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Abstract

Recent studies highlighted a practical setting of unsu-
pervised anomaly detection (UAD) that builds a unified
model for multi-class images. Despite various advance-
ments addressing this challenging task, the detection per-
formance under the multi-class setting still lags far be-
hind state-of-the-art class-separated models. Our research
aims to bridge this substantial performance gap. In this
paper, we present Dinomaly, a minimalist reconstruction-
based anomaly detection framework that harnesses pure
Transformer architectures without relying on complex de-
signs, additional modules, or specialized tricks. Given
this powerful framework consisting of only Attentions and
MLPs, we found four simple components that are essen-
tial to multi-class anomaly detection: (1) Scalable foun-
dation Transformers that extracts universal and discrim-
inative features, (2) Noisy Bottleneck where pre-existing
Dropouts do all the noise injection tricks, (3) Linear At-
tention that naturally cannot focus, and (4) Loose Recon-
struction that does not force layer-to-layer and point-by-
point reconstruction. Extensive experiments are conducted
across popular anomaly detection benchmarks including
MVTec-AD, VisA, Real-IAD, etc. Our proposed Dinomaly
achieves impressive image-level AUROC of 99.6%, 98.7 %,
and 89.3% on the three datasets respectively, which is not
only superior to state-of-the-art multi-class UAD methods,
but also achieves the most advanced class-separated UAD
records. Code is available at:
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1. Introduction

Unsupervised anomaly detection (UAD) aims to detect ab-
normal patterns from normal images and further localize the
anomalous regions. Because of the diversity of potential
anomalies and their scarcity, this task is proposed to model
the accessible training sets containing only normal samples
as an unsupervised paradigm. UAD has a wide range of ap-
plications, e.g., industrial defect detection [3], medical dis-
ease screening [13], and video surveillance [37], addressing
the difficulty of collecting and labeling all possible anoma-
lies in these scenarios.

Conventional works on UAD build a separate model for
each object category, as shown in Figure 1(a). However,
this one-class-one-model setting entails substantial storage
overhead for saving models [60], especially when the ap-
plication scenario necessitates a large number of object
classes. For UAD methods, a compact boundary of nor-
mal patterns is vital to distinguish anomalies. Once the
intra-normal patterns become exceedingly complicated due
to various classes, the corresponding distribution becomes
challenging to measure, consequently harming the detection
performance. Recently, UniAD [60] and successive studies
have been proposed to train a unified model for multi-class
anomaly detection (MUAD), as shown in Figure 1(b). Un-
der this setting, the “identity mapping” that directly copies
the input as the output regardless of normal or anomaly
harms the performance of conventional methods [60]. This
phenomenon is caused by the diversity of multi-class nor-
mal patterns that drive the network to generalize on unseen
patterns.

Within two years, a number of methods have been pro-
posed to address MUAD, such as neighbor-masked at-
tention [60], synthetic anomalies [68], vector quantiza-
tion [36], diffusion model [16, 59], and state space model
(Mamba) [17]. However, there is still a non-negligible per-
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Figure 1. Setting, benchmarking, and scaling of Dinomaly. (a) Task setting of class-separated UAD. (b) Task setting of MUAD. (c)
Comparison with previous SOTA methods on MVTec-AD [3], VisA [70], and Real-IAD [54]. (d) Scaling properties of Dinomaly.

formance gap between the state-of-the-art (SoTA) MUAD
methods and class-separated UAD methods, restricting the
practicability of implementing unified models, as shown in
Figure 1(c). In addition, previous methods employ mod-
ules and architectures delicately designed, which may not
be straightforward, and consequently suffer from limited
universality and ease-of-use [18, 36].

