ZUTS

UNIVERSITY

OF TECHNOLOGY

SYDNEY

Cross-Domain Image Classification
in Complex Real-World Scenarios:
With Test-Time Label or Continual
Domain Shift

by Tianyi Ma

Thesis submitted in fulfilment of the requirements for
the degree of

Doctor of Philosophy

under the supervision of Maoying Qiao

University of Technology Sydney
Faculty of Engineering and Information Technology

September 2025



CERTIFICATE OF ORIGINAL AUTHORSHIP

I, Tianyi Ma declare that this thesis is submitted in fulfilment of the require-
ments for the award of Doctor of Philosophy, in the Faculty of Engineering
and Information Technology at the University of Technology Sydney.

This thesis is wholly my own work unless otherwise referenced or acknowl-
edged. In addition, I certify that all information sources and literature used
are indicated in the thesis.

This document has not been submitted for qualifications at any other aca-
demic institution.

This research was supported by an Australian Government Research Train-
ing Program (RTP) Scholarship doi.org/10.82133/C42F-K220.

Production Note:
Signature removed

SIGNATURE: prior to publication. ’7/ S%/ ZDZS

[Tianyi Ma]

DATE: 4% September, 2025
PLACE: Sydney, Australia






ACKNOWLEDGMENTS

her continuous guidance, encouragement, and patience throughout my PhD journey.
Her invaluable support has been essential, and without her mentorship, I could not
have reached this stage and completed my thesis.

I am also truly grateful to my housemate, Bishal Shrestha, whose kindness and
uplifting spirit have supported me through many difficult moments. My heartfelt thanks
extend to my fellow PhD colleagues, Rui Li and Zekai Wang, for their emotional support
and companionship along the way.

I sincerely acknowledge the University of Technology Sydney and the HDR Research
School for their financial and academic support. The scholarship I received not only
enabled me to pursue my research but also made my life in Australia as an international
student possible, especially during times when financial challenges would otherwise
have been overwhelming.

I owe profound thanks to my parents, whose love and unwavering support gave me
the courage to come to Australia alone during the peak of the COVID-19 pandemic. Their
sacrifices and faith in me have been a constant source of strength.

Finally, I would like to extend a word of gratitude to myself. Despite the many
difficulties, uncertainties, and challenges, I persevered. It is this resilience that ultimately
brought me here, and for that, I am deeply thankful.

I would like to express my deepest gratitude to my supervisor, Dr. Maoying Qiao, for

111






ABSTRACT

ancy between the source and target domains, commonly referred to as the domain

gap. Although it has been proven effective in mitigating the domain gap between
the source and target domains, cross-domain image classification still faces significant
challenges in complex real-world scenarios. In this thesis, two specific challenges that
commonly happen, namely, label shift and continual domain shift, for cross-domain im-
age classification are investigated and addressed. For the label shift, this thesis focuses
on cross-domain few-shot image classification (CDFSIC). A novel prompt-to-disentangle
method is proposed to combine the benefits of domain generalisation and adaptation by
disentangling source and target knowledge. For the continual domain shift, this thesis
focuses on continual test-time adaptation (CoTTA). Based on the findings in CDFSIC, we
design a similar strategy called the Source and Target Disentangle Transformer to explic-
itly disentangle source and target knowledge, thereby facilitating both the preservation
of source knowledge and the extraction of target knowledge. Then, based on the obser-
vation that the recent CoTTA method is unstable in a small-batch setting, a novel task
named single-sample CoTTA is proposed. A novel strategy, named effective buffer and
resetting, is designed to increase adaptation stability. Moreover, we apply this method
to zero-shot models, solving the label shift and continual domain shift simultaneously.
Finally, we highlighted several future directions, including active CoTTA to address
larger domain gaps with human calibrations and zero-shot CoTTA to tackle both label
shift and continual domain shift.

C ross-domain image classification is proposed to address the distribution discrep-
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CHAPTER

INTRODUCTION

eep learning [55, 91] has seen astonishing progress in recent years and is now

capable of solving a wide range of tasks, including visual recognition [119, 137,

144], natural language processing [27, 70, 131], and audio recognition [73, 140,
205]. In this work, we focus primarily on the image classification task within the broader
field of visual recognition. Image classification [39, 64, 118] refers to the process of
assigning a label or category to an image based on its visual content. Specifically, given
an input image, the goal is to predict the most appropriate class from a predefined set of
categories, typically by analysing patterns, textures, shapes, and other visual features
present in the image. Recent studies typically involve training a deep neural network on
labelled [64] or unlabelled image data [21], often requiring a large volume of training
samples to achieve satisfactory performance. Once trained, the model is either directly

evaluated on or further adapted to downstream test images.

Standard deep learning methods for image classification typically rely on the assump-
tion that both training (source) and testing (target) data are distributed independently
and identically (i.i.d.) [141]. Under this assumption, models trained on a source domain
are expected to generalise well to unseen data drawn from the same distribution. How-
ever, in many real-world scenarios, this assumption is often violated, as the target data
encountered during deployment may come from a distribution that significantly differs
from the one used during training. Such distribution shifts can arise due to changes in
lighting conditions, camera sensors, background clutter, or even object appearance and

style, leading to substantial performance degradation when deep learning models are
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CHAPTER 1. INTRODUCTION

directly applied to the target domain. To address this issue, cross-domain learning for
image classification has emerged as a critical research direction. It aims to improve the
ability to generalise or adapt to unseen target domains, leveraging knowledge from the

source domain and target domain.

1.1 Cross-Domain Learning

Cross-domain learning is proposed to address the distribution shift issue. The distribu-
tion shift causes the distribution discrepancy between the source and target domains,
commonly referred to as the domain gap. The domain gap can significantly hinder the
models from achieving optimum performance during application. To bridge the domain
gap, two main approaches are widely studied: domain generalisation [81, 173, 219] and
domain adaptation [96, 174, 185]. Domain generalisation aims to learn models that
can generalise well to unseen target domains without accessing any target data during
training. In contrast, domain adaptation leverages target data, labelled or unlabelled,
during training or testing to reduce distribution discrepancy between source and target.

However, although cross-domain learning has proven effective in mitigating the
domain gap between the source and target domains, it faces significant challenges
beyond the domain gap in more complex real-world scenarios. Two commonly observed
challenges are label shift and continual domain shift.

Label shift refers to the case where the label distributions differ between the source
and target domains. This mismatch can lead to biased predictions and significantly
reduced classification accuracy. Continual domain shift, on the other hand, describes the
situation when the target distribution changes continually during deployment. This con-
tinual change poses severe difficulties for traditional cross-domain learning approaches,
which typically assume static target distributions. Addressing these issues requires more

robust and adaptive learning strategies.

1.2 Label Shift

The label shift [5, 31, 50, 51] refers to the situation in which the label distributions are
in a discrepancy between the source and target domains. For example, label shift occurs
when class labels are evenly distributed in the source domain but unevenly distributed
in the target domain [85, 159]. Label shift can significantly affect the performance of

deep learning models, as the models may become overconfident in predicting certain

2



1.2. LABEL SHIFT

classes while underrepresenting others, leading to biased predictions and a substantial
drop in classification accuracy, particularly in scenarios where the model heavily relies

on the source label prior during inference.

A more challenging situation under label shift arises when the target domain contains
novel classes that have never been seen in the source domain during model training.
This thesis focuses on addressing this challenging case of label shift. To handle novel
classes in the target domain for image classification, two main approaches are commonly

studied: few-shot image classification and zero-shot image classification.

Few-shot image classification [1, 36, 163] aims to adapt a pre-trained model to novel
classes using only a very limited number of labelled examples per class, typically 1, 5,
or 10 samples [153]. After being fine-tuned on these few labelled instances, a few-shot
model is directly evaluated on the remaining target data belonging to the novel classes.
In contrast, zero-shot image classification [138] seeks to recognise novel classes without
any labelled examples from those classes during training. Zero-shot learning is currently
achieved by leveraging a general vision-language model capable of aligning visual inputs
with semantic descriptions, such as class names or attributes, thereby enabling the
model to make predictions for previously unseen categories. In this thesis, we primarily
focus on the few-shot learning setting, as it offers a more practical and tractable solution
in real-world scenarios where a small number of labelled samples can be collected for
new categories. The zero-shot classification setting is also considered when discussing

continual domain shift scenarios.

When applying few-shot image classification under domain shift conditions, the
problem becomes Cross-Domain Few-Shot Image Classification (CDFSIC) [35, 194]. The
objective of this task is to adapt a source pre-trained model using only a few labelled
samples of novel classes drawn from a target domain whose feature distribution differs
significantly from that of the source. This setting imposes two significant challenges: (1)
the model must generalise effectively across domains during training, and (2) it must
efficiently capture target-specific knowledge with only a limited number of samples per
class. Meeting both of these requirements is nontrivial. Most recent methods have focused
primarily on addressing the first challenge, improving cross-domain generalisation. In
contrast, relatively few have effectively tackled the second challenge of extracting target-
specific knowledge from limited data. A detailed review of recent methods in light of

these two challenges is provided in the following literature review, Chapter 2.

To this end, this thesis proposes a novel method, Prompt-to-Disentangle (ProD), as

detailed in Chapter 3. ProD aims to disentangle domain-general and domain-specific

3



CHAPTER 1. INTRODUCTION

knowledge by incorporating two parallel prompts within a vision transformer architec-
ture, referred to as the Domain-General (DG) prompt and the Domain-Specific (DS)
prompt. The DG prompt is trained to capture knowledge that is invariant across do-
mains and transferable to downstream target domains, thereby addressing the first
requirement of cross-domain generalisation. In contrast, the DS prompt is designed to
rapidly extract target-specific features and apply them as conditioning information in an
on-the-fly manner. The DS prompt allows the model to efficiently adapt to novel target
domains using only a few labelled samples, satisfying the second requirement of effective
target-specific knowledge extraction. Comprehensive ablation studies and empirical
evaluations demonstrate the effectiveness of both components of ProD. Furthermore, the
joint use of the DG and DS prompts enables ProD to achieve SOTA performance on the

CDFSIC task under various settings across multiple benchmark datasets.

1.3 Continual Domain Shift

The continual domain shift [19, 100, 170, 182, 209, 211] refers to the phenomenon in
which the distribution of the target domain changes continually at the test time. This
continual shift in data distribution commonly occurs in real-world scenarios. For instance,
in autonomous driving, the surrounding environment, such as lighting, road conditions,
and traffic, evolves constantly as the vehicle moves through different scenes. Similarly,
in surveillance applications, factors such as weather conditions, lighting variations,
and fluctuations in human activity levels can lead to a continuously changing input
distribution under CCTV monitoring. These scenarios challenge the assumption of a
fixed target distribution and require models to adapt in real time to maintain robust
performance.

To address the challenge of continual domain shift, recent studies have proposed the
Continual Test-Time Adaptation (CoTTA) [175]. CoTTA extends the standard test-time
adaptation (TTA) [100] task. Similar to TTA, CoTTA requires the model to adapt to
target domain during the testing phase with unlabelled target data. The key distinction
lies in the target domain: while standard TTA assumes a fixed target distribution, CoTTA
considers a dynamic setting where the target domain distribution changes continually
over time. As a result, models must not only adapt to the target in an unsupervised
manner but also maintain performance across a long stream of test data from changing
domains. In this thesis, we focus on a more challenging and realistic setting: source-free

CoTTA. Under the source-free setting, the source data is unavailable when testing. This
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1.3. CONTINUAL DOMAIN SHIFT

constraint reflects practical scenarios where storage, privacy, or regulatory concerns

prevent retaining source domain samples.

Source-free CoTTA (referred to as CoTTA in the following sections) has two key chal-
lenges. The first is how to effectively preserve source domain knowledge over an extended
period without access to the source data. When adapting to continually changing target
domains, the model must retain the domain-shared source knowledge embedded in the
pre-trained source model. If this knowledge is discarded during the adaptation process,
a phenomenon known as catastrophic forgetting occurs. Catastrophic forgetting is a
well-known challenge in the field of continual learning [33, 183, 183], where a model
gradually forgets previously learned tasks when trained sequentially on new ones. While
both CoTTA and continual learning suffer from catastrophic forgetting, there is a fun-
damental difference between the two. In continual learning, the model is exposed to a
sequence of explicitly defined tasks, often accompanied by new labels and objectives. In

contrast, CoTTA does not introduce new tasks or labels.

The second challenge is to extract target-specific knowledge from the continually
evolving target domain effectively. As the target distribution shifts over time, the model
must quickly adapt to these changes to maintain high performance. This requirement
becomes even more demanding in the absence of target labels, as the model must rely
entirely on the incoming unlabelled data to guide its adaptation. Moreover, the target
samples encountered during test time can be highly noisy or distributed far outside the
distribution seen during pre-training. Such out-of-distribution or low-quality samples
make it difficult for the model to learn meaningful and generalisable representations.
Consequently, extracting high-quality and domain-specific knowledge from unlabelled,
non-stationary, and potentially corrupted input poses a significant obstacle in the source-
free CoTTA setting.

Recent works on CoTTA are reviewed in Chapter 2. Most existing methods primarily
focus on addressing only one of the two core challenges. Even when some approaches
attempt to tackle both challenges jointly, they often solve them without explicitly dis-
entangling the two. This thesis argues that a more effective strategy is to address the
two challenges in a disentangled manner, allowing each component of the model to
specialise in a distinct aspect of the adaptation process. In this way, both challenges can

be addressed more effectively and explicitly.

To this end, this thesis proposes a novel method, named Source and Target Disentan-
gle Transformer (SoTa-DiT), which explicitly disentangles source and target knowledge

to address the two key challenges. The details of SoTa-DiT are provided in Chapter 4.
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CHAPTER 1. INTRODUCTION

Inspired by the success of the ProD method, SoTa-DiT adopts a dual-prompt mechanism
within a vision transformer architecture. Specifically, one set of prompts, referred to
as the source prompts, is designed to extract and preserve source domain knowledge.
The source prompt is supervised by a carefully designed source preservation loss, which
ensures that critical domain-shared information is retained during continual adaptation.
In parallel, another set of prompts, called the target prompts, focuses on extracting high-
quality, target-related knowledge from the unlabelled target data of continually changing
domains. The target prompt is supervised by a group of target extraction losses, which
encourage the model to learn discriminative and robust features for the current target
distribution. The final classification prediction is obtained by combining the outputs
from both the source and target prompts, allowing SoTa-DiT to leverage both source and
target knowledge. SoTa-DiT achieves SOTA performance across multiple benchmark
datasets and transformer backbones. Furthermore, comprehensive ablation studies and
empirical analyses are conducted to validate the effectiveness of each component of
SoTa-DiT. These experiments demonstrate: (1) the contribution of each prompt to overall
performance, and (2) the disentangle effect of SoTa-DiT. The results strongly support
our central hypothesis that addressing the two challenges of source-free CoTTA in a

disentangled manner leads to more robust and effective solution.

This thesis further investigates beyond the standard CoTTA setting. We observe that
many recent CoTTA methods exhibit instability and often collapse when the testing
batch size is small. This issue arises because noisy or out-of-distribution samples can
introduce significant perturbations to the model during adaptation, especially when the
samples are processed individually or in small batches. To address this issue, this thesis
introduces a novel task, termed Single-Sample CoTTA (S-CoTTA), which requires the
model to perform CoTTA under the extreme case where the test batch size is equal to
one. Under the S-CoTTA setting, standard CoTTA models frequently collapse due to
the destabilising effect of noisy individual samples, while existing single-sample test-
time adaptation methods [149] tend to lack long-term stability and fail to maintain
performance over time. Therefore, solving the S-CoTTA task presents two essential
requirements: (1) the model must remain robust and stable under small-batch or single-
sample settings, and (2) it must continuously adapt to the changing target domains

without catastrophic forgetting over a long time step.

To this end, this thesis further proposes a novel method, named Efficient Buffer and
Resetting (EBaR). EBaR is a general method that is compatible with both convolutional

neural networks (CNNs) and transformer-based architectures. The details of EBaR are
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1.4. JOINTLY SOLVING LABEL AND CONTINUAL DOMAIN SHIFT

presented in Chapter 5. EBaR consists of two key components: an efficient buffer and an
elastic resetting mechanism. The efficient buffer module comprises two types of buffers:
a high-uncertainty buffer, which is larger and stores samples with high uncertainty, and
a low-uncertainty buffer, which is smaller and stores samples with low uncertainty. Once
the buffers reach capacity, samples are popped and different loss functions are applied
selectively to update the model. This design offers two key benefits: (1) samples are
accumulated and aggregated over time, thereby mitigating the perturbation effect of
individual noisy samples; and (2) uncertainty-aware updating stabilises the adaptation
process by giving less attention to highly uncertain and noisy samples. The second com-
ponent, elastic resetting, helps maintain stability and prevents catastrophic forgetting
by selectively resetting the model parameters toward their original values. For each
parameter, the elastic resetting unit tracks its value change over time. If the change
of a parameter exceeds a predefined threshold, it is reset using a dynamic weighted
reset strategy. This strategy resets parameters that are more sensitive to perturbations
closer to their original values, while leaving others more flexible. As a result, the model
is able to preserve essential source knowledge while still retaining its ability to adapt
to new target domains. Experimental results demonstrate that EBaR achieves SOTA
performance across multiple benchmark datasets with various backbones. Comprehen-
sive ablation studies and observation-based experiments are conducted to validate the
effectiveness of each individual component within EBaR. These analyses confirm that
both the efficient buffer and the elastic resetting mechanisms contribute significantly to
overall performance. Furthermore, the results prove that EBaR effectively addresses the
two key challenges posed by the S-CoTTA setting: maintaining stability under single-
sample conditions and preserving source knowledge during long-term adaptation. In
addition, zero-shot models are also evaluated in the S-CoTTA setting using EBaR and
achieve significantly improved classification accuracy. These results indicate that EBaR
generalises well to zero-shot models. In this way, the proposed framework addresses both

the label shift problem and the continual domain shift problem in a unified manner.

1.4 Jointly Solving Label and Continual Domain Shift

Jointly addressing label shift and continual domain shift is of substantial practical
significance for cross-domain learning. In complex real-world scenarios, deep learning
models frequently encounter both previously unseen classes and continually evolving

target domains. For example, in CCTV-based visual analysis systems, models trained
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CHAPTER 1. INTRODUCTION

on source-domain images or videos may be deployed in environments where visual data
undergo continual domain shifts due to changes in lighting conditions, weather, camera
viewpoints, and human density. Similar challenges arise in other applications, such
as disease detection, where novel disease categories may emerge with variations in
environmental conditions. In autonomous driving, unseen objects may appear under
dynamically changing weather and traffic patterns. Other safety-critical perception tasks
face comparable issues. These scenarios highlight that label shift and continual domain
shift often occur together in practice. Addressing both challenges together is critical for
robust cross-domain learning. This is especially important when large-scale open-world
models are impractical due to computational, deployment, or resource constraints.

In this thesis, the two challenges are first investigated separately. Novel methods
are designed to address each problem. In the final proposed approach, which primarily
targets continual domain shift, a zero-shot model is incorporated to jointly address
label shift and continual domain shift. Experimental results show that the proposed
method improves zero-shot image classification accuracy under both shifts. This provides

a unified solution that simultaneously mitigates their effects.

1.5 Thesis Structure

The structure of this thesis is illustrated in Figure 1.1. This thesis addresses two key
problems commonly encountered in real-world cross-domain image classification scenar-
ios: label shift and continual domain shift. To address label shift, the thesis focuses on
the CDFSIC task. A brief review is first presented to summarise recent progress and
identify research gaps in the field (Chapter 2). Based on the insights, the first proposed
method, ProD: Prompt-to-Disentangle, is introduced to effectively tackle the core chal-
lenges of CDFSIC (Chapter 3). For continual domain shift, the thesis focuses on the
CoTTA task. A comprehensive survey is conducted to summarise recent progress in this
area (Chapter 2). Inspired by the gap we find in the survey and the effectiveness of ProD,
the second proposed method, SoTa-DiT: Source and Target Disentangle Transformer,
is introduced to address the CoTTA task by explicitly disentangling source and target
knowledge (Chapter 4). Following this, to overcome the instability observed in recent
CoTTA methods under single-sample conditions, where the test batch size is set to one,
the third proposed method, EBaR: Efficient Buffer and Resetting, is introduced (Chap-
ter 5). Moreover, EBaR is applied to zero-shot models to jointly address both the label

shift and the continual domain shift. Finally, future research directions are discussed
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Figure 1.1: The overall thesis structure. Two specific problems are addressed for cross-
domain image classification: label shift and continual domain shift. To tackle label shift,
this thesis focuses on the cross-domain few-shot learning task, accompanied by a brief
review and the proposed method, ProD (Contribution One). For continual domain shift,
this thesis focuses on the CoTTA task, supported by a survey, the proposed methods
SoTa-DiT (Contribution Two), which is inspired by ProD, and EBaR, proposed for single-
sample CoTTA (Contribution Three). Further, EBaR is applied to zero-shot models to
address both label shift and continual domain shift jointly.

(Chapter 6), and the conclusions of the thesis are drawn (Chapter 7).

1.6 Contributions
The three key contributions of this thesis can be summarised as follows:

* First, a novel method named ProD: Prompt-to-Disentangle, is proposed to address
the CDFSIC task. ProD is the first approach that leverages a prompt-tuning
mechanism to disentangle domain-general and domain-specific knowledge within
the CDFSIC setting explicitly. The prompt designed to capture domain-general
knowledge is responsible for producing transferable, generalisable features. In
contrast, the prompt aimed at extracting domain-specific knowledge produces

features related to the target domain. The domain-specific features are used as
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conditional information to facilitate rapid adaptation. Using two prompts together
combines the strengths of both domain generalisation and domain adaptation. As
a result, ProD effectively mitigates the label shift caused by novel classes in cross-
domain learning scenarios and achieves SOTA performance on multiple benchmark

datasets.

* Second, a novel method named SoTa-DiT: Source and Target Disentangle Trans-
former, is proposed to address the CoTTA task. SoTa-DiT is the first approach to
leverage prompt tuning within a transformer architecture to disentangle source
and target knowledge for CoTTA explicitly. The source prompts, which focus on
preserving source domain-shared knowledge, are supervised by a set of carefully
designed source knowledge preservation losses. In parallel, the target prompts,
responsible for extracting domain-specific knowledge from unlabelled target data,
are guided by a group of target knowledge extraction losses. We demonstrate that
explicitly disentangling source and target knowledge facilitates both the preser-
vation of critical source knowledge and the effective extraction of target-specific
knowledge. By combining these two benefits, SoTa-DiT addresses the challenges of
continual domain shift and achieves SOTA performance across multiple benchmark

datasets.

¢ Third, a novel method named EBaR: Efficient Buffer and Resetting, is proposed to
address a newly defined task called Single-Sample CoTTA (S-CoTTA). S-CoTTA
extends the CoTTA setting by requiring the model to adapt under the extreme
case where the test-time batch size is one. EBaR consists of two key components:
(1) an efficient buffer that separates incoming samples based on their prediction
uncertainty and applies different loss functions accordingly to stabilise the adapta-
tion under single-sample conditions, and (2) an elastic resetting unit that prevents
forgetting by resetting model parameters toward their original pre-trained val-
ues. The elastic resetting is guided by both the accumulated parameter changes
and their sensitivity to perturbations, enabling the model to retain source knowl-
edge while maintaining adaptability. By combining these two components, EBaR
achieves SOTA performance across multiple benchmark datasets and backbones.
Furthermore, EBaR is applied to zero-shot models to address the label shift and

continual domain shift problems jointly.
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CHAPTER

LITERATURE REVIEW

n this chapter, recent related works on the two core tasks addressed in this thesis:
Cross-Domain Few-Shot Image Classification and Continual Test-Time Adaptation,
are reviewed, categorised, and briefly summarised. In addition, research gaps are

discussed, which motivates the methodologies in the following chapters.

2.1 Cross-Domain Few-Shot Image Classification

2.1.1 Introduction

Few-shot learning (FSL) [110, 134, 153, 181] is proposed as a promising solution to the
data scarcity problem in machine learning, particularly for image classification. Unlike
traditional supervised learning approaches that require extensive labelled datasets [34,
88, 88], FSL focuses on training models capable of generalising to new labels using
limited labelled examples. This paradigm is especially relevant in practical scenarios
where data collection and annotation are expensive, time-consuming, or constrained by
domain-specific limitations.

Although conventional FSL approaches assume that the source and target data
share the same distribution [36, 145, 163], this assumption rarely holds in real-world
applications. In many cases, models must adapt to tasks where the new data is from
a domain that is significantly different from the source domain in the training phase.

