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Generative Models So Far

Autoregressive Models directly maximize likelihood of training data:

𝑝! 𝑥 =$
"#$

%

𝑝! (𝑥"|𝑥$, … , 𝑥"&$)

Variational Autoencoders introduce a latent z, and maximize a lower bound:

𝑝! 𝑥 = *𝑝! 𝑥 𝑧 𝑝 𝑧 𝑑𝑧 ≥ 𝐸'~)! 𝑧 𝑥 log𝑝! 𝑥 𝑧 −𝐷*+(𝑞, 𝑧 𝑥 , 𝑝(𝑧))
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Generative Models So Far

Autoregressive Models directly maximize likelihood of training data:

𝑝! 𝑥 =$
"#$

%

𝑝! (𝑥"|𝑥$, … , 𝑥"&$)

Variational Autoencoders introduce a latent z, and maximize a lower bound:

𝑝! 𝑥 = *𝑝! 𝑥 𝑧 𝑝 𝑧 𝑑𝑧 ≥ 𝐸'~)! 𝑧 𝑥 log𝑝! 𝑥 𝑧 −𝐷*+(𝑞, 𝑧 𝑥 , 𝑝(𝑧))

Generative Adversarial Networks give up on modeling 𝑝(𝑥), but allow us to draw samples 
from 𝑝(𝑥)
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Generative Adversarial Networks

Setup: Have data 𝑥" drawn from distribution 𝑝-./.(𝑥). Want to sample from 𝑝-./.

Idea: Introduce a latent variable z with simple prior 𝑝(𝑧) (e.g. unit Gaussian) Sample 
𝑧~𝑝(𝑧) and pass to a Generator Network 𝑥 = 𝐺(𝑧) Then 𝑥 is a sample from the 
Generator distribution 𝑝0 . Want 𝑝0 = 𝑝-./.!

𝑧 𝐺
Sample 
𝑧 from 𝑝'

Generator
Network

Generated
image

Train Generator Network 𝐺 to convert 
𝑧 into fake data 𝑥 sampled from 𝑝0
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Generative Adversarial Networks

Setup: Have data 𝑥" drawn from distribution 𝑝-./.(𝑥). Want to sample from 𝑝-./.

Idea: Introduce a latent variable z with simple prior 𝑝(𝑧) (e.g. unit Gaussian) Sample 
𝑧~𝑝(𝑧) and pass to a Generator Network 𝑥 = 𝐺(𝑧) Then 𝑥 is a sample from the 
Generator distribution 𝑝0 . Want 𝑝0 = 𝑝-./.!

𝑧 𝐺
Sample 
𝑧 from 𝑝'

Generator
Network

Generated
image

Train Generator Network 𝐺 to convert 
𝑧 into fake data 𝑥 sampled from 𝑝0
By fooling the discriminator 𝐷.

Real
image

𝐷

Discriminator
Network Fake

Real

Train Discriminator Network 𝐷 to 
classify data as real or fake
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Generative Adversarial Networks

Setup: Have data 𝑥" drawn from distribution 𝑝-./.(𝑥). Want to sample from 𝑝-./.

Idea: Introduce a latent variable z with simple prior 𝑝(𝑧) (e.g. unit Gaussian) Sample 
𝑧~𝑝(𝑧) and pass to a Generator Network 𝑥 = 𝐺(𝑧) Then 𝑥 is a sample from the 
Generator distribution 𝑝0 . Want 𝑝0 = 𝑝-./.!

𝑧 𝐺
Sample 
𝑧 from 𝑝'

Generator
Network

Generated
image

Train Generator Network 𝐺 to convert 
𝑧 into fake data 𝑥 sampled from 𝑝0
By fooling the discriminator 𝐷.

Real
image

𝐷

Discriminator
Network Fake

Real

Train Discriminator Network 𝐷 to 
classify data as real or fake

Jointly train 𝐺 and 𝐷. 
Hopefully 𝑝0
converges to 𝑝-./.
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])
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Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

𝑧 𝐺
Sample 
𝑧 from 𝑝'

Generator
Network

Generated
image

Real
image

𝐷

Discriminator
Network Fake

Real

𝐷 𝑥 = 𝑃(𝑥 𝑖𝑠 𝑟𝑒𝑎𝑙),
𝐷 𝑥 = 0=> fake
𝐷 𝑥 = 1=> real

Generative Adversarial Networks: Training Objective



University of Science and Technology of China | 2026  | sherrylone.github.io 11

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])
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𝐷
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Real

