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Alignment via Guided Controlled Decoding
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Base LLM Reward Reward Q*(s¢, yt)
|
S C = max ETmp*(-|st,¢yt) I (%, y<ts 9], 7)]
log TTdecode = + - "
)0- | | Trajectory reward| under

\ u optimal policy y

1
1Og 7Tdecode(ypj) — lOg Z(CIZ) + log Wbase(y‘x) + Br(a% y)

T

Precomputed and reusable




Exp 2: Weak-to-strong guidance
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Exp 1: Aligning with general human preference
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Exp 3: Multi-objective alignment (diverse preferences)
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Base LLM + C{l Helpful ARM + C(z Harmless ARM

gl ] ||

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

Agent’s Faulty Plan
(Imitation Learning):

Pick up cloth.

Go to sink.

Clean cloth.

Go to cabinet.

Put cloth in cabinet.

Ik

2.
3.
4.
5.

Step 9: Put cloth in cabinet.

X FAILS

Step 10: Put cloth in cabinet.
Step 11: Put cloth in cabinet.

Model repeats failed action for 30+ steps until termination.



ACT: Learning Reusable "World-Model” Knowledge

‘ M |
| Prompt Box ode
Wait... | just cleaned the
Which action is better for the task? RL cloth at the sink. | need
. —> to go to the cabinet first
Action 1 put Action 2: go before | can put it there!
cloth in .
) to cabinet
cabinet

'E' Reflection emerges
autonomously through RL



ALFWorld WebShop ScienceWorld

Method
ID OOD

Prompt w/0 CoT thinking 35.71 27.61 2.80 28.01

Prompt w/ CoT thinking 56.43 50.00 3.00 25.21

ACT 72.86 72.39 7.40 26.71

Imitation Learning 85.71 82.84 28.00 42.80

Early Experience (Self-Reflection) 87.86 85.82 31.00 45.60

IL w/ ACT 9143 87.31 31.60 48.69
o enoacessmsasmeneasasseseszssecasnsns P s S
: RLw/ ACT 92.86 88.06  33.80 50.34 :

Main results on Qwen3-8B (%). ALFWorld and WebShop report success rates; ScienceWorld reports next-action
prediction accuracy.

World Model Knowledge Accumulation:

RL-driven genuine self-reflection > imitating pre-generated reflection text



[ Generalization to General Reasoning]

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

Method MATH-500 GPQA-Diamond
Prompt w/0 CoT thinking 78.61+0.33 42.93+1.09
Prompt w/ CoT thinking 86.93+0.74 51.521+1.89
Imitation Learning 87-10.33 44.614+0.95
Early Experience (Self-Reflection) 86.86+0.25 a1 .85-H0063

RL SZO70.77 oo 11 .32

Enhanced critical thinking
can enhance
general reasoning capabilities
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ACT trains the agent to
judge which action is
actually better.

Controlled decoding steers how
the agent thinks;
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Agentic Workflow and Autonomous Design

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

Orchestrator
Responder
= —
u:
Evaluator ? =

K/ - Deflector

Computation Graph



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

One for All
One Workflow for All Queries

o =
PN
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oE
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@ Lack Per-Query Adaptivity

One for Each

Dynamic Workflow for Each Query

7|
o *=5 9
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@ Expensive to Learn

Can We Precompute Workflows in Training and Reuse in Deployment?



Can We Precompute Workflows in Training and Reuse in Deployment?

One for All One for Each

\L/ ?_l ;l ?zl Challenges Solved:

® . .
o D Cif
(1) How to construct a bank?
Our Proposal
----- (2) How to choose during
(2 ) ?
\ /—v 2 deployment?
ﬂ — BANK :;‘ D I
/ \LC)O |
\ = )

Query Adaptivity + Affordability

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



Experiments — Main Results
Compared to task-level/query-level methods over 5 benchmarks

AFlow (Qwen3-8B) 63.24 323 6275 251 7937 102 77.08 105 6462 147 568.56 1.79
AFlow (GPT-40) 63.99 277 6377 486 8377 057 8026 1.02 6561 0.89 570.40 1.95

MaAS 65.02 243 6336 270 79.08 204 7664 164 6231 129 .68.09 1.90
ScoreFlow 62.00 236 60.15 351 8363 170 82.10 142 6458 262 ;6951 237
FlowBank 6934 178 6794 249 8426 162 8349 106 6740 152 =7340 1.65

MATH AMC MBPP DROP MMLU Pro - Average E
Method . .
Perf. Cost Perf. Cost Perf. Cost Perf. Cost Perf. Cost 2 Perf. Cost =
I0 56.58 051 5359 053 7292 008 7549 008 5089 0.03 E 60.44 0.22 E
. . MATH
Manually Designed Agentic Workflows - .
. . 69.3
CoT 5576 053 5247 054 7429 0.08 7796 0.11 5135 004 ;6098 023 = P
ComplexCoT 5439 062 4952 064 71.68 010 77.74 033 6403 035 E 63.85 042 = Ry AKX %
Self-Consistency ~ 57.82 3.38 5389 344 7398 052 7833 074 5093 034 6149 151 - TR
Multi-agent Debate 5892 7.66 5382 796 7468 086 78.65 164 5756 088 263.86 345 E
Self-Refine 55.14 108 5288 1.06 71.07 027 7671 034 4375 046 E 5796 0.62 =
MedPrompt 5669 564 5519 549 7185 0.61 8177 175 5279 063 6277 258 &
MultiPersona 5741 056 5374 058 70.38 028 76.13 029 6170 036 :63.87 041 E
x - FlowBank %,
. — . . T \57-4 84.3
Automated Agentic Workflow Optimization Methods . . %
L] [ ] ~
GPTSwarm 5494 169 5542 904 7126 025 7837 051 5837 114 26343 254 = —— ScoreFlow ° NN 53,5
ADAS 56.17 295 4733 322 7234 0.77 81.17 098 59.71 1.05 E 6322 171 . — ADAS DROP
AgentSquare 6276 135 5878 1.79 7273 052 76.84 0.76 6375 0.75 1 66.70 1.02 =

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