wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

| Tk mERFEHE MRS bR R F S
DIF, TNF, 1888, YR, XIBE

5IAEX

BIRF, ENFE, 1885, BXER, XIBE. BRI ERBENNSHERRZEII]. T8RS 2025,
52(1): 210-220.

LUO Hangyu, WANG Xiaoping, MEl Meng, ZHAO Wenhao, LIU Sichun. Contrastive Representation
Learning for Industrial Defect Detection [J]. Computer Science, 2025, 52(1): 210-220.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
—FETHEBFEING RS EIEE

Scene Segmentation Model Based on Dual Learning

HENRIE, 2024, 51(8): 133-142. https://doi.org/10.11896/jsjkx.230700207

—HETEERMUMENS hEEEERREE X

Clustering Algorithm Based on Attribute Similarity and Distributed Structure Connectivity

HENRSE, 2024, 51(7): 124-132. https://doi.org/10.11896/jsjkx.231000125

ETURAMMERNE = ENSTF BRI T EE
Review of Vision-based Neural Network 3D Dynamic Gesture Recognition Methods

HENRSE, 2024, 51(4): 193-208. https://doi.org/10.11896/jsjkx.230200205

ARBM R R &R
Knowledge-based Visual Question Answering:A Survey

HEMEEE, 2023, 50(1): 166-175. https://doi.org/10.11896/jsjkx.211100237

EFSVMRIEFNEE ARENRBITTE
Human Activity Recognition Method Based on Class Increment SVM
IHEHEIE, 2022, 49(5): 78-83. https://doi.org/10.11896/jsjkx.210400024


https://www.jsjkx.com/CN/10.11896/jsjkx.240100202
https://www.jsjkx.com/EN/10.11896/jsjkx.240100202
https://www.jsjkx.com/CN/10.11896/jsjkx.230700207
https://doi.org/10.11896/jsjkx.230700207
https://www.jsjkx.com/CN/10.11896/jsjkx.231000125
https://doi.org/10.11896/jsjkx.231000125
https://www.jsjkx.com/CN/10.11896/jsjkx.230200205
https://doi.org/10.11896/jsjkx.230200205
https://www.jsjkx.com/CN/10.11896/jsjkx.211100237
https://doi.org/10.11896/jsjkx.211100237
https://www.jsjkx.com/CN/10.11896/jsjkx.210400024
https://doi.org/10.11896/jsjkx.210400024

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 240100202

T (=) T Ml o iR B A i Y X LE 3R oR 2 5]

ThE ENE B B BXE B4
R A¥RTEREAEIEFK £ 200092
(lThy123@tongji. edu. cn)

W E OEXAENEL P BRBAENEEXIAA LB RFT, R B EPRERGFSES, hTHRBEA LR
Fa AR AR TG AR R AE S, T SH sk TG M E G AR K 6P, AR ER B, — G EA RNk 8 RBREEEGE AL £
TR SUAFAE R AT A, AW RRINGTANSGFELE A FHREZINSEES A 27, ABE R T4 IES FE8A N B
BERAE, A, BT —H AT AR TS T 6% %k ConPatch, ZF ERASIATE I R EAMBFIEREZ 5 B B4
FE KT F T Ee) B AR AR R T, A T MRk B 2 B Fa AR E 6 AR B IR A T 2 ) 0 T A AR LM JE B B R AT AR A E A A By AR
MEAE A ATE . BN KA T BN WA B ACH &30 B 5 A AR Bp A3 B AR 09 4 AR P 0 B4 B A R T AT R
TERALLERAEEGRTYT., RE B EFH LI EE -ARRBD A, M RHFIEN A EAR @I, AR R EEFHIE,
FHERRBF L BEHBENHIEE MVTec AD F . & F Wide-ResNet50 #9 ConPatch #£ % 45 I-AUROC #= P-AUROC %
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Contrastive Representation Learning for Industrial Defect Detection

LLUO Hangyu, WANG Xiaoping, MEI Meng.ZHAO Wenhao and LIU Sichun

School of Electronics and Information Engineering, Tongji University, Shanghai 200092, China

