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Abstract

Generalist Anomaly Detection (GAD) aims to train a unified model on an original
domain that can detect anomalies in new target domains. Previous GAD methods
primarily use only normal samples as references, overlooking the valuable informa-
tion contained in anomalous samples that are often available in real-world scenarios.
To address this limitation, we propose a more practical approach: normal-abnormal-
guided generalist anomaly detection, which leverages both normal and anomalous
samples as references to guide anomaly detection across diverse domains. We intro-
duce the Normal-Abnormal Generalist Learning (NAGL) framework, consisting of
two key components: Residual Mining (RM) and Anomaly Feature Learning (AFL).
RM extracts abnormal patterns from normal-abnormal reference residuals to estab-
lish transferable anomaly representations, while AFL adaptively learns anomaly
features in query images through residual mapping to identify instance-aware
anomalies. Our approach effectively utilizes both normal and anomalous refer-
ences for more accurate and efficient cross-domain anomaly detection. Extensive
experiments across multiple benchmarks demonstrate that our method significantly
outperforms existing GAD approaches. This work represents the first to adopt a mix-
ture of normal and abnormal samples as references in generalist anomaly detection.
The code and datasets are available athttps://github. com/JasonKyng/NAGL!

1 Introduction

Visual Anomaly Detection (AD) [13} 130,163, 5, 14,167,156, 159, 18} 117, 41. 16] plays a crucial role in
industrial quality inspection [2} 48,69} 25] and medical diagnosis [14}20]. Its primary objectives are
to classify images as normal or anomalous and to localize anomalies within those images. Traditional
AD methods [311 8 [15} 153 9] focus on training and testing a model on a single domain, without
considering how detection capabilities might transfer to a different target domain. However, many
real-world AD scenarios prohibit training on the target domain due to data scarcity and privacy issues,
making it difficult to achieve the desired outcome in that target domain. To address the challenge,
InCTRL [68]] and ResAD [60] propose Generalist Anomaly Detection (GAD) that aims to train a
unified model on the original domain while enabling AD on the target domain. As shown in Fig.[Th,
the GAD framework adopts a meta-learning strategy. This strategy trains the model in the original
domain to localize the anomalous regions of a query image by referring to a limited number of normal
references. Subsequently, the learned ability is transferred to the new target domain.

Although previous GAD methods [68,,60] have made substantial progress, they are not yet practical for
real-world applications. Models trained exclusively on normal samples often lack the discriminative
power to reliably distinguish anomalies [14}|61]. However, real-world scenarios often provide a small
number of anomalous samples (e.g., defective parts or diagnosed disease cases). These anomalous
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Figure 1: Overview of existing and proposed GAD paradigms. (a) Vanilla GAD only adopts a
few normal samples as references. (b) Our approach combines normal and abnormal references to
enhance detection. (c) Direct application of the KNN-based method to our normal-abnormal guided
detection task causes to false activations (middle), while our approach eliminates them (right). (d)
Comparisons of different methods in terms of AUROC sample (y-axis), inference speed (x-axis), and
model size (circle radius). Our approach achieves the highest AUROC sample metric for anomaly
detection while being 2x faster than ResAD and 14 x faster than InCTRL.

samples contain valuable information on anomaly characteristics that could be leveraged to improve
detection. Given this context, we propose a more practical and effective approach: normal-abnormal-
guided generalist anomaly detection (illustrated in Fig.[Tp). This approach leverages both normal
and anomalous samples as references, guiding the model to detect anomalies across diverse domains.
The core of this approach is learning the relationships between a query and these references in the
original domain, and then applying this learned understanding to the target domain.

Previous methods [60] leverage residuals between queries and normal references to ensure
transferability, but these approaches are specifically tailored for scenarios where few-shot normal
samples are provided, which cannot be adapted to the normal-abnormal guided paradigm. When
provided with a reference set with both normal and abnormal samples, KNN-based approaches
[48,[12] can serve as a solution, where sample regions far away from normal references and close to
abnormal references are considered as abnormal. However, these KNN-based approaches are typically
training-free, lacking the adaptability offered by data-driven learning. Additionally, we experimentally
find that the KNN-based method suffers from false activation problems (see Fig.[Tk). To address
these limitations, we propose a Normal-Abnormal Generalist Learning (NAGL) framework, which
utilizes the residual features to model the differences between normal and anomalous references. The
proposed method achieves superior detection performance at faster speeds (see Fig.[T), demonstrating
its significant potential for practical applications.

The core of our NAGL framework consists of two parts: Residual Mining (RM) from normal-abnormal
references and Anomaly Feature Learning (AFL) for query images through residual mapping. To fully
explore abnormal reference patterns and maintain transferability, RM leverages normal-abnormal
residuals to learn abnormal reference patterns through a designed attention operation, obtaining
residual proxies. AFL adaptively learns abnormal features of a query image by comparing residual
proxies with residuals between the query feature and normal references, obtaining anomaly proxies.
Finally, anomaly localization results are acquired by similarity computation between the query feature
and anomaly proxies. Our NAGL only relies on residual training to adaptively capture the similarities
and differences between query and normal-abnormal reference samples, so it can be transferred
between different domains.



Leveraging RM and AFL, our proposed NAGL framework effectively achieves normal-abnormal
guided generalist anomaly detection. The main contributions of this work are summarized as follows:

* We propose a different generalist anomaly detection task and a corresponding dataset split.
This task is the first to adopt a mixture of normal and abnormal samples as references.

* We propose a novel Normal-Abnormal Generalist Learning framework to effectively lever-
age abnormal reference in GAD that adapts normal-abnormal reference residuals to mine
potential anomalies in the query.

» Extensive experiments across multiple anomaly detection benchmarks demonstrate that our
method significantly outperforms existing GAD approaches.

2 Related Work

2.1 Anomaly Detection

Artificial intelligence techniques based on deep learning have been widely applied [27} 38, [57],
with anomaly detection (AD) being a significant application. AD can be divided into various tasks
according to real-world requirements, e.g., unsupervised AD [55| [54] 169} 137, 164, 149]], few-shot
AD (FSAD) [21} 15} 28, 142} 50} 33]], zero-shot AD (ZSAD) [23} 165, [7], noisy AD [8} 26], 3D AD
[16, 1111136, 166]], and open-set AD [14}167]. Among these tasks, unsupervised AD generally adopts a
one-class classification paradigm to train the detection model, i.e., the model is only trained on normal
samples and can detect unseen abnormal patterns during the inference phase. Existing unsupervised
methods can be divided into three main categories: reconstruction-based [S1} 140l [19]], feature-
embedding-based [44} 48| 29, 58], and augmentation-based [62} 164, 34] methods. PatchCore [48], a
simple feature-embedding-based method, firstly constructs a memory bank of normal embedding
features, then introduces a nearest neighbour search to find several nearest neighbours for each test
embedding feature, and computes the distance between the test embedding feature and its neighbours
as an anomaly score. PatchCore can also be extended to a few-shot AD task well, where the used
memory bank only requires a few normal reference samples to construct. Based on this work [48]],
FastRecon [15]] leverages ridge regression on normal features to quickly reconstruct test features.
However, these methods only have a testing phase and detect anomalies on a single domain of data,
lacking transferability. Therefore, some ZSAD [65] and GAD [60, [68]] methods have begun to study
cross-domain detection. And [43]] also proposes a general few-shot defect classification framework
that addresses real-world applications of defect type identification. Building upon the GAD task,
our proposed normal-abnormal guided generalist AD framework addresses cross-domain anomaly
detection by effectively utilizing abnormal samples from the original domain to improve performance.

