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Abstract: With the development of the Internet, The content people share contains types of text,
images, and videos, and utilizing these multimodal data for sentiment analysis has become an
important area of research. Multimodal sentiment analysis aims to understand and perceive emotions
or sentiments in different types of data. Currently, the realm of multimodal sentiment analysis
faces various challenges, with a major emphasis on addressing two key issues: 1) Inefficiency
when modeling the intra-modality and inter-modality dynamics and 2) Inability to effectively fuse
multimodal features. In this paper, we proposed the CCDA(Cross-Correlation in Dual-Attention)
model, a novel method to explore dynamics between different modalities and fuse multimodal
features efficiently. We capture dynamics at intra- and inter-modal levels by using two types of
attention mechanisms simultaneously. Meanwhile, the cross-correlation loss is introduced to capture
the correlation between attention mechanisms. Moreover, the relevant coefficient is proposed to
integrate multimodal features effectively. Extensive experiments were conducted on three publicly
available datasets, CMU-MOSI, CMU-MOSEI, and CH-SIMS. The experimental results fully confirm
the effectiveness of our proposed method, and compared with the current optimal method (SOTA),
our model shows obvious advantages in most of the key metrics, proving its better performance in
multimodal sentiment analysis.

Keywords: multimodality; sentiment analysis; attention mechanism

1. Introduction

Multimodal sentiment analysis(MSA) is an important branch in the field of artificial intelligence.
It aims to capture and understand human sentiment or emotion contained in text, speech, images, or
other types of data, usually including positive, negative, neutral, or more specific emotional states
such as joy, sadness, and anger [1]. In recent years, with the popularity of online social platforms, a
large amount of multimodal data has emerged on the Internet. By analyzing data containing multiple
modalities, computers can perceive human sentiment in the data [2]. Multimodal sentiment analysis
has attracted widespread attention and it is widely applied in social media analysis [3,4], market
research [5,6], and human-computer interaction [7,8]. Nevertheless, there are two main challenges
in current multimodal sentiment analysis research. The first one is inefficiency in modeling the
intra-modality and inter-modality dynamics. Multimodal sentiment analysis requires processing
data from different modalities and correlating them to capture sentiment. It also needs to deal with
sentiment dependencies within a single modality to help the model understand sentiment more
accurately. Effective integration of features from different modalities can improve the accuracy
and robustness of the model, which is crucial for the reliability of sentiment analysis in practical
applications.

In early studies of multimodal sentiment analysis, researchers have used two main approaches to
process multimodal data: The first one is simply concatenating multimodal features [9-14] (commonly
referred to as early fusion), and the second one is late fusion [15-18]. Although these two methods
were relatively simple, when dealing with modal features, the model is unable to capture intra-
and inter-modality dynamics efficiently, which may lead to poor model performance. Subsequently,
researchers proposed more complex methods such as hybrid fusion [19-21] and model-level fusion [22—
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25] to further explore the correlations between different modalities. Additionally, attention mechanisms
have been introduced into multimodal sentiment analysis to compute intra- and inter-modality
correlations by using attention mechanisms [26,27]. With the invention of Transformer [28] and its
outstanding performance in the field of natural language processing, Transformer has been widely
used in other research areas such as multimodal sentiment analysis. For example, [29-32] leverage
the Transformer encoder to model correlation information between different modalities and have
achieved good results in multimodal sentiment analysis. Some scholars have used tensor-based fusion
methods [33-35] to solve the problem of fusion of multimodal features, and there are other researchers
have adopted other methods such as self-supervised learning [36], contrastive learning [37], multi-task
learning [38], etc.

In this paper, we use a transformer-based approach to capture sentiment information and extract
dynamics within and between modalities, and we introduce the relevant coefficient for the fusion of
multimodal features. In addition, we propose a new cross-correlation loss function for investigating the
correlations between different levels of attention mechanisms. Specifically, we obtain the inter-modality
dynamics between the global representation and unimodal representation by using the cross-attention
mechanism, which is the component of the Transformer. So that they can strengthen themselves by
learning about each other in this process. At the same time, we obtain the intra-modality information by
using the self-attention mechanism for three unimodal features respectively. In addition, in our research,
we hypothesized that there is some correlation between different levels of attention mechanisms, so
we proposed the cross-correlation loss to assess the interrelationship between cross-attention and
self-attention. The contributions of this paper can be summarized as follows:

¢ We propose CCDA, a hierarchical model that studies intra- and inter-modality correlations by
using self-attention and cross-attention, respectively. Moreover, we introduce a new method to
fuse multimodal features efficiently.

