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Abstract—Unsupervised domain adaptation is mainly focused
on the tasks of transferring knowledge from a fully-labeled
source domain to an unlabeled target domain. However, in some
scenarios, the labeled data are expensive to collect, which cause
an insufficient label issue in the source domain. To tackle this
issue, some works have focused on few-shot unsupervised domain
adaptation (FUDA), which transfers predictive models to an
unlabeled target domain through a source domain that only
contains a few labeled samples. Yet the relationship between
labeled and unlabeled source domains are not well exploited
in generating pseudo-labels. Additionally, the few-shot setting
further prevents the transfer tasks as an excessive domain
gap is introduced between the source and target domains. To
address these issues, we newly proposed an adaptive dispersal and
collaborative clustering (ADCC) method for FUDA. Specifically,
for the shortage of the labeled source data, a collaborative clus-
tering algorithm is constructed that expands the labeled source
data to obtain more distribution information. Furthermore, to
alleviate the negative impact of domain-irrelevant information,
we construct an adaptive dispersal strategy that introduces an
intermediate domain and pushes both the source and target
domains to this intermediate domain. Extensive experiments
on the Office31, Office-Home, miniDomainNet, and VisDA-2017
datasets showcase the superior performance of ADCC compared
to the state-of-the-art FUDA methods.

Index Terms—Unsupervised domain adaptation, Few-shot, Im-
age classification, Collaborative clustering.

I. INTRODUCTION

Deep neural networks (DNNs) have achieved significant
success in various computer vision tasks, including image
recognition [1], [2], semantic segmentation [3], [4], and object
detection [5], [6]. However, the remarkable results of the
DNNs-based models are largely dependent on the costly and
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time-consuming labeled data. When the distributions of the
test data deviate from those of the training data, the DNNs-
based models may suffer from performance degradation due
to domain shift issue [7]-[9]. An appealing way to tackle this
problem is unsupervised domain adaptation (UDA) [10]-[12],
which transfers knowledge from a fully-labeled domain (i.e.,
source domain) to an unlabeled domain (i.e., target domain)
and generalizes well in the target domain.

Existing studies on UDA are primarily based on the setting
where the source domain contains fully labeled data, while
the target domain contains unlabeled data. Additionally, the
source and target domains are assumed to share the same label
space. To ensure that the adaptive model can effectively learn
knowledge from the source domain and transfer it to the target
domain, researchers have been made great efforts, including
learning transferable representation via diffusion model [13],
[14], learning domain-invariant representations via dynamic
network [10], [15], [16], and learning an adaptive classifier
based on the distance metric minimization constrain [17], [18].

Although existing UDA works have significantly advance on
the unlabeled target domain, the standard assumption of UDA
is that the source domain contains sufficient labeled data to
support model training. However, the scenes in a real-world
scenario are complex and diverse, and the source domain may
suffer from high annotation costs or limited labeled data. For
example, the data annotation of medical images is expensive
due to the high cost of inviting domain experts [19], [20].
Furthermore, the failure rate of rotating machines is very
low, leading to rare labeled fault data in fault diagnosis [21],
[22]. Hence, there is a strong motivation to achieve UDA
with few labeled source data, commonly referred as few-shot
unsupervised domain adaptation (FUDA) [23]-[26].

The challenges of FUDA mainly include three points: 1)
only a few samples in the source domain are annotated, while
the remaining source and target samples are unlabeled. 2)
The effectiveness of domain adaptation can be compromised
when transfer objects are insufficient, as this may lead to an
inaccurate measurement of the domain gap, either overstat-
ing or understating the actual distribution shift between the
source and target domains. 3) Previous UDA methods are
not suitable for FUDA due to the insufficiency of the source
knowledge. Recently, inspired by the self-supervised learning
(SSL) strategy in cross-domain few-shot learning [27], [28],
researchers have introduced SSL to explore the latent semantic
correspondence between the source and target domains [23],
[24]. For instance, CDS [23] considered the domain gap
issue in SSL and proposed in-domain and across-domain
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self-supervision to explore the discriminative features and
domain-invariant representations. PCS [24] proposed a cross-
domain prototypical learning strategy that enhances source
representations and target task training.

Although previous methods made great progress in FUDA,
most of the current FUDA methods do not fully consider the
latent correspondence between labeled and unlabeled data of
the source domain, which may introduce noise information
during the adaptation process and aggravate the shortage
of labeled samples. In particular, simply using limited la-
beled samples to guide pseudo-label assignment for unla-
beled instances often overlooks the intrinsic semantic relations
or distributional structures among source samples, leading
to inaccurate or unstable predictions. Moreover, mislabeled
source samples can propagate errors into subsequent feature
alignment stages, further exacerbating negative transfer. This
shortcoming becomes more severe when there is a large
discrepancy between the labeled and unlabeled subsets, as the
available labeled samples may not provide sufficient diversity
to cover the global distribution of the source domain.

Besides, existing approaches generally align the source and
target domains directly, but they overlook domain-irrelevant
information in both domains. Such information—ranging from
low-level background cues to spurious correlations embedded
in certain categories—can distort the learned model repre-
sentation when explicitly forced to match across domains.
For instance, the labeled subset in the source domain might
contain instances with background clutter or confounding
factors unrelated to the class semantics, yet direct alignment
treats these factors as equally important for cross-domain
matching. Consequently, irrelevant features may be amplified
and transferred to the target domain, compromising adaptabil-
ity and leading to suboptimal performance. This can result
in potential distortion in model training caused by irrelevant
information in the source domain, which in turn may engender
poor generalization to the target domain and ultimately cause
negative transfer issues.

To solve the aforementioned challenges, in this paper, we
propose a novel FUDA approach, adaptive dispersal and col-
laborative clustering (ADCC), for cross-domain image classifi-
cation. Considering the latent correspondence between labeled
data and unlabeled data in the source domain, we present
an Intra-domain Collaborative Clustering (ICC) method that
leverages the latent correspondence between labeled and un-
labeled samples. By using labeled source data as factors of
a dictionary, ICC jointly considers the feature similarities,
distributional proximity, and semantic links between labeled
and unlabeled instances. This collaborative process helps re-
fine pseudo-labels for unlabeled source data by integrating
multiple “clustering factors”, effectively filtering out noise and
improving the reliability of pseudo-label generation. Unlike
conventional methods that either rely solely on cluster centers
or treat all unlabeled data equally, our ICC strategy capitalizes
on multiple labeled prototypes in each category to reduce
the adverse impact of outliers and better capture subtle class
boundaries.

