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ABSTRACT

The domain shift problem, where a model’s performance degrades due to the differ-
ence in distribution between the training data (source domain) and the deployment data
(target domain), is an ever-present issue in data-driven model development. Domain
adaptation and generalization, which effectively transfer knowledge gained in the source
domains to the target domains, are promising solutions to this problem and have long
been subjects of research. With the recent rapid advancements in deep learning technol-
ogy, and given its inherently data-driven nature, the importance of those technologies
has also grown. On the other hand, advances in deep learning and changes in societal
norms have raised problems that cannot be addressed within the conventional framework
of domain adaptation and generalization. In particular, the usage of data and model
resources is becoming increasingly restricted, such as difficulties in data collection due
to personal information protection and the intellectual property perspective, as well as
model access limitations due to the concealed nature of cutting-edge deep learning mod-
els. In this doctoral dissertation, we addressed domain shift problems under resource
constraints from three perspectives, contributing to the expansion of the applicability of
domain adaptation and generalization technologies.

First, to overcome the difficulty of accessing source domain data, we investigated the
problem of source-free domain adaptation, adapting a source-pre-trained model to the
target domain only with the unlabeled target data. For the theoretical perspective of
source-free domain adaptation techniques, which had remained unexplored in existing
research, we provided a rational understanding by introducing the theory of self-training
based on the expansion assumption. Besides, on the basis of these theoretical insights,
we developed two new techniques to improve source-free domain adaptation methods,
achieving consistent performance improvements.

Second, to overcome the difficulty of the target data collection compounded by the
source data inaccessibility, we investigated the problem of source-free domain general-
ization, building a model generalizable to unseen target domains without labeled source
data. Previous methods lacked flexibility for inputs from diverse domains because they
used a common prediction setting for any domain input. To address this issue, we pro-
posed a domain-flexible prediction method to adapt to the diversity of the target domain
by constructing a variety of domain-specific configurations and a selector to choose the
appropriate configuration for the target domain without using data from either source
or target domains.

Third, to overcome access constraints on model resources (such as model parameters,
training data, and the use of model outputs for training) like those in concealed mod-
els, we established a new problem: model-free domain adaptation, adapting the target
concealed model only with the unlabeled target data. To solve this highly challenging
problem, we proposed a method that combines transferable visual prompts with insights
gained from our investigation on source-free domain adaptation. Specifically, to over-
come the constraints on accessing the target model resources, we construct a cross-model
transferable prompt between two surrogate models so that the trained prompt becomes
effective even on the unseen target model. Furthermore, by incorporating insights from



our research on source-free domain adaptation into the visual prompt training scheme,
we enable the visual prompt to acquire domain adaptability without using the model
data resources. Besides, we proposed two novel techniques to boost model transferability
and domain adaptability of the prompts.
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Chapter 1

Introduction

1.1 Background

Deep neural networks (DNNs) [90, 55] have demonstrated exceptional performance

on a wide range of tasks. They first garnered significant attention from a multi-

tude of researchers following the astounding and historic victory of AlexNet in

the 2012 ImageNet competition [87]. Around the same period, the true poten-

tial of deep neural networks was unleashed, thanks to the confluence of mas-

sive datasets accumulated through global internet communication, dramatic im-

provements in the computational power of GPUs, and the development of effec-

tive training algorithms. The benefits have extended far beyond computer vi-

sion [65, 76, 56, 141, 64, 40, 120, 142] to diverse fields such as speech and acous-

tics [67, 173, 149, 61, 54], natural language processing [119, 160, 175, 131, 37, 16],

tabular data [5, 133, 59], and time-series analysis [68, 7, 206, 185, 194, 125]. Today,

DNN technology has become indispensable, permeating our daily lives in various

forms, including machine translation [150, 57], generative AI [140, 164, 128, 58],

and autonomous driving technologies [183]. However, behind this remarkable
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progress, we must confront an essentially unavoidable challenge known as domain

shift.

Domain shift problem refers to the degradation of a model’s performance that

occurs when there is a distributional discrepancy between the training data and

the input data in practice [12]. This is a fundamental issue inherent to all training-

based models. In real-world applications, this problem manifests in various ways:

Autonomous driving AI trained on data from simulators or video games may strug-

gle to recognize traffic signs and pedestrians correctly in the real world because

of the visual gap between computer graphics and real images. In smart health

applications, significant deviations in biometric data, caused by the individual

user characteristics or device differences, can lead to providing inappropriate rec-

ommendations to the users, thereby hindering the user experiences. In the auto

manufacturing scenes, the precision of anomaly detection systems may decline, as

the product properties can vary between factories due to differences in the ma-

chines or operation protocols. As these examples show, some form of discrepancy

always arises between training data and deployment data. This discrepancy is the

root cause of domain shift, and since it is impossible to encompass all the data in

the world, this problem is unavoidable.

To address the persistent issue of domain shift, the field of domain adaptation

has attracted much attention as one of the promising solutions for this problem.

The primary objective of domain adaptation is to effectively transfer knowledge

acquired in a label-abundant source domain to a target domain where labeled

data is either scarce or entirely absent. A basic domain adaptation framework,

as depicted in the center of Fig. 1.1, concurrently executes supervised training on

the source data and unsupervised additional training with labeled source data and
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Figure 1.1: Basic Framework and Emerging Difficulties. Conventionally, in
domain adaptation, the models are trained on both labeled source domain data and
unlabeled target domain data to enhance the recognition performance of the tar-
get data. In domain generalization, the models are given multiple source domains
so as to be generalizable to various target domains. However, as deep learning
technologies advance and societal norms change, several difficulties that cannot
be handled in the conventional framework have emerged, such as inaccessibility
of source domain data, difficulty in target data collection, and model access limi-
tation. In this dissertation, we investigate domain adaptation and generalization
technologies to overcome these emerging difficulties.

unlabeled target data to reduce the distribution discrepancy between the source

and target domains. This methodology obviates the need for the laborious process

of large-scale data acquisition and model retraining for the target domain. Another

promising approach is domain generalization. In contrast to domain adaptation,

which aims at adapting the model to certain target domains, domain generalization

aims to build a model that generalizes to unseen target domains. In domain

generalization, instead of using the unlabeled target domains, we train the model
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with multiple labeled source domains to obtain generalizable knowledge toward

unseen domains. Domain adaptation and generalization technologies demonstrate

their effectiveness in various areas, such as computer vision [111, 146, 70, 123],

audio and speech processing [36, 50, 52, 151], natural language processing [42, 27,

110, 9], and robotics [15, 167].

On the other hand, the advances in neural network technologies and changing

societal norms are demanding that domain adaptation and generalization technolo-

gies also adapt to these surrounding trends. As the following examples will show,

we are now facing several difficulties that are beyond the scope of the traditional

frameworks, which is illustrated in Fig. 1.1.

• Inaccessibility of source domain data. The protection of data privacy,

exemplified by the EU’s GDPR (General Data Protection Regulation) [45],

has now become a global trend. Furthermore, amidst the fierce competition

in deep learning technology development, training data is considered as im-

portant intellectual property, making it extremely difficult to share readily.

This trend restricts access to source domain data, thereby hindering conven-

tional domain adaptation training that depends on both source and target

domain data.

• Difficulty in target data collection. It is not only the source data that is

difficult to access. It is also hard to know with certainty what environment

a model will be applied to in advance, which clearly shows the difficulty in

collecting target data. Moreover, storing target data on the developer’s side

for training purposes can also be constrained by the aforementioned data

protection concerns. Furthermore, this problem can occur concurrently with

4



the issue of inaccessible source data. This leads to a constrained problem

where neither source nor target domain data is available — a challenge that

falls outside the scope of conventional domain adaptation and generalization

paradigms.

• Model access limitation. Recently, large-language models (LLMs) have

demonstrated remarkable capability for various language tasks, and multi-

modal LLMs (MLLMs) have been developed to extend their ability to multi-

modal tasks. These cutting-edge deep learning technologies attracted much

attention and have been deployed across various services [2, 164, 4]. Whereas

this new trend in deep learning technology has given rise to another prob-

lem: that is, high-performance foundation models, developed by a few giant

tech companies, are provided through APIs, namely, general users cannot di-

rectly access model resources such as the internal architecture, parameters,

or training data. Besides, using the model outputs for training user-owned

models will cause other issues, such as high-cost service charges or license

violations for the use of the outputs for model training (e.g., model distilla-

tion). The conventional framework requires access to both training data and

model parameters, indicating that it is hardly applicable to such “concealed”

deep learning models.

1.2 Contributions of This Dissertation

In this doctoral dissertation, we investigate domain adaptation and generalization

technologies tailored to the significant changes in deep learning trends. Our work

centers on overcoming the emerging difficulties caused by the resource constraints.

5



Table 1.1: Summary of Problem Setups.

Problem Setup
Source Data Target Data Model Resources
Accessibility Accessibility Accessibility

Domain Adaptation 3 3 3

Domain Generalization Multiple 7 3

Source-free
7 3 3

Domain Adaptation
Source-free

7 7 3
Domain Generalization

Model-free
7 3 7

Domain Adaptation

We summarized the problem setups of each chapter in Tab. 1.1. Note that in our

work, we chose a simple image classification task as the benchmark to focus on

overcoming resource constraints.

• Chapter 2: Understanding and Improving Source-free Domain Adap-

tation from a Theoretical Perspective. To overcome the difficulties in

the source data inaccessibility, we tackled the source-free domain adaptation

(SFDA) problem, where we adapt the source-trained model only with unsu-

pervised target data. Specifically, we shed light on the theoretical perspec-

tive of existing SFDA methods based on a finding that SFDA loss functions

comprising discriminability and diversity losses work in the same way as the

training objective in the theory of self-training based on the expansion [184],

which shows the existence of the target error bound. Additionally, with two

novel insights obtained from our theoretical observation, we built an im-

proved SFDA method comprising 1) model training with auto-adjusting di-

versity constraint and 2) augmentation training with teacher-student frame-

work, yielding a better recognition performance.
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• Chapter 3: Flexible Source-free Domain Generalization via Do-

main Prompt-Discriminator Collaborative Learning. To overcome

the difficulty of the target data collection compounded by the source data in-

accessibility, we tackled the source-free domain generalization (SFDG) prob-

lem, where we aim to build a model generalizable to unseen target domains

without using any actual source data. Previous works tackled this challeng-

ing problem by utilizing the generalizability of the large-scale pre-trained

vision-language models (VLMs). However, due to their methodological de-

sign of employing a domain-shared configuration (e.g., classifier, representa-

tion) for data inputs, they hinder the prediction flexibility to the unforeseen

diverse target domain data. In contrast, our newly proposed method, do-

main prompt-discriminator collaborative learning, endows the model with

domain flexibility by jointly training the following two modules: 1) domain-

specific prompts, which are a set of text inputs destinated to have suitable

counterparts for the image inputs from various domains in VLM based pre-

diction, and 2) a domain discriminator, which chooses favorable prompts for

the prediction of query image. Notably, this training can be carried out in

the form of simple domain classification learning. Our method design also

opens the door to a simple yet effective test-time adaptation technique that

further boosts recognition accuracy.

• Chapter 4: Model-free Domain Adaptation for Concealed Mul-

timodal Learge-Language Models. To overcome the access limitation

of the model resources (i.e., training data, model parameters, and model

outputs) of cutting-edge MLLMs, we introduced a novel domain adaptation
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setup, model-free domain adaptation (MFDA), to investigate whether we

can address domain adaptation problems without using any resources of the

concealed target models. As a proof of concept for MFDA, we built a method

named model-transferable domain-adaptable visual prompting (MTDA-VP).

In the training, this method executes cross-model visual prompting on surro-

gate models with a domain adaptation objective so that the visual prompts

simultaneously acquire model transferability and domain adaptability. In the

testing, we can adapt the concealed MLLMs to the target domain by just in-

putting the test images with the trained prompt into the models. Besides, we

developed two techniques, cross-model pseudo labeling (CMPL) and cross-

model gradient alignment (CMGA), to further enhance model transferability

and domain adaptability of the visual prompts.
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Chapter 2

Understanding and Improving

Source-free Domain Adaptation from a

Theoretical perspective

2.1 Introduction

Deep learning has long suffered from the domain-shift problem where models per-

form well on domains seen in the training phase but struggle with unseen domains.

Unsupervised domain adaptation (UDA) is a promising solution: it transfers

knowledge learned from a labeled source domain to an unlabeled target domain.

UDA methods show their effectiveness in various fields. For example, in computer

vision, domain adaptation methods for image classification [111, 198, 108], object

detection [26, 146, 214], and segmentation [70, 69, 189] tasks are developed, and

they show promising achievements. However, as shown in the upper left of Fig. 2.1,

they typically require both source and target domain data, which limits their appli-

cability as this requirement poses privacy concerns about the source data and en-
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Figure 2.1: Overview of this work. Unsupervised domain adaptation has a
theoretical background that has yielded a variety of methods. By contrast, the
theoretical perspectives on source-free domain adaptation (SFDA) have not been
well explored. Our research motivations are (1) to shed light on the theoretical
perspectives of existing SFDA methods, and (2) to propose an improved method
based on the theoretical insights.

tails computational inefficiency. Recently, researchers have shifted focus to another

direction of UDA called source-free domain adaptation (SFDA). SFDA bypasses

the above issues by not using raw data from the source data. Instead, as illustrated

in the upper right of Fig. 2.1, SFDA performs the training with a source-pre-trained

model and unlabeled target data. Various SFDA methods have been proposed,

including source estimation-based methods [71, 166, 136, 43, 187], pseudo-labeling-

based methods [191, 137, 83], clustering-based methods [102, 99, 91], consistency-

learning methods [192, 23, 190, 203], and even without source data, they outper-

form UDA methods.

Despite these promising achievements, a theoretical understanding of SFDA

methods is still absent. UDA studies rely on the theoretical notion that the target
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error can be upper-bounded by the source error and the discrepancy between the

two domains [117, 11, 202, 204], which is illustrated in the middle left of Fig. 2.1,

and develop various approaches such as distribution matching [111, 171, 113],

adversarial learning [170, 48, 112, 198], and pseudo-labeling [216, 215, 88, 108].

By contrast, the theoretical analyses of SFDA are either absent or not general

enough and cannot form the basis for the development of new methods. Moreover,

the theory of UDA is not directly applicable to SFDA due to the inaccessibility of

source data.

In this work, we shed light on the theoretical perspective of existing SFDA

methods through the theory of self-training based on the expansion assumption [184].

Self-training is an approach that utilizes the current model predictions of the un-

labeled data for further training of the model itself, and the expansion assumption

states that the data distribution has good continuity within each class. The the-

ory asserts that, under the expansion assumption, there is an upper bound on the

target error when the model is trained on the objective with a self-training term

encouraging prediction consistency among the augmented unlabeled samples and

a constraint term ensuring prediction diversity. We reveal an interesting corre-

spondence between this training objective and the SFDA training loss. Recent

studies [33, 190] have discovered a common feature that most SFDA methods em-

ploy the combination of discriminability and diversity losses: the former improves

the model discriminability to the unlabeled target samples while the latter ensures

predictions for all classes. We find that the discriminability and diversity losses

perform the same respective roles as the self-training term and the constraint term

of the theory, which is illustrated in the middle right of Fig. 2.1. Our theoreti-

cal observation of SFDA also brings the following new insights: 1) the trade-off
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between discriminability and diversity should be adjusted as training progresses,

and 2) the upper bound of the target error depends on how we design the data

augmentation.

Based on the above insights, we propose an improved SFDA method that al-

ternately performs 1) model training with auto-adjusting diversity constraint and

2) augmentation training with teacher-student framework. In the former train-

ing, we update the model on the basis of the discriminability and diversity losses

while introducing a novel technique to automatically adjust the trade-off param-

eter between discriminability and diversity. In the latter training, we introduce a

learnable data augmentation and update its parameters by using the predictions of

the current model and the teacher model, yielding a tighter upper bound. Experi-

mental results with three benchmark datasets (Office-31 [145], Office-Home [176],

VisDA2017 [130]) show the validity of our theoretical analysis and the proposed

method.

Our contributions in this chapter are summarized as follows:

• On the basis of the theory of self-training based on the expansion assump-

tion [184], we reveal that a model trained with discriminability and diversity

losses will achieve a small target error.

• We propose an improved SFDA method incorporating model training with

auto-adjusting diversity constraint and augmentation training with teacher-

student framework.
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2.2 Related Works

2.2.1 Unsupervised Domain Adaptation (UDA)

On the basis of the theoretical foundation that the target error is upper-bounded by

the source error and the distributional discrepancy between the two domains [12,

11, 117, 202, 204], various UDA methods have been developed. Distribution match-

ing approach [111, 171, 113] involves mapping source and target data to a feature

space using a neural network. A statistical distance or metric is then computed

to quantify the divergence between the two feature distributions. The model is

subsequently optimized to minimize this divergence, thereby encouraging domain

alignment. Adversarial learning approach [170, 48, 112, 198] employs a domain

discriminator tasked with identifying the origin (source or target) of the features

extracted from the penultimate layer of the model. The model is trained in an

adversarial manner to extract the features that are indistinguishable to the dis-

criminator. This competitive training scheme compels the model to learn domain-

invariant representations. In the pseudo-labeling approach [216, 215, 88, 108], the

model generates predictions for the unlabeled target data, which are then used as

provisional ”pseudo-labels.” The model is then fine-tuned using this augmented

dataset. This process is repeated, iteratively refining the pseudo-labels and adapt-

ing the model to the target domain for high-performance prediction. Although the

theory of UDA has yielded various methods, it is not applicable to SFDA due to

the inaccessibility of the source data. In this work, we instead employed the theory

of self-training based on the expansion assumption [184] as a way to understand

SFDA methods.
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2.2.2 Source-free Domain Adaptation (SFDA)

According to the survey literature [101], SFDA methods can be roughly categorized

into four approaches. Source-estimation approaches [99, 71, 166, 136, 43, 187] gen-

erate pseudo-source data using a pre-trained model, which transforms the SFDA

problem into a conventional UDA problem. Pseudo-labeling approaches [191, 137,

83] assign a class label to each unlabeled target sample using the current model.

These methods have a similar concept to the UDA ones, but are different from them

in that the pseudo-labeling SFDA methods never utilize the source data. Based on

the cluster assumption [174], clustering-based approaches [102, 99, 91] encourage

minimizing the uncertainty of the model predictions or performing clustering over

the target features. Inspired by the consistency regularization of semi-supervised

learning [163, 13, 155], consistency-learning approaches [192, 23, 190, 203] train

the model to maximize the prediction consistency regardless of the perturbations

on the input data or the model parameters.

Although many successful SFDA methods have been proposed, most of them,

except for the source estimation approaches that convert SFDA to conventional

UDA setups, do not have a theoretical foundation yet. A few studies [203] have

theoretically investigated their methods, but they are not applicable to the others.

In this work, we introduce the theory of self-training based on the expansion as-

sumption [184] to give a theoretical perspective on a wide range of SFDA methods,

and we propose an improved method based on our theoretical analysis.
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2.3 Understanding SFDA from a Theoretical Perspective

In this section, we formally define the SFDA problem, and then, we see the common

feature of SFDA methods. Finally, we provide a theoretical analysis of SFDA

through [184].

2.3.1 Problem Setup

We are given a model FS : X → Y trained on a labeled source domain data DS and

an unlabeled target domain data DT = {x(i)
t }nt

i=1. Generally, the model F consists

of a feature extractor f and a fully-connected layer-based classifier g. The goal is

to train the model F to obtain a target-adapted model F̂ that has low target error

without using source domain data DS nor target labels y
(i)
t .

