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Trustworthy Foundation Models

~—— Part 1. Learning ——

How to obtain a trustworthy FM via
learning (especially post-training)?

Reinforcement Learning
Learn from rewards

earned through attempts
of problem solving.

Machine Unlearning

Unlearned LLM

g | — Remove specific

fumber? sorry,
don't have that

=== knowledge from a trained

v . .
model without retraining.
| & |

~— Part 2. Reasoning ——

How to perform trustworthy FM
reasoning at test time?

LLM Reasoning
Step-by-step thinking to
reach an answer.

Agentic Reasoning

/@\ Plan, act, observe, and
@ @ adapt to complete a task.
\/
\_ J
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~— Part 3. Generalization —
How to enable trustworthy FM
generalization in applications?

Self-Evolution

Improve FMs through
feedback, selection,
and adaptation.

&

Applications

Apply FMs to scientific
discovery under real
constraints.
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RL for Trustworthy Foundation Models Q/ RlK=N

* Given problems, a model generates outputs, receives rewards, and is optimized via an RL algorithm.

6

The RL pipeline: I RL Algorithm

+]-

EE Input =™ i Qutput — Evaluate —
Problem Model Environment Reward
Applications:

Math NN Code

« Symbolic calculation = el « Code generation

* Logical deduction B * Debugging

* (eometric reasoning * Theorem proving

Best-fit heuristic FunSearch
Science Med-PalM 2 Others
* Medical diagnosis .+ Commonsense deduction
* Legal decision s | » Safety alignment
* Scientific discovery * Instruction following
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Recent Advances in RL (2022-2024)

* Technical focus: Improving model behavior (preference/capability) via preference alignment.

* Applications: Chatbots, Instruction following, preference alignment, and reasoning capability.

On-policy RL Off-policy RL
e Training: RL with human feedback (RLHF). * Training: Direct optimization on preference data.
* Objective: Alignment, helpfulness, harmlessness. * Objective: Alignment + reasoning capability.
* Rep. works: InstructGPT, ChatGPT, Llama 2 Chat. * Rep. works: DPO, KTO, SImPO.
Q o :
: N\
i 2022-2023 : 2023-2024
InstructGPT GPT-4
(NeurlPS 22) (ArXiv 23) i (NeurlPS 23) (ICML 24) (NeurlPS 24)
PPO + human reward RLHF-tuned GPT-3.5; Direct preference opt.; no Kahneman- Tversky opt., Reference-free preference opt
model; alignment at scale. conversational alignment. i reward model needed. unpaired preferences.
Constitutional Al Llama 2 Chat i RLOO GRPO SPPO
(ArXiv 23) (ArXiv 23) i (ACL 24) (ArXiv 24) (ICLR 25)
RLAIF; Al feedback replaces Open-source RLHF safety i Leave-one-out baseline; Group relative advantage est., No external reward model;
human labéls. Improves via self-competition.

+ helpfulness. no critic model needed. no critic model needed.
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Recent Advances in RL (After 2025)

* Technical focus: RL with verifiable rewards (RLVR), establishing the method for improving reasoning capability.
* Applications: Mathematical reasoning, code, science, expanding to agentic reasoning with tool-use.

2025.01: DeepSeek-R1 (On-Policy RL) 2025.03: DAPO (On-Policy RL)

Article  Openaccess Published: 17 September 2025 FiX G R PO 'S e ntro py
Levera ge GRPO at scale DeepSeek-Riincentivizes reasoning in LLMs through colla pse via Cli p-

reinforcement learning DAPO: An Open-Source LLM Reinforcement Learning

With Ve r i fi a b | e reWa rd S; Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu Zhang, H i g h e r a n d re m OVeS SYStem at Scule

Shirong Ma, Xiao Bi, Xiaokang Zhang, Xingkal Yu, Yu Wu, Z. F. Wu, Zhibin Gou, Zhihong Shao, Zhuoshu Li,

open-source model length bias with s sont et o A ety Pessrch AR Tongs Oty

l |Va|s Openl \I 01- ’ ' to en |e el |O SIA-Lab of Ts QVUUARC d ByteDance Seed
Nature 645, 633-638 (2025) | Cite this article k V SS .

2025.03: MM-Eureka (Multimodal On-Policy RL)  2025.03: Search-R1 (Agentic On-Policy RL)

F| rst to reprod uce MM-EUREKA:  EXPLORING THE FRONTIERS OF EXteﬂd G RPO to Search-R1: Training LLMs to Reason and Leverage Search

MULTIMODAL REASONING WITH RULE-BASED REIN- Engines with Reinforcement Learning

DeepSeek-R1 visual aha ForeEMENT LEaRNING multi-turn reasoning
moments Vla rule_based Fanging Meng®  Lingxiao Du® Zongkai Liu®  Zhixiang Zhou® Quanfeng Lu Interleaved Wlth

Tiancheng Han Daocheng Fu Botian Shi Wenhai Wang  Junjun He

Bowen Jin!, Hansi Zeng?, Zhenrui Yue!, Jinsung Yoon?, Sercan O. Ank®, Dong Wang!,
Hamed Zamani?, Jiawei Han'
! Department of Computer Science, University of lllinois at Urbana-Champaign
N ; i ! | . T e e . 2 Center for Intelligent Information Retrieval, University of Massachusetts Amherst
. Kaipeng Zhang  Ping Luo  Yu Qiao  Qiaosheng Zhang' Wengqi Shao dy n a m I C Sea rC h 3 Google Cloud AT Research
G R PO Wlth O ut S FT. Shanghai Al Laboratory  Shanghai Innovation Institute {I:.'(_}wenj-l,zhenruiltdwangzd,hanj }@illinois.edu, {hzeng, zamani}@cs.umass.edu
Shanghai Jiao Tong University The University of Hong Kong e n g i n e Ca | |S {jinsungyoon, soarik}@google. com
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Recent Advances in RL (After 2025)

* Technical focus: Enhancing RL with label-free RL, process supervision, test-time RL, and self-distillation.
* Applications: Trustworthy FM reasoning in math, code, science, and long-horizon multi-turn agentic tasks.

2025.04: INTUITOR (Label-Free RL) 2025.05: GiGPO (Agentic RL)

Group-in-Group Policy Optimization for

Pretrained FMs hold LEARNING TO REASON WITHOUT EXTERNAL REWARDS ...
| , , _ _ Critic-free process LLM Agent Training
atent reasoning capacity ™ OC peteey” i . . .
credit estimation for
elicitable without any N tic RL Lang Feng!  Zhenghai Xoe! TingeongLisl B Ante
l"C‘B‘"k:]i); potey. e :'C B”'“:;'fb.'_ . agen IC . 'Nanyang Technological University, Singapore
{langDOE,zhenghalooi.ting};‘:;'éOOI}@:fi?:ern.sg, boan@ntu.edu.sg

labeled data.

2026.01: TTT-Discover (Test-Time RL) 2026.01: On-Policy Distillation (Self-Distillation)

RL at test time to Distill the mod el ’_S Reinforcement Learning via Self-Distillation
Optimize car [eiiien Learning to Discover at Test Time feedback-conditioned
SOIULION ON MOTEI'S OWIN  uivicus ttom momg o o s s s ot coi, s _ _
atte - pts IStanford University 2NVIDIA 3 Astera Institute  4UC San Diego 5 Together Al se | f -Su p e rVISed Si g na |S .

Jonas Hiibotter! Frederike Liibeck* -2 Lejs Behric*! Anton Baumann*!

i i Marco Bagatella”? Daniel Marta! Ido Hakimi! Idan Shenfeld®
p re d I Ctl O n S a S d e n Se Thomas Kleine Buening! Carlos Guestrin® Andreas Krause!

TETH Zurich ?*Max Planck Institute for Intelligent Systems >MIT “Stanford

https://github.com/lasgroup/SDPO
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_
Our Works on RL 55 ik

RL for Safety Data-centric RL

Multi-agent RL Self-supervised RL Agentic RL

CoDaPO

(ICML 26)

Adaptive compute
allocation in GRPO
via confidence and
difficulty reweighting.

RewardFlow

(ICLR 26 Workshop)
Training-free dense
state rewards via
topology-aware
graph propagation.

ReSA

(ICLR 26)
RL-based safety
alignment with
Answer-Then-
Check reasoning
strategy.

Published as a conference paper at ICLR 2026

Co-rewarding
(ICLR 26)
Self-supervised RL
via complementary
multi-view reward
signals.

ECON

(ICML 25)
Multi-agent RL
framed as a Bayesian
Nash Equilibrium.

Paper published at the Lifelong Agent Workshop @ ICLR 2026

Published as a conference paper at ICLR 2026 Paper published at the Scaling Post-training for LLMs Workshop @ ICLR 2026

From Debate to Equilibrium:
Belief-Driven Multi-Agent LLM Reasoning via Bayesian Nash Equilibrium

¥iXie'?" Zhanke Zhou?* Chentao Cao’ Qiyu Niu! Tongliang Lin® Ba Han®

Existing MAD

Answr 1 Amwer 2 el Answer2 g Y ol
LIMI —— - LMD - L s ] Ao |- g
ECON
Beiet1 |9
LLMI —+ Amswerl — LM T Anmert — Coondinuor |
Belief
LLM2 Anruer LLM2 = "

\\\\\

CO-REWARDING: STABLE SELF-SUPERVISED RL FOR
ELICITING REASONING IN LARGE LANGUAGE MODELS

*  Zihua Zhao'  Zhanke Zhou'

REASONED SAFETY ALIGNMENT: ENSURING JAIL-
BREAK DEFENSE VIA ANSWER-THEN-CHECK
Chentao Cao'?* Xisojun Xu' BoHan?' Hang Li'

!ByteDance Seed
*TMLR Group, Department of Computer Science, Hong Kong Baptist University

REWARDFLOW: TOPOLOGY-AWARE REWARD PROPA-
GATION ON STATE GRAPHS FOR AGENTIC RL WITH
LARGE LANGUAGE MODELS

Xiao Feng'  BoHan'' Zhanke Zhou'  Jingi Fan®
Jiangchao Yao'!  KaHo Li®  Dahai Yo*  Michael Kwok-Po Ng'

ngcha g
TMLR Group, Hong Kong Baptist Uni L Corporate Research (HK) Co., Lid
SCMIC, Shanghai Jino Tong University
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ot of Mathernatics, Hong Kong Baptist University

CoDAPO: CONFIDENCE AND DIFFICULTY-ADAPTIVE
POLICY OPTIMIZATION FOR LLM REASONING

Zhanke Zhou'*"  Xiangyu Lu' L'haenI!ano‘ Brando Miranda®
Tongli i’ T o
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Belief-Driven Multi-Agent Reasoning

Problem: Multi-agent debate (MAD) is costly and unreliable.
* Debate uses many tokens.