Moreover, a cross-domain adaptive dispersal scheme is
designed to alleviate the difficulty of domain alignment. In-

stead of forcing direct alignment between source and target
distributions, which can amplify domain-irrelevant content,
our method constructs an intermediate “mix-up” domain as
a soft bridge between them. Specifically, in the early stage
of training, we form a mix-up domain that is closer to the
unlabeled target domain to encourage a more natural transition
and reduce abrupt distribution shifts. Then, we adaptively
adjust the mix-up ratio toward the source domain over time,
while also drawing the target domain closer to this evolving
intermediate distribution. This “curriculum-like” progression
helps the model gradually adapt from target-like represen-
tations to source-like ones, thereby filtering out spurious or
domain-irrelevant features. Effectively, label information from
the source domain becomes more selectively transferred as the
mix-up domain shifts, so that only key semantic patterns are
consistently preserved, while extraneous or noisy attributes are
de-emphasized.
Our main contributions can be summarized as follows:

o We propose a novel adaptive dispersal and collaborative
clustering (ADCC) method for the challenging FUDA
task, which further takes the relationship between labeled
and unlabeled source data and domain-irrelevant informa-
tion into consideration.

e We introduce Intra-domain Collaborative Clustering
(ICC) to comprehensively explore the correspondence
and distributional information among labeled and unla-
beled source samples. By building a multi-factor dictio-
nary, our model can generate more accurate pseudo-labels
for unlabeled source samples, and thereby better combat
the scarcity of labeled data.

¢ A novel cross-domain adaptive dispersal scheme is pro-
posed to address the domain alignment problem in
FUDA. By constructing an intermediate mix-up domain
and gradually shifting focus from target-like to source-
like distributions, our approach avoids the abrupt usage
of domain-irrelevant features and achieves smoother and
higher-fidelity transfer.

« Extensive experiments on four datasets were conducted
to evaluate the performance of ADCC (i.e., Office3l,
Office-Home, miniDomainNet, and VisDA-2017) and it
outperforms SOTA FUDA approaches with large margins.

The remainder of this article is structured as follows. Section
II provides a brief review of related work in the field. The
proposed ADCC method and its optimization algorithm are
detailed in Section III. The experimental results and analysis
for several FUDA tasks are presented in Section IV. Finally,
we conclude this article in Section V.

II. RELATED WORK
A. Unsupervised Domain Adaptation (UDA)

As a branch of transfer learning, UDA aims to transfer
knowledge from a single source domain to a single target
domain, under the strong assumption that the source domain
has fully labeled data while the target domain lacks labels.
Specifically, learning domain-invariant representations is the
main objective of most UDA approaches. Based on the
learning strategy for domain-invariant representations, current
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Fig. 1. The overview of the proposed ADCC method. In ICC, we first calculate the center for each cluster, then update the center by using multiple labeled
source samples until the cluster center is not changed. Finally, the pseudo-labels generated by ICC are utilized to explore more discriminative information
of the source domain. Specifically, the solid lines denote relationships between each sample and its corresponding cluster center (black and small shape).
The arrows show how unlabeled source samples connect to their nearest cluster centers for pseudo-label generation, reflecting the collaborative representation
process. In cross-domain adaptive dispersal, ds7 denotes the Wasserstein distance from the source domain to the intermediate domain and dy7 denotes the
Wasserstein distance from the target domain to the intermediate domain, the adaptive mix-up ratio A is updated by dsz and d77z. By adaptively adjusting
the mix-up ratio, the intermediate domain is gradually closer to the source domain, thus achieving smooth domain alignment. The matching region denotes
the subset of source and target samples with overlapping feature distributions that facilitate effective domain alignment.

UDA approaches can be concretely divided into distance-
based methods [17], [27]-[29] and adversarial learning-based
methods [30]-[32]. The distance-based methods [17], [27]-
[29] measure the domain discrepancy using a distance al-
gorithm explicitly and minimize this discrepancy to learn
domain-invariant representations. A typical work utilizing met-
ric learning to achieve domain-invariant representations is JAN
[29], which proposed the joint maximum mean discrepancy
(JMMD) to simultaneously adjust the marginal and conditional
distributions, creating robust feature representations for cross-
domain classification. The adversarial learning-based methods
[30]-[32] construct a min-max game between the feature
generator and domain discriminator, confusing the discrimi-
nator to learn domain-invariant representations. DANN [33]
proposed the gradient reversal layer (GRL) to perform the ad-
versarial paradigm between the feature generator and domain
discriminator.

Recently, researchers have focused on various factors in
learning domain-invariant representations to further alleviate
the domain shift issue. BuresNet [17] introduces the Con-
ditional Kernel Bures (CKB) metric to measure and reduce
the gap between conditional distributions, addressing common
oversights in previous methods. The CKB metric, operating
under the optimal transportation framework, can be integrated
into deep networks as BuresNet, effectively extracting condi-
tional invariant features for UDA. CAF [27] uses Wasserstein
distance minimization for domain alignment and employs dual
classifiers to enhance semantic consistency by aligning target
features with source data class-wise. CDAN [30] proposed
two conditioning strategies: multilinear conditioning to capture
cross-covariance between features and classifier predictions,

and entropy conditioning to control prediction uncertainty.
DALN [31] introduces an adversarial learning network with-
out a discriminator, repurposing the category classifier as
the discriminator for explicit domain alignment and category
distinction. Although previous methods have made significant
progress in UDA tasks, most require sufficient labeled source
data to support model training for image classification, which
may not be suitable in the sparse source label setting of FUDA.

B. Few-shot Unsupervised Domain Adaptation (FUDA)

FUDA focuses on a more challenging setting where only
a few (even one-shot) source domain samples are annotated,
while the remaining source and target samples are unlabeled.
Existing FUDA approaches [23]-[26], [34]-[36] mainly intro-
duce self-supervised learning (SSL) to investigate a common
embedding space across both the source and target domains.
CDS [23] proposed in-domain SSL to learn discriminative
features within a domain and across-domain SSL to better
transfer knowledge in a few-shot source domain. PCS [24]
utilized prototypes of the source and target domains to boost
model performance and integrated all parts into an end-to-end
framework. C-VisDiT [26] further considered the confidence
of source samples and the transfer difficulty of the unlabeled
target data in the FUDA problem. TSECS [34] learns high-
level semantic features to improve image-to-class similarity
measurement and employs a cross-domain self-training strat-
egy and KL divergence minimization to better align source and
target domains, enhancing classification performance. SAMix
[35] uses a spectral sensitivity map and target-style image
generation to enhance model generalization with limited un-
labeled target domain samples. PAC [36] improves prototype
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quality and enhances target domain generalization through new
computation strategies for both in-domain and cross-domain
contrastive learning.

