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Abstract. Transformer has recently garnered significant interest in un-
supervised domain adaptation tasks due to its superior generalization
ability. State-of-the-art methods leverage masked image modeling with
consistency regularization to improve target domain performance. How-
ever, such strategy becomes less effective when the domain gap becomes
large, as the domain gap between masked domain and original domain
is not minimized. How to address the adaptation problem when domain
gap becomes large is an important research problem in domain adap-
tation. In this paper, we propose Dual Masked Generative Adversarial
Transformer (Dual-MGAT), which simultaneously aligns the masked
target and masked source domain towards source and target domain
to address the large domain gap problem. Specifically, we formulate a
general framework for masked domain learning. To reduce the domain
gap between the masked domain (e.g. masked target) and the original
domain (e.g. source), we note that there exists two types of discrepan-
cies, namely the information gap due to masked image modeling and the
domain distribution discrepancy. To this end, we propose the masked
generative adversarial adaptation technique, which introduces a trans-
former decoder to bridge the masked feature space towards the original
feature space via [CLS] token feature generation and utilizes a class con-
ditional domain discriminator for adversarial distribution alignment to
reduce the domain distribution discrepancy. We further investigate the
dual branch of masked source to target domain adaptation, which boosts
performance. We provide a theoretical analysis of our framework from a
masked domain adaptation perspective. Extensive experimental studies
demonstrate the superiority of our framework.
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Fig. 1: Conceptual comparison between previous methods and our proposed method
in unsupervised domain adaptation with masked image modeling. Previous meth-
ods leverage masked image modeling for consistency regularization at target data
instance level. However, they overlook the domain gap between masked and original
domain, which undermines domain adaptation performance. Our proposed method
constructs and learns masked domains to assist domain adaptation and performs dual
masked generative adversarial adaptation to simultaneously align the masked target
and masked source domain towards source and target domain to effectively address the
large domain gap problem.

1 Introduction

Deep learning has achieved remarkable success in various computer vision tasks;
however, it requires large-scale labeled data to be effective, which is both time-
consuming and expensive to obtain. Unsupervised domain adaptation (UDA)
addresses this challenge by transferring knowledge from a labeled source domain
to an unlabeled target domain to reduce the annotation cost. Significant research
efforts have been devoted to developing effective techniques to minimize the
domain gap between source and target domains. Recently, Vision Transformer
(ViT) [5] has demonstrated great performance in domain adaptation tasks due
to its superior generalization ability and has garnered significant research inter-
est [23, 30, 31, 33]. State-of-the-art method PMTrans [33] proposes to construct
an intermediate domain with mixup at patch level to bridge the domain gap
and achieves superior performance. However, on the most challenging Domain-
Net [16] dataset, which exhibits a significant domain gap, PMTrans achieves an
average accuracy of 52.4%, which indicates that there is still ample room for
improvement.

How to address the adaptation problem when domain gap becomes
large is an important research problem in domain adaptation. Existing
methods [9,17] leverage masked image modeling [8,29], which is an effective self-
supervised learning technique, with consistency regularization to improve target
domain performance and demonstrate promising results, where they constrain
the prediction of masked target data to be consistent with that of original target
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data. However, existing methods simply treat masked image modeling as a form
of data augmentation for regularization at the data instance level. They fail to
consider the problem at a more grand distribution level, where all masked data
instances form a “masked domain" that is intimately connected to the original
domain. As shown in Fig. 1, the domain gap between masked domain and original
domain is overlooked and not minimized by existing methods, which undermines
domain adaptation performance when domain gap becomes large.

In this paper, we propose Dual Masked Generative Adversarial Transformer
(Dual-MGAT), which leverages masked image modeling to construct masked
domains with dual masked generative adversarial adaptation to fully unleash the
potential of both transformer and masked image modeling to address the large
domain gap problem in domain adaptation. Specifically, we formulate a general
framework for masked domain learning. We assign pseudo-labels to original tar-
get data, and select high quality pseudo-labels as real labels for corresponding
masked target data for learning. To reduce the domain gap between masked
domain (e.g. masked target) and original domain (e.g. source), we realize that
there exists two types of discrepancies: (1) information gap, where masked data
contains only partial information due to masked image modeling; (2) domain
distribution discrepancy, where masked data are constructed from a different
domain compared to the original domain. To this end, we propose the masked
generative adversarial adaptation technique, which introduces a transformer de-
coder to bridge the information gap between the masked feature space and the
original feature space via [CLS] token feature generation and utilizes a class con-
ditional domain discriminator for adversarial distribution alignment to reduce
the domain distribution discrepancy. Our technique leads to much better per-
formance than existing adversarial adaptation techniques that naively align the
masked domain towards original domain without considering the two types of
discrepancies. We further investigate the dual branch of masked source to tar-
get domain adaptation, which boosts model performance. Finally, we provide a
theoretical analysis of our framework.

In summary, we have made following contributions in this paper:
– We propose dual masked generative adversarial transformer, which is an

integrated framework to address the large domain gap problem with masked
image modeling.

