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Self-supervised Learning Framework
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Unlabeled
Auto-encoder nlamaegees

Sounds familiar? We have seen the same idea in Cycle GAN. ©
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More Dimension Reduction

(not based on deep learning)

https://youtu.be/iwh50 M4BNU https://youtu.be/GBUEjkpoxXc

PCA t-SNE



Why Auto-encodeérp




Why Auto-encoder?

As close as possible (reconstruction)
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Auto-encoder is not a new idea

Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the dimensionality of
data with neural networks." Science 313.5786 (2006): 504-507
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De-noising Auto-encoder

As close as possible

» Decoder »

The idea sounds familiar? ©
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Vincent, Pascal, et al. "Extracting and composing robust features
with denoising autoencoders." ICML, 2008.



Reconstruction

Review: BERT R

A de-noising auto-encoder minimize cross

softmaxT entropy o

Decoder Linear

Encoder BERT

Add noise «
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Representation includes
information of different aspects

Encoder — — Decoder

input image . M reconstructed
object, texture ....
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input audio : reconstructed
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Feature Disentangle
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input audio : reconstructed
\
content, speaker ...

P content information
© p 4
Qs

L./.
”MMW — Encoder — “ — Decoder —» MW

input audio . reconstructed
\

N\

speaker information
https://arxiv.org/abs/1904.05742
https://arxiv.org/abs/1804.02812
https://arxiv.org/abs/1905.05879
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Application: Voice Conversion
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In the past

Speaker A Speaker B

How are you? G «MMW How are you?
. | ‘ |
Good morning D WWWMWW Good morning

Today Speaker A Speaker B

AREL *MM»MH How are you?
BRE WM’W‘%‘W Good morning

Speakers A and B are talking about completely different things.




Application: Voice Conversion




Application: Voice Conversion
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Application: Voice Conversion
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Application: Voice Conversion
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Discrete Representation
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Discrete Representation

https://arxiv.org/abs/1711.00937
* \Vector Quantized Variational Auto-encoder (VQVAE)
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For speech, the codebook represents phonetic information
https://arxiv.org/pdf/1901.08810.pdf



https://arxiv.org/abs/1810.02851

Text as Representation

Only need a lot
of documents to
train the model

seq2seq2seq
auto-encoder

Unsupervised Summarization

not readable ...

word
document sequence document
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, Summary?
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This is cycle GAN ©
Text as Representation

Human written summaries » 'Wg » Real or not
Let discriminator considers ..
Discriminator

my output as real -
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Text as Representation

* Document: B KR 5 5K ER 13 B R 258 1 7 BLEE 7 2
ik, B AL NI5RES B i < SNV EE i &I HL 25T

* Summary:.

* Human: B R F| 5B 1360 45 5 7 B EE Ml 1 e
* Unsupervised: BB XK Gof1585G B i s < 7 MY EE i &
* Document: Eﬂ%&% ] BEAVC i Ze B S KRR — L2 4F
ﬁ?—m?@ﬂ ], FH A #%E‘FE%E%—&E TR RN AE
1T K AFeh, R Jkt o A E B RN ...
* Summary:
* Human:— UL AR BE e pr s P2 0
* Unsupervised: B Z G BB R BEIHE @ HE5 N
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Text as Representation

+ Document: 5 1L 153827 F 532, 1/ PEasaR V50
R {2 3T H A 2R [ 2 iR, A KO Z T B 2 Em T, 226 H fy 1k
£/DEA60 ATE4:,1002% A KHE ......
* Summary:
e Human:EIE7K £ #E R 60 AFET
* Unsupervised:E[IJEF /K Z B EEZ 5K
* Document: = e E HE T TIT Ry VEARRRED TSN TR
TE S E R e, A BRI AR ~ A B ...
* Summary:
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Tree as Embedding

4

Inference Model

th’i(z|$)

Reconstruction Model
po(x|z)
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Sort my_list in descending order

https://arxiv.org/abs/1806.07832
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The hungry cat meows hungry - cat

Inference Network ¢s(z|x)  Generative Model ps(x,2)

https://arxiv.org/abs/1904.03746
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Generator

As close as possible
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With some modification, we have variational auto-encoder (VAE).



Compression

As close as possible
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Anomaly Detection

* Given a set of training data {x!, x4, .-, x"}
e Detecting input x is similar to training data or not.
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Anomaly Detection
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Binary Classification?
Anoma Iy Detection we only have one class.

Training auto-encoder

* Fraud Detection

* Training data: credit card transactions, x: fraud or not

 Ref: https://www.kaggle.com/ntnu-testimon/paysim1/home
« Ref: https://www.kaggle.com/mlg-ulb/creditcardfraud/home

* Network Intrusion Detection

* Training data: connection, x: attack or not
* Ref: http://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html

 Cancer Detection

* Training data: normal cells, x: cancer or not?
* Ref: https://www.kaggle.com/uciml/breast-cancer-wisconsin-data/home



Approach: Auto-encoder

Training Using real human faces to learn an autoencoder

As close as possible

Decoder
Training data Training data
Testing Can be
reconstructed

normal



Approach: Auto-encoder

Training Using real human faces to learn an autoencoder

As close as possible

Decoder

Training data Training data

Testing cannot be

reconstructed

Large reconstruction loss = anomaly
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More about Anomaly Detection

* Part 1:
* Part 2:
* Part 3:
* Part 4:
* Part 5:
* Part 6:
* Part /:

https://youtu.
https://youtu.
https://youtu.
https://youtu.
https://youtu.

https://youtu.be/gDp2LXGnVLQ

be/cYrNjLxkoXs
be/ueDIm2FkCnw
ne/XwkHOUPbcOQ
ne/Fh1xFBktRLQ
be/LmFWzmn2rFY

nttps://youtu.

be/6W8FqUGYyDo
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