Although significant progress has been made, current FUDA
methods do not fully consider the correspondence between
labeled and unlabeled samples in the source domain. Con-
sequently, the model cannot obtain sufficient information to
support knowledge transfer. Furthermore, the negative impact
of domain-irrelevant information on domain alignment is not
well mitigated in FUDA. Therefore, we propose the ADCC
method to tackle these weaknesses.

C. Few-shot Learning (FSL)

The aim of FSL in image classification lies in building a
trainable model capable of adapting to novel few-shot tasks.
Current FSL methods can be roughly divided into transfer
learning-based approaches [37], [38] and meta-learning-based
methods [39]-[41]. In transfer learning-based methods, the
model is first pre-trained on a large dataset containing base
classes. Subsequently, the pre-trained model is fine-tuned for
the few-shot tasks involving new categories. Ling et al. [37]
proposed a pseudo-label acquisition scheme to alleviate the
scarcity of labeled samples. In meta-learning-based methods,
the model is trained to utilize only few-shot training data
to perform well in new categories. Subramanyam et al. [39]
constructed a contrastive distillation strategy to adjust the
learned knowledge. Ji et al. [41] focused on catastrophic
forgetting and overfitting problems in FSL, adopting the class-
incremental learning technique to acquire knowledge in novel
tasks. However, FSL cannot handle the unavailability of labels
in the target domain. Therefore, FUDA facilitates the transfer
of knowledge from the labeled source domain to the unlabeled
target domain and addresses the issue of sparsely labeled
samples in the source domain, making it more practical and
challenging.

I[II. METHODOLOGY

To tackle the FUDA problem, we proposed a novel method
named ADCC, which exploits the correspondence and dis-
tribution information from the few-shot source domain and
constructs an intermediate mix-up domain to gradually align
the source and target domains. For a global understanding, we
provide the overview of ADCC in Figure 1.

A. Preliminary

In FUDA problem, we have two domains drawn from
diverse distributions. The source domain is drawn from the
source distribution Ps(x,y), but only a few data in the
source domain are annotated, and the remaining source data
are unlabeled. The labeled source data can be denoted as
S = {(z},y})};2, and the unlabeled source data can be
denoted as S, = {(z%)}.-5,, ns and n% denote the number
of labeled samples and unlabeled samples of source domain,
respectively, and nfs < n%. The unlabeled target domain
T = {(z])}?7, contains ny unlabeled samples drawn from
the target distribution Py (z,y). In this work, we focus on the
image classification tasks, where both the source domain and
target domain have the same label space Y = {1,2,..., K}
with K categories.

B. Intra-domain Collaborative Clustering

In FUDA, the main challenge of knowledge transfer is the
shortage of labeled source data. Although there is a consider-
able amount of unlabeled source data, it often contains noise
and domain-irrelevant information, which can degrade the
learning of domain-invariant representations. In this context,
domain-irrelevant features refer to information that do not
contribute to effective domain alignment and may introduce
noise or ambiguity, hindering adaptation. For example, on the
Office-Home dataset, current SOTA approaches PCS [24] and
C-VisDiT [26] only achieve 45.5% and 56.9% on the unlabeled
source domain, respectively, demonstrating that simply relying
on limited labeled data and naive handling of unlabeled
data cannot yield sufficient discriminative information. Con-
sequently, negative transfer becomes inevitable since domain-
irrelevant parts are carried over to the target domain.

Although prototypical contrastive learning (e.g., PCS [24])
captures semantic structures based on distances between sam-
ples and their cluster centers, it overlooks the relationships
between labeled and unlabeled source samples. In fact, both
labeled S; and unlabeled S, source data share a common
distribution Ps(x,y), indicating that they may contain highly
similar semantic structures. Therefore, relying solely on cluster
centers risks missing crucial label-unlabeled relations and can
leave noise unfiltered.

To address these issues, we propose intra-domain collabo-
rative clustering (ICC). By collaboratively representing unla-
beled samples in terms of both labeled data and cluster struc-
tures, ICC makes more effective use of the labeled—unlabeled
relationships to improve pseudo-label quality. This process not
only filters out noisy and domain-irrelevant information in the
unlabeled source domain but also furnishes richer supervision
for learning. Consequently, ICC provides a stronger, domain-
relevant signal for transfer and helps alleviate negative transfer
across the source and target domains.

Specifically, we set multiple factors for each cluster based
on the embedded representation of labeled source data and uti-
lize collaboration representation-based distance measurement
to calculate the pseudo-labels of S,,. For the setting of FUDA,
there are M -shot labeled source samples in every category,
and the clusters are expressed as C' = {Cy}X_ . Thus, the
clustering center of k-th cluster C is initialized by the mean
of the labeled source samples as:

LM
_ 1
cp = leG<mj,k)a (D
=

where c¢; denotes the clustering center of k-th cluster Cy,
G(-) denotes the feature generator that generates the em-
bedded representation of the samples, xé-’k denotes the j-
th labeled sample that belongs to the k-th category/cluster.
Hence, for the k-th cluster, the factors can be defined as
F. = [G(a} ), .., G(ah ), ck]. Considering the relation
between labeled source data and unlabeled source data, we
introduce collaborative representation [42] to utilize multiple
factors for representing the unlabeled data while measuring the
distance between the labeled data and unlabeled data. For the
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Algorithm 1 Intra-domain Collaborative Clustering

Input: All labeled source domain S; = {(z, y!) ;isl; a mini-
batch of unlabeled source domain S,, = {(z%)} 2., ; batch-
size B.

Output: Pseudo-labels P of samples in unlabeled source
domain P = {pj,gjj}le.

1: Calculate the initialize cluster center by Eq. (1).

2: while true do

33 foriin 1:] do

4: Estimate the distance d;;, by Eq. (2).

5: Locate the cluster label arg mini<x<x dik.

6: Update each of the cluster and their relevant center
by Eq. (5).

7. end for

8:  if The centers are not further change then

9: Compute the soft pseudo-labels and hard pseudo-
labels by Eq. (6).

10: break

11:  end if

12: end while

i-th unlabeled source sample, the distance to the k-th category
can be calculated as:

dix = |G(a = Frpi)3, )
where p; 1, € RM+1 denotes the sub-coefficient vector linked
to the k-th cluster and p; = [p;.1,pi2, ..., pi.x|’ . Following
[42], pi x can be analytically derived as:

pik = (FL Fy+ )T FL - G(a}), 3)

3

where I is a unit diagonal matrix. A = 0.01 is the regular-
ization parameter. Thus, the cluster result of the unlabeled
sample x}' is r; = argmin; ., . ;d; . Then, each cluster and
their centers can be updated as follows:

Cyr, = Cr, UG(x}), 4
. 1 .
éj = @i > Glan) Vi=1,2,..,K, (5)
J G("En)eéj
where ¢; is the updated center of the j-th cluster, which is
used to update the factors in the next iteration.