In this work, we aim to catch up with the performance
of class-separated anomaly detection models using a multi-
class unified model. We introduce Dinomaly, a minimalist
reconstruction-based UAD framework built exclusively by
pure Transformer blocks [51], specifically Self-Attentions
and Multi-Layer Perceptrons (MLPs). To begin with, we
empirically investigate the scaling law of self-supervised
pre-trained Vision Transformers (ViT) [12] when serving
as the feature encoders for extracting reconstruction ob-
jectives. Subsequently, we introduce three straightforward
yet crucial elements to address the critical identity mapping
phenomenon in MUAD contexts, without increasing com-
plexity or computational burden. First, as an alternative to
meticulously designed pseudo anomaly and feature noise,
we propose to activate the built-in Dropout in an MLP to
prevent the network from restoring both normal and anoma-
lous patterns. Second, we propose to leverage the “side
effect” of Linear Attention (a computation-efficient coun-
terpart of Softmax Attention) that impedes focus on local
regions, thus preventing the forwarding of identical infor-
mation. Third, previous methods adopt layer-to-layer and
region-by-region reconstruction schemes, distilling a de-
coder that can well mimic the encoder’s behavior even for
anomalous regions. Therefore, we propose to loosen the
reconstruction constraints by grouping multiple layers as a

whole and discarding well-reconstructed regions during op-
timization.

To validate the effectiveness of the proposed Dinomaly
under MUAD setting, we conduct extensive experiments on
a number of widely used benchmarks, including MVTec
AD [3] (15 classes), VisA [70] (12 classes), and Real-
IAD (30 classes). As shown in Figure I, our base-size
Dinomaly achieves unprecedented image-level AUROC of
99.6%, 98.7%, and 89.3% on MVTec AD, VisA, and Real-
IAD, surpassing previous SOTA methods by a large margin.
In addition, scalability is a key feature of Dinomaly. Fur-
ther scaling up the model size maximizes performance to
the fullest level of 99.8%, 98.9%, and 90.1%, respectively;
while scaling down parameters and input size can offer ef-
ficient solutions in computation-constrained scenarios.

2. Related Work

Multi-Class UAD. UniAD [60] first introduced multi-class
anomaly detection, aiming to detect anomalies for differ-
ent classes using a unified model. In this setting, conven-
tional UAD methods often face the challenge of “identical
shortcuts”, where both anomaly-free and anomaly samples
can be effectively recovered during inference [60]. It is be-
lieved that this phenomenon is caused by the diversity of
multi-class normal patterns that drive the network to gener-
alize on unseen patterns. This contradicts the fundamental
assumption of epistemic methods. Many current researches
focus on addressing this challenge [14, 31, 36, 59, 60].
UniAD [60] employs a neighbor-masked attention mod-
ule and a feature-jitter strategy to mitigate these short-
cuts. HVQ-Trans [36] proposes a vector quantization (VQ)
Transformer model that induces large feature discrepancies
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Figure 2. The framework of Dinomaly, built by simple and pure Transformer building blocks.

for anomalies. LafitE [59] utilizes a latent diffusion model
and introduces a feature editing strategy to alleviate this
issue. DiAD [16] also employs diffusion models to ad-
dress multi-class UAD settings. OmniAL [68] focuses on
anomaly localization in the unified setting, preventing iden-
tical reconstruction by using synthesized pseudo anomalies.
ReContrast [14] attempted to alleviate the identity mapping
by cross-reconstruction between two encoders. ViTAD [5]
abstracts a unified feature-reconstruction UAD framework
and employ Transformer building blocks. MambaAD [17]
explores the recently proposed State Space Model (SSM),
Mamba, in the context of multi-class UAD. More related
works of UAD are presented in Appendix A.

3. Method
3.1. Dinomaly Framework

“What I cannot create, I do not understand”
Richer Feynman

The ability to recognize anomalies from what we know
is an innate human capability, serving as a vital pathway
for us to explore the world. Similarly, we construct a
reconstruction-based framework that relies on the epistemic
characteristic of artificial neural networks. Dinomaly con-
sists of an encoder, a bottleneck, and a reconstruction de-
coder, as shown in Figure 2. Without loss of generality,
a pretrained ViT network [12] with 12 Transformer layers
is used as the encoder, extracting informative feature maps
with different semantic scales. The bottleneck is a simple
MLP (ak.a. feed-forward network, FFEN) that collects the
feature representations of the encoder’s 8 middle-level lay-
ers. The decoder is similar to the encoder, consisting of 8
Transformer layers. During training, the decoder learns to
reconstruct the middle-level features of the encoder by max-
imizing the cosine similarity between feature maps. During
inference, the decoder is expected to reconstruct normal re-
gions of feature maps but fails for anomalous regions as it

has never seen such samples.

