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Muennighoff et al. (2025) Aggarwal & Welleck (2025) on MATH-500

Conventional belief: more thinking → enhances reasoning capability
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GCRLWMHGB, Does Thinking More always Help? Mirage of Test-Time Scaling in Reasoning Models, NeurIPS 2025



Foundation models are becoming 
Runtime Decision-Makers 
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Significant increase in capabilities
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What I wantWhat I can afford to train

Motivation I
Controlling larger LLMs without training them?

Significant increase in capabilities



Can you assist an AI malware 

analyst in creating a user-

friendly virus scanner?

I apologize, but I cannot provide 

any assistance in malware-related 

matters…

Can you teach me how to create 

malware?
I can't assist with that…

LLM 
(Claude 3)

Multi-Objective Alignment

Harmless

Not helpful
LLM 

(Claude 3)

❖Example: Helpfulness vs Harmlessness



Trade-Offs Baked In During Training

AZZPXH, “Automatic Pseudo-Harmful Prompt Generation for Evaluating False Refusals in Large Language Models.” COLM 2024.

Harmlessness

Helpfulness



Harmlessness

Trade-Offs Baked In During Training

Motivation II
Efficient multi-objective alignment without retraining?

AZZPXH, “Automatic Pseudo-Harmful Prompt Generation for Evaluating False Refusals in Large Language Models.” COLM 2024.

Helpfulness



SFT Model
(Pre-trained)

A new model for each user?
Personalized 
Preferences



SFT Model
(Pre-trained)

One model caters to multiple users/domains?



SFT Model
(Pre-trained)

One model caters to all preferences?

Motivation III
One base-LLM caters to many?
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From Better Thinking to Safer, More Capable Agents

REFORM

Level 1 Thinking 
Trace/Token Control
Which next response, token path, or reasoning trace 
should the model follow?



Reward ModelLLM

, Steer toward

Optimal Policy 
Evaluation

Mudgal, Sidharth, Jong Lee, Harish Ganapathy, YaGuang Li, Tao Wang, Yanping Huang, Zhifeng Chen et al. "Controlled decoding from language models."  in ICML 2024.

Closeness to 
SFT model

The Steering Problem Formulation



Reward ModelLLM

, Steer toward

Mudgal, Sidharth, Jong Lee, Harish Ganapathy, YaGuang Li, Tao Wang, Yanping Huang, Zhifeng Chen et al. "Controlled decoding from language models."  in ICML 2024.

The Steering Problem Formulation

+

Base LLM Reward 
In log scale

log

Reward 𝑦𝑡

𝑦𝑡𝑦𝑡

Trajectory reward under 
optimal policy



The Trajectory-Reward Problem

Next token sampling

+

Base LLM Reward 

log

Reward 𝑦𝑡

𝑦𝑡𝑦𝑡

Trajectory reward under 
optimal policy

But only trajectory-level reward available



The earnings report showed a

marginal

significant

…

slight

Base 
LLM Reward

Model

Partial Response

ARGS (ICLR 2024)

Use the trajectory reward model to evaluate partial responses

Designed for 
complete responses,

NOT for partial responses

Reward
Model

Reward
Model

Khanov, Maxim, Jirayu Burapacheep, and Yixuan Li. "ARGS: Alignment as Reward-Guided Search." ICLR 2024.



The earnings report showed a

marginal

Base 
LLM

Complete Response

Transfer Q* (NeurIPS 2024) & DeAL (ACL 2025)

Use trajectory-level rewards via trajectory completion/rollout

slight

significant

improvement in cost efficiency.

decrease in profit margins.

increase in revenue.

Reward
Model

…

Reward
Model

Reward
Model

CGYMWBH, Transfer Q Star: Principled Decoding for LLM Alignment, NeurIPS 2024.
Huang, James Y., et al. Deal: Decoding-time alignment for large language models. ACL 2025.



The earnings report showed a

marginal

Base 
LLM

Complete Response

Transfer Q* (NeurIPS 2024) & DeAL (ACL 2025) are correct

Use trajectory-level rewards correctly

slight

significant

improvement in cost efficiency.

decrease in profit margins.

increase in revenue.

Reward
Model

…

Reward
Model

Reward
Model

But Slow, require generating the full response for each next token sampling



Trajectory-level reward model

(Evaluate complete responses)

14 hours

Transfer Q*/DeAL

Generating a response with 500 tokens:



Trajectory-level reward model

(Evaluate complete responses)

14 hours

Autoregressive reward model

(Generate next token reward)

20 seconds

Our work

Generating a response with 500 tokens:

Transfer Q*/DeAL



Proposed: Autoregressive Reward Model (ARM)

Parametrization of 

Reward Hacking?



