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Trustworthy Foundation Models
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Part 1. Learning Part 2. Reasoning

z

Part 3. Generalization

Remove specific 
knowledge from a trained 
model without retraining.

Learn from rewards 
earned through attempts 
of problem solving.

Machine Unlearning

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

How to perform trustworthy FM 
reasoning at test time?

Reinforcement Learning LLM Reasoning

Agentic Reasoning

Step-by-step thinking to 
reach an answer.

Plan, act, observe, and 
adapt to complete a task.

How to enable trustworthy FM 
generalization in applications?

Self-Evolution

Improve FMs through 
feedback, selection, 
and adaptation.

Apply FMs to scientific 
discovery under real 
constraints.

Applications



RL for Trustworthy Foundation Models

Problem Model Environment Reward

Input Output Evaluate

RL Algorithm

Math
• Symbolic calculation
• Logical deduction
• Geometric reasoning

Code
• Code generation
• Debugging
• Theorem proving

Science
• Medical diagnosis
• Legal decision
• Scientific discovery

Others
• Commonsense deduction 
• Safety alignment 
• Instruction following

Applications:

https://bhanml.github.io/ & https://github.com/tmlr-group
3

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

The RL pipeline: 



Recent Advances in RL (2022-2024)

On-policy RL
• Training: RL with human feedback (RLHF).
• Objective: Alignment, helpfulness, harmlessness.
• Rep. works: InstructGPT, ChatGPT, Llama 2 Chat.

Off-policy RL 
• Training: Direct optimization on preference data.
• Objective: Alignment + reasoning capability.
• Rep. works: DPO, KTO, SimPO.

2022-2023

InstructGPT
(NeurIPS 22)
PPO + human reward 
model; alignment at scale.

Constitutional AI
(ArXiv 23)
RLAIF; AI feedback replaces 
human labels.

Llama 2 Chat
(ArXiv 23)
Open-source RLHF; safety 
+ helpfulness.

GPT-4
(ArXiv 23)
RLHF-tuned GPT-3.5; 
conversational alignment.

DPO
(NeurIPS 23)
Direct preference opt.; no 
reward model needed.

KTO
(ICML 24)
Kahneman-Tversky opt.; 
unpaired preferences.

2023-2024

RLOO
(ACL 24)
Leave-one-out baseline; 
no critic model needed.

GRPO
(ArXiv 24)
Group relative advantage est.; 
no critic model needed.

SPPO
(ICLR 25)
No external reward model; 
improves via self-competition.
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SimPO
(NeurIPS 24)
Reference-free preference opt.

• Technical focus: Improving model behavior (preference/capability) via preference alignment.
• Applications: Chatbots, Instruction following, preference alignment, and reasoning capability.
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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)

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

Leverage GRPO at scale 
with verifiable rewards; 
open-source model 
rivals OpenAI o1.

Fix GRPO's entropy 
collapse via Clip-
Higher and removes 
length bias with 
token-level loss.

Extend GRPO to 
multi-turn reasoning 
interleaved with 
dynamic search 
engine calls.

First to reproduce 
DeepSeek-R1 visual aha 
moments via rule-based 
GRPO without SFT.
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Recent Advances in RL (After 2025)

2025.05: GiGPO (Agentic RL)

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

RL at test time to 
optimize for better 
solution on model’s own 
attempts. 

Distill the model’s 
feedback-conditioned 
predictions as dense
self-supervised signals.

Critic-free process 
credit estimation for 
agentic RL.

2025.04: INTUITOR (Label-Free RL)

Pretrained FMs hold 
latent reasoning capacity 
elicitable without any 
labeled data.
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• 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.



Agentic RL

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

RL for Safety

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

Self-supervised RL

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

Multi-agent RL

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

Our Works on RL
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Data-centric RL

CoDaPO 
(ICML 26)
Adaptive compute 
allocation in GRPO 
via confidence and 
difficulty reweighting.



Belief-Driven Multi-Agent Reasoning

From Debate to Equilibrium: Belief-Driven Multi-Agent LLM Reasoning via Bayesian Nash Equilibrium. In ICML, 2025. https://bhanml.github.io/ & https://github.com/tmlr-group

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.
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Problem: Multi-agent debate (MAD) is costly and unreliable.
• Debate uses many tokens.
• Agents lack principled coordination.
• Performance may not reliably converge.

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.



Stable Self-supervised RL

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

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.
• Use both rephrasing and teacher-based rewards.

9

Problem: Self-supervised RL can improve reasoning, but often collapses.
• GT rewards are expensive and hard to scale.
• Self-rewards make models confidently wrong or overly consensus-driven.
• The goal is label-free RL that avoids reward hacking.

Results: Co-rewarding is more stable and effective.
• Beat entropy, self-certainty, and majority-vote rewards.
• Sometimes match or outperform ground-truth reward training.
• Reduce collapse like short-answer consensus or repetitive outputs.

Co-rewarding: Stable Self-supervised RL for Eliciting Reasoning in Large Language Models. In ICLR, 2026.



Safe Reasoning via Safety-driven RL

Reasoned Safety Alignment: Ensuring Jailbreak Defense via Answer-Then-Check. In ICLR, 2026. https://bhanml.github.io/ & https://github.com/tmlr-group
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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.

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.

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.



Training 
Data

Machine 
Learning

Trained Model

Retaining 
Data

Forgetting 
Data

Machine 
Unlearning

Retaining 
Data

Training on Retaining Data from Scratch

Unlearned Model

Retained Model

Performance as 
Similar as Possible

Machine Learning

Machine Unlearning (MU)
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• 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.

11
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Bi-objective of MU

QUESTION 𝑋
Who wrote "Shale Stories" in 2008?

QUESTION 𝑋
Who wrote "Romeo and Juliet"?

ANSWER 𝑌
Hina Ameen wrote it.

ANSWER 𝑌
William Shakespeare wrote it.

ANSWER 𝑌
I don't know who wrote that book.

ANSWER 𝑌
William Shakespeare wrote it.

Unlearning Retention

Hina Ameen is removed. William Shakespeare is preserved.

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

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

(Targeted knowledge) (Unrelated knowledge)



Recent Advances in MU
• 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.
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2023-2024
GA (ACL 23)
• Maximize the loss on the forget set.
NPO (COLM 24)
• Bounded unlearning, borrowed from DPO.
TOFU (COLM 24)
• Benchmark on unlearning fictitious authors.
WMDP (ICML 24)
• Benchmark on unlearning dangerous knowledge.

SatImp (ICML 25)
• Reweight tokens by saturation and importance.
GRU (ICML 25) 
• Project forget gradient orthogonal to retain.
BS-T / BS-S (ICLR 26)
• Forget the model's own high-confidence outputs.
TARF (ICLR 26)
• Unlearn the concept, not the literal label.

2025-2026

Early (2023-2024)
Focus: Bringing unlearning to LLMs.
Methods: GA, GD, NPO, RMU.
Evaluation: TOFU, WMDP, MUSE, RWKU.

Now (2025-2026)
Focus: Advancing unlearning to be effective, precise, and robust.
Methods: SatImp, GRU, BS, TARF. 
Evaluation: Effective Eval, OpenUnlearning.
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QUESTION 𝑋
Who wrote "Shale Stories" in 2008?

QUESTION 𝑋
Who wrote "Romeo and Juliet"?

ANSWER 𝑌
Hina Ameen wrote it.

