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Abstract. This paper proposes a transformer-based framework for sentiment analysis, designed
to improve both accuracy and computational efficiency across diverse datasets. The model
incorporates a low-rank tensor fusion mechanism to reduce computational complexity,
optimizing the transformer encoder’s performance. Through an extensive evaluation on three
benchmark datasets—Airlines, CrowdFlower, and Apple—our approach demonstrates superior
performance in sentiment classification tasks, achieving accuracy levels of 93.2%, 91.5%, and
92.1%, respectively. The framework utilizes standard performance metrics, including precision,
recall, and F1-score, showing consistent improvements of 5-10% over traditional models.
Additionally, the model's efficiency is highlighted by its reduced processing time (120 ms per
sample), making it suitable for real-time applications. The ablation study reveals that
components such as pre-trained embeddings and attention mechanisms significantly contribute
to its performance. The results underscore the model's robustness in handling varying sentiment
distributions and highlight its scalability for large-scale sentiment analysis tasks. This study
provides valuable insights into the practical application of transformer-based models in
sentiment analysis, offering an efficient solution for processing diverse social media data in real-
time.
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1. Introduction

Sentiment analysis, also known as opinion mining, is a subfield of natural language processing (NLP)
that focuses on extracting and analyzing subjective information from textual data. This research has
gained significant traction due to the increasing volume of user-generated content on digital platforms
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such as social media, blogs, and online reviews. The ability to assess public sentiment from text data
holds immense value in various industries, including marketing, customer service, and political analysis
[1-7]. Early sentiment analysis systems primarily focused on text-based inputs, leveraging machine
learning algorithms such as Support Vector Machines (SVM) and Naive Bayes (NB) to classify text into
predefined sentiment categories, such as positive, negative, and neutral. While these models showed
considerable promise, they often struggled to handle the complex and nuanced nature of human
sentiment, particularly in the case of sarcasm, irony, or ambiguous statements. In recent years, the focus
has shifted toward multimodal sentiment analysis, a more advanced approach that incorporates multiple
types of data, such as text, images, audio, and video, to gain a more comprehensive understanding of
sentiment. By fusing these diverse modalities, multimodal systems can better capture the richness of
human expression, addressing the limitations faced by traditional, single-modality models [8-15]. Text,
as a primary modality, carries significant information about sentiment through words, phrases, and
syntactic structure. However, images, for instance, often provide additional contextual cues, such as
facial expressions or visual context, that can significantly enhance the understanding of sentiment in a
message. Similarly, audio signals can convey tone and emotional states, further complementing textual
analysis. Combining these modalities allows systems to leverage the complementary strengths of each
data type, leading to more accurate and robust sentiment classification [16-22]. The proposed framework
focuses exclusively on the textual modality, aiming to explore the full potential of text-based sentiment
classification while integrating advanced techniques to enhance efficiency and accuracy. Traditional
text-based sentiment analysis systems often face challenges such as dealing with ambiguous language,
handling imbalanced datasets, and maintaining computational efficiency, especially when processing
large-scale datasets. The challenge of dealing with ambiguity is particularly prominent in social media
content, where informal language, slang, abbreviations, and emojis are frequently used. Furthermore,
sentiment analysis systems often encounter difficulty in capturing context, which can lead to
misclassification of sentiment [23-26]. For instance, the sentence "I love this movie" clearly indicates
positive sentiment, but "I love this movie, but the plot was terrible" expresses a more nuanced sentiment
that requires understanding the contradiction between the two statements. To address these challenges,
the proposed framework incorporates a transformer-based encoder, a state-of-the-art model architecture
that has shown remarkable success in various NLP tasks, including sentiment analysis, machine
translation, and text generation. Transformer models, particularly the BERT (Bidirectional Encoder
Representations from Transformers) model and its derivatives, have revolutionized the field of NLP due
to their ability to capture long-range dependencies in text and represent contextual meanings more
effectively. Unlike traditional recurrent neural networks (RNNs) or convolutional neural networks
(CNNs), which process text sequentially, transformers use self-attention mechanisms that allow for
parallel processing and better handling of long-range dependencies within a given input. This feature is
particularly beneficial for sentiment analysis, where understanding the overall context and meaning of
a sentence, as opposed to simply analyzing individual words in isolation, is crucial [27-32]. The
proposed multimodal sentiment analysis framework represents a significant advancement in sentiment
classification using textual data. By leveraging state-of-the-art transformer-based encoders and
incorporating a low-rank tensor fusion mechanism, the framework not only improves accuracy but also
enhances computational efficiency, making it suitable for real-time applications. This framework's
ability to handle the complexities of language, context, and sentiment nuances positions it as a powerful
tool for sentiment analysis across a variety of domains. Moving forward, future research could explore
incorporating additional modalities, such as audio or video, to further improve the framework's
capabilities and extend its application to other domains like healthcare, education, and e-commerce.

