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ABSTRACT: Domain adaptation aims to reduce the distribution gap between the training data (source domain)
and the target data. This enables effective predictions even for domains not seen during training. However, most
conventional domain adaptation methods assume a single source domain, making them less suitable for modern deep
learning settings that rely on diverse and large-scale datasets. To address this limitation, recent research has focused
on Multi-Source Domain Adaptation (MSDA), which aims to learn effectively from multiple source domains. In this
paper, we propose Efficient Domain Transition for Multi-source (EDTM), a novel and efficient framework designed to
tackle two major challenges in existing MSDA approaches: (1) integrating knowledge across different source domains
and (2) aligning label distributions between source and target domains. EDTM leverages an ensemble-based classifier
expert mechanism to enhance the contribution of source domains that are more similar to the target domain. To further
stabilize the learning process and improve performance, we incorporate imitation learning into the training of the
target model. In addition, Maximum Classifier Discrepancy (MCD) is employed to align class-wise label distributions
between the source and target domains. Experiments were conducted using Digits-Five, one of the most representative
benchmark datasets for MSDA. The results show that EDTM consistently outperforms existing methods in terms of
average classification accuracy. Notably, EDTM achieved significantly higher performance on target domains such
as Modified National Institute of Standards and Technolog with blended background images(MNIST-M) and Street
View House Numbers(SVHN) datasets, demonstrating enhanced generalization compared to baseline approaches.
Furthermore, an ablation study analyzing the contribution of each loss component validated the effectiveness of the
framework, highlighting the importance of each module in achieving optimal performance.

KEYWORDS: Multi-source domain adaptation; imitation learning; maximum classifier discrepancy; ensemble based
classifier; EDTM

1 Introduction
In recent years, deep learning has achieved significant advancements in various fields such as image

recognition, speech recognition, and natural language processing through training on large-scale datasets [1].
To effectively train on such datasets, the data collection process plays a crucial role. However, while data are
generated at an extremely rapid rate, accurate labeling requires considerable time and cost, which hinders
the advancement of deep learning models [2]. Consequently, addressing the challenge of data labeling has
emerged as an essential task for the continued development of deep learning models.
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Traditional deep learning models are typically effective only within the domain in which they have
been trained. Even when the same labels are shared across datasets, differences in data distributions can
significantly hinder predictive performance. This limitation necessitates re-labeling and retraining models
for each new but similar dataset, which is both time-consuming and inefficient. While transfer learning can
alleviate part of this burden by leveraging labeled target data to adapt a pretrained model, its applicability is
limited in scenarios where target labels are unavailable. Domain adaptation addresses this issue by mitigating
the distribution discrepancy between source and target data without relying on labeled target samples. By
effectively integrating the characteristics of both domains, the model can extract domain-invariant feature
representations, leading to consistent and robust predictions. Due to these capabilities, domain adaptation
has emerged as a promising approach to reduce the cost and effort associated with data labeling, especially
in settings where labeled data in the target domain are scarce or entirely absent.

With the increasing diversity of data and the emergence of domain-specific variations even within the
same type of data, recent trends in deep learning have shifted toward leveraging diverse training data more
effectively. Utilizing such a variety of data sources can improve model generalization, enable the acquisition of
broader knowledge, and help prevent overfitting. One approach that applies this idea to domain adaptation is
Multi-source Domain Adaptation (MSDA), which involves two key challenges: integrating knowledge from
multiple source domains and aligning this knowledge with the target domain.

Traditional MSDA methods primarily focus on effectively mixing or aggregating the characteris-
tics of multiple source domains, often relying on adversarial GAN-based frameworks to align the joint
source–target distributions. While these adversarial approaches have demonstrated promising results, the
min–max optimization tends to emphasize global distribution matching and may overlook more fine-
grained, label-wise discrepancies across domains. Motivated by this limitation, our work adopts Maximum
Classifier Discrepancy (MCD) to perform a more delicate and class-aware alignment process. By leveraging
classifier-induced discrepancies rather than adversarial signals, MCD enables the model to capture subtle
structural differences that GAN-based approaches may fail to address, thereby enabling more precise
domain integration.

Although numerous studies have proposed methods to tackle both source integration and target align-
ment, solving these tasks simultaneously in a stable and effective manner remains a significant challenge. To
address these issues, this paper introduces three complementary approaches.

The first method is the Ensemble-based Classifier Expert, which assigns weights to multiple source
domain models using a domain classification model to generate a single integrated classifier [3]. Source
domains that are more similar to the target domain contribute more significantly to the final prediction,
thereby improving adaptation effectiveness.

