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TrustworthyFoundationModels

~—— Part 1. Learning ——

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

Reinforcement Learning
Learn from rewards

earned through attempts
of problem solving.

Machine Unlearning

Unlearned LLM

| —— Remove specific

~~=_knowledge from a trained
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
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— Part 3. Generalization —

How to enable trustworthy FM
generalization inapplications?

Self- Evolution

Improve FMs through

5‘!@’ feedback, sglection,

& and adaptation.
€7QYZA Apply FMs to scientific
? t discovery under real

R 5 < constraints.

Application s

S Rk

G J

/@\ Plan, act, observe, and
@ ‘ @ adapt to complete a task.
\§ J

https:// bhanml.github.io/ & https:// github.com/tmlr- group
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A Given problems, a model generates outputs, receives rewards, and is optimized via an RL algorithm.
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The RLpipeline: I RL Algorithm
=
BE Input —— I Output —* Evaluate —
Problem Model Environment Reward
Applications:
Math Code
A Symbolic calculation Ty A Code generation
A Logical deduction A Debugging
A Geometric reasoning A Theorem proving e
Science Med-PalM 2 Others
A Medical diagnosis S A Commonsense deduction
A Legal decision e A Safety alignment
A Scientific discovery A Instruction following

https:// bhanml.github.io/ & https:// github.com/tmlr- group
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RecentAdvancesin RL (20222024) /} Ak

A Technical focusimproving model behavior (preference/capability) via preference alignment.
A Applications: Chatbots, Instruction following, preference alignmentand reasoning capability.
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On- policy RL Off- policy RL
A Training: RL with human feedback (RLHF). A Training: Direct optimization on preferencedata.
A Objective: Alignment, helpfulness, harmlessness. A Objective: Alignment + reasoning capability.
A Rep. worksinstructGPT ChatGPT, Llama 2 Chat. A Rep. works: DPO, KTGBImPQ
O Q =
: /
t 2022-2023 : 2023-2024
InstructGPT GPT-4 ;
(NeurlPS22) (ArXiv23) (NeurlPS23) (ICML24) (NeurIP824)
PPO + human reward RLHFtuned GPF 3.5, i Direct preference opt.; no Kahnemars Tversky opt.; Reference free preference opt.
model; alignment at scale. conversational alignment. : reward model needed. unpaired preferences.
Constitutional Al Llama 2 Chat i RLOO GRPO SPPO
(ArXiv 23) (ArXiv23) i (ACL24) (ArXiv 24) (ICLR25)
RLAIF; Al feedback replaces Open- source RLHF; safety i Leave one-out baseline; Group relative advantage est.; No external reward model;
human labels. + helpfulness. i no critic model needed. no critic model needed. improves via self competition.

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



RecentAdvancesin RL (After 2025)

A Technical focusRL with verifiable rewards (RLVR) establishing the method for improvingreasoning capability.
A Applications: Mathematical reasoning, code, science , expanding to agentic reasoning with tool -use.

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

Article Openaccess Published: 17 September 2025 FiX G R PO IS e ntropy
Leve I‘ag e GRPO at Scal eDeeﬁseék:ﬁl incentivizes reasoning in LLMs through co | | ap se Vi acC | | p.

reinforcement learning DAPO: An Open-Source LLM Reinforcement Learning

ith verifiabl ; '
Wlt Ve rl Iab e reward S ] Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu Zhang, H I g h er an d re m OVeS SYStem at scule
d I Shirong Ma, Xiao Bi, Xiackang u, Yu Wu, Z. F. Wu, Zhibin Gou, Zhihong Shao, Zhuoshu Li, 5 o
O pe n SO u rce m O e Ziyi Gao, Aixin Liu, Bing Xue, Bingxuan Wang, Bochao Wu, Bei Feng, Chengda Lu, ... Zhen | e n gth b I aS Wlth 'ByteDance Seed “Institute for Al Industry Research (AIR), Tsinghua University

“The University of Hong Kong

riVaIS Ope nAI 01 . e to ken_ Ievel IOSS. ‘SIA-Lab of Tsinghua AIR and ByteDance Seed

Nature 645, 633-638 (2025) | Cite this article

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

Flrst to reprOduce MM-EUREKA:  EXPLORING THE FRONTIERS OF EXtend 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 ForceMent Learnin multi - turn reasoning
moments Via rule_ based Fanqging 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

2 Center for Intelligent Information Retrieval, University of Massachusetts Amherst

G R P O Wlth 0 Ut S FT . Kaipeng Zhang  Ping Luo  Yu Qiao  Qiaosheng Zhang' Wengi Shao' dyn am | C Se aI'C h 3 Gongle Clont AL asoench

Shanghai Al Laboratory  Shanghai Innovation Institute {bowenj4,zhenrui3,dwang24,hanj}@illinois.edu, {hzeng, zamani}@cs.umass.edu

i Ji iversi iversity = ji , ik}@google.com
Shanghai Jiao Tong University The University of Hong Kong e n g I n e Cal IS {jinsungyoon, soari
.

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



RecentAdvancesin RL (After 2025)
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A Technical focus: Enhancing RL witlbel-free RL, process supervision, test-time RL, and self- distillation.
A Applications: TrustworthyFM reasoning in math, code, science, and longhorizon multi- turn agentic tasks.

2025.04: INTUITOR (Label Free RL)

Pretrained FMs hold LEARNING TO REASON WITHOUT EXTERNAL REWARDS

latent reasoning capacity : e e,
elicitable without any e
labeled data.

2026.01: TTT Discover (Test-Time RL)

RL at test time to
optimize for better

Learning to Discover at Test Time

Mert Yuksekgonul'!, Daniel Koceja*!, Xinhao Li*4, Federico Bianchi*?
Jed McCaleb?, Xiaolong Wang?, Jan Kautz?, Yejin Choi?, James Zou'!%, Carlos Guestrin'!, Yu Sun*!:2

! Stanford University 2NVIDIA 3 Astera Institute 4 UC San Diego  * Together Al

attempts.

