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Abstract

In many practical applications, it is often difficult
and expensive to obtain large-scale labeled data to
train state-of-the-art deep neural networks. There-
fore, transferring the learned knowledge from a
separate, labeled source domain to an unlabeled or
sparsely labeled target domain becomes an appeal-
ing alternative. However, direct transfer often re-
sults in significant performance decay due to do-
main shift. Domain adaptation (DA) aims to ad-
dress this problem by aligning the distributions be-
tween the source and target domains. Multi-source
domain adaptation (MDA) is a powerful and practi-
cal extension in which the labeled data may be col-
lected from multiple sources with different distribu-
tions. In this survey, we first define various MDA
strategies. Then we systematically summarize and
compare modern MDA methods in the deep learn-
ing era from different perspectives, followed by
commonly used datasets and a brief benchmark.
Finally, we discuss future research directions for
MDA that are worth investigating.

1 Background and Motivation

The availability of large-scale labeled training data has en-
abled deep neural networks (DNNs) to achieve remarkable
success in many learning tasks, ranging from computer vi-
sion to natural language processing [Wilson and Cook, 2020;
Zhao et al., 2022]. However, in many practical applications,
obtaining sufficient labeled data is often expensive, time-
consuming, and even impossible [Zhao et al., 2023]. For ex-
ample, only experts can provide reliable annotations for fine-
grained categories; annotating one Cityscapes image on the
pixel level takes about 90 minutes [Zhao et al., 2022].

One potential solution is to transfer the model trained on
a separate, labeled source domain to the desired unlabeled or
sparsely labeled target domain. But as Figure 1 illustrates,
the direct transfer of models across domains might lead
to poor performance, which is often termed negative trans-
fer [Zhang et al., 2023]. Figure 1(a) shows that even for the
simple task of digit recognition, training a LeNet-5 model on
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Figure 1: Examples of domain shift in the single-source scenario.
The models trained on the labeled source domain do not perform
well when directly transferring to the target domain.

the MNIST source and directly transferring to the MNIST-M
target leads to a classification accuracy decrease from 96.0%
to 52.3%. Figure 1(b) shows a more realistic example of
training a semantic segmentation model on a synthetic source
dataset GTA and conducting pixel-wise segmentation on a
real target dataset Cityscapes. The poor performance of di-
rect transfer across domains stems from domain shift [Zhao
et al., 2022]: the joint probability distributions of observed
data and labels are different in the two domains.

The phenomenon of domain shift motivates the research on
domain adaptation (DA), which aims to learn a model from a
labeled source domain that can generalize well to a different
but related target domain. Existing DA methods mainly fo-
cus on the single-source scenario. In the deep learning era,
recent single-source DA (SDA) methods usually employ a
conjoined architecture with two branches to respectively rep-
resent the models for the source and target domains. One
branch aims to learn a task model based on the labeled source
data using corresponding task losses, such as cross-entropy
loss for classification. The other branch aims to deal with
the domain shift by aligning the target and source domains.
Based on the alignment strategies, deep SDA methods can
be classified into different categories. The two most popular
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Figure 2: Examples of domain shift in the multi-source scenario.
Simply combining multiple source domains into one source and di-
rectly performing SDA does not guarantee better performance com-
pared to just using the best individual source.

categories are 1) learning domain-invariant feature represen-
tations through discrepancy-based methods, adversarial dis-
criminative methods, or self-supervision-based methods and
2) generating intermediate domains through generative mod-
els, such as Generative Adversarial Network (GAN). Other
categories include ensemble methods, target discriminative
methods, and so on. Please refer to [Wilson and Cook, 2020;
Zhao et al., 2022] for more details.

In practice, the labeled data may be collected from mul-
tiple sources with different distributions [Sun er al., 2015].
In such cases, the aforementioned SDA methods could be
trivially applied by combining multiple sources into a sin-
gle one: an approach we refer to as source-combined DA.
However, source-combined DA might result in poorer perfor-
mance than simply using one of the sources. As illustrated in
Figure 2, the accuracy on the best single-source digit recog-
nition adaptation using DANN [Ganin er al., 2016] is 71.3%,
while the source-combined accuracy drops to 70.8%. Be-
cause the domain shift not only exists between each source
and the target but also exists among different sources, the
source-combined data may interfere with each other during
the learning process [Zhao et al., 2021a]. Therefore, multi-
source domain adaptation (MDA) is required to effectively
leverage all the available data from different sources.