When the cluster centers do not change after several itera-
tions, we obtain the final cluster C' = {C1,Cy,...,Ck}. The
soft pseudo-label p; = [p; 1, pi2, ..., Pi.i| Of unlabeled source
sample z;' can be obtained by:

e~ log(d;, ;/T)

K log(diwx/T)’
Y€ og(di,k/T)

Dij = (6)
where T is a temperature parameter and p; ; denotes the predict
probability that sample =} belongs to the j-th category. Then,
the hard label is y; = argmax;p; ;. The concrete steps of our
collaborative clustering are shown in Algorithm 1.

By considering the feature distribution and semantic struc-
ture of labeled samples, the clusters in our method are more
accurate and robust. Thus, we utilize the hard pseudo-labels
of S, to learn more discriminative information from unlabeled

source domain. Specifically, to mitigate the impact of the high
uncertainty samples, we measure the entropy of the predicted
probability distribution of a sample and exclude the high
uncertainty samples in discriminative information learning.
We utilize the cross-entropy loss to learn the discriminative
information from high-confidence unlabeled source data:

Lice= Y Lep(H(G(}), ), )

H(pi)<vy

where H(-) denotes the prediction entropy and H(-) denotes
the classifier. v = 0.6 is the entropy threshold parameter used
to filter out samples containing a high rate of domain-irrelevant
information. p; is the soft pseudo-label corresponding to the
unlabeled source sample x}'.

C. Cross-domain Adaptive Dispersal

Domain alignment in FUDA is inherently challenging due to
the scarcity of labeled source data and the noise in unlabeled
source samples. While previous methods [23], [24] utilized
self-supervised prototypical learning to mine domain-invariant
and transferable features, they often rely on explicit align-
ment between source and target domains. However, this rigid
alignment can unintentionally introduce domain-irrelevant in-
formation, especially when dealing with unlabeled or noisy
data, thereby impairing performance on the target task. Thus,
we propose a cross-domain adaptive feature dispersal strategy.
Unlike static alignment schemes, our strategy dynamically
adjusts mix-up ratios between domains in a curricula-like
manner. By initially aligning the mixed domain closer to
the target domain and progressively leveraging the strong
supervision from the source domain, the model can gradually
bridge the domain gap while suppressing irrelevant features.
This dynamic process ensures that only the most transferable
and domain-relevant information is emphasized throughout
training, leading to more robust and effective adaptation in
the FUDA setting.

1) Intermediate Mix-up Domain Constructing: Based on
the insight that the knowledge transfer is from the source
domain to the target domain, we leverage the labeled source
samples that are closer to the target samples, to construct
the intermediate mix-up domain. The Euclidean distance is
employed to estimate the similarity between the source and

target samples. For the target-source sample pair (xf,:cé) in
each iteration, the similarity score can be defined as:
— T l
sij = |G(z;) — G(x3)|l2- (8)

Then, the index j, of the nearest labeled source sample for the
target sample 2/ can be obtained by the similarity score:

ji = argmin(s;;). ©))
J

Therefore, the reformulated labeled source data (},7}), ob-
tained using the index j;, can be expressed as:

(@5, 91) = (25 . 95)- (10)

As the mix-up technique has made great progress in self-
supervised learning, we try to apply mix-up technique to our
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FUDA transfer task. The motivation for utilizing the mix-up
technique in FUDA is to represent the unlabeled target data
with the nearest labeled source data, which matches the basic
concept of adaptation. Therefore, we construct an intermediate
mix-up domain Z = {(z7,y?)}"7, by the unlabeled target
data and their relevant nearest labeled source data as:

af =23+ (1 - Na], (11)

yi =M+ (1= Nyl (12)
where A is the adaptive mix-up ratio. During training, the mix-
up ratio can be adjusted to control the intermediate mix-up
domain closer to the source domain or the target domain.

2) Adaptive Mix-up Ratio: The mix-up ratio in previous
works was generally selected by the fixed or randomized
sampling strategy, such as beta distribution and Dirichlet dis-
tribution [26], [43]-[45]. However, in FUDA setting, domain
alignment becomes challenging due to the scarcity of trans-
ferable objectives in the few-shot source domain. Therefore,
the key insight lies in the sampling strategy of the mix-up
ratio. In addition, Mai et. al. [46] also claimed that if the
mix-up ratio was sampled from some distribution or a fixed
value, the feature alignment would still be difficult or lead to
a suboptimal solution.

To remedy such an issue, we propose an adaptive mix-up
ratio strategy to enhance feature alignment in FUDA. Specif-
ically, we utilize the Wasserstein distance d,, (-, -) to measure
the distribution distance between the embedded representations
of labeled source data S;, unlabeled target data 7, and interme-
diate mix-up domain data Z. The distance from S; to Z can be
defined as dsz = d,(G(S;), G(Z)) and the distance from T
to Z can be defined as drz = d,(G(T),G(Z)). Compared
to the unlabeled target domain, the labeled source domain
contains more supervised information that is utilized to align
features. Thus, we set the intermediate mix-up domain closer
to the unlabeled target domain by a smaller initialize mix-up
ratio in the early stage of model training. As the training goes
on, the intermediate mix-up domain gradually gets closer to
the source domain by adaptively increasing the mix-up ratio.
Guided by the intermediate mix-up domain, the target is also
pushed towards the source domain since the distance dyz is
already small. Hence, by adjusting the mix-up ratio adaptively
in a curriculum learning way [47], the domain alignment in
FUDA goes more smoothly, and the model is more robust in
domain-irrelevant information.

Specifically, we first calculate a weighted factor v to esti-
mate the degree of closeness from the labeled source domain
to the intermediate mix-up domain:

v = exp(— T)’ (13)
where T' denotes the temperature factor and set to 0.05. During
the adaptation process, v is small in the early stages since the
domain 7 is initially set closer to the target domain. Then, we
adjust the mix-up ratio A by a linearly incremental component
to gradually guide the intermediate mix-up domain closer to

Algorithm 2 ADCC method for FUDA

Input: All labeled source domain data S; = {(xi,yﬁ)};él,
unlabeled source domain data S,, = {(x}‘)}le; unlabeled
target domain data; hyperparameters A;cc and \z; batch-
size B; maximum iteration number [; initial mix-up ratio
A

Output: Predicted target domain labels {(97)}77;.

1: for iin 1:/ do

2:  Randomly sample a mini-batch data from each of the

unlabeled source and unlabeled target domains.

3:  Construct the intermediate domain Z by the mix-up

ratio \ and Eqgs. (11) and (12).

4:  Align source and target domains to the intermediate

domain through L7.

