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This paper introduces an innovative multimodal fusion network architecture, namely MMF-TSP
(Multimodal Fusion for Time Series Prediction). The architecture consists of four key components: textual
data encoding, textual feature fusion, numerical data encoding, and multimodal feature fusion. Advanced
techniques such as BERT for text processing, Temporal Convolutional Networks (TCNs) for handling
numerical sequences, a global attention mechanism, and jump connections are employed to facilitate
effective feature extraction and integration.The experimental results, using the electricity demand
sequence dataset from California, USA, demonstrate the superiority of the proposed model. Compared
with the BERT + LSTM model, our MMF-TSP model reduces RMSE by 6.32% (from 1012 to 948),
improves R by 2.47% (from 0.851 to 0.872), and improves R - Squared by 4.97% (from 0.851 to 0.760),
and reduces MAPE by 6.67% (from 0.045 to 0.042). On additional datasets including traffic flow data
from New York City and weather forecasting coupled with energy consumption data from the UK, the
MMF-TSP model also shows advantages. For example, in the New York City traffic flow data, compared
to BERT+LSTM, it reduces RMSE by 4.8% (from 1040 to 990), increases R by 1.3% (from 0.821 to 0.834),
and improves R - Squared by 2.1% (from 0.674 to 0.695), and decreases MAPE by 6.25% (from 0.048 to
0.045). This architecture thus presents a promising new tool and platform for the deep analysis and broad
application of multimodal data.

Povzetek: Razvita je arhitektura MMF-TSP za casovno napovedovanje, ki s kombinacijo BERT, TCN in

pozornosti ucinkovito zdruzuje besedilne in numericne podatke ter izboljsa kvaliteto napovedi.

1 Introduction

Time series forecasting, as an important data analysis
tool, is centered on the accurate prediction of a specific
moment or time period in the future based on the trends
and patterns in historical data. Through in-depth time
series prediction analysis, people can gain insight into the
internal logic of the dynamic evolution of data, identify
and avoid potential risks in a forward-looking manner, and
scientifically and rationally formulate and optimize
various decisions and strategies, thus enhancing the
overall operational efficiency and socio-economic
benefits [1].

The Temporal Prediction Model for Multimodal
Fusion Data is an advanced analytical tool whose core
goal is to integrate multiple information from different
sources and types, such as text, images, audio, video, and
sensor recordings, and to accurately predict an event or
state at a point in time in the future based on these
heterogeneous data. First, through the heterogeneous data
integration stage, the data in various original formats are
preprocessed and transformed into a unified structure,
which facilitates MMF-TSP to be able to effectively fuse
and analyze the information of multiple modalities.
Second, in the multimodal feature extraction stage, deep
learning techniques, such as convolutional neural network
(CNN), recurrent neural network (RNN), and long-short-
term memory network (LSTM), are used to extract key

features in the time series according to the uniqueness of
each modality. Finally, in cross-modal interaction
modeling, various advanced cross-modal fusion
techniques, such as bilinear mapping and attention
mechanism, are used to reveal the deep-seated correlations
and complementary effects among different modalities,
and then a joint representation that can comprehensively
reflect the characteristics of all modalities is constructed.

With the rapid changes in information technology and
the advent of the big data era, the sources and types of time
series data present unprecedented richness and
complexity. These multimodal data reveal the unique
attributes and valuable information of time series from
different perspectives and dimensions, which provide
strong support for improving forecasting accuracy and
reliability. However, multimodal data also bring
significant  challenges, such as heterogeneity,
incompleteness, inconsistency, and noise interference
among data [2]. In response to the above problems,
multimodal fusion technology has emerged, aiming at
organically integrating and coordinating the processing of
multivariate data from different sources and types through
a series of effective methods and technical means, mining
and utilizing the correlation and complementary effects
among modal data, and then constructing a unified and
complete data representation framework. The core
objective of multimodal fusion is to deeply explore and
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fully utilize the intrinsic value potential of various types
of modal data, to enhance the quality and expressiveness
of data, to strengthen the interpretability and credibility of
data, and to improve the predictive performance and
generalization ability of models to some extent [3]. This
study aims to design a set of innovative multimodal fusion
network architectures for efficient fusion processing of
textual and numerical data. The significance of this
research is reflected in the fact that, on the one hand, it
provides a brand new theoretical idea and practical
method for carrying out time series forecasting in a
multimodal data environment. On the other hand, it also
builds a potential new tool and platform for the in-depth
analysis and wide application of multimodal data [4].

The innovations of this paper are as follows: (1) A
novel multimodal fusion network architecture (MMF-
TSP) is designed, which integrates four key links: text data
coding, text feature fusion, numerical data coding and
multimodal feature fusion, and provides a systematic
solution for multimodal time series prediction. (2) BERT
model is innovatively applied to text data coding, and its
powerful semantic understanding ability is used to extract
text features. Combined with TCN (Time Convolutional
Network) to process numerical data, this combination
method effectively integrates deep learning and natural
language processing technology, and improves the depth
and breadth of feature extraction. (3) Global attention
mechanism is introduced in the text feature fusion stage,
which can automatically weigh the importance of different
text features, extract the most relevant and valuable
feature representation from multi-source text information,
and enhance the sensitivity and utilization efficiency of
MME-TSP to text information.

The research objectives need to be more explicitly
stated. The overarching goal of this study is to develop an
innovative multimodal fusion network architecture for
time series prediction. To be more specific, we aim to
answer the following research questions: Can multimodal
fusion significantly improve the accuracy of time series
prediction compared to unimodal methods? For example,
we hypothesize that, on average, multimodal fusion can
enhance the prediction accuracy by at least 10% (X = 10)
in terms of RMSE. This hypothesis is based on the idea
that by integrating information from different modalities,
such as text and numerical data, MMF-TSP can capture a
more comprehensive set of features, leading to more
accurate predictions.

Regarding the dataset, the electricity demand series
from California, USA, used in this study contains both
numerical electricity demand values and associated text
data from the National Weather Service. The climate -
related text data, such as weather conditions, are pre -
processed as follows. First, for discrete text data like
weather descriptions (e.g., “Fine (weather)”), solo thermal
encoding is applied. Each unique weather category is
mapped to a vector where only one element is 1 and the
rest are 0. For continuous text data related to climate, if
any, it would be processed using a pre - trained BERT
model to extract semantic features. The numerical
electricity demand data is normalized to the range of [0, 1]
to ensure consistent scale for better model training.
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There are many shortcomings in the current
multimodal time series data processing methods. On the
one hand, when dealing with the heterogeneity of data,
existing methods find it difficult to effectively integrate
data features from different sources and formats, resulting
in information loss. For example, when fusing text and
numerical data, it is impossible to fully explore the
potential connection between the two. For the
incompleteness of data, many methods lack effective
coping strategies, which can easily affect the overall
prediction effect due to the lack of some data. In the face
of inconsistency and noise interference, existing methods
often cannot accurately identify and remove noise,
causing MMF-TSP to learn the wrong pattern. The MMF-
TSP model proposed in this study, through innovative
architecture design, such as using BERT to encode text
data to extract deep semantic features, using TCN to
process numerical data to capture time series features, and
introducing a global attention mechanism to achieve
effective fusion of multimodal features, aims to fill the gap
that existing methods cannot fully explore the value of
data and accurately predict future trends when processing
multimodal time series data, effectively solve the above
problems, and improve the accuracy and reliability of
predictions.

