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Abstract: Multimodal sentiment analysis remains challenging due to the 
difficulty of fusing heterogeneous data like facial expressions, speech, and 
pose. Unlike unimodal analysis, it is often hindered by problems of information 
redundancy, heterogeneity, and complex temporal dynamics. This paper 
proposes MERCAT, a Transformer-based model featuring a cross-modal  
self-attention mechanism to capture deep correlations between different 
modalities. This design enables highly efficient and context-aware inter-modal 
fusion. Extensive experiments on multiple benchmarks show that MERCAT 
achieves excellent performance. It notably excels in emotion classification, 
significantly improving accuracy and F1-score over strong baselines, and in 
emotion intensity prediction, where it substantially reduces error and improves 
correlation. The study conclusively verifies the efficacy of the cross-modal 
attention mechanism for information fusion, providing a robust and effective 
solution for advancing multimodal sentiment analysis. 
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1 Introduction 

Sentiment analysis is a critical research area in artificial intelligence, with much of the 
focus traditionally on text, speech, and images. However, analysing sentiment in video 
content presents unique challenges due to its multimodal nature, including the need to 
fuse information from facial expressions, audio, and body posture. Existing methods 
often struggle with issues such as inter-modal heterogeneity, temporal variability, and 
information redundancy (Wang et al., 2025b), leading to limited performance in  
real-world scenarios. To address these challenges, we introduce the multimodal emotion 
recognition with cross-attention transformers (MERCAT) model. MERCAT integrates a 
transformer architecture with a cross-modal self-attention mechanism, enabling more 
effective fusion of multimodal features from video content (Wang et al., 2025a). This 
approach significantly improves sentiment classification accuracy and emotion intensity 
prediction, offering a more robust solution to the problem of multimodal sentiment 
analysis. 

With the rapid development of technologies such as virtual reality (VR), augmented 
reality (AR), intelligent customer service, human-computer interaction and video 
recommendation, the application scenarios of sentiment analysis are increasing (Li and 
Guenier, 2024; DeMatteo et al., 2024). Sentiment analysis can not only enhance the user 
experience and help virtual assistants better understand the emotional needs of users, but 
also play an important role in intelligent driving, health care and other fields. For 
example, by recognising the driver’s emotional state (Xing et al., 2025; Ning et al., 
2025), the car can determine whether there is a risk of fatigue driving (Xing et al., 2019); 
in the field of health care, sentiment analysis can help monitor the emotional changes of 
the elderly or patients, and timely detection of mental health problems (Cao et al., 2025; 
Li et al., 2025). 

Although multimodal sentiment analysis has great potential for application in video 
content, it still faces many challenges. First, the information of different modalities (e.g., 
facial expression, speech, and pose) is heterogeneous (Huang et al., 2025; Meng and Lin, 
2023), and it is a major challenge to effectively fuse this information to ensure that the 
model is able to understand the inter-modal relationships. Second, sentiment analysis is 
not only limited to the categorisation of sentiment categories (Qi et al., 2022; Huang, 
2025), but also involves the estimation of sentiment intensity, and different individuals 
have different emotional responses (Zeng, 2023), which puts higher requirements on the 
model. In addition, the temporal characteristics of video content also increase the 
complexity of sentiment analysis (Abinaya and Kumar, 2024; Poloju and Rajaram, 2024), 
which needs to take into account the dynamic changes of sentiment expression. 

In order to solve the above problems, this study proposes a multimodal emotion 
feature extraction and information fusion method based on video content. By combining 
information from multiple modalities, such as facial expression, audio, and pose, an 
innovative multimodal sentiment analysis framework is designed to more accurately 
identify the sentiment categories in the video and estimate the intensity of the sentiment. 
The MERCAT model integrates a transformer architecture with a cross-modal  
self-attention mechanism, enabling more effective fusion of multimodal features from 
video content. Cross-modal self-attention refers to a mechanism that allows the model to 
compute relationships between features from different modalities, such as facial 
expressions, audio, and body posture. Unlike traditional attention mechanisms that focus 
on a single modality, cross-modal attention helps the model dynamically adjust the 
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importance of different modalities by learning how they interact with each other. This is 
particularly useful in multimodal sentiment analysis, where different types of data (e.g., 
facial expressions and audio) may convey complementary emotional cues. 

