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Abstract: With the booming development of personalized recommendation systems,
numerous algorithms have been designed to bring more bliss and engagement to users. Multi-
armed bandits (MAB) models have been increasingly used in this context, as they
appropriately balance exploration and exploitation. This work provides an in-depth
comparative study of diverse MAB algorithms like e-greedy, Upper Confidence Bound
(UCBI1), and Thompson Sampling in the recommendation systems literature. This paper
benchmark the computational efficiency, cumulative reward, and adaptability of these models
by running them at interactive speeds with simulations of real-world user interactions. The
results suggest that UCB1 works well in stable environments, whereas Thompson Sampling
excels in volatile settings. The paper examines the attributes of these MAB algorithms
through a systematic review of recent research. The paper also discusses the utility of MAB
models in areas such as online advertising, streaming services, and e-commerce. Future
research will likely focus on integrating deep learning approaches with MAB to further
improve recommendation systems.

Keywords: Multi-armed Bandits, Recommendation Systems, Thompson Sampling, UCBI,
Personalized Recommendations

1. Introduction

Personalized recommendation systems have taken center stage on modern digital platforms,
delivering content (material, goods, or services) tailored to users’ interests and behaviors.
Recommendation engines are now critical for enhancing customer satisfaction and engagement on
platforms ranging from e-commerce sites like Amazon to streaming services like Netflix and
YouTube. Recommendation systems aim to enhance user experience by providing personalized
content, thereby increasing user engagement and platform retention. Common algorithms, such as
content-based and collaborative filtering, have traditionally been employed to achieve this
personalization; however, they often encounter limitations in rapidly changing environments and lack
the flexibility to adjust to real-time user behavior [1, 2]. Research into multi-armed bandits (MAB)
models show that they strike a balance between exploiting known preferences and exploring new
recommendations [3]. MAB models are adaptive, continuously learning from user interactions and
improving recommendations over time. At the heart of the MAB problem is a trade-off: maximizing
cumulative rewards while learning about different recommendation options. Several algorithms, such
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as e-greedy, Upper Confidence Bound (UCB1), and Thompson Sampling, offer different approaches
to balancing exploration and exploitation [4, 5].

However, existing studies often lack comprehensive evaluations of the effectiveness of different
models in real-world applications, particularly in dynamic environments. This paper evaluates these
MAB models in recommendation systems, assessing their adaptability, cumulative reward,
computational efficiency, and real-world applicability. By synthesizing recent research, it provides a
comprehensive review of the strengths and limitations of each model, offering insights into their use
in personalized recommendation systems.

2.  Multi-armed bandits models in recommendation systems
2.1. Basic principles of MAB

The MAB framework originates from decision theory and represents the trade-off between
exploration (discovering new information) and exploitation (using known information). In
recommendation systems, this means balancing between recommending familiar, successful items
(exploitation) and trying out new or unknown options (exploration). The term "multi-armed bandit"
refers to the metaphor of a gambler at a row of slot machines (or "one-armed bandits"), each with
different, unknown probabilities of payout. The gambler’s goal is to maximize earnings by
discovering and focusing on the most rewarding machine, much like a recommendation system seeks
to maximize user engagement by identifying the most relevant content for each user [6].

The exploration-exploitation dilemma is central to the MAB problem: if an algorithm prioritizes
exploration too heavily, it may miss out on maximizing short-term rewards by recommending less
relevant content. Conversely, an algorithm that favors exploitation might repeatedly recommend
popular items, missing opportunities to engage users with new, appealing content. The ideal balance
between exploration and exploitation allows a recommendation system to both maintain user interest
and encourage diverse content discovery, thus enhancing overall engagement [7].

2.2. Key algorithms in MAB

Several algorithms address the MAB problem in recommendation systems, each with unique methods
for managing exploration and exploitation:

e-greedy: This is a straightforward yet effective algorithm, where the system selects the best-
known option with a probability of 1—e and explores randomly with a probability of €. A fixed or
decaying value of € adjusts the exploration-exploitation balance, with the latter method gradually
increasing the focus on exploitation over time. While computationally efficient, e-greedy may not
achieve optimal performance in highly dynamic environments where user interests shift frequently
[8].

Upper Confidence Bound (UCB1): UCBI operates on the principle of "optimism under
uncertainty," selecting the arm with the highest upper confidence bound on its estimated reward. This
approach encourages exploration of lesser-known options initially, as the algorithm's confidence
bounds adjust with increasing user feedback. UCBI1 is particularly suitable for stable environments,
where user preferences do not change abruptly, allowing the system to gradually refine
recommendations based on collected data [4].

