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A B S T R A C T

Multivariate Time Series are sequences of observations taken from multiple sources. The proliferation of
environments in which data is collected by means of sensors and the adoption of data-based services reveals the
importance of their efficient analysis. In smart environments, the analysis of the raw Multivariate Time Series
is cumbersome. The algorithms are heavy, slow, and fail to extract all the knowledge available. In that sense,
representation techniques reduce the data points but maintain the inner patterns so that the information present
in data persists. There exist several approaches to represent Univariate Time Series, but for the multivariate case
they are scarce. We have adapted the existent univariate representation algorithm BEATS, which is based on
Discrete Cosine transformation and the extraction of eigenvalues to multivariate scenarios and we have called it
MultiBEATS. Our method allows flexibility with regard to data reduction and does not require labelled data. To
investigate the efficacy of MultiBEATS, we selected 8 open multivariate time series datasets and compared the
running time and accuracy of their classification using raw data and MultiBEATS transformed data. We have
also compared our results with the representation algorithm Seq2VAR, based on autoencoders, for having a
baseline. The MultiBEATS transformation reduces the execution time of classification algorithms, has improved
the results in accuracy in 2 of the datasets and matches a third one. With regards to the baseline, MultiBEATS
is faster than Seq2VAR and more accurate in 7 out of the 8 datasets. In conclusion, MultiBEATS is a promising
approach for efficiently reducing multivariate time series data, therefore helping decision-making in dynamic
smart environments.
. Introduction

In Internet of Things (IoT) deployments and smart environments,
here operational decisions can be made based on contextual and
n-the-go data generated by sensors, actuators, and crowdsensing, mul-
ivariate data are commonly found. Multivariate data consists of a se-
uence of observations taken from multiple sources. These data streams
re most often in the form of a key–vector pair with a number of
bservations taken at the same timestamp, each associated with a
ifferent sensor or actuator monitoring a single system. These can be
onsidered a collection of temporally correlated univariate data streams
hat provide a complete view of the system being monitored and can
e defined as a Multivariate Time Series (MTS).

Given that nowadays we are able to collect huge amounts of data
y means of such ubiquitous systems, we encounter serious problems in
anaging data of such volume, velocity, and variety, and many times
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with missing values [1]. This has given birth to the Big Data paradigm,
which relates to the techniques and technologies that aim to solve
operational problems related to data of such characteristics [2]. Several
approaches can be taken for aiding the storage, management, and
analysis of the data and, to what volume refers, representation of data
becomes crucial for Machine Learning (ML) and Artificial Intelligence
(AI) applications [3]. Data gathering is only the first step to providing
new intelligent services and improving the existing ones. The collected
data, when fused with different sources and provided with a context,
can be turned into information and then obtain knowledge by means
of Ml and AI techniques. Such knowledge makes it possible to create
those new services in different verticals including smart buildings [4],
smart agriculture [5], and cybersecurity [6]. In those scenarios, we
will typically encounter MTS that enclose the complex dynamic of
the systems. By analysing these multivariate time series, we can gain
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insights about the patterns, trends, and anomalies that may be present
in the data, and use this information to make informed decisions and
optimize various processes.

Traditional methods require domain experts to manually engineer
features, which can be time-consuming. In contrast, representation
learning seeks to automatically generate features that describe the
underlying data [7]. More specifically dimensionality reduction, which
involves generating compressed representations of data in order to
extract the most relevant information [8] will be the scope of this
work. Dimensionality reduction by means of representation techniques
is especially crucial in the case of Multivariate Time Series (MTS),
which often contain a large number of variables and time steps that can
result in redundant information. Dimensionality reduction techniques
applied in representation learning can help streamline the analysis and
processing of MTS data. In this work, we are introducing MultiBEATS,
a MTS dimensionality reduction algorithm inspired by the Univariate
Time Series (UTS) representation algorithm named BEATS and we are
proving its efficiency by comparing the classification results, accuracy
and time, of several labelled real-life MTS datasets before and after the
dimensionality reduction carried out by MultiBEATS. We compare with
other representation algorithms for MTS, named Seq2VAR, as well. Our
contributions are summarized as follows:

• Generalization of a segmentation and representation UTS algo-
rithm for the case of MTS

• Creation of an algorithm that does not require labelled data
and that maintains the MTS structure reducing their volume,
therefore, it does not restrict the applications.

• Comprehensive evaluation to demonstrate the effectiveness in
terms of accuracy and processing time of the proposed approach

• Comparison with the state-of-the-art MTS representation algo-
rithm

The structure of the paper is as follows: Section 2 describes the
ackground needed for our work and analyses other works related
o the representation of MTS, especially the one with which we will
ompare MultiBEATS. Then, in 3 we provide a detailed description
f our MTS dimensionality reduction algorithm called MultiBEATS.
ection 4 describes the results of the classification approach that has
een selected to test MultiBEATS. Finally, Section 5 concludes the paper
nd opens up the following lines of research.

. Background and related work

The MultiBEATS algorithm is the multivariate version of our algo-
ithm called BEATS (Blocks of Eigenvalues Algorithm for Time Series
egmentation) [9]. We are going to evaluate its performance by ap-
lying the state-of-the-art classification algorithm for MTS named Long
hort Term Memory Fully Convolutional Network (LSTM-FCNs) to the
ransformed series and also to compare it with the representation
trategy called Seq2VAR.

In that sense, together with the related work for MTS dimensional-
ty representation, which includes a section about Seq2VAR, we find
t interesting to provide some background on BEATS and univari-
te dimensionality reduction techniques in general together with an
xplanation on the LSTM-FCNs MTS classification algorithm.

