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 A B S T R A C T

Domain Adaptation (DA) provides an effective way to tackle target-domain tasks by leveraging knowledge 
learned from source domains. Recent studies have extended this paradigm to Multi-Source Domain Adaptation 
(MSDA), which exploits multiple source domains carrying richer and more diverse transferable information. 
However, a substantial performance gap still remains between adaptation-based methods and fully supervised 
learning. In this paper, we explore a more practical and challenging setting, named Multi-Source Active Domain 
Adaptation (MS-ADA), to further enhance target-domain performance by selectively acquiring annotations 
from the target domain. The key difficulty of MS-ADA lies in designing selection criteria that can jointly 
handle inter-class diversity and multi-source domain variation. To address these challenges, we propose a 
simple yet effective GlobAl-LocAl strategy (GALA), which combines a global k-means clustering step for 
target-domain samples with a cluster-wise local selection criterion. The global step encourages diverse and 
uncertain target sample selection, while the local step further considers the relationship between target samples 
and multiple source domains to improve transferability. Our proposed GALA is plug-and-play and can be 
seamlessly integrated into existing DA frameworks without introducing any additional trainable parameters. 
Extensive experiments on three standard DA benchmarks, including Digit-Five, Office-Home, and DomainNet, 
demonstrate that GALA consistently outperforms prior active learning and active DA methods, achieving 
performance comparable to the fully supervised target-domain reference while using only 1% of the target 
annotations.
. Introduction

Despite the remarkable breakthroughs of deep learning across a 
ide spectrum of applications, it remains a challenge to achieve a 
eneralized deep learning model which can generalize well on unseen 
amples, especially given the vast diversity of real-world data and 
roblems. A significant drop in accuracy occurs due to various differ-
nces between the training data and new target dataset, for aspects 
uch as statistical distribution, dimension, context, etc. As a result, 
e usually need to further tune this model for a new specific target 
istribution. Yet, with the explosion of data acquisition, additional 
nnotating and tuning soon becomes infeasible. Domain adaptation 
DA) offers significant benefits in this scenario by adapting the pre-
rained models towards new domains with different distributions and 
roperties from the original domain [1–3]. Moreover, DA provides 
reat potential for efficiency improvement by reducing the need for 

∗ Corresponding author.
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retraining on new data from scratch, which has been well adopted in 
various fields. However, current DA strategies mainly focus on just a 
single source domain and single target domain, i.e., Single-Source DA 
(SSDA) (see Fig.  1(a)).

Recently, Multi-Source Domain Adaptation (MSDA) (see Fig.  1(c)) 
attracts more and more attention since we usually have multiple source 
domains in practice [4]. In MSDA, labeled samples derive from multiple 
distinct source distributions and models are trained to generalize to 
a target domain, where ground truth labels are entirely absent. For 
instance, images in autonomous driving may be captured across di-
verse weather conditions, or remote sensing data may originate from 
different generations of sensors or satellites. A variety of approaches 
have been proposed aiming at different application scenarios for MSDA, 
such as text classification [5], semantic segmentation [6], facial expres-
sion recognition [7], etc. Some popular strategies, such as adversarial 
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Fig. 1. Illustration of different domain adaptation and active domain adapta-
tion settings. (a) Single-Source Domain Adaptation (SSDA) adapts a model 
from one labeled source domain to an unlabeled target domain. (b) Single-
Source Active Domain Adaptation (SS-ADA) further queries a small number 
of informative target samples for annotation to facilitate adaptation from 
one source domain. (c) Multi-Source Domain Adaptation (MSDA) leverages 
multiple labeled source domains with different styles or distributions to adapt 
to the target domain. (d) Multi-Source Active Domain Adaptation (MS-
ADA) combines multi-source adaptation with active target annotation, aiming 
to select representative and informative target samples under source-domain 
variations.

learning [8] and source distilling [9], have been introduced to enhance 
target-domain accuracy by leveraging annotated source data. In all 
these cases, we wish to learn from all source domains.

Although abovementioned MSDA approaches could improve the 
performance of MSDA setting, there still exists considerable accuracy 
gap between the adaptation and the Fully-Supervised (FS) target-
domain reference (with 14.4% and 2.0% for DomainNet and Digit-
Five, respectively) (See Fig.  2). Therefore, we try to further close 
the gap between MSDA and FS using active learning for the target 
domain. Nowadays, Active Domain Adaptation (ADA) approaches have 
emerged, aiming at selecting unlabeled instances that are uncertain to 
the model or reflect the statistical features of target domain. Most of 
them focus on Single-Source ADA (SS-ADA) (see Fig.  1(b)) using density 
weighted entropy [10], hard examples mining [11] or exploiting free 
energy biases [12], etc.

Different from SS-ADA or other active learning settings, we focus 
on another more practical setting named Multi-Source ADA (MS-ADA) 
(see Fig.  1(d)), where we could annotate a small subset of data from the 
target domain to overcome the problems of domain shifts according to 
the multiple source domains. Although Zhang et al. [13] firstly propose 
Detective method for MS-ADA by integrating uncertainty calculation 
strategy with a dynamic DA framework, they have not considered the 
specific challenges in MS-ADA. In fact, there are two major challenges 
in MS-ADA: Challenge 1: the performance imbalance among different 
classes originates from multiple source domains, so that the query 
strategy algorithm must guarantee inter-class diversity from the per-
spectives of target dataset; Challenge 2: facing multiple source domains 
with style and texture variations, the model has to consider a new 
metric to enhance the transferability of model by conducting suitable 
target sample selection. Due to these two challenges, existing ADA 
2 
methods that directly count on utilizing the uncertainty [10] or free 
energy [12] between two specific domains become infeasible.

Herein, we propose a straightforward yet high-performing method, 
named GlobAl-LocAl strategy (GALA), to better tackle the aforemen-
tioned two challenges in MS-ADA scenarios. This work delivers three 
key contributions:

• We point out two main difficulties in MS-ADA: the inter-class 
diversity as well as the multiple source domain variation, and pro-
pose a plug-and-play approach to any other domain adaptation 
approaches without adding any trainable parameters.

• We propose a straightforward yet high-performing GlobAl-LocAl 
(GALA) strategy to overcome abovementioned two challenges. 
GALA consists of a global 𝑘-means step for target domain data and 
a cluster-wise local selection with a new criterion that includes 
diversity and transferability.

• We conduct comprehensive experiments on three common DA 
benchmarks (Digit-Five, Office-31 and DomainNet), and em-
pirical results show that GALA outperforms SOTA ADA meth-
ods with considerable gains and achieves competitive accuracy 
against the fully supervised target-domain reference with only 1% 
annotation.

2. Related works

2.1. Domain adaptation

The primary objective of Domain Adaptation (DA) is to minimize 
domain shift, i.e., the statistical discrepancy between source and target 
domains. Most existing DA methods focus on Single-Source DA (SSDA) 
(see Fig.  1(a)) and have been widely applied to classification [14–17], 
semantic segmentation [18,19], and object detection [20]. To reduce 
domain discrepancies, existing methods mainly rely on adversarial 
learning inspired by GANs [21,22], or statistical distribution alignment 
techniques such as MMD [23] and JMMD [24]. More recently, refined 
strategies such as dual semantic correlation alignment [20] have been 
proposed to address more complex domain shifts in object detection.

Beyond the standard closed-set setting, recent DA studies have 
explored more realistic scenarios, including few-shot unsupervised do-
main adaptation with limited labeled source samples [25], blended-
target domain adaptation with multiple latent target domains [26], 
and source-free universal domain adaptation with category-space dis-
crepancies [27]. Specifically, ADCC [25] exploits collaborative cluster-
ing and an intermediate mix-up domain for smoother source–target 
alignment; EDEAN [26] uses free-energy bias, pseudo-label fusion, 
and energy-based reweighting to handle blended target domains; and 
EGRS [27] reactivates source-model knowledge with adversarial per-
turbation, prototype refinement, and pseudo-label clustering. Neverthe-
less, SSDA methods may suffer from limited transferable knowledge 
when only one source domain is available. Therefore, this paper fo-
cuses on Multi-Source DA (MSDA), where multiple source domains 
can provide richer and more diverse knowledge for target-domain 
adaptation.

2.2. MSDA

Compared to the extensive studies on SSDA, MSDA (see Fig.  1(c)) 
remains less explored. Existing MSDA methods mainly address source–
target and inter-source discrepancies through adversarial alignment, 
moment matching, dynamic transfer, and class-aware alignment. For 
example, MDAN [8] and DCTN [28] adopt adversarial learning to ex-
tract domain-invariant features, while M3SDA [29] reduces discrepan-
cies by matching high-order moments. DRT [30] tailors model parame-
ters to individual samples to alleviate domain conflicts, and PFDA [31] 
designs multiple alignment losses to preserve both class discrimina-
tion and domain-specific cluster structures. SIG [32] further intro-
duces class-aware conditional alignment to handle target shifts caused 
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Fig. 2. Accuracy comparison of representative DA methods on the DomainNet and Digit-Five datasets. The blue circles denote single-source DA methods, the 
green crosses denote multi-source DA methods, and the red stars denote our proposed GALA. The red dashed line indicates the fully supervised target-domain 
reference, which is obtained by directly training the same backbone with labeled target-domain data. Although existing MSDA methods generally improve over 
SSDA methods, a clear gap still remains between adaptation-based methods and this supervised target-domain reference (with 14.4% and 2.0% on DomainNet 
and Digit-Five, respectively). By actively annotating only 1% of the target data, GALA consistently improves the adaptation performance and narrows this gap.
by domain-varying label distributions. Recent studies have extended 
MSDA to more practical scenarios. C-AMDN [33] explores diffusion-
based MSDA with causal-guided adaptation, and DFM-Trans [34] stud-
ies multi-source-free domain adaptation by dynamically fusing mul-
tiple source models without accessing source data. Beyond the stan-
dard single-target MSDA setting, MAN [35] investigates multi-source 
and multi-target domain adaptation, while SAUE [36] studies multi-
source blended-target domain adaptation by combining target-style 
augmentation and uncertainty estimation.

