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Recommender systems are rapidly becoming an integral part of our daily lives. They play a crucial role in

overcoming the overloading problem of information by suggesting and personalizing the recommended items.
Collaborative filtering, content-based filtering, and hybrid methods are examples of traditional recommender
systems which had been used for straightforward prediction problems. More complex problems can be solved
with new methods which are applied to recommender systems, such as reinforcement learning algorithms.
Markov decision process and reinforcement learning can take part in solving these problems. Recent
developments in applying reinforcement learning methods to recommender systems make it possible to use
them in order to solve problems with the massive environment and states. A review of the reinforcement
learning recommender system will follow the traditional and reinforcement learning-based methods
formulation, their evaluation, challenges, and recommended future work.

1 INTRODUCTION

The enormous amount of information existing on the
Internet causes the information overload problem,
making it hard to make the right decision. It can be
realized in our everyday online shopping when we
have an extended list of possible items to be
purchased. If the list grows longer, it will be harder to
select from the list. Recommender Systems (RSs) are
algorithms and software tools designed to assist users
in finding items of interest by anticipating their
preferences or ratings. The development of RSs helps
users find the item they are interested in by predicting
the rating on the items and their previous preferences.
Today, RSs are a crucial part of enormous companies
like Netflix, Amazon, Facebook, and Google where a
vast range of applications of RSs is employed, such
as e-learning (Aleksandra et al., 2015), e-commerce
(Ben et al., 1999), healthcare (Emre and Sevgi, 2013),
and news (Mozhgan et al, 2018). Different
techniques such as content-based filtering,
collaborative filtering, and hybrid methods are also
proposed to address the recommender system
problem. By the introduction of matrix factorization,
some success was achieved in the field of providing
appropriate recommendations. Still, the mentioned
methods have problems, i.e., cold start, scalability,
serendipity, proper computational expense, and
recommendation quality (Francesco et al. 2011).
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Deep learning (DL) has recently gained approval in the
RSs application field because of the potential in
complex relationships of users, items, and their
accurate performance in the recommendation. Non-
interpretable, computationally expensive, and data-
hungry are properties of DL models (Shuai et al.,
2019). Above all, prior RSs methods are not beneficial
in the interaction between users and items, which can
be better handled with Reinforcement Learning (RL)
and its training agent in the environment that is a semi-
supervised machine learning field (Shuai et al., 2019).
The most critical point in the RL can be a combination
of traditional RL methods and DL together; this
combination is known as Deep Reinforcement
Learning (DRL). This allowed RL to be used in
problems with large state and action spaces, such as
robotics (Jens et al.,2013), industry automation
(Richard et al., 2017), self-driving cars (Ahmad et al.
2017; Changxi et al, 2019), finance (Zhengyao et al.
2017), healthcare (Arthur et al., 2008).

The RL is a seamless match for the recommenda-
tion problem because it has the ability to reward
learning without any training data, which is a unique
specification. These days, the power of RL is used to
recommend better items to the customers by many
companies, i.e., the video recommender system on
YouTube uses RL (Minmin et al., 2019). The use of
RL in the RSs is becoming more popular not only in
the industry but also in academia. The importance of
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this topic motivated us to write this paper in the field
of reinforcement for RSs. Our paper's major goal is to
show the progress in utilizing RL in RSs to depict the
trend that has been changed during recent years. The
sample chart shown in Fig. 1 depicts the number of
papers published from 2010 through January 2022.
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Figure 1: Number of papers published from 2010 to 2022.

2 METHODOLOGIES

We have decided to explore the problems and
challenges associated with the RSs with the RL
algorithm. As the second goal, methods, and
algorithms to tackle these challenges are discussed,
highlighting a critical point that involves the
introduction of the applications for RL-based and
non-RL-based RSs. This paper addresses the
followings:

e We first categorize the algorithms in the field
into RL- and DRL-based techniques. The
categories are then divided into specific RL
algorithms employed in the studies.

e To provide the reader with the essential idea and
contribution of the study, we first provide a
simple yet detailed description of each
algorithm.

e Future research directions are suggested.
Finally, in order to combine our survey study,
we give some insights about active research in
the Reinforcement Learning Recommender
System (RLRS) field.

