
Continuous Memory Representation for Anomaly
Detection

Joo Chan Lee1* , Taejune Kim1,2* , Eunbyung Park1† , Simon S. Woo1† ,
and Jong Hwan Ko1†

1 Sungkyunkwan University
2 Robotics Lab, Hyundai Motor Company

Abstract. There have been significant advancements in anomaly detec-
tion in an unsupervised manner, where only normal images are available
for training. Several recent methods aim to detect anomalies based on a
memory, comparing or reconstructing the input with directly stored nor-
mal features (or trained features with normal images). However, such
memory-based approaches operate on a discrete feature space imple-
mented by the nearest neighbor or attention mechanism, suffering from
poor generalization or an identity shortcut issue outputting the same as
input, respectively. Furthermore, the majority of existing methods are
designed to detect single-class anomalies, resulting in unsatisfactory per-
formance when presented with multiple classes of objects. To tackle all
of the above challenges, we propose CRAD, a novel anomaly detection
method for representing normal features within a “continuous” memory,
enabled by transforming spatial features into coordinates and mapping
them to continuous grids. Furthermore, we carefully design the grids tai-
lored for anomaly detection, representing both local and global normal
features and fusing them effectively. Our extensive experiments demon-
strate that CRAD successfully generalizes the normal features and mit-
igates the identity shortcut, furthermore, CRAD effectively handles di-
verse classes in a single model thanks to the high-granularity continuous
representation. In an evaluation using the MVTec AD dataset, CRAD
significantly outperforms the previous state-of-the-art method by reduc-
ing 65.0% of the error for multi-class unified anomaly detection. Our
project page is available at https://tae-mo.github.io/crad/.

Keywords: Anomaly detection · Continuous memory representation

1 Introduction

With the recent advances in deep neural networks, anomaly detection (AD) has
been applied for a wide range of applications such as manufacturing industry [19,
28], video surveillance [31,33], and medical imaging [32,35]. Despite its success,
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Fig. 1: Conceptual diagram and qualitative results of existing methods and ours. (a)
and (b) use single and multiple normal features in a discrete memory, respectively,
while our method (c) exploits continuous feature memory. We visualize the anomaly
detection process with the normal (navy) and abnormal (red) patches of the top-left
reference image. ‘Pred.’ indicates the prediction based on the disparity, and wrong
predictions are marked as (X) with red color. We present the reconstruction results
based on the reference abnormal images.

there are still several limitations hindering the broader applicability across many
practical scenarios. In particular, one major bottleneck is the collection of a
sufficient amount of anomalous data, which is scarce by definition of an anomaly.
Furthermore, many AD systems often require considerable effort for pixel-wise
labeling of ‘normal’ versus ‘abnormal’ data. Due to these challenges, there has
been a growing interest in developing methods in an unsupervised manner where
we train AD models solely with normal data [28].

As notable examples, PatchCore [28], PaDiM [8], and SPADE [7] proposed
using additional memory that directly stores normal features (or distributions).
During inference, these memory-based methods detect anomalies based on the
distance between the testing input and its nearest neighbor in their memory, as
shown in Fig. 1(a). While showing promising performance, these methods require
storing a wide array of diverse normal features in memory, resulting in high space
complexity and resource-intensive search operations. Moreover, these methods
are often ineffective in identifying the characteristics of global anomalies due to
their diversity, leading to suboptimal AD performance (see Tab. 1).

Another line of work [13, 14, 23] focuses on producing generalized normal
features. Unlike the aforementioned approaches that use the nearest neighbor
technique, these methods combine multiple normal features from the memory
using an attention mechanism (i.e., referring to multiple discrete features), given
a normal or abnormal input (Fig. 1(b)). They assume that the model always gen-
erates normal features, regardless of whether the inputs are normal or abnormal,
thus anomalous regions can be detected based on the disparity between the in-
puts and outputs. Because these models gather diverse normal features from the
memory via attention, they have exhibited increased robustness to test data,



CRAD 3

leading to improved generalization performance. However, such strength may
turn into a drawback when testing abnormal inputs. If these abnormal inputs
can be reconstructed using a combination of normal features, the model could
potentially generate outputs that are identical to the abnormal inputs. This is-
sue, referred to as an identity shortcut (IS) by UniAD [37], prevents the models
from detecting anomalies due to the minimal difference between the abnormal
input and produced output.

Furthermore, a significant limitation exists in most of the approaches dis-
cussed earlier, as they are primarily designed to handle only one class of objects
per model. When these methods are extended to multi-class scenarios, where a
single model handles multiple classes, a significant performance drop has been
observed [37], even with state-of-the-art methods. To mitigate this limitation,
memory-based methods may incorporate sufficient memory to accommodate
multi-class normality, yet this simultaneously increases memory consumption
and search latency. Moreover, attention-based methods experience more severe
challenges with the IS problem, as the greater number and diversity of aggre-
gated features tend to more easily represent anomalies. These challenges necessi-
tate training distinct models for each class, which increases training complexity,
memory usage, computational overheads, and even data preparation efforts in a
practical implementation.