Abstract Defect detection in large-scale manufacturing aims to find defective components, such as damaged . misaligned compo-
nents,and components with printing errors. Due to unknown defect types and shortage of defect samples,industrial defect detec-
tion faces great challenges. To overcome the above difficulties,some methods utilize common visual representations from natural
image datasets to extract generalized features for defect detection. However, there are distribution differences between the extrac-
ted pre-trained features and the target data. Using this feature directly will lead to poor detection performance. Therefore, Con-
Patch,a method based on contrastive representation learning is proposed. This method employs contrastive representation lear-
ning to collect similar features or separate dissimilar features, resulting in goal-oriented representations of features. In order to
solve the problem of lack of defect annotation,two similarity measures in data representations, pairwise similarity and global simi-
larity,are used as pseudo labels. In addition, the method uses a lightweight memory bank and only stores the feature centers of all
normal sample which are all defect-free sample in the memory bank, reducing the space complexity and the size of the memory
bank. Finally,the normal features are brought closer to a hypersphere and the defect features are distributed outside the hyper-
sphere to gather the normal features. Experimental results show that the FAUROC and P-AUROC of the ConPatch model based
on Wide-ResNet50 reaches 99.35% and 98. 26 % respectively in the industrial defect detection dataset MV Tec AD. In the VisA
dataset, FAUROC and P-AUROC reaches 95. 50% and 98. 21% , respectively. The above results verify the effectiveness of the
proposed model.

Keywords Industrial product defect detection., Contrastive representation learning. Similarity measure, Memory bank, Hype-

rsphere
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REH F(p)H MM KL FEERE. D(F(p,),CH) =
V(F(p)—CH7 8 ConPatch ¥ E 5 & 45 JE 45 1E 19 1 75
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=k (8) R -

Lot = ¢Lrc + Liyper (8)
Forb s o 2 F BSR40 2 T SR
3.5 EREET

1E 3.4 7, ConPatch $:4E F(p,) 5 k IT4B CH 2 6] 1Y
R ES B BT 5T I e 25 23 7T L] S=min DCF(p) s
CHOEHSE  BIFEE ConPatch $#AE 5 HFAE o0 22 18] #4352 /N 5
B4 R R IR ConPateh $514FE 1 SRR TR,

SR o B I AR AR 2 8 52 43 0 11, SR G 2Z B 19 30 00 R
T T AHT S AR e o o L X o3 B B R AR . PRt AR T — b
AT A A5 43 D7 o DA S R A R G R AE 0 5 A
FEAE Ao (B2 30 AR T8 o SO W b, K S 5
SE T HH TR AT Sy fl 96 75 43 O i R A B Y 1) S e 2 B I A5 4
PRIEL Score BT R W12 (9) FRR

S
€

*S (9
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. %
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T 0 B B AS IS GE S R R AR FO4r B0k # E B
(Threshold), F1 434454 % I8 T #E#) % (Precision) Hl 41 [1]
F(Recall) , Jai/I 1B AR AR BT P A 8200 . FL 2> 30y i+ 3
A0 iR

_ 2X Precision X Recall
F1Score= Precision +Recall (10

ZIESAERE R F AT RN FL 280 AR5
Pe el F1 40 B e A 80 {8 1F o e 2 19 43 30 B A, 2 #2 4
LAD PR
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P BB 144 Patch 5 A 1550 0 8 K BB 7545 (8
VK AR PR B A5 43 iR GETH 3 A Threshold , %5458 43 K T 15
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XL PRI o I 6 47 1 235 S5 0 ) o 0 0 R R BB A5 4
A R (12) R .

PixelScores= GaussianSmooth(Upsample (Scores s

ImageSize)) 12)
3.6 R FNK

3.6.1 W%

BEBL AN 2Rl B A vk 2 iR . U i B 0 A %+
AP KRR AT B0 46 Ak o B0 430 0 B AR AR AR IR O AR A
A7 P s TE U ZRB B, B A TmageNet T )il 25 [ 2% |- $2 B %)
1) Patch FRAE , i FH % bb 22 7 2% 2 3647 s o Tl & B A5 381
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3. for number of industrial types do
4. for step do
cp, = self. ConPatch(Patch_features) //i+% ConPatch ¥4k
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= O T X e R
Ck=NNS(cp,.C) //1 C 148 % ConPatch F#1iE k T 4B
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10. i DR R
11. end for
12. end for
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4.1.2 FHBRBE

ARTFFE LY R B AR 2 g, T 80GB N fF
B2 SR B TS K R BE B A 7 P AR i £ R B S 4R
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Table 2 Experimental environment