In this setting, FSL evolves to a more complicated Cross-Domain Few-Shot Learning

11
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(a) Classification (b) Few-Shot Classification (c) Unsupervised Domain Adaptation (d) Cross-Domain Few-Shot Learning

Figure 2.1: The concept of cross-domain few-shot image classification, depicted in [194].
The different shapes represent different classes. 2 means domain. 2° and 27 represent
source domain and target domain, respectively. As shown in (d), cross-domain few-shot
image classification jointly considers the situation in (b) and (c¢), introducing both domain
shift and label shift introduced by novel classes, with only limited labelled samples per
novel class.

(CDFSL) [35, 62, 146, 194]. CDFSL aims not only to learn novel class knowledge at
the test time with limited labelled data, but to bridge the distributional gap between
the source and target domains. To achieve these, the CDFSL model needs to effectively
facilitate the source to increase generalisation ability while efficiently using the limited
labelled target to learn target-specific knowledge for the novel classes.

In this thesis, we solve CDFSL for the image classification task, referred to as Cross-
Domain Few-Shot Image Classification (CDFSIC) [35, 194]. The objective of CDFSIC is
twofold: (1) to train a generalizable classification model that can perform robustly across
a wide range of unseen target domains, and (2) to enable rapid adaptation to these novel
domains with previously unseen class labels, using only a few labelled samples per novel
class. This dual requirement makes CDFSIC particularly challenging, as it demands
both strong cross-domain generalization and efficient target-specific adaptation under

severe data constraints.

2.1.2 Problem Definition

Cross-Domain Few-Shot Image Classification (CDFSIC) extends the standard few-shot
image classification to more realistic scenarios where the source and target domains
differ. The concept of CDFSIC is illustrated in Figure 2.1. In this setting, the goal is
to leverage a model trained on a labelled source domain to rapidly adapt to a target
domain with novel class labels, using only limited labelled examples per novel class. The
following formal definition outlines the key assumptions and objectives of the CDFSIC
task.

12
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Definition 1. Definition of Cross-Domain Few-Shot Image Classification (CDF-
SIC).

Let 9 = {(x;,y; )}?fl be a source domain drawn from a joint distribution ps(x,y), where
each x; is a labelled sample from one of Cg base source classes. Let 9y = {(xi.k ), yj.k))}i.{z 1
for k=1,...,C, denote a target domain drawn from a different distribution p.(x,y),
consisting of only K labelled examples per class from a set of C,, novel classes, where
ps(x,y) # pi(x,y) and the label sets are disjoint: %; N%; = @.

A learning problem is called Cross-Domain Few-Shot Image Classification (CDFSIC)
if:

1. Domain shift: The source and target domains follow different distributions, i.e.,

ps(x,y) # pix,y), indicating a domain gap.

2. Label shift: The target domain contains novel classes unseen in the source domain,
ie, %N%Y;=q.

3. Few-shot constraint: The target domain provides only a few labelled examples per

novel class (commonly 1, 5, or 10), i.e., K < Nj.

4. Objective: Given a model pre-trained on 9D, adapt it using the small support set

9;, and classify unseen query samples from the novel classes with high accuracy.

2.1.3 Generalization-Based Methods
2.1.3.1 Data Augmentation

Data augmentation is commonly used during the training phase of Cross-Domain Few-
Shot Image Classification (CDFSIC) to enhance the generalisation ability. By augmenting
the training data without altering the semantic content, the diversity of the training set
is effectively increased. This expanded diversity helps the model become more robust to
typical domain shifts, such as corruption, style variation, and visual noise. For example,
[154] improves generalisation by transferring the visual style of semantically similar
categories to each class during training. [193] incorporates unlabelled data from auxiliary
source domains by generating synthetic images that retain the content of the primary
source domain but adopt the styles of the auxiliary domains. Other works, such as
[54, 213], focus on enhancing diversity by extracting high-frequency components from
source images and using them for augmentation. Similarly, [111] augments training data

by modifying images in the frequency domain and then transforming them back into the
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spatial domain for use as synthetic inputs. These augmentation strategies collectively
contribute to increasing the variability of the training data and significantly improve the

ability of the model to generalise across potential target domains.

2.1.3.2 Meta-Learning

Meta-learning methods adopt metric learning and episodic tasks to mimic few-shot
scenarios during training and refine the optimisation process [23, 44, 150, 158, 168, 169].
Within this framework, models are trained on synthetic tasks sampled from source
domains so that they can effectively generalise to novel classes and unseen domains
with only a small support set. Under the CDFSIC setting, CosML [135] trains separate
meta-learners for each source domain and averages their parameters during few-shot
testing to improve generalisation to new domains. [162] incorporates adversarial learn-
ing into a model-agnostic meta-learning architecture to enhance domain robustness. [71]
proposes a dual-adjustment mode meta-learning framework that refines class prototypes
and metric selection to reduce generalisation error. [94] combines advances in transfer
learning and meta-learning to create XDNet, an architecture that supports cross-domain
adaptation using non-parametric classifiers while minimising computational cost. [66]
introduces a parametric prototype generation mechanism based on concatenated support
set features and enforces prototype-based regularisation to improve query set perfor-
mance. [218] decomposes each query image into high- and low-frequency components
and feeds them concurrently into the embedding network, reinforcing category prediction
consistency through meta-learning. These meta-learning approaches primarily enhance
the generalisation capability of models in CDFSIC. Beyond that, XDNet [94] not only
improves transferability through meta-learning but also incorporates an adaptation
mechanism during test time. In the proposed method, ProD, ideas from meta-learning
are incorporated and reformulated as a domain-specific prompt that provides the model
with informative domain-specific knowledge. By encoding meta-learning principles into
a prompt-based representation, ProD enables the model to leverage prior adaptation

experience while operating directly on target-domain data.

2.1.3.3 Multi-source Training

Multi-source training has become a fundamental and widely adopted strategy in the field
of domain generalization [47, 156, 173, 216, 219]. The core idea behind this approach
is to train models using data drawn from multiple labelled source domains. Multi-

source training increases the diversity of the training domain, allowing the model to

14



2.1. CROSS-DOMAIN FEW-SHOT IMAGE CLASSIFICATION

learn more robust and domain-invariant representations. It ultimately improves the
ability of a trained model to generalise and maintain performance when facing unseen
domains at test time. Multiple-source training has been adopted by recent CDFSIC
methods, where models must handle the domain gap with very limited labelled target
data available. Liang et al. [102] propose a multi-source training approach that employs
an attention mechanism to achieve effective fusion of domain-specific knowledge for
CDFSIC. Similarly, Hu et al. [72] introduce a domain-switching training method that
leverages multiple source domains to train a generalised teacher model capable of guiding
few-shot adaptation. In another line of work, Ye et al. [200] develop an adaptive strategy
that assigns different weights to conditional adversarial losses across classes, depending
on the level of inter-domain discrepancy observed during training. Moreover, Liu et
al. [104] propose a multi-head architecture in which each head learns representations
specific to an individual source domain, while a shared backbone promotes generalisation
across domains. These methods collectively demonstrate that multi-source training
serves as a practical and versatile paradigm for improving the generalisation ability of
models in CDFSIC tasks. The idea of multi-source learning is adopted in our proposed

work, ProD, to improve the model’s generalization ability.

2.1.4 Adaptation-Based Methods
2.1.4.1 Feature Transformation

In CDFSIC, feature transformation refers to the process of modifying the learned feature
space from the source domain to align it with the target domain distribution better.
Rather than learning entirely new representations, these methods focus on transforming
existing source features to make them usable for downstream tasks. For example, [212]
introduces an adaptive transformation mechanism that evaluates domain discrepancy
in a task-adaptive manner, allowing the model to perform context-sensitive feature
alignment. In another approach, [203] integrates both comparison-based and induction-
based strategies to generate inductive meta-points that abstract and transform the
original features into a more generalisable form. [20] explicitly implements feature
transformation through a dedicated module that applies scale and shift operations to
recalibrate the features for cross-domain alignment. [108] utilises a high-dimensional
geometric algebra framework to map source features into a transformed space that
is more compatible with the target distribution. Through such transformation-based

strategies, the representations learned from source domains can be effectively adapted
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to target domains, even when only a few labelled examples are available. These methods
offer flexible and powerful strategies to bridge domain gaps in CDFSIC, eliminating
the need for abundant labels. In ProD, the proposed work of this thesis, the feature
transformation is done implicitly in the model layer with the provided target-domain

sample features in the domain-specific prompt.

2.1.4.2 Feature Alignment

In CDFSIC, feature alignment also plays a crucial role in reducing the domain gap
between the source and target domains. The objective is to adjust these feature dis-
tributions so that they become more consistent, effectively narrowing the domain gap.
This alignment process facilitates the transfer of knowledge learned from the source
domain to the target domain, even when only a few labelled examples are available. For
instance, [59] introduces a bridge domain into which both source and target features
are projected, allowing for the alignment of features through a shared intermediate
representation. [195] and [199] adopt normalisation calibration strategies to align the
statistical properties of the source and target domains, making feature distributions
more comparable. [22] enhances alignment by simultaneously learning prototypical com-
pact representations and enforcing bidirectional consistency between domains, resulting
in more robust cross-domain representations. Similarly, [132] proposes a bidirectional
cross-attention mechanism to extract transferable features that bridge the domain gap.
[192] takes a different route by employing information maximisation along with distance-
aware contrastive learning to implicitly align the characteristics of the source and the
target without requiring explicit supervision. Collectively, these methods demonstrate
the effectiveness of aligning feature distributions between domains, even under the few-
shot constraint, by leveraging either explicit alignment strategies or implicitly guided
learning signals. As a result, they significantly enhance the ability of the models to
adapt to target domains in CDFSIC settings. In ProD, the feature alignment is also done

implicitly in the model layer with the domain-specific prompt.

2.1.5 Research Gaps

Recent methods for CDFSIC focus more on the domain generalisation perspective. A large
portion of existing work emphasises enhancing the generalisation ability of models during
the training phase through strategies such as data augmentation, meta-learning, and

multi-source training. These techniques aim to expose models to diverse conditions and
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encourage the learning of domain-invariant representations. However, a growing yet still
limited body of work explores the use of domain adaptation techniques, such as feature
transformation and feature alignment. Many of these adaptation-based approaches tend
to be task-specific and are often not transferable to general-purpose CDFSIC. Moreover,
only a few studies attempt to address the CDFSIC problem by jointly considering both

domain generalisation and domain adaptation within a unified framework.

To address these limitations, a novel method is proposed in Chapter 3, termed ProD,
which introduces a dual-prompt architecture specifically designed for the CDFSIC task.
ProD explicitly disentangles domain-general and domain-specific knowledge through a
prompt-tuning mechanism that, to the best of our knowledge, has not been previously
applied in this setting. The domain-general prompts are trained to capture knowledge
that generalises across domains, aligning with domain generalisation objectives. In
contrast, the domain-specific prompts are optimised to adapt to target-specific features,
aligning with domain adaptation principles. By integrating both components within a
single model, ProD benefits from the strengths of both and achieves SOTA performance
across multiple CDFSIC benchmarks.

2.2 Continual Test-Time Adaptation

2.2.1 Introduction

Standard machine learning methods for image classification commonly rely on the
assumption that both the training (source) and testing (target) samples are independently
and identically distributed (i.i.d.) [141]. However, this assumption often fails in real-world
application scenarios, where the testing data is drawn from a distribution that differs
from the training data. For instance, in autonomous driving, lighting, weather, and road
conditions may change over time [157]; or in medical imaging, variations may arise due
to differences in cameras, scanning equipment, or hospital-specific protocols [2, 58, 190].
Such distribution shifts significantly hinder the ability of machine learning algorithms to
maintain optimal performance. To address these challenges, researchers have proposed
various approaches to enhance generalisation and adaptation capabilities. Domain
Generalisation (DG) [9, 173, 219] aims to train models that can generalise well to target
domains not seen during training. In contrast, Domain Adaptation (DA) [30, 43, 156,
174, 185] focuses on adapting a pre-trained model to a new target domain using test data

with limited or no labels. The DA and DG methods can effectively mitigate the domain
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gap between the source and fixed targets.

However, in real-world scenarios, the target domains often do not follow the fixed-
distribution assumption. For example, in autonomous driving, lighting, weather, and
environmental conditions change continually throughout the day. Similarly, in medical
imaging, different doctors with varying habits may take scans at different times, intro-
ducing variability. We summarise these phenomena as continual domain shift (CDS).
CDS in target domains pose a more profound challenge to the stability and perfor-
mance of machine learning models over an extended period. Specifically, it poses two key

challenges:

¢ Effectively prevent the catastrophic forgetting by preserving the source knowledge

inside the model over a long time.

¢ Effectively transfer the existing knowledge to continually shifting target domains
and extract high-quality target domain knowledge using unlabelled target data

with potential noise.

To effectively address the challenges posed by CDS, recent research proposes a
novel task called Continual Test-time Adaptation (CoTTA), which is gaining increasing
popularity and attention. In CoTTA, the model typically does not have access to or only
has limited access to labelled source data. Meanwhile, the model needs to adapt itself
to a target domain that is suffering from CDS over time. More importantly, the target
domain data is unlabelled, making the task more challenging. Still, due to its broad
application potential and values, the CoTTA task has become one of the hottest topics

under domain adaptation.

Here, as shown in Figure 2.2, we categorise CoTTA methods into two main types:
the first type focuses on preserving the source knowledge and preventing knowledge
from being forgotten, which is referred to as the anti-forgetting method. Under the
anti-forgetting method, there are several sub-classes: normalisation calibration, regular-
isation, ensemble and distillation, source resetting, and adapter tuning. The second type
focuses on effectively transferring knowledge to a continually shifting target without
target labels, known as the target-adaptation method. Under the target-adaptation
method, there are also several sub-classes: data augmentation, pseudo-label learning,

optimisation objective design, and gradient adjustment.
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Normalization Calibration (NC)

Anti-Forgetting
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Figure 2.2: The taxonomy of continual test-time adaptation methods. The key contri-
bution of this thesis is to consider anti-forgetting and target-adaptation jointly. For
instance, Methodology 2 (SoTa-DiT) combines regularisation and adapter tuning with
optimisation objective design, while Methodology 3 (EBaR) combines source resetting
with pseudo-label learning.

2.2.2 Problem Definition

In the domain-adaptation setting, we often assume access to labelled source data, while
the target domain is either unlabeled or only sparsely labelled. When the target distribu-
tion changes continually at deployment time, i.e., it undergoes Continual Domain Shift
(CDS), and no target labels are available, the problem becomes Continual Test-Time
Adaptation (CoTTA). Here, the focus is drawn on a source-free setting, where the source
data is unavailable at the test time. CoTTA seeks to maintain reliable performance
by adapting the model online, using only the streaming, unlabelled target data, while

preserving the knowledge from the source.

Definition 2. Definition of Continual Test-Time Adaptation (CoTTA).

Let 94 denote a source domain with joint distribution pg(x,y) and abundant labelled
data, and let {@tl,@tz, ... ,@;‘r } denote a sequence of target domains observed at test time,
each associated with an unlabelled joint distribution p%(x,y),...,ptT(x,y). A learning
problem is called Continual Test-Time Adaptation (CoTTA) if:

1. Distribution shift: ps(x,y) # pi(x,y) for at least one t, and pi(x,y) # pi”(x,y) for

some consecutive t, i.e., the target distribution changes continually over time (CDS).
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2. Label availability: No ground truth labels from any target domain 9! are avail-

able during adaptation,; only unlabelled target samples arrive sequentially.

3. Objective: Given a model trained on 9D, continually adapt it online, using only the
unlabelled target data, to minimise the prediction error on each @f while preventing

catastrophic forgetting.

2.2.3 Anti-Forgetting Methods
2.2.3.1 Normalization Calibration

Normalisation layers in deep learning models are designed to enhance the generalisation
ability by regulating the statistical properties of the data within a mini-batch. These
layers help stabilise and accelerate training by normalising feature distributions. There
are four primary types of normalisation layers [187]: batch normalisation (BatchNorm,
BN), layer normalisation (LayerNorm, LN), group normalisation (GroupNorm, GN), and
instance normalisation (InstanceNorm, IN). Batch Normalisation (BatchNorm) [76] is
the most commonly used normalisation layer in CNN-based visual recognition models. It
helps mitigate the risks of gradient explosion and vanishing during the training of deep

neural networks.

The statistics captured by the normalisation layers are often considered closely re-
lated to domain-specific knowledge. For example, modifying normalisation layers can
effectively change the style of an image [74, 80, 123]. Consequently, in the domain
adaptation field, calibrating normalisation layers has emerged as an effective strategy
for adapting models to new domains that exhibit different statistical properties. No-
tably, when only the normalisation layers are adjusted, most of the parameters remain
unchanged, allowing the model to retain domain-shared knowledge learned from the
source domain, which is particularly beneficial in continual test-time adaptation (CoTTA)
settings. TENT [170] is the first to propose updating the statistics and affine parameters
of normalisation layers for CoOTTA. This approach is later extended by DUA [120] and
DELTA [215]. These methods focus solely on updating the BN layers during CoTTA,
without introducing additional parameters or modifying the original structure of the
normalisation layers. As a result, they are widely adopted as default parameter tuning
strategies in many subsequent CoTTA methods, such as EATA [128], RDUMB [139], and
EATAC [160]. In the third work, EBaR, normalisation calibration is applied.
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2.2.3.2 Regularization

In domain adaptation for image tasks, regularisation refers to certain constraints that
guide the training process to ensure better alignment between the source domain and
the target domain [5, 28, 41]. The primary objective of regularisation for CoTTA is to
preserve knowledge from the source domain. Knowledge preservation is achieved by
constraining the adapted parameters to remain close to those of the source model. Such
constraints maintain the generalisation ability over time.

EATA [128] introduces an anti-forgetting strategy by adding a regularisation term
that keeps the parameters close to the original. This constraint preserves critical weights
and thus maintains source-domain performance, although an overly strong weight con-
straint could potentially limit adaptability to significant distribution shifts. PETAL [10]
introduces a regulariser similar to EATA under a teacher-student distillation setting,
pulling the student’s parameters toward the source model. ECOTTA [152] takes a dif-
ferent approach by regularising the model indirectly using a frozen copy of the source
model as a teacher. Although this method effectively preserves source knowledge and
prevents drift, it still limits the ability to adapt. VCOTTA [114] introduces a variational
approach to CoTTA, which regularises parameter updates based on the history of past
updates, avoiding drastic updates. In the second work, SoTa-DiT, a regularisation loss is

applied to ensure that the tuned prompt maintains a similar shape to the source prompt.

2.2.3.3 Ensemble and Distillation

Ensemble techniques aim to improve prediction performance by combining multiple
models. The approaches of ensemble include parameter ensemble, which averages model
parameters across training iterations or model instances [12, 14, 89, 90, 161], and
prediction ensemble, where final predictions are obtained by voting or averaging the
outputs of multiple models [3]. Distillation refers to the process of transferring knowledge
from a stronger or more general model, named as the teacher, to a simpler or specialised
model, named as the student [56]. Both ensemble and distillation strategies have been
extensively used in semi-supervised learning [4, 14, 15, 25, 90, 130, 143, 188, 196]. They
play crucial roles in enabling effective knowledge transfer, stabilising adaptation, and
enhancing generalisation in settings with limited labelled data.

Inspired by advances in semi-supervised adaptation, recent CoTTA methods have also
adopted ensemble and distillation techniques. Although these two strategies represent
distinct approaches, they are often employed jointly in CoTTA with a shared objective:

21



CHAPTER 2. LITERATURE REVIEW

to stabilise adaptation and prevent forgetting. Given their complementary roles and
frequent integration, we discuss them together in the same section.

A representative ensemble and distillation method is COTTA [175]. In COTTA, the
student model is fine-tuned through backpropagation, while the teacher model is updated
using an exponential moving average (EMA) to temporally ensemble the parameter
trajectory of the student. In this framework, the teacher model is updated more slowly
than the student, helping retain domain-invariant source knowledge and transferring it
effectively to the student. However, over a longer time, the teacher model still drifts from
the source distribution, leading to forgetting. SANTA [17] introduces a source-anchoring
self-distillation, using the source model as an anchoring teacher to preserve previously
learned semantics, although this can limit adaptation flexibility. MJT [176] proposes a
multiple teacher strategy, replacing a single EMA teacher with an ensemble of teachers
trained on different source domains. DDA [49] employs a generative diffusion model
to project test inputs toward the source domain and uses a self-ensemble classifier to
adjust adaptation strength based on the output of the diffusion model. The strategy
avoids overfitting and forgetting, but it depends on an external diffusion model and is
only suitable for corruption-style shifts. In the second work, SoTa-DiT, a regularisation
loss is applied to ensure that the tuned prompt maintains a similar shape to the source

prompt.

2.2.3.4 Source Resetting

Source reset refers to directly resetting the parameters of the adapted model back to,
or close to, the source model. It is commonly used in continual learning to alleviate
catastrophic forgetting [113]. In continual test-time adaptation, source reset is applied
for a similar purpose.

COTTA [175] first applies stochastic restore to reset the model. In practice, COTTA
resets the model by combining the source model 6y and the current model weights 0; at

time step ¢, using
(2.1) 041 =M0O; +(1—M)Bo,

where M is a randomly generated mask used to reset parameters partially. The straight-
forward strategy effectively mitigates forgetting in the short run. However, over a longer
period, the strategy is ineffective [139]. ERSK [127] further adds domain shift detection
by calculating the KL divergence between the running statistics in the normalisation

layer up to the current time step. If the divergence is large, the model is reset. The strat-
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egy avoids the unnecessary target-specific knowledge dump in COTTA. RDUMB [139]
proposed a more straightforward but effective resetting method. It resets the model
after a fixed number of steps. Although the accuracy drops slightly after resetting, as
the target-specific knowledge is dumped, it maintains its performance over the long
term by preventing forgetting. In the third work, EBaR, an elastic reset methodology
is designed to preserve the source knowledge effectively without discarding the useful

target knowledge.

2.2.3.5 Adapter Tuning

Adapter tuning [191] is a technique widely used with pre-trained vision models to
improve downstream task performance with minimal modification. It typically introduces
a lightweight module, called an adapter, which is trained specifically for the downstream
task. In CoTTA, the adapter is learned during test time in a self-supervised manner. One
key advantage of using adapters in CoTTA is that the source model remains unchanged,
thereby preserving domain-shared knowledge from the source. As a result, catastrophic
forgetting is mitigated. Also, the prompt tuning process often involves extra prompt

structures [48], which are similar to adapter-based methods.

VIDA [106] introduces a Visual Domain Adapter (VDA) to separate domain-specific
and domain-shared knowledge. VDA consists of a high-rank adapter that captures target-
specific knowledge and a low-rank adapter that preserves shared, previously learned
knowledge. A homeostatic strategy combines these two sources, enabling adaptation to
new domains while preventing catastrophic forgetting. Similar to VIDA, BECOTTA [92]
proposes an expert-blending approach using a Mixture-of-Domain Experts (MoDE)
with a low-rank adapter. It deploys multiple lightweight adapter modules (experts) to
capture target-related knowledge without affecting source knowledge. Unlike the works
above, CMAE [105] introduces an autoencoder as an adapter to facilitate adaptation.
CMAE masks parts of the target input using distribution-aware masking and enforces
consistency between predictions on masked and original inputs. It then uses a lightweight
autoencoder to reconstruct invariant features from the masked tokens, encouraging the
model to learn robust, domain-relevant features. VDP [48] learns a mask-style prompt in
CNNs for the target domain and a domain-agnostic prompt for shared knowledge while
keeping the source fixed. During tuning, the learnable prompts are concatenated to the
convolutional feature map. In the second work, SoTa-DiT, prompt-style adapters, named

source and target prompts, are introduced for efficient target-specific tuning.
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2.2.4 Target Adaptation Methods
2.2.4.1 Data Augmentation

Standard augmentation applies techniques such as cropping, flipping, blurring, and
Gaussian noise. PAD [186] generates several augmented versions of each test image
with different standard augmentation methods and uses voting on pseudo-labels to
learn more general and robust target knowledge. Similarly, TTPR [45] applies multi-
ple random augmentations to each test sample and minimises the KL-divergence to
ensure consistency. This strategy is widely used in other CoTTA methods to enhance the
generalisation of target-related, domain-specific knowledge. For example, in ensemble
and distillation-based methods such as COTTA [175] and its successors like RMT [38],
different standard augmentations are applied to a single sample to generate multiple
augmented views. The predictions for these views are ensembled in the feature or label
space to tune the student model.

Adaptive augmentation adjusts the data augmentation strategy to suit the target do-
main, addressing the issue that fixed standard augmentations may change the semantic
meanings and increase learning difficulty. TESLA [165] uses adversarial augmentation
to learn an augmentation policy that generates adversarially perturbed versions of target
inputs, pushing them toward high-uncertainty regions and reducing learning difficulty.
TIPI [124] identifies a set of input transformations that simulate likely target-domain
shifts while preserving semantic meaning. At test time, it ensures that the prediction for
the same sample remains semantically invariant under these transformations.

