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ABSTRACT: Multivariate time-series anomaly detection is widely used to identify abnormal operating patterns in
complex monitoring systems. Exogenous or contextual inputs can provide useful information for anomaly detection,
but their effects on endogenous variables may appear with temporal delays. Direct synchronous modeling is therefore
insufficient for capturing delayed response patterns. This study proposes EMS-uDTWAD, a multi-scale anomaly
detection framework that combines explicit lag alignment with uncertainty-aware normal-pattern matching. First, the
time-series data are divided into fine-grained and coarse-grained windows. At the coarse-grained scale, a lag alignment
module estimates delayed responses from exogenous or contextual inputs to endogenous variables and constructs lag-
enhanced joint windows. These lag-enhanced windows are then matched against a normal reference library using
uncertainty-aware dynamic time warping (uDTW). Thus, uDTW is used for global normal-pattern matching rather
than for directly estimating inter-channel time lags. At the fine-grained scale, a graph embedding module models
local structural dependencies and cross-channel correlations through a learned adjacency representation. Finally, the
anomaly scores from the two branches are fused to obtain the final detection result. Experiments are conducted on
two real-world datasets, MSDS and SWaT, and one synthetic Linear Dataset. MSDS is used as a proxy auxiliary-context
setting, SWaT is used as a real industrial operational-context setting, and the Linear Dataset provides native exogenous
variables. Across these settings, EMS-uDTWAD improves the F1 score over the strongest compared baseline by 2.0
percentage points on MSDS, 1.0 percentage point on the Linear Dataset, and 0.8 percentage points on SWaT. The ablation
results further show that the lag-enhanced representation is more useful than direct synchronous concatenation when
delayed contextual responses are present.

KEYWORDS: Time series anomaly detection; exogenous and contextual inputs; time-lag modeling; uncertainty-aware
dynamic time warping

1 Introduction

Time-series anomaly detection is widely used in financial systems, geoscience, manufacturing, health-
care, and industrial monitoring [I-4]. In multivariate settings, the detector usually receives measurements
from multiple sensors and identifies abnormal temporal changes or abnormal cross-variable relationships.
Classical time-series similarity and outlier-detection methods remain useful in simple scenarios [5-8], but
recent studies have increasingly adopted reconstruction-based [9,10], contrastive-learning-based [11,12],
and forecasting-based models [13,14]. Recent work has also examined adversarial attack detection for deep
learning-based soft sensors through bidirectional consistency discrimination [15] and decomposition-based
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multi-scale Transformer architectures for time-series anomaly detection [16]. These studies improve robust-
ness and multi-scale temporal representation, but they usually model the observed variables themselves and
pay less attention to delayed responses caused by contextual or exogenous inputs.

In practical monitoring systems, some abnormal-looking changes in endogenous variables may be
normal responses to external or operational conditions [17]. For example, in CNC power-consumption mon-
itoring, ambient temperature or workload changes may affect power consumption after a short delay. Fig. 1
schematically illustrates this delayed-response relationship. If the model only uses synchronous concate-
nation, the delayed response may be incorrectly treated as an anomaly. Existing forecasting studies have
introduced exogenous variables into Transformer-based models to improve prediction under heterogeneous
inputs [18]. Sequence-alignment methods, including DT W-related formulations [19], provide another way
to compare temporally shifted patterns. However, these two ideas are rarely combined in anomaly detection
to distinguish true anomalies from normal delayed contextual responses.
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Figure 1: Schematic illustration of a delayed response from an exogenous change to an endogenous variable.

Two limitations are especially relevant to this study. First, most anomaly detectors focus on endoge-
nous temporal dependencies and cross-variable correlations, while delayed contextual responses are often
ignored or handled by direct concatenation. Second, DTW-based matching can compare temporally shifted
sequences, but conventional DTW and sDTW do not explicitly use time-step-level uncertainty during
matching. Noisy or locally distorted segments may therefore dominate the matching distance and affect the
anomaly score.

To address these issues, this paper proposes EMS-uDTWAD, a multi-scale anomaly detection frame-
work for time series with exogenous or auxiliary contextual inputs. The framework separates lag modeling
from sequence matching. At the coarse-grained scale, a lag alignment mechanism estimates delayed
exogenous-to-endogenous responses and constructs lag-enhanced joint windows, which are then matched
with a normal reference library using uDTW. At the fine-grained scale, a graph embedding module
captures local structural dependencies and cross-channel correlations. We do not claim that multi-scale
windowing, Graph VAE, or uDTW is newly invented in isolation. The main novelty lies in organizing these
components into a lag-aware anomaly detection framework, where explicit lag estimation, uncertainty-aware
normal-pattern matching, and graph-based local structural modeling play distinct roles.

The main contributions of this paper are summarized as follows:

o We develop a multi-scale anomaly detection framework for time series with exogenous or auxiliary
contextual inputs. Different from a simple multi-branch fusion design, the proposed framework assigns
different modeling roles to the two temporal scales: the coarse-grained branch handles lag-enhanced
global normal-pattern matching, whereas the fine-grained graph branch captures local structural
deviations and channel-wise dependencies.

«  We introduce an explicit lag-enhancement mechanism before uDTW-based matching. The lag align-
ment module estimates soft delayed responses from exogenous or contextual inputs to endogenous
variables within a predefined lag range, and constructs lag-compensated contextual representations.
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In this design, uDTW [20] is used only as an uncertainty-aware distance for matching lag-enhanced
windows against the normal reference library, not as a direct lag estimator.

«  We evaluate the method under three complementary input settings: proxy auxiliary context on MSDS,
controlled native exogenous variables on the Linear Dataset, and operational context on SWaT. In
addition to the main baseline comparison, we report MLP-enhanced baselines, DT W-variant replace-
ment, auxiliary-input removal, single-scale and reversed scale-module variants, learned-lag analysis,
reference-library size sensitivity, and computational cost.

The remainder of this paper is organized as follows. Section 2 reviews related work on time-series
anomaly detection, exogenous variable modeling, application-domain monitoring, and DTW-based align-
ment methods. Section 3 presents the proposed EMS-uDTWAD framework and describes each module in
detail. Section 4 reports the experimental setup, comparative results, ablation studies, robustness analysis,
visualization results, and parameter sensitivity analysis. Section 5 concludes the paper and discusses future
research directions.

2 Related Work

2.1 Time Series Anomaly Detection

Time-series anomaly detection has been studied in both univariate and multivariate forms. Existing
methods include classical time-series similarity approaches [5], statistical and machine-learning outlier-
detection methods [6-8], deep learning models [12,21,22], and time-series foundation models [23].
Prediction-based models estimate future values and detect large prediction errors; reconstruction-based
models identify samples that cannot be well reconstructed; contrastive-learning methods enlarge the repre-
sentation gap between normal and abnormal patterns. For example, CSLSTMs [21] uses noise decomposition
and contextual information, CATCH [22] exploits frequency-wise patching and adaptive channel correla-
tions, DCdetector [12] learns contrastive representations from latent temporal patterns, and MOMENT [23]
provides a foundation-model-based time-series representation. Recent studies further improve robustness
and multi-scale representation through bidirectional consistency discrimination for soft-sensor attack detec-
tion [15] and decomposition-based multi-scale Transformers [16]. However, these methods mainly model
the observed endogenous variables. When a normal operating change is caused by a delayed contextual
response, the detector may still assign a high anomaly score if the contextual input is not aligned with the
endogenous response.

2.2 Exogenous Variable Modeling in Time Series

Exogenous variables are widely used in time-series forecasting to improve prediction under hetero-
geneous operating conditions. For example, building on the Transformer architecture [24], TimeXer [18]
introduces exogenous variables into Transformer-based forecasting through tokenization and cross-
attention, and GCGNet [25] jointly models temporal dependencies and variable correlations. However, these
studies mainly focus on forecasting rather than anomaly detection. When exogenous effects appear with
temporal delays, direct concatenation or synchronous modeling may fail to capture the delayed response
between contextual inputs and endogenous variables. Therefore, anomaly detection models need to use
auxiliary inputs in a lag-aware manner to distinguish true anomalies from normal delayed responses.

2.3 Application-Domain Monitoring with Contextual Inputs

Time-series anomaly detection is closely related to IoT and industrial monitoring. IoT systems con-
tinuously collect heterogeneous sensor streams, where abnormal patterns may arise from device faults,
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communication instability, abnormal operation, or environmental changes [2,26,27]. In such monitoring
settings, contextual factors such as operating state, workload, control actions, communication conditions,
and environmental changes can influence the observed variables. However, most application-domain studies
either use such context as synchronous covariates or focus on system-specific prediction and diagnosis.
The delayed response between contextual inputs and monitored variables is still less explicitly modeled in
anomaly detection, which motivates the lag-enhanced design of EMS-uDTWAD.

