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This study's object is the process that improves efficiency and accura-
cy in delivering personalized recommendations to users in systems based
on reinforcement learning.

The principal task addressed in the study is to improve recommen-
dation adaptation and personalization by assigning a dedicated agent
to each user. This approach reduces the influence of other users’ activity
and allows for more precise modeling of individual preferences.

The proposed approach employs an Actor-Critic model implement-
ed using the Deep Deterministic Policy Gradient algorithm to achieve
more stable training and maximize long-term rewards in sequential
decision-making processes. Recommendations are generated using the
unique characteristics of items that are based on users’ historical inter-
actions. Neural networks are trained with separate parameter configu-
rations for single-agent and multi-agent models.

Experimental results on the MovieLens dataset demonstrate the supe-
riority of the multi-agent model over the single-agent baseline across key
evaluation metrics. For top-5 recommendations, the multi-agent model
achieved improvements of + 4% for Precision@5; + 0.32% for Recall@5;
and + 2.92% in Normalized Discounted Cumulative Gain NDCG@5. For
top-10 recommendations, gains were + 1% for Precision@10; + 0.18% for
Recall@10; and + 1.14% for NDCG@10, respectively.

Simulations for individual users showed that the multi-agent model
outperformed the single-agent baseline in 66 out of 100 cases in terms
of cumulative reward. The proposed system demonstrates effectiveness
in capturing user preferences, improving recommendation quality, and
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1. Introduction

In today’s digital world, the rapid growth of online
services such as media platforms, news resources, and
e-commerce has led to a significant increase in the amount
of information and content available to users. Thousands of
new books, films, games, and other types of digital products
are released every year, making it much more difficult to
select relevant content based on users’ individual interests
and preferences. This volume of information requires signifi-
cant time and intellectual resources to analyze and compare,
making the decision-making process laborious and ineffi-
cient. Whereas a decade ago, choosing a book, TV series,
or electronic device was easy due to the limited number of
available options, today consumers must carefully analyze
reviews, comments, specifications, and other details to make
the best decision. To overcome these difficulties, recom-
mendation systems employing a wide range of algorithmic
approaches are being actively developed and implemented.
Such systems analyze the history of users’ interactions with
information resources and provide personalized recommen-
dations. Recommendation systems play a key role in digital
business, as they can influence consumer behavior and,
consequently, increase company profits. Virtually all modern
digital platforms use recommendation algorithms to increase
profitability and improve user experience.

In this context, recommendation systems based on re-
inforcement learning and deep neural networks are partic-
ularly promising. These approaches are gradually replacing
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conventional approaches such as matrix factorization [1],
content-based filtering [2], Naive Bayes classifier [3], and
multi-armed bandit methods [4]. The main limitations of
classical methods are the assumption of static user prefer-
ences, which are actually dynamic, and the focus on short-
term interactions (e.g., clicks or likes), which often ignore
the long-term value of user activity. Reinforcement learning
allows one to formalize the recommendation process as
a sequential decision-making problem, within which the
system learns to optimize the reward based on long-term in-
teractions with users. Reinforcement learning algorithms are
classified into two categories: policy-based, which study the
correspondence between states and actions, and value-based,
which determine the expected reward for actions and choose
the most beneficial one. In order to combine the advantages
of both paradigms, the Actor-Critic model [5] was devised,
which combines policy optimization with value estimation.
Deep Deterministic Policy Gradient approaches (DDPG) [6]
are applied to recommendation problems by representing the
states of users and objects within a continuous vector space.
These methods and approaches have gained considerable
popularity due to their ability to analyze consistent user
behavior and adapt to changes in their interests. Leading
technology companies such as Google, Microsoft, Amazon,
and Netflix are actively implementing these approaches,
providing effective recommendations. Machine learning
demonstrates exceptional capabilities in environments where
dynamic modeling and planning of long-term engagement
play a key role. Despite these advantages, most early research




focused on single-agent models that did not take into account
the complexity of practical applications.

In multi-agent environments, numerous independent
agents, which can represent different recommendation mod-
els, system components, or user profiles, simultaneously
train and interact in a shared environment. Multi-agent
systems are characterized by scalability, which allows agents
to be changed or added without affecting the work of others,
as well as stability and autonomy, which ensure their ability
to work independently without human intervention. This
creates additional challenges, in particular, the problem of
environmental instability for each individual agent due to
the constant updating of policies by other agents. In addition,
ensuring effective coordination and information exchange
between decentralized agents without compromising scal-
ability and performance remains a difficult task.

Thus, developing and exploring multi-agent-based rec-
ommendation systems is a relevant and promising area that
combines advances in machine learning and content per-
sonalization under conditions of growing data volumes and
information load.

2. Literature review and problem statement

In [7], the results of research on the development of the
multi-agent model Multi-Agent Collaboration Framework
for Recommendation (MACRec) are reported. The model
uses specialized agents (manager, analyst, reflector, search-
er, task interpreter) with the support of a large language
model (LLM) to perform a wide range of recommendation
tasks. It is shown that the use of agents with different roles
facilitates the effective resolution of complex tasks through
distribution and adaptive interaction. However, issues related
to the performance of the approach with limited computing
resources or in real-time scenarios remain unresolved. The
reason is the complexity of calculations since LLM agents
require significant computational resources and memory.
An option to overcome these difficulties may be the use of
simpler models or hybrid configurations.