2.3.2 Common Feature of SFDA Methods

Whilst lacking a precise theoretical background, the following observation [33, 190]

provides a key to understanding SFDA methods: the existing SFDA methods have

a common feature that their training loss functions can be decomposed into dis-

criminability and diversity losses. The discriminability loss enhances the model’s

discriminability to the unlabeled target samples, while the diversity loss ensures

the model has predictions for diverse classes.

For example, SHOT-IM [102], a pioneering work on SFDA, trains the model on

the basis of mutual information maximization, i.e., a training loss function com-

prising conditional entropy minimization (discriminability) and marginal entropy
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maximization (diversity):

LMIM = H(Y |X)︸ ︷︷ ︸
discriminability

−λdiv H(Y )︸ ︷︷ ︸
diversity

. (2.1)

where λdiv represents the trade-off parameter of the loss.

Another example is AaD [190], which trains the model by maximizing the

prediction similarities among the local neighborhoods in the feature space (dis-

criminability) while minimizing those of the others (diversity) as follows:

LAaD =
1

|B|
∑
i∈B

{
1

|Ci|
∑
p̂∈Ci

−pi · p̂︸ ︷︷ ︸
discriminability

+λdiv

∑
j∈B\{i}

pi · pj︸ ︷︷ ︸
diversity

}
, (2.2)

where B is a mini-batch, pi is the prediction of sample i, and Ci is a set of the

predictions of K-nearest neighborhoods of sample i on the feature space.

This common feature is widely seen in other methods, such as those using

pseudo-labeling or consistency regularization as their own discriminability loss with

the above marginal entropy maximization (diversity) [191, 137, 192], and those

employing contrastive learning, which maximizes the similarity of positive pairs

(discriminability) and minimizes the similarity of negative pairs (diversity) [83,

203, 23].

Now that we have confirmed the discriminability and diversity losses to be

the key to the success of SFDA methods, but why are these losses crucial for the

success of SFDA?
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2.3.3 Theoretical Understanding of SFDA

We will answer the above question by introducing the theory of self-training based

on the expansion assumption [184]. This theory shows that, under certain as-

sumptions, the model will have a low target error when it is self-trained based on

prediction consistency, while a constraint is imposed to ensure prediction diversity.

Notations. We let A denote the family of data augmentation and define an

augmented sample set an input x as B(x) := {x′ | ∃A ∈ A s.t. ∥x′ − A(x)∥ < r},

the neighborhoods of x as N (x) := {x′ | B(x) ∩ B(x′) ̸= ∅}, the neighborhoods

of the set V as N (V ) := ∪x∈VN (x), and prediction inconsistency for a C-class

prediction model F : X → [C] on a distribution P as RB(F ) := EP [1(∃x′ ∈

B(x) s.t. F (x′) ̸= F (x))].

Assumptions. Before explaining the main theorem that is the key to our theo-

retical analysis, we must make two assumptions: Expansion and Separation.

Expansion assumes that the data of the same class are distributed in a contin-

uous region and that any small region V has a neighborhood region of the same

class larger than V . Concretely, Pi(N (V )) ≥ dPi(V ) for Pi(V ) ≤ 1/2, d > 1,

where Pi(V ) represents the proportion of subset V in the total class i data and

d represents an expansion factor that corresponds to the strength of the data

augmentation.

Separation assumes that the distribution of different classes is separated and

the predictions of the ground-truth model F ⋆ will not be altered by the data

augmentation, i.e., RB(F ⋆) < µ, where µ represents a negligible value.

Formal statements of the assumptions are given in Sec. 2.7.1.

Theory for Understanding SFDA. With the above assumptions, [184] derives
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the following theorem that is key to understanding why existing SFDA methods

perform well.

Theorem 1. Suppose that the above two assumptions hold for some d, µ such that

miny∈[C] P ({x : F ⋆(x) = y}) > max{2/(d− 1), 2}µ. Then any minimizer F̂ of

min
F

RB(F )︸ ︷︷ ︸
self-training = discriminability

subject to

min
y∈[C]

EP [1(F (x) = y)] > max

{
2

d− 1
, 2

}
RB(F )︸ ︷︷ ︸

constraint = diversity

(2.3)

satisfies

ErrU(F̂ ) ≤ max

{
d

d− 1
, 2

}
µ, (2.4)

where ErrU(F̂ ) := minπ:[C]→[C][1(π(F (x)) ̸= F ⋆(x))], and π represents a permuta-

tion.

Theorem 1 shows that a model trained with the objective function (2.3) consist-

ing of a self-training term that requires neighborhood predictions to be consistent

and a constraint term that assigns a certain portion of predictions to all classes

has an upper bound on the target error (2.4).

What we want to highlight is that the SFDA training loss with dis-

criminability and diversity loss acts the same way as the objective (2.3).

Specifically, increasing the discriminability leads to a reduction in the prediction

inconsistency of the self-training term, while the diversity loss functions in the

same way as the constraint term that ensures the minor class predictions. This

indicates that we can apply Theorem 1 to the SFDA training loss, and thus, the

SFDA-trained model also has an upper bound on the target error.
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Method Acc [%]

i) Source only 72.4
ii) Dis only 93.0
iii) Dis + Div 95.3
iv) Dis + Div w/ Decay 95.7

Table 2.1: Model accuracy w/ and w/o
discriminability and diversity losses.
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Figure 2.2: Model accuracy (ErrU(F̂ ))
and the prediction inconsistency of
the ground-truth model (µ) against
strength of augmentation (d).

However, please note that although this finding provides the theoretical un-

derstanding behind the success of current mainstream SFDA methods, which has

been missing in the literature, it does not purport to solve problems vastly dif-

ferent from those handled in existing studies. Specifically, dealing with types of

domain shifts that are distinctively different from those addressed in prior work is

beyond the scope of this finding, constituting a limitation of our work. We leave

the development of theories and methods for extending the applicability of SFDA

methods as a future direction of this work.

Preliminary Experiment with Synthetic Data. We verified this corre-

spondence through an experiment on a two-dimensional synthetic dataset. We

employed a variant of the inter-twinning moons 2D dataset, where we simulated

the domain shift by rotation. We used the training objective of SHOT-IM [102]

and 2D-Gaussian perturbations as the data augmentation. In the experiment, we

compared the accuracy of i) Source only, ii) Discriminability (Dis) only, and iii)

Discriminability and Diversity (Dis + Div). Moreover, we measured the accuracy

of the trained model ErrU(F̂ ) and the prediction inconsistency of the ground-truth
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model corresponding to µ versus the strength of the augmentation corresponding

to d. Other details on the experimental settings are described in Sec. 2.7.2.

The results are summarized in Tab. 2.1 and Fig. 2.2. Tab. 2.1 shows that the

accuracy is improved by incorporating the diversity loss in addition to the discrim-

inability loss, which establishes the necessity of the diversity loss to function as the

constraint of the objective (2.3). The prediction accuracy of the trained model in

Fig. 2.2 aligns with the upper bound (2.4); namely, as shown in Fig. 2.2, by keep-

ing the prediction inconsistency of the ground-truth model µ low and increasing

the strength of the data augmentation d, the model can achieve a low target error.

Theoretical Insights. Besides, Theorem 1 provides two insights for the further

improvement of SFDA methods.

First, the weight of the diversity loss λdiv should be adjusted as training pro-

gresses, and this can be done by controlling the value of the discriminability loss.

The right-hand side (RHS) of the constraint in the objective (2.3) includes RB(F ),

which decreases during the training. This indicates that it is more reasonable to

let the constraint decay along with RB(F ), i.e., the discriminability loss. The re-

sults shown in Tab. 2.1 also demonstrate that decaying λdiv (Dis + Div w/ Decay)

brings a better result. However, most of the existing SFDA methods fix λdiv, which

would be suboptimal. Although AaD [190] exceptionally uses a manually designed

scheduler, tuning the scheduler is laborious.

Second, the upper bound of the target error depends on the parameters d and

µ, which are relevant to the data augmentation properties. This indicates that how

we design the data augmentation is a critical factor in training models with better

accuracy. However, the prior studies on SFDA [203, 23] have paid less attention

to it and have used pre-defined data augmentations [31, 32], which may not be
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optimal for SFDA.

2.4 Our Method: Improved SFDA

Fig. 2.3 shows the overview of our method, which has three major components: a

prediction model F = g ◦ f , a teacher model F ′ = g′ ◦ f ′, and a learnable aug-

mentation A. Note that we employed differential data augmentation [63] to make

A trainable in the same way as the training of standard neural networks. On the

basis of the above insights, we developed an improved SFDA method comprising

1) model training with auto-adjusting diversity constraint, and 2) augmentation

training with teacher-student framework.

2.4.1 Model Training with Auto-Adjusting Diversity Constraint

We update F upon the modified discriminability and diversity losses of AaD [190],

coupled with a novel technique to automatically adjust the trade-off parameter

between discriminability and diversity.

Discriminability and Diversity Losses. Considering that the prediction in-

consistency RB(F ) in the self-training term is originally calculated among data-

augmented samples, we modify the training loss (2.2) so as to calculate the predic-

tion dissimilarity among data-augmented samples. Specifically, the discriminabil-

ity and diversity losses are formally defined as

Ldis =
1

M |B||Ci|
∑
i∈B

∑
p̂∈Ci

M∑
m=1

(1− pm
i · p̂), (2.5)

Ldiv =
1

M |B|
∑
i∈B

∑
j∈B\{i}

M∑
m=1

pm
i · pj, (2.6)
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Figure 2.3: Overview of our method. In model training with auto-adjusting
diversity constraint, we train the model by minimizing the discriminability loss Ldis

and the diversity loss Ldiv while automatically adjusting the trade-off parameter
between discriminability and diversity. In augmentation training with teacher-
student framework, we train a learnable data augmentation A to generate harder
samples for the current model F while suppressing the prediction inconsistency of
the teacher model F ′.

where pm
i = F (Am(x

(i)
t )), Am is the m-th augmentation sampled from A, M is the

number of augmentations. To retrieve the K-nearest neighbors Ci efficiently, we

build a memory bank that stores the feature vectors zi = f(x
(i)
t ) and predictions

pi = F (x
(i)
t ) of all target samples in DT .

Auto-Adjusting Diversity Constraint. As shown in Sec. 2.3.3, λdiv should

be adjusted as the training progresses. Specifically, the RHS of the constraint
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of the objective (2.3) involves the prediction inconsistency RB(F ), which will get

smaller as the training progresses. Moreover, the discriminability loss Ldis func-

tions the same way as RB(F ). This means that we can easily control λdiv with

Ldis. Accordingly, the auto-adjusting λdiv can be simply expressed as

λdiv = λmax
div Ldis, (2.7)

where λmax
div determines the maximum size of λdiv. Note that we apply the stop-

gradient operation to λdiv.

Model Training. The training loss of the model using the learnable augmentation

A is

LF = Ldis + λdivLdiv. (2.8)

However, we find in an early study that the learnable data augmentation A

(whose details will be described in Sec. 2.4.2) yields some heavy augmentations

(e.g., rotation, invert, etc.), which may impair the model training. Inspired

by [8], we stabilize the training by incorporating a loss L′
F calculated among sam-

ples with weak augmentations (e.g., random clip, random flip).

In summary, the total loss of the model training is

min
F
LTotal

F = λFLF + (1− λF )L′
F . (2.9)

where λF is a hyper-parameter to control the loss balance.
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2.4.2 Augmentation Training with Teacher-Student Framework

As discussed in Sec. 2.3.3, the upper bound of the target error depends on how

the data augmentation is designed. Motivated by [161], we update the learnable

data augmentation A in the teacher-student framework to get a tighter bound.

Learnable Data Augmentation. A consists of L different augmentations A(l)

(l = 1, 2, · · · , L). A single augmentation consists of N consecutive transformation

operations O
(l)
1 , · · · , O(l)

N . Each operation includes affine transformations (e.g.,

shear x) and color enhancing operations (e.g., contrast), and it has a magnitude

parameter m
(l)
n ∈ [0, 1] to control the transformation strength and a probability

parameter p
(l)
n ∈ [0, 1] to control whether to apply the operation. Following [63], we

implement these parameters as differentiable and updatable by gradient descent.

Augmentation Training. We train A to make the bound tighter based on the

observation that the upper bound of the target error (2.4) becomes tighter as 1)

the strength of the augmentation d gets larger and 2) the prediction inconsistency

of the ground-truth model µ gets smaller. Since we cannot actually access the

ground-truth model F ⋆, we use the teacher-student framework and assign the

teacher model to be a proxy for F ⋆; 1) we increase d by training A to augment

samples that are harder for the current (student) model to predict, and 2) we

decrease µ by training A to augment samples that are recognizable to the teacher

model.

More specifically, 1) we train A to maximize the prediction entropy of the

current model:

LStudent = − 1

|B|
∑
i∈B

C∑
c=1

pi[c] log(1− pi[c]), (2.10)

where pi[c] = F (A(x
(i)
t ))[c] is the prediction probability of sample i for class c, and
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A is a augmentation operation randomly sampled from A. Following [161], we

employ a non-saturating prediction entropy instead of the naive one.

Whereas, 1) we train A to minimize the prediction entropy of the teacher

model:

LTeacher = − 1

|B|
∑
i∈B

C∑
c=1

p′i[c] log p′i[c], (2.11)

where p′i[c] = F ′(A(x
(i)
t ))[c].

The total loss of the augmentation training is

min
A
LA = LStudent + λALTeacher, (2.12)

where λA is a coefficient hyper-parameter.

With regard to the teacher model configuration, we update the teacher model in

parallel with model training using the exponential moving average strategy [163]:

F ′ ← (1− β)F + βF ′, (2.13)

where β is a momentum parameter.

Discussion. Our method is different from the teacher-student-based SFDA meth-

ods [23, 201] in that we use the teacher-student framework for training data aug-

mentation. Our approach may appear similar to the prior work [168] but funda-

mentally differs in that ours treats the teacher model as a proxy of the ground

truth model based on our theoretical insights.
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Algorithm 1 Training Procedure of Our Method.

Input: Source-trained model Fs, Target domain data DT

Output: Target-adapted model F̂
1: for e in {1 · · ·E} do
2: for Mini-batch B in DT do ▷ Model Training
3: Calculate loss LTotalF on B
4: Update F to minimize LTotalF

5: Update F ′ based on (2.13)
6: end for
7: if e ≡ 0 mod ê then
8: for Mini-batch B in DT do ▷ Augmentation Training
9: Calculate loss LA on B
10: Update A to minimize LA
11: end for
12: end if
13: end for

2.4.3 Training Procedure of Our Method

As shown Algorithm 1, our method alternately performs model training and data

augmentation training. To control the speed of these pieces of training, we set a

parameter ê that determines the interval of the augmentation training.

2.5 Experiments

We experimentally compared the performance of our method and the existing

SFDA methods on three benchmark datasets, and we examined the validity of our

theoretical insights through further analyses.

2.5.1 Setups

Datasets. We used three benchmark datasets: Office-31 [145] is a small-scale

dataset, which consists of 31 categories and three domains (Amazon, Webcam,

and Dslr). Office-Home [176] is a moderate-scale dataset, which consists of 65 cate-
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gories and four domains (Art, Clipart, Product and Real world). VisDA2017 [130]

is a large-scale synthetic-to-real adaptation benchmark dataset with 12 categories.

For Office-31 and Office-Home, we evaluated the accuracy on all source-target com-

binations, while we computed the average of per-class accuracies for VisDA2017.

Network Architectures & Augmentation Implementations. We used ResNet-

50 [65] as the backbone network in the Office-31 and Office-Home experiments,

and ResNet-101 [65] in VisDA2017. All of the networks were pre-trained on Ima-

genet [35]. Following [102], we replaced the output layer of the backbone network

with the following networks: a fully-connected layer → batch normalization [79]

→ fully-connected layer with weight normalization [148]. We implemented the

learnable data augmentation A with a public library of differentiable data aug-

mentation1. We set L to 25, and N to two in all of the experiments.

Source Training. We used Nesterov SGD with a mini-batch size of 64 as the

optimization algorithm on all three datasets.

For Office-31 and Office-Home, we set the learning rate η to 1e−2 for the last

replaced layers and 1e−3 for the backbone layers, momentum to 0.9, and weight

decay to 5e−4. We used a standard cross-entropy loss with label smoothing for

training. The label smoothing parameter was set to 0.1. We trained the model for

50 epochs.

For VisDA2017, we set the initial learning rate ηinit to 1e−3 for the last replaced

layers and 1e−4 for the backbone layers, momentum to 0.9, and weight decay to

1e−3. The learning rate η was scheduled as; η = ηinit(1 + 10p)−0.75, where p was

linearly increased from 0.0 to 1.0 throughout the training. We used the training

losses of Office-31 and Office-Home. We trained the model for 10 epochs.

1https://github.com/moskomule/dda
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Table 2.2: Classification Accuracy (%) on Office-31 (ResNet-50). The best
and second best are highlighted in bold and with underline.

Method A → D A → W D → W W → D D → A W → A Avg.

3C-GAN [99] 92.7 93.7 98.5 99.8 75.3 77.8 89.6
SHOT [102] 94.0 90.1 98.4 99.9 74.7 74.3 88.6
VDM-DA [166] 94.1 93.2 98.0 100.0 75.8 77.1 89.7
A2Net [187] 94.5 94.0 99.2 100.0 76.7 76.1 90.1
NRC [191] 96.0 90.8 99.0 100.0 75.3 75.0 89.4
CPGA [136] 94.4 94.1 98.4 99.8 76.0 76.6 89.9
CoWA-JMDS [91] 94.4 95.2 98.5 99.8 76.2 77.6 90.3
C-SFDA [83] 96.2 93.9 98.8 99.7 77.3 77.9 90.5

AaD [190] 96.4 92.1 99.1 100.0 75.0 76.5 89.9
Improved SFDA 95.3 94.2 98.3 99.9 76.4 77.5 90.3 (+0.4)

Target Training. We used the Nesterov SGD for training F and AdamW [114]

for training A with mini-batch size 64.

For Office-31 and Office-Home, we set Nesterov SGD parameters as follows:

the learning rate η for the second last layer to 3e−3 and for the backbone layers to

3e−4, momentum to 0.9, and weight decay to 5e−4. We fixed the last layer during

the training, which yielded better results. We set the parameters of AdamW as

follows: the learning rate ηaug to 5e−4, the momentum parameters to (0.9, 0.999),

and the weight decay parameter to 1e−2. The number of the training epoch E

was set to 100, and the interval ê was set to three. The other parameters were set

as follows; λmax
div to 0.4 for Office-31 and 0.75 for Office-Home, λF to 0.5, λA to 1.0,

K to two, M to three, and β to 0.99. We initialized A with AutoAugment [31]

Imagenet Policies.

For VisDA2017, we set the Nesterov SGD parameters as follows: the initial

learning rate ηinit for the last two layers to 2.5e−3 and for the backbone layers to

2.5e−4, momentum to 0.9, and weight decay to 1e−4. We set the parameters of

AdamW as follows: initial learning rate ηauginit to 2e−3, the momentum parameters
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Table 2.3: Classification Accuracy (%) on Office-Home (ResNet-50). The
best and second best are highlighted in bold and with underline.

Method Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw

SHOT [102] 57.1 78.1 81.5 68.0 78.2 78.1
A2Net [187] 58.4 79.0 82.4 67.5 79.3 78.9
G-SFDA [192] 57.9 78.6 81.0 66.7 77.2 77.2
NRC [191] 57.7 80.3 82.0 68.1 79.8 78.6
CPGA [136] 59.3 78.1 79.8 65.4 75.5 76.4
U-SFAN [144] 57.8 77.8 81.6 67.9 77.3 79.2
CoWA-JMDS [91] 56.9 78.4 81.0 69.1 80.0 79.9
DaC [203] 59.1 79.5 81.2 69.3 78.9 79.2
C-SFDA [83] 60.3 80.2 82.9 69.3 80.1 78.8

AaD [190] 59.3 79.3 82.1 68.9 79.8 79.5
Improved SFDA 60.7 78.9 82.0 69.9 79.5 79.7

Method Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr Avg.