5:  Calculate the pseudo-labels of unlabeled source domain

data by Algorithm 1.

6:  Calculate the intra-domain collaborative clustering loss

through Lrcc.

7:  Calculate the baseline model loss function through

L:baselin@
Calculate the final loss function by L apcc-
Update the mix-up ratio A through Eqs. (13), (14), and
(15).
10: end for

the source domain. The adaptive adjustment strategy for mix-
up ratio A can be defined as:
e(l1—v)

E
where e is the current epoch number and F is the total number
of the training epochs. To make sure that the stability of the
mix-up ratio in training, we introduce a random perturbation
on ). as:

Ae = + VA1, (14)

Ae = R(U(X\e — 0, A\¢ + ), min = 0.0, max = 1.0), (15)

where o is the random perturbation parameter and U is the
relevant uniform distribution. The range of the mix-up ratio is
restricted to [0.0,1.0] by R(+, -, ).

3) Cross-domain Alignment.: Based on the adaptive mix-
up strategy, alignment between the source and target domains
can occur in a smoother way instead of directly aligning
two distributions. Hence, we opt to directly utilize the cross-
entropy loss for optimizing the intermediate mix-up domain:

L1 =Y Lop(H(G())),y}). (16)
=1

D. Baseline Model

In our work, we introduce a general FUDA model as the
baseline model of our method, which is also constructed by a
shared feature generator G(-) and a category classifier H(-).
For labeled data in the source domain S;, we utilize cross-
entropy loss to optimize the feature generator and category
classifier for classification:

=1
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(a) Office31 (b) Office-Home

Fig. 2. Some image examples from four domain adaptation datasets.

For the unlabeled target data, following [32], the mutual
information maximization loss is employed to improve the
quality of the target pseudo-labels. The expression of the
mutual information maximization loss is:

K nr
1
Lo == p® log p™) + o > (o] logp]), (18)
k=1 i=1

where pZT is the prediction of sample .II;T, which generated by
the classifier with a softmax layer. p(*) is the k-th element
of the mean of all samples’ prediction and p = - >77) p].
(-,-) denotes the inner product operation.

To facilitate cross-domain feature alignment, we addition-
ally incorporate the prototypical self-supervised learning loss
[24] to bolster the model’s performance. Due to the page limit,
more details of Lggr, can be referred to [24].

Hence, the comprehensive loss function of the baseline
model can be formulated as:

Ebaseline = Ecls + )\MI»CMI + )‘SSL‘C'SSLa (19)

where \y; and \ggy, are hyper-parameters.

E. Learning for FUDA

Our ADCC method mainly constructs intra-domain collab-
orative clustering and cross-domain adaptive mix-up strategies
for the FUDA problem. Finally, when integrated with the
baseline model, the overall loss function with hyperparameters
Arcc and Az of ADCC is expressed as:

Lapcc = Lpaseline + ArccLicc + ALz (20)

The concrete steps of ADCC are shown in Algorithm 2.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We evaluated and compared the SOTA ap-
proaches with our method on four popular datasets (i.e.,
Office31, Office-Home, miniDomainNet, and VisDA-2017).
Sample images from these four datasets are shown in Figure
2 and the statics of all the datasets are shown in Table I.

The Office31 [50] dataset is a popular domain adapta-
tion benchmark that comprises 4,110 images spanning 31
categories across 3 domains: A (Amazon, the image are
sampled from the online merchants), D (Dslr, the images are

(d) VisDA-2017

(c) miniDomainNet

TABLE 1
STATICS OF THE DATASETS USED TO EVALUATE THE PROPOSED METHOD

Dataset Sub-domain  Abbr. #Source sample #Class

Amazon A

Office31 Dslr D 1shot/3shots 31
Webcam w
Art Ar
Clipart Cl

Office-Home Product Pr 3%/6% source samples 65
Real world Rw
Clipart Cli
. . Painting Pnt

miniDomainNet 1shot/3shots 126
Real Rel
Sketch Skt

VisDA-2017 ~ Symthetic S 1010 source samples 12

Real R

sampled from the high-resolution digital SLR camera), and
W (Webcam, the images are sampled from the low-resolution
web camera).

The Office-Home [51] dataset is a more challenging domain
adaptation benchmark, which consists of 15,500 images, cov-
ering 65 common categories distributed across 4 domains: Ar
(Art, includes a more abstract and varied visual style images),
C1 (Clipart, includes simplistic, cartoon-like images that pose
a unique challenge due to their lack of texture and realistic
detail), Pr (Product, comprises images of various consumer
goods, typically presented in a clean and isolated manner),
and Rw (Real-world, contains images captured from everyday
environments, providing a realistic and diverse set of visual
representations).

The miniDomainNet [52] dataset is a subset of the Domain-
Net dataset [53], featuring 126 common categories across 4
domains: Cli (Clipart, consists of simple, cartoon-like images
with minimalistic design and lack of texture), Pnt (Painting,
includes artistic representations that vary in style, color, and
texture), Rel (Real-world, encompasses photographs of real
objects and scenes), and Skt (Sketch, comprises hand-drawn
images, which are typically black-and-white line drawings that
lack the detailed texture and color information).

The VisDA-2017 dataset [54] is a large-scale dataset com-
prising a source training set with 152,409 synthetic images
and a target set with 55,400 real images. Both the source and
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TABLE II
CLASSIFICATION ACCURACY (%) ON THE OFFICE31 DATASET FOR FUDA USING THE RESNET-50 BACKBONE. THE BEST RESULTS ARE BOLDED.

Office31: Acc. (%) on the target domain (1-shot/3-shots)

Method ASD ASW DA DoW WA W=D Ave.

Source Only 33.6/51.2 21.5/44.8 43.5/57.4 60.8/82.9 41.5/52.3 63.3/83.2 44.0/62.0
MME [48] (ICCV’19) 21.5/51.0 12.2/54.6 23.1/60.2 60.9/89.7 14.0/52.3 62.4/91.4 32.3/66.5
CDAN [30] (CVPR’18) 11.2/43.7 6.2/50.1 9.1/65.1 54.8/91.6 10.4/57.0 41.6/89.8 22.2/66.2
MDDIA [49] (ICML’20) 45.0/62.9 54.5/65.4 55.6/67.9 84.4/93.3 53.4/70.3 79.5/93.2 62.1/75.5
DALN [31] (CVPR’22) 55.2/68.6 59.1/70.8 60.3/73.9 89.2/94.0 58.5/72.8 85.7/94.5 68.0/79.1
DGWA [10] (TMM’24) 58.7/69.9 62.3/71.7 64.1/75.6 89.9/94.1 61.3/74.2 89.4/95.2 70.9/80.1
CDS [23] (arXiv’20) 52.6/65.1 55.2/68.8 65.7/71.2 76.6/88.1 59.7/71.0 73.3/87.3 63.9/75.3
PCS [24] (CVPR’21) 60.2/78.2 69.8/82.9 76.1/76.4 90.6/94.1 71.2/76.3 91.8/96.0 76.6/84.0
C-VisDiT [26] (ICCV’23) 74.1/82.7 72.3/86.0 75.7/76.5 93.2/95.0 76.4/76.9 94.2/97.0 81.0/85.7
ADCC ‘ 76.7/86.1 74.8/89.7 78.1/79.3 94.7/96.3 79.8/81.0 95.9/98.3 ‘ 83.0/89.0

TABLE IIT

CLASSIFICATION ACCURACY (%) ON THE OFFICE-HOME DATASET FOR FUDA USING THE RESNET-50 BACKBONE. THE BEST RESULTS ARE BOLDED.

