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Abstract

Time series anomaly detection is a critical task
with applications in various domains. Due to an-
notation challenges, self-supervised methods have
become the mainstream approach for time series
anomaly detection in recent years. However, cur-
rent contrastive methods categorize data pertur-
bations into binary classes, normal or anomaly,
which lack clarity on the specific impact of differ-
ent perturbation methods. Inspired by the hypoth-
esis that “the higher the probability of misclassi-
fying perturbation types, the higher the probability
of anomalies”, we propose PCRTA, our approach
firstly devises a perturbation classifier to learn the
pseudo-labels of data perturbations. Furthermore,
for addressing “class collapse issue” in contrastive
learning, we propose a perturbation guiding posi-
tive and negative samples selection strategy by in-
troducing learnable perturbation classification net-
works. Extensive experiments on six realworld
datasets demonstrate the significant superiority of
our model over thirteen state-of-the-art competi-
tors, and obtains average 5.14%, 8.24% improve-
ment in F1 score and AUC-PR, respectively.

1 Introduction

Time series anomaly detection holds substantial research sig-
nificance in real-world scenarios. It finds extensive appli-
cation across domains like industrial processes, healthcare
systems, and aerospace operations [Baireddy et al., 20211,
thereby assuming a pivotal role in upholding the integrity
and functionality of Cyber-Physical Systems. The continued
progress and refinement of this technology are imperative to
ensure the dependability, reliability, and security of complex
interconnected systems. Consider a spacecraft with multiple
sensors tracking its components through multivariate time se-
ries data. Ensuring the proper operation of the spacecraft
is vital, thereby making anomaly detection a crucial aspect.
This is particularly relevant in the multivariate time series do-
main, where detecting anomalies and diagnosing their root
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causes has become a key topic in data science [Aggarwal and
Aggarwal, 2017; Schmidl ef al., 2022] in the recent years.

Time series data in real-world applications have charac-
teristics such as high dimensionality, being unstructured and
complex with unique properties, which pose challenges to
data modeling [Yang and Wu, 2006]. While traditional statis-
tically based anomaly detection approaches [Chandola er al.,
2009; Siffer et al., 2017] have been demonstrated to be effec-
tive. However, they do not give good results on complicated
multivariate time series due to their heavy reliance on a prior
knowledge. Therefore, machine learning-based anomaly de-
tection methods [Pang et al., 2021] that are more suitable for
complex data have received much attention. The traditional
machine learning methods contain two categories, supervised
methods [Liu ez al., 2015] and unsupervised methods [Malho-
traet al., 2016; Li er al., 2019]. Since labeling time series data
in real-world applications is much more difficult than label-
ing images and language if there are no human recognizable
patterns [Eldele er al., 2021], the anomaly detection problem
is generally regarded as an unsupervised learning problem.

In recent years, there have been significant advancements
in applying deep learning methods for time series anomaly
detection. For instance, Autoencoder (AE) [Aggarwal and
Aggarwal, 2017] method utilizes reconstruction error as an
anomaly score. More recently, many advanced structures
have been designed to enhance model ability. Such as us-
ing variational Autoencoders [Li et al, 2021; Su et al.,
20191, Generative Adversarial Networks [Li et al., 20191,
Graph Neural Networks [Deng and Hooi, 2021], and Trans-
former [Tuli et al., 2022; Ahmed et al., 2023]. Due to
the challenges posed by time series data standards, self-
supervised methods have been gaining ground in the detec-
tion of anomalies in time series over the last few years. One
prominent example of this trend is contrastive learning [Xu
et al., 2024; Eldele et al., 2021; Sana Tonekaboni and Gold-
enberg, 2021]. This is due to the prevalence of mainstream
unsupervised time series anomaly detection methods that pri-
marily rely on generative models for one-class learning with
input data [Audibert er al., 2020]. For time series data aug-
mentation, the common practice is to introduce perturbations
to the original sequences. Given the unique sequential and pe-
riodic traits of time series, various augmentation techniques
are explored. However, existing methods often prioritize dis-
tinguishing between normal and abnormal instances [Xu ef
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Figure 1: Statistical results of the ratio of normal to abnormal values
as the number of classifier misclassifications increases.

al., 2024], which leads to a coarse classification that may re-
sult in the problem that the model is overly sensitive to the
choice of perturbation, requires a lot of experimentation to
try out the appropriate perturbation.

