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ABSTRACT

Multimodal Sentiment Analysis (MSA) represents an advancing research domain focused
on identifying sentiment through Audio(A), Video (V), and Text (T) modalities. A
significant challenge lies in capturing joint representations by associating information
across various modalities with integration techniques. Numerous existing approaches rely
on acquiring joint representation through the concatenation of input features without fully
exploiting interactions to ensure consistency with complementarity among modalities. To
address this problem, a novel framework named Joint Representation with Optimized
Transformer (JRT) has been developed to overcome the challenges in multimodal
sentiment analysis through hierarchical interactions among modalities. The process
begins with a diverse dataset comprising text, audio, and visual data from the CMU-
MOSI and CMU-MOSEI datasets. Preprocessing steps are performed with normalization,
noise reduction, and feature scaling to ensure data quality. Feature extraction is used to
isolate meaningful patterns from each modality for further analysis. The framework
integrates these features into a unified representation through a Joint Representation
Translator (JRT), which aligns heterogeneous data for compatibility using cyclic
translation. This translation process captures joint representations of bimodality by
translating one modality into another forward with backward passes using encoder-
decoders to maintain consistency between modalities. To explore complementarity
among modalities, a transformer-based prediction mechanism is optimized with the
Adaptive Dragon Optimization Algorithm (ADOA), which strengthens unimodal features
with common information extracted from bimodality, enhancing model accuracy and
convergence. Extensive experiments conducted with CMU-MOSI and CMU-MOSEI
datasets validate the effectiveness of this framework, showing superior performance
compared to existing methods. The proposed method achieves 95.11% accuracy (%),
97.51% recall (%), 95.14% F-Score (%), 0.90 correlation coefficient(unitless), 0.051 false
positive rate (%), 97% negative predictive value (%), and 0.0489 mean squared error
(MSE). These results highlight substantial advancements in accuracy and robustness over
traditional approaches.

Keywords: Multimodal data, Joint Representation Translator, Sentiment analysis,
Adaptive dragonfly optimization, Transformer.
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1. INTRODUCTION

Multimodal Sentiment Analysis (MSA) represents a rapidly evolving area within
artificial intelligence, focusing on predicting human emotions by leveraging data
from multiple sources such as audio, video, and text [1-3]. By integrating the
complementary information from these modalities, MSA enhances human-
computer interactions and enables the development of empathetic and context-
aware systems [4]. For instance, emotion recognition facilitates personalized
learning in online education, supports natural interactions in conversational Al,
and enables adaptive gaming environments based on players’ emotional states [5].
Despite its potential, MSA faces significant challenges in achieving accurate
sentiment prediction from multimodal data [6-7]. Challenges include modality
alignment due to varying levels of information provided by different data sources,
inconsistencies in feature representations and data quality across modalities, and
the requirement for advanced fusion techniques to capture synergistic effects
among audio, video, and text [8].

Current models, including Recurrent Neural Networks (RNNs) [9-10],
Transformers [11-12], and BERT-based models [13-14], have made progress in
multimodal analysis, yet understanding the interaction and contribution of each
modality remains a critical issue. Fusion mechanisms, such as tensor-based
models, address some of these issues but struggle with modality gaps inherent in
heterogeneous data. Addressing the heterogeneity among modalities, the
Multimodal Transformer (MulT) was designed by Tsai et al. [15] employs a
cross-modal attention mechanism to adapt information from one modality to
another. However, limitations persist, such as the exclusion of audio-video
interactions when adapting to textual modalities. Research emphasizes the
importance of three-way interactions among modalities to achieve optimal
multimodal fusion. While joint representation learning aims to overcome these
challenges by correlating information across modalities, existing methods often
fail to fully explore the complementarity required for effective fusion [16].

This research introduces a novel framework named Joint Representation with
Optimized Transformer (JRT), designed to address the key challenges in
multimodal sentiment analysis. The framework prioritizes learning robust joint
representations and enhancing multimodal interactions. By translating data
between source and target modalities while maintaining semantic similarity, the
framework achieves both bimodal consistency and multimodal complementarity.
The Adaptive Dragon Optimization Algorithm (ADOA) refines modality-
reinforced representations through hierarchical interactions and multi-head
attention thus ensuring seamless integration of modalities.

2. RELATED WORKS

To regulate the training of MSA models, Ying Zeng et al. [17] introduced a
unique framework called M3SA. This framework intends to investigate the best
possible solution for unimodal networks and multimodal embedding. Several
baselines have been recommended for reducing the harmful effects of
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contradictory data along with achieving accurate integrating in several modes,
including soft-filtering, hard-filtering, and unimodal embedding. Although the
framework utilized fewer parameters and achieved efficient noise elimination, it
lacked advanced strategies for aligning modalities dynamically. The absence of
adaptive cross-modal synchronization limited its performance on datasets with
highly variable modalities.

Mai et al. [18]introduced a unique framework called HyCon for cross-modal
mixed learning with contrast structures to carry out analysis of emotions in
multiple modes. HyCon was able to explore inter-class interactions while
simultaneously learning about intra-/inter-modal dynamics. The proposed HyCon
particularly featured three different learning modalities such as semi-contrastive,
intra-modal, and inter-modal. Then a model successfully learned latent
embeddings for sentiment prediction using the specified functionality of loss
including a modification word. A visualisation results demonstrate that the
proposed HyCon approach can learn an enhanced selective embedding area for
various emotional groups. Despite its strengths in capturing latent embeddings for
sentiment prediction, its fixed contrastive approach hindered adaptability to real-
time or evolving datasets. Moreover, the framework did not address the
challenges of dynamic feature representations across modalities.