The primary contributions of this research are outlined as follows: 

1 introduce a feature fusion-based framework for multimodal sentiment analysis, 
capable of effectively combining data from vision, audio and pose modalities 

2 the transformer architecture and attention mechanism are introduced to deeply fuse 
cross-modal information and enhance the precision of sentiment analysis 

3 in the task of sentiment intensity prediction, a regression model is designed that can 
accurately predict the intensity of sentiment. 

This study not only provides an innovative multimodal model for the field of sentiment 
analysis, but also provides theoretical basis and technical support for the task of 
sentiment recognition in practical applications. 

2 Research design 

2.1 Holistic modelling: framework, design, and network architecture 

In the current field of multimodal sentiment analysis, although a number of studies have 
adopted deep learning techniques to enhance the effectiveness of sentiment analysis, they 
still face many challenges. First, sentiment expressions are diverse and heterogeneous 
across modalities, which make inter-modal information fusion very difficult. Second, 
emotional information in video content is often temporal in nature (Jawahar et al., 2021), 
and it is also a challenge to effectively capture emotional changes between video frames. 
Although there have been some models that use fusion methods for facial expression, 
speech, pose, and other modalities (Arunkumar and Ramasamy, 2021), these methods 
tend to ignore the potential complex relationships between modalities, resulting in poor 
performance of the models in cross-modal information fusion and emotion classification 
tasks. Therefore, leveraging the strengths of individual modalities while addressing the 
challenges of inter-modal alignment and information redundancy constitutes a critical 
challenge in advancing multimodal sentiment analysis. 

Based on the shortcomings and challenges of previous studies, this paper proposes a 
novel framework for multimodal sentiment analysis named multimodal emotion 
recognition with cross-attention transformers (MERCAT) (Sannidhan et al., 2023). Based 
on the multimodal feature extraction methods used in previous studies, this model 
combines multi-modal emotion feature extraction such as facial expression, audio, 
posture, etc. By incorporating the transformer architecture (Kodipalli et al., 2023) and a 
cross-modal self-attention mechanism into the fusion process, the model directly tackles 
the challenges of modal heterogeneity and inter-modal fusion. 

The overall architectural design of the MERCAT model includes several important 
modules, each of which contributes significantly to the performance of sentiment 
analysis. First, the model extracts facial expression features through facial action network 
(FAN) to capture subtle changes in the face (Lee et al., 2024; Wenting et al., 2024), 
which provides rich emotional cues for sentiment recognition. Second, the DeepSpectrum 
model is used to extract audio features from videos to capture emotional information 
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(e.g., intonation, volume, speech rate, etc.) in speech. In addition, OpenPose was used to 
extract the pose features in the video to analyse the effect of body language on emotion 
(Cai et al., 2024; Fan et al., 2024). All extracted features are fed into the transformer 
network for fusion, which is able to capture the interrelationships between modalities 
through a stacked multi-head self-attention mechanism and generate a unified 
representation of emotion. Finally, the fully connected network (F-C) is responsible for 
categorising the fused features for emotion classification and intensity prediction (Li and 
Song, 2024), outputting the emotion categories (e.g., anger, joy, sadness, etc.) as well as 
the intensity values for each emotion. 

Figure 1 shows the overall structure of this model. The figure shows the whole 
process of data from input to output, including the steps of feature extraction, information 
fusion and emotion prediction of data. Through this figure, we can clearly see the role of 
each module and the interaction between them. 

Figure 1 The overall structure diagram of the model (see online version for colours) 

 

In the process of network construction, the data is first input into the model through the 
preprocessing step, and after processing by the feature extraction module (facial, audio 
and pose feature extraction), it enters the transformer network. In transformer, the 
features of each modality are first weighted to calculate the correlation of emotions. Next, 
information is passed between modalities using a multi-head self-attention mechanism 
that fuses the features of each modality to generate a unified emotion representation. This 
sentiment representation is then passed to the fully-connected layer where sentiment 
classification or sentiment intensity prediction is performed. Through the joint training 
strategy, the model is able to accurately predict the intensity of sentiment while 
performing the sentiment classification task, thus making the sentiment analysis more 
comprehensive and detailed. 