Foundation Transformers. Foundation models, espe-
cially ViTs [12, 33] pre-trained on large-scale datasets,
serve as a basis and starting point for specific computer vi-
sion tasks. Such networks employ self-supervised learning
schemes such as contrastive learning (MoCov3 [6], DINO
[4]), masked image modeling (MAE [19], SimMIM [57],
BEiT [40]), and their combination (iBOT [69], DINOv2
[39]), producing universal features suitable for image-level
visual tasks and pixel-level visual tasks.

Because of the lack of supervision in UAD, most ad-
vanced methods adopt pre-trained networks to extract dis-
criminative features. Recent works [28, 43, 65] have pre-
liminarily discovered the advantage of robust and universal
features of self-supervised models over domain-specific Im-
ageNet features in anomaly detection tasks. In this paper,
we pioneer the investigation of scaling behaviors in UAD
models through a systematic analysis of foundational ViTs,
as briefed in Figure 1(d). Our comprehensive evaluation
encompasses pre-training strategies (Figure 5), model sizes
(Table 4), and input resolutions (Table 5), which are detailed
in section 4.4. Considering the balance of detection perfor-
mance and computational efficiency, we adopt ViT-Base/14
pretrained by DINOv2-Register [7] as the encoder of Dino-
maly by default.

3.2. Noisy Bottleneck.

“Dropout is all you need.”

Prior studies [14, 60, 68] attribute the performance
degradation of UAD methods trained on diverse multi-class
samples to the “identity mapping” phenomenon; in this
work, we reframe this issue as an “over-generalization”
problem. Generalization ability is a merit of neural net-
works, allowing them to perform equally well on unseen
test sets. However, generalization is not so wanted in the
context of unsupervised anomaly detection that leverages
the epistemic nature of neural networks. With the increas-
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Figure 3. Softmax Attention vs. Linear Attention. (a) Visualization of attention maps. (b) Attention distribution.

ing diversity of images and their patterns due to multi-class
UAD settings, the decoder can generalize its reconstruction
ability to unseen anomalous samples, resulting in the failure
of anomaly detection using reconstruction error.

A direct solution for identity mapping is to shift “re-
construction” to “restoration”. Specifically, instead of di-
rectly reconstructing the normal images or features given
normal inputs, previous works propose to add perturbations
as pseudo anomalies on input images [62, 67] or on encoder
features [59, 60]; meanwhile, still let the decoder restore
anomaly-free images or features, formulating a denoising-
like framework. However, such methods employ heuris-
tic and hand-crafted anomaly generation strategies that may
not be universal across domains, datasets, and methods. In
this work, we turn to leveraging the simple and elegant
Dropout techniques. Since its introduction by Hinton et
al. [21] in 2014 as a remedy for overfitting, Dropout has
become a cornerstone element in neural architectures, in-
cluding Transformers. In Dinomaly, we employ Dropout
to randomly discard neural activations in an MLP bottle-
neck. Instead of alleviating overfitting, the role of Dropout
in Dinomaly can be explained as pseudo feature anomaly
that perturb normal representations, analogous to denoising
auto-encoders [52, 53]. Without introducing any specific
modules, this simple component inherently forces the de-
coder to restore normal features regardless of whether the
test image contains anomalies, in turn, mitigating identical

mapping.
3.3. Unfocused Linear Attention.

“One man’s poison is another man’s meat”
Softmax Attention is the key mechanism of Transform-
ers, allowing the model to attend to different parts of its

input token sequence. Formally, given an input sequence
X € RV*d with length N, Attention first transforms it into
three matrices: the query matrix Q € RY X4, the key matrix
K € RV*4 and the value matrix V € RV 4.