However, as shown in Fig.  2, although these MSDA methods gen-
erally outperform SSDA methods, a considerable accuracy gap still re-
mains between MSDA methods and the fully supervised target-domain 
reference, with gaps of 14.4% and 2.0% on DomainNet and Digit-Five, 
respectively.

2.3. Active domain adaptation

Conventional active learning aims to select informative samples 
for annotation based on uncertainty [37] or diversity [38]. Active 
Domain Adaptation (ADA) further extends this idea to target-domain 
sample selection under distribution shifts. Representative methods in-
clude AADA [10], which balances entropy with adversarial target 
probabilities; CLUE [39], which combines entropy with 𝑘-means-based 
diversity sampling; SDM [11], which leverages a margin-based loss for 
active selection; and the prototype-guided method of Peng et al. [37], 
which alleviates classifier bias with perturbation-based uncertainty. 
ADA has also been explored in medical image analysis, including 
dual-reference source-free ADA for nasopharyngeal carcinoma tumor 
segmentation [40], VLM-driven ADA for fair cross-domain medical 
image segmentation [41], and source-free ADA for medical video polyp 
segmentation [42], demonstrating its generality in privacy-sensitive 
and annotation-scarce scenarios.

However, most existing ADA methods focus on the Single-Source 
ADA (SS-ADA) setting (see Fig.  1(b)). Although methods such as 
BADGE [43] and CLUE [39] consider both uncertainty and diversity, 
they do not explicitly model discrepancies among multiple source 
domains. D3GU [44] considers Multi-Target ADA, while Detective [13] 
is the first MS-ADA method, but it relies on additional trainable 
modules and is not a general plug-and-play strategy for arbitrary MSDA 
methods. In contrast, GALA decomposes MS-ADA sample selection into 
a global diversity-aware step and a local transferability-aware step, 
enabling the selected target samples to be both diverse and informative 
with respect to multiple heterogeneous source distributions. Moreover, 
GALA introduces no extra trainable parameters and can be seamlessly 
integrated into both SSDA and MSDA frameworks.
3 
3. Methodology

3.1. Problem setting and notations

In contrast to SSDA, MSDA is established on multiple source do-
mains 𝑆 =

{

𝑘
𝑠
}𝐾
𝑘=1 =

{

(𝐱𝑖𝑠, 𝐲
𝑖
𝑠)
}𝑛𝑆
𝑖=1, where 𝐾 is the number of source 

domains and 𝑛𝑆 =
∑𝐾

𝑘=1 𝑛
𝑘
𝑠  denotes the total quantity of images in 

the multi-source domain. 𝐲𝑖𝑠 is the corresponding label of 𝐱𝑖𝑠. In the 
MS-ADA setting, we utilize the labeled multiple source domains and 
the unlabeled target domain 𝑡 =

{

(𝐱𝑗𝑡 )
}𝑛𝑡

𝑗=1
, where 𝑛𝑡 denotes the 

quantity of images in the target domain. Then, the model selects and 
annotates images from 𝑡 at multiple stages to build the selected target 
set 𝑠𝑡 =

{

(𝐱𝑗𝑡 , 𝐲
𝑗
𝑡 )
}𝑁

𝑗=1
 for training, in which 𝑁 = 𝑅 × 𝐵 is the total 

number of selected target images (𝑅 is the total active rounds and 𝐵
is the quantity of queries for each round). Hence, if we directly adopt 
existing SS-ADA methods and regard all multiple source domains as 
a single source dataset straightforwardly, the training objective and 
sample selection strategy would tend to learn representations invariant 
to the combined source set 𝑆 rather than 𝐾 source domains {𝑘

𝑠
}𝐾
𝑘=1.

As shown in Fig.  3, the proposed GlobAl-LocAl (GALA) method 
can be seamlessly embedded into different DA approaches without 
introducing additional trainable parameters. GALA consists of three 
components: the global step, the local step, and the underlying DA 
approach. The global step addresses Challenge 1 by encouraging inter-
class diversity in target sample selection, while the local step tackles
Challenge 2 by considering the style and texture variations brought by 
multiple source domains.

During the 𝑟th active learning round, GALA queries a batch of 𝐵
unlabeled target samples by jointly considering diversity and transfer-
ability. After annotation, these selected samples are combined with the 
labeled multi-source data to update the model and progressively refine 
the target-domain decision boundary. This process is repeated over 𝑅
active learning rounds. The overall workflow is illustrated in Fig.  3 and 
summarized in Algorithm 1.

3.2. Global step

Specifically, we utilize 𝑘-means to achieve the global step on the 
hypothetical gradient embedding for the target data 𝑡. Traditional 
active learning methodologies frequently incorporate gradient embed-
dings [43]. It is intuitive that the larger the gradient embedding is, the 
more uncertain the corresponding sample is. We assume that 𝑧 is the 
embedding vector immediately preceding the final layer 𝑊  associated 
with 𝑥𝑗 ∈ 𝑟−1, where 𝑟−1 denotes the unlabeled target dataset before 
𝑡 𝑡 𝑡
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Fig. 3. The framework for our proposed GlobAl-LocAl strategy (GALA). (a) Global step: We select the target queries (𝑠𝑡) to contain both diversity in the gradient 
embedding space (𝑔𝑐

(

𝑥𝑗𝑡
)

) and uncertainty from the perspective of the training model (addressing Challenge 1). (b) Local step: We select the highest value with 
high uncertainty and large domain gap for each cluster (𝑏

𝑠 ) of 𝑣 according to Eq. (6) (addressing Challenge 2). (c) Other DA methods: Our proposed GALA 
could be easily plug-and-play to any other DA approaches without any trainable parameters. Pseudo algorithm for GALA is provided in Algorithm 1.
the annotating round of 𝑟. As we do not have access to the ground-
truth annotations for the target domain, we employ their pseudo-labels 
generated from the model. Here, we introduce the gradient derived 
from the negative cross-entropy objective function relative to the last 
layer of encoder, which is induced by a pseudo label. Note that we only 
consider the gradients associated with the predicted label (i.e., 𝑔𝑦̂

(

𝑥𝑗𝑡
)

) 
to reduce computational overhead. 

𝑔𝑐
(

𝑥𝑗𝑡
)

= − 𝜕
𝜕𝑊𝑐

𝐶𝐸

(

𝑥𝑗𝑡 , 𝑦̂;𝛩
𝑟
)

=  ⋅
(

1[𝑦̂=𝑐] − 𝑝𝑐
)

, (1)

where 𝑊𝑐 denotes the weights connected to the 𝑐th logit neuron, 𝛩𝑟

denotes the model parameters at round 𝑟, 𝑝𝑐 is the predicted probability 
of class 𝑐, and 𝑦̂ is the pseudo-label defined as 𝑦̂ = argmax𝑐∈[𝐶] 𝑝𝑐 . After 
that, we compute 𝐵 cluster centers (1

𝑠 ,… ,𝐵
𝑠 ) within the gradient em-

bedding space adopting the standard 𝑘-means algorithm by minimizing: 

𝐽 =
𝑛𝑡
∑

𝑗=1

𝐵
∑

𝑏=1
𝑤𝑗,𝑏‖𝑔𝑦̂

(

𝑥𝑗𝑡
)

− 𝑏
𝑠‖

2, (2)

in which 𝑤𝑗,𝑏 serves as an indicator function. If 𝑔𝑦̂
(

𝑥𝑗𝑡
)

 is assigned to 
𝑏
𝑠 , 𝑤𝑗,𝑏 = 1. Otherwise 𝑤𝑗,𝑏 = 0. Actually, Eq. (1) indicates that the 
gradient embedding (𝑔𝑐

(

𝑥𝑗𝑡
)

) essentially represents a scaled version 
of the feature map , especially with the scale of uncertainty (or 
confidence). In other words, if a target sample exhibits uncertainty 
when predicting (low value of 𝑝𝑦̂, which also means low confidence), 
its corresponding gradient vector becomes larger. To this end, Eq. (2) 
could be considered as a weighted variant of k-means applied to the 
feature map through utilizing the function of softmax response. After 
that, we divide the target samples into 𝐵 clusters according to their 
diversity and uncertainty. Also, we retain the top 𝛼% most uncertain 
candidates calculated by Eq. (1) for each cluster 𝑏

𝑠 . It is worth noting 
that the global step does not merely provide cluster assignments. After 
clustering the target samples into 𝐵 clusters, we further retain the 
top 𝛼% most uncertain samples within each cluster as the candidate 
subset 𝑟−1

𝑡,𝑏 . This candidate subset serves as the input pool for the 
subsequent local step. In other words, the local step does not search 
over all target samples, but only performs fine-grained selection within 
the uncertainty-filtered candidates of each cluster. This design allows 
the global step to first guarantee coarse inter-cluster diversity and 
remove low-uncertainty samples, while the local step further considers 
multi-source domain discrepancy for final query selection. Therefore, 
4 
the global step of GALA enables the selected target set (𝑠𝑡) to balance 
feature-space diversity with model-based uncertainty, which effectively 
addresses Challenge 1.

