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Abstract

Existing unsupervised anomaly detection methods often suffer from significant performance
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degradation in practical applications due to inter-class interference during multi-class training. To
address this issue, this paper proposes a novel Prompt-Guided Mamba Network (PGM) for multi-
class anomaly detection and localization. Firstly, by employing UniRepLKNet as the pre-trained fea-
ture extractor, the model effectively compresses and memorizes a large amount of information
from normal images. Subsequently, the decoder based on the Mamba structure combines global and
local modeling capabilities to effectively reconstruct multi-scale features. Finally, PGM incorporates
a hierarchical class-aware prompt module that dynamically encodes class-specific information into
a class prior pool to mitigate interference between different anomaly classes. Experiments con-
ducted on the MVTec AD dataset demonstrate that the proposed PGM method outperforms most
state-of-the-art methods, achieving 98.7% in image-level AUROC and 98.2% in pixel-level AUROC.
Additionally, extensive ablation studies validate the contribution of each component of the model.
Overall, the proposed PGM method shows significant advantages in the field of anomaly detection.
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Figure 1. An overview of the proposed PGM model
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Figure 2. Schematic diagram of the HSS Module and LSS Module
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Figure 3. Schematic diagram of the Hierarchical
Class-Aware Prompt Module
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Table 1. The impact of different architectures on model accuracy
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J J J J 98.7 98.2
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Table 2. The effect of different loss functions on model performance
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Figure 4. Visualization of detection results on the MVVTec AD dataset
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Table 3. Comparison of detection and localization accuracy on the MVVTec AD dataset
Fz 3. £ MVTec AD ¥iiEEE RIS E 5 EMAEE L

ethog ORI} e ALK
AUROC AP F1 max AUROC AP F1_max AUPRO
RKD [13] 94.6 96.5 95.2 96.1 48.6 53.8 91.1
UniAD [15] 96.5 98.8 96.2 96.8 43.4 49.5 90.7
SimpleNet [26] 95.3 98.4 95.8 96.9 45.9 49.7 86.5
DeSTSeg [27] 89.2 95.5 91.6 93.1 54.3 50.9 64.8
DIiAD [17] 97.2 99.0 96.5 96.8 52.6 55.5 90.7
MambaAD [20] 98.6 99.6 97.8 97.7 56.3 59.2 93.1
Ours 98.7 99.5 97.8 98.2 56.8 59.8 94.2
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