In [8], the multi-agent model Category-aware Dual-agent
Reinforcement Learning (CADRL) is proposed, in which two
agents interact: the first generates recommendations based
on current knowledge, the second provides them to the user
in an understandable form. It is shown that this approach
increases trust in the system due to the transparency of de-
cisions. At the same time, the question of the adaptability of
such a system remains open: the two-agent model focuses
primarily on explaining the results but does not take into
account the diversity of interests of each user separately. This
is due to the difficulty of simultaneously ensuring the clarity
of decisions and the flexibility of adaptations to individual
needs. A solution may be to expand the multi-agent archi-
tecture so that individual agents are responsible for specific
users.

In [9], the MATCHA architecture was developed, in
which several agents cooperate in a dialog system, perform-
ing various tasks - from processing requests and selecting op-
tions to explaining results and controlling their reliability. It
was shown that such coordination between agents improves
the quality of recommendations in dialog environments.
However, here too, the issues of individualization remain
unresolved: agents specialize by functional roles, not by us-
ers, which limits the system’s ability to take into account the

long-term interests of a particular person. A possible way to
overcome this problem is to move from functional specializa-
tion of agents to user specialization where each agent learns
based on the behavior of its user.

In [10], the Multi-Agent Deep Deterministic Policy Gra-
dient (MADDPG) algorithm is presented, which extends the
Actor-Critic approach to the conditions of cooperative and
competitive interaction environments. The approach uses
the concept of centralized learning and decentralized exe-
cution, which allows agents to coordinate their parameters
during training based on the actions of other agents, and
demonstrate coordinated behavior. Such a structure solves
the problem of instability in an environment of many agents
and demonstrates high stability when performing various
tasks. However, despite its effectiveness, MADDPG remains
sensitive to scaling the number of agents, which limits its
application in large systems. In addition, the need for central-
ized access to the actions of all agents in the training phase
poses challenges for using this approach in privacy condi-
tions, which is often encountered in real systems. The reason
is the objective difficulties associated with the exponential
growth in computational costs with a linear increase in the
number of agents and the need for a significant amount of
training data. An option to overcome these difficulties may
be the use of distributed learning methods and model com-
pression. This is the approach used in [11], but it also has its
own limitations.

In [11], the Multi-Agent Recommender System (MARS)
algorithm is considered and the results of research on various
decentralized machine learning algorithms using communi-
cation between agents are reported. It is shown that adaptive
information transfer between agents makes it possible to re-
duce the load and preserve the quality of collaborative learn-
ing and outperforms five existing models of recommender
systems. However, each agent uses different machine learn-
ing algorithms, which complicates the architecture and per-
formance. In addition, issues related to the sensitivity of the
employed algorithms to delays that occur in real-world tasks
remain unresolved. Furthermore, the aspect of personaliza-
tion in the product trading system has not been addressed.

In [12], three decentralized Multi-Agent Natural Actor-Crit-
ic (MAN) algorithms are proposed that use natural gradients
and function approximation to optimize a shared model without
a central agent. The authors provide theoretical information on
convergence and demonstrate the effectiveness of their methods
in reducing network congestion in transport systems. At the
same time, the practical implementation of MAN in complex dy-
namic environments with a high degree of stochasticity in user
behavior still remains an open question. Moreover, the issue of
agent personalization in MAN is not considered, which limits
the scope of its application in personalized recommendation
systems. The reason is the use of a significant amount of com-
puting resources, making the algorithm unsuitable for large-
scale deployment. An option to overcome the difficulties may
be the use of approximation methods and stochastic estimates
of the natural gradient. This is the approach used in [13], which
reports the results of research on approximation methods for
reducing computational complexity in multi-agent systems for
the field of e-commerce. However, it does not completely solve
the scalability problem, as issues related to error accumulation
during approximation remain unsolved due to the inability to
accurately reproduce the true gradient in large-scale systems.

In [14], the results of research on a multi-agent recom-
mendation system in which responsibility is distributed



among agents for individual product categories without com-
munication are given. It is shown that the absence of direct
communication between agents reduces computational costs
and facilitates scaling without significant loss of accuracy.
However, issues related to the problem of initial recommen-
dation for new users remain unresolved. The reason is the
difficulties associated with the lack of sufficient information
for the initial recommendation. An option to overcome the
difficulties may be to combine decentralized methods with
centralized mechanisms for policy initialization. A similar
approach is used in [15], which presents the DANSER multi-
agent system for streaming services. However, the high com-
plexity of the architecture and the long duration of training
complicate its use in real time.

All this suggests that it would be appropriate to conduct
research aimed at searching for scalable, personalized, and
user-oriented multi-agent algorithms for recommender sys-
tems. Notably, previous studies have not yet solved the problem
of balance between personalized recommendations and infor-
mation exchange within the entire system in a scalable and
adaptive manner. This uncertainty emphasizes the presence
of a general open question in the field. There is no integrated
multi-agent recommender system based on the Actor-Critic
model that is able to provide individual recommendations for
each user and effectively solve the task of generating recom-
mendations at the initial stage of use. Such a system should
not depend on a large number of computational resources and
make recommendations as quickly as possible.

