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Abstract

Recommender systems are important for online platforms, but they suffer from data shortages, cold start issues, and
lack of real-time personalization. This paper presents a hybrid framework for building adaptive and data-optimized
recommender systems that utilizes large language models and reinforcement learning. The large language model
generates high-quality synthetic data, and the reinforcement learning agent improves suggestions with user feedback; a
self-tuning mechanism is also used to select data and accelerate learning. Experiments on real-world datasets (Movie
Lens and Amazon Reviews) under low-data conditions show that our model significantly outperforms classical and
neural baselines, including Matrix Factorization, Deep MF, and DDPG-based RS, in terms of recommendation accuracy,

convergence speed, and personalization quality.
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1. Introduction

Recommender systems have become an important part of online
businesses such as e-commerce in helping users find information.
These systems use user data to create a personalized experience by
suggesting relevant products or services to each individual. Since
the beginning of the use of these systems in the industry, various
businesses including online stores, social networks, and content
distribution platforms have realized the importance of these sys-
tems. With the expansion of the Internet and the increase in the
amount of available information, the use of recommender systems
has become an essential tool for attracting customers and increas-
ing sales. Therefore, designing and improving these systems for
online businesses is vital to help them develop [1-5].

Despite advances in this field, challenges such as data fragmen-
tation still exist, which can reduce the accuracy of predictions. In
many cases, data is scattered across different sources, and inte-
grating it for effective use in recommender systems requires a lot
of time and resources. In addition, the type of data obtained from
users is usually insufficient and cannot train traditional algorithms

effectively. In many cases, systems need diverse and rich data to
make accurate predictions. However, in the real world, such data is
difficult to obtain, and this problem prevents recommender systems
from performing properly [6-9]. To generate appropriate predic-
tions, traditional recommender techniques such as content based
filtering and collaborative filtering mainly rely on large amounts
of user data. These methods usually require large amounts of user
data to build predictive models [10-14].

In particular, collaborative filtering seeks to identify common pat-
terns by analysing similar user behaviour’s and provide recom-
mendations based on them. These approaches typically require
large amounts of data to identify user preferences. While these
methods are useful in many cases, their effectiveness decreases
when insufficient data is available. For this reason, there is a need
for new and more advanced methods to improve the accuracy of
recommendations. The problem of cold start and data scarcity aris-
es when there is not enough information available, especially in
emerging sectors. This prevents personalized recommendations
from being made. Recent advances in machine learning, especially
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large language models (LLMs), have opened up new opportunities
to improve recommender systems [15-17].

These models are able to generate logical and meaningful content
using big data, which can effectively help in providing person-
alized recommendations. Using these models, problems such as
cold-start and data shortage can be reduced. LLM models are able
to process vast data and predict user needs, thus providing more
accurate and relevant recommendations. These developments are
starting a new era for recommender systems, in which data short-
age is no longer a major obstacle.

The LLM model, due to pre-training on big data, allows for the
generation of logical content. Using this capability, a wide range
of personalized recommendations can be provided. The ability of
LLM models to generate logical content consistent with pre-train-
ing on big data allows for the generation of highly personalized
and accurate recommendations. These models can easily identify
complex patterns and relationships between data and optimize rec-
ommendations in different situations. This capability can greatly
improve the accuracy and efficiency of recommender systems, es-
pecially in situations where data is scarce or new users are entering
the system. In this way, the use of LLM models can create a major
revolution in the field of improving and developing recommender
systems and enable them to provide a better user experience.

This study introduces a hybrid recommender system that combines

pretrained Large Language Models (LLMs) with Reinforcement

Learning (RL) to enhance personalization under data-scarce con-

ditions. Unlike previous work, our approach integrates generative

modelling and policy optimization in a unified framework. The
key contributions are:

*  Proposing a two-stage architecture where LLMs generate ini-
tial recommendations and agents refine them via user feed-
back.

* Implementing a self-regulation mechanism for efficient data
selection and faster convergence.

* Conducting extensive experiments on real-world datasets
(Movie Lens, Amazon) under low-data settings, showing su-
perior performance to baseline models [18-20].

2. Related Work

Traditional recommender systems perform poorly when faced
with limited data and rapidly changing user behaviour. Deep learn-
ing-based models have improved the ability to learn complex and
nonlinear relationships among users and items, while reinforce-
ment learning approaches have enabled continuous interaction and
adaptive policy optimization. However, reinforcement learning
methods often suffer from slow convergence and instability during
training [21,22].

Recommender systems aim to enhance user satisfaction by provid-
ing personalized content, but traditional approaches such as col-
laborative filtering and content-based filtering are often inefficient
in low-data or dynamic environments. The emergence of deep and
reinforcement learning techniques has significantly advanced the

field, allowing systems to better model user dynamics, temporal
patterns, and contextual dependencies. Furthermore, large lan-
guage models (LLMs) have recently demonstrated the ability to
simulate complex user-item interactions and generate diverse data
distributions, making them suitable for addressing data scarcity
challenges.

