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ABSTRACT: With the increasing importance of multimodal data in emotional expression on social media, mainstream
methods for sentiment analysis have shifted from unimodal to multimodal approaches. However, the challenges of
extracting high-quality emotional features and achieving effective interaction between different modalities remain
two major obstacles in multimodal sentiment analysis. To address these challenges, this paper proposes a Text-Gated
Interaction Network with Inter-Sample Commonality Perception (TGICP). Specifically, we utilize a Inter-sample
Commonality Perception (ICP) module to extract common features from similar samples within the same modality,
and use these common features to enhance the original features of each modality, thereby obtaining a richer and more
complete multimodal sentiment representation. Subsequently, in the cross-modal interaction stage, we design a Text-
Gated Interaction (TGI) module, which is text-driven. By calculating the mutual information difference between the
text modality and nonverbal modalities, the TGI module dynamically adjusts the influence of emotional information
from the text modality on nonverbal modalities. This helps to reduce modality information asymmetry while enabling
full cross-modal interaction. Experimental results show that the proposed model achieves outstanding performance on
both the CMU-MOSI and CMU-MOSEI baseline multimodal sentiment analysis datasets, validating its effectiveness
in emotion recognition tasks.

KEYWORDS: Multi-modal sentiment analysis; multi-modal fusion; graph convolutional networks; inter-sample
commonality perception; gated interaction

1 Introduction

With the rapid development of social media and multimedia content, users not only rely on text for
emotional expression but also extensively use voice, images, and videos, among other modalities. This
multimodal form of emotional expression presents significant challenges to traditional unimodal sentiment
analysis methods, creating an urgent need for the development of new technologies to comprehensively
capture and understand human emotions [I]. As a result, Multimodal Sentiment Analysis (MSA) has
emerged. MSA integrates information from multiple perceptual channels, such as voice, facial expressions,
gestures, and text, enabling Al systems to better understand and analyze human emotions. With MSA,
AT systems can more accurately recognize, comprehend, express, and regulate emotions, providing a more
intelligent and natural emotional experience in fields such as human-computer interaction, mental health,
and social robotics. However, current multimodal sentiment analysis still faces several challenges, such
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as how to effectively extract high-quality emotional features and achieve efficient fusion of information
from multiple modalities to fully leverage the emotional data from each modality, thereby enhancing
model performance.

To obtain high-quality emotional features that are more comprehensive and rich in emotional infor-
mation, a commonly used approach is to enhance the unimodal or fused multimodal representations
by leveraging common features between modalities. MulT [2] uses a Transformer network for cross-
sample translation to learn the commonalities between modalities, thereby refining unimodal features and
effectively addressing the information disparity between modalities. MISA [3] constructs modality-invariant
and modality-specific subspace representations separately, using the modality-invariant representation as a
guiding signal to effectively learn the common features and individual differences between multimodal data.
TCSP [4] and SWRM [5] design text-centered private-shared information extraction networks, utilizing
information from the text modality to improve multimodal feature representation. Although these methods
enhance modality features through invariant emotional feature commonality between modalities, they
generally overlook the utilization of emotional commonalities within similar samples in each modality. This
results in a certain degree of missing emotional information within modalities, thereby affecting the model’s
ability to capture common features within each modality.

In terms of multimodal fusion, existing multimodal sentiment analysis frameworks can generally be
divided into two types based on the operational strategy: early fusion and late fusion [6]. In early fusion,
methods such as TEN [7], MARN [8], and LMF [9] integrate the input features from various modalities
through concatenation, summation, or similar techniques to obtain multimodal features. However, due to
the differing parameter spaces of each modality’s data, leading to modality information asymmetry, early
fusion may limit the model’s ability to learn modality-specific unique information. In late fusion, models
like Self-MM [10], MKL [11], and MFN [12] process unimodal data independently and then concatenate the
outputs at the final layer to form multimodal features for prediction. Although late fusion strategies avoid
the issue of inconsistencies in the multimodal parameter space, their inherent drawback lies in the difficulty
of capturing underlying interaction features between modalities, and they may weaken or overlook cross-
modal semantic correlations. Therefore, there is an urgent need for a fusion approach that takes into account
both the parameter space differences between modalities and the semantic relationships between them to
some extent.

We propose a Text-Gated Interaction Network with Inter-Sample Commonality Perception (TGICP).
The TGICP model consists of two main components: the Inter-sample Commonality Perception (ICP)
module and the Text-Gated Interaction (T'GI) module. In the ICP module, we enhance the original sample
features by extracting common emotional features from similar samples within the same modality, thereby
improving the expressive power of modality-specific features. The enhanced sample features are then input
into the TGI module, which dynamically adjusts the cross-modal interaction process by calculating the
information disparity between the text modality and nonverbal modalities. This mechanism dynamically
perceives the emotional correlation levels between modalities and adaptively adjusts the multimodal interac-
tion process, thereby effectively alleviating the issue of cross-modal information imbalance. Ultimately, the
model fuses the multimodal representations and performs sentiment prediction, significantly improving the
accuracy and robustness of sentiment analysis.

To evaluate the performance advantages of the TGICP model, we conducted experimental validation
using two multimodal sentiment analysis benchmark datasets: CMU-MOSI and CMU-MOSEI. Compared
to existing state-of-the-art (SOTA) methods, TGICP demonstrates significant performance improvements
on both datasets, validating its technical innovation and effectiveness.

The main contributions of this paper can be summarized as follows:
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o We propose a Text-Gated Interaction Network with Inter-Sample Commonality Perception (TGICP)
for multimodal sentiment analysis. This model enhances feature representation by extracting common
information from intra-modality similar samples and utilizes a text-guided gating mechanism to
dynamically regulate cross-modal feature fusion.

«  Wedesigned a Inter-sample Commonality Perception (ICP) module. This module extracts the emotional
commonalities between similar samples within each modality and uses this common information to
supplement and enhance the original samples, thereby enriching their unimodal emotional feature space
and helping the model learn more comprehensive and richer unimodal emotional features.

o  We introduce the Text Gated Interaction (TGI) module, which quantifies the information disparity
between textual and non-textual modalities and dynamically adjusts the cross-modal interaction pro-
cess. This mechanism enables the text modality to adaptively provide emotional context, effectively
enhancing the emotional expression capability of non-textual modalities and significantly alleviating
the issue of information asymmetry between modalities, thereby improving the models predictive
performance.

o We conducted comprehensive experiments on the CMU-MOSI and CMU-MOSEI datasets to evaluate
the proposed model. The experimental results demonstrate that our model performs exceptionally well
on the majority of evaluation metrics, thoroughly validating its effectiveness and superiority.

2 Related Work
2.1 Multimodal Sentiment Analysis

The core objective of multimodal sentiment analysis is to integrate multiple modalities of information
(such as text, visual, and auditory data) from the same data sample and deeply explore and assess the
emotional components it contains. The challenge in this process lies in the fact that different modalities
perceive and interpret the same event from their unique perspectives. For example, text can provide
emotional expression through words, the visual modality may convey emotion through facial expressions or
body language, while the auditory modality reflects emotional changes through features like tone, volume,
and speech rate. Therefore, the key challenge is how to effectively extract useful features from different
modalities, enable information interaction and collaboration between modalities, and ultimately fuse these
heterogeneous features effectively. This has been a long-standing research focus in the field of multimodal
sentiment analysis.

