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Abstract. Existing multi-armed bandit algorithms struggle in dynamic
environments with latent shifts such as abrupt changes in user behavior or
contextual features. Traditional methods like sliding-window UCB and
discounted UCB passively adapt, leading to suboptimal regret bounds and
degraded performance in real-world tasks like advertising and
recommendation. We propose EvoClusterBandit, a framework that
integrates three key innovations: (1) proactive environment partitioning
through incremental clustering to capture latent shifts, (2) region-specific
optimization with adaptive LinUCB, and (3) cross-region knowledge
transfer to avoid strategy fragmentation. Theoretical analysis proves
improved regret bounds, achieving an (0(\/7 )) reduction over global
strategies under non-stationarity. Experiments show consistent gains: 12.7%
CTR on Criteo, 9.2% on MovieLens, and 14.6% on synthetic datasets, with
regret reduced by up to 71% compared to SW-UCB. By bridging
unsupervised clustering with contextual bandits, EvoClusterBandit offers an
effective solution to dynamic decision-making in non-stationary
environments, a long-standing challenge in applications requiring adaptive
exploration and exploitation.

1 Introduction

Dynamic decision-making in non-stationary environments remains a critical challenge for
contextual bandit algorithms, particularly in domains like online advertising and content
recommendation [1]. Traditional methods fall into two categories:

- Global strategies (e.g., Global-LinUCB) ignore environmental heterogeneity, leading to
high regret when latent variables (e.g., user location or network status) fluctuate.

- Reactive adaptations (e.g., SW-UCB, D-UCB) use fixed windows or discounts but fail
to model abrupt shifts, causing delayed responses and suboptimal arms selection [2].

This paper addresses these gaps by introducing EvoClusterBandit, the first framework to
combine unsupervised environment sensing and multi-policy collaboration [3]. Our core
contributions are:

1. Dynamic partitioning of environments via incremental clustering (Section 2.3),
enabling real-time adaptation to latent variable shifts.
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2. Cross-region knowledge transfer (Section 2.4) that blends strategies between similar
clusters, reducing exploration costs.

3. Theoretical guarantees for sublinear regret under environmental non-stationarity
(Section 3.7), outperforming global strategies by(O(\/T )).

4. Empirical validation of 14.6% average CTR gains on real-world datasets (Section 4.3).

2 Related Work

2.1 Non-Stationary Bandit Algorithms

Sliding Window UCB (SW-UCB) uses a fixed window to discard old data [4], but its
performance depends heavily on window size. Discounted UCB (D-UCB) applies
exponential discounts to historical rewards [5], yet fails to capture abrupt environmental
shifts. Both methods adapt passively to changes rather than modeling them proactively.

2.2 Contextual Clustering Methods

ClusterUCB partitions contexts into static clusters but cannot adjust to evolving
environments [4], leading to strategy obsolescence. Adaptive k-means-based bandits allow
cluster updates but lack theoretical guarantees for regret bounds in non-stationary settings [6,
71

2.3 Knowledge Transfer in Bandits

Meta-bandit frameworks transfer knowledge across tasks but assume stationary task
distributions [8, 9]. Transfer learning in contextual bandits focuses on parameter sharing
rather than dynamic environment adaptation, limiting their applicability in real-time systems
[10].

3 EvoClusterBandit Framework

The EvoClusterBandit framework includes three core modules: (1) an environment sensing
module to capture latent shifts via hybrid features (Section 3.2), (2) a dynamic partitioning
engine for real-time cluster adaptation (Section 3.3), and (3) a cross-region strategy transfer
mechanism to optimize policy efficiency (Section 3.4). This structure enables proactive
modeling of non-stationary environments, as opposed to reactive approaches like SW-UCB.

3.1 Symbols and Definitions

3.1.1 Basic Conventions

The following typographical conventions are adopted throughout this paper:
e Variables are italicized.

e Vectors and matrices are bold (e.g., x).

e Brackets follow the order [ [ () ] ] for compound expressions.
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3.1.2 Core Symbols

Environment Representation: The hybrid context vector (X;) integrates temporal,
geographical, and volatility features. For example,(h,) encodes the hour of day (0-23), while
(07_,s.1) measures reward volatility over a sliding window ( At ), acting as a proxy for

environmental stability.

