
Recap.



Perturbing data with stochastic processes

Stochastic process

Probability densities

Infinitesimal noiseDeterministic drift

Stochastic differential equation (SDE)

WLOG: Toy SDE



Generation via reverse stochastic processes

Forward SDE (t: 0→T)

Reverse SDE (t: T→0)

Infinitesimal noise in 

the reverse time 

direction

Score function!



Predictor-Corrector sampling methods

• Predictor-Corrector sampling.
• Predictor: Numerical SDE solver

• Corrector: Score-based MCMC

corrector



Predictor-Corrector sampling methods

• Predictor-Corrector sampling.
• Predictor: Numerical SDE solver

• Corrector: Score-based MCMC



SDE Ordinary differential equation (ODE)

Score function

Converting the SDE to an ODE



Evaluating the probabilities with ODEs

• It is a (continuous-time) normalizing flow model!

Unbiased 

estimator
ODE solver

→ ODE

Computable in 

polynomial time

Computing the probability density function (change of variables formula)



Accelerated sampling

→ ODE

• Numerical methods + ODE formulation to accelerate sampling

• DDIM [Song and Ermon, 2021]: 
• Coarsely discretize the time axis, take big steps

• Corresponds to exponential integrator (semi-linear ODE) [Lu et al, 2022; Zhang and 
Chen, 2022]

• 10x-50x speedups, comparable sample quality



Distillation



Consistency models are designed for one-step generation

Data Noise

How does this differ 

from a denoiser?

Song, Dhariwal, Chen, Sutskever. Consistency Models. ICML 2023

Probability flow ODE (PF ODE)



Enforcing self-consistency via distillation

ODE solver

+ pretrained 

score function

ODE solver

+ pretrained 

score function

ODE solver

+ pretrained 

score function



Flow Matching







The Flow Matching Matrix

Conditional

Probability Path

Marginal

Probability Path

Conditional

Vector Field

Marginal

Vector Field

Conditional

Flow Matching Loss

Marginal

Flow Matching Loss

“Conditional” = “Per single data point”

“Marginal” = “Across distribution of data points”





Figure 

credit: 

Yaron 

Lipman



Diffusion Models Flow Matching



Conditional Generation

of Diffusion Models 



Conditional generation

User input:

An astronaut riding a horse



Conditional generation

• Let (x,y) denote (image,caption) pairs

• Training a conditional generative model involves learning p(x | y)

• Train score model for the image x conditional on caption y

• Need a suitable architecture



Control the generation process

Bayes’ rule:

Bayes’ rule for score functions:

0

Unconditional score Forward model 
Plug in different forward models for the 

same score model

= “dog”

Forward model 

Control signal

Inverse distribution



Stroke to image synthesis

[Meng, He, Song, Song, Wu, Zhu, Ermon. ICLR 2022]

Stroke paintings Sampled images

Forward model

can be specified.



Language-guided image generation

(Prompt)

Treehouse in the style of 

Studio Ghibli animation

[ Work by @danielrussruss ]

Forward model 

is an image captioning 

neural network.



Classifier Guidance

Bayes’ rule:

Bayes’ rule for score functions:

0

Unconditional score

Conditional score

Classifier obtained as the difference



Classifier-Guided Diffusion

To control the strength of the classifier guidance, we can add a weight 𝑤 to the delta part,

A new classifier-guided predictor ҧ𝜖𝜃 would take the form as following,

To explicit incorporate class information into the diffusion process, trained a classifier

on noisy image the use gradients to guide diffusion sampling process toward the condition



Classifier-Guided Diffusion

https://arxiv.org/pdf/2105.05233



Classifier-Guided Diffusion

https://arxiv.org/pdf/2105.05233



Classifier-Free Guidance

• Train both a conditional and an unconditional score model (by randomly 
dropping the caption during training)

• Combine the two models as follows

• 𝑤 is the classifier-guidance strength



Effect of classifier guidance

Increased classifier guidance strength (w)



Text-to-image 

Generator

A cat in 

the snow

ImageNet 

1M

HW6

70k

LAION 

5.85B

Text-to-Image
https://laion.ai/blog/laion-5b/



Text-to-image 

Generator

Denoise Denoise

Denoise Denoise

A cat in the snow

A cat in 

the snow

A cat in the snow

A cat in the snow A cat in the snow

Text-to-image 

Generator



Text-to-image 

Generator
A cat in 

the snow

999

Denoise

Noise 

Predicter

-

A cat in the snow

Text-to-image 

Generator



Noise 

Predicter

2

Step 1 Step 2 Step 1000

Random 

sample

+ + +

…

…
input 

ground 

truth

input

?????
A cat in the snow

A cat in the snow input



Text-to-image 

Generator
A cat in 

the snow

the snow

Text

Encoder

Generation 

Model

Decoder

Framework

1

A cat in

3

2

Latent Space

Compressed Images



Stable Diffusion
https://arxiv.org/abs/2112.10752

1

2

3



1

2 3

DALL-E series
https://arxiv.org/abs/2204.06125 

https://arxiv.org/abs/2102.12092

Autoregressive

Diffusion



Imagen
https://imagen.research.google/ 

https://arxiv.org/abs/2205.11487

1

2

3



Text-to-image 

Generator
A cat in 

the snow

the snow

Text

Encoder

Generation 

Model

Decoder

Framework

1

A cat in

3

2



https://arxiv.org/abs/2205.11487



Contrastive Language-Image Pre-Training
(CLIP) https://arxiv.org/abs/2103.00020

Text 

Encoder

Image 

Encoder

A cat in 

the snow

Text 

Encoder

Image 

Encoder

A dog is 

running.

