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Abstract

We introduce SeaS, a unified industrial generative model for
automatically creating diverse anomalies, authentic normal
products, and precise anomaly masks. While extensive re-
search exists, most efforts either focus on specific tasks,
i.e., anomalies or normal products only, or require separate
models for each anomaly type. Consequently, prior meth-
ods either offer limited generative capability or depend on a
vast array of anomaly-specific models. We demonstrate that
U-Net’s differentiated learning ability captures the distinct
visual traits of slightly-varied normal products and diverse
anomalies, enabling us to construct a unified model for all
tasks. Specifically, we first introduce an Unbalanced Abnor-
mal (UA) Text Prompt, comprising one normal token and
multiple anomaly tokens. More importantly, our Decoupled
Anomaly Alignment (DA) loss decouples anomaly attributes
and binds them to distinct anomaly tokens of UA, enabling
SeaS to create unseen anomalies by recombining these at-
tributes. Furthermore, our Normal-image Alignment (NA)
loss aligns the normal token to normal patterns, making
generated normal products globally consistent and locally
varied. Finally, SeaS produces accurate anomaly masks by
fusing discriminative U-Net features with high-resolution
VAE features. SeaS sets a new benchmark for industrial
generation, significantly enhancing downstream applica-
tions, with average improvements of +8.66% pixel-level
AP for synthesis-based AD approaches, +1.10% image-
level AP for unsupervised AD methods, and +12.79% IoU
for supervised segmentation models. Code is available at
https://github.com/HUST-SLOW/SeaS.

1. Introduction
In the industrial scenario, generative models are used to

synthesise various visual elements, which meet the require-
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Figure 1. (a) AnomalyDiffusion only generates anomalies and

edits them onto the input normal images guided by the prede-

fined masks. (b) DFMGAN trains multiple dedicated generators

per anomaly type or normal product, and it cannot produce accu-

rate masks. (c) SeaS trains a unified model capable of generating

anomaly images and masks for multiple anomaly types, as well as

normal images.

ments of different anomaly detection (AD) methods and su-

pervised segmentation models as below.

• Generating pseudo-anomalies for synthesis-based AD ap-

proaches [9, 41].

• Generating pseudo-normal images for unsupervised AD

methods [15, 26, 32].

• Generating complete anomaly images and correspond-

ing accurate masks for training supervised segmentation

models.

These requirements above have been covered by previ-

ous algorithms. CutPaste [21] creates anomalies by past-

ing cropped normal regions onto normal product images

(short for normal images). AnomalyDiffusion [17] gen-

erates anomalies using diffusion models and edits anoma-

lies onto normal images guided by pre-defined masks (Fig.

1(a)), but it cannot create pseudo-normal images and might

suffer from misaligned masks. DFMGAN [11] trains sep-

arate models for each normal product and anomaly type

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
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(Fig. 1(b)) but cannot produce accurate masks, limiting

its effectiveness in training supervised segmentation mod-

els. In summary, existing methods either focus only on

the generation of normal products or anomalies, or require

multiple isolated models to complete all tasks separately.

They cannot flexibly use a unified model to tackle them all,

i.e., achieving diverse anomalies, authentic normal prod-

ucts, and pixel-accurate masks. In this paper, we study the

unified industrial anomaly generation solution, meeting the

needs of various downstream tasks.

The novelty of this work stems from a key observation on

a single industrial production line: normal products exhibit
a globally consistent surface with minor local variations,
whereas anomalies exhibit high variability. These charac-

teristics can be effectively captured by U-Net due to its dif-

ferential learning capability in a diffusion process. Build-

ing on this insight, we propose a Separation and Sharing

Fine-tuning method (SeaS), using a shared U-Net to model

distinct variations. Firstly, to explicitly model the varia-

tions of normal products and anomalies, we propose Un-

balanced Abnormal (UA) Text Prompt. Its unbalanced de-

sign includes one normal token and multiple anomaly to-

kens, thus decoupling the presentations of the slightly var-

ied normal product surface and diverse anomaly seman-

tics. Secondly, to learn highly-diverse anomalies, we pro-

pose a Decoupled Anomaly Alignment (DA) loss to bind

the attributes of anomalies to different anomaly tokens of

UA. Recombining the decoupled attributes may produce

anomalies that have never been seen in the training dataset,

therefore increasing the diversity of generated anomalies.

Thirdly, for slightly varied normal products, we propose

the Normal-image Alignment (NA) loss. It enables the net-

work to learn the key features of the normal product from

normal images, so that the normal token of UA expresses

the products’ global consistency. The two training pro-

cesses above are separated but conducted on a shared U-

Net. SeaS enables U-Net to simultaneously model the dif-

ferent variations in both normal products and anomalies,

representing the discriminative features for mask predic-

tion. However, the low-resolution features of U-Net lead

to a coarse mask when predicted directly. Thus, we pro-

pose a Refined Mask Prediction (RMP) branch. It combines

U-Net features with high-resolution VAE features to gener-

ate accurate and crisp masks progressively. The generated

anomaly images achieve IS scores by 1.88 (MVTec AD),

1.27 (VisA), and 1.95 (MVTec 3D AD), with IC-LPIPS of

0.34, 0.26, and 0.30. On multiple datasets, SeaS-generated

images boost synthesis-based AD approaches by an average

+8.66% pixel-level AP, improve unsupervised AD methods

by an average +1.10% image-level AP, and enhance super-

vised segmentation models by an average +12.79% IoU.