3.3. Local step

After the global step, we divide the target samples into 𝐵 clusters 
according to their diversity and uncertainty. For each cluster, we obtain 
an uncertainty-filtered candidate subset 𝑟−1

𝑡,𝑏  from the global step. 
Given this candidate subset, the local step further selects one target 
sample from 𝑟−1

𝑡,𝑏  instead of searching over the whole target pool. 
Specifically, we assign all source samples from multiple source domains 
to these 𝐵 clusters using their feature embeddings (). In this way, 
source samples and target candidates are organized under the same 
cluster structure, enabling source-domain information to be compared 
within each cluster. After that, we calculate the distance (𝑑𝑘,𝑗 , 𝑘 =
1,… , 𝐾) between each target sample (𝑥𝑗𝑡 ∈ 𝑟−1

𝑡,𝑏 ) and these 𝐾 centroids 
from different source domains in the feature embedding space. To make 
the distance calculation explicit, we denote the feature map extracted 
from the last convolutional block as 𝐹 (𝑥) ∈ R𝐶𝑓×𝐻𝑓×𝑊𝑓 . For ResNet-
50 and ResNet-101, 𝐶𝑓 = 2048; under the standard 224 × 224 input 
resolution, the spatial size before global average pooling is 7 × 7. 
We apply global average pooling to obtain a channel-wise feature 
vector ℎ(𝑥) ∈ R𝐶𝑓 . Therefore, for a target sample 𝑥𝑗𝑡 , its statistics 𝜇𝑗

𝑡
and 𝜎𝑗𝑡  are computed as the mean and standard deviation over the 
channel dimension of ℎ(𝑥𝑗𝑡 ). These statistics characterize the channel-
wise feature distribution of an individual target sample, rather than 
the statistics over a mini-batch or over multiple target samples. For the 
𝑏th cluster and the 𝑘th source domain, let 𝑘

𝑏  denote the set of source 
samples from domain 𝑘 assigned to cluster 𝑏. The corresponding source-
domain centroid is computed by directly averaging their channel-wise 
feature vectors: 

 𝑘
𝑏 = 1

|𝑘
𝑏 |

∑

𝑥𝑖,𝑘𝑠 ∈𝑘
𝑏

ℎ(𝑥𝑖,𝑘𝑠 ). (3)

The statistics 𝜇𝑘
𝑠  and 𝜎𝑘𝑠  in Eq. (4) are then computed as the mean 

and standard deviation over the channel dimension of the centroid 
vector  𝑘

𝑏 . Thus, Eq. (4) measures the discrepancy between the nor-
malized channel-wise statistics of each target candidate and those of 
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the source-domain centroid in the same cluster. 

𝑑𝑘,𝑗 =

|

|

|

|

|

|

|

|

|

|

𝜇𝑘
𝑠

√

(

𝜎𝑘𝑠
)2 + 𝜖

−
𝜇𝑗
𝑡

√

(

𝜎𝑗𝑡
)2

+ 𝜖

|

|

|

|

|

|

|

|

|

|

, (4)

where 𝜖 is a small number to prevent us from numerical problems 
in case of zero variance. 𝜇𝑘

𝑠  and 𝜎𝑘𝑠  are the mean and the standard 
deviation for the centroid of 𝑘th source domain ( 𝑘

𝑏 ). 𝜇
𝑗
𝑡  and 𝜎(𝑗)𝑡  are 

the mean and the standard deviation for the centroid of 𝑗th target 
unlabeled data. Therefore, we adopt the max value from different 
𝑗 (𝑑𝑗 = min 𝑑𝑘,𝑗 , 𝑘 = 1, 2,… , 𝐾) to describe the deviation of the 
target sample and the multiple source domains. In Section 5.4 we will 
compare the performance for different ways including the average and 
the minimum.

For each target candidate 𝑥𝑗𝑡  in the 𝑏th cluster, we compute its 
distance to each source-domain centroid  𝑘

𝑏 , where 𝑘 ∈ {1,… , 𝐾}. 
This produces a set of source–target distances {𝑑𝑘,𝑗}𝐾𝑘=1. We define the 
domain gap of 𝑥𝑗𝑡  as its distance to the nearest source-domain centroid:

𝑑𝑗 = min
𝑘∈{1,…,𝐾}

𝑑𝑘,𝑗 . (5)

The minimum is taken over source domains. A large value of 𝑑𝑗 means 
that 𝑥𝑗𝑡  is far from even its closest source domain, indicating poor 
transferability from the available source domains.

To this end, we design a new metric 𝑣 that can be formulated as 
Eq. (6) for the target data 𝑥𝑗𝑡 . 𝑣

(

𝑥𝑗𝑡
)

 considers both the domain gap 
(𝑑𝑗∕max 𝑑) generated from Eq. (4) using the feature embedding space 
and the uncertainty value (‖𝑔𝑐

(

𝑥𝑗𝑡
)

‖2) generated from Eq. (1) using 
gradient embedding space. Notably, we normalize the distance (𝑑𝑗) so 
that it could be 0 ∼ 1 and calculate the L2-normalization of 𝑔𝑐

(

𝑥𝑗𝑡
)

 as 
the uncertainty. 

𝑣
(

𝑥𝑗𝑡
)

= ‖𝑔𝑐
(

𝑥𝑗𝑡
)

‖2 ×
𝑑𝑗

max 𝑑
. (6)

Here, ‖𝑔𝑐 (𝑥𝑗𝑡 )‖2 measures model uncertainty, while 𝑑𝑗∕max 𝑑 denotes 
the normalized source–target discrepancy. Therefore we select the tar-
get sample with the highest value of 𝑣

(

𝑥𝑗𝑡
)

 for each cluster (𝑏
𝑠 ) that 

was introduced in the global step. Formally, the selected target sample 
in the 𝑏th cluster at round 𝑟 is given by: 
𝑥𝑟𝑡,𝑏 = arg max

𝑥𝑗𝑡∈
𝑟−1
𝑡,𝑏

𝑣(𝑥𝑗𝑡 ). (7)

Therefore, the ‘‘minimum’’ is used to compute the nearest-source dis-
tance for each target candidate, while the ‘‘maximum’’ is used to select 
the final target sample among all candidates in the same cluster. This 
way could effectively pay more attention on those samples that are 
not very transferable during the sample selection process, which could 
better address Challenge 2. Finally, we will select 𝐵 instance at the 
round 𝑟 for annotating. Algorithm 1 introduces the comprehensive 
framework of our GALA.

3.4. Embedding GALA into other DA methods

We integrate GALA into several representative DA frameworks to 
verify its generality and effectiveness, including Domain Adversarial 
Neural Network (DANN) [15], M3SDA [29], Subspace Identification 
Guarantee (SIG) [32], and Cycle Self-Refinement (CSR) [45]. We also 
embed GALA into a baseline CNN model to evaluate its behavior under 
a standard non-adversarial DA setting. For all variants, we keep the 
original supervised source loss (𝐿𝑠) and transfer loss (𝐿𝑡𝑟) unchanged. 
When selected target samples are annotated through active query-
ing, an additional supervised target loss (𝐿𝑠𝑡) is introduced to further 
improve target-domain discrimination. Since GALA only serves as a 
5 
Algorithm 1 MS-ADA framework with GALA algorithm
Input: Initial parameter 𝛩. Multiple labeled source dataset {𝐷𝑘

𝑠
}𝐾
𝑘=1

Unlabeled target dataset 0
𝑡 . Selected labeled target dataset 0

𝑠𝑡. 
Labeling Budget 𝐵. Active learning round 𝑅.

Output: Well-trained parameter 𝛩𝑅.
1: Train a model from the scratch through any DA method using 

{

𝐷𝑘
𝑠
}𝐾
𝑘=1 and 0

𝑡 .
#Global Step

2: for 𝑟 = 1 ∶ 𝑅 do 
3: For each 𝑥𝑗𝑡 ∈ 𝑟−1

𝑡 , calculate the gradient embedding 𝑔𝑦̂
(

𝑥𝑗𝑡
)

 by 
Eq. (1). 

4: Cluster 𝑟−1
𝑡  into 𝐵 clusters (1

𝑠 , ...,
𝐵
𝑠 ) by Eq. (2). 

5: Select 𝛼% for 𝑟−1
𝑡  in each 𝑏

𝑠  cluster with high normalization of 
𝑔𝑦̂

(

𝑥𝑗𝑡
)

: 𝑟−1
𝑡,𝑏 .

6: Assign each 𝑥𝑖𝑠 ∈
{

𝐷𝑖
𝑠
}𝑛𝑆
𝑖=1 into these 𝐵 clusters according to their 

feature embedding space (𝑖
𝑠). 

7: Selected target sample at round 𝑟:  𝑟
𝑡 = ∅.