To address all of the issues above, we propose a novel continuous memory rep-
resentation for anomaly detection (CRAD), where we use an external grid-based
representation for normal features (Fig. 1(c)). Given that the input to the grid
is a spatial feature from an image rather than coordinates required for conven-
tional grids, we need a specially designed framework for handling feature-based
inputs. In light of this requirement, we transform input spatial features into
low-dimensional coordinates, based on which we interpolate neighboring normal
features in the grid. This continuous memory, unlike other discrete counterparts,
allows for instant (O(1) time complexity) retrieval of the normal feature, while
the interpolation technique mitigates the weak generalization issue. Also, as our
approach does not rely on innumerable features across the entire memory, it re-
duces the risk of generating entirely new features (unseen anomalies in our con-
text), thus helping to avoid the IS problem. These advantages are even stronger
in the multi-class scenario, where a larger memory space would be needed, by
avoiding the tremendous computation associated with searching or aggregating
every feature.

Deploying the continuous memory, we additionally include specific designs on
CRAD tailored for AD. CRAD incorporates two distinct continuous memories
to represent normal features from both a local and global perspective. Through
the integration of these representations, CRAD adeptly identifies coarse-to-fine
anomalies. Furthermore, we implement coordinate jittering to enhance the gen-
eralization capability of the grid, facilitating the update of a broader range of
grid values with each input coordinate. A feature refinement process further im-
proves CRAD, minimizing false detections (i.e., false positives) by ensuring that
the normal regions in the fused output remain consistent with the original input.
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CRAD not only addresses weak generalization and IS issues but also provides
several additional advantages. Whereas discrete memories struggle to represent
global features (e.g., an entire input feature), our continuous memory successfully
captures their structural characteristics (Tab. 1). Therefore, it enables identify-
ing anomalies across a wider range of classes, each featured by distinct structures.
Furthermore, different from discrete memories with limited entries, CRAD rep-
resents an infinite number of normal features in the continuous memory. Thus,
CRAD achieves high performance with compact memory, resulting in high pa-
rameter efficiency. To the best of our knowledge, this is the first work leveraging
continuous memory to effectively represent normal features for AD.

In the extensive experiments, we demonstrate the superiority of continuous
memory over the existing discrete spaces in terms of accuracy and efficiency
(both for computation and parameter). Furthermore, experimental results on the
MVTec AD dataset [3] show that CRAD achieves state-of-the-art performance
in a unified setting (multi-class AD with a single model) for anomaly detection,
which even outperforms the state-of-the-art models trained for each respective
class. With the comprehensive analysis, we demonstrate CRAD is an effective
solution for AD, overcoming the limitations of existing methods.

2 Related Work

2.1 Unsupervised Anomaly Detection

Confronted with the difficulties in collecting and annotating anomalous data,
recent works have focused on an unsupervised approach, where only normal
images are available for training. Several studies have explored how a model
trained only on normal data behaves differently when exposed to anomalous
test inputs. For instance, reconstruction-based methods [18, 27, 37, 40] utilize
auto-encoders [2, 5, 36] or GANs [1, 24, 29, 32] to reconstruct the normal feature
regardless of input’s normality, and then compare the reconstructed outcomes
and original inputs to detect and localize the anomalies. Similarly, distillation-
based methods [4, 9, 30, 34] exploit the disparity between the output of student
and teacher networks on anomalous input.

Other methods leverage auxiliary memory to retain normal features, where
they are classified into the following two categories: reference to a single discrete
feature (Fig. 1(a)) and reference to a combination of discrete features (Fig. 1(b)).
The former methods [7,8,26,28] detect anomalies by measuring the distance be-
tween the input and stored features (or feature distributions) extracted by a
pre-trained network. For instance, PatchCore [28] and SPADE [7] are designed
to store the representative normal features in a memory bank and use the near-
est neighbor search for anomaly scoring. However, the above methods present
a significant challenge to represent features that are not already stored in their
memory. Therefore, when faced with a complex and diverse range of inputs, they
result in limited performance or require tremendous memory usage to achieve
satisfactory performance. Moreover, an increase in the number of stored fea-
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tures can significantly delay the time to reference all the stored ones, further
hampering their effectiveness.

The latter methods [13, 14, 23] employ attention-like techniques to take a
weighted sum of all normal features in the discrete space based on their simi-
larity to the input. While these approaches exhibit superior generalization ca-
pabilities compared to the former methods, they generalize not only to normal
features but also to abnormal features, using combinations of all features in the
memory. This causes the input anomalies to be reconstructed, coined as the IS
problem, reducing the AD performance by hindering the model from recognizing
the disparity, as depicted in Fig. 1(b).

