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Abstract

Multivariate time series anomaly detection is a challenging task
due to noise, uncertainty, and complex correlations among multiple
features in real-world time series data. Existing reconstruction-
based and prediction-based methods often rely on deterministic
outputs, which limits their ability to model noisy environments and
diverse normal patterns. To address these limitations, this paper
proposes the Template-guided Residual Uncertainty State-Space
Model (TRUSS) for multivariate time series anomaly detection.

The proposed model reconstructs each time series patch not
as a single deterministic value, but as a probability distribution,
thereby explicitly modeling reconstruction uncertainty. In addition,
TRUSS extracts trend information from training patches and clus-
ters it to initialize a Template Bank, enabling the reconstruction
process to leverage representative temporal patterns that repeat-
edly appear in normal data. By integrating Recurrent State-Space
Model (RSSM)-based latent dynamics, template selection, residual
correction, and probabilistic decoding, the model jointly captures
temporal dependencies, feature-wise trend structures, and uncer-
tainty in multivariate time series.

To evaluate the performance of the proposed model, we conduct
experiments on four benchmark datasets: PSM, SMD, MSL, and
SMAP. The results show that the proposed model achieves com-
petitive anomaly detection performance compared with existing
methods. These results indicate that TRUSS provides stable and
robust anomaly detection performance across diverse multivariate
time series datasets.
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1 Introduction

Time series anomaly detection (TSAD) aims to identify time points
or temporal segments that deviate from expected behavior. Unlike
conventional outlier detection on independent observations, TSAD
must consider temporal context: an observation may appear normal
in isolation but become anomalous given its preceding behavior,
while a sequence of plausible observations may collectively form
an abnormal pattern [3, 4]. In multivariate time series, anomalies
may also arise from unexpected relationships among variables. In
the common unsupervised setting, models learn normal behavior
from unlabeled or predominantly normal training data and score
deviations from the learned patterns. Research has consequently
progressed from statistical and similarity-based detection to deep
learning methods that learn temporal and multivariate patterns
directly from data.

Forecasting- and reconstruction-based methods are two major
deep learning approaches to TSAD. Forecasting methods predict
future observations from preceding data and treat large predic-
tion errors as anomalous. Representative methods include LSTM
forecasting with dynamic thresholding and GDN, which models
variable dependencies as a graph [7, 11]. MTAD-GAT further com-
bines forecasting and reconstruction while modeling temporal and
inter-variable relationships [21]. Reconstruction methods instead
learn to reproduce normal inputs and detect poorly reconstructed
observations. MSCRED reconstructs correlation-based signature
matrices, USAD uses adversarially trained autoencoders, TranAD
employs a self-conditioned Transformer, and NPSR combines point-
and sequence-based reconstruction [2, 12, 15, 20]. Despite their
architectural differences, these methods largely rely on error mag-
nitude, which can be ambiguous when normal variability changes
across temporal contexts.

Beyond error magnitude, other methods detect anomalies through
temporal or multivariate relationships. Anomaly Transformer mea-
sures discrepancies between temporal associations, while DCdetec-
tor uses dual-attention contrastive learning to obtain discriminative
temporal representations [18, 19]. CARLA uses synthetic anomalies
as contrasting examples to separate normal and abnormal repre-
sentations [6]. SARAD learns and reconstructs spatial associations
among variables, while CATCH captures frequency-domain pat-
terns and channel relationships through frequency patching [5, 16].
These approaches capture abnormal relationships that pointwise
errors may overlook, but focus primarily on representation or rela-
tionship discrepancies rather than reconstruction likelihood under
expected uncertainty.
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Probabilistic reconstruction addresses normal variability by es-
timating a reconstruction distribution rather than a single value.
Donut uses a variational autoencoder to estimate reconstruction
probabilities for seasonal univariate time series, while OmniAnomaly
combines stochastic recurrent modeling with reconstruction proba-
bility for multivariate time series [14, 17]. SensitiveHUE additionally
estimates observation-dependent uncertainty [9]. These methods
can assign different anomaly scores to similar reconstruction errors
according to expected variability. However, they do not explicitly
use recurring patch-level normal structures as a structural compo-
nent of the reconstruction mean.

