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Abstract

'e stand on the threshold of a new era in artificial intelligence that promises to achieve an unprece-
d level of ability. A new generation of agents will acquire superhuman capabilities by learning pre-
1antly from experience. This note explores the key characteristics that will define this upcoming era.
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* The learning agent selects an action a;
* Receives reward X; with mean u(a;)

* Objective: Minimize the cumulative regret

R(T) =Tu* —E [2::1ﬂ(at)]

* Design algorithms with good regret guarantees

* Reinforcement learning algorithms
* At each time with a state transition (Markov decision process)



Challenges

Environment
- :
Challenge 1: Structured Action Challenge 2: Changing

Space Environment

* Dependence in the sequential Action Feedback| |© Adversarial environment destabilize
structure Player algorithms

* Exponential size for the e Corrupted environment interfere
combinatorial structure .' l' learning

ICML’16,AAAI’'18,COCOON’18,NeurlPS’18,
ICML’19,NeurlPS’20,Neur|PS’21,AAMAS’23
ICML'24

NeurlPS'21,AAAI'22, AISTATS'22,ICML’22,
COLT’23,NeurlPS’23,AAAI'25

* Multiple players affect
Challenge 3: Multi-  observations

players’ Game « Strategic interactions impede
rewards

IJICAI'22,CIKM’22,SODA’23,AAAI'24,TCS' 24, NeurIPS’
24, ICLR’25,1JCAI'25survey



Structured Action Space — Online Learning to
Rank

Context | Click Model | Regret
[KSWA, 2015] - CM O(x log(T))
LWZC, ICML'2016] | Linear | CM O(ZV/TK log(T)) X
LZ, AAAI'2018] GL CM O(dv TK log(T))
KKSW, 2016] - DCM O(x log(T)) X
LLZ, COCOON'2018] | GL DCM O(dKV'TK log(T))
LVC, 2016] - PBM with 3 | O(% log(T)) v
ZTGKSW, 2017] - General O(KT3L log(T))
LKLS, NIPS'2018] - General O (5 log(T)) ?
0 (/K3LT log(T))
Q (\/KLT> ?
[LLS, ICML'2019] Linear | General O(K+/dT log(LT))

Collaborated with DeepMind, Adobe Research, University of Alberta, MSRA, etc.



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

.2 linear threshold model

Wei Chen (ACM/IEEE Fellow) solves
online influence maximization only
under IC model (ICML'13)

Linear threshold model
characterizes herd behavior
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Dependence causes challenges for Activate

analysis!

We provided a group continuity
property for LT model, then first
present the convergence result
(NeurlPS’20, after 7 years of IC)
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Structured Action Space - Combinatorial
Structure

Frequentist

Bayesian

Rt Combinatorial

Tabular CUCB

. UCB (Upper Confidence Bound) ! ICML

| Machine Learning . Allows approximate oracle

2002 2c{12 2013 2(118 2(121

| Tabular Combinatorial Combinatorial TS with greedy
. TS (Thompson Sampling) CTS, coLt ¥ oracle (NeurlPS’21)
| COLT 1 Allows only exact i} xdecompose combinatorial

oracle, with a

approximate case

'} structure into stepwise bayesian

counterexample for 1 optimization

11 xcorrect misunderstanding



Structured Action Space - Graph Structure

* Graph feedback infers feedback of relevant items

e We first consider the setting of probabilistic graph feedback, .7
which infer relevant feedbacks with probability (AAAI’20) @g %%1{ >@

* Online clustering structure
* Automatically adapt to finest clustering structure (IJCAI'19)
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Dynamic Environment

Stochastic Environment

Stochastic

Estimate Confidence Interval

__________________

_________________

v

Algorithm Fail

Combine

—
?