2.2 Unified Model for Multiple Classes

While the approaches mentioned above exhibit promising performance in iden-
tifying anomalies within a single class, they might not be easily and practically
deployable due to various issues. When targeting multi-class objects, the number
of required models increases, resulting in multiplied memory and computational
overhead. Moreover, training numerous models in proportion to the number of
object classes further complicates their practical implementation. Conversely,
when these methods are applied to address multiple classes with a single model
to avoid the above issues, they suffer from a significant performance drop [37].
This is because multi-class data pose a more complex problem for models orig-
inally designed for a single class, where more classes entail more complex and
diverse underlying class distributions.

Recently, UniAD [37] introduced a framework capable of detecting and local-
izing anomalies in multi-classes setting with a single model. UniAD defines the
IS problem, which means the reconstruction-based models tend to be trained as
an identity function, thereby outputting the same as input even if the input con-
tains anomalies. This hinders the model from identifying anomalies based on the
disparity between the input and output. To mitigate the IS issue, UniAD intro-
duces a learnable query with neighbor-masked attention (NMA). NMA restricts
each query feature from attending an input feature in the same and neighboring
location. However, UniAD shows limited performance due to the lack of a special
design for multi-class scenarios, such as employing fixed queries regardless of the
input’s class or visual characteristics. Although several recent works have ex-
plored on unified AD framework by using synthesized anomalies [39] and vector
quantization [21], they still show limited detection performance.

2.3 Grid Representation

In the revolution of neural fields or neural representations that parameterize
signals by a function of coordinates, grid representation has been demonstrated
to be effective in various tasks, including image and video processing [11,16], 3D
reconstruction [15,22], and novel view synthesis [6, 10,20]. The grid structure is
capable of efficiently representing high-frequency components without spectral
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Fig. 2: (a) The detailed architecture of CRAD and (b) visualization of coordinate
jittering. The input x is firstly transformed into pixel-wise and feature-wise coordinates.
After the normal features are sampled from local and global representations, they are
fused by CNN blocks. The final reconstruction is acquired through the proposed feature
refinement process.

bias [17,25], and effectively generalizing features by offering a continuous feature
space.

In this work, we propose incorporating grid representation to achieve high-
performance AD. Our key contribution involves representing the normal features
in a continuous space by substituting the discrete feature memory to the continu-
ous grid in order to resolve the challenging issues discussed above while achieving
high performance.

3 CRAD

Background. To help the readers understand CRAD, we first describe the grid
operation. A grid is trained as a function of coordinates with infinite resolution,
outputting coordinate-corresponding features. The output feature in infinite res-
olution is aggregated by nearby features in the grid, based on the distance be-
tween the coordinate of the input and neighboring features. For example, when
we take 1D grid sampling ϕ(·;G) : R → RC , the output feature with channel
C is interpolated by neighboring values of the 1D grid G ∈ RR×C , which is
mathematically formulated as follows:

ϕ(v;G) = |v − n|G[m] + |v −m|G[n],
m = ⌊v⌋, n = ⌈v⌉,

(1)

where v ∈ R is an arbitrary input coordinate normalized to the grid resolution R,
and G[i] denotes the feature from index i of the grid G. m and n are indices to be
referenced, and ⌊·⌋ and ⌈·⌉ denote floor and ceiling operation, respectively. The
above equation can be simply extended to a higher dimension D by interpolating
2D values of a D-dimensional grid (e.g., 2D = 4 values in a 2D grid in Fig. 1(c)).
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Overview. The motivation of our work is to effectively represent the normal
features in continuous memory using the grid operation, distinct from the dis-
crete memories. In an unsupervised manner, CRAD detects anomalous images
and regions based on the discrepancy between the input feature and output
normal feature, as described in Fig. 2(a). Therefore, the primary objective of
CRAD is to effectively retain the normal components (e.g., shapes or textures)
of the original input feature while eliminating any anomalies presented within
the feature.

To this end, we represent normal features in the continuous memory during
the training phase, coined as normal representation, which is used for replac-
ing abnormal features in the testing phase. We describe how CRAD represents
normal features in the continuous memory and acquires the output feature x̂,
based on the input feature x extracted from a pre-trained backbone, where x,
x̂ ∈ RC×H×W , and C,H,W are the channel, height, and width of the feature,
respectively.