The early MDA methods mainly focus on shallow mod-
els [Sun et al., 2015], either learning a latent feature space
for different domains or combining pre-learned source clas-
sifiers. Recently, the emphasis on MDA has shifted to deep
learning architectures. In this paper, we systematically sur-
vey recent progress on deep learning-based MDA, summarize
and compare the correlations and differences among these ap-
proaches, and discuss potential future directions.

2 Problem Definition

In the typical MDA setting, there are multiple source domains
S1, 52, -+, Sy (M is the number of sources) and one target
domain 7'. Suppose the observed data and corresponding la-
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bels in the i source S; drawn from distribution p;(x,y) are
= {xJ } “yandY; = {y] };V: 1» respectively, where IV;
is the number of source samples. Let X = {Xjf}l-v 7, and

Yr = {yT} , denote the target data and corresponding la-

bels drawn from the target distribution Pr(x,y), where Np
is the number of target samples.

Suppose the number of labeled target samples is Nrr,, the
MDA problem can be classified into different categories:

* unsupervised MDA, when N = 0;
* fully supervised MDA, when Ny = Nr;
e semi-supervised MDA, otherwise.

Suppose x] € R% and x/, € R9" are an observation in S,
and 7', respectively, we can classify MDA into:

e homogeneous MDA, when dy = --- = dy; = dr;

* heterogeneous MDA, otherwise.

Suppose C; and Cr are the label set for source S; and target
T, we can define different MDA strategies:

e closed-set MDA, whenC1 = -+ = Cpy = Cr;

* open-set MDA, for all C;, C; N Cp C Cr;

* partial MDA, when Cr C (CyUCo U« --UCuy);

e union-set MDA, C1 UCy U ---UCpr = Cr;

* universal MDA, without prior knowledge on label sets;
where N, U, and C respectively indicate the intersection set,
union set, and proper subset between two sets.

Suppose the number of labeled source samples is /V;z, for
source S;, the MDA problem can be classified into:

o strongly supervised MDA, when N, = N; for all 4;
* few-shot MDA, when N;;, << N; for all i.

Based on the data privacy and security constraints, the
MDA task can be classified into:

* centralized MDA, when X;(i = 1,--- , M) and X are
available and shared during adaptation;

o federated MDA, when X;(i = 1,--- , M) and X are
available but unshared during adaptation;

e source-free MDA, the trained source models are avail-
able but the source data cannot be accessed.

Multi-target MDA refers to adapting to multiple target do-
mains simultaneously. When the target data is unavailable
during training, the task becomes domain generalization.

3 Deep MDA Taxonomy

Existing methods on deep MDA primarily focus on the unsu-
pervised, homogeneous, closed-set, strongly supervised, cen-
tralized, one target, and target data available settings. That
is, there is one target domain, the target data is unlabeled but
available during adaptation, the source data is fully labeled
and available during adaptation, the source and target data
are observed in the same data space, and the label sets of all
sources and the target are the same. In this paper, we will
focus on MDA methods under these settings and will also
briefly introduce other specific MDA settings.
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There is some theoretical analysis to support existing MDA
algorithms based on different statistical learning frameworks,
such as VC dimension, Rademacher complexity, information
theory, etc. Most theories are based on the seminal theoreti-
cal model [Blitzer et al., 2008; Ben-David et al., 2010], with
an upper bound derived from VC dimension. Mansour et
al. [2009] assumed that the target distribution can be approx-
imated by a convex combination of the M source distribu-
tions and provided a distribution-weighted hypothesis com-
bination rule. Moreover, tighter cross-domain generalization
bounds and more accurate measurements of domain discrep-
ancy can provide intuitions to derive effective MDA algo-
rithms. Hoffman et al. [2018] derived a novel bound using
DC-decomposition and calculated more accurate combina-
tion weights of the non-convex optimization situation. Zhao
et al. [2018] extended the generalization bound of the seminal
theoretical model to multiple sources under both classifica-
tion and regression settings. Besides the domain discrepancy
between the target and each source [Hoffman er al., 2018;
Zhao et al., 2018], Li et al. [2018b] also considered the re-
lationship between pairwise sources and derived a tighter
bound on the weighted multi-source discrepancy. Based on
this bound, more relevant source domains can be picked out.
A finite-sample error bound is derived [Wen et al., 2020] us-
ing sample-based Rademacher complexity, a generally tighter
complexity measure than VC dimension. The attention mech-
anism is proven to automatically reduce the negative effects
caused by unrelated domains [Zuo et al., 2021].

