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Abstract

Multivariate time series anomaly detection has numerous
real-world applications and is being extensively studied.
Modeling pairwise correlations between variables is cru-
cial. Existing methods employ learnable graph structures and
graph neural networks to explicitly model the spatial depen-
dencies between variables. However, these methods are pri-
marily based on prediction or reconstruction tasks, which can
only learn similarity relationships between sequence embed-
dings and lack interpretability in how graph structures affect
time series evolution. In this paper, we designed a frame-
work that models spatial dependencies using interpretable
causal relationships and detects anomalies through changes in
causal patterns. Specifically, we propose a method to dynam-
ically discover Granger causality using gradients in nonlin-
ear deep predictors and employ a simple sparsification strat-
egy to obtain a Granger causality graph, detecting anomalies
from a causal perspective. Experiments on real-world datasets
demonstrate that the proposed model achieves more accurate
anomaly detection compared to baseline methods.

Introduction

Time series data are prevalent in the real world. Many in-
dustrial systems, such as water supply systems, aerospace,
and large server systems, have extensive sensor networks
that generate vast amounts of multivariate time series (MTS)
data. These systems exhibit complex internal dependen-
cies and nonlinear relationships. With the rapid develop-
ment in related fields, discovering system anomalies from
the large volumes of monitoring data generated by sensors
has become an important issue. This is crucial for maintain-
ing the safe operation of systems and reducing economic
losses (Tuli, Casale, and Jennings 2022; Zhang et al. 2024).

Capturing inter-series relationships has been proven to ef-
fectively enhance the performance of MTS anomaly detec-
tion (Zheng et al. 2023; Zamanzadeh Darban et al. 2024).
Recently, Graph Neural Networks (GNNs) have shown great
potential in time series anomaly detection by effectively cap-
turing spatial dependencies between variables (Chen et al.
2021). Considering that most time series datasets do not pro-
vide readily available graphs, many existing methods adap-
tively learn graph structures, and then use reconstruction or
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prediction errors for anomaly detection (Jin et al. 2024). A
key problem is that these models only learn the similarity of
sequence embedding vectors without exploring the role of
the graph structure in the evolution of time series.

In real-world scenarios, anomalies in time series are often
accompanied by changes in dependency structures. For ex-
ample, consider a simple pipeline in a water supply system.
Under normal conditions, when water pressure increases at
the inflow end, it leads to a corresponding increase at the
outflow end. However, if there is a leak in the pipeline, an
increase in inflow pressure may no longer result in the ex-
pected pressure increase at the outflow end. Therefore, learn-
ing interpretable dependency structures with causal relation-
ships can effectively detect anomalies in the evolution pat-
terns of time series. However, there are several key chal-
lenges in using causal relationships to detect anomalies:

* Real systems have complex control logic and numerous
nonlinear associations, making it difficult to learn inter-
pretable dependency relationships between variables in a
data-driven manner.

The dependency relationships between variables are
time-varying, and dynamically capturing dependency
patterns in the system and identifying anomalies is a key
issue.

Time series causality is a promising tool for modeling
spatial dependencies. Granger introduced Granger causal-
ity (Granger 1969). The core idea of Granger causality is
straightforward: if using the series x; does not help reduce
the prediction error of another series x;, then x; does not
Granger-cause x; (Shojaie and Fox 2022). The original def-
inition of Granger causality was intended for linear systems,
but recent studies (Khanna and Tan 2019; Liu et al. 2023;
Cheng et al. 2024) have extended Granger causality to non-
linear relationships.

In this paper, we propose a Granger Causality-based mul-
tivariate time series Anomaly Detection method (GCAD).
To address the first challenge, we combine deep models
with Granger causality. Deep networks have powerful mod-
eling capabilities for nonlinear relationships. We leverage
this capability to uncover complex causal relationships from
black-box deep networks. To tackle the second challenge,
we propose using the gradients in nonlinear deep models to
dynamically mine causal dependencies. During the training



phase, normal causal patterns are embedded into the deep
network. When anomalies occur, the nonlinear deep network
will yield significantly deviated causal patterns. Our hypoth-
esis is that when an anomaly occurs, the Granger causality
patterns between sequences will change significantly.

