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Abstract
Tabular anomaly detection under the one-class classification
setting poses a significant challenge, as it involves accurately
conceptualizing “normal” derived exclusively from a single
category to discern anomalies from normal data variations.
Capturing the intrinsic correlation among attributes within
normal samples presents one promising method for learn-
ing the concept. To do so, the most recent effort relies on
a learnable mask strategy with a reconstruction task. How-
ever, this wisdom may suffer from the risk of producing uni-
form masks, i.e., essentially nothing is masked, leading to
less effective correlation learning. To address this issue, we
presume that attributes related to others in normal samples
can be divided into two non-overlapping and correlated sub-
sets, defined as CorrSets, to capture the intrinsic correlation
effectively. Accordingly, we introduce an innovative method
that disentangles CorrSets from normal tabular data. To our
knowledge, this is a pioneering effort to apply the concept
of disentanglement for one-class anomaly detection on tabu-
lar data. Extensive experiments on 20 tabular datasets show
that our method substantially outperforms the state-of-the-art
methods and leads to an average performance improvement
of 6.1% on AUC-PR and 2.1% on AUC-ROC.

1 Introduction
Tabular anomaly detection under the one-class classification
setting presumes the availability of only one-class data, i.e.,
the normal class samples for training, while the goal during
the test is to discern anomalies (Chandola, Banerjee, and Ku-
mar 2009; Ruff et al. 2021). In practical scenarios, such as fi-
nancial fraud detection, cyber intrusion detection, and med-
ical diagnosis (Hilal, Gadsden, and Yawney 2022; Malaiya
et al. 2019; Chen and Konukoglu 2018), this method tries
to detect whether new data points conform to the pattern of
observed normal samples, thereby identifying them as either
normal or abnormal. Given that only normal instances are
available during the training, the inherent challenge lies in
extracting the invariant feature of normal data. An instance
observed with patterns deviating from these characteristics
is detected as an anomaly. However, the lack of prior knowl-
edge on structures in tabular data poses a significant chal-
lenge for learning such knowledge (Shenkar and Wolf 2022).
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Figure 1: Visualization of MCM (Yin et al. 2024)’s fif-
teen soft masks and our two attention maps on the Thy-
roid dataset (six attributes). The presented masks and atten-
tion maps are averages derived from all training samples. In
MCM’s masks, darker colors indicate greater masking ratios
while a higher attention weight in our attention maps.

One reasonable way to mitigate this challenge is to fo-
cus on capturing the intrinsic correlation among attributes
of normal samples. Once one or more attributes of a sample
deviate anomalously, it is an anomaly, and the correlation
among attributes becomes different from that exhibited in
normal samples. The most recent MCM (Yin et al. 2024)
proposes a learnable mask generator module with a diver-
sity loss to create diverse soft masks (i.e., mask values range
from 0 to 1 for input data). A reconstruction task is then de-
signed to restore the original data from its masked variants.
During inference, anomalous attributes will disrupt the cor-
relations observed in the normal class, leading to a failure to
reconstruct the original data from masked instances, thereby
allowing anomalies to be detected. Despite its efficacy, the
diversity loss may generate masks with nearly uniform val-
ues, inducing trivial solutions of the learned intrinsic corre-
lations. Empirical evidence in Figure 1(a) suggests that the
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values of all soft masks are around 0.5. In this case, each
attribute is scaled with the same value, indicating essentially
no attribute is masked. Thus, the model learns the objective
of reconstructing the original data from complete features
instead of partial attributes, resulting in less effective extrac-
tion of the desired correlation.

In this paper, we presume that attributes related to others
in normal tabular data can be split into two1 non-overlapping
and correlated subsets, termed as CorrSets, to ensure the dis-
tillation of the intrinsic correlation among attributes from
normal instances. Building on this premise, this paper vali-
dates that disentangling those CorrSets from normal samples
for reconstruction promotes the learning of normal samples’
inside correlations. Specifically, the sufficiently disentan-
gled CorrSets are used to restore the whole original data in-
dividually, in which processes of the correlation inside nor-
mal data would be well captured by the model. Compared
to MCM (Yin et al. 2024), which may generate ineffective
masks, this approach guarantees that the model reconstructs
the original data with partial attributes, thus strengthening
its ability to extract the correlation within normal samples
and yielding improvements in anomaly detection.