In early research, Zadeh et al. [7] innovatively proposed the Tensor Fusion Network (TFN), which
generates feature representations containing unimodal, bimodal, and trimodal combinations through
Cartesian product operations. To further enhance the feature extraction capability, they also designed
an architecture that combines the Long Short-Term Memory (LSTM) structure with a memory fusion
mechanism, aimed at constructing comprehensive intra-modal and cross-modal feature views. Majumder
et al. [13] used GRU to model two modalities layer by layer, enabling sufficient interaction between the
two modalities and extracting information. With the development of the Transformer [14] model proposed
by Google in various fields, methods using Transformers to process multimodal information have also
emerged in the field of multimodal sentiment analysis. Lv et al. [I5] proposed a Progressive Modality
Reinforcement (PMR) method, which introduces an information center and progressive reinforcement
strategy to address the issue of asynchronous data fusion in multimodal sentiment recognition. They also
use cross-modal attention to reinforce features from different modalities and gradually enhance information
flow. Rahman et al. [16] enhanced the encoding capabilities for different modalities by adding their designed
Multimodal Adaptive Gate (MAG) to Bidirectional Encoder Representations from Transformers (BERT)
and XLNET. Han et al. [17] effectively reduced information loss in key task processes by combining
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mutual information maximization theory with modality interaction theory, significantly improving model
performance. Hou et al. [18] proposed a multimodal sentiment analysis method named TF-BERT, which
gradually enhances information complementarity between different modalities by introducing Tensor-based
Cross-modal Fusion (TCF) modules and Tensor-based Cross-modal Transformer (TCT) modules, enabling
the simultaneous fusion of three modalities.

In previous multimodal sentiment analysis models, researchers typically strengthened the joint repre-
sentation of each modality or multimodal features by extracting common characteristics between different
modalities, which, to some extent, supplemented the emotional space of the samples and enhanced the
sample features. However, these models generally overlook a key issue: the features of each modality are
not always complete. Relying on these incomplete features for sentiment prediction may cause the model
to overlook subtle emotional signals within modalities, leading to biased prediction results. Therefore, in
our research, we enhance and supplement the original features by learning the commonality information
between similar samples within each modality, thereby optimizing the feature quality of each modality and
ultimately improving the overall performance of the model.

2.2 Inter-Sample Feature Enhancement

With the growing demand for multimodal data processing, cross-sample feature enhancement tech-
niques have rapidly developed and have now become an important research direction in the field of feature
engineering. These techniques have achieved significant success in various cross-modal applications. In
multimodal sentiment analysis, this method can effectively enhance the model’s learning capability in
unimodal or multimodal sentiment analysis tasks by extracting emotional commonalities between similar
samples. Traditional multimodal sentiment analysis methods typically focus on integrating information from
different modalities (e.g., text, speech, vision) to improve the accuracy of sentiment prediction. However,
these methods often overlook the emotional commonalities between similar samples within the same
modality, which actually provide rich latent information that helps the model better understand and capture
emotional features. As a result, researchers have begun to explore modeling the relationships between
samples and leveraging the similarity between samples to strengthen feature representation.

In the early stages of cross-sample feature enhancement, Chen et al. [I9] proposed an innovative
knowledge transfer method—cross-sample similarity, which is derived from deep metric learning models. By
passing the similarity information between different samples as “dark knowledge” to smaller student models,
this method enhances their performance while reducing computational complexity. With the widespread
application of multimodal data, more and more researchers began to introduce this method into the
processing of multimodal data. Huang and Lin [20] focused on modeling the relationships between samples,
considering the interrelationships among multiple samples, and designed the AttnMixup strategy to perform
weighted mixing of several samples, thereby enhancing data features and improving the model’s general-
ization ability. Li et al. [21] proposed a strategy combining within-sample and between-sample contrastive
learning, aiming to model the relationships between samples, enabling the model to effectively capture
similarities between similar samples and differences between dissimilar samples. Recently, researchers have
also started applying cross-sample feature enhancement methods to multimodal sentiment analysis. Zhang
et al. [22] designed a dynamic sample selection strategy based on neighborhood density, selecting nearby
samples with higher density to identify representative and distinguishable samples, thus effectively focusing
on high-quality samples in the cross-sample feature enhancement process. Huang et al. [23] proposed a new
cross-sample fusion strategy by merging the modality information of different samples and incorporating
adversarial training, pairwise prediction tasks, and two-stage text-centered contrastive learning, which
effectively enhances the retention and fusion of specific modality information.
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In previous cross-sample feature enhancement methods, the extraction of common features between
samples primarily relied on autoencoders to decompose the feature space. However, since autoencoders
are optimized based on global loss functions to a certain extent, they focus on the global representation
of features and overlook the potential complex and nonlinear local relationships between samples (such as
the similarity between neighboring samples). Although autoencoders learn complex mappings by stacking
network layers, they still rely on a fixed network structure for data mapping and cannot dynamically adjust
weights and topological structures based on graph structures, as graph convolutional networks can, to
adapt to different data distributions. Moreover, in previous works, feature enhancement using common
features between samples typically employed concatenation or weighted summation, methods that often
introduce redundant information, leading to a more complicated feature space. To better leverage the
common information between similar samples for feature enhancement, we propose a method based on
mutual information constraints using graph neural networks to learn the common information between
similar samples. Additionally, we design a Commonality Embedding Optimization Module to achieve
multidimensional enhancement of the original features.

2.3 Text-Center Based Methods

In Multimodal Sentiment Analysis (MSA), each modality provides a different emotional interpretation
of the same event or behavior through its unique perceptual approach. This multi-perspective analysis
enables a more comprehensive and in-depth capture and understanding of the diversity of emotions. Com-
pared to visual and auditory modalities, the text modality typically responds most directly and instinctively to
emotional information. This is because language, as a carrier of emotional expression, carries rich emotional
content in everyday communication. Humans can precisely convey their emotional world through the
combination of vocabulary, sentence structure, and context. Therefore, the text modality not only provides
high accuracy in expressing emotions but also reflects subtle emotional changes in greater detail. This has led
many researchers to view the text modality as the foundational modality for multimodal sentiment analysis,
often relying first on textual data for emotion recognition, and then using data from other modalities for
supplementary validation and enhancement.

Sun et al. [24] achieved efficient feature learning by constraining the outer product matrix of text
and optimizing with canonical correlation analysis loss. Mai et al. [25] focused on improving the LSTM
structure by designing a special gating mechanism to enhance text representation and perform information
correction, while also applying auxiliary methods for text information calibration. Meanwhile, with the
widespread application of attention-based methods in Natural Language Processing (NLP), Computer Vision
(CV), and multimodal domains, new approaches and more advanced text encoders, such as BERT [26] and
RoBERTa [27], have been introduced to the field of multimodal sentiment analysis. With the support of these
stronger text encoders, researchers are increasingly using the text modality as the core modality for multi-
modal sentiment analysis. Wu et al. [4] studied the shared and private semantics in nonverbal modalities
through a cross-modal prediction task. Wang et al. [28] injected information from the text modality into
nonverbal modalities using a text-guided attention mechanism and a cross-modal Transformer, enhancing
their representational power. Huang et al. [29] associated three-modal data using a text-centered unimodal
and multimodal cross-modal Transformer. Li et al. [30] designed a semantic enhancement framework based
on a cross-modal Transformer, which effectively strengthens the emotional representation capability of the
text modality by coordinating the interaction mechanisms between the textual and nonverbal modalities.

Based on the previous work, it is clear that current text-centered approaches predominantly rely on

cross-modal Transformers for cross-modal translation. However, in multimodal sentiment analysis, the
emotional expressions in the text and nonverbal modalities may be asymmetric. Some emotional information
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may be more prominent in the text, while others are more prominent in nonverbal modalities. Direct cross-
modal translation might miss out on the potential emotional information within each modality. Therefore,
in order to achieve a more balanced interaction between modality information, we first quantify the
information correlation between the text modality and nonverbal modality before performing cross-modal
translation. Based on different levels of mutual information, we selectively incorporate text information
into nonverbal information, compensating for the information asymmetry and improving the accuracy of
sentiment analysis.