The model’s principal advantage lies in its robust cross-modal fusion capability. This 
strength, enabled by the integration of the transformer architecture and a cross-modal 
self-attention mechanism, allows it to effectively capture inter-modal correlations and 
produce a more precise sentiment representation via weighted fusion. In addition, this 
model is able to simultaneously perform sentiment classification and intensity prediction 
with high accuracy and strong generalisation ability. The expected effect is that in 
multimodal sentiment recognition tasks, the present model can significantly improve the 
accuracy and robustness of sentiment analysis, especially in the prediction of sentiment 
intensity in complex environments, which shows superior performance. 

Through this design, the present model can effectively deal with the problems of 
modal heterogeneity, information redundancy and sentiment intensity prediction faced by 
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traditional sentiment analysis models, and thus achieves more excellent performance in 
multimodal sentiment analysis tasks. 

2.2 Multimodal feature integration 

The multimodal feature fusion module in the MERCAT model is a key part of this study, 
which combines sentiment features from different modalities (e.g., facial expression, 
audio, and pose) to improve the accuracy and robustness of sentiment analysis (Pang  
et al., 2024; Goncalves and Busso, 2023). The basic principle of multimodal feature 
fusion lies in the fact that the information provided by different modalities complements 
each other to capture the expression of emotion more comprehensively (Antonio et al., 
2024; Cao et al., 2024). Facial expressions reflect immediate expressions of emotion, 
audio reveals changes in emotional tone, and posture conveys additional emotional cues 
through body language (Lyu et al., 2024). These modalities have different feature spaces 
between them, but together they depict the complete emotional state. Therefore, how to 
efficiently fuse the information of these modalities becomes an important challenge in 
multimodal sentiment analysis (Wang et al., 2024; Zhou et al., 2024). 

To achieve this goal, this paper proposes a cross-modal self-attention mechanism 
based on the transformer architecture, which aims to fuse the features between modalities 
and compute the relationship between them through the self-attention mechanism. 
Specifically, suppose we have multiple modal feature representations from facial 
expression, audio, and pose xv, xa and xp, respectively, which are first extracted from their 
respective features by a pre-trained deep learning model. Next, these modalities are 
weighted and fused through the transformer model. The model’s central component 
leverages self-attention to compute modality-specific weights, thereby generating a 
unified representation from diverse emotional signals. 

In multimodal feature fusion, we first measure the importance of each modality in the 
expression of emotion by calculating the attentional weight α. The key to the  
self-attention mechanism is to compute the similarity between each feature and adjust its 
weight accordingly. This enables the model to dynamically assign varying contribution 
levels to each modality for sentiment analysis. 

First, we calculate the attention scores αv, αa and αp for each modality: 

( )
( )

exp
exp

m
m

ii M

f
α

f
∈

=


 (1) 

where fm is the similarity score of the features (e.g., facial, audio, or postural features) 
corresponding to the modality m and M denotes the set of all modalities. With this 
formula, we can obtain the importance weight αm for each modality to weight the 
features. 

Next, we fused the weighted features. By fusing the weighted features, we obtain a 
unified sentiment representation: 

fused m mm M
x x

∈
= α  (2) 

where xm denotes the feature representation of modality m and αm is the weight 
corresponding to modality m. This weighted summation process ensures that the emotion 
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features of different modalities are effectively fused according to their importance, 
resulting in a more accurate emotion representation. 

Finally, the fused features are passed through the fully connected layer for 
classification or regression to accomplish the sentiment analysis task. We use the 
classification or regression loss function to train the model and compute the final 
sentiment category and sentiment intensity: 

(1 )class regL λL λ L= + −  (3) 

where Lclass is the loss function for the emotion categorisation task, Lreg is the loss 
function for the regression of the emotion intensity prediction task, and λ is a weighting 
coefficient for balancing the loss of the categorisation and regression tasks. 