¢ We innovatively introduce a new cross-correlation loss function to study the correlation between
different levels of attentional mechanisms in more depth. The objective function is minimized
to cut down redundant information, which can help our model to better perceive sentiment
information.

e Extensive experiments demonstrated the effectiveness of our proposed methodology. Our model
achieves comparable results to the state-of-the-art (SOTA) approach in all evaluation metrics on
the CMU-MOSI, CMU-MOSEI, and CH-SIMS datasets.

2. Related works

Multimodal sentiment analysis aims to obtain sentiment information from different types of
data. It provides additional sources of information for affective computing and enables computers to
understand and perceive human sentiment more accurately [1-4]. A key challenge in this area is how
to efficiently fuse data from different modalities so that the model can recognize sentiment precisely.
This section presents related works on multimodal sentiment analysis, including early fusion, late
fusion, hybrid fusion, word-level fusion, tensor-based fusion, attention-based methods, and other
recent research approaches.

Early fusion combines all of the features from different modalities(text, audio, and visual) into a
single feature vector, which is then used for sentiment prediction using a classification algorithm or
model [9,12-14,26,39,40]. The advantage of this approach is that it can take into account the correlation
between different modality features at the early stage. However, there may be asynchrony in the way
features are extracted for different modalities, leading to temporal inconsistency between features.
Additionally, early fusion may contain a lot of redundant and conflicting information, which reduces
the learning efficiency of the model.
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Table 1. Related works in multimodal sentiment analysis.
Method type Description Advantages Flaws
Early fusion Combines all of the Realizes modal Time asynchrony
y features from different interactions at the and information
modalities into a early stage. redundancy
vector.
. Employs independent Helps model to better Usually involves
Late fusion i . .
classifiers separately integrate semantic more complex model
for each modality. information structures.
. . Combines the Balance the moddl’s Inefficiency
Hybrid fusion .
advantages of early complexity.
fusion and late fusion
Fuses word Helps model to Insufficient
Word-level fusion  representation in the understand the generalization
temporal dimension. intrinsic relation of
multimodal data.
Utilizes various Integrate multimodal Excessive computation
Tensor-based tensor-based data effectively and and lack of
methods to integrate address the complexity interpretability.
information from and noise issues.
different modalities.
Learns the semantic More flexible and Models multimodal
Attention-based and relevant accurate in processing information
information using multimodal data inefficiently in some
different attention cases.
mechanisms.
Models the correlation Ability to process Closely related to the
Transformer-based between different temporal information depth of the model.
modalities using and capture
transformer interactions between

different modalities.

In contrast to early fusion, late fusion employs independent classifiers separately for each
unimodal data and then fuses the outputs of each model to generate the final multimodal
representation, or votes on the results of each model [15-18]. While late fusion helps the model
to better integrate semantic information, it usually involves more complex model structures.

Hybrid fusion combines the advantages of early fusion and late fusion, capitalizing on their
strengths and compensating for their weaknesses respectively. The core idea of this approach is
to allow features to be fused at different stages of the model while avoiding some of the potential
problems of early fusion and late fusion [19-21,41]. In addition, Hybrid fusion is able to better balance
model complexity.

Word-level fusion is a method that fuses word representations in the temporal dimension to
capture the interrelationships between different modalities. This approach emphasizes word-level
information interactions and helps to understand the intrinsic structure and semantic relatedness of
multimodal data in more detail [22-25]. Word-level fusion improves the model’s ability to process
and model multimodal sentiment data by fusing information from different modalities in word
representations.

Tensor fusion utilizes various tensor-based methods to integrate information from different
modalities. These methods can effectively integrate multimodal data and address the complexity and
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noise issues in the data [33-35,42-46]. However, these methods may suffer from excessive computation
and lack of interpretability.

Attention mechanism plays a significant role in multimodal sentiment analysis, it helps models
better understand and leverage the interconnections and semantic information between different
modalities, and to be more flexible and accurate in processing multimodal data [13,26,31,47,48]. Google
proposed the Transformer [28] in 2017, which has been very successful in natural language processing.
Subsequently, Transformer was introduced into various domains including multimodal sentiment
analysis, and spawned a series of significantly innovative approaches. The Transformer model
can model temporal information in the data and process unimodal data through the self-attention
mechanism, and Transformer can also achieve the interaction between different modalities [29-32,48—
52]. Furthermore, the Transformer exhibits strong generalization capabilities, making it suitable for
different types of multimodal sentiment analysis tasks.

In addition, there are other methods in multimodal sentiment analysis, such as multi-task
contrastive learning [38], dynamic filtering mechanism [53], bidirectional multimodal dynamic
routing mechanism [54], cross-modal hierarchical graph contrastive learning strategy [37], supervised
contrastive learning [22], and dynamic refined sentiment words [55], etc.

