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Abstract

Visual anomaly detection aims to identify anomalous re-
gions in images through unsupervised learning paradigms,
with increasing application demand and value in fields such
as industrial inspection and medical lesion detection. De-
spite significant progress in recent years, there is a lack
of comprehensive benchmarks to adequately evaluate the
performance of various mainstream methods across differ-
ent datasets under the practical multi-class setting. The
absence of standardized experimental setups can lead to
potential biases in training epochs, resolution, and met-
ric results, resulting in erroneous conclusions. This pa-
per addresses this issue by proposing a comprehensive vi-
sual anomaly detection benchmark, ADer, which is a mod-
ular framework that is highly extensible for new methods.
The benchmark includes multiple datasets from industrial
and medical domains, implementing fifteen state-of-the-art
methods and nine comprehensive metrics. Additionally,
we have proposed the GPU-assisted ADEval package to
address the slow evaluation problem of metrics like time-
consuming mAU-PRO on large-scale data, significantly re-
ducing evaluation time by more than 1000-fold. Through
extensive experimental results, we objectively reveal the
strengths and weaknesses of different methods and provide
insights into the challenges and future directions of multi-
class visual anomaly detection. We hope that ADer will be-
come a valuable resource for researchers and practitioners
in the field, promoting the development of more robust and
generalizable anomaly detection systems.

1. Introduction

In recent years, with the rapid advancement in model it-
eration and computational power, Visual Anomaly Detec-
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tion (VAD) has made significant progress across various
fields [7, 25]. It has become a crucial component in key
tasks such as industrial quality inspection and medical le-
sion detection. Due to its unsupervised experimental setup,
VAD demonstrates immense application value in real-world
scenarios where the yield rate is high, defect samples are
difficult to obtain, and potential defect patterns are diverse.
However, the field faces challenges such as small dataset
sizes and insufficient evaluation metrics, resulting in poten-
tially unfair comparison outcomes due to differing training
recipes among methods. Moreover, most methods have not
been compared on the latest large-scale datasets (e.g., Real-
IAD [32] and COCO-AD [42]) and new evaluation metrics
(e.g., mAD [40] and mIoU-max [42]). The fundamental is-
sue is the absence of standardized training strategies, akin
to those in object detection, to evaluate different algorithms.
Training epoch and resolution factors can potentially affect
evaluation results, leading to erroneous conclusions.

To address this pressing issue, we believe that establish-
ing a comprehensive and fair benchmark is crucial for the
sustained and healthy development of this field. Therefore,
we have constructed an integrated ADer library, bench-
marking state-of-the-art methods by utilizing a unified eval-
uation interface under the more practical multi-class set-
ting. This library is designed as a highly extensible mod-
ular framework (see Sec. 3), allowing for the easy imple-
mentation of new methods. Specifically, the framework
integrates multiple datasets from industrial, medical, and
general-purpose domains (see Sec. 3.2), and implements
fifteen state-of-the-art methods (including augmentation-
based, embedding-based, reconstruction-based, and hybrid
methods, see Sec. 3.1) and nine comprehensive evalua-
tion metrics (see Sec. 3.3), ensuring thorough and unbiased
performance evaluation for each method. Additionally, to
address the efficiency issue of evaluating time-consuming
metrics like mAU-PRO on large-scale data, we have de-
veloped and open-sourced the GPU-assisted ADEval pack-
age (see Sec. 3.0), significantly reducing evaluation time by
over 1000 times, making previously impractical extensive
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detailed evaluations feasible on large-scale datasets.

Through extensive and fair experiments, we objectively
reveal the strengths and weaknesses of different visual
anomaly detection methods, comparing their efficiency
(i.e., model parameter count and FLOPs) and training re-
source consumption across different datasets, as shown
in Fig. 1. Detailed results and analyses (see Sec. 4 and
Appendix) elucidate the challenges of multi-class visual
anomaly detection and provide valuable insights for future
research directions.

In summary, the contributions of this paper are as fol-
lows: 1) Comprehensive benchmark: We introduce a mod-
ular and extensible library termed ADer for visual anomaly
detection, which implements and evaluates 15 state-of-the-
art anomaly detection methods on 11 popular datasets with
9 comprehensive evaluation metrics. 2) GPU-assisted eval-
uation package: We develop and will open-source the
ADEval package for large-scale evaluation, significantly re-
ducing the evaluation time of complex metrics by over 1000
times. 3) Extensive experimental analysis: We conduct ex-
tensive experiments to objectively evaluate the performance
of different methods, providing insights into their strengths,
weaknesses, and potential areas for improvement. 4) Open-
source resources: We will open-source the complete ADer
code, making it a valuable resource for the research com-
munity and promoting further advancements in the field.

2. Background and Related Work
2.1. Problem Definition and Objective

Visual anomaly detection (VAD) is a critical task in com-
puter vision, aiming at identifying patterns or instances in
visual data that deviate significantly from the norm. These
anomalies can manifest as industrial defects, medical le-
sion, or rare objects that are not typically present in the
training data. The primary objective of VAD is to develop
algorithms capable of discerning these irregularities with
high accuracy and reliability. This task is particularly chal-
lenging due to the inherent variability and complexity of
visual data, the scarcity of anomalous examples, and the
need for robust generalization across diverse scenarios. In a
formal context, multi-class VAD can be defined as follows:
Given a training dataset Dyyqin, = {z1, 22, ..., 2, } With C
categories and each visual image x; belonging to a specific
category, the goal is to learn a unified AD model M that
can predict an anomaly score s; = M (z;) for each image.
This score reflects the likelihood of each pixel in x; being an
anomaly. The model M is typically trained on D, that
predominantly contains normal instances, with the assump-
tion that anomalies are rare and not well-represented in the
training set. Inevitably, there are some mislabeled or in-
accurately labeled noisy samples, which constitute inherent
biases within the dataset. These are typically disregarded
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under standard settings. The performance of the model
is then evaluated based on its ability to correctly identify
anomalous images and their defect regions in a unified test-
set that contains normal and anomalous images.

