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Abstract: Reinforcement learning (RL) has shown significant potential for dealing with complex decision-making
problems. However, its performance relies heavily on the availability of a large amount of high-quality data. In
many real-world situations, data distribution in the target domain may differ significantly from that in the source
domain, leading to a significant drop in the performance of RL algorithms. Domain adaptation (DA) strategies have
been proposed to address this issue by transferring knowledge from a source domain to a target domain. However,
there have been no comprehensive and in-depth studies to evaluate these approaches. In this paper we present a
comprehensive and systematic study of DA in RL. We first introduce the basic concepts and formulations of DA in
RL and then review the existing DA methods used in RL. Our main objective is to fill the existing literature gap
regarding DA in RL. To achieve this, we conduct a rigorous evaluation of state-of-the-art DA approaches. We aim
to provide comprehensive insights into DA in RL and contribute to advancing knowledge in this field. The existing
DA approaches are divided into seven categories based on application domains. The approaches in each category
are discussed based on the important data adaptation metrics, and then their key characteristics are described.
Finally, challenging issues and future research trends are highlighted to assist researchers in developing innovative
improvements.
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1 Introduction

Machine learning is a subset of artificial intelli-
gence (AI) that focuses on creating algorithms en-
abling systems to learn and make predictions or
decisions from data without explicit programming
(Abdul Samad et al., 2023; Zhang NJ et al., 2023).
Within machine learning, neural networks simulate
the human brain’s interconnected neurons to process
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information (Farhadi et al., 2023). These networks,
forming the basis of deep learning, consist of multiple
layers allowing systems to learn patterns and repre-
sentations from complex data (El Jery et al., 2023).
Deep learning techniques, such as convolutional neu-
ral networks (CNNs) and recurrent neural networks
(RNNs), have revolutionized various fields, particu-
larly computer vision, natural language processing
(NLP), and pattern recognition, by enabling ma-
chines to comprehend, interpret, and generate data
with remarkable accuracy and efficiency (Wang HN
et al., 2020; Farhadi and Sharifi, 2024).

Reinforcement learning (RL) enables au-
tonomous learning of complex behaviors from
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low-level sensor data (Liu SP et al., 2022). RL is
a branch of AI that provides useful tools for opti-
mizing decision sequences for long-term results (Bu
and Wang, 2019). It is a trial-and-error learning
algorithm in which an autonomous agent uses auto-
matic learning to identify the most optimal solution
to a given problem (Khader and Yoon, 2021). Over
the last decade, the value of RL has been proven
in a series of artificial domains, especially in real-
world scenarios (Voulgarelis et al., 2021). Besides,
it has demonstrated remarkable effectiveness in re-
solving different sequential decision-making issues in
machine learning (Boute et al., 2022). In most effec-
tive RL applications like robotics, autonomous vehi-
cles, and the poker game, more than one single agent
is involved (typically considered a multi-agent RL).
Multi-agent RL has recently re-emerged as a result
of advancements in single-agent RL methods (Li SD
et al., 2020; Rajput et al., 2023).

Fundamentally, RL is characterized by interac-
tion with the environment (Sutton and Barto, 2018).
Moreover, it has a low speed and may not be ef-
fective in complicated situations, particularly those
involving continuous state–action spaces in the ac-
tual world (Li XT and Sun, 2021). The issue be-
comes challenging when facing continuous domains
where generalization is essential. In this regard,
transfer learning (TL) solves such a problem by im-
proving learning performance through offering gen-
eralization across different tasks. The key problem
in TL involves integrating knowledge gained from
learning into different but relevant situations. TL
applies knowledge gained from a source task to a
target task (Shoeleh and Asadpour, 2017). Domain
adaptation (DA) is a form of TL in which knowl-
edge is transferred from one domain to another with
sparse or unavailable labels (Di et al., 2018). It learns
domain-invariant features by adversarial training or
moment matching. Some existing DA approaches
assume that label spaces in the source and target
domains are similar. Nevertheless, in real-world cir-
cumstances such as sentiment analysis, an approach
to NLP, finding a source domain labeled similarly
to a target domain is challenging (Finn et al., 2017;
López et al., 2019; Singhal et al., 2023). In DA,
in the context of RL, the Internet of Things (IoT)
plays a pivotal role by providing a diverse array of
real-world data streams, enabling the adaptation of
RL algorithms to variable environments and facili-

tating the transfer of knowledge across domains for
enhanced decision-making capabilities (Pourghebleh
and Navimipour, 2017; Pourghebleh et al., 2020).

Various DA approaches suitable for continuous
RL problems have been proposed recently. Neverthe-
less, to our knowledge, no comprehensive or detailed
studies have been conducted to analyze the exist-
ing methods in this field. This gap motivates us to
present the current study with the following major
contributions:

1. Provide a comprehensive and detailed review
of RL-related DA approaches with state-of-the-art
methods and pointers to the most relevant.

2. Categorize the existing methods into three
major classes (supervised, semi-supervised, and un-
supervised), explore them, and highlight their main
features.

3. Specify open issues and make suggestions for
upcoming studies.

Table 1 summarizes the main abbreviations used
in the paper, along with their definitions.

2 Related surveys

Several reviews have been published in the last
10 years that emphasize the importance of DA in var-
ious fields. Although these studies have contributed
to a better understanding of several aspects of the
DA problem, they have not discussed DA solutions
for continuous RL issues. In this section, we review
the related studies to highlight the need to conduct
the current study to fill the research gaps in this area.

In a review of recent advances in DA for vi-
sual recognition presented by Patel VM et al. (2015),
the advantages and weaknesses of existing DA meth-
ods were discussed, and some promising hints for re-
search in this area were identified. Some theoretical
results and existing algorithms for the multi-source
DA problem were reviewed by Sun et al. (2015).
They specified the datasets used in the proposed al-
gorithms and then made some suggestions for future
studies.

Wang M and Deng (2018) introduced TL and
DA with a particular focus on visual applications. At
first, they highlighted the role of DA in the more gen-
eral TL issue. Then, they analyzed the recent tech-
niques for various scenarios, described the historical
shallow strategies, and addressed the homogeneous
and heterogeneous DA approaches. They noted that
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Table 1 Abbreviation table

Abbreviation Definition Abbreviation Definition

AC Actor–critic GPRL Gaussian processes reinforcement learning
AI Artificial intelligence ITM Instantaneous topological map

ALE Arcade learning environment MDP Markov decision process
CFD Contrastive forward dynamics NLP Natural language processing

CODAS Cross-modal domain adaptation with NN Neural network
sequential structure PCA Principal component analysis

DARLA Disentangled representation learning agent PPO Proximal policy optimization
DDPG Deep deterministic policy gradient RL Reinforcement learning
DQN Deep Q-network SDG Selection distribution generator
DVE Data value estimator SVM Support vector machine
EM Expectation maximization WBS Work breakdown structure

GDANs Generative domain-adaptive nets

the development of deep convolutional architectures
has resulted in the establishment of a new class of
DA techniques, including adaptation inside the deep
architecture. Moreover, they reviewed DA methods
in various fields of image categorization.