Memory-based methods complement this direction by provid-
ing explicit references for diverse normal patterns. MEMTO stores
representative normal patterns in a learnable memory, constrains
reconstruction using retrieved representations, and measures devi-
ations in input and latent spaces [13]. However, its memory repre-
sentations do not directly form a patch-shaped reconstruction base
that is separately refined through residual correction.

These studies highlight the complementary roles of temporal dy-
namics, multivariate relationships, uncertainty, and representative
normal patterns, motivating a reconstruction process that uses a
context-dependent structural reference while separately modeling
local variation and uncertainty.

To this end, we propose the Template-guided Residual Uncer-
tainty State-Space Model (TRUSS). Following the general Recurrent
State-Space Model (RSSM) design [10], TRUSS uses a determin-
istic state to summarize preceding patches and a stochastic state
to capture patch-level variation. From this temporal context, the
Template Composer combines patch-shaped patterns from a learn-
able Template Bank to construct an expected normal structure. The
Residual Uncertainty Decoder then estimates a residual correction
and observation-dependent uncertainty from the temporal states
and composed template.

TRUSS reconstructs each patch as a Gaussian distribution whose
mean combines the normal template and residual correction, while
its scale represents reconstruction uncertainty. The template cap-
tures representative structure, and the residual accounts for un-
explained local variation. TRUSS is trained on normal data using
Gaussian negative log-likelihood with latent-state and template-
selection regularization. During inference, negative log-likelihood
serves as the anomaly score, reflecting reconstruction deviation
relative to its estimated uncertainty.

The main contributions of this paper are summarized as follows:

o We propose TRUSS, which integrates recurrent state model-
ing, template-guided reconstruction, residual correction, and
uncertainty estimation for multivariate time series anomaly
detection.

e We introduce a structured probabilistic reconstruction whose
mean combines a representative normal template and a resid-
ual correction, with anomalies detected using uncertainty-
aware negative log-likelihood.

e We evaluate TRUSS on PSM, SMD, MSL, and SMAP and
conduct ablation studies to examine the contributions of the
proposed components.
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2 Method
2.1 Overall Architecture

The overall architecture of the Template-guided Residual Uncer-
tainty State-Space Model (TRUSS) is shown in Figure 1. TRUSS
divides a multivariate time series into patches and processes them
in temporal order. At each step t, the three colored regions form a
sequential reconstruction flow: the Recurrent State-Space Model
captures temporal context, the Template Composer constructs the
expected normal structure, and the Residual Uncertainty Decoder
reconstructs the current patch as a probability distribution. The
temporal state is then updated for the next patch.

The Recurrent State-Space Model in Figure 1(a) maintains a
deterministic state for temporal context and a stochastic state for
patch-level variation. The posterior estimates the stochastic state
using the current patch and context, whereas the prior uses only
the context. The decoder uses the posterior during training and
the prior during inference, with KL divergence aligning the two
distributions. The posterior also updates the deterministic state
through the GRU.

The Template Composer in Figure 1(b) maps the deterministic
state to weights over the Template Bank and combines the tem-
plates into an expected normal structure. Reference weights derived
from the standardized current patch supervise this process during
training, whereas inference uses only the deterministic state.

The Residual Uncertainty Decoder in Figure 1(c) receives the
deterministic state, the stochastic state selected for training or infer-
ence, and the composed template. It predicts a residual correction
and reconstruction uncertainty, which define the Gaussian recon-
struction together with the template. The model is trained jointly
using reconstruction, latent-state, and template-selection objectives,
and uses negative log-likelihood as the anomaly score at inference.
The following subsections describe this sequence in detail.