3 Methodology

In this section, we will provide a detailed introduction to the Text-Gated Interaction Network with Inter-
Sample Commonality Perception (TGICP) proposed in this paper. The core objective of TGICP is to extract
the common emotional features between each sample and its similar samples using a graph convolutional
network, and enhance the original sample features with these common features, thereby enriching the
emotional feature space of the sample across different modalities. At the same time, during the cross-modal
interaction and fusion process, TGICP uses the strong explicit emotional information in the text modality
as a gating mechanism to dynamically regulate the information interaction between modalities, thereby
improving the model’s efficiency in utilizing information from each modality.

3.1 Task Setup

Multimodal Sentiment Analysis (MSA) aims to predict the emotional tendency and intensity of the
speaker in a video by simultaneously utilizing information from multiple modalities. In existing MSA
research, this task can be modeled as either a classification problem or a regression problem. In our work, we
choose to model and analyze it as a regression task. MSA typically involves three modalities: text (¢), visual
(v), and audio (a). We denote the input raw data as I,,,, where m € {¢t,v, a}, representing the three different
modalities. Our goal is to design a robust model that can effectively integrate the information from each
modality to accurately predict the emotional intensity score y € R” for the input sample.

3.2 Overall Architecture

As shown in Fig. 1, TGICP mainly consists of four components: feature extraction, Inter-sample
Commonality Perception, Text-Gated Interaction (TGI), and sentiment prediction. The feature extraction
component transforms the raw multimodal data into vector representations. The Inter-sample Commonality
Perception (ICP) part extracts the common emotional features between the sample and its emotionally
similar samples, injecting these common features back into the original sample to enrich the emotional
feature space of the sample across different modalities. The Text-Gated Interaction (TGI) component
dynamically controls the cross-modal interaction of the sample’s multimodal representation by calculating
the information disparity between the text and nonverbal modalities. Finally, the sentiment prediction
component analyzes and predicts the fused sample features, providing the final emotional intensity score. In
this section, we will provide a detailed introduction to these components.
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Figure 1: The overall structure of TGICP primarily consists of four components: feature extraction, Inter-sample
Commonality Perception (ICP), Text-Gated Interaction (T'GI), and fusion and sentiment prediction

3.3 Feature Extraction

For the text modality, we use the pre-trained language model SentiLARE [31] to obtain text features.
SentiLARE is a novel pre-trained language model that, compared to the previous BERT [26] model, enhances
text feature representation by incorporating word-level linguistic knowledge through the addition of part-
of-speech embeddings and sentence-level word polarity embeddings. The part-of-speech embeddings are
derived using the Stanford Log-Linear Part-of-Speech Tagger [32], while the sentiment polarity labels come
from SentiWordNet [33]. After passing the text through SentiLARE, we obtain the word embeddings of all
the words in the text, denoted as H; € R"*/**4_Since the [CLS] token effectively captures the overall semantic
features of a sentence and performs well in various tasks, we choose the embedding feature of the [CLS]
token from each sentence, denoted as F, € R"*% as the sentence-level high-level feature representation.

H, = SentiLARE (I, 6;") € Rxlixd: 0

where 7 is the number of samples, I, is the length of the text sequence, and d, represents the dimensionality
of the word embeddings, 5L represents the learnable parameters in SentiLARE.

For the visual and auditory modalities, we use the pre-trained open-source tools Py-Feat [34] and
COVAREP [35] to extract features X, € R4 and X, € R"*k*% from the raw data. In the work of Wang
etal. [36], they constructed nonverbal dictionaries for the visual and auditory modalities using unsupervised
clustering on the training set data, transforming real nonverbal modality data into indexes. Based on their
work, we adopt the nonverbal dictionaries they constructed to obtain the clustering indexes for the visual
and auditory modalities, denoted as C, ¢ R™h and C, € R™_ Here, n represents the number of samples,
I, and d,, represent the sequence length and feature dimension of modality m, where m € {¢,v, a} denotes
the three different modalities.

3.4 Inter-Sample Commonality Perception

To more fully utilize the emotional commonalities between samples and enrich their unimodal
emotional feature space, we designed a Inter-sample Commonality Perception (ICP) module. This module
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consists of three components: Nonverbal Modality Information Enhancement (NIE), Inter-sample Com-
monality Mining (ICM), and Commonality Embedding Optimization (CEO). The following section provides
a detailed description of each of these components.

3.4.1 Nonverbal Modality Information Enhancement

In the feature extraction section, we obtained the initial feature representations X; for the two
nonverbal modalities, visual and auditory, as well as their clustering indices C;;, where 1 € {v,a}. The
clustering index Cj, reflects the similarity between video frames to some extent. Therefore, in order to
better extract the shared information between the nonverbal modalities, we designed a Nonverbal Modality
Information Enhancement (NIE) module, as shown in Fig. 2. First, we embed the clustering index Cg,
resulting in the enhanced clustering index features C;, for the nonverbal modalities.

C5, = Embedding (Cy, 051118 ¢ R s @)

After obtaining the index features Cj;, we input them along with the initial features X;; of the nonverbal
modalities into the NIE for interaction between the initial features and the index features. We first apply
a multi-head attention mechanism to each feature type, allowing them to mutually guide the learning of
the feature information between the two representations. Specifically, as shown in Eq. (3), we compute the
query, key, and value for both feature types. Then, as described in Eq. (4), we set the index feature Q g‘ as the

query, while the modal initial features K;’?M and V)?Zh serve as the key and value for the multi-head attention
mechanism.

QJ = Linear(E) = W,"E
K} = Linear(E) = W"E (3)
Vi = Linear(E) = WE

Qrche~ 'K?@T >
Cy,' = Softmax | —"——— | Vx_ (4)

Vi

where E € {C%,,X,; } represents the two feature types, QJ, Ki*, and V;" denote the query, key, and value
derived from the feature E, respectively. W", W;" and W," are learnable parameters. Cj,’ represents the new
index features obtained after the interaction guided by the index features. For the case where the modal initial
features serve as the guide in the multi-head attention, a similar approach is employed for the computation.
After obtaining the features resulting from the mutual guidance and interaction between the two feature
types, these features are concatenated and passed through self-attention, which generates the further refined
features Hj; for the two nonverbal modalities.

Hy; = Self — Attention(Xz || C5/) (5)

Additionally, to capture the contextual temporal features of these two modalities, we use two inde-
pendent Bidirectional Long Short-Term Memory networks (BiLSTM) to further process the extracted
nonverbal modality features Hj;. As shown in Eqs. (6) and (7), the entire sequence is passed through the
BiLSTM, resulting in the high-level feature representations for the visual and auditory modalities, F, and F,,
respectively.

F, = BiLSTM (H,, 055™) e R™% (6)
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F, = BiLSTM (H,, 05"15™) ¢ R 7)

BiLSTM BiLSTM
0, 04

where and

modalities, respectively.

represent the learnable parameters in the BiLSTM for the visual and auditory

Finally, as shown in Eq. (8), the high-level feature representation of each modality is mapped to a shared
space through independent encoders Encoder,, and transformed into the input U, for downstream tasks.

U,, = Encodery, (Fm, ei”“’d”m) ¢ R™*9hidden ®)

where m € {t,v, a} represents the three modalities, and §£"°°¢"» denotes the learnable parameters in the
encoder corresponding to each modality.

H

Self Attention

r'_

Multi-Head Multi-Head
Attention Attention

PrD ¢ Sk

VKQ

lnear Llnear

Xm Cn

Figure 2: Schematic of nonverbal modality information enhancement (NIE)

3.4.2 Inter-Sample Commonality Mining

In the work of Mai et al. [37], the problem of multimodal sequence analysis was transformed into a graph
learning problem, where Graph Convolutional Networks (GCN) were used to process the feature data of each
modality. In this approach, an adjacency matrix is constructed within the graph structure by calculating the
similarity between samples, and node features are propagated through graph convolution, thereby capturing
both intra-modal and cross-modal feature dependencies. Specifically, Mai et al. proposed several methods
to define the adjacency matrix, including non-parametric approaches (such as the generalized diagonal
matrix) and learnable methods (where the adjacency matrix is learned through gradient descent). These
methods, through effective feature propagation, capture the commonalities between intra-modal samples as
well as the complex relationships between modalities. Inspired by this, to adaptively extract the emotional
commonalities between similar samples based on their structure, we employ a similar graph construction
method to design a weighted undirected graph G = (V,8) for each modality. This graph is based on
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sample-level attention and feature similarity to extract common features between similar samples, as shown
in Fig. 3.