A detailed analysis of DA techniques applied
to computer vision was provided by Zhao SC et al.
(2022). They proposed a classification of various
schemes according to data properties that specify
the difference between the two domains. Then, they
summarized approaches into groups based on train-
ing loss and briefly analyzed the existing techniques
under these groups. Furthermore, they provided an
overview of computer vision applications beyond im-
age classification. Finally, they highlighted some lim-
itations of existing approaches and proposed several
future directions.

Zhao SC et al. (2020) discussed various multi-
source DA methods and summarized available
datasets for evaluation. They compared the recent
multi-source DA methods in the deep learning area,
including intermediate domain generation and la-
tent space transformation. Finally, they provided
some research directions for the future. Madadi
et al. (2020) reviewed DA techniques for classi-
fication tasks in computer vision and categorized
the proposed unsupervised DA approaches into five
classes (representation, reconstruction, adversarial,
discrepancy, and attention-based).

Chu and Wang (2020) presented a thorough
review of state-of-the-art DA approaches for ma-
chine translation. They categorized methods se-
lected into two key groups, i.e., model-centric and
data-centric. In the model-centric group, neu-
ral machine translation models are specialized for

DA, from a training objective-centric, architecture-
centric, or decoding-centric perspective. The data-
centric group is more concerned with the data being
used instead of domain-specific models. Data can be
in-domain monolingual corpora, synthetic corpora,
or parallel corpora.

Saunders (2022) presented a taxonomy of DA
schemes corresponding to developing a neural ma-
chine translation system. The author made a dis-
tinction between DA and multi-DA, especially when
the language domain of interest is not fixed or known,
and focused on the twin problems of forgetting and
overfitting applied to the existing methods. The
strengths of DA framing for other lines of machine
translation research have also been emphasized.

Guan and Liu (2022) discussed the DA tech-
niques and challenges associated with medical image
examination and summarized the existing methods
in a systematic manner according to their character-
istics. The methods were categorized into two main
groups, i.e., shallow models and deep models. Then,
each group was subdivided into three classes, i.e.,
supervised, semi-supervised, and unsupervised.

3 Domain adaptation in the context of
reinforcement learning

3.1 Domain adaptation

Most machine learning models assume that the
test and training samples originate from equal dis-
tributions. However, there are numerous instances
where the distributions of training and test data dif-
fer. In this study we concentrate on cases where a
model is trained across multiple domains and applied
to a different but related domain. Learning in this
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manner is defined as DA, which is fundamental to
machine learning (Gardner et al., 2020). Over the
last decade, DA has gained widespread research at-
tention as a perennial problem in various realistic
scenarios, including email filtering (Ge et al., 2013),
sentiment analysis (Fang et al., 2014), NLP (Jiang
and Zhai, 2007), and computer vision. DA is a subset
of TL in which labeled input from related domains is
used to perform target-domain tasks. The purpose of
DA methods is to handle the domain shift or the dis-
tribution change (Fig. 1). The risk associated with
the target, denoted as εt(f) = E(x,y)∼q[f(x) �= y],
can be mitigated by leveraging the supervised data
from the source domain. In most works on do-
main adaptation, the source domain is denoted as
DS = {xs

i, y
s
i}ns

i=1 consisting of ns labeled samples,
where ysi represents the ground truth of the source
data. Also, there is a target domain DT = {xt

j}nt

j=1

with nt samples. Both DS and DT share the same
label space, i.e., y ∈ {0, 1, . . . ,M − 1}, where M

denotes the number of classes. In the context of un-
supervised domain adaptation (UDA), the marginal
distributions of the two domains are not identical,
i.e., P (xs) �= Q(xt) (Wei et al., 2021).

Before adaptation After adaptation

Source: Target:

Fig. 1 Schematic of the domain adaptation process
(References to color refer to the online version of this
figure)

Because of unlabeled training samples and a sta-
tistical difference between supervised and unsuper-
vised data, DA extends the semi-supervised learn-
ing problem. DA tasks can be carried out solely
with source-domain data or with some target-domain
samples. Furthermore, training can be accomplished
by using only samples labeled in the source domain,
thereby preventing the need for adaptation during
training (Zhang H et al., 2022).

RL explores how agents make choices in a given
environment to optimize their rewards. The envi-
ronment is often represented as a Markov decision
process (MDP) defined by the tuple (S,A, T,R), in
which S represents the set of possible states, A repre-
sents the set of possible actions, T indicates the tran-
sition function, and R stands for the reward function.
At each time step t in the MDP, the agent takes an
action in the environment depending on the current
state st. The agent then receives a reward rt+1 and
transitions it to the next state st+1. The agent’s
goal is to create a policy π(s) that chooses actions
to maximize the sum of future rewards discounted
by a factor γ, a value between 0 and 1. In the con-
text of RL, DA entails establishing source and target
domains, referred to as DS and DT, respectively.
Each domain is associated with an MDP, defined by
the tuple (S,A, T,R). The MDPs in the source and
target domains are denoted by (SS, AS, TS, RS) and
(ST, AT, TT, RT), respectively. Although the source
and target domains may have distinct state spaces
S, it is important for their action spaces A to stay
the same. Additionally, their transition functions
T and reward functions R should show similarity
due to shared internal dynamics. More precisely,
the emphasis is on the transfer of policies when the
source policy (TS) is approximately equal to the tar-
get policy (TT), the source resources (RS) are ap-
proximately equal to the target resources (RT), the
source actors (AS) are equal to the target actors
(AT), but the source strategy (SS) is not equal to
the target strategy (ST).

Autonomous driving may be used as an example
to demonstrate how different weather conditions cor-
relate to different domains. For example, the source
domain may correspond to driving under clear skies,
whereas the target domain relates to driving in wet
conditions. While the visual observations in the sta-
tus space S may vary depending on weather con-
ditions, the action space A, which includes throttle
and steering, stays constant. The resemblance be-
tween the transition function T and reward function
R is crucial since both domains rely on traffic cir-
cumstances and driving control to determine state
transitions. Additionally, the movement of the vehi-
cle plays a significant role in determining the reward
function for both domains.

