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Abstract

In this paper, we introduce the task of unified anomaly de-
tection and classification, which aims to simultaneously de-
tect anomalous regions in images and identify their specific
categories. Existing methods typically treat anomaly detec-
tion and classification as separate tasks, thereby neglect-
ing their inherent correlation, limiting information shar-
ing, and resulting in suboptimal performance. To address
this, we propose UniADC, a Unified Anomaly Detection
and Classification model that can effectively perform both
tasks with only a few or even no anomaly images. Specifi-
cally, UniADC consists of two key components: a training-
[free controllable inpainting network and a multi-task dis-
criminator. The inpainting network can synthesize anomaly
images of specific categories by repainting normal re-
gions guided by anomaly priors, and can also repaint few-
shot anomaly samples to augment the available anomaly
data. The multi-task discriminator is then trained on these
synthesized samples, enabling precise anomaly detection
and classification by aligning fine-grained image features
with anomaly-category embeddings. We conduct exten-
sive experiments on three anomaly detection and classifi-
cation datasets, including MVTec-FS, MTD, and WFDD,
and the results demonstrate that UniADC consistently out-
performs existing methods in anomaly detection, localiza-
tion, and classification. The code is available at ht tps :
//github.com/cnulab/UniADC.

1. Introduction

Image anomaly detection aims to train models to detect
and localize anomalous regions within images. It has nu-
merous practical applications and has attracted growing re-
search interest in recent years [5, 22, 37, 40]. Anomaly
classification further categorizes detected anomalies, which
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Figure 1. Task settings for unified anomaly detection and classi-
fication. (a) Zero-shot: training with a few normal samples and
prior knowledge for each anomaly category. (b) Few-shot: train-
ing with a few normal samples and few-shot anomaly samples per
category. (c) Inference: UniADC predicts anomaly scores and cat-
egories for query images.

aids in assessing anomaly severity and facilitating root-
cause analysis. Existing studies [13, 23] typically treat
anomaly classification as a downstream task of anomaly
detection, in which the detected anomalous regions are
cropped into sub-images and then fed into a separate clas-
sification model. This two-stage pipeline ignores the in-
herent connection between anomaly detection and classi-
fication, and hinders information sharing across the two
tasks. Moreover, missed and over detections during the de-
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Figure 2. Comparison of UniADC with alternative methods on the
MVTec-FS dataset. UniADC demonstrates superior performance
over existing methods in Anomaly Detection (AD), Anomaly Lo-
calization (AL), Anomaly Classification (AC), and Pixel-level
Anomaly Classification (PAC).

tection stage, as well as the difficulty in selecting appropri-
ate anomaly score thresholds, pose a series of challenges
for subsequent classification. As a result, such methods of-
ten suffer from high implementation complexity and subop-
timal performance, limiting their practicality in real-world
scenarios.

In this paper, we integrate anomaly detection and clas-
sification tasks and address them with a unified model. We
propose zero-shot and few-shot settings for unified anomaly
detection and classification, both extending the widely stud-
ied few-shot anomaly detection task [&, 14, 20, 36]. Few-
shot anomaly detection provides only a small number of
normal samples for model training, thereby reducing data
collection costs, and has been widely applied in industrial
[8, 14, 20] and medical [11, 45] fields. This setting is highly
aligned with anomaly classification tasks in which available
data is limited. Building upon this, the zero-shot anomaly
detection and classification task does not provide additional
anomaly samples for model training, but instead offers prior
knowledge about anomaly categories, such as textual de-
scriptions or shape information. This setting simulates real-
world scenarios where collecting anomalous data is chal-
lenging. Differently, the few-shot anomaly detection and
classification task provides a small number of anomaly sam-
ples for each category during model training, simulating
practical scenarios where anomalous data is limited. Fur-
ther explanation of the two settings is provided in Fig. 1.

To address the above tasks, we propose UniADC, a uni-
fied model for anomaly detection and classification, which
tackles the challenge of scarce anomalous data through con-
trollable image inpainting. It consists of two key compo-
nents: a training-free controllable inpainting network and
a multi-task discriminator. The controllable inpainting net-
work consists of a pre-trained latent diffusion model [26]
and an inpainting control network [44], enabling control-
lable inpainting guided by either anomaly priors or anomaly
samples. Specifically, anomaly prior-guided controllable
inpainting synthesizes category-specific anomalous images
by repainting normal regions according to the provided
prior knowledge of anomalies, whereas anomaly sample-

guided controllable inpainting refines and repaints few-shot
anomalous samples to enhance data diversity. In addi-
tion, we propose a category consistency selection strategy
to filter synthetic anomaly samples that are highly consis-
tent with the target category. The multi-task discriminator
is trained on these synthetic anomaly samples and lever-
ages the powerful generalization capability of the existing
vision-language models such as CLIP [25] or dino.txt
[16, 30] to achieve end-to-end anomaly detection and clas-
sification. As shown in Fig. 2, UniADC comprehensively
outperforms existing methods in anomaly detection, local-
ization, and classification, particularly strengthening the re-
liability of defect categorization. Our main contributions
are summarized as follows:

