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Abstract

Visual anomaly detection is limited by the lack of suffi-
cient anomaly data. While existing anomaly synthesis meth-
ods have made remarkable progress, achieving both realism
and diversity in synthesis remains a major obstacle. To ad-
dress this, we propose AnomalyPainter, a novel framework
that breaks the diversity-realism trade-off dilemma through
synergizing Vision Language Large Model (VLLM), Latent
Diffusion Model (LDM), and our newly introduced texture
library Tex-9K. Tex-9K is a professional texture library con-
taining 75 categories and 8,792 texture assets crafted for di-
verse anomaly synthesis. Leveraging VLLM’s general knowl-
edge, reasonable anomaly text descriptions are generated for
each industrial object and matched with relevant diverse tex-
tures from Tex-9K. These textures then guide the LDM via
ControlNet to paint on normal images. Furthermore, we intro-
duce Texture-Aware Latent Init to stabilize the natural-image-
trained ControlNet for industrial images. Extensive experi-
ments show that AnomalyPainter outperforms existing meth-
ods in realism, diversity, and generalization, achieving supe-
rior downstream performance.

Introduction
Anomaly detection plays a crucial role in practical applica-
tions such as industrial quality control (Liu et al. 2024) and
medical anomaly detection (Huang et al. 2024). However,
real-world anomaly samples are often exceedingly rare, pre-
senting significant challenges for anomaly detection tasks,
including image-level classification and pixel-level segmen-
tation. While numerous works (Sun et al. 2025; Hu et al.
2024; Duan et al. 2023; Zhang, Xu, and Zhou 2024) have
been proposed to synthesize anomaly samples, these syn-
thetic anomalies often lack realism or require extensive
training data, limiting their real-world applicability.

Some methods such as DRAEM (Zavrtanik, Kristan, and
Skočaj 2021), CutPaste (Li et al. 2021), and Realnet (Zhang,
Xu, and Zhou 2024), synthesize diverse unseen anomalies
by cropping and pasting patches from existing anomalies
or texture datasets onto normal samples. However, this ran-
dom operation often results in unreasonable anomaly con-
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tent and abrupt transitions at anomaly boundaries, signifi-
cantly reducing the realism. The distribution of these synthe-
sized anomaly samples, abstractly represented as red scatter
points, is similar to that shown in Figure 1 (a). These red
scatter points tend to fall within the unrealistic anomaly dis-
tribution, distant from the feature space of normal samples,
which are abstractly represented as blue scatter points.

Another methods like DFMGAN (Duan et al. 2023),
AnoGen (Gui et al. 2024), and AnoDiff (Hu et al. 2024) use
generative models to learn anomaly patterns for generation.
However, the samples synthesized by these methods require
sufficient and representative normal or abnormal samples for
training. As a result, they tend to overfit the anomaly sam-
ples in the training data, failing to capture the diverse unseen
anomalies that may appear in real-world objects. Similar to
Figure 1 (b), the red scatter points representing these synthe-
sized anomaly samples with similar features, tend to cluster
in certain regions in the realistic anomaly distribution.

In short, existing methods face the diversity-realism trade-
off. To address the dilemma, we propose AnomalyPainter, a
novel framework that synergizes the VLLM and LDM with
our proposed texture library Tex-9K to simulate the forma-
tion of real anomalies via texture variations without training.

Specifically, we construct Tex-9K, a texture library with
appropriate texture density, designed for diverse anomaly
synthesis. It contains 75 categories and 8,792 professional
texture image assets. Leveraging the general knowledge
of VLLM, for each industrial object, it generates reason-
able and diverse anomaly text descriptions. These descrip-
tions retrieve the most relevant textures from Tex-9K, which
serve as anomaly pattern conditions to guide the LDM via
ControlNet’s (Zhang, Rao, and Agrawala 2023) edge-mask
control for inpainting normal images. Since ControlNet is
trained on natural images, it performs unstably on indus-
trial images. Texture-Aware Latent Init is then introduced
to stabilize ControlNet’s handling, ensuring that normal and
texture images blend clearly in the latent space as the ini-
tial denoising point, enabling the LDM to achieve precise
denoising performance. In short, our novel AnomalyPainter
paints reasonable content (via VLLM) with diverse anomaly
patterns (via Tex-9K) on normal images while ensuring soft
transitions (via LDM) at anomaly boundaries, ultimately
synthesizing unseen diverse and realistic anomaly samples
that exhibit an ideal distribution, as shown in Figure 1(c).
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Figure 1: Conceptual illustration. The blue hypersphere represents the normal distribution; realistic anomalies should be close,
while unrealistic ones should be farther. Anomaly samples synthesized by different methods show different distributions.

