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Abstract—In response to the rapid evolution of products in
industrial inspection, this article introduces the cross-category
few-shot anomaly detection (C-FSAD) task, aimed at efficiently
detecting anomalies in new object categories with minimal
normal samples. However, the diversity of defects and significant
visual distinctions among various objects hinder the identification
of anomalous regions. To tackle this, we adopt a pairwise compar-
ison between query and normal samples, establishing an intimate
correlation through fine-grained correspondence. Specifically, we
propose the prioritized local matching network (PLMNet), em-
phasizing local analysis of correlation, which includes three pri-
mary components: 1) Local perception network refines the initial
matches through bidirectional local analysis; 2) step aggregation
strategy employs multiple stages of local convolutional pooling to
aggregate local insights; and 3) defect-sensitive Weight Learner
adaptively enhances channels informative for defect structures,
ensuring more discriminative representations of encoded context.
Our PLMNet deepens the interpretation of correlations, from
geometric cues to semantics, efficiently extracting discrepancies in
feature space. Extensive experiments on two standard industrial
anomaly detection benchmarks demonstrate our state-of-the-art
performance in both detection and localization, with margins of
9.8% and 5.4%, respectively.

Impact Statement—Anomaly detection (AD) plays an indispens-
able role in industrial inspection. The recent rapid evolution of
products necessitates the swift adaptation of AD models. While
existing AD research demands reestimation for novel object
categories, this article introduces a local-priority comparison
framework, enabling direct AD for novel categories through
minimal normal samples, without reestimation or fine-tuning.
With a significant increase of 9.8% in detection and 5.4% in
localization performance against previous state-of-the-art meth-
ods, this technology is ready to support fast-paced industrial
inspection by offering both minimal sample dependency and high
recognition efficiency.
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I. INTRODUCTION

ANOMALY detection (AD), aiming to identify exceptional
samples deviating from the expected patterns, boasts

wide-ranging applications across numerous domains, such as
industrial inspection [1], medical image analysis [2], and au-
tonomous driving [3]. Recent developments indicate an accel-
erated iteration in industrial products, where anomaly detection
models frequently process unseen objects from multiple classes.
There is a necessity for a unified anomaly detection model that
not only accommodates various known categories but is also
adaptable to previously unseen categories.

The unsupervised anomaly detection [5], [8], [9] trains a
model with massive normal samples for a specific object
category. Though exhibit commendable performance, their req-
uisite for numerous normal samples to estimate normal distri-
bution proves impractical in real-world production [Fig. 1(a)].
Accordingly, few-shot anomaly detection (FSAD) methods
[6], [7], [10] have been proposed, training with fewer nor-
mal samples. To reduce the demand for extensive training
samples, they either mine the feature commonalities [6] or
employ data augmentation techniques [10] to construct more
efficient estimators. Nevertheless, they still follow the one-
model-per-category paradigm, training a dedicated model for
each category. As a result, they cannot detect novel cate-
gories and fail to handle diverse categories with a unified
model [Fig. 1(b)]. However, in real-world application scenar-
ios like flexible industrial production, anomaly detection mod-
els frequently process unseen (novel) objects from multiple
classes. There is a need for a common anomaly detection model
shared among multiple categories and also generalizable to
novel categories.

To address the dual challenges, we propose the cross-
category few-shot anomaly detection (C-FSAD) task. C-FSAD
follows the one-model-multiple-categories paradigm, handling
diverse categories with a unified model and facilitating the rapid
adaptation to unseen categories. As illustrated in Fig. 1(c), once
trained on multiple seen categories, the C-FSAD model can
directly perform anomaly detection on unseen object classes.
The training set consists of an abundance of normal samples
and a minimal number of anomalous samples, under supervised
conditions. Only several normal samples from novel classes are
provided during the test, and defects are detected by directly
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Fig. 1. Task definition. Contrasting with (a) unsupervised [4], [5] and
(b) exiting few-shot anomaly detection (FSAD) methods [6], [7] that
only confined to trained classes, cross-category few-shot anomaly detection
(C-FSAD) broadens anomaly detection to unseen classes with minimal normal
samples, instead of retraining (reestimation) or fine-tuning. “m” represents
parameter memory of the model. The local-priority comparison are detailed
in Fig. 2(b). (c) C-FSAD.

comparing these samples with the test samples. In this con-
text, the diversity of defects and significant visual distinctions
between seen and unseen object categories hinder the explicit
identification of anomalous regions.

The inherent ambiguity of anomalies results in significant
diversity even within the same object category [e.g., different
textures, colors, and shapes in Fig. 2(a)]. Yet, the only com-
monality is their departure from patterns defined as normal
within their respective categories. Most existing FSAD meth-
ods [6], [7], [11] compare query samples to the normal distri-
bution, leading to unintended loss of pixel information. This
can compromise sample efficiency, essential in few-shot set-
tings. To improve sample efficiency, we adopt a direct pairwise
comparison between query and normal samples. Leveraging
fine-grained correspondence, we establish pixel-level dense cor-
relations between the samples. However, the stability of such
pairwise comparison is contested when extended to novel object
categories, especially those with pronounced deviations from
known classes. As depicted in Fig. 2(a), while scratches on
fabric are pronounced, discerning scratches on a hazelnut is
nontrivial. This underscores the complexity of pairwise com-
parison in intricate feature spaces.

Humans can effortlessly discern differences between images.
This skill is attributed to Weak Central Coherence (WCC) [12],
[13], [14], a cognitive style favoring local detail processing over
a holistic view, fostering a heightened sensitivity and deeper
understanding of the information. This offers valuable insights
for our C-FSAD research. Primarily, a local-centric comparison
can suppress global, category-specific information, facilitat-
ing cross-category generalization. Moreover, delving deep into

local nuances enhances the discernment of essential variances
like texture and color shifts, crucial for anomaly detection.
Inspired by this, we propose the prioritized local matching net-
work (PLMNet) for C-FSAD, which emphasizes local analysis
of correlation to deeply mine discrepancies in feature space.