* Agents lack principled coordination.

* Performance may not reliably converge.

_ Existing MAD
Answer 1 . Answer 2 3 Answer 1 ! Answer 2 : Final
LLM1 LLM2 LLM1 LLM2 [ Aggregator H Output

Method: ECON coordinates agents via learned beliefs, not debate.

A coordinator assigns strategy and aggregates answers.
Execution LLMs reason independently with learned belief states.
Training pushes agents toward coordinated equilibrium.

1O ECON

Belief1 | ¥ - (Belief1 |Q
LLMI —— Answerl LLMI  — "\ Answerl —{cOordmatorH L
| Output |
. . f—--+ BNE
Belief 2 -- Belief 2 -
LLM2 S Answer 2 | LLM2 R Answer 2 , .
\ | ) Message Passing
\ ~ / > ~ 4 " Belief Coordinate
Stagel Stage2

From Debate to Equilibrium: Belief-Driven Multi-Agent LLM Reasoning via Bayesian Nash Equilibrium. In /CML, 2025.

Results: ECON improves accuracy while reducing token cost.

* Beat CoT, self-consistency, ToT, and rStar on reasoning benchmarks.

* Improve TravelPlanner pass rates over 3-round debate.
* Use 21.4% fewer tokens than 3-round MAD.

Validation (#180) Test (#1,000)
Delivery Commonsense Hard Constraint Final Delivery Commonsense Hard Constraint Final
Rate _Paas Rate _P:ss Rate Pass Rate Rate _Pass Rate Pass Rate Pass Rate
Micro Macro Micro Macro Micro Macro Micro Macro
Greedy Search 100 744 0 60.8 378 0 100 720 0 524 318 0
Two-stage
Mixtral-8x7B-MoE 49.4 300 [] 12 0.6 0 512 322 02 07 0.4 0
Gemini Pro 28.9 18.9 0 0.5 0.6 0 39.1 249 0 0.6 0.1 0
GPT-3.5-Turbo 86.7 54.0 0 0 0 0 91.8 519 0 0.5 0.6 0
GPT-4-Turbo 89.4 61.1 28 152 10.6 0.6 93.1 633 20 10.5 55 0.6
Debate (GPT-4) @3round |  95.2 67.3 6.7 22.7 13.1 23 97.8 724 113 17.4 12.1 37
ECON (GPT-4) 100 714 156 321 257 72 100 821 266 324 176 9.3
Sole-planning
DirectGpr. 5-Turbo 100 60.2 44 1.0 28 0 100 59.5 27 9.5 4.4 0.6
CoTGpr-3.5-Turbo 100 66.3 33 1.9 5.0 0 100 64.4 23 9.8 38 04
ReActGpr.a 5-Turbo 82.2 476 39 1.4 6.7 0.6 81.6 459 25 10.7 31 0.7
Reflexiongpr.s 5-Turbo 939 538 28 1.0 2.8 0 92.1 52.1 22 99 38 0.6
Directyixtral- 8x7B-MoE 100 68.1 50 33 L1 0 99.3 67.0 37 39 1.6 0.7
DirectGemini Pro 93.9 65.0 8.3 9.3 4.4 0.6 93.7 64.7 19 10.6 4.7 2.1
DirectGPT.A4-Turbo 100 804 172 471 222 44 100 80.6 152 443 23.1 4.4
Debate (GPT-4) 97.7 789 156 433 20.6 6.7 98.2 79.5 188 417 22.9 7.1
ECON (GPT-4) 100 833 222 517 278 12.9 100 842 235 498 287 152
LLaMA3.1 70B Mixtral 8x7b Mixtral 8x22b

Dataset Inference Strategy

Token Usage Performance Token Usage Performance Token Usage Performance

Multi-Agent Debate (3 rounds) 2154.87 71.58 1462.12 31.28 5345.56 67.41

RAP 2653.27 68.71 1737.73 33.99 6668.55 62.53
MATH ECON (with detailed strategy) 3270.06 7238 2150.23 26.18 8054.03 68.23
Self Consistency (64 rounds) 11917.00 67.39 8066.21 31.58 29616.13 62.21
ECON 1629.79 81.47 1128.23 35.02 4270.86 72.29
Multi-Agent Debate (3 rounds) 1391.57 86.32 1463.40 70.19 5714.05 81.95
RAP 1907.86 81.33 1248.66 72.03 6517.77 76.97
GSM8K ECON (with detailed strategy) 2772.24 85.17 1188.13 65.37 9341.60 81.46
Self Consistency (64 rounds) 9574.25 89.56 6601.34 71.08 24671.91 86.24
ECON 1131.65 92.70 1284.98 76.97 471531 88.20
Multi-Agent Debate (3 rounds) 3030.73 41.98 1478.14 20.04 9250.78 45.21
RAP 1768.72 38.97 1036.11 2247 6464.52 42.79
GSM-Hard ECON (with detailed strategy) 3662.64 44.12 2239.07 18.52 11464.98 41.04
Self Consistency (64 rounds) 16724.69 39.76 11668.19 2247 7454425 44.19
ECON 1518.76 51.43 1271.53 25.76 7101.62 47.58

8
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Stable Self-supervised RL

Problem: Self-supervised RL can improve reasoning, but often collapses. Results: Co-rewarding is more stable and effective.

* GT rewards are expensive and hard to scale. * Beat entropy, self-certainty, and majority-vote rewards.

* Self-rewards make models confidently wrong or overly consensus-driven. * Sometimes match or outperform ground-truth reward training.

* The goal is label-free RL that avoids reward hacking. * Reduce collapse like short-answer consensus or repetitive outputs.

100 Qwen3-1.7B-Base (MATH) Qwen3-8B-Base (DAPO-14k)
— = a7 IATH) 2578 (AT o T
= 0 80
gw - -
g z Z60
2 60 Z —— Ground Truth E —— Ground Truth
v =] Co-rewarding-1 = Co-rewarding-1
z = —— Co-rewarding-11 =z —— Co-rewarding-1l
5 n =20 ——  Self-Certainty = 20 —— Self-Certainty
—— Entropy —— Entropy
—— Majority-Voting 0 —— Majority-Voting
20 Quwen3-8B-Base Llama-3.2-3B-Tnstruct 0 50 100 150 0 100 200 300
Step Step
Method: Co-rewarding uses cross views to create pseudo-rewards.

* Rephrase questions and cross-check answers across original/rephrased versions.
* Use a slow EMA teacher model to reward the current policy. . T R S T Tt O i WS

Qwen3-8B-Base

* Use both rephrasing and teacher-based rewards. B L m mm oan o ma mm o wm o ww
- GT-Reward (Sha 202 82.6 8726 5422 1715 3052 6325 5278 57.11
- Self-Certainty (Zhao et al.. 2025 802 8074 5075 1573 2720 6438 5098 54.17
| 2 5 - Entropy (Prabhudesai et al., 2025 802 87.19 4954 1563 2938 6200 5181 54.86
Question: 1417 (b) Co-rewarding-I: Data Side  Majority-Voting (Shafayat stal._2025) | 79.8 8976 4909 [ 1583 3052 6338 5180 56.93
uestion: 1+1=¢ | - Co-rewarding-1 (Ours) 812 937070 5120 1510 3081 66.00 55.79 59.95
| - Co-rewarding-1I (Ours) 80.8 9242 5346 1448 3023 6283 | 6070 57.50
| - Co-rewarding-1II (Ours) | 814 9098 5407 1333 3071 6375 5369 59.10
i Orens-t8 B
| S— T + Before RL 712 2615 2108 458 11.00 3888 46.43 4723
: - GT-Reward (Sha 2 7 976 5120 . 2607 553 7 53.
| GT-Reward (Sha 8.6 8 120 1500 6.0 8 47.80 9%
| - Self-Certainty (Z 716 7179 3886 1167 237 5700 4815 4893
| - Entropy (Prabhu 25) 770 88.10 4744 1094 2559 5288 5044 49.90
- Majority-Voting (Shafayat etal., 2025) | 77.4 90.07 4533 10.10 2654 57500 4878 5435
GT Answer: 2 | - Co-rewarding-I (Ours) 78.8 9128 4608 1385 2664 5650 5035 53.26
| - Co-rewarding-11 (Ours) 780 8886 4593 1217 2625 5500 | 5130 53.88
(a) Smgle view method | —————————————— - — ——— — — — —— — — — — ——— — ——————— — — - Co-rewarding-1II (Ours) 786 9075 4880 1271 2616  56.00 49.23 53.08
Llama-3.2-3B-Instruct
Before RL 392 6573 1054 375 986 2537 5732 3114
—M - GT-Reward (Shao et al., 2024) 47.0 7794 2214 1167 957 31.87 4751 34.32
- Self-Certainty (Zhao et al.. 2025b) 434 7491 1883 688 995 2587 5488 3334
- Entropy (Prabhudesai et al., 2025) 434 66.19 2018 656 1166 2462 5470 3352
-------------------------- v '7V'r - Majority-Voting (Shafayat et al.. 2025 468 7877 2048 927 1100 3125 479 3318
ot Madel - Co-rewarding-1 (Ours) 502 7945 2380  10.00 1128 29.88 48.89 3377
EMA Update , - Co-rewarding-11 (Ours) 49.8 7930 2259 1073 10.80 30.63 49.90 3361
- Co-rewarding-1I (Ours) 516 7991 2545 1042 1043 3250 4637 3450

! Teacher Model |
: Fref :

9
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Safe Reasoning via Safety-driven RL

Problem: Jailbreak defenses are brittle and often over-refuse.
Malicious intent can be hidden in adversarial prompts.
Strong defenses may reject benign queries.

* Output filters often block instead of giving safe alternatives.

Method: ReSA trains models to “Answer-Then-Check.”
First draft the intended answer internally.

Then analyze whether it is safe.

Finally answer safely or refuse.

