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Abstract

Feature matching methods for unsupervised anomaly de-
tection have demonstrated impressive performance. EXxist-
ing methods primarily rely on self-supervised training and
handcrafted matching schemes for task adaptation. How-
ever, they can only achieve an inferior feature representa-
tion for anomaly detection because the feature extraction
and matching modules are separately trained. To address
these issues, we propose a Differentiable Feature Match-
ing (DFM) framework for joint optimization of the fea-
ture extractor and the matching head. DFM transforms
nearest-neighbor matching into a pooling-based module
and embeds it within a Feature Matching Network (FMN).
This design enables end-to-end feature extraction and fea-
ture matching module training, thus providing better fea-
ture representation for anomaly detection tasks. DFM
is generic and can be incorporated into existing feature-
matching methods. We implement DFM with various back-
bones and conduct extensive experiments across various
tasks and datasets, demonstrating its effectiveness. Notably,
we achieve state-of-the-art results in the continual anomaly
detection task with instance-AUROC improvement of up to
3.9% and pixel-AP improvement of up to 5.5%.

1. Introduction

Anomaly detection is critical for various industrial ap-
plications, where identifying deviations from normal pat-
terns can prevent failures and ensure quality control. Fea-
ture matching-based methods like SPADE [11] and Patch-
Core [37] have emerged as significant advancements in this
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field, notably achieving excellent results on multiple key
metrics on unsupervised anomaly detection settings. How-
ever, several practical limitations hinder their widespread
application in some real scenes: Reliance on pre-trained
backbones without adaptation for downstream tasks, es-
pecially failing to utilize available real anomalous sam-
ples. This issue also hampers the model’s performance in
the continual setting, where adaptation to new classes over
time is essential; Inefficiency in few-shot scenarios due to
the frozen backbone and oversimplified nearest neighbor
matching, which necessitate the construction of a memory
bank with abundant samples to maintain performance; The
feature extraction and matching modules are optimized sep-
arately, resulting in incompatibility.

These shortcomings cause two main issues: feature
adaptation and feature matching. Various methods have
been proposed to address these problems [4, 21, 22, 49].
However, as shown in Fig. 1(a), the adaptation strategies of
mainstream methods involve training the feature extractor
with proxy tasks using the self-supervised framework but
fail to supervise the encoder aiming for anomaly detection
directly. Furthermore, the improvements in feature match-
ing are handcrafted and static, hindering their flexibility to
the extracted features as shown in Fig. 1(b). This leads to a
discrepancy between feature extraction and feature match-
ing for anomaly detection. In other words, feature matching
should involve the feature learning process and, at the same
time, should also be tailored to the extracted features.

To build a direct connection between feature adaptation
and feature matching, we introduce the Differentiable Fea-
ture Matching (DFM) method shown in Fig. 1(c), which in-
tegrates feature extraction and feature matching in the same
framework for anomaly detection and segmentation. This
design allows for an end-to-end feature extractor and match-
ing head training. Specifically, we transform the widely
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Figure 1. Comparison of different task adaptation approaches for feature-matching-based anomaly detection models. (a) The
feature adaptation is implemented with self-supervised methods such as contrastive learning, which detaches from the ultimate goal of
anomaly detection and segmentation. (b) Feature matching algorithm improvements are handcrafted and static, limiting their adaptability
and performance. (c) Our proposed pipeline, where the feature extraction and matching modules are integrated into a single model, enables
end-to-end optimization, thus providing better feature representation and matching schemes.

used nearest neighbor matching into a pooling-based mod-
ule and embed it into a Feature Matching Network (FMN).
The FMN performs a learnable transformation on the simi-
larity matrix between the test image and the memory bank,
thereby enabling more flexible feature matching. Unlike
handcrafted feature matching methods, our approach em-
phasizes the matching learning process, thus enabling the
model to capture the connections among features. As shown
in Fig. 1(c), the gradient can be further propagated to the
feature extractor, allowing direct supervision for anomaly
detection and segmentation instead of proxy tasks.

