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Abstract

Image classification is among the pillars of computer-vision pipelines. While state-of-the-
art models excel within their training domains, their performance often deteriorates when
transferred to a new, unlabeled setting. Unsupervised domain adaptation (UDA) addresses
this challenge by repurposing a well-trained source classifier for the target domain, enabling
strong downstream results without the need for additional labeled data. Existing UDA
pipelines fine-tune already well-trained backbone parameters for every new source-and-target
pair, resulting in the number of training parameters and storage memory growing linearly
with each new pair, and also preventing the reuse of these well-trained backbone parameters.

Inspired by recent implications that existing backbones have textural biases, we propose
making use of domain-specific textural bias for domain adaptation via visual reprogramming,
namely VIRDA. Instead of fine-tuning the full backbone, VIRDA prepends a domain-specific
visual reprogramming layer to the backbone. This layer produces visual prompts that act
as an added textural bias to the input image, adapting its “style” to a target domain.
To optimize these visual reprogramming layers, we use multiple objective functions that
optimize the intra- and inter-domain distribution differences when domain-adapting visual
prompts are applied. This process does not require modifying the backbone parameters,
allowing the same backbone to be reused across different domains.

We evaluate VIRDA on Office-31 and obtain 92.8% mean accuracy with only 1.5M trainable
parameters. VIRDA surpasses PDA, the state-of-the-art parameter-efficient UDA baseline,
by +1.6% accuracy while using just 46% of its parameters. Compared with full-backbone
fine-tuning, VIRDA outperforms CDTrans and FixBi by +0.2% and +1.4%, respectively,
while requiring only 1.7% and 2.8% of their trainable parameters. Relative to the strongest
current methods (PMTrans and TVT), VIRDA uses 1.7% of their parameters and trades
off only 2.2% and 1.1% accuracy, respectively[']

1 Introduction

Recent advancements in image classification have significantly enhanced model performance through super-
vised learning, driven primarily by large amounts of labeled data (He et al.l 2016; [Dosovitskiy et al., [2020;
Liu et al., 2021} Han et al., [2022). However, these supervised approaches struggle when applied to new,
unlabeled domains due to domain shifts (Ganin & Lempitsky, [2015). This challenge is particularly promi-
nent in fields involving emerging technologies, such as medical imaging for newly discovered diseases, where
acquiring labeled data is costly and time-consuming (Abedi et al., 2024).

1We release our implementation and reproduction package at https://github.com/Duy-Nguyen-Duc/VirDA
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displaying the trade-off between accuracy and the num- source domain enhances when applied to the target do-
ber of training parameters. main, due to using a pixel-wise textural mask.

Figure 1: Notably, our method excels over other parameter-efficient fine-tuning methods using CLIP as the
backbone (e.g., PDA and MaPLe), as well as other methods that require full fine-tuning (e.g., FixBi and
CDTrans) at minimal computation cost. Moreover, VIRDA required only 1.7% training parameters (1.5M
to 86.6M) while sacrificing 2.2% accuracy compared to the SOTA method.

To address this limitation, Unsupervised Domain Adaptation (UDA) (Ganin & Lempitsky, 2015;|Ganin et al.,
[2016t [Saito et al.,|2018]), aims to adapt well-trained source domain classifiers to the target domains, given that
no labels of the target domain are available. Prior UDA methods aim to transfer well-learned representations,
the hidden features that are shareable between the source and target domains, and are invariant to the
domain-specific style (e.g., differences in studio-lighting versus practical lighting condition (Venkateswara
[2017), coloring style between synthetic versus real-world imagery (Saenko et all 2010)). Existing
works (Zhang et all, 2019; [Yang et all |2023; |Na et al., 2021) facilitate this transfer by adapting the hidden
features produced by the backbone in a typical image classification framework (Deng et al., 2009; Krizhevsky

et al.L 2012) through various means, e.g., feature distribution alignment (Chen et al., [2019asb; Sun et al.|

2017) and adversarial training (Long et al., 2018; |Ganin & Lempitsky), [2015]). Others utilize the pretrained

Vision-Language models to use the common textual label set to guide the adaptation (Ge et al., [2022
let al [2024} Bai et al., 2024).

While these methods work well and achieve high accuracies, the transfer requires fine-tuning both the well-
trained classifier along with fine-tuning the backbone, either a convolutional neural network (CNNs) (Long
et al) 2018; |Ganin & Lempitsky, 2015) or Vision Transformer backbones (Yang et al) 2023; Zhu et al.,
2023} Xu et al., 2022; [Liang et al., [2020), for each new domain. This limits backbone reusability, as well
as requiring a large amount of storage to store the trained backbone across different source-target domain
pairs.

In this paper, we propose Visually Reprogrammed Domain Adaptation (VIRDA), which aims to facilitate
backbone reuses through a lightweight visual reprogramming layer. Recent findings show that even well-
trained backbones that produce robust features still have textural bias, making them overly reliant on
textural patterns for each domain and each category inside the domain (Geirhos et al., 2018). We thus
exploit these textural biases for domain adaptation through visual reprogramming (Cai et al., |2024bl): each
visual reprogramming layer consists of a domain-specific textural pattern that aims to capture the domain-
specific textural bias, and a per-instance mask generator that adaptively applies this textural pattern over
the input image. Applying this visual reprogramming layer is thus equivalent to shifting the style of the
input image (either from the source or the target domain) towards a common style, learned by the backbone
(Figure for an illustration). More specifically, this visual reprogramming is prepended to the backbone
and thus does not require backbone modification or fine-tuning. Thus, our resulting architecture for each
domain is composed of three modules in a cascaded manner: (1) a domain-specific visual reprogramming
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layer, (2) a frozen, reusable backbone, and (3) a domain-specific classifier. To perform UDA and to train
these visual-reprogramming layers and domain-specific classifiers, we design two key objectives: (1) an inter-
domain alignment objective that aligns the learned hidden features and classification uncertainty from both
the source and target domains, and (2) an intra-domain alignment objective that aims to learn domain-
specific features through self-supervised loss.

We conduct experiments to evaluate VIRDA’s capability in classification effectiveness, training parameter
size, and storage requirement for each source and target domain pair. Our experiments demonstrate that
the proposed VIRDA, requiring only a maximum of 1.5 million of training parameters (less than 2% of
PMTrans (Zhu et al., 2023))) and only 6 MB for storage per domain (compared to over 340 MB of both
PMTrans and CDTrans (Xu et al.,|2022), and fully reusing the backbone’s parameters, achieves comparable
performance to state-of-the-art (SOTA) methods across standard domain adaptation benchmarks, including
Office-31 (Saenko et al., 2010), Office-Home (Venkateswara et al [2017)), and Digits (MNIST (LeCun et al.,
1998)), USPS (Netzer et al.,2011), SVHN (Hull,[1994))). The main contributions of this paper are summarized
as follows.

e We propose a novel UDA method that efficiently addresses domain shifts by exploiting inherent
textural biases in pretrained models, enabling lightweight yet effective domain adaptation.

e To the best of our knowledge, we are the first to perform domain adaptation with an entire single-
modality frozen backbone by integrating visual reprogramming within the framework.

o We evaluate our method on three widely used benchmarks, confirming the effectiveness of our method
with only a fraction of the training parameters, while achieving competitive performance compared
to existing methods (as shown in Figure [1a)).