5 55 3R IIEEE
BERSK CentOS Linux release 8.5.2111
4B AMD EPYC 7763
7 NVIDIA Tesla A800 80G PCIE
#%/GB 80

WEE TR B Pytorch 1. 10. 0

4.1.3 A%k E

S Af U 7E TmageNet 46 4 b B Il 25 15 2 19 Wide-
ResNet50 Fl ResNet18 1F Jy FAE 32 B 4%, Y 2 72 b [ 2 M
KSR, A A B Patch F#1E BT, A ResNet Y 5[] ¢ 1F )2
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Fig. 6 Effect of super parameter m on detection performance
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Fig. 7 ROC curve
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Ff #6 A A CFLOW-ADM), SPADE™?), PaDim'**’, Patch-
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AR R I 48 R AT T PR R R A I

SPADEM, PaDim""* #1 PatchCore " J& 3 T [N £F /% it
ERE A DU Y 2 By L FE SRR R *ﬁﬁﬁzﬂ,ﬁl_ﬂé%:
UAETI IR Oy U dE e DR T SRR ORME Ik
Mo KM HEFE T A P B8 . BRUL Z Ah . 3% 07 4R 0 2 2 CFE
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W, FHSEAR 0 2 4% B R AT 22 ROBERRAE e gy [l B DR T R AT 19
R PEfE . CFANS i F 2R T B S LA B K b 42 T T 8 B
A6 44 g
4.3.1 RAMHEE

AN A5 ¥ P B AT 43 5 ] Wide-ResNet50 I Res-

PatchCore'!

Netl8 7E WIHEHEHL A%, 72 MV Tec AD il VisA $t#f 4 Ik
F5CHy PS4 AN 8 MRl 9 Fron. K 4 —47 25

i A R 55 AT 2 4 A R T W 9 Ground Truth; 55 =
A2 0 A5 20 0 By AT AT PRLRE 408 o 1 G U B B i 78 oL
T O TR AL TR AR YOG T A Dy ik — 25 g B4R AR
I 5 55 DO AT 2 0 2 A 26 14 4 10 45 5L AP0 40 € i Zof e B T 7
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Fig.8 Test results on MVTec AD dataset
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Fig. 9 Test results on VisA dataset
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IR Ay e TR 5 ) oK L 43 0 R Bl Rt T 4T
8, 1 2R o B

TS 25 R UE TR A AR T A LS Tl B 4R
ROPE . BIVEAEAS [R) ol ity L A7 8 S [R) R SIS 10 B B, T 28 A8 78
P BE 7 O bk A W ok . R Z AN IR AR R IE B
FEZ T A W0 32 B 4 folf T 5 B A A, DR B 7Y il 2 o 1E 8RR AR
PR R A DA ARG 000 S A 260 10 dJe o 28 A

We A AW 50 B B ik 5 R vk i S0 o AT
XL X g R 10 B . B — 47 52 I be A B
B 55 AT R A B S B9 Ground Truth, 85 = A7 2 fifi
FH CFA 73k 43 20/ I 32 43 30 25 L, 58 00 A7 J2 i T 42 ik 7
AT B 0 43 0 25 SR T Ry ka3 B Y o5 SRS R 4T
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Fig. 10 Comparison of test results on MVTec AD dataset
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BORTEAE,
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Visualization of test results on MV Tec AD dataset
4.3.2 BHhER

AN FET R PEgE. % 3 MK 4 FH T
i ImageNet T Il 2k ) Wide-ResNet50 #lI ResNetl8 fF

MVTec AD F1 VisA % ¥ 4 I i FAUROC 1 P-AUROC
gE I IF HoK H 5 3 O ¥ PatchCore M1 CFA & #17 T
PONEAR
# 3 MVTec AD Hdli4E [ iy 92 50 45 5
Table 3 Experimental results on MV Tec AD dataset

%)
Uk Backbone ~ FAUROC  P-AUROC
CFLOW-ADL29] WRN_50 98. 26 97. 87
SPADE!!2] WRN_50 85.50 96. 00
PaDim(13] WRN_50 95. 30 97. 50
PatchCorel11] WRN_50 99. 10 98.10
FAIRC30] WRN_50 98. 60 98. 20
TransFusion31] WRN_50 99. 20 —
ResNetl8 98. 46 97.74
CFALIS]
WRN_50 99. 28 98.12
ResNet18 98.76 97.87
Ours
WRN_50 99.35 98.26

