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Abstract: To address the problem in few-shot industrial anomaly detection where large-scale models are
difficult to deploy and lightweight models show limited performance, a lightweight anomaly detection method
based on knowledge distillation is proposed. DINOvZ2 as the teacher model and EfficientViT as the student
model, transferring knowledge are used to achieve high detection performance under resource constraints. A
feature alignment adapter is designed to reduce the representation gap between the two models, and a multi-

objective distillation loss combining Huber loss, cosine similarity loss, and Gram matrix loss guides the student
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from multiple dimensions of magnitude, direction, and spatial correlation. Experiments on the MV Tec AD

dataset show that the student model, trained only with normal samples, achieves a 0. 170 improvement in image-

level AUROC over the baseline model without distillation, while maintaining comparable performance to the

teacher model with about 23% fewer parameters and 4 times faster inference. The effectiveness of the proposed

framework is confirmed by ablation and visualization studies.

Key words: anomaly detection; knowledge distillation; lightweight model; vision Transformer; few-shot

learning
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Fig. 1 Framework for few-shot anomaly detection and knowledge distillation process flow
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{HI0 F PR ROR AT T S T AR .
HBE AR DINOV2 [ 35843 HIR 2R 8 2 T 4%
{1 EfficientViT 1,

W& 2 Ui, fERTRURM G L, ARk
(AR P B TE R GG TG B2 L9 AUROC
0. 827, MK FZUMAL R DINOv2 £ 0. 912, {H I 3%
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P F EAZ M) Baseline 844 0. 655, S IE[RIAT,
TR Parameter 24k DINOV2 (1) 77 %%, $E R 5 25
A% o TXFRIAR SCHRE 0 28 TR HE SR A DR 2 e A
PERERI RIS, SCEL T B ARG T . M T E
FEWERTRY , PRS2 Y R AT HE T SE RS B 2
BT, 5RL MM EfficientViT (Baseline ) AH [,
ASCIIAETT B 1 IS G5 ARAE , IR, Parameter Fi1
FPS{AFFENR—7KF-, 2470566 MAI120 M., {Hif i
A SCE T 45 K BRI 30 T A%, RRAE B U A
EfficientVit (78 3CT7 ¥ ) 78 BG 9k 0KS B2 B 1Y
AUROC 0. 6554712 0. 827,

FREEA SE RSN, ASGEXT 2, 4, 81104~
FEA S BT T S8 R S5 0, SEm g AR L3k 3.
[FIFE, A EDUL 3 PR [RIAEAS Bt Xof S i A I 25 2R 1Y)
PEfEZE SR, B SLI A R T I LK 5, ¥
B ) AT AL
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Tab. 3 Performance comparison of anomaly detection under

different sample sizes

AUROC

pi sl

TAEEAR 2R AR SAEEAR 104 FEA
DINOVZ 919 0920 0928 0935 0941
(Teacher)
EfficentVIT ) ec1 0670 0685 0695 0701
(Baseline)
EfficientViT
CMVIT 0821 0.835 0850 0860  0.865
(R3CTT)

H &S Al A, RSO TEFE 2, 4. 8F1 104
A S8 WA TE R OL TR vk . AR SO
FREAR AUROC 3R 7 15 0. 170, 10 ~Ff
A AUROC WAL %15 0. 164, X ZFHEAR
S RGN S 6 25 SRR A T AR S TR R R TR
FEAH ()RR

1.00
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Fig. 5 Anomaly detection metrics under different sample sizes
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Tab. 4 Ablation experiment results
SR AUROC

B AL =R -
N B ¥
Baseline (JoZ£ 1 Efficient Vit) 0.652 0.647 0.661
~+Huber Loss 0.665 0.663 0.681
-+Huber+Cosine Loss 0.718 0.731 0.724
-+Huber+Cosine+Gram 0.782 0.767 0.773
Full(all loss+Feature Adapter) 0.826 0.818 0.834

#11E Baseline % FH AR & 7818 1 EfficientViT 1
REF ALY TEOR B | R AR 3 28 B
AUROC43 %15 0. 652, 0. 647 F10. 661, FH &
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Fig. 6 Ablation experiment results
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Fig.7 Wood anomaly detection results with different extractors
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Fig. 8 Hazelnut anomaly detection results with different

extractors
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