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— My Background

/ » 2025 — now: A/Professor, Principal Research Fellow in Industrial Al,
School of Engineering, RMIT University

» 2019 — 2025: Research Director and Al Expert, BPIT, Huawei
Technologies

» 2016 — 2019: Senior Lecturer, La Trobe University

» 2010 — 2016: Senior Data Scientist, AUSTRAC, Lenovo, Telstra
» 2008 — 2010: Research Fellow, RMIT University

» 2007 — 2008: Research Scientist, CSIRO ICT

» 2007: PhD from the University of Sydney in Cognitive Agents

\Y

Research Interests: Large Language Models, Knowledge Representation, Cognitive
Agents, and Embodied Al, along with their applications, 70+ papers, multiple patents

Career Highlights: research, innovation, and commercialization across both industry and
academia




Bifurcated Pathway to AGI (Data-driven)

1. Human knowledge build (Cybernetics, KBS, to Data and Computing Power,
LLM/scale law/transient learning on features for tasks)

+ Clean Pre-tral n « Annotation, Preference
« Filtering, Rejection « Synthetic, composition

Sampling + Infrastructure and « Domain data
* Mix and Scale Operation .

Post-train

« Prompt Engineering
« Constrained Decoding,

* SFT RAG

« RLHF and RLAIF « Activation Steering

« DPO « Catastrophic Forgetting

« Knowledge Distillation

Scoring, augmentation
* Annealing + Parallelism « Long Context, Tool use

Data

Data

Inference

We try to scale model in development to host all human knowledge and capability by feeding mega data ...



Bifurcated Pathway to AGI (Experience-driven)

2. Continual learning from experience

Rich Sutton’s new path for Al : “... RL in Al, we don’t have methods to learn continuously except for the linear
case ...” https://'www.youtube.com/watch?v=NvfK1TkXmOQ

Learn from Interactions Challenges:
Action Output

A Q Generalization: beyond the env. trained

priori knowledge

§ O Inefficiency: learn from limited examples

- R E
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é’a 1 § Catastrophic Forgetting: learn without forgetting
5
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Learning from Interactions (Grounding Problem)

» Grounding: intrinsic process of assigning meanings to
symbols/words/vectors/concepts by referencing to real world
experience (objects, events).

» Symbolic grounding (Harnad, 1990): how can the semantic

interpretation of a formal symbol system be made intrinsic to the IN ouT
system, rather than just parasitic on the meaning in our heads? PR

> Representation grounding (Chalmers, 1992): how can a L .J*E ﬁﬁ“’"j{>
representation in a computational system possess true meaning?

» Concept grounding (Dorffner & Prem, 1993): design a
cognitive model (connectionism) only interfacing with its
environment using sensor and motor signals; any concept of the
system develops through self-organization based on adaptive
interaction with the environment (besides given meta-level
representation like innate architecture) — is grounded in
Harnard’s sense.

Searle’s Chinese Room



Learning from Interactions (Embodied Intelligence)

» Rodney Brooks’ Intelligence without Representation (Brooks, 1991): no traditional representation,
intelligence from sensor motor interaction with the environment, behavior-based model

Take Aways: Learn from situated
sensor motor coordination to generate
complex behaviors

Challenges: Limited memory,
planning, reasoning capability,
simplistic world model

(@)- Key Insight: ground disembodied intelligence (i.e., LLM) in interactions to develop concepts
=" (levels of abstractions) in self-organized manner



Agent Trajectory Learning

» Agent Learning from Interaction:

AgentBank: Towards Generalized LLM Agents via Fine-Tuning on 50000+ Interaction Trajectories, In Findings of the
Association for Computational Linguistics, pages 2124-2141, Association for Computational Linguistics (citation 13)
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Trajectory Learning (cont.)