7E MVTec AD 8ls 4 BRI 30 45 R WoR 42 1 I ik 7E [
FEAH ] Wide-ResNet50 fF Sy R AiF 428 BURE 1) 3 6 | . FAUROC
M P-AUROC 43l bt CFA$2FFT 0.07% A1 0. 14%, 5348
& TPR=0,FPR=1 #f [t .CFA Ay M ¥ 6 A0 220.72%,
i 4 H AR (AR 25 0. 6500, Rtk B tH AR L 5 CFA M b, 43 28
FER IO MERIEAE T 9. 73% ; [F 31, $2 M B A 5 CFA ML, 4
F B AR PEAR T 13,224,

R4 VisABE B SRR

Table 4 Experimental results on VisA dataset

%)

0k Backbone ~ FAUROC  P-AUROC
SppL28] WRN_50 87. 80 93. 80
PNI32] WRN_101 95. 20 98. 80
CFAL16] WRN_50 93.92 98. 11
Ours WRN_50 95.50 98.21

e VisA $E4E bR B K FAUROC #1 P-AUROC
SABIE BT 95.50% A1 98. 21% ., S il T Wide-ResNet101
By PNT 745 5 (4 95. 2% #1 98. 8 % A kb , FAUROC #2TF+ T
0.3% ,P-AUROC F¥AIRT 0.59% . BT 4RA5 AL ) 43 30 7E BE K 4n
PNI 7k AR HAH 22 R K, SR, Fr4g AL A Bl T Wide-
ResNet50 1 Jg $EAF HEBURR . PNT J5 35 W T 4% AiF 42 B RE
T Wide-ResNet101, P I f5 28 5 5 AH 25 8 K DA T 562
TE T 0T $E A5 14 A i

B M 2Z Ah A SCHE M ST T BT AE MV Tec AD $4E %
BTl & 26 W) F FAUROC Fl P-AUROC 52 B 45 53
mﬁ5ﬁﬁ6%ﬂ Tl & ﬁﬁwwiﬂaﬁiﬁk

KPR REREM T WA A TS, RSBk

Wl Jz 4, 45 R B % . CFLOW-AD Ml FAIR J5 ¥ 78 #) &
AR vk BE AR 2% L (H FATR 7E 20 B 28 W 0K &6 I b 58 m
RS E. FEW R 25 0N R T v, B O vk Y T R R T AR
s T E S0 B 2SR Tl R I b, MR R T R M B
uAﬁ%JAwwc%ﬂTaw%oﬁ%m?%m%ﬁ

U RR AT 22 7% (9 46 T LG 4 A ABL AR AE 1 43 B AS AR RLAREAE , AE
&ﬁiiﬁwhw*Ea%tﬁﬁmﬁﬁﬁéﬁdwwu
Wt 3 2 A A7 7 Bl B X3