Within an unsupervised situation, we are deal-
ing with partial domain adaptation. In this



1450 Farhadi et al. / Front Inform Technol Electron Eng 2024 25(11):1446-1465

context, we have a labeled source domain Ds ={
(xs

i , y
s
i)
∣∣Ns

i=1

}
, which is sampled independently and

identically from the source distribution p(x), where
ysi belongs to the set Ys. At the same time, there is
an unmarked target domain Dt =

{
xt
j

∣∣Nt

j=1

}
that is

randomly picked from the target distribution q(x).
In this context, Ns and Nt denote the numbers of oc-
currences in the source and target domains, respec-
tively. The target class label space Yt is a subset of
the source class label space Ys, denoted as Yt ⊂ Ys.
The classes in Ys that are absent in Yt are termed
outlier classes, while those present in both Ys and
Yt are referred to as shared classes. Crucially, the
data distributions of the source and target domains
are different, shown as p(x) �= q(x). The domain
adversarial RL architecture (Fig. 2) seeks to choose
source instances that have class labels ysi ∈ yt. Con-
sequently, it aims to acquire transferable character-
istics from the selected source examples and target
instances inside the same label space Yt. This section
categorizes the current studies on DA in the context
of RL.

By examining 17 research studies in this area, a
clear trend in DA development could be discerned.
For this purpose, the innovations, merits, limita-
tions, and distinctions of the proposed strategies are
discussed. The approaches selected are classified
based on different application domains. The most
important qualitative parameters and requirements
for a DA method are defined below:

1. Performance: it provides insights into the ef-
fectiveness of the approach (Zhao N et al., 2024).

2. Optimizability: the method is simple to train
and needs little tuning of hyperparameters (Mou
et al., 2023).

3. Data dependency: the method is trainable

using small datasets (Liu Q et al., 2021).
4. Data scalability: the method is appropriate

for large and complicated datasets with a wide range
of data (Saeed et al., 2022).

5. Task scalability: the method is applicable for
solving complex tasks such as object detection and
semantic segmentation (Guo et al., 2024).

6. Efficiency: this highlights the computation
cost of training and evaluating data adaptation
methods (Li X et al., 2021).

3.2 Reinforcement learning and dialogue
systems

RL is pivotal in developing NLP applications,
particularly in dialogue systems. In this context,
RL is the driving force behind agent-based conver-
sations, allowing intelligent systems to learn opti-
mal decision-making strategies through user interac-
tion. These dialogue agents use RL algorithms to
navigate the vast space of possible responses, select-
ing actions that maximize cumulative rewards while
engaging in conversations. RL-based dialogue sys-
tems have shown promise in various domains, from
virtual assistants and customer service chatbots to
language tutoring platforms. By continuously learn-
ing and adapting their responses, RL-driven dialogue
systems aim to provide more natural, context-aware,
and effective interactions, ultimately enhancing user
experiences in human–computer conversations.

3.2.1 Sample-efficient neural network methods

Su et al. (2017) introduced two sample-efficient
neural network methods for accelerating dialogue
policy optimization. These methods were designed
to enhance the efficiency of learning in dialogue
systems.
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at time t
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…
Domain adversarial
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       loss
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Fig. 2 Domain adversarial reinforcement learning (RL) architecture
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The first method is trust area based learning
step adjustment. This method relies on the trust
area concept to control learning step size and prevent
drastic model change. It aims to maintain model
stability during learning. However, it may lead to
slower learning progress due to its cautious nature.

The second method is natural gradients for
rapid convergence. This method uses natural gradi-
ents to identify the optimal direction for fast conver-
gence. It enhances sample efficiency by quickly con-
verging to solutions. However, it may be less stable
and prone to getting stuck in suboptimal solutions.

Both methods leverage off-policy learning and
experience replay to improve sample efficiency.
Nonetheless, their neural network architectures may
struggle to handle uncertainty, particularly in noisy
environments, compared to alternatives like Gaus-
sian processes reinforcement learning (GPRL) (Gašić
and Young, 2014). Overall, the proposed methods of-
fer a practical way of learning dialogue policies based
on deep RL and demonstrate their efficiency in task-
oriented information seeking. However, there is room
for improvement in handling uncertainty and noisy
environments.

Modular spoken dialogue systems can benefit
from the proposed framework, which focuses on the
dialogue management component. The model takes
the belief state b as input, representing a distri-
bution over the possible user intents and the dia-
logue history. The primary objective of the model
is to select the system action a at each turn, which
can maximize the cumulative reward and lead to a
successful dialogue outcome. The system action is
then transformed into a semantic-level system reply,
which is subsequently passed to the natural language
generator for output to the user. The semantic re-
ply comprises three components: the response in-
tent (e.g., inform), the relevant slots to be discussed
(e.g., area), and a corresponding value for each slot
(e.g., east). To ensure tractability, the policy re-
stricts the selection of action a from a limited action
set, which identifies the intent and sometimes a slot.
Any additional information required to complete the
reply is extracted from the tracked belief state using
heuristics.

3.2.2 Generative domain-adaptive nets (GDANs)

Yang ZL et al. (2017) investigated the issue of
semi-supervised question answering. They devel-

oped a new neural framework, GDANs, to better
use unlabeled text. The proposed framework can be
summarized as follows:

1. Answer chunk extraction. Possible answer
chunks are extracted from unlabeled text using lin-
guistic tags.

2. Question generation. A sequence-to-sequence
model generates questions based on answer chunks
and their contexts.

3. Discriminative model training. Model-
generated and human-generated question–answer
pairs are merged to train a discriminative model.
However, the data distribution produced by the
model may differ from human-supplied data, lead-
ing to suboptimal models.

To solve this problem, Yang M et al. (2018)
proposed two DA methods that consider the data
distribution generated by the model as a distinct do-
main. First, an additional domain tag was used to
denote whether a model or a human being produces
a question–answer pair. They conditioned the dis-
criminative model using the domain tags to train it to
factor out domain-specific and domain-invariant rep-
resentations. In addition, they used the RL method
to fine-tune the generative model in an adversarial
manner to diminish the loss of the discriminative
model. Moreover, they provided a straightforward
and efficient baseline technique for semi-supervised
question answering. The baseline technique per-
forms worse than the proposed GDANs strategy, but
it is very simple to apply and can still lead to sig-
nificant improvements when only restricted labeled
data are available. The authors tested their innova-
tion on the SQuAD dataset with different labeling
rates and amounts of unlabeled data. Their findings
indicated that the proposed GDANs framework sig-
nificantly outperforms both the supervised learning
setting and baseline techniques like adversarial DA
and dual learning.