The remaining of this paper is structured as follows: Section [2] reviews related works to ours; Section [3]
presents the detailed architecture and methodology of VIRDA; Section [4] provides comprehensive experi-
mental results and extensive ablation studies; and finally, Section [5] summarizes our conclusion as well as
future research directions.

2 Related Works

In this section, we summarize three related research directions to VIRDA, namely, unsupervised domain
adaptation, parameter-efficient fine-tuning for domain adaptation, and visual reprogramming.

Unsupervised Domain Adaptation As introduced in Section [l existing UDA methods aim to align
the well-learned hidden representation of the backbone’s output. (Long et al., [2015) and (Long et al.,
2017) proposes Deep Adaptation Network (DAN) and Joint Adaptation Network (JAN) that align different
task-specific hidden representations by aligning their embedding distances with Maximum Mean Discrepancy
(MMD), (Wen et al.; [2019)) instead uses uncertainty matching to align hidden features. (Ganin & Lempitskyy,
2015)), on the other hand, performs feature alignments through the use of inverse gradient from an adversarial
domain discriminator, aiming to make the source and target features indistinguishable. (Long et al.l 2018))
improves per-class feature representation by clustering hidden features for adversarial training. (Tzeng et al.
2017) combines both feature distribution alignment and adversarial training. (Saito et al. |2018) and (Li
et al., [2020) aim to further improve the precision of feature alignment using the classifier’s disagreement to
pinpoint and domain-specific attention modules (Saito et all 2018} [Li et al.| |2020). Other works employ
self-ensembling frameworks, improving consistency of predictions under perturbations with contrastive losses
and self-supervised losses (Cui et al., [2020b; [Yue et al., |2021; | Xu et al., [2022), leveraging temporal smoothing
to stabilize representations (Tarvainen & Valpola) 2017, and adapting Batch Nuclear-norm Maximization
on the output matrix to improve prediction results (Cui et al., [2020a)). Finally, recent methods combine
both inter- and intra-domain alignment strategies (Na et al. [2021; [Yang et all 2023). We adapt these
alignment strategies, specifically, we perform inter-domain alignments on the visual reprogramming layers
with uncertainty matching and adversarial training, as well as intra-domain alignment with self-supervised
loss and consistency objectives.
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Parameter-efficient fine-tuning (PEFT) for domain adaptation As an alternative to fully fine-tuning
the backbone, recent PEFT approaches leverage large vision-language models’ multimodal inference capabil-
ity and instead learn a small number of prompt or fine-tuning image-text adapter modules. MaPLe (Khattak
injects and finetunes a small set of context prompting tokens for each text-encoding layer to
better align the hidden representation of domain-specific visual and text-based tokens. DAPL
also aims to modify CLIP for UDA, however, they finetune class-aware and domain-aware textual
prompts with pseudo-labels. PDA aims to better learn cross-domain shift by combining
learned prompts with a lightweight image-guided feature tuning branch that performs distribution alignment
under pseudo-labels. DAMP pushed the idea further by replacing image-guided feature
tuning with a more powerful multi-domain transformer decoder. Our method can also be seen as fine-tuning
“prompts” as a means to perform UDA. However, instead of learning a textual prompt that applies to a large
pretrained multimodal model, we apply the visual prompt to highlight that domain adaptation is feasible
via lightweight visual reprogramming of the input/patch-embedding space, where a small set of learnable
image-side tokens steers a (mostly) frozen backbone-achieving parameter-efficient, backbone-agnostic adap-
tation. Because our approach does not make the assumption of using a multi-modal vision-language model,
it can be applied to any of the existing backbones, i.e., both convolutional neural network-based backbone
or vision transformer-based backbone.

Visual Reprogramming Visual Reprogramming (VR) is a method that repurposes pretrained vision back-
bones by learning small input-side modifications (e.g., additive prompts or adversarial “programs”) so that
the fixed or lightly adapted model performs a new downstream task without full retraining
. Recent works in VR focusing on learning perturbations guided by descriptive and distinctive at-
tributes to improve alignment in Vision-Language Model (Cai et al. , or incorporating adversarial
examples to improve the robustness of re-programmed models (Zhou et al. [2025)). However, these methods
are only applicable to supervised training, and leave a research gap when applied to the unsupervised char-
acteristics of UDA. Other visual prompting techniques have been applied to UDA, for example, in image
classification , or image segmentation , employing visual prompting inside
transformer architectures by inserting prompts into intermediate layers to facilitate cross-domain alignment.
While VIRDA also uses visual reprogramming for UDA, we aim to leave the backbone unmodified to fa-
cilitate its reuse; instead, we rely on the aforementioned domain alignment objectives to train the visual
reprogramming layers.
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Figure 2: The overall pipeline of VIRDA.

3 Methodology

The unsupervised domain adaptation (UDA) problem for image classification (Ganin & Lempitsky| 2015)
(s)

i

takes as input two datasets: a labeled dataset Dg = {(x§5), v )}Ne, from a source domain S along with an



Published in Transactions on Machine Learning Research (12/2025)

t

unlabeled target domain 7’s dataset Dr = {x } where each x(*) and x() is the input data samples

Jj=1
(i.e., images) from the source and target domain respectively, and y(®) is the sample label (i.e., image labels)
We denote the mini-batch of input images be B(*) = {xgs),xés)7 . (S } and B(t) = {x(t xé e )}
for the source and target domains, respectively, with the y(*) = {y 7yés), LY )} be the correspondmg

source labels. Although the unsupervised setting of the target domain 7, we assume that the two domains
share an identical label space ). As previously described, VIRDA consists of a visual reprogramming layer
that produces visual prompts describing textural and spatial shifts between different domains. We describe
this representation briefly in Section [3.1]

To optimize this visual reprogramming layer, we follow the formulation of existing works and attempt to align
the hidden features produced by applying these layers in Section (See Figure . These hidden features
are aligned intra-domain with domain-specific data augmentations, and inter-domain by aligning hidden
features produced with different domain-specific visual reprogramming layers. Specifically, the inter-domain
alignment loss is implemented using three sub-loss functions: the supervised source loss L., the adversarial
loss that aims to align inter-domain feature alignment L,4,, and L. that aligns between the class-wise
prediction uncertainty of source-and-target domains. The intra-domain loss, meanwhile, is constructed using
two sub-loss functions: (1) Lynsup, an unsupervised consistency loss enforcing the same image under two
different augmentations yields the same output, and (2) a confidence-distribution matching loss £g;s¢i that
encourages the output confidence distributions from differently augmented views of the same image to be
similar.

3.1 Encoding Domain-specific Textural and Transformational Visual Prompt

Visual Prompt Representation Assuming the input image is represented as a tensor x € R*>*"*¢ where

¢ is the number of color channels (usually 3), a visual reprogramming module is a pair (t, fiask), Where
t € R¥X"*¢ is the domain-specific textural pattern, while fas @ R¥X"*¢ — [0,1]¥*"¥¢ is the mask
producer.