* We introduce the task of unified anomaly detection and
classification, which has broad application prospects yet
remains underexplored. To this end, we propose Uni-
ADC, which enables accurate anomaly detection and
classification under both zero-shot and few-shot settings.

* We propose a controllable inpainting network that can
generate category-specific anomaly samples conditioned
on either anomaly prior or few-shot anomaly images,
without additional training. This enables broad appli-
cability across various anomaly detection and classifica-
tion tasks, serving as an effective alternative to existing
anomaly synthesis methods.

» Extensive experiments on the MVTec-FS [23], MTD
[12], and WFDD [3] demonstrate the effectiveness
of UniADC and highlight its potential for real-world
anomaly detection and classification applications.

2. Related Work

Few-shot Anomaly Detection. Few-shot anomaly de-
tection methods train models using only a small number of
normal samples and often rely on the general knowledge
of foundation models to overcome the challenges posed
by limited data. WinCLIP [14] employs the CLIP model
[25] and aligns image patches with normal and anomalous
prompts via sliding windows, enabling anomaly detection
and fine-grained anomaly localization. PromptAD [20] in-
troduces prompt learning to enhance the alignment process
and refine decision boundaries. AnomalyGPT [Z] feeds the
query images and their anomaly scores into an LLM for
anomaly inspection, eliminating the dependency on deci-
sion thresholds. It is worth noting that some existing meth-
ods also incorporate certain prior knowledge of anomalies
to improve anomaly detection. For example, PromptAD
[20] employs textual descriptions of each anomaly category
to improve detection accuracy. AnomalyGPT [8] prede-
fines the expected appearance of query images and poten-
tial anomaly types. AnoGen [9] constrains the size range of
synthesized anomalies according to their types. In contrast,
the proposed UniADC leverages anomaly prior knowledge
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Figure 3. Overview of the proposed UniADC pipeline, which consists of a training-free controllable inpainting network and a multi-
task discriminator. The controllable inpainting network supports two modes: anomaly prior-guided controllable inpainting and anomaly
sample-guided controllable inpainting, enabling the generation of category-specific anomaly samples under different settings. The multi-
task discriminator aligns fine-grained image features with anomaly category embeddings for accurate anomaly detection and classification.

for both anomaly detection and classification, providing a
functional extension to existing methods.

Anomaly Classification. Anomaly classification aims
to identify the categories of detected anomalous regions,
which remains highly challenging due to the scarcity of
anomaly samples. ZipAF [23] employs the AlphaCLIP
model [35] to extract region-contextual anomaly features
and adopts a zero-initialized projection to align query fea-
tures with cached anomaly features for few-shot anomaly
classification. However, it does not incorporate the anomaly
detection process, which may result in degraded perfor-
mance in practical scenarios. AnomalyNCD [13] integrates
novel class discovery methods into the existing anomaly de-
tection pipeline for anomaly detection and clustering. Re-
cent work [28] proposes a zero-shot multi-type anomaly de-
tection method, MultiADS, which trains the model to learn
cross-domain anomaly priors for anomaly classification.
However, due to the lack of targeted training, this method
struggles to identify domain-specific anomaly types, such
as identifying highly similar defects within a specific prod-
uct [12, 33, 43].

Anomaly Synthesis. Existing anomaly synthesis meth-
ods can generally be classified into zero-shot and few-shot
approaches, depending on the availability of real anomaly
data during the synthesis process [18]. Zero-shot ap-
proaches generate anomaly samples relying on predefined
data augmentation rules [19, 29], noise injection [38, 46],
or textual descriptions [34], without access to real anomaly
samples. However, the synthesized anomalies may exhibit
a distribution shift from real-world cases, limiting their ef-

fectiveness. In contrast, few-shot approaches [7, 10, 15, 32]
aim to enhance data diversity by augmenting a limited num-
ber of real anomaly samples. To the best of our knowledge,
UniADC is the first method capable of synthesizing anoma-
lies under both zero-shot and few-shot settings, thereby sig-
nificantly enhancing its applicability across a wide range of
anomaly detection and classification tasks.