2.2 Recurrent State-Space Model

The reconstruction process begins with the Recurrent State-Space
Model, which relates each patch to its preceding temporal context.
Let X = [x1,...,xn]" € RNXC denote a multivariate time series of
length N, where x,, € RC contains measurements from C channels
at time n. Using patch length L and stride S, TRUSS constructs
P = [(N = L)/S] + 1 ordered patches o, € RIXC, where the t-th
patch starts at iy =1+ (¢t — 1)S.

Following the general RSSM formulation [10], the model repre-
sents the patch sequence using a deterministic state h; € RP# and
a stochastic state s, € RPs, where Dy, and D; are their respective
dimensions. The deterministic state h; summarizes the preceding
patches, while s; captures patch-level variation. For the current
patch, the encoder produces e; = e, (0;), where e, is parameterized
by a.

Using only the preceding context, the prior defines

py(se | ) = N (7, diag ((c7)?)), ®

where ;£ and o¥ are the mean and standard deviation predicted by
the prior network parameterized by . This distribution represents
the patch-level state expected before observing o;.

The posterior additionally conditions on e;:

g (st | e he) = N (uf, diag ((])?)) . @)
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Figure 1: Overall architecture of TRUSS: (a) a Recurrent State-Space Model that captures temporal dynamics, (b) a Template
Composer that constructs a context-dependent normal template, and (c) a Residual Uncertainty Decoder that estimates a
residual correction and reconstruction uncertainty. Solid arrows are used in both training and inference and red dashed arrows

only during training.

where p and o7 are predicted by the posterior network parameter-
ized by ¢. Samples from the prior and posterior are denoted by sf
and s/, respectively.

During training, a posterior sample is used for reconstruction,
and the posterior distribution is regularized toward the prior through

LY = Drr (qg(se | erhe) I py(se | b)), 3)

where Dk denotes the Kullback-Leibler divergence. This encour-
ages the prior to approximate the latent state inferred from normal
observations.

The decoder therefore uses

q

dec _ St
St = »
St,

In both phases, the posterior sample updates the deterministic state
as hy41 = GRU,, (s?, h;), where n denotes the GRU parameters. Thus,
inference reconstructs the current patch from the prior, while the
posterior incorporates the observation into subsequent context; the
KL loss is used only during training.

during training, @

during inference.

2.3 Template Composer

The temporal state h; is next converted into an explicit structural
reference by combining patterns from a Template Bank. The bank
contains K patch-shaped templates:
B ={Bi,...,Bx}, By € REXC, (5)
Template Bank initialization. To obtain diverse initial normal
shapes, each training patch is standardized independently by chan-
nel:

— Ot:c — Otc

Otic = ——, 6
bie Otc+€ ©)

where 0; and o; are the within-patch mean and standard devi-
ation for channel ¢, and € > 0 ensures numerical stability. Each
standardized channel is approximated by a cubic polynomial:

3
Oree ~ Y @l e, Y]
m=0
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where & is the temporal coordinate at patch position £. The 4C
coeflicients are concatenated as

T
0 3 0 3

v = ai’l), el a;l), e, aic),, el aE)C).] € R*C. 8)

K-means clustering is applied to {vt}le, and each cluster center is

evaluated at the L temporal positions to obtain an initial template By.
The templates are subsequently optimized as learnable parameters.

Template composition. The Template Weighting Module uses h;

to select templates appropriate for the current context:
w; = softmax (g, (h¢)), w; € RK, )

where g, has parameters w, w;; > 0, and Zle wrr = 1. The
template for the current patch is

K
Tt = Z W[’kBk. (10)
k=1

The weighting module is supervised by a reference distribution
derived from the standardized current patch. The distance from the
current patch to template By is

1 -
i = 75 157 = Bell (1)
and the corresponding reference weights are
diys....d
W, = softmax (—u) , (12)
T

where 7 controls their concentration. The template selection loss is

£, == Wik logwy. (13)

The reference weights are used only for training supervision; at
inference, w; and T; are computed solely from h;.