Specifically, PLMNet, structured under the Siamese network
framework, comprises three primary components: LP network,
SA strategy, and DSWL. The local-priority comparison mech-
anism, consisting of LP and SA, operates in two stages as
illustrated in Fig. 2(b). Based on initial correlation, the LP
network performs bidirectional local analysis to enhance vi-
sual cues and enrich the comprehension of intricate features.
Subsequently, the SA strategy incrementally aggregates these
refined insights through local convolutional pooling, preserving
the crucial insights while reducing redundancy. This two-stage
process progressively deepens the interpretation of correlation,
from geometric cues to semantics. Recognizing the signifi-
cance of defect-related insights for anomaly detection [15],
[16], we incorporate limited defective samples into the train-
ing. The DSWL adjusts the final encoded features for more
discriminative representations leveraging structural character-
istics of defects. To evaluate the proposed PLMNet, we con-
duct experiments on two standard industrial anomaly detection
benchmarks: MVTec AD and MPDD, and achieve state-of-the-
art performance.

To summarize, our key contributions are as follows.
1) We introduce a new challenging C-FSAD task along with

a large-scale benchmark to support research in fast-paced
industrial inspection by performing anomaly detection on
unseen categories without fine-tuning.

2) We propose a novel PLMNet that can discern ambiguous
anomaly regions through a local-priority comparison, re-
sulting in a good adaptation capability to efficiently per-
form anomaly detection on multiple unseen categories.

3) Experiments on the MVTec-AD and MPDD datasets
show that our PLMNet outperforms the state-of-the-
art models and can serve as a strong baseline for
future research.

II. RELATED WORK

A. Anomaly Detection

Existing research mainly includes unsupervised anomaly de-
tection and semisupervised anomaly detection. However, the
diversity of real-world anomalies complicates the collection of
comprehensive anomalous samples. As a result, unsupervised
methods have become the mainstream approach. Specifically,
one-class classification methods [17], [18] map the extracted
features to hyperspherical embeddings. In contrast, flow-based
methods [5], [19] transform the normal feature into Gaussian
distribution with normalizing flow (NF). On the other hand,
reconstruction-based methods [9] typically reconstruct the data,
assuming that anomalous samples have higher reconstruc-
tion errors.

Nevertheless, learning solely from normal samples often
fails to adequately differentiate between normal and com-
plex anomalies, leading to high false positives/negatives. This
limitation stems from an insufficient understanding of actual
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Fig. 2. Motivation of PLMNet. (a) To address the diverse nature of defects, a pairwise comparison is adopted. Motivated by human visual cognition, we
further propose the local-priority comparison framework. As illustrated in (b), local-priority comparison operates in two stages: 1) local analysis deepens
critical visual cues through in-depth analysis of fine-grained details; 2) step aggregation (SA) progressively aggregates these local insights into a cohesive
perception, minimizing redundancy while preserving essential matches.

anomalies [15], [20], [21]. Semisupervised anomaly detection
(SSAD) methods [16], [20] advocate incorporating minimal
anomaly examples into training, providing essential partial
knowledge for anomaly detection despite not encompassing
all anomaly classes. DevNet [15] enables end-to-end anomaly
score learning via neural deviation learning, with the prior
probability of labeled anomalies ensuring statistical deviations.
On the other hand, DRA [16] proposes a unique categoriza-
tion of anomalies and utilizes a multihead neural network to
learn disentangled representations. Our work introduces the
C-FSAD model to overcome the extensive retraining limitations
of current AD methods for new categories. C-FSAD effec-
tively performs anomaly detection with just a single normal
sample per category, ensuring rapid adaptation without addit-
ional fine-tuning.

B. Few-Shot Segmentation

Few-shot semantic segmentation (FSS) [22], [23] aims at seg-
menting the foreground of the unseen class with a few annotated
samples. Generally, mainstream models can be divided into
prototype-based and matching-based methods. Prototype-based
methods leverage the prototypes, a semantical representation
for the support, to guide the mask prediction. PL [24] introduces
prototypical learning into the segmentation task for the first
time. Building upon this, PANet [25] proposes a prototype
alignment technique to enhance the prototype. However, a sin-
gle prototype vector may cause semantic ambiguity. PMMs [22]
proposes to generate multiple prototype vectors through an EM
algorithm. On the contrary, matching-based methods exploited
pixel-level features of support images to guide the prediction.
CyCTR [26] leverages a transformer for mining the information
of support images. HSnet [27] applies efficient 4-D convolution
to analyze deeply accumulated features. The setting of C-FSAD
and FSS both fall under the paired comparison between support

and query samples for novel class prediction, but with a focus
on defects and objects, respectively. Locating defective areas
requires further exploration of feature correlation, so our basic
framework follows the matching-based methods.

C. FSAD

Recent years have witnessed the rapid development of FSAD,
which mainly focuses on unsupervised learning (e.g., Patch-
core [28], Graphcore [6], and RegAD [11]). Patchcore [28]
introduces a memory bank method as the feasible solution
for the FSAD issue, while Graphcore [6] enhances the mem-
ory bank by incorporating rotation-invariant feature properties.
FewSOME [7] adopts a different approach, using a Siamese-
like architecture to distill shared features from nominal data.
Furthermore, Santos [29] identifies overfitting in current model
hyperparameters, indicating the potential for improved perfor-
mance through optimization. However, these works primarily
target AD in trained categories, disregarding the AD in unseen
object categories. RegAD [11] marks the first effort at anomaly
detection in novel object categories, employing registration, a
proxy task to amplify the cosine similarity of features within
identical categories. It is notable that RegAD, while effective,
can handle one category at a time. In this article, our PLMNet’s
capability to handle diverse objects addresses the limitation of
recent FSAD methods that struggle with multiple object classes,
especially those deviating significantly from known classes.