.1. Univariate dimensionality reduction techniques: BEATS and others

Given that the relationships among the variables in MTS are difficult
o obtain accurately, and the high dimensionality of the variables
resent in MTS data mining, more research reports towards dimension-
lity reduction have been conducted on Univariate Time Series (UTS)
han MTS [10].

Feature selection [11] and feature representation, discrete wavelet
ransformation [12], shape space representation [13], piecewise linear
2

approximation [14] and symbolic approximation [15] or even using
Lagrangian multiplier [16] have been used in the past to aggregate and
represent UTS.

In our previous work [9], where the algorithm BEATS is presented,
a more thorough review of UTS segmentation and representation meth-
ods is present.

Our BEATS methodology involves dividing time series data into
blocks, which can either overlap or be non-overlapping. Each of these
blocks represents a subset of the larger data structure, and BEATS
synthesizes the information contained within each block independently.
By doing so, BEATS is able to reduce the number of data points
while still retaining the essential characteristics of the original data
set, without sacrificing important information. Such synthesis is carried
out by using matrix-based data aggregation, Discrete Cosine Transform
(DCT), and eigenvalues characterization of the time series data.

Our transformation inherited the properties of the Karhunen–Loeve
Transform (KLT) which decorrelates a signal sequence as is said to be
an optimal transform because:

• It completely decorrelates the signal in the transform domain,
• It minimizes the MSE in bandwidth reduction or data compres-

sion,
• It contains the most variance (energy) in the fewest number of

transform coefficients, and
• It minimizes the total representation entropy of the sequence.

In such work, we highlighted the benefits of BEATS compared with
the -at the time- state-of-the-art segmentation and representation UTS
algorithms. We assessed and compared the efficacy of reducing the
datasets with BEATS for classification and clustering tasks, by analysing
the metrics of the transformed datasets and comparing them with the
metrics obtained with the raw data.

2.2. MTS dimensionality reduction and representation

Some representation methods for MTS have been thought of only
for classification purposes. It is the case of Symbolic Representation for
Multivariate Time Series (SMTS) [17]. The process of SMTS involves
using a random forest on a MTS to divide it into leaf nodes, where
each leaf node is represented by a word to create a codebook. Another
random forest is then utilized with the codebook to classify the mts by
utilizing each of the words. Learned Pattern Similarity (LPS) [18] is a
similar model that learns the dependency patterns or ‘‘autopatterns’’ of
time series data by modelling the relationships between its segments.
This is achieved through a segmentation approach that is conceptually
related to multiple lag values for autocorrelation. The resulting seg-
ments are represented as matrices, and a tree-based learning strategy
for regression is utilized to discover the dependency structure among
them. Subsequently, a bag-of-words (BoW) representation is generated
for each time series, which encodes the learned dependency patterns
and these words are used with a similarity measure to classify the
unknown MTS. Finally, in order to find shapelets, that are short dis-
criminative subsequence of time series, in MTS ShapeNet was proposed
in [19]. The candidate shapelets of MTS may come from different
variables of different lengths and thus cannot be directly compared.
To address this challenge, ShapeNet embeds shapelet candidates of
different lengths into a unified space for shapelet selection.

The Auto-Regressive (AR) kernel [20], is a method for measuring
the similarity between MTS and later on classify them according to
that. Another notable approach is the Auto-Regressive Forests for MTS
Modelling (mv-ARF) [21], which utilizes a tree ensemble trained on
different time lags. Additionally, WEASEL + MUSE [22] extracts a mul-
tivariate feature vector by applying a classical bag-of-patterns approach
on each variable using various sliding window sizes to capture discrete
features, words, and pairs of words. Non-discriminative features are
subsequently removed using a Chi-squared test for feature selection.
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Finally, a logistic classifier is used to classify the time series based on
the final feature vector.

The complex pairwise dependencies among multivariate variables
can be described through advanced graph-based methodologies. In
such approach, each variable is treated as a node within the graph
framework, and the relationships between variables are represented
as edges. In [23], they introduce a method termed Multivariate Time
Series Classification with Variational Graph Pooling (MTPool), that
aims to derive a representation of Multivariate Time Series (MTS)
data. The MTPool methodology initially constructs a graph structure
based on the data, capturing spatial and temporal features of the
MTS. Subsequently, a temporal convolution module is employed to
further enhance the model’s understanding of temporal relationships.
To ensure permutation invariance, maintain input correlation, and
facilitate dimensionality adjustability, a pooling layer that encompasses
an ‘‘encoder–decoder’’ architecture, facilitating the generation of cen-
troids related to input data is incorporated. The coarsened graph-level
representations obtained through this process serve as input features
for a differentiable classifier.

Let us now review more general approaches, where a representation
model does not depend on the ML problem to be solved. It is the case
of the temporal kernelized autoencoder (TKAE) model [24] that learns
compressed representations of MTS. Such approach utilizes a deep
Autoencoder with recurrent layers, employing a bidirectional recurrent
neural network to capture time dependencies and generate a fixed-
size vector representation of the input MTS. A dense nonlinear layer is
used to merge the final states of the forward and backward networks,
reducing the dimensionality. They show the benefit of the kernel align-
ment for learning representations in classification settings with missing
data and build a one-class classifier for anomaly detection. To avoid
biases from imputation, they train the architecture with a loss function
that maintains pairwise similarities in the learned representations, even
when dealing with missing data, through a kernel alignment procedure
that aligns dot products of the representations with a kernel similarity
defined in the input space.