Q=XW¢ K=XWFK v=XW", (1)

where W@ WE WV ¢ R¥*? are Jearnable parameters.
By computing the attention map by the query-key similarity,
the output of Softmax Attention is given as: '

Attention(Q, K, V) = Softmax(QKT)V . (2

Back to MUAD, previous methods [36, 60] suggest
adopting Attentions instead of Convolutions because Con-
volutions can easily learn identical mappings. Nevertheless,
both operations are in danger of forming identity mapping
by over-concentrating on corresponding input locations for
producing the outputs:

0 0 0 100
ConvKernel= |0 1 0| , AttnMap= |0 1 O
0 0 O 0 0 1

Is there any simple solution that prevents Attentions
from attending to identical information? In Dinomaly,
we turn to leverage the “unfocusing ability” of a type of
Softmax-free Attention, i.e., Linear Attention. Linear At-
tention was proposed as a promising alternative to reduce
the computation complexity of vanilla Softmax Attention

T
Q\I/% )V. The constant de-

nominator is omitted for narrative simplicity. The multi-head mechanism
that concatenates multiple Attentions is also omitted.

IThe full form of Attention is Softmax (
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concerning the number of tokens [26]. By substituting Soft-
max operation with a simple activation function ¢(-) (usu-
ally ¢(z) = elu(z) + 1), we can change the computation
order from (QKT)V to Q(K?V). Formally, Linear At-
tention (LA) is given as:

LA(Q.K. V) = (6(Q)¢(K")V = ¢(Q)(¢(K")V) ,

3)
where the computation complexity is reduced to O(Nd?)
from O(N?d). The trade-off between complexity and ex-
pressiveness is a dilemma. Previous studies [15, 48] at-
tribute Linear Attention’s performance degradation on su-
pervised tasks to its incompetence in focusing. Due to the
absence of non-linear attention reweighting by Softmax op-
eration, Linear Attention cannot concentrate on important
regions related to the query, such as foreground and neigh-
bors. This property, however, is exactly what the recon-
struction decoder favors in our contexts.

In order to probe how Attentions propagate information,
we train two variants of Dinomaly using vanilla Softmax
Attention or Linear Attention as the spatial mixer in the
decoder and visualize their attention maps. As shown in
Figure 3, Softmax Attention tends to focus on the exact re-
gion of the query, while Linear Attention spreads its atten-
tion across the whole image. This implies that Linear At-
tention, forced by its incompetence to focus, utilizes more
long-range information to restore features at each position,
reducing the chance of passing identical information of un-
seen patterns to the next layer during reconstruction. Of
course, employing Linear Attention also benefits from less
computation, free of performance drop.

3.4. Loose Reconstruction

“The tighter you squeeze, the less you have.”

Loose  Constraint. Pioneers of feature-
reconstruction/distillation UAD methods [10, 46]
are inspired by knowledge distillation [20]. Most
reconstruction-based methods distill specific encoder layers
(e.g. 3 last layers of 3 ResNet stages) by the corresponding
decoder layers [10, 46, 65] (Figure 4(a)) or the last decoder
layer [58, 60] (Figure 4(b)). Intuitively, with more encoder-
decoder feature pairs (Figure 4(c)), UAD model can utilize

more information in different layers to discriminate anoma-
lies. However, according to the intuition of knowledge
distillation, the student (decoder) can better mimic the
behavior of the teacher (encoder) given more layer-to-layer
supervision [30], which is harmful for UAD models that
detect anomalies by encoder-decoder discrepancy. This
phenomenon is also embodied as identity mapping. Thanks
to the top-to-bottom consistency of columnar Transformer
layers, we propose to loosen the layer-to-layer constraint
by adding up all feature maps of interested layers as a
whole group, as shown in Figure 4(d). This scheme can
be seen as loosening the layer-to-layer correspondence and
providing the decoder with more degrees of freedom, so
that the decoder is allowed to act much more differently
from the encoder when the input pattern is unseen. Because
features of shallow layers contain low-level visual charac-
ters that are helpful for precise localization, we can further
group the features into the low-semantic-level group and
high-semantic-level group, as shown in Figure 4(e).

