, α = 10 and

LAcls +L′
Adis, respectively. Results from both experiments have sufficiently proven

our claims and justify the design of CART.

4.4.4 Result Analysis

Adaptation Performance Visualization. To understand how different meth-

ods react to continuous domain shifts, plot accuracy curves are plotted in Fig. 4.3.

It also aims to visualize how the reduction of accumulated error is translated into an

increase in adaptation performance. The experiment on ARID→MIT→HMDB51

is conducted and testing results on all domains is plotted even if the model has not

seen them. According to Fig. 4.3, CART is achieving performance gains, particu-

larly on the HMDB51 dataset, while the performances of some other methods are

constantly dropping over time.
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Figure 4.3: Accuracy curves for different methods on the
ARID→MIT→HMDB51 sequence. A1, M1, H1, A2, M2, and H2 denote
ARID1, MIT1, HMDB1, ARID2, MIT2, and HMDB2.

Figure 4.4: Accuracy Curves on HMDB51→ARID→MIT sequence

Figure 4.5: Accuracy Curves on Sports1M→Kinetics600 sequence

Specifically, it is found that most methods struggle to surpass the source model

performance, indicating that the accumulated prediction errors are built up over

time, and the model forgets learned knowledge. It is also found that ARID is

particularly challenging as the accuracy of pseudo labels generated on this domain

by the source model can be as low as 20%, making models more likely to be misled

when adapting to this domain. Additionally, the curves for the ablation study are

also plotted and it is shown that CART achieves the overall best performance while
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Figure 4.6: Accuracy Curves for Ablation Studies

other settings can have a certain level of performance regression. In summary, the

results of CART on ARID prove that our method can learn from some of the most

challenging target domains while also being performative on others, meaning that

this research had effectively controlled the level of accumulated prediction errors

in the learned model.

Self-Attention Visualization. Empirically, transformer-based networks rely on

attending to a specific object in inputs to extract video features. Therefore, the

attention map output from attention heads should be visualized as the time step

t increases. Saliency maps are shown in Fig. 4.7 and Fig. 4.8. They show that the

attention head gradually loses focus on specific objects, e.g., human arms, human

Figure 4.7: Saliency maps that show SHOT can gradually mislead
the model and result in incorrect predictions (marked by red crosses),
while the proposed CART can maintain the focus of the model and
enable the model to generate correct predictions (marked by green
ticks). The shown attention maps are obtained from the first spatial attention
head in the 10th layer of the TimeSFormer network using the patch in the red
box as a query. Models trained by SHOT and CART are evaluated on the same
challenging testing sample, and the saliency maps for the same attention head
are displayed above. Warmer colors, e.g., red and orange area, indicate the query
is activating keys of those patches, while colder colors, e.g., green and purple,
indicate those areas are less attended to by the attention head.
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Figure 4.8: Saliency map visualization similar to Fig. 4.7. The action per-
formed in the video is ‘waving’. The query is set to near the arm of the man
(red bounding box). The results suggest that the model adapted by SHOT is
shifting its focus onto irrelevant backgrounds while the model adapted by CART
can attend to the human body more.

body, etc., when SHOT [77] is employed. In contrast, the saliency maps of CART

demonstrate that the model consistently focuses on related objects and evolves to

classify this challenging input correctly. In sum, Fig. 4.7 demonstrates that our

novel regularization method can successfully control the detrimental drift of model

parameters and thus improve the CVDA performance of modern video models.

4.5 Conclusion

This work proposes a novel Confidence-Attentive network with geneRalization en-

hanced self-knowledge disTillation (CART) to tackle the new Continuous Video

Domain Adaptation (CVDA) task. In CVDA, it is assumed that target domains

are continuously arriving and previously seen domains are unavailable. Without

available source data, CART learns from refined pseudo labels attentively to avoid

being misled by accumulated prediction errors. CART further reduces the accumu-

lation of prediction errors by deploying a generalization enhanced self-knowledge

distillation module. Extensive experiments justify that these two modules can ef-

fectively tackle challenges in CVDA, resulting in state-of-the-art adaptation results

on dedicated CVDA benchmarks.
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Conclusion and Future Works

5.1 Conclusions

In this thesis, we present our work on the practical domain adaptation of video

action recognition models. Conventional Video-based Unsupervised Domain Adap-

tation (VUDA) methods largely follow the standard assumption of Unsupervised

Domain Adaptation (UDA), which assumes that the model is transferred from a

single source domain to a single unsupervised target domain while key characteris-

tics, such as label space and task, are identical. However, in real-world applications,

this might not be the case. Therefore, for the first work in this thesis, we are in-

spired by the pioneering work in Partial Video Domain Adaptation (PVDA) where

the source domain label spaces subsume the target label space and proposed a

state-of-the-art adaptation method for this case, namely Multi-Modality Cluster-

Calibrated Partial Adversarial Network (MCAN). In the second part of this thesis,

we focus on enabling continuous adaptation of deep video models and first de-

fine the problem of Continuous Video Domain Adaptation (CVDA). This problem

aims to solve the challenge that continuous domain adaptation of video models can

lead to problems including catastrophic forgetting, rendering the model unable to

perform equally well on learned domains.