In summary, the key contribution of our approach lies in:

• We propose a unified generative model for industrial

visual elements. It achieves diverse anomalies, glob-

ally consistent normal products, and pixel-level accurate

masks using only one model, which sets a new standard

for this field.

• The newly designed separated and shared fine-tuning

models different variations of normal products and

anomalies, enabling precise control over their generation,

and obtaining discriminative features for mask prediction.

• SeaS greatly improves the performance of various

synthesis-based and unsupervised AD methods, and em-

powers supervised segmentation models with decent per-

formance.

2. Related Work
Anomaly Image Generation. Early non-generative meth-

ods [10, 21, 41] rely on data augmentation to synthesize

pseudo-anomalies, but suffer from low fidelity due to in-

consistent anomaly patterns. Some generative methods

[13, 17, 34] only generate anomalies and merge them into

the real normal images. NSA [34] uses Poisson Image Edit-

ing [30] to fuse the cropped normal region. However, these

methods cannot create pseudo-normal images and require

anomaly masks as inputs, with unreasonable mask posi-

tions compromising fidelity and consistency. GAN-based

methods [11, 28, 42] generate the entire anomaly images.

DFMGAN[11] trains multiple isolated models to gener-

ate normal images and anomaly images for each anomaly

type, and the produced masks often do not align accu-

rately with anomalies, limiting their utility in training super-

vised segmentation models. Different from these existing

approaches, we propose a unified generative model based

on Stable Diffusion to generate diverse anomalies, globally

consistent normal products and pixel-level accurate masks.

Fine-tuning Diffusion Models. Fine-tuning is a po-

tent strategy for enhancing specific capabilities of pre-

trained diffusion models [6, 12, 43]. Personalized meth-

ods [8, 12, 33] utilize a small set of images to fine-tune the

diffusion model, thereby generating images of the same ob-

ject. Several methods for multi-concept image fine-tuning

[1, 14, 19, 20, 37] use cross-attention maps to align embed-

dings with individual concepts in the image. Nevertheless,

they do not consider the different variations in different im-

age regions, which is important for industrial anomaly im-

age generation. Thus, we propose a separation and sharing

fine-tuning strategy to model the different degrees of vari-

ations of anomalies and normal products, which indepen-

dently learns products and anomalies on a shared U-Net.

Mask Prediction with Generation Method. Previ-

ous methods on mask prediction for generated images are

mainly based on features in GANs [22, 44]. However,

these approaches do not guarantee the generation of ac-

curate masks for exceedingly small datasets. Based on

Stable Diffusion [31], some recent methods, i.e., Diffu-
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Figure 2. Overall framework of SeaS. It consists of four parts: (I) the Unbalanced Abnormal Text Prompt, (II) the Decoupled Anomaly

Alignment for aligning the anomaly tokens <dfn> to the anomaly area of abnormal images, (III) the Normal-image Alignment for main-

taining authenticity through normal images, and (IV) the Refined Mask Prediction branch for generating accurate masks.

Mask [36], DatasetDM [35] and DatasetDiffusion [27], pro-

duce masks by exploiting the potential of the cross-attention

maps. However, due to the low resolution of the cross-

attention maps, they are directly interpolated to a higher res-

olution to match the image size without any auxiliary infor-

mation, which leads to significant boundary uncertainty. We

incorporate the high-resolution features from the VAE de-

coder as auxiliary information for resolution retrieving, fus-

ing them with U-Net decoder features, which are discrim-

inative due to the modelling of the different variations in

normal products and anomalies, to generate accurate high-

resolution masks.

3. Method
The training phase of the proposed Separation and Shar-

ing (SeaS) Fine-tuning strategy is shown in Fig. 2. In

Sec. 3.1, we introduce the preliminaries of our approach.

In Sec. 3.2, we first design an Unbalanced Abnormal Text

Prompt, which contains a set of tokens that characterize nor-

mal products and anomalies separately. Subsequently, we

propose the Decoupled Anomaly Alignment (DA) loss to

bind anomaly image regions to anomaly tokens, and lever-

age Normal-image Alignment (NA) loss to empower nor-

mal token to express the globally-consistent normal product

surface. The two training processes are implemented sepa-

rately for abnormal and normal images but on a shared U-

Net architecture. Then, based on the well-trained U-Net, we

design a Refined Mask Prediction branch to generate accu-

rate masks corresponding to the generated anomaly images

in Sec. 3.3. Finally, we detail the generation of abnormal

image-mask pairs and normal images in Sec. 3.4.

3.1. Preliminaries
Stable Diffusion. Given an input image x0, Stable Dif-

fusion [31] firstly transforms x0 into a latent space as z =
ε(x0), and then adds a randomly sampled noise ε ∼ N(0, I)
into z as ẑt = αtz + βtε, where t is the randomly sampled

timestep. Then, the U-Net is employed to predict the noise

ε. Let cθ(P) be the CLIP text encoder that maps condition-

ing text prompt P into a conditioning vector e. The training

loss of Stable Diffusion can be stated as follows:

LSD = Ez=ε(x0),P,ε∼N(0,I),t

[
||ε− εθ(ẑt, t, e)||22

]
(1)

where εθ is the predicted noise.

