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Asymptotic fusion knowledge distillation for industrial anomaly detection

Zhao Zhibin Wang Hao Zhu Jianguang Xue Dan

(School of Information Science and Engineering, Shenyang University of Technology,Shenyang 110872, China)

Abstract: To address the issue of knowledge redundancy in knowledge distillation-based anomaly detection models, this
paper proposes an industrial detection method based on asymptotic knowledge fusion distillation. This paper adopts
reverse knowledge distillation as the backbone network of the detection model. Although reverse knowledge distillation
can prevent the propagation of abnormal representations to the student network, the knowledge acquired by the student
network under this method is not only complex but also redundant, making it difficult to ensure that the student
network can reconstruct the corresponding shallow representations. To transform the high-level, complex, and
redundant information output by the teacher network. an asymptotic knowledge fusion mechanism is proposed. For
transforming complex representations, this mechanism gradually transfers basic geometric knowledge to deep semantic
knowledge, enabling the student network to learn feature representations effectively. For eliminating redundant
knowledge from the information output by multi-level teacher networks, this mechanism adopts a learnable feature
weight assignment method, which promotes the reconstruction of the student network and improves the anomaly
detection capability of the model. Experiments are conducted on the MVTec AD dataset. The results show that the
evaluation metrics under all categories of the dataset are 99% for AUROC-image, 97.9% for AUROC-pixel, and
94. 8% for AUPRO, which outperform most of the current mainstream detection models. verifying the effectiveness
and superiority of the proposed method.
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Fig. 1 Industrial anomaly detection model based on asymptotic knowledge fusion distillation
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x1 BEIAREWNE AUROC-image 5 £
Table 1 AUROC-image scores for anomaly detection across categories %
<3l US MKD PaDiM EdgRec DRAEM RD EMSF MFRAD EFAD PFEAL A
£ 91.6 79.3 99. 8 97. 4 97.0 98.9 99.9 99. 2 99. 42 100.0  100.0
W £ 81.0 78.0 96. 7 99. 7 99.9 100.0  97.6 99. 8 — 98.3 99.5
oMk EH 88.2 95.1  100.0  100.0 100. 0 100.0  100.0  100.0 — 100.0  100.0
Bk 99. 1 91. 6 98.1  100.0 99. 6 99. 3 99. 4 99. 9 — 99. 9 99.7
N 97.7 94.3 99. 2 94.0 99.1 99. 2 99. 4 98.7 — 99.8  99.6
i 99.0 99.4 99.9 100. 0 99.2 100. 0 99. 8 100. 0 — 100.0  100.0
L 20 86. 2 89. 2 92.7 97.9 91.8 95. 96.5 99. 8 — 97.8 98.9
i 2 86.1 80. 5 91.3 95.5 98.5 96. 3 95.9 98.7 — 97.6 96. 4
wF 93.1 98. 4 92.0 98. 4 100.0 99.9  100.0  100.0 — 99.3  100.0
S5 82.0 73.6 98. 7 97.3 98. 7 100.0  97.8  100.0 — 96.2  100.0
IE TN
Eapa 87.9 82.7 93.3 99.0 98.9 96. 97. 2 97.1 — 96. 4 98. 3
W E] 54.9 83.3 85.8 89.9 93.9 97.0 91.7 95.1 — 96.3  96.2
7 il 95.3 92.2 96. 1 100. 0 100. 0 99. 99. 8 94. 4 — 100.0  100.0
=R 81.8 85. 6 97.4 99.8 93.1 96. 99.3 99.0 — 98.9 98. 7
bt 91.9 93.2 90. 3 98. 3 100. 0 98. 96.9 98. 4 — 99.4 97. 4
H{E 87.7 87.8 95.5 97.8 98.0 98. 98.1 98.7 — 98.7 99.0
®2 BEIRERNE AUROC-pixel #1 PRO 5 #

Table 2 AUROC-pixel and PRO scores for anomaly detection across categories %
251 uUs MKD PaDiM EdgRec DRAEM RD EMSF MFR  EFAD PFEAL A3
W —/87.9 95.6/— 99.1/96.2 99.4/96.9 95.5/— 98.9/97.0 99.3/97.8 —/—  98.2/82 —/— 99.3/97.9
B —/95.2 91.8/— 97.3/94.6 99.2/97.0 99.7/— 99.3/97.6 96.3/98.1 —/— —/—=  —/— 98.7/97.3
Qi EE —/94.5 98.1/— 99.2/97.8 99.7/98.8 98.6/— 99.4/99.1 99.5/99.2  —/— —/—  —/— 99.5/99.2
Vi —/94.6 82.8/— 94.1/86.0 98.6/96.3 99.2/— 95.6/90.6 95.5/92.2 —/—  —/— —/— 95.4/90.1
AAR —/91.1 84.8/— 94.9/91.1 91.4/77.5 96.4/— 95.3/90.9 95.7/92.9  —/— —/— —/— 95.5/93.3
MF  —/93.1 96.3/— 98.3/94.8 98.3/94.3 96.4/— 98.7/96.6 98.7/96.5 —/— —/=  —/— 98.9/96.9
MmaE  —/81.8 82.4/— 98.3/94.8 97.7/88.7 94.7/— 97.4/91.0 98.2/93.3 —/— —/—=  —/— 98.3/93.8
g  —/96.8 95.9/— 98.5/93.5 95.2/82.2 94.3/— 98.7/95.8 98.6/94.7 —/— —/—  —/= 98.7/95.6
¥ —/96.5 94.6/— 98.2/92.6 99.4/95.4 99.7/— 98.9/95.5 99.2/96.4  —/— —/—  —/— 99.2/95.8
” A —/94.2 86.4/— 97.2/85.6 98.0/91.2 99.5/— 97.3/92.3 99.8/92.1 —/— —/=  —/— 97.4/91.6
I 2K —/96.1 89.6/— 95.7/82.7 98.7/96.1 97.6/— 98.2/96.4 98.0/96.9 —/— —/=  —/— 98.2/96.9
W22 E] —/94.2 96.0/— 98.5/94.4 97.7/89.3 97.6/— 99.6/98.2 99.1/96.4  —/— —/— —/— 99.5/98.3
Rl —/93.3 96.1/— 98.8/93.1 99.2/94.9 98.1/— 99.1/94.5 99.0/93.4  —/— —/—=  —/— 98.7/93.9
=W —/66.6 76.5/— 97.5/84.5 94.3/87.7 90.9/— 92.5/78.0 96.5/84.0  —/— —/= —/— 93.3/86.5
frge  —/95.1 93.9/— 98.5/95.9 98.7/96.0 98.8/— 98.2/95.4 97.3/93.1 —/—  —/— —/— 97.9/94.7
B —/91.4 90.7/— 97.5/92.1 97.7/92.1 97.3/— 97.8/93.9 98.3/95.0 98.0/94.3 —/— —/— 97.9/94.8
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