The second method is Imitation Learning, where the target classifier is trained to mimic the output of
the trained source ensemble model [3]. This enables the target model not only to learn from source-domain
supervision but also to incorporate pseudo-label guidance for target data, enhancing prediction stability and
adaptation quality.

The final method is Maximum Classifier Discrepancy (MCD), which considers label-wise data dis-
tributions during adaptation [4]. Unlike methods that align only the overall distribution, MCD adjusts
discrepancies across individual labels, allowing for fine-grained and class-aware domain alignment.

By incorporating these three methods, we propose Efficient Domain Transition for Multi-source
Domain Adaptation (EDTM), which effectively integrates knowledge from multiple source domains and
aligns label-wise distributions between source and target domains. The proposed EDTM framework offers
the following contributions:
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• Developed a model that prioritizes source domains more similar to the target domain, enhancing the
transferability of knowledge.

• Improved learning stability and prediction efficiency by training the target model to imitate the source
ensemble’s outputs while adapting to target-specific characteristics.

• Achieved more precise domain integration through label-wise alignment using MCD.
• Conducted extensive experiments on benchmark MSDA datasets, demonstrating that EDTM consis-

tently outperforms existing methods.

2 Related Work

2.1 Domain Adaptation
Many domain adaptation studies have been conducted to effectively align data distributions. Among

them, numerous works have focused on domain adaptation using adversarial learning techniques. Ganin
et al. [5] proposed Domain Adversarial Neural Networks (DANN), which align the distributions of two
domains using a Gradient Reversal Layer. Tzeng et al. [6] introduced Adversarial Discriminative Domain
Adaptation (ADDA), which leverages the Generative Adversarial Networks (GAN) algorithm to align
distributions across domains. Saito et al. [4] highlighted a limitation of conventional adversarial learning
methods, which align data without considering label-wise distributions. To address this, they proposed
Maximum Classifier Discrepancy (MCD), a method that aligns domains while accounting for label-wise
distribution differences.

2.2 Multi-Source Domain Adaptation
Multi-source domain adaptation has been actively studied to address the diversity of source domains

and the distribution shift between source and target domains. Many works focus on handling source domain
diversity by computing similarities between domains and integrating knowledge through weighted contri-
butions. Zhao et al. [7] proposed Multi-source Distilling Domain Adaptation (MDDA), which calculates the
similarity between target and source domains based on distance, assigns weights accordingly, and predicts
data using an ensemble approach. Wang et al. [8] utilized statistical distance metrics such as Maximum Mean
Discrepancy to measure feature distribution differences between each source domain and the target domain.
These differences were then used as weights, allowing more similar source domains to contribute more
significantly to target domain prediction. They proposed Learning to Combine for Multi-Source Domain
Adaptation (LtC-MSDA).

Nguyen et al. [3] proposed Student-Teacher Ensemble Multi-source Domain Adaptation (STEM), which
learns from diverse source domains using an Ensemble-based Teacher Expert and transfers this knowledge
to the target model through Imitation Learning. This approach enhances prediction accuracy by aligning
domain distributions using a GAN-based method.

3 Methodology
This section describes the EDTM framework and its key components: Ensemble-based Classifier Expert,

Imitation Learning, and MCD. Finally, the training process of EDTM is introduced.

3.1 EDTM Framework
Fig. 1 illustrates the overall architecture of the proposed EDTM framework. The framework utilizes data

collected from multiple source domains (K domains), denoted as Xs = {X k
s }

K
k=1, along with target domain

data Xt .
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Figure 1: Overall architecture of the proposed EDTM framework. The model extracts shared features from multiple
source and target domains using a common feature extractor. Source-specific classifiers and a domain discriminator
are used to form a unified source classifier, which guides the target classifier through imitation learning. Additionally,
MCD classifiers assist in learning domain-invariant and class-discriminative representations.

For clarity, all loss functions in this section are computed over mini-batches. We denote Bs
k ⊂ Xs

k as the
mini-batch sampled from the kth source domain and Bt ⊂ Xt as the mini-batch sampled from the target
domain. Unless otherwise stated, all summations are taken over samples within a mini-batch, and each loss
term represents the batch-averaged loss.

First, both source and target data are fed into a shared feature extractor F, which maps them into a
common representation space. For each source domain, a label classifier {Ck}K

k=1 is trained to predict class
labels, and a domain discriminator D is trained to distinguish the domain of each input.

The trained classifiers {Ck}K
k=1 and discriminator D are then integrated to form a unified source

classifier Cs , which reflects information from all source domains. Subsequently, the target classifier Ct
is trained to align with the predictions of Cs , thereby adapting to the target domain and improving its
classification performance.

