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Autonomous Agents: Problems and Approaches

» Autonomous Agents can address many critical and complex problems

Stochastic, open environment

Multiple players

%= £

Sequential decision, online Pursult Evasion

oy —egorcoreaund

Strategic (selfish) behavior

Distributed optimization

> Approaches Financial Trading " Web Control Computer Control

Algorithmic RL-based LLM-powered
(since 2006) (since 2017) (since 2023)
Leveraging optimization Leveraging Reinforcement Leveraging Large Language
techniques to solve small- Learning (RL) to solve large- Models (LLMs) for solving
scale problems scale specific problems general problems 2




Algorithmic
(since 2006)
Leveraging optimization
techniques to solve small-
scale problems

» Security Games
» Equilibrium Finding
» Pursuit-Evasion Games

Outline



Security Games

»Real-world security problems

Terrorist attack Robbery Oil Tanker Attack Incident

>Secur1ty GameS (pioneered by Mlllnd Tambe)
dLimited security resources
JAdversary monitors defenses, exploits patterns

»Game theory for security resource scheduling 60+e AAAL AAMAS, 1/CAL NeurIPS, ICML]
JINFORMS Daniel H. Wagner Prize for Excellence in Operations Research Practice (2012), etc
JOperational Excellence Award from US Coast Guard (2012), etc
JUnited States congressional hearing
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Computing Quantal Correlated Equilibrium in NFGs ez

» Fighting against terrorism requires coordinating agents
dCoordination = Correlated equilibrium
dSignaler sends signal to other agents for coordination

»Real-world players are subrational!
dSubrational 2 Quantal response equilirium
dQuantal correlated equilibrium (QCE) given signal 4

q; (u;(a;ls;))
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JExisting methods cannot be applied as none supports both coordination and subrationality

»Our method
JPPAD-hard to compute a QCE given the signal distribution

JComputational methods for QCE QCE,)
* Trace QCE using a homotopic system CER)

. . . . optimization steps
< Optimize the signal structure "
QCERA)
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Pursuit-Evasion Game (PEG)

» Chase scenes in the real world

Expect'More.

SUb b= T =%
» Game model - = —
+ ‘ L/‘Z/ﬂt ‘ :
dPlayers: A team of Pursuers vs. Evader o U

JActions: Move on a graph |30 %3: E
dEnd conditions LI L K, in] %

“ Exit nodes: evader can escape from exit nodes /H iy : ! -
% Limited time: play limited # of steps - =T -—i—

% Capture: one pursuer and the evader reach the same node around the same time . || =|| & | ® r &

dZero-sum imperfect-information extensive-form game

dScalability challenge: action space exponentially increases with the size of the map, time horizon,
# of pursuers 6



Algorithmic Approaches for PEGs

»Incremental Strategy Generation-based Approaches

G(S’,A’) — LP — Best Response {

§=8'U§*
A=A"U A’

» Limitations

Yes No
«— NEW?— END

/

\

* Mixed-integer linear

programming for best
response oracle

* EIGS: 8*8 sparse grid

o

map

J

Escape Interdiction Iteratively Generated
Game Solver — Reachable States
(EIGS) (IGRS++)

[IJCAI 2017] [AAAI 2019]

4

Novel pruning
techniques for best
response oracle

~

* Manhattan map with 702

nodes, 1216 edges, 4

\pursuers, #game step=

26

/

dScalability: Cannot scale up to realistic-sized games
dTransferability: Cannot quickly adapt to other similar games

ISG variant for

}‘{TME(ISGT,CISGT)}

[ICML 2020]

4 First ISG guaranteeir@
to converging to team-
maxmin equilibria

 Every pursuer takes
actions independently

10*10 grid map Y

-

-

Reinforcement Learning is prominent in solving long-
horizon and large-scale decision making problems

\
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Outline

RL-based
(since 2017)
Leveraging Reinforcement
Learning (RL) to solve large-
scale specific problems

» DRL for Pursuit-Evasion Games

» DRL for Industry, esp
recommender systems

» DRL for Financial Trading



Deep (R)L-based Approaches for PEGs

* Singapore map, no need to train NE from
P X
» 15*15 grid map, J { Singapore map, 8 pursuers} scratch for similar games

