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Today
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• Diffusion Models



Generative and Discriminative Models
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• Generative:
• Models the joint distribution P(𝑋, 𝑌).

• Discriminative:
• Models the conditional distribution P(𝑌|𝑋).

X

Y

P(X,Y)

P(Y|X=x) P(Y|X=x)



Where we’re going: Deep Generative Models
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Discriminative Model (what we’ve seen so far)

Cat or dog?

Generative Model (what we’re going to see)



Modern Deep Generative Models (DGMs)

Ben Lengerich © University of Wisconsin-Madison 2025

• Goal: Generative models of the form 𝑷 𝑿, 𝒀, 𝜽  without strong 
simplifying assumptions.

• Hidden structure 𝑧 that explains high-dim. 𝑥

• Fundamental challenge: We never observe 𝑧

• This makes two core computations difficult:

• Marginal likelihood: 𝑝𝜃 𝑥 = ∫ 𝑝𝜃 𝑥, 𝑧 𝑑𝑧 

• Posterior inference: 𝑝𝜃 𝑧 ∣ 𝑥 ∝ 𝑝𝜃 𝑥 ∣ 𝑧 𝑝(𝑧) 

• Each type of DGM makes a tradeoff



Autoencoders

Ben Lengerich © University of Wisconsin-Madison 2025

෤𝑥 = 𝑓 ℎ = 𝑓 𝑔 𝑥

[Michelucci 2022]

https://arxiv.org/pdf/2201.03898
https://arxiv.org/pdf/2201.03898


Variational Autoencoders
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Define latent dim to follow 
Normal distribution

Enables sampling



Generative Adversarial Networks
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Discriminator:

Generator:



Summary
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Property VAE GAN

What we specify Prior p 𝑧 , Likelihood 𝑝𝜃(𝑥 ∣ 𝑧) Prior p 𝑧 , Generator 𝐺𝜃(𝑧)

Induced 𝑝(𝑥)
𝑝𝜃 x =  න

𝑧

𝑝𝜃 𝑋 𝑧 𝑝 𝑧 𝑑𝑧 𝑝𝜃 x = න
𝑧

𝑝𝜖 𝑥 − G𝜃 z p z dz

Simplifying 
assumption

Choose a restricted variational posterior 
𝑞𝜙(𝑧 ∣ 𝑥)

Replace NLL with a distributional 
discrepancy on samples 

(adversarial/IPM).

Training 
objective

ELBO:

𝐸𝑞 log 𝑝𝜃 𝑥 𝑧 − 𝐾𝐿(𝑞𝜙(𝑧 ∣ 𝑥) 𝑝 𝑧

Minimax fooling discriminator

What’s ignored 
from 𝑝𝜃 𝑥

𝐾𝐿(𝑞𝜙(𝑧 ∣ 𝑥) 𝑝𝜃 𝑧 ∣ 𝑥 All of NLL: log 𝑝𝜃 𝑥 isn’t evaluated or 
maximized.

Modes Covering Collapse

Generated 
Samples

Blurry Realistic

Training Relatively robust Fragile



Diffusion Models



Overview and comparison of generative models
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Diffusion
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Diffusion models: forward pass
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Diffusion models: reverse pass
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Diffusion models: generating a new sample
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Should we really run this process on pixels?
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Latent Diffusion



Stable Diffusion: Add Text Conditioning
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Latent Diffusion

Text



Stable Diffusion: Modern Image Generators
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More reading
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

https://theaisummer.com/diffusion-models/
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Summary
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Property VAE GAN Diffusion

What we 
specify

Prior p 𝑧 , Likelihood 𝑝𝜃(𝑥 ∣ 𝑧) Prior p 𝑧 , Generator 𝐺𝜃(𝑧) Fixed forward noising 𝑞(𝑥𝑡 ∣
𝑥 𝑡−1 ); learn reverse p𝜃(𝑥𝑡−1 ∣ 𝑥𝑡)

Induced 𝑝(𝑥)
𝑝𝜃 x =  න

𝑧

𝑝𝜃 𝑋 𝑧 𝑝 𝑧 𝑑𝑧
𝑝𝜃 x

= න
𝑧

𝑝𝜖 𝑥 − G𝜃 z p z dz

𝑝𝜃 x

= ∫ 𝑝 𝑥𝑇 ෑ

𝑡

𝑝𝜃 𝑥𝑡−1 𝑥𝑡 𝑑𝑥 

Simplifying 
assumption

Choose a restricted variational 
posterior 𝑞𝜙(𝑧 ∣ 𝑥)

Replace NLL with a 
distributional discrepancy 

on samples 
(adversarial/IPM).

Fix forward noise 𝑞; and optimize a 
variational bound on − log 𝑝𝜃 𝑥0 .

Training 
objective

ELBO:

𝐸𝑞 log 𝑝𝜃 𝑥 𝑧 − 𝐾𝐿(𝑞𝜙(𝑧

∣ 𝑥) 𝑝 𝑧

Minimax fooling 
discriminator

VLB / score matching: with 
Gaussian schedules reduces to 

𝔼𝑡,𝑥0,𝜖[𝑤 𝑡 ∥ 𝜖 − 𝜖𝜃 𝑥𝑡 𝑡 ∥2]

What’s 
ignored from 
𝑝𝜃 𝑥

𝐾𝐿(𝑞𝜙(𝑧 ∣ 𝑥) 𝑝𝜃 𝑧 ∣ 𝑥 All of NLL: log 𝑝𝜃 𝑥 isn’t 
evaluated or maximized.

Exact NLL not computed; optimize a 
variational upper bound on NLL 

(equivalently lower bound on 
log 𝑝 ) ; practical losses often 

reweight or drop constants from 
the exact VLB.

Modes Covering Collapse Covering



Questions?
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