Grenze International Journal of Engineering and Technology, January Issue
Scientific Society

Advancing Multimodal Sentiment and Emotion
Detection: Exploring Text Analysis with Hybrid
ALBERT - BiLSTM Model

Anjana Thampy S! and Dr. Jeyaraj Jane Rubel Angelina?
Research Scholar, Department of Computer Science and Engineering, Kalasalingam Academy of Research and Education,
Srivilliputhur, Tamil Nadu 626126, India,
Email: sanjanathampy@gmail.com
2Associate Professor, Kalasalingam Academy of Research and Education, Srivilliputhur, Tamil Nadu 626126, India, Email:
Email: jane.angelina@gmail.com

Abstract—A major paradigm shift has occurred in the options for multimodal reception of
sentiment analysis and emotion detection, with the aid of application of deep learning, different
types of data including speech inputs, texts, facial expressions, and physiological measures. This
paper presents a novel approach to text analysis, leveraging a hybrid ALBERT-BiLSTM model
to capture sentiment and emotion information. By combining the contextualized word
representations of ALBERT with the sequence modeling capabilities of BiLSTM, this hybrid
model achieves state-of-the-art performance in sentiment and emotion detection. Experimental
results demonstrate the effectiveness of this approach, providing insights into the importance of
text analysis in multimodal sentiment and emotion detection. This research contributes to the
development of more accurate and robust multimodal analysis frameworks.
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1. OVERVIEW

Two important use of affective computing include; Sentiment analysis and emotion recognition, these are the
two most important tools that help machines to understand human emotions correctly. Execution of multiple
modalities and thus data originating in audio, visual and textual forms has shown higher accuracy in capturing
changes in emotional states in contrast to unimodal approaches. Of these, the textual modality can be seen as
being very important when it comes to handling contextual and semantic sentiment indications.

Recent advances in language models, particularly ALBERT (A Lite BERT), have significantly improved the
efficiency and accuracy of text analysis. Nevertheless, operating independently ALBERT might have difficulty
in capturing the sequential patterns which are so important when detecting subtle changes in the text emotions.
To address this, a hybrid approach is proposed that combines ALBERT with BiLSTM (Bidirectional Long
Short-Term Memory) networks. BILSTM's ability to process sequential dependencies and bidirectional context
effectively. The proposed hybrid ALBERT-BILSTM model overcome the limitations of standalone architectures
by integrating ALBERT’s contextual embeddings with BILSTM’s sequential modeling capabilities. This enables
a more comprehensive understanding of textual data, enhancing the detection of complex emotional expressions.
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Recent progress in multimodal sentiment analysis and emotion recognition underscores the importance of such
hybrid methodologies, facilitated by deep learning advancements.

Understanding and recognition of emotions help improve the human-computer interaction, mental health care
and customer service improvement are among the sector-specific applications that can be enhanced by this
understanding. As the demand for interactive machines that can perceive, understand, and express emotions
similarly to humans grows, the necessity for sophisticated human-computer interaction systems increases. These
systems are expected to interpret and respond to a wide range of emotions accurately; therefore,the ability to
advance the emotion recognition system is a must for developing interactions that feel more natural and efficient.
Emotion recognition is determining what affective state an individual is in through a combination of verbal and
non-verbal cues, including facial expressions, body language, and speech patterns. The growing importance of
this field is reflected in the expanding market for Emotion Detection and Recognition, valued at USD 19.87
million in 2020 and projected to reach USD 52.86 million by 2026, with an impressive Compound Annual
Growth Rate of 18.01% from 2021 to 2026.

Figurel illustrates the architecture of a multimodal sentiment and emotion detection system. The system
integrates multiple data inputs, such as verbal communication, written text, facial cues, and physiological
indicators, to enhance emotion recognition accuracy. Each modality undergoes a feature extraction process,
capturing relevant characteristics from the raw input data. These features are subsequently combined to create a
unified multimodal feature representation. A deep learning model processes this fused representation to detect
the underlying emotions accurately. The integration of multiple modalities leverages the complementary
information present in different data sources, thus improving the robustness and accuracy of emotion detection
systems.

II. METHODOLOGY

Here's a comparative review of existing opinion surveys on multimodal sentiment analysis and emotion
detection, with particular reference to key findings, current limitations, and relative research gaps.
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Figure 1: Multimodal Sentiment and Emotion Detection System

III. LITERATURE SURVEY
Table 1 gives the Overview of Supporting Studies and Their Contributions to Sentiment and Emotion Detection

A. Research Questions

RQI: What are the main modalities (e.g. speech,physiological signals,text, facialexpressions) applied for
sentiment and emotion detection systems?

RQ2: How are multimodal approaches more effective than unimodal approaches for emotion recognition?