8 pursuers - Manhattan map, 6 pursuers| |° Quickly adapt to PEGs with different initial
’ conditions

{ NSGZero } ‘ asper \
[IJCAI 2021] [AAAI 2022] [AAMAS 2024]

PSRO with
Representation Learning | jaaarans

\-
/

CFR-MIX J

{NSG-NFSP}

[IJCAI 2021]

 Singapore map with 372 nodes, 1470 * 100*100 grid map, no need to train the best
edges, 4 pursuers, #game step = 300 response from scratch in PSRO




From Specialist to More Scenarios

»From the single scenario to more different decision-making scenarios

a [[JCAI 2024] I
.
RENES SPSRO
a Normal-Form Extensive-Form

\.|J A * Use RL to modify game * Self-adaptive PSRO: A
— payoffs to solve more | wunification of different
_:_ effectively . PSRO variants
ZT‘ <

West Ovive

Qction sets

* GNN to handle games * Transformer-based HPO
with different sizesof : policy capable of transfe-

. ring to diff. games /

Pursuit-Evasion
\_ Games (PEGs) )

Zero-Sum

Zero-Sum
General-Sum

/[ICML 2024] CMD \

* Configurable Mirror Descent
(CMD): A single algorithm to
handle more different decision-
making scenarios

* Different nunmbers of agents,
relationships, solution concepts,
Kand evaluation measures

Single-Agent
Cooperative
Zero-Sum
General-Sum
Mixed Coop. & Comp.

10



Configurable Mirror Descent (CMD) reML2)

»Motivating scenario: develop a skilled robot

dThe user may ask the robot to learn to complete different tasks

lop A Single Al ith h le th iff ks? Smgle-Agent, Cooperative, Zero-Sum,
Can we develop A Single Algorithm to handle these different tasks Genemnl.Swim, Mixed Coop.-Comp, (MCC)

2?:;;%::? Policy Optimization at Each Decision Point / Info. State SOTA: Magnetic Mirror Descent (MMD)

*

1
7 = arg max e EqwrQ(a) M+1 = arg Max(Q(mx ), m) — aKL(m, m) — EKL(W,M)

» MMD only focuses on single-agent and two-player zero-sum games/tasks

: : ~N No one regularizer is panacea for all tasks >
Configurable Mirror Descent (CMD) Consider other convex functions (i.e., more
M- 1 different types of Bregman div.)
Trr1 = arg max(Q(my), T Z a ¢(7T, Th—r)
@ Root @ Decision Point / Info. State well 7=0 Meta-Controller to adjust hyper-para.
@End - e Info. Set e conditional on solution concepts and
evaluation measures (configurable)
Meta-Controller (MC) . NashConv Social Welfare
:8 = MCC ::(::. = CMD ——— MMD-KL —— CFR ( \

—— GMD MMD-EU CFR+
IO

10
|0f -
10°F

X»

0700} * CMD achieves consistent competitive or better
Genemiony —f ) performance in diff. tasks compared to SOTA

0.650

0.600 ¢
) o5 NP * CMD can be easily configured for different
et . . Lol Battleship solution concepts and evaluation measures

2 4 N0 20000 40000 60000 80000
10 10 10 ’

Generalized Mirror Descent (GMD) e— CMD —— MMD CMD MMD \ j

3-player
Kuhn

0]

11




RL for Industry: Some of Our Deployed Applications

Fraud Detection Ride-hailing
Impression allocation [ICAI'18] Joint pricing and dispatch [ICDM'19]
Robust fraud detection [WWW’19]
Recommendation Financial Trading
Online mobile [RecSys’20] .
Portfolio management

‘ Multi-module [RecSys’20] [AAAT'21, WWW24]
(== e mpe— b Social media platform[ICLR"23, Algorithmic trading [CIKM22,
c;.-&r_k.n::m;x — ﬁ['f KDD’23, NeurIPS’23] AAAT'24, KDD'24]