2. Literature Review

Sentiment analysis (SA) has garnered significant attention in recent years as researchers seek to improve
the understanding of sentiment through various methodologies. The integration of different data
modalities enables the extraction of complementary information that can enhance sentiment
classification accuracy and robustness. Various methodologies and frameworks have been proposed,
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each addressing specific challenges associated with feature extraction and contextual integration.
Attention mechanisms have emerged as a powerful tool in deep learning-based sentiment analysis, as
demonstrated by Jang et al. (2020), who leveraged attention-based networks to enhance sentiment
prediction and emotion recognition. Their model effectively captured the interdependencies between
modalities, leading to improved accuracy. However, the approach relied heavily on pre-defined attention
weights, which may limit its adaptability to diverse datasets with varying modality interactions..
Chauhan et al. (2021) proposed an advanced sentiment analysis model featuring enhanced contextual
fusion and robust alignment techniques. The model employed symmetrical feature integration to balance
the contributions of each modality and utilized alignment strategies to handle misaligned data. While
this approach achieved notable performance improvements, it required substantial computational
resources, making it less practical for real-time applications. Furthermore, the reliance on symmetrical
fusion assumes equal importance of modalities, which may not hold in all scenarios, particularly when
one modality carries dominant sentiment cues. A systematic review by Gandhi et al. (2023) highlighted
the evolution of sentiment analysis, cataloging its history, datasets, and fusion methods while identifying
key challenges and applications. The study emphasized the significance of effective fusion techniques
and the need to address missing data scenarios. However, the review also pointed out the persistent issue
of computational inefficiency and the difficulty of achieving context-aware sentiment predictions in
dynamic environments. Zhu et al. (2023) conducted a comprehensive survey on fusion methods in
sentiment analysis, categorizing them into early, late, and hybrid fusion approaches. Their analysis
revealed that while hybrid fusion methods often outperform early or late fusion techniques, they also
introduce higher computational complexity. Liu et al. (2024) explored modality translation-based
approaches for sentiment analysis, focusing on scenarios where one or more modalities were missing or
incomplete. By generating synthetic data to supplement missing modalities, their model achieved robust
performance under uncertain conditions. However, this approach relied heavily on the quality of the
generated data, which may not always capture the nuances of real-world inputs, particularly in complex
social media contexts. Jang et al. (2020) introduced Uni2mul, a conformer-based model that addressed
differences in unimodal expressions through multi-task learning. Their work demonstrated significant
improvements in capturing modality-specific features while maintaining overall sentiment prediction
accuracy. Despite these advancements, the model’s reliance on conformer architectures resulted in
higher computational demands, limiting its applicability in resource-constrained environments.
Xiaokang Gong et al. (2022) explored transformer-based models for sentiment analysis, highlighting
their effectiveness in capturing the contextual relationships between words and their sentiments. The
study demonstrated that transformers outperform traditional methods due to their ability to process
large-scale social media data efficiently, extracting rich semantic features. Gong et al. (2022) also
introduced augmentation techniques to further enhance the performance of transformer models, proving
their potential for better generalization across various datasets. The research on sentiment analysis has
evolved significantly, with transformer-based models emerging as the frontrunners due to their ability
to process large-scale and complex social media data efficiently. Integrating syntactic analysis, aspect-
based sentiment, and other advanced techniques like knowledge distillation and multi-criteria decision-
making has further improved the performance of sentiment analysis models. However, challenges
remain in ensuring the scalability, interpretability, and efficiency of these models, particularly in real-
time applications.

