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Recap Unsupervised Learning

• Aims:
• Exploratory data analysis
• Leverage unlabeled data (e.g., for feature learning)

• Some unsupervised tasks:
• (Hard) Clustering
• Topic modeling (soft clustering)
• Dimensionality reduction
• Generative modeling

• Not cleanly distinguished from supervised learning by methodology
• Weird nugget: Whether what we are doing is “unsupervised” often 

hangs precariously on what we choose to call a “label”)



Generative AI section of the class

• Generative AI today is a weird category
• Pulls together two separate concerns

1. Web-scale unsupervised (or loosely supervised) training.
2. Generative models, that produce not just point predictions of class labels, 

regression targets, but representing distributions over complex media 
artifacts (documents, images)
a) Unsupervised learning
b) Distribution learning
c) Latent variable modeling
d) Dimensionality reduction



Foundation models 

• Web-scale unsupervised learning 
• Products à surprisingly general-purpose models used for many 

downstream tasks
• Single model, unsupervised learning on massive amountso f 

unstructured data used in many downstream tasks
• Examples: 

• Language models:
• state of the art: GPT–4, PaLM2, Claude2
• state of open source: LLaMA2, Zephyr, Falcon, MPT

• TextàImage models: Midjourney, Stable Diffusion, DALL-E 3
• Joint-embedding models: CLIP, Open-CLIP



Genera;ve Modeling 101

• A generaGve model on X1, … , Xn is a staGsGcal model of the joint 
distribuGon of all modeled variables P(X1, …, Xn)
• Classic generaGve models: 

• Gaussian Mixture Models
• ProbabilisPc graphical models 

• Directed Acyclic Graphs (DAGs)
• Hidden Markov Models (HMMs)
• Markov Random Fields (MRFs)

• Classic intro to (un)supervised learning “given {(x, y)}” vs “given {(x)}”
• But with generaPve modeling, any xj, can be your “y”
• Different interpretaPon: we’re not given less, but rather asked to do more



Generative vs Discriminative Modeling

• Discriminative models focus on a particular conditional p(y|x)
• Typically, we only care about getting a point estimate, most likely  
• With generative models we typically want to “learn the distribution”
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A very simple generative models 

• Data consists of a single binary feature
• Draw some data from the real world 

• Pose an appropriately expressive model of the data distribution

• Estimate the parameters of the model:

• Now we can draw synthetic data from our generative model:

<latexit sha1_base64="u1hgfWhhz8DK8FgngSNPgBqpeo8="></latexit>

D = {x1, ..., xn} ⇠ Bernoulli(✓)

<latexit sha1_base64="8FWkZcipr9gVp0mQSZ4/e9704JQ=">AAACC3icbVDLSsNAFJ3UV42vqEs3Q4vgooREfG2Eoi5cVrAPaEKYTKft0MkkzEykJWTvxl9x40IRt/6AO//GpM1CWw9cOJxzL/fe40eMSmVZ31ppaXllda28rm9sbm3vGLt7LRnGApMmDlkoOj6ShFFOmooqRjqRICjwGWn7o+vcbz8QIWnI79UkIm6ABpz2KUYqkzyj4gRIDTFiyU0KL6GTjD27Bk3TrMGxx50U6rpnVC3TmgIuErsgVVCg4RlfTi/EcUC4wgxJ2bWtSLkJEopiRlLdiSWJEB6hAelmlKOASDeZ/pLCw0zpwX4osuIKTtXfEwkKpJwEftaZXy7nvVz8z+vGqn/hJpRHsSIczxb1YwZVCPNgYI8KghWbZARhQbNbIR4igbDK4stDsOdfXiStY9M+M0/vTqr1qyKOMjgAFXAEbHAO6uAWNEATYPAInsEreNOetBftXfuYtZa0YmYf/IH2+QO+f5hL</latexit>

D = {x1, ..., xn}

<latexit sha1_base64="Vul1Ezbzf76vHfNDsFDKe/5+FkI="></latexit>

✓̂MLE(D) =
1

n

nX

i=1

xi

<latexit sha1_base64="So2NkY+qKyMX/eD3N94iHl9hEds=">AAACHHicbVDLSgNBEJz1bXxFPXoZDKKCLLu+j6IXjwpGhWxYZicdM2RmdpnplYQlH+LFX/HiQREvHgT/xknMwVdBQ1HVTXdXkklhMQg+vJHRsfGJyanp0szs3PxCeXHp0qa54VDlqUzNdcIsSKGhigIlXGcGmEokXCXtk75/dQvGilRfYDeDumI3WjQFZ+ikuLxTdGKxvkV939+inVit92hkhaIRQgeLYzA6zaUUvY2oxTDCFiDbjMuVwA8GoH9JOCQVMsRZXH6LGinPFWjkkllbC4MM6wUzKLiEXinKLWSMt9kN1BzVTIGtF4PnenTNKQ3aTI0rjXSgfp8omLK2qxLXqRi27G+vL/7n1XJsHtYLobMcQfOvRc1cUkxpPynaEAY4yq4jjBvhbqW8xQzj6PIsuRDC3y//JZfbfrjv753vVo6Oh3FMkRWySjZISA7IETklZ6RKOLkjD+SJPHv33qP34r1+tY54w5ll8gPe+yfGxKCl</latexit>

x0
i, ..., x

0
m ⇠ Bernoulli(✓̂)