Based on the definition (Cheng et al. 2022) of Granger
causality, we introduce a channel-separated gradient gener-
ator and quantify the Granger causality effect as an integral
of deep predictor gradients over the time lag. Our motivation
is that the gradients of a network reflect its internal structure
to some extent. Utilizing Granger causality discovered from
network gradients will help us leverage internal informa-
tion from black-box models. Discovering Granger causality
from the gradient perspective offers many advantages. Deep
predictors can automatically learn complex nonlinear rela-
tionships between variables. Most importantly, compared to
existing Granger causality discovery methods, our approach
does not require repeated optimization and parameter adjust-
ment during the testing phase.

Going beyond previous methods, we first train a simple
predictor on data without anomalies and then use our pro-
posed gradient-based Granger causality effect quantification
method to obtain dynamic spatial dependencies between se-
quences. To impose sparsity constraints on the causal graph,
we use a symmetry-based sparsification method to eliminate
bidirectional edges and reduce the impact of sequence sim-
ilarity on Granger causality effects. It is noteworthy that the
output matrix generated by our method contains both spa-
tial dependency information and temporal dependency infor-
mation. By combining the deviations from these two types
of dependencies to compute anomaly scores, our method
has achieved excellent results on five real-world benchmark
datasets. Our contributions are summarized as follows:

* We propose using the deviation of dynamic Granger
causality patterns for time series anomaly detection. To
the best of our knowledge, our proposed method is the
first research to combine deep models with Granger
causality for time series anomaly detection.

We construct Granger causal graphs using deep model
gradients, avoiding frequent online optimization during
the testing phase, and propose an effective method for
causal graph sparsification.

Our method achieved state-of-the-art anomaly detection
results on most of the five real-world benchmark datasets.

Related Work
Multivariate Time Series Anomaly Detection

Multivariate time series anomaly detection is widely applied
in the real world. As a classic task in the field of time series
analysis, it has received extensive research attention. Early
research primarily focused on statistical methods, such as
ARIMA (Yu, Jibin, and Jiang 2016), (Keogh, Lin, and Fu
2005) and (Wang et al. 2018). Recently, many deep learning-
based methods have been proposed, which effectively cap-
ture nonlinear information and are not constrained by the
stationarity assumption. These include methods based on
Convolutional Neural Networks (CNN) (Munir et al. 2018;
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Zhang et al. 2019; Tayeh et al. 2022) and Long Short-Term
Memory(LSTM) networks (Hundman et al. 2018), among
others.

With the development of autoencoders and their variants,
many studies have explored using Variational Autoencoders
(VAE) (Park, Hoshi, and Kemp 2018; Su et al. 2019) or Gen-
erative Adversarial Networks (GAN) (Zhou et al. 2019; Li
et al. 2019) for anomaly detection. However, these methods
do not explicitly learn the spatial dependencies between se-
quences, and as pointed out in (Zheng et al. 2023), they fail
to fully exploit the dependencies between variable pairs.

Recently, graph neural networks (GNN) have been in-
creasingly applied to the problem of sequence anomaly de-
tection. By modeling sequences as nodes and the correla-
tions between sequences as edges, using a graph data struc-
ture and GNNSs naturally represents the spatial relationships
between variables. A key challenge in applying GNNs to
sequence anomaly detection is that the required knowledge
of graph structure usually does not inherently exist in time
series anomaly detection data (Li et al. 2021). To address
this challenge, many studies have explored adaptive graph
learning modules, with GDN (Deng and Hooi 2021) being
a pioneering work in this area (Jin et al. 2024). GDN cal-
culates the graph structure based on the cosine distance of
sequence embeddings. Most graph-based methods (Han and
Woo 2022) use GNNs for prediction or reconstruction, but
they do not directly apply spatial dependency patterns to
anomaly detection.

Inter-sequence Correlations Modeling

Explicitly modeling spatial dependencies between se-
quences helps in discovering more complex anomalies. Most
GNN-based methods construct static graph structures us-
ing randomly initialized embedding vectors to model spa-
tial dependencies. Methods like VGCRN (Chen et al. 2022)
and FuSAGNet (Han and Woo 2022) compute dot prod-
ucts between embeddings to generate a similarity matrix
used as a graph structure. However, optimization methods
based on downstream tasks may not yield stable and mean-
ingful graph structures. Another class of methods leverages
self-attention mechanisms for modeling. The reconstruction
module of Grelen (Zhang, Zhang, and Tsung 2022) learns
to dynamically construct graph structures that adapt to each
time point based on the input time series data. However, ran-
domly initialized attention networks may result in learned
spatial relationships that lack practical significance (Zhang,
Geng, and Han 2024).