Inspired by approaches in image anomaly detection [Golan
and El-Yaniv, 2018], we formulate a hypothesis that the
higher the probability of misclassifying perturbation types,
the higher the probability of anomalies. In other words, by
incorporating an augmentation type recognizer, samples with
lower recognition rates are more likely to be anomalies. We
proved the correctness of this assumption by designing a clas-
sifier to recognize anomalous augmented classes. As shown
in Figure 1, we observed that as the number of anomaly de-
tection errors by the classifier increases, the proportion of
normal samples decreases while the proportion of anomalous
samples increases. In other words, the classifier finds it more
difficult to classify perturbed anomalies. On the other hand,
existing contrastive learning methods adjust distances to pos-
itive and negative samples but neglect class information when
selecting negative samples. This can cause samples from the
same class to drift apart, causing class collapse [Chuang et
al., 2020] and poor representations. To counter this, we inte-
grate class labels into our contrastive learning loss, yielding
enhanced model representations and improved performance.

In this paper, we propose a novel Perturbation Guid-
ing Contrastive Representation Learning for Time Series
Anomaly Detection method. The approach addresses the is-
sue of class information loss in traditional time series con-
trastive learning. By introducing the concept of augmentation
classification, originally applied in image contrastive learn-
ing, to time series data, we have validated its feasibility in aid-
ing anomaly detection. Moreover, we have designed a novel
loss function to prevent class collapse, a common problem
in contrastive learning. This combination of innovations has
resulted in a significant improvement in the performance of
anomaly detection for time series data. In a word, our contri-
butions of this paper can be summarized as follow:
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* We propose a novel Perturbation Guiding Contrastive
Representation Learning for Time Series Anomaly De-
tection (PCRTA) model. Our model leverages various
types of perturbations to train a classification network
for generating pseudo-labels. These pseudo-labels are
utilized in the selection of positive and negative sam-
ples in the contrastive learning network. This approach
enhances the discriminative nature of the learned repre-
sentations, resulting in more robust performance.

To address the sensitivity and low robustness of con-
trastive learning to specific perturbation functions, we
introduce a variety of data perturbation techniques.
Moreover, we integrate a classifier to learn perturbation-
based classification and generate pseudo-labels. This
augmentation of the learning process enhances the
model’s ability to adapt to different types of anomalies,
improving its overall robustness.

To tackle the class collapse issue, we leverage the
pseudo-labels generated by the classifier. By incorpo-
rating key insights from anomaly detection, we refine
the selection strategy in contrastive learning and de-
vise a novel contrastive loss function. The perturba-
tion guiding contrastive learning network results in the
model producing representations that are more distinct
and discriminative, enhancing its ability to differentiate
between different classes.

2 Related Work

In the section, we briefly review the commonly used methods
for anomaly detection on time series data and the application
of contrastive learning in time series.

2.1 Anomaly Detection

Anomaly detection is a critical task in various domains to
identify rare and abnormal instances in the data. Tradi-
tional anomaly detection methods include density-based ap-
proaches such as Local Outliers Factor (LOF) [Breunig er
al., 20001, distance-based approaches like K-Nearest Neigh-
bors (KNN) [Hautamaki et al., 20041, and linear model-based
methods like Principal Component Analysis (PCA) [Patcha
and Park, 2007]. A survey [Gupta et al., 2013] summarizes
traditional methods for time series anomaly detection. More
recently, deep learning has become the mainstream approach
for time series anomaly detection. Deep learning models
utilize single-class generative models to encode input data,
make predictions for future data, and perform contrastive
or feature extraction-based processing to identify anomalies.
The core idea of these methods lies in implicitly model-
ing normal patterns and behaviors through the principles of
restoration or prediction. By designing various advanced net-
work architectures and novel reconstruction/prediction learn-
ing objectives, researchers have successfully improved the
performance of time series anomaly detection models. Many
studies have focused on capturing more comprehensive de-
pendencies by utilizing variational Autoencoders [Li ef al.,
2021; Su et al., 2019], graph neural networks [Deng and
Hooi, 2021], and Transformer [Tuli et al., 2022; Jichui Xu
and Long, 2022]. However, our goal is to leverage the idea of
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contrastive learning to process time series features and extract
embeddings that can better capture temporal patterns and dis-
tinguish anomalies.