We initially searched among all related articles
using multiple search engines with the following
search queries: recommender systems, recommender
engine, recommendation, content filtering,
collaborative filtering, reinforcement learning
algorithm, deep reinforcement learning algorithm,
and reinforcement learning for recommender systems
and applied them in different databases including
IEEE Xplore, SpringerLink, ScienceDirect, ACM
digital library, Lynda.com. We also explored popular
conferences in the field of RSs, such as RecSys,
SIGIR, and KDD. Following the article collection, we
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reviewed the publications to find all related articles
for our purpose (Aleksandra et al., 2015; Smyth et al.,
2000). Therefore, the papers that use RL also for other
technologies other than RSs such as dialogue
management system/conversational were selected
(Satinder et al., 2000; Joel et al., 2006).

3 RECOMMENDER SYSTEMS

On daily basis, we encounter situations where
decisions need to be made and there is not enough
information on different aspects of them. In these
cases, it is necessary to trust others’ recommendations
who are experienced in those situations (Paul et al.,
1992). The early RSs were called collaborative
filtering (CF) (David et al., 1992). Then, it was
changed to RSs for two reasons: i) CF may not be
used by the users ii) item may be recommended not
filtered by the method. The recommender system may
use another approach termed Content-based Filtering
(CBF) that applies the user profile to suggest related
items associated with the user’s interest (Michael and
Daniel 2007; Pasquale etal., 2011). Both CF and CBF
cannot be used for some problems, where cold-start
and serendipity persist. To address the above issues,
the hybrid method was applied (Francesco et al.
2011). All the mentioned methods cannot handle
today’s RS problems due to a massive number of
users and items. We will introduce briefly classic
techniques used in RSs in this section and in the next
sections, we'll go through RL in further depth.

3.1 Collaborative Filtering

The aim of Collaborative Filtering (CF) RSs is to help
users to make a decision based on other users’
suggestions with similar interests (Deshpande and
Karypis, 2004). The CF approaches can be divided
into item-based and user-based (Sarwar et al., 2001),
wherein the user-based, the recommended items will
be suggested based on items that are liked by similar
users. In the item-based, items will be recommended
to users based on items in which they were interested.
Pearson correlation-based (Resnick et al. 1994),
Cosine-based, and Adjusted Cosine-based can be
used to calculate the similarity between users or
items. Users who rated both items will take part in the
calculation of the similarity of recommended items
which helps the calculation be more accurate. An
improved item-based CF was introduced by the
combination of the Adjusted Cosine and Jaccard
metric in order to increase the similarity calculation's
accuracy (Shambour and Lu, 2011).
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3.2 Content-based Filtering

Content-based (CB) RSs recommend items based on
similar items which have been liked by the user in the
past (Pazzani and Billsus, 2007). The fundamental
concepts of CB RSs are i) The specifications of items
are used to find the recommended items. In order to
detect these attributes, the items description which is
preferred by a certain user should be analyzed. ii) For
each item, specifications are compared with the
profile of the user. Eventually, items with a high
degree of similarity to the profile of the user will be
recommended (Pazzani and Billsus, 2007). Two
techniques are used to create recommendations in
CB. Methods with information retrieval, including
Cosine similarity measures, are used in the first
technique, which generates recommendations. The
second technique uses Machine Learning methods to
create recommendations.

3.3 Hybrid Recommendation Methods

To tackle the weaknesses regarding traditional RS
techniques and to achieve higher efficiency, a hybrid
RS technique is used, that merges two or more
recommendation techniques (Bruke, 2007). There are
seven initial combination approaches that are used to
create hybrid methods: Mixed (Smyth and Cotter,
2000), Weighted (Mobasher et al. 2004), Switching
(Billsus and Pazzani, 2000), Feature Combination,
and Argumentation (Wilson et al. 2003), Meta-level
(Pazzani, 1999), and Cascade (Bruke, 2002). The
most used hybrid RSs attempt to tackle cold start and
scalability issues (Bellogin et al., 2013).

4 REINFORCEMENT LEARNING
AND DEEP REINFORCEMENT
LEARNING

A machine learning method that studies different
problems and solutions to maximize a reward through
interaction between agents and their environment is
called RL. Three characteristics that discriminate an
RL problem (Richard et al., 2017) are: 1) closed-loop
problem ii) there is no need for a trainer to teach the
learner, but it trains what to do to the learner with the
trial-and-error method according to the policy iii) the
short and long terms results can be influenced by the
actions. The crucial part to model the RL problem is
the agent’s interface and environment as shown in
Fig. 2.
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Figure 2: The interface of RL.

