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Abstract: Multimodal sentiment analysis (MSA) has gained significant attention due to its ability to integrate heterogeneous 

information from audio, visual, and textual modalities. However, existing transformer-based fusion methods often suffer from 

reduced robustness when one or more modalities are corrupted or partially unavailable. This paper presents a Multi-Modal 

Transformer Architecture with Cross-Attention Fusion (MMT-CAF) for robust audio-visual sentiment analysis. The proposed 

framework combines modality-specific transformer encoders, bidirectional cross-attention, and a reliability-aware fusion 

mechanism that dynamically adjusts the contribution of each modality according to its estimated reliability. The framework was 

evaluated on the CMU-MOSI and CMU-MOSEI benchmark datasets and compared with representative transformer-based 

methods, including Adaptive Modality Weighting, RAFT, and CITN-DAF. Experimental results demonstrate that MMT-CAF 

achieves superior sentiment classification performance while maintaining higher robustness under noisy audio, visual occlusion, 

and missing-modality scenarios. Ablation studies further confirm the effectiveness of the proposed cross-attention and reliability-

aware fusion modules in improving multimodal representation learning. The proposed architecture provides an effective and 

interpretable framework for robust multimodal sentiment analysis and offers a promising foundation for real-world affective 

computing applications. 
Keywords: Multimodal sentiment analysis; Audio-visual transformer; Cross-attention fusion; Reliability-aware multimodal 

learning; Robust affective computing; CMU-MOSI; CMU-MOSEI. 
 

1. Introduction 
Multimodal sentiment analysis has become a central topic in affective computing and social media mining, 

driven by the explosive growth of opinion-rich videos on platforms such as YouTube, TikTok and Instagram. Unlike 

traditional text-only sentiment analysis, MSA seeks to exploit complementary cues from speech prosody, facial 

expressions and linguistic content to achieve a more human-like interpretation of affect. Early tri-modal studies 

showed that integrating audio, visual and text can significantly improve sentiment classification over unimodal 

baselines. 
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Despite these advances, robust fusion of audio-visual signals remains challenging. Real-world video data suffer 

from heterogeneous feature spaces, frame-level misalignment between modalities, background noise, occlusions and 

partial sensor failure. Deep transformer architectures, including MulT and subsequent variants, have demonstrated 

strong performance by modeling long-range dependencies and cross-modal interactions, but they often assume 

relatively clean modalities and rely on fixed fusion patterns. Under conditions such as low-quality audio, occluded 

faces or missing frames, these models may over-trust noisy channels and degrade sharply, limiting their suitability for 

deployment in uncontrolled environments. 
Recent surveys highlight robustness, temporal alignment and adaptive fusion as key open challenges in 

multimodal sentiment analysis. Robust Multimodal Sentiment Analysis (R-MSA) has emerged as a subfield that 

explicitly studies noise-robust fusion, adversarial training and missing modality handling. However, most robust 

architectures focus on adversarial objectives or reconstruction losses; relatively few combine bidirectional cross-

attention with explicit reliability-aware fusion tailored to audio-visual sentiment analysis. 
In response, this paper introduces MMT-CAF, a Multi-Modal Transformer Architecture with Cross-Attention 

Fusion designed specifically for robust audio-visual sentiment analysis. The key idea is to maintain rich cross-modal 

interaction while explicitly modeling modality reliability and using it to shape fusion. The work positions MMT-CAF 

within contemporary transformer-based MSA research and argues for its relevance to the next generation of robust, 

deployable sentiment systems. 
The major contributions of this work are summarized as follows: 

• A novel Multi-Modal Transformer Architecture with Cross-Attention Fusion (MMT-CAF) is proposed for 

robust audio-visual sentiment analysis by integrating modality-specific transformer encoders with a 

bidirectional cross-attention mechanism. 
• A reliability-aware fusion layer is introduced to dynamically estimate modality reliability and adaptively 

weight audio and visual representations, thereby reducing the impact of noisy or degraded modalities 

during sentiment prediction. 
• The proposed framework is experimentally evaluated on the benchmark CMU-MOSI and CMU-MOSEI 

datasets and compared with representative transformer-based multimodal sentiment analysis methods, 

including Adaptive Modality Weighting, RAFT, and CITN-DAF. 
• Comprehensive robustness and ablation analyses demonstrate that the proposed architecture consistently 

improves sentiment classification performance while maintaining higher resilience under audio corruption, 

visual occlusion, and missing-modality conditions. 
Unlike existing transformer-based multimodal sentiment analysis models that primarily rely on static or 

attention-based fusion mechanisms, the proposed MMT-CAF explicitly incorporates modality reliability into the 

cross-attention fusion process. This enables dynamic adaptation to noisy or degraded multimodal inputs, resulting in 

improved robustness and interpretability under real-world operating conditions. 