2.2. Challenges in Multi-class VAD

The complexity of VAD arises from several factors: 1)
Data Imbalance: Anomalies are rare, leading to highly im-
balanced datasets where normal instances and region areas
vastly outnumber anomalous ones. 2) Variability of Anoma-
lies: Anomalies can vary widely in appearance, making it
difficult to capture all possible variations during training.
3) Context Sensitivity: The definition of what constitutes
an anomaly can be context-dependent, requiring models to
understand the broader context in which the visual data is
situated. 4) Efficiency Requirements: Many applications of
VAD require real-time processing and limited GPU mem-
ory, necessitating efficient and scalable algorithms. 5) Com-
prehensive and Fair Evaluation: Current methods exhibit
significant differences in training hyperparameters and in-
sufficient evaluation of performance metrics, so it is neces-
sary to benchmark them using fair and standardized criteria.
In this benchmark study, we systematically evaluate a range
of state-of-the-art VAD methods (Sec. 3.1) across multiple
datasets (Sec. 3.2) and comprehensive metrics (Sec. 3.3).
Our goal is to provide a comprehensive assessment of cur-
rent capabilities, identify key challenges, and suggest direc-
tions for future research in visual anomaly detection.

2.3. Visual Anomaly Detection

Visual anomaly detection methods can generally be cate-
gorized into three types: 1) Augmentation-based methods
generate pseudo-supervised information for anomalies by
creating abnormal regions [23, 37], constructing anoma-
lous data [19, 38], or adding feature perturbations [27, 31].
This enables the model to learn the differences between nor-
mal and abnormal distributions. 2) Embedding-based meth-
ods leverage pretrained models to extract powerful feature
representations and judge anomalies in high-dimensional
space. Typical approaches include distribution-map-based
methods [14, 22], teacher-student frameworks [4, 33], and
memory-bank techniques [13, 29]. 3) Reconstruction-
based methods use encoder-decoder architectures to locate
anomalies by analyzing the reconstruction error. They typ-
ically include both image-level [2, 16, 24] and feature-level
approaches [ 10, 40, 42]. There are also some hybrid meth-
ods [31, 35, 44] that attempt to integrate multiple techniques
to further enhance model performance.

Basic network structures of VAD. Early visual anomaly
detection methods typically employ UNet-based autoen-
coder architectures [ 1, 24, 37]. With advancements in foun-
dational visual model structures [17, 26, 34, 39, 41, 43] and
pretraining techniques [8, 18], more recent methods often
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Figure 1. Intuitive benchmarked results comparison on MVTec AD [3] (Left), VisA [47] (Middle), and Real-IAD [32] (Right) datasets
among mainstream methods. For each dataset, the horizontal axis represents the training time for different methods, the left vertical
axis represents mAD [40] (marked as circles, with radius indicating model parameter count), and the right vertical axis represents mloU-
max [42] (marked as squares, with side length indicating model FLOPs).

i Input ¢ Input

Anomaly

1 1

1 1

1 1

i 1

Y Generator Feature 1 IR 1

— xtractor : Extractor '
v/

1 1

1 1

aIN 1 !

I I RealNet . [,m\\j\ 1

m e 1 Normalizing '

Discriminator/\ |! Flow '

1 1

Reconstructor i PatchCore 1

Prediction Reconstruction CFA !

: 1

1

(a) Augmentation (b) Embedding

Recons ! .
(c) Reconstruction |

Anomaly
Generator

ruction A

(d) Hybrid

Figure 2. A comparative diagram of different frameworks for the benchmarked methods in Sec. 3.1.

utilize models pretrained on ImageNet-1K [11] as feature
extractors, such as the ResNet [17] series, Wide ResNet-
50 [36], and EfficientNet-b4 [30]. Recently, benefiting from
the dynamic modeling capabilities of Vision Transformers
(ViT) [12], some studies [9, 35, 40] have attempted to in-
corporate this architecture into anomaly detection.

3. Methodology: ADer Benchmark
3.1. Supported VAD Methods

Following the categories of current VAD methods in
Sec. 2.3, we choose representative models for each cate-
gory. The selection criteria are based on the method’s pop-
ularity, effectiveness, and ease of use. 1) For Augmentation-
based methods, we choose DRAEM [37], SimpleNet [27],
and RealNet [45]. 2) For Embedding-based methods, we
select CFA [21], PatchCore [29], CFLOW-AD [14], and
PyramidalFlow [22]. 3) For Reconstruction-based meth-
ods, we include RD [10], DiAD [16], ViTAD [40], In-
vAD [42], InvAD-lite [42], and MambaAD [15]. Addi-
tionally, UniAD [35], RD++ [31], and DesTSeg [44] are
categorized as hybrid methods due to their use of multiple
techniques. Fig. 2 presents schematic diagrams and com-
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parisons of the frameworks for each method belonging to
different types, facilitating a better understanding of the dif-
ferences among these methods. Tab. | provides a direct
comparison of the hyperparameters, efficiency, and training
time on three mainstream datasets for different methods, us-
ing one L40S GPU. Note that different methods may yield
varying results when tested on different hardware, but the
overall relative trends remain largely unchanged.