Visual mask-producing Layer A mask-producing layer f,,.sx is a function that takes as input an image
and produces the mask. The function is a fully convolutional subnetwork of L, layers, where each layer
1 €{l,..., Ly} performs a 3 x 3 convolution with padding of 1. The feature map is then downsampled into
non-overlapping patches of size 2Vvr x 2Nvr | allowing the network to learn a compact summary of local texture
and shape cues within each patch. In our experiments, we follow |Cai et al.| (2024b) to set L., € {5,6}, while
Ny € [1,5]. While deeper reprogramming layers with larger patches excel at capturing coarse, object-level
patterns, shallower layers with smaller patches preserve finer, more detailed features.

Structural mask-producing layer. Although a visual reprogramming layer can mask visual appearance
shifts, the cross-domain mismatches are also displayed in spatial layout and feature dependency, so that
the downstream model still learns the wrong structural priors. For example, product images often center
the object, whereas real-world images place it off-center. To model this structural shift, we adopt the
Coordinate Attention (CA) mechanism of Hou et al| (2021) to generate two axis-wise, position-sensitive
masks that softly recenter attention. CA first aggregates features along one spatial axis at a time to preserve
positional information along the other axis:

h
Z (i ], Rlxwxc' (1)

D\H

1 w
gn(i,1,¢) EZIXZ ,j,c) € Rhxixe w(l,7,¢
]:

The two aggregated tensors are concatenated and passed through a shared 1 x 1 convolution:
z = Conviy([gh, go]) € RITWIx1xe, (2)

We then split z into z;, € R?*1*¢ and z,, € R'*®*¢ and transform each branch with its own 1x 1 convolution
followed by a sigmoid gate o to obtain the axis-wise attention masks:

Ay = o(Convl?), (2)) € RPIXC, Ay, = o(Conviy) (z,)) € RXWXe, (3)
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Broadcasting Ay and A,, over the missing dimension yields our position-shifting masks (vertical and hor-
izontal, respectively). Applying them reweights rows and columns-analogous to softly shifting emphasis
toward locations that are more likely in the target domain:

fcoord(x) =XO AL 0 Ay. (4)

where ® is the element-wise multiplication operation. We optimize the parameters of this structural layer
jointly with the visual reprogramming objectives described in Sec. [3.2]

Visual reprogramming layer The visual re-programming layer f,,. works as follows:

fpre (X) = fcoord (X) +t0O fmask (fcoord(x)) (5)

The textural pattern t and both the mask—producing layers fmask, feoorda are domain-specific. Hence, for
each domain d € {s,t} we denote t(®, ff:gs and f

coord fOr domain d’s pattern and mask-producing layers,

and fpre as the visual reprogramming layer for domain d.

Intuitively, each visual prompt is a combination of structural masking and textural reprogramming. Hypo-
thetically, the structural mask, i.e., the successive application of feoorq and finask, highlights the regions to
be re-programmed for each image, while the textural bias should capture the domain-specific style that the
backbone has biases towards, following the finding of the existing work (Geirhos et al.| [2018)).

3.2 Visually-aligning Model

Unlike previous visual reprogramming works (Cai et al., [2024bffal |Zhou et al.| [2025; (Cai et al.; 2025|) that
assume the availability of target-domain labels, our approach must function in an unsupervised setting. Con-
sequently, our classifier architecture requires sufficient flexibility to leverage both shared (domain-invariant)
and unique (domain-specific) features effectively (Xiao et al., [2021). To achieve this, we introduce a visual
reprogramming module that explicitly couples domain-invariant features, combined with loosely coupled,
domain-specific classifier heads that capture specialized features.

Full model architecture Thus, we design an architecture that couples the common features through
a visual-reprogramming module, while also enabling learning to make use of domain-specific features,
through lowly-coupled domain-specific classifiers. Following Eq. [5] we denote the domain-specific visual-
reprogramming module for the source domain s and the target domain ¢ as féi)e and flgi)e, respectively. We

also denote the domain-specific classifiers for the source and target domains as fés ) and fg )7 respectively.
Thus, our model architecture is as depicted in Figure for each domain, we cascade three modules: a
domain-specific visual-reprogramming module f,,., a reused domain-invariant backbone fypckpone, and fi-
nally a domain-specific classifier fo. To train this architecture, we have to model two goals: (1) we have to
perform inter-domain alignment, and (2) we have to perform intra-domain alignment.

Inter-domain alignment Since we do not re-train our backbone, as such, inter-domain alignment implies
different objectives for the visual reprogramming modules and the domain-specific classifier, respectively. For
the source and target visual re-programming modules f,gﬁ)e and fl(,i)e, this alignment means that these modules
have to be able to “shift” the input image style from their respective domain to that of a common image
style that was learned by the shared backbone. For the domain-specific classifiers fés) and fg ), this means
that they have to learn to use the shared or aligned inter-domain features. Concretely, the inter-domain loss
is implemented via three objectives:

Linter = £sup + Ladv + Eunc (6)

To keep the source classifier well-trained during adaptation, which is crucial to transfer the feature-label
information when f;il learned the common style, we first implement supervised loss on the source data:

sup

k
Z (v, pl), (7)

w\f—‘
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where p =7 (d)( zZ; ) and ng) = ( Srackbone © fégg)(xgd)) is the prediction and features obtained for each
sample in the domain d’s batch B(® | respectively. The Lgq, is the adversarial domain discriminator loss,
used to help the visual-reprogramming modules to shift their respective domain images into a common
domain and produce indistinguishable hidden features. This loss is modeled via binary cross-entropy over
the predictions produced by a domain-specific discriminator fiomain. Hypothetically, both the source- and
target- visual reprogramming modules will produce aligned hidden features that can “fool” the domain
discriminator fgomain, defined as:

w\»—‘

adv -

k
Z 1Og fdomazn ( )) + 1Og(1 - fdomazn( Et)))] (8)

If the domain discriminator can still distinguish the produced features, then the backpropagated signals will
be used to train both fyomain and the visual-reprogramming modules through reverse gradient (Ganin &
Lempitsky], |2015)). Given that the source and target domain hidden features are aligned, the source classifier

(S should be generalized to both domains to leverage the use of labels. This means that it can both

1earn robust domain-invariant features produced by the target visual re-programming module fpre, while
remaining well-trained on source domain inputs. Following prior work (Wen et al.l |2019)), we propose to use
the uncertainty loss L,n.. This objective is implemented to align f((;)’s uncertainty in different domains,
i.e., the distribution of f((; ) uncertainty should be the same on both the source and target-reprogrammed
domain. Indirectly, this objective will also enforce inter-domain alignment between two visual-reprogramming
modules. Recall that we have a batch of input images from both domains, B(®*) and B(Y). We perform M
stochastic forward passes of the full module and sample the per-instance, per-class uncertainty on both the
reprogrammed source batch B(®) and the reprogrammed target batch B®. For each instance i and class ¢,
we collect the M predictive samples {p, (y | x;)}2_; and treat them as draws from a per-instance, per-class
uncertainty distribution We use these point-wise uncertainty estimation to estimate the full uncertainty

distributions (jz( C) and q . We then align uncertainties by minimizing the class-averaged KL divergence:

Lune= 7 |y\ Z > KL [48), (9)

1=1 ce)y

This encourages matched predictive uncertainty across domains and indirectly aligns the two visual-
reprogramming modules In practice, we place Dropout layers with different probabilities pqasx and pco
in both f mask and fc , respectively to measure uncertainty (Gal & Ghahramani, [2016)).

