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Abstract. With the rapid development of the Internet and the popularity of social me-
dia, college students’ thoughts and public opinions have become more complex and diverse.
Traditional public opinion analysis methods are difficult to fully capture and understand
this complexity. This article constructs a multimodal complexity analysis model that com-
bines time-domain convolutional networks with composite hierarchical fusion. The model
adopts a composite hierarchical fusion mechanism. First, the three modal information
of video, audio and text is dimensionally balanced, and mapped to the same dimensional
space. Then, two-by-two fusion between different modes is performed to obtain three
sets of dual-mode features. Finally, a feature matrix rich in multimodal information is
obtained by fusing the three sets of dual-mode features. A residual operation is used to
composite the original single-mode feature information and the three-mode information
to obtain a multimodal feature matrix that is ultimately used for emotional orientation
analysis. After each fusion, the time-domain convolution network is used to process its
features, and finally, the soft attention mechanism is used to filter noise and redundant
information, further improving the accuracy of the model. The experimental results show
that the model is more accurate than traditional machine learning methods and provides
valuable information for public opinion management.
Keywords: multimodal; deep learning; sentiment analysis

1. Introduction. In the digital era, the development of the Internet and social media
has greatly changed the way of information dissemination. As the most dynamic and
creative group in society, college students are increasingly expressing their thoughts and
opinions through online platforms. The diversity and immediacy of this information ex-
change make the ideological and public opinion of college students complex and varied,
filled with rich emotions and perspectives. How to effectively capture, analyze, and un-
derstand this complex public opinion information has become an important issue that
urgently needs to be addressed in both academic and practical fields [1, 2]. Traditional
public opinion analysis methods, such as Support Vector Machine (SVM), Random Forest
(RF), Naive Bayes Classifier (NBC), and Gaussian Mixture Model (GMM), mainly rely
on single text data and are difficult to handle complex public opinion data containing
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multimodal information such as video and audio [3, 4]. These methods have significant
shortcomings in dealing with the diversity and complexity of data, making it difficult to
comprehensively and accurately analyze the emotional tendencies and dissemination pat-
terns of college students’ online public opinion. To address this issue, this paper proposes
a multimodal complexity analysis model based on time-domain convolutional networks
combined with composite hierarchical fusion. This model innovatively adopts a com-
posite hierarchical fusion mechanism. Firstly, the information of video, audio, and text
modalities is dimensionally balanced and mapped to the same dimensional space. Then,
pairwise fusion between different modalities is performed to obtain three sets of bimodal
features. These bimodal features are further fused to generate a feature matrix rich in
multimodal information. Finally, the residual operation is used to fuse the original single
mode feature information and the three mode information, and the multi-mode feature
matrix for emotional orientation analysis is obtained. After each fusion, the model uses
a time- domain convolutional network for feature processing, and finally applies a soft
attention mechanism to filter out noise and redundant information, thereby improving
the accuracy of the model. The experimental results show that the model exhibits higher
accuracy than traditional methods when dealing with complex multimodal data. This
study not only provides more effective tools for public opinion management, but also of-
fers new ideas and methods for the development of multimodal data analysis technology
in the future. The following chapters will provide a detailed introduction to the model
construction, experimental process, and result analysis of this study. Firstly, a detailed
introduction will be given to the relevant theoretical techniques involved in this article,
mainly focusing on the TCN and attention mechanism proposed in the article. Then,
based on the theoretical foundation of deep learning methods, multimodal tasks were
studied. Finally, the model was applied to analyze the complexity of college students’
online ideological and public opinion, and the effectiveness of the proposed method was
demonstrated through experiments.