Loose Loss. Following the above analysis, we also
loosen the point-by-point reconstruction loss function by
discarding some points in the feature map. Here, we sim-
ply borrow the hard-mining global cosine loss [14] that de-
taches the gradients of well-restored feature points with low
cosine distance during training. Let fp and fp denotes
(grouped) feature maps of encoder and decoder:

Lglobal—hm = Dcos(f(fE)af(fAD))a (4)

< _ Sg(fD(h7w))0<17 if DCOS(fDafE) < k%batch
Fo(h,w) = { fo(h,w), else
(5)

(6)

a’ b
llall llol]”
where D,,s denotes cosine distance, F(-) denotes flatten
operation, fp(h,w) represents the feature point at (h,w),
and sg(-)o.1 denotes shrink the gradient to one-tenth of
the original 2. D.os(fp(h,w), fe(h,w)) < k%paten Se-
lects k% feature points with smaller cosine distance within
a batch for gradient shrinking. Total loss is the average
Lgiobai—nm of all encoder-decoder feature pairs.

Deos(a,b) =1 —

2Complete stop-gradient causes optimization instability occasionally.



Table 1. Performance under multi-class UAD setting (%). 1: method designed for MUAD. Dinomaly: training schedule is scaled up to
20,000, 20,000, and 100,000 iterations (original: 10,000/10,000/50,000).

Image-level

Pixel-level

Dateset Method

AUROC AP F'1 -max AUROC AP F'q -max AUPRO

RDA4AD [10] 94.6 96.5 95.2 96.1 48.6 53.8 91.1

SimpleNet [34] 95.3 98.4 95.8 96.9 45.9 49.7 86.5

DeSTSeg [67] 89.2 95.5 91.6 93.1 54.3 50.9 64.8

UniAD [60]F 96.5 98.8 96.2 96.8 43.4 49.5 90.7

MVTec-AD [3] ReContrast [14] 98.3 99.4 97.6 97.1 60.2 61.5 93.2

DiAD [18]} 97.2 99.0 96.5 96.8 52.6 55.5 90.7

ViTAD [65]F 98.3 99.4 97.3 97.7 553 58.7 91.4

MambaAD [17]F 98.6 99.6 97.8 97.7 56.3 59.2 93.1

Dinomaly (Ours) 99.6 99.8 99.0 98.4 69.3 69.2 94.8

Dinomaly 1 99.7 99.8 99.2 98.4 69.3 69.2 94.7

RD4AD [10] 92.4 92.4 89.6 98.1 38.0 42.6 91.8

SimpleNet [34] 87.2 87.0 81.8 96.8 34.7 37.8 81.4

DeSTSeg [67] 88.9 89.0 85.2 96.1 39.6 43.4 67.4

UniAD [60]+ 88.8 90.8 85.8 98.3 33.7 39.0 85.5

VisA [70] ReContrast [14]f 95.5 96.4 92.0 98.5 479 50.6 91.9

DiAD [18]7 86.8 88.3 85.1 96.0 26.1 33.0 75.2

ViTAD [65]F 90.5 91.7 86.3 98.2 36.6 41.1 85.1

MambaAD [17]F 94.3 94.5 89.4 98.5 39.4 44.0 91.0

Dinomaly (Ours) 98.7 98.9 96.2 98.7 53.2 55.7 94.5

Dinomaly 1 98.9 99.0 96.4 98.8 53.8 55.8 94.5

RDA4AD [10] 82.4 79.0 73.9 97.3 25.0 327 89.6

SimpleNet [34] 572 53.4 61.5 75.7 2.8 6.5 39.0

DeSTSeg [67] 82.3 79.2 732 94.6 379 41.7 40.6

UniAD [60]F 83.0 80.9 74.3 97.3 21.1 29.2 86.7

Real-IAD [54] ReContrast [14] 86.4 84.2 774 97.8 31.6 38.2 91.8

DiAD [18]} 75.6 66.4 69.9 88.0 29 7.1 58.1

ViTAD [65]F 82.7 80.2 73.7 97.2 243 323 84.8

MambaAD [17]F 86.3 84.6 71.0 98.5 33.0 38.7 90.5

Dinomaly (Ours) 89.3 86.8 80.2 98.8 42.8 47.1 93.9

Dinomaly 89.5 86.9 80.4 98.9 43.3 47.4 94.2

4. Experiments
4.1. Experimental Settings

Datasets. MVTec-AD [3] contains 15 objects (5 texture
classes and 10 object classes) with a total of 3,629 normal
images as the training set and 1,725 images as the test set
(467 normal, 1,258 anomalous). VisA [70] contains 12 ob-
jects. Training and test sets are split following the official
splitting, resulting in 8,659 normal images in the training set
and 2,162 images in the test set (962 normal, 1,200 anoma-
lous). Real-IAD [54] is a large UAD dataset recently re-
leased, containing 30 distinct objects. We follow the official
splitting that includes all views, resulting in 36,465 normal
images in the training set and 114,585 images in the test set
(63,256 normal, 51,329 anomalous).

