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Abstract—Domain adaptation enables the reduction of distri-
bution differences across domains, allowing for effective knowl-
edge transfer from one domain to a different domain. In recent
years, partial domain adaptation (PDA) has attracted growing
interest due to its focus on a more realistic scenario, where the
target label space is a subset of the source label space. As the
source and target domains do not possess the same label space
in the PDA setting, it is challenging but crucial to mitigate the
domain gap without incurring negative transfer. In this paper,
we propose a Reinforced Reweighting united with Self-supervised
Adaptation (R2SA) method to address the challenges in PDA by
leveraging the merits of deep reinforcement learning (DRL) and
self-supervised learning (SSL) simultaneously in a cooperative
way. Reinforced reweighting aims to learn a source reweighting
policy automatically based on information provided by the PDA
model, while self-supervised adaptation aims to boost the adapt-
ability of the PDA model through an additional self-supervised
objective on the target domain. Extensive experiments on several
cross-domain benchmarks demonstrate that our method achieves
state-of-the-art results, with larger performance gains on more
challenging tasks.

Impact Statement—In this paper, we propose a novel Re-
inforced Reweighting united with Self-supervised Adaptation
(R2SA) method, a pioneering approach in partial domain adap-
tation (PDA) that innovatively integrates reinforcement learning,
self-supervised learning and PDA. The new framework addresses
critical gaps in existing PDA strategies and sets a new benchmark.
A significant innovation is the introduction of the reinforced
reweighting technique, a first in PDA. Traditional methods
relied on simpler source selection strategies, often leading to the
exclusion of potentially valuable data due to hard selection biases.
R2SA, however, leverages a novel source reweighting policy to
enhance the utilization of shared information across domains and
ensure better model performance and reliability. Furthermore,
R2SA also introduces a unique self-supervised adaptation method
to significantly improve the model’s adaptability, making the PDA
model more robust and efficient. Our extensive experiments on
multiple benchmark datasets demonstrate that R2SA consistently
outperforms existing methods, which significantly advances the
field.

Index Terms—Partial domain adaptation, reinforcement learn-
ing, self-supervised learning
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EEP neural networks have demonstrated remarkable
Dperformance in various supervised learning tasks [1],
[2]. Nevertheless, the success of deep learning models often
depends on the availability of large labeled datasets, while
annotating data for every new task can be impractical, expen-
sive, and time-consuming. Consequently, domain adaptation
(DA) has gained significant attention in recent years as its
objective is to transfer knowledge from a related labeled
source domain to a target domain lacking labels. The essence
of DA lies in aligning the distributions of distinct domains
by identifying invariant feature representations, which allows
building a predictive model for the target domain using the
labeled source domain data [3], [4].

Conventional DA methods mainly concentrate on align-
ing source and target distributions by minimizing discrep-
ancy losses based on high-order statistics [S]-[7] or learning
domain-invariant features via adversarial training [8]-[11].
However, these methods often assume that the source and
target domains share an identical label space, while in real-
world scenarios, it can be challenging to find a relevant source
domain with the same label space as the target domain. When
this assumption is not met, the performance of these DA
methods may be significantly hindered due to negative transfer
[12], [13]. In the era of large-scale datasets like ImageNet [14],
a more general situation arises where the source label space
encompasses the target label space, known as partial domain
adaptation (PDA).

PDA is a more practical and general setting than conven-
tional DA, as it is often simpler to access a large-scale source
dataset when working with a smaller-scale unlabeled target
dataset. However, PDA also poses a greater challenge due to
the uncertain target label space and potential negative trans-
fer arising from outlier source data. Existing PDA methods
typically reweight source domain data to minimize the impact
of irrelevant categories [15]-[17]. In recent years, alternative
advanced learning techniques, such as reinforcement learning
(RL) and self-supervised learning (SSL), have also been
explored to improve PDA approaches. Domain Adversarial
Reinforcement Learning (DARL) [18], Reinforced Transfer
Network (RTNet) [19], Deep Reinforcement Learning based
Data Selector (DRL-DS) [20], and Reinforced Adaptation Net-
work (RAN) [21] employ various deep reinforcement learning
(DRL) methods to determine policies for selecting source
data. Meanwhile, Self-Supervised Partial Domain Adaptation
(SSPDA) [22] leverages the signal captured by a jigsaw
puzzle task as an additional objective to the PDA problem
formulation.
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Despite these recent advances, there are still gaps in im-
proving PDA using both DRL and SSL simultaneously. Ad-
ditionally, current DRL-based methods only focus on simpler
scenarios of source selection, rather than on more complex
reweighting scenarios. To address these limitations, we pro-
pose a Reinforced Reweighting united with Self-supervised
Adaptation (R2SA) method to solve the PDA problem by
merging the merits of DRL and SSL simultaneously. Our ap-
proach consists of three sub-models, namely, the PDA model,
the DRL model, and the SSL model. Reinforced reweighting
aims to learn a reweighting policy automatically for source
domain samples based on their similarities to the target domain
samples in the feature space. Both the state and the reward
of this DRL model are derived from the PDA model, while
in turn, the PDA model is trained based on the reweighted
source domain data. It is worth noting that different from
previous DRL-based PDA methods, the proposed reinforced
reweighting method aims to learn a source reweighting policy
rather than a source selection policy to overcome the limita-
tions caused by hard selection [23]. Generally, the advantages
of reweighting over selection include better leverage of shared
information and more robustness to noise. Selection may
discard potentially useful shared information between source
and target domains, while reweighting better leverages shared
information by learning from the full source domain data and
emphasizing relevant samples. Additionally, reweighting can
reduce the impact of small errors in estimating source-target
similarity, while selection is less robust to noise since these
errors can lead to the exclusion of useful data as well as
the inclusion of irrelevant samples. Meanwhile, in contrast
to conventional reweighting methods, the utilization of DRL-
based reweighting also introduces the ability to dynamically
adapt and optimize the weighting policy throughout the en-
tire learning process, thereby enhancing the performance of
reweighting by offering a more flexible and robust solution.