3. Method

In this section, we present our proposed anomaly de-
tection and classification model, UniADC, with its overall
pipeline illustrated in Fig. 3. We first provide the problem
definition, then describe the main functionalities and im-
plementation details of the controllable inpainting network,
including anomaly prior-guided controllable inpainting and
anomaly sample-guided controllable inpainting. Finally, we
introduce the multi-task discriminator of UniADC.

3.1. Problem Definition

In few-shot anomaly detection, the model is
provided with a support set of normal samples
D" = {Xi,Xy,---,Xg,}, where K, denotes the
number of normal samples per image class. Given a
query image, the model predicts an image-level anomaly
detection score I; € [0,1] and a pixel-level anomaly
map S; € [0,1]F*W, where H and W denote the
image height and width, respectively.
and few-shot anomaly detection and classification tasks
respectively provide additional anomaly prior knowledge
and an anomaly support set for model training. Specif-

The zero-shot



ically, the anomaly support set is represented as D* =
Upenzn vy A0 ME), (X8, ME), -, (XY MY},
where ¥ denotes the number of anomaly categories, K,
is the number of samples per anomaly category, and M
denotes the binary anomaly mask. The model is further
trained to predict both an image-level classification result
I. € {0,1,---,Y} and a pixel-level classification result
S. € {0,1,--- , Y}H*W where 0 indicates the normal
class, and 1 to Y represent the Y anomaly categories.

3.2. Anomaly Prior-Guided Controllable Inpaint-
ing

This module synthesizes category-specific anomaly sam-
ples based on provided anomaly prior, making it suitable for
zero-shot anomaly detection and classification tasks. The
anomaly prior includes the shape, size, and textual descrip-
tion of each anomaly category. Shape and size are used
to generate the anomaly mask, while the textual descrip-
tion serves as a prompt to guide the synthesis of the desired
anomalous appearance. Specifically, we define eight types
of candidate masks to simulate various anomaly shapes, in-
cluding Rectangle, Line, Polygon, Ellipse, Hollow Ellipse,
Random Brush, Perlin Noise, and Foreground Mask. Except
for Foreground Mask, each type is generated at three scales:
Large, Medium, and Small. We use specific mask types for
mask generation based on the given anomaly shape and size.
For example, we specify the shape of the anomaly category
“Hole” as Ellipse, which will generate elliptical masks of
arbitrary sizes. When both shape and size priors are un-
available for an anomaly category, all mask types are used
for mask generation.

For a given normal image X and prior knowledge from
anomaly category y, we first generate an anomaly mask
MY under the shape-size constraints. Then, the latent dif-
fusion model encodes the image X and the text prompt
p¥ into latent variables z = E,(X) and zP = E;(p¥),
where E, (-) and [E;(-) denote the vision and text encoders,
respectively. We define the number of forward diffusion
steps as 7" = T - =, where T denotes the total number
of diffusion steps in the original latent diffusion model,
and v € (0, 1] controls the noise strength. A larger v in-
jects more noise into the latent variable, resulting in synthe-
sized anomalies that deviate further from the original image
distribution and exhibit more visually prominent anoma-
lous pattems. To ensure spatial consistency between syn-
thesized anomalous and the anomaly mask, we use an in-
painting control network to precisely control the locations
of the synthesized anomalies. Specifically, at each time
stept € {1,2,---,T"}, the inpainting control network ¢
predicts the conditioning variable z™ = ¢(zy, t, z, M¥) of
noisy latent z; for controlling the denoising process:

1= ‘D(Zf:t',zptzm) (1)

where W denotes the latent diffusion model, and the con-
ditioning variables zP and =™ respectively control the se-
mantics and spatial positions of the synthesized anomalies.
The inpainting control network ensures that the denoised
latent representation z, remains consistent with the original
latent z outside the masked region, while repainting only
the masked region to align with the prompt embedding zP.
Finally, the denoised latent representation zq is decoded by
decoder D(-) into the anomaly image X¥ = D(zy). In our
implementation, we adopt Stable Diffusion v1.5 [26] as the
latent diffusion model and BrushNet [17] as the inpainting
control network. Both models are trained on high-quality
and diverse data, enabling UniADC to generalize effectively
across diverse anomaly synthesis scenarios.