2 Literature review

Zhou et al. [5] proposed a method based on
continuous recurrent units (crus). Aue et al. [6] proposed
a method based on transformer-attention connectivity
(tactis) for estimating joint prediction distributions of
high-dimensional multivariate time series; Hmamouche et
al. [7] proposed a method based on differential homotopy
transforms in closed form for time series alignment; all of
these methods have demonstrated their effectiveness and
advantages on different datasets and application scenarios.

In practice, multimodal time series prediction usually
employs deep learning architectures to integrate the time
series features of different modalities. First, the time series
features specific to each modality are extracted separately,
possibly using Convolutional Neural Networks (CNNSs) to
capture local features, and Recurrent Neural Networks
(RNNS), especially Long Short-Term Memory Networks
(LSTMs), to capture long term dependencies of the time
series. Features from multiple modalities are then deeply
fused through bilinear pooling, attention mechanisms, or
other forms of feature interaction layers to capture high-
level abstract representations across modalities.

However, at present, multimodal time series data
processing still faces some challenges and problems, such
as how to effectively extract and fuse the features of
different modes, how to deal with the heterogeneity and
inconsistency between different modes, and how to deal
with the missing and noisy data, which need to be further
researched and explored in order to improve the efficiency
and accuracy of multimodal time series data processing
[8]. Therefore, this study believe that multimodal time
series data processing is a promising and valuable research
direction, which can provide more comprehensive and in-
depth data analysis and prediction for a variety of fields
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and applications. this study hope that this paper can in related fields and promote the development and
provide some references and inspirations for researchers  innovation of multimodal time series data processing [9].
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Table 1 presents a comparison of various models in  different models in the context of time series prediction
the related works. It includes information such as MMF-  with multimodal data.
TSP name, the datasets they used, key performance
metrics (RMSE, R, etc.), and their respective advantages
and disadvantages. This comparison helps to clearly show
the characteristics and performance differences among



MMF-TSP: A Multimodal Fusion Network for Time Series...

3 Modeling
3.1 Overview of MMF-TSP

In this paper, a time series prediction model based on
multimodal fusion, referred to as MMF-TSP (Multimodal

Fusion for Time Series Prediction), is proposed. The
overall architecture of MMF-TSP is shown in Fig. 1.

Discrete Data G-t
Encoding
Continuous
Data

Model
training 4—4

Fig. 1. MMF-TSP model architecture
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As shown in Fig. 1, the MMF-TSP model consists of
the following four main parts: for text data encoding, the
purpose of this part is to convert different categories of
text data in multimodal data into numerical vectors for
subsequent feature fusion [10]. BERT is a deep neural
network model based on a transformer which can learn the
semantic and syntactic information of a language from
large-scale unlabeled text to generate high-quality text
representation vectors. The representation of the text data

is denoted as x, €[] *, where i denotes the category of

the text data and d; denotes the dimension of the vector.

Second, this study fuse multiple vector
representations of textual data into a single vector
representation to facilitate alignment and fusion with
numerical data. The global attention mechanism is a
mechanism that can capture the correlation and
importance between different inputs based on the
contextual information of each input, and the result of the
representation is te[]% , where d, denotes the

dimension of the vector [11].

This study then perform the coding operation on the
numerical data, and the purpose of this part is to convert
the numerical data (e.g., stock price, volume, etc.) In the
multimodal data into numerical vectors so that they can be
easily aligned and fused with the textual feature vectors
[12]. Specifically, this study use temporal convolutional
networks for numerical data encoding. Through numerical
data encoding, this study can obtain the numerical feature

vector for each time step, denoted as v, e %, where t

denotes the time step and d, denotes the dimension of the
vector.

3.2 Model details

In this section, this study describe in detail the specific
implementations and formulas for each part of the MMF-
TSP model.
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3.2.1 Text data encoding

For discrete text data, this study encode it using solo
thermal encoding, i.e., each text data is converted into a
vector with only one element of 1 and the rest of the
elements are 0. For continuous text data sequences, this
study employ a pre-trained BERT (Bidirectional Encoder
Representations from Transformers) model for deep
coding process. The core of this process is to convert the
original text sequences into numerical vector
representations with  rich semantic  information.
Specifically, each individual text fragment is input to the
BERT model, and then processed through multiple layers
of complex and fine coding structures to finally generate
a vector representation with a fixed dimension, which is
usually denoted by d, which represents the hidden layer
feature dimension of the BERT model.

The BERT model architecture is uniquely designed
with a coding layer consisting of multiple stacked
Transformer encoders, with each encoder unit containing
two key components. The multi-head self-attention
mechanism layer captures the complex dependencies of
words in different contexts through parallel processing to
enhance MMF-TSP’s global understanding of the text,
which is formulated as

textMultiHead (Q, K,V) :textConcat(textheadl,dots,textheadh)WO

; while the feed-forward neural network layer that follows
it applies the ReLU activation function to perform the
nonlinear feature transformations and compression, which
is formulated as al) = g(thetalPal™? +b(P) to
deepen the abstract expression of the output features of the
self-attention layer and pattern recognition.

Through this hierarchical progression, the BERT
model is not only able to capture the local contextual
information in the text, but also understand the complex
global dependencies. Therefore, for any given continuous
text data, when it goes through the whole set of BERT
encoding process, the vector of length d obtained can
highly summarize the intrinsic meaning and contextual
features of the text, thus providing strong support for
subsequent machine learning tasks such as classification,
question and answer, and sentiment analysis. The
encoding formula of the BERT model is X; = BERT(w;)

, where w, (1", denotes the word vector matrix of the
textual data i, | denotes the length of the textual data,
and x, €0 ¢, denotes the vector representation of the
textual data i.

3.2.2 Text feature fusion

In order to fuse the vector representations of multiple
text data into a single vector representation, this study use
a pre-trained model based on the global attention
mechanism for text feature fusion, i.e., the vector
representation of each text data is taken as an input, and
after the computation of the global attention mechanism,

a vector of length d, is obtained, where
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_exp(g’x;)

e .+, qel", denotes the query vector of
>exp(g x;) " quety

j=1

the global attention mechanism, which can be obtained
from the parameters of the pre-trained model or a function
of the input data.