Slightly more interesting: GMM



Some Familiar Generative Models

Bayes nets Markov Random Fields



Things We Can Might do w Generative Models

• Density estimation: assessing the likelihood p(x)
• Sampling: draw data according to learned distribution x ~ p(x)
• Inference:

• Compute arbitrary marginal likelihoods p(x1=a, x3=b, x7=c)
• Compute arbitrary conditional likelihoods p(x10=a|x3=b, x17=c)



Can’t Always Have it All

• Some models make some operations easy but others hard
• For DAGs:

• Sampling is easy
• Exact likelihood calculation for a fully observed data point is easy
• General marginalization / conditional inference is in general hard
• Typically, people rely on approximate inference algorithms

• For MRFs
• Expressive set of conditional independencies
• Exact inference is #P-complete, generally intractable 
• Approximated with MCMC methods



Deep Latent Generative Model
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key idea: sample z from some “nice” distribu=on, learn a mapping from z ~ p(z) to samples G(z) ~ pdata(x)



Dominant Methods 

• Variational Autoencoders
• Generative Adversarial Networks 
• Normalizing flows, score matching, deep diffusion



Super-resolution (Ledig et al. 2017)

https://arxiv.org/pdf/1609.04802.pdf


Infilling

Yeh et al. 2016 Yu et al 2019

https://arxiv.org/pdf/1607.07539.pdf
https://arxiv.org/abs/1806.03589


Instantaneous Illustra;ons to Spec
“computer droid with giant funny eyeballs”

(Google Imagen)DALL-E3 (via ChatGPT)



Autoencoders

1. Map the input to a compact representation z 
2. Use the representation z to reconstruct the input
3. Can learn encoder & decoder mappings without any labels
4. Learned z picks up the most important factors of variation

Encoder z Decoder



Autoencoders, abstractly

Encoder Decoder
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Neural Network Autoencoders

• Typically trained to reduce dimensionality
• Intuition: 

• Learn compact (non-linear) representation
• Captures important factors of variation

• Objective: minimize reconstruction error (like PCA!)
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Autoencoders for Semi-supervised Learning

1. Fit an autoencoder using unlabeled data

2. Wrap compose the encoder with a task-appropriate output layer
(with randomly initialized parameters):

3. Starting from this initialization, optimize on new task-specific data
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Variant: Denoising Autoencoders

• Encode input
• Randomly drop hidden nodes
• Reconstruct from corrupted code 
• Denoising makes representaGon 

learning non-trivial
• Requires redundancy in latent z

“Extracting and Composing Robust Features with Denoising Autoencoders” Vincent et al., ICML 2008 

https://www.cs.toronto.edu/~larocheh/publications/icml-2008-denoising-autoencoders.pdf


Variant: Sparse Autoencoders

• Have large number of hidden nodes but coerce sparsity in latent code
• Methods:

1. k-sparse autoencoder: clamp all but k-highest hidden values to 0
2. Relaxed sparse autoencoder: train with regularization loss to flush high 

fraction of hidden nodes to 0



Why Not Sample from a Vanilla Autoencoder?

Blog post by Aqeel Anwar 2021 Blog post by Irhum Shafkat 2018

https://towardsdatascience.com/difference-between-autoencoder-ae-and-variational-autoencoder-vae-ed7be1c038f2
https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf


Autoencoder Latent Space 

Blog post by Irhum Sha\at 2018

https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf


VAE vs Autoencoder Latent Space Visualized

Blog post by Aqeel Anwar 2021

https://towardsdatascience.com/difference-between-autoencoder-ae-and-variational-autoencoder-vae-ed7be1c038f2


Variational Autoencoder

NN encoder NN decoder
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Auto-Encoding Variational Bayes (Kingma & Welling 2013)
Stochastic Backpropagation and Approximate Inference in Deep Generative Models (Rezende et al. 2014)
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q✓
<latexit sha1_base64="PjgahRINUE6cY679VFR/O9HYlkY=">AAAB7XicjVDLSgMxFL3xWeur6tJNsAiuyoz4WhbduKxgH9AOJZNm2thMEpKMUIb+gxsXirj1f9z5N6aPhYqCBy4czrmXe++JteDWBcEHWlhcWl5ZLawV1zc2t7ZLO7sNqzJDWZ0qoUwrJpYJLlndcSdYSxtG0liwZjy8mvjNe2YsV/LWjTSLUtKXPOGUOC81dLejB7xbKoeVYAr8NynDHLVu6b3TUzRLmXRUEGvbYaBdlBPjOBVsXOxklmlCh6TP2p5KkjIb5dNrx/jQKz2cKONLOjxVv07kJLV2lMa+MyVuYH96E/E3r5255CLKudSZY5LOFiWZwE7hyeu4xw2jTow8IdRwfyumA2IIdT6g4v9CaBxXwrPK6c1JuXo5j6MA+3AARxDCOVThGmpQBwp38ABP8IwUekQv6HXWuoDmM3vwDejtE6J6jy8=</latexit>

