
Change Detection Methods for Non-Stationary Stochastic
Linear Bandits

• Abrupt changes break stationarity: outdated observations can
mislead standard linear bandit algorithms.

• Linear structure enables efficient detection: a change in the
shared parameter shifts rewards across actions.

• LBCD avoids forced exploration, achieves near-optimal regret,
and performs strongly in experiments.
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Experiments

Motivation
• In many systems, the environment may remain stable for a while and then

change abruptly. Classical linear bandits assume a fixed reward parameter.
When the environment changes, outdated observations can mislead the
learner and cause large dynamic regret.

Problem Formulation

Context / Action >! Unknown	Environment	C! Reward	E!

Abrupt	Change

Piecewise Stationary Linear Bandits
• At each round J, the leaner chooses an action >! ∈ L ⊂ ℝ" and observes
E! = P! , C! + R! .

• Environment is piecewise stationary C! = C($). Changepoints are unknown.
• The leaner aims to minimize dynamic regret
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Linear Bandits with Change Detection

Detector Statistic Alarm	Rule

LBCD-AW Window	Average 34! − 67
LBCD-CUSUM Cumulative	Deviation ?" > ℎ or ?# > ℎ

Theoretical Guarantees

Simplified	high-probability	bound:

_̀ a b + c d + _̀( a b + f + c ,)
• b: Number of segments;
• c: number of false alarms;
• f: total detection delay.

• LBCD-AW achieves nearly optimal regret in 8 without forced
exploration, matching the lower-bound rate.

Abrupt Changes: Fast Detection and Restart

Gradual Drift: Detection Still Tracks the Trend

Robustness to Noise and Dimension

Real Dataset: Criteo Live Traffic

For large candidate action sets,
the actions are clustered by
contextual features, and change
detection is performed at the
cluster level.

Initialize
Initialize	Linear	UCB

Initialize	reference	means	and	counters	for	actions	
(or	clusters)

Action	Selection
At	round	9,	choose	action	<) by	Linear	UCB

Observe	Reward	&	Update
Observe	reward	B)

Update	Linear	UCB	with	(<), B))

enough
samples?

Reference	
Estimation

Update	counter	and	
reference

Change	Detection
Run	detector	on	new	reward
AW:	compare	window	average
CUSUM:	accumulate	deviations

change	
detected?

Continue	
Learning

Proceed	to	next	round

Restart
Re-initialize	UCB

Re-initialize	reference

Key Insight: Shared Parameter Shift