Thompson Sampling: A Bayesian approach, Thompson Sampling updates probability distributions
for each option based on observed outcomes, selecting an arm by sampling from these distributions.
This algorithm balances exploration and exploitation by naturally favoring options with higher
potential rewards while still testing alternatives. Its adaptability makes it well-suited for environments
with high variability or frequent changes in user behavior, such as social media or streaming platforms
where trending content shifts quickly [9, 10].
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Each algorithm has particular strengths and weaknesses, which make them more or less suitable
for specific types of recommendation environments. e-greedy’s simplicity and computational
efficiency make it effective for applications with limited processing power or fast response
requirements. UCB1 excels in stable scenarios where recommendations can be refined over time.
Meanwhile, Thompson Sampling’s Bayesian structure provides the flexibility needed for
environments with frequent changes in user behavior or content availability.

2.3. Role of MAB in recommendation systems

The versatility of MAB models has made them a cornerstone of modern recommendation systems,
especially in settings where user preferences change dynamically. MAB models support the
personalization process by continuously learning from user interactions, allowing recommendations
to adapt to individual interests over time. In a movie recommendation context, for instance, an MAB
algorithm might balance recommending popular movies with the suggestion of niche films,
optimizing for both immediate user satisfaction and long-term engagement by offering diverse
options.

MAB models are particularly advantageous in applications where user preferences evolve rapidly,
such as:

Streaming Platforms: Streaming services, such as Netflix or YouTube, utilize MAB models to
personalize content recommendations. These platforms face the challenge of maintaining high
engagement while introducing new content. MAB algorithms help balance recommendations of
trending content with less-known options, thus keeping the user experience fresh and engaging over
time [3, 11].

E-commerce: In online retail, MAB algorithms analyze user browsing patterns and purchase
histories to recommend products, enhancing the shopping experience by adapting recommendations
in real time. This approach not only helps optimize customer satisfaction but also boosts revenue
through personalized product exposure. For instance, platforms like Amazon have successfully
integrated MAB algorithms to keep their product suggestions relevant as users' preferences change
[12].

Online Advertising: In digital advertising, where real-time response is critical, MAB models select
ads that maximize user click-through rates based on live user data. By learning from immediate user
interactions, these systems improve targeting accuracy and ad relevancy, yielding higher engagement
and conversion rates. Google and Facebook are prominent examples of platforms leveraging MAB
algorithms to enhance ad personalization through real-time learning [3].

News Recommendations: News platforms like Yahoo News employ MAB models to tailor article
recommendations based on reader interests, balancing popular news with newly published content to
keep the feed engaging and relevant. This approach also adapts to emerging trends, ensuring that
users are presented with timely information tailored to their interests [11].

Through these applications, MAB models have demonstrated their value across various domains,
providing a structured way to balance exploration and exploitation in recommendation systems. Their
dynamic adaptability and ongoing learning capabilities allow MAB-driven recommendation engines
to meet the complex demands of modern users, making them indispensable for platforms reliant on
personalized content.

3.  Applications of MAB models in recommendation systems

MAB models have revolutionized recommendation systems across diverse industries by offering a
structured, efficient approach to balancing user engagement and exploring content adaptability. These
models are integral to dynamic platforms where user preferences can fluctuate based on context,
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trends, or recent behavior. In e-commerce platforms like Amazon, MAB algorithms analyze user
purchase histories and browsing behaviors to dynamically recommend products. This model’s
structure enables continuous learning from customer feedback, refining product suggestions to
improve user retention and maximize revenue. Research by Liu et al. indicates that MAB-driven
personalization strategies on e-commerce platforms can boost conversion rates by up to 15%,
showing the significant impact of real-time adaptability in product recommendations [12]. In
streaming services such as Netflix and YouTube, MAB models enhance content personalization by
adapting recommendations in response to shifts in user interests. Li et al. demonstrated that Netflix’s
exploration-exploitation strategies using MAB improved user retention by 12% by balancing trending
content with personalized recommendations [5]. This is essential in competitive environments were
capturing and retaining user attention is crucial. Online advertising platforms like Google and
Facebook also rely on MAB algorithms to optimize click-through rates. Zhao et al. found that
Google’s real-time bidding systems, which implement Thompson Sampling, outperformed traditional
methods by 8% in engagement and revenue generation by selecting ads based on real-time user
interaction data [3]. Similarly, news recommendation platforms like Yahoo News utilize MAB to
present articles that balance relevance with novelty, a key factor in user retention. In a study by Shen
et al., the Yahoo News platform demonstrated how incorporating MAB algorithms to optimize article
suggestions improved click-through rates by 10% while maintaining content freshness and aligning
with user interests [11]. This example highlights the effectiveness of MAB models in balancing
dynamic user needs with engagement goals.

Collectively, these applications and case studies highlight the versatility of MAB models in
environments where user preferences are complex and subject to rapid change, establishing them as
a standard in personalized recommendation systems.

4. Comparative analysis of model performance: evaluation metrics

Evaluating the performance of MAB models within recommendation systems requires a nuanced
approach that considers the specific demands of each application context. This section discusses key
evaluation metrics, comparing MAB algorithms across diverse environments by integrating insights
from relevant literature.

