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Abstract

Generating anomalies is a crucial method to enhance de-
tection and classification performance by expanding anoma-
lous data repository. However, existing anomaly generation
methods overlook the intrinsic entanglement between diverse
anomaly types and product structures, leading to semantic
ambiguity. We propose CADiff, a context-aware generation
framework that reframes anomalies as compositional per-
turbations. Firstly, we propose Context-aware Text Prompt
(CTP), a mechanism which contains multiple tokens that
characterize anomalies and products separately to enhance
the contextual consistency of generated images and refine the
local variability of anomalies. Secondly, we develop Self-
adaptive Spatial Control (SSC), a self-adaptive interaction
design that mitigates anomaly leakage or missing phenom-
ena. Thirdly, we introduce Intensity-controllable Attention
Re-weighting (IAR), an inference scheduling scheme with
the ability to amplify or attenuate abnormal semantic effects
to improve generation diversity. Extensive experiments on
MVTec AD and VisA datasets demonstrate the superiority of
our proposed method over state-of-the-art methods in both
realism and diversity of the generated results, and signifi-
cantly improve the performance of downstream tasks, includ-
ing anomaly detection, anomaly localization, and anomaly
classification tasks.

Introduction
Visual anomaly detection is essential for maintaining qual-
ity control and plays a crucial role in advancing industrial
automation. However, due to the scarcity and difficulty of
obtaining anomalous samples, the detection process faces
significant challenges (Yu et al. 2024; Mei, Yang, and Yin
2018). Although existing methods (Chen et al. 2020; Li
et al. 2021; Roth et al. 2022; Zavrtanik, Kristan, and Skočaj
2021a) rely on unsupervised learning, it remains difficult for
them to build a robust detection system given the unpre-
dictability of anomalies, and they can not deal with the task
of anomaly classification (Hu et al. 2024). To address these
challenges, recent studies (Zhang et al. 2023a, 2021; Duan
et al. 2023; Hu et al. 2024) have demonstrated that gener-
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ating highly realistic anomalous samples can significantly
enhance the performance of detection algorithms.

Various studies have focused on high-quality anomaly
generation as illustrated in Fig. 1. First, traditional meth-
ods randomly crop and paste random patterns from exter-
nal datasets or itself to produce anomalies having different
visual structures with the normal samples, which are unnat-
ural and conspicuous (Zavrtanik, Kristan, and Skočaj 2021a;
Li et al. 2021; Yang, Wu, and Feng 2023). Second, among
methods utilizing Generative Adversarial Networks (GANs)
(Goodfellow et al. 2020), DFMGAN employs StyleGANv2
(Duan et al. 2023) to generate anomalous images using
anomaly-aware residual blocks, but the authenticity of the
generated anomalies is lacking. Most recently, several mod-
els leverage prior information of pretrained Latent Diffu-
sion Models (LDMs) like Stable Diffusion (SD) (Rombach
et al. 2022). CAGen(Jiang et al. 2024), guided by natural
texts, suffers from color and shape distortions due to seman-
tic priors of pretrained U-Net (Ronneberger, Fischer, and
Brox 2015) which is inherently biased toward natural scenes
rather than industrial domains. AnomalyDiffusion(AnoDiff)
(Hu et al. 2024) generates anomalies by learning anoma-
lous appearance and positions separately. However, these
diffusion-based methods all focus on modeling anomalous
regions, neglecting their contextual coherence with the en-
tire products. As shown by the attention maps, they tend
to capture entire objects rather than distinguish anomalies
from the product, leading to low-quality results such as
weak responses to inconspicuous texture changes or bound-
ary misalignment with backgrounds. Furthermore, they lack
the flexibility to compose novel anomalies beyond test sets.

Motivated by this, we regard anomaly generation as the
sparse and diverse perturbations over structurally consis-
tent product surfaces, and propose CADiff to break their
intrinsic entanglement and uncover the generative mecha-
nism of anomalies. First, Context-aware Text Prompt (CTP)
uses multiple learnable tokens to learn the features of prod-
ucts and anomalies separately, allowing the anomaly tokens
to capture diverse anomalous semantics, while contextual
tokens to learn overall normal product surface. We restrict
localizing cross-attention masks to concentrate on learning
coherent image regions and use contrastive loss to facili-
tate disentanglement of different tokens, which contributes
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Figure 1: Left: Generated anomalies of CADiff and others on MVTec AD and VisA. Red lines indicate anomalous masks.
Right: Comparisons of attention maps and generated combined anomalies between others (Red boxes) and ours (green boxes).