RL for Optimizing User Retention
in Recommender Systems

Global TikTok Daily Active Users (DAU)

Global DAU (in millions)

50 All Household Beverages Dairy & Eggs Choco

40
30
o
20 -
$11.80 $7.58 o
Delifrance ALMONDY Salted Hokkaido Shizuoka Hiyori *
10 Caramel Crush - Frozen Matcha Small Crepe Roll ne
4209 14 per pack ’ -~ £ I’ﬂ :
4.8(9 4.5 (37 PN &
0 Goods Short Video

Jan-17 Apr-17 Jul-17 Oct-17 Jan-18 Apr-18 Jul-18 Oct-18 Jan-19 Apr-19 Jul-19 Oct-19 Jan-20 Apr-20

»RL for Recommendation et Rp<> <>

LUser as environment, item as policy P ity ity N
. E Request 1 - Session 1 ‘: E
» User Retention 1 : = i "
| eques (I

dOptimize user return time & session length V| - i Yes
. . : Request N Recommender : :
Directly related to the key metric: DAU Lo System

——————————————————————

»Challenges: Delayed feedback, high training cost, non-stationary environment
11



PrefRec: Recommender Systems with Human Preferences for
Reinforcing Long-term User Engagement oo 2

» User retention signals are sparse and delayed 4
dHow to design immediate reward value to &  Preference
evaluate each recommending action? fh ﬁ ﬁ ﬁ Function

» Reinforcing retention from preferences rather

than rewards HRA — { % @J

dPredicting the preference via Bradley-Terry model Action
exp (X 7 (57,253 ))

Zieton} exp (e 7 (sp t a:Y)) First study of RLHF in recommender
JLearn the reward model automatically systems

Users
eeeeeee der System

Plﬁ [0'1 > (70] =

Ly = —(0 y) D, [y(O) log Py, [0' >0 ] +y(1) log Py [0' >0 ]]
»Robust training under learned reward functic ~ 0 N
Learn both V and Q for stable updates Depth Frequency
OExpectile regression for the V-function /\f 21% /\f 55% 5,q)

\_Retention Improvement over baselines / 14




State Regularized Policy Optimization with Dynamics Shiftiears:

A
w

Fequency Ratio
=
o

o
n

»How to effectively train online policies for dynamic user behavior patterns?

Like Follow Comment -4.0 State Density with Gravity 5  State Density with Gravity 10 o
1.9 1.9
-2.0 -2.0 -=5
T -10
1.0; 1.0 g 0.0 0.0
7] -15
2.0 2.0
-20
. 5 S
5 10 15 5 10 15 5 10 15 4.%.0 0.8 1.6 2.4 3.1 4.%.0 0.8 1.6 2.4 3.1 23
Dates Dates Dates Angle Angle

»Motivation: Different MDPs with similar structures can have similar optimal
stationary state distribution

»Regularize policy training with the invariant and optimal state distribution.

max Es, a,~r, [Z vir (s¢, at)] s.t. Dk, (dw()||) <e

t=0
»Live A/B tests

dOn a short-video recommendation platform with millions of users
4 Involve 1% of the data flow, last 15 days

[ Reduce hate rate by 1.87%, improve return time by 0.138%o, session length by 0.263%o 15



DRL for Financial Trading

Algorithmic Trading

Portfolio Management

Dee
Scal P EarnHFT MacroHFT Trading HRPM EarnMore
calper
P Strategy
Intraday Second-level Minute-level Generation Portfolio Customizable
Trading Trading Trading Management Portfolio
(Hierarchical RL) Management

Market Simulation [,)RL f?r Trading Strategy Evaluation
Financial
Trading PRUDEX-
Trading Compass

Str ateg.y Systematic Evaluation
Evaluation of RL-based trading

algorithms

Market Simulation by
Controlling Generation
with Context

15



DRL fOI' Algorlthmlc Trading [CIKM’22, AAAT'24, KDD’24]

