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Abstract

This paper studies reward-agnostic exploration in reinforcement learning (RL) — a scenario where
the learner is unware of the reward functions during the exploration stage — and designs an algo-
rithm that improves over the state of the art. More precisely, consider a finite-horizon inhomoge-
neous Markov decision process with S states, A actions, and horizon length H, and suppose that
there are no more than a polynomial number of given reward functions of interest. By collecting an
order of

SAH?
-2

sample episodes (up to log factor)

without guidance of the reward information, our algorithm is able to find e-optimal policies for all
these reward functions, provided that ¢ is sufficiently small. This forms the first reward-agnostic
exploration scheme in this context that achieves provable minimax optimality. Furthermore, once

the sample size exceeds 2 2‘542H ° episodes (up to log factor), our algorithm is able to yield € accuracy
for arbitrarily many reward functions (even when they are adversarially designed), a task commonly
dubbed as “reward-free exploration.” The novelty of our algorithm design draws on insights from
offline RL: the exploration scheme attempts to maximize a critical reward-agnostic quantity that
dictates the performance of offline RL, while the policy learning paradigm leverages ideas from
sample-optimal offline RL paradigms.'

Keywords: reward-agnostic exploration, reward-free exploration, offline reinforcement learning,
sample complexity, minimax optimality

Acknowledgements

G. Li is supported in part by the Chinese University of Hong Kong Direct Grant for Research.
Y. Chen was supported in part by the Alfred P. Sloan Research Fellowship, the Google Research
Scholar Award, the AFOSR grant FA9550-22-1-0198, the ONR grant N0O0014-22-1-2354, and the
NSF grants CCF-2221009 and CCF-1907661. Y. Yan was supported in part by the Charlotte Eliza-
beth Procter Honorific Fellowship from Princeton University and the Norbert Wiener Postdoctoral
Fellowship from MIT. J. Fan’s research was partially supported by the NSF grants DMS-2210833
and ONR grant N00014-22-1-2340.

1. Extended abstract. Full version appears as [arXiv:2304.07278, v2].

© 2024 G. Li, Y. Yan, Y. Chen & J. Fan.


https://arxiv.org/pdf/2304.07278.pdf

LI YAN CHEN FAN

References

Alekh Agarwal, Sham Kakade, and Lin F Yang. Model-based reinforcement learning with a gener-
ative model is minimax optimal. Conference on Learning Theory, pages 67-83, 2020.

Peter Auer and Ronald Ortner. Logarithmic online regret bounds for undiscounted reinforcement
learning. Advances in neural information processing systems, 19, 2006.

Alex Ayoub, Zeyu Jia, Csaba Szepesvari, Mengdi Wang, and Lin Yang. Model-based reinforcement
learning with value-targeted regression. In International Conference on Machine Learning, pages
463-474, 2020.

Mohammad Gheshlaghi Azar, Ian Osband, and Rémi Munos. Minimax regret bounds for reinforce-
ment learning. In Proceedings of the 34th International Conference on Machine Learning-Volume
70, pages 263-272. JMLR. org, 2017.

Yu Bai, Tengyang Xie, Nan Jiang, and Yu-Xiang Wang. Provably efficient g-learning with low
switching cost. In Advances in Neural Information Processing Systems, pages 8002—8011, 2019.

Dimitri P Bertsekas. Dynamic programming and optimal control (4th edition). Athena Scientific,
2017.

Ronen I Brafman and Moshe Tennenholtz. R-max-a general polynomial time algorithm for near-
optimal reinforcement learning. Journal of Machine Learning Research, 3(Oct):213-231, 2002.

Fan Chen, Song Mei, and Yu Bai. Unified algorithms for RL with decision-estimation coefficients:
No-regret, pac, and reward-free learning. arXiv preprint arXiv:2209.11745, 2022a.

Jinglin Chen, Aditya Modi, Akshay Krishnamurthy, Nan Jiang, and Alekh Agarwal. On the sta-
tistical efficiency of reward-free exploration in non-linear RL. Advances in Neural Information
Processing Systems, 35:20960-20973, 2022b.

Xiaoyu Chen, Jiachen Hu, Lin F Yang, and Liwei Wang. Near-optimal reward-free exploration for
linear mixture MDPs with plug-in solver. arXiv preprint arXiv:2110.03244, 2021.

Qiwen Cui and Simon S Du. When is offline two-player zero-sum Markov game solvable? arXiv
preprint arXiv:2201.03522, 2022a.

Qiwen Cui and Simon S Du. Provably efficient offline multi-agent reinforcement learning via
strategy-wise bonus. arXiv preprint arXiv:2206.00159, 2022b.

Omar Darwiche Domingues, Pierre Ménard, Emilie Kaufmann, and Michal Valko. Episodic rein-
forcement learning in finite MDPs: Minimax lower bounds revisited. In Algorithmic Learning
Theory, pages 578-598, 2021.

Kefan Dong, Yuanhao Wang, Xiaoyu Chen, and Liwei Wang. Q-learning with UCB exploration is
sample efficient for infinite-horizon MDP. arXiv preprint arXiv:1901.09311, 2019.