400 million image-text

pairs

close far



Text-to-image 

Generator
A cat in 

the snow

the snow

Text

Encoder

Generation 

Model

Decoder

Framework

1

A cat in

2

3
Decoder can be trained 

without labelled data.



Progressive/Multi-Scale
Decoder

(Images are generated

by Midjourney)



Latent Diffusion

DecoderEncoder

Decoder

Latent 

Representation

Auto-encoder

𝐻×𝑊× 3 ℎ × 𝑤× 𝑐



Text-to-image 

Generator
A cat in 

the snow

the snow

Text

Encoder

Generation 

Model

Decoder

Framework

1

A cat in

3

2



Step 1 Step 2 Step 1000

+ + +

…

…

A cat in the snow

Encoder

…

…
+ + +

noise



A cat in the snow

Encoder

…

…
+ + +

input

input

ground 

truth

input

Step 1 Step 2 Step 1000

Noise 

Predicter

2

?????



Denoise Denoise

Denoise Denoise

A cat in the snow A cat in the snow

A cat in the snow A cat in the snow
Decoder



Stable Diffusion
https://arxiv.org/abs/2112.10752

1

2

3



Latent diffusion model



Latent diffusion model

VAE mapping data to lower dimensional space

1. Faster

2. Can be applied to any data type (e.g. discrete)

Diffusion model prior over the latent 

space of the autoencoder



Stable diffusion text2image model

VAE mapping data to lower dimensional space

1. Pre-trained, focus on reconstruction (autoencoder)
Diffusion model prior over the latent space of the 

autoencoder

2. Trained in the second stage, keeping initial 

autoencoder fixed

Large scale, open source model, widely adopted



SDXL: Improving Latent Diffusion Models for
High-Resolution Image Synthesis

https://arxiv.org/pdf/2307.01952



SDXL: Improving Latent Diffusion Models for
High-Resolution Image Synthesis

https://arxiv.org/pdf/2307.01952



SDXL: Improving Latent Diffusion Models for
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https://arxiv.org/pdf/2307.01952



SDXL: Improving Latent Diffusion Models for
High-Resolution Image Synthesis

https://arxiv.org/pdf/2307.01952



SDXL: Improving Latent Diffusion Models for
High-Resolution Image Synthesis

https://arxiv.org/pdf/2307.01952



Recap: PatchMatch * C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman. 

Patchmatch: a randomized correspondence algorithm for 

structural image editing. TOG, 2009.



ControlNet: Adding Conditional Control to Text-to-
Image Diffusion Models

https://arxiv.org/abs/2302.05543



ControlNet: Adding Conditional Control to Text-to-
Image Diffusion Models

https://arxiv.org/abs/2302.05543Bilibili BV1Lg4y1t797 with ControlNet



ControlNet: Adding Conditional Control to Text-to-
Image Diffusion Models

https://arxiv.org/abs/2302.05543



DiT: Scalable Diffusion Models with Transformers

https://arxiv.org/pdf/2212.09748



DiT: Scalable Diffusion Models with Transformers

https://arxiv.org/pdf/2212.09748



DiT: Scalable Diffusion Models with Transformers

https://arxiv.org/pdf/2212.09748



DiT: Scalable Diffusion Models with Transformers

https://arxiv.org/pdf/2212.09748



When Diffusion Models 

Meet …



DIFFUSION-GAN: TRAINING GANS WITH 
DIFFUSION

https://arxiv.org/pdf/2206.02262
Still GAN, but different strategy.

Gradually increase the difficulty by feeding it samples from larger t.



Adversarial Diffusion Distillation

https://arxiv.org/pdf/2311.17042



Latent Adversarial Diffusion Distillation

https://arxiv.org/html/2403.12015



DIFFUSION-GAN: TRAINING GANS WITH 
DIFFUSION

https://arxiv.org/pdf/2206.02262



LPIPS：The Unreasonable Effectiveness of Deep 
Features as a Perceptual Metric

https://arxiv.org/abs/1801.03924



LPIPS：The Unreasonable Effectiveness of Deep 
Features as a Perceptual Metric

https://arxiv.org/abs/1801.03924



LPIPS：The Unreasonable Effectiveness of Deep 
Features as a Perceptual Metric

https://arxiv.org/abs/1801.03924



Distilling Diffusion Models into Conditional GANs

https://arxiv.org/pdf/2405.05967



Distilling Diffusion Models into Conditional GANs

https://arxiv.org/pdf/2405.05967



Distilling Diffusion Models into Conditional GANs

https://arxiv.org/pdf/2405.05967



Distilling Diffusion Models into Conditional GANs

https://arxiv.org/pdf/2405.05967



Recap: Auto-Regressive Models



Autoregressive Image Generation without Vector 
Quantization

https://arxiv.org/pdf/2406.11838



Diffusion Forcing: Next-token Prediction
Meets Full-Sequence Diffusion

https://arxiv.org/pdf/2407.01392


