
Autoencoders: from unsupervised to 
generative deep learning

Generative and Deep Learning (GDL)
Davide Bacciu (davide.bacciu@unipi.it)



Lecture Outline
 Introduction to the Generative DL module
 Motivations and taxonomy

 Autoencoders
 The unsupervised way to deep learning
 Representation learning and the manifold hypothesis 

 Notable autoencoders
 Neural autoencoders
 Probabilistic autoencoders

 Autoencoder applications
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Generative Deep Learning Module



Why generative?
 Focusing too much on discrimination 

rather than on characterizing data can 
cause issues
 Reduced interpretability
 Adversarial examples
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Generative models (try to) characterize data distribution
 Understand the data ⟹ Understand the world
 Understand data factors of variation ⟹ Learn to steer them 
 Understand normality ⟹ Detect anomalies
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Generative learning is (close to) unsupervised 
learning
 Task-labelled data is costly and difficult to obtain
 Leand task independent representations at scale instead
 Learning to reconstruct (self-supervised) 
 Learning from similarities (contrastive)
 Then, fine-tune with supervised information on fewer samples

5

The foundation model paradigm
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Approaching the problem from a DL perspective
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Training data ~𝑃(𝑥) Generated data ~𝑃𝜃(𝑥)

𝜃

Given training data, learn a (deep) neural network that can generate 
new samples from (an approximation of) the data distribution
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Approaching the problem from a DL perspective
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Given training data, learn a (deep) neural network that can generate 
new samples from (an approximation of) the data distribution
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Two broad families of approaches
 Explicit ⟹ Learn a model density 𝑃𝜃(𝑥) 
 Implicit ⟹ Learn a process that samples data from 𝑃𝜃(𝑥) ≈ 𝑃(𝑥)



A Taxonomy
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Adapted from I. Goodfellow, Tutorial on Generative 
Adversarial Networks, 2017

Generative DL

Explicit Implicit

Visible Latent

Variational Stochastic

Direct Stochastic

Sampling RNN
Flow-based

Variational AEs
Diffusion Model

Boltzmann 
Machines

Generative 
Adversarial 
Networks

Generative 
Stochastic 
Networks

Tractable 
densities

Intractable 
densities
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Autoencoders



Autoencoder (AE)
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Latent space projection 
(again)

𝑓 𝑔

𝒙 ≈ ෥𝒙

෥𝒙



The autoencoder task
 Train a model to reconstruct its input
Passing through some form of information bottleneck
𝐾 ≪ 𝐷, or?
𝒛 sparsely active

Unsupervised task learned by reconstruction error minimization
𝐿 𝒙, ෥𝒙 = 𝐿 𝒙, 𝑔 𝑓(𝒙)
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Neural Autoencoders

Regularized autoencoders
 Sparse AE
 Denoising AE 
 Contractive AE

Autoencoders with dropout layers
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Generally, we would like to train nonlinear AEs, with possibly 
𝐾 > 𝐷, that do not learn trivial identity
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Sparse Autoencoder
Add a term to the cost function to penalize 𝒛 (want the 
number of active units to be small)

𝐽𝑆𝐴𝐸 𝜃 = σ𝒙∈𝐷(𝐿(𝒙, ෥𝒙) + 𝜆Ω(𝒛(𝒙))) 
Typically

Ω 𝒛(𝒙) = Ω 𝑓(𝒙) = ෍

𝑗

𝑧𝑗(𝒙))
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Probabilistic Interpretation (Oh No, Again!)
Training with regularization is (akin to) MAP inference 

max log 𝑃 𝒛, 𝒙 = max (log 𝑃 𝒙|𝒛 + log 𝑃 𝒛 )
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𝑃 𝒛 =
𝜆

2
exp(−

𝜆

2
𝒛 1)

Likelihood

Ω 𝒛 = 𝜆| 𝒛 |1

Prior (not really!)