In this thesis, the standard augmentation is introduced to increase the variety of the

target data for more robust test-time tuning.

2.2.4.2 Pseudo-Label Learning

Pseudo-label learning assigns labels to unlabelled data based on high model prediction
confidence for certain classes. This technique is widely used in domain adaptation tasks
such as semi-supervised domain adaptation [7] and unsupervised domain adaptation.
Pseudo-label learning in CoTTA involves four key steps: 1) label assignment, 2) label
refinement, 3) label filtering, and 4) learning with labels. In this section, we focus on the
first three steps, as the third is closely related to the optimisation objective design and is
discussed in detail in the next section.

Label assignment methods focus on generating and assigning more reliable pseudo-

labels to each unlabelled test sample. PAD[186] uses multiple augmentations of each test
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sample to vote on a pseudo-label, improving label reliability. CoTTA [175], MEMO [211],
and TESLA [165] reduce pseudo-label noise by averaging the predictions across multiple
augmentation views. This multi-augmentation averaging strategy is widely applied in
subsequent CoTTA works. Beyond multi-augmentation aggregation, ECL [206] proposes

learning from complementary labels.

Label refinement methods focus on adjusting the generated pseudo-labels to improve
their quality. The most common approach for pseudo-label refinement is memory bank-
based methods. These methods collect sample features across different mini-batches and
apply techniques such as graph-based label transfer to propagate labels across similar
samples. AdaContrast [19] refines pseudo-labels using a memory bank of target features
with a nearest-neighbour voting scheme. TeSLA [165] adopts the same strategy as Ada-
Contrast for feature refinement. TSD [178] uses a memory bank for prototype-based label
refinement. It builds a memory of past target features and computes pseudo-prototypes
for each class. Beyond memory bank-based methods, AR-TTA [151] incorporates source
data guidance via mixup to enhance the quality of pseudo-labels. It assumes access to a
small memory of labelled source examples during test time. For each incoming target
sample, AR-TTA performs mixup augmentation between the unlabelled target and one or
more source samples. The model is then tuned on these mixed examples using a blended

label that combines the one-hot source label and the target’s pseudo-label.

Label filtering methods focus on removing low-quality pseudo-labels based on indica-
tors such as feature-space distance from past samples, high uncertainty, or abnormal
back-propagation gradients. By filtering pseudo-labels, the average quality of those used
for tuning is improved. NOTE [53] introduces Prediction-Balanced Reservoir Sampling
(PBRS) to maintain class balance as the model processes a non-i.i.d. stream, PBRS
filters and stores samples in a reservoir such that the pseudo-label class distribution
remains roughly uniform. ROTTA [202] introduces a similar category-balanced buffer for
non-i.i.d. data streams. EATA [128] filters out unreliable pseudo-labels using an active
sample selection criterion. This criterion identifies samples with low uncertainty and
rich target-related information, excluding those that are either overly complex or overly
simplistic. TSD [178] filters noisy labels using an entropy filter that excludes samples
with high prediction entropy and a consistency filter that drops samples whose labels
are distant from the aggregated labels of their closest prototypes. SAR [129] filters out

samples that would induce noisy gradient updates.

In this thesis, EBaR uses label filtering to separate low- and high-uncertainty labels,

thereby reducing the influence of target noise.
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2.2.4.3 Optimization Objective Designing

Optimisation objective designing aims to transfer existing knowledge to the target
domain and effectively extract target-specific knowledge. There are two primary design
purposes: 1) uncertainty minimisation, and 2) target knowledge generalisation.

Uncertainty minimisation focuses on reducing prediction uncertainty in the tar-
get domain. Specifically, there are two types of methods: entropy-based methods and
clustering-based methods.

Entropy-based methods are the most commonly adopted for uncertainty minimisation,
typically by minimising entropy loss. It increases the prediction confidence and ensures
that class boundaries lie in low-density regions of the feature space [18, 184]. TENT [170]
first proposed optimising the model via standard entropy minimisation for the CoTTA

task. TENT adapts the model at test time by minimising entropy:

1 N
—Y Y poly =clx))logpo(y = clxy),

(2.2) gEntropy = _N
i=1¢

where N is the number of samples in a mini-batch, and py(y = c|x;) is the probability
that x; belongs to class ¢ predicted by the model. This loss encourages the predicted
distribution pg(y|x;) to be sharp, with one class having high confidence in its prediction.
CONJ-PL [57] further proves that entropy minimisation is particularly suitable for
models pre-trained with cross-entropy loss.

Clustering-based methods push samples into tighter clusters in the feature space. As
samples move closer to their respective class centres while being pushed away from other
centres, prediction uncertainty decreases. The typical way to achieve these is to use the
class centroid or class prototype. CORE [201] calculate the averaged feature output for
each class and pushes the averaged feature centres away from each other using the loss

function given by:

cC C
(2.3) Loore=)_ ). P;Pj,
J=1j'#j

where p; is the class center for class j. CFA [84] computes the class centres, the sample
distribution around each centre, and the overall class-wise centres for both the limited
available source data and the current test batch. These three types of centres are then
aligned using a mean square distance loss.

Target knowledge generalisation focuses on extracting generalised target knowledge
from unlabelled target data. Specifically, there are two main categories of approaches:

contrastive-based methods and perturbation-based methods.
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Figure 2.3: The classification accuracy (%) of the CoTTA methods under different batch
size settings with ResNet-50 [155, 164] on ImageNet-C. The accuracy declines drastically
following the decrease in batch size due to tuning instability.

Contrastive-based methods adopt contrastive learning strategies and contrastive
loss as the objective. The contrastive loss enables the model to learn target-invariant
representations from a small amount of unlabelled data within a batch [117]. AdaCon-
trast [19] first adopts the contrastive learning loss for CoTTA. Specifically, AdaContrast
employs an InfoNCE-style contrastive objective: for a sample x;, with an augmented

view x as a positive and other samples x; (j # i) as negatives, the loss is given by:

exp(sim(z;,2;)/7)

24 Leon = ~log exp(sim(z;,z})/1) + ¥ jz; exp(sim(z;,2;)/T)’

where z = fyp(x) are the normalized feature embeddings and sim(u,v) denotes cosine
similarity; 7 is a temperature. Following AdaContrast, [38] and [198] adopt the same
contrastive learning loss.

Perturbation-based methods introduce perturbations to the model and expect its
predictions to remain stable under such perturbations. SAR [129] incorporates sharpness-
aware minimisation through perturbation. Inspired by SAM [46], SAR seeks model
weights that perform well within a neighbourhood around 6, rather than optimising for
a specific point estimate. Formally, for a given test sample (or batch) x, the optimisation
objective of SAR is defined as:

(2.5) minmax H(pg.(y | x)),
0 lel<p
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where the inner maximisation identifies an adversarial weight perturbation e.
In this thesis, both entropy loss and contrastive loss are adopted for SoTa-DiT and
EBaR. Our refined entropy loss effectively minimized prediction uncertainty, while the

contrastive loss effectively learned invariance within continually changing target data.

2.2.4.4 Gradient Adjusting

Gradient adjustment techniques aim to refine gradients during optimisation to enhance
knowledge transfer to the target domain.

One approach to gradient adjustment is holistic gradient modulation, which involves
introducing an additional module to adjust gradients globally. SLWI [93] employs a
Bayesian filtering approach to regulate gradient updates. It treats model weights as
latent variables that remain stationary unless compelling evidence suggests otherwise.
Each incoming test sample updates the weight posterior through a Bayesian update,
replacing raw stochastic gradient descent (SGD) steps. Another approach is to person-
alise the gradient for different layers or individual parameters. DAT [125] dynamically
partitions parameters into domain-specific parameters and task-relevant parameters.
It identifies parameters sensitive to domain shift as the domain-specific parameters by
observing batch updates; if a gradient exceeds a threshold, the parameter is classified
as DSP. During adaptation, only DSPs are updated. AWN [133] adjusts gradient magni-
tudes per layer using an information-theoretic importance measure based on the Fisher

Information Matrix.

2.2.5 Research Gaps

Recent methods primarily focus on either mitigating catastrophic forgetting or enhancing
target adaptation, with only a few approaches addressing both challenges simultane-
ously. Among them, VDP [48] is the only method that explicitly employs prompt tuning
to disentangle source and target knowledge, applying distinct learning strategies to
separate prompts to achieve both objectives. However, the VDP framework is limited in
its applicability, as it is explicitly designed for CNN-based models and does not extend to
transformer architectures.

To address this limitation, a novel transformer-based prompt tuning method is
proposed in Chapter 4, aiming to provide an effective and generalisable solution for

transformer baselines.
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Figure 2.4: The classification accuracy (%) of the STTA methods under the S-CoTTA
setting on the CCC dataset with the ResNet-50 baseline. We apply a moving window with
size 32 for ETA, denoted as ‘ETA+W32’. The accuracy declines following the increase in
the time step due to catastrophic forgetting.

Moreover, [182] finds that when using a vision transformer backbone, recent CoTTA
methods tend to collapse as the test batch size decreases. As shown in Figure 2.3, an
observational experiment further reveals that this collapse is even more severe for CNN-
based models [64]. In response to this issue, a novel setting, Single-Sample Continual
Test-Time Adaptation (S-CoTTA), is introduced in Chapter 5, where the test-time batch
size is set to one.

Additionally, another observation indicates that the performance of existing single-
sample test-time adaptation (STTA) methods deteriorates over an extended time. To
address these limitations, this thesis proposes a memory-efficient buffer and elastic
resetting method in Chapter 5, designed to jointly: (1) stabilise the adaptation process
under the single-sample setting, and (2) prevent catastrophic forgetting during long-term

adaptation.
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CHAPTER

CROSS-DOMAIN FEW-SHOT IMAGE CLASSIFICATION VIA
PROD: PROMPTING-TO-DISENTANGLE

3.1 Introduction

ew-shot image classification aims to use limited support samples to transfer the

classifier from base training classes to novel test classes [44, 150, 158, 168, 169],

which meets the requirement in application scenarios when labelled data is
scarce and the novel classes introduce label shift. In this thesis, we focus on the few-shot
image classification in the cross-domain learning setting, where there is a domain gap be-
tween the training set and the test set. This train-to-test domain gap hinders knowledge
transfer between training and test data, significantly compromising classification accu-
racy [23, 60]. Here, we tackle the cross-domain few-shot image classification (CDFSIC)
task.

Generally, there are two approaches for mitigating the domain gap, i.e., domain
generalisation, and domain adaptation. Domain generalisation improves the inherent
generalisation ability of the learned feature and directly applies it to novel domains
without further tuning. In contrast, the domain adaptation uses samples from the novel
domain to fine-tune the already-learned feature. For few-shot image classification, the
domain generalisation approach [72, 99, 166, 214] is more explored than the domain

adaptation approach [60], since limited support samples hardly provide reliable clues for
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Figure 3.1: ProD flattens the CNN backbone feature into feature tokens and concatenates
them with the DG and DS prompt. The DG prompt is learnable and shared by all the
training domains for general knowledge. In contrast, the DS prompt is generated from
the features of samples in the same domain as the feature tokens and thus can capture
novel test domain knowledge from the support images during the test. The output of the
DG/DS prompt is supervised with a global/local classification head, respectively, during
training and concatenated as the final representation for inference..

domain adaptation.

To this end, we propose a prompting-to-disentangle (ProD) method through a novel ex-
ploration with the prompting mechanism. The prompting technique was first introduced
in natural language processing and has become popular in computer vision [78, 220].
It aims to switch the transformer to different mapping functions without changing its
parameters by using different prompts to condition (impact) the transformer. Compared
with prior prompting techniques, our exploration is novel. With a single transformer, we
simultaneously use two prompts to extract the domain-general (DG) knowledge and the
domain-specific (DS) knowledge in parallel. Therefore, these two prompts switch a single
transformer between two different outputs simultaneously, i.e., DG and DS knowledge,

yielding the so-called Prompting-to-Disentangle.

In ProD, both the DG and DS knowledge are beneficial, contrary to prior works
[72, 95, 103] where the DS knowledge is considered harmful and discarded. The reason
is that in ProD, the DS knowledge is not bound by the already-seen training domains.

Instead, it can on-the-fly capture the novel domain knowledge from support samples
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through the prompting mechanism (as explained in the third benefit below). Therefore,
ProD benefits from the DS knowledge of the novel test domain. Specifically, as illustrated
in Figure 3.1, ProD adopts the popular multi-domain training scheme [72, 166] and
uses a Convolutional Neural Network (ResNet-10 [64]) to extract the backbone feature.
Afterwards, ProD flattens the backbone feature into multiple feature tokens, concatenates
the feature tokens with a DS and a DG prompt, and feeds them into a lightweight
transformer. The DG prompt is learnable and shared by all the training domains, while
the DS prompt is generated with backbone features from the domain-of-interest (i.e.,
the domain of the feature tokens) on the fly. In ProD, there are three key points for
mitigating the domain gap:

1) Sharing a single prompt for all the training domains benefits cross-domain gener-
alisation. In other words, we need no special design to obtain a DG prompt but only to
share a single prompt with multiple domains. During training, the output state of the
DG prompt (i.e. the DG feature in Figure 3.1) is fed into a global classifier that contains
the categories from all the training domains. Inference with the DG feature improves

classification accuracy.

2) The DG prompt can be further reinforced by making it neutral towards all the
training domains. To this end, we enforce a simple constraint: the learned DG prompt
should have identical (or close) distance toward all the training domains. This con-
straint reduces the bias toward any domain and enriches the domain-general knowledge,

bringing another round of improvement.

3) The DS prompt can capture the DS knowledge from the domain-of-interest on the
fly and thus makes the DS knowledge beneficial. Specifically, during training, given an
input, we use features from the same domain to generate a DS prompt. Correspondingly,
the knowledge in the DS prompt is from the input domain specifically rather than
from all the training domains. Moreover, the output DS feature is supervised by a local
classifier, which contains only the categories in the current domain and thus avoids cross-
domain interference. In the inference phase, we duplicate the DS prompt generation
procedure onto the test domain, i.e., generating the DS prompt from more support
samples. Therefore, although the model remains unchanged, the on-the-fly DS prompt
modifies the context of the model input and dynamically conditions the output to the
test domain. Such a prompting and conditioning effect can be viewed as a test-time

adaptation without fine-tuning the model.

ProD concatenates the DG and DS features as the final representation for inference,

therefore integrating the benefits of good generalisation and fast adaptation. Conse-
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quently, ProD effectively mitigates the domain gap and improves cross-domain few-shot
classification. For example, on CUB, ProD improves the 5-way 5-shot recognition accuracy
from 73.56% to 79.19% on the CUB dataset, setting a new SOTA.

The contributions of ProD can be summarized as follows:

» We propose a Prompting-to-Disentangling (ProD) method for cross-domain few-shot
image classification. ProD disentangles the domain-general (DG) and domain-specific

(DS) knowledge through a novel exploration of the prompting mechanism.

e For the DG knowledge, we show that sharing and neutralising a DG prompt for all
the training domains benefits cross-domain generalisation. For the DS knowledge, we
condition the model to the novel test domain through a DS prompt generated on-the-fly

to replace fine-tuning.

» We conduct extensive experiments to validate the effectiveness of ProD. Ablation
studies show that both the DG and DS prompt in ProD are effective.

3.2 Visual Prompting Mechanism

The prompting technique [13] was first introduced in natural language processing. It
modifies the pre-trained language model for different downstream tasks by changing
the prompt instead of tuning the deep model. Recently, the prompting mechanism has
been applied in vision tasks for efficient fine-tuning [78]. Compared with the existing
methods [107], our ProD has close connections and significant differences. Similar to
prior works, in ProD, the prompt changes the mapping function of the deep model by
modifying the context of the model input and does not change the model parameters.
Still, there are two significant differences regarding training and inference. 1) Training:
recent prompting techniques usually require a pre-trained model. Then, the prompts are
injected and tuned for novel downstream tasks. When tuning the prompt, the pre-trained
model is frozen. In contrast, in the proposed ProD, the “base model” (the CNN and
the transformer head) and the prompts are trained simultaneously from scratch in an
end-to-end manner. 2) Inference: Different prompts are usually employed separately
in recent popular prompting techniques. In contrast, ProD simultaneously injects two

prompts to activate two different knowledge in parallel.
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3.3 Methodology

3.3.1 Problem Formulation

ProD adopts the popular multi-domain training paradigm [72, 82, 95, 109] for solving the
CDFSIC task. Specifically, we use a group of training datasets corresponding to different
domains 2 = {Dg,D1,...,Dn}. In each training iteration, images are randomly sampled from
a dataset, and a few-shot learning episode is conducted on the corresponding domain.
The test dataset is from a novel domain D; and contains images with disjoint labels.
When testing, only a few labelled samples are provided for fine-tuning the model. Each
testing episode performs a C-way K-shot task by randomly sampling a support set and a
query set from the test domain D;. The support set consists of C x K (C is the number of
classes, and each class has K samples) samples, and the query set consists of multiple

unlabelled images from these C classes.

3.3.2 Overall Architecture

The overall pipeline of ProD is illustrated in Figure 3.2 (a). In each training iteration, a
training domain D, € & is randomly selected, and multiple images {x'} are sampled. The
superscript n indicates the n-th domain. ProD feeds these images into a CNN backbone,
denoted as f(), to produce their backbone features. Correspondingly, for each image x
(the superscript and upper-script are omitted), its backbone feature is a convolutional
feature map f(x) € RP*EXW (D H, W are the dimension, height, and width).

Given a backbone feature f(x), ProD flattens it into a feature sequence consisting of
H x W tokens (each token is D-dimensional), i.e., F € RIW)*D These feature tokens are
then concatenated with a DG prompt (G) and a DS prompt (S). Since the concatenated
tokens are to be input into the multi-block transformer, we add a superscript “0” to
indicate their position (i.e., FO, G? and S°). The DG prompt G° consists of multiple
tokens and is learnable (Sec.3.3.3). The DS prompt S° is generated from some other
backbone features in the current domain D" during training (Sec.3.3.4). During testing,
S? is generated from the support samples in D; to capture the novel domain knowledge.
ProD feeds the concatenated tokens into a transformer with L blocks (we empirically set

L =2), which is formulated as:

(3.1) [F',G!,S'1=B,((F'"1,G'" 1,81,

where B; (I =1,2,---,L) is the [-th transformer block, [ ]is the concatenation operation.
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Figure 3.2: The architecture of ProD. Fig.(a) and Fig.(b) respectively depict the overall
pipeline and the DG prompt neutralisation. GAP represents global average pooling. As
shown in (a), ProD first extracts the backbone feature with a CNN backbone. Then, it
flattens the backbone feature into feature tokens and concatenates them with a learnable
DG prompt and an on-the-fly DS prompt. The outputs of the DG / DS prompt are fed into
a global/local classification head, respectively. In (b), we maintain the domain centres
using a momentum update. The DG prompt, in all the transformer blocks except the
final output state, is pushed away from the domain centres for neutralisation.

During training, the output state of GD and GS prompts (i.e., G and SF) are fed
into a global and local classification head, respectively. The global classification head
HeoPal contains the holistic classes from all the domains @ = {Dg,D1, - ,Dn}. In contrast,
the local classification head H"” only contains the classes from the current domain D,,
(nel,2,---,N).

During testing, the concatenation of G and S’ is used as the final representation,
and the feature tokens F! are discarded. G contains domain-general knowledge, while
S contains domain-specific knowledge conditioned by the novel test domain. Combining

these two features brings complementary benefits for cross-domain evaluation (Sec.3.4.3).

The following Sec.3.3.3 elaborates on the DG prompt, neutralising the DG prompt for
better domain generalisation and the corresponding global classification head. Sec.3.3.4

elaborates on the DS prompt and the corresponding local classification head.
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3.3.3 Domain-General Prompt for Domain-General Feature
3.3.3.1 DG Prompt and Global Classification

Domain-General prompt G° contains multiple trainable tokens. When the feature tokens
and the DG tokens ([F°, G°]) proceed in the transformer, they interact with each other
through the attention mechanism. After L transformer blocks (Eqn.3.1), we consider the
output G~ as containing domain-general knowledge and use a global classification head

to supervise GZ, which is formulated as:

exp(w, -E)

(32) gG = —10g — >
Y jexp(w;-GL)

where w; enumerates all the weight vectors in the global classification head. w, is the
weight vector of the ground-truth class. “ - ” is the inner product operation. “ — ” is the
average pooling operation, through which multiple tokens in GZ are pooled into a vector
GL. This global classification head covers all the classes from the entire training domains
% =1{D1,Dg,---,Dn}.

Empirically, we find that adding DG prompt brings considerable improvement (e.g.,
in Sec.3.4.3, +1.82 top-1 accuracy on CUB) over the “CNN+Transformer” baseline. Ana-
lytically, it is because the DG prompt brings additional input tokens shared by all the
training domains. Intuitively, if the number of DG prompt tokens is huge, different input
images have almost the same representation. Under this extreme assumption, the deep
representation has minimal domain bias. However, it lacks basic discriminative ability
and might not function properly. Therefore, the number of DS prompt tokens matters

and is empirically set to 5, as illustrated in Sec.3.4.3.

3.3.3.2 Neutralizing DG Prompt

We further neutralise the DG prompt to reinforce its generalisation ability. The intuition
is that if the DG prompt has no bias to any training domains &, it can capture more
general knowledge and further benefit cross-domain generalisation. To this end, given a
DG prompt, we measure its domain bias through the cosine similarity towards different
training domain centres, as illustrated in Figure 3.2 (b). A domain centre is the averaged
feature of all the samples in the corresponding domain, which can be approximated

online by a momentum update:
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(3.3) p" <—Ap"+(1—A)M,

B
where the superscript n indicates the n-th training domain, A is the momentum rate, B
is the batch size, f(T?) is a vector pooled from the backbone feature through the average
pooling “ — 7,
Given the DG prompt, the neutralising loss minimises its cosine similarity to all the

domain centres, which is formulated as:

1 N E.pn
(3.4) ==Y (|———|
N2 1GHp»

The above neutralizing loss (Eqn.3.4) is performed to G (1 =0,1,---,L —1). We choose
not to neutralise G¥ because it conflicts with the global classification loss (which is also
on GL).

3.3.4 Domain-Specific Prompt for Domain-Specific Feature
3.3.4.1 Domain-Specific Prompt

The DS prompt S° is on-the-fly generated from some random backbone features f(x) in
the current domain through average pooling, as illustrated in Figure 3.2 (a). Specifically,
during training, ProD chooses C training classes, randomly samples 1 backbone feature
f(x) from each class, and uses the average-pooled vector f(x) as a corresponding token.
Consequently, SO contains C tokens, i.e., S? e RC*D, During testing (C-way K-shot), ProD
duplicates the generation procedure onto the novel testing domain, i.e., using C support
samples (1 from each class) to derive the DS prompt.

A side-effect of the DS prompt is that each DS token contains the underlying domain
knowledge and the class information from the initialisation. While the DS prompt intends
to inject the domain knowledge, the class information is NOT desired. It might become a
distraction (because among all the C DS tokens, C — 1 tokens belong to different classes

as the query image).

3.3.4.2 Local Classification Head

To suppress the undesired class information, we design a “changing identity” objective:

after the DS prompt proceeds in the transformer along with the feature tokens F, each
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DS token should lose its own class identity and change the identity to the same as F. To
this end, ProD feeds the output state of the DS prompt (after average pooling), i.e., SE
into a local classification head. The local classifier only covers the training classes in the

current n-th domain, which is formulated as:
exp (uy -g)

Y jexp(uf- SL)

(3.5) Zs =—log

y
the weight vector for the ground-truth category of the input feature tokens F°, rather

where u;.‘ enumerates all the weight vectors in the n-th local classification head, u” is

than any ground-truth categories for generating the GS prompt.

The reason for using the local classification head instead of a global head is: in a
global classification head, SL (from a specific domain D,,) interacts with all the weight
vectors from the entire training domains 2 = {D1,Do,---,Dn}. The global interaction
will propagate domain knowledge from other domains (D;%,) to SL and thus blur its
domain-specific knowledge.

The overall loss for ProD is calculated as:
(3.6) $=$G+(IZN+,B.$5,

where %, ZNn, Ls are the global classification loss (Eqn.3.2), neutralizing loss (Eqn.3.4),
and the local classification loss (Eqn.3.5), respectively. @ and f are the balancing hyper-

parameters.

3.4 Experiments

3.4.1 Settings

Datasets. Following the popular multi-domain training scheme, we use minilma-
geNet [148] and four fine-grained datasets, i.e., CUB [11], Cars [86], Plantae [167] and
Places [217]. We adopt the leave-one-out setting, i.e., choosing one fine-grained dataset
for inference and using the other three fine-grained datasets along with minilmageNet

for training.