p�

https://arxiv.org/abs/1312.6114
https://proceedings.mlr.press/v32/rezende14.html


Inferring the latent Code

NN encoder

<latexit sha1_base64="oHI4GPTq8zSqoFNqmzdbE2Vr+XY=">AAAB7nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOYBZIh9HR6kiY9PU13jRiGfIQXD4p49Xu8+Td2loOKgg8KHu9VUVUv0lJY9P0Pb2FxaXlltbBWXN/Y3Nou7ew2bJoZxusslalpRdRyKRSvo0DJW9pwmkSSN6Ph1cRv3nFjRapucaR5mNC+ErFgFJ3U7Awo5vfjbqkcVPwpyN+kDHPUuqX3Ti9lWcIVMkmtbQe+xjCnBgWTfFzsZJZryoa0z9uOKppwG+bTc8fk0Ck9EqfGlUIyVb9O5DSxdpRErjOhOLA/vYn4m9fOML4Ic6F0hlyx2aI4kwRTMvmd9IThDOXIEcqMcLcSNqCGMnQJFf8XQuO4EpxVTm9OytXLeRwF2IcDOIIAzqEK11CDOjAYwgM8wbOnvUfvxXudtS5485k9+Abv7RO34Y/W</latexit>

x̂<latexit sha1_base64="BtA8NlWo0LE8g2dAvJgw7ybDs1g=">AAAB6HicjVDLSgNBEOyNrxhfUY9eBoPgKeyKUY9BLx4TMA9IljA76U3GzM4uM7NiWPIFXjwo4tVP8ubfOHkcVBQsaCiquunuChLBtXHdDye3tLyyupZfL2xsbm3vFHf3mjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsYXU391h0qzWN5Y8YJ+hEdSB5yRo2V6ve9YskruzOQv0kJFqj1iu/dfszSCKVhgmrd8dzE+BlVhjOBk0I31ZhQNqID7FgqaYTaz2aHTsiRVfokjJUtachM/TqR0UjrcRTYzoiaof7pTcXfvE5qwgs/4zJJDUo2XxSmgpiYTL8mfa6QGTG2hDLF7a2EDamizNhsCv8LoXlS9s7KlfppqXq5iCMPB3AIx+DBOVThGmrQAAYID/AEz86t8+i8OK/z1pyzmNmHb3DePgHt3o0J</latexit>

x

<latexit sha1_base64="BAPzaOwZdzaMhN0i09he9oIGPtQ=">AAAB6nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOaBZIh9HR6kibdPUN3jRCGfIIXD4p49Yu8+Td2loOKgg8KHu9VUVUvSqWw6Psf3sLi0vLKamGtuL6xubVd2tlt2CQzjNdZIhPTiqjlUmheR4GSt1LDqYokb0bDq4nfvOfGikTf4SjloaJ9LWLBKDrptqOybqkcVPwpyN+kDHPUuqX3Ti9hmeIamaTWtgM/xTCnBgWTfFzsZJanlA1pn7cd1VRxG+bTU8fk0Ck9EifGlUYyVb9O5FRZO1KR61QUB/anNxF/89oZxhdhLnSaIddstijOJMGETP4mPWE4QzlyhDIj3K2EDaihDF06xf+F0DiuBGeV05uTcvVyHkcB9uEAjiCAc6jCNdSgDgz68ABP8OxJ79F78V5nrQvefGYPvsF7+wRlA43j</latexit>

µ

<latexit sha1_base64="Ui6/yEkbNrLYISLPSvRkE6wPLyc=">AAAB7XicjVDJSgNBEK12jXGLevTSGARPYUbcjkEvHiOYBZIh9HR6kja9DN09QhjyD148KOLV//Hm39hZDioKPih4vFdFVb04Fdy6IPhAC4tLyyurhbXi+sbm1nZpZ7dhdWYoq1MttGnFxDLBFas77gRrpYYRGQvWjIdXE795z4zlWt26UcoiSfqKJ5wS56VGx/K+JN1SOawEU+C/SRnmqHVL752epplkylFBrG2HQeqinBjHqWDjYiezLCV0SPqs7akiktkon147xode6eFEG1/K4an6dSIn0tqRjH2nJG5gf3oT8TevnbnkIsq5SjPHFJ0tSjKBncaT13GPG0adGHlCqOH+VkwHxBDqfEDF/4XQOK6EZ5XTm5Ny9XIeRwH24QCOIIRzqMI11KAOFO7gAZ7gGWn0iF7Q66x1Ac1n9uAb0NsnpASPMA==</latexit>

�

<latexit sha1_base64="EIOCaoDp5BsX1zcLTybSoUTvgEw=">AAAB6HicjVDLSgNBEOyNrxhfUY9eBoPgKeyKUY9BLx4TMA9IljA76U3GzM4uM7NCXPIFXjwo4tVP8ubfOHkcVBQsaCiquunuChLBtXHdDye3tLyyupZfL2xsbm3vFHf3mjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsYXU391h0qzWN5Y8YJ+hEdSB5yRo2V6ve9YskruzOQv0kJFqj1iu/dfszSCKVhgmrd8dzE+BlVhjOBk0I31ZhQNqID7FgqaYTaz2aHTsiRVfokjJUtachM/TqR0UjrcRTYzoiaof7pTcXfvE5qwgs/4zJJDUo2XxSmgpiYTL8mfa6QGTG2hDLF7a2EDamizNhsCv8LoXlS9s7KlfppqXq5iCMPB3AIx+DBOVThGmrQAAYID/AEz86t8+i8OK/z1pyzmNmHb3DePgHw5o0L</latexit>

z

<latexit sha1_base64="iM1AjjFj6rsRqyKDdh5QviC478M="></latexit>

z ⇠ N (µ✓(x), diag(�
2
✓(x)))