Cross-Attention Map in U-Net. Aiming to control the

generation process, the conditioning mechanism is imple-

mented by calculating cross-attention between the condi-

tioning vector e ∈ R
Z×C1 and image features v ∈ R

r×r×C2

of the U-Net inner layers [7, 16, 39]. The cross-attention

map Am,l ∈ R
r×r×Z can be calculated as:

Am,l = softmax(
QK�
√
d

), Q = φq(v),K = φk(e) (2)

where Q ∈ R
r×r×C denotes a query projected by a linear

layer φq from v, r is the resolution of the feature map in U-

Net, and l is the index of the U-Net inner layer. K ∈ R
Z×C

denotes a key through another linear layer φk from e, and Z
is the number of text embeddings after padding.

3.2. Separation and Sharing Fine-tuning
Unbalanced Abnormal Text Prompt. Through the ex-

perimental observation, we found that the typical text

prompt, like a photo of a bottle with defect
[18], or damaged bottle [46], is suboptimal for indus-

trial anomaly generation. The balanced semantic words for

normal products and anomalies may fail to capture their dif-

ferential variation degrees. Therefore, we design the Unbal-

anced Abnormal (UA) Text Prompt for each anomaly type

of each product, i.e.,

P = a <ob> with <df1>,<df2> ,..., <dfN>
where <ob> and <dfn> (n ∈ {1, 2, ..., N}) are the to-

kens of the industrial normal products (short for Normal

Token) and the anomalies (short for Anomaly Token) re-

spectively. We use a set of N Anomaly Tokens for each

anomaly type, with different sets corresponding to different
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Figure 3. (a) Generated images with the different number of to-

kens. (b) Cross-attention maps. (c) Examples of diverse generated

images.

anomaly types. As shown in Fig. 3, in SeaS, we separately

employ normal images to train the embedding correspond-

ing to <ob>, and abnormal images to train the embeddings

corresponding to <dfn>. Experimental observations indi-

cate that one <ob> is sufficient to express normal product,

while multiple <dfn> are necessary for controlling the gen-

eration of anomalies. As shown in Fig. 3(a), when we use

the UA prompt P (the dotted green box in (a)), the cross-

attention maps in (b) show that different tokens have differ-

ent responses in the abnormal regions, which indicates that

they focus on different attributes of the anomalies, and per-

forming the average operation on the cross-attention maps

produces never-seen anomalies. When we use only one

<df>, it is difficult to align it to several different anomalies

that belong to the same category. Therefore, during infer-

ence, if the denoised anomaly feature has a larger distance

to <df>, it will be assigned a smaller response by the U-

Net, which leads to the “anomaly missing” phenomenon,

e.g., the generated images in the case of (N ′ = 1, N = 1).

In addition, if we utilize a large number of <dfn>, we find

that each <dfn> may focus on some local properties of an

anomaly, such a case increases the diversity but may re-

duce the authenticity of the anomalies, as shown in the case

N ′ = 1, N = 8. Similarly, if we use multiple learnable

<ob>, e.g., N ′ = 4, N = 4, each <ob> pays attention to

the local character of the normal product, which may reduce

the global consistency of the normal product.

Decoupled Anomaly Alignment. Given a few abnor-

mal images xdf and their corresponding masks, we aim to

align the anomaly tokens <dfn> to the anomaly area of

xdf by tuning the U-Net and the learnable embedding corre-

sponding to <dfn>. Therefore, we propose the Decoupled

Anomaly Alignment (DA) loss, i.e.,

LDA =

L∑
l=1

(|| 1
N

N∑
n=1

An,l
df −M l||2 + ||Al

ob �M l||2) (3)

where An,l
df ∈ R

r×r×1 is the cross-attention map corre-

sponding to the n-th anomaly token <dfn>, N is the num-

ber of anomaly token in P . L is the total number of U-

Net layers used in alignment. M l is the binary mask with

r× r resolution, where the abnormal area is 1 and the back-

ground is 0. Al
ob ∈ R

r×r×1 is the cross-attention map cor-

responding to the normal token <ob>, � is the element-

wise product. DA loss performs the mandatory decoupling

of the anomaly and the normal product. The first term of

DA loss is to align the abnormal area to <dfn> according

to the mask M l. The second term of DA loss reduces the

response value of Al
ob in the abnormal area, which prevents

<ob> from aligning to the abnormal area of xdf. Further

analysis of how the DA loss ensures the diversity of anoma-

lies is provided in Appendix A.2. Therefore, the total loss

for the anomaly image xdf is:

Ldf = LDA + ||εdf − εθ(ẑdf, tdf, edf)||22 (4)

In second term of Eq. 4, we use random noises εdf and

timesteps tdf to perform forward diffusion on abnormal im-

ages xdf, then obtain the noisy latent ẑdf. The conditioning

vector edf ∈ R
Z×C1 is used to guide the U-Net in predicting

noise, and then calculate the loss with the noise εdf.