3.4.1.1 Baseline

The baseline of ProD consists of CNN (ResNet-10 [64]) and a lightweight Transformer
head. Without DG or DS prompt, this “CNN+Transformer” baseline achieves 72.32% 5-
way 5-shot accuracy in CUB and outperforms the popular pure CNN baseline (68.98%) by
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+3.34%, as detailed in Sec.3.4.5. We note that: 1) a strong “CNN+Transformer” baseline
only contributes a small portion to the superiority of ProD because ProD further improves
the baseline by a large margin (e.g., +6.87% on CUB), and 2) adding the transformer head
increases the model size (5.3M — 8.5M, as discussed in Sec.3.4.5) but is still efficient

(smaller than ResNet-18 but achieves higher accuracy).

3.4.1.2 Inference

In the C-way K-shot testing phase, the transformer and the CNN backbone are both
frozen. Then, we randomly select C support samples (each from a class) and use their
backbone features to generate the DS prompt on the fly. Finally, the DS and DG prompt
outputs are concatenated as the feature representation. Finally, we use the support
features to learn a new linear classification head and then use the new head to classify

the query samples, consistent with the standard few-shot classification pipeline.

3.4.1.3 Network Architecture

ResNet10 [64] is the backbone of our ProD. The input image size is 3 x 224 x 224. The
output of ResNet10 before the classification head serves as a backbone feature, whose
size is 7x7x 512 and is reshaped into 49 x512 (49 feature tokens) later to be concatenated
with the prompts. The architecture of the transformer layers following the backbone
is the same as the transformer unit in [40] (standard ViT transformer unit) with one
transformer layer and one MLP layer. The sizes of the DS prompt and DG prompts are
set as 5, and their embedding dimensions are set as 512, the same as the backbone
feature. Concatenated with the prompts, the shape of the input for the transformer
layers is 59 x 512. The hidden embedding size for the transformer is 512, and the number
of transformer heads is 8. After the transformer layer, the size of the output vector is
59 x 512. Finally, the outputs of DS and DG prompts (both with size 5 x 512) are averaged

respectively to classify the image.

3.4.1.4 Multi-domain Training Scheme

We use minilmageNet [148] as our base source dataset since it contains images of
immense variety. Four fine-grained cross-domain datasets, including CUB [11], Cars [86],
Plantae [167] and Places [217], are selected as other source datasets or target dataset.
When one of the four fine-grained cross-domain datasets serves as a target domain

dataset for inference, the other three serve as source domain datasets for training.
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In each training batch, half of the samples are from the base dataset, minilmageNet
and the other half from a cross-domain dataset. Thus, different mini-batches contain
images from different domains, and the three domains from the four datasets (CUB, Cars,
Plantae, Places) serve as the source domain of the mini-batch in turn. To be compatible
with the DS prompt, "2k" samples are selected in each training batch, where "k" is the
number of categories in a mini-batch. For each category, two samples are selected. For
instance, when the batch size is 64, we have &£ = 32. When inference, only one domain
other than the three domains selected as the source is sampled for support and query

sets.

3.4.1.5 Evaluation Protocol

Following [23, 60], we evaluate our model by sampling 600 independent 5-way few-shot
classifications on the four cross-domain datasets. In each sampled test, K images from
5 novel categories are selected as a support set whose labels are available for training
or fine-tuning. 15 images from the 5 novel categories are selected as a query set whose
labels are not available and cannot be used to train or fine-tune the model. Following
the standard setting [23, 60], we let K = 1,5. The last linear classification head is re-
trained from scratch based on the support set, and the rest of the parameters are frozen
for inference. Then the model performance is evaluated on the query set with all the
parameters frozen. For each independent test, the linear classification head is re-trained.
Statistical information of query images is only used for batch normalization [23, 60]. The
model is evaluated 600 times in each experiment, and the average accuracy with a 95%

confidence interval, beginning with =+, is reported as the model performance.

3.4.1.6 Default Hyper-Parameter Setting

The default hyper-parameter setting is shown in Table 3.1. The model is trained with a
batch size of 64 for 500 epochs. The loss weight parameter « is set as 1, fis set as 1, and
the domain centre momentum update rate A is set as 0.9. Transformer depth is set as 2,
and both DS and DG prompt sizes are 5. The model is optimised with adaptive moment
estimation (ADAM), with a learning rate of 1072 and momentum of 0.9. When inference,
the linear classifier is optimised with stochastic gradient descent (SGD), with a learning

rate of 1072 and trained for 100 epochs.
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Table 3.1: Default hyper-parameter setting.

parameter value
a 1
B 1
A 0.9
transformer head 8
transformer hidden embedding 512
transformer depth 2
learning rate train 1072
learning rate inference 1072
training batch size 64
training epoch 500
inference re-train epoch 100

Table 3.2: Comparison between ProD and SOTA methods on 5-way 1-shot task. Prod
surpasses recent methods on four datasets: CUB, CARS, Plantae, and Places by clear
margins.

Datasets

Methods CUB CARS Plantae Places

RelationNet [158] 35.21+0.46 | 30.12+0.49 | 31.99+0.51 | 49.79+0.57
MatchingNet [168] 42.28+0.61 | 28.91+0.56 | 33.02+0.56 | 48.53+0.62
RelationNet+LFT [166] 48.10+0.62 | 32.26+0.58 | 35.21+0.59 | 51.02+0.56
MatchingNet+LFT [166] 43.38+0.58 | 30.68+0.59 | 85.10+0.54 | 52.63 + 0.55
RelationNet+ATA [172] 48.49+0.61 | 31.92+0.58 | 33.62+0.49 | 51.00+0.50
DSL [72] 50.15+0.80 | 37.13+0.69 | 41.17+0.80 | 53.16+0.88
Baseline 48.56+0.72 | 33.15+0.64 | 37.94+0.71 | 49.81+0.69
ProD 53.97+0.71 | 38.02+0.63 | 42.86+0.59 | 53.92+0.72

3.4.2 Effectiveness of ProD

We compare the proposed ProD with the baseline and SOTA methods in Table 3.2 (5-way
1-shot) and Table 3.3 (5-way 5-shot). For a fair comparison, all the competing methods
use the multi-domain training scheme, which is usually better than the single-domain

counterpart. We draw two observations:

First, ProD improves the “CNN+Transformer” baseline by a large margin. For exam-
ple, under the 5-way 5-shot setting, ProD increases the accuracy by +6.87%, +6.32%,
+5.77%, +5.87% on CUB, CARS, Plantae, Places, respectively. ProD only adds ten prompt

tokens (5 DG tokens + 5 DS tokens) over the baseline and incurs minimal computa-
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Table 3.3: Comparison between ProD and SOTA methods on 5-way 5-shot task. Prod
surpasses recent methods on four datasets: CUB, CARS, Plantae, and Places by clear
margins.

Datasets

Methods CUB CARS | Plantae ‘ Places

RelationNet 51.10+0.62 | 38.26+0.58 | 62.99+0.62 | 46.01 +0.57
MatchingNet 57.21+0.63 | 36.98+0.56 | 62.83+0.62 | 43.68+0.55
RelationNet+LFT  65.02+0.55 | 43.561+0.51 | 50.48+0.46 | 67.34+0.52
MatchingNet+LFT 61.44+0.56 | 43.12+0.52 | 48.49+0.51 | 65.09+0.48
RelationNet+ATA  59.424+0.48 | 42.99+0.42 | 45.51+0.51 | 67.10+0.41
NSAE [99] 68.17+0.54 | 54.77+0.56 | 59.51+0.55 | 70.93+0.54
DSL 73.57+0.65 | 58.53+0.73 | 62.10+0.75 | 74.10+0.72
Baseline 72.32+0.77 | 53.17+0.71 | 60.05+0.69 | 69.13+0.60
ProD 79.19+0.59 | 59.49+0.68 | 65.82+0.65 | 75.00+0.72

Table 3.4: Comparison between ProD and SOTA methods under 5-way 5-shot setting on
newly proposed datasets. Prod surpasses recent methods on three out of four datasets:
ChestX, ISIC, and EuroSAT by clear margins.

Methods Datasets

ChestX [179] | ISIC [29] | EuroSAT [67] | CropDisease [121]
Transductive Ft [61] 26.79+0.42 | 49.68+0.63 | 81.76+0.82 90.64+0.51
ConFeSS [32] 27.09+0.71 | 48.85+0.66 | 84.65+0.58 88.88 +0.59
RDC-FT [97]" 25.48+0.49 | 49.06+0.56 | 84.67+0.59 93.55+0.47
ProD 28.79+0.41 | 50.57+0.51 | 85.09+0.58 90.41+0.71

tional overhead (+2.51% extra computational overhead). The improvement validates the
effectiveness of the proposed ProD.

Second, ProD achieves an accuracy on par with that of the SOTA methods. Under
the 1-shot setting, ProD surpasses the strongest competitor DSL by +3.82%, +0.89%,
+1.69%, +0.86% on CUB, CARS, Plantae, Places, respectively. Under the 5-shot setting,
the superiority of ProD is even larger, i.e., +6.87%, +0.96%, +3.72%, +0.90% higher
accuracy on CUB, CARS, Plantae, Places, respectively. The superior performance proves
that ProD deals with the CDFSIC task more efficiently and the knowledge disentangle

scheme as a whole is effective.

Further, as shown in Table 3.4, ProD surpasses several newly proposed methods
by a clear margin on ChestX, ISIC, and EuroSAT datasets. For these datasets, the

experiments are conducted under a similar setting. We use minilmageNet and the four
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Table 3.5: Evaluation of key components: DG prompt (DG), neutralising loss (£x), and
DS prompt (DS). The results show that both DG and DS are effective and bring accuracy
gain.

CUB
Methods 1-shot 5-shot
Baseline 48.56+0.59 172.32+0.67
Baseline + DG 51.89+0.63 75.12+0.69
Baseline + DS 51.48+0.71 74.91+0.68
Baseline + DG + DS 52.69+0.66 77.63+0.74
Baseline + DG + &y 53.08+0.74 78.65+0.68

Baseline + DG + DS + %y (ProD) 53.97+0.71 79.19+0.59

datasets in Table 3.2 as the source for ProD and the counterpart methods. The results
further demonstrate the superiority of ProD on the CDFSIC task, proving that ProD is

generalisable to downstream domains.

3.4.3 Ablation Studies of Key Components
3.4.3.1 DG and DS prompts

Table 3.5 investigates two key components, i.e., the domain-general (DG) and the domain-
specific (DS) prompt through ablation on CUB. Based on the result, we draw three
observations:

First, adding the DG / DS prompt independently improves the baseline (e.g., +2.80%
/ +2.59% 5-way 5-shot accuracy). It indicates that DG and DS knowledge are both
beneficial. We note that making the DS knowledge beneficial is particularly difficult
in few-shot learning because the few samples are insufficient for fine-tuning the DS
knowledge. Therefore, most of the prior works usually discard the DS knowledge. In
contrast, ProD use the DS prompt, which facilitates the limited samples to serve as the
condition on-the-fly. In this way, the DS knowledge of the novel test domain is injected
naturally into the model without fine-tuning. The result indicates that this method
successfully makes the DS knowledge beneficial.

Second, comparing “Basel. + DG + DS” against “Basel. + DG (or DS)”, we find that
combining the DG and DS prompts brings further improvement. The result proves that
the DG and DS prompts are complementary, indicating that different knowledge is stored
within the two prompts. Inexplicably, the result supports our knowledge-dependent
hypothesis. Further, it indicates that the DG and conditioned DS knowledge achieve
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Table 3.6: Comparison between the local and global classification heads on the DS prompt.
The result shows that the local classification head suits the DS prompt as the global one
represses the domain-specific knowledge learning.

CUB
1-shot 5-shot

Baseline 48.56+0.59 72.32+0.67
Baseline + DS (global) 50.39+0.71 73.87+0.66
Baseline + DS (local) 51.48+0.71 74.91+0.68
ProD (global) 52.08+0.74 77.65+0.68
ProD (local) 53.97+0.71 79.19+0.59

Methods

complementary benefits for the cross-domain challenge.

Third, neutralising the DG prompt is beneficial and brings another round improve-
ment of +0.39% and +1.02% accuracy under the 1-shot and 5-shot setting, respectively.
The result proves the effectiveness of our DG prompt neutralisation operation, demon-
strating that pushing the DG prompt away from the source domain centres helps the
prompt to extract the knowledge that is more general.

In conclusion, this experiment proves that all three key points in ProD are effective
and beneficial to the CDFSIC task. Our hypothesis that knowledge disentanglement is
beneficial to CDFSIC is implicitly proved.

3.4.3.2 Local Classification for DS Prompt

To train the DS prompt and learn the corresponding DS knowledge, ProD uses a local
classification head that contains the class prototypes only in the current domain. In
Table 3.6, a comparison experiment is conducted to validate this choice by replacing the
local classification head with a global one, which is the same as the DG prompt. The
result shows that the local heads cooperate better with the DS prompt. For example,
global head reduces the 5-way 5-shot accuracy by +1.33% (only DS prompt) / +1.54%
(full ProD with DG + DS prompt). The reason is that, inside the global classification
head, the DS feature conducted by the DS prompt interacts with the prototypes across
all the training domains. This interaction makes the DS prompt attention to the global
knowledge across different domains, which is more general. However, this contradicts
the purpose of the DS prompt, blurring the useful DS knowledge inside the prompt. As a
result, using a global classification head, DS prompt cannot extract DS knowledge that

is complementary to the DG knowledge, leading to a decrease in classification accuracy.
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Table 3.7: Comparison between different features for inference with a complete ProD
model. The result shows that both DG and DS features are beneficial for classification.
In contrast, the feature token is not suitable for classification as it contains more local
knowledge instead of global.

CUB
Inference Input 1-shot 5-shot
Feature Token 51.51+0.72 76.13+0.68
DG 53.01+£0.74 78.17+0.61
DS 52.07+£0.69 77.64+0.63
DG+DS 53.97+0.71 79.19+0.59

DG+DS+Feature Token 52.18+0.75 78.04+0.72

3.4.3.3 Choice of Inference Features

ProD provides three outputs, i.e., feature tokens FL DG tokens GE and DS tokens SE.
Each output is averaged into a vector through pooling layers. Table 3.7 investigates how
to derive the most discriminative representation with these vectors. This ablation is
based on a complete ProD, different from Table 3.5 where several key components are
removed during training. We draw three observations below:

First, when each type is used alone, the “DG” and “DS” feature tokens are better than
the “Feature Token”. The reason is that the DG and DS prompt extract domain-related
global knowledge for an image is distinctive. On the other hand, the feature token
contains unnecessary local knowledge that is not beneficial to the classification task. The
experiment results also validate that the DG and DS prompts effectively activate the
DG and DS knowledge from the original backbone features and are thus superior.

Second, the feature token in ProD is better than the feature token in the baseline
(“Basel.” in Table 3.6), when they are applied for the classification task. The reason is
that ProD implicitly propagates the DG and DS knowledge from the prompts to the
feature token through the attention in the transformer. In this way, the feature token
in ProD contains part of DS and DG knowledge, compared to the baseline model. As a
result, they are more distinctive and perform better for classification.

Third, comparing two combination strategies against each other, we find that “DG+DS”
is better. It demonstrates that the DG and DS prompts achieve a complementary benefit,
while further adding the feature token compromises ProD. The result proves that the
prompts fully extract the domain-related knowledge and no complementary knowledge
is left within the feature tokens. Therefore, we use “DG+DS” as the final representation

for the image and discard the feature tokens.
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Datasets

Methods CUB CARS | Plantae ‘ Places

RelationNet 51.10+0.62 | 38.26+0.58 | 62.99+0.62 | 46.01+0.57
RelationNet™ 51.02+0.64 | 37.98+0.59 | 62.78+0.61 | 46.02+0.56
MatchingNet 57.21+0.63 | 36.98+0.56 | 62.83+0.62 | 43.68+0.55
MatchingNet™ 56.92+0.61 | 36.94+0.54 | 62.51+0.64 | 43.51+0.57
RelationNet+LFT  65.02+0.55 | 43.51+£0.51 | 50.48+0.46 | 67.34+0.52
MatchingNet+LFT 61.44+0.56 | 43.12+0.52 | 48.49+0.51 | 65.09+0.48
RelationNet+ATA  59.42+0.48 | 42.99+0.42 | 45.51+0.51 | 67.10+0.41
NSAE [99] 68.17+0.54 | 54.77+0.56 | 59.51+0.55 | 70.93+0.54
DSL~ 63.76+£0.60 | 51.21+0.40 | 53.27+0.49 | 66.12+0.78
DSL 73.57+0.65 | 58.53+0.73 | 62.10+0.75 | 74.10+0.72
Baseline™ 70.98+0.76 | 50.63+0.72 | 58.25+0.69 | 67.01+0.57
Baseline 72.324+0.77 | 53.17+0.71 | 60.05+0.69 | 69.13+0.60
ProD~ 78.01+0.79 | 57.22+0.63 | 63.62+0.68 | 72.43+0.63
ProD 79.19+0.59 | 59.49+0.68 | 65.82+0.65 | 75.00+0.72

Table 3.8: Comparison with SOTA methods on 5-way 5-shot task with/ without a multi-
domain training scheme. “~” means the multi-domain training scheme is removed from

the corresponding method. The result shows that the multi-domain training scheme is
beneficial for CDFSIC.

3.4.3.4 Effect of the Multi-domain Training Scheme

We evaluate the effect of the multi-domain training scheme described in Sec.3.4.1.4.
The result is shown in Table 3.8, where methods with “~” are not trained with the
multi-domain training scheme. From the result, we see that the multi-domain training
scheme increases the classification accuracy of most methods. Specifically, for DSL, the
performance significantly drops after removing the scheme since the model architecture
is designed based on the multi-domain training scheme.

In ProD, removing the multi-domain training scheme is harmful to the performance.
For instance, on the CUB, the 5-way 5-shot accuracy drops by —1.18%. The reason
for this is twofold. First, removing the multi-domain training scheme hinders the DG
prompt from learning DG knowledge. When the model is trained with single-source, the
global classifier is ineffective and the DG prompt cannot capture any domain-invariance
information, eventually reducing the generalisation ability. Second, removing the multi-
domain training scheme prevents the DS prompt from learning adequate DS knowledge.
The only-the-fly DS knowledge condition is not well trained with a single source and

leads to poor DS knowledge learning. Combining the two reasons above, the image
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Figure 3.3: Evaluation of different sizes for DG and DS prompts with a complete ProD
model. The result shows that the optimum settings for both DS and DG prompt sizes are
5.

classification accuracy drops when the multi-domain training scheme is removed.

3.4.4 Ablation Studies of Hyper-parameters
3.4.4.1 DG and DS Prompt Size

The impact of prompt size, i.e., the number of tokens in the DG and DS prompts, is
evaluated in this section. The results are shown in Figure 3.3, from which we draw two
observations below:

First, as the DG prompt size increases, the achieved accuracy undergoes a sharp
increase and a subsequent slow decrease. We infer that the reason is twofold. On the
one hand, increasing the DG prompt size enhances its capability for capturing domain-
general knowledge and is thus beneficial. As a result, increasing the DG size from 1 at
the beginning brings improvement in classification accuracy. However, an oversized DG
prompt might suppress the difference between samples because all the samples share
the same DG prompt. As a result, the DG knowledge is not well concentrated and is
sparsely diffused with the prompts, decreasing the discriminative ability. Therefore, we
set the DG prompt size to 5, which achieves 79.19% 5-way 5-shot accuracy on CUB, for
all the datasets.

Second, increasing the DS prompt size brings a similar trend of “increasing — slightly
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Figure 3.4: Evaluation of DS prompt sizes for 10-way 5-shot test on CUB. The result
shows that under a 10-way 5-shot test, the optimum setting for the DS prompt is also 5,
the same as a 5-way 5-shot test. We infer the reason is that five samples are enough to
represent a test domain for CDFSIC.

decreasing” the accuracy. Moreover, different DS prompt sizes for 10-way 5-shot test, as
shown in Figure 3.4. Under 10-way 5-shot test, the effect of the DS prompt size shares
the same trend. The reason for this is twofold. Initially, the small DS prompt cannot
include enough sample features to present a novel domain, as the size of the DS prompt
is equal to the number of support sample features that can be added as a condition. As a
result, the image classification accuracy increases as the DS prompt size increases when
the size is small. On the other hand, the increase of DS prompt size after five does not
bring benefit. The reason is that 5 support samples are enough to represent a domain
under a 5 or 10-way test. Increasing the size of the prompt after that makes the DS
knowledge less concentrated and harms the performance. The result also indicates that
the prompt size does not have to be significantly increased with the category number
C. Further, the 10-way test result is lower than the 5-way test since the 10-way task
is harder. For each category, we have the same number of support samples to train the

network, but the category number C is increased to 10.

3.4.4.2 Transformer Depth

The impact of transformer depth for ProD is evaluated on CUB under the 5-way 5-shot
setting. All the models are the complete ProD model except for the “0 layer backbone
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Figure 3.5: Analysis of the transformer depth (CUB dataset, 5-way 5-shot test). The
ordinate is NOT linearly scaled for the “69.0—78.5” interval. The result shows that two
transformer layers yield the best results.

feature”. The results are shown in Figure 3.5. We draw two observations below:

First, when the transformer has only one block, it already significantly improves
+9.70% over the CNN backbone feature (68.98%—78.68%). The result proves that ProD
works well even with only one layer of a light transformer, as the additional computation
cost within a 1-block light transformer is less than 1.6M, which is a minimal increase
compared with the CNN backbone. Further, it is observed that adding a transformer
without our prompting-to-disentangling mechanism only brings slight improvement.
The result proves that the improvement is mainly contributed by our prompting-to-
disentangling mechanism rather than the transformer itself. Combining the two points,
we can conclude that ProD significantly improved the CDFSIC performance with minimal

extra computational cost.

Second, when the transformer depth increases, the accuracy increases to its peak of
79.19% and gradually decreases. We infer that the reason is two-fold. On the one hand,
two transformer blocks are already sufficient for depicting the required prompting-to-
disentangling effect. The reason is that all the datasets used for training and testing
are on a small to medium scale. Thus, no large transformer is needed to preserve all
the knowledge. On the other hand, training a large transformer generally requires a
large-scale dataset [40]. Under CDFSIC, the commonly applied small-scale training data

is insufficient and causes over-fitting issues, especially at test time. Therefore, we set the
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Table 3.9: Evaluation of different weights for neutralising loss. The result shows that 1
is the optimum setting.

) CUB
Weight (a) 1-shot 5-shot
0.01 53.12+0.72 78.75+0.69
0.1 53.79+0.67 79.03+0.61
1 53.97+0.71 79.19+0.59
10 52.87+0.73 78.54+0.70

transformer depth to 2 as the optimised result.

3.4.4.3 Weight of Neutralizing Loss

The effect of different weights for neutralising loss: 0.01, 0.1, 1 and 10 is evaluated in this
section. The result is shown in Table 3.9. When the weight is minimal, the neutralising
loss is ineffective and cannot remove the domain bias within the DG prompt. As a
result, the generalisation ability of the DG prompt decreases, leading to a decrease in
the classification accuracy. In contrast, when the weight is too high, the effect of the
neutralising loss is too strong, and the discriminative ability of the DG prompt declines
as the domain-related information is overly removed. As a result, the DG prompt cannot
provide a discriminative feature for classification, leading to a decline in accuracy. Based
on the two observations, we set the weight a as 1 to neutralise the loss for all the other

experiments in default.

3.4.5 Computational Efficiency and Cost

Table 3.10 analyzes the computational efficiency by comparing the size of the model and
the accuracy achieved. Comparing “Basel. (Res10 + Trans)” against “Res10”, we observe
that the transformer head increases 3.2M parameters and brings +3.34% increase
in classification accuracy (68.98% — 72.32%). This improvement is due to the inherent
capability of the transformer. Based on the baseline, ProD further brings +6.87% increase
in classification accuracy while adding only about 0.1M parameters. This indicates that
the prompting-to-disentangling mechanism is the major reason for the superiority of
ProD and is very efficient. Moreover, compared to the larger pure CNN model (ResNet-18),
ProD (based on ResNet-10) is still more accurate while being smaller.

Regarding computational cost, the average inference time for a 5-way, 5-shot test

is reported. We observe that, compared to ResNet-18, ProD achieves higher classifica-
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Table 3.10: Analysis of the computational efficiency and computational cost. “Res10”,
“Res18” and “Trans” denote ResNet-10, ResNet-18 and the transformer head, respectively.
We list the model size and the time cost per 5-way 5-shot test. The result shows that
ProD outperforms other counterparts with minimal parameter increase.

