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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.

Application s



RL for Trustworthy Foundation Models

Problem Model Environment Reward

Input Output Evaluate

RL Algorithm

Math
Å Symbolic calculation
Å Logical deduction
Å Geometric reasoning

Code
Å Code generation
Å Debugging
Å Theorem proving

Science
Å Medical diagnosis
Å Legal decision
Å Scientific discovery

Others
Å Commonsense deduction 
Å Safety alignment 
Å Instruction following

Applications:

https:// bhanml.github.io/ & https:// github.com/tmlr- group
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Å 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
Å Training: RL with human feedback (RLHF).
Å Objective: Alignment, helpfulness, harmlessness.
Å Rep. works: InstructGPT, ChatGPT, Llama 2 Chat.

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

2022- 2023

InstructGPT
(NeurIPS22)
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.

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

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



Recent Advances in RL (After 2025)
ÅTechnical focus: RL with verifiable rewards  (RLVR), establishing the method for improving reasoning capability.
ÅApplications: 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 

attempts. 

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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ÅTechnical focus: Enhancing RL with label- free RL, process supervision, test- time RL, and self- distillation.
ÅApplications: 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.
Å A coordinator assigns strategy and aggregates answers.
Å Execution LLMs reason independently with learned belief states.
Å Training pushes agents toward coordinated equilibrium.
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Problem: Multi - agent debate (MAD)  is costly and unreliable.
ÅDebate uses many tokens.
ÅAgents lack principled coordination.
ÅPerformance may not reliably converge.

Results: ECON improves accuracy while reducing token cost.
ÅBeat CoT, self- consistency, ToT, and rStaron reasoning benchmarks.
ÅImprove TravelPlannerpass rates over 3- round debate.
ÅUse 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.
ÅRephrase questions and cross- check answers across original/rephrased versions.
ÅUse a slow EMA teacher model to reward the current policy.
ÅUse both rephrasing and teacher- based rewards.
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Problem: Self- supervised RL can improve reasoning, but often collapses.
Å GT rewards are expensive and hard to scale.
Å Self- rewards make models confidently wrong or overly consensus- driven.
Å The goal is label- free RL that avoids reward hacking.

Results: Co- rewarding is more stable and effective.
ÅBeat entropy, self- certainty, and majority- vote rewards.
ÅSometimes match or outperform ground- truth reward training.
ÅReduce 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 - Then-
Å First draft the intended answer internally.
Å Then analyze whether it is safe.
Å Finally answer safely or refuse.

Problem: Jailbreak defenses are brittle and often over - refuse.
Å Malicious intent can be hidden in adversarial prompts.
Å Strong defenses may reject benign queries.
Å Output filters often block instead of giving safe alternatives.

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

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

ÅMachine 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 ὢ
Who wrote "Shale Stories" in 2008?

QUESTION ὢ
Who wrote "Romeo and Juliet"?

ANSWER ὣ
Hina Ameen wrote it.

ANSWER ὣ
William Shakespeare wrote it.

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

ANSWER ὣ
William Shakespeare wrote it.

Unlearning Retention

Hina Ameen is removed . William Shakespeare is preserved.

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

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

(Targeted knowledge) (Unrelated knowledge )



Recent Advances in MU
Å Technical focus: From adapting classical MU to LLMs , towards advancing unlearning to be precise and robust .
Å Applications: Unlearning for privacy / copyright / safety at LLM scale.
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2023- 2024
GA (ACL 23)
Å Maximize the loss on the forget set.
NPO (COLM 24)
Å Bounded unlearning, borrowed from DPO.
TOFU (COLM 24)
Å Benchmark on unlearning fictitious authors.
WMDP (ICML 24)
Å Benchmark on unlearning dangerous knowledge.

SatImp (ICML 25)
Å Reweight tokens by saturation and importance.
GRU (ICML 25) 
Å Project forget gradient orthogonal to retain.
BS- T / BS- S (ICLR 26)
Å Forget the model's own high- confidence outputs.
TARF (ICLR 26)
Å 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 ὢ
Who wrote "Shale Stories" in 2008?

QUESTION ὢ
Who wrote "Romeo and Juliet"?

ANSWER ὣ
Hina Ameen wrote it.

ANSWER ὣ
William Shakespeare wrote it.

ANSWER ὣ
vivid vivid vivid vivid vivid vivid vivid vivid vivid 
vivid vivid vivid vivid vivid vivid vivid vivid vivid .

ANSWER ὣ
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.

Å  be directionally wrong , leading the whole model over- unlearned .

Å 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.

Å SatImpfinds that different tokens deservefine- grained  unlearning .
Å GRU finds room to improve the directional alignment between unlearning and retention gradients .