D. Multiclass Novelty Detection

Novelty Detection aims to identify samples from new, un-
seen classes, where the challenge lies in discerning clear inter-
class differences ([30], [31], [32]). Multiclass novelty detection,
known as multiple inlier single outlier problems (MISO). Mul-
tiple classes are considered as inliers and only a single class is
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Fig. 3. Overview of the prioritized local matching network. It mainly consists of a LP network (Section III-D), a SA strategy (Section III-E), and a DSWL
(Section III-F).

deemed novel. GANomaly [33] focuses on high-dimensional
image generation and latent space inference using conditional
generative adversarial networks. Deep-embed [34] proposes a
novel framework that combines discriminative and generative
embeddings to compute novelty scores. On the other hand,
NLN [32] leverages the reconstruction error and latent-neighbor
distances of nearest neighbors in the latent space to improve
the performance of autoencoder models. The key challenge of
MISO is to distinguish between multiple inlier classes and a
single outlier class. Conversely, the proposed C-FSAD requires
a model to discern subtle defect features across multiple novel
categories, emphasizing both adaptability and generalization.

III. METHOD

A. Problem Setup

C-FSAD aims to perform anomaly detection on multiple
novel categories. It involves training on Ctrain classes and testing
on a distinct test set comprising Ctest classes. Training sets and
testing sets are disjoint to object classes, denoted respectively as
Dtrain and Dtest. Data is fed into the network in pairs, consisting
of two sets: the query set Q= (Iq,M

q), where Mq represents
the query mask and the support set (Is). During training, given
the query and support set (Iq, Is) from Dtrain, the model learns
the differences between the support and test image to map
the mask Mq. During testing, it uses the learned model for
evaluation without further optimization.

B. Overall Architecture

As depicted in Fig. 3, our PLMNet comprises three pri-
mary components: the LP network (Section III-D), the SA
strategy (Section III-E), and the DSWL (Section III-F). Ini-
tially, we compute the multilayer correlations between the
input pairs (Iq, Is). Subsequently, the LP network and SA
strategy jointly perform the local-priority comparison process
on correlation tensors to produce the encoded context. Each

pipeline is demonstrated in one-shot setting. The loss function
for PLMNet is further elaborated upon in Section III-G, and in
Section III-H, we explain how the model can be easily extended
to the K-shot setting.

C. Correlation Construction

The dense connections between support and query samples
provide initial feature similarity measurement, serving as the
preparation for local comparison analysis. Inspired by semantic
matching approaches, we leverage intermediate layers of the
backbone network, rich in feature representations, to construct
multilevel feature correlations. The backbone network consists
of L semantic layers, and the lth semantic layer contains nl lay-
ers of intermediate features. Specifically, input a pair of support
image and test image (Iq, Is) to the backbone network, N =
∑4

l=2 nl pairs of intermediate feature maps in 2nd, 3rd, and 4th
semantic layers are extracted. We further calculate the cosine
similarity of the obtained feature

{
F i
q , F

i
s

}N

i=1
is to construct

multilevel feature correlations
{
Ci

}N

i=1
, Ci ∈ R

(Hi,W i,Hi,W i).
A pair of query and support features at each intermediate layer
forms a 4-D correlation tensor Ci ∈ R

(Hi,W i,Hi,W i) using co-
sine similarity

Ci(xq, xs) = Relu

(
F i
t (x) · F̂ i

s(x)

||F i
t (x)|| ||F̂ i

s(x)||

)

(1)

where xq and xs represent the spatial locations of the feature
maps F i

q and F i
s , respectively. ReLU is used to suppress match-

ing noise. The correlations from the same semantic layer are
collected to form the correlations of lth semantic layer Cl. We
denote the set of intermediate layers indices in the lth seman-
tic layer as θl, i.e, θl ⊆ {1, 2, . . . , N},|θl|= nl.

{
Ci

}
i∈θl

are
concatenated along channel dimension to form the correlations
of lth semantic layer Cl ∈R(nl,H

l,W l,Hl,W l). Eventually, the
multilevel feature correlations are constructed and denoted as
C = {Cl}4

l=2.
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Fig. 4. (a) Two branches, performing local analysis from distinct perspec-
tives, complement and reinforce each other to enrich the comprehension of
visual information. (b) Building blocks in LP network:

{
fLP
l

}4
l=2. Notably,

conv1_l and conv2_l share identical structures. “GN” denotes group normal-
ization with four groups.

D. LP Network

To enhance local-level perception, the LP network employs
a dual-branch structure, performing bidirectional feature re-
finement and subsequent interaction of correlation tensors.
This bidirectional refinement ensures that features are compre-
hensively compared from both perspectives. As illustrated in
Fig. 4(a), each Query to Support (QS) and Support to Query
(SQ) branch operates independently, with their outputs mutu-
ally interacting for a holistic and in-depth understanding.

1) The QS Branch: The QS branch primarily consists of
a local relearning block: LrnQS, along with two Dimension
Transformation operations: fDT and f IDT, which are inverse
operations mutually. The Local Relearning block LrnQS serves
to refine the correlation based on the local receptive field, and
the operations fDT and f IDT aim to transform the correlation
representation space, enabling effective comparison. The over-
all process for the ith pyramid layer can be described as

C
(q→s)
l = f IDT(LrnQS(fDT(Cl))). (2)

Specifically, fDT involves swapping and merging certain di-
mensions of the input correlation, facilitating subsequent local
analysis. Formally given by

fDT : R(nl,H
l
q,W

l
q,H

l
s,W

l
s) → R

(Hl
q×W l

q,nl,H
l
s,W

l
s). (3)