3. Methodology

3.1. Problem Definition

Multimodal sentiment analysis is a task that utilizes multiple modalities for the study of human
sentiment. Typically, it includes three modalities: text, speech, and images. We define three modality
feature sequences, X, = {Xy 1, Xm2, ... Xmn}, and sample labels Y = {y1,y2,...yx}, where the
modality is represented as m € {t,a,v}(t stands for text, a stands for audio, and v stands for visual)
and n represents the number of samples in the dataset. Our goal is to input modality features
Xy € RTn*dmx1 into a model to obtain an accurate sentiment prediction label y € R', where T,, and
d;, represent the sequence length and the dimension of modality features separately.

3.2. Model Structure

In this section, we will provide a detailed overview of the architecture of the CCDA
(Cross-Correlation in Dual-Attention) model, as shown in Figure 1. We first use three unimodal
encoders to obtain the utterance representation U, and embedding F;, for each modality separately,
which m € {t,a,v}. This helps the model understand the semantic and sentiment information in each
modality.

Next, we will delve into the Dual-Attention mechanism(which contains self-attention and
cross-attention), a core component of CCDA. By utilizing self-attention and cross-attention, CCDA can
capture sentiment information and dynamics within a single modality (Intra-modality) and across
different modalities (Inter-modality), respectively. This Dual-Attention mechanism enables the model
to comprehensively analyze multimodal data and sentiment information, thereby improving the
accuracy of sentiment analysis.

Following that, CCDA fuses the unimodal and multimodal representations obtained from these
two attention mechanisms to generate the final sentiment representation. It is worth noting that while
obtaining information about the intra-modality and inter-modality dynamics, CCDA also calculates
cross-correlation losses between the embeddings generated by the two attention mechanisms. This
contributes to the indirect interaction between the two attention mechanisms and thus improves the
model’s performance.
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Figure 1. The structure of CCDA. The global representation G consists of three unimodal
representations {U;, U, Uy }. The model processes the global representation G and the unimodal
features F, using the Dual Attention to obtain new global and unimodal representations
{G, ﬁt, u,, LNIU} and fuses these representations for sentiment prediction. The unimodal features
{Fts ,FS,ES, Ftc, FS,ES} generated during this process are used to learn the correlation between the
two attention mechanisms. The final objective function consists of the prediction loss £¢ and the
cross-correlation loss L. .

In the following parts, we elaborate on the three main components of CCDA: unimodal
encoders[Section 3.2.1], dual-Level attention[Section 3.2.2], and fusion and prediction units[Section
3.2.3].

3.2.1. Unimodal Encoders

Similar to EMT [32], we employ the pre-trained BERT model to encode textual tokens into
context-aware word embeddings. Specifically, we notice that the [CLS] token of the BERT model
contains a sequential representation of the text modality. Therefore, we use this token as the utterance
representation for the text sequence, denoted as u; € R% . For the audio and visual modalities, we
use LSTM recurrent neural networks to extract temporal information from the feature sequences.
Ultimately, we select the hidden state of the last time step of the LSTM network for both the audio and
visual modalities as their respective utterance representations: u, € R% and u, € R%. Simultaneously,
we need to process other tokens output by the BERT model and hidden states from LSTMs at different
time steps for later use in Self-Attention and Cross-attention mechanisms. These representations are
denoted as F,, € RTnxdm 1y {t,a,v}, representing the text, audio, and visual modalities, respectively.

F; = BERT(X;)
F, = LSTM(X,) 1)
F, = LSTM(X,)

3.2.2. Dual-Level Attention

Attention mechanisms help the model better understand multimodal sentiment data and perceive
emotional information. They enable the model to capture dynamics within a single modality or
between different modalities during the multimodal sentiment processing. The Transformer [28] is a
language model in the field of natural language processing, it is based on dot-product self-attention
mechanisms. It employs self-attention to infuse global semantic information and consider long-range
dependencies for every word in the sequence. Furthermore, the multi-head mechanism allows the
model to learn different subspaces of semantics.
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In simple terms, the Transformer processes the input sequence H € RT*“ with positional encoding,

and it defines Query as Q = HWg, Key as K = HWk, and Value as V = HWy, where W represents
the weight matrices during the feature sequence mapping process. Therefore, self-attention can be
represented as equation 2:
Sel f-Attention(H) = softmax(Q—KT)V 2)
Vi
In MulT [29], the Query and K-V pair in the self-attention computation process come from
different modalities. Thus, MulT captures the interaction between the two modalities. MulT combines
three modality pairs and calculates bidirectional modality interactions for each pair. As shown in
equation 3, For two modality feature sequences Hy and Hp, MulT defines Query as Q1 = H{ W, Key
as Ky = HyWk, and Value as V, = H,Wy,. It calculates cross-modal attention in two directions between
a pair of modalities:

. QKT
Cross-Attention(Hy — Hp) = softmax( %
f 7h
KT
Cross-Attention(Hy — Hy) = softmax(Q2 Lywn @)

Vi

EMT [32] concatenates three unimodal utterance representations into a multimodal global
representation. Inspired by EMT [32], we concatenate the utterance representations from each modality
uy as the global representation G = Concat(u¢, u,, u,) during the Cross-Attention stage, where
m € (t,a,v). Subsequently, we utilize a Transformer to calculate inter-modality information between
the modality feature sequences F,, € R'***4and the global representation G € R**?. As shown in
Figure 2 and Equation 4.

