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Abstract
Recommender systems play a crucial role in helping users navigate the vast amount of information available
in the digital age. Traditional recommendation approaches, such as collaborative filtering and content-based
methods, often face challenges in dealing with dynamic user preferences, sparse feedback, and long-term user
engagement. Reinforcement learning has emerged as a promising framework to address these limitations
by formulating the recommendation problem as a sequential decision-making process and learning optimal
recommendation strategies through interactions with users. This survey provides a comprehensive overview of
the state-of-the-art research on reinforcement learning-based recommender systems. We review the foundations
of reinforcement learning in the context of recommendations, including the Markov decision process formulation,
and explore various reinforcement learning algorithms and architectures used in recommender systems, such
as model-free, model-based, policy gradient, and deep reinforcement learning methods. We also examine the
integration of reinforcement learning with other techniques, such as collaborative filtering, content-based methods,
knowledge graphs, and graph neural networks, to enhance the performance and capabilities of recommender
systems. Furthermore, we identify key challenges and future research directions in this field, including offline
reinforcement learning, scalability, explainability, robustness, evaluation metrics, and real-world applications.
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1. Introduction

1.1. Background on recommendation systems and their importance

Recommender systems have become an indispensable tool for helping users navigate the vast amount
of information available in the digital age. These systems are designed to provide personalized recom-
mendations by predicting user preferences and suggesting relevant items, such as products, services,
or content [1]. Recommender systems have been widely adopted in various domains, including e-
commerce [2], streaming services [3], social media [4], and even healthcare [5], due to their ability to
enhance user experience, increase user engagement, and drive business growth.

1.2. Limitations of traditional recommendation approaches

Traditional recommendation approaches, such as collaborative filtering [6, 7, 8] and content-based
filtering [1], have been extensively studied and applied in various recommender systems. However,
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these methods often face several limitations. First, they struggle with the cold-start problem [9], where
the system lacks sufficient information about new users or items to make accurate recommendations.
Second, traditional methods may not scale well to large datasets, as they require extensive computational
resources [10]. Finally, these approaches often fail to adapt to the dynamic nature of user preferences,
which can change over time [11].

1.3. Potential of reinforcement learning in recommendation systems

Reinforcement learning (RL) has emerged as a promising approach to address the limitations of tra-
ditional recommendation methods. RL is a type of machine learning that enables an agent to learn
optimal decision-making strategies through interactions with an environment [12]. By formulating the
recommendation problem as a Markov decision process (MDP) and using RL algorithms to optimize
the recommendation policy, recommender systems can effectively handle the sequential nature of user
interactions, optimize for long-term user engagement, and adapt to changing user preferences [13, 14].
Moreover, RL-based recommender systems have the potential to deal with sparse feedback and balance
exploration and exploitation, which are crucial for improving recommendation quality [15].

1.4. Research objectives and questions

The primary objective of this survey is to provide a comprehensive overview of the current state-of-the-
art in reinforcement learning-based recommender systems. We aim to address the following research
questions:

RQ1: What are the key advantages of using reinforcement learning in recommender systems compared
to traditional approaches?

RQ2: How can reinforcement learning be formulated and applied to the recommendation problem?
RQ3: What are the main reinforcement learning algorithms and architectures used in recommender

systems?
RQ4: How can reinforcement learning be integrated with other techniques, such as collaborative

filtering, content-based methods, and deep learning, to improve recommendation performance?
RQ5: What are the current challenges and future research directions in reinforcement learning-based

recommender systems?

1.5. Contributions and novelty of the survey

This survey makes the following contributions to the field of reinforcement learning-based recommender
systems:

• We provide a comprehensive and up-to-date review of the state-of-the-art in reinforcement
learning-based recommender systems, covering a wide range of approaches, algorithms, and
applications.

• We propose a novel taxonomy for categorizing and analyzing reinforcement learning-based rec-
ommender systems based on their problem formulation, algorithmic approaches, and integration
with other techniques.

• We identify key challenges and future research directions in the field, including offline reinforce-
ment learning, scalability, explainability, robustness, and evaluation metrics.

• We discuss real-world applications and case studies of reinforcement learning-based recommender
systems, highlighting their potential impact and practical considerations.