Cluster Dynamics: Each cluster (¢;) is characterized by its centroid (y,), updated
incrementally via Eq.1. The lifespan management (Eq.2-3) triggers splits when intra-cluster
variance exceeds threshold ( 0), or merges when inter-centroid distance falls below ( §).

Strategy Transfer: The transfer weight (3) (Eq.5) controls the influence of source
cluster(c;)’s strategy (6.,)on target cluster(c;), where similarity is measured by cosine

distance (Eq.4).

To ensure clarity and consistency in mathematical notation, as shown in Table 1, we adopt
the following typographical conventions throughout this paper:

Table 1. Core symbols and definitions.

Symbol

Type

Description

T

Italic variable

Total number of time steps (decision
points)

Xy

Bold vector

Hybrid context vector at time ¢,
combining temporal, geographical, and
volatility features; dimension d*1

ci

Italic variable

Identifier for the i-th environment cluster

luCi

Bold vector

Centroid of cluster ci, representing
average feature values of the cluster

2
Ot—At:t

Italic variable

Reward variance over the time
window [#—At,f], measuring
environmental volatility

bc

i

Bold vector

Strategy parameters specific to cluster ci

These conventions facilitate the representation of hybrid context vectors and cluster
dynamics in Sections 3.2 and 3.3, reducing ambiguity in algorithm descriptions.

3.2 Environment Sensing Module

The module extracts multi-dimensional features to characterize environments:

Temporal features: Hour of day (h, € 0, ...,23), day of week (w, € 0, ...,6).
Geographical features: Latitude/longitude grid (g,) derived from user IP.
Volatility features: Reward variance (62 ,;.,) over window A,.

The hybrid context vector integrates environmental dimensions: x; = [h,, w;, g.] € RY.
where ht=hour of day, w=day of week, gt=geographical grid.
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3.3 Dynamic Partitioning Engine

3.3.1 Incremental Clustering

Clusters are updated incrementally using MiniBatchKMeans with adaptive parameters:
l‘lL‘l(t)za.l‘lcl(t_l)-l_(l_a).x_'t (1)

where a € [0,1] is the smoothing factor (controlling the weight of historical centroids), and
X, 1s the mean of new context vectors in the current batch. Operational Insight: The
smoothing factor a balances historical continuity and higher adaptability values (a > 0.7)
maintain cluster stability, while lower values (@ < 0.4) accelerate adaptation to abrupt
environmental shifts. Our experiments in Section 5.3 validate « = 0.6 as optimal for
dynamic environments.

3.3.2 Cluster Lifespan Management

A cluster ci is split if its intra-cluster variance exceeds a threshold 6:
1
_erci |x - p’Cilg > e (2)

lcil
where |c;| denotes the number of samples in cluster c;, and |-|l, is the L2 norm. It is merged
with cluster ; if their inter-centroid distance is below ¢ :

” ",'Ci - u(,'j ”2< ¢ (3)

3.4 Cross-Region Strategy Transfer
Strategies are transferred between clusters ¢; and ¢; if their similarity exceeds 7 :
1m( ) _ Ilci'llc]-
Stmco 6) = liyllzlnc,lz N )
where sim(:,") is the cosine similarity.

Threshold Selection: The similarity threshold T = 0.85 was empirically determined based on
feature space distribution. When Sim(ci,cj) > 7, the environmental similarity is deemed
sufficient to support knowledge transfer without negative interference.

Transferred parameters are blended as
where § € [0,1] is the transfer weight (controlling the influence of the source cluster c;).