ANSWER 𝑌
William Shakespeare wrote it.

ANSWER 𝑌
vivid vivid vivid vivid vivid vivid vivid vivid vivid 
vivid vivid vivid vivid vivid vivid vivid vivid vivid.

ANSWER 𝑌
vivid vivid vivid vivid vivid vivid vivid vivid vivid 
vivid vivid vivid vivid vivid vivid vivid vivid vivid.

Unlearning Retention

The answer for Hina Ameen is collapsed. The answer for William Shakespeare is collapsed.

• 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).

Catastrophic Forgetting in MU

(Targeted knowledge) (Unrelated knowledge)
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Methods Against Catastrophic Forgetting

Exploring Criteria of Loss Reweighting to Enhance LLM Unlearning. In ICML, 2025.
GRU: Mitigating the Trade-off between Unlearning and Retention for LLMs. In ICML, 2025.

With GRU:
Unlearning without 
sacrificing retention.

Without GRU:
Enhance removal but 
damage retention.

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

SatImp:
• Problem: Special tokens deserve different 

gradient weights.
• Method: Two-axis weight: saturation and 

importance.
• Result: Tighter unlearning, less utility loss.

Importance:
How semantically 
key the token is.

Saturation:
How forgotten the 
token already is.

GRU:
• Problem: Forget and retain gradients overlap in 

direction and bounding magnitude alone cannot help.
• Method: Project forget gradient onto the orthogonal

complement of retain.
• Result: Unlearn without sacrificing retention.

https://bhanml.github.io/ & https://github.com/tmlr-group
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Spurious Unlearning in MU

QUESTION 𝑋
What is John Smith's phone number?

QUESTION 𝑋
Who is Disney's main mascot?

ANSWER 𝑌
John's number is +1-415-555-0123.

ANSWER 𝑌
Mickey Mouse.

ANSWER 𝑌
John's number is plus one, four-one-five, five-
five-five, zero-one-two-three.

ANSWER 𝑌
A black-and-white mouse in red shorts, created 
by Walt Disney in 1928.

Unlearning Unlearning

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

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

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

(Targeted knowledge)



17LLM Unlearning with LLM Beliefs. In ICLR, 2026.
Decoupling the Class Label and the Target Concept in Machine Unlearning. In ICLR, 2026.

Methods Against Spurious Unlearning
• 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.

BS-T / BS-S:
• Problem: Paraphrases preserve forget 

content while changing the surface form.
• Method: Add the model's own high-

confidence outputs to the forget set.
• Result: Forget full belief space.

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.

Unlearning makes the 
model paraphrase
instead of forgetting.

Extend unlearning to 
similar tokens and 
sequences.

Concept that need to unlearn.

Data used for unlearning.

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



Trustworthy Foundation Models
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Part 1. Learning Part 2. Reasoning Part 3. Generalization

Remove specific 
knowledge from a trained 
model without retraining.

Machine Unlearning

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

How to perform trustworthy FM 
reasoning at test time?

Reinforcement Learning LLM Reasoning

Agentic Reasoning

Step-by-step thinking to 
reach an answer.

Plan, act, observe, and 
adapt to complete a task.

How to enable trustworthy FM 
generalization in applications?

Self-Evolution

Apply FMs to scientific 
discovery under real 
constraints.

Learn from rewards 
earned through attempts 
of problem solving.

Applications

Improve FMs through 
feedback, selection, 
and adaptation.



chain of thoughts (model-generated)

What is FM Reasoning?

implicit reasoning explicit reasoning

19https://bhanml.github.io/ & https://github.com/tmlr-group
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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.
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2021-2024 2024-2025

We review Trustworthy FM reasoning across two scopes (LLM, Agent) and three dimensions: 
• Capability: What trustworthy foundation model reasoning can solve and explain.
• Understanding: How reasoning emerges and behaves.
• Evaluation: How reasoning properties are measured and evaluated.

LLM reasoning in text.
• Reasoning as text generation, model thinks step-by-step.
• Capability evolves through prompting, training, and long-CoT.

Agentic reasoning with tools and environment.
• Reasoning as interaction, model thinks, acts, and uses tools.
• Capability evolves through tool use, training, and agentic RL.

Capability

Understanding

Evaluation

CoT Prompting (NeurIPS 22)

ReAct (ICLR 23)

Mystery of CoT (NeurIPS 23)

MachineSoM (ACL 23)

MATH (NeurIPS 21)

AgentBench (ICLR 24)

DeepSeek R1 (Nature 25)

Search-R1 (COLM 25)

CoT Overthinking (ICML 25)

MACNET (ICLR 25)

MMLU-Pro (NeurIPS 24)

ScienceAgentBench (ICLR 25)

2025-Now

TTT-Discover (ArXiv 26) 

AlphaEvolve (ArXiv 25)

Limit of RLVR (NeurIPS 25) 

RAGEN-2 (ICML 26)

AR-Bench (ICML 25) 

τ²-Bench (ArXiv 25)

Trustworthy FM Reasoning

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



How to Perform LLM Reasoning?

21s1: Simple test-time scaling. In EMNLP, 2025.
Multi-Agent Debate with Memory Masking. In ICLR, 2026.

Scale LLM reasoning along two axes: depth of single-LLM thinking, breadth of multi-LLM debate.
• s1 scales test-time compute by SFT on 1K samples then injecting "Wait" at end-of-thinking during inference.
• MAD-M² strengthens multi-agent debate by masking erroneous memories each round.

Injecting "Wait" token 
at end-of-thinking: 

triggers self-correction.

Erroneous memory 
to be masked.

s1: Simple test-time scaling.
• Problem: How to replicate o1-style test-time scaling?
• Method: Fine-tune on 1K questions + budget forcing via Wait token.
• Result: s1-32B exceeds o1-preview by 27% on MATH & AIME24.

MAD-M²: 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.

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



How to Understand LLM Reasoning? 

https://bhanml.github.io/ & https://github.com/tmlr-group
22Landscape of Thoughts: Visualizing the Reasoning Process of Large Language Models. In ICLR, 2026.

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? In NeurIPS, 2025.

Does RL really incentivize reasoning?
• Problem: Does RL truly grant LLMs new capability beyond the base model?
• Method: Probe capability boundaries via pass@k at large k.
• Result: RLVR wins at small k but base models win at large k, RL elicits no 

new patterns; only distillation does.

Landscape of Thoughts: Visualizing the reasoning trajectories.
• Problem: LLM reasoning behavior is hard to inspect.
• Method: Map textual states to distances-to-choices, visualize 

trajectories via t-SNE on multi-choice tasks.
• Result: Distinguishes strong/weak models, correct/wrong paths.

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.

Base model can 
win RL model 

at large k

Visualize 
reasoning 
trajectories



23From Passive to Active Reasoning: Can Large Language Models Ask the Right Questions under Incomplete Information? In ICML, 2025.
Humanity‘s Last Exam. Nature, 2026.

AR-Bench: From passive to active reasoning.
• Problem: Existing benchmarks only test passive 

reasoning, all info is given upfront.
• Method: Evaluate LLMs on three interactive tasks: 

detective cases, situation puzzles, guessing numbers.
• Result: Stark gap between passive & active ability; 

tree search and post-training give only modest gains.

HLE: Humanity's Last Exam.
• Problem: LLMs saturate popular benchmarks (e.g., >90% on MMLU), 

no headroom to measure frontier capability.
• Method: 2,500 expert-written questions across dozens of subjects, 

unambiguous & retrieval-resistant.
• Result: SOTA LLMs show low accuracy and poor calibration, large 

gap to expert human frontier.

