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Abstract

Multivariate time series anomaly detection is a crucial fac-
tor in real-world applications but a challenging task due
to the complex temporal dependencies and system dynam-
ics. Reconstruction-based methods have made great improve-
ments in recent years. However, we observe an issue these
methods are suffering, that they primarily measure deviations
in the time points themselves when performing anomaly de-
tection but ignore changes in the dynamic properties of the
system. In these cases, they are unable to produce sufficient
reconstruction errors to detect anomalies, so some potential
abnormal time points caused by the dynamic evolution of the
system are missing. To address this problem, we propose a
novel method, SDA?D, which models system dynamics by
the derivative of the NCDE-derived state vector with respect
to time, enabling the learning of reconstruction deviation and
system evolution jointly. Our experimental results show that
SDA?D achieves noticeable improvements in four benchmark
datasets, and the visualization also provides further instruc-
tions for anomaly diagnosis, which helps locate the sources
of these anomalies.

1 Introduction

The development of Internet of Things (IoT) devices and
advanced monitoring systems has driven an exponential
growth of time series data in various domains (Almeida et al.
2023; Zhang et al. 2025), from industrial automation (Kamm
et al. 2023), energy systems (Huang et al. 2024; Zhou et al.
2025) to healthcare (Di Martino and Delmastro 2023) and
smart infrastructure (Farahani et al. 2023). In such data-
rich environments, effective anomaly detection, which aims
to identify observations that significantly deviate from ex-
pected temporal patterns, plays a crucial role in preventing
system failures, mitigating operational risks, and enabling
proactive decision-making in real-world applications (Za-
manzadeh Darban et al. 2024).

In recent years, reconstruction-based methods have be-
come competitive candidates for Multivariate Time Series
Anomaly Detection (MTS AD) (Sun, Zhou, and Li 2025). A
commonly used principle is that all samples for training are
normal, so larger reconstruction errors can be generated for
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Figure 1: Challenges for reconstruction-based models. They
mainly focus on the deviations from data, while generating
insufficient anomaly scores for detecting anomaly events.

abnormal samples during inference. These reconstruction-
based models include specially designed AD models such
as Darban et al. (2025); Xu et al. (2022), together with time
series foundation models such as FITS (Xu, Zeng, and Xu
2024) and TimesNet (Wu et al. 2023). Following the find-
ings of the latest study (Liu and Paparrizos 2024), the stan-
dard principle can be concluded as follows. First, we assume
that all time points in the training dataset are normal, and
these models learn to rebuild them as accurately as possible;
then, during inference with the testing dataset, these mod-
els would generate larger reconstruction errors for abnormal
time points than normal ones because they do not learn how
to reconstruct abnormal data. Acquiring the reconstruction
errors from the testing data for each time point, we normal-
ize them and apply the statistical principle p + 30 to deter-
mine the time points with larger errors as anomalies.

Although significant improvements have been made, we
have observed a limitation of these methods. Reconstruc-
tion errors primarily measure deviations in the time points
themselves, but may ignore changes in the dynamic prop-
erties of the system. For example, if the current state of a
given system is abnormal but the amplitudes of the time
points are still in the normal range, e.g., a phase shift in



periodic fluctuations, reconstruction errors may not be de-
tected at these time points. These are widely present in MTS
analysis, where conventional reconstruction metrics fail to
capture anomalies caused by dynamic changes in a system,
such as phase drifts in sensor signals, frequency deviations
in mechanical vibrations, or morphological distortions in bi-
ological signals. To make this more concrete, we use Fig.1
to show these cases. We can notice that when an abnormal
phase shift with valid amplitudes occurs, although the re-
constructed time series can reflect the normal data pattern to
some extent and generate larger errors, these errors are not
enough to support that they are anomalies, as shown in Fig.1.
They focus on time-point reconstruction, but overlook the
fact that abnormal events such as phase shifts and impulses
are more severe dynamic anomalies than errors themselves.