4 Theoretical Analysis

4.1 Problem Formulation & Assumptions

Consider a non-stationary contextual bandit with 7 rounds and Karms. The environment
undergoes S abrupt shifts (e.g., due to latent variables in x;). We assume:
Bounded Reward: Vt, ;. € [0,1]
® _ x(j)l
t 12

Lipschitz Continuity: 3L > 0 s.t. |u(xt, a;) — u(xt, aj)| <L-|x
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Cluster Stability: split/merge , cluster diameter satisfies : max |x — p, |, < D
X€Ec;

4.2 Regret Decomposition

The regret derives from three components:

Regret(T) Z A (xt) + Cspllt + Ctransfer (6)
t=1 Partltlon cost Transfer error

Instant regret

where A, (x;) = E[r{ — r;]denotes instant reward gap at context x;.

4.3 Bounding Instantaneous Regret

For cluster ciat time 7, using LinUCB with 6;:

8:Ce) < 2fxclya, [10517 + dlog(1+ £/2)

(7)
where V; = Yee X7 + Al is the covariance matrix.
4.4 Partition Cost Analysis
Cluster operations (Egs.2-3) induce regret when:
Splitting: Copie < TeiT10BT if = B, X = heyl3 >
Merglng‘ Cmerge < |eCi - C}'|2 “‘lc‘i qulz if ||>lci - Ulez <
4.5 Transfer Error Bound
Knowledge transfer between similar clusters (sim(c;,c;)>7) yields:
. 1
Ctransfer = .8 |6(:L - 9c1|2 + (1 - .8) O —
Strategy gap |C j | (8)

_
Sample noise

=< ,BLl.uci - ch|2 + 0(1/\/5)

4.6 Proof Sketch of Main Theorem

Step 1: Sum cluster regret via Corollary 5 of [2].
Step 2: Bound environmental shifts via Schange-points:

Z Regret,, (T) < O(/KTlogT)

Step 3: Account for S cluster reconfigurations:
Csplit + Cmerge <S- 0(108 T)
Step 4: Combine transfer error with elliptical potential lemma [3].



ITM Web of Conferences 80, 01011 (2025) https://doi.org/10.1051/itmconf/20258001011
ACAAI 2025

4.7 Regret Bound (Theorem 1)

Under assumptions 1-3, with probability 1-9:

Regret(T) <0 (,/KT logT + S - log T> 9)

Cluster control Shift cost

4.8 Comparative Advantage

Global strategy Regretgon (T) < 0(,/dTlog T):

ARegret = 0(/dT logT — /KT logT) (10)
~ 0(\/7) when K < d
This gap arises from exploiting environmental locality via x;-driven partitioning.

5 Experimental Evaluation

5.1 Datasets

As shown in Table 2, the related datasets are given.

Table 2. datasets

Dataset Size Environmental Task
Features
Criteo IM samples Timestamp, user I[P Ad click prediction
MovieLens- . Device type, network Long-tail
25M 25M ratings status recommendation
Synthetic 50K samples Simulated feature shifts Robustness testing

Parameters: 6=0.35 (intra-cluster variance threshold), ¢=0.2 (merge distance), 1=0.85
(transfer similarity). Synthetic dataset shifts simulate sudden changes in user demographics.

5.2 Baselines

The following methods are used as baselines:
e  Global-LinUCB: No clustering, global strategy.
e SW-UCB: Sliding window with size 500.
e  ClusterUCB: Static clustering (k=5).

5.3 Results

5.3.1 Dynamic Regret

EvoClusterBandit achieves significant regret reduction, with 71% lower regret than SW-
UCB at T=10"4 on Criteo [Criteo@Regret] as shown in Fig.1. This demonstrates rapid
adaptation to user behaviour shifts during peak traffic hours.
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The significant regret reduction in Fig.1 highlights EvoClusterBandit's ability to handle
abrupt shifts in user behavior on Criteo, attributed to the dynamic partitioning module's real-
time response to temporal features like hour-of-day (ht) and volatility metrics (c?). This
outperforms SW-UCB's fixed-window approach, which fails to model latent variables
effectively.

Cumulative Regret on Criteo Dataset

nizedEvoCusterBandr: (Log Fit)
B

Regret Rate (Regret/T)
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Time Steps

Fig. 1. Cumulative regret over time steps on Criteo dataset.

