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More Applications
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Speakers A and B are talking about completely different things.
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Outline

Feature Disentanglement

Discrete Latent Representation

More Applications
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https://arxiv.org/abs/1711.00937
* Vector Quantized Variational Auto-encoder (VQVAE)
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is the input of decoder.
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https://arxiv.org/abs/1711.00937
* Vector Quantized Variational Auto-encoder (VQVAE)
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(c.f. attention)
Codebook

& = Compute similarity
(a set of vectors) % The most similar one
Y| is the input of decoder.

Learn from data
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FETEE (RS T RLELLRAYX A Embedding BB, BIRBE LSRN ERE 32 MaJgeme

BRELSLIGIXHEFHISA, (NERIRE T B CBEEE LM —ERESINSH#E 8iY Encoder LAG=
E— P EE E RE AETEXAMBUE BREHIF N REE HEELS Decoder, BEIH—HAIEEM
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Text as Representation
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BIRFATIEEMI I Aauto-Encoder, BB3ZFHY Aauto-Encoder B BRIBEIIB/GANRBH AT
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Embedding Ft2—R =16
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AL 1X53889 Encoder, BAFTEE— Seq2seq Y Model tbali Transformer, A IXILBAZE
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H—ERIRAG, I\ —EE X it —E 3= FffbA Encoder IR Decoder, BIAERMRERE—/ Seq2seq By
Model

EAE—NEIBRY Aauto-Encoder, BEE— seq2seq2seq BJ Aauto-Encoder, BHEI<AY Sequence A%
gAY Sequence, BB EAY Sequence IRJREHKAY Sequence, fiiX Aauto-Encoder KR)IIZAY9ATR, A~
FEREERLE % Aauto-Encoder, AEBEWEXENNE WEXELBINERIER EXOHME
AERIXEMALLT
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of documents to
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seq2seq2seq

Unsupervised Summarization
auto-encoder

not readable ...
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document sequence document
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Seq2seq Seq2seq
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SRR IXA Encoder EfEEAEIRIT Discriminator,Encoder B8 A4 —EREF X FAR AT
LUET Decoder, iR REIFERAINE, IFER Discriminator IS G EASHNS T HFEEXANGE A
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This is cycle GAN ©
Text as Representation
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word
sequence document
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document
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Tree as Embedding
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Inference Model Reconstruction Model The
26(zle) po(a|z) T
. / The hungry cat meows hngry cat
Sort my;iis[ in descending order Inference Network ga(z | x) Generative Model ps(x.z)
https://arxiv.org/abs/1806.07832 https://arxiv.org/abs/1904.03746
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More Applications

Basic Idea of Auto-encoder

Feature Disentanglement
Discrete Latent Representation

More Applications
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R, il —sKE R 18, Decoder RIEWFEiz— M RE FE—iKE RS, FrlA Decoder fRATLUEERH
{#—~ Generator E{EH

As close as possible

| !
- » NN » NN -
#J’i Encoder » Decoder » S

S
Is it a generator?

’ AL ‘ Image ?
Decoder B€ :

With some modification, we have variational auto-encoder (VAE).

10129A |
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Randomly generate a
vector from a distribution

‘ J10123A |

{RETLAM—NE&NAY Distribution, b #Nis Gaussian Distribution,Sample —MaAIE, E45 Decoder, B&
TR e E H—KE

B FEBA1ZAL XA Generative Model BIBTE HSLERENRER T GAN LIS 1EE B4 MEEFH
Generative B9 Model, Edp—/ g4 VAE, Variarional B Aauto-Encoder {REEBZF/EEAY Aauto-
Encoder, BARZER Aauto-Encoder IEFEBRER, BELHZIE Aauto-Encoder B Decoder 23k, 2
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https://arxiv.org/abs/1708.00838 LOSSV

https://arxiv.org/abs/1703.00395
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Aauto-Encoder tBa] LAZSRMELS (R T LR Encoder AU, MME—NEENER BA—KE
BN EESHNRE M—AFKA] Encoder g95IH, E— NMEERENRE (R LUEH NaE B
B MNERENER

FTLARAY Encoder RYEETE, SR ESE (RAY Decoder MBYSEIE SEM TS

REXNEGEM, ©2I0F lossy FIESE FME lossy BIEMREFMRESXE EI1E Train Aauto-Encoder
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Anomaly Detection

