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Come talk to us!



Grades in context
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• In the bank:
• Project Proposal (5%)
• Midterm Exam (20%)
• HWs (8%)
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• Looking ahead:
• Project (25%)

• Midway Report, Final Report, Presentation

• HWs (12%)
• HW3, HW4, HW5

• Final Exam (30%)
• Lecture Notes (up to +5%)



Your Feedback

Ben Lengerich © University of Wisconsin-Madison 2026

• Thanks for filling out our anonymous feedback form
• Results: 
• Most rate as an average course with solid alignment of lectures, 

homeworks, and exams
• Request for more (visual) examples as we work out theory
• Homework load seems light (good ☺)
• Project: Some people don’t have compute environment figure 

out yet → please reach out!

https://docs.google.com/forms/d/e/1FAIpQLSc2xxzHEqFjr1dajfGL69YzSaSWSL9hYC5d8w29u4I7KCtFdg/viewform?usp=dialog


Generative Models



Last time: Two paths to P(Y|X)
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• Discriminative:

• Learn P 𝑋 𝑌 , P Y
• Calculate 𝑃 𝑋 = ׬

𝑌
𝑃 𝑋, 𝑌 𝑑𝑌 

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Learn P Y XObserve X, Y

• Generative:



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

• Define probabilistic distributions overs a set of variables

• “Deep” means multiple layers of hidden variables!

• 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



Last Time: A Basic Fully-Connected Autoencoder
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Today: Variational Autoencoders
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Define latent dim to follow 
Normal distribution

Enables sampling



Variational Autoencoders (VAEs)



Variational Inference

• The main idea behind variational methods is to pick a family of 
distributions with its own variational parameters,

• Then, find v that makes q close to the 
posterior of interest.

• Use q with the fitted parameters as a 
proxy for the posterior
• e.g., to form predictions about future data 

or to investigate the posterior distribution 
of the hidden variables



Variational Autoencoders

Ben Lengerich © University of Wisconsin-Madison 2026



Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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• Probabilistic decoder and encoder networks



Variational Autoencoders
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encoder network



Variational Autoencoders
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“encoder” decoder our choice of 
variational 
family

our choice 
of prior

not up to us  
our choice of 
variational 
family

Can approximate this 
term with sampling. Can calculate this term exactly 

(if we choose nicely).
Hmm...



Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders

Ben Lengerich © University of Wisconsin-Madison 2026



Variational Autoencoders
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Variational Autoencoders: Generating
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Variational Autoencoders: Generating
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Generative Adversarial Networks (GANs)



Generative Adversarial Nets (GANs)
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https://arxiv.org/abs/1406.2661

https://arxiv.org/abs/1406.2661
https://arxiv.org/abs/1406.2661


Lots of GAN Applications
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Dall-E 2 by OpenAI, April 2022



Lots of GAN Applications

Ben Lengerich © University of Wisconsin-Madison 2026

Imagen by Google, April 2022



Lots of GAN Applications
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Human Faces generated by VAEs Human Faces generated by GANs

https://becominghuman.ai/generative-adversarial-
networks-gans-human-creativity-2fc61283f3f6



Generative Adversarial Nets (GANs)
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• The original purpose is to generate new data

• Classically for generating new images, but applicable to wide range of 
domains

• Learns the training set distribution and can generate new images that 
have never been seen before

• Similar to VAE, and in contrast to e.g., autoregressive models or RNNs 
(generating one word at a time), GANs generate the whole output all 
at once



GAN Training
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Discriminator:

Generator:



GAN Training – An Adversarial Game
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Discriminator: learns to become better at 
distinguishing real from generated images

Generator: learns to generate better images 
to fool the discriminator



GAN Training – Putting it together
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Discriminator:

Generator:



GAN Training – Putting it together
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Discriminator gradient for update (gradient ascent):

We want large probability on 
real images

We want small probability on 
generated images



GAN Training – Putting it together
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Generator gradient for update (gradient descent):

Want discriminator to predict 
poorly on fake images
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Goodfellow, Ian, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, 
Aaron Courville, and Yoshua Bengio. "Generative Adversarial Nets." In Advances in Neural 
Information Processing Systems, pp. 2672-2680. 2014.
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GAN Training – Convergence?