SHOT [102] 67.4 54.9 82.2 73.3 58.8 84.3 71.8
A2Net [187] 68.0 56.2 82.9 74.1 60.5 85.0 72.8
G-SFDA [192] 65.6 56.0 82.2 72.0 57.8 83.4 71.3
NRC [191] 65.3 56.4 83.0 71.0 58.6 85.6 72.2
CPGA [136] 65.7 58.0 81.0 72.0 64.4 83.3 71.6
U-SFAN [144] 67.2 54.7 81.2 73.3 60.3 83.9 71.9
CoWA-JMDS [91] 67.7 57.2 82.4 72.8 60.5 84.5 72.5
DaC [203] 67.4 56.4 82.4 74.0 61.4 84.4 72.8
C-SFDA [83] 67.3 58.1 83.4 73.6 61.3 86.3 73.5

AaD [190] 67.2 57.4 83.1 72.1 58.5 85.4 72.7
Improved SFDA 67.1 58.8 82.3 74.2 61.3 86.4 73.4 (+0.7)

to (0.9, 0.999), and the weight decay parameter to 1e−2. η and ηaug are scheduled

as in the source training. The training epoch E was set to 100 and the interval ê

to three. The other parameters were set as follows; λmax
div to 0.08, λF to 0.2, λA to

1.0, K to five, M to three, and β to 0.99. We randomly initialized A.

2.5.2 Main results

We evaluated the performance of our method by taking the average score of three

different runs for all benchmarks.
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Table 2.4: Classwise Accuracy (%) on VisDA2017 (ResNet-101). The best
and second best are highlighted in bold and with underline.

Method plane bcycl bus car horse knife

3C-GAN [99] 94.8 73.4 68.8 74.8 93.1 95.4
SHOT [102] 94.3 88.5 80.1 57.3 93.1 94.9
VDM-DA [166] 96.9 89.1 79.1 66.5 95.7 96.8
A2Net [187] 94.0 87.8 85.6 66.8 93.7 95.1
G-SFDA [192] 96.1 83.3 85.5 74.1 97.1 95.4
NRC [191] 96.8 91.3 82.4 62.4 96.2 95.9
CPGA [136] 95.6 89.0 75.4 64.9 91.7 97.5
U-SFAN [144] - - - - - -
AdaContrast [23] 97.0 84.7 84.0 77.3 96.7 93.8
CoWA-JMDS [91] 96.2 89.7 83.9 73.8 96.4 97.4
DaC [203] 96.6 86.8 86.4 78.4 96.4 96.2
C-SFDA [83] 97.6 88.8 86.1 72.2 97.2 94.4

AaD [190] 97.4 90.5 80.8 76.2 97.3 96.1
Improved SFDA 97.5 91.4 87.9 79.4 97.2 97.2

Method mcycl person plant sktbrd train truck Per-class

3C-GAN [99] 88.6 84.7 89.1 84.7 83.5 48.1 81.6
SHOT [102] 80.7 80.3 91.5 89.1 86.3 58.2 82.9
VDM-DA [166] 85.4 83.3 96.0 86.6 89.5 56.3 85.1
A2Net [187] 85.8 81.2 91.6 88.2 86.5 56.0 84.3
G-SFDA [192] 89.5 79.4 95.4 92.9 89.1 42.6 85.4
NRC [191] 86.1 80.6 94.8 94.1 90.4 59.7 85.9
CPGA [136] 89.7 83.8 93.9 93.4 87.7 69.0 86.0
U-SFAN [144] - - - - - - 82.7
AdaContrast [23] 91.9 84.8 94.3 93.1 94.1 47.9 86.8
CoWA-JMDS [91] 89.3 86.8 94.6 92.1 88.7 53.8 86.9
DaC [203] 93.6 83.8 96.8 95.1 89.6 50.0 87.3
C-SFDA [83] 92.1 84.7 93.0 90.7 93.1 63.5 87.8

AaD [190] 89.8 82.9 95.5 93.0 92.0 64.7 88.0
Improved SFDA 92.2 83.0 96.4 94.2 91.1 53.0 88.4 (+0.4)

Result on Office-31. The results are shown in Tab. 2.2. Our method improved

accuracy by 0.4% on average compared with the baseline AaD [190]. Furthermore,

ours was comparable in accuracy to the second-best method, CoWA-JMDS [91],

and only 0.2% off the best method, C-SFDA [83].

Result on Office-Home. The results are shown in Tab. 2.3. Ours improved
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Figure 2.4: Ablation Study. (a) Auto-Adjusting Diversity Constraint (b) Aug-
mentation Training.

accuracy by 0.7% on average compared with AaD [190] and was second best. The

accuracy difference from the best method, C-SFDA [83], was merely 0.1%.

Result on VisDA2017. The results are shown in Tab. 2.4. Ours improved

accuracy by 0.4% compared with AaD [190]. The average of per-class accuracy

reached 88.4%, which was the best among the compared methods.

2.5.3 Analysis

Ablation study. Using Office-Home, we analyzed the effectiveness of the pro-

posed two components.

Model Training with Auto-Adjusting Diversity Constraint. We validated the auto-

adjusting diversity constraint strategy by comparing our method with a variant

that uses a fixed λdiv, i.e., λdiv = λmax
div . Considering that the optimal λmax

div for

this “Fixed λdiv” may differ from that of our method, we performed experiments

with several values of λmax
div . The results are shown in Fig. 2.4a. Our method

outperformed all fixed λdiv variants, which indicates the validity of our proposed

techniques. We also obtained the same results from the synthetic data experiment,
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Table 2.5: Analysis of Application to SHOT-IM.

Office-31 Office-Home VisDA2017

SHOT-IM [102] 87.3 70.5 80.4
Improved SFDA 88.6 (+1.3) 71.2 (+0.7) 83.3 (+2.9)

which is described in Sec. 2.7.2.

Augmentation Training with Teacher-Student Framework. We validated the effec-

tiveness of our augmentation training strategy by comparing its performance with

that of a fixed augmentation variant. The results are shown in Fig. 2.4b. Firstly,

by incorporating stronger augmentations to the baseline, we confirmed the per-

formance improvement, which is in line with our theoretical observation that rea-

sonably strong data augmentation contributes to minimizing target error. Ad-

ditionally, we confirmed that the performance improvement can be achieved by

appropriately controlling the strength of the data augmentation through training.

When starting with the randomly initialized data augmentation, our augmenta-

tion training yielded a larger accuracy gain from the base method (∆AaD), 1.5

times greater than without augmentation training. The accuracy gain is slightly

smaller when the augmentation is initialized with AutoAugment policies, but ours

still yielded better results. More detailed results are provided in Sec. 2.7.3.

Applicability to other SFDA methods. Although we based our method on

the implementation of AaD, the theoretical insights and techniques we have de-

veloped here should be applicable to many other SFDA methods. To confirm this,

we empirically verified the applicability of our proposed techniques to another

SFDA method, SHOT-IM [102]. Here, we used the same hyper-parameters as in

Sec. 2.5.1, except for the following points; we set λmax
div to 0.7 and η to 2e−3 for

Office-31 and Office-Home, ηinit to 1e−3 and λmax
div to 0.8 for VisDA2017.
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Figure 2.5: Analysis of the coefficient parameter λmax
div

The results are shown in Tab. 2.5. We can see a steady improvement in all the

benchmarks, which demonstrates the effectiveness of our techniques for SHOT-IM.

Moreover, since many of the existing SFDA methods are built upon SHOT-IM,

this result implies that our method is valid for a wider range of SFDA methods.

Hyper-parameter analysis. We conducted experiments using Office-Home to

analyze the effect of the parameter λmax
div in Model Training with Auto-Adjusting

Diversity Constraint, and on the parameters ê and λA in Augmentation Training

with Teacher-Student Framework.

Analysis of λmax
div (Fig. 2.5) λmax

div controls the strength of the prediction diversity

constraint. We varied λmax
div from 0.0 to 2.0 and evaluated the accuarcy. λmax

div was

optimal at 0.75, and the accuracy deteriorated when it was larger or smaller than

the optimal value. In particular, the accuracy deteriorated more sharply when it

took a smaller value than a larger value. This result is in line with our theoretical

analysis. Specifically, if λmax
div is too small, the diversity loss will not play the role of

constraining the objective (2.3) sufficiently, and thus we can not obtain the upper

bound for the target error. However, if it is too large, the diversity loss becomes

an excessive constraint, and that reduces the accuracy.

Analysis of ê (Fig. 2.6). ê controls the frequency of the augmentation training. We
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Figure 2.6: Analysis of the interval parameter ê
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Figure 2.7: Analysis of the coefficient parameter λA

analyzed the effect of ê by varying it from one to six. The optimal value of ê was

two or three and the performance was lower when it was set to a larger or smaller

value than this. Our augmentation training will not demonstrate its validity unless

the current model and the teacher model are different to some extent. When ê is

small, the teacher and the current model are too close to exhibit the full potential

of the augmentation training, while when ê is large, the data augmentation is not

trained well enough.

Analysis of λA (Fig. 2.7). λA controls the effect of LStudent and LTeacher, where

LStudent increases d of the bound (2.4) by encouraging the augmentation to generate

more difficult samples while LTeacher decreases µ of the bound (2.4) by encouraging

the augmentation to keep the semantics of the data. We analyzed how our method

performed while varying λA from 0.0 to 3.0. The optimal value of λA was 1.0 to
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1.5. If the balance is not proper, it will cause a decrease in d or an increase

in µ, resulting in the prediction model having poor accuracy. The results thus

demonstrate that our method is consistent with our theoretical insights.

2.6 Conclusion and Limitations

We shed light on the theoretical perspective of existing SFDA methods through

the theory of self-training based on the expansion assumption [184]. Our finding

that the SFDA training loss with discriminability and diversity functions the same

way as the training objective of the theory not only provided a way to understand

existing SFDA methods but also yielded two novel techniques for improving the

performance of SFDA methods. The experimental results and in-depth analysis

justified the validity of our theoretical insights and proposed method. We expect

that this work will encourage further development of SFDA research.

Limitations. On the other hand, since this study aims to understand existing

SFDA methods, we leave one limitation. That is, we cannot take into account

how well the source model originally performs on the target domain, which is also

not considered in existing SFDA research. One of our future works is to develop a

method that overcomes this weakness and advances SFDA to be more practical.

2.7 Appendix

2.7.1 Formal Definitions and Assumptions

This section is a supplement to the assumptions in Sec. 2.3.3. To describe the

assumptions, we first introduce the formal definition of “expansion”.
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Figure 2.8: Visual Understanding of Expansion. (a) Definition of (a, d)-
expansion. (b) Example that violates the expansion assumption.

Definition 1 ((a, d)-expansion). We say that the class-conditional distribution Pi

satisfies (a, d)-expansion if for all V ⊆ X with Pi(V ) ≤ a, the following holds:

Pi(N (V )) ≥ min{dPi(V ), 1} (2.14)

If Pi satisfies (a, d)-expansion for all ∀i ∈ [C], then we say the distribution P

satisfies (a, d)-expansion.

Fig 2.8a illustrate the visual understanding of (a, d)-expansion.

Using this definition, the formal statements of expansion and separation as-

sumptions are described as follows.

Assumption 1 (Expansion requirement for unsupervised learning). We assume

that P satisfies (1/2, d)-expansion on X for d > 1.

Assumption 2 (Separation). We assume P is B-separated with probability 1− µ

by the ground-truth prediction model F ⋆, as follows: RB(F ⋆) ≤ µ.

The expansion assumption states that the data distribution of the same class is

in a continuous region. This is easier to understand if we look at an example that
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does not satisfy the assumption. As shown in Fig 2.8b, if the assumption does not

hold, there is a small subset V that does not expand with the data augmentation,

i.e., P (V ) = P (N (V )). This means that the data of the same class are divided

into multiple different regions. Conversely, if the assumption holds, the data of

the same class are distributed within one region.

The separation assumption states that the data of different classes are sepa-

rated, and the predictions of the ground-truth model among the augmented sam-

ples are consistent. This assumption also requires the data augmentation to main-

tain the semantics of the data.

2.7.2 Details of Synthetic Data Experiment

In this section, we describe the details of the experiments with the synthetic data

in Sec. 2.3.3. We also describe a similar experiment we conducted using another

SFDA method, AaD [190] to confirm the validity of our theoretical analysis.

Experimental Setups and Detailed Results.

Dataset. For the dataset construction, we basically refer to the setting in [190], but

we slightly change a few points to see the results more clearly. We construct the

source domain data with two inter-twinning moons, in which each moon contains

300 samples. We treat each moon as a discrete class of data. We generate the

target domain data by rotating the source domain data by 35◦ and randomly

removing half of the data of one class. The generated dataset is visualized in the

leftmost column of Fig. 2.9.

Network Architecture and Training Configuration. The model was a network with

three fully connected layers (2
FC−−→ 16

FC−−→ 16
FC−−→ 2 ) as the model. We train it
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Figure 2.9: Visualization of the experimental results on SHOT-IM.

with source domain data by using SGD with a learning rate of 1e−2, a momentum

parameter of 0.9, and a batch size of 64 for 100 epochs. We treated this source-

trained model as a source-only one. We subsequently trained the model with the

target domain data based on the SHOT-IM loss using SGD with a learning rate

of 1e−3, a momentum parameter of 0.9, and a batch size of 64 for 500 epochs.

We trained the Dis-only model without the diversity loss of SHOT-IM. For the

training the Div+Dis model, we set λdiv to 0.1, while for training the Div+Dis

w/ Decay model, we set λdiv to 3.0 · Ldis. We set the variance parameter of 2-D

Gaussian perturbation used for the data augmentation to 0.05 in the experiment

of Tab. 2.1, while we varied this parameter to obtain Fig. 2.2.

Detaled results of Tab. 2.1. For further analysis, we additionally experimented with

Dis + Div w/o Decay by varying the weight of the diversity loss. Specifically, we

set the weight λdiv to 0.05 for “small λdiv”, 0.1 for “moderate λdiv”, and 0.3 for

“large λdiv”. The visualized results for Tab. 2.1 are shown in Fig. 2.9. We can see
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Figure 2.10: Visualization of the experimental results on AaD.

that a better decision boundary is obtained when the model is trained with both

discriminability and diversity losses.

Additional results using AaD.

Dataset. For the dataset construction, we used the same setting in [190]. We

constructed the source domain data with two inter-twinning moons, in which each

moon contained 300 samples, and generated the target domain data by rotating

the source domain data by 30◦. The generated dataset is illustrated in the leftmost

column of Fig. 2.10.

Network Architecture and Training Configuration. We used the same network ar-

chitecture and source training setup as in the experiment with SHOT-IM. We

trained the model with the target domain data based on the AaD loss by using

SGD with a learning rate of 1e−2, momentum parameter of 0.9, and batch size

of 64 for 500 epochs. We trained the Dis-only model without the diversity loss
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Figure 2.11: Experimental Results on Synthetic Data with AaD. (a) Model
accuracy w/ and w/o discriminability and diversity losses. (b) Model accuracy and
prediction inconsistency of ground-truth model against the strength of augmenta-
tion.

of AaD. For training the Div+Dis models, we conducted experiments with sev-

eral coefficient parameters λdiv, namely, we set λdiv to 0.1 for small λdiv, 0.75 for

moderate λdiv, and 1.5 for large λ. For training the Div+Dis w/ Decay model, we

set the coefficient parameter λdiv = 1.5 · Ldis. We set the parameter of the 2-D

Gaussian perturbation used for the data augmentation to 0.1 in the experiments,

while we varied this parameter in the analysis.

Results. The qualitative and quantitative results are shown in Fig. 2.10 and Fig. 2.11.

They were mostly consistent with the result of the SHOT-IM experiment. As

shown in Fig. 2.10 and Fig. 2.11a, the Dis + Div w/ Decay model performed the

best, which is in line with the training objective (2.3) In addition, as shown in

Fig. 2.11b, the model accuracy grew as the strength of the augmentation grew

large to some extent, but if the strength grew too large, the model accuracy dete-

riorated as the prediction inconsistency of the ground-truth model increased. The
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Table 2.6: Analysis of Augmentation Training (Detailed version of
Fig. 2.4b).

Init. Aug Aug Training Ar→Cl Ar→PrAr→RwCl→Ar Cl→Pr Cl→Rw

Random
60.1 78.3 81.8 70.3 80.2 79.4

✓ 60.1 78.6 82.0 69.8 80.2 79.9

AutoAugment
60.5 79.3 82.1 69.5 79.3 79.6

✓ 60.7 78.9 82.0 69.9 79.5 79.7

Init. Aug Aug Training Pr→Ar Pr→ClPr→RwRw→ArRw→ClRw→Pr Avg. ∆AaD

Random
66.6 57.9 82.5 73.8 60.5 86.1 73.1 + 0.4

✓ 67.1 58.3 82.1 74.1 60.6 86.4 73.3 + 0.6

AutoAugment
67.6 58.2 82.2 74.3 60.7 86.3 73.3 + 0.6

✓ 67.1 58.8 82.3 74.2 61.3 86.4 73.4 + 0.7

only difference was that in AaD, simply adding the diversity loss did not produce

an improvement, which was the reproduced results originally reported [190]. We

guess that this was because it is inherently important to decay the coefficient of

the diversity loss along with the training objective (1). The gradient magnitude

of the diversity loss of AaD does not decrease even as the training progresses, so

in the latter stages of training, it tends to function excessively as a constraint.

Therefore, it is important to explicitly implement the decay mechanism to reduce

the effect of the constraint. On the other hand, simply adding a marginal entropy

minimization loss in the case of SHOT-IM did not cause large performance drops.

We guess this might be because the diversity loss of SHOT-IM implicitly has some

decaying mechanism.

2.7.3 Additional Results

Here, we describe the results of the experiments in more detail and provide addi-

tional analyses we could not include in the main paper.

Detailed Results of Analysis.
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Table 2.7: Analysis of the coefficient parameter λF

λF Per-class Avg.

0.0 (L′
F only) 87.6

0.2 (Our setting) 88.4
0.5 (Simply combing LF and L′

F ) 87.8
1.0 (LF only) 84.6

Ablation study of Augmentation Training. Note that we modified a few hyper-

parameters (ηaug = 4e−3, λA = 0.25) when we conducted the analysis with ran-

domly initialized data augmentation. Tab. 2.6 shows the detailed results of the

ablation study on augmentation training. We can see that the performance with

augmentation training is better in 10 out of 12 pairs in the randomly initialized

case and 8 out of 12 pairs in the AutoAugment initialized case, demonstrating the

validity of our technique.

Further Analysis of Our Method.

Analysis of the coefficient parameter λF . As we mentioned in Sec. 2.4.1, we found

in the early study that the heavy augmentations sampled from A degrade per-

formance, particularly when we use VisDA2017. We can mitigate this issue by

using the training loss calculated only with weakly augmented samples. Here, λF

controls the balance between the losses of the heavily augmented samples (LF )

and the weakly augmented samples (L′
F ).

In this analysis, we confirmed the validity of using both LF and L′
F by varying

the value of λF . We used VisDA2017 for the evaluation, and the other settings

were the same as described in Sec. 2.5.1.

The results are shown in Tab. 2.7. When we finely tuned λF , the performance

of our method reached 88.4%. Using only heavy data augmentations (λF = 1.0)

resulted in lower accuracy than when not using them (λF = 0.0). This indicates
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that using complicated data augmentations does not always improve accuracy.