Metrics. Following prior works [17, 65], we adopt 7
evaluation metrics. Image-level anomaly detection perfor-
mance is measured by the Area Under the Receiver Opera-
tor Curve (AUROC), Average Precision (AP), and F} score
under optimal threshold (F7-max). Pixel-level anomaly lo-
calization is measured by AUROC, AP, Fj-max and the
Area Under the Per-Region-Overlap (AUPRO). The results

of a dataset is the average of all classes.

Implementation Details. ViT-Base/14 (patchsize=14)
pre-trained by DINOv2-R [7] is used as the encoder by
default. The drop rate of Noisy Bottleneck is 0.2 by de-
fault and increases to 0.4 on the diverse Real-IAD. Loose
constraint with 2 groups is employed, and the anomaly
map is given by the mean per-point cosine distance of the
2 groups. The input image is first resized to 448% and
then center-cropped to 3922, so the feature map (282) is
large enough for anomaly localization. StableAdamW opti-
mizer [56] with AMSGrad [41] (more stable than AdamW
[35] in training) is utilized with Ir=2e-3, £=(0.9,0.999)
and wd=1e-4. The network is trained for 10,000 iterations
(steps) on MVTec-AD and VisA, and 50,000 iterations on
Real-IAD. Detailed settings are available in Appendix B.

4.2. Comparison to Multi-Class UAD SoTAs

We compare the proposed Dinomaly with the most ad-
vanced UAD and MUAD methods [10, 14, 17, 18, 34,
65, 67]. Experimental results are presented in Table 1,
where Dinomaly surpasses compared methods by a large
margin on all datasets and all metrics. On the most



Table 2. Performance under conventional class-separated UAD setting (%). n/a: not available.

MVTec-AD [3] VisA [70] Real-IAD [54]
Method
[-AUROC  P-AUROC  P-AUPRO  I-AUROC  P-AUROC  P-AUPRO I-AUROC P-AUROC P-AUPRO
Dinomaly (MUAD) 99.6 98.4 94.8 98.7 98.7 94.5 89.3 98.8 93.9
Dinomaly 99.7 99.9 95.0 98.9 98.9 95.1 92.0 99.1 95.1
RD4AD [10] 98.5 97.8 939 96.0 90.1 70.9 87.1 n/a 93.8
PatchCore [45] 99.1 98.1 93.5 94.7 98.5 91.8 89.4 n/a 91.5
SimpleNet [34] 99.6 98.1 90.0 97.1 98.2 90.7 88.5 n/a 84.6

Table 3. Ablations of Dinomaly elements on MVTec-AD (%). NB: Noisy Bottleneck. LA: Linear Attention. LC: Loose Constraint (2
groups). LL: Loose Loss. As MVTec-AD has reached saturation, we also present the results on VisA (Table A4).

Image-level

Pixel-level

NB LA LC LL
AUROC AP Fy-max  AUROC AP Fi-max  AUPRO
98.41 99.09 97.41 97.18 62.96 63.82 92.95
v 99.06 99.54 98.31 97.62 66.22 66.70 93.71
v 98.54 99.21 97.62 97.20 62.94 63.73 93.09
v 98.35 99.04 97.43 97.10 61.05 62.73 92.60
v 99.03 99.45 98.19 97.62 64.10 64.96 93.34
v v 99.27 99.62 98.63 97.85 67.36 67.33 94.16
v v 99.50 99.72 98.87 98.14 68.16 68.24 94.23
v v 99.52 99.73 98.92 98.20 68.25 68.34 94.17
v v v 99.57 99.78 99.00 98.20 67.93 68.21 94.50
v v v 99.60 9978 99.04 98.35 69.29 69.17 94.79