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.
• 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.

Real-world tasks involve 
incomplete information.

SOTA LLMs show low accuracy on HLE.Covers 8 domains, 100+ subjects.



From LLM Reasoning to Agentic Reasoning
• 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). 
• Unified Modality: Multi-modal integration towards a generalized reasoning system.

LLM Reasoning Agentic Reasoning

OctoTools: An Agentic Framework with Extensible Tools for Complex Reasoning. In ACL, 2026.
SciMaster: Towards General-Purpose Scientific AI Agents. ArXiv preprint, 2025.
AlphaApollo: A System for Deep Agentic Reasoning. Arxiv preprint, 2026.
Group-in-Group Policy Optimization for LLM Agent Training. In NeurIPS, 2025.
A Definition of AGI. ArXiv preprint, 2025.

OctoTools

AlphaApollo

SciMaster

Verl-agent

24
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How to Perform Agentic Reasoning?

25OctoTools: An Agentic Framework with Extensible Tools for Complex Reasoning. In ACL, 2026. 
SciMaster: Towards General-Purpose Scientific AI Agents. Arxiv preprint, 2025.

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.

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.

SciMaster: Towards general-purpose scientific AI agents.
• Problem: Scientific AI 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%.

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

Interaction with tools

Modular workflows 



How to Perform Agentic Reasoning?

26
AlphaApollo: A System for Deep Agentic Reasoning. ArXiv preprint, 2026.

AlphaApollo provides a unified platform of agentic reasoning, learning, and evolution.

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

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

Agentic Learning
Stable agentic learning via turn-level 
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.

Website Paper Code



27The Long-Horizon Task Mirage? Diagnosing Where and Why Agentic Systems Break. ArXiv preprint, 2026
RAGEN-2: Reasoning Collapse in Agentic RL. In ICML, 2026.

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.  

HORIZON: The long-horizon task mirage.
• Problem: Agentic systems often break down on 

long-horizon tasks.
• Method: HORIZON introduces a cross-domain 

benchmark for diagnosing long-horizon failures.
• Results: It reveals horizon-dependent degradation 

and enables scalable failure attribution. 

RAGEN-2: Reasoning collapse in agentic RL.
• Problem: Agentic RL can suffer reasoning 

collapse despite stable entropy.
• Method: RAGEN-2 introduces mutual-

information diagnosis and SNR-Aware 
Filtering for robust training.

• Results: It improves reasoning quality and 
task performance across agentic tasks.

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

How to Understand Agentic Reasoning?

Failure mode attribution

Gradient analysis Mutual-information diagnosis



How to Evaluate Agentic Reasoning?

28Terminal-Bench: Benchmarking Agents on Hard, Realistic Tasks in Command Line Interfaces. In ICLR, 2026.
τ²-Bench: Evaluating Conversational Agents in a Dual-Control Environment. ArXiv preprint, 2025.

Agentic reasoning requires challenging and grounded evaluation to measure the true capabilities of agents:
• Terminal-Bench evaluates coding agents on hard and realistic tasks.
• τ²-Bench measures agent coordination in diverse and dynamic environments.

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 

tasks with unique environments.
• Results: It shows frontier agents remain far from solved real-world 

terminal tasks, scoring below 65%. 

τ²-Bench: Evaluating agents in a controlled environment.
• Problem: Existing benchmarks often miss shared-control 

interaction between agents and users.
• Method: τ²-Bench introduces a dual-control benchmark 

with compositional tasks and interactive user simulation.
• Results: It reveals the challenges of coordination and 

user guidance in conversational agents. 

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

Dual-control settings

Realistic command line tasks and environments 



How to Evaluate Agentic Reasoning?

29

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.

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

With AlphaDiana, we can evaluate 
OpenClaw on AIME benchmarks.

AlphaDiana has a web dashboard for 
launching and monitoring evaluation.

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.

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

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


Trustworthy Foundation Models
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Part 1. Learning Part 2. Reasoning

z

Part 3. Generalization

Remove specific 
knowledge from a trained 
model without retraining.

Machine Unlearning

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

How to perform trustworthy FM 
reasoning at test time?

Reinforcement Learning LLM Reasoning

Agentic Reasoning

Step-by-step thinking to 
reach an answer.

Plan, act, observe, and 
adapt to complete a task.

How to enable trustworthy FM 
generalization in applications?

Self-Evolution

Improve FMs through 
feedback, selection, 
and adaptation.

Apply FMs to scientific 
discovery under real 
constraints.

Learn from rewards 
earned through attempts 
of problem solving.

Applications



Generalization of Trustworthy FMs
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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.

Empowering biomedical discovery with AI agents. Cell, 2024.
Artificial intelligence for science in quantum, atomistic, and continuum systems. In Foundations and Trends in Machine Learning, 2025.

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.

Applications under scientific constraints.
• Remain reliable across tools, domains, and validation processes.
• Predictions must survive simulation and experimental checks.
• Scientific trust is earned through validation.



Self-evolution
• Goal: Improve candidates across repeated trials. 
• Feedback: Use rewards, verifiers, or tests to guide refinement. 
• Outcome: Stronger capability under new tasks and objectives.

Applications on AI4Science
• Goal: Solve scientific problems with tools, simulators, and experiments. 
• Feedback: Use scientific signals to evaluate and improve agents. 
• Outcome: Validate whether self-evolution leads to useful discovery.

2023-2024 2025-2026
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https://bhanml.github.io/ & https://github.com/tmlr-group

Recent Advances on FM Generalization

• FunSearch (Nature 23)
LLM + evolutionary search for mathematical discovery. 

• The AI Scientist (ArXiv 24)
Iterative loop for idea generation and experimentation. 

• Co-scientist (Nature 23)
Autonomous chemistry agent for wet-lab experiments. 

• Biomedical AI Agents (Cell 24)
Agentic systems for biomedical discovery.

• AlphaEvolve (Arxiv 25)
Evolutionary coding agent for scientific discovery. 

• TTT-Discover (Arxiv 26)
Test-time RL for discovery across domains.

• Virtual Lab (Nature 25)
Multi-agent system for experimentally validated nanobody design. 

• AI Mirrors Experimental Science (Cell 25)
AI system for bacterial mechanism discovery.

Search and tool use begin to enter scientific discovery. Feedback-driven evolution becomes explicit and is validated in AI4Science.

Self-evolution becomes a prevailing mechanism; Applications on AI4Science become validation areas.
• Self-evolution: Turn FMs from one-shot generation into feedback-driven capability improvement.
• Applications: AI4Science provides verifiable feedback that makes self-evolution measurable and useful.



AlphaEvolve: A coding agent for scientific and algorithmic discovery. ArXiv preprint, 2025.
ReasoningBank: Scaling Agent Self-Evolving with Reasoning Memory. In ICLR, 2026.

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.

33
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Learning-free Methods for Self-Evolution
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.

Past trajectories become reusable memory.

Evaluation feedback 
selects what to keep.

Search generates stronger 
program variants.

Memory improves 
success across later 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.

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 AI systems across 

multiple discovery tasks.

Learning to Discover at Test Time. ArXiv preprint, 2026.
Learning to Evolve: Scaling Open-Ended Discovery with Relative-Progress RL. In LLA workshop of ICLR, 2026.
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Learning-based Methods for Self-Evolution
Learning-based self-evolution turns external feedback into model’s updating signals.
• 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.

