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Abstract: Interpreting complex clinical time series is vital for patient safety and care, as it is both
essential for supporting accurate clinical assessment and fundamental to building clinician trust
and promoting effective clinical action. In complex time series analysis, decomposing a signal into
meaningful underlying components is often a crucial means for achieving interpretability. This
process is known as time series disentanglement. While deep learning models excel in predictive
performance in this domain, their inherent complexity poses a major challenge to interpretability.
Furthermore, existing time series disentanglement methods, including traditional trend or seasonality
decomposition techniques, struggle to adequately separate clinically crucial specific components:
static patient characteristics, condition trend, and acute events. Thus, a key technical challenge
remains: developing an interpretable method capable of effectively disentangling these specific
components in complex clinical time series. To address this challenge, we propose CoTD-VAE, a
novel variational autoencoder framework for interpretable component disentanglement. CoTD-VAE
incorporates temporal constraints tailored to the properties of static, trend, and event components,
such as leveraging a Trend Smoothness Loss to capture gradual changes and an Event Sparsity Loss
to identify potential acute events. These designs help the model effectively decompose time series
into dedicated latent representations. We evaluate CoTD-VAE on critical care (MIMIC-IV) and human
activity recognition (UCI HAR) datasets. Results demonstrate successful component disentanglement
and promising performance enhancement in downstream tasks. Ablation studies further confirm
the crucial role of our proposed temporal constraints. CoTD-VAE offers a promising interpretable
framework for analyzing complex time series in critical applications like healthcare.

Keywords: interpretation; temporal constraints; variational autoencoder; disentanglement; clinical
time series

1. Introduction
In recent years, deep learning algorithms have made big progress in the field of time series data

analysis. This has given us more advanced tools for analyzing complicated and ever-changing medical
time series data [1]. Some computer science models, like RNNs, CNNs, and Transformers, have shown
that they can better understand healthcare data over time. They are better at finding patterns in the
data that are difficult to predict and complicated [2–4]. Information about healthcare, such as electronic
health records (EHRs) and data from medical devices, contains a lot of useful clinical information.
Using deep learning models to analyze medical data is hard to interpret [5–7]. To improve how the
model is understood, it is necessary to make the model more transparent and analyze the way medical
time series data is generated.

In the study of time series data, researchers have looked into and suggested different VAE-based
time series decoupling models. These models break down complex time series data into its different
parts, like trends, seasonality, and random noise [8–10]. Medical data that shows changes over time
is often caused by a mix of things. It’s not enough to look at trends and seasons separately. We need
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better ways to separate these features that are more meaningful for doctors and patients. As a new
way of thinking about data, disentangled representation learning has been studied a lot by academics
recently [11]. The variational autoencoder (VAE) is a representation learning model that is often used.
It achieves decoupling by learning a low-dimensional representation of the data and imposing specific
a priori distribution constraints on it [12].

To improve the accuracy of the separation of features in time series data, we propose a new
model called constrained Temporal Disentangled Variational Autoencoder (CoTD-VAE). The goal
of the model is to disentangle complex medical time series data into three clinically relevant latent
factors: the static factor, which captures baseline characteristics that are inherent to the patient and do
not change or change very slowly over time; the trend factor, which represents the smooth evolution
of disease states over time; and the event factor, which captures clinically important and transient
changes in health status.

This is different from our previous work, which did not take into account the changing nature
of healthcare data. Temporal constraints include Trend Smoothness Loss and Event Sparsity Loss.
Trend Smoothness Loss helps the model learn smoother and continuous trends by penalizing sudden
changes in trend latent variables over time. Event Sparsity Loss, on the other hand, tells the model to
identify unexpected event points that are sparse in time and deviate from the regular trend. It does
this by imposing sparsity constraints (e.g., L1 paradigm) on the event latent variables.

From the perspective of model architecture, CoTD-VAE is built on a base time series disentangled
VAE model (Figure 1). The encoder is responsible for mapping the input medical time series into
three separate latent spaces, namely static, trend and event. The decoder reconstructs the original
input sequences using the learned latent variables (Figure 2). We introduced the aforementioned trend
smoothness regularization term and event sparsity regularization term in addition to the standard
reconstruction loss and KL scatter in the optimization objective (loss function) of the model. These
learned disentangled representations (static, trend, event) can be applied to downstream prediction
tasks. We demonstrate the higher quality of the learned disentangled representations through compar-
ison and ablation experiments, where CoTD-VAE outperforms other benchmark models in terms of
prediction performance for downstream tasks.This paper makes the following contributions:

• We propose a novel disentangled variational autoencode called "CoTD-VAE". It can disentangle
medical time series data into three parts: static, trend, and event.