Intra-domain alignment To enhance the performance of our model on the target domain, we employ
intra-domain objectives to transfer the already-well-trained source classifier fés)’s classification capability to

the target domain classifier fg ), while also allowing the target domain classifier to learn intra-domain robust
feature. Specifically, the intra-domain alignment loss is:

‘cintra = £unsup + £distrib (10)

where both of our objectives enforce consistency through different views of a sample. This is done by
augmenting the target domain image through both strong augmentations, such as affine transformation or
color jitter, and weak augmentations, which are the normalization of original image. The resulting augmented
images’ hidden features are then passed through both the source classifier fés) and the target classifier (t).
Assuming the features are well aligned to a certain level through prior objectives, we use fc) to produce
pseudo labels for the target classifier fc)- The L5 sup is thus to optimize fc) to minimize both the difference
in prediction of fg ) and fés), as well as reducing fg ) uncertainty over augmented target images while the

Laistrip penalises any disagreement between the target classifier fg) and the source classifier f((; ). More
concretely, let fyeqr denote the weak augmentation and fstrong denote the strong augmentation. From

B®) ., we obtain the weak-view prediction pgfzveak = ( ) o Foackbone © fpre o fweak)( ) ) and the strong-view
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prediction pl(.fs)tmng = (fg) o fpackbone © f,Sf)e o fsmmg) (xgt)). Thus, the distribution divergence loss is:

‘Cdistm'b =

| =

k
S KL ek | P omg) (11)
=1

We use the most confident predictions from the weak augmentation branch for each sample, gjit =

t .
arg max pl(vﬂ)ﬂeak, to construct our unsupervised loss:

k
1
unsup = % Z yz apz stronq) (12)

3.3 Training objectives and inference
To train our model using the five losses, the training objectives can be defined as:
L= Qyne * Acunc + Qadu * Eadv + Qintra * Lintra (13)

At inference time, we perform on the target domain using both the target visual reprogramming layer and
the target classifier for label prediction:

231' = arg max(fg) o fbackbone © f;(;?e (xl))’ (14)

where g; is the predicted class of the unlabeled target sample.

4 Experiments

We evaluate our proposed method on widely used three domain adaptation benchmarks, namely Office-31,
Office-Home, and Digits, compared with state-of-the-art UDA methods in both accuracy and number of
training parameters. In addition, we validate the contributions of the proposed method through extensive
ablation studies. We describe detailed dataset characteristics and implementation details below.

4.1 Datasets

Digits is a dataset composed from three other digit datasets, which are MNIST (LeCun et al., [1998)),
USPS (Hull, [1994), and Street View House Numbers (SVHN) (Netzer et al., 2011). In terms of domain
characteristics, MNIST (M) contains grayscale digit images with a clean background; SVHN (S) counsists of
cropped coloured digits from real scenes with extremely blurred appearance; USPS (U) provides grayscale
handwritten digit images with unconstrained writing styles. Whilst sharing the same 10 (0-9) digit classes,
the three datasets present cd different data distributions, therefore suitable for UDA evaluation. For the
UDA test, we adopted three commonly used cross-dataset transfer settings with the standard data split:
S—M, U—-M, M—U.

Office-31 (Saenko et al., [2010) is the most popular dataset for real-world domain adaptation. It contains
4,110 images of 31 categories in three domains: Amazon (A), Webcam (W), DSLR (D). We evaluated all
methods on six domain adaptation tasks.

Office-Home (Venkateswara et al., 2017)) is a more challenging benchmark than Office-31. It consists of
images of everyday objects organized into four domains: artistic images (Ar), CLIP art (Cl), product images
(Pr), and real-world images (Rw). It contains 15,500 images of 65 classes.

4.2 Implementation Details

In all experiments, we use both Resnet (He et al.,|2016)) and ViT (Dosovitskiy et al.,2020) models pre-trained
on ImageNet (Deng et al., |2009) as the fixed backbone for VIRDA. For the Digits tasks, we use ResNet-18
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with a learning rate of 3e=* for the classifier heads and 5e~* for the visual reprogramming modules, using
a batch size of 128. The dropout rate for the classifier and the mask generator is set as pmqsk = 0.5 and
pc = 0.3, respectively. On the Office-Home and Office-31 datasets, we adopt ViT-B/32 as the backbone for
all transfer tasks. We set the same learning rate as above, using a batch size of 32 and p,,qsx = 0.3 with
pc = 0.1. For all experiments, we adopt AdamW (Loshchilov & Hutter} [2017)) with the default configuration
of (B1,32) is (0.9,0.999), and a weight decay of 1le~°. On the Office-31 and Office-Home datasets, we set
L., and N, corresponding to 6 and 5, for coarse object-level mask, while on Digits we set L,, = 5 and
N, = 4, as the dataset’s characteristics demonstrate mild transformation. On all tasks, we set the number
of forward passes to estimate uncertainty M = 4. We train our method in two phases, namely burn-in in
20 epochs and domain adaptation in 30 epochs for all data settings following |Li et al.| (2022). The scaling
factor for each loss is set as aype = 0.3, agge = 0.1 and @jpre = 0.15, in which these hyperparameters
are obtained via grid-search. We also provide the reproduction package to reproduce this grid-search and
training process. The experiment results reported here were obtained on a machine equipped with Intel Xeon
Gold 6130 CPU at 2.10GHz clock speed with 16 cores and 64 GB of RAM running Linux and using a single
NVIDIA GTX 3090 device. We also provide a quantitative comparison in Table [7] showing the differences in
training, memory, and computational efficiency between our approach and full-backbone fine-tuning.

4.3 Results

To provide comparison, we compare VIRDA with the widely-recognized state-of-the-art methods on Office-
31 and Office-Home datasets that use different backbones. Specifically, we include MSTN (Xie et al., 2018]),
DCAN (Li et al., 2020, SCDA (Li et al., 2020), FixBi (Na et al. [2021) as baselines for the Resnet backbone;
ViT-based, SSRT (Sun et al., 2022), PMTrans (Zhu et al., 2023), CDTrans (Xu et al., 2022), TVT (Yang
et al.l [2023]) as the baselines for the ViT backbone; DAMP (Du et all [2024), PDA (Bai et al., 2024),
MaPLe (Khattak et al.,|2023)), DAPL (Ge et al.l|2022)) as the baselines for parameter-efficient fine-tuning on
the CLIP backbone. These include a wide range of backbones, especially, with CLIP, VIRDA is a plugin to
a backbone that can already incorporate text features. We follow the setting of |Ge et al.| (2022)) and apply
a VR layer priorly to the image encoder to report our model with the CLIP backbone. Note that on all of
our transfer tasks, we keep the backbone frozen, and we estimate the number of training parameters of our
method on the visual prompt layers and the classifier heads.