Motivated by the aforementioned assumption, we propose
a novel paradigm named Disent-AD, which efficiently dis-
entangles CorrSets from normal tabular data and adequately
captures the intrinsic correlation. For practical implementa-
tion, a two-head self-attention module is utilized to implic-
itly extract two distinct subsets in latent space. The atten-
tion maps depict the attributes of interest to the network.
By learning two independent attention maps, the two at-
tention heads focus on different regions of tabular data, en-
abling the implicit extraction of distinct attribute subsets. As
shown in Figure 1(b), darker regions in attention maps in-
dicate greater weights. Evidently, the attention module suc-
cessfully concentrates on two non-overlapping attribute sub-
sets. To ensure that disentangled subsets are correlated, a re-
construction task is performed to restore the original data
by utilizing subset features extracted from either of the two
attention heads. Importantly, this reconstruction process is
strategically employed to detect anomalies rather than aim-
ing for a complete restoration of the original data. During
testing, samples with high reconstruction errors are detected
as anomalies.

Our contributions can be summarized as follows:

• To our knowledge, this is one pioneering work that lever-
ages the concept of disentanglement to enhance the effi-
ciency of tabular one-class anomaly detection.

• We propose a novel paradigm that learns the intrinsic cor-
relation by disentangling two distinct and correlated at-
tribute subsets from normal tabular data.

• Extensive experiments conducted on 20 tabular datasets
demonstrate the superiority of our method to state-of-the-
art methods, with an average improvement of 6.1% and
2.1% in the AUC-PR and AUC-ROC, respectively.

The extended version with full Supplementary Materials

1It can be multiple subsets. However, our empirical results in-
dicate using two subsets is the best.

is available at https://arxiv.org/abs/2411.07574. Codes are
available at https://github.com/yjnanan/Disent-AD.

2 Related Work
One-class anomaly detection aims to identify unobserved
class samples during training by utilizing the knowledge
learned from a single normal class. Relying on distance mea-
surement techniques (Breunig et al. 2000), empirical cumu-
lative distribution functions (Li et al. 2022), and regularized
classifiers (Schölkopf et al. 1999) are some of the classical
ways to tackle this task. A straightforward approach involves
modeling a distribution based on normal samples and eval-
uating the likelihood of each test sample (Zong et al. 2018;
Li et al. 2020). Establishing a reliable decision boundary be-
tween normal and anomaly samples through an end-to-end
process with an effective one-class loss function has proven
useful (Ruff et al. 2018). Generating pseudo anomalies is
an alternative way to construct a decision boundary (Goyal
et al. 2020; Cai and Fan 2022), which utilizes adversar-
ial training or variational autoencoder (VAE) (An and Cho
2015) to produce synthetic data that are abnormal yet closely
resemble normal samples. Nevertheless, both methods re-
quire specific assumptions about distributions of normal and
anomaly samples, which may not always be appropriate.

Recent methods focus on designing self-supervision
learning tasks to detect anomalies, such as applying geo-
metric transformations to images and predicting the trans-
formation (Golan and El-Yaniv 2018). However, geometric
transformations are essentially not suitable for tabular data.
To tackle this issue, GOAD (Bergman and Hoshen 2020)
develops learnable transformations for tabular data. Inspired
by learnable transformations, NeuTraLAD (Qiu et al. 2021)
designs one contrastive loss to learn the invariant relation-
ship among original and multiple transformed samples for
normal data. With the idea of building a criterion based on
contrastive loss, ICL (Shenkar and Wolf 2022) aims at max-
imizing the mutual information between each subset and the
rest of the parts in normal tabular data. SLAD (Xu et al.
2023b) proposes scale as a new characteristic for tabular data
to capture the invariant representations of the normal class,
which is treated as the relationship between the dimension-
ality of attribute subsets and that of their transformed latent
representations. The most recent MCM (Yin et al. 2024) fo-
cuses on learning the intrinsic correlation of normal samples
by restoring original data from data masked by diverse soft
masks. Unlike previous methods, our work concentrates on
implicitly disentangling CorrSets from normal data to ex-
tract the intrinsic correlation for anomaly detection.

Semi- and weakly-supervised anomaly detection on
tabular data assumes that anomaly samples are accessible
during training (Yoon et al. 2020; Chang et al. 2023; Pang
et al. 2023). Introducing anomaly knowledge into the train-
ing process enables these methods to extract discriminative
knowledge between normal and anomaly features. In this pa-
per, we train the model for anomaly detection without prior
knowledge of anomalies. This task is particularly challeng-
ing as it involves constructing a criterion for distinguishing
between normal and abnormal samples without explicit ex-
amples of anomalies to guide the process.

13062



!"#$%&

'()*#+*,
-"##*&%./"0

!!""""

10"$%&2

30"()*#+*,4
-"##*&%./"0

!!"#$

"%!"#$

"&!"#$ !!"#$

5*-"0).#6-.

!'!"$

"%'!"$

"&'!"$ !'!"$
""""5*-"0).#6-.

5*-"0).#6-.

!!!!5*-"0).#6-.

Figure 2: Illustration of our strategy. Red regions indicate
anomaly attributes.