Simon S Du, Sham M Kakade, Jason D Lee, Shachar Lovett, Gaurav Mahajan, Wen Sun, and
Ruosong Wang. Bilinear classes: A structural framework for provable generalization in rl. arXiv
preprint arXiv:2103.10897, 2021.



OPTIMAL REWARD-AGNOSTIC EXPLORATION IN RL

Ruiquan Huang, Jing Yang, and Yingbin Liang. Safe exploration incurs nearly no additional sample
complexity for reward-free RL. arXiv preprint arXiv:2206.14057, 2022.

Thomas Jaksch, Ronald Ortner, and Peter Auer. Near-optimal regret bounds for reinforcement
learning. Journal of Machine Learning Research, 11:1563-1600, 2010.

Chi Jin, Zeyuan Allen-Zhu, Sebastien Bubeck, and Michael I Jordan. Is Q-learning provably effi-
cient? In Advances in Neural Information Processing Systems, pages 4863—4873, 2018.

Chi Jin, Akshay Krishnamurthy, Max Simchowitz, and Tiancheng Yu. Reward-free exploration for
reinforcement learning. In International Conference on Machine Learning, pages 4870-4879,
2020a.

Chi Jin, Zhuoran Yang, Zhaoran Wang, and Michael I Jordan. Provably efficient reinforcement
learning with linear function approximation. In Conference on Learning Theory, pages 2137-
2143, 2020b.

Ying Jin, Zhuoran Yang, and Zhaoran Wang. Is pessimism provably efficient for offline RL? In
International Conference on Machine Learning, pages 5084-5096, 2021.

Ying Jin, Zhimei Ren, Zhuoran Yang, and Zhaoran Wang. Policy learning “without” overlap: Pes-
simism and generalized empirical Bernstein’s inequality. arXiv preprint arXiv:2212.09900, 2022.

Emilie Kaufmann, Pierre Ménard, Omar Darwiche Domingues, Anders Jonsson, Edouard Leurent,
and Michal Valko. Adaptive reward-free exploration. In Algorithmic Learning Theory, pages
865-891, 2021.

Michael Kearns and Satinder Singh. Near-optimal reinforcement learning in polynomial time. Ma-
chine learning, 49(2):209-232, 2002.

Aviral Kumar, Aurick Zhou, George Tucker, and Sergey Levine. Conservative Q-learning for offline
reinforcement learning. Advances in Neural Information Processing Systems, 33:1179-1191,
2020.

Tze Leung Lai and Herbert Robbins. Asymptotically efficient adaptive allocation rules. Advances
in applied mathematics, 6(1):4-22, 1985.

Tor Lattimore and Csaba Szepesvéri. Bandit algorithms. Cambridge University Press, 2020.

Sergey Levine, Aviral Kumar, George Tucker, and Justin Fu. Offline reinforcement learning: Tuto-
rial, review, and perspectives on open problems. arXiv preprint arXiv:2005.01643, 2020.

Gen Li, Yuxin Chen, Yuejie Chi, Yuantao Gu, and Yuting Wei. Sample-efficient reinforcement
learning is feasible for linearly realizable MDPs with limited revisiting. Advances in Neural
Information Processing Systems, 34:16671-16685, 2021.

Gen Li, Laixi Shi, Yuxin Chen, and Yuejie Chi. Breaking the sample complexity barrier to regret-
optimal model-free reinforcement learning. Information and Inference: A Journal of the IMA, 12
(2):969-1043, 2023.



LI YAN CHEN FAN

Gen Li, Laixi Shi, Yuxin Chen, Yuejie Chi, and Yuting Wei. Settling the sample complexity of
model-based offline reinforcement learning. The Annals of Statistics, 52(1):233-260, 2024a.

Gen Li, Yuting Wei, Yuejie Chi, and Yuxin Chen. Breaking the sample size barrier in model-based
reinforcement learning with a generative model. Operations Research, 72(1):203-221, 2024b.

Pierre Ménard, Omar Darwiche Domingues, Anders Jonsson, Emilie Kaufmann, Edouard Leurent,
and Michal Valko. Fast active learning for pure exploration in reinforcement learning. In Infer-
national Conference on Machine Learning, pages 7599-7608, 2021a.

Pierre Ménard, Omar Darwiche Domingues, Xuedong Shang, and Michal Valko. UCB momentum
Q-learning: Correcting the bias without forgetting. In International Conference on Machine
Learning, pages 7609-7618, 2021b.

Zak Mhammedi, Adam Block, Dylan J Foster, and Alexander Rakhlin. Efficient model-free explo-
ration in low-rank mdps. Advances in Neural Information Processing Systems, 36, 2024,

Sobhan Miryoosefi and Chi Jin. A simple reward-free approach to constrained reinforcement learn-
ing. In International Conference on Machine Learning, pages 15666—15698, 2022.

Dipendra Misra, Mikael Henaff, Akshay Krishnamurthy, and John Langford. Kinematic state ab-
straction and provably efficient rich-observation reinforcement learning. In International confer-
ence on machine learning, pages 6961-6971. PMLR, 2020.