– We study masked domain adaptation and propose masked generative ad-
versarial adaptation technique, which simultaneously resolve both informa-
tion gap and domain distribution discrepancy at [CLS] token feature space
and significantly outperforms existing adversarial adaptation techniques that
naively align masked and original domain.

– We investigate the dual branch of masked source to target domain adapta-
tion, which boosts performance.

– We provide a theoretical analysis of our framework from a masked domain
adaptation perspective, which can help as guidance for future studies in
leveraging masked image modeling for domain adaptation.

– We empirically validate the superiority of our framework with extensive ex-
perimental studies on three public domain adaptation benchmark datasets
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Fig. 2: Overview of our proposed dual masked generative adversarial transformer
(Dual-MGAT) framework. Our framework consists of a transformer encoder, a clas-
sifier, two transformer decoders, and two class-conditional domain discriminators. Our
framework constructs both masked source and masked target domains with masked
image modeling to assist domain adaptation. Pseudo-labels on original target data
ŷt are leveraged for masked domain learning. Two pairs of transformer decoder and
class-conditional domain discriminator, namely (Gs, Ds) and (Gt, Dt) perform masked
generative adversarial adaptation from masked target to source and masked source to
target domain respectively with the transformer encoder. Predictions on original source
and target data ps and pt are leveraged to train the class-conditional domain discrim-
inators for adversarial adaptation.

and one medical domain adaptation task. Our method achieves the best
performance across all the evaluation datasets.

2 Related Works

Unsupervised Domain Adaptation aims to transfer knowledge from a la-
beled source domain to an unlabeled target domain to reduce the annotation
cost. Existing domain adaptation methods can be generally categorized into
feature distribution alignment methods, adversarial domain adaptation meth-
ods, self-training based methods, and generative adversarial adaptation meth-
ods. Feature distribution alignment methods reduce the distribution discrepancy
across domains via minimizing certain discrepancy measures, such as Maximum
Mean Discrepancy (MMD) [12,24], correlation statistics [22], or prototype-based
distances [28,34]. Adversarial domain adaptation methods [6] follow the Gener-
ative Adversarial Nets (GAN) [7] framework, where a domain discriminator is
introduced to distinguish source and target data and the feature encoder is
adversarially trained to confuse the domain discriminator. Fine grained adver-
sarial adaptation introduces a class conditional domain discriminator to both
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distinguish the domains and learn to model the class structure [26]. Self-training
based methods [37] assign pseudo-labels to unlabeled target data with the source
trained network for self-training. Generative adversarial adaptation methods
build the whole generation pipeline for domain adaptation. CoGAN [10] learns
to generate the joint distribution of multi-domain data and attaches a domain
invariant classifier at the last layer of the discriminator. PixelDA [2] generates
target-alike images from labeled source data for supervised learning a classifica-
tion model for target domain. GTA [21] learns a shared joint embedding space for
both classification and image generation while enforcing feature domain invari-
ance. Existing generative adversarial adaptation methods have mainly focused
on image generation at the pixel space with original images, which by itself
is a challenging task. Thus, their methods have been limited to some simple
tasks, like digits classification, and simple object classification. To the best of
our knowledge, we are the first to investigate masked image modeling for [CLS]
token feature generation at the feature space to bridge the domain gap.

Masked Image Modeling is an effective representation learning technique in
self-supervised learning [8, 29, 36]. Inspired from the success of masked image
modeling, PACMAC [17] proposes to adapt self-supervised transformer from a
source domain to a target domain via probing attention-conditioned masking
consistency to identify reliable candidates for self-training. MIC [9] proposes to
enforce consistency between predictions of masked target images and pseudo-
labels generated based on complete images for robust visual recognition to im-
prove domain adaptation performance. Existing masked image modeling based
methods have shown promising domain adaptation results. However, they simply
treat masked image modeling as a form of data augmentation and fail to view
the problem at a more grand distribution level, thus they fail to fully unleash
the potential of masked image modeling for unsupervised domain adaptation.

Vision Transformer. Since its introduction, vision transformer (ViT) [5] has
garnered significant interest in solving various computer vision tasks. Recently,
several studies have explored transformer for unsupervised domain adaptation
and have demonstrated great performance. CDTrans [30] proposes a cross-attention
module with self-training for domain adaptation. TVT [31] leverages transfer-
able attention mechanism for adversarial adaptation to reduce the domain gap.
SSRT [23] adopts transformer as backbone and proposes safe refinement learning
with perturbed target data to refine the model. PMTrans [33] proposes mixup
at patch-level to learn with an intermediate domain for domain adaptation.
Our previous work, Ad2mix [35], studies adversarial and adaptive mixup for
UDA, where source and target samples are interpolated to construct mixup-
based intermediate domains and adaptive mixup coefficients are used to create
a natural curriculum for gradual adaptation. Different from these mixup-based
intermediate domain learning frameworks, this work investigates masked domain
adaptation with transformer by constructing masked source and target domains
through masked image modeling and performing dual masked generative adver-
sarial adaptation between masked and original domains.
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3 Method

In unsupervised domain adaptation, we are given Ns labeled data Ds = {(xs
i , y

s
i )}N

s

i=1

in source domain and N t unlabeled data Dt = {xt
i}N

t

i=1 in target domain. The
source and target data share the same set of M labels and are sampled from
probability distributions P s and P t respectively with P s ̸= P t. The goal is to
learn a model with labeled source data and unlabeled target data that can per-
form well in target domain. In Fig. 2, we present an overview of our proposed
dual masked generative adversarial transformer (Dual-MGAT) framework.