2.2 Generalist Anomaly Detection

FSAD is designed to identify anomalies using only a limited number of normal samples from target
datasets. Existing FSAD methods can be divided into training-free-based [48| [15]] and meta-learning-
based methods [21} 168, |60]. Meta-learning-based methods focus on generalizing the detection of the
model to the new target domain. RegAD [21] trains a registration network using samples from seen
categories, which can register samples from unseen categories and achieve cross-category anomaly
detection. However, RegAD remains dependent on domain relevance between training and testing
data. To achieve domain-agnostic anomaly detection, InCTRL [68] firstly proposes a generalist
anomaly detection (GAD) task and utilizes residual distance to discriminate anomalies. Subsequently,
ResAD [60] applies residual features to eliminate domain dependencies to implement the GAD task.
The reference set used by the vanilla GAD task only contains normal samples. However, in practical
scenarios, a small number of abnormal samples can also be obtained. Therefore, we propose the
normal-abnormal guided GAD task, where the reference set combines normal and abnormal samples.

3 Methodology

3.1 Normal-Abnormal Guided GAD Task

In the normal-abnormal guided GAD task, we focus on training a unified model on the original
domain and detecting anomalies in a new target domain using both normal and abnormal samples
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Figure 2: Overview of our proposed NAGL framework. Given a test image and its corresponding
reference images (normal and abnormal), features are extracted through a pre-trained backbone net-
work. The extracted normal features guide the generation of a normal-guided score map. Meanwhile,
abnormal features are processed through the RM-AFL module to produce an abnormal-guided score
map. This module implements a transformation process: from learnable proxies in vision space to
residual proxies capturing normal-abnormal differences in residual space, and finally to anomaly
proxies in vision space that highlight specific anomalous regions in the query image. The final
anomaly score is computed by merging both normal and abnormal guided score maps.

as references. Formally, let Doyigin = {X, Y} be the training dataset from original domain, where
X = {x;}, consists of N normal and abnormal samples, ) = {y;}¥ | is corresponding ground
truth masks, and each normal sample is equipped a zero mask. During training phase, we organize
the data into many episodes, where each episode consists of a reference set R = {R", R*} and a

query input x? from D,,;4i,. The reference set R contains normal samples R = {rﬁ}kK:ll and

abnormal samples R* = {r%}fﬁl, K and K5 denote the number of normal and abnormal reference
samples, respectively. We train a unified detection model on D,;;4:,. During inference, the model is
evaluated on the target domain dataset Dy,,.4; containing unseen categories compared t0 Doyigin -
The testing process is consistent with the training phase, where each test sample is equipped with a
normal-abnormal reference set. In our proposed normal-abnormal guided GAD task, considering the
scarcity of abnormal samples, we set K1 > K5, making it highly applicable to real-world situations.

3.2 Overview of Proposed Method

Our proposed Normal-Abnormal Generalist Learning (NAGL) framework is designed to detect
anomalies in the target domain through original domain training. As shown in Fig.[2] given a query
input and normal-abnormal references, we extract these features by applying a pre-trained backbone
network for further processing. After feature extraction, we directly leverage the Nearest Neighbor
(NN) search between the query and normal references, obtaining an initial anomaly score map.
Next, to apply an abnormal reference to improve the initial anomaly map, we propose an RM-AFL
module. This module consists of two attention parts: Residual Mining (RM) from normal-abnormal
references and Anomaly Feature Learning (AFL) for query images with residual mapping. RM relies
on normal-abnormal residuals to learn the representation for abnormal reference patterns, generating
several residual proxies. AFL applies these proxies to learn abnormal areas in the query image and
obtain anomaly proxies. Finally, we compute the cosine similarity between the query feature and
anomaly proxies for anomaly localization results.

3.3 Feature Extraction

In this section, we describe the feature extraction process for an episode. For each episode, we have a
normal-abnormal reference set R = {R", R%} and a input query image x¢ € R”*W*3_For input
query and references, we follow the common practice of using a pre-trained backbone network ¢(-) to
extract their features. Subsequently, we obtain query patch features 77 = { f/ L |, normal reference

patch features F" = {f} 1L and abnormal reference patch features F¢ = {f*}X2F

e i1 > where



1P, f¢ € RY, L = h * w is the number of patches in one feature map, h and w are length and

width of feature map, and C' is the channel dimension of each patch feature. For abnormal reference
features, we downsample the anomaly mask to match the length of F¢, yielding M? € RXzL,

3.4 Normal-Guided Anomaly Score

In this section, we apply query and normal reference features to obtain an initial anomaly localization
result. Following the previous work [48]], we directly apply the nearest neighbor search between
query features ¢ and normal reference features F™ to generate an anomaly score map S,, € R,
Specifically, we apply the NN method to find the closest reference patch feature f;* for each query
patch feature f; in normal reference patches F",

2 :=argmin (d(f7, ")), (1)
fn e]:n
where d(-, -) is the cosine distance function and ¢ € {1,2,--- , L}. Therefore, each patch anomaly
score is defined as .
S, = d( z'q7 :)7 2

where S¢ = 0 indicates the most normal region and S’ = 1 indicates the most abnormal region.

3.5 Abnormal-Guided Anomaly Score

In this section, we focus on applying abnormal reference to improve the initial anomaly map. This
section mainly consists of Residual Mining (RM) from normal-abnormal reference and Anomaly
Feature Learning (AFL) for query images by residual mapping. The whole RM-AFL mainly relies on
residual training to adaptively capture the similarities and differences between query and reference
samples, so it can be transferred between different domains.

3.5.1 Residual Mining from References

The RM module introduces a learnable query proxy to adaptively capture abnormal patterns in
anomalous references and utilizes normal-abnormal residuals to learn anomalous variations through a
cross-attention mechanism. Specifically, for given abnormal reference features ¢, we employ the
NN method to identify the closest normal reference patch feature for each f{* in 7 and compute the
residual between the two. For simplicity, we denote this process as

Res(F*, F™*)=F* — F, 3)

where F7' € R¥2EXC consists of f7 corresponding to each f{. We then design an attention layer
(Agas) that utilizes normal-abnormal residuals to learn representations of abnormal variations,
thereby generating residual proxies. We state Query, Key, and Value in the attention computation:

Qi = WP, K; = Wi F*, Vi = WYRes(F*, F"), 4)

where P € RM*C is learnable proxies and randomly initialized, parameters W2, WX and WY
transform input features into query, key, and value vectors, M is a hyperparameter representing the
number of P. Therefore, the attention-based RM mechanism can be described as

B T
P =SA; <Softmax (Q\l/Igl + M’) V1> , ®)]

where P € RM*C is called residual proxies, SA;(-) denotes self-attention operation, and d is a
scaling factor [52]. The attention mask M = a(l — M%) contains either zero or negative infinity
values, where « is a large negative value (e.g., —109). This mask ensures cross-attention focuses
exclusively on abnormal regions. Residual proxies P learn abnormal reference patterns and apply
residuals as Value to represent variations for anomalies.

3.5.2 Anomaly Feature Learning for Query Images

In this section, AFL focuses on applying obtained residual proxies P to learn potential abnormal
patterns in F 9, obtaining anomaly proxies. The anomaly localization results are acquired by similarity



computation between query patch features and anomaly proxies. This process can also be described
by another attention layer (A 4r1). The Query, Key, Value of the attention module is designed as:

Q; = WEP, Ky = WhRes(F9, F"), Vy = WY FY, (6)

where WQQ, WX, WY are learnable parameters. Our proposed AFL can be written as:

T
P = SA, <Softmax (Q\Q/Igz ) V2> , 0

where SA(+) denotes another self-attention module different from SA; (-), P € RM*C s called
anomaly proxies. P captures abnormal patterns in 79 by comparing reference residuals Res(F?, F™)
with the query-normal residuals Res(F9, F™). P has the most distinguishable patch feature informa-

tion in 9. Therefore, we calculate the mean of similarity between each anomaly proxy 73m and the
query patch features F7 as an anomaly-guided anomaly score map S,. Each patch anomaly score is

1 M
i _ E : B q )
S(L - M — 1 d( 7 7Pm)? (8)

where S, € R”. Finally, we merge the initial normal-guided score map and abnormal-guided score
map to acquire final anomaly localization results:

S§=8,+S,. ©))

Following [12], we calculate the image-level anomaly score by averaging the top 1% highest values
in the score map S € RE. Specifically, we denote this operation as s = T5.01(S), where 75,01 (S)
represents the average of the 1% highest scores in S.