In addition, two MCD classifiers M1 and M2 are introduced to perform label prediction on the entire
source dataset. These classifiers guide the feature extractor F to learn domain-invariant and harmonized
representations across different domains.

Through this architecture and training strategy, EDTM effectively combines information from multiple
source domains and learns domain-aware, label-discriminative features tailored to the target domain.

3.2 Ensemble-Based Classifier Expert
The Ensemble-based Classifier Expert integrates the classifiers trained on each source domain, {Ck}K

k=1,
to construct Cs . First, the feature extractor (F) extracts features from the data Xs . Then, {Ck}K

k=1 and the
domain classifier (D) are trained. The trained D predicts the domain membership of the data and analyzes
the features of Xt to determine which domain the given data belongs to.
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This prediction result is used as a weight for each classifier {Ck}K
k=1 when constructing Cs . This weight-

based integration process ensures that information from source domains similar to the target domain is
effectively reflected. Using this method, we integrate knowledge from each source domain to construct Cs .
The construction process of Cs is defined as:

Cs(x) =
K
∑
k=1

wk(x)Ck(x), (1)

where wk(x) is the weight assigned to each classifier Ck , determined by the domain classifier D [3]. The
weights {wk(x)}K

k=1 form a probability distribution over the source domains, satisfying ∑K
k=1 wk(x) = 1,

which enables normalized and interpretable contributions from each source classifier.
Compared to a single classifier trained on an individual source domain, the ensemble-based formulation

reduces domain-specific bias by aggregating complementary knowledge from multiple sources and alleviates
negative transfer by down-weighting less relevant domains, leading to more robust predictions on the
target domain.

Compared to using a single classifier trained on a specific source domain, the ensemble-based for-
mulation reduces domain-specific bias by aggregating complementary knowledge from multiple sources.
Moreover, the adaptive weighting mechanism mitigates negative transfer by suppressing the influence of less
relevant source domains, while preventing overfitting to a single source domain. As a result, the proposed
ensemble classifier provides a more robust and stable decision boundary for target-domain samples.

3.3 Imitation Learning
Imitation Learning trains Ct to mimic Cs , thereby leveraging the combined knowledge from multiple

source domains. To achieve this, the prediction difference between Cs and Ct is measured, and Ct is trained
to minimize this difference. The prediction discrepancy between Cs and Ct is computed as:

Limi(x) =
N
∑
n=1

Cs(F(x))n log Ct(F(x))n , (2)

where N represents the total number of labels, and Cs(F(x))n and Ct(F(x))n denote the probabilities that
the input data x belongs to the n-th label. This approach enables Ct to learn from Cs even in the absence of
labeled data. By applying this method, we trained Ct not only to mimic Cs for Xs but also for Xt . As a result,
Ct is further refined to reflect the characteristics of the target domain [3].

3.4 Maximum Classifier Discrepancy
MCD effectively aligns data distributions across domains while considering label distributions. First, the

feature extractor (F) extracts features from Xs and Xt . Then, two classifiers, M1 and M2, are trained to classify
labels based on features extracted from the source data. Through this training, M1 and M2 achieve stable
prediction performance on the source domain. However, due to the randomness in the training process,
the decision boundaries of the two classifiers may differ. This discrepancy increases the likelihood that the
models will produce different predictions when encountering data with distributions different from the
source domain. In particular, if target domain data are located near the decision boundaries, prediction
inconsistency becomes more pronounced.

To leverage this property, the extracted features of Xt are fed into the trained classifiers M1 and M2,
which output the probability distributions p1(Xt) and p2(Xt) over the labels. The difference between p1(Xt)
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and p2(Xt) is then calculated to measure the prediction discrepancy between the two classifiers, denoted as
d(p1(Xt), p2(Xt)). The prediction discrepancy is computed as follows:

d(p1(x), p2(x)) =
1
N

N
∑
n=1
∣p1(x)n − p2(x)n ∣ , (3)

where p1(x)n and p2(x)n represent the probabilities that the input data x belongs to the n-th label. To
align the label distributions of the target and source domains, F is trained to minimize d(p1(Xt), p2(Xt)).
Conversely, M1 and M2 are trained to maximize d(p1(Xt), p2(Xt)), enabling them to better detect label
distribution differences between target and source data. Through this process, domain alignment is achieved
while accounting for label-wise distribution differences between the source and target domains [4].

3.5 Overall Training
EDTM trains by sampling mini-batches xs and xt from the source data Xs and target data Xt in each

epoch. In every epoch, the loss functions {LCk}
K
k=1 and LD are first computed using the sampled mini-batches

for {Ck}K
k=1 and D. Through this process, {Ck}K

k=1 are trained to accurately classify the labels of the source
domain data, while D is trained to correctly classify the domain of each source sample. The loss functions
LCk and LD are computed as follows:

LCk = ∑
x s

k∈Xs
k

ys
k log Ck(F(xs

k)), (4)

where this loss encourages each source classifier Ck to correctly predict class labels using features extracted
by F.