218

THEPLEE Vol. 52,No. 1,Jan. 2025

Com puter Science

# 5 MVTec AD B4l 845 Tl i ZE 19 FAUROC 3256 25 51

Table 5 T-AUROC experimental results of each industrial category on MVTec AD dataset
(€79)
Tk & CFLOW-AD2)  PatchCorel!)  CFAMS)  TransFusionl®2]  FAIRE Ours
T 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
R4 97.59 99. 50 99. 80 97. 90 98.10 99. 85
fix % 97. 68 98. 10 97. 30 98. 50 97.00 97.69
% F 99. 98 100. 00 100. 00 100. 00 99. 20 100. 00
EY 99. 26 100. 00 100. 00 100. 00 98.00 100. 00
%A 96. 82 96. 60 97. 90 98. 30 99. 00 98. 09
qF 91.89 98. 10 97. 30 97. 20 91.60 96.91
F R 99. 65 100. 00 100. 00 100. 00 100. 00 100. 00
LR 95. 21 100. 00 100. 00 98. 30 98. 60 100. 00
Rk T 97.56 99. 14 99. 14 98.91 97.94 99.17
18 98.73 98.70 97. 30 99. 20 99.70 99.92
% H 99. 60 98. 20 99. 20 100. 00 99.70 99.58
K E 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
% 99. 88 98.70 99. 40 99. 80 100. 00 98. 86
KA 99.12 99. 20 99.70 99. 40 100. 00 99.74
i 4 98.48 99. 40 99. 60 100. 00 98. 50 99. 68
PE E T 99. 30 99.03 99. 30 99,73 99. 65 99. 62
E 98. 26 99. 10 99. 28 99. 20 98. 60 99,35
6 MVTec AD $¥i 44 Tl #1289 19 P-AUROC 525 45 3
Table 6 P-AUROC experimental results of each industrial category on MVTec AD dataset
%)
Tk CFLOW-ADL2%)  SPADEN2]  PaDim/13]  PatchCorel!!) CFALIS] FAIRS Ours
i F 98.76 98. 40 98. 30 98. 60 98. 50 98. 30 98. 98
Y 97. 64 97. 20 96. 70 98. 80 98.70 98. 50 98.72
% 98.98 99. 00 98. 50 98. 40 98.50 93. 90 98. 96
% F 98. 82 99. 10 98. 20 98.70 98. 50 99. 40 99.03
2 98. 56 98.10 97. 20 98. 40 97. 60 98.10 99,21
ERS 98. 95 96. 50 95.70 97. 40 98. 30 98. 40 98.57
aF 98.10 98. 90 98. 50 99. 40 98. 80 98. 80 99. 04
il 98.56 97. 90 98. 80 98. 70 98. 30 99.20 98. 74
Bk 93.28 94.10 97.50 96. 30 98.00 95. 40 98. 67
4 1k % 97.96 97.69 97.71 98. 30 98.23 97.78 98. 88
£% 99. 23 97. 50 99. 10 99. 00 98. 40 99. 60 98. 39
% K 96. 89 93.70 97.30 98.70 94. 90 99. 40 95. 22
& 99.61 97. 60 99. 20 99. 30 98. 60 99. 60 98. 44
% 97.71 87. 40 94. 10 95. 60 98. 40 98. 40 98. 40
A 94,49 88. 50 94. 90 95. 00 94.10 97.30 94.71
g3 98. 41 96. 50 98. 50 98. 80 98. 50 99. 40 98. 77
ESE N 97.72 93.53 97.18 97.73 97.15 98. 95 97.32
3 97.87 96. 00 97.50 98. 10 98.18 98. 20 98. 26

4.4 HERZIE
4,401 3 rb R R A S Ao AR FR E B ST RE S T AP B0 I

P AR ] H 2R 24 3] 5 Bk T WA &5 AL DL R
B A T A P R . AN T A 4 X B 2 R B A sk T e B ASE B
BIA RCPEBOE . T Bl S 36 66 ] Wide-ResNet50 1 iy 1k 42 B
#% . 7E MVTec AD BE4E b AT T 5250, 5256 (9 B 405 191 4k 3
Bt 4.1 WAREEAIRD , 1R A A S Bk B R A A

F 7 Won , (R R T AN A B Ll SR A A — A A B i
e 4, b FAUROC /425 T 0. 18% . P-AUROC #2 7+
T 0.19% , MM 56 IE T 25 & P AR B i A7 35 bk

F 7 X IR R A Bk T SR e 1 7 281 5

Table 7 Validity verification of comparison representation module

and hypersphere mapping module

%
ConPatch Rk T e gt FFAUROC P-AUROC
NG - 99.17 98.05
— J 99. 04 97.95
NG NG 99.35 98.26

4.4.2 % Bk ResNet # 4 A 31k B ik

X TS ATLA BEAT: 55 28 U . 42 1T B A R IR AE S TR 2 R Y
B, AR B R R R 2 R AR EE, AR
FIARTZ W ResNet FHAE AT RLA , WAL 2 A A 1 g 2
o Tl 5236 78 PatchCorel' i £l |, %F T ResNet 45 fF
JZ 6 e Adi i layer2, layer3 Fil[E B} fiff H layerl, layer2, layer3
HEATREAE Rl PR B 8 DU [R) 2 WOARRAE b RABE S AR ) 7
KHEATALA . SL56 R [R5 T Bl R 7 24 20 RE Bk T b A
i, S By I A S Rk 8 gl

# 8 G Z)2W ResNet FHE

Table 8 Fusion of multi-levels of ResNet features

%)
ResNet #5 1 f 4 8 B % IFAUROC P-AUROC
layer(2+3) 98. 94 98. 10
layer(142+3) 99.35 98.26