3.6 Training on Original Domain

The whole NAGL framework is trained on original domain data. Our optimization objective is that
the predicted map S should be consistent with the query ground truth mask M¢?. Therefore, we apply
Focal loss [35] and Dice loss [32] to achieve anomaly segmentation training, i.e.,

Lseg = Focal(S, M?) 4+ Dice(S, MY), (10)

where M? denotes the downsampled and reshaped ground truth mask of the query image, Focal(-)
and Dice(+) represent the Focal loss and Dice loss, respectively. Moreover, we also guarantee that
the image-level predicted label is consistent with the classification label of the query image. Binary
Cross-Entropy (BCE) loss is leveraged to optimize anomaly classification,

£cls = BCE(S>yq)a (11)

where s denotes predicted image-level anomaly score, y? is ground truth classification label, and
BCE(+) denotes BCE loss function. Finally, a hyper-parameter ) is used to balance the classification
and segmentation losses,

L= Lcls + Aﬁseg- (12)

3.7 Inference on Target Domain

During inference, for given target domain data D;q,4e¢, Similar to the training phase, we first use
the NN method to obtain a normal-guided score map S,,. Next, we apply RM and AFL modules to
generate an abnormal-guided score map S,,. According to Eq. (9), we merge the two score maps as
the final score map S € R, Next, the size of S is reshaped to R"*®, and up-sampled to R *W

4 Experiment

4.1 Experimental Setup

Datasets. To validate the efficiency of our NAGL framework, we construct three benchmarks using
the MVTecAD [2]], VisA [69], and BraTS [45] datasets. The benchmarks include (1) training on



Table 1: Comparison of the proposed method with the previous methods on MVTecAD and VisA
datasets. N’ and A’ represent the number of normal and abnormal reference samples in i-shot
learning, respectively. Results marked with { are quoted from [23]], while those marked with * are
based on our re-implementation. The best/runner-up results are highlighted in bold/underline.

MVTecAD VisA
. Image-level Pixel-level Image-level Pixel-level
Setting Method AUROC AP Fl-max AUROC PRO Fl-max | AUROC AP Fl-max AUROC PRO Fl-max

SPADE' [10] 81.0 906 90.3 912 839 424 795 820 807 95.6 841 355
paDiM! [13] 76.6  88.1 882 893 733 402 882 628 753 899 643 174
PatchCore’ [48] | 834 922  90.5 920 797 504 799 828 817 954 805 38.0

1
N WinCLIPT (23] | 93.1 965 93.7 952 871 559 83.8 851 83.1 9.4 851 413
PromptAD [31] | 94.6 97.1 - 95.9 879 - 86.9 834 - 96.7  85.1 -
ResAD* [60] 848 927 912 934 833 482 809 837 813 959 796 37.8
N 4 At Ours | 958 975 957 96.6 929 589 885 894 854 975 911 418

SPADE' [10] 829 917 911 920 857 445 80.7 823 817 96.2 857 405

paDiM' [13] 789 893 892 913 782 437 67.4 716 757 920 70.1 21.1
PatchCore’ [48] | 863  93.8  92.0 933 823 530 81.6 848 825 96.1 82.6 41.0

N? WinCLIPT [23] 944 970 944 96.0 884 584 84.6 858 83.0 96.8 862 435

PromptAD [31] 957 979 - 96.2 885 - 88.3  90.0 - 97.1 858 -
InCTRL [68] 94.0 969 - - - - 858 877 - - - -
ResAD™ [60] 872 939 922 948 855 502 86.6 883 84.1 96.5 823 400
N? + A' Ours ‘ 968 979 96.3 968 932 598 89.8 90.6 86.8 97.6 914 433

SPADE! [10] | 848 925 915 927 870 462 | 817 834 821 9.6 873 436

PaDiMT [[3] | 804 905 902 926 813 461 | 728 756 780 932 726 246

PatchCore' [48] | 88.8 945 926 943 843 550 | 853 875 843 968 849 439

N* WinCLIPT [23] | 952 973 947 962 89.0 595 | 873 888 842 972 876 47.0
PromptAD [31] | 966 985 - 9.5 905 - 89.1 908 - 974 862 -
InCTRL[68] | 945 972 - - B - 87.7 902 - - - -

ResAD* [60] | 907 957 939 958 887 530 | 893 907 865 968 841 416

N* At Ours ‘ 97.1  98.0 964 97.0 935 60.1 91.2 91.7 878 978 915 440

VisA and testing on MVTecAD, (2) training on MVTecAD and testing on VisA, and (3) training
on MVTecAD and testing on BraTS. The first two benchmarks assess generalization capabilities
across different industrial domains, while the third evaluates cross-domain transfer capabilities from
industrial to medical applications. During inference, the normal references are sampled from the
training set of target datasets, while abnormal references are sampled from each anomaly type.
Further details are provided in Appendix [A]

Evaluation Metrics. We evaluate both image-level anomaly classification and pixel-level segmen-
tation performance using three metrics for each task, following previous works [23} 12} |60]]. For
detection performance, we employ the Area Under the Receiver-Operator Curve (AUROC, [13])), the
maximum F1-score at the optimal threshold (F1-max), and the Average Precision (AP), calculated
using image-level anomaly scores. Similarly, for segmentation performance, we utilize the AUROC,
F1-max, and per-region overlap (PRO) [3} 2] metrics, computed using pixel-wise anomaly scores.

Implementation Details. Our approach employs the ViT-based [47] model as the vision encoder,
specifically utilizing its most lightweight version (ViT-S, 21 M parameters) to ensure low latency in
practical applications. We freeze the parameters of the vision encoder throughout the experiments and
only update the parameters of the proposed attention modules. The model is optimized using AdamW
[39] with an initial learning rate of 1 x 10~°, which is reduced by a factor of 0.1 at epoch 10 and 15.
The training process converges within 20 epochs, with each epoch comprising 500 sampled episodes.
Input images are resized to 448 x 448 resolution without data augmentation. We set the number of
learnable proxies (P) to M = 25 by default and use a loss balance weight (\) of 1.0. Following
previous works [23] [31]], we set the number of normal references as K; € [1,2,4]. Considering the
scarcity of abnormal samples, we only use one abnormal reference (K2 = 1), making our approach
highly applicable in real-world scenarios. The implementation is based on PyTorch@2.1.1, and
the experiments are conducted on a single NVIDIA RTX 4090 24GB GPU. To ensure statistical
reliability, we report results averaged across 3 independent runs with different random seeds.



Table 2: The image/pixel-level AUROC scores Table 3: Ablation study on the MVTecAD and VisA
of the proposed method and previous methods datasets. Image/pixel-level AUROC are reported.
on the BraTS dataset. Results marked with N!/A! represents the one normal/abnormal refer-
* are based on our re-implementation. Other ence sample, "NAGL" indicates the use of our pro-

results are reported from [60]. posed framework. There are four different settings.
i/ii uses only normal/abnormal samples through NN
Setting Method | Tmage Pixel ~Mean search, iii merges the results of i and ii without ad-
N1 ResAD* [60] | 73.5 910 823 ditional processing, and iv includes our proposed
N' 4 A! Ours | 781 965 873  Process.
SPADE[I0] | 580 928 754 U4l NAGL  [pvTeclD A M