Some limited studies (Qiu et al. 2012) have explored us-
ing Granger causality to model spatial relationships between
sequences, but they are based on simple linear statistical
models and cannot capture complex nonlinear dependencies.
Other methods (Tank et al. 2021) discover Granger causal-
ity from sparse penalized network weights. However, this
approach is not suitable for anomaly detection tasks. Be-
cause data is input in a streaming fashion, and these methods
have to continuously optimize parameters during testing to
adapt to dynamic causal relationships, resulting in substan-
tial computational costs.
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Figure 1: Overall Architecture of GCAD. During the training phase, the gradient generator is trained for the prediction task. In
the sampling and testing phases, the gradient information from the training samples and test data within the predictor is used to
perform Granger causality discovery, and the causal graphs are obtained through sparsification. Anomaly scores are calculated
by measuring the deviation of the causal graphs from the normal pattern.

Methodology

Problem Statement

In this paper, we investigate the task of anomaly detec-
tion in multivariate time series. Our multivariate time se-
ries data are collected from various sensors in a real system,
observed at equal intervals over a period of time. The ob-
served time series can be represented as a set of time points:
{x1,79,...,x7}, where x; € R denotes the observations
from N sensors at time ¢. In the anomaly detection task, the
input to the model is a sliding window {xs_, ..., 21,2+ }.
The model outputs a Boolean value for each sliding window
to determine whether there is an anomaly within that win-
dow.

Overview

Our GCAD framework aims to extract Granger causality re-
lationships among multivariate time series and then identify
anomalies from the causal patterns on the test set. It mainly
consists of the following four parts:

1. Prediction-based Gradient Generator: Utilizes predic-
tive methods to guide training and provides channel-
separated gradients during the causality discovery phase.

. Granger Causality Discovery: Dynamically infers
Granger causal relationships from the gradients produced
by the gradient generator.

. Causality Graph Sparsification: Applies sparsity con-
straints to the discovered causal relationships to obtain a
causality graph matrix.

. Causal Deviation Scoring: Calculates the causal pattern
deviation score and integrates temporal information to
detect anomalies.
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Figure 1 provides an overview of our framework.

Prediction-based Gradient Generator

The widely studied Mixer predictor (Chen et al. 2023) is
used as the gradient generator in our GCAD framework. The
predictor consists of L stacked Mixer Predictor Layers, each
containing interleaved temporal mixing and feature mixing
MLPs. The temporal mixing MLPs are shared across all N
features, while the feature mixing MLPs are shared across
all time steps. The output of each layer is fed through skip
connections into a fully connected layer to produce the pre-
dictive output.

The input to the predictor is the sliding window X;_; =
{®4—r,Tt—741, ..., Tt—1 }, where 7 is the maximum time lag
considered for Granger causality, and X; € RY*7. The
predictor outputs the prediction for time ¢: g; = f(X¢—1).
Where f is the prediction function fitted by the predictor,
and §; € RY. During the training phase, the MSE (Mean
Squared Error) loss is used to guide the optimization of pre-
dictor parameters: Liy.q;n, = MSE(yy, yi), where g, is the
ground truth.

During the testing phase, in order to explore the causal re-
lationships between variables, the gradient generator needs
to compute pairwise predictor gradients between variables.
Therefore, we propose a channel-separated Error detector to
generate channel loss L; € RY:

Lty = s — vis)> (1)

where L; ; represents the prediction error of sequence j in
the sliding window X;. Next, the gradient generator per-
forms backpropagation on each prediction error through the
prediction network, obtaining the gradient G;; € RNV*7



on X,;. We compile the complete gradient tensor G; €
RN*NXT by stacking all the gradients together.

Granger Causality Discovery

Nonlinear Granger causality is defined from the perspective
of the impact of variables on each other’s predictive effects.
Our framework reconsiders Granger causality from the per-
spective of gradients in deep networks. In this paper, we
adopt the widely used definition (Cheng et al. 2022) of non-
linear Granger causality:

Definition 1 Time series i Granger-causes j if and only if
there exists xi_m_u F Ti—ri—1,i

fj(xt—fzt—l,la "'7x2—7:t—1,i’ "'vxt—TZt—l,N) # )
fj (-Tt—T:t—Lh vy Tt it =105+ xt—r:t—LN)'

i.e., the past data points of time series i influence the pre-
diction of x4 ;.