to seamless blending of anomalies with the products. Sec-
ond, we empirically found that relying on one-way guid-
ance from ControlNet(Zhang, Rao, and Agrawala 2023),
there are anomaly leakage beyond the masks to contami-
nate background or anomaly missing phenomenon, which
leave the training process fragile. To strengthen spatial con-
trol of anomaly masks, we introduce Self-adaptive Spatial
Control (SSC) based on cross-attention adaptive interac-
tion. It involves extracting the key and value from the out-
put of the zero-convolution layer and applying an adaptive
fusion MLP to better interact with the global features in
the main branch. Third, leveraging the disentangled anoma-
lous entities, we propose Intensity-controllable Attention
Re-weighting (IAR) to modulate the intensity of generated
anomalies. It incorporates a delayed focus scheduler that dy-
namically determines the time to re-weight cross-attention
maps, significantly enhancing generated diversity and au-
thenticity. Our contributions are as follows:
• We propose CADiff, an anomaly generation framework

that reveals the intrinsic anomaly–background entangle-
ment underlying semantic ambiguity in generation. A
Context-aware Text Prompt (CTP) is introduced to disen-
tangle local anomalies from contextual normal products.

• We introduce Self-adaptive Spatial Control (SSC) and
Intensity-controllable Attention Re-weighting (IAR).
They involve a self-adaptive interaction module that miti-
gates anomaly leakage and missing problems, improving
the realism of anomalies and training stability. IAR con-
structs anomalies with varying intensities, enhancing the
diversity of anomalies to mimic natural distributions.

• Experiments on MVTec AD and VisA datasets demon-
strate the superiority of our method over existing meth-
ods in terms of both generation quality and performance
of downstream anomaly inspection tasks.

Related Work
Anomaly Detection. Detecting approaches are divided into
reconstruction-based, embedding-based and generation-
based. Firstly, reconstruction-based methods (Zavrtanik,

Kristan, and Skočaj 2021a,b) reconstruct normal images in
the training stage, assuming that the model would recon-
struct anomalous images with a large error in the test stage
to detect anomalies. However, these methods may also re-
construct anomalies well due to the strong ability of neural
networks, thereby violating the underlying assumption. Sec-
ondly, embedding-based methods (Roth et al. 2022; Zhang
et al. 2023b; Deng and Li 2022) usually use a pretrained net-
work on ImageNet (Deng et al. 2009) to capture the high-
level features of images. The anomaly score is calculated
by measuring the distance between the test sample and nor-
mal samples in the feature space. But industrial image fea-
tures are different from natural images, so that directly using
pretrained features may cause a mismatch problem. Thirdly,
generation-based methods (Zhang et al. 2021; Duan et al.
2023; Hu et al. 2024) generate anomalous images to sim-
ulate potential deviations from the normal distribution as
negative samples, which help the network learn to recog-
nize and differentiate anomalous patterns more effectively,
demonstrating strong potential in downstream tasks.
Anomaly Generation. Traditional methods DRAEM (Zavr-
tanik, Kristan, and Skočaj 2021a) extract textures from DTD
dataset (Sharan, Rosenholtz, and Adelson 2014), while Cut-
Paste (Li et al. 2021) and NSA (Schlüter et al. 2022) aug-
ment samples by pasting unnatural patches from other train-
ing images. PRN (Zhang et al. 2023a) enhances detection
performance by incorporating real anomalies into the data
augmentation process. GAN-based models like SDGAN
(Niu et al. 2020), Defect-GAN (Zhang et al. 2021), and
DFMGAN (Duan et al. 2023) suffer from generation prob-
lems such as color inconsistencies and mode collapse. Re-
cently, text-guided approaches have emerged with the ad-
vancement of LDMs. AnomalyDiffusion (Hu et al. 2024)
fine-tunes LDMs, decoupling anomaly appearance and lo-
cation through Textual Inversion (Gal et al. 2022) and a spa-
tial encoder. RealNet (Zhang, Xu, and Zhou 2024) trains a
denoising diffusion model (Ho, Jain, and Abbeel 2020) on
normal samples, disrupts the normal denoising process dur-
ing inference to generate anomalous images. CAGEN (Jiang
et al. 2024) uses ControlNet (Zhang, Rao, and Agrawala
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Figure 2: Overall framework of CADiff. (a) Context-aware Text Prompt: an adapted diffusion process for multi-token learning
with two regularization terms; (b) Self-adaptive Spatial Control: integrating ControlNet with a Self-adaptive Interaction Module
(SAIM) to modulate spatial features; (c) Intensity-controllable Attention Re-weighting: changing anomalous intensities in the
inference stage as shown in Fig. 4.

