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Abstract: Multivariable time series forecasting is an important topic of machine learning, and it fre-
quently involves a complex mix of inputs, including static covariates and exogenous time series input.
A targeted investigation of this input data is critical for improving prediction performance. In this
paper, we propose the fusion transformer (FusFormer), a transformer-based model for forecasting
time series data, whose framework fuses various computation modules for time series input and
static covariates. To be more precise, the model calculation consists of two parallel stages. First, it
employs a temporal encoder–decoder framework for extracting dynamic temporal features from
time series data input, which analyzes and integrates the relative position information of sequence
elements into the attention mechanism. Simultaneously, the static covariates are fed to the static
enrichment module, which is inspired by gated linear units, to suppress irrelevant information and
control the extent of nonlinear processing. Finally, the prediction results are calculated by fusing the
outputs of the above two stages. Using Mooney viscosity forecasting as a case study, we demonstrate
considerable forecasting performance improvements over existing methodologies and verify the
effectiveness of each component of FusFormer via ablation analysis, and an interpretability use
case is conducted to visualize temporal patterns of time series. The experimental results prove that
FusFormer can achieve accurate Mooney viscosity prediction and improve the efficiency of the tire
production process.

Keywords: multivariate time series forecasting; deep learning; positional encoding; static covariates;
transformer; Mooney viscosity

1. Introduction

Multivariable time series data are ubiquitous in a wide variety of domains, including
financial analysis [1], medical analysis [2], weather forecasting [3], and renewable energy
production [4]. Forecasting is one of the most sought-after tasks in analyzing time series
data due to its importance in industrial, social, and scientific applications. There are nu-
merous classical approaches for solving time series forecasting problems [5], including
auto-regressive integrated moving average (Box–Jenkins ARIMA) models [6], exponen-
tial smoothing [7], and Kalman filter [8]. They incorporate prior knowledge about time
series structures such as trend, seasonality, and other temporal patterns, and are capable
of producing high-quality predictions for single linear time series. However, they are
ineffective in predicting complex time series data, partly because of their inability to utilize
the time-related features [9].

To tackle the aforementioned challenges in solving the modern large-scale multivari-
ate time series forecasting problems, deep neural networks have been applied to model
complicated sequential data. Naturally, complex patterns are mined for time series trends
using deep learning models based on convolutional neural networks (CNN) [10] and
recurrent neural networks (RNN) [11]. However, since the current hidden state of the
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RNN is dependent on the previous hidden state, the RNN’s forward calculation cannot
be parallelized, limiting its computing efficiency. In addition, RNN has internal memory
to process sequence data, and it suffers from gradient vanishing and exploding problems
when processing long sequences [12]. Long short-term memory (LSTM) networks were
specifically developed to address this limitation. LSTM employs three gates, an input gate,
a forget gate, and an output gate, to modulate the information flow across the cells and
alleviate gradient vanishing and exploding [13,14].

Sequence-to-sequence (Seq2Seq) [15] architecture was developed for machine learning
applications and is now being applied to challenges of time series forecasting. It is com-
prised of three components, including an encoder, an intermediate vector, and a decoder.
The encoder is a stack of LSTM or other recurrent units. Each unit accepts a single element
from the input sequence. The intermediate vector is referred to as the context vector,
which encodes all of the information from the input data. The decoder, like the encoder,
is constructed using a stack of recurrent units and begins with the encoder vector as its
first hidden state. Each recurrent unit generates an output element by computing its own
hidden state. Seq2Seq has been widely applied in language translation tasks. However,
its performance diminishes with time due to the inability of the intermediate vector to
adequately encode a long sequence.

Transformer [16] was recently proposed as a method for processing a sequence of data
that makes use of the attention mechanism. Transformer, in contrast to RNN-based ap-
proaches, does not analyze input in an ordered sequence. Instead, it analyzes the complete
sequence of input and use self-attention mechanisms [17] to learn the sequence’s temporal
relationships, potentially making it more suited to understanding recurrent patterns with
long-term dependencies. Therefore, transformer-based models have the ability to model
complex dynamics of time series data that are challenging for sequence models. There
are few research results on using transformer-based models to solve multivariate time
series forecasting problems, and the research content is primarily concerned with adapting
the original transformer models used in natural language processing (NLP) to solve time
series forecasting problems with minor modifications. Additionally, the effectiveness of
these models is primarily evaluated using standard time series datasets, and there are few
successful cases of practical applications in real-world scenarios.

The tire industry [18] has been developing rapidly in recent years, and the primary
objective is to improve the quality of rubber. Mooney viscosity [19] is used to assess the
quality of manufactured rubber, and this measurement determines whether the physical
properties of tires meet the standards of practical use. The variables impacting the Mooney
viscosity are classified as dynamic time series variables that reflect changes in the working
conditions (e.g., temperature, pressure, etc.) and static covariates that represent the initial
state of the working conditions (e.g., equipment number, raw material origin, etc.) [20]. At
present, the majority of methods for determining the Mooney viscosity include placing
the rubber in a specific machine and estimating the Mooney viscosity using the motor’s
current [21]. There is, however, a time delay between the completion of rubber processing
and the determination of its Mooney viscosity. If Mooney viscosity can be determined
immediately after rubber refining, it will be critical for optimizing the process flow. As a
result, Mooney viscosity prediction becomes a worthwhile subject of study.

Mooney viscosity forecasting can be considered as a type of multivariate time series
forecasting issue, in which different time series variables at the manufacturing site are used
to predict the rubber’s Mooney viscosity. For genuine rubber refining [22], the production
process is divided into different stages, with each stage requiring a unique processing
operation, as reflected in the temporal characteristics of dynamic time series components
that are constantly changing at different stages. As a result, it is vital to capture and assess
the time relationship between the various processing stages, particularly their relative
order, which has a significant effect on the final predicted Mooney viscosity. Additionally,
there are several static covariates in rubber refining that are scalar in nature and do not
exhibit temporal dynamics, and some of them are completely irrelevant to the Mooney
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viscosity. Feeding them directly into the transformer model for nonlinear processing does
not always result in optimal calculation results, but rather raises the computational cost.
The Mooney viscosity prediction problem is merely a microcosm of the current challenges
associated with solving complex time series prediction problems in real-world industrial
scenarios. Therefore, it is critical to investigate a temporal fusion model that can handle
time series input and static covariates differently, which can fully capture the time series
input’s temporal dynamics and perform flexible nonlinear processing for static covariates,
so as to achieve accurate prediction.

In this work, we use Mooney viscosity prediction as a case study to demonstrate that
our proposed transformer-based model, FusFormer, can be successfully applied to the
practical task of multivariable times series forecasting and outperforms existing forecasting
approaches. Specifically, our contributions are the following:

• We develop a general transformer-based model for time series forecasting that is
capable of performing simultaneous feature analysis on different types of variables
and accurately predicting the target value.