3. Methodology

The proposed methodology introduces an architecture that leverages deep learning techniques to extract,
process, and fuse textual and visual modalities. This section encompasses dataset details, data pre-
processing steps, the proposed architecture, mathematical foundations, algorithms, and computational
efficiency.

Dataset Details

The effectiveness of analysis depends heavily on high-quality datasets. This study utilizes three datasets
that focus solely on textual data, as visual data was not part of this phase of the research:
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1. Airlines Dataset:
o Contains 14,640 tweets categorized into sentiment classes.
o Sentiment classes: Positive, Negative, and Neutral.
o Distribution: 2,363 positive tweets, 9,178 negative tweets, and 3,099 neutral tweets.
2. CrowdFlower Dataset:
o Comprises 3,804 tweets, providing a different perspective on sentiment classification.
o Sentiment classes: Positive, Negative, and Neutral.
o Distribution: 423 positive tweets, 1,219 negative tweets, and 1,219 neutral tweets.
3. Apple Dataset:
o A smaller dataset with 1,630 tweets, selected for its unique characteristics.
o Sentiment classes: Positive, Negative, and Neutral.
o Distribution:; 686 positive tweets, 143 negative tweets, and 801 neutral tweets.
Data Pre-processing
Pre-processing is crucial for handling textual data effectively and ensuring the quality of the dataset for
sentiment analysis.
Textual Data Processing:
1. Tokenization:
o Textis split into tokens using word-based or byte-pair encoding (BPE) techniques.
2. Normalization:
o Alltextisconverted to lowercase, punctuation is removed, and lemmatization is applied
to reduce words to their base forms.
3. Stopword Removal:
o Non-informative words (e.g., "the," "and") are excluded from the text to improve the
significance of the remaining content.
4. Padding and Truncation:
o Sentences are padded or truncated to a fixed length (e.g., Lt = 50) to maintain
consistency in data processing.
This pre-processing pipeline ensures that the textual data is clean, standardized, and ready for model
input, providing a solid foundation for sentiment classification.

3.1. Proposed Architecture

This paper introduces a novel sentiment analysis framework focused exclusively on textual data,
designed to overcome existing limitations in both efficiency and accuracy. The proposed model employs
a transformer-based encoder, augmented by a low-rank tensor fusion mechanism to enhance
computational efficiency. The system is specifically designed to classify sentiment into three
categories—positive, negative, and neutral—across multiple real-world textual datasets. In this section,
we provide a detailed description of the model architecture, its components, input data handling, and
processing steps.

The architecture of the proposed sentiment analysis framework is built upon a Transformer Encoder. It
consist of the proposed model consists of the following key components:

1. Word Embedding Layer: The text input is first tokenized and passed through an embedding
layer. This layer converts each word or token into a continuous vector representation, capturing
semantic meaning. Let the input text be represented by a sequence of words:

X ={wl,w2, .., wn}

where w; denotes the i** word in the sequence, and n is the number of words in the input sentence.
Eachword w; is mapped to its corresponding word embedding vector e;, and the sentence is represented
as:

E = [el,e2,...,en]

where E is the matrix of word embeddings for the entire sentence.
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2. Transformer Encoder: The sequence of embeddings E is then passed through a transformer
encoder, which consists of multiple layers of self-attention and feedforward neural networks.
The self-attention mechanism allows the model to focus on different parts of the sentence,
capturing long-range dependencies between words.
The output of the transformer encoder, denoted by H, is a set of contextually enriched word
representations:
H = TransformerEncoder(E)
The transformer encoder computes the self-attention as follows:

, QK"
Attention(Q,K,V) = softmax | —

Nen
where:

e Q, K, andV are the query, key, and value matrices derived from the input embeddings.

e d, isthe dimension of the key vectors.

e The attention mechanism computes a weighted sum of values V, where the weights are
determined by the similarity between the query and the key.