3.2.3 Deep Q-learning for semi-supervised domain
adaptation

Patel Y et al. (2018) used deep Q-learning to
tackle the issue of semi-supervised DA of classifica-
tion algorithms. The central idea was to use a source
domain network’s prediction on target-domain data
as noisy labels and train a sampling strategy that
maximizes classification accuracy on a small, an-
notated reward partition of the target domain. In
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contrast to recent related techniques, the authors
used fixed representations for both the source- and
target-domain samples, limiting the performance of
the suggested approach. To address this issue, they
included a labeler in the Q-agent to be tuned in con-
junction with the existing sampler to achieve better
representations and fewer noisy labels for the tar-
get domain. Another strategy was to learn sam-
pling policies from the representations generated by
unsupervised DA using current feature alignment
methods.

3.2.4 Skill-based transfer learning in continuous re-
inforcement learning

Shoeleh and Asadpour (2020) presented a new
skill-based TL method that applies DA to contin-
uous RL problems. The suggested method obtains
high-level skills from the source task and then uses
a DA strategy to assist the agent in discovering the
mapping between states and actions as a link be-
tween the source and target tasks. Source skills can
be adapted, and learning on a new target task can be
accelerated by using such mapping. The suggested
method consists of three main stages:

1. Source task learning. Abstract skills are de-
rived from the source task using a graph-based skill
learning framework.

2. Domain adaptation. A three-dimensional
(3D) mapping between the source and target task’s
state–action spaces is established using DA tech-
niques to reduce distribution differences.

3. State–action mapping. State–action mapping
across tasks is established to integrate skills with
associated value functions into the target task.

Two approaches are presented for state–action
mapping, using multi-layer perceptrons for explicit
mapping discovery and using Q-values for offline
learning of the value function of target skills. Experi-
ments demonstrated the method’s ability to transfer
abstract skills and enhance performance in target
tasks through knowledge transfer.

3.3 Data valuation in machine learning and
domain adaptation

Data valuation in machine learning and DA are
closely interconnected fields that underscore the im-
portance of data quality and relevance. In machine
learning, understanding the value of data is pivotal

for model training and decision-making. It involves
assessing the impact of data on model performance,
allowing organizations to prioritize data collection
and curation efforts effectively (Bolhassani and Ok-
suz, 2021). On the other hand, DA deals with trans-
ferring knowledge from one domain to another, often
with variations in data distribution. Here, data val-
uation plays a critical role in identifying which data
from the source domain are most valuable for adap-
tation to the target domain. By combining these
two concepts, organizations can optimize their data-
driven strategies, ensuring that valuable data are
leveraged for DA processes. This ultimately leads
to more robust and accurate models in varying real-
world scenarios. This synergy between data valua-
tion and DA is essential for building adaptable, high-
performance machine learning systems.

As depicted in Fig. 3, a neural network is used to
estimate the value of data. By using data valuation
in DA, it becomes possible to detect outlier and noise
data that may lead to domain shift.

3.3.1 Data valuation using RL

Yoon et al. (2020) introduced data valuation
using RL (DVRL) as a novel approach to learning
data values in conjunction with predictive models,
adapting to the task. DVRL leverages two learnable
functions:

1. Target task predictor model. This model is
trained on training data to minimize the weighted
loss function.

2. The data value estimator (DVE) model. DVE
plays a crucial role in DVRL by calculating the like-
lihood of each data point being used for training the
prediction model. DVE is trained using a reinforce-
ment signal that reflects performance on the target
task.

DVRL’s distinct advantage lies in its scalabil-
ity. It has been shown to work efficiently on large-
scale datasets like WideResNet-28-10, ResNet-32,
and CIFAR-100. Evidence shows that DVRL outper-
forms existing techniques for estimating data values
across diverse datasets and application scenarios.

3.3.2 Semi-supervised domain adaptation with se-
lective pseudo-labeling

Liu BY et al. (2020) designed a technique
for semi-supervised DA based on RL and selective
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Class 1 Class 1

Source samples

Target samples

Data value
estimator

Cross-
domain

classifier

Class 2 Class 2

Source domain Target domain

Fig. 3 Data valuation in domain adaptation (References to color refer to the online version of this figure)

pseudo-labeling. Traditional pseudo-labeling meth-
ods often struggle to balance the correctness and rep-
resentativeness of pseudo-labeled data. To address
this challenge, the authors introduced the following
components:

1. Deep Q-learning model. This model is de-
signed to select pseudo-labeled instances accurately
and representatively. It leverages RL principles to
make informed choices in pseudo-labeling, enhanc-
ing the quality of the labeled data.

2. Target margin loss. The authors proposed a
new target margin loss during training to improve
the base model’s discriminative power. This loss
function encourages the model to acquire discrimi-
native features even with the minimum labeled data.

The suggested approach outperforms previ-
ous methods in various benchmark datasets for
semi-supervised DA, showcasing its effectiveness in
leveraging unlabeled data while maintaining model
accuracy.

3.4 Sim2real transfer

Sim2real transfer is a pivotal concept in robotics
and AI. It represents an attempt to bridge the gap
between simulated environments and the complexi-
ties of the real world. In sim2real transfer, models
and algorithms trained in simulated environments
are adapted and fine-tuned for deployment in real-
world scenarios. This process involves addressing
challenges such as the reality gap, where the vir-
tual world does not perfectly mimic real-world con-
ditions. Achieving successful sim2real transfer en-
sures that AI systems, particularly robots, can func-
tion effectively in unpredictable and dynamic envi-
ronments, such as factory floors or disaster response

situations, or when used in autonomous vehicles.
Sim2real transfer leverages the benefits of controlled,
cost-effective simulations for initial training while ac-
knowledging the need for adaptation to handle real-
world nuances and uncertainties. It represents a crit-
ical step toward realizing the full potential of AI and
robotics in practical applications.

3.4.1 Cross-modal domain adaptation with sequen-
tial structure (CODAS)

Chen HX et al. (2021) introduced CODAS, a
novel technique that addresses the sim2real chal-
lenge. The primary goal is to learn a mapping func-
tion that bridges images in the target domain with
states in the source domain. This learned mapping
function enables policies trained on states in the
source domain to be directly applied in the target
domain, which consists of images. Key contributions
of CODAS include:

1. Sequential variational inference problem.
CODAS formulates the problem as a sequential vari-
ational inference challenge, capitalizing on the se-
quential nature of RL problems.

2. Optimization objectives. A set of practical
optimization objectives is developed in CODAS to
facilitate the mapping process. These objectives are
designed to adapt policies across domains effectively.
CODAS differs from previous approaches that rely
on image input to learn state embeddings. Instead,
it focuses on mapping images to specific subspaces
within a low-dimensional vector space.

3.4.2 Bi-directional domain adaptation

Truong et al. (2021) introduced a bi-directional
DA strategy that leverages simulated and real-world
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data to expedite learning and enhance the general-
ization of RL policies. To mitigate visual and dy-
namic domain gaps, they used DA techniques in two
directions:

1. Real2sim. In this direction, the aim is to re-
duce domain differences between real-world and sim-
ulated data. Image translation techniques, specifi-
cally CycleGAN, transfer images from the real envi-
ronment to the simulator. This approach effectively
bridges visual domain gaps.