RQ3: What are the major methodologies and techniques (e.g. deep learning, machinelearning, feature extraction)
applied to the emotion recognition systems?

RQ4: What are the most applied datasets for training and evaluating emotion recognition systems?

RQS5: What are the biggest challenges and limitations with current emotion recognition systems?

RQ6: How has emotion recognition been applied in different realworld scenarios: healthcare, education, or
humancomputer interaction?

RQ7: Advances in emotion recognition from unexplored domains: recognizing emotions from child speech data
RQ8: Future directions and potential areas of improvement for emotion recognition research
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IV. TEXT BASED SENTIMENT ANALYSIS USING HYBRID ALBERT-BILSTM

The Hybrid ALBERT-BIiLSTM model represents an advanced architecture designed to combine the strengths of
ALBERT (A Lite BERT) and Bidirectional Long Short-Term Memory (BiLSTM) networks for effective text-
based sentiment analysis.

A. ALBERT: Efficient Contextual Embedding Generation

ALBERT, a streamlined version of BERT, which is mainly designed to address the computational inefficiencies
of large transformer-based models. Parameter Sharing is one of its property in which reuses the same parameters
across multiple layers, reducing the number of parameters significantly also Factorized Embedding Parameterize
where Separates the size of hidden layers from the size of vocabulary embeddings, further decreasing model
size. Sentence Order Prediction (SOP) is another property which helps to enhance coherence understanding
beyond Masked Language Modeling (MLM).

B. BIiLSTM: Sequential Dependency Modelling

BILSTM extends LSTM networks by processing input sequences in both forward and backward directions,
capturing comprehensive context from surrounding words. This bidirectional processing is crucial for sentiment
analysis tasks where emotions may depend on the interplay of words across the sentence.

C. Hybrid ALBERT-BILSTM Model

The hybrid model integrates ALBERT and BiLSTM .1t includes the following four layers:

» Embedding Layer: The input text is tokenized and fed into the ALBERT model to generate contextual
embeddings.

» Sequential Processing Layer: The embeddings are passed through a BILSTM layer, which models the
sequential relationships in the text.

» Fully Connected Layer: The output from BiLSTM is processed by dense layers for feature aggregation and
sentiment classification.

» Output Layer: Produces sentiment scores or emotion labels (e.g., positive, negative, neutral).

TABLE I: OVERVIEW OF SUPPORTING STUDIES AND THEIR CONTRIBUTIONS TO SENTIMENT AND EMOTION DETECTION

Paper Focus Area Key Contributi Dataset(s)
Devin et al. Transformer- sERT Introduced bidirectional GLUE
2018 based SQuAD
architectures
Lanetal. 2019 Lightweight ALssRT Optimized 85RT by GLUE
transformers reducing parameter SQuAD
redundancy. maintaining
performance wiith lower
computational cost.
Hochreiter & Sequential LST™M Addressed the vanishing Various
Schmidhuber, modeling gradient problem, enabling
1997 effective modeling of long-
term dependencies in
sequential data
Graves & Sidirectional 8iLSTM Various
Schmidhober saquential bidirectional processing.
2005 modaling improving sequence-to-

sequence tasks and
contextual understanding.

Zadeh et al
2018

Muttimodal Proposed a mulimodal
frameworis approach f tion

detection. integrating text
audio, and visual
modalites.

Poria et al Muhimodal Hybrid modeis Highlighted the advantages ~ CMU-
2020 sentiment of hybrid approaches A

analysis integrating textual and EMOCAP
multimodal data for

sentiment analysis.

Sunetal 2019  Fine-tuning BERT fine-tuning
transformers

Sarkar et al. Hybrid BERT-LSTM

2021 transformer- of transformers and RNNs 2
RNN for enhanced contextual
architactures and sequential text

ased the integration MDS, S5T-

analysis.
Proposed Study | Hybrid ALBERT-BILSTM
lightweight
transformers
and RNNs
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TABLE II: COMPARATIVE ANALYSIS WITH RELATED SURVEYS BASED ON THE RESEARCH QUESTIONS

Authors Focus Modality RQ1 RQ2 RQ3 RQ4 RQ5 RQ6 RQ7 RQS8

Ma et al. (2023) Interactive sentiment analysis Multimodal X X / X v/ X X X

Liu et al. (2023) Quantum cognitively inspired  Multimodal / X v/ X 4 X X /
models for sentiment analysis

Ahmed et al. (2023)  Emotion recognition research fo-  Multimodal / X v/ X 4 X X 4
cusing on fusion methodologies