Method Office-Home: Acc. (%) on the target domain A
etho Ar—Cl Ar—Pr AroRw CIoAr Cl—Pr CI-Rw Pr—Ar Pr—Cl ProRw Rw—Ar Rw—Cl Rw—Pr| Ve
3% labeled source sample
Source Only 24.8 39.1 43.4 22.7 31.5 30.2 29.7 28.2 40.9 35.8 22.6 44.6 32.8
MME [48] (ICCV’19) 4.5 154 25.0 28.7 34.1 37.0 25.6 254 449 39.3 29.0 52.0 30.1
CDAN [30] (CVPR’18) 5.0 8.4 11.8 20.6 26.1 27.5 26.6 27.0 40.3 38.7 25.5 449 252
MDDIA [49] (ICML’20) 21.7 37.3 42.8 29.4 439 442 37.7 29.5 51.0 47.1 29.2 56.4 39.1
DALN [31] (CVPR’22) 26.8 455 522 36.8 46.1 50.7 49.9 47.5 63.3 60.0 352 67.5 48.5
DGWA [10] (TMM*24) 28.2 46.9 54.3 44.6 47.8 51.2 54.2 41.5 65.2 63.9 40.7 69.1 50.6
CDS [23] (arXiv’20) 43.8 55.5 60.2 51.5 56.4 59.6 51.3 46.4 64.5 62.2 52.4 70.2 56.2
PCS [24] (CVPR’21) 42.1 61.5 63.9 52.3 61.5 61.4 58.0 47.6 73.9 66.0 52.5 75.6 59.7
C-VisDiT [26] (ICCV’23) | 44.1 66.8 67.0 54.9 66.4 66.8 60.5 479 75.7 67.2 51.6 78.8 62.3
ADCC | 45.3 70.2 68.2 56.3 68.7 72.2 61.7 48.1 76.3 68.6 53.9 80.1 | 64.1
6% labeled source sample
Source Only 28.7 442 47.9 314 425 39.4 37.2 333 59.7 47.8 34.5 61.4 423
MME [48] (ICCV’19) 27.6 432 49.5 41.1 46.6 49.5 43.7 30.5 61.3 54.9 37.3 66.8 46.0
CDAN [30] (CVPR’18) 26.2 33.7 44.5 34.8 429 44.7 42.9 36.0 59.3 54.9 40.1 63.6 43.6
MDDIA [49] ICML"20) 25.1 44.5 51.9 35.6 45.7 50.3 48.3 37.1 64.5 58.2 36.9 68.4 47.2
DALN [31] (CVPR’22) 30.3 48.7 55.6 40.3 49.3 53.8 53.7 41.3 67.6 61.3 39.6 70.1 51.0
DGWA [10] (TMM’24) 30.7 50.1 57.5 47.2 51.3 55.5 56.7 44.5 68.7 65.7 43.6 71.3 53.6
CDS [23] (arXiv’20) 45.4 60.4 65.5 54.9 59.2 63.8 554 49.0 71.6 66.6 54.1 754 60.1
PCS [24] (CVPR’21) 46.1 65.7 69.2 57.1 64.7 66.2 61.4 479 75.2 67.0 53.9 76.6 62.6
C-VisDiT [26] (ICCV’23) | 46.5 69.8 72.5 60.2 71.2 71.2 64.1 49.0 78.5 69.1 52.8 80.1 65.4
ADCC \ 47.3 72.1 73.2 64.8 73.7 71.7 65.8 50.3 78.9 70.0 54.2 80.9 \ 67.0

target sets share 12 common categories.

2) Protocols: Due to the challenges inherent in the FUDA
setting, the standard protocols used in the above four datasets
are not suitable for comparison. In line with prior research
[23], [24], we conducted experiments utilizing 1-shot and 3-
shot source labels per class on the Office31 and miniDo-
mainNet datasets. For the Office-Home dataset, we randomly
sampled 3% and 6% labeled source samples for every single
class following [23]. For VisDA-2017, we show results in
settings with 0.1% and 1% labeled source domain as suggested
in [26]. Such sampling was conducted for five times and the
average result is reported.

3) Implementation Details: We implemented and evalu-
ated our method on the PyTorch platform [55]. The version
of PyTorch is 1.8.0. All the experiments were run on a
Nvidia GeForce RTX-4090 GPU, and the CUDA version is
12.0. For the miniDomainNet and VisDA-2017 datasets, we

employ ResNet-101 [56] as the backbone network. For the
Office31 and Office-Home datasets, we adopt ResNet-50 as
the backbone network. In both ResNet-50 and ResNet-101,
the last fully connected (FC) layer is substituted with a 512-
dimensional linear layer. We utilize stochastic gradient descent
(SGD) as the optimizer, with a momentum parameter of 0.9
and a weight decay of le-3. Throughout training, the learning
rate was initially set to le-3 and adjusted using the LambdalLR
strategy [55].

4) Competitors: We selected several state-of-the-art
(SOTA) approaches to evaluate the advancements of the
proposed ADCC method. These include FUDA SOTA
approaches such as CDS [23], PCS [24], and C-VisDiT
[26]. Additionally, to highlight the challenges of the FUDA
scenario, we selected several standard domain adaptation
approaches and reproduced them under the FUDA setting.
These include MME [48], CDAN [30], DALN [31], DGWA
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TABLE IV
CLASSIFICATION ACCURACY (%) ON THE MINIDOMAINNET AND VISDA-2017 DATASET FOR FUDA USING THE RESNET-101 BACKBONE. THE BEST
RESULTS ARE BOLDED.