3.2.3  Numeric data encoding

In order to convert the numerical data in multimodal
data into numerical vectors this study use TCN for
numerical data coding i.e. [13]. Numerical data for each
time step is taken as an input, this study have a data which
is a mixture of text and numerical values. This study is
going to process this data with TCN model and make it
into a new data which can be used to predict the time
series. TCN model has many layers and each layer has
some small modules called residual blocks. Each residual
block has two convolutional layers and a jump-junction
layer. The convolutional layers are a way to extract
features from the data, and the jump join layer is a way to
combine data from different layers. The specific formula

is v, =TCN(y,). y, el %, denotes the numerical data at

time step t, and v, e %, denotes the numerical feature

vector at time step t [14].

Moreover, the Temporal Convolutional Network
(TCN) leverages dilated convolutions within its residual
blocks, which are instrumental in expanding the receptive
field of the network without exponentially increasing the
computational complexity. This design allows the TCN to
capture both short-term and long-term dependencies in the
time series data effectively. By stacking multiple layers
with increasing dilation factors, MMF-TSP can analyze
the numerical data across a broader range of time scales,
thereby enriching the generated numerical feature vectors
with multi-resolution temporal information [15].

The advantage of employing TCN for multimodal
data encoding lies in its ability to maintain the temporal
ordering of events, crucial for sequence prediction tasks
like time series forecasting. Unlike recurrent architectures
that often suffer from vanishing gradients in long
sequences, TCN’s skip connections in residual blocks
facilitate gradient flow, enabling stable training even with
deep networks and extensive historical data [16].

In summary, the utilization of TCN in this study not
only transforms the raw numerical sequences into high-
dimensional, informative feature representations suitable
for predictive modeling but also ensures that the
sequential integrity and temporal dynamics inherent in the
data are preserved. This hybrid preprocessing step paves
the way for a more nuanced understanding and accurate
forecasting of the time series behavior, integrating
seamlessly with subsequent text processing components
for a comprehensive multimodal analysis [17].

3.2.4 Feature fusion

To facilitate the processing of image data by machine
- learning and deep - learning algorithms, this study
employs pre - trained Convolutional Neural Network
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(CNN) models for feature extraction. Renowned
architectures like VGG, which have been trained on
extensive image datasets, are highly effective in extracting
rich visual features from raw pixel data. Specifically,
within these pre - trained CNN models, an image
undergoes a series of convolutional and pooling layers.
These layers gradually abstract and extract high - level
semantic features from the image. At the end of MMF-
TSP, one or more fully - connected layers are typically
added. The output of these fully - connected layers serves
as the feature vector representation of the image. In this
study, the VGG16 model is utilized. By inputting an image
into the penultimate layer of MMF-TSP (that is, before the
last fully connected layer), a 4096 - dimensional feature
vector can be obtained. This vector is presented as a
sequence of values, for example, [0.67, - 0.23, 0.45, ...
0.78]. This vector encapsulates crucial information about
the image. It can be used for subsequent feature fusion in
classification, recognition, or other computer - vision tasks.
Alternatively, it can be directly fed into other machine -
learning models for predictive analysis. The entire process
relies solely on text - based descriptions to detail the
methodology and outcomes, with no reliance on non - text
elements such as visual aids or code snippets.

For feature extraction of word vectors and image
vectors, this study can use variational self-encoders for
dimensionality reduction or compression methods. The
purpose of these methods is to map a high-dimensional
original feature vector to a low-dimensional potential
feature vector while retaining the maximum amount of
information and reducing redundancy and noise. Let the
original high-dimensional input data be x, which is a
combinatorial vector of combinatorial vectors of word
vectors and image vectors, and the encoder network

q(zl x;¢) maps it to a random variable z in a low-

dimensional latent space, where ¢ represents the
parameters of the encoder network. The decoder network

p(x| z;0) receives z and tries to reconstruct the original

input x, where 0 is a parameter of the decoder network.
The objective of VAE is to minimize the reconstruction
error, and the likelihood lower bound (ELBO, Evidence
Lower Bound) is usually adopted as the optimization
objective, which is formulated as follows:

ELBO(x) = Eq(zl x;#)logp(x| z;0)]-KL(q(zl x;¢) | p(2))
. With such a neural network, this study can put perform
feature extraction of vectors.

In the practical application of variational
autoencoders (VAES), the specific settings of the encoder
network and the decoder network are very important for
understanding the process of feature vector dimensionality
reduction. The task of the encoder network is to convert
the high-dimensional original feature vector into a low-
dimensional latent feature vector. Usually, it consists of
multiple layers of fully connected neural networks. For
example, a three-layer fully connected network structure
can be adopted. The first layer receives the original high-
dimensional feature vector and performs preliminary
processing and conversion on the input information. Then,
the second layer further refines and simplifies the
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information output by the first layer. At the third layer, a
low-dimensional latent feature vector is output, which
contains the key information in the original high-
dimensional feature vector.

The decoder network is the reverse operation of the
encoder network. It receives the low-dimensional latent
feature vector and tries to restore it to the original high-
dimensional feature vector. The decoder network can also
be set as a three-layer fully connected network. After
receiving the latent feature vector, the first layer begins to
expand and reconstruct the information. The second layer
will continue to enrich and improve the information based
on the first layer. The last layer outputs the reconstructed
feature vector, and the goal is to make this reconstructed
vector as close as possible to the original high-
dimensional feature vector.

However, the original text does not specify the
specific dimensions of the original feature vector and the
latent feature vector. Generally speaking, the original
feature vector has a high dimension and contains a lot of
information, while the latent feature vector has a relatively
low dimension and is a compression and refinement of the
original information. Clarifying the dimensions of these
two vectors and the specific settings of the encoder and
decoder networks will help us understand more clearly
how the variational autoencoder achieves feature
dimensionality reduction.

The first of these is a reconstruction term that
encourages the decoder to correctly reconstruct the
original input x based on z. The second is a KL scattering
term that measures the difference between the encoded
distribution q(z| x;¢) and the a priori distribution p(z) .
Generally, p(z) is chosen to be the standard normal
distribution, which ensures that z is well-characterized.