However, the above synthesis process does not ensure
the semantic alignment between anomaly masks and their
corresponding textual descriptions, which may lead to in-
consistencies between the synthesized anomaly samples
and their intended categories. For example, in the case of
“a broken transistor lead”, the synthesized anomaly should
be located in the lead region, rather than randomly else-
where. To this end, we propose a category consistency
selection strategy to further filter synthetic anomalous im-
ages with high category consistency, thereby eliminating
noisy samples introduced by anomaly synthesis. Given an
anomaly category y, we first generate a mini-batch of syn-
thesized samples using diverse anomaly masks, denoted as
SY = {(X7,M!)}E_,, where B is the mini-batch size.
We then adopt the AlphaCLIP model [35] to evaluate the
semantic consistency between the synthesized image-mask
pairs and the textual description of the anomaly category.
For the synthetic anomaly sample (X, A1), we calculate
its category matching score as:

exp((¥ (X3, M), ¢ (9¥)))
Zye{l,?,--- YY) exp((1, (th A{E)z Vi (pY)))

where 1, and 2); denote the vision and text encoders of
AlphaCLIP, respectively, and (-, -) denotes the inner prod-
uct. The AlphaCLIP model aligns the image region fea-
tures guided by the masks with the text embeddings. If the
synthetic anomalous region fails to match the correspond-
ing anomaly description, such as being placed in the wrong
location, the matching score decreases. In the end, we se-
lect the synthetic anomaly sample with the highest matching
score in the mini-batch &Y for discriminator training.

Py = @

3.3. Anomaly Sample-Guided Controllable Inpaint-
ing

Anomaly sample-guided controllable inpainting aims
to enrich the diversity of anomalies by repainting few-
shot anomaly samples, making it well-suited for few-shot
anomaly detection and classification tasks. Given a nor-
mal image X and an anomalous sample (X¥, MY), we first



Table 1. Comparison of UniADC with alternative methods under zero-shot anomaly detection and classification settings. T denotes methods
that use anomaly priors.

x| Method \ MV Tec-FS [23] | MTD [12] [ WEDD [3]
" | LAUC P-AUC PRO Acc mloU | FAUC P-AUC PRO  Acc mloU | FAUC P-AUC PRO  Acc mloU
InCTRL [49] 92.36 - - - - 70.34 - - - - 96.66 - - - -
PatchCore [27] 8476 9377 8244 - - 6822 7344 5950 - - 8481 9607 7062 - -
tPromptAD [20] | 91.80  95.09 87.06 - - 8627 7L70 7061 - - 9690 9710 8672 - -
1 { AnomalyGPT[8] | 9348 9592 86.60 4585 - 7191 6841 5867 27.57 - 9689 9772 8569 4576 -
$WinCLIP[14] | 9320 94.43 8647 4075 25.17 | 77.53 6926 57.58 28.69 15.10 | 9572 9394 7898 34.64 27.53
TUNADCcuzey | 9503 9633 8875 6607 3290 | 8619 80.80 77.69 5582 27.92 9701 9900 87.03 86.70 4555
TUnADCpomvoy | 9637 9611 8916 6830 35.06 | 90.09 8265 7998 5922 29.58 9808 9946 9213 B88.88 5217
InCTRL [49] 93.01 - - - - 72.07 - - - - 9736 - - - -
PatchCore [27] 8849 0443 8465 - - 6990 7507 6052 - - 8806 9635 7145 - -
{PromptAD [20] | 9395 9542 8793 - - 87.06 7353 6991 - - 97.15 9720 8681 - -
2 | { AnomalyGPT[8] | 9491 96.24 8797 5265 - 7257 7020 60.12 32.56 - 9748 9778 8575 4739 -
FWIinCLIP[14] | 9437 04.60 8695 4193 2534 | 7807 7157 5770 2990 1528 | 9650 94.16 80.19 3583 27.62
{ UniADC cuzey | 9527 9653 8852 7164 3512 | 9031 8292 7899 62.87 30.56 9755 9898 87.14 89.48 48.15
T UnADC pmvoy | 97.09  97.04 9215 7474 36.66 | 9230 8352 8122 64.15 31.85 9821 9946 9235 89.22 5338
InCTRL [49] 93.62 - - - - 73.23 - - - - 9738 - - - -
PatchCore [27] 90.75 9528 8656 - - 7140 7535 59.67 - - 8826 9721 7141 - -
{ PromptAD [20] | 9491 9592 8986 - - 88.16 7382 7149 - - 9679  97.53 8780 - -
4 | { AnomalyGPT[8] | 96.10 9642 91.09 5659 - 7438 6868 5992 4248 - 9800 97.92 8635 4824 -
TWInCLIP[14] | 95.17 9498 87.67 4269 2570 | 7890 69.84 5811 2991 16.17 | 9674 9458 8028 34.99 27.79
{UniADC(cuzey | 96.18 9647 9117 7333 3514 | 90.88 84.8%8 79.81 63.98 3120 0815 99.09 8829 00.85 4824
{ UniADC ooy | 97.65 97.36 92.68 7635 37.23  93.04 8582 8143 66.03 3375 9860 9939 9476 91.06 55.44