Dan Qiao and Yu-Xiang Wang. Near-optimal deployment efficiency in reward-free reinforcement
learning with linear function approximation. arXiv preprint arXiv:2210.00701, 2022.

Dan Qiao, Ming Yin, Ming Min, and Yu-Xiang Wang. Sample-efficient reinforcement learning with
log log(t) switching cost. arXiv preprint arXiv:2202.06385, 2022.

Shuang Qiu, Jieping Ye, Zhaoran Wang, and Zhuoran Yang. On reward-free RL with kernel and
neural function approximations: Single-agent mdp and markov game. In International Confer-
ence on Machine Learning, pages 8737-8747, 2021.

Paria Rashidinejad, Banghua Zhu, Cong Ma, Jiantao Jiao, and Stuart Russell. Bridging offline rein-
forcement learning and imitation learning: A tale of pessimism. Advances in Neural Information
Processing Systems, 34:11702-11716, 2021.

Laixi Shi, Gen Li, Yuting Wei, Yuxin Chen, and Yuejie Chi. Pessimistic Q-learning for offline rein-
forcement learning: Towards optimal sample complexity. International Conference on Machine
Learning, 2022.

Max Simchowitz and Kevin G Jamieson. Non-asymptotic gap-dependent regret bounds for tabular
mdps. Advances in Neural Information Processing Systems, 32, 2019.

Andrew J Wagenmaker, Yifang Chen, Max Simchowitz, Simon Du, and Kevin Jamieson. Reward-
free RL is no harder than reward-aware RL in linear Markov decision processes. In International
Conference on Machine Learning, pages 22430-22456, 2022.



OPTIMAL REWARD-AGNOSTIC EXPLORATION IN RL

Ruosong Wang, Simon S Du, Lin Yang, and Russ R Salakhutdinov. On reward-free reinforcement
learning with linear function approximation. Advances in neural information processing systems,

33:17816-17826, 2020.

Tengyang Xie, Nan Jiang, Huan Wang, Caiming Xiong, and Yu Bai. Policy finetuning: Bridg-
ing sample-efficient offline and online reinforcement learning. Advances in neural information
processing systems, 34:27395-27407, 2021.

Tengyu Xu and Yingbin Liang. Provably efficient offline reinforcement learning with trajectory-
wise reward. arXiv preprint arXiv:2206.06426, 2022.

Yuling Yan, Gen Li, Yuxin Chen, and Jianqing Fan. The efficacy of pessimism in asynchronous
Q-learning. IEEE Transactions on Information Theory, 69(11):7185 — 7219, 2023.

Yuling Yan, Gen Li, Yuxin Chen, and Jianqging Fan. Model-based reinforcement learning for offline
zero-sum Markov games. accepted to Operations Research, 2024.

Ming Yin and Yu-Xiang Wang. Optimal uniform OPE and model-based offline reinforcement learn-
ing in time-homogeneous, reward-free and task-agnostic settings. Advances in neural information
processing systems, 34:12890-12903, 2021a.

Ming Yin and Yu-Xiang Wang. Towards instance-optimal offline reinforcement learning with pes-
simism. Advances in neural information processing systems, 34:4065-4078, 2021b.

Ming Yin, Yu Bai, and Yu-Xiang Wang. Near-optimal offline reinforcement learning via double
variance reduction. arXiv preprint arXiv:2102.01748, 2021.

Andrea Zanette and Emma Brunskill. Tighter problem-dependent regret bounds in reinforcement
learning without domain knowledge using value function bounds. In Infernational Conference
on Machine Learning, pages 7304-7312, 2019.

Andrea Zanette, Alessandro Lazaric, Mykel J Kochenderfer, and Emma Brunskill. Provably ef-
ficient reward-agnostic navigation with linear value iteration. Advances in Neural Information
Processing Systems, 33:11756-11766, 2020.

Weitong Zhang, Dongruo Zhou, and Quanquan Gu. Reward-free model-based reinforcement learn-
ing with linear function approximation. Advances in Neural Information Processing Systems, 34
1582-1593, 2021a.

Xuezhou Zhang, Yuzhe Ma, and Adish Singla. Task-agnostic exploration in reinforcement learning.
Advances in Neural Information Processing Systems, 33:11734—-11743, 2020a.

Xuezhou Zhang, Yuda Song, Masatoshi Uehara, Mengdi Wang, Alekh Agarwal, and Wen Sun.
Efficient reinforcement learning in block MDPs: A model-free representation learning approach.
In International Conference on Machine Learning, pages 26517-26547, 2022.

Zihan Zhang, Yuan Zhou, and Xiangyang Ji. Almost optimal model-free reinforcement learning via
reference-advantage decomposition. Advances in Neural Information Processing Systems, 33,
2020b.



LI YAN CHEN FAN

Zihan Zhang, Simon Du, and Xiangyang Ji. Near optimal reward-free reinforcement learning. In
International Conference on Machine Learning, pages 12402-12412, 2021b.

Zihan Zhang, Yuxin Chen, Jason D Lee, and Simon S Du. Settling the sample complexity of online
reinforcement learning. Conference on Learning Theory (COLT), 2024.