• Converges when Nash-equilibrium (Game Theory concept) is 
reached in the minmax (zero-sum) game

• Nash-equilibrium in Game Theory is reached when the actions of 
one player won't change depending on the opponent's actions

• Here, this means that the GAN produces realistic images and the 
discriminator outputs random predictions (probabilities close to 
0.5)
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GAN Training Problems

• Oscillation between generator and discriminator loss
• Mode collapse (generator produces examples of a particular kind 

only)
• Discriminator is too strong, such that the gradient for the 

generator vanishes and the generator can't keep up

Instead of gradient descent with 

Do gradient ascent with “Non-saturating” GAN
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GAN Training Problems

• Oscillation between generator and discriminator loss
• Mode collapse (generator produces examples of a particular kind 

only)
• Discriminator is too strong, such that the gradient for the 

generator vanishes and the generator can't keep up
• Discriminator is too weak, and the generator produces non-

realistic images that fool it too easily (rare problem, though)
• Sensitive to learning rate and other hyper parameters
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GAN Training Problems

• Lots of Tips & Tricks:

https://github.com/soumith/ganhacks

https://github.com/soumith/ganhacks
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Deep Convolutional GAN

Radford, A., Metz, L., & Chintala, S. (2015). Unsupervised 
representation learning with deep convolutional generative 
adversarial networks. arXiv preprint arXiv:1511.06434.



GANs and VAEs: A Unified View

Bonus



GANs
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• GAN: Implicit distribution over 𝑥 ∼ 𝑝𝜃(𝑥 ∣ 𝑦)

• 𝑥 ∼ 𝑝𝑔𝜃
𝑥 𝑥 = 𝐺𝜃 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)

• 𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎 𝑥

Bonus



GANs: Rewrite in Variational-EM format
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• The familiar “Variational-EM” format:

• Implicit distribution over 𝑥 ∼ 𝑝𝜃 𝑥 ∣ 𝑦 :
𝑥 = 𝐺𝜃 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)

• Discriminator distribution q𝜙 y 𝑥 :
𝑞𝜙

𝑟 𝑦 𝑥 = 𝑞𝜙(1 − 𝑦 ∣ 𝑥)

Bonus



Variational EM vs. GANs
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• Variational EM
• Objectives

• Single objective for both 𝜃 and 𝜙

• Extra prior regularization by 𝑝(𝑧)

• The reconstruction term:
• Maximize the conditional log-likelihood of x 

with the generative distribution 𝑝𝜃 𝑥 𝑧  
conditioning on the latent code 𝑧 inferred by 
𝑞𝜙(𝑧 ∣ 𝑥)

• 𝑝𝜃 𝑥 𝑧  is the generative model

• 𝑞𝜙(𝑧 ∣ 𝑥) is the inference model

• GAN
• Objectives

• Two objectives

• Maximize the conditional log-likelihood 
of y with the distribution 𝑞𝜙(𝑦 ∣
𝑥) conditioning on data/generation x 
from 𝑝𝜃 𝑥 𝑦

• 𝑞𝜙(𝑦 ∣ 𝑥) is the generative model

• 𝑝𝜃 𝑥 𝑦  is the inference model

Bonus



GANs vs VAEs: A Symmetry
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Hu et al. “Unifying Deep Generative Models”

Bonus

https://arxiv.org/abs/1706.00550


GANs vs VAEs: A Symmetry
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Hu et al. “Unifying Deep Generative Models”

Bonus

https://arxiv.org/abs/1706.00550


GANs and Mode Collapse
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Human Faces generated by VAEs Human Faces generated by GANs

https://becominghuman.ai/generative-adversarial-
networks-gans-human-creativity-2fc61283f3f6

Bonus



What to remember

Source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Questions?
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  P  ( X | Y ) ,   P  ( Y )


  P  ( X ) =  ∫ Y  P  (  X , Y ) d Y  


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


  P  ( Y | X )


  𝑷  (  𝑿 , 𝒀 , 𝜽 )


  z


  x


  z


   p 𝜃  ( x ) = ∫  p 𝜃  (  x , z ) d z  


   p 𝜃  (  z ∣ x ) ∝  p 𝜃  (  x ∣ z ) p ( z )  


  x ∼  p 𝜃 ( x ∣ y )


  x ∼  p   g 𝜃  ( x ) ↔ x =  G 𝜃  ( z ) ,   z ∼ p ( z ∣ y = 0 )


  x ∼  p  d a t a  ( x )


  x ∼  p 𝜃  (  x ∣ y ) :


  x =  G 𝜃  ( z ) ,   z ∼ p ( z ∣ y = 0 )


   q 𝜙  ( y ∣ x ) :


   q 𝜙 r  ( y ∣ x ) =  q 𝜙 ( 1 − y ∣ x )


  𝜃


  𝜙


  p ( z )


   p 𝜃  ( x ∣ z )


  z


   q 𝜙 ( z ∣ x )


   p 𝜃  ( x ∣ z )


   q 𝜙 ( z ∣ x )


   q 𝜙 ( y ∣ x )  


   p 𝜃  ( x ∣ y )


   q 𝜙 ( y ∣ x )


   p 𝜃  ( x ∣ y )

