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Abstract

Anomaly synthesis is a crucial approach to augment abnormal
data for advancing anomaly inspection. Benefiting from large-
scale pre-training, existing text-to-image anomaly synthesis
methods predominantly focus on textual information or coarse-
aligned visual features to guide the entire generation process.
However, these methods often lack sufficient descriptors to
capture the complicated characteristics of realistic anomalies
(e.g., the fine-grained visual pattern of anomalies), limiting the
realism and generalization of the generation process. To this
end, we propose a novel anomaly synthesis framework called
AnomalyControl to learn cross-modal semantic features as
guidance signals, which could encode the generalized anomaly
cues from text-image reference prompts and improve the real-
ism of synthesized abnormal samples. Specifically, Anomaly-
Control adopts a flexible and non-matching prompt pair (i.e.,
a text-image reference prompt and a targeted text prompt) ',
where a Cross-modal Semantic Modeling (CSM) module is
designed to extract cross-modal semantic features from the
textual and visual descriptors. Then, an Anomaly-Semantic En-
hanced Attention (ASEA) mechanism is formulated to allow
CSM to focus on the specific visual patterns of the anomaly,
thus enhancing the realism and contextual relevance of the
generated anomaly features. Treating cross-modal semantic
features as the prior, a Semantic Guided Adapter (SGA) is
designed to encode effective guidance signals for the adequate
and controllable synthesis process. Extensive experiments in-
dicate that AnomalyControl can achieve state-of-the-art results
in anomaly synthesis compared with existing methods while
exhibiting superior performance for downstream tasks.

Code — https://github.com/DaniellaHe/AnomalyControl

Introduction

Anomaly inspection plays a crucial role in various fields,
from industrial anomaly detection (Liu et al. 2024; Zhang,
Xu, and Zhou 2024) to medical imaging (Huang et al. 2024).
One of the most challenging issues is the scarcity of diverse
abnormal data due to the resource-intensive procedure for
acquiring large and varied datasets. Therefore, anomaly syn-
thesis task (Zavrtanik, Kristan, and Skocaj 2021; Chen et al.
2023; Zhao et al. 2020; Ojha et al. 2021a; Duan et al. 2023;

"Non-matching: the text-image reference prompt and targeted text
prompt are only required to describe the same anomaly type with-
out needing to match in surface details or materials.

Hu et al. 2024b,a; Zhang et al. 2021; Niu et al. 2020; Gui
et al. 2024) gradually emerged as an advancing technique to
improve the data scale of the available abnormal sample.

Many downstream tasks, such as anomaly detection and
localization, could benefit from enriching the training dataset
using synthetic anomaly samples. Recently, text-to-image
synthesis techniques (Ramesh et al. 2022; Sun, Cao, and
Fink 2024) have received more research attention for their
outperforming performance, which can generate visually re-
alistic natural images according to the input text prompt.
However, for the anomaly synthesis task, they still suffer
from insufficient descriptors of the textual prompt, resulting
in unsatisfactory realism for the generated anomalies. This
limitation hampers the model’s ability to recognize rare or
previously unseen defect types.

Motivated by the success of publicly available large text-to-
image diffusion models (Saharia et al. 2022; Rombach et al.
2022; Nichol et al. 2021; Balaji et al. 2022; Xue et al. 2024),
many approaches have been proposed to incorporate extra
control signals to assist the diffusion process, which could
enrich the targeted text prompt via injecting more prior infor-
mation. For example, ControlNet (Zhang, Rao, and Agrawala
2023), Uni-ControlNet (Zhao et al. 2023), and IP-Adapter
(Ye et al. 2023) proposed to apply adapters on stable diffusion
models (Rombach et al. 2022) to provide extra control for
generation. The main idea is to learn stylistic information
from a reference image (called an image prompt). However,
image prompts without a clear focal point generally offer
weak alignment signals, limiting the effectiveness of gener-
ating high-fidelity and customized images. This limitation
is especially pronounced in anomaly synthesis tasks, where
anomalies typically occupy only a small region of the im-
age and can easily be overlooked during generation. As a
result, the synthesized anomalies often lack sufficient details
to match real samples, failing to meet the high precision re-
quired for effective anomaly inspection and resulting in a
lack of realism in the synthesized samples.

To this end, this work aims to improve the realism of
synthesized samples via enhanced controllability of anomaly
synthesis. The resulting framework is called AnomalyControl
(as shown in Figure 2), supporting more flexible and general-
izable prompts. Specifically, the controllability signals come
from a non-matching pair, i.e., a text-image reference prompt,
and a targeted text prompt. The text-image reference prompt
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Figure 1: Our method learns cross-modal semantic features as the priors to achieve both realism and generalization for
controllable anomaly synthesis. Realism: The targeted text prompt provides a full description for the targeted anomaly image
(e.g., color, texture, and shape), while the text-image reference prompt provides a template for the targeted anomaly region (e.g.,
magnified area). Generalization: The text-image reference can exhibit a different material surface compared with the targeted

text prompt (e.g., the right examples).

includes both textual and visual anomaly descriptors to offer
semantic and contextual cues for the synthesis process. To im-
prove realism, we introduce Cross-modal Semantic Modeling
(CSM) to capture cross-modal semantic features via multi-
modal interactions, where the Anomaly-Semantic Enhanced
Attention (ASEA) mechanism could extract fine-grained in-
formation related to the anomaly region. By taking cross-
modal semantic features as the prior, the Semantic Guided
Adapter (SGA) could insert effective semantic signals to sup-
port an adequate and controllable synthesis process. Table 1
makes a comparison between AnomalyControl and previous
methods, where our method exhibits several advantages in
four aspects: 1) Realism: Our model generates highly realis-
tic anomalies by using cross-modal semantic features, closely
matching real-world defects. 2) Generalization: Synthesizes
diverse anomalies beyond the training distribution, improving
adaptability to unseen cases. 3) Plug-and-Play: The Seman-
tic Guided Adapter (SGA) allows flexible anomaly synthesis
without retraining the diffusion model, making it efficient
and scalable. 4) Controllability: AnomalyControl provides
precise control over anomaly types and placements using
text-image reference and targeted text prompts.

