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Abstract: The rapidly evolving domain of multimodal sentiment analysis is crucial for unraveling the intricate
layers of emotional expression in social media content, customer service interactions, and personal vlogs. This
research introduces a cutting-edge Advanced Cross-Modal Gating (ACMG) framework that significantly enhances
the precision of sentiment analysis by refining the interplay among textual, auditory, and visual modalities. Our
approach addresses three foundational aspects of sentiment analysis: (1) Advanced learning of cross-modal
interactions, which focuses on extracting and synthesizing sentiment from varied modal inputs, thus providing
a holistic view of expressed emotions; (2) Mastery over the temporal dynamics of multimodal data, enabling
the model to maintain context and sentiment continuity over extended interactions; and (3) Deployment of a
novel fusion strategy that not only integrates unimodal and cross-modal cues but also dynamically adjusts the
influence of each modality based on its contextual relevance to the sentiment being expressed. The exploration of
these dimensions reveals that the nuanced modeling of cross-modal interactions is crucial for enhancing model
responsiveness and accuracy. By applying the ACMG model to two highly regarded datasets—CMU Multimodal
Opinion Level Sentiment Intensity (CMU-MOSI) and CMU Multimodal Opinion Sentiment and Emotion Intensity
(CMU-MOSEI)—we achieve groundbreaking accuracies of 83.9% and 81.1%, respectively. These results represent
significant improvements of 1.6% and 1.34% over the current state-of-the-art, showcasing the superior performance

and potential of our approach in navigating the complexities of multimodal sentiment analysis.

Keywords: multimodal sentiment analysis; cross-modal gating; deep learning fusion

1. Introduction

Sentiment analysis [1,2], a subfield of natural language processing (NLP), has grown tremendously
in its scope and applicability, especially in understanding human emotions conveyed through language.
This computational technique is designed to automatically analyze and classify the emotional tone
behind words used in text data, enabling machines to understand the sentiments expressed by humans.
Originally focusing primarily on textual data, sentiment analysis has expanded to encompass a wider
array of sources such as social media posts, customer reviews, and news articles, where it serves crucial
roles in market analysis [3], public relations, and automated customer service. The ability to parse
complex human emotions automatically offers significant advantages in various industries by helping
businesses gauge public sentiment, tailor marketing strategies, and improve customer experiences. As
sentiment analysis evolves, its integration with other technological advances like machine learning
and deep learning has markedly improved its accuracy and the granularity of sentiment detection,
pushing the boundaries of how machines understand human emotions [9].

Sentiment analysis [10,11] has emerged as a pivotal area in the realm of spoken language under-
standing, aimed at discerning the sentiments expressed by individuals towards various subjects, such
as products, events, or topics. The advent of social media platforms—including Facebook, WhatsApp,
Instagram, and YouTube—has catalyzed an exponential increase in the generation of multimedia
content such as podcasts, vlogs, interviews, and commentaries. This multimedia content is rich with
parallel acoustic signals (e.g., vocal expressions like intensity and pitch) and visual cues (e.g., facial
expressions and gestures), alongside textual information (spoken words), offering a comprehensive
scaffold for advanced sentiment analysis.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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On the other hand, multimodal learning is an advanced area of machine learning that seeks to
process and relate information from multiple sensory modalities—such as text, image, and sound—to
better understand the context and insights that might not be accessible through unimodal data. In the
digital age, where data comes in various forms, the ability to integrate and interpret this heterogeneous
data is crucial. This field addresses the challenge of capturing the complementary and redundant
properties of modalities that naturally occur in human communication. For instance, in human
interactions, spoken words (audio), facial expressions (video), and text (transcriptions) work together
to convey complete messages [17,18]. Multimodal learning models strive to create representations that
can effectively merge these different types of data to perform tasks such as sentiment analysis, identity
verification, and multimedia content recommendation more accurately. By harnessing the strengths of
each modality, these models achieve superior performance in complex environments where unimodal
signals might be insufficient or misleading, enhancing both the robustness and the depth of analytical
applications.