Our framework can be incorporated into existing feature
matching-based models, and we use PatchCore [37] as the
base model by default. As an extension of PatchCore [37],
our method preserves strong performance in unsupervised
anomaly detection. Due to its learnable nature, we can uti-
lize either real or synthetic anomalous samples for further
adaptation in downstream tasks. To demonstrate the effec-
tiveness of our approach, we conduct experiments in three
settings where adaptation of the feature extractor is crucial:
supervised anomaly detection, few-shot anomaly detection
and continual anomaly detection. In the supervised setting,
the model is trained with a small number of real anomalous
samples. We employ anomaly synthesis techniques, such as
CutPaste [23], to generate artificial anomalous samples for
the other two settings where real anomalous samples are un-
available. Training with these augmented synthetic anoma-
lous samples is particularly effective in a few-shot scenario,
where our approach significantly outperforms the original

PatchCore [37]. Our method achieves state-of-the-art per-
formance in continual anomaly detection with an instance
AUROC of 96.9% and a pixel AP of 51.1%. We attribute
the excellent performance of our methods to effective fea-
ture adaptation and matching methods. The contributions
of this paper are summarized as follows:

* We propose a novel differentiable feature-matching
framework, DFM, which integrates the feature extraction
and matching modules into a single model. This design
paves a new avenue for anomaly detection model training
by jointly optimizing the feature extraction and matching
modules end-to-end.

* Combined with generated anomalous samples, our pro-
posed end-to-end optimization enhances the model’s ca-
pabilities across various tasks, including few-shot and
continual anomaly detection.

* Our method achieves state-of-the-art performance in the
continual anomaly detection task with instance AUROC
improvement of up to 3.9% and pixel AP improvement of
up to 5.5% over the prior art.

2. Related Work

2.1. Industrial Anomaly Detection

Anomaly detection is an important task in industrial man-
ufacture, which aims to detect anomalous images with un-
usual patterns. Existing studies mainly focus on unsuper-
vised anomaly detection, with only normal samples avail-
able during training, while both normal and anomalous
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samples are included during testing.

Reconstruction-based approaches  [10, 20, 52] are
widely studied with advancements in generative models
such as VAE [27, 28], GAN [3, 42], Normalizing Flow [35,
38] and Diffusion [48, 54]. These methods are devel-
oped based on the foundational concept that a generative
model, trained on normal samples, learns to accurately re-
construct normal data while failing to reconstruct anoma-
lies [30]. Some research also considers anomaly detection a
One-Class Classification (OCC) problem and tries to find a
hypersphere or superplane to distinguish abnormal images
from normal ones. Representative methods include SVDD
and its variants [39, 40, 51] and OCSVM [43]. Further
improvements for OCC-based methods incorporate tech-
niques such as saliency detection [5], Fourier transforma-
tion [31], and data augmentation [23]. Teacher-student ar-
chitecture [6, 41, 47, 50] demonstrates strong performance
in unsupervised anomaly detection tasks. In essence, a stu-
dent model simulates the output of the teacher model in nor-
mal images during training. Significant discrepancies occur
between the student and teacher models in anomalous im-
ages during inference, thus enabling anomaly detection.

In addition to unsupervised anomaly detection, several
other related tasks have been proposed and widely stud-
ied, including few-shot anomaly detection and continual
anomaly detection [26]. These settings are often closer to
real-world scenarios than unsupervised settings. Few-shot
anomaly detection leverages only a small number of nor-
mal samples during training and is particularly meaning-
ful for data collection and labeling [26]. Representative
works in few-shot settings include registration-based [16]
and Vision-Language-Model-based methods [18]. Con-
tinual anomaly detection requires models to incrementally
adapt to new anomalous classes, which mirrors real-world
scenarios where manufacturing requirements evolve over
time [25]. Most approaches in this area build on unsuper-
vised anomaly detection techniques, such as reconstruction-
based [45] and feature-matching-based methods [1].