Recently, Neural Controlled Differential Equations
(NCDESs) have been proposed to effectively model time se-
ries (Kidger et al. 2020). By integrating the dynamic mod-
eling capabilities of differential equations with neural net-
works, NCDEs effectively capture complex temporal de-
pendencies. This motivates us to explore their potential in
addressing the limitations of existing methods in detecting
anomalies caused by dynamic state evolution, a capability
that remains to be explored. Specifically, once an informa-
tive feature vector for a given time window is derived from
NCDEs, we can compute its time derivative to quantify the
state evolution of this system. Although this derivative is
more semantically implicit and high-dimensional, this aligns
with the math definition that the derivative of a function
f(z), which is denoted f’(x) or d’;(;), characterizes the in-
stantaneous rate of change. These models should also learn
how to reconstruct the derivative to evaluate the dynamic
state of the system. This property naturally helps us to model
the dynamics of the system effectively.

To further address the limitation in existing methods for
reconstruction, we propose SDAD, the State-Derivative-
Aware Neural Controlled Differential Equations for mul-
tivariate time series Anomaly Detection, a novel method
leveraging the time derivative from NCDEs to enhance the
ability to capture system state evolution, instead of fo-
cusing solely on reconstruction errors at individual time
points. SDAZD mainly contains four key components: (1)
NCDE Solver: An NCDE solver is integrated to model
the continuous-time dynamics of sequential data, enabling
adaptive learning of temporal dependencies and latent
state transitions; (2) Temporal-Spatial Interaction Module
(TSIM): We develop a strategy to capture the inherent tem-
poral dependencies and feature correlations in an interactive
process; (3) System State Derivative Aware Module (SS-
DAM): Based on the state vector of the system, the time
derivative can be calculated to describe the state evolution
according to the NCDE solution mechanism and the chain
derivation rule; and (4) Joint Reconstruction Module (JRM):
SDA?D learns jointly to rebuild the time series and the sys-
tem state derivative for different datasets.

Our main contributions are listed as follows: (1) We ob-
serve the limitation on reconstruction-based methods caused
by dynamic changes of system states, showing that insuf-
ficient support for anomaly detection relies only on recon-

struction errors; (2) We propose a novel method, SDA2D, to
model errors at time points and differences from the evolu-
tion of the system state; (3) Our experimental results show
the effectiveness of SDA%D in four real-world datasets. We
also perform anomaly diagnosis and visualization to demon-
strate the potential and explainability of SDA®D.

2 Related Work
Multivariate Time Series Anomaly Detection

Modern methods integrate deep learning through density
estimation, such as MPPCACAD (Yairi et al. 2017) and
DAGMM (Zong et al. 2018), or clustering mechanism such
as Fuzzy C-Means (Li et al. 2021). Meanwhile, contrastive
learning models, including CARLA (Darban et al. 2025),
TFMAE (Fang et al. 2024), DCdetector (Yang et al. 2023),
TS-TCC (Eldele et al. 2023), and CoST (Woo et al. 2022),
further improve representation learning for multivariate time
series anomaly detection tasks.

The development of reconstruction-based methods ad-
vanced to sophisticated models like OmniAnomaly (Su et al.
2019), MTAD-GAT (Zhao et al. 2020), Anomaly Trans-
former (Xu et al. 2022), CATCH (Wu et al. 2024) and
SARAD (Dai et al. 2024). In parallel, time series founda-
tion models including OFA (Zhou et al. 2023), FITS (Xu,
Zeng, and Xu 2023), and TimesNet (Wu et al. 2023) have
demonstrated strong anomaly detection capabilities via re-
construction. The recent DADA (Shentu et al. 2024) further
extends this area as a generalizable detector.

Despite noticeable advances, we find that reconstruction-
based methods mainly focus on point-wise deviations, po-
tentially ignoring changes in dynamic properties of the sys-
tem. We address this by jointly learning reconstruction bi-
ases and system evolution.

