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The “GenAI” Era
Chatbot and natural language conversation,

2023



The “GenAI” Era
Class-to-image generation, 2019

Generated by BigGAN



The “GenAI” Era
Text-to-image generation, 2022

Generated by Latent Diffusion



The “GenAI” Era
Text-to-image generation, 2024

Generated by Stable Diffusion 3 Medium.
Prompt: teddy bear teaching a course, with "generative models" written on blackboard



The “GenAI” Era
Text-to-image generation, 2025

Generated by GPT 4o



The “GenAI” Era

Generated by Sora

Text-to-video generation, 2024



The “GenAI” Era
AI assistant for code generation



The “GenAI” Era

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023

Protein design and generation



The “GenAI” Era

Skilful precipitation nowcasting using deep generative models of radar, Nature 2021

Weather forecasting



Generative Models before the “GenAI” Era

Chen et al. “Generative Pretraining from Pixels”, ICML 2020

2020, image GPT: Fill bottom part of the image



Generative Models before the “GenAI” Era

Pathak, et al., “Context Encoders: Feature Learning by Inpainting”, CVPR 2016

2016, Context Encoder: Fill center part of the image



Generative Models before the “GenAI” Era

PatchMatch: A Randomized Correspondence Algorithm for Structural Image Editing, SIGGRAPH 2009

2009, PatchMatch: Photoshop’s Content-aware Fill



Generative Models before the “GenAI” Era

Texture Synthesis by Non-parametric Sampling, ICCV 1999

1999, the Efros-Leung algorithm for texture synthesis



Generative Models before the “GenAI” Era

Texture Synthesis by Non-parametric Sampling, ICCV 1999

1999, the Efros-Leung algorithm for texture synthesis
In today’s word: this is an Autoregressive model

exempla
r



What are Generative Models? 
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What do these scenarios have in common?

• There are multiple or infinite predictions to 
one input.

• Some predictions are more “plausible” 
than some others.

• Training data may contain no exact 
solution.

• Predictions may be more complex, more 
informative, and higher-dimensional than 
input. Video generation

Protein generation

Image generation
Chatbot



Discriminative vs. Generative models
discriminative

• “sample” x  ⇨ “label” y
• one desired output

model

“dog”

x

y

discriminative



Discriminative vs. Generative models
discriminative

• “sample” x  ⇨ “label” y
• one desired output

generative
• “label” y  ⇨ “sample” x
• many possible outputs

model

“dog”

x

y

discriminative

model

“dog”

y

x

generative



Discriminative vs. Generative models

discriminative



Discriminative vs. Generative models

discriminative generative



Formulating Real-world Problems as Generative Models

• Generative models are about

• Many problems can be formulated as generative models

• The research of generative models is all about accurately modeling
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In a discriminative model, we care about modeling
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What do we mean by modeling 𝒑(𝒙|𝒚)
In a discriminative model, we care about modeling

 
p(y|x)

this is called the posterior — i.e., a probability distribution that 
represents what we believe about some unknown quantity after 

observing the data (x)

typically, we care about finding the most likely value for y given the 
data x. This is called maximum a posteriori estimation

argmax p(y|x)y
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What do we mean by modeling 𝒑(𝒙|𝒚)
In a generative model, we care about modeling

 
p(x|y)

this is called the likelihood — i.e., the probability that we observe some 
data (x) given a different set of parameters/labels (y).

for a generative model, we typical want to synthesize or sample the 
data x following p(x|y).

• models that can estimate p(x|y) are called “explicit generative models”

• models that can only sample from p(x|y) are called “implicit generative 
models”
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Bayes’ Rule
We can model the posterior given the likelihood as
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Bayes’ Rule
We can model the posterior given the likelihood as

posterior

likelihood
prior

a prior could encode, e.g., how common each class label is



Bayes’ Rule
We can model the posterior given the likelihood as

posterior
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Bayes’ Rule
We can model the posterior given the likelihood as

posterior

likelihood

marginal likelihood/data distribution

prior

can explicit generative models be made discriminative?
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• Explicit generative models can be discriminative: Bayes’ rule

generativediscriminative constant for given x

assuming known prior
on label y

• Can discriminative models be generative?

discriminativegenerative
constant for given y

still need to model prior
distribution of data x

• The challenge is about modeling data distributions

Why is it hard?



Formulating Real-world Problems
as Generative Modeling



Formulating Real-world Problems as Generative Models

• Generative models perform (or describe) the synthesis of data
• In other words, generative models are about

What can be y?
• condition
• constraint
• labels
• attributes
…
• more abstract
• less informative 

What can be x?
• “data”
• samples
• observations
• measurements
…
• more concrete
• more informative



Case study: Formulating problems as p(x|y)
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?