Through these core formulas, the model achieves effective multimodal weighting and 
fusion, thereby delivering accurate sentiment analysis via combined classification and 
regression. 

In this model, the use of this cross-modal self-attention mechanism is able to 
effectively handle the heterogeneity among facial expressions, audio, and pose, and 
dynamically adjust the contribution of each modality during sentiment analysis. In this 
way, the model is able to automatically optimise the sentiment representation of each 
modality according to its ability to express emotion in different contexts, thus improving 
the accuracy and robustness of sentiment analysis. 

2.3 Emotion intensity prediction 

The sentiment intensity prediction task requires the model to be able to not only identify 
categories of sentiment, but also quantify the intensity of the sentiment (Ping and Yue, 
2024). This is different from the traditional emotion classification task (Fenglin et al., 
2023; Altun and Cordeiro, 2020), which only outputs the categories of emotions, whereas 
emotion intensity estimation requires more precise numerical outputs that involve  
fine-grained analysis of emotions (Wang et al., 2021; Choi and Boo, 2020). The core goal 
of sentiment intensity prediction is to regressively model the intensity of a sentiment 
through a multimodal fusion of sentiment representations, allowing the model to assign 
an intensity value to each sentiment category. An emotion intensity value is usually a 
continuous value indicating the intensity of the emotion, e.g., the intensity of an emotion 
can range from 0 to 100. 

In the emotion intensity prediction task, this study used a regression model to handle 
the prediction of emotion intensity. The regression model differs from the classification 
model in that the output of the regression task is a continuous value instead of discrete 
category labels (Hu et al., 2022). Therefore, during model training, our goal is to 
minimise the error between the predicted value and the actual labelled value rather than 
performing category label matching. 

First, we need to obtain a unified sentiment representation xfused from the multimodal 
fusion module. This representation already contains sentiment information from multiple 
modalities such as facial expression, audio, and pose, and is weighted and fused by a 
cross-modal self-attention mechanism to ensure that the importance of each modality has 
been fully considered in the sentiment analysis. Next, this fused sentiment representation 
is passed to the regression network for sentiment intensity prediction. 
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In the regression network, the fused features xfused are first mapped by inputting them 
into the fully-connected layer to compute the predicted values of sentiment intensity ˆ.y  
The output we wish to obtain is the intensity value of the sentiment. For the regression 
task, the mean square error (MSE) serves as the loss function, with the objective of 
reducing the divergence between the prediction and the true label through parameter 
optimisation. 

Specifically, assuming that the true sentiment intensity value is y, the loss function 
Lreg of the regression model can be expressed as: 

( )2

1

1 ˆ
N

reg i ii
L y y

N =
= −  (4) 

where N is the total number of samples, ˆiy is the value of emotional intensity predicted 
by the model, and yi is the value of true emotional intensity. By minimising the mean 
square error, the model is able to learn how to map the multimodal sentiment 
representation to the exact sentiment intensity value. 

In order to optimise the balance between the sentiment classification task and the 
sentiment intensity prediction task, this study combines the loss function Lclass for 
sentiment classification with the regression loss function Lreg for co-training using a 
weighted loss function. The weighting coefficient λ controls the relative importance of 
the classification and regression tasks, and the final loss function L can be expressed as: 

(1 )class regL λL λ L= + −  (5) 

where the choice of  depends on the dataset and task-specific requirements. Joint 
training facilitates a harmonious integration of the sentiment classification and intensity 
prediction tasks, leading to improved analytical accuracy and robustness. 

In the process of sentiment intensity prediction, in addition to utilising the fused 
sentiment representation, the model also needs to consider the intensity distribution of 
different sentiment categories. In practical applications, the intensity ranges and 
representations of different emotions may vary. For example, the intensity changes of 
anger and joy may be more significant, while the intensity changes of fear and sadness 
may be more subdued. Therefore, how to flexibly deal with the intensity differences of 
different emotion categories in regression networks remains an issue worthy of in-depth 
exploration. By combining multimodal features and self-attention mechanism, the present 
model can effectively handle these differences and improve the accuracy of emotion 
intensity prediction. 