The label distribution has also been theoretically studied.
To deal with the inconsistency between the source and target
label distributions, Redko et al. [2019] provided a general-
ization bound when transferring under target shift. Later, the
similarity of the semantic conditional distribution is designed
to aggregate multiple sources [Shui ef al., 2021]. Mutual in-
formation in the information theory provides another theo-
retical solution. Park and Lee [2021] proved that the mutual
information between latent representations and domain labels
is closely related to the explicit optimization of the divergence
between the source and target domains. Recently, Chen and
Marchand [2023] provided algorithm-dependent generaliza-
tion bounds characterized by the mutual information between
the parameters and the data.

Typically, some task models (e.g., classifiers) are learned
based on the labeled source data with corresponding task loss.
Meanwhile, specific alignments among the source and target
domains are conducted to bridge the domain shift so that the
learned task classifiers can be better generalized to the tar-
get domain. Based on the alignment methodologies on dif-
ferent levels, we can classify MDA into different categories,
as shown in Figure 3. Latent space transformation that per-
forms feature-level alignment tries to learn domain-invariant
features of different domains. Intermediate domain genera-
tion aims to align different domains on the data pixel level by
explicitly generating an intermediate adapted domain for each
source that is indistinguishable from the target domain. Task
classifier refinement considers the label distribution variance
so that the learned task classifiers can better fit the target do-
main. Latent space transformation and intermediate domain
generation focus on bridging the covariate shift, i.e., the con-
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Figure 3: Taxonomy of deep MDA methods.

ditional distributions of labels given an observation are the
same across domains, but the marginal distributions of ob-
servations are different. Task classifier refinement aims to
address the label shift where the marginal label distributions
differ across domains. Figure 4 illustrates a widely employed
framework of existing MDA methods. Meanwhile, several
matching strategies should be considered to deal with the case
of multiple sources and one target, including domain pairing
strategy, feature extractors’ weight sharing strategy, and do-
main/sample weighting strategy.

4 MDA Alignment Methodologies

4.1 Latent Space Transformation

The common methods for aligning the latent spaces of dif-
ferent domains, i.e., learning domain-invariant feature rep-
resentations, include discrepancy-based methods, adversarial
alignment, and self-supervision-based methods.

Discrepancy-based methods measure the discrepancy of
the latent spaces (typically features) from different domains
by optimizing some specific discrepancy losses, such as
maximum mean discrepancy (MMD) [Guo er al., 2018;
Zhu et al., 2019; Li et al., 2022; Wang et al., 2022], Rényi-
divergence [Hoffman et al., 2018], moment distance [Peng et
al., 2019; Fu et al., 2021], weighted moment distance [Zuo
et al., 2021], correlation alignment [Karisani, 2022], relation
alignment loss [Wang et al., 20201, contrastive domain dis-
crepancy [Kang et al., 2022], £, distance [Cai er al., 2023],
and Wasserstein distance [Chen and Marchand, 2023]. Guo
et al. [2020] claimed that different discrepancies or distances
can only provide specific estimates of domain similarities and
thus they considered the mixture of multiple distances. Mini-
mizing the discrepancy to align the features among the source
and target domains usually does not introduce any new to-
be-learned parameters. Instead of using the above-mentioned
explicit discrepancy metrics, Li ef al. [2018a] proposed Adap-
tive Batch Normalization (AdaBN) to implicitly minimize the
discrepancy between the source and target domains by align-
ing the BN statistics, such as the moving average mean and
variance of all BN layers.
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Figure 4: A widely employed MDA framework. The solid arrows, dashed dot arrows, and bold arrows indicate the training of latent space
transformation, intermediate domain generation, and task classifier refinement, respectively. The dashed arrows indicate the reference process.