In summary, our contributions are as follows:

(1) A novel framework called AnomalyControl is proposed
to achieve controllable anomaly synthesis in a flexible man-
ner, which can generate realistic and generalized anomaly
samples guided by a non-matching pair.

(2) We design a Cross-modal Semantic Modeling (CSM)
module to extract cross-modal semantic features from the
textual and visual anomaly descriptors, where an Anomaly-
Semantic Enhanced Attention (ASEA) mechanism can en-
code fine-grained visual details into cross-modal semantic
features via multimodal interactions, which could further
improve the realism of generated anomalies.

(3) We formulate a Semantic Guided Adapter (SGA) al-
lowing cross-modal semantic features to pass through the
generation procedure (i.e., diffusion process), providing ad-
equate and controllable synthesis instructions to generate

high-quality anomalies.

(4) Extensive experiments demonstrate that our method
can generate realistic and generalized anomalies based on dif-
ferent control signals (as shown in Figure 1) and significantly
enhance anomaly inspection performance.

Related Work

Anomaly Synthesis. Anomaly synthesis has become an es-
sential technique to support anomaly detection systems, espe-
cially in scenarios where real defect data is scarce. Existing
methods can be broadly divided into two main categories.
First, crop-and-paste anomaly augmentation methods (Zavr-
tanik, Kristan, and Skocaj 2021; Chen et al. 2023) combine
normal images with abnormal patterns sourced from small ab-
normal samples or external textures. While these methods are
computationally efficient and straightforward to implement,
they often lack realism and generalization, limiting their abil-
ity to represent the complex characteristics of anomalies.
Second, generative model-based methods (Zhao et al. 2020;
Ojha et al. 2021a; Duan et al. 2023; Hu et al. 2024b,a; Gui
et al. 2024; Zhang et al. 2021; Niu et al. 2020), such as GANs
and diffusion models, generate anomalies from scratch or
by fine-tuning pre-trained models. Although these methods
typically perform well for in-distribution anomalies, they re-
quire sufficient sample generalization and frequently struggle
to produce out-of-distribution anomalies, which limits their
ability to generalize to unseen defect types.

Text-to-Image Diffusion Models. Since fine-tuning large
pre-trained models is often inefficient, using adapters has
become a more efficient alternative. Adapters introduce a
small number of trainable parameters into the original model
while freezing the pre-trained weights, significantly reduc-
ing training costs. With the success of large text-to-image
diffusion models like DALL-E 2 (Ramesh et al. 2022), Im-
agen (Saharia et al. 2022), and Stable Diffusion (Rombach
et al. 2022), significant progress has been made in image
generation. However, writing complex text prompts remains
a challenge, and pure text often fails to fully express complex



Method Venue

Realism Generalization Plug-and-Play Controllability

DRAEM (Zavrtanik, Kristan, and Skoc¢aj 2021) ICCV’21

DefGAN (Zhang et al. 2021) WACV’21
DFEMGAN (Duan et al. 2023) AAAI'23
AnoDiff (Hu et al. 2024b) AAAI'24
ControlNet (Zhang, Rao, and Agrawala 2023) ICCV’23
Uni-ControlNet (Zhao et al. 2023) NeurIPS’23
IP-Adapter (Ye et al. 2023) Arxiv’23

Anomaly Synthesis v
Anomaly Synthesis v
Anomaly Synthesis v
Anomaly Synthesis v
Image Generation
Image Generation
Image Generation

AnomalyControl

Anomaly Synthesis v

ENENENEN
ANENENEN
ENENENEN

Table 1: Comparisons with previous methods. Realism refers to the ability to generate realistic anomaly images with complex
and fine-grained details. Generalization indicates the capability to transfer anomaly features across different objects and surfaces,
allowing the model to generate diverse anomalies beyond the pre-training knowledge. Our AnomalyControl can perform well
for realism and generalization, along with plug-and-play flexibility and controllability.

scenes or concepts. To address this, methods such as Control-
Net (Zhang, Rao, and Agrawala 2023) and Uni-ControlNet
(Zhao et al. 2023) have introduced lightweight adapters in
pre-trained Stable Diffusion models, enabling more precise
control by incorporating additional prompts, such as struc-
tural or image-based control. IP-Adapter (Ye et al. 2023)
further optimizes this approach by introducing a decoupled
cross-attention mechanism, improving the effectiveness of
image prompting, and even achieving performance compara-
ble to fine-tuning the entire model. However, image prompts
without a clear focus often provide weak alignment signals,
making it difficult to generate high-fidelity, customized im-
ages, especially in anomaly synthesis, where anomalies are
small and easily overlooked.

Methods

Preliminaries. Our method is built upon Stable Diffusion
(Rombach et al. 2022), which efficiently performs the dif-
fusion process in a low-dimensional latent space instead of
pixel space using an auto-encoder (Kingma 2013). Specif-
ically, given an input z; € R¥*W>3 the encoder maps it
to a latent representation zo = &(x;), where zg € R"*wxe
with H/h = W/w as the downsampling factor and c as the
number of latent dimensions. The diffusion process utilizes
a denoising UNet (Ronneberger, Fischer, and Brox 2015) to
gradually refine a noisy latent z;, conditioned on the current
timestep 7" and a textual prompt embedding C. C' represents
the embedding of the targeted text prompt, generated by a
pre-trained CLIP (Radford et al. 2021) text encoder. The
training objective is defined as:

L= Ezt,t,C’}eNN(O,l) [”6 - GQ(Zt, t, C)”g] y (D

where the goal is to predict and remove the noise € added to
z¢ at each timestep.