Attention(G — Fy,) = Cross-Attention(G — Fy,)
Attention(F, — G) = Cross-Attention(Fy — G) 4)

On the other hand, we utilize modality-specific Transformer encoder layers, denoted as L, to
capture intra-modality information for each modality individually (using Equation 2). After encoding
each modality, we use the self-attention mechanism in Transformer to process the unimodal feature
sequences separately, in which the embedding at each position is able to learn the semantic and
emotional information contained in the sequences.
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Figure 2. The structure of cross-attention. Cross-attention is used to capture dynamics between the
global representation G and unimodal representations Fj,.

The use of dual attention allows the model to process and analyze multimodal data at two
different levels, Inter-modality and Intra-modality, for a more comprehensive understanding and
interpretation of multimodal sentiment data.

3.2.3. Modality Fusion

After passing through the Cross-Attention stage, the model obtains Inter-Modality information,
which is reflected through the global representation G’. While in the Self-Attention stage, to maintain
consistency with the global representation, we employ Bi-LSTMs to process the three single-modal
feature sequences individually, obtaining each unimodal representation. Meanwhile, in order to
prevent the unimodal representation from being affected by the depth of the network, we propose the
relevant coefficient, which is computed based on the relationship between the modal representation
and the initial representation.

To be more specific, after learning Intra-Modality information in the Self-Attention stage, the
model utilizes Bi-LSTMs to transform unimodal feature sequences into feature representations U, €
R4 which are specific to each modality. Subsequently, we calculate relevant coefficients based on
the correlation between this representation and the initial modal representations U, € R?*%:

rm = Y_(Diag(tanh(Uy,) ) tanh(Uy)) — 1)2 (5)

Where @ denotes matrix multiplication, and Diag(-) represents all the diagonal elements of a
square matrix. After obtaining the relevance coefficient r,, for each modality, we multiply it with U],
to obtain the single-modal representation:

ﬁm =Tm X U;,n (6)

Here, ry, is the relevance coefficient specific to each modality, and U}, represents the feature
representation of the corresponding modality obtained through Bi-LSTMs.
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After obtaining the representations for both inter-modality and intra-modality {G’ P fIl, L~Iﬂ, EIU},
we concatenate the unimodal representations { U, Uy, U, } with the global representation G’ to create
the representation for the sample. Finally, we employ several linear layers in combination with
activation functions to make predictions for the ultimate result.

y = Pred(Concat(G', U, U, Uy)) @)

3.3. Cross-Correlation Loss

Most of the current research uses attention mechanisms to capture relevant information from
both intra-modality and inter-modality, but few scholars consider the relationship between these
two different attention levels. In order to extract this relationship in dual attention, we propose a
Cross-Correlation loss to obtain relevant information. By adding it to the objective function, the model
is able to accomplish an undirected interaction between two different kinds of attention.

As shown in Figure 3, we use linear projectors to expand the feature sequence dimensions of the
two different attention mechanisms and perform modality-specific matrix multiplication to obtain a
set of matrices with a shape of (batch, length, length).

Cn=F5 QES 8)

where C;, represents the cross-correlation matrix of the m modality’s feature sequences in two different
attention mechanisms, m € {t,a,v}. The diagonal elements in this matrix represent the correlation
between the corresponding positions of the two feature sequences, while the off-diagonal elements
represent the redundant information.

Ex

En Cm = Fp ® Fp
Figure 3. The Cross-Correlation matrix in Dual-Attention. We perform modality-specific matrix
multiplication on the two types of unimodal feature sequences to obtain a cross-correlation matrix,

and we use the diagonal elements of the matrix to represent the indirect interaction between these two
feature sequences.

Our goal is to maximize the diagonal elements of the cross-correlation matrix (improving the
correlation in Dual-Attention) while minimizing the off-diagonal elements (reducing the redundant
information in Dual-Attention) during model training. As shown in Equation 9.