2.2. Anomaly Detection via Feature Matching

Feature matching-based anomaly detection methods match
features of test images to prototypes in a memory bank
and evaluate the anomaly degree of test features via the
Euclidean distance between test features and prototypes.
SPADE [11] is an early work that stores all features of
training images and uses nearest-neighbor matching to find
proper prototypes of pixel features. PatchCore [37] reduces
the memory bank size through coreset sampling[2] and uses
patch aggregation when extracting features, marking a sig-
nificant milestone in anomaly detection. Some methods
optimize PatchCore by replacing the vanilla nearest neigh-
bor matching with more efficient and effective matching
algorithms. For example, CPR [24] designs a cascade

matching algorithm to find more precise prototypes, and
FAPM [21] constructs multiple patch-wise and layer-wise
memory banks to improve inference speed and matching
accuracy. Generally, most feature matching-based meth-
ods extract image features using a frozen backbone, like
WideResNet [53] and ViT [14]. However, a frozen back-
bone may be biased and unsuitable for anomaly detection.
To address this issue, some works [17, 22, 46, 51, 55]
adopt self-supervised learning to extract target-oriented fea-
tures. For instance, CFA [22] and Patch-SVDD [51] en-
courage features of normal images to be clustered within
hyperspheres. At the same time, other methods [1, 17, 55]
adopt a contrastive learning target for task adaptation. How-
ever, these learning targets are based on intuitively designed
proxy tasks and may not align perfectly with the optimal
anomaly detection and segmentation target.

3. Methodology

3.1. Feature Matching Network

We review the nearest neighbor matching algorithm com-
monly used in traditional feature matching-based ap-
proaches [11, 37]. A pre-trained feature extractor extracts
pixel features for an input image. Then, the distance to the
nearest features in a pre-built memory bank for each pixel
feature is calculated as the pixel-level anomaly score. The
maximum of all pixel-level anomaly scores is taken as the
image-level anomaly score. This process can be mathemat-
ically expressed as follows:

Sij = min |[Pi; —mllz, (D)

Sijs 2

5= max
1<i<H,1<j<W
where P; ; and S; ; represent the feature and anomaly score
of pixel spatially located at (7, j) respectively. s denotes the
image-level anomaly score, and M signifies the memory
bank constructed from training images. The vanilla match-
ing process is overly simplified and will be ineffective in
certain situations. For example, the same distance might
indicate varying degrees of anomaly for different features.
Additionally, pixels with normal appearance but abnormal
position cannot be identified as anomalies. To address these
issues, we propose a learnable matching module to enhance
matching capability. To this end, we reformulate the near-
est neighbor matching algorithm as a matrix operation and
two-stage pooling:
Sim; j; = ||Pi; — Mgl[2, Sim € R¥*WxL  (3)
S = MinPooling(Sim), S € R¥*W 4)
s = MaxPooling(S), seR Q)
Here P € RTXWXD and M € RE*P denotes features
of one test image and features in memory bank respectively.

We embed the above formulation into our Feature Match-
ing Network (FMN) as shown in Fig. 2. We also treat the
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Figure 2. Pipeline of our proposed DFM. We replace nearest neighbor matching with a Feature Matching Network(FMN), which consists
of a matching layer, two-stage pooling, and two learnable modulate layers. This design enables end-to-end optimization of the feature
extractor and FMN. We insert learnable adapters into the feature extractor to facilitate efficient feature adaptation, tuning only these
adapters during training. The adapters and modulate layers are initialized with identity transformation, and the matching layer is initialized
with a memory bank, retaining the original capability of the base model at the start of training.

memory bank as parameters of the matching layer in FMN,
which corresponds to Eq. (3). At the same time, nearest
neighbor matching is replaced by two pooling layers, which
correspond to Eq. (4) and Eq. (5). We insert two modu-
late layers before the two pooling layers to enable flexible
matching. The two learnable layers can be any modules
that preserve the input shape, such as linear layers, convo-
lutional layers, or self-attention layers, and we use linear
layers by default. To ensure training stability, we initial-
ize modulate layers as identity transformation, making the
FMN equivalent to the nearest neighbor matching algorithm
at the start of training.