2023) to control the regions where anomaly features are in-
jected into normal images. Although they leverage the strong
prior information of diffusion models, relying solely on a
natural text prompt or a single learnable prompt does not
fully harness the potential of LDMs (Rombach et al. 2022).

Method
As shown in Fig. 2, first, our method CADiff employs a
multi-token learning scheme to disentangle conditioned text
into contextual and anomaly tokens, incorporating two reg-
ularization terms to constrain and facilitate the learning pro-
cess of a modified diffusion framework. Second, to precisely
control the locations of generated anomalies, we introduce a
self-adaptive interaction module within ControlNet, which
integrates learned textual embeddings with spatial masks to
dynamically determine the flow of these two information
streams. Finally, leveraging the decoupled tokens, we pro-
pose strategies of masked focus attention and delayed fo-
cus scheduler to re-weight the cross-attention maps of a des-
ignated token, enabling interpretable modulation of anoma-
lous intensity to enhance generation diversity.

Preliminaries
Stable Diffusion. Stable Diffusion consists of a variational
auto-encoder (VAE), U-Net, and text encoder. The VAE en-
coder ε compresses the image x to a latent representation z,
which is perturbed by Gaussian noise ϵ ∼ N (0, I) in the for-
ward diffusion process. The U-Net, parameterized by θ, de-
noises the noisy latent representation by predicting the noise.
This denoising process can be conditioned on text prompts y
encoded by text encoder τθ. The training process is to mini-
mize the loss function below:

LLDM = Eε(x),ϵ,y,t

[
||ϵ− ϵθ (ε (x) , t, τθ (y)) ||22

]
(1)

Textual inversion in anomaly generation. In few-shot
anomaly generation task, given a textual embedding v
learned by Textual Inversion (Gal et al. 2022) from q real-
world anomalous images Iq , which is then injected into dif-
fusion model as anomalous knowledge.
v∗=argmin

v
Eε(x),ϵ,y,t

[
||ϵ−ϵθ

(
ε
(
Itq
)
, t, τθ (y)

)
||22

]
(2)

Text condition in cross-attention mechanism. The en-
coder converts text y into d-dimensional embeddings
τθ (y) = c ∈ Rn×d. The cross-attention layers take im-
age embeddings z ∈ R(h×w)×f and text embeddings c as
inputs. Here, Q = W qz,K = W kc, and V = W vc are ac-
quired using learned linear layers W q ∈ Rf×d′

,W k,W v ∈
Rd×d′

. Each cross-attention layer is represented as follows.
A [i, j, k]∈ [0, 1]

(h×w)×n represents the amount of informa-
tion flow from the k-th text token to the (i, j) latent pixel.

attn (Q,K, V ) = A · V = softmax

(
QK⊤
√
d′

)
· V (3)

Context-aware Text Prompt
Multiple learnable text tokens. Our framework CADiff
learns a set of tokens P =

[
p∗, p&, ..., p@

]
, which are ini-

tialized by the text encoder τθ as embedding vectors V =[
v∗, v&, ..., v@

]
. In specific, we disentangle learnable to-

kens into contextual tokens ecxt = [v∗] and anomaly to-
kens eano =

[
v&, ..., v@

]
, which represent a single product

and diverse anomaly types. The optimization process is still
guided by the image-level LDM, but now updating while
keeping τθ and ϵθ frozen (Gal et al. 2022). Context-aware
learning loss of multiple tokens can be denoted as follows:

LCALDM=Eε(x),ϵ,y,t,V
[
||ϵ− ϵθ

(
ε
(
Itq
)
, t,V

)
||22

]
(4)