Adversarial alignment employs a discriminator to align
the features by making them indistinguishable. Some repre-
sentative optimized objectives include GAN loss [Xu et al.,
2018; Zhao et al., 2021a; Nguyen et al., 2021; Liu and Ren,
2022; Zhang et al., 2022], weighted GAN loss [Yang et al.,
2020; Yin er al., 2022], attention-guided GAN loss [Gong
et al., 2021], H-divergence [Zhao et al., 2018; Park and
Lee, 20211, d 4 distance [Wen et al., 20201, Wasserstein dis-
tance [Li et al., 2018b; Zhao et al., 20201, least squares
loss and focal loss [Yao er al., 2021al, weighted condi-
tional Wasserstein distance [Shui et al., 2021], cross-entropy
loss [Wu and Shi, 2022; Zhou et al., 2022; Belal et al., 2024],
L5 Oloss [Yao et al., 2021b], and metric constraint loss [Ren
et al., 2022]. These methods aim to confuse the discrimina-
tor’s ability to distinguish whether the features from multiple
sources were drawn from the same distribution. Compared
with GAN loss and H-divergence, Wasserstein distance can
provide more stable gradients even when the target and source
distributions do not overlap [Zhao et al., 2020]. Instead of di-
rectly taking the output of feature extractors as input into the
discriminator, Zhao et al. [2021b] employed another genera-
tor to generate adapted representations, which are input into
the discriminator for alignment. The discriminator is often
implemented as a network, which leads to new parameters
that need to be learned.

Self-supervision-based methods typically combine some
auxiliary self-supervised learning (pretext) tasks with the tar-
get task. Some commonly used pretext tasks include recon-
struction, image rotation, and patch location prediction [Zhao
et al., 2022]. In [Yuan et al., 2022], the domain information
is considered as the labels of the pretext task. That is, domain
classification plays the role of pretext task.

4.2 Intermediate Domain Generation

Feature-level alignment only aligns high-level information,
which is insufficient for fine-grained predictions, such as
pixel-wise semantic segmentation [Zhao et al., 2019; Zhao et
al., 2021al. Generating an intermediate adapted domain with

pixel-level alignment, typically via GAN, diffusion models,
and their variants, can help address this problem. Zhao et
al. [2021a] used CycleGAN to generate an adapted domain
for each source and proposed to aggregate different adapted
domains using a sub-domain aggregation discriminator and
a cross-domain cycle discriminator, where the pixel-level
alignment is then conducted between the aggregated and tar-
get domains. Instead of taking the original source data as
input to the generator, Lin et al. [2020] used a variational au-
toencoder to map all source and target domains to a latent
space and then generated an adapted domain from the latent
space. Zhao et al. [2021a] and Lin et al. [2020] showed that
the semantics might change in the intermediate domain and
that enforcing a semantic consistency before and after genera-
tion can help preserve the original semantics. He er al. [2021]
proposed to translate the style of images in source domains to
the style of the target domain by aligning the statistics dis-
tribution of pixel values in LAB color space. Besides the
standard GAN loss, Kang et al. [2023] further enforced the
minimization of a mutual information loss and a texture co-
occurrence loss to respectively constrain structural changes
and encourage high-quality texture translation in local areas.

4.3 Task Classifier Refinement

Even after the source and target domains are aligned on the
feature level and pixel level by latent space transformation
and intermediate domain generation, the learned task classi-
fiers on the labeled sources still cannot be guaranteed to per-
form well on the target. For example, the classifiers trained
on different sources may result in misaligned predictions for
the target samples that are close to the domain boundary; the
class distributions are imbalanced across domains. Task clas-
sifier refinement aims to address these issues.

One intuitive method is pseudo label-based classifier
training which employs the target pseudo labels for clas-
sifier training [Venkat er al., 2020; He er al, 2021]. A
logit-based metric is designed to select reliable pseudo la-
bels [Venkat et al., 2020]. Classifier decision boundary re-
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finement tries to refine the decision boundary of the classifier
to better fit the target domain. Specific classifier discrepan-
cies, such as £1 loss [Zhu er al., 2019; Peng et al., 2019;
Yao et al., 2021al, and divergence loss [Nguyen et al., 2021;
Karisani, 2022], are minimized to encourage the predictions
of the same target sample by different classifiers to be the
same. Both intra-domain and inter-domain consistency losses
based on £ are considered [Luo et al., 2022]. Boundary-
sensitive alignment is proposed to assign different weights to
the source-target alignments based on the cross-entropy loss
of the labeled source samples [Kang er al., 2022]. The dy-
namic classifier alignment method aligns classifiers derived
from multi-view features through an automatic, sample-wise
approach [Li et al., 2023al.