2.4 Dynamic Time Warping and Its Variants

Dynamic Time Warping (DTW) [19] is a sequence alignment method that establishes correspondences
between elements of two sequences according to the minimum-distance principle, and it is commonly used
to evaluate sequence similarity. However, DTW suffers from non-differentiability and sensitivity to noise,
which limits its practical applicability. In contrast, soft dynamic time warping (sDTW) [28] introduces a
smoothing parameter to define a differentiable soft-DTW distance, thereby alleviating, to some extent, the
non-differentiability of DTW and its excessive sensitivity to noise. sDT'W has achieved promising results in
tasks such as action recognition and time series forecasting, yet it still has certain limitations. For example,
noise and outliers may still cause sSDTW to fall into poor local optima. Uncertainty-aware dynamic time
warping, namely uDTW, incorporates uncertainty estimation into the dynamic time warping process to
improve the robustness of sequence alignment [20]. Unlike the aforementioned methods, uDTW generates
a corresponding variance for each time step to characterize uncertainty and constrains variance estimation
through a regularization term, thereby reducing the interference of noise and outliers with sequence align-
ment results. Here, y denotes the smoothing coeflicient; a larger y leads to weaker differences among path
costs. —d shows the alignment heatmaps of uDTW and sDTW under different smoothing coefficients
y. As y increases, more candidate paths are incorporated into the computation, and the visualization
gradually becomes blurred or even bifurcated. When y is small, the selected path more closely resembles the
hard alignment path of conventional DTW. In particular, the bifurcation phenomenon observed in the figure
suggests that uDTW can preserve multiple plausible alignment paths in uncertain regions, which may help
reduce the adverse effects of noise interference and local misalignment. In this study, uDTW is adopted for
uncertainty-aware sequence matching between lag-enhanced windows, while exogenous-to-endogenous lag
estimation is handled by the preceding lag alignment module. These observations motivate the controlled
DTW-variant comparison reported later in
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Figure 2: Comparison of alignment heatmaps generated by uDTW and sDTW with different values of the smoothing
coefficient y: (a) uDTW with y = 0.01; (b) uDTW with y = 0.1; (¢c) sDTW with y = 0.01; (d) sDTW with y = 0.1. Brighter
red regions indicate higher normalized alignment intensity.
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3 Methodology

In anomaly detection with exogenous or contextual inputs, given the endogenous observation window
xendo ¢ RNXT and the exogenous input window X¢*° € RP*7, the objective is to construct an anomaly
detection function that outputs an anomaly score s; € R and a window-level anomaly label y; € {0,1}. Here,
N and D denote the numbers of endogenous and exogenous variables, respectively, and T denotes the
window length. The detection function is formulated as

(1> yi) = F (X0, X5°). 1)

For notational simplicity, X{** denotes either native exogenous variables or auxiliary contextual inputs,
depending on the dataset. When true exogenous variables are unavailable, as in MSDS, this term refers only
to proxy auxiliary context rather than to an independent external driver. The interpretation of the learned
delayed response is therefore dataset-dependent.

EMS-uDTWAD performs multi-scale anomaly modeling by separating three operations: exogenous-
to-endogenous lag alignment, uDTW-based normal-pattern matching, and fine-grained graph-structural
modeling. Fig. 3 illustrates the overall framework of the proposed method, which mainly consists of four
modules: the multi-scale windowing module, the graph embedding module, the lag alignment and uDTW
matching module, and the score fusion and anomaly decision module.
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Figure 3: Overall framework of the proposed multi-scale time-series anomaly detection method. The coarse-grained
branch first performs exogenous-to-endogenous lag alignment and enhancement, and then applies uDTW matching
to compare the lag-enhanced test window with the normal reference library.

3.1 Overall Architecture Overview

EMS-uDTWAD first normalizes the endogenous and contextual inputs with instance normaliza-
tion [29] and then generates right-aligned fine-grained and coarse-grained windows. The two scales are
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used for different purposes. The fine-grained branch builds a learned adjacency representation from local
joint windows and uses a Graph VAE to obtain the graph-structure anomaly score s®). The coarse-grained
branch first estimates delayed contextual responses within a predefined lag range. The resulting lag-enhanced
windows are encoded by a 1D convolutional layer, processed by SigmaNet for time-step-level uncertainty
estimation, and compared with the normal reference library using uDTW. The minimum normalized
uDTW distance gives the global anomaly score SEU). The two normalized scores are then fused with a
validation-selected weight, and the final threshold is estimated from normal validation samples.

3.2 Multi-Scale Windowing Module

The multi-scale windowing module aims to construct fine-grained and coarse-grained temporal rep-
resentations of endogenous and exogenous variables, thereby providing multi-scale inputs for subsequent
modeling. Specifically, instance normalization [29] is first adopted to reduce distributional differences
between different variables. Then, the endogenous variable X.,4, and the exogenous variable Xy, are fed
into the sliding window generator.

Let the input time series be denoted as Xengo € RY*! and Xy, € RP*L, respectively. The sliding window
operation is performed using a window size W and a window stride S. Here, W is set to Wgine or Weoarse
according to the temporal scale. Each window contains W consecutive time steps, and adjacent windows are
separated by S time steps. After the sliding window operation, Xendo € RV*WXC and Xeyo € RP*WXC can be
obtained as follows:

Xendo = Window (Xendo; W, S),  Xexo = Window (Xexo; W, S), (2)

where W denotes the window size, S denotes the window stride, and C denotes the number of generated
windows. To characterize different temporal scales, Wiy is defined as the fine-grained window size, while
Weoarse is defined as the coarse-grained window size. The relationship between them can be expressed as

Wcoarse = Avvfine) A > 1 (3)

where A is the scale factor, which is typically set to 2 or 4.

Subsequently, the windowed representations Xendo and Xey, are concatenated along the variable
dimension. This process can be formulated as

S = (X:endo) c R(N+D)><W><C’ (4)

exo

where S denotes the concatenated joint window sequence, with dimensions of (N + D) x W x C. Further-
more, S can be regarded as consisting of C windows, where the c-th window is denoted as §() ¢ RIN+D)xW
c=1,2,...,C. For different temporal scales, W = Wy, and W = W, are respectively adopted, and the
above sliding window and concatenation procedures are repeated. As a result, the fine-grained joint window
sequence S and the coarse-grained joint window sequence S<°™*¢ are obtained. These two sequences
are then fed into the graph embedding module and the lag alignment and uDTW matching module for
fine-grained and coarse-grained anomaly modeling, respectively.

To ensure score-level correspondence between the two branches, this study adopts a right-aligned
multi-scale window pairing strategy. The fine-grained and coarse-grained windows are aligned to the same
ending time point instead of sharing the same starting index. In this way, the fine-grained branch describes
recent local variations, while the coarse-grained branch provides longer contextual information for the same
detection position.
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Specifically, the ending index of the c-th paired sample is defined as

bc = ‘/\fcoarse+(c_1)s, C:1,2,...,C. (5)

The corresponding coarse-grained window and fine-grained window are defined as

Wioarse = {bc - Wcoarse + 1’ s bC}’ (6)
and
W = b~ Wine +1,..., b} (7)

The number of paired windows is determined by the coarse-grained window size:

L- coarse
c- [+J . (8)

Thus, the c-th fine-grained window and the c-th coarse-grained window correspond to the same ending
time point b.. This pairing strategy provides a clearer correspondence between the two branch-level scores
and does not introduce future information.

3.3 Graph Embedding Module

The graph embedding module is responsible for channel-wise dependency modeling in EMS-
uDTWAD. It captures fine-grained structural dependencies among endogenous and exogenous variables
through a learned adjacency representation, thereby enabling fine-grained anomaly detection. In this
module, each node corresponds to a variable representation within a fine-grained window, and the edge
weights describe the latent dependency strength between different variables in the same window. First, each
fine-grained joint window ($1"¢)(¢) is fed into an embedding layer, where each variable within the current
window is mapped into a vector representation. Let H f(i;)e € RM*ds denote the node embedding matrix of the
c-th fine-grained window, where M = N + D is the number of endogenous and exogenous variables, and d,
is the embedding dimension. The embedding representation is obtained as follows:

H(C )

fine

= Embedding ((Sﬁne)(c)) . )

Subsequently, an adjacency matrix is constructed based on the above vector representation to jointly
characterize temporal dependencies and channel-wise correlations:

T
A, = ELu ((Hw) (HEws) ). (10
where Wy, W, € R%*9e are learnable projection matrices, and AE;&, e RM*M represents the learned depen-

dency matrix among variables in the c-th fine-grained window.