crop the anomalous region from X¥ based on the mask
MY, and paste it at a random location on the normal im-
age X, yielding a preliminary synthetic anomaly image Xv
and its corresponding mask M. To increase the shape
variation, we apply identical data augmentations, such as
affine transformations, to both the anomalous region and its
mask. However, at this stage, the synthesized anomalies
still suffer from limited diversity and suboptimal visual co-
herence. To improve diversity and image quality, we use
the latent diffusion model along with an inpainting control
network to repaint the pasted regions in X¥. The repainting
process is guided by simple text prompts (e.g., the name
of the anomaly category) and follows the same diffusion
and denoising procedures as described in anomaly prior-
guided inpainting. The degree of diversity and deviation
from the original anomaly is controlled by the noise factor
v. To ensure semantic consistency, we perform category
consistency selection by computing the Structural Similar-
ity Index (SSIM) [39] between the original and repainted
anomalous sub-images. These sub-images include both the
anomalous region and a fixed amount of surrounding nor-
mal context. We compute the SSIM-based category match-
ing score for each sample and retain the highest-scoring
synthetic anomaly sample for discriminator training.

3.4. Multi-task Discriminator

We train the multi-task discriminator on synthetic
anomalous samples so that it learns to align fine-grained
image features with anomaly category embeddings, en-
abling unified anomaly detection and classification. First,
we represent each synthetic anomalous sample as a 4-tuple
(X,y, My, M), where X is the synthesized anomalous im-

age, y is the anomaly category label, and AM; and M. re-
spectively denote the anomaly detection mask and classifi-
cation mask, for a pixel location (i, j) satisfying:

MGy =4 M= @)

0: ﬁ'jd(zj) =0
We employ a pre-trained vision encoder to extract multi-
scale image features {1, 22,--- , 25} = @(X), and fuse
these features into a fine-grained representation through
a feature fusion network f = 0(x1, 29, -- ,2y), where

f e RIT'*W'XC The fusion network follows a fully convo-
lutional architecture that progressively fuses intermediate-
layer features from high to low levels. We then employ a
text encoder to embed the names of anomaly categories to
obtain {g1, g2, - , gy }, where each g, € R® denotes the
embedding of the y-th anomaly category. The similarity be-
tween the anomaly category embedding g, and the feature
map f at a spatial location (h,w) is computed as:

sy(h,w) = a((f(h,w),gy)/€)

where o(-) denotes the Sigmoid function, and ¢ is a learn-
able scaling parameter. We compute the similarity score at
each spatial location and upsample the resulting similarity
matrix to the original image resolution, yielding a classifi-
cation map S, € (0, 1) "W which indicates the likelihood
of anomaly category y at each pixel. By computing classi-
fication maps for all categories, we obtain a set of classi-
fication maps {51, S2,- -+, Sy }. The pixel-level anomaly
detection map S; is then computed as the average of these
classification maps: Sg = %E;’ley. The maximum value
of S is used as the image-level anomaly detection score I ;.

4)



Table 2. Comparison of UniADC with alternative methods under few-shot anomaly detection and classification settings.

. | MVTec-FS [23] MTD [12] | WFDD [3]
K, 'K, Method

| \ | LAUC P-AUC PRO  Acc mloU | LAUC P-AUC PRO Acc mloU | LAUC P-AUC PRO  Acc mloU

PatchCore+ZipAF [27) 8476 9377 8244 5210 3730 | 6822 7344 5950 2826 2033 | 8481 9607 70.62 6175 39.10

PromptAD+ZipAF [20] | 9274 9572  88.06 49.12 3957 | 86.85 72.30 70.87 3179 28.92 | 9747  97.51 8623 6411 44.60

' WinCLIP+ZipAF [ 14] 9320 9443 8647 49.60 3439 | 77.53 6926 S7.58 3378 2423 | 9572 9394 7898 5959 37.30

AnomalyCLIPszipaF [48] | 9559 9600 87.98 5260 4025 | 76.18 7598 6954 2561 2178 | 9376 O8.59 87.58 7648 4599

UniADC (cuz) 97.69 9853 8972 8472 4862 | 8849 8241 7741 6081 3480 | 9350 98.83 92.96 9351 4876