𝐷 𝑥 = 𝑃(𝑥 𝑖𝑠 𝑟𝑒𝑎𝑙),
𝐷 𝑥 = 0=> fake
𝐷 𝑥 = 1=> real

Generative Adversarial Networks: Training Objective

Imagine
fixing 𝐺 Discriminator wants 

𝐷 𝑥 = 1 for real data
Discriminator wants 
𝐷 𝑥 = 0 for fake data
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Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
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"
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Real

𝐷 𝑥 = 𝑃(𝑥 𝑖𝑠 𝑟𝑒𝑎𝑙),
𝐷 𝑥 = 0=> fake
𝐷 𝑥 = 1=> real

Generative Adversarial Networks: Training Objective

Imagine
fixing 𝐷 This term does not 

depend on 𝐺
Generator wants 𝐷 𝑥 = 1
for fake data
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

Train 𝐺 and 𝐷 using alternating gradient updates

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

= min
!
max
"

𝑉(𝐺, 𝐷),
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

Train 𝐺 and 𝐷 using alternating gradient updates

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

= min
!
max
"

𝑉(𝐺, 𝐷),

While True:

𝐷 = 𝐷+𝛼1
𝑑𝑉
𝑑𝐷

𝐺 = 𝐺 +𝛼0
𝑑𝑉
𝑑𝐺
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

Train 𝐺 and 𝐷 using alternating gradient updates

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

= min
!
max
"

𝑉(𝐺, 𝐷),

While True:

𝐷 = 𝐷+𝛼1
𝑑𝑉
𝑑𝐷

𝐺 = 𝐺 +𝛼0
𝑑𝑉
𝑑𝐺

We are not minimizing any overall 
loss! No training curves to look at!
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

At start of training, generator is very bad and 
discriminator can easily tell apart real/fake, so 
𝐷(𝐺(𝑧)) close to 0
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

At start of training, generator is very bad and 
discriminator can easily tell apart real/fake, so 
𝐷(𝐺(𝑧)) close to 0

Problem: Gradient for 𝐺 are close to 0
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

At start of training, generator is very bad and 
discriminator can easily tell apart real/fake, so 
𝐷(𝐺(𝑧)) close to 0

Problem: Gradient for 𝐺 are close to 0
Solution: Generator wants 𝐷 𝐺 𝑧 = 1. Train 
generator to minimize −log(𝐷(𝐺(𝑧))) and 
discriminator to maximize log(1−𝐷(𝐺(𝑧))) so 
generator gets strong gradients at start
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

Why is this a good objective?
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

Why is this a good objective?

Inner objective is maximized by

𝐷0∗ 𝑥 =
𝑝-./.(𝑥)

𝑝-./. 𝑥 +𝑝0(𝑥)
(for any 𝑝0)
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

Why is this a good objective?

Inner objective is maximized by

𝐷0∗ 𝑥 =
𝑝-./.(𝑥)

𝑝-./. 𝑥 +𝑝0(𝑥)
(for any 𝑝0)

Outer objective is then minimized by

𝑝0 𝑥 = 𝑝-./. 𝑥
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Generative Adversarial Networks: Training Objective

Jointly train generator 𝐺 and discriminator 𝐷 with a minimax game

min
!
max
"
(𝐸#~%!"#" log 𝐷 𝑥 + 𝐸&~% & [log(1 − 𝐷(𝐺(𝑧)))])

Why is this a good objective?

Inner objective is maximized by

𝐷0∗ 𝑥 =
𝑝-./.(𝑥)

𝑝-./. 𝑥 +𝑝0(𝑥)
(for any 𝑝0)

Outer objective is then minimized by

𝑝0 𝑥 = 𝑝-./. 𝑥

Caveats: 
1. Neural nets with fixed capacity may not be 

able to represent optimal 𝐷 and 𝐺
2. This tells us nothing about convergence to the 

solution with finite data
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GAN Architectures: DC-GAN

Generator 𝐺 and discriminator 𝐷 are both neural 
networks 

Usually CNNs … GANs fell out of favor before ViT
became popular 

DC-GAN was the first GAN architecture that 
worked on non-toy data
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GAN Architectures: StyleGAN

Generator 𝐺 and discriminator 𝐷 are both neural 
networks.

StyleGAN uses a more complex architecture that 
injects noise via adaptive normalization. 