» Agent Learning from Interaction:

AgentBank: Towards Generalized LLM Agents via Fine-Tuning on 50000+ Interaction Trajectories, In Findings of the
Association for Computational Linguistics, pages 2124-2141, Association for Computational Linguistics (citation 13)

(a) Held-in tasks

. | Held-in Tasks | Held-out Tasks
AcextBank Instruction Data Model - o W Base [ +AgentBank
| Reason Math  Program Web Embadicd | Avg. | Reason Math Program  Web  Embodied | Avg. 50 227 0
o +35.4 +34.7 L
~ Closed-Source Model E a0
3
Task GPTA4 616 730 549 406 778 | 398 | 416 510 694 694 364 | 536 “ 0
+ @ GPT-3.5-Turbo 41.0 415 512 420 10.5 402 320 320 548 66.7 212 413 ::: 2
"’ 78 Open-Source Model Tn
e L]ﬂmﬂ. ﬂ Llama-2-7B-Chat 4.0 75 25 139 0o 62 4.0 8.0 7.0 04 78 55 o
o 7 Vicuna-7B 200 20 190 242 60 | 170 88 14D 190 182 128 | 146 Liane2-78 CodeLisme:78 Mistal-7B  Lisms-3-88
g —» — CodeLlama-7B 35 is 15 248 0o T4 L0 13.0 218 413 35 165
M— * Strong LLM AgenlLM-TB 295 100 120 32 634 [267| 192 130 505 135 133 [ 219
Agen-FLAN-TB | 310 105 131 354 653 273 | 222 10 531 179 14.1 237 (b) Held-out tasks
ask: 1 n sste + Weak Agent
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B A Hank
Pmmmmmg Errﬂ:udled Al o S 13B Open-Source Mode! e genthianl
40 #
- AMOYED Llama2-13B-Chat | 125 105 82 112 00 | 94 | 96 110 330 176 13 | 157 g , +7.6 2 8
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L) + Strong LLM Agent CodeLlama-13B 135 185 5.1 153 00 117 | 64 160 1LI 465 55 171 %
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2D Browsin .
£ Lo T BT SAMOYED-I3B | 545 385 554 409 724 | S01| 350 230 624 389 184 | 355 10

Llama-2-7B CodeLlama-7B  Misiral-7B Llama-3-8B

Organize trajectories into multi-turn dialogues, mix general domain instructions and codes, utilize failure trajectories and propose
the exploration-based trajectory optimization (ETO) method to learn the task-solving process, leading to significant performance
gains.

w



Trajectory Learning (cont.)

» Agent Learning from Interaction:

Watch Every Step! LLM Agent Learning via Iterative Step-Level Process Refinement, In Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Processing (EMNLP 2024), pages 1556-1572, Association for Computational

Linguistics (citation 20)
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i |
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(via DPO loss)
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ETO (Song et al., 2024)
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» Agents start to learn from
Interactions and explorations:
from SFT on trajectories

to ETO (SAMOYED)

Treat an entire trajectory as single
entity during training and
prioritize the final reward

of a trajectory over the process,
thus overlooking exploitable
information throughout
interaction process.

We need to consider step level

optimization



Trajectory Learning (cont.)

» Agent Learning from Interaction:

Watch Every Step! LLM Agent Learning via Iterative Step-Level Process Refinement, In Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Processing (EMNLP 2024), pages 1556-1572, Association for Computational
Linguistics (citation 20)
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Design Step-level
Process Refinement:
Step-level Reward
Acquisition and lterative
Agent Optimization.

Monte Carlo method to
estimate rewards via
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Trajectory Learning (cont.)

> Agent Learning from Interaction:

Watch Every Step! LLM Agent Learning via lterative Step-Level Process Refinement, In Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Processing (EMNLP 2024), pages 1556-1572, Association for Computational

Linguistics (citation 20)

ALFWorld

Paradigm Models WebShop InterCodeSQL Average
Seen Unseen
GPT-4 (Achiam et al., 2023) 63.2 38.5 429 38.1 45.7
Prompt-based GPT-3.5-Turbo (Ouyang et al., 2022) 62.4 37.8 79 10.5 29.7
Llama-2-7B (Touvron et al., 2023) 17.9 4.0 0.0 0.0 5.5
Llama-2-7B + SFT (Chen et al., 2023) 60.2 54.9 60.0 67.2 60.6
Outcome Refinement Llama-2-7B + PPO (Schulman et al., 2017) 64.2 524 22.1 29.1 42.0
uteo Llama-2-7B + RFT (Yuan et al., 2023) 63.6 56.3 629 664 623
Llama-2-7B + ETO (Song et al., 2024) 67.4 57.2 68.6 724 66.4
Process Refinement Llama-2-7B + Step-PPO 64.0 60.2 65.7 694 64.8
o Llama-2-7B + IPR (ours) 713 61.3 703 747 69.4
Training Scheme | WebShop InterCodeSQL ALFWorld . SFT
== ETO
w/o 0-DPO 70.2 59.3 72.4 - PR
w/o s-DPO 66.4 58.0 70.2 5 60
wio SFT 61.8 31.7 64.9 '3’
(-
Tteration=1 63.6 56.6 68.7 530
Iteration=2 63.7 58.2 70.2 =
Iteration=3 68.2 59.2 74.7 40
Iteration=4 71.3 61.3 73.5
Iteration=5 68.1 57.9 714 o WebShop InteroodeSQL ALFWarld