Category-level alignment aligns the source and target do-
mains, usually based on the feature representations, for each
category. MADAN+ employs one discriminator for each cat-
egory to align the features of different domains in an adver-
sarial manner [Zhao et al., 2021al. Differently, category-
level discrepancy-based alignment incorporates the class dis-
tribution prior information when computing the MMD dis-
crepancy between different domains [Wang er al., 2022;
Li et al., 2022]. Since the target domain is unlabeled, ob-
taining reliable pseudo target labels plays an important role in
category-level alignment. Categorical prototypes are aligned
across different domains based on minimax entropy loss [Liu
and Ren, 2022], reconstruction [Zhou et al., 2022], and co-
sine similarity [Belal et al., 2024]. The SIG model inte-
grates class-aware conditional alignment in domain-invariant
and label-relevant latent variables to address changes in label
distributions across different domains [Li et al., 2023b].

5 MDA Matching Strategies

5.1 Domain Pairing Strategy

There are different ways to group the target and multiple
sources so that alignment can be performed. The most com-
mon method is to pairwise align the target with each source,
such as [Xu et al., 2018; Zhao et al., 2018; Zhao et al., 2020;
Karisani, 2022], to name a few. Since domain shift also ex-
ists among different sources, several methods also enforce
pairwise alignment between all sources [Li er al., 2018b;
Peng et al., 2019; Yin et al., 2022]. Different adapted do-
mains are first aggregated into one domain, which is then
aligned with the target [Zhao er al., 2021a; Li et al., 2021b;
Venkat et al., 2020; Chen and Marchand, 2023]. A multi-
armed bandit controller is employed to dynamically select
one source to learn an optimal trajectory and mixture of
domains for adaptation [Guo et al., 2020]. All the source
and target domains are directly discriminated by a multi-
class discriminator [Park and Lee, 2021]. A tensor-low-rank
constraint is imposed on the prototypical similarity matrices
to explore the high-order relationships among different do-
mains [Li et al., 2021al.

All the above methods assume that the domain label infor-
mation is available. However, this might not hold in practice.
In such cases, a naive approach is to directly combine all the
sources into one to align with the target [Yang et al., 2020;
Zhao et al., 2021b; Li et al., 2021b].
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5.2 Feature Extractors’ Weight Sharing Strategy

Most MDA methods employ shared feature extractors to
learn domain-invariant features, such as [Zhao et al., 2018;
Peng et al., 2019; Kang et al., 2022; Wang et al., 2022;
Li et al., 2023b; Belal et al., 2024]. However, domain in-
variance may be detrimental to the discriminative power and
it might be difficult to extract the same domain-invariant
features for all domains. Besides the same feature extrac-
tor, M domain-specific feature extractors are trained so that
each source and the target can be better aligned [Zhu et
al., 2019], while only M domain-specific feature extractors
are considered in [He et al, 2021]. One feature extrac-
tor is first pre-trained for each source and then the target is
mapped into the feature space of each source [Zhao et al.,
2020]. The source domains share a feature extractor and the
target uses a separate one [Wu er al., 2022]. The source
domains with similar characteristics based on coordination
share the same feature extractor [Karisani, 2022]. Low-level
features that are important for localization share the same ex-
tractor across domains with strong alignment, while high-
level features that are important for object recognition use
specific extractors with weak alignment [Yao er al., 2021a;
Zhang et al., 2022]. Although unshared feature extractors can
better align the target and sources in the latent space, this sub-
stantially increases the number of parameters in the model.

5.3 Domain/Sample Weighting Strategy

Some early deep MDA methods treat different source do-
mains and source samples equally. For example, only one
task classifier is trained for all the source domains even with
available domain label information [Zhao et al., 2018]. How-
ever, theis ignores the different correlations between multiple
sources and the target as well as the different similarities be-
tween source and target samples. Assigning different source
domains and source samples with optimal weights would re-
sult in better alignment and generalization. One common do-
main weighting strategy is to combine the target predictions
by multiple source classifiers with different weights during
inference, such as uniform weight [Zhu er al., 2019], perplex-
ity score based on adversarial loss [Xu et al., 2018], point-
to-set (PoS) metric using Mahalanobis distance [Guo et al.,
2018], relative error based on source-only accuracy [Peng et
al., 2019], Wasserstein distance based weights [Zhao et al.,
20201, and majority voting [Karisani, 2022].

