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ABSTRACT
Anomaly detection is crucial for ensuring system reliability and providing early warnings of potential failures. However, long-
term time-series anomaly detection remains challenging because anomalous events are rare, anomaly patterns are diverse, and
temporal dependencies can extend across multiple scales. Traditional methods and existing deep learning models still struggle to
jointly represent fine-grained temporal variation, long-range contextual information, and the distribution of normal patterns. This
work presents Transformer with Variational AutoEncoder (TransVAE), a framework that combines a dual-embedding representation
pipeline, a Transformer encoder for long-range dependency modeling, and VAE-based latent regularization of encoded features.
Specifically, local position-aware embeddings and feature-wise global embeddings are integrated into a shared representation
before attention modeling, and the VAE is applied to the Transformer-encoded representation to regularize the latent space of
normal patterns. Evaluations on benchmark time-series datasets show that TransVAE outperforms several state-of-the-art baselines,
achieving improvements in the area under the receiver operating characteristic by 6.7% and 13.6%, respectively. Ablation and
sensitivity analyses further support the contributions of each component of the framework. These results demonstrate that TransVAE
provides an effective and robust solution for long-term time-series anomaly detection.
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Anomaly detection [1] is essential for maintaining the reli-
ability and operational integrity of complex systems, includ-
ing industrial facilities, information infrastructures, and en-
vironmental monitoring networks. Equipment malfunctions,
cyber-attacks, sensor failures, and abrupt changes in operating
conditions may produce abnormal variations in key indicators,
potentially affecting safety, service availability, and economic
performance. Timely identification of such deviations sup-
ports early warning, impact assessment, and root-cause analy-
sis, making accurate monitoring an important requirement for
modern systems [2].

Traditional monitoring commonly relies on periodic inspec-
tion and manual analysis, which are costly and may not re-
spond promptly to rapidly changing conditions. Advances in
the Internet of Things (IoT) [3] and sensor technologies have
enabled automated monitoring systems to continuously collect
large volumes of multivariate time series data [4]. In water
qualitymonitoring, for example, long-term sensor observations
provide detailed information about environmental dynamics,
but they also contain seasonal variations, periodic fluctuations,
trend changes, and nonlinear patterns caused by interacting
natural and operational factors [5, 6]. Abnormal observations
embedded in these patterns may indicate changes in the mon-

itored environment, sensor malfunctions, or data acquisition
errors.

Detecting anomalies in such time series remains challenging
for several reasons. First, anomalous events occur much less
frequently than normal observations, resulting in highly imbal-
anced data. Second, anomalies may appear in different forms,
including extreme, shift, trend, and variance anomalies, as il-
lustrated in Fig. 1. Third, abnormal behavior may depend not
only on an individual observation but also on its relationship
with distant time steps. Effective anomaly detection therefore
requires a model that can represent fine-grained temporal vari-
ation, capture long-range contextual dependencies, and distin-
guish abnormal deviations from complex normal patterns.

Existing anomaly-detection methods address these chal-
lenges from different perspectives. Statistical, distance-based,
and density-based methods are effective for relatively sim-
ple patterns, but often struggle to model temporal dependen-
cies in complex, high-dimensional time series [7]. Recurrent
models such as RNNs, LSTMs, and GRUs can capture se-
quential context [8, 9, 10], although their sequential computation
and gradient-related limitations reduce their effectiveness on
long sequences [11]. Transformers use self-attention to directly
model dependencies between distant time steps [12, 13], while
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Fig. 1 Types of time series anomalies.

Variational Autoencoders (VAEs) learn latent distributions of
normal patterns and identify deviations through reconstruc-
tion errors [14]. Nevertheless, existing approaches may not si-
multaneously preserve local temporal details, represent global
sequence context, and regularize the distribution of normal
patterns, leaving room for a more coordinated framework for
long-term time-series anomaly detection.

Due to the challenges posed by long-term time-series
anomaly detection, this work presents Transformer with
Variational AutoEncoder (TransVAE). Rather than introducing
a completely new fusion operator, TransVAE builds a coordi-
nated representation pipeline in which local and global em-
beddings are first integrated into a shared representation, the
Transformer encoder models temporal dependencies on top
of that representation, and the VAE regularizes the encoded
features in latent space. The main methodological extensions
of the framework are summarized as follows.

1) A dual-embedding representation pipeline integrates
position-aware local embeddings with feature-wise
global embeddings so that both fine-grained temporal
variation and sequence-level contextual information are
encoded before attention modeling.

2) A Transformer encoder with multi-head self-attention
serves as the backbone for modeling long-range tempo-
ral dependencies in multivariate time series.

3) A VAE-based latent regularization module operates on
the Transformer-encoded representations to shape the
latent distribution of normal patterns and improve the
sensitivity of reconstruction-based anomaly detection.

These components jointly improve the model’s ability to dis-
tinguish normal fluctuations from abnormal deviations across
multiple temporal scales without changing the reconstruction-
based anomaly scoring rule.

The structure of this paper is organized as follows. Section
1 presents an in-depth review of prior research and founda-
tional work in the field. Section 2 provides a comprehensive
discussion of the TransVAE framework, detailing its architec-
tural components and theoretical underpinnings. Section 3
delivers the comprehensive analysis of experimental results,
including performance metrics and comparative evaluations.
Finally, Section 4 summarizes this work, discusses theoretical
and practical implications, and suggests possible directions for
upcoming investigations.

1 Related Work

1.1 Traditional Time Series Anomaly Detection

Performing anomaly detection on sequential temporal data
has garnered significant attention in recent years. Conventional
methods for anomaly detection have mainly depended on sta-
tistical approaches, including moving averages and the autore-
gressive integrated moving average (ARIMA) [15]. However,
it aims to effectively address the nonlinearity inherent in time
series data. Additionally, commonly used techniques include
clustering models such as 𝐾-Means [16] and distance-based ap-
proaches like 𝐾-nearest neighbors (KNN) [17]. Both 𝐾-Means
and KNN are sensitive to noise and outliers, which can lead to
misassignments in clusters and adversely affect the accuracy of
anomaly detection. Thework in [18] proposes an isolation forest
algorithm (iForest) for anomaly detection using binary trees.
iForest exhibits linear time complexity and requires minimal
memory resources. However, it primarily identifies global out-
liers and has limitations in detecting local outliers. Chen et al.
[19] introduces the Local Outlier Factor (LOF) for identification
of outliers, which evaluates variations in local density within the
dataset. Despite its effectiveness in detecting local outliers, LOF
is characterized by high time complexity.