widely used MVTec-AD, Dinomaly produces image-level
performance of 99.6/99.8/99.0 (%) and pixel-level perfor-
mance of 98.4/69.3/69.2/94.8, outperforming previous So-
TAs by 1.0/0.2/1.2 and 0.7/9.1/7.7/1.6. This result de-
clares that the image-level performance on the MVTec-
AD dataset is nearly saturated under the MUAD setting.
On the popular VisA, Dinomaly achieves image-level per-
formance of 98.7/98.9/96.2 and pixel-level performance
of 98.7/53.2/55.7/94.5, outperforming previous SoTAs by
3.2/2.5/4.2 and 0.2/5.3/5.1/2.6. On the Real-IAD that con-
tains 30 classes, each with 5 camera views, we produce
image-level and pixel-level performance of 89.3/86.8/80.2
and 98.8/42.8/47.1/93.9, outperforming previous SoTAs by
3.0/2.2/3.2 and 0.3/4.9/5.4/3.4, indicating our scalability
to extremely complex scenarios. Per-class performances
and qualitative visualization are presented in Appendix E
and F. We also produce superior results on other popular
UAD benchmarks, i.e., MPDD [24], BTAD [38], and Uni-
Medical [66], with I-AUROC of 97.2, 95.4, and 84.9, re-
spectively, as shown in Table A13 in Appendix.

4.3. Comparison to Class-Separated UAD SoTAs

Dinomaly is also compared with class-separated SoTAs, as
shown in Table 2. Dinomaly under MUAD setting is com-
parable to conventional methods [10, 34, 45] that build in-
dividual models for each class. On MVTec-AD and VisA,
multi-class Dinomaly (first row) is subjected to nearly no

performance drop compared to its class-separated counter-
part (second row). On the complicated Real-IAD that in-
volves more classes and views, multi-class Dinomaly suf-
fers a moderate performance drop but is still comparable to
class-separated SoTAs.

4.4. Ablation Study

Overall Ablation. We conduct experiments to verify the ef-
fectiveness of the proposed elements, i.e., Noisy Bottleneck
(NB), Linear Attention (LA), Loose Constraint (LC), and
Loose Loss (LL). The already-powerful baseline (first row)
is Dinomaly with noiseless MLP bottleneck, Softmax At-
tention, dense layer-to-layer supervision, and global cosine
loss. This baseline is very similar to ViTAD [64] and the
ViT version of RD4AD [10]. Results on MVTec-AD and
VisA are shown in Table 3 and Table A4, respectively. NB
and LL can directly contribute to the model performance.
LA and LC boost the performance with the presence of NB.
The use of LC is not solely beneficial because LC makes
the reconstruction too easy without injected noise.

Model Scalability. Previous works [10, 60, 65] reported
that anomaly detection networks do not follow the “’scaling
law”. For example, RD4AD [10] found WideResNet50 bet-
ter than WideResNet101 as the encoder backbone. VITAD
[65] found ViT-Small better than ViT-Base. On the contrary,
as shown in Table 4, the performance of the proposed Dino-
maly benefits from scaling. Dinomaly equipped with ViT-



Table 4. Scaling of ViT model sizes on MVTec-AD (%). Im/s (Troughoutput, image per second) is measured on NVIDIA RTX3090 with
batch size=16. Results on VisA and Real-IAD are shown in Table A3. f:default.

