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VLM-Guided Inpainting for Anomaly Detection
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Abstract

Anomaly detection (AD) aims to identify regions in an image that deviate from the expected distribution of normal visual data, a task
critical for applications such as industrial inspection. Recent CLIP-based approaches have enabled zero-shot anomaly detection by comparing
image features with text-derived embeddings, leveraging pretrained vision-language alignment. While effective in general scenarios, these
methods struggle to capture domain-specific normality and often fail to accurately localize subtle anomalies. We introduce a novel framework
that integrates CLIP-guided mask inference with a diffusion-based generative inpainting module trained on normal data. To improve semantic
consistency and reconstruction fidelity, we incorporate score distillation sampling (SDS) loss, which aligns the inpainted output with the
distribution of normal images in the embedding space. Our method is model-agnostic and can be integrated into existing CLIP-based detectors
without requiring anomaly annotations. Experiments on datasets from industrial and medical domains demonstrate consistent improvements
when integrated with various backbones in both image-level and pixel-level detection tasks. Qualitative results show improved reconstruction

and precise localization of fine-grained anomalies.
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I. INTRODUCTION

Anomaly Detection is the task of identifying anomalies
in the form of defects in the objects or textures. In computer
vision, this typically involves detecting anomalous regions
that deviate from the expected distribution of natural image
data [1]. Although several works [2-3] have employed deep
neural networks for anomaly detection, they often suffer
from limited representation capability and poor general-
ization to diverse or complex datasets.

Recent advancements in vision-language models
(VLMs), such as CLIP, have significantly enhanced anom-
aly detection tasks by leveraging powerful semantic repre-
sentations learned from large-scale vision-language data.
Consequently, several CLIP-based approaches [4-6] typi-
cally identify anomalies based on discrepancies between
visual features extracted from input data and normal refer-
ence embeddings derived from pretrained VLMs by lever-
aging their zero-shot capability.

While VLM-based methods have evolved to include
patch-level attention and finer-grained analysis [7], they
fundamentally rely on pretrained CLIP encoders that are not
optimized for capturing the specific data distribution of a
given anomaly detection dataset. This reliance limits their

ability to model nuanced variations in normality specific to
industrial or domain-specific datasets, ultimately constrain-
ing anomaly localization performance.

To address these shortcomings, in this paper, we have
employed the strengths of generative models, which inher-
ently excel at reconstructing and generating detailed visual
content. Crucially, these generative models [8-9] trained on
normal data distributions naturally excel at inpainting tasks
effectively reconstructing missing or masked regions of an
image. Since anomalies inherently represent deviations
from the normal data distribution, reconstruction errors by
generative models can directly indicate anomalous regions.

To this end, we propose a novel anomaly detection
framework that synergistically combines the semantic gen-
eralization capabilities of VLMs with the detailed recon-
struction strengths of generative models. Specifically, we
integrate an explicit semantic-guided inpainting mecha-
nism within a CLIP-based anomaly detection pipeline, en-
hanced by using a score distillation sampling (SDS) loss
[10]. Our key hypothesis is that accurate reconstruction of
missing regions guided by VLM semantics, reinforced
through SDS loss, inherently indicates precise anomaly lo-
calization capabilities.

Our main contributions are as follows:
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1) We propose a new anomaly detection paradigm that
explicitly connects anomaly localization with generative
inpainting capabilities guided by semantic embeddings
from VLMs.

2) We develop a unified framework integrating vision-
language semantics and generative reconstruction, signifi-
cantly enhancing the precision and granularity of anomaly
localization.

3) Extensive experiments demonstrate our approach's su-
perior anomaly detection and localization performance
compared to existing state-of-the-art VLM-based methods
across multiple benchmark datasets, particularly emphasiz-
ing performance improvements on industrially relevant da-
tasets such as MVTec-AD.

II. RELATED WORKS

2.1. CLIP-Based Anomaly Detection

Recently, vision-language models (VLMs), particularly
CLIP, have been explored for anomaly detection for their
powerful multimodal representation capabilities and ability
to generalize to unseen concepts without requiring task-spe-
cific full-supervision.

WinCLIP [4] pioneers a novel approach to zero- and few-
shot anomaly detection as a retrieval task in the CLIP em-
bedding space by comparing patch-level visual features
with a compositional ensemble of text prompts that repre-
sent normal concepts. It incorporates a diverse prompt en-
semble and multi-scale spatial feature aggregation to align
visual and textual representations, demonstrating strong
performance in language-guided anomaly classification and
localization.