Neural Differential Equations

Neural Differential Equations (NDEs) provide a theoreti-
cal framework for modeling continuous-time dynamical sys-
tems with the expressive function approximation of deep
neural networks (Kidger 2022). They exhibit distinct ad-
vantages in modeling complex continuous dynamical pro-
cesses, particularly by overcoming the resolution constraints
and discontinuity artifacts inherent in conventional discrete-
time methods (Dupont, Doucet, and Teh 2019; Kidger et al.
2020).

One of the most common NDEs is a NODE, proposed in
(Chen et al. 2018), which can be formulated as:

a(tr) = a(to) + / ORI,

0

where fy is the ODE function implemented by a neural net-
work to approximate the continuous dynamics of the state
vectors of the system, that is, the time derivative dz(tt).
From Eq.l, it can be observed that one limitation of
NODEs is that the solution of an ODE is determined by
the initial condition at z(tg), which provides no inherent
mechanism to integrate observed data from subsequent time
steps, ultimately constraining their representation learning
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Figure 2: The overall architecture of SDA?D. It consists of four key compotents: (1) NCDE Solver for getting the status vector
for a given time window z*; (2) TSIM module for building temporal-spatial features; (3) SSDAM module for calculating
dynamic derivation to describe system evolution; and (4) JRM module for joint learning with enhanced masking strategy.

capabilities. To overcome these, NCDEs that utilize the
Riemann-stieltjes integral are proposed in (Kidger et al.
2020), which can be formulated as:

a(tr) = a(to) + [ F(a(t);0,)dX(b).

to

—a(to)+ [ flat):6;)

to

2
dX (t) @

dt

dt,

where fj is the CDE function and X (¢) is a continuous time
series path interpolated from the input time series data. Un-
der the effect of X (¢), NCDEs can learn continuous-time
dynamics with explicit dependence on external signals.

Meanwhile, although NCDEs have been selected for cer-
tain time series tasks, such as representation learning (Liu
et al. 2024), imputation (Wi, Shin, and Park 2024), and fore-
casting (Jhin et al. 2024; Li, Zhu et al. 2023), it also remains
to be explored how to perform MTS AD and improve the
ability of models to capture the state evolution of a given
system under the mechanism of NCDEs.

3 Method
Problem Settings

We define an MTS dataset as D = {x1,x9,%3,...,ZN}
and each time point z; € RY, where N represents the to-
tal number of time instances and C' represents the number
of variables in MTS. In practice, we define a window size
W, selecting every W time points as a time interval, that
is, X = {x!,22 23, ...,2M}, where each 2* € RW*¢ for
i = 1 to M, with M the number of time intervals. Then

we send every time interval 2% individually to SDA?D for
anomaly detection. This can be viewed as a classification
task that determines whether each time point is normal or
abnormal. The architecture of SDA”D is shown in Fig.2.

NCDE Solver

Here, we select an NCDE solver (Kidger et al. 2020) as
our time series encoder. Functioning as a continuous-time
counterpart to RNNs (Yu et al. 2019), NCDEs inherently
model the temporal evolution of time series through hidden
states of the continuously evolving system. This contrasts
with Transformer-based approaches (Vaswani et al. 2017)
that discretize temporal values into tokenized sequences, a
paradigm originally designed for NLP that conflicts with
the continuous nature of real-world temporal processes. The
reasons for the selection of an NCDE solver as our en-
coder can be concluded as two key advantages. First, its
continuous dynamics formulation provides theoretical guar-
antees for capturing dynamic changes in a system, which is
critical to enhancing the sensitivity of AD models to cap-
ture state evolution. Second, its mathematical foundation ro-
bustly handles irregularly sampled or incomplete time series
without requiring artificial value imputation, such as zero-
filling (Yue et al. 2022) or linear interpolation (Zerveas et al.
2021), which could distort data distributions.