To the best of our knowledge, this is the first survey that extensively covers the integration of
reinforcement learning with other techniques, such as knowledge graphs and graph neural networks, in
the context of recommender systems. Our survey aims to bridge the gap between theory and practice
by providing a comprehensive overview of the field and offering actionable insights for researchers and
practitioners.
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2. Methodology

2.1. Literature search strategy and inclusion criteria

To ensure a comprehensive and systematic review of the literature on reinforcement learning-based
recommender systems, we adopted a rigorous search strategy and inclusion criteria. We conducted
searches on Scopus, using a combination of keywords such as “reinforcement learning”, “recommender
systems”, “collaborative filtering”, “content-based filtering”, “deep learning”, and “graph neural networks”.
We also explored relevant articles from the reference lists of the retrieved papers to identify additional
studies.

The inclusion criteria for the selected papers were as follows:

1. The study must be written in English and published in a peer-reviewed journal, conference
proceedings, or book chapter.

2. The study must focus on the application of reinforcement learning in recommender systems or
the integration of reinforcement learning with other recommendation techniques.

3. The study must provide sufficient technical details on the proposed approach, including the
problem formulation, algorithmic design, and experimental evaluation.

We initially retrieved a total of 253 papers based on our search strategy. After applying the inclusion
criteria and removing duplicates, we obtained a final set of 56 papers that form the basis of this survey.

2.2. Categorization and analysis framework

To systematically analyze and present the findings from the selected papers, we propose a categorization
and analysis framework that consists of three main dimensions:

2.2.1. Problem formulation

We categorize the studies based on how they formulate the recommendation problem as a reinforcement
learning task. This includes the definition of states, actions, rewards, and the underlying MDP framework.
By examining the problem formulation, we can gain insights into the key challenges and considerations
in applying reinforcement learning to recommender systems.

2.2.2. Algorithmic approaches

We classify the studies according to the reinforcement learning algorithms and architectures they
employ. This includes model-free methods (e.g., Q-learning [16], SARSA [17]), model-based methods,
policy gradient methods (e.g., REINFORCE [18], Actor-Critic [19]), and deep reinforcement learning
(e.g., DQN [20], DDPG [21]). By analyzing the algorithmic approaches, we can identify the strengths
and weaknesses of different reinforcement learning techniques in the context of recommender systems.

2.2.3. Integration with other techniques

We investigate how reinforcement learning is integrated with other recommendation techniques,
such as collaborative filtering [22], content-based methods [23], knowledge graphs [24], and graph
neural networks [25]. By examining the integration strategies, we can uncover the synergies and
complementary advantages of combining reinforcement learning with traditional recommendation
approaches and advanced deep learning architectures.

Based on this categorization and analysis framework, we provide a comprehensive and structured
review of the state-of-the-art in reinforcement learning-based recommender systems. In the following
sections, we present the key findings, insights, and future research directions in each of the three
dimensions.
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3. Traditional recommendation methods

In this section, we provide an overview of traditional recommendation methods, including collaborative
filtering, content-based filtering, and hybrid methods. We also discuss the limitations and challenges of
these approaches, which motivate the adoption of reinforcement learning in recommender systems.

3.1. Overview of traditional approaches

3.1.1. Collaborative filtering

Collaborative filtering (CF) is one of the most widely used recommendation techniques. It relies on
the assumption that users with similar preferences in the past are likely to have similar preferences in
the future [6]. CF methods can be further divided into memory-based and model-based approaches.
Memory-based CF directly uses the user-item interaction data to compute similarity scores between
users or items, while model-based CF learns a predictive model from the interaction data [7]. Examples
of CF methods include user-based CF, item-based CF [26], and matrix factorization [27].

3.1.2. Content-based filtering

Content-based filtering (CBF) recommends items to users based on the similarity between the content
of the items and the user’s preferences [1]. CBF methods typically represent items using a set of
features or attributes, such as genres, keywords, or user-generated tags. User profiles are constructed
based on the features of the items they have interacted with in the past. The recommendation process
involves matching the user profile with the item features to generate personalized suggestions. CBF
methods have been applied in various domains, such as movie recommendation [28] and news article
recommendation [29].

3.1.3. Hybrid methods

Hybrid recommendation methods combine multiple recommendation techniques to leverage their com-
plementary strengths and mitigate their individual limitations [30]. Common hybridization strategies
include weighted averaging, switching, cascading, and feature combination. For example, Jafarkarimi
et al. [31] proposed a hybrid recommender system that integrates CF and CBF using a weighted aver-
aging approach, while Ghazanfar and Prügel-Bennett [32] developed a switching hybrid that selects
between CF and CBF based on the availability of user preference data.