<latexit sha1_base64="4Oe4WUy6Ya7cspgXwiO2n/mjvyM=">AAAB73icjVDJSgNBEK2JW4xb1KOXxiB4ChNxOwa9eIxgFkiG0NOpSZr0LOmuEcKQn/DiQRGv/o43/8bOclBR8EHB470qqur5iZKGXPfDyS0tr6yu5dcLG5tb2zvF3b2GiVMtsC5iFeuWzw0qGWGdJClsJRp56Cts+sPrqd+8R21kHN3ROEEv5P1IBlJwslJr1O3QAIl3i6VK2Z2B/U1KsECtW3zv9GKRhhiRUNyYdsVNyMu4JikUTgqd1GDCxZD3sW1pxEM0Xja7d8KOrNJjQaxtRcRm6teJjIfGjEPfdoacBuanNxV/89opBZdeJqMkJYzEfFGQKkYxmz7PelKjIDW2hAst7a1MDLjmgmxEhf+F0DgpV87LZ7enperVIo48HMAhHEMFLqAKN1CDOghQ8ABP8OyMnEfnxXmdt+acxcw+fIPz9gk2KZAZ</latexit>

q✓



Generating from VAE

NN decoder

<latexit sha1_base64="oHI4GPTq8zSqoFNqmzdbE2Vr+XY=">AAAB7nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOYBZIh9HR6kiY9PU13jRiGfIQXD4p49Xu8+Td2loOKgg8KHu9VUVUv0lJY9P0Pb2FxaXlltbBWXN/Y3Nou7ew2bJoZxusslalpRdRyKRSvo0DJW9pwmkSSN6Ph1cRv3nFjRapucaR5mNC+ErFgFJ3U7Awo5vfjbqkcVPwpyN+kDHPUuqX3Ti9lWcIVMkmtbQe+xjCnBgWTfFzsZJZryoa0z9uOKppwG+bTc8fk0Ck9EqfGlUIyVb9O5DSxdpRErjOhOLA/vYn4m9fOML4Ic6F0hlyx2aI4kwRTMvmd9IThDOXIEcqMcLcSNqCGMnQJFf8XQuO4EpxVTm9OytXLeRwF2IcDOIIAzqEK11CDOjAYwgM8wbOnvUfvxXudtS5485k9+Abv7RO34Y/W</latexit>

x̂<latexit sha1_base64="EIOCaoDp5BsX1zcLTybSoUTvgEw=">AAAB6HicjVDLSgNBEOyNrxhfUY9eBoPgKeyKUY9BLx4TMA9IljA76U3GzM4uM7NCXPIFXjwo4tVP8ubfOHkcVBQsaCiquunuChLBtXHdDye3tLyyupZfL2xsbm3vFHf3mjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsYXU391h0qzWN5Y8YJ+hEdSB5yRo2V6ve9YskruzOQv0kJFqj1iu/dfszSCKVhgmrd8dzE+BlVhjOBk0I31ZhQNqID7FgqaYTaz2aHTsiRVfokjJUtachM/TqR0UjrcRTYzoiaof7pTcXfvE5qwgs/4zJJDUo2XxSmgpiYTL8mfa6QGTG2hDLF7a2EDamizNhsCv8LoXlS9s7KlfppqXq5iCMPB3AIx+DBOVThGmrQAAYID/AEz86t8+i8OK/z1pyzmNmHb3DePgHw5o0L</latexit>

z

<latexit sha1_base64="OmzMdFQ85neyXZsDUsFxutXCyjI=">AAACBXicbVDLSgMxFM3UV62vUZe6CBalgpQZ8bUsutGNVLAP6Awlk6ZtaJIZkoxQh27c+CtuXCji1n9w59+YaWeh1QMXDufcy733BBGjSjvOl5WbmZ2bX8gvFpaWV1bX7PWNugpjiUkNhyyUzQApwqggNU01I81IEsQDRhrB4CL1G3dEKhqKWz2MiM9RT9AuxUgbqW1v38M9T1EOPY50HyOWXI9KzsHVPvS8QtsuOmVnDPiXuBkpggzVtv3pdUIccyI0ZkiplutE2k+Q1BQzMip4sSIRwgPUIy1DBeJE+cn4ixHcNUoHdkNpSmg4Vn9OJIgrNeSB6UxvVdNeKv7ntWLdPfMTKqJYE4Eni7oxgzqEaSSwQyXBmg0NQVhScyvEfSQR1ia4NAR3+uW/pH5Ydk/KxzdHxcp5FkcebIEdUAIuOAUVcAmqoAYweABP4AW8Wo/Ws/VmvU9ac1Y2swl+wfr4Bn5ilqY=</latexit>

z ⇠ N (0, I)