Evaluator feedback is assigned 
across refinement turns.

Learning improves over turns 
beyond training-free search.

Sets new SoTAs in almost all attempted discovery tasks.



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

Highly accurate protein structure prediction with AlphaFold. Nature, 2021.
Scientific discovery in the age of artificial intelligence. Nature, 2023.
Towards an AI co-scientist. ArXiv preprint, 2025.
From AI for Science to Agentic Science: A Survey on Autonomous Scientific Discovery. ArXiv preprint, 2026.
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• AI4Science is moving from model prediction to agentic discovery, where AI systems analyse scientific data, 
plan actions, use tools or experiments, check feedback, and improve the next candidate.

AlphaFold for protein folding. Evo for genome understanding. 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.

Applications: Trustworthy FMs for Science

Model-centric AI4Science Agent-centric AI4Science



AlphaEvolve: Code-Based Scientific Discovery

ChemCrow: Chemistry agent

• Evolve algorithms through 
code edits.

• Use automatic evaluators 
as feedback. 

• Find new results in math 
and compute optimization.

The AI Scientist: Automated Research

• AI4Science is advancing toward agentic discovery: AI systems can analyse biological data, use scientific tools, 
evolve code, plan research, and refine discoveries through feedback.

• Use LLM as the orchestrator.
• Use chemistry tools for 

checking and calculation.
• Boost drug discovery and 

materials design.

Augmenting large language models with chemistry tools. Nature Machine Intelligence, 2025.
AlphaEvolve: A coding agent for scientific and algorithmic discovery. ArXiv preprint, 2025.
Towards end-to-end automation of AI research. Nature, 2026.
CellVoyager: AI CompBio agent generates new insights by autonomously analyzing biological data. Nature Methods, 2026.
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• Generate research plans. 
• Run experiments and 

analyze results.
• Write papers and perform 

automated review.

CellVoyager: AI CompBio Agent

• Analyse complex cells.
• Generate biological 

hypotheses.
• Support insight discovery 

in computational biology.

Applications: Trustworthy FMs for Science



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.

Problem: Docking is hard with unknown pockets and flexible proteins.
• Proteins are flexible. 
• Lack of prior information about pockets. 
• Existing flexible docking is slow.

Application Case: Molecular Docking

37

Results: FABFlex is accurate and fast.
• Correct ligand placement in about 40% cases. 
• About 0.49s per complex. 
• Over 200x faster than DynamicBind method.

Fast and Accurate Blind Flexible Docking. In ICLR, 2025. https://bhanml.github.io/ & https://github.com/tmlr-group



Method: RePO trains with RLVR plus final-answer reference guidance.
• Sample reasoning and molecules. 
• Reward successful, valid optimization. 
• Guide only the final molecule with the reference.

Problem: Final-answer-only supervision collapses the reasoning ability.
• SFT only generates answers without reasoning trajectories. 
• RLVR rewards are sparse and difficult to provide optimization signals. 
• SFT-initialized RL inherits weak exploration. 

Application Case: Molecular Optimization

38

Results: RePO enhances the model in optimizing properties.
• Higher success rate for single/multiple property optimization. 
• Better balance of molecular property and chemical similarity. 
• Robust on unseen instruction styles for optimizing molecules.

Reference-guided Policy Optimization for Molecular Optimization via LLM Reasoning. In ICLR, 2026. https://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 AI4Science, where scientific constraints make reliability measurable and useful.

https://bhanml.github.io/ & https://github.com/tmlr-group 39
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z

Benchmarking Finetuning

z

Reasoning

Trustworthy Foundation Models

Existing datasets are NOT proper 
to assess if VLMs are robust.

CounterAnimal, a 
reliable benchmark 
for assessing VLMs.  

• Scaling backbone models and
improving data quality improve
the robustness of VLMs.

• Scaling raw training data does not
necessary enhance reliability.

Analyzing the dynamics of LLMs 
unlearning is critical yet hard.

• Analyzing gradients provides
insights into unlearning dynamics.

• Wrong token reweighting within
gradients leads to failures in
previous methods.

Existing LLMs are passive chatbots 
rather than active reasoners.

• Existing LLMs and methods exhibit
a significant gap compared to
humans in active reasoning.

• LLMs struggle to consistently ask
high-quality questions.

AR-Bench, a benchmark to evaluate 
LLMs' ability to ask the right questions.



Part I: Benchmarking

Benchmarking is critical to evaluate and 
compare model quality.  

• Gathering reliable evaluation data.

• Conducting proper metric evaluations.

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

Training Phase

Benchmarking

Training data 

Model Evaluation Data

Metric 
Computing

Training and evaluation data have distribution 
shifts to reflect OOD Generalization.

d
istrib

u
tio

n
 sh

ift

in-distribution
(ID)

out-of-distribution 
(OOD)

Qizhou Wang, Yong Lin, Yongqiang Chen, Ludwig Schmidt, Bo Han, and Tong Zhang.
A Sober Look at the Robustness of CLIPs to Spurious Features. In NeurIPS, 2024.

Qizhou Wang Yongqiang Chen
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Supervised vs CLIP Training

(Radford et al., 2021)

supervised CLIP

Previous Belief: CLIP is more robust to distribution 
shifts than conventional supervised training. 

CLIP Training cross-modal supervision

Supervised Training label supervision

Comparison of the OOD evaluation accuracy between
supervised and CLIP training shows that CLIP performs better!

different test data

42https://bhanml.github.io & https://github.com/tmlr-group



These OOD datasets are crafted for the distribution shifts within ImageNet setups, which 
are NOT valid for CLIP models. 

ImageNet OOD datasets CANNOT reflect the OOD Generalization for CLIP setups! 
43

Is the Conclusion Correct?

• Data Contamination: Datasets considered 
OOD for ImageNet-trained models may be 
ID for CLIP models.

• Biased Spuriousness: Features that mislead 
ImageNet-trained models may not mislead 
CLIP models necessarily.

CLIP models may have seen ImageNet V2 during
training, which is in fact ID for CLIP setups.

ImageNet A contains data that mislead ImageNet
models, which may not make CLIP models fail.

https://bhanml.github.io & https://github.com/tmlr-group
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CounterAnimal: A New Benchmark
Is there a benchmark capturing true OOD performance of CLIP?

• Spuriousness: Considering background changes as potential spurious features. 

• Generality: The captured spurious features should impact diverse CLIP configurations. 

Same Object 

Varying BKG

common uncommon

The changes of backgrounds represent the impacts of spurious
features, which is a typical distribution shift.

Basic Assumption: Since “ice bears” are 
more commonly appear with “ice” rather 
than “grass” backgrounds, CLIP may rely 
on ice-related spurious features. 

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

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

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

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

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

Data Structure. Images are organized
per class and each further divided into
two groups: common and uncommon.

Common vs. Uncommon: Photos are grouped according to their 
backgrounds. For each class, we identify group pairs that cause high 
performance drop when evaluating with CLIP.

Assessing Robustness: The performance drop between common 
and uncommon groups indicates the robustness of evaluated models. 

Photos of ice bear in snow background Photos of ice bear in grass background

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

Data Structure. Images are organized
per class and each further divided into
two groups: common and uncommon.

common

uncommon

We collect 45 classes of animals with 7,000 common and 
6,000 uncommon examples. 

