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2Introduction

Challenge: understand complex data?

Computer Vision

Natural Language Processing Robotics

Computational Speech

(Some slides were borrowed from Prof. Stefano Ermon, Stanford Univ.)



3Introduction

Richard Feynman: “What I cannot create, I do not understand”

Generative model: “What I understand, I can create”



4Generative model

How to enable a machine to generate an image?

Many generative models have: generation + inference

Generation (sinh) Inference (suy luận)

Cube(color=blue, position=(x,y,z), size=…)

Cylinder(color=red, position=(x’,y’,z’), size=...) 

High-level 

description

Raw output



5Generative model

Generative models are trained from data

Prior knowledge is often useful

Prior knowledge

(about Physics, Chemistry, …)

+
Data

(e.g.: pictures about rooms)

Data Prior knowledge
Gen models

…



6Statistical generative model

Statistical generative model is a probability distribution P(x)

 Data: examples/samples (e.g., pictures about rooms)

 Prior knowledge: distribution shape (e.g., Gaussian?), loss function (e.g., likelihood?), 

training method, …

Generation: sample from P(x)

probability p(x)
Distribution

P(x)
x

…



Simulation system

Simulation system Data
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Building a generative system

Generative 

system
New dataControl signal
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Building a generative system

Generative 

system

Probability value

New data
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Control signal

Potential data samples



Building a generative system

Generative system
= Statistical generative model

New data
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Control signal

Potential data samples Probability value



Building a generative system

Generative system
= Statistical generative model

= Generative model

New data
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Control signal

Potential data samples Probability value



Building a generative system

Mô hình sinh

(Generative model)

Potential data samples

New data
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Control signal

Probability value



13Discriminative vs. generative models

Given an image X. 

Target: Decision boundary 

E.g.: SVM, CNN, …

Discriminative: Dinning room > < Bedroom Generative: generate X

Target: Joint distribution of X & Y

P(Y = Bedroom | X=              ) = 0.0001

P(Y = Bedroom , X=               ) = 0.0002

… …

Y=B , X=  

Y=B , X= 

Y=D , X=  

Y=D , X= 

Y=B , X= Y=D , X= 



14Discriminative vs. generative models

P(Y = Bedroom | X =                  )

P(Y = Bedroom | X=                      ) = 

P(Y = Bedroom, X=                 )

P( X =              )

Bayes’ rule:

Discriminative model: Since Y is simple and X is given, we do not consider P(X)

 Those models may not work with cases of missing data



Image and caption

Caption: lychee-inspired spherical chair

P(image | caption)
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 Caption: a small hedgehog 
holding a piece of watermelon

(DALLE-3)



16Conditional generative model

We can generate samples towards a given preference or desire

Given information in Y, we can generate samples with some desired properties

A discriminative model is a simple example of conditional generative model

P(X=              | Caption = “A black table with 6 chairs”)

P(X=              | Y = Bedroom)

P(Y = Bedroom | X=               ) 



17Models for image: GANs

Ian Goodfellow, 2019 



18Models for image: Diffusion Models

Ho, J., Jain, A., & Abbeel, P. (2020). 

Denoising diffusion probabilistic 

models. In NeurIPS.



19Text2Image Diffusion Models

 Text:

 An astronaut riding a horse



20Text2Image Diffusion Models

 Text:

 A perfect Italian meal



DALLE-3 21

 Text:

 A minimap diorama of 

a cafe adorned with 

indoor plants. Wooden 

beams crisscross 

above, and a cold 

brew station stands 

out with tiny bottles 

and glasses

https://openai.com/index/dall-e-3/



Some applications: Art

Generate

Stroke paintings to realistic images
[Meng, He, Song, et al., ICLR 2022]

“Ace of Pentacles”

Language-guided artwork creation
https://chainbreakers.kath.io  @RiversHaveWings

Generate

Generative model 

of realistic images

Generative model 

of paintings

22

https://chainbreakers.kath.io/


Some applications: Outlier detection

Outlier detection in traffic signs
[Song et al., ICLR 2018]

High 

probability
Low 

probability
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Unhealthy detection in medical images
[Nguyen et al., 2024]



Menon et al, 2020 Liu al, 2018

Antic, 2020

P(high resolution | low resolution) P(full image| mask)

P(color image| greyscale)

Some applications: Inverse problems

 Invert a generative process of a 

sample

24



Some applications: Inverse problems

 Input

25

sketch

output



Some applications: Inverse problems 26



Kawar et al., 2023

Some applications: Inverse problems 27



28Some applications: WaveNet

A model for speech generation

van den Oord et al, arXiv:1609.03499, 2016

Parametric

Concatenative

WaveNet

Text to Speech

Music



29Some applications: Diffusion Text2Speech

Diffusion model for speech

Betker, Better speech synthesis through scaling, arXiv:2305.07243, 2023



30Some applications: Audio Super Resolution

Conditional generative model  P(high-res signal | low-res audio signal)

Low res signal

High res audio signal

Kuleshov et al., 2017



Some applications: Language generation

Radford et al., 2019

Demo from talktotransformer.comP(next word | previous words)

31



Some applications: Language generation -- ChatGPT 32



Some applications: Code generation

OpenAI Codex

33



Some applications: Video generation

Create video by providing a short description

a couple sledding down a snowy hill 

on a tire roman chariot style

34



Some applications: Video 35



36Some applications: Imitation

Conditional model: P(actions | past observations)

Li et al., 2017 
Janner et al., 2022 



Some applications: Materials 37



Some applications: … 38

 Many more

 Text to song

 Text to room design

 Text to house design

 Image to text

 Image to translated text, …
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