In the meantime, our approach, which is distinct from
current SSL-based methods, introduces an additional cross-
domain adjustment. This is achieved by conducting representa-
tion learning solely on target domain data, while explicitly ex-
cluding outlier classes from the source domain. This additional
self-supervised objective enhances the adaptability of the PDA
model by leveraging the target domain data more effectively.
The self-supervised task network is optimized using the target
domain data only, allowing the feature extractor to concentrate
on learning target-domain-specific discriminative features. In
an end-to-end manner, the three sub-models are simultane-
ously optimized, resulting in a more robust and effective PDA
model.

In summary, our key contributions are as follows:

* We propose the Reinforced Reweighting united with Self-
supervised Adaptation (R2SA) method by synergistically
integrating DRL, SSL, and PDA. By creatively combining
these techniques, R2SA formulates a cohesive framework
that enhances the efficiency and efficacy of the PDA
model, marking a significant step forward in tackling
PDA problems.

* The proposed reinforced reweighting method enables the
automatic learning of a source reweighting policy for

the first time based on feature similarity, overcoming the
limitations of hard selection and providing a more flexible
approach for handling PDA problems.

* The proposed self-supervised adaptation method is ca-
pable of boosting the adaptability of the PDA model
through performing additional representation learning on
the target domain data, facilitating improved alignment
between source and target domains while preventing
interference from outlier source classes.

» Extensive experimental results demonstrate that R2SA
substantially surpasses existing PDA methods and attains
state-of-the-art performance, validating the effectiveness
of our approach in addressing the challenges of PDA.

II. RELATED WORK

Unsupervised Domain Adaptation In this paper, we focus on
unsupervised domain adaptation (UDA) which aims to transfer
knowledge from a labeled source domain to an unlabeled target
domain via mitigating the distribution shift across domains.
UDA methods can generally be divided into two categories,
namely, discrepancy-based and adversarial-based approaches.
Discrepancy-based methods typically add adaptation layers
and mitigate domain distribution discrepancies through min-
imizing statistical differences between the source and target
domains. For instance, Maximum Mean Discrepancy (MMD)
based methods minimize the MMD across domains to align
their kernel embeddings of distributions [5], while CORAL
aligns the second-order statistics of the source and target
distributions [6]. On the other hand, inspired by generative
adversarial networks (GANSs), adversarial-based methods learn
transferable features in an adversarial manner by employing
a domain classifier. For example, Domain-Adversarial Neural
Network (DANN) [24] introduces a gradient reversal layer to
effectively confuse the domain classifier in order to encourage
the learning of domain-invariant features. In contrast, Adver-
sarial Discriminative Domain Adaptation (ADDA) [9] begins
with pre-training a source encoder and proceeds to train a
separate target encoder through adversarial training so that a
discriminator and the target encoder are optimized iteratively
to minimize the domain gap.
Partial Domain Adaptation Different from conventional DA
methods that assume source and target domains have identical
label spaces, partial domain adaptation (PDA) adopts a more
relaxed label space assumption, allowing the source label
space to encompass additional categories not present in the
target domain. That is, PDA deals with a more general and
practical scenario in reality. Compared to DA, PDA becomes
more challenging since the target label space is unknown, and
outlier source data can result in negative transfer if they are
aligned with the target domain. To mitigate negative transfer,
most PDA methods concentrate on decreasing the significance
of source data belonging to the outlier classes by up-weighting
relevant source samples while down-weighting irrelevant ones.
To down-weight irrelevant samples during transfer, Selective
Adversarial Network (SAN) [15] utilizes class-wise discrimi-
nators to estimate the source instance weights. Similarly, Im-
portance Weighted Adversarial Nets (IWAN) [16] evaluates the
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significance of source samples by utilizing an auxiliary domain
classifier. Partial Adversarial Domain Adaptation (PADA) [17]
adopts estimated target label distribution to assign class-level
weights to both domain discriminator and source classifier.
In contrast, Example Transfer Network (ETN) [25] focuses
on quantifying transferability of source samples and reweights
them based on their discriminative information. Deep Residual
Correction Network (DRCN) [26] identifies the most relevant
source classes with a plug-in residual block and align them
with target data using a weighted class-wise matching strategy.
BA3US [27] presents an alternative weighting scheme which
augments the target domain using source samples and com-
bines it with adaptive uncertainty suppression. Dual Alignment
for PDA (DAPDA) [28] designs a reweighting network that
assigns instance-level weights to target data and class-level
weights to source data. More recently, rather than adjusting the
feature extractor based on reweighted distribution alignment,
Adversarial Reweighting (AR) [29] addresses the domain
gap by reweighting source data features. Critical Classes and
Samples Discovering Network (CSDN) [30] proposes an adap-
tive source class weighting strategy for dynamically selecting
the most relevant classes while placing greater emphasis on
ambiguous target samples with inconsistent predictions. Select,
Label, and Mix (SLM) [31] filters source outliers, refines clas-
sification boundaries through discriminative labeling, and ap-
plies mixup for domain invariance enhancement concurrently
to mitigate negative transfer while elevating discriminability
and fostering domain-invariant representations.