2.4 Residual Uncertainty Decoder

The composed template T; provides an expected normal shape but
cannot represent all patch-specific variation. The Residual Uncer-
tainty Decoder therefore combines it with k; and s8¢ to refine the
reconstruction and estimate its uncertainty:

(rfs ut) = d@ (hts s[(*iecs Tt) s (14)

where dy has parameters 6 and ry,u; € RIXC Here, r, corrects
variation not represented by the template, while u; determines re-
construction uncertainty. The Gaussian reconstruction parameters
are

,U[ = Tl’ + I't, (15)
o, = softplus(u;) + €. (16)

The softplus transformation keeps every element of o; positive.
TRUSS therefore defines

Po (o, | Ay, s}iec,Tt) = N (vec(og); vec(p;), diag (Vec(a,z))). (17)

Here, vec(-) stacks the patch entries into a vector.
The element-wise negative log-likelihood is

2
1
lroe = 2 ) +2log oy +log(2m) |, (18)

(Ot,f,c — Httc

Ot.t.c
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and the reconstruction loss for patch t is

L C
Lid= ) e (19)

=1 c=1
The standardized residual measures reconstruction mismatch rel-
ative to the predicted scale, while the logarithmic term prevents
arbitrarily large uncertainty.

2.5 Training Objective and Anomaly Scoring

The reconstruction, KL, and template-selection losses are jointly
optimized over the training patches as

P
L = Z (Arec 52 + AKLLI((tz + Atemth(éznp) > (20)
t=1

where Arec, Ak, and Azemp Weight the reconstruction, KL, and tem-
plate selection losses, respectively.

At inference, the channel-averaged negative log-likelihood at
position ¢ of patch ¢ is used as the anomaly score:

L&
e = ; Lrec. (21)

For overlapping patches, scores mapped to the same original time
point are aggregated.

3 Experiment
3.1 Datasets

We evaluate our proposed model, Template-guided Residual Uncer-
tainty State-Space Model (TRUSS), on four widely used benchmark
datasets for time series anomaly detection: PSM, SMD, MSL, and
SMAP.

e PSM (Public Server Machine) [1]: Server and system mon-
itoring data with multivariate operational metrics collected
from real service environments.

e SMD (Server Machine Dataset) [14]: Server machine data
collected from multiple machines, including normal operat-
ing states and failure-related abnormal patterns.

e MSL (Mars Science Laboratory) [11]: Mars Science Lab-
oratory telemetry data containing multivariate spacecraft
signals, complex temporal patterns, and anomalous intervals.

e SMAP (Soil Moisture Active Passive) [11]: Soil Moisture
Active Passive satellite telemetry data containing multivari-
ate system signals and abnormal intervals.

3.2 Experimental Setup

For all datasets, each multivariate time series is divided into patches
using a fixed patch size of 64 and a stride of 10. TRUSS is trained
using the same training objective defined in Section 2.5. The loss
weighting coefficients are set to A, = 0.45, Axz = 0.20, and Aremp =
0.35 for all datasets.

During inference, the latent state is sampled from the prior dis-
tribution instead of the posterior distribution, and the template
weights are predicted from the hidden state h; using the weighting
module. Each patch is reconstructed using the prior latent state and
the composed template, and anomaly scores are computed using
the Gaussian reconstruction negative log-likelihood.
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Table 1: Anomaly detection performance on PSM, SMD, MSL, and SMAP. Best and second-best results are determined based on
the F1-score and are marked in bold and underlined, respectively.

Model \ PSM \ SMD \ MSL \ SMAP
‘ Pre Rec F1 ‘ Pre Rec F1 ‘ Pre Rec F1 ‘ Pre Rec F1