1.1. Related work. Text is the modal feature that best expresses a person’s mental
state, as it can directly express emotional states through words. Early text analysis
mainly relied on modern computer technology to extract subjective texts with emotional
colors and analyze them. The current mainstream text sentiment analysis is based on
deep learning technology for analysis and research. Speech sentiment analysis is a tech-
nology that studies human speech expression and its automatic recognition. In recent
years, with the rapid development of speech technology and artificial intelligence technol-
ogy, speech analysis has gradually become a popular research field. The current research
status of speech analysis mainly includes the following aspects: (1) Dataset establishment:
Research on speech analysis requires a large amount of speech data and emotional anno-
tation. To address this issue, many researchers have started building their own speech
datasets, such as IEMOCAP [5], Emo DB, RAVDESS [6], and so on. (2) Feature ex-
traction: Feature extraction is an important step in speech analysis, aimed at extracting
relevant features from speech signals. The commonly used feature extraction methods cur-
rently include MFCC, LPCC, Prosody, etc. (3) Recognition model: Recognition model is
the core of speech analysis, and commonly used recognition models include SVM, decision
tree, random forest, deep learning, etc. In recent years, research based on neural networks
and deep learning algorithms has emerged in the field of speech analysis [7, 8]. The in-
troduction and optimization of these algorithms not only improve the accuracy of speech
recognition, but also make complexity analysis techniques perform better in practical ap-
plications. Image sentiment analysis refers to the recognition and analysis of emotions
expressed in images through computer vision technology and machine learning algorithms.
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The research in this field is mainly divided into two directions: one is emotion recogni-
tion, which identifies emotions expressed in images through image analysis; The second
is emotion generation, which uses algorithms to generate images that conform to specific
emotions. In recent years, research on image sentiment analysis has received widespread
attention and in-depth exploration. The current mainstream image sentiment analysis
methods include feature extraction based and deep learning based methods. Feature ex-
traction based methods typically use manually designed features such as color, texture,
shape, etc., which can reflect the emotional information contained in the image. And
deep learning based methods usually use models such as Convolutional Neural Networks
(CNN) to extract image features using their automatic learning ability, thereby achieving
emotion recognition. In recent years, there have been many research advances in the field
of image sentiment analysis both domestically and internationally. With the widespread
application of deep learning algorithms, research in this field has gradually shifted from
manual feature extraction methods to deep learning methods. Foreign researchers are
leading in this area, mainly using convolutional neural networks for feature extraction
and combining them with other deep learning algorithms for sentiment classification. For
example, researchers at MIT in the United States [9] have implemented image sentiment
classification using convolutional neural networks and recurrent neural networks (RNNs).
Although significant progress has been made in some aspects of image sentiment analysis,
it still has some limitations and challenges. Firstly, the interpretability of image senti-
ment analysis remains a challenge. Due to the black box nature of deep learning models,
it is difficult to understand how the model produces prediction results. This uncertainty
makes it difficult for researchers to determine how the model extracts emotional features
from images and makes decisions, thereby reducing the credibility and reliability of the
model [10]. Secondly, existing image sentiment datasets may have annotation errors and
biases, which can affect the accuracy and generalization ability of the model. In addi-
tion, as emotions are subjective experiences, different people may have different emotional
expressions towards the same image, which further increases the difficulty of data annota-
tion. Thirdly, image sentiment analysis faces challenges across modalities and languages.
Due to the fact that image sentiment analysis typically relies on text annotation and
semantic understanding, there may be issues when dealing with cross linguistic and cross
modal situations. In addition, image sentiment analysis also needs to consider the differ-
ences in culture and context in order to better understand and express emotions in images.
Finally, due to the rapid development of computer vision and natural language process-
ing, new technologies and algorithms continue to emerge, so image sentiment analysis
needs to be constantly updated and improved to maintain its leading position in this field
[11]. Multimodal sentiment analysis refers to the research field that utilizes multiple data
sources (such as text, images, audio, video, etc.) to identify and analyze human emotional
states. This sentiment analysis method can provide a more comprehensive understanding
of human emotions, as different data sources can provide different information, thus com-
plementing and enriching the results of sentiment analysis. Human emotional expression
is complex and multidimensional. In communication, people not only use language and
text, but also express emotional information through various ways such as changes in
voice tone, facial expressions, and body movements. These media resources can serve as
a basis for judging the current emotional state. Therefore, researchers gradually realized
the limitations of analyzing emotional information through a single medium and began
to integrate other media resources such as speech, audio, etc. into emotional analysis,
developing research directions for multimodal emotional analysis [12]. Multimodal senti-
ment analysis not only improves the accuracy and precision of sentiment analysis, but also
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enables a more comprehensive understanding and recognition of the diversity and com-
plexity of human emotional expression. Therefore, more and more researchers are paying
attention to the study of multimodal sentiment analysis, which refers to the research field
that uses multiple data sources (such as text, images, audio, video, etc.) to identify and
analyze human emotional states. This sentiment analysis method can provide a more
comprehensive understanding of human emotions, as different data sources can provide
different information, thus complementing and enriching the results of sentiment analysis.
Human emotional expression is complex and multidimensional. In communication, people
not only use language and text, but also express emotional information through various
means such as changes in voice tone, facial expressions, and body movements. These
media resources can serve as a basis for judging the current emotional state. Therefore,
researchers gradually realized the limitations of analyzing emotional information through
a single medium and began to integrate other media resources such as speech, audio, etc.
into emotional analysis, developing a research direction of multimodal emotional analysis.
Multimodal sentiment analysis not only improves the accuracy and precision of sentiment
analysis, but also enables a more comprehensive understanding and recognition of the
diversity and complexity of human emotional expression [13]. Therefore, more and more
researchers are paying attention to the research of multimodal sentiment analysis, such
as image classification, object detection, natural language processing, etc. [14, 15]. In
summary, with the continuous deepening of artificial intelligence research, multimodal
sentiment analysis has also made tremendous progress. However, how to effectively uti-
lize the interaction between single modal features and multimodal features for modeling is
still the main problem faced by multimodal sentiment analysis. This article fully utilizes
existing deep learning techniques to address the shortcomings of current multimodal sen-
timent analysis tasks, proposes corresponding solutions, and uses this model to analyze
the complexity of college students’ online ideological and public opinion, demonstrating
the effectiveness of the proposed method.