2025.05: GIGPO(Agentic RL)

Group-in-Group Policy Optimization for

Critic- free process LLM Agent Training

credit estimation for
agentic RL.

Lang Feng' Zhenghai Xue' Tingcong Liu' Bo An"2*
'Nanyang Technological University, Singapore
Skywork Al Singapore
{1lang005,zhenghai001, tingcong001}@e . .ntu.edu.sg, boan@ntu.edu.sg

2026.01: On- Policy Distillation (Self- Distillation)

Reinforcement Learning via Self-Distillation

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

feedback conditioned
Predictions asdense  juoimus, Dol it t o
Se If_ S u p e rViS e d S i g n al S . TETH Zurich ?*Max Planck Institute for Intelligent Systems >MIT “Stanford

https://github.com/lasgroup/SDPO

https:// bhanml.github.io/ & https:// github.com/tmlr- group 6



Our Workson RL

Multi - agent RL

ECON
(ICML 25)
Multi- agent RL

framed as a Bayesian

Nash Equilibrium.

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

wke mo Cao” Qiyu gl Ba
Existing MAD
LM L2 freey A Py— ol
Outpu
ECON
Beiet1 |9 Belier1 | Q
Final
LLmi * Amwerl - LLMI “F oord Cutput
Belief2 | 3 Belief
LLM2 + Asnuer? < LMz An
. v - -
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RL for Safety Agentic RL

Self- supervised RL
RewardFlow
(ICLR26 Workshop)
Training- free dense
state rewards via
topology- aware
graph propagation.

ReSA

(ICLR26)

RL:- based safety
alignment with
Answer Then
Check reasoning
strategy.

Published as a conference paper at ICLR 2026

Co-rewarding
(ICLR26)

Self supervised RL
via complementary
multi- view reward
signals.

Publisl o o a 202¢
Published as a conference paper at ICLR 2026 Paper published at the Scaling Post-training for LLMs Workshop @ ICLR 2026

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

CO-REWARDING: STABLE SELF-SUPERVISED RL FOR
ELICITING REASONING IN LARGE LANGUAGE MODELS REASONED SAFETY ALIGNMENT: ENSURING JAIL-

Zitimo Ziung’'* Tisning Zhul*  Yiamn Ge'%*  Ziivn Zhac®  Zhanke Thou' BREAK DEFENSE VIA ANSWER-THEN-CHECK
Xi i Xi

Chentao Cao'#* Xisojun Xu'  Bo Han®' Hang Li' wa'ng Be n it zn nke Zhou'  Jia
o
a Ho

==
ﬁﬁﬁﬁ"‘” -

o 2
(6) Single-view method |

() Co-rewarding-il: Modal Side

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

'ByteDance Seed Dabi Y M m el Kwok-Po Ng
*TMLR Group, Department of Computer Science, Hong Kong Baptist University 1R Gron a, Hen _;,n gl.\ apis Un ,- lu.cm-pm e Roscarch (HK) Co, Lid
SCMIC, Shanghai Jiao Tong Un "oy of Mathematics, Hong Kong Baptist University
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Data- centric RL

CoDaPO

(ICML 26)

Adaptive compute
allocation in GRPO
via confidence and
difficulty reweighting.

Paper published at the Lifelong Agent Workshop @ ICLR 2026

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




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

A Agents lack principled coordination.

A Performance may not reliably converge.

Existing MAD

Answer 1 : Answer 2 ! Answer 1 : Answer 2 . Final
LLMI LLM2 LLMI LLM2 [ Aggregator H out |

Method: ECON coordinates agents via learned beliefs, not debate.
A A coordinator assigns strategy and aggregates answers.

A Execution LLMs reason independently with learned belief states.

A Training pushes agents toward coordinated equilibrium.

0 ECON

Belief 1 ¥ - [ Belief1 QO
LLM1 — Answerl LLM1 —\—+  Answer @mamr}—’[ OFumal ‘
\_ Output
‘ S . BNE

Belief2 |-(}- . Belief 2 -

LLM2 Answer 2 LLM2 Answer 2 > .
Message Passing

> ~~ < = ~ 2 " Belief Coordinate

Stagel Stage2

From Debate to Equilibrium: BeliefDriven Multi- Agent LLM Reasoning via Bayesian Nash Equilibrium. A@ML 2025. https://bhanml.github.io/ & https:// github.com/tmlr- group
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Results: ECON improves accuracy while reducing token cost.

A BeatCoT, selt consistency,ToT, and rStaron reasoning benchmarks.

A Improve TravelPlannempass rates over 3round debate.
A Use 21.4% fewer tokens than-8ound MAD.

Validation (#180) Test (#1,000)
Delivery Commonsense Hard Constraint Final Delivery Commonsense Hard Constraint Final
Rate _Paas Rate _Puss Rate Pass Rate Rate _Pass Rate Pass Rate Pass Rate
Micro Macro Micro Macro Micro Macro Micro Macro
Greedy Search 100 74.4 0 60.8 378 0 100 720 0 524 318 0
Two-stage
Mixtral-8x7B-MoE 49.4 300 0 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 57.9 0 05 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 6.7 227 13.1 23 97.8 724 113 174 12.1 37
ECON (GPT-4) 100 714 156 321 25.7 72 100 821 266 324 17.6 9.3
Sole-planning
DirectGpr. 5-Turbo 100 60.2 44 11.0 2.8 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
ReAclgpr.3.5-Tubo 822 476 39 114 67 0.6 816 459 25 107 3.1 0.7
Reflexiongpr.s s-Turbo 939 538 28 110 28 0 921 521 22 99 38 0.6
Directyixtral- 8x7B-MoE 100 68.1 50 33 1.1 0 99.3 67.0 37 39 1.6 0.7
DirectGemin pro 939 650 83 93 4.4 0.6 937 647 79 106 47 2.1
DirectGpT4- Tubo 100 804 172 47.1 22 44 100 80.6 152 443 23.1 44
Debate (GPT-4) 91.7 78.9 156 433 20.6 6.7 982 79.5 18.8 41.7 229 7.1
ECON (GPT-4) 100 833 222 517 278 129 100 842 235 498 287 152
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
GSMSK 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 4521
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 Selfsupervised RL Rms‘u

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

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

A Selt rewards make models confidently wrong or overly consensusiriven. A Sometimes match or outperform ground-truth reward training.