Traditional models are often inadequate for effectively ad-
dressing nonlinear problems in time series analysis. To over-
come this challenge, the work in [20] introduces a Deep Belief
Network integrated with a One-Class Support Vector Machine
model for unsupervised anomaly detection, demonstrating pre-
cision in processing high-dimensional data. However, this ap-
proach may exhibit reduced efficiency when handling large-
scale datasets. The Gaussian mixture model-based detection
approach for hyperspectral imaging anomaly detection, as pro-
posed by Qu et al. [21], relies on the premise that the data
conform to a mixture of Gaussian distributions. If a signif-
icant deviation from this assumption occurs, the model may
face difficulties in effectively identifying the fundamental pat-
terns within the data distributions, potentially compromising
its overall performance. In summary, traditional time series
anomaly detection models are limited to identifying a single
anomalous point and are unable to detect the distribution of
multiple types of abnormal time series segments.

1.2 Deep Learning-based Time Series Anomaly Detection

Neural network architectures excel at capturing the nonlin-
ear characteristics present in temporal data. Fan et al. [22]

developed a model based on neural network architecture that
employs temporal convolutional networks (TCNs). However,
TCNs encounter difficulties in leveraging long-term temporal
dependencies due to the limitations associatedwith dilated con-
volutions. Numerous researchers widely adopt various variants
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of RNNs [23, 24, 25] due to their effectiveness in capturing the
characteristics of time series data. Consequently, these net-
works are utilized across multiple domains, including natural
language processing and sequential data prediction. Architec-
tures such as LSTM networks [26, 27] effectively address the chal-
lenge of vanishing gradients inherent in conventional RNNs.
Although these models excel at extracting temporal features,
they often struggle to accurately estimate the hidden distribu-
tion of time series data from the latent space representation.

The widespread application of Generative Adversarial Net-
works (GANs) [28] in anomaly detection is primarily due to their
ability to identify abnormalities through adversarial learning of
sample representations. Li et al. [29] integrate LSTM, RNN,
and GAN frameworks to explore time-dependent relationships
within the distributions of sequential data. However, training
GANs can be complex and unstable, as the competitive dy-
namics between the generator and discriminator may lead to
training instability. VAE [30] represents another powerful class
of generative models that can learn latent representations and
reconstruct data. The work in [31] employs an LSTM and VAE-
based (LSTM-VAE) detector that utilizes a score for anomaly
detection derived from reconstruction, combined with a state-
dependent threshold for anomaly detection. VAE offers advan-
tages in probabilistic modeling of data distributions, making
it particularly suited for anomaly detection tasks where un-
derstanding normal patterns is crucial. However, LSTM-VAE
incurs a high computational cost, especially when processing
long sequences, which can result in decreased efficiency during
both training and inference.

Transformer models [32, 33] demonstrate robust capabilities
in feature modeling through their self-attention mechanisms.
The study in [34] introduces the Informermodel, which employs
Kullback-Leibler (KL) [35] divergence to improve the computa-
tional efficiency of self-attention. However, the Informermodel
is unable to decompose the periodic and trend components of
time series features. In contrast, the research in [36] innovatively
integrates the Transformer architecture into a decomposition
forecasting framework known as Autoformer. This architecture
effectively separates long-term trend information.

Unlike the Autoformer model, reconstruction-based meth-
ods [37] involve training amodel to reconstruct normal samples,
with anomalies identified as instances that the trained model
cannot adequately reconstruct. The study in [38] introduces
the Anomaly Transformer, a reconstruction-based method that
features a novel anomaly attention mechanism designed to
compute association discrepancies. Although this approach
does not directly incorporate details regarding the position of
the input sequence, it employs positional embeddings to repre-
sent the relative positions within the sequence, whichmay inad-
equately address temporal dependencies. In summary, tempo-
ral anomaly detection models utilizing Transformers offer sig-
nificant advantages over other deep learning models. However,
the position encoding of standard Transformer architectures
limits their effectiveness in capturing temporal relationships
across various time scales simultaneously.

Compared with Anomaly Transformer, TransVAE intro-
duces a local–global dual-embedding pipeline before atten-
tion modeling, so that both fine-grained temporal variation
and sequence-level contextual information are encoded in the
shared representation. Compared with LSTM-VAE, TransVAE
uses a Transformer encoder to model long-range dependen-

cies and then applies VAE-based latent regularization to the
encoded representations rather than relying on recurrent fea-
ture extraction. Compared with standard reconstruction-
based Transformer models, TransVAE combines reconstruc-
tion learning with latent distribution regularization instead of
relying on reconstruction alone. In this sense, the Transformer
with multi-head self-attention serves as the temporal modeling
backbone, whereas the main methodological extensions of the
framework lie in the dual-embedding representation pipeline
and the VAE-based regularization of the encoded features.

Therefore, TransVAE combines the two models so that
temporal dependencies and normal-data distributions can be
learned within a unified framework.

Table 1 Main notations

Notation Definition

𝑋∈ℝ𝑇 ×ℱ Time series data
ℱ Number of features
𝑇 Number of time steps

𝑋𝑡,∶ Feature vector at time step 𝑡
𝑋∶,𝑛 Time series of feature 𝑛

𝜓 Position of input sequence
𝑥𝑡∈ℝℱ Indicator value at time step 𝑡

𝐷 Dimension of the model
𝜏 Attention head number
𝐻 Output of multi-head self-attention
𝐻̄ Output of residual network
𝑧 Latent space vector

𝐷𝑧 Dimension of latent space
𝑋̂ Reconstructed value

̂𝑌 Binary detection result
𝜂 Predefined threshold

2 Model Framework

This section presents the proposed TransVAE for time-series
anomaly detection. As illustrated in Fig. 2, the framework
follows an explicit information-flow path: local and global em-
beddings are integrated into a shared representation, the Trans-
former encoder models temporal dependencies on that repre-
sentation, and the VAE regularizes the encoded features before
final reconstruction-based anomaly scoring. After introducing
the notation and problem statement, we detail the embedding
design, the Transformer backbone, the VAE-based latent regu-
larization module, and the anomaly detection strategy.

