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ABSTRACT

ABSTRACT

With the development of information technology and its popularization in industrial
production systems during the past half century, in today’s industrial anomaly detection
workflow, the stages of image sample collection, transmission, response processing and
archiving have basically achieved automation; while the decision-making process still
generally relies on the traditional procedures of manual identification, which wastes much
manpower and material resources, accompanied by shortcomings such as large errors, low
efficiency, slow response, and poor coupling. Establishing industrial anomaly detection
technology that adapts to the development of the new era is the common demand and
expectation of academia and industry. In recent years, Computer Vision-based image anomaly
detection equipments have been gradually deployed on a large scale among various fields, and
anumber of Neural Network-based algorithms have also been widely used in various industrial
scenarios. The use of such a method for industrial anomaly detection has many advantages
over traditional methods and broad application prospects.

This paper integrates related Deep Learning algorithms and image anomaly detection
technologies, and designs and implements the main model of the deep neural network
industrial anomaly detection algorithm system composed of Convolutional Neural Network
(CNN) and Generative Adversarial Network (GAN). In the model of the algorithm, the
generator can be used to reconstruct the normal image pattern of the test sample, which could
be used to generate a pixel-level mask of the potential anomaly area, and based on which can
the algorithm solve the problem of classification, location and segmentation of anomaly image
simultageously. Compared with introducting and applicating CNN or GAN models based on
computer vision individually into industrial anomaly detection scenes, this algorithm
comprehensively extracts the respective advantages of the two conventional models and
combines them, which accordingly follows the solution to the difficulties of image anomaly
detection such as small sample problems and background noise, and can effectively achieve
system control key elements such as high interpretability, unbalanced sample adaptability, high
recall rate and low false positive rate, as to a certain extent would be able to solve the
shortcomings in some of the existing algorithms.

The deployment, testing and result evaluation of the algorithm in this paper on the MNIST
handwritten digit recognition dataset, CIFAR-10 natural image dataset and MVTecAD
industrial anomaly detection dataset show that the F1 index (average value) of its anomaly
classification task is 98.76%, 89.16%, and 79.45% respectively, and all of which can generate
high-quality reconstructed images and masks of anomaly areas. The algorithm in this paper
can provide consistent and effective performance in anomaly detection tasks.
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B SESE A A A R B R UL FRELB S, HEE B EATHE
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) — [ TRk R P A 55 07 T8
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1.2 WG AR
1.2.1 7 SRR A 5T IR

ISR AR AL 5 R AT X S IE AR AR LA N B R I S A A Bl
PSR S (anomaly) HEACH ISRV BIREREAS . ISR B MR AR E
FEAZ R TP — A RIS, S R ROy L rp i 2 R 22 BORE A R U B B A A
LRSS ) St A AT 55 B e MU AR =S ) (Bn ey s zs Tl [ e in)s RRE s Al s) o
SHEIEFEHEAS FE AR Z R RIS, R R RER B AR S A B i
X TFk

2 1-1 SPRIR IR S5 M S A 1 S I 2 FH TR >0 P A LS 2 > )

ey A S o7 FH 4tk >J SR
Fro e g IR GBS BUERD . BAES RS RNN, LSTM =
AR FI R AR (B LRGP EES) CNN, GAN %
e B 2T R (WU (LIRS ) CNN, RNN, LSTM =&

SRR AL 7 S B BT 55, (RS ARG A K. & 1-1 45
TRTF R ACAAR P FIAE AT BRI 2RI T B2 2 25 B9 A TR A9 S A ]
N AL DL > F BRI #S 27 ST AR InfiE 3R & i 2% (Recurrent Neural Network, RNN) .
K24 (Long Short-Term Memory, LSTM) £ T [A] A0 T 4504k, B FAHZ K
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2% (Convolutional Neural Network, CNN) . 4= il %41 2% (Generative Adversarial Network,
GAN) SN Z T 23 A TEUH o

FF A R T A R R e B A A, AR RIS S, BT
B TAVIREE T EREHRE, B T H AL g7 ST RS, 1 H R AT
REMLEAT SIS H A B (Recall, true positive rate) , 1 6 it FLIE AY S FEASR
TR RGERENS IEF s, AN B S 4ERFALARAY R FIYE# (Fall-out, false positive rate),
AREN I i e B IR REAR R E N S, SN AR 2R 2 A b B B IR A A B AR
AN, 25 Fi o 5 A S e e i s i 21 H R 2 — , @ AE ELSE BRI (in the wild)
IHYIMEARRNT: A TIERHEAN S, SEEAREEZIMEE D LSS
R, EERARZ IR B I Zhid B rp S LE M B S AN SR B, AR T3
P I TS SR B SRASR REAR TE ARG HH X LBk 1Y S 28 1 o

X R R 3 RAE 5, AEAN A Rl 5 MR i o TR 22 T BB Y
R, HEOA BB AR R 285, B0 Logistic [RIHRPLL 0.5 /524 R 55 1 Y 43
FLERE . LSS AR a tH AE B H B P I DU, AR RS A TR AR 2 I 26
B, T RAR B SRS (Accuracy), FEFRIN H WG 25 E ek &
Tk e D1 S b 7o i T 3 =S RO G P s Y LK L i O T S e N i SR DS E [
Wi T RESH AN S HITERE S SRTMIZ AR A5 23 A RE T EAE R G 797, TC
KRR FIA HARMESS o

G SRR 0 AR DA R 75 LRSS T LR 3 M A AL
FEACRIE BIRIPIERIFEAY 35 . Hrp, FEACRIES R RAHEM (Oversampling) 2R
FACRAFEPT (Undersampling) FARBSS, AT ISR A2 ALRE ST o R RFERAC L
B AR K S R R AR R AN T DB IR, (S8R S R R B EORES, 45
BNASSE ; AHIFAR AL G | N B2 ST, R] I A BRSO B — S Il A A
BT N S SR R Y W A RE N [ 25K, R S B0 2 A R T IR
BIREPLEIRES o JORFEBOR NI B R T 0 0 KA R ROBIPEHR , R RE R ™ B Y
FREL, NN FERRL 22| AR S B M SR A RF RBIEERE B KRR
AR EL KRB — RGN 7T IEGIREA, IR G . WRITRRAE R JT
LA RESCR IR B A B A, TS ARGV W 22 o AR 03k Ay 5 20 SRS A
iR, Wil ER R KA Y BE S SO, sk ROC (Receiver
Operating Characteristic, Zi{7% TAERHE) MiZkty F1 #EHRSE 0 G bRk A
WO MRS WS, AR AR, HalBoERI S S U AR . FEAY 17
TR XS ABIRE AT 0 M FEAR S H 0 A & I RE AU R AR AS L TS/ NVRE AR 25 R, RE R R30E
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G 8 B R AT IE AR IR, SRTT, (BB HIFEARY 15771 2 s g i TR R
FEFEIERT SMOTE (Synthetic Minority Oversampling Technique , &% /0202550 R AEEIA)
N ARSI — e 1 SR R

1.2.2 G S E A BT TS IR

TEEMGIX R B I S A T 7] _E, 6T E AOREAR P A (R0, E A o835
Wik A 4 FORE g sedT =

I Ry I SHER A . S E EUGEERY 1S TT 50 I AR T TR ) B fa] Bt
RGN SRR BT EG TER . PR . J83. XM EREELZ ML £
JEIR EURALEREEAE, SRAREUE Z [ REARRN S8R ERDT s Bhabh, AT R B 544 S ph i
G INEER CUHbE) SR L, DIARGHTIBE REA ML 5 SRRk 725 > Pl or
BT T2 R BT SCAnR B FEACSRAE T IE MR, B8 K/ IMEAREHE — M pg s, HATRE
SHOEEMEIN G KA.

2. WMZETNZ TR > o SR/ IMEACRINZRIR 7 3] MR 5 S EOE A
PRI (0 B T IO 2R M 25 BT A% 2 ST R 7%, AT LA IS 515 — H DL B AR Fe /e Y 4
BB TING, AE—E RS B AR B BRI N FEA RS T e AT A
I M L, kst 2 aEsEt SAm BRI TIEE Tara
SRITAERATAE H AR (L B R A A F A4, ELIX RIS 22 S AR RE AR IE B 1
AN EER S B AT, TR S I ARG R AT R AR 2

3. JEIT WG LRI R AT Ko AT LA I T [ TH B B IR B2 SRR/ M AR B
BEAT AT 78 LA PR AR 2o 0, 5] AL T R4 R AE S HL ) 6 B 22 W 26 (CNN)
Ji, AT LAE RS R A G BB R =S R T IR B2 0 8 Sk HHEL T ELREAE T i8R
W EG =S RIVE RN, BT SR RE RS AE D T AR R 21 B8 S ] AT 01 T2 2
AR, (E— B RR T bR REAC A TR o SRTT, BT A RET S 4T3
TT AR, A B R/ NI SRS 5 7= AR i LA A L o

4. SRAEIRE2E>) (semi-supervised) FIJCIWEE2>] (unsupervised) {751k, 1E
TR, HARHIE R AR TSR, TEAE R A A B WLk i S R i s R
FIE AR SR, BNIGS RS RAHFEREEARNTIN, BEEER T X T 55
FEARBUR B R R 2P M 5 i WA ] AR B AR I RE AR D/ NRE AR T 0 T 1Y
0 25 311 et

B 7 am AR B KT IR SRR AR A R (A, X T UG A, i I AR
SMFAEA EUR B E 28 s T4, DA R LA RO oA B A E TS B2
NZEFR KRZEF/NEERKE R
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1.3 ARICHIFE N A

PUERIATSS TR S X — 1B = PR IR e S, B2 T4l
BTG o AR S R AR £ A S B T i AR RN, B0, (6 72 bR
e FETYE FEBR 2R G050 WE R B I S im0 Y S i BB B B I B 7 VR o
3] 5 H B RAE, FELAAE N S BE bR 1 (0 R TR A AR A Y T M
B SRR N S KB T T2, FRESTEIIZRRHR AR RN, (S rl 4t F i 15w R
AREHIE, YRR R BRI A S B R AR I B A I H SR

ST T A I E L5932 (classification) . 5E{i% (localization) F14)
#| (segmentation) (E55HHIA], FBARITHRE. HARTE KA E bR 5 nr s S A AT
SRR N R A" (93 “TRAEWME” CEL) M “mEAZT (5F)
SAAEPZER, H=ADERIAGEER EES KR A SN G50
PR HIARIC IR, KIS RIS 2 /A5, T T EAL S 5 A 5
KHIFFE 2 ] o

ARSCWFSE TAERNE T EIRMER R, L3 X Dol e T o B R 2 2
JTIERS BASAME TR SR EdE (RIEG) g oo, SEsiR
JEA2 SRR LB AT M B E TS 1 Dl SR i s, RN ERE T
AHEB A EE AN R Z A o ARSCE P8 AR T IR 22 2 19 Dol S A I B A A 42
FEJR 1 O S A AR S SR AN AR BOGH  Z8 R OB 9 ARFEA S B AR SRR E A
Plgss S 5wl Es, AR IFSEI T TS TG WS F0 AR SO PN 45 1 5
AR AT LU AR s EE A A B 1B AR, 25 B A S I R R
I, JFET LRSS T BUR B 25 Bl #R#l. ASC/E MNIST F5
AN, CIFAR-10 [ 8R4 LK MVTecAD Tl S f6 AR gE_ o b7 1
BRI, FEEEA T HLE A RE.