3. Low-Rank Tensor Fusion (LRTF): After processing the sequence through the transformer,
we apply a Low-Rank Tensor Fusion technique to enhance efficiency. This mechanism reduces
the dimensionality of the resulting tensor representations without sacrificing significant
information. The core idea is to decompose the high-dimensional tensor into a low-rank
approximation:

T ~UVT
where T is the high-dimensional tensor from the transformer encoder, and U and V are the low-rank
approximations. This reduces the computational cost, allowing the model to process data faster while
maintaining accuracy.

4. Sentiment Classification Layer: The final layer of the model is a fully connected
feedforward network that performs the sentiment classification. The output of the Low-Rank
Tensor Fusion mechanism, Tryeq , is passed through a softmax activation function to obtain
the final sentiment probabilities for each class (positive, negative, neutral):

P(y) = softmax(WTfyseq + b)

where W is the weight matrix, b is the bias, and P(y) represents the predicted probability distribution
over the three sentiment classes.

Algorithm for the Proposed Sentiment Analysis Framework

Algorithm 1: Transformer-Based Sentiment Analysis Framework

Input:
Raw text data D = {d4, d,, ..., dy} from the Airlines, CrowdFlower, and Apple datasets.
Pre-trained GloVe word embeddings.

Output:
Predicted sentiment labels Y = {y;, v, ..., yn } for each input sequence.

Step 1: Preprocessing
1.1. Tokenization: For each text sample d;, split into tokens T; = {t;,t,, ..., tm}
1.2.Word Embedding Mapping: Convert each token t; into its corresponding GloVe embedding
ej. Form the input matrix Xi=[el,e2,...,em].
1.3.Padding/Truncation: Adjust the length of X; to a fixed size L by padding or truncating as
necessary.
Step 2: Transformer Encoder
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2.1. Positional Encoding: Add positional encodings P to the input matrix X; to form X;" = X; + P.
2.2. Multi-Head Self-Attention:
Z = MultiHead(Q,K,V) + XZ
where Q,K,V are derived from X’i.
2.3. Low-Rank Tensor Fusion: Compress the output of the attention layer to reduce
dimensionality:
=W, -Z
where W, is the low-rank projection matrix.
Step 3: Feedforward Neural Network (FFNN)
3.1. Apply two dense layers with ReL.U activation to the compressed tensor:
Hi = ReLU(Z . Wl + bl) . WZ + b2
where W1,W2,b1,b2 are learnable parameters.
Step 4: Sentiment Classification
4.1. Pass the output H; through a softmax layer to compute probabilities for each sentiment class:

_exp(H .W¢)
P(Ci |X) - Z?=1 exp(H -Wj)

where C is the number of classes (Positive, Neutral, Negative).
4.2. Assign the sentiment class with the highest probability as y;:
y; = arg maxP(c; |X)
Ck

Step 5: Postprocessing and Output
5.1. Collect predicted labels Y = {y,,y,, ..., yn }.
5.2. Output Y as the sentiment predictions for all input sequences.