Overall Framework. The pipeline of AnomalyControl
is illustrated in Figure 2. Our framework consists of two
main modules: Cross-modal Semantic Modeling (CSM) and
Semantic Guided Adapter (SGA). Given the text-image refer-
ence prompts as the input, i.e., a visual anomaly descriptor I,
and textual anomaly descriptor 7, as the reference, the CSM
module aims to extract fine-grained cross-modal semantic
features by integrating both text and image information us-
ing a vision-language model (VLM). An Anomaly-Semantic
Enhanced Attention (ASEA) is introduced to refine the at-
tention process in VLM, ensuring that the model can focus

on the specific visual patterns of the anomaly, thus enhanc-
ing the realism and contextual relevance of the generated
anomaly features. The SGA then introduces these enriched
cross-modal semantic features as priors into the diffusion pro-
cess, allowing flexible control over anomaly characteristics.
Together, these components ensure that generated anomalies
are realistic and contextually aligned with descriptive cues.

AnomalyControl

Cross-modal Semantic Modeling Leveraging the text-
image reference prompt, the CSM module targets to encode
sufficient cross-modal reference information as control sig-
nals for the diffusion process, i.e., consistent anomaly seman-
tics from the text-image prompt. Specifically, the text-image
reference prompt provides a visual anomaly descriptor I,
and a textual anomaly descriptor T;,. Note that such a text-
image reference prompt only focuses on the contextual and
descriptive information of the anomaly region, excluding
the anomaly-unrelated information, such as background and
materials. Such a pattern would allow greater flexibility in
anomaly placement. In detail, I, defines a specific anomaly
pattern to provide a direct visual context reference, ensuring
accurate visual control over the generated anomaly. T}, is
created by combining an anomaly-specific keyword K with a
template, providing semantic guidance to help the model gen-
erate samples that accurately reflect the designated anomaly
type and attributes. The anomaly described in the 7, aligns
with the anomaly region in the I,, while the background and
other elements of I, remain unconstrained.

To capture effective cross-modal information from the text-
image reference, a frozen VLM with cross-attention layers is
utilized for its powerful multimodal integration ability. VLM-
based CSM could integrate the reference image and text to
obtain a cross-modal unified semantic feature, which serves
as a prior for the following diffusion process. Natural needs
arise from the anomaly-specific regions without losing fine-
grained detail to generate realistic and contextually accurate
anomalies, which motivates the introduction of the ASEA
mechanism in the following section.

Anomaly-Semantic Enhanced Attention ASEA forces
the CSM’s attention to focus on designated anomaly regions
within the image reference, enabling precise extraction of
anomaly-specific features for high-fidelity synthesis. The
main pathway is to isolate the anomaly region in the attention
map and optimize a trainable attention guidance variable,
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Figure 2: Pipeline of the proposed AnomalyControl. Our framework consists of three modules to enhance controllability in
anomaly synthesis. (1) CSM integrates both visual and textual anomaly descriptors (I,, T,) to capture precise cross-modal
semantic features using a frozen VLM. (2) ASEA employs a trainable attention guidance variable e, to emphasize the designated
anomaly regions, which can capture more accurate semantic information without retraining the frozen VLM. (3) SGA utilizes a
decoupled cross-attention to support controllable anomaly synthesis, allowing for a flexible and generalized generation.

€4, which assists the frozen VLM in prioritizing relevant
anomaly areas without retraining steps.

The textual anomaly descriptor Ty, is structured as the
template of “This is an image with [anomaly]’, where the
variable [anomaly] specifies the anomaly type. Lyeqx repre-
sents the length of the fixed prefix “This is an image with”.
L denotes the total length of T},. The anomaly descriptor
[anomaly] begins at position Lyesx + 1 and extends to L.

Firstly, an attention map A is generated by the VLM’s
cross-attention layer, focusing on the feature span Aanomaly as-
sociated with the [anomaly] part of the text prompt. Aanomaly
captures the anomaly-specific attention values: Aanomaly =
A[Lpefix + 1 = L,:]. By averaging these values across the
anomaly section, we compute a mean attention map, flanomaly,
which helps stabilize the focus by reducing noise from indi-
vidual tokens:

_ 1 L
Aanomaly = ﬁ A[Za :]7 (2)
prefix

i=Lprefix+1

To further refine the attention on anomaly regions, we
apply an anomaly region mask M4 t0 Aanomaly- This mask
constrains attention to the spatial area of interest in the im-
age, which is enhanced by introducing the trainable attention
guidance variable e,. The optimization of e, is guided by an
energy function (Chen, Laina, and Vedaldi 2024), defined as:

— 2
ZiEMA Aanomaly,i (3)
Zi Aanomaly,i ’

where ¢ € M4 refers to indices within the masked region.
This function encourages concentration within M 4, prioritiz-
ing relevant features in the anomaly area.

E(Aanomalyy MA) = (1 -

Finally, e, is optimized iteratively over T, steps using
gradient descent to minimize the energy function:

OévegEl(leanomalya Ma), 4)

where « is the learning rate. Through this iterative refinement,
ASEA aligns the model’s attention precisely with M 4, effec-
tively capturing anomaly-specific details. The challenge here
lies in maintaining focused attention on the anomaly regions
without disrupting the model’s overall comprehension, a task
ASEA addresses by carefully guiding attention with e,.

69(—69—

Semantic Guided Adapter Using solely image features
as the prior (Ye et al. 2023; Zhao et al. 2023), previous ap-
proaches often miss critical details in subtle anomaly regions
with low signal-to-noise ratios. Motivated by this, SGA relies
on a richer, semantically focused representation, i.e., cross-
modal semantic features produced by CSM, which captures
fine-grained anomaly details essential for accurate synthesis.
Concretely, based on the decoupled cross-attention (Ye et al.
2023), SGA introduces an adaptive mechanism to incorporate
an additional targeted text prompt 7} as input.