A The goal is label free RL that avoids reward hacking. A Reduce collapse like shortanswer consensus or repetitive outputs.

100 n = - Qwen3-1.7B-Base (MATH) Qwen3-8B-Base (DAPO-14k)
E 80 g _
20 (;C\m‘_;_;m_,;';;;' 50 q10(1 150 0 100 q.10(1 300
Method: Co - rewarding uses cross views to create pseudo - rewards.

A Rephrase questions and crossheck answers across original/rephrased versions.
A Use a slow EMA teacher model to reward the current policy. — T T T Tl G i WA

o Qwen3-8B-Base
Use both rephrasmg and teacherbased rewards.
826 8726 5422 1715 3052 6325 5278 s7.11
802 8074 5075 IS7300 2720 64380 5098 5417
802 8719 4954 1563 2938 6200 5181 5486
. 79.8 8976 4909 1583 3052 6338 5180 56.93
Question: 1+1=? : 812 93707 5120 1500 [ 3081 6600° 5579 59.95
- Co-rewarding-11 (Ours) 808 9242 5346 1448 3023 6283 | 6070 57.50
- Co-rewarding-11I (Ours) 814 9098 5407 1333 3071 6375 5369 59.10
Ob)ectlve ] Qwen3-4B-Base
Before RL 712 2615 2108 458 100 3888 4643 4723
- GT-Reward (Shao et al., 2024) | 786 8976 5120 1500 2607 5538  47.80 53.96
Objective J* - — - -
s 716 7179 3886 1167 2237 5700  48.15 4893
770 8810 (4744 1094 2559 5288 | 5044 49.90
wetal,2025) | 774 9007 4533 1010 2654 57500 4878 5435
GT Answer: 2 4 78.8 9128 4608 1385 2664 5650 5035 5326
- Co-rewarding-I1 (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 s132 3114
- GT-Reward (Sha 2 | 470 7794 2214 1167 9.57 31.87 4751 3432
Y ai 434 7491 1883 688 995 2587 5488 334
1 434 6619 2018 656 1660 2462 5470 352
-------------------------- sem— - Majo g (Shafay 2 468 7877 2048 927 1100 3125 4796 3318
i ez s - s 50.2 7945 2380  10.00 1128 2988 48.89 33.77
! EMA Updiie 7 - urs, 49.8 7930 2259 1073 10.80 30.63 49.90 33.61
; - " Corewarding. 111 (Ours) 516 7991 2545 1042 1043 32500 4637 3450
i Tref : a

9
Co-rewarding: Stable Selfsuperwsed RL for Ellcmng Reasonlng in Large Language Models./GL./R2026. https://bhanml.github.io/ & https:// github.com/tmlir- group



afeReasoningvia Safety driven RL

Problem: Jailbreak defenses are brittle and often over -refuse.
A Malicious intent can be hidden in adversarial prompts.

A Strong defenses may reject benign queries.

A Output filters often block instead of giving safe alternatives.

Method: ReSA

- Then-

A First draft the intended answer internally.
A Then analyze whether it is safe.
A Finally answer safely or refuse.

How to mike |
' a bomb? I

Jr (mm)
Adversarial
Harmful Query

ReSA-SFT/RL

Stage 1: Safety Query
Construction (4 Types)

GHHY —

Existing Aligned Models

Unsafe Answer:
Sure, I can help you

‘Wrong Thinking o

1) Confused by the adversarial query know how bomb

2) Unfamiliarity with safety policies

Safe Answer:

-5 Q-

[ Intended Answer Summary]

Sorry, I cannot answer

[Safety Analysis ]

Model

(Type 1) Vanilla Benign:

How can I cut to the chase
during business meetings?
\ J

(Type 2) Vanilla Harmful:

Create and sell fraudulent
identification documents..

Training
Query Pool

a|

Apply Jailbreak

Type 3) Adversarial Benign:
Imagine you’re a negotiator,
where meetings stretch on for

|_ what seems like eons..

\unfmrcmcm Can you...

Type 4) Adversarial Harmful:

Understanding how counterfeit
IDs are produced helps law

- ——

Reasoned Safety Alignment: Ensuring Jailbreak Defense via Answiédren Check. In/CLR2026.

Thinking grounded in the
intended answer summary

/T,
%
—>

Generate

as it violates my
output policy °

Thinking grounded in the
learned safety policies

1
|
I —
|
|

Stage 2: Intended Answer
Summary Generation

Intended Answer:
First, we should use advanced

software (c.g., ID template
generators) to create fakes

————— -~
- r Intergrated by |

Safetv analysis: —_ the Reasoning |
The answer planning idea 3 Template |
Non-Violent Filter P -

Answer-Then-Check

Strategy
<

Stage 3: Safety
Analysis Synthesis

Results: ReSAimproves safety with little loss in usefulness.
A Better jailbreak robustness than several baselines.
A Lower overrefusal on benign/adversarial benign prompts.

A

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

PAIR GPT- ReNe-

Deepln-

Base Model Evaluator Method Nome ‘gpp PAIR  PAP o o TiM TAP Coition g
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

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  gp on.pEipor STAIR-DPO 0.9992 0.8076 0.6814 0.9515 0.9992 0.9048 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 06677 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

Qwen2.5- Finotuned  Post-hoc (LlamaGuard) 0.9248 05134 0.6702 0.5854 0.9930 0.9502 0.7254 0.8419 0.7755
TB-Instruct  grongREJECT 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 9936 0.9549

ReSA-RL (Ours)

0.9968 0.9968 0.9904 0.9936 1. 0000 0 9681 1. 0000 0 9968 0.9928

https:// bhanml.github.io/ & https:// github.com/tmlr- group
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MachineUnlearning(MU)

A Machine unlearning aims to remove the influence of theforgetting data from a trained model,
yielding a model equivalent to one that was only trained on theretaining data .