Results on Digits. We display the performance of VIRDA on Digits tasks in Tab. I} where it achieves a
mean accuracy of 94.8% on the benchmark using only 0.2M training parameters, which is better than Cy-
CADA (Hoffman et al., 2018]) and GTA (Sankaranarayanan et al.,[2018), while underperforming MCD (Saito
et al., 2018) by a small margin. Compared to DANN, which uses the most parameters in our benchmarks,
VIRDA delivers higher accuracy on all tasks. While MCD achieves a slightly higher mean (95.6%), VIRDA
remains competitive across all shifts while operating with the smallest model size among the compared
methods.

Table 1: Accuracy (%) on Digits for UDA (ResNet backbone). We highlight the best results in bold, and
the second best results in underscore.

Method Training Params (M) M—U U—M S—M Mean
DANN 21.0 90.4 94.7 84.2 89.8
CyCADA 0.4 95.6 96.5 90.4 94.2
GTA 0.4 95.3 96.4 92.4 94.7
MCD 0.4 96.5 94.1 96.2 95.6
Ours (CNN) 0.2 95.4 95.9 93.0 94.8

Results on Office-31. As shown in Tab. [2] our method can improve the original backbone’s fine-tuning
methods by 2% to 10% and outperforms some of the prior methods, such as MSTN and CDTrans, while
only requiring a fraction of training parameters. VIRDA is capable of achieving over 99.0% on mild shift
tasks D<+W, while achieving strong results on tasks where the shift is hard but the source domain is visually
more diverse than the target domain (such as A=W or A—D). With the CLIP baselines, we improve the
baseline method DAPL by nearly 3% with the additional 0.5M training parameters, where on the mild shifts
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(A—>W, A—D and W+ D) VIRDA consistently improves from 5% to 7%, while decreasing the accuracy on
harder shift that requires semantic understanding, such as W—A or D—A.

Table 2: Accuracy (%) on Office-31 for UDA with ResNet, ViT, and CLIP backbones. We highlight the best
results in bold and the second best results in underscore.

Parameter Training

Method . A—-W D—-W W=D A—-D D—-A WA Mean
size (M) params (M)
Resnet50-based 23.8 23.8 68.6 96.8 99.3 69.1 62.8 61.0 76.1
MSTN - 59.24 59.2 91.3 98.9 100.0 90.4 72.7 65.6 86.5
DCAN 2 55.2 55.2 95.0 97.5 100.0 92.6 77.2 74.9 89.5
SCDA 8 24.0 24.0 94.2 98.7 99.8 95.2 75.7 76.2 90.0
FixBi = 52.2 52.2 96.1 99.3 100.0 95.0 78.7 79.4 91.4
Ours (CNN) 25.6 2.1 84.9 96.2 100.0 90.2 64.2 66.7 83.7
ViT-based 86.0 86.0 91.2 99.2 100.0 90.4 81.1 80.6 90.4
SSRT 86.0 86.0 97.7 99.2 100.0 98.6 83.5 82.2 93.5
CDTrans = 86.0 86.0 96.7 99.0 100.0 97.0 81.1 81.9 92.6
TVT = 86.0 86.0 96.4 99.4 100.0 96.4 84.9 86.0 93.9
PMTrans 86.6 86.6 99.1 99.6 100.0 99.6 85.7 86.3 95.0
Ours (ViT) 87.6 1.5 94.7 99.0 99.5 97.9 81.3 84.1 92.8
CLIP-based (zero-shot) 124.0 0.0 75.8 75.8 7.7 T 79.0 79.0 77.5
PDA o, 153.0 3.2 92.1 98.1 99.8 91.2 83.5 82.5 91.2
MaPLE 3 154.4 4.7 83.6 97.7 994 86.9  83.0 82.0 89.6
DAPL © 124.3 0.3 80.3 81.8 81.8 81.3 81.2 81.0 81.2
Ours (DAPL) 125.1 0.8 85.3 89.3 87.3 85.7 7.1 79.0 84.0

Results on Office-Home. VIRDA improves the baseline methods, such as CLIP and Resnet, by a minimum
of 2%, while decreasing the accuracy when using the ViT backbones by nearly 1.5% with only a fraction of
training parameters ranging from 0.8M to 2.1M of training parameters. With the ViT backbone, our method
can improve and be on par with the full-finetuning baseline by 0.8% to 2.9% on mild shifts (e.g., Cl—Ar,
Cl—Pr, and Pr<»Ar), while on the reverse shifts VIRDA constantly losing 3-5% in accuracy. However, the
average accuracy of our methods when plugging in different backbones is still comparable with some of the
prior methods, such as MSTN or CDTrans, while using only 1.7 to 3.5% of training parameters. Furthermore,
when using the CLIP backbone, we outperform both the zero-shot CLIP and MaPLe in terms of accuracy,
with only 0.8M of training parameters. We improve or are on par with the baseline method DAPL on 7 out
of 12 tasks, with 0.3-0.5% accuracy gain, while losing at most 1.0% accuracy in the other 5 tasks, resulting
in a slightly 0.1% mean accuracy overall. A detailed analysis of the behaviour of VIRDA is provided in

Sec. [4.4]

Table 3: Accuracy (%) on Office-Home for UDA with ResNet, ViT, and CLIP backbones. We highlight the
best results in bold and the second best results in underscore.

Method Parameter Training =, . ) Ay, pr Ar—yRw Cl—Ar Cl—Pr Cl—Rw Pr— Ar Pr—Cl Pr—Rw Rw— Ar Rw— Cl Rw— Pr Mean
size (M) params (M)
Resnet50-based 23.8 23.8 34.9 50 58 374 419  46.2 385 312 604 53.9 41.2 59.9  46.1
MSTN . 59.24 59.2 198 703 76.3 604 685  69.6 614 489 75.7 70.9 55.0 811 65.7
DCAN 2 552 55.2 545 757 812 674 740 763  67.4 527 806 74.1 59.1 835 705
SCDA ¢ 240 24.0 575 769 80.3 657 749 745 655  53.6 798 745 59.6 8.7 705
FixBi = 522 52.2 58.1 77.3 804  67.7 795 781 658  57.9  SLT7 76.4  62.9 867 T2.7
Ours (CNN) 25.6 2.1 494 7011 76.0 613 700 715 616 464 77.6 68.6 54.0 792 655
ViT-based 86.0 86.0 67.0  85.7 88.1 80.1 841 86.7 795 670 894 83.6 70.2 912 811
SSRT 86.0 86.0 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
CDTrans o 860 86.0 688 850 86.7 815 871 873 796 633 882 82.0 66.0 906 805
TVT 2 860 86.0 749 86.8 89.5 828 880 883 798 719 90.1 85.5 74.6 9.6  83.6
PMTrans 86.6 86.6 81.2 91.6 924 889 91.6 93.0 885 80.0 934  89.5 824 945 889
Ours (ViT) 87.6 15 628  85.7 88.9 809 870 864 815 614 885 80.3 63.6 886 79.6
CLIP-based (zero-shot) 124.0 0.0 67.6  89.0 89.4 824 890 894 824 67.6 894 82.4 67.6 89.0 821
PDA 153.0 3.2 735 914 913 860 9.6 915 860 735  9L7 86.4 73.0 924 857
MaPLe & 1544 47 722 916 90.3 826 909  89.8 824 716 901 85.1 72.0 921 842
DAPL 2 1243 0.3 707 910 90.9 852 910 90.9 851 707 90.9 85.3 70.4 914 845
DAMP 131.1 6.7 75.7 942 920 863 942 919  86.2 76.3  92.4 86.1 75.6 940 87.1
Ours (DAPL) 124.8 0.8 7.2 914 91.2 847 910  90.8 85.1 697 910 85.0 70.1 91.6 844
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Figure 3: Samples and reprogram masks visualization of classes using VIRDA transfer from the source
domain (Product) to the mild target domain (Realworld) and the hard target domain (Clipart). These
classes are chosen from the classes where our method performs worst and best in Clipart, indicated by the
class-wise accuracy of VIRDA.