To facilitate classifier-free guidance (Ho and Salimans
2022), SGA employs random dropout during training. This
process involves occasionally setting cross-modal semantic
features to zero, allowing the model to jointly learn both
conditional and unconditional prompts. The enhanced cross-
attention mechanism for integrating text and cross-modal
semantic features is defined as:

LA PR LA PO

where v is a weight to balance these two terms. S is the
function of Softmax. @, K, and V are the query, key, and



Method Metric | bottle cable caps carp grid hazel leath metal pill screw tile brush trans wood zipper | Mean
DiffAug IS 1.59 1.72 134 1.19 196 1.67 2.07 158 1.53 1.10 193 1.33 134 205 1.30 | 1.58
IL | 0.03 0.07 0.03 0.06 0.06 0.05 0.06 029 0.05 0.10 0.09 0.06 0.05 030 0.05 | 0.09
CDC IS 1.52 197 137 1.25 1.97 197 1.80 155 1.56 1.13 210 1.63 1.61 2.05 1.30 | 1.65
IL | 0.04 0.19 0.06 0.03 0.07 0.05 0.07 0.04 0.06 0.11 0.12 0.06 0.13 0.03 0.05 | 0.07
SDGAN IS 1.57 1.89 1.49 1.18 1.95 1.85 2.04 1.45 1.61 1.17 253 1.78 1.76 2.12 1.25 | 1.71
IL | 0.06 0.19 0.03 0.11 0.10 0.16 0.12 0.28 0.07 0.10 0.21 0.03 0.13 0.25 0.10 | 0.13
DefGAN IS 1.39 1.70 1.59 1.24 2.01 1.87 212 147 1.61 1.19 235 1.85 147 219 1.25 | 1.69
IL | 0.07 022 0.04 0.12 0.12 0.19 0.14 030 0.10 0.12 0.22 0.03 0.13 029 0.10 | 0.15
DFEMGAN IS | 1.62 196 1.59 1.23 1.97 193 206 149 1.63 1.12 239 182 1.64 2.12 129 | 1.72
IL | 0.12 025 0.11 0.13 0.13 0.24 0.17 032 0.16 0.14 0.22 0.18 025 035 0.27 | 0.20
AnoDiff IS 1.58 2.13 1.59 1.16 2.04 213 194 196 1.61 1.28 2.54 1.68 1.57 233 1.39 | 1.80
IL | 019 041 0.21 024 044 031 041 030 0.26 030 0.55 0.21 034 0.37 0.25 | 0.32
Ours IS 1.63 2.14 1.69 1.18 2.26 2.12 2.08 198 1.64 1.25 2.54 1.80 1.66 220 1.40 | 1.84
IL | 019 044 0.20 0.28 0.47 035 043 034 027 028 0.53 024 039 040 0.26 | 0.35

Table 2: Quantitative results of generation evaluated by IS and IC-LPIPS (abbreviated as IL) on the MVTec AD dataset. Bold

and underlined values indicate the best and second-best results, respectively.

value matrices for the attention operation applied to text cross-
attention, while K’ and V' correspond to cross-modal atten-
tion. Given the query features Z and cross-modal semantic
features F, the query matrix ( is defined as ) = ZW,, with
K' = F.W] and V' = F_W]. Notably, only W} and W, are
trainable parameters, focusing the adaptation on cross-modal
information. During training, only the parameters of the SGA
and e, are optimized, while the pre-trained diffusion model
and VLM parameters remain frozen. The entire Anomaly-
Control pipeline is trained on image-text pairs of anomaly
images, with a training objective based on the original Stable
Diffusion work:

E = EENN(O,l) |:H6 - 69(C0nC3t<Zt, MA7 Zmy )7 t7 Fta FC)H%] )
(6)
where z,, represents the masked image latent. This setup
allows SGA to integrate anomaly-specific semantic signals
effectively, ensuring high-quality and controllable synthesis.

Experiments
Experimental Setup

Datasets. We conduct experiments on three datasets, includ-
ing MVTec AD (Bergmann et al. 2019, 2021), MPDD (Jezek
et al. 2021), and ViSA (Zou et al. 2022), to evaluate the
performance of our method. Following the protocol in An-
oDiff (Hu et al. 2024b), we adopt the same data split: the
first one-third of the anomaly dataset IDs is used for training
the anomaly synthesis model, and the remaining two-thirds
for testing. The anomaly synthesis model generates 1,000
pairs of anomaly images and corresponding masks for each
anomaly category using normal data. The masks are gener-
ated using the mask generation method from AnoDiff (Hu
et al. 2024b). These pairs of anomaly images and their corre-
sponding masks, along with normal images from the training
set, are then used to train downstream anomaly detection
models, following the same approach as DRAEM (Zavrtanik,
Kristan, and Skocaj 2021) and AnoDiff (Hu et al. 2024b).
Metrics. Inception Score (IS) (Salimans et al. 2016) (Hu
et al. 2024b) is to evaluate the quality and diversity of synthe-

sized anomalies. Intra-cluster Pairwise Learned Perceptual
Image Patch Similarity (IC-LPIPS, abbreviated as IL) (Ojha
et al. 2021b) is used to evaluate perceptual similarity and the
generalization of synthetic anomalies. For downstream tasks
such as anomaly detection and localization, we employed
measurements through pixel-level and image-level Area Un-
der the Receiver Operating Characteristic Curve (AUROC),
Average Precision (AP), and F1-max scores.

Implementation Details. AnomalyControl is imple-
mented with the HuggingFace Diffusers library (Patrick von
Platen, Suraj Patil, Anton Lozhkov, Pedro Cuenca, Nathan
Lambert, Kashif Rasul, Mishig Davaadorj, and Thomas Wolf
2022) and built on the Stable Diffusion 1.5 (SD1.5) model.
The VLM utilized in CSM is based on BLIP-2 (Li et al.
2023), which provides robust semantic feature extraction for
cross-modal inputs. We incorporate a new cross-attention
layer into each of SD1.5’s 16 cross-attention layers, setting
the cross-modal guidance strength parameter v = 1 for bal-
anced guidance. The number of guidance steps T, in ASEA
is set to 3. Additional details regarding the implementation
are provided in the Appendix.