Our contributions are threefold:

• We propose AnomalyPainter, a novel synthesis frame-
work for realistic and diverse unseen anomalies. Users
are able to supply arbitrary normal images of objects
along with anomaly descriptions to synthesize realistic
and diverse anomaly samples without any training.

• We propose Tex-9K, a professional texture library con-
taining 75 categories and 8,792 assets, designed for
broadened texture diversity. Texture-Aware Latent Init is
proposed to stabilize ControlNet’s edge-mask control, ef-
fectively translating the diverse texture assets provided
by Tex-9K into realistic and diverse anomaly samples.

• Extensive experiments show our synthesized anomaly
samples outperform current SOTA synthesis methods
and effectively boost downstream anomaly detection.

Related Work
Anomaly Synthesis
Anomaly synthesis has become an essential technique to
support anomaly detection, especially when real anomaly
samples are scarce. some methods (Li et al. 2021; Zavrtanik,
Kristan, and Skočaj 2021) crop and paste random patches
onto normal samples. RealNet (Zhang, Xu, and Zhou 2024)
further employs a generative model to apply noise to normal
images and then denoise them to obtain an anomaly dataset,
but ultimately pastes part of the anomaly back using a ran-
dom mask. While these methods can produce diverse unseen
anomaly samples, the synthesized samples often exhibit un-
realistic. Another methods (Hu et al. 2024; Duan et al. 2023)
use generative models to learn anomaly patterns and gen-
erate anomaly samples. However, as they rely on substan-
tial amounts of normal and abnormal data to model dataset-
specific distributions, their application becomes impracti-
cal in data-limited scenarios. Moreover, these approaches
can only generate samples resembling those in the training
set—i.e., seen anomalies—while failing to synthesize un-
seen ones. Recent concurrent work, AnomalyAny (Sun et al.
2025), which is guided solely by text descriptions, lacks the
precision needed for complex anomalies due to overly broad

language space. In contrast, AnomalyPainter constrains the
language solution space to the real-world image space, en-
hancing the fidelity of unseen anomaly synthesis.

Anomaly Detection
Supervised detection has made great progress (Lin et al.
2025, 2024; Yue et al. 2024; Ye et al. 2025; Guo et al. 2025).
While the scarcity of anomaly samples has made unsuper-
vised detection the dominant paradigm, where the objective
is to model the distribution of normal data and detect anoma-
lies as outliers (Liu et al. 2023). These methods, however,
rely on sufficient normal samples to capture the underly-
ing distribution. Given the scarcity of representative normal
samples across diverse product variations, few-shot detec-
tion has drawn growing interest (Lu et al. 2023; You et al.
2022). Current few-shot methods leverage external knowl-
edge from CLIP to compute similarities between data sam-
ples and the normal or abnormal text prompts (Gu et al.
2024; Jeong et al. 2023a; Li et al. 2024b). Yet, relying solely
on normal samples for training remains problematic, as it
provides no direct understanding of anomaly distributions,
highlighting the need for realistic anomaly samples.