#Local Step
8: for 𝑏 = 1 ∶ 𝐵 do 
9: Cluster {𝐷𝑖

𝑠
}𝑘
𝑖=1 that belong to 𝑏

𝑠  according to the domain label 
with 𝑘 centroids ( 1

𝑏 , ...,
𝐾
𝑏 ). 

10: For each 𝑥𝑗𝑡 ∈ 𝑟−1
𝑡,𝑏 , calculate the distance between 𝑥

𝑗
𝑡  and the 

centroid  𝑘
𝑏  by Eq. (4). 

11: Calculate the metric 𝑣
(

𝑥𝑗𝑡
)

 according to Eq. (6). 
12: Select the sample 𝑥𝑟𝑡,𝑏 with highest value of 𝑣 among 𝑟−1

𝑡,𝑏  in 
each 𝑏

𝑠 . 
13:  𝑟

𝑡 =  𝑟
𝑡 ∪ 𝑥𝑟𝑡,𝑏.

14: end for
15: 𝑟

𝑡 = 𝑟−1
𝑡 ∕  𝑟

𝑡
16: 𝑟

𝑠𝑡 = 𝑟−1
𝑠𝑡 ∪  𝑟

𝑡
17: end for
18: Continue training a model from 𝛩𝑅 through any DA method using 

{

𝐷𝑘
𝑠
}𝐾
𝑘=1, 𝑅

𝑡  and 𝑅
𝑠𝑡.

19: return 𝛩𝑅∗ = 𝛩𝑅.

sample query strategy and introduces no additional trainable param-
eters, it can be seamlessly incorporated into different DA architectures 
while maintaining a lightweight and plug-and-play design.

It is worth noting that GALA serves only as a query strategy and does 
not change the optimization pipeline of the underlying DA method. For 
all DA methods, including DANN, M3SDA, SIG, and CSR, we adopt the 
same active training protocol. At the 𝑟th active learning round, GALA 
selects a batch of target samples 𝑋𝑟

𝑡  for annotation. After receiving their 
labels, these samples are moved from the unlabeled target pool 𝑟−1

𝑡
to the selected labeled target set 𝑟

𝑠𝑡. The model is then continuously 
trained with the same DA framework, rather than through a separate 
fine-tuning stage. For all these variants, we maintain the same super-
vised loss for the source samples (𝐿𝑠) as well as the transfer loss (𝐿𝑡𝑟) 
as used in their original implementations, ensuring a fair comparison. 
When target-domain annotations become available through the active 
querying process, we further introduce a supervised loss term on the 
selected target samples (𝐿𝑠𝑡), which guides the model toward more 
discriminative and domain-invariant representations. Specifically, the 
original supervised loss on the labeled source domains, denoted as 𝐿𝑠, 
and the original transfer loss of each DA method, denoted as 𝐿𝑡𝑟, are 
kept unchanged. The selected target samples are still regarded as target-
domain samples for computing the DA loss, while their annotations 
further enable a supervised cross-entropy loss on the target domain, 
denoted as 𝐿𝑠𝑡. Therefore, the overall training objective can be written 
as: 
𝐿 = 𝐿 + 𝜆 𝐿 + 𝜆 𝐿 , (8)
𝑠 𝑡𝑟 𝑡𝑟 𝑠𝑡 𝑠𝑡
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Fig. 4. Examples for each dataset: (a) Digit-Five: Images from MNIST-M (MM), MNIST (MT), SVHN (SV), USPS (UP), and Synthetic Digits (SY). (b) Office-Home: 
Sample images from Artistic (Ar), Clip-Art (Cl), Product (Pr), and Real-World (Rw). (c) DomainNet: Visuals from Clipart (Cli), Infograph (Inf), Painting (Pai), 
Quickdraw (Qui), Real (Rea), and Sketch (Ske).
where 𝐿𝑡𝑟 follows the original design of the corresponding DA method, 
and 𝐿𝑠𝑡 is computed only on the selected labeled target samples. We 
use the same training schedule, active query rounds, and annotation 
budget for all methods to ensure a fair comparison.

It is worth emphasizing that GALA can be seamlessly incorporated 
into a wide range of DA frameworks without introducing any additional 
trainable parameters. Despite its lightweight nature, it consistently 
improves target-domain classification accuracy across different archi-
tectures and adaptation paradigms, demonstrating its strong generaliz-
ability and efficiency compared to existing other ADA approaches.

4. Experiments

4.1. Datasets

We conduct comprehensive evaluations on three standard bench-
marks of domain adaptation: Digit-Five, Office-Home and Domain-
Net, with dataset samples visualized in Fig.  4. Digit-Five [28] consists 
of 25,000 training images and 9000 testing images in each domain: 
MNIST-M (MM), MNIST (MT), SVHN (SV), USPS (UP) and Synthetic 
Digits (SY). Office-Home [46] serves as a more demanding dataset, 
which collects 15,500 images in total from up to 65 categories of 
everyday objects. There are four significantly different domain: Artistic 
(Ar), Clip-Art (Cl), Product (Pr), and Real-World (Rw) images. Do-
mainNet [29] stands out as an extremely large-scale and difficult DA 
benchmark, which involves six diverse domains: Clipart (Cli), Info-
graph (Inf), Painting (Pai), Quickdraw (Qui), Real (Rea) and Sketch 
(Ske). In total, this benchmark contains nearly 600,000 images across 
training and testing splits, and covers 345 distinct object classes.

4.2. Training details

Our methods are implemented in PyTorch [47]. We use LeNet [48] 
for Digit-Five, and ImageNet-pretrained ResNet-50/ResNet-101 [49,
50] for Office-Home and DomainNet, respectively. Modules initialized 
from scratch use a learning rate ten times larger than that of the 
pretrained backbone. All models are optimized by mini-batch SGD with 
momentum 0.95 and progressive training. The active learning process 
contains five stages at epochs {10, 12, 14, 16, 18}, with the annotation 
budget evenly distributed across rounds. Following Section 4.5, we 
set 𝛼 = 60% and use an active ratio of 1% in all experiments and 
ablation studies. Since Office-Home has no test images, the fully 
supervised target-domain reference is reported only for Digit-Five and
DomainNet.

For fair comparison, all active selection methods follow the same 
MS-ADA protocol. Since most ADA baselines are designed for single-
source ADA, we adapt them to the multi-source setting by applying 
their selection criteria on the same MSDA backbone. Each method 
selects the same number of target samples from the same unlabeled 
target pool after training on all labeled source domains, and the se-
lected samples are then annotated and used for subsequent training 
under the same optimization schedule. All methods share the same 
source/target splits, active ratio, query rounds, warm-up epochs, total 
6 
training epochs, optimizer, batch size, learning rate schedule, and data 
augmentation.

State-of-the-art. LeNet [48] and ResNet [49] are used as baseline 
backbones without domain adaptation or active learning. To evaluate 
the generality of GALA, we integrate it into representative DA/MSDA 
methods, including DANN [15], M3SDA [29], Subspace Identification 
Guarantee (SIG) [32], and Cycle Self-Refinement (CSR) [45]. Specif-
ically, DANN is a classical adversarial DA baseline, M3SDA reduces 
multi-source discrepancies by moment matching, SIG separates domain-
agnostic and domain-specific features, and CSR iteratively exploits 
transferable information from individual sources.

We further compare GALA with three AL methods, including Ran-
dom, BADGE [43], and APFWA [51]; five SS-ADA methods, includ-
ing AADA [10], CLUE [39], SDM [11], DUC [52], and D3GU [44]; 
and one MS-ADA method, Detective [13]. These methods cover ran-
dom sampling, uncertainty-diversity-based active learning, adversar-
ial active adaptation, clustering-based selection, margin-based selec-
tion, calibration-based selection, multi-target ADA, and MS-ADA. Since 
D3GU is originally designed for multi-target domains, we set its domain 
number to 1 in our experiments. Detective is evaluated on Digit-Five, 
Office-Home, and DomainNet as the closest existing MS-ADA baseline. 
The active ratio is set to 1% in all experiments and ablation studies.

4.3. Results

Experiments on Digit-Five. As listed in Table  1, our approach 
GALA overpasses all other active learning strategies in different domain 
adaptation scenarios by at least 1.2% improvement on average. Among 
all methods, SDM achieves the second-highest accuracy across all tasks, 
performing the strongest as a comparison approach. However, our 
method still demonstrates superior performance over SDM especially in 
challenging tasks. For example, with M3SDA method, the accuracy of 
GALA is 1.5% and 1.2% higher than that of SDM on tasks MM and SV, 
respectively. GALA approach achieves the state-of-the-art in the MS-
ADA setting with M3SDA method and is very close to Fully-Supervised. 
It is remarkable that GALA achieves higher accuracy on transfer tasks 
of MT, UP and SY compared to Full-Supervised.

