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Pipeline of AIGC

Real-World Data

Generative Model

Training Inference



Generative Models

Given: observed data points {𝑥!}!"#$

Unknown: the groundtruth data distribution 𝑝(𝑥)

𝑝(𝑥)

Training Data



Generated DataGiven: observed data points {𝑥!}!"#$

Unknown: the groundtruth data distribution 𝑝(𝑥)

Training: to learn a model to capture 𝑝(𝑥)

Sampling: generate from the learned distribution

Learned

Generative Models

A Good Generative Model
=

Good for training 
+

Good for sampling



Generative Models

VAE

Normalizing Flow GAN

EBM

• Complicated math

• Mediocre quality

• GAN and VAE have fast sampling

• Training them is HARD

Good old methods
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Generative Models

VAE

Normalizing Flow GAN

EBM

• Complicated math

• Mediocre quality

• GAN and VAE have fast sampling

• Training them is HARD

Good old methods

Autoregressive Diffusion

• Simple math

• Great quality

• Slow sampling

• Stable training

Modern methods

• Complicated math

• Great quality

• Slow sampling

• Stable training

Don’t we deserve something that is:
1. Simple math
2. Great quality
3. Fast sampling
4. Stable training?



Life Made Simple by Rectified Flow

• Simple math

-- See right

• Great quality
-- FLUX, Kling…

• Fast sampling
-- One-step

• Stable training



Rectified Flow – Problem of Interest

Given: observed data points from two distributions
{𝑥!)}!"#$ ∼ 𝜋), {𝑥!#}!"#$ ∼ 𝜋#

Goal: find a transport map 𝑇 such that,

𝑍# ≔ 𝑇 𝑍) ∼ 𝜋# when   𝑍) ∼ 𝜋)



Rectified Flow – How?
One-step generation is not hard…

When your target distribution is simple

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": a single data point

min
#
𝐸$!∼&!,$"∼&" 𝑇# 𝑋! − 𝑋"

(
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Rectified Flow – How?
It starts to get harder even for two points

Regression won’t give good generative models
How to fix?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

min
#
𝐸$!∼&!,$"∼&" 𝑇# 𝑋! − 𝑋"

(

Learned mapping - wrong!



Rectified Flow – How?
What if the mappings are now straight ODEs?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

ODE: 78
79
= 𝑋# − 𝑋), 𝑋9 = 𝑡𝑋# + 1 − 𝑡 𝑋)
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What if the mappings are now straight ODEs?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

What if we average the velocity field instead?

t=0

ODE: 78
79
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Rectified Flow – How?
What if the mappings are now straight ODEs?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

What if we average the velocity field instead?

ODE: 78
79
= 𝑋# − 𝑋), 𝑋9 = 𝑡𝑋# + 1 − 𝑡 𝑋)

t=0.1
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Average biases 
towards blue
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Rectified Flow – How?
What if the mappings are now straight ODEs?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

What if we average the velocity field instead?

We get a vector field that maps to the correct distribution with flows

ODE: 78
79
= 𝑣

Please refer to paper for why it holds



Rectified Flow – How?
What if the mappings are now straight ODEs?

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

ODE: 78
79
= 𝑣

Let’s learn a NN to copy this flow field!
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(



Rectified Flow – How?
Let’s learn a NN to copy this flow field!

min
#
𝐸$!∼&!,$"∼&" 𝑣# 𝑋) , 𝑡 − 𝑣(𝑋) , 𝑡)
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Rectified Flow – How?
Let’s learn a NN to copy this flow field!

min
#
𝐸$!∼&!,$"∼&" 𝑣# 𝑋) , 𝑡 − 𝑣(𝑋) , 𝑡)

(, 𝑤ℎ𝑒𝑟𝑒 𝑋) = 𝑡𝑋" + 1 − 𝑡 𝑋!

min
#
𝐸$!∼&!,$"∼&" 𝑣# 𝑋) , 𝑡 − 𝐸$!#∼&!,$"#∼&"[𝑋"

* − 𝑋!* |𝑡𝑋"* + 1 − 𝑡 𝑋!* = 𝑋)]
(

𝑣 𝑋) , 𝑡 is the average of all the 
velocity vectors passing (𝑋) , 𝑡)

An equation that holds for L2

min
#
𝐸$!∼&!,$"∼&" 𝑣# 𝑋) , 𝑡 − (𝑋" − 𝑋!)