2.2 Contrastive Learning

In recent years, contrastive learning has been extensively used
in both supervised and unsupervised representation learning.
The core idea of contrastive learning is to minimize the con-
trastive loss [Hadsell et al., 2006], which involves bring-
ing positive sample pairs closer and pushing negative sam-
ple pairs further apart, in order to obtain the discriminative
space. In supervised learning, contrastive learning is com-
monly used for deep metric learning [Schroff er al., 2015].
Recently, self-supervised contrastive learning has achieved
state-of-the-art performance on downstream visual recogni-
tion tasks. Classic pretext tasks such as data augmentations
used in SimCLR [Chen et al., 2020] and MoCo [He et al.,
2020]. In recent years, there has been a growing interest in
applying contrastive learning to time series data [Oord et al.,
2018; Eldele et al., 2021; Sana Tonekaboni and Goldenberg,
2021]. Time series contrastive learning trains a feature extrac-
tor using multinomial logistic regression to distinguish be-
tween different segments in time series data [Hyvarinen and
Morioka, 2016]. However one challenge in contrastive learn-
ing is the selection of positive and negative samples, which
can lead to cases where samples from the same class are mis-
takenly treated as negative samples, resulting in class col-
lapse and ineffective feature representations. The proposed
method introduces a new loss function that incorporates class
information, mitigating class collapse and improving the effi-
ciency of the model.

3 Proposed Framework

In this section, we will elaborate the proposed PCRTA model,
the network architecture of which is presented in Figure 2.

3.1 Notations and Problem Definition

In this paper, our time series dataset observed from D sensors
during time N as X = (1,72, ,zn),7; € RP. When
D > 1, the dataset X is referred to as a multivariate time
series, and the dataset is simplified to a univariate time series
if D = 1. Our unsupervised time series anomaly detection
f can extract informative embeddings from samples without
relying on any pre-existing label information and compute
anomaly scores using LOF method [Breunig et al., 2000],
ie., f : X — R. Higher anomaly scores indicate a higher
likelihood of being anomalies.

For modeling time series, we adopt a common practice
found in most deep time series anomaly detection meth-
ods [Campos et al., 2021; Su er al., 2019; Tuli er al.,
2022], which involves considering the local contextual win-
dow for each observation to model their temporal dependen-
cies. Specifically, we employ a sliding window of length [
and stride r to transform the training set into a collection of
subsequences denoted as S = {si, $14r, -}, Where s; =
(x4, Teq1,+ , Te+1—1). This approach captures the temporal
patterns within each subsequence and forms the foundation
for our time series modeling. During the inference phase,
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the test dataset is also divided into subsequences using the
same window length [, with a sliding step of 1. The anomaly
detection model assesses the anomaly level for each subse-
quence and assigns an anomaly score to the last timestamp of
each subsequence. To obtain the final list of anomaly scores,
we pad the initial [ — 1 timestamps with zeros. This process
ensures that each subsequence is evaluated and assigned an
anomaly score, facilitating the identification of anomalies in
the time series data.