Method Size Cost CUB 5-shot
Res10 5.3M 42s 68.98+0.81
Res18 11.7M 97s 72.39+0.84
Baseline (Res10 + Trans) 85M 79s 72.32+0.77

ProD (Res10 + Trans + Prompt) 86M 83s 79.19+0.59

tion accuracy while incurring lower inference time. Compared to the baseline method,
ProD yields an accuracy improvement of approximately +7%, at the expense of only an
additional 4 seconds per test, corresponding to an increase of approximately 5% in infer-
ence time. These results indicate that ProD is an efficient CDFSIC solution, delivering

substantial performance gains with minimal additional computational overhead.

3.4.6 Limitation Discussion

A limitation of the proposed approach is that, in cross-domain few-shot learning settings,
ProD remains less effective when the target labels are highly fine-grained. For example,
on the CARS dataset, ProD achieves a comparatively lower accuracy than competing
methods, as the visual distinctions among fine-grained car categories are subtle and
difficult to discriminate. A similar performance degradation is observed on the Plantae
dataset, where inter-class visual differences between several categories are also minimal.
These results indicate that ProD has limited capacity to capture subtle, fine-grained
visual cues under cross-domain few-shot conditions. Consequently, a promising direction
for future work is to improve the ability of the model to learn and exploit fine-grained

visual representations in cross-domain few-shot learning scenarios.
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CHAPTER

CONTINUAL TEST-TIME ADAPTATION VIA SOTA-DIT:
SOURCE AND TARGET KNOWLEDGE DISENTANGLE
TRANSFORMER

4.1 Introduction

est-time adaptation (TTA) [19, 65, 77, 79, 83, 128, 170, 209, 211] addresses

distribution shifts between the source training domain and the target test domain.

Standard source-free TTA methods involve tuning a model with unlabelled
test-time data to mitigate the domain shift problem. While effectively bridging the
domain gap between the source and a single fixed target domain, they struggle with
the constant target domain shifts at test time. Such constant distribution shifts of
the test domain are common in real-world applications. For instance, an auto-driving
model may encounter distribution shifts due to changes in weather, light conditions,
and surrounding environments. These domain shifts hinder the model from achieving
optimum performance.

Continual Test-Time Adaptation (CoTTA) [151, 175] is proposed to address the
challenge of constant target domain distribution shifts. In CoTTA, an off-the-shelf
pre-trained source model is provided to be tuned and tested with unlabelled target
data from various target domains across different time steps. The objectives for better

CoTTA are twofold: 1) prevent catastrophic forgetting: to preserve the source domain
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knowledge over time without access to source data, and 2) extract high-quality target
knowledge: to efficiently extract the target domain knowledge with only unlabelled test-
time target domain data. Recent works mainly focus on preserving the source knowledge.
For instance, tuning a more robust teacher model [117, 127, 175], training a stabilised
model insensitive to the domain shifts [48, 128], or learning a group of prototypes based
on the source model [17]. For target knowledge extracting, recent work facilitates an
efficient sample selection strategy for negative and positive learning [129, 180]. However,
recent works do not address both objectives simultaneously. They mainly focus on refining
only one type of knowledge or extracting source and target knowledge in a mixed manner.
In this thesis, we argue that this may harm knowledge preservation and extraction.

Thus, we need to consider both types of knowledge and extract them separately.

To this end, we proposed a Source and Target knowledge Distentangle Transformer
(SoTa-DiT) to explore knowledge disentangle for CoTTA utilising the prompting mecha-
nism in a vision transformer (ViT) backbone, as illustrated in Figure 4.1. Inspired by the
success of ProD in cross-domain few-shot image classification, we design a dual-prompt
architecture for the transformer model to facilitate the disentanglement of source and

target knowledge.
Specifically, in SoTa-DiT, we adopt the ViT [39] backbone because it enables the

parallel use of multiple tiny, easy-to-plug-in vectors named visual prompts to extract
knowledge separately, yielding a disentangled effect. The motivation of this prompt
is designed similarly to ProD. Further, the standard student and teacher distillation
architecture is adapted in SoTa-DiT for the ViT model as our baseline, following [175].
Based on that, the dual-prompt architecture is further designed to extract the source

and target knowledge separately. More specifically, our SoTa-DiT has three key points:

First, SoTa-DiT employs a visual prompt named Source Prompt (SP) to extract and
preserve the source knowledge. SP is concatenated with the patched images to be fed into
the transformer model. A group of loss functions are deliberately designed to tune SP
and integrate the source knowledge into the model. We demonstrate that incorporating
a contrastive loss between the augmented image feature embedded by the source model
and the original image feature embedded by SP with the adapted model, along with a
similarity loss between SP and the source model classification token, helps extract and
preserve the source knowledge within SP. Additionally, implementing the symmetric
cross-entropy loss [38] between the SP output and the model output while keeping the
SP fixed during backpropagation effectively integrates the preserved source knowledge

into the model.
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Second, SoTa-DiT employs another visual prompt called Target Prompt (TP) to
extract target-domain knowledge. TP is also concatenated with patched images and fed
into the transformer. A mask is applied to TP to prevent interactions between SP and
TP. Following [38], we train TP with a contrastive loss conducted between the original
and augmented image features. Additionally, a pseudo-label loss is conducted between
the TP prediction and the combined TP+SP prediction to provide TP with the necessary

label information.

Third, SoTa-DiT combines the source and target knowledge from SP and TP by
simply averaging the SP and TP predictions after the softmax layers. Our evaluation
demonstrates that this straightforward operation effectively integrates the source and
target knowledge disentangled by visual prompts, resulting in a performance boost.
By incorporating the three key points mentioned above, SoTa-DiT effectively preserves
the source knowledge while extracting and integrating novel target domain knowledge.
Consequently, SoTa-DiT adapts to the continually changing target domains effectively
and significantly improves the classification accuracy on multiple datasets with different

ViT backbones. For example, SoTa-DiT achieves average accuracy of 61.2% on ImageNet-
C with ViT-B-16 backbone, +4.5% compared to the SOTA methods.

The contributions of SoTa-DiT can be summarized as follows:

e We proposed a novel Source and Target knowledge Distentangle Transformer
(SoTa-DiT) method for continual test-time adaptation (CoTTA). SoTa-DiT disentangles

the source and target knowledge through prompt learning.

e To prevent the catastrophic forgetting of the source knowledge, we designed a
source prompt supervised by the source model using source contrastive and similarity
loss. To effectively extract high-quality target knowledge, we designed a target prompt
supervised by the target contrastive and cross-entropy loss. The two prompts extract two

types of knowledge separately without direct interaction.

e We conduct comprehensive experiments to evaluate the effectiveness of source and
target prompts in SoTa-DiT with different ViT backbones across various datasets. The

results demonstrate the effectiveness of SoTa-DiT.
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Figure 4.1: The overall architecture of SoTa-DiT involves two prompts, named source
prompt (SP) and target prompt (TP), within a vision transformer (ViT) backbone using a
teacher-student distillation architecture. At time step 0, both the teacher and student
networks are initialised with the source model. Meanwhile, the prompts from both
networks copy the source classification token. At time step ¢, we feed the original and
augmented images to get prompt outputs O;. The augmented images are also fed into
the source model to get the source token output. These outputs are then utilized to tune
1) SP by calculating a source contrastive loss 2501: and a source similarity loss £5

SSL

to preserve source knowledge, and 2) TP by calculating a target contrastive loss °C£$CL

to extract target knowledge and a target guiding loss $$G ;, to learn label information.
Furthermore, a source adaptation loss fﬁg 4z, 18 calculated to adapt the preserved source
knowledge to the model. Finally, we average the predictions of SP and TP from the
teacher model to obtain the final prediction.

4.2 Methodology

4.2.1 Problem Formulation

In this section, we focus on the image classification task under the source-free CoTTA
setting. We start with a source model fy, (x) pre-trained on the source domain ®g with
data (Z'S,%S). Under the source-free setting, (Z'°,%5) is unavailable for fine-tuning.

Given fy, (x), our objective is to achieve a higher image classification accuracy when
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testing on continually changing target domains. At test time, we have unlabelled target
data batches T = (X1,Xo,...) from test domains different from ®g. These target data
are presented to the model sequentially, following a time-step sequence. At a time step
t, fo, classify target data batch X;. Meanwhile, X; is used to tune fp,(x) for the next
time step ¢+ 1. Note that the distribution of X; is constantly changing, and the model is

evaluated in an online manner as it adapts dynamically to each new data batch.

4.2.2 Overall Architecture

The overall architecture of Source and Target knowledge Distentangle Transformer
(SoTa-DiT) is illustrated in Figure 4.1. In SoTa-DiT, we utilize a student model, denoted
as fgp = (B,S,T,H) and a teacher model, denoted as fgr = (B',S',T',H’). Each model
consists of a transformer, denoted as B, a Source Prompt (SP), denoted as S, a Target
Prompt (TP), denoted as T, and a classification head, denoted as H. At the time step 0,
fo, and fp are both initialized with the source model fy,. The visual prompts, specifically
So, To, So’ and Ty, are initialized with the classification token from the source model
fo,-

At time step ¢, we present a test data batch X; = {x1,xg,...xn,}, comprising N; images
from C categories. The data batch is sampled from an unknown domain with a distribu-
tion different from the source dataset. Each image x; is first processed into patched image
tokens G; € RE*P where K represents the number of tokens and D denotes the dispatch
embedding dimension. For S and T, we set S, T € R1*? to ensure their compatibility with
the embedding dimension of the patched image tokens. Then, a mask is applied to S
and T to prevent the direct interaction between them within B; and B;'. Finally, we

concatenate S and T to G and feed them into fy, and fy,/, following:

(08,07 ,E;) = B[S, T;,G;))

4.1)
©0%',0"' E/)=B/(S,,T/,G;])

where [ ], O, and E represent concatenation operation, prompt output, and patched
image embedding after transformer blocks, respectively.

Following the discovery that the feature tokens are not suitable for classification
in the section above (ProD), E is discarded and only the prompt output O are used
for subsequent operations. We denote the output of S and T for XtT from fp, and
for as OF = (0%,05,..0%), OF = (07,01,..00), 0f' = (0%",0§',..0%, ) and OF" =
(01T,,02T ',...OIT]/), respectively. Then, Of " and OtT' are fed into the teacher classifica-
tion head H;' and a softmax layer to get the prediction Pf "= (PIS ,,P‘Zg /,...P]%t,) and
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PtT’ = (PlT ’,Pg /, ...P]:C,t’). Subsequently, Pf, and P;F/ are averaged to obtain the final infer-
ence prediction P; for X; and the classification accuracy is calculated.

Meanwhile, the student network fp, is tuned for the next time step ¢ + 1 using the
prompt output O from the time step ¢. The specific procedure of loss calculation for
both prompts is explained in the following subsections. During the back-propagating
procedure, B; and H; are updated with learning rate 6, while S and T are updated with
learning rate u x 6. Here, u is introduced to provide prompts with an extra learning rate,
enhancing their ability to extract the knowledge. After updating the student network

fo,.., we update teacher network fy / using the exponential moving averages (EMA):

(42) f@Hll = Yf@; + (1 - Y)f9t+1’

where hyper-parameter y controls the updating speed.

4.2.3 Source Prompt for Source Knowledge Preservation

SoTa-DiT utilises source prompt, denoted as S, to preserve the source knowledge stored
within the source model and adapt it to other parts of the model. S is trained with a

source contrastive loss ngL and a source similarity loss £5. . to preserve the source

SSL
knowledge. Then, we apply a symmetric cross-entropy loss called source adaptation loss

S
"%SAL

details are introduced as follows.

to adapt the source knowledge to the other parts of the model. The loss calculation

4.2.3.1 Source Contrastive Loss

At the time step t, SoTa-DiT obtains the SP output of the original test image batch from
the student network, denoted as Of =(0% ,03 , ...th). Meanwhile, each image from the
test data batch X; is randomly augmented M times, generating M groups of augmented

data X},X?,Xi” For each group of augmented data X{, we have Xi = (x{,xé,...xi,t).
Then, the augmented data are processed into dispatched image tokens and fed into
the source transformer By with S; being concatenated, following Eq.4.1. Finally, we
obtain the output of the augmented data X{ from the source model, denoted as ij =

(ij ,Osj , ...Oi,’;). Finally, the source contrastive loss ,‘fgCL is calculated as:

1 t  exp (sim(Of,ij)/rs)

M
(4.3) LSCL =022 j ’
M =5 Zg:tlexp (sim(O‘?,Oi’)/Ts)
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where exp(x) = e*, and sim(z;,z;) = %
i J
With fgCL, S extracts and preserves the source knowledge from the source model.

However, S can still become unstable as the time step increases. To further stabilise the

tuning process of S, we apply a simple but effective loss of source similarity to restrict S.

4.2.3.2 Source Similarity Loss

To stabilise the tuning procedure of S, SoTa-DiT constrains the source prompt S; at each
time step ¢ with the source prompt Sy from the initial time step using a similarity loss.
Notice that the initial source prompt is the same as the classification token from the

source model. The similarity loss ggs ; 1s calculated as followed:

S:-So
4.4) Lo =1 |——
SSL IS¢l 1Soll

The source similarity loss ensures that the shape of S; remains similar to the source
model classification token. This restriction stabilises the tuning of S. Further, we allow

S; to be reasonably elastic by adding a weight parameter.

4.2.3.3 Source Adaptation Loss

. S S
With Zser and ZLssr

model and preserves it effectively. To further adapt the preserved source knowledge to

the source prompt S extracts the source knowledge from the source

other parts of the model, we apply a source adaptation loss, denoted as ffg AL

backpropagation, ﬁfg 4z, updates all model parameters except for the source prompt S.

During the

This process ensures that S adapts the source knowledge to other network parts without
losing the preserved knowledge.

At the time step ¢, SoTa-DiT first obtains the SP output of the image batch from
both the student and teacher networks, denoted as Of = (0% ,Og ,...O]‘%t) and Of "=
(0% ,, Og ,, ...O]‘%,t/), respectively. We then fed Of and OtS, into the student classification H;
and teacher classification head H;' along with softmax layers. This process generates the
SP predictions of the student and teacher models for the C image categories, denoted as
P§ = (P},P§,..PY ) and PY = (P{', P, .PY "), respectively. Here, PS = (p$,p3,...p9),
and P;gl = (pf’,p‘gl, ...pg,), where p*? and p‘?’ represent the possibilities that a test sample
belongs to each category. Finally, the source adaptation loss &fg 4, 18 calculated between
Pf and Pf /, given by:
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1 Mg / 1 /
S S S S S
4.5) "%SAL = __tC E 1(§Pi -logPi +§Pi -logPi ),
2' 1=

The overall loss for S is formulated as:

(4.6) L5 =88+ aLE o + 1Lt

where hyper-parameter @ and 7 controls the loss weights.

4.2.4 Target Prompt for Target Knowledge Extraction

SoTa-DiT utilises the target prompt, denoted as T, to extract target knowledge from the
unlabelled test data efficiently. Specifically, T is trained with a target contrastive loss

:&_,TC ;, and a target guiding loss ,‘f:,?G 1 » as described in the following two subsections.

4.2.4.1 Target Contrastive Loss

SoTa-DiT first obtains the TP output of the original image from the student network,
denoted as O;F = (OT,Og , ...Of,t). Similar to the source contrastive loss calculation, we
randomly augment the test data batch X;, generating M groups of augmented data
X tl,X tz’ X ?’I . The augmented data are then processed and fed into the student trans-
former B; with T; being concatenated, following Eq.4.1.

Then, SoTa-DiT obtains the TP output of the augmented data X { , denoted as OtTj =
(ij ,Og’ , ...O;}Jt'). Finally, the target contrastive loss O%TTCL is calculated as:

1 M N exp(sim(O;TF,O?j)/Tt)

4.7) L?CL =-=> 2 ' ’
M iS5y exp(sim(07,0,7 V)

With the contrastive loss ‘277:0 1 » Tt extracts target knowledge by clustering the test
images based on their similarities. However, without further label information, T; may
struggle to predict the actual image label. To address this, we design a guiding loss to

provide T; with label information.
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4.24.2 Target Guiding Loss

SoTa-DiT uses both S; and T to generate a label prediction to guild T;. The teacher TP
and SP outputs, denoted as OtT, and OS ' are fed into the teacher classification head H ;!

to generate the label prediction PiTJ’S (pT+S " pg+s . pg+s '), given by:
, o7+ 05’
(4.8) pr+s = softmax(Ht’(%)).

Then, SoTa-DiT feeds the TP output O::F =07, Og , ...O]Et) into the student classification
head H; and a softmax layer to obtain the TP prediction P = (P{,PJ,...Py ), with
(p1 , p2 - g). Finally, the target guiding loss "%YTGL is calculated using P? and

PiT+S , given by.

1
(4.9) LE = Z( PT+S logP[ + 2P} logPT*5"),

Nt

The target guiding loss enables T to produce more accurate label predictions with

target knowledge. The overall loss for the target prompt T is formulated as:

(4.10) LT = Lo+ BLgr
where hyper-parameter § controls the loss weights.
4.2.4.3 Overall Loss

Finally, the overall loss function £ is formulated as:
(4.11) % =6L5+L7,

where hyper-parameter § controls the overall loss weights.

4.3 Experiments

4.3.1 Settings

Datasets. SoTa-DiT is evaluated on three CoTTA datasets: ImageNet-C [69], ImageNet-
R [68], and ImageNet-D109 [129]. ImageNet-C includes 15 types of image corruption with
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Table 4.1: The averaged image classification accuracy (%) of different methods with
various transformer backbones on multiple datasets. IN-C, IN-R, and IN-D109 represent
ImageNet-C, ImageNet-R, and ImageNet-D109, respectively. ‘Source’ represents the
backbone model without adaptation. SoTa-DiT outperforms other counterpart methods
with clear margins across three different datasets with three commonly used ViT back-
bones on CoTTA.

£
S
N

> > N & N
~ S S N N > &
g & & & ¢§ & & § 3
Dataset | Backbone | & § N éﬁ, 5 & $ §§ 9
£ 0§ 95§ § & F F § |9

ViT-S-16 28.2 39.8 41.0 43.1 43.9 43.8 44.1 44.5 45.1 48.1
IN-C ViT-B-16 42.8 50.9 52.2 54.0 56.0 54.6 54.7 56.2 56.7 61.2
ViT-L-16 46.2 52.9 51.6 59.3 61.2 59.9 62.1 62.4 63.9 70.4

ViT-S-16 32.4 33.1 32.0 36.7 45.0 41.2 46.3 45.1 47.8 51.2
IN-R ViT-B-16 44.0 454 45.6 46.7 51.0 30.4 31.2 51.4 55.8 60.2
ViT-L-16 51.2 50.2 52.3 53.6 56.7 30.2 34.8 55.9 62.8 69.4

ViT-S-16 39.8 414 42.6 9.6 449 20.0 21.2 38.7 47.8 50.2
IN-D109 | ViT-B-16 46.4 40.2 47.0 16.0 52.6 26.6 25.8 42.6 55.0 58.2
ViT-L-16 57.4 39.8 37.6 17.2 61.9 25.1 30.2 53.3 62.0 68.2

Table 4.2: The image classification accuracy (%) of different methods using Vit-B-16
backbone on the ImageNet-C dataset for 15 different types of corruption. SoTa-DiT
achieves SOTA performance, exceeding other methods by clear margins on 10 of 15
corruptions.

<& (] % < s 5 K3 @

F & §F & & & & § & o 5 £ F F ¢
Method 6?0@ § NG’Q, b’g} é" ‘&e N & & 9 ~$ 83’ ago ‘ég & Avg.
SOURCE 46.2 30.5 333 31.2 27.1 443 303 53.3 482 453 752 8.9 440 60.8 62.7 | 42.8
MEMO 534 312 354 522 447 506 428 37.5 488 60.1 68.2 63.2 51 624 62.1 | 50.9
DDA 522 309 384 500 452 50.1 46.1 388 492 66.1 702 654 56.0 623 615 52.2
TENT 51.3 349 399 56.2 432 54.8 50.1 401 529 60.0 745 681 534 627 67.7| 54.0
ETEA 51.2 35,5 402 58.7 445 56.1 49.2 428 538 689 784 684 580 655 682 56.0
COTTA 52.7 342 40.8 534 452 551 498 402 506 69.1 766 664 552 64.1 65.1 | 54.6
RMT 554 639 566 50.6 545 571 447 506 518 478 762 310 56.5 655 584 | 54.7
SAR 51.8 364 415 53.7 46.7 575 528 501 50.7 68.1 746 657 579 689 659 | 56.2
ROID (sota) 548 36.2 582 554 46.2 57.1 50.2 429 572 623 776 672 534 642 679 56.7
SoTa-DiT (ours) | 63.8 66.5 65.0 576 59.9 61.0 510 61.8 62.6 538 765 339 657 705 69.0| 61.2

5 severity levels. We conduct the evaluations under the level 5 corruption. ImageNet-R
includes 30000 images with different renditions from 200 categories. ImageNet-D109, a
subset of ImageNet-D [136, 147], contains 109 classes with six types of domain shifts.
SoTa-DiT is compared with the other methods on these three datasets, and ablation
studies are conducted on the ImageNet-C dataset.

Implementation Details. We evaluate SoTa-DiT with three different ViT back-
bones: Vit-B-16, ViT-S-16, and ViT-L-16 [39]. The off-the-shelf source model are pre-
trained on ImageNet [34], following [24, 155, 164, 207, 221]. The ablation studies are
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conducted on the Vit-B-16 backbone. During the test-time tuning, the image batches
are provided to the source network in an online manner, following [175]. The network
predicts the image category and adapts to the test domain, which constantly changes
over time. We set the learning rate to 0.001 and the tuning batch size to 8. y (Eq.4.2) and
the training step are set to 0.999 and 1. y, 75 (Eq.4.3), and 7; (Eq.4.7) are set to 20, 0.05
and 0.05 by default. 6 (Eq.4.11) is set to 1.1. a, n (Eq.4.6) and 8 (Eq.4.10) are set to 1.0,
0.9 and 1.0 by default. M (Eq.4.7) is set to 2 by default.

4.3.2 Effectiveness of SoTa-DiT

We compare SoTa-DiT with the baseline and the SOTA methods in Table 4.1. We draw
three observations.

First, SoTa-DiT outperforms the SOTA method across multiple datasets with three
most commonly used ViT backbones: ViT-S-16, ViT-B-16, and ViT-L-16. Specifically,
on the ViT-B-16 backbone, SoTa-DiT outperforms the SOTA methods on ImageNet-C,
ImageNet-R, and ImageNet-D109 by +4.5%, +4.4%, and +3.2%, respectively. The result
proves that SoTa-DiT as a whole is superior for the CoTTA task.

Second, SoTa-DiT demonstrates more substantial performance advantages with
larger ViT backbones. For instance, on ImageNet-C, SoTa-DiT with ViT-S-16, ViT-B-16,
and ViT-L-16 outperforms the SOTA methods by +3.0%, +4.5%, and +6.5%, respectively.
We infer that the reason for this is that the larger ViT model encapsulates more general
knowledge. Thus, the SP absorbs and preserves more domain-general source knowledge
that is beneficial for the CoTTA task.

Third, SoTa-DiT consistently outperforms other methods across various types of
corruption on the ImageNet-C dataset. As detailed in Table 4.2, SoTa-DiT outperforms
other methods on 10 out of 15 types of corruption. This result proves that the SoTa-DiT

is general and suitable for different corruptions for the test-time adaptation task.

4.3.3 Ablation Studies of Key Components
4.3.3.1 Source and Target Prompts

We examine the effectiveness of source prompt (SP), target prompt (TP), and their
associated loss functions on the ImageNet-C dataset, detailed in Table 4.3. The ‘Baseline’
refers to the ViT adapted with the method from [175]. In the ‘SoTa-DiT*’, we let fg AL

tune SP during the backpropagation. We draw four observations based on the results:
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Table 4.3: Evaluation of the key components, including the Source Prompt (SP), Target
Prompt (TP), and loss functions, on ImageNet-C. We list the averaged classification
accuracy (%). The result proves that both SP and TP, along with their loss functions, are
effective and are beneficial for CoTTA.

Method ‘ SP TP jfgc L ffgs L 595 AL .ngCL $$G 7 ‘ Average Acc.
Baseline (CoTTA) X X X X X X X 54.6
SP only v X / v v X X 55.1
SPonly-%5., |v X X v v X X 54.8
SPonly-%5, |v X v X vV X X 54.9
SPonly-25,, |V X v v X X X 54.7
TP only X v X X X v v 58.9
TPonly-%%., | X v X X X X / 54.9
TPonly-2%,, | X v X X X v/ X 50.9
TPonly+ss., | X v v X X v / 59.2
TPonly+ 25, | X v X v X vV / 59.1
SoTa-DiT* v v/ v v X X 60.4
SoTa-DiT v v/ v v v v 61.2

First, training with only SP or TP improves performance. Adding SP to the base-
line increases the average accuracy by +0.5%, demonstrating that learning the source
knowledge with SP helps to prevent forgetting and benefits the CoTTA task. Similarly,
adding TP to the baseline increases the average accuracy by +4.3%. This result proves
that extracting target knowledge with TP also benefits the CoTTA task.