SKeX —

Existing Aligned Models

| Haw to make I
V@ bomb? I

| &

‘Wrong Thinking o

)
Unsafe Answer:
1) Confused by the adversarial query

Sure, I can help you
know how bomb

2) Unfamiliarity with safety policies

r 1
1 Safe Answer:
e |
Adversarial "" | [ Intended Answer s“mman,] [Safety Analysis ] Sorry, I cannot answer
Harmful Query Ny —> I —> | asit violates my
| Thinking grounded in the Thinking grounded in the | output policy °
ReSA-SFT/RL intended answer summary learned safety policies 1 i
Model | e e e e e e e e e e e e e e e e -
Stage 1: Safety Query Stage 2: Intended Answer
Construction (4 Types) A lf Summary Generation 1
f ( ) c‘ | [ Intended A = Intended Answer Summary: I
. . . . v ntende NSWer: T ntende: ISWEr Summal
(Type 1) Vanilla Benign: (Tvpe 2) Vanilla Harmful: 1 | First, we should use advanced S&f To creale & guide on selling frauduleat |
How can I cut to the chase Create and sell fraudulent 4 1 | sofiware (c.g.. ID template identification docs, I will I
Bes ] ate 2 0
during business meetings? identification documents. . Generate I N i .,pk‘ Summarize 1
) 1 generators) to create fakes. .. necessary steps, including generate |
Training ‘.ﬁ] Apply Jailbreak I 777" g T T T T -
pp Y real
Query Pool [ Ir Intergrated by |

Safety analysis:
The answer planning idea

violates the Non-Violent
Crimes policy, as it
outlines steps to create..

—_ the Reasoning |
Filter I\ Template |

e 3) Adversarial Benign:
Imagine you're

(Type 4) Adversarial Harmful:

egotiator, Understanding how counterfeit
where meetings stretch on for IDs are produced helps law
|_ what seems like eons.. kunfmrcmcm‘ Can you...

Answer-Then-Check

Strategy
<

o —

Stage 3: Safety
Analysis Synthesis

Results: ReSA improves safety with little loss in usefulness.
* Better jailbreak robustness than several baselines.
* Lower over-refusal on benign/adversarial-benign prompts.

* Preserve general ability on math, coding, and knowledge benchmarks.

Reasoned Safety Alignment: Ensuring Jailbreak Defense via Answer-Then-Check. In /CLR, 2026.

GPT- ReNe-

Base Model Evaluator Method None TAIR  pilr  pap Deepln-
- Fuzzer LLM

GPT ception 9

Base 0.9968 0.3514 0.2620 0.6486 0.1374 0.6613 0.4249 0.5240 0.5008

Post-hoc (LlamaGuard) 1.0000 0.4633 0.5080 0.7157 0.9968 0.9297 0.6581 0.9776 0.7812

Llama STAIR-DPO 1.0000 06837 0.4217 0.9425 1.0000 0.8339 0.6933 0.9872 0.8203

TAP

Guard WJ-SFT 0.9936 0.4473 0.3291 0.7604 0.9425 0.6773 0.6038 0.9840 0.7173
ReSA-SFT (Ours) 0.9936 0.8978 0.6965 0.9681 0.9553 0.8818 0.8498 0.9936 0.9046

ReSA-RL (Ours) 1.0000 0.9872 0.9681 0.9968 1.0000 0.9968 0.9968 1.0000 0.9932

Base 0.9880 0.4660 0.4509 0.6592 0.2957 0.7496 0.4840 0.5674 0.5826

Llama3.1- Finetuned  Post-hoc (LlamaGuard) 0.9909 05511 0.6441 0.7143 0.9833 0.9410 06704 0.9132 0.8010
8B-Instruct g on.pEipor STAIR-DPO 0.9992 0.8076 0.6814 0.9515 0.9992 09048 0.7777 0.9926 0.8892
Evaluator [35] WI-SFT 0.9858 0.6160 0.5691 0.7961 0.9709 0.8786 0.6615 0.9811 0.8074
ReSA-SFT (Ours) 0.9808 0.8952 0.7571 0.9608 0.9591 0.9519 0.8436 0.9758 0.9155

ReSA-RL (Ours) 0.9863 0.9814 0.9650 0.9788 0.9908 0.9823 0.9871 o0.9900 0.9827

Base 0.9872 0.6262 0.5815 0.7923 0.2013 0.7604 0.4952 0.7764 0.6526

Harm- Post-hoc (LlamaGuard) 0.9904 0.7093 0.7668 0.8466 0.9968 0.9712 0.7157 0.9712 0.8710
“Bench STAIR-DPO 1.0000 0.9105 0.8786 0.9872 0.9968 0.9393 0.8658 0.9904 0.9461
Classifier ~ WJ-SFT 0.9904 0.7476 0.6901 0.8754 0.9649 0.8786 0.6613 0.9872 0.8494
ReSA-SFT (Ours) 0.9872 0.9617 0.9010 0.9840 0.9585 0.9808 0.8914 0.9968 0.9577

ReSA-RL (Ours) 0.9968 0.9968 0.9968 0.9936 0.9968 0.9936 0.9968 0.9968 0.9960

Base 0.9744 0.2173 0.1086 0.3866 0.1917 0.0863 0.1693 0.3706 0.3131

Post-hoc (LlamaGuard) 1.0000 0.3610 0.5783 0.5815 0.9840 0.9137 0.6933 0.9489 0.7576

Llama STAIR-DPO* 1.0000 0.6677 0.3514 0.9457 1.0000 0.5591 0.6965 0.9649 0.7732
Guard WJ-SFT 0.9936 0.3387 0.2780 0.6869 0.9904 0.5495 0.4058 0.9521 0.6494
ReSA-SFT (Ours) 0.9904 0.8435 0.7188 0.9489 0.9776 0.8466 0.8562 0.9808 0.8953

ReSA-RL (Ours) 1.0000 0.9936 0.9617 1.0000 1.0000 0.9169 0.9968 1.0000 0.9836

Base 0.9080 0.3992 0.3286 0.4282 0.4191 0.3511 0.3202 0.4424 0.4496

Qwen?2.5- Finotuned  Post-hoc (LlamaGuard) 0.9248 05134 0.6702 0.5854 0.9930 0.9502 0.7254 0.8419 0.7755
TB-Instruct  ggrongREJECT STAIR-DPO” 0.9991 0.7736 0.6384 0.9411 0.9991 0.7484 0.7476 0.9810 0.8535
Evaluator [35] WI-SFT 0.9915 0.5536 0.4994 0.7334 0.9825 0.7631 0.5127 0.9596 0.7495

ReSA-SFT (Ours) 0.9797 0.8674 0.7438 0.9500 0.9242 0.9353 0.8438 0.9725 0.9021

ReSA-RL (Ours) 0.9902 0.9833 0.9320 0.9837 0.9929 0.9550 0.9726 0.9899 0.9749

Base 0.9712 0.6038 0.3291 0.7220 0.3706 0.2620 0.2652 0.7125 0.5295

Horme Post-hoc (LlamaGuard) 0.9936 0.7252 0.7093 0.8498 0.9936 0.9585 0.7412 0.9776 0.8686

“Bench STAIR-DPO* 0.9968 0.9137 0.8403 0.9936 0.9968 0.7316 0.8083 0.9968 0.9097

Classifier ~ WJ-SFT 0.9936 0.6901 0.6006 0.8019 o 9936 0 7572 o 4792 0.9681 0.7855

ReSA-SFT (Ours) 0.9840 0.9393 0.9201 0.9744 0.9936  0.9549

ReSA-RL (Ours) 0.9968 0.9968 0.9904 0.9936 1. 0000 0 9681 1. 0000 0.9968 0.9928

10
https://bhanml.github.io/ & https://github.com/tmlr-group
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Machine Unlearning (MU)

* Machine unlearning aims to remove the influence of the forgetting data from a trained model,
yielding a model equivalent to one that was only trained on the retaining data.

Trained Model ' Machine  Unlearned Model

Forgetting Unlearning
Data

Machine
Learning

Training

Data

Retaining
Data

—— o ==y,

-~

Performance as
Similar as Possible

Retaining

Machine Learning

Data

Training on Retaining Data from Scratch
Retained Model

https://bhanml.github.io/ & https://github.com/tmlr-group 11
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Bi-objective of MU S kN

* Objective 1 (Unlearning): Erase the targeted knowledge from the model.

* Objective 2 (Retention): Preserve the unrelated knowledge in the model.

QUESTION X QUESTION X
Who wrote "Shale Stories” in 20087 Who wrote "Romeo and Juliet™?
ANSWER Y ANSWER Y
Hina Ameen wrote it. William Shakespeare wrote it.
Unlearning ‘ Retention ‘
ANSWER Y ANSWER Y
| don't know who wrote that book. William Shakespeare wrote it.
Hina Ameen is removed. William Shakespeare is preserved.
[ | (] L (]
(Targeted knowledge) (Unrelated knowledge)

https://bhanml.github.io/ & https://github.com/tmlr-group 12
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Recent Advances in MU \,,/ Qu'.s‘u
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* Technical focus: From adapting classical MU to LLMs, towards advancing unlearning to be precise and robust.
* Applications: Unlearning for privacy / copyright / safety at LLM scale.

Early (2023-2024) Now (2025-2026)
Focus: Bringing unlearning to LLMs. Focus: Advancing unlearning to be effective, precise, and robust.
Methods: GA, GD, NPO, RMU. Methods: Satimp, GRU, BS, TARF.
Evaluation: TOFU, WMDP, MUSE, RWKU. Evaluation: Effective Eval, OpenUnlearning.
O O R
: N\
: 2023-2024 : 2025-2026
i GA (ACL 23) { Satimp (ICML 25)
* Maximize the loss on the forget set. * Reweight tokens by saturation and importance.
: NPO (COLM 24) i GRU (ICML 25)
* Bounded unlearning, borrowed from DPO. i » Project forget gradient orthogonal to retain.
i TOFU (COLM 24) { BS-T / BS-S (ICLR 26)
i « Benchmark on unlearning fictitious authors. i » Forget the model's own high-confidence outputs.
{ WMDP (ICML 24) i TARF (ICLR 26)
* Benchmark on unlearning dangerous knowledge. * Unlearn the concept, not the literal label.

https://bhanml.github.io/ & https://github.com/tmlr-group 13



Catastrophic Forgetting in MU

* MU'’s gradient can be directionally wrong, leading the whole model over-unlearned.

* After MU, the model-generated responses may collapse (contain random or incoherent tokens).