3.2. VAD Datasets

To comprehensively evaluate the effectiveness, stability,
and generalization of different methods, we benchmark ex-
tensive and fair experiments on three types of datasets:
1) Real and synthetic industrial anomaly detection (AD)
datasets, i.e., MVTec AD [3], MVTec AD 3D [6], MVTec
LOCO-AD [5], VisA [47], BTAD [28], MPDD [20],
MAD _Real [46], MAD_Sim [46], and Real-IAD [32]. 2)
The medical Uni-Medical [40] dataset. 3) The general-
purpose COCO-AD [42] dataset. Detailed descriptions of
the datasets are provided in Tab. 2, including the categories
and scales of the datasets. Note that COCO-AD is inher-
ently a multi-class dataset with four splits, and the average
is taken when evaluating the comprehensive results.



Method Hyper Params. Efficiency Train Mem. Test Mem. MVTec AD VisA Real-TAD
BS Optim. LR Params. FLOPs Backbone M) ™M) Train T. Test T. Train T. Test T. Train T. TestT.
o DRAEM [37] 8 Adam le4 974M 198G UNet 12,602 2,858 3.4h 35s 8.0h 36s 39.2  18md4ls
2 SimpleNet [27] 32 AdamW le-4 72.8M 17.715G WRNS50 2,266 4,946 1.7h 5m50s 39h  7Tm2ls 159h  4hSIm
RealNet [45] 16 Adam le4 59IM 115G WRNS50 14,004 3,794 2.6h 41s 5.4h 41s - -
CFA [21] 4 AdamW le-3 38.6M 553G WRNS50 4,364 2,826 12h  18s 2.7h 17s 10.9h  14m20s
—g PatchCore [29] 8 - - - - WRNS50 - - 0.6h  9h22m - OOM - OOM
@  CFLOW-AD[14] 32 Adam 2e-4 237M 287G WRNS50 3,048 1,892 5.2h 56s 10.4h  1ml5s  40.9h 22m49s
PyramidalFlow [22] 2 Adam 2e4 343M 962G RN18 3,904 2,836 7.9h  1m30s 10.5h 2m43s 45h  38ml5s
RD [10] 16 Adam 5e-3 80.6M 284G  WRNS50 3,286 1,464 0.8h 13s 1.1h 18s 4.1h  7m48s
DiAD [16] 12 Adam le-5 1331IM 451.5G  RNS50 26,146 20,306 9.1h 16m 21.6h  19m 90h  16h20m
g ViTAD [40] 8 AdamW le-4 39.0M 9.7G ViT-S 1,470 800 0.8h 15s 1.1h 15s 52h  10m2s
~ InvAD [42] 32 Adam le-3 95.6M 454G  WRNS50 5,920 3,398 1.0h 31s 2.3h 33s 9.2h 21m
InvAD-lite [42] 32 Adam le-3 17.1M  9.3G RN34 1,846 1,100 0.8h 20s 1.1h 31s 34h  9m27s
MambaAD [15] 16 AdamW 5e-3 257M  8.3G RN34 6,542 1,484 2.4h 34s 5.6h 23s 23.6h  24mb6s
2 UniAD [35] 8 AdamW le-4 245M 34G EN-b4 1,856 968 0.8h 22s 1.0h 18s 4.1h 7Tm2s
< RD++ [31] 16 Adam le-3 96.IM 37.5G  WRN50 4,772 1,480 3.3h 28s 7.8h 33s 42.4h  15ml7s
T DesTSeg [44] 32 SGD 04 352M  30.7G RN18 3,446 1,240 1.0h 19s L7h  16s 6.8h  8ml3s

Table 1. Attribute comparison for mainstream representative methods. Notations: Augmentation-based (Aug.), Embedding-based (Emb.),
Reconstruction-based (Rec.), Parameters (Params), Memory (Mem.), Batch Size (BS), Optimizer (Optim.), Time (T.), ResNet (RN), Wide-
ResNet (WRN), EfficientNet (EN), hours (h), minutes (m), seconds (s), unavailable (-), out-of-memory (OOM). Train and test time are
evaluated under the standard setting described in Sec. 4.1 in one L40S GPU. Memory is tested under the standard setting with a batch size
of 8, and the results for different methods are presented in Sec. 4.2. Bold, underline, and wavy-line represent the best, second-best, and

third-best results, respectively.

Category Number Image Quantity

Dataset Train Test Train Test Ep?l:hAS[;:(ii_mg
Normal ~ Anomaly Normal
MVTec AD [3] 15 15 3,629 1,258 467 100 300
MVTec AD 3D [6] 10 10 2,950 249 948 100 300
MVTec LOCO-AD [5] 5 5 1,772 993 575 100 300
VisA [47] 12 12 8,659 962 1,200 100 300
BTAD [28] 3 3 1,799 580 451 100 300
MPDD [20] 6 6 888 282 176 100 300
MAD _Real [46] 10 10 490 221 50 100 300
MAD_Sim [46] 20 20 4,200 4,951 638 100 300
Real-IAD [32] 30 30 36,465 51,329 63,256 100 -
Uni-Medical [40] 3 3 13,339 4,499 2,514 100 300
30,438 1,291 3,661 100 -
65,133 2,785 2,167 100
coco-Appir 6l 81 79083 3328 1624 100
77,580 3,253 1,699 100

Table 2. Comparison of representative VAD datasets, i.e., indus-
trial, medical, and general-purpose fields, respectively. Large-
scale Real-IAD and COCO-AD only employ 100 epoch setting.

