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Proposed Method
Overview

AAE with Multiple Discriminators (MDAAE)
« AE AX(AZH+L|ZH)2f 37He] HEXIZ 9
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Proposed Method
Overview

Anomaly detection
« Loss #E& E&59}0{ anomalyE
A= 71222 Ol 0/ £

- Anomaly :loss 20| RZAUELC 7| IE0 E4 Ho|E et /40| CIE

Anomaly detection

threshold
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Proposed Method

= MDAAE : Adversarial Autoencoder with Multiple Discriminators

* Encoder
— OXANM XX OfE(mapping)
Y - LO|= X7 &Y
A an | 22 HojE £ %%
 Decoder
— MXtAOAM | HO|EH Q| Xt Ol
! IXEeE 5¢

- wO|=7t HAE Hlo|E 2

—

* Discriminator_x

A




Proposed Method

= MDAAE : Adversarial Autoencoder with Multiple Discriminators

e Discriminator_z1
B
> NAHH z10F AFE 22 p(2)
2 O|O|E 2| 2 p(2)2 MAHE
z10| ZOIX|E&E st
* Discriminator_z2
7:|7EH'6|-¢
> MXpa z23F AP 23 p(2)
28 OolHe 2 p(z)SEf MK
Discriminator ~ Discriminator
r 720 ZOIX|E2




Proposed Method

MDAAE objective

A X} D,y :Max Ladv—dzl (x,9,Dz1)
Latent space z1 distribution & Prior distribution
E[log(D,: ((2))] + Ellog (1 = D1 (g(x)) )]

| A_l tE”ﬂ' DZZ . Max Ladv_dzz (xy g: DZZ)

Latent space z2 distribution & Prior distribution

E[log(D,(p())] + E[log (1 = D,5(g(x)) )]

= MNEBX}Dy: Max Logy—a, (%, Dy, f)
Decoded data & Real data
E[log(Dyx(x))] + E[log(1 — Dy (f (p(2))))]

: Min Leryor (%, 9, f)

Reconstruction error

—E,[log(p(f (g(x)|x))]




Experiments

Experimental design

Hypothesis

e« Loss’/t H=

- 3¢ HOIH

= 1 Step: Dolo| 2ol ™I}

« Class & gl= O|IO|H Ar& - NASA Bearing dataset

« Loss of distribution= 0|23l E/H &4

= 2 Step : 29| anomaly detection 85 L7}

« Class &2 ZX{5l&= O[O|Ef AFE - Wafer dataset

AAZr2 0|83t anomaly detection ‘3

i Ex‘l
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Experiments

= Data description
* NASA Bearing Sensor Data (https://www.kaggle.com/rkuo2000/nasa-bearing-sensor-data)
« 470 HIAEL 7IAN St WM T &
- H|O{Z T 983 Z0[e| Ho|H=Z 4
— 983 x47i A|AE HIolH
— Train set : B4 445 x 47 (45%)

Test set : ‘2aF+H|E4 : 538 x 47 (55%)

Bearing Sensor Training Data o Bearing Sensor Testing Data

el



https://www.kaggle.com/rkuo2000/nasa-bearing-sensor-data

Experiments

» A= u.=|7|- ol oGl |:||

- s G} X|EZ MAE(Mean absolute error)E A}
- MSE= 2XAE N&oh7| 20 X7 HX|H HA

> MSEO| |3l MAE= O|&X| FatE HA #=
— Ikl'xl(}“ 7|' (=13

2
o
A2
=

= 220l H&s2z AHH

« MDAAERI RE =2 H|W

— MDAAEZ} A4 HIO|EHe| EXZ

A OlS
T AR O

Model Q2 of Loss MDAAE Loss Distribution
Autoencoder 0.0912

Adversarial Autoencoder 0.0513

GPND 0.0485
MDAAE 0.0332




Experiments

= Data description

Wafer Sensor Data (http://timeseriesclassification.com/description.php?Dataset=Wafer)

- HEM Mz=E H2[Z /ojH M2| T Crget Ao 7= E 22t Z2MA MO 5 &

— This dataset was formatted by R. Olszewski as part of his thesis Generalized feature extraction for

structural pattern recognition in time-series data at Carnegie Mellon University, 2001.

— One sensor during the processing of one wafer by one tool

Large class imbalance : &4} 6,40271(89.4%), H| ™4 7627(10.6%)
Train set : ‘34 5,4997|
Test set : 1,66570 (A4t : 90371 / HI™ A : 7627H)

<Normal of Train set> <Abnormal of Train set> <Normal + Abnormal>



http://timeseriesclassification.com/description.php?Dataset=Wafer

Experiments

» DO HD

e Threshold : 22 &4l BXO| 952 2| A}
20| HO|E{S 0|4 HO|E|Z EX3le QB E K3t 317 2
= "o ™ 0|4 Ho|H 2 &

= ML

H| m

50| HY 48

o HIO|HEL} O]y HO|H =& 7t 0%

Classification accuracy

AE

AAE

GPND

MDAAE

Normal

94.4%
(853/903)

96.0%
(867/903)

95.9%
(866/903)

95.3%
(861/903)

Abnormal

99.2%
(756/762)

99.0%
(755/792)

98.6%
(751/762)

99.7%
(760/762)

Acc

97.2%
(1,609/1,665)

97.4%
(1,622/1,665)

97.1%
(1,617/1,665)

97.3%
(1,621/1,665)




Conclusions

Summary and Future study

22 §l0|E| 0| EZOIX|EE 2
o X H&I
AZHA &40l Z EB{LIEE LSTM layer

Bearing dataset0f (2|2 S2HAE X|HS
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