Conclusion:

» Agent learns from interaction via trajectory with
step awards

» Learning from failure actions

» Automated process reward acquisition

» Step level process supervision via mixture
trajectory optimization

» Enhanced performance on three benchmarks

» Generalizable on unseen hold out

Limitation:

» Overfitting with limited data (need to leverage
AgentBank data)

» MC method constrained by sample size

» Consider GPT 4 to label process supervision data



Multi-Agents Collective Decision-making

» Multi-agents Collective Decision Making (CDM):

An Electoral Approach to Diversify LLM-based Multi-Agent Collective Decision-Making, in Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Processing (EMNLP 2024), pages 2712-2727, Association for Computational
Linguistics, https://aclanthology.org/2024.emnlp-main.158/

.............

—_—

NoCDM

Unspecified

surveyed LLM-based multi-agent

m Dictatorial
® Plurality
m Utilitarian

Unspecified

52 multi-agent collaboration frameworks: lack of
diversity in Collective Decision-making (CDM)

DM Major Mono Consis A Cond  Ballot
Method -ity -tonic  -tency  orcet type
Dictatorial (Blind) X v v v X Ranking
Range Voling X v ' ' X Scores
Plurality e v v X X Single*
Borda Count X v ' X X Ranking
IRV v X X X X Ranking
Ranked Pairs v v X X v Ranking

Table 1: Criteria compliance of some typical CDM
methods. Range Voting can be viewed as a special
utilitarian method. IIA denotes Independence from
Irrelevant Alternatives. *Single ballots can be derived
from ranking ones. Find some examples in Appendix D.

Kenneth Arrow’s Social Choice Theory


https://aclanthology.org/2024.emnlp-main.158/

Diversifying CDM in LLM MAS

Utilitarian Dictatorial (Informed) Plurality Preferential Voting (GEDI)
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: Preference Communication :
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B ! Collective Preferent|al Ranking
I 1
[ DeCiSion ] [ Decision ] [ Decision ] [1st Preference] 2nd Preference | e