• We propose a temporal encoder–decoder framework to cope with time series input. To
be more precise, this framework introduces the concept of directed graphs to account
for the relative positions information between the input time series elements and
modifies the self-attention mechanism to better capture the temporal dynamics of the
time series input.

• We proposed a static enrichment module, which is used to integrate information from
static covariates. The gated linear unit (GLU) [23] is added in this module to filter out
unnecessary information and to control the extent of nonlinear processing of static
covariates, hence boosting the model’s flexibility to capture static features.

• We demonstrate, using the Mooney viscosity prediction as an experiment, that our pro-
posed model is capable of producing state-of-the-art forecasting results. Furthermore,
we provide an interpretable use case of the model by visualizing average importance
weight distribution of time steps.

The rest of this paper is organized as follows. Section 2 briefly reviews related works
on time series forecasting. Section 3 proposes the background of our proposed model.
Section 4 describes the architecture and mathematical principles of the proposed model. In
Section 5, we demonstrate the effectiveness of the proposed model in the Mooney prediction
case. Section 6 concludes this paper and discusses future work.

2. Related Work
2.1. Time Series Forecasting

Time series forecasting has demonstrated its wide applications in business and in-
dustrial decision masking. Previously, the majority of time series forecasting literature
has relied heavily on statistical models. The Box–Jenkins ARIMA family of methods de-
velop a model in which the prediction is a weighted linear sum of recent past data or lags.
Liu et al. [24] applied online learning to ARIMA models for time series forecasting. The
matrix factorization methods [25,26] model related series data as a matrix and attempt
to learn information across the time series. However, it is difficult to predict the modern
time series by these traditional statistical models because of their linear assumption and
restricted scalability.

In recent years, deep neural networks, particularly recurrent neural networks capa-
ble of dealing with time series data, have been proposed to solve time series forecasting.
Khedhiri [14] compared the seasonal autoregressive fractionally integrated moving average
(SARFIMA) and LSTM on a temperature prediction task, illustrating the better performance
of deep learning models. Wan et al. [27] proposed a convolutional LSTM encoder–decoder
network to achieve accurate forecasting in non-periodic datasets. Salinas et al. [28] pro-
posed DeepAR, which uses stacked LSTM layers to generate parameters of one-step-ahead
Gaussian predictive distributions. Rangapuram et al. [29] proposed deep state-space mod-
els (DSSM), which adopt a similar approach, utilizing LSTMs to generate parameters of a
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predefined linear state-space model with predictive distributions produced via Kalman
filtering. Wen et al. [30] use an RNN as an encoder and multi-layer perceptrons (MLPs) as
a decoder to solve the so-called error accumulation issue and conduct multi-ahead forecast-
ing in parallel. Lai et al. [31] developed LSTNet, which is based on RNN architecture and is
auto-regressive to catch temporal dependencies. Wen et al. [30] provided the multi-horizon
quantile recurrent forecaster (MQRNN), which generates context vectors for each horizon
using LSTM or convolutional encoders.

2.2. Transformer Models for Time Series

The well-known self-attention-based transformer has recently been proposed for se-
quence modeling and has achieved great development, including successful applications
in translation, voice, music, and image generation. Several transformer-based models have
been used for time series problems in the recent past. Li et al. [32] proposed LogSpare trans-
former to deal with time series problems, which shows superior performance compared
to other deep learning models on four public forecasting datasets. Wu et al. [33] used a
transformer for forecasting influenza prevalence and similarly showed performance bene-
fits compared to ARIMA and LSTM. Lim et al. [34] used a transformer for multi-horizon
univariate forecasting that uses gating mechanisms to restrict variables that are not relevant
to the prediction target. Wu et al. [35] propose an adversarial sparse transformer (AST),
which adopts a sparse transformer as the generator to learn a sparse attention map for time
series forecasting, and uses a discriminator to improve the prediction performance at a
sequence level.

3. Background
3.1. Rubber Refining Process

The production process of rubber refining [36] is mainly divided into three stages:
wetting, dispersing, and kneading. The main task of the wetting stage is to load the
production materials and raw rubber into the compacting machine for preliminary refining,
with the refining primarily manifested in the mixing of the raw rubber and carbon black
into a single mass; the main task of the dispersion stage is to make the rotor rotate at a
high speed. The rubber-carbon black aggregates are cut and pulverized, dispersed into
the raw rubber, and gradually form a bonded rubber; the kneading step is responsible for
further mixing and adjusting the rubber’s Mooney viscosity, which is a critical stage in
determining the final Mooney viscosity.

3.2. Problem Description

Assume that a given time series dataset collection contains I unique samples, such as
separate production records from the rubber refining process. Each sample i is associated
with a set of static covariates si, as well as time series input sets xi, i = 1, · · · , tN and scalar
targets yi. The Mooney viscosity prediction takes the form:

ŷi = f (xi, si) (1)

where ŷi is the predicted Mooney viscosity, and f (.) is the proposed FusFormer in this work.
Each time series input xi is composed of different time series of length tN , whereas the
static covariates set si contains a variety of scalar features. The Mooney viscosity prediction
can be considered as a supervised multivariable time series prediction task.

3.3. Transformer

Transformer [16] is a novel encoder–decoder model that is based on the attention mech-
anism and totally removes recurrent neural networks, which can compute the sequence
effectively. The canonical transformer employs an encoder–decoder structure, consisting of
stacked encoder and decoder layers. As shown in Figure 1, encoder layers are composed of
two sublayers: self-attention, followed by a position-wise feed-forward layer. The encoder
produces a vector to feed to the decoder. Decoder layers consist of three sublayers, which
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are followed by encoder–decoder attention, and a position-wise feed-forward layer. The
decoder uses masking in its self-attention to prevent a given output position from incorpo-
rating information about future output positions during training. Transformer accelerates
training speed and convergence by utilizing residual connections surrounding each of the
sublayers, followed by layer normalization.

Figure 1. Framework of transformer [16].

Different from batch normalization, layer normalization estimates the normalized
statistics from the sum of inputs to the neurons within the hidden layer, which does not
introduce any new dependencies during the training process. It has a beneficial effect on
RNN and can improve the generalization ability of the model. In addition, it has also been
used in transformer-based models.

Positional encoding [37] based on sinusoids of varying frequency are added to encoder
and decoder input elements prior to the first layer. In contrast to learnable or absolute
position representations, the authors hypothesized that sinusoidal position encodings
would help the model to generalize to sequence lengths unseen during training. The
formula for representing the position of the elements in a time series using the sine and
cosine functions is as follows:

PE(pos, 2i) = sin
( pos

108i/dmodel

)
PE(pos, 2i + 1) = cos

( pos
108i/dmodel

) (2)

where pos is the position, and i is the dimension. That is, each dimension of the positional
encoding corresponds to a sinusoid.

