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Abstract - The cold-start problem faced by 

recommender systems is a serious problem, 

mainly because of the lack of historical data for 

new users or items. Traditional recommendation 

techniques, such as collaborative filtering and 

content-based filtering, are prone to fail in making 

good recommendations under such conditions. 

This paper explores the use of reinforcement 

learning (RL) as a remedy for cold-start problems 

based on active learning methods and multi-armed 

bandit models. We propose a novel RL-based 

approach that learns user preferences 

incrementally from interaction and improves 

recommendations in an exploration-exploitation 

setting. The setting shows improved performance 

in personalization and user engagement compared 

to baseline methods. This paper also provides the 

first-order implications of the cold-start problem in 

the real world and assesses the challenges faced by 

industries impacted by this problem. 
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1. Overview 

Recommender systems are an essential building 

block of many industries, such as e-commerce, 

streaming, and online courses. Lack of interaction 

history for new items or users, however, leads to 

low-quality recommendations. This problem, also 

referred to as the cold-start problem, can be 

classified into three classes: user cold-start, item 

cold-start, and system cold-start. Although explicit 

feedback mechanisms and hybrid methods have 

been explored, reinforcement learning is a 

promising choice by dynamically adjusting to user 

interactions in real time. Solving the cold-start 

problem can significantly contribute to user 

experience, engagement, and revenue across many 

applications. 

2. Problem Statement 

The most fundamental challenge that is inherent in 

the cold-start problem is the lack of interaction 

history; thus, it is challenging to generate 

personalized recommendations. Past user-item 

interaction history is used by conventional 

recommendation systems, which is a data set that 

is zero for newly added items or users. The lack of 

information results in inaccurate 

recommendations, hence low user engagement and 

high churn rates. The most important research 

question that this paper seeks to explore is: How 

can reinforcement learning be employed to 

effectively alleviate the cold-start problem while 

inducing high recommendation accuracy rates? 

3. Real-Life Situations Impacted by Cold-Start 

The cold-starting issue impacts varied regions, 

including: 

Shopping websites online have problems in giving 

proper product recommendations to new 

customers, which decrease the conversion rates. 
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• Streaming Services: Services like Netflix and 

Spotify face challenges in suggesting movies or 

songs to new users who have an insufficient 

viewing history. 

• Online Learning: New learners in learning 

management systems have a hard time receiving 

focused course recommendations. 

• Job Portals: Fresh candidates entering the 

workforce are provided poor job recommendations 

by virtue of non-existence of past application 

histories. 

• Health: Patient history is needed for tailored 

health counsel and is difficult for new patients. 

4. Challenges Faced in Cold-Start Mitigation 

Numerous significant challenges occur in the 

solution of the cold-start problem: 

• Sparsity of Data: Historical data scarcity makes 

it hard to train the models. Mostly, recommender 

systems rely on user history; however, new users 

or items might have zero or sparse historical 

interactions, leading to poor recommendations. 

• User Engagement: Failing to offer personalized 

recommendations can lessen user engagement. 

Users who don't receive relevant 

recommendations at the right time may show lack 

in interest in using the platform, resulting in 

increased churn rates. 

• Bias in Recommendations: Excessive 

dependence on standardized recommendations 

might result in biased recommendations. Most 

systems resolve cold-start problems by suggesting 

extremely popular items; however, this reduces 

diversity and distinctiveness, ultimately resulting 

in a monotonous user experience. 

• Computational Complexity: RL models are 

computationally intensive. In contrast to other 

recommendation models, RL-based models 

consume a lot of computational resources because 

they need to continuously train and learn. 

• Scalability: Large-scale recommendation 

systems must be able to process new items and 

users in an efficient manner. As the user base and 

product grows, the recommendation algorithms 

must scale effectively and accurately. 

5. Relevant Methodologies 

Present cold-start strategies mainly comprise: 

• Explicit Feedback Collection: The method of 

gathering early user preferences via onboarding 

surveys. While the method can help alleviate cold-

start problems, it is largely based on the users 

providing correct information, which is not always 

the case. 

• Hybrid Models: Using a mix of collaborative and 

content-based filtering. Hybrid models use both 

interaction history and item metadata to make 

recommendations, but they also degrade when 

user data is sparse. 

• Active Learning and Multi-Armed Bandits: 

Emphasizing discovering user preferences by 

deliberate questioning. Multi-Armed Bandit 

models allow for enhancing recommendation 

quality by balancing exploration (acquiring 

information about new users) and exploitation 

(using existing data to enhance recommendations). 

Recent studies have shown that reinforcement 

learning (RL)-based methods, such as Deep Q 

Networks (DQN) and Thompson Sampling, are 

capable of improving recommendation quality 

well by balancing exploration and exploitation 

methods. For example, Mnih et al. (2015) 

introduced a deep reinforcement learning model 

that performed more effectively in game settings, 

and similar approaches have been applied to 

recommender systems to enable dynamic learning 

from feedback. In addition, studies have suggested 

that reinforcement learning can enhance cold-start 

recommendations through the use of pre-trained 

models and rapid adaptation to new information. 
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6. Proposed Methodology 

Our approach presents an RL-based 

recommendation model that solves the cold-start 

problem with the following elements: 

• User Clustering: Segmentation of users based on 

shared demographic and contextual factors to 

support initial recommendations. 

• Exploration-Exploitation Mechanism: Using an 

Upper Confidence Bound (UCB) model for 

dynamically updating recommendations. 

• Deep Q-Networks (DQN): Applying deep 

reinforcement learning methods to improve 

recommendations by learning from implicit 

feedback. 

• User Interaction-Based Adaptation: Inbuilt 

profiling of users through clicks, dwell time, and 

user signals of engagement. 

7. Experimental Setup 

•Datasets: The test is performed on real-world 

publicly available datasets. 

• Performance is measured in terms of 

Precision@K, Recall@K, and Normalized 

Discounted Cumulative Gain (NDCG). 

• Baseline Models: Comparison to collaborative 

filtering, content-based filtering, and hybrid 

models. 

8. Findings and Analysis 

Experimental results show that reinforcement 

learning-based models outperform traditional 

models in handling cold-start users. The 

exploration-exploitation trade-off ensures that 

users receive progressively more relevant 

recommendations over time, leading to increased 

engagement and retention. The clustering process 

significantly reduces computational overhead, 

thereby ensuring the approach is scalable for large 

data. 

9. Conclusion and Future Research Trends 

This study emphasizes the potential of 

reinforcement learning to solve the cold-start 

problem. The future work will be focused on 

incorporating federated learning to offer privacy-

aware recommendations and meta-learning 

approaches to speed up new user adaptation . The 

use of graph neural networks (GNNs) can further 

enhance contextual awareness of user-item 

interactions. Future studies can investigate 

reinforcement learning techniques applied in 

multi-modal recommendation systems that 

support text, visual, and audio modes to enable 

personalized experience. Additionally, 

investigating the use of reinforcement learning to 

reinforce causal inference techniques can help 

develop more robust and interpretable 

recommendation systems. Lastly, investigating 

real-time adaptation of reinforcement learning-

based recommender systems based on streaming 

data can further enhance their responsiveness and 

accuracy in dynamic settings. 
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