Explore-then-Commit for Nonstationary Linear Bandits with Latent Dynamics
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Require: Horizon T,. exploration length H, truncation length L RT( ) pH + ple pr w.h.p. .
1: Play random actions for¢t = 0, ..., H and observe rewards. exploration  estimation  truncation
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= Only rewards are observed; the state x; is latent. 4. Play the chosen sequence fort = H +1,...,T.
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» A, B, C are unknown and p(A) < 1. SDP+GW gives the stronger commit-phase benchmark

: Main Regret Guarantee = Signlter is scalable but can be more suboptimal.
= Action u; changes both current reward and future rewards. U, i tant with th el X
: ; . 5 = Empirical growth is consistent wi eoretical regret.
Learning How Actions Affect Rewards Theorem. With H = O(T??) and L = O(log T'), the explore-then-
Markov Parameters characterize past action-reward relationship. commit policy satisfies
A0 /3 Takeaways
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- with high probability. = Regret is measured against the best open-loop action
= We only consider first L of them due to stability assumption. ] , sequence.
H controls the explore/exploit tradeoff. » Random exploration learns the action-to-reward history.
For ¢ > L, the reward r, depends on the past L actions [3]: " L makes the truncation negligible. * Approximate planning is enough for O(pT?/?) regret.
Objective & Benchmark
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" Regret compares against the best open-loop sequence: where 4, = [u’f—l i ut—L} . From q (wr, ) Fiso, The commit problem is an NP-hard QUBO = Adaptive closed-loop policies that use reward feedback.
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Unrolling the dynamics gives a quadratic value: £ 0 =%
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= An optimal sequence exists at a vertex: u; € {—1,+1}?, Vt. >0 75 100 12.5 15.0

= The resulting QUBO is NP-hard.

Figure 2. Small-dimensional comparison against brute force.
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