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Flow-based models
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Reward model
Introduces an additional objective/constraint:

QED 
Drug likeliness
of molecule

Aesthetic Score
Aesthetic quality 
of image
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Reward alignment (fine-tuning)

Given: Pretrained generative model 

Obtain: Finetuned generative model 
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Reward alignment (fine-tuning)

Given: Pretrained generative model 

Obtain: Finetuned generative model 

Reward-based fine-tuning è Reward-tilted distribution
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Fragmented literature

Soft RL

Optimal
control

PPO GRPO GRPO 
variants

Adjoint 
Matching VGG-Flow

SQDF

Non-differentiable rewardDifferentiable reward

GFlowNet Residual ∇-DB DAG

RWR DiffusionNFT AWM

One problem, Many methods.
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RL fine-tuning
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RL fine-tuning
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RL fine-tuning as score matchingRL fine-tuning

Many methods = Score matching against value-tilted score
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Flow-GRPO
Flow-GRPO (Liu et. al., NeurIPS 2025)
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Flow-GRPO

is a better estimator of            than 

Avoid exponentiation Much lower variance PCPO (Lee and Ye, ICLR 2026)
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Flow-GRPO (Liu et. al., NeurIPS 2025)



Flow-GRPO is also      regressionFlow-GRPO

Flow-GRPO is also       regression against the value-tilted score.

is a better estimator of            than 

Avoid exponentiation Much lower variance PCPO (Lee and Ye, ICLR 2026)

Flow-GRPO (Liu et. al., NeurIPS 2025)
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Three design knobs

These three knobs explain differences among methods.

value guidance estimator

guidance strength

regularizationclipping
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Knob 1: Estimator design

first-order   vs   zeroth-order

number of particles

rollout depth

vs

vs
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Knob 1: Estimator design (Part a)

first-order   vs   zeroth-ordervs
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Knob 1: Estimator design (Part b)

first-order   vs   zeroth-order

number of particles

vs
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Knob 1: Estimator design (Part c)

first-order   vs   zeroth-order

number of particles

rollout depth

vs

vs
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Knob 1: Estimator design

First-order   vs   Zeroth-ordervs

vs

More rollout depth = More compute, Less bias
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More particles       = More compute, Less variance



Three design knobs

These three knobs explain differences among methods.

value guidance estimator

guidance strength

regularizationclipping
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✅ 

➡



Knob 2: Guidance strength
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Knob 2: Guidance strength

Existing methods suppress guidance at unreliable timesteps.
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Knob 2: Guidance strength
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Existing methods suppress guidance at unreliable timesteps.



Three design knobs

These three knobs explain differences among methods.

value guidance estimator

guidance strength

regularizationclipping
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✅ 

✅ 

➡



Knob 3: Regularization

Off-policy updates are heuristically regularized.

if (PPO-Clip condition):
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else:
     



Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at          , but maintains 
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Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at          , but maintains 

Easy win
1.  Concentrate         on       that matters
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2.  Double down on 

Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at          , but maintains 

Easy win
1.  Concentrate         on       that matters
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Case Study: GRPO with GenEval

5×
wall-clock speedup
over TempFlow-GRPO

GenEval = 0.97

RSM      straightforward redesigns      improve efficiency
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Reward-weighted Regression

DiffusionNFT, AWM, RAM,     are closely related.

“RWR is an approximation to Reward-Weighted MLE”
Diffusion RL tutorial (Uehara et. al., 2024)

...
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Understand three axes      Simple & effective redesigns.

Takeaways

Same problem, Same      regression.

clipping
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