Self-attention sublayers employ multiple attention heads. To form the sublayer output,
results from each head are concatenated and then transformed using a parameterized linear
transformation. Each attention head operates on an input sequence x = (x1, . . . , xn) of n
elements, and computes a new sequence z = (z1, . . . , zn) of the same length. Each output
element zi is computed as weighted sum of linearly transformed input elements:

zi =
n

∑
j=1

αij

(
xjWV

)
(3)

Each weight coefficient αij is computed using a softmax function:

αij =
eij

∑n
k=1 exp eik

(4)
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In addition, eij is computed using a compatibility function that compares two input el-
ements:

eij =

(
xiWQ)(xjWK)T

√
dz

(5)

where WQ, WK, WV are parameter matrices and xWQ, xWK, xWV generate three vectors Q,
K, V, which are abstractions conducive to the calculation of the self-attention. Simply put, Q
represents the query vector, K represents the vector of the correlation between the queried
information and contextual information, and V represents the queried vector. Scaled dot
product was chosen for the compatibility function, which calculates the similarity of two
elements and enables efficient computation.

4. Methodology

Many time series forecasting problems require modeling different types of inputs to
achieve more accurate predictions, involving the capture of temporal dynamics of time
series input as well as the nonlinear processing of static covariates. To address the above
challenges, we propose the FusFormer.

In general, the FusFormer is composed of a temporal encoder–decoder framework and
an auxiliary static enrichment module, as demonstrated in Figure 2. The original input fed
to the model will be divided into two parts, which are time series input and static covariates
input. The time series input are pre-processed by the time series data processing scheme
and fed to the temporal encoder–decoder framework for extracting dynamic temporal
features, while the static covariates are fed to the static enrichment module to give the
model the flexibility to apply non-linear processing only where needed. The final prediction
result is calculated by fusing the outputs of the two parallel stages described above.

Figure 2. Architecture of FusFormer.

The major constituents of our proposed model are:

1. Time series data-processing scheme for mapping the input time series data into a
vector of given dimensions, while also learning the local context information in the
time series, and finally encoding the position of the time series input.

2. Temporal encoder–decoder framework for taking into account the relative position
information of the input time series elements, incorporating relative position represen-
tations into the self-attention mechanism, and lastly calculating a temporary vector
comprising temporal dynamic.

3. Static enrichment module for incorporating static characteristics of static covariates
into the model, using GLU to suppress the irrelevant information and control the
extent of nonlinear processing to improve the prediction accuracy.

4.1. Time Series Data-Processing Scheme

The time series data-processing scheme is developed to perform targeted preprocess-
ing on time series data, which is beneficial to transformer to better extract the input time
series temporal dynamics. As shown in Figure 3, it mainly includes three components:
linear projection, local feature extraction, and positional encoding.
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Figure 3. Time series data-processing scheme, including the three components of linear projection,
local feature extraction, and positional encoding.

Once the time series input is fed to FusFormer, the linear projection layer maps the
data to a vector of the specified dimension using a fully connected network. This step is
essential for the model to employ a multi-head attention mechanism.

Temporal patterns in time series data may evolve with time significantly due to various
events, such as wetting and kneading operations in the rubber refining process. Thus,
whether an observed point in a time series is an outlier, a change point, or a part of the
pattern is very context dependent. However, in the self-attention layers of transformer,
the similarities between queries and keys are computed solely on the basis of their point-
wise values, without fully exploiting local context information, as shown in Figure 4a.
Agnosticism of local context may confuse the self-attention module in terms of whether the
observed point is a change point or a component of patterns, resulting in inferior prediction
results [32].

(a) (b)

Figure 4. Comparison of the effect of applying convolution to time series input. The red dots in (a)
focus on the dot close to their value, ignoring the context information, while applying convolution can
help the attention mechanism capture the similarity between intervals (b) (red block) of time series.

To ease this issue, we employ dilated causal convolution [38] to transform time series
input data with proper paddings. Notably, causal convolution is a type of convolution used
for temporal data that ensures the model cannot violate the ordering in which we model
the data. As illustrated in Figure 4b, by employing causal convolution, the self-attention
calculation in transformer can be more aware of local context; therefore, it can compute
attention scores using information about their local shapes rather than point-wise values.
However, since the rubber refining process is complex and the length of sequence data
collected is long, it is necessary to enlarge the reception field of causal convolution on time
series to extract more contextual history information. Therefore, we introduce the dilated
casual convolution to address above-mentioned issue. The dilated causal convolution is a
kind of causal convolution where the filter is applied over an area larger than its length
by skipping input values with a certain step, which effectively allows the network to have
very large receptive fields with just a few layers.
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More formally, for a time series input X and a filter f : {0, . . . , k− 1} → R, the dilated
casual convolution operation F on element x of the time series corresponding to moment t
is defined as follows:

F(x) =
k−1

∑
i=0

f (i) · xt−d·i (6)

where d is the dilation factor, k is the filter size, and t− d · i accounts for the direction of the
past. Dilation is thus equivalent to introducing a fixed step between every two adjacent
filter taps. When d = 1, a dilated casual convolution reduces to a regular casual convolution.
Using larger dilation enables the local enhancement layer to represent a broader range of
inputs, effectively enlarging the receptive field of the FusFormer to characterize longer-term
input and aiding in prediction performance improvement.

Finally, as with the transformer, fixed positional encoding with sine and cosine func-
tions is used to encode sequential information in the time series data by element-wise
addition of the input vector with a positional encoding vector.

4.2. Temporal Encoder–Decoder Framework

The main components of transformer are the encoder and decoder, both of which
contain self-attention sub-layers and fully connected feed-forward sub-layers, contributing
to the great success of transformer in natural language processing. In order to solve
the multivariate time series forecasting problem, as shown in Figure 5, we optimized
the original encoder–decoder architecture by introducing a relative position-aware layer
and incorporating relative position representation into the self-attention mechanism, and
effectively integrating them into the temporal encoder–decoder framework.

Figure 5. Temporal encoder–decoder framework of FusFormer, including encoder and decoder.

4.2.1. Relative Position-Aware Layer

Transformer completely relies on the self-attention mechanism and has achieved the
most advanced performance in machine translation. In comparison to RNN and CNN,
it does not explicitly model position information in the structure; instead, it employs
positional encoding to address the aforementioned issues. However, when it comes to
time series forecasting, time series data in many real-world circumstances exhibits phased
variations, which frequently have a non-negligible effect on the prediction. As a result, we
consider the relative position information of elements in order to extract more temporal
dynamics of time series data.