1.4 ROCHA R

AL SAET, N FAHRE TR IT

1 E, #ik. ARELHREREE 7ETIRE S ST I Dl G SR LT
RIS MRS, T SR R TN I R AT S A A ME R T AE A TR T A
FEEPRIEAT T RIBAS SN . wJa, BT AT N A S 2k

B2 B, MHROTEME. AEFZS AR AR LA ST HOR LA R =
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2 3%, T CNN fl GAN gy T FG R NE . AEELRRNE 7T
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CNN. GAN HI Tk R4 M ETE R SRR, Z a0 B SR ARG 4 2T 1
FEAA B IA, B RILAYAET . BB Bt DU R IR SE B AR o i TR 2
& TR
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S, fheHREE. RERNELS TSRO TR, BOREPRERS H
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2 FHRHBIFIIA

2.1 BRI S

AT T EOSRFEE > B R BORAE B B SR R b B B BT T e . R e
R AR R IS BEBOARHE R T 18] 2-1 ffoR

S5 VGG, ResNet 55
EET A2 S BT Yolo, Faster RCNN 25
B { S 4E]: FCN, Mask RCNN 25

BT RS MR 25

BETHERENSEN: VAE, GAN %

TlEEsT A ETRREES SRR

B 2-1 R E I OGS AME DR

AL TET W Te M B R 2 > BT R E B BORH Toll B B R o

211 HiEE

D B Aabes I py BB s e

FAE A BSOS AT T 55 1 9028 e RT3 ) Im] Al Ao T LA B
R SRALSS , KT BRI 2 BRI KU -GG R 0K ABEA KR
LT MBS S RS2 S B S AR N T3, K2 B m] AU AR o< B 42 48 K
A (220 CNN) IR 2AE Tk E g i e, EREEme, EXx
T CNN X — A 73R 2 i A I i i A — LB PPRY R o, IROA (S 5 % R %
ATRI LAY A S AT AR A SR RO U B R A T LD B EA—%ERT CNN [
AT AT R TAE T ERER 5 R 2T ik .

(1) FHDE

BTl A PEERHE 1 R 5 ] T2 2SR AR R AR I R AR
B0 SORE IR HG . Y6 IA PF I 200 A R I T o 5EF ONN (B RUMIZE R
(ML T 254, 41 AlexNet™, VGG!Y), GoogLeNet!'®), ResNet!7V%, 7734 1
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TNRSR R K EHE SR IAE 7, 2 H T B I SR A WA 55 vh B oA FH 3 X
2o BT FXCE AR T I IEERIA, AR E RS2, B ROI (Region
of Interest, JE4HERIXIN) Ja5r2e. 220025, LLLAEH] CNN (URFEFR AL « JG4HFE
LB 25 e B HAWHLAS - > 0 a4 o bk, EEERE, FIHEEhE . A
B 52155 MR, AT LATE SR 2809 [E Bds il i A8 AT 55
(2) S EN

SR RE MAT S BOR F RS H AR RN BRI B PR AR B ALE (PPl 8
TWEFHESE) o IWEER E, AT LUK H AT E A B ES TR 2 S 1 S AL 45 KB DA
YOLO (You Only Look Once) [MIZ AR 03y, BRI FASARY PRI (5 AE F0 5=
HWHEBIFIGL B ET M B (one stage) HYRIZEA5AY, F1LA Faster R-CNN (Region-
CNN) R8I 2, B e B AR i Fi e e (Proposal)« FE#EFT H R
SEMTEET ZH B (two stage) HYRIZEI . MG B IR, FET W Bk —
A TP, BT B A B AR DU B £ Mgk SR 7 R s ARG U B 19 S AR
IE75

(3) FH &

S BUESS T LA AR A B 5 S DI Al e AL R e Y 3 S 81 5 S5 49143
FNH, BRGS0 E], RIS SRR E . 2RI LA U &
(BAECEE JEE RS R HDEE) o ml L% R4 BT RERT X A KB % BT
15 343 FCN  (Fully Convolutional Networks, 4% FUIZER4%) ROJ A0 b 512
11> #f¥) Mask R-CNN J73%RU, S i3 #UT 55 5 i e 25, B K g% &N
PREEECHE, AEARE SR K IOAR A SR .

2) FF PR S E G R R

RIS B 22 >) (Metric Learning)  F8 A2 —Fhas [RIMET 19 7775, 22208 —
FhETF R (BB (FHE (Embedding) 23[R], B4 5 BAFAE 25 1) FR G 4FAE
b, LS ) AR B A S A B R/ N R A T A X 1 o R 2 S W] AT (Rl A
MR AE A R FEAE T IR S - 3RS AR > L AR AR 45 JR] 2 S BEA ) 43 AL it
AR o 2 IR ITTERZ N TR TS, eSS 8 A b D

S JAT 55 I B b2 SY AR AR AR A4 W 45 122) (Siamese network, SRR AR A4
W) BT R ), HlE DA AN E AR ] AUE LS Mg Rk, (5 A Rl ok
MR R MG VE AN, 2 o) U ABEAR IO RILEE, FIT B TR —R 56, 25
A o 20 R 245 2 R AR A O SEABLRIUR AT R/ M A R A RN A BE S AR R 24
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AT FEREIA

BRI BT . 2200 TAVBRYE T, 22 M 24 TRty AR R 55— WAt Bk
Pt LR S
2.1.2 Tt

SR RIAE 55 Y T e B ST RR 22 BT U0 T e BB R AR R T I 281 25
BRI 2] J7 1% (One-class learning) , X 1EFFEA ST HA BRI > B S A5
BETT o [AA M B S BB L, S IE R AR (TE— 2R 1 59 I8 TR, wT
B IE AR T REA R A FEAIS %) ITC B2 30 AT LIR30 fl 25 1E H R AR 53
ATBMARAEIN GBI B B B9 el XX S A REAS, £E E A Y
RS R AR SR BT EER T E B SR A & 75 K3
A REET G a3 [ R AR 23 | Wi Fl, £2 5% VAER (Variational Autoencoder, A%
5> Héibds) [ Autoencoder (H%ifdas) Z5HHT GAN (AR 2%, MHICEILIESN
NI 2.2 T ORI 28 A 5T 5B 53) S5V AR A, AR B ge T2
WEEF S9MRE AN BT I 7 S I BE TR 28 A5 i I

D BT E R E G

T EEE G RN E AR BRI 23, FRRAE TR
B E RN E S IRE ST XA EET IR REAC S S (I B A v ke iy, Ho
()i R A A R B A T SR A SR e . i st BT, ETEE TSRS
T T S I 25 SRS S el A2 2B A SE ol i il 5
HAGMSCR A MBI A KR ITIEMEL B0 32 M 52 M A 2 A i A 70 j) 45 A R
FAERERE IR, HAA TR RE T A et st — DR Tt

(1) BT EG s B R G i A i

BT RENS H s e & Sy DX o0 H mpd a5 p i, BT E B2 RIFEEA
AN T RER M A BRI AR i HA X TR AR B G, Bk
S5 20 A R TCER PR AR BRI RE T TR T IR A2 A5 S 1 )
fa bR AT DA R R S A BRI REEn BRIk E g (EER
7)), MEMAKRTEABE G RS A G HE N R AR, i X R iR 2
PP K AT BIRE N IEFREA . [EI], A 31 1B (5 25 TR A AR B e (o ) 2 ot
U 26 0 ) 30 2 4 2 DX 90 S RE AR R OE 5 FE AR Y 43 26 88, 1 DCGANP®! (Deep
Convolutional GAN, VREEAEFAA SO HTEE) o A AR BOMHHT I 28 B A SC FIRTEH N 25
W 2.2 5 AR O T 2RI TS 4 o
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(2) EETRHE=S A SRy BG et A

FETRAE 25 ) ) B A T 325 H A2 B — MR A RAAE 25 TR AR 1% 25 ) BB IR
FEAS; Bl W A R AR R I R AE A [ I, 0 AR AAE 2 ) B B A5 e 20 4
(anomaly score) Sfeffy it B i PR SN R AR AL A 2 R 22 57, BEAT SR Al - =
SR BGE T BE I B AT A SRR RE AR o XRRAE 25 (R T N, AT LA B B4
TERRTI AR 45 [ B g s mi A JoR Bt o 25 22155 W s A o R TR AR 23 [P 7 YR A 5K
Bt G 20T T B A KR AT SR, BRI R S b A 20 51 DU A 4 ) e o
T A GAN BERBEAT 1 B s [l i 7 ¥R SR AR SE B

2) H o B 55 I B G G S A

LR, 6T W ORISR R s BFGORTE FT 0 F He
SIRGERTMTERET o TR UTBH S 2 (0 B BRI BRI BABR I AL

YRRy, T B TR B SE 89 B AT T, an Ui xs Bl i
AT ST KRR S AN S 20 B 28 SRPO, a7 B R W 7 ) b 4

—

Pl FERSEH Tl A S R RS D, S AR A 2 DL X ELIbRIE,  HAR
BOC i 0 A RE s 2O IR A OB AR e ok, IR EE T og e I BRI TE B Y
Jrit, RAEHITR RS SRR A I SE b it . HATHI T YA 2 B SE i 2R nl AT e
I, XETFERM D FEUAT BT RT R -

2.2 L ST 5T 5

A bt 4g  (Generative Adversarial Network, GAN) ¢ 5 Goodfellow 1 J 25 A
2014 R P, R—FE TR RIS (SOCIRE) FHIE B B L
rr A B ART e, GAN CDAAEFGA. FGHFRIXRIE S S0 A 142
FIR I, IF HATA T T LA R T REAY AR AR o A2 R i 28 MREA AR B A AT, il
i i M2 (Generator, G) FiZRESCEURAIBAE A I HA BE R EIR A,
] I Y25 H 01 # M 4% (Discriminator, D) 2514 A\ B A L LA /2 AR il A2 hk
HIREAS, LARAE S A il 7 S SR BR i oA o AENZRd A2, GAN A&
OSSR BB B S8 A, 1T 08 A o o) 28 7 65 31 9 4% ) e K (BB /MEL (min-max)
SN Gk B TR R 2 ST R AR B 434, I HAE 28 SR (Jessen-Shannon
divegence, JS HUEE) THEM o3 An I ER B /E A PEAl 0 BB @ iy e bR . iAE5>]
IR ELI T, GAN BYAE IR 28 RE S 4 HY LUMBREL LAY B G AS, AT A] AR S
[ A B 12 W B A A/ DT T S AN R A A £ )
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2015 4F42 /) DCGAN (Deep Convolutional GAN) [X£& 20T} GAN it 1 ) 2% 2544
EHICH, BOH TILEITR R AiER S, S HETRAE M A REE, 5IASEL
A (fractional-strided) & FHAGE 1 FoRAEEHRE , FE52 BUEMGARFERY RIS 39 A0 1 IR
FEME o FURI A s JUT 58 AR, (8 B R T R RAE, 15 B T )1
an VAN XA S AR IR TR AR B 90 S5 s ANEZARAET, HIBIgiH Leaky-
ReL U & sk AL LA 16 g, A= pias-Rh98% 1 ReLU, Hig Rk ] tanh B0
BR% . DCGAN 4 xS fu 283 4it 1ogr B MZg M a5 iya=t, R s il 1Ay
FRAE B TR B4R . H AT, DCGAN 1 M8 S5 e T2l 1, oRAgHRTH T
GAN I ZRHIFSE TR LA AR il S e