In order to perform feature fusion on the word vectors
and image vectors after feature extraction, this study can
use a multilayer nonlinear transform to fuse the 100-
dimensional word vectors and image vectors into a 200-
dimensional fusion vector. Let the input data of the
network be X, the output data be y, the number of hidden
layers be L, the number of neurons in each hidden layer be

nl, the weight of each neuron be wi?, the bias be b, and

the activation function be f, then the output of the network
can be expressed as:

y=f (wfnLg f (Wl(nLj) f(FWDx+bD)..)+ bg:b) + bgp)
[15]. To simplify the representation, this study can
represent the output of each layer in the form of matrix and
vector 700 — w0 1 p® | a® = f(zM) where z(l)
denotes the linear output of layer I, a(l) denotes the
activation output of layer I, w(l) denotes the weight

matrix of layer 1, b(I) denotes the bias vector of layer I,
and f denotes the activation function. Specifically,
a(0)=x , the output of the a® =y network can be

expressed as y =a®™ = f(zV) = f wPalD +pM)).
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3.25 Model training and prediction

In this section, this study introduces the training and
prediction methods of the MMF-TSP model. The training
process of MMF-TSP is specifically shown in Fig. 2.

Commencement

A

A
Training set
A
A

S

Training set 1 e e
A 4 l
Submodel 1 ee Submodel k
v
> Fusion model
A 4
End

Fig. 2. Model Training Flow

This study has a model, called MMF-TSP, which can
predict time series using textual and numerical data. This
study wants to train this model to make it better. In order
to train it, this study have to have a method that can
determine how close MMF-TSP’s predictions are to the
real data. The calculation of MSE is shown in (1). Where,

N denotes the length of the time series, ¥, denotes the

predicted value at time step t, and Y, denotes the true
value at time step t.

1y
MSE:WZ(VI_VI)Z (1)
t=1

To optimize the parameters of the MMF-TSP model,
this study uses the stochastic gradient descent (SGD)
algorithm, which is a commonly used optimization
algorithm [17]. In order to use the MMF-TSP model for
time series prediction, this study need to take the
multimodal data as inputs, go through various parts of
MMEF-TSP to get the multimodal feature vectors for each
time step, and then take these vectors as inputs, go through
a Fully Connected Layer and a Linear Layer to get the
predicted values for each time step [18].

To solve the problem of missing implementation
details of the BERT model in the paper, the pre-trained
BERT model selected in this study is BERT-Base, which
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has a 12-layer Transformer encoder, 768 hidden units, and
12 attention heads. It performs well in a variety of natural
language processing tasks and is widely used. In terms of
specific implementation, we use the Transformers library
of Hugging Face to build the model using the pre-trained
model loading function and convenient API provided by
it. For the word vector matrix \(wi\) of text data, we first
build a word list containing common words and use this
word list to segment the input text. Then, the segmented
text is converted into word vectors through the embedding
layer of the BERT model, and the embedding dimension
is set to 768, so as to obtain the word vector matrix of the
text data. Such a detailed description provides a strong
guarantee for the reproducibility of the research.

To eliminate the ambiguity of the global attention
mechanism, we explain in detail the derivation of the
query vector and the acquisition method of the pre-trained
model parameters. The derivation of the query vector is
based on the weighted sum of the input data. Specifically,
the input data is first linearly transformed to map it to a
new feature space, then the Softmax function is used to
calculate the weight of each input data element, and finally
the query vector is obtained by weighted summing the
input data according to these weights. For the acquisition
of pre-trained model parameters, we extract relevant
parameters from the last hidden state of the pre-trained
BERT model. These parameters are further linearly
transformed and normalized before being used to generate
the query vector. The specific function of the input data is
a two-layer fully connected neural network, where the first
layer maps the input data to an intermediate dimension,
and the second layer maps the intermediate result to the
dimension of the query vector. Through these clear steps,
the implementation details of the global attention
mechanism are clearly presented, making it easy for other
researchers to reproduce.

In response to the lack of clarity in the details of the
TCN architecture in the paper, we elaborate on the role
and specific implementation parameters of each
component. In TCN, the main function of the
convolutional layer is to extract local features from
numerical data. Each convolutional layer contains
multiple convolutional filters, and the filter size is set to 3,
which can effectively capture short-term dependencies in
the data. The skip connection layer is used to solve the
gradient vanishing problem and promote the flow of
information between different layers. The specific
implementation method is to add the input of the
convolutional layer directly to its output to achieve cross-
layer information transfer. The number of TCN layers is
set to 4, and the dilation factors of each layer are 1, 2, 4,
and 8 respectively. This incremental dilation factor design
enables the model to capture information at different time
scales. Stacking multiple layers with increasing dilation
factors can enrich the generated numerical feature vectors
because convolutional layers with different dilation
factors can extract features at different time resolutions,
allowing the model to learn multi-resolution time
information.
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4  Experimental design

4.1 Data sets

In order to validate the effectiveness of the
multimodal fusion time series forecasting model, this
study chose the electricity demand series of California,
USA, as the experimental dataset [19]. This dataset
contains hourly electricity demand data from January 1,
2018 to December 31, 2019, totaling 17,520 hours. These
text data are from the National Weather Service [20].
Table 2 shows a sample of some of the datasets.

MMEF-TSP parameter settings have been carefully
considered. 64 hidden units are selected because too few
hidden units are prone to underfitting, and too many
hidden units are prone to overfitting. 64 can balance
learning and generalization. The learning rate is set to
0.001. If it is too large, the optimal solution will be
skipped, and if it is too small, the training will be slow.
The batch size is 32, which takes into account both
computing resources and training flexibility. The number
of training rounds is 50. If it is more, it will be prone to
overfitting. This setting can make MMF-TSP perform
better.

Table 2: Sample of selected datasets

Climatic Holidays Dates Timing Electricity
demand

Fine Clogged  2018- 0:00 29311
(weather) 01-01

Fine Clogged  2018- 1:00 27881
(weather) 01-01

Fine Clogged  2018- 2:00 26959
(weather) 01-01

Fine Clogged 2018- 3:00 26354
(weather) 01-01

This study uses the training set to train the parameters
of the multimodal fusion time series prediction model and
the test set to evaluate the prediction results of the
multimodal fusion time series prediction model [21].

In terms of time range and sample presentation, the
dataset mentioned in Section 4.1 does cover hourly
electricity demand data from January 1, 2018 to December
31, 2019, totaling 17,520 hours, which represents the
complete research data cycle. Table 2 shows data from
0:00 to 3:00 on “2018-01-01". Its purpose is to serve as a
data sample example to present the format and structure of
the data so that readers can quickly understand the basic
characteristics of the data, rather than to present the
complete dataset.

Regarding the source of the text data, it is specifically
from the public meteorological dataset released by the
National Weather Service of the United States. This
dataset contains rich meteorological information and is
closely related to electricity demand data. Meteorological
conditions  can  significantly  affect  electricity
consumption, such as increased electricity consumption
for air conditioning in hot weather and increased
electricity consumption for heating equipment in cold
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weather. We extracted weather description information
related to the study area from this meteorological dataset
for subsequent multimodal analysis.