3.3. Evaluation Metrics

Following the ViTAD [40] setting, we select image-level
mean Area Under the Receiver Operating Curve (mAU-
ROC) [37], mean Average Precision (mAP) [37], mean
Fy-score (mF}-max) [47], region-level mean Area Under
the Per-Region-Overlap (mAU-PRO) [4], pixel-level mAU-
ROC, mAP, mF;-max, and the average AD (mAD) [40]
of seven metrics to evaluate all experiments. Additionally,
we adopt the more practical order-independent pixel-level
mean maximal Intersection over Union (mloU-max) pro-
posed in InvAD [42].

3.4. Simplify Implementation by Structured ADer

To ensure fair comparison among different methods, we
construct a standardized ADer framework. As shown in
Fig. 3, it includes shared foundational training/testing com-
ponents and implements various metric calculations (com-
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Figure 3. Core sub-modules of the framework in ADer. The blue
area represents standard components, while the red area indicates
that a new method requires only three corresponding files.

‘ Specific Model ‘ ‘ Specific Trainer ‘

patible with our ADEval). The standardized dataset allows
for easy comparison, eliminating potential unfair settings
from different codebases. Additionally, ADer is highly ex-
tensible for new methods, requiring only compliant model,
trainer, and configuration files.

3.5. Feature comparison with current benchmarks.

The existing vision anomaly detection benchmark works are
primarily and However, their updates
for general AD models only extend up to 2022, and they
have not yet implemented the latest and practical multi-
class anomaly detection methods. We briefly discuss the
relationship between the most popular Anomalib and ADer
as follows: I) From the framework perspective: Anoma-
lib is based on PyTorch Lightning that is deeply encapsu-
lated, whereas ADer has a shallower encapsulation, expos-
ing more interfaces to facilitate rapid algorithm iteration.
2) From the methods perspective: Anomalib supports gen-
eral AD models only up to 2022, while ADer supports more
recent models up to 2024. 3) From the data and metrics
perspective: Compared to Anomalib, ADer supports large-
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https://github.com/M-3LAB/open-iad/tree/main
https://github.com/openvinotoolkit/anomalib

scale industrial Real-IAD [32], medical Uni-Medical [
and general-purpose COCO-AD [42] datasets, as well as
more application-relevant metrics like mloU-max [42] and
averaged mAD [40]. 4) From the setting perspective: ADer
focuses more on the recently popular and future research
trend of multi-class settings.

]7

3.6. ADEval: Fast and Memory-efficient Routines
for mAU-ROC/mAP/mAU-PRO

The speed of metric evaluation is crucial for the iterative
process of model algorithms. When the number of test
images increases and the resolution becomes higher, the
pixel-level evaluation algorithms implemented naively us-
ing sklearn and skimage packages become time-consuming.
This is particularly evident with large-scale datasets such as
Real-IAD [32] and COCO-AD [42], where evaluation times
can exceed one hour. To address this issue, we have re-
leased the GPU-assisted ADEval library, which employs an
iterative-accumulating algorithm with CUDA acceleration.
By designing specialized histogram bins and employing a
weighted accumulation process, the computation of metrics
such as AUROC, AUPR, and AUPRO, which require sliding
confidence thresholds to derive curves and then calculate
the area under these curves, is optimized into an iterative-
accumulative form. This approach avoids the need to cache
the complete set of ground truth and predicted values during
the evaluation of large-scale, high-resolution test sets.

Given a test set with inputs X = {z;}, labels Y = {y; |
i € I}, and inference results Pxy = {g; | ¢ € I},
the ROC curve L = {(tpr;, fpri,4;) | ¢ € I} can be
sampled as L = {(fpry, f];k,t/h\rk) | 0 < k < N},
where t/h\rk is strictly increasing. The area under the ROC
curve (AUROC) is given by Trapz({(fpr:,tpr;) | i €
I}) =~ Trapz({f];k,t;ﬁ'k | 0 < k < N}), where N
is the number of sampling points on the ROC curve. Let
t/h\rN = maX(PX7y).

The true positive rate (TPR) and false positive rate (FPR)
are defined as follows:
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Let pr, = ’{i|i€[/\yi:1/\t/h\rk < 9 §t/h\rk+1}‘and

qr = ‘{Z | 1elNy; :0/\t/h\7“k < i St/h\’l’k+1}’.
Then, the true positive rate and false positive rate can be
expressed as:

N-—-1

— Z D1 —_— N
— =k J—
tPry = Tafieingi =iy TPTe =

1=k 4
i€ ng: =01’
€)]

Thus, the sampled ROC curve L can be fully derived from
P:{pk|0§k<N}andQ:{qk|0§k<
N}. These sets P and @ can be computed iteratively and
cumulatively as follows:

For P, maintain a histogram H = {h | 0 < k < N}
initialized to hy = 0 for all 0 < k£ < N. For each batch b
of inference results {g; | ¢ € b}, update the histogram as:

B < i+ |{i | i €bAy; =1 Athry, < i < thri}| .
“)
Continue this process until all samples have been processed.
This method requires a space complexity of O(N),
which is significantly less than the traditional method that
requires O(|X|) space to store all inference results. Ad-
ditionally, each iterative update can be efficiently imple-
mented using mature histogram operators, leveraging paral-
lelism and GPU acceleration. This approach is particularly
advantageous for computing large-scale, high-resolution
evaluation metrics, especially pixel-level metrics.

