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Feature Constrained Restricted Distillation Learning for Visual Anomaly Detection

XING Peng, JIANG Xin, PAN Yong-Hua, TANG Jin-Hui, LI Ze-Chao
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: This study proposes a new feature constrained distillation learning method for visual anomaly detection, which makes full use
of the features of the teacher model to instruct the student model to efficiently identify abnormal images. Specifically, the vision
transformer (ViT) model is introduced as the backbone network of anomaly detection tasks, and a central feature strategy is put forward to
constrain the output features of the student network. Considering the strong feature expressiveness of the teacher network, the central
feature strategy is developed to dynamically generate the feature representation centers of normal samples for the student network from the
teacher network. In this way, the ability of the student network to describe the feature output of normal data is improved, and the feature
difference between the student and teacher networks in abnormal data is widened. In addition, to minimize the difference between the
student and teacher networks in the feature representation of normal images, the proposed method leverages the Gram loss function to
constrain the relationship between the coding layers of the student network. Experiments are conducted on three general anomaly detection
data sets and one real-world industrial anomaly detection data set, and the experimental results demonstrate that the proposed method
significantly improves the performance of visual anomaly detection compared with the state-of-the-art methods.

Key words: anomaly detection; feature distillation; anomaly score; central distribution; consistency constraint
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GANomaly™” 57.9 51.9 36.0 46.5 46.6 42.9 537 59.4 63.7 68.0 75.6
GeoTrans®” 74.7 68.5 74.0 81.0 78.4 59.1 81.8 65.0 85.5 90.6 87.6
ARFAD! 775 70.0 62.4 76.2 77.7 64.0 86.9 65.6 82.7 90.2 85.9

ARIT7i: 92.8 90.4 83.2 87.0 92.2 86.5 88.9 90.3 88.2 89.1 94.4

LA 1 11 12 13 14 15 16 17 18 19 PEME —
DAGMM" 46.4 42.7 454 57.2 48.8 54.4 36.4 524 50.3 50.5
DSEBM™! 62.7 66.8 52.6 44.0 56.8 63.1 73.0 57.7 55.5 58.8
ALOCCH” 56.9 63.6 56.0 57.9 58.2 57.0 735 61.0 58.8 60.9
ADGAN™! 537 589 574 394 556 633 667 443 530 54.7 _

GANomaly™” 57.6 58.7 59.9 43.9 59.9 64.4 71.8 54.9 56.8 56.5
GeoTrans"” 83.9 83.2 58.0 92.1 68.3 73.5 93.8 90.7 85.0 78.7
ARFAD" 835 84.6 67.6 84.2 74.1 80.3 91.0 85.3 85.4 78.8

AR T7 i 88.7 88.2 87.1 90.9 87.9 88.0 92.4 89.2 82.6 88.9
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#* 3 AIFIFIEAE Fashion-minst R4 1 55 H A LEE 45 SR AUROC (%)

Lb#J7¥%:  T-shirt/top Trouser Pullover Dress Coat  Sandal  Shirt  Sneaker =~ Bag  Ankle boot “F-¥Jfff

ARAEM 93.7 99.1 91.1 94.4 923 91.4 83.6 98.9 93.9 97.9 93.6
ocsvM™ 919 99.0 89.4 94.2 90.7 91.8 83.4 98.8 90.3 98.2 92.8
DAGMM™ 303 31.1 475 48.1 49.9 413 42.0 374 51.8 37.8 41.7
DSEBM™ 89,1 56.0 86.1 90.3 88.4 85.9 782 98.1 86.5 96.7 85.5

DSVDD"! 982 90.3 90.7 94.2 89.4 91.8 83.4 98.8 91.9 99.0 92.8

LSAP! 91.6 983 87.8 923 89.7 90.7 84.1 97.7 91.0 98.4 92.2
MKDAD" 925 99.2 92.5 93.8 93.0 98.2 84.9 99.0 943 97.5 94.5
ARAFD'"Y 927 99.3 89.1 93.6 90.8 93.1 85.0 98.4 97.8 98.4 93.9

ALTTi: 93.0 99.6 922 94.9 92.0 97.4 84.5 98.72 97.2 98.2 94.8

K4 ANFETTELE MVTec £ 1) 55 K00 LB 45 5 AUROC (%)

t# Jj7:  Bottle Hazelnut Capsule Metal Nut Leather Pill Wood Carpet Tile Grid Cable Transistor Toothbrush Screw Zipper “F-35J{E