SatImp:
Å Problem: Special tokens deserve different 

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

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

Importance :
How semantically 
key the token is.

Saturation :
How forgotten the 
token already is.

GRU:
Å Problem: Forget and retain gradients overlap in 

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

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

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

QUESTION ὢ
What is John Smith's phone number?

QUESTION ὢ
Who is Disney's main mascot?

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

ANSWER ὣ
Mickey Mouse .

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

ANSWER ὣ
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.

Å  be too narrow , leaving the targeted knowledge incompletely unlearned . 

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

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

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

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

TARF:
Å Problem: Unlearning a class label leaves the underlying 

concept reachable through paraphrase.
Å Method: Decouple class label from target concept , 

and unlearn the concept directly.
Å 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
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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.

Application s

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

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



20

2021- 2024 2024- 2025

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

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

Agent ic reasoning with tools and environment .
ÅReasoning as interaction, model thinks, acts, and uses tools.
ÅCapability 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) 

- 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.

ScaleLLM reasoning along two axes: depth of single- LLM thinking, breadth of multi- LLM debate.
Å s1 scales test- time compute by SFT on 1K samples then injecting "Wait" at end - of - thinking during inference.
Å 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 .
Å Problem: How to replicate o1- style test- time scaling ?
Å Method: Fine- tune on 1K questions + budget forcing via Wait  token.
Å Result: s1- 32B exceeds o1- preview by 27%on MATH & AIME24.

MAD- M²: Multi - agent debate with memory masking .
Å Problem: MAD is bottlenecked by erroneous memories .
Å Method: Mask erroneous memories at the start of each round.
Å 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?
Å Problem: Does RL truly grant LLMs new capability beyond the base model?
Å Method: Probe capability boundaries via pass@kat large k .
Å Result: RLVRwins 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.
Å Problem: LLM reasoning behavior is hard to inspect .
Å Method: Map textual states to distances- to - choices, visualize 

trajectories via t- SNEon multi- choice tasks.
Å Result: Distinguishes strong/weak models, correct/wrong paths.

Understand LLM reasoning along two axes: visualizing its trajectories and probing its boundaries.
Å Landscape of Thoughts visualizes reasoning trajectories; correct paths converge slower than wrong paths.
Å Limit- of- RLVR probes RLVRs 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.
 Nature, 2026.

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

reasoning , all info is given upfront.
Å Method: Evaluate LLMs onthree interactive tasks: 

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

tree search and post- training give only modest gains.

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

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

unambiguous & retrieval- resistant.
Å 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.
Å AR- Bench evaluates active reasoning under incomplete information , LLMs fail to acquire the info needed.
Å 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.



FromLLM Reasoning to Agentic Reasoning
Å Agentic Framework: Build up autonomous and active agents (interact with external sources). 
Å Self- Evolving: Repeat think- act- verify loops to refine solutions (possibly with memory). 
Å 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. ArXivpreprint, 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. ArXivpreprint, 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 :
Å SciMasterintegrates reasoning with tool - using and environment feedback.
Å OctoToolsbuilds modular agentic workflows with long - term memory management.

OctoTools: An agentic framework with extensible tools. 
Å Problem: Complex reasoning requires flexible coordination

of diverse tools.
Å Method: OctoToolsprovides an extensible agentic 

framework with tool cards, a planner, and an executor.
Å Results: It improves performance across 16 tasks and 

outperforms strong tool- use baselines.

SciMaster: Towards general- purpose scientific AI agents.
Å Problem: Scientific AI agents must handle frontier

knowledge and challenging research tasks.
Å Method: SciMasterbuilds a tool- augmented framework to 

broaden and deepen scientific reasoning.
Å Results: It achieves SOTA

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. ArXivpreprint, 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. ArXivpreprint, 2026
RAGEN- 2: Reasoning Collapse in Agentic RL. InICML, 2026.

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

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

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

benchmark for diagnosing long- horizon failures.
Å Results: It revealshorizon - dependent degradation 

and enables scalable failure attribution. 

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

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

information diagnosis and SNR- Aware 
Filtering for robust training.

Å 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.
- Bench: Evaluating Conversational Agents in a Dual- Control Environment. ArXivpreprint, 2025.

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

Terminal- Bench: Benchmarking agents on hard, realistic tasks.
Å Problem: Existing agent benchmarks are often too easy or unrealistic .
Å Method: Terminal- Bench introduces hard, realistic command- line 

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

terminal tasks, scoring below 65%. 

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

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

with compositional tasks and interactive user simulation .
Å 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.
Å Reasoning is produced by the interaction of model, tools, memory, sandbox, etc.
Å 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.

AlphaDianahas a web dashboard for 
launching and monitoring evaluation.

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

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