In summary, sentiment intensity prediction plays a crucial role in this model. Through 
the regression analysis of multimodal sentiment representation, the model can not only 
identify the categories of sentiment, but also predict the intensity of sentiment, providing 
more detailed and accurate information for sentiment analysis. The key to this process 
lies in fusing the information of different modalities and accurately estimating the 
sentiment intensity through an optimised regression network, thus improving the quality 
and depth of sentiment analysis. 
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3 Results and discussion 

3.1 Introduction to the datasets 

AffectNet (Gera and Balasubramanian, 2021) is one of the most widely used facial 
expression datasets, focusing on the facial expression recognition task. The dataset 
comprises approximately 450,000 facial images. These images encompass the seven 
basic emotion categories: anger, disgust, fear, happiness, sadness, surprise, and neutral. 
The images come from different races, genders, and age groups, and are highly diverse 
and representative. On each image, the dataset provides not only the labelling of the 
emotion category, but also includes a rating of the intensity of the emotion. Due to its rich 
sample size and diversity, AffectNet plays an important role in facilitating the research of 
facial emotion analysis, and provides good data support for the visual modality feature 
extraction and emotion classification tasks in this study. 

The Aff-Wild2 dataset (Kollias and Zafeiriou, 2019), on the other hand, is a large 
dataset focusing on sentiment analysis in natural environments, containing thousands of 
long video clips with facial expression annotations. These videos are derived from natural 
scenes and contain labels for six basic emotions and neutral expressions. Unlike 
traditional static image datasets, Aff-Wild2’s samples have a long temporal order, which 
makes it more suitable for multimodal sentiment analysis tasks, especially in video 
sentiment analysis, and better reflects the dynamic changes in emotions. This dataset is 
characterised by not only facial expression changes in the video, but also speech, 
background noise and other information, which provides a good basis for multimodal 
sentiment analysis. The application of the Aff-Wild2 dataset is mainly used in this study 
for feature extraction of audio, visual and postural modalities, as well as for temporal 
sequential modelling of sentiment changes. 

These two datasets provide very comprehensive training and testing data for this 
study, covering all aspects of sentiment classification and sentiment intensity prediction 
tasks. By combining these two datasets, we are able to validate the performance of the 
model in different sentiment expressions, different data sources, and multimodal fusion 
tasks, thus ensuring that the proposed multimodal sentiment analysis model has strong 
robustness and generalisation capabilities. Overall, the diversity and high-quality 
labelling of these datasets provide the necessary experimental foundation for this study, 
helping us to deeply investigate and validate the effectiveness of multimodal sentiment 
analysis. 

3.2 Experimental setup and evaluation metrics 

To comprehensively evaluate the performance of the proposed multimodal sentiment 
analysis model, this section elaborates on the experimental setup and evaluation metrics. 
The model’s effectiveness in both sentiment classification and intensity prediction is 
validated through comparative experiments, employing standard metrics to assess its 
accuracy and robustness. 

3.2.1 Experimental setup 
In this experiment, we use three multimodal sentiment analysis datasets: AffectNet and 
Aff-Wild2. For each dataset, we first perform data preprocessing to ensure data quality 
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and consistency. Specifically, we performed frame extraction on the video data and 
normalised the images so that each frame input to the model has the same resolution and 
color channel. For audio data, we used the DeepSpectrum method for feature extraction 
to obtain emotionally relevant features for each audio segment. 

To evaluate the model’s generalisation capability during training, we employed a 
cross-validation strategy. The dataset was partitioned into training, validation, and test 
sets following a standard split of 80%, 10%, and 10%, respectively. We employed the 
Adam optimiser to optimise the model parameters, with the learning rate set to 0.0001, 
and used the early stopping method to prevent overfitting. A batch size of 32 and training 
epochs of 50 were used for training to ensure that the model learns sufficiently and 
reaches the optimal state. 

