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Autoencoders

High dimensional data can many a times be represented in low
dimension J

@ Linear manifold
@ Try to make output same as input

with a central bottelneck

@ Bottelneck corrosponds to PCA or
someting like that

@ If Hidden and output units are linear
and minimizes the squared
reconstruction error; it is exactly as
PCA

It is a supervised learning method to do unsupervised learning )

Encoder converts coordinates in input space to coordinates on the
manifold (using non linear method). Decoder does the reverse
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Autoencoder example-1

Compressing digit images to 30 numbers.

D /&3 4 s &3 8 qles
D /23 45 &7 8 QFem

0 /@3 435 &7 5 Ak

MNIST! digit images 28 x 28 three hidden layers (weights were
transpose)

784 — 1000 — 500 — 250 — 30

1 http://yann.lecun.com/exdb/mnist/
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Autoencoder example-2

Compare documents for similarity )
@ Bag of words
g . . I 2000 reconstructed counts | \?;E:Ft)(l;:
@ Word count is normalized for
probablllty I 500 neurons |
@ Compressed to 10 denominational
@ Softmax is used at output
@ 400K business documents
@ Hand Ia.beled for ground truth 500 neurons |
categories | x | input
@ cosine similarity e e
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Autoencoder example-2
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Linear semantic analysis is much
worse

STCS-DLANLP&CV (CS-F441) Campus @ BITS-Pilani Lecture-KT-15 (Nov 27, 2019)

5/9



Autoencoder example-2

Reduce to 2 real numbers using PCA with log(1 + count)
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Linear semantic analysis is much

worse

STCS-DLANLP&CV (CS-F441) Campus @ BITS-Pilani Lecture-KT-15 (Nov 27, 2019)

5/9



Autoencoder example-2
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Linear semantic analysis is much
worse

Reduce to 2 real numbers using PCA with log(1 + count)

Deep autoencoders

Interbank Markets Monetary/Economic

Energy Markets
o Disasters and

. Accidents
4
Leading Ecnomic Legal/Judicial
Indicators .4
Government

" Accounts/ Borrowings

Earnings
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Autoencoder

@ Undercomplete

Non linear activation

Regularization is needed (to keep coefficients small)
Dropout for learning more general representation
Denoising autoencoders

Useful for segmentation and deep-feature

Neural inpainting

Convolutional Encoder-Decoder

Input Output
- Pooling Indices y
|
i
\
\
L l

RGEB Image I conv + Batch Normalisation + RelU Segmentation
I Pooling I Upsampling Softmax
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Variational Autoencoders

A type of generative model

@ What if we give anything to decoder?

o =l = = Qe
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Variational Autoencoders

A type of generative model )

@ What if we give anything to decoder? garbage out.
@ How to get valid hidden representation by sampling?
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Variational Autoencoders

A type of generative model J

@ What if we give anything to decoder? garbage out.

@ How to get valid hidden representation by sampling?
@ Sample from distribution. No idea about parameters...
@ Force parameters to be of a known one

@ latent and reconstruction loss

- Sampled Latent -
S Vector -
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Variational Autoencoders

Minimize two quantities
@ Minimize ||x — X||
©Q LK-Divergence(G(z,,z,),N(0,1))

Kullback-Leibler Divergence measures the difference between two
probability distributions

Die(p(x)[|q(x)) = > _ p(x)

xeX

( )
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Thank You!

Thank you very much for your attention? !

Queries ?

2Credit: https://www.youtube.com/watch?v=NM6IrxyObxs
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