Laplace distribution
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Denoising Autoencoder (DAE)
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Latent space projection

𝑓 𝑔

𝒙 ≈ ෥𝒙

෥𝒙

ෝ𝒙

ෝ𝒙 is a version of original input 𝒙 
corrupted by some noise process C ෝ𝒙 𝒙
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Typically ෝ𝒙 = 𝒙 + 𝝐 with 𝝐 Gaussian 
noise with small fixed variance 𝜎



DAE as Manifold Learning
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Learning a vector field (green arrows) 
that projects samples on the original 
data manifold
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The Manifold Assumption

17

Assume data lies on a lower dimensional 
non-linear manifold since variables in 
data are typically dependent

Regularized AE can afford to 
represent only variations that are 
needed to reconstruct training 
examples

AE mapping is sensitive only to 
changes in manifold direction

Yoshua Bengio, Learning Deep Architectures for AI, 
Foundations and Trends in Machine Learning, 2009. 
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Contractive Autoencoder
 DAE’s intuition is that learned representations should be robust to partial 

destruction of the input
 Makes sense to generalize this to learning encoding functions that are 

robust to infinitesimal variations in the input 
 Formally: penalize encoding function for input sensitivity

𝐽𝐶𝐴𝐸 𝜃 = σ𝒙∈𝑆(𝐿(𝒙, ෥𝒙) + 𝜆Ω(𝒛)) 

Ω 𝒛 = Ω 𝑓(𝒙) =
𝜕𝑓(𝒙)

𝜕𝒙
𝐹

 You can as well penalize on higher order derivatives
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Deep Autoencoders



Deep Autoencoder (AE)

 Unsupervised training
 Hierarchical autoencoder
 Extracts a representation 

of data that facilitates
 Data visualization, 

exploration, indexing,…
 Realization of  a supervised 

task
20

𝒛1

𝒛2

𝒛3

𝒛4

𝒙

Supervised learning
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Unsupervised Layerwise Pretraining
Incremental unsupervised construction of the Deep AE 
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𝒛1

𝒙

෥𝒙

𝒛1

𝒙

Any form of AE, e.g. those 
shown in previous slides

𝑾1

𝑾1
𝑇

𝑾1
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Unsupervised Layerwise Pretraining
Incremental unsupervised construction of the Deep AE 
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𝒛1 𝒛1

𝒙

𝒛2 𝒛2

෤𝒛1

𝑾2

𝑾2
𝑇

𝑾1

𝑾2
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Unsupervised Layerwise Pretraining
Incremental unsupervised construction of the Deep AE 
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𝒛1

𝒙

𝒛2 𝒛2

෤𝒛2

𝑾3

𝑾3
𝑇

𝑾2

𝒛3 𝒛3

𝒛4

𝑾4

𝑾3
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Optional Fine Tuning
Fine tune the whole autoencoder to optimize input reconstruction (also using 
backpropagation)
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𝒛1

𝒙

𝒛2

𝑾1

𝑾2

𝑾3

𝒛3

𝒛4

𝑾4
𝑾4

𝑇

𝑾3
𝑇

𝑾2
𝑇

𝑾1
𝑇

෥𝒙

෤𝒛1

෤𝒛2

෤𝒛3
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Rearranging the Graphics
Does it look like something familiar?
A layered Restricted Boltzmann Machine
Can use RBM to perform 
layerwise pretraining and 
learn the matrices 𝑾𝑖
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𝒛1

𝒙 ෥𝒙

𝒛2

෤𝒛1

෤𝒛2

𝒛3

𝒛4

෤𝒛3
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Deep Belief Network (DBN)

IMPORTANT NOTE
A DBM is a deep 
autoencoder but it is NOT a 
deep RBM
It is (mostly) directed!

DAVIDE BACCIU - ISPR 
COURSE
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A stack of pairwise RBM

𝒛1

𝒛2

𝒛3

𝒛4

𝒙
RBM 1

RBM 2

RBM 3

RBM 4



Deep Boltzmann Machine (DBM)

Training requires some attention 
because of the recurrent 
interactions from higher layers to 
the bottom

𝑃 𝑧𝑗
1 𝒙, 𝒛2 = 𝜎 ෍

𝑖

𝑊𝑖𝑗
1 𝑥𝑖 + ෍

𝑚

𝑊𝑗𝑚
2 𝑧𝑚

2

𝑃 𝑥𝑖 𝒛1 = 𝜎 ෍

𝑗

𝑊𝑖𝑗
1 𝑧𝑗

1
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How do we get this?

𝒛1

𝒛2

𝒛3

𝒛4

𝒙
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Pretraining DBM

28

How do we get this?

