Training Free Zero-Shot Image Anomaly Localisation via Diffusion Inversion
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Introduction

Problem

e Zero-Shot image Anomaly Detection (ZSIAD) aims to detect and localise anomalies without access to any normal target samples.
e Current ZSIAD approaches leverage;
o external data, e.g,, train on MVTec-AD [1] and test on VisA [2],
o additional modalities such as language to generate fine-grained prompts.
e Hence, they require i) labelled datasets, and ii) domain expertise to curate text prompts.
e Training-free vision only methods largely remain limited to image-level classification.

Contributions

¢ We introduce a training-free and vision-only ZSIAD framework which relaxes the need for curated text prompts utilizing inversion of a pretrained
Denoising Diffusion Implicit Model (DDIM) [3].
e We conduct experiments on common industrial ZSIAD datasets and show that our approach achieves SoTA performance on VisA.

Our Method
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Inversion Mechanisms Our overall workflow comprises four stages:

Inversion stage mirrors the forward process in reverse, from a clean latent
code z which is obtained by encoding a given image, toward a noisy latent z_
Denoising takes inverted latent and feds to the SD UNet model for denoising
Denoised latent is given to image decoder to recover a clean normal image
Anomaly segmentation stage takes input and generated images and
performs segmentation on the feature space

e Inversion of a generative model aim to find the latents responsible 1.
for the generation of a given image.

e They are frequently used for image editing.

e Our intuition is that as the baseline model is trained using only
normal data, if we regenerate the image using inverted latents, it
should be free from any anomalies.

2.
3.
4.

Results

Quantitative Results (MVTec-AD and VisA) Qualitative Results (MVTec-AD and VisA)
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. MVTec— AD VIS A carpet grid ‘metal nut screw toothbrush transistor zipper
Method Train Gided
Prompts ROC; ROCp PRO APp Fl1p |ROC;r ROCp PRO APp Flp
APRIL-GAN [11] V v 86.1 87.6 44.0 40.8 43.3| 77.5 942 86.6 25.8 32.3
AnomalyCLIP [60] v v 915 91.1 81.4 345 39.1|80.9 955 86.7 21.3 28.3
FiLo [20] v vV 914 93.1 61.7 52.252.0 | 83.9 95.9 854 31.4 38.5
PromptAD [35] 1 v/ v 908 921 728 - 362| N/A N/A N/A N/A N/A
AdaCLIP [9] vV V' 899 899 44.0 41.6 439 | 862 958 51.0 31.5 37.1
Bayes-PFL [42)] v v 923 918 87.4 483 - |87.0 956 88.9 298 -
DZAD [58] 1 v X 935 87 - - - [90.2 920 - - - e prtl e By
WinCLIP [29] X vV 918 851 646 182 316|781 79.6 56.8 54 14.8
ALFA [61] t X vV 932 90.6 789 - 366|812 859 638 - 1509
FADE [36] X V' 900 896 84.534.1 39.8( 781 915 79.3 10.0 16.7
AnomalyVILM [8] X vV 624 731 424 287 37.7| 71.0 758 36.9 13.8 22.1
RAG [44] 1 X vV 925 81 - - - 8.8 876 - - -
MAEDAY [48] 1 X X 745 694 - - - | NA N/A N/A N/A N/A
DIVAD (ours) X X 760 886 733 31.6 357 | 69.7 93.4 782 19.5 24.0

Effect of varying the timestep and SD version

MVTec-AD
ROC; ROCp PRO APp Flp

70.9 87.7 71.1 28.0 33.6
72.2 879 72.5 30.0 34.8
74.2 879 72.5 30.7 35.2
74.4 87.8 72.2 30.8 35.2
73.9 872 70.9 30.5 354

72.5 879 71.1 28.1 33.1
744 88.0 72.8 31.0 354
75.1 88.0 72.6 31.0 354
76.0 88.6 73.3 31.6 35.7
75.3 875 71.4 31.0 35.9

VISA
ROC; ROCp PRO APp Flp

64.0 924 743 15.6 19.2
69.1 934 77.8 18.4 23.4
69.4 934 78.1 19.5 24.1
70.2 934 78.3 19.7 244
71.1 93.3 78.2 19.7 24.6

65.8 92.5 74.6 14.9 18.6
68.2 93.5 78.0 183 23.0
68.7 93.5 782 19.5 23.9
69.7 934 782 19.5 24.0

19.2 23.9

Effect of object segmentation method

Obj. Mask
Dataset Obj. Tex.

X X

Metrics

ROC; ROCp PRO APp Flp

77.5 85.7 76.8 33.536.5
76.0 88.6 73.3 31.6 35.7
709 79.9 576 23.0 29.1

67.5 8.7 67.6 13.0 17.9
69.7 93.4 78.2 19.5 24.0

MVTec-AD ¢ X
v /

X N/a

VISA
v /A
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