2. Sim2real. In the opposite direction, sim2real
adaptation is used to learn residual errors in dynam-
ics from simulation and apply them to the real world.
CycleGAN, with a cycle-consistency loss function us-
ing unpaired images, is instrumental in achieving this
goal.

The real2sim strategy, in particular, outper-
forms sim2real for visual DA. This approach sepa-
rates the sensor adaptation module from RL policy
training, reducing additional bottlenecks in the RL
policy learning process. The authors focused mainly
on enabling efficient sim2real transfer for point goal
navigation. In this scenario, a robot was placed in
an unfamiliar environment and tasked with navigat-
ing to a specified destination using only egocentric
RGB-D observations within a limited time frame.

3.5 Visual control and robotics

Visual control is a fundamental aspect of
robotics, enabling machines to interact with and
navigate the physical world based on graphical sen-
sory input. In robotics, visual control systems rely
on cameras or other vision sensors to perceive their
surroundings, interpret visual data, and make de-
cisions or take actions accordingly. This technol-
ogy is pivotal in various robotic applications, such
as autonomous vehicles, industrial automation, and
household robots. Visual control allows robots to
perform tasks with exceptional precision, such as
object recognition, obstacle avoidance, path plan-
ning, and fine-grained manipulation. It empowers
robots to adapt to dynamic environments, respond
to changing conditions, and collaborate with humans
more effectively. As visual control systems continue
to advance, robotics is poised to make even greater
strides in enhancing efficiency, safety, and autonomy
across various industries and everyday life.

3.5.1 Addressing the reality gap through image do-
main conversion

Zhang JW et al. (2019) introduced an innova-
tive strategy to tackle the reality gap. Rather than
attempting to enhance the visual quality of synthetic
images generated by simulators during training, their
approach concentrates on converting real-world im-
age streams back into the synthetic domain during
deployment, creating a seamless integration between
simulated and real-world domains. Key features of
this approach include:

1. Efficiency and flexibility. This technique of-
fers an efficient, flexible, and lightweight solution for
visual control, eliminating the need for additional
transfer steps during the costly RL agent training
phase in the simulation.

2. Environment independence. Trained RL
agents are not limited to deployment in a specific
real-world environment. The separation of policy
training and transfer processes allows for concurrent
execution.

3. Shift loss for consistency. The authors intro-
duced a simple yet effective shift loss that operates
independently of downstream tasks. This loss en-
forces consistency across consecutive frames, ensur-
ing stable policy output. It is particularly valuable
for tasks like artistic style transmission in videos and
DA.

The proposed visual control method was rigor-
ously validated through indoor and outdoor robotics
tests, affirming its practicality and effectiveness.

3.5.2 Unsupervised domain adaptation for visual
navigation

While significant progress has been made in
learning-based navigation strategies within simu-
lated environments, the real-world implementation
of these policies presents a practical challenge. Li
SD et al. (2020) developed an approach for visual
navigation based on unsupervised DA to bridge this
gap. Key aspects of their technique include:

1. Consistent domain transformation. The
strategy involves transforming images from the tar-
get domain to the source domain in a consistent man-
ner, aligning with the representations learned by the
navigation policy.

2. Transfer performance. Experimental re-
sults demonstrated that this approach outperforms
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baseline methods in transferring navigation policies
across various tasks. These transfers were evaluated
between two simulation domains and from simula-
tion to the real world.

These methods mark significant advancements
in overcoming the reality gap, enabling RL policies
developed in simulations to operate effectively in the
real-world settings, particularly visual control and
navigation.

3.6 Text and language processing

Text and language processing is a transforma-
tive field of AI that focuses on understanding and
manipulating human language. It encompasses a
wide range of applications, from natural language
understanding and sentiment analysis to machine
translation and chatbots. Text and language pro-
cessing systems use NLP and machine learning to
extract valuable insights from textual data, enabling
automated language understanding and generation.
These technologies have revolutionized how we inter-
act with computers, making machines able to com-
prehend, generate, and respond to human language
meaningfully. As textual data grow exponentially in
the digital age, text and language processing plays
an increasingly crucial role in information retrieval,
content summarization, and even medical diagnosis.
It promises to shape the future of human–computer
interaction and information management, making it
a vital area of research and development in AI.

3.6.1 Personalized response generation model with
dual learning

Yang M et al. (2018) proposed a personalized re-
sponse generation model that combines dual learning
and DA theories. The method uses a dual learning
mechanism to capture human response styles from
generic data and fine-tunes the model using a smaller
dataset for personalized conversations. Key features
of this approach include:

1. Simultaneous optimization. Dual learning en-
ables the concurrent optimization of both response
generation and post-generation models, recognizing
their interdependence and providing performance
benefits, especially in cross-domain scenarios.

2. Efficient target-domain data usage. The ap-
proach efficiently harnesses target-domain data, en-
hancing model customization.

3. Reward-based optimization. Four rewards
are introduced to evaluate response quality, and pol-
icy gradient techniques are used to generate highly
rewarded responses. This approach combines the
power of seq2seq models for semantic understand-
ing with RL capabilities to optimize for superior
responses.

Extensive testing on real-world datasets showed
that the proposed model surpasses previous tech-
niques in generating customized responses for di-
verse users. It also outperforms state-of-the-art con-
versational systems in terms of bilingual evaluation
understudy (BLEU) scores, perplexity, and human
assessments.

3.6.2 Self-supervised domain adaptation for robot
manipulation

Jeong et al. (2020) introduced a self-supervised
DA approach that leverages unlabeled real robot
data to enhance sim2real transfer learning for cube
stacking tasks. Key components of this approach
include:

1. Contrastive forward dynamics (CFD). It com-
bines dynamic model learning with time-contrastive
strategies to use the structure in unlabeled robot
data for DA effectively. Results indicated that us-
ing the CFD objective for adaptation outperforms
other methods, such as domain randomization and
adversarial techniques.

2. Enhancing visual layers. Successful sim2real
transfer for robotic manipulation involves improving
the initial visual layers of the policy network while
optimizing RL.

3. Sequence-based self-supervised loss. It yields
the best DA results for manipulation tasks by ex-
ploiting the dynamic nature of the robotic system.

3.6.3 Reinforcement learning based data selection
and representation

Liu MF et al. (2019) presented an RL framework
for data selection and representation learning. Key
features of this approach include:

1. Selection distribution generator (SDG). It
conducts data selection and is updated based on
rewards from the chosen data instances. A predic-
tor within the framework ensures that a task-specific
model can be trained on the selected data and pro-
vides feedback for reward computation.
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2. Efficiency and generalizability. Experimen-
tal results across various NLP tasks, including sen-
timent analysis, dependency parsing, and part-of-
speech tagging, demonstrated the efficiency of data
selection and representation learning. The approach
shows generalizability across different NLP tasks.