An agent is a decision-maker or learner; everything
outside of the agent is called the environment.
Information and representation that is seen outside of
the agent (the environment) at time step t is called
state, and the agent makes an action according to the
current state. Based on the action taken, the
environment is given a numerical reward and goes to
a new state. The RL problems are formulated
commonly as a Markov Decision Process (MDP) with
the form of (S, A, R, P, y), where S represents all
possible states, A indicates actions that are available
in all states, R presents reward function, P shows the
probability of the transition, and finally, y is the
discount factor. The agent’s aim in the RL problem is
the best policy m(als) to make an action which is a
member of A in state s € S to maximize the
cumulative reward. An RL system includes four
principal parts (Richard et al., 2017): i) Policy: It is
presented by m generally, which indicates the
probability of doing an action. The RL algorithm may
be categorized into on-policy and off-policy
techniques depending on the policy. In the first case,
RL approaches are used to evaluate or improve the
policy that is being used to make judgments. They
enhance or assess a policy that is not the same as the
one used to create the data in the latter. ii) Numeral
rewards: regarding the selected actions, the
environment gives a numeral reward in order to send
an announcement to the agent about the action that is
selected. iii) Value function: the purpose of the value
function is to indicate how good or bad is the action
in the long run. iv) Model: it indicates the conduct of
the environment. There are two types of algorithms
that are utilized to address RL challenges: tabular and
approximate. In the tabular method, tables are used to
represent value functions, and an accurate policy is
found because the size of spaces (action and state) is
not big. Monte Carlo (MC), Temporal Difference
(TD), and Dynamic Programming (DP) are popular
tabular methods. The MC methods need only an
instance of rewards, states, and actions that will be
provided by the environment. Monte Carlo Tree



Search (MCTS) is the most important algorithm of
MC methods. The DP methods use an excellent
model of the environment and value function in order
to find good policies. Policy and value iteration can
be good examples of DP methods. The TD method is
a blend of the MC sampling method and the DP
bootstrapping method. The TD methods, like the MC
methods, may learn from the agent's interactions with
the world and do not require model knowledge. From
this class, Q-learning (Christopher, 1989) and
SARSA are the most important ones as they are off-
policy and on-policy, respectively. In the
approximate method, the aim is to search for
sufficient solutions regarding the computational
resources constraint because state space has a massive
size. To address this, previous experiences are used.
Policy Gradient methods are very popular because of
their ability to learn policy parametrization and
actions selection without the need for a value
function. Actor-critic and reinforcement (Roland,
1992) are more significant methods in this category.
DL is a field based on an artificial Neural Network
that is used as the function in RL and suggests a deep
Q-network (DQN) (Alex et al. 2012; Ian et al. 2012).
DQN and Deterministic policy gradient (DPG)
(David et al. 2014) are combined and used in Deep
Deterministic Policy Gradient (DDPG) (Timothy et
al., 2015). In RSs, Double DQN (DDQN) and
Dueling Q-network are also used (Ziyu et al 2016).

5 REINFORCEMENT LEARNING
FOR RECOMMENDATION

The user's interaction with an RS is sequential in
nature. (Zimdars et al., 2001), and recommending the
best items to a user is a sequential decision problem
(Guy et al, 2005). This implies that the recommenda-
tion problem can be modeled as an MDP and solved
using RL approaches. As previously stated, an agent in
a normal RL situation seeks to maximize a numerical
reward through interaction with an environment. This
is similar to the recommendation problem, in which the
RS algorithm seeks to recommend the best goods to the
user while maximizing the user's pleasure. As a result,
the RS algorithm can act as the RL agent, and
everything outside of this agent, including system users
and items, can be regarded as the agent's environment.
Applying standard tabular RL algorithms to today's
RSs with large action and state spaces is nearly
impossible (Gabriel et al. 2015). Instead, with the
emergence of DRL algorithms, there is a growing trend
in the RS community to use RL approaches.
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6 REINFORCEMENT LEARNING
ALGORITHMS

We present algorithms in a classified manner in this
part. After reviewing all the algorithms, we concluded
that the emergence of DRL has significantly altered

Algorithms
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(oan) &SARSA) (Value/Policy
iteration)

Figure 3: Number of publications using each algorithm.

the study of RLRSs. As a result, we split RLRS
approaches into two broad categories: RL- and DRL-
based algorithms. Fig. 3. gives a high-level overview
of the algorithms and number of publications. We
begin with RL-based approaches.

6.1 RL-based Methods

We mean RLRSs that use an RL algorithm for
recommendation policy optimization but do not use
DL to estimate parameters by RL-based methods.
RL-based methods include TD, DP, MC, and Fitted
Q RL algorithms from both tabular and approximate
approaches.