The intuition behind FMN is that the Sim matrix cap-
tures the similarity between the test image and the stored
features, _ all the information needed to deter-
mine the normality of the test image. Simple pooling oper-
ations, however, may discard valuable information. There-
fore, the two learnable layers are designed to extract richer
information from the Sim matrix. To illustrate further, con-
sider a linear transformation as the simplest form of these
layers. If the transformation matrix is diagonal, the diago-
nal elements can act as scaling factors, accommodating dif-
ferent thresholds for feature distance. Alternatively, when
the transformation matrix represents a convolution opera-
tion, it can aggregate neighboring features, similar to the
re-weighting trick proposed in PatchCore [37].

3.2. End-to-End Optimization of Feature Extractor

As FMN builds a differentiable connection between fea-
ture extraction and feature matching module, it allows end-
to-end optimization of the feature extractor with anomaly
detection and segmentation results. This approach circum-

vents the need for proxy self-supervised training tasks and
builds a direct connection between feature adaptation and
anomaly detection. To improve training efficiency, we in-
sert adapters into the pre-trained feature extractor and fine-
tune the adapters only during training. The overall model
architecture is shown in Fig. 2. Similar to modulate layers
in FMN, adapters in the feature extractor are initialized as
identity transformation to prevent degeneration at the start
of training. The training objective can be supervised or un-
supervised, as discussed in the next section.

As explained in the previous section, the memory bank
can be considered a parameter within the model; thus, it can
also be trained. The rationale is that the features extracted
from normal images with static feature extractor and sam-
pling operation may not always be the most appropriate pro-
totypes for anomaly recognition, particularly in restricted
scenarios with few samples. The initial memory bank is
constructed by extracting features from the frozen encoder,
followed by coreset sampling [2] as in PatchCore [37].

Although the model is designed to be end-to-end, simul-
taneously optimizing the feature extractor and FMN may
not yield optimal results. Continuous changes in the ex-
tracted features can result in unstable inputs to the FMN,
leading to training instability. To address this issue, we em-
ploy a two-stage iterative training process. In the first stage,
we optimize only the feature extractor to adapt the feature
extractor for downstream tasks. In the second stage, we
optimize the FMN. This approach ensures that our model
starts with a baseline equivalent to PatchCore [37] but be-
comes more flexible and powerful with learnable feature ex-
traction and feature matching modules.
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3.3. Training Paradigm

Training with supervised target. The learnable nature
of our method enables the utilization of available anomaly
samples in real-world scenarios, which cannot be used in
traditional feature matching-based methods [11, 37]. Addi-
tionally, we can generate artificial anomalous samples using
techniques like CutPaste [23]. Suppose we have anomaly
dataset I, = {I'|]l < i < N,} and normal dataset
I, = {Ii|1 <i < N,}, we use targets coming from SVDD
loss [40] and deviation loss [32] for training:

N,
1 - :
* i
Edetec :F E maX(O, Sdetec — Sa)
a .
=1

1 Ny,
+N7nizzl||5il_,unorm||ly (6)

where s* denotes the anomaly score of i-th image and s,
represent reference score, encouraging the model to focus
on hard samples i.e. anomaly samples with a low score.
Lnorm 1S the mean score value of normal samples used to
cluster normal scores. For simplicity, the reference score is
defined as s}, = /8 - max(s}) where /3 is a scaling factor
set between -O-and-with-a-default value of 0.9.