𝒛1

𝒛2

𝒙

𝑃 𝒙 𝜃 = ෍

𝒛1

𝑃 𝒛1 𝑾1)𝑃(𝒙|𝒛1, 𝑾1)1) (Pre)training the first layer entails 
fitting this model

2) (Pre)training the second layer changes 
𝒛1prior by

𝑃 𝒛1 𝑾2) = ෍

𝒛2

𝑃 𝒛1, 𝒛2 𝑾2)

𝑃 𝒛1 𝑾1) = ෍

𝒙

𝑃 𝒛1, 𝒙 𝑾1)

When putting things together, we 
need to average between the two
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Pretraining DBM - Trick
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Averaging the two models of 𝐳1can be approximated by taking half 
contribution from 𝑾1 and half from 𝑾2  
 Using full 𝑾1 and 𝑾2 would double count 𝒙 contribution as 𝐳2 

depends on 𝒙

𝒛1

𝒙 𝒙

𝒛1

𝒛2 𝒛2

𝑾1 𝑾1

𝑾2 𝑾2

𝒙

𝒛1

𝒛2

𝑾1

𝑾2

When training with more than two RBMs apply 
trick to first and last layers and halve weights 
(both direction) of intermediate RBM
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Autoencoders in use



Software

Keras Pytorch

Deep Boltzmann machine implementation

Deepnet

All deep learning frameworks offer facilities to build deep AE and 
DBN; DBM implementations exist for all major deep learning 
libraries

A variety of deep AE in Keras and their counterpart in in Pytorch
Deep Boltzmann machine implementation (Tensorflow-based) 

with image processing application, pre-trained networks and 
notebooks

Deepnet – A Toronto-based implementation of deep 
autoencoders (neural and generative)

31DAVIDE BACCIU - GDL COURSE

https://blog.keras.io/building-autoencoders-in-keras.html
https://reyhaneaskari.github.io/AE.htm
https://github.com/monsta-hd/boltzmann-machines
https://github.com/nitishsrivastava/deepnet
https://blog.keras.io/building-autoencoders-in-keras.html
https://reyhaneaskari.github.io/AE.htm
https://github.com/monsta-hd/boltzmann-machines
https://github.com/monsta-hd/boltzmann-machines
https://github.com/nitishsrivastava/deepnet
https://github.com/nitishsrivastava/deepnet


AE  Applications - Visualization

32

Visualizing complex 
data in learned 

latent space
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Visualizing Sound
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AE  Applications – Image Restoration/Colorization

34

Apply autoencoder construction with advanced 
building blocks (e.g. CNN layers)
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Multimodal DBM

35

N. Srivastava, R. Salakhutdinov, Multimodal Learning with Deep Boltzmann Machines,  JMLR 2014

…

Modality 1 Modality K

Modality 
fusion 
layers
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Multimodal DBM – Image and Text

36

N. Srivastava, R. Salakhutdinov, Multimodal Learning with Deep Boltzmann Machines,  JMLR 2014

𝑃
(𝑡

𝑥
𝑡|

𝑖𝑚
𝑔

) 𝑃
(𝑖𝑚

𝑔
|𝑡𝑥

𝑡)
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Multimodal DBM – Sampling
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N. Srivastava, R. Salakhutdinov, Multimodal Learning with Deep Boltzmann Machines,  JMLR 2014
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Multimodal DBM – Multimodal Quering
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N. Srivastava, R. Salakhutdinov, Multimodal Learning with Deep Boltzmann Machines,  JMLR 2014
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Anomaly Detection

39

Threshold

Reconstruction

𝒛
Normal
samples

Statistics on the «normal» 
differences between 𝒙 and ෥𝒙
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Unsupervised pathology detection in biomedical 
images

40

Unsupervised pathology 
detection of a brain tumor image 
and resulting anomaly scores 
(growing values: blue → red)

https://www.sciencedirect.com/science/article/pii/B9780128243497000153
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https://www.sciencedirect.com/science/article/pii/B9780128243497000153


Wrap-up



Take Home Messages 
 Regularized autoencoder
Optimize reconstruction quality
 Constrain stored information

 Autoencoder training is manifold learning
 Learn a latent space manifold where input data resides
 Store only variations that are useful to represent training data

 Deep AE: pretraining, fine tuning, supervised optimization
 Use AE for finding new/useful data representations or anomaly detection
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Wait! Wasn’t this supposed to 
be a module on generative 
deep learning?
I see no probabilities in 
autoencoders…



And yet…

43

𝑔 𝒛 − 𝒙 ∝
𝜕 log 𝑝(𝒙)

𝜕𝑥

Remember the vector field in DAE? 

Turns out, it is approximating the 
gradient of the (log) data generating 
distribution
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Next Lecture
Variational Autoencoders
 Autoencoders as explicit density learning models
 Variational inference strikes back (this time with neural models)
 Dissecting variational autoencoder design
 Variational autoencoders and representation learning
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