In this research, we present a hybrid framework that integrates
large language models with reinforcement learning to enhance
recommendation quality under data-scarce conditions. The LLM
component generates synthetic and high-quality data, while the
reinforcement learning agent refines recommendations through
real-time user feedback. Experimental evaluations on real-world
datasets demonstrate that the proposed model significantly
outperforms other advanced methods in terms of accuracy,
convergence speed, and personalization quality [23-26].

3. Problem Definition and Solution Approach

One of the main challenges of recommender systems is the lack
of sufficient data, which is especially common in the early stages
of deployment. Another major challenge is personalization, since
most algorithms rely on generalized predictions designed for large
user groups. This limitation reduces the system’s ability to accu-
rately identify and meet the specific needs and expectations of in-
dividual users. A third challenge involves data-driven efficiency:
as we know, machine learning and reinforcement learning (RL)
models require large amounts of data for effective training, which
becomes a significant obstacle in data-scarce environments.

3.1. Theoretical Foundations

Recommender systems typically operate based on past user in-
teractions, but under data-poor conditions, traditional methods
become ineffective. Generative models such as Large Language
Models (LLMs) can simulate user behaviour by understanding
semantic and contextual relationships, thereby generating mean-
ingful synthetic data to augment limited datasets. Additionally,
reinforcement learning—through continuous interaction and tri-
al-and-error—develops effective recommendation policies that
aim to maximize long-term user satisfaction.

LLMs store prior knowledge in the form of extensive behavioural
patterns and are capable of generalizing to new and unseen situa-
tions. On the other hand, RL agents improve recommendations by
learning from reward signals and real-time user feedback. Com-
bining these two paradigms results in a two-stage hybrid frame-
work: the LLM first generates meaningful and context-aware rec-
ommendations, and the RL agent subsequently refines them for
improved personalization and relevance. This integration can be
viewed as a form of model-based decision-making, where the gen-
erative model serves as a simulator of the environment, enabling
the RL agent to explore efficiently even in data-limited contexts.
The resulting system thus achieves both data efficiency and en-
hanced adaptability in dynamic user environments.
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3.2. Solutions

3.2.1. Solution 1: Utilizing Generative Models for High-Quality
Synthetic Data Generation

Large Language Models (LLMs) capture deep semantic and
syntactic structures from vast text corpora. These models are
capable of producing high-quality, diverse, and coherent text that
represents realistic interactions between users and items. The goal
of this method is to accurately reconstruct the real data distribution
using probabilistic modelling and divergence minimization (such
as Kullback—Leibler divergence). This capability helps train the
system effectively in low-data or cold-start situations by generating
rich semantic interactions that supplement the limited available
data.

Mathematical Proof: The solution is derived from the following
optimization equation:

min D, (Paata() || Po(x)) M
Proof Steps:

1. Generative Models and Synthetic Data Generation: (1)

o' ~ Py(z]z), 2~ P(z) 2

2. Minimizing the Distance Between Real and Generated
Distributions:  (2)

DiePaaal@) | Poe)) = 3 Pual)log 7228 )
z b(2)

3. Loss Function for Training the Generative Model:

Lo = —Esupy,,[log Po(z)] )

4. Training the Generative Model via Gradient Descent:

0+ 0—nVyeLlg ©)

Final Conclusion: After these steps, the generative model
produces high-quality synthetic data that closely approximates the
real data distribution, enhancing the performance and robustness
of the recommender system.

3.2.2. Solution 2: Using Reinforcement Learning (RL) for
Recommender System Optimization

Reinforcement Learning (RL) operates within the Markov
Decision Process (MDP) framework, allowing the system to learn
optimal actions (recommendations) through continuous interaction
with users. At each stage, the agent observes the user’s state and
makes a recommendation. The agent receives a reward based on
user feedback—such as clicks or ratings—and gradually learns a
policy that maximizes long-term cumulative reward.

This mechanism enables the recommender system to dynamically
adapt its suggestions according to each user’s evolving preferences,
outperforming static models in dynamic environments.

Mathematical Proof: The optimization objective is formulated

as:
T
max . [Z vtrt] (6)
" =0
Proof Steps:
1. Modelling Environment via MDP:
(S, A, P, R,7) (7)

where S is the state space, 4 the action space, P the transition
probability, R the reward function, and y the discount factor.

2. Policy Gradient Optimization:

Vo J(0) = Ex,[Vologmo(als)Q™ (s, a)] (8)
3. Value Function Update:

V(st) <= V(se) + afre + vV (si41) — V(se)] 9)
4. Joint Optimization of Data Source and Value Function:

0 < 0+nVyJ(0) (10)

Final Optimization: Through these steps, reinforcement learning
optimally refines recommendations by maximizing expected re-
wards while leveraging synthetic and real user data.