Key Findings

Robustness against

Base Model Rand. Score Dictatorial-based Ordinal Ranking U n rel iab I e Ag e nts
Range Blind Informed Mis-Informed . Borda . Ranked
MMLU Rand- yifine  Dicta  Dicta. Dicta. Plurality — Bucklin - IRV Minimax Pairs b 5
wistral-7b 248 S518(46) | 564 55905 361203 | 568004 ST1007) 569005 569005 570006 570006 GPT-3.5 Robustness GPT-4 Robustness
1lama-3-8b 250 317¢73» | 450 36585 322¢128) | 459009 46414 46313 45T 0m 459 009) 460 1 a0
glm-4-9b 252 613 ¢0g | 617 54374 53.0 (87 040 (+29) 645 (+28 041 (:24) 649 (+32) 644 +2.7) 646 (+2.9)
1lama-3-70b 253 749016 | 733 701 (320 626107 | 730006 TI8G05)  T3T 04y TIQ 06 739 006) 739 (06) 70
qwen-2-72b 251 69205 | 697  69.7ctoop 3950302 | 700603 699002 700603 69902 699 002) 699 (402
gwen-1.5-11eb  25.0 713 ¢15 | 728  73.002) 46.3 (-26.5) 2900 290 72700 72960 72900 729 0 60
gpt-3.5 249 630022 | 60.8 647 (+39) 36.9 (-23.9) 65.9 (4510 655 (+4.7)  65.6 (+4.8)  65.6 (+4.8)  65.6 (+4.8)  65.6 (+4.8) 50
gpt-4 25.0 80750 | 756 820 (46.5) 709 (47 825 r6m 81963 BlLY 63 819163 8L 163 SLY w63
MMLU-Pro 40
mistral-7b 9.6 20.9 (9.0 209 2772 15.6 (-14.3) 317008 307 08y 314015 312003 317018 30
11ama-3-8b 97 189 (z4= | 21.3  23.8(+25) 19.3 (.20 22009 23825 245032 226003 2300017 3 W
glm-4-9b 96 262(s7*| 319 28237 239 (80) 36.4 445 359 ¢am 348 (+29) 367 (+48) 356 (3.7 36.2 (+4.3) 20
1lama-3-70b 103 467635 | 432 446014 2460186 | 42804 435003 436004 4300020 432000 435003 01 2 3 4567 8 910 01 2 3 4567 891
qwen-2-72b 10.4 35.1¢1 36.8 374 (06) 19.5(17.3) 372004 367000 367000 37204 373005 372004 Number of Unreliable AQE‘HTS
gwen-1.5-118b 10.1 45.7 09y | 448 428 (20 16.6 (-28.2) 447 04y A9y 46 02) 451 03 450 (02) 448 (Hom . . . . .
gpt-3.5 99 285026 | 259 2701012 1300129 | 265006 270001 285626 265006 267008 272 (113 Blind Dict. ~ —+—Range —Inofrmed Dict. —Plurality Bucklin
gpt-4 99 46405 | 469 46900y 346123 | 473004 47506060 47708 475606 478 (09) —#=Borda ——|RY ——Minimax —+—Ranked Pairs
ARC-Challenge
mistral-7b 249 531 ¢ | TLO 703 com 477 (233) NTwon NTeon TL6cos  TLTeon 707007 716 (06) 1¢v . S o Te) 1 e 1M QIO -
1lama-3-8b 252 4440218 | 662 5280134 41.1 c2sn) TL3 50 700 ¢35 70,0 438 TLe 540 TL3I 5D TLIGSD Flél.ll"e 4 ALLUF(iLy lITldet Of ln("red:’ln&? numbel Uf
glm-4-9b 248  699cum+| 793 801 (08 65.1 (-14.2) $2.7 (+3.4 823 (+3.p 82027 828 (+35 83037 827 (434 1¢ (T, . 1 - . -
1lama-3-7ab 253 BR9Gy | BTR B9 80.8 (-7.0) 88.5(+0.7) 8BB4 (+06) BBl (+0.3) BBS5(+0.7) 884 (40.6)  BEA (406 un[‘ﬂlldble d}"ent& bUIlt on gpt 3 - 5 dnd gpt 4'

qwen-2-72b 248  84.7¢1LD | 858 86002 36.7(40.0) | 86.3 (0.5 86213 858 (100) 863 (405 863 (10.5) 862 (+0.4)
gwen-1.5-110b 247 87.0 (07 87.7 883 op) 53.4 (-343) 88.1 04 8B1wn4 BBOG03 881 o4 88104
gpt-3.5 252 T81onzy | 769 770600 29.9 (47.0) 782013 T79m 78213 T8l 71901
gpt-4 2500 929004 | 925 928 (103 873 (52) 929 +04) 927 (+0.2) 928 (+0.3) 928 (+0.3) 928 (10.3)

Limitation:
» MCQA is a limited scenario of CDM (preference

Table 2: Overall | MMLU, MMLU-Pro and ARC-Chall benchmarks. ‘Rand d ‘D over correctness)

T > D- e e I ssults _ . _Challe - hene arks. ‘R Ay ‘Dicta.’ . . .

able 2: Overall accuracy results on MM, MM LU-Fro and aflenge benchmarks. Rand. and icta » Limited CDM methods in GEDI, no compound of

denote ‘random’ and “dictatorial’, respectively. The numbers in parentheses are relative to the blind dictatorial . . .

baselines. Performance gains are marked in red, and loss in blue. Notable cases are marked in bold. *Results multlple voting strategies

marked with asterisk are calculated utilizing partial profiles (see Appendix C). > Voting Tax: computation cost of inter—agent
communication is high
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https://www.youtube.com/watch?v=NvfK1TkXmOQ

Thanks
Questions & discussion
welcome.
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