Normal-image Alignment. As we discussed, increas-

ing the number of the normal token <ob> leads to a higher

diversity, while it may reduce the authenticity of the gen-

erated normal image and destruct global consistency. How-

ever, aligning only one <ob> to a few of the training images

may suffer from the issue of overfitting. Therefore, we add

a Normal-image Alignment (NA) loss to overcome such a

dilemma, which is stated as follows,

Lob = ||εob − εθ(ẑob, tob, eob)||22 (5)

Instead of aligning the normal region of xdf to <ob>,

in calculating the NA loss, we use random noises εob and

timesteps tob to perform forward diffusion on the normal

images xob. Then the noisy latent ẑob and the embedding eob

corresponding to the normal tokens of P , i.e., “a <ob>”, are

input into the U-Net in predicting noise, and then calculate

the NA loss with εob.

Mixed Training. Based on the separated DA loss for

abnormal images and NA loss for the normal ones, the ob-

jective of Separation and Sharing Fine-tuning is formed as:

L = Ldf + Lob (6)

In the training process, instead of training a single U-Net

model for each anomaly type, we train a unified U-Net

model for each product. Specifically, given a product im-

age set, which contains G anomaly categories of masked

abnormal images and some normal images. We group

all the abnormal images of a product into a unified set

Xdf = {x1
df, x

2
df, .., x

H
df }. For each anomaly type, we use

P with different sets of anomaly tokens. In addition, we

sample a fixed number of normal images to consist of the

normal training set Xob = {x1
ob, x

2
ob, .., x

P
ob}. During each
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Figure 4. The Refined Mask Prediction (RMP) branch during inference. The Coarse Feature Extraction utilizes features from the up-2

and up-3 layers of the U-Net Decoder to extract coarse features. The cascaded Mask Refinement Module (MRM) further obtains the mask

accurately aligned with the anomaly with the assistance of high-resolution features of the VAE Decoder.

step of our fine-tuning process, we sample same number

of images from both Xdf and Xob, and mixed them into a

batch. We found that such a mixed training strategy not

only alleviates the overfitting caused by the limited num-

ber of each anomaly type, but also increases the diversity

of the anomaly image, while still maintaining reasonable

authenticity, as shown in Fig. 3(c), (i) indicates that the

model with mixed training may generate new anomalies,

e.g., the anomalies inside the dotted white line. In contrast,

the anomalies in (ii) overfit the training images. More abla-

tion studies on the mixed training strategy are shown in Tab.

12 in appendix A.5.

3.3. Refined Mask Prediction
The design of the separated and shared approach enables U-

Net to simultaneously model the different degrees of varia-

tions in both normal products and anomalies, representing

the discriminative features for mask prediction. To further

obtain pixel-accurate masks, we design a cascaded Refined

Mask Prediction (RMP) branch, which is grafted onto the

U-Net trained within SeaS (mentioned in Sec. 3.2). As

shown in Fig. 4, RMP consists of two steps, firstly captur-

ing discriminative features from U-Net and secondly com-

bining them with high-resolution features of VAE decoder

to generate anomaly-matched masks.

Coarse Feature Extraction. The first step aims to ex-

tract a coarse but highly-discriminative feature for anoma-

lies from the U-Net decoder. Specifically, let F1 ∈
R

32×32×1280 and F2 ∈ R
64×64×640 denote the output fea-

ture of “up-2” and “up-3” layers of the decoder in U-Net,

respectively. We first leverage a 1× 1 convolution block to

compress the channel of F1 and F2 to F 1 ∈ R
32×32×128

and F 2 ∈ R
64×64×64, respectively. Then, we upsam-

ple F 1 to 64 × 64 resolution and concatenate it with F 2.

Finally, four transformer layers are employed to fuse the

concatenated features and obtain a unified coarse feature

F̂ ∈ R
64×64×192.

Mask Refinement Module. Directly upsampling the

coarse feature F̂ to high resolution will result in a loss of

anomaly details. Therefore, we design the Mask Refine-

ment Module (MRM) to refine the coarse feature F̂ in a

progressive manner. As shown in Fig. 4, each MRM takes

in two features, i.e., the high-resolution features from VAE

and the discriminative feature to be refined. Firstly, the

discriminative feature is upsampled to align with the high-

resolution ones of VAE. To preserve the discriminative abil-

ity, the upsampled feature is processed through two chained

convolution blocks for capturing multi-scale anomaly fea-

tures and a 1 × 1 convolution for capturing local features.

These features are then summed and multiplied with the

VAE features element-wisely to enhance the anomalies’

boundary. Finally, MRM employs a 3 × 3 convolution to

fuse the added features and outputs a refined feature.

To refine F̂ , we employ three MRMs positioned in se-

quence. Each MRM takes the previous MRM’s output as

the discriminant feature to be refined, while the first MRM

takes F̂ as the discriminative input. For another input of

each MRM, we use the outputs from the 1-st, 2-nd, and 3-

rd “up-blocks” of the VAE decoder respectively. In this

way, the features obtained by the last MRM have the ad-

vantages of both high resolution and high discriminability.