• Natural language conversation



Case study: Formulating problems as p(x|y)

y: prompt

x: response of the chatbot

• Natural language conversation



Case study: Formulating problems as p(x|y)

Prompt: teddy bear teaching a course, with 
"generative models" written on blackboard

?

?

• Text-to-image/video generation

Image generated by Stable Diffusion 3 Medium



Case study: Formulating problems as p(x|y)

Prompt: teddy bear teaching a course, with 
"generative models" written on blackboard

y: text prompt

x: generated visual 
content

• Text-to-image/video generation

Image generated by Stable Diffusion 3 Medium



Case study: Formulating problems as p(x|y)

?

?

• Text-to-3D structure generation

Figure credit: Tang, et al. LGM: Large Multi-View Gaussian Model for High-Resolution 3D Content Creation. ECCV 2024



Case study: Formulating problems as p(x|y)

y: text prompt

x: generated 
3D structures

• Text-to-3D structure generation

Figure credit: Tang, et al. LGM: Large Multi-View Gaussian Model for High-Resolution 3D Content Creation. ECCV 2024



Case study: Formulating problems as p(x|y)

y=?
x=?

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023

• Protein structure generation



Case study: Formulating problems as p(x|y)

y: 
condition/constraint

(e.g., symmetry)

x: generated 
protein 

structures

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023

• Protein structure generation



Case study: Formulating problems as p(x|y)

?

?

• Class-conditional image generation

“red fox”

Image generated by: Li, et al. Autoregressive Image Generation without Vector Quantization, 2024



Case study: Formulating problems as p(x|y)

y: class label

x: generated image

• Class-conditional image generation

“red fox”

Image generated by: Li, et al. Autoregressive Image Generation without Vector Quantization, 2024



Case study: Formulating problems as p(x|y)

y: ?

x ?

• “Unconditional” image generation

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurIPS 2022



Case study: Formulating problems as p(x|y)

y: an implicit condition
“images following CIFAR10 
distribution”

x: generated CIFAR10-like 
images

• “Unconditional” image generation

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurIPS 2022

• p(x|y): images ~ CIFAR10
• p(x): all images



Case study: Formulating problems as p(x|y)

y: ? x: ?

• Classification (a generative perspective)

cat

bird

horse

dog



Case study: Formulating problems as p(x|y)

y: an image as the “condition” x: probability of classes
conditioned on the 

image

• Classification (a generative perspective)

cat

bird

horse

dog



Case study: Formulating problems as p(x|y)

y: ?
x: ?• Policy Learning in Robotics

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Case study: Formulating problems as p(x|y)

y: visual and other 
sensory observations

x: policies
(probability of actions)

• Policy Learning in Robotics

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Generative Models
and

Representation Learning



Generative Models and Representation Learning

• Representation learning:

• Learning to represent data instances

• map data to feature: 

• minimize objective: Encodermin
!
𝐿oss(𝑓(𝑥))

Data Representation



Generative Models and Representation Learning

• Representation learning:

• Learning to represent data instances

• map data to feature: 

• minimize objective:

• Generative models:

• Learning to represent probability distributions

• map a simple distribution to a complex one

• minimize loss, so that 𝑝(𝑔 𝑧 )~𝑝 𝑥 	: 

Data Representation

Encodermin
!
𝐿oss(𝑓(𝑥))

Data
Simple Distribution
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min
"
𝐿oss(𝑥, 𝑔(𝑧))



Learning to represent probability distributions
• How to sample complex data distributions 𝑝(𝑥) ?
• Learn the mapping from simple to complex distributions!

data distribution 
simple 
distribution 

to approximate
Data

Simple Distribution
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Learning to represent probability distributions
• How do we “learn” this mapping? What is the loss?

data distribution 
simple 
distribution 

to approximate
Data

Simple Distribution
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Autoencoder
• Recall Autoencoder in representation learning
• We have a compact “representation space”
• We have a decoder that maps a representation to data

Data Representation

Encoder

Data
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Autoencoder
• Recall Autoencoder in representation learning
• We have a compact “representation space”
• We have a decoder that maps a representation to data
• Problem: we still cannot sample this representation

Data Representation

Encoder

Data
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Autoencoder
• Recall Autoencoder in representation learning
• We have a compact “representation space”
• We have a decoder that maps a representation to data
• Problem: we still cannot sample this representation
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distribution 

data distribution 

Reconstruction Loss

Representation
distribution



Variational Autoencoder
• Almost the same as Autoencoder
• Need to regularize the representation distribution, so that it follows a “samplable”

distribution, e.g., Gaussian.
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≈