Experimental Results

Comparisons in Anomaly Synthesis. Table 2 illustrates the
quantitative results for the generation task on the MVTec
AD dataset. Our method achieves the highest average IS of
1.84 and the highest average IL of 0.35, surpassing all other
methods in both overall quality and generalization. These re-
sults demonstrate our model’s ability to generate high-quality,
diverse anomalies that closely resemble real-world anomalies
while maintaining robustness across different anomaly types.

As shown in Figure 3, our approach can generate realistic
anomalies that are contextually consistent with the original
images. For instance, in the hazelnut example, the generated
anomaly of a cracked and broken shell is highly consistent
with the texture and appearance of the original object, while
maintaining a precise match with the defined mask area.
Similarly, in the capsule and wood examples, our method
accurately generates anomalies like incorrect imprints and



Normal Visual Normal
Image Mask anomaly QOurs Image Mask
descriptor
The hazelwut ts erackeed and broken, The cable has bent wive.

The wetal wut Ls bent downward,

The tile has crack.

The Zipper has hmlum:ath

The bottle has a Large broleen.

Thm is M ow the Leather.

Visual Normal Visual
anomaly
descriptor

Ours Ours

Image Mask anomaly
descriptor
The sorew neek is tpaired.

Q- OOFd e

The capsule has an incorveet inmprint.

The carpet has & black anomaly.

There is some abnormal thread own the grid.

The blue toothbrush has frayed bristles.

The wood has scrateh.
|

i

Tm pill has a ggLLaw conkamination.

Figure 3: Display of anomaly synthesis on 15 objects from the MVTec AD dataset. The first column shows the normal image,
the second column represents the mask area where anomalies need to be generated, the third column contains the visual anomaly
descriptor providing visual guidance, and the fourth column displays the results generated by our method. Unlike simply copying
the anomaly shown in the visual anomaly descriptor, our model predicts what the anomaly would look like in the given region
indicated by the mask, considering the material and texture of the original normal image. The generated anomalies are consistent
with the context of the image and are realistic in their appearance. Zoom in for better clarity and details.
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Figure 4: Qualitative Evaluation. Our method could exhibit
large improvements in realism and generalization compared
with both anomaly synthesis and image generation methods.
For example, in the grid and cable examples, our method
produces the clearest and most realistic anomalies, closely
matching the texture and material of the original image.

scratches, showing its capability to faithfully replicate de-
fects.

Comparisons in Downstream Tasks. As shown in Table
3, our model consistently outperformed other anomaly syn-
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Figure 5: Effect of guidance steps T, in ASEA. As T}, in-
creases, the loss value decreases, where ASEA progressively
refines VLM’s attention on anomaly regions. The generated
images exhibit improved anomaly realism, confirming the
effectiveness of ASEA in focusing on specified anomaly re-
gions and producing more visually realistic anomalies.
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thesis methods across most evaluation metrics. By enabling
fine-grained controls over the appearance of anomalies, our
approach can ensure that the generated samples closely re-
semble real-world defects. This capability is crucial in provid-
ing diverse and realistic training data, allowing downstream
models to generalize better to real-world anomalies and im-
prove both detection sensitivity and localization accuracy.
Qualitative Comparisons. As shown in Figure 4, our ap-
proach outperforms existing anomaly synthesis methods by



MVTec AD
Method | AUC-P AP-P F1-P AUC-I AP-I F1-1
DRAEM| 922 541 53.1 94.6 97.0 944
PRN| 969 662 647 916 96.6 924
DEMGAN| 90.0 62.7 62.1 872 94.8 94.7
AnoDiff| 99.1 814 76.3 99.2 99.7 98.7
Ours| 99.5 874 81.2 993 99.8 98.0

MPDD
Method | AUC-P AP-P F1-P AUC-I AP-I Fl1-I
DRAEM| 852 3677 383 87.6 734 67.8
PRN| 90.7 408 41.5 863 77.6 76.3
DFMGAN| 924 416 455 925 78.5 78.9
AnoDiff| 95.0 47.6 495 953 388.5 83.0
Ours| 96.5 50.6 51.2 984 90.5 89.1

VisA
Method | AUC-P AP-P F1-P AUC-I AP-I1 Fl1-I
DRAEM| 88.8 254 246 84.1 882 874
PRN| 87.0 208 21.5 805 81.9 82.3
DFMGAN| 952 399 40.2 87.1 85.2 85.7
AnoDiff| 98.0 332 37.1 962 969 926
Ours| 99.0 425 48.0 96.8 97.2 935

Table 3: Results of anomaly detection. “-P” denotes the re-
sults of anomaly localization (pixel-level) and “-I”’ denote
the results of anomaly detection (image-level). Bold values
indicate the best results, and underlined values indicate the
second-best results.

producing anomalies with enhanced realism, closely align-
ing with real-world defect patterns. (1) For anomaly syn-
thesis methods, each row showcases anomalies across vari-
ous object categories, where binary-value masks indicate the
position of the generated anomaly regions. Our method ex-
cels in generating realistic anomalies in regions where other
methods fail to capture fine details, resulting in unrealistic
anomalies, artifacts (e.g., DFMGAN and AnoDiff, “cable”), or
misaligned/fail to generate corresponding anomalies within
the mask (e.g., DFMGAN and AnoDiff, “grid”). (2) For image
generation methods, from left to right, the columns display
a normal image with a target mask, a visual anomaly de-
scriptor to provide visual guidance, and the generated results
using different methods (i.e., reference-only mode Control-
Net, IP-Adapter, and our method), respectively. Our method
generates anomalies that are well-aligned with the visual
cues in the descriptor, producing defects with a high degree
of realism and relevance.

Effectiveness of ASEA. As shown in Figure 5, ASEA pro-
gressively refines VLM’s focus on specified anomaly areas,
leading to higher anomaly realism for visually realistic and
detailed anomalies. By enhancing focus on anomaly-specific
regions, ASEA effectively helps to generate high-quality,
detailed anomaly images.