3.2.2 Experimental procedure 
When conducting experiments, we first extract facial, audio and pose features by 
preprocessing the dataset and input them into the model for training. After each training 
cycle, the model is evaluated using the validation set and the model parameters are 
adjusted according to the evaluation results. The model’s final performance is assessed 
on the test set, yielding results for both sentiment classification and intensity prediction. 
Each metric is computed individually to provide a comprehensive evaluation. 

3.2.3 Evaluation metrics 
To comprehensively evaluate the performance of this model in sentiment classification 
and sentiment intensity prediction tasks, we selected several standard evaluation metrics. 

1 Accuracy: for sentiment classification tasks, accuracy is one of the most commonly 
used metrics to measure model classification performance. Accuracy represents the 
proportion of sentiment categories correctly predicted by the model to the total 
number of predictions. The calculation formula is: 

(1 )class regL λL λ L= + −  (6) 

2 F1-score: on imbalanced datasets, accuracy may not fully reflect model performance. 
Therefore, we also used the F1-score to comprehensively consider the model’s 
precision and recall. The F1-score is calculated as follows: 

1 2 Precision RecallF
Precision Recall

×= ×
+

 (7) 

Precision refers to the proportion of samples predicted to belong to a particular 
sentiment category that actually belong to that category; recall refers to the 
proportion of samples that actually belong to a particular sentiment category that are 
correctly predicted to belong to that category. A higher F1-score indicates better 
overall model performance in sentiment classification tasks. 

3 Mean squared error (MSE): for the sentiment intensity prediction task, we use MSE 
as the evaluation metric. MSE measures the difference between the predicted and 
true values. The calculation formula is: 
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( )2

1

1 ˆ
N

i ii
MSE y y

N =
= −  (8) 

where ˆiy  is the model’s predicted sentiment intensity value,  is the true sentiment 
intensity value, and N is the number of samples. A smaller MSE value indicates a 
better model performance in sentiment intensity prediction. 

4 Pearson correlation coefficient (PCC): the Pearson correlation coefficient measures 
the linear correlation between the predicted and true sentiment intensity values. PCC 
values range from –1 to 1, with values closer to 1 indicating a stronger correlation 
between the predicted and true results. The calculation formula is: 

( )
( ) ( )

1
2 2

1 1

ˆ ˆ

ˆ ˆ

N
ii

N N
i ii i

y y
PCC

y y y y

=

= =

−
=

− −


 

 (9) 

where ŷ  and y  are the means of the predicted and actual values, respectively. PCC 
measures the linear relationship between sentiment intensity predictions. Values 
closer to 1 indicate greater consistency between the model’s predictions and the 
actual sentiment intensity. 

3.3 Experimental results 

Our work rigorously evaluates the proposed multimodal sentiment analysis model, 
MERCAT. The evaluation employs three datasets (AffectNet, Aff-Wild2) to benchmark 
the model’s capabilities in sentiment categorisation and intensity estimation against 
existing approaches. The experimental outcomes are detailed below, followed by a 
thorough analysis of each table. 

3.3.1 Experimental results for the emotion categorisation task 
A comparative evaluation of the MERCAT model and five benchmarks on the sentiment 
classification task is summarised in Table 1. Model performance is gauged using five 
evaluation metrics: accuracy, F1-score, precision, recall and AUC, offering a 
comprehensive view of their categorisation prowess. 
Table 1 Performance comparison of emotion classification task models 

Model Accuracy F1-score Precision Recall AUC 
MERCAT 91.6 0.89 0.88 0.9 0.92 
FaceCNN (Seo and Chung, 2019) 87.2 0.83 0.81 0.85 0.86 
AudioCNN (Krishna et al., 2024) 82.1 0.79 0.78 0.8 0.82 
PoseCNN (Wang et al., 2023) 80.3 0.77 0.75 0.79 0.8 
Early fusion CNN (Al-Jabbar et al., 2023) 85.6 0.82 0.8 0.83 0.84 
Late fusion RNN (Le et al., 2021) 84.4 0.8 0.78 0.82 0.83 