3.1 Masked Domain Learning

We formulate a general framework for masked domain learning with masked
image modeling for domain adaptation. Denote F : RH×W×3 → RM as a deep
neural network, which is composed of a transformer encoder E : RH×W×3 →
R(1+L)×Z , where L is the number of visible image patches and Z is the hid-
den feature dimension and a classifier C : RZ → RM . The classifier C takes
the [CLS] token feature as input for prediction, where F = E[0] ◦ C and E[0]
outputs the [CLS] token feature. We utilize the labeled source data to train the
network to learn discriminative features for prediction. Inspired from [9,17], we
propose to learn a masked target domain that is intimately connected to original
target domain to assist domain adaptation. Specifically, we apply masked image
modeling [8] on target images and utilize the pseudo-labels assigned to origi-
nal target images as supervision to train with the corresponding masked target
images. We utilize a threshold value η to select pseudo-labels whose maximum
predicted probability is larger than η for learning. Learning with the labeled
source data and pseudo-labeled masked target data, the network features will
tend to be biased towards them, which is however not desirable as the learned
features may not be discriminative for target data. To this end, we further in-
troduce an unsupervised learning term to minimize the entropy on target data
to enforce the learned features are discriminative for target data. The objective
of our masked target domain learning framework is defined as follows:

Lcls(C,E) = E[Lce(F (xs
i ), y

s
i )], (1)

Lmdl(C,E) = E[1[max(F (xt
i)) > η]Lce(F (M[xt

i, ρ]), ŷ
t
i)], (2)

Lunsup(C,E) = H(E[F (xt
i)])− E[H(F (xt

i))], (3)
Lmtdl = Lcls + Lmdl + λunsupLunsup. (4)

where Lce is the standard cross-entropy loss, 1[·] is the indicator function, Max(·)
outputs the maximum value of a vector, M[·, ρ] performs the masking operation
with mask ratio ρ on an image, ŷti = argmaxF (xt

i) is the pseudo-label assigned
to a target image, H calculates the entropy for each prediction probability, and
λunsup is the balancing weight which is empirically set to be 0.01. Note, in the
unsupervised learning loss, we also maximize global entropy to ensure all target
data is not assigned to the same class.
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3.2 Masked Generative Adversarial Adaptation

Masked target domain learning learns a masked target domain that is intimately
connected to original target domain to facilitate knowledge transfer across source
and target domain. However, as illustrated in Fig. 1, the domain gap between the
masked target domain and source domain is non-negligible and will likely hinder
the domain adaptation performance, especially when the domain gap becomes
large. To this end, we propose to study the task of masked domain adapta-
tion to reduce the domain gap between the masked target domain and source
domain, which is largely overlooked by existing methods [9,17]. One naive solu-
tion to the task is to treat masked target domain as an independent domain and
forcefully align the masked target domain towards source domain using existing
domain adaptation techniques. However, such strategy ignores the information
gap between masked domain and the original domain, which fails to effectively
address the intricate discrepancies between masked target and source domain.
Specifically, there exists two types of discrepancies: (1) information gap due to
masked image modeling; (2) domain distribution discrepancy due to disparate
data distribution between target and source domain. To this end, we propose to
handle each type of discrepancy separately in order to fully resolve the domain
gap between the masked target and source domain.

Specifically, we propose to learn the transformer encoder and a transformer
decoder Gs : R(1+O)×Z → R(1+O)×Z , where O is the number of patches for
a complete image, to reconstruct the original source data from masked source
data to bridge the information gap. Note, different from masked autoencoder [8],
which reconstructs the complete images from masked images at the pixel space,
we propose to reconstruct the [CLS] token features of complete images from that
of masked images at the feature space. We argue that reconstructing at pixel
space requires the network to learn features concerning low level image details,
which may not be useful to our task. On the contrary, [CLS] token feature is the
global representation of the whole image and contains rich semantic information.

Following [8], we input the encoded visible latent features together with the
mask latent features to the transformer decoder. Each mask latent feature is
a shared, learnable vector that indicates the presence of a missing patch. We
add positional embedding to all latent features to distinguish mask latent fea-
tures at different positions. To reconstruct [CLS] token feature, we propose to
utilize the less restrictive adversarial training loss [7] instead of the commonly
adopted element-wise l2 loss for the task [8, 29], where we think too restric-
tive reconstruction loss may adversely affect feature representation learning. We
provide empirical comparison results in Sec. 4.3. We adopt a class-conditional
domain discriminator Ds : RZ → R2×M to both encode the domain and class
information to distinguish the reconstructed masked source [CLS] token feature
and the original source [CLS] token feature and adversarially train the trans-
former encoder and decoder to ensure the two types of [CLS] token features are
indistinguishable.