4. Results and Analysis
4.1. Experimental Setup

Different methods potentially introduce various factors that
can impact model performance. To ensure a fair and com-
prehensive evaluation of the effectiveness and convergence
of different methods, we fix the most influential parame-
ters, i.e., resolution (256%) and training epochs (100 and
300). The reason lies in the fact that tasks such as classifica-
tion, detection, and segmentation typically set specific res-
olutions and standard training epochs. We observe that for
most methods, 100 epochs generally suffice to reach satura-
tion [40, 42], with only a few methods [35] requiring more
epochs for training. Therefore, we also establish a setting
with 300 epochs. Meanwhile, we maintain consistency with
the original papers for batch size, optimizer, learning rate,
and data augmentation. We report the evaluation results cor-
responding to the final epoch at the end of training to ensure
fairness. All experiments are conducted on one L40S GPU.

4.2. Benchmark Results on Industrial, Medical, and
General-purpose UAD Datasets

To thoroughly evaluate the effectiveness of different meth-
ods and their adaptability to various data domains, we con-
duct experiments on multiple datasets across three domains.



Table 3. Benchmarked results on MVTec AD dataset [3] by the suggested metrics in Sec. 3.3 under 100/300 epochs. Bold, underline,
and wavy-line represent the best, second-best, and third-best results, respectively. Patchcore requires no training that shares results under

different epoch settings.

Image-level

Pixel-level

Method mAUROC  mAP  mFimax  mAUROC mAP  mFimax AUTPRO mioU-max — mAD
o DRAEM [37] 54.5/55.2  76.3/77.0 83.6/83.9 47.6/48.7 3.2/ 3.1 6.7/ 6.3 14.3/15.8 3.5/ 33 40.9/41.4
2 SimpleNet [27] 95.4/79.2  98.3/90.8 95.7/87.6 96.8/82.4  48.8/24.0 51.9/29.0 86.9/62.0 36.4/17.8  82.0/65.0
RealNet [45] 84.8/82.9  94.1/93.3 90.9/90.9 72.6/69.8 48.2/50.0 41.4/40.4 56.8/51.2  28.8/28.5 69.8/68.4
CFA [21] 57.6/55.8  78.3/78.8 84.7/84.5 54.8/43.9 119/ 48 14.7/ 8.9 25.3/19.3 8.9/ 47 46.8/42.3

£ PatchCore [29] 98.8/ - 995/ - 98.4/ - 98.3/ - 59.9/ - 6.0/ - 942/ - 449/ - 872/ -
D  CFLOW-AD [14]  91.6/92.7 96.7/97.2 93.4/94.0 95.7/95.8  45.9/46.8 48.6/49.6 88.3/89.0 = 33.2/34.0  80.0/80.7
PyramidalFlow [22]  70.2/66.2  85.5/84.3 85.5/85.1 80.0/74.2  22.3/17.2 22.0/19.6 47.5/40.0 12.8/11.4 59.0/55.2
RD [10] 93.6/90.5 97.2/95.0 95.6/95.1 95.8/95.9 48.2/47.1 53.6/52.1 91.2/91.2  37.0/35.8 82.2/81.0
DiAD [16] 88.9/92.0  95.8/96.8 93.5/94.4 89.3/89.3  27.0/27.3 32.5/32.7 63.9/64.4  21.1/21.3 70.1/71.0
g ViTAD [40] 98.3/98.4  99.3/99.4 97.3/97.5 97.6/97.5 552/552 58.4/58.1 92.0/91.7 42.3/420 85.4/85.4
~ InvAD [42] 98.1/98.9  99.0/99.6 97.6/98.2 98.0/98.1 56.3/57.1 359.2/59.6 94.4/94.4  42.8/43.1 86.1/86.6
InvAD-lite [42] 97.9/98.1  99.2/99.1 96.8/96.8 97.3/97.3  54.4/55.0 57.8/58.1 93.3/93.1 41.4/41.7 85.2/85.4
MambaAD [15]  97.8/98.5 99.3/99.5 97.3/97.7  97.4/97.6 55.1/56.1 57.6/58.7 93.4/93.6  41.2/423 85.4/86.0
= UniAD [35] 92.5/96.8  97.3/98.9 95.4/97.0 95.8/96.8  42.7/45.0 48.0/50.2 89.3/91.0  32.5/34.2 80.1/82.2
2 RD++ [31] 97.9/95.8  98.8/98.0 96.4/96.6 97.3/97.3  54.7/53.0 58.0/57.0 93.2/92.9  41.5/40.5 85.2/84.4
T DesTSeg [44] 96.4/96.3  98.6/98.8 96.2/96.1 92.0/92.6 71.1/75.8 68.2/71.3 83.4/82.6  52.8/56.6 86.6/87.6

Table 4. Benchmarked results on VisA dataset [47] by the suggested metrics under 100/300 epochs.
Image-level Pixel-level