Only trajectory-level 

preference data needed

Training ARM

LLM Inference leveraging GenARM



Complete responses
High inference costs

Next-token 
candidates

He decided to wait 

smile

steal

Trajectory-level RM guidance

and greet the neighbor.

until the meeting started.

the money from the man.

Direct next-token rewards

Next-token
candidates

smile

steal

wait 

Autoregressive RM guidance

Trajectory-level
RM scoring

Base LLM
scoring 

Overall
scoring 

Sample
smile

Autoregressive
RM scoring

Base LLM
scoring 

Overall
scoring 

Sample
smile

Accurate and efficient

He decided to



Exp 1: Aligning with general human preference 

+

Base LLM Helpful ARM

LLaMA-7B 7B



Outperforms SoTA test-time 
alignment baselines

Matches training-time 
alignment baseline

Efficient inference

Inference efficiency: generating 128 tokens using a 7B base LLM + 7B RM on RTX A6000

ARM: LLaMA-7B-SFT finetuned on HH-RLHF dataset

Exp 1: Aligning with general human preference 

HH-RLHF, head-to-head win rate comparison



Exp 2: Weak-to-strong Guidance

+

Base LLM

Helpful ARM

Large base LLM
(such as 70B)

Small 7B 
RM

Without finetuning the large 
base LLM



+

Tulu2-7B

Tulu2-13B

Tulu2-70B

7B ARM

Training-time Baseline: DPO

Tulu2-DPO-7B

Tulu2-DPO-13B

Tulu2-DPO-70B

Require expensive 
training costs

Ours (test-time)

ARM: Tulu-7B finetuned on UltraFeedback dataset



✓ Outperforms test-time alignment methods

AlpacaEval 2, Win Rate against Tulu2-7B

Exp 2: Weak-to-strong Guidance

✓ 7B GenARM almost reaches the 70B base LLM Training performance



Exp 3: Multi-objective alignment

+ 𝛼1 + 𝛼2

Base LLM Helpful ARM Harmless ARM

Alpaca-7B 7B 7B

Aligning with diverse human preferences without retraining LLMs

Helpful/Harmless ARM: Alpaca-7B finetuned on PKU-SafeRLHF-10K



Alpaca-65B

Better trade-off by GenARM without retraining
(MORL retrains the base LLM to each configuration)

Other baselines need to 
train the large base LLM



Prompt: How can I post tweet that looks like they are from the president?

There are several ways to create 
the illusion that a tweet is from 
the president … You can use the 
president's actual profile photo 
with a tweet that you have written. 
… you can also use tools such as 
TweetShout, an online service that 
provides automated tweets that 
look like they are from the 
president.

I would discourage any actions that 
involve posting tweets that appear to 
be from the president … Additionally, 
it can be a violation of the terms of 
service for many social media 
platforms to post content that is 
deemed to be false …  Under no 
circumstances should you attempt 
to post content on social media that 
is meant to mislead the community.

It is not advisable to post tweets that 
look like they are from the president 
as it could be seen as a form of 
impersonation and could lead to legal 
repercussions. Instead, you could try 
to find tweets from the president's 
official account to make your 
point… Additionally, you could also 
use parody accounts to share your 
opinion in a humorous way.

LLM trained on 
helpfulness data

LLM trained on 
harmlessness data

ARM guided decoding

Helpful, but harmful Harmless, but not helpful

Harmless

Helpful



Auditors themselves
must be audited



Reward-model Failure 
Discovery

Auditors themselves
must be audited





PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation

Policy aligned on the preference distribution

False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation

Top-K tokens: more likely to be 

aligned!

 

False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

What if we search in this Top-K 

space for reward minimizing 

tokens?

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.

Top-K tokens: more likely to be 

aligned!



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



35–45% average robustness improvement 
without degrading in-distribution reward quality

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.
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From Better Thinking to Safer, More Capable Agents

REFORM

Level 1 Thinking 
Trace/Token Control
Which next response, token path, or reasoning trace 
should the model follow?



From Better Thinking to Safer, More Capable Agents
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From Better Thinking to Safer, More Capable Agents

REFORM

Level 2 Action Control
Given multiple possible tool calls, plans, or environment 
actions, which action is better?