3. The aim and objectives of the study

The aim of this study is to design a multi-agent adaptive
recommendation system based on reinforcement learning to
increase efficiency and accuracy in providing personalized
recommendations. This approach aims to improve the accu-
racy of recommendations and ensure flexible consideration
of individual user preferences. The expected outcome is an
increase in the relevance of recommendations for individual
users in a dynamic environment, as well as the potential for
further integration of the developed model into real-world
information systems.

To achieve the goal, the following tasks were set:

- to select an experimental data set and implement meth-
ods for constructing multidimensional vector representations
of elements based on the unique characteristics of each object;

- to develop both centralized and decentralized rein-
forcement learning models for recommendation tasks based
on the Actor-Critic, with the goal of conducting subsequent
experimental comparison;

- to perform training and testing of the proposed multi-
agent decentralized system in a simulated environment using
the selected experimental data set;

- to compare effectiveness of the proposed model with
a baseline single-agent approach by applying appropriate
evaluation metrics.

4. The study materials and methods

The object of this study is the process of improving the
efficiency and accuracy of delivering personalized recom-
mendations to users in systems, that employ reinforcement
learning. The principal hypothesis of the study assumes that

the combined use of decentralized agents and a shared agent,
trained using the Actor-Critic model and the deep deterministic
policy algorithm could make it possible to increase the quality
and adaptability of recommendations for each individual user.

The work assumes that user preferences can be effec-
tively reflected in a multidimensional space and that recent
interactions have a greater influence on the formation of
recommendations. The study uses a simplification, according
to which interactions between users and system elements are
described by a single numerical vector that incorporates both
the unique properties of the items and user’s past actions.

A number of methods were used to conduct this study.
In particular, the method of multiple correspondence anal-
ysis (MCA) [16] was applied to process categorical data,
which makes it possible to display the relationships between
discrete features in the form of multidimensional vector em-
beddings. MCA makes it possible to detect hidden dependen-
cies in the input data and reduce redundancy. To reduce the
dimensionality of multidimensional vectors formed during
preprocessing, the probabilistic principal component analysis
method (Probabilistic PCA, PPCA) [17] was applied. Unlike
the classical method of principal component analysis, PPCA
is based not only on linear transformation of data but also on
constructing a latent model that takes into account the stochas-
tic nature of observations. This approach makes it possible not
only to extract components that explain the largest proportion
of variance but also to correctly process data containing missing
values or noise. The use of MCA and PPCA is justified by the
fact that the first method is effective for analyzing categorical
variables, while the second provides a more flexible and reliable
representation of high-dimensional numerical vectors, mini-
mizing information loss and improving model generalization.

For natural language processing, a modern trans-
former model, Robustly Optimized BERT Pretraining Ap-
proach (RoBERTa), was chosen [18]. The model was devel-
oped by Facebook AT as an improvement over Google’s BERT
model through the optimization of the pretraining process
and efficient work with large amounts of text data. The use
of this particular model is explained by its high quality in
semantic text representation tasks, in which it demonstrates
better accuracy compared to other modern models.

Three main metrics were used for the comparative anal-
ysis of centralized and decentralized models: Precision@k,
Recall@k, and NDCG@k [19]. Precision@k determines the
proportion of relevant elements among the first k recom-
mended items and is defined by the following formula

Precision@k =%Zk:rel(i). €))

i=1

In formula (1), rel(i)=1 if the i-th recommendation is rel-
evant, and rel(i)=0 otherwise. The Recall@k metric reflects
the system’s ability to find all relevant elements among the
top-k results and is defined by the following formula

k
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In formula (2), rel.pu, is the total number of relevant
items for the user. The NDCG@k (normalized DCG) metric
evaluates the quality of the ranking of recommended items,
assigning greater weight to correctly identified elements
placed at higher positions and is calculated as
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The use of these metrics makes it possible to carry out
a comprehensive assessment of the quality of recommenda-
tions. In particular, Precision@k evaluates the proportion
of relevant elements among the top-k proposed ones and
characterizes the accuracy of the selection. Recall@k cal-
culates the total number of relevant elements and allows for
an assessment of the completeness of coverage. NDCG@k
takes into account not only the presence of relevant elements
but also the order of their placement in the list, enabling an
assessment of the elements ranking.

The experimental part of the study was performed in
a specially created environment developed in the Python
programming language, version 3.12 (USA). Reinforcement
learning models, training and evaluation functions were
implemented using the PyTorch library. Additional libraries
were used to generate a vector representation of objects,
calculate metrics, and build the environment itself, including
scikit-learn, Prince, and SciPy. The matplotlib library was used
to build plots. Actor-Critic neural networks were trained using
the DDPG algorithm. A separate module was built for batch
data processing for both training and testing.

The experiments were conducted on a personal computer
with GPU acceleration. The hardware configuration included
an eight-core Intel Core i7-9700K processor (USA), 32 GB
of DDR4 RAM, and an NVIDIA GeForce GTX 1650 graphics
card with 4 GB of GDDR5 memory. The main operating sys-
tem is Ubuntu 24.04. All calculations were performed locally
without involving cloud computing resources.

