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

+

Base LLM Reward 
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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

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 via trajectory completion/rollout

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
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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

Parametrization of 

XSKZAHG, GenARM: Reward Guided Generation with Autoregressive Reward Model for Test-time Alignment, ICLR 2025.



Exp 1: Aligning with general human preference 

+Base LLM 7B Helpful ARM 7B

Exp 2: Weak-to-strong guidance

+Base LLM 70B Helpful ARM 7B

7B

Exp 3: Multi-objective alignment (diverse preferences)

+ 𝛼1 + 𝛼2
Base LLM Helpful ARM Harmless ARM

XSKZAHG, GenARM: Reward Guided Generation with Autoregressive Reward Model for Test-time Alignment, ICLR 2025.
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Imitation Learning: The “Stuck” Loop 



(a) Early Experience: Imitated Self-Reflection

LLM Generates Reflection
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(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



ACT improves IL and RL

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

ACT improves OOD generalization



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 



Controlled decoding steers how the agent 
thinks; 

ACT trains the agent to judge which action 
is actually better. 
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Foundation models are becoming Runtime Decision-Makers 

Level 3 Workflow 
Control
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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.
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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 Solved:

(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. 



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. 
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