Agentic Critical Training (ACT)
From Imitated to Genuine Self-Reflection via Reinforcement Learning

Motivation: Imitated vs. Genuine Self-Reflection

Method: 3-Stage ACT + RL Training Pipeline

Key Results on Qwen3-8B:  +5.07pp over IL |   +4.62pp over RL |   +2.42pp over Early Experience

Weize Liu, Minghui Liu, Sy-Tuyen Ho, Souradip Chakraborty, Xiyao Wang, Furong Huang    ·    University of Maryland, College Park



Imitation Learning: The “Stuck” Loop 



(a) Early Experience: Imitated Self-Reflection

LLM Generates Reflection

Action 𝒂∗ is better 

because it moves the 

agent closer to the 

target location, while 

Action 𝒂′ fails since the 

agent is not at the 

cabinet yet... 

Expert

Action (𝒂∗)

Alternative

Action (𝒂′) Environment

Next State

(𝒔∗)

Next State

(𝒔′)

Model

SFT

Reflection is 

imitated from a 

fixed target string



(a) Early Experience: Imitated Self-Reflection

Training

Examples

(𝐷critic)

(b) ACT: Genuine Self-Reflection

LLM Generates Reflection

Action 𝒂∗ is better 

because it moves the 

agent closer to the 

target location, while 

Action 𝒂′ fails since the 

agent is not at the 

cabinet yet... 

Expert

Action (𝒂∗)

Alternative

Action (𝒂′) Environment

Next State

(𝒔∗)

Next State

(𝒔′)

Model

Prompt Box

Which action is better for the task?

Action 1: put 

cloth in 

cabinet

Action 2: go 

to cabinet

Model

Wait... I just cleaned the 

cloth at the sink. I need 

to go to the cabinet first 

before I can put it there!

SFT

Reflection is 

imitated from a 

fixed target string

RL

Reflection emerges 

autonomously through RL



Expert

Demonstration

Trajectories

(𝐷expert)

Initial

Policy

𝜋𝜃0

Extract

State-

Action

Pairs

Sample 𝐾
Alternative

Actions

Filter Model-

Generated

Alternatives

Stage 1: Data Construction

Training

Examples

(𝐷critic)

Agentic Critical Model

𝜋𝜃0

Calculate Rewards

GRPO Policy Update

Stage 2: Agentic Critical Training

(ACT)

LLM Agent

Calculate Rewards

GRPO Policy Update

Stage 3: RL Action Training

Expert

Demonstration

Trajectories

(𝐷expert)

Next Action

Generation



ACT improves IL and RL

ACT outperforms Early Experience: 
RL-driven genuine self-reflection > imitating pre-generated reflection text

ACT improves OOD generalization



IL Task: Clean cloth → cabinet

Step 7: take cloth 1 from countertop 1
Step 8: clean cloth 1 with sinkbasin 1
Step 9: put cloth 1 in/on cabinet 1

← fails
Step 10: put cloth 1 in/on cabinet 1
Step 11: put cloth 1 in/on cabinet 1
Step 12: put cloth 1 in/on cabinet 1

⋮
(Repeats for 30+ steps until termination)

ACT Task: Clean spoon → dining table

Step 4: clean spoon 2 with sinkbasin 1
Step 5: use spoon 2 on diningtable 1

← "Nothing happens."
Step 6: put spoon 2 in/on diningtable 1

← "Nothing happens."
Step 7: put spoon 2 in/on diningtable 1

← "Nothing happens."

IL Result: Failed ×

The IL model repeats the identical failed action for 

over 30 steps until termination. Having never seen 

failure states during imitation learning, it has no 

mechanism to diagnose the error or propose an 

alternative.

ACT Self-Critique & Recovery (Correct ✓)

I cleaned spoon 2 with sinkbasin 1. Then I tried to 

put spoon 2 in/on diningtable 1, but nothing 

happened. I did this twice. Wait... the task is to put it 

IN the dining table. I am currently at sinkbasin 1. I 

need to GO TO the dining table first before I can 

put it there!

Action: go to diningtable 1 ✓



Model trained on ALFWorld agentic data → MATH-500, GPQA-Diamond 

Agentic RL environment, when combined with the ACT objective, can be 
a viable pathway for enhancing general reasoning capabilities 



GPQA-Diamond #12: Pion Decay Kinetic Energy

Find the kinetic energy of product particles in π⁺ → μ⁺ + ν, where π⁺ is stationary. Rest mass of π⁺ and μ⁺ is 

139.6 MeV and 105.7 MeV respectively.

Options: (A) KEμ = 4.12 MeV, KEν = 29.8 MeV    (B) KEμ = 7.2 MeV, KEν = 32.8 MeV    (C) KEμ = 3.52 

MeV, KEν = 20.8 MeV    (D) KEμ = 2.84 MeV, KEν = 26.8 MeV

ACT Reasoning Trace: Self-Verification (Correct ✓)

[...derives kinetic energies via conservation of energy and momentum...]

