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Overview
•Analyze the benefits of adding a momentum term to Q-learning in the episodic setting.
•UCBMQ algorithm with regret bound that scales linearly with the number of states S.

Setting

•Tabular MDP: H horizon, S states, A actions, ph(s′|s, a) unknown
transitions, deterministic reward rh(s, a).
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Intuition
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where the sample expectation (pnhf )(s, a) = f (snh+1)

•How to choose the learning rate αn and the bonus bnh?

learning rate αn ≈ 1/n, unfolding the formula for Qn
h + Hoeffding inequality
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learning rate αn ≈ H/n (OptQL [Jin et al., 2018])
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UCB Momentum Q-learning

Idea add a (negative) momentum to correct the bias [Azar et al., 2011]
learning rate αn ≈ 1/n and momentum rate γn ≈ H/n: UCBMQ
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Unfolding+ Hoeffding inequality
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• keep only the last H/n fraction of the past
targets: bound polynomial in H

•n samples to approximate the mean

• still an extra H in the bonus → Bernstein
inequality instead of Hoeffding 0 1 2 3 4 5
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Rates
Algorithm Upper bound
UCBVI [Azar et al., 2017] Õ(

√
H3SAT +H3S2A)

UBEV [Dann et al., 2017] Õ(
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)
OptQL [Jin et al., 2018] (Bernstein) Õ(
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UCB-Advantage [Zhang et al., 2020] Õ(
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H3SAT +H33/4S2A3/2T 1/4)

UCBMQ (this paper) Õ(
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