This paper introduces the Advanced Cross-Modal Gating (ACMG) framework, designed to
enhance sentiment analysis by intricately fusing multimodal data streams. Our ACMG system
focuses on three strategic areas: 1) advanced learning techniques for cross-modal interactions to
robustly capture and synthesize sentiments from diverse modal inputs; 2) sophisticated handling of
the persistent multimodal dependencies that emerge in extended discourses; and 3) an innovative
fusion strategy that not only assimilates unimodal and intermodal cues but also adapts dynamically to
the contextual significance of each modality in real-time sentiment analysis.

Prior methodologies in multimodal sentiment analysis generally fall into three categories: (i)
Approaches that analyze modalities independently and later fuse their outputs [19,20], (ii) Strategies
that jointly analyze the interactions among two or more modalities [21,22], and (iii) Techniques that
leverage both unimodal and cross-modal contributions, often employing attention mechanisms to
refine this integration [27-34].

Traditionally, fusion methods like early or decision-level fusion dominated the field [19]. However,
more recent studies suggest integrating fusion at various levels and hierarchies to capture the nuanced
dynamics of multimodal interactions more effectively [21]. For example, multi-kernel learning has
been employed to fuse acoustic and visual features with textual data, enhancing the richness of the
sentiment analysis [35]. Other advanced techniques include gated multimodal embeddings with
temporal attention for word-level fusion [27] and hierarchical attention architectures that build upon
aligned multimodal features.

Our ACMG model innovatively builds upon these foundations by introducing a conditional
gating mechanism that modulates cross-modal interactions based on linguistic content, vocal tone,
and visual expressions. This mechanism selectively emphasizes the modalities most relevant to
the sentiment being expressed, thereby enhancing the accuracy and contextuality of the analysis.
Additionally, we incorporate a self-attention layer to capture long-term dependencies across utterances
within videos, enabling unrestricted information flow and deeper contextual understanding. The
fusion of these self-attended and gated cross-interaction representations through a recurrent layer
results in robust, deep multimodal contextual feature vectors for each utterance.

The primary contributions of this paper are threefold: 1) the development of a learnable gat-
ing mechanism that strategically controls information flow during cross-modal interactions; 2) the
application of self-attended contextual representations to capture extended dependencies; and 3) a
sophisticated recurrent layer-based approach for integrating self and gated cross fusion feature vectors
to derive deep, modality-specific multimodal feature vectors.

2. Related Work

Sentiment analysis has evolved significantly from its initial applications, which were primarily
focused on analyzing textual data such as product reviews and social media posts. Early methods
relied on simple lexicon-based approaches that scored words based on predefined sentiment dic-
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tionaries [39—44]. However, these methods were limited by their inability to understand context or
the subtleties of language such as irony and sarcasm. With the advancement of machine learning
techniques, particularly supervised learning, sentiment analysis began to employ more sophisticated
models like support vector machines (SVMs) and naive Bayes classifiers, which offered improved
accuracy by learning from large datasets of labeled examples.

The integration of deep learning into sentiment analysis marked a significant leap forward,
enabling the analysis of complex sentence structures and semantic nuances [48,49]. Neural networks,
particularly recurrent neural networks (RNNs) and their variants like Long Short-Term Memory
(LSTM) networks, have been pivotal in capturing the temporal dynamics of language. These models
excel in tasks that involve understanding context over longer stretches of text, making them ideal for
sentiment analysis in conversations and narratives. More recently, the emergence of transformer-based
models, such as BERT (Bidirectional Encoder Representations from Transformers), has revolutionized
sentiment analysis by providing even deeper contextual analysis capabilities through mechanisms like
self-attention, which allows the model to weigh the importance of each word in a sentence relative to
others.