1.2. Contribution. In response to the inability of traditional sentiment analysis meth-
ods to solve the complexity analysis problem of college students’ online thoughts and
public opinion, as well as the low accuracy and poor interaction between different modal
information of existing multimodal sentiment analysis methods, a composite hierarchical
fusion multimodal sentiment analysis model based on Temporal Convolutional Network
(TCN) [16] was proposed through research on multimodal sentiment analysis methods.
The main contributions are as follows: (1) In the process of multimodal emotional fea-
ture information fusion, the composite hierarchical fusion method is used. The individual
modal information is fused in pairs to obtain three bimodal feature information, and the
three bimodal information are fused with each other to obtain a feature matrix sequence
containing three modal information. Finally, the similar residual connection method is
used to fuse the above multimodal emotional information and three single-mode emotional
information, so as to obtain a feature matrix with multimodal emotional feature informa-
tion and strong interaction between different modes. (2) By utilizing the characteristics
of dilated convolution and causal convolution in TCN networks, different modal feature
information and the temporal features hidden behind the fused multimodal feature in-
formation are extracted. The obtained emotional feature information at different times
is input into the TCN network layer for training, in order to avoid gradient vanishing or
exploding caused by traditional RNN networks and solve context dependency problems.
Add a soft attention mechanism at the end of the model. The purpose is to filter out
redundant information noise and make the final analysis more accurate. (3) Multiple sets
of experiments were conducted on the dataset to validate the fusion methods and overall
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model construction between different modalities mentioned above. Based on the experi-
mental results, the model was optimized to evaluate the effectiveness of the multimodal
feature fusion model and the accuracy of college students’ online ideological and public
opinion analysis.