Out-of-distribution (OOD) detection often trains the
network with a conventional classification task (e.g., ten-
class classification) and identifies test samples belonging to
the different distribution from which the training set is sam-
pled (Liu et al. 2020; Zhu et al. 2022). Training with a multi-
class classification task permits OOD detection methods
to capture discriminative knowledge across various classes,
thereby facilitating effective estimation of the training data
distribution. However, our task aims to train a network with
only one class for anomaly detection, which is more chal-
lenging as learning from one class may lead the model to
produce predictions arbitrarily.

3 Methodology
3.1 Problem Statement
One-class anomaly detection on tabular data setup involves
a training set Dtrain = {xi ∈ RM}Ni=1, which consists of
N normal samples with M attributes. A test set, Dtest =
{xi ∈ RM , yi ∈ Y}Ji=1, consists of samples xi with labels
yi, where Y = {0, 1} (0 denotes a normal and 1 denotes an
anomaly). By training on Dtrain, a deep anomaly detection
model constructs a scoring function ϕ : RM → R that quan-
titatively assesses the abnormality levels of new data points.

3.2 Overview
Our strategy for anomaly detection is illustrated in Fig-
ure 2. Considering a tabular dataset where each sample is
composed of M attributes: xi = {a1, a2, · · · , aM}. We
denote the CorrSets of normal data as snormi,1 and snormi,2 ,
snormi,1 ∪ snormi,2 = xnorm

i if there are no noise attributes
in xi. The inherent correlation can be captured by training
network fθ to restore the original data with only snorm1 or
snorm2 , i.e. fθ(snormi,1 ) → xnorm

i and fθ(s
norm
i,2 ) → xnorm

i .
For anomaly instances during the test stage, we also extract
two subsets, sanom1 and sanom2 . If anomaly attributes are
presented in sanom1 or sanom2 , normal attributes of anoma-
lies can not be reconstructed well, as the internal relations
of anomalies deviate from those of normal instances. There
is a case where anomalous attributes are not in two sub-
sets, but the model fails to restore them using normal at-
tribute subsets, still producing large reconstruction errors.
Noisy attributes are unavoidable in real-world scenarios;
however, neither normal nor anomaly attributes reconstruct

Encoder Two-head self-attention Decoder

!𝑥!!

!𝑥!"

𝑥

Reconstruction loss

𝑧

𝑧̂!!

𝑧̂!"
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Figure 3: Illustration of our framework. The model consists
of three modules: an encoder, a two-head self-attention, and
a decoder. The network is trained under the constraint of a
disentangling loss and a reconstruction loss.

noise well, which barely affects the distinction between nor-
mal and abnormal samples. Accordingly, a criterion based
on the reconstruction error for anomaly detection can be
built by disentangling CorrSets from normal samples. It is
worth noting that our method leverages reconstruction to de-
tect anomalies rather than fully restoring the original data.

The framework of our method is presented in Figure 3.
Given one sample for illustrating our procedure, the encoder
takes it as input and extracts its latent features. Then, a two-
head self-attention module is utilized to disentangle tabu-
lar data for extracting features of two attribute subsets. Af-
terward, a decoder maps these features back to the input
space for independently reconstructing the original data. Our
model is trained in an end-to-end fashion and optimized by
a disentangling loss and a reconstruction loss. During in-
ference, the sum of the two subsets’ reconstruction errors
serves as the anomaly score for each test sample.

3.3 Our Proposed Method
To capture the correlation inside normal samples, we pro-
pose to disentangle CorrSets from them. There are two main
components in our method: disentangling and learning cor-
relation. Practicality, we leverage a two-head self-attention
for implicit disentanglement, and a reconstruction task guar-
antees the correlation between two subsets.

Disentangling Aiming to extract two distinct attribute
subsets from normal samples, we utilize a two-head self-
attention module to implicitly disentangle tabular data in la-
tent space. The attention map describes attributes that the
network focuses on, and the greater the attention weight,
the more interested the network is. Learning two indepen-
dent attention maps allows two heads of the attention mod-
ule to extract latent features of two distinct attribute subsets
in tabular data, thus enabling implicit disentanglement. We
respectively demonstrate the importance of extracting two
subsets and disentangling with two-head attention for cap-
turing effective correlations in Section 4.6.