PaDiM [13] 59.4 90.2 74.8 N A GL Image Pixel Image Pixel ean

PatchCore [48] | 582 935 759 iV 932 945 815 953 91

N2 RegAD [21] 546 814 680 i S, ? 38'% g;? ;gg ggg gg-i

. 11 . . . . .
WinCLIP 23] | 339 915 737 v v v v 958 9.6 885 975 946

InCTRL [68] | 74.6 -
ResAD* [60] | 662 915 789

NZ 4 Al Ours | 821 98 895 Table 4: Comparison of the total parameters, training
time, and inference speed of the proposed method
izfgl'ﬁ lllgl 28-2 gi-g 3(7)-2 with InCTRL and ResAD. The training time of InC-
e 13 : : : TRL and ResAD is measured under the N'* setting,
PatchCore [48] 71.2 95.9 83.6 N ; 1 1 A
N RegAD [21] 600 873 737 while our method is based on the N* + A" setting.
WinCLIP 23] | 673 932 803
MVFA* [22] 75.2 92.7 84.0 Total Training Inference
InCTRL [68] 76.9 - - Method | Parameters (M) Time (H) Speed (FPS)
ResAD™ [60] | 749 943 846 InCTRL 1175 0.7 1.2
YRR ResAD 59.2 20.6 7.8
N*+ A Ours | 849 971 910 Ours 24.4 03 171

Comparison Methods. We select some representative few-normal-shot AD methods to comparison,
including SPADE [10]], PaDiM [[13]], PatchCore [48]], RegAD [21], WinCLIP [23], MVFA [22], and
PromptAD [31]. For generalist AD, we primarily compared our approach with InCTRL [68] and
ResAD [60]. Tab.[T]and Tab. 2] present the comparative results of our method against these baselines.
The results marked with t are reported by [23]. Due to incomplete ResAD results (only reporting
2/4-shot settings with AUROC metrics, we reproduce the results using their official code (marked
with ). For further details, please refer to Appendix D]

4.2 Main Results

Tab. [T]and Tab. 2] present comparative results between our proposed method and existing approaches
across MVTecAD, VisA, and BraTS datasets. The experimental results demonstrate three key
advantages of our method. Additionally, to demonstrate the generalization capabilities, we also
present the performance on MVTec3D [4], MVTecLOCO [1]], BTAD [46], and MPDD [24]] datasets

in Appendix

Benefits of Single Abnormal Sample. Incorporating just one abnormal reference sample (A')
yields substantial performance gains across all scenarios. On industrial datasets (Tab. [I)), our
N4+ A! setting achieves 95.8% and 96.6% for image and pixel AUROC, respectively on MVTecAD,
surpassing the best N* baseline method (WinCLIP: 95.2%, 96.2%) by 0.6 and 0.4 percentage points
while using fewer reference samples. A similar trend is observed on VisA, where our N2 4 A! setting
achieves 89.8% and 97.6% for image and pixel AUROC, outperforming the best baseline method
(ResAD with N*: 89.3%, 96.8%) by 0.5 and 0.8 percentage points, respectively. These results show
significant benefits from abnormal reference data.

Generalization. Our method exhibits superior generalization capabilities compared to ResAD
across multiple datasets. On MVTecAD, under the N 4 A! setting, our approach achieves 95.7%
image F1-max and 58.9% pixel F1-max, outperforming ResAD by 4.5 and 10.7 percentage points,
respectively. Similarly, on VisA, we attain 85.4% image F1-max and 41.8% pixel F1-max, exceeding
ResAD by 4.1 and 4.0 percentage points. Furthermore, as shown in Tab. [2] our method demonstrates
superior cross-domain generalization, achieving 89.5% average AUROC on the BraTS medical dataset
with just two normal and one abnormal sample, a 10.6 percentage point improvement over ResAD



Figure 3: Qualitative results. The first row displays the input images, and the second row shows the
ground truth. The third row illustrates anomaly score maps using 1 normal sample, while the bottom
row shows anomaly score maps produced by our method using 1 normal and 1 abnormal samples.

(78.9% with N2 setting). Notably, across all other experimental settings, our method consistently
outperforms existing approaches in both anomaly detection and segmentation. These results clearly
demonstrate the effectiveness of our method in generalist AD.

Scalability. Through comparative analysis, our method demonstrates excellent scalability as the
number of normal samples increases across all three datasets. For example, on VisA, we observe
consistent performance improvements when progressing from N' + A' to N2 + A! and N* + A!
settings. Specifically, the image F1-max score increases from 85.4% to 86.8% and 87.8%, while
the pixel F1-max score improves from 41.8% to 43.3% and reaches 44.0%. On BraTS, the average
AUROC improves from 87.3% to 89.5% and reaches 91.0%. These results indicate that our method
effectively utilizes additional normal samples to enhance the detection ability.

4.3 Ablation Study

To further investigate the effectiveness of our method, we conduct an ablation study on the MVTecAD
and VisA datasets. Tab. [3| presents the results from different experimental settings. The results clearly
demonstrate several important findings.

First, comparing the results of i, ii, and iii, we observe that naively incorporating abnormal references
leads to significant performance degradation both at the image and pixel levels. This aligns with
our argument in Sec. |I| that the abnormal features cause severe false activation, where the unrefined
abnormal features introduce misleading guidance that incorrectly highlights normal patterns as
anomalies, thereby compromising detection accuracy.

Second, when comparing settings iii and iv, the benefits of our proposed method become evident. By
implementing the NAGL framework in setting iv, our method manages to effectively mitigate the
false activation problem observed when naively using an abnormal reference. Properly mining the
abnormal variations in residual space to guide detection can effectively suppress the over-activation,
resulting in 6.2 average AUROC improvements from 88.4% to 94.6%.

Finally, the comparison between i and iv reveals that our method fully unleashes the potential of
abnormal references, with gains of 4+-2.6 Image AUROC on MVTecAD and +7.0 on VisA, proving
that properly processed abnormal samples provide complementary discriminative signals.

4.4 Analysis of two attentions in RM-AFL module

In the first attention (RM), we set the value as Res(F?, F™), which provides the normal-abnormal
differences in the residual space. We define the key as F“, which are the original abnormal patterns.
Since the query is learnable, the output is the optimally aggregated residual features (termed as
residual proxies P).

The second attention (AFL) aims to learn query-related abnormal patterns by comparing normal-
abnormal differences and normal-query differences. We set the query as P and the key as
Res(F?, F™). This comparison is achieved by computing the attention map between P and



Res(F?, F™). Then the query features F7 are aggregated by the attention map to obtain the query-
related abnormal patterns (termed as anomaly proxies P).

The residual proxies P represent abnormal patterns of reference abnormal samples in residual space,

and anomaly proxies P represent abnormal patterns of the query sample in vision space. As validated
in Appendix [B] residual features exhibit a common distribution, even among residual features of
different anomalies. Residual features of known anomalies can provide references; if the residual
feature of a query is similar to them, the corresponding visual feature is likely to be an anomaly.

4.5 Efficiency Analysis

We compare the efficiency of our method with InCTRL and ResAD in terms of total parameters,
training time, and inference speed. Tab. 4] shows that our method is more efficient than INCTRL and
ResAD regarding total parameters and training time. Our method has 24.4 million parameters, which
is around 5x smaller than InCTRL. Our method only requires 0.3 hours for training, which is 69 x
faster than ResAD. In terms of inference speed, our method achieves 17.1 FPS, which is 14 x faster
than InCTRL and 2x faster than ResAD. These results demonstrate the efficiency of our method for
real-world deployment.

4.6 Qualitative Results

Fig. 3| presents qualitative results from both industrial and medical datasets. Comparing the score
maps, we observe that our method effectively generates more accurate results, which demonstrate that
incorporating abnormal reference samples provides valuable guidance boundaries for the detection
process, and our method effectively leverages this information to improve detection accuracy.

