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Alignment via Guided Controlled Decoding

+

Base LLM Reward 

log

Reward 𝑦𝑡

𝑦𝑡𝑦𝑡

Trajectory reward under 
optimal policy

Precomputed and reusable



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 + 𝛼2Base 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 



Training

Examples

(𝐷critic)

ACT: Learning Reusable ”World-Model” Knowledge

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!

RL

Reflection emerges 

autonomously through RL



World Model Knowledge Accumulation: 
RL-driven genuine self-reflection > imitating pre-generated reflection text



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

Enhanced critical thinking 
can enhance 

general reasoning capabilities 
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Controlled decoding steers how 

the agent thinks; 

ACT trains the agent to 

judge which action is 

actually better. 
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Agentic Workflow and Autonomous Design

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

Computation Graph



Two Optimization Paradigms:    One for All   v.s.    One for Each

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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Precompute and Reuse
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