3.2.3. Solution 3: Combining LLM and RL to Reduce Data
Requirements and Improve

Personalization

The hybrid framework integrates Large Language Models (LLMs)
and Reinforcement Learning (RL) to overcome data scarcity and
enhance personalization. Initially, the LLM generates recommen-
dations based on user preferences and semantic understanding.
The RL agent then refines these recommendations using real user
feedback to produce more accurate and satisfying results.

To further improve efficiency, a self-regulation mechanism is in-
troduced during training. This mechanism automatically selects
high-quality synthetic data and filters out noisy or low variance
samples, ensuring faster convergence and higher learning accu-
racy.

Mathematical Proof: The combined optimization is expressed as:

Heli(bn ‘Ctotal = EG (6) + )\ﬁRL<¢> (1 1)
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Proof Steps:
1. Self-Regulation Mechanism and Data Selection:

C(¢) = Ers0)[R(s,a) — fVar(z)] (12)
2. Cost Function for Parameter Tuning:
¢ < ¢ —nV4C(0) (13)

3. Reinforcement Learning Optimization via Gradient De-
scent:

0+ 60— UVQL:RL(Q) (14)

4. Training the Model with Self-Regulation Mechanism: The
training process alternates between LLM-based data generation
and RL-based policy optimization, with the self-regulation
mechanism maintaining data quality.

Final Optimization:

(0 7¢ ) = arg H€u¢>n ‘Ctotal

)

(15)

This closed-loop system continuously generates, evaluates, and
optimizes recommendations. It is particularly effective in low-data
environments where personalization and adaptability are critical.

4. Experimental Setup and Description

To evaluate the proposed method, we conducted experiments
focusing on data-efficient recommendation based on Large Lan-
guage Models (LLMs) and Reinforcement Learning (RL). The
goal of the experiments was to evaluate the performance of three
models under different data access conditions.

4.1. Datasets

Two real-world benchmark datasets were used:

¢ Movie Lens 1M: Contains one million interactions from 6,000
users and 4,000 movies.

* Amazon Reviews (Books subset): Includes over 600,000
user—book interactions.

Users with fewer than 10 interactions were removed, and the data
was split into 80% training and 20% testing sets.

4.2. Baseline Models

To measure efficiency, the following models were compared:

*  Collaborative Filtering (CF): Relies solely on user—item
interaction history. It fails under cold-start and sparse data
conditions due to the lack of semantic understanding.

* LLM-only Model: Utilizes a pretrained LLM to generate
recommendations based on prior training data. It captures

semantic relations but lacks adaptability to user-specific
feedback.

« LLM + Reinforcement Learning (Proposed): Combines
the semantic knowledge of LLMs with the adaptive policy
learning of RL. This allows for better personalization even
under limited data conditions and dynamically updates
recommendations based on user feedback.

4.3. Training Details

LLMs were implemented using GPT-2 and the Transformers library.
RL agents were trained with the Proximal Policy Optimization
(PPO) algorithm and a reward function based on Clickthrough
Rate (CTR) and user satisfaction. All models were implemented in
PyTorch, using the Adam optimizer with a learning rate of 10—4.

4.4. Evaluation Metrics

The following metrics were used for quantitative evaluation:

*  Precision@10: Percentage of relevant items in the top-10 rec-
ommendations.

*  Recall@!0: Percentage of all relevant items that appear in the
top-10 recommendations.

* NDCG@!10: Normalized Discounted Cumulative Gain at
rank 10, measuring both relevance and ranking quality.

*  Convergence Speed: Number of iterations required for perfor-
mance stability.

4.5. Synthetic Data Generation

To simulate limited data scenarios, the LLM was trained on 10—
30% of the real-world data and used to generate synthetic user—
item interactions. These generated samples were then evaluated
using the same models to assess data quality and generalizability.

4.6. Experiment Repetition and Validation

Each experiment was repeated five times with different random
seeds. The average performance and standard deviation were re-
ported. Strict validation procedures were followed to ensure that
no data leakage occurred between the training and testing sets.

5. Results

In this study, the results of four different aspects of various models
were examined, including performance comparison with real and
synthetic data, learning cost and convergence speed, performance
comparison with different synthetic data ratios, and the impact of
optimizing reinforcement learning policies.