More specifically, Chapter 3 proposes a novel multi-modality network MAN to

improve video feature robustness across different domains significantly. Unlike

previous works that only rely on RGB-only features, MAN explicitly represents

63



64 5.1. Conclusions

motions via optic flow modality and utilizes multi-scale temporal pooling to en-

hance the predicting performance and class weight. To particularly aid the issue

of label distribution negative transfer, this research proposes to calibrate the class

weight of MAN, which brings us MCAN. The class weight calibration method in

MCAN exploits cluster structures of video features to correctly promote positive

transfers of relevant source data and suppress negative transfers of irrelevant source

data simultaneously. The state-of-the-art PVDA performance of our networks are

well justified by our extensive experiments across different PVDA benchmarks and

subsequent analysis.

Chapter 4 proposes a novel Confidence-Attentive network with geneRalization en-

hanced self-knowledge disTillation (CART) to tackle the new Continuous Video

Domain Adaptation (CVDA) task. In CVDA, it is assumed that target domains

are continuously arriving and previously seen domains are unavailable. Without

available source data, CART learns from refined pseudo labels attentively to avoid

being misled by accumulated prediction errors. CART further reduces the accumu-

lation of prediction errors by deploying a generalization enhanced self-knowledge

distillation module. Extensive experiments justify that these two modules can ef-

fectively tackle challenges in CVDA, resulting in state-of-the-art adaptation results

on dedicated CVDA benchmarks.

In summary, this thesis focuses on expanding the scope of application of previous

VUDA methods by investigating two specific domain adaptation problems, i.e.,

PVDA and CVDA. To effectively tackle each problem, each chapter identifies the

key challenges of those problems and proposes novel solutions to address those

challenges accordingly. In Chapter 3, our method improves over previous state-of-

the-art methods by a large margin, and Chapter 4 defines novel scenarios and first

conducts extensive pioneering experiments on the problem of CVDA. This thesis

has achieved its planned goal while future works can keep integrating new methods

that aid the problem of domain adaptation for video action recognition models.
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5.2 Future Works

In total, two major works are presented in this thesis for practical video domain

adaptation. Both works have achieved efficient improvements over previous meth-

ods and the success of those methods can lead us to some further in-depth research

about practical video domain adaptation.

For MCAN proposed in Chapter 3, it is observed that integration of new modalities

can effectively reduce the degree of bias of the target class estimation. This means

that by integrating optic flow modality, the accuracy of the RGB stream could

also potentially improve, given that the estimation of target classes becomes more

precise. Therefore, it is pointed out that it is possible to integrate other kinds

of modalities to further improve the efficiency of target class estimation. Some

common practice is to also include inputs such as text and audio, while it is also

possible to include pre-processed contour as input. On the other hand, since our

calibration strategy is largely empirical, further understanding of the fundamental

mechanism of such a method and this theis envision that further work can resolve

the issue that the calibration method can bring performance regression when the

adaptation performance is high, e.g., above 85%. For CART, it is clear that current

source-free training methods are still largely limited due to low initial accuracy

on the target datasets. While it is believed that multi-modality methods might

be optional for such a dilemma, relevant research is still scant. On the other

hand, while our self-distillation method is already achieving satisfying results, it

is believed that it is possible to further boost the adaptation results as it is found

that the domain knowledge from one target domain can also be utilized for the

adaptation of other target domains. It is possible to identify such relations and set

up regularization rules that focus more on such relationships.

To this end, it is identified that introducing partial domain adaptation to CVDA is

also a valid research topic as it is natural that new arriving domains might not have

identical labels as previous target domains and the source domain. In such cases, it

will become challenging to identify target classes within the context of source-free

and continuous domain adaptation. While this thesis can largely leverage the idea

proposed in MCAN, the estimation of target classes needs to be treated with more

caution as the accuracy of estimation is not guaranteed. Still, great challenges
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come with great rewards. Such a combination can further enable video domain

adaptation to be more practical and general.
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