Method miniDomainNet: Acc. (%) on the target domain Av VisDA-2017: Acc. (%) on
Rel—Cli Rel—Pnt Rel—Skt Pnt—Cli Pnt—Rel Cli—+Skt Skt—Pnt & the target domain
1-shot labeled source sample / 3-shots labeled source sample 0.1% labeled 1% labeled
Source Only 23.1/347 34.2/46.5 19.5/27.8 18.7/27.6 30.8/51.6 14.8/27.4 15.2/25.5 | 24.2/34.4 50.1 55.3
MME [48] (ICCV’19) 13.8/22.8 29.2/46.5 9.7/145 16.0/25.1 26.0/50.0 13.4/20.1 14.4/24.9 | 17.5/29.1 55.6 69.4
CDAN [30] (CVPR’18) 16.0/30.0 25.7/40.1 12.9/21.7 12.6/21.4 19.5/40.8 7.2/17.1  8.0/19.7 | 14.6/27.3 58.0 61.5
DALN [31] (CVPR’22) 25.6/347 29.3/46.5 17.6/26.6 15.9/28.3 22.1/47.4 14.7/22.5 13.2/23.8 | 19.8/32.8 61.7 62.1
DGWA [10] (TMM’24) 27.8/38.2 32.2/48/9 21.3/30.1 18.6/33.5 26.0/50.2 17.8/28.1 16.9/27.3 | 22.9/36.6 64.3 63.8
CDS [23] (arXiv’20) 16.7/35.0 24.4/43.8 11.1/36.7 14.1/34.1 15.9/36.8 13.4/31.1 19.0/34.5 | 16.4/36.0 342 67.5
PCS [24] (CVPR’21) 39.0/45.2  51.7/59.1 39.8/41.9 26.4/41.0 38.8/66.6 23.7/31.9 23.6/37.4 | 34.7/46.1 78.0 79.0
C-VisDiT [26] (ICCV’23) | 39.5/45.7 48.8/57.4 38.7/45.7 26.7/42.5 43.3/68.2 26.5/33.6 27.5/43.8 | 35.9/48.1 79.2 80.5
ADCC | 41.8/47.6 51.8/59.5 40.2/47.9 29.1/43.9 45.6/70.4 29.7/35.8 29.4/46.3 | 38.2/50.2 80.5 81.7
TABLE V
CONTRIBUTION OF EACH COMPONENT TO PERFORMANCE ON THE OFFICE3 1 DATASET.
r r \ Office31: Acc. (%) on the target domain (1-shot/3-shots) \ Av

rec I [ ASD A=W D—A D—W W—A W=D | &

X X 63.8/78.6 71.4/83.5 77.0/77.8 90.3/94.3 72.9/76.3 91.5/96.2 77.8/84.5

v X 74.3/84.0 70.6/87.6 77.6/78.5 92.9/95.2 77.5/79.8 94.2/97.4 81.2/87.1

X v 73.7/82.9 70.0/87.3 77.2/71.5 92.5/95.0 77.3/78.2 94.1/97.1 80.8/86.3

v v 76.7/86.1 74.8/89.7 78.1/79.3 94.7/96.3 79.8/81.0 95.9/98.3 83.0/89.0

[10], and MDDIA [49]. It is noteworthy that the experimental
results for the FUDA approaches are reported from their
original papers, while the results for the standard DA
approaches are reported using their publicly available code.

B. Comparisons to the State-of-the-art (SOTA)

1) Office31 and Office-Home: As shown in Tables II and
III, comparing the standard UDA methods MME [48], CDAN
[30], and MDDIA [49], we observe that the few-shot source
domain cannot directly improve the classification performance
by the standard UDA methods, which verifies that the FUDA
setting is indeed challenging. Note that the current SOTA
approach is C-VisDiT [26], in both the Office31 and Office-
Home datasets, our ADCC surpasses C-VisDiT in all the ex-
perimental tasks and obtains the highest average classification
performance (83.0% (1-shot) and 89.0% (3-shots) in Office31
and 64.1% (3% labeled source samples) and 67.0% (6%
labeled source samples) in Office-Home). Different from the
baseline PCS [24] and the SOTA method C-VisDiT, ADCC
further considers the relation between the labeled source data
and the unlabeled source samples by the ICC module. The
more accurate pseudo-labels generated by the ICC module for
the unlabeled source data further boost the model’s perfor-
mance in exploring discriminative information. In addition, the
C-VisDiT also adopted the mix-up technique to augment the
feature representation, but our ADCC still outperforms the C-
VisDiT since the process of domain alignment was optimized
by the adaptive dispersal strategy.

2) miniDomainNet and VisDA-2017: Table IV presents the
classification accuracies on the miniDomainNet and VisDA-
2017 datasets, respectively. It can be observed that our ADCC

can achieve significant progress compare with the SOTA meth-
ods in both the miniDomainNet and VisDA-2017 datasets.
Specifically, ADCC outperforms the SOTA methods in most
of the experimental tasks and achieves the best classification
accuracies (38.2% (1-shot) and 50.2% (3-shots) in miniDo-
mainNet and 80.5% (0.1% labeled source samples) and 81.7 %
(1% labeled source samples) in VisDA-2017). Overall, these
results strongly demonstrate that intra-domain collaborative
clustering and the cross-domain adaptive dispersal strategy are
suitable for improving domain transfer with few-shot labeled
source domain samples.

C. Further Analysis

1) Ablation Study: To comprehensively assess the efficacy
of each component in our proposed approach, we conducted a
thorough series of ablation studies on the Office31 dataset. The
pertinent results are presented in Table V. It is evident that all
the proposed components contribute significantly to the overall
performance improvement. Specifically, comparing the results
of the second row and the third row, the ICC significantly
boosts the classification performance since the ICC module
generates more accurate pseudo-labels. It facilitates the model
in exploring a wider range of discriminative information within
the source domain. Although the performance enhancement
achieved by only adopting the cross-domain adaptive dis-
persal strategy is not significant, the combination of ICC
and the cross-domain adaptive dispersal strategy significantly
improves the model performance. This is because the cross-
domain adaptive dispersal strategy promotes the transfer of
additional knowledge learned by the ICC module to the target
domain. These obtained results further demonstrate that each
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TABLE VI
COMPARISON OF DIFFERENT SAMPLING STRATEGY FOR MIX-UP RATIO ON THE OFFICE31 DATASET.

Office31: Acc. (%) on the target domain (1-shot/3-shots) \

i \
Settings I A=D ASW DA DoW WA W=D | Avg.
None 74.3/84.0 70.6/87.6 77.6/78.5 92.9/95.2 77.5/79.8 94.2/97.4 81.2/87.1
Closer to the Source 74.9/85.1 73.3/88.1 76.9/79.0 93.8/95.9 79.3/80.6 94.7/97.9 82.2/87.8
Random Sampling 75.1/82.9 73.5/87.7 76.8/78.1 93.9/95.7 77.8/78.5 94.7/97.9 82.0/87.5
Linear Sampling 75.8/85.5 74.2/88.9 77.5/78.7 94.3/96.1 78.4/80.3 95.1/98.3 82.6/88.0
Adaptive Adjustment 76.7/86.1 74.8/89.7 78.1/79.3 94.7/96.3 79.8/81.0 95.9/98.3 83.0/89.0
TABLE VII

COMPARISON OF DIFFERENT LABELED SOURCE SAMPLES ON THE MINIDOMAINNET DATASET.