In [10] the authors propose the MTS dimensionality reduction al-
gorithm called Piecewise representation based on Principal Component
Analysis (PPCA). PPCA segments multivariate time series into several
sequences, calculates the covariance matrix for each of them in terms
of the variables, and employs PCA to obtain the principal components
in an average covariance matrix.

Seq2VAR [25] can be considered a more sophisticated method to
learn representations of MTS and it is the method we will compare
MultiBEATS with.

2.2.1. Baseline method for comparison: Seq2VAR
The observations of causal interactions between dynamic variables

that are Time Series are typically modelled using vector linear autore-
gression (VAR). While VAR captures the causal and dynamic informa-
tion in the data, it lacks a representation inference mechanism [26].
Neural networks, on the other hand, are capable of inference and can
therefore be used for representation learning.

Latent variable models, such as variational autoencoders (VAE),
can capture relationships among variables that are indirectly inferred
through a mathematical model. However, their powerful decoder may
not necessarily require meaningful latent representations to recover
data. Neural relational inference (NRI) [27] is a specialized VAE ar-
chitecture that explicitly captures variable interactions to explain data
dynamics and it inspires the encoder from the Seq2VAR model, while
VAR contributes to the design for the decoder.

The Seq2VAR model has several advantages: it represents MTS
samples as the parameters of a VAR to prevent information vanishing; it
uses binary sampling to build sparse representations, allowing the inter-
pretation of non-zero entries as Granger causalities; and it implements
a relational inference neural network (RINN) to improve generalization
3

capacity. The RINN takes a sample X(s) as input and outputs a tensor
Â(s) [27], which is the latent representation of the MTS.

Seq2VAR can modify the encoding posterior distribution and regu-
larization based on the task of interest. Stochastic gates are also set for
each sample to obtain explicit sparsity. In addition to that, the model
imposes the constraint of symmetry on the tensor, which is particularly
important for physical links between variables.

For the experiments presented in their paper, two versions of
Seq2VAR were trained: dense with no penalty and binary, which ap-
plies a binary mask to the encoder and referred to as binary-Seq2VAR.

The first experiment tries to assess Seq2VAR in a binary linear
setting. It takes a stationary 1-order linear autoregressive model, where
the linear transition matrix is a permutation matrix, and shows that
the binary sampling approach is relevant for Seq2VAR model and that
the inference mechanism of the model is shared by all samples and
integrates the noise signal by seeing numerous noisy examples. It also
shows that when noise is low, both Seq2VAR and binary-Seq2VAR
offer almost perfect graph discovery. The second experiment tries to
assess Seq2VAR in a physical setting by evaluating the capacity to find
Granger causality graph hidden in physical data. Granger causality is
a statistical concept used to determine whether one time series can
predict another time series and it can be represented as a directed
graph, where nodes represent the time series variables (A and B), and
directed arrows indicate the flow of influence. If an arrow goes from A
to B, it suggests that A Granger-causes B. The physical system consists
of 10 balls and springs, each connected to the other and moving in 2D
space. The classes are defined by sampling interaction graphs and two
datasets are proposed, one with identical rigidity for all springs and one
with variable rigidity. It is found that Seq2VAR gives good results for
both homogeneous and heterogeneous rigidity graphs.

In conclusion, the Seq2VAR model is a powerful tool for time series
classification, particularly in the context of multivariate time series. It
addresses key shortcomings of traditional vector linear autoregression
models, such as the lack of a representation inference mechanism, by
leveraging the power of neural networks. Additionally, the model’s
ability to build sparse representations and capture Granger causalities
through binary sampling, as well as the implementation of a relational
inference neural network, make it a versatile and effective approach
for a range of applications. The experiments presented demonstrate the
model’s efficacy in both binary linear and physical settings, validating
its potential for practical use in time series classification.

2.3. Multivariate time series classification algorithms

There exist specific algorithms for MTS representation applied to
classification problems. In our experimental framework, for evaluating
the goodness of MultiBEATS, we have used a classification scenario to
evaluate the gains and losses in accuracy and in processing time. Before
selecting the classification strategy, we have reviewed the literature.
We have reviewed the latest tendencies that consist of using deep
learning and the inclusion of attention mechanisms [28].

Many of the approaches employed for MTSC are conversions of
models originally designed for univariate data to handle the multivari-
ate case. Neural networks are a natural example of this. There are
currently many new deep learning architectures being proposed for
time series classification. For example in [29] the multilevel discrete
wavelet decomposition is used to decompose an MTS into a group of
sub-MTS so as to extract multilevel time–frequency representations.
Then, a deep CNN is trained for each level to learn level-specific
nonlinear features.

As a special line of research in deep learning for MTS classification,
attention mechanisms allow neural networks to focus on different parts
of the input data when making predictions. This is especially useful
when dealing with sequences of data, like sentences in natural lan-
guage processing which was their original intention. Instead of blindly

processing the entire sequence at once, attention mechanisms enable
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the model to dynamically emphasize certain parts of the input while
generating or predicting output. This can be as well utilized for time
series. One of the key advantages of attention mechanisms is their
ability to capture long-range dependencies in sequences and relate
different elements to each other.

One example of the use of attention mechanisms for MTS is how
in [30] the authors propose integrating Transformer-inspired methods
into Multi-Task Sequence Classification to tackle challenges such as the
identification of patterns that exist between distant data points in the
series. Transformer-like models combine encoders and decoders, lever-
aging self-attention to capture context and mitigate gradient vanishing.
The authors use Swin Transformer to address complexities, feature
interactions, and long-range dependencies in MTSC. Swin Transformer
introduces hierarchical feature maps and a window partitioning scheme
to manage computational load, along with a shifted windowing mech-
anism for enhanced classification. In this same line, a Cross Attention
Stabilized Fully Convolutional Neural Network is proposed in [31],
where a temporal attention mechanism to extract long- and short-term
memories across all time steps is followed by a variable attention step
designed to select relevant variables at each time step.