Experiments on Office-Home. The accuracy on Office-Home are 
summarized in Table  2. It is evident that our GALA achieves the highest 
average accuracy (76.8%, 76.7% and 80.1%) compared to other active 
learning strategies in these three methods. Notably, when benchmarked 
against Detective which is dedicated to the MS-ADA scenario, GALA 
still shows clear advantages on this dataset. When datasets become 
more complex, the effectiveness of most active learning strategies 
begins to diminish. For example, SDM, which performs second best on 
the Digit-Five dataset, does not perform as well as AADA in several 
scenarios. However, our method GALA is competent at maintaining the 
efficiency. Especially, GALA promotes the average accuracy by at least 
2.2% for all methods. In the most challenging task Cl, GALA is the 
only strategy with more than 60% accuracy and surpasses 2.1% over 
the current leading active learning strategy CLUE in backbone setting. 
GALA outperforms all existing active learning strategies with M3SDA 
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Table 1
Overall accuracy (%) on Digit-Five for state-of-the-art methods. We report the mean and standard deviation over three repeated runs. In all experiments, LeNet 
serves as the underlying architecture and we set the active ratio as 1%.
 Method Active learning strategy AL or ADA MM MT UP SV SY Avg  
 None – 63.4 ± 0.4 90.5 ± 0.6 88.7 ± 0.3 63.5 ± 0.8 82.4 ± 0.6 77.7 ± 0.6 
 Random AL 82.0 ± 1.1 95.8 ± 0.2 97.0 ± 0.4 72.0 ± 0.6 86.5 ± 0.4 86.7 ± 0.5 
 BADGE [ICLR 2020] AL 82.3 ± 0.9 96.2 ± 0.1 96.8 ± 0.1 74.9 ± 0.6 85.4 ± 0.3 87.1 ± 0.4 
 APFWA [CVPR 2023] AL 83.3 ± 0.7 97.1 ± 0.1 96.5 ± 0.2 74.3 ± 0.4 84.9 ± 0.2 87.2 ± 0.2 
 LeNet AADA [WACV 2020] ADA 84.5 ± 0.2 97.3 ± 0.3 97.9 ± 0.1 78.5 ± 0.2 87.0 ± 0.3 89.0 ± 0.2 
 [Proc. IEEE 1998] CLUE [ICCV 2021] ADA 82.7 ± 0.3 96.7 ± 0.2 96.3 ± 0.2 74.6 ± 0.1 87.2 ± 0.5 87.5 ± 0.3 
 SDM [CVPR 2022] ADA 86.3 ± 0.5 99.1 ± 0.1 98.5 ± 0.4 83.1 ± 0.2 90.2 ± 0.1 91.4 ± 0.2 
 DUC [ICLR 2023] ADA 85.3 ± 0.1 98.6 ± 0.1 98.1 ± 0.2 79.6 ± 0.3 88.2 ± 0.5 90.0 ± 0.2 
 D3GU [WACV 2024] ADA 86.8 ± 0.8 98.1 ± 0.1 97.2 ± 0.3 80.9 ± 0.2 89.6 ± 0.1 90.5 ± 0.3 
 GALA (Ours) ADA 87.6 ± 0.1 99.3 ± 0.1 99.0 ± 0.4 85.6 ± 0.2 95.1 ± 0.2 93.3 ± 0.2 
 None – 70.8 ± 0.8 97.9 ± 0.2 93.5 ± 0.3 67.8 ± 0.3 86.9 ± 0.6 83.4 ± 0.5 
 Random AL 78.6 ± 0.4 97.1 ± 0.1 96.1 ± 0.4 73.6 ± 0.6 84.4 ± 0.1 86.0 ± 0.3 
 BADGE [ICLR 2020] AL 80.0 ± 0.0 96.8 ± 0.2 96.9 ± 0.1 74.5 ± 0.8 86.8 ± 0.5 87.0 ± 0.3 
 APFWA [CVPR 2023] AL 79.6 ± 0.5 98.0 ± 0.1 95.6 ± 0.2 74.7 ± 0.2 85.1 ± 0.5 86.6 ± 0.2 
 DANN AADA [WACV 2020] ADA 83.2 ± 0.1 97.9 ± 0.0 97.2 ± 0.2 78.2 ± 0.1 87.1 ± 0.3 88.7 ± 0.1 
 [JMLR 2016] CLUE [ICCV 2021] ADA 80.6 ± 0.7 94.1 ± 0.4 96.6 ± 0.3 69.3 ± 0.6 85.9 ± 0.1 85.3 ± 0.4 
 SDM [CVPR 2022] ADA 89.0 ± 0.1 98.9 ± 0.3 98.7 ± 0.2 84.2 ± 0.5 93.3 ± 0.0 92.8 ± 0.2 
 DUC [ICLR 2023] ADA 86.6 ± 0.3 96.9 ± 0.2 97.0 ± 0.1 86.1 ± 0.6 87.8 ± 0.2 90.9 ± 0.3 
 D3GU [WACV 2024] ADA 87.4 ± 0.7 96.7 ± 0.0 97.3 ± 0.3 83.5 ± 0.3 89.6 ± 0.4 90.9 ± 0.4 
 GALA (Ours) ADA 91.9 ± 0.2 99.2 ± 0.0 99.1 ± 0.3 87.0 ± 0.2 95.3 ± 0.3 94.5 ± 0.2 
 None – 72.8 ± 0.3 98.4 ± 0.2 96.1 ± 0.2 81.3 ± 0.6 89.6 ± 0.3 87.6 ± 0.3 
 Random AL 80.9 ± 1.0 98.6 ± 0.2 96.5 ± 0.1 82.5 ± 0.4 89.9 ± 0.4 89.7 ± 0.4 
 BADGE [ICLR 2020] AL 82.6 ± 0.5 98.8 ± 0.2 97.5 ± 0.0 82.5 ± 0.8 92.1 ± 0.7 90.7 ± 0.4 
 APFWA [CVPR 2023] AL 83.1 ± 0.3 98.6 ± 0.1 97.3 ± 0.2 83.1 ± 0.4 91.7 ± 0.3 90.8 ± 0.1 
 M3SDA AADA [WACV 2020] ADA 84.6 ± 0.1 98.6 ± 0.4 97.1 ± 0.1 82.1 ± 0.3 90.9 ± 0.3 90.7 ± 0.2 
 [ICCV 2019] CLUE [ICCV 2021] ADA 82.0 ± 0.5 98.2 ± 0.4 96.5 ± 0.6 83.7 ± 0.1 94.3 ± 0.1 90.9 ± 0.3 
 SDM [CVPR 2022] ADA 91.8 ± 0.4 98.7 ± 0.2 98.9 ± 0.2 86.7 ± 0.6 97.0 ± 0.1 94.6 ± 0.3 
 DUC [ICLR 2023] ADA 88.6 ± 0.4 98.4 ± 0.2 97.4 ± 0.2 84.3 ± 0.5 94.2 ± 0.4 92.6 ± 0.3 
 D3GU [WACV 2024] ADA 89.4 ± 0.6 98.2 ± 0.1 97.8 ± 0.3 85.6 ± 0.8 95.1 ± 0.2 93.2 ± 0.4 
 GALA (Ours) ADA 93.3 ± 0.7 99.3 ± 0.3 99.2 ± 0.4 87.9 ± 0.1 97.2 ± 0.5 95.4 ± 0.4 
 Detective [CVPR 2024] ADA 80.0 ± 1.7 97.3 ± 0.5 96.8 ± 0.5 88.5 ± 0.0 99.2 ± 0.2 92.4 ± 0.4 
 Full-Supervised 94.7 ± 0.4 99.0 ± 0.1 99.2 ± 0.2 87.6 ± 0.2 97.0 ± 0.1 95.5 ± 0.2 
method except with DANN on Pr and achieves the state-of-the-art on 
the MS-ADA setting.

Experiments on DomainNet. The results on DomainNet, the most 
difficult dataset to date, are listed on Table  3. Our proposed GALA 
improves the average accuracy by at least 0.7% (CLUE [39] vs. GALA in 
ResNet-101) compared to any other active learning strategy with any 
method listed in this table. When our transfer tasks become complex 
and diverse, different methods exhibit distinct advantages. Each com-
parative method, except for random, achieves the highest accuracy in a 
specific task. However, our method remains superior, achieving optimal 
performance in 14 out of 18 transfer scenarios with different methods. 
In addition, it is encouraging that GALA overpasses SDM with 3.8% 
and 11.1% improvement in two of the most difficult tasks Inf and Qui, 
respectively. Furthermore, GALA with M3SDA is higher (with 1.9% and 
1.2%) than Full-supervised in Cli and Pai.

4.4. Computational complexity

As shown in Table  4, we use Office-Home with Art as the target do-
main for comparison, and take Random as the reference baseline. Here, 
𝑁 denotes the size of the unlabeled target pool, 𝐶 denotes the number 
of classes, 𝑑 denotes the feature dimension, 𝐵 denotes the query budget, 
and 𝐼 denotes the number of 𝑘-means iterations. For GALA, 𝛼 denotes 
the retained uncertain-sample ratio after global clustering, which is 
set to 60% in our experiments. Although GALA is slower than simple 
uncertainty-based methods such as SDM and AADA, it is more efficient 
than BADGE, CLUE, and D3GU. More importantly, GALA introduces 
no additional trainable parameters and does not change the training 
pipeline. Therefore, the overall training cost remains comparable to the 
underlying DA backbone, with only a moderate additional cost during 
active sample selection.
7 
4.5. Sensitive analysis of 𝛼

As introduced in Section 3.2, after the global step, we first select 
a set of 𝛼% (the only hyper-parameter in GALA.) candidates with the 
highest uncertainty calculated by Eq. (1) for each cluster 𝑏. Fig.  5(a) 
and (b) displays the performance under different 𝛼 for Digit-Five and
Office-Home. We can observe that when 𝛼 = 0.6, that means we select 
top 60% target samples with high uncertainty for each cluster (𝑏) 
could achieve higher performance. This strategy filters those target 
samples with low uncertainty but large domain gap, which actually 
already have high confidence in label prediction.