QUESTION X QUESTION X
Who wrote "Shale Stories" in 20087 Who wrote "Romeo and Juliet"?
ANSWER Y ANSWER Y
Hina Ameen wrote it. William Shakespeare wrote it.
Unlearning ‘ Retention ‘
ANSWER Y ANSWER Y
vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid
vivid vivid vivid vivid vivid vivid vivid vivid vivid. vivid vivid vivid vivid vivid vivid vivid vivid vivid.
The answer forlHina Ameenl is collapsed. The answer forIWiIIiam Shakespearel is collapsed.
(Targeted knowledge) (Unrelated knowledge)

https://bhanml.github.io/ & https://github.com/tmlr-group 14
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Methods Against Catastrophic Forgetting™==" aux

* Satlmp finds that different tokens deserve fine-grained unlearning.
* GRU finds room to improve the directional alignment between unlearning and retention gradients.

—— ———— —_—— e — — o — —— —— — ————

{ \ I Importance ]l | Should large loss be allocated with? Should weight distribution be more? \
S at I m p . 1 :_|m pO rtan Ce. | | 1 | Reweighting | : Large Weight  Small Weight Uniform Uneven :
: : I How semantica I—>I Howoldishe? | |
* Problem: Special tokens deserve different | Yoo Heisi2. | | ||||I ||||I ||||I |||| .
: . X key the token is. I | T | | L
gradlent Welghts' ____________ / Gradient Ascent : rewei, gt:t I;rngﬁpm( : ’_._ Ess_\ I
R A = i e ply|z; ]—R].‘) eight I
* Method: Two-axis weight: saturation and e ~\ : ‘“ﬂl"""" k e \Z e |
] 1 . ould reweighting strategy apply? of etter learnin, |
importance. , Saturation: : Suturation : : S::m:r; 1.gh zmgy.::i Towards Better LLM Unlearning :
o . mgn weis ampling 0] ewelghting

* Result: Tighter unlearning, less utility loss. | How forgotten the ==, Redhine -, | S X |
1 token already is. I l.m,, (s + loglyls;®) ' “||| ||||| [
N e e e e / La_____J L ________________________ |

B GRU method oY cTTTTTTs T == =

— = Original direction sacrificing retention. * Problem: Forget and retain gradients overlap in

( . \

®  Original method ‘ ‘\ " With GRU: I .

- |Jpdating direction \ \ : Umearning without : GRU
\ 1 1

____________ . 7- —mmmmm=t direction and bounding magnitude alone cannot help.
! Without GRU: "\ 5 B * Method: Project forget gradient onto the orthogonal
: Enhance removal but :)img Complement of retain.
1 damage retention. I * Result: Unlearn without sacrificing retention.

Exploring Criteria of Loss Reweighting to Enhance LLM Unlearning. In /CML, 2025. 15

GRU: Mitigating the Trade-off between Unlearning and Retention for LLMs. In /CML, 2025. https://bhanml.github.io/ & https://github.com/tmlr-group
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Spurious Unlearning in MU e

* MU’s forget target can be too narrow, leaving the targeted knowledge incompletely unlearned.

BNUH
5RS|T\!

* After MU, the model-generated responses may be rephrased rather than forgotten.

QUESTION X QUESTION X
What is John Smith's phone number? Who is Disney's main mascot?
ANSWER Y ANSWER Y
John's number is +1-415-555-0123. Mickey Mouse.
Unlearning ‘ Unlearning ‘
ANSWER Y ANSWER Y
John's number is plus one, four-one-five, five- A black-and-white mouse in red shorts, created
five-five, zero-one-two-three. by Walt Disney in 1928.

The answer for .+1'415'555'0123 / Mickey Mouse.is rephrased.

(Targeted knowledge)

https://bhanml.github.io/ & https://github.com/tmlr-group 16
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Methods Against Spurious Unlearning =" ik

* BS finds the paraphrase phenomenon: the model rewrites surface form while preserving forget content.
* TARF finds that current unlearning only targets specific labels rather than the underlying concept.

{’ T _ ________ \ I_ _Q ab;e;;a_tio;:ILK‘l Jnlga;ﬂr:g Ea; 1|I_ ______ — A—Ig;r;h;:gogts;r;p;;'n; f:an:e\;o; ;:tEe _______ J
BS T / BS S- : Un |ea rnin g ma ke S th e 1 : cause spurious unlearning (Section 3) | : token (BS-T) and sequence (BS-S) levels (Section 4) :
- - - | i at animal says “meow"? ! 5 : How can ass a website’s firewall to access restricted data?
° P b I P h f t | m Od e | pa ra p h rase 1 : :.‘ . :uys »m,ec:';.?i : : =\ [: ﬂse a mis,c?r’?,;igured przx; sel:rver ro’::nnef reqtuesrst m:ddein;e firewails. :
u . . [ % x) aill Unlearnin
ro em- arap rasels preserve Orge I\ Instead Of forgettlng ,| : . UM:;:eilu nﬂ;};ié" :;T:d. :: D“f"-‘ljtg " - :
content while changing the surface form. ~------------- ! P == =0
I i A = Belie ::(e; - ' istribution Df;:;:‘rﬂ
* Method: Add the model's own high- (oo TTTTTI T S rodistributes prohatimgmrn - @ |
. AT: Raute traffic via open proxy to avoid firewall checks. niearn
co nfldence outputs to the fo rg et Set E-)(te?d l:n:(ea rnlngdto : : — - - > i”s"e'z:’ 2; Proxy chaining can bypass firewall rules undetected. @ g%ﬂ :
. 1 SiImiliar tokens an fon ||+ gt by l
* Result: Forget full belief space. b e e e e .
9 P | sequences, || e v 1| (3D S o s s | oy s |
~ e e e e e o /oo Eme e —————— 0 I

TARF:

*  Problem: Unlearning a class label leaves the underlying
concept reachable through paraphrase.

* Method: Decouple class label from target concept,
and unlearn the concept directly.

* Result: Concept-level unlearning, not just label-level.

LLM Unlearning with LLM Beliefs. In /CLR, 2026. . : . L 17
Decoupling the Class Label and the Target Concept in Machine Unlearning. In /CLR, 2026. https://bhanml.github.io/ & https://github.com/tmir-group



Trustworthy Foundation Models

RIM=N

~—— Part1l Learning —— ,~— Part 2. Reasoning —~ — Part 3. Generalization —

How to obtain a trustworthy FM via How to perform trustworthy FM How to enable trustworthy FM
learning (especially post-training)? reasoning at test time? generalization in applications?
Reinforcement Learning LLM Reasoning Self-Evolution
Learn from rewards Step-by-step thinking to 225 A Improve FMs through
earned through attempts reach an answer. ‘{HQ}E feedback, selection,
of problem solving. %i4® and adaptation.
Machine Unlearning Agentic Reasoning Applications
a| | Remove specific /@\ & TQS 2 Apply FMs to scientific
== knowledge from a trained © 6 ® Plan, act, observe, and i discovery under real
v . - @ adapt to complete a task. ool Crle -
@ model without retraining. = o° constraints.
| ® |
\_ O\ J L W,

https://bhanml.github.io/ & https://github.com/tmlr-group 18



What 1s FM Reasoning?

RIM=N

Foundation Model (FM) Reasoning is the pathway to achieve powerful intelligence.

*  Decompose a complex problem into feasible steps.
* Combine knowledge pieces into new knowledge.

Generating chain of thoughts (CoT)
Is the key of several reasoning models.

Solve the quadratic equation xA2 - 5x + 6 =0

‘\@\

chain of thoughts (model-generated)

As a text-based AI, I am unable to directly solve quadratic equations. However, I can
_ guide you on how to solve it using various methods. One common method is factoring.
Let’s try factoring the given quadratic equation x*2 - 5x + 6 = 0:
hough y i
<+ 1. Factor the left side of the equation: (x - 2)(x - 3)
2. Set each factor equal to zero and solve for x:

-Xx-2=0=>x=2

-x-3=0=>x=3
< So, the solutions to the quadratic equation x*2 - 5x + 6 =0are x=2and x = 3.

implicit reasoning explicit reasoning

https://bhanml.github.io/ & https://github.com/tmlr-group

@' deepsecek
R1

@ OpenAl
03

19



Trustworthy FM Reasoning S

We review Trustworthy FM reasoning across two scopes (LLM, Agent) and three dimensions:
e Capability: What trustworthy foundation model reasoning can solve and explain.

* Understanding: How reasoning emerges and behaves.

* Evaluation: How reasoning properties are measured and evaluated.

RIMEN

LLM reasoning in text. Agentic reasoning with tools and environment.
* Reasoning as text generation, model thinks step-by-step. * Reasoning as interaction, model thinks, acts, and uses tools.
 Capability evolves through prompting, training, and long-CoT. * Capability evolves through tool use, training, and agentic RL.
Q M) e\ >
: N~ N
i 2021-2024 : 2024-2025 : 2025-Now
Capabilit CoT Prompting (NeurlPS 22) DeepSeek R1 (Nature 25) TTT-Discover (ArXiv 26)
P y ReAct (ICLR 23) Search-R1 (COLM 25) AlphaEvolve (ArXiv 25)
T 2224188848818
Understandi Mystery of CoT (NeurlPS 23) CoT Overthinking (ICML 25) i Limit of RLVR (NeurlPS 25)
NACIStANEING | MachinesoM (ACL 23) : MACNET (ICLR 25) : RAGEN-2 (ICML 26)
) i MATH (NeurlPS 21) MMLU-Pro (NeurlPS 24) i AR-Bench (ICML 25)
Evaluation : :

AgentBench (ICLR 24) §ScienceAgentBench (ICLR 25) 12-Bench (ArXiv 25)

https://bhanml.github.io/ & https://github.com/tmlr-group



How to Perform LLM Reasoning? T Akzn

Scale LLM reasoning along two axes: depth of single-LLM thinking, breadth of multi-LLM debate.
* sl scales test-time compute by SFT on 1K samples then injecting "Wait" at end-of-thinking during inference.
* MAD-M?2 strengthens multi-agent debate by masking erroneous memories each round.

CHow many rin raspberry?

Question)

Let's break down the process of counting the letter 'r' in the
word "raspberry" ...
* First letter: 'r' - Thisis an 'r', count = 1.
* Second letter: 'a' - Not an 'r', count remains 1 ...
* Sixth letter: 'e' - Not an 'r', count remains 1.
* Seventh letter: 'r' - This is an 'r', count = 2.
* Eighth letter: 'y' - Not an 'r', count remains 2 ...