UniADC (p1xo) 9842 9896 9226 8674 5128 | 9141 82.88 80.07 6247 3221 | 9985 99.37 94.07 9610 50.53

PatchCore+ZipAF [27] 88.49 9443 8465 56.16 3963 | 69.90 7507 6052 3015 2103 | 8806 9635 7145 6382 39.71

PromptAD+ZipAF [20] | 94.58 9566 88.93 5140 4009 | 8741 7410 71.12 3609 2978 | 9752 9774 87.01 6717 4451

1 WinCLIP+ZipAF [ 14] 9437 9460 8695 49.99 3477 | 78.07 7157 5770 3331 2454 | 9650 9416 80.19 6021 37.28

AnomalyCLIPs+ZipAF [48] | 95.94  96.12 8877 53.80 4090 | 7642  76.11 70.62 2657 21.17 | 9496 9875 87.80 7799 4649

UniADC (crz) 9835  98.63 90.64 8520 4893 | 90.70 84.49 8071 6378 3558 | 9897 09.16 94.64 9366 4971

2 UniADC (p1xo) 98,56 9890 9248 8685 5149 | 9257 8679 8317 6510 3433 | 99.87 9948 94.12 9722 5178

PatchCore+ZipAF [27] 88.49 9443 84.65 5825 4032 | 69.90 7507 6052 3471 2178 | 88.06 9635 7145 6452 41.29

PromptADsZipAF [20] | 95.16 9560 80.03 52.66 4093 | 8846 7453 7191 4389 3116 | 9775 9820 8681 6791 4525

2 WinCLIP+ZipAF [ 14] 9437 9460 8695 5176 3525 | 78.07 7157 5770 3736 27.14 | 9650 94.16 80.19 6164 37.69

AnomalyCLIPs+zipaF [48] | 95.03 9647 89.12 5293 4249 | 7672 7632 7390 3557 2481 | 9525 0873 0038 81.17 4774

UniADC (cue) 9875 9388 9331 89.88 5493 | 93.15 8620 83.36 7134 37.05 | 99.14 99.34 94.85 9490 51.06

UniADC (p1xo) 9905 9910 93.55 8872 5421 | 93.85 89.31 8578 7087 3546 | 9993 99.49 94.19 9776 51.91

PatchCore+ZipAF [27] 90.75 9528 8656 60.32 3980 | 7140 7535 59.67 3158 2192 | 8826 9721 7141 6417 4293

PromptAD+ZipAF [20] | 96.49  96.10 90.02 5521 4166 | 87.78  73.82 7149 3836 30.13 | 9757 97.83 87.80 7059 44.87

4 |1 WinCLIP+ZipAF [ 14] 95.17 9498 87.67 53.75 3598 | 7890 69.84 5811 3389 2832 | 9674 9458 8028 6359 37.59

AnomalyCLIP+ZipAF [48] | 95.98  96.67 89.77 55.07 4083 | 76.84 7622 70111 2958 2237 | 9522 9874 90.17 7888 46.97

UniADC (crz) 9857  98.55 9142 8557 5001 | 9274 8498 8215 6440 3586 | 9935 99.19 9448 9391 49.94

UniADC (p1ro) 9870 9891 9335 8683 5237 | 9332 87.12 8383 6659 34.87 | 99.87 99.45 94.59 9767 51.80

Then, the pixel-level anomaly classification result at a pixel
location (i, j) is:

argmax S,(i,7),  Sa(i,j) =7
Sc(itj) = { yE{l2, .Y} )
0, Sa(i,j) <

where 7 represents the anomaly score threshold. We use
the anomaly category with the largest pixel area in S, as the
image-level anomaly classification result 7. If all pixels in
S. are classified as normal, then [ is set to 0. We optimize
the feature fusion network using Binary Focal loss [21] and
Dice loss [24] for anomaly detection, and Cross-Entropy
loss for anomaly classification. The overall loss function is:

L= Lpocal(Sa: M) + Lpice(Sa, Ma)

6
+)“CCE({SJ-:SQ:"' ?SY]:A{C) ©

where [-,-] denotes the concatenation operation, and A is
a weight hyperparameter. The normal regions in M, are
ignored during the computation of L. Unlike prior works
[14, 20], we discard normal prompts to avoid performance
degradation caused by the severe class imbalance between
normal pixels and per-category anomalous pixels.