Chu et al. [19] proposed a deep fused audio-text bimodal transformer
structured upon a single-modal pre-trained models RoBERTa and HUBERT. To
facilitate cross-modal learning as effectively as possible, a cross-modal prior
training process that is phased in and a well-thought-out cross-modal merging
technique were designed. Using a stage-wise training approach, the authors
proposed initial pretraining, task-adaptive pretraining, and finetuning downstream
tasks. While this method achieved state-of-the-art performance on benchmark
datasets called CMU-MOSEI sentiment and IEMOCAP emotion datasets, the
reliance on pre-trained models increased the computational cost. Additionally, its
phased pretraining failed to fully resolve modality gaps, that particularly for
unstructured or asynchronous inputs.

Hang Li et al. [20] presented a Cross-modal Transformer for Audio-and-
Language (CTAL), which integrates audio and language through two proxy tasks.
During the fine-tuning stage, the authors developed a novel cross-modality fusion
technique that forces the pre-trained model to acquire composite characteristics
from diverse perspectives. In a general way dataset of audio and language pairs, it
was trained with two pretraining tasks. A wide variety of empirical evidence
reveals that their CTAL excelled at activities related to language interpretation,
such as voice identification, sentiment evaluation, and attitude categorization.
This method excelled at voice identification and sentiment evaluation but
struggled with handling heterogeneous data sources due to its dependence on
predefined proxy tasks. Its fusion mechanism lacked flexibility in aligning multi-
modal data dynamically.

In a recent article Mehdi Arjmand et al. [21] introduced a Transformer-Based
Speech-Prefixed Language Model called TEASEL to get around these restrictions
without training a whole Transformer model. To implement an efficient spatial
encoding, the authors implemented a Lightweight Attentive Aggregation module
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that generated speech prefixes for a pre-trained Transformer. In comparison to a
conventional language model, TEASEL included voice for a dynamic prefix for
texts. an authors conclude that this approach employs a conventional previously
trained language framework as the foundation for the cross-modal Converter
system. An CMU-MOSI dataset was used by the researchers to assess TEASEL
for the Analysis of emotion in many modes. Although this approach was
innovative, it focused primarily on text and audio, neglecting other critical
modalities such as visual data. Its application was further constrained by limited
exploration of modality gaps and feature-level fusion.

In the context of misaligned multiple temporal sequences, the authors note
that emotional cues are limited and inconsistent across modalities. Cross-modal
dynamic convolution has been presented by Wen et al. [22] for multi-modal
emotion identification tasks. It was created to address the absence of emotional
cues and their discordance in multi-modal temporal sequences. Based on this
convolution and MulT, the authors construct a multi-modal emotion identification
pipeline to put their theories to the test. The adoption of more effective CNN-style
layers. The ability was provided via dynamic convergence across modes. They
offered creative solutions for dealing with non-aligned multimodal human
language sequences. However, the ability to handle data from different sources
over time was limited before the introduction of the learnable temporal offset in
deformable convolution. This approach provided improved convergence across
modes, yet its reliance on convolutional structures reduced its ability to capture
long-range temporal dependencies, it limits the effectiveness for complex
multimodal data.

Regarding multivariate evaluation of feelings, Lianyang Ma et al. [23]
presented the multi-scale cooperative multimodal transformer (MCMulT)
architecture. In general, the "multi-scale” method was effective in utilizing the
various levels of semantic data present in each modality that is utilized for precise
cross-modal interactions. As a result of incorporating cross-modal interactions
with multiple level characteristics from its source modality, each modality learns
its feature hierarchies. In such a fashion, each pair of modalities cooperatively and
gradually constructed their feature hierarchy. To optimize efficiency and lower
computing costs, the approach is still investigating MCMulT's finer design, such
as section count adjustment for every modality separately. While this approach
effectively utilized semantic data at different levels, the fixed section count for
each modality resulted in inefficiencies and scalability issues for larger datasets or
real-time applications.

Lian et al. [24] introduced a conversational transformer network (CTNet), a
multiple learning architecture for converting emotion recognition. The author
specifically recommended utilising a transformer-oriented framework used to
simulate intra-modal and cross-modal exchanges between multimedia properties.
We were able to extract the utterance's temporal information from them using
segment-level acoustic characteristics and word-level lexical data as inputs. To
simulate context- and speaker-sensitive dependencies, in addition, they proposed
integrating multi-head attention with speaker embeddings and the bi-directional
GRU component. The productivity of the recommended modes was determined in
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a test finding on the IEMOCAP and MELD datasets. Nevertheless, the system's
classification accuracy needed improvement. Its ability to model speaker-sensitive
dependencies made it suitable for conversational data; however, it required more
sophisticated optimization to improve classification accuracy and better handle
asynchronous modality alignment.

An MSA strategy that increased decision-making capacities was presented by
Zhao et al. [30] in the year 2023. This approach made use of a variety of sources
which provided information about sentiment. It was demonstrated by the results of
the experiments that the CRNN-SVM achieved the greatest average accuracy rate
for sentiment, which was 91%, and it also provided excellent stability. Due to the
limited number of participants in the experiment, it is conceivable that the
findings did not adhere to the standards of scientific rigour.

Ghosh et al. [31] proposed a multi-sensory assessment (MSA) method that
would use a five-module approach to evaluate the aggression of a person who is
experiencing pain. Text-based sentiment analysis was the focus of the first three
modules, which classified patient pain into three categories: overtly aggressive,
non-aggressive, and covertly hostile. Image-based sentiment analysis was the
primary emphasis of the next two modules, which utilised deep learning for
feature extraction and classification procedures. The results of the experiments
showed that this system outperformed the most advanced methods now available,
with the combination of image- and text-based ratings contributing to an
improvement in total performance. A level of accuracy of 82.35% was achieved
by the model. Performance was impeded by the fact that the system was
dependent on the quality of the data that was input.