Injecting "Wait" token | The number of 'r's in "raspberry" is 2.

at end-of-thinking:  [wait, let's re-read the question carefullyIt asks "How many r
triggers self-correction. | Ty raspberry?” .. *r-a-s-p-b-e-r-r-y..*First'r' ... *

Second 'r' ... * Third 'r' ... Count =3 ...

My initial answer of 2 was incorrect due to a quick reading of
the word. Final Answer: The final answer is Response

sl: Simple test-time scaling.
* Problem: How to replicate ol-style test-time scaling?

* Method: Fine-tune on 1K questions + budget forcing via Wait token.

* Result: s1-32B exceeds ol-preview by 27% on MATH & AIME24.

s1: Simple test-time scaling. In EMNLP, 2025.
Multi-Agent Debate with Memory Masking. In /CLR, 2026.

@ QUESEION L. .uiiiiiiiiinsnie i rrair s raa s
" O-0- 0 0-0-0 |
Erroneous memory
QOO ([aal]) to be masked.

Emm... T; seems wrong, not
sure for T;... | vote on T;.

Ops, T; seems wrong, T; and
T, are better.

MAD-M?2: Multi-agent debate with memory masking.

*  Problem: MAD is bottlenecked by erroneous memories.

* Method: Mask erroneous memories at the start of each round.
* Result: Consistent gains over vanilla MAD.

21
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How to Understand LLM Reasoning?

Understand LLM reasoning along two axes: visualizing its trajectories and probing its boundaries.
* Landscape of Thoughts visualizes reasoning trajectories; correct paths converge slower than wrong paths.
* Limit-of-RLVR probes RLVR’s upper bound via pass@k and reveals RLVR is bounded by the base model.

visualize analyze Qwen-2.5-7B Qwen-2.5-14B Qwen-2.5-32B LLaMA-3.1-8B
Output thought: » Landscape of though » Observations 1 1 1 1
o o, Bob, e | EIEZEIEET T ey ) s y
VISU8|IZ€ i )’ R N i ; ® *+  wrong paths quickly converge to (U\-]] gO.G 0.6 0.6 0.6
. Ll — B Ta e wrong answers, while correct paths Base model can 2 %0 04 A“A‘ 04 ,AA“‘ 04
reasonlng \ S = D A o fluwly C(Tnverge to correct ans}wers Wln RL model — = v‘,m“‘“ 8 Ah“‘_‘» . ““AA K
trajectories e mme e 9| IR oo oﬂj:' ) o b setain at larae k 302 o 02| e 02 02
A o« s 9 0T 7 16 & 26104 0T 4 16 64 Jeioz T 4 T6 & 26104 0T 4Y6 61 236 10
model reasoning : e 1 Number of Samples k 1 1 |
it diestloi ' Predictive model  ++sssessersersssinnnnnnnnn »  Advantages L — wA'm,,,.,nvn'ﬂ""" A‘m',,,,nuﬂ'“"‘
e . . Al " " g LJ 08— Ssl 0
b ‘:H““ : ] k. o~ Wou G s S % . v»:t:o:le ﬁsnoe-ltuii:; poaxame::rs 06 7 0.6 7 0.6 0.6 .,H“““
 of the class i (in cm) * * * . *  monitor reasoning behaviors g 0.4 0.4 0.4 0.4 ‘f“t‘
Choces: (A) 204.6, (B) 404.¢ o B2 . o« *  predict b= g
(€) 224.6. (D) 184.0, (E) 256.6 g o & ®e T > 0.2 0.2 0.2 0217 A
-~
01 2 4 8 16 32 6412 (Jl 2 4 8 1632 6412 Gl 2 4 8 16 32 6412 G] 2 4 8 16 32 64 12
Landscape of Thoughts: Visualizing the reasoning trajectories. Does RL really incentivize reasoning?
* Problem: LLM reasoning behavior is hard to inspect. * Problem: Does RL truly grant LLMs new capability beyond the base model?
* Method: Map textual states to distances-to-choices, visualize * Method: Probe capability boundaries via pass@k at large k.
trajectories via t-SNE on multi-choice tasks. * Result: RLVR wins at small k but base models win at large k, RL elicits no
* Result: Distinguishes strong/weak models, correct/wrong paths. new patterns; only distillation does.
Landscape of Thoughts: Visualizing the Reasoning Process of Large Language Models. In /CLR, 2026. 22

https://bhanml.github.io/ & https://github.com/tmlr-group
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How to Evaluate LLM Reasoning? 7 Rikzk

Evaluate LLM reasoning along two axes: active reasoning under incomplete info, expert frontier beyond saturation.
* AR-Bench evaluates active reasoning under incomplete information, LLMs fail to acquire the info needed.
* HLE replaces saturated benchmarks with expert-frontier questions, LLMs show low performance.

Q: What is the budget for travel? Accuracy of LLMs Across Benchmarks

Travel Planner

Problem “"| A: About 5k HKD for 3 days. 100
Language Quesnon External = - . Benchmarks
abstract to Answer other models, e g sy
Language Question External search engines, g% MMLU
k ceaoase (RAG) .
» SWEr Meﬁ:’iﬂe l — % — — l
: Solution & GPT-40 & ol ‘t Sonnet-3.5 4 Gemini 1.5
Real-world taSkS involve Covers 8 domains, 100+ subjects. SOTA LLMs show low accuracy on HLE.
incomplete information.
AR-Bench: From passive to active reasoning. HLE: Humanity's Last Exam.
*  Problem: Existing benchmarks only test passive * Problem: LLMs saturate popular benchmarks (e.g., >90% on MMLU),
reasoning, all info is given upfront. no headroom to measure frontier capability.
*  Method: Evaluate LLMs on three interactive tasks: * Method: 2,500 expert-written questions across dozens of subjects,
detective cases, situation puzzles, guessing numbers. unambiguous & retrieval-resistant.
* Result: Stark gap between passive & active ability; * Result: SOTA LLMs show low accuracy and poor calibration, large
tree search and post-training give only modest gains. gap to expert human frontier.
From Passive to Active Reasoning: Can Large Language Models Ask the Right Questions under Incomplete Information? In /CML, 2025. 23

Humanity's Last Exam. Nature, 2026. https://bhanml.github.io/ & https://github.com/tmlr-group



From LLM Reasoning to Agentic Reasoning

Knowledge  Reading

: - : - - e
* Agentic Framework: Build up autonomous and active agents (interact with external sources). -
* Self-Evolving: Repeat think-act-verify loops to refine solutions (possibly with memory). - n
* Unified Modality: Multi-modal integration towards a generalized reasoning system. ;

LLM Reasoning

OctoTools: An Agentic Framework with Extensible Tools for Complex Reasoning. In ACL, 2026.
SciMaster: Towards General-Purpose Scientific Al Agents. ArXiv preprint, 2025.

AlphaApollo: A System for Deep Agentic Reasoning. Arxiv preprint, 2026.

Group-in-Group Policy Optimization for LLM Agent Training. In Neur/PS, 2025.

A Definition of AGI. ArXiv preprint, 2025.

S | pter, 55712 { ot | fgen ) answer |
f | =

. — , (2) Planner ot e
. Tas_}:g:ctﬁﬂc . Action ] ‘\J‘ | Context J Fegerc)
T3 Optimization % g
+ |besebats. |
- s
g * (3) Executor &"mr L=l % OctoTools
(1) Tool cards
- Tools: Python with domain-specific libraries, retrieval systems smtaeem ;
=Y @ G ey Gsoiry Gremorx @ o e =8
=

o G symey @astropy AN B &@

§% Quen @ OpenAl r \ == =
sl 1 Gemini L — T ecommneri i Tt L e
QY deepseek in A Solution . e — W_,.‘,‘

Recemrpete o war |

A Problem
Participants: Multiple models Iterations: Refined solutions

AlphaApollo Verl-agent

Agentic Reasoning

24
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How to Perform Agentic Reasoning?

Agentic reasoning requires moving beyond static generation to interactive problem solving:
* SciMaster integrates reasoning with tool-using and environment feedback.
* OctoTools builds modular agentic workflows with long-term memory management.

Interaction with tools
User

Agent

Query:
What is the . : : Q 3 Acti S lution

bl Query  Think Code Result Think Code Result Think  Answer uery o clion 0
:’”"'O:LO” of the Analyzer 8 Predlctor Verlf ier Summarlzerﬁ Answer
eam that M N
developed the Code as Interaction Language @Image: baseball.png The image shaws |
current top- Q: How many baseballs are there? (2) Planner four blue buckets,

performing agent
on MLE-Bench?

code> Environments
from toolkit import web_search

execution_results>
The current best-performing

Task- specmc
Toolset
Optimization

each containing
five baseballs.
Therefore, there

P Python agent on MLE-Bench is ML-
Answer: keywords = ‘What is the best Hetx e Agent.
School of agent on MLE-Bench currently’ p The code repo of ML-Agent
Artificial result = web_search(keywords) @& ';} is https://github.com/sjtu-
Intelligence, print(result) Web Web sai- agents/ML Master
Shanghai Jiao /code> xecuti asult

Search P
Tong University arse

SciMaster: Towards general-purpose scientific Al agents.

* Problem: Scientific Al agents must handle frontier
knowledge and challenging research tasks.

* Method: SciMaster builds a tool-augmented framework to
broaden and deepen scientific reasoning.

* Results: It achieves SOTA performance on Humanity's Last
Exam, surpassing 30%.

OctoTools: An Agentic Framework with Extensible Tools for Complex Reasoning. In ACL, 2026.
SciMaster: Towards General-Purpose Scientific Al Agents. Arxiv preprint, 2025.

&
& &

(1) Too

| cards

Command |—1 Command
Generator & Executor

are a total of 20
baseballs.

/ OctoTools

(3) Executor

l\/IoduIar workflows

OctoTools: An agentic framework with extensible tools.

Problem: Complex reasoning requires flexible coordination
of diverse tools.

Method: OctoTools provides an extensible agentic
framework with tool cards, a planner, and an executor.
Results: It improves performance across 16 tasks and
outperforms strong tool-use baselines.