2.1 Notations and Problem Statement

A multivariate time series is represented by a matrix 𝑋 ∈
ℝ𝑇 ×ℱ, where 𝑇 is the number of time steps and ℱ is the
number of features. The vector of features at a given time step
𝑡, corresponding to the 𝑡-th row of the matrix, is denoted by
𝑋𝑡,∶. For simplicity in notation, we also represent this vector
as 𝑥𝑡 ∈ ℝℱ. Conversely, the complete time series for the 𝑛-th
feature is denoted by 𝑋∶,𝑛, which is the 𝑛-th column of 𝑋. The
objective is to detect whether the time series data 𝑋 exhibits
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abnormal behavior, with ̂𝑌 ∈ {0, 1} denoting the binary de-
tection result. If 𝑋 is an abnormal sequence, ̂𝑌 = 1; otherwise,

̂𝑌 = 0. Additionally, 𝑧𝑡 ∈ ℝ𝐷𝑧 represents a latent space vector
at time step 𝑡. Table 1 summarizes the main notations applied
throughout this paper.
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Fig. 2 Structure of TransVAE.

2.2 Transformer Mechanism

This work implements a Transformer-based architecture for
anomaly detection in time series data. The architecture fol-
lows an encoder-decoder structure, with each block comprising
two primary components: a multi-head self-attention module
that identifies dependencies across different time steps, and a
position-specific feed-forwardneural network (FNN) to further
refine these relationships. Layer normalization and residual
connections connect these components, enhancing both train-
ing stability and overall model performance. This design effec-
tively enables the model to discern complex temporal relation-
ships in time series data, which is crucial for identifying various
types of anomalies.

2.2.1 Time Series Local Embedding

A fundamental limitation of standard self-attention mech-
anisms is their permutation-invariant nature, which sharply
contrasts with recurrent architectures like LSTM that inherently
process data sequentially. In contrast to LSTM, self-attention
lacks the intrinsic ability to incorporate information about tem-
poral steps, treating each element in a sequence independently
and without regard for their chronological order. This limita-
tion presents a significant challenge when analyzing time series
data, where understanding temporal relationships is crucial for
accurate representation and anomaly detection.

To address this limitation, we incorporate positional encod-
ing [34] into the input embeddings to integrate temporal infor-
mation. This method allows the model to distinguish tokens
based on their position within the sequence, thereby preserv-

ing essential temporal dependencies. The positional encoding
operates as follows.

⎧{
⎨{⎩

𝑃𝜓,2𝑖 = sin( 𝜓
100002𝑖/𝐷 )

𝑃𝜓,2𝑖+1 = cos( 𝜓
100002𝑖/𝐷 )

(1)

where 𝑃𝜓,2𝑖 and 𝑃𝜓,2𝑖+1 represent the 2𝑖-th and (2𝑖+1)-th
components of the positional encoding vector at position 𝜓,
respectively. The parameter 𝜓 denotes the sequential position
within the input data, ranging from 0 to the sequence length
minus one.

Sinusoidal encoding distinguishes time steps and enables
relative positions to be inferred without introducing learned
positional parameters.

The input feature vectors are first projected into the model’s
𝐷-dimensional space and then enhanced by incorporating po-
sitional encoding, resulting in a representation that simultane-
ously captures both feature information and temporal position.
Then,

𝒳𝑙=Linear(𝑋)+𝑃𝜓 (2)

where 𝑋 ∈ ℝ𝑇 ×ℱ represents an original feature vector, and
Linear(⋅) is a learnable embedding layer that projects the input
to the dimension ℝ𝑇 ×ℱ×𝐷. The positional encoding 𝑃𝜓 is
broadcasted to this shape before addition. This approach ef-
fectively transforms the position-agnostic self-attention mech-
anism into one that is position-aware, enabling the model to
recognize and utilize temporal patterns in time series data.

2.2.2 Time Series Global Embedding

While local positional encoding effectively addresses the im-
mediate challenge of incorporating temporal orders, it remains
inadequate for capturing the global contextual patterns that
span the entire time series. Most Transformer-based models
apply positional encoding exclusively to individual time steps
within a sequence, neglecting to represent the overall contextual
position of the sequence within a broader temporal framework.
As a result, tokens generated from individual time steps may
struggle to capture global sequence information essential for
accurate anomaly detection.

This limitation significantly constrains the Transformer’s
ability to learn comprehensive representations of time series
data, particularly when addressing complex anomaly patterns
that emerge over extended periods. The lack of global con-
text diminishes the model’s generalization capabilities across
various time series datasets and types of anomalies, including
extreme, shift, trend, and variance anomalies.

To solve this limitation, this work employs a global embed-
ding mechanism that encodes the entire time series of each
feature into a unified variate token, improving themodel’s capa-
bility to capture long-term relationships. The global embedding
for each feature 𝑛 is formulated as follows:

𝒳𝑔,𝑛=MLP(𝑋∶,𝑛) (3)

where 𝑋∶,𝑛 ∈ ℝ𝑇 denotes the complete time series of the 𝑛-th
feature across all 𝑇 time steps, capturing the feature’s overall
temporal pattern. The multi-layer perceptron (MLP) trans-
forms the entire feature sequence from length 𝑇 into a compact
𝐷-dimensional representation as follows. Then,
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MLP(𝑋∶,𝑛)=𝑊2 ⋅ ReLU(𝑊1 ⋅ 𝑋∶,𝑛+𝑏1)+𝑏2 (4)

where 𝑊1 ∈ ℝ𝐷ℎ×𝑇 and 𝑊2 ∈ ℝ𝐷×𝐷ℎ are learnable weight
matrices, and 𝑏1 ∈ ℝ𝐷ℎ and 𝑏2 ∈ ℝ𝐷 are bias vectors. The
parameter 𝐷ℎ represents the hidden layer dimension, which
determines the intermediate representation size. ReLU[39] in-
troduces nonlinear characteristics into the model, enabling the
network to capture intricate temporal patterns across the entire
sequence. This architecture effectively compresses the time se-
ries from its original length 𝑇 to a fixed dimension 𝐷, creating
a representation 𝒳𝑔,𝑛 ∈ ℝ𝐷 that encapsulates the comprehen-
sive contextual information of feature 𝑛 throughout the entire
time series.