6.1.1 TD Methods

Q-learning is a well-known RL algorithm in the RS
field (Thorsten et al., 1997; Anongnrat and Pisit,
2005). WebWatcher is most likely the first RS
method to integrate RL to improve suggestion
quality. They simply treat the web page
recommendation problem as an RL problem and
apply Q-learning to increase the accuracy of their
basic web RS, which employs a similarity function
(based on TF-IDF) to propose pages that are related
to the user's interest. Authors in (Nima et al., 2007)
extend this idea a decade later to offer tailored
websites to users. To address the state dimensionality
issue, they employ the N-gram model from the online
usage mining literature (Bamshad et al., 2000) and a
sliding window to represent states.

151



DeLTA 2022 - 3rd International Conference on Deep Learning Theory and Applications

6.1.2 DP Methods

Another tubular approach that has been used in
(Thorsten and Anthony, 2001; Guy et al., 2005, Elad
et al., 2014) is DP. Ref. (Thorsten and Anthony,
2001) is one of the early studies that formulate the
recommendation problem as an MDP. In fact, the
paper examines the potential benefits of utilizing
MDP for the recommendation problem using the
example of guiding a user through an airport.
Similarly, ref. (Guy et al., 2005) is one of the early
and valuable attempts to model the recommendation
problem as an MDP. Because the model parameters
of an MDP-based recommender are unknown and
deploying it on the actual to learn them is
prohibitively expensive, they propose a predictive
model capable of providing starting parameters for
the MDP. This prediction model is a Markov chain in
which the state and transition function are modeled
based on the dataset observations. They suggest that
the simplest version of this Markov chain faces the
data sparsity problem because it uses maximum
probability to estimate the transition function. As a
result, the basic version is improved by utilizing three
techniques: skipping, clustering, and mixture
modeling. This prediction model is then utilized to
kickstart the MDP-based recommender. To address
the dimensionality issue, the last k elements are
employed to encode state information. They use an
online study to evaluate the effectiveness of their
strategy.

6.1.3 MC Methods

The final tabular approach, MC, has been used in
various RLRSs (Elad et al., 2014; Yu, 2020; Lixin et
al., 2019). To address the dimensionality issue, each
song is represented as a vector of song (spectral
auditory) descriptors, which include information
about the song's spectral fingerprint, rhythmic
features, overall loudness, and change over time. To
expedite the process of learning, the reward function
is also used to account for the listener's liking for
certain songs as well as his song transition behavior.
The DJ-MC architecture is made up of two primary
parts: learning listener parameters (his preferences for
songs and transitions) and arranging a song sequence.

6.1.4 Fitted Q Methods

Some RL-based algorithms (Yufan et al, 2011; Susan
et al., 2011; Georgios et al., 2015) also employ an
approximation technique (fitted Q) for policy
optimization. In a clinical application (Yufan et al,
2011), RL is used to offer treatment alternatives for
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lung cancer patients with the goal of maximizing
patient survival. They regard treatment for patients
with advanced non-small cell lung cancer (NSCLC)
as a two-line treatment, with the role of the RL agent
being to recommend the best treatment option in each
treatment line as well as the appropriate time to begin
second-line therapy. Support vector regression (SVR)
is used to optimize the Q-function for the RL agent.
They alter SVR with a e-insensitive loss function
because the original SVR cannot be used to censored
data (Vladimir, 2013). (Susan et al., 2011) employs
RL to identify the best therapy alternatives for
patients suffering from schizophrenia. First, they
employ multiple imputations (Roderick et al., 2019)
to solve the missing data issue, which can introduce
bias and increase variance in Q-value estimations due
to patient dropout or item missingness. The second
issue they address is that clinical data is highly
variable, with few trajectories, making function
approximation difficult. As a result, they train the Q-
function using fitted Q-iteration (FQI) (Damien et al,
2005) and a basic linear regression model. The
impetus for the work presented in (Georgios et al.,
2015) is that current ad suggestion algorithms do not
distinguish between a visit and a visitor and presume
that all visits to a website are from new visitors. As a
result, they claim that, while click-through rate (CTR)
is a realistic choice for greedy performance, life-time
value (LTV), denoted as (total number of clicks/total
number of visitors) X 100, is a true choice for long-
term performance. To address the off-policy
evaluation problem in the RS field, they employ a
model-free approach dubbed HCOPE, developed by
the same authors in (Philip et al., 2015), which
computes a lower bound on a policy's expected return
using a concentration inequality.

6.2 DRL-based Methods

In this part, we look at DRL-based RSs that employ
DL to approximate the value function or policy. For
policy optimization, these methods employ three
essential RL algorithms: Q-learning, actor-critic, and
REINFORCE. There are also other works that test
and compare the performance of various RL
algorithms for policy optimization.