AnomalyCLIP [5] further advances zero-shot anomaly
detection by addressing the limitations of existing prompt
engineering-based approaches. Unlike prior methods which
rely on extensive manual construction of object-specific
prompt ensembles, AnomalyCLIP introduces an object-ag-
nostic prompt learning framework that captures the seman-
tics of generic normality and abnormality loss, which com-
bines global and local contextual information, to learn two
universal text prompts representing normal and abnormal
states from auxiliary data. This formulation allows for sim-
plified and transferable prompt design, making the model
highly adaptable across domains without requiring prompt
modification.

More recently, AA-CLIP [6] tackles CLIP’s limited
anomaly awareness by enhancing its ability to distinguish
between normal and abnormal features in both visual and
textual embedding spaces. It employs a two-stage strategy:
first generating anomaly-aware text anchors, then aligning
patch-level visual features with them for precise localiza-
tion. Using residual adapters for lightweight fine-tuning,
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AA-CLIP effectively learns anomaly-specific representa-
tions while maintaining CLIP’s generalization, achieving
strong zero-shot performance even in data-scarce settings.

2.2. Generative Anomaly Detection

Generative methods mainly focus on modeling the distri-
bution of normal data and detect anomalies based on recon-
struction-based methods. They mainly use generative mod-
els such as variational autoencoders (VAE) [11], generative
adversarial networks (GANs) [12], and diffusion [13] mod-
els to attempt to reconstruct normal images, where anoma-
lies are assumed to produce large reconstruction errors that
manifest as noticeable deviations between the input and the
generated output.

f~AnoGAN [14] improves the efficiency of GAN-based
anomaly detection by introducing an encoder that directly
maps input images to the latent space, removing the need
for iterative optimization. Anomalies are scored using both
pixel-level reconstruction error and feature residuals from
the discriminator. Trained only on normal data, f~AnoGAN
achieves strong performance, especially in medical imaging.

AnomalySD [9] adapts Stable Diffusion [15] for few-
shot multi-class anomaly detection by introducing hierar-
chical text prompts and a foreground mask mechanism.
During inference, it employs multi-scale and prototype-
guided masking strategies to localize and inpaint anoma-
lous regions as normal, with anomaly scores computed
from the inpainting results.

11I. PROPOSED METHODS

3.1. Preliminary

3.1.1. CLIP-Based Anomaly Detection

Contrastive language-image pretraining (CLIP) models
have demonstrated strong generalization capabilities across
a wide range of vision-language tasks by learning a joint
embedding space for images and natural language descrip-
tions. CLIP is trained using a contrastive loss [16], where
image and text pairs are pulled together in the embedding
space while mismatched pairs are pushed apart. Specifically,
given a batch of image-text pairs, the model maximizes the
cosine similarity [17] of correct pairs while minimizing it
for incorrect ones across all combinations, effectively align-
ing semantically related image and text representations.
The loss function is defined as a symmetric cross-entropy
over cosine similarities (equation (1)):
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where x; and y; denote the image and text embeddings of
the i-th matched pair in a batch of size N, sim(-,-) is the
cosine similarity, and T is a temperature scaling parameter.
This symmetric formulation encourages both image-to-text
and text-to-image alignment.

In the context of anomaly detection, CLIP enables image
regions to be semantically aligned with predefined textual
concepts such as “normal” or “abnormal.” Recent methods
utilize this capability by computing the similarity between
visual features and prompt-engineered textual embeddings
to perform zero-shot anomaly classification or segmenta-
tion. This formulation allows for detection of semantically
meaningful anomalies even without access to anomaly sam-
ples during training.

3.1.2. Diffusion-Based Inpainting

Diffusion models have emerged as powerful generative
models capable of producing high-fidelity images through
a denoising process that iteratively transforms noise into
structured content. In anomaly detection, these models lev-
eraged for image inpainting, where anomalous regions are
masked and reconstructed if they were normal. The differ-
ence between the original and reconstructed images is then
used to infer the presence and severity of anomalies. This
reconstruction-based paradigm, particularly when guided
by semantic conditions, enables precise localization and de-
tection of subtle anomalies.

3.2. Proposed Methods

We propose a novel reconstructive anomaly detection
framework that integrates vision-language models and dif-
fusion-based inpainting, as shown in Fig. 1. The objective

Text Prompt —— 1At | 1

is to precisely localize anomalous regions by leveraging the
complementary strengths of CLIP for semantic condition-
ing and a text-guided generative model for high-fidelity re-
construction. Our framework operates in a zero-shot setting
without requiring any task-specific anomaly training data.

The core intuition behind the proposed method is that
anomalies, by definition, deviate from the learned distribu-
tion of normality. A generative model trained on normal
data will therefore struggle to reconstruct anomalous re-
gions, leading to high reconstruction error. By integrating
vision-language alignment through CLIP and using text-
conditioned inpainting with diffusion, we can guide this re-
construction process to reflect what is semantically ex-
pected.