Latent Diffusion Models
Recent advances in LDMs, such as Stable Diffusion (Rom-
bach et al. 2022), have greatly improved image generation
and boost many downstream applications (Qu et al. 2025a;
Li et al. 2024a; Qu et al. 2025b; Li et al. 2025; Dai et al.
2025; Qu et al. 2024). However, pure text-based control
struggles to capture complex scene requirements, leading
to the development of various diffusion model plugins (Hu
et al. 2022; Ruiz et al. 2023) for more precise control.
Among these, ControlNet (Zhang, Rao, and Agrawala 2023)
excels in structural control by integrating additional signals
like edge maps. While many pre-trained ControlNet mod-
els are available, they are typically fine-tuned on natural im-
ages, leading to instability when applied to industrial ob-
jects. Training-free image composition methods (Lu, Liu,
and Kong 2023; Liu, Huang, and Xu 2024) improve denois-
ing by guiding attention or blending latents for cross-domain
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Figure 2: Overview. Our framework synthesizes diverse and realistic anomaly samples in three steps: Middle: Professional
Texture Library Construction constructs Tex-9K, a texture library with 8,792 assets, designed to provide diverse textures
crafted for anomaly synthesis. Left: Anomaly Description Generation and Matching utilizes VLLM to generate reasonable
anomaly descriptions for each industrial object and matches them with relevant textures from Tex-9K using cosine similarity.
Right: Adaptive Texture Anomaly Generation utilizes Texture-Aware Latent Init to stabilize ControlNet’s edge-mask control
for LDM’s high-realism inpainting, ensuring the seamless integration of textures into normal industrial object images.

synthesis. However, these methods insert whole objects into
images, struggling to blend textures with industrial objects.

Method
Empirically, we consider that the formation of real indus-
trial anomaly samples is usually constrained by the phys-
ical properties of objects, which can be understood using
the general knowledge of VLLMs. Under various potential
random circumstances, texture variations related to the ob-
ject may manifest in the image. To effectively simulate this
and achieve diverse and realistic anomaly synthesis, we pro-
pose AnomalyPainter, which is implemented in three key
steps: Professional Texture Library Construction, Anomaly
Description Generation and Matching, and Adaptive Texture
Anomaly Generation. The overview is shown in Figure 2.

Preliminaries
Latent Diffusion Models consist of two key components:
an auto-encoder (Kingma and Welling 2014) and a la-
tent denoising network. The autoencoder establishes a bi-
directional mapping from the space of the original data to
a low-resolution latent space: z = E(x), x = D(z), where
E and D are the encoder and decoder respectively. The la-
tent denoising network ϵθ is trained to denoise noisy la-
tent given a specific timestep t and textual prompt embed-
ding p. The diffusion process adopts the standard formula-

tion DDIM (Song, Meng, and Ermon 2020), which com-
prises a forward add-noise diffusion and a backward de-
noising process. During noise addition, the noisy latent rep-
resentation at a specified timestep t is obtained as: zt =√
ᾱtE(x) +

√
1− ᾱtϵ, ᾱt is a monotonically decreasing

noise schedule and ϵ ∼ N (0, 1) is random noise. By contin-
uously denoising the random noise zT with textual prompt
embedding p through predicting noise ϵθ(zt, t, p), we can
derive a fully denoised latent z0. Then, the final clean latent
z0 is passed through the latent decoder D to generate the
high-resolution image x0 = D(z0).

Professional Texture Library Construction
The motivation for constructing Tex-9K stems from the po-
tential mismatch between our visual intuition for text de-
scriptions and the understanding embedded in CLIP, which
is pre-trained on large-scale image-text data from the web.
For instance, when searching for images of the description
‘cracked’ online, not all results correspond to the clear crack
textures required for fine-grained anomaly synthesis. Simi-
larly, existing texture libraries, such as DTD (Cimpoi et al.
2014), often contain overly complex textures that are unsuit-
able for this purpose. To smoothly align text descriptions
with suitable visual concepts for anomaly synthesis and pro-
vide more diverse textures, we expanded existing texture
datasets by collecting additional texture images on the In-
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ternet and defining 75 commonly used texture categories.
The construction of our texture library can be divided

into three parts: (a) Crawling: We use a web crawler to
collect corresponding images from the Internet legally for
each texture category. Data from existing texture datasets
are also incorporated into the corresponding categories in
our library. (b) Cleaning: The Canny operator (Canny 1986)
is applied to each image to extract the edge mask, and im-
ages with excessively dense or sparse textures edge are au-
tomatically discarded. (c) Filtering: The remaining data is
manually screened to retain images with clear textures and
remove potentially harmful or inappropriate content. Ulti-
mately, Tex-9K which retains 8,792 images, serves as the
texture library to provide texture assets crafted for anomaly
synthesis. See Appendix.A for more details.