AVID™ g8 g6 85 63 58 8 8 70 66 59 64 58 73 66 84 73
AE-ssim™ 88 54 61 54 46 60 83 67 52 69 6l 52 74 s1 80 63
AE-12" g0 88 62 73 4 62 74 50 77 718 56 71 98 69 80 71
AnoGAN'" 69 50 58 50 522 62 68 49 51 51 53 67 57 35 59 55
LSAP 86 80 71 67 70 85 75 74 70 54 61 50 89 75 88 73
CAVAG-du' 89 84 83 67 71 88 8 73 70 75 63 73 91 77 87 18
DSVDD" g6 71 69 50 7377 87 54 81 59 71 65 70 64 74 T2

VAE-grad®™ 922 976 917 907 925 93 838 73.5 654961 91  91.9 985 945 869 893
743 333 678 824 825 652 482 459 539619 847  79.8 940 446 874 67.1
MKDAD" 994 984 805 73.6 951 82.7 943 79.3 91.678.0 89.2  85.6 922 833 932 877
ARFAD"" 941 855 68.1 667 862 78.6 923 70.6 73.588.3 832 843 100.0 100.0 87.6 83.9
AT7iE 1000 964 777 951 979 88.1 96.0 81.3 99.171.7 92.5 88.4 958 950 81.0 90.4

GeoTrans

AT AE CIFAR100 #idi 45 5 DAGMMP®, DSEBMP, ALOCCH”, ADGANM!, GANomaly"*, ARAFD! i1
GeoTrans®" 5 VEHEAT T S8 % Lb, 20 Bk 3 A ] 15 BEA ISR 528 FEAR I BE B R (K50 56 45 A58 2 Fiio. ARSC
JIr B 1) 7775 CIFAR100 $#ii 4 P34 AUROC $a4rik 2] T 88.9%, Lb H BTERALI Ji i i th 20 10%. A7
FE R 2RI 3RS T S L R, AE S 75 B I A8 R I 1R VR 20 20%.

N T BUE A SCHTHE HH 1R 5 10081 2 B BUR S  Kri A7 2Pk, #F Fashion-mnist 244 XL T ARAE", OCSVM™),
DAGMMPY, DSEBMP”, DSVDDM, LSAP, MKDADP#1 ARAFD!, s286 45 Bl 3 Fros. A SCHTH 7 a5 T
IR VB e G U )RR A 3%, R BT AL ) 1 .

N T B AR SC T A X A R T R b S (AT b, ASSCOKE BT AR 1 7574 5 AVIDYY, AE-ssim™, AE-
L2 AnoGAN!" LSAPY CAVAG-du'™!, DSVDD™, VAE-grad™!, GeoTrans"", MKDAD", ARFAD" EZL 521 1.

LLUIEF] 99% LA E. 4T “Metal Nut”J$ 51l A8 SCHH K 75106 BT MKDAD J7iE8 T T 49 13%, SF311% AUROC &
EIT 90.4%. {HZE X “Grid”, AL JHEATAFAEA 2, ForT BE 1K IR R 2 “Grid” S0 HE VG 11 5 X 3k 5 GU B SR
AL, T AT AR A

SEA LA RSB 45 R, nT DURHIEAR SO K 5 VR e T o 6 1 MG, B G AN 20 R Tl G, L S Al
KRB BIOL R ROR, 3B AR ST VA AR S R 5 TN T 2 B4 ELI SR, 1T RARTH T 244 W 4 (1 P .
4.3 HREASCIG