The other domain weighting strategy aims to adjust the
importance weights of source domains during training [Wen
et al., 2020]. An uncertainty-aware weighting strategy is
designed to adaptively assign weights to different source
domains and samples [Li er al, 2021al. Based on the
attention- or discriminator-based domain correlations that
measure the probabilities of target samples belonging to each
source domain, weighted moment distance is designed to pay
more attention to the source domains with higher similari-
ties during alignment [Zuo et al., 2021; Yao et al., 2021a;
Li et al., 2023al. Domain weights are derived based on the
upper bound or the gradient norm bound [Shui ez al., 2021;
Chen and Marchand, 2023].

Sample weighting has also been explored recently. Based
on a manually selected Wasserstein distance threshold, the
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source samples that are closer to the target samples are dis-
tilled to fine-tune the source classifiers [Zhao et al., 2020].
During adversarial alignment, the source samples in a batch
are assigned with different weights by model-based curricu-
lum with a source selection network [Yang er al., 2020;
Zhao et al., 2021b] or by model-free curriculum based on
the output of domain discriminators [Zhao er al., 2021b;
Liu and Ren, 2022; Zhang ef al., 2022]. The source sam-
ples are re-weighted based on the source-target relevance ob-
tained by the nearest neighbor algorithm [Wu et al., 2022].
A weighted loss term with a general self-paced regularizer
is employed to optimize both model parameters and sample
weights [Wang ez al., 2022]. The source features are weighted
by target similarity evaluated by the normalized domain dis-
criminator output [Liu and Ren, 2022].

6 Other Specific MDA Settings

Heterogeneous MDA. Transforming the heterogeneous in-
put from different domains into a shared latent space with
the same feature dimensions is an intuitive solution. The fea-
ture extractor for each domain contains two networks [Yao et
al., 2021b]. One is domain-specific with unshared structures
and parameters. The other has identical structures with a £;-
based parameter consistency constraint, which aims to make
the parameters consistent across domains.

Open-set, partial, and universal MDA. The core of open-
set MDA lies in how to align the known classes between the
sources and the target while making the unknown classes sep-
arable. Rakshit et al. [2020] studied the case that all sources
share the same label set, while the target contains unknown
classes. A binary pseudo classifier with a margin loss is
trained to classify whether a target sample belongs to the un-
known class. In partial MDA, the relevant samples in the
shared classes need to be emphasized while the irrelevant
ones in the sources need to be ignored. In [Fu er al., 20211, a
selection vector is first derived to refine the extracted features
and then the selected features are aligned on both the domain
level and the category level using L5 loss and local relation
alignment Loss, respectively. An attention-guided adversarial
alignment and pseudo-label supervision fusion mechanisms
are designed to effectively harness both labeled and unlabeled
data across domains [Gong et al., 2021]. The main challenge
in universal MDA is to identify the common label set among
each source and the target and keep the model scalable as the
number of source domains increases. A pseudo-margin vec-
tor that measures the confidence in assigning a target sample
to the pseudo label helps to identify the common label set and
to adversarially align the distributions of multiple sources and
the unknown target [Yin er al., 2022].

Federated and source-free MDA. In the pursuit of privacy
protection, decentralized MDA, such as federated and source-
free MDA, has emerged. In federated MDA, the model pa-
rameters at each node are trained separately with convergence
at different rates. Peng et al. [2020] first introduced fed-
erated adversarial adaptation to optimize the H-divergence
without accessing data, while employing a dynamic atten-
tion mechanism and leveraging representation disentangle-
ment to mitigate negative transfer to the target domain. To
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reduce the communication costs and prevent privacy leakage
attacks, Feng er al. [2021] proposed a multi-source knowl-
edge distillation method and a dynamic weighting strategy to
obtain high-quality domain consensus and identify the irrele-
vant sources. Based on whether the parameters of pre-trained
source models are available, source-free MDA (SFMDA) can
be divided into white box and black box. A common white
box SEMDA pipeline involves using pseudo labels, which of-
ten introduce noise that impacts the adaptation result. Sev-
eral pseudo-label denoising strategies have been proposed,
such as pseudo label selection based on self-supervised clus-
tering [Ahmed et al., 2021] and confidence query [Shen et
al., 2023], confident-anchor-induced pseudo label genera-
tion [Dong et al., 2021], and multi-source probabilistic en-
semble [Zhao et al., 2024]. A source importance estimation
module [Han er al., 2023] and a concurrent subsidiary super-
vision module [Kundu et al., 2022] are designed to integrate
into existing models to enhance the adaptation performance.
For black box SFMDA, the knowledge from source predic-
tors is first distilled to a customized target model, which is
then fine-tuned with the target data [Liang er al., 2022].