At each layer predict a scale w and shift b the 
same shape as 𝑥:

𝐴𝑑𝑎𝐼𝑁(𝑥,𝑤, 𝑏)" = 𝑤"
𝑥" −𝑢(𝑥)
𝜎(𝑥) +𝑏"
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GANs: Latent Space Interpolation

Latent space is smooth. 

Given latent vectors 𝑧3 and 𝑧$, we can 
interpolate between them:

𝑧/ = 𝑡𝑧3 +(1− 𝑡)𝑧$
𝑥/ = 𝐺(𝑧/)

The resulting image 𝑥/ smoothly interpolate 
between samples!

Karras et al, ”Alias-Free Generative Adversarial Networks”, NeurIPS 2021



University of Science and Technology of China | 2026  | sherrylone.github.io 26

Generative Adversarial Networks: Summary

Jointly train Generator and Discriminator with a 
minimax game

Pros:
- Simple formulation
- Very good image quality

Cons:
- No loss curve to look at
- Unstable Training
- Hard to scale to big models + data

𝑧 𝐺
Sample 
𝑧 from 𝑝'

Generator
Network

Generated
image

Real
image

𝐷

Discriminator
Network Fake

Real

These were the go-to generative models from ~2016 – 2021
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Diffusion Models

Warning: Terminology and notation in this area is a mess! 

There are many different mathematical formalisms; tons of variance in terminology and notation 
between papers. 

We’ll just cover the basics of a modern “clean” implementation (Rectified Flow)
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Diffusion Models: Intuition

Pick a noise distribution 𝑧~𝑝45"67
(Usually unit Gaussian)
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Diffusion Models: Intuition

Pick a noise distribution 𝑧~𝑝45"67
(Usually unit Gaussian)

Consider data 𝑥 corrupted under varying noise 
levels 𝑡 to give noisy data 𝑥/

𝑡 = 0
No noise

𝑡 = 1
Full noise
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Diffusion Models: Intuition

Pick a noise distribution 𝑧~𝑝45"67
(Usually unit Gaussian)

Consider data 𝑥 corrupted under varying noise 
levels 𝑡 to give noisy data 𝑥/

Train a neural network to remove a little bit of 
noise: 𝑓!(𝑥/ , 𝑡)

At inference time, sample 𝑥$~𝑝45"67and apply 
𝑓! many times in sequence to generate a 
noiseless sample 𝑥3

𝑡 = 0
No noise

𝑡 = 1
Full noise
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Diffusion Models: Rectified Flow

Suppose we have a simple 𝑝45"67 (e.g. Gaussian) 
and samples from 𝑝-./.

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Rectified Flow

Suppose we have a simple 𝑝45"67 (e.g. Gaussian) 
and samples from 𝑝-./.

On each training iteration, sample:
𝑧~𝑝45"67 , 𝑥~𝑝-./. , 𝑡~𝑈𝑛𝑖𝑓𝑜𝑟𝑚[0, 1]

Set 𝑥/ = 1− 𝑡 𝑥 + 𝑡𝑧, 𝑣 = 𝑧 −𝑥

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Rectified Flow

Suppose we have a simple 𝑝45"67 (e.g. Gaussian) 
and samples from 𝑝-./.

On each training iteration, sample:
𝑧~𝑝45"67 , 𝑥~𝑝-./. , 𝑡~𝑈𝑛𝑖𝑓𝑜𝑟𝑚[0, 1]

Set 𝑥/ = 1− 𝑡 𝑥 + 𝑡𝑧, 𝑣 = 𝑧 −𝑥

Train a neural network to predict 𝑣:
𝐿 = | 𝑓! 𝑥/ , 𝑡 − 𝑣 |88

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Rectified Flow

Core training loop is just a few lines of code!

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling
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9
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Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9
Return 𝑥

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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Diffusion Models: Sampling

Choose number of steps 𝑇 (often 𝑇 = 50)

Sample 𝑥~𝑝45"67

For 𝑡 in [1,1 − $
9
, 1 − 8

9
, … , 0]:

Evaluate 𝑣/ = 𝑓!(𝑥/ , 𝑡)
    Step 𝑥 = 𝑥 − :"

9
Return 𝑥

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022



University of Science and Technology of China | 2026  | sherrylone.github.io 46

Rectified Flow: Summary

Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Sampling
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Conditional Rectified Flow

Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Sampling
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Conditional Rectified Flow

Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Sampling
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Conditional Rectified Flow

Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Sampling
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Classifier-Free Guidance (CFG)

Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional!
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional! 
Consider a noisy 𝑥/:

Classifier-Free Guidance (CFG)
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional! 
Consider a noisy 𝑥/:

Classifier-Free Guidance (CFG)
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional! 
Consider a noisy 𝑥/:
𝑣, = 𝑓!(𝑥, 𝑦, , 𝑡) points toward 𝑝(𝑥).
𝑣; = 𝑓!(𝑥/ , 𝑦, 𝑡) points toward 𝑝(𝑥|𝑦).