As can be seen in Table 1, the MERCAT model achieves the best results in all evaluation 
metrics, especially in accuracy (91.6%) and F1-score (0.89), which are significantly 
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better than the other models. Compared with FaceCNN (87.2% accuracy and 0.83  
F1-score), MERCAT improves the accuracy by about 4.4% and F1-score by 6 percentage 
points, indicating that multimodal feature fusion can significantly improve the accuracy 
of emotion classification. For AudioCNN and PoseCNN, the improvement of MERCAT 
is even more obvious, which also indicates the limitation of unimodal models in 
processing complex emotions, especially in the sentiment analysis of multimodal data, 
where the combination of face, audio and pose can provide more comprehensive 
information. 

In addition, the AUC value (0.92) of MERCAT is higher than all the benchmark 
models, indicating that the model has a better ability to differentiate between emotion 
categories. This also suggests that when dealing with the task of emotion categorisation 
in videos, MERCAT is able to more accurately differentiate between different emotion 
categories, especially the harder to differentiate emotions such as sadness and anger. 

In order to visualise the performance of the MERCAT model in the sentiment 
classification task, we visualise the experimental results as a combination of bar charts 
and line graphs. Figure 1 shows the various evaluation metrics of different models in the 
sentiment classification task. Through this figure, we can see that the MERCAT is able to 
effectively fuse facial, audio, and pose features through the cross-modal self-attention 
mechanism and the transformer architecture, thus significantly improving the accuracy of 
emotion classification. Compared with other benchmark models, MERCAT shows 
significant advantages. 

Figure 2 Comparison of model performance for emotion classification tasks (see online version 
for colours) 

 

As can be seen in Figure 2, MERCAT is able to effectively fuse facial, audio, and pose 
features through the cross-modal self-attention mechanism and the transformer 
architecture, thus significantly improving the accuracy of emotion classification. 
Compared with other benchmark models, MERCAT shows significant advantages. 
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3.3.2 Experimental results for the emotional intensity prediction task 
Table 2 demonstrates the performance of the MERCAT model in the emotion intensity 
prediction task and compares it with other benchmark models. The evaluation metrics 
include mean square error (MSE), Pearson correlation coefficient (PCC), mean absolute 
error (MAE), R-squared (coefficient of determination), and root mean square error 
(RMSE). These metrics provide a comprehensive measure of the model’s accuracy and 
relevance in the task of emotion intensity prediction. 
Table 2 Comparison of performance of emotion intensity prediction task models 

Model MSE PCC MAE R-squared RMSE 
MERCAT 0.22 0.85 0.18 0.89 0.47 
FaceCNN 0.35 0.74 0.28 0.81 0.59 
AudioCNN 0.4 0.7 0.33 0.75 0.63 
PoseCNN 0.45 0.68 0.37 0.73 0.67 
Early fusion CNN 0.38 0.73 0.3 0.77 0.58 
Late fusion RNN 0.41 0.71 0.32 0.76 0.6 

Figure 3 Comparison of model performance in emotion intensity prediction tasks (see online 
version for colours) 

 

As can be seen from Table 2, the MERCAT model also shows significant advantages in 
the emotion intensity prediction task. The MSE of MERCAT (0.22) is much lower than 
that of the other benchmark models, especially FaceCNN (MSE 0.35) and AudioCNN 
(MSE 0.40), which suggests that MERCAT has a smaller error in emotion intensity 
prediction and can provide more accurate estimation of emotion intensity. Also, 
MERCAT’s PCC (0.85) is higher than the other models, showing its strong predictive 
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correlation, which implies a closer relationship between the model-predicted affective 
intensity and the actual intensity values. 

For the MAE (0.18) and RMSE (0.47) metrics, MERCAT also outperforms the other 
benchmark models, especially in terms of prediction accuracy, indicating that the model 
is able to more accurately predict the intensity of the emotion with less error. Compared 
to PoseCNN and early fusion CNN, MERCAT performs more prominently, further 
demonstrating the effectiveness of cross-modal feature fusion and self-attention 
mechanisms in emotion intensity prediction. 