A M n n
ACCorr =37 Z(Z(Cl] - 1)2 + Zczzj) (9)
M S i#]

The term Z?:j(cij —1)%in Lc,,, is the correlation term, which denotes the correlation between

the sequence of modality features of m in different attention mechanisms, and the other term 37/, y 612]-

the redundancy term. Intuitively, the model increases the correlation between different attentional

is

mechanisms by making the diagonal elements of the cross-correlation matrix close to 1. At the same
time, it reduces the redundancy term by making the off-diagonal elements of the cross-correlation
matrix close to 0.

Since the cross-correlation loss is calculated for all elements in the cross-correlation matrix, setting
the weight of the cross-correlation loss too high in the objective function can cause the two attention
mechanisms to lose their specificity and thus reduce the model performance. Therefore, we set a scaling
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factor A in the cross-correlation loss according to the expansion of the feature sequence dimension. We
conducted ablation experiments on different scaling weights on two datasets, as shown in Section 4.3.

4. Experiment
4.1. Preparations

4.1.1. Datasets

Multimodal dataset collects information from different modalities, such as text, speech, and
vision, providing researchers with opportunities to gain a deeper understanding and analysis of
sentiment expression. Three publicly available datasets are used in this article, including CMU-MOSI,
CMU-MOSEI and CH-SIMS.

CMU-MOSI [56](Multimodal Opinion Level Sentiment Intensity) is a multimodal dataset with
character subjective sentiment and sentiment intensity annotations. It contains 2,199 multimodal
samples from 93 YouTube videos, with each video ranging from 2-5 minutes and featuring 89 different
speakers. Each video has been annotated with sentiment intensity, ranging from strong positive to
strong negative on a scale from -3 to 3.

Another dataset is CMU-MOSEI [23](CMU Multimodal Opinion Sentiment and Emotion
Intensity), an upgraded version of the CMU-MOSI dataset and one of the largest sentiment analysis
datasets covering multiple fields, including sentiment recognition. CMU-MOSEI contains 23,453
manually annotated video clips from 5,000 videos on YouTube, including 1,000 different speakers and
250 different topics, covering almost all topics in daily life. CMU-MOSEI uses the same annotation
method as CMU-MOSI.

In addition, considering the research on multimodal sentiment analysis in the Chinese community,
we also used CH-SIMS [57], a refined Chinese multimodal dataset. It contains 2,281 samples from 60
videos collected from movies, TV shows, and variety shows. Compared to the first two datasets, it not
only includes multimodal sentiment labels but also provides independent fine-grained single-modality
sentiment labels for each sample. Each label in this dataset is manually annotated from -1 (strongly
positive) to 1 (strongly negative). The statistical information of these three datasets is shown in Table 2.

Table 2. Statistics of MOSI, MOSEI, and SIMS datasets.

Dataset Train  Validation Test All
CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16326 1871 4659 22856
CH-SIMS 1368 456 457 2281

4.1.2. Data Processing

We targeted the different modalities for processing. For the text modality, we used the
BERT-based-uncased model to encode the CMU-MOSI and CMU-MOSEI datasets. In addition, for
the Chinese multimodal sentiment dataset CH-SIMS, we used the BERT-based-Chinese model for
text encoding. This step helps to transform text data into vector representations with rich semantic
information.

When processing the speech modality, we used the COVAREP tool to extract audio features,
including pitch, glottal source parameters, and 12 Mel-frequency cepstral coefficients (MFCCs). These
features capture sound frequencies, voice source properties, and acoustic features in speech, providing
important information for sentiment analysis. For the CH-SIMS dataset, we used the Librosa toolkit in
Python to extract speech features such as log fundamental frequency, constant-Q chromatograms, and
20 MFCCs.
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For visual modality, we used the Facet tool to extract 35 facial features for the CMU-MOSI and
CMU-MOSEI datasets, which record facial muscle movements related to sentiment. For the Chinese
sentiment dataset CH-SIMS, we used the OpenFace 2.0 toolkit to extract 17 facial action units, 68
facial landmarks, and some features related to head posture and eye movements. These facial features
capture information related to facial expressions in sentiment expression, providing important visual
data for multimodal sentiment analysis.

4.1.3. Baseline

In the field of multimodal sentiment analysis, there exists a series of different baseline models,
each with its own characteristics. In order to comprehensively verify the performance of the method
proposed in this paper, we compared it with many current methods, which mainly include:

TEN [33]. Tensor Fusion Network is a tensor fusion-based method that computes the triple
Cartesian product between three modalities to explicitly capture intra-modality and inter-modality
dynamic information. It utilizes tensor operations to capture the interaction and fusion of multimodal
information.

LMF [34]. Similar to TFN, Low-rank Multimodal Fusion also relies on tensor operations,
but it cleverly uses modality-specific low-rank factors to more efficiently compute multimodal
representations, improving fusion efficiency while ensuring information quality.