5. Research results regarding a multi-agent
personalized recommendation system

5.1. Experimental dataset and vector representa-
tion of elements

To evaluate the effectiveness of applying multi-agent
reinforcement learning in an environment that is as close as
possible to real-world recommendation systems, the Mov-
ieLens dataset [20] was used. This dataset is maintained by
the GroupLens research group and is available in different
variations depending on the number of user ratings: 100K
(100,000), 1M (1,000,000), and 32M (32,000,000).

The dataset contains real user ratings from the web-
site of the same name for films on a scale from 0 to 5. The
last update of the dataset was published in April 2024. In
addition to the ratings, detailed characteristics about each
film need to be collected to build the corresponding vector
representations, train, and verify the models. To this end,
external services are integrated, such as the Internet Movie
Database (IMdb), which is one of the most recognizable re-
sources about films. In particular, the OMDb API and TMDb
API application programming interfaces are used to collect
data. The first contains detailed data from the IMdb website,
and the second is an open interface to another popular film
service called The Movie Database.

To uniquely identify each film in the set, the following
attributes are used: director, year of release, budget, popular-
ity metrics, ratings (IMDb, TMDb, Metascore, Rotten Toma-

toes), plot, genres, spoken languages, countries of production,
total revenue, and others. This variety of features allows the
system to accurately distinguish objects with similar charac-
teristics, which generally improves the quality and accuracy
of recommendations.

To process data using neural networks, it is necessary to
transform complex and diverse film features into numerical
vectors, known as embeddings [21]. The purpose of this
transformation is to preserve the unique characteristics of
each object and at the same time allow the system to find
elements with similar properties using comparative metrics,
such as Euclidean distance, cosine similarity, and Manhat-
tan distance. In this section, a methodology for constructing
high-quality embeddings based on various properties and
determining the optimal dimension for such a representation
is described. Film properties can be conditionally divided
into three main types:

1) numerical data (e.g., release year, ratings, number of
votes, budget, revenue, duration, etc.);

2) categorical data (e.g., genres, languages spoken, coun-
tries of production, age rating, directors, etc.);

3) textual data (e.g., plot descriptions from IMDb and
TMDb).

A total of 12 numerical features were obtained, including
numerical ratings, number of votes, Rotten Tomatoes and
Metacritic ratings, budget, revenue, and popularity metrics.
These features are further encoded using PPCA to reduce
dimensionality and preserve informativeness. The result of
this process is a multidimensional vector representation of
the numerical features.

Categorical features are processed using MCA. This
transformation allows one to detect patterns among prop-
erties such as age rating, directors, genres, spoken lan-
guages, countries of production, and companies. The
initial combination of categorical features forms a vector
representation of nearly 400 features. To ensure integra-
tion with other feature types and reduce computational
complexity, the MCA method is applied to these features,
which reduces the dimensionality of the representation to
smaller-sized vectors.

The modern RoBERTa transformer model is used to en-
code text data. Plot descriptions from IMDb and TMDb are
concatenated, separating them with a space mark. After that,
the merged text is fed into the RoOBERTa model to generate a
semantic vector representation.

In the final stage, all three vector representations gener-
ated from numeric, categorical, and text features are merged,
and PPCA is applied again to reduce the dimensionality of
the final vectors. An empirical evaluation was conducted
using different dimensions of the vector representation,
including 64, 128, 256, and 512. Among them, according to
performance and benchmarking criteria, such as the t-dis-
tributed stochastic neighbor embedding (t-SNE) depicted
in Fig. 1, embeddings with dimension 128 showed the best
balance between computational efficiency and representa-
tion informativeness.

The increase in dimensionality leads to a significantly
higher consumption of computer resources mentioned earli-
er. That is why the use of 128 dimensions is sufficient for ac-
curate discrimination of films in a large data set. To compare
two vectors with each other, this work uses the Euclidean
distance as the basic metric for vector correlation. For practi-
cal implementation, a Python class was created to construct
vector representations of elements.
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Fig. 1. t-SNE comparison of different embedding dimensions:
a — 64 features; b — 128 features; ¢ — 256 features; d — 512 features

5.2. Construction of a centralized and decentral-
ized models of reinforcement learning

In this study, a model is proposed in which each user
is assigned a separate independent agent, which makes
it possible to minimize the influence of interactions of
other users on the results of individual recommendations.
Fig. 2 depicts the interaction between a user and their
agent within a certain environment, modeled as a Markov
decision process (MDP) [22].

Formally, an MDP is defined as a tuple of five elements (S,
A, P, R, y), where S is the state space, A denotes the set of ac-
tions, P: S X A X S — [0, 1] is the probability of state change,
and R:SXAXS— R is the reward function. The discount
factor y € [0, 1] determines the importance of short-term and
long-term rewards: if y = 0, then only short-term rewards are
taken into account, and when y = 1, long-term and immedi-
ate rewards have the same weight in calculating the benefit.

At each step, the agent observes the current state of the user
s; and the reward r; received for the previous interaction,
and then generates the next action. Each agent receives user
preference data and generates recommendations in order to
maximize the immediate reward r;, from the transition of the
user’s state from s; to s;41. After receiving recommendations,
the user provides feedback, for example, in the form of a rat-
ing, which is then used to update their current state.

For practical implementation, two separate environments
were created: centralized (single-agent) and decentral-
ized (multi-agent). Both environments are implemented
as independent classes in the Python programming envi-
ronment. Both implementations have common resources:
access to user data, their ratings, metadata about films,
vector representations, algorithms for calculating metrics,
as well as mechanisms for training and generating recom-
mendations.