In recent years, more advanced learning techniques have
significantly contributed to enhancing PDA solutions. Among
these, Deep Reinforcement Learning (DRL), which merges
Reinforcement Learning (RL) principles with deep learning’s
ability to process high-dimensional data, is recognized as
a key driver of innovation. DRL operates on the principle
of an agent making decisions through interaction with an
environment to maximize cumulative rewards. This process
involves continuous strategy refinement through trial and error,
enabling the agent to adapt its approach based on environmen-
tal feedback. Unlike traditional machine learning paradigms
that depend on labeled datasets, DRL agents learn from the
outcomes of their actions, allowing them to effectively manage
complex decision-making problems. DRL addresses a wide
range of problem settings, from discrete to continuous action
spaces. Algorithms like the Deep Q-Network (DQN) [32]
have shown remarkable success in discrete action domains
by approximating the optimal action-value function with deep
neural networks. Meanwhile, for environments that require a
continuous action approach, methods like Deep Deterministic
Policy Gradient (DDPG) [33] provide fine-grained control and
precision. Leveraging these DRL advancements, innovative
PDA methodologies have been developed. Specifically, Do-
main Adversarial Reinforcement Learning (DARL) [18], Re-
inforced Transfer Network (RTNet) [19], Deep Reinforcement
Learning based Data Selector (DRL-DS) [20], and Reinforced
Adaptation Network (RAN) [21] eliminate outlier source data
through learning source data selection policies through deep
Q-network (DQN) [32], the actor-critic algorithm [34], Duel-
ing Double DQN [35], and Double DQN [36], respectively.

Concurrently, self-supervised learning (SSL) has also sig-
nificantly advanced DA. The effectiveness of self-supervision
has been validated through various studies [37]-[39]. Particu-
larly, the Self-Supervised Partial Domain Adaptation (SSPDA)
approach [22] advocates for employing the Jigsaw puzzle as a
secondary task, which significantly contributes to performance
improvement in PDA scenarios.

In this work, our R2SA jointly trains three models to solve
the PDA problem by leveraging the merits of DRL, PDA,
and SSL simultaneously in a cooperative manner. Different
from the existing DRL-based methods and conventional meth-
ods exemplified by SLM, we focus on learning a source
reweighting policy rather than source selection policies since
hard selection can suffer from high variance and lead to
difficulties if useful source samples are discarded by mistake
[23]. Meanwhile, the DRL-based reweighting mechanism in
R2SA offers more adaptability compared to the static criteria
used by conventional methods like SLM. That is, R2SA
can exhibit better robustness and generalization capabilities.
Moreover, we propose to exploit an SSL-based auxiliary task
to promote the adaptability of the PDA model by performing
additional representation learning only on the target domain
data without interference from the outlier source samples.
This comprehensive approach distinguishes our method from
previous works and addresses the challenges of partial domain
adaptation more effectively.

III. METHOD
A. Framework Overview

A PDA task consists of a labeled source domain D, =
{(x5,y7)}i=, and an unlabeled target domain D; = {2 7; .
where ns and n; denote the total number of source and target
samples, respectively. The source label space encompasses the
target label space, that is, ); C ), and the source and target
distributions Py # P, even within the shared label space due
to domain shift. Therefore, it is critical for PDA methods
to eliminate irrelevant source information while encouraging
transfer of relevant source knowledge to the target domain.

To this end, a Reinforced Reweighting united with Self-
supervised Adaptation (R2SA) method is proposed, as shown
in Figure 1, to overcome the challenges in PDA. Reinforced
reweighting aims to learn a source reweighting policy auto-
matically through a DRL model to align the distributions of
source and target domain features. In the meantime, the PDA
model aims to derive a predictive model for the target domain
based on the reweighted source domain data while returning
state and reward signals to the DRL model. Last but not
least, self-supervised adaptation aims to boost the adaptation
performance through a SSL model which shares the feature
extractor with the PDA model and improves its transferability
via an additional task performed only on the target domain
data.

B. Reinforced Reweighting

In R2SA, the source reweighting process is modeled as
a Markov Decision Process defined using a tuple M =
(S, A, R, P,7), where S denotes the state space, A represents
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Fig. 1: Architecture overview of R2SA. A DRL model, a PDA model and a SSL model are joinly trained. The DRL model
aims to learn a source reweighting policy automatically based on the information provided by the PDA model while the SSL
model aims to boost the adaptation ability of the PDA model through performing additional representation learning only on

the target domain.

the action space, R is the immediate reward, P describes the
transition function, and « € [0, 1] is the discount factor. This
MDP formulation enables the use of RL algorithms to optimize
the source reweighting policy. Specifically, at each time step, a
batch of states S, = {s;};, can be obtained through the PDA
model given a batch of source samples X; = {z$}"_,, where
n denotes the batch size. Our DRL model then determines
the corresponding actions A, = {a;}.._; to optimize the PDA
model. The updated PDA model, in turn, provides rewards
R, = {r;},_, and next states S, = {s/}/_, to update the
DRL model. To optimize this DRL model, we adopt the
Deep Deterministic Policy Gradient (DDPG) algorithm [33]
since it is commonly used for proof-of-concept. DDPG is a
deterministic model-free actor-critic method which adapts the
merits of DQN to domains with continuous action spaces.
Within this framework, the actor network maps states to
specific actions with the objective of maximizing rewards,
while the critic network evaluates the actions by estimating
their Q-values. That is, it learns the Q-value function via
the Bellman equation and concurrently utilizes the Q-value
function to learn the policy. This integrated strategy enables
policy optimization based on the critic’s feedback to effectively
handle continuous action spaces. In the following, a detailed
description of the state, action, and reward of our DRL model
is provided.