Adversarial Environment

Adversarial

Adjust Selection Probability




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]

e Linear structure

* Use FTRL (follow-the-regularized-leader)
structure to automatically adapt to

different settings
e [COLT’23] First COLT paper in SJTU

10




Dynamic Environment - Attack & Defense

* Ranking structure * Clustering structure

» Design attack strategy (add noise to * Design defense strategy to enhance
the returned feedback) to fail existing algorithm’s exploration s.t. it can split
algorithms out corrupted parts and stay robust

* [NeurlPS’23a] e [NeurlPS’23bc, AAAI'25 (oral)]
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Multi-players” Game - Matching

3 5@% Michael Jordan
~ afila ACM Fellow
S i IEEE Fellow
o, QI . i |

Alvin E. Roth Lloyd Shapley

Stable Matching, 2012 Nobel Prize in Economics Lea.rning in matching markets
LTy with unknown preferences

Arms N Preferences

| T g | i N [ -

T mﬁj : e mg@g
X Tra!doff : I i i : t game ity
optrea—p st 0N o] | R (L Trdeoff | Notjalways; 51
b P P ) Observe ! 'explore epr0|tI ‘\ y's,
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Single agent always observes Multi-players’ game impede observation
--------------------------------------- 12




Multi-players” Game - Matching

 Existing works only borrow ¢ Explore-then-exploit algorithm
single-agent algorithm, but

can’t guarantee enough L) n 1 ]
eXplOI"atIOH Y Round -and- I‘ob|n 2€ Commuynica Y

e: O(1
* Best lower bound phase 1 phase 2 phlsei’ 1 )

Exploit
(Nlog r + KlogT) Phases increase exponentially Till exploration finished
A2 A
. . KlogT
e Best upper bound * First player-optimal stable regret O ( :g ) [SODA’23]
player-pesl\sl;{rpoangstable * Single-agent self-determines exploration-exploitation,
regret 0 ( A2 ) further improve learning efficiency [NeurlPS’24]

* Many-to-one matching markets [CIKM’22, AAAI'24]
* Indifference [ICLR’25]

13



Academic Influences

The algorithm for online learning to
rank is included as a chapter in the
textbook {Bandit Algorithms)

Bandit « Cambridge University
Algorithms Press
csaeaszeresva o Fundamental textbook

in RL theory

Reference textbook for

- graduate course in
Oxford. Columbia.
Washington U

« Citation: 3.7k

32.6 Exercises 399

|
: A
132 Rankm% | 386 !
! 32.1 Click Models 37 !
32.2 icy !
! 32.2 Policy ‘ 390 !
1 32.3 Regret Analysis 392
: 32.4 Notes 396 |
: 32.5 Bibliographic Remarks 308 |
1 1
1 1

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

Solver Authors PAR-2 Solved

Accelerate and
solve 132
instances in
competition

Zhihan Chen, Xindi
1 PRS-parallel Zhang, Yuhang Qian 1143.56 143
and Shaowei Cai
2 Mallob64 Dominik Schreiber 1505.21 137
Zhihui Xie, Xu Liu,

Wangian Luo, Junhua
3 pKisDS-step Huang, Hui-Ling Zhen, I&Ep nlﬁ
ij i, Mi jan
Medal

_ Firstapply
~ online

~ algorithms
| to parallel
~reasoning
. for SAT

* 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

« |JCAI-2025 survey on bandit
learning in matching markets

AAAAAAAAAA

T3. Bandit Learning in Mechanism Design: Matching Markets and Beyond

Presenters:
Shuai Li (Shanghai Jiao Tong University), Fang Kong (Shanghai Jiao Tong University)

Contact email:

T3. Theoretical Foundations for Markov Games (link)

Presenters: Shuai Li (Shanghai Jiao Tong University), Canzhe Zhao (Shanghai Jiao Tong University)
)




Applications

Adaptive Merchant-Centric Risk Control
by Ant Group

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

AAAI-IAAI Deployed Application Award

(ETEHNRBRIENBERRRARTR) &
FHHRE ST

E LilZmAZE

DEPLOYED APPLICATION AWARD | RIAMNLBZBAYT 2024 FERTERARSH
2024011962803 f [ETFRH R RBENDRRARREHR] T
BAR (THRME") #TEE, REMNFHZREDZRAEN
Weigiang Wang, Qian Liu, Shuai Li [RE P, AR, ZRENFHRRZ— BT LMRFAN
SRUNFARESR EARTABLESHRESER, FBX
TR