The complete global embedding matrix 𝒳𝑔 ∈ ℝℱ×𝐷 is
formed by stacking the global embeddings of all ℱ features,
followed by a transpose operation to ensure proper dimensional
alignment. Then,

𝒳𝑔=[𝒳𝑔,1, 𝒳𝑔,2, … , 𝒳𝑔,ℱ]𝑇 (5)

2.2.3 Integration of Local and Global Embeddings

In TransVAE, the integration stage is designed as a coor-
dinated representation step rather than a completely new fu-
sion operator. The local embedding 𝒳𝑙 ∈ ℝ𝑇 ×ℱ×𝐷 captures
position-aware temporal variation, whereas the global embed-
ding 𝒳𝑔 ∈ ℝℱ×𝐷 summarizes feature-wise sequence context
across the full time horizon. To make these two sources of
information interact in the same feature space, the global em-
bedding is first expanded along the time dimension to form
𝒳𝑒

𝑔 ∈ ℝ𝑇 ×ℱ×𝐷. The expanded global embedding is then added
to the local embedding and normalized, yielding the shared
representation 𝒳 that is passed to the Transformer encoder.
Concretely, the local embedding and the expanded global em-
bedding are first integrated into the shared representation 𝒳,
which is then fed into the Transformer encoder; the VAE is sub-
sequently applied to the Transformer-encoded representation
rather than directly to the raw input. In this way, the integration
mechanism should be understood as an explicit information-
flow coupling step that prepares a unified representation for
downstream temporal modeling and latent regularization.

To perform this integration, we need to first align the dimen-
sions of the local and global embeddings. The local embed-
ding 𝒳𝑙 ∈ ℝ𝑇 ×ℱ×𝐷 encodes position-aware features across
time steps, while the global embedding 𝒳𝑔 ∈ ℝℱ×𝐷 captures
sequence-level patterns for each feature. To ensure compatibil-
ity, the global embedding is expanded along the time dimension
to create a new tensor 𝒳𝑒

𝑔 ∈ ℝ𝑇 ×ℱ×𝐷. The components of this
expanded tensor are defined by replicating the values of 𝒳𝑔 for
each time step:

(𝒳𝑒
𝑔)𝑡,𝑓,𝑑 = (𝒳𝑔)𝑓,𝑑 (6)

where 𝑡 ∈ {1, … , 𝑇 }, 𝑓 ∈ {1, … , ℱ}, and 𝑑 ∈ {1, … , 𝐷}.
This operation ensures that each time step has access to the same
global feature representations, preserving the feature-specific
global context while making it compatible with the time step
dimension of the local embedding.

The integration of these complementary embeddings is
achieved through a feature-wise addition followed by layer nor-
malization [40] to stabilize the combined representation:

𝒳=LayerNorm(𝒳𝑙+𝒳𝑒
𝑔) (7)

where LayerNorm(⋅) denotes layer normalization, which stabi-
lizes the training process and accelerates convergence by nor-
malizing the inputs across features.

This additive integration approach offers several key ad-
vantages. The method maintains dimensional consistency be-
tween local and global representations, ensuring proper align-
ment of feature spaces throughout the network. It facilitates
efficient gradient flow through both embedding paths during
backpropagation, which enhances training stability and conver-
gence. Furthermore, this approach enables balanced contribu-
tion from each representation to the final embedded represen-
tation 𝒳 ∈ ℝ𝑇 ×ℱ×𝐷, allowing the model to capture both local
temporal patterns and overarching contextual insights in de-
tecting anomalies. The combined embedding𝒳 is subsequently
input into the multi-head self-attention module, which further
processes these enriched representations to effectively model
the temporal dependencies within the time series.

2.2.4 Multi-head Self-attention Module

Following the application of the integrated embedding ap-
proach, the complete sequence data𝒳 undergoes linear projec-
tion to generate the value (𝑉 ), key (𝐾), and query (𝑄) matrices.
These matrices are fed into the self-attention module, which
enables effective modeling of complex temporal relationships
within the data. The mechanism is mathematically formulated
as:

Attention(𝑄, 𝐾, 𝑉 )=Softmax(𝑄𝐾T

√𝑑𝑘
) 𝑉 (8)

where 𝑉 ∈ ℝ𝑇 ×𝐷, 𝐾 ∈ ℝ𝑇 ×𝐷, and 𝑄 ∈ ℝ𝑇 ×𝐷 denote the
value, key, and query matrices, respectively. The parameter 𝐷
denotes the model dimension, and 𝑇 represents the sequence
length. The term 𝑑𝑘 denotes the dimensionality of the key vec-
tors and acts as a scaling factor to avoid overly large dot product
values, which might lead to numerical instability. Attention
scores are normalized with the softmax function, which ensures
they sum to one across all time steps.

The self-attention module acts by enabling each query to
extract pertinent information from all key-value pairs, result-
ing in a contextually enriched representation. This process
enables the model to selectively emphasize the most relevant
elements of the input sequence during prediction or reconstruc-
tion, thereby effectively capturing both short-term and long-
range relationships within the time series data. To enhance the
model’s representational capacity, we implement a multi-head
attentionmodule that can simultaneously focus on information
from different representational subspaces. This approach is
defined as:

MultiHead(𝑄, 𝐾, 𝑉 )=Concat(head1, … , head𝜏)𝑊𝑂 (9)

where head𝑗=Attention(𝑄𝑗, 𝐾𝑗, 𝑉𝑗), which denotes the output
produced by the 𝑗-th attention head, 𝜏 is the count of attention
heads, and 𝑊𝑂 is a learnable parameter matrix that projects
the concatenated outputs to the desired dimensionality. Each
attention head can emphasize different aspects of the temporal
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relationships, collectively providing a comprehensive represen-
tation of the input sequences.

The multi-head attention module greatly improves the
model’s capacity to capture diverse patterns, especially when
addressing complex anomalies that may manifest differently
across various time scales and features.