To ensure the symmetry of the graph structure, the adjacency matrix is symmetrized as follows:

qo_1 (A(c) +(A9) )T). (11)

2 raw raw

Thus, the matrix A() is obtained. The elements of A(®) describe the latent dependencies among variables
within the ¢-th fine-grained window, thereby reflecting the local temporal patterns encoded by each variable
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representation and the cross-channel correlations among variables. Furthermore, A() is fed into a graph
variational autoencoder (Graph VAE) [30] to obtain the reconstructed graph A The reconstruction loss
is defined as

£$) =|

A© - 40 (12)
The Kullback-Leibler (KL) divergence regularization term is defined as
£ = Dy (g (241 A9) | p(240)). (13)

The total loss function is defined as
Lo=+ f: (£5) + 1L, (14)
C c=1
where 7 is the weight coeflicient used to balance the reconstruction loss and the KL-divergence regularization
term. By minimizing the loss function Lg, the graph embedding module and the Graph VAE module can
be jointly trained.

In the testing stage, a library of reconstructed normal graphs is first constructed using normal training
windows. Then, the reconstructed graphs generated from the test set are matched with this library through
nearest-neighbor matching. The anomaly score of the graph branch is defined as

(@)

s Agtest) _ Agtrain)

(15)

= min H .
r F
Finally, the distribution of anomaly scores is estimated on normal samples from the validation set, and
the anomaly decision threshold is determined accordingly.

3.4 Lag Alignment and uDTW Matching Module

This module contains two consecutive operations: lag alignment and uDTW-based matching. The lag
alignment step first estimates delayed responses from exogenous channels to endogenous channels at the
coarse-grained scale and constructs lag-enhanced joint windows. The uDTW step then compares each lag-
enhanced test window with lag-enhanced normal windows in the reference library. Thus, uDTW is used
to compute an uncertainty-aware deviation score, rather than to estimate inter-channel lags or construct
channel-wise dependencies.

For the c-th coarse-grained window generated in Section 3.2, the endogenous and exogenous compo-
nents are denoted as

c RNX Wcoarse) X(C) c RDXWcoarse, (16)

€X0

){(C)

endo

where N and D denote the numbers of endogenous and exogenous variables, respectively. To represent
possible delayed responses from exogenous variables to endogenous variables, a maximum lag K,y is
introduced, and the candidate lag set is defined as

K =1{0,1,...,Knax - 17)
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For each exogenous channel d and candidate lag k, the shifted exogenous sequence is defined as

x5 () = shift (x ), k), (18)
where Shift(-, k) shifts the exogenous sequence backward by k time steps. Boundary positions introduced by
shifting are handled using a temporal mask to avoid using invalid observations. The shifting operation uses
only the exogenous observations within the current coarse-grained window and does not introduce future
information beyond the detection endpoint.

For each endogenous channel #, a lag-relevance score is computed between the endogenous sequence

and each lagged exogenous candidate:
do, ,

ey = 80 (5O x50), (19
where gy(-) denotes a learnable lag-relevance scoring function. To avoid losing the temporal correspon-
dence introduced by the candidate lag k, the two sequences are not pooled independently. Instead, for
each valid time position, the endogenous value and the lag-shifted exogenous value are first paired as
(xendo,(c) exo,(c)

.t , X, 1 ). Lag-specific interaction features, including the paired values, their absolute difference,
(e)

and their product, are then aggregated over valid positions and fed into a lightweight MLP to producee, / .
In this way, the score is computed from lag-dependent paired observations rather than from shift-invariant
marginal summaries. The corresponding lag weights are obtained by a softmax operation:

() xp (e,(ffz,k)

mdik " SD Ko © Y
Ldr=1 Lo €XP <en,d’,k’)

a (20)

To make the estimated lag relationship explicit for each exogenous-endogenous channel pair, the lag
weights are further normalized over the candidate lag set:

(c)
al _ ndk
H,d,k B Kmax (C)
2o G T E

(21)

The soft lag from the d-th exogenous channel to the n-th endogenous channel in the c-th window is
then defined as
KmBX
SRR

d d.k- (22)
k=0

The value of %fle gives an interpretable estimate of the delayed response associated with this exogenous-

endogenous channel pair. These lag weights are then used to form a lag-compensated exogenous response.
For each endogenous channel, the shifted exogenous candidates are aggregated using their learned weights,
so that the subsequent uDTW branch receives a delayed-response representation rather than a purely
synchronous concatenation.

Based on the learned lag weights, the lag-compensated exogenous response associated with the n-th
endogenous channel is constructed as

D Kmax

() _ (¢) exo,(c)

el = dz kZ @y g MokXy s (23)
=1 k=0
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where m;, ; € {0,1} is the temporal mask indicating whether the shifted value x;}ff_’(kc) is valid. By stacking

the lag-compensated responses of all endogenous channels, the lag-compensated exogenous representation
is obtained as

(e) _ [ <c)]N’WW NX Weoarse
Ri. = | _ eR . (24)

The final lag-enhanced coarse-grained joint window is constructed by concatenating the endogenous
window, the original exogenous window, and the lag-compensated exogenous response:
( )
Sty = Concat (X{o),, X(), R . (25)

This representation preserves the original observations while explicitly incorporating the delayed
exogenous response associated with endogenous variables.

Specifically, for the lag-enhanced coarse-grained joint window Sl(:g) , this study adopts a window-wise
convolution strategy to extract local temporal contextual features, thereby providing more discriminative
semantic representations for subsequent uDTW-based matching. A one-dimensional convolution operation
with shared parameters is applied as follows:

H) = ConviD (s()), H R, c=12,...,C, (26)

where d denotes the number of output channels of the convolutional layer, and p’ denotes the temporal
length after convolution, which is determined by the kernel size, stride, and padding strategy. Since
all windows share the same set of convolutional parameters, the above operation can learn consistent
local temporal representations across different time windows. To preserve time-step-level information and
maintain consistency with the subsequent uncertainty estimation and uDTW-based matching process, this
study does not perform pooling compression along the temporal dimension. Instead, the convolutional
output of the c-th window is directly used as its latent sequential feature representation, denoted as

7@ _g© 7@ -1 .C, (27)

where Z(¢) represents the latent time-series feature representation of the c-th window after one-dimensional
convolution, and each row corresponds to the feature vector of one time step.

Subsequently, the SigmaNet uncertainty estimation module incorporates time-step-level uncertainty
into the feature modeling process. For each time step in the c-th window, it estimates a d-dimensional
uncertainty representation, resulting in the time-step-level uncertainty representation U(°):

U = SigmaNet (Z(C)) , U e Rplx‘i, c=12,...,C, (28)

where U(®) is temporally aligned with the latent feature Z(<), and is used to characterize the uncertainty
level of the feature representation at each time step. For any pair of input sequences, this study further
constructs a paired uncertainty matrix X based on their time-step-level uncertainty representations. This
matrix is combined with the distance matrix between latent features to perform uncertainty-aware uDTW-
based matching.

After obtaining the latent feature Z(¢) and the time-step-level uncertainty representation U(®) of the c-th
window, this study further constructs the paired uncertainty matrix X. The transformed uncertainty matrix
and the feature distance matrix are then jointly fed into the uDTW module. During training, the distance loss
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L, and the uncertainty regularization term £, produced by uDTW are used to jointly optimize the feature
extraction network and the uncertainty estimation network. In this way, the model can learn a more stable
representation for uncertainty-aware matching between lag-enhanced coarse-grained windows. Following
the uncertainty-aware DTW formulation in uDTW [20], the similarity learning objective is formulated as
follows:

min 30 (aDTW (D (¥5,%)) 2 (%, %)) . 8,) B0 (5 (¥, %)), @)

where ¥, = ConVID(Sl(a?;p) and ¥, = Conle(SI'igq);p) denote the feature representations of the g-th pair
of lag-enhanced windows obtained by the feature extraction network, respectively. §, denotes the similarity
indicator of the sample pair, and § is the weight coefficient of the uncertainty regularization term. D('¥y, ¥7)
denotes the distance matrix constructed from the two sequence feature representations. X(¥,, ¥, ) denotes
the corresponding uncertainty matrix, and X, (¥,, '¥;) denotes the transformed uncertainty matrix used to
weight the local matching cost in the uDTW-based matching process. In this study, the sample-pair indicator
0,4 is constructed only from normal training windows. Two windows are treated as a similar pair if their
starting indices are within a predefined temporal neighborhood or if one window is generated from the other
through data augmentation. Windows sampled from distant temporal positions are regarded as dissimilar

pairs. This pair construction process does not use anomaly labels, thereby avoiding label leakage.
This objective jointly optimizes the uDTW matching distance and uncertainty regularization.

The transformation from X to X, is used to ensure that the uncertainty weights remain positive and
numerically stable during uDTW-based matching.