Method mMAUROC mAP  mFimax mAUROC mAP mPimax TAUTPRO mloU-max — mAD
o DRAEM [37] 55.1/56.2  62.4/64.6 72.9/74.9 37.5/45.0 0.6/ 0.7 1.7/ 1.8 10.0/16.0 0.9/ 0.9 34.3/37.0
2 SimpleNet [27] 86.4/80.7 89.1/83.8 82.8/79.3 96.6/94.4  34.0/29.2 37.8/33.1 79.2/74.2  25.7/22.1 72.3/67.8
RealNet [45] 71.4/79.2  79.5/84.8 74.7/78.3 61.0/65.4 25.7/29.2 22.6/27.9 27.4/33.9 13.5/17.4  51.8/57.0
5 CFA [21] 66.3/67.1 74.3/73.8 74.2/75.3 81.3/83.0 22.1/13.7 26.2/18.7 50.8/48.7 17.0/11.3  56.5/54.3
5 CFLOW-AD [14] 86.5/87.2  88.8/89.5 84.9/85.1 97.7/97.8 33.9/342 37.2/372 86.8/87.3  24.9/249 73.7/74.0
PyramidalFlow [22]  58.2/69.0 66.3/72.9 74.4/75.8 77.0/79.1 7.2/ 79 9.6/ 8.7 42.8/52.6 5.6/ 477 47.9/52.3
RD [10] 90.6/93.9  90.9/94.8  89.3/90.4 98.0/98.1 35.4/38.4 42.5/4377 91.9/91.9  27.9/29.0 76.9/78.7
DiAD [16] 84.8/90.5 88.5/91.4 86.9/90.4 82.5/83.4 17.9/19.2 23.2/25.0 44.5/44.3 14.9/16.2  61.2/63.5
3 VIiTAD [40] 90.4/90.3 91.1/91.2 86.0/86.4 98.2/98.2 36.4/36.4 41.0/40.9 85.7/85.8  27.5/27.5 75.5/75.6
~ InvAD [42] 95.4/95.6  95.7/96.0 91.6/92.3 98.9/99.0  43.3/43.7 46.8/46.9 93.1/93.0  32.5/32.6 80.7/80.9
InvAD-lite [42]  94.9/95.3  95.2/95.8 90.7/91.0 98.6/98.7 40.2/41.2 44.0/44.9 93.1/93.2  29.8/30.6 79.5/80.0
MambaAD [15] 94.5/93.6  94.9/93.9 90.2/89.8 98.4/98.2  39.3/34.0 43.7/39.3  92.1/90.5  29.5/25.9 79.0/77.0
2 UniAD [35] 89.0/91.4  91.0/93.3 85.8/87.5 98.3/98.5 34.5/35.3 39.6/40.2 86.5/89.0  26.4/26.5 75.0/76.5
2 RD++ [31] 93.9/93.1  94.7/94.1  90.2/90.0 98.4/98.4 42.3/404 46.3/448 91.9/91.4  31.2/299 79.7/78.9
T DesTSeg [44] 89.9/89.0 91.4/90.3 86.7/85.9 86.7/84.8  46.6/43.3 47.2/444 61.1/57.5  32.7/30.1 72.8/70.7

Due to space constraints, we report the average metrics for
the popular MVTec AD (see Tab. 3), VisA (see Tab. 4), and
Real-TAD (see Tab. 5) datasets in the main paper. For the re-
maining datasets, we report the mAD and mloU-max met-
rics (see Tab. 6). Full results for each category are provided
in Appendix A to V.

Quantitative results. InvAD [42] consistently shows ex-
cellent performance across all datasets. ViTAD [40] and
MambaAD [15], specifically designed for multi-class set-
tings, also achieve good results. In contrast, DiAD [16]
and UniAD [35] require more epochs to converge and do
not perform well under the 100/300 epoch standard we set.
DeSTSeg [44] exhibits outstanding performance in pixel-
level segmentation. Methods designed for single-class set-
tings, such as RD [10], RD++ [31], CFLOW-AD [14],
and RealNet [45], also perform well in multi-class settings.
However, single-class methods like DRAEM [37], Sim-
pleNet [27], CFA [21], and PyramidFlow [22] show sig-
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nificant performance gaps in multi-class anomaly detection
and are not suitable for such tasks. Considering the train-
ing time, model parameters, and FLOPs shown in Fig. 2,
InvAD, InvAD-lite, and ViTAD achieve a good balance of
effectiveness and efficiency. RD, UniAD, and DeSTSeg
also perform well in terms of both efficiency and effective-
ness. On the other hand, methods like DiAD, PyramidFlow,
CFLOW-AD, RD++, RealNet, MambaAD, and SimpleNet
have significantly longer training times compared to others.
Qualitative results. Fig. 4 in Appendix presents intu-
itive visualization results under the 100 epochs training set-
ting on popular MVTec AD [3] and VisA [47] datasets, as
well as the medical Uni-Medical [40] and large-scale Real-
IAD [32] datasets.

Convergence analysis. From Tab. 3 and Tab. 4, we analyze
the convergence of different methods by comparing the re-
sults after training for 100/300 epochs. The methods can be
categorized into three groups: 1) Methods that show no sig-



Table 5. Benchmarked results on Real-IAD dataset [

] by the suggested metrics under 100 epoch.