State: To consider both the information contained in each
source sample and its transferability, which indicates the extent
to which the knowledge from these samples is applicable to the

target domain, a state s; is defined as a vector that concatenates
two features. These include (1) the output of the bottleneck
layer given zf, i.e., T(F(x?)), where F and T denote the
feature extractor and bottleneck layer respectively; and (2) the
largest cosine similarity of source feature T'(F'(z])) to the

target domain features, i.e.,
T(F(x3)) - T(F(xf))

) = RS T EE, T ED,

(D

The first feature represents the encoded high-level information
contained in each source sample. The second feature serves as
an indicator of transferability by measuring the similarity of
each source sample to the target domain in the feature space.
In this way, a state can be expressed as:

si = [T(F(x7)), &3], )

and the next state considers the same source samples as the
state but is calculated using the updated PDA model instead.
Hence, each batch of source samples can add n transitions to
the replay buffer of the DRL model.

Action: Different from previous DRL-based PDA methods,
our DRL model learns a reweighting policy instead of a
selection policy. As a result, the action space is continuous
with each action a; being a real number in [—1,1]. Let the
actor network be denoted as u(s;) with parameters 6%, the
action can be derived as:

a; = clip (u(s;|0*) +¢,—-1,1), 3)
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where ¢ ~ N represents the OU noise [40]. To update the
PDA model, an action a; is converted to a weight w; in range
of [0,1], that is, w} = %+t

Reward: Each time an action is determined, a reward signal
is provided by the PDA model. To evaluate the policy, a
reward r; is composed of two terms. The first term measures
the difference between the DRL weight w] and the weight
w? calculated by the discriminator of the PDA model. By
minimizing the Wasserstein distance [41] between the target
domain and the reweighted source domain distributions, we
implement adversarial reweighting to calculate weight w?.
That is, let D denote the discriminator with parameters 6L,
w? is obtained by solving the following objective function:

Ns

i=1
1 & “)
—— Y D(T(F(}))),
Nne <
Jj=1
wherewp:(wl,wz,n- wh )T, wl >0, Y0 wl = ny,

and Y"1 (w? —1)? < pn,, with ng denotlng the total number
of source samples. In addition, since not all wi are reliable,
the similarity of the source sample to the target domain is
also considered when calculating the reward to achieve better
performance. Hence, the designed reward function can be
expressed as:

=1 — 2|min(w?, 1) D=9,

where £ = L 37" | £(xf) indicates the mean similarity to the
target domam of the source batch X7. Therefore, the reward
for the i—th source sample, r;, is affected by two factors. The
first evaluates whether the weight yielded by the DRL model
is close to w?. A higher reward is given for closer align-
ment as it indicates the model’s prediction is in accordance
with the expected benchmark value. Meanwhile, the second
criterion examines the relationship between the source and
target domain features. Specifically, when the source sample
23 is closer to the target domain in the feature space, a higher
reward is received if the weight output by the DRL model
is larger since (£(x$) — €) is positive. Conversely, when the
corresponding source feature is dissimilar to the target domain
features, a higher reward is received if the weight output by
the DRL model is smaller since (£(z) — &) is negative. In this
way, the reward signals are more distinguishable with proper
upper and lower bounds to facilitate policy learning.

—wl|+ (e

C. Self-supervised Adaptation

To boost the adaptability of the feature extractor, we perform
a self-supervised auxiliary task only on the target domain At
each step, we sample a batch of target data X! = {33 _p
and for each target sample, we produce two dlfferent views
x] and :v ! by performing a set of augmentation operations,
1nc1ud1ng random cropping, horizontal flip, color jittering,
grayscale, Gaussian blur, solarization, and color normaliza-
tion, in sequence. The two views are then encoded by the
feature extractor F', which is shared with the PDA model, to

generate their representations. The two feature representations

are subsequently mapped to d-dimensional embeddings z;
and z}’ respectively by the expander H. Since the target
samples are processed in batches, the self-supervised loss
is calculated based on the two batches of embeddings, i.e.,
Z, = [2],25,---,2,] and Zj] = [2{,25,---,2]]. To avoid
the involvement of contrastive samples, VICReg loss [42]
is adopted for optimization due to its theoretical soundness.
Hence, our SSL loss is composed of three terms and can be
written as:

A

Ly(Z4,Zy) = 12\\2—4’\\3
1
aZmaX(O,l
—+— Zmax

m 1

Zc

m;ﬁk

S(Zy)m)

S ®)

mk+ d Z O ZH mk )
m#k

where S(-) and C(-) denote the regularized standard deviation
and the covariance matrix, respectively, and A;, A2 and A3 are
hyperparameters controlling the importance of the three terms.
In specific, the first term is the invariance term to minimize the
mean square distance between the two embedding vectors from
the same sample. The second term is the variance term to force
the embedding vectors of samples within a batch to be different
so that collapse with all the inputs mapped on the same vector
is prevented. The last term is the covariance term to avoid
informational collapse via decorrelating the variables of each
embedding and thereby encourage the feature representation
to encode more information.