Finally, we use a 3× 3 convolution and a softmax to gener-

ate the refined anomaly mask M̂ ′
df ∈ R

512×512×2 using the

output of the last MRM.

Loss Functions. During training, we use xdf and xob as

inputs. For xdf, we obtain the coarse mask M̂df ∈ R
64×64×2

from the Coarse Feature Extraction and M̂ ′
df after the

MRMs. Similarly, for xob, we obtain the M̂ob ∈ R
64×64×2

from Coarse Feature Extraction and directly upsample it

to the original resolution, denoted as M̂ ′
ob ∈ R

512×512×2.

Then we conduct the supervision on both low-resolution

and high-resolution predictions as,

LM =F(M̂df,Mdf) + F(M̂ob,Mob)+

F(M̂ ′
df,M

′
df) + F(M̂ ′

ob,M
′
ob)

(7)

where F indicates the Focal Loss [24]. Mob ∈ R
64×64×1

and M′
ob ∈ R

512×512×1 are used to suppress noise in

normal images, with each pixel value set to 0. Mdf ∈
R

64×64×1 and M′
df ∈ R

512×512×1 are the ground truth

masks of abnormal images. More ablation studies on the
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effect of normal images in training RMP branch are shown

in Tab. 16 and Fig. 11 in appendix A.5.

3.4. Inference
During the generation, aiming further to ensure the global

consistency of the normal products, we random select a nor-

mal image xob from Xob as input, and add random noise

to xob, which resulting in an initial noisy latent ẑ0. Next,

for the generation of abnormal images, ẑ0 is input into the

U-Net for noise prediction, with the process guided by the

conditioning vector edf (mentioned in Eq. 4), which is cor-

responding to the whole UA Text Prompt P . For generating

normal images to further enhance unsupervised AD meth-

ods, we use the conditioning vector eob corresponding to

the normal tokens of P . Regarding the masks correspond-

ing to anomalies, in the final three denoising steps, the RMP

branch (Sec. 3.3) leverages the features from the U-Net de-

coder and VAE decoder to generate the final anomaly mask.

Specifically, we average the refined anomaly mask from

these steps to obtain the refined mask M̂ ′
df ∈ R

512×512×2.

Then we take the threshold τ for the second channel of M̂ ′
df

to segment the final anomaly mask Mdf ∈ R
512×512×1.

The effect of τ on the downstream supervised segmenta-

tion models is shown in Tab. 18 in appendix A.5. In the last

denoising step, the output of the generation model is used

as the generated abnormal image.

4. Experiments
4.1. Experimental Settings
Implementation Details. We train SeaS by fine-tuning the

pre-trained Stable Diffusion v1-4 [31]. In anomaly image

generation experiments, we use 60 normal images and 1
3

masked anomaly images for each anomaly type in train-

ing. We train one generative model per product, covering

all anomaly types. During inference, we generate 1, 000
anomaly image-mask pairs for a single anomaly type. More

details are given in appendix A.3.

Datasets. We conduct experiments on MVTec AD dataset

[3], VisA dataset[47], and MVTec 3D AD dataset (only

RGB images) [4]. MVTec AD dataset contains 15 prod-

uct categories, each with up to 8 different anomalies. VisA

dataset covers 12 objects in 3 domains. MVTec 3D AD

dataset includes 10 product categories, each with up to 4
different anomalies. It contains more challenges, i.e., light-

ing condition variations, and product pose variations.

Evaluation Metrics. For image generation, unlike existing

methods [11, 17] that only assess the whole anomaly im-

ages, our evaluation contains three levels: anomaly images,

normal images, and anomalies, using 4 metrics: (1)Incep-

tion Score (IS) and Intra-cluster pairwise LPIPS distance

(IC-LPIPS) [29] for authenticity and diversity of anomaly

images. (2) KID [5] for authenticity of normal images.

(3)IC-LPIPS calculated only in anomaly regions (short for
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IC-LPIPS(a)) for the diversity of anomalies. For pixel-level

anomaly segmentation and image-level anomaly detection,

we use 3 metrics: Area Under Receiver Operator Character-

istic curve (AUROC), Average Precision (AP) and F1-score

at optimal threshold (F1-max). We also report Intersection

over Union (IoU) for segmentation.

4.2. Comparison in Anomaly Image Generation
Comparison Methods. For image generation, we compare

SeaS with current anomaly image generation methods, like

Crop&Paste [23], SDGAN [28], Defect-GAN [42](all with-

out open-source code), DFMGAN [11], and AnomalyDiffu-

sion [17] in terms of fidelity and diversity. For diverse gen-

erated anomalies, we combine SeaS-generated anomalies

with synthesis-based AD approaches like DRAEM [41] and

GLASS [9]. For authentic generated normal images, we use

SeaS-generated normal images to augment the training sets

of unsupervised AD methods like HVQ-Trans [26], Patch-

Core [32], and MambaAD [15]. For anomaly image-mask

pairs, we generate them with DFMGAN, AnomalyDiffu-

sion, and SeaS, to train segmentation models like BiSeNet

V2 [40], UPerNet [38], and LFD [45] respectively. Differ-

ent from AnomalyDiffusion, which trains one segmentation
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Table 1. Comparison on IS and IC-LPIPS on MVTec AD, VisA, and MVTec AD 3D. Bold indicates the best performance.