3.1 Normal Representation

The fundamental concept of CRAD is to transform the input feature into specific
coordinates of continuous values, which are subsequently mapped to feature
grids. In particular, we design to represent the normal features from local and
global perspectives. By combining the distinctive features from each perspective,
the resulting feature can provide a strong representation of the input, capturing
both fine-grained details as well as broader overall structures.
Local representation. As shown in Fig. 2(a), CRAD samples each pixel of
the feature, which characterizes each patch of the image, to represent the local
feature. Then, the channels of each pixel are transformed to corresponding coor-
dinates (a low-dimensional vector) by convolutional layers with a kernel size of
1, followed by hyperbolic tangent activation. Using these pixel-wise coordinates,
we obtain normal features sampled from the local grid representation. More
formally, we define a function vl(·) : RC×H×W → RCl×H×W , which generates
pixel-wise coordinates based on the input feature, where Cl is the dimension of
the produced coordinates. Given the pixel-wise coordinates vlh,w(·) ∈ RCl , nor-
mal features are sampled from Cl-dimensional grid Gl, which has the resolution
of each dimension Rl and channel of C. The equation for local representation
f l(x) : RC×H×W → RC×H×W is written as follows:

f lh,w(x) = ϕ(vlh,w(x);Gl), (2)

where ϕ(·;Gl) : RCl → RC represents sampling feature from grid Gl by bilinearly
interpolating the grid values based on the coordinates.

As each pixel of the feature characterizes a patch in an image, the local repre-
sentation ensures retaining normal patches and replacing abnormal patches with
normal patches that have similar local context. Hence, when a normal patch is
fed, even though there is no exact match in the training patches, a corresponding
normal feature can be represented by interpolating normal features mapped at
nearby coordinates.
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In addition, for an abnormal patch, CRAD finds a normal feature that is the
most representative of the abnormal patch based on the reduced coordinates.
As the grid has never been exposed to abnormal features during training, it is
unable to represent abnormal features by interpolating nearby normal features.
This is the core idea of how we can effectively resolve the identity shortcut (IS)
issue frequently found in the existing methods that aggregate numerous features
based on similarities using attention mechanisms [13,23].
Global representation. Anomalous regions can exist not only locally within an
image but also at a global scale. To handle such global anomalous cases, CRAD
maintains another grid representation to capture the global feature of an image.
Similar to the local representation, we formulate the function to obtain global
feature coordinates vg(·) : RC×H×W → RCg , where Cg is the reduced dimension
of coordinates. For the function vg(·), we employ global average pooling and
linear layers, as shown in Fig. 2(a). The feature-wise coordinates are mapped
to each normal feature by Cg-dimensional grid Gg that has the resolution of
each dimension Rg. An element of the grid Gg is a CHW dimensional vector,
which is reshaped to C ×H ×W tensor once sampled. The equation for global
representation fg(x) : RC×H×W → RC×H×W is expressed as follows:

fg(x) = reshape(ϕ(vg(x);Gg)), (3)

where ϕ(·;Gg) : RCg → RCHW represents sampling feature from grid Gg by
bilinear interpolation, and reshape(·) : RCHW → RC×H×W denotes the reshape
operation.

The global representation not only effectively replaces global anomalies as a
whole but also distinguishes the class-wise distribution for the unified setting.
Based on the image-wise features, the reduced coordinates are well distributed
on the continuous space, modeling the decision boundary of complex distribution
(see Fig. 3(b) and Sec. 4.2 for more information).
Fused representation. We combine the local and global representations f l(x)
and fg(x) to effectively learn the normal representation fn(x), as shown in Fig. 2(a).
The local and global representations are concatenated and then fed into the fol-
lowing convolution networks ψ(·) : R2C×H×W → RC×H×W to reconstruct fn(x)
as follows:

fn(x) = ψ(concat(f l(x), fg(x))), (4)

where concat(·, ·) denotes the concatenation of two features along with the chan-
nel axis. By fusing the local and global representation, CRAD can represent
normal features from fine-grained details to broader contexts, resulting in higher
performance compared to the cases using only either of them (see ablation study
in Sec. 4.4).

3.2 Feature Refinement

Despite the fusion of local and global normal representation, deviations for the
normal regions between fn(x) and x can still exist, which can lead to false
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detection (i.e., false positives). Hence, in feature refinement, we aim to refine
fn(x) in the regions that are supposed to be normal but deviate from x, with the
goal of reducing false positives. To identify such regions, we evaluate the pixel-
wise similarity between x and fn(x) by combining both Mean Squared Error
(MSE) and cosine similarity. These two metrics offer a comprehensive view of
the differences between normal and abnormal features, where MSE captures the
absolute intensity disparities while cosine similarity characterizes structural and
positional similarity. By considering the combined similarity S ∈ RH×W , we can
reconstruct x̂ as follows:

x̂h,w = Sh,wxh,w + (1− Sh,w)f
n
h,w(x), (5)

Sh,w = λ11[mse(xh,w, f
n
h,w(x)) < k] + λ2cosim(x, fn(x)), (6)

where h,w are the indices of the spatial feature, 1[·] is the indicator function
and mse(·, ·) and cosim(·, ·) are the MSE and cosine similarity, respectively. To
use MSE as a measure of similarity, we convert the MSE value to either 0 or 1,
depending on whether it surpasses the threshold k or not.