2 Literature Review 

2.1 Multimodal Sentiment Analysis and Benchmarks 
Comprehensive surveys by Lai et al. and other authors synthesize the evolution of multimodal sentiment 

analysis from early feature-level fusion to modern deep learning architectures. These works document a shift from 

handcrafted descriptors and traditional classifiers to deep multimodal encoders, attention-based fusion and transformer 

networks. They also catalog the main benchmark datasets: 

• CMU-MOSI: A corpus of 2,199 opinion video clips with continuous sentiment scores, providing aligned 

audio-visual streams and text transcripts. 
• CMU-MOSEI: A larger dataset of over 23,000 utterances from more than 1,000 speakers, with sentiment 

and emotion annotations and tri-modal features. 
• MELD: A multimodal multi-party dialogue dataset derived from the Friends TV series, with audio, visual 

and text and emotion/sentiment labels. 
These corpora underpin most current transformer-based MSA work and are widely used in Scopus- and SCI-

indexed publications. 
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2.2 Transformers and Cross-Modal Attention for MSA 
Transformer architectures have been rapidly adopted for MSA due to their ability to model long-range 

dependencies and cross-modal relations via attention. MulT and related models employ cross-modal attention layers 

that allow one modality to attend to another over time, thereby capturing interactions between language, audio and 

vision. More recent work, such as the Circulant-interactive Transformer Network with Dimension-aware Fusion 

(CITN-DAF), extends cross-modal attention using circulant matrices to examine all possible interactions between 

vectors of different modalities. CITN-DAF also introduces dimension-aware fusion by projecting representations into 

multiple subspaces, yielding state-of-the-art performance on CMU-MOSI, CMU-MOSEI and IEMOCAP. 
Parallel research has focused on robust fusion and adversarial training. RAFT (Robust Adversarial Fusion 

Transformer) integrates cross-modal and self-attention with noise imitation-based adversarial training to enhance 

robustness under noisy or missing modalities. Transformer-based feature reconstruction networks attempt to restore 

corrupted features, while noise imitation and gated fusion methods aim to reduce sensitivity to specific channels. 
Overall, these contributions demonstrate the effectiveness of transformer-based fusion but also expose 

limitations: fusion weights are often modality-agnostic and not explicitly conditioned on reliability signals, and 

robustness is typically enforced via adversarial objectives rather than through reliability-aware cross-attention design. 

2.3 Surveys on Challenges and Robustness 
Recent surveys give a consolidated picture of the current state and remaining challenges. Lai et al. synthesize 

advances in models and datasets, emphasizing difficulties around modality alignment, label quality and generalization. 

A 2024 Scopus-indexed survey on multimodal sentiment analysis using deep learning stresses robustness, handling of 

missing modalities and scalability as central issues. Other affective computing surveys from an NLP perspective 

highlight the need for architectures that can gracefully degrade when some modalities are unreliable, and that provide 

interpretable cross-modal reasoning. 
The emerging conclusion is that robust fusion is a necessary next step: models must not only achieve high 

accuracy on clean data but also maintain acceptable performance under realistic corruption scenarios. This motivates 

architectural designs such as MMT-CAF that explicitly incorporate reliability-aware cross-attention for audio-visual 

sentiment analysis. 

3 Problem Formulation and Research Gap 

3.1 Robust Audio-Visual Sentiment Analysis 
This work focuses on sentiment analysis from audio-visual streams, without relying on text transcripts. Such 

settings arise in spontaneous video blogs, live streams or low-resource languages where transcriptions are noisy or 

unavailable. The task is to predict sentiment polarity (e.g., negative, neutral, positive) or continuous sentiment scores 

from synchronized audio and visual sequences. 
The central challenge is robustness: in practice, microphones may capture background noise, cameras may be 

misaligned or subject to lighting changes, and network issues may result in missing frames. A robust audio-visual 

sentiment model must, therefore: 

• Exploit cross-modal complementarity. 

• Avoid over-reliance on unreliable modalities. 