Kamble et al. (2023)  Emotion recognition using EEG  EEG v/ X v/ X v X X 4

Deng Ren (2023) Textual emotion recognition Text X X / X v/ v/ X X

Panda et al. (2023) Music emotion recognition Audio X X / X v/ X X v/

Jampour et al. (2022)  Facial expression recognition Visual X X v/ X v/ X X v

Han et al. (2022) Music emotion recognition Audio X X / X v/ X X v/

Yang et al. (2022) Mobile emotion sensing Multimodal v/ v / v/ v/ X X v

Wang et al. (2022) Affective computing Multimodal v v v/ v/ v/ v v v

Liet al. (2022) EEG based emotion recognition EEG v/ X v/ v/ v/ X X v
with different technical routes

Pepa et al. (2021) Emotion recognition in clinical Multimodal f v/ v/ v v X v/ v
context

Shoumy et al. (2020)  Affective computing using phys- Multimodal / v/ / / v/ v/ X v/

iological modalities with a focus
on Big data
Data-driven emotion recognition

Jiang et al. (2020) Multimodal X v/ / v/ v/ / X v/

systems for mental health moni-

toring
Poria et al. (2019) Emotion recognition in conversa-  Text v/ v/ v/ v/ v/ X v/ v
tion
Our Work Deep learning based multimodal ~ Multimodal v/ v/ v/ / v/ v/ v/ v/
emotion detection
V. DATASETS

The CMU Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI) dataset is a comprehensive
dataset for multimodal sentiment and emotion detection.The Interactive Emotional Dyadic Motion Capture
(IEMOCAP) dataset comprises approximately 12 hours of audio visual recordings of dyadic interactions.

TABLE III: DATASET EXPLANATION

Dataset Modality Size Annotations Applications

CMU- Text, Audio, ~23,500 annotated Sentiment (7-point scale), Multimodal sentiment
MOSEI Video sentences Emotion (6 classes) and emotion analysis
IEMOCAP Text, Audio, ~12 hours of Emotion categories (10 Emotion recognition in

Video recorded dialogues classes) dyadic conversations

VI. STRUCTURAL OVERVIEW OF THE MODEL

The Hybrid ALBERT-BILSTM model is designed to effectively combine the contextual understanding of
ALBERT with the sequential learning capabilities of BILSTM. The architecture consists of the following key
components,

A. Input Layer

The model begins with an Input Embedding layer, where raw text data is tokenized and embedded into vector
representations using the ALBERT model. ALBERT provides lightweight yet highly contextual embeddings by
reducing redundancy in parameters and optimizing the transformer-based architecture.

B. Positional Encoding

Positional encodings are added to the embeddings to incorporate sequence order information, which is essential
for capturing the temporal dependencies in text.
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C. Encoding Layer

The encoding layer is a main part of the architecture.The encoding layer structure is repeated N times to allow

the model to learn increasingly abstract features.

» Multi-Head Attention: This mechanism enables the model to focus on different parts of the input
simultaneously, enhancing its ability to capture relevant features across the sequence.

» Feed-Forward Neural Network: A fully connected layer processes the attention outputs, further refining the
extracted features.

» Add & Norm Layers: Residual connections and normalization stabilize the learning process and prevent
gradient issues.

D. Pooling Layer

The pooled representation of the encoded features is passed through this layer to distill the most relevant
information for downstream tasks.

E. Output Layer

The final output layer consists of task-specific submodules, including:

» ABSA Task Submodule: For Aspect-Based Sentiment Analysis (ABSA), a softmax function is applied to
classify sentiment based on specific aspects.

» Auxiliary Task Submodule: Additional softmax layers address auxiliary tasks, such as emotion recognition,
ensuring the model generalizes well across multiple domains.

Input Embedding

Positional Encoding

..................... Fngoding Layer (Bepeated N times)

Multi-Tlead
Attention

s [ Feed Forward ]—-[ Add & Norm ]

Pooling Layer
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ABSA Task
Softmax
{ Linear
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Softmax
 Linear

Figure2: Stuctural Overview of Hybrid ALBERT-BiLSTM Model

VII. IMPLEMENTATION AND EXPERIMENTAL SETUP

A. Experimental Configuration

Inorder to evaluate the effectiveness of the proposed hybrid ALBERT-BIiLSTM model, a series of experiments
were conducted using widely accepted CMU MOSEI and IEMOCAP dataset for sentiment and emotion
detection. During Preprocessing, Text data was tokenized using ALBERTS pretrained tokenizer. Stopwords were
removed to enhance the signal-to-noise ratio. Also all inputs were padded or truncated to a fixed length for
consistency during training. The Model Parameters includes ALBERT Embeddings: Pre-trained ALBERT (base
version) was used for text embedding, with the final hidden layer output utilized as input to the BiLSTM.In
BiLSTM Configuration Number of hidden units: 256. Dropout rate: 0.3 Attention Mechanism: Applied on top of
the BILSTM to focus on the most relevant parts of the text. Output Layer: Fully connected layer followed by a
softmax activation function for classification. Adam optimizer is used with a learning rate of 0.0001.Batch Size:
32.Number of Epochs: 20 (with early stopping based on validation loss)
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B. Evaluation Metrics

> To assess the sentiments of the text based on neutral, negative, and positive classes, four evaluation criteria
were established: accuracy criteria Four functional accuracy metrics were considered: false positive (FP),
true positive (TP), false negative (FN), and true negative (TN).