D. Overall Objective of R2SA

In this work, we regard the self-supervised task as an auxil-
iary task instead of a pretraining task and propose to optimize
the SSL model together with the PDA model. Therefore,
the objective function of R2SA simultaneously minimizes the
reweighted cross-entropy loss on the source domain, as well
as the conditional entropy loss and self-supervised loss on the
target domain:

+v2Ls(H(F(DY)), H(F(DY))),

where L, (p,q) = —>_,pilogg; denotes the cross-entropy
loss, Lp(p) = —>_,pilogp; represents the conditional en-
tropy loss, and v; and vy are two trade-off hyperparame-
ters. The first term is designed to minimize classification
loss using source data, which trains the entire prediction
network effectively. The second term focuses on minimizing
conditional entropy loss on target data, promoting low-density



separation between classes in the target domain. Finally, the
last term seeks to minimize the SSL loss on target data, thereby
enhancing representation learning.

In the PDA model, the discriminator is optimized using
Eq. (4), and it is worth noting that the parameters of the
discriminator and those of the rest components are optimized
alternately. This is due to two reasons. First, reweighting the
source domain features is a more robust approach to bridging
the domain gap compared to adapting the feature extractor
based on reweighted distribution alignment losses. Second,
since the weights derived from the discriminator are taken into
consideration when calculating the reward of the DRL model,
fixing the discriminator can also help to stabilize the training
of the DRL model.

While updating the PDA and SSL models according to Eq.
(7), we follow the DDPG training strategy to optimize our
DRL model. Consequently, our model comprises two sets of
networks: the actor and critic networks with parameters 6*
and A9 respectively, and the target actor and critic networks
with parameters 6" and 69’ respectively. The separate target
networks are softly updated to stabilize training.

At each time step, a random minibatch of N transitions
(si,ai,7i, s;) is sampled from the replay buffer and the target
Q-values are computed as:

yi = 10+ Q' (s, 1 (s5]6")]69)), ®)

where v represents the discount factor. The critic network is
updated by minimizing:

1 2
Ly = N Z (Q(si,a:09) — )~ 9
and the actor network is updated by minimizing:

1
Ly=—% XijQ(si,u(si|9“>\GQ)- (10)
To slowly track the learned networks, the target critic and
actor networks are softly updated by polyak averaging after
the critic and actor networks are updated. The update rule is
0+ 70+ (1 —7)0', where 7 < 1.

IV. EXPERIMENTS

The performance of the proposed method is evaluated and
compared to state-of-the-art methods through experiments on
five benchmark datasets.

A. Datasets

The Office-31 dataset [46] consists of 4,652 images dis-
tributed among 31 categories collected from three domains:
Amazon (A), DSLR (D), and Webcam (W). We follow the
same practice as [15] and select 10 categories to create
the target domains. The Office-Home [47] dataset is larger,
comprising approximately 15,500 images spread across 65
categories collected from four domains: Artistic (Ar), Clipart
(Cl), Product (Pr), and Real-World (Rw). We select images
from the first 25 categories in alphabetical order to create
target domains. The VisDA2017 [48] dataset is a challenging
large-scale dataset containing over 280,000 images in 12
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categories obtained from two domains: Synthetic (S) and Real
(R). We select the first 6 categories in alphabetical order to
create the target domain. The ImageNet-Caltech dataset is
built from Caltech-256 (C) [49] and ImageNet-1K (I) [14],
with 256 and 1000 classes, respectively. We select 84 shared
classes as the target classes, and only the validation set of
ImageNet is used when I is the target domain. The DomainNet
[50] dataset is another challenging large-scale dataset. We
follow the practice of [51] and select four domains with 126
categories, namely Clipart (C), Painting (P), Real (R), and
Sketch (S). We adopt the first 40 categories in alphabetical
order to create target domains.

B. Implementation Details

Our implementation is carried out on an Nvidia RTX
A6000 GPU using Pytorch. The ResNet-50 [43] pre-trained
on ImageNet [14] is adopted as the feature extractor, with
the last fully-connected layer being excluded. The architecture
of the discriminator consists of three fully-connected layers
with 1024, 1024, and 1 nodes, respectively. The expander of
the SSL model consists of three fully-connected layers, each
with 8192 nodes. For the DRL model, the actor network has
three fully-connected layers with 1024, 1024 and 1 nodes,
respectively, while the critic network has two fully-connected
layers with 1024 and 1 nodes, respectively. The hyperparam-
eters, A1, A2, A3, V1, s, T, are set to 25, 25, 1, 0.1, 0.1,
le-3, respectively, and the discount factor of the DRL model
is 0.99. All the network layers are trained from scratch except
the feature extractor. The feature extractor, bottleneck layer,
classifier and expander are trained using the SGD algorithm
with batch size 36 and momentum 0.9. The learning rate
of the feature extractor is one-tenth that of the others. The
discriminator, actor and critic are trained using the Adam
algorithm. The learning rate and batch size of the discriminator
are set to le-3 and 36, respectively, while we set the learning
rate to le-4 and the batch size to 32 for the actor and critic.
To compare with existing methods, we calculate the average
accuracy based on three runs.

C. Experimental Results

Table I, I, III, IV and V present the experimental results on
Office-31, Office-Home, VisDA2017, ImageNet-Caltech and
DomainNet datasets, respectively. Remarkably, DA methods
such as RTN, DANN, and ADDA exhibit inferior performance
on many tasks compared to ResNet, indicating that directly
aligning the target domain with the entire source domain
can result in negative transfer. However, most PDA methods
achieve significantly better results than ResNet by attempting
to mitigate the influence of irrelevant source samples.