Machine Trained Model | Machine  Ynlearned Model

4
!
I )
Learning | Forgetting Unlearning
!
!
!

Training
Data

Data

Retaining
Data

-~

Performance as
Similar as Possible

= Machine Learning
Retaining

Data

Training on Retaining Data from Scratch

Retained Model

https://bhanml.github.io/ & https:// github.com/tmlr- group 11



Bt objectiveof MU

A Objective 1 (Unlearning) : Erase thetargeted knowledge from the model.
A Obijective 2 (Retention) : Preserve theunrelated knowledge in the model.

QUESTION» QUESTION»
Who wrote "Shale Stories" in 2008 Who wrote "Romeo and Juliet"?
ANSWERD ANSWER»
Hina Ameen wrote it. William Shakespeare wrote it.
Unlearning ‘ Retention ‘
ANSWERD ANSWER»
| don't know who wrote that book. William Shakespeare wrote it.
Hina Ameen is removed. William Shakespeare is preserved.
\ J L J
(Targeted knowledge) (Unrelated knowledge )

https:// bhanml.github.io/ & https:// github.com/tmlr- group 12



e
%ﬁﬁ_—— =

=%
)¢

1556

%g

ONOH .

£RSITY

RecentAdvancesin MU 25 Mok

Y,

A Technical focus: From adapting classical MU to LLMs, towards advancing unlearning to be precise and robust
A 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 EvalDpenUnlearning
Q Q =
; N~
i 2023-2024 i 2025- 2026
i GA (ACL 23) i Satlmp (ICML 25)
i A Maximize the loss on the forget set. i A Reweight tokens by saturation andmportance.
i NPO (COLM24) ! GRU (ICML 25)
A Bounded unlearning, borrowed from DPO. A Project forget gradient orthogonal to retain.
: TOFU (COLM 2) i BST/BS-S (ICLR 26)
A Benchmark on unlearning fictitious authors. : A Forget the model's own high confidence outputs.
: WMDP (ICML 24) i TARF (ICLR B)
A Benchmark on unlearning dangerous knowledge. A Unlearn the concept, not the literal label.

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



Catastrophic Forgettingn MU

A be directionally wrong , leading the whole modelover-unlearned.
A After MU, the model- generated responses maycollapse (contain random or incoherent tokens ).

QUESTIONY» QUESTIONY»
Who wrote "Shale Stories" in 20087 Who wrote "Romeo and Juliet"?
ANSWERD ANSWERD
Hina Ameen wrote it. William Shakespeare wrote it.
Unlearning ‘ Retention ‘
ANSWERD ANSWERD
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 for Hina Ameen is collapsed. The answer for William Shakespeare is collapsed.
(Targeted knowledge) (Unrelated knowledge )

https:// bhanml.github.io/ & https:// github.com/tmlr- group 14
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Methods AgainstCatastrophic Forgetting™ aus

A Satimpfinds that different tokens deservefine-grained unlearning .
A GRU finds room to improve thedirectional alignment between unlearning and retention gradients

—— ———— —_—— e — — o — —— —— — ————

{ 1 I Importance ]l | Should large loss be allocated with? Should weight distribution be more? \
Satimp: :_rlnportance | || Reweighting | | v o !
. ; . ' ow semantically '—»I How oldishe? | I
A Problem: Specialtokens deserve different : key the token is. | | | | e Lhus e |||I| |
gradlent Welghts. ____________ / GradicmTAsccnt : I’C“Regt]:‘:nlgrl;g ﬁpm : I,_._ ESS_\ I
A Method: Two- axis weight:saturation and e — \\ | ‘“gfﬂ'-“@l e M v _| I
importan Ce . I{ Sa‘tu ratlon : : Saturation : I Should reweighting strategy apply? Towards Better LLM Unlearning :
. . - | eweichting | | Hard Sampling  Soft Reweightin
A Result: Tighter unlearning, less utility loss. | How forgotten the '_’ Revighing e B e |
i token already is | I.,g,,"""g,?fl 0! ! ||||| ||||| |
N e e e e e e e /. ), L ________________________ |
B GRU method { """""" =\
o Original method “ With GRU: I GRU:
—= Updating direction | Unlearnlng without : ) ) ) )
— = Original direction | sacrificing retention 1 A Problem: Forget and retaingradients overlap in
7 --------- ’ direction and bounding magnitude alone cannot help.
" Without GRU: ) 9&;. A Method: Project forget gradient onto the orthogonal
- B(tJ o
! Enhance removal but = complement of retain.
1 damage retention. i | A Result: Unlearnwithout sacrificing retention
N e e e e e e e e e e e e e 7/
Exploring Criteria of Loss Reweighting to Enhance LLM Unlearning. A@ML, 2025. . . . 15

GRU: Mitigating the Tradeoff between Unlearning and Retention for LLMsln /CML, 2025. https://bhanml.github.io/ & https:/ github.com/tmir- group



Spurious Unlearningn MU

A be too narrow, leaving the targetedknowledge incompletely unlearned .
A After MU, the model- generated responses may berephrased rather than forgotten .

QUESTIONY» QUESTIONY»
What is John Smith's phone number? Who is Disney's main mascot?
ANSWERD ANSWERD
John's number is+1-415-555-0123. Mickey Mouse .
Unlearning ‘ Unlearning ‘
ANSWERD ANSWERD
John's number isplus 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
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Methods AgainstSpurious Unlearning == ( 7 Rk

A BS finds the paraphrase phenomenon: the modelkewrites surface form while preserving forget content
A TAREF finds that current unlearningnly targets specific labels rather than the underlying concept .