Attention Matrix

Un .. . Linear

Welghted Adjacency Matrix

OO(}"OO

Adjacency Matrix

Figure 3: Schematic of inter-sample commonality mining (ICM)

Graph Construction: As shown in Eq. (9), we first calculate the cosine similarity between pairs of
samples for each modality to obtain the feature similarity matrix My. Then, as shown in Eq. (10), we set
the values greater than or equal to the threshold 7; to 1, and those smaller than the threshold to 0, resulting
in the adjacency matrix M.

T
i 11/
woij_ U,U,

“mm )
FCS
1021210 2
Mm 1] 0 MFCS < TS (10)
1 M;Jcs 27T
where i, j€{1,2,3,...,n} represents two distinct samples.

In order to allow the model to dynamically adjust the weights for extracting commonalities between
different samples, we compute the attention weight matrix MY, for each modality, as shown in Eq. (11), to
assign different weights to the extraction of common features between similar samples.

ST
U, Ul
V dhidden

where Ui Ui represent the features of any two samples under modality m, dy;44., denotes the dimension-
ality of the sample features, and MY, € R"*".

MY, = me{t,v,a} (11)

After obtaining the adjacency matrix M}, and the attention weight matrix M’y,, for each modality, we
calculate the weighted adjacency matrix A,, of the commonality extraction graph for each modality using
element-wise multiplication, as shown in Eq. (12), to represent the similarity relationships between different
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samples.

Ap =MD, +Mpc A, € R (12)

Graph Convolution: After the graph construction described above, we obtain the weighted adjacency
matrix A, for the commonality extraction graph of each modality. We then use U,, as input and build
a graph convolutional neural network to extract the emotional commonalities C,, between emotionally
similar samples in modality m. Specifically, given a weighted undirected graph G = (V, E), we compute the
symmetrically normalized Laplacian matrix P of the graph G according to the method in Eq. (13).

P=D:A,D: (13)

where D represents the degree matrix of the graph G. Since the self-loops of each node are already included
when calculating the unweighted adjacency matrix Mgc of the graph G, no additional self-loops are added
to the nodes when computing the Laplacian matrix P.

Subsequently, we use U, as input and perform graph convolution according to Eqs. (14) and (15) to
extract the emotional commonalities G, between similar samples in modality m.

U/ = Linear(U,,, 69)

= (WoUn +57) (14)
G, = PU,,
- (D2A,D7H) U, (15)

where WY € R and b¥, € R" are the learnable parameters of the linear layer Linear, and G,, € R"*%nidden,

3.4.3 Commonality Embedding Optimization

Through the above steps, we have obtained the inter-sample commonality features G,, and high-level
features U, for each modality. To enable the high-level features of each modality to better represent emo-
tional features, we design a Dual-View Commonality Embedding Optimization Layer (CEO), which embeds
the inter-sample commonality features G, into the high-level features U,, and performs optimization.

As shown in Fig. 4, the designed CEO consists of two components: the Local Mixer and the Global
Mixer. Each component is composed of two linear layers and a Gaussian Error Linear Unit (GELU) activation
function, with residual connections incorporated. As described in Eq. (16), we first stack the high-level
feature U,, and the cross-sample commonality feature G,, along the first dimension to obtain S,,.

S, = Stack(U,,, G,,) € R dhidden (16)

Subsequently, as shown in Eq. (17), the stacked S,, is fed into the Local Mixer, allowing the interaction
and communication between the two features, U,,, and G,,,, at the local level.

S;1 = LocalMixer(S,,)
= S;Fn +W,0 (WlNorm(S;rn)) ¢ R2Xm*dhidden W)

where Wy and W, are learnable parameters, ® denotes the GELU activation function, and Norm represents
layer normalization.
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Figure 4: Schematic of commonality embedding optimization (CEO)

After the local-level interaction and communication, as shown in Eq. (18), the locally interacted feature
vector S/, obtained from the Local Mixer is fed into the Global Mixer. This enables the interaction of the
two locally interacted features at the global level, resulting in the feature vector Z,,, which is the optimized
common embedding of the dual perspectives.

Z,, = GlobalMixer(S),)
=8 T iw,0 (W3N0rm(S:nT)) (18)

where W3 and W are learnable parameters. Finally, as shown in Eq. (19), the dual-perspective interaction
vector Z,, is unstacked along the first dimension to obtain the feature vectors of its two channels. These
feature vectors are then added together to obtain the feature h,,, which represents the optimized common
embedding for each modality. After two rounds of interaction, both locally and globally, /,, not only retains
the unique characteristics of the sample to some extent but also incorporates the emotional commonality
with similar samples. Compared to the original sample features, h,, offers a richer representation in the
emotional space.

o = h" + h, € R™ Dhidden (19)

where h™, h¢, € R"*nidien are the two channels of Z,,. According to the Information Bottleneck theory
proposed by Tishby and Zaslavsky [38], in supervised learning tasks, it is possible to compress the input data
in a way that retains as much information as possible about the output (label) variable. This compression-
prediction trade-off is achieved by minimizing mutual information. The goal is to preserve as much
information about the output as possible while removing irrelevant information for prediction, thus finding
the most concise feature representation while maintaining the correlation between the input and output.
Building on this theoretical foundation and inspired by Lambert et al. [39], we compute the mutual
information loss Loss,,; between the input features U,, and the intermediate features h,, as shown in Eq. (20)
and minimize it to reduce their dependency.

Loss. = ox h,, Linear(U,,) E (20)
i = P\ T 2\ [Linear(U,,) 2
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3.5 Text Gated Interaction

Compared to nonverbal modalities, the text modality is better suited to directly express rich emotional
information, with its semantic content being more precise and detailed. In contrast, the emotional infor-
mation conveyed by nonverbal modalities tends to be more abstract and implicit (e.g., micro-expressions,
tone variations), and although the relationship between these signals and text is more indirect, they remain
important signals in emotional analysis. However, in existing cross-modal interactions based on relevance,
these potentially crucial emotional signals are often overlooked or lost. To address this issue and compensate
for the emotional information loss caused by modality information asymmetry during cross-modal interac-
tions, we have designed a text-gated interaction module, as shown in Fig. 5. This module aims to leverage the
accurate emotional information in text to dynamically compensate for the information asymmetry between
modalities, thereby improving the accuracy and comprehensiveness of emotional analysis.

h, h, hy
o O
a Multi-Head Multi-Head K
Attention Attention v/
| Na-rm I Np-rm_

C

hy h,

Figure 5: Schematic of text-gated interaction (TGI)

To provide a concise and intuitive introduction to this part of the method, we use the text-visual
modality interaction as an example. To effectively integrate the emotional information from both text and
video modalities, it is essential to assess the correlation and complementarity between the two modalities,
thereby guiding the feature fusion process. In this context, mutual information is employed to quantify
and optimize the emotional information sharing between the modalities, helping to avoid redundancy and
address the informational discrepancies between them. First, we calculate the level of mutual information
between the two modalities using the CPC method [40], as shown in Eq. (21):