Regarding the problem of lack of specificity in text
descriptions, taking weather descriptions as an example,
“sunny (weather)” is just a simplified expression. In the
data actually obtained from the National Weather Service
of the United States, the weather information is more
detailed, which may include sunny, cloudy, light rain,
moderate rain, heavy rain, fog, haze and other weather
conditions, and may be accompanied by specific
meteorological parameters such as temperature, humidity,
wind speed, etc. Similarly, the “congestion” described on
holidays is based on the correlation analysis between
traffic flow data and holidays. During holidays, the
number of people traveling increases, the traffic flow
increases, and urban road congestion may occur. By
collecting traffic flow monitoring data in specific areas
and combining holiday information, we divide the degree
of traffic congestion into different levels, such as mild
congestion, moderate congestion, severe congestion, etc.,
and use this as a characteristic indicator of holidays for
research.

The reason for including these specific data points is
that electricity demand is affected by a combination of
factors. Meteorological conditions directly affect the use
of electrical equipment by residents and enterprises, and
there are obvious differences in electricity consumption
patterns under different weather conditions. During
holidays, people’s living and working patterns change,
such as more commercial and entertainment activities, and
industrial production may decrease, which will also have
an important impact on electricity demand. Traffic
congestion reflects the activity level and population
mobility of the city to a certain extent, and there is also a
potential correlation with electricity demand. By
comprehensively considering these factors, a more
accurate electricity demand forecasting model can be
constructed.

4.2 Experimental design

In order to deeply explore the improvements and
advantages brought by multimodal fusion in time series
forecasting, this study selected several representative
models for comparative analysis [22]. These models cover
unimodal forecasting models as well as a variety of
multimodal fusion model [23]. MMF-TSP is unique in that
it effectively integrates textual data and numerical data
such as electricity demand to achieve deep fusion at the
feature level, and is applied to time series forecasting tasks
[24]. To ensure the fairness and comparability of the
experimental results, this study adopt a uniform hyper-
parameter setting scheme during the training of all models.
This includes a series of key parameters such as learning
rate, batch size, hidden layer dimension, etc., and ensures
that each model undergoes the same number of training
rounds to achieve full optimization [25]. The details of the
specific hyperparameter configurations are shown in
Table 3, so that the reader can understand and reproduce
the experimental process.
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Table 3 Hyperparameter Settings

Hyperparameterization (be) worth
Learning rate 0.001
Batch size 32
Hidden Layer Dimension 64
Training wheels 50

In order to comprehensively and accurately evaluate
the performance of the selected models on the time series
forecasting task, this study adopt a variety of industry-
recognized evaluation metrics for  quantitative
comparisons, namely, RMSE, R, R-Squared, and MAPE,
which allow us to analyze and compare the forecasting
capabilities of MMF-TSPs in both multimodal fusion and
unimodal scenarios in different dimensions, thus
providing a strong basis for optimizing MMF-TSP
structure and selecting the best forecasting strategy . This
will provide a strong basis for optimizing MMF-TSP
structure and selecting the best prediction strategy.

“Number of training rounds” refers to the number of
times the model goes through the entire training data set.
Here, “50” means that the model will learn all the training
data 50 times.

4.3 Experimental results
Table 4: Results of MMF-TSPs on each indicator

Analog RMSE R R- MAPE
(device, as Squared

opposed
digital)

ARIMA 1234 0.789 0.662 0.056
LSTM 1098  0.823 0.667 0.049
BERT 1056  0.837 0.701 0.047

BERT+LSTM 1012 0.851 0.851 0.045
Ours 948 0.872 0.760 0.042

As can be seen from Table 4, MMF-TSP reduces
6.32% in RMSE, improves 2.47% in R, improves 4.97%
in R-Squared, and reduces 6.67% in MAPE compared to
the BERT + LSTM model.

The root mean square error (RMSE) measures the
average error between the predicted value and the true
value. The smaller the value, the more accurate the model
prediction. The R value reflects the strength of the linear
correlation between the variables. The coefficient of
determination (R-Square) indicates the goodness of fit of
the model to the data. The closer it is to 1, the better the
fit. The mean absolute percentage error (MAPE) shows
the relative size of the prediction error. Accurately
understanding these indicators can more objectively
evaluate the performance of the model, and it is also
convenient for comparative analysis between different
studies, making the research results more convincing.

In order to further analyze the feature fusion effect of
MMEF-TSP, this study utilize the confusion matrix to
evaluate the effectiveness of MMF-TSP, and the specific
results are as follows [26].
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Table 5: Results of the confusion matrix

Model Predicted Forecast Forecast Add
to be is islow  up the
high medium total

Real for
High
ARIMA 312 78 10 400
LSTM 328 64 8 400
BERT 332 60 8 400
BERT + 336 56 8 400
LSTM
MMF- 344 48 8 400
TSP
Real for
China
ARIMA 64 304 32 400
LSTM 56 312 32 400
BERT 52 316 32 400
BERT + 48 320 32 400
LSTM
MMF- 40 328 32 400
TSP
Lower
than zero
ARIMA 8 40 352 400

As can be seen in Table 5, MMF-TSP also
outperforms other unimodal and multimodal models on
the confusion matrix, indicating that MMF-TSP is able to
predict the different levels of electricity demand more
accurately with fewer misclassifications. In particular,
MMF-TSP increases the number of correct predictions as
high by 8, the number of correct predictions as medium by
8, and the number of correct predictions as low by 8
compared to the BERT + LSTM model, which indicates
that the feature fusion method of MMF-TSP is more
effective than that of the BERT + LSTM model, and is
able to better differentiate between the different classes.

Importance scores can be derived using feature
importance algorithms such as Random Forest. The
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temperature importance score of “0.25” indicates its
relative contribution to the electricity demand forecast.
These values have no specific unit of measurement and are
only relative comparisons. These features were chosen
because they may be related to electricity demand, such as
temperature affecting air conditioning use, which in turn
affects electricity consumption. “Previous hour
consumption” can be directly obtained by recording the
electricity usage in the previous hour. Clarifying these
allows readers to understand the role of the features in the
model.

“Actually high” can be defined as electricity demand
that is higher than 120% of the average demand in the
same period of the past year. This threshold is set by
comprehensively considering the load characteristics of
the power system and the fluctuation law of historical data.
For the original incorrect statement “Actually related to
China”, we corrected it to “Actually normal demand”, that
is, the electricity demand is in the range of 80% - 120% of
the average demand in the same period of the past year.
“Below zero” can be changed to “Actually abnormally
low”, which means that the electricity demand is lower
than 80% of the average demand in the same period of the
past year. This abnormally low value may be caused by
special holidays, major equipment failures and other
factors. When classifying actual values and forecast
values into corresponding categories, strictly follow these
clear thresholds for judgment. For example, when the
actual power demand is 150 MW, and the average demand
in the same period of the past year is 120 MW, 150 > 120
x 120%, then the actual value should be classified as
“Actually high”.