In the emotion intensity prediction task, we used heat maps to show the performance 
of different models on each evaluation metric. Figure 3 demonstrates the comparison 
between MERCAT and other benchmark models on each assessment metric. It can be 
seen that MERCAT has an absolute advantage in the emotion intensity prediction task, 
especially after fusion using multimodal features, the model is able to capture the 
intensity change of emotion more accurately. By combining facial, audio, and postural 
features, MERCAT is able to effectively reduce errors and improve the accuracy of 
emotion intensity prediction. 

From the analysis of the results of the above two experiments, it can be seen that the 
MERCAT model shows significant advantages in both sentiment classification and 
sentiment intensity prediction tasks. Multimodal information fusion plays a very 
important role in the task of sentiment analysis, especially in complex emotional 
expressions and dynamically changing emotional situations, fusing features from 
different modalities (e.g., facial expression, audio, and pose) can provide a more 
comprehensive and accurate representation of sentiment. Through the transformer 
architecture and cross-modal self-attention mechanism, MERCAT can effectively handle 
the heterogeneity of multimodal data and enhance the performance of sentiment analysis 
by learning the correlations between modalities. 

MERCAT exhibits across-the-board improvements over unimodal models in all 
metrics. The integration of multimodal data provides a more comprehensive information 
base, which is crucial for accurately interpreting complex sentiments and temporal 
dynamics, resulting in a more detailed and reliable analysis. 

The experimental findings collectively demonstrate MERCAT’s proficiency and 
robust generalisation in multimodal sentiment analysis. Promising avenues for future 
work include improving the model’s efficacy in scenarios involving extreme emotions 
and longitudinal emotion shifts, as well as boosting its computational performance. 

4 Conclusions 

In this study, we propose a multimodal sentiment feature extraction and information 
fusion method for video content, aiming to improve the accuracy and robustness of 
sentiment analysis. Sentiment analysis, as a key task in the field of affective computing, 
faces the challenge of multimodal data fusion, especially in video content, where 
information such as facial expression, audio, and pose play an important role in 
expressing emotions. Traditional unimodal sentiment analysis methods often neglect the 
interaction information between different modalities, resulting in limited accuracy of 
sentiment analysis. To address this problem, our proposed MERCAT model effectively 
captures inter-modal interrelationships by fusing multimodal features in videos, 



   

 

   

   
 

   

   

 

   

   56 J. Ma    
 

    
 
 

   

   
 

   

   

 

   

       
 

combined with the transformer architecture and cross-modal self-attention mechanism, 
which improves the performance of sentiment classification and intensity prediction. 

The main contribution of this study is to propose an innovative multimodal sentiment 
analysis model that is able to enhance the performance of sentiment analysis through  
self-attention mechanism and cross-modal information fusion. Through experimental 
validation, the MERCAT model shows significant advantages in both sentiment 
classification and intensity prediction tasks, providing a new solution idea in the field of 
multimodal sentiment analysis. However, this study also has certain shortcomings. First, 
the model may still face the problem of decreasing sentiment recognition accuracy when 
dealing with complex sentiment scenes, especially for the expression of extreme 
emotions, the model may not adequately capture their nuances. Second, the 
computational efficiency and training time of the MERCAT model when processing 
large-scale video data still need to be further optimised. Future research could focus on 
how to improve the training speed and computational efficiency of the model, especially 
for applications on large-scale datasets. 

Future research efforts will focus on the following directions. First, we plan to 
introduce more advanced temporal modelling methods to further improve the 
performance of the model when dealing with dynamic emotion changes, especially when 
facing videos with long time periods. Second, we hope to improve the model’s 
architecture and algorithms to enhance its ability to recognise extreme emotions and  
fine-grained emotion changes. In addition, future work will focus on how to reduce the 
computational cost and training time of the model, and improve the efficiency of the 
model in practical applications by means of model compression and hardware 
acceleration. With these improvements, the MERCAT model is expected to play an 
important role in a wider range of sentiment analysis applications. 
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