Among the PDA methods, our R2SA method gains state-
of-the-art accuracy on four out of six Office-31 tasks, eight
out of twelve Office-Home tasks, one out of two ImageNet-
Caltech tasks and eight out of twelve DomainNet tasks.
Generally, R2SA achieves the highest average accuracies on
four out of the five datasets. R2SA obtains larger performance
gains on more challenging tasks and achieves significant
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TABLE I: Average Accuracy (%) on Office-31 Dataset using ResNet50 as backbone.

Method A—W D—-W W—D A—D D—A W—A Avg
ResNet [43] 75.59 96.27 98.09 83.44 83.92 84.97 87.05
DANN [24] 73.56 96.27 98.73 81.53 82.78 86.12 86.50
RTN [44] 78.98 93.22 85.35 71.07 89.25 89.46 85.56
ADDA [9] 75.67 95.38 99.85 83.41 83.62 84.25 87.03
SAN [15] 93.90 99.32 99.36 94.27 94.15 88.73 94.96
IWAN [16] 89.15 99.32 99.36 90.45 95.62 94.26 94.69
PADA [17] 86.54 99.32 100.00 82.17 92.69 95.41 92.69
ETN [25] 94.52 100.00 100.00 95.03 96.21 94.64 96.73
SSPDA [22] 91.52 92.88 98.94 90.87 90.61 94.36 93.20
DARL [18] 90.17 99.32 100.00 90.45 93.42 93.11 94.41
DRCN [26] 90.80 100.00 100.00 94.30 95.20 94.80 95.85
RTNet [19] 96.20 100.00 100.00 97.60 92.30 95.40 96.92
BA®US [27] 98.98 100.00 98.73 99.36 94.82 94.99 97.81
DAPDA [28] 95.06 100.00 100.00 92.15 95.13 97.4 96.62
DRL-DS [20] 99.55 100.00 100.00 98.52 96.24 96.17 98.41
AR [29] 93.54 100.00 99.67 96.82 95.51 96.04 96.93
AGAN [45] 97.28 100.00 100.00 94.26 95.72 95.72 97.16
CSDN [30] 98.93 100.00 100.00 98.73 94.26 94.63 97.76
RAN [21] 98.98 100.00 100.00 97.67 96.28 96.24 98.19
SLM [31] 99.80 100.00 99.80 98.70 96.10 95.90 98.40
R2SA 98.87£1.09  100.00+0.0 99.36+£0.0 99.79+0.37 96.45+0.11 96.49+0.24 | 98.49
R2SA (w/o DRL) 96.50£2.72  100.00+0.0 99.36+£0.0 98.94+1.84 96.45+0.21 96.38+0.26 | 97.94
R2SA (w/o SSL) 97.74£2.15 100.00+0.0 99.36+£0.0 98.73+0.64 96.28+0.30 96.56+0.21 | 98.11

TABLE II: Average Accuracy (%) on Office-Home Dataset using ResNet50 as backbone.

Method Ar — Cl Ar — Pr Ar - Rw Cl — Ar C1 — Pr C1 — Rw Pr — Ar Pr — Cl Pr - Rw Rw — Ar Rw — Cl Rw — Pr| Avg
ResNet [43]  46.33  67.51 7587 59.14 5994 6273 5822 41.79 7488 6740 48.18 74.17 |61.35
DANN [24] 43.76 6790 7747 6373 5899 6759 5684 37.07 7637 69.15 4430 77.48 |61.72
RTN [44] 4931 5770 80.07 63.54 6347 7338 6511 41.73 7532 63.18 4357  80.50 [63.07
ADDA [9] 4523 6879 7921 6456 60.01 6829 5756 38.89 7745 7028 4523 7832 |62.82
SAN [15] 4442 68.68 7460 6749 6499 7780 59.78 4472 80.07 72.18  50.21  78.66 [65.30
IWAN [16] 5394 5445 7812 6131 4795 6332 5417 5202 8128 7646 5675 8290 |63.56
PADA [17] 5195 67.00 7874 5216 53.78 59.03 52.61 4322 7879 7373 56.60 77.09 |62.06
ETN [25] 5924 77.03 7954 6292 6573 7501 6829 5537 8437 7572 57.66 84.54 |70.45
SSPDA [22] 52.02 63.64 7795 6566 5931 7348 7049 5154 8489 7625 60.74 80.86 |68.07
DARL [18] 5531 80.73 86.36 6793 66.16 7852 68.74 5093 87.74 7945 57.19 85.60 |72.06
DRCN [26] 54.00 76.40 83.00 62.10 6450 71.00 70.80 49.80 80.50 77.50 59.10  79.90 |69.05
RTNet [19]  63.20 80.10 80.70 66.70 69.30 7720 71.60 5390 84.60 7740 5790 8550 |72.34
BA®US [27] 60.62 83.16 8839 7175 72.79 8340 7545 6159 8653 7925 62.80 86.05 |75.98
DAPDA [28] 56.49 7756 80.29 6573 7152 7728 66.53 5596 85.65 77.02 60.82  84.82 |71.64
DRL-DS [20] 60.96 80.75 8447 7551 7582 80.05 7597 60.06 8342 79.00 6434 8321 |75.30
AR [29] 674 8532 90.00 7732 7059 85.15 7897 6478 89.51 8044 6621 86.44 |78.51
AGAN [45] 5636 7725 85.09 7420 7384 81.12 70.80 5152 8454 7897 56.78 83.42 |72.82
CSDN [30] 57.31 78.10 87.02 7098 70.08 79.02 7576 5493 86.03 79.61 6125 84.65 |73.73
RAN [21] 6326 83.08 89.03 7499 7447 8290 7799 61.19 86.68 79.86 63.52 85.04 |76.84
SLM [31] 61.10 84.00 9140 76.50 75.00 8180 7460 55.60 87.80 8230 57.80 83.50 |76.00
R2SA 66.82 8534 91.86 77.08 7595 86.71 79.40 65.35 8991 81.88 6555 87.64 79.46
+1.66 +1.49 4035 =£0.70 +£096 +1.42 +£1.25 +0.78 +038 +0.77 £1.38 £0.58 |"°°
R2SA 6627 8526 9187 76.55 7546 8588 78.66 64.60 89.71 81.73 6434 87.17 78.96
(w/o DRL)  £1.68 =+1.54 £0.50 +£0.61 +2.04 =£1.75 +£2.16 +0.84 +054 +0.96 =+0.61 =£0.65 ’
R2SA 6446 8525 91.68 76.09 73.14 8576 7946 64.18 89.69 81.60 63.86 8691 7851
(w/o SSL) +£296 £1.88 +£0.18 +£0.19 +2.03 =£0.77 =£1.34 048 +£056 £1.02 144 £090 |