Image-level

Pixel-level

Arch. Params MACs Im/s
AUROC AP Fi-max  AUROC AP Fi-max  AUPRO
ViT-Small 37.4M 26.3G 153.6 99.26 99.67 98.72 98.07 68.29 67.78 94.36
ViT-Baset 148.0M 104.7G 58.1 99.60 99.78 99.04 98.35 69.29 69.17 94.79
ViT-Large 2753M  413.5G 242 99.77 99.92 99.45 98.54 70.53 70.04 95.09
Table 5. Scaling input size on MVTec-AD (%). t: default. Com- 1000 100
pared methods yield degradation when increasing input size. %5 %
Method Input Size  Image-Level Pixel-Level e _”'—;:,'_}",'_‘ ____________________________ *
98.0 80
2562+ 94.6/96.5/96.1  96.1/48.6/53.8/91.1 7.5 75
RD4AD 3202 93.2/96.9/95.6  95.7/55.1/57.5/91.1 970 70
3842 91.9/96.2/95.0  94.9/52.1/55.3/90.8 9.5 65
2562T 98.3/99.4/97.6 97.1/60.2/61.5/93.2 0 Foundation: ~ DeiT MAE  D-GPT MOCOV3  DINO iBOT  DINOV2 DINOV2-R 0
ReContrast 3202 98.2/99.2/97.5  96.8/61.8/62.6/93.3 A S i/ T o I
3842 95.2/98.0/96.4  96.5/57.7/59.5/92.6 Pretrain Type: - Sup. MM cL CL+MIM
2802 99.6/99.8/99.3  98.2/65.2/66.3/93.6 . . . . .
Dinomaly 3362 99.6/99.8/99.2  98.3/67.2/67.8/94.2 f]‘.’f’r“f > jm,age'le"e; AhU,R?C of Dm‘;‘.“aly equipped With Va‘;\‘l’“s
3922+ 09.6/99.8/99.0  98.4/69.3/69.2/94.8 iT foundations, and their linear-probing accuracy on ImageNet.

Small has already produced state-of-the-art results. ViT-
Large further boosts Dinomaly to an unprecedented higher
record. This scalability enables users to choose an appropri-
ate model size based on the computational resources avail-
able in their specific scenario. A comparison of computa-
tional costs with other methods is presented in Table Al1.
In addition, training schedule can also be scaled up for even
better performance without increasing inference costs, as
demonstrated in Figure 1 (DinomalyT).

Input Scalability. Though it seems unfair to compare
Dinomaly with previous works that take smaller images as
input, we contend that increasing their input size not only
fails to benefit but actively undermines their performance,
especially for image-level detection performance, as shown
in Table 5. Therefore, we follow the common comparison
strategy based on “optimum vs. optimum”. On the contrary,
Dinomaly enjoys scaling input size for anomaly localiza-
tion, while still producing SoTA performance given smaller
images. Details are presented in Table A2 in Appendix.

ViT Foundations. We conduct extensive experiments
to investigate the impact of diverse pre-trained ViT foun-
dations, including DeiT [50], MAE [19], D-iGPT [44],
MOCOV3 [6], DINO [4], iBot [69], DINOv2 [39], and
DINOV2-R [7]. As shown in Figure 5, Dinomaly is robust
to the choice of backbone. Almost all foundation models
can produce SoTA-level results with image-level AUROC
higher than 98%. The only notable exception is MAE,
which, without fine-tuning, was reported to be less effec-
tive across various unsupervised tasks, e.g, kNN and linear-

MIM: Masked Image Modeling. CL: Contrastive Learning.

probing [39]. The optimal input size varies because the
these backbones are pre-trained on different resolutions. In-
terestingly, we found the anomaly detection performance
to be strongly correlated with the accuracy of ImageNet
linear-probing (freeze backbone & only tune linear classi-
fier) of the foundation model, suggesting the possibility of
further improvement by simply adopting a future founda-
tion model. Detailed results and analysis are presented in
Appendix and Table A1.

Additional experiments and results are detailed in the
Appendix C, encompassing evaluations of various pre-
trained foundations, ablation studies of each components,
hyperparameter optimization, and other in-depth analyses.

5. Conclusion

Dinomaly, a minimalistic UAD framework, is proposed to
address the under-performed MUAD models in this paper.
We present four key elements in Dinomaly, i.e., Foundation
Transformer, Noisy MLP Bottleneck, Linear Attention, and
Loose Reconstruction, that can boost the performance under
the challenging MUAD setting without fancy modules and
tricks. Extensive experiments on MVTec AD, VisA, and
Real-IAD demonstrate our superiority over previous model-
unified multi-class models and even recent class-separated
models, indicating the feasibility of implementing a unified
model in complicated scenarios free of severe performance
degradation.
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