Ablation Study. As shown in Table 4, it is observed that
all modules could improve the effectiveness of the method.
With only the SGA module, IS and IL increase to 1.66 and
0.23, respectively, while AUC-P and AUC-I reach 92.7 and
95.4. At this stage, the model only uses the visual anomaly
descriptor, functioning as an adapter based solely on the im-

SGA CSM ASEA-T,| IS IL AUC-P AUC
B N 150 0.1I8 903 93.0
- 1.66 023 927 954
1.69 025 93.1 958
1.70 025 94.1  96.8
1.78 028 962 979
1.84 035 995 993
1.84 033 993 993
1.84 035 994  99.0

LaRRRAA
NN
DN B W=

Table 4: Ablation Study. All modules could improve the
effectiveness of the method. We also study the impact of
different guidance steps T, in ASEA. Bold values indicate
the best results, and underlined values indicate the second-
best results.

age prompt. The addition of the SGA module shows that
SGA can strengthen the focus on the anomaly regions in the
image. With the CSM module, IS rises from 1.66 to 1.69,
IL from 0.23 to 0.25, and AUC-P and AUC-I reach 93.1
and 95.8. This improvement indicates that the CSM module
incorporates the textual anomaly descriptor, integrating it
with the visual anomaly descriptor for cross-modal seman-
tic fusion, thereby improving the quality and coherence of
anomaly generation. As described in the methods section, the
CSM module captures cross-modal semantic features of the
anomaly region through multimodal interactions, resulting in
anomaly features that align better with the intended descrip-
tions. With the ASEA module, different guidance steps T},
demonstrate its impact on model performance. When T}, = 3,
all metrics reach optimal values, providing the best balance
between computational efficiency and performance. Increas-
ing T, to 4 or 5 shows marginal improvements, indicating
that performance gains plateau while computational costs
continue to rise.

We provide additional experimental results, analyses, and
qualitative examples in the Appendix.

Conclusion

In this paper, we propose an AnomalyControl framework
for controllable anomaly synthesis, which enables the flexi-
ble generation of realistic and generalized anomaly samples.
AnomalyControl introduces three modules, i.e., Cross-modal
Semantic Modeling (CSM), Anomaly-Semantic Enhanced
Attention (ASEA), and Semantic Guided Adapter (SGA).
To enhance the realism of the synthesized anomalies, CSM
aims to extract detailed cross-modal semantic features based
on the textual and visual anomaly descriptors, where ASEA
could capture fine-grained visual details through multimodal
interactions. Then, prompted by precise and controllable in-
structions, SGA could leverage these enriched semantic sig-
nals to guide the diffusion process for high-quality anomaly
synthesis. Extensive experiments indicate that AnomalyCon-
trol can achieve state-of-the-art results in anomaly synthesis
by generating realistic and generalized anomalies based on
different control signals and outperforming existing methods
for downstream tasks.
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Appendix

This appendix consists of:

 Section A: The training algorithm of AnomalyControl, de-
tailing the optimization of cross-modal semantic features.

e Section B: Additional implementation details, including
dataset descriptions, anomaly mask generation via textual
inversion, and caching-based feature extraction.

¢ Section C: Quantitative results on the MPDD and VisA
datasets, and comprehensive anomaly detection results
across multiple benchmarks.

* Section D: Qualitative results illustrating anomaly syn-
thesis across diverse categories, generalization to unseen
anomalies, and comparison with previous methods.

A. AnomalyControl Training Algorithm

We summarize the training process of AnomalyControl in
Algorithm 1 for clarity and reproducibility.

Algorithm 1: AnomalyControl Training Algorithm

Input: Visual anomaly descriptor [, textual anomaly
descriptor T, anomaly region mask M 4, targeted
text prompt 7%, time steps 7'; number of training
steps Tirain, guidance steps 7
Output: Trained model parameters for
AnomalyControl
1: for tain = 1 to Tirein do
2:  Sample a batch of images I from training dataset I,

3:  Encode images to latent space: z = Encoder(])
4:  Sample noise € ~ N(0, 1)
5. Sample time step ¢ ~ Uniform(1,T")
6:  Add noise to latent variable z to obtain z;
7:  Initialize trainable attention guidance variable ey < 0
8:  Extract text embedding e; and visual embedding e,
from frozen VLM
9: forg=1t0T,do
10: Generate attention map
A= VLMcrossatm(et7 ey + eg)
11: Compute average attention map flamma]y by Eq. 2
12 Compute energy loss E(flanomaly, My) by Eq. 3
13: Update e, by Eq. 4
14:  end for

15:  Generate cross-modal semantic feature
F. = VLM(ey, e, + €4)
16:  Compute loss £ by Eq. 6
17:  Backpropagate £ and update SGA parameters
18: end for
19: return Trained AnomalyControl model parameters

B. Implementation Details
Dataset

The MVTec AD dataset consists of 5,354 images across 15
categories for industrial anomaly detection tasks. These cate-

gories include 10 object categories and 5 texture categories.
Each category is represented by defect-free training images
and a test set containing both defect-free and defective im-
ages. Pixel-level annotations are provided for all anomalies in
this dataset. We utilized the captions from MVTec AD Cap-
tion (Hu et al. 2024a) for training and testing, which were
carefully designed to ensure cross-modal complementarity.

The MPDD dataset includes 1,346 images from 6 types of
industrial metal products, each captured under varying light-
ing conditions and non-uniform backgrounds. This dataset
features multiple products in each image, with diverse place-
ment orientations, shooting distances, and positions, making
it a challenging dataset for anomaly detection. The text de-
scriptions provided for each image consist of the product
types and the specific anomaly categories identified.

The ViSA dataset comprises 9,621 normal images and
1,200 anomaly images across 12 categories. The dataset in-
cludes categories with complex structures, such as PCBs,
and categories that require the detection of multiple objects,
such as capsules. These characteristics make it a challenging
dataset for both anomaly detection and localization tasks,
requiring high precision to accurately identify and classify
the anomalies. The text descriptions are directly provided by
the dataset.

While some anomalies are difficult to describe, our method
considers this limitation by incorporating image reference
prompts in addition to text descriptions. The image reference
prompt provides a visual example of the anomaly type, en-
abling our model to synthesize realistic anomalies even when
textual descriptions are ambiguous.