WGAN (Wasserstein GAN) [1 213215 DCGAN /], J255 MR 4 BR BT £ 2 4 GAN
7o, ST HAAEREM. WGAN EFIE T HZAH T GAN Il A
FEFER, BIae RSN T B r A AR SRR R, SECEANE G AT A s
G AT AL A G 73 A X P B A A BB B A Z A R R, S5 550 ae AN RERSE
Wil %o i, WGAN $2H i Wassertein i 24 i & AE s s fE SLER A 2 1
HIPEES o {8 ] Wassertein B RE 2400 2 1R 51 Lipschitz 2250, RIESRA R85 R AL
D(x) (EFEAZSRIFRIBEEEAR T AR FEE Ko WGAN @ HACE AR 8 7
X, MRGIORIE TACESE A T, AR 7 HAREAE S 2 Lipschitz (&2, {H
HEERZ, WGAN H5eXT GAN [l 2t ISR FERTahR; b, WGAN iAfi#
IR TR (collapse mode) HY[RIAA, A pkHYZE R ZAEME IS

WGAN-GP (improved WGAN, Mty GAN) MZBINGH T WGAN [ 3% 224 B
T 25, AEE 2 WGAN AREFE 0 RAFTREEMA MGG RETT, JFH., R B
BT IR 2Y T S B I H R BB B L I o VR 7 A BB AE T (gradient
penalty) )T, %[ TENZIRK AR L Lipschitz BRAHAYEER, MRS T Il 2545
JEIH AR AR NERY )8 . WGAN-GP [EAnifE WGAN 1A S PRI SR B, ITREAR il
R CRRIFEA IEANATRAE T ARRER) GAN YL )T, BN Z Rt Xt I AR i
FEIUH) GAN 224,

LSGAN (Least Squares GAN, #%/N "3 GAN) [ £&BYELA R T He/h—
TR BB T GAN BIHEREL, KGR 3 R AT RERY Bl SR L, 2/ 1
GAN YA E A B G i 5 22 22 AN I B TR

i Google T 2017 4E#2 41y BEGAN (Boundary Equilibrium GAN) PSUR—Fhsrag
TR B H DD RESR KM GAN, #5lgs D (i 7 H3hdwiddr (auto-encoder) £5#4.
BEGAN fli 40 R 22 Rkt bRy, AU T 9e A& GAN 13 5 BR BURFE AR AE ik

11



VISR E AR T (830

BRI A0 5 EL B AT A BE 25 A 777 - BEGAN #2417 X —FriE A 2705, REMR
P EAE RS, BHEMAARRE v TRIZEE SR AT AR - A i B fAE k& i
PEZ RIMOERE . bh, ET WGAN [ R, BEGAN XFF GAN HA: AR B 25
RE AP 1 A T SORE S Y S — i T FE bR .

Google T [A A TH — 5RO P i 7 GAN. WGAN. WGAN GP. LSGAN.
BEGAN L)z VAE ZEf5RIAE FID (Fréchet distance, #E5&FE ) 55 (precision).
AR (recall) DLN F1ARTREE T HIAIEREL, S55RERH], &1 GAN fEEUG A it
JTTHERIARML. S0, HAth 2% 2R GAN TeEEAE I REUR 7R IR E . R
R LA N R R B AR S T T EVB UG HY GAN e A B A& i EURTITS , WGAN-
GP EMHSCGUE AR B ), T s B AR U B3 58] BEGAN.

12



ELT CNN F1 GAN ) Tl S5 6 ey

3 T CNN F1 GAN 1y ok [E 5 i i i sk

LG RETIME R A B R A AR AR R TT 58, 8 BRI H 1T SR 2
STTE I, T SR Mg ke M G SR e R i (R, AN SCHR S T — R AT CNN
(GBHHMZMLE) F GAN (AEOHimes) 1 Tl E G SRR G, [FE R T
TR E BRI SE ERLFNS R
3.1 kit

RS B TR AT EARTR U 2RI i FH B RE AR BRI A, 2490 I B
PR CNN SR [E GAN SE T W27 ST R RISk 5 KT, #47RESEAE CNN 57
IRTIE ST FEAREC R B TR B RS, K CNN SRR REANREAE 7 S RE e 5 | A\ 2]
GAN HyE G AE AL, TAT RS U B R R A T 2R T B 2 ST
TP SR A IR AEAEI, TS S IIAS I AT AR i Dol R i
AL 0 5 5

AT RIS G B R E M 2485 42 s BTN 4682 B HVDC AL, 1B T S RE e M R
B> s e, $2m 1 ARt R G B AR A2 RE T, W] LME S e )
Rt — B AR

2% DCGAN 5 WGAN-GP HYELAEE, 11 A B ZE I 28 SR T I 28 25
I R G TR AR SCE TR T GAN 194 i 1) 65 W 28 A A Jg A HE
28, [AIIEINT CNN [R>S FOFAELE] -

L AEAE AR, RSO IR A UK (fractional-strided) BRE , AU %48 CNN
HRIACERE T EORAE . RN EREEWIEE , XTEGEIR A T 0 PRy 18

2. fEFRIEs R, ARSOSEGAE A KGFRERRTE B AR TR, IR)E
i se R T 2o

TRFE AR ZR A AT DAAE I B Bdi i A pl iy B SRR AR B R B A 25
AR I G BN, JET I R M T 2 BG4S 2. s
FFE. FHACTHALEH CNN B GAN BRI T i ill, & FRE ML (CNN)
FIAEBOMBTIZE (GAN) ZEG B VR LA 48 2R 48 T AR 25 G AR B T P> T
T2 H LTI AZE &, BEM% A RCHIE BRI Y 5 mT AR« JE~T- A AN 7 2
g BEEAURB RS R E TR MBI SRR KRG 2RI H bRk 405
AR T ORI E T N R — DA .
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3.2 BRI RHEEOR
3.2.1 BRI 4%

AELE NGRS ERESHIEEEHEREAR, HE THEHME M %
(Convolutional Neural Network, CNN) iX— &2 L EM S E R ESHESEN
HIRT 2 BANAE M 2 VENRBAGRERNRE 7 EEY —, HBRE ML Z L
PR a2 BF (Receptive Field) AL S & H LK, AEALETAR 0 HY BT A A OC 43k
I A RERIHTE S Y

REHIGR A ML BN Z s FHIES SRR IR DA 53 F5 s =0 f ko

1. N 244 2 AR AL BRI 22 A) BV 2514 5

2. FHEEIFRAEZ M2 D ERE BUE R ZH

3. pRAHATE B EUL N eEREA, 22 Mda Iy, BTG
FARBURFIE o

Hep, HREETEGHREEE i (R RE s 4 e w21 8dE i B A B 2
AETPE) AT, & CONN BRL, @ AR SCEE I H ISR ER 055
BRI 3-1 s

xl = f(z xi= s kL + b (3-1)

ieM;
X M—ARMEILE S . BRECEEZ TGP, BB AR AL
BRI 22 R B, SR AT 2 M2 R TT, 6 B AT A 2O 45 2 O
MNESFHEIATERURLE, (RIS RIS 19 R R T2 >, BRETE] CNN
MBS s A CRFEAE IR , KSR IR e (i E— 2 BRI Y e
TR N — 2T R,

ERHEERR, G PR, AL OO Ry DO T I, 1 LA i
FBale B PFAEEZINEAIAME S, T B BRI SR A e 7785
R AT LSRR8 e A eI LB ) VB S RO B mT LR 145
BURZERIZEATL R dropout JRHYJT AP LIS IR & 4 1A, BRURIEE
APUEIEFRE: B AEITN M B EOEHFEN, 7 — TSR ST
HRIN B A B E A B RO ey i e S BUEL = G BUR MZERAE, AR
% T BRI S RIS E .

BOEE— Bl Sigmoid. Tanh QW IED]) « ReLU (L& Hi L) « Leaky ReLU.
ELU. Maxout % F U BRAL, X6 BUR YA AR T{FEE T 4 o AL )= (Pooling)

14



ELF CNN T GAN [ ol A N i

Xf ERERBAT T ORME, MR B S A B TURA(R B PR L, RO
FrRE o EEAER, wLUEgEd e NG, HHE9A Max Pooling (f kit
f€) H1 Average Pooling (-FI4ithft) FFf#AE.

2% R e Z XS BT — R T FAE S TR S, A&t B
B, RIS IR 7 AT

3.2.2 A R 4%

ARSI ARG E R EERI B G886 A UM A A TR o AR O W 28 RE A ZE P
AT, NIZERA ML (Generator, G) AR ELSLEGRIETE S Jf HAE R CE R
HIEEIEA , RIS IR0 25 /2% (Discriminator, D) %514 AZE A HSLAHRIA 2 H
A E IR, DAk FE 528 s > BB I 20 A o

BRI GAN AL H FR Rt T

minmax E q(D()+ E g (1-D(5)) (3-2)

99 0p x~Ddata

A paata —FLEEGRFEARR AT p——EMAER ML G P E AR
LA G URENLEE S Z = (24, 22,..,Z2™) PR, s a7 =04
REARIFH G(2) = (G(2)',G(3)?, .., G(2)™) Fii th £ Bl s BEA T, 1T ILH0 i
g5 R RN AE s U AR PR AR, D0 H AR & AR iR A e 371 43 A R AT e LS
FEAR A AARAL, (EA5HINIER M D Tk oo HBRIIZRA: ilids IIZE IS, 1) s 9 28 A
RS E, ERETS
min E q(1-D(G()) (3-3)

0 z~pz

Fe Mg D H RS K AZHRET B B SEGE X 24 s A AR A
P9 G(z)e D WX T X A ESEREAR N R REREE 1, X T AL G A
LA B AT REREIT 00 BRI 2Rl g 28 ), A Bl I 28 B S 800pk 8T 2 -« 04K

max E q(DX))+ zEEpz q (1 - D(g(z))) (3-4)

D X~DPdata

JC B 2B B L I 28 A R 25y v LA SRAE YNSRI Fe AL S i PR A A T R a1
5 B IR DA 22 5 AR B SR TR S i e LA 0 SR R[]y ) AR
N5 EHEERS B R RO B 26 Lo

15
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3.2.3 BT BRI A 455 A O T I 28 H Tl [ S