In the canonical transformer, each element in the time series has a fixed position vector
determined by Equation (2). The input of the transformer is the addition of the time series
input and its positional encoding vector. The calculation step related to position encoding in
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transformer is self-attention. Take the calculation of the attention score of any two elements
xi and xj in time series as an example:

Attni,j =
(
Wq(xi + PEi)

)T(Wk
(

xj + PEj
))

= x>i W>q Wkxj︸ ︷︷ ︸
(a)

+ x>i W>q WkPEj︸ ︷︷ ︸
(b)

+ PE>i W>q Wkxj︸ ︷︷ ︸
(c)

+ PE>i W>q WkPEj︸ ︷︷ ︸
(d)

(7)

Equation (7) consists of four parts: the term (a) does not contain position information;
terms (b) and (c) have a single position vector, so they do not contain relative position
information; and (d) contains both PEi and PEj, and is likely to contain relative position
information. In fact, according to the position encoding method (7), if there is no matrix Wq
and Wk in term (d) of Equation (7), then it contains relative position information, since the
positional coding of the tth element in Equation (2) in the time series is expressed as follows:

PEt =



sin(m0t)
cos(m0t)

...

sin
(

m dmodel
2 −1

t
)

cos
(

m dmodel
2 −1

t
)


(8)

where dmodel is the encoding dimension, and mi is the constant whose value is
1/10, 0002i/dmodel . Therefore,

PET
t PEt+k =

dmodel
2 −1

∑
j=0

[
sin
(
mjt
)

sin
(
mj(t + k)

)
+ cos

(
mjt
)

cos
(
mj(t + k)

)]

=

dmodel
2 −1

∑
j=0

cos
(
mj(t− (t + k))

)

=

dmodel
2 −1

∑
j=0

cos
(
mjk

)
(9)

It can be seen that the final result is only related to the relative position of the two
positions, that is, Equation (9) contains relative position information. However, when the
matrix is included in Equation (9), as in term (d), the relative position information cannot
be reflected clearly. To prove this claim, the two formulas PET

t PEt+k and PET
t WPEt+k are

visualized in Figure 6. dmodel is set to be 128, and W in PET
t WPEt+k is the trained matrix

in transformer. As illustrated in Figure 6, the above curve corresponds to PET
t PEt+k, with

obvious trends and patterns, which means that it can reflect relative position information.
In contrast, the lower curve has no clear pattern. Therefore, it can be concluded that the
self-attention calculation will lead to the loss of relative position information.

Motivated by the above findings, relative position information needs to be specifically
added to the self-attention computation. As illustrated in Figure 7, to represent the relative
position of elements in the time series data, we model the time series data as a directed,
fully connected graph [39]. Suppose there are two elements in the time series denoted as xi
and xj, which are connected by two opposite-direction edges edgeV

ij and edgeK
ij , which are

used to represent the relative position information between the two elements. In addition,
we assume that once the distance between two elements in the time series reaches a certain
value, their relative position information is insufficient to have a substantial effect on the
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prediction results. As a result, the greatest effective distance between elements is limited to
k, and 2k + 1 unique edges label are considered:

edgeK
ij = wK

clip(j−i,k)

edgeV
ij = wV

clip(j−i,k)

clip(x, k) = max(−k, min(k, x))

(10)

where wV =
(

wV
−k, . . . , wV

k

)
and wK =

(
wK
−k, . . . , wK

k

)
are learnable parameters, wV

i , wK
i ∈

Rdmodel ; these two matrices are developed to represent relative position information of
elements in the time series data.

Figure 6. Product value curves. The indigo curve with the clear pattern excludes the weight matrix,
and the orange curve represents the weight matrix involved in the calculation.

Figure 7. Example edges representing relative positions. We learn representations for each relative
position within a clipping distance k. The figure assumes 2 <= k <= n−3.

4.2.2. Relative Multi-Head Attention

Apart from effectively capturing the relative position information between elements,
another motivation for learning two distinct edge representations is that edgeV

ij and edgeK
ij are

suitable for modifying Equations (3) and (5) in self-attention, respectively, without requiring
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additional linear transformations. These representations can be shared across attention
heads. Equation (3) is modified to propagate edge information to the sublayer output:

zi =
n

∑
j=1

αij

(
xjWV + edgeV

ij

)
(11)

This modification is presumably important for tasks in which relative position infor-
mation represented by the edge selected by a given attention head is useful to downstream
encoder or decoder layers. Then, Equation (5) is modified to consider edges when deter-
mining compatibility:

eij =
xiWQ

(
xjWK + edgeK

ij

)T

√
dz

(12)

The advantage of using simple addition to incorporate edge representations in
Equations (7) and (8) is that it enables an efficient implementation. Transformer com-
putes self-attention efficiently for all sequences, heads, and positions in a batch using
parallel matrix multiplication operations [16]. Without employing relative position rep-
resentations, each eij can be determined by performing parallel matrix multiplications,
as shown in Equation (4). For any sequence and head, this requires sharing the same
representation for each position across dot product function with other positions.

We discover that the representation of relative positions varies across pairs of positions,
which prevents us from computing all eij for all pairs of positions in a single matrix multi-
plication. To resolve the above-mentioned issue, we split the computation of Equation (8)
into two terms:

eij =
xiWQ(xjWK)T

+ xiWQ
(

edgeK
ij

)T

√
dz

(13)

The first term is identical to Equation (4), which can be computed efficiently. For the
second term involving relative position representation, we reshape the edgeK

ij to match

the matrix dimension of xiWQ, allowing us to successfully apply matrix multiplication
to compute the second term. The final eij can be calculated by reshaping two terms and
adding them together. The same approach can be used to efficiently compute Equation (7),
with the following modification:

zi =
n

∑
j=1

(αij(xjWV) + αij(edgeV
ij )) (14)

In general, to improve the learning capacity of the relative self-attention, relative
multi-head attention is introduced, employing different heads for different representation
subspaces:

multi-head(Q, K, V) = [H1, . . . , HmH ]WH (15)

Hh = Attention
(

QWQ
h , KWK

h , VWV
h , edgeV , edgeK

)
(16)

where Attention(.) is the the relative self-attention function.

4.2.3. Optimized Encoder Layer

The optimized encoder layer (opt-encoder layer) in FusFormer is structurally similar
to the encoder layer in the transformer. The primary distinction is that the proposed
opt-encoder layer incorporates both the relative position-aware layer and relative multi-
head attention.