For the construction of %, this study follows the independent variance modeling strategy in uDTW [20]
for different time points, which is defined as

== (0" (Vimipo) + 0 (V;;pg)](m,n)eITxI,/ , (30)

NS

where I; and I» denote the temporal index sets corresponding to the two sequences, respectively. v,, and v/,
denote the feature vectors of the two sequences at the m-th and n-th time steps, respectively. The function
0%(:;ps) denotes the variance estimation mapping implemented by SigmaNet, which takes the time-step
feature vector as input and outputs the corresponding uncertainty estimation. This study assumes that the
variances at different time points are mutually independent, and constructs the overall uncertainty matrix
Y accordingly.

In the testing stage, a normal reference library is constructed using lag-enhanced windows extracted
from the normal training set. Each lag-enhanced test window is then matched with every reference window
in the normal reference library, and the minimum normalized uDTW distance is taken as the global anomaly
score. The final anomaly score is defined as

. uDTW (Tliag, leag)
55 )= min , (31)
e R L;;

lag

where Rj,; denotes the normal reference library constructed from lag-enhanced normal windows, 7;

denotes the i-th lag-enhanced test window, and T;ag denotes the j-th lag-enhanced normal window in
the reference library. L; ; denotes the length of the uDTW matching path between Tliag and Tiag, which is

used to normalize the uDTW distance. For simplicity, uDTW (7,%, T;ag) denotes the weighted matching
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distance calculated after lag enhancement, feature extraction, and uncertainty estimation. After obtaining the

anomaly score, the final anomaly decision is made using a threshold estimator. Accordingly, SSU)

the deviation of a lag-enhanced test window from the normal reference library. The uDTW operation is not
used to estimate the exogenous-to-endogenous lag; that role is assigned to the preceding lag alignment step.

measures

3.5 Score Fusion and Anomaly Decision Module

Within the proposed framework, the uDTW branch is designed to describe global normal-pattern
deviations in lag-enhanced coarse-grained windows, whereas the graph embedding branch is introduced
to capture fine-grained structural deviations in temporal interactions and cross-channel correlations. Since
these two branches characterize anomalous behavior from global and local perspectives, respectively, they
provide complementary information. Accordingly, their anomaly scores are integrated to enhance the
stability and reliability of the final decision.

Let SSU) denote the global anomaly score produced by the uDTW branch for the i-th test window, and

let SEG) denote the local anomaly score generated by the graph embedding branch. Because the two scores
may lie on different numerical scales, they are first normalized as follows:

§§U) = Norm(st)), §EG) = Norm(ng)) , (32)

where Norm(-) denotes min-max normalization computed from the statistics of normal samples in the
validation set, which is defined as

X — Xmin

Norm(x) = (33)

5
max ~ Xmin t €
where Xpin and Xy, represent the minimum and maximum values of the corresponding branch on normal
samples in the validation set, respectively, and ¢ is a small constant introduced to avoid division by zero.

After normalization, the global and local scores are combined through weighted summation, yielding
the final anomaly score for the i-th test window:

si=ai 4+ (1-0)89, ae[o,1], (34)
where a controls the relative contributions of the global and local branches. In the main experiments, « is

selected from {0,0.1,...,1.0} on the validation set for each dataset and is then fixed before test evaluation.

For anomaly decision, the distribution of fused scores on normal validation samples is first estimated,
and the decision threshold is then determined using a high-percentile rule. Let {s } 1y denote the set of
fused anomaly scores associated with normal samples in the validation set, where } denotes the index set of
normal validation samples. The threshold 6 is defined as

6 = Percentile ({sk } kev)s (35)

where Percentile, (-) denotes the g-th percentile of the score distribution. In practical settings, q is typically
chosen as 95 or 99.

Once 0 is obtained, the anomaly label is assigned according to the comparison between the final score
and the threshold:

B 1, S;i > 8, (36)
1= 0, s;<0,
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where y; =1 indicates that the i-th test window is classified as anomalous, while y; =0 indicates a
normal window.

Because anomaly scores are initially produced at the window level, they are further mapped back to the
original time axis according to the temporal span covered by each paired multi-scale window. For the i-th
paired window, let b; be its ending index. Its temporal range is then defined based on the coarse-grained
window as

Ti= {bi_ ‘/Vcoarse"'l,---,bi}. (37)
For any time point ¢, let Z(t) denote the set of windows that cover ¢:
(1) ={ilteTi}. (38)

The point-wise anomaly score is obtained by aggregating the scores of all windows covering that time
point in a weighted manner:

ZiEI(t) Wi,tSi

, (39)
DlieT(t) Wit + €

Sy =

where w; ; denotes the contribution of the i-th window to time point ¢, and ¢ is a small constant used to
avoid division by zero. Boundary time points not covered by any coarse-grained window are excluded from
point-level evaluation. In this work, the weight is determined according to the distance between ¢ and the
center of the corresponding coarse-grained window:

|lL - mi| Wcoarse -1 vvcoarse -1

wip=1-—"", m=b; - —— = 40
it T,‘+1 i i 2 i 2 ( )

Finally, the point-level threshold 6, is estimated from the aggregated point-wise anomaly scores of
normal validation samples, and the final point-level anomaly label is determined as

1, St > BP,
= 41
yt {0, St S Qp. ( )

4 Experiments and Results

This section evaluates EMS-uDTWAD on two real-world datasets and one synthetic dataset. We
describe the datasets, baselines, evaluation protocol, implementation details, comparative results, and
model analyses.

4.1 Datasets

The three datasets cover complementary settings, as summarized in Table 1. MSDS provides a real-
system proxy auxiliary-context setting, the Linear Dataset provides controlled native exogenous variables
with anomalous interventions, and SWaT provides real industrial operational-context inputs.

This dataset design is intended to cover three complementary evaluation conditions rather than to
claim that all real-world datasets contain native exogenous-variable annotations. The Linear Dataset provides
a controlled setting with known exogenous drivers, MSDS evaluates whether proxy auxiliary context can
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improve detection on a real system dataset, and SWaT evaluates whether operational control-state informa-
tion can be exploited in a real industrial process. This distinction is important because the contribution of
each auxiliary input should be interpreted according to its source and role in the corresponding dataset.

Table 1: Characterization of the datasets used in this study.

Dataset Type Endogenous Context Input Role
Proxy auxiliar
MSDS Real system data System metrics Y Y Proxy-context setting
context
. . Controlled
_ _ Simulated Native exogenous .
Linear Dataset  Synthetic data . . native-exogenous
endogenous series variables _

setting
SWaT Real industrial Process Actuator/control-state  Operational-context

process data measurements variables setting

Note: MSDS does not provide native exogenous-variable columns and is used only as a proxy auxili ary-context setting.
SWaT does not provide official exogenous-variable annotations, but its actuator and control-state variables provide real
operational context for industrial anomaly detection.

The MSDS (Multi-Source Distributed System) dataset was constructed by Nedelkoski et al. [31] based
on an OpenStack testbed, in which fault-injected samples are labeled as anomalies. Since MSDS does not
provide native exogenous-variable columns, this study uses it only as a real-world proxy auxiliary-context
setting. The constructed load-fluctuation proxy is intended to represent auxiliary contextual changes rather
than a genuine external driving variable.

The Linear Dataset [32] exhibits linear interactive dynamics. Its endogenous variables are driven by
corresponding exogenous variables, and anomalous samples are generated by injecting point anomalies and
sequential anomalies. This dataset is used to evaluate the proposed method under a controlled setting with
native exogenous variables.

The SWaT dataset [33] is collected from a six-stage water treatment testbed and contains both normal
operation data and attack data. In this study, continuous process measurements, such as flow, level, pressure,
and analyzer readings, are treated as endogenous variables, whereas actuator and control-state variables, such
as pumps, valves, and ultraviolet devices, are used as operational contextual inputs. These variables are not
treated as officially annotated exogenous variables; instead, they provide operational context for evaluating
whether the proposed model can exploit control-state information in a real industrial process.

4.2 Baseline Methods and Evaluation Metrics

The proposed model is compared with six representative methods, including Informer [13], TFAD [34],
Anomaly-Transformer [14], FCVAE [9], KAN-AD [35], and sDTW [28]. Among them, Informer is an
attention-based forecasting model; TFAD is an analytical model that integrates time-domain and frequency-
domain modeling; Anomaly-Transformer applies the Transformer architecture to unsupervised outlier
detection; FCVAE reconstructs sequences through a frequency-conditioned variational autoencoder; KAN-
AD is a lightweight forecasting-based model; and sDTW alleviates the difficulty of backpropagation in DTW
by introducing a smoothing parameter.

