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Abstract

1. We introduce Offline Estimation to Decisions
(OE2D), an algorithmic framework that reduces
contextual bandit learning with general reward
approximation to offline regression.

2. OE2D achieves near-optimal regret for contextual
bandits and is computational efficient with
appropriate relaxation.

3. We propose Decision-Offline Estimation
Coefficient (DOEC), a new complexity measure
capturing the difficulty of reducing online contextual
bandits to offline regression.

4. We relate the DOEC to Decision Estimation
Coefficient (DEC) [1], bridging offline- and online-
oracle-efficient contextual bandit algorithm design.
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Goal: minimize Regret, (Alg, T) efficiently, with the help of
an offline regression oracle
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Algorithm: Offline Estimation to Decision (OE2D)
Forepochm=1,2, ...,
#Offline Estimation
Compute fm via offline regression oracle
For t in epoch m:
Observe context x;

#Decision-making

Compute p; as the solution of exploitative F-design w.r.t. fm
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Decision-Offline Estimation Coefficient|(DOEC)

G is areward function/class, g is current believed reward function
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Computational Efficiency
1. OE2D makes log(T) number of oracle calls:

Algorithm  Oracle # Oracle Calls Assumptions on Reward
E2D [1] Online T General
Falcon[2]  Offline log(T) Discrete Action
Lin.Falcon [3] Offline log(T) Per-context Linear
UCCB [3] Offline T General
E2D.Off[4]  Offline T General
OE2D Offline log(T) General
2. OE2D computes exploitative F-design efficiently via relaxation
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Regret Guarantee Experiments
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doec being small means that we can find exploration strategies that
are simultaneously near-greedy and collects useful data for future

learning .
F-design [5]: y — 0 => pure exploration

Coverage: a measure of the ability of using data from behavior
policy p to evaluate target policy
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Examples: g 0.9
Assumptions D g 0.8
Discrete Action |A| 2 o7
h-Smooth regret 1/h 3 auto_price (h = 0.01)
Generalized GLM d E 0o
per-context 5 08
g g £ ()] 0.7
Eluder dimension ® S —
Connection between DEC [1] % 107 107 107 107 10
and DOEC time steps

DEC, < DOEC,,.
’ (up) OpenML cpu_act
(down) OpenML autoPrice
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