2.3.1. Multivariate LSTM-FCNs for time series classification
To perform the classification of multivariate time series and to test

how the application of MultiBEATS affects the performance in terms of
accuracy and time, we have used a state-of-the-art method that consists
of transforming the existing univariate time series classification models,
the Long Short Term Memory Fully Convolutional Network (LSTM-
FCN) and Attention LSTM-FCN (ALSTM-FCN), into a multivariate time
series classification model by augmenting the fully convolutional block
with a squeeze-and-excitation block to further improve accuracy [32].
LSTMs are a kind of Recurrent Neural Networks (RNN) that is able
to address the vanishing gradient problem. LSTMs can learn temporal
dependencies and the model can be designed with multiple input
and output nodes, each corresponding to a different variable in the
multivariate time series. However, long-term dependencies of long
sequences are challenging to learn using LSTMs. In that sense, an
attention mechanism can be used. The attention mechanism is designed
to improve the performance of LSTMs by allowing them to selectively
focus on parts of the input that are most relevant to the current output.
We have chosen this classification model because it outperformed most
state-of-the-art models in the datasets that we are going to use while
requiring minimum preprocessing. A very decisive fact is also that the
models are highly efficient at test time and small enough to deploy on
memory-constrained systems.

Within the LSTM-FCN network there are several parameters that
we can tune to optimize the model’s performance. We have explored
the values of the number of nodes in the Attention LSTM layer and its
dropout rate, the first with possible values of 8 or 16 and the second
with rates of 0.25 or 0.5, and the number of filters in the two unidimen-
sional convolution layers, with values of 64, 128 or 256. By applying
cross-validation with a grid composed of those hyperparameters we
are able to select the configuration that suits best each dataset and
avoid issues like overfitting or overall poor model performance. Other
parameters that can be tuned in this type of network are the learning
rate, the number of epochs, and the batch size.

3. MultiBEATS

This section describes our proposed algorithm and discusses its
mathematical and analytical background. We present MultiBEATS and
illustrate its various components and steps. As it will be shown, the idea
of our algorithm is to extract relevant patterns of the MTS and represent
the data using a smaller amount of datapoints. In order to validate our
4

algorithm, we will use such patterns in a classification task, but it could
be applied as well for clustering purposes. Predictive scenarios are out
of the scope of MultiBEATS and would need further developments.

3.1. MultiBEATS construction

The Discrete Cosine Transform (DCT) provides significant dimen-
sionality reduction for time series, improving accuracy in time series
classification and clustering.

Our method, which is multivariate, will use the two-dimensional
Discrete Cosine Transform (2D-DCT). The 2D-DCT is a linear transform
that is used to convert a two-dimensional signal or image from the
spatial domain to the frequency domain. Usually, 2D-DCT is used to
represent images as the weighted sums of cosines having different
horizontal and vertical frequencies. The 2D-DCT plays a key role in
image compression, as it can efficiently represent image information
with fewer coefficients than the original pixel values, and we are
translating this property for the compression of any multivariate time
series scenario.

The general equation for a 2D (N by M matrix) DCT is defined by
the following equation: let 𝑁 be the number of time series (rows) and
M be their timesteps or variables (columns), then see Eq. (1) given in
Box I.

The first step of MultiBEATS consists of separating the time series
into blocks by using sliding windows of different sizes. Sliding windows
is a technique that involves breaking up an input data sequence into
a series of overlapping segments called windows, and processing each
segment separately. For us, the segments will be matrices of 𝑁 × 𝑀
observations that can be understood as blocks. Those blocks will be re-
duced independently by applying 2D DCT, computing the eigenvectors
of the resulting transformation, and projecting the data of the block
into those for obtaining the representation. In that sense, the size of
the window and the overlap, which depends directly on how many data
points we want our sequence of blocks to overlap by, will determine the
reduction percentage. As an example, let us say the time series have 40
timestamps. By selecting slide = 10 and window = 20, we will obtain
3 blocks of data with the indexes 1 to 20, 11 to 30 and 21 to 40.
Then, having computed the eigenvectors and projected the data over
them, we select the number of features that we want per block. For
example, if we decide to keep 2 features, then the final data will result
in 6 observations, having reduced the dataset in a 85% (1 − 6

40 ). More
enerally, since the TS for the same dataset can have different lengths,
e have computed the percentage of reduction using the maximum

ength.

of reduction = 1 −
final TS length
max(TS length) .

The size of the 2D DCT transformed matrix will be the same as
the size of the original one, which means that the matrix might not
be squared. A variation of the standard eigenvalue and eigenvector
computation is known as the singular value decomposition (SVD). The
SVD is a factorization of a rectangular matrix A into the product of
three matrices: 𝐴 = 𝑈𝛴𝑉 𝑇 , where U and V are orthogonal matrices
(meaning their columns are mutually orthogonal unit vectors) and 𝛴 is
a diagonal matrix. The diagonal elements of 𝛴 are called the singular
values of A and represent the square roots of the eigenvalues of 𝐴𝑇𝐴
(or equivalently, of 𝐴𝐴𝑇 ). The columns of 𝑈 and 𝑉 are the left and
right eigenvectors, respectively.