Each opt-encoder layer is composed of two sub-layers: a relative multi-head attention
sub-layer and a fully connected feed-forward sub-layer. Each sub-layer is followed by
a normalization layer. The encoder generates a temporary vector to feed to the decoder.
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Taking the calculated output of the time series data-processing scheme as opt-encoder layer
input, the specific implementation steps are as follows:

1. Input data processed by the time series data-processing scheme is fed to the opt-
encoder layer.

2. A relative position-aware layer is utilized to extract the sequence-relative position
information from input data of step1.

3. The output of step2 is passed to the relative multi-head attention layer; then, the
addition and layer normalization operations are performed.

4. The result of step3 is fed to the position-wise feed-forward layer, and the addition and
layer normalization operations are performed once more to compute the final output,
which is used as part of the input to the opt-decoder layer.

4.2.4. Optimized Decoder Layer

We employ an optimized decoder layer (opt-decoder layer) design that is analogous
to the canonical transformer architecture. In addition to the two sub-layers contained
inside each opt-encoder layer, the opt-decoder layer incorporates a third sub-layer to apply
relative multi-head attention over the opt-encoder output. Taking the calculated output of
the opt-encoder layer and the last time step slice of the encoder input as opt-decoder layer
input, the specific implementation steps are as follows:

1. The opt-decoder layer input is fed to the original multi-head attention, and the addition
and layer normalization operations are performed.

2. The output of step1 is fed to the relative position-aware layer, which captures the
sequence-relative position information.

3. The output of step2 and the opt-encoder layer output are used as the input of the
relative multi-head attention, and the addition and layer normalization operations are
performed.

4. The result of step3 is fed to the position-wise feed-forward layer, which performs
the addition and layer normalization operations once more to compute the final
opt-decoder layer output.

4.3. Static Enrichment Module

Along with the time series input, the rubber refining process also collects static co-
variates that do not contain temporal dynamics. The precise relationship between these
exogenous static covariates and Mooney viscosity is often unknown in advance, making it
difficult to anticipate which variable is relevant. In previous research [16,32,33], all static
covariates are used as input for nonlinear calculations without discrimination. However,
it is possible that irrelevant information in static covariates will have a negative effect
on the prediction performance. Additionally, it is difficult to determine the extent of the
required nonlinear processing. Too many nonlinear layers in a neural network may result
in overfitting, and there may be instances where simpler models can be beneficial.

With the motivation of giving the model the flexibility to apply nonlinear processing
only when necessary, we propose the static enrichment module (SEM) shown in Figure 8
as a building block of our proposed method. The SEM takes in the static covariates a
and yields:

hid1 = ELU(W1a + b1) (17)

hid2 = W2hid1 + b2 (18)

OutGLU = σ(W3hid2 + b3)� (W4hid2 + b4) (19)

SEM(a) = LayerNorm (a + OutGLU) (20)

where σ(.) is the sigmoid activation function, W(.) and b(.) are the weights and biases, � is
the element-wise Hadamard product, hid1 and hid2 are intermediate states, and LayerNorm
is standard layer normalization. Equation (19) is the component gating layer based on the
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gated linear unit (GLU) [28], which is introduced to enhance the flexibility of performing
nonlinear processing on the static covariates’ input. This approach is inspired by the LSTM’s
gating mechanism, which employs forget gates for selective ignoring of past information.
The sigmoid function has a value range of 0 to 1, which acts as a soft feature selection
function. When certain static covariates are not related to the prediction target during the
training process, the corresponding sigmoid output value will be close to 0, implying that
nonlinear processing is suppressed. Therefore, GLU allows the SEM module to control the
extent of nonlinear processing of the static covariates’ input.

As illustrated in Equation (17), ELU is the exponential linear unit activation func-
tion [34], and its formula is as follows:

ELU(x) =

{
x if x > 0
β(ex − 1) if x ≤ 0

(21)

when W1a + b1 >> 0, the ELU activation would act as an identity function, and when
W1a + b1 << 0, the ELU activation would generate a constant output. The ELU function is
continuous and differentiable at all points, and it has a saturation region in the negative
domain, which is robust to noise.

Figure 8. Time series data-processing scheme.

The output of SEM and the output of the temporal encoder–decoder framework are
spliced together to generate a temporary vector that is then passed to the fully connected
layer to calculate the final predicted value.

5. Experiment
5.1. Dataset and Evaluation Index

We use the industrial data collected from the rubber refining production site of a local
rubber company as the data set. We filter the raw data in advance, removing any samples
data that do not meet the standard process criteria, and finally reserve 200,000 samples for
evaluating the algorithm’s prediction performance. Each sample in this data set contains
nine variables, among which the dynamic variables in the form of time series include temp,
speed, power, and press; the static covariates in the form of scalar include seconds, energy,
equip, type1, and type2; and the prediction target is Mooney viscosity. The following is a
detailed description of the variables discussed previously:

• Temp is used to record temperature changes of the production site.
• Speed is used to record the change of the rotor speed of the compacting machine.
• Power is used to record the change of the power of the compacting machine.
• Press is used to record the pressure change of the upper top bolt of the compacting

machine.
• Seconds is used to record total rubber refining time.
• Energy is used to record cumulative total energy of rubber refining.
• Equip is used to indicate the equipment number of the compacting machine.
• Type1 is used to indicate the main category number of the produced rubber.
• Type2 is used to indicate the sub-category number of the produced rubber.
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We perform min-max scaling and label encoding on the dataset and divide it into
training set, validation set, and test set; the ratio of division is 7:2:1. Then, we introduce the
root mean square error (RMSE) and root relative squared error (RRSE) as the evaluation
index between the actual Mooney viscosity ytrue and the predicted Mooney viscosity ypred,
which is expressed as follows:

RMSE =

√
1
m ∑m

i=1

(
ytrue − ypred

)2
(22)

RRSE =

√√√√√∑m
i=1

(
ytrue − ypred

)2

∑m
i=1(ytrue − ¯ytrue)

2 (23)

where ¯ytrue represents the average values of ytrue.

5.2. Training Procedure

We partition all time series into three parts—a training set for learning, a validation
set for hyperparameters tuning, and a hold-out test set for performance evaluation. Hy-
perparameters optimization is accomplished via random search, using 60 iterations for
our data set. Full search ranges for all hyperparameters are given, with the optimal model
parameters listed in Table 1.

• Model dimension—64, 128, 256, 512;
• Encoder layer num—1, 2, 3, 4;
• Decoder layer num—1, 2, 3, 4;
• Dropout rate—0.01, 0.02, 0.05, 0.1, 0.2;
• Batch size—16, 32, 64, 128;
• Learning rate—0.00001, 0.0001, 0.001;
• Kernel size—1, 2, 3, 4;
• Dilation Factor—1, 2, 3, 4;
• Clip distance—40, 50, 60, 70.

Our model is trained on a workstation with Nvidia RTX 3090 GPU and Intel Xeon-E5
2.50GHz CPU, and it can be deployed without the need for extensive computing resources.