Multimodal learning extends the capabilities of traditional machine learning by incorporating
multiple types of data inputs. The foundational concept behind multimodal learning is to leverage
the inherent strengths of each data modality to improve the accuracy and robustness of predictive
models. Early research in the field focused on simple concatenation techniques for combining features
from different modalities [55,56]. However, these early attempts often failed to capture the complex
interdependencies between modalities. The realization that different modalities could provide com-
plementary information about the same phenomenon spurred developments in more sophisticated
integration techniques, such as joint feature learning and co-training methods [59-61].

Recent advances in multimodal learning [66] have focused on more dynamic interaction mod-
els that can effectively synchronize and integrate data from diverse sources. Techniques such as
cross-modal attention mechanisms have been developed to selectively focus on the most relevant
features across modalities, enhancing tasks like video analysis where audio and visual cues need to
be synchronized [68,69]. Another significant development is the use of hybrid models that combine
convolutional neural networks (CNNs) for image processing with LSTMs for sequential data like text
and audio, enabling these models to handle complex multimodal inputs effectively. These advanced
models are not only more adept at handling data alignment and temporal synchronization but also
significantly improve performance in applications such as multimedia event detection and multimodal
sentiment analysis.

In the specific domain of multimodal sentiment analysis, the integration of textual, audio, and
visual data has led to more accurate detection of sentiments, as it mirrors human communication
more closely. Recent studies have explored various architectures for effective multimodal integration.
For instance, some approaches focus on modality fusion at different levels—feature-level, decision-
level, and hybrid—each offering distinct advantages depending on the application. Other innovative
approaches have included the development of end-to-end trainable systems that use multimodal deep
learning to simultaneously learn feature representations and sentiment classification. These systems
often employ complex gating mechanisms to manage the flow of information from different modalities,
ensuring that the model remains sensitive to the most informative cues at any given moment.

3. Methodology

Our Advanced Cross-Modal Gating (ACMG) model is designed to intricately learn the interac-
tions between different modalities, governed by a sophisticated learnable gating mechanism. The
comprehensive architecture of our system has key components: contextual utterance representation,
self-attention, cross-attention, gating mechanism for cross-interaction, and deep multimodal fusion.
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3.1. Contextual Utterance Representation

The foundation of our model starts with the extraction of rich, contextual representations from
utterances within each modality. This is achieved through the application of Bi-directional Gated
Recurrent Units (Bi-GRUs) [70], which are adept at capturing both past and future context. For
each modality, utterance-level features are sequentially fed into a separate Bi-GRU, resulting in
dynamic, modality-specific contextual representations denoted as H. Formally, the contextual utterance
representations (Hr € R”Xd) for a sequence of utterances (Ui, Uy, ..., U,) in the Text modality are
computed as:

Hr = Bi-GRU (U, Uy, ..., Uy) (1)

where subscript T denotes Text, with A and V representing Audio and Video modalities respectively.
Each modality’s representations capture the nuanced, time-dependent characteristics pertinent to that
specific modality.

3.2. Self Attention

To address the challenge of capturing long-term dependencies, especially in videos containing
up to 100 utterances, we employ a bilinear attention mechanism [71] based on self-matching layers
applied to the contextual utterance representations. For Text, the self-attention mechanism is modeled

as:
Mr = HfWHE, My € R*** (2a)
Ar(i,) = softmax(Mr,) (2b)
St = Ar.Hp, ST € RuXd (ZC)

Here, Equation 2a computes the self-matching matrix with W being a trainable matrix. Equation 2b
calculates the self-attention scores for each utterance, U;, and Equation 2c produces the self-attended
utterance representations. The self-matching matrix Mt is computed through a trainable weight matrix
W, with self-attention scores At then applied to generate self-attended representations St, enhancing
the representation with contextual awareness of the entire sequence.