To gain insights into which features contribute most
to the predictive power of MMF-TSP, a feature
importance analysis was conducted. This analysis ranks
the input variables according to their relative influence on
MMF-TSP’s output, thereby providing a deeper
understanding of the underlying factors driving electricity
demand prediction.

Feature Importance Scores

Feature Name

Figure 3: Feature importance analysis
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As shown in Fig. 3. As indicated in Table 5,
temperature emerges as the most influential feature in
predicting electricity demand, followed closely by the day
of the week, highlighting the significant impact of weather
conditions and weekly usage patterns. The previous
hourly consumption suggests a strong temporal
dependency in energy usage, while seasonal changes and
holidays also play a noticeable role, affecting overall
demand levels. The lesser importance of time of day and
humidity implies that while they contribute to MMF-TSP,
their impact is relatively minor compared to other factors.

A sensitivity analysis was carried out to assess how
variations in key model parameters affect prediction
accuracy, ensuring robustness and reliability of the
proposed model.

Table 6: Sensitivity analysis

Base Variation RMSE R-
Parameter Squared
Value Range Impact
Impact
Learning 0.0005 - 0 0
Rate 0.001 0.002 +5.2% +2.8%
Dropout o5 01-03 +47%  +3.1%
Rate
LSTM 2 1-3 +3.9% +2.5%
Layers
Hidden o0 35 128  +45%  +3.2%
Units

Table 6 illustrates the sensitivity of MMF-TSP to
alterations in key hyperparameters. The learning rate, a
critical component in training dynamics, shows that
moderate adjustments can lead to noticeable changes in
both RMSE and R-Squared values, emphasizing the need
for careful tuning. Dropout rate, which helps prevent
overfitting, also exhibits sensitivity, suggesting that the
balance between regularization and retaining information
is crucial. Increases or decreases in LSTM layers and
hidden units, fundamental to the network’s complexity,
demonstrate direct correlations with prediction accuracy,
reflecting the trade-off between model capacity and
generalization. Overall, these findings underscore the
importance of meticulous parameter selection for
optimizing model performance.

In the sensitivity analysis (see Table 6), practitioners
need to consider multiple factors when faced with the
trade-offs of parameter values such as dropout rate and
learning rate. A higher learning rate can enable MMF-TSP
to quickly update parameters in the early stage of training,
but it is easy to skip the optimal solution, resulting in non-
convergence of MMF-TSP; while a lower learning rate
can ensure the stability of model updates, but the training
time will be greatly extended. For example, when the
learning rate is increased from 0.001 to 0.002, the RMSE
is affected by +5.2% and the R-Square changes by +2.8%,
indicating that MMF-TSP performance is sensitive to the
learning rate. For the dropout rate, it is mainly used to
prevent overfitting. When adjusted from 0.2 to 0.3, the
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RMSE fluctuates by +4.7% and the R-Square changes by
+3.1%, indicating that it also has a significant impact on
model performance. Practitioners should dynamically
adjust these parameters during model training by
observing the performance indicators on the validation set
to seek the best balance between model convergence
speed and preventing overfitting.

4.4 Discussion

To further validate the generalization capability and
versatility of the proposed Multi-modal Fusion Time
Series Prediction model (MMF-TSP), we expanded the
experimental scope to include two additional
representative datasets: traffic flow data from New York
City and weather forecasting coupled with energy
consumption data from the UK. These datasets
incorporate rich text descriptions (e.g., weather
conditions, event information) and numerical data (e.g.,
traffic counts, energy usage), providing a diversified
testing environment for MMF-TSP. Below is the design
and analysis of comparative experiments on these
datasets.

The New York City traffic flow dataset encompasses
hourly traffic flow records from major roads in NYC
between 2019 and 2020, accompanied by descriptions of
traffic events (such as construction or accidents), weather
conditions, and holiday indicators, totaling 10,080
records.

The UK weather forecast and energy consumption
dataset compiled daily average temperature, humidity,
wind speed, and other meteorological data, along with
household and commercial electricity consumption,
across different regions in the UK from 2017 to 2018,
amounting to 730 records, each containing detailed
meteorological descriptions and corresponding energy
usage.

Experiments on these additional datasets adhered to
the original experimental design principles, using the
same model architecture and hyperparameters (learning
rate of 0.001, batch size of 32, hidden layer dimension of
64, and training iterations of 50), ensuring consistency and
comparability of the results.

Table 7: Comparison of model performance on the new
york city traffic flow dataset

R_

Model RMS R Square MAP
E E

d
ARIMA 1250 2'76 0602 0.059
LSTM 1120 g'79 0633  0.054
BERT 1080 2'80 0657  0.051
EAER“LST 1040 2'82 0674  0.048
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R-
Model RMS R Square MAP
E E
d
ours 990 2'83 0695  0.045

Table 8 Comparison of Model Performance on the UK
Weather Forecast and Energy Consumption Dataset

R-

Model RMSE R Squared MAPE
ARIMA 150 0.80 0.64 0.065
LSTM 140 0.82 0.68 0.06
BERT 135 0.83 0.70 0.055
BERT+LSTM 130 084 0.71 0.053
Ours 125 0.85 0.73 0.051

Table 9: Confusion matrix results for MMF-TSP on the

UK Dataset
Predicte Predicte Predicte Tota
Model 4 pigh ¢ dlow |
g Medium
Actual
High 210 15 5 230
Actual
Mediu 10 300 20 330
m
Actual 20 305 330
Low

From Tables 7 and 8, it is evident that the results from
the two additional datasets further confirm the advantages
of the MMF-TSP model. In the New York City traffic flow
data, MMF-TSP, compared to BERT+LSTM, reduces
RMSE by 4.8%, increases R by 1.3%, improves R-
Squared by 2.1%, and decreases MAPE by 6.25%. The
experiment results from the UK weather forecast and
energy consumption data exhibit similar trends, indicating
that the MMF-TSP model can stably enhance prediction
performance across various scenarios, particularly in
reducing prediction errors and improving prediction
correlations.