Methods MVTec AD VisA MVTec 3D AD
IS↑ IC-LPIPS↑ KID↓ IC-LPIPS(a)↑ IS↑ IC-LPIPS↑ KID↓ IC-LPIPS(a)↑ IS↑ IC-LPIPS↑ KID↓ IC-LPIPS(a)↑

Crop&Paste[23] 1.51 0.14 - - - - - - - - - -

SDGAN[28] 1.71 0.13 - - - - - - - - - -

Defect-GAN[42] 1.69 0.15 - - - - - - - - - -

DFMGAN[11] 1.72 0.20 0.12 0.14 1.25 0.25 0.24 0.05 1.80 0.29 0.19 0.08

AnomalyDiffusion[17] 1.80 0.32 - 0.12 1.26 0.25 - 0.04 1.61 0.22 - 0.07

SeaS 1.88 0.34 0.04 0.18 1.27 0.26 0.02 0.06 1.95 0.30 0.06 0.09

Table 2. Comparison on combining generated anomalies with synthesis-based anomaly detection methods across multiple datasets.

Segmentation
Models

MVTec AD VisA MVTec 3D AD

Image-level Pixel-level Image-level Pixel-level Image-level Pixel-level
AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU

DRAEM [41] 98.00 98.45 96.34 97.90 67.89 66.04 60.30 86.28 85.30 81.66 92.92 17.15 22.95 13.57 79.16 90.90 89.78 86.73 14.02 17.00 12.42

DRAEM + SeaS 98.64 99.40 97.89 98.11 76.55 72.70 58.87 88.12 87.04 83.04 98.45 49.05 48.62 35.00 85.45 93.58 90.85 95.43 20.09 26.10 17.07

GLASS [9] 99.92 99.98 99.60 99.27 74.09 70.42 57.14 97.68 96.89 93.03 98.47 45.58 48.39 39.92 92.34 96.85 93.37 98.46 48.46 49.13 45.03

GLASS + SeaS 99.97 99.99 99.81 99.29 76.82 72.38 57.45 97.88 97.39 93.21 98.43 48.06 49.32 40.00 92.95 97.38 93.21 98.73 48.55 49.28 46.02

Average [9, 41] 98.96 99.22 97.97 98.59 70.99 68.23 58.72 91.98 91.10 87.35 95.70 31.37 35.67 26.75 85.75 93.88 91.58 92.60 31.24 33.07 28.73

Average(+ SeaS) 99.31 99.70 98.85 98.70 76.69 72.54 58.16 93.00 92.22 88.13 98.44 48.56 48.97 37.50 89.20 95.48 92.03 97.08 34.32 37.69 31.55

Table 3. Comparison on combining generated normal images with unsupervised anomaly detection methods across multiple datasets.

Segmentation
Models

MVTec AD VisA MVTec 3D AD

Image-level Pixel-level Image-level Pixel-level Image-level Pixel-level
AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU

HVQ-Trans [26] 96.38 98.09 95.30 97.60 47.95 53.32 45.03 90.11 88.18 84.08 98.10 28.67 35.05 24.03 68.15 84.38 85.20 96.40 17.23 24.59 20.51
HVQ-Trans + SeaS 97.25 98.48 95.78 97.58 48.53 53.84 44.61 92.12 90.35 86.23 98.15 29.52 36.00 23.60 71.26 90.35 89.23 96.56 19.34 26.40 20.47

PatchCore [32] 98.63 99.47 98.18 98.37 56.13 58.83 49.45 94.84 95.98 91.69 98.38 48.58 49.69 42.44 83.44 94.89 92.24 98.55 34.52 39.09 39.29

PatchCore + SeaS 98.64 99.48 98.22 98.37 63.98 64.07 55.43 94.97 96.06 91.81 98.41 48.60 49.72 42.46 83.88 94.97 92.32 98.56 34.65 39.41 39.43

MambaAD [15] 98.54 99.52 97.77 97.67 56.23 59.34 51.31 94.19 94.44 89.55 98.49 39.27 44.18 37.68 85.92 95.69 92.51 98.57 37.30 41.08 39.44

MambaAD + SeaS 98.80 99.64 98.40 97.66 56.86 59.70 51.51 94.23 94.65 89.93 98.70 39.33 43.99 36.62 88.67 96.60 93.41 98.74 35.46 39.59 39.51

Average [15, 26, 32] 97.85 99.03 97.08 97.88 53.44 57.16 48.60 93.05 92.87 88.44 98.32 38.84 42.97 34.72 79.17 91.65 89.98 97.84 29.68 34.92 33.08

Average(+ SeaS) 98.23 99.20 97.47 97.87 56.46 59.20 50.52 93.77 93.69 89.32 98.42 39.15 43.24 34.23 81.27 93.97 91.65 97.95 29.82 35.13 33.14

Table 4. Comparison on trained supervised segmentation models for anomaly detection and segmentation across multiple datasets.