improvements in difficult scenarios where knowledge is trans-
ferred from smaller-scale to larger-scale datasets. For instance,
R2SA achieves a 5.04%, a 4.27% and a 5.63% improve-
ment on the C— R, P—R and S — R tasks on DomainNet
dataset, respectively. These encouraging results have verified
the effectiveness of R2SA and demonstrate its capability of
filtering out irrelevant information from the source domain.
Although our method does not achieve the best performance
on the VisDA2017 dataset, it provides results comparable
to SLM and significantly outperforms the other methods. In
fact, our method surpasses SLM and attains state-of-the-art
performance on all other datasets. Overall, among all 33 tasks
spanning the five datasets, our method achieves the best perfor-
mance in 21 tasks and secures the second-best in 10 tasks, with
minimal performance gaps from the top-performing methods.

In the remaining two simpler tasks where several methods
achieve closely competitive results, our method is also among
the top performers. Furthermore, the observation that no single
method dominates across tasks where our method doesn’t lead,
underscores the adaptability of our approach to a wide range
of PDA scenarios. Meanwhile, the analysis also demonstrates
the complex nature of PDA challenges and underscores the ne-
cessity to enhance our approach’s effectiveness across varying
tasks.

D. Analysis

We perform an ablation study to examine the effectiveness
of each component in R2SA and compare it with two variants.
Specifically, the variant without a DRL model is denoted
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TABLE III: Average Accuracy (%) on VisDA2017 Dataset
using ResNet50 as backbone.

Method S—R
ResNet [43] 45.26
DANN [24] 51.01
RTN [44] 50.04
SAN [15] 49.90
IWAN [16] 48.60
PADA [17] 53.53
ETN [25] 63.35
SSPDA [22] 68.89
DARL [18] 67.77
DRCN [26] 58.20
BA®US [27] 69.86
DRL-DS [20] 81.08
AR [29] 88.75
AGAN [45] 67.71
CSDN [30] 67.62
RAN [21] 75.10
SLM [31] 91.70
R2SA 90.08+0.39

TABLE IV: Average Accuracy (%) on
Dataset using ResNet50 as backbone.

ImageNet-Caltech

Method C—1 I—-C Avg
ResNet [43] 71.29 69.69 70.49
DANN [24] 67.71 70.80 69.23
SAN [15] 75.26 77.75 76.51
IWAN [16] 73.33 78.06 75.70
PADA [17] 70.48 75.03 72.76
ETN [25] 74.93 83.23 79.08
DRCN [26] 78.90 75.30 77.10
BA3US [27] 83.35 84.00 83.68
AR [29] 82.24 87.12 84.69
AGAN [45] 80.43 79.63 80.03
CSDN [30] 79.85 82.19 81.02
SLM [31] 81.40 82.30 81.90
R2SA 82.90+0.23  88.20+1.35 | 85.55
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Fig. 2: Learned class weights on two tasks. Orange and
blue bins represent the average weights of shared classes and
source-only classes, respectively.

as R2SA (w/o DRL), and the variant without a SSL. model
is denoted as R2SA (w/o SSL). The comparison results on
Office-31 and Office-Home are included in Tables I and II,
respectively. On both datasets, R2SA outperforms its two vari-
ants and achieves the best results. Meanwhile, it is observed
that the two variants also lead to better performance than most
of the previous methods. These verify the effectiveness of our
DRL model as well as SSL model, while demonstrating the
superiority of solving the PDA problem through merging the
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Fig. 3: Analysis of the trade-off parameters based on the
Office-31 dataset.
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Fig. 4: Visualization of features learned by R2SA on two tasks.
The blue and gray points represent the source samples from
shared and outlier classes, respectively, while the red points
represent the target samples.

merits of DRL and SSL simultaneously.

Alongside the ablation study, we also compare the proposed
DRL-based reweighting method (R2SA w/o SSL) with the
latest DRL-based selection method [21] utilizing the same
baseline method [29]. The comparison results, in terms of
average accuracy, are detailed in Tables VI and VII for the
respective datasets. In both tables, results better than the base-
line method are marked with up arrows. From these results, it
is evident that the DRL-based reweighting method generally
outperforms the DRL-based selection method across a broad
spectrum of tasks and achieves a higher average accuracy
across the datasets. Moreover, the reweighting method also
leads to a much greater number of tasks surpassing the baseline
method. This further highlights the enhanced performance of
the DRL-based reweighting method compared to the DRL-
based selection method.