Simply combining LF and L′
F (λF = 0.5) increases accuracy, but by adjusting λF

appropriately, we can obtain an even greater improvement. Note that, on Office-

31 and Office-Home, our method reached sufficient accuracy without any special

tuning, so we set λF to 0.5 in these cases.
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Chapter 3

Flexible Source-free Domain

Generalization via Domain

Prompt-Discriminator Collaborative

Learning

3.1 Introduction

The generalizability of deep neural networks (DNNs) is of great importance in

achieving trustworthy AI models. DNNs can demonstrate high recognition ac-

curacy on data from the same distribution as the development phase; however,

their performance severely degrades when the data distribution is significantly

shifted. One of the pragmatic directions to address this issue is domain gener-

alization (DG), which is an extended framework of domain adaptation (DA). In

contrast to DA, which assumes a certain target domain, the goal of DG is to build

a generalizable model to unseen target domains based on multiple labeled source

domains. Various approaches have been proposed for DG, such as domain align-

44



ment [123, 96, 100], meta-learning [94, 10, 41], data augmentation [177, 152, 188].

Another emerging aspect regarding the generalizability of DNNs is large-scale

pre-trained models, which are often named as “foundation models. In the field of

computer vision, large-scale vision-language models (VLMs) have attracted much

attention. VLMs built upon web-scale image-language pair data have been re-

ported to achieve high recognition accuracy for several downstream tasks without

task-oriented training data [139, 81]. Furthermore, VLM can improve the recog-

nition performance for the target tasks by using few-shot training samples and a

small number of trainable parameters [209, 208, 49, 197], or even without using

any training samples by using external large models [118, 134, 84].

This notable progress in VLMs has led to the proposal of a new paradigm

for DG, called source-free domain generalization (SFDG) [29, 126, 162, 195]. In

SFDG, a model must be built without using any actual data from either the source

domains or the target domains. This new problem setup successfully reduces the

two difficulties in the previous setup: the selection of suitable source domains and

the collection of the annotated data from those domains. While this problem is

seemingly difficult to solve, existing SFDG methods [29, 126, 162, 195] feasibly

work it out by using large-scale pre-trained VLMs (e.g., CLIP [139]). For exam-

ple, domain unified prompt representation generator (DUPRG) [126] (Fig. 3.1 (a))

prepares a domain-unified representation by aggregating the CLIP encoded fea-

tures of various hand-crafted domain-specific prompts and classifies based on the

similarity score between the domain-unified representation and the input image

features. PromptStyler [29] (Fig. 3.1 (b)) synthesizes diverse domain samples by

a self-supervised prompt learning with a CLIP pre-trained text encoder. Then,

PromptStyler utilizes those samples for training a classifier, which can be readily
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Figure 3.1: Comparison between prior source-free domain generalization
(SFDG) methods and our method. (a, b) Prior SFDG methods employ
a domain-shared configuration (e.g., representation/classifier), which undermines
flexibility for the input image domain. (c) Our method achieves flexible predictions
by a set of domain-specific prompts to yield various domain-specific predictions
and a domain discriminator to appropriately aggregate the predictions for the
input image.

applicable to image classification.

However, these techniques do not fully exploit the potential of VLMs for DG

due to structural constraints that use the domain-shared configuration (e.g., rep-

resentation/classifier) (Fig. 3.1 (a, b)). It is intuitive to obtain higher accuracy

by flexibly changing the configuration to match the input’s domain rather than

fixing the same configuration for all domains. Indeed, some studies [211, 116] have

achieved favorable results on conventional DG in a similar concept. To this end,

we need to prepare the following two components in a source-free manner: 1) a va-

46



riety of domain-specific configurations and 2) a selector to choose the appropriate

configuration for the target domain.

We propose domain prompt-discriminator collaborative learning (Fig. 3.1 (c)),

a simple yet effective method that realizes domain-flexible prediction by train-

ing the following two components: 1) a set of domain-specific prompts and 2)

a domain discriminator. The domain-specific prompts are trained to comprise

a group of text prompts representing various domains. These prompts are uti-

lized to obtain domain-specific predictions, which are the prediction candidates

assuming that the input data belongs to the respective domain. Meanwhile, the

domain discriminator is trained to estimate the domain of the input data. Due to

this training, the domain discriminator can choose appropriate predictions among

a group of domain-specific predictions. Notably, we demonstrate that these two

pieces of training can be consolidated into one simple training, domain classifica-

tion learning, only with the CLIP text encoder. In the deployment phase, thanks

to the joint vision-language pre-trained representation of CLIP, the domain dis-

criminator can estimate the domain by inputting the CLIP-encoded image feature.

The final prediction is obtained by weighting the domain-specific predictions by

the domain discriminator outcome. Owing to our method design, we can easily

incorporate a simple test-time adaptation that updates only the domain discrimi-

nator’s parameters to alleviate the image-text modality gap [104] and improve the

performance further.

Our contributions in this chapter are summarized as follows:

• We propose domain prompt-discriminator collaborative learning and demon-

strate for the first time the effectiveness of domain-flexible predictions in
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source-free domain generalization.

• Our method of training domain-specific prompts and domain discriminator

can be implemented through a simple domain classification learning using

only the CLIP text encoder.

• Our method design also provides a simple and effective test-time adaptation

technique that further boosts the domain generalization performance.

3.2 Related Works

3.2.1 Domain Generalization (DG)

DG is a problem that aims to train a model on multiple source domains to achieve

satisfactory recognition performance on unseen target domains. As described in

the survey [207], numerous methods have been proposed for DG, such as domain

alighnment [123, 96, 100], meta-learning [94, 10, 41], data augmentation [177, 152,

188], ensemble learning [211, 116, 20], self-supervised learning [19, 181], learning

disentangled representations [95, 22, 78], regularization strategies [77, 86, 21], and

reinforcement learning[210, 62, 89]. In recent years, some studies [182, 135] have

pointed out that conventional DG is data inefficient in that it requires training

datasets from multiple domains, and they have proposed single-source domain

generalization, where they train the model with only single-domain training data.

3.2.2 Source-free Domain Generalization (SFDG)

SFDG goes one step further from single-source domain generalization and aims to

train a model that generalizes to unseen target domains without using any source
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domain data. This problem setup is different from source-free domain adaptation

(SFDA) [47, 97, 101] in that SFDA adapts the model to a certain target domain

while SFDG does not define a specific target, which brings out efficient adaptivity

to the various domains. Existing SFDG methods [29, 126, 162, 195] make effective

use of the zero-shot generalizability of vision-language pre-trained models (VLMs)

to address the absence of source training data. For instance, PromptStyler [29] syn-

thesizes diverse domain examples in the joint vision-language feature space with a

CLIP text encoder. They are utilized to train a linear classifier, which can be read-

ily applied to image classification with the CLIP image encoder. DUPRG [126] con-

structs a domain-unified representation from various hand-crafted domain-specific

prompts using a cosine auto-encoder or mean pooling.

Despite these pioneering works, they do not fully exploit the potential of VLMs.

This is because they employ a domain-shared configuration (i.e., classifier and

representation) for data from any domain, which leads to decreased flexibility for

image inputs from various domains. In contrast, our method trains the following

two components for domain-flexible prediction: (1) domain-specific prompts that

serve as the basis of the prediction group that covers various domains, and (2) a

domain discriminator that chooses favorable predictions for the input.

3.2.3 Vision-Language Pretrained Models (VLMs)

Modern VLMs pre-trained with massive image-text pairs [139, 81] demonstrate

considerable zero-shot generalizability on downstream vision tasks. To improve the

performance of VLMs for downstream tasks, few-shot training approaches, such

as learnable text prompts [209, 208, 17] or adapter modules [49, 197], have been

proposed. Some domain adaptation studies [51] employ these techniques to achieve

49



a lightweight adaptation to the target domain. Very recent studies [118, 134, 143,

84, 172] have improved recognition accuracies even without any task-specific data

by utilizing external large models such as large-language models [169, 16] and

diffusion models [142]. We exploit the high generalizability of VLMs to solve

SFDG effectively.

3.2.4 Test-time Adaptation (TTA)

TTA is an emerging paradigm that aims to update a pre-trained model with test

samples on the fly to adapt the model to test data distributions. Test-time training

approach introduces self-supervised auxiliary tasks (e.g., rotation prediction [159],

contrastive learning [109]) to update the model during both development and de-

ployment phases. Wang et al. proposed Tent [178], a simple and efficient TTA

that only updates the batch-normalization parameters of the model based on the

entropy minimization loss. Test-time prompt tuning (TPT) [154] leverages VLMs

and only updates learnable text prompts with a few parameters while freezing a

large number of VLM parameters. Our method incorporates TTA techniques and

only updates a small part of the model, i.e., the domain discriminator, to alleviate

the image-text modality gaps and boost the overall performance.

3.3 Preliminaries

3.3.1 Problem Setup

The conventional DG aims to train models that generalize to unseen target do-

mains using multiple labeled source domains. We train a model F : X → Y using

a set of source domains DS = {DSm}Mm=1 and evaluate the trained model on unseen
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target domains DT = {DTn}Nn=1. Note that we cannot access the target domains

DT during the development phase. SFDG imposes an additional, more challenging

restriction where we do not have access to the source domains DS at all. The only

information we are given is about the task information to be solved. In this work,

we focus on the image classification task. In this regard, we are only given the set

of class names {⟨class⟩y}Cy=1 that we want to discriminate. Following [29, 126], we

use CLIP [139] to address this problem.

3.3.2 Contrastive language-image pre-training (CLIP)

CLIP, consisting of text and image encoders (Etext and Eimage), is trained on

web-scale text-image pair data and demonstrates strong zero-shot generalizabil-

ity. CLIP predicts the class of the input image x using the feature similarity

scores between the image and the hand-crafted text prompts ty of class labels

y ∈ {1, 2, · · · , C} (e.g., ‘a photo of a 〈class〉y’). Formally, we can obtain the

prediction as

y∗ = arg max
y

exp(sim(Eimage(x), Etext(ty))/τ)∑C
y′=1 exp(sim(Eimage(x), Etext(ty′))/τ)

, (3.1)

where sim(·) is a cosine similarity score function and τ is a learned temperature

parameter by CLIP training.

Prompt tuning approaches [209, 85] further improve the performance by train-

ing the text prompts on the word embedding space instead of using hand-crafted

text prompts. These methods optimize learnable text prompts ty = [l1, l2, · · · , lK , cy]

with learnable vectors {lk}Kk=1 and a class embedding vector cy with a few training

samples.
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Figure 3.2: Development Phase: Training Domain-specific Prompts and
Domain Discriminator. We jointly train domain-specific prompts and a do-
main discriminator through a simple domain classification task, which encourages
the domain-specific prompts to represent various domains and equips the domain
discriminator with the ability to recognize the domain of the input feature. We
also employ a knowledge guidance loss to ensure CLIP-based classification ability.

3.4 Our Method: Development Phase: Domain Prompt-

Discriminator Collaborative Learning

The overview of our method is shown in Fig. 3.2 and Fig. 3.3. In the development

phase (Fig. 3.2), we train two components: 1) a set of domain-specific prompts and

2) a domain discriminator. The former is trained to comprise a group of diverse

text prompts with domain diversity, while the latter is trained to estimate the do-

main of its input. This training enables us to perform domain flexible prediction

at the deployment phase (Fig. 3.3). Specifically, the domain-specific prompts gen-

erate per-domain predictions based on each prompt, and the domain discriminator

selects appropriate predictions from those domain-specific predictions.
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3.4.1 Development Phase: Training Domain-specific Prompts and Do-

main Discriminator

Domain-specific Prompts. Domain-specific prompts are trained to comprise a

group of prompts representing various domains to support input from any domain.

The prompt of domain m and class y is composed of three parts: learnable domain

vectors {Sm
1 , · · · , Sm

K′}, learnable common vectors {C1, · · · , CK}, and a class vector

cy. The domain vectors and the class vector are selected according to domain

and class, whereas the common vectors are used universally for any classes and

domains. The domain vectors serve to represent words that correspond to styles

or environments of images, such as “painting” or “sketch” while common vectors

serve to express parts that are commonly used to make a sentence (e.g., “a photo

of a ...”). To sum up, the domain-specific prompt of domain m and class y is

constructed as tm,y = [C1, · · · , CK , S
m
1 , · · · , Sm

K′ , cy].

Domain Discriminator. The role of the domain discriminator D is to output a

probability distribution representing which domain the input data belongs to This

is utilized in the deployment phase to choose favorable predictions from the predic-

tion candidates based on each domain-specific prompt. In the development phase,

D is concatenated with frozen CLIP text encoder Etext and trained to discriminate

each domain-specific prompt given as input. The trained D accepts image feature

inputs and can estimate the domain of the input image in the deployment phase

because the CLIP embedding space is shared between image and text.

Training Loss. The training loss of our method is composed of two parts: a

domain discrimination loss Ldomain and a knowledge guidance loss LKg.

The domain discrimination loss Ldomain is the main loss for collaboratively

53



training the domain-specific prompts and the domain discriminator. Specifically,

Ldomain can be calculated as

Ldomain = Etm,y [ℓce(D(Etext(tm,y)),m)] , (3.2)

where ℓce is a cross entropy loss between prediction D(Etext(tm,y)) and the domain

label m. This simple classification loss has a synergistic effect on the training

of both the domain discriminator and the domain-specific prompts. This loss

equips the domain discriminator with the ability to estimate the domain of the

input image in the deployment phase. Meanwhile, the domain-specific prompts are

trained so that the domain discriminator can easily distinguish them, which yields

diverse domain prompts. Hence, this approach makes it possible to simultaneously

and efficiently prepare diverse domain-specific predictions and a domain prompt

selection module.

However, only training with Ldomain does not yield satisfactory results. This

is because Ldomain does not bring the textual information necessary for the CLIP-

based classification to the domain-specific prompts. Inspired by ProText [84], we

introduce a knowledge guidance loss LKg [193] using reference text prompts t̂y

to satisfy this requirement in a source-free manner. ProText trains learnable text

prompts from the class-specific descriptions and captions as reference text prompts

generated from large-language models [16, 169]. In addition, we incorporate the

insight of WaffleCLIP [143]. WaffleCLIP shows that class-specific descriptions

constructed with random words are as effective as LLM-generated prompts in zero-

shot CLIP classification. In our method, we replace LLM-generated reference text

prompts of ProText with random-word-generated prompts. This can successfully
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Figure 3.3: Deployment Phase: Inference and Test-time Adaptation. We
obtain domain-specific predictions from each learned prompt, and then we aggre-
gate them by weighted averaging with the domain estimation result of the domain
discriminator. The recognition accuracies can be enhanced by updating only the
domain discriminator’s parameters based on test-time adaptation loss.

reduce the time of engineering LLM prompts and the cost of LLM service usage.

Formally, our knowledge guidance loss LKg is calculated as

LKg = Etm,y ,t̂y ||Etext(tm,y)− Etext(t̂y)||22 × CKg, (3.3)

where CKg is a scaling parameter to control the size of the mean squared loss. We

fixed CKg to 1000 following the ProText original settings [84].

In summary, the total training loss Ltotal of our method is calculated as follows:

Ltotal = LKg + λdomainLdomain, (3.4)

where, λdomain is a hyper-parameter to control the training weight of Ldomain.

3.4.2 Deployment Phase: Inference and Test-time Adaptation (TTA)

We ensemble the domain-specific predictions based on each learned prompt with

the domain discriminator outcome for the image input. Specifically, we obtain the
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logits of the domain-specific class likelihood of image x(i) as

l(i)m,y = sim(Eimage(x
(i)), Etext(tm,y)), (3.5)

and we estimate which domain the image belongs to as w = σ(D(Eimage(x
(i)))),

where σ(·) denotes a softmax function. Then, using lm,y and w, we obtain the

final class prediction as

ŷ(i) = arg max
y

M∑
m=1

wml
(i)
m,y. (3.6)

However, we found that directly using the domain discriminator as it was

trained in the development phase could not fully exploit the potential of our

domain-flexible prediction scheme. This is because the domain discriminator is

trained only on the text modality, not on the image modality. It suffers from

the modality gap issue between image and text [104], and it cannot satisfacto-

rily estimate the domain from the image feature input. Fortunately, this can be

easily alleviated by our method design. We introduce a simple TTA technique

that only updates the parameters of the domain discriminator based on the im-

age inputs. Similar to SFDA, we cannot access the labeled source data in TTA.

Based on our findings in Chapter 2, we design the TTA loss to have both dis-

criminability and diversity losses. Actually, we employed the mutual information
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maximization [74, 102] and calculated the TTA loss as

LTTA =− 1

B

B∑
i=1

C∑
y=1

p(i)y log p(i)y

+λTTA

C∑
y=1

(
1

B

B∑
i=1

p(i)y

)
log

(
1

B

B∑
i=1

p(i)y

)
, (3.7)

where p
(i)
y = exp(

∑M
m=1 wml

(i)
m,y

τ
)/

∑C
y′ exp(

∑M
m=1 wml

(i)

m,y′

τ
), B represents the batch size,

and λTTA is a hyper-parameter.

3.5 Experiments

3.5.1 Setups

We follow the evaluation setups as described in [29].

Datasets. We used four domain generalization benchmark datasets. PACS [95]

is a small-scale benchmark consisting of seven categories and four domains (Art

Painting, Cartoon, Photo, Sketch). VLCS [46] is a small-scale benchmark con-

sisting of four distinct datasets (Caltech101, LabelMe, SUN09, Pascal VOC) and

includes five categories. Office-Home [176] is a moderate-scale benchmark con-

sisting of 65 categories and four domains (Art, Clipart, Product, Real World).

DomainNet [129] is a large-scale benchmark consisting of 345 categories and six

domains (Clipart, Infograph, Painting, Quickdraw, Real, Sketch).

Compared Methods. We compare our method with the zero-shot CLIP base-

lines (ZS-CLIP) [139] and the prior SFDG methods, DUPRG [126] and Prompt-

Styler [29]. ZS-CLIP includes two variants where ZS-CLIP (C) uses a single word,

“〈class〉,” and ZS-CLIP (PC) uses a more detailed text template, “a photo of a
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〈class〉,” as their text prompts. The paper [126] introduced two types of imple-

mentations. DUPRG-MP aggregates domain-specific prompt representations by

Mean-Pooling, and DUPRG-CAE trains a Cosine AutoEncoder to aggregate the

prompt representations.

Implementation Details. We employ CLIP [139] as the pre-trained vision lan-

guage model. We conduct experiments with three different image encoder back-

bones: ResNet-50 (RN50), ViT-B/16, and ViT-L/14. With regard to the text en-

coders, we use the one jointly trained with the corresponding image encoders. The

dimension of the text and image feature dimension DCLIP is set to 1024, 512, and

768 when we use the ResNet-50, ViT-B/16, and ViT-L/14 backbones, respectively.

Note that we freeze the CLIP model parameters throughout the experiments.

In the development phase, we train the other trainable parameters using the

AdamW optimizer [114]. We set the number of domain-specific prompts M to

200 except for VLCS cases to 40, the length of common vectors K to 4, and

the length of domain vectors K ′ to 4. The dimension of each learnable vector

Dword is 512. The domain discriminator is MLP with two fully connected layers

(FC(DCLIP, 128)→ ReLU→ FC(128,M)). Regarding the optimizer’s parameters,

we set the learning rate to 0.03, the weight decay to 0.1, and the momentum

parameters to (0.9, 0.98). We employ the cosine scheduler to control the learning

rate. The batch size is set to 256. We generate the reference text t̂y as follows: “a

picture of a 〈class〉y, which 〈verb〉〈random words〉.”, where “〈verb〉” is randomly

selected from “is” or “has” and “〈random words〉” consists of two to four words

randomly selected from the pre-defined random word soup in [143]. In each

training epoch, we generate Nref reference texts for each class, where we set Nref

to 100 for PACS, 160 for VLCS, 20 for OfficeHome, and 5 for DomainNet. The total
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number of training epochs is set to 50 for PACS, 80 for VLCS, 20 for OfficeHome,

and 15 for DomainNet. The parameter λdomain is set to 0.3.