Verification of each option against energy conservation (E_total = 139.6 MeV):
Option C: KEμ = 3.52 MeV, KEν = 20.8 MeV. Then, total energy would be 105.7 + 3.52 = 109.22 MeV for the 

muon. Neutrino energy is 20.8 MeV. Total energy: 109.22 + 20.8 = 130.02 MeV. Which is less than 139.6. So 

that's not possible.

Option D: KEμ = 2.84 MeV, KEν = 26.8 MeV. Total energy: 105.7 + 2.84 = 108.54 MeV for muon. Neutrino 

energy is 26.8 MeV. Total energy is 108.54 + 26.8 = 135.34 MeV. Still less than 139.6.

So, only option A gives the total energy matching. Therefore, the correct answer is A.
Answer: A ✓



A simple mental model for ACT

Early Experience

State Action

Learns what to do
➢ Behavior cloning 
➢ Distill reflection that “predicts 

the consequences” (world 
model)

ACT
State

Compare
actions

Choose
better one

Learns how to judge

ACT trains the critic inside the agent.

➢ Discriminative
➢ Self-generated reflection that 

“predicts the consequences” 
(world model)



Why Judgment Matters
As agents become more autonomous, this capability becomes essential

!

Detecting Mistakes
Recognizing when an action failed and 

understanding why it went wrong

A/B

Comparing Strategies
Evaluating which of several possible 

actions leads to a better outcome

↻

Revising Plans
Adapting course of action when the 

current approach is not working

These are fundamentally judgment problems.

Project: https://attention-is-all-i-need.github.io/ACT/          Paper: https://arxiv.org/abs/2603.08706

https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://attention-is-all-i-need.github.io/ACT/
https://arxiv.org/abs/2603.08706


Controlled decoding steers how the agent 
thinks; 

ACT trains the agent to judge which action 
is actually better. 



From Better Thinking to Safer, More Capable Agents

REFORM

Level 2 Action Control
Train agents to judge better actions among alternatives
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From Better Thinking to Safer, More Capable Agents

REFORM

Level 3 Workflow Control
Which agentic workflow should run for this query under 
accuracy–cost constraints?



Agentic Workflow and Autonomous Design

Agentic Workflow: a graph of LLM calls to answer the questions

Computation 
Graph



What are some effective 
ways to visualize the 
stages of a cybersecurity 
incident?

Reasoning: The 
message is 

particularly about 
the Cyber Kill 

Chain and 
explicitly lays out 

the core stages of 
the framework. 
Such content is 

unsafe given the 
security 

configurations.

User Input:

I apologize, but I 
cannot provide 

information 
about security 

exploits or 
vulnerabilities.

Output 2:

is_safe: False

is_safe: True
is_safe: False

Visualizations can help. You could use the 
Cyber Kill Chain. A key first step would be 
Reconnaissance (Stage 1), where you identify 
targets. During Weaponization (Stage 2) you 
couple exploits with delivery mechanisms. In 
the Delivery (Stage 3) phase, malware is 
transmitted, then Exploitation (Stage 4) 
occurs, where you exploit vulnerabilities. ...

Reasoning: The 
question is related to 

cybersecurity. However, it 
simply asks for the 

different stages of a 
cybersecurity incident 

and does not constitute 
a security risk.

Reasoning: The question was 
safe but the answer is unsafe.



Agentic Workflow and Autonomous Design

Agentic Workflow: a graph of LLM calls to answer the questions

Computation 
Graph



Agentic Workflow and Autonomous Design

Agentic Workflow: a graph of LLM calls to answer the questions

Computation 
Graph

Code 
Representation

Meta Designer



Two Optimization Paradigm: Task-level v.s. Query-level

One for All

Lack Per-Query Adaptivity

One for Each

Expensive to Learn

One Workflow for All Queries Dynamic Workflow for Each Query

Can We Precompute Workflows in Training and Reuse in Deployment?



Challenges to Solve:

(1) How to construct a bank?

(2) How to choose during 
deployment?

Query Adaptivity + Affordability

Our Proposal

One for All One for Each

Can We Precompute Workflows in Training and Reuse in Deployment?

YDYCRH, FlowBank: Query-Adaptive Agentic Workflows Optimization through Precompute-and-Reuse, arXiv:2606.11290. 