Ma et al. [32] adopted a BCD-MM strategy in 2024, which improved
generalisations to OOD scenarios by minimising dependence on non-causal
correlations and boosting cross-modal feature extraction. This made it possible for
the researchers to improve generalisations. In order to maximise the efficiency of
feature extraction, this method makes use of a gated cross-modal attention
mechanism. Additionally, it incorporates attention score-based strategies in order
to minimise redundancy. The BCD-MM algorithm displayed strong performance
in both sentiment analysis and debiasing when it was evaluated on OOD MOSEI,
OOD MOSI, MOSEI, MOSI, and SIMS. An accuracy of 80.05 was achieved by
the model when applied to OOD MOSI. On the other hand, the physiological
signals need to be incorporated into the application of BCD-MM in order to
ensure that sentiment analysis is both robust and comprehensive.

In order to improve multi-hop interactions and modal position perception,
Fan and Chen [33] proposed PPMFN, which combined a position-perceptive
module with an aspect-guided multi-hop interactive attention fusion module. A
multi-hop interactive attention network was utilised by the aspect-guided fusion
module in order to merge multi-modal qualities and minimise inappropriate noise.
The position-perceptive module was responsible for capturing positional data
from both text and images. Extensive trials proved that PPMFN regularly
outperformed powerful baseline models on two public datasets. This was
demonstrated by the fact that such models were used. For this model to be able to
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handle complicated multimodal data more effectively, it was necessary to focus
on refining the fusion techniques and the architecture of the model.

Both Lu and Fu [34] were the ones who initially presented the SentDep
model. In order to merge auditory, textual, and visual data, it was accomplished
by integrating cutting-edge fusion techniques with sophisticated deep learning
models. This allowed for the creation of the system. In addition to that, it provided
a uniform representation of the multimodal representation. The CLIP paradigm
was adjusted in order to fulfil the task of processing textual and visual modalities.
This was accomplished through the use of the CLIP paradigm. The newly
introduced model was found to perform extraordinarily well in comparison to the
most advanced techniques in MSA when it was tested on well-known datasets
such as CMU-MOSEI and CMU-MOSI. This was observed during the testing
process. According to extensive evaluation tests and additional trials, the amount
of pre-training data, the efficiency of the fusion algorithms, and the incorporation
of temporal features were shown to be key factors in SentDep's improved
performance. Additionally, the incorporation of temporal features was shown to
be instrumental in the improvement. The performance of SentDep was superior to
that of the other approaches, as it had a mean absolute error of 0.520 and an
accuracy of 55.0%. The computing expenses associated with this model are higher
than those associated with other models, and it requires more time for training.

3. PROBLEM DEFINITION WITH CONTRIBUTION
Sentiment analysis (SA) is a field that is changing quickly. Its goal is to use
computers to figure out what people think about things like products, services,
books, movies, and more. SA has mostly used text-based data in the past, which
makes it good for things like tracking brands and figuring out how happy
customers are. But with the rise of user-generated videos, pictures, and other types
of content on sites like YouTube, Instagram, and TikTok, Multimodal sentiment
Analysis (MSA) has become a more complete method. MSA is different from
standard SA since it uses more than one type of data, like audio, video, and text,
to better represent how people feel. Even if MSA has a lot of potential, there are
still several problems that need to be solved:
e EXxisting approaches sometimes have trouble combining data from
several modalities in a useful way.
A lot of models don’t show how different modalities work together.
Also, tweaking hyperparameters by hand or in a static way makes deep
learning systems less effective in complicated multimodal scenarios.
To overcome these limitations, we propose an innovative multimodal
sentiment analysis approach that combines joint representation learning with an
enhanced cross-modal transformer architecture. Our principal contributions are as
follows:
o We derive features from audio, video, and text modalities and project
them into a common dimensional space utilising a 1D temporal
convolutional layer.

BLUMEA

s Printed in
NETHERLANDS



ISSN:0006-5196

Vol. 70 (n. 9, 2025)

e A Joint Representation Translator(JRT) module is implemented to
acquire bimodal joint characteristics that encapsulate cross-modal
interactions.

e We employ an optimised Cross-Modal Transformer(CMT) to improve
multimodal fusion, with hyperparameters refined by the Adaptive
Dragonfly Optimization(ADO) algorithm.

e Ultimately, modality-enhanced features are concatenated and
transmitted through a fully connected layer for sentiment prediction.

4. OVERVIEW OF PROPOSED METHODOLOGY

The proposed framework effectively performs sentiment analysis by
integrating three modalities such as face, audio, and text. The structure of
multimodal sentiment analysis is illustrated in Figure 1. The framework comprises
three stages, including feature extraction, a joint representation translator, and a
transformer-based prediction mechanism optimized using the Adaptive Dragon
Optimization Algorithm (ADOA).

The framework processes three modalities, such as Video (V), audio (A), and
text (T), for sentiment prediction The input data consists of a training datasetD =

. M
{Y{[I‘A]'V'T},o[‘]}i_1 , with M data samples and Y, v} represents the input data from

audio (A), video (V), and text (T) modalities and o denotes the sentiment label.
The aim involves designing a mapping function f: Y,y mto 8, which predicts
sentiment intensity from the extracted features.
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Fig. 1 Overall structure of multi-modal sentiment analysis

The methodology encompasses three stages such as feature extraction, a joint
representation translator (JRT), and a transformer-based prediction mechanism
optimized through the Adaptive Dragon Optimization Algorithm (ADOA).
During feature extraction, modality-specific features are processed independently
and aligned to a common feature space. The extracted modality feature sequences
are represented as Y, € RkaXFPa Y, € RW*FDv and Y; € RLTXFDT where L(.)
and FD(.)denote sequence length and feature dimension, respectively. Under a
word-aligned setting, Ly = Ly = Lt = L.

To consolidate heterogeneous data, a 1D temporal convolutional layer is
applied by ensuring uniform feature dimensionality across modalities. Positional
embedding (PE) is used to encode temporal information into sequences by
generating processed features denoted as U,,Uy, and Ug. The processed
representations pass through the Joint Representation Translator (JRT) to capture
dependencies between modalities by using hierarchical fusion. The JRT aligns
modalities by translating one modality into another in a cyclic manner to ensure
consistency.

