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Avoiding Trivial Identity
•

•

Undercomplete autoencoders
•

h has lower dimension than x

•

f or g has low capacity (e.g., linear g)

•

Must discard some information in h

Overcomplete autoencoders
•

h has higher dimension than x

•

Must be regularized
(Goodfellow 2016)

Regularized Autoencoders
•

Sparse autoencoders

•

Denoising autoencoders

•

Autoencoders with dropout on the hidden layer

•

Contractive autoencoders

(Goodfellow 2016)

Sparse Autoencoders
•

Limit capacity of autoencoder by adding a term to the cost
function penalizing the code for being larger

•

Special case of variational autoencoder
•

Probabilistic model

•

Laplace prior corresponds to L1 sparsity penalty

•

Dirac variational posterior
(Goodfellow 2016)
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low-dimensional manifold illustrated with the bold black line. We illustrate the corruption

ng the Score

värinen, 2005) is an alternative to maximum likelihood. It
t estimator of probability distributions based on encouraging
e same score as the data distribution at every training point
he score is a particular gradient field:

Score Matching

•

Score: rx log p(x).

(14.15)
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by training with the squared error criterion

Vector Field Learned by a
Denoising Autoencoder
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See figure 14.5 for an illustration of how this works.

Figure 14.5

Figure 14.5: Vector field learned by a denoising autoencoder around a 1-D curved manifold
near which the data concentrates in a 2-D space. Each arrow is proportional to the
reconstruction minus input vector of the autoencoder and points towards higher probability
according to the implicitly estimated probability distribution. The vector field has zeros

(Goodfellow 2016)

Tangent Hyperplane of a
Manifold

CHAPTER 14. AUTOENCODERS

Figure 14.6
(Goodfellow 2016)

Learning a Collection of 0-D
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Figure 14.7: If the autoencoder learns a reconstruction function that is invariant to small
erturbations near the data points, it captures the manifold structure of the data. Here
(Goodfellow 2016)
he manifold structure is a collection of 0-dimensional manifolds. The dashed diagonal

Non-Parametric Manifold Learning
with Nearest-Neighbor Graphs
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Figure 14.8
Figure 14.8: Non-parametric manifold learning procedures build a nearest neighbor graph
in which nodes represent training examples a directed edges indicate nearest neighbor(Goodfellow 2016)

Tiling a Manifold with Local
Coordinate Systems
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Figure 14.9
Figure 14.9: If the tangent planes (see figure 14.6) at each location are known, then they
can be tiled to form a global coordinate system or a density function. Each local patch
(Goodfellow 2016)

ve Autoencoders

oder (Rifai et al., 2011a,b) introduces an explicit regularizer
encouraging the derivatives of f to be as small as possible:
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