LD = ∑
x s

k∈Xs
k

ds
k log D(F(xs

k)). (5)

This loss enables the domain classifier D to learn discriminative representations for identifying the
originating source domain of each sample. Where ys

k represents the ground-truth label of xs
k , and ds

k denotes
the domain label of xs

k . Next, Cs is constructed using {Ck}K
k=1 and D. To ensure that Ct mimics the output

of Cs , the loss function LI for Ct is computed as follows:

LI = Limi(xs) + Limi(xt). (6)

This imitation loss enforces output-level consistency between Cs and Ct for both source and target
samples. Additionally, to ensure that M1 and M2 effectively classify the labels of xs , the loss function LM is
computed as:

LM =
2
∑
k=1
∑

x s
∈Xs

ys log Mk(F(xs)). (7)

This loss guides both classifiers M1 and M2 to learn reliable decision boundaries based on labeled source
data. The network components, including F, {Ck}K

k=1, Ct , D, M1, and M2, are then jointly trained to minimize
the sum of all computed loss functions:

LD + LI + LM +
K
∑
k=1

LCk . (8)
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This joint optimization step aligns feature extraction, classification, domain discrimination, and
imitation objectives within a unified training framework.

After this initial training phase, M1 and M2 are retrained. First, the trained M1 and M2 are used to
compute d(p1(xt), p2(xt)). Then, to enhance their ability to effectively detect target data, they are trained
to maximize d(p1(xt), p2(xt)). The corresponding loss function, LMC D , is defined as follows:

LMC D = LM − d(p1(xt), p2(xt)). (9)

This objective encourages the two classifiers to produce maximally discrepant predictions on target
samples, facilitating the identification of target-domain uncertainty. Finally, F undergoes retraining. The
following loss function ensures that F is trained to minimize d(p1(xt), p2(xt)):

LF = d(p1(xt), p2(xt)). (10)

By minimizing this discrepancy, the feature extractor F learns target-invariant representations that align
the predictions of M1 and M2. This training process is repeated for γ iterations. Algorithm 1 presents the
pseudocode for the proposed EDTM training process.

Algorithm 1: Training procedure for EDTM
Input: Source domains {(Xs , Y s)}K

s=1, Target domain Xt , Hyperparameters α, β, δ, γ
Output: Trained F, {Ck}K

k=1, Ct , D, M1, M2
1 for epoch in epochs do
2 Sample mini-batches of {(Xs , Y s)}K

s=1, Xt ;
3 for k in K do
4 Compute LCk ;
5 end
6 Compute LD;
7 Construct Cs using {Ck}K

k=1 and D;
8 Compute LI , LM ;
9 Update F, {Ck}K

k=1, Ct , D, M1, M2 by minimizing Eq. (8);
10 Compute LMCD;
11 Update M1 , M2 by minimizing LMCD;
12 for repeat in γ do
13 Compute LF ;
14 Update F by minimizing LF ;
15 end
16 end

4 Experiments
This section describes the datasets used in the experiments and the performance comparison between

existing MSDA methods and the proposed EDTM. Finally, the experimental results are presented.

4.1 Datasets
The datasets used for benchmarking are Digits-Five, Office-Caltech, and Office-31, which are represen-

tative benchmarks for evaluating the performance of domain adaptation algorithms. Digits-Five consists
of Modified National Institute of Standards and Technology (MNIST) (mt) [9], Modified MNIST with
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blended background images (MNIST-M) (mm) [5], Street View House Numbers (SVHN) (sv) [10], Synthetic
Digits(SYN) (sy) [5], and United States Postal Service(USPS) (up) [11], each containing class labels from 0
to 9. Since the classes are the same across datasets but the domains vary, this collection serves as an effective
benchmark for evaluating MSDA performance.

Office-Caltech consists of four domains: Amazon, Webcam, DSLR, and Caltech, which share ten
common object categories and are commonly represented using pre-extracted features from ResNet-101. This
dataset configuration is based on the Office+Caltech-10 benchmark [12]. Office-31 contains three domains:
Amazon, Webcam, and DSLR, with thirty-one object categories, providing a more diverse set of classes
compared to Office-Caltech. The Office-31 dataset was originally introduced for visual domain adaptation
research [13]. These datasets capture variations in image acquisition settings, backgrounds, and viewpoints,
making them effective for assessing the robustness of domain adaptation methods in real-world scenarios.
In our approach, one dataset is selected as the target domain, and the remaining datasets are used as source
domains for training.