3.3 Training and Inference

Coordinate jittering. To achieve a more generalized grid representation, we
apply Gaussian noise to vectorized local coordinates vl(x) in the training phase.
For instance, without jittering, a coordinate affects up to four grid values in a
2D grid, as shown in Fig. 2(b). In contrast, when perturbating the coordinate,
we can update more grid values with bell-shaped distribution in each iteration,
producing a more generalized grid.
Training. Given x and x̂ derived from CRAD, we employ the MSE loss as an
objective function, as follows:

L =
1

CHW
∥x− x̂∥22 . (7)

Based on Eq. (7), we learn the entire model in an end-to-end manner, including
the grids initialized by Xavier normal initialization [12]. As x is always a normal
input in the training phase, the grids are learned to represent normal features.
Inference. To perform anomaly detection and localization through the disparity
between x and x̂, an anomaly score map d ∈ RH×W is formulated as follows:

dh,w = ∥xh,w − x̂h,w∥2 , (8)

where h and w indicate the location of each pixel. To match with the cor-
responding ground truth, d is interpolated into the original shape of the input.
An anomaly score for each image is obtained by taking the max value from
the average-pooled d, and the interpolated anomaly map itself is used for the
pixel-wise anomaly score.
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4 Experimental Results

4.1 Experimental Setup

We used MVTec AD [3] and VisA [41] datasets, which are representative datasets
for real-world unsupervised AD. We evaluated the performance of anomaly de-
tection by the Area Under the Receiver Operator Curve (AUROC). Following
previous studies, we computed the class-average AUROC for detection and pixel-
wise AUROC for localization. We implemented CRAD in the PyTorch frame-
work, and we used the NVIDIA A5000 GPU for all evaluations. We trained our
models for 50 epochs, thrice with different seeds (0,1,2), with a batch size of
64. We describe the detailed implementation of CRAD in the supplementary
materials.

We evaluated the performance under two different scenarios: 1) a unified
setting where a single model is used for anomaly detection across multiple classes,
and 2) a separate setting in which we utilize respective models for different
classes. When training a unified model across all methodologies, we maintained
the model size to be consistent with each separate model.

4.2 Effectiveness of Continuous Memory Representation

Improved performance. To assess the ef-
ficacy of the continuous memory, we imple-
mented two baselines with discrete memo-
ries under the same overall detection frame-
work of CRAD as follows: 1) referring to a
single feature from discrete space (Fig. 1(a))
through vector quantization (VQ), and 2) re-
ferring to a combination of multiple discrete
features (Fig. 1(b)) with an attention module.
As shown in Tab. 1, CRAD, providing a con-
tinuous memory, outperforms the other base-
lines for both local and global representation.
When we expand the memory size for local
representation, the attention shows the perfor-
mance drop, suffering from a more severe IS.

Table 1: Performance evaluation
of the different feature memories
in the unified setting. #Entry de-
notes the number of features in
each memory and Persp. indicates
the perspective (local or global).
Persp. Method #Entry Detection Localization

Local

VQ 64 96.9±0.65 96.1±0.05
256 97.8±0.23 96.0±0.08

Attention 64 95.9±1.1 96.2±0.25
256 93.9±1.8 95.1±0.76

CRAD 64 98.6±0.07 97.5±0.04

Global

VQ 16 81.0±0.97 89.9±0.42
64 82.2±0.56 91.4±1.0

Attention 16 77.9±2.3 86.7±3.4
64 82.1±0.54 90.6±0.19

CRAD 16 92.3±0.60 95.7±0.17

Although VQ shows performance improvement with larger memory entries, it
still falls short of CRAD even with the quadrupled feature space. Furthermore,
the baselines consistently underperform in global representation, indicating their
inability to represent structural information of the entire feature.
Visualization of coordinates. Although the quantitative results above clearly
demonstrate the effectiveness of the continuous normal representation of CRAD,
we additionally visualize the generated and mapped coordinates in Fig. 3. The
normal and abnormal areas with a similar local characteristic are mapped at a
near distance in the local feature space (e.g., the patch 317 and 485 in Fig. 3(a)).
Similarly, the global coordinates of the two input images are mapped to almost



CRAD 11

N
or

m
al

 Im
ag

e
A

bn
or

m
al

 Im
ag

e

485

16358

317

510

485

16358

317

510

Sampled Local Features

Fused
Representation

Lo
ca

l &
 G

lo
ba

l
G

rid
 M

ap
pi

ng

Reconstruction

Normal →	Normal

Abnormal →	Normal

𝑓!(𝑥)

510
510

485

485 317
317

58
58

163
163

𝐺% 𝐺&

(a) Local Feature Coordinates (b) Global Feature Coordinates

Sampled Global Features

⊕

⊕

Feature 
Fusion

Feature 
Fusion

abnormal
normal
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the same location at the global feature space (Fig. 3(b)). These results indicate
that the model successfully learns to generate coordinates corresponding to each
input feature, and the local and global grids can represent the normal features
from each perspective effectively.