3.2. MultiBEATS usage for classification

The lower-dimensional representation of MTS that MultiBEATS pro-
vide can be used for any analytical purposes. Once MultiBEATS is
applied to the MTS, the sole modification compared to the raw data
relates to the feature dimension. In that sense, the same algorithms,
strategies, and tools, in general, can be used to process the series as
long as those methods do not present restrictions on the needs of series
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Box I.
Table 1
Datasets description.

Dataset Num of classes Num of variables/TS TS length Num of samples Train-Test split Source

Arabic Digits (AD) 10 13 4–93 8800 75–25 Dua and Graff [34]
AUSLAN (AU) 95 22 45–136 2565 44–66 Dua and Graff [34]
Character Trajectories (CT) 20 3 109–205 2858 10–90 Dua and Graff [34]
CMUSubject16 (CMU16) 3 62 109–205 58 25–75 CMU [35]
ECG 2 2 39–152 200 50–50 RT [36]
Japanese Vowels (JV) 9 12 7–29 640 42–58 Dua and Graff [34]
Libras 15 2 45 360 50–50 Dua and Graff [34]
Wafer 2 6 104–198 1194 25–75 RT [36]
length. In our case, in order to be able to quantify the information loss,
if any, we have decided to use a supervised machine learning scenario
since accuracy is easy to compute and understand. In that sense, we
used labelled multivariate datasets that were ready for classification
tasks using both the raw data and the MultiBEATS transformed one,
having in that way a way to measure the gains in time and sometimes
in accuracy or to quantify the losses in a way that a potential user could
decide according to their system’s resources what to do in terms of data
dimensionality reduction.

4. Experiments

In this section, we present the three sets of experiments conducted
on several open MTS labelled datasets, which are also introduced.
All scripts and data needed to perform the experiments are publicly
available for reproducibility purposes [33].

The accuracy of the classification LSTM-FCN strategy using both the
raw data and the MultiBEATS transformations as input was calculated
10 times since we considered this a fairer situation compared to setting
a fixed seed given the libraries that were used. Such results were
averaged and also the standard deviation of the accuracy is presented.

The experiments were run on a machine with O.S. Ubuntu 20.04
with a AMD Ryzen 5 5500U with Radeon Graphics processor and 14 GB
of RAM, MultiBEATS transformations were performed in R 4.1.2 and
the classification algorithms and Seq2VAR were programmed in Python
3.8. For more details about the implementation, please see the GitHub
repository [33].

4.1. Datasets

In the past, access to annotated MTS datasets was often limited to
certain research groups or organizations due to data privacy concerns
or other restrictions. However, with the growing interest in machine
learning and data science, there has been an increased demand for
large, high-quality datasets that can be used for training and testing
machine learning models. As a result, there is now more of a push
to make these types of datasets publicly available, and there are ef-
forts underway to create and curate annotated multivariate time series
datasets that can be shared with the wider research community. It is
the case of the archive of Mustafa Baydogan [17], that has become
widely used in the community for benchmarking MTS classification.
The archive consists of 15 datasets in ‘‘mat’’ format. This is because the
sequence length of each instance in the same dataset can be in arbitrary
lengths as shown in the column TS length of the Table 1. In such a

able, we show the characteristics of the datasets that have been chosen
5

for testing our algorithm, and we can see the variety in the number of
classes, in the number of variables, namely, the number of Time Series
that compound each observation and in the number of samples that
those datasets contain. A brief description of each of them is as follows:

• Arabic Digits (AD) dataset contains time series of 13 Frequency
Cepstral Coefficients (MFCCs) had taken from 44 males and 44
females Arabic native speakers between the ages 18 and 40 to
represent ten spoken Arabic digits, from 0 to 9.

• AUSLAN (AU) dataset contains 27 examples of each of 95 Aus-
tralian Sign Language signs that were captured from a native
signer. A two hand system having two Fifth Dimension Tech-
nologies (5DT) gloves and two Ascension Flock-of-Birds magnetic
position trackers, one attached to each hand was used.

• Character Trajectories (CT) dataset contains labelled samples of
pen tip trajectories recorded whilst writing individual charac-
ters. All samples are from the same writer. Only characters that
are written without lifting the pen during the writing process,
also referred to as a single pen-down segment, were chosen for
consideration.

• CMUSubject16 (CMU16) dataset is a collection of 3 different mo-
tions capture recordings (jump, run, walk) taken from a particular
subject over 58 trials. Such a dataset belongs to a greater ex-
periment on several other subjects that performed other kinds of
motions including interactions with the environment or dancing.
This dataset is part of the Carnegie Mellon University Graphics
Lab Motion Capture Database.

• ECG dataset comprises a collection of time series data sets where
each file contains the sequence of measurements recorded by one
electrode during one heartbeat. Each heartbeat has an assigned
classification of normal or abnormal. All abnormal heartbeats are
representative of a cardiac pathology known as supraventricular
premature beat.

• Japanese Vowels (JV) dataset contains multivariate time series
data where nine male speakers uttered two Japanese vowels /ae/
successively. Here, one utterance by a speaker forms a time series
whose length is in the range 7–29 and each point of a time series
is of 12 features (12 coefficients). The goal of this classification
dataset is to classify the speakers.

• LIBRAS, the Brazilian sign language, is the subject of this dataset
featuring 15 distinct classes, each containing 24 instances. These
classes represent various hand movement types within LIBRAS,
captured as two-dimensional curves in videos. These videos show-
case Libras performances by four different individuals across two
sessions, with each video lasting about 7 s. Video pre-processing
involves time normalization, selecting 45 frames via uniform
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Table 2
LSTM-FCN classification results using raw data vs. using MultiBEATS (MBEATS).