Considering this definition from a differential perspective,
lett" € (t — 7 :t—1),and let ¥} ; be a perturbation of
Ty 5 € Xy

T =Ty + A, 3
where A is the perturbation. Based on the predictor de-
scribed in the previous subsection, the following equations
can be obtained:

@:é,j = f] (xt—‘r:t—l,la ooy Tt —1 05 oees xt—T:t—l,N)s and
y*t,j = fj(l't,ﬂt,l’l...7 {{Et,-,—’,h ceny x*t/,i, ceey l’t,l’i}, ceey
Zi—7e—1,~n). Where f; is the function of y; ; with respect to
the input in the prediction network. The change in prediction
error caused by the perturbation can be transformed into the
form of partial derivatives:

OLt;
3$t/,¢

1AL O]

Jim L2 - 2, 1- |

where Ly ; = (yA*t,j — y1,;)%. Granger causality considers

the mutual influence of sequences on each other’s predicted

values within the maximum time lag. Therefore, we define

the quantification of Granger causality as the integral of the

absolute values of channel-separated gradients over the time
0L, ;

lag:
g t—1
a;,j :/FT D P(zy)dze, %)

where ¢ is the time index from ¢t — 7 to ¢ — 1.The term a; ;
represents the degree to which sequence ¢ Granger causes
sequence j, parameterized by a distribution of interest P.
The causality matrix is defined as A = {a;;}}\;_;.

Since predictors composed of deep networks are capa-
ble of backpropagation, the prediction function f is inher-
ently continuous and differentiable. For simplicity, the in-
terest distribution P can be a uniform distribution. Accord-

ing to Equation 4, when a; ; # 0, it can be concluded that
the two predicted values are not equal, i.e., yA*,t, j £y, g,
Since the inputs corresponding to these two predicted val-
ues are zy, ; and xy ;, respectively, the differing inputs of
sequence ¢ result in differing outputs of sequence j. This is
consistent with Definition 1, from which it can be inferred
that sequence ¢ Granger-causes sequence j.
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Causality Graph Sparsification

Unlike similarity or correlation between sequences, causal-
ity must be unidirectional. The ideal Granger causality graph
is a directed acyclic graph (DAG). However, in nonlinear
Granger causality discovery, it is difficult to strictly guar-
antee the acyclic nature of the causal graph. Existing meth-
ods discover nonlinear causality through network weights
constrained by sparsity. To adapt to the anomaly detection
task, instead of directly constraining the weights, we em-
ploy sparsification to address the dynamic Granger causality
identified from the gradients of the deep network.

The causal relationships discovered from the gradients of
deep networks may include undirected edges, which to some
extent represent the similarity between sequences. Our intu-
ition is that this similarity should be equal in both direc-
tions. In fact, the widely used relationship matrices obtained
from cosine similarity are symmetric matrices, thus assum-
ing symmetry in both directions has convincing empirical
evidence. Based on this intuition, we propose a simple and
easy-to-use method for sparsifying causality graphs:

A; j =maz(0,Ai,j — AT),i # j.

- (6)
Aii = Ais.
In which A is the sparsified Granger causality graph ma-
trix. The causality matrix subtracted from its transpose elim-
inates bidirectional symmetric similarities while preserving
unidirectional Granger causality. Further, we set a sparsity
threshold h, setting causality effect values below this thresh-
old in the causality graph matrix to zero. This is because in-
significant causal relationships may be caused by noise and
are not helpful for anomaly detection.

