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Reinforcement Learning (RL) has emerged as a power-
ful paradigm for sequential decision-making with numer-
ous real-world applications. However, in practical environ-
ments such as recommender systems, search engines, and
LLMs, RL algorithms must efficiently learn from biased hu-
man feedback that may be subject to corruption. In this talk,
I will present our recent efforts in developing robust RL
algorithms that can provably effectively handle such chal-
lenging scenarios. First, I will introduce our works on rein-
forcement learning from biased click feedback in ranking.
In addition to controlling bias with online learning to rank
methods (Wang et al. 2018, 2019; Jia et al. 2021), off-policy
methods received high attention where previous approaches
typically relied on strong assumptions about human click be-
havior (formalized as click models) and required specialized
debiasing methods for different models. We propose a novel
unified framework that formulates the ranking process un-
der general click models as a Markov Decision Process, en-
abling the development of a click model-agnostic RL algo-
rithm (Zhang et al. 2024). Second, I will introduce the fun-
damental vulnerability of bandits and reinforcement learn-
ing under corrupted feedback (Wang, Xu, and Wang 2022;
Balasubramanian et al. 2024; Wang, Wang, and Wang 2024;
Wang et al. 2024). Our theoretical analysis provides com-
plete necessity and sufficiency characterizations of the at-
tackability of linear bandits and linear RL, revealing their
intrinsic robustness and limitations. Lastly, I will discuss our
recent works on improving RL finetuning for LLMs, includ-
ing sample efficient off-policy RLHF and solving the gradi-
ent entanglement issue in margin-based alignment methods
(Yuan et al. 2025).
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