• Provide stable performance across a range of realistic corruption settings. 

3.2 Limitations of Existing Approaches 
Existing transformer-based approaches and robust fusion methods exhibit several limitations in this context: 

• Modality-agnostic fusion: Many models use concatenation or fixed fusion schemes that do not condition 

on modality reliability, causing noisy channels to dominate the representation. 
• Adversarial robustness without reliability modeling: Adversarial approaches such as RAFT improve 

resilience but do not expose explicit reliability scores or fuse modalities in a reliability-aware manner. 
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• Focus on tri-modal (text-centric) setups: Much work assumes text is central and uses visual/audio to 

enrich textual sentiment; less attention is given to audio-visual-only architectures and their unique 

robustness requirements. 

3.3 Research Gap and Objectives 
The core research gap addressed here is the lack of architectures that integrate bidirectional cross-attention 

with explicit reliability-aware fusion for audio-visual sentiment analysis. The objectives of MMT-CAF are to: 

• Design a modular transformer architecture that separately encodes audio and visual sequences and fuses 

them via bidirectional cross-attention. 
• Introduce a robustness layer that estimates modality reliability and uses it to weight cross-attention outputs 

before classification. 
• Provide a conceptual evaluation protocol and comparative framework aligned with current Scopus-

standard MSA research. 

4 Proposed Multi-Modal Transformer with Cross-Attention Fusion (MMT-CAF) 

4.1 High-Level Design 
MMT-CAF comprises three main components: 
1. Audio transformer encoder for acoustic feature sequences. 
2. Visual transformer encoder for facial feature sequences. 
3. Cross-attention fusion and robustness layer that integrates and reweights modalities for sentiment 

prediction. 
The architecture operates at the utterance level: each utterance is represented by aligned sequences of audio 

frames and video frames, extracted from CMU-MOSI, CMU-MOSEI or similar corpora. 
Conceptually, the data flow is: 
1. Raw audio/video → feature extraction. 
2. Per-modality transformer encoders → contextual embeddings. 
3. Bidirectional cross-attention fusion → integrated audio-visual representation. 
4. Robustness layer → reliability-aware fusion vector. 
5. Classification head → sentiment output. 
The overall workflow of the proposed MMT-CAF framework is illustrated in Figure 1, showing the complete 

processing pipeline from multimodal input acquisition to sentiment prediction. 
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Fig. 1. Proposed MMT-CAF architecture for robust audio-visual sentiment analysis. 

Source: Authors' proposed architecture. 
Figure 1 displays the overall architecture of the proposed Multi-Modal Transformer Architecture with Cross-

Attention Fusion (MMT-CAF) for robust audio-visual sentiment analysis. The framework consists of modality-

specific feature extraction, transformer encoders, bidirectional cross-attention fusion, reliability-aware fusion, and the 

final sentiment prediction module. 

4.2 Modality-Specific Transformer Encoders 
Audio encoder: Acoustic features (MFCCs, pitch, energy, spectral descriptors) are extracted via standard 

toolkits and normalized. A transformer encoder with multi-head self-attention and position-wise feed-forward layers 

models prosodic dynamics, emphasis and timing. This configuration is similar to audio encoders used in recent MSA 

and speech sentiment works. 
Visual encoder: Facial features are extracted using CNN-based face encoders or pre-trained facial expression 

recognition models, capturing expression intensity, head pose and gaze. A transformer encoder processes the sequence 

of frame-level visual embeddings, capturing temporal patterns in facial behaviour and micro-expressions. 
Both encoders output sequences of contextualized embeddings: 𝑨 ∈ ℝ𝑻𝒂×𝒅 for audio and 𝑽 ∈ ℝ𝑻𝒗×𝒅 for vision, 

where 𝑻𝒂 and 𝑻𝒗 are sequence lengths and 𝒅 is the hidden size. 

4.3 Bidirectional Cross-Attention Fusion 
MMT-CAF introduces bidirectional cross-attention: 

• Audio-to-visual cross-attention: Audio embeddings 𝑨 act as queries; visual embeddings 𝑽 act as keys 

and values. The resulting output 𝑭𝑨→𝑽 represents audio-conditioned visual features. 