Causal Deviation Scoring

By sliding a window over the test set and using the proposed
framework to construct Granger causality graphs, we obtain
a sequence of causality graphs. We aim to detect anomalies
that deviate from the normal causal patterns within these
graphs. A straightforward idea is to construct a causality
graph that represents the normal causal pattern and compare
each causality graph from the test set against it. To leverage
the causal pattern information from the normal data, after
model training, we sample the training set windows using
a Bernoulli distribution and calculate the Granger causality
graphs for these samples. Then, we use the mean matrix of
the graph matrix sequence to represent the typical normal
causal pattern:

Wt/rain = Wtrain © B’
B={by.....;bp,,,.. }
_ , )
b; ~ Bernoulli(p),
Anorm,i = {g(Wt/’rain,i)H;l’

where n¢y.q4n 18 the total number of sliding windows in the
training set, p is the parameter of the Bernoulli distribution,
n is the number of sampled windows, and g is the function
used to compute the causality graph. The resulting typical



causality pattern matrix A,,o., € RY*V:

_ 1 &~
Ano’rm - E l_zl Anorm,is (8)

where A, o, is the sparsified causal matrix, and n is the
total number of samples obtained through sampling.

Calculate the Granger causality graph for each window in
the test set Wiegs:

Avest = {9(Wiest)}y. )

Define the causal deviation score for each test sample as:

’ Atest,i - Anorm

se, (10)

Anorm Jr £

where ¢ is a very small value, and Sc represents the se-
quence of causal deviation scores. According to Equation 5,
the main diagonal of the causality graph matrix represents
the extent to which variables influence their own predicted
values within the maximum time lag. To some extent, the
values on the main diagonal reflect time-dependent patterns,
although they do not explicitly provide the specifics of time
dependence. We define the time pattern deviation as follows:

‘dlag (gtest,i - Znorm) ‘
diag (Anorm) +&

St=3 (a1

St is the sequence of time pattern deviations, and diag(-)
refers to forming a diagonal matrix from the main diagonal
elements. The final anomaly score is composed of a mixture
of causal pattern deviations and time pattern deviations:

S = Sc+ BSt, (12)

where (3 is a hyperparameter that balances the causal pattern
deviation and the time pattern deviation.Note that the causal
pattern deviation score inherently includes the main diago-
nal information, so even when /3 is set to 0, it still contains
time pattern information.

Experimental Results

To evaluate our proposed GCAD framework, we con-
ducted experiments on five widely-used real-world bench-
mark datasets and compared it with six popular baseline
methods.

Experimental Setup

Datasets. Experiments are conducted on five real-world
datasets, including SWaT (Mathur and Tippenhauer 2016),
SMD (Su et al. 2019), MSL, SMAP (Hundman et al. 2018),
and PSM (Abdulaal, Liu, and Lancewicki 2021). The statis-
tical information of these datasets is presented in Table 1.
Baseline Methods. The baseline methods include
DAGMM (Zong et al. 2018), USAD (Audibert et al.
2020), GDN (Deng and Hooi 2021), AnomalyTrans-
former(AT) (Xu et al. 2021), GANF (Dai and Chen 2022)
and MEMTO (Song et al. 2024).
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Dataset | channels | train | test | anomalies
SWaT 51 47,520 | 44,991 12.20%
SMD 38 28,479 | 28,479 9.46%
MSL 55 3,682 2,856 0.74%
SMAP 25 2,876 8,579 2.14%
PSM 25 132,481 | 87,841 27.76%

Table 1: Statistics of the Datasets

Implementation Details. Each dataset consists of two parts:
unlabeled normal operation data and labeled data contain-
ing some anomalies. We use 80% of the normal data for
training, and the remaining 20% is used for the validation
set. Testing is conducted on the data containing anomalies.
Since most baseline methods do not provide a way to set
predetermined thresholds, we evaluate using two threshold-
independent metrics: the Area Under the Curve (AUC) of the
Receiver Operating Characteristic (ROC) and the Precision-
Recall Curve (PRC). All experiments were conducted 10
times and the average results were reported.

Anomaly Detection Performance

The results of our framework and the six baseline methods
are summarized in Table 2.

From the results, it can be seen that GCAD achieves state-
of-the-art (SOTA) performance in most cases. DAGMM and
USAD are classical anomaly detection frameworks that do
not explicitly model the spatial relationships between se-
quences, which limits their anomaly detection performance.
GDN achieves the second-best performance across four ex-
perimental metrics; however, it uses an adaptive graph struc-
ture learning strategy to learn a fixed graph structure, which
is not suitable for dynamically changing systems. GANF
achieves the best result on the PRC metric for the SMAP
dataset. This is because the SMAP dataset has severe distri-
bution shifts, and GANF, being a density-based method, can
better handle this situation by learning the evolution of graph
structures and identifying distribution shifts. It is worth not-
ing that the MSL and SMAP datasets are relatively small
and have severe class imbalance, which may lead to very
low PRC values for most methods. MEMTO, by incremen-
tally training individual items in a gated memory module,
mitigates the overgeneralization problem of reconstruction-
based models. Therefore, it achieves the second-best result
on the MSL dataset, where the proportion of anomalous
samples is extremely small.