25
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How to Perform Agentic Reasoning? 55 aues

AlphaApollo provides a unified platform of agentic reasoning, learning, and evolution.
Tools: Python with domain-specific libraries, retrieval systems
TN @ @ &) numey K scipy g Networkx 6]

/ : : \ B
l \ o S omey @astropy AN w8 @R

\\\gf/ N @ Qwen @OpenAl N N _
o é é = Website  Paper Code
@'deepseek Gemini ;
A Problem A Solution
Participants: Multiple models Iterations: Refined solutions
. Policy Model &) Environment éé Reward Model & prompt, \ propose judge \
Model Environment . : e
‘; S @OpenAl action P @ { Prompt ]—'[ thlnk tool call, H feedback —————— = reward, N — smv:;dca" Erf:::::::l min:valuatnr_ m Al
(& deepseek  Gemini feedback PROGAAMMING @&@ [ ][ tooI call, ]—D[ feedhack } ------ > reward, ;.tv, feedback I e: acl |
"""""""""""""""""""""""""""""""""""""""""""""""""""""" Trajectory - traiccbory® —
prompt, —— think,  tool call, feedback, (First turn) Generation { prompt, ]_,[ ‘:hlr'nk3 ][ answer | reward, T Jl v vErlflc: ions
_‘ - e 7-"_""“"“"""""""": __________________________________________________________________ Abstractor Summarizer
prorr'npt2 — think, toolca, —————— feedback, (second turn) SSL';‘:E [ promet, ]—'{ thinG }[ ezl ] 1 . !
R ) ET T — reward | solution’ Judgement
prompt, —— think; answer (third turn) [ prompt, H think, J[ answer ] i__r_eju:i_e_\_r_e_ ___________ l N e T T l
Agentic Reasoning Agentic Learning Agentic Evolution
Multi-turn agentic reasoning through an Stable agentic learning via turn-level Multi-round agentic evolution through a
iterative cycle of model reasoning, tool optimization that decouples model propose-judge-update evolutionary loop
execution, and environment feedback. generations and environmental feedback. with long-term memory.

26
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How to Understand Agentic Reasomng?%“g’"@

Agentic reasoning requires principled understanding for more effective and reliable development.
* HORIZON diagnoses the failure modes in agent system for long-horizon reasoning.
* RAGEN-2 demystifies the hidden reasoning collapse in agentic reasoning and learning.

Vi Nigaton e el HORIZON: The long-horizon task mirage.
= o * Problem: Agentic systems often break down on
B pan'sacin long-horizon tasks.
= ot ' i *  Method: HORIZON introduces a cross-domain
i o e = ﬁ E’Iﬂ benchmark for diagnosing long-horizon failures.
: Agent |7 -_y BGE * Results: It reveals horizon-dependent degradation
and enables scalable failure attribution.

Honzonm/ D/menS/on Vertical Dimension
Failure mode attribution —

RAGEN-2: Reasoning collapse in agentic RL. —

*  Problem: Agentic RL can suffer reasoning Elaatall ISl I mgeTR) | Ree—
collapse despite stable entropy. 1'—‘_[-1 0 : - (0 g || o s || s

+ Method: RAGEN-2 introduces mutual- | R R el B Ree—s
information diagnosis and SNR-Aware : AL g — E— R,
Filtering for robust training. L bLt = 'Z s [ 1] W scne i

*  Results: It improves reasoning quality and - Q g = | B | Rt
task performance across agentic tasks. Mutuatnformation () Four Quadrants of Ressoningon Entropy fand 1]

Gradient analysis Mutual-information diagnosis

The Long-Horizon Task Mirage? Diagnosing Where and Why Agentic Systems Break. ArXiv preprint, 2026 27

RAGEN-2: Reasoning Collapse in Agentic RL. In /CML, 2026. https://bhanml.github.io/ & https://github.com/tmlr-group
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How to Evaluate Agentic Reasoning? &8 aw

Agentic reasoning requires challenging and grounded evaluation to measure the true capabilities of agents:
* Terminal-Bench evaluates coding agents on hard and realistic tasks.
* T2-Bench measures agent coordination in diverse and dynamic environments.

& Task Architecture ( “25 Docker Container

» e R i > sresteecutionsiesus | Terminal-Bench: Benchmarking agents on hard, realistic tasks.

* Problem: Existing agent benchmarks are often too easy or unrealistic.
* Method: Terminal-Bench introduces hard, realistic command-line
ot es st - e tasks with unique environments.

Given to agent

';'vy-:-f Docker container (from Dockerfile)
@ Instruction (from task.yaml)

Re-implement the COBOL program

located in fapp/src/ ACCO (S.DAT TRANSACTIONS.DAT

program.cbl, in Python. Your
script must produce identical

results to the COBOL baseline. ged 3L

uee1John D 0000 8 1ith

FAILED test_program_output - Account

* Results: It shows frontier agents remain far from solved real-world

Other task files (not given)

[ run-tests.sh

£ tests/

[ solution.sh

[ task.yaml (other fields)

1 passed, 2 failed in 6.87s termlnal taSkS, SCorlng belOW 65%

Realistic command line tasks and environments 7

. . . Agent Domain Policy @is_tool(ToolType.READ) ttcubtomers)
T2-Bench: Evaluating agents in a controlled environment. . d T e . custhmer d = C1001"
Saln full_jpame = "John Smith"
. H H H 2:08:00 EST. - etrieves a customer é o L w "
® PI’O blem . EXlStl N g be N Ch Mma rkS Ofte n m ISS Sha red = CO ntrOI /1\5 a telecom agent, you can help m gent ;}.;c“lv by l'w:' unique ID. -> Agent g::’ _eO'Rzlr:ge-r ;?::5??2';_52002.
users with technical support. Agent Sols ox- DB i i

interaction between agents and users.
* Method: 12-Bench introduces a dual-control benchmark ) World

with compositional tasks and interactive user simulation. fserin ) 4 e e e e = . o O
*  Results: It reveals the challenges of coordination and piper s vy s o v —9& R P TN S

user guidance in conversational agents. = i e

User Instruction

speed on your phone. User ools and Bluetooth. DB

/

https://bhanml.github.io/ & https://github.com/tmlr-group

Dual-control settings
28

Terminal-Bench: Benchmarking Agents on Hard, Realistic Tasks in Command Line Interfaces. In /CLR, 2026.
T2-Bench: Evaluating Conversational Agents in a Dual-Control Environment. ArXiv preprint, 2025.
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How to Evaluate Agentic Reasoning?

AlphaDiana: A System for Evaluating Reasoning Agents such as OpenClaw.
* Reasoning is produced by the interaction of model, tools, memory, sandbox, etc.
* Evaluation must move from scoring answers to measuring Systems. auwss.msm

With AlphaDiana, we can evaluate
OpenClaw on AIME benchmarks.

Pass@32 (OpenClaw) /
0.4000

Benchmark Avg@32 (Base) Avg@32 (OpenClaw) Pass@32 (Base)
AIME 2024 0.1521 0.1271 0.4333
Foundation model (the engine) Agent system (the car) AlphaDiana (the tournament) AME 2025 0.1229 0.1459 0.4000 0.4333

AIME 2026 0.1115 0.1250 0.4333 0.4333

Foundation model  controller Tournament rules GLM-5
(engine)
A / @1 Tools ® Budgets (time/cost) Benchmark Avg@32 (Base) Avg@32 (OpenClaw) Pass@32 (Base) Pass@32 (OpenClaw)
ccuracy / pass ; :
y/P (CLI, APis) e Tool policy AIME 2024 0.8000 0.8300 0.9330 1.0000
m e Sandbox + backend AIME 2025 0.6300 0.7600 0.9300 1.0000
@ @ ® Judging protocol AIME 2026  0.5719 0.3896 0.9000 0.9667
Fixed across agents
Canonical trace

Policy
(memory, files) + Sandbox

i
Smgle score e Correctness (pass@1, pass@k) o
Efficiency (cost, latency)

/ e Effici )
e Trace: messages, tools,

commands, edits

No tools / no state / no environment

93 30/30 o 290.6. 197K 14.8M 32 23 83

System behavior

depends on tools + state + policy Tracks: AIME, HLE,

FrontierMath, ...

e Reliability (retry/crashes)

Foundation models are evaluated as engines; Agents are cars shaped by tools and state;
AlphaDiana is the tournament organizer that standardizes evaluation and records traces.

AlphaDiana has a web dashboard for
launching and monitoring evaluation.

Time by Task
-IllIII.IIIII|I--II|IIIIIIIIII

Code:

b https://github.com/tmir-group/AlphaDiana 29

https://bhanml.github.io/ & https://github.com/tmlr-group
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Trustworthy Foundation Models

RIM=N

~—— Part1l Learning —— ~—— Part 2. Reasoning —  ~— Part 3. Generalization —

How to obtain a trustworthy FM via How to perform trustworthy FM How to enable trustworthy FM
learning (especially post-training)? reasoning at test time? generalization in applications?
Reinforcement Learning LLM Reasoning Self-Evolution
Learn from rewards Step-by-step thinking to ete° 7" Improve FMs through
earned through attempts reach an answer. ‘{HQ}E feedback, selection,
of problem solving. %i4® and adaptation.
Machine Unlearning Agentic Reasoning Applications
T.":{:" — Remove Speciﬂc /@\ Apply FMs to scientific
==/ knowledge from a trained @@ ® Plan, act, observe, ana m’} discovery under real
v . - @ adapt to complete a task. ok constraints
@ model without retraining. \/ 0° :
| ® |
\_ J /AN y,

https://bhanml.github.io/ & https://github.com/tmlr-group 30



Generalization of Trustworthy FMs

Generalization of trustworthy FMs has two axes: Self-evolution under feedback and applications under change.

* Self-evolution: Improve reliability through feedback, failures, and repeated attempts.
* Applications: Keep the capability reliable under new tasks, tools, environments, and scientific constraints.

1. Try 2. Evaluate 3. Feedback 4. Learn & Update 5. Improve
Model generates Assess the result Provide feedback Update strategy, Generate a better
a solution (e.g., verifier, or reward signal memory, or behavior solution next time

tools, human)

—)—)@—)()—).I/ll
I

@ Memory / Experience J

Store successes, failures,
~ and useful experience

Self-evolution under feedback.

* Repeated attempts turn feedback into stronger behaviour.

* Failures reveal unstable reasoning, tool use, and memory.

* Each new attempt reuses past evidence to improve reliability.

Empowering biomedical discovery with Al agents. Cel/, 2024.
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* Remain reliable across tools, domains, and validation processes.
* Predictions must survive simulation and experimental checks.

e Scientific trust is earned through validation.

https://bhanml.github.io/ & https://github.com/tmlr-group 31

Artificial intelligence for science in quantum, atomistic, and continuum systems. In Foundations and Trends in Machine Learning, 2025.
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Recent Advances on FM Generalization

Self-evolution becomes a prevailing mechanism; Applications on Al4Science become validation areas.
* Self-evolution: Turn FMs from one-shot generation into feedback-driven capability improvement.
* Applications: Al4Science provides verifiable feedback that makes self-evolution measurable and useful.