CADiff enables the simultaneous learning of multiple tokens
representing different concepts within a prompt.
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Localizing masked loss. Cross-attention maps have the po-
tential to delineate the location and outline of a target entity
(Hertz et al. 2022). However, a single latent pixel can attend
to all text tokens, resulting in cluttered attention maps. To
address this, we strive to generate attention maps with the
following constraints. Let Ml = {M∗,l,M&,l, ...,M@,l}
represent the binary masks of products and anomalies in
the l-th layer of U-Net by downsampling them to different
scales, I = {i1, i2, ..., in} be the index list indicating which
anomaly type corresponds to a token in the text prompt, and
Ai,l

t = Al
t [:, :, i] ∈ [0, 1]

(h×w) be the cross-attention map
of the i-th token at time step t with h × w resolution. We
compute the average attention maps for each learnable token
p ∈ P over all time steps Ai,l=1/T

∑T
t=1 A

i,l
t . A balanced

L2 loss is employed to minimize the distance between the
cross-attention map and the segmentation mask:

Lloc =
L∑

l=1

∥ 1
n

n∑
i=1

(
Ai,l −M i,l

)
∥2 (5)

where L is the total number of U-Net layers, n is number of
learnable tokens, and M∗ is a reverse mask of the sum of the
other masks in M.
Contrastive disentanglement loss. To accelerate the sepa-
ration of different tokens, we use the most widely adopted
training objective NT-Xent loss (Chen et al. 2020). At each
learning step, we randomly sample a mini-batch of B aug-
mented example images and suppose there are C learn-
able embedding vectors for every example, resulting in BC
data points. We represent the contrastive learning task as
{vcb}

B
b=1 ,

C
c=1. Our goal is to disentangle each token to repre-

sent distinct concepts, encompassing both the separation of
contextual information from anomalies and the finer granu-
larity among different anomaly tokens. Therefore, we regard
vci and vcj as positives sharing a same concept c∈C and other
different concepts in the same mini-batch as negatives. Then
NT-Xent loss between a pair can be formulated as follows:

lci,j=−ln
( exp

(
cos

(
vci , v

c
j

)
/τ

)∑C
c=1

∑B
j=1 1[j ̸=i]

exp
(
cos

(
vci , v

c
j

)
/τ

)) (6)

For all positive pairs in a mini-batch of size N , the con-
trastive loss is defined as:

Lcontrastive =
1

C
· 1

B

C∑
c=1

B∑
i=1

B∑
j=1

lci,j (7)

where cos (·, ·) is the cosine similarity, 1[j ̸=i] ∈ {0, 1} is an
indicator function evaluating to 1 if j ̸= i and τ denotes a
temperature parameter.
Joint training. In the training process, rather than training
separate U-Net models for each anomaly type, we employ
joint training for each product, using a unified U-Net model
across all anomaly types. We found that such a joint training
strategy not only mitigates the overfitting caused by the lim-
ited number of each anomaly type, but also increases the di-
versity of the generated anomaly images. To integrate over-
all losses, we introduce factors γ and β to regulate the train-
ing of context-aware diffusion process:

L = LCALDM + γLloc + βLcontrastive (8)

Self-adaptive Spatial Control
With the multiple text tokens learning the image semantics
and binary masks indicating the spatial locations of anoma-
lies, it becomes intuitive to introduce ControlNet (Zhang,
Rao, and Agrawala 2023) for improved control of diffu-
sion process. But experiments showed that this straightfor-
ward application encountered problems: 1) Over-training the
learnable text tokens leads to anomaly leakage into the back-
ground or missing anomalies due to contextual intrusion
into masked anomaly regions; 2) while under-training gen-
erates blurred and unclear edges of anomalies. The results in
Fig. 4a indicate that the interaction between textual prompts
and spatial localization control is insufficient under the guid-
ance of ControlNet.

To address this issue, we design a Self-Adaptive In-
teractive Module (SAIM). In the ControlNet, each locked
block corresponds to a trainable copy block with a zero-
convolution layer. We respectively denote the outputs of
a locked block and a trainable copy block after zero-
convolution as y and yc. Different from the original Con-
trolNet, which directly concatenates them, SAIM injects an
additional cross-attention layer, to better integrate the tex-
tual and spatial information across two branches. RMSNorm
(Zhang and Sennrich 2019) is applied to enable rapid con-
vergence.

ya = CrossAttn(RMSNorm(y),RMSNorm(yc)) (9)

Furthermore, we apply a multi-layer perceptron (MLP) to
adaptively weight how much information from the cross-
attention output ya should be used. After applying the
weighting to integrate ya and y, we concatenate the sum-
mation with y as the output of this whole module yf .