Class US [4] PaDiM [8] MKD [30] DRAEM [38] RD4AD [9] PatchCore [28] UniAD [37] HVQ-T [21] CRAD (Ours)

Bottle 84.0/99.0 97.9/99.9 98.7/99.4 97.5/99.2 98.7/100 100/100 99.7/100 100/- 100±0.00/100
Cable 60.0/86.2 70.9/92.7 78.2/89.2 57.8/91.8 85.0/95.0 99.7/99.4 95.2/97.6 99.0/- 99.1±0.34/99.7
Capsule 57.6/86.1 73.4/91.3 68.3/80.5 65.3/98.5 95.5/96.3 90.9/97.8 86.9/85.3 95.4/- 97.0±0.05/98.4
Hazelnut 95.8/93.1 85.5/92.0 97.1/98.4 93.7/100 87.1/99.9 100/100 99.8/99.9 100/- 100±0.06/100
Metal Nut 62.7/82.0 88.0/98.7 64.9/73.6 72.8/98.7 99.4/100 99.9/100 99.2/99.0 99.9/- 100±0.00/100
Pill 56.1/87.9 68.8/93.3 79.7/82.7 82.2/98.9 52.6/96.6 96.9/96.0 93.7/88.3 95.8/- 98.6±0.36/98.7
Screw 66.9/54.9 56.9/85.8 75.6/83.3 92/93.9 97.3/97.0 90.1/97.0 87.5/91.9 95.6/- 97.6±0.33/98.6
Toothbrush 57.8/95.3 95.3/96.1 75.3/92.2 90.6/100 99.4/99.5 100/99.7 94.2/95.0 93.6/- 99.2±0.73/96.1
Transistor 61.0/81.8 86.6/97.4 73.4/85.6 74.8/93.1 92.4/96.7 99.7/100 99.8/100 99.7/- 99.8±0.18/99.9
Zipper 78.6/91.9 79.7/90.3 87.4/93.2 98.8/100 99.6/98.5 94.7/99.5 95.8/96.7 97.9/- 99.2±0.13/99.6

Carpet 86.6/91.6 93.8/99.8 69.8/79.3 98.0/97.0 97.1/98.9 97.1/98.7 99.8/99.9 99.9/- 99.9±0.05/100
Grid 69.2/81.0 73.9/96.7 83.8/78.0 99.3/99.9 99.7/100 96.3/97.9 98.2/98.5 97.0/- 100±0.0/100
Leather 97.2/88.2 99.9/100 93.6/95.1 98.7/100 100/100 100/100 100/100 100/- 100±0.00/100
Tile 93.7/99.1 93.3/98.1 89.5/91.6 99.8/99.6 97.5/99.3 99.0/98.9 99.3/99.0 99.2/- 100±0.00/100
Wood 90.6/97.7 98.4/99.2 93.4/94.3 99.8/99.1 99.2/99.2 99.5/99.0 98.6/97.9 97.2/- 99.6±0.51/99.2

Mean 74.5/87.7 84.2/95.5 81.9/87.8 88.1/98.0 93.4/98.5 97.6/99.0 96.5/96.6 98.0/- 99.3±0.08/99.4

Table 2: Quantitative results for anomaly detection, evaluated with AUROC metric
on MVTec-AD. All methods are evaluated under the unified and separate settings.

Sampled features from the grids (normal vs. abnormal). In addition,
we visualize the sampled features from the local and global grids based on the
learned coordinates. Fig. 3 shows that the sampled features (from the local and
global grids) with near coordinates share similar characteristics whether the in-
put image is normal or not. Furthermore, the fused normal representations of
both normal and abnormal inputs are reconstructed into normal images. Specif-
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Fig. 4: Visualization of the contents mapped at a continuous grid. We manually select
six global coordinates and visualize the corresponding sampled normal features.

