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Background

Score Matching

Song Y, Sohl-Dickstein J, Kingma D P, et al. Score-based generative modeling through stochastic differential equations. ICLR, 2021.
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Background

Score Matching

Training:

Sampling: 

1. Predictor

2. Predictor-Corrector

3. SDE -> ODE

Song Y, Sohl-Dickstein J, Kingma D P, et al. Score-based generative modeling through stochastic differential equations. ICLR, 2021.
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Background

Score Matching

Variance Preserving, VP：

Sub-VP：

Song Y, Sohl-Dickstein J, Kingma D P, et al. Score-based generative modeling through stochastic differential equations. ICLR, 2021.
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Background

Flow Matching

Objective：

Objective：

where

Simulation-Free: No need to solve ODE/SDE.

Lipman Y, Chen R T Q, Ben-Hamu H, et al. Flow matching for generative modeling. ICLR, 2023.

(hard to compute)

(easy to compute)
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Background

Flow Matching

Ideal: Reality:

Lipman Y, Chen R T Q, Ben-Hamu H, et al. Flow matching for generative modeling. ICLR, 2023.
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Background

Rectified flow

Liu X, Gong C, Liu Q. Flow straight and fast: Learning to generate and transfer data with rectified flow. ICLR, 2023.

Step 1
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Background

Rectified flow

Liu X, Gong C, Liu Q. Flow straight and fast: Learning to generate and transfer data with rectified flow. ICLR, 2023.

Step 1 Step 2
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Background

Rectified flow

Liu X, Gong C, Liu Q. Flow straight and fast: Learning to generate and transfer data with rectified flow. ICLR, 2023.
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Background

Rectified flow

Distillation:

Liu X, Gong C, Liu Q. Flow straight and fast: Learning to generate and transfer data with rectified flow. ICLR, 2023.

Step 3

One-step (CIFAR-10 FID 4.85)
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Background

Consistency Models

Models of these mappings are called consistency models, as their outputs are 
trained to be consistent for points on the same trajectory.

Song Y, Dhariwal P, Chen M, et al. Consistency models. ICML, 2023.
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Background

Consistency Models

Boundary condition： ϵ = 0.002

Two ways to implement boundary condition:

Song Y, Dhariwal P, Chen M, et al. Consistency models. ICML, 2023.
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Background

Consistency Models

Training Consistency Models via Distillation

Song Y, Dhariwal P, Chen M, et al. Consistency models. ICML, 2023.

Distilling a pre-trained score model
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Background

Consistency Models

Training Consistency Models via Distillation

Song Y, Dhariwal P, Chen M, et al. Consistency models. ICML, 2023.

One-step (CIFAR-10 FID 3.55)

Two-step (CIFAR-10 FID 2.93)

Limited by the quality of pre-trained 
diffusion models. 
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Background

Consistency Models

Training Consistency Models in Isolation

Song Y, Dhariwal P, Chen M, et al. Consistency models. ICML, 2023.

Isolation. 

One-step (CIFAR-10 FID 8.70)

Two-step (CIFAR-10 FID 5.83)

Rely on LPIPS
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Background

Imporved Consistency Models

Song Y, Dhariwal P. Improved techniques for training consistency models. ICLR, 2024.
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Background

Imporved Consistency Models
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Background

Imporved Consistency Models
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Background

Imporved Consistency Models

Song Y, Dhariwal P. Improved techniques for training consistency models. ICLR, 2024.
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Background

Shortcut Models

Reflow: Multi-stage, Few-step ambiguity problem

Consistency Model: Too many tricks, Hard to train

Frans K, Hafner D, Levine S, et al. One step diffusion via shortcut models[J]. ICLR, 2025.
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Background

Shortcut Models

Conditioning the model not only on the timestep t but also on a desired step size d.

Frans K, Hafner D, Levine S, et al. One step diffusion via shortcut models. ICLR, 2025.
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Background

Shortcut Models

Conditioning the model not only on the timestep t but also on a desired step size d.

Split the batch into two fraction

d=0: the shortcut is equivalent to the flow.

d>0: one shortcut step equals two consecutive shortcut steps of half the size

Frans K, Hafner D, Levine S, et al. One step diffusion via shortcut models. ICLR, 2025.
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Background

Shortcut Models

Batch Mixing: 75% d=0 & 25% d>0

Weight Decay: 0.1

EMA version of st and st+d

No results on CIFAR-10 and ImageNet-64

Frans K, Hafner D, Levine S, et al. One step diffusion via shortcut models. ICLR, 2025.



PART 03

Method



< 27 >

Method

Geng Z, Deng M, Bai X, et al. Mean Flows for One-step Generative Modeling. Submit to NeurIPS, 2025.

Mean Flows

Flow Matching & Rectified Flow: Real Flow trajectories are always curved.

Integral difficulty: Neural networks are difficult to accurately learn a complex 
integral operator, for one-step generation.

Consistency Model: No solid theoretical foundation and training may be unstable.
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Method

Geng Z, Deng M, Bai X, et al. Mean Flows for One-step Generative Modeling. Submit to NeurIPS, 2025.

Mean Flows

Average Velocity Field:

Relation between u and v : 
(MeanFlow Identity)
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Method

Geng Z, Deng M, Bai X, et al. Mean Flows for One-step Generative Modeling. Submit to NeurIPS, 2025.

Mean Flows

Training with Average Velocity:
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Method

Geng Z, Deng M, Bai X, et al. Mean Flows for One-step Generative Modeling. Submit to NeurIPS, 2025.

Mean Flows

Mean Flows with Guidance:

New Ground-truth Field:

New Average Velocity:

Training with Guidance:
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Experiments

• ImageNet generation at 256×256 resolution (A latent space of 32×32×4)，1-NFE，
On the latent space of a pre-trained VAE tokenizer. 

• Ablation:
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Experiments

• Scalability:
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Experiments

• Comparisons with Prior Work:
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Experiments

• Comparisons with Prior Work:



< 36 >

Experiments

• 1-NFE Generation Results
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Conclusions

• Proposes modeling average velocity instead of instantaneous velocity
for generative flows, enabling direct prediction of endpoint
displacement in one step.

• Establishes a mathematical link between average and instantaneous
velocities via a differential relation, eliminating need for integral
computations during training.

• Demonstrates 3.43 FID on ImageNet 256×256 with true 1-NFE
sampling, narrowing the gap between one-step and multi-step
diffusion models.



Thanks for 

Listening！
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