3.2 Overall Framework

The overall framework PCRTA is shown in Figure 2. We
employ a temporal modeling network ¢ to capture tempo-
ral correlations and interactions among intrinsic variables.
After comparing various feature extraction methods [Zeng
et al., 2023], we opt for Temporal Convolutional Networks
(TCN) [Bai et al., 2018] as the temporal modeling module
for PCRTA. In contrast to conventional RNN-based architec-
tures, TCN utilizes distinctive convolutional kernels that can
more swiftly and efficiently extract time-correlated informa-
tion, resulting in a more effective representation of temporal
dependencies within the data, whole representation process
can be denoted as ¢(-). We devised a multi-classification net-
work to learn the sample augmentation strategies. Given that
the labels for these augmentation strategies are known, our
classification network achieves favorable outcomes guided
by the cross-entropy loss L,,,;. Consequently, we de-
rive pseudo-labels to guide the contrastive learning net-
work, thereby enhancing the quality of learned representa-
tions. Subsequently, we formulated a contrastive learning net-
work. Leveraging the pseudo-labels derived from the multi-
classification network, we selected positive and negative sam-
ples. Guided by our newly designed contrastive learning loss
Lecon, we aimed to bring the features extracted from TCN
closer for positive samples and farther for negative samples.
This process yielded representations endowed with enhanced
discriminative capability. The final computation of the loss
function is as follows:

L= Emul + Oéﬁcona (1)

where « is a parameter used to adjust the weights of the con-
trastive learning network.

3.3 Perturbation Classification Network

PCRTA aims to leverage various perturbation techniques us-
ing the concept of learning pseudo-labels to enhance its ro-
bustness. Simultaneously, we draw inspiration from view-
points in image anomaly detection [Golan and El-Yaniv,
2018]: augmentations applied to anomaly data should make
it harder for a multi-classifier to discern the augmented cat-
egory. To achieve this, we define data perturbation J as spe-
cific operations that modify the input time series subsequence
s based on the definitions and characteristics of the three fun-
damental types of time series anomalies (i.e., point anoma-
lies, contextual anomalies, and collective anomalies). This re-
sults in a new subsequence s’, which incorporates the genuine
anomalous behaviors of the time series and s and s’ maintain
the same shape.
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Figure 2: The framework of PCRTA. The solid and dotted arrows respectively denote the training and testing process in our model, and the
proposed perturbation guiding contrastive learning module is boxed in blue dashed line.

* (1) (5): Data augmentation is applied to the last ob-
servation of input subsequence s by randomly replac-
ing selected data values with a global extremum value
v, generating a new subsequence with point anomalies.

* (11,) (5): We augment data by replacing dimensions
in the final observation of input subsequence s with an
offset v based on the average of the preceding k values,
generating contextual anomalies with a default & of 10.

* (111, (5): We augment data by randomly selecting di-
mensions within a segment of the input subsequence s
and replacing the chosen values with the outlier value ~.
This creates collective anomalies.

In practice, each of the aforementioned operations employs
two ~y values to simulate two extreme anomalies. Due to the
preprocessing step where time series data is normalized to the
range [0, 1], we use vy = 42, —2 in d1, v = 4+0.5, —0.5 in dyy,

= 1.0 in d117. Pool €2 is defined which contains six data
augmentations functions and function without augmentation
(50, i.e.,

Q(s) = {0o(s), 5(1,+2)(5)75(1,—2)(5)75(11,+o.5)(3),
5(11,—0.5) (s), 5(111,0) (s), 5(111,1) (s)}-

These six perturbation functions effectively emulate genuine
anomalies present in time series data. After augmentation,
the augmented data is assigned labels ranging from the first
class to the sixth class, representing the augmentation types,
while the original non-augmented data is assigned the label of
class 0. To make multi-classification network learn pseudo-
labels, we utilize the cross-entropy loss function to train the
classification network:

N C
Lonut = ZZ vi.i log(pi;), 3)

@)

where N is the number of augmentations Ny,4 + 1 since the
non-augmented original data corresponds to the first class.

After learning pseudo-labels through the perturbation clas-
sification network, we feed this class information II into the
contrastive learning network. It serves as the basis for se-
lecting positive and negative samples within the contrastive
learning framework.

3.4 Perturbation Guiding Contrastive Network

The high dimensionality of the data significantly affects its
distribution, resulting in a hyper-ellipsoidal shape rather than
a hyper-spherical one. Proposition 1 provides evidence of
this. Choosing positive and negative samples under non-
normal data distribution is inaccurate. Therefore, we de-
signed a projection network to project high-dimensional data
into a low-dimensional space. We perform positive and neg-
ative sample selection on the compacted features.