yf = concat (y, y + MLP (ya)) (10)

Intensity-controllable Attention Re-weighting
Given that our multi-token learning has disentangled text
embeddings into anomalous parts and contextual back-
ground information. It is available to generate anomalous
images with varying anomaly intensities, in order to control
the difficulty of network training in downstream tasks. For
example, we consider the product category “hazelnut” and
anomaly type “print”. Fig. 4b presents a real anomaly and
our generated image, and we want to make the anomalous
semantics “print” more concealed or clearer. We scale the
cross-attention map values of the corresponding token v& of
“print” with parameter w ∈ [−2, 2] (Hertz et al. 2022).

However, our empirical findings indicate that such naive
iterative re-weighting results in uneven enhancement ef-
fects. This occurs because the attention maps are distributed
and unrefined in the early phases of the denoising pro-
cess (Fig. 4c), gradually becoming more localized and fo-
cused in the later stages as noise diminishes. Premature re-
weighting disrupts this process by unintentionally amplify-
ing regions outside the conditional mask while failing to ad-
equately enhance less noticeable areas within the mask. To
address this problem, first, we propose Masked Focus Atten-
tion (MFA), providing explicit masks to restrict the attention
re-weighting regions. Second, we develop a simple Delayed
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Figure 3: Anomalous images generated with different intensities, demonstrating how the adjustable factor w influences the
prominence of anomalies, with higher w amplifying the anomalies.

Figure 4: Left: Comparison of generated anomalies with and without SAIM; Right: Examples of amplified “print” anomalies,
with and without the applications of Masked Focus Attention (MFA) and Delayed Focus Scheduler (DFS).

Focus Scheduler (DFS). Given the attention map A&
t at time

step t and the mask M& with 16×16 resolution (Chefer et al.
2023), we calculate the number of activated pixels nt above
the average value in the attention map within an anomaly
mask, and the pixel number of the mask is nstart. When the
degree of attention focus αt = nt/nstart reaches a threshold
αthr, we perform attention re-weighting as follows:(

A&
t

)′
=

{
w ·

∥∥M&
∥∥
1
·A&

t if αt > αthr

A&
t otherwise

(11)

Fig. 4d demonstrates that applying all strategies yields the
best results. Additional results are shown in Fig. 3.

Experiment
Datasets. We conduct experiments on the widely used
MVTec AD (Bergmann et al. 2019) and VisA (Zou et al.
2022) datasets. During training, we follow the settings of
AnomalyDiffusion (Hu et al. 2024), using only the first third
of the anomaly samples.
Evaluation Metrics. We classify indicators into generation
and performance metrics. Generation metrics evaluate the
quality and diversity of generated images. Inception Score
(IS) measures image quality, while Intra-cluster Pairwise
LPIPS (IC-LPIPS) assesses diversity. Performance metrics,
including Area Under the Receiver Operating Characteristic
curve (AUROC), Average Precision (AP) and the F1-max
score (Duan et al. 2023), measure the effectiveness of gen-
erated images in anomaly detection and localization tasks.
Implementation Details. We fine-tuned the pretrained Sta-
ble Diffusion v1.5 model using ControlNet model and re-
tain the original hyper-parameter choices (Zhang, Rao, and
Agrawala 2023). Firstly for training, we train our models

for each product over a total of 1000 epochs on a single
V100 GPU, with a constant learning rate of 1e-5 and a batch
size of 16. The dimension of learnable embeddings are 768
and they are initialized as “anomaly” to avoid the intrinsic
error of tokenizer. When calculating overall loss, we apply
αthr = 0.75, the coefficients of loss terms γ = 0.001 and
β = 0.0005. We perform random cropping, translation, and
rotation on both the image and its corresponding mask to
get augmented views. Secondly during inference, we adopt
DDIM (Nichol and Dhariwal 2021) sampling method with
the denoising step T = 50 to generate 1,000 images per
anomaly type and train corresponding U-Net (Ronneberger,
Fischer, and Brox 2015) for comparative evaluation.