Next, LrnQS, comprising of 2-D convolution, group normal-
ization, and ReLU activation, conducts an in-depth, local-based
analysis. In details, LrnQS increases the channel counts while
preserving the spatial shape [R(Hl

q×W l
q,8,H

l
s,W

l
s)]. On the one

hand, maintaining spatial constancy ensures the retention of
critical detail information. On the other hand, the augmented
channel count bolsters the expressive capacity. Subsequently,
the dimension transformation function f IDT is applied to the
correlation tensors, acting as the reverse of fDT. This step is

critical in reverting the refined correlation C
(q→s)
l to its original

spatial configuration.
2) The SQ Branch: This branch contrasts the QS branch

with the perspective by viewing the query image from the
support image. The dimensional permutation operation, T , is
utilized to swap the positions of the query and support in the
correlation space. T is added to both the head and the tail
of this branch. Initially, T shifts the reference from the query
side, C(x_q, x_s), to the support side, C(x_s, x_q). At the end,
T switches the perspective back to the query side, to enable
interaction with the QS branch output. This whole process of
this branch can be formalized as

C
(q←s)
l = T (f IDT(LrnSQ(fDT(T (Cl))))). (4)

Specifically, the initial correlations first undergo the dimen-
sion permutation, expressed as

T : Cl ∈ R
(nl,H

l
q,W

l
q,H

l
s,W

l
s) → CT

l ∈ R
(nl,H

l
s,W

l
s,H

l
q,W

l
q) (5)

where T rearranges the 1st, 2nd and 3rd, 4th dimensions of
Cl to generate the transposed correlation CT

l . Subsequently,
CT

l sequentially traverses through fDT, the Local Relearning
block LrnSQ, and f IDT as outlined earlier. It’s notable that LrnSQ

and LrnQS, despite having identical architecture, learn indepen-
dently from each other. Subsequently, we apply the T operation
once more to revert the correlation order and acquire the output
of the SQ branch.

After independent comparative analysis in both directions,
we combine the output from two branches to interactively
enhance the feature correlation. Combining the unilaterally
adjusted correlation: C(q→s)

l and C
(q←s)
l , we calculate the mu-

tually enhanced correlation as following:

C
(q↔s)
l = C

(q→s)
l + C

(q←s)
l . (6)

E. SA Strategy

SA strategy performs a progressive aggregation of refined lo-
cal insights to construct the encoded features, applying multiple
stages of local convolutional pooling to down-sample support
dimensions. As depicted in Fig. 5(b), SA networks adopt a pyra-
midal architecture. For the ith pyramid layer, the aggregation
process can be formulated as

Cl
map = DC(STAl(DM(C

(q↔s)
l ))). (7)

Initially, we apply a dimension merge operation DM to merge
the 2nd and 3rd dimensions of input C(q↔s)

l , which facilitates
subsequent aggregation. Formally represents as

DM : R(8,Hl
q,W

l
q,H

l
s,W

l
s) → R

(8,Hl
q×W l

q,H
l
s,W

l
s). (8)

Subsequently, the SA process embarks on a progressive ag-
gregation of local features, learning and encoding intricate asso-
ciations among them. More precisely, it compresses the 3rd and
4th dimensions of correlation to obtain a more compact feature
representation. Each layer of STAl contains a specific number
of blocks, with each block comprising a sequence of 2-D convo-
lution, GroupNorm, and ReLU. Subsequently, we decompose
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Fig. 5. (a) SA strategy progressive aggregates refined local insights through
a dimensional reduction within the support domain. (b) Building blocks in
SA strategy:

{
fSA
l

}4
l=2, “g” denotes the number of groups utilized in group

normalization.

the 2nd dimension to reestablish the original dimensions of the
analyzed correlation

DC : R(8,Hl
q×W l

q) → R
(8,Hl

q,W
l
q). (9)

Ultimately, we obtain the encoded context for lth layer.
Similarly, a series of comparative features

{
Cl

map

}4

l=2
has

been obtained. Subsequently, two outputs from adjacent pyra-
midal layers are consolidated by elementwise addition after the
spatial dimensions of the previous layer are upsampled by a
factor of two, similar to the FPN. This process is illustrated
in Fig. 3. We sequentially fuse the features from 4th, 3rd and
2nd layers to form the encoded context, a 2-D feature map,
i.e., Cmap ∈ R

(8,H2
q,W

2
q)), a compact, multilayer representation

of comparison results.

F. Defect-Sensitive Weight Learner

To maximize the defect-related knowledge in Dtrain, the
DSWL prioritizes informative channels using structural priors
(e.g., texture and shape). The specific structure is depicted in
Fig. 3. During training, DSWL refines channel weights W by
evaluating the channelwise discrepancies between query mask
Mq and the comparison-based map Cmap. For compatibility
in spatial size and channel dimensions, the query mask Mq ∈
R

(Hq,Wq) is resized to (H2,W 2) and expanded to eight chan-
nels, aligning with the Cmap ∈ R

(8,H2,W 2). Posttraining, DSWL
applies these learned weights toCmap for enhanced defect detec-
tion. Specifically, the channelwise distance is computed using
the structural similarity index (SSIM) [35], denoted as

D(Cmap,Mq) = SSIM(Cmap,Mq). (10)

Notably, DSWL prioritizes structural priors to offer localized
cues. Consequently, the luminance component, which mainly
evaluates average pixel similarity, is excluded from the SSIM
computation due to its limited relevance. The DSWL derives

channel weights W directly from the Cmap through a Learner
network composed of a global convolution and a sigmoid layer.
Finally, the computed distance, denoted as Wgt, is used to guide
the learning of W with the MSE loss

LDSW(Wgt,W ) = MSE(Wgt,W ). (11)

Finally, the learned channel attention W is applied to the en-
coded context Cmap.

G. Loss Function Design

The proposed PLMNet is optimized through two Loss func-
tions: LSeg, LDSW. LSeg, the segmentation loss, is computed as
the cross-entropy between the predicted map M̂ and the query
mask Mq , formally defined as

LSeg(M̂,Mq) = LCE(M̂,Mq). (12)

The predicted map M̂ ∈ R
(2,H2,W 2), is produced through a

decoder network, the structure of which is illustrated in Fig. 1.
This decoder network consists of sequential 2-D convolutional
layers, ReLU activation functions, upsampling layers, and a
softmax function. Meanwhile, LDSW quantifies the discrepancy
between the learned channel weight W and the target weight
Wgt, which is evaluated using the SSIM metric as detailed in
Section III-F. The final total loss, LTotal, is a weighted sum of
LSeg and LDSW, with weights α and β respectively, as follows:

LTotal = αLSeg(M̂,Mq) + βLDSW(Wgt,W ). (13)

H. Extension to K-Shot Setting

Given K support images S =
{
Iks

}K

k=1
and a query image

Iq , our model can easily extend to K-shot setting by perform-
ing K forward passes to get corresponding mask predictions{
M̂

}K

k=1
. We get anomaly scores for every pixel location by

calculating the mean value over all the K predictions. Pixels
with anomaly scores exceeding the threshold of 0.5 are des-
ignated as anomalous, while those beneath this threshold are
considered normal.

