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Background

• Bandit algorithms
• At each time !

• The learning agent selects an action !!
• Receives reward "! with mean #(!!)

• Objective: Minimize the cumulative regret

" # = #%∗ − ' (
"#$

%
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• Design algorithms with good regret guarantees
• Reinforcement learning algorithms
• At each time with a state transition (Markov decision process)
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Challenges

Player

Environment

Action Feedback

Challenge 1: Structured Action 
Space
• Dependence in the sequential 

structure
• Exponential size for the 

combinatorial structure

Challenge 2: Changing 
Environment
• Adversarial environment destabilize 

algorithms
• Corrupted environment interfere 

learning

Challenge 3: Multi-
players’ Game

• Multiple players affect 
observations

• Strategic interactions impede 
rewards

ICML’16,AAAI’18,COCOON’18,NeurIPS’18,
ICML’19,NeurIPS’20,NeurIPS’21,AAMAS’23
ICML’24

NeurIPS’21,AAAI’22,AISTATS’22,ICML’22,
COLT’23,NeurIPS’23,AAAI’25

IJCAI’22,CIKM’22,SODA’23,AAAI’24,TCS’24,NeurIPS’
24, ICLR’25,IJCAI’25survey
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Structured Action Space – Online Learning to 
Rank

Collaborated with DeepMind, Adobe Research, University of Alberta, MSRA, etc. 
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Structured Action Space - Combinatorial 
Structure
• Influence maximization is one of the 

most representative
NP-hard problem 
• Jon Kleinberg brings up two common 

propagation models (KDD’03, 10k+ 
citations)
• independent cascade model
• linear threshold model
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• Wei Chen (ACM/IEEE Fellow) solves 
online influence maximization only 
under IC model (ICML’13)
• Linear threshold model 

characterizes herd behavior
• Dependence causes challenges for 

analysis!
• We provided a group continuity 

property for LT model, then first 
present the convergence result 
(NeurIPS’20, after 7 years of IC)
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Structured Action Space - Combinatorial 
Structure
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Frequentist

Bayesian

2002

Tabular
UCB (Upper Confidence Bound)

Machine Learning

Tabular
TS (Thompson Sampling)

COLT

2012 2013

Combinatorial
CUCB 
ICML

Allows approximate oracle

Combinatorial
CTS, COLT

Allows only exact
oracle, with a 

counterexample for 
approximate case 

2018

Combinatorial TS with greedy
oracle (NeurIPS’21)

∗decompose combinatorial 
structure into stepwise bayesian
optimization
∗correct misunderstanding

2021



Structured Action Space - Graph Structure

• Graph feedback infers feedback of relevant items
• We first consider the setting of probabilistic graph feedback,

which infer relevant feedbacks with probability (AAAI’20)

• Online clustering structure
• Automatically adapt to finest clustering structure (IJCAI’19)
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Dynamic Environment
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Stochastic Environment Adversarial Environment

Assumption Change

Algorithm Fail

Arm1 Arm2 Arm3 Arm4

Estimate Confidence Interval
Arm1 Arm2 Arm3 Arm4

Adjust Selection Probability

Reward Probability

Combine

Stochastic Adversarial

?



Dynamic Environment - Switch & Optimization

• Graph feedback
• Effective exploration relies on 

the graph structure
• For the general graph, design 

monitor-switch algorithm. Once 
detected environmental change, 
switch the algorithm [ICML’22 
spotlight]
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• Linear structure
• Use FTRL (follow-the-regularized-leader) 

structure to automatically adapt to 
different settings
• [COLT’23] First COLT paper in SJTU

Action
Solution



Dynamic Environment - Attack & Defense

• Ranking structure
• Design attack strategy (add noise to 

the returned feedback) to fail existing 
algorithms
• [NeurIPS’23a]
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• Clustering structure
• Design defense strategy to enhance 

algorithm’s exploration s.t. it can split 
out corrupted parts and stay robust
• [NeurIPS’23bc, AAAI’25 (oral)]