Comparison with State-of-the-art
Among the generation-based methods, we mainly com-
pare CADiff with representative DRAEM (Zavrtanik, Kris-
tan, and Skočaj 2021a), PRN (Zhang et al. 2023a), DFM-
GAN (Duan et al. 2023) and AnomalyDiffusion (Hu et al.
2024). Their detection and localization results on MVTec
AD dataset are shown in Tab. 3. It can be observed that
the U-Net trained in our generated data reaches the highest
Image AUROC of 99.5%, Pixel AUROC of 99.3%, Pixel
AP of 84.6%, surpassing the second-ranked by a margin
of 3.2% (AP). For VisA dataset, we outperform AnoDiff
across all metrics. We visualize the pixel-wise predictions in
Fig. 5, which exhibits our remarkable anomaly localization.

Generation metrics on MVTec AD dataset are demon-
strated in Tab. 1. CADiff achieves 1.84 on IS and 0.35 on
IC-LPIPS, showing that our method generates anomalies
with the highest fidelity and diversity. We present generated
anomalous images on two datasets in Fig. 5 and Fig. 1. It is
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Figure 5: Left: Generation results on MVTec AD. The sub-image in the lower right corner is the generated mask, among which
AnoDiff and our method share identical masks for comparisons. Right: Qualitative results of anomaly localization.

Metric Method bottle cable capsule carpet grid hazelnut leather metal nut pill screw tile toothbrush transistor wood zipper Average

IS↑
DFMGAN 1.62 1.96 1.59 1.23 1.97 1.93 2.06 1.49 1.63 1.12 2.39 1.82 1.64 2.12 1.29 1.72
AnoDiff 1.58 2.13 1.59 1.16 2.04 2.13 1.94 1.96 1.61 1.28 2.54 1.68 1.57 2.33 1.39 1.80
Ours 1.91 2.15 1.60 1.25 2.05 1.92 1.87 1.65 1.63 1.29 2.50 1.72 1.62 2.38 2.05 1.84

IC-L↑
DFMGAN 0.12 0.25 0.11 0.13 0.13 0.24 0.17 0.32 0.16 0.14 0.22 0.18 0.25 0.35 0.27 0.20
AnoDiff 0.19 0.41 0.21 0.24 0.44 0.31 0.41 0.30 0.26 0.30 0.55 0.21 0.34 0.37 0.25 0.32
Ours 0.29 0.45 0.29 0.25 0.40 0.34 0.34 0.31 0.28 0.32 0.52 0.32 0.33 0.42 0.34 0.35

Table 1: Generation Metrics of IS and IC-LPIPS (IC-L) indicators on MVTec AD. Bold represents the best results.

observed that DFMGAN (Duan et al. 2023) collapses into
identical masks (e.g., wood scratch) and introduces noise
to the images (e.g., zipper broken teeth). For AnoDiff (Hu
et al. 2024), under the control of identical anomaly masks, it
shows worse alignment with the masks than ours, especially
when encountered with irregular mask shapes (e.g., ca-
ble bent wire) and subtle texture anomalies (e.g., grid bent).

Performance metrics on MVTec AD dataset are shown
in Tab. 2, we compare it with the advanced reconstruction-
based and embedding-based anomaly detection methods, in-
cluding RD4AD (Deng and Li 2022), PatchCore (Roth et al.
2022), CFA (Lee, Lee, and Song 2022), DRAEM (Zavr-
tanik, Kristan, and Skočaj 2021a), RealNet (Zhang, Xu, and
Zhou 2024), SSPCAB (Ristea et al. 2022), DeSTSeg (Zhang
et al. 2023b), DevNet (Pang et al. 2021), DRA (Ding, Pang,
and Shen 2022), and PRN (Zhang et al. 2023a). Further-
more, we train an anomaly classification model following
(Hu et al. 2024). CADiff achieves an average accuracy im-
provement of 7.38% compared to the second-ranked, out-
performing others in the most categories.

Ablation Study
We evaluate our key components in Tab. 5. For CTP, we
compare the differences between single-token learning of
Textual Inversion (Gal et al. 2022) on the masked anoma-
lous regions and our multi-token learning (MTL) scheme. In
Fig. 6, we investigate the disentanglement of learned embed-
dings with t-SNE. A single learned token produces scattered
distributions, indicating its inability to differentiate between
anomalous semantics across products, as reflected in atten-
tion maps that capture entire objects. In contrast, multiple
tokens form distinct clusters revealing an effective decou-
pling of heterogeneous anomalous concepts. Tab. 5 shows
that our MTL combined with all regularization (Reg) terms

Figure 6: The t-SNE projection of learned embeddings of
different categories (e.g., hazelnut print, capsule crack).

improves the Pixel AUROC from 92.8% to 98.6%, illustrat-
ing this strategy can most effectively distinguish all learned
concepts. For SSC, removing the self-adaptive interaction
module (SAIM) leads to a sharp decrease in all metrics.