IV. EXPERIMENTS

This section elaborates on the experiments’ details, including
experiment settings, results, and analysis. Section IV-A presents
the dataset and experimental protocol. Section IV-B presents the
evaluation metrics and comparison methods we choose. In Sec-
tion IV-C, we describe the implementation details. Section IV-D
analyzes the results of our method. Section V demonstrates the
ablation study.

A. Experimental Protocol

To evaluate the models’ adaptability to multiple unseen
classes, the C-FSAD setting involves training each model on
multiple known categories, which is then tested across various
unseen categories. Specifically, for the testing set comprising
Ctest classes, we employ a single unified model for each, which
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TABLE I
DATASET PARTITION RESULTS OF MVTEC-AD

50 51 52 53 54

Toothbrush Grid Tile Leather Hazelnut
MVTec-5i Metalnut Capsule Zipper Transistor Screw

Carpet Bottle Pill Cable Wood

is trained on a training set with Ctrain classes. The proposed
PLMNet is evaluated on two real-world industrial anomaly
detection datasets: MVTec-AD [36], encompassing 5354 high-
resolution images across 15 categories, and the recently intro-
duced MPDD [37], featuring anomaly detection in the painted
metal part fabrication with six classes.

1) MVTec-AD: We implement a 5-fold cross-validation, as
outlined in [27], [38], dividing the dataset into fivefolds, with
each fold comprising three distinct classes. The partitioning
details are in Table I, with each fold denoted as MVTec-5i.
For each fold, the model was trained on the aggregated data of
the 12 classes and then tested on the remaining three classes, en-
suring nonoverlapping classes. The training uses a 5:1 normal-
to-anomalous sample ratio with random defect selection.

2) MPDD: To demonstrate the robustness of our method to
domain shift, we experiment with cross-dataset generalization
following the recent work of [39] and [26]. Specifically, we
evaluate MVTec-trained PLMNet on each class of MPDD.

We primarily evaluate in a one-shot setting to highlight the
rapid generalization. Moreover, to assess the impact of synthetic
versus real defects on performance, we experiment using syn-
thetic defects in PLMNet following [40].

B. Baselines

For a comprehensive evaluation, we compare PLMNet
against 11 typical baseline methods: one FSAD model (Re-
gAD [11]), two few-shot segmentation models (HSnet [27],
IPMT [41]), two segmentation models (DeepNetV3+ [42], PSP-
Net [43]), two saliency detection methods (CPD [44], BASNet
[45]), one Camouflage detection (SINet [46]), and three mul-
ticlass novelty detection (GANomaly [33], deep-embed [34],
NLN [32]). To achieve a fair comparison with RegAD, we
perform the reestimation with support samples before gen-
eralizing to new classes as mentioned. Multiclass supervised
novelty detection models are trained with normal samples on
known categories. For novel categories, we implement fine-
tuning using a limited number of normal samples and classify
all anomalies as outliers.

The primary metric used in anomaly detection is the area un-
der the receiver operating characteristic curve (ROC AUC). We
adopt image-level AUC for classification accuracy, pixel-level
AUC for segmentation precision, and per-region overlap (PRO)
for region-level performance. Image-level AUC is derived from
the true positive rate of correctly identified anomalies versus the
false positive rate of misclassified normal images. Pixel-level
AUC is obtained by comparing the pixel-by-pixel anomaly map
against the ground truth. Instead of treating every pixel inde-
pendently, region-level metrics PRO averages the performance

over each connected component of the ground truth. The PRO
can be computed as

PRO =
1
N

∑

i

∑

k

|Pi ∩ Ci,k|
|Ci,k|

(14)

where Ci,k denotes the set of pixels marked as anomalous
for a connected component k in the ground truth, and Pi

denotes the set of pixels predicted as anomalous. For PRO, the
detection of smaller anomalies is considered equally important
as the detection of larger ones. For MVTec-AD, the mean area
under the receiver operating characteristic curve (AUROC) is
computed over categories for each fold and then across folds.
For MPDD, it is computed per object category and averaged
over the six categories.

C. Implementation Details

To ensure fair comparisons, the ResNet50 [47] backbone,
pretrained on ImageNet [48], is consistently utilized across ex-
periments. In (13), the loss proportions are specified as α= 0.7
and β = 0.3. The network optimization utilizes the Adam [49]
algorithm with a learning rate of 1e− 3, and image spatial
dimensions are set to 512. All experiments are conducted on a
server equipped with four 3090 GPUs, each handling four input
pairs at a time.