As per Table 9, the confusion matrix analysis
(illustrated with UK data) demonstrates that MMF-TSP
achieves high accuracy in “Predicted High,” “Predicted
Medium,” and “Predicted Low” categories. Compared to
the baseline models, the number of correct predictions in
each category is increased, reiterating the efficacy of the
feature fusion strategy, especially in enhancing precision
for distinguishing among different prediction classes.
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The performance of the Multimodal Fusion Time
Series Prediction (MMF-TSP) model was evaluated on
two different datasets: the New York City Traffic Flow
dataset and the UK Weather Forecast and Energy
Consumption dataset. MMF-TSP outperforms traditional
models such as ARIMA and LSTM, and even outperforms
advanced models such as BERT and BERT+LSTM on
New York City traffic flow dataset. Specifically, the
MMF-TSP model has an RMSE of 990, R of 0.834, R
squared of 0.695, and MAPE of 0.045. These results show
that MMF-TSP models effectively utilize numerical and
textual data, produce more accurate predictions, and
account for a greater proportion of the variance in traffic
flow. The MMF-TSP model also leads the way on the UK
weather forecast and energy consumption dataset, with
RMSE of 125, R of 0.85, R squared of 0.73 and MAPE of
0.051. These metrics show that MMF-TSP is very
effective at processing complex multimodal time series
data, explaining more data variability and providing more
consistent predictions across different scenarios.

Furthermore, confusion matrix analysis of the UK
dataset showed that the MMF-TSP model performed well
in classifying different levels of energy consumption. It
shows a high number of true positives for days of high
energy consumption and a strong performance in the
“predicted low” category, with only a few false negatives.
While there were a certain number of false negatives in the
“medium prediction” category, the overall classification
accuracy indicated MMF-TSP’s ability to accurately
distinguish between different energy consumption levels.

Table 10: Ablation experiments on the New York City
traffic flow dataset

Model R-

Variant RMSE = R Squared MAPE
Full Model 990 0.834 0.695 0.045
who Textual 050 0818 0678  0.048
Data

w/o

Numerical 1100 0.785 0.629 0.053
Data

wlo Feature .0 0802 0663  0.051
Fusion

w/o Attention 1010 0.825 0.689 0.047
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Table 11: Ablation experiments on the UK weather
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. Model R-
forecast and energy consumption dataset Variant RMSE R Squared MAPE
MO(_jeI RMSE R R- MAPE Numerical
Variant Squared Data
Full Model 125 0.85 0.73 0.051
) ‘é"é gion':eat”re 130 0835 0715  0.053
w/o  Textual
135 0.825 0.705 0.055 .
Data w/o Attention 128 0.845 0.725 0.052
w/o 150 0.780 0.640 0.065
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Figure 4: Visualization Results

In the power demand forecasting model of this study,
ablation experiments are carried out to explore the specific
contributions of each component of “text data”,
“numerical data”, “feature fusion” and ‘“attention
mechanism” to the model performance. “Text data”
contains text information such as meteorological
descriptions and news information, which are converted
into features through natural language processing;
“numerical data” covers digital records such as power
consumption and temperature; “feature  fusion”
organically integrates the features of the two to give full
play to their respective advantages; “attention mechanism”
enables the model to dynamically focus on important
features. In the ablation experiment, these components are
removed separately. For example, if the text data is

removed, the model only predicts based on numerical data,
and the impact of text information on the prediction can
be evaluated; if feature fusion is removed, the model
processes two types of data separately to judge the role of
the fusion operation; if the attention mechanism is
cancelled, the model treats all features equally, and the
effectiveness of the mechanism in focusing on key
information is measured. By comparing the evaluation
indicators of the model under different ablation conditions,
such as root mean square error and determination
coefficient, the contribution of each component to the
model’s prediction accuracy, generalization ability, etc.
can be accurately measured, providing a strong basis for
the optimization and improvement of the model.
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As shown in Tables 10 and 11, the ablation
experiments on the Multi-modal Fusion Time Series
Prediction (MMF-TSP) model demonstrate the
importance of each component in contributing to MMF-
TSP’s overall performance. On the New York City traffic
flow dataset, removing textual data (w/o Textual Data)
resulted in an increase in RMSE from 990 to 1030, a
decrease in R from 0.834 to 0.818, and a drop in R-squared
from 0.695 to 0.678. Similarly, removing numerical data
(w/o Numerical Data) led to a significant decrease in
performance, with RMSE increasing to 1100, R
decreasing to 0.785, and R-squared dropping to 0.629.
Removing the feature fusion mechanism (w/o Feature
Fusion) caused a moderate increase in RMSE to 1070, a
decrease in R to 0.802, and a drop in R-squared to 0.663.
Lastly, removing the attention mechanism (w/o Attention)
resulted in a slight increase in RMSE to 1010, a decrease
in R to 0.825, and a drop in R-squared to 0.689.The
visualization results are shown in Fig. 4.

On the UK weather forecast and energy consumption
dataset, similar trends were observed. Removing textual
data (w/o Textual Data) increased RMSE from 125 to 135,
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decreased R to 0.825, and dropped R-squared to 0.705.
Removing numerical data (w/o Numerical Data) had a
more significant impact, with RMSE increasing to 150, R
decreasing to 0.780, and R-squared dropping to 0.640.
Removing the feature fusion mechanism (w/o Feature
Fusion) led to a moderate increase in RMSE to 130, a
decrease in R to 0.835, and a drop in R-squared to 0.715.
Finally, removing the attention mechanism (w/o
Attention) resulted in a slight increase in RMSE to 128, a
decrease in R t0 0.845, and a drop in R-squared to 0.725.

These ablation experiments highlight the critical role
of each component in the MMF-TSP model. Both textual
and numerical data, as well as the feature fusion and
attention mechanisms, are essential for MMF-TSP’s
superior performance. The full model consistently
outperforms the variants with components removed,
indicating the synergistic effect of all components
working together. These findings validate the design
choices made in the MMF-TSP model and support its
effectiveness in leveraging multi-modal data for time
series prediction.

Table 12: Long-term prediction performance analysis of the MMF-TSP model

Time Span (days) RMSE R R-Squared MAPE
7 105 0.86 0.74 0.052
30 110 0.83 0.69 0.056
90 120 0.80 0.64 0.060
180 135 0.78 0.61 0.064
365 150 0.75 0.56 0.070
Table 12 illustrates the long-term prediction predicting electricity demand in the next year, it is difficult

performance of the MMF-TSP model across different time
spans. As the prediction horizon increases, all evaluation
metrics show a gradual decline. Specifically, as the
prediction period extends from 7 days to 365 days, the
RMSE increases from 105 to 150, indicating a rise in
prediction error; the R value decreases from 0.86 to 0.75,
reflecting a weakening correlation between predicted and
actual values; R-Squared also drops from 0.74 to 0.56,
suggesting a reduced ability of MMF-TSP to explain the
variability in the data; and MAPE rises from 0.052 to
0.070, further confirming the decrease in prediction
accuracy. These results indicate that while the MMF-TSP
model performs well in short-term predictions, it faces
challenges in maintaining accuracy and stability over
longer time horizons.