»Challenges

JNon-stationary market
dTemporal Distribution Shift

» Approaches

dLow-level RL agents with optimal supervisor for
various market conditions

dHigh-level RL agent to pick agents dynamically

Bull Volatile

Bear

Segments of Multi-Variate Time Series
with a Total Length of 3 Million

Minute-level Market Information

Different Sampling Preference Input l
over Retumn Rates Pick an Agen!
I 1 F v Minute —
- | B i N !@ol i [ 1®
e == . Y . CI l )
Bear Market | | Volatile Market Bull Market I &= | a =k Net Value Difference
| . et Value Difference
Train | Train Train : : e of the Mizte
uJ—‘ = @ Cond
2 @ | g @ Q @ i @D Market Ord
W vV @Y N | - Deliver Every
SRR | x | T Se Target
Specific Trend . i A Positio
Profitability Based LS | [
Mocc S Diverse Strategy Pool  Selected Agent
> Re Sults Our Strategy ~ —— Buy and Hold
/ \ Trading
Strategy
o .
4 cryptocurrencies Generation

N 80%

Improvement over baselines

.

J

Total Return(%)

%Wy"\

17
Date

Tradmg Example on BTCUSDT

DRL for
Financial
Trading

Trading
Strategy
Evaluation

Market
Simulation

16



DRL for Portfolio Management aaarz21, wwwoal

»Motivation
JCustomizable stock pool

Fixed Stock Pool Investor Customizable Stock Pools
v o ¥ i CSP1
~ 80 Y £ cspP2
- 9 — ‘ CSP3
t +
Cash
04 03 0.0 02 0.1 e
Portfolios

EarnMore
0.1 04 0.1 0.1 03

0.0 0.0 04 0.6 0.0

» Results

4 ’
SP500 =

,\7‘ 61%

Improvement over baselines

DJ30

/\7‘ 47%

~

)

» Approaches

dLearnable masked token for customizable stock pools

dMeaningful embeddings from a self-supervised masking
and reconstruction process

dReweighting mechanism for favorable stocks

8

Cumulative Retumn (in %)
8

Selected by Direct Masking (b) Extract Pool-level Embedding through Masking and Reconstruction Process
GSI Investor Operation
€ N f f
[cLs)
U C csp .

Mask-filled Operation

Date Indicator Price

D, L f P,

Cohca

Enibe ok
Ye g b 0. o Y.

@

ls (a) Extract Stock-level Embedding in GSP

Date vs. Cumulative Return (SP500)
5T™ ElE

ot ALST
M TCN
SW PG
Boost PPO rader f
gt GBI SAC  ~— EarmMore 3 A
\
[ =
W
f
- ) b“ 5
A 5
A A
\ v
\».,J
ol
\[V
0 > ob o
T AT T T T o

Summation

b

Masking

Operation Cash

n"]()

Date vs. Cumulative Return (DJ30)
rket ALSTM El

e et Y
PR \ ,{:',)f'::
\f
o P »
&P o0 19" 0 P o

0.1 0.0 0.00.7 02

Re

(c) Reinforcement Learning for Portfolio Management in CSP

Trading
Strategy
Generation

DRL for
Financial
Trading

Trading
Strategy
Evaluation 17

Market
Simulation



Market Simulation and Strategy Evaluation iaaarzs, tmir2s)
»Market-GAN: Towards Context-aligned Market Data Generator

dSupervisor to transfer context knowledge to the generator
dTwo-stage training scheme to capture intrinsic market distribution

4 ’ N g
Alignment Prediction -
0
/\)‘ 89% /\)‘ 36% 1)
Improvement over baselines ) R A L i L R
Market-GAN Real Data

» PRUDEX-Compass: Towards Systematic Evaluatlon

(T [

£ ;';"?1
. . g 7 5 R\ Trading
Comprehensive Evaluation LR Strategy
d L Generation
3 ‘
6 17 0
Main Specific Visualization ! % FTinag o
. X N 4 Reliability \%\\* ra il‘l
Metrics Measures Toolkits N P "/ Trading
I L;Yrmﬂ Strategy

) Evaluation
Metrics Hexagon

18



TradeMaster Platform newirs2s)