The outputs from the JRT are further processed by the transformer-based
prediction mechanism, which integrates these features for final sentiment
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prediction. The transformer is optimized using ADOA to enhance predictive
accuracy and efficiency. Modality-reinforced representations S, , Sy, and St are
generated from the cross-modal transformer, which processes joint representations
alongside individual modality sequences U, v 1. The outputs are concatenated into
a joint vector S;qine for final sentiment label prediction through a fully connected
layer.

4.1 FEATURE EXTRACTION

The feature extraction process independently processes audio, video, and text
data to extract modality-specific features. Acoustic features are extracted using
the Mel-frequency cepstral coefficients (MFCC) method, while video features are
obtained through Facet, and text features are derived using the skip-gram model.
The extracted modality-specific features are represented as Y, € RLa*FPa )y, €
RWVXFDv and Yy € RLT*FDT respectively.

Audio feature extraction: For audio feature extraction, the Mel-frequency
cepstral coefficients (MFCC) approach is employed. MFCC is selected due to its
strong alignment with the auditory perception of humans. It extracts frequency
components based on the Mel scale by capturing essential emotional signals such
as pitch, tone, and intensity. This selection is crucial for identifying subtle
emotional variations in audio, which enhances sentiment prediction accuracy.
The MFCC method segments the speech signal into frames and computes cepstral
features, which encapsulate emotional cues. The mathematical representation for
MFCC features is given in equation (1).

MFCC = log[ZM_;|Y(m)|? x k(m)] )

Where Y(m) represents the Fourier-transformed signal, and k(m) is the filter
bank.

Video feature extraction: Video frames are pre-processed to eliminate noise,
followed by feature extraction using Facet. Facet is effective in identifying micro-
expressions and emotional cues from facial landmarks, including facial action
units, gaze direction, and head movement. These features contribute significantly
to the interpretation of non-verbal emotional signals. The video feature extraction
method produces a 35-dimensional feature vector.

Text feature extraction: The skip-gram model is employed for text feature
extraction. This model is proficient at capturing the semantic and syntactic
relationships among words by learning the context of words within sentences.
Skip-gram generates word vector representations that reflect both local and global
linguistic patterns by enabling the capture of emotional nuances in text. The word
vector y;for a target word m; is computed using equation (2-4).

wl(mj) =¢ (mlwl(mj_l) + mSle(mi_l)) )
w(m;) = ¢ (mrwr(ij) + msre(mj+1)) ()
yj = [wi(my); e(my); wy(m;)] 4)
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In this formulation, wy(m;) and w;(m;) represent the left and right context
vectors, e(m;) is the embedding of m;, and m! m",m®,mS are model
parameters. ¢ represents a nonlinear activation function.

The integration of MFCC, Facet, and skip-gram ensures that emotional cues from
all modalities are effectively represented. This comprehensive approach
strengthens sentiment prediction capabilities across diverse data sources.

4.2 JOINT REPRESENTATION TRANSLATOR

The Joint Representation Translator (JRT) framework applies cyclic translation
for pairing modalities, ensuring alignment and consistency across different input
sources. The "joint representation” refers to the unification of features from
multiple modalities to form a comprehensive representation. This method enables
the model to utilize complementary information from diverse inputs, which results
in improved prediction accuracy.

In the design of the JRT, a source modality is translated into a target
modality. Following that, the target modality undergoes reverse translation into
the source modality. The cyclic translation helps capture and retain common
information shared across modalities, ensuring minimal discrepancies between the
original and transformed representations. The architecture of the JRT framework
is illustrated in Figure 2.

The necessity of the JRT arises from its capability to address alignment issues
between modalities. This is achieved through the cyclic translation process, where
forward translation maps the source modality to the target modality. The reverse
translation reconstructs the original modality from the translated version. This
bidirectional process allows the model to identify and preserve common latent
features between paired modalities, thereby improving the accuracy of the shared
representation.

Modality Reconstruction Loss (MRL) is incorporated to enhance
performance. This loss function minimizes the difference between the original
modality and the reconstructed modality. The loss function is computed using the
mean squared error (MSE) to ensure the shared representation captures essential
inter-modal features with minimal distortion. The result of modality translation is
the refined shared representation, which improves tasks requiring multi-modal
integration.
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The JRT utilizes an encoder-decoder structure with an attention mechanism
based on a seq2seq model. The forward translation process is defined by the
following equation (5)

§ = D(E(m)) ©)

Here, the encoder E processes the input modality n and the decoder D
transforms it into the target modality &. The reverse translation reconstructs the
source modality n from the translated modality & expressed using equation (6)

fi = D(E(8)) 6)

The hidden representation Z; is calculated using a GRU as Z; =
GRU(Z]-_l, 8]-),j = 1,...T. The decoder follows a probabilistic approach, where the
output of the modality & is computed in equation (7)

p(8) = ?:1 p(5j|Zv 81,82, ....,8]-_1) (M

To achieve optimal translation, the translated modality & is defined by
equation (8)

§ =arg Max; p(8 |n) ®

For different modality pairs such as text-video, text-audio, and video-audio,
the encoder-decoder processes are defined as follows:

For text-video modality pairs with Uy is the input text modality, Ery is the
encoder for text-video translation. Aty is the forward representation of the text
modality. Dy is the decoder for text-video translation. Uy is the translated video
modality from equation (9-10)

Ary = Ery(Ur), Uy = Dry(Ary) ©)

Ay = ETV(UV): Ur = Drv(Ayr) (10)
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For text-audio modality pairs using equation (11-12)

Arp = Era(Up), Up = Dra(Ara) (11)

Apr = Era(U4); U = Dra(Aar) (12)

For video-audio modality pairs using equation (13-14)

Aya = Eya(Uy); UA = Dya(Ava) (13)

Apv = EVA(ﬁA); ﬁV = Dya(Aav) (14)

The modality reconstruction loss (MRL) function is given by equation (15)
L reconstruct= ZmE{A,V,T} [[Um — UEI B (15)

Where ||. ||3is the squared Lo-norm. This loss ensures that the reconstructed
modality retains essential features by minimizing the semantic difference between
the original and translated modalities. By concatenating modality representations
such as Aya and A,y, these are projected into Ay for capturing interactions
between modalities. The final joint representations Aty, Ara and Aya are then
integrated to enhance downstream task performance.