3.6.4 Domain adaptation with source instance
selection

Chen J et al. (2022) proposed a DA tech-
nique that automatically selects source instances in
shared classes to avoid negative transfer and mini-
mize domain shift. Key components of this approach
include:

1. Deep Q-learning. It is used to learn policies
for selecting source instances by approximating the
action–value function.

2. Adversarial domain learning. The agent
learns domain-invariant characteristics of selected
source and target instances and determines rewards
based on the relevance of the chosen source instances
to the target domain.

These methods represent significant advance-
ments in personalized response generation, self-
supervised DA, data selection, and transferable fea-
ture learning, contributing to machine learning and
NLP.

3.7 Representation learning and disentangled
representations

Representation learning is fundamental in AI
and machine learning, emphasizing extracting mean-
ingful and abstract features from raw data. It re-
volves around learning a suitable data representation
that can facilitate various downstream tasks, such
as classification, clustering, and generative model-
ing (Monjezi et al., 2023). Disentangled represen-
tations, a specific branch of representation learning,
take this idea further by aiming to tease apart the un-
derlying factors of variation in data. In other words,
they strive to represent data in a way that sepa-
rates independent and interpretable factors, like ob-
ject identity, pose, or lighting conditions. Disentan-
gled representations have gained significant atten-
tion due to their potential to enhance model under-
standing, generalization, and transferability. They
find applications in diverse fields, from computer vi-
sion to NLP, where the ability to separate mean-

ingful factors can lead to more robust and control-
lable AI systems. Pursuing disentangled representa-
tions remains a prominent research direction, offer-
ing promising prospects for advancing machine learn-
ing and AI capabilities.

3.7.1 Disentangled representation learning agent
(DARLA)

Higgins et al. (2017) introduced DARLA, a
multi-stage RL agent that excels in DA scenarios,
outperforming various baselines. DARLA’s vision is
centered on acquiring a disentangled understanding
of the observed environment, enabling it to capture
shared representations between source and target do-
mains without relying on target-domain data. The
DARLA approach consists of three key steps:

1. Learning to see. In the initial phase, DARLA
learns to perceive the environment, breaking it down
into fundamental visual concepts such as objects,
positions, colors, and more, creating a disentangled
visual representation.

2. Learning to act. In the second step, the agent
builds a robust source policy using the disentangled
visual representation.

3. Transfer. Armed with the DARLA source
policy, the agent exhibits enhanced adaptability to
domain shifts, significantly reducing performance
degradation in the target domain.

DARLA’s innovative approach to disentangled
representation learning contributes to its superior
performance in DA scenarios, setting it apart from
traditional methods relying on target-domain data.

3.7.2 Adversarial initialization and domain
adaptation

Carr et al. (2019) devised an algorithm for ini-
tializing hidden feature representations in the target
task. Their DA method facilitates the transfer of
state representations across domains, tasks, and ac-
tion spaces. The key components of their approach
include:

1. Adversarial DA. The authors used adversar-
ial DA concepts, coupled with an adversarial autoen-
coder architecture, to match the representation space
of new policies with a pre-trained source policy using
target task data generated by a random policy.

2. Initialization enhancement. The initialization
phase significantly enhances the process of learning
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a new RL task, emphasizing the broad applicabil-
ity of adversarial adaptation techniques in improving
transfer learning.

These methods represent significant advance-
ments in DA for RL scenarios, offering efficient and
effective approaches to bridging domain gaps and fa-
cilitating knowledge transfer across diverse environ-
ments and tasks.

3.8 Semantic representation learning

Semantic representation learning is a critical
area of study within AI and NLP that focuses on
capturing the meaning of words, phrases, or entire
sentences in a way that machines can understand
and manipulate. At its core, it seeks to bridge the
gap between the rich, nuanced semantics of human
language and the numerical representations required
for computational tasks (Khodayari et al., 2019).

Techniques in semantic representation learn-
ing include word embeddings, sentence embeddings,
and contextual embeddings like bidirectional en-
coder representations from Transformers (BERTs)
and generative pre-training Transformers (GPTs).
These methods enable machines to recognize words
and sentences and understand their relationships,
contexts, and associations. Semantic representa-
tion learning has revolutionized various NLP appli-
cations, including sentiment analysis, machine trans-
lation, and question–answering systems, making it a
foundational pillar of modern AI that continues to
advance our ability to process and generate human
language (Bagheri, 2021).

3.8.1 Critical semantic-consistent learning model

Existing unsupervised DA techniques over-
look that not all semantic representations are
transferrable between domains. Therefore, non-
transferable knowledge severely impedes domain-
wise transfer. Also, due to class-agnostic feature
alignment, these approaches fail to limit category-
wise distribution shifts. To resolve these con-
cerns, Dong et al. (2020) introduced a novel critical
semantic-consistent learning model that minimizes
the difference between category-wise and domain-
wise distributions. Key components of their ap-
proach include:

1. Critical semantic-consistent learning. Exist-
ing unsupervised DA techniques often overlook that

not all semantic representations are readily trans-
ferable between domains. To address this limita-
tion, the critical semantic-consistent learning model
was introduced. It aims to minimize the differ-
ences between category-wise and domain-wise distri-
butions, effectively aligning semantic representations
in a more domain-aware manner.

2. Transfer-based adversarial paradigm. The
authors proposed a transfer-based adversarial
paradigm that emphasizes the transferability of
domain-specific knowledge while disregarding non-
transferable knowledge. Despite the possibility of
negative transfer due to non-transferable knowledge,
the approach leverages a transferability-quantizer to
maximize positive transfer gains under RL settings.

3. Symmetric soft divergence loss. A symmet-
ric soft divergence loss was introduced to explore
inter-class connections and facilitate category-wise
distribution alignment. This loss mechanism uses a
confidence-guided pseudo-label generator for target
samples, enhancing the alignment of category-wise
distributions.

This innovative approach aims to enhance un-
supervised DA techniques by considering the selec-
tive transfer of knowledge, improving domain-wise
transfer, and mitigating negative transfer effects. By
addressing the challenge of non-transferable knowl-
edge and category-wise distribution shifts, the pro-
posed model offers promising prospects for improved
DA.