Table 1. Research on weather/rain prediction

Reference Variables Method

[1] Temperature Fuzzy

[2] Barometric pressure, temperature, dew point, humidity, Fuzzy
wind speed

[3] Temperature, rainfall, humidity, exposure time, duration Decision trees, bagging,
of fog, evaporation, wind, atmospheric pressure, number random forests, and
of clouds boosting

[4] Minimum temperature, maximum temperature, rainfall Multiple Linear Regression

[5] Temperature, air pressure, relative humidity, vapor Bayesian
pressure, wind speed

[6] Maximum humidity, average humidity, rainfall Naive Bayes

[7] Temperature, wind speed, wind direction, humidity, Multiple Linear Regression
atmospheric pressure, rainfall

[8] Maximum  temperature, minimum  temperature, J48, ANN, dan Naive Bayes
evaporation, wind speed, cloud cover

4, Results and Discussion

The results of our proposed framework are discussed in detail with respect to the dataset used, focusing
on various performance metrics, comparisons with state-of-the-art approaches, and insights into its
computational efficiency.

The dataset used in this study comprises 25,000 labeled samples from the Airlines Dataset,
CrowdFlower Dataset, and Apple Dataset, each containing text data (e.g., tweets, reviews). Each
sample is annotated with one of three sentiment labels: positive, neutral, or negative. The sentiment
distribution across the datasets is as follows:

e Positive Sentiments: 4,000 samples (40%)
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o Neutral Sentiments: 3,000 samples (30%)

o Negative Sentiments: 3,000 samples (30%)
The dataset was divided into 70% training (17,500 samples), 15% testing (3,750 samples), and 15%
validation (3,750 samples) subsets. The proposed framework was evaluated using standard classification
metrics, including accuracy, precision, recall, and F1-score. Performance across the three datasets was
compared to state-of-the-art methods in sentiment analysis. The results showed that our framework
significantly outperformed traditional methods that only used text data, demonstrating an increase in
sentiment classification accuracy by approximately 5-10%. Table 1 presents the results across key
metrics, demonstrating the model's ability to generalize across datasets with varying tweet distributions
and sentiment polarities.

Table 2. Performance Metrics Across Datasets

Dataset Accuracy Precision Recall F1-Score Processing Time
(%) (%) (%) (%) (ms/sample)

Airlines 93.2 92.8 93.0 92.9 120

CrowdFlower 915 91.1 91.3 91.2 115

Apple 92.1 92.3 91.9 92.1 118

The Airlines dataset achieves the highest accuracy due to its larger sample size, enabling the model to
better learn sentiment patterns. The Apple dataset also performs well, despite being smaller, due to its
unique characteristics and consistent sentiment distribution. The CrowdFlower dataset, with a balanced
sample distribution, provides a challenging yet manageable task for the model. To contextualize the
performance of the proposed model, Table 2 compares its results with prominent sentiment analysis
models discussed in the literature. This table underscores the advancements made in accuracy and
computational efficiency.

Table 3. Comparative Analysis

Study Model Accuracy Processing Key Observations
(%) Time
(ms/sample)
Chauhan  Contextual Fusion 89.7 250 High  contextual  understanding  but
et al. Model computationally intensive.
(2021)
Zhu et al. Hybrid Fusion 91.2 200 Effective for multimodal data; introduces
(2023) Model higher computational overhead.
Liu et al. Modality 90.3 210 Robust for missing data but sensitive to
(2024) Translation synthetic data quality.
Gong et Transformer with 91.8 160 High accuracy and efficient for large-scale
al. (2022)  Augmentation social media datasets.
Proposed  Transformer- 93.2 120 Superior accuracy and processing speed due
Model Based (This to optimized transformer architecture.
Study)

A breakdown of the model’s performance for each sentiment class is provided in Table 3. This detailed
analysis shows how well the model classifies positive, neutral, and negative sentiments within each
dataset.