5. Discussions

5.1. Analysis of distance metrics

To validate our choice of metric 𝜇∕
√

𝜎2 + 𝜖, we benchmark it 
against two alternative distance measures. The first method is ||

|

𝜇𝑖
𝑠 − 𝜇𝑗

𝑡
|

|

|

while the second is Wasserstein distance [53]: ‖‖
‖

𝜇𝑖
𝑠 − 𝜇𝑗

𝑡
‖

‖

‖

2

2
+
(

(

𝜎𝑖𝑠
)2 +

(

𝜎𝑗𝑡
)2

− 2𝜎𝑖𝑠𝜎
𝑗
𝑡

)

. Table  5 details the comparative results of these dis-
tance metrics under the same conditions. We can observe that 𝜇∕
√

𝜎2 + 𝜖 achieves higher overall average accuracy (mean accuracy for 
four average accuracies of four DA datasets) than the other two metrics. 
A plausible explanation is that relying solely on mean differences 
maybe that the distance 𝜇 cannot capture the distributional variance 𝜎, 
while the Wasserstein distance lacks a mechanism to effectively balance 
the relative influence of means versus variances. On the other hand, our 
distance calculation scheme is consistent with BN [54], representing the 
distance between means with variance normalization and performing 
the best results among these three distance ways. Moreover, empirical 
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Table 2
Overall accuracy (%) on Office-Home for state-of-the-art methods. We report the mean and standard deviation over three repeated runs. In all experiments, 
ResNet-50 serves as the underlying architecture and we set the active ratio as 1%.
 Method Strategy AL/ADA Ar Cl Pr Rw Avg  
 None – 64.6 ± 0.6 52.3 ± 0.6 77.6 ± 0.1 80.7 ± 0.4 68.8 ± 0.4 
 Random AL 71.1 ± 0.5 59.0 ± 1.0 82.5 ± 0.5 82.6 ± 0.2 73.8 ± 0.6 
 BADGE [ICLR 2020] AL 71.3 ± 0.8 59.1 ± 1.0 81.2 ± 0.2 81.7 ± 0.1 73.3 ± 0.5 
 ResNet-50 AADA [WACV 2020] ADA 70.2 ± 0.3 58.9 ± 0.4 83.0 ± 0.7 82.7 ± 0.6 73.7 ± 0.5 
 [CVPR 2016] CLUE [ICCV 2021] ADA 71.7 ± 0.4 59.9 ± 0.5 82.2 ± 0.4 81.9 ± 0.1 73.9 ± 0.3 
 SDM [CVPR 2022] ADA 72.5 ± 0.6 58.6 ± 0.5 82.9 ± 0.2 83.7 ± 0.7 74.4 ± 0.5 
 D3GU [WACV 2024] ADA 70.9 ± 0.3 57.6 ± 0.7 81.3 ± 0.1 81.8 ± 0.4 72.9 ± 0.4 
 GALA (Ours) ADA 74.9 ± 0.2 62.0 ± 0.2 84.9 ± 0.1 85.4 ± 0.1 76.8 ± 0.1 
 None – 64.3 ± 0.6 58.0 ± 0.1 76.4 ± 0.0 78.8 ± 0.4 69.4 ± 0.3 
 Random AL 69.3 ± 0.4 60.5 ± 0.5 79.4 ± 0.9 80.7 ± 0.0 72.5 ± 0.5 
 BADGE [ICLR 2020] AL 69.0 ± 0.6 59.2 ± 0.7 79.8 ± 0.2 79.8 ± 0.1 72.0 ± 0.4 
 DANN AADA [WACV 2020] ADA 72.1 ± 0.9 59.0 ± 0.2 84.6 ± 0.4 82.5 ± 0.4 74.5 ± 0.5 
 [JMLR 2016] CLUE [ICCV 2021] ADA 68.8 ± 0.1 60.7 ± 0.3 79.7 ± 0.6 80.0 ± 0.5 72.3 ± 0.4 
 SDM [CVPR 2022] ADA 72.5 ± 0.1 63.0 ± 0.6 80.6 ± 0.1 81.6 ± 0.8 74.4 ± 0.4 
 D3GU [WACV 2024] ADA 71.5 ± 0.5 62.4 ± 0.6 81.4 ± 0.2 80.7 ± 0.1 74.0 ± 0.3 
 GALA (Ours) ADA 74.2 ± 0.0 64.5 ± 0.7 83.6 ± 0.1 84.3 ± 0.2 76.7 ± 0.2 
 None – 66.2 ± 0.5 58.5 ± 0.3 79.5 ± 0.2 81.3 ± 0.3 71.4 ± 0.3 
 Random AL 70.9 ± 0.4 63.1 ± 0.1 83.5 ± 0.6 85.4 ± 0.3 75.7 ± 0.4 
 BADGE [ICLR 2020] AL 72.8 ± 0.6 64.2 ± 0.6 84.9 ± 0.1 85.3 ± 0.6 76.8 ± 0.5 
 M3SDA AADA [WACV 2020] ADA 74.3 ± 0.3 65.0 ± 0.2 86.1 ± 0.6 87.4 ± 0.0 78.2 ± 0.3 
 [ICCV 2019] CLUE [ICCV 2021] ADA 75.8 ± 0.5 66.1 ± 0.3 85.6 ± 0.5 86.9 ± 0.1 78.6 ± 0.3 
 SDM [CVPR 2022] ADA 73.5 ± 0.3 66.2 ± 0.4 85.9 ± 0.9 86.1 ± 0.6 77.9 ± 0.6 
 D3GU [WACV 2024] ADA 73.1 ± 0.4 65.5 ± 0.4 86.2 ± 0.2 85.3 ± 0.1 77.5 ± 0.3 
 GALA (Ours) ADA 76.8 ± 0.4 67.9 ± 0.1 87.5 ± 0.3 88.3 ± 0.4 80.1 ± 0.3 
 None – 76.4 ± 0.1 63.9 ± 0.4 85.4 ± 0.6 85.8 ± 0.4 77.9 ± 0.4 
 Random AL 78.2 ± 0.5 64.8 ± 0.2 86.1 ± 0.5 86.6 ± 0.8 78.9 ± 0.5 
 BADGE [ICLR 2020] AL 77.9 ± 0.7 65.7 ± 0.7 87.6 ± 0.3 87.9 ± 0.7 79.8 ± 0.6 
 SIG AADA [WACV 2020] ADA 79.9 ± 0.7 65.9 ± 0.4 87.0 ± 0.6 87.1 ± 0.1 80.0 ± 0.5 
 [NeurIPS 2023] CLUE [ICCV 2021] ADA 78.1 ± 0.2 67.0 ± 0.3 87.1 ± 0.8 88.4 ± 0.2 80.2 ± 0.4 
 SDM [CVPR 2022] ADA 81.5 ± 0.6 66.7 ± 0.7 87.9 ± 0.2 88.5 ± 0.2 81.2 ± 0.4 
 D3GU [WACV 2024] ADA 79.3 ± 0.5 65.7 ± 0.2 86.6 ± 0.6 88.2 ± 0.2 80.0 ± 0.4 
 GALA (Ours) ADA 81.1 ± 0.3 67.2 ± 0.4 88.2 ± 0.6 89.1 ± 0.3 81.4 ± 0.4 
 None – 76.7 ± 0.2 71.4 ± 0.3 86.8 ± 0.3 85.5 ± 0.6 80.1 ± 0.3 
 Random AL 77.3 ± 0.6 70.6 ± 0.3 86.9 ± 0.2 86.9 ± 0.7 80.4 ± 0.5 
 BADGE [ICLR 2020] AL 78.7 ± 0.4 72.6 ± 0.3 87.4 ± 0.2 87.0 ± 0.2 81.4 ± 0.3 
 CSR AADA [WACV 2020] ADA 79.2 ± 0.6 72.3 ± 0.2 88.3 ± 0.4 87.5 ± 0.3 81.8 ± 0.4 
 [AAAI 2024] CLUE [ICCV 2021] ADA 79.8 ± 0.4 74.0 ± 0.7 87.1 ± 0.1 88.2 ± 0.1 82.3 ± 0.3 
 SDM [CVPR 2022] ADA 79.5 ± 0.3 73.4 ± 0.4 87.8 ± 0.6 88.2 ± 0.2 82.2 ± 0.4 
 D3GU [WACV 2024] ADA 78.2 ± 0.1 72.6 ± 0.8 87.4 ± 0.3 87.9 ± 0.5 81.5 ± 0.4 
 GALA (Ours) ADA 84.2 ± 0.1 75.3 ± 0.4 88.6 ± 0.4 89.6 ± 0.1 84.4 ± 0.2 
 Detective [CVPR 2024] ADA 81.2 ± 1.4 73.5 ± 2.3 85.0 ± 0.3 86.6 ± 1.4 81.6 ± 0.8 
Fig. 5. Sensitive analysis of 𝛼 introduced in Section 3.2: (a) Performance on different value of 𝛼 for Digit-Five(b) Performance on different value of 𝛼 for
Office-Home.
evidence suggests that GALA achieves the best performance without 
any module of domain loss. By embedding GALA to ResNet, M3SDA has 
a narrower margin of improvement compared to DANN. This can likely 
be attributed to that M3SDA serves as a highly robust DA method for 
MSDA setting performs nearer to the theoretical ceiling and has limited 
space to enhance.
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5.2. Feature map (
(

𝑥𝑗𝑡
)

) or gradient embedding (𝑔𝑐
(

𝑥𝑗𝑡
)

)?