<latexit sha1_base64="PjgahRINUE6cY679VFR/O9HYlkY=">AAAB7XicjVDLSgMxFL3xWeur6tJNsAiuyoz4WhbduKxgH9AOJZNm2thMEpKMUIb+gxsXirj1f9z5N6aPhYqCBy4czrmXe++JteDWBcEHWlhcWl5ZLawV1zc2t7ZLO7sNqzJDWZ0qoUwrJpYJLlndcSdYSxtG0liwZjy8mvjNe2YsV/LWjTSLUtKXPOGUOC81dLejB7xbKoeVYAr8NynDHLVu6b3TUzRLmXRUEGvbYaBdlBPjOBVsXOxklmlCh6TP2p5KkjIb5dNrx/jQKz2cKONLOjxVv07kJLV2lMa+MyVuYH96E/E3r5255CLKudSZY5LOFiWZwE7hyeu4xw2jTow8IdRwfyumA2IIdT6g4v9CaBxXwrPK6c1JuXo5j6MA+3AARxDCOVThGmpQBwp38ABP8IwUekQv6HXWuoDmM3vwDejtE6J6jy8=</latexit>

p�

<latexit sha1_base64="0Zk4+tudlka3752x/UbJ6okDd8A=">AAAB+HicbVDLSgMxFM3UV62Pjrp0EyxC3ZQZ8bURim5cVrAPaIchk2ba0EwmJBlpO/ZL3LhQxK2f4s6/MW1noa0HLhzOuZd77wkEo0o7zreVW1ldW9/Ibxa2tnd2i/befkPFicSkjmMWy1aAFGGUk7qmmpGWkARFASPNYHA79ZuPRCoa8wc9EsSLUI/TkGKkjeTbxSG8hsLviD4tD5/GJ75dcirODHCZuBkpgQw13/7qdGOcRIRrzJBSbdcR2kuR1BQzMil0EkUEwgPUI21DOYqI8tLZ4RN4bJQuDGNpims4U39PpChSahQFpjNCuq8Wvan4n9dOdHjlpZSLRBOO54vChEEdw2kKsEslwZqNDEFYUnMrxH0kEdYmq4IJwV18eZk0TivuReX8/qxUvcniyINDcATKwAWXoAruQA3UAQYJeAav4M0aWy/Wu/Uxb81Z2cwB+APr8weXnJJr</latexit>

x = p�(x|z)



VAE (Neural Network Perspective)

• Encoder:

• Decoder:

• Objective:  
• minimize reconstruction error + regularization term 

<latexit sha1_base64="+C+LlQ31zaNz9T4RYhnvSQvEefQ=">AAAB+XicbVDLTsJAFJ3iC/FVdelmIjHBDWmNryXRjUtM5JFAQ6bDFCZMp3XmloiVP3HjQmPc+ifu/BsH6ELBk9zk5Jx7c+89fiy4Bsf5tnJLyyura/n1wsbm1vaOvbtX11GiKKvRSESq6RPNBJesBhwEa8aKkdAXrOEPrid+Y8iU5pG8g1HMvJD0JA84JWCkjm3fd9rQZ0Bw6RE/4Yfjjl10ys4UeJG4GSmiDNWO/dXuRjQJmQQqiNYt14nBS4kCTgUbF9qJZjGhA9JjLUMlCZn20unlY3xklC4OImVKAp6qvydSEmo9Cn3TGRLo63lvIv7ntRIILr2UyzgBJulsUZAIDBGexIC7XDEKYmQIoYqbWzHtE0UomLAKJgR3/uVFUj8pu+fls9vTYuUqiyOPDtAhKiEXXaAKukFVVEMUDdEzekVvVmq9WO/Wx6w1Z2Uz++gPrM8fKZWStg==</latexit>

q✓(z|x)
<latexit sha1_base64="cCy2njNgbFOVdA1++ugSTsCrZT4=">AAAB9XicbVC5TgMxEJ0NVwhXgJLGIkIKTbSLuMoIGsogkUNKlsjreBMrXq9le4Gw5D9oKECIln+h429wjgISnjTS03szmpkXSM60cd1vJ7OwuLS8kl3Nra1vbG7lt3dqOk4UoVUS81g1AqwpZ4JWDTOcNqSiOAo4rQf9y5Ffv6NKs1jcmIGkfoS7goWMYGOlW9luyR5DxQf0hB4P2/mCW3LHQPPEm5ICTFFp579anZgkERWGcKx103Ol8VOsDCOcDnOtRFOJSR93adNSgSOq/XR89RAdWKWDwljZEgaN1d8TKY60HkSB7Yyw6elZbyT+5zUTE577KRMyMVSQyaIw4cjEaBQB6jBFieEDSzBRzN6KSA8rTIwNKmdD8GZfnie1o5J3Wjq5Pi6UL6ZxZGEP9qEIHpxBGa6gAlUgoOAZXuHNuXdenHfnY9KacaYzu/AHzucPFzqRmw==</latexit>

p�(x|z)