Anomaly Description Generation & Matching
We use VLLM’s general knowledge to generate reasonable
anomaly descriptions, which is detailed in Alg 1.

Specifically, let O = {o1, o2, . . . } denote the set
of industrial object categories. We first preprocess the
entire Tex-9K by encoding all texture images X =
{xtex,1, xtex2

, . . . , xtexm
} through the CLIP image encoder.

This generates static Texture Images Embeddings eX =
{e1, e2, . . . , em}, which are cached for persistent reuse. For
each possible industrial object oi ∈ O, we select a normal
image xoi

N corresponding to the object oi, then pose a care-
fully designed question Qoi for oi with the prompt template.
We will detail the template in Appendix.B. By querying
VLLMs with Qoi and xoi

N , we obtain the anomaly descrip-
tion answer Aoi = {d1, d2, . . . , dk}, where each d ∈ Aoi
is a description. The CLIP text encoder then encodes d into
description embedding ed. After computing cosine similar-
ity between ed and each ei ∈ eX , the max one is taken as
matched embedding ematch, ematch ∈ eX . The corresponding
xmatch ∈ X is then used as the matched texture image.

Taking the VisA dataset as an example, let O =
{candle, cashew, . . . } denote a collection of 12 object types.
If oi = cashew, we select a normal cashew image as xoi

N .
A designed question Qoi can be regarded as “What kind of
anomaly may happen to cashew?”. By leveraging the power-
ful general knowledge, VLLMs (e.g. GPT-4V) may respond
Aoi = {cracked, moldy...}. Take d = cracked as an exam-
ple, the embedding of text “cracked” will be used to match
the most similar texture image in Tex-9K.

Adaptive Texture Anomaly Generation
After obtaining the matched texture image, we propose
Adaptive Texture Anomaly Generation, which seamlessly
integrates the matched texture into a normal industrial im-
age, creating a realistic anomaly sample, detailed in Alg 2.

Specifically, we first generate an adaptive texture image
x℘ based on the matched texture image and the normal in-
dustrial object image xN (dropping the superscript for sim-
plicity), along with an inpainting mask Min that indicates
the region where the anomaly content is to be generated. We
discuss how to get Min and x℘ later in Mask Generation.

To realistically express texture variations in the normal
image xN in region Min, we pioneer the application of Con-

Figure 3: Texture-Aware Latent Initialization blends normal
image latent zN and adaptive texture latent z℘ at a later
timestep T ∗ to get zres

T∗ as the start point for better result.

trolNet, which offers powerful edge-mask control ability.
Since ControlNet is trained on natural images, it often be-
comes unstable on industrial data. To address this, we intro-
duce Texture-Aware Latent Initialization (TALI), enhancing
its reliability in industrial anomaly synthesis (Figure 3).
Texture-aware Latent Init. The core idea of TALI is to
blend the normal industrial image xN with the adaptive tex-
ture image x℘ in the latent space as the starting point for
denoising. In fact, this part can be regarded as an image
composition task, which aims to harmonize xN and x℘ to
generate the composite anomaly image xres. Unlike tradi-
tional image composition methods, such as TF-ICON (Lu,
Liu, and Kong 2023), which typically invert xN and x℘ into
their corresponding noisy latent representations zNT and z℘T
at a predefined timestep T , we choose to begin at a later
timestep T ∗. This choice helps avoid excessive stylistic dis-
connection between the generated anomalous part of xres

and the normal industrial image xN , while ensuring anoma-
lous part of xres remains geometrically stable and consistent
with x℘. Mathematically, we choose 0 < T ∗ < T and use
zres
T∗ as the starting point for denoising:

zresT∗ = zNT∗ ⊙ (1−Mz
℘) + z℘T∗ ⊙Mz

℘, (1)

where Mz
℘ is the segmentation mask of x℘ in latent space.