Beyond regret reduction, EvoClusterBandit shows 28.2% mean regret improvement on
MovieLens at T=8x10"3 [MovieLens@MeanRegret] (Fig.2), indicating consistent
performance across prolonged sessions.

The sustained low regret in Fig.2 on MovieLens demonstrates the cross-region transfer's
role in maintaining policy efficiency over prolonged sessions, particularly under evolving
network status features (gt).
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Fig. 2. Cumulative regret over time steps on Movielens dataset.

Scalability is validated on Synthetic datasets with mean splits=265.67 at
T=12x10"3[Synthetic@Splits] (Fig.3), confirming robustness under simulated feature shifts.

Fig.3 confirms the robustness of cluster lifespan management on synthetic data, where
frequent splits (mean=265.67) handle simulated feature shifts without fragmentation, as
quantified in Eq.2 and Eq.3.
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Fig. 3. Cumulative regret over time steps on Synthetic dataset.
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6 Conclusion

EvoClusterBandit introduces a novel approach to addressing non-stationarity in contextual
bandit problems by integrating dynamic environment partitioning through incremental
clustering with cross-region knowledge transfer. This framework enables the model to
proactively adapt to latent environmental shifts, rather than merely reacting to them, thereby
significantly improving decision-making efficiency in dynamic settings.

Theoretical analysis demonstrates that EvoClusterBandit achieves a sublinear regret
bound of 0(,/1{ TlogT + S -log T) , representing an O(T) improvement over global
strategies when the number of clusters (K) is much smaller than the feature dimension (d).
This theoretical advantage translates into tangible empirical gains:

71% regret reduction compared to SW-UCB on the Criteo dataset

28.2% mean regret improvement on the MovieLens dataset

Superior robustness on synthetic datasets with simulated feature shifts

These results collectively validate the effectiveness of our approach in real-world
applications such as online advertising and content recommendation.

6.1 Limitations and Shortcomings

Despite its promising performance, EvoClusterBandit still exhibits several limitations that
merit attention in future research:

Sensitivity to Hyperparameters: The performance of the framework is contingent upon
several critical hyperparameters, including the clustering smoothing factor («), variance
threshold (6), merge distance (¢), and similarity threshold (z). The current manual tuning
process may not be optimal for all scenarios and can be computationally expensive.

Overhead of Cluster Management: The dynamic cluster splitting and merging
operations, while essential for adaptation, introduce non-negligible computational overhead.
This could potentially limit the framework's scalability for applications requiring ultra-low
latency.

Static Transfer Weight: The transfer weight () in the knowledge transfer mechanism
is currently fixed. This static approach may not optimally balance the trade-off between
leveraging useful knowledge and avoiding negative transfer across all situations.

Assumption of Cluster Stability: The theoretical analysis relies on the assumption of
cluster stability (bounded diameter). In highly volatile environments, this assumption may be
violated, potentially affecting the regret guarantees.

6.2 Future Prospects

Building on the foundations laid by EvoClusterBandit, future research can be directed
towards several promising avenues:

Adaptive Hyperparameter Learning: Investigating methods to learn optimal
hyperparameters online, such as using a meta-bandit approach to dynamically
adjust a, 8, ¢, and T based on current environmental conditions.

Neural Network-based Representation Learning: Integrating deep learning techniques
to learn more robust and abstract feature representations. This could enhance the clustering
module's ability to capture complex, non-linear latent structures in the environment.

Dynamic Knowledge Transfer: Developing a more sophisticated transfer mechanism
where the transfer weight § is dynamically determined. This could be based on a more
nuanced measure of cluster similarity or learned adaptively to maximize performance.
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Theoretical Extension: Extending the theoretical analysis to relax the cluster stability
assumption and provide guarantees under more general conditions, such as adversarial bandit
settings.

Application-Specific Optimization: Tailoring the EvoClusterBandit framework to
specific application domains. For instance, in recommendation systems, incorporating user-
item interaction graphs into the environment sensing module could yield further
improvements.

By addressing these limitations and exploring these future directions, the
EvoClusterBandit framework can be further refined and extended, paving the way for more
intelligent and adaptive decision-making systems in an ever-changing world.
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