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AI Revolution in Action

ChatGPT by OpenAI Veo 3 by Google FDS Visualization by Tesla

NLP Vision Robotics
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A Critical Challenge: AI Alignment

AI must align with human preferences, but preferences are
complex:

1 Helpfulness level:
How much detail vs brevity?

2 Safety preferences:
What topics are safe to discuss?
How to handle sensitive subjects?

3 Appropriate tone:
Formal vs casual? Direct vs diplomatic?

4 ...
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Reinforcement Learning from Human Feedback

[Ouyang et al. 2022]

Zixuan Zhang — Robust Reinforcement Learning from Corrupted Human Feedback 4/17



However, RLHF Data can be Corrupted

For various reasons, human annotators may provide undesirable or
inconsistent preference labels.
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RLHF sensitive to Corruptions

Performance drops significantly as perturbation levels increase.
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Question

How can we make RLHF robust
when human preference data contains corruption?
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Our Contributions

We propose R3M (Robust Reward Modeling for RLHF):

Robust Reward Modeling via a corrupted Bradley-Terry
model.

E!cient alternating algorithm.

Provable consistency: reward learned at the same rate as
with clean data.

Strong empirical gains on robotics & LLM tasks.
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Modeling Corrupted Feedback

Consider a Markov Decision Process M = (S,A, P, r→, ω).

Human preference dataset D = {zw,i, zl,i}ni=1, zw,i preferred
over zl,i.

Corrupted Bradley-Terry model:

p(zw,i → zω,i; r
→, ε→i ) = ϑ(r→(zw,i)↑ r→(zω,i) + ε→i ),

where ϑ(x) = 1/(1 + exp(↑x)) is the sigmoid function.
Suppose ε→ = {ε→i }

n
i=1 is sparse.
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Robust Optimization

To learn r→ and the sparse ω→, minimize an ε1-regularized
negative log-likelihood,

minr,ω →
1

n

n∑

i=1

[log p(zw,i ↑ zε,i; r, ω)] + ϑ↓ω↓1.

Alternating Optimization:

Given a reward model r parametrized by ϖk,

ωk+1
i = max

{
log(1/ϑ→ 1)→ r(zw,i; ϖ

k) + r(zε,i; ϖ
k), 0

}
.

Then update the reward model rϑ with gradient descent.

Extension to direct preference optimization (DPO).
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Theoretical Guarantees

The reward learned by R3M from corrupted human feedback
can be as accurate as standard RLHF.

Theorem

Consider a tabular setting with s corrupted preferences. Take ω = 1/n.

There exists universal constants C0 > 0 and ε such that
∥∥∥R̂→R→

∥∥∥
2

!0

+
1

n

∥∥∥ϑ̂ → ϑ→
∥∥∥
2

2
↑

4

ε2

(
4s

n
+

C0|S||A|

n

)

holds with overwhelming probability. Here !0 ↓ 0 denotes some

preference data matrix.

Same complexity as conventional RLHF [Zhu et al., 2023]:
∥∥∥R̂→R→

∥∥∥
2

!0

= O

(
|S||A|

n

)
.
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Experiments: Robotic Control

Consider three noise models
of human preferences:

1 Stochastic noise

2 Myopic noise

3 Irrational noise

Figure: Performance on robotic control tasks
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Experiments: LLM Alignment

R3M significantly outperforms other baselines in natural
language generation tasks.

Table: Performance on non-perturbed datasets

Figure: Performance with di!erent perturbation levels
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Detecting Corrupted Feedback

The learned ω e!ectively identifies corrupted preference labels.

Figure: Claude 3 agreement

Figure: Example of Corrupted Annotation
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R3M in Practice: Easy Tuning

R3M is robust to varying levels of ω.
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Take-Home Messages

Noisy human feedback is inevitable – robustness matters.

R3M: simple, principled, e!cient.

Proven: Strong theoretical guarantees + empirical validation.

Practical: Negligible computational overhead, stable
hyperparameters.

Versatile: Works for both RL and direct preference
optimization.

Zixuan Zhang — Robust Reinforcement Learning from Corrupted Human Feedback 16/17



Reference

[1] Bukharin, A., Hong, I., Jiang, H., Li, Z., Zhang, Q., Zhang, Z. and Zhao, T.
“Robust reinforcement learning from corrupted human feedback.” NeurIPS, 2024.

[2] Ouyang, Long, et al. “Training language models to follow instructions with human
feedback.” NeurIPS, 2022.

[3] Rafailov et al. “Direct preference optimization: Your language model is secretly a
reward model.” NeurIPS, 2023.

[4] Zhu et al. “Principled reinforcement learning with human feedback from pairwise
or k-wise comparisons.” ICML, 2023.

Zixuan Zhang — Robust Reinforcement Learning from Corrupted Human Feedback 17/17