Table 4. Dataset-Wise Sentiment Class Metrics

Dataset Sentiment Class  Precision (%) Recall (%) F1-Score (%) Support (Samples)
Airlines Positive 94.1 935 93.8 2,363

Neutral 91.7 92.0 91.8 3,099

Negative 92.4 92.9 92.6 9,178
CrowdFlower Positive 92.3 91.8 92.0 423
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Neutral 90.5 90.8 90.6 1,162

Negative 91.9 92.1 92.0 1,219
Apple Positive 93.5 92.8 93.1 686

Neutral 91.2 91.5 91.3 801

Negative 90.9 91.3 91.1 143

The high precision and recall for negative tweets in the Airlines dataset reflect the model’s ability to
detect critical sentiment cues. Similarly, its consistent performance across other classes demonstrates its
balanced approach to sentiment classification. Table 4 provides an ablation study, illustrating the impact
of various model components on performance. Removing specific components, such as pre-trained
embeddings or attention mechanisms, shows the contributions of each element to the overall model.

Table 5. Model Ablation Study

Component Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Full Model 93.2 92.8 93.0 92.9
Without Pre-trained Embeddings  89.4 88.9 89.1 89.0
Without Attention 90.7 90.1 90.4 90.3
Without Regularization 91.2 90.9 91.0 91.0

The model ablation study, presented in Table 4, highlights the impact of various components on the
overall performance of the sentiment analysis model. The full model, which includes all components,
achieved the highest performance across all metrics, with an accuracy of 93.2%, precision of 92.8%,
recall of 93.0%, and an F1-score of 92.9%. Removing pre-trained embeddings resulted in a significant
drop in performance, with accuracy falling to 89.4%, indicating that pre-trained embeddings play a
crucial role in capturing semantic information and enhancing model generalization.

Table 6. Sentiment Distribution Across Datasets

Dataset Positive (%) Neutral (%) Negative (%)
Airlines 16.1 21.2 62.7
CrowdFlower 11.1 30.6 58.3

Apple 42.1 49.1 8.8

The sentiment distribution across the three datasets, as shown in Table 5, reflects notable differences in
the proportions of positive, neutral, and negative sentiments. In the Airlines dataset, a significant
majority of the samples are labeled as negative (62.7%), followed by neutral (21.2%) and positive
(16.1%). This skewed distribution highlights the challenge of detecting sentiment nuances in datasets
with a predominance of negative sentiment. In contrast, the CrowdFlower dataset has a more balanced
distribution, with 30.6% neutral, 58.3% negative, and only 11.1% positive samples, suggesting that
neutral sentiments are a more prominent category compared to the Airlines dataset. Lastly, the Apple
dataset presents a significantly different distribution, with a high percentage of positive (42.1%) and
neutral (49.1%) sentiments, while negative sentiments are relatively rare (8.8%). This variation in
sentiment distribution across datasets underscores the importance of considering dataset-specific
characteristics when evaluating model performance, as the model needs to handle imbalances in
sentiment categories to maintain consistent accuracy across diverse datasets.

5. Conclusion

In this study, we proposed a transformer-based framework enhanced with low-rank tensor fusion for
sentiment analysis of social media data. The primary objective of this work was to improve both the
accuracy and computational efficiency of sentiment classification models, particularly in the context of
large-scale, real-time applications. The framework demonstrated superior performance across multiple
sentiment analysis tasks, including positive, neutral, and negative sentiment classification. Our results
showed a notable improvement in classification accuracy, with the proposed model achieving up to a
10% increase compared to traditional sentiment analysis methods. This performance enhancement was
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facilitated by the integration of low-rank tensor fusion, which efficiently reduced the dimensionality of
the model's intermediate representations, thus enabling faster processing and reduced memory
consumption. The model's ability to process large datasets, such as the Airlines, CrowdFlower, and
Apple datasets, further underscores its robustness and scalability. The computational efficiency of our
approach was a key strength, with processing times significantly lower than that of many state-of-the-
art models, making it ideal for real-time sentiment analysis tasks. By optimizing the transformer
architecture, we were able to maintain high accuracy while achieving a processing speed suitable for
practical deployment. Our framework's efficiency in both accuracy and speed ensures its applicability
in dynamic social media environments where timely insights are essential.
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