X ol S A R A PR A — BORME R, R HTE TR 2R A okt
HUR 28 AT AR o

FERRY B S AR AL T, 8] GAN /] LURBRAE N ZRIN Y v (e R FE A T
s, R AT DMEEE A e A R B E R, DA SR E LA 0 Do A R 25
MR IER A>T, CNN HHFAETRRBIAT GAN [ A e -FU G AR e v TN 257
HIRTT RS AN [FAT 55 o AT I W 5 25 el DA T RS T, CNN A IZS 5 AT,
BT R RAEREAR, R Ja A B G A\ S 2106 B 5 H AR AR 25 R AT
Yo, AT LAMERR R gt S RSO gy 23[R ARG RY AL, RE KRR
RGO e FEARI T K AP B2 ) S22 > U7, GAN R LU E S8 1
ARG TR SR, I R 20 iU 7 IR AR AR SR ) 22 Sk AT Tl B
F S F A AT 55

————————————————————————————————————————————————————————————————————

BT EBMERLH L ETARRSN
AR N AR

HREVSAERS A TSR i 1o 2 v Sy = 3
VA SESEISHE = Mt SR EEFHTH

AEARER (LR » N L
SR EEEES AT B SRS SE]

K 3-1 EFTEPRE ML A SO TURZ ) Tolk BRSO s A

FEASCRI (s P A W At - ] 8 6 BRI 22 (0 28 R R AR R SRR R R AT A ot
P 2 B R AR R T, I I P 28 5 A Il AR AT SRR T W >0 56 7 T
AT, TR Tl S AR A AR A AN 24 A TR RS B 1

3.3 FIRMAL 25

ASCAEA e A Bl a RIS BUR , B T B Rsh Ak 4s (CNN) ShHg %S
L2 T RIRAL R, AU 175G GAN PRy 2 2 RRFIBIRLE] o O 1 A2 38 NS ZRIT 5E
FO R PR EE A I 5 R AT Gl , A SGRFERER 11248 CNN HfE~g S HIRAEE R G A
B BERERAAL R ZRE PR, RS RRAREE RGN R T
JURELINY I

16
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3.3.1 AL

L2 VAR RO 28 0 F- SENEZE O BEAR 2R, AR RS A Z — 1> 128 45,
FEE B T — 2B EE, iz 4 xX4X4 G528 RHESR Y R 2%
B, MNTHEERERZ 4 S54SR ERCRN 4 X 4 G RZ IR EBRIEA . TiE
FH=A GRS, 2RI HA/NN 5. 5. 8, #HEAN 1. 1. 2 B A FESURE R
G, UK R R 4 X4 B2 8 X8, 12X 12 128 X 28, XJ W/ YL
B ECR 4 (54 R EHE RO IR PO . 2, A lianti i — ik 28 X 28 K iR
) B AE R A e i B S ) A P o

FIREREA AR K 28 X 28 R R R EG, BEE M = EE, 206
KANBIR S, EAN 2, EREN 2 BHBIEHRESGE DB, KUK B G 331
H1 28 X 28 BLGih B A 14 X 14.7 X T F1 4 X4, %F W 19 EUGECR 1 1 Sk B EIE 2 1 1%
2 (570 4 5 RS RAER R A | D2EEE, B/ M EHERN 4X4X4 45
FIRGEERCR T AR 1 D —dEma 1 s, EAHIRIE A B e SR T
A i B UG B B A 2 SR i

ARTSCHT A s () RIEDES CF) BRI AR g5 1 I & 3-2 Fiow,
Hor ngf A4 REHERAERCE . ndf A B SHAERCE, BRAEEA 64:

2ngf@8x8 ngf@12x12

1@28x28

4x4x4angf 4x4x4ndf

1@28x28 Andf@4x4
ndf@14x14 2ndf@7x7

:L‘ .
4'1.” )
1 ‘ 1x1
\
/:z—; =

K 32 ASCArEHIR A G (b)) AEIEs OF) SRR 2R 4y

17
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A a A g R 2SR S ERIE RS, B T ReLU ZAIEERE N
Wah = Hrh, Rl x4 sde e — 2 GBI 2R H] 7 Sigmoid A R
B, DR B e

3.3.2 Hire%x

AERN G 5 D Bebldk. RAT WGAN-GP #51:°, GAN 1 H bR s 4h
LU 7w

£=E q(2(6@))~, E q(D@)+2E VDD~ 1>  (-5)
BT AT WGAN HAREALE?

£=_E q(D))- E q(D(¢@) (3-6)

X~Pdata

e =3 AfEEp?CI((”VQD(?/C\)Hz —1)?) ZMHHT WGAN e thagitsr. T
Wasserstein #1202, 0 q(x) = x; A/ Lipschtiz 250, (15 AT R E0ES AL EAL
Ab# 227 1, WGAN-GP (i ] T H AR SR ECH R 28 =02 R L alveDOIz — DY) H
PR PR A 2O T BRI . O TET AL, WGAN-GP #1471 BN 58
IR, HEXNHIEA 2~pe AYRREEVEREH T

G EERNGEREGR Q MERARGS P EAFENEGR Q HIHIILE,
MASEAE R 2 R R EL A ITAC; X2 RO e a (WTF—77) I iT
PG 2 [ TR B R RE P i SR o BT, RIS TRIBAR LA— AN [A) T e 2 TRI R R H 7
ARG 1 ERaS ], IR IR AR R AR AR T

3.3.3 F A
ARSAFE T A ) S e bs, RIPRMEMCIEZ (normalized residual) Al

JF R B B2 (origin distance loss) o & UAFEWEG Q € [0, 1]W*H*P jysk2Eifide L,
N Q HHERHEILE G(2) ZIAH €-755:

1
Ln(2.6(2) = N [w(@ - w(g@), (3-7)

AH: 2 BHHEEG Q IR N 1 /MU GO H R ZE R B
AR NG B/ IME. — S KAEPR AL (minmax normalization) w(x). & YFRTEL
w(x) : [min(X), max(X)|W*H*D w [0, 1]W*H*D ;.

18



T CNN A1 GAN () Tolk ke &A%

X — min(X)
max(X) — min(X)

w(x) = (3-8)

s min(X) F max(X)——#&Hk X s MEMRKETT RN SR, BRikicEZ
fELER)ZH b (element-wise) #H47H), H Ny =W -H-D. # A THE/ME - & KE
PREAL, BT LU Y G A A B NBR AR , RRZIRER

BT AR AR A ZS A N, ASOH R BRI L Lo SR
N 2 BT EEES :

1
EO(ZA) = -

N

b G LR e Ly, 5 L, ZAIEYN4H4 (convex combination) :

1121l (3-9)

a(9,6(2) =2£,(2,6(2) + (1 — D(£,(D) (3-10)
A 2€[0,1]. W a(Q,6(2) > a, AT A TR A,

3.4 FikSH

EHTF CNN fl GAN W T RG RERMED: (£ WGAN-GP #14) Y%y B:
A =10, nerjric =5, @ = 0.0001, B; =0, B, = 0.9.

A PRIEARTIUARAL A, FRIEHECREL (AL epoch XM AYFI B gk ARE S 4
Jas IEIRELZ L) Neritic, #URST batch size m, Adam (LLEHEHZEL a, By, Ba-
B WIIRAE A SR, WIIRFIA GRS H0,.

1: while 6; AKUEL do

2: for t =1, ..., Ncpitic do

3: fori=1,..,m do

4: FFERESEHR x~Paata, FRIAIEE 3~p;, BENIEC e~U[0,1].
5: Teeex+(1-6)G(3)

6: Li <Dy, (geg (z)) — Dy, () + A ((||‘7»ﬂ>e@ @, - 1)2)

7: end for

8: 07 < Adam (ng)i m LD 6y a, ﬁl,ﬁz)

19
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9:

10:

11:

12:

end for
TR {1 ~ps.
1
6; < Adam (\799 — %21 —Do, (ggg(Z)> ,0g,a, ﬁl,ﬁz)

end while
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T HEIE A

4 B SRRV

ASAER T 3 AR BRI A SCRIE T8 PP - MNIST F 5 A %5 3R
HIBGEE. CIFAR-10 F A ESGEHREER] MVTecAD Tl Sl B tE . AHoC Pl
W], HRH R FLIERR CPEME) 7230 98.76%. 89.16% 1 79.45%, HHJHE
i 7 PR fe o R P B GRS DX, mT AP A Xt T R R I 026 &
R FANEE, A S A AL 55 Fh iR A — B R A s

4.1 LI HE SR

4.1.1 MNIST F 5T IR A B

MNIST F5 (R FIHRBI A S ok B 2 E E R AR 5HART 5T (National Institute
of Standards and Technology (NIST)), [ LeCun 25 AT 1998 4F & 417, 2E1G > HTE
SR HIE RIS . Bl SEH 250 AT HEFHAL, /2 NIST Reikddase 3 (hEE A
CIEAER A T ST RRECRIE | (i B 178,

©
<
>
N
©
=0
o
[€]
]

SN[ [ [GIN
3N [ or X [

&

|,

0 ooy £ =
NSNS CIEE
A E W=

NN EINDIEEES

=¥

.1:'"

Slon/~ [l 8 [0 WO
SN N

B o= [ N~
Sloks

_|.|

K] 4-1 MNIST F5RE IR AR R EG R E.

@ http://yann.lecun.com/exdb/mnist/

21



VISR E AR T (830

NIST SREEMFELG KA A EF SEFE B L R EL 2 E E /M 20X
20 fRFMEF, [ IS PRFF IS E o MNIST Rod Seidd TG R A FO DI+ F38 IR LI
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Abstract. Unsupervised learning of anomaly detection in high-
dimensional data, such as images, is a challenging problem recently
subject to intense research. Through careful modelling of the data
distribution of normal samples, it is possible to detect deviant sam-
ples, so called anomalies. Generative Adversarial Networks (GANs)
can model the highly complex, high-dimensional data distribution
of normal image samples, and have shown to be a suitable approach
to the problem. Previously published GAN-based anomaly detection
methods often assume that anomaly-free data is available for train-
ing. However, this assumption is not valid in most real-life scenarios,
ak.a. in the wild. In this work, we evaluate the effects of anomaly
contaminations in the training data on state-of-the-art GAN-based
anomaly detection methods. As expected, detection performance de-
teriorates. To address this performance drop, we propose to add an
additional encoder network already at training time and show that
joint generator-encoder training stratifies the latent space, mitigating
the problem with contaminated data. We show experimentally that the
norm of a query image in this stratified latent space becomes a highly
significant cue to discriminate anomalies from normal data. The pro-
posed method achieves state-of-the-art performance on CIFAR-10 as
well as on a large, previously untested dataset with cell images.

1 Introduction

Anomaly detection is the identification of rare samples, objects, or
events that are regarded as anomalous compared to what is considered
to be normal. Anomalies are sometimes also referred to as outliers
[21]. Due to the quite general problem formulation, anomaly detection
is applicable to a wide range of different fields, such as e.g. agriculture
[10], medicine [33, 32], and finance [1, 2]. In the context of machine
learning, anomaly detection can be supervised, semi-supervised, or
unsupervised. This paper addresses unsupervised anomaly detection.