Table 4: Ablation on Office-31 with ViT-B backbone finetuning. The best result are in bold.

Finetuning layer Training params (M) D—-A W—-A A—W Mean

Head 1.1 72.6 74.6 88.9 78.7
BB-Last 8.2 72.1 79.1 87.1 79.7
BB-Last-3 22.3 71.4 70.5 78.0 73.3
BB-1 8.2 8.7 80.3 87.1 82.0
VirDA 1.5 81.3 84.1 94.7 86.7

4.4 Ablation studies

Comparison with Partial Fine-Tuning. While many UDA methods rely on full fine-tuning of both the
backbone and the classifier, others achieve adaptation by updating only a subset of parameters. For example,
TENT [Wang et al.| (2021) adapts to distribution shifts by optimizing only channel-wise affine transformations
at test time. To evaluate how VIRDA compares with these approaches, we conduct experiments on the three
most challenging Office-31 tasks (D—A, W—A, and A—W) using a ViT backbone Dosovitskiy et al.| (2020)).
All settings fine-tune the classifier head, with the following variants: (1) Head - classifier head only, (2)
BB-Last - last backbone layer + head, (3) BB-Last-3 - last three backbone layers + head, and (4) BB-1 -
first backbone layer + head. Results are presented in Tab. 4] The result indicates that VIRDA consistently
outperforms partial backbone finetuning in terms of both classification accuracy by 3-5% and parameter
efficiency (only requires 1.5M training parameters versus 8.2M training parameters from BB-1 and BB-Last.

Effect of Losses. Tab.[Jillustrates how different combinations of loss functions affect the accuracy of A—D
task on the Office-31 dataset. While the normal combination of supervised loss and adversarial loss would
be beneficial standard UDA training, for VirDA using this combination decreased the overall accuracy by
—2%. We hypothesize that, while L., enforces a similar distribution of hidden features, for VirDA this
translates to optimizing f..sx and the textural features, and also might forces the classifier head to learn
more as optimizing the backbone becomes less flexible (since our later Error Analysis discussion indicated
that the current f,,qsx might be insufficient in some cases. This can result in overfitting or learning spurious
features in the classifier head. By adding a more enforcing uncertainty loss, we force the classifier head also
to match the prediction uncertainty, thus minimizing the chance of overfitting. Introducing the inter-domain
alignment loss, Lyne, significantly improves accuracy to 93.8%, demonstrating its effectiveness in narrowing
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the domain gap. Employing a single intra-domain alignment signal, either Lynsup 0r Ldistriv, yields marginal
improvements of +3.1% and +1.9%, respectively. However, combining both intra-domain alignment losses
enhances performance notably by +4.1%, resulting in the highest accuracy achieved in this task.

Table 5: Incremental accuracy gains for each additional loss term on A—D task on Office-31. The best
results are in bold.

Added Loss Included Losses A Acc. (%) Total Acc. (%)
Source-only — - 90.6
Lswp  Lsup +1.6 92.2
['adv Lsup + £adv —-2.0 90.2
ﬁunc Esup + ‘Cadv + Eunc (‘Cinter) +3.6 93.8
Eunsup Einter + Eunsup +3.1 96.9
Edistrib ['inter + Edistrib +1.9 95.7
Eintra Linter + L:unsup + Edistr’ib (‘Cinter + £i7zt7'a) +4.1 97.9

Effect of Structural mask-producing layer. We evaluate the effectiveness of f.oorq on the same 3 tasks
in Office-31 dataset in TabJl With both backbones, which are ResNet50 and ViT, adding feoora yields a
gain on all three tasks. This highlights that our coordination module scales especially well with transformer
backbones, offering clear, consistent gains on the hardest transfers.

Source Data

JElE]

Target Data

| BN | =
HE EE~
1T | &

| id | B
kY L

Figure 4: Visualization of the original image, the reprogrammed mask before (upper row) and after (lower
row) UDA task on Rw—Pr. The source domain masks focus on encoding the surrounding areas, while the
target domain masks highlight the main object.

Efficiency metrics of VirDA. We report FLOPs, per-step training time, and peak GPU memory for
VIRDA paired with different backbones in Tab. VIRDA cuts training compute by 31-33% GFLOPs
and shortens per-epoch time by ~30% compared to full fine-tuning. Since the VR modules are placed
before the frozen backbone, gradients must still traverse the backbone to train these layers. Therefore,
the memory usage yields different memory behavior across backbones: for ResNet, where peak usage is
dominated by feature maps, freezing changes little; for ViT, eliminating attention-specific weight-gradient
buffers and optimizer state reduces memory by up to 25%. In terms of inference computation efficiency,
VIRDA introduced a minimal over head of less than 5% increased GFLOPs.
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Table 6: Ablation on Office-31 with/without the structural mask-producing layer feoord. The best results
are in bold.

Backbone fioorda D —2A WA AW

ResNet50 X 63.2 62.3 83.1
ResNet50 v 64.2 66.7 84.9
ViT-B/32 X 74.1 81.4 90.9
ViT—B/32 v 81.3 84.1 94.7

Table 7: Efficiency metrics of VIRDA: FLOPs, training time, GPU memory usage. Here, Size indicate
the input size, TGFLOPs and GFLOPs (Train) indicates the added GFLOPs from VIRDA and training
GFLOPs accordingly, Training (s) indicates average required time per training step in seconds and Mem-
ory (GiB) indicates the memory usage.

Method Size TGFLOPs GFLOPs (Inference) GFLOPs (Train) Training (s) Memory (GiB)
ResNet50 (Full) 224 0.4 8.2 24.9 0.59 12.6
ResNet50 (VirDA) 224 ’ 8.6 16.7 0.42 12.6
ViT-B/32 (Full) 384 192 25.3 7.2 0.53 24.1
ViT-B/32 (VirDA) 384 ' 26.5 51.8 0.39 18.2
CLIP (VirDA) 224 0.4 1,180 1,180 0.53 12.6

Visualization. Figure 4| visualizes reprogrammed masks before and after training on source and target
samples. Initially (upper rows), the masks exhibit diffuse, unclear patterns. Post-adaptation, source masks
emphasize background regions, while target masks focus on modifying primary objects. Masks effectively
alter simpler objects like “Soda” or “Telephone”, but face challenges with visually different objects like
“Computer” or “Printer”, and multiple-object scenarios such as “Scissors”.