The data distributions illustrate variations across different animal classes, categorized into
common and uncommon groups. The horizontal axis denotes the class IDs, e.g., ID 1 to “ostrich”,
ID 2: to “brambling”, …, ID 8 to “box turtle”, ID 9 to “common iguana”,…, ID 18 to “scorpion”, ID 19
to “tarantula”, …, ID 32 to “African hunting dog”, ID 33 to “hyena”, ….
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a
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51

Experimental Results

What observations can we draw from these results?

CLIP Training

diverse
data source

increasing 
model scale

increasing model scale

different LVLM paradigms

Other LVLMs (large VLMs)(ImageNet) Supervised Training

common acc – uncommon acc

CounterAnimal

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

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

DataComp (DC) and Data Filtering Networks (DFN) are two high-quality CLIP data sources.

The marker size indicates the backbone scale, and
the color shade indicates pre-train data scale.

common

u
n

c
o

m
m

o
n

Perfect line of robustness
(common accu=uncommon accu)

ImageNet Models

CLIP Models Observation 1 (ImageNet Models vs. CLIPs).

ImageNet models perform better than CLIPs against 
spuriousness within CounterAnimal. 

Note. CounterAnimal characterizes the spuriousness within 
CLIPs, thus proper for assessing CLIPs.  

Observation 2 (CLIPs vs. More Advanced LVLMs).

LLaVA and MinGPT4 show stronger robustness (closer 
to 𝑦 = 𝑥) yet with lower performance than CLIPs.

Note. More advanced VLMs built upon CLIPs are still affected 
by spuriousness within CounterAnimal.  
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Observations

Observation 3 (Model Size). Scaling up model size CAN enhance CLIP robustness. 

Accuracy and Performance Drop. 

common

uncommon

Effective Robustness. 

larger model

Larger slope indicates 
better robustness. 

common

u
n
c
o
m

m
o
n
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Observations
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Observation 4 (Data Size). Scaling up data size CANNOT enhance CLIP robustness. 

Accuracy and Performance Drop. Effective Robustness. 

larger dataset

Similar slopes indicate 
similar robustness. 

common

u
n
c
o
m

m
o
n

scaling up scaling up
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Observations

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

Observation 5 (Data Quality). Improving data quality CAN enhance CLIP robustness. 

Performance Drop. Effective Robustness. 

high-quality dataset 

Larger slope indicates 
better robustness. 

common

raw high quality raw high quality

accuracy drop 
between 

common and 
uncommon

u
n
c
o
m

m
o
n
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Theoretical Understanding

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

Assumption (Multi-modal Dataset). Considering 𝑛 image-text pairs {(𝒙I
𝑖 , 𝒙T

𝑖 )}𝑖=1
𝑛 , both 𝒙I

𝑖 and 𝒙T
𝑖 are 

generated from the latent factor 𝒛𝑖, where 𝒛 = 𝑧𝑖𝑛𝑣, 𝑧𝑠𝑝𝑢 ∈ ℝ2 is composed of 

• invariant feature 𝑧𝑖𝑛𝑣~𝒩 𝜇𝑖𝑛𝑣𝑦, 𝜎𝑖𝑛𝑣
2

• spurious feature 𝑧𝑠𝑝𝑢~𝒩 𝜇𝑠𝑝𝑢𝑎, 𝜎𝑠𝑝𝑢
2

with Pr 𝑎 = 𝑦 = 𝑝𝑠𝑝𝑟 otherwise 𝑎 = −𝑦. 𝑦 is the label uniformly drawn from {−1,1}. The training data 

𝒟𝑡𝑟 is drawn with 
1

2
≤ 𝑝𝑠𝑝𝑟 ≤ 1 and test data 𝒟∗ is drawn with 𝑝𝑠𝑝𝑢 =

1

2
.

Note. The dataset is biased to spurious feature 𝑧𝑠𝑝𝑢 due to different 𝑝𝑠𝑝𝑟 between training and test.  

Theorem 1. Given the multi-modal dataset with a large spurious correlation 𝑝𝑠𝑝𝑢 = 1 − 𝑜 1 . Then, under 

reasonable assumptions, w.p. at least 1 − 𝑂 1 , the CLIP model achieves

• a small zero-shot error on test data where 𝑎 = 𝑦: Acc 𝑔I, 𝑔T ≥ 1 − Φ 𝜅2 − 𝑜(1),

• a large zero-shot error on test data where 𝑎 ≠ 𝑦: Err 𝑔I, 𝑔T ≥ 1 − Φ 𝜅1 − 𝑜(1). 

Therein, 𝜅1, 𝜅2 are constants that depend on 𝜇𝑖𝑛𝑣, 𝜎𝑖𝑛𝑣, 𝜇𝑖𝑛𝑣, and 𝜎𝑖𝑛𝑣.

Note. The model relies on whether 𝑎 = 𝑦 (whether biased) to make right predictions. 



We should be cautious about test setups when assessing new training setups. 

CounterAnimal (https://counteranimal.github.io/) is a proper benchmark for 
assessing the robustness of CLIPs to spurious features. 

Distribution shifts remain an open question for CLIP and other VLMs. 

Scaling up model size can enhance robustness, while scaling up pre-train data is 
not that effective. 

Improving data quality is effective to enhance robustness. 

57

Take Home Messages
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Part II: Finetuning
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Finetuning aims to adapts the model parameters to fit tasks or knowledge, of 
which the specific goals can be attributed to learning and unlearning. 

original

“LLMs are a type of AI 
models that ...”

fine-tuning to learn/update knowledge

✓ “LLMs are a type of AI models that ...”

“ My name is XXX.”

⨯ “My name is XXX.”

fine-tuning to unlearn wrong/bad knowledge 

Qizhou Wang Zhanke Zhou

Qizhou Wang, Jin Peng Zhou, Zhanke Zhou, Saebyeol Shin, Bo Han, Kilian Q. Weinberger. 
Rethinking LLM Unlearning Objectives: A Gradient Perspective and Go Beyond. In ICLR, 2025.

(learn)

(unlearn)

https://bhanml.github.io & https://github.com/tmlr-group
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Right to be Forgotten 

“The data subject shall have the right to obtain from the
controller the erasure of personal data concerning him or
her without undue delay and the controller shall have the
obligation to erase personal data ...”

“A consumer shall have the right to request that a business
delete any personal information about the consumer which
the business has collected from the consumer ...”
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Bi-objective Goal

• Unlearn: removing model capability to generate targeted data 𝒟u = 𝑠u 𝑛u

• Retain: maintain performance on other non-targeted data 𝒟r = 𝑠r 𝑛r

LLM Unlearning

Gradient Ascent (GA)-based Method

Basic Assumption: If the negative
log-likelihood is a proper objective
for learning, then the log-likelihood
should be appropriate for unlearning.

Unlearn Objective Retain Objective

min
𝜽

𝔼𝒟u
log 𝑃 𝑠u; 𝜽 + 𝔼𝒟r

−log 𝑃 𝑠r; 𝜽

ℒu 𝒟u; 𝜽 ℒr 𝒟r; 𝜽

to be unlearned

not to be unlearned



61

Impacts of GA

Observation 1. GA-based methods CAN achieve strong unlearning but CANNOT 
ensure reliable retention, thus NOT meeting the dual-objective goal.

Negative log-likelihood (NLL) as the metric ℛ to assess performance. 

ℛ 𝒟u; 𝜽 : large unlearn NLL 
indicates strong unlearning.