5 Conclusion

In this paper, we introduce a novel task for anomaly detection using both normal and abnormal refer-
ences. Our approach addresses the limitations of traditional methods by leveraging limited known
anomalies to guide the detection of unseen anomalies. We propose a NAGL framework that extracts
discriminative features in the residual space, effectively capturing the essence of anomalies. Experi-
mental results across multiple benchmarks demonstrate that our method significantly outperforms
existing approaches, particularly in detecting challenging unseen anomalies. The performance gains
are consistent across various datasets and settings, highlighting the robustness of our approach. This
work opens new research directions for anomaly detection with limited supervision, with potential
applications in industrial inspection and medical diagnosis. Future research could delve into more
effective methods for leveraging scarce anomaly samples or expanding prompts. For instance, it
could involve enabling language-based descriptions for normal or abnormal references.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Our contributions are summarized in the [Abstractl and [Introductionl| sections.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Please see Appendix [E]
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Please see the Implementation Details in Sec.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: As mentioned in the Abstract, our code and data will be made publicly
available.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Please see Sec.[d.T|and Appendix [F|
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: As mentioned in Sec.[d.I] we report results averaged across 3 independent
runs with different random seeds. The detailed results can be found in Appendix

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Please see the Implementation Details in Sec. and Efficiency Analysis at
Sec.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We have read the NeurIPS Code of Ethics and confirm that our research
complies with these ethical standards.
Guidelines:
* The answer NA means that the authors have not reviewed the Neur[PS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Please see the Appendix
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We think that our paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The datasets utilized in this paper are all open-source, and we have cited the
corresponding papers accordingly.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: Our paper introduces a new anomaly detection framework without releasing
new assets.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The LLM is used only for editing, and the core method development in our
paper does not involve LLMs as any important.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Dataset Collection

To implement our normal-abnormal-guided generalist anomaly detection, we construct new bench-
marks using three popular public datasets, including MVTecAD [2], VisA [69], and BraTS [45]. We
conduct evaluations from two perspectives: (1) industrial-to-industrial evaluation across different
industrial scenarios (MVTecAD < VisA), and (2) industrial-to-medical evaluation across industrial
and medical domains (MVTecAD — BraTS). Specifically, when MVTecAD serves as the training
set, we test on VisA and BraTS; when testing on MVTecAD, we use VisA as the training set.

Original Dataset Structure. Each dataset

is individually divided into its own training Table 5: Statistics of the datasets. |C| denotes the
and test sets. For all datasets, their respec- number of classes, |7| denotes the number of defect
tive training sets contain only good samples, types, N and A represent the normal and abnormal
while each dataset has a unique structure for samples, respectively. /K> denotes the number of
its corresponding test set. As shown in Tab.[5] normal/abnormal reference samples.

MVTecAD contains 15 object classes with 73
different defect types, distinguishing between ‘

various defect categories. VisA includes 12 Dataset | 1¢] 171 N

object classes with various defect types, but MYTAD |13 ™ 6 Do DXk Bxie

all anomalies within each object class are BraTS 11 154 1097 1xK; 1xKjp
grouped together without specific categoriza-

tion. BraTS exclusively comprises brain MRI scans, with abnormal samples including fumour
segmentation.

Test Reference
A

Our Input Data. During both training and testing, we implement a random sampling strategy to
construct our input data. Specifically, our input data consists of a query input and a reference set that
includes both normal and abnormal samples. We first randomly select a sample from the entire test set
as the query input. Then, based on the query input’s category, we randomly select K7 normal samples
from the training set as normal references. Additionally, according to the query input’s defect-type,
we randomly select Ky abnormal samples as abnormal references. During training, each episode
input are randomly combined samples. Unlike the training process, during testing, we randomly
selected reference set only once for each anomaly type and then use this set to test all samples of this
anomaly type. The detailed statistics of our reference set are shown in Tab. 5]

Defect type between Query and Reference.
As shown in Fig.[4] there are some input cases:
(a) the input query and abnormal reference
samples belong to the same defect type; (b)
the input query and abnormal reference sam-
ples exhibit different defect types; (c) when
the input query is normal, the abnormal ref-

Abnormal Reference  Normal Reference

Query

same
defect type

</
erence randomly selects one defect type. The (b) <>
MVTecAD dataset categorizes different de- dj}‘cgc“trf;‘e
fect types separately, thereby ensuring that P
the input query (x9) and abnormal reference
samples (R*) belong to the same defect cat- © random
egory (Fig.[4p). In contrast, the VisA dataset defect type

combines all anomaly samples for each prod-
uct type without distinguishing defect types,
which results in cases where the input query
and abnormal reference may exhibit different types of anomalies (Fig.[@p). Additionally, when the
input query is normal, the abnormal reference randomly selects one defect type (Fig. Bk).

Figure 4: Some examples of our input data

B Residual Features

To explore the guidance of abnormal residual features in anomaly detection, we visualize the feature
distribution in the original vision space and the residual feature space. As shown in Fig. [3] the
features from different defect types are significantly different in the original vision space, while
these features are more concentrated in their distribution in the residual feature space, suggesting
it provides a unified cross-domain representation for anomalies. Moreover, as shown in Fig. [6] the
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L2-norm of normal and abnormal features are overlapped in the original vision space, while they are
separated in the residual feature space, indicating that residual features offer a more discriminative
attribute for distinguishing between normal and abnormal samples.

() Original Vision Space (b) Residual Space

Figure 5: T-SNE visualization of features. Differ-
ent colours denote different defect types. (a) In
the original vision space, the features from differ-
ent defect types are significantly different. (b) In
the residual feature space, these features are more
overlapped in their distribution.

C More Abnormal References

Considering the scarcity of anomalous samples
in real-world scenarios, we focused on using
only one anomalous reference sample in the
main text. To further explore the scalability

-
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(a) L2-Norm Distribution of Image Features  (b) L2-Norm Distribution of Residual Features

Figure 6: (a) In the original visual feature space,
the L2-norm distributions of normal and anoma-
lous features exhibit significant overlap. (b) In
the residual feature space, the L2-norm distribu-
tions of normal and anomalous features are more
clearly separated.

Table 6: The AUROC performance comparison
between 1 and 2 abnormal references (A! and A?).

Setting | MVTecAD VisA Mean A
of the NAGL framework, we conducted exper-
. . N+ A! 95.8 88.5 92.2
iments using two anomalous reference samples. N4 A2 9.5 95 930 408
As shown in Table[6] using two anomalous ref-
. 2 1
erence samples improved the performance of % > i :32 ‘ gg-g 33-2 ggg 06
. . . + 0.
the NAGL framework on both MVTecAD and
VisA datasets. This shows NAGL effectively N*4 Al 97.1 91.2 942
N* 4 A2 97.5 922 949  +07

uses multiple anomalous references to improve

detection performance.

D Compared with ViT-based Results

Due to the extensive training time required for ResAD, we only reproduced the CNN-based (WideRes-
Net50) results in the main text, maintaining identical training hyperparameters as specified in the
original paper. As shown in Tab.[7] for a more equitable comparison, we also compare our approach
with ViT-based results. It is clear that our method still achieves competitive performance.

Table 7: The AUROC performance comparison of ViT-based backbones on MVTecAD and VisA
datasets.

MVTecAD VisA MVTecAD VisA
Setting Method | Image Pixel Image Pixel Setting Method | Image Pixel Image Pixel
WinCLIP 94.4 96.0 84.6 96.8 WinCLIP 95.2 96.2 87.3 97.2
N2 InCTRL 94.0 - 85.8 - N4 InCTRL 94.5 - 87.7 -
ResAD 94.4 95.6 84.5 95.1 ResAD 94.2 96.9 90.8 97.5
N2 4 At Ours | 968 968 898  97.6 N* 4 A* Ous | 971 970 912 978

E Discussion

Limitations: A drawback of our study is that it focuses solely on image data for experimentation. It
would be highly beneficial to apply our approach to other data types, like video and time series, to
thoroughly assess the adaptability of our method.

Social Impacts: As a unified framework for generalist anomaly detection, the introduced approach
does not raise specific ethical issues or adverse societal effects. The datasets utilized are publicly
available. All qualitative illustrations are derived from industrial product imagery, ensuring no
violation of personal privacy.
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F Hyperparameter Analysis

Fig.[7|shows the impact of the number of learn-

able proxies M. We observe that the perfor- o ' 50 R ——
mance of our method increases as M increases. 0 :

This is because a larger number of proxies can . g IR
better capture the diversity of the feature space, *° D VIeeAD | wo o Pixel

which is beneficial for the refinement process. : - lmage g, //le—._.
However, the performance improvement dimin- PR

ishes as M exceeds 25. One possible reason ** W 80 . '

is the model becomes over-parameterized, lead-

ing to overfitting. Therefore, we set M = 25 Figure 7: Impact of the number of learnable prox-
in our experiments to balance performance and ies M on MVTecAD and VisA datasets.
efficiency.

