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ODE diffusion model for multiclass anomaly detection and localization

JIANG Shijie', XIA Xiushan?, ZHAI Wei', CAO Yang'

(1. Department of Automation, University of Science & Technology of China, Hefei 230027, China; 2. Institute of Advanced Techno-
logy, University of Science & Technology of China, Hefei 230031, China)

Abstract: Multiclass anomaly detection and localization methods aim to train a single model capable of identifying an-
omalous regions that deviate from normal across multiple categories. Diffusion-based methods have recently attracted
attention due to their excellent performance in this task. However, existing methods concentrate on enhancing the de-
noising network of the diffusion model by adding more constraints to ensure high consistency in multistep generation
and achieve superior reconstruction performance. Additional sampling steps also lead to higher computational costs. We
propose a novel multiclass anomaly detection and localization method called TimeNet to address these issues. It is based
on the diffusion model of ordinary differential equations and achieves high-quality reconstruction with only one-step
generation. We introduce a time-perceptive network to address the consistency and identity shortcut problems that may
arise from small sampling steps, which further improves the reconstruction quality. Experiments on the most popular
benchmark MVTec-AD dataset demonstrate that our TimeNet competes with the current state-of-the-art methods in
terms of accuracy while requiring less computational effort and achieving faster speeds. The high accuracy and real-time
performance of TimeNet satisfy the requirements for industrial anomaly detection and localization.

Keywords: defect detection; anomaly detection; anomaly localization; diffusion model; denoising network; ordinary dif-

ferential equations; unsupervised learning; timestep-perceptive
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Fig. 2 Visualizations of the MVTec-AD dataset
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Fig. 3 Visualizations of the MVTec-AD dataset
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Fig. 4 Visualizations of the MVTec-AD dataset
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Fig. 5 Reconstructions with various forward diffusion
timesteps
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Fig. 6 Examples from the MVTec-AD dataset
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Table1 Comparison with SOTA methods on the MVTec-AD dataset in multi-class anomaly detection and localization %
25 DRAEM!" PatchCore!" UniAD'"” OmniAL'"® HVQ-Trans!'” DIiAD2Y AL A
Bottle (97.5,87.6) (100.0,97.4) (99.7,98.1) (100.0,99.2) (100.0,98.3) (99.7,98.4) (100.0,98.8) (100.0,98.9)
Cable (57.8,71.3)  (95.3,93.6) (95.2,97.3) (98.2,97.3)  (99.0,98.1) (94.8,96.8) (91.8,97.4) (92.6,97.4)
Capsule  (65.3,50.5) (96.8,98.0) (86.9,98.5) (95.2,96.9) (95.4,98.8) (89.0,97.1) (91.6,96.7) (93.7,97.3)
Hazelnut (93.7,96.9) (99.3,97.6) (99.8,98.1) (98.7,99.4) (100.0,98.8) (99.5,98.3) (98.8,98.6) (98.8,98.8)
Metal Nut  (72.8,62.2) (99.1,96.3) (99.2,94.8) (99.9,99.4)  (99.9,96.3) (99.1,97.3) (99.1,96.6) (99.7,96.6)
LGNS Pill (82.2,94.4) (86.4,90.8) (93.7,95.0) (95.6,98.4)  (95.8,97.1) (95.7,95.7) (96.2,97.5) (97.4,97.7)
Screw (92.0,95.5) (94.2,98.9) (87.5,98.3) (99.0,99.3)  (95.6,98.9) (90.7,97.9) (90.9,99.2) (94.1,99.5)
Toothbrush (90.6,97.7) (100.0,98.8) (94.2,98.4) (99.2,99.1)  (93.6,98.6) (99.7,99.0) (100.0,99.2) (100.0,99.2)
Transistor (74.8,64.5) (98.9,92.3) (99.8,97.9) (97.2,98.9) (99.7.97.9) (99.8,95.1) (99.0,94.0) (100.0,94.2)
Zipper  (98.8,98.3) (97.1,95.7) (95.8,96.8) (88.0,98.0)  (97.9,97.5) (95.1,96.2) (99.0,98.3) (99.0,98.5)
FEME (82.6,81.9) (96.7,95.9) (95.2,97.3) (97.198.6)  (97.7,98.0) (96.3,97.2) (96.6,97.6) (97.5,97.8)
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k1
%5 DRAEM™  PatchCore!'” UniAD!'"  OmniAL'® HVQ-Trans!” DIADPY  AICHE ARG
Carpet  (98.0,98.6) (97.0,98.1)  (99.8,98.5) (99.6,99.0)  (99.9,98.7)  (99.4,98.6) (97.9,99.2) (97.9,99.4)
Grid  (99.3,98.7) (91.4,98.4) (98.2,96.5) (100.0,99.4) (97.0,97.0) (98.5,96.6) (100.0,99.4) (100.0,99.4)
— Leather (98.7,97.3) (100.0,99.2) (100.0,98.8) (93.8,93.3)  (100.0,98.8) (99.8,98.8) (99.9,99.3) (100.0,99.5)
£
Tile  (99.8,98.0) (96.0,90.3) (99.3,91.8) (93.2,97.4)  (99.2,92.2)  (96.8,92.4) (99.9,97.9) (100.0,98.0)
Wood  (99.8,96.0) (93.8,90.8)  (98.6,93.2) (100.0,99.5) (97.2,92.4)  (99.7,93.3) (98.6,96.5) (99.1,97.5)
FEME (99.1,97.7)  (95.6,95.4)  (99.2,95.8) (97.3,97.7)  (98.7,95.8)  (98.8,95.9) (99.3,98.5) (99.4,98.8)
SEHME (88.1,87.2) (96.4,95.7) (96.5,96.8) (97.2,98.3)  (98.0,97.3) (97.2,96.8) (97.5,97.9) (98.2,98.1)
%z 2 PROFMIBIRMIEIRLER
Table 2 PRO metric on MVTec-AD %
—— FEFHRY R FeF Y HOAR
e PR
DRAEM PatchCore!'® UniAD!"" RANEY DiAD2! SR
PRO 71.1 93.5 90.0 93.0 90.7 93.9
34 HERLIE 2Bl Z 3K, SRR G ) — B RRAR, R