Representation
distribution

Gaussian

Regularization Loss



Regularization loss

Example: Gaussian prior
• let  
• model               by Gaussian: 

<latexit sha1_base64="KGYLgtsUBSXUEDNOpBTgOKtVjV4="></latexit>

DKL (qf (z|x)→p(z))
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distribution
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qf (z|x)
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qf (z|x)

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Regularization loss

Example: Gaussian prior
• let  
• model               by Gaussian: 
• map x by encoder net: 

network estimates 
distribution’s 
parameters

<latexit sha1_base64="KGYLgtsUBSXUEDNOpBTgOKtVjV4="></latexit>

DKL (qf (z|x)→p(z))
<latexit sha1_base64="GeLjeJ3GeCC47QfLzsS1vptzGkI=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVB71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHz7WM9Q==</latexit>g

Reconstructed
data distribution 

data distribution 

≈

Representation
distribution

Gaussian

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Regularization loss

Example: Gaussian prior
• let  
• model               by Gaussian: 
• map x by encoder net: 
• compute loss analytically: 

network estimates 
distribution’s 
parameters

<latexit sha1_base64="KGYLgtsUBSXUEDNOpBTgOKtVjV4="></latexit>

DKL (qf (z|x)→p(z))
<latexit sha1_base64="GeLjeJ3GeCC47QfLzsS1vptzGkI=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVB71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHz7WM9Q==</latexit>g

Reconstructed
data distribution 

data distribution 

≈

Representation
distribution

Gaussian

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Regularization loss

Example: Gaussian prior
• let  
• model               by Gaussian: 
• map x by encoder net: 
• compute loss analytically: 
• fixed variance 𝜎 = 1 ⇒ L2 loss on

network estimates 
distribution’s 
parameters

<latexit sha1_base64="KGYLgtsUBSXUEDNOpBTgOKtVjV4="></latexit>

DKL (qf (z|x)→p(z))
<latexit sha1_base64="GeLjeJ3GeCC47QfLzsS1vptzGkI=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVB71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHz7WM9Q==</latexit>g

Reconstructed
data distribution 

data distribution 

≈

Representation
distribution

Gaussian

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="db41mXUem1hVrzyzotgUhDc3El8="></latexit>

DKL (qf (z|x)→p(z)) = ||µ||2

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Reconstruction loss

<latexit sha1_base64="GeLjeJ3GeCC47QfLzsS1vptzGkI=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVB71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHz7WM9Q==</latexit>g

Reconstructed
data distribution 

data distribution 

≈

Representation
distribution

Gaussian

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Reconstruction loss

Example: Assume p(x|z)
to be Gaussian

<latexit sha1_base64="GeLjeJ3GeCC47QfLzsS1vptzGkI=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVB71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHz7WM9Q==</latexit>g

Reconstructed
data distribution 

data distribution 

≈

Representation
distribution

Gaussian

<latexit sha1_base64="kCvGVvmVYYJTd8ykBRtYD07YQxg=">AAAB8XicbVDLTsMwENyUVymvAkcuFhVSuVQJ4nWs4MKxSPQh2qhyXKe16jjBdhAl5C+4cAAhrvwNN/4Gt80BWkZaaTSzq90dL+JMadv+tnILi0vLK/nVwtr6xuZWcXunocJYElonIQ9ly8OKciZoXTPNaSuSFAcep01veDn2m/dUKhaKGz2KqBvgvmA+I1gb6faum/hp+fHp4bBbLNkVewI0T5yMlCBDrVv86vRCEgdUaMKxUm3HjrSbYKkZ4TQtdGJFI0yGuE/bhgocUOUmk4tTdGCUHvJDaUpoNFF/TyQ4UGoUeKYzwHqgZr2x+J/XjrV/7iZMRLGmgkwX+TFHOkTj91GPSUo0HxmCiWTmVkQGWGKiTUgFE4Iz+/I8aRxVnNPKyfVxqXqRxZGHPdiHMjhwBlW4ghrUgYCAZ3iFN0tZL9a79TFtzVnZzC78gfX5A4YjkNU=</latexit>

qf (z|x)