G Additional Results

Additionally, we evaluated the performance of our proposed method on the MVTec3D and MVTe-
cLOCO datasets to further investigate its generalizability. As shown in Tab. 8] our method achieves
competitive results compared to ResAD in both 3D anomaly detection and logical anomaly detection,
demonstrating its generalizability.

Table 8: Comparison of the proposed method with the ResAD on MVTec3D and MVTecLOCO
datasets.

MVTec3D
Image-level Pixel-level
AUROC AP Fl-max AUROC PRO Fl-max

MVTecLOCO
Image-level Pixel-level

Setti Method
etting etho AUROC AP Fl-max AUROC PRO Fl-max

Nt ResAD*
N' 4+ At Ours

63.8 864 887 942 882 212 606 739 778 659 608 179
83.0 950 917 947 984 503 633 763 784 66.6 699 194

N2 ResAD*
N2+ AY  Ours

66.7 88.6 889 949 90.1 245 623 763 777 66.0 623 183
828 949 916 948 984 513 646 774 78.0 663 693 185

N* ResAD*
N* 4+ Al Ours

70.1  89.4 889 95.0 914 260 657 715 777 67.5 60.7 19.1
86.9 964 923 954 98.6 54.2 71.5 815 79.1 669 692 18.6

As shown in Fig. E[, we provide further qualitative results obtained from our NAGL for pixel-level
anomaly detection. The results demonstrate that our approach accurately localizes both large and
small surface defects across various test cases. Furthermore, we report the detailed subset-level results
(mean =+ std) of NAGL on MVTecAD, VisA, BraTS, MVTec3D and MVTecLOCO datasets, under
N' + A" (Tab. EI) N2 + A' (Tab. , and N* + A' (Tab. settings. We also report performance
on the BTAD and MPDD datasets.

Bottle Cable Zipper Candle

Y »
5 &
~da a « 5

Leather Capsule PCB 4 Capsules

Figure 8: Qualitative results for eight subcategories with different defect types.
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Table 9: The comprehensive results of our NAGL framework, evaluated under settings with IV L4 AL

Image-level Pixel-level
Dataset Objects AUROC AP Fl-max AUROC PRO F1-max
bottle 99.2+0.9 99.7+0.4 99.2+0.0 98.2+0.1 95.8+0.2 76.220.8
cable 93.10.9 96.320.6 90.422.0 94.240.6 87.820.5 58.9+0.8
capsule 91.5+7.1 98.1£1.7 95.5+0.7 98.1+0.2 96.740.4 46.8+5.3
carpet 100.0£0.0 100.020.0 100.0£0.0 | 99.3x0.0 98.540.0 68.9+0.6
grid 99.8+0.2 99.9+0.1 99.420.5 99.4+0.0  96.9%0.3 51.420.9
hazelnut 99.5+0.4 99.7+0.2 98.3%1.1 99.5+0.1 97.1+0.4 77.5%2.7
leather 100.0£0.0 100.020.0 100.0£0.0 | 99.10.1 98.5+0.3 41.3x1.4
metal_nut 99.40.1 99.9+0.0 98.2+0.3 95.240.3 93.0+0.5 68.5+1.2
MVTecAD pill 93.6+1.6 98.740.3 95.9£0.5 94.240.3 96.2+0.1 529423
screw 77.220.9 91.50.4 86.7+0.2 97.8+0.4  92.2+0.8 432424
tile 99.8+0.1 99.9+0.0 99.020.3 96.120.4  91.420.3 70.120.4
toothbrush 99.40.2 99.8+0.0 98.3+0.0 99.2:+0.1 95.1x0.2 65.942.2
transistor 86.1+4.2 79.3+6.9 76.7+4.1 84.343.7 64.7£1.7 39.146.4
wood 99.8+0.1 99.9+0.0 98.9+0.5 96.020.9 95.840.5 67.9%0.7
zipper 99.120.2 99.8+0.1 98.50.5 97.9+0.1 94.0+0.3 54.520.6
Mean | 95.8+0.7 97.5+0.6 95.7+0.3 | 96.6£02  92.9:0.0 58.9+0.5
candle 93.9+0.7 94.3+0.3 87.3+1.0 99.0+0.0  97.1x0.3 37.640.9
capsules 96.7+0.4 98.0£0.2 93.520.1 97.9+0.4 96.4+0.4 44,424 4
cashew 88.542.3 94.3+0.9 87.2+1.8 98.7+0.2 97.6x1.1 56.7£1.5
chewinggum 97.3+0.3 98.9+0.1 95.7+£0.3 99.3+0.1 84.6+0.6 68.7+0.4
fryum 95.7+0.7 98.10.3 92.8+0.9 95.8+0.4  91.120.4 40.8+2.4
macaronil 89.242.6 88.743.1 83.1+2.3 99.4:0.0 94.1£1.0 27.6%2.9
. macaroni2 59.547.5 55.946.3 68.3£1.0 98.2+0.6 86.242.5 12.624.2
VisA pebl 94.9+0.7 93.4%0.7 90.6+1.2 98.9+0.2 94.2+0.1 60.7+4.6
peb2 86.30.9 84.3%1.4 80.0x1.4 95.60.1 86.120.3 35.5%1.0
peb3 85.622.1 88.5+1.6 78.5+0.7 93.7+0.1 86.620.1 42,025
peb4 79.1£11.1 80.3+7.4 76.3£9.7 94.9+0.6 81.943.7 25.742.2
pipe_fryum 95.8+0.6 98.0+0.3 91.9£1.0 98.8+0.1 97.840.0 48.9+2.2
Mean | 88.5:14 89.4x1.2 85.4+0.7 | 97.520.1 91.1£0.4 41.820.5
BraTS brain | 78134 95.4+0.9 93.8+0.3 | 96.5:0.1 79.40.5 49.4+1.0
bagel 95.5+2.0 98.9+0.5 95.9+1.6 98.9+0.1 99.7+0.1 66.9+0.8
cable_gland 77.2411.1 93.444.2 90.4+0.7 95.6+2.2 98.440.8 38.5420.1
carrot 87.4+5.0 96.8+1.5 93.0£1.3 99.120.2 99.8+0.0 542428
cookie 83.946.1 95318 90.5+1.9 92.9+0.3 97.740.2 57.7+4.2
dowel 74.8+2.7 92.9+1.2 90.7+1.0 94.3+0.5 98.6+0.2 40.0+3.5
foam 78.0£2.2 94.6+0.5 88.9+0.0 79.8+1.2  92.8+0.7 43.5%1.7
MVTec3D peach 93.8+1.8 98.00.9 94.9+0.8 99.2+0.1 99.8+0.0 62.5+4.4
potato 67.748.5 89.743.6 89.9+1.0 98.120.3 99.5+0.1 42.5+4.6
rope 96.2+1.3 98.620.4 94.7+0.8 97.7+0.0  99.4%0.0 50.420.2
tire 75.3%5.8 92.5+1.8 87.9+0.4 91.9+0.3 98.2+0.1 46.4+0.9
Mean | 83.0:15 95.00.6 91.7¢0.4 | 94.7+02  98.4:0.1 50.3+2.4
breakfast_box 77.1£2.8 87.1£1.7 79.3+1.8 67.1£1.6  79.7+1.2 32.340.9
juice_bottle 50.8+2.1 74.6£1.9 83.5+0.3 71.420.5 85.9+0.4 30.8+1.7
pushpins 62.7+0.6 66.4+1.4 73.5%1.9 53.1%1.4 543+1.4 3.10.1
MVTecLOCO screw_bag 59.7+1.1 75.8+1.0 78.50.3 67.81.6 63.7+1.2 10.820.1
splicing_connectors 66.2+5.3 77.5%6.1 76.9+0.4 73.7x1.3 65.7£3.5 20.0+1.9
Mean 63.3£1.2 76.3£1.0 78.4£0.5 66.6:0.3  69.9+1.0 19.4+0.2
01 85.9+3.0 95.0+1.1 86.9+2.0 65.4%1.7 93.3£1.0 50.9£2.2
02 93.6x1.4 99.020.2 95.620.6 68.4+58  96.9+0.4 64.6+3.2
BTAD 03 99.8+0.0 96.7+0.5 93.242.1 97.3+0.3 99.5+0.0 65.621.6
Mean | 93.1:13 96.9+0.5 91.9+1.3 | 77.1£2.0  96.6+0.3 60.420.7
bracket_black 55.742.9 66.646.5 76.0£1.6 92.0+1.2 95.340.6 23.1#5.8
bracket_brown 57.6x4.2 75.0+3.8 81.6+0.7 87.0+1.3 94.9+0.2 10.9£0.3
bracket_white 76.2+2.8 68.9+7.3 84.622.1 95.9+0.7  99.720.0 24.7+4.1
connector 87.13.2 70.9%6.1 76.4%3.9 91.2+1.5 97.40.5 28.8+4.7
MPDD metal_plate 99.9+0.0 100.0£0.0 99.3+0.0 89.740.9 96.5+0.5 73.241.7
tubes 94.5+1.1 97.840.6 92.0£0.5 95.5+0.5 98.8+0.1 64.6£1.5
Mean | 78.5:0.8 79.9+1.1 85.0£0.5 | 91.9+0.6  97.1:0.2 37.5£2.5
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Table 10: The comprehensive results of our NAGL framework, evaluated under settings with [V 24 AL