State:

St = f(Ut)

Reward:

e = Q(s¢,a4)

Action (Recommendation):

Y

Personal Agent
(Recommender)

ar = p(st)

Fig. 2. Recommendation environment represented as an MDP

In a centralized environment, only one agent operates.
It learns based on interactions with all users and forms rec-
ommendations using the accumulated common experience.
The weights of the Actor and Critic neural networks in this
case are stored in common files, ensuring a unified strategy
for all users.

In a decentralized environment, there exists a set of
agents, each corresponding to an individual user. The
weights of the networks are stored in independent

risk of overfitting the model. The idea of this architecture
was adapted from [23] with modifications that include adding
extra fully connected layers, changing hyperparameters, and
changing individual activation functions. The modifications
to the architecture are depicted in Fig. 3 as orange blocks out-
lined by a dashed border. In Fig. 3, the input feature dimen-
sionality for each fully connected layer is indicated on the
left, while the output dimensionality is shown on the right.

files tied to the unique identifier of a particular
user. However, complete isolation of agents may
limit access to common experience. To mitigate
this problem, a shared agent was added. This
central agent accumulates information from all
users and helps overcome the “cold start” problem
by providing relevant recommendations in the
early stages of interaction. Personal agents in a
decentralized environment are adapted versions

of the shared agent. They are additionally trained Dropout Dropout
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The result of the implementation is a recommen-
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dation system that includes two isolated environ-

Marked

tems

ments: centralized and decentralized. Each of
them provides agent training, recommendation
generation, metric computation, and visualization
of loss dynamics.

To build each individual agent in both environments,
proposed system uses the popular Actor-Critic architectural
model, which consists of two neural networks:

- Actor network. It is focused on learning a policy in or-
der to generate recommendations that meet the user’s current
preferences. Its output is a vector representation that reflects
the user’s current needs as closely as possible;

- Critic network. It uses Q-learning to optimize the
recommendation list generation by maximizing user engage-
ment, and the output of this network is a scalar reward value.

The architecture of these networks, as shown in Fig. 3,
includes a state representation module, several fully con-
nected layers, a ranking procedure, and the use of Dropout
mechanisms that randomly deactivate signals to reduce the

Actor Critic

Fig. 3. Architecture of the Actor and Critic networks

The Actor network, also known as the policy network,
is shown on the left in Fig. 3. For a given user, this network
is responsible for generating action a based on current state
s. Initially, the user state is formed using vector representa-
tions of the k most recent objects, with which the user has
positively interacted, and which are the input data of the
network. These vectors are processed by the state represen-
tation module, resulting in the formation of generalized state
s, = f(Uy); in this study - through a simple concatenation of
vectors and ratings. The generalized state s, is input to three
fully connected layers with ReLU (Rectified Linear Unit)
activation. Next, this state passes through a fully connected
layer with a hyperbolic tangent activation function, resulting
in the formation of action a, = p(s;), which is the final output



of the Actor network. The resulting action a is considered as
a vector a € R™" which defines the ranking function. Based
on the comparison of the calculated scores for all items in the
dataset, the user is offered the top-k items with the highest
scores according to the selected metric. When the agent offers
an item and receives feedback, the state is updated to the next
step s¢r1 = f(Up41), and the process is repeated.

The Critic network, also known as the value network,
is shown in the lower right part of Fig. 3. It is implemented
in the form of a deep Q-network and uses a deep neural
network to approximate the function Q(s, a,), dependent
on the state and action, and known as the Q-function. This
function evaluates the quality of the recommendation gen-
erated by the Actor network. Specifically, the Critic takes as
input the user state s, generated by the state representation
module, together with the action a; generated by the Actor.
This network returns a Q-value, represented as a scalar val-
ue. Based on the estimated Q-values, the parameters of the
Actor network are updated in order to improve the quality
of the generated actions. The goal of this process is to max-
imize the Q-value.

5.3. Training procedure

The recommender system is trained using DDPG, which
involves the construction of initial and target networks,
ensuring a more stable model. This approach combines the
advantages of reinforcement learning and deep learning
methods, creating a scalable and adaptive system focused on
individual user needs. In this approach, the policy (Actor)
and value (Critic) networks are optimized simultaneously.
The goal of training is to find an approximate recommenda-
tion that maximizes long-term user engagement and satisfac-
tion. The training procedure varies depending on whether
the agent is shared or personalized.

The initial Actor network is denoted as 7y(s) and param-
eterized by vector 6; the initial Critic network is denoted as
Qg(s,a) and parameterized by vector ¢, where s is the state, a
is the action. Accordingly, the target networks are denoted as
mg(s”) for the target Actor and Qg (s’,) for the target Critic.
The goal of the Critic network is to minimize the root mean
square error between the predicted Q-value and the target
Q-value calculated using the Bellman equation

LCVilic (¢) = E(S,a,r,S')~D |:(Qll> (S’a) - y)2:|' (4)

In formula (4), y = r + yQg (s’, we(s")), r is the immediate
reward, E is the expectation operator reflecting the mean
value of the function over a given distribution. D is the expe-
rience replay buffer, y € (0,1] is the discount factor, and ¢’, 6’
are the parameters of the target networks, which are updated
gradually using the soft update mechanism. The target net-
works stabilize learning due to the slow shifting of the target
values in time-difference learning (TD-learning). The Actor
is optimized using the gradient theorem of the deterministic
policy. The gradient of the expected reward J(0) is approxi-
mated as