Table 1. Optimal hyperparameters configuration.

Optimal Model Hyperparameters

Model dimension Encoder layer num Decoder layer num Dropout rate Batch size
256 3 1 0.05 64

Learning rate Kernel size Dilation Factor Clip distance Epoch
0.0001 3 3 60 60

5.3. Comparison Methodologies

We extensively compare FusFormer to a wide range of models for Mooney viscosity
forecasting. This subsection describes other models to benchmark our proposed model.

LightGBM [40]: The LightGBM (LGB) is a model trained based on the histogram
decision tree. LGB takes all variables as input, and the outputs predict Mooney viscosity
after iterative training. Parameters numleaves and maxdepth are set to be 75 and 6, respec-
tively. For training, the RMSE evaluation metric, L1 regularization, and L2 regularization
are utilized.

LSTM [41]: The LSTM model has a stack of two LSTM layers and a final dense layer
to predict the Mooney viscosity directly. The LSTM layers encode sequential information
from the input through the recurrent network, and the dense connected layer takes the
final output. The two LSTM layers are 128 and 64 units, respectively. A dropout rate of 0.1
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is applied to LSTM layers for regularization. Adam optimizer and a learning rate of 0.02
are used for training.

Residual Regression Model [42]: The deep residual neural network (RseNet1D) is
a modified Resnet, which replaces convolutional layers and pooling layers with fully
connected layers. It has a stack of dense blocks and identity blocks and a final dense layer.
The input dimension is set to be 64, and the number of dense blocks and identity blocks is
3. Adam optimizer and a learning rate of 0.001 are used for training.

Transformer [16]: The canonical transformer employs an encoder–decoder structure,
consisting of stacked encoder and decoder layers. All types of variables are fed to the
input layer, the context vector is generated by the encoder, and the decoder followed by
a dense layer finally outputs the prediction result. The hyperparameters of the canonical
transformer are identical to those of our proposed model.

Convolutional Transformer [32]: The convolutional transformer (conv-transformer)
is a transformer-based model that incorporates CNN to generate changed queries and keys,
hence rendering the model susceptible to time series anomalies. The calculation process
of Conv-Transformer is the same as that of canonical transformer. The kernel size is 3,
and other hyperparameters used for training are identical to those used in the canonical
transformer.

5.4. Results and Discussion

In this experiment, we test six algorithms, including the proposed FusFormer, and
evaluate the prediction performance of each method by calculating the RMSE between the
predicted Mooney viscosity and actual Mooney viscosity.

As shown in Table 2, we evaluate the prediction performance of the FusFormer to
that of LSTM, LightGBM, ResNet1D, Transformer, and Conv-Transformer. The RMSE and
RRSE for each approach, as well as the relative performance improvement over LSTM,
are summarized in Table 2. The comparison indicates that FusFormer outperforms other
models in terms of forecasting performance.

Table 2. Summary of model prediction performances with Relative RMSE change.

Model LSTM LightGBM ResNet1D Transformer Conv-Transformer FusFormer

RMSE 6.67 4.56 4.51 4.36 4.23 3.37

RMSE Decrease 0% −31.63% −32.38% −34.63% −36.58% −49.32%

RRSE 0.625 0.445 0.431 0.406 0.394 0.321

RRSE Decrease 0% −28.80% −31.04% −35.06% −36.96% −47.68%

LSTM has the lowest prediction accuracy of all approaches, owing to its inability to
deal with long time series. LightGBM and ResNet1D perform similarly, and their predic-
tion results are more accurate than those of LSTM. LightGBM, as a tree model, is good at
obtaining nonlinear relationships in the data and identifying significant features, allowing
for accurate prediction results. On the other hand, ResNet1D, as a deep network com-
posed of numerous convolutional and fully connected layers, is capable of both nonlinear
approximation and accurate prediction.

In terms of transformer-based models, transformer and conv-transformer have better
prediction results than LightGBM and ResNet1D, reflecting the effectiveness of the self-
attention mechanism in transformer. Considering that conv-transformer introduces CNN
to enhance the analysis of local information of time series, its prediction effect is slightly
better than that of transformer.

Compared with the preceding transformer-based model, FusFormer has a significant
improvement in prediction results, and the RMSE of FusFormer is reduced by 22.48% and
20.09%, respectively. The improved prediction results are due to FusFormer’s ability to
better capture the temporal dynamics with relative position information learning, and it
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also has a static enrichment module for flexible nonlinear processing of static covariates,
which is not available in the other two transformer-based models.

To intuitively reflect the prediction accuracy of our FusFormer, we display the pre-
diction results of FusFormer and conv-transformer. It should be noted that the prediction
curves in Figures 9 and 10 are made up of 200 randomly picked prediction samples from the
test set for the purpose of visualizing the prediction error clearly. As illustrated in Figure 10,
FusFormer is capable of reliable prediction for the vast majority of samples, although there
are a few samples with non-negligible errors between predicted and true values.

The prediction performance of conv-transformer is clearly inferior to FusFormer.
There are non-negligible errors between majority predicted values and true values, and
the coincidence of the true value curve and the predicted value curve is low, indicating the
superiority of FusFormer’s prediction performance as well as the validity of the temporal
encoder–decoder framework and static enrichment module.

Figure 9. Mooney viscosity prediction results of conv-transformer.

Figure 10. Mooney viscosity prediction results of FusFormer.

5.5. Ablation Analysis

To quantify the benefits of each of our proposed architectural contribution, we con-
duct a detailed ablation analysis, removing or replacing critical components from the
architectural as below, and quantifying the percentage increase in RMSE compared to
transformer.

5.5.1. Local Enhancement Layer (LEL)

To validate the effectiveness of the local enhancement layer, we delete this layer in the
time series data-processing scheme, and compare the training loss curve and prediction
results with FusFormer.

It can be seen from Figure 11a that the loss curve of the model after deleting the
local enhancement layer has slower convergence, and the accuracy of prediction has
also deteriorated, as indicated in Table 3. This further illustrates the effectiveness of the
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local enhancement layer and the importance of local context information extraction in the
prediction process.

5.5.2. Relative Position-Aware Layer and Relative Multi-Head Attention (RPL and RMA)

To demonstrate the effectiveness of the relative position-aware layer, as well as the
relative multi-head attention, we ablate by deleting the relative position-aware layer and
replacing the relative multi-head attention with the ordinary multi-head attention in each
encoder layer and decoder layer, and compare the training loss curve and prediction results
with FusFormer.

Table 3. Comparison of prediction results before and after ablation.