6.2.1 Q-learning Methods

Slate-MDP (Peter, 2015) is possibly the first study to
use DQN for a slate recommendation. To deal with
the combinatorial action space caused by slates
(tuples) of actions, they present agents that use a
sequential greedy strategy to learn the value of whole



slates. In fact, it is anticipated that the item slates have
the sequential presentation attribute, which means
that recommended things are given to the user one at
a time. This assumption is paired with another, in
which it is assumed that one of the primitive acts will
be performed. They also employ an attention
mechanism based on DDPG for each slot in the slate
to direct the search to a tiny area of action space with
the highest value. However, as mentioned in (Eugene
et al., 2019), the second assumption is not very
realistic in frequent recommendation scenarios
because it is akin to the condition in which we can
force a user to eat a specific item.

DQN is used in (Shamim et al., 75) to optimize
heparin dosage advice. They first represent the
problem as a partially observable MDP (POMDP) and
then estimate the belief states using a discriminative
hidden Markov model. The policy is then optimized
using DQN. A variation of DQN is employed in
another clinical application (Aniruddh et al., 2017) to
optimize dosage recommendations for sepsis
treatment. They employ a continuous state space as
well as a discrete action space. They alter DQN as
follows due to intrinsic flaws in the original DQN
algorithm, including the overestimation of Q values.

The fundamental idea of (Xinshi et al., 2019) is to
utilize generative adversarial networks (GANs) to
develop a user model and then use a cascade DQN
algorithm to recommend the best things. A mini-max
optimization strategy is used in user modeling to
simultaneously learn user behavior and the reward
function. DQN is then used to learn the optimal
recommendation strategy using the learned user
model. Unlike other approaches, instead of tackling
the combinatorics of proposing a list of items (k
items) with a single Q-network, k Q-networks are
employed in a cascaded fashion to identify k best
actions. To be more specific, the ideal actions are
determined by the following fact:

maxal:kQ*(s, al:k) = maxal(maxaz:k Q*(S, al:k))
6.2.2 Actor-Critique Methods

Wolpertinger (Nima et al., 2007) is an actor-critic
framework capable of dealing with huge action
spaces (up to one million). The goal is to create a
method that is sub-linear in terms of action space and
generalizable across activities. Wolpertinger is
divided into two components. The first is action
production, and the second is action refinement. In
the first half, the actor generates proto-actions in
continuous space, which are subsequently mapped to
discrete space using the k-nearest neighbor approach.
In the second section, outlier actions are filtered using
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a critic, which chooses the best action with the highest
Q value. DDPG is also utilized to train their method.
Wolpertinger is not primarily intended for RSs,
although it can handle a recommendation task in a
simulation study.

DDPG is also used for parameter training. One
issue with this work is that it does not handle the
combinatorics of action space when generating a list
of items rather than proposing a single item. They
later propose page-wise advice in (Nima et al., 2007).
By recommending a group of complementary things
and displaying them on a website, they mean
recommending a set of complementary items and
displaying them on a page. The actor is in charge of
creating a page of stuff. To begin, two encoders are
utilized to produce initial and current states. The
actions are then generated by a decoder, namely a
deconvolutional neural network. On the other hand,
the current state (as determined by the same
approach) and action was taken by the actor are sent
into the critic, which employs a DQN architecture.
DDPG is employed for model training once more.
They also expand their work in e-commerce to a
whole-chain recommendation (Xiangyu et al., 2019).
Instead of having many scenarios in a user session,
such as a welcome page and item pages, they employ
a multiagent system with shared memory that
optimizes all these situations at the same time (in fact,
they only consider two pages in their studies: entry
and item pages). Agents (actors) interact with the user
sequentially and collaborate with one another to
optimize the cumulative reward. On the other side, it
is the global critic's responsibility to exert control
over these actors. The global critic employs an
attention method to capture user preferences in
various settings, and each attention is active only in
its specific scenario.

The recommender receives these states and uses a
basic closest neighbor algorithm to provide
recommendations. Finally, a historical critic is
employed in order to limit the number of infractions
to the user's preferences as specified in the user's
earlier comments. While the use of multimodal data
in this work is innovative, a thorough explanation of
the actor-critic paradigm is lacking.