When segmentation masks for anomaly images M, =
{M{ € REXW|1 < 4 < N,} are available, we can in-
corporate a segmentation loss, similar to the detection loss,
into the training objective, which is formulated as follows:

N,
1 - i * i
Lseg = W ZM(" . HlaX(O, Sseg — Sa) (7)
i=1
where s%., and S, € R¥*W denotes the reference score

anomaly score for segmentation respectively, and we set it
as (3 times the maximum pixel-level anomaly score. The
complete supervised training target is expressed as follows:

»Csup = )\delec . L:delec + >\seg : ﬁseg~ (8)

Training with unsupervised target. In the unsuper-
vised target, we use only normal samples for training, an
effective practice. Compared to existing self-supervised
methods that exclude anomalous samples, our loss function
is calculated directly from detection and segmentation re-
sults, thereby providing more accurate supervisory signals.
The unsupervised training target is formulated as follows:

N,

1 ’
_ 7 *
ﬁunsup —N § maX(O, Sn ™ Sdelec)
n .
i=1

N,
1 - : *
+m Zl maX(O, S’:l — Sseg> (9)

In our two-stage interactively training, we use an unsu-
pervised learning objective in the first stage for preliminary
adaptation and a supervised learning objective with real or
artificially generated anomaly samples in the second stage
for further adaptation.

4. Experiment

4.1. Implementation Details

Datasets. Our experiments utilize MVTec AD [7] and VisA
[55] datasets. The MVTec AD dataset comprises 15 differ-
ent categories with 3629 images in the training set and 1725
images in the testing set. Only normal images are available
in the training set, while the testing set includes both normal
and anomalous images. VisA dataset consists of 12 differ-
ent object types and 10821 images, including 9621 normal
samples and 1200 anomalous samples. For supervised set-
ting, we adhere to the official split of the VisA dataset, using
a total of 5773 normal images and 720 anomalous images
for training. We use the VisA dataset in the supervised set-
ting, while other experiments are conducted on the MVTec
AD dataset. Results for continual and few-shot settings on
VisA and additional datasets are provided in the appendix.

Metrics and Baselines. For anomaly detection, we re-
port the Instance-level Area Under the Receiver Operat-
ing Characteristic (I-AUROC) in accordance with the lit-
erature [11, 37]. For anomaly segmentation, we report
the pixel-wise AUROC (P-AUROC) and pixel-wise Aver-
age Precision (P-AP), similar to the evaluation of anomaly
detection. For continual anomaly detection, we addition-
ally employ the Forgetting Measure (FM) to assess the
model’s performance, following the methodology outlined
in previous works [1, 25]. We mainly compare our method
against feature-matching-based methods [11, 22, 37, 49].
Besides, we incorporate comparison with other representa-
tive methods in specific settings like WinCLIP [18] in few-
shot anomaly detection and DNE [25] in continual anomaly
detection. Given that our approach is built upon PatchCore
[37], a direct comparison with it is particularly significant.

Experiment settings. In all experiments, we use ViT-
B/16 from CLIP [34] as the feature extractor, and the output
of the 6th block as extracted patch features following [1]
unless otherwise specified. Additional experiments utiliz-
ing different feature extractors are presented in the ablation
study. In default, we employ linear layers for the adapter
and modulate layers in FMN. The default size of the mem-
ory bank is set to 196 x 768, following [1]. All experiments
are conducted on a single NVIDIA RTX-3090.