2. Theoretical analysis.

2.1. Multimodal feature fusion. Multimodal feature fusion refers to the process of in-
tegrating information from different modalities to obtain more complete and rich feature
representations. The commonly used multimodal feature fusion methods include Feature
Fusion, Decision Fusion, and Multi Channel Fusion. Feature fusion, also known as early
fusion, refers to the fusion of multi-level features at an early stage, and then training
a predictor on the fused features [17, 18]. Compared to traditional single-layer fusion
methods, early fusion can better capture the interaction relationships between complex
multi-level features, thereby improving prediction accuracy. Late fusion refers to first
extracting and classifying individual features for each modality, and then fusing the clas-
sification results of each modality. This approach typically requires designing different
models for each modality and aligning data between modalities for feature fusion and
classifier training. Multi channel fusion: Multi channel fusion refers to the training of
neural networks by inputting features from different modalities as different channels, in
order to fully utilize the correlations between multimodal data. Multi channel fusion is
more flexible compared to early fusion and late fusion, and can also effectively avoid the
problem of excessive modal influence.

2.2. Time domain convolutional network. TCN is a neural network structure based
on CNN convolutional neural network, specifically designed for processing temporal data.
Time domain convolutional networks are similar to traditional convolutional neural net-
works, consisting of convolutional layers, pooling layers, and activation functions [19].
But the convolution kernel size in time-domain convolutional networks is one-dimensional
(i.e. convolving in the time dimension), and the same convolution kernel is used at each
time step. This makes time-domain convolutional networks have good local correlation
and translation invariance when processing temporal data. Each convolutional layer in a
time-domain convolutional network can be seen as a certain degree of downsampling and
upsampling of temporal data, in order to better learn long-range dependencies in time
series. Moreover, in time-domain convolutional networks, information between different
convolutional layers can be effectively transmitted and communicated, thereby further
enhancing the network’s ability to model temporal data. Compared to traditional recur-
rent neural networks and long short-term memory networks, time-domain convolutional
networks have faster training speed and lower computational complexity [20]. In addi-
tion, time-domain convolutional networks can also accelerate the training and inference
process through parallel computing. Time domain convolutional networks have been ap-
plied in various temporal data analysis tasks, including natural language processing, audio
processing, and bioinformatics

(1) TCN network structure.
TCN mainly adopts two structures: causal convolution and dilated convolution.

Causal convolution: Causal convolution is a convolution operation in convolutional
neural networks that takes into account the temporal causal relationships of time-series
data. Unlike traditional convolution operations, causal convolution only allows convolu-
tion kernels to perform convolution from past to current time steps, and does not allow
convolution kernels to perform convolution from current time steps to future time steps.
The advantage of this design is that it can avoid the influence of future information on
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the current prediction results, ensuring the causality of the model. Therefore, causal con-
volution has certain advantages in processing time series data. Taking natural language
processing as an example, if you want to predict the sentiment polarity of a word, only the
preceding words can affect the sentiment of the current word, while the following words
will not affect the current word. That is, it can only be calculated through the current
input xt and the previous input x1, x2, . . . , xt−1, which is a strict time constrained model
and is therefore called causal convolution. The calculation formula is as follows:

P (x) =
T∏
t=1

p(xt | x1, x2, . . . , xt−1) (1)