ℛ 𝒟r; 𝜽 : large retain NLL  
indicates damage in retention.

Performance regarding unlearning and retention.  

ℒu 𝒟u; 𝜽 + ℒr 𝒟r; 𝜽

N
LL The retain NLL values 

are about 2 (still large)

https://bhanml.github.io & https://github.com/tmlr-group
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Delve Deeper?
Performance metrics offer limited insights towards deeper understandings.

Limitation 1. We CANNOT disentangle the impacts of ℒu 𝒟u; 𝜽 and 
ℒr 𝒟r; 𝜽 on model performance. 

Using NLL to assess performance changes 
regarding unlearning and retention.  

ℒu 𝒟u; 𝜽 + ℒr 𝒟r; 𝜽

N
LL

Both ℒu 𝒟u; 𝜽 and ℒr 𝒟r; 𝜽 have impacts on 
ℛ 𝒟u; 𝜽 and ℛ 𝒟r; 𝜽 in an intertwined manner.  

https://bhanml.github.io & https://github.com/tmlr-group
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Delve Deeper?
Performance metrics offer limited insights towards deeper understandings.

Limitation 2. Even disentangled, we CANNOT fully understand the factors 
that lead to the observed behaviors. 

ℒu 𝒟u; 𝜽ℒu 𝒟u; 𝜽 + ℒr 𝒟r; 𝜽

N
LL

Unlearning with ℒ𝑢 𝒟𝑢; 𝜽 + ℒ𝑟 𝒟𝑟; 𝜽 . For illustration, we approximate the disentanglement 
by unlearning only with ℒ𝑢 𝒟𝑢; 𝜽 .

N
LL

Why does the retention 
performance drop so quick?

https://bhanml.github.io & https://github.com/tmlr-group
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Studying the impacts of unlearning methods (e.g., GA) on performance metrics
(e.g., NLL) from a gradient view.

𝑒 = ∇𝜽ℒ 𝒟; 𝜽 ⊤∇𝜽ℛ 𝒟; 𝜽

gradients of objective

gradients of metric

∇𝜽ℒ
∇𝜽ℛ

∇𝜽ℒ
∇𝜽ℛ

∇𝜽ℒ ∇𝜽ℛ

ℒ benefits ℛ mutual orthogonal ℒ damages ℛ

positive 𝑒 zero 𝑒 negative 𝑒

G-effect: A Gradient View

• Fulfill Goal 1 as the G-effect can be computed for ℒu 𝒟u; 𝜽 and ℒr 𝒟r; 𝜽 separately.

• Fulfill Goal 2 as gradients provide more messages than merely CE performance.

(unlearning method)

https://bhanml.github.io & https://github.com/tmlr-group
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G-effect: An Example

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

Retain G-effect: 𝑒r = ∇𝜽ℒ 𝒟u; 𝜽 ⊤∇𝜽ℛ 𝒟r; 𝜽 . A positive 𝑒r is preferred to enhance retention.

Unlearn G-effect: 𝑒u = ∇𝜽ℒ 𝒟u; 𝜽 ⊤∇𝜽ℛ 𝒟u; 𝜽 . A negative 𝑒u is preferred for strong unlearning.

Retain G-effect

Unlearn G-effect

warmup | unlearning |(almost) converge

G
-e

ff
ec

t

N
LL

warmup | unlearning |(almost) converge

Unlearn Performance

Retain Performance

v.s.Performance G-effect

Note. The G-effect quantifies the rate of change (increase/decrease) in performance, which can 
be calculated separately for retention and unlearning. 

Using NLL to assess performance.  Using G-effect to assess performance change.  



https://bhanml.github.io & https://github.com/tmlr-group 66

GA: Objective 1

for retain
(wrong behaviors)

for unlearn 
(proper behaviors)

G
-e

ff
e

c
t

Unlearning steps

Objective: 𝔼𝒟u
σ𝑖 log 𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

Gradient:  𝔼𝒟u
σ𝑖

1

𝑃 𝑠u
𝑖 |𝑠u

<𝑖;𝜽
∇𝜽𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

Observation 2. Excessive extent of removal incurs negative costs to retention.

Reason. The inverse likelihood wrongly focuses more on sufficiently unlearned 
tokens, leading to over-unlearning that negatively impacts model utility. 

inverse likelihood

The G-effects of GA.
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GA: Objective 1

Objective: 𝔼𝒟u
σ𝑖 log 𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

Gradient:  𝔼𝒟u
σ𝑖

1

𝑃 𝑠u
𝑖 |𝑠u

<𝑖;𝜽
∇𝜽𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

Observation 3. Unlearning affects on bottom layers of LLMs more than others.  

Reason. Large gradients will accumulate due to the chain rule, a general scenario 
holds for many other unlearning objectives.  

inverse likelihood

bottom LLM layers

G
-e

ff
e

c
t

middle LLM layers

top LLM layers

Unlearning steps

The G-effects of GA (closer look).
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WGA: Improvement 1

Motivation: Combating the inverse likelihood term via loss reweighting. 

Original GA: 𝔼𝒟u
σ𝑖 log 𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽 Weighted GA: 𝔼𝒟u

σ𝑖 𝑃 𝑠u
𝑖 |𝑠u

<𝑖; 𝜽
𝛼

log 𝑃 𝑠u
𝑖 |𝑠u

<𝑖; 𝜽

Gradients: 𝔼𝑠u~𝒟u
σ𝑖 𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

𝛼−1
∇𝜽𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽

counteract the inverse likelihood

WGA is better 
at retention

WGA is better 
at unlearning

GA

G
-e

ff
e

c
t

WGA

Comparison of the G-effects between GA and WGA.

v.s.
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NPO: Objective 2
G

-e
ff

e
c
t

Unlearning steps

Objective: 𝔼𝒟u

1

𝛽
log(1 +

𝑝 𝑠u;𝜽

𝑝 𝑠u;𝜽o

𝛽

)

Gradient: 𝔼𝒟u
σ𝑖

2𝑃 𝑠u;𝜽 𝛽

𝑃 𝑠u;𝜽 𝛽+𝑃 𝑠u;𝜽o
𝛽 ∇𝜽 log 𝑃 𝑠u; 𝜽

Observation 4. NPO (Negative Preference Optimization) has fewer negative 
impacts on retention compared to GA. 
Reason. The gradients of NPO are very similar to GA, yet further reweighting by 
𝑤npo, which mainly contributes to its improvements over GA.  

𝑤npo reweighting

The G-effects of NPO.

for retain

for unlearn 
(proper behaviors)

(wrong behaviors, but less impacts)
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Weights converge to 
0 at about 17 steps

NPO: Objective 2

The curve of 𝑤𝑛𝑝𝑜 during unlearning. 

Objective: 𝔼𝒟u

1

𝛽
log(1 +

𝑝 𝑠u;𝜽

𝑝 𝑠u;𝜽o

𝛽

)

Gradient: 𝔼𝒟u
σ𝑖

2𝑃 𝑠u;𝜽 𝛽

𝑃 𝑠u;𝜽 𝛽+𝑃 𝑠u;𝜽o
𝛽 ∇𝜽 log 𝑃 𝑠u; 𝜽

𝑤npo reweighting

Observation 5. The NPO weight 𝑤npo serves a role like early stopping.