V,J(6)=E,,|V.,0,(sq)

a=;z5(s)'va”e(s):|‘ )

The Actor network learns to choose actions that, accord-
ing to the Critic’s prediction, will lead to high rewards. In
practice, the loss function for the Actor network is defined
as the negative expected value of the Q-function with the
current policy

Ly (8)==Es_p I:Q¢(S,7IH(S)):|. ©®

Both networks are optimized using the Ranger optimizer,
which combines Rectified Adam (RAdam) with Lookahead
to improve stability and convergence. Dropout regularization
with a probability of 10% is also used, which prevents over-
fitting by randomly deactivating neurons during training.
For the centralized agent, the learning rate is set to 1-107 for
both Actor and Critic networks, the regularization coeffi-
cient is set to 1-10°2 for the Critic and 1-10" for the Actor. For
the personalized model (user-oriented), the learning rate is
increased to 1-10* for both networks to strengthen the influ-
ence of gradients obtained from user data.

The gradient backpropagation process in the Actor net-
work uses a gradient clipping in the range [—1, 1] to avoid the
exploding gradient problem, which can make the training
process unstable and divergent. The Critic’s losses are cal-
culated at each training step, while the Actor is updated less
frequently (every 10—15 steps), taking into account the slower
dynamics of policy update. The target networks Qg and g
are updated using soft updates, defined as

9+(1-7)¢' > ¢,10+(1-7)0 - 6. (7

For the centralized model, T = 1-1073 is set in formula (7),
which allows the target networks to gradually converge with
the main ones without destabilizing the learning process.
For the decentralized model, this parameter in formula (7)
is reduced to 1=110"* to ensure greater stability in the
training of the target networks. The specified hyperparame-
ters (learning rate and 7) were selected empirically to ensure
stable convergence in both the global and personalized learn-
ing models.

In the centralized architecture, the model is trained on
batches of interactions (batch processing) selected from the
general user population. Each batch includes data from sev-
eral users (e.g., 25 users), which allows the model to learn a
general behavioral strategy that reflects common behavioral
patterns. This approach promotes generalization but may not
take into account individual preferences.

In a decentralized architecture, the general model is
further trained using interaction data from a specific user.
The training process involves multiple passes over the same
interaction history, which compensates for the data sparsity.
To enhance the influence of this information, the loss func-
tion can be scaled, or the learning rate can be temporarily
increased. In this study, the learning rate increase mentioned
earlier is applied.

These two approaches reflect the core idea of the pro-
posed model: centralized training provides scalability and
consistency, while additional decentralized training provides
personalization and local adaptation. Initializing personal-
ized agents based on a shared model allows combining the
advantages of both paradigms. It is worth noting that the
Actor-Critic architecture is identical for both single-agent
and multi-agent environments.

From the MovieLens 32M dataset, approximately 3.6 mil-
lion ratings from 30,000 users were used. For this dataset,
ratings greater than 2.5 are considered positive, while those
less than 2.5 are considered negative. To construct the reward
function, the ratings were empirically normalized to the
range [-1, 1] and used as feedback from the received recom-
mendation. Thus, the reward function can be defined by the
following formula
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In formula (8), r;;(t) is the score from the interaction of
user i with element j at time ¢.

In the experimental study, 80% of all interactions
(i.e.,data from 24,000 users, which is 3.34 million ratings)
were used for training, and the remaining 20% (6,000 us-
ers, 330,000 scores) were used for testing. The sampling
was done randomly. Additionally, 100 users were random-
ly selected from the test set, for whom individual agents
were trained, enabling the simulation of a personalized
environment. In such an environment, for each user, 70%
of his interactions were used for training, and 30% for eval-
uating the decentralized model. The value of the discount

factor in formula (4) y = 0.99. The training of the shared
agent was carried out for 20 epochs and lasted 9 minutes
and 40 seconds. The personalized agents were trained for
an additional 20 epochs in an average of 6 seconds. The
policy and Q-values losses when training the Actor-Critic
model using the shared agent are shown in Fig. 4. For
comparison, the corresponding losses for the personalized
agent are shown in Fig. 5.

Only offline simulations were conducted. The complete
training of individual agents and the comparison of ap-
proaches across 100 test users took 5 minutes and 28 seconds.
To store the networks weights of all these users within the
simulation, an additional 700 MB of memory is required each
time. The list of users for comparison is generated randomly
at each simulation launch.
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5. 4. Metrics evaluation

To compare the multi-agent and single-agent approaches,
the metrics Precision@k, Recall@k, and NDCG@k were
used as the basic metrics. To select the top-k elements, 5 and
10 were selected for comparative analysis. Tables 1, 2 give the
results from the simulation, with the best values correspond-
ing to the personalized model.

It is important to emphasize that the multi-agent model
orders recommendations more effectively, placing items with
higher scores at the beginning of the list, which indicates its
adaptability to user preferences and behavior, as it was addition-
ally trained on the user’s personal data. It is also noteworthy
that the first recommended item coincides in both lists. The
experiment was repeated 100 times for this user. In 74 cases, the
decentralized model achieved a higher or equal total reward,
of which in 66 cases it outperformed the centralized model for
each individual recommendation, and in 8 cases both models
gave the same result. Thus, the multi-agent system demonstrat-
ed a superior ability for personalized adaptation over time, gen-
erating more relevant and prioritized recommendations.