4 Discussion

As previously mentioned, the existing DA meth-
ods applied to RL can be reviewed based on their dif-
ferent application domains. Here, we compare them
in detail with the aim of helping develop effective
schemes in this field by guiding the directions of fu-
ture studies. Table 2 summarizes the application cri-
teria, strengths, drawbacks, and resources consumed
of methods in each category. Table 3 presents a
comparison of the methods based on important DA
metrics. The comparisons of the main characteristics
of the discussed DA methods, including the applica-
tion, experimental platform, dataset, function, and
algorithm used by each method are detailed in Ta-
ble S1 in the supplementary materials. Overall, the
following information can be presented regarding DA
techniques:
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Table 2 An overview of supervised, semi-supervised, and unsupervised learning

Category Application criteria
Strengths and drawbacks of

Resource consumption
the application

Supervised It is useful only when Its accuracy can be confirmed Significant time consumption,
training set labels effectively, but it is challenging high memory use, label cost,
are provided. to realize new knowledge. and CPU requirements.

Semi-supervised The use of a supervised It is a kind of compromise Human intervention could
learning algorithm is not algorithm that is capable of consume more resources and
effective when labels are slightly validating the analytical time compared to supervised
not available. If two results and discovering some learning, depending on the
criteria are fulfilled, it is new knowledge. methods.
preferable to use semi-
supervised learning, in
which unlabeled data
outnumber the labeled data.

Unsupervised It operates without labels on It can discover more new knowledge, No additional time or resources
simple or small datasets but it is not easy to verify its are needed during the analysis.
but rapidly and without accuracy effectively.
previous training.

Table 3 A side-by-side comparison of domain adaptation (DA) approaches

Category Reference Performance Optimizability
Data Data Task

Efficiency
dependency scalability scalability

Supervised Su et al. (2017) � � � �
Liu MF et al. (2019) � � � � �
Yoon et al. (2020) � � � � � �

Semi-supervised Yang ZL et al. (2017) � � �
Patel VM et al. (2015) � � �
Shoeleh and Asadpour (2020) � � �
Liu BY et al. (2020) � � �
Truong et al. (2021) � � � �

Unsupervised Higgins et al. (2017) � �
Carr et al. (2019) � �
Yang M et al. (2018) � � �
Jeong et al. (2020) � �
Chen HX et al. (2021) � �
Zhang H et al. (2022) � � �
Zhang JW et al. (2019) � � �
Dong et al. (2020) � � � �
Li SD et al. (2020) � �

1. The datasets used to assess designed algo-
rithms and approaches;

2. Experimental platforms and simulators ap-
plied to implement and investigate the suggested
approaches;

3. Evaluation factors considered to assess the
performance of approaches;

4. Different algorithms and functions used in
designing the approaches.

In supervised learning, the system first learns
from previously labeled data to generate an algo-
rithmic model. Then, it uses the model to infer and
make decisions (e.g., rate, score, modify learning sup-

ply for students, or give feedback). We investigate
three related works (Su et al., 2017; Yoon et al.,
2020; Chen HX et al., 2021) that used the super-
vised method for DA in the context of RL. This type
of learning involves more human efforts than other
techniques because the training data are typically
labeled (e.g., scored/classified) by humans, which is
time-consuming. The system uses the labeled data
to obtain a collection of characteristics, which are
then used to produce the algorithm. These charac-
teristics are generally shared by the training and test
data, thereby enabling the algorithm created on the
basis of the training data to subsequently assess the
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test data.
Semi-supervised machine learning describes a

situation in which a portion of the training data are
labeled and can be used to examine the structure of
the input data or detect patterns in the unlabeled
data. This approach has significant potential for en-
hancing the accuracy of the unsupervised approach
while minimizing the burden of time and expense
associated with data preparation for the supervised
method.

Unsupervised machine learning is another effec-
tive strategy for establishing automaticity in scien-
tific evaluation. Unlike supervised machine learning,
this type of learning requires no training with labeled
data and therefore it reduces the amount of human
effort. The machine is assumed to recognize the la-
tent structure, distribution, or patterns existing in
the dataset based on similarities and variations in
the characteristics of individual instances in design-
ing an algorithm. The generated algorithm can eval-
uate the test data when the training and test data
originate from the same sample and share a latent
structure or pattern. So, unsupervised learning here
means that the system attempts to determine pat-
terns in the training data without external labels.

4.1 Adopted algorithms and functions

To develop the algorithm, researchers must first
select and modify the algorithms. Depending on the
particular aim and circumstances, some algorithms
may perform better than others (e.g., training data
and sample size). More than 10 algorithms were used
in the reviewed studies to develop DA approaches
(Table S1). The platforms or programs used to de-
sign and implement the algorithms are also essential
for attaining automation. The intended functions of
the programs, their availability, and the amount of
human input needed to use them are the main differ-
ences among the programs. According to the exper-
imental platform column in Table S1 and as spec-
ified in Fig. 4, researchers have implemented their
innovations in different environments like Python,
MuJoCo, Habitat, FCN-8s, Gazebo, and ALE. As
indicated in the function column in Table S1, differ-
ent functions have been used to design DA methods,
including prediction, mapping, auto encoding, and
sequence-to-sequence (Fig. 5). Among the existing
functions, it is clear that the prediction function used
in 53% of cases was the most often applied.

4.2 Application scenarios and datasets

The discussed DA methods address different
application tasks such as dialogue management,
robotic grasping, question–answering, visual recog-
nition, Atari games, NLP, and visual navigation.

1. Dialogue management. Speech-based
human–computer interaction needs to solve many is-
sues to acquire widespread acceptance. Controlling
the dialogue flow effectively and naturally is one of
the dialogue management challenges. In contrast to
human design, which is error-prone, labor-intensive,
and non-portable, automatic design brings about nu-
merous benefits. Automatic learning offers an ap-
pealing alternative to the more time-consuming and
costly learning dialogue strategies of real users (Liu
X et al., 2023a).

2. Robotic grasping. The objective of robotic
grasping is to determine the configurations of a robot
and its end-effector based on sensor data such that
its end-effector grasps a defined target. Many factors
affect robotic grasping, including the gripper mecha-
nism, object representation, and tasks (Liu X et al.,
2023b). So, it is more rational and persuasive that
the robot identifies the dataset by grasping the item
by itself.

3. Question–answering. The question–
answering system refers to the technology that en-
ables a computer to interpret user-input queries and
provide appropriate answers. The system retrieves
short-text extracts or phrases from a large number of
documents, including the answer itself, to answer any
question. To address this issue, a number of datasets
have been introduced related to open-domain textual
question answering, including Quasar-T (Dhingra
et al., 2017), TriviaQA (Joshi et al., 2017), SearchQA
(Dunn et al., 2017), and SQuAD-open (Chen DQ
et al., 2017). Table 4 provides details about these
datasets.