The attention module is applied to latent features ex-
tracted by the encoder to disentangle tabular data. To suc-
cessfully adopt the attention module, we convert tabular data
from row vectors into column vectors, i.e., xi ∈ RM×1,
where M still denotes the number of attributes, and each
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Figure 4: Averaged reconstruction error and disentangling
loss of test samples during training on the Thyroid dataset.

attribute owns 1 feature channel. The encoder fE maps xi

to latent features zi ∈ RM×C = fE (xi), where C refers to
the channel number of each attribute. With the attention, zi
yields queries, keys, and values, symbolized respectively as
qshi , kshi , vshi ∈ RM×C , for each head h ∈ {1, 2}. The com-
putation of the two attention maps is formalized as follows:

wsh
i = Softmax

(
qshi (kshi )T√

C

)
, h ∈ {1, 2}, (1)

where the size of wsh
i is M ×M . To accomplish the objec-

tive of disentangling two distinct attribute subsets from each
training instance, it is imperative to learn two independent
attention maps. Our strategy is to diminish the similarity be-
tween them. To this end, a cosine similarity loss is employed
to yield a disentangling loss:

Ld =
1

N

∑N

i=1

ws1
i

∥ws1
i ∥2

· ws2
i

∥ws2
i ∥2

, (2)

where ∥ · ∥2 is the L2 norm. As Ld approaches 0, the two
attention maps are orthogonal, thus allowing two heads to
focus on distinct attribute subsets. Drawing from empirical
observations, due to the absence of two attention maps with
inverse relationships in single samples, the absolute value is
not employed in the computation of Ld. Consequently, this
restriction confines the range of Ld to interval [0, 1], despite
the range of the cosine similarity loss spanning [−1, 1]. We
validate the significance of Ld for learning the intrinsic cor-
relation of normal data in Section 4.6.

Learning Correlation With disentangling, we extract two
distinct attribute subsets from normal tabular data. In order
to capture the intrinsic correlation, it is essential to ensure
that the disentangled subsets are correlated. Therefore, we
perform a reconstruction task to individually restore the in-
put sample from the features of each subset. Such a strategy
guides the network in extracting CorrSets, thus progressing
the learning of the intrinsic correlation of normal instances.

As a result of directing two attention heads to focus on
distinct attribute subsets, the latent features of those can be
obtained by:

ẑshi = wsh
i vshi , h ∈ {1, 2}, (3)

where ẑshi ∈ RM×C . Then a decoder fD takes ẑshi as inputs
to produce reconstruction outputs:

x̂sh
i = fD (ẑshi ) , h ∈ {1, 2}. (4)

The mean squared error (MSE) loss function is applied for
the reconstruction loss:

Lr =
1

N

∑N

i=1

∑
h=1,2

(xi − x̂sh
i )

2
. (5)

The overall loss function for training our method is de-
fined as follows:

Loverall = Ld + Lr, (6)
where we equal the weight for Ld and Lr to avoid a possible
bias to one loss. By training with Loverall, the model is able
to extract CorrSets, thereby learning the inherent correlation
of normal data.

3.4 Anomaly Score for Inference
The determination of a test sample as normal or abnormal is
made by evaluating the reconstruction error. The cosine sim-
ilarity between attention maps is not included in the anomaly
score function. It is due to that the model is trained to ex-
tract two distinct subsets. Empirical evidence is presented in
Figure 4. In the right part, the disentangling loss of anoma-
lies varies almost identically to that of normal samples and
eventually nears 0. As for the reconstruction error, the net-
work aims to model the intrinsic correlation of normal class,
thus test normal samples generally yield low errors. While
anomalies consistently exhibit high reconstruction errors.
Therefore, we define the anomaly score function ϕ (xi) with
the MSE function as below:

ϕ (xi) =
∑

h=1,2
(xi − x̂sh

i )
2
. (7)

The anomaly scores for normal data are expected to be as
small as possible. For anomalies, whether or not the anoma-
lous attributes are included in disentangled subsets, the
model fails to reconstruct the complete input as the intrin-
sic correlation of the anomalies deviates from that of normal
samples, resulting in high anomaly scores. The greater the
anomaly score, the more likely that a sample is an anomaly.

4 Experiments
4.1 Datasets
Our evaluation encompasses 20 tabular datasets, aligning
with previous work (Yin et al. 2024). 12 of them are obtained
from the Outlier Detection Datasets (ODDS) (Rayana 2016),
while the remainder are derived from ADBench (Han et al.
2022), which cross various application scenarios, including
healthcare, finance, and more. For specific dataset statistics,
please see Supplementary D.

4.2 Evaluation Metrics
Experiments on tabular data are conducted by following pre-
vious work (Xu et al. 2023b; Yin et al. 2024). We randomly
sample 50% of the normal samples as the training set, and
the remaining normal samples with all anomaly samples are
combined into the test set. Area Under the Precision-Recall
Curve (AUC-PR) and Area Under the Receiver-Operating-
Characteristic Curve (AUC-ROC) are selected as our eval-
uation criteria. These two metrics can objectively evaluate
detection performance without making any assumption on
the decision threshold. All reported results are averaged over
three independent trials.
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Dataset IForest LOF OCSVM ECOD DAGMM DeepSVDD GOAD NeuTraLAD ICL SLAD MCM Ours

Arrhythmia 50.9 52.7 53.3 44.6 46.6 64.5±4.1 63.2±2.3 60.9±4.5 65.4±0.7 63.7±1.5 58.3±0.3 63.6±0.3