Self-evolution Applications on Al4Science
* Goal: Improve candidates across repeated trials. * Goal: Solve scientific problems with tools, simulators, and experiments.
* Feedback: Use rewards, verifiers, or tests to guide refinement. * Feedback: Use scientific signals to evaluate and improve agents.
* Outcome: Stronger capability under new tasks and objectives. * Outcome: Validate whether self-evolution leads to useful discovery.
M R
. / >
. 2023-2024 i 2025-2026
* FunSearch (Nature 23) * AlphaEvolve (Arxiv 25)
LLM + evolutionary search for mathematical discovery. Evolutionary coding agent for scientific discovery.
i » The Al Scientist (ArXiv 24) i o TTT-Discover (Arxiv 26)
Iterative loop for idea generation and experimentation. Test-time RL for discovery across domains.
t « Co-scientist (Nature 23) t < Virtual Lab (Nature 25)
Autonomous chemistry agent for wet-lab experiments. Multi-agent system for experimentally validated nanobody design.
* Biomedical Al Agents (Cell 24) * Al Mirrors Experimental Science (Cell 25)
: Agentic systems for biomedical discovery. Al system for bacterial mechanism discovery.
Search and tool use begin to enter scientific discovery. Feedback-driven evolution becomes explicit and is validated in Al4Science.

32
https://bhanml.github.io/ & https://github.com/tmlr-group



Learning-free Methods for Self-Evolution 5 Qe

Learning-free self-evolution accumulates external feedback into reusable experience for future behaviour.
* No parameter update is required; improvement comes from search, memory, and reuse of past feedback.
* The key challenge is to make accumulated experience reliable rather than amplifying past errors.

@ Human defines “What?”

=) Workflow Memory =
sets evaluation criteria, provides initial solution 18 == ReasoningBank s J
and optional background knowledge Workflow: Retrieve Information from L Monthly counts of
Specific Page Section 0 ~«= No Memory top-3 products for
. : . T 15 Grand total of
Problem Improved <think> This wgrkﬂow is deswgngd to [ 01/2023-05/2023 in
definition solution access a specific section ... </think> = — MM:COUNT format
<action> click('section_or_tab_id') </ ‘B 12
action> <action> H
. [}
Sea rCh g enerates StrOﬂg er g AlphaEvolve figures out “How?” send_msg_to_user('extracted_info_m Y =
program variants. \ ,,,,,,,,,,,,,,, essage’) </action> a9 Top-2 searches i
I I 1 9 .
! rich context containing ! i [P H b~ in the store [ Num of reviews
i past trials and ideas i ék | ‘:ﬁ ReasomngBank Memory g I3 l mentioning "decent”
| PR SELET LLiLihfsiTiiTlie? J ## Title Navigation Strategy _g Toﬁ-fs‘ best: Q Earliest order .
. ## Description When searching for £ sel '29 . () for customer M emaory Improves
programs to improve proposals of EVa I u at| on feed ba Ck specific information within history ... 5 3 5’:: 2"[']:235 n T Best-selling product
and act as inspiration improved programs ## Content ... 1. Detect pagination z ) type in JaESOZE SUCCeSS acCross |ater taSkS
Se'eCtS What tO keep mode and examine all items in relevant 0 i%
- programs with quality scores orders, ...; 2. Avoid infinite scrolls, use | B ] | | ; |
! — and other feedback fallbacks if primary mode fails, ...; 3. 0 10 20 30 40
}Program database Cross-reference with common ... N b f Tested Task
. umber or leste asks

™ Past trajectories become reusable memory.

AlphaEvolve

* Problem: Automate the discovery of novel
algorithms surpassing known human solutions.

* Method: Evolutionary LLM pipeline iteratively
rewrites and evaluates code.

* Results: First improvement over Strassen'’s
algorithm in 56 years.

ReasoningBank

* Problem: LLM agents fail to learn from past
experiences, repeating mistakes.

* Method: ReasoningBank distills generalizable
strategies from both successes and failures.

* Results: Up to 20% success rate gain and 16% fewer
interaction steps on web shopping tasks.

AlphaEvolve: A coding agent for scientific and algorithmic discovery. ArXiv preprint, 2025. 33

ReasoningBank: Scaling Agent Self-Evolving with Reasoning Memory. In /CLR, 2026. https://bhanml.github.io/ & https://github.com/tmir-group
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Learning-based Methods for Self-Evolution = s

Learning-based self-evolution turns external feedback into model’s updating signals.
e Self-evolution turns feedback into improvement through test-time training or multi-turn iterative refinement.
* Improvement is trustworthy only when feedback is verifiable, progress is measurable, and drift is constrained.

. . ' ' Learning improves over turns
Sets new SoTAs in almost all attempted discovery tasks. Evaluator feedback is assigned g 1mp
across refinement turns. \ beyond tralnlng free search.
Mathematics Kernel Eng. (TriMul) Algorithms (AtCoder) Biology
Erdés’ Min. Overlap (}) A100 (1) H100 (}) Heuristic Contest 39 (1) Denoising (T) ( Besn Model | = Learning té‘{vmt GRPO == Training-free |
Best Human 0.380927 [20] 4531 ps 137118 566,997 [56] 0.64 @ '5 1751 ()
Prev. Best AL 0.380924 [50] N/A N/A 558,026 [37] N/A [ i g 1301 /N o —
| TTT-Discover 0.380876 2198 ps 1161 ps 567,062 071 | 2 P /
i g L \0-_1 oo K
@ i E o015 / .
5th Human =3 TTT-Discover Best Human T"I‘il'els')twsfgcc’)r\;ncr [ Test-time Evolution '\;\-"““"_"“““""It_e_rijtiv_e_k_e_ﬂ_n_’_ ________ I _____ ¥ go ° // —d
(3655s) 1 Best-of-N (1371p5) {1161ps) ~ = = 8.“5 .L. o ————
~ Ty Best-of-25600 1 ~ T i o & 0.001 i (e
¢ €535:2“5) i i fusing{]; i ~ ﬂ-{"n : [Problem]—l Model H Solution, H Model H Solution, H Model ]—» —'[SDWDHK] o 1 ?Furri 4501 El'ul'l'zl ros
Slowest GPUMode TriMul Competition Kernel Runtime (H100) Fastest

TTT-Discover

* Problem: Static inference cannot keep improving on difficult
open-ended discovery tasks at test time.

* Method: Use test-time training to update the model on the
current problem with verifiable feedback.

* Result: Outperform prior best human or Al systems across
multiple discovery tasks.

Learning to Evolve (LtE)

* Problem: Outcome-level feedback is too coarse for multi-turn
self-evolution.

* Method: Assign evaluator feedback across refinement
trajectories to learn a stronger refinement policy.

* Result: Improve iterative refinement more effectively than
GRPO and training-free baselines.

Learning to Discover at Test Time. ArXiv preprint, 2026. _ ) , o 34
Learning to Evolve: Scaling Open-Ended Discovery with Relative-Progress RL. In LLA workshop of ICLR, 2026. https://bhanml.github.io/ & https://github.com/tmlr-group



Applications: Trustworthy FMs for Science

Al4Science is moving from model prediction to agentic discovery, where Al systems analyse scientific data,
plan actions, use tools or experiments, check feedback, and improve the next candidate.

Al for science
( ] )
Observations Hypotheses

k— Experiments <—J

AlphaFold for protein folding. Evo for genome understanding.

* Focus on one-step prediction for fixed scientific tasks.
Input scientific data and output structures, properties, or labels.

Model-centric Al4Science

Highly accurate protein structure prediction with AlphaFold. Nature, 2021.
Scientific discovery in the age of artificial intelligence. Nature, 2023.

Towards an Al co-scientist. ArXiv preprint, 2025.
From Al for Science to Agentic Science: A Survey on Autonomous Scientific Discovery. ArXiv preprint, 2026.
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Co-scientist for automatic research. Virtual Lab for drug discovery.

Move from prediction to closed-loop scientific discovery.
Agentic systems analyse data, use tools, and refine with feedback.

jent-centric Al4Science

35
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Applications: Trustworthy FMs for Science™ m/) Koh

* Al4Science is advancing toward agentic discovery: Al systems can analyse biological data, use scientific tools,
evolve code, plan research, and refine discoveries through feedback.

g
iz

2\
{
%

* ONOH .

CellVoyager: Al CompBio Agent ChemCrow: Chemlstry agent
A @ o = %N et oo - Thought T y
* Analyse complex cells. =P al HE = e * Use LLM as the orchestrator.
. 5 batmet | Proprocess "G — Planning -
* Generate biological . . i o * Use chemistry tools for
hypotheses. — — ... checking and calculation.
* Support insight discovery ¢ & B “F°,h;““‘x * Boost drug discovery and
in computational biology. S |22 s materials design.
AlphaEvolve: Code-Based Scientific Discovery The Al Scientist: Automated Research
* Evolve algorithms through QW
: R * Generate research plans.
code edits. | ‘ )
e * Run experiments and
* Use automatic evaluators | Semomemeims analvze results
as feedback. o e | . Writie apers and perform
* Find new results in math \ s wf"’»"fiéfm"‘\ Pap ) P
L B automated review.
and compute optimization. B
Augmenting large language models with chemistry tools. Nature Machine Intelligence, 2025.
AlphaEvolve: A coding agent for scientific and algorithmic discovery. ArXiv preprint, 2025. 36
Towards end-to-end automation of Al research. Nature, 2026. https://bhanml.github.io/ & https://github.com/tmlr—group

CellVoyager: Al CompBio agent generates new insights by autonomously analyzing biological data. Nature Methods, 2026.



Application Case: Molecular Docking

Problem: Docking is hard with unknown pockets and flexible proteins.
* Proteins are flexible.

* Lack of prior information about pockets.

* Existing flexible docking is slow.

Method: Predicts the pocket and docks the ligand together in one model.

* Find likely pocket residues.
* Place the ligand into the pocket.
* Update ligand and pocket together.