Error analysis. Figure |3| visualizes how VIRDA transfers from the Product source to two targets: a mild
shift (Realworld) and a hard shift (Clipart). The hardest failures in Clipart (e.g., “Post-it Notes", “Marker",
“Eraser") arise when the target removes the photo-like appearance cues, shading, specular highlights, and
fine material texture that the visual prompts leverage. The learned reprogram mask then attends to back-
ground or non-discriminative regions; this can still reduce the inter-domain discrepancy loss, but does not
support correct classification. In the easier Realworld target, where appearance is closer to the source, the
prompts highlight object bodies (e.g., marker barrel, eraser edges/print) and accuracy improves substantially.
Conversely, classes with distinctive, domain-invariant silhouettes (e.g., “Sneakers", “Flowers", “Flip-flops")
transfer well to both targets, even when texture is simplified.

5 Conclusion and Future Work

In this paper, we propose a novel method, VIRDA, a parameter-efficient solution for UDA that’s capable
of reusing a single pretrained backbone for all transfer settings. By introducing lightweight, domain-specific
visual reprogramming layers that prepend to the frozen backbone, VIRDA adapts source knowledge to
target domains through texture-level transformations rather than full network fine-tuning. We add intra-
and inter-domain losses to guide the reprogramming function under the unsupervised constraint. Moreover,
we leverage the prediction uncertainty to stabilize the training procedure. Our experiments demonstrate
that VIRDA achieves competitive or superior performance compared to prior methods, and approaches the
performance of state-of-the-art approaches while using only a fraction of the parameters. In the future, we
plan to implement our VIRDA to tackle the challenging downstream tasks, e.g., semantic segmentation and
object detection.

13



Published in Transactions on Machine Learning Research (12/2025)

References

Ali Abedi, QM Wu, Ning Zhang, and Farhad Pourpanah. Euda: An efficient unsupervised domain adaptation
via self-supervised vision transformer. arXiv preprint arXiv:2407.21511, 2024.

Shuanghao Bai, Min Zhang, Wanqi Zhou, Siteng Huang, Zhirong Luan, Donglin Wang, and Badong Chen.
Prompt-based distribution alignment for unsupervised domain adaptation. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 38, pp. 729-737, 2024.

Chengyi Cai, Zesheng Ye, Lei Feng, Jianzhong Qi, and Feng Liu. Bayesian-guided label mapping for visual
reprogramming. In The Thirty-eighth Annual Conference on Neural Information Processing Systems,
2024a.

Chengyi Cai, Zesheng Ye, Lei Feng, Jianzhong Qi, and Feng Liu. Sample-specific masks for visual
reprogramming-based prompting. In International Conference on Machine Learning (ICML), 2024b.

Chengyi Cai, Zesheng Ye, Lei Feng, Jianzhong Qi, and Feng Liu. Attribute-based visual reprogramming for
vision-language models. arXiv preprint arXiv:2501.13982, 2025.

Chao Chen, Zhihong Chen, Boyuan Jiang, and Xinyu Jin. Joint domain alignment and discriminative feature
learning for unsupervised deep domain adaptation. In Proceedings of the AAAI conference on artificial
intelligence, volume 33, pp. 3296-3303, 2019a.

Chaoqi Chen, Weiping Xie, Wenbing Huang, Yu Rong, Xinghao Ding, Yue Huang, Tingyang Xu, and
Junzhou Huang. Progressive feature alignment for unsupervised domain adaptation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 627-636, 2019b.

Shuhao Cui, Shuhui Wang, Junbao Zhuo, Liang Li, Qingming Huang, and Qi Tian. Towards discriminability
and diversity: Batch nuclear-norm maximization under label insufficient situations. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 3941-3950, 2020a.

Shuhao Cui, Shuhui Wang, Junbao Zhuo, Chi Su, Qingming Huang, and Qi Tian. Gradually vanishing bridge
for adversarial domain adaptation. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 12455-12464, 2020b.

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-scale hierarchical
image database. In 2009 IEEE conference on computer vision and pattern recognition, pp. 248-255. leee,
2009.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Un-
terthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An image is worth
16x16 words: Transformers for image recognition at scale. arXiv preprint arXiv:2010.11929, 2020.

Zhekai Du, Xinyao Li, Fengling Li, Ke Lu, Lei Zhu, and Jingjing Li. Domain-agnostic mutual prompting
for unsupervised domain adaptation. In IEEE Conference on Computer Vision and Pattern Recognition,
2024.

Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model uncertainty
in deep learning. In international conference on machine learning, pp. 1050-1059. PMLR, 2016.

Yaroslav Ganin and Victor Lempitsky. Unsupervised domain adaptation by backpropagation. In Proceedings
of the 32nd International Conference on Machine Learning (ICML), 2015.

Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pascal Germain, Hugo Larochelle, Francois Laviolette,
Mario March, and Victor Lempitsky. Domain-adversarial training of neural networks. Journal of machine
learning research, 17(59):1-35, 2016.

Yunhe Gao, Xingjian Shi, Yi Zhu, Hao Wang, Zhigiang Tang, Xiong Zhou, Mu Li, and Dimitris N Metaxas.
Visual prompt tuning for test-time domain adaptation. arXiv preprint arXiv:2210.04831, 2022.

14



Published in Transactions on Machine Learning Research (12/2025)

Chunjiang Ge, Rui Huang, Mixue Xie, Zihang Lai, Shiji Song, Shuang Li, and Gao Huang. Domain adap-
tation via prompt learning. arXiv preprint arXiv:2202.06687, 2022.

Robert Geirhos, Patricia Rubisch, Claudio Michaelis, Matthias Bethge, Felix A Wichmann, and Wieland
Brendel. Imagenet-trained cnns are biased towards texture; increasing shape bias improves accuracy and
robustness. In International conference on learning representations, 2018.

Kai Han, Yunhe Wang, Jianyuan Guo, Yehui Tang, and Enhua Wu. Vision gnn: An image is worth graph
of nodes. Advances in neural information processing systems, 35:8291-8303, 2022.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 7T70-778,
2016. doi: 10.1109/CVPR.2016.90.

Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu, Phillip Isola, Kate Saenko, Alexei Efros, and Trevor
Darrell. Cycada: Cycle-consistent adversarial domain adaptation. In International conference on machine
learning, pp. 1989-1998. Pmlr, 2018.

Qibin Hou, Daquan Zhou, and Jiashi Feng. Coordinate attention for efficient mobile network design. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 13713-13722,
2021.

John J. Hull. A database for handwritten text recognition research. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 16(5):550-554, 1994.

Muhammad Uzair Khattak, Hanoona Rasheed, Muhammad Maaz, Salman Khan, and Fahad Shahbaz Khan.
Maple: Multi-modal prompt learning. In Proceedings of the IEEE/CVFE Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 19113-19122, June 2023.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep convolutional
neural networks. Advances in neural information processing systems, 25, 2012.