Meta-learning-based MDA. Meta-learning aims to learn
a general model from multiple tasks by induction. Incor-
porating meta-learning into MDA involves creating algo-
rithms that can discern and leverage the underlying structure
shared across different domains. Li and Hospedales [Li and
Hospedales, 2020] proposed to use meta-learning to enhance
the performance of existing MDA methods. Specifically, the
multi-source domains are split into disjoint meta-training and
meta-testing domains. The best initial condition that is suited
to adapting between all source domains is searched for the
sake of adapting well to the target domain.

7 Applications, Datasets, and Benchmark

MDA has been successfully applied in various areas, rang-
ing from computer vision (CV) to natural language process-
ing (NLP) and from speech recognition to industry diagno-
sis. Specifically, MDA has been studied in multiple learning
tasks, such as image classification, object detection, and se-
mantic segmentation in CV, as well as sentiment classification
and machine translation in NLP. The datasets for evaluating
MDA models usually contain multiple domains with different
styles, such as synthetic vs. real, artistic vs. sketchy, which
impose large domain shift. Here we briefly introduce some
commonly used datasets in both CV and NLP areas.

Image classification is the most popular CV task for MDA.
Some representative datasets include Digits-five for digit
recognition, Office-31, Office-Caltech, ImageCLEF, PACS,
Office-Home, and DomainNet for object classification. Exist-
ing MDA methods can obtain an accuracy that is higher than
90% for some datasets (e.g., Digits-five, Office-31, Office-
Caltech, and ImageCLEF) and even 100% for some domains
(e.g., Webcam and DSLR in Office-Caltech) [Yuan et al.,
2022]. Office-Home and DomainNet [Peng et al., 2019] are
more challenging. Office-Home consists of about 15,500 im-
ages from 65 categories of everyday objects in office and
home settings with 4 domains. DomainNet contains about
600K images from 345 categories with 6 domains: Clipart
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Clp Inf Pnt Qdr Rel Skt | Avg
Source-B | 39.6 82 339 11.8 41.6 23.1 | 264
Source-C | 47.6 13.0 381 133 519 33.7 | 329

DCTN 48.6 235 488 7.2 535 473 382
MDAN 524 213 469 86 549 465 | 384
M3SDA 586 260 523 63 627 495|426
MDDA 594 238 532 125 61.8 48.6 | 432
CMSS 642 280 53.6 160 634 538 | 465
LtC-MSDA | 63.1 287 56.1 163 66.1 538 | 474
SImPAI 664 265 56.6 189 680 555 | 48.6

T-SVDNet | 66.1 25.0 543 165 654 54.6 | 47.0

ABMSDA | 669 253 558 182 64.1 552|476

DEAL 70.8 265 574 122 650 60.6 | 48.7
DRT+ST | 71.0 316 61.0 123 714 60.7 | 51.3
PTMDA 66.0 28.5 584 13.0 630 54.1 | 472
SPS 70.8 24.6 552 194 675 57.6 | 49.2
SSG 68.7 248 557 184 68.8 563 | 48.8
MSCAN | 693 280 586 303 733 595|532
SIG 72.7 32.0 615 205 724 59.5 | 53.0
Oracle 69.3 345 663 668 80.1 60.7 | 63.0

Table 1: Classification accuracy (%) of different adaptation tasks on
DomainNet based on ResNet-101. The best performance trained on
the source domains is emphasized in bold.