To reduce the domain distribution discrepancy, we note that the transformer
decoder is trained to reconstruct the masked source [CLS] token feature to-
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wards the original source [CLS] token feature. If there is no domain distribution
discrepancy between target and source domain, then the reconstructed masked
target [CLS] token feature with the same transformer decoder will be alike recon-
structed masked source [CLS] token feature and be aligned towards the original
source [CLS] token feature and vice versa. Therefore, we propose to align the re-
constructed masked target [CLS] token feature towards the original source [CLS]
token feature to reduce the domain distribution discrepancy. We utilize the same
domain discriminator Ds in [CLS] token feature reconstruction to distinguish the
reconstructed masked target [CLS] token feature from original source [CLS] to-
ken feature and adversarially train the transformer encoder to align the masked
target feature distribution towards masked source feature distribution so that
the transformer decoder can reconstruct the masked target [CLS] token feature
similarly as that of masked source data. For both [CLS] token feature recon-
struction and adversarial distribution alignment, we utilize network predictions
on original source and target data to encode semantic information and con-
catenate them with 0 vectors to encode domain information as the targets for
training. The transformer encoder, transformer decoder, and domain discrimina-
tor play a three-player min-max game following the GAN framework [7]. At the
optimal, the transformer encoder and transformer decoder learn to bridge both
the information gap and domain distribution discrepancy so that the domain
discriminator cannot distinguish the reconstructed masked source and masked
target [CLS] token feature from original source [CLS] token feature anymore.
We term our technique in reducing the domain gap between masked target and
source domain as masked generative adversarial adaptation. The training loss
function is defined as follows:

Ls
d(D

s) = E[Lce(D
s(E(xs

i )[0]), [p
s
i ;0])]

+ E[Lce(D
s(Gs(fs

i )[0]), [0;p
s
i ])]

+ E
[
Lce

(
Ds(Gs(f t

i )[0]), [0;p
t
i]
)]

, (5)

Ls
adv,i(G

s, E) = E[Lce(D
s(Gs(fs

i )[0]), [p
s
i ;0])] , (6)

Ls
adv,d(E) = E

[
Lce

(
Ds(Gs(f t

i )[0]), [p
t
i;0]

)]
, (7)

Ls
mgaa = Ls

d + λadv

(
Ls
adv,i + Ls

adv,d

)
. (8)

where fs
i = [E(M[xs

i , ρ]);T ], T denotes the set of mask latent features with
positional embedding for missing patches, [·; ·] concatenates two input vectors
into a single vector, f t

i = [E(M[xt
i, ρ]);T ], ps

i = F (xs
i ), pt

i = F (xt
i), 0 is a M -

dimensional zero vector, and λadv is the balancing weights which is empirically
set to be 0.1.

3.3 Extension to the Dual Branch

Masked target to source domain adaptation reduces the domain gap between
masked target and source domain, which helps to align target domain towards
source domain. However, such alignment is one-directional and as shown in
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Fig. 1, the information gap between masked target and original target domain
is not minimized. To this end, we propose to further impose the dual branch
of masked source to target domain adaptation into our framework to (1) bridge
information gap between masked target and original target domain; (2) form a
comprehensive bidirectional alignment path to more effectively reduce domain
gap between source and target domain. Thus, we introduce another pair of trans-
former decoder Gt and domain discriminator Dt and define the training loss
Lt
mgaa accordingly based on the proposed masked generative adversarial adap-

tation technique.

3.4 Overall Objective

The overall objective for our dual masked generative adversarial transformer
(Dual-MGAT) framework is defined as follows:

min
E,C,Gs,Ds,Gt,Dt

Lmtdl + Ls
mgaa + Lt

mgaa. (9)

3.5 Theoretical Analysis

Inspired from [1], we treat masked target domain as a noisy labeled domain and
show that our framework is minimizing an upper bound on the target expectation
error as below:

Theorem 1 (Masked Domain Adaptation Theorem). Following our prob-
lem setting, let h be a hypothesis in class H, let γ be the noisy ratio of pseudo-
labeled masked target domain, denote the probability distribution of masked target
domain as P t′ , then for any δ ∈ (0, 1), with probability at least 1− δ, for every
h ∈ H, we have:

ϵt(h) ≤
1

2
ϵs(h) +

1

2
ϵt′(h) +

1

2
dH∆H(P t′ , P s)

+
1

4
dH∆H(P t′ , P t) + 2γ + C∗

1 + C∗
2 ,

(10)

where ϵt(·) (resp. ϵt′(·), ϵs(·)) measures the expectation error of a hypothesis on
target (resp. masked target, source) data distribution, dH∆H(·, ·) measures the
distribution discrepancy between two data distributions, C∗

1 = minh∈H ϵt′(h) +
ϵt(h), and C∗

2 = minh∈H ϵt′(h) + ϵs(h).