Breastw 94.4 99.2 99.3 95.2 75.8 97.0±0.3 99.4±0.1 85.3±2.4 98.3±0.5 98.9±0.2 99.7±0.0 99.8±0.0

Cardio 70.1 83.6 86.1 36.3 30.8 67.4±5.4 31.4±4.3 63.5±2.5 59.5±7.9 71.3±1.9 78.5±0.8 82.7±2.8

Census 13.5 23.4 22.7 17.7 10.6 18.8±1.6 12.6±0.6 13.6±0.5 18.1±0.3 13.8±0.1 21.3±0.8 39.7±0.0

Campaign 46.0 44.5 47.4 47.0 24.7 33.0±3.3 47.1±0.3 44.4±2.7 43.5±0.5 48.6±0.0 59.0±1.8 46.9±1.0

Cardiot. 60.3 57.3 66.1 69.6 44.4 47.6±5.5 68.6±0.6 66.3±0.9 65.5±3.2 71.3±3.8 69.7±1.4 75.1±0.9

Fraud 69.3 40.4 34.9 40.6 0.9 73.5±1.8 54.9±0.7 58.2±0.1 67.5±0.9 54.3±4.2 50.5±2.2 60.5±1.6

Glass 9.5 9.2 8.9 11.1 10.1 29.3±5.1 23.1±3.3 24.0±2.9 30.5±2.0 22.2±0.6 15.3±0.6 58.9±6.0

Ionosphere 97.6 95.9 89.6 97.1 70.4 97.9±0.4 93.0±1.4 98.6±0.4 96.9±0.0 98.6±0.3 97.7±0.1 98.3±0.2

Mammo. 33.3 40.6 41.7 53.8 11.4 47.1±2.7 22.7±0.7 8.3±0.5 19.5±3.6 17.5±3.9 47.9±6.4 43.9±1.5

NSL-KDD 75.3 74.5 75.2 63.5 75.0 89.7±4.3 85.7±0.3 88.4±2.4 60.4±2.4 91.2±0.5 90.2±0.6 88.6±0.8

Optdigits 15.7 43.6 6.9 6.6 5.3 34.4±9.5 8.1±0.6 31.3±14.9 85.3±8.0 33.9±2.9 80.2±8.1 86.8±4.8

Pima 66.6 69.7 70.0 58.7 59.5 70.2±1.2 63.7±1.3 56.4±1.4 60.0±1.2 61.7±0.7 69.4±0.9 73.7±2.7

Pendigits 51.3 78.5 51.7 41.4 4.4 49.6±8.1 50.0±2.2 72.2±6.8 52.4±5.1 81.0±4.7 74.2±10.0 89.5±6.6

Satellite 85.8 80.8 77.7 83.3 68.6 80.7±1.2 84.7±0.1 87.3±0.1 88.2±0.5 87.5±0.0 83.6±0.0 89.1±0.0

Satimage-2 88.4 96.9 91.9 77.7 11.4 46.6±35.1 96.3±0.0 97.3±0.3 96.8±1.0 97.4±0.3 97.8±0.2 98.3±0.1

Shuttle 91.7 96.0 94.8 98.1 48.7 97.6±0.6 91.6±0.2 99.5±0.2 97.3±0.6 92.7±0.5 97.8±0.5 99.5±0.2

Thyroid 60.5 78.9 81.3 68.0 10.9 51.6±2.4 49.2±5.1 80.9±0.3 83.6±3.0 85.5±1.6 83.0±0.5 89.4±0.7

Wbc 85.7 84.1 83.9 72.1 29.5 72.9±2.4 62.2±7.9 29.1±4.3 75.5±5.5 46.3±7.7 86.1±1.2 91.0±0.5

Wine 24.5 12.5 14.2 35.7 49.0 55.0±11.8 93.4±1.6 85.7±11.6 93.0±4.6 99.6±0.4 92.2±0.4 99.9±0.0

Average 59.5 63.1 59.9 55.9 34.4 61.2±5.3 60.0±1.6 62.5±2.9 67.8±2.5 66.8±1.7 72.6±1.8 78.7±1.5

Mean rank 7.6 6.8 7.0 8.1 11.2 6.2 7.3 6.6 5.9 4.8 4.0 2.0

Table 1: Comparison of AUC-PR results (%) of various methods. The best result per dataset is bold. The mean rank (↓) (bottom
row) is calculated out of 12. Cardiot. and Mammo. refer to the Cardiotocography and Mammography datasets, respectively.

