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Your Feedback
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• Thanks for filling out our anonymous Google Form
• Results: 

• Range of feedback on lecture pace (some want 
faster, some want slower)

• Project: Some people don’t have compute 
environment figure out yet → please reach out!

• Final exam should be more predictable than 
midterm exam

• CNNs most confusing aspect so far

https://docs.google.com/forms/d/e/1FAIpQLSef-Dm8v_qAG1DjZJOafg2VgOCF-D7crmB_vKJZXxi6AHFnZg/viewform?usp=dialog


Generative Models



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:



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)



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



Autoencoders



Overarching goals
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Unsupervised learning (no labeled examples)

• Finding the subspace/manifold of data distribution

• Visualizing data in high dimensions

• Sampling and generating new examples



Autoencoders
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෤𝑥 = 𝑓 ℎ = 𝑓 𝑔 𝑥

[Michelucci 2022]

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


Why reduce dimensionality?

Ben Lengerich © University of Wisconsin-Madison 2025

• Reduce computation cost of downstream tasks.

• Improve statistical stability of downstream tasks.

• Learn to generate samples (variational autoencoders).



Why reduce dimensionality?
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• Reduce computation cost of downstream tasks.

• Improve statistical stability of downstream tasks.

• Learn to generate samples (variational autoencoders).

• Denoise observations.

Gondara, L. (2016, December). Medical image denoising using convolutional denoising autoencoders. In 
2016 IEEE 16th International Conference on Data Mining Workshops (ICDMW) (pp. 241-246). IEEE.

What if we train our 
autoencoder on data with 
intentionally-added noise?



A Basic Fully-Connected Autoencoder
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A Basic Fully-Connected Autoencoder
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A Basic Fully-Connected Autoencoder
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Question:
If we can achieve the same 
with PCA, why bother with 
autoencoders?



Often
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Ignore this part

Can use latent 
embedding as 
input for 
downstream 
ML tasks



A Simple Autoencoder for MNIST Data
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https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb

https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb
https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb
https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb
https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb
https://github.com/rasbt/deeplearning-models/blob/master/pytorch_ipynb/autoencoder/ae-basic.ipynb


Autoencoder Variants



Denoising Autoencoders
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Add dropout after the 
input, or add noise to the 
input to learn to denoise 
inputs



Autoencoders and Dropout

Ben Lengerich © University of Wisconsin-Madison 2025

Add dropout layers to 
force the network to learn 
redundant features



Sparse Autoencoders
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Add L1 penalty to the loss 
to learn sparse feature 
representations



Sparse Autoencoders
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Useful for post-
hoc 
interpretability



Variational Autoencoders
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Define latent dim to follow 
Normal distribution

Enables sampling



Variational Autoencoders (VAEs)



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
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders: Reparameterization Trick
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Variational Autoencoders: Reparameterization Trick
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Variational Autoencoders: Reparameterization Trick
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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
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Variational Autoencoders
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Variational Autoencoders: Generating
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Variational Autoencoders: Generating
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Questions?
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