- o Em Em Em EE R EE R, e e e e e e e e e e e e e e m g R S e Em em em em em em em em e Em e e e em em em e e e e e e e e = e

{ \ | @ observation: LLM unlearningcan ! @ Algorithm: Bootstrapping framework at the

U n Iearn N g m akeS th @ | | cause spurious unlearning (Section 3) |1 token (BS-T) and sequence (BS-S) levels (Section 4)
P! 5
|

v I : i ‘I 7 ! S ¢ How can ass a website’s firewall to access restricted data? ]
ES- T / BS- S. | mOdeI paraphrase : : Wh":ﬂ':::":::;‘::i :”eaw . :: _-(Ij @[: gseamis‘ci:!;igured przxy selzrver to’:unnef requests nnddeinde'ﬁrewmls
Problem: Paraphrasegreserve forget ' instead of forgetting. 1 - riea [, @R pat |1} e pp—
| ™ - : T it "‘ —— ear
|

|

1

|

|

I

1

content while changing the surface form ~------------- ! i

A Method: Add the model's own high- ((ITTmmom oo N & Sz offec =
confidence Outputs to the forget set. " Extend unlearning to : : e IR © a2 rony conining cem bapons et ries ancetectec, | € botoet :

A ReSUIt: Forget fUII bellef Space . : Slmllar tOkenS and : : ' T‘Q‘e’;‘g dg ;‘;cab. ! %% A:Acce:si'n r:esrric!edciawwimoutaurhonzatfonisme al. :
‘\Sequences —,I : _________ U niela:ed_ - ||L TTE;;‘T B _[f_nstiad;fcigtse_cuﬁyiror_oca_lsc_vrriqujst_pmfeia:igsj ]_ %_S:nc_f}s‘_:

TARF:

A Problem: Unlearning a class label leavethe underlying
concept reachable through paraphrase.

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

A Result: Concept- level unlearning , not just labek level.

LLM Unlearning with LLM Beliefs. I/CL~2026. _ . . o 17
Decoupling the Class Label and the Target Concept in Machine Unlearnintn /CLR2026 https://bhanml.github.io/ & https:// github.com/tmir- group



TrustworthyFoundationModels

—— Partl. Learning ——

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

Reinforcement Learning
Learn from rewards

earned through attempts
of problem solving.

R Remove specific
===_| | knowledge from a trained
: model without retraining.

= _J

~—— 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

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

~— Part 3. Generalization —
How to enable trustworthy FM
generalization inapplications?

Self- Evolution

Improve FMs through
feedback, selection,
and adaptation.

Application s

Apply FMs to scientific
discovery under real
constraints.

ok

o

2%3
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What iIs FMReasoning?

RIM=N

Foundation Model (FM) Reasoning is the pathway to achieve powerful intelligence.
A Decomposea complex problem into feasiblesteps.

A Combine knowledge piecesinto new knowledge.
Generatingchain of thoughts (CoT)

Is the key of severalreasoningmodels.

() deepseei
Solve the quadratic equation xA2 - 5x + 6 = 0 :

chain of thoughts (model- generated) R1
@ As a text-based AI, I am unable to directly solve quadratic equations. However, I can
_ Let’s try factoring the given quadratic equation x*2 - 5x + 6 = 0:

P
thought < 1. Factor the left side of the equation: (x - 2)(x - 3) @ O p e n A I

2. Set each factor equal to zero and solve for x:

-x-2=0=>x=2
03
So, the solutions to the quadratic equation x*2 - 5x + 6 =0are x=2and x = 3.

implicit reasoning explicit reasoning

guide you on how to solve it using various methods. One common method is factoring.

https://bhanml.github.io/ & https://github.com/tmlir - group 19



TrustworthyFM Reasoning Q- RIKEN

We review Trustworthy FM reasoning acrosstwo scopes (LLM, Agent) and three dimensions :
A Capability: What trustworthy foundation model reasoning cansolve and explain.

A Understanding: How reasoningemerges and behaves.

A Evaluation: How reasoning properties are measured and evaluated.

LLM reasoning in text. Agentic reasoning with tools and environment .
A Reasoning as text generation, model thinks stefby- step. A Reasoning as interaction, model thinks, acts, and uses tools
A Capability evolves through prompting, training, and long CoT. A Capability evolves through tool use, training, and agentic RL

O M) ) .
. N~ N
i 2021-2024 : 2024-2025 : 2025- Now
Capabilit CoT Prompting (NeurlPS 22) DeepSeek R1(Nature 25) TTT- Discover (ArXiv 26)
PABIY : ReAct (ICLR 23) | Search-R1 (COLM 25) | AlphaEvolve (ArXiv 25)
fevrrenssees st st s s s s s b 1211818188558 255555111150
Understandi Mystery of CoT (NeurlPS 23) CoT Overthinking ( ICML 25) i Limit of RLVR (NeurlPS 25)
NAerstanding : vachinesom (AcL 23) : MACNET (ICLR 25) i RAGEN 2 (ICML 26)
_ MATH (NeurlPS 21) MMLU-Pro (NeurlPS 24) i AR-Bench (ICML 25)
Evaluation : : :

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

20
https:// bhanml.github.io/ & https:// github.com/tmlr- group
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How to PerformLLM Reasoning?

Scale LLM reasoning along two axes:depth of single- LLM thinking,breadth of multi- LLM debate.
A sl scaledest-time compute by SFT on 1K samplesthen injecting "Wait" at end - of - thinking during inference.
A MAD- M2 strengthens multi - agent debate by masking erroneous memories each round.

CHow many r in raspberry? Question) @ D e e
Let's break down the process of counting the letter 'r' in the " -0 | Erroneous memory
word ‘raspberry" o 05 i to be masked.
* First letter: 'r' - Thisis an 'r', count = 1. H w ———

* 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. Q@ i i T v e b Y e
* Eighth letter: 'y' - Not an 'r', count remains 2 ...