GitHub

Over 1.3K stars

>A fi]_‘St—Of—itS kind, best—in—CIaSS .gt Financial Metrics Visualization Toolkit g Saa$ Service
. ﬁ | Profit 7 Diversity » » Dataset t-SNE ‘ Rank Comparison Extreme Market Test | __ .,‘:" PyvthonlLibrar
RL platform for trading - [— - o f -l
o Risk Robustness PRIDE-Star Diversity Heatmap Performance Profile = Backend API
| t t
(= FinRL Algorithm Classic RL Algorithm Auto RL
1=
° £ DeepScalper ETTO EIE IMIT PPO SAC DDPG Hyper Tuning
Data Simulator 5
= DeepTrader SARL OPD A2C DQN PG NAS
n * t
5 Macro-level Task Micro-level Task
TRADE MASTER ©
= Crypto Portfolio Intraday Order High Frequency Market
i% Trading Management Trading Execution Trading Making
Algorithm Evaluation 1
Y Data Type Financial Asset Data Frequency 9 Data Cleaning Feat. Embedding
§ K-line Chart US Stock Crypto 1 Day 1Hour | | g AT T
Four Core Components to% Limit Order Book China Stock FX 15 Min 1 Min é_'f Normalzation Featire Selectan
Data Source Trading Algorithms Market Simulator Trading Evaluation
Markets  Datasets Trading RL-based Controllable Stock Tickers Visualization Evaluation
Scenarios Trading Parameters  from DJIA Toolkits Measures
Algorithms index
19

Github link: https://github.com/TradeMaster-NTU/TradeMaster.git




Outline

LLM-powered
(since 2023)
Leveraging Large Language
Models (LLMs) for solving
general problems

» LLM+RL for Decision and
Reasoning

» LLM-powered Agent for Computer
Control

» LLM-powered Trading Agent

21



From RL-based Agents to LLM-powered Agents

» Limitations/Challenges of RL-based agents
dSample-inefficient
dTask-specific
dLong-horizon tasks
dSparse reward

e N
»LLM-powered agents In the next few
years, Al agents
dWorld knowledge will utterly
JReasoning/planning change how we
dTool use (especially code) live our lives,

dIn-context learning online and off. /

» Exciting new area with explosion of concepts,
techniques, and components

Image credit: OpenAl Five, DeepMind AlphaStar, AlphaGo, and ChatGPT



True Knowledge Comes from Practice: Aligning LLMs with
Embodied Environments via Reinforcement Learning ncir24

Observation Prompt

' ‘ ] ‘ ‘ [ 0[ You see a tomato, pick up the [ tom ato ’ 0.4
— '8 —— a bowl and a cutting board. :
L Q’) . To make a tomato salad, \ take the bow 1 0.3
you should first ________
] LLM —>| move B to the rcutting board J —_— 0.1
Bl Action Prompt
— — pick up the tomato / ch op the tom ato J 0.15
— _— take the b?Wl - )
] l [ l [ { move to the cutting board serve | the d ish 0.05
chop the tomato S
serve the dish Token probability Policy

»Challenges

JLLMs have rich prior knowledge but often fail in simple decision-
making tasks due to the misalignments with environments

JRL agents are always aligned well with environments but struggle

with leveraging prior knowledge

»Solution

dUse LLMs to form RL policy and optimized with PPO by interacting ®

with embodied environments

/
/

23



Q*: Multi-step Reasoning as Deliberative Planning

» Multi-step reasoning is challenging for LLMs
ASFT/RLHF: computational burden, extensive human annotation cost
dPrompt engineering: laborious expertise to craft, difficult to generalize
dTraining verifiers: no guidance for intermediate reasoning steps

»In-depth deliberation with A* search
dIntermediate reasoning steps as states Initial state s, = g
dEvaluate each state with process-based reward Rp & Q-value model Q* \{*"Agg‘ﬁ"(sl)' - Re(52))

f(St) — g(St) + /’l'h(st) State s,
“ Aggregated utility g(s;) = Agg(?%p (s1), ..., Rp (St))
% Heuristic value h(s;) = maxatetopK(ne(.| St))Q*(st, ag)