For datasets that do not provide a predefined train/test split, we randomly sample 20% of the data as the
test set to ensure a consistent evaluation protocol across benchmarks. By performing cross-validation across
each dataset, we assess the generalizability of the model’s performance.

4.2 Experimental Settings
To evaluate the performance of MSDA and verify the effectiveness of the proposed EDTM, we followed

three experimental protocols widely adopted in previous studies. The protocols are as follows.
Single-best refers to the approach where adaptation to the target domain is performed using each of

the four source domains individually, and the result with the highest accuracy is reported. This represents
the traditional single-source domain adaptation method.

Source-combine is an approach in which data from multiple source domains are combined into
one, and adaptation is performed based on the integrated data. This setting evaluates performance when
information from diverse domains is merged.

Multi-source utilizes MSDA techniques to effectively learn from multiple source domains and transfer
the knowledge to the target domain.

All experiments were repeated three times, and the average accuracy was used as the final evaluation
metric. The common training settings were as follows: the learning rate was set to 2 × 10−4, and the batch
size was 16. The Adam optimizer was used with its first-moment decay parameter β1 = 0.5. In Adam, the β
parameters control the exponential decay rates for the moving averages of gradients and squared gradients,
thereby stabilizing updates and smoothing noisy gradient signals during training [14]. Following prior work,
we set γ = 3 for EDTM [4]. All experiments were conducted on a system equipped with an Intel i5-13500H
CPU and an NVIDIA RTX 2080 GPU.

In addition, Table 1 summarizes the architecture used in our experiments on the Digits-Five dataset.
The “Feature Extractor” describes the shared feature-learning backbone, the “Classifier” specifies the archi-
tecture of each individual classifier used for domain-specific prediction, and the “Domain Discriminator”
corresponds to the network structure employed for domain classification. This table provides detailed layer
configurations to support model interpretability and reproducibility.



Comput Model Eng Sci. 2026;146(2):33 9

Table 1: Model architecture for the feature extractor, classifier, and domain discriminator.

Module Layer Details/Parameters

Feature Extractor

Instance Normalization –
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
MaxPool pool size = (2, 2)
Dropout enabled during training
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
MaxPool pool size = (2, 2)
Dropout enabled during training

Classifier

Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU
Conv2D 64 filters, 3 × 3 kernel, stride = 1, activation = ReLU

Global Average Pooling enabled
Dense 10 output classes, activation = None

Domain Discriminator Dense 100 units, activation = ReLU
Dense 4 units, activation = None

4.3 Experiment Results on Digits-Five
Table 2 provides a detailed comparative analysis of domain adaptation methods evaluated on the Digits-

Five benchmark, revealing distinct behavioral characteristics across the Single-best, Source-combine, and
Multi-source settings.

Table 2: Experiment result on the Digits-Five dataset.

Model mt mm sv sy up Avg
Single-best

Source-only 98.8 53.0 81.3 93.0 84.6 82.1
GAN [15] 99.0 84.4 81.9 94.1 90.8 90.0
DANN [5] 97.6 71.3 63.5 85.4 92.3 82.0
ADDA [6] 97.9 71.6 75.5 86.5 92.8 84.8
MCD [4] 99.1 74.3 89.5 45.3 98.0 81.2

Source-combine

Source-only 98.6 73.6 87.0 96.1 94.6 89.9
GAN [15] 96.1 64.0 84.2 93.6 90.0 85.5
DANN [5] 97.9 70.8 68.5 87.4 93.5 83.6
ADDA [6] 97.9 72.3 75.0 86.7 93.1 85.0

(Continued)
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Table 2 (continued)

Model mt mm sv sy up Avg
MCD [4] 96.2 72.5 78.9 87.5 95.3 86.1

Multi-source

MDAN [16] 98.0 69.5 69.2 87.4 92.4 83.3
MDDA [7] 98.8 78.6 89.3 89.7 93.9 88.1

LtC-MSDA [8] 99.0 85.6 83.2 93.0 98.3 91.8
STEM [3] 99.5 87.2 87.4 97.0 97.5 93.7
MIAN [17] 98.0 84.0 88.0 93.0 96.0 92.0

OT MSDA [18] 99.2 85.3 88.6 95.0 99.1 93.4
EDTM (ours) 99.4 97.8 92.1 98.4 97.8 97.1