After initialization, the pre-trained denoising network ϵθ
with ControlNet will preserve the layout structure of zresT∗

during t ∈ [0, T ∗], while gradually harmonizing the anoma-
lous texture with the normal image in the inpainting mask
Min region. The denoising process is achieved through
the removal of the estimated noise ϵθ(z

res
t , t,Min, x℘, P ),

where Min defines the region of the original image that can
be inpainted, x℘ serves as the ControlNet condition, P is an
object-specific text prompt embedding. The text prompt is
formulated as: “A photo of [d] [oi]”, where, for example, d
could be “cracked” generated by VLLM, and oi refers to an
industrial category such as “cashew”. When the denoising
reaches t = 0, the decoder D is used to decode and obtain
xres = D(zres0 ). We detail T ∗ selection in Ablation Study.
Mask Generation. The previous anomaly synthesis meth-
ods rely on arbitrary inpainting masks, such as Perlin
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Figure 4: Left: An example of generated inpainting mask
Min and corresponding adaptive texture x℘. Right: An ex-
ample of generated anomaly result and the refined mask.

noise (Zhang, Xu, and Zhou 2024) or random masks (Hu
et al. 2024), which often result in anomaly being placed on
the background of industrial objects, reducing realism. To
address this, we propose the following strategy for gener-
ating a more effective inpainting mask: (a) Randomly gen-
erate a rectangular mask Mr. (b) Compute the intersection
Mov = Mr ⊙ Mu between Mr and foreground Mu (ob-
ject segmentation (Qin et al. 2020) in normal image). Pro-
ceed only if the overlap Area(Mr ⊙ Mu) > thresh1. (c)
Compute the intersection between Mov and Mca (Canny
edges (Canny 1986) of matched texture). If the overlap
Area(Mov ⊙ Mca) > thresh2, we accept Mov as the in-
painting mask Min, and use the corresponding texture region
as the anomaly texture x℘. The final inpainting mask is ob-
tained as Min = Mr ⊙Mu, and adaptive texture x℘ is gen-
erated by applying morphological operations to Min ⊙Mca

to ensure connectivity, detailed in Appendix.C. This strategy
generates a random and diverse mask while ensuring valid
texture. We present an example of a generated mask and its
corresponding adaptive texture image in Figure 4 (left).
Mask Refine. Since the inpainting mask Min covers a large
area, the LDMs’ generation process is relatively uncon-
strained, often resulting in anomalies appearing only in cer-
tain regions. A coarse refinement is then applied by com-
puting the SSIM (Wang et al. 2004) difference map be-
tween the original image xN and the generated anomaly im-
age xres within the inpainting region Min, yielding a per-
pixel similarity score, i.e. ScoreMapssim = SSIM(xN ⊙
Min, xres ⊙ Min). We then compute the mean similarity
threshmean = Average(ScoreMapssim) within the region and
retain pixels with similarity scores exceeding this threshold,
i.e. Mres = ScoreMapssim > threshmean. Figure 4 (right)
shows an example of generated anomaly with refined mask.

Experiments
Experimental Settings
Dataset. We conduct extensive experiments on the MVTec
AD (Bergmann et al. 2019) and VisA (Zou et al. 2022)
datasets. MVTec AD consists of 15 categories with 5,354
images with pixel-level annotations. VisA contains 12 cat-
egories with 10,821 images with annotations. Since VisA
contains categories with complex structures and multi-

Algorithm 1: Anomaly Description Generation & Matching
Data: O = {o1, o2, . . . }, X = {xtex1 , xtex2 , . . . , xtexm}
Cache: eX = {e1, e2, . . . , em} ← CLIPimage(X )
Input: oi ∈ O, a normal image xoi

N
Output: Matched descriptions and texture images for oi
1: Pose question Qoi = Template(oi)
2: Obtain anomaly descriptions Aoi = VLLM(Qoi , x

oi
N )