4.3 ADAPTIVE DRAGON OPTIMIZATION ALGORITHM (ADOA)
OPTIMIZED TRANSFORMER

The Adaptive Dragon Optimization Algorithm (ADOA) optimized transformer
leverages joint representations K{TV,TA_VA} from bio-modalities to explore the
complementarity between modalities. This method integrates common bio-
modality information while retaining unimodal features, facilitating the
transformation of combined representations into unimodal data. The ideal
transformer, denoted as B € R“*FPb and P € R'»*Prtakes joint representations
K{TV,TA_VA} and processed unimodal sequences as inputs. Multi-Head Attention
(MHA) with Ny Heads creates interactions across all modalities by enabling the
model to focus on different parts of the input sequence simultaneously. The
attention mechanism computes multiple attention distributions in parallel by
enhancing the model's capability to capture complex relationships.

For the i head, the search term, price, and password are identified as Q; =
PW, K; = BWXand V; = BW’, respectively, where W e RP»*P/Nn Wk e
RPo*P/Nh gnd, WY € RPo*P/Nn D js the hidden dimension.

Each unimodal sequence Uy, vy Updates as a query using the prior unimodal
sequence, while joint representations B are transformed into key-value pairs for
modality alignment. Message delivery (MD) transitions bimodal data into
unimodal format through the equations (16-17)

PW?(BW}‘)T
head; = softmax W BW" (16)
MD (B,P) = Concat (Hy, ..., Hyn ) Wy 17
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Where,W, € RP*P H; € Rl»*P/Nh - MD(B, P) € R'» *P.Concat represents
the concatenation operation.

/ N\

/
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b

~
|
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Transformer Encoder /
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Layer Norm
o

A

Figure 3. The structure of the Optimal transformer with Bi-modal

The structure of the optimal transformer with bio-modal data is shown in
Figure 3. This transformer uses residual connections, position-wise feed-forward
networks (FFN), and layer normalization (LN) for gradual transformation.
Residual connections involve the addition of layer inputs to their outputs by
addressing the vanishing gradient problem and facilitating the training of deep
neural networks. This technique ensures the preservation of information flow
across layers, which enhances convergence speed and improves predictive
performance. Position-wise FFNs apply fully connected networks with non-linear
activation functions independently at each position in the sequence by enabling
the model to capture complex transformations and improve its expressiveness and
adaptability. Layer normalization standardizes layer outputs by normalizing
summed inputs by reducing internal covariate shifts and stabilizing the training
process. After E stacked layers, the transformer's output Sl is computed using the
following equation (18-20)

slol = p (18)
Slel = MD (LN(B), LN(S!*™) ) + LN(s("™)) (19)
slel — FFN (LN(§[e])) +LN(S%),e=1,..,E (20)

where E is the number of layers of the Adaptive Dragon Optimization
Algorithm (ADOA) Optimized transformer (OT).
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The modality-reinforced representationsS,, Syand St combine data from
specific modalities and shared modalities. These representations are calculated
using equations (21-23)
Sa = OT(JRT(Ur, Uy),Ua)
(21)

Sy = OT(JRT(Ur, Up), Uy)
(22)

ST = OT( ]RT(UV! UA), UT)
(23)

The final joint vector S joint is expressed using equation (24)

Sjoint = Sa @ Sy @ St
(24)

Finally, using a joint vector S joint @s input, the sentiment score is estimated
through a fully integrated network f using equation (25)

Y= f(Sjoint)

(25)

4.3.1 PARAMETER OPTIMIZATION USING ADO ALGORITHM

The optimal transformer architecture is enhanced through the Adaptive Dragonfly
Optimization (ADO) algorithm to fine-tune hyperparameters specific to
multimodal sentiment analysis. The transformer’s hyperparameters, including the
number of encoder layers, attention head count, feed-forward layer dimension,
dropout rate, and embedding size, are dynamically adjusted by the ADO
algorithm to maximize performance.

During the optimization process, the dragonfly algorithm mimics the
swarming behaviors of dragonflies, incorporating both static and dynamic swarm
movements. The algorithm adjusts the position of each dragonfly by considering
factors such as separation, alignment, cohesion, attraction to food sources, and
avoidance of adversaries. These factors guide the algorithm in exploring and
exploiting the search space for optimal hyperparameters.

Table 1: Hyperparameter range

Hyper-parameters Range
Number of layers in encoder [1-7]
Count of attention heads 1,2,4,8,16
Dimension of the feed-forward layer 128, 256, 512, 1024, 2048, 4096
Dropout [0.1-0.5]
Embedding dimensions 256, 512, 1024
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In the absence of neighboring solutions, a Levy flight operation is employed
to introduce random walk behavior, allowing for further exploration of the search
space. The location of each dragonfly is updated using the Levy flight step length,
which facilitates exploration beyond local optima. The dragonfly’s position is
iteratively adjusted until a termination criterion is met, typically when the number
of iterations reaches a predefined maximum or the best solution is found.

The steps involved in the adaptive dragonfly optimization algorithm are
explained as follows:

Step 1: Initialization: The primary objective of this technique is to select the
optimal hyperparameter. In this case, the dragonfly represents the hyperparameter
level. Initially, the dragonfly is selected at random. The solutions are represented
as follows using equation (26)

PN = {Y]J YZ! ey YN} (26)
Here, Ynis the N solution or cat’s position, and it is defined using (27).
Y; = {L,H,F,0,E}; 27)

while L is the encoder's total number of levels, H is the total number of
attention heads, F is the feed-back layer's scale, O is the dropout rate, and E is the
embedded size.