3.2. Limitations and challenges of traditional methods

3.2.1. Cold-start problem

The cold-start problem refers to the difficulty of making accurate recommendations for new users or
items that have little or no interaction data [33]. CF methods are particularly vulnerable to the cold-start
problem, as they rely heavily on the existence of sufficient user-item interactions. CBF methods can
alleviate the cold-start problem to some extent by leveraging item content features, but they still require
a minimum amount of user feedback to build reliable user profiles [9].

3.2.2. Scalability issues

Traditional recommendation methods often face scalability issues when dealing with large-scale datasets
[10]. Memory-based CF methods have high computational complexity, as they need to calculate similar-
ity scores between all pairs of users or items. Model-based CF methods, such as matrix factorization,
can be more efficient but still require substantial computational resources for training and updating
the models. CBF methods may also suffer from scalability issues when the number of items and their
associated features grow large.
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3.2.3. Lack of adaptability to dynamic user preferences

User preferences are not static and can evolve over time due to various factors, such as changes in
personal tastes, social influences, and contextual situations [11]. Traditional recommendation methods
often struggle to adapt to these dynamic preferences, as they typically learn from historical interaction
data without considering the temporal aspects. This can lead to suboptimal recommendations that
fail to capture the users’ current interests and needs. Incorporating temporal dynamics and sequential
patterns into recommendation models is crucial for improving their adaptability and responsiveness to
changing user preferences.

The limitations and challenges of traditional recommendation methods highlight the need for more
advanced and flexible approaches that can handle the complexities of real-world recommendation
scenarios. In the next section, we explore how reinforcement learning can be leveraged to address these
issues and enhance the performance of recommender systems.

4. Reinforcement learning in recommender systems

Reinforcement learning has emerged as a promising approach to address the limitations of traditional
recommendation methods. By formulating the recommendation problem as a Markov decision process
and using RL algorithms to optimize the recommendation policy, recommender systems can effectively
handle the sequential nature of user interactions, optimize for long-term user engagement, and adapt
to changing user preferences. In this section, we provide a comprehensive overview of the formulation
of recommendation as an RL problem, discuss the advantages of RL for recommendations, and review
the main RL approaches and their integration with other techniques.

4.1. Formulation of recommendation as a reinforcement learning problem

4.1.1. Markov decision process (MDP) framework

The first step in applying RL to recommender systems is to formulate the recommendation problem
as an MDP. An MDP is defined by a tuple (𝒮,𝒜,𝒫,ℛ, 𝛾), where 𝒮 is the state space, 𝒜 is the action
space, 𝒫 is the transition probability function, ℛ is the reward function, and 𝛾 ∈ [0, 1) is the discount
factor [12]. In the context of recommender systems, the state space 𝒮 represents the user’s current
context and preference, the action space 𝒜 corresponds to the set of items that can be recommended,
the transition probability function 𝒫 models the user’s behavior in response to the recommended items,
and the reward function ℛ measures the user’s satisfaction or engagement with the recommendations
[13].

4.1.2. Key components: states, actions, rewards

The design of states, actions, and rewards is crucial for the success of RL-based recommender systems.
The state representation should capture the relevant information about the user’s current context and
historical interactions, such as the user’s demographic attributes, past clicked or purchased items, and
session-level features [14]. The action space can be defined as the entire item catalog or a subset of
items selected based on certain criteria, such as popularity or relevance to the user’s preferences [19].
The reward function should reflect the system’s optimization objective, which can be user engagement
metrics (e.g., click-through rate, dwell time), business metrics (e.g., revenue, conversion rate), or a
combination of both [17].

4.2. Advantages of reinforcement learning for recommendations

4.2.1. Handling sequential user-system interactions

One of the key advantages of RL for recommendations is its ability to handle the sequential nature
of user-system interactions. Unlike traditional methods that treat each interaction independently, RL
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algorithms can learn from the entire sequence of interactions and optimize the recommendation policy
based on the long-term cumulative rewards [15]. This enables the recommender system to capture the
temporal dynamics of user preferences and adapt its recommendations accordingly. For example, Zheng
et al. [34] proposed a deep RL framework for e-commerce recommendations that learns to optimize
the long-term user engagement by considering the sequential dependencies between user actions and
system recommendations.