For baseline comparison, two versions of each baseline are evaluated. The first version follows the
original input setting and model structure of the corresponding method. The second version, denoted as
“+MLP’ uses a lightweight two-layer MLP to fuse the auxiliary contextual input with the endogenous
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representation before it is fed into the detection model. This setting allows the baselines to access the
same type of auxiliary input as EMS-uDTWAD, but it is reported separately because it changes the input
representation of the original baseline.

The original and MLP-enhanced versions are tuned separately using the same training, validation, and
test split. Hyperparameters, early stopping, and threshold selection are determined only on the validation
set, and the selected configuration is fixed before test evaluation. This validation protocol is applied to all
baselines and to both original and MLP-enhanced versions. No test labels are used for model selection.

Precision, Recall, and Fl-score are used for evaluation, and Fl-score is treated as the primary metric.
Therefore, the main comparison and model analysis tables report F1 scores for compactness.

To ensure consistency with commonly used evaluation protocols in time-series anomaly detection, the
point-adjust technique [36] is adopted. According to this rule, if any time point within an anomalous segment
is correctly identified, all anomalous points in that segment are regarded as successfully detected. It should
be noted that point-adjusted evaluation may lead to relatively optimistic performance estimates; therefore,
all compared methods are evaluated under the same protocol to ensure fairness.

4.3 Implementation Details

The proposed method was implemented in PyTorch [37] and trained using the Adam optimizer [38]
with a learning rate of 1 x 107>, All experiments were conducted on a workstation equipped with an NVIDIA
A800 GPU. Inference time was measured after model loading under the same software environment,
excluding data preprocessing, file I/O, and visualization. For EMS-uDTWAD, reference-library features were
precomputed from normal training windows before inference. Memory cost was measured by considering
model parameters, cached reference-library representations, and peak GPU memory during test-window
inference. For the MSDS, Linear Dataset, and SWaT, the fine-grained window size was set to Wgipe = 32,
and the coarse-grained window size was set to Weoarse = 128. The window stride was set to S = 16 for both
fine-grained and coarse-grained window generation. Fine-grained and coarse-grained windows were paired
using the right-aligned strategy described in Section 3.2, so that both branches produced anomaly scores
for the same ending time point. For the baseline experiments, both the original baseline version and the
corresponding MLP-enhanced version are implemented. In the original version, each baseline follows its
original input setting and model structure. In the MLP-enhanced version, the endogenous representation
and the auxiliary contextual representation are concatenated along the feature dimension and then passed
through a two-layer MLP fusion module. The MLP contains one hidden layer, a ReLU activation function,
and an output projection layer. The hidden dimension is selected from {32, 64,128} on the validation set.

For each baseline, the original version and the MLP-enhanced version are tuned independently under
the same validation protocol. The learning rate is selected from {1x107%,5 x 107%,1 x 107*}, the batch size
is selected from {32,64,128}, and the threshold percentile g is selected from {95,99}. The maximum
number of training epochs is set to 100, with early stopping based on the validation loss and a patience of
10 epochs. After validation-based selection, the chosen configuration is fixed and evaluated on the test set.
No test labels are used for model selection or threshold determination. Since S < Wrine < Weoarse, adjacent
windows overlap, which helps preserve temporal continuity and allows window-level anomaly scores to
be projected back to the original time axis. During inference, point-level anomaly scores are obtained by
weighted aggregation of overlapping window scores, and the point-level decision threshold is estimated from
the validation set. This setting corresponds to A = 4, and the effect of alternative window-size combinations
is further examined in the parameter sensitivity analysis. The weight coefficient of the KL regularization
term, 7, was set to 0.1, while the trade-off coeflicient of the uncertainty regularization term, 3, was set to
0.1 to control the contribution of the uncertainty regularization term to the overall loss. The branch fusion
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coefficient o was selected from {0,0.1,...,1.0} based on the validation-set F1 score for each dataset. The
selected values were a = 0.7 for MSDS and « = 0.6 for the Linear Dataset and SWaT. The effect of « is further
reported in the sensitivity analysis. All hyperparameters were selected based only on the validation set, and
the selected configuration was fixed before evaluation on the test set.

From the perspective of the structural causal model (SCM), this study defines endogenous and
exogenous variables as follows. The observable multivariate time series is regarded as the endogenous
variable, whereas external disturbance factors that drive system evolution are regarded as exogenous
variables. For the MSDS dataset, the original data do not explicitly provide independent exogenous-variable
columns. Therefore, this study constructs a proxy auxiliary-context variable to reflect short-term system-level
fluctuations. This proxy is not regarded as a genuine external driving variable, but is used only to evaluate
whether auxiliary contextual information can improve anomaly detection on a real-world system dataset.
Specifically, the observable system metrics are first normalized using the statistics of the training set. Let
kt(j ) denote the normalized value of the j-th system metric at time step t. The load-fluctuation proxy v, is
calculated as

1

N ) )
D RO

j=1

bl t:2)"')L) (42)

where N denotes the number of observable system metrics. For the first time step, v is set to 0. This proxy
is used only to represent short-term system-level fluctuation derived from observable metrics; it is not an
independent external driver. It does not use anomaly labels or fault-injection information. Therefore, label
leakage is avoided during model training and evaluation. The 10-dimensional observable system metric
sequences in MSDS are treated as endogenous variables, while the constructed load-fluctuation proxy is

treated as proxy auxiliary context. For the Linear Dataset, the endogenous variables are defined as xt(l), xt(z),

xt(3), and xt(4), and the exogenous variables are defined as vt(l), ng)’ v§3), and v§4). The anomaly term egi)

represents an anomalous intervention on the exogenous variables.

For SWaT, the normal-operation data are used for training and validation, and the attack data are used
for testing. The training portion is further divided into training and validation subsets at a ratio of 8:2. The
“Normal/Attack” labels are used only for evaluation and are not used during model training. Continuous
sensor measurements are treated as endogenous variables, while actuator and control-state variables are
treated as operational contextual inputs. All continuous variables are normalized using the statistics of the
training set, and the same normalization parameters are applied to the validation and test sets. Discrete
actuator-state variables are retained as categorical or binary operational context features.

For the DTW-variant comparison, three versions of the proposed framework were evaluated: EMS-
DTWAD, EMS-sDTWAD, and EMS-uDTWAD. They share the same window sizes, lag alignment module,
graph embedding module, score fusion strategy, and threshold estimation. EMS-DTWAD uses conventional
DTW in the coarse-grained matching branch, EMS-sDTWAD uses sDTW, and EMS-uDTWAD uses uDTW
with time-step-level uncertainty estimation.

For the auxiliary-input removal analysis, an endogenous-only variant was evaluated. In this variant,
the exogenous or auxiliary contextual inputs are removed from both branches. The graph branch constructs
the adjacency representation using only endogenous variables, and the coarse-grained branch performs
reference-library matching using only endogenous windows. The lag alignment step is disabled because no
exogenous candidate sequence is available. The data split, window sizes, score fusion strategy, and threshold
estimation are kept the same as those of EMS-uDTWAD.
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For the MLP contextual-fusion removal analysis, the lightweight MLP-based contextual transformation
is removed and replaced by direct concatenation followed by a linear projection. The remaining lag
alignment, uDTW matching, graph embedding, score fusion, and threshold estimation procedures are
kept unchanged. This variant is used to test whether nonlinear contextual fusion contributes to the final
detection performance.

For the single-scale framework comparison, both branches are retained but the fine/coarse temporal
separation is removed. Specifically, the graph embedding branch and the lag alignment with uDTW matching
branch use the same window length Wgjngle = 64, while the stride, auxiliary-input setting, score fusion
strategy, validation protocol, and threshold estimation are kept identical to those of EMS-uDTWAD. This
variant is used to examine whether the performance gain comes from the multi-scale temporal design rather
than only from using two detection branches.

For the module-scale pairing analysis, a reversed scale-module variant was evaluated. In this variant, the
lag alignment and uDTW matching branch is applied to fine-grained windows, while the graph embedding
module is applied to coarse-grained windows. The data split, window sizes, score fusion strategy, threshold
estimation, and validation protocol are kept the same as those of EMS-uDTWAD.

For the normal-reference-library size analysis, the size of R}, was varied by retaining 25%, 50%, 75%,
and 100% of the normal reference windows. The reference windows were selected only from the normal
training set, and the validation set was used to determine the final configuration. No test labels were used in
reference-library construction or model selection.

For the learned-lag analysis, the soft lag estimate %,(31 defined in Section 3.4 was recorded for each paired
endogenous-contextual channel and each coarse-grained window. For the Linear Dataset, a controlled
diagnostic setting was additionally constructed by assigning known delays between selected exogenous and
endogenous channels. The learned soft lags were then compared with the controlled lag values using the
mean absolute lag error. This diagnostic experiment was used only to evaluate whether the lag-alignment
module can recover controlled delayed relationships; it was not used for model selection. For MSDS and
SWaT, ground-truth lag annotations are unavailable. Therefore, we report representative learned-lag cases for
proxy/contextual and endogenous-response pairs, and interpret them as temporally plausible associations

rather than causal evidence.

