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What are autoencoders?

• Autoencoders are a type of neural networks that try to reconstruct 
the provided input

“ Dog “

Classifier

Autoencoder



Where can I use autoencoders?

• Everywhere!

Image / 
Video

Text Audio DNA





What are autoencoders?

• Autoencoders typically have two components:
• Encoder: maps input (x) into an intermediate representation (z)

• Decoder: maps the intermediate representation (z) into the input (x)

Autoencoder
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What are autoencoders?

• Intermediate representation (z) = embedding vector, hidden 
representation, bottleneck, latent space, code, …

• Ideally, z will capture the essential information of the data

Encoder Decoder

z

Embedding 
vector z

𝑧 = 𝜑(𝑥) 𝑥 = 𝜔(𝑧) 𝑥𝑥



What are autoencoders?

• The encoder, 𝝋(𝒙), and decoder, 𝝎(𝒛), are typically neural networks: 
Multi-layer perceptron (MLP), convolutional neural networks (CNN), 
recurrent neural networks (RNN), graph neural networks (GNN), 
transformers…

Encoder Decoder

z

𝒛 = 𝝋(𝒙) 𝒙 = 𝝎(𝒛) 𝑥𝑥



What are autoencoders?

• The parameters of encoder, 𝝋(𝒙), and decoder, 𝝎(𝒛), are trained by 
minimizing the reconstruction error

Encoder Decoder

z

𝒛 = 𝝋(𝒙) 𝒙 = 𝝎(𝒛)

𝑥𝑥

𝐸𝑟𝑟𝑜𝑟 = 𝑥 − 𝑥 2 = 𝑥 −𝝎(𝝋 𝒙 ) 2



Toy examples

𝒛 = 𝝋(𝒙) 𝒙 = 𝝎(𝒛)

𝑧 = 0.5 𝑥 ො𝑥 = 2𝑧 = 𝑥

𝑧 = 𝐴𝑥 ො𝑥 = 𝐵𝑧 = 𝐵𝐴𝑥

𝑧 = 𝑊𝑥 ො𝑥 = 𝑊𝑇𝑧 = 𝑊𝑇𝑊𝑥



PCA is a linear autoencoder

• A linear autoencoder will learn a rotated Principal Component 
Analysis projection / a Singular Value Decomposition

𝒛 = 𝝋(𝒙) 𝒙 = 𝝎(𝒛)

𝑧 = 𝑊𝑥 ො𝑥 = 𝑊𝑇𝑧 = 𝑊𝑇𝑊𝑥

𝑍 = 𝑋𝑊

𝑈Σ = 𝑋𝑊

𝑈Σ𝑊𝑇 = 𝑋

Principal Components



PCA is a linear autoencoder



Why non-linear autoencoders?



Neural network autoencoder

• The size of the embedding will affect how much the data is 
compressed, and how good is the reconstruction error



K-Means vs Soft K-Means

https://www.cs.cmu.edu/~02251/recitations/recitation_soft_clustering.pdf



K-Means vs Soft K-Means

𝑋 ≈ 𝑄𝑃

Cluster Assignment
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Soft K-Means
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Cluster centroid



ADMIXTURE/Soft K-means as an Autoencoder

https://www.biorxiv.org/content/10.1101/2021.06.27.450081v3.full.pdf

• ADMIXTURE is a likelihood approach typically used in population 
genetics similar to Soft K-Means

𝑋 ≈ 𝑄𝑃 = 𝝋 𝑋 𝑃
𝑧 = 𝑄 = 𝝋 𝑋
𝒙 = 𝝎(𝒛) = 𝑄𝑃

𝝋 𝑋 𝝎(𝒛)

𝑧 = 𝑄



ADMIXTURE as an Autoencoder

https://www.biorxiv.org/content/10.1101/2021.06.27.450081v3.full.pdf



Variational Autoencoders



Variational Autoencoder

• What if we inject a random vector into the decoder?

• How do we know which type of vector we need to input in order to 
get a good output?

https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73



Variational Autoencoder

• We would like the embedding vectors to follow a know statistical 
distribution (e.g., a gaussian)

• If the latent vectors (z) follow a Gaussian distribution, they will be:
• Centered and constrained: points closer to the origin will provide good 

simulations

• Smooth: neighboring points will provide similar simulations



Variational Autoencoder

https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73



Variational Autoencoder

• Centered and constrained: an L2 regularization is applied to the 
mean of the latent code → larger values are penalized

• Smooth: small gaussian noise is applied to the latent code →
reparameterization trick

• Gaussian: the KL Divergence between the z and a gaussian is applied

Kingma, D.P.; Welling, M. Auto-encoding variational bayes. arXiv preprint arXiv:1312.6114, 2013.



Variational Autoencoder



Variational Autoencoder

https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73



Variational Autoencoder

https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73



Other autoencoders

• Besides Gaussian VAE, there are many flavors:

https://arxiv.org/pdf/1901.06033.pdf

Hyperbolical Spherical

https://arxiv.org/pdf/1804.00891.pdf



Other autoencoders - Bernoulli

• Besides Gaussian VAE, there are many flavors:

Bernoulli

http://proceedings.mlr.press/v119/fajtl20a/fajtl20a.pdf



Other autoencoders - VQ-VAE

https://arxiv.org/abs/1711.00937v2



Other autoencoders - Denoising Autoencoder



Generative Networks

https://lilianweng.github.io/lil-log/2021/07/11/diffusion-models.html



Cool Applications!



Inpainting Autoencoder

https://vincentcartillier.github.io/papers/variational-image-inpainting.pdf



Super-resolution

https://arxiv.org/pdf/2006.05218.pdf



Image Compression

https://arxiv.org/pdf/2105.12107.pdf



Simulation and Interpolation

https://houxianxu.github.io/assets/project/dfcvae (animated gif)

https://houxianxu.github.io/assets/project/dfcvae


3D Mesh Modeling

https://openaccess.thecvf.com/content_cvpr_2018/papers/Tan_Variational_Autoencoders_for_CVPR_2018_paper.pdf



3D Voxel Modeling

https://arxiv.org/pdf/1608.04236.pdf



Deepfakes



Image Translation

https://arxiv.org/pdf/1703.00848.pdf



Image Translation



Clothing Simulation

https://arxiv.org/pdf/1901.02284.pdf



Anomaly Detection

Input Image Manipulation 
Mask

Reconstruction 
Error



DNA Simulation

https://arxiv.org/pdf/1911.13220.pdf



DALL-E

https://openai.com/blog/dall-e/



Thank you!
dmasmont@stanford.edu
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