4.2.2. Optimizing long-term user engagement

Another benefit of RL-based recommender systems is their focus on optimizing long-term user engage-
ment rather than immediate rewards. Traditional recommendation methods often aim to maximize
short-term metrics, such as click-through rate or conversion rate, which may lead to suboptimal perfor-
mance in the long run. In contrast, RL algorithms can optimize for cumulative rewards over a longer
horizon, taking into account the future impact of current recommendations on user satisfaction and
retention [11]. This long-term optimization perspective aligns well with the business objectives of many
recommendation platforms, as it helps to build a loyal user base and increase customer lifetime value.

4.2.3. Dealing with sparse feedback and exploration

RL-based recommender systems can also effectively deal with sparse user feedback and balance the
exploration-exploitation trade-off. In real-world recommendation scenarios, user feedback is often
implicit and sparse, as users only interact with a small fraction of the available items. RL algorithms can
handle this sparsity by learning from the limited feedback and using exploration strategies to gather
more information about the user’s preferences [35]. By balancing exploration (recommending novel
or less certain items) and exploitation (recommending items with high estimated rewards), RL-based
recommenders can continuously improve their performance and adapt to changing user interests.

4.3. Reinforcement learning approaches for recommendations

4.3.1. Model-free methods

Model-free RL methods learn the optimal recommendation policy directly from the interactions with
users, without explicitly modeling the environment dynamics. Q-learning and SARSA are two popular
model-free RL algorithms that have been applied to recommender systems. Q-learning [36] learns the
action-value function 𝑄(𝑠, 𝑎), which represents the expected cumulative reward of taking action 𝑎 in
state 𝑠 and following the optimal policy thereafter. Munemasa et al. [16] proposed a Q-learning-based
recommender system that learns to recommend items based on the user’s historical interactions and the
estimated Q-values. SARSA (State-Action-Reward-State-Action) [37] is another model-free algorithm
that updates the Q-values based on the actual actions taken by the system, rather than the optimal
actions. Xia et al. [17] developed a SARSA-based recommender system for energy optimization in
smart buildings, which learns to provide personalized recommendations based on the user’s comfort
preferences and energy consumption patterns.

4.3.2. Model-based methods

Model-based RL methods learn a model of the environment dynamics and use it to plan the optimal
recommendation policy. These methods can be more sample-efficient than model-free approaches, as
they can leverage the learned model to simulate the user’s behavior and optimize the policy offline.
Chen et al. [38] proposed a model-based RL framework for news recommendation, which learns a user
behavior model from historical interactions and uses it to generate synthetic trajectories for policy
optimization. Gunawardana and Meek [39] developed a model-based RL approach for e-commerce
recommendations, which learns a customer behavior model using a variational autoencoder and
optimizes the recommendation policy using the learned model.
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4.3.3. Policy gradient methods

Policy gradient methods directly optimize the recommendation policy by computing the gradient of
the expected cumulative reward with respect to the policy parameters. REINFORCE [40] is a well-
known policy gradient algorithm that updates the policy parameters in the direction of the estimated
gradient. Xin et al. [18] proposed a self-supervised RL framework for sequential recommendations,
which uses REINFORCE to optimize the recommendation policy based on the user’s feedback and a
self-supervised learning objective. Actor-Critic methods [41] combine the advantages of value-based
and policy-based methods by learning both a value function (critic) and a policy function (actor). Zhao
et al. [19] developed an Actor-Critic-based recommender system for online advertising, which learns to
optimize the ad selection policy based on the user’s click feedback and the estimated state values.

4.3.4. Deep reinforcement learning

Deep RL methods incorporate deep neural networks into the RL framework to learn complex state
representations and policies. Deep Q-Network (DQN) [42] is a popular deep RL algorithm that uses a
neural network to approximate the Q-function and stabilizes the learning process using experience
replay and target networks. Zheng et al. [34] applied DQN to e-commerce recommendations, where the
state is represented by the user’s historical interactions and the actions correspond to the recommended
items. Deep Deterministic Policy Gradient (DDPG) [43] is another deep RL algorithm that combines the
advantages of DQN and Actor-Critic methods, using neural networks to learn both the Q-function and
the policy. Chen et al. [44] proposed a DDPG-based recommender system for diversified recommenda-
tions, which learns to balance the trade-off between accuracy and diversity in the recommendation
policy.