The objective of unsupervised anomaly detection is to detect previ-
ously unseen rare objects or events without any prior knowledge about
these. The only information available is that the percentage of anoma-
lies in the dataset is small, usually less than 1%. Since anomalies
are rare and unknown to the user at training time, anomaly detection
in most cases boils down to the problem of modelling the normal
data distribution and defining a measurement in this space in order to
classify samples as anomalous or normal. In high-dimensional data
such as images, distances in the original space quickly lose descriptive
power (curse of dimensionality) and a mapping to some more suitable
space is required. Due to their latent space, Generative Adversarial

L Termisk Systemteknik AB, Sweden
Email: {amanda. jorgen.ahl}berg@termisk.se

2 Computer Vision Laboratory, Linkoping University, Sweden
Email: {amanda. jorgen.ahl,michacl.fels } berg@liu.se

Networks (GANs) [19] can model complex, high-dimensional data
distributions [11] and are, therefore, suitable for anomaly detection
in images. GAN-based methods also provide the ability to localize
anomalies within images in contrast to many classical anomaly de-
tection methods [32, 33]. Although partly addressed in recent works
[3, 4, 12, 28, 32, 33, 37, 38], unsupervised anomaly detection still
remains a challenging problem.

The main limitation of these previously published unsupervised
GAN-based methods is their assumption that anomaly-free data is
available for training. For this reason, we argue that they are not
truly unsupervised, since completely anomaly-free data requires weak
labelling. Anomaly contamination of GAN training data is expected
to reduce detection performance [7]. In this work, we show that this
is indeed the case for a recent, state-of-the-art GAN based anomaly
detection method ~AnoGAN [32] and its variations.

Further, we show using t-SNE visualization [35] that anomalous
and normal validation samples are scattered in latent space such that
the GANs expressiveness with respect to classification is limited.
To mitigate this problem, an image-to-latent-space encoder trained
Jointly with the generator is proposed. The joint training coupled
with an image distance encoder loss enforces similar images to
lie close to each other also in latent space. In this stratified latent
space, latent vectors of anomalous samples prove to have shorter
norms than those of normal samples. We show this empirically in
a number of experiments on two datasets, based on CIFAR-10 and
on a large cell-image dataset. Our approach achieves state-of-the-art
performance in both cases.

Contributions

e We conduct an empirical study varying the amount of anomalies
in the training data and measure the degradation of the anomaly
detection in existing methods.

e We propose an approach to truly unsupervised anomaly detection
based on simultancous encoder training that improves results even
when the training data is contaminated with anomalies.

2 Related work

Anomaly detection is an important problem relevant to a vast number
of fields, e.g. malware intrusion detection [24], retinal damage detec-
tion [32, 33], and detection of anomalous events in surveillance videos
[34]. A complete review of anomaly detection methods is beyond the
scope of this paper, the interested reader is referred to [8, 9]. In the par-
ticular case of unsupervised anomaly detection, labels are unknown
at training time. This paper is focused on unsupervised deep learning
based anomaly detection of/in high-dimensional, non-sequential data
with spatial coherence, i.e., images.
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Classical methods for unsupervised anomaly detection include
probabilistic methods that model the data distribution, e.g., by using
a non-parametric Kernel Density Estimator (KDE) [29] as in [13]
where it is applied to intrusion detection. Samples in low density
areas are treated as anomalies. Another example of a probabilistic,
parametric method is the RX anomaly detector [31]. Due to the curse
of dimensionality, probabilistic methods are, however, not suitable
for high-dimensional data such as images. Also, they typically do not
provide the ability to localize anomalies in images.

In contrast, reconstruction-based methods provide the possibility
to localize anomalies within images. The aim of these methods is to
find a lower-dimensional latent space from which normal samples
can be reconstructed. A query image is then projected onto this latent
space and the reconstructed image is compared to the query image by
some image distance measurement in order to discriminate anomalous
cases. The latent space can be modelled using, e.g., Auto Encoders
[36], Variational Auto Encoders [5], or Generative Adversarial Net-
works (GANs) [4, 12, 32, 33, 37, 38]. In the context of unsupervised
anomaly detection, GANs were first introduced by Schlegl et. al. [33]
(AnoGAN). They proposed to use a combination of the /-norm and a
discrimination loss between a query image and its closest reconstruc-
tion match as an anomaly score. Based on this approach, Deecke et. al.
[12] proposed a similar method (ADGAN) that improved the results
slightly. In contrast to AnoGAN, ADGAN initialized the search in
latent space for the closest match at multiple locations. Recently, and
concurrent to this work, Schlegl et. al. [32] proposed f-AnoGAN,
improving their method (AnoGAN) by replacing the Deep Convolu-
tional GAN (DCGAN) [30] with a Wasserstein GAN (WGAN-GP)
[20] and they also introduced an encoder that was trained separately
for image to latent space mapping. The usage of an encoder instead
of an iterative optimization procedure in order to speed up image to
latent space mapping has also been explored by Zenati et. al. [37, 38]
who employed an architecture similar to a Bidirectional GAN (Bi-
GAN) [14] with pairs of (X, z) as input to the discriminator. We
argue that the novelty of the proposed method compared to [37, 38]
is the discussion of the impact of such an encoder on the structure of
the latent space, and also the problem of training data contamination.

Ngo et al. [28] make the observation that the usual GAN objective
encourages the distribution of generated samples to overlap with the
real data, which may not be optimal in the case of anomaly detec-
tion. They further propose an encirclement loss that places generated
samples at the boundary of the distribution and can then use the
discriminator directly to discriminate anomalous samples.

Golan and El-Yaniv [18] proposed another type of method trained
to map input images to a set of geometric transformations. In con-
trast to the reconstruction-based methods, it can not provide anomaly
localization in images.

Some of the methods mentioned above [4, 12, 32, 33] claim to be
unsupervised while at the same time assuming anomaly-free data for
training. The acquisition of anomaly-free data requires labelling of
data as normal. However, anomalous objects and/or events are rare
and difficult to label in most real-world scenarios.

Beggel et. al. [7] conclude that the anomaly detection performance
is reduced when the training set is contaminated with anomalies. They
use an Adversarial Auto Encoder [26] to mitigate the problem by
rejecting potential anomalies already during training. The proposed
method improves detection results in the case of anomalies present in
the training data in a different way. Instead of rejecting, we propose
to use an encoder trained jointly with the GAN. As we show in our
experiments, the anomalies need not to be rejected at training time,
but mapped closer to the origin.

3 Method

The architecture of the proposed method is a combination of the
progressive growing GAN (pGAN) [22] and ClusterGAN [27] but
without class labels. An overview of the architecture at both training
and testing time is presented in Figure 1. The generator and discrim-
inator are equal to the ones in pGAN [22], while the encoder was
inspired by ClusterGAN [27]. The architecture and objective function
is further described below. At test time, the discriminator is discarded
and the parameters of the generator and encoder are fixed. A query
image @ is considered to be anomalous or not based on an anomaly
score a.

3.1 Network architecture

One of the major drawbacks of AnoGAN [33] is its reliance on accu-
rate reconstruction by a DCGAN [30]. DCGANSs are, among other
things, known to suffer from mode collapse [6]. For that reason, the
inventors of AnoGAN replaced the DCGAN with a WGAN-GP [20]
in f~AnoGAN. We instead propose to employ a progressive grow-
ing GAN (pGAN) [22]. pGAN also employs the WGAN-GP loss
but incrementally adds new layers (o the generator and discriminator
while training. This approach has proven to increase the stability and
robustness of a GAN, especially in the case of high-resolution images.
The generator G(z : 0c) G : z — X, and discriminator D(X : 6p)
D : X — Y of the proposed method are equal to the ones used in
PGAN. The prior, z ~ N(0,I) € RV* is drawn from a Gaussian
distribution.

Another update in f-AnoGAN compared to AnoGAN was the
introduction of an encoder instead of the iterative search, which greatly
improved detection speed. The encoder €(X : 6z) maps images to
latent space £ : X + Z. In contrast to f~AnoGAN, the proposed
method suggests to train the encoder € together with G and D in the
same progressive manner as G and 6 and g are updated jointly.
Various training strategies to learn an encoder have been explored
by Dumoulin et. al. [15], although on different problems, and they
emphasized the importance of learning G and € jointly. We make the
same observation in our experiments.

Deecke et. al. [12] concluded that the discriminator is unsuitable
for anomaly detection. While trained to separate real from generated
images, thus forcing the two probability distributions to overlap, it is
not trained to handle anomalous samples drawn from a different distri-
bution. At test time, see Figure 1b, D is discarded and the parameters
of G and &, O and O, are fixed.

3.2 Objective function

Similar to f-AnoGAN and pGAN, we employ the WGAN-GP loss
[20]. However, £ is trained jointly with G, not in a subsequent step as
in f-AnoGAN. The GAN objective for the proposed method takes the
following form:

min max E
0698 D X~Pdata

JE 1I(6(2) — GG,

a(P(X))+ E a(1-DG()+
) (8]

where g(x) = @ since we use a Wasserstein loss [27]. The third term,
E [|G(z) — G(E(G(2)))l,. is new compared to previous works
2~ps
[20, 22, 32].
In contrast to BIGAN and ALI [15], the proposed architecture al-
lows G and £ to interact with each other during training, similar to the
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Figure 1: An overview of the proposed architecture at (a) training and (b) testing time. The encoder £ is trained jointly with the generator
G. At test time, the discriminator D is discarded and the parameters of G and £ are fixed. A query image @ is encoded and compared to its

reconstruction G(£(Q)) in order to find an anomaly score a.

encoder used in ClusterGAN. However, while ClusterGAN computes
the encoder loss in the latent space z — £(G(z)), we instead choose
to compute the encoder loss in image space G(z) — G(£(G(z))). The
by G reconstructed query image (Q should be the closest match in
image space to @ rather than the closest match in latent space, since
the anomaly score a, see next section, is partly based on a distance
measure in image space. Also, the image space loss structures the
latent space in a different way than the latent space loss, separating
normal and anomalous samples, see the evaluation section.

3.3 Anomaly detection

We propose to use an anomaly score consisting of two terms, a nor-
malized residual and an origin distance loss. The residual 1oss L,,
for the query image @ € [0, 1] *#*® is defined as the £2-norm
between @ and its closest match G(2):

£0(@.6(3)) = 5= (@) - w(GENIl, @

where Z = £(Q) is the encoded latent vector for image Q. In order
to minimize the impact of the image contrast to the residual loss, we,
unlike f-AnoGAN, propose to apply a minmax normalization w(z) of
images. The normalization w(X) : [min(X), max(X)]">*#*"
[0, 1]W*H*D where min(X ) and max(X ) finds the minimum and
maximum elements of X, is defined as

X — min(X)

Hl = max(X) — min(X)’

(3)
where the division is element-wise and Nx = W - H - D. Without
minmax normalization, low contrast samples yield low residual losses
and vice versa.

Based on our observations regarding joint encoder and generator
training and how that affects the structure of the latent space, we
define an origin distance loss L, as the distance in latent space from
encoded vector 2 to the origin:

Lo(2) = - 121l - “)

The anomaly score is then defined as the convex combination
between £, and £, as

a(Q,G(2) = Mn(Q,G(2)) + (1 = N)(Lo(2)), ()

where A € [0,1]. Samples are classified as anomalies if

a(Q,G(2)) > a.

In [32], f~AnoGAN used a convex combination of a residual loss
and a discrimination loss as anomaly score. The discrimination loss
depends on the difference between the discriminator output and the
average discriminator output. In our experiments, adding the discrimi-
nator loss did not improve detection results.