DCDetector [19] | 0.4022 0.3857 0.3938 | 0.1159 0.7248 0.1999 | 0.1633 0.2604 0.2007 | 0.1340 0.1470  0.1402
CARLA [6] 0.3861 1.0000 0.5571 | 0.6757 0.8465 0.7515 | 0.6617 0.7143  0.6870 | 0.6342 0.8935 0.7418
MEMTO [13] 0.2859 0.0305 0.0551 | 0.0598 0.0565 0.0581 | 0.0885 0.0136 0.0237 | 0.0261 0.0102 0.0147
SARAD [5] 0.5274 0.9119 0.6683 | 0.3430 0.6399 0.4466 | 0.2440 0.8917 0.3831 | 0.1768 0.9442  0.2978
SensitiveHUE [9] | 0.6050 0.9540 0.7404 | 0.6833 0.7832  0.7299 | 0.5202 1.0000 0.6843 | 0.4605 0.9676 0.6241
NPSR [12] 0.9020 0.4376 0.5893 | 0.3054 0.2793 0.2918 | 0.1760 0.7777 0.2870 | 0.3265 0.4755 0.3871
CATCH [16] 0.7114 0.7004 0.7059 | 0.3009 0.5147 0.3798 | 0.2317 0.8687 0.3659 | 0.2380 0.4356  0.3078
CGAD [8] 0.5276  0.9555 0.6798 | 0.5538 0.8172 0.6602 | 0.3960 0.9878 0.5654 | 0.3775 0.9511 0.5405
Ours 0.6776  0.9586 0.7940 | 0.6295 0.8942 0.7389 | 0.6446 0.7513 0.6939 | 0.7008 0.7941 0.7445
Improvement ‘ +7.23% - +1.01% +0.36%

Table 2: Ablation study results on four benchmark datasets. AF1 indicates the relative F1 improvement over Vanilla RSSM.

Model \ PSM \ SMD \ MSL \ SMAP
| Pre Rec F1 AF1 | Pre Rec F1 AF1 | Pre Rec F1 AF1 | Pre Rec F1 AF1
Vanilla RSSM 05223 09126 0.6644 - 06117 07362  0.6682 - 04591  0.9913  0.6276 - 0.4519  1.0000 0.6225 -
+ Template Composer 0.5246 0.9684 0.6805  +2.42% | 0.6325 0.8053 0.7085  +6.03% | 0.4730 0.9803 0.6382  +1.69% | 0.5243 0.9642 0.6792  +9.11%
+ Residual Uncertainty Decoder | 0.5054 0.9601 0.6622  -0.33% | 0.6661 07034  0.6842  +2.39% | 0.4832 09772 0.6466  +3.03% | 0.5246 09779 0.6829  +9.70%
Full Model 0.6776 0.9586 0.7940 +19.51% | 0.6295 0.8942 0.7389 +10.58% | 0.6446 0.7513 0.6939 +10.56% | 0.7008 0.7941 0.7445 +19.60%
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Figure 2: Anomaly score visualization on a selected PSM segment. The blue line denotes the anomaly score, and shaded regions

indicate ground-truth anomalies.

3.3 Baselines

We compare TRUSS with eight representative baselines for multi-
variate time series anomaly detection. DCDetector [19] and CARLA [6]
are included as contrastive-learning and representation-learning
approaches, which aim to learn discriminative temporal representa-
tions for anomaly detection. MEMTO [13], NPSR [12], and Sensitive-
HUE [9] are representative normal-pattern modeling approaches,
where anomalies are identified based on deviations from learned
normal temporal behaviors. In addition, SARAD [5], CATCH [16],
and CGAD [8] cover spatial association modeling, frequency-domain
patching, and graph-based causal modeling, respectively.

3.4 Evaluation Metric

We evaluate anomaly detection performance using PA%K-adjusted
precision, recall, and F1-score. PA%K (Point Adjustment at K%)
reflects the segment-level nature of time series anomalies by apply-
ing point adjustment only when a sufficient portion of an anomaly
segment is detected.

For each ground-truth anomaly segment, the ratio of correctly
detected anomaly points is computed. If at least K% of the points
within the segment are detected as anomalies, the segment is re-
garded as correctly detected, and all points in the segment are
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Figure 3: Predicted reconstruction distributions for selected variable in an anomalous MSL segment. The dashed line denotes

the predicted mean, and the red line denotes the actual value.

adjusted as true positives. Otherwise, no adjustment is applied, and
the original point-wise predictions are used for evaluation.