Segmentation
Models

Generative
Models

MVTec AD VisA MVTec 3D AD

Image-level Pixel-level Image-level Pixel-level Image-level Pixel-level
AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU AUROC AP F1-max AUROC AP F1-max IoU

BiSeNet V2

[40]

DFMGAN 90.90 94.43 90.33 94.57 60.42 60.54 45.83 63.07 62.63 66.48 75.91 9.17 15.00 9.66 61.88 81.80 84.44 75.89 15.02 21.73 15.68

AnomalyDiffusion 90.08 94.84 91.84 96.27 64.50 62.27 42.89 76.11 77.74 73.13 89.29 34.16 37.93 15.93 61.49 81.35 85.36 92.39 15.15 20.09 14.70

SeaS 96.00 98.14 95.43 97.21 69.21 66.37 55.28 85.61 86.64 80.49 96.03 42.80 45.41 25.93 73.60 87.75 85.82 90.41 26.04 32.61 28.55

UPerNet

[38]

DFMGAN 90.74 94.43 90.37 92.33 57.01 56.91 46.64 71.69 71.64 70.70 75.09 12.42 18.52 15.47 67.56 84.53 84.99 75.12 19.54 26.04 18.78

AnomalyDiffusion 96.62 98.61 96.21 96.87 69.92 66.95 50.80 83.18 84.08 78.88 95.00 39.92 45.37 20.53 76.56 90.42 87.35 88.48 28.95 35.81 25.04

SeaS 98.29 99.20 97.34 97.87 74.42 70.70 61.24 90.34 90.73 84.33 97.01 55.46 55.99 35.91 82.57 92.59 88.72 91.93 38.51 43.53 38.56

LFD

[45]

DFMGAN 91.08 95.40 90.58 94.91 67.06 65.09 45.49 65.38 62.25 66.59 81.21 15.14 18.70 6.44 62.23 82.17 85.38 72.15 9.54 14.29 14.81

AnomalyDiffusion 95.15 97.78 94.66 96.30 69.77 66.99 45.77 81.97 82.36 77.35 88.00 30.86 38.56 16.61 77.06 89.44 87.20 92.68 24.29 32.74 19.90

SeaS 95.88 97.89 95.15 98.09 77.15 72.52 56.47 83.07 82.88 77.24 92.91 43.87 46.46 26.37 78.96 91.22 87.28 91.61 40.25 43.47 39.00

Average

DFMGAN 90.91 94.75 90.43 93.94 61.50 60.85 45.99 66.71 65.51 67.92 77.40 12.24 17.41 10.52 63.89 83.83 84.94 74.39 14.70 20.69 16.42

AnomalyDiffusion 93.95 97.08 94.24 96.48 68.06 65.40 46.49 80.42 81.39 76.45 90.76 34.98 40.62 17.69 71.70 87.07 86.64 91.18 22.80 29.55 19.88

SeaS 96.72 98.41 95.97 97.72 73.59 69.86 57.66 86.34 86.75 80.69 95.32 47.38 49.29 29.40 78.38 90.52 87.27 91.32 34.93 39.87 35.37

model per product, we train a unified supervised segmenta-

tion model for all products, which is more challenging.

Anomaly image generation quality. In Tab. 1, we com-

pare SeaS with some state-of-the-art anomaly image gener-

ation methods on fidelity (IS and KID) and diversity (IC-

LPIPS and IC-LPIPS(a)). SeaS outperforms other meth-

ods in IS and IC-LPIPS, showing superior fidelity and di-

versity. It also excels in generating authentic normal im-

ages and diverse anomalies. Compared to AnomalyDiffu-

sion, which cannot generate normal images, SeaS leads in

IC-LPIPS(a). SeaS also surpasses DFMGAN in both KID

and IC-LPIPS(a). We exhibit the generated anomaly im-

ages in Fig. 5, SeaS-generated anomaly images have higher

fidelity (e.g., hazelnut crack). Compared with other meth-

ods, SeaS can generate images with different types, colors,

and shapes of anomalies rather than overfitting to the train-

ing images (e.g., foam color). SeaS-generated masks are

also precisely aligned with the anomaly regions (e.g., tooth-
brush defective). We also present the authentic generated

normal images in Fig. 6. More qualitative and quantitative

anomaly image generation results are in appendix A.6.

Combining generated anomalies with synthesis-based
AD methods. We replace the synthesized pseudo-

anomalies in DRAEM [41] and GLASS [9] with SeaS-

generated anomalies. As shown in Tab. 2, SeaS-generated

anomalies, which offer sufficient diversity, consistently im-
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Figure 7. Qualitative supervised anomaly segmentation results

with BiSeNet V2 on MVTec AD.

prove synthesis-based AD methods by suppressing false

negatives, leading to better performance across multiple

datasets. More training details are given in appendix A.3.

Combining generated normal images with AD methods.
We use SeaS-generated normal images to supplement the

training sets of existing state-of-the-art unsupervised AD

methods, the results are given in Tab. 3. Using SeaS-

generated normal images with minor local variations and

global consistency, unsupervised AD methods reduce false

positives and perform well across multiple metrics, improv-

ing industrial anomaly detection on various datasets. More

training details are given in appendix A.3 .