Since reweighting plays an essential role to filter out irrel-
evant source samples, we also calculate the average learned
weights for each source class on two tasks, as shown in
Figure 2. On both tasks, the weights output by R2SA for the
shared classes are significantly larger than those for source-
only classes. On the easier A — W task, all the ten shared
categories are recognized and even the smallest weight of the
shared classes is about 17 times of the largest weight of the
source-only classes. On the more challenging Ar — Rw task,
most of the shared categories are recognized while weights of
source-only classes are all close to zero. These observations
reveal that R2SA is able to improve its performance through
reweighting source samples based on their relevance.

Furthermore, to ensure the generalizability of our approach,
we use standard default values for the DRL and SSL model pa-
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TABLE V: Average Accuracy (%) on DomainNet Dataset using ResNet50 as backbone.

Method cC—+pP C—»R C—»S P—-C PR P—-S R—-C R—-P RS S—-C S—P S—R| Avg
ResNet [43] 4121 60.01 42.13 5452 70.80 4832 63.10 58.63 5026 4543 3930 49.75 | 51.96
DANN [24] 27.83 36.64 2991 31.79 4198 3658 47.64 4681 4085 2582 2954 32.72 | 35.68
SAN [15] 3435 51.62 4623 57.13 7021 5825 69.61 6749 67.88 41.69 41.15 4844 | 54.50
PADA [17] 2249 3285 2995 2571 5647 3045 6528 63.35 5417 1745 2389 2691 | 37.41
BASUS [27] 4287 5472 5379 64.03 7639 64.69 7999 7431 74.02 5036 4269 49.65 | 60.63
AR [29] 52.66 6824 5829 66.78 77.53 7438 7670 7177 7048 53.66 53.60 61.57 | 65.47
RISA 5468 7328 5682 7099 8180 7665 7982 7305 7341 6048 5750 6720 | oo
+2.04 +0.12 +1.77 +0.84 +038 +£048 +£037 £0.15 +0.97 +1.12 +047 +0.62 .
TABLE VI: Average Accuracy (%) Comparison on Office-31 Dataset.

Method A—-W D—-W W=D A—-D D—-A WA Avg

DRL Selection 96387 1007 99367 97457 96.287 96.457 | 97.651

DRL Reweighting  97.74% 1001 99.36% 98.73% 96281 96.561 | 98.111

TABLE VII: Average Accuracy (%) Comparison on Office-Home Dataset.

Method Ar — Cl Ar — Pr Ar — Rw Cl = Ar C1 — Pr C1 -+ Rw Pr — Ar Pr — Cl Pr -+ Rw Rw — Ar Rw — CI Rw — Pr| Avg
DRL Selection 65911 83.81 91.78% 76.771 73.611 84.63 78.06 62.54 88.63 81.8717 64871 86.47 |78.251
DRL Reweighting 64.461 85.257 91.68 76.091 73.141 85.761 79.461 64.181 89.691 81.60 63.861 86.9117 |78.511

rameters instead of relying on distinct dataset-specific optimal
parameters. As a result, our method only requires the tuning of
two trade-off parameters, v; and 5. Both of these parameters
achieve optimal or near-optimal performance on the majority
of tasks when set to 0.1. Therefore, we assign a value of 0.1
to both parameters for all experiments. We present an analysis
of these two parameters based on the Office-31 dataset, which
averages the results of six tasks over three runs, as shown in
Figure 3.

In addition, the t-SNE embeddings of feature representations
learned by R2SA on task A — W and Ar — Rw are illustrated
in Figure 4. The source samples in the shared classes, the
source samples in outlier classes and the target samples are
represented by blue, gray and red dots, respectively. It can be
observed that R2SA aligns target features with source features
in the shared classes. Moreover, it also separates different
target classes clearly with compact cluster structures, which
further demonstrates the superiority of R2SA.

E. Future Work

Based on the analysis of experimental results, we recognize
the need to refine our method to better address the varied
challenges of PDA. One focal point of this refinement is
enhancing our reward function, making it more adaptive
and responsive to domain differences. This effort includes a
closer examination of factors like class distribution, domain
similarity measures, and the PDA model’s performance on the
target domain. By adjusting the rewards based on both the
training progress and the PDA model’s performance, we aim
to enhance the guidance provided to optimize the DRL model.

Additionally, we are keen on exploring more advanced
DRL algorithms with better stability and robustness, such as
T3D and SAC. These algorithms could potentially refine the
reweighting policy, leading to better adaptation outcomes.

Moreover, we plan to enrich the information our DRL model
uses to make decisions by designing a more detailed state rep-
resentation. By incorporating more relevant information from
the PDA model, including comprehensive feature similarity

and feature importance metrics, a deeper understanding of the
PDA model’s context can be fostered. This, in turn, would
enable more informed decision-making by the DRL model.

By focusing on these enhancements, we believe our method
can achieve better effectiveness across a broader range of PDA
challenges.

V. CONCLUSION

In this paper, a Reinforced Reweighting united with Self-
supervised Adaptation method (R2SA) is proposed to address
the PDA problem. Reinforced reweighting aims to learn a
reweighting policy automatically. Meanwhile, self-supervised
adaptation conducts additional representation learning only on
the target domain data to boost adaptability of the PDA model.
Extensive experimental results demonstrate the remarkable
performance of R2SA.
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