As the forecast span increases (see Table 12), the
RMSE of the MMF-TSP model increases nonlinearly.
This is mainly because the uncertainty factors of time
series data increase in the long term. On the one hand,
future influencing factors become more complex and
difficult to accurately predict. For example, when

to accurately estimate the combined impact of future
climate change, changes in social and economic activities,
etc. on electricity demand. On the other hand, when MMF-
TSP processes long-term series, errors will gradually
accumulate. The patterns learned by MMF-TSP based on
historical data may no longer be fully applicable in long-
term forecasts, resulting in increasing forecast errors. In
addition, as the time span lengthens, the impact of noise
and outliers in the data on the forecast results will also be
amplified, causing the RMSE value to show a nonlinear
growth trend.

Compared with the methods in the latest literature, our
multimodal fusion time series prediction model (MMF-
TSP) shows superior performance on the New York City
traffic flow dataset and the UK weather forecast and
energy consumption dataset. By integrating text and
numerical data and adopting feature fusion and attention
mechanisms, MMF-TSP not only reduces the prediction
error (such as RMSE) and improves the relevance
indicators (such as R and R-Squared), but also maintains
high consistency and accuracy in different scenarios. In
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addition, ablation experiments further confirm the
importance of each component to the overall performance.
These results show that compared with the methods
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proposed in the literature, MMF-TSP can handle complex
time series data more effectively and provide more
accurate and reliable predictions.

Table 13: Comparison of model performance and characteristics

Model RMSE (California R (California R - Squared (California
Electricity Demand) Electricity Demand) Electricity Demand)

BERT +

LSTM 1012 0.851 0.851

ARIMA 1234 0.789 0.662

MMF -

TSP 948 0.872 0.760

Table 13 provides a side - by - side comparison of the
performance and characteristics of three key models in the
context of the California electricity demand dataset. The
RMSE, R, and R - Squared values offer a numerical
assessment of MMF-TSPs’ prediction accuracy and
goodness - of - fit. The “Advantages” column highlights
the positive aspects of each model, such as the
combination of text and sequence processing in BERT +
LSTM, the simplicity and familiarity of ARIMA in time
series analysis, and the effective multimodal fusion in
MMF - TSP. The “Disadvantages” column, on the other
hand, points out the limitations of each model, including
the high complexity and sub - optimal performance in
some areas for BERT + LSTM, the inefficiency in
handling multimodal data for ARIMA, and the potential
overfitting issue in short datasets for MMF - TSP. This
comparison helps in clearly visualizing the relative
strengths and weaknesses of these models, enabling a
more informed discussion about the performance of the
proposed MMF - TSP model in relation to the state - of -
the - art models.

In the Results section, while the relative
improvements of the MMF - TSP model over baseline
models have been presented, the statistical significance of
these differences is crucial for a more robust conclusion.
To address this, we conducted a paired t - test to compare
the performance of the MMF - TSP model with baseline
models such as ARIMA, LSTM, BERT, and BERT +
LSTM. The null hypothesis for each comparison was that
there is no significant difference in the performance (e.g.,
RMSE values) between the MMF - TSP model and the
respective baseline model.

For the electricity demand prediction task, when
comparing the RMSE values of the MMF - TSP model and
the BERT + LSTM model, the paired t - test yielded a p -
value of less than 0.05. This indicates that the difference
in RMSE between the two models is statistically
significant at the 5% significance level, providing strong

evidence that the MMF - TSP model indeed outperforms
the BERT + LSTM model. Similarly, for other baseline
models, the p - values obtained from the paired t - tests
were also below the commonly accepted significance
thresholds, further validating the superiority of the MMF
- TSP model in terms of prediction accuracy.

When MMF-TSP is extended to larger data sets or
other modalities such as images and audio, many
challenges arise. When processing larger data sets, the
demand for computing resources increases dramatically.
During MMF-TSP training process, whether it is text data
encoding, numerical data encoding, or multimodal feature
fusion, a large amount of memory and computing time are
required to process massive amounts of data, which places
higher demands on hardware devices. For expansion to
image and audio modalities, the first problem is data
format and feature extraction. Feature extraction of image
data requires a specialized convolutional neural network
architecture, such as the VGG model that extracts rich
visual features from raw pixel data, but the features of
different types of images vary greatly, and how to
effectively fuse image features with text and numerical
features is a challenge. The same is true for audio data,
which contains complex information such as frequency
and duration. How to integrate audio features into the
existing model framework and achieve effective
multimodal fusion is an urgent problem to be solved
during the expansion process.

5 Conclusions

This paper presents an innovative multimodal fusion
time series forecasting model that skillfully combines the
complementary advantages of textual and numerical data,
aiming to significantly improve the accuracy and
reliability of time series forecasting tasks. The core
contributions and technological innovations of the article
are reflected in the following key points: (1) A
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comprehensive and unique multimodal fusion network
framework is constructed, which consists of four closely
collaborative parts: first, efficient coding techniques, such
as the pre-trained BERT model, are adopted for text data
to capture deep semantic features; second, after text
feature extraction is completed, a specially designed text
feature Secondly, after the textual feature extraction, a
specially designed textual feature fusion mechanism is
used to realize the effective integration of textual
information of different dimensions; then, advanced
sequence modeling methods such as temporal
convolutional network (TCNs) are used to encode the
numerical time-series data; and finally, a multimodal
feature fusion layer is used to organically combine the
high-level features from textual and numerical modalities
to form a unified and rich representation for subsequent
time-series prediction. (3) In MMF-TSP construction
process, not only the powerful natural language
understanding capability of the BERT model is utilized,
but also a temporal convolutional network (TCN) is
introduced to capture the long-term dependencies in the
numerical time series. At the same time, the global
attention mechanism is utilized to achieve dynamic
weighting of important information in each modality,
ensuring that MMF-TSP can focus on the features that
have the greatest impact on the prediction results. In
addition, the design concept of Residual Connection in the
field of deep learning is borrowed to reduce the learning
difficulty of MMF-TSP and enhance the efficiency of
feature propagation, thus effectively controlling MMF-
TSP complexity and the demand of computational
resources while improving MMF-TSP expression ability
and generalization performance.

In summary, the multimodal fusion time series
forecasting model proposed in this paper is a breakthrough
in both theory and practice, which successfully solves the
limitations of the traditional single-modal forecasting, and
improves the prediction accuracy and robustness of MMF-
TSP in various real-world scenarios through the well-
designed fusion strategy and technology application,
which opens up a new avenue for the future research and
application of multimodal data-driven time series
forecasting.
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