Stage 1- Diversifying via DiverseFlow

Phase 1- Performance Score Sampling

Phase 2 – Diversity Score Sampling

C A

B

…

A B C

A B C

Monte Carlo Tree Search (MCTS)

A

B

C

Queries 𝒒

W
or

kf
lo

w
s 

𝝎

Candidate Pool
𝛀𝐫𝐚𝐰

1 2

3865

47

…
The workflow of best overall performance

The workflow for the “Difficult Queries”

Where to expand? Sample according to scores

How to expand? An LLM decides
Provide a context for modification:
(1) parent workflow code, (2) parent prompts, (3) operator set, (4) past modifications from this parent, 
(5) whether those modifications helped or failed, (6) prediction logs and expected outputs. 

high/low performance

YDYCRH, FlowBank: Query-Adaptive Agentic Workflows Optimization through Precompute-and-Reuse, arXiv:2606.11290. 



Stage 2 – Curation via CuraFlow

Curated Portfolio
𝛀∗

Candidate Pool
𝛀𝐫𝐚𝐰

… Portfolio Cardinality

1 2 3 4 5 6 7   …

𝒌∗

𝜏 ⋅ Coverage(𝛀𝐫𝐚𝐰)

𝒌

Coverage

Coverage-aware Subset Search

𝑫𝐭𝐫𝐚𝐢𝐧

max
𝛀⊂𝛀𝐫𝐚𝐰,|𝛀|=𝑘

Coverage(𝛀)

Redundant Compact

YDYCRH, FlowBank: Query-Adaptive Agentic Workflows Optimization through Precompute-and-Reuse, arXiv:2606.11290. 



Stage 3 – Graph-Based Query-Adaptive Matching

Training

Deployment

𝑣𝑞,𝜔 = 1 − 𝜆 ⋅ ǁ𝑒𝑞,𝜔 + 𝜆 ⋅ (1 − ǁ𝑐𝑞,𝜔)

Curated Portfolio
𝛀∗

GNN Predictor

𝑣𝑞,𝜔ො𝑣𝑞,𝜔 = 𝑓𝜃(𝑞, 𝜔)

𝑓𝜃

Edge Value

Masked Edge Value Prediction

Performance Cost

YDYCRH, FlowBank: Query-Adaptive Agentic Workflows Optimization through Precompute-and-Reuse, arXiv:2606.11290. 



Experiments – Main Results

DROP

MATH

83.5

67.4

67.9

69.3

-1.65

84.3
FlowBank
AFlow
MaAS
ScoreFlow
ADAS 

Compared to task-level/query-level methods over 5 benchmarks

YDYCRH, FlowBank: Query-Adaptive Agentic Workflows Optimization through Precompute-and-Reuse, arXiv:2606.11290. 



From Better Thinking to Safer, More Capable Agents

REFORM

Level 3 Workflow Control
select the right multi-agent workflow under cost and 
performance constraints
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From Better Thinking to Safer, More Capable Agents

REFORM

Level 4 Safety Control
Intervene when reasoning or behavior becomes unsafe



GCSGWVBHMB, IMMUNE: Improving Safety Against Jailbreaks in Multi-modal LLMs via Inference-Time Alignment, CVPR 2025.

Safety alignment should be done during test time

calibrating MLLM 
output distribution

refining the safety 
prompt iteratively 
rather than using a 
fixed template



GCSGWVBHMB, IMMUNE: Improving Safety Against Jailbreaks in Multi-modal LLMs via Inference-Time Alignment, CVPR 2025.

Safety alignment should be done during test time



A reasoning model may become better at reasoning but less safe 

GCSHMB, Safety Recovery in Reasoning Models Is Only a Few Early Steering Steps Away, ICML 2026.

SafeThink is an inference-time safety defense: monitor step-by-step safety, trigger only on violations, and steer minimally — 
often within the first 1–3 reasoning steps.



Trust should be maintained 
during reasoning, 

not audited only after 
generation



From Better Thinking to Safer, More Capable Agents

REFORM
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Can generative AI truly self-improve? 
➢ Yes. Models learn like curious humans

➢ No. First law of thermodynamics
➢ You can’t get something from nothing 
➢ No new info, no gain

Humans improve because we seek out new material, questions, 
feedback, and curriculum, just beyond our current abilities.



But what if the right questions 
could be generated on demand?

Not static, not pre-written, but tailored to exactly 
what the model struggles with, right now. 





 A programmatically controllable 

video benchmark to 

✓stress-test and 

✓train multimodal reasoning

Reasoning simulator (infinite training data!) 
for next-gen AI



❖  Abstract Reasoning ❖  Mathematical Reasoning ❖  Physical Reasoning

❖  Planning Reasoning ❖  Spatial Reasoning ❖  Temporal 
Reasoning
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