Dilated convolution: Dilated convolution, also known as atrous convolution, is a widely
used operation in convolutional neural networks. It is a way to modify convolutional
kernels by increasing their receptive field without increasing the number of parameters.
Traditional convolution operations perform sliding window operations on the input tensor
with a fixed step size, while dilated convolution adds some holes to the convolution kernel
to increase the number of sampling points inside the kernel. These holes can be understood
as adding some spacing on the input tensor, which is called dilation rate. When the
dilation rate is 1, it is a traditional convolution. Dilated convolution involves inserting
zero values in the middle of the convolution kernel to expand its receptive field and
increase the number of sampling points in the input tensor. Dilated convolution can handle
larger input tensors and preserve more original input information, making it suitable for
tasks that require global information. For example, in image segmentation tasks, it is
necessary to consider both global and local information simultaneously. In this case,
dilated convolution can be used to extract a larger range of features. Unlike traditional
convolution, dilated convolution allows for input skip sampling during convolution, i.e.
using different sampling rates. The sampling rate of dilated convolution is controlled by
parameter d, and the bottom sampling rate is 1, indicating that each point is sampled;
The sampling rate of the middle layer is 2, which means that every 2 points, 1 point is
sampled as input. As the number of layers increases, the size of the sampling rate also
gradually increases. Therefore, the effective window size of dilated convolution increases
exponentially with the number of layers, allowing the convolutional network to obtain a
large receptive field with a small number of layers. In this way, convolutional networks
can achieve efficient feature extraction with fewer layers.

(2) Residual connection.
Residual connections can alleviate the phenomenon of gradient vanishing or exploding
to a certain extent, while TCN network structures can avoid this phenomenon through
simple residual connections. The specific approach is to sum the input x and its non-
linear mapped G(x) to avoid the impact on the gradient caused by the increasing number
of network layers. The dilation and causal convolution module adopted in this article
normalizes the parameter hierarchy Hi-norm(·) after each dilation convolution calculation
Conv(·), uses ReLU as the activation function for nonlinear calculation, and sums the
results with the input to achieve residual parameter connection. The calculation formula
is as follows:

R = x+G(x) (2)

Ti = Conv(Wi × Fj + bi) (3)

{T0, T1, . . . , Tn} = Hi-norm({T0, T1, . . . , Tn}) (4)

{T0, T1, . . . , Tn} = ReLU({T0, T1, . . . , Tn}) (5)
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where Ti is the state value obtained by convolution calculation at time i; Wi is the
matrix of words computed by convolution at time i; Fj is the convolution kernel of the
j-th layer; bi is the bias matrix; {T0, T1, . . . , Tn} is the encoding of the sequence after a
complete convolution calculation. The TCN network layer expands the receptive field of
convolution by stacking multiple dilated causal convolutional layers. A larger receptive
field can obtain more complete sequence features, enabling the fused features to extract
deeper semantic information. And enhance the information interaction between different
modalities during the gradual fusion and extraction process, ultimately improving the
overall performance of the model.

2.3. Attention mechanism. The background of attention mechanism can be traced
back to early research on face detection and recognition. In these tasks, people need to
track faces in images and recognize them. To solve this problem, people need to find the
most important face in the image and perform special processing on it. This problem can
be transformed into how computers find attention centers in images. Attention mechanism
is a core technology in machine learning, initially introduced in machine translation. In
addition, it can also be used for tasks such as image classification and object detection, as
it can find the most important objects in the image, thereby improving the accuracy of the
model. In the field of computer vision, attention mechanisms have been widely applied
[21]. For example, in image classification tasks, attention mechanisms can be used to
enhance the visibility of the most important objects in the image, thereby improving the
accuracy of the model. In addition, in object detection tasks, attention mechanisms can
be used to find the most important targets in the image, thereby improving the accuracy
of the model. In natural language processing tasks, attention mechanisms have also
demonstrated their powerful effects. They can mimic the core idea that a certain word or
phrase is the whole when people are reading or speaking, extract more useful information
from large amounts of data, and automatically ignore unimportant information. In deep
learning, attention mechanisms are mainly divided into two types: hard attention and soft
attention. Hard attention refers to directly weighting a portion of input data to obtain
an output result. This method usually requires manual parameter setting or training
using reinforcement learning and other methods. Soft attention, on the other hand,
calculates the weight distribution of all input data parts to obtain the output result.
This method is usually implemented using the softmax function, which can automatically
learn the weight of each input data. In text classification tasks, attention mechanisms can
help models distinguish and classify different parts of text content. For example, for a
sentence, attention mechanisms can be used to determine which words are more important
for classification, thereby improving the accuracy of the model. Meanwhile, in machine
translation tasks, attention mechanisms can help models model the relationship between
source language and target language, improving translation quality. In short, attention
mechanisms play an important role in deep learning. By focusing on key information, the
performance and accuracy of the model can be improved, and it can also help the model
process and classify complex input data more accurately [22].