The theorem upper bounds the target expectation error with (1) source expec-
tation error; (2) pseudo-labeled masked target expectation error; (3) the domain
gap between masked target and source domain; (4) the domain gap between
masked target and target domain; (5) pseudo-label noisy ratio; and (6) the non-
optimizable optimal error between masked target and target domain and masked
target and source domain that are assumed to be small [1]. Our masked target
domain learning loss minimizes terms (1), (2) and we apply confidence threshold
to reduce term (5). The masked generative adversarial adaptation from masked
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Table 1: Effectiveness of masked gen-
erative adversarial adaptation (MGAA)
on DomainNet. The best performance is
marked as bold.

Method clp→inf inf→clp Avg

Source Only 29.5 61.3 45.4
+FADA [26] 33.1 67.9 50.5
+MGAA 33.7 69.6 51.7

MTDL 34.8 73.6 54.2
+FADA [26] 35.0 73.9 54.5

+MGAA (reduce info. gap only) 35.1 74.2 54.7
+MGAA 35.8 74.8 55.3

Table 2: Effectiveness of [CLS] token fea-
ture reconstruction and adversarial train-
ing loss on DomainNet under source su-
pervised learning. The best performance
is marked as bold.

Pixel [CLS] l2 Loss Adv. Loss clp→inf inf→clp Avg

✓ ✓ 27.2 61.0 44.1
✓ ✓ 32.4 62.7 47.6

✓ ✓ 32.7 66.7 49.7
✓ ✓ 33.7 69.6 51.7

target to source domain and masked source to target domain minimize terms
(3), (4) respectively. Existing masked image modeling based adaptation meth-
ods [9,17] can be regarded as approximately minimizing terms (1), (2), and (5) as
masked target domain learning. Thus, they demonstrate effectiveness in domain
adaptation, however, they overlook and fail to minimize terms (3) and (4).

4 Experiments

4.1 Datasets and experiment setting

Datasets. We evaluate our framework on three public domain adaptation bench-
mark datasets and one medical domain adaptation task. Office-31 [19] consists
of 4,652 images of 31 classes from three domains: Amazon (A), DSLR (D), and
Webcam (W). Office-Home [25] contains 15,500 images of 65 classes from four
domains: Artistic (A), Clipart (C), Product (P), and Real-world (R). Domain-
Net [16] is a challenging domain adaptation dataset with large domain gap,
which contains about 0.6 million images of 345 classes in six domains: Clipart
(clp), Infograph (inf), Painting (pnt), Quickdraw (qdr), Real (rel), and Sketch
(skt). Cataract consists of 1,428 eye images of 2 classes collected with two dif-
ferent devices: Slit-Lamp (S) and Camera (C). The Slit-Lamp dataset is a private
dataset of eye images captured with specialized slit-lamp device in a local hospi-
tal for cataract detection. The Camera dataset4 is a public Kaggle competition
dataset of eye images captured with camera device. Due to the nature of differ-
ent devices and procedures for eye image capturing, the two domains have large
domain gap. Due to space limit, we display images in each domain and present
more details on the dataset in Appendix.
Implementation. In all experiments, we adopt the Vision Transformer (ViT)
base model [5] pre-trained on ImageNet [4] as the feature encoder. We imple-
ment the classifier as a two-layer multi-layer perceptron (MLP) with GELU
non-linearity. We implement the decoder as a transformer with four blocks. The
domain discriminator is implemented as a MLP with the same architecture as
the classifier except for the output. We train our framework with a base learning
4 https://www.kaggle.com/datasets/nandanp6/cataract-image-dataset
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Table 3: Ablation Study. The best per-
formance is marked as bold.

Lcls Lmtdl Ls
mgaa Lt

mgaa clp→inf inf→clp Avg

✓ 29.5 61.3 45.4
✓ ✓ 33.0 68.4 50.7
✓ ✓ 33.7 69.6 51.7
✓ ✓ ✓ 34.5 71.2 52.9

✓ 34.8 73.6 54.2
✓ ✓ 35.5 74.3 54.9
✓ ✓ 35.8 74.8 55.3
✓ ✓ ✓ 36.4 75.6 56.0

Table 4: Comparison with state-of-the-
art methods on Cataract. The best per-
formance is marked as bold.

Method Slit-Lamp→Camera
AUC (%) Sensitivity (%) Specificity (%)

Deit 64.1 57.6 74.8
CDTrans 73.7 72.5 76.5
ViT-B 71.6 58.3 76.7
SSRT 72.3 63.4 77.8
TVT 80.9 73.2 79.1

PMTrans 85.9 73.7 85.7
Dual-MGAT 94.8 78.8 97.1

rate of 1e-5 and a batch size of 32 for 50 epochs. We set the learning rate of the
classifier to be 10 times higher as the base learning rate. We adopt AdamW [13]
with a momentum of 0.9 and a weight decay of 0.05 as the optimizer. The mask
ratio ρ and the threshold η are set to 0.7 and 0.7 respectively for all experiments.
Comparison Methods. We compare our method with state-of-the-art do-
main adaptation methods, including both ResNet-based and transformer-based
methods. The ResNet-based methods include FixBi [15], MCD [20], SCDA [11],
BNM [3], SDAT [18], MDD [32], and GSDE [27]. The transformer-based meth-
ods include CDTrans [30], TVT [31], SSRT [23], MIC [9], PMTrans [33], and
DPP&BST [14].