4.3 Implementation Details
In our network architecture, a three-layer Multilayer Percep-
tron (MLP) with LeakyReLU activation function forms the
encoder, and the decoder is symmetrically designed to the
encoder. For the adaption of the attention module to tabu-
lar data, we transform row vectors into column vectors for
most datasets and perform a patch-splitting preprocessing
method for the rest to facilitate disentanglement, mostly de-
rived from image scenarios. We consider the data structures
of these datasets to be too complicated to affect disentan-
gling. The preprocessing method is performed by splitting
the data into three patches with the size of M/2 and treating
each patch as an attribute to compose new data to simplify
the data structure. We present a detailed description of the
preprocessing method in Supplementary A. For datasets ap-
plied with the preprocessing method, we set epochs to 200
and the channel number C of latent features to 512 for ef-
ficient convergence, while epochs to 100 and C to 128 for
the rest. Due to the large variation in the number of samples
between datasets, ranging from 129 to 299,285, we use dif-
ferent batch sizes for different datasets. The parameters of
the network are optimized by Adam with a uniform learning
rate of 1e-4 for all datasets. See Supplementary B for more
implementation details.

4.4 Baseline Methods
Our method is compared with eleven outstanding tabular
anomaly detection methods. IForest (Liu, Ting, and Zhou
2008), LOF (Breunig et al. 2000), OCSVM (Schölkopf
et al. 1999), and ECOD (Li et al. 2022) represent classi-

cal non-deep methods. The competing deep methods include
DAGMM (Zong et al. 2018), DeepSVDD (Ruff et al. 2018),
GOAD (Bergman and Hoshen 2020), NeuTraLAD (Qiu
et al. 2021), ICL (Shenkar and Wolf 2022), SLAD (Xu et al.
2023b), and MCM (Yin et al. 2024). It is noted that the re-
sults of IForest, LOF, OCSVM, ECOD, and DAGMM are
obtained from MCM. We implement DeepSVDD, GOAD,
NeuTraLAD, ICL, and SLAD by using DeepOD (Xu et al.
2023a), an open-source Python library for deep learning-
based anomaly detection. The implementation of MCM is
based on their official open-source code, and original results
reported in their paper are presented in Supplementary E.

4.5 Anomaly Detection Performance
Table 1 and 2 present the AUC-PR and AUC-ROC results
of our method alongside the competing methods across
20 datasets, respectively. Despite the heterogeneity in the
datasets, our method achieves the best overall performance
on both two evaluation metrics, outperforming the second-
best method by an average of 6.1% on AUC-PR and 2.1% on
AUC-ROC. To prevent a few datasets from dominating the
averaged results, we also present the mean rank for com-
parison. The best mean ranking out of 12 is obtained by
our method, which is considerably lower than competing
methods. At the dataset level, our method beats competi-
tors on 13 out of 20 datasets according to both AUC-PR
and AUC-ROC, while exhibiting competitive performance
on the remaining datasets. Significant performance gains are
obtained by our method on some datasets compared to the
second-best method, e.g., 16.3% improvement in AUC-PR
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Dataset IForest LOF OCSVM ECOD DAGMM DeepSVDD GOAD NeuTraLAD ICL SLAD MCM Ours

Arrhythmia 77.3 76.8 76.8 71.9 72.8 79.1±3.0 81.3±0.7 79.8±0.9 81.0±0.5 80.6±0.3 78.9±0.5 80.3±0.2

Breastw 97.1 99.3 99.3 96.4 76.0 97.4±0.2 99.4±0.1 90.8±1.5 98.4±0.3 98.9±0.1 99.7±0.0 99.7±0.0

Cardio 92.2 95.6 96.5 63.7 69.5 85.4±3.0 49.4±3.8 85.9±2.6 82.3±4.7 87.2±0.5 92.9±0.6 95.3±0.8

Census 60.1 71.1 71.5 57.7 45.0 64.1±1.4 58.0±2.1 53.6±1.0 67.1±0.2 61.8±0.4 73.6±0.6 83.3±0.0

Campaign 72.6 70.6 76.2 75.5 57.8 62.7±2.2 73.0±0.2 71.4±4.1 70.7±0.6 73.7±0.1 88.0±1.0 75.9±1.7

Cardiot. 72.4 64.4 75.2 78.8 61.0 60.6±5.8 81.3±0.6 74.8±1.6 70.3±3.6 81.6±3.6 81.1±1.2 81.9±0.2

Fraud 96.3 95.7 95.4 85.3 72.7 91.4±2.0 93.8±1.1 91.0±0.9 92.6±0.6 95.4±0.2 94.0±0.1 95.4±0.2

Glass 57.7 56.2 54.8 62.3 59.8 74.6±3.2 75.5±3.1 77.6±3.1 86.2±1.5 78.9±2.5 72.1±1.6 92.7±0.3

Ionosphere 96.8 94.5 87.6 95.6 70.4 97.4±0.5 91.8±1.2 98.2±0.4 96.5±0.1 98.2±0.3 96.7±0.1 97.8±0.2