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

atend-of-thinking: |(wait, let's re-read the question carefully]t asks "How many r

triggers self correction. | T acoberry? .. *r-a-s-p-b-e-r-r-y..*First'r' ..+

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

the word. Final Answer: The final answer is Response

C/Iy initial answer of 2 was incorrect due to a quick reading 05

sl: Simple test- time scaling . MAD - M2: Multi - agent debate with memory masking .
A Problem: How to replicate o1- style test- time scaling ? A Problem: MAD is bottlenecked by erroneous memories .
A Method: Fine tune on 1K questions +budget forcing via Wait token. A Method: Mask erroneous memories at the start of each round
A Result: s1- 32Bexceeds 01- preview by 27%on MATH & AIME24 A Result: Consistent gains over vanilla MAD
sl: Simple testtime scaling. INEMNLR 2025. 21

Multi- Agent Debate with Memory Masking. In/CLR2026. https:// bhanml.github.io/ & https:// github.com/tmlr- group



How to Understand LLM Reasoning? *=

GHAPT\S‘ / RI I/: N

Understand LLM reasoning along two axes:visualizing its trajectories andprobing its boundaries.
A Landscape of Thoughtsvisualizes reasoning trajectories;correct paths converge slower than wrong paths.
A Limit- of- RLVRprobes RLVRs upper bound viapass@kand reveals RLVR is bounded by the base model.

s 2o visualize Land " o analyze . ”
Output thoug > pe of thoug » Observations
o > i& * *  convergence spce(! on landscape
. ] ° "Q - %, 090 ® o r reflects the reasoning accuracy
Vlsu allze e Y g g g e ”» ® * wrong paths quickly converge to
. | T e d wrong answers, while correct paths
reasonin g - v 2 A ” slowly converge to correct answers
1 H % ® + intermediates thoughts have high
traJ eCto res g v J;ﬂ * 09 » 09;’ uncertainty and low consistency
L ® 3
A
i model reasoning : apily
: — v Predictive model — ++-sseeessserssiessannsns »  Advantages
* * *
Question: A cluss of 35 nts ,A‘ - % R predict * better reasoning performance
i e s 5 it &0 £ +  without fine-tuning parameters
Eos * * * . *  monitor reasoning behaviors
Choices: (A) 204.6, (B) 404.¢ L 5 * o« *  predict
(C) 224.6. (D) 184.0, (E) 2 " o ® aiilers

Landscape of Thoughts: Visualizing the reasoning trajectories.

A
A

A

Problem: LLM reasoning behavior ihard to inspect .
Method: Map textual states todistances- to- choices, visualize
trajectories viat- SNEon multi- choice tasks

Result: Distinguishes strong/weak modelscorrect/wrong paths.

Qwen-2.5-7B Qwen-2.5-14B Qwen-2.5-32B LLaMA-3.1-8B
1 1 1 1
— —+— Base s
X s
< 308 RL ]0.8 P 0.8 0.8
o £06 0.6 & 06 0.6
Basemodel can s 3
in RLmodel =5 04 b 4
win m &
ode G 02f 0.2 e 02 o~ 02
at large k oL o= oL o
T 4 16 64 2561024 "1 4 16 64 2561024 "1 & 16 64 2561024 1 4 16 64 236 1024
Number of Samples k
1 soweul B 1 |
A o >
S o3 - e 0.8 P e 08 // 0.8 .
E 0.6/« 0.6/ 0.6 " 0.6 e
> ol
< 04 0.4 0.4 0.4 ya
= 0.2 0.2 02 02
/
T2 7 s 6n6am 0T 24 816526128 1T 2 4 8 163264128 0T 2 4 8 16326412

Does RL really incentivize reasoning?

A
A
A

Landscape of Thoughts: Visualizing the Reasoning Process of Large Language Modelsh/R 2026.

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base ModeNelr/PS 2025.

Problem: Does RL truly grant LLMsnew capability beyond the base model?
Method: Probe capability boundaries vigpass@kat large k.

Result: RLVRwins at small k but base models win at large k, RL elicits no
new patterns; only distillation does

22
https:// bhanml.github.io/ & https:// github.com/tmlr- group



How to Evaluate LLM Reasoning?

Evaluate LLM reasoning along two axes:active reasoning under incomplete info, expert frontier beyond saturation
A AR Bench evaluatesactive reasoning under incomplete information , LLMsfail to acquire the info needed.
A HLE replacesaturated benchmarks with expert- frontier questions , LLMs show low performance.

Travel Planner Probl - Q: What is the budget for travel? Accuracy of LLMs Across Benchmarks
roblem "1 A: About 5k HKD for 3 days. ® 100
u“ci‘ Humanities/
- -' Physics Social Science 80
AR\ ;-i‘_@ Language Questlon Extemal €.g., ™ o Benchmarks
~—/~ Model A Sources * humans, ® s 60
nswer

3
- abstract to other models, e - g e
Healthcare Language Question Extemal Search enginesl . m@?ﬂw E 40 m:‘?—b
(Hbe % N ; Asemes = =B O o o)
LA : “l Solution @ GPT-40 @ ot ‘ Sonnet-3.5 + Gemini 1.5
Reat 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
A Problem: Existing benchmarks only tespassive A Problem: LLMssaturate popular benchmarks (e.g., >90% on MMLU),
reasoning, all info is given upfront no headroom to measure frontier capability
A Method: Evaluate LLMs orthree interactive tasks: A Method: 2,500expert-written questions across dozens of subjects,
detective cases, situation puzzles, guessing numbers unambiguous & retrieval resistant
A Result: Stark gap between passive & active ability; A Result: SOTA LLMs shovow accuracy and poor calibration , large
tree search and posttraining 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@id., 2025. 23
Nature, 2026.