In the deployment phase, we set the batch size to 256. When using the test

time adaptation technique, we employ the AdamW optimizer with the learning rate

set to 1e−3, the momentum parameters set to (0.9, 0.999), and the weight decay

parameter set to 1e−2. We set the test-time adaptation steps to 50, λTTA = 1.0

for PACS, VLCS, Office-Home, and λTTA = 2.0 for DomainNet. We describe the

details of parameter settings and computational resources in Sec. 3.7.2.

3.5.2 Main Results

We conduct three different random seed runs for each benchmark task and re-

port the averaged accuracies and standard errors of the mean. The results are

summarized in Tab. 3.1. Our method achieved state-of-the-art results in almost

all cases except two (OfficeHome with ResNet50 and PACS with ViT-B/16). No-

tably, our method outperformed the prior SFDG methods even without our test-

time adaptation technique, which demonstrates that our method can learn more

effective prompts for domain generalization. Furthermore, our test-time adapta-

tion technique constantly improved the recognition accuracy, demonstrating its

effectiveness. Looking at the results for individual datasets, although performance

improvements on PACS were generally small, our method achieved significant gains

on DomainNet. We attribute this to the fact that PACS is a relatively easy dataset

where existing methods already achieve very high accuracy, leaving little room for

further improvement. In contrast, DomainNet was the most challenging dataset

in our experiments, allowing the proposed method to demonstrate substantial per-

formance gains.
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Table 3.1: Main Results. Our method is compared with state-of-the-art SFDG
methods on four domain generalization benchmarks and evaluated on classification
accuracy [%].

ResNet-50 with pre-trained weight from CLIP

Method PACS VLCS OfficeHome DomainNet Average

ZS-CLIP (C) [139] 90.6 ±0.0 76.0 ±0.0 68.6 ±0.0 45.6 ±0.0 70.2
ZS-CLIP (PC) [139] 90.7 ±0.0 80.1 ±0.0 72.0 ±0.0 46.2 ±0.0 72.3
DUPRG-MP [126] 93.0 82.5 75.3 48.1 74.7
DUPRG-CAE [126] 93.1 81.2 73.0 48.4 73.9
PromptStyler [29] 93.2 ±0.0 82.3 ±0.1 73.6 ±0.1 49.5 ±0.0 74.7

Ours w/o TTA 93.5 ±0.1 83.3 ±0.1 74.8 ±0.1 49.9 ±0.0 75.3
Ours w/ TTA 93.9 ±0.1 83.6 ±0.1 75.2 ±0.0 50.3 ±0.1 75.7

ViT-B/16 with pre-trained weight from CLIP

Method PACS VLCS OfficeHome DomainNet Average

ZS-CLIP (C) [139] 95.7 ±0.0 76.4 ±0.0 79.9 ±0.0 57.8 ±0.0 77.5
ZS-CLIP (PC) [139] 96.1 ±0.0 82.4 ±0.0 82.3 ±0.0 57.7 ±0.0 78.6
DUPRG-MP [126] 96.5 83.1 82.5 59.2 80.3
DUPRG-CAE [126] 97.1 83.9 83.6 59.6 81.1
PromptStyler [29] 97.2 ±0.1 82.9 ±0.0 83.6 ±0.0 59.4 ±0.0 80.8

Ours w/o TTA 96.9 ±0.0 83.4 ±0.1 84.0 ±0.1 60.4 ±0.1 81.2
Ours w/ TTA 97.0 ±0.1 83.6 ±0.1 84.2 ±0.1 60.5 ±0.1 81.3

ViT-L/14 with pre-trained weight from CLIP

Method PACS VLCS OfficeHome DomainNet Average

ZS-CLIP (C) [139] 97.6 ±0.0 77.5 ±0.0 85.9 ±0.0 63.3 ±0.0 81.1
ZS-CLIP (PC) [139] 98.5 ±0.0 82.4 ±0.0 86.9 ±0.0 64.0 ±0.0 83.0
PromptStyler [29] 98.6 ±0.0 82.4 ±0.2 89.1 ±0.0 65.5 ±0.0 83.9

Ours w/o TTA 98.6 ±0.0 82.6 ±0.2 89.3 ±0.0 66.3 ±0.0 84.2
Ours w/ TTA 98.8 ±0.0 82.9 ±0.1 89.5 ±0.1 66.6 ±0.0 84.4

Regarding network architectures, the effectiveness of our method is particularly

pronounced when using ResNet. It is likely that the ResNet architecture, being

more vulnerable to domain shifts than Vision Transformers, benefited more from

our method. Although the difference from existing methods appeared small in

some dataset-network pairs, this is due to averaging results across domains; we can

see that the proposed method significantly outperforms existing ones in specific

domains. Please refer to Sec. 3.7.1. for details.
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Figure 3.4: Analysis of loss scaling parameter λdomain.

3.5.3 Analysis

Analysis of training domain-specific prompts. Our method aims to provide

generalization ability to unseen target domains by preparing a variety of domain-

specific prompts, to which the training loss Ldomain contributes. To validate the

training of domain-specific prompts, we analyzed the effect of Ldomain by varying

the magnitude of the coefficient parameter λdomain. We conducted experiments

on the Office-Home and DomainNet datasets with all three network architectures

described in Sec. 3.5.1. The results are shown in Fig. 3.4. We found that the

performance improved as λdomain increased until λdomain = 0.3 in all cases. The
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(a) w/o Ldomain (b) w/ Ldomain

Figure 3.5: t-SNE plots of text features of domain-specific prompts. The
shapes of the markers represent classes, while the colors of them represent domains.

Table 3.2: Analysis of the position of the domain vectors

Office-Home
Position of Domain Vectors ResNet-50 ViT-B/16 ViT-L/14

Former 74.6 84.5 89.5
Latter (Ours) 75.2 84.2 89.5

DomainNet
Position of Domain Vectors ResNet-50 ViT-B/16 ViT-L/14

Former 50.0 60.7 66.5
Latter (Ours) 50.3 60.5 66.6

results demonstrated the effectiveness of the loss Ldomain and suggested the useful-

ness of training prompts in different domains. Note that decreasing λdomain closely

resembles training the prompts only with LKg, which means the training becomes

the simple combination of the existing CLIP-based classification methods, Pro-

Text [84] and WaffleCLIP [143]. In the experimental results, the accuracy was the

lowest when λdomain was the smallest, indicating that merely using the existing

methods is not sufficient for obtaining domain generalization.

We conducted a qualitative analysis of whether Ldomain actually contributes

to training diverse domain-specific prompts. Specifically, we visualized the t-SNE

plots of the encoded features of the trained domain-specific prompts. For visibility,
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Table 3.3: Analysis of prediction aggregation method.

Office-Home
Aggregation Method ResNet-50 ViT-B/16 ViT-L/14

Eq-Aggre 74.4 84.1 89.3
Domain Discriminator 74.8 84.0 89.3
Domain Discriminator + TTA 75.2 84.2 89.5

DomainNet
Aggregation Method ResNet-50 ViT-B/16 ViT-L/14

Eq-Aggre 49.7 60.3 66.2
Domain Discriminator 49.9 60.4 66.3
Domain Discriminator + TTA 50.3 60.5 66.6

we randomly sample combinations of 10 classes and 20 domains out of all prompts.

The results of DomainNet with ResNet-50 are shown in Fig. 3.5. Without Ldomain,

the prompt features were tightly clustered, undermining the prompt diversity.

Conversely, with Ldomain, the prompt features were loosely clustered on each class,

indicating that the prompts successfully learned diverse domains.

We conducted the analysis of the design of the domain-specific prompts by

ablating the position of the domain vectors in the prompts using Office-Home and

DomainNet benchmarks. In our default design, we put the position of the common

vectors former and that of the domain vectors latter. Tab. 3.2 shows the results

compared to those in the reversed order. Our default design of the domain-specific

prompts performed slightly better, but we found that the difference was negligible.

Analysis of the aggregation method of domain-specific predictions. Our

method aggregates the predictions based on each domain-specific prompt by weight-

ing with the domain estimation outcome of the domain discriminator. To analyze

our prediction aggregation method, we compared our method with the method that

equally weights each domain-specific prediction (named Eq-Weight). The experi-

mental results on Office-Home and DomainNet are summarized in Tab. 3.3. Our
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Figure 3.6: Analysis of the representation capacity of domain-specific
prompts.

method without test-time adaptation (TTA) tended to perform better than Eq-

Weight, but the improvement margin was not so large. As discussed in Sec. 3.4.2,

the modality gap between image and text in CLIP embedding can be problem-

atic, and our domain discriminator is no exception. Our domain discriminator is

trained solely on text modality during the development phase and has never seen

any image data until the deployment phase. Hence, directly using our domain

discriminator as is failed to yield satisfactory results. Our TTA technique, which

updates the parameters of the domain discriminator with image inputs, mitigated

the modality gap problem, and indeed, our method with TTA greatly improved

recognition accuracy.

Analysis of the representation capacity of domain-specific prompts. In

addition to training a variety of domain-specific prompts with the training loss

Ldomain, we must also provide enough capacity for the prompts to represent the

various domains. The number of domains M and the number of domain vectors K ′

are key factors for sufficient domain representation. To analyze this, we varied M

and K ′ and observed the prediction performance. We conducted the experiment

with DomainNet. The results are visualized in Fig. 3.6. As can be seen, both M
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Table 3.4: Analysis of the prefix word of the reference text.

Office-Home
Prefix word ResNet-50 ViT-B/16 ViT-L/14

“picture” (Ours) 75.2 84.2 89.5
“image” 74.9 83.9 89.4
“photo” 74.9 83.8 89.4

DomainNet
Prefix Word ResNet-50 ViT-B/16 ViT-L/14

“picture” (Ours) 50.3 60.5 66.6
“image” 50.1 60.3 66.4
“photo” 49.9 59.9 66.4

and K ′ should be large enough to achieve high recognition accuracy. Interestingly,

we found that the accuracy degraded when either M or K ′ is small rather than

when both are small. We consider the reason for this as follows. When K ′ is

too small, the domain-specific prompts have limited capacity and cannot discrimi-

nately represent each of the large M domains sufficiently. On the other hand, when

M is too small, the prompts have too much learning capacity to represent small M

domains and learn unnecessary information that interferes with the predictions.

Analysis of the reference text. As described in Sec. 3.5.1, we used the pre-

fix “a picture of a” in the reference text instead of the frequently used phrase, “a

photo of a”. This aims to increase the effectiveness of our method by not including

domain-related words in the prefix. We validated this by changing the prefix word

(e.g., “photo”, “picture”) in the reference text with Office-Home and DomainNet

benchmarks and showed the results in Tab. 3.4. We found that our method per-

formed better when we used a word that contained fewer domain characteristics,

such as “picture” and “image”, rather than a word that had more domain infor-

mation, like “photo”. This result validated the effectiveness of the design of our

reference text.
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Figure 3.7: Analysis of test-time adaptation steps.

Analysis of the test-time adaptation (TTA). Finally, To analyze the appli-

cability of our TTA technique to practical situations, we conducted an analysis of

the number of TTA steps. The results of the TTA step analysis on OfficeHome

and DomainNet are summarized in Fig. 3.7. The performance rapidly increased in

small steps and then gradually decreased. This indicates that our TTA technique

does not require long updates and is suitable for practical inference.
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3.6 Conclusion and Limitations

In this work, we tackled the source-free domain generalization (SFDG) problem,

where a model generalized to unseen target domains must be trained without using

actual source domain data. We proposed Domain Prompt-Discriminator Learn-

ing, a novel SFDG method that differs from the existing approach of preparing a

domain-shared configuration and greatly improves recognition accuracy by jointly

training a variety of domain-specific prompts and a domain discriminator that al-

lows domain-flexible predictions. In addition, we demonstrated that our method

can be implemented in the very simple form of domain classification learning. We

believe that our efficient methodology will encourage the future development of

SFDG technology.

Limitations. Though our method demonstrates considerable progress in SFDG,

there still remains a modality gap issue despite mitigating it to some extent through

test-time adaptation. SFDG methods, including those previously proposed, do

not use image data in the development phase, so they cannot inherently avoid

the modality gap between image and text representations. To address this issue

fundamentally, we need to bring image data into the training, but this would

severely undermine the data efficiency of SFDG. A promising solution would be to

incorporate generative models (e.g., diffusion models) to synthesize pseudo-image

data. The fusion of source-free domain generalization and generative models is a

potential future direction of our research that may be worth exploring.
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Table 3.5: Per domain classification accuracy on PACS.

ResNet-50 with pre-trained weights from CLIP
Method Art Painting Cartoon Photo Sketch Avg.

ZS-CLIP (C) [139] 88.9±0.0 94.4±0.0 99.3±0.0 79.8±0.0 90.6
ZS-CLIP (PC) [139] 90.8±0.0 93.3±0.0 99.4±0.0 79.3±0.0 90.7
PromptStyler [29] 93.7±0.1 94.7±0.2 99.4±0.0 84.9±0.1 93.2

Ours w/o TTA 94.3±0.1 96.0±0.0 99.6±0.0 83.0±0.4 93.5
Ours w/ TTA 94.5±0.2 96.1±0.0 99.6±0.0 85.4±0.2 93.9

ViT-B/16 with pre-trained weights from CLIP
Method Art Painting Cartoon Photo Sketch Avg.

ZS-CLIP (C) [139] 96.4±0.0 98.9±0.0 99.9±0.0 87.7±0.0 95.7
ZS-CLIP (PC) [139] 97.2±0.0 99.1±0.0 99.9±0.0 88.2±0.0 96.1
PromptStyler [29] 97.6±0.1 99.1±0.1 99.9±0.0 92.3±0.3 97.2

Ours w/o TTA 97.7±0.0 99.1±0.0 99.9±0.0 90.9±0.1 96.9
Ours w/ TTA 97.8±0.0 99.2±0.0 99.9±0.0 91.1±0.2 97.0

ViT-L/14 with pre-trained weights from CLIP
Method Art Painting Cartoon Photo Sketch Avg.

ZS-CLIP (C) [139] 97.2±0.0 99.5±0.0 99.9±0.0 93.8±0.0 97.6
ZS-CLIP (PC) [139] 99.0±0.0 99.7±0.0 99.9±0.0 95.5±0.0 98.5
PromptStyler [29] 99.1±0.0 99.7±0.0 100.0±0.0 95.5±0.1 98.6

Ours w/o TTA 98.8±0.1 99.6±0.0 100.0±0.0 96.0±0.0 98.6
Ours w/ TTA 99.1±0.0 99.6±0.0 100.0±0.0 96.2±0.0 98.8

3.7 Appendix

3.7.1 Detailed Results

In this section, we present our main results in further detail (Tab. 3.1).

Results of PACS experiments (Tab. 3.5). Among the benchmarks used in our

work, PACS resulted in the smallest performance gain from the compared methods.

In particular, the results with the ViT-L/14 backbone only show an improvement

of 0.3 points at most over ZS-CLIP (PC). This may be because PACS is too easy

for CLIP pre-trained models, and the performance is almost saturated.

Results of VLCS experiments (Tab. 3.6). Compared to the PACS results,
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Table 3.6: Per domain classification accuracy on VLCS.

ResNet-50 with pre-trained weights from CLIP
Method Caltech LabelMe SUN09 VOC2007 Avg.

ZS-CLIP (C) [139] 99.2±0.0 62.4±0.0 69.0±0.0 73.5±0.0 76.0
ZS-CLIP (PC) [139] 99.4±0.0 65.0±0.0 71.7±0.0 84.2±0.0 80.1
PromptStyler [29] 99.5±0.0 71.2±0.2 72.0±0.0 86.5±0.3 82.3

Ours w/o TTA 99.5±0.0 71.9±0.1 74.6±0.3 87.0±0.1 83.3
Ours w/ TTA 99.5±0.1 72.2±0.1 75.5±0.2 87.1±0.1 83.6

ViT-B/16 with pre-trained weights from CLIP
Method Caltech LabelMe SUN09 VOC2007 Avg.

ZS-CLIP (C) [139] 99.7±0.0 61.8±0.0 70.1±0.0 73.9±0.0 76.4
ZS-CLIP (PC) [139] 99.9±0.0 68.9±0.0 74.8±0.0 85.9±0.0 82.4
PromptStyler [29] 99.9±0.0 71.5±0.3 73.9±0.2 86.3±0.1 82.9

Ours w/o TTA 99.9±0.0 70.5±0.3 76.8±0.2 86.6±0.1 83.4
Ours w/ TTA 99.9±0.0 70.7±0.2 77.0±0.1 86.6±0.1 83.6

ViT-L/14 with pre-trained weights from CLIP
Method Caltech LabelMe SUN09 VOC2007 Avg.

ZS-CLIP (C) [139] 99.9±0.0 59.3±0.0 71.0±0.0 79.9±0.0 77.5
ZS-CLIP (PC) [139] 99.9±0.0 70.9±0.0 72.9±0.0 86.0±0.0 82.4
PromptStyler [29] 99.9±0.0 71.1±0.7 71.8±1.0 86.8±0.0 82.4

Ours w/o TTA 99.9±0.0 67.5±0.5 76.3±0.2 86.7±0.2 82.6
Ours w/ TTA 99.9±0.0 68.6±0.3 76.5±0.2 86.7±0.1 82.9

VLCS had a larger gain with our method. The major performance gain was from

the SUN09 domain, and there were sufficient improvements in other domains,

though there were some exceptional cases. From these results, we confirmed that

our method can be highly effective in cases where the performance of the baseline,

ZS-CLIP (PC), is poor.

Results of Office-Home experiments (Tab. 3.7). In the Office-Home exper-

iments, our method showed a significant improvement over existing methods in

the Clipart domain. Among the four domains in OfficeHome, clipart is the most

distant from the real image domain, which requires searching for an appropriate

domain for accurate recognition. Our method successfully trained a wide variety
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Table 3.7: Per domain classification accuracy on Office-Home.

ResNet-50 with pre-trained weights from CLIP
Method Art Clipart Product Real World Avg.

ZS-CLIP (C) [139] 69.9±0.0 46.8±0.0 77.7±0.0 79.8±0.0 68.6
ZS-CLIP (PC) [139] 71.7±0.0 52.0±0.0 81.6±0.0 82.6±0.0 72.0
PromptStyler [29] 73.4±0.1 52.4±0.2 84.3±0.1 84.1±0.1 73.6

Ours w/o TTA 73.6±0.2 55.1±0.1 85.5±0.2 84.9±0.1 74.8
Ours w/ TTA 74.0±0.1 55.3±0.3 86.2±0.1 85.2±0.1 75.2

ViT-B/16 with pre-trained weights from CLIP
Method Art Clipart Product Real World Avg.

ZS-CLIP (C) [139] 80.7±0.0 64.6±0.0 86.3±0.0 88.0±0.0 79.9
ZS-CLIP (PC) [139] 82.7±0.0 67.6±0.0 89.2±0.0 89.7±0.0 82.3
PromptStyler [29] 83.8±0.1 68.2±0.0 91.6±0.1 90.7±0.1 83.6

Ours w/o TTA 83.8±0.1 70.1±0.1 91.1±0.1 90.8±0.0 84.0
Ours w/ TTA 83.8±0.1 70.6±0.0 91.4±0.1 91.0±0.0 84.2

ViT-L/14 with pre-trained weights from CLIP
Method Art Clipart Product Real World Avg.