4.4 Main Results

Table 2 compares EMS-uDTWAD with the MLP-enhanced baseline variants. EMS-uDTWAD obtains
F1 scores of 0.936 on MSDS, 0.996 on the Linear Dataset, and 0.918 on SWaT. The margins over the strongest
MLP-enhanced baseline are 2.0 percentage points on MSDS, 1.0 percentage point on the Linear Dataset,
and 0.8 percentage points on SWaT. The gain is moderate rather than overwhelming, but it is consistent
across the proxy-context, native-exogenous, and operational-context settings. The comparison is therefore
conservative, since the baselines are also allowed to use the auxiliary-context fusion module. Compared
with the standalone sDTW baseline, EMS-uDTWAD is also clearly better; a controlled replacement of DTW
variants is reported in Section 4.5.3.

We further report how MLP fusion affects each baseline by comparing the original version with its
MLP-enhanced counterpart. The results are reported in Table 3. The original baselines are evaluated without
the auxiliary-context fusion module, while the “+MLP” variants use the same fusion setting described
in Section 4.3. Both versions are tuned independently under the same validation protocol.
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Table 2: Fl-score comparison between EMS-uDTWAD and context-enhanced baseline methods on the three datasets.

Method MSDS Linear Dataset SWaT
Informer+MLP [13] 0.901 0.969 0.828
TFAD+MLP [34] 0.810 0.714 0.628
Anomaly-Transformer+MLP [14] 0.791 0.957 0.910
FCVAE+MLP [9] 0.916 0.829 0.805
KAN-AD+MLP [35] 0.905 0.986 0.878
sDTW+MLP [28] 0.754 0.507 0.628
EMS-uDTWAD 0.936 0.996 0.918

Note: “+MLP” denotes the baseline version with the same auxiliary-context fusion module. F1 denotes the F1 score.
Bold values indicate the best results, and underlined values indicate the second-best results.

Table 3: Effect of the MLP fusion module on baseline methods.

MSDS Linear Dataset SWaT
Method
Orig. +MLP A Orig. +MLP A Orig. +MLP A

Informer [13] 0.886 0901 +0.015 0956 0.969 +0.013 0.812 0.828 +0.016
TFAD [34] 0.798 0.810 +0.012 0.728 0.714 -0.014 0.641 0.628 -0.013
Anomaly-Transformer [14] 0.805 0.791 -0.014 0.942 0.957 +0.015 0.902 0910 +0.008
FCVAE [9] 0903 0916 +0.013 0.842 0.829 -0.013 0.817 0.805 -0.012
KAN-AD [35] 0.893 0905 +0.012 0.978 0.986 +0.008 0.862 0.878 +0.016
sDTW [28] 0.762 0.754 -0.008 0.519 0.507 -0.012 0.619 0.628 +0.009

Note: Orig. denotes the original baseline without the MLP fusion module. +MLP denotes the baseline version with
the same auxiliary-context fusion module. A denotes the Fl-score change after adding MLP fusion, computed as
Flimrp — Florig-

As shown in Table 3, the effect of MLP fusion varies across models and datasets. Informer and KAN-AD
benefit from the MLP fusion on all three datasets, while TFAD, FCVAE, and sDTW show mixed or negative
changes in some cases. Anomaly-Transformer also improves on the Linear Dataset and SWaT but decreases
on MSDS. These results indicate that MLP fusion is not a uniformly beneficial add-on; its effect depends
on the baseline architecture and the role of the auxiliary input. Together with the main comparison, these
results show that the evaluation does not depend on a single baseline setting. EMS-uDTWAD is compared
against context-enhanced baselines in the main table, while the original and MLP-enhanced versions are
both reported here under the same validation protocol.

4.5 Model Analysis and Discussion
4.5.1 Ablation Study

To evaluate the role of each component in EMS-uDTWAD, several ablation variants are tested: (a)
removing both the uDTW matching branch and the graph embedding module, and replacing them with
a simple VAE; (b) using only the coarse-grained lag alignment and uDTW matching branch, denoted as
the coarse-only variant; (c) using only the fine-grained graph embedding branch, denoted as the fine-
only variant; (d) removing the multi-scale temporal separation and using a single window length for both
branches, denoted as the single-scale framework; (e) reversing the module-scale assignment by applying the
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lag alignment and uDTW matching branch to fine-grained windows and the graph embedding module to
coarse-grained windows; (f) removing the auxiliary or contextual input and using only endogenous variables;
(g) removing the MLP-based contextual fusion and using direct concatenation with linear projection; and (h)
removing the explicit lag alignment mechanism while retaining synchronous concatenation of endogenous
and contextual inputs. The ablation results are reported in Table 4.

Table 4: Ablation study on the MSDS, Linear Dataset, and SWaT.

Variant MSDS F1 Linear F1 SWaT F1
w/o uDTW and GEM 0.564 0.536 0.517
Coarse-only (w/o GEM) 0.858 0.885 0.840
Fine-only (w/o uDTW) 0.731 0.754 0.762
Single-scale framework 0.914 0.984 0.898
Reversed scale-module pairing 0.872 0.927 0.878
w/o auxiliary/contextual input 0.902 0.941 0.879
w/0 MLP contextual fusion 0.912 0.976 0.891
w/o lag alignment 0.910 0.972 0.885
EMS-uDTWAD 0.936 0.996 0.918

Note: GEM denotes the graph embedding module. “w/o auxiliary/contextual input” removes native exogenous
variables, proxy auxiliary context, or operational contextual inputs according to the dataset. “w/o MLP contextual
fusion” replaces the MLP-based contextual transformation with direct concatenation and linear projection. Bold values
indicate the best F1 scores, and underlined values indicate the second-best F1 scores.

Table 4 shows that removing both the uDTW branch and the graph embedding module causes the
largest performance loss. The coarse-only and fine-only variants are also weaker than EMS-uDTWAD,
which supports the complementarity between coarse-grained lag-enhanced matching and fine-grained
graph modeling. More importantly, the single-scale framework performs worse than EMS-uDTWAD even
though both branches are retained. This result indicates that the gain comes not only from using two scoring
branches, but also from assigning distinct temporal resolutions to them.

The auxiliary-input removal variant further confirms the role of exogenous or contextual inputs. The
performance decrease is most visible on the Linear Dataset, where native exogenous variables are available.
On MSDS, the decrease should be interpreted as the effect of proxy auxiliary context rather than evidence
of native exogenous-variable modeling. On SWaT, the decrease indicates that actuator and control-state
variables provide useful operational context.

Removing MLP contextual fusion also reduces performance, although the drop is smaller than that
caused by removing the auxiliary input. This suggests that the auxiliary information is useful in itself, and
that MLP-based contextual transformation helps the model exploit it more effectively. The lower scores of
the reversed scale-module variant and the variant without lag alignment further support the current design,
where lag-aware uDTW matching is applied at the coarse scale and graph embedding is applied at the
fine scale.

4.5.2 Effect of Normal Reference-Library Size

Since the uDTW branch compares each test window with the normal reference library, the size of
Riag affects both detection performance and inference cost. To examine this effect, we vary the retained
proportion of normal reference windows from 25% to 100%. The results are reported in Table 5.
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Table 5: Effect of normal reference-library size on F1 score and inference time.

] ] MSDS Linear Dataset SWaT
Library Ratio
F1 Time (ms) F1 Time (ms) F1 Time (ms)
25% 0.899 0.94 0.961 0.73 0.884 1.17
50% 0.918 1.46 0.985 1.12 0.904 1.86
75% 0.931 2.03 0.993 1.55 0.914 2.55
100% 0.936 2.47 0.996 1.96 0.918 3.18

Note: Time denotes average inference time per test window. The 100% setting corresponds to the reference-library
sizes used in the main experiments, namely 768 for MSDS, 512 for the Linear Dataset, and 1024 for SWaT. Bold values
indicate the best F1 scores.

The reference-library size mainly controls the balance between matching coverage and latency. Using
only 25% or 50% of the library reduces inference time, but it also removes part of the normal-pattern diversity
needed for nearest-neighbor matching. The improvement becomes smaller from 75% to 100%, indicating
that a pruned library may be sufficient when latency is more important than the last fraction of F1 score.
The full library is therefore used in the main experiments, while library pruning remains a practical option
for deployment.

4.5.3 Effect of DTW Variants

To verify whether uDTW is necessary in the proposed pipeline, we further replace the uDTW-based
matching distance in the coarse-grained branch with conventional DTW and sDTW. All variants use the
same multi-scale windowing strategy, lag alignment module, graph embedding module, score fusion strategy,
and threshold estimation. The only changed component is the sequence matching distance used in the coarse-
grained branch. Therefore, this comparison isolates the contribution of uDTW-based uncertainty-aware
matching from the other components of EMS-uDTWAD.