Mask Generation

Given the limited number of real anomaly masks in the
dataset and the lack of diversity in mask data even after
augmentation, we adopt a method similar to AnoDiff (Hu
et al. 2024b) to generate additional anomaly masks by learn-
ing the distribution of real anomaly masks. Specifically, we
use the textual inversion technique (Gal et al. 2022) to learn
a mask embedding e,,, which serves as a text condition for
generating diverse anomaly masks.

Initially, the mask embedding e,, is composed of randomly
initialized tokens, which are then optimized by minimizing
the following objective function:

er = argnelinIEzwg(m),e,t [He —€o(2, t, em)Hg} )
m

Once trained, the mask embedding is used as a text condi-
tion to guide the generation process within a latent diffusion
model (LDM) (Rombach et al. 2022). We employ classifier-
free guidance (Ho and Salimans 2022) to adjust the influence
of the mask embedding, as follows:

€o(xilem) = €o(xr) + s - (€o(r,em) — €o(x1))

where s is a scaling factor controlling the strength of the text
guidance. Following the setup in textual inversion, s is set
to 5 to ensure that the generated masks accurately capture
anomaly-specific features and positional diversity.



Algorithm 2: Feature Extraction with Caching in
CSM
Input: Visual anomaly descriptor [, textual anomaly
descriptor T,, anomaly region mask M 4, cache
directory cache_dir
Output: Extracted cross-modal semantic feature F,
1: cache_file < cache_dir/I,.pt
2. if cache_file exists then
3: F, <+ load(cache_file)
4: else
5 F. + ExtractFeatures(l,, Ty, M4)
6: save(F,, cache_file)
7
8

: end if
: return F,

Feature Extraction with Caching in CSM

In Cross-modal Semantic Modeling (CSM), the Visual-
Language Model is frozen, and the trainable attention guid-
ance variable e, is used to guide the VLM in generating cross-
modal semantic features that focus more on the anomaly re-
gion. Since we do not train the VLM, the extracted features
remain fixed when the input is fixed. This design brings a
potential benefit: once these features are extracted for the first
time during training, they can be cached. As shown in Algo-
rithm 2, in subsequent training steps, whenever these features
are needed, they can be loaded directly from the cache, avoid-
ing the need for recomputation. This not only eliminates the
overhead of recalculating image and text features but also
significantly speeds up the training process of AnomalyCon-
trol. This approach saves substantial computational resources
and time, improving the overall training efficiency.

Training Details

We use the AdamW optimizer (Loshchilov 2017) with a
fixed learning rate of 0.0001 and weight decay of 0.01. For
classifier-free guidance, text or cross-modal semantic features
are independently dropped with a probability of 0.05, and
both are dropped simultaneously with a probability of 0.05.
Training is conducted on a single A100 GPU, requiring ap-
proximately three days for 200K iterations. During inference,
a 30-step DDIM sampler is used, with a guidance scale of
7.5, to achieve a balance between fidelity and generalization
in the generated anomalies.

C. More Quantitative experiments

Table 5 presents the quantitative generation results on the
MPDD and ViSA datasets, where the Inception Score (IS)
and Intra-cluster Pairwise Learned Perceptual Image Patch
Similarity (IL) are used to evaluate the quality and diversity
of the generated anomalies. Our method outperforms existing
SOTA models (DFMGAN and AnoDiff) in both datasets,
demonstrating superior generation quality. Specifically, on
the MPDD dataset, our approach achieves the highest IS of
1.71 and IL of 0.47, while on the ViSA dataset, it reaches
an IS of 1.65 and IL of 2.12, surpassing the performance of
other methods.

Dataset | DFMGAN AnoDiff Ours

Metrics | IS IL IS IL IS IL

MPDD | 1.31 0.31 1.60 043 171 047
VisA | 1.26 1.12 145 173 1.65 212

Table 5: Generation quantitative results on MPDD and VisA
datasets.

Table 6 further demonstrates our method’s robustness
by providing anomaly detection results on the MVTec AD,
MPDD, and ViSA datasets. This table includes the anomaly
detection results for each anomaly object on these datasets,
both at the pixel level (AUC-P, AP-P, F1-P) and image level
(AUC-I, AP-1, F1-I). Our method consistently delivers high
performance across all datasets, with particularly strong re-
sults in MVTec AD, where it achieves a mean F1-P of 81.2
and F1-1 of 98.0. Additionally, our method shows impressive
performance on both the MPDD and ViSA datasets, with a
mean F1-I of 89.1 on MPDD and 93.5 on ViSA. These results
underscore the effectiveness of our approach in detecting and
localizing anomalies across various datasets and anomaly
types. This effectiveness is attributed to the higher quality
of the anomalies generated by our method, which provides
more realistic and diverse training data for anomaly detection
tasks.

D. More Qualitative experiments

Generalization and Controllability in Anomaly
Synthesis

As shown in Figure 1 (right examples) in the main paper and
Figure 7(b), our method effectively generalizes to unseen
anomaly types using text-image reference prompts for flex-
ible and controllable synthesis. We further demonstrate the
generalization capability of our approach in Figure 8, where
anomalies are synthesized on different materials (wood and
leather) with various anomaly types (such as red stains and
holes). These examples highlight our method’s flexibility in
generating diverse anomalies, even beyond the training dis-
tribution. The key advantage of our approach is its ability to
synthesize diverse and realistic anomalies beyond the train-
ing distribution, providing varied training data for detection
tasks.