(

Randomly select two points and compute the velocity 

Derivation is not related to the forms of 𝜋! and 𝜋"
-Works for (under mild conditions) arbitrary 𝜋! and 𝜋"!



Rectified Flow – Another View
min
#
𝐸$!∼&!,$"∼&" 𝑣# 𝑋) , 𝑡 − (𝑋" − 𝑋!)

(

Randomly select two points and compute the velocity 

{𝑥!)}!"#$ ∼ 𝜋)

{𝑥!#}!"#$ ∼ 𝜋#

Linear Interpolation: 𝑋! = 𝑡𝑋" + 1 − 𝑡 𝑋#

ODE: $%$! = 𝑋" − 𝑋#

2-GMM

2-GMM

Training ODEs Learned Flow

ODE: $%$! = 𝑣&(𝑋, 𝑡)

Simulate with ODE solver, e.g., Euler

Probability Flow Ordinary Differential Equation 



Rectified Flow – Algorithm



Rectified Flow – Implementation



Method NFE (↓) IS (↑) FID (↓)

VP SDE 2000 9.58 2.55

subVP SDE 2000 9.56 2.61

VP ODE 140 9.37 3.93

subVP ODE 146 9.46 3.16

Rectified Flow 127 9.60 2.58

CIFAR10

Fast sampling +  high-quality

256 Resolution



Rectified Flow – Common Misunderstandings

1. Straight Line

2. Why does it avoid crossing?



Rectified Flow

Don’t we deserve something that is:
1. Simple math
2. Great quality
3. Fast sampling
4. Stable training?

🤔



Rectified Flow - Sampling 
• In computer, we solve ODEs by Euler discretization

𝑋9HI = 𝑋9 + 𝜖 𝑣(𝑋9, 𝑡)

𝜖: step size

Large 𝜖: Fast, inaccurate ; Small 𝜖: Accurate, slow 



Rectified Flow - Sampling 

d𝑋 = 𝑣 𝑋, 𝑡 d𝑡

• In computer, we solve ODEs by Euler discretization

𝑋9HI = 𝑋9 + 𝜖 𝑣(𝑋9, 𝑡)

𝜖: step size

Large 𝜖: Fast, inaccurate ; Small 𝜖: Accurate, slow 

Curved Trajectory Straight Trajectory

One-step, Exact
Gap



Rectified Flow - Reflow 

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

ODE: 78
79
= 𝑋# − 𝑋), 𝑋9 = 𝑡𝑋# + 1 − 𝑡 𝑋)

Why not straight?



Rectified Flow – Reflow

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

ODE: 78
79
= 𝑋# − 𝑋), 𝑋9 = 𝑡𝑋# + 1 − 𝑡 𝑋)

What if we change the teacher?

There is no more crossing in the learned flow!
Good coupling only!

Keeps the correct distribution 𝜋"!

And thus keeps the math correct



Rectified Flow - Reflow 

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

ODE: 78
79
= 𝑋# − 𝑋), 𝑋9 = 𝑡𝑋# + 1 − 𝑡 𝑋)

Construct new straight-line teachers



Rectified Flow - Reflow 

𝜋! ∼ 𝑁(0, 𝐼) 𝜋": two data points

New flow – straighter!

ODE: 78
79
= 𝑣

Learning NN by copying this new field gives faster model

min
#
𝐸$!∼&!,$"+,-.$%&'($!) 𝑣# 𝑋) , 𝑡 − 𝑣(𝑋) , 𝑡)

(



Rectified Flow – Implementation of Reflow 



Rectified Flow – Difference Between Distillation & Reflow 

• Output: One-step generation

• Not invertible

Distillation

• Output: Straighter Flow, Any-step generation

• Invertible

• The resulting flow is more friendly for distillation

Reflow

min
1
Ε$!∼&!,$"+,-.$%&'($!) 𝑓1 𝑋! − 𝑋"

(
min
#
L
!