2.2.5 Feed-forward and Residual Network

To further enhance the model’s representational ability, we
incorporate a feed-forward neural network (FFN), expressed as:

FFN(𝐻)=ReLU(𝐻𝑊1+𝑏1)𝑊2+𝑏2 (10)

where 𝐻 represents the output generated by the multi-head
self-attention mechanism. The matrices 𝑊1 ∈ ℝ𝐷𝑚×𝐷𝑓 and
𝑊2 ∈ ℝ𝐷𝑓×𝐷𝑚 , along with the bias terms 𝑏1 ∈ ℝ𝐷𝑓 and
𝑏2 ∈ ℝ𝐷𝑚 , are learnable parameters. 𝐷𝑚 and 𝐷𝑓 denote
themodel dimension and the feed-forward network dimension,
respectively. The ReLU activation function introduces nonlin-
earity, allowing the network to model intricate patterns within
the input sequence. To mitigate the difficulties in training deep
networks, particularly the problem of vanishing gradients that
can affect the detection of long-term anomalies, we implement a
residual network architecture. This approach facilitates the flow
of gradients throughout the network by establishing a direct
pathway for information propagation. The residual network is
defined as:

𝐻̄=LayerNorm(FFN(𝐻)+𝒳) (11)

where 𝒳 represents the original input sequence after embed-
ding, and 𝐻̄={ℎ̄1, … , ℎ̄𝑇 } is the output of the residual net-
work. This residual connection enables the model to preserve
attention on the original temporal patterns while simultane-
ously learning more abstract representations, thereby enhanc-
ing its ability in anomaly detection on time series.

The TransVAE model’s integration of local and global em-
beddings, together with the Transformer backbone and residual
connections, forms a coherent architecture for anomaly detec-
tion in time series. By jointly modeling fine-grained temporal
patterns and broader contextual relationships, the framework
is better aligned with the challenges posed by anomalies that
emerge across different temporal scales.

2.3 Variational AutoEncoder

Following the Transformer encoder, the VAE module re-
ceives the encoded representation 𝐻̄ rather than the raw input
sequence. In the proposed framework, temporal dependency
modeling is primarily handled by the Transformer encoder,
while the role of the VAE is to regularize the latent space of the
Transformer-encoded features and to model the distributional
structure of normal patterns during training. This design choice
does not imply that VAE is universally superior to all alterna-
tive generative models; rather, VAE is adopted here because
it provides a tractable probabilistic regularization mechanism
that aligns naturally with the Transformer-based representation
learning pipeline. The KL constraint shapes a smoother latent
manifold for normal behaviors, and the reconstruction term en-
courages the encoded features to preserve the structure needed
for reconstructing normal sequences. As a result, abnormal

deviations are more likely to yield larger reconstruction dis-
crepancies after training, even though the anomaly score itself
remains reconstruction-based.

To enhance the model’s robustness, we introduce Gaus-
sian noise to this input, defined as ℎ̃𝑡=ℎ̄𝑡+𝜖 where 𝜖 ∼
𝒩(0, 𝜎𝑛𝑜𝑖𝑠𝑒), resulting in a noise-augmented representation
𝐻̃={ℎ̃1, … , ℎ̃𝑡, … , ℎ̃𝑇 }. This regularization technique pre-
vents overfitting while preserving essential structural informa-
tion. The noise parameter 𝜎𝑛𝑜𝑖𝑠𝑒=0.01 is empirically deter-
mined through cross-validation.

The VAE then maps the noise-augmented representation ℎ̃𝑡
to a probability distribution in the latent space. Using ℎ̃𝑡 as in-
put, we derive the approximate posterior distribution ̃𝑞𝜙(𝑧𝑡|ℎ̃𝑡)
by estimating its mean 𝜇𝑧𝑡

and covariance Σ𝑧𝑡
through linear

projections. Crucially, the model is trained to reconstruct the
original, clean data ℎ̄𝑡 from the latent representation 𝑧𝑡. This
objective is formulated by maximizing the variational lower
bound of the log-likelihood:

ℒ𝑣𝑎𝑒=−𝐷𝐾𝐿( ̃𝑞𝜙(𝑧𝑡|ℎ̃𝑡)||𝑝𝜃(𝑧𝑡))+𝔼 ̃𝑞𝜙(𝑧𝑡|ℎ̃𝑡)[log 𝑝𝜃(ℎ̄𝑡|𝑧𝑡)]
(12)

where the first term is the KL divergence that regularizes the
latent space, and the second is the reconstruction term. This
second term quantifies the model’s ability to reconstruct the
original data ℎ̄𝑡 from a latent space conditioned on the noisy
input ℎ̃𝑡.

The prior distribution 𝑝𝜃(𝑧𝑡) is modeled as a Gaussian
𝒩(𝜇𝑝, 𝐼). The KL divergence term is then computed as:

𝐷𝐾𝐿( ̃𝑞𝜙(𝑧𝑡|ℎ̃𝑡)||𝑝𝜃(𝑧𝑡))≈𝐷𝐾𝐿(𝒩(𝜇𝑧𝑡
, Σ𝑧𝑡

)||𝒩(𝜇𝑝, 𝐼))
(13)

=1
2((𝜇𝑝−𝜇𝑧𝑡

)T(𝜇𝑝−𝜇𝑧𝑡
)+tr(Σ𝑧𝑡

)− log |Σ𝑧𝑡
|−𝐷𝑧)

where 𝐷𝑧 is the dimension of the latent variable 𝑧𝑡.
For the reconstruction term, the conditional distribution

𝑝𝜃(ℎ̄𝑡|𝑧𝑡) is modeled as a multivariate normal distribution
𝒩(𝜇ℎ̄𝑡

, Σℎ̄𝑡
). The expectation is then given by:

𝔼 ̃𝑞𝜙(𝑧𝑡|ℎ̃𝑡)[log 𝑝𝜃(ℎ̄𝑡|𝑧𝑡)] (14)

≈−1
2(log(|Σℎ̄𝑡

|)+(ℎ̄𝑡−𝜇ℎ̄𝑡
)TΣ−1

ℎ̄𝑡
(ℎ̄𝑡−𝜇ℎ̄𝑡

)+𝐷 log(2𝜋))

where 𝐷 is the model dimension of the hidden state ℎ̄𝑡, which
is distinct from the latent dimension 𝐷𝑧. The expectation is
approximated by sampling 𝑧𝑡 from the posterior using the repa-
rameterization trick.