Top-K alternatives

h(se)= max Q*(s¢, ap)
acetopK(ma(*S¢))

dBest-first, informed search over reasoning steps
dGeneral, versatile & agile reasoning framework for LLMs

Terminal state

24



Q*: Multi-step Reasoning as Deliberative Planning

Update Q-value labels

»Learning Q-value model (QVM) N

QOffline RL: alternatively update Q-value labels and fit QVM Q_v%m . E .
dRollout: use the reward of best-performed rollout trajectory
dCompletion: use the reward of trajectory completed with stronger LLM Fitnew Qualuemodd

Trajectory 1

S~~~ \\\\-/ \\0 Trajectory 2

St ag

»Experimental results O TN T
QGSMSK (on Llama2-7b): 65.2% — 80.8% (+15.6%)
UMATH (on DeepSeek-Math-7b): 50.8% — 55.4% (+4.6%) e i
QOMBPP (on CodeQwen1.5-7b): 74.6% — 77% (+2.4%) T e

25
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» In-context learning for computer control

4

---------

ynapse: Trajectory-as-Exemplar Prompting
with Memory for Computer Control ncir2y

........................
~ -

N,

\ { Il. Trajectory-as-Exemplar

> Challenges Environment E Rawi;s.ta‘ggw.‘ Clean State _ g {H'Smfy e J i .
dLimited context length el ] - P T i ( S S |
ey I s | 11 [ Next Action s soet e !
QOLong-horizon error accumulation | #&siis=a T ; =7 ]=
. i Large Language Models
dGeneralize to unseen tasks ~t N fommememeanee e e
! lll. Exemplar Memory {\ [State Abstraction Prompts ] ) | [ Exemplary Trajectories ] E
> SOluthnS E Similarity book-:lflight email-inbox .
H Search (1.1, 2.8, ..] [2.4, 0.6, ..]
(State abstraction S oo me et et
DTrajectory_aS_exemplar MiniWoB++ success rate across tasks MiniWoB++ performance vs data efficiency
Synapse ICL BC+RL Human Fine-tuning 1.0 Kaynapse TS
2 96 35 0.935 0.9 906 0.803 0.665 0.484 0.305
DExemplar memory g (1.0 ()._922 ().)_:02 ()%%) ()%o ()%9 ()?b ()@3 0 gb 0 i1r84 0.30 %().8 RCI WebGUM
. 3 0.8 . ' : ) || § .
»SOTA in standard and real- oo A ; \ Wi
’ || 8,04
world benchmarks &0 cone E0)5¢
o 0.2 ' ' [ Z02
<0.0 . i T
Synapse Px2ac CC-Ney "’UmanAdaP/an,,e,. Rer Webgfyixeac (Bc;'febN.TgC~Ner (8¢ BT T T T T T T YR E

Amount of exemplars per task

26




AgentStudio: A Toolkit for Building General Virtual Agents

»Graphical Interface
Interactive Data Collection
JHuman-in-the-Loop Testing
JAgent Visualization

» Agent Infra
dGeneral Obs/Act Spaces
Online & Diverse Envs
U Native Tool Creation/Use

»Benchmark Suites
dOpen-Domain Tasks
dComprehensive Metrics
JExpandable Eval Pipeline