Image-level

Pixel-level

Method “MAU-ROC mAP mFi-max mAUROC mAP mFimax MAUPRO mloU-max mAD
o0 DRAEM [37] 50.9 459 61.3 440 02 04 136 02 30.9
2 SimpleNet [27] 54.9 506 615 76.1 1.9 4.9 424 2.5 418
5 CFA2T] 55.7 50.3 61.9 81.3 1.6 3.8 48.8 2.0 434
€ CFLOW-AD [14] 77.0 75.8 69.9 94.8 17.6 21.7 80.4 124 62.5
M PyramidalFlow [22] 54.4 48.0 62.0 71.1 1.2 1.1 349 0.5 39.0
RD10] 827 79.3 741 972 252 328 90.0 20.0 68.8
DiAD [16] 75.6 66.4 69.9 88.0 2.9 7.1 58.1 3.7 52.6
) ViTAD [40] 82.7 80.2 73.7 97.2 24.3 323 84.8 19.6 67.9
~ InvAD [42] 89.4 87.0 80.2 98.4 32.6 38.9 92.7 24.6 74.2
InvAD-lite [42] 87.2 852 77.8 98.0 31.7 37.9 92.0 23.8 728
MambaAD [15] 87.0 85.3 776 98.6 324 38.1 91.2 23.9 72.9
= UniAD [35] 831 812 745 974 233 30.0 87.1 1856 68.2
S RD++ [31] 83.6 80.6 74.8 97.7 259 33.6 90.7 20.5 69.6
T DesTSeg [44] 79.3 76.7 70.7 80.3 36.9 40.3 56.1 26.2 62.9
Table 6. Benchmarked results on all other datasets by the mloU/mAD metrics under 100 epoch.
Method MVTec 3D MVTec LOCO BTAD MPDD MAD_Real MAD_Sim Uni-Medical COCO-AD
o DRAEM [37] 1.0/42.5 5.6/38.5 3.4/43.3  2.5/32.8 0.8/43.8 0.7/48.0 3.0/33.5 8.0/36.0
<=:" SimpleNet [27] 13.9/67.8 21.2/65.0 28.6/74.3 24.5/76.2 6.3/54.3 4.2/58.0 23.3/67.7 11.5/41.0
RealNet [45] - /- - - 36.6/73.7 28.2/70.1 - /- - /- - - - /-
CFA [21] 9.3/55.2 9.1/49.0 33.6/78.2 16.6/62.3 8.7/56.5 4.6/55.1 14.7/55.0 8.9/38.7
-g PatchCore [29] 24.5/76.7 20.4/65.4 38.0/81.5 35.0/81.9 16.6/66.6 - /- - /- - /-
m  CFLOW-AD [14] 15.8/69.8 17.3/61.7 33.8/77.77 20.1/68.3  8.8/61.2 2.7/57.1 17.7/68.6 16.0/51.5
PyramidalFlow [22] 6.4/59.7 8.0/44.7 18.3/66.1 10.4/62.9 5.1/56.7 2.5/54.5 9.4/45.7 8.0/36.2
RD [10] 22.2/73.7 15.8/60.6 42.1/83.2 31.4/79.0 7.2/58.2 4.5/60.0 26.9/70.3 11.5/44.3
DiAD [16] 5.4/62.8 14.9/56.5 15.7/68.5  8.2/58.1 3.6/55.8 4.2/58.9 23.2/69.1 11.6/44.1
g ViTAD [40] 20.4/73.5 19.8/62.5 40.1/81.5 27.7/75.6 5.0/55.2 5.0/60.1 33.7/74.7 20.1/52.2
e InvAD [42] 27.4/78.6  23.1/67.0  44.3/84.5 34.0/802 16.8/647  8.6/67.4  32.6/746  14.3/49.0
InvAD-lite [42] 26.9/78.0 20.6/64.9 42.6/82.9 30.9/78.2 8.1/60.2 _6.0/62.1 26.5/70.7 13.7/47.6
MambaAD [15] 25.9/77.4 20.6/64.3 39.0/80.9 26.8/76.3 7.2/58.2 5.0/60.8 33.5/75.0 12.9/47.1
2 UniAD [35] 16.7/70.3 21.6/62.4 36.9/81.1 12.5/61.7 5.8/56.1 3.5/58.3 27.6/70.7 10.9/42.4
2 RD++ [31] 25.2/76.4 17.6/62.2 42.8/83.3 33.6/79.3 8.5/59.2 4.4/60.0 29.4/71.6 11.8/45.0
T DesTSeg [44] 28.4/70.4 20.3/61.3 29.0/74.6  25.6/69.3 4.5/50.1 4.1/49.7 21.2/58.6 8.5/38.6
. . . MVTec AD-
nificant improvement in performance after 300 epochs com- Uni-Medical
pared to 100 epochs, indicating rapid convergence within 0.99
100 epochs. These models include DRAEM [37], Sim- 097
pleNet [27], CFA [21], PyramidFlow [22], ViTAD [40], Real-IAD- MyTec A SimpleNet
InvAD-lite [42], RD++ [31], and DeSTSeg [44].2) Methods COCO-AD Real-IAD CFLOW-AD
that show improvement with continued training on the VisA =—PyramidFlow
dataset but no improvement or a decline on the MVTec AD -RD
dataset, indicating slower convergence on larger datasets. ——InvAD
These models include RealNet and RD. 3) Methods that ——MambaAD
show significant improvement after 300 epochs compared Uni-Medical- Uni-Medics—RD++

to 100 epochs, indicating slower convergence. These mod-
els include CFLOW-AD [14], DiAD [16], InvAD [42],
MambaAD [15], and UniAD [35].