3.2.1. CLIP-Based Embedding and Mask Inference

Firstly, we employ a pre-trained CLIP-based anomaly
detection model to extract both image and text embeddings.
Given an input image x and a normality prompst y, CLIP
provides the image embedding fi;,, (x) and text embed-
ding fir: (). These features serve as semantic guidance
throughout the pipeline. After that, an irregular binary mask
M is generated to simulate occluded or uncertain regions
within the input image. This mask is applied elementwise
to the input image to produce a masked image x,,=M © x,
where © denotes element-wise multiplication.

3.2.2. Reconstructive Anomaly Detection

The masked image x,, and the text prompt y are then
passed to a diffusion-based generative model, which aims
to reconstruct the full image £ by inpainting the masked

Encoder
Text Embedding

Image

Lewip Lrinal

Encoder

Visual Embedding

Input Image

Anomaly Mask

Stable Diffusion
Inpainting

Fig. 1. Representative examples from the CQAD dataset. It generates an anomaly mask from CLIP visual embeddings and feeds it into a
Stable Diffusion based inpainting model. Then the gradients derived from the resulting SDS loss is combined with the CLIP loss to form the
final training objective. By jointly optimizing the image adapter using this loss, the adapter is optimized to improve spatial localization of
anomalies.
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regions while preserving semantic consistency with the pro-
vided prompt. To ensure that the model can effectively rep-
resent the distribution of normal images within the target
domain, we fine-tune the generative model using only clean
normal data. Specifically, we fine-tune only the decoder
layers of the UNet to enhance its ability to represent the dis-
tribution of normal images while preserving the general
generative capacity of the pretrained backbone. This selec-
tive tuning enables the model to reconstruct high-frequency
details and textures characteristic of normal samples, im-
proving its ability to detect anomalies as deviations from
this learned normality.

To validate the effectiveness of this selective fine-tuning
strategy, we compare it with full fine-tuning of the entire
UNet architecture. As shown in Table 1, the partial tuning
configuration achieves lower FID scores across classes-for
instance, reducing the score from 22.7 to 20.8 in the Screw
class-indicating better preservation of the normal image
distribution and sharper reconstruction quality. This result
confirms that partial tuning strikes a better balance between
domain adaptation and generative generalization, which is
critical for precise anomaly localization.

3.2.3. Optimization via Score Distillation Sampling (SDS)
To further refine the quality and semantic consistency of
the reconstructed image, we apply score distillation sam-
pling (SDS) as the core optimization objective. SDS ena-
bles CLIP-based mask inference to be guided by the gener-
ation process so that the output image better reflects the dis-

Table 1. Class-wise FID score comparison on the MVTec-AD
dataset between over architecture (full UNet tuning) and partial
architecture (decoder-only tuning).

Class FID score
Over architecture Partial architecture

Bottle 112.9 80.5
Cable 62.0 64.9
Capsule 41.0 294
Carpet 46.5 36.4
Grid 63.4 60.8
Hazelnut 46.6 36.9
Leather 99.8 80.1
Metal nut 91.5 86.3
Pill 59.9 50.7
Screw 22.7 20.8
Tile 84.5 54.1
Transistor 63.8 80.2
Toothbrush 75.7 60.0
Wood 102.1 80.4
Zipper 110.7 56.5
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tribution of normal data. This facilitates more accurate de-
tection by the CLIP anomaly detector, as the generated im-
age aligns with the learned normality in both appearance
and semantics. In our framework, SDS optimizes the gen-
erative model to align its output with the embedding of the
original input image rather than a text prompt. This allows
the model to directly capture the normality distribution rep-
resented in real image space.

The SDS loss is computed by minimizing the distance
between the inpainted results within CLIP-detected regions
and the distribution of real normal images (equation (2)):

VG LSDS(¢vx = g(H)) (2)
£ E{t, e} [w(D) (p(z¢; ¥,t) — €) 0x/00 ],

where €, is the predicted noise at timestep ¢t with the

masked noisy latent z,. In the context of our work, we in-
tegrate the SDS loss into CLIP-based anomaly detection
frameworks to enhance anomaly localization capabilities. By
incorporating semantic guidance from vision-language
models and leveraging the reconstruction strengths of gen-
erative models, our approach aims to achieve precise and
semantically consistent anomaly detection. Consequently,
our final objective is to be formulated as follow (equation (3)):

Lfinar = Lepip + A+ Lsps, (3)

where A controls the influence of the SDS guidance during
optimization. Unlike conventional loss functions, the SDS
loss is defined through the gradient of a guidance objective
with respect to the input image. Specifically, it measures
how the diffusion model’s output, guided by a target text
prompt, changes the synthesized image, and uses this as a
directional signal to update the anomaly detection model.
Although this involves a gradient operator within the loss
definition, this is consistent with the optimization formula-
tion proposed in [10].