Second, comparing ‘TP only+%5 .,” with ‘TP only, we see that directly adding a

SCL
source contrastive loss to the TP benefits CoTTA, with the accuracy increased by +0.3%.

This result shows that using £5

scp, can effectively preserve the source knowledge within

different prompts.

Third, comparing ‘SoTa-DiT* with ‘SoTa-DiT’ reveals that letting .Efg 4z, tune the SP
is sub-optimal, with a performance decrease of —0.8%. We infer that the preserved source
knowledge within SP is harmed by ,‘fg 4z,- 1t 1s because when SP is tuned with .ng AL
the target knowledge is absorbed by SP, which contradicts the purpose of purposing SP.

Finally, jointly using SP and TP brings a significant performance boost compared
to using SP (+6.1%) or TP alone (+2.3%). The result proves that extracting source and
target knowledge in a disentangling manner is beneficial to the CoTTA task.

Additionally, we visualised the feature embedding of samples from two image cat-

egories with two different types of corruption in ImageNet-C, as shown in Figure 4.2.

64



4.3. EXPERIMENTS

o0 g |
%o ® 1
g5 S sinal
. Oo(%om % %% 0080808'&§%&
2® :3”0% ® Oo%(;og % %
-—————aa----- - _ OOOOI& 8
© goo ° 5% % ___O-og;? fady
% 0%3308 é‘%g&t% ® °e Ooé’ss &%m&
%8 u % | 8%
o 00 i | ®
(a) TP Only (b) SP Only (¢) SoTa-DiT

Figure 4.2: Visualisation of image embeddings from two different categories, represented
by crosses and circles. The images are from two different domains, colored in red and blue.
The domain and class boundaries are the red and green lines, respectively. Samples are
selected from the ImageNet-C dataset. TP embedding contains more target knowledge
and shows more precise domain boundaries (a), while SP embedding contains more
source knowledge and shows more precise class boundaries (b). Jointly using them yields
more precise domain boundaries with refined class boundaries.

The figure illustrates that using TP alone separates the image features from each other
based on domain and class, which aids classification. However, several samples are
misclassified and appear distant from their true class centres, possibly due to overfitting
the extreme cases with TP alone and forgetting source knowledge. Conversely, using SP
alone does not push the domain and class centres as far as using TP alone. However, the
sample misclassification issue is slightly alleviated. When SP and TP are used together
in SoTa-DiT, the final embeddings show clearer boundaries between categories and
domains, with fewer samples misplaced in other clusters. The observation result proves
that the two prompts disentangle the source and target knowledge, and the two types of
knowledge have different characteristics. By using them together, SoTa-DiT combines

the advantages of both and generates better feature representations for the CoTTA task.

4.3.3.2 Knowledge Combining

We investigate different ways of combining source and target knowledge, as detailed in
Table 4.4. The table denotes different methods: 1) ‘SP only’: Utilize SP predictions alone.
2) TP only: Utilize TP predictions alone. 3) ‘Avg. before H’: Average SP and TP outputs
before the classification head H. 4) ‘SoTa-DiT’: Average the SP and TP predictions after
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Table 4.4: Evaluation of different ways to combine source and target knowledge on
ImageNet-C. We list the classification accuracy (%). The result shows that combining
the two features after the classification head is optimum. The reason is that SP and TP
features are complementary and after classification head with softmax, the strengths of
both features are reinforced.

Method ‘ Average Acc.
Baseline (CoTTA) 54.6
SP only 56.2
TP only 59.9
Avg. before H 60.4
SoTa-DiT 61.2

the softmax layer. We draw three observations:

Firstly, both SP and TP enhance the prediction accuracy after disentangling the
source and target knowledge compared to the baseline. For instance, comparing ‘SP
only’ from Table 4.4 and ‘SP only’ from Table 4.3, we observe an improvement of +1.1%.
Similarly, the ‘TP only’ also shows an increase in accuracy by +1.0%. This proves that
disentangled knowledge is of a higher quality.

Secondly, comparing ‘Avg. before H’ and ‘SoTa-DiT’, we observe that averaging the
predictions after the softmax layers brings higher accuracy (+0.8%). We infer that the
target and source knowledge may provide better predictions for different samples. After
the softmax layer, the advantages of both types of knowledge are further amplified.

Third, comparing ‘SoTa-DiT’ with ‘SP only’ and ‘TP only’, we find that jointly utilizing
the disentangled source and target knowledge brings further improvement, with accuracy
increasing by +5.0% and +1.3%. This highlights the advantages of combining knowledge
for CoTTA.

4.3.4 Ablation Studies of Hyper-parameters
4.3.4.1 Source Contrastive Loss Weight o

We evaluate the influence of the source contrastive loss weight a in Eq.4.6 for SP. The
results are illustrated in Figure 4.3 with a blue line. We draw the following observation:

As a increases, the accuracy increases and then decreases. The reason is two-fold.
First, when a is below the optimum value of 1.0, the weight of source contrastive loss
is low, and the ability of SP to extract and preserve source knowledge decreases. The

model cannot preserve the knowledge, leading to catastrophic forgetting that harms
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Figure 4.3: Averaged classification accuracy of SoTa-DiT with different source contrastive
loss and source similarity loss weight, named ‘@’ and ‘n’, for the source prompt on
ImageNet-C. The result shows that a =1 and 1 = 0.9 yield the highest classification
accuracy. The effects of these two parameters share a similar trend since they are
proportional to the source knowledge preservation strength.

CoTTA. Conversely, as a exceeds 1.0, the emphasis on the source contrastive loss in-
creases, potentially overshadowing the cross-entropy loss. Consequently, the preserved
source knowledge is not adapted to the other parts of the model effectively, leading to

catastrophic forgetting in other parts of the model other than the SP.

4.3.4.2 Source Similarity Loss Weight n

We evaluate the influence of the source similarity loss weight n in Eq.4.6 for SP. The
results are illustrated in Figure 4.3 with a red line. We draw the following observation:

Similar to the effect observed with a, as 7 increases, the accuracy increases and then
decreases. We infer the reason as two-fold. When 7 is below 0.9, similarity loss cannot
effectively constrain the shape of SP, leading to catastrophic forgetting. When 1 exceeds
0.9, similarity loss dominates. As a result, SP loses its elasticity and cannot adapt the

preserved source knowledge to the target domain.

4.3.4.3 Target Guiding Loss Weight

We evaluate the influence of the target guiding loss weight  in Eq.4.10 for TP. The

results are depicted in Figure 4.4 with a green line. We draw the following observation:

67



CHAPTER 4. CONTINUAL TEST-TIME ADAPTATION VIA SOTA-DIT: SOURCE AND
TARGET KNOWLEDGE DISENTANGLE TRANSFORMER

615

S e K .

< 4 + % *—% p S

g 605 y ¢

s A X

3 60 ¥

Q

< 595 4 X

=1

S sek K X

<

_L,% 585

2 s

S 575 X

=)

5] = B 8

s 57

S 565 £

>

< 0 0.2 04 0.6 0.8 09 1.0 1.1 12 14 1.6 2.0
Loss Weight Value

Figure 4.4: Averaged classification accuracy of SoTa-DiT with different target guiding
loss weight ‘B’ for the target prompt and overall loss trade-off weight ‘6” on ImageNet-C.
The result shows that =1 and § = 1.1 yield the highest classification accuracy.

As f increases, the accuracy increases significantly and then decreases. We infer that
two factors contribute to this. Firstly, the guiding loss is inactive when S is less than 1.0.
Consequently, TP is unable to learn label information effectively. As the target contrastive
loss only clusters the samples without providing label information, TP may match sample
clusters with random labels, leading to a severe mismatch between samples and their
labels. When S exceeds 1.0, the contrastive loss is partially deactivated, hindering the
effective extraction of target knowledge. As a result, TP cannot effectively learn the target

domain knowledge of higher quality, leading to a decrease in classification accuracy.

4.3.4.4 Overall Loss Trading-off Weight 6

We evaluate the influence of the overall loss trade-off weight 6 in Eq.4.10. The results
are depicted in Figure 4.4 with an orange line. We draw the observation:

As 6 increases, the accuracy increases gradually and then decreases. We infer that
two factors contribute to this. When ¢ is smaller than 1.1, the weight of the source prompt
loss is low. SP is not properly tuned and thus cannot preserve enough source knowledge.
Moreover, the preserved source knowledge is not effectively adapted to other parts of
the model. Hence, the model is subject to catastrophic forgetting and the classification
accuracy decreases. Conversely, when 6 exceeds 1.1, the weight of the target prompt
loss is relatively low. TP is not tuned properly and thus cannot extract enough target

knowledge. Thus, the model cannot effectively adapt to the incoming novel domains.
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Figure 4.5: Averaged image classification accuracy of SoTa-DiT with different batch
sizes on ImageNet-C. The result shows that batch size being set as 8 yields the highest
classification accuracy.

4.3.4.5 Batch Size

We investigate the influence of batch size on accuracy. The results are depicted in
Figure 4.5. We draw the following observation:

As batch size increases, accuracy initially remains stable and decreases. We infer
that the reason behind this phenomenon is that the large batch size influences TP’s
target contrastive loss. When the batch size is too large, contrastive learning for TP
becomes more challenging as the total number of test samples is limited, with minor inter-
batch diversity. Consequently, the target contrastive loss cannot effectively supervise TP,

leading to a decline in performance.

4.3.4.6 Prompt Extra Learning Rate

We evaluate the influence of prompt extra learning rate u. The results are depicted in
Figure 4.6. We draw the following observation.

As the extra learning rate u increases, the accuracy increases sharply and decreases
slightly. The reason behind this is twofold. On one hand, when the p is lower than 1, TP
and SP learn slower than other parts of the network. As a result, they fail to extract the
necessary source and target knowledge, resulting in a performance decline. On the other
hand, as u becomes too large, the learning rate of TP and SP is large. As a result, they
may miss the actual optimum points and be less robust to the perturbation from the test

samples.
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Figure 4.6: Averaged image classification accuracy of SoTa-DiT with different prompt
extra learning rates y on ImageNet-C. The result shows that y =20 yields the highest
classification accuracy.
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Figure 4.7: Averaged classification accuracy of SoTa-DiT with different contrastive
temperatures 7, and 7; on ImageNet-C. The result shows that 7, =0.05 and 7, = 0.05
yield the highest classification accuracy.

4.3.4.7 Contrastive Temperature 7

We evaluate the influence of contrastive temperature 7. The results are depicted in

Figure 4.7. The average accuracy under different contrastive temperatures for source

contrastive loss (75)and target contrastive loss (7;) is depicted with blue and red lines,

respectively. Based on the result, we draw the following observations.

First, as 7, and 1; increase, the accuracy initially increases, then decreases. The
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Figure 4.8: Averaged classification accuracy of SoTa-DiT with different augmentation
group numbers M on ImageNet-C. The result shows that M = 2 yields the highest
classification accuracy.

reason is twofold. When 1 is small, the contrastive loss converges to 0 easily. For instance,
if T — 0, the positive pair is only slightly more similar than other samples, and the
contrastive loss is close to 0 without proper training. Consequently, the effectiveness of
the source and target contrastive loss diminishes. When 7 surpasses 0.5, a larger T makes
it challenging to converge. As a result, TP and SP are prone to overfitting. Specifically,
when 7 is set to 1, if the positive pair similarity is 1 and the negative pair similarity is
—1, the contrastive loss still deviates significantly from 0.

Second, the effect of 7; is stronger than 7;. We infer the reason is that the SP
embedding is more stable with the source similarity loss, even when it is not properly

supervised with the contrastive loss.

4.3.4.8 Augmentation Group Number M

We evaluate the influence of the augmentation groups M for the target contrastive
learning. The results are depicted in Figure 4.8. We draw the following observations.
First, when M is 1, we observe a lower classification accuracy. We infer that when
M equals 1, the data is insufficient for contrastive learning. Consequently, TP cannot
absorb the target knowledge effectively.
Second, the accuracy remains relatively stable as M exceeds 2. We infer that 2
groups of augmented data are enough for contrastive learning. More augmented groups

do not enhance the efficiency of target knowledge extraction; instead, they introduce
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Figure 4.9: Averaged classification accuracy of SoTa-DiT with different corruption sever-
ity levels on ImageNet-C. The result shows that the higher the corruption level, the
lower the classification accuracy. The reason is that higher-level corruption brings a
large domain gap and is hard to learn at test time.

unnecessary computational load. As a result, we set M as 2 by default.

4.3.5 Observations
4.3.5.1 Corruption Severity

We test SoTa-DiT on ImageNet-C using five different corruption severities. Notice that
all other experiments on ImageNet-C are conducted on severity level 5, the strongest
corruption level. The average accuracies of SoTa-DiT with two types of baseline, namely
ViT-B-16 and ViT-L-16, are depicted in Figure 4.9 with blue and red lines, respectively.
The result shows that, as the corruption severity increases, the average classification
accuracy of SoTa-DiT with two backbones decreases. The reason is that as the severity of
corruption increases, the test images become more dissimilar from the original images.
As a result, the domain gap gets wider, making classification more challenging for the

model.

4.3.5.2 Source Knowledge Preservation

In this and the following sections, we conduct experiments to substantiate our knowledge-
disentangling claims further. First, we demonstrate that the source knowledge is well-

preserved within the source prompt. Next, we demonstrate that the target prompt
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Figure 4.10: We evaluate the model directly on the original ImageNet test set at different
time steps using 1) SP output only, 2) TP output only, and 3) TP output from a model
without source prompt, denoted as TP*. The result shows that the SP achieves the
highest source accuracy, indicating that the source knowledge is preserved within SP.

efficiently extracts the target knowledge. All the experiments are conducted on the
ImageNet-C dataset with the ViT-B-16 backbone.

We evaluate the model directly on the original ImageNet test set at different time
steps to demonstrate that the source knowledge is preserved within the source prompt
and adapted to other parts of the model. The classification accuracies at different time
steps are depicted in Figure 4.10. Specifically, the blue, red, and green lines represent
the prediction accuracy of 1) SP output, 2) TP output, and 3) TP output from a model
without SP (denoted as TPx), respectively. Based on the result, we draw the following
observations:

First, SP successfully preserves the source knowledge. Comparing the classification
accuracy of SP output and TP output, we see that the classification accuracy of SP
outputs decreases much more slowly than that of TP output before the time step 6000.
After 6000, the classification accuracy of SP output remains stable. This phenomenon
proves that SP successfully extracts and preserves the source knowledge from the source
model.

Second, SP adapts the source knowledge and helps the model retain it. Comparing
the classification accuracy of TP output and TP* output, we see that the classification

accuracy of TP output decreases much more slowly than that of TP* output. This
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Table 4.5: Average domain classification accuracy of SP output and TP output. The result
shows that the TP output yields significantly higher domain classification accuracy,
indicating the TP output contains more information related to the target domain. This
result proves that the TP mainly extracts the target-related knowledge.

Method ‘ Average Acc.

SP 12.9
TP 274

phenomenon indicates that with SP, the TP also retains the ability to classify the source
data better, proving that SP helps the model preserve the source knowledge.
Overall, the results prove that SP successfully extracts the source knowledge and

prevents the model from forgetting.

4.3.5.3 Target Knowledge Extraction

We first train the SoTa-DiT model with only the target prompt and an additional domain
classification head to distinguish different test domains. Then, we incorporate a domain
entropy loss to train the classification head. Note that domain entropy loss only tunes
the domain classification head. Each test image, along with its domain label, is fed into
the network. After training the network with all 15 corruptions on ImageNet-C, we take
the domain classification head for further evaluation.

We then train a standard SoTa-DiT model. At each time step, the domain classification
accuracy of the model is evaluated with the aforementioned domain classification head.
The average classification accuracy is shown in Table 4.5, where we compare the domain
classification accuracy of 1) SP output and 2) TP output.

The result shows that the TP output achieves 27.4% accuracy while the SP output
achieves only 12.9%. This result indicates that the TP embedding is more domain-
distinguishable, indicating that TP extracts more target-relevant knowledge. Thus, it
proves our knowledge disentangles claims and that TP extracts more target domain

knowledge.

4.3.6 Limitation Discussion

The main limitation is that SoTa-DiT is only applicable to models with transformer
layers. To use SoTa-DiT with the CNN backbones, one or a few transformer layers would
need to be added.
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Another limitation is that SoTa-DiT cannot be directly applied to small-scale datasets
like CIFAR-10-C and CIFAR-100-C datasets. The reason for this is that directly training
the ViT model on small-scale datasets without any pretraining does not yield satisfying
results. The source model should be pre-trained on a large-scale dataset like ImageNet
and then fine-tuned on small-scale datasets to achieve satisfying classification accuracy.
As a result, we did not compare SoTa-DiT with other works on small-scale corruption
datasets like CIFAR-10-C and CIFAR-100-C.
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CHAPTER

SINGLE-SAMPLE CONTINUAL TEST-TIME ADAPTATION
VIA EBAR: EFFICIENT BUFFER AND RESETTING

5.1 Introduction

tandard test-time adaptation (TTA) mitigates the domain gap between a source

and a target domain [19, 65, 77, 79, 83, 100, 128, 170, 182, 209, 211]. Source-

free TTA adapts a model with unlabelled target data only [100], distant from
supervised [52, 98, 116] or semi-supervised [8, 101, 208, 210] adaptation. A challenging
scenario for source-free TTA is single-sample TTA (STTA) [6, 38, 49, 117, 120, 149, 182,
211], where only one target sample is available at a time. Since target data can be highly
noisy, the model can easily misestimate the distribution of the target domain. Such
misestimation leads to severe parameter perturbation that increases the instability
of adaptation[128, 149]. Meanwhile, a model may also encounter constant change in
target domains. For instance, different weather and road conditions constantly affect
an obstacle detection model in autonomous driving. As a result, continual test-time
adaptation (CoTTA) [105, 106, 117, 151, 175] is introduced. In CoTTA, a model is adapted
to dynamic environments over a long time, making it difficult for the model to remember
the source knowledge and causing catastrophic forgetting. When applying a model in
the real world, STTA and CoTTA can happen jointly. In such circumstances, a model is

adapted to constantly changing target domains with a single sample per time for a long
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Figure 5.1: The concept of single-sample continual test-time adaptation (S-CoTTA) and
our solution Efficient Buffer and Resetting (EBaR). In S-CoTTA, a model is adapted
to target domains that constantly change over time, with only one sample per time
step. Under such settings, a model usually suffers from 1) unstable adaptation and 2)
catastrophic forgetting. To address this, we propose EBaR, which includes an efficient
buffer and an elastic resetting unit. The efficient buffer consists of a low and a high
uncertainty buffer that store low-uncertainty and high-uncertainty samples, respectively.
The samples stored in two buffers update the model with different losses to stabilise
tuning. The elastic resetting resets each parameter differently based on its sensitivity to
domain shift, preventing forgetting while retaining necessary target domain knowledge.

time [182], posing two challenges: 1) efficient and stable adaptation with less memory
overhead and timely prediction and 2) effective prevention of catastrophic forgetting.
To systematically address the aforementioned challenges, we introduce a Single-
sample Continual Test-Time Adaptation (S-CoTTA) task, as illustrated in Figure 5.1. In
S-CoTTA, a pre-trained model is adapted to target domains that change continually over
time using one unlabelled target data sample at a time. The primary objectives for S-
CoTTA are twofold: 1) Adaptation Stabilization: Efficiently stabilising the adaptation
of the model using a single target sample at a time, and 2) Forgetting Prevention:
Effectively remembering the source knowledge over a long time. Recent works primarily
address one of them. For instance, some apply a moving window or memory bank to a
CoTTA method [117, 151, 175]. Although forgetting is mitigated, these methods failed to

stabilise adaptation efficiently, and a large memory overhead is required. Others stabilise

78



5.1. INTRODUCTION

adaptation by filtering out high-uncertainty samples [149, 202]. Although stabilising the
adaptation, these methods fail to prevent forgetting. We contend that achieving both

efficient adaptation stabilising and effective prevention of forgetting is essential.

To this end, we propose a novel Efficient Buffer and Resetting (EBaR) method to
address the challenges posed by S-CoTTA. As illustrated in Figure 5.1 and Figure 5.2,
EBaR consists of two key components: an efficient buffer and an elastic resetting control

unit.

First, EBaR incorporates a novel memory-efficient buffer, named efficient buffer (EB),
to stabilise the adaptation progress with less extra memory overhead. EB consists of two
buffers: a low uncertainty buffer (LUB) and a high uncertainty buffer (HUB). During
adaptation, our model first predicts the category of a sample directly. Then, a symmetric
entropy weight is calculated to indicate the uncertainty of the sample [117, 128], and the
sample is categorised into high- and low-uncertainty levels with a predefined threshold.
Samples with low uncertainty are stored within the LUB of a smaller capacity; others
are stored within the HUB of a larger capacity. When full, buffers release samples to
update the model. A soft likelihood ratio and a symmetric entropy loss [38] are calculated
for LUB samples, while a weighted contrastive learning loss is computed for HUB
samples. EB brings two benefits. First, it congregates samples and applies different
losses according to sample uncertainty to stabilise adaptation. Second, compared with
moving windows and other memory banks, EB is smaller in size. Thus, it requires less

memory overhead and allows timely updates, achieving higher efficiency.

Second, inspired by [139], EBaR incorporates a novel elastic resetting (ER) control
unit to prevent catastrophic forgetting. ER adopts a reset clock and a dynamic weight
reset for each parameter. At each time step, the reset clock increases by 1) a fixed amount
plus 2) a value proportional to the updating magnitude of the parameter. When the
reset clock exceeds a threshold, the dynamic weight reset is applied to the corresponding
parameter based on its sensitivity to domain shift. Then, the reset clock is set back to
zero. Elastic resetting ensures that parameters that are more susceptible to domain shift
are reset more frequently and closer to the initial value. ER has two benefits. First, it
effectively mitigates catastrophic forgetting. Second, compared to [139], where a whole
model is reset after a fixed number of time steps, our strategy allows the model to retain

target knowledge by resetting insensitive parameters less frequently.

Finally, comprehensive experiments are conducted to evaluate the effectiveness of
EBaR. We demonstrate that in EBaR: 1) the efficient buffer significantly improves classi-

fication accuracy with reduced extra memory overhead compared to other counterparts
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like the moving window, and 2) the elastic resetting enables the model to achieve higher
classification accuracy stably over a long period of time. Combining the benefits of the two
key components, EBaR achieves SOTA performance across multiple corruption datasets,
including CIFAR10-C, CIFAR100-C, ImageNet-C, and CCC under the S-CoTTA setting
with less extra memory overhead.

The contributions of EBaR can be summarized as follows:

* We introduce a challenging Single-sample Continual Test-Time Adaptation (S-
CoTTA) task. In S-CoTTA, a model is adapted to target domains that change constantly
over time using a single unlabelled sample per time step. The objective is to achieve
stable, efficient adaptation with one sample at a time and prevent catastrophic forgetting
over a long time.

» We proposed a novel Efficient Buffer and Resetting (EBaR) method for S-CoTTA.
To achieve stable adaptation, we introduce a novel memory-efficient buffer named the
efficient buffer, consisting of a smaller and a larger buffer to store samples with low and
high uncertainty levels, respectively. The stored samples are then used to update the
model with different losses. To prevent catastrophic forgetting, we introduce a novel
elastic resetting control unit to reset each parameter differently based on its sensitivity
to domain shifts.

» We conduct comprehensive experiments to evaluate the effectiveness of the efficient
buffer and the elastic resetting in EBaR. The results demonstrate the effectiveness of

both components.