Accuracy: Accuracy equal the number of samples which are classified correctly out of the total samples.

Accuracy=Number of Correct Prediction/Total Number of Prediction

» Precision, Recall, and F1-Score:Precision measures the proportion of correctly predicted positive instances
out of all instances predicted as positive. Recall measures the proportion of correctly predicted positive
instances out of all actual positive instances. F1 score is the harmonic mean of precision and recall,
providing a balanced evaluation of the model’s performance.

Precision=True Positive/(True Positive+False Positive)

Recall=True Positive/(True Positive+False Negative)

F1-Score=2((Precision*Recall)/(Precision+Recall))

VIIIL. RESULTS AND DISCUSSIONS

This section presents the performance results of the hybrid ALBERT-BiLSTM model across various datasets and
benchmarks. The results are analyzed in comparison to baseline models to demonstrate the effectiveness of the
proposed architecture.

A. Testing accuracies of classical methods techniques trained on two datasets

TABLE IV: TESTING ACCURACIES OF CLASSICAL METHODS TECHNIQUES TRAINED ON TWO DATASETS

Method CMU-MOSEI IEMOCAP
Support Vector Machine (SVM) 82.5% 76.8%
Random Forest 80.3% 74.2%
Naive Bayes 78.7% 72.5%
Logistic Regression 81.0% 75.3%
k-Nearest Neighbors (k-NN) 77.2% 70.1%

These results illustrate the limitations of classical models in capturing complex, contextual information from
textual data. They serve as a baseline for comparison with deep learning models like ALBERT-BiLSTM

B. Testing Acurracy of Proposed Hybrid ALBERT-BiLSTM

TABLE V. ACCURACY OF PROPOSED HYBRID ALBERT-BILSTM

Model CMU-MOSEI IEMOCAP

Hybrid ALBERT-BiLSTM 89.4% 86.7%

Comparison of Model Accuracies on Datasets

100
m— CMU-MOSEI
" [EMOCAP

82.5%

Accuracy (%)

SVM Random Forest Naive Bayes. Hybrid ALBERT-BILSTM

Figure 3: paragraph Showing Accuracy of Datasets
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IX. COMPARISON OF BERT AND ROBERTA

In the experiment when RoBERTa was applied and noted as RoBERTa, outperforms BERT in all aspects
particularly the F1 score with an enhanced accuracy of 3.2% and the general accuracy of 3.6%. The
improvements can be explained by the fact that RoOBERTa has developed a dynamic masking approach during
the pretraining phase and works with significantly larger data sets, thanks to which the material is better
understood within the context.

TABLE VI: COMPARISON OF BERT AND ROBERTA PERFORMANCE

Metric BERT (%) RoBERTa (%) Improvement (%)
Precision (Overall) 82.7 85.0 +2.3
Recall (Overall) 82.1 849 +2.8
F1-Score (Overall) 824 85.6 +3.2
Accuracy (Overall) 820 85.6 +3.6

Performar]ce Comparison: BERT vs. RoBERTa

BERT
RoBERTa

85.0

845

Scores (%)
5

Figure 4: Line Graph Showing the comparision of BERT and RoBERTa

X. CONCLUSION

Multimodal sentiment analysis and emotion recognition represent a rapidly evolving field at the intersection of
computer vision, natural language processing, and audio signal processing. This multimodal approach offers
significant advantages over unimodal systems by leveraging the complementary strengths of each modality,
thereby improving overall performance. However, the complexity of combining and synchronizing different data
types introduces several challenges, including data fusion, model interpretability, real-time processing, and
generalization across different domains and cultures. The need for large, well-annotated datasets that consistently
represent emotions across modalities is also a critical factor that influences the success of these systems. As
multimodal systems become more prevalent, ensuring their fairness, transparency, and ethical deployment will
be crucial to their acceptance and widespread adoption.

In conclusion, while significant progress has been made in this domain, ongoing research and development are
essential to overcoming the current limitations and unlocking the full potential of multimodal sentiment analysis
and emotion recognition. By addressing these challenges and embracing future opportunities, researchers and
practitioners can pave the way for more intelligent, empathetic, and human-aware Al systems.
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