Environment Domain Online Action Space Image Video FIe-Ieudnb;::k Cr:g:’ilon Pil;ealtiane
World of Bits_(Shi et al., 2017) Simplified Web v/ Keyboard & Mouse v v/ X X X
AndroidEnv (Toyama et al., 2021) Android v Touchscreen v v X X X
WebGPT (Nakano et al., 2021) Web-assisted QA v Web Operations X X X X X
WebShop (Yao et al., 2022) Web Shopping v Web Operations v X X X X
Mind2Web (Deng et al., 2023) Real-World Web X Web Operations v/ X X X X
AITW (Rawles et al., 2023) Android X Touchscreen v X X X X
GAIA (Mialon et al., 2023) Tool-assisted QA X APIs X X X X X
WebArena (Zhou et al., 2023) Self-hosted Web v/ Web Operations X X X X X
VisualWebArena (Koh et al., 2024)  Self-hosted Web v Web Operations v X X X X
2 Real-World Keyboard, Mouse
AgentStudio (Ours) Devioas v dCod v v v v v
: , Interface
ey Human Agent Self-Evaluation Video
© . . . .
o Annotation Trajectories Feedback Demonstration In-the-Wild
Testing
Cross-Device Cross-0S
> i i . L
g Docker Real Machines Linux MacOS Visualization
Virtual Machines Windows
» Interactive Python Kernel Open-Endedness Multimodal Observation Human-ln-t.hfe-
c ; . Loop Supervision
g)o Keyboard Mouse Tool Creation Screen Execution
<  APIs & Tools Tool Retrieval Recording Results VNC Remote
- . T . . Deskto
Comprehensive Metrics Open-Domain Hierarchical Task Suites P
E Efficiency @ Visual Grounding Low-Level Daily Office Interactive Data
Instructions Tasks Workflows Collection

Accuracy Self-Evaluation

27



Cradle: Empowering Foundation Agents Towards General
Computer Control

-
Self-Reflection Information
Gathering
:‘:;'a
LES =
Task Inference Memory
Y (]
\ <
&N
Skill Curation

£z

Hello there, I'm Katniss =S
McFly. I'd like to show
you a little treasure.

General

E Computer

Applications Contri 0l Gimes

-

“. Skill Curation

7= Task Inference

. . » Interact with ANY software via universal human-style interface
L Sl s O Receive input from screens and audio

skill_1(a, b)Add =

A @ skill 2(c, d) & O Output keyboard and mouse actions

LMM

{

and current observations,
the next task is: “..."

(G

[skill_1,skill 2,

GnetiReed | » Six modules enhancement

e Bh 0]

2.The task succeeds/fails. {—s
The reason is ...

Extract important v[‘;’fyl,:al . .
7 » Complete various complex tasks among video games (Red Dead
0

S oy B emory oo T
Redemption 2, Stardew Valley, Dealer’s Life 2, Cities: Skylines) and other software

& Memory generate next action

o @ S (Chrome, Outlook, CapCut, Meitu, Feishu)

)} @0 Executor 5k11171(3=le~1, b=0.5) .

= I:I . » Greatly extends the reach of foundation agents
i‘f‘; Action Planning

{ Information Gathering )

lo—1

=




FinAgent: Foundation Multimodal Agent for Trading oo

»Multi-modal foundational
agent for financial trading
dProcess a diverse range of

data to precisely understand
market trend

Low-level High-level
Reflection Reflection

dFive modules to facilitate CZ] Rt == e | | M Decision
. f d d . e _ 1( Aogmented Tools) |>———————— [ — 7 Market Intelligence | \—===_| making | Intelligence Tools
informed decision-making

» Experimental results I ]

QAchieve the highest & - i
cumulative returns on 5 stocks ¢ 5o S

DOffer at least 200/0 3:023 6-01 8:0 ‘z023—06-01 ZOEZ:-:-)'Q‘-;SGD 2023-12-27
improvement on TSLA dataset ¢ B !
compared to the best- i i

. . 3 3°

performing baseline



Future Directions

» LLM-powered agent for science
dDrug and material discovery
dPrediction, design, and experimentation
JAutonomous, generalist, explainable

» LLM-powered agents in digital and physical worlds
JControlling all devices and robots = ——
QApple Intelligence, Tesla Optimus

»Safety and governance of LLM-powered agents ]
JAvoiding cartographic failures during deployment
JAligning agents with human preferences

» Decision foundation models
JdLMM, RL, ICL, ...

30



Lessons Learned

» Algorithmic -> RL-based -> LLM-powered

dIn pursuit of scalability and generalizability
JLLM (LMM) is pretferred for generalizability

»No one is panacea

_ Algorlthmlc RL-based LLM-power

(Appr.) Optimality
Scalability Q Q :
Generalizability (X ] S (/]

» Integrate the three paradigms to build autonomous agents
towards AGI!

31



Thank You

Thanks to my mentors, collaborators, and students!

Email: boan@ntu.edu.sg
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