Multi-players’ Game - Matching
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Matching Markets Alvin E. Roth Lloyd Shapley
Stable Matching, 2012 Nobel Prize in Economics

Michael Jordan
ACM Fellow
IEEE Fellow

Learning in matching markets
with unknown preferences

Select

Observe

Arms

Trade-off

Single agent always observes

Trade-off

Select

Not always 
observe

Preferences

Multi-players’ game impede observation

game

explore exploitexplore exploit



Multi-players’ Game - Matching

• Existing works only borrow 
single-agent algorithm, but 
can’t guarantee enough 
exploration
• Best lower bound

Ω 'log +
∆" + .log+∆

• Best upper bound
player-pessimal stable 
regret * ,-./0%

∆!
• 2 = #of players, ? = # of arms
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• Explore-then-exploit algorithm

• First player-optimal stable regret * -./0%
∆! [SODA’23]

• Single-agent self-determines exploration-exploitation, 
further improve learning efficiency [NeurIPS’24]
• Many-to-one matching markets [CIKM’22, AAAI’24]
• Indifference [ICLR’25]

phase 1 phase 2 phase ℓ

….

multi-round 
interactions

Phases increase exponentially

Round-and-robin:2ℓ Communica
te: B(1) Exploit
Till exploration finished



Academic Influences
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The algorithm for online learning to 
rank is included as a chapter in the 
textbook《Bandit Algorithms》

• Cambridge University 
Press

• Fundamental textbook 
in RL theory

• Reference textbook for 
graduate course in 
Oxford、Columbia、
Washington U

• Citation: 3.7k

• AAMAS-2024 tutorial on bandit 
learning in matching markets

• AAMAS-2025 tutorial on Markov 
games (twice, only Chinese)

• IJCAI-2025 tutorial on bandit 
learning in matching markets

• IJCAI-2025 survey on bandit 
learning in matching markets

Apply online learning algorithm to 
combinatorial optimization problems, 
like SAT, win the bronze medal and 
Huawei spark award

First apply 
online 
algorithms 
to parallel 
reasoning 
for SAT

Bronze 
Medal

Accelerate and 
solve 132 
instances in 
competition



Applications
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• Decrease the risk exposure rate by 
33%, and merchant complaints 69%, 
marking a notable improvement in 
both risk mitigation and user 
satisfaction

Adaptive Merchant-Centric Risk Control
by Ant Group

Online Test at Tencent

AAAI-IAAI Deployed Application Award

• Weed out 30.45% strategies during 
experimentation and save about 10% 
experimental time

Intelligent Decisions

• Improve the success rate by 18.3%



MDP is a special case of Combinatorial Bandit 
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Combinatorial

Key Observations

Policy = {state-action pairs}

state-action pair
triggered to be observed

• Regret B F$GHIlog(GHFI) + F$G"Hlog$/"(GHFI)
• Match lower bound Ω "!#$% up to log factors
• Save & log"/$(#$"%) factor for &( %) term compared to [Zanette and Brunskill,19]

• As a by-product, this work could derive gap-dependent bound naturally
[Simchowitz and Jamieson,19] use a very complicated analysis to derive gap-free bound 
from gap-dependent bound



Future Direction - Large-scale RL Theory
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Direction 2
Multi-scenario

Function Approximation
Adversarial MDP

Best-of-multi-worlds

Direction 3
Multi-agent

Function Approximation
Markov Game

Incomplete Information

Direction 1
Structured 

Function Approximation
Linear MDP

Low-rank MDP

Result 1 

Structured
RL Theory

Result 2 

Multi-scenario
RL Theory

Result 3 

Multi-player
RL Theory

Previous
Results

Existing
Basis

• ICLR-2023
• NeurIPS-2023
• IJCAI-2025

• NeurIPS-2023
• TMLR-2024
• AAAI-2025 (Oral)

• ICML-2025
• UAI-2025
• AAMAS-2025 Tutorial



Thanks!
&

Questions? 
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