D. Results and Analysis

1) K-Fold Cross-Validation on MVTec-AD: To evaluate
PLMNet’s generalization and robustness over novel classes, we
conduct a comprehensive evaluation, integrating both numerical
metrics and qualitative visualizations. Table II summarizes the
results on unseen categories, while Table III details the results
for categories included in the training. Meanwhile, Fig. 6 graph-
ically illustrates the metrics for each unseen category. 1) Gener-
alization. Table III reveals that PLMNet outperforms competing
methods in trained categories, particularly in terms of average
AUROC at the pixel and region levels, with margins of 2.3%p
and 1.8%p compared to HSNet [27]. This might be attributed to
PLMNet’s feature-capturing ability and keen sensitivity to local
details. Moreover, Table II demonstrates PLMNet’s superior
performance on unseen categories, boasting enhancements of
9.8%p image and 5.6%p pixel AUROC, compared to RegAD
[11]. While the registration proxy task utilized by [11] con-
tributes to cross-category adaptability, its emphasis on global
registration loss potentially neglects critical localized features.
These suggest that PLMNet effectively handles both familiar
and novel categories, displaying remarkable adaptability and
generalization capabilities. Fig. 6 further reveals our advantage
across nearly all unseen classes, demonstrating PLMNet’s ro-
bust adaptability in diverse anomaly detection scenarios. Fur-
thermore, Fig. 7 visually displays the anomaly localization
prowess, highlighting PLMNet’s improved segmentation pre-
cision and reduced false positives in nonanomalous regions.
2) Robustness. In further experiments where real defects are
substituted with synthetic ones, our method continues the SOTA
results, underscoring its robustness in Cross-Category anomaly
detection, without an exclusive dependence on genuine defect
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TABLE II
ONE-SHOT ANOMALY DETECTION PERFORMANCE ON UNSEEN CATEGORIES ACROSS DIFFERENT FOLDS ON MVTEC-5i

Methods Fold 1 Fold 2 Fold 3 ... Fold 5 Average

Img Pixel PRO Img Pixel PRO Img Pixel PRO Img Pixel PRO Img Pixel PRO

DeepNetV3+ [42] 73.9 70.0 56.1 59.1 83.3 45.1 64.8 65.1 48.7 51.1 79.1 49.7 62.2 74.6 56.7
PSPNet [43] 87.4 76.3 65.1 55.2 85.3 50.3 79.6 80.4 48.1 60.2 80.4 39.8 70.6 85.6 70.4
CPD [44] 64.9 84.0 78.2 56.8 88.0 60.5 62.5 90.0 78.0 55.0 80.6 68.8 59.8 88.2 68.7
BASNet [45] 56.2 64.4 39.9 54.7 82.6 54.8 52.6 76.6 51.2 52.7 88.0 93.9 53.4 78.0 53.9
SINet [46] 70.6 88.5 76.0 61.1 82.4 43.2 65.4 77.5 70.2 58.8 78.5 57.7 64.0 81.7 63.6
HSNet [27] 93.8 98.2 92.5 85.4 92.6 86.0 86.2 91.8 87.9 ... 71.9 91.6 75.3 84.3 93.6 83.9
IPMT [41] 94.9 97.5 91.7 83.4 88.5 84.1 86.8 90.9 86.1 69.8 88.6 73.6 83.7 91.4 82.4
RegAD [11] 84.3 91.5 85.4 78.8 86.3 81.6 80.8 94.3 88.3 80.2 94.6 81.2 80.8 91.7 84.1
GANomaly [33] 68.4 75.1 59.8 67.2 68.8 58.5 80.2 81.3 76.3 63.7 76.6 51.2 65.7 80.3 59.7
Deep-embed [34] 79.1 83.1 69.6 82.7 86.1 74.2 81.5 84.1 70.3 71.9 73.5 60.2 78.9 83.6 73.2
NLN [32] 86.7 83.1 85.3 78.9 85.6 83.9 93.5 86.0 81.5 76.4 78.9 86.4 81.1 85.4 80.2
PLMNet 95.4 98.3 94.6 89.3 96.3 90.5 90.7 97.2 91.1 82.7 96.3 84.1 89.6 97.0 88.2
PLMNet† 92.4 94.6 92.4 84.6 94.9 87.1 83.7 96.5 89.8 72.2 93.5 79.7 83.3 94.8 86.3

Note: The best results are in bold while the second best are underlined. PLMNet† denotes PLMNet trained with an equal number of synthetic defects
as mentioned in Section IV-A. “Img” and “Pixel” represent the mean image-level and pixel-level AUROC.

TABLE III
ONE-SHOT ANOMALY DETECTION PERFORMANCE ON TRAINED CATEGORIES ACROSS DIFFERENT FOLDS ON MVTec-5i

Methods Fold 1 Fold 2 Fold 3 ... Fold 5 Average

Img Pixel PRO Img Pixel PRO Img Pixel PRO Img Pixel PRO Img Pixel PRO

DeepNetV3+ [42] 81.2 83.2 73.2 68.6 73.2 58.2 82.3 86.2 78.4 80.2 86.4 83.2 75.2 82.6 71.2
PSPNet [43] 92.4 94.3 86.5 67.4 73.5 69.9 88.5 94.4 90.2 68.9 91.4 83.4 80.1 92.6 76.5
CPD [44] 78.9 91.0 84.1 76.2 89.2 67.2 69.5 87.6 82.1 66.3 83.6 74.8 77.8 92.2 79.2
BASNet [45] 77.5 82.3 73.6 79.2 82.6 68.2 63.6 71.6 67.2 52.7 85.1 87.9 76.4 82.1 67.3
SINet [46] 85.6 90.5 76.0 69.1 82.4 77.2 80.4 82.3 76.1 61.8 71.5 62.7 79.2 82.7 78.9
HSNet [27] 98.2 99.2 93.1 92.4 95.7 89.2 89.1 93.7 89.2 ... 91.9 98.6 89.1 93.3 96.6 90.5
IPMT [41] 99.2 99.4 94.2 91.2 96.3 89.7 94.7 93.4 87.3 78.8 82.6 88.1 92.1 94.7 89.4
RegAD [11] 97.8 99.1 92.8 93.8 95.2 87.6 94.4 98.1 88.3 89.2 94.6 87.9 94.2 93.1 86.1
GANomaly [33] 77.4 87.1 67.3 78.1 67.8 65.1 83.2 82.3 78.3 72.7 74.1 61.2 78.7 84.3 68.4
Deep-embed [34] 84.1 86.2 74.6 83.7 87.1 89.2 89.5 92.4 80.1 78.2 78.1 67.8 87.9 89.4 87.1
NLN [32] 95.2 93.1 88.1 84.6 84.4 89.4 93.3 86.8 82.1 89.1 81.9 87.4 91.1 92.4 85.2
PLMNet 99.4 98.9 93.6 95.1 98.9 92.4 97.5 97.2 95.1 86.7 98.1 88.5 94.9 98.9 92.3
PLMNet† 94.2 97.2 94.0 92.6 98.2 89.2 90.4 91.0 92.1 80.1 98.3 82.8 87.9 95.3 88.7

Note: Bold entries indicate the best results.