We further investigate the impact of anomaly intensity
factor w, Masked Focus Attention (MFA) and Delayed Fo-
cus Scheduler (DFS) in Tab. 4. Specifically, values of w<1
attenuate anomalous effects, posing greater challenges for
the detection network in identifying faint anomalies. How-
ever, overly small values of w make the anomaly regions
nearly imperceptible, causing potential misalignment be-
tween generated anomalies and masks, thereby compromis-
ing the accuracy of supervision signals. Tab. 4 shows that
using only the generated images of w = 0.5 results in a
1.2% reduction in Pixel AP compared to w=1. Conversely,
w > 1 amplifies anomalous effects, but excessive ampli-
fication sharpens edges, leading the detection network to
rely on superficial shortcuts rather than capturing the true
underlying anomaly patterns, which is demonstrated unfa-
vorable. Our experiments indicate that uniformly sampling
w ∈ [0.5, 1.5] is effective and largely improves generation
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Category Unsupervised Supervised

RD4AD PatchCore CFA DRAEM RealNet SSPCAB DeSTSeg DevNet DRA PRN Ours
bottle 98.8/51.0 97.6/75.0 98.9/50.9 99.1/88.5 99.2/86.9 98.9/88.6 98.2/89.3 96.7/67.9 91.7/41.5 99.4/92.3 99.2/95.5
cable 98.8/77.0 96.8/65.9 98.4/79.8 94.8/61.4 97.8/55.6 93.1/52.1 98.1/61.4 97.9/67.6 86.1/34.8 98.8/78.9 99.5/91.0
capsule 99.0/60.5 98.6/46.6 98.9/71.1 97.6/47.9 99.3/59.2 90.4/48.7 99.2/57.3 91.1/46.6 88.5/11.0 98.5/62.2 98.8/62.9
carpet 99.4/46.0 98.7/65.0 99.1/47.7 96.3/62.5 98.8/59.1 92.3/49.1 96.4/72.9 94.6/19.6 98.2/54.0 99.0/82.0 99.3/82.1
grid 98.0/75.4 97.2/23.6 98.6/82.9 99.5/53.2 99.6/62.0 99.6/58.2 98.8/60.3 90.2/44.9 86.2/28.6 98.4/45.7 98.9/57.2
hazelnut 94.2/57.2 97.6/55.2 98.5/80.2 99.5/88.1 99.5/76.9 99.6/94.5 99.5/88.4 76.9/46.8 88.8/20.3 99.7/93.8 99.9/92.3
leather 96.6/53.5 98.9/43.4 96.2/60.9 98.8/68.5 99.7/71.3 97.2/60.3 99.4/75.5 94.3/66.2 97.2/ 5.1 99.7/69.7 99.8/85.7
metal nut 97.3/53.8 97.5/86.8 98.6/74.6 98.7/91.6 98.1/70.2 99.3/95.1 98.7/93.6 93.3/57.4 80.3/30.6 99.7/98.0 99.7/98.0
pill 98.4/58.1 97.0/75.9 98.8/67.9 97.7/44.8 98.8/78.1 96.5/48.1 98.6/82.9 98.9/79.9 79.6/22.1 99.5/91.3 99.8/96.3
screw 99.1/51.8 98.7/34.2 98.7/61.4 99.7/72.9 99.5/44.9 99.1/62.0 98.1/58.5 66.5/21.1 51.0/ 5.1 97.5/44.9 98.4/49.4
tile 97.4/78.2 94.9/56.0 98.6/92.6 99.4/96.4 99.3/92.4 99.2/96.3 98.2/90.4 88.7/63.9 91.0/54.4 99.6/96.5 99.4/98.0
toothbrush 99.0/63.1 97.6/37.1 98.4/61.7 97.3/49.2 98.8/64.6 97.5/38.9 99.2/75.1 96.3/52.4 74.5/ 4.8 99.6/78.1 99.5/85.4
transistor 99.6/50.3 91.8/66.7 98.6/82.9 92.2/56.0 98.0/68.8 85.3/36.5 89.2/64.8 55.2/ 4.4 79.3/11.2 98.4/85.6 99.5/95.5
wood 99.3/39.1 95.7/54.3 97.6/25.6 97.6/81.6 98.1/71.1 97.2/77.1 97.7/81.8 93.1/47.9 82.9/21.0 97.8/82.6 99.0/91.3
zipper 99.7/52.7 98.5/63.1 95.9/53.9 98.6/73.6 99.0/65.9 98.1/78.2 98.9/85.1 92.4/53.1 96.8/42.3 98.8/77.6 99.5/87.8
Average 98.3/57.8 97.1/56.6 98.3/66.3 97.7/69.0 98.9/68.5 96.2/65.5 97.9/75.8 86.4/49.3 84.8/25.7 99.0/78.6 99.3/84.6