Classifier-Free Guidance (CFG)
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional! 
Consider a noisy 𝑥/:
𝑣, = 𝑓!(𝑥, 𝑦, , 𝑡) points toward 𝑝(𝑥).
𝑣; = 𝑓!(𝑥/ , 𝑦, 𝑡) points toward 𝑝(𝑥|𝑦).
𝑣<=> = 1+𝑤 𝑣; −𝑤𝑣, points more toward 𝑝(𝑥|𝑦)

Classifier-Free Guidance (CFG)
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Randomly drop 𝑦 during training.

Now the same model is conditional and unconditional! 
Consider a noisy 𝑥/:
𝑣, = 𝑓!(𝑥, 𝑦, , 𝑡) points toward 𝑝(𝑥).
𝑣; = 𝑓!(𝑥/ , 𝑦, 𝑡) points toward 𝑝(𝑥|𝑦).
𝑣<=> = 1+𝑤 𝑣; −𝑤𝑣, points more toward 𝑝(𝑥|𝑦)
During sampling, step according to 𝑣<=>

Classifier-Free Guidance (CFG)
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Classifier-Free Guidance (CFG)

Sampling
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Training

Dhariwal and Nichol, “Diffusion Models beat GANs on Image Synthesis”, arXiv 2021
Ho and Salimans, “Classifier-Free Diffusion Guidance”, arXiv 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Classifier-Free Guidance (CFG)

Sampling

“Classifier-Free” because earlier 
methods used a separate 
discriminative model 𝑝(𝑦|𝑥) to 
compute step direction ? @5> A(;|D)

D
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Classifier-Free Guidance (CFG)

Sampling Used everywhere in 
practice! Very important 
for high-quality outputs
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Can we control how 
much we “emphasize” 
the conditioning 𝑦

Classifier-Free Guidance (CFG)

Sampling Used everywhere in 
practice! Very important 
for high-quality outputs

Doubles the cost of 
sampling…
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
But we give equal weight to all noise levels!
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Training

Liu et al, “Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow”, 2022 
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Q: What is the optimal 
prediction for the 
network?

Optimal Prediction

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
But we give equal weight to all noise levels!
Solution: Use a non-uniform noise schedule
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Training

Esser et al, “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”, arXiv 2024

Noise Schedules

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
But we give equal weight to all noise levels!
Solution: Use a non-uniform noise schedule

𝑝(𝑡)

𝑡

Put more emphasis on middle noise
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Training

Esser et al, “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”, arXiv 2024

Noise Schedules

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
But we give equal weight to all noise levels!
Solution: Use a non-uniform noise schedule

𝑝(𝑡)

𝑡

Put more emphasis on middle noise
Common choice: logit-normal sampling
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Training

Esser et al, “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”, arXiv 2024

Noise Schedules

There may be many pairs (𝑥, 𝑧) that give the same 𝑥/ ; 
network must average over them

Full noise (𝑡 = 1) is easy: optimal 𝑣 is mean of 𝑝-./.
Full noise (𝑡 = 0) is easy: optimal 𝑣 is mean of 𝑝45"67
Middle noise is hardest, most ambiguous
But we give equal weight to all noise levels!
Solution: Use a non-uniform noise schedule

𝑝(𝑡)

𝑡

Put more emphasis on middle noise
Common choice: logit-normal sampling

For high-res data, often shift to higher 
noise to account for pixel correlations
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Training

Esser et al, “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”, arXiv 2024

Diffusion: Rectified Flow

𝑝(𝑡)

𝑡

Put more emphasis on middle noise
Common choice: logit-normal sampling

For high-res data, often shift to higher 
noise to account for pixel correlations

Simple and scalable setup for 
many generative modeling 
problems!