4.2. Results of Continual Anomaly Detection

Continual anomaly detection [ 1, 25, 45] requires the model
to learn to detect anomalies of different object categories
incrementally. The challenge lies in effectively integrating

15228


RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线

RunPanda1021
下划线


Classes CFA [22] PaDiM [12] SPADE[11] DNE [25] PatchCore [37] UCAD [I] DFM
Bottle 309,680 45.8,7.20 30.2,12.2 99.0, - 53.3,8.70 100,75.2 | 99.7,76.8
cable 48.9,5.60 54.4,3.70 44.4,5.20 61.9, - 50.5, 4.30 75.1,29.0 | 94.8, 50.6

capsule 27.5,5.00 41.8,3.00 52.5,4.40 60.9, - 35.1,4.20 86.6,34.9 | 99.6, 24.1
carpet 83.4,27.1 454,230 52.9,11.7 98.4, - 86.5, 40.7 96.5,62.2 | 99.9,77.1

grid 57.1,0.40  70.4,0.60 46.0, 0.40 99.8, - 72.3,0.30 94.4,18.7 | 99.0, 22.8
hazelnut | 90.3,34.1  63.5,18.3 41.0,51.2 924, - 95.9,44.3 99.4,50.6 | 97.7,47.9

leather 93.5,39.3  41.8,3.90 57.7,26.4 100, - 85.4,35.2 100, 33.3 | 100, 43.2

metal_nut | 46.4,25.5 44.6,15.5 59.2,18.1 98.9, - 45.6, 18.9 98.8,77.5 | 100, 69.0
pill 52.8,8.00 44.9,4.40 48.4, 6.00 67.1, - 51.1,5.80 89.4,63.4 | 98.3,57.6
screw 52.8,1.50 57.8,1.40 51.4,2.00 58.8, - 62.6, 1.70 73.9,21.4 | 76.5,24.2
tile 76.3,15.5  58.1,9.60 88.1,9.60 98.0, - 74.8,12.4 99.8,54.9 | 98.2,62.3
toothbrush | 51.9,5.30  67.8,4.40 38.6, 4.30 93.3, - 60.0, 2.80 100,29.8 | 99.7, 33.1
transistor | 32.0,5.60  40.7,4.90 62.2,5.00 87.7, - 42.7,5.30 87.4,39.8 | 93.2,50.1
wood 92.3,28.1  54.9,8.00 89.7,17.2 93.0, - 90.0, 27.0 99.5,53.5 | 98.6,58.1
zipper 98.4,57.3  85.5,45.2 94.9, 53.1 95.8, - 974, 60.4 93.8,39.8 | 98.7,51.1

average | 62.3,17.7  54.5,8.60 57.1,15.1 87.0, - 66.9, 18.1 93.0,45.6 | 96.9, 51.1

avg FM | 36.1,830  36.8,36.6 28.5,31.9 11.6, - 31.8,34.3 1.00,1.30 | 1.50, 1.30

Table 1. Instance AUROCT (left), Pixel AP7 (right), and corresponding FM| on MVTec AD dataset after training on the last subdataset.
The best results are highlighted in bold. Our method achieves SOTA accuracy in both Instance AUROC and Pixel AP.

continual learning with anomaly detection. To apply DFM
to continual scenarios, we employ a similar framework in
UCAD [1]. To be more specific, we train adapters for each
class and extract features of each class using a frozen back-
bone to form class-specific features. During inference, we
distinguish between different classes by extracting features
of the test image with a frozen encoder and retrieving the
adapter corresponding to the nearest class-specific features.
Although UCAD [1] also proposes to adapt frozen back-
bone in a continual setting, it utilizes contrastive learning
with proxy tasks instead of direct supervision from anomaly
detection and segmentation, resulting in inferior feature rep-
resentation. The results presented in Tab. | indicate that our
model achieves state-of-the-art accuracy in I-AUROC and
P-AP, demonstrating the effectiveness of our framework for
adapting feature extractors in continual anomaly detection.