T

T i T

M., = exp hTV : Linear(h,) i (21)
1By | |Linear(hT)|

When the information correlation level between two modalities is low, it indicates that the degree of
information dependence between the features of the two modalities is also low, with a smaller intersection
of emotional information. In this case, we assign a higher weight to the textual modality, enabling it to
provide more accurate emotional information to the visual modality, thus helping the visual modality better
understand and express emotions. Conversely, if the information correlation level is high, the weight of the
textual modality is reduced to avoid the convergence of multimodal data due to the excessive involvement of



1440 Comput Mater Contin. 2025;85(1)

the textual modality. Therefore, after calculating the mutual information level between the two modalities,
we first compute the information complementarity weight g;, between the textual and visual modalities
according to Eq. (22). Subsequently, we implement dynamic and controllable gated interaction between
the textual and visual modalities by incorporating the information complementarity weight, as described
in Eq. (23).

g =1-Sigmoid(My,) (22)
h!, = norm(h, + h; - g1) (23)

After the gated interaction, to further promote the integration and understanding of cross-modal
emotional information, as shown in Fig. 6, we employ a cross-modal translation approach to achieve deep
interaction between modalities. First, we treat the text as the query in the cross-modal translation, with the
nonverbal modality serving as the key and value, and perform the computation as per Eq. (24). Subsequently,
based on the modality pair, the query, key, and value required for the cross-modal translation are calculated
using Eq. (25), thereby mapping the information from the nonverbal modality into the text modality,
resulting in the feature h,;, after the interaction of the nonverbal modality.

Q; = Linear(h;) = W;ht (24)
Kgioy = Linear(h) = Wbl
Vit = Linear(hl) = W= hL

KL
hw = Softmax (%) ot (25)
t

where 711 € {v, a} denotes the nonverbal modality.
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Figure 6: Schematic of text-centered cross-modal translation
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3.6 Fusion and Prediction

After the inter-sample interaction fusion, we concatenate the three modal features according to the
method outlined in Eq. (26), resulting in a multimodal joint representation F.

F=(h || hye | har) (26)

Subsequently, as shown in Eq. (27), we pass the representation through the Multilayer Perceptron (MLP)
layer for sentiment prediction, obtaining the model’s sentiment prediction result Yp..

YPre = (WOZ\P(WOIF + bol) + hoZ) (27)

where || denotes the concatenation operation, and ¥ represents the ReLU activation function. The model’s
prediction is a continuous value ranging from —3 to +3, representing the sentiment range from extremely
negative to extremely positive.

3.7 Optimization Objectives

In our model, the loss function consists of two components: the task loss Loss;,sx and the mutual
information loss Loss,,;. Optimizing these two losses corresponds to different objectives: minimizing the
task loss aims to optimize the overall model parameters, while minimizing the mutual information loss
seeks to reduce the excessive dependence of intermediate features on the input features, thereby extracting
higher-quality modal features.

For the mutual information loss, we use the calculation method defined in Eq. (20). For the task loss,
considering the wide applicability of mean squared error (MSE) in regression tasks, its sensitivity to errors,
and its good differentiability, we select MSE as the task loss function to guide model optimization. Therefore,
the overall loss function of the model can be expressed in the form of Eq. (28).

Loss = LosS;gsi + WmiL0$s,,;
= MSE (YTrue>YPre) + Wi L0sS,y; (28)

where w,,; is the weight hyperparameter for the mutual information loss.

Finally, to present a clearer overview of the complete workflow of the TGICP model, we provide a
systematic summary of its key steps in Algorithm 1.

Algorithm 1: Text-gated interaction network with inter-sample commonality perception (TGICP)

Input: D = {(I;,I,,1,)}, search space = {&t;ange> @mirange> Tsranges Brange}-
Output: Prediction sentiment score Yp,,.
1: for learning rate &, w,;, 7 in search space do
2: Train model on training set.
for each epoch do
for mini-batch {(¢;,vi, a;), Y1ruei } 2, from D do
Enhancing nonverbal modalities to obtain high-level features as Eqs. (2)-(7).
Map the features of each modality to the same feature space as Eq. (8).
for min {t,v,a}, do
Construct the intra-modal similarity sample adjacency matrix M,
as Egs. (9) and (10).

(Continued)
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Algorithm 1 (continued)

10: Calculate the edge weight matrix of the adjacency matrix M’,, and obtain the
11: weighted adjacency matrix A,, as Eqgs. (11) and (12).

12: Extract the common information G,, among intra-modal similar samples

13: as Egs. (13)-(15).

14: Enhance the original sample features using the common information as

15: Eqgs. (16)-(19).

16: end for

17: Calculate the information disparity M;; between the text and nonverbal modalities
18: as Eq. (21).

19: Enhance the nonverbal modality using the text modality based on the information
20: disparity as Eqgs. (22) and (23).

21 Perform cross-modal interaction guided by the text modality as Eqs. (24) and (25).
22: Perform multimodal fusion and sentiment prediction as Eqs. (26) and (27).

23: end for

24:  end for

25:  Validate on validation set.

26:  Record validation performance (e.g., accuracy, loss).

27:  Select optimal hyperparameters a*, w}, ;, 77, B* with best validation performance.

28: end for

4 Experiments

We provide a detailed description of the experimental setup and conduct a comprehensive evaluation of
the proposed TGICP model on several mainstream publicly available datasets, validating its performance in
the multimodal sentiment analysis task. Additionally, through a series of well-designed ablation experiments,
we thoroughly analyze the effectiveness of each key module in the model and assess their contributions to
the overall performance.

4.1 Datasets

Our study is conducted on two important multimodal sentiment analysis benchmark datasets: CMU-
MOSI [41] and CMU-MOSEI [42].

CMU-MOSI is one of the most commonly used datasets in the field of multimodal sentiment analysis,
containing data from three modalities. The dataset includes 93 videos, with each video divided into up to 62
video segments. Each video segment contains a spoken sentence, and the emotional intensity ranges from
[-3, +3], where —3 represents the most negative sentiment, and +3 represents the most positive sentiment.

CMU-MOSEL is an extended version of CMU-MOSI, featuring greater speaker diversity and a broader
range of topics. This dataset contains 23,453 video segments, with emotional intensity labels identical to those
in CMU-MOS]I, ranging from [-3, +3] to represent emotional intensity. The video segments are sourced
from 5000 videos, covering 1000 different speakers and 250 topics.

4.2 Experimental Settings

The proposed TGICP model is trained using the Adam optimizer. The model incorporates an early
stopping mechanism, with a maximum of 4 training epochs and a patience value of 6. This means that if
there is no performance improvement over 6 consecutive epochs, early stopping will be triggered. If no
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improvement occurs after 4 consecutive early stops, the training process will halt. Each time early stopping
is triggered, the learning rate is halved, and the best model from the previous training epoch is restored to
ensure the stability and effectiveness of the training process. Detailed hyperparameter settings are provided
in Table 1, where 7, represents the feature similarity threshold and w,,; denotes the weight of the mutual
information loss function.

Table 1: Hyperparameter settings in the experiment

Datasets Batch size Learningrate 7, w,; Dropout
CMU-MOSI 16 le-5 0.8 0.8 0.1
CMU-MOSEI 64 le-5 0.8 04 0.1

At the same time, to comprehensively evaluate the model’s performance, we conducted a statistical
analysis of the model’s parameter size and computational efficiency. The total number of parameters in the
model is 125.606 million, of which approximately 110 million parameters come from the pre-trained text
feature extraction model SentiLARE, while the remaining parameters (excluding SentiLARE) amount to
around 15 million. The test results on an RTX 3080 GPU show that the model’s computational complexity is
4.867 G Floating Point Operations (FLOPs). The training time on the CMU-MOSI dataset is approximately
34 min, with a GPU memory usage of 6 GB during training.