Table 1
Comparing metrics on a dataset of 5 elements
Model Precision@5 Recall@5 NDCG@5
Central 0.81 0.1038 0.8173
Personalized 0.85 0.107 0.8465
Difference + 0.04 + 0.0032 + 0.0292
Table 2
Comparing metrics on a dataset of 10 elements
Model Precision@10 Recall@10 NDCG@10
Central 0.847 0.2161 0.8487
Personalized 0.857 0.2179 0.8601
Difference + 0.01 + 0.0018 + 0.0114

Results indicate that the personalized multi-agent environ-
ment demonstrates higher efficiency compared to the central-
ized model in all metrics. In particular, the improvement in Pre-
cision@k and Recall@k indicates the ability of the decentralized
model to more accurately identify relevant items. Higher values
of NDCG@k indicate that relevant recommendations are more
often at the top of the list. The results are confirmed by repeated
simulations, and the multi-agent system consistently demon-
strated an advantage. The data obtained demonstrates that the
decentralized, user-oriented model not only finds appropriate
content with greater accuracy but also assigns it higher priority.

In addition, a simulation was also conducted for a single
user to directly compare the total reward received in centralized
and decentralized environments. The previously calculated
metrics Precision@k, Recall@k, and NDCG@k are focused on
evaluating the relevance of items within a sample of multiple
users. In contrast, the following comparison is based on the
analysis of the rewards (ratings) received from a single user
when applying the multi-agent and single-agent approaches. For
this purpose, user number 17035 was randomly selected from
among the users with the largest number of ratings. This user
left a total of 4772 ratings. One recommendation of 10 items was
generated for the current state of the user using both models,
which made it possible to assess the difference in the quality of
the recommendations. The results are given in Table 3.

6. Discussion of results based on studying the multi-
agent adaptive recommendation model

The results of this study demonstrate the advantages of
using a multi-agent approach with the Actor-Critic architec-
ture for building recommendation systems. The loss function
plots shown in Fig. 4,5 show stable convergence on both
training and test data, which indicates effective matching of
model parameters and the absence of overfitting. A smooth
decrease in the loss values during the training process, as
well as their stability on validation data, indicates effective
generalization of models. In addition, this indicates the ca-
pability of the proposed architecture to adapt to new data in
both centralized and decentralized approaches.

According to the comparison in Tables 1, 2, the selected ar-
chitecture provides better results than the results of operating
a single-agent architecture only in cases of a small number of
elements that are allocated for generating a recommendation.
In other cases, the use of the selected architecture does not
provide significant advantages over the use of the conventional
single-agent architecture. However, such scenarios with a lim-
ited number of recommended elements are the most typical for
real-world applications, so the proposed approach has practical
value. This improvement is explained by the decentralized
structure of the multi-agent model, which allows each user to
interact with a separate independent agent. Such a distribution
reduces the influence of other users’ behaviors, which is a
known limitation of many centralized systems.

Unlike the multi-agent approaches considered
in [7, 10, 12, 15], the proposed architecture is based on a
simplified model that contributes to increased performance,
optimal use of computing resources, and reduced memory
costs. Unlike [9], in which the multi-agent system is orga-

nized by functional roles, the proposed

Table 3 architecture is focused on personalized
Comparative simulation for one user interaction with individual users. Un-
- - - - - like a similar approach studied in [10],

No. | Recommendation (Central Agent) | Rating | Recommendation (Personalized) | Rating . . . .
— — which focuses primarily on mixed coop-
1 Rich in Love (1992) 1 Rich in Love (1992) 1 erative-competitive tasks, the proposed
2 The Man in the Moon (1991) 2 Underneath (1995) 3 model is focused on pe’rsonalized rec-
3 The Siren (2019) 2.5 Between Us (2012) 33 ommendation scenarios with continuous

4 Leap of Faith (1992) 3 Run with the Hunted (2019) 3 individual adaptation
5 Boiling Point (1993) 0.5 Beautiful Girls (1996) Compared to [11], where each agent
6 | Ain’t Them Bodies Saints (2013) 2 The Siren (2019) 2.5 uses different machine learning algorithms,
7 Between Us (2012) 3.5 Don’t Breathe 2 (2021) 3.5 the proposed system provides a unified
8 Return to Paradise (1998) Twins (1988) 3.5 model with a single learning policy. This
9 Ghost (1990) Bless the Child (2000) 2.5 approach increases stability and reduces
10 Don't Breathe 2 (2021) 3.5 The Keep (1983) 2.0 both training and recommendation gener-
Total reward 21 Total reward 26.5 ation time.




Compared to works [8, 12], which do not pay much atten-
tion to real-time personalization within a multi-agent environ-
ment, the proposed model gradually updates the user’s policy
according to new interactions. Unlike [12], the proposed model
uses a shared agent. In addition, this study applies custom
mechanism for constructing vector representations based on
the unique features of elements. This allows the recommenda-
tion process to improve as the amount of data grows.

