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Contextual bandits (CB)
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« Goal: minimize regret
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Challenge: exploration in large action space
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Optimization price [Sen et al, 2021]
[Hong et al. 2026]

« Take every action once
 |deal: regret guarantee independent of |A|

Hong et al., 2026 MASPOB: Bandit-Based Prompt Optimization for Multi-Agent Systems with Graph Neural Networks



Regression-based CB
« Assumption (realizability):
learner’s model class contains f*(x,a) = E[r; | x; = x,a; = a]

« Drives the development of many practical algorithms
[e.g., Bietti et al, 2018; Foster et al, 2020]
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Regression oracles

learner has access to computational primitives: Offline regression oracle

Offline
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CB with Offline Regression Oracle (SOTA)

Algorithm with VT-regret Total # oracle calls Remark

Falcon [Simchi-Levi & Xu ‘20] log T poly(|A|) regret

Linear Falcon [Xu & Zeevi’20] log T Per-context linear reward
UCCB [Xu & Zeevi’20] T General reward structure
EZ2D.Off [Foster et al’24] T General reward structure

Can we design algorithms with log T offline oracle calls, utilizing General reward structure?

OEZD [This work] log T General reward structure




Algorithm: Offline Estimation to Decision (OEZ2D)

reward

« For each epoch m.
- f,, < historical data (offline regressign)

- For time step ¢ in epoch m: Pa) ],
« Observe context x;

« Compute an action distribution p,

Insufficient coverage Su/ﬂ "~=«--' coverage
Py = argmm max ‘ aN,l[fm(xt, a)] Eg~p fm(xt, a) + Coverage(p,/l T
Exploit Explore
« Sample action a; ~ p; Fo={f(x):f € F}

« observe reward r;



Decision-Offline Estimation Coefficient (DOEC)

1
doec, (9,6) = minmax (Eq-2[3(@)] — Eq-p[3(a)] D

Decision Collecting Data for
Off-policy Estimation

DOEC measures the difficulty of reducing contextual bandits to offline
estimation



Algorithm: Offline Estimation to Decision (OEZD)

R A 1
p; = argmin m/{ax ‘! a~A[fm(xtr a)] — Egep [fm(xt, a)] + » Coverage(p, 4; F, )
p m

Exploit Explore
Setting Status
Discrete action space Falcon [Simchi-Levi & Xu ‘20]
Per-context GLM reward New: Generalizes Linear Falcon
f*(x,a) = c({8*(x), d(x,a))), p(x,a) € R? [Xu & Zeevi, 2020]
Regret against h-smooth action distributions New

[Zhu & Mineiro, 2022]




OEZ2D: regret guarantees

Theorem “effective #actions”
If max doec, (F;) sl—; , OE2D has regret < /DT log|F| in log T offline oracle calls
X

Setting D Regret
Discrete action space |A| JIAIT log|F]
Per-context GLM reward d \/d T log|F]

frxa) = o((0"(x), d(x,))), $(x,a) € R

Regret against h-smooth action distributions 1/h \/T/h log|F|
[Zhu & Mineiro, 2022]
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DOEC vs. Decision-Estimation Coefficient ( )

DEC [Foster et al, 2021] enables a reduction from contextual bandits to

Theorem (informal): Any exploration strategy p that certifies small DOEC
also :

Implication: exploration compatible with offline oracles are also compatible
with !
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Conclusion and open problems

1. Propose OEZ2D framework:
Efficient reduction from contextual bandits to offline estimation

2. Statistical complexity measure:
Decision-Offline Estimation Coefficient (DOEC)

Open problems: Thank you!

Can we extend OEZ2D to approach more interactive decision-making
problems: partial monitoring / RL / RLHF / Semi-bandit ?
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Relaxed coverage

Additional assumptions on the reward function class saves the computational cost

Setting Relaxed Coverage D¢
Discrete action space q(a) 1
ap(a) v—yg(a)
Per_Cont*eXt GLM re\ivard p trace(Z;qu) Convex Optimization
frx,a) =00 (x), p(x,a))), $(x,a) ER
Regret against h-smooth action distributions q(a) 1
[Zhu & Mineiro, 2022] a~k [1(a) h V(v -yg(a)
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Coverage

Evaluation error under target policy g

(Ea~ [g9(a)-g'(a)])” 1
« Coverage.(p, = Su
ge:(n, 1;G) = ngeg' ';‘p’(“gEa) “g@) T ]

Insufficient coverage (high value) sufficient coverage (low value)



Regression oracles

« Computational primitives the learner has access to

« Offline regression oracle:

More preferrable

(xl: a, 7"1)» — implemented by standard ML libraries

cee ‘ regression ‘ f = argminfeg: Zi(f(xi’ ai) - Ti)z

(X, Ay 1)
O PyTorch
‘ leatn

Offline

« Online regression oracle:
Fort=1,..,T:

_ DMLC ;{
Online : ) \\\ﬁf@ $oo £9
Xt O ) ERIORIN mmm) predicted reward 7, ///%GBOosf\\\

\ true reward r, '74 LIghtGBM
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OEZ2D: extensions

* Extension 1: model misspecification, corruption, context distribution shifts

* New results easily obtained from our modular regret guarantees

* Extension 2: cumulative regret guarantee for every context X
* May be interesting for safety-critical applications

- > . .’Q. A
* Extension 3: O(loglog T') calls to offline @ A = E—;]L.J
oracle if T known , a - 5__J

* Generalizes (Simchi-Levi & Xu ’20) Patient Learner
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DOEC vs. Decision-Estimation Coefficient (DEC)

DEC (Foster et al, 2021) enables a reduction from contextual bandits to
online regression

dec,(§,6) = min max max Eg-2[9*(@)] — Eq-plg™ (@ HVEa-»[(g(a) — g*(a))z])

Decision Online Estimation

Theorem (informal): Any exploration strategy p that certifies small DOEC
also certifies small DEC.

Implication: exploration compatible with offline oracles are also compatible
with online oracles!
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Combating large action spaces using structure

* Approach 1: structure in reward function class

* E.g. Per-context linear reward (Demirer et aI’19 Zhu et al,’22)

fr(x,a) = (67(0), o(x, a)

nown feature extractor in Rd

* Generalizes the linear bandit model (e.g. Dani et al, ’08)

* Approach 2: regret against smoothed action distributions (
et al’19, Zhu & Mineiro’22) reward

ishnamurthy

* Allows utilizing Lipschitzness in reward functions action
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