In the Single-best setting, each model is trained using a single source domain that yields the highest
average performance. Under this setting, the GAN-based method achieves the best average accuracy among
baseline approaches (90.0%), exhibiting strong performance on the mt, sy, and up domains. Nevertheless, its
performance drops noticeably on the mm and sv domains (84.4% and 81.9%), indicating limited robustness
to domain-specific visual discrepancies. Similar instability is observed in other single-source methods
such as DANN, ADDA, and MCD. In particular, DANN and ADDA struggle significantly on the visually
challenging mm and sv domains, while MCD suffers a severe performance collapse on the sy domain despite
maintaining high accuracy on other targets. These results highlight a fundamental limitation of single-source
adaptation: its effectiveness heavily depends on the latent compatibility between the selected source and the
target domain. However, in unsupervised domain adaptation, such compatibility cannot be determined in
advance due to the absence of target labels, which often leads to unstable optimization or insufficient feature
alignment, as clearly evidenced by the sy-domain failure of MCD.

In the Source-combine setting, all source domains are jointly used for training, leading to improved
generalization in many cases. The Source-only baseline, for example, shows a substantial increase in average
accuracy to 89.9%, confirming that exposure to diverse source distributions is beneficial for learning more
transferable representations. However, this improvement is not universal across all methods. Notably, GAN
experiences a significant performance degradation compared to its Single-best counterpart, particularly on
the mm domain, and MCD also exhibits reduced accuracy on specific targets such as sv. These observations
indicate that naive aggregation of source domains can introduce negative transfer, where incompatible or
conflicting knowledge from different sources interferes with effective feature learning. As a result, indis-
criminate mixing of heterogeneous domains may obscure discriminative structures and lead to performance
degradation, even relative to carefully selected single-source training.

In contrast, the Multi-source setting demonstrates clear advantages by explicitly modeling relationships
among multiple source domains. Early MSDA methods such as MDAN and MDDA show moderate improve-
ments but still exhibit weaknesses on challenging domains. More advanced approaches, including MIAN, OT
MSDA, and STEM, achieve stronger and more stable performance by selectively weighting or aligning source
contributions. MIAN attains an average accuracy of 92.0% with relatively balanced performance across all
target domains. OT MSDA further improves the overall accuracy to 93.44%, achieving exceptionally high
results on the mm and up domains (99.2% and 99.1%), which demonstrates the effectiveness of weighted
domain alignment strategies. STEM achieves an average accuracy of 93.7% and serves as a strong benchmark
by modeling domain divergence from an information-theoretic perspective.
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Compared to STEM, the proposed EDTM achieves substantial and consistent performance gains
across all target domains. In particular, EDTM significantly outperforms STEM on the most challenging
domains, achieving 97.8% on mm, 92.1% on sv, and 97.8% on up. These improvements correspond to
gains of +10.6%, +4.7%, and +0.3% over STEM, respectively. With an overall average accuracy of 97.1%,
EDTM surpasses the previous best method by a large margin and establishes a new state-of-the-art on the
Digits-Five benchmark. The results indicate that EDTM effectively mitigates negative transfer by selectively
integrating complementary knowledge from multiple heterogeneous sources through expert-based learning
and discrepancy-guided training. Consequently, EDTM achieves robust generalization even under severe
domain shifts and pronounced style mismatches.

4.4 Experiment Results on Office-Series Datasets
Tables 3 and 4 report the performance comparison between the proposed EDTM and the state-of-the-

art MSDA baseline, STEM, on the Office-series datasets. Although both datasets share the same high-level
objective, they exhibit different degrees of domain heterogeneity, enabling an analysis of not only absolute
accuracy but also the stability of adaptation across domains under practical experimental constraints.

Table 3: Experiment result on the Office-Caltech dataset.

Model webcam dslr caltech amazon Avg
STEM [3] 99.7 100.0 93.5 96.3 97.4

EDTM (ours) 99.7 100.0 94.6 96.3 97.6

Table 4: Experiment result on the Office-31 dataset.

Model webcam dslr amazon Avg
STEM [3] 71.6 83.1 – 77.4

EDTM (ours) 80.3 82.7 – 81.5

On the Office-Caltech dataset, both methods achieve near-saturated performance on the visually similar
and relatively low-variance domains (webcam and dslr), reaching 99.7%–100.0%. Under such conditions, the
primary performance differentiator becomes the most challenging domain, caltech, whose visual character-
istics deviate more substantially from the remaining sources. EDTM improves the caltech accuracy from
93.5% (STEM) to 94.6%, corresponding to a +1.1% gain, and consequently increases the overall average
accuracy from 97.4% to 97.6%. An examination of per-domain performance gaps further indicates that
domain heterogeneity still affects adaptation: EDTM exhibits a 5.4% gap between caltech (94.6%) and the
saturated dslr domain (100.0%), whereas STEM shows a larger gap of 6.5%. This result suggests that even
when most domains are relatively easy, effective multi-source adaptation requires selectively integrating
complementary source knowledge while avoiding domination by over-confident or overly similar sources.
Therefore, the Office-Caltech results emphasize that MSDA performance should be evaluated not only by
average accuracy but also by how effectively residual errors on the most domain-shifted targets are reduced.