MulT [29]. Multimodal Transformer adopts a bidirectional cross-modal attention mechanism to
calculate the relation between two different modalities separately. The method is based on Transformer
architecture, which can better capture dynamic information between different modalities.

MISA [58]. Modality-invariant and-specific Representations for Multimodal Sentiment Analysis.
MISA uses a subspace learning approach to map each modality to two different subspaces for learning,
providing a comprehensive view of multimodal representation learning and achieving better fusion
results.

Self-MM [21]. Self-Supervised Multi-task Multimodal sentiment analysis network designs an
unimodal label generation module based on self-supervised learning to obtain independent unimodal
representations. It utilizes self-supervised learning to improve model performance. Also, it jointly
trains multimodal and unimodal tasks to learn modal consistency and variability.

AMML [59]. Adaptive Multimodal Meta-learning uses a meta-learning approach to train
unimodal networks and applies them to multimodal inference. This method focuses on network
adaptability and optimizes unimodal representations through adaptive learning rate adjustment for
better multimodal fusion.

MMIM [40]. MultiModal InfoMax proposes a hierarchical maximization of mutual information
framework, which improves the consistency and information density of multimodal representations by
maximizing mutual information and preserves task-relevant information through multimodal fusion.

EMT [32]. Efficient Multimodal Transformer proposes an efficient network based on the
Transformer architecture for integrating multimodal information. This network utilizes unimodal
encoders to obtain multimodal representations and enables mutual learning between multimodal
global representations and unimodal feature sequences.

4.1.4. Hyper-Parameter Setting

We use the Pytorch in deep learning to build our model and optimize it with the Adam optimizer,
and we adopt an early-stop strategy. Table 3 shows the parameter settings for CCDA trained on
CMU-MOSI, CMU-MOSEI, and CH-SIMS datasets. In the Cross-Attention section, we adopt the same
hyperparameter settings as EMT, and in the Self-Attention section, we use the Transformer parameter
settings in MulT. To reflect the accuracy of the results, we conducted five experiments and averaged
each metric in the experimental results.
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Table 3. CCDA hyperparameter settings on three datasets.

Hyper-Parameter CMU-MOSI  CMU-MOSEI  CH-SIMS
Batch size 32 16 32
Early stop(epochs) 16 8 16
Learning rate le-3 le-4 le-3
Optimizer Adam Adam Adam
Dimension of feature and representation 128 128 128
Transformer layers in Cross-Attention 3 2 4
Cross-Attention heads 4 4 4
Transformer layers in Self-Attention 2 2 2
Attention dropout 0.1 0.1 0.1
Stacked LSTM layers for Self-Attention 2 2 2
Stacked LSTM dropout 0.1 0.1 0.1
A in Cross-Correlation Loss 5e-5 5e-5 le-3
Projector dims in Cross-Correlation Loss 1024 1024 256

4.2. Result Analysis

4.2.1. Evaluation Metrics

In regression tasks, we mainly use two metrics to measure model performance: Mean Absolute
Error (MAE) and Person Correlation Coefficient (Corr). MAE is used to measure the average absolute
error between the model’s predicted values and the true labels, with lower values indicating better
model performance. Corr is used to measure the correlation between the model’s predicted results
and the true labels, with values closer to 1 indicating better model performance. Additionally, we
also convert the model’s output results into classification task metrics, including Acc-k and F1-score.
Acc-2, Acc-5, and Acc-7 on the CMU-MOSI and CMU-MOSEI datasets and Acc-2, Acc-3, and Acc-5 on
CH-SIMS are used to evaluate the model’s accuracy in multi-classification tasks, with larger values
indicating better model performance. Fl-score represents the harmonic mean of precision and recall
and is used to evaluate the balance between positive and negative categories. Higher F1 indicates
better model performance in classification tasks.

4.2.2. Quantitative analysis

The experimental data for TFN, LMF, MulT, MISA, Self-MM, and MMIM comes from [40]. For
the other models, we conducted five experiments on each of the three datasets using publicly available
source code and averaged the experimental results for each model. In all evaluation metrics, except
for MAE, larger values indicate better model performance. The experimental results are compared in
Tables 4-6.