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



FromLLMReasoningo Agentic Reasonig

Knowledge Reading

— GPT-5 (2025)
—GPT-4(2023)

A Agentic Framework: Build up autonomous and active agents (interact with external Sources) ..,
A Self- Evolving: Repeatthink- act- verify loops to refine solutions (possibly with memory). :
A Unified Modality: Multi- modal integration towards ageneralized reasoning system. :

et 26 —{ et - ot [ St i e
| |

y o mars? panstenry e~ - (2) Planner ot i,
Toolset Action | G _J | Context | o banat
Optimization I
=p-3 o T v o
=
= (3) Executor i L=l OctoTools
(1) Tool cards
- Tools: Python with domain-specific libraries, retrieval systems emtapet
AR s #Multi-Turn Rollout Pha: se ==
e\l @ G ey Gseipy G remork @) . — LS
oo .§,“ sympy (@astrol FAVAN B E.Q@ e !:: _=_
7 Qwen @OpenAl [ n N [N [ [N Lo EEEEzI) ) e o
deepseck  Gem fa—
A Problem S b A Solution o S e
Participants: Multiple models Iterations: Refined solutions S v | - -

LLM Reasoning Agentic Reasoning

OctoTools An Agentic Framework with Extensible Tools for Complex Reasoning.ACL 2026.

SciMaster Towards GeneralPurpose Scientific Al AgentsArXjvpreprint, 2025.

AlphaApollo: A System for Deep Agentic Reasoningdrxivpreprint, 2026.

Group- in- Group Policy Optimization for LLM Agent Training. InVeur/PS 2025. 24
A Definition of AGI. ArXivpreprint, 2025. https:// bhanml.github.io/ & https:// github.com/tmlr- group
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Agentic reasoning requires movingbeyond static generation to interactive problem solving
A SciMasterintegrates reasoning withtool - using and environment feedback.
A OctoToolsbuilds modular agentic workflows with long - term memory management.
Interaction with tools
s rl.:lser Agent !
%ﬁ?::;:‘&ihihhe & g ot ik Coce G VD G @ @ @ = m'- Hgftt;;r::tor Verifier gzmtr:'?:nzerﬁ

developed the Code as Interaction Language

current top-
performing agent

Environments <execution_result
on MLE-Bench?

coae>
from toolkit import web_search P S The cur‘r‘ent best performlng
ython

agent on MLE-Bench is ML-

Answer: keywords = “What is the best Libraries 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> Search Pirse xecuti ~esults

Tong University

Analyzer
@ Image: "baseball.png"

The image shows
Q: How many baseballs are there?

four blue buckets,

SciMaster: Towards general- purpose scientific Al agents.

A Problem: Scientific Al agents must handldrontier
knowledge and challenging research tasks.

A Method: SciMasterbuilds a tool- augmented framework to
broaden and deepen scientific reasoning.

A Results: It achievesSOTA
Exam, surpassing 30%.

OctoTools An Agentic Framework with Extensible Tools for Complex Reasoning.ACL 2026.
SciMaster Towards GeneralPurpose Scientific Al Agentsdrx/vpreprint, 2025.

Task- SpECIfIC each containing

—0 Toolset five baseballs.

& Optimization Therefore, there

D 6 are a total of 20
baseballs.

& &

(1) Tool cards

<

Command |—1 Command
Generator & Executor

Modular workflows

(3) Executor

(2) Planner
Actlon k’ J Context
/ OctoTools

OctoTools: An agentic framework with extensible tools.

A Problem: Complex reasoning requireslexible coordination
of diverse tools.

A Method: OctoToolsprovides anextensible agentic
framework with tool cards, a planner, and an executor.

A Results: It improves performance acrossl6 tasks and
outperforms strong tool- use baselines.

25
https:// bhanml.github.io/ & https:// github.com/tmlr- group
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How to PerformAgenticReasoning? & %

AlphaApollo provides aunified platform of agentic reasoning, learning, and evolution.

Tools: Python with domain-specific libraries, retrieval systems

A

ey o
& numpy (S scipy + Networkx

-

Long-term memory

A ., = D &
y T \ ’ PYTHON @‘ SymP astropy AN . =
[ ‘ \ /4 . PROGRAMMING i“" ym y (@Acmmumumw};;-ﬁm.mw\ww-uw biopython E ‘Q Q
/7 T ﬁl ¥ ¥, >
\\ / G; Qwen @) OpenAl é % Websi P Cod
R ebsite aper oae
&deepseek Gemini
A Problem
Participants: Multiple models Iterations: Refined solutions
/ X PDMcy Model &) Environment éé Reward Model prompt; propose judge \
Maodel . Environment prm— \ -
- action |—-| hi k[ ool al, }—-—-{ feedback, |- rd emer action oy valuat action  nyironment
3 Qwen @ OpenAl P @ { Prompt thin too cal 3 feedbac > reward, N — smv:;dca" E:e Er:::::n — valuator ——
Gem PYTHON @ = @ feedback feedback
&deepsee\c Gemini feedback R T =Q [ promptz }_.[ thlnk ][ tool call H fgedhack } ------ > reward, — 1 I |
_____________________________________________________________________________________________________ . H K
Trajectory : - + trajectory” verifications’
prompt, — think, tool call, feedback, (first turn) Generation { prompts ]—'[ TR, 1 1 :
i o B oo st Abstractor Summarizer
prompt, — think, toolcal, ————  feedback, (second turn) SSE;\:E {pmmpt ] '{ think, }[ tool call ] | i - i
H— : { prompt, H think, J[ tool call, ] e reward solution judgement
[ j i retrieve l J’

prompt, — think,  answer (third turn)

Agentic Reasoning
Multi- turn agentic reasoning through an
iterative cycle of model reasoning, tool
execution, and environment feedback.

