
Coverage! 𝑝, 𝑞; 𝒢 = sup","’∈𝒢
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Evaluation error under target policy q

Estimation error under behavior policy p

Decision-Offline Estimation Coefficient  (DOEC)
𝒢	is a reward function class, 𝑔 is current believed reward function

doec,,! 𝑔, 𝒢, Λ :=
min

𝑝 ∈ co(Λ)
max
𝑞 ∈ Λ E'∼) 𝑔(𝑎) − E'∼+ 𝑔(𝑎) +

1
γ Coverage!(𝑝, 𝑞; 𝒢)

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]: γ → 0 => pure exploration
Coverage: a measure of the ability of using data from behavior 
policy p to evaluate target policy q

Regret Guarantee
If doec-,. 𝑓, ℱ𝓍, 𝛬 ≲ OO 0

, :

    Regret OE2D, 𝑇
	 ≤ OO 𝑇𝐷 ⋅ log ℱ
Examples:

Connection between DEC [1] 
and DOEC

DEC, ≲ DOEC,,!

Computational Efficiency
1. OE2D makes log(𝑇)	number of oracle calls:

2. OE2D computes exploitative F-design efficiently via relaxation

Algorithm: Offline Estimation to Decision (OE2D)
For epoch m = 1, 2, …,

 #Offline Estimation

 Compute Z𝑓1	via offline regression oracle

 For 𝑡 in epoch m:

  Observe context 𝑥2 

  #Decision-making

     Compute 𝑝2  as the solution of exploitative F-design w.r.t. Z𝑓1	
  

  Sample 𝑎2 ∼ 𝑝2

argmin
𝑝 ∈ co(Λ)

max
𝑞 ∈ Λ

E'∼) Z𝑓1(𝑥2, 𝑎) − E'∼+ Z𝑓1(𝑥2, 𝑎)

	 + 3
,!
Coverage!(𝑝, 𝑞; ℱ4")

	

Taming the Monster Every Context: 
Complexity Measure and Unified Framework for Offline-Oracle Efficient Contextual Bandits
Hao Qin, Chicheng Zhang  The University of Arizona

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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Context Bandit
For time step 𝑡 = 1, 2, … , 𝑇:
    Receives context 𝑥2 
    Takes an action    𝑎2 ∈ 𝐴
    Receives reward
  𝑟2 = 𝑓∗ 𝑥2, 𝑎2 + 𝜀2

Λ-Regret:
Regret6(𝑝 ∣ 𝑥) 	= max)∈6E'’∼)[𝑓∗ 𝑥, 𝑎’ ] − E'∼+[𝑓∗ 𝑥, 𝑎 ]

Cumulative 𝛬-Regret

Regret6(Alg	, T) =d
273

8
E4[Regret6(𝑝2 ∣ 𝑥2)]

Goal: minimize Regret6(Alg	, T) efficiently, with the help of 
an offline regression oracle

Offline Regression Oracle

Exploitation Exploration

benchmark set Λ
Assumptions D

Discrete Action 𝐴
ℎ-Smooth regret 1/ℎ
Generalized GLM 𝑑

per-context 
Eluder dimension 𝑑!

𝒳×𝒜

Z𝑓1 𝑥, 𝑎

Z𝑓1 ≈ 𝑓∗{ 𝑥9, 𝑎9, 𝑟9 }9738

Offline Dataset Regression Reward Estimator

Environment Learner

𝑥2

𝑓 ∗

𝑥×𝑎

𝑎2

𝑟2

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

𝑎

𝑞𝑝
𝑝(𝑎)

Insufficient coverage (high value)
𝑎

𝑞𝑝
𝑝(𝑎)

sufficient coverage (low value)

Assumptions Relaxed Coverage Solution

Discrete Action :
#

𝑞(𝑎)
𝑝(𝑎) 𝑝(𝑎) 	=

1
𝜐 − 𝛾𝑔(𝑎)

ℎ-Smooth regret
1
ℎ
E#	~&

𝑞(𝑎)
𝑝(𝑎) 𝑝(𝑎) 	=

1
ℎ	 ∨ (𝜐 − 𝛾𝑔(𝑎))	

Per context Generalized 
Linear Model (GLM) trace(Σ!"#Σ$) Convex Optimization

Experiments
ℎ-Smooth regret setting
Compared with SmoothIGW [6]

(up) OpenML cpu_act
(down) OpenML autoPrice