This criterion reduces overly optimistic performance estimates
and penalizes fragmented or partial detections. In our experiments,
we use PA%K with K = 20.

4 Results

To evaluate the anomaly detection performance of the Template-
guided Residual Uncertainty State-Space Model (TRUSS), we com-
pare TRUSS with eight recent baseline methods on four multivariate
time series datasets: PSM, SMD, MSL, and SMAP.

TRUSS achieves competitive performance across all evaluated
benchmarks, obtaining the best F1-score on PSM, MSL, and SMAP
and the second-best score on SMD. Compared with the strongest
baseline on each dataset, TRUSS achieves relative F1 improvements
0f 7.23%, 1.01%, and 0.36% on PSM, MSL, and SMAP, respectively. On
SMD, it achieves an F1-score of 0.7389, close to CARLA’s best result
0f 0.7515. TRUSS also records strong recall on PSM and SMD and the
highest precision on SMAP, demonstrating consistent performance
across different evaluation metrics.

Figure 2 presents anomaly scores for a selected PSM segment.
The scores increase clearly in ground-truth anomalous regions
while remaining relatively stable in normal regions. For sustained
anomalies, they remain elevated throughout the anomalous interval,
showing close alignment with the ground-truth labels.

Figure 3 shows the predicted reconstruction distributions for
selected variable in an anomalous MSL segment. Observed values
deviate substantially from the predicted distributions in anoma-
lous regions, resulting in lower reconstruction likelihoods. This
example illustrates how uncertainty-aware probabilistic reconstruc-
tion distinguishes anomalous observations from expected normal
patterns.

5 Ablation Study

We conduct an ablation study to analyze the effectiveness of the
Template Composer and the Residual Uncertainty Decoder. As
shown in Table 2, adding the Template Composer improves the
F1-score across all datasets, with gains of +2.42% on PSM, +6.03%
on SMD, +1.69% on MSL, and +9.11% on SMAP. This result indicates
that representative temporal templates provide useful structural
guidance for reconstruction.

The Residual Uncertainty Decoder also improves performance
on most datasets, achieving F1 gains of +2.39% on SMD, +3.03%
on MSL, and +9.70% on SMAP, although a slight decrease is ob-
served on PSM. When both components are combined, the full
model achieves the largest improvements over Vanilla RSSM on
all datasets, with gains of +19.51%, +10.58%, +10.56%, and +19.60%
on PSM, SMD, MSL, and SMAP, respectively. These results show
that the Template Composer and the Residual Uncertainty Decoder
provide complementary contributions to the overall performance.

6 Conclusion

In this paper, we proposed the Template-guided Residual Uncer-
tainty State-Space Model (TRUSS) for multivariate time series anom-
aly detection. TRUSS integrates template-guided reconstruction and
residual uncertainty modeling into the RSSM framework, enabling
the model to capture representative normal temporal structures
and probabilistic deviations from them.

Experiments on four benchmark datasets show that TRUSS
achieves stable anomaly detection performance, obtaining the best
F1-score on PSM, MSL, and SMAP and the second-best F1-score on
SMD. The ablation study further confirms that the Template Com-
poser and Residual Uncertainty Decoder contribute to template-
guided structural reconstruction and residual uncertainty modeling,
respectively, and their combination yields the largest performance
gains.

Overall, TRUSS provides an effective framework for modeling
complex multivariate temporal patterns by integrating template-
based structural reconstruction with probabilistic uncertainty esti-
mation.

7 Limitations & Future Work

TRUSS has two main limitations. First, cubic polynomial fitting
and K-means initialization capture broad temporal shapes but may
overlook abrupt, local, or multi-scale patterns. Multi-resolution or
frequency-domain representations could improve the expressive-
ness of the Template Bank.

Second, TRUSS is trained offline on predominantly normal data
and therefore cannot directly adapt to changing operating condi-
tions, seasonality, or concept drift. Online or continual learning
could enable adaptive updates of the Template Bank and latent
dynamics while limiting contamination from anomalies.
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