Class US [4] PaDiM [8] MKD [30] DRAEM [38] RD4AD [9] PatchCore [28] UniAD [37] HVQ-T [21] CRAD (Ours)

Bottle 67.9/97.8 96.1/98.2 91.8/96.3 87.6/99.1 97.7/98.7 98.4/98.6 98.1/98.1 98.3/- 98.2±0.10/98.6
Cable 78.3/91.9 81.0/96.7 89.3/82.4 71.3/94.7 83.1/97.4 96.7/98.5 97.3/96.8 98.1/- 98.4±0.17/98.3
Capsule 85.5/96.8 96.9/98.6 88.3/95.9 50.5/94.3 98.5/98.7 94.8/98.9 98.5/97.9 98.8/- 98.7±0.08/98.6
Hazelnut 93.7/98.2 96.3/98.1 91.2/94.6 96.9/99.7 98.7/98.9 98.6/98.7 98.1/98.8 98.8/- 98.5±0.17/98.9
Metal Nut 76.6/97.2 84.8/97.3 64.2/86.4 62.2/99.5 94.1/97.3 98.3/98.4 94.8/95.7 96.3/- 97.5±0.36/97.3
Pill 80.3/96.5 87.7/95.7 69.7/89.6 94.4/97.6 96.5/98.2 97.3/97.6 95.0/95.1 97.1/- 98.2±0.03/98.0
Screw 90.8/97.4 94.1/98.4 92.1/96.0 95.5/97.6 99.4/99.6 98.0/99.4 98.3/97.4 98.9/- 99.3±0.04/99.2
Toothbrush 86.9/97.9 95.6/98.8 88.9/96.1 97.7/98.1 99.0/99.1 98.4/98.7 98.4/97.8 98.6/- 98.8±0.04/98.7
Transistor 68.3/73.7 92.3/97.6 71.7/76.5 64.5/90.9 86.4/92.5 94.9/96.4 97.9/98.7 97.9/- 98.1±0.14/98.3
Zipper 84.2/95.6 94.8/98.4 86.1/93.9 98.3/98.8 98.1/98.2 95.8/98.9 96.8/96.0 97.5/- 97.8±0.06/97.9

Carpet 88.7/93.5 97.6/99.0 95.5/95.6 98.6/95.5 98.8/98.9 98.9/99.1 98.5/98.0 98.7/- 98.6±0.06/98.7
Grid 64.5/89.9 71.0/97.1 82.3/91.8 98.7/99.7 99.2/99.3 96.9/98.7 96.5/94.6 97.0/- 98.0±0.05/98.0
Leather 95.4/97.8 84.8/99.0 96.7/98.1 97.3/98.6 99.4/99.4 99.3/99.3 98.8/98.3 98.8/- 98.9±0.07/99.1
Tile 82.7/92.5 80.5/94.1 85.3/82.8 98.0/99.2 95.6/95.6 95.9/95.9 91.8/91.8 92.2/- 94.4±0.16/94.6
Wood 83.3/92.1 89.1/94.1 80.5/84.8 96.0/96.4 96.0/95.3 94.4/95.1 93.2/93.4 92.4/- 93.8±0.09/93.8

Mean 81.8/93.9 89.5/97.4 84.9/90.7 87.2/97.3 96.0/97.8 97.1/98.1 96.8/96.6 97.3/- 97.8±0.12/97.9

Table 3: Quantitative results for anomaly localization, evaluated with AUROC metric
on MVTec-AD. All methods are evaluated under the unified and separate settings.

ically, CRAD preserves the fine-grained details of the bottle (normal region),
while it reconstructs the corresponding normal state of the anomalous region
that has never been encountered during training. This result demonstrates that
the continuous feature space efficiently tackles the two major challenges in dis-
crete feature space: weak generalization and IS.
Decision boundary of multiple classes. Fig. 4 describes the coordinate
distribution using a model trained with global representation. The images from
each class form clusters in the continuous memory space, effectively modeling the
decision boundaries between classes. This implies that the continuous memory
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Fig. 5: Qualitative results of CRAD on MVTec AD. Each row of the figure represents
anomaly images, corresponding ground truths, results from UniAD, and our results.

can represent well-defined structural features. Furthermore, the reconstructions
of the sampled features at the decision boundary show combined characteris-
tics of near classes, demonstrating the high granularity of continuous features.
Leveraging the advantages of the continuous feature memory, CRAD can model
correct decision boundaries in complex multi-class distributions with compact
representations, leading to high performance in a unified setting.