6.2.3 REINFORCE Methods

Authors in (Claudio et al., 2017) create a
conversational RS based on hierarchical RL (Tejas, et
al., 2016). There is a module in the framework called
meta-controller that receives the dialogue state and
anticipates the goal for that state. The work supports
two types of goals: chitchat and recommendation.
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The dialogue state is converted to a score vector by a
goal-specific representation module, which is then
refined by an attention module to highlight more
relevant areas. Finally, a module known as the
controller employs these revised scores to take action
in order to meet the provided goal. In the framework,
there are two critics: an external critic reviews the
reward for the meta controller created by the
environment, and an internal critic rewards the
controller based on the aim set.

Ref. (Minmin et al., 2019) presents a useful study
in the field of video recommendation using RL. The
work's key contribution is the adaptation of the
REINFORCE method to a neural candidate generator
with a very wide action space. In an online RL scena-
rio, the policy gradient estimator can be written as:

7|

D 1D Redglogma acls) M

T~Tmg | t=0

where R, is the total reward, my is called the
parametrized policy, and 7= (so, ao, s, ...). Because,
unlike in conventional RL situations, online or real-
time interaction between the agent and environment
is infeasible and frequently only logged feedback is
provided, applying the policy gradient in Eq. (1) is
biased and requires rectification. The policy gradient
estimator that has been off-policy-corrected is then:
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L@

(@
B(®
behavior policy Because this adjustment yields a
large variance for the estimator, they utilize first-
order approximation, resulting in the biased estimator
with the reduced variance:

where £ is the importance weight and is the

Z %RtAg lOg T[e(atlst) (3)

T~B|t=0

The work's last contribution is top-K off-policy
rectification. Setting (top-K) recommendations result
in an exponentially increasing action space. The off-
policy adjusted estimator described in Eq. (3) is
modified to the following estimator for top-K
recommendation under two assumptions:

7|
Z lZ g (at|st) 80{(at|5t) RtAG log g (atlst) (4)
1~ |t=0

B(aclse) om(aclsy)

where a is the likelihood that an item a appears in
the final non-repetitive set A (top-K items).
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Finally, in (Huizhi, 2020), the environment is
represented as a heterogeneous information network
(graph) composed of persons, items, and other
information sources such as content, tags, reviews,
friends, and so on. The goal is to find a path in the
graph between a user and an unobserved item. As
shown below, the article employs a multi-iteration
training procedure. A meta-path base (similar to a
knowledge base) stores the meta-path computed at
each iteration. The meta-path base is initially empty
and is filled with meta-paths provided by experts. The
meta-paths tried by the RL agent in each iteration are
then added to the meta-path base. At the next
iteration, the revised meta-path base is used to train
the RL agent. This procedure is continued until no
new information can be gathered or the maximum
number of iterations is reached. The nearest neighbor
algorithm is utilized for the top-K recommendation.

6.2.4 Compound Methods

Authors in (Su et al., 2018) utilize RL to recommend
learning activities in a smart class, which is an
unusual but intriguing use. Specifically, a cyber-
physical-social system is constructed that monitors
students' learning state by gathering multi-modal data
such as test results, heartbeat, and facial expression,
and then offers a learning activity that is appropriate
for them.

Ref. (Floris et al., 2019) proposes and applies a
task-oriented dialogue management system to various
recommendation tasks. For dialogue management,
two approaches are proposed: segmentation-based
and state-based. The former separated the user
population depending on the context, such as
demographics and buying history, and each category
has its own policy. The latter strategy is based on the
concatenation of agent beliefs about past dialogues,
user intents, and context. This belief vector is then
loaded into a unique policy for all users. The work is
evaluated using a benchmark (Inigo et al., 2017) in
the field, which consists of a variety of
recommendation tasks, such as recommending
eateries in Cambridge or San Francisco.

7 ALGORITHMS OVERVIEW

7.1 RL-based Methods Recap

This section's RL approaches can be separated into
tabular and approximation methods. DP approaches
are typically impracticable among tabular methods
due to their high computing cost and the requirement



for a perfect understanding of the environment. While
the number of states in these algorithms is
polynomial, implementing even one iteration of
policy or value iteration methods is frequently
infeasible (Andrew, 1995). DP is only used by two
RS approaches in the RLRS literature (Guy et al.,
2005; Changxi et al., 2019). To make it more
practical, (Guy et al., 2005) employs a few features in
their state space and employs some approximations.
Similarly, (Tariq and Francesco, 2007) limits the
number of policy iterations that can be conducted.
Unlike DP, MC approaches do not require a perfect
understanding (or model) of the environment.
However, @ MC  approaches have  several
disadvantages, such as the fact that they do not
bootstrap. TD approaches, on the other hand, have
been quite popular in the RS community (Thorsten et
al., 1997; Anongnari and Pisit, 2005) The
fundamental reason for their appeal is their
simplicity; they are online, model-free, require little
processing, and can be stated using a single equation
(Richard and Andrew, 2017). In general, while
tabular approaches may find the exact answer, i.e., the
optimal value function and policy, they suffer from
the curse of dimensionality as the state and action
spaces grow, rendering them ineffective in learning.
RLRSs that use DP and TD approaches attempt to
address this issue by limiting the state space as small
as possible. Methods based on MCTS must likewise
preserve only the information from a sampling event,
not the entire environment.