3.3. Cross Attention

Leveraging multimodal data provides a unique opportunity to learn intricate interactions between
modalities. Following methods similar to those discussed by Ghosal et al. [34], our model learns cross-
interaction vectors. For Text (Ht) and Video (Hy) modalities, the co-attention matrix (Mpy € R**") is
defined as:

Mry = HWH; W e R9¥4 (3)

Cross-attention representations for Text (Cyr € R**4) and Video (Cry € R**9) are subsequently
computed as:

Aty (i:) = softmax(Mry, ) (4a)
Ayr(: j) = softmax(Mrv,) (4b)
Cyr = Ayr.Hr, Cry = Ary.Hy (40)

3.4. Gating Mechanism for Cross Interaction

The integration of cross-modal data introduces challenges due to the potential imperfections in
individual modalities. To address this, we implement a gating mechanism that selectively learns which
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cross-interactions to emphasize [72,73]. The gated cross-fused vector (Fpg € R**4) for Text and Video
modalities is modeled as:

FVT = leSiOl”l(CVT, HT) (5a)

FTV = quiO}’l(CTv, Hv) (5b)

The fusion function combines the cross-interaction and contextual representations using a gated
mechanism:

X(P,Q) = tanh(W.[P,Q,P — Q,Po Q] + br) (6a)

G(P,Q) = o(WE.[P,Q P~ Q,PoQ]+bc) (6b)

Fpg = G(P,Q)-X(P,Q) + (1 - G(P,Q))-Q (60)

3.5. Deep Multimodal Fusion

Finally, the synthesized features from both self and gated cross interactions are further processed
through a Bi-GRU to learn deep, integrative feature vectors for each modality. This stage consoli-
dates the insights drawn from individual and cross-modal analyses, ensuring that the final feature
representation is robust and comprehensive:

DeepT = Bi—GRU(ST, FVT/ FAT) (7)

This enriched multimodal feature vector is then inputted into a predictive layer, comprising a fully
connected and softmax layer, to perform the final classification task, capturing the nuanced sentiments
expressed across all modalities.

4. Experiments

4.1. Dataset

The ACMG model was evaluated using two widely recognized multimodal sentiment analysis
datasets from the CMU Multimodal SDK: 1) CMU-MOSI: Multimodal Opinion Sentiment Intensity
Dataset and 2) CMU-MOSEI: Multimodal Opinion, Sentiment, and Emotion Intensity Dataset. Both
datasets are designed for binary sentiment classification, with sentiment values > 0 indicating positive
sentiments and values < 0 indicating negative sentiments. CMU-MOSI consists of 1284 training, 229
validation, and 686 test utterances, while CMU-MOSEI comprises 16216 training, 1835 validation, and
4625 test utterances.

4.2. Implementation Details

For our experiments with the ACMG model, we meticulously selected feature sets as recom-
mended by Ghosal et al [34]. Specifically, for the CMU-MOSEI dataset, we utilized GloVe embed-
dings [74] to capture nuanced word-level features. Visual features were extracted using the Facets
toolkit !, renowned for its detailed analysis of machine learning model behavior. For acoustic features,
we leveraged the robust capabilities of COVAREP [75], a cooperative voice analysis repository for
speech technologies.

For the CMU-MOSI dataset, our approach incorporated a convolutional neural network (CNN)
to derive utterance-level features. This was complemented by 3D CNN features for visual data and
openSMILE [76] features for acoustic data, ensuring a comprehensive multi-modal data representation.

1 https:/ /pair-code.github.io/facets/
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Model training was carried out using Bi-directional Gated Recurrent Units (Bi-GRUs), with a
hidden layer size of 100 for CMU-MOSI and 200 for CMU-MOSEI, adapting the network’s complexity
to the dataset’s size. Regularization was implemented via a dropout rate of 0.4 to prevent overfitting,
and ReLU activation functions [77] were employed to introduce non-linearity into the dense layers.
Optimization was achieved using the Adam optimizer [78], with a learning rate of 0.0005. Batch sizes
were set to 16 for CMU-MOSI and 32 for CMU-MOSEI, with the training process spanning 75 epochs
to adequately converge on optimal solutions.

4.3. Results and Analysis

4.3.1. Baselines and Ablation Study

To rigorously evaluate the effectiveness of the ACMG model, we established several experimental
conditions (Table 1). Initially, we defined a unimodal baseline (B1) and a bimodal baseline without
gating (B3) to serve as fundamental comparisons. These baselines were crucial in understanding the
incremental benefits introduced by self-attention (B2) and the gating mechanism (B4). Furthermore,
the integration of these components into a deep multimodal fusion configuration (B6) was assessed.