4.3 Anomaly Detection and Localization

We evaluate CRAD in comparison with recent state-of-the-art methods in both
unified and separate settings, focusing on detection (Tab. 2) and localization
(Tab. 3) performance on MVTec AD. In the unified setting, the methods not
specifically designed for multiple classes exhibit a significant performance drop
compared to their performance in the separate setting. In contrast, UniAD,
HVQ-Trans, and CRAD maintain the performances of their separate models in
the unified setting. Among these, CRAD notably outperforms UniAD and HVQ-
Trans, achieving state-of-the-art performance in the unified setting. Specifically,
CRAD successfully reduces the error rate of HVQ-Trans from 2.0% to 0.7%,
bringing a total error reduction of 65.0%. For detection, the unified CRAD even
outperforms separate models of PatchCore, which is the previous state-of-the-art
in single-class AD. Similarly, for localization, CRAD achieves the best perfor-
mance in the unified setting and matches PatchCore in a separate setting. Fig. 5
showcases the qualitative results of UniAD and CRAD in the unified setting,
highlighting CRAD’s superior prediction quality with fewer noisy areas. We ad-
ditionally evaluate CRAD on VisA, which is a more challenging dataset. As
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Class Detection Localization

UniAD [37] PatchCore [28] OmniAL [39] CRAD (ours) UniAD [37] PatchCore [28] OmniAL [39] CRAD (ours)

Complex
Structure

PCB1 94.8/90.2 97.6/98.5 77.7/96.6 96.8/95.4 99.3/99.2 99.7/99.8 97.6/98.7 99.5/99.5
PCB2 92.5/84.2 96.7/97.2 81.0/99.4 92.9/92.7 97.6/96.5 98.0/98.7 93.9/83.2 97.6/97.0
PCB3 86.6/90.7 97.3/98.5 88.1/96.9 95.2/96.1 98.1/98.0 99.3/99.4 94.7/98.4 98.7/98.6
PCB4 99.3/97.4 99.7/99.7 95.3/97.4 99.4/98.6 97.6/97.2 97.7/98.2 97.1/98.5 98.6/98.4

Multiple
Instances

Candle 97.0/90.2 94.7/99.4 86.8/85.1 96.3/96.6 99.1/99.0 98.3/99.3 95.8/90.5 99.2/99.2
Capsules 70.7/80.3 75.0/76.3 90.6/87.9 90.5/91.5 98.1/98.5 99.1/99.2 99.4/98.6 99.5/99.5

Macaroni1 90.4/90.2 94.7/97.4 92.6/96.9 96.6/96.0 99.1/99.0 99.0/99.7 98.6/98.9 99.1/99.1
Macaroni2 82.8/77.4 78.6/76.7 75.2/89.9 88.7/90.4 97.7/97.4 96.1/98.6 97.9/99.1 98.8/99.0

Single
Instance

Cashew 93.8/92.9 97.3/97.8 88.6/97.1 95.5/96.4 98.9/99.2 98.1/98.7 95.0/98.9 97.4/98.0
Chewinggum 99.3/98.3 98.5/98.8 96.4/94.9 99.5/98.9 99.1/98.5 98.9/98.9 99.0/98.7 98.3/98.4

Fryum 88.8/84.4 95.4/96.0 94.6/97.0 94.5/93.7 97.7/96.7 89.8/92.4 92.1/89.3 96.6/96.3
Pipe fryum 97.0/91.8 99.2/99.8 86.1/91.4 96.6/98.3 99.3/99.3 97.5/98.9 98.2/99.1 99.4/99.4

Mean 91.1/89.0 93.7/94.7 87.8/94.2 95.2/95.4 98.5/98.2 97.5/98.5 96.6/96.0 98.6/98.5

Table 4: Quantitative results for anomaly detection and localization, evaluated on
VisA. All methods are evaluated under the unified and separate settings.

shown in Tab. 4, CRAD outperforms other state-of-the-art methods for detec-
tion.

4.4 Ablation Study

We conducted an ablation study on CRAD to as-
sess the impact of individual proposals. Tab. 5
shows that our key contribution is the normal
representation from both local and global con-
texts, which independently yields comparable
performance. Notably, a model with only local
representation outperforms UniAD and HVQ-

Table 5: Ablation studies in the
unified setting using MVTec AD.
Local Global Refine Jitter Detect Localize

✓ 92.3 95.7
✓ 98.6 97.5
✓ ✓ 98.8 97.7

✓ ✓ ✓ 99.1 97.8
✓ ✓ ✓ ✓ 99.3 97.8

Trans. The integration of both representations achieves improved performance,
with additional gains from feature refinement and coordinate jittering.

5 Conclusion

In this work, we have proposed a novel anomaly detection architecture, CRAD,
which represents normal features in the continuous memory, unlike prior ap-
proaches limited to discrete feature space. CRAD successfully represents local
as well as global features in the continuous space while overcoming the limita-
tions of existing methods, such as weak generalization, identity shortcut, and
high computational/parameter complexity. Through extensive experiments, we
have demonstrated the effectiveness of CRAD qualitatively and quantitatively.
Although CRAD demonstrates its superior generalization capability compared
to existing methods, we found a limitation that this cannot be the case with ex-
tremely limited data (i.e., 1- or zero-shot), more discussed in the supplementary
materials. We believe that it can be further addressed and our work paves the
way for future advancements in anomaly detection.
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