Dataset Reduction (%) Parameters
(nfeat, SL, WD)

Hyperparameters
(nodes1, dropout1,
filters1, filters2)

Accuracy
(mean(sd))

Execution time +
Reduction time (s)

AD raw 0 – {16, 0.5, 256, 128} 0.988 (0.001) 893.5
AD MBEATS R1 33.3 {2,3,3) {8, 0.25, 128, 128} 0.954 (0.003) 357.6 + 38.0 = 395.6
AD MBEATS R2 61.1 {2,4,5} {8, 0.25, 128, 128} 0.947 (0.002) 230.9 + 22.9 = 253.8

AU raw 0 – {16, 0.5, 256, 128} 0.939 (0.005) 94.9
AU MBEATS R1 31.6 {2,4,5} {16, 0.5, 128, 256} 0.924 (0.010) 22.3 + 20.6 = 142.9
AU MBEATS R2 44.0 {2,5,6} {8, 0.25, 128, 256} 0.931 (0.005) 101.0 + 17.0 = 118.0

CT raw 0 – {8, 0.5, 64, 128} 0.978 (0.003) 31.6
CT MBEATS R1 33.3 {3,4,15} {16, 0.25, 64, 256} 0.953 (0.005) 38.6 + 41.2 = 79.8
CT MBEATS R2 42.9 {3,5,12} {16, 0.5, 64, 256} 0.947 (0.004) 29.4 + 27.2 = 56.6

CMU16 raw 0 – {8, 0.5, 64, 64} 1.000 (0.000) 47.2
CMU16 MBEATS R1 23.4 {3,4,35} {8, 0.25, 64, 64} 1.000 (0.000) 34.5 + 64.2 = 98.7
CMU16 MBEATS R2 46.8 {3,6,10} {8, 0.25, 64, 64} 0.966 (0.000) 29.4 + 6.3 = 35.7

ECG raw 0 – {16, 0.5, 64, 64} 0.837 (0.023) 8.6
ECG MBEATS R1 33.2 {2,3,8} {16, 0.5, 64, 128} 0.823 (0.025) 7.8 + 2.7 = 10.5
ECG MBEATS R2 49.6 {2,4,5} {16, 0.5, 128, 256} 0.860 (0.000) 11.3 + 0.8 = 12.1

JV raw 0 – {8, 0.5, 128, 164} 0.981 (0.005) 13.3
JV MBEATS R1 29.3 {2,3,3} {16, 0.5, 64, 128} 0.965 (0.005) 11.1 + 0.9 = 12.0
JV MBEATS R2 46.1 {2,3,7} {8, 0.5, 128, 256} 0.961 (0.010) 12.3 + 0.8 = 13.1

Libras raw 0 – {16, 0.5, 256, 256} 0.828 (0.006) 16.4
Libras MBEATS R1 20.3 {2,3,3} {16, 0.5, 128, 256} 0.774 (0.003) 10.7 + 1.5 = 12.2
Libras MBEATS R2 46.7 {2,3,10} {16, 0.5, 256, 256} 0.793 (0.020) 11.3 + 1.1 = 12.4

Wafer raw 0 – {8, 0.5, 256, 64} 0.916 (0.036) 73.0
Wafer MBEATS R1 21.3 {2,2,40} {16, 0.25, 64, 64} 0.942 (0.044) 20.7 + 60.1 = 80.8
Wafer MBEATS R2 32,1 {2,3,3} {8, 0.5, 128, 128} 0.956 (0.050) 33.0 + 12.1 = 45.1
distribution. Within each frame, centroid pixels of segmented
hand objects form discrete curves, normalized in a unitary space

• Wafer dataset relates to the field of semiconductor microelec-
tronics manufacturing. It encompasses a set of inline process
control measurements that are gathered from different sensors
throughout the manufacturing process of silicon wafers for semi-
conductor production. Each dataset within the wafer database
corresponds to the measurements recorded by a single sensor
during the processing of an individual wafer using a specific tool.
These measurements are categorized into two classes: normal and
abnormal.

.2. Results

.2.1. Raw vs. MultiBEATS
Firstly, we have compared the accuracy and execution time of

STM-FCN classification using the raw dataset and the MultiBEATS
ataset applied with two different reduction percentages, denoted by
1 and R2 in Table 2. It can be seen in the same table, Table 2,

hat we have included a hyperparameter search step for having a
ore fair comparison between the different approaches. In that sense,

imes are not fully comparable since the configuration of the neural
etwork affects the number of computations needed and therefore the
ime. For the MultiBEATS transformed data, we have reported two
istinct temporal measures. Firstly, we specify the duration necessary
o execute the data transformation process. After that, we present the
ime required for conducting the classification training and inference
nd also show the added time. The segregation of these timings is
eliberate, as it offers more information for certain scenarios. Specif-
cally, it may be advantageous to perform data transformation before
torage, thus conserving storage space. Subsequently, this transformed
ata can be retrieved and utilized for classification tasks, resulting in
educed computational overhead compared to utilizing raw data and in
he majority of the cases losing little accuracy or even improving the
esults. The execution times are always reduced with one exception,
hat is the CT dataset, since the optimal number of filter2 and nodes1
6

or MultiBEATS are twice the ones for the raw data. Execution times
are reduced by an average of 36% and total times are reduced by an
average of 17%, while accuracy is reduced only by a 1.5%, showing
the potential of MultiBEATS.