3: for description d in Aoi = {d1, d2, . . . , dk} do
4: Obtain description embedding ed ← CLIPtext(d)
5: Obtain matched embedding

ematch ← arg max
ei∈eX

cos⟨ed, ei⟩

6: Select the corresponding texture image xmatch ∈ X
7: end for
8: return All descriptions and matched texture images

Algorithm 2: Adaptive Texture Anomaly Generation
Input: xN , xmatch, T ∗, P.
Cache: Mu ← Seg(xN ),Mca ← Canny(xmatch)
Output: Generated anomaly image xres and mask Mres.
1: Min, x℘ = Mask Generation(Mu,Mca)
2: TALI:
3: zN , z℘ = E(xN ), E(x℘)
4: Sample Noise ϵ ∼ N (0, 1)
5: Add Noise zNT∗ ←

√
ᾱT∗zN +

√
1− ᾱT∗ϵ

6: Add Noise z℘T∗ ←
√
ᾱT∗z℘ +

√
1− ᾱT∗ϵ

7: Blend latents zres
T∗ ← zNT∗ ⊙ (1−Mz

℘) + z℘T∗ ⊙Mz
℘

8: Denoise with ControlNet:
9: for t← T ∗ downto 1 do

10: zrest−1 ← DDIM
(
zres
t , ϵθ(z

res
t , t,Min, x℘, P )

)
.

11: end for
12: xres ← D(zres

0 ).
13: Mres = Mask Refine(xN, xres,Min)
14: return xres,Mres.

object images, it poses greater challenges than MVTec.
Therefore, we tend to show more comparisons in VisA.
Evaluation Metrics. We use Inception Score (IS) and intra-
cluster pairwise LPIPS distance (IL) to assess quality and
diversity. We validate the effectiveness of our synthesized
samples by training anomaly detection frameworks (Gu
et al. 2024) following AnomalyAny. We employ five met-
rics to evaluate the detection performance: image-level and
pixel-level Area Under the Receiver Operating Characteris-
tic, denoted as AUC-I and AUC-P, respectively, the image-
level and pixel-level max-F1 scores, denoted as F1-I and
PF1, and Per-Region-Overlap, denoted as PRO.
Implementation Details. AnomalyPainter is implemented
using the HuggingFace Diffusers library (von Platen et al.
2022), built on the Stable Diffusion XL 1.0 (SDXL) (Podell
et al. 2024) model and ControlNet-Canny, with a CLIP
model utilizing a ViT-B/32 backbone. We adopt GPT-4V as
our VLLM. Following (Lu, Liu, and Kong 2023), we use a
20-step DDIM sampler, while starting denoising at T ∗ = 16.
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Figure 5: Qualitative comparison shows our method generates diverse and realistic anomaly data across various industrial
objects and datasets. Ours outperforms representative methods like AnoDiff and RealNet.

Category RealNet AnoDiff Ours
IS IL IS IL IS IL

candle 1.33 0.27 1.33 0.18 1.65 0.29
capsules 1.65 0.44 1.32 0.33 1.67 0.39
cashew 1.65 0.31 1.29 0.27 1.83 0.36

chewinggum 1.69 0.37 1.27 0.36 1.77 0.43
fryum 1.35 0.22 1.13 0.18 1.69 0.28

macaroni1 1.75 0.22 1.50 0.21 1.73 0.21
macaroni2 1.78 0.32 1.61 0.24 1.92 0.41

pcb1 1.47 0.33 1.22 0.35 1.49 0.34
pcb2 1.37 0.33 1.56 0.30 1.53 0.31
pcb3 1.26 0.19 1.21 0.23 1.51 0.26
pcb4 1.35 0.30 1.27 0.28 1.50 0.27

pipe fryum 1.53 0.22 1.34 0.22 1.69 0.36
Average 1.52 0.29 1.34 0.26 1.67 0.33

Table 1: Quantitative comparison on IS and IL on VisA.