The Office-31 dataset represents a more challenging adaptation scenario due to larger cross-domain
distribution shifts and more pronounced appearance variations. In our experimental setting, reliable domain
adaptation to the amazon domain was not achieved, and thus results for this domain are not reported.
This limitation reflects the inherent difficulty of the amazon domain, which exhibits substantial visual
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and semantic discrepancies from other sources under the considered MSDA configuration. Consequently,
the analysis focuses on domains where stable adaptation behavior can be meaningfully assessed. Within
this setting, EDTM significantly outperforms STEM on the webcam domain, achieving 80.3% compared
to 71.6% (+8.7%). This improvement leads to an increase in the reported average accuracy from 77.4%
to 81.5% (+4.1%). The substantial gain on the webcam domain is particularly informative, as visually
constrained domains tend to amplify the risk of negative transfer when heterogeneous sources are combined
indiscriminately. The observed improvement indicates that EDTM more effectively suppresses harmful inter-
source interference and produces a more reliable alignment for the target domain. From the perspective of
unsupervised domain adaptation, this robustness is critical because the optimal source–target compatibility
cannot be identified in the absence of target labels. As a result, stability under domain heterogeneity, rather
than sensitivity to a specific favorable source pairing, becomes a key criterion for robust MSDA.

Overall, the Office-series results demonstrate that EDTM consistently improves upon a strong MSDA
baseline across both a near-saturated benchmark (Office-Caltech) and a more heterogeneous benchmark
(Office-31), even under practical domain adaptation constraints. The performance gains are concentrated
on the most domain-shifted and challenging targets (e.g., caltech in Office-Caltech and webcam in Office-
31), supporting the claim that EDTM more effectively mitigates negative transfer and selectively integrates
complementary source knowledge, leading to more stable and reliable multi-source domain adaptation.

4.5 Feature Visualization
To analyze the distributional differences between domains and to evaluate how effectively EDTM

reduces this discrepancy, we visualized the learned feature representations using the t-SNE algorithm [19].
Following this methodology, we compare the feature distributions before and after domain adaptation on
the Digits-Five benchmark. In this experiment, MNIST-M is used as the target domain, while the remaining
datasets—MNIST, SVHN, SYN, and USPS—are utilized as source domains.

Fig. 2 illustrates the t-SNE results for both the Source-only model and the proposed EDTM. In the
Source-only model (left), the source (red) and target (blue) samples are heavily entangled without forming
clear class-wise clusters. The target MNIST-M features, in particular, appear densely concentrated near the
center, indicating that the model fails to extract meaningful representations due to the strong domain shift
introduced by texture and color perturbations.

In contrast, the EDTM results (right) show that samples from all source domains and the target
domain form distinguishable and well-aligned clusters. The target features closely follow the structure
of the source clusters, demonstrating that EDTM effectively integrates information from multiple source
domains and reduces the domain discrepancy. This alignment confirms that EDTM successfully transfers
discriminative knowledge to the target domain, enabling class-consistent feature extraction even without
access to target labels.

4.6 Ablation Study
We conducted an ablation study to evaluate the contribution of each loss function in EDTM to

the overall model performance. Table 5 presents the variation in accuracy as each loss component is
incrementally incorporated.

Initially, employing only the loss functions LD and LCk from the Ensemble-based Classifier Expert
resulted in an accuracy of 87.5%. This outcome indicates that the model effectively integrates knowledge
from multiple source domains. However, this configuration alone was insufficient to fully mitigate the
distributional shift between the source and target domains.
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Figure 2: Feature visualization using t-SNE on the Digits-Five benchmark. Source domains (red): MNIST, SVHN, SYN,
USPS; Target domain (blue): MNIST-M. Left: Source-only model showing severe domain mismatch. Right: EDTM
achieving clear class-wise alignment across domains.

Table 5: Ablation study on EDTM.

LD , LCk LI LM , LMC D , LF Avg
✓ 87.5
✓ ✓ 93.3
✓ ✓ 93.4
✓ ✓ ✓ 97.1

The inclusion of the imitation learning loss LI led to a substantial improvement in accuracy, reaching
93.3%. This result highlights the pivotal role of imitation learning in adapting effectively to the target domain.