4.3 Evaluation Metrics

To facilitate comparison with other studies, we adopted the evaluation methods used in previous
research and employed the same performance metrics to assess the model’s performance. Specifically, we
used Mean Absolute Error (MAE) to measure the error between the predicted and true values, and the
Pearson correlation coefficient (Corr) to evaluate the linear correlation between the predicted and true
values. In the sentiment analysis task, we first used binary classification accuracy (Acc-2) to measure the
accuracy of coarse-grained sentiment analysis, followed by seven-class accuracy (Acc-7) to evaluate the
accuracy of fine-grained sentiment analysis. Additionally, we employed the weighted F1 score (F1-Score)
to provide a comprehensive assessment of the model’s precision and recall, offering a holistic view of the
model’s performance.

4.4 Baselines

We compared the performance of the proposed model with several classic and state-of-the-art MSA
models across multiple metrics. The models compared and their brief descriptions are as follows:

TEN [7] generates a multidimensional tensor by computing the Cartesian product between modalities,
enabling explicit capture of the interactions between single-modal, bi-modal, and tri-modal features.

LMF [9] improves upon TEN by using low-rank tensors for efficient multimodal fusion, significantly
reducing computational complexity.

MulT [2] is based on an attention mechanism that maps the features of one modality to those of another,
focusing on cross-modal interactions across time steps.

MISA [3] projects each modality into a modality-invariant subspace, aiming to learn the shared
representation of each modality within that subspace.

Self-MM [10] generates unimodal labels through self-supervised tasks, thereby learning the similarities
and differences between modalities.
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TETEN [28] achieves consistent representations between modalities through a text-enhanced Trans-
former fusion network and maintains modality-specific differences through the generated unimodal labels.

SGIR [43] significantly reduces computational complexity and enhances noise resistance by facilitating
indirect interactions between the central hub features and the modality-specific private features.

TMBL [44] processes multimodal data by introducing a bimodal and trimodal binding mechanism.
It leverages an improved Transformer architecture to promote cross-modal interactions when extracting
modality-invariant and modality-specific features, and enhances feature interactions through a fine-grained
convolutional module.

FNENet [45] reduces the granularity gap between linguistic and non-linguistic modalities by vector-
izing the non-linguistic modality. It then integrates non-linguistic information into a pre-trained language
model using a sequence fusion mechanism.

SIMSUEF [46] dynamically selects the dominant modality and performs feature enhancement and fusion
based on this modality, thereby obtaining an effective multimodal fusion representation.
MCL-MCEF [47] gradually reduces the representational differences between different modalities

through multi-level contrastive learning, and enhances high-level semantic features by utilizing multi-layer
convolutional fusion, thereby alleviating the heterogeneity issue in multimodal data.

4.5 Results and Comparison

We compared the proposed TGICP model with various classical and state-of-the-art baseline methods
on the core datasets for multimodal sentiment analysis, namely CMU-MOSI and CMU-MOSEI. The
experimental results are shown in Table 2.

Table 2: The results of TGICP on the CMU-MOSI and CMU-MOSEI datasets. The baseline results marked with ¢ are
from [23]. Metrics marked with | indicate that smaller values are better, while metrics marked with 1 indicate that larger
values are better. The optimal values are highlighted in bold

Models CMU-MOSI CMU-MOSEI
MAE| Corrt Fl-score% t Acc-2%1 Acc-7% 1 MAE| Corr? Fl-score%t Acc-2% 1 Acc-7% 1
TEN* 0.901 0.698 -/80.7 -/80.8 34.9 0.593 0.7 -/82.1 -/182.5 50.2
LMF* 0917  0.695 -/82.4 -/182.5 33.2 0.623  0.677 -/82.1 -/82.0 48
MulT 0.871 0.698 -/82.8 -/83.0 40 0.58 0.703 -/82.3 -/82.5 51.8
MISA 0.783 0.761  81.7/83.60 81.8/83.40 423 0.555 0.756 83.8/85.3 83.6/85.50 52.2
Self-MM 0.713 0.798 84.42/85.95 84.0/85.98 - 0.53 0.765 82.53/85.30  82.81/85.17 -
TETFN 0.717 0.8 83.83/86.07 84.05/86.10 - 0.551 0.748 84.18/85.27  84.25/85.18 -
SGIR 0.735 0.782 -/85.25 -/85.33 44.81 0.532 0.762 -/85.3 -/85.45 53.39

TMBL 0.867 0.762 82.41/84.29 81.78/83.84 36.3 0.545 0.766 84.87/85.92 84.23/85.84 52.4
FNENet 0.69 0.805 83.45/85.5  83.53/85.52 48.25 0.535 0.765  84.3/86.13 84.14/86.3 53.98
SIMSUF 0.709  0.802 -/85.98 -/86.08 45.72 0.529 0.772 -/86.12 -/86.23 53.68

MCL-MCF  0.692 0.799 84.7/872 84.9/87.3 - 0536 0.767  84.4/86.3 84.2/86.4 -
TGICP(ours) 0.688 0.809 85.6/87.58 85.53/87.55 44.28 0.522 0.776 84.11/86.77 84.53/86.69  54.02

CMU-MOSI: The experimental results on the CMU-MOSI dataset demonstrate that our model outper-
forms traditional models and existing state-of-the-art (SOTA) methods across key metrics, including MAE,
Corr, Acc-2, and Fl. Specifically, compared to TETFN, which also performs cross-modal fusion based on text,
our model improves by 0.029 in MAE (0.688 vs. 0.717) and 1.45% in Acc-2 (87.55% vs. 86.10%). Additionally,
except for Acc-7, our model shows improvements on all evaluation metrics, with Corr and F1 increasing by
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0.002 (0.809) and 0.38% (87.58%), respectively, further validating its superior performance in cross-modal
sentiment analysis.

CMU-MOSEI: The experimental results on the CMU-MOSEI dataset demonstrate that the TGICP
model performs exceptionally well in multimodal sentiment analysis tasks. Specifically, it outperforms
the state-of-the-art method SIMSUF in both MAE (0.522 vs. 0.529) and Corr (0.776 vs. 0.772), while
also improving Acc-2 and F1 scores by 0.29% and 0.47%, respectively. These improvements indicate that
TGICP enhances sentiment prediction accuracy, correlation, and classification balance, further validating
its advantages in unimodal feature enhancement and cross-modal interaction control.

In addition, to verify the reliability of the performance improvement of the proposed TGICP model,
we conducted a Student’s ¢-test on the CMU-MOSI dataset, selecting two important baseline models and a
latest model with available source code. The results are shown in Table 3.

Table 3: The student’s ¢-test results on CMU-MOSI are presented, with the variance of each metric indicated by the
data on the right side of +. Metrics marked with | indicate that lower values are preferred, while those marked with 1
indicate that higher values are preferred

Model MAE| Acc-2% 1 p(MAE) vs. TGICP| p(Acc-2) vs. TGICP|

MISA 0.783 £ 0.0022 83.4 + 0.224 0.0038 0.009
Self-MM  0.713 + 0.0028  85.98 + 0.130 0.0292 0.0151

TMBL 0.867 +£ 0.0028 83.84 + 0.025 0.0024 0.0067

As can be seen from the experimental results, in terms of the MAE metric, the p-values of all models
compared to TGICP are less than 0.05, indicating a significant difference in MAE values between these
models and the TGICP model. Specifically, the p-value for the MISA model is 0.00375, for the Self-MM
model is 0.02916, and for the TMBL model is 0.00239, all of which indicate a significant difference in MAE
compared to the TGICP model.

Regarding the Acc-2 metric, the p-values of all models compared to TGICP are also less than 0.05,
indicating a significant difference in Acc-2 values between these models and the TGICP model. The p-values
are particularly low, with the MISA model at 0.00009, the Self-MM model at 0.015129, and the TMBL model
at 0.00067, further emphasizing the significant differences in Acc-2 compared to the TGICP model.

Overall, TGICP demonstrates a significant performance advantage over models such as MISA, Self-
MM, and TMBL in both MAE and Acc-2 metrics. This indicates that our work has achieved a significant
performance improvement in the multimodal sentiment analysis task compared to important and state-of-
the-art models.