Comparison in Anomaly Generation
Qualitative Comparison. We present anomaly images syn-
thesized by RealNet and AnoDiff on the VisA and MVTec
datasets, as shown in Fig 5. Although RealNet can gener-
ate anomaly images with noticeable defects, the results of-
ten appear visually unrealistic and confusing. AnoDiff strug-
gles with effective anomaly generation, as it maps differ-
ent anomaly features into the same embedding, leading to
feature confusion, lack of diversity. Notably, RealNet and

AnoDiff rely on available anomalous training data, while
AnomalyPainter synthesizes without training and general-
izes to unseen object types and anomalies during inference.
Quantitative Comparison. We report IS and IL metrics on
the VisA in Table 1. The results show that Ours outperforms
AnoDiff and RealNet in both diversity and realism. Notably
AnoDiff trains on 1/3 anomaly data from the test set.

Comparison in Anomaly Detection
We further evaluate our method under the challenging 1-shot
anomaly detection scenario following AnomalyAny, where
only one single normal sample is accessible and no abnor-
mal samples are available. Following AnomalyGPT detec-
tion framework, we condition on a single normal image to
generate 100 random anomaly samples. Tab. 2 presents the
comparison results between our AnomalyPainter and exist-
ing few-shot anomaly detection methods, including two full-
shot methods PaDiM (Defard et al. 2021),PatchCore (Roth
et al. 2021) in the few-shot settings, and three CLIP-based
few-shot methods WinCLIP+ (Jeong et al. 2023b), Anoma-
lyGPT, PromptAD (Li et al. 2024b). As can be seen, our
generated anomaly samples consistently outperform other
alternatives in the majority of the metrics. To further com-
pare with other anomaly synthesis methods under the data
scarcity scenarios, we follow the same 1-shot setup and sub-
stitute the synthetic training data with anomaly samples gen-
erated by alternative methods. For DRAEM, NSA (Schlüter
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Methods MVTec AD VisA

AUC-I F1-I AUC-P F1-P PRO AUC-I F1-I AUC-P F1-P PRO

PaDiM 76.6±3.1 88.2±1.1 89.3±0.9 40.2±2.1 73.3±2.0 62.8±5.4 75.3±1.2 89.9±0.8 17.4±1.7 64.3±2.4
PatchCore 83.4±3.0 90.5±1.5 92.0±1.0 50.4±2.1 79.7±2.0 79.9±2.9 81.7±1.6 95.4±0.6 38.0±1.9 80.5±2.5
WinCLIP+ 93.1±2.0 93.7±1.1 95.2±0.5 55.9±2.7 87.1±1.2 83.8±4.0 83.1±1.7 96.4±0.4 41.3±2.3 85.1±2.1

AnomalyGPT 94.1±1.1 - 95.3±0.1 - - 87.4±0.8 - 96.2±0.1 - -
PromptAD 94.6±1.7 - 95.9±0.5 - - 86.9±2.3 - 96.7±0.4 - -

AnomalyPainter (Ours) 96.5±0.6 95.8±0.3 96.7±0.3 60.1±0.4 92.5±0.5 92.6±0.5 87.7±0.4 97.9±0.3 45.9±0.6 93.5±0.4

Table 2: Comparison of 1-shot anomaly detection on MVTec AD and VisA datasets (5 runs).

Methods MVTec AD VisA

AUC-I F1-I AUC-P F1-P PRO AUC-I F1-I AUC-P F1-P PRO

AnoDiff 94.4±0.3 94.4±0.2 95.3±0.5 57.3±3.0 92.2±1.0 - - - - -
DRAEM 93.6±0.3 94.2±0.4 95.1±0.1 56.0±0.9 91.8±0.1 86.0±0.7 83.0±0.9 97.5±0.1 42.6±0.7 92.6±0.6

NSA 94.0±0.5 94.2±0.3 95.1±0.1 56.1±0.5 91.8±0.2 86.2±2.0 83.1±1.2 97.4±0.1 40.8±0.5 92.3±0.3
RealNet 92.7±0.7 93.6±0.3 95.1±0.1 56.3±1.3 91.7±0.1 86.0±1.4 82.9±1.1 97.5±0.2 41.9±1.8 92.8±0.3