4.3. Results of Few-Shot Anomaly Detection

In the few-shot setting, the training dataset comprised a lim-
ited set of normal samples, specifically 1, 2, 4, or 8 instances
in our experiments. As shown in Tab. 2, We achieve clear
improvement compared to the original PatchCore [37] in all
shots. We attribute the inferior performance of PatchCore
to its frozen backbone and static matching algorithm, which
are ineffective in extracting appropriate features when train-
ing samples are limited, as discussed in GraphCore [49]. In
contrast, our method provides an effective way to adapt a
frozen backbone to restricted downstream tasks. Across all
shots, our method demonstrates performance equivalent to
or surpassing methods specially designed for few-shot sce-
narios like GraphCore and WinCLIP [18] in anomaly de-

tection and segmentation, demonstrating the effectiveness
of our approach.

4.4. Results of Supervised Anomaly Detection

Existing feature matching-based methods cannot utilize a
small number of anomalous samples present in real-world
scenarios, which we have proven to be very useful. As
shown in Fig. 3, a small number of real anomalous samples
can greatly improve the model’s performance, achieving ap-
proximately 4% higher accuracy than the original Patch-
Core in both I-AUROC and P-AP. Additionally, we com-
pare the effectiveness of real anomalous samples and artifi-
cial anomalous samples generated through CutPaste [23].
As shown in Fig. 3, real anomalous samples are signifi-
cantly more beneficial, especially in the later epochs, where
the performance gap between the model trained with real
anomalous samples and the model trained with artificially
generated anomalous samples keeps widening.

instance auroc

ixel a
0.900 0.22 P P

0.895 1
021
0.890
08859 020
0.880 |
0.875 1
0.870 1

0.865 1

epochs
0.860 - T T y y y 0.17 T T T y y
0 10 20 30 40 50 0 10 20 30 40 50

epochs

cutpaste  —§— supervise original

Figure 3. Instance AUROCT and Pixel AP on supervised setting
using VisA dataset. The term ’supervise’ in the figure indicates
utilizing real anomalous samples for training.
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Instance-AUROC

K | GraphCore [49] CFA [22] WinCLIP [18] PatchCore [37] RegAD [16] | DEM-CFA DFM-PatchCore
1 89.9 78.8 93.1 785 82.4 87.2 93.0
2 91.9 81.1 94.4 87.8 85.7 90.2 95.0
4 92.9 85.0 95.2 89.5 88.2 92.0 95.9
8 95.9 90.9 - 94.3 91.2 93.5 96.2
Pixel-AUROC
K | GraphCore [49] CFA [22] WinCLIP [18] PatchCore [37] RegAD [16] | DEM-CFA DFM-PatchCore
1 95.6 90.7 952 90.1 - 95.2 96.3
2 96.9 91.7 96.0 94.8 94.6 96.0 97.0
4 97.4 91.3 96.2 95.0 95.8 96.2 96.7
8 97.8 91.6 - 95.6 96.7 96.2 96.3

Table 2. Comparison of Instance AUROCT and pixel AUROCT on few-shot settings using MVTec AD dataset.

1,2 34 5,6 | 1shot - AUROC  Ishot P-AUROC  2shot - AUROC  2shot P-AUROC
v o vV 86.5 95.8 94.6 96.9
v 86.7 96.0 92.7 96.2
v 91.0 96.4 94.4 96.6
v 93.0 96.3 95.0 97.0

Table 3. Ablation of different adapter layers on few-shot settings using MVTec AD dataset.

4.5. Analysis and Ablation Study

Ablation of different base models. PatchCore is used as
the default base model in all experiments due to its sim-
plicity and robust performance. We further conduct exper-

can be improved further with iterative training of FMN and
adapters, proving the effectiveness of aligning the feature
extraction and feature matching module.

iments on few-shot and continual settings with CFA [22], FMN Adapter Iterative | F-AUROC P-AUROC
which is another effective feature-matching-based method. frozen backbone 85.43 95.87
As shown in Tab. 2 and Tab. 4, our method can significantly v 88.39 95.02
enhance the performance of CFA in few-shot setting and v 91.73 96.17
achieve high performance in continual settings, demonstrat- v v 84.27 90.23
ing the generalization of our framework. v v v 92.73 96.20

Method Instance-AUROC  Pixel-AP
UCAD 93.0 45.6
DFM-CFA 96.2 48.0
DFM-PatchCore 96.9 51.0

Table 4. Comparison between previous SOTA and our method
with different base models in continual setting on MVTec AD.