H T BAEAR ST B AN B R VR, AT X 8 AR BT T DL R (1 S50 AT 2 .
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T YA PO AE L TR S 1A RPEREAT T R PSS B SR AE VGG BRI MR HEL I SN T Lypenor
J AL, 75 CIFARLO H08 82 A0 2 sk Tl S T 43048 48 MV Tec #EAT 7 X LLSE46. Jorh, 22 3] % 1r=0.001,
batchsize=128, FHI BIHUES B R B SE AL M 26 B . VGG 2O M 2% % F ImageNet Tl Z: VGG16 fzg 4 224
D 4% [F) BE SR I BE LA . S0 45 SR an i 3 o, Hf VGG R H M H VGG16 ZEMsel s, VGG+
Lanchor {8 T Oy 4E £ A SR IE () 2 1 R B, “mean” 75 F-3%) AUROC {H. M SZE645 Fn) LIE Y, 510
FRIELI AR 5, 7E CIFAR10 s 85 b, AT 28 i 1) 5 A A SR g — s R4 T, 20427 1%. 76 MV Tec i 4R
b SRR A B TR T, ARAEAE R I RE A BT R BRI, H i, “Wood  RI“Grid” B AN I ) 57 5 A
U RE A WL ER T, 2R I VR AE L O T R B GG A 9 ). AR “Cable” 251 I, Ji N2y sk &, 7 friil R =
R, AT REN SR IR AE VGG MZG 288, 2 3113 51 43 A vhCo i 128 15 5 REAR RN S5 R A R B3, oV 3 X 0,
TS S5 R0 I 5 2 ) 22 BE AR R 28, O i 24 SRR B 2 R . L0, AR SCIRIREAE 5 1E ) ResNet 9145 147
HIOUE T Lanenor BUR BB RLME. W 3(c) BIoR, 4 T faidbie W, FeATTIAE MV Tec B4 BT T XL, W]
PURIN, Lanenor T BRHON T ResNet LR R W4 2% 555 Kl -1 236 20, 22 B8 I S 1 R MO 38 35 48T,
Wi“leather” F“pill”. &5 52U 45 B, vh CVRFAE 20 o SR ] LA THRSE AL (1) S AL PR 1k e, FL 203 2800 7 S v Al
H ISR (5 R, A8 PO E L SR 1K) VGG 28 A T4 i [ FF 5588 (1) ResNet 4%, L CIFAR10 3045 4E 1119
PTG T B TE HREACR S 3 RE A AN RN (L 1E H 282 “DOG”, oA Ay 8%, $2 7125 R 58 it 1.9
L, ARSI FE BRI R0 S5 S (R A O P SRS, BT LSS R SE . A MV Tec SE56 45 40T, A SC#1 0
RRAE 20 SRS [ FE T MV Tec 34T 24

100 1 VGG ® VGGHL,, 10 100 1 VGG 8 VGGHL 00
95 95 H
90 90 H
~ 85+t ~ 85H
< sof < o
g 75t g 75t
70t E 70H
< 65t < 65}
60 60 H
S5 ¢ 55 H
50 L L L 50
¥ QP P S Y S F & FIE AL FFELF S S S S
- SN Q Q Q Q& «zyo S &@ <& %Q (‘)Z‘A\ ’OQ% ‘b\ @‘b"\ oncj‘bf © C:b &\G’Q@%C}(\)\Q &
Y.\ Q@' Q@@‘ Y &{b Q'N\Q
&0
(a) CIFAR10 on VGG (b) MVTecon VGG
100
95 | = ResNet = ResNet+L,, .,
90 H
S 85 H
8 80
S 75+
E 70t
< 65 ki
60 H
55 H
Soc\ox&\\b\oboxv@&o
F® S A EF IR0 G B
FFASS T CHEF i ¢
@ &8 &o°
(c) MVTec on ResNet