The VAE’s decoder transforms a sampled latent variable 𝑧𝑡
back into the hidden space, generating reconstructed hidden
states 𝐻̂={ℎ̂1, … , ℎ̂𝑡, … , ℎ̂𝑇 }. Each ℎ̂𝑡 here represents the
reconstruction of the original Transformer encoder output ℎ̄𝑡.
Finally, a linear output layer projects these reconstructed hid-
den states back to the original data dimension, generating the
final reconstructed time series 𝑋̂:

𝑋̂ = 𝑊𝑥𝐻̂ + 𝑏𝑥 (15)

where 𝑊𝑥 and 𝑏𝑥 are the learnable weight and bias parameters
of the output layer. The model can then compare the original
input 𝑋 with its final reconstruction 𝑋̂.
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2.4 Training Procedure

The training procedure of TransVAE optimizes a dual objec-
tive function that balances reconstruction accuracy with distri-
bution modeling. The detailed steps of this process are given
in Algorithm 1, which illustrates how the model integrates
embedding generation, attention computation, latent variable
sampling, and loss optimization during training.

The total loss combines VAE loss ℒ𝑣𝑎𝑒 from (12) with MSE
reconstruction loss ℒ𝑟𝑒𝑐𝑜𝑛 from (16) [41], i.e.,

ℒ𝑟𝑒𝑐𝑜𝑛= 1
𝑁 ∥𝑋 − 𝑋̂∥2

2
(16)

MSE is particularly appropriate for time series data as it
effectively captures deviations across multiple measurement
scales whilemaintaining differentiability for gradient-based op-
timization. The total objective combines reconstruction learn-
ing with latent distribution regularization. In this formulation,
ℒ𝑟𝑒𝑐𝑜𝑛 preserves fidelity to the observed time series, whereas
ℒ𝑣𝑎𝑒 regularizes the encoded representations through the KL
term and the reconstruction of clean hidden states from la-
tent variables. This training strategy improves the separation
between normal fluctuations and abnormal deviations in the
learned representation space, while keeping the final anomaly
score consistent with the reconstruction MSE used at inference
time.

ℒ𝑡𝑜𝑡𝑎𝑙=𝛼ℒ𝑟𝑒𝑐𝑜𝑛+(1−𝛼)ℒ𝑣𝑎𝑒 (17)

where 𝛼 represents a hyperparameter that regulates the trade-
off between reconstruction accuracy and distribution learning.
This formulation enables the network to simultaneously opti-
mize for accurate time series reconstruction and effective mod-
eling of the underlying probability distribution. The optimiza-
tion of model parameters employs the Adam optimizer [42, 43],
which incorporates adaptive learning rates with momentum.
This optimization approach is selected for its effectiveness in
training deep architectures with complex loss landscapes, facil-
itating more rapid convergence and enhanced training stability
compared to conventional gradient descent methods.

Algorithm 1 outlines the training procedure for TransVAE.
The core of the training involves a forward pass, where the
model generates a reconstruction of the input, followed by a
backward pass to update the weights. In the forward pass, the
model integrates multi-scale temporal features, processes them
through its attention-based architecture, and reconstructs the
data via the VAE module. In the backward pass, gradients are
computed using the standard backpropagation algorithm and
applied using the Adam optimizer. Once training is complete,
the resulting model can be used for anomaly detection as de-
scribed in the next section.

Algorithm 1 Training Process of TransVAE

Input: Time series data 𝑋={𝑥1, … , 𝑥𝑇 }
Output: Trained TransVAE model parameters Θ
1: Initialize model parameters Θ
2: for each epoch do
3: Compute integrated embedding 𝒳 by combining

local and global embeddings with (7).
4: Process𝒳 through the Transformer Encoder to gen-

erate the hidden representation 𝐻̄ .
5: Estimate posterior parameters (𝜇𝑧, Σ𝑧) from 𝐻̄ .
6: Sample latent variable 𝑧 ∼ 𝒩(𝜇𝑧, Σ𝑧) via the repa-

rameterization trick.
7: Reconstruct the final time series 𝑋̂ using the VAE

decoder and the output layer with (15).
8: Calculate the total loss ℒ𝑡𝑜𝑡𝑎𝑙(𝑋, 𝑋̂) with (17).
9: Compute gradients ∇Θℒ𝑡𝑜𝑡𝑎𝑙 via backpropagation.
10: Use Adam optimizer to minimize ℒ𝑡𝑜𝑡𝑎𝑙.
11: end for
12: return Trained model parameters Θ.

2.5 Anomaly Detection

The anomaly detection methodology in TransVAE leverages
the model’s reconstruction capabilities. During inference, the
model processes an input time series 𝑋 and generates its re-
construction 𝑋̂. The discrepancy between the input and its re-
construction is quantified using an anomaly score. To maintain
consistency with the training objective, this score is defined as
MSE:

AnomalyScore(𝑋) = 1
𝑁 ∥𝑋 − 𝑋̂∥2

2
(18)

where 𝑁 is the total number of elements in 𝑋.
A high anomaly score signifies that the model struggled to

reconstruct the input, which suggests that the input’s under-
lying patterns deviate significantly from the normal patterns
learned during training. A time series segment is classified as
anomalous if its score exceeds a predefined threshold 𝜂:

̂𝑌 = {1 ∶ anomaly, if AnomalyScore(𝑋)>𝜂
0 ∶ normal, otherwise

(19)

The threshold 𝜂 is determined empirically from a validation
set composed entirely of normal data. Specifically, after com-
puting the mean 𝜇 and standard deviation 𝜎 of these scores,
the threshold can be defined as 𝜂=𝜇+𝑘𝜎. In our experiments,
we found that setting the threshold to 𝜂=0.15 for the Wucun
dataset and 𝜂=0.18 for the Gubeikou dataset yielded a good
balance between detection sensitivity and false alarm rates.

