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Abstract. In this paper, we introduce Boredom-Decay Multi-Armed
Bandits (BD-MAB), a novel extension of the Multi-Armed Bandit (MAB)
framework that models boredom as a perceptual–cognitive factor in se-
quential decision-making. The approach incorporates a boredom-decay
mechanism that reduces the perceived value of frequently selected op-
tions, capturing habituation and loss of novelty in user-facing systems.
From a decision-theoretic perspective, BD-MAB can be viewed as a se-
quential multi-criteria decision-making (MCDM) framework, combining
reward maximization with a dynamic novelty-oriented criterion. Unlike
classical MCDM methods with static weights, preference adaptation is
embedded implicitly in the decision process. Experimental results show
that BD-MAB increases selection diversity (entropy) while maintaining
competitive cumulative rewards, supporting the integration of cognitive-
inspired mechanisms into bandit algorithms for human-centered systems.

Keywords: multi-armed bandit · multi-criteria decision-making · bore-
dom decay · temporal decision-making · user engagement

1 Introduction

The Multi-Armed Bandit (MAB) problem is a well-known framework for model-
ing decision-making under uncertainty, balancing exploration and exploitation.
Classical MAB algorithms assume stationary rewards determined solely by en-
vironmental factors, without considering user perception. In practice, users may
experience boredom or perceptual fatigue when repeatedly exposed to the same
options [12]. This habituation effect reduces the perceived value of even high-
reward options, which is critical in user-facing systems where engagement and
satisfaction matter. However, most MAB approaches do not account for such
perceptual decay. This motivates incorporating a boredom-aware mechanism
into decision-making. In this paper, we use the terms perceptual boredom and
boredom-driven perceptual decay interchangeably.
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Recent studies [5] show that repeated exposure can lead to user disengage-
ment. While extensions such as rotting bandits model declining rewards [11, 14],
they focus on environmental changes rather than internal cognitive effects. Few
approaches explicitly incorporate perceptual boredom as an independent factor,
highlighting the need for lightweight, boredom-aware strategies.

The main objective of this work is to introduce the Boredom-Decay MAB
(BD-MAB), which penalizes frequently selected arms to simulate declining per-
ceived reward. This encourages exploration and prevents premature convergence,
improving diversity while maintaining competitive cumulative rewards. We hy-
pothesize that boredom-driven decay increases long-term engagement without
significant performance loss.

From a decision-theoretic perspective, real-world systems often involve mul-
tiple criteria such as reward, diversity, and user engagement. We interpret BD-
MAB within the Multi-Criteria Decision-Making (MCDM) paradigm, where
each decision aggregates reward maximization with boredom minimization. Un-
like classical MCDM with static weights, BD-MAB adapts criteria dynamically
over time, embedding preference evolution implicitly. This positions BD-MAB
as a temporal, adaptive MCDM framework bridging reinforcement learning and
multi-criteria decision-making.

By modeling boredom as an intrinsic criterion, this work contributes to hy-
brid MAB–MCDM approaches and demonstrates how cognitive factors can be
integrated into sequential decision-making algorithms.

2 Literature Review

The Multi-Armed Bandit (MAB) problem is a fundamental framework for se-
quential decision-making under uncertainty. Classical algorithms such as ε-greedy,
UCB1, and Thompson Sampling balance exploration and exploitation through
randomization, confidence bounds, or Bayesian inference [2, 1].

Recent research extends MAB to more complex settings, including adap-
tive exploration [6], non-stationary environments [13], and contextual or action-
centric approaches [7]. Studies have also explored perceptual and behavioral
aspects of decision-making [3, 4, 9], highlighting the importance of adapting to
user preferences and engagement dynamics [15].

Non-stationary bandit models, such as rotting bandits, explicitly account for
reward decay over time [11, 14], encouraging adaptive exploration in dynamic
environments. These approaches model changes in environmental rewards but
do not capture internal cognitive effects.

In parallel, research in human-computer interaction and cognitive psychol-
ogy has demonstrated that repeated exposure leads to perceptual habituation
and reduced engagement [8]. This phenomenon is critical in user-facing systems,
where novelty and diversity influence long-term satisfaction.