3 VGG 5i# ResNet P25 51N Laehor T RAE CIFAR10 Fil MV Tec Zii4E 1R

H T U UEAS SCRT R Y 7 i 0 R s B AE P, 7E MV Tee B4 BT 9206 I UE A MEHR IO 250R . S26 45 J
4 FioR. VAT AU F Laigan 353 2% 2R BUAASIN J5 12, VITHLGram 38758 1 Laigin K BAELS Liram 15325 2R ECHIAS I
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T3, VIT+LGram+L anchor 2278 M Laigin 30 9 BREL, Loram 351K B Lenor 705K BRBN 710 WAE 2B 2 B 1~F
PRI &5 oK, A ST & A B A B TR B B 4R T, PR BLE AR T 1%, i Hh i
ViT+LGam A1 VAT IG5 8, BATTAT LU BT 251 AUROC 1H1E Loram 1 25 B B LR R A3 T 3T, HRE
JETE VIT WIgntE &b Frh, Gram 5EREZR R I TEHUE B2 R DGR AR RE, X P 2 (8] 5% FR 20 SR REAK 38 56 27 A= 190 2% 1) 2
T B8 Sy, FEAT TR ST IR P S 100 ST 20 AT 2% K VATHL Gram L anenor 1125 5 5 A PN 7 1L 45 S LL S FITA 3(D)
R 3(c) P& AT L, FRATTDILSR B W AT 4508, T2 VIT MR AR 2R W] 2w TR & M4 KW VIT 45
B MR IR 2 AR SR I S T 1 A, L TR 2 “Metal Nut™“Cable” I Transistor” 45 2 51 (1 57 5 K0 25 5 0
SA T HATRRR A 1) VIT AT BUR gL RE 158 T VGG M 2%, (] JZFHIER SR 55 B 2, nfLL4E
B0 REARER IE WA AT B 20 A0 Dy 2) B BRFAE L BEFR T v CoRFAE 0 3R S TR 20 R X AT LU “Tile”
“Screw”* “Wood” 458 I 7E B Hi G 401 5% 5 AR B AP R TH I 45 R P AR BIRAIE. £5A FRSEIO 45 IR, Loram 90K BRI AL
FIN, GIIT BO 28 F0 22 22 R 28 7E J2 1R] O FR B — 300k, i 7 M4 i fid 6e 07, 487 T W B I PERE . Lanchor
2 BRHOE I DRFAE 2% 2] SR, 2% 20 T IR AR AR (R 43 A1 Dy, T 1 FEA TR AE S5 3 A1 v Lo PR B 8, A2 A
LA R IE B REA /34T, BRSE A F I B A A S 8 R ol e 5 A U AR AT A A A8, G Grid 20, G
15 O 268 A A Ak 280 S A — S BB AN B b [0 DX 3, 0T T i3 40 S R i R v, S i AR AR R LE S R AR AR BT,
S AT R AR A O, 38 BRI AN
100 - ®VIT  ® ViT+,, ViT+Lop Ly

95+
90
85
80
75+
70 +
65
60 +
55+
50

AUROC

Bottle Haze- Capsule Metal Leather Pill Wood Carpet Tile Grid Cable Tran- Tooth- Screw Zipper mean
Inut Nut sistor  brush

4 AL AR MV Tec 384 TR

TR VIT B T A ] 1K B LE VGG B T4 AT ResNet F T W 4% SN 2%, A SCKs 28 1 HE 42 rp i
TR 53 5% B VGG16 M %%, ResNet18UHI VIT R4, 78 MV Tec Hi £ AT % ELS286. 19 5 /R T VGG,
ResNet 55 ViT A $1K B BUHT I 7E MV Tec Sl 45 L5251 AUROC B0 1% it Bk ZE(H R /R 7E B T P 2 5
it I R 240 SRS BT IS, 6 MV Tec Z0i 82 5 2 ER TR, RO T RIS Sl SEBe 25 AR e
VIT R FEFPIEIE, 10 A2 1 e A I 5 R B84 4R o, 76“Pill F1“Metal Nut” 287 IR FHA ] T 8%, i VGG
Vb E T LB JLAN R LT, ResNet (R T P54, BT, (RN, XKW VIT S {f
HULRFAE 20 R S L VGG 45 R ResNet X4 B IIAT 2K i I —I5 (0 1T g J5L BRI 27 58 2 VAT 1% i RFAE X 1
AEAN I 25 FAR B 1) 3 A O AR A T RN 0 28 o S R AR, 401 RO AR B BB AR TR MR AR I o A ek L2
ViT M4 HE H1 T3 B, SEPni 2 848 K, 5 VGG M ResNet FAE FI AL Z 4R AEAS [, VAT w4l i v ) J2 6 408 1
TUNAE S, gD e R e S 0 S BRI AR B T KR i AN S, AT sE S A DR