Proposition 1. Let U be a x? statistic with D dimension,
for any positive o, the following inequality holds:

PlU<D-2Vox D} < exp(—0). )

The proof of Proposition 1 can be found in the appendix.
According to Proposition 1, the probability of having a com-
pact distribution decreases as the dimensionality of the vector
increases. Since the embeddings produced by TCN have high
dimensions, to address this issue, we developed a projection
network WU to reduce the embedding dimensions and improve
the representation capability.

Z ={z1,20,...} = ¥(p(2(9))). (5)
Subsequently, we selected positive and negative samples
based on the class information II provided by the classifica-
tion network. We computed the normalized dot product be-
tween pairs of vectors z; and z; within the same class 7.
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Then, we select the top k normalized dot products in Eq. 7,
g* denotes the indices of top-k values among its input. We
use Zi+ to denote the postive sample set of z;.

Z;»TZJ'
[zl - {121
Z =7 {jed"(d)} )
Lastly, for vector z; € 7., all vectors from different classes
zn ¢ m. are treated as negative samples. This leads to the

construction of the following contrastive learning loss func-
tion:

dj‘ = Ziy % € Te, (6)

Z;‘IWZ:»
c 2 e
1 zfezt
Lom==GD_ D log T e ®
c=1 zi,zn Z e~ =" +Ze =
zfez+ Zn

where C is the total number of classes, exp(z1 z;,/7) is the
function which measures the similarity of z, and z3, and the
temperature parameter 7 controls the distribution of similarity
scores.

In the perturbation guiding contrastive learning network,
we employ pseudo-labels obtained from the classification net-
work rather than using the true labels that were originally
known. This approach is driven by our core concept that aug-
menting anomalies is more prone to misclassification com-
pared to normal data. Consequently, when the accuracy of
the classifier reaches a higher level, selecting positive sam-
ples within the same class and negative samples from differ-
ent classes becomes more accurate. Due to the tendency for
anomalous samples to be assigned to different classes as the
model converges, the perturbation guiding contrastive learn-
ing network drives a greater separation between normal and
anomaly instances. This leads to the extraction of more dis-
criminative representations that effectively capture the dis-
tinctions between normal and anomalous patterns.

4 Experimental Results

In this section, we will first present the experimental setup.
Subsequently, we will proceed with a series of experiments
to assess the effectiveness of the model, its generalization ca-
pabilities, robustness, and ablation studies.

4.1 Preliminary

Datasets and Compared Methods. Six real datasets
showed in Table 1 for time series anomaly detection are
adopted, including WaQ, DSADS, Epilepsy, ASD, SMD!,
and SWaT[Zhang et al., 2022; Xu et al., 2024]. D means the
dimension, #anmo(ratio) is the size of the anomaly and ratio
in the testing set, and #seqs is the number of time series se-
quences in each dataset. We compare PCRTA to the 13 tradi-
tional and deep learning anomaly detection methods, includ-
ing OCSVM [Manevitz and Yousef, 20011, GOAD [Bergman
and Hoshen, 2020], ECOD [Li et al., 2022], LSTM-ED [Mal-

'As analysed in the research [Wu and Keogh, 20211, the data
quality of some entities in SMD may be flawed. Therefore, we re-
moved these defective entities and retained three entities (machine
3-1, machine 3-9 and machine 3-11)
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Training  Testing D

Datasets . . #anom(ratio)  #seqs
size size

WaQ 138,521 115,086 11 2,329(0.9%) 1
DSADS 85,500 57,000 47 9000(6.3%) 8
Epilepsy 33,784 22866 5 5,768(10.2%) 1
ASD 8,528 4,320 19 199(1.5%) 12
SMD 28,703 28,703 38 270(0.5%) 3
SWaT 475,200 449,919 51 54,584(5.9%) 1

Table 1: Datasets description.

hotra et al., 2016], Ten-ED [Garg et al., 2021], DSVDD [Ruff
et al., 2018], MSCRED [Zhang er al., 2019], Omni [Su et
al., 2019], USAD [Audibert et al., 2020], GDN [Deng and
Hooi, 2021], NeuTraL [Qiu et al., 2021], TranAD [Tuli ez al.,
2022], and COUTA [Xu et al., 2024]. As a result, the afore-
mentioned list of competitors effectively represents the state-
of-the-art performance in the field of time series anomaly de-
tection research.