"
Ε$!∼&!,$"+,-.$%&'($!) 𝑋" − 𝑋! − 𝑣# 𝑋) , 𝑡

( d𝑡



Method NFE (↓) IS (↑) FID (↓)

1-Rectified Flow 127 9.60 2.58

2-Rectified Flow 110 9.24 3.36

3-Rectified Flow 104 9.01 3.96

CIFAR10

Method NFE (↓) IS (↑) FID (↓)

1-Rectified Flow+Distill 1 9.08 6.18

2-Rectified Flow+Distill 1 9.01 4.85

3-Rectified Flow+Distill 1 8.79 5.21

Method NFE (↓) IS (↑) FID (↓)

1-Rectified Flow 1 1.13 378

2-Rectified Flow 1 8.08 12.21

3-Rectified Flow 1 8.47 8.15

SOTA 
(when arXiv)





Rectified Flow

Don’t we deserve something that is:
1. Simple math
2. Great quality
3. Fast sampling
4. Stable training? And so is the correctness of RF!





Questions?



Applications – Stable Diffusion 3(, Kling…)

Prove the effectiveness of RF 
through EXTENSIVE experiments



Applications – InstaFlow
Will the rectified flow pipeline still work in Stable Diffusion level?
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Applications – InstaFlow
Will the rectified flow pipeline still work in Stable Diffusion level?



Applications – PeRFlow
Generating 1.6M data triplets is expensive. How to avoid that? 

4-step



Applications – JanusFlow
Can we unify text-to-image model?

Playground v3 and all the previous works

JanusFlow

LLMs are so magical



Applications – JanusFlow



Applications – AdaFlow
We can also extend the RF to imitation learning to control robots
An adaptive policy for faster inference – Real-time is important!



Applications – AdaFlow
We can also extend the RF to imitation learning to control robots
An adaptive policy for faster inference – Real-time is important!



Applications – More

FlowGrad

Fast gradient-based editing with probability flows
[Liu et al., CVPR 2023] [Wu et al., CVPR 2023]

Point Straight Flow

One-step point cloud generation (100× faster)



RF <-> GANs
Similarity Difference

Goal: Matching noises with data

Sampling: Fast

Explicit vs Implicit

Any-step generation vs One-step

Training: Supervised vs Adversarial

Likelihood vs Non-Likelihood



RF <-> VAEs
Similarity Difference

Encoder-Decoder

Gaussian matching

Continuous vs One-step

Explicit vs Implicit

Training: Supervised vs Highly noisy

High-quality vs Over-smoothed



RF <-> Normalizing Flows
Similarity Difference

RFs are continuous normalizing flows

Not MLE, RF is a new paradigm for 
training CNFs

Eliminate the unscalable designs in 
training CNFs with MLE



RF <-> Diffusion Models
Similarity Difference

Diffusion models can be transformed to RFs

Likelihood models

RFs are not restricted to Gaussian 𝜋!

Mathematically, DMs are equivalent to Gaussian RFs Reflow

RF way is much easier to understand & 
practical advantages!



RF <-> Autoregressive Models
Similarity Difference

RF sampling is actually autoregressive

𝑋9HI = 𝑋9 + 𝜖 𝑣(𝑋9, 𝑡)

Even Markovian…

Implementation



RF <-> Consistency Models
Similarity

Difference

Sampling: Fast

Relationship with DMs

Sampling Convergence

Invertible vs Non-invertible (Likelihood vs Non-likelihood)

Orthogonal Methods! You can train 
consistency models from RF
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Rectified Flow: https://github.com/gnobitab/RectifiedFlow

InstaFlow: https://github.com/gnobitab/InstaFlow

PeRFlow: https://github.com/magic-research/piecewise-rectified-flow

AdaFlow: https://github.com/hxixixh/adaflow

FlowGrad: https://github.com/gnobitab/FlowGrad

Point Straight Flow: https://github.com/klightz/PSF

JanusFlow: https://github.com/deepseek-ai/Janus

https://github.com/gnobitab/InstaFlow
https://github.com/magic-research/piecewise-rectified-flow
https://github.com/hxixixh/adaflow
https://github.com/gnobitab/FlowGrad
https://github.com/klightz/PSF


Thank you!
Questions?