Training supervised segmentation models for anomaly
segmentation and detection. We generate 1,000 image-

mask pairs for each anomaly type and use them, along with

all normal images in the original training sets, to train a uni-

fied supervised segmentation model. The models are tested

on the remaining images not included in the training set. All

methods are trained using the same number of images and

the training settings, detailed in appendix A.4. As shown

in Tab. 4, the segmentation results consistently demonstrate

that our method outperforms others across all the segmen-

tation models, with average IoU improvements of 11.17%

(MVTec AD), 11.71% (VisA), and 15.49% (MVTec 3D

AD). Segmentation anomaly maps are shown in Fig. 7. Us-

ing our generated image-mask pairs to train BiSeNet V2,

there are fewer false positives in wood combined and fewer

false negatives in bottle contamination. We also use the

maximum value of the segmentation anomaly map as the

image-level anomaly score for anomaly detection, achiev-

ing gains of 2.77% (MVTec AD), 5.92% (VisA), and 6.68%

(MVTec 3D AD) in image-AUROC. More qualitative com-

parison results are in appendix A.7 and appendix A.8.

4.3. Ablation Study
We train additional models to assess the effect of each com-

ponent: (a) the model with predefined typical text prompt

with fixed generic semantic words (short for with TP in Tab.

Table 5. Ablation on the generation model.

Method
Metrics

IS IC-L AUROC AP F1-max IoU

(a) with TP 1.72 0.33 94.72 57.16 55.67 50.46

(b) w/o Mixed 1.79 0.32 95.82 66.07 64.50 53.11

(c) w/o NA 1.67 0.31 96.20 66.03 64.09 53.97

(d) w/o ST 1.86 0.33 96.44 67.73 65.23 54.99

(e) All (Ours) 1.88 0.34 97.21 69.21 66.37 55.28

5); (b) the model without mixing different types of anomaly

images in the same product; (c) the model without NA loss;

(d) the model without the second term of DA loss in Eq.

3 (short for ST in Tab. 5); (e) our complete model. We

use these models to generate 1,000 anomaly image-mask

pairs per anomaly type and train BiSeNet V2 for super-

vised anomaly segmentation. In Tab. 5, the results show

that omitting any component leads to a decrease in fidelity

and diversity of the generated images, as well as in the seg-

mentation results. These validate the effectiveness of the

components we proposed. More ablation studies on SeaS

are shown in appendix A.5.

Refined Mask Prediction branch. To verify the valid-

ity of the components in the RMP branch, we conduct ab-

lation studies on MRM, the progressive manner to refine

coarse feature (short for PM in Tab. 6) and coarse mask

supervision (short for CMS in Tab. 6). 1) the model only

with CMS, which means we do not use MRM to fuse the

high-resolution features in RMP, but directly obtain the

mask from the coarse features F̂ ∈ R
64×64×192 through

convolution and bilinear interpolation upsampling; 2) the

model with MRM; 3) the model utilizing three MRMs in a

progressive manner to refine coarse features; 4) our com-

plete model. We report the BiSeNet V2 results in Tab. 6,

which demonstrates that each component in the RMP is in-

dispensable for downstream supervised anomaly segmenta-

tion. More ablation studies about RMP are in appendix A.5.
Table 6. Ablation on the RMP branch.

Method Metrics

MRM PM CMS AUROC AP F1-max IoU

� 97.00 65.28 62.56 53.93

� 94.54 60.52 59.06 49.42

� � 94.04 62.04 59.82 50.44

� � � 97.21 69.21 66.37 55.28

5. Conclusion
In this paper, we propose a unified generation method

named SeaS. We explore an implicit characteristic that

anomalies exhibit high variability, while normal products

maintain global consistency. We design a Separation and

Sharing Fine-tuning strategy to model different variations of

normal products and anomalies, enabling the Refined Mask

Prediction branch to predict accurate masks with discrim-

inative features. Our method greatly improves synthesis-

based and supervised AD methods, and empowers super-

vised segmentation models.
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Durand, and Song Han. Fastcomposer: Tuning-free multi-

subject image generation with localized attention. arXiv
preprint arXiv:2305.10431, 2023. 2

[38] Tete Xiao, Yingcheng Liu, Bolei Zhou, Yuning Jiang, and

Jian Sun. Unified perceptual parsing for scene understand-

ing. In Proceedings of the European Conference on Com-
puter Vision, pages 418–434, 2018. 6, 7, 12, 26

[39] Jinheng Xie, Yuexiang Li, Yawen Huang, Haozhe Liu, Wen-

tian Zhang, Yefeng Zheng, and Mike Zheng Shou. Boxdiff:

Text-to-image synthesis with training-free box-constrained

diffusion. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 7452–7461, 2023. 3

[40] Changqian Yu, Changxin Gao, Jingbo Wang, Gang Yu,

Chunhua Shen, and Nong Sang. Bisenet v2: Bilateral net-

work with guided aggregation for real-time semantic seg-

mentation. International Journal of Computer Vision, 129:

3051–3068, 2021. 6, 7, 12, 26

[41] Vitjan Zavrtanik, Matej Kristan, and Danijel Skočaj. Draem-
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