<latexit sha1_base64="PYmXb2u+Vx9LSMkim37jP3G36v8="></latexit>

L(✓,�) =
nX

i=1

�Ez⇠q✓(z|xi)[log p�(xi|z)] +KL(q✓(z|xi)||p(z))

<latexit sha1_base64="iM1AjjFj6rsRqyKDdh5QviC478M="></latexit>

z ⇠ N (µ✓(x), diag(�
2
✓(x)))



Backprop through VAE

• Recall, the forward pass through a VAE is stochastic
• How can we backpropagate through a stochastic operation?
• Solve with “reparameterization trick” treat noise as an input
• Original form: 

• Reparameterized form: 

<latexit sha1_base64="m7XcZgqA7wBETa3380n0ZdVdT/w=">AAACFnicbVDLSsNAFJ3UV62vqEs3g0WooCURX8uiG1dS0T6gCWUynbZDZ5IwMxHbmK9w46+4caGIW3Hn3zhps9DqgYFzz7mXufd4IaNSWdaXkZuZnZtfyC8WlpZXVtfM9Y26DCKBSQ0HLBBND0nCqE9qiipGmqEgiHuMNLzBeeo3bomQNPBv1DAkLkc9n3YpRkpLbXN/BB1JOXQ4Un2MWHyZwJKuonY8ur9L9qBzTXscTardtlm0ytYY8C+xM1IEGapt89PpBDjixFeYISlbthUqN0ZCUcxIUnAiSUKEB6hHWpr6iBPpxuOzErijlQ7sBkI/X8Gx+nMiRlzKIfd0Z7q9nPZS8T+vFanuqRtTP4wU8fHko27EoApgmhHsUEGwYkNNEBZU7wpxHwmElU6yoEOwp0/+S+oHZfu4fHR1WKycZXHkwRbYBiVggxNQARegCmoAgwfwBF7Aq/FoPBtvxvukNWdkM5vgF4yPb++Tn0Q=</latexit>

z ⇠ N (µz|x,⌃z|x)

<latexit sha1_base64="he1mXsQZbtCt1by826Wq2Eq1H2w="></latexit>

z = µ+ � � ✏

✏ ⇠ N (0, I)



The Reparameteriza;on Trick Visualized

<latexit sha1_base64="he1mXsQZbtCt1by826Wq2Eq1H2w="></latexit>

z = µ+ � � ✏

✏ ⇠ N (0, I)



Probabilis;c Perspec;ve

• Joint probability:

• Generative process:
• Draw   Assume             multivariate Gaussian  
• Draw

• Idea: learn parameters to maximize the evidence, i.e., likelihood of our data 

• Problem: intractable, cannot evaluate for all values z

<latexit sha1_base64="U4lqEofj0KP0ndahp2JAdyPWcYU=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyxCC1JmxNdGKLpxWcE+oB1KJs20oZlMSDJiOxZ/xY0LRdz6H+78G9N2Ftp6IOTknHu5N8cXjCrtON9WZmFxaXklu5pbW9/Y3LK3d2oqiiUmVRyxSDZ8pAijnFQ11Yw0hCQo9Bmp+/3rsV+/J1LRiN/pgSBeiLqcBhQjbaS2vScKD0fDIryEomAu83ocFtt23ik5E8B54qYkD1JU2vZXqxPhOCRcY4aUarqO0F6CpKaYkVGuFSsiEO6jLmkaylFIlJdMth/BQ6N0YBBJc7iGE/V3R4JCpQahbypDpHtq1huL/3nNWAcXXkK5iDXheDooiBnUERxHATtUEqzZwBCEJTW7QtxDEmFtAsuZENzZL8+T2nHJPSud3p7ky1dpHFmwDw5AAbjgHJTBDaiAKsBgCJ7BK3iznqwX6936mJZmrLRnF/yB9fkDkbCTYw==</latexit>

p(x, z) = p(z)p(x|z)

<latexit sha1_base64="XPaBxWvtvIVjoeIRb9/Tzua3b1U=">AAAB9HicbVDLTgJBEOz1ifhCPXqZSEzwQnaNryPRi0dM5JHAhswOszBhZnadmSWBDd/hxYPGePVjvPk3DrAHBSvppFLVne6uIOZMG9f9dlZW19Y3NnNb+e2d3b39wsFhXUeJIrRGIh6pZoA15UzSmmGG02asKBYBp41gcDf1G0OqNIvkoxnF1Be4J1nICDZW8scdhtqaCRSXxmedQtEtuzOgZeJlpAgZqp3CV7sbkURQaQjHWrc8NzZ+ipVhhNNJvp1oGmMywD3aslRiQbWfzo6eoFOrdFEYKVvSoJn6eyLFQuuRCGynwKavF72p+J/XSkx446dMxomhkswXhQlHJkLTBFCXKUoMH1mCiWL2VkT6WGFibE55G4K3+PIyqZ+Xvavy5cNFsXKbxZGDYziBEnhwDRW4hyrUgMATPMMrvDlD58V5dz7mrStONnMEf+B8/gCwCpFo</latexit>