(Clp), Infograph (Inf), Painting (Pnt), Quickdraw (Qdr), Real
(Rel), and Sketch (Skr). Sim2Real MDA is often performed
for object detection and semantic segmentation. Commonly
used synthetic domains include GTA and SYNTHIA, while
Cityscapes, KITTI, and BDD100K are popular real domains.

Sentiment classification is a widely-studied NLP task for
MDA. Some representative datasets include Amazon Re-
views, Media Reviews, Reviews-5, and Multilingual Ama-
zon Reviews Corpus (MARC). As a relatively new dataset,
MARC is a collection of Amazon reviews from four lan-
guages: German, English, French, and Japanese. For each
language, there are three domains: Books, DVD, and Music.
We can perform cross-domain adaptation for each language
and cross-lingual adaptation for each domain.

To give readers a brief and quick understanding of how
current MDA methods perform, we report the object clas-
sification accuracy of several adaptation tasks on Domain-
Net. One domain is selected as the target and the rest do-
mains are used as multiple sources. The compared MDA
methods include DCTN [Xu et al., 2018], MDAN [Zhao et
al., 2018], M3SDA [Peng et al., 2019], MDDA [Zhao et al.,
20201, CMSS [Yang et al., 20201, LtC-MSDA [Wang et al.,
2020], SImPAI [Venkat et al., 2020], T-SVDNet [Li et al.,
2021a], ABMSDA [Zuo ef al., 2021], DEAL [Zhou et al.,
2022], DRT+ST [Li et al, 2021b]l, PTMDA [Ren et al.,
20221, SPS [Wang et al., 2022], SSG [Yuan et al., 2022],
MSCAN [Kang et al., 2022], and SIG [Li et al., 2023b]. For
comparison, we report the results of source-only methods that
are trained on the source domains and directly tested on the
target domain under two settings: single-best (‘Source-B’)
and source-combined (‘Source-C’). The result of an oracle
setting is also reported, where the classification model is both
trained and tested on the target domain. The results of source-
only and oracle methods can be viewed as a lower bound and
an upper bound of MDA.
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From the results in Table 1, we have the following observa-
tions: (1) Because of the domain gap, the source-only meth-
ods without any alignment perform the worst in most adapta-
tion settings. (2) Through alignment on different levels, such
as the feature level, the MDA methods can significantly im-
prove the classification accuracy. As compared to Source-C,
MSCAN achieves a 20.3% performance gain. (3) For spe-
cific domains, such as Clp, some adaptation algorithms (e.g.,
SIG) can even outperform the oracle method, demonstrating
the effectiveness and necessity of MDA. (4) On average, there
is still a large performance gap between MDA methods and
oracle, which calls for further research efforts to better reduce
the domain gap.

8 Conclusion and Future Directions

In this paper, we provided a systematic survey of recent MDA
developments in the deep learning era. We motivated MDA,
defined different strategies, and summarized the commonly
used datasets with a brief benchmark. We classified existing
methods into different categories and compared the represen-
tative ones technically and experimentally. We conclude this
paper with several open research directions:

Specific MDA strategy implementation. There are many
MDA strategies defined from different aspects. In practice,
we might encounter specific combinations of these strategies,
such as union-set source-free MDA. Specific implementation
of such an MDA strategy would likely yield better results than
a one-size-fits-all MDA approach.

Multi-modal and time-series MDA. The labeled source
data may be of different modalities, such as LiDAR, radar,
and image. Further research is needed to find techniques for
fusing different data modalities in MDA. A further extension
of this idea is to have varied modalities in different sources
and the modalities contain time-series information.

Incremental and test-time MDA. Incremental MDA re-
mains largely unexplored and may provide great benefits for
real-world scenarios, such as updating deployed MDA mod-
els when new source or target data becomes available. Test-
time MDA that allows more flexible inference time can pro-
vide inference unlabeled data for adaptation.

Large-scale pre-training and self-learning for MDA.
The rapid development of large-scale pre-training and self-
learning has been witnessed recently, such as BERT and GPT.
Employing such pre-training and self-learning techniques to
explore their general representation for MDA is a promising
direction.

Theoretical and interpretable analysis. Theoretical and
interpretable analysis can guide the design of MDA algo-
rithms and provide novel insights to understand the pros
and cons of MDA models. For example, we may derive a
tighter upper bound, analyze whether every source domain
and source sample contributes, and visualize the learned fea-
tures to see if different categories are correctly classified.
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