Concretely, first, we employ the nature cubic spline to
interpolate discrete time series D into a continuous path
X € R¥XC with each X(¢t) € RY, which is the prepro-
cessing of the NCDEs. Second, we split the whole time se-
ries into different time intervals. For every z?, we use an



initialization layer with parameter 6; and average operation
to transform it from time domain into hidden state domain
and get z(to) for the following solver steps, which can be
denoted as:

Z(to)* — (I)Ol (.,L,z)7 Z(ﬁo)* c ]Rdeim7 (3)
1 & .
a(to) = 7> ;z<to>;€;, z(to) €RM™, (@)

where dim is the dimension of latent space in the NCDE
solver. For the time interval z* with time stamps range in
[t1,tw], we can get the system state vector by:

alts) = a(to) + [ 1(ale)y o0 5 a i€ 1w, 9

where 67 is the learnable parameters defined in the NCDE
solver. The solutions generated by the NCDE solver exhibit
continuous temporal dynamics, reflecting the gradual trans-
formation of the system. Consequently, we concatenate all
representations at each time observation to form the system
state vector for z? by:

rt = Concat(z(t1), z(t2), z(t3), ..., z(tw)), r* € RW*dim,
(6)

Temporal-Spatial Interaction Module (TSIM)

Capturing both temporal dynamics and spatial correlations
in multivariate time series data is critical to modeling com-
plex systems. Temporal patterns reveal evolving trends and
latent state transitions, while spatial correlations encode
cross-variable interactions and structural dependencies. Un-
like existing methods that tend to build temporal and spa-
tial features in separate branches (Deng et al. 2021; Li,
Feng, and Belgiu 2024; Shao et al. 2022), we develop a
time-spatial interaction strategy to generate more informa-
tive temporal and spatial features.

To achieve these, we incorporate the attention mechanism
to extract these features. Here, we select t and s to represent
the temporal and spatial branches. In TSIM, there are two
submodules, hy and hg, for the extraction of temporal fea-
tures and spatial correlations, respectively. Meanwhile, to
control the number of trainable parameters of SDA%D, we
build each of them with a single multihead self-attention en-
coder layer. We define the number of attention heads to be
Np, and Nj,_, respectively. For one of these two submod-
ules, the calculation process can be described as:

hp(r") = Concat(heady, . . . ,heathp)WO, p € {t,s},

)
head; = Attention(riWJQ,rinK,riW;/), Jj €1, Ny,
(3)

. Q;K;
Attention(Q;, K;, V) = Softmax NG Vi, 9

where W2, WX, WY and WO are learnable parameter
matrices, and dj, is the projection dimension of K in each
attention head. To better fusion the relationships between
temporal and spatial, we select a interaction strategy as:

T;ot = hs(ht(ri))v Téos = ht(hs(ri))a (10)

where 78, 78 o € RWX4™ Tn this case, the extraction of
both features is guided and interacted with by the other part,
aiming to further enhance the information of the features.
Then we combine 7%, and r{ . to get the temporal-spatial
feature r’; by:

rhe = Concat(rl e, Thog), Thy € RYX(Zxdim) o (4y)

which is used for time series reconstruction in the following
part to evaluate biases on a time-point level.

System-State Derivative-Aware Module

As we have discussed in Sect.1 and shown in Fig.1, these ex-
isting reconstruction-based methods mainly focus on recon-
struction errors between the input time series and the rebuild
time series, while may fail to capture the anomalies caused
by the state evolution, leading to suboptimal performance
when conducting AD. It inspires us that it is not sufficient
enough to support these dynamic anomalies solely on the
basis of reconstruction errors from time series. NCDEs are
powerful tools for modeling complex systems, and we use
the time derivative, which aligns with the effect in math, to
better capture dynamic properties in the system.