Ablation Study

We investigated the effect of each component in the pro-
posed framework. Table 3 shows the results of the abla-
tion study on two datasets. ”-Spars” indicates the removal of
the Causality Graph Sparsification part from GCAD. ”-GC”
means not using Granger causality for anomaly detection.
”-TC” means disregarding the temporal correlations within
each sequence by excluding the time pattern deviation from
the anomaly score.



Dataset SWaT SMD MSL SMAP PSM
Metric ROC PRC ‘ ROC PRC ‘ ROC PRC ‘ ROC PRC ‘ ROC PRC
DAGMM | 0.7882 0.4955 | 0.7516 0.3988 | 0.6209 0.0163 | 0.5989 0.0380 | 0.6556 0.3860
USAD 0.8318 0.7173 | 0.9274 0.5316 | 0.5601 0.0108 | 0.5314 0.0279 | 0.6584 0.4924
GDN 0.8493 0.6076 | 0.9006 0.5655 | 0.3846 0.0055 | 0.5115 0.0338 | 0.7284 0.4964
AT 0.5117 0.1851 | 0.1765 0.0576 | 0.5391 0.0141 | 0.3467 0.0188 | 0.5058 0.2902
GANF 0.8112 0.3557 | 0.6384 0.0017 | 0.6402 0.0291 | 0.6926 0.5259 | 0.6335 0.4090
MEMTO | 0.7799 0.6067 | 0.5042 0.1187 | 0.7271 0.0654 | 0.4791 0.0176 | 0.5026 0.2913
GCAD ‘ 0.8690 0.7758 ‘ 0.9533 0.7502 ‘ 0.7658 0.3679 ‘ 0.7273 0.4555 ‘ 0.7618 0.6136
Table 2: Anomaly detection accuracy in terms of AUROC and AUPRC, on five benchmark datasets with ground-truth labelled
anomalies
Dataset SWaT SMD window (Equation 5). Therefore, the maximum time lag pa-
Metric ROC PRC | ROC PRC rameter controls the balance between the model’s sensitivity
to anomalies and its ability to discover complex anomalies.
GCAD | 0.8690 0.7758 | 0.9533  0.7502 A moderate ¢ value can achieve better performance.
—Spars | 0.8559 - 0.7676 | 0.9531  0.6915 The sparsification parameter h determines the threshold
-GC 0.8478 = 0.7513 ) 0.9405  0.6424 below WII'liCh causal Felationshi s are considered as noise
-TC 0.8400 0.7558 | 0.9498 0.6748 P :

Table 3: Ablation study. The anomaly detection results with
and without components in GCAD

The results show that causal graph sparsification brings
certain performance improvements. This is because sparsi-
fication helps mitigate the impact of sequence similarity on
causal relationship discovery. Furthermore, data from large-
scale systems typically consist of numerous channels. Spar-
sification helps reduce noise in the identified causal relation-
ships.

The introduction of Granger causality and temporal cor-
relations has led to significant performance improvements.
This demonstrates that our model effectively captures the
spatial and temporal associations in time series data. Over-
all, Granger causality more noticeably enhances our model’s
performance, indicating that using causal relationships for
anomaly detection in real-world datasets is important and
effective.

Effect of Parameters

We further investigated the impact of key hyperparameters
on the anomaly detection performance of GCAD. All ex-
periments were conducted using the SWaT dataset, and the
results are shown in Figure 2.

The maximum time lag ¢ determines how many lagged ef-
fects of Granger causality the model can discover. When ¢ is
set to 1, the model only discovers Granger causality in ad-
jacent time steps, and the shorter sliding window makes the
model more sensitive to anomalies within the window. As
t increases, the model can discover Granger causality with
higher lags, which helps extract more complex high-order
spatial patterns. However, this also reduces the model’s sen-
sitivity to short-term anomalies, because GCAD focuses on
the causal patterns in the input distribution over the entire
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When h is small, there are many non-zero but insignificant
causal relationships in the causality matrix. When h is too
large, GCAD focuses only on the most significant causal
relationships, ignoring the broader causal relationships that
exist in the system, thus failing to fully utilize the anomaly
information contained in the causal patterns. Experiments
show that a moderate h can yield better results.