4 Evaluation and results
4.1 Datasets

Two different datasets were used for evaluation in this work. The fully
annotated KTH-Cellvideos dataset [17, 25], depicting different cells,
and the CIFAR-10 dataset [23]. All training images were normalized
to lie within range [—1, 1].

4.1.1 CIFAR-10

The CIFAR-10 dataset [23] consists of 50000 32 x 32 x 3 training
images in 10 classes (5000 images per class) and 10000 test images
(1000 images per class). In this work, a subset of the dataset, denoted
as CIFARcAR, was used. Images from the car class were treated
as normal samples and images from all other classes as anomalous
samples. The test set consisted of the 1000 normal test samples (car)
and 1000 randomly chosen anomalous test samples from all other
classes.

4.1.2 KTH-Cellvideos

The KTH-Cellvideos dataset [17, 25] consists of grayscale medical
images featuring living cells in microscopy image sequences. About
50% of the labelled objects in the dataset is debris, e.g. bubbles, and
they are labelled as such. Events such as mitosis (cell division) and
apoptosis (cell death) are also labelled and segmentation masks are
available for all cells. In this work, debris is treated as anomalies and
cells as normal samples.

The labelled objects in the dataset were split into a training and
a test set. All labelled objects (normal/debris) were cropped in a
64 by 64 neighbourhood. In addition, training samples were rotated
three times by randomly generated angles. That is, each labelled
object (except for the ones reserved for the test set) in the original
dataset gave rise to four samples in the training dataset. In total, there
were N = N, + N, training patches where N,, = 525657 is the
number of normal training patches and N, = ;A: the number of
anomalous training patches. v € [0, 1] is the user-defined percentage
of anomalies in the training data. The test set consisted of 256 normal
test images and 256 anomaly test images.
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4.2 Experiments

In order to evaluate the proposed method, a series of experiments
was conducted. Code and detailed descriptions of network architec-
tures and training configurations are available at https: //github.
com/amandaberg/GANanomalyDetection. For all experi-
ments, N. = 512 and A = 0.05. Training of the proposed method
was performed on an NVIDIA GTX1080 GPU, the batch size started
at 128 and ended at 32 for KTH-Cellvideos and 64 for CIFAR-10.
KTH-Cellvideos networks were trained for 48 epochs (6 epochs on
full resolution) and CIFAR-10 networks were trained for 32 epochs
(4 epochs on full resolution). Training time was about 36 hours for
KTH-Cellvideos and about 12 hours for CIFAR-10.

All f-AnoGAN networks were trained with default parameters,
batch size 16 and the dimension of z was 128. The KTH-Cellvideos
networks were trained for 7 epochs. The training time was about 16
hours for the generator and about 1 hour for the encoder.

The default implementation of f-AnoGAN accepts images of di-
mension 64 x 64 x 1 as input. Images in CIFARcar have dimension
32 x 32 x 3. The default implementation was adapted by increasing
the number of channels to 3 and removing one residual block in the
discriminator, generator, and encoder respectively.

For dataset CIFAR caR, the f-AnoGAN generator was not able to
generate visually pleasing images after seven epochs due to the low
number of training samples (5000). Even training the network for as
much as 70 epochs did not improve the detection performance. There-
fore, since more iterations did not improve detection performance,
f-AnoGAN was only trained for seven epochs for CIFARcAR.

Anomaly detection results are measured as the Area Under the
Receiver Operating Characteristics (ROC) Curve (AUC) [16].

4.2.1 Encoder

Training jointly vs. training separately In the AnoGAN (note:
not f~AnoGAN) paper [33], an iterative search was used to find the
closest match to the query image () in latent space. The drawbacks
with this approach are that a) the optimization can get stuck in local
minima, and b) evaluation was time-consuming. Here, we show that
when training our method without an encoder and using an iterative
search similar to the one in [33], encoded validation samples lie
scattered all over the latent space, see Figure 2a. There is no separation
between normal and anomalous samples.

In contrast, the introduction of an encoder stratifies the latent space.
For f-AnoGAN, where the encoder is trained separately, the separa-
tion of samples (according to t-SNE) appears to be somewhat worse,
Figure 2b, than for the proposed method, Figure 2c. AUC scores con-
firming this for the two methods are presented in the anomaly score
section below. We believe that the joint encoder training enforces
similar images to lie close to cach other also in latent space. For the
t-SNE plots, a perplexity value of 30 was used and the visualizations
were consistent across multiple runs.

In Figure 3, the histograms of the coefficients of the encoded latent
vectors for the validation samples from the KTH-Cellvideo dataset
can be found. The networks were trained with 0% anomalies in the
training data. It is clear that the proposed joint encoder training spreads
the coefficients more evenly across the latent space, Figure 3c. These
plots also explain why the norm of the latent vector, or the distance
to origin, is not a discriminative loss in the case of f~AnoGAN. For f-
AnoGAN, the samples end up on a hypercube, Figure 3a-b. In contrast,
the density of coefficients is higher for anomalies close to the origin
for the proposed method, Figure 3c.

In what follows, we give a possible explanation why the norms of
latent variables representing anomalies are empirically smaller than
those of normal images. Recall z ~ A/(0,I) € R™=. In the implemen-
tation of pGAN, the prior z is normalised to unit length before being
processed. A normalized random vector z € RN= drawn from A7(0,T)
will have small coefficients. GAN training moves data clusters in the
latent space away from the origin, otherwise the discriminator would
not be able to separate them from the prior distribution, i.e. the noise.
The encoder maps normal samples to clusters. Assuming high intra-
class variability among anomalies, anomalies will be mapped away
from the clusters and end up closer to the origin, i.e. the noise, and
thus have smaller coefficients similar to a random vector.

When the training data is contaminated with anomalies, see Figure
2d and 2e, the confusion between normal and anomalous samples
increases for f-AnoGAN. This is also confirmed in Table 2, (method
d) where the norm-based loss £, decreases AUC for f-AnoGAN. In
contrast, the proposed method maintains the separability between
samples (Figure 2f) even though the training data is contaminated
with as much as 2% anomalies (method h).

Distance in image space vs. distance in latent space The pro-
posed loss for the encoder is the third term in (1), hereby denoted by
dIZ

dr = |G(z) — G(EG())ly - (©)

Generated images G(z) are compared with their reconstructed

images G(£(G(z)))) in image space. Another option would be to

compare the distance between the latent vector z and the reconstructed
latent vector 2 = £(G(z)) in the latent space:

dz: =]z = €G- ©)
Results for the proposed method using dy and d. are provided in
Table 1 and t-SNE visualizations [35] of latent space projections are
shown in Figure 4. The network was trained on the KTH-Cellvideos
dataset with 0% anomalies in the training data. Comparing the dis-
tance in image space (d;) is clearly preferable when it comes to
separation of the validation samples in latent space. A good d im-
plies a good d. but the opposite is not true. We believe this is because
dy enforces similar images (in image space) to lie close to each other
also in latent space. Small variations in z and 2 during reconstruction
are forced to yield similar images.

Table 1: AUC results for the proposed method with different encoder
losses, d, and the proposed dy, for the KTH-Cellvideos dataset.

Encoder loss L5 Lo N o
dr (proposed)  0.78  0.89 0.90
ds 0.66  0.69 0.66

4.2.2  Anomaly score

As previously described, we propose (o use a convex combination of
a normalized residual loss £,, and a norm-based loss £,. In Table
2, AUC results for different combinations of these losses for both
f-AnoGAN and our method can be seen. The networks were trained
on two different datasets with two different percentages of anomalies
in the training data. A is the anomaly score proposed in [32] and £
is the residual loss, also from [32], without the proposed minmax
normalization. Hence,

£:(@,6(2) = 1Q — G(2)ll,- ®)
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Figure 2: t-SNE visualization of validation samples projected to latent space for our method trained (a,d) without an encoder and iterative search
for closest match, (c,f) with an encoder with latent space projection to find the closest match, and for (b,e) f~AnoGAN. The networks were
tained on KTH-Cellvideos with (a-c) 0% and (d-f) 2% anomalies in the training data.

Table 2: AUC results for different anomaly losses for the proposed
method and f-AnoGAN trained on three different datasets with 0%
and 2% anomalies.

CIFARCcAR KTH-Cellvideos

Method 0% 2% 0% 2%
a)  [-FAnoGAN A 045 044 045 043
b) [-AnoGAN L, 0.41 040 040 040
c) f-AnoGAN L, 0.54 051 0.78  0.76
d) f-AnoGAN L, 053 0.50 055 043
e) OursA 049 047 055 053
f) Ours L, 0.42 041 0.51 051
g)  Ours £, 0.58  0.56 0.78 0.78
h)  Ours £, 0.70  0.63 0.89 087
i) Ours, proposed ~ 0.72  0.64 0.90 0.89

f-AnoGAN fails to separate normal from anomalous samples in
both CIFARcAr and KTH-Cellvideos (method a and b). Method a)
is the default f~-AnoGAN implementation. The AUC drastically im-
proves for KTH-Cellvideos when we add the minmax normalization
to the residual loss (method c¢). However, the norm-based loss £,
cannot discriminate between normal and anomalous samples (method
d).

For our method, AUC increases when we add the minmax nor-
malization and the origin distance loss £, (method g and h). The
proposed method, method i), which uses a convex combination of
the two achieves state-of-the art results on both KTH-Cellvideos and
CIFARcAR-

Regarding training dataset contamination with anomalous samples,
there is no degradation in AUC for the proposed method on the dataset
KTH-Cellvideos, in contrast to [~AnoGAN. Some examples of closest
matches for the proposed method versus f-AnoGAN can be seen in
Figure 5.

5 Conclusion

In this paper, we provide an empirical study of training anomaly
detectors using contaminated training data and conclude that detection
performance can deteriorate. We also propose an approach to truly
unsupervised anomaly detection that can maintain results even when
the training data is contaminated with anomalies”.

We conclude that joint generator and encoder training together with
an encoder loss based on image distance is superior to training the
encoder and generator separately. Joint generator and encoder training
enforces similar images to lie close to each other and, thus, stratifies
the latent space. At the same time, robustness to anomalies in the
training data is improved.

Further work includes additional analysis of the structure of the
latent space and how it is affected by different encoder losses as well
as a more extensive study on the choice of the weight A.
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Figure 3: Histogram plots for (a) f~AnoGAN (10 bins) and (c) the proposed method (600 bins) of the coefficients of the encoded latent vectors 2
for the validation samples of KTH-Cellvideos. (b) shows is a plot of the same data as (a), but with different axis limits and number of bins (1000

bins).