zi ⇠ p(z)
<latexit sha1_base64="1TVd9RNMG9PLpwa4l+4JOeJVEUo=">AAAB+XicbVDLTsJAFL3FF+Kr6tLNRGKCG9IaX0uiG5eYyCOBppkOA0yYTpuZKQErf+LGhca49U/c+TcO0IWCJ7nJyTn35t57gpgzpR3n28qtrK6tb+Q3C1vbO7t79v5BXUWJJLRGIh7JZoAV5UzQmmaa02YsKQ4DThvB4HbqN4ZUKhaJBz2OqRfinmBdRrA2km/bI9RWLEQxKo2eHn126ttFp+zMgJaJm5EiZKj69le7E5EkpEITjpVquU6svRRLzQink0I7UTTGZIB7tGWowCFVXjq7fIJOjNJB3UiaEhrN1N8TKQ6VGoeB6Qyx7qtFbyr+57US3b32UibiRFNB5ou6CUc6QtMYUIdJSjQfG4KJZOZWRPpYYqJNWAUTgrv48jKpn5Xdy/LF/XmxcpPFkYcjOIYSuHAFFbiDKtSAwBCe4RXerNR6sd6tj3lrzspmDuEPrM8fQvqSyQ==</latexit>

x ⇠ p(x|zi)

<latexit sha1_base64="0bKs7/dURNaEHX1Y0VrK9BLnOmU=">AAACEHicbVC7TsMwFHV4lvIKMLJYVIh0qRLEa0GqYGEsEn1ITVU5jtNadRLLdlDb0E9g4VdYGECIlZGNv8FtM0DLkSwdn3Ov7r3H44xKZdvfxsLi0vLKam4tv76xubVt7uzWZJwITKo4ZrFoeEgSRiNSVVQx0uCCoNBjpO71rsd+/Z4ISePoTg04aYWoE9GAYqS01DaPeNvlXWr1i/ASujRSkENrWIRTGVr9B6h//rBtFuySPQGcJ05GCiBDpW1+uX6Mk5BECjMkZdOxuWqlSCiKGRnl3UQSjnAPdUhT0wiFRLbSyUEjeKgVHwax0E+vNFF/d6QolHIQeroyRKorZ72x+J/XTFRw0UppxBNFIjwdFCQMqhiO04E+FQQrNtAEYUH1rhB3kUBY6QzzOgRn9uR5UjsuOWel09uTQvkqiyMH9sEBsIADzkEZ3IAKqAIMHsEzeAVvxpPxYrwbH9PSBSPr2QN/YHz+ANlumpg=</latexit>

p�(x) =

Z
p(z)p�(x|z)dz



Deriving the variational lower bound
<latexit sha1_base64="GSpeK3/2uLS/TAut28cao15/P7c="></latexit>
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ELBO, easy to op=mize, lower bound on data likelihood



Learned 2D Manifold on MNIST

Auto-Encoding Variational Bayes (Kingma & Welling 2013)

https://arxiv.org/abs/1312.6114


Frey Face Manifold

Auto-Encoding Variational Bayes (Kingma & Welling 2013)

https://arxiv.org/abs/1312.6114


β-VAE 

“Learning Basic Visual Concepts with a Constrained Variational Framework” Higgins et al. ICLR 2017

https://openreview.net/forum?id=Sy2fzU9gl


2014 Generative Adversarial Networks

Figure credit: Chris Olah

Genera=ve Adversarial Networks (Goodfellow et al. NeuRIPS 2014)

https://twitter.com/ch402/status/793911806494261248
https://arxiv.org/abs/1406.2661


GANs: original training setup

• Dispense with representing likelihood, settle for implicit generation
• Two-player game:

• Generator (w parameters θg)
• Discriminator (w parameters θd)

• Minmax objective

• Discriminator works to classify real data as real, fake data as fake
• Generator works to make discriminator misclassify fake data as real

  

<latexit sha1_base64="QQV8bidjtIAEGvwHcl41BUDL9As="></latexit>

min
✓g

max
✓d

Ex⇠data logD✓g (x) + Ez⇠p(z) log(1�D✓d(G✓g (z)))



Pseudocode



Iterative training, modified objective

1. Steps of gradient ascent to improve discriminator on

2. Steps of gradient ascent to improve generator on different objective

 

<latexit sha1_base64="urUXsBAsuVxmULwJhAR3+W8z+DM="></latexit>

max
✓d

Ex⇠data logD✓g (x) + Ez⇠p(z) log(1�D✓d(G✓g (z)))

<latexit sha1_base64="FRgW6hAAMIQ5M3ivCUvGhu8YDKA="></latexit>

max
✓g

Ez⇠p(z) log(D✓d(G✓g (z)))



Optimizing GANs

• Ideally, at equilibrium:
1. Generator exactly matches the real data distribuPon
2. Discriminator cannot disPnguish real from fake

• In reality:
• Training is difficult and unstable
• Balance between discriminator and generator hard to maintain
• SuscepPble to mode collapse:  G(x) lacks diversity, D(x) super accurate