Fig. 6. Image-level AUROC on MVTec-AD across each category (one-shot). Darker colors represent better performance.

data. This robustness may stem from our direct comparison in
the correlation space, enhancing sensitivity in distinguishing
anomalous regions, contrary to other FSAD methods [6], [7]
that calculate distances in the distribution space, potentially
losing critical information inherent in direct features.

2) Domain Shift (MVTec → MPDD): As outlined in Sec-
tion IV-A, we conduct cross-dataset experiments from MV
Tec-AD to MPDD dataset. As detailed in Table IV, trained

without data augmentation, PLMNet maintains state-of-the-art
performance in the presence of large domain gaps, achieving a
7%–20% AUC-PR improvement compared to other methods.
Impressively, PLMNet also boasts the shortest inference times
(0.17 s), exceeding that of [11] and [45] by factors of 14 and
10.7, respectively. These attributed to their resource-intensive
processes, for RegAD, the reestimation and data augmentation
overheads, and BASNet, its intricate architecture centered on
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Fig. 7. Visualization of competing methods and PLMNet on MVTec-AD (one-shot).

TABLE IV
DOMAIN SHIFT RESULTS

Methods One-Shot Five-Shot Aug Times(s)Img Pixel Img Pixel
DeepNetV3+ [42] 57.6 84.7 67.8 83.5 3 0.36

PSPNet [43] 60.5 89.2 75.3 88.7 0 0.41
CPD [44] 59.2 86.1 73.9 87.5 3 0.37

BASNet [45] 53.3 83.7 71.2 85.6 2 1.82
SINet [46] 56.4 87.1 68.3 83.1 2 0.36
HSNet [27] 69.2 90.6 76.1 89.2 0 0.19
IPMT [41] 66.8 88.6 74.8 88.7 2 0.31

RegAD [11] 65.2 85.6 70.3 85.3 9 2.48(0.39)
GANomaly [33] 49.7 76.3 52.3 79.4 2 0.76
Deep-embed [34] 58.9 80.1 67.8 83.5 0 0.46

NLN [32] 64.4 84.1 71.4 86.4 0 0.28
PLMNet 76.1 91.9 81.8 92.6 0 0.17

PLMNet † 78.1 96.3 77.9 91.7 0 0.17

Note: The “Aug” signifies the number of applied data augmentation.
In the notation, 2.48(0.39), 0.39 s is the data augmentation time,
and 2.48 s is the total inference time. Bold entries indicate the best
results.

global image contrast. Notably, our model particularly excels in
pixel-level analyses, achieving a substantial 5.6%–13.2% AUC-
PR improvement over multiclass novelty detection methods.
This underscores PLMNet’s exceptional capability to detect
fine-grained, localized defects. In contrast, multiclass novelty
detection methods focus primarily on broader, macroscopic fea-
ture variations among object categories, a strategy that proves
less effective for defect detection.

TABLE V
ABLATION STUDY TO EXPLORE THE CONTRIBUTION OF LP NETWORK,

SA STRATEGY, AND DEFECT-SENSITIVE WEIGHT LEARNER

LP SA DSWL One-Shot Five-Shot
Img Pixel Img Pixel
82.2 89.7 83.6 91.6

� 85.6 93.5 87.2 93.1
� 83.3 91.6 85.6 92.5

� 84.9 92.3 86.2 93.9
� � 87.2 94.8 89.6 95.2

� � 86.3 95.2 88.8 95.7
� � 88.6 96.3 90.5 97.2
� � � 89.9 97.1 91.2 98.1

Note: Bold entries indicate the best results.

V. ABLATION STUDY

In this section, we conduct a comprehensive ablation study
to validate the contributions of major modules in our model.
Furthermore, we evaluate the impact of defective samples in
terms of both quantity and source. All ablation experiments are
performed with K-fold cross-validation on MVTec-AD.

A. Ablation Analysis of Main Components

To validate the contributions of the major components in
our model, we selectively turn these modules on (�) or off
(×) and present the experimental results in Table V. It reveals
that activating the LP network alone enhances the AUROC
by 3.4%p at the image level and 3.8%p at the pixel level.
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Fig. 8. Ablation study on LP network on MVTec-AD [36] dataset in
one-shot (left) and five-shot (right) detection results. “GP” applies global
transformers as feature learning units instead of local convolutions. “LP†”
removes the query-to-support branch.

Fig. 9. Visualization of the LP Network ablation study.

Omitting the SA strategy does not significantly impact the re-
sults, while the inclusion of DSWL notably boosts performance
by 2.7%p for image-level and 2.6%p for pixel-level AUROC.
Individually, LP improves detail-focused learning, and DSWL
effectively adjusts channel significance. The limited effect of
feature aggregation suggests the sufficiency of the features from
localized processing.

B. LP Network

Fig. 8 shows a significant performance decline when the LP
network is substituted with global transformer blocks, high-
lighting the efficacy of local processing in anomaly detection.
Over-reliance on global analysis, as demonstrated in Fig. 9,
leads to higher misjudgment rates and incorrect segmentations
due to unintended integration of category-specific information.
Additionally, Fig. 8 indicates improved matching accuracy with
enhanced dual-branch interaction, emphasizing the importance
of branch synergy in anomaly localization. The dual-branch
structure, as shown in Fig. 9, effectively facilitates precise
anomaly detection and a more nuanced understanding of de-
fects. This supports the adoption of dual-branch structures for
improved accuracy and detailed analysis in anomaly detec-
tion tasks.