5.2 Methodology

5.2.1 Problem Formulation

This paper focuses on the image classification task under the source-free single-sample
continual test-time adaptation (S-CoTTA) setting. We begin with a source model fgq(x)
pre-trained on the initial source domain ®g with data and labels (% S ayS), where
(%S,%5) is unavailable for adaptation when testing. The goal is to achieve a higher
classification accuracy for images from target test domains. During the test time, the
model, initialized with fg(x), classifies the target batches & T = (X1,Xs,...) from test
domains @7 different from ®g. In S-CoTTA, each data batch X; contains only one sample,
and the distribution of X; changes continually. Thus, we have X; = (x;). The data batches

are presented to the model following a time-step sequence. At each time step ¢, the
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Figure 5.2: EBaR, designed for the S-CoTTA task, consists of two key components: (a) an
Efficient Buffer (EB) and (b) an Elastic Resetting (ER). As shown in (a), EB comprises
a smaller Low Uncertainty Buffer (LUB) and a larger High Uncertainty Buffer (HUB).
The original and augmented samples are first classified. Based on that, the uncertainty
level for each sample is evaluated. The low-uncertainty and high-uncertainty samples
are stored in LUB and HUB, respectively. Once a buffer is full, samples stored in the
buffer are augmented and fed into the model for outputs. LUB and HUB losses are then
computed for samples stored in the corresponding buffer and backpropagated to update
the model. As shown in (b), ER features a reset clock that tracks parameter changes,
enabling an asynchronous reset for each parameter based on its sensitivity to domain
changes. When the clock exceeds the threshold, a dynamic weight reset is applied to set
a parameter closer to its initial value when it is sensitive.

adapted model fg,(x) classifies the sample x; while being adapted to @7 using unlabelled

x¢ for the next time step ¢+ 1.

5.2.2 Overall Architecture

The overall architecture of our solution, named Efficient Buffer and Resetting (EBaR),
is illustrated in Figure 5.2. We begin with an initial source model, fo, = (Fs,Hg), and
an adapted model, fo, = (F;,H;), at a time step ¢. Here, F and H represent an image

encoder and a classification head with a softmax layer, respectively. At the time step 0,
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fe, is initialized with fg.

At time step ¢, a test data batch X; = (x;),consisting of a single sample x; is presented
to the adapted model fo, = (F, H;) for classification. x; belongs to one of the C categories,
and the goal of fg, is to predict the category. First, x; is fed into the image encoder F;.
We denote the encoded image as o; = Fy(x;). Then, o; is fed into the classification head
H, to generate the prediction y; = H;(0;). Finally, the classification accuracy is computed
for x; using y;.

Meanwhile, the adapted model fg, is updated for the next time step ¢ + 1 using o;
and y;. In EBaR, only the normalisation layers are opened for updating, with other
parameters fixed. The update procedure incorporates the Efficient Buffer (EB) and
Elastic Resetting (ER) control unit, both of which are introduced with details in the

following subsections.

5.2.3 Efficient Buffer for Stable Adaptation

Algorithm 1: Update the model with EB
Input: x;, LUB, HUB

1 x, —augmentation(x;);

2 ¥t — fo,(x1), y; — fo,(x});

3 Lur— Loy y);

4 if Ly, <e then

5 if number of samples in LUB equals to M then
6 X1, — LUB.stored_samples();

7 Ly — ZLL(XL);

8 LUB.clear_stored_samples();

9 end
10 LUB.add_sample(x;);
11 else
12 if number of samples in HUB equals to N then
13 Xy — HUB.stored_samples();

14 ZLH: — £ Xp);

15 HUB.clear_stored_samples();
16 end
17 HUB.add_sample(x;);
18 end

19 & — L+ Lhy;
20 Z;.backpropagation();

EBaR introduces a novel memory-efficient multilevel buffer named Efficient Buffer
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(EB). The purpose of EB is twofold: 1) stabilising the adaptation by categorising the
samples based on their uncertainty level and applying different losses, and 2) reducing
the memory overhead and enabling timely updates.

Specifically, EB comprises a smaller Low Uncertainty Buffer (LUB) and a larger
High Uncertainty Buffer (HUB). LUB has a capacity of M samples, while HUB can
store up to N samples. Samples with different uncertainty levels are stored in different
buffers. Following [128, 149], we apply a symmetric entropy loss to indicate uncertainty
levels for samples. Given a sample x;, we obtain the prediction y; = fg,(x;). Then, the
sample is augmented by applying colour jitter, affine transformations, and horizontal
flipping. The augmented sample, denoted as x}, is then fed into the model to obtain the

prediction y; = fg,(x};). The uncertainty weight, denoted as £y, is computed as follows:

C C
(5.1) Lo,y == yiclogy,. + Y yiclogyc).
c=1 c=1

Next, EBaR updates the backbone model using LUB and HUB, as outlined in Algo.1,

where € is a predefined threshold.

5.2.3.1 Low Uncertainty Buffer

The Low Uncertainty Buffer (LUB) stores samples with low uncertainty levels. LUB
has a smaller capacity M because low-uncertainty samples contain high-quality target
knowledge with less noise [128] and can stably update the model without perturbation,
even within a considerably small batch.

In Algo.1, LUB stores the samples whose £ are below the threshold €. Once the
number of samples stored in LUB reaches M, the stored samples X, = (x1,x9,...x37) are
released and processed to calculate the LUB loss £;,. %1, consists of a soft likelihood
ratio loss (SLR) Zsr.r, and a symmetric entropy loss (SEL) Zsgr..

Specifically, EBaR first obtains the predictions of X, denoted as Y7, = (y1,2,..., YMm)-
ZsLr is calculated as follows:

1 X & Yme
(5.2) ZLsir(YL) = —— Z Z Yme log(c—).
Mm:1021 j#cymj +£

Meanwhile, EBaR augments X7, to generate augmented samples X; = (x],x5,...x},).
X is then fed into fp, to obtain the prediction Y] = (y},55,...,¥},). LsEL is then calcu-

lated as follows:
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M C C
(5.3) gSEL(YL,Y]i) =—— Z (Z Yme logy;,nc + Z y;nc logymc)-
2M m=1 c=1 c=1

Zsrr is less dominated by the predictions with low confidence [117, 122] and ZsEr,
is more robust to label noise compared to the entropy loss [38]. They both reduce the
potential impact of pseudo-label perturbation in self-supervised adaptation. Jointly using
two losses further stabilises model updates when very limited samples are available at a
time. Finally, the LUB loss £}, is calculated as:

(5.4) %1 =ZLsLr + PLSEL-

5.2.3.2 High Uncertainty Buffer

The High Uncertainty Buffer (HUB) stores the samples with high uncertainty levels.
These samples disturb the adaptation, especially in a small batch [128]. However, we
argue that completely discarding these samples, a strategy adopted by [128, 149], is
suboptimal. Our rationale is twofold: 1) the model may initially overestimate uncertainty
levels and can refine them after a few updates, and 2) high-uncertainty samples also
contain valuable target-domain knowledge. To effectively exploit these samples, we
allocate a larger capacity N to HUB. This setting reduces the immediate impact of these
high-uncertainty samples and allows the model to reassess their uncertainty after a few
more updates.

In Algo.1, HUB stores the samples whose #;; are higher than the threshold €. Once
the number of samples stored in HUB reaches N, the stored samples Xz = (x1,x9,...,XN)
are released and processed to calculate the HUB loss Zy. The loss £ is calculated
based on an entropy weight Ay =(61,09,...0,,...0n) and a weighted contrastive learning
loss (CLL) Q%CLL-

Specifically, EBaR first feeds Xy into fg, to obtain the predictions Yz = (y1,y2,...yn).
Next, augmentation is applied to Xz to generate augmented samples X, = (x7,5,...x}y).
Then, X}, is fed into fo, to generate predictions Yy, = (y],5,...yy). The entropy weight

0, for each stored sample x, is computed as:

C C
(5.5) 6n =exp(min()_ ynclogyn.+ Y. ¥h.10gYne +€,0)).
c=1 c=1
Meanwhile, Xz and X I’LI are fed into the encoder F; to obtain the encoded images

Op =(01,02,...0n) and O = (0,05,...0%,), respectively. Zcrr, is then computed as:
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€ exp(sim(onc,0),.)/7)

!/ _ 1 N
(5.6) Lerr(Om,0y,Ag) = N n;l 5n(c=1 S E———
where sim represents the cosine similarity, and 7 is the temperature.

By weighting contrastive learning loss with the entropy weight, EBaR achieves
two key objectives: 1) extracting target-domain knowledge from samples with higher
uncertainty without using potentially noisy pseudo-labels and 2) re-estimating sam-
ple uncertainty levels to modulate their contribution to model updates. This strategy
mitigates the adverse effects of samples with high uncertainty while extracting useful

target-domain knowledge. The HUB loss % is computed as:

(5.7) £y =2cLL-

5.2.4 Elastic Resetting for Anti-forgetting

Algorithm 2: Elastic resetting for parameters
Input: ®t’ G)t—l) R7 M, 1, Y’ T
1 for (04, 0;-1) in (O, B;_1) do

2 if 0; is updated then

1186yl
D — {0,110, a7 >

Ro—Ro+nD +p;
else

| Ro—Ro+p;
end
To—To+p;
if Ryg =Y then
O.reset(Ty, Y) ;
11 Ry—0,Tyg—0;
12 end
13 end

3

© ® O o G s

EBaR incorporates a Elastic Resetting (ER) control unit to mitigate catastrophic
forgetting over long time steps. Unlike existing strategies [139, 152], which periodically
reset the entire model back to the initial state after a fixed number of time steps, ER
employs an asynchronous resetting mechanism. In ER, different parameters are reset

at varying frequencies based on their sensitivity to domain shifts. Our approach is
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motivated by two key insights: 1) the resetting operation effectively restores the source
knowledge, and 2) not all parameters are equally susceptible to domain shifts: some are
comparably robust to perturbations brought by domain shifts and effectively absorb rich
target-domain knowledge. ER balances preserving source knowledge and retaining target
knowledge by more frequently resetting only the parameters sensitive to perturbations.

To effectively implement ER, EBaR uses a novel reset clock R for each parameter
0, which operates based on Algo.2. In the algorithm, ®; and ©;_; represent the values
of the updated parameters at the time steps ¢ and ¢ — 1, respectively. The reset process
begins at time step 1, with three hyper-parameters: y, n, and Y. In Algo.2, as the time
step increases, the reset clock Ry for each parameter 6 increases by: 1) a fixed increment
U, and 2) an increment related proportionally to the magnitude of the changes in the
parameter value during the update, adjusted by . When Ry reaches or exceeds the
threshold Y, the corresponding parameter 6 is reset.

Unlike [139], which resets parameters to their initial values 6y, ER employs a novel
dynamic weight reset based on the sensitivity of each parameter to perturbations. EBaR
also incorporates a sensitive indicator 7' in Algo.2. Every time step, Ty for each parameter

0 increases by p. The dynamic weight reset is performed as follows:

T
(5.8) 92:(1—a)769t+(1——+a—)00,

where a is a hyper-parameter that adjusts the reset.

When a reset occurs, a higher Ty indicates that a parameter is reset less frequently
and is less sensitive to perturbations caused by domain shifts. Consequently, parameters
with higher Ty are reset closer to their initial values 6y, ensuring a balance between

retraining target knowledge and mitigating forgetting.

5.3 Experiments

5.3.1 Settings
5.3.1.1 Datasets

EBaR is evaluated on four CoTTA datasets: CIFAR10-C, CIFAR100-C, ImageNet-C
(ImageNet-C) [68, 69, 136, 147], and CCC [139]. CIFAR10-C, CIFAR100-C, and ImageNet-
C contain 15 types of image corruption, each with 5 severity levels. The experiments are

conducted at severity level 5. The CCC dataset (Continuously Changing Corruptions)
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Table 5.1: The averaged classification accuracy (%) of different methods. All the methods
except EBaR have a moving window of size 32 added for better convergence. ‘Source’
represents the backbone model without adaptation. ‘CMAE’ only supports Transformer
baselines. EBaR achieves SOTA performance across multiple datasets with different
baselines.

5 §F § & ¥
S g & Q) -
&5 & S 5 | EBaRr
§ § 5§58
§ 5 S
O Q

g
Dataset Backbone §
QO
@
56.4

CIFAR10
CIFAR100

WideResNet 79.0 79.9 804 80.6 | 84.3 (+3.5)

ResNeXT-29 ‘ 53.6 29.8 61.6 59.7 66.5 65.3 67.1 64.8 66.0 68.0 67.6 | 71.9 (+3.9)

oy
2
&
2
80.8
66.2
36.2

ResNet-50 | 18.1 33.1 33.7 39.6 438 41.7  36.6 - 30.1 40.3 44.1  43.7 | 47.6 (+3.5)
ImageNet-C ViT-B-16 399 232 13.7 436 505 449 498 504 513 44.1 46.1 524 52.5 | 56.7 (+4.2)
Swin-B 453 19.8 9.9 54.8 56.8 52.7 478 60.2 62.1 44.8 532 62.1 61.8 | 67.3 (+5.2)

ResNet-50 | 33.5 5.7 7.6 6.8 168 315 393 158 - 10.7 41.3 45.2 47.6 | 50.6 (+3.0)
CCC ViT-B-16 535 4.8 5.3 9.0 369 628 658 39.7 309 9.7 649 642 65.6 | 70.3 (+4.5)
Swin-B 55.8 3.9 4.1 79 398 639 654 396 302 9.8 64.5 64.1 65.5 | 70.9 (+5.4)

comprises 7.5 million images with smooth transitions between different ImageNet-C
corruptions [139]. CCC is designed to assess the stability of test-time adaptation methods
over extended time steps. Our experiments use CCC-40, where the source ResNet-50
model achieves 35% to 40% accuracy without adaptation. The results on the CCC datasets

are averaged over 3 different random seeds.

5.3.1.2 Implementation Details

EBaR is evaluated on five backbones: WideResNet-28 (WRN-28) [204], ResNeXt-29 [189],
ResNet-50 [64], ViT Base (Vit-B-16) [39], and Swin Transformer Base (Swin-B-16) [112].
Following [117], the evaluation on CIFAR10-C is performed with WRN-28, and CIFAR100-
C with ResNeXt-29. ResNet-50, Vit-B-16, and Swin-B-16 are evaluated for ImageNet-C
and CCC. WRN-28 and ResNeXt-29 are pretrained with CIFAR datasets [87], while
ResNet-50, Vit-B-16 and Swin-B-16 are pretrained with ImageNet [34], following [24,
155, 164, 207, 221]. We set the learning rate to 1 x 1074, LUB size M to 2, HUB size N to
8, € (Algo.1) to 6.2, ¢ (Eq.5.2) to 0.01, 8 (Eq.5.4) to 1, and 7 (Eq.5.6) to 0.05, u (Algo.2) to
1, n (Algo.2) to 100, Y (Algo.2) to 8000, and «a (Eq.5.8) to 0.99 as default.

5.3.2 Effectiveness of EBaR

We compare EBaR with SOTA CoTTA and STTA methods in Table 5.1 and Table 5.2.
For a fair comparison, we apply a moving window of size 32 to all counterpart methods,
following [38, 117, 128].
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Table 5.2: The classification accuracy (%) of different methods using ResNet-50 on
ImageNet-C across 15 corruptions. EBaR achieves the highest accuracy on 10 out of 15
corruptions.

& & IS % $ A x S s & g
F & 5 S & S F S P e 5 & FF &lae
Method j s §Q bg} 3 $ $ S & © & S ¥ é& N Avg
SOURCE 2.2 3.0 1.9 18.6 10.2 14.8 220 16.5 232 241 587 6.0 175 20.7 315 | 181
TENT 151 214 232 17.8 23.1 299 408 335 320 434 534 240 458 49.1 433 | 331
COTTA 128 171 197 170 176 242 375 341 326 47.7 599 30.6 486 554 512 | 33.7
ETA 214 319 346 21.7 269 351 44.0 398 374 503 596 364 50.6 53.6 50.7| 39.6
ViDA 18.8 233 247 220 21.7 336 424 387 36.1 482 595 32.0 476 53.1 50.7| 36.8
REALM 224 301 350 241 252 362 443 443 432 452 73.1 528 402 551 542 | 417
SAR 179 238 277 20.1 236 339 431 37.0 371 47.0 602 29.8 491 50.2 481 | 36.6
IST 273 28,6 269 20.0 18.8 298 419 39.7 359 49.7 608 158 47.2 513 49.0| 36.2
ROTTA 10.7 15,5 14.7 7.8 153 238 382 321 336 43.1 605 21.2 41.7 492 44.4 | 30.1
RDUMB 21.8 332 358 224 258 37.0 448 414 37.1 498 596 381 515 542 514 | 403
BDG 248 334 3577 289 395 389 506 463 45.1 564 625 396 549 545 508 | 44.1
ROID 263 378 369 29.7 321 429 466 438 43.7 532 638 374 527 563 52.0 | 43.7
EBaR (ours) | 30.9 375 41.5 328 332 439 534 498 439 59.6 699 436 569 59.8 56.8 | 47.6

The results show that under S-CoTTA, EBaR outperforms the SOTA methods by clear
margins: (1) across multiple datasets with various backbones, as shown in Table 5.1, and
(2) on 10 of 15 corruptions for the ImageNet-C dataset using the ResNet-50 backbone, as
shown in Table 5.2. For instance, EBaR achieves +3.5%, +4.2%, and +5.2% on ImageNet-
C with ResNet-50, ViT-B-16, and Swin-B-16. These results demonstrate the superiority
of EBaR on the S-CoTTA task.

5.3.3 Ablation Studies of Key Components
5.3.3.1 Efficiency Buffer

We evaluate the effectiveness of the Efficient Buffer, including LUB, HUB, and their
associated loss functions. For comparison, we choose the baseline method ETA [128] with
a moving window size of 32.

As shown in Table 5.3, both LUB and HUB, along with their loss functions, are
beneficial to S-CoTTA and improve accuracy. For instance, using LUB alone brings a
+2.5% accuracy gain, and using HUB alone brings a +1.8% accuracy gain. Both loss
functions in LUB contribute to the increase. These results indicate that the efficient
buffer stabilises the adaptation and increases the accuracy.

Furthermore, combining LUB and HUB yields a more significant accuracy gain
(+5.6%) compared to using them separately (+2.5% and +1.8%). This result indicates
that the information within the low- and high-uncertainty samples is complementary,

and combining them is more beneficial than using only the low-uncertainty samples.
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Table 5.3: Evaluation of the key components: efficient buffer and elastic resetting on
ImageNet-C with ResNet-50. We list the averaged accuracy (%). ‘DWR’ represents
dynamic weight reset (Eq.5.8). The result proves the effectiveness of both.

Method ‘Q%SLR Ysgr. ZLcerr, Clock DWR‘AverageAcc.

Baseline (ETA) | X X X X X 39.6
LUB + HUB v v v X X | 45.2 (+5.6%)
LUB only v v X X X | 42.1(+2.5%)
HUB only X X v X X | 41.4 (+1.8%)
LUBonly-%sip | v X X X X | 41.1(+1.5%)
LUBonly -%sgr, | X v X X X | 40.2 (+0.6%)
ER only X X X v V| 44.3 (+4.7%)
ERonly-DWR | X X X v X | 42.7(+3.1%)
DWR only X X X X V| 42.2(+2.6%)
EBaR v v v v vV | 47.6 (+8.0%)

5.3.3.2 Elastic Resetting

We evaluate the effectiveness of the Elastic Resetting and its two key components, the
reset clock and the dynamic weight reset. As shown in Table 5.3, both the clock-based
reset and the dynamic weight reset increase performance. For instance, using clock-
based reset boosts the accuracy by 3.1%, and using the dynamic weight reset boosts the
accuracy by 2.6%. These results show that both strategies are beneficial to S-CoTTa.
Jointly applying both improves accuracy by 4.7%, proving that the two key components
are complementary and bring cumulative benefits. Moreover, combining ER and EB
yields a more significant increase in accuracy of +8.0%, proving that both ER and EB

are critical in EBaR and bring cumulative benefits when used together.

5.3.4 Ablation Studies of Loss Functions

In this section, we justify our selection of the loss function in EBaR. The effectiveness of
the loss functions is demonstrated by comparing them with other loss function options.
Four key losses in EBaR are evaluated: uncertainty weight £, soft likelihood ratio
Zsi.r for LUB, symmetric entropy loss £sgz, for LUB, and weighted contrastive learning
loss %crr, for HUB.
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Table 5.4: Evaluation of the uncertainty weight £ on ImageNet-C with ResNet-50.
We list the averaged accuracy (%). Our strategy in EBaR is compared with standard
entropy loss and diversity-based weight, proposed in [128]. We adjust the corresponding
threshold e for different selections and report the best result. The result shows that
applying the symmetrical entropy loss as the uncertainty weight is superior.

Method ‘ Average Acc.

Baseline (ETA) 39.6
Entropy Loss 45.9 (+6.3%)
Diversity-based Weight [128] | 46.8 (+7.2%)
EBaR 47.6 (+8.0%)

Table 5.5: Evaluation of the soft likelihood ratio loss Zsrzr for LUB on ImageNet-C
with ResNet-50. We list the averaged accuracy (%). In this experiment, the counterparts
replace the soft likelihood ratio with 1) a standard entropy loss and 2) a standard
contrastive loss. The result shows that EBaR with the soft likelihood ratio loss achieves
the highest accuracy, proving the effectiveness of Zsi.r.

Method ‘ Average Acc.

Baseline (ETA) 39.6
Entropy Loss 46.3 (+6.7%)
Contrastive Loss | 46.5 (+6.9%)
EBaR-%s1r 46.2 (+6.6%)
EBaR 47.6 (+8.0%)

5.3.4.1 Uncertainty Level Loss £

We evaluate the effectiveness of the uncertainty weight %4;;. In EBaR, the symmetric
entropy loss is selected as the uncertainty weight. In this experiment, different options
are examined in EBaR. Here, we choose the standard entropy loss and the diversity-
based weight [128] as counterparts. Furthermore, the uncertainty level threshold € is
adjusted to achieve the highest classification accuracy for different losses. The model
with entropy loss achieves the highest accuracy when ¢ = 2.8. Moreover, ¢ = 0.06 is the
optimum for diversity-based weight. As shown in Table 5.4, choosing symmetric entropy
loss as uncertainty weight achieves the highest average accuracy, surpassing entropy

loss and diversity-based weight by 1.7% and 0.8%, respectively.

5.3.4.2 Soft Likelihood Ratio Zs1r

We evaluate the effectiveness of the soft likelihood ratio Zs; g for LUB. In this exper-

iment, we adopt other loss functions to replace £s;r. Here, 1) in ‘Entropy Loss’, a
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Table 5.6: Evaluation of the symmetric entropy loss Zsgr, for LUB on ImageNet-C with
ResNet-50. We list the averaged accuracy (%). This experiment replaces the symmetric
entropy loss with 1) a standard entropy loss and 2) a standard contrastive loss. The
result shows that EBaR with the symmetric entropy loss achieves the highest accuracy,
proving the effectiveness of ZLsgr..

Method ‘ Average Acc.

Baseline (ETA) 39.6
Entropy Loss 47.1 (+7.5%)
Contrastive Loss | 47.2 (+7.6%)
EBaR-%skr, 47.1 (+7.5%)
EBaR 47.6 (+8.0%)

standard entropy loss replaces Zsir, 2) in ‘Contrastive Loss’, a standard contrasive
learning loss, similar to £¢rr, but without the sample weight Ay, replaces Zsrr, and
3) in ‘EBaR-Zsrr’, LsLr is removed without replacement loss. As shown in Table 5.5,
EBaR using soft likelihood ratio loss achieves the highest averaged accuracy, surpassing
the counterparts with entropy loss, contrastive loss, and no soft likelihood ratio loss by
1.3%, 1.1%, and 1.4%, respectively.

5.3.4.3 Symmetric Entropy Loss %51,

We evaluate the effectiveness of the symmetric entropy loss Zsgz. Similarly to the
previous experiment, other loss functions replace Zsg, in the counterparts. Here, 1) in
‘Entropy Loss’, a standard entropy loss replaces £sgr., 2) in ‘Contrastive Loss’, a standard
contrasive learning loss, similar to £z, but without the sample weight Ag, replaces
ZskL, and 3) in ‘EBaR-%sg1’, Lsgr is removed without replacement loss. As shown in
Table 5.6, EBaR using symmetric entropy loss achieves the highest averaged accuracy,
surpassing counterparts with entropy loss, contrastive loss, and no soft likelihood ratio
loss by 0.5%, 0.4%, and 0.5%, respectively.

5.3.4.4 Contrastive Learning Loss %11,

We evaluate the effectiveness of the weighted contrastive learning loss Z¢1.1, for HUB.
EBaR is compared with 1) ‘Baseline (ETA), the baseline ETA [128] model, 2) ‘EBaR-
“Zcir’, EBaR without Zcr, loss, 3) ‘Entropy Loss’, where a standard entropy loss
replaces ZcrrL, 4) ‘%LsLr’, where ZLsrr replaces Zcrr, b) ‘ZLsg1’, where Lsg, replaces
ZeiL, 6) ‘Lsir+ZsgL’, where £Lsi.r and ZLsgy, replace Zcrr., and 7) ‘Contrastive Loss’,
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Table 5.7: Evaluation of the contrastive learning loss Z¢rr, for HUB on ImageNet-C
with ResNet-50. We list the averaged accuracy (%). In this experiment, the symmetric
entropy loss is replaced by 1) a standard entropy loss, 2) a soft likelihood ratio loss Zs1.r,
3) a symmetric entropy loss %sgr,, and 4) a Lsr.r with £sgr,. The result shows that our
weighted contrastive learning loss achieves the highest accuracy.