Analysis of Anomaly Detection Examples

To demonstrate how causal patterns reveal anomalies, we
conducted a case study on anomaly event data from a real
system. The experiments were performed on the SWaT
dataset, as the original authors (Goh et al. 2017) provided
the physical construction and sensor descriptions of this real
system.

To facilitate observation, we visualized the causal pat-
tern deviations provided by GCAD during the occurrence of
anomaly events, as shown in Figure 3. In this figure, the de-
viation matrix D represents the absolute error between the
causality matrix during the anomaly event and the typical

causality pattern matrix, that is, D = |A¢csti — Anorm/|-
0.90 0.90
0.85 0.85
0.80 0.80
0.75 0.75
0.70 AUROC 0.70 AUROC
AUPRC AUPRC
0.65 0.65

1 3 5 7 0 0.0010.01 0.1 03 0.5

(a) Max Time Lag (b) Sparsification Threshold

Figure 2: Effect of parameters. AUROC and AUPRC as
functions of (a) maximum time lag 7 in Granger causality
and (b) sparsification threshold h of the causal graph
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Figure 3: Causal Pattern Deviation Matrix in an Example
Anomaly on the SWaT Dataset
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Figure 4: Physical Structure of the SWaT Testbed, Attack
Points of Anomalous Events (marked in red), and Main Af-
fected Points (marked in blue)

Darker colors indicate larger deviations. We have marked the
main affected points in this attack in Figure 3, and Figure 4
illustrates the physical relationships between these points.
Specifically, this anomaly attack targeted P203 and P205,
which are two pumps in Process 2 responsible for the ad-
dition of HCI and NaOCl, respectively. The attackers mali-
ciously shut down these two pumps, causing changes in wa-
ter quality. AIT202, located downstream of the attack points,
is a sensor that measures the concentration of HCI in the wa-
ter. The most significantly affected sensor is AIT501, located
in Process 5 downstream, which is another sensor measuring
HCI concentration. When the HCI injection pumps were at-
tacked, the two sensors related to HCI exhibited significant
deviations in their causal patterns, indicating that GCAD
can effectively detect anomalous changes in causal patterns.
Notably, the main diagonal element value corresponding to
AIT501 is relatively large, which means AIT501 has a sig-
nificant temporal pattern deviation for itself, highlighting the
importance of incorporating temporal pattern deviations into
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(a) AIT202

(b) AIT501

(c) Anomaly Score

Figure 5: Two Affected Sensors and the Changes in the Total
Anomaly Score in the Example Anomalous Instances

causal pattern deviations. The other two points with notable
causal deviations are FIT301 and FIT503, which are flow
meters. FIT301 measures the input flow to the UF module,
and FIT503 measures the RO Reject flow. The deviations at
these two points arise from changes in the relationships be-
tween certain flows and other sensors in the system under
attack.

Figure 5 shows the changes in the two sensors measur-
ing HCI concentration and the variations in anomaly scores
during the attack. The red areas indicate the presence of
anomaly events, and the causality matrix is derived from the
marked sliding window. It can be observed that anomalies in
a single sequence are difficult to identify manually. This is
because real-world systems like SWaT have complex system
dynamics and control logic, where anomalous events may
not cause significant fluctuations in the time series. How-
ever, GCAD captures the causal relationships between se-
quences and provides significant changes in anomaly scores
by detecting deviations in Granger causal patterns.

Conclusion

In this work, we propose a Granger Causality-based mul-
tivariate time series Anomaly Detection method (GCAD).
This framework models the spatial dependencies between
sequences using Granger causality, constructs dynamic
causal relationships based on the gradients of a deep predic-
tor, and improves the causal graph structure using our spar-
sification strategy. Experiments on five real-world sensor
datasets demonstrate the superiority of GCAD in anomaly
detection accuracy compared to other baseline methods.
This study explores the integration of Granger causality with
deep networks, offering a new perspective for time series
anomaly detection. However, GCAD also has some limi-
tations, as it can only capture binary causal pairs between
variables and cannot model multivariable interactions. Fu-
ture work may consider multivariable causal relationships to
uncover more complex anomalies.
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