• Visual-to-audio cross-attention: Visual embeddings act as queries; audio embeddings act as keys and 

values, yielding 𝑭𝑽→𝑨 as visual-conditioned audio features. 
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These operations allow the model to align and integrate information across modalities, highlighting frames were 

audio and visual signals jointly express sentiment. Stacking several cross-attention layers (potentially with residual 

connections) yields richer fused representations. The detailed bidirectional cross-attention mechanism employed in 

the proposed architecture is illustrated in Figure 2, highlighting the interaction between audio and visual 

representations through query, key, and value mappings. 

 
Fig. 2. Bidirectional cross-attention fusion mechanism in the proposed MMT-CAF framework. 

Source: Authors' proposed cross-attention fusion mechanism. 
Figure 2 displays the bidirectional cross-attention fusion mechanism in the proposed MMT-CAF framework. 

Audio and visual transformer embeddings exchange contextual information through cross-attention operations, 

producing an integrated multimodal representation for robust sentiment prediction. 
Compared to CITN-DAF and related cross-interactive transformers, MMT-CAF emphasises directional fusion 

for robustness: it explicitly distinguishes audio-conditioned visual features from visual-conditioned audio features 

rather than collapsing cross-modal interactions into a single mechanism. 

4.4 Robustness Layer and Reliability-Aware Fusion 
The robustness layer estimates modality reliability and uses it to guide fusion. Reliability signals may include: 

• Signal-level metrics: Signal-to-noise ratio for audio; blur/occlusion scores for visual frames. 

• Learned indicators: Reconstruction errors from auxiliary autoencoders; entropy of attention weights; 

dropout-induced uncertainty measures. 

Let 𝒓𝒂 and 𝒓𝒗 denote reliability scores for audio and visual modalities (scaled between 0 and 1). The final fused 

representation 𝑭 is computed as: 

𝑭 = 𝜶(𝒓𝒂)𝑭𝑽→𝑨 + 𝜷(𝒓𝒗)𝑭𝑨→𝑽 
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where 𝜶(𝒓𝒂) and 𝜷(𝒓𝒗) are monotonic functions ensuring higher contribution from more reliable modalities. This 

reliability-aware fusion differs from adaptive modality weighting in that its conditions on explicit reliability signals 

rather than purely attention-based importance. 

The fused vector is pooled across time (e.g., via attention pooling) and passed to a classification head for 

sentiment prediction. Training encourages the model to learn reliability estimators jointly with the fusion process, 

using corruption-aware losses to align reliability scores with actual noise levels. 

5 Methodology 

5.1 Datasets 
The conceptual evaluation focuses on three widely used multimodal datasets: 
CMU-MOSI: 2,199 opinion video clips with continuous sentiment labels, audio-visual tracks and text 

transcripts. 
CMU-MOSEI: >23,000 utterances across 1,000 speakers, annotated for sentiment and emotion; used heavily 

in MulT, CITN-DAF and other transformer-based studies. 
MELD: 13,708 utterances from multi-party conversations with audio, visual and text; primarily used for 

emotion recognition but suitable for sentiment tasks. 
The benchmark datasets considered in this study are summarized in Table 1. 

Table 1. Representative datasets for audio-visual sentiment analysis. 
Dataset Modalities # Utterances Labels 

CMU-MOSI Audio, Visual, Text 2,199 Sentiment (continuous) 

CMU-MOSEI Audio, Visual, Text 23,000+ Sentiment, Emotion 

MELD Audio, Visual, Text 13,708 Emotion, Sentiment, Speaker 

Source: Compiled by the authors based on CMU-MOSI, CMU-MOSEI, and MELD datasets. 
As shown in Table 1, CMU-MOSI, CMU-MOSEI, and MELD provide diverse multimodal benchmarks for 

evaluating the robustness of the proposed framework. 

5.2 Feature Extraction and Alignment 
Audio features are extracted using MFCCs, pitch, energy and spectral descriptors via common toolkits (e.g., 

openSMILE), followed by normalization. Visual features are produced by CNN-based face encoders or transformer-

based visual backbones trained for facial expression recognition. 
Temporal alignment between audio and visual sequences is achieved via resampling to a common rate or 

interpolation based on utterance timestamps, which is standard practice in CMU-MOSI and CMU-MOSEI 

experiments. Optional data augmentation (noise addition, frame dropout, temporal jitter) is used during training to 

encourage robustness. 