Table 6 isolates the effect of the matching distance in the coarse-grained branch. EMS-uDTWAD gives
the highest F1 score on all three datasets, with gains of 0.026, 0.009, and 0.023 over EMS-DTWAD on
MSDS, the Linear Dataset, and SWaT, respectively. EMS-sDTWAD improves over conventional DTW on
MSDS and SWaT, but not on the Linear Dataset. This mixed result indicates that smoothing alone is not
always sufficient. The additional uncertainty term in uDTW gives a more stable matching cost when the
lag-enhanced windows contain local noise or distorted segments.

Table 6: Effect of DTW variants under the same multi-scale framework.

Variant MSDS F1 Linear F1 SWaT F1
EMS-DTWAD 0.910 0.987 0.895
EMS-sDTWAD 0.927 0.985 0.903
EMS-uDTWAD 0.936 0.996 0.918

Note: All variants use the same multi-scale windowing, lag alignment, graph embedding module, score fusion strategy,
and threshold estimation. Only the matching distance in the coarse-grained branch is changed. Bold values indicate
the best F1 scores.

4.5.4 Contribution of Exogenous or Auxiliary Context

To quantify the contribution of exogenous or auxiliary contextual inputs, we compare EMS-uDTWAD
with two controlled variants. The first variant uses only endogenous variables and removes all exogenous or
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auxiliary contextual inputs. The second variant uses exogenous or auxiliary contextual inputs through direct
synchronous concatenation, but removes the lag alignment step. The full EMS-uDTWAD further introduces
lag-enhanced exogenous responses before uDTW-based matching. The results are reported in Table 7.

Table 7: Effect of exogenous or auxiliary contextual inputs.

Variant MSDS F1 Linear F1 SWaT F1
Endogenous only 0.898 0.942 0.854
Endogenous + synchronous exogenous/context 0.910 0.972 0.885
Endogenous + lag-enhanced exogenous/context 0.936 0.996 0.918

Note: For MSDS, the auxiliary input is the load-fluctuation proxy rather than a native external driver. For SWaT,
actuator and control-state variables are used as operational contextual inputs. Bold values indicate the best F1 scores.

Removing the auxiliary input consistently reduces F1. The drop is 0.038 on MSDS, 0.054 on the Linear
Dataset, and 0.064 on SWaT. Direct synchronous concatenation recovers part of this loss, but it remains
weaker than the full lag-enhanced model. The difference between synchronous concatenation and EMS-
uDTWAD is 0.026 on MSDS, 0.024 on the Linear Dataset, and 0.033 on SWaT. These gaps support the role
of the lag-alignment step, while the MSDS result should be interpreted only as evidence for proxy auxiliary
context rather than for a genuine external driver.

4.5.5 Robustness under Missing Exogenous or Contextual Inputs

In practical scenarios, contextual inputs may contain missing values or noise because of acquisition
faults or communication instability. We therefore evaluate EMS-uDTWAD by masking only the auxiliary
input of each dataset: the load-fluctuation proxy in MSDS, native exogenous variables in the Linear
Dataset, and actuator/control-state variables in SWaT. The endogenous variables remain unchanged. Two
perturbation strategies are considered: Zeros, where masked values are replaced with 0, and Random, where
masked values are replaced with random values sampled from a normal distribution.

The masking ratios are set to 10%, 25%, and 50%. For each ratio, the reported F1 score is averaged
over the zero-value masking and random-noise masking settings. As shown in Fig. 4, EMS-uDTWAD
maintains stable performance when auxiliary inputs are partially missing or disturbed, suggesting reasonable
robustness under the evaluated settings.

(a) MSDS (b) Linear Dataset (¢c) SWaT
0.96, T 0.946 i
0.927
0.92] 0.913
® 0.896
5 0.885
f 0.881 0.867 1 0.866
=
0.84/ 0.836
0.814
10% 25% 50% 10% 25% 50% 10% 25% 50%
Masking ratio Masking ratio Masking ratio

Figure 4: Robustness analysis under different missing ratios of exogenous or contextual inputs: (a) MSDS with
the load-fluctuation proxy masked; (b) Linear Dataset with native exogenous variables masked; (c) SWaT with
actuator/control-state variables masked.
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4.5.6 Visualization Analysis with Proxy Auxiliary Context

To examine the effect of proxy auxiliary context on anomaly detection performance, this study visualizes
the anomaly detection results on the MSDS dataset. Specifically, CPU, Memory, and Disk are selected
as representative endogenous variables, while the constructed load-fluctuation proxy is used as auxiliary
context to characterize short-term system-level fluctuation patterns. As shown in Fig. 5, panel (a) presents
the load-fluctuation proxy. Panels (b), (c), and (d) show the anomaly detection results of CPU, Memory, and
Disk when proxy auxiliary context is unavailable, respectively. Panels (e), (f), and (g) show the corresponding
anomaly detection results when proxy auxiliary context is available. The red shaded regions indicate
anomaly intervals.
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Figure 5: Visualization comparison of anomaly detection results with and without proxy auxiliary context on the MSDS
dataset: (a) Load-fluctuation proxy; (b) CPU without proxy auxiliary context; (c) Memory without proxy auxiliary
context; (d) Disk without proxy auxiliary context; (e) CPU with proxy auxiliary context; (f) Memory with proxy
auxiliary context; (g) Disk with proxy auxiliary context. Red shaded regions indicate anomaly intervals.

The results show that the model can still respond to anomaly intervals without proxy auxiliary context.
However, the score peaks are less prominent, and some anomaly boundaries remain ambiguous. In contrast,
after introducing proxy auxiliary context, the anomaly score curves of different variables exhibit sharper
and more concentrated variations around anomaly intervals, with more pronounced score peaks. This
result suggests that the load-fluctuation proxy provides useful auxiliary context on MSDS. It should not
be interpreted as evidence that MSDS contains native exogenous variables. This visualization is intended
to illustrate the effect of proxy-context availability on anomaly-score localization, whereas the quantitative
contribution of lag-aware modeling is evaluated through the ablation study in Table 7.

4.5.7 Parameter Sensitivity Analysis

To further investigate the influence of key parameters on model performance, this study analyzes the
effect of different window sizes. Window-size sensitivity is evaluated on the MSDS and Linear Dataset by
varying the coarse-grained and fine-grained window sizes, with the F1 score used as the evaluation metric.
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These two datasets respectively represent a real-world proxy auxiliary-context setting and a controlled
native-exogenous-variable setting. The sensitivity of the fusion coeflicient « is further evaluated on all three
datasets, including SWaT. Fig. 6 reports representative window-size sensitivity results on MSDS and the
Linear Dataset, where the scale coefficient A is set to 2 and 4 to evaluate different fine- and coarse-grained
window-size combinations.

@r=2 b r=4

0.99 -

0.96 - Best: 0.981

F1 Score

\\6" o

Window pair (W, We) Window pair (W, We)

\‘6}1\ o A% e%(,k\ KA“’@\ ¢ A,%-g& amgﬁ\ 0%‘0,%\ \w"@\ @%’\97,\

|-o— MSDS  —— LinearDataset‘

Figure 6: Parameter sensitivity analysis of multi-scale window-size combinations on MSDS and the Linear Dataset
under different values of the scale coefficient A: (a) A =2; (b) A = 4. The curves report the F1 scores obtained with
different fine- and coarse-grained window-size pairs (Wy, W, ), where Wy and W, denote the fine-grained and coarse-
grained window sizes, respectively.

The horizontal axis in Fig. 6 represents the combinations of fine-grained and coarse-grained windows,
while the vertical axis denotes the best F1 score. The experimental results show that the model achieves the
best performance when A = 4, corresponding to Weine = 32 and W oarse = 128. This setting is consistent with
the window configuration used in the main experiments. Under this configuration, the best F1 scores reach
0.936 on the MSDS dataset and 0.996 on the Linear Dataset. When the window sizes are either too small
or too large, the F1 score decreases to varying degrees. This result indicates that an appropriate multi-scale
window setting helps the model capture both fine-grained local anomalies and coarse-grained segment-level
patterns, whereas unsuitable window scales may weaken detection performance. The influence of the fusion
coeflicient « is also examined. In this experiment, « is varied from 0 to 1 with a step size of 0.1. The two
endpoints correspond to using only the graph embedding branch and only the uDTW branch, respectively.
The results are reported in Table 8.

Table 8: Sensitivity analysis of the fusion coefficient « on the MSDS, Linear Dataset, and SWaT.