Xu Liu, Yigiang Lu, Jian Liu, Tianyi Zhang,

EftE () FRRAFRAT
2025%5A8

Online Test at Tencent

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

Tencent i

BEFZEMNEENTERF I & A ROERN %
Jozzngi)

FERRIESIT S 7 LIGKIBAEEIWE B FZENEZNERF
St R RBSIM % ORI S ERE MK BHR = H 2 —BF
Elimination BIiEIRE AR ELEMERNTE P LLEER,

MBEFEREARE, #HRIUANUS SR

1 IBRFFEWEN A/B Mit7AR, BF Elimination BT EHES
RO P ARLZIRZECIRES, T197 30.45%0975 M1t 585 511X
TSI RATER;

o EREIMRISKNEICHE R R, EF Elimination KFEIREAR
BRTFEIEK A/B Wi ARTETEL 10% L

HEUEAEBA.

N 202401 B

Intelligent Decisions

* Improve the success rate by 18.3%

N FHIE B
W OH 4 & ACHT L SSDK 48 8 b KRB K
B R ¥ A FEA AR A RAE E L SR
it LW RAT KA EE 5200 &
S A 1k B 5] 202341 A-F4

MARRELS, EEHAE:

FEMMEAARAAFE L - AH R LERBAFENLT., %
% TR R T AWM SSDK % Rk M HE AR R HFEETE WEE S
FRAHL— “3TF bandit 98 EAKEART” AFEMRPLAT £
fAEER, RATECHAESRENRYE. B -HEAFRFY “ETFEMNL
FAWERAREATR EFFARGENR T IR T 2AE£E, H#
TET QC HEHTEN, RIBRURAFEEXLCTEHER. HHARR
R A # A SSDKZZ $AFHyof FlR (% /1 X 48

BATE, HUTFrROAEE, FRREFRUT L4 HREH
1 XFRBkREFEM, XF bandit WEFES AL THREIINEERFE
Lo EHEI RGO R, EHENEET, ZEIARIEZEETEA
B P H T HEA 183%.
2. A TFEFRRERE, ATFRUFINEEEL AR TEI R AMEEZBL
AFER. BRRITFERAKE, ZEETHA QC HEH#TIEN, B3
RIhFHM A TR PSR —FRA 42%.

FEMAEEARARNE C=ATEH

2024 4 01 A 04 H
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- Regret 0(y/H3SATlog(SAHT) + H3S%Alog3/2(SAHT))
- Match lower bound Q(VH3SAT) up to log factors
- Save 0(log®?(SAHT)) factor for 0(v'T) term compared to

« As a by-product, this work could derive gap-dependent bound naturally

MDP is a special case of Combinatorial Bandit

Key Observations

Policy = {state-action pairs}
Combinatorial

state-action pair
triggered to be observed

Vector-valued
CMAB-Trig

Episodic
Trig MDP

16



Future Direction - Large-scale RL Theory

_[ Result 1 ]7
Previous
Results Structured
RL Theory

—[ Direction 1 J

Structured
Function Approximation

Linear MDP

Low-rank MDP

-Result 2

Multi-scenario
RL Theory

L 2

—>

—>

4[ Direction 2 }

Multi-scenario
Function Approximation

Adversarial MDP

Best-of-multi-worlds

Multi-player
RL Theory

—[ Direction 3 ]—
Multi-agent
Function Approximation

Markov Game

Incomplete Information

x* * *
[— « |CLR-2023 * NeurlPS-2023 « |CML-2025
Basis * NeurlPS-2023  TMLR-2024 « UAI-2025
« |JCAI-2025 « AAAI-2025 (Oral) « AAMAS-2025 Tutorial




Thanks! Shuai Li

& * Associate professor at
Shanghai Jiao Tong University
Qu estIO ns P * Research interests: RL/ML Theory

e Personal website: https://shuaili8.github.io/
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