Ablation Module Model RMSE RMSE Decrease

LEL
Transformer 4.36 0%

FusFormer w/o LEL 3.81 −12.61%
FusFormer 3.37 −22.48%

RPL&RMA

Transformer 4.36 0%
FusFormer w/o RPL

and RMA 3.66 −16.06%

FusFormer 3.37 −22.48%

SEM
Transformer 4.36 0%

FusFormer w/o SEM 3.62 −16.97%
FusFormer 3.37 −22.48%

GLU
Transformer 4.36 0%

FusFormer w/o GLU 3.45 −20.87%
FusFormer 3.37 −22.48%

w/o is an abbreviated form of the word without.

As illustrated in Figure 11b, after replacing the relative position-aware layer and
the relative multi-head attention, the training loss values increase, indicating that the
training performance is no longer as good as it was previously. This can also be reflected
in the RMSE indicator in Table 3. The prediction accuracy is also lower than FusFormer.
This comparison proves that analyzing the relative position information between time
series elements is critical for capturing temporal dynamics and calculating more accurate
prediction results.

5.5.3. Static Enrichment Module (SEM)

To prove the superiority of the static enrichment module, we ablate by replacing
this module with a simple feed-forward layer, and compare the training loss curve and
prediction results with FusFormer.

As illustrated in Figure 11c, the training loss value reduces somewhat more slowly
after the SEM module is replaced. The RMSE evaluation metrics in Table 3 show a modest
reduction in prediction accuracy, which illustrates the superiority of the SEM module in
dealing with static covariates. Additionally, we discover that FusFormer without the SEM
module outperforms transformer in terms of prediction performance, demonstrating the
superiority of the temporal encoder–decoder framework for handling time series data.

5.5.4. Gated Linear Unit (GLU)

GLU is the core component in the SEM module. To verify the effectiveness of GLU in
nonlinear processing, we ablate by replacing GLU with a simple linear layer, and compare
the training loss curve and prediction results with FusFormer.

As illustrated in Figure 11d, after replacing the gated linear unit, the loss function
curve fluctuates greatly in the first 20 epochs, and then it quickly converges to a stable
value. In terms of prediction performance, the prediction accuracy after replacing the GLU
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with a linear layer has a small decrease, which reflects the effectiveness of the GLU in
non-linear calculation.

Overall, all of the modules mentioned above contribute positively to FusFormer,
notably by accelerating model training convergence and increasing prediction accuracy.

(a) (b)

(c) (d)

Figure 11. Comparison of loss function curves before and after deleting various modules. (a) Ablation
analysis of LEL; (b) Ablation analysis of RPL and RMA; (c) Ablation analysis of SEM; (d) Ablation
analysis of GLU.

5.6. Hyperparameters Sensitivity Analysis

The hyperparameter sensitivity analysis of FusFormer is performed in the Mooney
viscosity case under the univariate setting. We conduct sensitivity analysis on the main
hyperparameters and then train the model using multiple values for each hyperparameter,
comparing the training loss curve and RMSE for each value.

By combining Figure 12 and Table 4 below, we demonstrate that the hyperparameters
of FusFormer are optimal. Simultaneously, the analysis results indicate that any modifica-
tion in hyperparameters values has a varied influence on the training and prediction results.
Hyperparameter model dimension has the greatest influence on prediction accuracy. A value
that is either too little or too large will have a detrimental influence on the prediction
performance, especially when the model dimension is 512, causing the training curve to
converge slowly and reducing the model’s prediction accuracy. For the Encoder layer num
and Decoder layer num, considering that the encoder input is a long sequence of data, a value
of Encoder layer num that is too small will reduce prediction accuracy; while the decoder
input is the last data point of the encoder input, a value of Decoder layer num that is too
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large will prevent training from convergence quickly. The different values of the remaining
hyperparameters have relatively little influence on the prediction results.

(a) (b)

(c) (d)

(e) (f)

Figure 12. Loss function curves of different values of hyperparameters. (a) Loss curves for different
values of model dimension; (b) Loss curves for different values of encoder layer num; (c) Loss curves
for different values of decoder layer num; (d) Loss curves for different values of kernel size; (e) Loss
curves for different values of dilation; (f) Loss curves for different values of clip distance.
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Table 4. Sensitivity analysis of hyperparameters. Bold values indicate optimal tuning results.

Hyperparameter Set Value RMSE Relative RMSE Increase

Model dimension

64 3.62 +7.42%
128 3.54 +5.04%
256 3.37 0%
512 3.75 +11.27%

Encoder layer num

1 3.61 +7.12%
2 3.43 +1.78%
3 3.37 0%
4 3.54 +5.04%

Decoder layer num

1 3.37 0%
2 3.46 +2.67%
3 3.63 +7.72%
4 3.57 +5.93%

Kernel size

1 3.47 +2.97%
2 3.57 +5.93%
3 3.37 0%
4 3.51 +4.15%

Dilation

1 3.46 +2.67%
2 3.59 +6.52%
3 3.37 0%
4 3.52 +4.45%

Clip distance

40 3.49 +3.56%
50 3.44 +2.08%
60 3.37 0%
70 3.42 +1.48%

5.7. Interpretability Use Case

Neural networks are frequently referred to as a kind of black box model, in large
part because of their lack of feature representation in the training process. In a real rubber
refining scenario, the influence of the different stages of production on the Mooney viscosity
varies, and it is of practical importance to visualize the distribution of these influences in
order to assist plants in optimizing their production processes.

5.7.1. Interpretable Relative Multi-Head Attention

Given that the general multi-head attention in transformer uses different values
for each head, attention weights alone would not be indicative of a particular feature’s
importance. Inspired by the previous study by Google [31], we introduce interpretable
relative multi-head attention to share values in each head, and employ additive aggregation
of all heads:

Interpretable multi-head (Q, K, V) = H̃WH (24)

H̃ =

{
1/H

mH

∑
h=1

A
(

QWQ
h , KWK

h , edgeK
)}

(VWV + edgeV)

= 1/H
mH

∑
h=1

Attention
(

QWQ
h , KWK

h , VWV , edgeK, edgeV
) (25)

where A(.) is Equation (9), which calculates the similarity between query and key, WV is
the value weights matrix shared across all heads, and WH is used for final linear mapping.
According to Equation (25), we find that each head can learn different temporal patterns,
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while attending to a common set of time series input features, which can be viewed as a
ensemble over attention weights.

Interpretable relative multi-head attention can be used to shed light on the important
past time steps related to the Mooney viscosity. In contrast to other traditional and machine
learning time series methods, which rely on model-based specifications for seasonality and
lag analysis, FusFormer can learn such temporal patterns directly from raw time series data.