3. A Multimodal analysis model for the complexity of college students’ net-
work ideology and public opinion.

3.1. Composite hierarchical fusion. Dual modal fusion: For the fusion of different
modal information, the single modal information is first fused pairwise. After pairwise
fusion of the single modal information, three bimodal information are obtained, namely
T+V (text+video), T+A (text+audio), and A+V (audio+video). The fusion process is
shown in Figure 1.
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Figure 1. Diagram of bimodal information fusion

Three mode fusion: fuse the three bimodal eigenvectors obtained in the previous step
to obtain a three mode eigenvector T+V+A, as shown in Figure 2.

 

              

               

            

                              

               

               

              

              

     

Figure 2. Diagram of trimodal information fusion

Composite fusion: on the basis of three modes of fusion, a structure similar to the
residual network is used for composite level fusion, and its structure is shown in Figure 3.
Experiments show that the fusion method using the composite level model can ultimately
achieve better results in emotion classification.

3.2. Multi modal feature information fusion process. The overall structure of mul-
timodal data fusion proposed in this article is shown in Figure 2, and the single modal
sentiment feature vector is represented by the following entries, with the formula as fol-
lows:

fA ∈ RN×dA (6)

fT ∈ RN×dT (7)

fV ∈ RN×dV (8)

The following terms are used to represent the single modal emotional feature vector.
The formula is as follows: fA, fT and fV respectively represent the visual, textual, and
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Figure 3. Diagram of hierarchical fusion

audio single modal feature information, and N is the maximum length of speech in the
video. For shorter videos, use empty vectors of corresponding length to fill them with
virtual discourse; For longer videos, perform corresponding cropping operations. In this
article, N = 50. dA, dT and dV respectively represent the feature dimensions of their
corresponding modalities.

Single modal features fA, fT and fV have different dimensional features dA ̸= dT ̸= dV ,
and before performing feature information fusion, they need to be mapped to the same
dimension. In this model, it is mapped to DA = DT = DV = D, DA, DT , DV , which are
the dimensions of the mapped single modal feature vectors such as video, text, audio, etc.
After multiple experiments, it is found that the performance of the model is best when
D = 350. The calculation process is shown in the following equation:

FA = ReLU(fAWA + bA) (9)

FT = ReLU(fTWT + bT ) (10)

FV = ReLU(fVWV + bV ) (11)

where W ∈ RdA×D, b ∈ RD, W ∈ RdV ×D, W ∈ RdT×D, b ∈ RD, finally obtained
FA,FT ,FV ∈ RN×D.

The three single modal feature information FA,FT and FV obtained above are used as
inputs for the TCN network layer to extract single modal sequence features. The TCN
network layer has been described in detail in Section 2.2 of this paper, and the calculation
formula is as follows:

GA = TCN(FA) (12)

GT = TCN(FT ) (13)

GV = TCN(FV ) (14)

In order not to change the dimension of its output feature vector, the model also
sets the number of output channels at the end of the TCN network layer to D. The
dimension of the feature vector after passing through the TCN network layer is still
GA,GT ,GV ∈ RN×D. From the above steps, the single modal feature information of
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audio, video, and text can be obtained. Next, the dual modal information fusion operation
is performed, and the calculation formula is as follows:

fV A = ReLU([GA ⊕GV ] ·WV A + bV A) (15)

fV T = ReLU([GT ⊕GV ] ·WV T + bV T ) (16)

fTA = ReLU([GT ⊕GA] ·WTA + bTA) (17)

where “·” represents matrix multiplication, “⊕” represents concatenation of two matri-
ces, WV A,WV T ,WTA ∈ R2D×D, and bV A, bV T , bTA ∈ RN×D. The model first concatenates
two unimodal feature matrices, and then performs dimensionality reduction on the fea-
tures. Finally, three bimodal feature matrices fV A, fV T , fTA ∈ RN×D can be obtained.
The obtained three bimodal feature matrices will be fed back into the TCN network

layer as inputs for bimodal sequence feature extraction. The calculation formula is as
follows:

FV A = TCN(fV A) (18)

FV T = TCN(fV T ) (19)

FTA = TCN(fTA) (20)

Similarly, the dimension of the feature vector information after passing through the
TCN network layer is still FV A,FV T ,FTA ∈ RN×D. Then use the same method to do
three mode feature fusion. The fusion process is similar to that of dual mode fusion. The
calculation formula is as follows:

fV AT = ReLU([FV A ⊕ FV T ⊕ FTA] ·WTV A + bTV A) (21)

where WTV A ∈ R3D×D and bTV A ∈ RN×D, then take the fused three modal emotional
features as the input of TCN network layer, and the calculation formula is as follows:

FTAV = TCN(fTAV ) (22)

Finally, the composite level fusion is carried out, and the obtained three mode emotional
feature FTAV and single mode emotional feature GA,GT and GV are fused to obtain
multimodal emotional feature vector. The calculation formula is as follows:

GTAV = ReLU([FTAV ⊕GA ⊕GT ⊕GV ] ·Wm + bk) (23)

In this model, a soft attention mechanism is used to input the obtained multimodal
emotion feature vectors into the soft attention mechanism layer. The Softmax function
is used to calculate the attention distribution matrix, and then the obtained attention
distribution matrix is multiplied with the multimodal feature fusion matrix to obtain the
final weighted multimodal feature matrix for the output of the final emotion classification
result. The specific calculation process is as follows, and the calculation formula is as
follows:

U = tanh(GTAVW1) ·W2 (24)

att = softmax(U) (25)

Fscored = GTAV ⊗ att (26)
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where, Fscored ∈ RN×D is the feature matrix obtained through the soft attention mecha-
nism. W1 ∈ RD×D, W2 ∈ RD×1 are weight matrices, “·” represents matrix multiplication,
and “⊗” represents matrix element wise multiplication. This article ultimately uses mul-
timodal emotional feature Fscored as the final for complexity analysis.

The model proposed in this article adopts a composite fusion method combined with
TCN and soft attention mechanism. In the fusion process from single modal to dual
modal and finally to the composite modal, multiple fusion extractions are performed, and
after each fusion, the three modal information is tightly combined through the same TCN
network, continuously improving the interactivity between different modal information in
this process. All the obtained multimodal feature vectors are fed into the Soft attention
mechanism for final filtering of redundancy and noise. During the processing of the
attention mechanism, weak correlations can be weakened and strong correlations can be
strengthened, thereby enhancing the interactivity between modal information.