Method \ 1-shot 2-shots 3-shots 4-shots 5-shots 6-shots 7-shots 8-shots 9-shots 10-shots fully-labeled
PCS 34.7 40.5 46.1 48.6 515 53.2 57.8 59.7 61.2 61.5 61.7
C-VisDiT 359 423 48.1 50.4 54.3 559 59.2 61.4 63.7 64.0 64.6
ADCC | 382 44.8 50.2 534 56.2 58.5 60.7 63.8 65.5 66.2 67.1
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Fig. 3. The confusion matrices of different methods on task A—W (Office31).

component of our proposed method is effective for FUDA
issue.

2) Superiority of the Adaptive Dispersal Strategy: Since
the cross-domain adaptive dispersal strategy plays a key role
in cross-domain alignment, we further compare it with two
alternative mix-up strategies: the general mix-up strategy [26],
where the mix-up ratio is sampled from a beta distribution
Beta(0,1), and the linear sampling mix-up ratio strategy,
which uses a linear sampling approach as a substitute for the
adaptive mix-up strategy. The experiments were conducted on
the Office31 dataset, and the results are presented in Table VI.
Notably, we observe that all three sampling strategies improve
the model’s performance compared to the baseline model.
But the performance of our adaptive adjustment strategy is
significantly superior to that of the random sampling and linear
sampling strategies since the adaptive adjustment strategy can
better align the source and target distributions. In addition, we
also evaluate the initially setting of the intermediate domain.
From Table VI, we can observe that the performance of set
intermediate domain closer to the target domain (the last row
of Table VI) is better than that of set intermediate domain
closer to the source domain (the fourth row of Table VI).

3) Comparisons on Varying Numbers of Source Labels:
To further evaluate the effectiveness of ADCC under varying

numbers of labeled source samples, we conducted experiments
as shown in Table VII. Specifically, the scale of labeled source
samples ranges from 1-shot to 10-shots, as well as a fully-
labeled source scenario for comparison. From the experimental
results, we observe that as the number of labeled source
samples increases, the classification accuracies of PCS, C-
VisDiT, and ADCC also improve. Moreover, across 1-10 shot
scenarios and even in the fully-labeled case, ADCC consis-
tently achieves superior performance. This can be attributed
to the ICC module effectively leveraging the information from
labeled samples and the adaptive dispersal strategy ensuring
smoother domain alignment.

4) Confusion Matrix: Figure 3 depicts the confusion matri-
ces for the classifier learned by Source-only, PCS, C-VisDiT,
and ADCC on the Office31 dataset. The Source-only model
yields numerous incorrect predictions owing to the domain
shift between the source and target domains. After adaptation
by ADCC, most of the wrong predictions were corrected.
Compared to Source-only, our method generates more correct
predictions that are located on the main diagonal of the
confusion matrix, demonstrating that our method learns more
discriminative information for the target domain.

5) Feature Visualization: Figure 4 illustrates the t-SNE
[57] feature visualization for the embeddings generated by
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Fig. 4. The t-SNE visualization of the features on the Office31 dataset.
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Fig. 5. The analysis of the ADCC parameters on task A—W (Office31).

the Source-only, PCS, C-VisDiT, and ADCC model on the
Office31 dataset. We can observe that the distribution of the
target domain cannot be effectively clustered by the source-
only model. After adaptation by ADCC, features belonging
to the same class exhibit improved clustering, while features
from distinct classes are better separated. The obtained results
of feature visualization further demonstrate the effectiveness
of our proposed method.

6) Hyper-parameter Sensitivity: We further conduct the
hyper-parameter analysis on Ajcc and Az in Eq. (20) on
the Office31 dataset. We select different values of the pa-
rameters i.e., \jcc = {0.2,0.4,0.6,0.8,1.0} and Az =
{0.6,0.8,1.0,1.2,1.4}. As Figures 5 (a) and (b) shown, the
model is slightly sensitive to A\;cc, and the best choice of
Arcc is 0.6. Meanwhile, the model is not sensitive to Az, and
can attain competitive outcomes across a broad spectrum of
hyper-parameter values.

7) Additional Visualization Analysis for Domain-irrelevant
Features: We also conduct visualization experiments on
the Office-Home dataset to illustrate the negative effects
of domain-irrelevant features. For clearer visualization, we
selected 15 representative categories from the dataset for
analysis. Specifically, we compare the feature distributions of
the source and target domains before and after filtering out
domain-irrelevant information. The results are presented in
Figure 6. As shown in Figure 6(a), when samples with high
domain-irrelevant content are not filtered, there is substantial
overlap between the source and target feature distributions.
This overlap suggests the presence of significant domain-
irrelevant information, which hinders effective alignment and
may lead to negative transfer. In contrast, Figure 6(b) illus-
trates that our ADCC filtering out domain-irrelevant features,

(¢) C-VisDiT (d) ADCC

Source(Rw)
Target(Pr)

Source(Rw)
Target(Pr)

Domain-irrelevant
features

domain- (b) After filtering out domain-

irrelevant features

(a) Before filtering out
irrelevant features

Fig. 6. t-SNE visualization of feature distributions on the Office-Home
dataset. (a) Before filtering out domain-irrelevant features, the source and
target feature distributions overlap significantly, indicating the presence of
substantial domain-irrelevant information. (b) After filtering out domain-
irrelevant features using our ADCC framework, the source and target feature
distributions become more compact and well-aligned, effectively mitigating
the impact of domain-irrelevant information.

yields more compact and well-aligned feature distributions,
thereby effectively mitigating the impact of domain-irrelevant
information.

V. CONCLUSION

In this paper, we focus on the more challenge few-shot
unsupervised domain adaptation (FUDA) issue in which only
a few samples in the source domain are annotated while the
remaining source and target domains samples are unlabeled.
Considering the inadequacy of labeled samples in the source
domain, we propose the intra-domain collaborative clustering
to explore more discriminative information by bridging the
labeled source samples and the unlabeled source samples. Fur-
thermore, the cross-domain adaptive dispersal strategy effec-
tively alleviates the impact of domain-irrelevant information
between the source and target domains. Extensive experiments
demonstrate that our method achieves superior performance on
four few-shot unsupervised domain adaptation benchmarks.
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