While our method introduces additional components
such as SDS loss and a fine-tuned diffusion model during
training, it maintains the same computational complexity as
the CLIP-based baseline during inference. Therefore, our
method does not incur any inference-time trade-off, which
ensures practicality for deployment. To quantify training
overhead, we measured peak GPU memory usage. AA-
CLIP showed a 12.9% increase (from 19,262MB to
21,755MB), while AnomalyCLIP exhibited a larger rise of
389.8% (from 3,585MB to 17,558MB). Notably, this
memory overhead is strictly confined to the training phase
and is considered acceptable given the substantial perfor-
mance improvements achieved by our method.

IV. EXPERIMENTS

4.1. Experiment Setups
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To evaluate the effectiveness of our proposed anomaly
detection framework, we conducted experiments on three
widely recognized benchmarks covering both industrial and
medical domains. For the industrial domain, we utilized the
MVTec-AD [1] and VisA [18] datasets. MVTec-AD con-
tains over 5,000 high-resolution images across 15 catego-
ries with pixel-precise annotations for all anomalous re-
gions. VisA comprises images from 12 industrial object cat-
egories and provides pixel-level annotations as well. For the
medical domain, we employed the CVC-ClinicDB [19] da-
taset, a publicly available colonoscopy dataset consisting of
612 frames extracted from 31 video sequences. Each frame
is annotated with expert-labeled polyp masks, allowing for
pixel-level anomaly segmentation evaluation in a clinical
setting.

For quantitative evaluation, we employed four standard
metrics: Image-level AUROC (Image-AUROC) and im-
age-level average precision (Image-AP) assess the model’s
ability to distinguish between normal and anomalous im-
ages, evaluating the precision-recall trade-off at the image
level. Pixel-level AUROC (Pixel-AUROC) and Pixel-level
Average Precision (Pixel-AP) measure the capability of the
model to localize anomalies at the pixel level, providing a
comprehensive assessment of both detection and localiza-
tion performance.

We selected AA-CLIP and Anomaly CLIP as our primary
baselines because they represent the current state-of-the-art
in CLIP-based anomaly detection. Both methods build di-
rectly on the CLIP encoder without introducing fundamen-
tally different architectural components, making them
structurally comparable to our approach. This shared foun-
dation enables a fair evaluation of our method’s effective-
ness. By integrating with these strong baselines, we aim to
demonstrate performance improvements within the same
architectural paradigm.

4.2. Quantitative Results

As shown in Table 2 and Table 3, we report quantitative
comparisons with previous studies [5-6] on both industrial
domains (MVTec-AD and VisA datasets) and medical do-
mains (CVC-ClinicDB dataset). Our approach demon-
strates consistently strong performance compared to prior
CLIP-based methods across four evaluation metrics. On the
various datasets, our method achieves the highest image-
level scores and competitive pixel-level results in most
cases, demonstrating effective detection and localization
capabilities.

Notably, our method can be applied on top of existing
CLIP-based anomaly detection pipelines, yielding con-
sistent improvements regardless of the underlying back-
bone. For example, on the MVTec-AD dataset, we observe
a notable increase in Image-AUROC for the AA-CLIP

Table 2. Quantitative comparisons of AA-CLIP and our frame-
work on industrial domain datasets (MVTec-AD and VisA) and
medical domain datasets (Clinic DB).

MVTec-AD

Method Image-level Pixel-level
AUROC AP AUROC AP
AA-CLIP [6] 99.2 99.6 99.6 86.3
oA CLIPE 995 99.7 95 865

VisA

Image- level Pixel-level
AUROC AP AUROC AP
AA-CLIP [6] 97.0 97.8 97.6 56.0
AA-CLIP 97.2 98.0 973 556

our framework

CVC-ClinicDB

Pixel-level

AUROC AP
AA-CLIP [6] 99.72 97.83
AA-CLIP+ 99.75 98.06

our framework

Table 3. Quantitative comparisons of AnomalyCLIP and our
framework on industrial domain datasets (MVTec-AD and VisA)
and medical domain datasets (Clinic DB).