<latexit sha1_base64="05Iy/+2IvowFSvNQUWdX2W7aVhE=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA9IljA7mU2GzMwuM7NCXPILXjwo4tUf8ubfOJvsQRMLGoqqbrq7gpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Dbz249UaRbJBzOJqS/wULKQEWwyKa4+nfbLFbfmzoCWiZeTCuRo9MtfvUFEEkGlIRxr3fXc2PgpVoYRTqelXqJpjMkYD2nXUokF1X46u3WKTqwyQGGkbEmDZurviRQLrScisJ0Cm5Fe9DLxP6+bmPDaT5mME0MlmS8KE45MhLLH0YApSgyfWIKJYvZWREZYYWJsPCUbgrf48jJpndW8y9rF/XmlfpPHUYQjOIYqeHAFdbiDBjSBwAie4RXeHOG8OO/Ox7y14OQzh/AHzucPge+N5w==</latexit>

p(z)

Variational Autoencoder



Reconstruction loss

Example: Assume p(x|z)
to be Gaussian
• we approximate the expectation with a single sample drawn from qf(z|x)
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Reconstruction loss

Example: Assume p(x|z)
to be Gaussian
• we approximate the expectation with a single sample drawn from qf(z|x)
• model each pixel as independent with its own mean and constant variance
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Reconstruction loss

Example: Assume p(x|z)
to be Gaussian
• we approximate the expectation with a single sample drawn from qf(z|x)
• model each pixel as independent with its own mean and constant variance
• then the reconstruction loss reduces to simple L2 loss
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you’ll derive and implement in your homework!
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Variational Autoencoder

Inference (generation):
• sample z from:
• map z by decoder net

Decoder is a deterministic mapping from one distribution to another.

decoder



Example: 2D latent space on MNIST

“Convolutional Variational Autoencoder” 
https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/generative/cvae.ipynb
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Overview
• Introduction

• What can Generative Models do?
• What are Generative Models?
• Generative models and representation learning

• Generative Models: Concepts and Recent Frontiers
• Variational Autoencoders (VAE)
• Diffusion models

• Embedded Ethics
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Training objective
• Denoising reconstruction loss
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Reverse process
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Training objective
• Denoising reconstruction loss

you’ll derive these equations in your homework!
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Diffusion Models... in a nutshell

Forward process: add noise

datanoise

xT is just standard normal distribution!
x0 is also standard normal with zero variance 
and mean equal to the image pixel values!

so we can just add noise to the input image to find 
xt for any value of t!
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Diffusion Models... in a nutshell

Reverse process: denoise

datanoise

reversing is a little bit harder — but we can show that if you know xt and x0 
you can find an expression for xt-1 (i.e., the ”slightly denoised image”) analytically
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Denoising Network
𝒈

min
"
||𝑔 𝑥# − 𝑥$||%



Diffusion Models... in a nutshell
datanoise

Denoising Network
𝒈

min
"
||𝑔 𝑥# − 𝑥$||%

in practice the denoising network predicts 
the noise that was added — not the image
you’ll show this in your homework!



Example: Unconditional Generation on CIFAR-10

noise
xT

generated
x0

[Ho et al, 2020] 



Overview
• Introduction

• What can Generative Models do?
• What are Generative Models?
• Generative models and representation learning

• Generative Models: Concepts and Recent Frontiers
• Variational Autoencoders (VAE)
• Diffusion models

• Embedded Ethics
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Warm-up activity

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html

Samples from CelebA-HQ Dataset
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Warm-up activity

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html

Small group discussions
• What groups are not represented in this dataset?
• What is this dataset not useful for? 
• What is this dataset useful for?



source images

stylized imagesreference

Image stylization with CelebA-HQ

[Choi et al. ‘20]
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Projecting images onto CelebA-HQ models

[Esser et al. ‘20]
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image generation in 2024
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reddit u/nwerdnerd
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image generation in 2025
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Ethics of Bias & Discrimination
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Mitigation Strategies
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Collect Better Datasets?

• All datasets are finite attempts at sampling a distribution

• Deep learning models used to obtain SOTA results on standard 
benchmarks are typically trained on hundreds of thousands to 
billions of training examples

• It is not always practical to collect representative examples of this 
size from various populations to include in the training data
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Other mitigation strategies

• Train on balanced dataset, 
finetune on biased dataset to 
reduce chances of overfitting
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Other mitigation strategies

• Train on balanced dataset, 
finetune on biased dataset to 
reduce chances of overfitting

• Leverage labeled and unlabeled 
data to reduce sampling bias, 
increase size of dataset

• Data augmentation, re-balancing

• Evaluate on multiple datasets, 
balanced test sets 

• … (potentially many others!)
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Takeaways

• dataset bias & mitigations still 
active research area!

• not only algorithmic performance, 
there are ethical implications

• depends both on data, but model
architecture and even hyperparameter
choices can all play a role



159

Next time: Digital Photography