Reason. 𝑤npo approaches 0 when 𝑃 𝑠u; 𝜽 → 0.

w
e

ig
h

t



Gradient: 𝔼𝒟u
σ𝑖

2𝑃 𝑠u;𝜽 𝛽

𝑃 𝑠u;𝜽 𝛽+𝑃 𝑠u;𝜽o
𝛽 ∇𝜽 log 𝑃 𝑠u; 𝜽

G-effect: 𝔼𝒟u
𝑤npo ∇𝜽 log 𝑝 𝒔u; 𝜽 ⊤ ∇𝜽ℛ 𝒟; 𝜽
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NPO: Objective 2

The distributions of the point-wise G-
effects across different range of 𝑤𝑛𝑝𝑜 . 

Observation 6. The NPO reweighting mechanism 𝑤npo prioritizes instances that less 
damages retention.
Reason. Data that have small impacts on retention also have small impacts on unlearning.

point-wise G-effect (PG-effect)weights

Larger weights are assigned to those
instances with larger retaining PG-effects.

(The impacts of a particular data
point on model performance.)
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TNPO: Improvement 2

Motivation: Generalized the reweighting mechanism of NPO for tokens. 

Token-wise NPO σ𝑖 𝑤tnpo
𝑖 log 𝑃 𝑠u

𝑖 |𝑠u
<𝑖; 𝜽 with 𝑤tnpo

𝑖 =
2𝑃 𝑠u

𝑖 |𝑠u
<𝑖;𝜽

𝛼

𝑃 𝑠u
𝑖 |𝑠u

<𝑖;𝜽
𝛼

+𝑃 𝑠u
𝑖 |𝑠u

<𝑖;𝜽o
𝛼

same reweighting scheme yet applied point-wise.

NPO

G
-e

ff
e

c
t

TNPO

Comparison of the G-effects between NPO and TNPO.

v.s.

TNPO is better 
at retention

TNPO is better 
at unlearning
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Retain Objectives 

Observation 7. NLL and KL are both effective for retention, while KL can lead to 
overall larger retain G-effect, thus preferred.

Note. The unlearn G-effect for the unlearning objective is much larger than for the retain 
objectives. Thus, we do not need to worry about the side effect on unlearning.

G
-e

ff
e

c
t

NLL  𝔼𝒟r
[− log 𝑃 𝑠r; 𝜽 ] KL  𝔼𝒟r

KL 𝑃 𝑠r; 𝜽 ||𝑃 𝑠r; 𝜽o

Comparison between two representative retain objectives. 

v.s.

for retain
(proper behaviors)

for unlearn 
(wrong behaviors, 
but less impacts)
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Empirical Evaluations

Observation 8. Larger unlearning 
datasets and smaller model sizes 
make it more challenging to unlearn.

Observation 9. GA-based works (GA 
& TNPO) are superior to other lines 
of works like PO or RMU. 

Observation 10. Instance-wise 
reweighting is promising for 
unlearning efficacy.  

Comparison between unlearning objective on TOFU with KL regularization.
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Take Home Messages

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

General knowledge within shallow layers undergoes substantial alterations over 
deeper layers during unlearning. 

Although conceptually existing, current objectives all fail to retain the overall 
performance when conducting unlearning.

Prioritizing some tokens is effective for unlearning. However, there still exists a 
large space to further refine weighting mechanisms.

With excessive unlearning, the deterioration in common model responses can 
outweigh improvements in unlearning. 



Can LLMs Ask the Right Questions under Incomplete Information?

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

Zhanke Zhou, Xiao Feng, Zhaocheng Zhu, Jiangchao Yao, Sanmi Koyejo, Bo Han.
From Passive to Active Reasoning: Can Large Language Models Ask the Right Questions under Incomplete Information? In ICML, 2025

Part III: Reasoning

Zhanke Zhou Xiao Feng



chain of thoughts (model generated)

Background

implicit reasoning explicit reasoning
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o3

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.



Existing works primarily focus on passive reasoning.

• A model is provided necessary information (e.g., conditions in a 24-Game problem).

• The model conducts step-by-step reasoning to derive the solution.

Passive Reasoning

Problem: Numbers: 3, 7, 8, 9
Goal: Use addition (+), subtraction (-), multiplication (×), and 
division (÷) to make 24. Each number must be used exactly once.

Solution: 
1. 9 - 8 = 1
2. 7 + 1 = 8
3. 3 x 8 = 24  

Done.

78https://bhanml.github.io & https://github.com/tmlr-group

Passive Reasoning



Prior works all assume that the given information is complete.

But what if the initially given information is incomplete?

Scenario 1: Travel Planner

Pictures are generated by GPT-4o.

Unknown:
budget?

preferences?
time slots?

              …  

Scenario 2: Healthcare

Unknown:
symptoms?

history?
examination?
              …  

79https://bhanml.github.io & https://github.com/tmlr-group

Beyond the Common Assumption

User: I want to travel around HK. User: I feel sick today.



New Research Problem: Active Reasoning

Active Reasoning: The model has to actively interact with external information 
sources to seek more essential information and then draw the conclusion.

80https://bhanml.github.io & https://github.com/tmlr-group

Travel Planner

Healthcare

abstract to

e.g., 
humans,
other models,
search engines,
database (RAG).

Q: What is the budget for travel?
A: About 5k HKD for 3 days.



Passive Reasoning v.s. Active Reasoning

81
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Note: each Question 
corresponds to an Answer (Fact), 
all facts lead to Solution.



So far, the AR capabilities of LLMs remain largely under-explored.

Existing AR datasets are relatively simple for the advanced models.

“LLMs are much more intelligent than most humans on most exams, 
but much less useful than most humans on most real-world tasks.”

—The second half (by Shunyu Yao, Researcher at Tencent).

Therefore, it is necessary to conduct a systematic evaluation with a new 
benchmarking dataset that is tailored to active reasoning.

The Research Gap

82https://bhanml.github.io & https://github.com/tmlr-group

https://ysymyth.github.io/The-Second-Half/
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AR-Bench

AR-Bench (Active Reasoning Benchmark) contains 6040 problems, covering 3 AR tasks: 
• Detective Cases (DC): The interrogation between a detective and 5 suspects.
• Situation Puzzles (SP): The game to reveal the truth from a puzzling mystery.
• Guessing Numbers (GN): The game to uncover a 4-unique-digits number.

The interaction rounds are set to 25. 83

(model)

(model)

(model)

(model)

(oracle function)



Position
The uniqueness of AR-Bench

• Evaluate LLMs reasoning under different types of feedback.
• Require active information-seeking and deliberate reasoning.

84
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• Hypothesis verification: Generates initial hypothesis and verifies via asking questions.
• Language feedback: Receives natural-language feedback from external sources.
• Symbolic feedback: Receives symbolic feedback from external sources.
• Complex reasoning: Derives the solution through multi-step reasoning.



Dataset Construction
4-step LLM-driven construction (with a follow-up manual check)

1. Core Sampling to collect outlines/topics.
2. Tree-based Story Expansion to enrich the details of outlines/topics.
3. Key Question Extraction for fine-grained process analysis.
4. Puzzle Synthesis to construct the narrative of puzzles and truths.

85
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Note: Tree-based 
expansion aims to 
enrich the story and 
generate key questions 
(for process evaluation).  

(LLM-driven 
data generation)

(integrate)



Evaluation Metrics

86
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Outcome score: The quality of the conclusion after the conversation.
• Detective Cases (DC): Accuracy.
• Situation Puzzles (SP): Character-level F1 score.
• Guessing Numbers (GN): Exact-match rate.