Table 4 Statistics of Datasets

Parameter Datasets

Wucun Gubeikou

Time span Aug. 31, 2018–Dec. 12, 2021 Apr. 2, 2014–Sept. 17, 2018
Time interval 4 hours 4 hours
Data length 6,510 9,778
Water indicator TP DO
Anomaly ratio 1.7% 1.8%
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(b) Water quality dataset of DO in Gubeikou area

Fig. 3 Water quality datasets

Table 2 Comparison among TransVAE and other baseline models

Models TP in Wucun area DO in Gubeikou area

Accuracy F1-score AUROC Accuracy F1-score AUROC

LOF 0.768 0.353 0.598 0.715 0.473 0.602
KNN 0.742 0.338 0.583 0.674 0.407 0.618
Autoencoder 0.793 0.374 0.613 0.799 0.594 0.711
K-Means 0.244 0.317 0.385 0.348 0.311 0.385
LSTM-VAE 0.684 0.493 0.654 0.539 0.467 0.682
Random Forest 0.739 0.416 0.629 0.610 0.479 0.589
Anomaly Transformer 0.689 0.536 0.689 0.719 0.605 0.696
TransVAE 0.793 0.606 0.735 0.782 0.739 0.808

Table 3 Ablation experiments with different configurations of modules.

Datasets Models Accuracy F1-score AUROC

TP in Wucun area

TransVAE-novae 0.785 0.458 0.645
TransVAE-noembedding 0.747 0.588 0.729
TransVAE-nores 0.651 0.503 0.661
TransVAE 0.793 0.606 0.735

DO in Gubeikou area

TransVAE-novae 0.712 0.613 0.700
TransVAE-noembedding 0.698 0.645 0.720
TransVAE-nores 0.699 0.643 0.719
TransVAE 0.782 0.739 0.808

3 Experimental Evaluation

3.1 Experimental Setup

The implementation of TransVAE, along with several bench-
mark models, is conducted with the PyTorch library. We per-
form the experiments on a server equipped with an NVIDIA
RTX 3090 GPU and an Intel Xeon 6248R processor, evaluat-
ing multiple baseline models to identify the optimal parameter
settings for each configuration. The effectiveness of TransVAE
is demonstrated through the analysis of two real-world water

quality datasets collected from the Gubeikou and Wucun re-
gions. The dataset for Gubeikou water quality consists of 9,778
recorded dissolved oxygen (DO) samples collected from the
Chaohe River in Beijing, China, between April 2, 2014, and
September 17, 2018. Additionally, the water quality dataset in-
cludes 6,510 total phosphorus (TP) data points from theWucun
area in China, collected from August 31, 2018, to December
12, 2021. Water quality time series data are recorded every
four hours, with further details provided in Table 4 and Fig. 3.
The dataset is partitioned into training, testing, and validation
subsets in a ratio of 7:2:1, respectively. The split is performed
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chronologically rather than randomly to preserve temporal or-
der and prevent future observations from leaking into earlier
subsets. These datasets are solely for method validation pur-
poses. The detection of anomalies does not necessarily indicate
water quality issues, and the results have not been compared
against the relevant national standard (GB 3838-2002 Environ-
mental quality standards for surface water).

3.2 Evaluation Metrics

We employ three metrics to assess the effectiveness of the
TransVAE model in anomaly detection, which includes Accu-
racy, F1-Score, and area under the receiver operating character-
istic (AUROC).

Recall= TP
TP+FN

(20)

Precision= TP
TP+FP

(21)

F1−score=Precision×Recall
Precision+Recall

×2 (22)

Accuracy=TP+TN
TS

(23)

where TP denotes the number of positive samples correctly
classified as positive, while FP refers to negative instances that
are mistakenly categorized as positive. Conversely, FN repre-
sents positive samples incorrectly assigned as negative, and TN
captures negative instances accurately recognized as negative,
demonstrating correct rejections. TS is the total number of
samples, and TS=TP+FP+FN+TN. Accuracy is measured as
the proportion of correctly identified anomalies and normal
instances among all samples classified by the model. AUROC
measures the model’s ability to distinguish between normal
and anomalous samples across different threshold values, with
higher values indicating better discriminative capability.

3.3 Hyperparameter Setting

TransVAE has multiple hyperparameters that need to be
configured. The batch size is fixed at 32, while the num-
ber of time steps 𝑇 is selected from the set {10, 20, 30, 40}.
The hidden size 𝐷 of TransVAE is selected from the options
{16, 32, 64, 128, 256}. The number of heads 𝜏 is selected from
{2, 4, 6, 8, 10}. During the hyperparameter tuning phase, the
optimizer starts with a learning rate of 0.01, which is subse-
quently reduced by 1×10−6 after every 20 epochs.

The final configurations used in the reported experi-
ments are (𝑇 , 𝐷, 𝜏)=(40, 32, 2) for the Wucun dataset and
(𝑇 , 𝐷, 𝜏)=(40, 64, 2) for the Gubeikou dataset.

3.4 Benchmark Methods

TransVAE is benchmarked against seven representative
anomaly-detection models: the traditional models LOF, KNN,
𝐾-Means, and Random Forest, and the deep learning models
Autoencoder, LSTM-VAE, and Anomaly Transformer.

1) LOF [19]. LOF identifies outliers by local density devia-
tions from neighboring points.

2) KNN [17]. KNN is a supervised learning classifier that
classifies data based on 𝐾 nearest neighbors.

3) 𝐾-Means [16]. 𝐾-Means is a clustering method that di-
vides data into𝐾 separate clusters by iteratively reducing
intra-cluster variance.

4) Random forest [44]. Random forest is a meta-estimator,
utilizing multiple decision tree classifiers trained on di-
verse data subsets. It employs averaging to enhance pre-
diction accuracy while managing the risk of overfitting.

5) Autoencoder [45]. Autoencoder detects anomalies by re-
construction with a standard autoencoder.

6) LSTM-VAE [46]. LSTM-VAE adopts LSTM to generate
local features and uses VAE to estimate the long-term
correlations of the sequence.

7) Anomaly Transformer [38]. A reconstruction-based
method with a novel anomaly attention mechanism is
designed to compute association discrepancies.
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(a) Accuracy for the TP dataset in the Wucun area
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(b) Accuracy for the DO dataset in the Gubeikou area

Fig. 4 Accuracy comparison of different anomaly types

3.5 Quantitative Comparison

As presented in Table 2, TransVAE demonstrates stronger
overall anomaly-detection performance than the baselinemod-
els across multiple evaluation metrics. This improvement
should be interpreted in connection with the framework design
rather than as an isolated numerical gain. Compared with
purely reconstruction-based baselines, the proposed frame-
work combines shared local–global representation learning
with latent regularization of the encoded features. Compared
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with LSTM-VAE, the Transformer backbone is better suited to
modeling long-range dependencies in long sequences, while the
VAE continues to regularize the representation space of normal
patterns. Accordingly, the improvements in F1-score and AU-
ROC are consistent with the goal of distinguishing abnormal
deviations from normal fluctuations in imbalanced anomaly-
detection settings.