« MSDS F1 Linear F1 SWaT F1
0.0 0.731 0.754 0.762
0.1 0.798 0.781 0.801
0.2 0.856 0.842 0.846
0.3 0.891 0.914 0.874
0.4 0.917 0.974 0.894
0.5 0.932 0.986 0.907
0.6 0.923 0.996 0.918
0.7 0.936 0.981 0.913

(Continued)
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Table 8 (continued)

o MSDS F1 Linear F1 SWaT F1
0.8 0.902 0.949 0.882
0.9 0.886 0.903 0.856
1.0 0.858 0.885 0.840

Note: Bold values indicate the best F1 scores in each dataset. The endpoints & = 0 and « = 1 are included as boundary
references, corresponding to graph-only and uDTW-only score fusion, respectively.

The results show that the fused setting performs better than the single-branch boundary cases in most
cases. The best F1 score is obtained when & = 0.7 on MSDS and when « = 0.6 on the Linear Dataset and
SWaT. This indicates that the uDTW branch contributes slightly more to the fused score, while the graph
embedding branch still provides complementary local structural information. These results are consistent
with the validation-based parameter selection used in the main experiments.

4.5.8 Analysis of Learned Lag Values

To further examine whether the lag-alignment module learns meaningful delayed relationships, we
record the soft lag estimate %icg defined in Section 3.4. For each endogenous-contextual channel pair, the
average learned lag over normal validation windows is computed as

. 1 .
Tnd = 15 N (43)
| va1| c€Cyal

>

where C,,; denotes the set of normal validation windows.

As shown in Table 9, the learned lag values on the Linear Dataset are close to the controlled delayed
relationships. The average absolute lag error on the controlled Linear Dataset pairs remains within one time
step, suggesting that the lag-alignment module can capture delayed exogenous-to-endogenous responses
under a setting where the lag structure is known. For MSDS and SWaT, no ground-truth lag annotations are
provided. Therefore, the learned lags are interpreted only as temporally plausible associations between proxy
or operational context and endogenous responses, rather than as causal evidence.

Table 9: Analysis of learned lag values on the three datasets.

Dataset Channel Pair True Lag Learned Lag Interpretation

Linear v x (M 2 2.14 Close to the controlled delay.
Dataset

Linear e RRE) 4 3.8 Follows the a.ss1gn.ed delayed
Dataset relationship.

Linear NORRNE 6 6.7 Small dev1at1.on (?lue to soft lag
Dataset weighting.

Proxy-context changes precede
N/A 2.63 the CPU response within a
short lag range.

Load-fluctuation proxy

MSDS — CPU utilization

(Continued)
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Table 9 (continued)

Dataset Channel Pair True Lag Learned Lag Interpretation
Actuator/control state Consistent with a delayed
SWaT — flow or level N/A 3.18 operational response after
measurement control-state changes.

Note: N/A = not available, indicating that no ground-truth lag annotation is available for the corresponding dataset.
For the Linear Dataset, the true lag denotes the controlled delayed relationship used for diagnostic analysis. For MSDS
and SWaT, ground-truth lag annotations are unavailable; therefore, the learned lags are interpreted as temporally
plausible associations rather than causal evidence.

4.5.9 Computational Complexity and Inference Efficiency

We further analyze the computational cost of EMS-uDTWAD because the uDTW branch compares
each test window with the normal reference library. Let C;. denote the number of test windows, N and D
denote the numbers of endogenous and exogenous or contextual variables, M = N + D, Ky,,ox denote the
maximum lag, Weoarse denote the coarse-grained window length, p” denote the latent sequence length after
convolution, d denote the latent feature dimension, and |Rj,g| denote the number of windows in the lag-
enhanced normal reference library.

The lag-alignment module evaluates candidate lags between endogenous and contextual channels and
constructs the lag-compensated representation. Its complexity is

O(CteND(Kmax + 1) Wcoarse) . (44)

The graph branch mainly includes adjacency construction and graph reconstruction. Its dominant
cost is

O(CeM?d,), (45)

where d is the graph embedding dimension. The dominant inference cost comes from the uDTW matching
branch. For each test window, the uDTW distance is computed against all reference windows, and each
pairwise matching has a cost of O(p’*d). Therefore, the uDTW branch has complexity

O(Cre|Rusglp”d). (46)
The overall inference complexity can be summarized as

O(CteND(KmaX +1) Weoarse + CieM?dyg + Cie|Risg] p’zd) : (47)

This formulation shows that the reference-library size and the latent sequence length are the main factors
controlling inference cost.

Table 10 reports the average inference time per test window for representative forecasting-based,
Transformer-based, reconstruction-based, and DTW-based methods. EMS-uDTWAD is slower than stan-
dard neural-network baselines due to lag alignment and reference-library matching, but remains faster than
the standalone sDT'W baseline under the same environment.
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Table 10: Inference efficiency comparison on the three datasets.

Method MSDS Linear Dataset SWaT
Informer [13] 0.81 0.63 1.02
Anomaly-Transformer [14] 1.26 0.97 1.54
FCVAE [9] 0.74 0.58 0.91
sDTW [28] 6.83 5.42 8.11
EMS-uDTWAD 2.47 1.96 3.18

Note: Values denote average inference time per test window in milliseconds. Inference time is measured after model
loading and excludes data preprocessing, file I/O, and visualization.

Memory cost is mainly determined by model parameters, cached reference-library representations,
and the temporary pairwise distance matrix used in uDTW. During inference, the cached lag-enhanced
reference representation requires O (|Riog|p’d) memory, the cached graph-reference representation requires
O(|Rg|M?*) memory, and the temporary uDTW distance matrix requires O(p’*) memory for each pairwise
comparison. Thus, the main memory cost can be written as

O(|6] + [Ruaglp'd + [Ra|M? + p”), (48)

where |®| denotes the number of model parameters and | R | denotes the size of the graph-reference library.
The measured memory costs are reported in Table 11.

Table 11: Memory cost of EMS-uDTWAD during inference.

Cached Reference

D Model P MB Peak GPU M MB

ataset |Riag| odel Parameters (MB) Library (MB) eak GPU Memory (MB)
MSDS 768 3.92 8.6 421
Linear Dataset 512 3.88 5.4 368
SWaT 1024 4.35 22.7 612

Note: The cached reference library includes lag-enhanced uDTW features and graph-reference representations. Peak
GPU memory is measured during test-window inference with the same batch size used in the main experiments.

The main overhead of EMS-uDTWAD comes from reference-library matching rather than from the
neural components. This behavior is expected from the complexity term O(Cie|Riag|p"*d). In the reported
implementation, the per-window inference time remains at the millisecond level after reference features are
cached. For stricter real-time deployment, the library size, latent sequence length, and update frequency
should be reduced jointly instead of recomputing the full reference set at every inference step.

Edge deployment requires additional engineering beyond the current experimental setting. Edge
computing can place inference closer to the monitored device and reduce communication delay [39].
Weight quantization and network pruning may further reduce memory traffic and neural-network inference
cost [40], while transfer learning may reduce retraining cost when the operating condition changes [2]. These
techniques were not applied here; the reported time and memory therefore correspond to the uncompressed
model with cached reference features.
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5 Conclusion and Future Work

This work clarifies the role of uDTW in EMS-uDTWAD by separating lag modeling from sequence
matching. The coarse-grained branch first estimates delayed contextual responses and constructs lag-
enhanced windows, while uDTW is used only to measure the deviation between lag-enhanced test windows
and the normal reference library. The fine-grained graph branch models local structural dependencies
through a learned adjacency representation. This design avoids treating uDTW as a direct estimator of
exogenous-to-endogenous lags and makes the function of each module more explicit.

Experiments on MSDS, the Linear Dataset, and SWaT show consistent F1 improvements over the
compared baselines under proxy-context, native-exogenous, and operational-context settings. The abla-
tion results further show that removing auxiliary inputs, removing lag alignment, using a single scale,
or reversing the scale-module assignment all degrades performance. The learned-lag analysis provides
additional evidence that the lag-alignment module can recover controlled delayed relationships on the Linear
Dataset, while the MSDS and SWaT examples show temporally plausible contextual-response patterns.
The DTW-variant comparison also supports the use of uDTW in the coarse-grained matching branch.
The computational analysis confirms that the main overhead comes from matching test windows with the
normal reference library, but cached reference features keep the reported per-window inference time at the
millisecond level.

One limitation is that public real-world datasets with officially annotated native exogenous variables
remain limited. Therefore, the MSDS results should be interpreted as proxy auxiliary-context evidence,
SWaT as operational-context evidence, and the Linear Dataset as controlled native-exogenous evidence.
Future work will focus on real industrial datasets with clearer external drivers and on deployment-oriented
acceleration, including reference-library pruning, model compression, and adaptation under changing
operating conditions.
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