Gradient embedding (𝑔𝑐
(

𝑥𝑗𝑡
)

) is widely used in conventional active 
learning algorithm [43], which can be represented as the uncertainty 
of the sample. Also, feature map (

(

𝑥𝑗
)

) enables the calculation of 
𝑡
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Table 3
Overall accuracy (%) on DomainNet for SOTA methods. In all experiments, ResNet-101 serves as the underlying architecture and we set the active ratio as
1%.
 Method Active learning strategy AL or ADA Cli Inf Pai Qui Rea Ske Avg  
 None – 47.6 13.0 38.1 13.3 51.9 33.7 32.9 
 Random AL 61.5 22.9 52.6 19.7 59.7 36.9 42.2 
 BADGE [ICLR 2020] AL 61.3 22.9 51.9 20.0 62.4 40.2 43.1 
 APFWA [CVPR 2023] AL 60.9 21.2 51.5 19.3 58.6 38.4 41.7 
 ResNet-101 AADA [WACV 2020] ADA 60.8 20.7 49.3 15.4 61.7 42.6 41.8 
 [CVPR 2016] CLUE [ICCV 2021] ADA 61.6 23.1 52.5 17.9 64.0 54.4 45.6 
 SDM [CVPR 2022] ADA 57.6 19.7 47.3 14.9 62.5 46.6 41.4 
 DUC [ICLR 2023] ADA 60.9 20.1 49.7 16.5 63.1 53.8 44.0 
 D3GU [WACV 2024] ADA 59.2 19.9 48.1 16.2 62.4 47.8 42.3 
 GALA (Ours) ADA 63.4 22.7 53.4 18.7 64.8 54.8 46.3 
 None – 45.5 13.1 37.0 13.2 48.9 31.8 31.6 
 Random AL 61.9 24.5 53.1 21.1 66.1 53.0 46.6 
 BADGE [ICLR 2020] AL 64.3 23.9 55.8 23.4 65.3 54.6 47.9 
 APFWA [CVPR 2023] AL 63.1 22.7 53.2 22.9 63.2 54.9 46.7 
 DANN AADA [WACV 2020] ADA 65.3 23.6 56.1 20.9 66.2 55.6 48.0 
 [JMLR 2016] CLUE [ICCV 2021] ADA 66.1 28.4 54.7 21.8 61.5 57.2 48.3 
 SDM [CVPR 2022] ADA 63.1 28.4 53.1 28.6 63.3 58.4 49.2 
 DUC [ICLR 2023] ADA 63.7 28.6 53.3 29.1 63.7 58.6 49.5 
 D3GU [WACV 2024] ADA 64.5 27.9 52.2 28.9 64.1 58.5 49.4 
 GALA (Ours) ADA 67.9 29.5 52.7 29.4 67.0 59.7 51.0 
 None – 58.6 26.0 52.3 6.3 62.7 49.5 42.6 
 Random AL 65.9 29.6 60.1 26.7 72.4 60.1 52.5 
 BADGE [ICLR 2020] AL 70.6 26.3 63.9 30.8 76.3 61.7 54.9 
 APFWA [CVPR 2023] AL 70.1 27.6 63.6 31.6 76.9 59.1 54.8 
 M3SDA AADA [WACV 2020] ADA 68.2 28.9 62.9 29.6 74.3 59.7 53.9 
 [ICCV 2019] CLUE [ICCV 2021] ADA 69.0 29.1 65.4 32.6 72.9 60.2 54.9 
 SDM [CVPR 2022] ADA 72.1 32.4 64.3 37.1 72.8 63.9 57.1 
 DUC [ICLR 2023] ADA 71.6 34.5 65.7 40.1 73.0 62.4 57.9 
 D3GU [WACV 2024] ADA 72.5 33.1 64.0 39.5 73.6 61.2 57.3 
 GALA (Ours) ADA 73.5 36.2 69.8 48.2 79.6 63.2 61.5 
 Detective [CVPR 2024] ADA 69.1 25.7 62.4 36.1 76.2 54.0 53.9 
 Full-Supervised 71.6 36.7 68.6 69.6 81.8 65.8 65.7 
Table 4
Computational complexity and sample selection time of different active selec-
tion methods.
 Method Complexity Time 
 Random 𝑂(𝐵) 1.0×  
 BADGE 𝑂(𝑁𝐹 +𝑁𝐶𝑑 +𝑁𝐵𝐶𝑑) 4.6×  
 AADA 𝑂(𝑁𝐹 +𝑁𝐶 +𝑁𝐷) 1.8×  
 CLUE 𝑂(𝑁𝐹 + 𝐼𝑁𝐵𝑑) 4.1×  
 SDM 𝑂(𝑁𝐹 +𝑁𝐶 +𝑁 log𝑁) 1.5×  
 DUC 𝑂(𝑁𝐹 +𝑁𝐶) 2.3×  
 D3GU 𝑂(𝑁𝐹 +𝑁𝐺 + 𝐼𝑁𝐵𝑑) 6.8×  
 GALA 𝑂(𝑁𝐹 + 𝐼𝑁𝐵𝑑 + 𝛼𝑁𝐵𝐾𝑑) 3.8×  

discrepancies linking specific instances or across distinct domains [22,
23]. Therefore, the gradient embedding and the feature map could 
both use in the global step and the local step. As shown in Tables 
6 and 7, we can compare the performance between the feature map 
(

(

𝑥𝑗𝑡
)

) and the gradient embedding (𝑔𝑐
(

𝑥𝑗𝑡
)

) for Digit-Five and
Office-Home, respectively. Experimental results show that when we 
choose the gradient embedding for the global step and the feature map 
for the local step, the final average accuracy performs best.

5.3. Performance on different active ratios

Fig.  6(a) and (b) display average accuracy for different active ratios 
including 1%, 5%, and 10% for Digit-Five and Office-Home, respec-
tively. It is evident that the model performance consistently increases 
as the active ratio rises, except for M3SDA + GALA for Digit-Five 
where it shows no significant change or even slightly decreases. The 
performance of some transfer tasks exceeds fully-supervised learning, 
such as M3SDA + GALA with just 5% labeled target data. Additionally, 
Fig.  7(a) and (b) illustrate the accuracy gain when increasing the active 
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ratio from 1% to 5% and from 5% to 10% with different methods 
across various tasks for Digit-Five and Office-Home, respectively. We 
can observe that in most scenarios, increasing the active ratio leads 
to a corresponding steady improvement in performance. However, in 
some cases, increasing the annotation ratio actually results in decreased 
accuracy, for example, with M3SDA in SV and SY tasks. Surprisingly, 
integrating GALA with other DA methods consistently outperforms 
other active learning or active DA methods with substantial gains 
and achieves comparable results to the fully supervised target-domain 
reference with only 1% annotation.

5.4. Average or minimum for calculating 𝑑?

Fig.  8 shows the performance in Office-Home between the average 
and the minimum for 𝑑 in Eq. (6) (see detail in Section 3.3). Empirical 
results indicates that the minimum method outperforms better than the 
average way in most cases. We select the minimum distance among 
𝑑𝑗 = min 𝑑𝑘,𝑗 , 𝑘 = 1,… , 𝐾. If 𝑑𝑗 is large, it means that the target sample 
(𝑥𝑗𝑡 ) with high uncertainty is far away from any source domain, which 
maybe crucially important for the target domain. However, if we use 
the average distance of 𝑑𝑗 = 1∕𝐾

∑𝐾
𝑘=1 𝑑𝑘,𝑗 , although the 𝑑𝑗 is large 

because the target sample is far away from some source domains, once 
a specific source domain (𝑘

𝑠 ) is small, the target sample (𝑥𝑗𝑡 ) could 
still acquire great feature representations tailored to that specific source 
domain. To this end, we select the minimum distance as the domain gap 
among 𝑑𝑘,𝑗 for each target sample 𝑥𝑗𝑡 .