• CoTD-VAE is given explicit temporal constraints, which are the loss of trend smoothness and the
loss of event sparsity. These constraints improve the model’s ability to capture and distinguish
dynamic changes in medical data at different timescales.

• We evaluated the proposed CoTD-VAE and its learned Disentangled representation by running
an experiment on a real healthcare risk prediction task. The results of the experiment showed that
the proposed CoTD-VAE and its learned Disentangled representation are valid and better than
other models.

Figure 1. Basic Variational Autoencoder Model, consisting of an encoder and a decoder. The input data is analyzed
by the encoder to produce means and variances, and reparameterization is used to obtain latent variables. These
latent variables are fed into the decoder to reconstruct the original data, with the aim of minimizing the sum of
reconstruction error and KL divergence to optimize reconstruction performance.
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The rest of this paper is organized as follows: Section II will review related work on time series
analysis, learning of disentangled representations, and VAE applications in healthcare. Section III will
explain the specific structure, mathematical rules, and how to implement our proposed CoTD-VAE.
Section IV will present the dataset, the ways to measure performance, the basic model, and the detailed
way the experiments were set up. Section V talks about the results of the experiment. Section VI will
summarize the full paper and talk about possible future research directions.

Figure 2. CoTD-VAE is an advanced VAE model tailored for medical time series data. It uses three encoders to
disentangled input data into latent variables Zstatic, Ztrend, and Zevent. During backpropagation optimization, it
adds minimizing trend smoothness loss and event sparsity loss.

2. Related Work
In this section, we look at research that is related to our proposed disentangled variational

autocoder for time series. We also explore healthcare time series analysis, disentangled representation
learning, and the use of variational autocoders in time series modeling. We focus on the challenges
that existing approaches face when dealing with complex healthcare data.

2.1. Medical Time Series Analysis

Medical time series data analysis is an active area of research in clinical research and practice.Some
common statistical methods, like autoregressive integral sliding average models (ARIMA) [13] and
Kalman filtering [14], have been used to study and predict medical data. However, traditional linear
models often have problems with modern healthcare big data that has complex nonlinear patterns and
long-term dependencies. In recent years, deep learning models have been making progress in medical
time series analysis because they can automatically learn features. Recurrent neural networks (RNNs)
and their variants, such as long short-term memory networks (LSTMs) and gated recurrent units
(GRUs), are now common methods in healthcare time series prediction. They are able to effectively
model temporal dynamics in sequence data [15]. Different architectures, such as GRUs, LSTMs, and
their bi-directional and multilayered variants, as well as feature-specific networks and target replication
strategies, have specific advantages in different scenarios. Convolutional Neural Networks (CNNs)
have a lot of potential in the field of recognizing and classifying Electroencephalography (EEG) signals.
This is expected to provide efficient solutions to practical problems in medical and brain-computer
interface systems [16]. A new Transformer model called ETHOS uses a zero-sample learning approach
to predict future health trajectories. It analyzes high-dimensional, heterogeneous, and intermittent
health data, such as patient health timelines (PHTs) [17].The Transformer architecture was used to
train a large amount of EHR data ahead of time. This was done to predict the risk of serious lung
problems in patients with SARS-CoV-2. It worked better than traditional machine learning models [18].
These methods have been very successful in improving how well predictions can be made. However,
not enough attention has been paid to how easy it is to understand the representations learned by the
model. This is especially true when it comes to disentangled latent factors, which is one of the things
this study looks at.
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2.2. Disentangled Representation Learning