4.4. Integration of reinforcement learning with other techniques

4.4.1. Combining RL with collaborative filtering and content-based methods

RL can be integrated with traditional recommendation methods, such as collaborative filtering (CF) and
content-based filtering (CBF), to leverage their complementary strengths. Choi et al. [45] proposed a
hybrid RL-CF approach for movie recommendations, which uses RL to learn the optimal recommendation
policy based on the user’s feedback, and CF to generate candidate items for each state. Gupta and
Katarya [4] developed an RL-CBF framework for news recommendation, which uses CBF to represent
the user’s preferences and RL to optimize the recommendation policy based on the user’s engagement
with the recommended articles.

4.4.2. Incorporating knowledge graphs and graph neural networks

Knowledge graphs (KGs) and graph neural networks (GNNs) can be incorporated into RL-based recom-
mender systems to provide rich semantic information and capture complex user-item relationships.
Zhang et al. [46] proposed a KG-enhanced RL framework for news recommendation, which uses a
KG to represent the semantic relationships between news articles and entities, and RL to optimize
the recommendation policy based on the user’s feedback. Liu et al. [47] developed a GNN-based RL
approach for social recommendations, which uses a GNN to learn the user and item embeddings from
the social network structure, and RL to optimize the recommendation policy based on the learned
embeddings and user feedback.

4.4.3. Hybrid RL-based recommender systems

Hybrid RL-based recommender systems combine multiple RL algorithms or integrate RL with other
machine learning techniques to achieve better performance and robustness. Zhao et al. [48] proposed a
hybrid RL framework for e-commerce recommendations, which combines model-free and model-based
RL methods to balance the trade-off between sample efficiency and generalization ability. Aboutorab
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et al. [49] developed a hybrid RL-supervised learning approach for news recommendation, which uses
supervised learning to pre-train the recommendation model and RL to fine-tune the model based on
user feedback.

The integration of RL with other recommendation techniques and advanced machine learning meth-
ods has shown promising results in improving the performance, scalability, and interpretability of
recommender systems. By leveraging the strengths of different approaches, hybrid RL-based recom-
menders can provide more accurate, diverse, and explainable recommendations, while adapting to the
dynamic and complex nature of user preferences and item relationships.

In summary, RL has emerged as a powerful framework for building intelligent and adaptive recom-
mender systems. By formulating the recommendation problem as an MDP and using RL algorithms to
optimize the recommendation policy, RL-based recommenders can effectively handle the sequential
user-system interactions, optimize for long-term user engagement, and deal with sparse feedback and
exploration. The integration of RL with traditional recommendation methods, knowledge graphs, graph
neural networks, and other machine learning techniques has further enhanced the capabilities and
performance of RL-based recommenders. In the next section, we discuss the current challenges and
future research directions in this rapidly evolving field.

5. Challenges and future research directions

Despite the significant progress and promising results of reinforcement learning (RL) in recommender
systems, there are still several challenges and open research questions that need to be addressed to
fully realize the potential of RL-based recommenders. In this section, we discuss the key challenges and
future research directions in this field.

5.1. Offline reinforcement learning for recommendations

One of the main challenges in applying RL to real-world recommender systems is the need for online
interactions with users, which can be costly and risky. Offline RL [50] aims to learn the optimal
recommendation policy from historical user interaction data, without the need for online exploration.
However, offline RL suffers from the distribution shift problem, where the learned policy may not
generalize well to the actual user behavior. Recent works [38, 51] have proposed off-policy evaluation
and correction methods to address this issue, but more research is needed to develop robust and scalable
offline RL algorithms for recommendations.

5.2. Scalability and computational efficiency

Another challenge in RL-based recommenders is the scalability and computational efficiency of the
algorithms, especially when dealing with large-scale user-item interactions and high-dimensional
state and action spaces. Existing works have proposed various approaches to improve the scalability
of RL-based recommenders, such as using deep neural networks for function approximation [34],
leveraging parallelization and distributed computing [47], and adopting efficient exploration strategies
[52]. However, there is still a need for more research on developing scalable and efficient RL algorithms
that can handle the ever-growing scale and complexity of real-world recommendation scenarios.