Fig. 10. Parameter sensitivity analysis. (a) Effect of depths in building
blocks:fSA

l . We use output sizes after the building blocks as proxies to reflect
depth variations. (b) Impact of channel count in DSWL.

Fig. 11. Visualization of feature channels in the encoded context. The
second and third rows display feature channels with the highest and lowest
scores, learned by DSWL.

C. SA Strategy

We experiments with varying number of 2-D conv layers in
the building blocks: fSA

p . Fig. 10(a) plots one-shot results on the
MVTec-AD, the x-axis represents the postconvolution output
size (indirectly reflecting the number of 2-D conv layers). It
reveals that appending additional 2-D convolution layers in the
building blocks provides a clear performance increase. How-
ever, when the output size attains 1/128 of the original image
dimensions, the performance stabilizes. We, therefore, deploy
stacks of 2-D layers [4], [4,2], and [4,2,2] for the 4th, 3rd, and
2nd layers, respectively.

D. Defect-Sensitive Weight Learner

To thoroughly evaluate the DSWL, we conduct ablation stud-
ies on channel count and visualization experiments on encoded
features. In Fig. 10(b), as the channel count increases, per-
formance improves but plateaus at eight channels, indicating
redundant additions beyond this. Consequently, we ascertain
eight as the optimal channel count. In Fig. 11, channels with
the highest scores closely reflect defect structures, capturing
significant defect information. In contrast, lower-score channels
focus more on backgrounds or nondefect details. This obser-
vation indicates a channel preference for defect features, with
DSWL adeptly prioritizing these pertinent channels to boost
generalization.
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TABLE VI
ABLATION EXPERIMENT ON THE NUMBER OF ANOMALOUS SAMPLES

(5) [1/30] [1/20] [1/10] [1/5] S[1/5] S[1/10]

One-shot Img 86.0 88.0 88.3 88.9 89.9 84.6 83.2
Pixel 95.9 96.5 96.3 96.6 97.1 94.4 93.3

Five-shot Img 86.8 89.7 89.9 90.3 91.2 85.5 84.7
Pixel 95.1 96.2 97.1 97.6 98.1 96.1 95.6

Note: (5) denotes five actual defective samples for each class. [1/5]
presents a ratio of anomalous samples to normal ones at 1:5 for each
category in the training set. So as [1/10], [1/20], [1/30]. S[1/5] and
S[1/10] indicate synthetic defect samples. Bold entries indicate the
best results.

E. Discussion on Anomalous Samples

To assess our model’s robustness to anomalous samples, we
adjust authentic defect counts and substitute them with synthe-
sized ones as per [40]. As depicted in Table VI, when trained
on synthesized defects equivalent in number, the performance
significantly trails those trained on actual defects (e.g., from
[1/5] to S[1/5], the detection AUROC drops by 6%, and the
segmentation AUROC drops by 2.7%). It reveals the limitations
of current synthetic anomaly generation methods, which lack
the inherent complexity and diversity of real-world anomalies.
Remarkably, with just five samples per class, PLMNet outper-
forms [11] by 4–6%p AUROC, demonstrating its efficiency
in leveraging limited defect samples, which is a significant
advantage given the scarcity of high-quality defect samples in
real-world settings.

VI. CONCLUSION AND DISCUSSION

This article tackles the novel and challenging task of
C-FSAD, which holds significant implications for visual in-
spection in flexible industrial production. Specifically, we pro-
pose a novel PLMNet, discerning ambiguous defect regions and
performing anomaly detection on unseen categories effectively.
PLMNet features an innovative LP module for detailed analysis
in the correlation space, coupled with a SA module to syn-
thesize local insights into an encoded context. This context is
further refined through a defective-sensitive learner module, en-
hancing the discernment of subtle feature discrepancies. Our ex-
periments, utilizing a limited number of real defective samples,
reveal valuable information of even limited real defects, a fact
previously underexplored in FSAD research. Comprehensive
evaluation results confirm the superiority of the proposed
PLMNet, with an approximate 10% AUC-PR improvement
over existing FSAD methods on two industrial anomaly
detection datasets.

A. Potential Applications

This section discusses several potential applications that
could benefit from the research of C-FSAD.

1) Visual Inspection in Flexible Industrial Production: In
the context of flexible manufacturing systems that are required
to produce different types and quantities of products with mini-
mal reconfiguration, the challenge of multiclass anomaly detec-
tion holds significant importance [3], [50]. Anomaly detection
models must learn to differentiate between normal and defective

regions across multiple categories [7]. C-FSAD methods offer
a crucial solution by rapidly learning the definition of normalcy
with minimal samples.

2) Obstacle Detection for Autonomous Driving: In the
context of autonomous driving, obstacle detection is critical
for ensuring the vehicle’s and passengers’ safety. While the
perception of autonomous vehicles performs well under closed-
set conditions, they struggle to handle the unexpected [3], [51].
C-FSAD can be leveraged to detect obstacles in complex and
diverse driving scenarios, enabling the system to adapt to new
types of obstacles quickly, and enhancing the robustness of
obstacle detection in autonomous driving applications.

B. Future Research Directions

In this part, we discuss potential research directions for ad-
vancing C-FSAD.

1) Vision-Language Anomaly Detection: In the C-FSAD
task, we address anomaly detection in novel classes using a
limited number of support images. However, this constraint on
visual data can hinder performance in new categories [52], [53].
Several researches ([54], [55]) suggest that incorporating text
input can effectively support zero-shot anomaly detection. Our
future research will consider integrating textual data to improve
model performance in FSAD with limited visual information.

2) Anomaly Detection From Imbalanced Data: Due to
the scarcity of anomalous samples, anomaly detection datasets
typically show imbalanced data distribution, with certain cat-
egories possessing only a few defective samples. Data imbal-
ance presents a considerable obstacle in anomaly detection, as
models must rapidly adapt and mitigate the issue of memory
retention, especially when faced with the sparse training data
typical of long-tailed categories ([15], [16], [56], [57]). Despite
these challenges, addressing this issue holds substantial practi-
cal value and merits further effort.
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