Process score: The quality of the question-answering record.
• DC & SP: How many key questions can be answered with the record.
• GN: How many digits of the guessing number match the ground truth.

The answer is: ...

Outcome Score.

Question: ...

Process Score.
Process score of GN: (Number of correct digits in correct positions)/4 + 0.5 × (Number of correct digits in wrong positions)/4.
An example of outcome score and process score at GN (Ground truth: 2048).
Proposed number: 2048, outcome score: 1, process score: 1.
Proposed number: 2084, outcome score: 0, process score: 0.75.



Empirical Findings (Outcome Score)

Observations 1 & 2: AR-Bench demonstrates challenges across existing models and methods.

Prompting-based methods 
exhibit marginal improvement 
on average across 3 tasks.

Post-training methods can 
even degenerate AR 
performance (in SP and GN).

GPT-4o only has 35% match rate 
in GN; other models even worse.
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(compare different models) (compare different methods; zero-shot as the baseline)



Empirical Findings (Outcome Score)
Observation 3: 
Existing active reasoning 
methods fail in AR-Bench.

Observation 4: 
Human baselines significantly surpass 
cutting-edge language models.
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Empirical Findings (Process Score)

Observations 5, 6, 7: 
LLMs struggle to consistently propose high-quality questions.
Unreliable verifier (using LLM-as-a-judge in ToT) limits the performance of 
search methods on tasks with language feedback (DC and SP).

89
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Empirical Findings (Process Score)

Observation 9: Larger models can 
retrieve more useful information by 
proposing questions in interactions.

Observation 8: Underperforming 
LLMs ask low-quality questions.
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Empirical Findings (Process Score)

Observation 10: Given process conversations (trajectories) and directly ask for the solution, 
larger models demonstrate higher robustness to insufficient information (on average).

91https://bhanml.github.io & https://github.com/tmlr-group

Note: We collect the QA record of 70B/405B model, 
and feed the QA record to different models to generate solutions.



Empirical Findings (Ablation Study)

Observation 11: Question-asking scaling 
cannot fully solve the active reasoning tasks.

Observation 12: Larger models, as the judge, 
tend to provide more reliable responses.

The question-asking scaling effect in AR

Verifying the reliability of the LLM judge

92https://bhanml.github.io & https://github.com/tmlr-group



Observation 13: 
Models ask broad and 
non-specific questions.

Observation 14: 
Models ask repeated or 

unhelpful questions.

Empirical Findings (Case Study)

Observation 15 (Error Patterns): 
Timeline Misinterpretation: models request 
information about irrelevant periods.
Evidence Overlooked: models fail to identify 
critical evidence needed to uncover the truth.
Unsupported Assumptions: models introduce 
fabricated details in their conclusions.
Feedback Misunderstanding: models fail to 
track the correct and eliminate the incorrect 
with feedback.
Incomplete Testing: models fail to identify the 
position of a correct digit.
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Take Home Messages

We construct AR-Bench to systematically evaluate the active reasoning capability 
of prevailing LLMs, and reveal a general vulnerability of LLMs in solving AR tasks.

• Active reasoning demonstrates challenges across all models and methods.

• Human reasoners significantly surpass cutting-edge LLMs.

• LLMs struggle to consistently ask high-quality questions to retrieve critical 
information across long-horizon conversations.
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AlphaApollo: A System for Deep Agentic Reasoning
• Orchestrating Foundation Models and Professional Tools into a Self-Evolving System.

95https://bhanml.github.io/ & https://github.com/tmlr-group
Project homepage: https://alphaapollo.org/.

https://alphaapollo.org/


An Overview of AlphaApollo

96https://bhanml.github.io/ & https://github.com/tmlr-group
Project homepage: https://alphaapollo.org/.

AgentsCompanies
Base

Models
Optimal
Solutions

(until optimal)
(1) Agentic Reasoning with tools

(2) Agentic Learning (RL/SFT)
(3) Agentic Evolution

Tool-augmented Post-training
for obtaining new capabilities

Tool-augmented Evolution
for solving complex problems

• AlphaApollo provides a unified platform of agentic reasoning, learning, and evolution.

https://alphaapollo.org/


An Overview of AlphaApollo

97https://bhanml.github.io/ & https://github.com/tmlr-group
Project homepage: https://alphaapollo.org/.

Feature 1: Agentic Reasoning Feature 2: Agentic Learning Feature 3: Agentic Evolution

Quick Start Guidance Document & Tutorial

https://alphaapollo.org/


Demonstrations of AlphaApollo

98https://bhanml.github.io/ & https://github.com/tmlr-group
Project homepage: https://alphaapollo.org/.

QUESTION 1

FOLLOW UP 1

QUESTION 2 QUESTION 3

FOLLOW UP 2 FOLLOW UP 3

Code: https://github.com/tmlr-
group/AlphaApollo

Host a model:
CUDA_VISIBLE_DEVICES=0,1,2,3 
python -m 
vllm.entrypoints.openai.api_server
\
--model 
/data1/models/hub/Qwen2.5-
72B-Instruct \
--tensor-parallel-size 4 \
--port 8000

Run local web UI:
MODE=web 
VLLM_MODEL="/data1/models/h
ub/Qwen2.5-72B-Instruct" \
bash 
examples/demo/run_terminal_de
mo_vllm.sh

https://alphaapollo.org/
https://github.com/tmlr-group/AlphaApollo
https://github.com/tmlr-group/AlphaApollo
https://github.com/tmlr-group/AlphaApollo


The Research Scope of AlphaApollo

https://bhanml.github.io/ & https://github.com/tmlr-group 99
Project homepage: https://alphaapollo.org/.

System:
AlphaApollo

Methodology:
design training/evolving algorithms

Fundamental:
design fundamental/theoretical principles of machine reasoning

Understanding:
rethink existing methods; construct new benchmarks 

Application:
AI4Sci, HealthCare, Embodied AI, etc.

Towards Trustworthy 
Reasoning Agents

Deploy Support

https://alphaapollo.org/


Robust pre-training/fine-tuning methods are required for VLMs.

• VLMs can still be mislead by spurious features.

• Larger models and high-quality data lead to better robustness.

The trade-off between unlearning and retention remains a critical issue.

• Current unlearning objectives all have negative impacts on retention.

• Data and optimization aspects of unlearning are not well explored.

The broader tasks of active reasoning and corresponding methods are necessary.

• Broader tasks of active reasoning (especially agentic scenarios) can be further investigated.

• Advanced post-training methods to enhance active reasoning are under-explored.

100

Future Directions
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Robust pre-training/fine-tuning methods are required for VLMs.

• How to design robust pre-training/fine-tuning algorithms for VLMs?

The trade-off between unlearning and retention remains a critical issue.

• How to explore data and optimization aspects of unlearning?

Active reasoning can be further investigated.

• How to design active reasoning algorithms for LLMs?

101

Open Questions
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Appendix
• Survey: 

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

• Book:
• 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.

• Tutorial and Lecture:
• AAAI 2024 Tutorial on Trustworthy Machine Learning

under Imperfect Data
• IJCAI 2024 Tutorial on Trustworthy Machine Learning

under Imperfect Data
• WWW 2025 Tutorial on Trustworthy AI under

Imperfect Web Data
• AAAI 2026 Tutorial on The Science and Practice of

Machine Unlearning for AI 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 Weakly Supervised

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

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