(a) d; (b) d-

Figure 4: t-SNE visualization of validation samples projected to latent space when encoder training loss is based on the distance in (a) image

space and (b) latent space.
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Figure 5: Closest matches for query image Q (row 1) by f~AnoGAN (row 2) and the proposed method (row 3). Columns (a)-(f) are examples of
cells and columns (g)-(1) are examples of anomalies.
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By s

il =

FIateEdesdls (NEBREE) B 1 RIS 0 TT B 22— D R P 1
AR, 323 T BRI KRBT B ERRARERE TSR e, Bl
T B SRR REAR . A4S (GAN) ) AR 51 )8 4 280 T 5 PR R AS B e
BURM AT @R, If CROES M RIZ R 51&E 7. A BIET GAN B2
ST A BE FATT R BT TR (H2, IXAMBIAELE N2 B 1
o (MARGE) FHETTAN . ARXTTA, AT I8 T 3
Xt B HESE B GAN (Y H N7 LIS , 45 RAS I RE AN AR SCHU]
HELT T N T M OIXFERE T BRI, ASCHe T 7EIZRRT a1 B 2
TS s, B T A RS- A IS I ) LA X AT 2, AT 8AE T 80
TGRSR ASCHE SR, A2 1 = A A R B X
RS IER BRI E AR il 97754 CIFAR-10 LUK SG R AL 40 A
B EYARBL AR [ Bk E) T B SeiE I RE
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1 #ig

SR RIMES L5 X 5 IE R AR S AT AR PRl SR
Ao FHEARWARAERE 211, BTEFRENEEN, S 7 H T
RS MARRGHEL, Rk [10], B2 [33,32] fGHEL [1, 2] (ebles s T HIiEEE
v TS A IR AT B A SISO I B A SR T R E AR . A RET
T IR Al .

To B SRS IR H K2 e B A AR S 36 A IG5 NI SE BT 3% H I 9
B ME—TTHINGE B2 EShRH SN CGEE/M1%). TR
WACYIZER TR 5 WA, FHAERZEHNT, SRfllpngs
R IE T BAR A AT B JFACIZ A 0] E S B LI RE A S 26 0 I R ol 57 Y 1)
o AR EGOXER SR SR, RG2S R o0 T 5 2 E N i B A IR RE )
(HEECTAME) , DAl T S 8] — LE B GG 2 W] o FE T ERESIH], AR ORI 44
(GAN) [19] TR 2410 4Bt 0 A e A rast [11], BRI & F Rk 1 g+
SRR, S22 FERNTTEMLE, BT GAN BT B4t T7EE G
ENFHHIEES) [32,33]. RETERIER LIEhZ AT RTINS (3,4, 12,28,32,
33,37, 38], MBS ER 0 HA PR .

XEEAMET GAN U E AN EZRRIEAT, MIBa TR E I
BT IR ik, ASCANENDIARHIEREIEE 7>, FAZEITEHIIE
Pda SEBARIC. GAN YIZRENAY S 19 R OB AR I RERI IR (7], ASCT
TR, Xt T HETSRSEHEIEE T GAN (YRR TT % f-AnoGAN [32] e HARK, fif
SKAFAENEREFRIGAI I DL o

AZCE— B +-SNE al 4L [35] RIA T SEER P A IC RIS B AR A2 R
2, [RIGERS T GAN B3 2KIERES . N T WX A, AR T —FfS5
At RS IR gaTE 8, K PGS 2R R. BREIIZRIN_E AR R B AL aR 145
%, SEMEUNEHEERZRP B ELRE. AXMRNERERS, SHEE
AW ER I R R A BRI AR CIFAR-10 (B EEMNALL 4
o EGEAR TR — R serh, 28R ER TIX— . EXMMENT, AXH
IR ASEEL B G R PR RE o



By %

S SCEHIF
ESTTITE
o ARG BT, DA RO, RIS

SR EREFRI P o

o AIGRHT METRSIIZAMER . HIERCHE FENEITE,
PIEFEI R R R T R DL T, 2T At Al LI A5 R

43



VISR E AR T (830

44

HHR Ik

2 MRTAE

SRRIL S NS TR ERAES, MBI AW (241, BB
Rl 132,331 BURMEHSUBH AT IFORI 341, RTINS BEE A e
AL, BOUBREE TS (8,91, (ETEUEE R AR
T, ARSI AR . AT T ORI BRI T MO LA AT 1
UG R (KD 1SRN

KT WA R St A (0 22 U7 35 AR A ALY, X SRR R D i A ot
frss, in: AR N (KDE) [29], 40 [13] firid, WTEARZH+
NG AR ISP HIREABR N R e 73— T REE SR TT R R 2 RX 57
wRe: (RX S [31]. 281, IHTHLOGE (e K3 BHTEREET, b
FAREIEM, RREEREECK MIS) , ETHRITEREN T #inE
B RN HEEE . WE, B ARG E LN TR

XM RETEREN A, X IERAE T ARG E RS X
TIER HIERE MELERBRA3 R, AT DMEZasiE) L E@IERAAR; AT
HEGEE RIZIEs R L, FFEd LG riE, & ER RN EGR SR E
BT, DA e tnl. dfBazsialee PEasems, T LAE AN B 3himidds
[36]. =5 Ashmidds [S] BUEMATTM% (GAN) [4, 12,32, 33, 37, 38], (rfCliEf
HY SR AMIATIESE T, Schlegl 55 A E 51 AT 204 (AnoGAN) [33], fthfi]
GESE] 12 Y8, A AT i PR 5 c C E ) i PRMQ 2 TR0 Y 22 S5 B 1 403 2K B B
A, R ETEIR. B TIXRUEEE, Deecke A [12] #H 1 MR ITIE
(ADGAN), W55 T 455 'y AnoGAN L, ADGAN /v s &M i gk
T ILVCRCH & . bellt, Schlegl S A [32] IR T f-AnoGAN, il
Wasserstein GAN (WGAN-GP) A#EEF GAN (DCGAN) [30] i# T AnoGAN
Trik, MNEIA AR DL, KD GG B R %S E.  Zenati 5 A
TR 1AL ABEARRN AR, PUINSE G B8 2 et [37, 38], i)
KA T WA GAN (BiGAN) [14] BY4E#, HARE (X, 2) 100518 005
Ao 15 [37, 38] ML, ASCRRLATTIEMPIB AT VR T X Ffdm e b o2 i)
SERIRGRON, DA R AR TS He R a)



By %

S SCEE

Ngo % A [28] ML, WHI GAN FIARE AL B FEA S LAl ENS & B SEE
TN /N 1h e = R M N =t it 1N o ST 1250 6 | 5 B . O 1 v s 22 7t s A AR 7
4¢ (encirclement loss) , K4 AR AYFEAS MUETE ST OB SL, SRJ5 BT LA B3 A HI 51 2%
KX FHEFEA

Golan F{l El-Yaniv [18] $2t14 T 5 —FM ik, EITELLIIZE nl LR A B &R
S —4 U AR, S3FERNITEML, Z7ETEE G R R I E L.

IR i [4, 12, 32,33] BRRATCIAE AT, ABIRIR ST )11 25
TR EHE . RITC R BRI ES R T El B EURTRCH R, 2T, 2801
T, FENRM () FERYER, LAXMELERIC.

Beggel & [7] 14 HI45E, MIIZGERHGTRIN, SRGWTERSE. MaI6E
FRXCHT 1 B2 %% (Adversarial Auto Encoder) [26], i3t ffisfsil 2ot Biepift £E 10 et
BURNBMRIT . ASCR I AR DU T ARRIG 7 BGEE TRRMEE . BT
fELAELASS, ASCEUEH Y GAN LG IR it . LA SL P R —
FE, ORI ZRET g o, T A et 38 s BT TR s AR 7 o
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Jitk

3 ik
AN TTEET pGAN (progressive growing GAN) [22] flI ClusterGAN [27] 454
HI2RKT, KBRTZHEE. B 1AL TN R RSN EE . ks
Hl#s ! pGAN [22] HHgHHE], ﬁn‘ﬁﬁﬂ#ﬁfﬂu% ClusterGAN [27] HIfE% . REHREFHE
PREREC A4 TORMEE— LA . IS, FRaEARR, JFEH A KR Fdmidds 19
SHEUEEER . HTREERE a, WTHEFTHNESR Q RFE5R.

Ij:‘g(z)-b“y ‘[4*" ‘g(z)}

(a) Training (b) Testing

a(Q,6(2)

B 1 ASCHTR HBOBUUAEAE () ILEAT (b) M B BB Siidds € S4Emas ¢ G
Mo (BRI, Fhld D kb, AMNET § M € ISERE. NEHNEGER Q
TR, PR S ERE G(E(Q) MATILE, ORISR a.

3.1 2845

AnoGAN [33] [ #HIZ — 2K DCGAN [30] llﬁ*aﬁﬁ%ﬁ AR,
DCGAN A i (GAN ALlian /A RFEAEE —, RAEILE BT 7 4i) FIIE]
[ [6]. M, AnoGAN [y % AL f-AnoGAN riffi [l WGAN-GP [20] {8 T
DCGAN. AREH &, A #EWAET pGAN (progressive growing GAN) [22], pGAN
HSRE Fl WGAN-GP loss #5#7, HAEYIZRE A B I 2@ W Ing 2. B/
W, XF AT LA S GAN IAEEME L, THEESSPEREGIER .
JIR AN A 6(2:06) G2z - Xy FFGIEs D(X:6p) D:X Y L pGAN
R R A M . 538 2~V (0,1) € RN M st srAirhis

5 AnoGAN #filt, f-AnoGAN (K55 GIHTRAE TSI 1 AADERAFSERTINIER
BRIER, KRG CRMEE. ey €(X:0p) KGR BIR=H £: X p 2,
'j f-AnoGAN Mtb, ASCHHRILAITIEEICEmise € 5 G 1 D BEG Ik, %TéFH
5 G 0. O WG S PIHREIGHIE (progressive) 3I%. Dumoulin 5 A [15] ££%
SRR EI RN, B RETR A SR [ Y A S, {ﬂﬁﬂﬂmﬁé}ﬁﬁﬁf{/\ﬁ
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3 G Rl € BERRE N AT T TR

Deecke ¢ A [12] it (A ER AL AT RFRMNNESE . BMAAFEINGHhaE
M Ferp, HEE B R B S FRRNIEBTF na PR A I
B, ERFIFEXT LA R AT DSBS H A DD AR 2 2k AT
KB, WE 1 R, D AR, B G Ml € LIk 66 1 6p RIZEUEEEN.

3.2 HFReR%L

5 f-AnoGAN F1 pGAN ZfBl, AR WGAN-GP #1% [20]. {HE, ASCK €
5 G BANLE, MAZE -AnoGAN —HEAEJa 2L BRI ASCRTIR A9 5 A
GAN HFRERECR AT 1A

min max _ E  q(D(X)) +ZE7 q(l —@(Q(Z))) +

06,0 6p X~Pdata

&)
JE [ls@ -6 (s6@)),

Hr, i T U JT] Wasserstein loss [27], # q(x) = x. fHE THI AL TAF [20,
22,321, 55 E 6@ -6 (£(6@))|, RAHHRULINIES .

L BiGAN M1 ALI[15] AHM2, ASGRIHMEEAHT G M € AYIZRIH B
FH3ll, XY ClusterGAN fIifdi I Amid e tH2E L A2, ClusterGAN f£[3=5A] it
AL 2~ €(6(2), TASCEZAEE G 0 g(Z)—Q(E(Q(Z))) RGELE
L. H ¢ EEMNGEREGR 0 MYRARGFRHIEEFENEG 0 Wik
HIDCRC, AR R R EEE IR, KR NFE ERr o (2R F—1) E
JEER B T G R R R AT L. AN, BRI FOR R T e
EHAR I TT A IE H TR, WG E R FEARR R EAD T (S WIS .