4. Experiments

4.1. Experimental Setup

Datasets. We conduct extensive evaluations on three
anomaly detection and classification datasets, including
MVTec-FS [23], MTD [12], and WFDD [3]. The MVTec-
FS dataset is introduced by ZipAF [23] as an extension of
the MVTec-AD benchmark [1] for anomaly classification.
It contains 15 types of industrial products, each with an av-
erage of four anomaly categories. The MTD dataset [12]

consists of 1,344 images of magnetic tiles, including five
types of anomalies. The subtle differences among these
anomalies make the classification task particularly chal-
lenging. The WFDD dataset [3] contains 4,101 images
across four types of fabrics. We reclassified the dataset by
grouping defects of the same type, resulting in an average of
three anomaly types per fabric. More details of the WFDD
dataset [3] are provided in the Appendix. Some popular
anomaly detection datasets, such as VisA [50], are excluded
from this work due to the lack of anomaly category labels.
Implementation Details. We adopt a consistent exper-
imental setup for both anomaly prior-guided and anomaly
sample-guided inpainting. Specifically, we use the DDIM
sampler [31] with 1,000 original diffusion steps. The noise
factor 7 is uniformly sampled between 0.4 and 0.6, and the
number of accelerated sampling steps is set to 10. For mask
generation, we leverage BiRefNet [47] for binary segmen-
tation to ensure that the mask is located within the fore-
ground region. We set the mini-batch size to 32 for cate-
gory consistency selection, and generate 16 samples with
a resolution of 512 x 512 per anomaly category for dis-
criminator training. For the multi-task discriminator, we
adopt two experimental settings, namely UniADC (crze)
and UniADC (p1vo), which use the CLIP ViT-L/14 [25] and
the DINOv3-based dino. txt [30] as the vision-language
backbone of the discriminator, respectively. We set both the
anomaly score threshold 7 and the loss weight A to 0.5. The
list of anomaly prior is provided in the Appendix.
Metrics. We use the Area Under the Receiver Op-
erating Characteristic Curve (I-AUC) metric to evaluate
image-level anomaly detection performance. For pixel-
level anomaly location, we use Pixel-AUROC (P-AUC) and
Per Region Overlap (PRO) [2] metrics. In addition, we
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Figure 4. Qualitative results of UniADC on the MVTec-FS dataset under zero-shot ¢, —2) and few-shot (x, —2 x,=1) settings.

report the Top-1 classification accuracy (Acc) and Mean
Intersection over Union (mloU) to evaluate image-level
and pixel-level anomaly classification performance, respec-
tively. For the “combined” category in MVTec-FS dataset
[23], we only evaluate its anomaly detection performance
and exclude it from the anomaly classification metrics, as
in previous works [13, 23].

Baselines. In the zero-shot setting, we adopt InCTRL
[49], PatchCore [27], PromptAD [20], AnomalyGPT [8],
and WinCLIP [14] as baseline methods. For AnomalyGPT
[8], we cast classification as a single-choice QA task by
prompting the model with candidate anomaly types. For
WinCLIP [14], we provide it with anomaly category de-
scriptions and compute the similarity between patch fea-
tures and anomaly category embeddings, obtaining the
anomaly classification results. In the few-shot setting, we
combine anomaly detection methods such as PatchCore
[27], PromptAD [20], WinCLIP [14], and AnomalyCLIP
[48] with the anomaly classification method ZipAF [23] as
our baseline methods. We employ the threshold selection
strategy proposed in AnomalyNCD [13] to determine the
anomaly score threshold, and fine-tune PromptAD [20] and
AnomalyCLIP [48] using few-shot anomaly samples to en-
hance their anomaly detection performance.

4.2. Experimental Results

Tables | and 2 report the anomaly detection and classifi-
cation results under zero-shot and few-shot settings, respec-
tively. In the zero-shot setting, most baselines struggle to
identify specific anomaly categories due to the absence of
real anomaly samples. Although some methods incorporate
Vision-Language Models (VLMs) or Large Language Mod-
els (LLMs) with anomaly priors, they still fail to achieve
satisfactory anomaly detection and classification perfor-

mance. In contrast, UniADC fully exploits the relevance be-
tween anomaly detection and classification, thereby achiev-
ing promising performance in both tasks. Compared to
other methods, it achieves approximately a 20% improve-
ment in classification accuracy and a 10% improvement in
mloU. Moreover, UniADC (p1no) achieves superior detec-
tion and classification accuracy over UniADC (cr1p), high-
lighting the remarkable performance of DINOv3 [30] in ex-
tracting fine-grained image features. In the few-shot set-
ting, UniADC delivers substantial performance gains, even
with only one anomaly sample per category, demonstrating
its low cost and effective data utilization. Furthermore, it
markedly outperforms other two-stage methods, showcas-
ing the benefit of unifying anomaly detection and classifica-
tion. Qualitative results in Fig. 4 further illustrate its ability
to accurately localize and classify anomalous regions un-
der various settings, emphasizing its strong generalization
capability and practical applicability.