ZS-CLIP (C) [139] 86.2±0.0 73.3±0.0 92.0±0.0 92.2±0.0 85.9
ZS-CLIP (PC) [139] 87.2±0.0 73.8±0.0 93.0±0.0 93.4±0.0 86.9
PromptStyler [29] 89.1±0.1 77.6±0.1 94.8±0.1 94.8±0.0 89.1

Ours w/o TTA 88.5±0.1 79.4±0.0 95.0±0.1 94.3±0.1 89.3
Ours w/ TTA 88.9±0.2 79.5±0.2 95.3±0.1 94.4±0.0 89.5

of domain-specific prompts in the development phase, and the prompts covered a

larger range of domains than those of existing methods. Therefore, we consider

that our method was able to address data from difficult domains such as Clipart.

Results of DomainNet experiments (Tab. 3.8). Compared to the other

three benchmarks, the results on DomainNet showed that our method yielded large

improvements in high-performance backbone networks (ViT-B/16, ViT-L/14).

This may be because existing methods did not fully exploit the true potential

of these networks. Our method effectively overcame this limitation by facilitating

domain-flexible prediction. Furthermore, the experimental results show that test-

time adaptation (Domain Discriminator + TTA) can amplify the benefits of our
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Table 3.8: Per domain classification accuracy on DomainNet.

ResNet-50 with pre-trained weights from CLIP
Method Clipart Infograph Painting Quickdraw Real Sketch Avg.

ZS-CLIP (C) [139] 53.1±0.0 39.2±0.0 52.7±0.0 6.3±0.0 75.2±0.0 47.1±0.0 45.6
ZS-CLIP (PC) [139] 53.6±0.0 39.6±0.0 53.4±0.0 5.9±0.0 76.6±0.0 48.0±0.0 46.2
PromptStyler [29] 57.9±0.0 44.3±0.0 57.3±0.0 6.1±0.1 79.5±0.0 51.7±0.0 49.5

Ours w/o TTA 57.7±0.1 44.6±0.1 57.1±0.0 8.2±0.1 79.4±0.1 52.3±0.1 49.9
Ours w/ TTA 57.9±0.2 45.2±0.1 57.7±0.1 8.6±0.1 79.9±0.1 52.4±0.1 50.3

ViT-B/16 with pre-trained weights from CLIP
Method Clipart Infograph Painting Quickdraw Real Sketch Avg.

ZS-CLIP (C) [139] 70.7±0.0 49.1±0.0 66.4±0.0 14.8±0.0 82.7±0.0 63.1±0.0 57.8
ZS-CLIP (PC) [139] 71.0±0.0 47.7±0.0 66.2±0.0 14.0±0.0 83.7±0.0 63.5±0.0 57.7
PromptStyler [29] 73.1±0.0 50.9±0.0 68.2±0.1 13.3±0.1 85.4±0.0 65.3±0.0 59.4

Ours w/o TTA 73.4±0.1 53.5±0.1 68.4±0.1 15.6±0.1 85.4±0.0 66.4±0.1 60.4
Ours w/ TTA 73.3±0.1 53.5±0.2 68.3±0.1 16.0±0.2 85.4±0.0 66.3±0.1 60.5

ViT-L/14 with pre-trained weights from CLIP
Method Clipart Infograph Painting Quickdraw Real Sketch Avg.

ZS-CLIP (C) [139] 78.2±0.0 53.0±0.0 70.7±0.0 21.6±0.0 86.0±0.0 70.3±0.0 63.3
ZS-CLIP (PC) [139] 79.2±0.0 52.4±0.0 71.3±0.0 22.5±0.0 86.9±0.0 71.8±0.0 64.0
PromptStyler [29] 80.7±0.0 55.6±0.1 73.8±0.1 21.7±0.0 88.2±0.0 73.2±0.0 65.5

Ours w/o TTA 80.7±0.1 58.1±0.1 73.7±0.0 23.5±0.0 88.3±0.0 73.8±0.0 66.3
Ours w/ TTA 80.7±0.0 58.5±0.1 74.2±0.0 24.3±0.1 88.3±0.0 73.7±0.0 66.6

methodological design.

3.7.2 Hyper-paramter Settings

We set the default values of the hyper-parameters by referring to previous studies

and made adjustments as necessary. The AdamW optimizer parameters used in

the development phase were determined from the ProText settings [84]. For the

configuration of domain-specific prompts, the length of common vectors K was

set to 4 based on the one employed in ProText, and the length of the domain

vector was set to the same value. The number of domains M is set to 200 for

the default setting. This is larger than the value utilized in PromptStyler [29],
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but this has little effect on the training time of our method compared to Prompt

Styler, where the training time increases linearly with the number of domains.

We exceptionally changed M to 40 for VLCS experiments, where we found that

our method performed well. This is because VLCS is composed of datasets from

the real-world domain, and there was no need to provide domain-specific prompts

for many domains. The number of training epochs and the number of reference

texts Nref were determined by considering the number of total training iterations.

Prompt learning techniques are known to be prone to overfitting [115], and our

work avoids this problem by adjusting the number of total training iterations.

For the other parameters of our method, we set λdomain to 0.3, λTTA to 1.0, and

test-time adaptation steps to 50 as the default. Our method worked effectively

in most cases without any laborious tuning. Exceptionally, we tuned λTTA to 2.0

in the DomainNet experiments. This is because when λTTA = 1.0, the test-time

adaptation had a smaller effect than the other datasets.
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Chapter 4

Model-free Domain Adaptation for

Concealed Multimodal Large-Language

Models

4.1 Introduction

One of the most innovative breakthroughs in recent deep learning research is the

emergence of large-language models (LLMs) [16, 30, 169]. LLMs have demon-

strated remarkable capability for a wide variety of language tasks. Following this

breakthrough, multimodal LLMs (MLLMs) [1, 107, 213] have been developed to

extend their ability to multimodal tasks. These models serve as “foundation mod-

els” [14, 3] and demonstrate remarkable zero-shot capability for a variety of tasks,

such as image understanding, reasoning, and generation. Thus, they attracted

much attention not only from academy but also from industry and have been

deployed across various services [140, 164, 4].

Despite this remarkable progress, it has been reported that MLLMs often strug-
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Figure 4.1: (a) MLLMs perform well on familiar domains (e.g., Real), but their
performance degrades on unfamiliar domains (e.g., Infographic, Quickdraw). (b)
MFDA prohibits the use of any concealed model resources (i.e., source data, model
weights, and model outputs) during training but allows access only for testing.
To solve MFDA, our method builds visual prompts that encourage the domain
adaptation of the concealed MLLMs by cross-model visual prompting with the
domain adaptation training objective.
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gle to maintain high performance when they are applied to the data from domains

unfamiliar to the models [199]. As shown in Fig. 4.1 (a), we empirically con-

firmed that MLLMs significantly degraded the recognition performance in certain

domains (e.g., “Quickdraw” and “Infograph”), which were rarely seen during train-

ing, compared with familiar domains (e.g., “Real”). One promising approach to

address this issue is domain adaptation [145]. Domain adaptation is aimed at

transferring knowledge learned from a source training domain to a specific target

domain. A more practical form of domain adaptation called source-free domain

adaptation (SFDA) [102] has emerged, where we use a source pre-trained model

instead of raw source data. This opens up new possibilities of domain adaptation

for MLLMs, which are built upon a huge amount of private source data.

Unfortunately, one challenge still remains: the cutting-edge MLLMs rarely

release their raw models, and the users can access the models only through API

services, which we call “concealed MLLMs”. Most domain adaptation methods

require a raw target model, which makes it difficult to apply them to concealed

MLLMs. Black-box domain adaptation (BBDA) methods [103, 196, 28] may seem

promising to this problem since they use only the model outputs for training.

However, such usage will cause other issues, such as high-cost service charges or

license violations for the use of the outputs for model training.

These facts bring us a simple question: Can we achieve domain adaptation

without using such resources of the concealed models? To investigate this, we

introduce a novel domain adaptation setup, model-free domain adaptation

(MFDA). During training, MFDA prohibits us from using any model resources,

such as, source data, model parameters, or model outputs from the concealed

MLLM, which is illustrated in Fig. 4.1 (b). As summarized in Tab. 4.1, MFDA is
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Table 4.1: Comparison of Domain Adaptation Setups. MFDA imposes the
most challenging constraints compared with other domain adaptation setups.

Problem Setup Source Data Model Parameters Model Outputs

Domain Adaptation [145] 3 3 3
Source-free DA [102] 7 3 3
Black-box DA [103] 7 7 3
Model-free DA 7 7 7

most challenging compared with the existing domain adaptation setups.

As a proof of concept for MFDA, we built a novel method named model-

transferable domain-adaptable visual prompting (MTDA-VP). To over-

come the difficulty in directly updating the model parameters, we use a visual

prompting (VP) [6] technique, which can treat the image pixel space as training

parameters. Since the image pixel space is inherently shared with the target con-

cealed MLLMs even if the model parameters are concealed, we can address the

parameter inaccessibility problem. MTDA-VP is based on the transferable VP

(TVP) technique [200]. TVP builds visual prompts using multiple models so that

the prompts can carry transferable knowledge across various unseen models. In

our method, we employ two surrogate models and train visual prompts that have

efficacy not only for those seen surrogate models but also for the unseen concealed

MLLMs. However, a direct application of TVP cannot resolve MFDA for two

reasons: 1) TVP is a fully supervised algorithm, while we only have access to

unsupervised target data, and 2) TVP is not fundamentally designed for domain

adaptation. To equip the visual prompts with the domain adaptability in an un-

supervised manner, we simultaneously incorporate the insights of SFDA [102, 190]

and our findings in Chapter 2. We also developed two novel strategies to boost the

abilities of the visual prompts. First, cross-model pseudo labeling (CMPL)
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enriches the domain adaptation training by generating high-quality pseudo-labels

on the basis of the label propagation algorithm [205, 80]. We propagate the label

information from reliable samples, in the sense that the predictions of the two sur-

rogate models agree, to other unreliable samples. Second, cross-model gradient

alignment (CMGA) promotes the model transferability of the prompts by incor-

porating the gradient-alignment technique [153]. CMGA aligns the loss gradients

between two surrogate models and discovers a better direction for training across

multiple models.

Our contributions in this chapter are summarized as follows:

• We introduced a novel setup, MFDA, to investigate whether we can adapt the

concealed MLLMs to the target domain without using any of their resources.

• We built MTDA-VP, which executes cross-model visual prompting with a

domain adaptation objective to equip the visual prompts with both model

transferability and domain adaptability.

4.2 Related Works

4.2.1 Multimodal Large-language Models

LLMs [16, 30, 169], which are built with massive text corpora and a simple train-

ing strategy of next-token prediction, have not only demonstrated remarkable per-

formance across a wide range of language tasks but also acquired generalization

capability even for unseen tasks during the training phase. This remarkable ca-

pability of LLMs has encouraged researchers to develop MLLMs [1, 107, 213] that

can accept the input of non-language data, such as images, video, and audio. Since
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the pioneering MLLM model was released by OpenAI [1], many high-performance

models [164, 2, 4] have been deployed. In the open-source domain, a number of

models [98, 34, 213, 75, 107, 106, 169, 179, 165] have been made available, fostering

a highly active field of research.

Due to the vast number of parameters that compose MLLMs, directly fine-

tuning the whole models for specific tasks or data is impractical from both compu-

tational cost and storage perspectives. To address this issue, parameter-efficient

fine-tuning (PEFT) methods, which train only a small number of additional pa-

rameters, have gained attention. Adapters [72, 49, 197] add a small number of pa-

rameters to the model and only train these additional parameters, enabling efficient

adaptation to downstream tasks. Low-rank Adaptation (LoRA) [73] significantly

reduces the number of trainable parameters by inserting trainable low-rank matri-

ces into each layer of the transformer [175]. Prompt-tuning [93, 209, 208, 82, 6, 200]

introduces trainable parameters in the input space of the model, which enables

flexible adaptation regardless of the model architectures.

4.2.2 Domain Adaptation

Domain adaptation [145] leverages the knowledge of the source domain with rich

supervision to the poorly supervised target domain. Unsupervised domain adap-

tation (UDA), which requires no supervision for the target data, has long been

studied. Distribution-matching methods [171, 111, 156, 202, 124] and adversarial-

learning methods [170, 48, 147, 25, 198, 24] minimize the distributional discrepancy

between source and target domains, while pseudo-labeling methods [216, 215, 88,

108] enrich task information by generating high-quality pseudo labels from the

model outputs. Several other methods have also been proposed, including repre-
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sentation learning methods [18, 92] and reconstruction-based methods [53].

SFDA is a newer domain adaptation setup in which we have access to a source-

pretrained model instead of raw source domain data. SFDA avoids the pragmatic

issues of UDA, such as the privacy of the source data and computational ineffi-

ciency of re-training with source data. As described in the survey [101], SFDA has

been actively studied and various approaches have been proposed, such as source

estimation [99, 71, 166, 136, 187], pseudo labeling [191, 83, 201, 105, 138, 38],

clustering [102, 91], consistency [192, 23, 190, 203, 121], and self-supervised learn-

ing [159, 109]. BBDA [103, 196, 28] was proposed as a variant of SFDA and trains

an on-premise model for the target domain with the outputs from the black-box

source models.

4.2.3 Contribution over Prior Works

This work aims to develop a domain adaptation method that requires no model

resources (i.e., source data, model parameters, model outputs) from the con-

cealed MLLMs. Viewed in this light, some black-box-based algorithms (e.g.,

BBDA [103, 196, 28], Black box Tuning [158, 157], BlackVIP [127]) seem promis-

ing; however, these methods do not meet the MFDA requirement because they

need the model outputs for training, which may cause other issues, such as MLLM

license restrictions for the use of model outputs for training (e.g., model distilla-

tion) or high-cost service charges. In contrast, our proposed MTDA-VP does not

use any model resources until the test phase. Instead, we use unlabeled target data

and surrogate models and build visual prompts that have model transferability and

domain adaptability.
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4.3 Preliminaries

4.3.1 Problem Setup

The goal with MFDA is to maximize the accuracy of a concealed MLLM Fconcealed

on data from an unlabeled target domain DT = {Xi}Nt
i=1 without using the model

Fconcealed itself, the outputs from the model, or the source data DS, where Fconcealed

is trained upon the source data DS, and DS includes the text-only data used in

the base LLM training and the image-text pairs used for the multimodal exten-

sion. Since this work is the first to tackle MFDA setup, we focus on the simplest

image classification task, leaving other tasks, such as image captioning or image

reasoning, for our future work.

4.3.2 Multimodal Large-language Models

MFDA-VP employs an openly accessible, off-the-shelf MLLM as one of its sur-

rogate models, hereinafter referred to as the “surrogate MLLM”. The surrogate

MLLM Fsurrogate is structured by equipping a text-only base LLM h, such as

Llama [169], with a vision encoder f and a projector g that maps image fea-

tures into the word embedding space of h. When Fsurrogate receives an image

X ∈ RH×W×3 and an instruction text t ∈ VL as inputs (e.g., “This is a photo

of a”) where H and W denote the height and width of the image, respectively,

V denotes the vocabulary set, and L denotes the text length, it autoregressively

generates the output as,

ol ∼ Fsurrogate(ol|X, t, o<l) = h(ol|g(f(X)), t, o<l), (4.1)
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where {ol ∈ V}Lo
l=1 is a sequence of output text tokens. Then, the classification

likelihood is calculated as

pMLLM(y|X, t) =

Ly∏
l=1

Fsurrogate(o
y
l |X, t, oy<l), (4.2)

where {oyl ∈ V}Ly

l=1 is a text sequence of the class y.

4.3.3 Visual Prompting

VP [6] adds learnable prompts in the image pixel space and trains them for the

downstream tasks. Specifically, VP downsizes the input images and pads them

with learnable pixel-level prompts so that the padded images recover the original

image size, which is formulated as

VP(X, δ, p) = Resize(X, (H − 2p,W − 2p)) + Mp ⊙ δ, (4.3)

where δ denotes the trainable prompts, p the padding size, Mp a mask tensor that

is set to 1 for the p pixels from the four sides and 0 for the others to constrain the

prompting pixel space, and ⊙ represents Hadamard Product. The visual prompts

are optimized on the basis of the training objective. For example, the classification

objective with a training dataset D is formulated as

min
δ

E(X,y)∼D [− log pMLLM(y|VP(X, δ, p), t)] . (4.4)

Transferable VP (TVP) [200] aims to build visual prompts that can be appli-

cable to various unseen models, which is based on the insight of the transferability

of adversarial examples [122, 212, 39]. However, the authors of TVP found that
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visual prompts trained simply on the task objective perform poorly on the dif-

ferent models due to the loss of general visual knowledge and model-shared task

knowledge. TVP addresses this issue by using a cross-model training strategy us-

ing an off-the-shelf MLLM and CLIP [139] and introducing two additional training

losses: the feature consistency alignment (FCA) to maintain the general knowl-

edge of the input image and the task semantic enrichment (TSE) loss to enhance

the task-related semantics across the models.

Although TVP appears to be a possible solution to MFDA, it cannot be directly

applied for two reasons. One is that TVP is a fully supervised algorithm, which

makes it inherently impossible to apply TVP to the fully unsupervised MFDA

setup. Another is that TVP is NOT designed for the domain-shift problem. TVP

may manage the absence of the supervised information by substituting the model

outputs as pseudo labels. However, we have experimentally confirmed that the

domain-shift problem cannot be solved by simple pseudo-labeling (see Sec. 4.5.3).

We will describe how MTDA-VP solves these issues in the next section.

4.4 Our Method: Model-Transferable Domain-Adaptable

Visual Prompting

Fig. 4.2 illustrates an overview of MTDA-VP. During training, MTDA-VP builds

visual prompts with a surrogate MLLM and CLIP instead of the concealed MLLM,

and during testing, we query the concealed MLLM with the prompted images. To

achieve domain adaptation of the concealed MLLM, the visual prompts should

acquire both domain adaptability to the target domain and model transferability

to the concealed MLLM. To obtain both capabilities, we incorporate TVP [200]
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Figure 4.2: Overview of MTDA-VP. (a) MTDA-VP executes cross-model visual
prompt training with surrogate MLLM and CLIP based on the domain adaptation
objective to equip the prompts with model transferability and domain adaptability.
We introduce (b) CMPL and (c) CMGA to boost domain adaptability and model
transferability, respectively. (d) In testing, we just attach the trained prompt to
the input image to adapt the concealed MLLM to the target domain.

based cross-model prompting strategy and optimize the visual prompts on the

domain adaptation objective, respectively. We also enhance these two abilities

using CMPL and CMGA.
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4.4.1 Cross-Model Visual Prompting with Domain-Adaptation Objec-

tive

To empower domain adaptability to the visual prompts without any access to the

labeled source data, we incorporate SFDA training into our method. According to

the insights from the previous SFDA study [190] and our investigation in Chap-

ter 2, the combination of discriminability and diversity losses is a critical factor for

training only with the unlabeled target data. The discriminability loss enhances

the prediction discriminability of the model to the target samples, while the diver-

sity loss prevents model collapse by ensuring prediction diversity. Implementing

these losses for visual prompting on the surrogate MLLM may seem trivial, but it

is not actually simple. This is because diversity loss requires the likelihood calcula-

tion for all classes, but the autoregressive MLLM needs to calculate the likelihood

for each class one by one, which incurs a huge computational cost. Fortunately, we

have employed two surrogate models, so we pay attention to the other surrogate

model, CLIP, to implement these training losses.