Stability analysis. For current anomaly detection algo-
rithms, most authors select the best epoch’s results as the
model’s performance. However, this method of epoch se-
lection is unscientific and may indicate significant model
instability. Therefore, we further analyze model stability
using Tab. 3 and Tab. 4, comparing the results at 100/300
epochs to identify any substantial differences. The results
show that SimpleNet [27] and PyramidFlow [22] exhibit
considerable differences, indicating poor model stability,

COCO-AD Real-IAD

DeSTSeg

MVTec AD-
COCO-AD

Figure 4. A Pearson correlation coefficient analysis for different
methods on several datasets.

while other methods do not show significant fluctuations.

Cross-domain dataset correlation. To analyze the adapt-
ability of different methods across various datasets and
the relationships and differences between different types of
datasets, we employ Pearson correlation analysis to exam-
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ine the correlations among these datasets. Specifically, we
select four distinct datasets for analysis: MVTec AD [3],
Uni-Medical [40], Real-IAD [32], and COCO-AD [42].
MVTec AD represents a fundamental industrial dataset,
Uni-Medical consists of medical images from CT scans,
Real-IAD is a large-scale multi-view industrial dataset from
real-world scenarios, and COCO-AD is a large-scale panop-
tic segmentation dataset from real-life scenes. We evaluate
four categories of methods using eight metrics: image and
pixel mAU-ROC, mAP, mF1-max, region mAU-PRO, and
segmentation mloU-max. The results, as shown in Fig. 4,
indicate that the COCO-AD and Uni-Medical datasets ex-
hibit lower Pearson correlation coefficients due to signif-
icant differences in data distribution compared to general
industrial datasets. Although the Pearson correlation coef-
ficient between the Uni-Medical and Real-IAD datasets is
relatively high, Tab. 5 and Tab. A11 in the Appendix reveal
that this is because all methods perform poorly on these two
datasets. Additionally, it is observed that the methods Sim-
pleNet and DeSTSeg show considerable instability in their
results across different datasets. This instability may be at-
tributed to the inherent instability of the data augmentation
algorithms they employ.

Training-free PatchCore. PatchCore [29] does not require
model training. It extracts all features from the training
data, then selects a core subset and stores it in a Mem-
ory Bank. During testing, each test image is compared
with the Memory Bank to compute an anomaly score. Be-
cause it stores the core subset of all normal features in the
Memory Bank, PatchCore is only feasible for multi-class
anomaly detection tasks on small-scale datasets. For large-
scale datasets, it faces limitations due to insufficient GPU
and memory resources. Although it achieves excellent re-
sults on the MVTec AD dataset, as shown in Tab. 1, its
testing time is nearly a thousand times longer than other
methods. In summary, PatchCore performs exceptionally
well on small-scale datasets but is constrained by large-
scale datasets and testing time.

Dataset Analysis. The experimental results indicate that
there is room for improvement in the VisA [47] and Real-
IAD [32] datasets due to the very small defect areas, neces-
sitating models with stronger capabilities for detecting mi-
nor defects. The MAD_Real and MAD_Sim [46] datasets,
due to their small data volume and varying difficulty lev-
els, result in similar performance across all models, particu-
larly in the mF1-max metric. The Uni-Medical [40] dataset,
consisting of images converted from CT scans, has a data
distribution that significantly differs from other industrial
datasets, suggesting the need for specialized detection net-
works tailored to medical datasets. COCO-AD [42], as a
newly proposed large-scale dataset for general scenarios,
presents high complexity. Current industrial AD networks
are unable to achieve effective results on the COCO-AD.
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4.3. Challenges for Current VAD

Immature method. For challenging anomaly detec-
tion datasets such as MVTecLOCO, pose-agnostic MAD,
and general-purpose COCO-AD, current methods perform
poorly in a multi-class setting. Future research should focus
on designing more robust methods to address this issue.
Efficiency. Most methods do not consider model complex-
ity during design, resulting in high FLOPs. This issue be-
comes more pronounced when applied to real-world high-
resolution scenarios. Incorporating lightweight characteris-
tics in model design could be a potential solution.

Dataset scale. Mainstream datasets in the VAD field, such
as MVTec AD and Real-IAD, are relatively small compared
to those in detection and segmentation fields and are tai-
lored to specific industrial scenarios. This limitation could
hinder technological development. Collecting larger-scale,
general-scene AD datasets is crucial for the advancement of
the VAD field.

VAD-specific metric. Metrics like mAU-ROC and mAP are
not uniquely designed for the BAD field. Developing more
reliable evaluation methods to better meet practical applica-
tion needs is essential.

Augmentation and tricks. In fields such as classification,
detection, and segmentation, data augmentation and tricks
are extremely important for model training. However, few
studies explore their role in the AD field, potentially limit-
ing model performance.

Model interpretability. In many applications, understand-
ing why a model detects a particular anomaly is crucial.

5. Conclusion and Discussion

This paper addresses the urgent need for a comprehensive
and fair benchmark in the field of visual anomaly detection.
We introduce a modular and scalable ADer library designed
to fairly facilitate the evaluation of fifteen advanced VAD
methods across multiple mainstream datasets, ensuring a
thorough and unbiased assessment of each method’s per-
formance. Our extensive experiments reveal the strengths
and weaknesses of different methods, providing valuable
insights into their efficiency and training resource consump-
tion. We also develop and open-source a GPU-assisted
ADEval package to reduce the evaluation time, enabling
extensive assessments. Experimental results highlight the
challenges of various VAD methods and offer valuable in-
sights for future research directions.

Broader Impacts. The open-sourcing ADer can acceler-
ate the development of new VAD technology for the open-
source community and become a valuable resource for prac-
titioners in the field.
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