5.5. In-depth theoretical analysis

According to classic DA theory [55], the target error  (ℎ) of a 
hypothesis ℎ satisfies the inequality: ( (ℎ) ≤  (ℎ)+ 1

2𝑑𝛥 ( ,  )+𝜆). 
Here, (𝑖)  (ℎ) means the expected error associated with the source 
domain; (𝑖𝑖) 𝛥-distance 𝑑  ,  , a distance metric reflecting the 
𝛥 ( )
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Table 5
Overall accuracy (%) of distinct distance metrics across four standard DA benchmarks.
 Method Distance type Digit-Five Office-Home DomainNet Avg  
 ResNet None 77.7 68.8 32.9 59.8  
 GALA 𝜇 90.9 73.5 42.8 69.1  
 GALA Wasserstein 92.6 74.2 46.1 71.0  
 GALA 𝜇∕

√

𝜎2 + 𝜖 93.3 76.8 47.0 72.4  
 DANN None 83.5 69.4 31.6 61.5  
 DANN + GALA 𝜇 93.1 74.4 46.8 71.4  
 DANN + GALA Wasserstein 94.2 75.9 50.6 73.6  
 DANN + GALA 𝜇∕

√

𝜎2 + 𝜖 94.5 76.7 51.0 74.1  
 M3SDA None 87.6 71.4 42.6 67.2  
 M3SDA + GALA 𝜇 94.3 77.0 59.3 76.9  
 M3SDA + GALA Wasserstein 94.8 80.0 61.9 78.9  
 M3SDA + GALA 𝜇∕

√

𝜎2 + 𝜖 95.4 80.1 61.5 79.0  
 Full-Supervised 95.5 None 65.7 None 
Table 6
Performance comparisons between the feature map ( (

𝑥𝑗𝑡
)

) and the gradient embedding (𝑔𝑐
(

𝑥𝑗𝑡
)

) for Digit-Five. All methods 
use the LeNet as the backbone.
 Method Global Local MM MT UP SV SY Avg  
 

(

𝑥𝑗𝑡
)

𝑔𝑐
(

𝑥𝑗𝑡
)


(

𝑥𝑗𝑡
)

𝑔𝑐
(

𝑥𝑗𝑡
)  

 
LeNet + GALA

✓ ✓ 88.6 98.9 98.5 83.9 94.9 93.0 
 ✓ ✓ 89.6 98.3 97.9 84.0 92.5 92.5 
 ✓ ✓ 87.6 99.3 99.0 85.6 95.1 93.3 
 ✓ ✓ 86.9 98.5 98.2 85.3 95.2 92.8 
 
DANN + GALA

✓ ✓ 90.0 99.0 99.0 87.1 93.3 93.7 
 ✓ ✓ 90.5 98.4 98.7 86.9 94.9 93.9 
 ✓ ✓ 91.9 99.2 99.1 87.0 95.3 94.5 
 ✓ ✓ 90.1 98.9 98.4 87.2 94.8 93.9 
 
M3SDA + GALA

✓ ✓ 92.9 99.1 98.8 84.2 96.0 94.2 
 ✓ ✓ 93.0 89.7 99.0 86.3 96.8 93.0 
 ✓ ✓ 93.3 99.3 99.2 87.9 97.2 95.4 
 ✓ ✓ 93.5 99.0 98.4 87.1 96.3 94.9 
Table 7
Performance comparisons contrasting the efficacy of feature map ( (

𝑥𝑗𝑡
)

) versus the gradient embedding (𝑔𝑐
(

𝑥𝑗𝑡
)

) for Office-
Home. All methods use the ResNet-50 as the underlying framework.
 Method Global Local Ar Cl Pr Rw Avg  
 

(

𝑥𝑗𝑡
)

𝑔𝑐
(

𝑥𝑗𝑡
)


(

𝑥𝑗𝑡
)

𝑔𝑐
(

𝑥𝑗𝑡
)  

 
ResNet-50 + GALA

✓ ✓ 73.2 61.8 84.2 84.5 75.9 
 ✓ ✓ 73.6 59.1 84.7 83.9 75.3 
 ✓ ✓ 74.9 62.0 84.9 85.4 76.8 
 ✓ ✓ 72.7 62.7 83.9 85.6 76.2 
 
DANN + GALA

✓ ✓ 73.9 61.8 83.5 85.3 76.1 
 ✓ ✓ 74.8 65.6 83.4 84.7 77.1 
 ✓ ✓ 74.2 64.5 83.6 84.4 76.7 
 ✓ ✓ 74.0 63.9 83.2 84.1 76.7 
 
M3SDA + GALA

✓ ✓ 75.6 65.0 87.8 85.1 78.4 
 ✓ ✓ 74.3 66.5 86.9 87.4 78.8 
 ✓ ✓ 76.8 67.9 87.5 88.3 80.1 
 ✓ ✓ 76.2 66.3 86.1 88.6 79.3 
divergence between two domains via the disagreement of hypotheses 
ℎ, ℎ′ ∈ 𝛥; and (𝑖𝑖𝑖) 𝜆 denotes the error of the ideal joint hy-
pothesis shared by both source and target domains, which reflects the 
intrinsic adaptability between domains. In practice, it is commonly 
approximated using the joint error of a classifier trained on both 
domains. Inspired by classic domain adaptation theory, we provide an 
intuitive empirical interpretation of why GALA improves transferability 
in the MS-ADA setting. This discussion is not intended as a formal 
theoretical proof, but rather as a qualitative analysis connecting the 
behavior of GALA with commonly used DA generalization concepts 
such as the 𝛥-distance and the shared-error term. As depicted in Fig. 
9(a) and (b), the values of 𝛥-distance and 𝜆 are visualized, which 
demonstrate GALA effectively minimizes both the 𝛥-distance and 
the 𝜆, leading a reduction in generalization error and suggesting that 
GALA reduces cross-domain discrepancy and improves the consistency 
10 
between source and target predictions. Furthermore, it suggests that 
GALA successfully harmonizes the model’s classification capability with 
its transferability.

In practice, the 𝛥-distance is approximated through domain dis-
crimination performance, while the shared-error term is only analyzed 
qualitatively since it is not directly computable in the unsupervised 
target setting.

5.6. Robustness to noisy pseudo-labels

The global clustering step in GALA relies on pseudo-labels to con-
struct gradient embeddings. Therefore, extremely noisy pseudo-labels 
may potentially affect the clustering quality under severe domain shift. 
To quantitatively evaluate this issue, we conduct additional stress-
test experiments on DomainNet, the most challenging benchmark in 
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Fig. 6. Average accuracy on different ratios including 1%, 5%, 10% for (a) Digit-Five and (b) Office-Home.
Fig. 7. Accuracy gain when increasing active ratio including 1%–5% and 5%–10% for (a) Digit-Five and (b) Office-Home.
Fig. 8. Comparisons in Office-Home between the average and the minimum 
for 𝑑 in Eq. (6). All methods use the ResNet-50 as the backbone.

our experiments. We report the accuracy (%) on two difficult target 
domains, Inf and Qui, with a 1% active annotation budget. ‘‘ResNet-
50’’ denotes the setting with a weaker backbone, and ‘‘Gaussian noise’’ 
denotes the setting where target images are corrupted by 𝐼noisy = 𝐼 +
 (0, 𝜎2) with 𝜎 = 10 before active selection.

As shown in Table  8, GALA consistently outperforms representative 
AL and ADA methods under both degraded settings. With ResNet-50, 
GALA achieves 30.4% and 32.1% accuracy on Inf and Qui, respectively, 
improving over the strongest competing method SDM by 4.7% and 
8.8%. Under Gaussian-noise corruption, GALA achieves 32.5% and 
39.5% accuracy, outperforming SDM by 4.9% and 11.4%. These results 
indicate that although noisy pseudo-labels may affect the gradient
11 
Table 8
Stress-test results on DomainNet under highly noisy pseudo-label settings.
 Setting Method Inf Qui  
 

M3SDA + ResNet-50

None 14.6 4.5  
 Random 22.4 19.6 
 BADGE 22.7 20.4 
 AADA 23.6 20.7 
 CLUE 23.8 22.0 
 SDM 25.7 23.3 
 GALA 30.4 32.1 
 

M3SDA + Gaussian noise

None 19.6 5.9  
 Random 24.3 21.4 
 BADGE 23.6 23.6 
 AADA 24.7 26.0 
 CLUE 27.1 26.8 
 SDM 27.6 28.1 
 GALA 32.5 39.5 

embedding, the proposed global-local strategy remains reasonably ro-
bust in heavily misaligned settings. This robustness mainly comes 
from two aspects: the global clustering step encourages diverse sample 
selection rather than relying only on pseudo-label confidence, while 
the local selection step further considers uncertainty and multi-source 
domain relationships, which helps reduce the influence of individual 
noisy pseudo-labels.

6. Conclusions

In this work, we propose GALA, a simple yet effective GlobAl-LocAl 
strategy for Multi-Source Active Domain Adaptation (MS-ADA). By 
combining global 𝑘-means clustering with cluster-wise local selection, 
GALA selects target samples that are both diverse and informative 
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Fig. 9. In-depth theoretical analysis of 𝛥-distance and 𝜆.
under multi-source domain variations. GALA is plug-and-play, intro-
duces no additional trainable parameters, and can be seamlessly in-
tegrated into different DA architectures. Experiments on three bench-
marks demonstrate that GALA consistently improves adaptation perfor-
mance using only 1% target annotations.

Although GALA shows strong performance across multiple bench-
marks and stress-test settings, it still depends on the quality of the 
feature space and pseudo-labels produced by the current DA model. 
As shown in Section 5.6, GALA remains reasonably robust when using 
a weaker ResNet-50 backbone or when target images are corrupted by 
Gaussian noise. However, if the initial model fails to learn meaningful 
target-domain representations, highly unreliable pseudo-labels may af-
fect the stability of the global clustering step. Future work will explore 
pseudo-label denoising, confidence-aware gradient embeddings, and 
source-free uncertainty calibration to further improve MS-ADA under 
extreme domain shifts.
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