Step 2: Fitness calculation: The fitness of each solution is determined after
solution initialization. The fitness function is considered to have the highest
accuracy. Equation (28) contains the fitness function.

Fit=Max (Accuracy) (28)

In this equation,

Accuracy = L L\ S (29)
TP+FP+TN+FN

Where TP depicts the True Positives; TN represents the True Negatives; FP
depicts False Positives and FN depicts the False Negatives.

Step 3: Update the solution using ADO: In this case, the algorithm uses
various principles to update the dragonfly's position. These principles are:

Separation: This avoids a collision between a swarm member and its
neighbours. The separation is calculated using equation (30).

Sa=-2%.(Z2-17) (30)

Alignment: This ensures that the direction of the swarm members is in
alignment, calculated using equation (31).

N ow;
A =220 (31)
Cohesion: This ensures that the members of the swarm are drawn toward the

centre of mass, calculated using equation (32)
Cq = % x YN (2, - 2) (32)
The formula for calculating attraction to a food source is as follows:
Fq=1"-17Z (33)
The following formula is used to calculate adversary distraction:
Eq=7"+7Z (34)
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Where Z denotes the immediate location of the person, Z; denotes the
immediate location of the j individual, the number of neighbouring solutions is
represented as N, W; denotes the speed of the j" neighbouring individual,
Z*and Z represent the locations of the food source and adversary, respectively.

A pair of vectors is taken into consideration, phase (AZ) and location (Z),
which are used to duplicate the movements of synthetic dragonflies and modify
their locations in search. Equation (35) indicates that a step vector, that also
referred to as the quick, indicates the path of the dragonfly movements. The
vector of position is modified by equation (36), after the initial matrix has been
successfully computed.

Azt+1 = (SSd + aAd + CCd + de + eEd) + QAZ‘-_ (35)
Ziy1 =Ze+ AZeyy (36)

where s, a, and c in equation (35) are constants related to separation,
alignment, and cohesion, whereas f, e, w, and t, represent the food, adversary, and
inertial factors, respectively. w is the inertial weight, t represents the iteration.

Step 4: Levy flight operation: When there are no neighbouring solutions, a
random walk (Levy Flight) is used to introduce randomness and promote
exploration. The updated location is calculated as:

Ziy1 = Z¢ + Levy(i) X Z; (37)

Here, | represent the position vector's size. The following random walk
distributions have been generated by the Levy Flight.

levy(z) = 0.01 x I:zllj/cﬁ (38)

rrand r> denote a random number ranging within [0,1]. Bis a constant value. ¢
represents step length scaling.
Levy flight step lengths s, are as follows:

v|@ (39)

n

S| =

Where p is a uniformly distributed random value,

_ 1+xxsin(x/2)
o= [(((1+x/2))xx2(—1)/2
(z)=(z-1)!

(41)

] ando, =1 (40)
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Step 5: Termination criteria

Steps 2 to 4 are repeated until the termination condition is met. The
termination criterion is when the number of iterations t exceeds the maximum
iterations, tmax, Or the best solution is found.

5 RESULTS AND DISCUSSION

In this section, the performance of the proposed framework is assessed to
determine its effectiveness in conducting efficient multimodal sentiment analysis.
The framework consists of three primary components, including feature
extraction, a joint representation translator, and a transformer-based prediction
mechanism optimized by the Adaptive Dragon Optimization Algorithm (ADOA).
For modality feature extraction, COVAREP [25] processes the acoustic signals,
which yields a feature dimension of 74 for the acoustic modality. The video
frames are processed using Facet [26] which produces 35-dimensional feature
vectors. For the textual modality, Glove [27] is applied to generate 300-
dimensional word embeddings. To ensure fairness in comparison, the experiments
are repeated five times, and the average results are reported for both the proposed
JRT and Optimized Transformer method and a selection of baseline models. All
experiments are conducted on a single RTX-2080Ti GPU, and Python is the tool
used for implementing and executing the model.

5.1 DATASET DESCRIPTION

For testing the proposed model, two public multimodal sentiment analysis
datasets, CMU-MOSI and CMU-MOSEI, are adopted. A brief overview of the
datasets are as follows,

CMU-MOSI: The CMU-MOSI dataset [28] serves as a popular benchmark
for multimodal sentiment analysis. It contains 2,199 samples of short monologue
video clips extracted from 93 YouTube movie review videos. Each sample is
labeled with a continuous sentiment score ranging from [-3, 3], where -3
represents extremely negative emotions and 3 signifies extremely positive
emotions. The dataset is divided into 1,284 training samples, 229 validation
samples, and 686 test samples.

CMU-MOSEI: The CMU-MOSEI dataset [29] improves upon CMU-MOSI
by incorporating a greater diversity of samples, speakers, and topics. It includes
23,453 annotated video clips from 5,000 videos, 1,000 different speakers, and 250
topics. Each sample is labeled with a sentiment score within the range of [-3, +3].
The dataset consists of 16,326 training samples, 1,871 validation samples, and
4,659 test samples.
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Table 2:Performance metrics analysis for various input videos

= Correlatio | False Negative
) Accuracy | Recall Score | M positive | predictiv
Input video coefficient | rate e value
95.42 97.53 95.39 | 0.9094 0.0657 | 0.9757
96.49 98.64 96.46 | 0.9308 0.0553 | 0.9867
95.93 98.42 9591 | 0.9200 0.0640 | 0.9845

Table 2 provides the analysis of performance metrics for different input
videos. According to Table 1, the highest accuracy is achieved with 95.42% for
Video 1, 96.49% for Video 2, 95.93% for Video 3, 94.55% for Video 4, and
93.20% for Video 5. The minimal error values are due to the effectiveness of the
JRT and Optimized Transformer method.