In addition, UniADC can be extended to the setting of
full-shot normal samples, with the results provided in Ta-
ble 3. We use the unsupervised anomaly detection meth-
ods PatchCore [27], RD4AD [4], and RealNet [46], as well
as the semi-supervised method BGAD [41], in combination
with the anomaly classification method ZipAF [23] as our
baselines. When sufficient normal samples are available,
UniADC can achieve anomaly detection performance com-
parable to mainstream full-shot methods. Moreover, it sig-
nificantly improves anomaly classification performance, ad-
dressing the limitations of existing approaches in this aspect
and demonstrating its unique practical value.

Fig. 5 presents synthetic anomaly samples generated
by UniADC. By incorporating an inpainting control net-
work and reliable category consistency selection strategies,
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Table 3. Comparison of UniADC with alternative methods on the
MVTec-FS dataset using full-shot normal samples, with K, = 1.

| Detection
| FAUC P-AUC PRO | Acc

PatchCore+ZzipAF [27] | 98.77 98.76 9517 | 69.50 39.60
RD4AD+ZipAF [4] 98.89 98.54 9423 | 62.23 39.76

| Classification

mlolU

Method

RealNet+ZipAF [40] 99.60 99.02 93.71 | 67.20 43.24
BGAD+ZipAF [41] 98.80 98.24 9233 | 6562 4193
UniADC (cL1p) 98.85 98.73 9376 | 87.01 51.59
UniADC (p1no) 99.41 98.95 94.06 | 87.86 51.93
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Figure 5. Examples of synthetic anomaly samples generated by UniADC on the MVTec-FS dataset.

Table 4. Ablation results of UniADC on the MVTec-FS dataset.
L g denotes the Cross-Entropy loss, and C'C'S refers to the cate-
gory consistency selection strategy.

Setting AUC PRO Acc mloU
wio Lo | 9776 9623 8710 - R

Zero-shot wlo CCS | 95.19 96.02 8926 66.16 33.15

(Ka=2) UniADC = 97.09 97.04 9215 7474 36.66
Few-sh wio Loz | 9776 9833 8626 - R

ve‘”‘)'sv‘)‘ wlo CCS | 96.84 98.08 8856 7991 4537

o =2K=10" UniADC 9856 98.90 9248 86.85 51.49

UniADC can generate high-quality anomaly samples that
are mask-consistent, category-aligned, and visually diverse.
These properties enable UniADC to generalize well across
a wide range of anomaly detection and classification sce-
narios. A comparison with alternative anomaly synthesis
methods is provided in the Appendix.

4.3. Ablation Study

We conduct extensive experiments to evaluate the ef-
fectiveness of the UniADC components. By default, all
ablation experiments use DINOv3 [30] as the backbone
of the discriminator. Table 4 investigates the impact of
anomaly classification loss and category consistency selec-
tion on the performance of UniADC. When the anomaly
classification loss is removed, UniADC degenerates into a
standard anomaly detection model. In the zero-shot set-
ting, image-level anomaly detection performance improves
slightly, while anomaly localization performance degrades.
In the few-shot setting, all metrics decline, indicating that
incorporating the anomaly classification task does not com-
promise anomaly detection but rather enhances the robust-
ness and accuracy of anomaly detection. Moreover, Uni-

ADC exhibits consistent performance improvement across
all settings with the integration of category consistency se-
lection, highlighting its critical role in enhancing the qual-
ity of synthesized anomaly samples. More ablation experi-
ments and analysis can be found in the Appendix.

5. Conclusion

This paper integrates image anomaly detection and clas-
sification into a unified task and proposes UniADC, an in-
novative framework capable of anomaly synthesis, detec-
tion, and classification. UniADC consists of a training-free
controllable inpainting network and a multi-task discrim-
inator. The former can synthesize high-quality anomaly
samples of specific categories guided by anomaly priors or
anomaly samples, while the latter is trained on these synthe-
sized anomaly samples, achieving unified anomaly detec-
tion and classification. Extensive experiments across mul-
tiple benchmarks validate the effectiveness and superiority
of UniADC. In future work, we aim to further enhance the
versatility of our approach by extending its application to
diverse domains, such as medical image anomaly detection
and classification.
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