Evaluation Metrics. Following prior work [Audibert et al.,
2020; Campos et al., 2021; Su et al., 2019; Tuli et al., 2022;
Xu et al., 2024], we use the best F1-Score and the Area
Under the Precision-Recall Curve (AUC-PR). F'1 = 2 %
%, where Prec = Tﬁ;% and Rec = TF:‘CF%, and
TP, TN,FP,FN are denote the numbers of true positives,
true negatives, false positives, and false negatives. These met-
rics are suitable for imbalanced data, where the optimal F1
score represents the best-case scenario, and AUC-PR repre-
sents the average case in less ideal conditions. We enumerate
all possible thresholds (i.e., scores for each timestamp) and
compute corresponding precision and recall scores. The opti-
mal F1 can then be obtained, and AUC-PR is calculated using
the average precision score. The range of these performance
evaluation metrics is from O to 1, with higher values indicat-
ing better performance.

Experimental Setup. The WaQ, Epilepsy, DSADS, ASD,
SMD, and SWaT datasets have been widely used as bench-
mark datasets in previous literature [Lai et al., 2021; Xu
et al., 2024; Campos et al., 2021; Deng and Hooi, 2021;
Li et al., 2021; Su et al., 2019; Tuli et al., 2022]. We use
a stride of 1 for ASD and SMD, and 100 and 5 for the larger
datasets SWaT and WaQ, respectively. For Epilepsy and
DSADS, their original data formats are collections of parti-
tioned time series, hence no sliding window is needed. In
PCRTA, the TCN ¢ employs a kernel size of 2 and a single
hidden layer with the default setting of 16 neural units. We
train models for up to 100 epochs, and the weight factor o of
the contrastive network is set to 0.2 by default. We choose
k = b as the parameter for selecting positive samples us-
ing nearest neighbors. All the experiments are executed at a
workstation with the Intel(R) Xeon(R) Gold 6248R 3.00GHz
CPU and NVIDIA TITAN Xp GPU with 10GB RAM, run-
ning on the Ubuntu 20.04 operating system.

4.2 Anomaly Detection

We apply the LOF algorithm to compute anomaly scores for
the representations obtained from the well-trained perturba-
tion guiding contrastive learning network. For each sample
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Method WaQ DSADS Epilepsy
F1 AUC-PR F1 AUC-PR F1 AUC-PR
OCSVM 0.73240.000 0.6660.000 0.8074+0.000 0.75340.000 0.781+0.000 0.7084-0.000
GOAD 0.73940.052 0.685+0.034 0.723+0.014 0.676+0.015 0.554+0.147 0.53040.128
ECOD 0.676+0.000 0.7160.000 0.923+0.000 0.9414+0.000 0.785+0.000 0.7634-0.000
LSTM-ED 0.75940.006 0.714+0.018 0.8654+0.011 0.902+0.005 0.802+0.012 0.784+0.012
Ten-ED 0.7074+0.082  0.658+0.090 0.850+0.021 0.868+0.023 0.758+0.011 0.76340.008
DSVDD 0.51940.038 0.4104+0.043 0.751£0.057 0.690+£0.078 0.68640.040 0.555+0.069
MSCRED  0.717+0.007 0.6444+0.016 0.657+0.029 0.659+0.062 0.640+0.017 0.604+0.023
Omni 0.738+0.018 0.714+0.023 0.867+0.018 0.9144+0.015 0.811+0.027 0.78040.054
USAD 0.666+0.049 0.6114+0.044 0.733+0.041 0.713£0.065 0.6634+0.009 0.541+0.038
GDN 0.6404+0.052 0.659+0.043 0.795+0.022 0.7284+0.024 0.783+0.010 0.789+0.010
NeuTral 0.6814+0.085 0.616+£0.111 0.53440.035 0.490+0.045 0.739+0.075 0.72940.111
TranAD 0.7554+0.010 0.729+0.017 0.730+0.114  0.690+0.158 0.776+0.008 0.73440.012
COUTA 0.7814+0.013  0.714£0.006 0.926+0.029 0.9424+0.020 0.830+0.053 0.82340.086
PCRTA 0.7844+0.007 0.794+0.002 0.943+0.017 0.960+0.019 0.934+0.015 0.964+0.006
Method ASD SMD SWaT
F1 AUC-PR F1 AUC-PR F1 AUC-PR