BREE Tk A EF A EFERRIRA A EWAEEFA 1A= Aauto-Encoder, 3&f# Anomaly A9
Detection, BBETERKIEL AIRT{E, HSLHEEEZE Aauto-Encoder H—MEL, BB Aauto-Encoder BIHEAR
R BPREHREM Anomaly BY Detection, EAXNMNRIREIFEZSHIAS BN SMAEERI— MY
VN

* Given a set of training data {x!, x2, -+, x"}
* Detecting input x is similar to training data or not.

x similar to
- —_ Ancmaly = normal
training data Detector

outlier, novelty,
exceptions

x different from Anomal
- v — anomaly

training data Detector

Anomaly f9 Detection fBRIZ2{FE—tHEAIIZRETRL BOB R X1 2l XN SkFRaFHKAI89)143% 44, M Anomaly
Detection, BIF B EEIERFEITN

SERNEMNERNE R T —SEHNER, SRIRIERNZITEISEHHER S ISR, B RBEIE,
BHRRFFEL L (FREE I FERINRER XM REENNRS 2EEAERELE ISR
IIERHRAT

o LBE—EHNEN MRXENRNER SRR GR)IGEFHERRN Data, sl ERIEERY

o MRBEFAMERIGEFHEER Data MR EEFHEH
ABESE Anomaly,Anomaly iX/MaI, BREARRIEAAIFRIF, ELANRBRHR(REIME Outlier BRHE(R
e Novelty BEHERIRZINE Exceptions (BEISRIERRRIFHIERE (R EEERE —EHIRHE
IRZBIETRERZ AR BB RN, 2L H e BIFERRNEX 2SR,
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Training Data:

A 4
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T anomaly
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. anomaly

- ;Og anomaly
e P

o RFMAEIRAINIGERXNMEBRE L IBX MR- REHERFERIRA

o (ERERFENIGEFHER (RTENEIERRK R LIS CHMER BRI IF A2 F
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* 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

o Eskin, BRI LSRR BRIZ (A B R HER, B — KSR R BLER AR TR LR HK
i, SHER RN ZHRERN FEXEERNERFIIGHIRZLER FG— P RERURY
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B—EHRNELE KRR LIRIRE R IEEREL 15— N RERNAERE, EEFEL B2
BHEL TEFFEIES CREENEMN BRIERIEL 5E REEEF ChAlsea N A Rigs
B XHIEREERER 250 |15— M SEENAEE BRI ER — MY, e LADER
MEEIRARE UITARE EHE—MEAERES

ARHEIXINE A ge18it, Anomaly Detection BEIGNIRIIBIRE, Ff JBERREEIE E S = e 53 FRTIBIRR
kBN
Binary Classification?

We only have one class.
Training auto-encoder

(R REEER T (R E— A EEREAFL R —HERESAEL R )I%— Binary 19
Classifier, i Z55RM, X HEFAZN,

FrE R R AR

XM EEENNERECHIME S IEEMAREH L H B SR RE AR IEE RS, (RILBRAE 2
WEFIFENER, (U —KEERARRZNER BRSHERA R ZNCRAIEHRERN 58
REFBRTIERNEN, TeeFEl)> EEF—ERENEHREERIER (REAKA (R gEths
EIRBTNEN R ATAEIX—F R B NAY ) AEE

HAWEERIR BAVE—REEBRNERL BRIV FRERENER FIUERR—1—RRI 2 RAEDE,
XM ZERYIERE AU One Class RIS SEIARE B2 RE — P RBIRIEHL BMREAIG—MEEL E
FHRIBRE 1 — 7 KRR RS RTRDSEBIRIET R AR 8814550 252810, AR RAE — DSBS BRFK
ITRTLAYIIZR A TR PG X MRS 2 Aauto-Encoder, ATLURS EFBARIAHE T

Zfg, RLHENMEEEN— RS XN ERRE MR —KE A~



Approach: Auto-encoder

Training Using real human faces to learn an autoencoder
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More about Anomaly Detection
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*Part 1: https://youtu.be/gDp2LXGnVLQ

*Part 2: https://youtu.be/cYrNjLxkoXs

*Part 3: https://youtu.be/ueDIm2FkCnw

*Part 4: https://youtu.be/XwkHOUPbc0Q

*Part 5: https://youtu.be/Fh1xFBktRLQ

*Part 6: https://youtu.be/LmFWzmn2rFY

*Part 7: https://youtu.be/6W8FqUGYyDo
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