On the other hand, aside from the SARSA (1)
approach employed by (Mircea and Dan, 2005), the
sole sort of approximate method used by RL-based
RSs is the fitted Q method, which is a flexible
framework that can fit any approximation
architecture to the Q-function (Philip et al., 2015). As
a result, any batch-mode supervised regression
algorithm that can scale effectively to high
dimensional spaces can be utilized to approximate the
Q-function (Richard and Andrew, 2017). However,
when the number of four-tuples ((xi, uy, 11, X¢+1), where
X represents the system state at time t, u; the control
action taken, r; the immediate reward, and X the
next state of the system) increases (Damien et al.,
2005), the computational and memory cost may grow.
Several RLRSs have used this algorithm (Yufan et al.,
2011; Susan et al., 2011; Georgios et al., 2015).

7.2 DRL-based Methods Recap
The establishment of DRL marked a watershed

moment in the history of RLRSs. This trend is clearly
depicted in Fig. 1. DRL's unique ability to handle
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high-dimensional spaces makes it ideal for RSs with
huge state and action spaces. DQN has been the most
widely used DRL algorithm by RLRSs (Peter et al.,
2015; Shamim et al., 2016; Su et al., 2018; Floris et
al., 2019). DQN modified the original Q-learning
algorithm in three ways, according to (Richard and
Andrew, 2017): 1) It employs experience replay, a
mechanism first introduced in (Long-Ji, 1992) that
stores agents' experiences over various time steps in a
replay memory and uses them to adjust weights
throughout the training phase. 2) To simplify the
complexity of updating weights, the current updated
weights are fixed and fed into a second (duplicate)
network, the outputs of which are utilized as Q-
learning objectives. 3) To minimize the scale of error
derivatives, the reward function is trimmed to be 1 for
positive rewards, -1 for negative rewards, and 0 for
no rewards. All of these changes proved to increase
DQN's stability. However, as previously stated, DQN
has certain issues. first, following the Q-learning
method, DQN overestimates action values in some
cases, making learning inefficient and perhaps
leading to suboptimal policies (Sebastian and Anton,
1993). To address this issue, DDQN was proposed
and is used by numerous RLRSs (Aniruddh et al.,
2017). Second, DQN chooses events to replay at
random, regardless of their significance, making the
learning process slow and inefficient. Only four
RLRS algorithms use an upgraded version of DQN's
original experience replay mechanism, while the
majority of DQN-based RLRSs use the original
method. References (Aniruddh et al., 2017) employ
prioritized experience replay (Jiahuan et al., 2019),
ref. (Shi-Yong et al. 2018) uses stratified sampling
rather than uniform sampling, and ref. (Tong et al.,
2019) leverages cross-entropy of user interest to
prioritize experiences. Third, DQN cannot handle
continuous domains because it requires an iterative
optimization process at each step, which is
computationally prohibitively expensive. To address
this issue, DDPG, which combines DQN and DPG,
has been proposed.

Policy gradient methods, as opposed to action-
value methods such as DQN, learn a parameterized
policy without the use of a value function. When
compared to action-value techniques, policy-based
systems have three advantages (Richard and Andrew,
2017). 1) Policy approximate approaches can
approach determinism; 2) Policy approximation may
be simpler than value function approximation; and 3)
Policy approximation methods can find stochastic
optimal policies, whereas value-based methods
cannot. REINFORCE and actor-critic approaches are
two major policy gradient methods utilized by RSs.
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REINFORCE is a Monte Carlo (MC) stochastic
gradient approach that directly changes policy
weights. The high variance and delayed learning of
the REINFORCE algorithm is a key issue. These
issues stem from REINFORCE's MC nature, as it
takes samples at random. To address the high
variance problem in the REINFORCE-based RLRSs
reviewed, various techniques were used, including a
neural network-based baseline (Yikun et al., 2019),
first-order approximation (Satinder et al., 2000),
REINFORCE with baseline algorithm (Inigo et al.,
2017), weight capping. However, it is unclear how
other REINFORCE-based RLRSs, such as (Huizhi,
2020), deals with this issue. Instead of a baseline, the
actor-critic algorithm employs a critic to address the
difficulties of REINFORCE. To be more specific, the
critic is used to criticize the policy established by the
actor; that is, it computes the value of the state-action
pair provided by the actor and provides feedback on
how good the action chosen is. The policy gradient
approach now includes bootstrapping. While this
creates a tolerable bias, it minimizes variance and
speeds up learning (Richard and Andrew, 2017). As
previously stated, DDPG is a well-known DRL
technique that employs the actor-critic algorithm to
handle continuous spaces. It is worth noting that
among RLRSs, actor-critic is the second most
common RL algorithm (Nima et al., 2007).