4.6 Ablation Study

1) Evaluation on components in TGICP: We conducted a detailed performance evaluation of the two
main modules and their submodules in the TGICP model on the CMU-MOSI dataset, with the experimental
results shown in Table 4. The experiments revealed that removing the ICP module led to the model being
unable to obtain a more refined multimodal representation, while removing the TGI module resulted in
the model’s inability to fully leverage emotional information from nonverbal modalities during cross-modal
interactions. The removal of any module or submodule significantly degraded the overall performance of
the model. These results underscore the importance and indispensability of these modules within the entire
model. Further analysis showed that the ICP module had the greatest overall impact on model performance,
as its key role was to provide the model with more emotionally rich and complete sample features.
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Table 4: Evaluation of the performance of each module of the model on CMU-MOSI

Description MAE| Corrt Acc-2% 1  Fl-score% 1

None modual 0.978  0.675  77.7/79.12 77.8/79.15
w/o ICP 0.705 0.806 81.34/83.38  81.37/83.35
w/o TGI 0.695 0.801 84.11/85.82  84.14/85.81
w/o NIE 0.691 0.808 83.53/85.21 83.56/85.20

TGICP 0.688 0.809 85.53/87.55  85.6/87.58

To gain a deeper understanding of the contribution of the ICP module, we also conducted separate
evaluations of the two submodules within the ICP module: NIE and CEO. The experimental results show
that removing the NIE module led to the loss of the commonality relationship between frames in nonverbal
modalities. This loss resulted in insufficient capture of potential commonality information during the
common feature extraction process, leading to a significant decline in model performance. A detailed analysis
of the CEO module and its role in the model will be further discussed below.

2) Evaluation on CEO: In order to better leverage the common features extracted from the data, we
conducted experimental evaluations on several commonly used methods from previous research using the
CMU-MOSI dataset. The experimental methods include: adding common features to the original features
(Add), concatenating the common features with the original features (Cat), and directly use common features
(UCEF) to replace original features for subsequent operations. The experimental results of these methods are
shown in Table 5.

Table 5: Evaluation of the CEO module performance on CMU-MOSI

Description MAE| Corrt Acc-2% 1t  Fl-score% t

Add 0.745 0.798 82.65/84.45 82.65/84.11
Cat 0.726  0.796  81.34/83.69  81.45/83.72
UCF 0.694 0.81 82.22/84.6 82.3/84.61
CEO 0.688 0.809  85.53/87.55 85.6/87.58

The experimental results indicate that among the three common methods for utilizing common features,
directly use common features (UCF) to replace original features achieved the best performance. Specifically,
replacing the original features with common features significantly improves the model’s performance in
sentiment analysis tasks, as this method allows for a more direct utilization of common information,
thereby optimizing feature representation. However, despite the excellent performance of the UCF method,
there remains a noticeable gap compared to the results obtained using our proposed CEO module. By
integrating a contextual sentiment optimization strategy, the CEO module can more efficiently consolidate
the common features, further enhancing model performance. These experimental findings fully demonstrate
the innovation and advancement of the CEO module in utilizing common features. Compared to traditional
feature fusion methods, the CEO module can more accurately extract and leverage common features,
significantly improving the model’s sentiment recognition ability, and providing an effective direction for
further research in this field.

3) Evaluation on missing modality: To assess the contribution of different nonverbal modalities to

the model and the effectiveness of cross-modal information extraction in the presence of multimodal data,
we conducted ablation experiments on the CMU-MOSI dataset, analyzing the model’s performance under
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different input modality combinations. The experimental results are shown in Table 6. Since we employed a
text-centered cross-modal interaction approach, the experiments considered only combinations of text and
nonverbal modalities.

Table 6: Evaluation of performance with modalities missing on CMU-MOSI

Modalities MAE] Corrt Acc-2%? Fl-score% 1
T+V 0.687 0.809 84.4/86.43 84.46/86.44
T+A 0.708 0.807 82.36/84.15 82.4/84.12

T+V+A 0.688 0.809 85.53/87.55 85.6/87.58

The results indicate that, compared to the auditory modality, the visual modality contributes more
significantly to the model’s predictions. This suggests that visual information plays an essential role in
sentiment recognition tasks, providing the model with more contextual cues to help capture emotional
features more accurately. On the other hand, the three-modal combination (i.e., text, visual, and auditory
modalities) outperforms the two-modal combinations (such as text and visual or text and auditory). This
result further demonstrates that our proposed model can effectively extract cross-modal information in
a multimodal data environment, integrating the strengths of each modality to improve the accuracy of
sentiment analysis.

4) Evaluation on different modalities’ splice order: To evaluate the impact of modality concatenation
order during the feature fusion phase on model performance, we conducted experiments with different
concatenation orders on the CMU-MOSI dataset. The experimental results are shown in Table 7. The results
indicate that the T+V+A (Text + Visual + Auditory) order performed the best among all concatenation
orders, achieving optimal performance across multiple evaluation metrics.

Table 7: Evaluation of the impact of feature concatenation order on CMU-MOSI

Splice order MAE| Corrt Acc-2% 1  Fl-score% 1
T+A+V 0.688 0.813 82.65/84.6  82.67/84.57
V+T+A 0.702 0.801 82.8/85.06 82.87/85.06
V+A+T 0.706  0.799 82.51/84.45 82.54/84.45
A+T+V 0.691 0.811  83.09/85.37 83.19/85.4
A+V+T 0.69 0.807 83.97/86.13 84.01/86.12
T+V+A 0.688 0.809 85.53/87.55 85.6/87.58

Specifically, the T+V+A order maximizes the retention of each modality’s strengths during the fusion of
features, while simultaneously enhancing the efficiency of cross-modal interaction. Textual information, as
the core modality, provides the semantic foundation, while the visual and auditory modalities complement
it by enriching the multi-dimensional expression of emotional information. This concatenation order effec-
tively improves the model’s ability to recognize complex emotional patterns and significantly outperforms
other concatenation orders across multiple performance metrics. This result validates that the concatenation
order chosen at the feature fusion stage is both reasonable and effective.

5) Evaluation on similarity threshold: During the selection of similar samples, we set the feature
similarity threshold hyperparameter to control which samples can be selected as similar samples. To assess
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the impact of different thresholds on model performance, we conducted detailed experiments on the CMU-
MOSI dataset. The experimental results are shown in Fig. 7. When the feature similarity threshold was set
to 0.8, all evaluation metrics, except for the correlation (Corr) metric, achieved their optimal values, and the
Corr value was also very close to the optimal value of 0.81.
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Figure 7: The impact of different feature similarity thresholds on model performance

The experimental results show that when the feature similarity threshold is set to 0.8, the model is able
to select similar samples while minimizing the introduction of noise, thereby improving model performance.
Both excessively high and low thresholds lead to inaccurate selection of similar samples, which negatively
impacts the model’s training effectiveness. A higher threshold may result in overly stringent filtering, limiting
the number of valid samples, while a lower threshold could introduce excessive irrelevant noise, leading to
instability in model training. Overall, selecting 0.8 as the feature similarity threshold is the most appropriate
choice, as it effectively reduces noise while selecting similar samples within the modality, thus enhancing the
model’s performance in multimodal sentiment analysis tasks.