Global Cubic Spline Coefficient Computation When we
interpolate discrete time series D into a continuous path
X € RVXC ag described in Sect.3, we select the nature
cubic spline as the basic method. After interpolation, the
coefficients of the cubic spline interpolation are first com-
puted globally throughout the time range [¢;, ¢x]. For every
two adjacent time stamps t; and ¢x 1, the spline can be de-
scribed as the following for ¢ € [tg, tg+1):

X(t) = ap +br(t—tr) +ep(t — i) + di(t — t)?, (12)

where ay, by, ci, dp € RE are coefficients for the k-th
spline ranging in [tg,tx+1), ensuring continuity of X(¢),
X'(t) and X" (t). These coefficients are derived by solv-
ing a system of linear equations based on data points and
boundary conditions.

Window Coefficient Extraction After obtaining the
global coefficients ¥ = {wk}fj:_ll = {ak,bk,ck,dk}]kvz_ll,
a local time window of size W is split. For this window
o' with time stamps ranging in [t, ty], the relevant coef-
ficients correspond to the intervals within [¢1, ¢y can be
represented as Coeffs’ € R(W—1)x4xC.

COCffSi = {¢t17wt2awt37 "'7¢twfl}a (13)

and it is mathematically stipulated that the last group param-
eters in Coeffs’, i.e., ¢y, _,, is also for calculating with the
right endpoint of the interval [¢1, ty], that is ty .

Spline Derivative Calculation Given the spline X (¢) and
the time stamps [t1, ty/] for 2, the spline derivative %2 (")
can be calculated piecewise. Concretely, for a given time
stamp ¢ in [¢1, ty] and ¢ is located in the spline [tg, tx+1)
with 1 < k < W — 1, its corresponding spline derivative
can be acquired by:

dX (1)
dt

= by + 2ck(t — t) +3d(t — t)*,  (14)




where ay, by, ci, and dy are parameters in ;. Here, we
can extract the values of the spline derivative of integer mo-
ments in [t;,ty] and then get %t(t) € RW*C which will
be used to calculate the final state derivative to describe sys-
tem evolution in terms of the chain rule.

System State Derivative Calculation As shown in Eq.5
and Eq.6, 7 contains meaningful information about the state
of the system. To further describe the state evolution that
occurred in the time interval % and enhance the ability of
SDA?D to capture the system dynamics, we calculate the
state derivative of the system in the following steps. Specif-
ically, for a calculated z(¢;) by Eq.5, we can compute the
final state derivative of current time stamp ¢; as:

dz(ti) _ dz(;@j/ N d( b f(z(t)§92)dx(t)dt)

_ to dt
dfi dti dti ’

—
z(to) is a constant Leibniz’s Rule and Chain Rule

= Jat) o) 0|

t=t;

(15)
which means that we can acquire the state derivative of time
stamp ¢; by feeding it back to f(-), and multy it with the cor-
responding spline derivative. We concatenate state deriva-
tives from ¢; to ty to described the dynamic evolution of
2%, denoted as SD? € RW xdim.
dz(t1) dz(tz) dz(ts) dz(tw)

SD*" = Concat , ,
oneat(= = = T dtvy

).
(16)
Then, we employ an MLP-based structure ¢ with parame-
ters A3 to map the state derivative from hidden state space
into time domain:

SD' = &, (SD" ), SD' € RW*C. (17)

Joint Reconstruction Module (JRM)

Now, we have obtained the temporal-spatial feature r’, and
the system state derivative SD* for the time interval z:*. The
principle we addressed here can be concluded that SDAD
should not only learn how to reconstruct time points in nor-
mal data patterns, but also be aware of the dynamic evolution
of the system state. Given these, first, we introduce two sub-
modules with parameters 6, and 65 to learn the normal data
patterns and the evolution of the system in JRM, which can
be denoted as Py, and Py, respectively. These operations
can be shown as:

SDiecon = (I>94 (SDl)v ‘Tﬁecon = (1)95 (T;t)a (18)

then we can design the loss function to learn both of them
jointly:

M
1 ; ; i i
L= M Z(”ml - x;beconug + ”SD - SDrecon”%)' (19)
=1

4 Experiment
Experimental Setting

Dataset In our experiments, we select four redesigned
real-world datasets to train and evaluate SDA?D: MSL and

SMAP from (Hundman et al. 2018), SWaT from (Goh et al.
2017) and TAO from (Liu and Paparrizos 2024).