4. Visual recognition. It refers to the ability
to recognize and localize visual categories such as
gestures, actions, emotions, human expressions, at-
tributes, places, objects, and persons, as well as ob-
ject interactions and relations in videos or images
(Jannat et al., 2023). It plays a significant role
in establishing the fundamental knowledge needed
to build strategies for interacting with the environ-
ment and making decisions about possible actions
to achieve objectives. Since training and test data
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Habitat
6%FCN-8s

6%

Gazebo
6%

ALE
6%

Real lab environment
12%

Python
12% MuJoCo

17%

N/A
35%

Fig. 4 Experimental platforms and environments for the domain adaptation process

Sequence-to-sequence
6%

Auto encoding
12%

Mapping
29%

Prediction
53%

Fig. 5 Functions used to design domain adaptation methods

Table 4 Datasets used in question–answering

Dataset Feature Context source Question source Query form Answer form Granularity

Quasar-T Contain 4.3× 104 open-domain CluWeb09 Free database Free database Span Paragraph
trivia questions and answers level
derived from a variety of
online sources.

TriviaQA Contain 6.5× 105 triples of Wikipedia and Trivia websites Full question Span Document
context–question–answers Bing search level
divided into three domains: results
unfiltered, Wikipedia, and web.

SearchQA Comprise over 1.4× 105 Google search Jeopardy Phrase/ Span Paragraph
question–answering pairs, each results keyword level
containing 49.6 clips.

SQuAD-open The open-domain version of Wikipedia Crowd-sourced Full question Span Document
SQuAD. Only question– level
answering pairs are provided,
while evidence documents are
taken from Wikipedia.
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distributions often differ, it is essential to adapt the
DA to visual recognition problems.

5. Atari games. They are a typical benchmark
for state-of-the-art RL algorithms and to test expla-
nation approaches for such algorithms. The intrin-
sic mechanisms of Atari games vary immensely, so
it is difficult to find a single algorithm and hyper-
parameter setting for all games, regardless of their
video frame type.

6. NLP. This refers to a collection of methods
for making the human language accessible to com-
puters. NLP initially enables the interaction of AI
and human–computer. The main focus of NLP is
technology-driven machine translation and language
recognition and their incorporation into real-world
applications. The main related research areas in-
clude social media data and dialogue systems. Nev-
ertheless, it is difficult to train deep frames, and shal-
low learning approaches successfully used in the past
cannot be carried over to deep learning methods with
the same effectiveness.

7. Visual navigation. The application of visual
navigation in robotics plays a crucial role in perform-
ing various tasks, including manipulation, mobile
robotics, and automated driving. Visual navigation
involves moving toward specific objects or regions in
an environment, with the main challenge of gener-
alizing a scene not seen during the training because
the scene’s structure and the objects’ appearance are
unfamiliar.

5 Future directions

Existing DA techniques in the context of RL
have shown outstanding performance in various
fields. Nonetheless, the performance gap between
these techniques and the upper bound is still chal-
lenging. In this section we aim to provide some re-
search directions to help resolve the remaining prob-
lems. In this regard, more novel perspectives, appli-
cations, and practical settings of DA are presented.

Current DA techniques attempt to learn a
generic representation that can be shared between
different domains. However, discovering the knowl-
edge behind visual tasks has been neglected by most
researchers. It has been proven that humans have
superior range generalization capacity due to their
ability to acquire knowledge of underlying tasks and
predict outcomes in various domains. The learning

of common sense for DA, which can be used for mim-
icking the human ability to generalize domains, is an
interesting direction for future studies. Models can
be adapted more effectively through common sense.
Most DA studies have concentrated mainly on im-
proving target-domain performance without consid-
ering model robustness. Exploring the most effective
way to conduct DA while improving model robust-
ness in the domain of interest is another open issue
for research.

Nowadays, edge devices, such as security cam-
eras, autonomous cars, and mobile phones, play an
important role in various vision-based perception
models. They are typically deployed in a variety of
environments requiring extensive DA. Distinct net-
works need to be customized based on user-provided
personal data. It would be too costly to send all
of the user data to the server and train numerous
networks. On the other hand, training networks on
edge devices can reduce computational complexity
while maintaining privacy since the gathered data
remain local. However, even though edge devices
have restricted computation and power capacities,
most data adaptation approaches, including adver-
sarial generative models, require high-end graphics
processing units (GPUs). In this regard, some tech-
niques like software hardware co-design, neural ar-
chitecture search, pruning, and quantization can be
used for efficient on-device training. Using effective
deep learning methods to perform data adaptation
on edge devices is a useful and interesting research
topic.

Data produced by IoT devices bring new issues
for training machine learning models. Because of
the rising storage and computing capacity of these
devices, as well as data privacy issues, it becomes
more desirable to store data on independent devices
instead of storing them in centralized storage. Feder-
ated learning offers a privacy-preserving strategy for
leveraging decentralized resources to train machine
learning models. The basic principle underlying fed-
erated learning is that each node learns from locally
available data without sharing either the model pa-
rameters or the data. This approach can enhance the
efficiency and privacy of machine learning conducted
across distributed networks. On the other hand, re-
cent data adaptation techniques neglect the assump-
tion that data on each node are gathered in an in-
dependent and identically distributed way, resulting
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in domain shift among the nodes. Hence, models
trained by federated learning may still fail to adapt
to new devices. Therefore, developing DA methods
for federated learning is critical.

In most data adaptation methods, researchers
have used a predefined dataset for training the algo-
rithm, assuming that the data during the test phase
have the same pattern as that in the training phase,
but this is not always the case. Continuous learn-
ing and adaptation are required to ensure that the
network performs efficiently all of the time. The
network is, generally, supposed to be capable of con-
tinuously learning from empirical data, expanding
on prior knowledge and adapting to new domains.

The research findings indicate that most of the
techniques have concentrated on a single task with
only a single-modal input. Nevertheless, in several
contexts, multiple tasks must be performed on the
same data simultaneously. In terms of computation,
adapting each task individually might be redundant
since the networks for multiple models may operate
on the same collection of characteristics. Therefore,
focusing on adapting multiple tasks simultaneously
and effectively is recommended for upcoming studies.

6 Conclusions

The increase in the number of DA techniques
for solving continuous RL issues demonstrates their
perceived significance of this field. In this paper,
we have presented an in-depth assessment of recent
developments in the application of DA in the con-
text of RL. We classified studies into three classes
(supervised, semi-supervised, and unsupervised) and
discussed them, considering vital metrics like perfor-
mance, data dependency, optimizability, data scala-
bility, task scalability, and efficiency. In the process
of reviewing the methods, we determined the appli-
cations of each method, as well as the relevant ex-
perimental platforms used, datasets, functions, and
algorithms. Finally, we suggested some potential di-
rections for upcoming studies. We hope that this
survey will contribute to a comprehensive knowledge
of DA key principles and offer useful insights for fu-
ture research.
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