SEE S5 BN il layerl, layer2 il layer3 #F 47 4% fiF il
A AL E H layer2 F layer3 M HERER #£ T+, Hp . FAUROC
$#IT 0.39%, PPAUROC 2T+ T 0. 16 % , W ifij 46 3iF T Al £
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£ JZ K ResNet $RAF X F 48 19 4 300
4.4.3 R AT ABALJE e A By AA A JE R RO B I

AHFGEHS Patch FEAE XS 22 8] (4 80X A8 8132 F0 4 Jmy AH DL B2
VB S PR 2 ok 3 A7 % L 2 2 2, fiE L AH 4B BE AR o DA AR 48 T
DL B i B MM EE R . MRS HeR A
TR S0 0 Fr DR AL e R AR L A O A e, % T] B8 7 e
AR AL BE DA B B —foff FH] e Xof A {81 32 i 4 JRy AR DL BE #E 4T X 1, 15
2 10 T Rl ST 5 NS 9 R A,

29 PURNAR LU 255 A RO S iE

Table 9 Validity verification of combining two similarity measures
%
Ak AR LB 4 R AL FFAUROC P-AUROC
N/ — 99. 25 97.95
— Ni 99.15 97.75
N N 99.35 98. 26

S50 o P URE AR B BE L A T 4 R AR (0L RE Y 4 e
UF o 2545 PRI AR RLEE T L TE g b X3 TF 5 R AR AN SRR AR AR L DA
T 42 FH A5 TR (4 P i
404,04 HFAETE M0 A ROM IR E

P AR AT A R AE B2 Bl ] CoordConv 2, #5224l 1]
LR . Zit CoordConv 2 2 J5 FEAE4E B 23 4k /b, PR itk A BF
% R AIE 2 AR AT TR R S5, LA UL 5% R AF 4 3 O A X AH DL
TR UL R s 2 W PERE A R

AL I Tl S 36 6 2 BT SR T e O S B TR0 B R R 4 B A
Shy O — A% a0 2% A I BB 9 A Ak, A5 B 0 Al S 56 25 R
% 10 frgl,

F 10 RRAELE IR P A 10 B

Table 10 Effect of feature dimensions on performance

%)

P AE 4 IFAUROC P-AUROC
224 99.10 97.98
896 99.16 97.91
448(Ours) 99.35 98.26

S SE R BN CRRAEYE B B 448 B iR E N 224 A
896 W PERE T 4, FAUROC 43 5 #& F T 0. 25% F1 0. 19%,
P-AUROC % 5l #&F+ 7 0. 28 % 1 0. 35% . UL, S FR 1A 24 1Y
RAE 4 13 TT AR T B A6 0 R T 2 22 303 5 D 1 R AE 4
J I 23 5 W) S B PR RE
4.4.5 REGHETHE PSR A ABRIE

3.2 747 R A S IR UG A A B A R ST 4 B T (e
Hor i PR BB . A BIF ST 46 AR I P A I 9 T 1 0 T 3R 2 A TR
WRARAE G, ERFEEE L OB BN, R 45 5 4 Hh A
PB4 PR AE R B[] B ol ok 1 A 1805 9 AT RE S AR Tl B
B, XAl e BOR K4 R TRk, AW RSP oA
Xof e 2 A W0 P BE 1) 5 )

ARHFIE L B Sy RO EE Y R,
U] 8 v B E D Ky AR R R R AR SRR O B X R T
PEBEBOSRE R, SCEREE SR NE 11 B,y WA mf, by M2 8
B 118 e AG 0 B T Ay, PR b A BOR B A R0 BB AT LR
I RS T 1

F 11y MHPERER R

Table 11  Effect of ¥ on performance

%

Y IFAUROC P-AUROC
2 99. 31 98.21
8 99.29 98.22
4(Ours) 99.35 98.26

BRIE  AWTTOR X L3RR 2 > R R 1A e 5 25 45 ok
YINERTET 1) ol iy AR AR AE e 7R o X Hb 2R 7R R 3 37 % 1
1A R VE A R BT R DL RE 4 SR A B BE S R AR R )2 4
A PR B 28 ok T30 HE A5 % TR] s T RR AR il 2 Bk T ok
SE[ M . SO TR AR BN A I A A A AR A DR
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