5.3. Explainability and interpretability of RL-based recommendations

Explainability and interpretability are crucial factors in building trust and transparency in recommender
systems. However, RL-based recommenders, especially those using deep neural networks, are often
considered as black-box models that lack clear explanations for their recommendations. Recent works
have proposed various approaches to improve the explainability of RL-based recommenders, such as
using attention mechanisms to highlight the important features [38], generating textual explanations
based on the learned policy [52], and incorporating knowledge graphs to provide semantic explanations
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[46]. However, more research is needed to develop effective and user-friendly explanation methods
that can help users understand and trust the recommendations generated by RL-based systems.

5.4. Robustness to adversarial attacks and biases

RL-based recommenders, like other machine learning models, are vulnerable to adversarial attacks
and biases that can manipulate or degrade their performance. Adversarial attacks, such as fake user
profiles or item reviews, can mislead the RL algorithms and generate suboptimal or even harmful
recommendations [53]. Biases, such as popularity bias or selection bias, can also affect the fairness
and diversity of the recommendations [44]. Therefore, it is important to develop robust and unbiased
RL algorithms that can detect and mitigate the impact of adversarial attacks and biases. Recent works
have proposed various approaches, such as adversarial training [48], counterfactual learning [54], and
fairness-aware RL [44], but more research is needed to ensure the security and fairness of RL-based
recommenders.

5.5. Evaluation metrics and simulation environments for RL-based recommenders

Evaluating the performance of RL-based recommenders is challenging due to the complex and dynamic
nature of user-system interactions. Traditional evaluation metrics, such as accuracy and F1 score, may
not fully capture the long-term user satisfaction and engagement. Therefore, it is important to develop
new evaluation metrics and frameworks that can assess the effectiveness of RL-based recommenders
from multiple perspectives, such as user experience, diversity, novelty, and business objectives [18].
Moreover, building realistic and standardized simulation environments for RL-based recommenders can
facilitate the development and comparison of different algorithms [55]. Recent works have proposed
various simulation environments, such as RecoGym [56] and VirtualTaobao [55], but more research is
needed to improve their fidelity and generalizability.

5.6. Real-world applications and case studies

To fully demonstrate the potential and impact of RL-based recommenders, it is important to conduct more
real-world applications and case studies in various domains, such as e-commerce, news, music, and video
recommendations. Real-world applications can provide valuable insights into the practical challenges
and opportunities of deploying RL-based recommenders, such as the need for online learning, the
importance of user feedback and explainability, and the trade-off between exploration and exploitation
[11, 17]. Case studies can also help to showcase the business value and user benefits of RL-based
recommenders, such as increased user engagement, revenue, and customer satisfaction [46, 53]. More
research and collaboration between academia and industry are needed to bridge the gap between theory
and practice and accelerate the adoption of RL-based recommenders in real-world settings.

RL-based recommenders have shown great promise in improving the performance and adaptability
of recommendation systems. However, there are still many challenges and open research questions
that need to be addressed, such as offline RL, scalability, explainability, robustness, evaluation, and
real-world applications.

6. Conclusion

In this survey, we have provided a comprehensive overview of the state-of-the-art research on re-
inforcement learning-based recommender systems. We have discussed the limitations of traditional
recommendation approaches and highlighted the potential of reinforcement learning in addressing
these challenges. We have reviewed the formulation of the recommendation problem as a Markov
Decision Process and explored the various reinforcement learning algorithms and architectures used in
recommender systems, including model-free, model-based, policy gradient, and deep reinforcement
learning methods.
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Moreover, we have examined the integration of reinforcement learning with other techniques, such
as collaborative filtering, content-based methods, knowledge graphs, and graph neural networks,
to enhance the performance and capabilities of recommender systems. We have also identified key
challenges and future research directions in this field, including offline reinforcement learning, scalability,
explainability, robustness, evaluation metrics, and real-world applications.

The survey highlights the significant progress and promising results achieved by reinforcement
learning-based recommenders in various domains, such as e-commerce, news, music, and video rec-
ommendations. The ability of reinforcement learning to handle sequential user-system interactions,
optimize long-term user engagement, and adapt to dynamic user preferences has made it a powerful
framework for building intelligent and personalized recommendation systems.

However, there are still many open challenges and opportunities for future research in this rapidly
evolving field. By addressing these challenges and exploring new research directions, we can unlock
the full potential of reinforcement learning-based recommenders and create more engaging, diverse,
and trustworthy recommendation experiences for users.
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