The goal of Disentangled Representation Learning (DRL) is to allow a model to learn to separate
potentially independent factors in the data. This improves the interpretability, generalization, and
controllability of the representation [11]. The Variational Auto-Encoder (VAE) is a popular method for
learning data distribution through something called variational inference. This is used in a process
called disentangled representation learning, or DRL. Researchers have proposed various methods
to improve the Disentangled ability of VAE on complex datasets. For example, β-VAE makes latent
variables more independent by adding a β penalty term, which improves disentanglement. However,
a large β value can make reconstruction quality worse [19].FactorVAE forces latent variables to be
independent by minimizing the Total Correlation, which improves disentanglement even more [20].
DIP-VAE improves the Disentangled performance by matching the covariance matrix and prior distri-
bution of latent variables, which is useful in situations that require strict mathematical guarantees [21].
JointVAE can disentangle both continuous and discrete latent variables, which is useful in situations
that require handling different types of latent factors [22].RF-VAE improves the decoupling capability
by introducing correlation indicator variables to identify important latent factors [23]. By designing
the right model structure and loss function, we can encourage VAE to learn a disentangled latent
representation [24]. In the medical field, a method called "disentangled representation learning" has
been used to study medical images and genetic data. This method helps identify what causes diseases
and what types of diseases they are [25–28].

2.3. Disentangled Representation Learning for Time Series Based on LSTM, Transformer and VAE

The application of disentangled representation learning in the field of time series data analysis has
driven research on Disentangled Temporal Variational Self-Encoder (DTSE) for time series [29–31]. The
goal of these models is to break down a complex time series signal into several independent parts with
specific meanings, such as trend and seasonality [32,33]. To achieve this goal, these methods typically
use a variational autoencoder (VAE) as the main framework and use recurrent neural networks (RNNs)
such as LSTM and Transformer, as well as convolutional neural networks (CNNs) as the encoder and
decoder to capture the dynamic properties of the time series [34,35]. In the medical field, a type of
machine learning called a VAE has been used to study heart signals. This type of VAE is called a
"disentangled VAE." It can learn to understand different parts of a heartbeat signal. It can also spot
things that are not normal[36]. However, these VAE variants of the approach are not very good at
separating these different properties of the underlying factors when dealing with data with multiple
complexities and lack temporal constraints specific to the characteristics of medical data [37].

3. Methods
This section describes CoTD-VAE, which is designed to learn separate representations of complex

time series data and apply them to classification [38]. We start by explaining the overall structure of the
model. Then, we look at its different parts, such as the encoder structure, decoder design, time limits,
and training strategies. CoTD-VAE is made up of three parallel encoders, a decoder, and classifier
module. CoTD-VAE Disentangled time series features are divided into three different latent variables:
static features (zstatic), trend features (ztrend), and event features (zevent).Given a time series x ∈ RC×L,
where C is the number of feature channels and L is the length of the series, the three encoders of
CoTD-VAE map it to three independent latent distributions:

q(zstatic | x) = N
(

µstatic(x), diag
(

σ2
static(x)

))
, (1)

q(ztrend | x) = N
(

µtrend(x), diag
(

σ2
trend(x)

))
, (2)

q(zevent | x) = N
(

µevent(x), diag
(

σ2
event(x)

))
(3)
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where µ and σ denote the mean and standard deviation functions, respectively, and diag denotes the
diagonal covariance matrix.

Encoder design. CoTD-VAE uses three different encoder designs, each focusing on different types
of time series features [39,40]. The static feature encoder uses a Temporal Encoder (TEC) architecture
and supports either RNN or CNN implementations. The RNN mode uses a bidirectional LSTM
to capture global sequence information. The CNN mode uses a convolutional layer and average
pooling to extract the overall features of the sequence. The encoder shows the fixed dimensional latent
variables that represent the static characteristics of the whole sequence. The trend feature encoder uses
a one-dimensional convolutional network structure, which contains multilayer convolution, batch
normalization, and Dropout layers. The output of this structure is a sequence of latent variables that is
the same length as the sequence. This means that the time dimension information is retained, and the
structure is suitable for capturing long-term change trends. The Event Feature Encoder is similar to
the Trend Encoder, but it uses a special process called "sparsity regularization" to capture patterns that
emerge or last for a short time. All encoders output mean µ and log-variance log σ2. Latent variables are
sampled from the posterior distribution by a reparameterization trick : z = µ + σ ⊙ ϵ, ϵ ∼ N (0, I) [41],
where ⊙ denotes element-level multiplication, a trick that allows gradients to be back-propagated
through a stochastic sampling process for end-to-end training.

Decoder design. The decoder receives a combined representation of the three latent variables
and reconstructs the original time series. The specific implementation includes expanding the static
latent variables to the same dimension as the length of the sequence, splicing the expanded static
latent variables with the trend latent variables and the event latent variables in the feature dimension,
averaging along the sequence dimensions, and finally reconstructing the original sequence by a
Temporal Decoder (TD), which also supports RNN or CNN implementations.