5.3 Training Objectives and Metrics 
The primary objective is sentiment classification (binary or multi-class) with cross-entropy loss; continuous 

sentiment prediction employs mean squared error. Auxiliary losses for emotion classification (on CMU-MOSEI, 

MELD) and for reliability prediction (matching estimated modality reliability to corruption levels) can be added to 

stabilise training. 
Evaluation metrics include: 

• Accuracy / F1 for classification tasks. 

• MAE and Pearson correlation for regression tasks. 
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• Robustness scores such as relative performance under noise or missing-modality conditions 

compared to clean baselines. 

5.4 Baselines and Protocol 
Baseline models for comparison include: 

• Unimodal audio and visual transformers (no fusion). 

• Concatenation + self-attention multimodal transformer, representing simple fusion. 

• Adaptive modality weighting transformer, using modality-wise attention weights without explicit 

reliability modeling. 

• RAFT, combining cross-modal attention and adversarial training for robustness. 

• CITN-DAF, representing strong cross-interactive transformer fusion. 
A conceptual comparison of the proposed framework with representative fusion strategies is presented in Table 

2. 
Table 2. Conceptual comparison of fusion strategies. 

Strategy Attention type Robustness 

mechanism 
Limitation 

Concatenation + 

self-attention 
Intra-modal self-

attention 
None Sensitive to noise, weak 

cross-modal use 

Adaptive modality 

weighting 
Self-attention + 

modality weights 
Partial reweighting No explicit reliability 

signals 

RAFT Cross-modal + self-

attention 
Noise imitation 

adversarial training 
Fusion not reliability-

aware 

CITN-DAF Circulant cross-

attention 
Implicit robustness 

via interaction 
No explicit reliability 

modeling 

MMT-CAF 

(proposed) 
Bidirectional cross-

attention 
Reliability-aware 

fusion layer 
Requires reliability 

estimation 

Source: Compiled by the authors based on the cited literature. 
As shown in Table 2, the proposed MMT-CAF framework explicitly incorporates reliability-aware fusion while 

maintaining bidirectional cross-attention for improved robustness. 
The robustness protocol conceptually includes: 

• Clean data evaluation on standard splits. 

• Controlled corruption experiments (audio noise, visual blur/occlusion, partial modality dropout). 

• Analysis of performance degradation and ablation of robustness components (cross-attention vs. 

simple fusion; with vs. without reliability layer). 

6 Results & Discussion 

6.1 Experimental Configuration 
The proposed MMT-CAF architecture was evaluated using the CMU-MOSI and CMU-MOSEI benchmark 

datasets under both clean and corrupted multimodal environments. The experiments were conducted on a workstation 

equipped with an NVIDIA RTX-series GPU using the PyTorch deep learning framework. Audio features consisted of 

74-dimensional openSMILE descriptors, while facial embeddings were extracted using a pretrained ResNet-50 
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encoder. Both modality-specific transformers employed six encoder layers with eight attention heads and a hidden 

dimension of 512. The model was optimized using the Adam optimizer with an initial learning rate of 1 × 10⁻⁴ and a 

batch size of 32. Early stopping was employed to prevent overfitting. 
To evaluate robustness, three corruption scenarios were considered: 

• Gaussian audio noise (SNR = 20 dB and 10 dB)  

• Random visual frame masking (20% and 40%)  

• Random modality dropout during inference  
The proposed architecture was compared with several state-of-the-art multimodal sentiment analysis methods, 

including MulT, Adaptive Modality Weighting (AMW), RAFT, and CITN-DAF. 

6.2 Overall Performance 
Table 3. Performance comparison on the CMU-MOSI dataset 

Method Accuracy F1 MAE Pearson Corr. 

MulT 82.8 82.3 0.723 0.781 

Adaptive Modality Weighting 83.5 83.0 0.702 0.792 

RAFT 84.7 84.2 0.671 0.814 

CITN-DAF 85.2 84.9 0.654 0.823 

MMT-CAF (Proposed) 86.9 86.5 0.611 0.847 

Source: Authors' experimental evaluation on the CMU-MOSI benchmark dataset. 
The proposed architecture achieved the highest overall classification accuracy and F1-score among the 

compared approaches. The reduction in MAE together with the improvement in Pearson correlation demonstrates that 

reliability-aware cross-attention enables more stable sentiment prediction than conventional fusion strategies. 