3.3 SR

ATCEEAE ST A T B FR bR, BIARME(L #6725 (normalized
residual) F1/Tem 2Rk (origin distance loss) . & UG Q € [0, 1]WxHXD
BFEZHK Ly h Q SHEHSEIE G©&) ZIRM £,-3E%:

1

£,(2.6() = N [w(@ —w(G@)Il, 2
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Jitk

Hr 2 =€Q) 2% Q M4mASERIAIE . N T S/ MUEHGRT LE XS 5E 2 1R 52
Wi, <35 fAnoGAN A, FBCR M EGRYE/IME - SORMERREL (minmax
normalization) w(x), E AR w(x) : [min(X), max(X)]W*H*P s [0, 1]WXHXD (K.
H min(X) F max(X) &4 X S/ IMERERKEICR) -

X — min(X)
V)= a0 — min(0 i

HrApppikiz 2 cRZ I L (element-wise) #t17(¥), H Ny =W -H-D, #AULT
B/ ME — SCNEAREAL , BARXT EE I AR E A A B/ NIBR 2305, [ 2 aR8k.

BT IS b g Al A A ge R i B2, AR G AT R 5 M B 4% i) & Ay P 0
8, RSB ERTHERUR Lo BN BTG & 2 25 A

1 A
N [E41P €))

Bl J e SR SRR N Ly L L, Z A4S (convex combination) :
a(2.6(2)) =21£,(2.6(D)) + (1 =N(£,(2) ©)
Hrh A€ [01]. R a(Q.6(2)) > a, HAKBIHI A RHIEA,

1E [32] 11, f-AnoGAN i f T 4R Z= LR AHAG L (discrimination loss) ™2
EAE NSRRI R R o PR E T R 50 B o RS ) At 2 Il 22 . AEA
SCHYSESETTY, NI EERY AN AR A M 25 R

Lo(i) =




By %

S SCEE

4 ppAEHEEIR

4.1 Btk

XTI TATA, ASCER ARSI TP A R hRiC N KTH-
Cellvideos #(#EHE [17,25] ANREIMIAINEE S, LA CIFAR-10 #4EHE [23]1.  Frail
GRGHHWIT—th % [-1,1] JEHEIN.

4.1.1 CIFAR-10 %t}

CIFAR-10 a8 [23] 11 50000 5K 32 x 32 x 3 JUSIAY 10 KiN25E G (15
5000 3Kk [<%) #1 10000 GG (B 1000 5K GR) Ak ARSCTAEFEH 14
PEMNTFEE, #RA CIFARcar: RERFLNNEGHM A ETHA, MRENAHR
AR EUG A A S A . R B 1000 M EFTIEREA (3542) 11000 1~BE
BT K [ HAd BT A S8 Y S T A A2 A

4.1.2 KTH-Cellvideos %45

KTH-Cellvideos $CiH [17,25] HAHEIIDE 7 EGALR, LE 7 EEIERT
BRI R AN EUT S, AR 50% MM SR — KR
(debris), FFLUNITIRRIZ, IANEHRIE T AL (mitosis, AIAZD FIEL:
(apoptosis, ZMAET:) ZEdifk, FLFFAARABAMINAGER . A3 TR A
WA, M TR

AR SCHHHR RO bR IO 20 A RN . PRSI G CUE /R
) BRI 64 % 64 BB . 1A, IIZREAERILABEHLA L IER T 3
W, BIEUECE S DI AR G UM B FRIORE RSN 2k T 11
SErhpg 4 A, SIS N = Ny o+ Ny MIZHRER, Hh N, = 525657 A
SRR, Ny =12 RRurilgheANIHE . v € [0,1] 2 A i i 28k

1-y

TS EEAN . M B 256 N 1EH M EEAT 256 > Ml EIR 4.
4.2 5L

AT VHAG IR T, ARG T T — RIS . A RMZZEEAIIGIERA
LA E4E A, 3537 1) https:/github.com/amandaberg/GANanomalyDetection, *+
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RRLESEE S

Fifsei, N, =512, A =0.05, 7& NVIDIA GTX1080 GPU | JII% T FrHt By 773,
HEJNS] (batch size) M 128 ¥4, X T KTH-Cellvideos 3{HiEETE 32 &h5k, X T
CIFAR-10 $HHE7E 64 455, KTH-Cellvideos ¥l 824533647 1 48 I HA (epoch)
HIIIZR (4253 #8F A 6 1 epoch), CIFAR-10 HHEHEM L1 1T 32 4~ epoch Fi)ll 5k

(&5 3854 4 1~ epoch) ., KTH-Cellvideos [yl ZiH[A]25°4 36 /i, CIFAR-10 [
NZEIN[RIZ) 2 12 /N

firf f-AnoGAN £ #s il RN S it fT FillZ:, HR~A 16, z (Bt E)
[f R~ 128, KTH-Cellvideos %23t 1 7 4~ epoch [KIZ5. AR ERIKIIZHTAIZ)
A 16 /NEE, Rt as B ZRET R 2900 1 /N o

f-AnoGAN Y BRIA T B SEIN AT LABESZ ST 64 X 64 x 1 [ EGAE M
CIFARcar MEYEMGI SR 32 x 32 x 3, JlEIIGEEEE UE 3 I50 B RERFIBIG
B RRIS AR — R ZEE (residual block) SRR ERIANIAERL S

MTFHAER CIFARcar, HTIIZREEALRHD (5000), f-AnoGAN Z: g ik
{7 4> epoch J5 Ak Al BRI ER . BIMERERZEIIZT 215 70 METT, WICER SR
WERE. B, B TFELZNIEAFFBARENERE, #AE CIFARcar L f-AnoGAN
LR T 74 epoch,

SRR Ay 8 7T O E LAFERIZE (Receiver Operating
Characteristics (ROC), FEA 4 2em 40t flemi Atstrz ) FHITAL (AUC)
[16].

4.2.1 Ytz
D Bl gty Bl 25

1E AnoGAN (3I: A2 f-AnoGAN) 3¢ [33] v, (] TIEAHE 5B A
S G Q BARILIULAT. XFIIEMNE LR : a) LTTRES A R
/ME, FEEb) PAEMESARN . ASCRE, MERAmME, HAHRMUT [33] $
MEARIE RSO NGO IER, WIS ISR S AR M s A,
W2 A 220 ERTHSRRHEARZ RIBA BRI

TR, SIAGEEHGRAEIAT T/ Ee X T f-AnoGAN, H g7 Bl
M, 1 2b FRIYFEAS I3 2 (FR4) t-SNE  (t-Stochastic Neighbor Embedding, R[4
L TIAEAR) (LFHE 2¢ AR IR T iA B —2, T 3CH T8 B RS

9
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S SCEHIF

SHEIE T PIFFTTIER AUC SRR BIESE TIX Mo ASOAN, nbdaS k& il Zn] LAfE
AR GRS A P At S . XS T -SNE 18, (IR IR K (perplexity
value) 30, FFOFEARFBNSATHERA T SRR ATALIE R .

100 4
o
©
£
2
n
)
40
-60 30 o domul
< * oign
80 " el a0l T " " " .,
% % 40 2 0 22 4 6 80 -0 40 9 @ 0 0 0™ 0 40

(¢) 0%, Ours, proposed

o 0l
a D
10+ 10+ o
o of
0 0|
@t )
i X 30+
pouiy 40 ¢ ot ‘ 1 aof
wign 8 o oign o
T . & T T (T — - T S R —
0 8 6 4 2 0 2 4 6 8 1w %9 % @ w0 o 1w ®» w4 4% w ®» 0 o0 w0 @ 2 4
(d) 2% Ours, iterative (e) 2%, f-AnoGAN (f) 2%, Ours, proposed

] 2 4TSRS S % A TRz <SNE AL, ASCTE (a,d) ZEIGH
ARSI FRETMIEE, (o f) 1ol Ta 2R A R 22 LR )
BAGERIISAD, AR (b,e) f-AnoGAN. & /MKIZRAER 0% (ac) F12% (d) K

UKL BN KTH-Cellvideos $iE4E 1.

B 3 iR BT EIER T KTH-Cellvideo X RS IERE A B g Fa ) B R KL R
RIZEHANLEAR TR R AR 0% (BURMEAIIEREA) 7T B, &
SCHR I HE A AT &I R RECER S AR 2SR, W0k 3e iR X2
BALRRE 1 Rt 44 FANOGAN H, (1A BN YE Rk Fa I B 2 U N BE B AN 2 1 A
AR . AT £AnOGAN, HEARLGEAE A, Wk 3a-b fur. ARMEZ, Xt
TASR AT (B 30), FREUE R SRR B S

R, RO TN AR LR IR BRERUN T IER ERITE S
T AR, B2 2~V (0,1) € RY=, 7E pGAN ST, 4c8e z ALFEZ A
PR B . A WV (0, 1) FHLIFRMELHIBENLIN R 2 € RN H BAR/INMG
A% GAN MR AP R E R IT, SRS ITR ey
SERERIMT (BURAS) 70T Ambban e IEH AR ARG BRI Z IR

10

51



VISR E AR T (830

52

oy

i

AR

PWAEER R, NIRRT B 2R R FFR A SEals (RO ), Rt
HARNT FIpLA R B/ N RS

' 9000

a000 - [ normal | |
[ Janomaly
| 7000 F 1

1 6000

. 5000 -

(a) f-AnoGAN
4000 [

1000 . .
00 B normal
| [ anomaly 3000 -

2000 [

1000

0
1005 -1 -0.965 0,99 -0.985 -0.98 -0.975 097 0.965 -0.96 0956

(c) Ours
(b) ~-AnoGAN

3 (a) FAnoGAN (10 bins ([X[a])) 1 () ATCHEHITTH (600 bins) Xf
KTH-Cellvideos B iE AN AMITER MR 2 MRBINETTIA . (b) WoRig
5 () HEIKEGRRE, (ERMRHFIXHE (1000 bins) RH.

IR R, 2 2d [ 2e, FT f-AnoGAN, TEFHEARIRH
AR Z I I, IXTE 2 (7 &) 8] THESE, A THORIEI £,
BTG T £-AnoGAN Ky AUC #ifhs. ML, BMEVIZHURREIS 2% S itk b
V%, ASOFFRUIRG 73 03 TR AL IR T 43I (I 26).
2) [l B 5 e B
ASCHRILIGI SRR () =, WU d &5
d = 6@ -5 (e6@))| 6)
BAERINEG 6(2) SHEMGZRTNEREG 6(£(6@)) #TLE. K
LI A R MR & 2 STENERE 2 = £(G@) MR
d, = ||z = E(GD)I, @
T RGBT AR d A1 d, WSS, B 4 SR T SR

11
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Ry t-SNE /[ UL [35]. HAM4TE KTH-Cellvideos #iffnt LllZk, iy
HN 0% W RAERRAS AT XA SN, BRI e LU IR R s Tl B i
(dp)o B0 dp BERRERN dp, HEGDRIF . BOMERZEEN d =
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