6) Evaluation on mutual information loss weight 7,: To assess the impact of different mutual
information loss weights on model performance, we conducted detailed experiments on the CMU-MOSI
dataset, adjusting the weight of the mutual information loss and observing its effect on model performance.
The experimental results are shown in Fig. 8. When the mutual information loss weight was set to 0.8, the
model achieved the best performance. Under other weight settings, while the model performance showed
some fluctuations, it did not surpass the optimal performance achieved with a weight of 0.8.
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Figure 8: The impact of different mutual information loss weights 7, on model performance

These results indicate that the setting of the mutual information loss weight has a significant impact
on model performance. An appropriate weight can balance the dependencies between features within the
modality and the extraction of common features, thus enhancing the model’s performance in multimodal
sentiment analysis. Specifically, when the weight is 0.8, the model effectively reduces the dependencies
between common features of modality-specific samples and the original samples, thereby enhancing the
independence of common features and allowing them to more accurately represent the shared information
between modalities. Additionally, the experiment further demonstrates that introducing mutual information
loss as a regularization method helps better extract common features, suppress irrelevant features, and
significantly improve model performance.

7) Evaluation on batch size: During the model training process, we employed Mini-Batch Gradient
Descent for training. To evaluate the impact of different batch sizes on model training effectiveness, we
conducted experiments on the CMU-MOSI dataset. The experimental results are shown in Fig. 9. After
comparing five common batch sizes, we found that when the batch size was set to 16, the model achieved the
best overall performance, with outstanding results across multiple key metrics.

Specifically, when the batch size is set to 16, the model's Mean Absolute Error (MAE) and Correlation
(Corr) are close to their optimal values, while Accuracy (Acc-2) and F1 score achieve their best performance.
This indicates that a batch size of 16 provides a balanced training effect, ensuring high model precision while
effectively capturing subtle differences in the data, particularly in sentiment analysis tasks. Additionally,
smaller batch sizes may lead to unstable gradient updates during training, introducing noise and oscillation,
which in turn affects convergence speed. On the other hand, larger batch sizes, while reducing such
fluctuations, may slow down the training process and increase the risk of getting stuck in local optima.
Therefore, choosing 16 as the batch size not only helps the model converge more stably during training but
also improves its performance in sentiment analysis tasks.
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Figure 9: The impact of different batch sizes on model performance

In conclusion, a batch size of 16 is a suitable choice for the CMU-MOSI dataset, as it ensures high
training accuracy while minimizing significant training oscillations, thereby accelerating model convergence
and enhancing its overall performance.

8) Evaluation on imbalance dataset: To evaluate the model’s robustness under imbalanced data
distributions, we tested the model’s binary classification accuracy by randomly removing varying proportions
of negative, neutral, and positive samples from the CMU-MOSI training set. The results are shown in Fig. 10.
The experimental results indicate that as the proportion of randomly removed samples from one class
increases (from 0% to 40%), the degree of data imbalance gradually intensifies, and the model’s binary
classification accuracy changes accordingly. Under the imbalanced scenarios caused by a reduction in the
number of negative and positive samples, the model’s performance exhibits a noticeable decline. However,
in the case of a reduction in neutral samples, despite an overall decline in performance, slight fluctuations
were observed during the decrease. This could be due to the relatively small number of neutral samples,
with the model’s weaker prediction capability for boundary samples among the neutral samples. When these
boundary samples are removed, the model’s overall performance experiences a slight rebound. Overall,
although the model’s performance shows a slight downward trend as the degree of data imbalance increases, it
still performs well. This suggests that the model demonstrates both sensitivity and a certain level of robustness
when facing imbalanced data distributions.
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Figure 10: The model’s binary classification accuracy under different levels of data distribution imbalance

4.7 Results of t-SNE Analysis for Sentiment Clustering

To demonstrate the model’s ability to learn emotional features at different training optimization stages,
we present the multimodal joint feature emotion clustering t-SNE plots for four training stages in Fig. 11.
Points in the figure that are close to yellow represent a positive emotional bias, while points near purple
indicate a negative emotional bias, and the green region represents neutral emotions. By mapping the
joint features of the samples to colors, we can visually observe the model’s representation distribution
across different emotional polarities, thereby illustrating the model’s learning effectiveness with respect to
emotional features at different stages.
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Figure11: Results of t-SNE analysis for sentiment clustering at different learning stages: With the optimization of model
training, the emotion clustering performance significantly improved. The distribution of emotional samples became
more organized, and the overlap between categories was notably reduced

At the initial stage (Epoch 0), the feature space is chaotic, with high overlap among samples of
different emotions, indicating that the model has not yet developed an effective ability to distinguish
emotions. As training progresses (Epoch 33), an initial clustering trend begins to appear, but there is still
noticeable confusion in the neutral emotional category, showing that the model has started to capture basic
emotional features.

In the later stages of training (Epoch 66), the feature space is significantly optimized, with improved
separation between categories and reduced overlap, confirming that the model has acquired a more precise
emotional discrimination ability. At the final stage (Epoch 100), an ideal continuous emotional distribution
is observed, with tight intra-class cohesion and natural inter-class transitions, which fully validates the
model’s outstanding multi-modal emotional understanding and classification performance. These results
convincingly demonstrate the model’s capability to accurately capture emotional features and highlight its
excellent multi-modal emotional comprehension, providing direct evidence of the model’s effectiveness in
emotional classification.

5 Conclusion

This paper presents an innovative multimodal sentiment analysis model, TGICP. The model mines the
common information of modality-specific similar samples through a unimodal inter-sample graph, and
introduces a dual-perspective commonality embedding optimization layer. This layer enhances the role of
common features while preserving the uniqueness of samples, thereby improving the model’s generalization
ability and fully leveraging the advantages of each modality. To address the issue of asymmetric information
between modalities, the model incorporates a dynamic gating adjustment mechanism. This mechanism
dynamically modulates the interaction process by calculating the information discrepancy between textual
and non-textual modalities, thus enhancing the model’s ability to learn from non-textual modalities.

The experiments demonstrate that TGICP significantly improves performance on two mainstream
multimodal sentiment analysis datasets, but there is still room for improvement. Currently, the cross-
sample graph does not fully consider the spatiotemporal relationships of non-text modalities and the word
dependencies within the text modality, which may impact representation learning. Additionally, the common
feature enhancement process may lead to excessive smoothing in the feature space, potentially introducing
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unnecessary errors in multiclass tasks. Moreover, due to the lack of large-scale pre-trained corpora with
emotional annotations (similar to the English Yelp Dataset Challenge) and linguistic knowledge resources
(similar to the English SentiWordNet) in the Chinese domain, SentiLARE can only be applied to English
data, which limits the applicability of our model when dealing with non-English data.

Future work will focus on designing more refined methods for extracting emotional information
within each modality to enhance representation learning and optimizing the common feature introduction
mechanism to avoid the issue of feature space smoothing. Additionally, ongoing exploration of model
optimization directions will aim to improve its robustness and applicability in a wider range of scenarios.
Once again, although we have improved the temporal information modeling of non-text modalities by
designing the NIE module to address the imperfections caused by BiLSTM, and achieved good performance,
this improvement has not fundamentally solved the problem. Therefore, in our follow-up research, we will
consider adopting other more sophisticated methods for handling temporal features to further optimize
the model’s ability to process temporal information. At the same time, we will actively explore pathways
for obtaining and constructing large-scale pre-trained corpora in Chinese, along with targeted fine-tuning
of SentiLARE; we will also assess and introduce more versatile language models as alternatives, achieving
performance improvements through model fusion and parameter optimization.

Furthermore, given the current study’s limitations in user-generated content privacy protection, subse-
quent research will employ techniques such as data de-identification and privacy-preserving enhancement
algorithms to build a secure and compliant research framework, advancing the work while ensuring
user privacy.

Finally, to comprehensively evaluate the performance of TGICP in complex labeling scenarios and real-
world application environments, we plan to introduce real-world datasets containing multi-level semantic
annotations and fine-grained emotional labels. This will allow us to systematically explore the model’s
capabilities in complex semantic understanding and scene adaptability. Additionally, we will simulate
real application environments to design experimental setups, combining quantitative evaluation metrics
and qualitative analysis methods to thoroughly validate the model’s robustness and generalization ability,
providing reliable performance evaluation for practical applications.
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