Yann LeCun, Corinna Cortes, and Christopher J. C. Burges. The mnist database of handwritten digits.
http://yann.lecun.com/exdb/mnist/, 1998.

Shuang Li, Chi Liu, Qiuxia Lin, Binhui Xie, Zhengming Ding, Gao Huang, and Jian Tang. Domain condi-
tioned adaptation network. In Proceedings of the AAAI conference on artificial intelligence, volume 34,
pp. 11386-11393, 2020.

Yu-Jhe Li, Xiaoliang Dai, Chih-Yao Ma, Yen-Cheng Liu, Kan Chen, Bichen Wu, Zijian He, Kris Kitani,
and Peter Vajda. Cross-domain adaptive teacher for object detection. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 7581-7590, 2022.

Jian Liang, Dapeng Hu, and Jiashi Feng. Do we really need to access the source data? source hypothesis
transfer for unsupervised domain adaptation. In International conference on machine learning, pp. 6028—
6039. PMLR, 2020.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo. Swin
transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 10012-10022, 2021.

Mingsheng Long, Yue Cao, Jianmin Wang, and Michael Jordan. Learning transferable features with deep
adaptation networks. In International conference on machine learning, pp. 97-105. PMLR, 2015.

Mingsheng Long, Han Zhu, Jianmin Wang, and Michael I Jordan. Deep transfer learning with joint adapta-
tion networks. In International conference on machine learning, pp. 2208-2217. PMLR, 2017.

Mingsheng Long, Zhangjie Cao, Jianmin Wang, and Michael I. Jordan. Conditional adversarial domain
adaptation. In Advances in Neural Information Processing Systems (NeurIPS), 2018.

15


http://yann.lecun.com/exdb/mnist/

Published in Transactions on Machine Learning Research (12/2025)

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint arXiv:1711.05101,
2017.

Xinhong Ma, Yiming Wang, Hao Liu, Tianyu Guo, and Yunhe Wang. When visual prompt tuning meets
source-free domain adaptive semantic segmentation. Advances in Neural Information Processing Systems,
36:6690-6702, 2023.

Jaemin Na, Heechul Jung, Hyung Jin Chang, and Wonjun Hwang. Fixbi: Bridging domain spaces for
unsupervised domain adaptation. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 1094-1103, 2021.

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Bo Wu, and Andrew Y. Ng. Reading digits in
natural images with unsupervised feature learning. In NIPS Workshop on Deep Learning and Unsupervised
Feature Learning, 2011. http://ufldl.stanford.edu/housenumber/\

Kate Saenko, Brian Kulis, Mario Fritz, and Trevor Darrell. Adapting visual category models to new domains.
In Furopean conference on computer vision, pp. 213-226. Springer, 2010.

Kuniaki Saito, Kohei Watanabe, Yoshitaka Ushiku, and Tatsuya Harada. Maximum classifier discrepancy for
unsupervised domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 3723-3732, 2018.

Swami Sankaranarayanan, Yogesh Balaji, Carlos D Castillo, and Rama Chellappa. Generate to adapt: Align-
ing domains using generative adversarial networks. In Proceedings of the IEEE conference on computer
viston and pattern recognition, pp. 8503-8512, 2018.

Baochen Sun, Jiashi Feng, and Kate Saenko. Correlation alignment for unsupervised domain adaptation. In
Domain adaptation in computer vision applications, pp. 153—171. Springer, 2017.

Tao Sun, Cheng Lu, Tianshuo Zhang, and Haibin Ling. Safe self-refinement for transformer-based domain
adaptation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 7191-7200, June 2022.

Antti Tarvainen and Harri Valpola. Mean teachers are better role models: Weight-averaged consistency

targets improve semi-supervised deep learning results. Advances in neural information processing systems,
30, 2017.

Eric Tzeng, Judy Hoffman, Kate Saenko, and Trevor Darrell. Adversarial discriminative domain adaptation.
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 7167-7176, 2017.

Hemanth Venkateswara, Jose Fusebio, Shayok Chakraborty, and Sethuraman Panchanathan. Deep hashing
network for unsupervised domain adaptation. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 5018-5027, 2017.

Dequan Wang, Evan Shelhamer, Shaoteng Liu, Bruno Olshausen, and Trevor Darrell. Tent: Fully test-time
adaptation by entropy minimization. In International Conference on Learning Representations, 2021. URL
https://openreview.net/forum?id=uX13bZLkr3c.

Jun Wen, Nenggan Zheng, Junsong Yuan, Zhefeng Gong, and Changyou Chen. Bayesian uncertainty match-
ing for unsupervised domain adaptation. arXiv preprint arXiv:1906.09693, 2019.

Zehao Xiao, Jiayi Shen, Xiantong Zhen, Ling Shao, and Cees Snoek. A bit more bayesian: Domain-invariant
learning with uncertainty. In International conference on machine learning, pp. 11351-11361. PMLR,
2021.

Shaoan Xie, Zibin Zheng, Liang Chen, and Chuan Chen. Learning semantic representations for unsupervised
domain adaptation. In International conference on machine learning, pp. 5423-5432. PMLR, 2018.

16


http://ufldl.stanford.edu/housenumber/
https://openreview.net/forum?id=uXl3bZLkr3c

Published in Transactions on Machine Learning Research (12/2025)

Tongkun Xu, Weihua Chen, Pichao Wang, Fan Wang, Hao Li, and Rong Jin. Cdtrans:
Cross-domain transformer for unsupervised domain adaptation. In Proceedings of the Inter-
national Conference on Learning Representations (ICLR), 2022. ICLR 2022 (poster). URL:
https://openreview.net /forum?id=XGzk5OKWFFc.

Jinyu Yang, Jingjing Liu, Ning Xu, and Junzhou Huang. Tvt: Transferable vision transformer for unsuper-
vised domain adaptation. In Proceedings of the IEEE/CVF winter conference on applications of computer
vision, pp. 520-530, 2023.

Xiangyu Yue, Zangwei Zheng, Shanghang Zhang, Yang Gao, Trevor Darrell, Kurt Keutzer, and Alberto San-
giovanni Vincentelli. Prototypical cross-domain self-supervised learning for few-shot unsupervised domain
adaptation. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
13834-13844, 2021.

Yuchen Zhang, Tianle Liu, Mingsheng Long, and Michael Jordan. Bridging theory and algorithm for domain
adaptation. In Proceedings of the 36th International Conference on Machine Learning, pp. 7404-7413,
2019.

Shengjie Zhou, Xin Cheng, Haiyang Xu, Ming Yan, Tao Xiang, Feng Liu, and Lei Feng. Endowing visual
reprogramming with adversarial robustness. In The Thirteenth International Conference on Learning
Representations, 2025.

Jinjing Zhu, Haotian Bai, and Lin Wang. Patch-mix transformer for unsupervised domain adaptation: A
game perspective. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp. 3561-3571, 2023.

17



	Introduction
	Related Works
	Methodology
	Encoding Domain-specific Textural and Transformational Visual Prompt
	Visually-aligning Model
	Training objectives and inference

	Experiments
	Datasets
	Implementation Details
	Results
	Ablation studies

	Conclusion and Future Work