Ablation of learnable structures. To determine the
importance of each part in our framework, we evaluate
anomaly detection performance with different learnable
structures and learning strategies on the few-shot setting us-
ing the MVTec AD [7] dataset. Adapters are inserted into
Ist and 2nd layers here. As shown in Tab. 5, the FMN
and adapters can separately improve the performance of the
original PatchCore, 3% for FMN and 6% for adapters in
[-AUROC. As mentioned earlier, direct joint optimization
of FMN and adapters could result in unstable training, thus
leading to inferior performance. However, the performance

Table 5. Ablation of different learnable structures and training
strategies on 2-shot setting using MVTec AD dataset.

Ablation of different backbones. We implement our
framework in different backbones, including larger ViT [14]
and WideResNet [53]. The experiment is conducted on a
two-shot setting using the MVTec AD dataset. We finetune
FMN only here. As shown in Tab.6, the performance of
different backbones all improve significantly, indicating the
efficiency of our method for feature matching based method
in few-shot anomaly detection.

Ablation of adapter layers. The transformer blocks of
ViT-B are divided into three segments to represent varying
degrees of layer depth. The experiment is carried out under
a few-shot setting. As shown in Tab. 3, the block where
the adapters are inserted can greatly affect the performance.
More specifically, the performance is better if the adapters
are inserted into deeper layers of the model.

Visualization of segmentation results. We visualize
anomaly segmentation results on the MVTec AD dataset.
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Figure 4. Anomaly segmentation comparison between our method and PatchCore [37].

Backbone Method | I-AUROC P-AP
VIEBNS TR | ssaus0 3seel
Vit ?Ifﬁféil 84.3(1:;.5) 43.?(14}71.8)
WideResNet30-2 ?ﬁfﬁiﬁl 87.3?-;-42.3) 44.2?43).6)

Table 6. Ablation of backbones in a 2-shot setting on MVTec AD.

Both PatchCore [37] and our method utilize ViT-L [14] as
the backbone. As shown in Fig.4, our method demonstrates
a strong capability for accurate localization and generates
segmentation maps with less noise compared to PatchCore,
consistent with quantitative results.

FPS Memory Consumption (MB)
Method Train / Infer Train / Infer
PatchCore - ,20.32 - ,2713
DFM 24.09 , 49.90 4923 , 3671

Table 7. FPST and Memory Consumption| comparison between
PatchCore and our method during training and inference.

Training and inference efficiency analysis As shown in
Tab.7, our method has a clear advantage in inference time,

albeit at higher GPU memory consumption. The critical dif-
ference lies in the matching process: our approach utilizes
FMN, which is based on matrix operations, while Patch-
Core relies on a vector search algorithm implemented using
the Faiss [19]. Since modern graphic cards support parallel
computing for matrix operations, it’s unsurprising that our
method demonstrates superior running efficiency. Although
our method requires more memory during training and in-
ference, the memory cost is acceptable in improving overall
performance and inference efficiency.

5. Conclusion

In this paper, we develop a feature matching-based anomaly
detection method, which can end-to-end train feature ex-
traction and feature matching modules. We achieve a Dif-
ferentiable Feature Matching (DFM) method to integrate
the feature extraction and matching modules in the same
framework. The core component of our framework is the
Feature Matching Network (FMN), which changes feature
matching into a differentiable module, enabling joint opti-
mization of the feature extractor and feature matching mod-
ule. To validate the effectiveness of our method, we im-
plement DFM in different base models. The results show
that our framework can improve the performance of the fea-
ture matching-based methods in various tasks, specifically
in few-shot anomaly detection and continual anomaly de-
tection.
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