4.2 Effectiveness of Masked Generative Adversarial Adaptation

We study the effectiveness of our proposed masked generative adversarial adap-
tation (MGAA) technique for masked target to source domain adaptation un-
der both source supervised learning setting and masked target domain learn-
ing (MTDL) setting. We compare our method with existing fine-grained class
conditional adversarial adaptation method FADA [26], which directly align the
masked target domain towards source domain. We also experiment with MGAA
(reduce info. gap only), which only reduce the information gap between masked
source and original source domain. Table 1 shows the experiment results. We
have the following observations: (1) both FADA and MGAA improve over the
baseline methods in both settings. The results reveal that: (a) reducing
the domain gap between masked target and source domain can help
reduce the domain gap between source and target domain; (b) the
domain gap between masked target and source domain can negatively
affect masked target domain learning performance. The results empir-
ically confirm the necessity of our study of masked domain adaptation, which
is largely overlooked by existing methods; (2) MGAA (reduce info. gap only)
improves MTDL but underperforms MGAA. This is as expected, as reducing
the information gap helps reduce part of the domain gap between masked target
and source domain and further reducing domain distribution discrepancy helps
to reduce all; (3) MGAA significantly outperforms FADA in both settings, which
empirically validates that our strategy of handling each type of discrepancy sepa-
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Table 5: Comparison with SoTA methods on Office-
Home. The best performance is marked as bold.

Method A→C A→P A→R C→A C→P C→R P→A P→C P→R R→A R→C R→P Avg

ResNet-50

R
es

N
et

44.9 66.3 74.3 51.8 61.9 63.6 52.4 39.1 71.2 63.8 45.9 77.2 59.4
MCD 48.9 68.3 74.6 61.3 67.6 68.8 57.0 47.1 75.1 69.1 52.2 79.6 64.1
MDD 54.9 73.7 77.8 60.0 71.4 71.8 61.2 53.6 78.1 72.5 60.2 82.3 68.1
BNM 56.7 77.5 81.0 67.3 76.3 77.1 65.3 55.1 82.0 73.6 57.0 84.3 71.1
SDAT 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 72.2
FixBi 58.1 77.3 80.4 67.7 79.5 78.1 65.8 57.9 81.7 76.4 62.9 86.7 72.7
GSDE 57.8 80.2 81.9 71.3 78.9 80.5 67.4 57.2 84.0 76.1 62.5 85.7 73.6

Deit

V
iT

61.8 79.5 84.3 75.4 78.8 81.2 72.8 55.7 84.4 78.3 59.3 86.0 74.8
CDTrans 68.8 85.0 86.9 81.5 87.1 87.3 79.6 63.3 88.2 82.0 66.0 90.6 80.5

DPP&BST 69.8 84.7 87.0 80.5 86.8 86.5 78.3 65.1 88.1 81.8 66.9 90.1 80.6
ViT-B 67.0 85.7 88.1 80.1 84.1 86.7 79.5 67.0 89.4 83.6 70.2 91.2 81.1
TVT 74.9 86.8 89.5 82.8 88.0 88.3 79.8 71.9 90.1 85.5 74.6 90.6 83.6
SSRT 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.2 85.7 78.6 91.8 85.4

MIC(SDAT) 80.2 87.3 91.1 87.2 90.0 90.1 83.4 75.6 91.2 88.6 78.7 91.4 86.2
Dual-MGAT 82.8 90.7 92.4 89.0 92.5 92.7 87.7 81.8 92.7 90.0 82.9 94.2 89.1

Table 6: Comparison with state-
of-the-art methods on Office-31.

Method A→W D→W W→D A→D D→A W→A Avg

ResNet-50

R
es

N
et

68.9 68.4 62.5 96.7 60.7 99.3 76.1
BNM 91.5 98.5 100.0 90.3 70.9 71.6 87.1
MDD 94.5 98.4 100.0 93.5 74.6 72.2 88.9
SCDA 94.2 98.7 99.8 95.2 75.7 76.2 90.0
FixBi 96.1 99.3 100.0 95.0 78.7 79.4 91.4
GSDE 96.9 98.8 100.0 96.7 78.3 79.2 91.7

Deit

V
iT

89.2 98.9 100.0 88.7 80.1 79.8 89.5
CDTrans 96.7 99.0 100.0 97.0 81.1 81.9 92.6
ViT-B 91.2 99.2 100.0 90.4 81.1 80.6 91.1
TVT 96.4 99.4 100.0 96.4 84.9 86.0 93.9
SSRT 97.7 99.2 100.0 98.6 83.5 82.2 93.5

Dual-MGAT 98.0 99.9 100.0 98.6 87.0 87.1 95.1

rately to fully resolve the domain gap between masked target and source domain
is both viable and more effective.