Image-level Pixel-level
Dataset Objects AUROC AP Fl-max AUROC PRO Fl1-max
bottle 99.2+1.0 99.7+0.4 99.50.5 98.2+0.2 96.00.5 76.5%1.4
cable 93.70.4 96.620.3 90.820.5 94.7+0.1 88.520.1 60.0%1.4
capsule 90.8+8.3 97.8+2.1 95.4+1.3 98.1x0.1 96.8+0.5 474252
carpet 100.020.0 100.020.0 100.020.0 | 99.3x0.0  985x0.0  68.9+0.4
grid 99.9+0.1 100.0+0.0 99.7+0.5 99.4+0.0  97.0£0.0 51308
hazelnut 99.8+0.1 99.9+0.1 99.30.0 99.620.1 97.4+0.4  79.8+1.0
leather 100.0£0.0 100.020.0 100.0£0.0 | 99.1x0.0  98.4+0.3 41.8+1.0
metal_nut 99.8+0.1 99.9+0.0 99.3+0.3 95.540.3 93.540.5 70.2+1.1
MVTecAD pill 95.5+1.6 99.1x0.4 96.6:0.2 94.3%0.3 96.2402  54.4%l.1
screw 86.0£0.9 95.2+0.4 88.6%1.6 98.2+0.2 935+0.3  48.8+0.4
tile 99.9+0.1 100.0+0.0 99.620.3 96.120.3 91404  69.9£0.4
toothbrush 99.4+0.7 99.740.3 98.4+1.6 99.2+0.1 95.540.2 65.5£2.0
transistor 88.0+4.1 80.8+4.6 79.244.7 85.241.2 66.0£1.8 39.0£4.0
wood 99.8+0.1 99.9+0.0 99.2+0.0 96.4+0.8 95.9+0.3 68.8+1.4
zipper 99.50.2 99.9+0.0 98.9+0.2 98.020.2 94.120.4  54.7%0.7
Mean | 96.8+0.8 97.9+0.4 963+0.5 | 96.8+02 93202  59.8+0.3
candle 93.7+0.7 94.240.5 87.9+0.5 99.0£0.0  97.1+0.2 37.9+1.2
capsules 96.9+1.0 98.240.5 93.4£1.7 97.940.2 96.5£0.4  48.0+3.7
cashew 90.1£3.6 95.3£1.7 88.9+2.6 98.7x0.1 97.840.8 57.240.5
chewinggum 97.70.5 99.020.2 95.5+0.4 99.320.1 85.1%1.3 68.120.7
fryum 95.9+0.1 98.2+0.1 94.00.2 95.7+0.2 91.1203 41312
macaronil 89.1x0.3 88.540.8 83.4+0.5 99.440.0  93.8+0.6  27.1%18
) macaroni2 63.245.4 59.344.3 68.8+1.4 98.340.2 86.740.4 17.33.8
VisA pebl 94.8+0.8 92.8+1.2 91.8+0.4 99.0£0.1 94.3£0.1 61.1£1.8
pcb2 86.6%1.6 84.4%1.4 81.5+2.4 95.720.1 86.520.1 36.920.8
peb3 88.9+1.1 91.2+0.7 83.1%1.8 93.9+0.1 87.320.0  44.1%25
peb4 84.6+10.7 87.448.3 80.0+9.6 95.240.5 83.244.0  29.7+1.8
pipe_fryum 96.5+1.2 98.3+0.6 93.120.8 98.9+0.1 97.8+0.1 50.7£1.5
Mean | 89.8:L5 90.6:0.9 86.8+1.1 | 97.6+0.0  91.4:04 43303
BraT$ brain | 821s3.0 96.621.0 93.9+0.1 | 96.8+02  79.9:04 51815
bagel 95.62.6 98.9+0.7 95.3+1.8 99.0%0.1 99.6+0.0  67.8+1.0
cable_gland 82.0+4.7 95.4x1.1 91.0+1.2 96.0£1.4  98.4%0.5 485223
carrot 87.1x1.9 96.940.5 92.4+1.2 99.1x0.1 99.8+0.0 55329
cookie 81.126.5 94.4+1.9 90.0+1.8 92.4+0.7 97.6£02  56.9+3.4
dowel 74322 92.4+1.3 90.620.5 94.8+0.4  98.8+0.1 40.7+2.6
foam 80.5£2.1 95.240.5 89.4+0.5 79.9+0.7 92.9+04  43.70.6
MVTec3D peach 942425 98.2+1.1 94.8+1.4 99.2+0.1 99.8+0.0  62.843.7
potato 67.4%2.8 89.7+1.4 89.5+0.4 98.2+0.1 99.6£0.0 42733
rope 96.4%1.3 98.7+0.4 95.30.5 97.720.1 99.4+0.0  50.4%0.3
tire 69.3£12.0 89.2+6.2 87.620.3 91.720.9 98.120.2  44.1%53
Mean | 82.8:29 94.9+1.1 91.6£0.6 | 94.8+03  98.4:0.1 51.3x1.7
breakfast_box 78.1%2.1 88.340.9 78.8+1.5 64.4£1.9 77.7£1.5 29.9+1.9
juice_bottle 58.8+3.7 79.2+1.6 83.9+0.8 70.9+0.7 85.6£04  29.4%1.0
pushpins 57.0%2.1 63.3+4.4 72.0£0.5 51.840.8 53.9+1.2 3.0+0.3
MVTecLOCO screw_bag 60.0+2.7 76.222.0 78.220.0 69.2+0.6 65.2+1.3 10.920.1
splicing_connectors 69.4+4.8 80.2+5.0 77.2+0.4 75.0+0.7 64.3+2.1 19.3+0.8
Mean 64.6:1.4 77.4£1.7 78.0£0.2 66.3:0.4  69.3:0.4 18.5+0.5
01 86.4+0.2 95.0£0.1 85.9+0.6 65.6%2.7 93.5+1.1 52.1%1.3
02 93.120.7 98.9+0.1 95.620.2 655220  96.9%0.1 65.2%1.6
BTAD 03 99.7+0.1 95.5+1.8 91.8+2.8 97.2+0.0  99.5£0.0  64.6+0.5
Mean | 93.0+0.3 96.5+0.5 91109 | 76.1+14  967:04  60.6:1.0
bracket_black 64.6+8.6 73.6£7.7 77.8+2.4 94.0£0.9 96.5£0.6  26.5+3.8
bracket_brown 60.8+1.4 75.6%1.6 82.0+1.0 89.0£0.8 95.440.5 13.1£1.1
bracket_white 81.126.7 77.1£10.9 84.7+1.0 96.5%1.3 99.8+0.1 23.3+4.5
connector 87.8+4.0 72.626.3 77.842.1 92.0%1.6 97.620.5 30.7+4.5
MPDD metal_plate 99.9+0.1 100.0+0.0 99.5+0.4 90.020.7 96.620.4 73.5%1.6
tubes 94.0+0.6 97.640.3 91.8+0.8 95.6+0.5 98.8+0.1 64.940.8
Mean | 81.4%2.9 82.7£3.0 85.6£0.3 | 92.9+0.5  97.5:0.1  38.7:L9
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Table 11: The comprehensive results of our NAGL framework, evaluated under settings with [V 44 AL