4.2.2. Raw vs. MultiBEATS for increasing reduction percentages
We have run several configurations of MultiBEATS in order to see

how the reduction of features affects accuracy. In Fig. 1, we can observe
the following according to accuracy and feature reduction respectively.
As it can be observed in the graphs, the percentage of reductions do not
fall exactly on the same number for all datasets (see 𝑥 axis). This is due
to the fact that the slide and window sizes are the customizable parts so
we were not able to obtain an exact reduction but we consider that this
also aids the visualization of the results. Reduction percentages were
calculated comparing the length of the original series and the length of
the MultiBEATS ones.

In the case of the Arabic Digits dataset, the best accuracy is ob-
tained with the raw data. However, the differences in accuracy with
MultiBEATS are between a 2.3% and a 4%. Also, we were unable to
test MultiBEATS scenarios with a window or slide size greater than 4
since the minimum length of the time series was exactly that number.
For that reason, there were fewer tests run in the Arabic Digits dataset.

In the case of the AUSLAN dataset, we find that the accuracy of the
raw data is lower than in all of the MultiBEATS cases. More specifically,
reductions at 12% and 40% present the highest accuracy which is 93%.
This is due to the fact that there have been some tests returning a very
low accuracy for the raw dataset, as can be understood by the great
standard deviation shown in the picture. The accuracy of MultiBEATS
cases is more stable in the AUSLAN dataset and, as always, the number
of features, namely the observations in the time series, is reduced.

In the case of the CharacterTrajectories dataset, although the raw
data reaches the highest accuracy, that is 97.6%, we see that with
MultiBEATS a 96% is reached in several scenarios, being the one with
a reduction of the 71.3% of the data one of the most interesting ones
if we analyse the running time too.

In the case of CMUSubject16, as already seen in Table 2, we
obtained 100% of accuracy using MultiBEATS in two cases (reductions
of 10 and 30.5%), that is a greater number than with the raw data.
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Fig. 1. Evolution of accuracy compared to MultiBEATS reduction percentages.
Table 3
RF classifications results using raw data vs. Seq2VAR and derivates vs. MultiBeats.

Dataset Best model
(-, Var or Seq2VAR
or B-Seq2VAR,
{nfeat, SL, WD})

Hyperparameters
({n_estimators,
max_depth,
max_features})

Accuracy Execution time (s)

AD raw – {None, ‘sqrt’, 100} 0.968 (0.003) 5.8
AD comparison Seq2VAR {5, ‘sqrt’, 100} 0.875 (0.020) 1863.1
AD MultiBEATS {2,3,3} {15, ‘sqrt’, 100} 0.910 (0.002) 5.0 + 38.0 = 43.0

AU raw – {None, 1.0, 80} 0.904 (0.003) 1.14
AU comparison Seq2VAR {15, ‘sqrt’, 80} 0.820 (0.029) 982.1
AU MultiBEATS {2,4,5} {15, 1.0, 80} 0.818 (0.010) 2.14 + 20.60 = 22.74

CT raw – {15, ‘log2’, 80} 0.960 (0.002) 0.14
CT comparison Seq2VAR 15, ‘sqrt’, 40 0.844 (0.022) 10.5
CT MultiBEATS 3,4,15 15, ‘sqrt’, 80 0.952 (0.001) 0.20 + 41.20 = 41.4

CMU16 raw – 15, ‘log2’, 20 0.931 (0.060) 0.02
CMU16 comparison B-Seq2VAR 15, ‘log2’, 40 1.000 (0.000) 240.7
CMU16 MultiBEATS 3,5,10 5, ‘log2’, 20 0.828 (0.069) 0.03 + 32.20 = 32.23

ECG raw – None, ‘log2’, 20 0.813 (0.032) 0.02
ECG comparison Var 5, ‘log2’, 20 0.760 (0.144) 2.27
ECG MultiBEATS 2,3,8 15, ‘sqrt’, 40 0.843 (0.015) 0.04 + 2.70 = 2.74

JV raw – None, ‘sqrt’, 100 0.950 (0.003) 0.16
JV comparison Seq2VAR 15, ‘log2’, 20 0.892 (0.049) 59.9
JV MultiBEATS 2,3,7 15, ‘log2’, 80 0.908 (0.005) 0.09 + 1.00 = 1.09

Libras raw – None, 1.0, 100 0.696 (0.016) 0.45
Libras comparison Var 5, ‘sqrt’, 80 0.585 (0.056) 4.2
Libras MultiBEATS 2,2,16 None, ‘log2’, 40 0.781 (0.016) 0.05 + 1.80 = 1.85

Wafer raw – 15, ‘sqrt’, 20 0.969 (0.004) 0.03
Wafer comparison Var 5, ‘log2’, 20 0.972 (0.005) 19.6
Wafer MultiBEATS 2,3,3 None, ‘log2’, 80 0.981 (0.001) 0.11 + 12.10 = 12.21
In the case of ECG, MultiBEATS also beats the scenario where raw
ata is used several times. Even more interesting, we can see that using
he maximum reduction that we tried, that is an 81.5% and which
eans that the maximum length of the time series was reduced from
52 to 28, we obtained the maximum accuracy which is a 85.53%.

In the case of Japanese Vowels, MultiBEATS was not able to get a
igher accuracy than using the raw data, that was 97.86%. The highest
ccuracy is obtained with a reduction of 20% and 40%, reaching a
5.75%.

For the Libras dataset, in the case of a 34.3% of reduction, the
ccuracy is the same as using the raw data until the thousands and
7

presents a lower standard deviation. The rest of the MultiBEATS cases
present lower accuracy but not so far.

Finally, in the case of the Wafer dataset, we can see that the clas-
sification model trained with data reduced with MultiBEATS obtains a
greater accuracy than with the raw data, especially in the cases of 20.3
and 40% reduction, reaching 98.2 and 98.5% respectively against the
97% obtains using the raw data.