4. Experiment.

4.1. Experimental data. During the period from January 1, 2023 to June 30, 2023,
use web crawlers on the aforementioned social media platforms with keywords such as
”university, doctoral student, deferred graduation, and paper publication”. A total of
74330 samples were obtained, including 21556 microblog samples, 18583 WeChat sam-
ples, 15609 Tiktok samples, 7433 Zhihu samples and 11149 today’s headlines samples.
For the video text features (Text) in this article, transcription is first performed, and only
Chinese transcription is used here. Add two unique markers to each transcript during
transcription to indicate the beginning and end. Then, pre trained Chinese BERTbase
word embeddings are used to obtain word vectors from the transcript. It is worth not-
ing that due to the characteristics of BERT, this chapter did not use word segmentation
tools. In the end, each word is represented as a 768-dimensional word vector dt=768. For
the acoustic features (Audio) in the video, use the LibROSA speech toolkit to extract
22050Hz acoustic features with default parameters. Obtain 74 dimensional acoustic fea-
tures da=74 in the MOSEI dataset. Extract visual features from the video at a frequency
of 30Hz. Extract frames from the clip. This article uses the Multi Task Convolutional
Neural Network (MTCNN) algorithm to extract aligned faces, and uses the MultiComp
OpenFace2.0 toolkit to extract a collection of 68 facial landmarks, 17 facial action units,
head posture, head direction, and eye gaze. Finally, 35 dimensional visual features with
dv=35 were obtained in the MOSEI dataset. The ratio of dataset to test set to vali-
dation is set to 8:1:1, as shown in Table 1. Positive samples indicate public support or
agreement, such as support for lifting strict restrictions on doctoral students publishing
papers, appropriately relaxing journal requirements for publishing papers, and placing
greater emphasis on the viewpoints presented in the paper rather than the authors. Neg-
ative samples indicate opposition or denial of petitioners’ views on public opinion, such as
questioning why petitioners should seek special treatment with lower standards because
others can complete their work on time. These samples are used for model training.

Table 1. Dataset

Data set Positive samples Negative samples Total samples
Training set 26623 32843 59466
Validation set 3327 4105 7432
Test set 3327 4105 7432
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4.2. Evaluating indicator. To quantitatively describe the effectiveness of the model,
accuracy and F1 score are used to evaluate the performance of sentiment classification.
Precision refers to the ratio of the number of correctly classified samples in a category to
the total number of samples in that category; The F1 value is the weighted average of
precision and recall, and is a comprehensive indicator for judging the performance of a
classifier. The accuracy and F1 value are calculated as follows:

P =
TP

TP + FP
(27)

F1 =
2× P ×R

P +R
(28)

The confusion matrix is the foundation of various evaluation indicators, and the cal-
culation of all evaluation indicators revolves around the confusion matrix. According to
the confusion matrix, four indicator values can be obtained, among which TP is the true
example, that is, the actual number of positive samples predicted as positive samples;
FP is a false positive example, which refers to the number of negative samples that are
actually predicted as positive samples.

4.3. Comparison of experimental results. In this section, P and F1 represent the
accuracy and F1 score of the model in sentiment classification, respectively. The experi-
mental comparison results of different models are shown in Table 2:

Table 2. Experimental comparison results of different models

Method P F1
EF-LSTM 77.84 78.34
TFN 78.50 78.96
LMF 80.54 80.94
MFN 78.94 79.55
MULT 81.15 81.56
MISA 82.67 82.12
TCN-CHF 84.12 84.46

 

Figure 4. Comparison results of accuracy of different models
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Figure 5. Comparison results of F1 score of different models

The experimental results in Figure 4 and Figure 5 demonstrate that the TCN-CHF
model proposed in this paper performs better than other compared models, with an accu-
racy of 6.28 percentage points and an F1 score 6.12 percentage points higher than other
models in sentiment classification. Especially compared to the advanced MISA model,
the TCN-CHF model has improved accuracy by 1.45 percentage points and F1 score by
2.34 percentage points. This fully demonstrates the effectiveness and progressiveness of
TCN-CHF model in multimodal emotion classification tasks.

5. Conclusion. This paper proposes a multimodal complexity analysis model combining
time- domain convolutional network and composite hierarchical fusion mechanism, aim-
ing to deal with the complexity and diversity of college students’ ideological and public
opinion under the Internet and social media environment. By balancing the dimensions
of video, audio, and text modalities and fusing them pairwise, this model constructs a
feature matrix rich in multimodal information for sentiment analysis. The use of residual
operations and soft attention mechanisms further improves the model’s ability to han-
dle noise and redundant information. The experimental results show that this method
outperforms traditional machine learning methods in accuracy and can provide more com-
prehensive and accurate support for public opinion management. This study has made
innovative contributions to the field of analyzing complex online public opinion among
college students and has important practical application value.
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