Compared to work [13], which focuses on the approxima-
tion of natural gradients, which leads to the accumulation
of errors in large systems, the proposed architecture imple-
ments error control mechanisms and agent independence,
which provides more stable learning and increased accuracy
of recommendations.

Work [14], similar to the proposed model, ignores com-
munication between agents to reduce the computational
load, but this limits the system’s ability to adapt to new users.
Instead, proposed system integrates decentralized agents
with centralized initialization mechanisms, which allows
to effectively solve the problem of recommendation for new
users and provides better adaptability.

Unlike [15], which uses complex architecture with a long
training time, the proposed model has a simplified structure
with a focus on efficiency and real-time application, which
makes it more practical for large systems. In the proposed
system, a recommendation of 10 items occurs in less than
one second.

The results obtained, given in Table 3, demonstrate the
adaptability of the proposed approach to individual user
preferences and allow to partially resolve the problem that
works [7-15] could not fully cover in terms of personalization
and decentralization. The proposed approach provides an ef-
fective compromise between personalization and decentraliza-
tion, which is confirmed by experiments with different learn-
ing policies and the use of independent agents. One hundred
repetitions of the simulation for a random user showed a stable
advantage of the multi-agent system in 66% of cases, which
further confirms its effectiveness compared to the single-agent
approach. Identical results in 8% of cases and worse in 26% of
cases can be due to the adaptive behavior of the model.

Therefore, to solve the tasks of centralized and imperson-
al recommendations, this study has proposed a system based
on multi-agent reinforcement learning. This makes it possible
to model the recommendation process as a series of sequential
decisions made by individual agents and makes the system
more flexible and scalable. The proposed architecture uses the
concept of centralized learning with decentralized execution,
which allows agents to learn common behavioral patterns
during the training process, while maintaining independence
at the execution stage. This approach makes it possible to ef-
fectively take into account the dynamics of user preferences,
optimize both short-term and long-term rewards, and ensure
scalability in large interactive environments.

However, the current study has some limitations. The
training of the models was carried out on a local computer
with limited computational resources, which caused restric-
tions on the sample size and model complexity. In addition,
only a part of the open data set was used, not the whole one.
For better validation of the results and implementation in real
applications, larger data sets and more powerful hardware
may be required. The problem of adapting a decentralized
approach to recommending popular system elements has not
yet been considered in current study. This may be a direction
for future research. In particular, through the development of

agent interaction mechanisms or new hybrid centralized-de-
centralized approaches.

At the same time, the study also has certain drawbacks
that could potentially limit the achievement of the expected
results even within the specified conditions. In particular,
in cases of short or weakly variable user interaction history,
there is a risk of overfitting, which can reduce the quality of
personalization and negatively affect the recommendation
process itself. In addition, the existing model does not yet
take into account contextual or individual factors, which are
often critical in real dynamic environments, such as news
platforms or social networks.

A promising area for further development of this work is the
integration of the constructed model into an online platform in
order to assess the benefits based on real interaction with users.
It is important to note that it is also advisable to design a more
robust user state representation module to better take into ac-
count the relationships between items and user behavior.

7. Conclusions

1. Within this study’s context, an effective method for
constructing vector representations based on unique proper-
ties of elements has been implemented. Different dimension-
alities of vectors were tested in order to achieve a compromise
between the complexity of the model and the feature expres-
siveness. The optimal dimension was found to be 128, which
best reflects the semantic differences between objects. The
proposed approach uses a combination of different methods to
construct a vector representation, which makes it possible to
place similar objects close to each other in embedding space.
This approach not only improves the relevance of the recom-
mendation compared to static encodings but also solves the
problem of the weak representation of unique features.

2. Reinforcement learning models using single-agent
and multi-agent approaches based on the Actor-Critic archi-
tecture have been developed. The multi-agent architecture
involves the creation of a separate agent for each user, which
allows for providing individualized recommendations fo-
cused on the preferences of a particular user. This approach
eliminates the limitations inherent in other recommender
systems considered in previous studies. Continuous updating
of the Actor and Critic networks allows the system to dynam-
ically adapt to changes in user behavior.

3. The proposed model was trained and validated in a
simulated environment using the well-known MovieLens
dataset. The training process demonstrated a stable improve-
ment of policies and an increase in the total reward, which
indicates the correct functioning of the simulated environ-
ment, in particular, the management of data processing,
state updates, and recommendation selection. The achieved
stability using conventional hardware confirms the practical
feasibility of the proposed approach.

4. A comparative analysis of the trained decentralized
model with a single-agent version was conducted using
standard evaluation metrics. The user-oriented multi-
agent model demonstrated higher performance for such
metrics as Precision@5 (+ 4%), Recall@5 (+ 0.32%), and
NDCG@5 (+ 2.92%) compared to the centralized implemen-
tation. When the list of recommendations was expanded to
10 items, improvements were also recorded: Precision@10 -
by +1%, Recall@10 - by +0.18%, NDCG@10 - by +1.14%.
In addition, a series of simulations were performed for an



individual user, in which the personalized agent was run
100 times and outperformed the shared agent in terms of cu-
mulative reward in 66% of cases. Obtained results indicate
that decentralized agents focused on an individual user are
more effective in taking into account individual needs and
are able to adapt over time, overcoming the limitations of
static and centralized recommendation algorithms.
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