Method ‘ Average Acc.

Baseline (ETA) 39.6
EBaR-b%CLL 45.6 (+6.0%)
Entropy Loss 44.2 (+4.6%)

gSLR 44.8 (+5.2%)
ZLSEL 44.5 (+4.9%)
gSLR + =C£SEL 44.7 (+5.1%)
Contrastive Loss | 45.8 (+6.2%)

EBaR 47.6 (+8.0%)
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Figure 5.3: Effect of buffer sizes M and N. Averaged accuracy with different LUB size M
and HUB size N on ImageNet-C using ResNet-50 is reported. The optimum setting is
M=2,N =8.

where a standard contrastive learning loss is adopted without the sample weight Ag.

As shown in Table 5.7, without £ 1, the accuracy decreases by 2.0%. When applying
the entropy loss or Zsr.r or £Lsg;, the accuracy further decreases compared to EBaR
without Zcr1., indicating that the entropy loss and the soft likelihood loss are not suitable
for high uncertainty samples. The reason is that the samples with high uncertainty

levels generate low-quality and noisy pseudo-labels.
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Figure 5.4: Effect of uncertainty level threshold e¢. Experiments are conducted on
ImageNet-C with ResNet-50. The percentage of samples categorised as high uncer-
tainty and the corresponding accuracy are reported. € = 6.2 is the optimum.

5.3.5 Ablation Studies of Hyper-Parameters
5.3.5.1 Buffer Size

We evaluate the impact of the LUB and HUB sizes M and N (Algo.1). In the LUB
experiment group, we set N = 8; in the HUB experiment group, we set M = 2. As
shown in Figure 5.3, EBaR achieves optimal performance when M reaches 2, with
minimal improvement when M > 2. A similar trend is observed for N, where performance
stabilises after N reaches 8. In particular, when N is smaller than 4, EBaR collapses
due to the influence of high-uncertainty samples. These samples cause a misestimation

of the distribution and disrupt the updates. To balance memory efficiency and accuracy,
we set M =2 and N = 8 as the default.

5.3.5.2 Uncertainty Level Threshold

We evaluate the impact of the uncertainty level threshold € (Algo.1). The result is shown
in Figure 5.4. As € increases, the proportion of samples classified as high uncertainty
gradually decreases, drastically dropping when ¢ = 6. The high- and low-uncertainty
samples are balanced when € € (6.1,6.4). When most samples are categorised as high
uncertainty, LUB becomes ineffective. In contrast, HUB is ineffective when most are
categorised as low uncertainty. EBaR achieves the highest accuracy € = 6.2, where

samples from both levels are balanced. Thus, we set ¢ = 6.2 as the default.
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Figure 5.5: Effect of the parameters that control the reset frequency: 1, and Y (Algo.2).
We fix u = 1. The experiment is conducted on the CCC with ResNet-50. Averaged accuracy
is reported. The result shows that n=100,Y = 8000 is optimum.

5.3.5.3 Resetting Frequency

We evaluate the influence of the parameters that control the reset frequency, namely p,
1, and v (Algo.2). We fix u =1 in the experiments and adjust the other two parameters.
The reason for this is that the optimal Y and 7n are proportional to y. That being said,
setting u=1,Y =8000,17 = 100 is equivalent to u =2,Y = 16000, = 200. Hence, we can
set u =1 and find the optimal Y and 7.

As shown in Figure 5.5, when Y increases, the optimal 7 increases. When Y is small
while 7 is large, the model is reset excessively frequently, harming the adaptation.
Conversely, when Y is large while 7 is small, the model is not reset in time, leading to
catastrophic forgetting. n = 100,Y = 8000 achieve the highest accuracy and are set as the
default.

5.3.5.4 Learning Rate

We evaluate the influence of the learning rate during the test-time adaptation. The
result is shown in Figure 5.6. When the learning rate is greater than 1 x 1072, the
performance declines as high-uncertainty samples severely disturb the adaptation. As
the learning rate decreases, classification accuracy increases and then remains stable

when the learning rate is smaller than 2.5 x 10~4. When the learning rate is 1 x 1074, the
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Figure 5.6: Effect of learning rate. Averaged accuracy of EBaR with different learning
rates on ImageNet-C using ResNet-50. The optimum learning rate setting is 1 x 1074,
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Figure 5.7: Effect of dynamic weight reset rate a. Averaged accuracy of EBaR with
different a on ImageNet-C and CCC using ResNet-50. The optimum setting is a = 0.99.

model achieves the highest accuracy of 47.6%. As a result, we set the default learning
rate as 1 x 1074,
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Figure 5.8: Effect of temperature 7 in the contrastive learning loss %£¢crr.. The averaged
accuracy of EBaR with different learning rates on ImageNet-C using ResNet-50 is
reported. The optimum learning rate setting is 7 = 0.05.

5.3.5.5 Dynamic Weight Reset Rate «

We evaluate the influence of the dynamic weight reset rate a during test-time adaptation.
The result is shown in Figure 5.7. The accuracy for the ImageNet-C dataset increases
and remains stable as a increases. As the size of the ImageNet-C dataset is around
7.5 x 10°, the influence of the reset rate a is limited. On the other hand, the influence of
alpha is more significant in the CCC dataset with 7.5 x 10® samples. This phenomenon
occurs because CCC requires the model to have a stronger ability to remember the source
knowledge at extended time steps. The accuracy increases drastically before alpha
reaches 0.97. Then, the accuracy remains stable and slightly decreases after 0.99. EBaR
achieves the highest accuracy on both ImageNet-C and CCC with alpha = 0.99, which is
set as the default.

5.3.5.6 Contrastive Temperature

We evaluate the influence of the contrastive temperature 7 in Zcrr. As shown in
Figure 5.8, when the temperature is above 0.5, £, is ineffective, leading to collapse of
EBaR and a significant decrease in the accuracy. The accuracy reaches the peak when
7 = 0.05. After that, the accuracy decreases as tau exceeds 0.05. As a result, we set
7 =0.05 as the default.
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Table 5.8: Computational efficiency of EBaR. Experiments are conducted on ImageNet-C
with a ResNet-50 backbone. ‘W32’ represents a moving window [117, 128] of size 32. The
experiments are conducted on a single RTX A5500 GPU. EBaR yields a higher accuracy
boost with less extra computational overhead.

Method ‘ Memory Cost ‘ Time Per Prediction ‘ Average Acc.

ETA 0.93G 3.4 ms 4.1
ETA+W32 6.22G 2.1ms 39.6
ROID 1.13G 41.6 ms 5.2
ROID+W32 6.42G 5.3 ms 43.7
EBaR 3.72G 4.1 ms 47.6
Time Step Time Step
6 6

5.97

5.94

5.91

5.88

5.85

Averaged Weight Value (x1073)

5.82

5.79

5.76
(a) © EBaR ®EB H Baseline (b) " EBaR mEB

Figure 5.9: The adaptation stability of EBaR. EBaR is compared with EBaR with Efficient
Buffer Only (EB), and ETA with window size 32 (Baseline) on the CCC dataset across
3 x 10* steps with ResNet-50. The averaged weight value (x1073) of a normalisation
layer is depicted. The result shows that EB significantly enhances adaptation stability
while elastic resetting maintains stability over the long run.

5.3.6 Observations
5.3.6.1 Computational Efficiency

We evaluate the computational efficiency of EBaR. As shown in Table 5.8, we compare
the computational overhead of ETA, ROID, and EBaR on a single RTX A5500 GPU.
Without a moving window, ETA and ROID both collapse. Added a moving window of
size 32, ETA and ROID converge. Still, EBaR achieves a higher classification accuracy,

requiring only 60% of the memory overhead.
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Figure 5.10: Anti-forgetting ability of EBaR. EBaR is compared with IST, ROID, and
RDUMB (all three of them are with a moving window of size 32) on ImageNet (Source)
and CCC (Target) using ResNet-50. The averaged accuracy per 1.5 x 10° steps across
7.5 x 10% steps is reported. The result demonstrates that EBaR effectively prevents
catastrophic forgetting while retaining useful target knowledge.

Furthermore, EBaR improves accuracy by +8% with only 1.9 ms of additional time
per prediction compared to the ETA baseline. In comparison, ROID achieves lower
accuracy while incurring 3.2 ms of extra time per prediction. Interestingly, we observe
that the moving window reduces the prediction time by decreasing the frequency of

model updates.

5.3.6.2 Stable Adaptation

We examine the ability of EBaR to enhance adaptation stability by analysing the fluc-
tuation in parameter values of normalisation layers over time. Figure 5.9 depicts the
averaged weight values of a batch normalisation layer in the ResNet-50 backbone. The
baseline model (ETA with window size 32) suffers from domain shift perturbations,
resulting in severe fluctuations in parameter values. The efficient buffer increases ro-
bustness to perturbations and reduces fluctuations significantly. Furthermore, elastic

resetting maintains adaptation stability in the long run.
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Figure 5.11: Observation of anti-forgetting ability for different resetting strategies. EBaR
is compared with 1) ‘EBaR+Resetting’, which denotes EBaR that adopts a standard
model resetting strategy where the whole model is reset to the source model every 2000
iterations [139], 2) ‘EBaR-DWR’, which denotes EBaR that replaces the dynamic weight
reset with standard reset where the parameters are set back to the initialized values, and
3) ‘EBAR*, which denotes EBaR with only dynamic weight reset and all the parameters
is reset every 2000 iterations. We report the source (ImageNet) accuracy of the model
(Figure 5.11) and the target (CCC) accuracy of the model (Figure 5.12). The averaged
accuracy per 1.5 x 10° steps across 7.5 x 10° steps with ResNet-50 backbone is reported.
The result in this figure shows that our strategy is as strong as the standard reset
regarding preventing catastrophic forgetting.

5.3.6.3 Anti-forgetting

We compare the ability of EBaR to prevent catastrophic forgetting with IST, ROID, and
RDUMB (three counterparts have an additional moving window of size 32), as shown in
Figure 5.10, the average accuracies per 1.5 x 10? time steps for CCC (denoted as Target)
and original ImageNet (denoted as Source) are reported across 7.5 x 108 time steps. EBaR
achieves the highest average source accuracy (66.9%) and target accuracy (50.6%). The
result demonstrates that EBaR can effectively prevent catastrophic forgetting while

retaining more useful target knowledge.

5.3.6.4 Different Resetting Strategy

We compare elastic resetting with other resetting strategies. As shown in Fig.5.11 and

Fig.5.12, EBaR with elastic resetting is compared with: 1) ‘EBaR+Resetting’, which
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Figure 5.12: Observation of target adaptation for different resetting strategies. The
averaged target (CCC) accuracy of the models is illustrated. The average accuracy per
1.5 x 10° steps across 7.5 x 108 steps with ResNet-50 backbone is reported. The result
demonstrates that our elastic resetting strategy effectively prevents forgetting and
allows the model to extract and retain more target knowledge. As a result, our method
boosts the target accuracy significantly compared to other resetting strategies.

denotes EBaR that adopts a standard model resetting strategy where the whole model
is reset to the source model every 2000 iterations [139], 2) ‘EBaR-DWR’, which denotes
EBaR that replaces the dynamic weight reset with standard reset where the parameters
are set back to the initialized values, and 3) ‘(EBAR*, which denotes EBaR with only dy-
namic weight reset and all the parameters is reset every 2000 iterations. The experiment
is conducted on the CCC dataset with the ResNet-50 backbone. Fig.5.11 and Fig.5.12
illustrate the source (ImageNet) and the target (CCC) accuracy, respectively. Fig.5.11
shows that EBaR with elastic resetting achieves a source accuracy comparable to the
standard hard reset, where the whole model is forced to reset to the initial source model
every 2000 iterations [139]. The result shown in Fig.5.12 demonstrates the superiority
of EBaR on the target dataset, indicating that the elastic resetting strategy allows the

model to retain more useful target knowledge rather than sacrifice it.

5.3.6.5 Under CoTTA Setting

We compare EBaR with recent CoTTA methods on the CoTTA task under different batch

size settings. In this experiment, no moving window is applied to the counterparts. As
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Table 5.9: EBaR against other CoTTA counterparts under the standard CoTTA set-
ting on ImageNet-C using ResNet-50 backbone. Averaged accuracy is reported. EBaR
demonstrates more substantial advantages under small-batch settings while achieving
comparable performance under large-batch settings.

Batch Size | ETA ViDA IST ROID BDG | EBaR

4 199 20.1 33.1 405 404 | 479
8 22.1 304 354 428 429 | 48.2
16 31.8 369 36.8 435 43.6 | 48.6
32 40.1 443 376 442 445 | 48.8
64 40.2 457 38.1 481 48.9 | 48.8
0.04
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Figure 5.13: The predicted label distribution comparison under S-CoTTA. We compare
the distribution of the predicted label between EBaR and ETA (with a moving window of
size 16) on CCC with ResNet-50 across the first 1 x 10° time steps. The result shows that
EBaR presents more balanced predictions without further restraint.

shown in Table 5.9, EBaR demonstrates a significant advantage in the small-batch
settings. Even with large-batch settings, EBaR achieves performance comparable to the
SOTA methods on standard CoTTA tasks, highlighting the robustness and versatility of

our approach.

5.3.6.6 Distribution of Predicted Labels

We visualise the distribution of predicted labels for 1) EBaR and 2) ETA with a moving
window of size 16. As shown in Figure 5.13, EBaR achieves a more balanced label
prediction without further restraint. The insight is that, as noted by [149], the high
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Table 5.10: Influence of different normalisation layers. Standard batch normalisation
and group normalisation are compared. ‘+GN’ denotes that the corresponding ResNet-
50 model uses group normalisation and is pre-trained on ImageNet. For other groups,
the model adopts a standard batch normalisation layer. The result shows that group
normalisation improves the model performance when no moving window is applied.
The reason is that the standard batch normalisation cannot estimate the distribution
statistics based on a single sample at a time [117, 149].

Method ‘ Average Acc.

ETA 4.1
ETA+W32 39.6
ETA+GN 37.1
ETA+GN+W32 39.4
ROID+W32 43.7
ROID+GN 42.9
EBaR 47.6
EBaR+GN 48.1

uncertainty samples during S-CoTTA provide highly noisy pseudo-labels and disturb
the model, especially at the beginning of the adaptation. These perturbations lead to
uneven predictions. EBaR mitigates the effect by 1) congregating the high-uncertainty
samples in a larger batch and 2) applying a weighted contrastive learning loss based on
the uncertainty level of the sample. In this way, without being disturbed by the samples
with high uncertainty, EBaR achieves balanced prediction without further constraints
like proposed in [117, 202].

5.3.6.7 Normalization Layer Discussion

We compare different selections of normalisation layers for S-CoTTA. As shown in Ta-
ble 5.10, standard batch normalisation and group normalisation (denoted as ‘+GIN’) are
compared. For the group normalisation, we adopt the ResNet-50 variant with group nor-
malisation. The result shows that group normalisation improves the model performance
when no moving window is applied. The reason is that the standard batch normalisation
cannot accurately estimate distribution statistics based on a single sample at a time
during self-supervised adaptation [117, 149]. Conversely, group normalisation layers es-
timate the distribution using sample statistics from multiple batches, avoiding a severely
biased estimation. EBaR significantly improves the classification accuracy of models that

adopt different normalisation layers, showing its robustness.
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Table 5.11: The effectiveness of EBaR on the zero-shot model CLIP is demonstrated. We
apply the proposed EBaR strategy to a recent CLIP-based test-time adaptation method,
CLIPARTT [26], under the Single-Sample Continual Test-Time Adaptation (S-CoTTA)
setting. The results show that EBaR significantly improves the accuracy of the CLIP
model, using different backbones, across multiple benchmark datasets.

Method ‘ Backbone ‘ Dataset ‘ Average Acc.
CLIPARTT ResNet-50 | CIFAR-10-C 68.1
CLIPARTT+EBaR | ResNet-50 | CIFAR-10-C | 72.9 (+4.8 %)
CLIPARTT ViT-B-16 | CIFAR-100-C 37.7
CLIPARTT+EBaR | ViT-B-16 | CIFAR-100-C | 41.1 (+3.4 %)
CLIPARTT ViT-B-16 | ImageNet-C 23.8
CLIPARTT+EBaR | ViT-B-16 | ImageNet-C | 27.9 (+4.1 %)

5.3.6.8 EBaR on Zero-Shot Models

Zero-shot classification with vision-language models, such as CLIP [142], has shown
remarkable potential for addressing zero-shot image classification tasks. By leveraging
a joint embedding space for images and text, these models can effectively alleviate the
label shift problem without requiring task-specific fine-tuning. Nevertheless, despite
their strong generalisation capabilities, CLIP and similar models still experience notable
performance degradation when operating under continual domain shift conditions [126].

In this section, we investigate the integration of the proposed EBaR strategy with the
CLIP model in conjunction with CLIPARTT [26], a recent method designed for test-time
domain adaptation in CLIP. We evaluate CLIPARTT under the Single-Sample Continual
Test-Time Adaptation (S-CoTTA) setting, both with and without EBaR. The results,
presented in Table 5.11, show that EBaR substantially improves the performance of
CLIP under the S-CoTTA zero-shot setting. These findings demonstrate that EBaR is
a generalisable approach that can be applied to zero-shot models, enabling the joint
handling of both label shift and continual domain shift.
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FUTURE WORK

6.1 Continual Domain Shift with Different Modalities:
Multi-Modality and Interdisciplinary CoTTA

Recent CoTTA research has begun to focus more on multi-modality models, including
vision-language models [37, 75], vision-audio models [16], and video models [42]. Address-
ing CoTTA in the context of modality-specific characteristics and enabling cross-modality

solutions is a promising future direction.

Another promising research avenue is combining CoTTA with domain-specific or
interdisciplinary knowledge. General-purpose CoTTA methods may be insufficient for
handling the unique challenges of specific application scenarios. For instance, in medical
imaging, different modalities such as X-rays, CT scans, and ultrasound images exhibit
distinct noise patterns and perturbations. Rather than developing a universal solution,
focusing on a specific modality and designing adaptation strategies tailored to its prop-
erties can be highly valuable. This approach can be extended to other interdisciplinary
domains, such as remote sensing, 3D point clouds, and anomaly detection, where domain

knowledge plays a crucial role in robust adaptation.

105



CHAPTER 6. FUTURE WORK

T T :

S »| Pre-trained Model

\ H ]
: .
@j Self-training
: i
i : i
g |

f ,}'# ﬂDHLPrediclions

Online Data

Active Labeling Vd \

- ' ]
bté:‘ ] @ ; -
Elephant Giraffe
-or- — q_’\\‘ ——
(e (=
II )l &jﬂ' 5]
Batches @'ﬁ' o '[j' : -
Dog Elephant

Buffer
(Optional)

One Sample Per Batch or Multi-Batches

Figure 6.1: The concept of active continual test-time adaptation, depicted in [171]. Sam-
ples are actively selected for human labelling at the test time. The target is to achieve
higher accuracy with fewer chosen samples to be labelled.

6.2 Continual Domain Shift with Wider Domain Gaps:
Active CoTTA

Recent CoTTA methods primarily focus on addressing corruption-based domain gaps,
such as variations in lighting conditions, Gaussian noise, and contrast changes. While
these approaches have shown effectiveness in handling these distribution shifts, real-
world scenarios often involve far more complex types of domain shift. Examples include
transitions from simulation-generated images to real-world photographs, from paintings
to real-world images, or from sketch drawings to fully colored paintings. Under such
circumstances, the domain discrepancies are considerably more intricate and, to date,

have not been effectively addressed by existing CoTTA methods.

In response to this limitation, recent work [171] proposes an effective active labelling
scheme for CoTTA (Active CoTTA) that aims to handle more challenging and complex
domain gaps. As illustrated in Figure 6.1, the objective is to select a minimal number of
samples within each mini-batch for manual annotation by human experts. The model
can then leverage these selectively labelled samples to acquire target domain-specific
knowledge and recalibrate itself, thereby mitigating the accumulation of prediction
errors over time. This emerging research direction demonstrates strong potential for
addressing more intricate domain shift scenarios in CoTTA and is likely to play an

important role in future developments in the field.
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Figure 6.2: The concept of practical test-time adaptation [202]. Practical test-time adap-
tation is targeted at the non-i.i.d problem in CoTTA caused by temporal label correlation,
which is common in real-world scenarios.

6.3 Continual Domain Shift with Label Shift

6.3.1 Non-i.i.d. CoTTA

Non-i.i.d. Continual Test-Time Adaptation (Non-i.i.d. CoTTA) refers to the situation
in CoTTA where target labels are not independently and identically distributed in the
test-time data stream. Non-i.i.d. CoTTA jointly considers the label shift and the continual
domain shift problem.

For example, [202] proposed a practical test-time adaptation setting, which is a
subclass of Non-i.i.d. CoTTA. As illustrated in Figure 6.2, practical TTA corresponds to a
CoTTA scenario where the target labels exhibit temporal correlation across nearby time
steps. This setting aligns well with many real-world cases where target labels in a scene
are inherently correlated. Under this setting, the distribution of the target ground truth
label changes over time, leading to severe label shift. In [202], a class-balanced memory
bank is proposed to deal with the label shift with continuous domain shift. Though
effective, the memory bank introduces large memory overhead. A future direction is to
solve this issue with less computational and memory cost.

Another example is the universal test-time adaptation, which is proposed by [117]
to address domain shifts under more generalised and diverse conditions, extending
beyond standard CoTTA. In this setting, the model is expected to handle different
scenarios, including CoTTA and mixed-domain shifts, under non-i.i.d. label distributions.
Consequently, the proposed method must exhibit a high degree of generalizability and

robustness to operate effectively under such heterogeneous test-time conditions.
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6.3.2 Zero-Shot CoTTA

Zero-shot classification with vision-language models, such as CLIP [142], has demon-
strated remarkable potential in addressing zero-shot image classification tasks. By
leveraging the joint embedding space of images and text, these models can effectively
mitigate the label shift problem without requiring task-specific fine-tuning. However,
despite their strong generalisation capabilities, CLIP and similar models still suffer from
performance degradation when deployed under continual domain shift conditions [126].
This highlights the importance and promise of developing methods that address continual
domain shift in the context of zero-shot learning.

Recent works [26, 63, 177] have begun exploring test-time adaptation techniques
for CLIP, aiming to enhance its robustness in dynamically changing environments.
Building upon these advancements, our future work may extend such approaches to
tackle more complex continual test-time adaptation scenarios (Zero-Shot CoTTA). In
particular, we aim to jointly address both the label shift and continual domain shift
problems, enabling zero-shot models to maintain high performance across a wide range

of real-world conditions.
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In this thesis, cross-domain image classification is improved under complex real-world
scenarios, explicitly addressing the challenges posed by label shift and continual domain
shift. For label shift, the focus is placed on Cross-Domain Few-Shot Image Classification
(CDFSIC). To tackle this problem, a novel method named Prompt-to-Disentangle (ProD)
is proposed, which effectively separates source and target knowledge by leveraging
a prompt-tuning mechanism. This disentanglement allows ProD to integrate the ad-
vantages of both domain generalisation and domain adaptation. ProD achieves SOTA
performance across multiple benchmark datasets, and further experiments confirm the
effectiveness of the proposed knowledge disentanglement scheme. For continual do-
main shift, the thesis primarily addresses the Continual Test-Time Adaptation (CoTTA)
task. Inspired by the knowledge disentanglement strategy and findings from the CDF-
SIC study, a new approach, named the Source and Target Disentangle Transformer
(SoTa-DiT), is introduced. SoTa-DiT explicitly disentangles source and target knowledge,
enabling both the preservation of source knowledge and the extraction of target-specific
features. This design achieves SOTA performance on multiple benchmarks. Additional
observations verify that the model indeed learns disentangled knowledge representations,
and that this disentanglement effectively addresses the dual requirements of preventing
catastrophic forgetting and enabling efficient target adaptation in the CoTTA setting.
Then, based on the observation that existing CoTTA methods are unstable in small-batch
scenarios, a new task named Single-Sample CoTTA is explored, where the test-time

batch size is set to one. An Effective Buffer and Resetting (EBaR) strategy is proposed to
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improve adaptation stability for the task. Experimental results demonstrate that EBaR
stabilises adaptation under the single-sample setting and prevents forgetting. Moreover,
EBaR is applied to zero-shot models, enabling them to handle label shift and continual
domain shift jointly. Finally, several promising future research directions are discussed,
including non-i.i.d. CoTTA, universal test-time adaptation, CoTTA with multi-modality

and interdisciplinary applications, active CoTTA, and CoTTA for zero-shot models.
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