Cumulative reward represents the total reward (such as user engagement, clicks, or purchases)
generated over a specified period. This metric serves as a proxy for a model's long-term effectiveness
in aligning recommendations with user interests. Higher cumulative rewards indicate an algorithm’s
capacity to consistently provide appealing options that maintain user engagement. For instance, Liu
et al. demonstrated that Thompson Sampling yielded a 15% increase in cumulative reward compared
to e-greedy in an e-commerce setting, reflecting its effectiveness in real-time adaptive
recommendations [12].

Regret quantifies the difference between the achieved cumulative reward and the theoretical
maximum reward, assuming the optimal recommendation choice. A lower regret score indicates that
the algorithm effectively minimizes missed opportunities for user engagement, a crucial factor in fast-
paced environments where suboptimal decisions can lead to lost engagement. Audibert et al. observed
that UCB1 displayed 20% less regret than e-greedy in a news recommendation platform, suggesting
a higher efficiency in decision-making processes [7].

The exploration-exploitation balance is fundamental to MAB models, as effective algorithms must
dynamically adjust to evolving user preferences while maximizing established interests. This ratio
sheds light on an algorithm’s capability to identify new engagement opportunities and optimize
existing ones. Russo et al. reported that Thompson Sampling exhibited superior adaptability in
dynamic user environments, while UCB1 demonstrated stable performance in contexts with lower
preference variation, underscoring its suitability for more predictable scenarios [10].
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Adaptability reflects a model’s responsiveness to shifts in user preferences or emerging trends. In
contexts with frequent preference changes, algorithms such as Thompson Sampling, which leverages
Bayesian inference, show enhanced adaptability. Zhao et al. found that Thompson Sampling adapted
12% faster than UCBI1 in real-time ad placements within Google’s advertising platform, underscoring
its advantage in dynamic recommendation systems [3].

Real time recommendation systems demand high computational efficiency to deliver prompt
responses. Algorithms with lower computational overhead, such as e-greedy, are well-suited for
environments requiring quick but basic decision-making. By contrast, Thompson Sampling, while
potentially more accurate, incurs greater computational costs due to its Bayesian approach, posing
challenges in real-time applications. Agrawal & Goyal reported that e-greedy achieved a 25%
reduction in computation time relative to Thompson Sampling in high-traffic e-commerce
applications [9].

As shown in Table 1, Thompson Sampling tends to outperform g-greedy and UCBI in cumulative
reward and adaptability, especially in dynamic environments, while e-greedy demonstrates superior
computational efficiency in high-traffic scenarios.

Table 1: Key evaluation metrics for MAB models in recommendation systems

Metric Definition and Importance Example Values from Literature
Total reward generated, indicating

Cumulative success in relevant

Reward recommendations. Higher values

suggest sustained engagement.

Difference between achieved reward

and theoretical maximum; lower

Liu et al.: Thompson Sampling showed
a 15% higher cumulative reward than &-
greedy in e-commerce applications.

Audibert et al.: UCB1 demonstrated

() -
Regret values indicate minimized missed 20 % lower regret compared to e-greedy
o in a news platform.
opportunities.
Exploration- Balance between exploration of new  Russo et al.: Thompson Sampling was
Exploitation content and exploitation of known more adaptive, while UCB1 was stable
Ratio preferences; indicates adaptability. in low-variation environments.
Zhao et al.: Thompson Sampling
Adaptabilit Responsiveness to user preference adapted 12% faster than UCBI in real-
P Y shifts; critical in dynamic contexts. time ad placements on Google’s
platform.
. Measures processing load, essential Agorawal & Goyal: .a—gr§edy required
Computational . . e 25% less computation time than
. in real-time systems with limited o
Efficiency Thompson Sampling in high-traffic
resources.
systems.
5.  Conclusion

This paper presented a comprehensive comparative analysis of several commonly used MAB
algorithms, including e-greedy, UCB1, and Thompson Sampling, in the context of recommendation
systems. Each model exhibits distinct advantages depending on the specific application environment.
Thompson Sampling excels in dynamic settings with rapidly changing user preferences, making it
suitable for platforms like streaming services and online advertising. Conversely, UCBI1 is better
suited for stable environments where choices can be refined incrementally. The e-greedy model, with
its simplicity and computational efficiency, is effective in scenarios where rapid decision-making is
necessary, though it may be less optimal in complex environments.
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The versatility of MAB models is evidenced by their successful application across industries such
as e-commerce, streaming, and online advertising, where they effectively enhance user engagement
and satisfaction. As the complexity of user interaction data continues to increase, future developments
will likely focus on integrating deep learning with MAB models, aiming to improve real-time
adaptability and personalization accuracy. This integration holds promise for advancing
recommendation systems by enabling more sophisticated user modeling and achieving greater
precision in personalized content delivery.
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