Mammo. 82.2 89.2 90.0 82.5 74.1 84.8±0.9 73.5±0.5 69.8±1.5 57.9±3.2 75.8±2.3 91.2±1.5 90.2±0.3

NSL-KDD 73.8 54.9 57.0 38.1 61.3 83.1±8.4 84.6±0.4 80.0±5.7 31.5±4.5 84.6±0.8 87.9±0.4 83.2±0.5

Optdigits 82.3 96.6 63.3 61.4 47.0 77.4±4.3 68.0±2.5 86.4±5.7 99.0±0.4 92.8±0.2 98.9±0.5 99.1±0.2

Pima 67.3 69.1 71.3 58.3 61.0 63.9±0.8 64.4±1.1 55.2±2.5 57.4±1.7 61.5±1.5 70.9±1.5 75.8±2.2

Pendigits 96.6 99.0 96.3 92.9 39.8 89.2±3.0 95.4±0.4 98.2±0.9 91.9±3.3 98.9±0.4 98.9±0.5 99.5±0.3

Satellite 80.2 73.9 66.6 78.8 72.5 77.5±1.2 78.0±0.3 83.3±0.2 85.5±0.4 84.2±0.6 78.7±0.0 86.8±0.1

Satimage-2 99.3 99.6 98.1 96.5 89.9 88.8±9.4 99.6±0.0 99.8±0.0 99.7±0.1 99.7±0.1 99.8±0.0 99.9±0.0

Shuttle 99.6 99.8 99.6 99.7 90.4 99.2±0.4 99.4±0.0 99.9±0.0 98.6±0.4 99.5±0.0 99.9±0.0 99.9±0.0

Thyroid 92.7 98.5 98.5 88.2 71.4 93.1±1.2 93.4±0.9 98.3±0.1 98.4±0.2 98.6±0.3 97.8±0.0 98.9±0.0

Wbc 97.1 96.7 96.6 87.4 79.9 91.8±1.6 89.4±0.2 78.7±1.4 91.5±2.6 86.2±2.6 97.3±0.5 98.5±0.1

Wine 65.7 40.8 48.5 74.3 88.3 84.4±1.9 98.7±0.4 96.8±2.4 97.0±3.0 99.9±0.0 95.4±0.9 100.0±0.0

Average 83.0 82.1 81.0 77.3 68.0 82.2±2.7 82.3±0.9 83.4±1.8 82.6±1.5 86.9±0.8 89.6±0.5 91.7±0.3

Mean rank 6.7 6.2 6.4 8.8 10.7 8.0 6.6 6.7 6.9 4.5 3.7 1.7

Table 2: AUC-ROC results of our method and competing methods.

and 9.7% in AUC-ROC on Census, and 28.4% in AUC-PR
and 6.5% in AUC-ROC on Glass. Generally, these compari-
son results validate the superiority of our method.

4.6 Ablation Study
Four datasets sourced from different application scenarios
are selected to conduct the ablation study: Thyroid (health-
care), Arrhythmia (healthcare), Glass (forensic), and Satel-
lite (satellite image). The results are reported in Table 3.

Disentangling two subsets is crucial for learning the
intrinsic correlation of normal data: We design “Vari-
ant 1” that learns one attention map with a one-head self-
attention module. Restoring original data from one subset
makes the model extract attributes that can be used for re-
construction. However, the attention module might focus on
each attribute to minimize reconstruction loss, causing the
model to struggle with capturing the intrinsic correlation of
normal samples. According to the experimental results, the
detection performance of “Variant 1” is much lower than that
of our method, validating the significance of disentangling
two subsets for learning the correlation in normal samples.

Extracting two subsets with two-head self-attention
can capture better correlation than with one-head self-
attention: “Variant 2” disentangles two subsets with a one-
head self-attention module. We implement it by ws2

i =
1−ws1

i , where ws1
i is produced by the attention module, and

they are independent of each other. Evidently, “Variant 2” is
significantly inferior to our method. It is due to that noise at-
tributes might be contained in subsets according to w2

i , lead-
ing to less effective learning of the intrinsic correlation. In
our method, disentangling with the two-head self-attention

Method Variant 1 Variant 2 Variant 3 Ours

Two subsets - ✓ ✓ ✓
Two heads - - ✓ ✓

Ld - - - ✓

A
U

C
-P

R Thyroid 72.6±1.6 78.8±4.0 72.4±1.2 89.4±0.7

Arrhythmia 59.4±1.7 61.7±0.8 58.7±0.9 63.6±0.3

Glass 40.8±16.1 44.2±7.0 31.3±8.9 58.9±6.0

Satellite 88.4±0.0 88.6±0.3 87.5±0.2 89.1±0.0

A
U

C
-R

O
C Thyroid 97.1±0.1 95.9±1.3 97.3±0.1 98.9±0.0

Arrhythmia 75.4±1.7 79.1±0.5 75.0±2.0 80.3±0.2

Glass 80.3±15.7 88.4±3.3 76.3±6.8 92.7±0.3

Satellite 85.7±0.0 86.5±0.3 85.3±0.2 86.8±0.1

Table 3: Ablation study of our method and its variants.

module helps reduce the effect of noise attributes on learn-
ing the correlation. Additionally, the performance gap be-
tween “Variant 2” and “Variant 1” further demonstrates the
significance of disentangling two subsets.