Temporal constraints. We introduce temporal constraints [42] to guide different latent variables
to learn specific types of features. The trend smoothness loss encourages the trending latent variables
to vary smoothly in the time dimension by computing their first- and second-order differences and
imposing an L2 paradigm penalty:

L(1)
smooth =

1
B

B

∑
i=1

[
1

dtrend × (L − 1)

dtrend

∑
j=1

L−1

∑
t=1

∥z(i,j,t)trend − z(i,j,t−1)
trend ∥2

2

]
(4)

where B is the batch size and D is the dimension of the trend latent variable. If the sequence length is
sufficient, we also compute a second-order difference loss to penalize acceleration changes:

L(2)
smooth =

1
B

B

∑
i=1

[
1

dtrend × (L − 2)

dtrend

∑
j=1

L−1

∑
t=2

∥z(i,j,t)trend − 2z(i,j,t−1)
trend + z(i,j,t−2)

trend ∥2
2

]
(5)

The final trend smoothness loss is:

Lsmooth = L(1)
smooth + 0.5 · L(2)

smooth (6)

Event sparsity loss encourages event latent variables to be sparse in time, using a composite loss
function:

Lsparse = L1 + 0.2 · Lcontrast + 0.2 · Lpeak (7)

L1 is the L1 regularization term, which encourages overall sparsity; Lcontrast is the contrast loss, which
encourages large values in a few dimensions, with the rest being close to zero; and Lpeak is the peak
loss, which encourages peak activation.
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Training Goal. The goal of CoTD-VAE is to find the best way to minimize the following loss
function:

Ltotal = Lrecon + βstatic · Lstatic
KL + βtrend · Ltrend

KL

+ βevent · Levent
KL + λsmooth · Lsmooth + λsparse · Lsparse

(8)

Lrecon is the reconstruction loss, computed using the mean squared error (MSE). Lstatic
KL , Ltrend

KL and
Levent

KL are the KL scatter losses for each of the three latent variables. These losses measure the difference
between the posterior distributions and the standard normal prior. βstatic, βtrend and βevent are the
weighting parameters for the KL scatter losses. These are designed as learnable parameters in this
implementation. λsmooth and λsparse are weight parameters for the temporal constraints. These are
also designed as learnable parameters. During the training process, we use numerical stabilization
techniques, such as cropping the gradient and loss values, to ensure the stability and convergence of
the training.

Disentanglement and classfication. CoTD-VAE is trained through a two-step process [43]. This
process separates representation learning and downstream task prediction. In the first stage, the
variational self-encoder part is trained to learn high-quality latent representations. The training
objective is to minimize the reconstruction loss, the KL scatter loss, and the temporal constraints. The
classification loss is not included. After finishing the training, the encoder can map time series data to
three disentangled potential spaces. In the second stage, we freeze the trained encoder parameters and
pass the time series data through the trained VAE encoder to obtain the distribution parameters of the
three latent variables: static, trend, and event. The statistical features of the three hidden variables are
then put together into a long vector. This is used as input to the random forest to train and test the
random forest classifier.

Assessment methods. We use the mean square error and mean absolute error to assess the
ability of the model to reconstruct the original time series, assess the degree of disentanglement and
expressiveness of the latent variables through visualization and statistical analysis, and compute
prediction accuracy, precision, recall and F1 score.

4. Experiments
In this subsection, we design experiments to understand the performance and potential limitations

of CoTD-VAE. The experimental objectives are as follows: 1) Verify the effectiveness of disentangled
representation learning. 2) Evaluate the importance of the temporal consistency constraint. 3) Explore
the generalization ability of CoTD-VAE on cross-domain data. 4) Discuss the interpretability and
clinical application value of the latent representation.