Table 4 shows the model’s results on the CMU-MOSI dataset. Compared to the EMT model, CCDA
improved by 0.009 on the regression metrics MAE and Corr. In terms of classification task metrics,
CCDA improved by 0.6% on Acc-2 and Acc-5 and 0.7% on Acc-7 and achieved a 0.6% improvement in
F1 score over the best model. Similarly, as shown in Table 5, CCDA’s performance on CMU-MOSEI
improved by 0.003 on MAE, 0.006 on Corr, 0.5% on Acc-7, 0.4% on Acc-5, 0.6% on Acc-2, and 0.7% on
F1 compared to EMT. Table 6 shows the experimental results of the model on CH-SMIS, where CCDA
achieved better results on some metrics, such as 0.006 on MAE, 0.005 on Corr, 1.4% on Acc-3, 1.2% on
Acc-2, and 0.9% on F1. However, its performance on the 5-classification task was slightly worse than
that of the EMT model. We believe that while CCDA improves coarse-grained sentiment classification,
but it does not improve much for fine-grained classification.
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Table 4. Experiments on CMU-MOSI

Models MAE(]) Corr(1) Acc-7(1) Acc-5(1) Acc-2(1) F1(1)
TEN [33] 0.901 0.698 349 - 80.8 80.7
LMF [34] 0.917 0.695 33.2 - 82.5 82.4
MulT [29] 0.846 0.725 40.4 46.7 83.4 83.5
MISA [58] 0.804 0.764 - - 82.1 82.0
Self-MM [21] 0.717 0.793 46.4 52.8 84.6 84.6
MMIM [40] 0.712 0.790 46.9 53.0 85.3 85.4
AMML [59] 0.723 0.792 46.3 - 84.9 84.8
EMT [32] 0.705 0.798 474 54.1 85.0 85.0
Ours 0.696 0.807 48.0 54.8 85.7 85.6

Table 5. Experiments on CMU-MOSEI

Models MAE() Corr(f) Acc-7(1) Acc-5(1) Acc2(1) F1(1)
TEN [33] 0.593 0.700 50.2 - 82.5 82.1
LMEF [34] 0.623 0.677 48.0 - 82.0 82.1
MulT [29] 0.564 0.731 52.6 54.1 83.5 83.6
MISA [58] 0.568 0.724 - - 84.2 84.0
Self-MM [21] 0.533 0.766 53.6 55.4 85.0 85.0
MMIM [40] 0.536 0.764 53.2 55.0 85.0 85.1
AMML [59] 0.614 0.776 52.4 - 85.3 85.2
EMT [32] 0.527 0.774 54.5 56.3 86.0 86.0
Ours 0.524 0.780 55.0 56.7 86.6 86.7

Table 6. Experiments on CH-SIMS

Models MAE() Corr(f) Acc-5(1) Acc-3(T) Acc2(1) F1(1)
TEN [33] 0.437 0.582 - - 77.1 76.9
LMF [34] 0.438 0.578 - - 774 77.4
MulT [29] 0.442 0.581 40.0 65.7 78.2 78.5
MISA [58] 0.447 0.563 - - 76.5 76.6
Self-MM [21] 0411 0.601 43.1 66.1 78.6 78.6
MMIM [40] 0.422 0.597 42.0 65.5 78.3 78.2
AMML [59] 0.437 0.583 41.2 64.2 78.0 78.1
EMT [32] 0.396 0.623 43.5 67.4 80.1 80.1
Ours 0.393 0.628 43.3 68.3 81.1 81.0

4.3. Ablation Study

To validate the multimodal fusion strategy used in the CCDA model and the impact of
cross-correlation loss on model performance, we conducted ablation experiments on two datasets,
CMU-MOSI and CH-SIMS. First, we examined the influence of relevant coefficients in the multimodal
fusion strategy. Secondly, we verified that the cross-correlation loss helps the model capture the
correlations in the dual attention during the training process.

4.3.1. Multi-Modal Fusion Strategy

Before performing multi-modal fusion in the model, we adjusted the unimodal representations
based on the relevant coefficients computed between unimodal representations and their respective
initial modality representations. Subsequently, these representations were concatenated with the global
multimodal representation. To validate the effectiveness of our proposed fusion method, we conducted
experiments on both Chinese and English datasets. We compared the performance of models with and
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without considering unimodal relevant coefficients, where the unimodal representations, computed
after self-attention and subsequent Bi-LSTMs, were directly concatenated with the global multimodal
representation, and then fed into the fusion and prediction module. We also compared these results
with the standard version of CCDA. The comparative experimental results are shown in Tables 7 and 8.

Table 7. Impact of Correlation Coefficients in Fusion Strategy on CMU-MOSI

MAE(}) Corr() Acc7(t) Acc5(1) Acc2(t) FI()

Direct Concat 0.713 0.790 46.5 53.8 85.2 85.2
CCDA 0.696 0.807 48.0 54.8 85.7 85.6

Table 8. Impact of Correlation Coefficients in Fusion Strategy on CH-SIMS

MAE(}) Corr(?) Acc-5(1) Acc-3(1) Acc2(1) FI1(D)

Direct Concat 0.408 0.614 41.2 66.4 80.4 80.4
CCDA 0.393 0.628 43.3 68.3 81.1 81.0

According to Tables 7 and 8, it is evident that in multimodal fusion, the model’s performance
significantly improves when unimodal features are augmented with relevant coefficients compared to
direct concatenation. Specifically, there is a 1.5% improvement in Acc-7, indicating that CCDA achieves
higher accuracy in multi-class classification.