Baseline We have selected 15 models with different struc-
tures as our baselines in our experiments: CATCH (Wu et al.
2024), DADA (Shentu et al. 2024), FITS (Xu, Zeng, and
Xu 2023), TFMAE (Fang et al. 2024), TimesNet (Wu et al.
2023), OFA (Zhou et al. 2023), DCdetector (Yang et al.
2023), AnomalyTransformer (Xu et al. 2022), CoST (Woo
et al. 2022), CAE-M (Zhang et al. 2021), TS-TCC (Eldele
et al. 2023), USAD (Audibert et al. 2020), OmniAnomaly
(Suetal.2019), MSCRED (Zhang et al. 2019) and DAGMM
(Zong et al. 2018).

Implementation Detail The latest benchmark study (Liu
and Paparrizos 2024) has redesigned well-organized datasets
and searched for optimal hyperparameters in the optimizer,
learning rate, and weights of existing loss functions for most
of the baselines included in this study. For some of our se-
lected base models, which are not temporarily imported, we
set their hyperparameters in their original papers or reposi-
tories as optimal ones. Then these models and our proposed
SDA?D are also integrated into this proposed pipeline to run
in a universal data flow. We program our codes with Python
3.8.13, PyTorch 1.13.0, CUDA 11.7 and Ubuntu 18.04 on a
single NVIDIA RTX 3090 24GB GPU. We set the learning
rate and the weight decay of the optimizer to le-4 and le-
5, respectively. In addition, a scheduler for the adjustment
of the learning rate is included with the multiplicative fac-
tor of the learning rate decay defined as 0.5. Our codes are
available at https://github.com/ProEcho1/SDA2D.

Evaluation Measure It has been highlighted that tradi-
tionally used MTS AD metrics such as F1, AUC-PR, AUC-
ROC and Affiliation-F1 could show potential evaluation is-
sues, while in comparison, VUS-PR emerges as the most ro-
bust, accurate and fair evaluation measure (Paparrizos et al.
2022; Liu and Paparrizos 2024; Boniol et al. 2025). Given
these, VUS-PR is selected as our key metric. For further de-
tailed information, we also record the results in VUS-ROC
as an auxiliary metric.

Following the work pipeline in (Liu and Paparri-
zos 2024), we use the joint reconstruction errors for
MTS AD. Concretely, given the original time se-
ries X = {x1,z9,23,...,2,} and the reconstructed
X= {&1, &2, &3, ..., &n }, the Joint Reconstruction Errors s;
can be calculated with the following strategy:

St = th — ftH% + ||SDt — SADtH§7 t= 1,2, ey ny (20)

where £; and Sﬁt denote the reconstructed time point and
system state derivative at this point, respectively. The joint
reconstruction errors can be viewed as the anomaly scores
for each point because a higher error means that this point
is more likely to be abnormal. Then, the anomaly scores for
each time point can be represented as s;°™ with normalized
s¢ using MinMaxScaler. Finally, anomalies are detected us-
ing the threshold 6 = p + 30, where 1 and o are the mean

and standard deviation of s}°™, which can be shown as:

1, ifsf™ >4 (Abnormal),

21
0, ifs}o™ <¢§ (Normal). @D

Label(s{°™) = {



Dataset (The best results and second results are marked with bold fonts and underlines, respectively)

| |

Model ‘ Venue ‘ MSL ‘ SMAP ‘ SWaT ‘ TAO
\ | VUS-PR" | VUS-ROC" | VUS-PR' | VUS-ROC" | VUS-PR' | VUS-ROC* | VUS-PR' | VUS-ROC*
CATCH | ICLR,2025 | 00331 | 07806 | 02882 | 05912 | 01472 | 04235 | 00636 | 04573
DADA | ICLR,2025 | 0.0093 | 05049 | 02619 | 06933 | 01201 | 04211 | 00579 | 04306
FITS | ICLR,2024 | 00087 | 05105 | 02704 | 07845 | 0.1448 | 04782 | 00784 | 0.5456
TEMAE | ICDE,2024 | 00078 | 04089 | 00890 | 02044 | 01233 | 04620 | 00492 | 0.2476
TimesNet | ICLR,2023 | 0.0072 | 04316 | 02678 | 07194 | 01302 | 04121 | 00732 | 04339
OFA | NeurIPS,2023 | 0.0083 | 05077 | 02929 | 07897 | 0.221 | 04157 | 00570 | 03706
DCDetector | KDD,2023 | 0.009 | 05130 | 01508 | 05208 | 01280 | 04817 | 00491 | 04162
AT | ICLR,2022 | 0.0063 | 05068 | 02397 | 06326 | 0.1413 | 04925 | 00513 | 04920
CoST | ICLR,2022 | 00071 | 04822 | 0.1477 | 05154 | 01369 | 04998 | 0.0498 | 0.3402
CAE-M | TKDE, 2021 | 00043 | 02067 | 00736 | 00203 | 01804 | 0609 | 0.0784 | 0.5435
TS-TCC | DCAL2021 | 00088 | 05255 | 01491 | 05214 | 01574 | 05339 | 00484 | 03236
USAD | KDD,2020 | 0.0072 | 02702 | 00741 | 00388 | 01768 | 06011 | 00647 | 04641
OmniAnomaly | KDD,2019 | 0.0052 | 05025 | 00780 | 09111 | 0.1768 | 06012 | 00647 | 0.4640
MSCRED | AAAL2019 | 00111 | 06883 | 00958 | 03914 | 01804 | 0.6096 | 0.0784 | 0.5434
DAGMM | ICLR,2018 | 00042 | 02630 | 00748 | 00597 | 01804 | 06095 | 00783 | 0.5432
SDA2D (Ours) | 02829 | 09643 | 04981 | 0.8828 | 02095 | 0.6395 | 01232 | 0.6228

Table 1: Results of SDA?D and baseline models. All experiments are performed under five random seeds, and the mean values
are reported. t denotes as the core metric, * means the auxiliary metric.
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Figure 3: The visualization of the dynamic evolution of different systems. In the four subfigures, the red points represent
for abnormal time points, and other points represent for normal time points marked with gradient color. It can be found that
abnromal time points and normal time points tend to distribute in different subspaces.

Result

Comparison with Different AD Models As indicated in
Tab.1, SDA?D has made noticeable improvements on four
real-world datasets. Concretely, for the core metric VUS-
PR, SDA”D achieves the best results during baseline models
on datasets MSL (0.2829), SMAP (0.4981), SWaT (0.2095)
and TAO (0.1232). The MSL dataset exhibits complex dy-
namic evolutions due to normal changes in spacecraft work-
ing conditions. As we noted in Sect.1 and Fig.1, such data
shifts can hinder reconstruction-based models by generating
insufficient reconstruction errors. In contrast, SDA?D learns
the state derivative of this system, enabling it to better track
these dynamic changes and perform more robust anomaly
detection. In addition, as for our selected auxiliary metric
VUS-ROC, SDA?D also achieves the best on three real-
world datasets, MSL (0.9643), SWaT (0.6395), and TAO

(0.6228), with the second results on dataset SMAP (0.8828).