4.1. Datasets

We performed our comparison and ablation experiments on two datasets. The first dataset is the
UCI Human Activity Recognition (HAR) dataset [44]. It is a widely used benchmark dataset in the field
of human activity recognition. This data set includes information from 30 volunteers (ages 19 to 48)
who used their smartphones to record sensor data while doing six everyday activities. The activities
were: WALKING, WALKING_UPSTAIRS, WALKING_DOWNSTAIRS, SITTING, STANDING, and
LAYING. UCI HAR contains a total of 10,299 samples, which we divide into a training set (7,352
samples, about 71%) and a test set (2,947 samples, about 29%). We also divide 20% of the data in
the training set as a validation set for optimizing the hyper-parameters and implementing the early
stopping strategy. Each data sample has nine signal channels. These channels include total acceleration
(X, Y, and Z axes), body acceleration (X, Y, and Z axes), and body gyroscope signals (X, Y, and Z
axes). Initially, the signals were processed by a filter that reduced noise. Then, they were divided into
segments using a fixed-width sliding window (2.56 seconds, 128 samples) with 50% window overlap.
To prepare the data, we use a sliding window strategy. This means that we divide the sensor timing
data into sections of 128 points each. Each section is 2.56 seconds of data, and the sections are 50% the
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same as the sections in the window right before it. We apply the MinMaxScaler technique to normalize
all the feature values to the interval [0, 1]. This technique eliminates the scale difference between
different features. It does so to ensure the stability of model training.

The second dataset was based on multivariate time-series data from the MIMIC-IV clinical [45].
This database documents the hospitalization of patients in the intensive care unit (ICU). The dataset is
organized by patients and includes their important health information and details about the treatment
they received during their stay in the ICU. The data were created using a sliding window approach.
This means that a time_step was generated at 1-hour intervals. These time steps started from the
patient’s time of admission to the ICU. Each time step is the same as a 3-hour observation window.
Each window shows the patient’s status during that time period. Each time step has the patient’s main
physiological information, like their average heart rate and average systolic blood pressure. It also
has their lab results, like their highest platelet count and highest D-dimer value. And it has info on
any medical treatments they received, like if they got anticoagulant therapy, when they were in the
hospital, and if they were diagnosed with a blood clot-related disease.The dataset that was obtained
after using SQL to make a request contained 130,000 samples. All of the samples were separated into
three sets: a training set, a test set, and a validation set. We used a tool called StandardScaler in the
scikit-learn library to adjust each feature so that the mean was 0 and the standard deviation was 1.
This made the features more comparable and prepared the data for training the model.

4.2. Baselines

We considered three perspectives of comparison when choosing the baselines: 1) We will compare
different sequence modeling structures. 2) We will compare generative and discriminative models (AE
and VAE). 3) A comparison of different strategies for learning disentangled representations (β-VAE,
CVAE vs. CoTD-VAE). Four baseline methods are finally selected for comparison experiments. All
of these methods provide ways to encode data and use these representations as features for later
classification tasks.

Long Short-Term Memory Autoencoder (LSTM-AE) [46–48]: LSTM-AE is a classical approach
for processing sequence data. It uses a bi-directional LSTM as an encoder and a uni-directional LSTM
as a decoder. The encoder takes the input sequence and maps it to a fixed dimensional potential vector.
The decoder uses this vector to reconstruct the original sequence. The specific structure includes an
input projection layer, a bidirectional LSTM encoder (hidden layer dimension 128, 2-layer structure), a
bottleneck layer (LN+ReLU activation) and a decoder. The MSE loss function is used for reconstruction.

Transformer Autoencoder (Transformer-AE) [49,50]: The Transformer architecture, which is
based on the self-attention mechanism, has been successful in recent years in tasks that involve
understanding sequences. Our version of Transformer-AE includes a Transformer encoder and
decoder module that uses positional encoding to improve its ability to understand the order of events.
The model dimension is set to 64, there are four attention heads, it contains two layers of encoder and
decoder layers, and the feedforward network dimension is 128. Once again, mean squared error (MSE)
is used as the reconstruction loss.

Beta-Variable Autoencoder (β-VAE) [18]: β-VAE is a type of VAE that allows you to adjust the
weights (β) to balance how well something is reconstructed with how much it is represented. We use
CNN as the main structure, and the encoder has several convolutional layers (channel configuration
[16, 32], kernel size 5, step size 2) and a batch normalization layer that converts the inputs to the
mean and variance parameters of the hidden variables. The decoder uses transposed convolution to
recover the original sequence. The loss function combines two things: the reconstruction error and the
weighted KL scatter.

Conditional Variational Autoencoder (CVAE) [51,52]: CVAE introduces category information
as a condition into the generation process and learns the conditional distribution of specific activity
categories. The structure is similar to β-VAE, but it introduces category embedding (dimension 8) in
both the encoding and decoding processes. This allows the model to generate specific reconstructions
and learn representations that are sensitive to specific conditions.
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We applied systematic hyperparameter optimization to all baseline models. We used a grid search
strategy to explore different combinations of key hyperparameters for each model. These included
hidden layer dimensions and number of layers for LSTM, model dimensions and number of attention
heads for Transformer, latent space dimensions and regularization strengths for the VAE variant, etc.
We chose the configuration with the best performance on the validation set for complete training.

