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Training Free Zero-Shot Image Anomaly Localisation via Diffusion Inversion

Our Method

Introduction

Our overall workflow comprises four stages:

1. 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 zT

2. Denoising takes inverted latent and feds to the SD UNet model for denoising
3. Denoised latent is given to image decoder to recover a clean normal image
4. Anomaly segmentation stage takes input and generated images and 

performs segmentation on the feature space
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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].

● We conduct experiments on common industrial ZSIAD datasets and show that our approach achieves SoTA performance on VisA.

Problem

● Zero-Shot image Anomaly Detection (ZSIAD) aims to detect and localise anomalies without access to any normal target samples.
● Current ZSIAD approaches leverage;

○ external data, e.g., train on MVTec-AD [1] and test on VisA [2],
○ additional modalities such as language to generate fine-grained prompts.

● Hence, they require i) labelled datasets, and ii) domain expertise to curate text prompts.
● Training-free vision only methods largely remain limited to image-level classification.

[1] Bergmann, P. et al., “Mvtec ad–a comprehensive real-world dataset for unsupervised anomaly detection”, in CVPR, 2019.
[2] Zou, Y. et al., “Spot-the-difference self-supervised pre-training for anomaly detection and segmentation”, in ECCV, 2022.
[3] Song, J. et al., “Denoising diffusion implicit models”, in ICLR 2021.

Acknowledgement: This research was funded in whole or in part by the Luxembourg National Research Fund (FNR), grant reference 
DEFENCE22/17813724/AUREA.

Results

Qualitative Results (MVTec-AD and VisA)

Inversion Mechanisms

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

● They are frequently used for image editing.
● 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.

Quantitative Results (MVTec-AD and VisA)

Effect of varying the timestep and SD version

Effect of object segmentation method

Inversion Visualization