Execution Time vs. Dataset Size for JRT-ADOA

—e— JRT-ADOA

w
o
T

N
o
T

Execution Time (seconds)
N w
o o
T

=
o
T

Zb 4‘0 6‘0 8‘0 1(I)0
Dataset Size (in thousands of samples)

Figure 4. Computation analysis based on execution time

The Execution Time vs. Dataset Size graph for JRT-ADOA illustrates the
computational cost trend as the dataset size increases. As expected, execution time
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grows with larger datasets, indicating the model's scalability. Initially, the
execution time increases gradually, but as the dataset size reaches higher
thresholds, the rise becomes more pronounced due to increased computational
complexity in processing multimodal sentiment analysis. Despite this, JRT-
ADOA maintains a reasonable execution time, suggesting its efficiency compared
to traditional methods.

5.2 COMPARATIVE ANALYSIS

Table 2 presents the comparative analysis results for various methods,
including LSTM, RNN, CNN, Bi-GRU, the method without optimization, and the
proposed JRT and Optimized Transformer method. The evaluation includes
metrics such as accuracy, recall, F1-score, correlation, false positive rate, negative
predictive value, and mean squared error.

Table 3. Comparative analysis results

. Without

Bi- o Propos
Measures LSTM RNN CNN GRU ?Opr;umlzat ed
@Zguracy 87.06 7520 | 87.74 |8123 |83.33 95.11
Recall (%) | 82.8 62.65 |9155 |68.75 |75.78 9751
Fl-Score | g7 15 7540 | 8755 |81.11 |83.01 95.14
(%)
Correlatio
n 0.74 0.57 0758 |0.678 |0.681 0.90
coefficient
False
Positive | 0.0813 00943 |0.0756 |0.089 |0.078 0.051
rate (%)
Negative
Predictive | 0.7256 06214 |0718 |069 |0.766 0.97
Value (%)
MSE 0.1294 0248 |0.1226 |0.1877 |0.1667 | 0.0489

Table 3 displays the comparative analysis results. The proposed JRT and
Optimized Transformer method shows substantial improvement across various
performance metrics compared to existing methods, including LSTM-based,
RNN-based, CNN-based, Bi-GRU-based sentiment analysis, and the baseline JRT
method without optimization. For accuracy, improvements of 9.25%, 26.48%,
8.40%, 17.09%, and 14.14% are achieved, thereby demonstrating the method's
strong capability in accurately classifying instances across multiple sentiment
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categories. This increase in accuracy highlights the model's effectiveness in
minimizing classification errors across diverse sentiment analysis tasks. The recall
metric experiences a significant enhancement, with increases of 17.77%, 55.64%,
6.51%, 41.83%, and 28.68%. These improvements illustrate the model's superior
ability to identify true positive cases while minimizing false negatives. This is
especially important in tasks where detecting positive instances is critical, such as
in sentiment classification, where the improved recall ensures the model reliably
identifies all relevant positive sentiment cases.

A notable F1-score improvement of 9.17%, 26.18%, 8.67%, 17.30%, and
14.61% further emphasizes the balanced performance between precision and
recall in sentiment classification. A high Fl-score demonstrates that the model
effectively maintains equilibrium between minimizing both false positives and
false negatives, which is crucial for applications where errors in sentiment
classification significantly impact the analysis. The correlation coefficient shows
increases of 21.62%, 57.89%, 18.73%, 32.74%, and 32.16%, thereby indicating a
stronger alignment between predicted and actual sentiment values. This
improvement is vital for sentiment analysis models where understanding the
correlation between predictions and real-world outcomes is necessary, such as in
sentiment classification tasks. The False Positive Rate (FPR) is reduced by
37.27%, 45.92%, 32.54%, 42.70%, and 34.62%, thereby signifying fewer
incorrect positive predictions in sentiment classification. A lower false positive
rate is crucial for sentiment analysis applications where avoiding
misclassifications is essential, thus minimizing unnecessary reactions or decisions
based on incorrect sentiment predictions.

Negative Predictive Value (NPV) shows an increase of 33.68%, 56.10%,
35.10%, 40.58%, and 26.63%, thereby highlighting the model's enhanced
reliability in predicting negative sentiment cases. With a higher NPV, the
accuracy of the model's negative sentiment predictions is improved, which
enhances the trustworthiness of sentiment analysis results. Finally, the Mean
Squared Error (MSE) shows a significant decrease of 62.21%, 80.28%, 60.11%,
73.95%, and 70.67% which reflects the model’s enhanced ability to make precise
predictions with minimal deviation from actual values. This reduction in MSE
highlights the model's improved accuracy and reliability in real-world applications
where precise prediction is essential.
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Table 4: Comparative analysis based on different optimization algorithms

Measures JRT+ grid search | JRT+ JRT+
Bayesian ADOA
optimization | (Proposed

)

Accuracy (%) 90.14 88.20 95.11

Recall (%) 91.45 86.65 97.51

F1-Score (%) 82.15 87.40 95.14

Correlation 0.82 0.58 0.90

coefficient

False Positive 0.0813 0.0943 0.051

rate (%)

Negative 0.7256 0.6214 0.97

Predictive Value

(%)

MSE 0.1294 0.248 0.0489

Table 4 presents a comparative analysis of different optimization algorithms,
JRT+ Grid Search, JRT+ Bayesian Optimization, and the proposed JRT+ ADOA,
based on key performance metrics. The proposed JRT+ ADOA outperforms the
other methods across all measures, achieving the highest accuracy of 95.11%,
recall of 97.51%, and Fl1-score of 95.14%, indicating its superior classification
capability. Additionally, it demonstrates a higher correlation coefficient (0.90),
suggesting a stronger relationship between predicted and actual values. The false
positive rate (0.051%) is the lowest, reflecting its robustness in minimizing
incorrect positive classifications. Furthermore, the negative predictive value of
0.97 is significantly higher than the other methods, showing improved reliability
in identifying true negatives. Moreover, the MSE for JRT+ ADOA (0.0489) is the
lowest, indicating minimal prediction errors compared to JRT+ Grid Search of
0.1294 and JRT+ Bayesian Optimization of 0.248. Overall, the results validate
that the proposed ADOA-based approach significantly enhances classification
performance, reducing error rates and improving predictive reliability.

