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superheroes who can try every 
possible answer to a tricky 

question all at once.
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• Given pairs of trajectories  with 

•  

•

(τ1, τ2)

τi = (si
1, ai

1, …, si
H, ai

H)

Pr(τ1 ≻ τ2) = 1
1 + exp( − (r(τ1) − r(τ2))
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RLHF Pipeline

Reward Estimation:

Policy Optimization:

̂r ← min
r

ℓ(r; 𝒟) = ∑
(τ1,τ2)∈𝒟

− log Pr(τ1 ≻ τ2 |r)

̂π ← max
π

Vπ( ̂r )

Given a dataset 𝒟 = {(τ1, τ2, )}

[discounted sum of returns under ]̂r
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• Huber Corruption Model: -fraction of the data is arbitrarily corrupted.ε
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Corruption-Robust in RLHF

• Setup: given a dataset   according to reward .𝒟 = {(τi
w, τi

ℓ, oi)}n
i=1 r

• An adversary corrupts -fraction of the datapoints arbitrarily.ε

• An RLHF algorithm outputs policy ̂π

• We measure suboptimality gap Vπ⋆(r) − V ̂π (r)

The problem is hard to solve without any assumption about the model.
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• Offline RL: We need coverage assumption on the data.



Results

Type of Coverage Suboptimality Gap #calls to Robust RL oracle

Uniform Coverage

Low Relative Condition 
Number [4]

Generalized Coverage Ratio [5]

O (H3 dε1−o(1)) O (1)

Õ (H2d3/4ε1/4) Õ ( H3/2d5

ε3 )
Õ (H2d3/2 ε) O ( 1

ε )

[4] Corruption-Robust Offline Reinforcement Learning, Zhang et. al. AIStats-2022 .

[5] Offline Primal Dual RL for Linear MDPs, Gabbianelli et. al. AIStats-2024 .
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1. Solve trimmed maximum likelihood estimation: 
̂θ ← argmax

θ
max

S⊆𝒟:|S|=(1−ε)n ∑
τ1,τ2∈S

log Pr(τ1 ≻ τ2 |θ)

2. Call oracle with  i.e. robust RL with rewards .̂θ rh(s, a) = ϕ(s, a)⊤ ̂θ

[6] Corruption-Robust Offline Reinforcement Learning, Zhang et. al. AIStats-2022 .

• Rationale: with uniform coverage ∥ ̂θ − θ⋆∥2 ≤ O(ε1−o(1))
• Computational efficiency: Alternating optimization converges to a saddle 
point in  iterations.Õ(1/ε2)

( -approx)ε
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Non-Uniform Coverage (contd.)
• Solving     [convex optimization]minθ∈Θ(𝒟) maxπ Vπ(θ)

Convex function
• Solve convex optimization with

1. Zero-order (noisy) oracle

(a) Use robust RL oracle calls to construct sub-gradient
(b) Each call is -biased  sub-optimality gapε ⇒ ε1/4

2. First-order (noisy) oracle

(a)  We use LP-based method to construct new robust RL oracle that 
returns -apx sub-gradient  sub-optimality gapε ⇒ ε
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• Some directions for future work:

1. Corruption-robustness with general reward models

2. Online learning setting