4.3.2. Cross-Correlation Loss Function

Additionally, this study assumes a certain degree of cross-correlation between self-attention and
cross-attention. Thus, we introduced a cross-correlation loss function to facilitate indirect interaction
between these two attention mechanisms. To assess the impact of cross-correlation loss on model
performance, we conducted ablation experiments on the CMU-MOSI and CH-SIMS datasets, as shown
in Tables 9 and 10.

Table 9. Impact of Cross-Correlation Loss in the Objective Function on CMU-MOSI

MAE() Corr(1) Acc7(1) Ace-5(1) Acc-2(f) F1(D)

w /o corr loss 0.708 0.795 474 54.2 84.9 84.9
CCDA 0.696 0.807 48.0 54.8 85.7 85.6

Table 10. Impact of Cross-Correlation Loss in the Objective Function on CH-SIMS

MAE() Corr(1) Acc-5(1) Acc-3(1) Acc-2(1) F1(1)

w /o corr loss 0.400 0.610 42.0 66.7 80.1 80.1
CCDA 0.393 0.628 43.3 68.3 81.1 81.0

It can be observed that adding cross-correlation loss to the objective function significantly
enhances the model’s performance. This improvement is particularly pronounced in multi-class tasks,
indicating that cross-correlation loss has a substantial impact on model performance in multi-modal
sentiment analysis. Further analysis reveals that cross-correlation loss establishes a closer connection
between self-attention and cross-attention in the model, enabling better integration of information from
multimodal data. This indirect interaction helps the model better understand the relationships between
different modalities, thereby improving overall sentiment analysis performance. In multimodal
sentiment analysis tasks, such enhanced connectivity is highly beneficial. Moreover, the results on
different datasets demonstrate the universality of the improvement brought by cross-correlation loss,
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indicating that it is not limited to specific datasets. This strengthens the scalability and generality of
our approach.

4.3.3. Scaling Factor in Cross-Correlation Loss

When calculating the cross-correlation loss, the model expands the dimensions of the feature
sequences. As a result, the values of elements in the correlation matrix become relatively large. To
balance the cross-correlation loss in the objective function, we introduced scaling factors. Figure 4
illustrates the impact of scaling factors on the final results. Since we set different feature dimensions for
unimodal features from different datasets (128 for CMU-MOSI and CMU-MOSE]I, 32 for CH-SIMS), and
applied different linear mapping layers for dimension expansion when calculating the cross-correlation
loss for different datasets, the optimal scaling factors also vary. Specifically, we used 5e-5 for
CMU-MOSI and 1e-3 for CH-SIMS.

CMU-MOSI CH-SIMS
920 80

80 — . 70

70 60 e

60 50
P——’w
50 40
40 30
le-5 5e-5 le-4 5e-4 le-3 le-5 5e-5 le-4 5e-4 le-3 5e-3
——Acc2 —-F1 Acch Acc7 —-MAE -=-Corr —-Acc2 —-F1 Acc3 Acc5 —--MAE —=-Corr

Figure 4. Impact of Scaling Weights in Cross-Correlation Loss
5. Conclusion

In this paper, we introduced the Cross-Correlation In Dual Attention (CCDA) model aimed at
fusing multimodal features and perceiving human sentiment analysis. We enriched the self-attention
mechanism by incorporating relevant coefficients on unimodal features, enabling them to partially
attend to the information from the initial modality features during the self-attention level. Additionally,
to effectively handle potential inter-modal correlations between dual-attention mechanisms, We
innovatively propose the cross-correlation loss function. By adding the interrelation loss to the
objective function and minimizing the objective function, we accomplish indirect interaction between
dual attention.

We conducted comprehensive experiments on three commonly used public datasets in the
multi-modal sentiment analysis domain, including CMU-MOSI, CMU-MOSEI, and CH-SIMS, which
is the most comprehensive multi-modal sentiment analysis dataset in the Chinese community. We
compared the CCDA model with baseline models and found that our model demonstrated a significant
advantage on all three datasets. Through experimentation, we demonstrated the strong performance
of the CCDA model in multi-modal sentiment analysis tasks, offering new insights for further research
and applications in this field.

Given the challenges faced in real-world multi-modal sentiment analysis, especially in scenarios
involving missing modal information or noisy data, future research could focus on enhancing the
model’s robustness and accuracy in handling modal information gaps, noise filtering, and correction.
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This would ensure the effectiveness and reliability of the model in a wider range of practical
applications.
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