Although no prior work explicitly defines the Boredom-Decay MAB (BD-
MAB), related approaches address reward decay or large-scale arm spaces [10].
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However, these methods typically focus on external reward dynamics or contex-
tual adaptation rather than internal perceptual effects. Importantly, none model
boredom as an independent cognitive penalty applied to arm selection.

To address this gap, we propose BD-MAB, which introduces an intrinsic bore-
dom penalty that increases with repeated selections while preserving the under-
lying reward distribution. Unlike rotting bandits, the decay is purely perceptual
rather than environmental, enabling sustained exploration even in stationary
settings.

By integrating perceptual boredom into the MAB framework, this work
bridges insights from cognitive science and reinforcement learning, contribut-
ing to more human-centered and adaptive decision-making systems.

3 Proposed Method: The Boredom-Decay MAB
Algorithm

In this section, we outline the conceptual and mathematical foundations of our
proposed algorithm and describe how it differs from classical MAB strategies.

3.1 Classical MAB Strategies

The classical ε-greedy algorithm balances exploration and exploitation by select-
ing a random arm with probability ε, and otherwise choosing the arm with the
highest empirical mean reward. UCB1, on the other hand, uses an optimism-
based approach, adding a confidence interval to the estimated rewards to en-
courage exploration of less frequently chosen arms.

Both of these algorithms treat the reward structure as stationary and do not
consider perceptual or behavioral effects that might reduce the subjective value
of repeatedly chosen options.

3.2 The Boredom-Decay MAB (BD-MAB) Algorithm

The BD-MAB algorithm extends the ε-greedy framework by introducing a bore-
dom penalty term, Bk(t), which is dynamically updated based on the frequency
of choosing arm k. The adjusted expected reward for each arm is calculated as:

µ̃k(t) = µ̂k(t)−Bk(t),

where µ̂k(t) is the empirical mean reward for arm k at time t, and Bk(t)
represents the boredom penalty, growing with each repeated choice and decaying
for unchosen arms:

Bk(t+ 1) = {B k (t) + β, ifk = atγ ·Bk(t), otherwise

Here, β is the boredom growth rate, and γ ∈ (0, 1) is the boredom dissipation
factor.
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Fig. 1. Conceptual drawing of the algorithm’s operation.

This boredom-aware adjustment encourages the algorithm to diversify its
selections, reflecting the perceptual reality that repeated exposure to the same
option can diminish its perceived attractiveness.

To facilitate understanding, Figure 1 presents a simplified example with two
arms over three steps. At each step, the agent selects the arm with the highest
adjusted reward, defined as the empirical mean minus the boredom penalty. In
round 1, arm 1 is selected due to a higher adjusted reward, yielding reward
R = 1. The mean reward and boredom vector are then updated. In round 2,
arm 1 is chosen again, but its increasing penalty and the decreasing penalty
of arm 2 shift the balance. By round 3, arm 2 becomes more favorable and is
selected. Importantly, BD-MAB is a lightweight extension that requires only
minimal modifications to the classical ε-greedy algorithm and does not rely on
external data or user feedback beyond selection history, making it practical and
scalable.

3.3 Mapping BD-MAB to Classical MCDM Concepts

From a multi-criteria decision-making (MCDM) perspective, the Boredom-Decay
Multi-Armed Bandit (BD-MAB) can be interpreted as a sequential framework
where actions are evaluated based on dynamically evolving criteria. While clas-
sical MAB focuses on reward maximization, BD-MAB introduces an additional
perceptual criterion related to boredom and diversity.

Each arm represents a decision alternative with two implicit criteria: exploita-
tion, modeled by empirical mean reward, and novelty, captured by a boredom
penalty that increases with repeated selections and decays over time. Unlike rot-
ting bandits, this penalty reflects a perceptual effect rather than environmental
reward changes. BD-MAB operates in a sequential, adaptive setting, where pref-
erences emerge from interaction history. This positions it as a temporal MCDM
framework that bridges reinforcement learning with multi-criteria decision anal-
ysis in dynamic, human-centered environments.
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4 Experimental Setup

To evaluate BD-MAB, experiments were conducted in a stationary MAB envi-
ronment with 10 arms, each assigned a fixed reward probability sampled from
U(0, 1). The focus was on algorithmic behavior and the diversity–reward trade-
off.

