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Background

Settings and Issues of Image Super-resolution：

• Recover high-resolution images from low-resolution input with complex 

degradations

• Ill-posed problem: even with perfect training supervision, lost details 

cannot be deterministically recovered
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Background

Stochasticity of Diffusion-based SR：

• Multi-step Diffusion SR Solves SDE equations：

• Step-wise stochasticity: high variability in SR details

• Exploit randomness: bias details toward human preference

Rollout 1: fake semantics Rollout 2: fake texture Rollout 3: fits human preference
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Background

Reinforcement Learning to Leverage Stochasticity：

Policy
Model

Diffusion Trajectory Rollout
Reward
Model Accumulated 

Reward

Policy Gradient Optimization:
LR

REINFORCE:

PPO: with Advantage Sampling



5

Background

Problem of Classical RL for Diffusion Process：

• REINFORCE & PPO relies on per-timestep reward aggregation

• Per-timestep image quality assessment is hard for diffusion process 

? ?
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Background

Solution：Directly Optimize Policy with Preference Data (DPO)

• Construct dataset with paired data of High / Low preference

• Encourage policies with higher preference results and suppress lower ones：

• Convert to Diffusion-DPO：

Positive Negative

Positive Negative

Wallace et al., Diffusion Model Alignment Using Direct Preference Optimization, in CVPR 2024.
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Background

DPO for SR Example: DP2O-SR

• Rollout N samples 

• Use IQA metrics to rank 
those samples,  construct N2

winner-loser pairs

• Optimize model through:

Rollout & Ranking
Loss

Weighting

Wu et al., DP2O-SR: Direct Perceptual Preference Optimization for Real-World Image Super-Resolution, in NeurIPS 2025.
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Background

DPO for SR Example: DP2O-SR

• Different sample pairs contribute unequally to optimization

• Large preference gaps between positive and negative samples

——stronger optimization signals

• Greater rollout diversity under the same LR condition 

——more effective exploration

Wu et al., DP2O-SR: Direct Perceptual Preference Optimization for Real-World Image Super-Resolution, in NeurIPS 2025.
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Background

Beyond Binary Optimization: GRPO

• Group Preference Policy Optimization

• One optimization step determined by group rollout results

• Relative advantage of intra-group reward as state value

Shao et al., DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, arXiv 2024.
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Background

Beyond Binary Optimization: GRPO

• Group Preference Policy Optimization

• One optimization step determined by group rollout results

• Relative advantage of intra-group reward as state value
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Background

One-step Diffusion SR: Possible Faster Rollout

• First replace stochastic sampling with deterministic sampling

• Then distil a student model to learn the deterministic mapping

Wang et al., SinSR: Diffusion-Based Image Super-Resolution in a Single Step, in CVPR 2024.
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Background

Train a One-step SR model without Teacher Model Supervision：

• SR reconstruction + Diffusion regularization

Wu et al., One-Step Effective Diffusion Network for Real-World Image Super-Resolution, in NeurIPS 2024.
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Background

Train a One-step SR model without Teacher Model Supervision

Wu et al., One-Step Effective Diffusion Network for Real-World Image Super-Resolution, in NeurIPS 2024.

• Directly encode LR as Diffusion 

starting point

• Train for direct LR-HR latent mapping

• Compute L2 loss as data 

reconstruction supervision
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Background

Train a One-step SR model without Teacher Model Supervision

Wu et al., One-Step Effective Diffusion Network for Real-World Image Super-Resolution, in NeurIPS 2024.

• Regularize the one-step latent to align 

with the diffusion model distribution

• Use two regularizers to  judge 

distribution shift

• If the fake (learned) score differs from 

the  real score, then the input domain is 

distorted 
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Background

One-step Diffusion SR without Extra Regularization

• Learn a VAE with lower downsample-rate for better detail preservation

• LoRA-finetune a Diffusion model for one-step SR

Yi et al., Fine-structure Preserved Real-world Image Super-resolution via Transfer VAE Training, in ICCV 2025.
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Background

Stochasticity Problem of Applying GRPO to One-step Diffusion:

• We leverage stochasticity in model sampling for preference exploration

Control

UNet-E UNet-D

LR

Initial
Noise

Noise

× 𝑛 SR

Multi-step Diffusion-SR
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Background

Stochasticity Problem of Applying GRPO to One-step Diffusion:

• We leverage stochasticity in model sampling for preference exploration

• However, single-step diffusion does not have sampling stochasticity

Control

UNet-E UNet-D

LR

Initial
Noise

Noise

× 𝑛

UNet-E UNet-D

SR

SRLR

Multi-step Diffusion-SR One-step Diffusion-SR
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Background

Summary: Key Problems of Designing RL-based One-step SR models: 

1. How to inject stochasticity?

2. What advantage function fits better for SR task?
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Method

• Stochasticity Injection in Deterministic Sampling：

• Flow-GRPO: ODE to SDE via adding stochastic noise

Stochasticity Injection Advantage Design Policy Optimization

Liu et al., Flow-GRPO: Training Flow Matching Models via Online RL, arXiv 2025.
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Method

• Stochasticity Injection in Deterministic Sampling：

• Flow-GRPO: ODE to SDE via adding stochastic noise

• Similarly, add noise to LR latent before one-step inference

Stochasticity Injection Advantage Design Policy Optimization
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Method

• Similarly, add noise to LR latent before one-step inference

Stochasticity Injection Advantage Design Policy Optimization

• Pretrain the model to get a one-

step SR model with stochastic 

outputs
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Method

How to evaluate the advantage of rollout samples?

• Existing  metrics: cannot balance fidelity and perception

• Direct combination: cannot adaptively adjust based on image characteristics

Stochasticity Injection Advantage Design Policy Optimization



23

Method

How to evaluate the advantage of rollout samples?

• Existing  metrics: cannot balance fidelity and perception

• Direct combination: cannot adaptively adjust based on image characteristics

• Dynamic weighting based on metric – texture relations:

• FR metrics (PSNR): Smooth regions

• NR metrics (MANIQA, MUSIQ): Detailed regions

Stochasticity Injection Advantage Design Policy Optimization
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Method

Attribute-aware reward calculation:

• Portion of smooth / detailed area 

as dynamic metric weights

Stochasticity Injection Advantage Design Policy Optimization
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Method

DPO-style Optimization with Group Rollout:

• Log-sigmoid policy gradient from Bradley-Terry model

• Group rollout and relative advantage calculation

Stochasticity Injection Advantage Design Policy Optimization
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Method

Overall Pipeline:
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Experiments

Settings:

• Stable-Diffusion 2.1-based model

• First pretrain the one-step stochastic SR model

• During GDPO-tuning stage, use LoRA to fine-tune both the SD UNet

and  VAE encoder

• Both pretrain and finetune data are generated from LSDIR & FFHQ with 

Real-ESRGAN pipeline
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Experiments

Qualitative Results：

• Better detail alignment for clear texture
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Experiments

Qualitative Results：

• Detail different from HR but more natural when texture is chaotic



Quantitative Results：

• Simutanously optimizes FR and NR metrics
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Experiments



Ablation Studies：

• Controlling FR / NR trade-off via noise injection and denoising rate

• tadd encourages exploration, leading to higher NR and lower FR

• tdiff encourages denoising, leading to higher FR and lower NR
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Experiments



Ablation Studies：

• Ablation on GDPO & reward metric components
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Experiments



Ablation Studies：

• Ablation on GDPO & reward metric components

• One-step model w/o GDPO (NAOSD) is already SOTA…
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Experiments



Quantitative Results：

• Model size & running-time
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Experiments



• Possible false claim in this work: Diffusion-DPO enforces stronger pixel-level 

constraint compare to GRPO
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More Discussions

• Both Diffusion-DPO and GRPO for Diffusion calculates likelihood in the form of 
pixel-level L2 distance 
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Take-aways

• Leverage stochasticity to optimize SR preference via RL

• Add noise to one-step model for stochasticity injection

• Reward weighting via texture region portion

• Aggregate DPO and GRPO policy optimization

• Simutanously optimizes fidelity & perception

• Simutanously optimizes FR & NR

• Retain natural detail when content is hard to restore
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