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Highlights
•The Problem: Heavy-Tailed Rewards in Contextual Bandits:
–Standard Assumption: rewards are bounded within a fixed range [0, R]
–Previous Work: regret scales polynomially with R
– Limitation: heavy-tailed rewards or rewards where the worst-case
range can be substantially larger than the variance.

–E.g. Financial markets (stock prices), online advertising (value returns),
communication networks (waiting times)

•TheGoal: obtain performance guarantees depending on the reward vari-
ance, not the worst-case range

Table: Comparison between different algorithms for stochastic contextual
bandits

Formulation
•Catoni Estimator: unique zero of the increasing function
f (x ; {Zi}i∈[t], θ) :=

∑
i∈[t]

Ψ(θ(Zi−x)), Ψ(x) =

log(1 + x + x
2/2) if x ≥ 0,

− log(1− x + x2/2) if x < 0.
•How it Works: Catoni Regression with weights σ̄i
min
f
max
f ′

R(f )− R(f ′)︸ ︷︷ ︸estimate robustly using Catoni mean
, R(f ) =

∑
i

Ei
1

σ̄2i
[(f (xi)− yi)2] (1)

Algorithm for Known Variance
•combines the OFUL framework with a variance-weighted regression ap-
proach

•Uses the Catoni estimator to construct a robust confidence set for the true
reward function.

•Result:
–Upper bound:

Õ
(( ∑
t∈[T ]

σ2t · dF logNF
)1/2
+ dF logNF

)
,

where σt is the reward variance, dF , NF are the eluder dimension and log-
covering number of function space F

–Match lower bound interms of Ω(E∑t∈[T ] σ
2
t

).
Algorithms for Unkown Variance
•Employs a "peeling" technique: samples are grouped into levels based on
their uncertainty.

• Instead of estimating variance for each round, it robustly estimates an ag-
gregate variance for each level using the Catoni estimator.

•Avoiding the need for a separate function class to predict variances.

Algorithms for Unkown Variance
•Result: Still achieves a variance-dependent regret bound with
only a logarithmic dependence on the reward range R.

•Key takeout: by using peeling, instead of uniforming variance
(variance weighting)

We uniform uncertainty
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