AnomalyAny 94.9±0.4 94.7±0.4 95.4±0.2 57.3±0.0 91.9±0.0 89.7±0.8 85.8±0.5 97.7±0.4 43.2±0.4 92.5±0.1

AnomalyPainter (Ours) 96.5±0.6 95.8±0.3 96.7±0.3 60.1±0.4 92.5±0.5 92.6±0.5 87.7±0.4 97.9±0.3 45.9±0.6 93.5±0.4

Table 3: Comparisons of 1-shot anomaly detection performance with different anomaly generation methods on MVTec AD and
VisA. Since AnoDiff uses test anomalies for training and causes data leakage, it is excluded from ranking. Results are averaged
over 5 runs. The best results are in bold, and second-best are underlined.

ADGM TALI ControlNet IS IL AUC-I AUC-P
✓ - - 1.58 0.25 87.4 97.3
✓ ✓ - 1.62 0.29 91.6 97.6
✓ - ✓ 1.63 0.28 91.1 97.6
- ✓ ✓ 1.53 0.26 90.9 97.4
✓ ✓ ✓ 1.67 0.33 92.6 97.9

Table 4: Ablation on VisA shows that removing any compo-
nent degrades performance.

et al. 2022), RealNet, and AnomalyAny, we condition on the
same single normal sample as for our method and generate
100 random anomaly samples for training. We report results
in Tab 3, showing that AnomalyPainter’s generated anoma-
lies achieve the best detection performance.

Ablation Study
We evaluate the effectiveness of our components: Anomaly
Description Generation and Matching (ADGM), Texture-
Aware Latent Initialization (TALI) and ControlNet in Adap-
tive Anomaly Texture Generation. We design 5 different
combinations shown in Table. 4. First, with only ADGM
module, our method degrades to a crop-and-paste method,
resulting in a significant decrease in realism with IL = 0.25.
Next, we introduce TALI and ControlNet separately, both of
which improve the realism, with IL increasing to 0.29 and
0.28. When TALI and ControlNet are combined, the real-
ism improves further, with IL reaching 0.33, which also per-
forms best in downstream detection tasks. We also run the
full TALI and ControlNet experiment without the ADGM
module, using random textures as guidance. As expected,
random textures often lead to mismatched anomalies, reduc-
ing realism with IL decreasing to 0.26.
T ∗ Selection. Following TF-ICON, we adopt the common

Choice T ∗=20 T ∗=18 T ∗=16 T ∗=14 T ∗=12

IS/IL 1.64 / 0.30 1.69 / 0.32 1.67 / 0.33 1.65 / 0.31 1.59 / 0.32
AUC-I/AUC-P 91.6 / 97.7 92.2 / 97.8 92.6 / 97.9 91.9 / 97.7 91.7 / 97.8

Table 5: Quantitative Ablation with different T ∗.

Figure 6: “A photo of cracked wood” with differet T ∗.

practice of setting T = 20. To find best T ∗ later than T ,
we experiment with the influence of different choices of T ∗

with quantitative results in Table 5. A typical qualitative vi-
sualization on wood is also shown in Figure 6. It is clear that
too large step (e.g. T ∗ = 20) may cause the inpainting in-
tensity to be too strong, while too small step (e.g. T ∗ = 12)
can result in an overly strong initialization binding, making
the anomaly content appear excessively unnatural.

Conclusion
We propose AnomalyPainter, a novel framework that gen-
erates diverse and realistic unseen anomalies by integrating
the generative power of VLLMs and LDMs with our newly
introduced Tex-9K. It provides an open-world anomaly syn-
thesis capability, eliminating the need for prior industrial
anomaly samples, and future work could focus on more so-
phisticated text-driven control and prompt engineering to
further enhance flexibility. Overall, AnomalyPainter pro-
vides a strong foundation for scalable anomaly detection and
opens new directions for industry and research.
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