Algorithm 1: Boredom-Decay Multi-Armed Bandit (BD-MAB)
Input: number of arms n, exploration probability ε, boredom growth rate β,

dissipation factor γ
Output: selected arm at at each time step
for i← 1 to n do

µ̂i ← 0;
Ni ← 0;
Bi ← 0;

for each time step t = 1, 2, . . . do
if rand(0, 1) < ε then

Select arm at uniformly at random;
else

for i← 1 to n do
µ̃i ← µ̂i −Bi;

at ← argmaxi µ̃i;

Observe reward rt;
Nat ← Nat + 1;
µ̂at ← µ̂at +

1
Nat

(rt − µ̂at);
Bat ← Bat + β;
for j ← 1 to n do

if j ̸= at then
Bj ← γ ·Bj ;

Algorithm 1 extends ε-greedy by introducing a boredom penalty that re-
duces perceived rewards of frequently selected arms, promoting exploration. The
penalty increases for the chosen arm and decays for others, enabling dynamic
balance without modifying true rewards.

Experiments used ε = 0.1, β = 0.01, and γ = 0.99. Simulations ran for 5000
steps and were repeated 20 times. Performance was evaluated using cumulative
reward, moving average reward, and entropy to assess diversity, with ε-greedy
as a baseline.

5 Results

Figure 2 shows the cumulative rewards accumulated by BD-MAB and ε-greedy
over 5000 time steps. As expected, the ε-greedy algorithm exhibits a slightly
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faster convergence to a higher cumulative reward in these stationary environ-
ments. This is due to its direct focus on exploiting the arm with the highest
empirical reward without any penalization for repeated choices.

However, achieves competitive cumulative rewards despite its built-in bore-
dom penalty. This indicates that while algorithm encourages exploration, it does
not significantly compromise long-term performance in stable scenarios.

Fig. 2. Cumulative rewards over time for BD-MAB and ε-greedy.

Fig. 3. Moving average of rewards with a window size of 100 time steps. BD-MAB
exhibits more fluctuation due to its periodic exploration, stabilizing at competitive
performance levels.

Figure 3 presents the moving average of rewards, computed with a window
size of 100 time steps. The curves demonstrate that after an initial period of
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increased exploration, BD-MAB stabilizes to a similar moving average as ε-
greedy. This suggests that our boredom decay mechanism short-term penalty for
repeated choices is gradually balanced out by its adaptive exploration, leading
to stable performance in the long run.

To measure the diversity of the arm selections, we compute the entropy of the
choice distribution at each time step. Figure 4 reveals that algorithm maintains
consistently higher entropy compared to ε-greedy. This confirms that BD-MAB
promotes greater diversity in its choices over time.

Fig. 4. Entropy of arm choices over time. BD-MAB maintains higher entropy, confirm-
ing its ability to sustain selection diversity, which is crucial for user-facing applications.

6 Conclusions

The results demonstrate that BD-MAB consistently achieves higher entropy than
the ε-greedy baseline, confirming that the boredom mechanism promotes broader
exploration and mitigates premature convergence. This is particularly relevant in
user-facing systems, where repeated exposure can reduce engagement. Although
BD-MAB attains slightly lower cumulative rewards in stationary environments,
this reflects a trade-off between exploration and exploitation, with diversification
offering advantages in dynamic settings.

From a decision-theoretic perspective, BD-MAB can be interpreted as a
lightweight sequential multi-criteria decision-making framework, combining re-
ward maximization with a dynamic, diversity-oriented boredom criterion. Unlike
classical MCDM approaches, criteria are aggregated over time, enabling implicit
adaptation without predefined weights.

The method is computationally simple and practical but depends on parame-
ters such as the boredom growth rate β and dissipation factor γ, which influence
the balance between exploration and exploitation. While effective, the approach
may slow convergence in purely stationary scenarios.
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Future work will focus on adaptive parameter tuning, evaluation in non-
stationary and user-driven environments, and extensions to contextual and Bayesian
bandits, further enhancing the applicability of boredom-aware decision frame-
works.
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