Similarly, augmenting the base configuration (LD and LCk ) with the MCD-based loss functions LM ,
LMC D , and LF further enhanced performance to 93.4%. This finding suggests that these components are
effective in aligning the label-wise distributions between the source and target domains.

Finally, incorporating all proposed loss functions yielded the highest accuracy of 97.1%. These results
demonstrate that each component contributes effectively to model performance, while jointly addressing
different challenges in a complementary manner, thereby generating stronger learning synergy and enabling
effective integration of the distributions between the source and target data.

5 Conclusion
In this paper, we propose the EDTM framework, which effectively addresses two key processes:

integrating knowledge from diverse source domains and applying it to the target domain. Specifically,
EDTM incorporates three main components. First, the Ensemble-based Classifier Expert assigns greater
importance to source domains that are more similar to the target domain, allowing the model to emphasize
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more transferable knowledge during training. Second, Imitation Learning enables the model to adapt more
effectively to the target domain by learning target-specific patterns based on pseudo-labels generated from
the ensemble expert. Third, the MCD-based loss refines the alignment between the source and target domains
by adjusting the label-wise distribution, ensuring fine-grained class-level adaptation.

These components are jointly optimized within EDTM, resulting in a model that robustly generalizes
across domain shifts. Experimental results on the Digits-Five benchmark demonstrate that EDTM achieves
state-of-the-art performance with an average accuracy of 97.1%, outperforming STEM by 3.8%. The improve-
ments are especially notable on challenging domains such as mm and sv, where EDTM substantially surpasses
previous approaches. Experiments on the Office-series datasets further confirm the robustness of the
proposed method, with EDTM achieving the highest or near-highest accuracy across all evaluation settings.

The feature visualization using t-SNE highlights the effectiveness of domain alignment. Whereas the
Source-only baseline shows scattered and ambiguous clusters for target samples, EDTM produces clear and
well-separated feature distributions, indicating successful knowledge transfer and improved discriminability.
The ablation study further verifies the contribution of each component. Starting with only LD and LCk , the
model achieved 87.5% accuracy. Adding Imitation Learning increased accuracy to 93.3%, while incorporating
the MCD-based losses resulted in 93.4%. Combining all proposed losses yielded the best performance of
97.1%, demonstrating their complementary roles.

While MSDA naturally introduces more components than single-source adaptation, prior studies have
consistently shown that leveraging multiple source domains can significantly reduce domain bias and
improve generalization robustness [3,7,8]. Furthermore, EDTM maintains a computational structure with
a time complexity of O(n) per iteration, as all major operations scale linearly with the number of samples
used during training. This efficiency makes EDTM suitable for realistic scenarios where data originate from
multiple sensors, environments, or acquisition conditions, and where lightweight yet effective multi-domain
adaptation is required.

Recent MSDA research has increasingly explored transformer-based architectures and self-supervised
representation learning, aiming to capture richer cross-domain dependencies and to reduce reliance
on labeled source data. Although EDTM employs a classifier-driven design rather than transformer
encoders or contrastive self-supervision, its lightweight structure offers a complementary direction that
emphasizes stability, interpretability, and efficiency. Integrating EDTM’s ensemble-driven domain weighting
with transformer-based feature extractors or self-supervised pretraining may further enhance adaptation
performance, suggesting a promising avenue for future exploration.

Despite its strong empirical performance, EDTM has limitations that could be addressed in future
work. The framework relies on feature extractor quality and assumes that source domains contain suf-
ficiently diverse knowledge to guide adaptation, which may be restrictive in extremely heterogeneous
domain settings. Moreover, EDTM does not explicitly model long-range cross-domain interactions that
transformer-based MSDA frameworks can capture. Future studies may investigate hybrid architectures
that combine EDTM with transformer-based feature backbones, incorporate self-supervised objectives for
improved representation learning, or extend EDTM to large-scale, high-resolution, or open-set domain
adaptation scenarios.

Beyond these technical directions, an important next step is to evaluate EDTM on a broader collection of
benchmark datasets and to validate its scalability in more diverse environments. In addition, applying EDTM
to real-world data collected from practical industrial or manufacturing processes represents a promising
future direction. Such extensions would not only demonstrate the robustness of EDTM in operational
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settings but also provide valuable insights into how MSDA techniques can be deployed in real applications
requiring cross-domain generalization.

In summary, EDTM effectively combines ensemble learning, imitation learning, and distribution
alignment into a computationally efficient MSDA framework. Strong performance across the Digits-Five and
Office-series benchmarks demonstrates that EDTM not only surpasses existing methods but also provides a
well-balanced approach between performance and system complexity, while offering a foundation that can
be further enhanced in future transformer-based, self-supervised, or real-world MSDA research directions.
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