After the representation learning phase is complete, we train a multilayer perceptron (MLP)
classifier on the frozen encoder. This allows us to evaluate the discriminative performance of the
potential representation. The classifier contains two hidden layers (dimensions 128 and 64, respectively)
and uses BatchNorm and Dropout(0.3) to improve generalization. Training uses cross-entropy loss
and Adam optimizer (learning rate 5e-4), and an early stopping strategy prevents overfitting.

4.3. Ablation Experiments

We used a multivariate time series dataset based on the MIMIC-IV clinical database to evaluate
the impact of the trend smoothness constraint and the event sparsity constraint within the model. We
constructed two CoTD-VAE variants:

• No Smoothness: It would be beneficial to consider removing the loss of trend smoothing and
testing the impact of the trend smoothing constraints on the model performance.

• No Sparsity: It might be worthwhile to explore removing the loss of event sparsity and testing the
impact of the event sparsity constraints on the model performance. By comparing the performance
difference between these variants and the full model, we can hopefully quantify the contribution
of these two components to the overall performance and verify the validity of our proposed
temporal constraints.

5. Results
5.1. Reconstruction Task

The Mean Squared Error (MSE) and Mean Absolute Error (MAE) are employed to evaluate the
reconstruction performance, which reflects the model’s ability to capture the essential features of the
data. The Mean Squared Error (MSE) is defined as follows:

MSE =
1
n

n

∑
i=1

(xi − x̂i)
2 (9)

MSE is calculated as the mean of the square of the differences between the original data and the data
that has been reconstructed. Here, xi denotes the original data point, x̂i denotes the corresponding
reconstructed data point, and n is the total number of samples. This metric is more sensitive to larger
errors, which are made bigger by squaring. It helps to identify significant reconstruction distortions.
In activity recognition, MSE captures the model’s ability to remember the details of an action and is
more sensitive to large-magnitude action features. Mean Absolute Error (MAE) is defined as follows:

MAE =
1
n

n

∑
i=1

|xi − x̂i| (10)

MAE calculates the mean absolute difference between the original and reconstructed data. It uses xi

for the original data points, x̂i for the reconstructed data points, and n for the total number of samples.
MAE is less sensitive to outliers and provides a more balanced picture of overall reconstruction quality
compared to MSE. These two error metrics work well together to provide a thorough assessment of
how well the reconstruction is done. MSE focuses on capturing important details, while MAE shows
how accurate the reconstruction is overall.
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Table 1. Performance on the UCI dataset reconstruction task.

Model MSE (×10−3) MAE (×10−2)

LSTM-AE 3.311 3.837
Transformer-AE 0.438 1.589
β-VAE 6.616 5.145
CVAE 5.776 4.852
CoTD-VAE 3.267 3.422

CoTD-VAE outperforms LSTM-AE, β-VAE, and CVAE across both MSE and MAE metrics. An
interesting observation from the result is that Transformer-AE exhibits significantly lower MSE and
MAE values compared to other models. Overfitting is potentially suggested by this.Despite the notable
low reconstruction error, its generalization ability was further assessed through downstream prediction
tasks.

To qualitatively assess the reconstruction fidelity of the trained CoTD-VAE on the UCI HAR
dataset and visually demonstrate its temporal feature capture capabilities, a reconstruction visualiza-
tion analysis was conducted using two samples selected from each of the SITTING and STANDING
test sets. Figure 3 presents the results where each subplot provides a direct comparison between
the original signal (blue curve) and its corresponding reconstructed signal (red curve) generated by
the trained CoTD-VAE. Across all nine channels, these reconstructed signals closely track the overall
trends and local fluctuations of the original signals, successfully capturing key features like the tim-
ing of peaks and troughs as well as approximate amplitude variations despite subtle discrepancies.
Furthermore, the reconstruction results demonstrate high consistency across the different channels,
indicating that the CoTD-VAE effectively learned the intrinsic data representation and is capable of
accurately decoding it back into the original data space.