Dynamic Evolution of System To further demonstrate the
effectiveness and explainability of SDAQD, for each dataset,
we have selected time-continuous subsets of time points of
the same length. We guarantee that each subset contains
both normal time points and abnormal time points. After
getting these subsets from different datasets, we pass them
through SDA?D to obtain the high-dimension representa-
tions for each time point. Then, PCA is employed to map
these representations into a two-dimensional space. For each
subset consisting of time points from the same dataset, we
connect the time points in chronological order using straight
lines with arrows. The results of visualization can be found
in Fig.3. The red points represent abnormal time points, and
the other points represent normal time points marked with
gradient color. It can be observed that normal time points



Experiment ‘ VUS-PR
Ours | 0.2784
Train with only time feature | 0.2633
Train with only spatial feature | 0.2611
Train without time-spatial interaction | 0.2707
AD with only time errors | 02532
AD with only derivative errors | 0.2609

Table 2: Results of ablation study with different AD strate-
gies on four selected datasets.

and abnormal time points are located in different subspaces,
as shown from Fig.3(a) to Fig.3(d). These show that SDA%D
learns meaningful information to describe the evolution of
the system.

Time Series Anomaly Diagnosis Our method can also
be used for anomaly diagnosis. We calculate channel-wise
anomaly scores using the normalized Mean Squared Error
(MSE) between the input x; and its reconstruction ;. This
allows us to identify which specific channels are responsible
for a detected anomaly, as demonstrated for the SMAP and
SWaT datasets in Fig.4.

First, in Fig.4(a), we can observe that an abnormal event
occurred in the first channel due to continuous abnormal mu-
tations and jitters. This aligns with the second column on
the right for the anomaly scores of this abnormal time point,
that is, the first rectangle on the second column displays a
larger reconstruction bias compared to the other channels.
Meanwhile, we can also notice that the anomaly score of
the third channel is also higher than that of other channels.
We attribute this phenomenon to the reason that the model
determines that there should be a signal fluctuation here ac-
cording to the current state of the system, but the actual sig-
nal does not observe this fluctuation, thus generating a larger
reconstruction error. These provide assistance in finding the
devices or sensors that are generating the anomaly in order
to fix them. Similarly, in Fig.4(b), the second channel shows
an unusual data pattern and a period shift in the data at the
selected abnormal point, while at the same time the fifth
channel also shows a high signal in an unconventional cy-
cle pattern. Given these, it can be observed that the anomaly
scores in the second column also satisfy the analysis, where
the second and fifth rectangles show deeper than others.

In addition, when paying attention to the selected nor-
mal time points, we have found that, compared to abnormal
time points, the anomaly scores of each channel do not dif-
fer much from each other and the overall values remain at
a relatively lower level. This further indicates that SDA?D
can benefit to perform anomaly diagnoise, helping locate the
source of anomalous events.

Ablation Study

We also explore different strategies for anomaly detection
to demonstrate the effectiveness of different components in
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Figure 4: Cases of anomaly diagnosis on different datasets.

SDA’D: (1) Train with only time feature; (2) Train with only
spatial feature; (3) Train with both time and spatial feature,
but without time-spatial interaction; (4) Perform AD with
only time reconstruction errors; and (5) Perform AD with
only state derivative reconstruction errors. We calculate the
average VUS-PR on four selected datasets, and the experi-
mental results can be found in Tab.2. We can observe that
both time and spatial features are necessary for more accu-
rate anomaly detection, and SDA?D can benefit from recon-
struction errors on both time and derivative.

Limitation and Future Work

Although improvements can be observed, the calculation of
NCDE:s is a source-intensive process that may require more
time for MTS with more variables. Meanwhile, it is also
our future work to establish explicit links between derivative
vectors and different working conditions for higher-level in-
terpretability in real-world applications.

5 Conclusion

In this work, we propose SDA®D, a novel method for MTS
AD, which can learn the ability to reconstruct from both the
time level and the derivative level to further capture the evo-
lution of a given system, addressing the issue of insufficient
detection support. Demonstrating its informative features to
describe system dynamics, SDAD not only achieves bet-
ter performance on four real-world datasets, but also helps
locate the source of abnormal events.
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