5.3 COMPARISON WITH PUBLISHED WORK

We contrast our findings with previously published studies to demonstrate the
effectiveness of the proposed method. In this, we compare our work with [17-24].
These works are mainly used for sentiment analysis, and they have been published
recently. The detailed description of each work is already explained in section 2.
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Table 5: Comparative analysis results

Modal Accuracy | F1score Mean Correlation
absolute
error
(MAE)
Multimodal 85.7 85.6 0.714 0.794
[17]
Multimodal 85.2 85.1 0.713 0.790
[18]
Cross- 88.5 88.5 0.500 -
modal
model [19]
Cross- 80.77 81.01 0.6027 0.6809
modal [20]
Cross- 89.33 89.31 0.644 0.842
modal
attention
module
[21]
Multi- 80.5 80.2 0.608 0.667
modal [22]
Multimodal 83.1 82.8 0.582 0.706
[23]
Multimodal 83.6 83.8 - -
[24]
Multimodal 95.11 95.14 0.0171 0.90
[proposed]

Table 5 presents comparative analysis results. Here, we compared our work
with already published research works. These works are mainly focused on
multimodal-based sentiment analysis. When analyzing Table 3, the suggested
work reached the maximum accuracy of 95.11% which is 83.6% for [24], 83.1%
for [23], 80.5%% for [22], 89.33% for [21], 80.77% for [20], 88.5% for [19],
85.2% for [18] and 85.7% for [17]. Compared to existing work, our proposed
method attained the maximum accuracy. This is due to the parameter optimization
in the transformer encoder and JRT. Similarly, our work attained the minimum
MSE of 0.0171. The results show that the recommended technique produced a
better result than the other techniques.

5.4 ABLATION STUDY

An ablation study is a systematic analysis used to evaluate the impact of
individual components or hyperparameters on a model’s performance. By
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selectively modifying specific parameters, such as dropout rate or embedding
dimension, researchers can determine their optimal values for improving accuracy
and generalization. The results provide insights into the trade-offs between
different settings, guiding the selection of the best-performing model
configuration.

Table 6: Performance analysis by varying dropout value

Dropout
Measures 0.1 0.2 0.3 0.4 0.5
Accuracy 915 93.32 95.11 92.45 91.63
Recall 934 95.34 97.51 94.54 93.32
F1-Score 91.32 92.71 95.14 93.22 92.63
MSE 0.0534 0.0342 0.0171 0.0234 0.0434

Table 6 presents an ablation study analyzing the impact of varying dropout
values (0.1 to 0.5) on model performance using accuracy, recall, F1-score, and
MSE as evaluation metrics. The results indicate that a dropout value of 0.3 yields
the highest accuracy of 95.11%, recall of 97.51%, and F1-score of 95.14%, while
also achieving the lowest MSE of 0.0171, suggesting an optimal balance between
regularization and performance. Lower dropout values 0.1 and 0.2 lead to
relatively lower accuracy and recall, implying potential overfitting, while higher
dropout values 0.4 and 0.5 result in performance degradation, likely due to
excessive neuron deactivation. Thus, a dropout value of 0.3 appears to be the most
effective for enhancing model generalization while minimizing error.

Table 7: Performance analysis by varying embedding dimension

Measures Embedding dimension
256 512 1024
Accuracy 91.8 95.11 92.52
Recall 93.7 97.51 94.81
F1-Score 91.50 95.14 93.8
MSE 0.0531 0.0171 0.0421

Table 7 presents an ablation study examining the effect of varying embedding
dimensions (256, 512, and 1024) on model performance based on accuracy, recall,
F1-score, and MSE. The results indicate that an embedding dimension of 512
achieves the highest accuracy of 95.11%, recall of 97.51%, and Fl-score of
95.14%, while also obtaining the lowest MSE of 0.0171, suggesting optimal
feature representation and model generalization. In contrast, lower 256 and higher
1024 embedding dimensions result in reduced performance, with increased MSE
values of 0.0531 and 0.0421, respectively, possibly due to underfitting in the
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former and overfitting in the latter. These findings highlight that an embedding
dimension of 512 is the most effective in capturing meaningful features while
maintaining model efficiency.

6. CONCLUSION

The proposed multimodal sentiment analysis framework, integrating advanced
feature extraction, a Joint Representation Translator (JRT), and a transformer
model optimized through the Adaptive Dragon Optimization Algorithm (ADOA)
achieves significant advancements in sentiment prediction accuracy. The process
begins with the extraction of video, audio, and text features to ensure a
comprehensive representation of the multimodal input. This joint feature set is
then fed into the JRT, which effectively translates and merges these features into a
unified representation. The transformer-based architecture, further optimized by
ADOA ensures that this representation is processed in the most efficient manner,
leveraging attention mechanisms to enhance model performance. The ADOA
optimization significantly boosts the model's predictive capabilities by refining
the transformer’s parameters, improving its ability to identify intricate patterns in
sentiment-related data. The significant improvement in these metrics highlights
the proposed method's superior ability to capture complex sentiment patterns by
comprehensively integrating both textual and non-textual modalities for a more
robust analysis. The comprehensive evaluation across multiple benchmarks
further validates the approach's efficiency and effectiveness in real-world
sentiment detection tasks. It is appropriate for a wide variety of global
applications because of its generalisability and solid performance, which includes
healthcare, education, entertainment, and social media analytics, amongst others.

Future work would focus on real-time data stream analysis and integration of
edge computing for faster sentiment detection in dynamic environments.
Expanding the framework to include additional multimodal data, such as wearable
sensors or physiological signals, would enhance emotion recognition. Further
advancements in model interpretability and domain-specific adaptations could
improve performance and applicability across various industries.
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