5.1. Comparison of Model Performance with Real and
Synthetic Data

As shown in Figure 1, models trained with real-world data
(e.g., Movie Lens and Amazon Reviews) perform better overall.
Approximately 60% of the model’s performance is based on real
data, while 40% is attributed to synthetic data. These differences
are summarized in Table 1 and illustrated in Figure 1.
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Model Data Type Precision@10 Recall@10 NDCG@10
Collaborative Filtering Real 0.42 0.39 0.44
LLM-only Model Real 0.57 0.53 0.60
LLM + RL (Proposed) Real 0.71 0.67 0.73
Collaborative Filtering ~ Synthetic 0.31 0.29 0.33
LLM-only Model Synthetic 0.49 0.45 0.51
LLM + RL (Proposed)  Synthetic 0.63 0.59 0.65

Table 1: Performance Comparison Between Real and Synthetic Data

0.751
Real Data

0.70} - Synthetic Data

0.65 il
0.60
0.55}
0.50
0.45}
0.40

0.35}

Collaborative Filtering LLM-only LLM + RL (Proposed)

Figure 1: Comparison of Model Performance with Real and Synthetic Data

5.2. Learning Cost and Convergence Speed of Models *  Self-regulating model: 20%
As shown in Figure 2, the generative model converges faster than e+  Reinforcement Learning (RL) model: X%
the other models. Specifically, the convergence speeds observed

were: This difference in convergence speed is clearly illustrated in Figure
*  Generative model: 45% 2.
1.0f Generative Model
’ m— Self-Regulating Model
—+— RL Model
0.8}
=1
[J]
N
T 0.6
£
—
o
(=
204f
-
0.2} =
0.0k . . . .
0 20 40 60 80

Epochs

Figure 2: Comparison of Convergence Speed Between Different Models
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5.3. Comparison of Results with Different Scales of Synthetic
Data

As shown in Figure 3, increasing the amount of synthetic data up
to a moderate level improves model performance. The observed
performance levels are:

*  Lowest amount of synthetic data: 25%

*  Moderate amount of synthetic data: 50%

*  Highest amount of synthetic data: 25%

LLM-only Model
0.65F RL-only Model
—#— LLM + RL (Proposed)

0.60

0.55f

0.50

0.45}

0.40k

This trend is clearly illustrated in Figure 3.

5.4. Impact of Optimizing Reinforcement Learning Policies on
Data Selection

As shown in Figure 4, optimizing the reinforcement learning (RL)
policies leads to a significant improvement in system performance.
Specifically, the observed performance levels are:

10 20 30 40

50 60 70 80 90

Synthetic Data Ratio (%)

Figure 3: Model Performance with Varying Amounts of Synthetic Data

*  Before RL policy optimization: 30%
»  After RL policy optimization: 70%

1.0

0.8r

0.6

041

0.2

0.0

This improvement is clearly illustrated in Figure 4.

—&— System Performance

Figure 4: System Performance Before and After Optimizing RL Policies

6. Ablation Study and Feature Contribution

To identify the impact of each feature on the model’s performance,

an ablation experiment was performed by disabling certain

components:

1. LLM-only (without RL): Large language models only made
semantic suggestions but were not consistent with user
feedback.

2. RL-only (without LLM): Using reinforcement learning alone,
the model required a lot of data and its initial recommendations
were poor.

3. Full LLM + RL (Proposed): The combined LLM and RL
model provided the best accuracy and retrieval with semantic
generalization and real-time feedback optimization.
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Model Precision@10 Recall@10 Convergence Speed Personalization Quality
CF (baseline) 0.41 0.38 Medium Low
LLM-only 0.57 0.51 Fast Medium
RL-only 0.52 0.49 Slow High (after long time)
LLM + RL (Proposed) 0.67 0.61 Fast High

Table 2: Performance Comparison of Different Recommender Configurations

Table 2 Shows that LLM and RL Have Complementary Roles:
LLM Provides Meaningful Predictions, While RL Improves Per-
sonalization. Their Combination Achieves Superior Performance
Across All Metrics

6.1. Strengths of the Proposed Architecture

The proposed hybrid model combines the generalization capabili-
ties of LLM with the flexibility of RL. LLM provides meaningful
initial suggestions, and RL refines them using user feedback. This
combination enables:

»  Fast convergence,

» Improved personalization,

*  Robust performance under limited data conditions,

e A scalable, modular architecture.

7. Conclusion

In this paper, three mathematical approaches were proposed to en-
hance recommender systems based on reinforcement learning. The
use of generative models increased the diversity of synthetic train-
ing data and improved recommendation accuracy. Optimization of
data selection reduced learning costs and accelerated convergence
of reinforcement learning models. Additionally, self-regulatory
mechanisms enhanced the quality of the recommendations.

Mathematical analyses and experimental results demonstrated
that combining these three methods significantly improves model
performance. Compared to traditional methods, the proposed sys-
tem achieves higher accuracy and faster convergence. Numerical
and graphical results highlight the substantial impact of the pro-
posed methods on personalized recommendations. In the future,
these methods can be integrated with Multi-Agent Reinforcement
Learning (MARL) to better model complex user interactions.
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