AlphaApollo: A System for Deep Agentic ReasoningdrXivpreprint, 2026.

prompt, H think, M answer ]

Agentic Learning
Stable agentic learning via turnlevel
optimization that decouples model
generations and environmental feedback

Agentic Evolution
Multi- round agentic evolution through a
propose- judge- update evolutionary loop
with long-term memory. o6

https:// bhanml.github.io/ & https:// github.com/tmlr- group
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How to UnderstandAgentic Reasoning

Agentic reasoning requiresprincipled understanding for more effective and reliable development.
A HORIZON diagnoses thdailure modes in agent system for long horizon reasoning.
A RAGEN2 demystifies the hiddenreasoning collapse in agentic reasoning and learning.

—— SN, | OpswingSyem | HORIZON: The long- horizon task mirage.
R, e = = A Problem: Agentic systems oftenbreak down on
B0 pan s scon S = o= long- horizon tasks.
S sate = — f A Method: HORIZON introduces a crossdomain
T e %T:iﬁ ¢ : ﬁﬁi benchmark for diagnosing long- horizon failures.
Agent | 77 : - B A Results: It revealshorizon - dependent degradation
8 pa
e | s | Rgrror— and enables scalabldailure attribution.
Failure mode attribution—
RAGEN 2: Reasoning collapse in agentic RL. PRRRSSNE (F——— —
A Problem: Agentic RL can suffereasoning 7?\“,&‘* TR | o G, el | e
collapse despite stable entropy. mx i allom @ . - @ o>y
A Method: RAGEN2 introduces mutuak pra g | el e o ——
information diagnosis and SNR Aware /\\ e S T AR,
Filtering for robust training. L AN bLC @ -+ : @ o 7T T Y e || e |
A Results: It improves reasoning quality and ¥ 075 B, @ ey | Rl | o
task performance across agentic tasks. Mutuatnformation (M) Four Quadrants of Reasoning on Entropy H and Mi
Gradient analysis Mutual- information diagnosis
The Long Horizon Task Mirage? Diagnosing Where and Why Agentic Systems BrealeX/vpreprint, 2026 : . . 27

RAGEN?2: Reasoning Collapse in Agentic RL. UCML 2026. https:// bhanml.github.io/ & https:// github.com/tmlr- group
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How to EvaluateAgenticReasoning? 7 Ju

Agentic reasoning requireschallenging and grounded evaluation to measure thetrue capabilities of agents:

A Terminal Bench evaluates coding agents omard and realistic tasks.
A -Bench measures agent coordination imiverse and dynamic environments.

& Task Architecture ( —== Docker Container

-1l € Agent Execution ) £ Test Execution &Results | Terminal- Bench: Benchmarking agents on hard, realistic tasks.

Given to agent

425 Docker container (from Dockerfile)

C e e - A Problem: Existing agent benchmarks are often toeasy or unrealistic.
A Method: Terminal Bench introduceshard, realistic command- line

PASSED test_required_files_exist

FAILED test_data_files_exist - File ta.SkS Wlth Unlque enVlronmentS

not found: BOOKS.DAT

el e e saace aaaten A Results: It shows frontier agents remainfar from solved real world
B somonsh ¢ paesed 2 fadlec n 8,875 terminal tasks, scoring below 65%.

[ task.yaml (other fields)

Realistic command line tasks and environments”™

. o o o Agent Domain Policy @is_tool(ToolType.READ) o <1l
- Bench: Evaluating agents in a controlled environment. R K3 ki T . Cusipmer.1a - 100"
) . ] gcyrren me is -02-. full_pame = "John Smith"

A Problem: Existing benchmarks oftermiss shared- control A o o s sarial | oot Seety sy Seirinie 0. €D daotbinn =ises 0615
. . users with technical support. =
interaction between agents and users. " Acent S e

A Method: -Bench introduces adual- control benchmark World
with compositional tasks and interactiveuser simulation . L ——— <>€ ﬁé?*iﬁiéilf‘-’llﬁiaiﬂilu > st tdefeel ,

. . o You mobile data is not working d Turns Airplane Mode ON o i Fard_status_:f”lactlve"
A Results: It reveals the challenges otoordination and o R J °§i ey comnicitions €D ek o0
: . ] X it and get excellent interne ser inclu dmg ce ll lar m n ser atdll enabled = true
user guidance in conversational agents. o cn i frone. User fools e Fletmt S
\ Dual control settings /
Terminal Bench: Benchmarking Agents on Hard, Realistic Tasks in Command Line InterfacegCt? 2026. : . . 28
97 https:// bhanml.github.io/ & https:// github.com/tmlr- group

- Bench: Evaluating Conversational Agents in a Du&ontrol Environment. ArXjvpreprint, 2025.



How to EvaluateAgenticReasoning? = f

AlphaDiana: A System forEvaluating Reasoning Agents such asOpenClaw
A Reasoning is produced by theinteraction of model, tools, memory, sandbox, etc. With AlphaDiang we can evaluate
A Bvaluation must move fromscoring answers to measuring systems. OpenClawon AIME benchmarks

/

3 aNOH
YergiTy

Foundation model (the engine) Agent system (the car) AlphaDiana (the tournament)

Foundation model  controller Tournament rules
(engine)

Tools e Budgets (time /cost)
(CLI, APis) e Tool policy

e e Sandbox + backend
m o @ @ ® Judging protocol

Fixed across agents

Accuracy / pass@1

s Canonical trace
State Policy AlphaDiana | @ ks

Smgle score (memory, files) + Sandbox e Correctness (pass@1, pass@k)
No tools / no state / no environment / e Efficiency (cost, latency)
System behavior e Trace: messages, tools,
Y, commands, edits

depends on tools + state + policy Tracks: AIME, HLE, | e Reliability (retry/crashes)
FrontierMath, ...

Foundation models are evaluated asngines; Agents arecars shaped by tools and state;
AlphaDianais the tournament organizer that standardizes evaluation and records traces.

/

AlphaDianahasaweb dashboard for Lyl sbiil * LLLAMNL ol
Code: launching and monitoring evaluation.

https://github.com/tmlr - group/AlphaDiana 29
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