5.7.2. Visualizing Attention Weight Patterns of Time Series

As shown in Figure 13, the curve is divided into four parts. The first part has no
effect on the forecast since we filled the beginning of the time series with a value of 0
to provide a constant input length for the time series, and so this section lacks temporal
patterns. The remaining three parts correlate to the three stages in the rubber refining
process. It can be clearly seen that these three stages have different degrees of influence on
the Mooney viscosity, with the kneading stage having the greatest influence. Meanwhile,
as the number of epochs increases, FusFormer’s analysis of time steps importance is more
accurate. When FusFormer completes training, combined with prior knowledge of tire
manufacturing, the significance of these three components highly matches the features
of the actual rubber refining process, demonstrating the effectiveness of the interpretable
relative multi-head attention.

Figure 13. Average attention weight of time series input.

6. Conclusions

In this work, we present FusFormer, a transformer-based model for forecasting time
series data. FusFormer makes use of specialized components to properly deal with time
series input and static variables across the Mooney viscosity data set. Specifically, these
include the following: (1) the time series data-processing scheme, which learns the local
context information and encodes the position of the time series; (2) the temporal encoder–
decoder framework, which captures relative position information of the input time series
and incorporates relative position representations in the self-attention mechanism; (3) the
static enrichment module, which introduces GLU to suppress the irrelevant information and
control the extent of nonlinear processing. As manifested in the Mooney viscosity prediction
case, we show that FusFormer achieves state-of-the-art forecasting performance compared
with benchmarks. The benefits of each of our proposed architectural contributions are
quantified through a detailed ablation study. Lastly, we introduce the interpretable relative
multi-head attention to provide interpretability for the FusFormer. In the interpretability
use case, the model can visualize attention weight patterns of time series.

Moreover, our future research plans will be primarily focused in two directions. One is
to strengthen the interpretability of the model. We intend to enhance the model’s capability
so that it can analyze the importance of different types of inputs and identify significant
regime changes. On the other hand, our approach can be further extended to model spatio-
temporal data indexed by both time and location coordinates [43]. Attention mechanisms
can be generalized to learn relations between two arbitrary points in spatio-temporal space.
These two research directions will be pursued in the future.



Entropy 2022, 24, 528 22 of 23

Author Contributions: Conceptualization, Y.Y.; methodology, J.L.; software, Y.Y.; validation, Y.Y. and
J.L.; formal analysis, Y.Y.; investigation, J.L.; resources, J.L.; data curation, Y.Y.; writing—original
draft preparation, Y.Y.; writing—review and editing, Y.Y.; visualization, Y.Y.; supervision, J.L.; project
administration, J.L.; funding acquisition, J.L. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported in part by the Major Scientific Project of Zhejiang Laboratory
under Grant 2020MC0AE01, in part by the Fundamental Research Funds for the Central Universities
(Zhejiang University New Generation Industrial Control System (NGICS) Platform), and in part by
the Zhejiang University Robotics Institute (Yuyao) Project under Grant K12001.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Zhu, Y.; Shasha, D. Statstream: Statistical monitoring of thousands of data streams in real time. In VLDB’02: Proceedings of the 28th

International Conference on Very Large Databases; Elsevier: Amsterdam, The Netherlands, 2002.
2. Matsubara, Y.; Sakurai, Y.; Van Panhuis, W.G.; Faloutsos, C. FUNNEL: Automatic mining of spatially coevolving epidemics.

In Proceedings of the 20th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, New York, NY,
USA, 24–27 August 2014.

3. Guen, V.L.; Thome, N. Shape and time distortion loss for training deep time series forecasting models. In Proceedings of the 33rd
International Conference on Neural Information Processing Systems, Vancouver, BC, Canada, 8–14 December 2019; pp. 4189–4201.

4. Choi, E.; Bahadori, M.T.; Kulas, J.A.; Schuetz, A.; Stewart, W.F.; Sun, J. RETAIN: An interpretable predictive model for healthcare
using reverse time attention mechanism. In Proceedings of the 30th International Conference on Neural Information Processing
Systems, Barcelona, Spain, 5–10 December 2016.

5. Jenkins, G.M.; Alavi, A.S. Some aspects of modelling and forecasting multivariate time series. J. Time Ser. Anal. 1981, 2, 1–47.
[CrossRef]

6. Box, G.E.; Pierce, D.A. Distribution of residual autocorrelations in autoregressive-integrated moving average time series models.
J. Am. Stat. Assoc. 1970, 65, 1509–1526. [CrossRef]

7. Gardner, E.S., Jr. Exponential smoothing: The state of the art. J. Forecast. 1985, 4, 1–28. [CrossRef]
8. Arellano-Valle, R.B.; Contreras-Reyes, J.E.; Quintero, F.O.L.; Valdevenito, A. A skew-normal dynamic linear model and bayesian

forecasting. Comput. Stat. 2019, 34, 1055–1085. [CrossRef]
9. Zhang, G.P. Time series forecasting using a hybrid ARIMA and neural network model. Neurocomputing 2003, 50, 159–175.

[CrossRef]
10. Jin, X.; Yu, X.; Wang, X.; Bai, Y.; Su, T.; Kong, J. Prediction for Time Series with CNN and LSTM. In Proceedings of the 11th

International Conference on Modelling, Identification and Control (ICMIC2019); Springer: Berlin, Germany, 2020.
11. Tokgöz, A.; Ünal, G. A RNN based time series approach for forecasting turkish electricity load. In Proceedings of the 2018 26th

Signal Processing and Communications Applications Conference (SIU), Izmir, Turkey, 2–5 May 2018.
12. Hochreiter, S. The vanishing gradient problem during learning recurrent neural nets and problem solutions. Int. J. Uncertain.

Fuzziness Knowl.-Based Syst. 1998, 6, 107–116. [CrossRef]
13. Noh, S.-H. Analysis of Gradient Vanishing of RNNs and Performance Comparison. Information 2021, 12, 442. [CrossRef]
14. Khedhiri, S. Comparison of SARFIMA and LSTM methods to model and to forecast Canadian temperature. Reg. Stat. 2022, 12,

1–19.
15. Sutskever, I.; Vinyals, O.; Le, Q.V. Sequence to sequence learning with neural networks. Adv. Neural Inf. Process. Syst. 2014, 27,

3104–3112.
16. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need.

Adv. Neural Inf. Process. Syst. 2017, 30, 6000–6010.
17. Tay, Y.; Bahri, D.; Metzler, D.; Juan, D.-C.; Zhao, Z.; Zheng, C. Synthesizer: Rethinking self-attention for transformer models.

In International Conference on Machine Learning; ACM: New York, NY, USA, 2021.
18. Sull, D.N.; Tedlow, R.S.; Rosenbloom, R.S. Managerial commitments and technological change in the US tire industry. Ind. Corp.

Chang. 1997, 6, 461–500. [CrossRef]
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