<latexit sha1_base64="6Tobw8Gz/2MC26HhlWoLfdJcoSs=">AAACCXicbVDJSgNBEO1xjXEb9eilMQgRZJgRo16EoB48RjALZMLQ0+lJmvQsdNdIwpCrF3/FiwdFvPoH3vwbO8tBEx8UPN6roqqenwiuwLa/jYXFpeWV1dxafn1jc2vb3NmtqTiVlFVpLGLZ8IligkesChwEaySSkdAXrO73rkd+/YFJxePoHgYJa4WkE/GAUwJa8kx842UudBkQrz3Exf4RvsRW6Ri7QSyJELjvmQXbssfA88SZkgKaouKZX247pmnIIqCCKNV07ARaGZHAqWDDvJsqlhDaIx3W1DQiIVOtbPzJEB9qpY31bl0R4LH6eyIjoVKD0NedIYGumvVG4n9eM4XgopXxKEmBRXSyKEgFhhiPYsFtLhkFMdCEUMn1rZh2iSQUdHh5HYIz+/I8qZ1YzplVujstlK+mceTQPjpAReSgc1RGt6iCqoiiR/SMXtGb8WS8GO/Gx6R1wZjO7KE/MD5/AH6MmE4=</latexit>

D✓d(x) = .5, 8x



Mode Collapse 



Deep Convolutional GANs

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


UpConvolutional Architecture

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Tips & Tricks (DC-GANs)

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Latent Vector Arithme;c

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Many Variants of GAN Objectives 

figure credit: “Are GANs Created Equal? A Large-Scale Study” Lucic et al. 2018

https://arxiv.org/pdf/1711.10337.pdf


Some Confusion About What Really Matters

“Are GANs Created Equal? A Large-Scale Study” Lucic et al. 2018

https://arxiv.org/pdf/1711.10337.pdf


Progressive Growing of GANS

https://www.youtube.com/watch?v=XOxxPcy5Gr4
Progressive Growing (Karras et al., ICLR 2018)

https://www.youtube.com/watch?v=XOxxPcy5Gr4
https://arxiv.org/pdf/1710.10196.pdf


Progressive Growing 

Progressive Growing (Karras et al., ICLR 2018)

https://arxiv.org/pdf/1710.10196.pdf


Progressive Growing Details

• Start with 4x4 special resolution for both G and D
• As training advances, incrementally add layers, increasing resolution
• All layers remain trainable throughout the process
• Findings

• More stable synthesis in high resolutions
• Speeds up training considerably

Progressive Growing (Karras et al., ICLR 2018)

https://arxiv.org/pdf/1710.10196.pdf


Semantically Decomposing Latents (SD–GAN)

Semantically Decomposing the Latent Spaces of Generative Adversarial Networks 
(Donahue, Lipton et al. ICLR 2017)



The Key Idea



SD-GAN Pseudo-Code



Examples



Conditional Generation

• Input Generator gets context x, noise z, produces output y = G(x, z) 
• Discriminator tries to distinguish fake pairs

from real input, target pairs 

<latexit sha1_base64="cJkbSf7fKK3gR+X3tuGBgvwiNsY=">AAACDXicbVDJSgNBEO2JW4xb1KOXxigkEMKMuB2DHvQYwSyQCUNPpydp0rPQXSPGYX7Ai7/ixYMiXr1782/sLAdNfFDweK+KqnpuJLgC0/w2MguLS8sr2dXc2vrG5lZ+e6ehwlhSVqehCGXLJYoJHrA6cBCsFUlGfFewpju4HPnNOyYVD4NbGEas45NewD1OCWjJyR/YiS2YB8Wr4r3Dyw+lMrb7BJJh6nBb8l4fSnbq5AtmxRwDzxNrSgpoipqT/7K7IY19FgAVRKm2ZUbQSYgETgVLc3asWETogPRYW9OA+Ex1kvE3KT7UShd7odQVAB6rvycS4is19F3d6RPoq1lvJP7ntWPwzjsJD6IYWEAni7xYYAjxKBrc5ZJREENNCJVc34ppn0hCQQeY0yFYsy/Pk8ZRxTqtnNwcF6oX0ziyaA/toyKy0BmqomtUQ3VE0SN6Rq/ozXgyXox342PSmjGmM7voD4zPH4A1mzs=</latexit>

{(G(xi, z), ŷi)}
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{(xi, yi)}



Pix2Pix



The U-Net Architecture 



Pix2Pix Learning Setup Adversarial Learning



Measuring Sample Quality

• Incep&on Score: feed generated images through IncepKon v3 model, 
measure entropy of outputs (lower beOer), diversity of labels. But what if 
training data for generaKve model looks nothing like ImageNet? 
• Frechet Incep&on Distance (FID): standard score, measures (mean & 

variance) of nodes in deepest representaKon layer of IncepKon v3
• Discriminator-based metrics: train classifier to disKnguish real from fake, 

how easily can it do it (on frozen generator)
• Human-in-the-loop Evalua&on: human assessments of quality are standard 

in many papers on image and music generaKon. Useful for assessing 
aestheKc properKes but may not capture whether the model “learned the 
distribuKon”



Current State of the Art: Diffusion Models

• Diffusion models consist of two processes
• Forward process where noise is iteratively added to an input
• Reverse (denoising) process that produces data given noise

• Training idea: run forward process, learn to predict noise
• Start with random noise, iteratively apply de-noising model

slide credit: Kreis, Gao, Vahdat tutorial

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view