Figure 3. Cont.
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Figure 3. Visualization of CoTD-VAE Signal Reconstruction on UCI HAR Dataset. Comparison of original
signals (blue curves) and signals reconstructed by the CoTD-VAE model (red curves) for selected SITTING and
STANDING activity samples from the test set. The visualization across nine sensor channels demonstrates the
model’s high fidelity in capturing key temporal features and overall signal structure.

5.2. Classification Task

Accuracy, macro-averaged precision, macro-averaged recall and macro-averaged F1 score are
used to evaluate the classification performance of the model. Accuracy is defined as follows:

Accuracy =
∑k

i=1 TPi

∑k
i=1(TPi + FPi)

(11)

The accuracy rate shows the proportion of activities that were correctly identified. TPi is the number
of true instances in category i, FPi is the number of false positive instances in category i, and k is the
total number of categories. In activity recognition, high accuracy means that the model can reliably tell
the difference between different types of activities. Macro average precision, macro average recall and
macro average F1 score are defined as follows:

Precisionmacro =
1
k

k

∑
i=1

TPi
TPi + FPi

(12)

Recallmacro =
1
k

k

∑
i=1

TPi
TPi + FNi

(13)

F1macro =
1
k

k

∑
i=1

2 × Precisioni × Recalli
Precisioni + Recalli

(14)

Precision measures the reliability of the model to categorize samples into a particular class, where
TPi and FPi denote the number of true and false-positive cases in class i, respectively. Recall measures

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 June 2025 doi:10.20944/preprints202506.0044.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.0044.v1
http://creativecommons.org/licenses/by/4.0/


11 of 15

the model’s ability to recognize all samples in a given category, where FNi denotes the number of false
negative cases in category i. The macro-averaging approach considers all activity categories equally
and is not affected by category imbalance. The F1 score is a reconciled average of precision and recall,
where Precisioni and Recalli denote the precision and recall of category i, respectively.

Table 2 presents a comprehensive comparison of the overall classification performance across all
evaluated models. Notably, CoTD-VAE outperformed all baseline methods on all classification metrics
reported in Table 2, demonstrating its robust capability on classification task.

Table 2. Aggregate performance of models on the classification task.

Model Accuracy
Macro-averaged

F1
Macro-averaged

Precision
Macro-averaged

Recall

LSTM-AE 0.8850 0.8851 0.8888 0.8862
Transformer-AE 0.8599 0.8586 0.8582 0.8591
β-VAE 0.8677 0.8661 0.8670 0.8666
CVAE 0.8717 0.8605 0.8627 0.8618
CoTD-VAE 0.9026 0.9027 0.9030 0.9027

Table 3 lists the F1 Score, Precision, and Recall for different models across each activity category.
Variations in performance between models and activity categories can be observed. CoTD-VAE
consistently shows strong performance, ranking in the top two in most activity categories. CVAE
performs exceptionally well in SITTING and STANDING, but shows significant weaknesses in other
categories such as WALKING DOWNSTAIRS. LSTM-AE also performs prominently in LAYING and
WALKING DOWNSTAIRS. LAYING appear to be easier for most models to predict, achieving very
high or perfect metric scores.

Table 3. F1 Score, Precision, and Recall for each activity category.

Metric Model Walk Walk Up Walk
Down Sit Stand Lay

F1 Score

LSTM-AE 0.893 0.881 0.947 0.782 0.807 1.000
Transformer-AE 0.831 0.836 0.882 0.791 0.813 0.999
β-VAE 0.909 0.845 0.849 0.794 0.826 0.973
CVAE 0.759 0.811 0.684 0.984 0.942 0.983
CoTD-VAE 0.901 0.865 0.962 0.832 0.857 1.000

Precision

LSTM-AE 0.860 0.987 0.899 0.790 0.797 1.000
Transformer-AE 0.834 0.832 0.874 0.793 0.819 0.998
β-VAE 0.896 0.861 0.820 0.824 0.802 0.998
CVAE 0.770 0.801 0.765 0.978 0.895 0.968
CoTD-VAE 0.888 0.869 0.962 0.853 0.846 1.000

Recall

LSTM-AE 0.929 0.796 1.000 0.774 0.818 1.000
Transformer-AE 0.829 0.841 0.890 0.788 0.806 1.000
β-VAE 0.921 0.830 0.881 0.766 0.852 0.950
CVAE 0.748 0.822 0.619 0.990 0.994 0.998
CoTD-VAE 0.913 0.860 0.962 0.813 0.868 1.000

**Activity abbreviations:** Walk (Walking), Walk Up (Walking Upstairs), Walk Down (Walking Downstairs), Sit (Sitting), Stand
(Standing), Lay (Laying).