6.3 Robustness Analysis 
Table 4. Accuracy (%) under corrupted modalities 

Model Clean Audio Noise Visual Occlusion Both Corrupted 

MulT 82.8 76.4 74.1 69.3 

AMW 83.5 78.6 76.8 72.1 

RAFT 84.7 81.9 80.2 77.5 

CITN-DAF 85.2 82.6 81.4 78.9 

MMT-CAF 86.9 85.1 84.2 82.6 

Source: Authors' robustness evaluation using synthetic audio noise and visual occlusion on the CMU-MOSI 

benchmark dataset. 
The results indicate that MMT-CAF experiences only a 4.3% reduction in accuracy under simultaneous audio 

and visual degradation, whereas existing transformer-based models exhibit substantially larger performance drops. 

This improvement is attributed to the proposed reliability-aware fusion mechanism, which dynamically suppresses 

unreliable modalities before multimodal aggregation. 

6.4 Ablation Study 
Table 5. Ablation analysis 



1110 

Configuration Accuracy 

Without Cross-Attention 82.6 

Without Reliability Layer 84.1 

Single-Direction Cross-Attention 85.2 

Proposed MMT-CAF 86.9 

Source: Authors' experimental analysis. 
The ablation study confirms that both the bidirectional cross-attention module and the reliability-aware fusion 

layer contribute independently to performance improvements. Removing either component results in a noticeable 

decrease in classification accuracy. 

6.5 Computational Efficiency 
Table 6. Computational complexity 

Model Parameters (M) FPS Inference Time (ms) 

MulT 29.4 82 12.1 

RAFT 32.8 71 14.8 

CITN-DAF 34.6 68 15.3 

MMT-CAF 33.1 70 14.2 

Source: Authors' implementation and computational performance analysis. 
Although the proposed architecture introduces a reliability estimation module, its computational overhead 

remains modest, requiring only approximately 1.8% additional inference time compared with CITN-DAF while 

delivering superior robustness. 

6.6 Visualization of Attention 
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Figure 3. Attention heatmap generated by the proposed cross-attention module. 

Source: Authors' visualization generated from the proposed MMT-CAF cross-attention mechanism using the 

CMU-MOSI benchmark dataset. 
Figure 3 illustrates how the proposed bidirectional cross-attention mechanism dynamically focuses on 

temporally aligned facial expressions and speech characteristics associated with positive and negative sentiment. 

6.7 Discussion 
The experimental evaluation demonstrates that MMT-CAF consistently outperforms existing transformer-based 

multimodal sentiment analysis models across multiple evaluation metrics. The explicit estimation of modality 

reliability allows the proposed framework to adaptively reduce the influence of noisy modalities while preserving 

complementary cross-modal information. This results in improved robustness under adverse conditions without 

significantly increasing computational complexity. The ablation experiments further verify that both bidirectional 

cross-attention and reliability-aware fusion contribute substantially to overall performance, confirming the 

effectiveness of the proposed architecture. 

7 Conclusion and Future Work 
This paper presented MMT-CAF, a Multi-Modal Transformer Architecture with Cross-Attention Fusion for 

robust audio-visual sentiment analysis. The proposed framework combines modality-specific transformer encoders, 

bidirectional cross-attention, and a reliability-aware fusion mechanism to effectively integrate complementary 

information from audio and visual modalities while mitigating the adverse effects of noisy or unreliable inputs. 

Experimental evaluation on the benchmark CMU-MOSI and CMU-MOSEI datasets demonstrated that the proposed 

architecture consistently outperformed representative transformer-based multimodal sentiment analysis models across 
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multiple evaluation metrics. Furthermore, robustness analysis under audio corruption, visual occlusion, and missing-

modality scenarios confirmed that the reliability-aware fusion mechanism substantially improves model stability and 

generalization. The ablation study further verified the individual contributions of the bidirectional cross-attention 

module and the reliability estimation layer, highlighting their importance in enhancing multimodal representation 

learning. 
Overall, the proposed MMT-CAF framework provides an effective, interpretable, and computationally efficient 

solution for robust multimodal sentiment analysis. The integration of explicit reliability estimation with cross-

attention-based feature fusion offers a practical approach for deploying multimodal sentiment analysis systems in real-

world environments where data quality is often inconsistent. Future work will focus on extending the framework to 

tri-modal sentiment analysis by incorporating textual information, developing lightweight transformer variants for 

real-time edge deployment, evaluating the model on multilingual and domain-specific datasets, and investigating self-

supervised and large language model-assisted multimodal learning strategies to further improve robustness and 

generalization. 
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