4.3 Effectiveness of [CLS] Token Feature Reconstruction and
Adversarial Training Loss

We study the effectiveness of our proposed [CLS] token feature reconstruction
and adversarial training loss to bridge the information gap for masked target to
source domain adaptation under source supervised learning setting. Similar ob-
servations are made under MTDL setting (Please view Appendix). We compare
our strategy with pixel space reconstruction and element-wise l2 loss. Due to
space limit, we leave the implementation details for different comparison meth-
ods in Appendix. Table 2 shows the experiment results. We have the following
observations: (1) [CLS] token feature reconstruction always outperforms pixel
space reconstruction in bridging the information gap regardless of the recon-
struction loss function used. The results empirically conform our analysis that
reconstruction at pixel space will enforce the network to learn features concerning
low level image details, which may not be useful to our task; (2) the adversarial
training loss outperforms the l2 loss for both pixel space or [CLS] token feature
reconstruction, which indicates that a less restrictive reconstruction loss function
is more beneficial to bridge the information gap; (3) the combination of pixel
space reconstruction with l2 loss gives even worse results than source supervised
learning baseline with an average accuracy of 45.4%. We attribute the worse
results to the restrictive pixel space reconstruction task, which adversely affects
source supervised learning task for transferable feature representations. To the
best of our knowledge, we are the first to investigate [CLS] token
feature reconstruction with masked image modeling to bridge the in-
formation gap for domain adaptation and our findings are important
for future studies which may similarly want to leverage masked image
modeling for domain adaptation.
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Fig. 3: T-SNE visualization of inf→clp transfer task with twenty-five classes on Do-
mainNet. Source and target instances are shown in red and blue colors respectively.

Table 7: Comparison with SoTA methods on DomainNet. The best performance is
marked as bold.

MDD clp inf pnt qdr rel skt Avg SCDA clp inf pnt qdr rel skt Avg CDTrans clp inf pnt qdr rel skt Avg

clp – 20.5 40.7 6.2 52.5 42.1 32.4 clp – 18.6 39.3 5.1 55.0 44.1 32.4 clp – 29.4 57.2 26.0 72.6 58.1 48.7
inf 33.0 – 33.8 2.6 46.2 24.5 28.0 inf 29.6 – 34.0 1.4 46.3 25.4 27.3 inf 57.0 – 54.4 12.8 69.5 48.4 48.4
pnt 43.7 20.4 – 2.8 51.2 41.7 32.0 pnt 44.1 19.0 – 2.6 56.2 42.0 32.8 pnt 62.9 27.4 – 15.8 72.1 53.9 46.4
qdr 18.4 3.0 8.1 – 12.9 11.8 10.8 qdr 30.0 4.9 15.0 – 25.4 19.8 19.0 qdr 44.6 8.9 29.0 – 42.6 28.5 30.7
rel 52.8 21.6 47.8 4.2 – 41.2 33.5 rel 54.0 22.5 51.9 2.3 – 42.5 34.6 rel 66.2 31.0 61.5 16.2 – 52.9 45.6
skt 54.3 17.5 43.1 5.7 54.2 – 35.0 skt 55.6 18.5 44.7 6.4 53.2 – 35.7 skt 69.0 29.6 59.0 27.2 72.5 – 51.5
Avg 40.4 16.6 34.7 4.3 43.4 32.3 28.6 Avg 42.6 16.7 37.0 3.6 47.2 34.8 30.3 Avg 59.9 25.3 52.2 19.6 65.9 48.4 45.2

SSRT clp inf pnt qdr rel skt Avg PMTrans clp inf pnt qdr rel skt Avg Dual-MGAT clp inf pnt qdr rel skt Avg

clp – 33.8 60.2 19.4 75.8 59.8 49.8 clp – 34.2 62.7 32.5 79.3 63.7 54.5 clp – 36.4 68.3 37.6 80.3 68.1 58.1
inf 55.5 – 54.0 9.0 68.2 44.7 46.3 inf 67.4 – 61.1 22.2 78.0 57.6 57.3 inf 75.6 – 67.7 24.3 81.3 65.5 62.9
pnt 61.7 28.5 – 8.4 71.4 55.2 45.0 pnt 69.7 33.5 – 23.9 79.8 61.2 53.6 pnt 75.7 37.3 – 27.2 80.8 66.3 57.4
qdr 42.5 8.8 24.2 – 37.6 33.6 29.3 qdr 54.6 17.4 38.9 – 49.5 41.0 40.3 qdr 69.6 27.7 50.9 – 61.4 57.0 53.3
rel 69.9 37.1 66.0 10.1 – 58.9 48.4 rel 74.1 35.3 70.0 25.4 – 61.1 53.2 rel 78.4 37.7 71.1 29.9 – 67.1 56.8
skt 70.6 32.8 62.2 21.7 73.2 – 52.1 skt 73.8 33.0 62.6 30.9 77.5 – 55.6 skt 79.1 38.2 69.2 35.8 81.2 – 60.7
Avg 60.0 28.2 53.3 13.7 65.3 50.4 45.2 Avg 67.9 30.7 59.1 27.0 72.8 56.9 52.4 Avg 75.7 35.5 65.4 31.0 77.0 64.8 58.2