OCSVM 0.6254+0.000 0.540+0.000 0.761+0.000 0.6644+0.000 0.839+0.000 0.804+40.000
GOAD 0.82740.025 0.834+0.023 0.975+0.019 0.981+0.013 0.831+£0.003 0.799+40.005
ECOD 0.5894+0.000 0.527+0.000 0.755+0.000 0.7244+0.000 0.849+0.000 0.899+40.000
LSTM-ED 0.8074+0.013 0.767+0.016  0.9604+0.000 0.955+0.009 0.847+0.007 0.848+0.005
Ten-ED 0.8534+0.015 0.862+0.019 0.848+0.050 0.881+0.036 0.843+0.011 0.846+40.003
DSVDD 0.6914+0.014 0.671+£0.017 0.682+0.012 0.6214+0.033 0.829+0.002 0.8114-0.003
MSCRED  0.7664+0.036 0.756+0.050 0.6284+0.031 0.536+0.049 OoOM OOM

Omni 0.8104£0.044 0.78940.063 0.954+0.006 0.928+0.011 0.8454+0.012 0.841+0.008
USAD 0.5954+0.033 0.510+0.035 0.744+0.006 0.658+0.006 0.835+0.000 0.808+4-0.000
GDN 0.80140.034 0.7794£0.042 0.939+0.015 0.9594+0.016 0.846+0.025 0.88540.036
NeuTral 0.6274+0.047 0.592+0.045 0.770+0.050 0.746+0.067 0.862+0.023  0.8504-0.026
TranAD 0.8994+0.020 0.915+0.018 0.761+0.001 0.662+0.003 0.831+0.009 0.81040.007
COUTA 0.9424+0.031 0.955+0.030 0.980+0.018 0.9844+0.015 0.886+0.022 0.900+0.017
PCRTA 0.92740.080 0.933+0.094 0.987+0.002 0.988+0.001 0.978+0.004 0.996+0.001

Table 2: F score + standard deviation and AUC-PR = standard deviation of PCRTA and its competitive methods on six real-world datasets.

MSCRED runs out of memory(OOM) on SWaT.

s;, we calculate the average score from the 7 representations
generated by the 6 augmentation strategies and the original
representation.

Scores(s;) = % Z LOF (zqug), )

where zq,4 1S embeddings of the augmentations §)(s;), this
culminates in the ultimate anomaly score for the sample, of-
fering a comprehensive evaluation of its anomalousness.

As shown in Table 2, PCRTA consistently outperforms
or matches other methods in time series anomaly detection.
PCRTA achieves top results on five datasets and second-best
on one, with remarkable gains on the Epilepsy dataset: a 13%
increase in Fj score and a 17% rise in AUC-PR. TranAD,
GDN, and COUTA demonstrate strong detection. TranAD
utilizes a Transformer and diverse training, GDN employs
graph neural networks, and COUTA introduces novel goals
and data perturbation. However, TranAD’s complexity may
lead to overfitting on simpler datasets. Basic architectures
like LSTM-ED and Tcn-ED perform well. For SWaT, favor-
ing one-class models due to its normal training and anomaly
test data. In contrast, COUTA excels on noisy datasets using
introduced anomaly information. PCRTA surpasses by in-
corporating perturbation type class info and harder-to-detect
anomaly concepts via augmentation.
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4.3 Visualisation Experiment

In this section, we use t-distributed stochastic neighbor em-
bedding (t-SNE) [Van der Maaten and Hinton, 2008] to visu-
alize whether the representations learned by our model on the
Epilepsy dataset are discriminative. Epilepsy seizure dataset

@ Anomaly y)

@® Normal
A \
7\

feature

time

Figure 3: t-SNE of the input windows of the Epilepsy dataset and
visualization of corresponding signals. Blue color denotes normal
while red indicates anomaly.