T RSO E L, BATE R AR iR AE MV Tec a4 78 40 R RIS IR i 6 Bk,
ARSI 7155 BB M 98 1572 MKDAD I Laneor 393K BB (BIH Y VGGHLyueh0,) FILAE TP 45 ) ResNet 5231
(RS U TN Laneior 45055 BREL (B 1K) ResNet+L gyepor) X EE. WA 6(a) BT, AS SR JT7 20 £ 5 G b 40 A )
W IR AR B 6(a) R H S AN H A, MK b gl AT DU H A ST R B A o R A A
B AR ILR A T B A BE U LY (R A 1 5 . AL 6(c) HhmT AR I 2608 57 1 R AT 45 vh VGG X T
TR AN T ResNet, 1 A SCIK 5 7060 T Ik B 5 58 20 %0 S=8.2, Sz 3zt KT B 0=7.62, Jl5 b S BL, 1
MRCR R4y, T LA R RBOR, A SCRBLE 6(d) 1, B ResNet 11 41— 0 480 1320 F¢ 7t DX ek ey e
OB ZE, FERTRE 00 SR PR 52 B REAT TR AR ST e R AR A R R ARSI A 2 8
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btk B3 3, (R UI7AE— L2 8 W1 6(b) Jrm, P 5 e LME DX Ay 72 S Bl A, 2 i AL Ul &
R 5 G e 3 SRTTVERIAE SEEMG AI R . Z5 1853, A SCITIEAERE X MV Tec Bl 46 57 W AN R4
B, FLEHR 1A AR 28 DA 1 99 408 X 20l X ST 30 7 DX e 0 8 SRAN G (1 1 AL

12+ =—— VGG —a&— ViT ResNet

TR 221
NS SN e e}

5 Lanchor?ﬁgiglﬁrfz:ﬁqu:ﬁ%gg&&%

NS Tk AR BME S 45 EhRE aplE WaRES FENE RE O R AL
OURS 7.06 6.99 FH \ OURS 8.20 7.62 H
VGGHL 0 0.8 0.9 E¥ B £ VGGHL,, 048 049 E® B

ResNet+L,,.,. 1.22 1.26 1E%

ResNet+L,,,, 1.70 1.62  Hi

(a) (©)
OURS 174 162 S OURS 859 162 R
| VGG+Lyy, 112 09 5% F% | VO 055 049 R s
[ResNet+z,,,, 130 126 53 ResNettL,,, 157 162 [E#%
(b) ()

6 AN[EIE T 44 B S HAGLI AR R

FESEIG I RR A, ASCES A ANRAR RS VIT ISR, SR AFAN RN 25500, B (1) Py 22 A2 2 IO AL )
NI P98 4% 2 3, B 355 5 2 e AU TR 0 ) 4 0 22 TR LTS5 (2) 5 2800 90 2t v 2 30 81 1 o AU TR BT 2 2 R 2%
A B, RIORAE P AN G DR BRI, JF [ 52 A7 B G A A T AN S AE ok 5 % Bl f MV Tec L SE56 ) 45
Rl 7 P, G5 R R WA (2) BBCRIEA T35 (1), BARN I 8 W BT I W62 2] 311
P AR R 2E A W 26 1R 27 2] RE D B T (2 HEAR L. JET RE MR S AR VI R S0 15 21 I A B AR SR AL TR afi S ik,
TIRAE 27 20 2 A A7 B A5 B FLA AR 2 A W 2t B8 1 3 b Rl AR, O6f 7 J T PR 28 08 2 S i Rkl 2 7 (b4 A, Ak
27 00 % S D00 EE i B D 1R 2 2.
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90
85t
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75t
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5 B %

ARSCAEAL B 2 WA AR S5 T RGN T VAT BB F2T W 28%, I R I 24 SRR 27 2D IR 7 M ok S e
DU 1 . DA PR TR R AR Y BT A2 27 A W 255 2 20 o LU SROE HE REACTR R AL 0 A, FURE 27 ST RBD U 99 286 6] T 1E
FREAO i, JCiEE S RIS R AR, D T AR YUK IR, A SCPREHR T RO R IE A ST S 2 2] T IE R AR IR AR 7
At ey, R A 0 45 ) TE A RRFAE 20 A, LS A R0 7 sCRE i PG AR 5 R L. AR Rt b, ARSIk
TS L2 A I 2 g T 190 2% DR TR 1) SR AR I — B, i 1 2R I it e ), 32D 3Tt TR R e i &
TR il SE 36 BAIE 1A SO VA IRAT R AR KIBIETE TARRF IR AT T i o 22 3 P RS A, BLSEAT 2% 10 5 PR
TRIREAR A 0], AR AR RS AN [
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