5.3. Ablation Study

As shown in Table 4, removing either the trend smoothness loss or the event sparsity loss leads
to a decrease in the model’s performance on the classification task. Removing the trend smoothness
loss resulted in a 3.62 percentage point decrease in accuracy, a 5.04 percentage point decrease in F1
score, and a 0.6 percentage point decrease in AUC. Removing the event sparsity loss resulted in a
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4.59 percentage point decrease in accuracy, a 6.04 percentage point decrease in F1 score, and a 1.3
percentage point decrease in AUC.

These results indicate that both temporal consistency constraints we introduced contribute to
improving the model’s performance, with the event sparsity constraint contributing more significantly.

Table 4. Ablation Study Results of the CoTD-VAE Model on Classification Task.

Model Accuracy F1 Score AUC

CoTD-VAE 0.8707 0.6092 0.918
No Smoothness 0.8345 0.5588 0.912
No Sparsity 0.8248 0.5488 0.905

6. Discussion
The results of our experiment show that our proposed CoTD-VAE performed better than the

baselines. The model can effectively separate static features, long-term trends, and sudden events in
human activity data. Furthermore, by adding constraints based on time, the model’s ability to capture
how things change over time was improved even more.

CoTD-VAE is better than other VAE versions (like BetaVAE and CVAE) at classifying data while
still being good at making copies of the data. This shows that the disentangled latent representations
and temporal consistency constraints are important for capturing the essential characteristics of activity
data.

The study showed that the model performs better when the trends are smooth and there are fewer
events. Visualization analysis of the hidden representations also showed that the hidden variables
learned by the model can be understood and can reflect the characteristics of different activity classes
and the relationships between them.

However, our study also has some limitations. For example, we only used two sets of data to
evaluate the model. We need to use more diverse data in the future to see how well the model can
generalize. It is important to note that our model still has room for improvement in distinguishing
between the two activities, SITTING and STANDING.

7. Conclusions
CoTD-VAE effectively improves the model’s performance on reconstruction and classification

tasks by disentangling time series data into latent factors such as static features, long-term trends,
and abrupt events, and by introducing temporal consistency constraints such as trend smoothness
and event sparsity. The CoTD-VAE’s disentanglement mechanism enables the model to extract
different types of information from the time series. This meaningful decomposition enhances the
model’s interpretability, allowing us to gain insight into the contribution of different latent factors
to classification and providing more valuable features for downstream tasks. This is expected to
significantly improve the accuracy and clinical utility of classification in medical time series data.
Future work can explore the following directions:

• Further optimization of model architecture: Exploring more advanced sequence modeling ar-
chitectures (e.g., more complex attention mechanisms) or different disentanglement methods
to further enhance the separability and expressiveness of latent representations. Also, investi-
gating how to adaptively determine the dimensions of each latent space and the weights of the
regularization terms (e.g., the β and λ parameters) instead of using fixed hyperparameter settings.

• More fine-grained latent factor analysis and clinical association: Conducting more in-depth
analysis of the disentangled static, trend, and event latent spaces, for example, by using clustering,
visualization, or other statistical methods, to identify clinically meaningful subgroups or patterns.
Further collaborate with domain experts to validate the clinical interpretability of these latent
factors and their association strength with specific disease states or risk events.
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• Application to wider medical time series tasks: Applying the CoTD-VAE model to other types of
medical time series data (e.g., physiological waveforms, continuous glucose monitoring data, etc.),
as well as different clinical tasks, such as early disease diagnosis, disease progression prediction,
treatment response assessment, or patient phenotyping.

• Enhancing model generalization ability and transferability: Investigating how to improve
the generalization ability of trained models across different hospitals or patient populations.
Exploring federated learning or transfer learning techniques in order to utilize data from multiple
sources while protecting data privacy, aiming to train more robust models.

• Integration with causal inference: Exploring the combination of disentangled representations
with causal inference methods to better understand the causal relationships between different
latent factors and how they jointly influence patient risk outcomes. This will help reveal the
underlying disease mechanisms and provide guidance for clinical interventions.

These future research directions will further advance the development of medical time series anal-
ysis and risk prediction techniques based on deep generative models and disentangled representation
learning.
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