Table 2: Comparison on pixel-level anomaly localization (AUROC / AP) between the simple U-Net trained on our generated
dataset and the existing anomaly detection methods with their official codes or pretrained models.

Method AUC-P AP-P F1-P AUC-I AP-I

DREAM 92.2/89.8 54.1/32.9 53.1/32.3 94.6/89.9 97.0/87.4
PRN 96.9/91.5 66.2/40.3 64.7/42.3 91.6/88.5 96.6/86.7
DFMGAN 90.0/88.7 62.7/38.1 62.1/40.6 87.2/86.8 94.8/86.4
AnoDiff 99.1/97.0 81.4/42.9 76.3/45.8 99.2/90.1 99.7/88.9
Ours 99.3/99.0 84.6/65.0 80.5/62.8 99.5/95.7 99.8/96.1

Table 3: Comparison of pixel-level (-P) and image-level (-I)
AUROC, AP, and F1-max on MVTec AD (left) / VisA (right)
datasets using a U-Net trained on generated data.

Metric w = 0.5 w = 1 w = 1.5 w ∈ [0.5, 1.5] w/o MFA w/o DFS

AP-P 79.9 81.1 80.2 84.6 81.4 82.7
AUC-P 97.2 97.9 97.4 99.3 97.3 98.2
AUC-I 98.0 98.2 98.1 99.5 98.2 98.7
IC-L 0.22 0.28 0.26 0.35 0.31 0.29

Table 4: Impacts of anomaly intensity factor w, MFA and
DFS.

MTL Reg SAIM AUC-P AP-P AUC-I IS IC-L
92.8 72.9 90.5 1.68 0.19

✓ 97.9 78.1 96.5 1.76 0.25
✓ ✓ 98.6 80.9 99.2 1.80 0.28
✓ ✓ 98.8 82.4 98.9 1.79 0.31
✓ ✓ ✓ 99.3 84.6 99.5 1.84 0.35

Table 5: The impact of CTP and SSC on CADiff.

diversity in IC-LPIPS, as further decrease or increase in w
yields changes in visual quality and detection performance.

Applications
By revealing the decoupled nature between anomalies and
products during generation, such a characteristic can be ex-
tended to logical anomalies (Bergmann et al. 2022) and med-
ical domains (Johnson et al. 2019). As shown in Fig. 7, log-
ical anomalies inherently involve compositional semantics.
For instance, by disentangling the concept of fruits from a
meal box and amplifying it, we simulate a quantity-related

Figure 7: Applications on logical and medical anomalies.

anomaly with wrong number of fruits. In medical imagery
where anatomical structures are naturally delineated, we dis-
entangle smoky consolidation from the lung and attenuate
its effect to restore a healthy appearance. Such a disentan-
gled formulation highlights how concept-level control en-
ables bidirectional editing of normal and anomalous fea-
tures, supporting broader applications in structured domains
that demand semantic manipulation or segmentation.

Conclusion
We propose Context-aware Diffusion (CADiff), an algo-
rithm to generate high-quality anomalies, tailored for down-
stream multiple anomaly inspection tasks. CADiff tran-
scends the limitation of solely focus on anomalous regions
in the previous works, with a disentanglement of contextual
and anomaly tokens to explore intrinsic relations of global
uniform product surfaces and localized variable anomalies.
It further allows self-adaptive spatial control of anoma-
lous locations to achieve seamless integration with products.
Leveraging the decoupled concepts, CADiff enables ex-
plainable adjustment of anomalous effects to enhance gen-
eration diversity. Extensive experiments demonstrate CAD-
iff’s effectiveness in tackling a wide range of real-world
anomaly detection scenarios.
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