4.2.3. Comparison with Seq2VAR
In order to implement the different methods from this paper: VAR,

Seq2VAR and B-Seq2VAR, we used the publicly available code of
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the repository from the author [37]. In the study that Seq2VAR is
presented, the used classification algorithm is Random Forest (RF).
However, RF is primarily designed for handling tabular data, where
each instance has a fixed set of features or attributes. Therefore, RF
is not inherently designed to directly handle multivariate time series
(MTS) data and the authors adopt the possibility of flattening the
data by eliminating one of their dimensions. For example, for a given
scenario with 𝐾 MTS, each composed of 𝑁 time series of length 𝑀 ,
the transformation results in 𝐾 UTS, each of them with length N×M,
effectively simplifying the problem’s multivariate nature and risking
the loss of correlation between series and temporal information loss. In
order to test the results, we have applied their methodology to all the
datasets that are analysed here, since their approach was done under
synthetic data and it was not reproducible to the best of our knowledge.
As mentioned in Section 2.2.1, they tried 3 different models: Var,
Seq2VAR and B-Seq2VAR, and the best results have been summarized
by us in Table 3. In such a table we can see the accuracy and processing
time results using RF with raw data, comparing with the algorithms
proposed in the Seq2VAR study, showing only the best one of the 3
cases (see Best model column) and with the MultiBEATS reduction too.
In the case of Seq2VAR the time is incremented for all cases, so our
algorithm is more efficient in that sense.

To optimize the model’s performance, a hyperparameter search has
been done with each RF algorithm for each dataset. The parameters
chosen to tune via cross-validation are n_estimators which is the number
of trees in the forest ranging from 20 to 100 in steps of 20, max_depth
that is the maximum depth of the tree and goes from 5 to 15 in steps of
5 plus Nonewith which the nodes are expanded until all leaves are pure,
and finally, max_features that are the number of features to consider
when looking for the best split and can take the value sqrt, log2 or 1.0
(equivalent to max_features).

As for accuracy, we see that MultiBEATS is the best one for ECG,
Libras and Wafer, being CMUsubject16 the only dataset that using
Seq2VAR methods and RF overcomes the rest. Random Forest is, in
general, a much faster method than neural networks. In that sense,
we can extract from this that when data is not abundant and we do
not plan to use neural networks as the classification algorithm, using
the raw data might be faster than transforming the data. We can
highlight as well that the comparison regarding transformation times
between our proposal and the benchmarked one, Seq2VAR, is evidently
in MultiBEATS favour.

4.2.4. Discussion of the results: MultiBEATS characteristics
In general, the reasons why a dimensionality reduction method

works better/worse for a particular dataset depend on various factors,
including the inherent characteristics of the dataset and the proper-
ties of the dimensionality reduction technique. For MultiBEATS, we
can say that it is particularly effective at representing signals with a
relatively low-frequency content. If the datasets contain signals with
characteristics that align with the strengths of DCT, our method will
be better as well as datasets with strong temporal dependencies and
patterns that are suited for sliding windows techniques. In order to
verify such assumptions, further analysis needs to be done in the future
with synthetic datasets. Nevertheless, through the experiments, we
have observed that regarding accuracy MultiBEATS excels using ECG
and Wafer, and for CMUSubject16 and Libras it also works well. Those
datasets present a lower number of classes, in comparison with the rest
and the length of the time series is longer as well. As for what reduction
in time refers to, we can appreciate that a higher window size turns
into a higher reduction time (see Table 2). In Table 3 we can see that
the only case where Seq2VAR is better than MultiBEATS is with the
CMUdataset, however, with a different configuration and other algo-
rithms we saw that both raw and MultiBEATS data get the maximum
accuracy for such a dataset. In terms of strength, we can think that since
8

Seq2VAR uses binary sampling to build sparse representations can be t
robust to noise. By interpreting non-zero entries in the binary-sampled
representations as Granger causalities, Seq2VAR effectively reduces
noise by focusing on the most relevant causal relationships among
variables. In that sense, since the datasets we tested are from a curated
repository, probably further analysis in controlled environments could
be realized. What is indisputable is the fact that the time that it takes to
reduce the data with Seq2VAR is much greater than with MultiBEATS
and that is a clear disadvantage regardless of the characteristics of the
data.

5. Conclusions and future work

In this manuscript, we present an analysis of our proposed Multi-
BEATS technique for representing time series data. We demonstrate
that applying MultiBEATS can significantly reduce the length of time
series, which in turn leads to faster processing time in machine learning
algorithms and potentially higher accuracy in classification for some
cases, indicating a more effective representation of the data in terms of
information compression and knowledge preservation.

In future studies, we plan to explore the impact of varying win-
dow size configurations on the reduction percentage, which can help
us better understand the effects of slide parameter changes on the
results. Additionally, we aim to test our methodology in other areas
such as clustering and anomaly detection and test MultiBEATS and
other dimensionality reduction techniques using synthetic datasets with
well-known and fully controlled characteristics in what refers to signal-
to-noise ratio, temporal dependencies, global and local patterns, data
distribution and geometry in order to better assess the suitability of our
dimensionality reduction technique. Our ultimate goal is to integrate
MultiBEATS into tiny machine learning applications, where resource
constraints make data reduction a critical concern. We will also focus
on generating a package and an API that is able to receive MTS and
outputs the transformed MultiBEATS MTS for their immediate use.
We will investigate as well the possibility of adapting MultiBEATS for
MTS predictive scenarios, and we will assess its usability in forecasting
future values and trends in time series data, further broadening its
applicability and potential impact across diverse fields.
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