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

(Epilepsy) is collected from a triaxial accelerometer placed
on the dominant wrist. Participants were instructed to per-
form four different activities, with epileptic seizures defined
as the abnormal category and the other three activities, walk-
ing, running, and sawing, as normal data. In Figure 3, blue
and red colors represent normal and abnormal samples, re-
spectively. While there are some anomalies that are close
to normal samples, a distinct cluster of most abnormal sam-
ples is formed in the upper right corner, far from the cluster
formed by normal samples in the lower left corner.

4.4 Generalization Ability

Due to the model’s ability to learn from various perturba-
tion methods, we show improved robustness when dealing
with different types of anomalies coexisting within a single
dataset. Following a fine-grained categorization of time se-
ries anomalies [Lai et al., 2021], we constructed a synthetic
dataset containing multiple types of anomalies and conducted
a comparison with single-class generative models.

In Figure 4, the top section represents the synthetic dataset,
while the bottom section displays the anomaly scores ob-
tained by different models when tested on the synthetic
dataset. The performance of OCSVM degrades over time,
accumulating errors in the time series data and leading to
increasing anomaly scores. COUTA, although incorporating
anomaly information, lacks robustness by failing to discrim-
inate between different perturbation effects, and therefore
there is a small increase in the anomaly scores. These one-
class learning models excel at detecting different anomalies,
but some methods show fluctuating scores, making analysis
difficult. In contrast, PCRTA excels at effectively handling
perturbation classes, yielding high, stable anomaly scores for
anomalies and normal instances.

Time-series Data with Anomalies
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Figure 4: Performance of detecting different types of time series
anomalies in synthetic time series datasets.
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4.5 Ablation Study

We perform ablation experiments on the two main compo-
nents of our model. We employ three ablation variants: re-
placing pseudo-labels from the classification network with
ground truth, freezing the parameters of the classification net-
work, and freezing the parameters of the contrastive network.
These variants correspond to removing pseudo-labels, classi-
fication learning loss as Eq. 3, and contrastive learning loss as

WaQ DSADS  Epilepsy
F1 AUC F1 AUC F1 AUC
0.73 0.75 0.93 094 0.89 091
0.67 0.68 0.61 0.55 092 0.94

074 074 090 0.88 0.87 091
0.781 0.791 0.941 0.961 0.931 0.961

Method

ground truth

w/o £'rnul (3)

w/o Leon(8)
PCRTA

Table 3: Ablation study performances of proposed method and its
degradation models, AUC means AUC-PR.

Eq. 8 from the model. The comparative analysis of PCRTA
and its variants reveals that the superiority of PCRTA on the
majority of the 26 sequences from six real-world datasets can
be attributed to the innovative concept of utilizing the classifi-
cation network, the contrastive network, and the classification
network-guided contrastive network.

From Table 3, we can observe the results of the ablation
experiments. The performance of the contrastive network
guided by ground truth is inferior to PCRTA. Pseudo-labels
offers several advantages: 1. In our selection strategy for
positive and negative samples, samples with a high number
of perturbation type misclassifications are considered anoma-
lies. Pseudo-labels prevent the representations of anomalies
from being selected, which would not be achievable with true
labels. 2. For model training, using ground truth at the begin-
ning of the training process would lead to minimal variation
in positive and negative samples within the contrastive net-
work, making the model susceptible to early convergence to
local optima and hindering further training. 3. One of the
core ideas of PCRTA is based on the assumption of low per-
turbation recognition rates in anomalies. Thus, a perturbation
classification network is needed for anomaly selection.

5 Conclusion

In this paper, we propose our Perturbation Guiding Con-
trastive Representation Learning for Time Series Anomaly
Detection (PCRTA), which combines the power of contrastive
learning and classification-guided augmentation to enhance
the performance of time series anomaly detection. Through
extensive experiments on six real-world datasets, PCRTA
consistently outperformed a range of state-of-the-art competi-
tors, demonstrating its effectiveness and robustness. In the fu-
ture, we can consider additional architectures to enhance the
performance and practicality of the model.
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