4.4 Ablation Study

We perform ablation study on our framework to investigate the joint effects of
different components. Table 3 shows the experiment results. As can be observed,
source only method performs poorly. Masked target domain learning, masked
generative target to source adversarial adaptation, and masked generative source
to target adversarial adaptation all can improve the domain adaptation perfor-
mance, which indicates the effectiveness of each component. We further observe
that the combination of any two of these three components improves the per-
formance over each individual and the combination of all the three components
achieves the best performance, which indicates the complementary roles of them
played in boosting domain adaptation performance.

4.5 Comparison with State-of-the-Art Methods

In Tabs. 4 to 7, we evaluate the performance of our framework on three public
domain adaptation benchmark datasets and one medical task on domain adap-
tive cataract detection. We observe that transformer-based methods generally
outperform ResNet-based methods due to the superior generalizability of vision
transformer. When compared to the baseline ViT-B method, our framework
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improves over the baseline by 8.0% and 4.0% for Office-Home and Office-31 re-
spectively. In Office-Home, our method outperforms state-of-the-art MIC(SDAT)
method on all twelve transfer tasks among four domains and improves over it by
2.9% on average accuracy. In Office-31, our method achieves an average accuracy
result of 95.1% over six transfer tasks among three domains, and outperforms
other state-of-the-art UDA methods significantly. To the best of our knowledge,
this is currently the best result on Office-31 with ViT-B. In the most challeng-
ing DomainNet dataset, our method outperforms existing methods significantly.
Specifically, our method outperforms the previous best method PMTrans by
5.8% on average accuracy result over 30 transfer tasks among six domains.
Incredibly, our method outperforms PMTrans in all the 30 transfer tasks. On
multiple challenging transfer tasks, for example, qdr→inf and qdr→pnt, our
method has improved over PMTrans by 10.3% and 12.0% respectively, which
are tremendous improvements and highlight the strong ability of our method
in handling datasets with large domain gap. In Cataract, our method achieves
significantly better AUC, sensitivity, and specificity results than state-of-the-art
domain adaptation methods, which demonstrates the superiority of our method
in handling domain shift in a real-world application scenario.

4.6 Feature Visualization

Fig. 3 presents the T-SNE visualization results of the ViT-B baseline method, the
PMTrans method, and our proposed Dual-MGAT method on inf→clp transfer
task on DomainNet. As can be observed, both our method and PMTrans better
align target features towards source domain when compared to ViT-B baseline
and our method demonstrates slightly better qualitative alignment result than
PMTrans. In column 4 and 5, we display the masked target feature before and
after the transformer decoder. We observe that there exists apparent domain
gap between masked target feature and source feature before the transformer
decoder, which is largely due to information gap. With the transformer decoder,
the masked target feature shows qualitatively better alignment results towards
the source domain, which validates the effectiveness of our design of masked
generative adversarial adaptation at the [CLS] token feature space.

4.7 More Experimental Analysis

Due to space limit, we put more experiment results on the effect of decoder
depth, mask ratio, and confidence threshold in Appendix. Experiment re-
sults show that more depth gives slightly better performance but plateau at 4.
Mask ratio affects information gap between masked and original domain. Too
small or too large value gives slightly poorer performance and the default value of
0.7 gives the best performance. Masked image modeling mitigates the learning of
false correlations, enhancing our framework’s robustness to confidence threshold.
We also conduct sensitivity analysis on hyper-parameters λadv and λunsup in Ap-
pendix, showing that our method is robust to hyper-parameter change in a wide
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range. We further report computational cost in Appendix, where Dual-MGAT
incurs only modest training overhead and no additional inference cost.

5 Conclusion

In this paper, we present a dual masked generative adversarial transformer frame-
work for UDA. We study masked domain adaptation and propose masked gen-
erative adversarial adaptation technique at [CLS] token feature space, which
simultaneously reduces both the information gap and domain distribution dis-
crepancy across masked target and source domain and shows better adaptation
performance than existing adversarial adaptation technique. We further inves-
tigate the dual branch of masked source to target domain adaptation, which
boosts model performance. We provide a theoretical analysis of our framework
from a masked domain adaptation perspective, which highlights the essentials
in leveraging masked image modeling for domain adaptation. Extensive exper-
imental studies on three public datasets and one medical adaptation dataset
demonstrate the superiority of our framework. We hope our investigation to-
wards masked image modeling for domain adaptation can inspire future studies
to not merely treat masked image modeling as a form of data augmentation for
consistency regularization at data instance level and can pay more attention to
the often ignored domain gap between masked and original domain.
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