AN REE T — R F0TH Fh S5k kAR 37
P PR 2 85 A A
3.4.1 BF IR 5 R gn B 409 B

W& 3 FrR, AR SCHSUE T A i) 25 8% 0 0 4% 1Y
T, Hrp o a8t [ 25 ¥k 0.80, B
1.3.5. 10 878 S 1) R A ad 2 v 0 FH ) SRR 2D 88
ZiR BN 3 HMA: 1) Al — R IL 3
W2 R m AR . AN FRAE 2D 20 Recti-
fied Flow 45 S AHIT, (HBEE R LR 2, W0
FEbR R MR T B B — RS E B — IR
FEETR 2 SR AR AL B T, AR A B AR R 2

P PR PRI T T B o 2) AHIRR AR DAL 1-Recti-
fied Flow [t Rectified Flow B PEM 35 A5 i, X S
T Rectified Flow £t 4 — K Reflow Jii 2 )5, $ H
T ODE ¥ WU Y () 83k, T4 T+ 1 80 1) — 25
A NAE ST, 3) HET 1-Rectified Flow 384 s [a] 2 Jgk
AL, BT T A W8 bR, Hob I-AUROC
#T+T 5.6%, P-AUROC 27} T 2.3%, PRO 2T}
T 6.5%, &SI 4E AR W], Rectified Flow 1E 4
ODE " {7, T — 25 A5 BRI 22 25 A B B8R A
I, 5 WU R IAR— B, ARSI R A B ]
A RIS 2 R T T S A R 22 L AR B

x3 HESRMMELAEER

Table 3 Ablation studies on TPN %
S Rectified Flow 1-Rectified Flow ARIT7 ik
1 3 5 10 1 3 5 10 1
I-AUROC 90.0 89.4 89.4 88.6 92.2 92.1 92.0 91.9 97.4
P-AUROC 94.6 95.1 95.1 95.3 95.7 95.7 95.7 95.7 97.9
PRO 86.4 86.3 86.3 85.9 88.1 88.1 88.1 88.0 93.8

342 TRIAAFIEIRIE 097w
W 4 prow, @ ARSI R iE L s,
BRI U I 45 AR A] . ResNet 28052 i)l 25

FERIFH X VGG 253 Fil EfficientNet 25054 Hif5 5 41
gE S AL, 7E H A S0, AR SRk R AR e
Y WideResNet101 1F A BRIANFRAE F2HES o

R4 TREBUNIGHFIEREF A E KK

Table 4 Ablation studies on different feature extractors

%

. e VGGP ResNet?!! WideResNet!*? EfficientNet?**!
BRAEELAD
16 19 18 34 50 101 50 101 b0 b2 b4
I-AUROC 95.2 95.7 97.5 97.6 97.6 97.2 97.2 97.5 91.0 89.6 88.4
P-AUROC 96.8 96.5 97.7 97.8 97.7 97.1 97.5 97.9 93.5 933 93.2
PRO 91.7 91.6 93.5 93.8 93.6 91.9 933 93.9 85.4 84.2 84.2
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Table 5 Ablation studies on multi-scale feature layers %

fi £ f fi fi I-AUROC P-AUROC PRO
NN A AN 97.0 97.0 92.7
NN AW 97.0 97.0 93.7
NN NN 97.5 97.9 93.9
NN N 97.5 97.9 93.9
N 97.0 97.0 92.7

v A 97.2 97.9 93.7
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Fig. 7 Ablation on forward diffusion timesteps
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