On the Gubeikou dataset, TransVAE obtains a slightly lower
Accuracy than the Autoencoder baseline (0.782 versus 0.799),
but substantially higher F1-score (0.739 versus 0.594) and AU-
ROC (0.808 versus 0.711). This result suggests that the small
reduction in overall classification accuracy is accompanied by a
better precision–recall balance and stronger discrimination be-
tween normal and anomalous samples across different thresh-
olds. The three metrics therefore provide complementary per-
spectives on the anomaly-detection performance of themodels.

The accuracy of TransVAE in comparison to benchmark
models across various types of anomalies is shown in Fig. 4.
The anomalies present in the Wucun and Gubeikou datasets
include extreme, shift, trend, and variance anomalies. Although
TransVAE demonstrates lower accuracy than some benchmark
models for extreme and trend anomalies, its overall anomaly
detection accuracy remains higher than that of the other bench-
markmodels in both datasets. The relatively lower performance
on extreme anomalies is consistent with the smoothing effect
introduced by reconstruction-oriented modeling, whereas the
challenge of trend anomalies lies in balancing sensitivity to
gradual shifts with robustness against normal variations.
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Fig. 5 Performance comparison for different hyperparameters

𝐾-Means and random forest algorithms are effective in de-
tecting extreme anomalies, but they do not perform as well as
TransVAE and LSTM-VAE in identifying variance-type anoma-

lies, where abnormalities manifest as unusual fluctuation pat-
terns rather than isolated extreme values. This difference is
consistent with the advantage of representation-learning meth-
ods in modeling nonlinear temporal structure. In particu-
lar, TransVAE outperforms both Autoencoder and LSTM-VAE,
which is consistent with the combined effect of the local–global
representation pipeline and latent regularization described in
the framework analysis.

3.6 Model Analysis: Hyperparameters and Components

To comprehensively evaluate TransVAE, we conduct two sets
of experiments: (1) a sensitivity analysis evaluating how key
hyperparameters affect performance, and (2) an ablation study
investigating the contribution of each architectural component.
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Fig. 6 Performance comparison for different 𝑇

3.6.1 Hyperparameter Sensitivity Analysis

In our hyperparameter analysis, we systematically vary the
time step count 𝑇 , latent space dimensionality 𝐷, and attention
head count 𝜏 while keeping other parameters fixed. Fig. 5
presents the F1-scores for different hyperparameters across the
Gubeikou and Wucun datasets. Given 𝑇 =40 for both datasets,
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Fig. 5a illustrates the performance variations for 𝐷. It in-
dicates that TransVAE achieves the optimal performance on
the Gubeikou dataset when 𝐷=64, and on the Wucun dataset
when 𝐷=32. This difference in the optimal dimensionality
reflects the varying complexity of the underlying patterns in
each dataset, with DO measurements in Gubeikou potentially
exhibiting more complex temporal dependencies that require
higher-dimensional representations. Fig. 5b shows that an
attention head count of 2 (𝜏=2) provides the best balance be-
tween computational complexity and representational capacity
for both datasets, allowing the model to simultaneously attend
to multiple temporal patterns at different scales.

Fig. 6 illustrates how the performance of TransVAE varies
with adjustments to the number of time steps. As 𝑇 increases,
the F1-score also increases. In anomaly detection tasks involv-
ing short-term sequences (𝑇 <20), the F1-score of alternative
methods is relatively close to that of TransVAE. However, as
𝑇 increases to 40, TransVAE demonstrates significantly better
performance compared to other models. This result supports
the advantage of the framework on longer sequences, which is
consistent with the use of a Transformer backbone for long-
range dependency modeling and the support provided by the
global embedding and residual pathways.

3.6.2 Component Analysis

To isolate the effects of each key architectural component,
we design ablation experiments comparing TransVAE with its
three variants: TransVAE-novae (without VAE component),
TransVAE-noembedding (without global embedding module),
and TransVAE-nores (without residual network module). Each
variant retains all other architectural components of TransVAE.

As shown in Table 3, the component analysis provides
an evidence-to-mechanism mapping for the proposed frame-
work. The comparison with TransVAE-noembedding shows
that removing the global embedding module weakens perfor-
mance, supporting the role of the local–global dual-embedding
pipeline in supplying both fine-grained and sequence-level con-
text. The comparison with TransVAE-novae shows that re-
moving the VAE degrades performance, supporting the role of
latent regularization in shaping the representation of normal
patterns and improving the sensitivity of reconstruction-based
detection. The comparison with TransVAE-nores shows that
removing the residual connection reduces performance, which
is consistent with its contribution to representation stability and
optimization behavior for long sequences. Together with the
time-step and head-number sensitivity analyses, these results
show that the empirical gains are aligned with the architectural
choices of the framework: the Transformer with multi-head
self-attention serves as the temporal modeling backbone, while
the dual-embedding design, latent regularization, and residual
connection support robust anomaly detection across different
temporal scales.

In summary, the results demonstrate that the global embed-
ding, VAE-based latent regularization, and residual network
modules all contribute to the effectiveness of TransVAE, while
the sensitivity analyses support the framework’s behavior on
longer sequences and the use of multi-head self-attention as the
temporal modeling backbone.

4 Conclusion

This work presents Transformer with Variational
AutoEncoder (TransVAE) for anomaly detection in long-term
time series. The proposed framework is centered on a local–
global dual-embedding representation pipeline and VAE-based
latent regularization of Transformer-encoded features, while
using a Transformer with multi-head self-attention as the
backbone for modeling long-range temporal dependencies.
Experimental results on two real-world datasets, together
with ablation and sensitivity analyses, support the roles of the
global embedding design, latent regularization, and stable long-
sequence representation learning in the observed performance
gains. These findings indicate that TransVAE provides an
effective and robust reconstruction-based solution for long-
term time-series anomaly detection.

The future research will focus on two primary areas. First, we
plan to utilize patch-based Transformer models to enhance the
model’s ability to capture nonlinear features. Second, we aim
to implement trend decomposition methods to identify trends
and intervals characterized by long-range dependence within
the time series.
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