8 DISCUSSION AND FURURE
WORKS

To begin, RL algorithms were designed to select one
action from a set of possible actions. However, in the
RS field, it is highly common to recommend a list of
products. This is also known as slate, top-K, or list-
wise recommendation. Except for a few (Georgios et
al., 2015; Peter et al., 2015; Wacharawan et al., 2018;
Eugene et al., 2019; Minmin et al., 2019), the vast
majority of the algorithms examined to consider the
problem of single item recommendation. Only
references (Minmin et al., 2019; Georgios et al.,
2015) properly study this topic and adapt their RL
technique to deal with a number of issues. The
problem of recommending a list of objects should be
investigated more in the future when the RL agent
confronts a wide combinatorial action space.
Nonetheless, there is no apparent justification for
employing a specific RL algorithm in an RS
application. As a result, finding a relationship
between the RL algorithm and the RS application is
an important research direction for the future.
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Explainable recommendation refers to an RS's
capacity to not only make a recommendation but also
to explain why that recommendation was made
(Yongfeng and Xu, 2018). Explanation of
recommendations made may improve user
experience, increase trust in the system, and assist
users in making better selections (Dan et al., 2003; Li
and Pearl, 2005; Nava and Judith, 2007). Explainable
approaches can be classified into two categories:
model-intrinsic and model-agnostic (Zachary, 2018).
In the former, an explanation is offered as part of the
recommendation process, but in the latter, the
explanation is supplied after the suggestion has been
made. The method we discussed before (Yikun et al.,
2019) could be an inherent explanatory method. In
contrast, as a model-agnostic example (Xiting et al.,
2018), RL is used to explain various recommendation
approaches. The method employs a pair of agents,
one of which is in charge of generating explanations
and the other predicts whether the given explanation
is satisfactory to the wuser. Debugging the
unsuccessful RS (Xiting et al., 2018) is one intriguing
application of explainable suggestion. That is, with
the explanations supplied, we can follow the cause of
problems in our system and determine which sections
are malfunctioning. Only ref. (Yikun et al., 2019)
supports an explainable recommendation among the
RLRSs assessed in this survey, indicating that there is
a gap in this area and that further attention is needed
in the future. In conclusion, we feel that explainable
recommendations are essential in the future
generation of RSs, and that RL may be effectively
used to generate better explanations.

Finally, RLRS evaluation should be enhanced. To
learn what to do, an RL agent must directly interact
with the environment. This is analogous to an online
study for an RS; that is, the RS algorithm creates
recommendations and receives user responses in real-
time. Nonetheless, with the exception of a few
approaches discussed (Eugene et al., 2019; Minminet
al., 2019), the majority of the works use an offline
study for evaluation. This is especially because of the
high price of online research, as well as the high risk
of implementing an RLRS to optimize its
recommendation strategy for most organizations. As
a result, offline evaluation, utilizing accessible
datasets or simulation, is critical for RLRSs
evaluation.

The future research could focus on different areas.
For instance, dealing with one of the most significant
issues is keeping track of all users' global and local
states. Proposing and implementing RLRSs capable
of managing large state space is a research subject
that is rarely explored.



9 CONCLUSIONS

We offered a complete and up-to-date survey of
RLRS:s in this work. We emphasized the importance
of DRL in changing the research direction in the
RLRS field and, as a result, categorized the
algorithms into two broad categories: RL- and DRL-
based approaches. Following that, each broad group
was subdivided into sub-categories based on the RL
algorithm employed, such as Q-learning and actor-
critic. We feel that research on RLRSs is in its infancy
and that significant progress is needed. Both RL and
RSs are active research topics that are of particular
interest to large corporations and industries. As a
consequence, we may anticipate new and intriguing
models to emerge each year. Finally, we believe that
our survey will help researchers understand crucial
concepts and progress in the field in the future.
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