CLIP consists of a vision encoder Evision and a text encoder Etext that project

the image and text features onto the joint feature space. The prediction likelihood

of the image X is calculated as

pCLIP(y|X) = σ(cossim(Evision(X), Etext(ty))/τCLIP), (4.5)

where σ(·) is a softmax function, cossim(·, ·) is a cosine similarity function, ty is a

text description tied to the class y (e.g., “This is a photo of a [class]”), and τCLIP

is the CLIP learned temperature parameter. This prediction calculation on CLIP

can be efficiently computed for all classes at once and successfully mitigates the
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aforementioned issue. We then use the prediction results of CLIP for calculating

conditional entropy minimization loss as the discriminability loss and marginal

entropy maximization loss as the diversity loss, respectively, following a previous

SFDA method, SHOT [102]. Formally, these losses are formulated as

LDA = EX∼DT
[H(pCLIP(y|VP(X, δ, p)))]−H(EX∼DT

[pCLIP(y|VP(X, δ, p))]),

(4.6)

where H(·) is an entropy function.

4.4.2 Cross-Model Pseudo Labeling

Inspired by the pseudo-labeling SFDA methods [191, 137, 83], we generate pseudo

labels for the unlabeled target data to enhance the domain adaptability. The naive

solution is to use the predictions from the model directly as pseudo labels; however,

the predictions of MLLMs in the early adaptation stage contain a large amount

of noise due to the domain shifts. CMPL addresses this issue by introducing two

ideas based on the cross-model prompting strategy. Firstly, we employ a filtering

technique to get reliable predictions based on the prediction agreements between

the surrogate MLLM and CLIP, which mitigates the negative effect of the noise

in the early MLLM’s predictions. Secondly, we incorporate a label propagation

algorithm [205, 80] to propagate the label information from the reliable samples

to all the other target samples. Specifically, CMLP treats the reliable samples as

labeled data points and the other samples as unlabeled data points and propagates

the label information from the labeled to the unlabeled data points on the basis

of the sample similarities.
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The prediction results from the two models are1

ŷMLLMi
= argmax

y
pMLLM(y|VP(Xi, δ, p), t), (4.7)

ŷCLIPi
= argmax

y
pCLIP(y|VP(Xi, δ, p)). (4.8)

On the basis of the prediction results, we split the dataset DT into the labeled set

DL and the unlabeled set DU. When the predictions from the two models are the

same, the data sample is assigned to DL; otherwise, to DU. Formally,

DL = {(Xi, ŷMLLMi
)|ŷMLLMi

= ŷCLIPi
} , (4.9)

DU = {Xi|ŷMLLMi
̸= ŷCLIPi

} . (4.10)

We prepare the set of visual features as V = {vi}Ni=1, where vi = f(VP(Xi, δ, p)),

for sample similarity calculations. We then apply the label propagation algorithm

using DL, DU, and V , and obtain a pseudo-labeled set as

DPL = {(Xi, p̂i)}Ni=1 = ALP(DL, DU, V ), (4.11)

where ALP represents the label propagation process, and p̂i is a soft pseudo label.

We use the conjugated gradient-based method [80] for ALP. The details of the

label propagation algorithm are provided in Sec. 4.7.1.

1To reduce the high computational cost of MLLM inferences, we use the efficient prediction
technique described in Sec. 4.7.1.
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4.4.3 Cross-Model Gradient Alignment

Following the TSE loss of TVP, MTDA-VP calculates pseudo-label losses on two

models to learn model-shared task knowledge. The pseudo-label-based training

losses are represented as

LMLLM(δ) = E(X,p̂)∼DPL
[−w · log pMLLM(ŷ|VP(X, δ, p), t)] , (4.12)

LCLIP(δ) = E(X,p̂)∼DPL
[−w · log pCLIP(ŷ|VP(X, δ, p))] , (4.13)

where, ŷ is a hard pseudo label ŷ = arg maxy p̂[y], w is a weight value obtained by

w = 1−H(p̂)/ log(C), and C is the number of classes.

However, there remains one problem: the loss-gradient conflict between the

two models may discourage the model transferability of the prompts. We ad-

dress this by introducing a gradient-alignment technique originally proposed in

domain generalization studies [153, 180, 132]. These works proposed to align the

loss gradients calculated on different domains so that the trained model becomes

transferable across different domains. In this analogy, we align the loss gradi-

ents calculated on different models so that the visual prompts become transferable

across different models. Formally, we introduce the following regularization term

LGA(δ) = − ∇LMLLM(δ)

||∇LMLLM(δ)||2
· ∇LCLIP(δ)

||∇LCLIP(δ)||2
. (4.14)

While Eq. (4.14) mitigates the gradient-conflict problem, it requires high com-

putational costs of the second-order derivatives to minimize Eq. (4.14) by gradient

descent. Following previous studies [153, 180, 132], we avoid this issue by using

an implicit gradient-alignment technique. Specifically, we alter the loss functions
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(4.12), (4.13) as

LMLLM-GA(δ) = LMLLM(δ − α∇LCLIP(δ)/Gnorm), (4.15)

LCLIP-GA(δ) = LCLIP(δ − α∇LMLLM(δ)/Gnorm), (4.16)

where α is a coefficient parameter, and Gnorm = ||∇LMLLM(δ)||2 · ||∇LCLIP(δ)||2.

These losses implicitly incorporate Eq. (4.14). For example, we can carry out the

first-order Taylor expansion as follows:

LMLLM(δ − α∇LCLIP(δ)/Gnorm)

= LMLLM(δ)− α∇LMLLM(δ) · ∇LCLIP(δ)/Gnorm

+ O(α∇LCLIP(δ)/Gnorm)

≈ LMLLM(δ)− α∇LMLLM(δ) · ∇LCLIP(δ)/Gnorm. (4.17)

The second term of Eq. (4.17) is equal to Eq. (4.14), which indicates that our mod-

ified loss LMLLM-GA(δ) simultaneously functions as both LMLLM(δ) and LGA(δ).

4.4.4 Prompt Optimization

In addition to the training losses we have described, we use FCA to reduce the

general knowledge loss, which was originally proposed in TVP [200]. FCA imposes

consistency regularization between the original image features and the prompted

image features. Formally, we use the following loss function as

LFCA = EX∼DT

[
1

2
||f(X)− f(VP(X, δ, p)||22

]
. (4.18)
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In summary, our training objective is

min
δ
L(δ) = min

δ
LMLLM-GA(δ) + λCLIPLCLIP-GA(δ) + λDALDA(δ) + λFCALFCA(δ),

(4.19)

where λCLIP, λDA, and λFCA are hyper-parameters. On the basis of the insight

of the previous VP work [186], we apply the normalization to the gradient of the

total loss and update the visual prompts by

δ ← δ − η
∇L(δ)

||∇L(δ)||2
, (4.20)

where η is the learning rate.

4.5 Experiments

4.5.1 Setups

Datasets. We used two benchmark datasets. DomainNet [145] is a large-scale

dataset consisting of 345 categories and 6 domains (Clipart, Infograph, Painting,

Quickdraw, Real, Sketch). We used the randomly sampled 90% of the training

splits for training, the remaining 10% for validation, and all test splits for test-

ing. PACS [95] is a small-scale dataset consisting of 7 categories and 4 domains

(Art Painting, Cartoon, Photo, Sketch). We followed the official training, valida-

tion, and test splits. We calculated the classification accuracy for each domain

and evaluated the performance of MTDA-VP on the average of the per-domain

accuracy.

Models. In our experiments, we employed three MLLMs, MiniGPT-4 [213],
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Instruct-BLIP [34], and BLIVA [75], and simulated MFDA setups. Specifically,

we conducted two patterns of experiments: 1) we chose MiniGPT-4 as the surro-

gate MLLM for training visual prompts and transferred the prompts to the other

two models (InstructBLIP and BLIVA) as the concealed models, and 2) we chose

InstructBLIP as the surrogate MLLM and the others (MiniGPT-4 and BLIVA) as

the concealed models. For the CLIP model used in MTDA-VP, we chose one with

the ViT-B/32 vision encoder.

Implementation Details. We set the learning rate η to 1.0 for DomainNet and

0.5 for PACS, and η was controlled with the cosine decay scheduler. We tuned λFCA

to 3e−3, the size of VP p to 30 with reference to the original TVP setting [200].

We set λCLIP to 0.5, λDA to 1.0 and α to 1e−2. We trained the VP for 5 epochs

with a batch size of 16. The other details can be found in Sec. 4.7.1.

4.5.2 Main Results

We conducted three random-seed runs and reported the averaged accuracies with

the standard errors of the means.

Result on DomainNet (Tab. 4.2). MTDA-VP improved the accuracy from No

Adapt. results with significant margins in almost all cases. MTDA-VP achieved

significant improvements, particularly in the Quickdraw domain. The Quickdraw

domain was an unfamiliar domain for MLLMs, which led to poor baseline perfor-

mance. MTDA-VP effectively improved performance in such unfamiliar domains.

In contrast, the Real domain was already familiar to MLLMs, so it showed smaller

improvements in the Real domain, where the improvements were less than 1.00 in

most cases.
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Table 4.2: Classification accuracy [%] on DomainNet. We highlight im-
proved and degraded cases (best viewed in color). Unconcealed cases (i.e., the
surrogate model and the concealed model are the same) are excluded from average
calculations.

Surrogate MLLM: MiniGPT-4
Concealed MLLM Method Clipart Infograph Painting Quickdraw Real Sketch Average

MiniGPT-4∗
No Adapt. 68.00 40.20 55.90 14.20 74.62 58.27 51.87

MTDA-VP 73.34±0.05 43.76±0.15 64.80±0.31 23.46±0.22 80.75±0.30 64.93±0.10 58.51±0.18

Gain ∆ + 5.34 + 3.56 + 8.90 + 9.26 + 6.13 + 6.66 + 6.64

InstructBLIP
No Adapt. 66.04 36.16 52.09 13.26 73.64 54.48 49.28

MTDA-VP 70.12±0.38 40.05±0.56 59.42±0.98 20.28±0.42 74.24±0.82 58.92±0.13 53.84±0.28

Gain ∆ + 4.08 + 3.89 + 7.33 + 7.02 + 0.60 + 4.44 + 4.56

BLIVA
No Adapt. 62.87 36.73 55.00 12.24 72.07 54.71 48.94

MTDA-VP 66.80±0.99 37.38±0.80 56.03±0.64 19.77±0.70 71.75±0.40 57.37±0.39 51.52±0.38

Gain ∆ + 3.93 + 0.65 + 1.03 + 7.53 - 0.32 + 2.66 + 2.58

Average
No Adapt. 64.45 36.44 53.55 12.75 72.85 54.59 49.11

MTDA-VP 68.46±0.68 38.71±0.68 57.72±0.62 20.03±0.46 72.99±0.59 58.15±0.22 52.68±0.29

Gain ∆ + 4.01 + 2.27 + 4.18 + 7.28 + 0.14 + 3.55 + 3.57

Surrogate MLLM: InstructBLIP
Concealed MLLM Method Clipart Infograph Painting Quickdraw Real Sketch Average

MiniGPT-4
No Adapt. 68.00 40.20 55.90 14.20 74.62 58.27 51.87

MTDA-VP 68.99±0.34 41.43±0.03 59.49±0.92 19.26±0.19 74.47±0.55 59.88±0.16 53.92±0.18

Gain ∆ + 0.99 + 1.23 + 3.59 + 5.06 - 0.15 + 1.61 + 2.06

InstructBLIP∗
No Adapt. 66.04 36.16 52.09 13.26 73.64 54.48 49.28

MTDA-VP 74.35±0.10 44.49±0.12 66.76±0.21 24.54±0.06 81.37±0.22 65.82±0.25 59.61±0.05

Gain ∆ + 8.31 + 8.33 + 14.67 + 11.28 + 8.09 + 11.34 + 10.34

BLIVA
No Adapt. 62.87 36.73 55.00 12.24 72.07 54.71 48.94

MTDA-VP 68.40±0.99 40.10±0.28 60.61±0.78 21.07±0.28 76.19±1.12 60.52±0.75 54.48±0.30

Gain ∆ + 5.53 + 3.37 + 5.61 + 8.83 + 4.12 + 5.81 + 5.54

Average
No Adapt. 65.44 38.47 55.45 13.22 73.34 56.49 50.40

MTDA-VP 68.69±0.59 40.76±0.13 60.05±0.85 20.17±0.18 75.33±0.83 60.20±0.32 54.20±0.20

Gain ∆ + 3.26 + 2.30 + 4.60 + 6.95 + 1.99 + 3.71 + 3.80

Results on PACS (Tab. 4.3). As same as in the DomainNet experiments,

MTDA-VP showed solid improvement in all cases. MTDA-VP showed the great-

est improvement in the Art Painting domain. This was because, in addition to

the large domain gap from the Real domain, Art Painting contained rich decora-

tive features. MLLMs tend to recognize the image abstractly [60], which makes

it difficult to distinguish semantic features from decorative features. MTDA-VP

successfully mitigated the negative effects of the latter features. Meanwhile, the
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Table 4.3: Classification Accuracy [%] on PACS. We highlight improved and
degraded cases (best viewed in color). Unconcealed cases (i.e., the surrogate model
and the concealed model are the same) are excluded from average calculations.

Surrogate MLLM: MiniGPT-4
Concealed MLLM Method Art Painting Cartoon Photo Sketch Average

MiniGPT-4∗
No Adapt. 85.55 98.51 97.66 96.31 94.51

MTDA-VP 98.99±0.07 99.93±0.01 99.64±0.09 97.22±0.07 98.94±0.05

Gain ∆ + 13.44 + 1.42 + 1.98 + 0.91 + 4.44

InstructBLIP
No Adapt. 73.97 93.52 96.53 93.41 89.36

MTDA-VP 89.21±4.33 95.96±2.04 97.15±0.95 93.72±0.61 94.01±1.66

Gain ∆ + 15.24 + 2.44 + 0.62 + 0.31 + 4.65

BLIVA
No Adapt. 77.15 88.05 93.23 95.09 88.38

MTDA-VP 88.75±6.07 96.36±1.52 99.06±0.18 95.67±0.38 94.96±1.38

Gain ∆ + 11.60 + 8.31 + 5.83 + 0.58 + 6.58

Average
No Adapt. 75.56 90.78 94.88 94.25 88.87

MTDA-VP 88.98±3.90 96.16±0.47 98.10±0.53 94.70±0.12 94.49±1.10

Gain ∆ + 13.42 + 5.38 + 3.22 + 0.45 + 5.62

Surrogate MLLM: InstructBLIP
Concealed MLLM Method Art Painting Cartoon Photo Sketch Average

MiniGPT-4
No Adapt. 85.55 98.51 97.66 96.31 94.51

MTDA-VP 93.10±1.57 99.30±0.14 98.72±0.13 96.84±0.28 96.99±0.45

Gain ∆ + 7.55 + 0.79 + 1.06 + 0.53 + 2.48

InstructBLIP∗
No Adapt. 73.97 93.52 96.53 93.41 89.36

MTDA-VP 98.63±0.10 99.66±0.07 99.62±0.10 97.57±0.32 98.87±0.11

Gain ∆ + 24.66 + 6.14 + 3.09 + 4.16 + 9.51

BLIVA
No Adapt. 77.15 88.05 93.23 95.09 88.38

MTDA-VP 95.13±1.82 99.37±0.15 99.30±0.13 95.80±1.33 97.40±0.27

Gain ∆ + 17.98 + 11.32 + 6.07 + 0.71 + 9.02

Average
No Adapt. 81.35 93.28 95.44 95.70 91.44

MTDA-VP 94.12±1.02 99.34±0.14 99.01±0.10 96.32±0.77 97.20±0.10

Gain ∆ + 12.77 + 6.06 + 3.57 + 0.62 + 5.75

Sketch domain contained fewer decorative features, which resulted in little perfor-

mance improvement.

Discussion: Comparison with the case with the model access. Although

MFDA aims for domain adaptation under conditions where model access is re-

stricted, this section virtually examines the extent to which our method achieves

performance compared to cases where model access is available. We compared the

performance when the concealed and surrogate MLLMs differ with the scenario

where they are the same (the ”Unconcealed” cases in Tab. 4.2 and 4.3). On Do-
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Table 4.4: Comparison and Ablation Study. We note the performance gain
[%] from No Adapt. We highlighted in colors the cases where performance is
improved and is declined. The best scores are highlighted in bold.

Components Performance Gain of Surrogate MLLM (MiniGPT-4)

Methods DA CMPL CMGA C I P Q R S Avg.

1. TVP† [200] - 65.26 - 38.59 - 14.23 - 13.81 + 5.61 - 56.93 - 30.54
2. TVP† + DA 3 + 4.94 + 2.30 + 8.10 + 5.44 + 5.96 + 5.63 + 5.40

3. 2. + CMPL 3 3 + 5.40 + 3.58 + 9.21 + 9.24 + 6.38 + 6.50 + 6.72
4. 2. + CMGA 3 3 + 4.76 + 1.57 + 7.49 + 5.10 + 5.63 + 5.12 + 4.95
5. MTDA-VP 3 3 3 + 5.34 + 3.56 + 8.90 + 9.26 + 6.13 + 6.66 + 6.64

Components Performance Gain of Concealed MLLM (InstructBLIP)

Methods DA CMPL CMGA C I P Q R S Avg.

1. TVP† [200] - 21.00 - 16.69 - 10.61 - 5.89 + 0.42 - 37.87 - 15.27
2. TVP† + DA 3 + 3.16 + 2.22 + 2.49 + 4.13 - 0.09 + 2.89 + 2.46

3. 2. + CMPL 3 3 + 3.69 + 4.91 + 5.73 + 5.61 - 0.11 + 3.77 + 3.93
4. 2. + CMGA 3 3 + 2.94 - 0.28 + 2.53 + 3.90 - 0.08 + 4.03 + 2.17
5. MTDA-VP 3 3 3 + 4.08 + 3.89 + 7.33 + 7.02 + 0.60 + 4.44 + 4.56

mainNet, relative to the model-accessible setting, the score for MiniGPT-4 reached

31%(2.06/6.64), and the score for InstructBLIP reached 44%(4.56/10.34). On

PACS, MiniGPT-4 reached 56%(2.48/4.44), and InstructBLIP reached 49%(4.65/9.51).

These scores can be seen as a form of transfer efficiency, and maximizing this is

considered a crucial factor in MFDA.

4.5.3 Analysis

We conducted deeper analyses of MTDA-VP using the DomainNet dataset and

MiniGPT-4/Instruct-BLIP for the surrogate/concealed models, respectively. We

also provided other analyses in Sec. 4.7.2.

Comparison and Ablation Study. We verified the effectiveness of each compo-

nent of MTDA-VP through comparison experiments with baseline methods. Since

this is the first study to address MFDA, no existing method is directly applica-

ble to this problem, as discussed in Sec. 4.1 and Sec. 4.2. To verify the effec-
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tiveness of our method, we carefully prepared two rationale baselines, TVP† and

TVP†+DA.TVP† is a minor modified version of fully-supervised TVP [200] that

simply uses the prediction-agreed samples between MLLM and CLIP as pseudo-

labeled samples to make it applicable to MFDA. TVP†+DA is a relatively simple

method that combines TVP† and the SFDA method, SHOT [102], without exces-

sive modifications.

The results are summarized in Tab. 4.4. TVP† obviously caused degradations,

while TVP†+DA avoided such failures, which shows the necessity of both model-

transferability and domain-adaptability for MFDA. Both of our proposed tech-

niques, CMPL and CMGA, were effective, but brought different benefits. CMPL

boosts the domain adaptability of the visual prompts. CMPL significantly im-

proved the performance of the surrogate model from +5.40 to +6.72, and it prop-

agated to the concealed model (+2.46 → +3.93) by the model transferability of

the visual prompts. CMGA contributes to the enhancement of the model transfer-

ability. CMGA showed a slight effect on the surrogate model, but largely improved

the concealed model (+3.93→ +4.56).

Data-Scale Analysis (Fig. 4.3). In real-world problems, many cases are as-

sumed in which it is challenging to collect unlabeled target data in large quantities.