MVTec-AD

Method Image-level Pixel-level
AUROC AP AUROC AP
AnomalyCLIP [5] 91.6 96.4 91.1 81.4
‘zﬁfr;:gec\zf; 946 974 943 875

VisA

Image- level Pixel-level
AUROC AP AUROC AP
AnomalyCLIP [5] 81.9 85.4 95.5 86.8
AnomalyCLIP+ g | 90.3 95.8 78.4

our framework

CVC-ClinicDB

Pixel-level

AUROC AP

AnomalyCLIP [5] 82.9 68.1
A lyCLIP+

nomalyC 84.9 683

our framework

baseline, increasing from 99.2 to 99.5. This result highlights
the benefit of SDS-guided inpainting in modeling fine-
grained normality. Although our proposed method based on
AA-CLIP exhibits slightly lower pixel-level performance
than the baseline in a few cases on MVTec-AD and VisA,
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it consistently improves image-level metrics and performs
robustly across domains, including the medical setting.

4.3. Qualitative Results

Fig. 2 illustrates qualitative comparisons of anomaly lo-
calization results between our method and baseline ap-
proaches on representative samples from MVTec-AD and
VisA datasets. For each example, we present the input im-
age, the ground-truth anomaly mask, and the predicted
anomaly maps from both the baseline (AA-CLIP) and our
proposed framework. Specifically, we include a Screw class
sample from the MVTec-AD dataset and a Cashew class
sample from the VisA dataset. In both cases, the anomaly
maps produced by our method more strongly highlight the
anomalous regions compared to the baseline.

These qualitative results illustrate how our method pro-
duces more accurate and spatially coherent anomaly maps,
effectively highlighting fine-grained defects that are often
missed or mislocalized by prior methods. Notably, our
framework better captures subtle texture anomalies and
small structural defects, which are common in real-world
industrial settings. In the Screw sample, the anomaly- a
small deformation near the tip- is subtle and localized.
While AA-CLIP roughly identifies the region, it lacks
spatial precision. Our method produces a sharper response
that aligns more closely with the ground-truth, demonstrat-
ing improved localization of small structural defects. In the
Cashew sample, a fine surface scratch is better captured by
our method, with a focused anomaly map and reduced false
positives. This highlights the effectiveness of diffusion-
based reconstruction in preserving texture consistency,
guided by CLIP semantics.

The improvements stem from the integration of semantic
guidance through CLIP and the precise inpainting ability of
diffusion models, reinforced via SDS optimization. This al-
lows the reconstructed image to closely resemble the nor-
mal data distribution, thereby amplifying the discrepancy in
anomalous regions.

AA-CLIP +
Our Framework

Image Ground Truth AA-CLIP

Fig. 2. Visualization of anomaly localization result of AA-CLIP
and our model on MVTec-AD and VisA.
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Table 4. Ablation study results on the effect of SDS loss weight
(M) on anomaly detection performance of our model on the
MVTec-AD dataset.

SDS loss MVTec-AD
weight Image-level Pixel-level

®) AUROC AP AUROC AP
0.1 99.39 99.68 99.55 86.58
0.5 99.41 99.70 99.35 86.44
99.39 99.68 99.46 86.42
5 99.51 99.71 99.55 86.51
10 99.49 99.77 99.37 86.47

4.4. Ablation Study on SDS Weight A

To investigate the influence of the SDS loss weight A in
our final objective, we conduct an ablation study by varying

A € {0.1,0.5,1, 5, 10}. As shown in Table 4, performance

improves steadily as A increases, peaking at A=5, after which
further increases result in diminishing returns or slight per-
formance drops. This trend indicates that a moderate SDS
guidance strength is essential: small weights underutilize the
semantic alignment benefits of SDS, while excessively large
weights may dominate the optimization, leading to overfit-
ting or instability in generation. The best results across both
MVTec-AD and VisA are achieved when A=5, which we
adopt in all subsequent experiments.

V. CONCLUSION

In this paper, we introduce a novel anomaly detection
framework that bridges the strengths of vision-language
models and generative models. By integrating a semantic-
guided inpainting mechanism enhanced with score distilla-
tion sampling (SDS) loss, our method achieves fine-grained
anomaly localization grounded in both semantic under-
standing and visual reconstruction. Unlike prior CLIP-
based approaches that rely heavily on global embeddings,
our method adapts to the underlying data distribution
through generative reconstruction, enabling superior preci-
sion in localizing subtle anomalies. Extensive experiments
conducted on standard benchmarks, including the industri-
ally focused MVTec-AD dataset, demonstrate that our ap-
proach not only improves localization accuracy but also en-
hances overall detection performance when integrated with
existing CLIP-based pipelines. Our findings highlight the
value of bridging semantic reasoning with generative mod-
eling in advancing the state-of-the-art for vision-language
anomaly detection.
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