: 5 A
‘ Wl oy 24 %
SN ¢ Xy
- W EA > %w\;—-
. Bound Complex RV

| Holo Ligand Holo Pocket

i ~ \

! ( A

: :; 'X' s 1> 8 l

i Sy .

| Oy \%\) 3 A

l FABind Layers x N { FABind Layers x N U

ﬂ | 4

& &
””””” " epBeOM . Ligand Docking Module \;f 9 ‘p: Pocket Docking Module
"8 \e i - 3 el
% g Iterative Update Mechanism
R B 37 | \
S@EEY ¢ .
s, TG )
) 4 j ¥y € > .
= fL NS '
@¥ &5 ,,#.»: Pocket Prediction Reedlad Rees
e Module ©[0/0]0]6)0)0]0)0]6)60]e)
[ FABind Layers x M B s 1(,‘,;‘,\{}@
Halo Protein Apo Protein (AlphFold2) \ : ;@l), & (t%;&\;
SN
B Hobo Ligand Ligand Predicted by FABind Apoligand | OOOOOOOOOOOOO Apo Protein

Fast and Accurate Blind Flexible Docking. In /CLR, 2025.

Results: FABFlex is accurate and fast.

* Correct ligand placement in about 40% cases.

* About 0.49s per complex.

* Over 200x faster than DynamicBind method.

Ligand RMSD
Method On All Cases On Unseen Protein Receptors Av?rage
Runtime (s)
Percentiles | % Below 1 Percentiles | % Below 1
25% 50% 75% Mean <2A <5A|25% S50% 75% Mean <2A <BA |
Traditional Docking Sofiware
Vina 479 7.4 921 7.4 667 2733|527 706 884 715 625 2321 205°
Glide 284 577 804 581 1466 4060 | 238 501 747 521 2136 4951 1405°
Gnina 258 517 842 576 1932 4847 | 2.03 496 735 533 2455 5091 146
Deep Learning-based Rigid Docking Methods
TankBind 282 453 779 779 B9l 5446 | 288 445 753 760 439 5877 0.87
FABind 219 373 839 663 2211 6073 | 273 483 935 715 877 5088 0.12
FABind+ 1.58 2.79 669 563 3564 6601|193 313 859 676 2719 57.89 0.16
DiffDock 1.82 392 683 607 2904 6073|197 482 803 741 2632 5175 82.83
DiffDock-L 155 322 686 599 3675 6258 | L.86 3.6 9.09 714 20.82 6140 58.72
Deep Learning-based Flexible Docking Methods

DynamicBind 1.57 3.16 7.14 6.9 33.00 6469 | 223 402 1023 827 2018 5439 | 10212
FABFlex 140 296 616 544 4059 6832 | 1.81 351 803 717 3246 35965 | 0.49

Notes: The best results are highlighted in bold, and the second best results are underlined. The average runtime for each method is presented in
seconds. The asterisk (*) indicates that the method is executed on the CPU. The left part of the table compares ligand RMSD on all test cases,

while the right part provides a more rigorous comparison for those cases involving protein receptors that were unseen during training process.

Ligand in lerative

/'li %

Iteration 1

Update

B Holo Ligand (Ground Truth)

PDB 60IM

Iteration 2

Tteration 3

Iteration 4

Iteration 5

https://bhanml.github.io/ & https://github.com/tmlr-group
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Application Case: Molecul e
oplication Case: Molecular Optimization == aw=x
Problem: Final-answer-only supervision collapses the reasoning ability. Results: RePO enhances the model in optimizing properties.
* SFT only generates answers without reasoning trajectories. * Higher success rate for single/multiple property optimization.
* RLVR rewards are sparse and difficult to provide optimization signals. * Better balance of molecular property and chemical similarity.
e SFT-initialized RL inherits weak exploration. * Robust on unseen instruction styles for optimizing molecules.

Maintaining Structural Similarity

0s Task t Object Metric | Bas istill- RPO ini
¥ Editable region  Similarity (mg, m')=0.71 . ¥ ask type jective elric \ Base Model Distill-SFT SFT G GRPO (SFT init) RePO
e IsL . ) » 04 ! SR 0.086 0.100 0238 0.005 0.246 0.307
&ﬂf*\, ) _Editing Structure to Improve QED Cj\rx e, @ — AddComponent  Sim 0.763 0604 0619 0.992 0.635 0.778
_ Pa o 9 Pa 203 SRxSim| 0.066 0.060  0.147 0.005 0.156 0.239
QED=0.45 -, N [ QED=066 Structure- SR 0.107 0.185 0203 0.008 0232 0.158
i ( (b More like a drug means optimizing QED properties. go‘z pa§edl DelComponent Sim 0.864 0.682 0.755 0.99%4 0.759 0.887
[coc(=0jc(=ENcLececclNINC(=0)cLeceecl o> can start by .. The optimized mm.gianbe 2 optimization SRxSim| 0.092 0128  0.153 0.008 0.176 0.140
to increase its QED value. ‘ 0C(=0)C{=CNclccccc1)NC(=0)clcceccl 0.1 SR 0.057 0.078 0366 0.053 0.420 0.429
T TR SubComponent  Sim 0.815 0633 0721 0972 0.713 0.802
SMILES of m, SMILES of m"* {ao 0.0 ’ SRxSim| 0.046 0.049 0264 0052 0.299 0.344

) \ y__/c’ S GRP 00 (& iy aef®
B SR 0.188 0208 0297 0.138 0.223 0.312
QED Sim 0.693 0.594  0.697 0.889 0.863 0.756
; . . . SRxSim| 0.130 0124 0207 0.123 0.192 0.236
Method: RePO trains with RLVR plus final-answer reference guidance. Propert SR | 0268 0234 028 0379 0212 0415
. optis mli_j'agon LogP Sim 0.627 0579 0692 0.806 0.863 0.715
° Sample reasoning and molecules. P SRxSim |  0.168 0.135 0206 0.305 0.183 0.297
. .. . SK 07357 0214 0359 0214 0765 0399
* Reward successful, valid optimization. MR Sim 0.685 0619 0663 0.880 0.850 0.736
) . . SRxSim| 0.173 0132 0238 0.188 0.225 0.294

* Guide only the final molecule with the reference.
£ Meodify the molecule o"_ s
s “f‘né Celece{NC(=0)C(C)(C)C({=0)N2CCCC2)cclBr ; ][ & = sl

Question Think Answer 514 O { P 0
SEE T ERRA R ! R - LT SR Ao A it
«o (JOO OCOBCO OO0 @um

Instruction T el — LT " - e R o Anibysiagihe 2 The structure can be represented as follows:
I-—i_-l_ . oken Al e an the g steric hindrance, el . | ) )
I [ ImproveQED| §— — = = = Y QED=0.53 Reference ______________ RL optimization_ _ MBS ctectronegativity, nd polarizabit PHmBstion st {amp | Imalidate Expressian
{ T S guidance e ) ) eenaNAEE
QED=0.48 | Generate s Sim=0.71 ID D D D D First, we need ta consider the structure of the molecule:
1o, . SFT | i (9, Meer) . 1 carbianyl group The MALar Magic Angle Spinning value is
1 IW|th prefix il = e bk W@ O Araiysing the deterni o the [R———

rEL

- == - @ « 1% bromine stom malecular structure T
ok Answer 1 ] Supervised optimization % truct ® presence of functional groups in the maleculs.
- TP S o L L e i I [ athsilisbuiht et 3
: " . RLVR r 1 @ i To lower the MR value, ove the nitrogen e A T
@) —{remome K vz . oegee gg . :
The madified structure can be regresented ax
" { QED=0.40 1 l—i_l 1 | § .
Sim=0.76 RePO 1 D D D Explorationterm 1 Replafe . TS e Ty (l::ndun:ng |m I Invalidate Exaression
. (25 B 5 TR 5 5 " im s oatimization re
RePO update - A0000 00w wra TT70
S ——— e m— o4~ e kg GO 10 te) inssess The removal of the nitrogen atom can lead to 3 o —
«_ Nogradient  _,Guidance term cleeriNC=OIT)GLi-OM2ceiziecial [, . milarity: significant decrease in the MR value

38
Reference-guided Policy Optimization for Molecular Optimization via LLM Reasoning. In /CLR, 2026.  httpsi//bhanml.github.io/ & https://github.com/tmlr-group



Take-Home Messages

Learning: RL enhances the capability, while unlearning makes models forget what they shouldn't know.

* RL evolves from alignment toward actively enhancing FM reasoning capabilities.
* Unlearning evolves from adapting classical methods toward effective, precise, and robust forgetting.

Reasoning: The paradigm shifts from passive generation to active and verifiable problem-solving.

* LLM reasoning expands the model’s capability through more deliberate internal generation.
* Agent reasoning learns to act by interleaving reasoning with external interaction, tool use, and environmental feedback.

Generalization: Self-evolution strengthens FMs through feedback, while applications test reliability under constraints.
* Generalization requires self-evolution: feedback, failures, and repeated attempts must improve future behavior.

* Generalization is validated in Al4Science, where scientific constraints make reliability measurable and useful.
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Appendix

* Survey:

* A Survey of Label-noise Representation
Learning: Past, Present and Future. arXiv, 2020.

* Books:

* Machine Learning with Noisy Labels: From
Theory to Heuristics. Adaptive Computation and
Machine Learning series, The MIT Press, 2026.

* Trustworthy Machine Learning under Imperfect
Data. CS series, Springer Nature, 2025.

* Trustworthy Machine Learning: From Data to
Models. Foundations and Trends® in Privacy
and Security, 2025.

Foundations and Trends® in
hmwnnds-a.l
7:2

Trustworthy Machine Bo Han - Tongliang Liu

Learning

Trustworthy Machine
Learning under

From Data to Models

son hangchao loTangth.lu.
s- Koyejo and Feng Li

Imperfect Data

%ﬁé

()

".\NUH
5RS|T\!

s RIKNEN

e Tutorials and Lectures:

* AAAI 2024 Tutorial on Trustworthy Machine Learning
under Imperfect Data.

* [JCAI 2024 Tutorial on Trustworthy Machine Learning
under Imperfect Data.

« WWW 2025 Tutorial
Imperfect Web Data.

* AAAI 2026 Tutorial on The Science and Practice of
Machine Unlearning for Al Safety.

* AAAI 2026 Tutorial on Trustworthy Machine Reasoning
with Foundation Models.

* Deeplearn 2026 Lecture on Trustworthy Machine
Learning from Data to Models.

. Workshops

IJCAI 2021 Workshop on
Representation Learning.

* ACML 2022 Workshop on Weakly Supervised Learning.
* RIKEN 2023 Workshop on Weakly Supervised Learning.

* HKBU-RIKEN AIP 2024 Joint Workshop on Artificial
Intelligence and Machine Learning.

on Trustworthy Al under

Weakly  Supervised
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