In this regard, we examined how the performance of MTDA-VP varied when the

amount of unlabeled target data decreased from 100% to 20%. The validity of

MTDA-VP was clear even when the amount of data was reduced to 20%, which

reinforced the applicability of MTDA-VP to a real-world scenario.

Analysis on Balance of Cross-model Training (Fig. 4.4). We analyzed

the balance of the cross-model training between a surrogate MLLM and CLIP
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Figure 4.3: Data-scale analysis. MFDA-VP constantly showed improved per-
formance from No Adapt. even with small data size.
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Figure 4.4: Analysis on the balance of cross-model training. MFDA-VP
showed slight performance degradation when λCLIP increased while constantly
showing improvements from No Adapt.

by changing λCLIP. Basically, our method showed improvement from No Adapt.

regardless of the value of λCLIP. However, when λCLIP was small, there was quite

a large drop in the concealed model’s performance. This indicates that the cross-

model training between two different models is effective in enhancing the transfer-

ability of the visual prompts to the unseen models.

Analysis on Cross-model Gradient Alignment (Fig. 4.5). We analyzed

the effectiveness of the gradient alignment between a surrogate MLLM and CLIP

by changing α. CMGA worked better when α was set to small values, which was
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Figure 4.5: Analysis on Cross-model Gradient Alignment. CMGA worked
well when α is set to small values.
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Figure 4.6: Analysis on Domain Adaptation Training. Our method slightly
dropped its performance when λDA is small, while Ours w/o CMPL largely
dropped.

in line with previous insights [153]. We found that setting a large value for α led

to CMGA hindering the main training, resulting in a worse performance than ours

w/o CMGA.

Analysis on Domain Adaptation Training (Fig. 4.6). We conducted a

deeper analysis of the domain adaptation training by changing λDA. Our method

showed a large performance drop with small λDA, especially w/o CMPL. As we

have seen in the ablation study, DA was effective for avoiding collapse and giv-

ing domain-adaptability to the visual prompts. When comparing w/ and w/o
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CMPL, ours w/ CMPL showed a milder drop. We guess this was because CMPL

had domain adaptation effects similar to LDA and reduced the performance drop.

Meanwhile, when λDA was set to 2.0, the performance of ours w/ CMPL decreased.

This is due to the fact that the proportion of the losses LMLLM-GA and LCLIP-GA

to the total loss was decreased, leading to the reduced efficacy of CMPL.

4.6 Conclusion and Limitations

To resolve the domain adaptation problem for concealed multimodal large-language

models (MLLMs), we investigated a novel and challenging setup called “model-free

domain adaptation (MFDA)”, in which no resources are given from the concealed

MLLMs. We proposed a pioneering method for solving MFDA, model-transferable

domain-adaptable visual prompting (MTDA-VP), which executes cross-model vi-

sual prompting on the basis of the domain adaptation objective to equip the visual

prompts with both model transferability and domain adaptability. We also devel-

oped two techniques to enhance these abilities of visual prompts: cross-model

pseudo labeling (CMPL) and cross-model gradient alignment (CMGA). The ex-

perimental results and in-depth analysis support the validity of MTDA-VP. We

expect that this study will open up a new perspective on domain adaptation.

Limitations. Since this is the first study to tackle MFDA, we focused on investi-

gating whether MFDA is actually solvable, and we verified this with simple classi-

fication tasks and under controlled experimental settings. On the other hand, the

investigations in more practical situations, such as validation in generative tasks

(e.g., VQA) and application to commercial concealed models (e.g., GPT-5, Gem-

ini), remain unexplored. However, even in such cases, our developed MTDA-VP
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can be a promising base method for solving the problems, and we hope it will

encourage various future research. Exploring extensions to such applications is a

promising direction for our future research.

4.7 Appendix

4.7.1 Detailed Descriptions of Proposed Method

Efficient Prediction Technique for Multimodal Large-language Model.

To obtain a prediction from an MLLM F , we need to calculate the classification

likelihood for each class y by

pMLLM(y|X, t) =
N∏
i=1

F (oyi |X, t, oy<i). (4.21)

However, this class likelihood calculation cannot be conducted in parallel, so it

requires huge computational costs as the number of classes increases. To avoid

this problem, we limit the calculation to a part of the whole class set by using

CLIP prediction results. Specifically, we first obtain the classification likelihood

for all classes {y}Cy=1as

pCLIP(y|X) = σ(cossim(Evision(X), Etext(ty))). (4.22)

We then obtain the top-k class predictions of CLIP, i.e., top-ky[pCLIP(y|X)]. We

obtain the classification results of the MLLM by calculating the likelihood only for
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top-ky[pCLIP(y|X)] classes; namely,

ŷMLLM = argmax
y′∈top-ky [pCLIP(y|X)]

pMLLM(y′|X). (4.23)

We set k to 5 during the prompt training. We also used this technique during the

test phase by setting k to 10 to facilitate efficient research.

Label Propagation Algorithm. We used the label propagation algorithm de-

scribed in a previous study [80], from which we basically borrowed the formula-

tions. The label propagation algorithm ALP is given a labeled set DL, an unlabeled

set DU , and the visual feature vector set V as inputs. We first obtain a reliable

label matrix Y using DL and DU as

Yij :=


1 if (Xi, ŷMLLMi

) ∈ DL ∧ ŷMLLMi
= j,

0 otherwise.

(4.24)

We calculate a sparse affinity matrix A using V = {vi}Ni=1 as

aij =


[v⊤

i vj]
γ
+, if i ̸= j ∧ vi ∈ NNm(vj)

0, otherwise,

(4.25)

where NNm denotes the set of m nearest neighbors and γ denotes the parameter.

We set γ = 3 for the default setting. We calculate a symmetric adjacency matrix

W by W = A+A⊤ then, calculate the normalized counterpart asW = D− 1
2WD− 1

2 ,

where D is a dgree matrix D = diag(W1N) and 1N is the all-ones vector. The
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label-propagated results can be obtained by calculating

Z = (I − βW)−1Y. (4.26)

However, calculating the inverse matrix incurs high computational costs. Thus,

we use the conjugated gradient method and solve the following problem:

(I − βW)Z = Y. (4.27)

After obtaining the matrix Z, the soft label of sample i is calculated by

p̂i = σ(zi/τLP), (4.28)

where τLP is the temperature parameter. We set τLP = 0.01 by default.

In addition to the above label propagation algorithm, we use an approach

to adjust the sample size. When we apply the label propagation algorithm to

the whole dataset for each training epoch, we cannot fully exploit the training

results in the label propagation due to the scarce execution frequency. When we

apply the label propagation algorithm to each training batch, we cannot obtain

satisfactory results due to the too small sample size. Therefore, we apply the label

propagation algorithm to each chunk of several batches. We additionally introduce

a parameter NC to adjust the chunk size. Note that the data size N is calculated

as N = NC × B, where B denotes the batch size.

Among the settings of the label propagation algorithm, the tunable hyper-

parameters are the nearest neighbor size m and NC . We set m to 30 and NC to

300 for DomainNet experiments and m to 10 and NC to 100 for PACS, considering
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Table 4.5: Detailed Comparison Results. We highlighted in colors the cases
where performance is improved and is declined. The best scores are highlighted in
bold.

Performance of Surrogate MLLM: MiniGPT-4
Methods Clipart Infograph Painting Quickdraw Real Sketch Average

0. No Adapt. Accuracy 68.00 40.20 55.90 14.20 74.62 58.27 51.87

1. TVP† [200]
Accuracy 2.74±0.10 1.61±0.52 41.67±19.97 0.39±0.02 80.23±0.14 1.34±0.30 21.06±3.28

Gain ∆ - 65.26 - 38.59 - 14.23 - 13.81 + 5.61 - 56.93 - 30.54

2. TVP†+DA
Accuracy 72.94 ±0.27 42.50 ±0.20 64.00 ±0.24 19.64 ±0.01 80.58 ±0.11 63.90 ±0.18 57.26 ±0.02

Gain ∆ + 4.94 + 2.30 + 8.10 + 5.44 + 5.96 + 5.63 + 5.40

3. 2. + CMPL
Accuracy 73.40±0.16 43.78±0.04 65.11±0.18 23.44±0.24 81.00±0.23 64.77±0.14 58.58±0.03

Gain ∆ + 5.40 + 3.58 + 9.21 + 9.24 + 6.38 + 6.50 + 6.72

4. 2. + CMGA
Accuracy 72.76±0.17 41.77±0.56 63.39±0.41 19.30±0.26 80.25±0.13 63.39±0.33 56.81±0.08

Gain ∆ + 4.76 + 1.57 + 7.49 + 5.10 + 5.63 + 5.12 + 4.95

5. MTDA-VP
Accuracy 73.34±0.05 43.76±0.15 64.80±0.31 23.46±0.22 80.75±0.30 64.93±0.10 58.51±0.18

Gain ∆ + 5.34 + 3.56 + 8.90 + 9.26 + 6.13 + 6.66 + 6.64

Performance of Concealed MLLM: InstructBLIP
Methods Clipart Infograph Painting Quickdraw Real Sketch Average

0. No Adapt. Accuracy 66.04 36.16 52.09 13.26 73.64 54.48 49.28

1. TVP† [200]
Accuracy 45.04±4.14 19.47±1.78 41.48±13.39 7.37±0.19 74.06±0.38 16.61±3.16 34.00±2.48

Gain ∆ - 21.00 - 16.69 - 10.61 - 5.89 + 0.42 - 37.87 - 15.27

2. TVP†+DA
Accuracy 69.20±0.62 38.38±0.51 54.58±0.70 17.39±0.16 73.55±0.31 57.37±0.54 51.74±0.25

Gain ∆ + 3.16 + 2.22 + 2.49 + 4.13 - 0.09 + 2.89 + 2.46

3. 2. + CMPL
Accuracy 69.73±0.42 41.07±0.04 57.82±0.35 18.87±0.17 73.53±0.59 58.25±1.28 53.21±0.23

Gain ∆ + 3.69 + 4.91 + 5.73 + 5.61 - 0.11 + 3.77 + 3.93

4. 2. + CMGA
Accuracy 68.98±0.41 35.88±2.09 54.62±1.22 17.16±0.40 73.56±0.24 58.51±0.83 51.45±0.42

Gain ∆ + 2.94 - 0.28 + 2.53 + 3.90 - 0.08 + 4.03 + 2.17

5. MTDA-VP
Accuracy 70.12±0.38 40.05±0.56 59.42±0.98 20.28±0.42 74.24±0.82 58.92±0.13 53.84±0.28

Gain ∆ + 4.08 + 3.89 + 7.33 + 7.02 + 0.60 + 4.44 + 4.56

the whole dataset size.

4.7.2 Detailed Experimental Results

Comparison Results.

We provide the full version of Tab. 4.4 in Tab. 4.5. A new finding from this

table is that the No.1 case had a significantly larger standard error than the others.

We observed in the course of conducting our experiments that, in very few cases,

the training normally progresses by chance, even in the absence of the domain
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Figure 4.7: LFCA analysis.

TVP+DA MTDA-VP

Figure 4.8: Qualitative analysis
of prompts.

adaptation training. However, in most cases, the training failed, making it very

unstable. This result indicates that the domain adaptation loss makes the training

stable and successfully avoids prediction collapse.

A more in-depth look at the effect of CMGA shows that it varied with and

without the use of CMPL. Specifically, the performance of the concealed model was

slightly reduced by CMGA without CMPL, but CMGA with CMPL demonstrated

an improvement in the concealed model. This indicates that a sufficient number

of pseudo-labeled samples is required for CMGA to be effective. The samples

utilized in the pseudo-label training without CMPL were limited to a part of the

whole sample. The role of CMGA is to accelerate the pseudo-label training of two

models in those samples, but the shortage of the label information may hinder the

training as a whole. In fact, CMGA caused the performance degradation in the

surrogate model in this case. Since CMPL provides high-quality pseudo labels for

all samples, CMGA successfully demonstrates its full potential with CMPL.

Additional Analysis.

Quantitative Analysis of FCA. We provide additional analysis of our method, i.e.,

the quantitative analysis of the feature consistency alignment (FCA) and the qual-

itative analysis of the visual prompts. Since FCA was originally proposed in the
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base method, TVP [200], we employed it as a default component. To confirm the

effect of FCA on our method, we conducted the quantitative analysis by varying

the size of λFCA. As shown in Fig. 4.7, it was beneficial to employ FCA to enhance

the model transferability of the visual prompts, but we found that too strong FCA

training might hinder the other training effect of our method.

Qualitative Analysis of the training visual prompts. We qualitatively analyzed the

trained visual prompts by actually visualizing them (Fig. 4.8). Unfortunately, we

could not find any interpretable difference between the prompts trained on different

training objectives. We suppose that since the visual prompting techniques [6] are

mechanically the same as the adversarial perturbations, the difference in the visual

prompts is not interpretable to humans.

Analysis on the large model gap. The concealed MLLMs in the real-world appli-

cations are completely black-box, and there may be a large gap between them

and the open-source model in terms of model components, such as the network

architectures and training recipes. To verify the effectiveness of our method under

such cases, we conducted the experiments by setting Qwen2-VL-7B [179] model

as the concealed model, which is newer than the surrogate models (MiniGPT-4

and InstructBLIP) and has a different model structure. The experimental results

using DomainNet dataset are shown in Tab. 4.6. The gain becomes smaller than

in the smaller model gap cases, but the performance of the concealed model is still

improved, demonstrating the effectiveness of our method. In this experiment, we

validate the effectiveness of our method for Qwen2-VL by using it as the concealed

model, but the experimental result suggests that the reversed pattern may also be

effective (i.e., using Qwen2-VL as the surrogate model). Building more robust
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Table 4.6: Analysis on the large model gap. We highlighted in colors the
cases where performance is improved and is declined.

Surrogate MLLM: MiniGPT-4
C I P Q R S Ave.

No Aadpt. 45.97 26.80 38.46 10.76 56.57 40.93 36.58
MTDA-VP 45.76 30.63 42.03 14.05 54.34 42.30 38.19
Gain∆ -0.21 +3.83 +3.57 +3.29 -2.23 +1.37 +1.60

Surrogate MLLM: Instruct-BLIP
C I P Q R S Ave.

No Aadpt. 45.97 26.80 38.46 10.76 56.57 40.93 36.58
MTDA-VP 45.76 30.69 42.15 13.72 54.04 42.56 38.15
Gain∆ -0.21 +3.89 +3.69 +2.96 -2.53 +1.63 +1.57

algorithms against the model gaps will be our future work. In the practical cases,

using an open-source MLLM that is expected to have a small model gap from the

target concealed MLLM as the surrogate model could be one solution (e.g., using

Gemma [165] as the surrogate MLLM when the concealed model is Gemini [164]).

4.7.3 Extension of MTDA-VP

As we have mentioned in the limitations, the MTDA-VP proposed in this work was

verified with simple classification tasks. However, our method possesses sufficient

potential as a good base method for solving various other tasks. For example, our

method can be applicable to the generative tasks (e.g., VQA) with some minor

modifications. Specifically, in CMPL, we use CLIP-Score [66] for quality assess-

ment of the MLLM outputs to obtain reliable pseudo labels, and SFDA training in

the CLIP branch can be substituted by image-text contrastive learning (positive

pair loss = discriminability, negative pair loss = diversity), which is also employed

in training the generative model like BLIP.
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4.7.4 Broader Impacts

Our method primarily aims to improve the performance of the concealed MLLMs

by adding visual prompts to the query image. From another viewpoint, this

method modifies the image to make the models behave differently from the devel-

oper’s intent, which also applies to TVP [200] as this is the base of our method. As

discussed in adversarial reprogramming (AR) [44], there are concerns that these

could lead to ethical issues such as abuse of the models. However, unlike AR, our

method (including TVP) does not directly use the model itself, so we consider that

it is difficult to manipulate the model as desired, and the risk is small.
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Chapter 5

Conclusion and Future Directions

This doctoral dissertation investigated resource constraint problems in domain

adaptation and generalization technologies that arise from advances in deep learn-

ing techniques and changes in societal norms through the ages. Specifically, our

work centered on overcoming the three types of resource constraints: inaccessibil-

ity of source domain data, difficulty in target data collection, and model access

limitation. In this chapter, we summarize the works for each chapter and discuss

the future directions of our work.

5.1 Conclusion

• Chapter 2. We tackled the source-free domain adaptation (SFDA) problem

— adapting a source-trained model to the target domain only using unla-

beled target data — with the view of providing a theoretical understanding

of existing methods. We found that the major SFDA loss functions, com-

prising discriminability and diversity losses, work in the same way as the

training objective in the theory of self-training based on the expansion as-
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sumption [184]. Based on this observation, we derived two practical insights

for the method improvements and proposed a novel SFDA method, Improved

SFDA, comprising model training with auto-adjusting diversity constraint

and augmentation training with a teacher-student framework. This work

not only proposed a new superior SFDA method but also contributed to

advancing our following works.

• Chapter 3. We tackled the source-free domain generalization (SFDG) prob-

lem, which aims to build a model generalizable to unseen target domains only

with a pre-trained model. To overcome the rigidity of the existing meth-

ods that employ a domain-shared configuration for image inputs from any

domain, we proposed domain prompt-discriminator collaborative learning,

which simultaneously constructs a variety of domain-specific configurations

to cover the wide variety of domains and a selector to choose the appropri-

ate configuration for the input data. The design of our method also derived

a simple and effective test-time adaptation technique and boosted the do-

main generalization performance. In addressing severe data constraints, this

work presents a method that is simple yet superior to existing techniques,

revealing new ways to leverage pre-trained models.

• Chapter 4. We proposed a novel model-free domain adaptation (MFDA)

problem — improving the concealed multimodal large-language models with-

out using any model resources (i.e., data used in the model training, model

parameters, and model outputs) — to align with the recent trends that the

cutting-edge deep learning models rarely provide their parameters and train-

ing data. As a proof of concept of MFDA, we built a method named model-
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transferable domain-adaptable visual prompting. We combined a transfer-

able visual prompting framework on two surrogate models with the insights

of SFDA to construct visual prompts that exhibit domain adaptability to

unseen concealed models. In addition, we developed two novel techniques

that extend the effectiveness of visual prompting by leveraging a cross-model

training strategy. This work has pioneered new directions in domain adap-

tation technology and produced valuable and foundational results for this

field.

In conclusion, this dissertation presented new insights and practical solutions

for resource constraint problems from both exploring (SFDA, SFDG) and unex-

plored perspectives (MFDA). Our findings extended the potential of domain adap-

tation and generalization technologies and demonstrated significant contributions

to addressing the fundamentally unavoidable domain shift problem.

5.2 Future Directions

Finally, we discuss the future directions of resolving domain shift problems un-

der resource constraints. We have already discussed the limitations and future

prospects of each work in the respective chapters, so here we focus on the future

prospects for this dissertation overall. One is the extension to different tasks and

modalities. This research focused on the image classification task to address the

resource challenge in each problem. However, even within computer vision tasks,

there exist diverse tasks, such as VQA, object detection, dense prediction, etc. Fur-

thermore, domain adaptation and generalization techniques are in high demand

not only in computer vision but also across various modalities such as speech and
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audio, and language. Building upon the core techniques proposed in this disserta-

tion to tackle task and modality barriers will be a promising future direction of this

work. Another direction of our future work is handling different types of resource

constraints. This work tackled particularly data and model resource constraints,

but other constraints on domain adaptation and generalization can arise when we

review the problems from a different point of view. For example, from the view-

point of device resources, we may be imposed several constraints such as memory

usage, execution time, and processor performance, which can emerge in an edge

computing scenario. A future prospect is to explore such a new perspective of

resource constraints and combine the novel insights and findings in this work to

expand the applicability of our proposed methods.
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