Sampling
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Training

Esser et al, “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”, arXiv 2024

Diffusion: Rectified Flow

𝑝(𝑡)

𝑡

Put more emphasis on middle noise
Common choice: logit-normal sampling

For high-res data, often shift to higher 
noise to account for pixel correlations

Simple and scalable setup for 
many generative modeling 
problems!

Sampling
Problem: Does not work 
naively on high-resolution 
data
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Generalized Diffusion

Rectified Flow

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 1− 𝑡 𝑥 + 𝑡𝑧
Set 𝑣>/ = 𝑧−𝑥
Compute 𝑣AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑣>/ −𝑣AF7- |88
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Generalized Diffusion

Rectified Flow

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 1− 𝑡 𝑥 + 𝑡𝑧
Set 𝑣>/ = 𝑧−𝑥
Compute 𝑣AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑣>/ −𝑣AF7- |88

Generalized Diffusion

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 𝑎(𝑡)𝑥 +𝑏(𝑡)𝑧
Set 𝑦>/ = 𝑐 𝑡 𝑥 −𝑑 𝑡 𝑧
Compute 𝑦AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑦>/ −𝑦AF7- |88
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Generalized Diffusion

Variance Preserving (VP)

𝑎 𝑡 = 𝜎(𝑡)
𝑏 𝑡 = 1−𝜎(𝑡)

If 𝑥 and 𝑧 are independent 
and variance=1, then 𝑥/ also 
has variance=1

Generalized Diffusion

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 𝑎(𝑡)𝑥 +𝑏(𝑡)𝑧
Set 𝑦>/ = 𝑐 𝑡 𝑥 −𝑑 𝑡 𝑧
Compute 𝑦AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑦>/ −𝑦AF7- |88



University of Science and Technology of China | 2026  | sherrylone.github.io 75

Generalized Diffusion

Variance Exploding (VE)

𝑎 𝑡 = 1
𝑏 𝑡 = 𝜎(𝑡)

𝜎/ needs to be big enough 
to drown out all signal in 𝑥.

Generalized Diffusion

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 𝑎(𝑡)𝑥 +𝑏(𝑡)𝑧
Set 𝑦>/ = 𝑐 𝑡 𝑥 −𝑑 𝑡 𝑧
Compute 𝑦AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑦>/ −𝑦AF7- |88
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Generalized Diffusion

𝒙-prediction
𝑦$% = 𝑥 [𝑐 𝑡 = 1, 𝑑 𝑡 = 0]

𝝐-Prediction
𝑦$% = 𝑧 [𝑐 𝑡 = 0, 𝑑 𝑡 = 1]

𝒗-Prediction
𝑦$% = 𝑏 𝑡 𝑧 − 𝑎 𝑡 𝑥 [𝑐 𝑡 = 𝑏(𝑡), 𝑑 𝑡 = −𝑎(𝑡)]

Generalized Diffusion

Sample 𝑥~𝑝-./. , 𝑧~𝑝45"67
Sample 𝑡~𝑝/
Set 𝑥/ = 𝑎(𝑡)𝑥 +𝑏(𝑡)𝑧
Set 𝑦>/ = 𝑐 𝑡 𝑥 −𝑑 𝑡 𝑧
Compute 𝑦AF7- = 𝑓!(𝑥/ , 𝑡)
Compute loss | 𝑦>/ −𝑦AF7- |88
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Advanced Diffusion Models: LDM
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Advanced Diffusion Models: LDM
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Advanced Diffusion Models: LDM
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Advanced Diffusion Models: DiT
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Advanced Diffusion Models: DiT
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Advanced Diffusion Models: REPA
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Advanced Diffusion Models: REPA
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Advanced Diffusion Models: REPA
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Advanced Diffusion Models: CogVideoX
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Advanced Diffusion Models: CogVideoX
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Advanced Diffusion Models: CogVideoX
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Advanced Diffusion Models: CogVideoX
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Advanced Diffusion Models: VideoREPA
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Advanced Diffusion Models: VideoREPA
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Advanced Diffusion Models: VideoREPA
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Advanced Diffusion Models: WorldForge



University of Science and Technology of China | 2026  | sherrylone.github.io 93

Advanced Diffusion Models: WorldForge
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Advanced Diffusion Models: WorldForge
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Advanced Diffusion Models: WorldForge
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Advanced Diffusion Models: H3-World
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Advanced Diffusion Models: H3-World
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Advanced Diffusion Models: Other Application
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Advanced Diffusion Models: Application
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Thanks
Welcome to join US

Sherrylone.github.io