Table 1. Performance comparison of ACMG model components showing accuracy improvements at

each step.
Sl. No. Model CMU-MOSI CMU-MOSEI
B1 Unimodal Baseline 80.57 78.58
B2 B1 + Self Attention 81.11 79.12
B3 Bimodal Baseline w/o Gating 81.91 80.00
B4 Bimodal Baseline w/ ACMG Gating 82.91 80.59
B5 B2 + B4 w/o0 Deep Multimodal Fusion 83.37 80.88
B6 ACMG: Full Model w/ Multimodal Fusion 83.91 81.14

The empirical results confirmed that incorporating self-attention improved the overall model
performance by 0.54% on both the MOSI and MOSEI datasets. The introduction of the ACMG gating
mechanism provided a further 1% improvement in accuracy on the MOSI dataset, demonstrating
its effectiveness in managing modality-specific noise and enhancing feature integration. The deep
multimodal fusion technique added an additional increase of 0.54% and 0.26% in accuracy on the MOSI
and MOSEI datasets respectively, underscoring the synergy achieved through combined modality
processing.

The performance improvements across these baselines substantiate our hypothesis that targeted,
attention-driven interactions between modalities significantly enhance the model’s robustness and
sensitivity to context. The ACMG model’s adept handling of long-term dependencies and its capability
to integrate complex multimodal data into coherent feature representations underscore its advanced
analytical prowess.

4.3.2. Benchmarking

To position the ACMG model within the current research landscape, we compared its performance
against a variety of established benchmarks in multimodal sentiment analysis. These include: - Tensor
Fusion Network [21], which amalgamates unimodal embeddings through a 3-fold Cartesian product;
- Context-dependent Sentiment Analysis [20], focusing on dynamic multimodal feature extraction;
- Memory Fusion Network (MFN) [32], which utilizes a sequential multi-view learning framework
incorporating attention and memory; - Graph-MEN [30], which enhances the MEN architecture with
a dynamic fusion graph for learning modality interactions; - Gated Multimodal Embedding with
Temporal Attention [27], optimizing word-level modality fusion; - Hierarchical Fusion Approach [33],
which executes sentiment analysis through a tiered fusion strategy at the word, sentence, and abstract
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levels; - Deep Canonical Correlation Analysis (DCCA) based Multi-modal Embeddings [22] for deep
learning of joint modality representations.

In Table 2, the ACMG model demonstrates superior performance, surpassing state-of-the-art
results by 1.6% on the CMU-MOSI corpus and 1.34% on the CMU-MOSEI corpus. This benchmarking
not only highlights the model’s efficacy but also its adaptability and precision in handling diverse and
complex multimodal datasets.

Table 3 provides a qualitative insight into specific instances from the dataset, illustrating how
the ACMG model selectively enhances modality-specific contributions and manages cross-modal
interactions effectively, thereby yielding a high degree of accuracy in sentiment classification.

Table 2. Benchmark comparison of multimodal sentiment analysis performance across CMU-MOSI
and CMU-MOSEI datasets. Asterisks indicate results on subsets excluding neutral sentiments.

CMU-MOSI CMU-MOSEI
Approach Accuracy F1-Score Approach Accuracy F1-Score
Poria et al [20] 77.1 79.1 Zadeh et al [32] 76.0 76.0
Morency et al [19] 76.5 73.4 Poria et al [20] 76.9 77.0
Zadeh et al [33] 76.9 76.9 Morency et al [19] 77.64 -
Ghosal et al [34] 82.31 80.69 Ghosal et al [34] 79.80 -
Sun et al [22] 80.6 80.57 Sun et al [22] (83.62) (83.75)
ACMG Model 83.91 81.17 ACMG Model 81.14/(85.27)  78.53 / (84.08)

Table 3. Detailed qualitative analysis of ACMG model’s performance, showcasing the interplay of
text, audio, and video modalities. Sy, represents the self-attention score for each utterance u in the
corresponding modality M. Cross-interaction scores are computed as the average values of the gating
function G(P, Q) for each pair of modalities P, Q.