Constraining the two subsets to be distinct is necessary
for learning the correlation within normal data: A sub-
stantial performance drop is observed in “Variant 3”, since
the absence of the disentangling loss hinders the model from
extracting two non-overlapping attribute subsets. This indi-
cates that the disentangling loss is crucial in our method. We
report the results of replacing our disentangling loss with
MCM (Yin et al. 2024)’s diversity loss in Supplementary E.
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Figure 5: AUC-PR and AUC-ROC vs. subset numbers.

(a) Breastw

(b) Cardiotocography

Figure 6: AUC-PR and AUC-ROC vs. various ratios of
anomaly contamination.

4.7 Further Analysis
Analysis on Subset Number Figure 5 reports the detec-
tion performance of our method vs. different numbers of
disentangled attribute subsets, where Thyroid, Arrhythmia,
Glass, and Satellite are used as illustrative datasets. Evi-
dently, as the subset number is increased, the performance
drops slightly, partially as extracting more correlated sub-
sets raises the difficulty of training convergence. Addition-
ally, there is a case that multiple (> 2) subsets related to each
other are not present in normal samples, which may lead to
computational redundancy. This analysis indicates the ratio-
nale of our two subsets strategy. Visualization of attention
maps for three subsets is shown in Supplementary C.

Robustness to Anomaly Contamination In real-world
anomaly detection, the training set may be contaminated,
with a small percentage of anomalies included. By refer-
ence to (Yin et al. 2024), we successively set the anomaly
contamination ratio to 0%, 1%, 3%, and 5% to analyze the
robustness of our method to anomaly contamination. Se-
lecting Breastw and Cardiotocography as typical datasets,
analysis results are shown in Figure 6. It is observed that

Data shape Satellite Satimage-2

M × 1∗ 75.7±0.2/74.6±0.5 96.5±0.2/99.3±0.1

2×M/2 87.7±0.5/84.5±0.0 98.1±0.1/99.9±0.0

2× 3M/4 85.9±0.1/81.7±0.3 98.2±0.1/99.9±0.0

3×M/3 86.7±0.3/82.5±0.6 97.3±0.1/99.7±0.1

3×M/2 (Ours) 89.1±0.0/86.8±0.1 98.3±0.1/99.9±0.0

Shuffling 88.5±0.5/86.9±0.3 97.9±0.0/99.8±0.0

Table 4: AUC-PR/AUC-ROC results on Satellite and Satim-
age datasets with varying data shapes after applying the pre-
processing method. M denotes the attributes number in the
original data, and * denotes results without preprocessing.
Shuffling refers to randomly shuffling the order of attributes
in the original data before using preprocessing.

our method experiences minimal performance degradation
as the anomaly contamination ratio increases, consistently
yielding the best results in each case. Such empirical evi-
dence justifies the outstanding robustness of our method to
anomaly contamination.

Analysis on the Preprocessing Method Table 4 presents
the detection performance of preprocessing data into various
data shapes, where Satellite and Satimage-2 are selected as
illustrative datasets. They are sourced from satellite image
scenarios and preprocessed in our implementation. There
are overlaps between split patches when the data shape is
2 × 3M/4 or 3 × M/2. Evidently, there is a noticeable
performance improvement when applying the preprocessing
method, as a reduced number of attributes enables the model
to disentangle data more easily, thereby facilitating corre-
lation learning. According to the empirical results, we use
the data shape of 3 × M/2 in our implementation. We also
test our method’s robustness to randomly ordered attributes
in original data when using the preprocessing method. Al-
though there is a slight performance drop, the results are still
comparable, which verifies that our method is robust to the
randomly ordered attributes.

5 Conclusion

In this paper, we design a novel disentangling-based method
to learn the correlation inside normal tabular data by extract-
ing two distinct and correlated attribute subsets for anomaly
detection. To our knowledge, this is the first work to suc-
cessfully leverage disentanglement for tabular anomaly de-
tection under the one-class classification setting. Extensive
experiments conducted on 20 tabular datasets sourced from
diverse application scenarios with AUC-PR and AUC-ROC
metrics evidence that our method outperforms the existing
best methods. However, it is imperative to note that our cur-
rent design specifically caters to tabular data and, as such,
does not directly apply to other data types, such as image or
point cloud data. We intend to explore disentangling-based
methods for non-tabular data types in future work.
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