Anomaly Synthesis Across Diverse Datasets

In Figure 9 and Figure 10, we demonstrate additional exam-
ples of anomaly synthesis on the MPDD and ViSA datasets,
respectively. These results further showcase our model’s abil-
ity to handle diverse anomaly types and generate realistic
anomalies even when faced with different datasets and in-
dustrial contexts. Even when confronted with varying tex-
tures, materials, and anomaly types across these datasets, our
method consistently produces high-quality and contextually
appropriate anomalies, proving its robustness and adaptabil-
ity. These examples highlight the model’s generalization ca-
pability, ensuring its effectiveness across a wide range of
real-world scenarios.
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Figure 6: Comparison of anomaly synthesis results between AnoDiff and our method. The images show the same normal image
(first column) and the same anomaly mask (second column), with the results generated by AnoDiff (third column) and our
method (fourth column). In the “zipper” example, our method generates an anomaly that better fits the mask and is closer to the
real anomaly, even capturing the details of the broken fibers. In the “capsule” example, our method successfully generates the
squeezed capsule’s shape, while AnoDiff fails to synthesize the anomaly. In the “cable” example, AnoDiff produces an anomaly
with the artifact, while our method generates a more realistic one. In the “pill” example, our method’s anomaly better matches
the mask, whereas AnoDiff produces a blurred anomaly boundary.



Table 6: Results of anomaly detection on three datasets. “-P”
denotes the results of anomaly localization (pixel-level) and
“-I” denote the results of anomaly detection (image-level).

MVTec AD
Object| AUC-P AP-P F1-P AUC-I AP-1 Fl1-1
capsule| 989 729 62.5 99.5 99.1 959
bottle| 99.5 93.0 924 100 100 100
carpet| 994 74.1 739 977 994 944
leather| 99.8 79.9 74.1 100 100 99.2
pill| 99.8 964 90.0 98.3 99.6 974
transistor| 99.6 944 87.2 100 100 100
tile| 99.5 945 8.0 100 100 100
cable| 99.2 87.8 863 99.8 99.8 984
zipper| 99.6 86.8 78.6 100 100 100
toothbrush| 99.5 81.7 80.1 100 100 100
metal nut| 99.7 983 93.3 99.9 100 99.2
hazelnut| 99.7 96.1 89.8 999 100 99.0
screw| 994 86.6 80.1 95.1 99.5 91.7
grid| 98.9 68.8 59.2 99.5 99.1 98.7
wood| 99.8 993 822 99.7 99.9 98.8
MEAN| 99.5 874 81.2 993 99.8 98.0

MPDD
Object| AUC-P AP-P FI-P AUC-I AP-I F1-I
bracket black| 954 30.6 355 985 825 80.9
bracket white| 952 31.7 385 98 83.2 8l1.1
bracket brown| 96.2 36.7 333 96.6 83.4 82.8
connector| 959 64 545 100 100 100
metal plate| 99.5 87.4 88.2 100 100 100
tubes| 96.6 534 575 973 93.8 89.9
MEAN| 96.5 50.6 51.2 98.4 90.5 89.1

VisA
Object| AUC-P AP-P FI-P AUC-I AP-I F1-1
pcbl| 995 512 554 97.8 95.5 95.1
pcb2| 100 404 489 96.8 94.3 91.2
pcb3| 993 47.1 529 982 955 95.7
pcb4| 98 344 423 97.1 100 100
macaronil| 100 34.8 303 96.6 100 93.7
macaroni2| 98.9 30.1 39.7 955 95.1 93.8
capsules| 96.9 342 332 96.7 100 92.3
candle| 993 163 264 952 979 73
cashew| 97.6 15.8 223 972 954 934
chewinggum| 100 74 79.1 97.8 97.5 100
fryyum| 99.3 43 503 939 97.1 959
pipe fryum| 99.3 88.1 953 984 984 979
MEAN| 99.0 425 48.0 96.8 97.2 935
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(a) Comparison with anomaly synthesis methods.
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(b) Comparison with image generation methods.

Figure 7: Qualitative Evaluation. Our method could exhibit
large improvements in realism and generalization. (a)
Comparison with anomaly synthesis methods. Each row
showcases anomalies across various object categories, where
binary-value masks indicate the position of the generated
anomaly regions. Our method excels in generating realistic
anomalies in regions where other methods fail to capture
fine details, resulting in unrealistic anomalies (e.g., DFM-
GAN, “metal nut”), artifacts (e.g., DFMGAN and AnoDiff,
“cable”), or misaligned/fail to generate corresponding anoma-
lies within the mask (e.g., DFMGAN and AnoDiff, “grid” and
“zipper”). (b) Comparison with image generation methods.
From left to right, the columns display a normal image with
a target mask, a visual anomaly descriptor to provide visual
guidance, and the generated results using different methods
(i.e., reference-only mode ControlNet, IP-Adapter, and our
method), respectively. Our method generates anomalies that
are well-aligned with the visual cues in the descriptor, pro-
ducing defects with a high degree of realism and relevance.
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Figure 8: Controllable anomaly synthesis across different object categories and anomaly types. Given a normal image (wood
or leather) and a text-image reference describing the desired anomaly (e.g., “red stains” or “holes”), our method synthesizes
corresponding anomalies in the specified masked region. The anomaly type can be flexibly controlled via the reference, and it
generalizes well across categories, demonstrating strong generalization capability.
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Figure 9: Display of anomaly synthesis on 6 objects from the MPDD dataset. The first column shows the normal image, the
second column represents the mask area where anomalies need to be generated, the third column contains the visual anomaly
descriptor providing visual guidance, and the fourth column displays the results generated by our method. Unlike simply copying
the anomaly shown in the visual anomaly descriptor, our model predicts what the anomaly would look like in the given region
indicated by the mask, considering the material and texture of the original normal image. The generated anomalies are consistent
with the context of the image and are realistic in their appearance. Zoom in for better clarity and details.
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Figure 10: Display of anomaly synthesis on 12 objects from the ViSA dataset. The first column shows the normal image, the
second column represents the mask area where anomalies need to be generated, the third column contains the visual anomaly
descriptor providing visual guidance, and the fourth column displays the results generated by our method. Unlike simply copying
the anomaly shown in the visual anomaly descriptor, our model predicts what the anomaly would look like in the given region
indicated by the mask, considering the material and texture of the original normal image. The generated anomalies are consistent
with the context of the image and are realistic in their appearance. Zoom in for better clarity and details.