Image-level Pixel-level
Dataset Objects AUROC AP Fl-max AUROC PRO Fl1-max
bottle 99.8+0.2 99.9+0.1 99.2+0.0 98.120.2 95.7+0.2  76.6%0.7
cable 94.7+0.7 97.2+0.3 91.20.5 95.2+0.3 89.420.8 61.0+1.2
capsule 97.4%1.0 99.5+0.2 97.3+0.8 984400  97.320.1 52,4404
carpet 100.020.0 100.020.0 100.020.0 | 99.3x0.0 98400  68.5:0.2
grid 99.8+0.3 99.9+0.1 99.7+0.5 99.4+0.0  97.0%0.1 51.320.9
hazelnut 99.8+0.2 99.9+0.1 99.30.7 99.620.1 97.520.7 79.7+1.5
leather 100.0£0.0 100.020.0 100.0£0.0 | 99.1x0.0  98.2+0.3 41.0£1.1
metal_nut 99.8+0.0 100.020.0 99.1+0.3 96.0+0.3 94.0£0.1 72.6+1.1
MVTecAD pill 95.3+1.4 99.1x0.3 96.3%0.5 95.3%0.2 96.2402  55.0+0.9
screw 84.4+4.2 94.5+1.8 88.420.9 98.30.3 93.8+0.7  47.0£1.9
tile 100.00.0 100.0+0.0 99.620.3 96.020.3 91.2+0.2 69.520.5
toothbrush 99.8:+0.2 99.9+0.1 98.9+0.9 99.240.0  95.5%0.5 64.741.4
transistor 85.745.9 79.9+7.0 79.0+4.4 85.8+1.2 67.8+1.7 38.440.9
wood 99.8+0.3 99.9+0.1 98.9£0.5 96.4+0.3 95.740.3 69.1x1.1
zipper 99.50.2 99.9+0.1 98.7+0.4 98.320.4  94.240.5 54.720.6
Mean | 97.1x0.6 98.00.5 96.4+0.2 | 97.0+0.0  93.5:0.2  60.1:0.1
candle 94.0+0.4 94.440.6 87.5+0.7 99.1x0.1 96.8+0.1 38.240.6
capsules 97.5+0.2 98.40.1 94.5+0.6 98.1404  96.80.5 48.624.6
cashew 92.7+1.5 96.7+0.6 89.6+1.8 98.740.2 98.0£0.5 59.1x0.2
chewinggum 97.60.1 99.020.0 95.50.3 99.2+0.1 85.7+1.2  68.1x0.8
fryum 95.80.9 98.2+0.4 94.01.2 96.2+0.6 90.8+0.6  41.7%0.7
macaronil 89.5+2.1 88.8+1.9 83.5+0.9 99.40.1 93.640.5 26.5+1.2
) macaroni2 66.2+5.0 63.244.8 70.0£1.1 98.5+0.1 87.640.2 223418
VisA pebl 95.420.7 93.3£0.8 92.7+0.8 98.9+0.1 94.2+0.1 60.4£2.0
peb2 88.4+1.1 85.8+0.8 82.9+0.6 95.720.1 86.5+0.2  38.5x1.1
peb3 89.0+1.4 91.6%1.1 83.12.0 95.240.5 87.40.3 425439
peb4 91.0£3.5 91.942.7 86.1+4.0 95.340.3 83.1£1.3 30.3£1.0
pipe_fryum 97.1%1.2 98.6+0.6 93.7£1.3 98.9+0.1 97.740.0  51.3x1.0
Mean | 912111 91.7+0.8 87.8£0.9 | 97.8:0.0  91.5:02  44.0:0.6
BraT$ brain | 84.9:17 97.3+0.4 94101 | 97.1x04  80.7x0.5 54.7+2.8
bagel 96.0+1.9 99.020.5 95.8+1.4 99.0%0.1 99.7+0.0  67.0£3.2
cable_gland 91.5+0.7 97.940.1 92.9+1.5 98.1+0.2 99.2:+0.1 56.3+0.4
carrot 90.1x1.1 97.740.3 93.8+0.4 99.3x0.1 99.8+0.0  57.7+0.5
cookie 85.3%2.1 95.7+0.6 89.9+0.1 93.0£0.1 97.740.0  58.8%l.1
dowel 83.4%4.9 95.4%2.1 90.3%1.0 95.8+0.6 99.120.2  46.0£6.4
foam 79.9+5.0 95.1£1.2 90.1£1.0 79.740.7 92.740.3 43.9+1.4
MVTec3D peach 96.8%1.5 99.2+0.3 96.31.2 99.4+0.0  99.8#0.0  69.0+0.6
potato 68.7+3.2 90.9+0.7 89.6+0.2 98.240.2 99.6£0.0  43.9+1.7
rope 96.8+1.2 98.8+0.5 95.621.3 97.720.1 99.4+0.0  50.8+0.4
tire 80.424.8 94.2+1.3 88.621.3 93.2+0.2 98.520.1 48.5+0.4
Mean | 86.9:18 96.4+0.5 92307 | 95400  98.6:0.0  54.210.4
breakfast_box 79.5+2.2 89.1£1.0 79.5+1.7 64.9+1.1 77.7£1.0  30.6+0.8
juice_bottle 75.0+7.4 88.5+5.4 84.1x0.6 70.2+0.2 852402  28.320.6
pushpins 65.0+8.2 69.1£5.8 74.5%3.0 53.6x1.1 53.5%2.0 3.420.3
MVTecLOCO screw_bag 65.5+5.3 79.322.5 79.01.4 70.020.9 64.720.2 10.920.1
splicing_connectors 72.7%9.1 81.6+8.0 78.5+1.7 76.1+1.4 65.2+4.0 19.9+1.3
Mean 71.5£3.1 81.5£2.2 79.1:0.8 66.9£0.6  69.2:0.5 18.6+0.4
01 90.242.7 96.4+0.9 89.0+1.7 67.8+0.8 93.840.7 52.940.9
02 93.420.9 98.9+0.2 95.7+0.2 64.31.7 96.9+0.1 64.9%1.6
BTAD 03 99.7+0.1 96.3%1.0 92.7+2.2 97.2+0.2 99.5:0.0  65.7+0.9
Mean | 94.4:1.2 97.2+0.5 925509 | 76409  96.8:0.2  61.210.4
bracket_black 68.9+11.5 76.0£10.0 78.9+2.2 95.4+1.6 97.6+1.2 27.243.0
bracket_brown 60.7+8.8 733454 83.2+1.1 90.4£1.7 96.0£0.5 15.322.0
bracket_white 72.6+17.4 69.7£20.9 82.2+6.2 96.5+1.4  99.8+0.1 28.243.6
connector 86.322.7 74.6+3.5 77.243.9 92.2+1.1 97.720.3 36.2%6.0
MPDD metal_plate 100.0+0.0 100.0+0.0 99.5+0.4 90.420.5 96.7+0.4 73.0+1.9
tubes 95.8+0.8 98.340.3 93.8+1.1 96.1+0.3 99.0+0.1 66.1x0.1
Mean | 80.7£3.0 82.0£3.9 85.8£1.3 | 93.5:0.7  97.8:03  41.0+L1
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