Gold | Predicted
Utterance Label Label Remark

St, = 0.95, indicating strong textual self-sufficiency
Cross-interaction score: 0.45, showing moderate reliance on other modalities
Despite the positive final sentiment, text analysis initially
suggests neutrality. T-A and T-V interactions (0.18 and 0.07)
indicate minor contributions. Visual (Sy, = 0.78) and audio
(54, =0.72) modalities primarily drive the positive outcome.
Moderate correlation among all modalities, with cross-interaction
A few jokes were somewhat funny Neg. Neg. scores of T-A = 0.82, A-V = 0.71, and T-V = 0.86,
indicating a consistent interpretation across modalities.
Strong contributions from both audio (S 4, = 0.65) and video
Twas completely blown away by the performance Pos. Pos. (Sy, = 0.53), with a high cross-interaction score of 0.79,
emphasizing the impact of multimodal inputs.
Text analysis shows mixed feelings (St, = 0.60), while audio
and visual modalities lean towards a positive sentiment (S4, = 0.85,
Sy, = 0.88). Cross-modal interaction scores, especially T-V (0.90)
and T-A (0.87), highlight a compensatory effect of the other modalities.
Uniform agreement across all modalities with low cross-interaction
The background score was fitting, though not memorable Neu. Neu. scores (T-A = 0.30, A-V = 0.35, T-V = 0.32), indicating
an aligned but subdued response from all inputs.

Absolutely loved this experience Pos. Pos.

Reflecting on how these performances
were surprisingly overlooked at the Pos. Pos.
Oscar awards this year

The storyline was captivating, but some scenes dragged on | Mixed Pos.

5. Conclusion and Future Work

In this paper, we introduced the Advanced Cross-Modal Gating (ACMG) model, a sophisticated
approach designed to enhance multimodal sentiment analysis. The model innovatively combines
self-attention mechanisms with a novel gating mechanism to optimize the integration and analysis
of multimodal data. The self-attention component is crucial for capturing long-term contextual
relationships within the data, while the gating mechanism effectively manages the integration of
cross-modal interactions. This gating function is particularly adept at emphasizing relevant cross-
modal interactions when unimodal cues are insufficient for accurate sentiment determination and
downscaling their influence when unimodal information alone is robust enough to predict sentiments.

Our comprehensive evaluations on two benchmark datasets, CMU-MOSI and CMU-MOSE]I,
demonstrate that the ACMG model significantly outperforms existing state-of-the-art methods. The
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improvements observed underline the efficacy of our approach in handling complex, multimodal
datasets by leveraging both the depth and nuances of multiple data types.

Looking forward, we aim to extend the capabilities of the ACMG model to more challenging
real-world applications. One such domain is the analysis of customer interactions in call centers, where
both text and audio modalities often suffer from significant noise due to poor recording quality and
suboptimal speech recognition technologies. These conditions present unique challenges that our
model, with its robust handling of noisy data and sophisticated attentional and gating mechanisms, is
well-suited to address.

Moreover, we plan to explore the integration of additional modalities such as physiological signals
and contextual metadata, which could provide deeper insights into the sentiments expressed during
interactions. This expansion will likely involve the development of new gating mechanisms tailored to
the specific characteristics and challenges of these data types.

Further research will also focus on improving the adaptability and efficiency of the ACMG model.
This includes optimizing the model’s architecture to reduce computational demands and enhance
real-time processing capabilities, which are essential for applications such as live customer service
interactions and on-the-fly content moderation.

In conclusion, the ACMG model represents a significant advancement in multimodal sentiment
analysis, offering robust, adaptable, and accurate sentiment predictions. Its development not only
addresses current challenges within the field but also sets the stage for future innovations that will
extend its utility to a broader range of applications and data environments.
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