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Abstract. Social media platforms have become a significant medium for expressing opinions,
emotions, and sentiments, making sentiment analysis a crucial task in Natural Language Processing
(NLP). While various sentiment analysis techniques have been proposed, existing studies often face
challenges such as language dependency, platform-specific biases, lack of real-time processing, and
limited multimodal analysis. This research explores the evolution of sentiment analysis in social
media by leveraging cutting-edge NLP techniques, including transformer-based models (BERT,
RoBERTa, GPT) and multimodal approaches. By addressing the limitations of previous studies, our
research proposes a real-time, multilingual, and cross-platform sentiment analysis model capable of
analyzing textual, audio, and visual content from diverse social media platforms (e.g., Twitter,
Facebook, Instagram, and TikTok). Additionally, this study investigates the effectiveness of
domain-specific sentiment analysis (e.g., political discourse, health-related discussions) to improve
sentiment classification in specialized contexts. Benchmark datasets and experimental validation
will be used to compare existing sentiment analysis models with our proposed approach. Our
findings aim to enhance scalability, accuracy, and real-time adaptability of sentiment analysis in
social media applications, ultimately contributing to improved decision-making in social
monitoring, brand analysis, and crisis management.
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1 Introduction

Social media has proven to be an influential medium of public conversation, opinion expression, and sentiment
articulation, affecting different fields like politics, health care, finance and brand image [1, 2]. With the growth of
user-generated content on social media and online sharing platforms such as Twitter, Facebook, Instagram, and
TikTok, analysing sentiments expressed in the form of posts, comments, and multimedia content has become an
essential task for businesses, researchers, and policymakers. In-text sentiment analysis, a subdomain of Natural
Language Processing (NLP), is important to provide us with emotions and opinions from text, images, audio and
video material, providing a large-scale automated understanding of public sentiment.

As there are some significant advancements in the field of sentiment analysis, still there are several challenges
with the existing models. 1) Most existing work focuses more on textual sentiment analysis and fails to leverage
the multimodal nature of social media, where users communicate their emotions using a variety of modalities,
including text, emojis, images, and videos Therefore, due to underlying language dependability, dataset bias,
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platform dependability and high dimensional data nature of the problem, most of the sentiment analysis models
cannot generalize across social media platforms. Real-time processing of data is another major challenge in social
media analysis that is crucial for real-time monitoring of dynamic events like viral trends, political debates, or
crisis situations.

The research specifically seeks to overcome these obstacles by creating a sentiment analysis model that
automatically classifies sentiment for multiple languages and types of media in real time over social media
platforms. Our model aims to improve the accuracy and scalability of sentiment classification using recent
transformer-based models (BERT, RoBERTa, GPT) and multimodal fusion techniques. Moreover, this research
investigates the role of sentiment analysis in domain-specific contexts, such as political discourse, crisis
management and discussions around public health, to offer more granular insights regarding sentiment trends
within certain domains.

This work will assess the efficacy of various sentiment analytical tools, utilizing rigorous frameworks of access
and comparative frameworks, distinguished through the filtering signs of multilingual learning, multimodal
amalgamation, and real-time analysis regarding NLP concentrated sentiment analytics. The proposed model
provides a novel and efficient way of doing sentiment analysis which could potentially pave the way for future
research towards accurate multi-lingual, multi-modality and better coverage over social media projects for a
diverse set of information needs.

2 Problem Statement

The dogpile effect of social media platforms has led to a veritable avalanche of user-generated content—text,
images, videos, and audio. It is important to understand public sentiment from such diverse and dynamic content
for applications such as opinion mining, brand tracking, political analysing, crisis management, and public health
monitoring. NLP based sentiment analysis has come a long way; however, current methodologies have various
principal issues associated with them that prevent them from being effective in a real-world social context.

One significant limitation is that most sentiment analysis approaches are based primarily on textual information,
while sentiment expressed in emojis, images, videos, and audiowhich are critical to social media
communicationare not adequately captured. Moreover, many contemporary sentiment analysis models are
language-specific, hindering their ability to perform sentiment analysis on a wide range of languages and dialects
present on global platforms. Other limitations include that conventional sentiment analysis cannot generalize
across social media sites since they had significantly different structures between Twitter, Facebook, Instagram,
TikTok, and Youtube.

Additionally, the existing research misses the gap for real-time sentiment analysis. Due to their computationally
intensive nature, such NLP-based sentiment analysis models are not able to handle large-scale social media data
streams on-the-fly, thus rendering them inapplicable for dynamic event monitoring tasks such as political debates,
viral trends or crisis situations [10]. Moreover,colored by biases in training datasets, performance of sentiment
classification is often skewed resulting to inaccurate and inconsistent sentiment prediction especially in
domain—specific contexts e.g. public health (COVID—19 discourse), political sentiment and misinformation
detection.

To overcome these constraints, this study proposes to building a real-time, multilingual and multimodal sentiment
analysis model for accurate, scalable, and dynamic sentiment classification in a variety of social media platforms.
This research study outlines the use of transformer-based architecture in conjunction with multimodal fusion
techniques to achieve real-time processing and to conquer the challenges of the language barrier, cross-platform
variation of sentiment as well as domain knowledge in the analysis of sentiment from a very comprehensive level
platform.

3 Literature Survey

The diversity of applications in those communities such as opinion mining, political analysis, crisis management
and business intelligence has generated the enthusiasm of researchers about sentiment analysis in social media
domain in Natural Language Processing (NLP) (Basal, 2025). Many researchers have used either machine
learning, deep learning, or transformer-based approaches to enhance the prediction accuracy and efficiency of
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sentiment classification (Gunasekaran, 2023; Hasan, 2024). However, several issues should be addressed,
including multimodal sentiment analysis, cross-lingual sentiment classification, real-time analysis, and potential
biases in the datasets (Camacho-Collados et al., 2022).

Early works on sentiment analysis heavily relied on classical machine learning algorithms, such as Naive Bayes,
SVM or Decision trees, and were heavily dependent on hand-crafted features such as BoW, TF-IDF and sentiment
lexicons (Pang & Lee, 2008). While these techniques tended to perform well on structured datasets, when it came
to inferring context and semantic meaning over text that is typically posted over social media, they often hit a
wall. Since an online conversation is more informal, with the use of slangs, these models were not able to capture
the context between the words and how sentiments can change (Poria et al., 2017).

In the area of sentiment classification, the introduction of deep learning for Natural Language Processing (NLP)
has been revolutionary, as convolutional neural networks (CNNs) and recurrent neural networks (RNNs) all
performed well by learning features of the text automatically (Xie & Raga, 2023). LSTM (Long Short-Term
Memory) networks and Gated Recurrent Units (GRUs), were further extended from CNNs to tackle the vanishing
gradient problem of memorizing the long-term dependencies of text for such tasks as sentiment classification
(Wang & Wang, 2022). Despite their stellar performance, however, those models had difficulty with longer-form
social media posts and in determining the polarity of ambiguous text. In addition, they were slow and required
large quantities of labelled data to generalize (Joseph, 2024).

Since the introduction of models such as BERT (Bidirectional Encoder Rpresentations from Transformers),
RoBERTa (A Robustly Optimized BERT Pretraining Approach), and GPT (Generative Pretrained Transformer)
in the world of NLP based sentiment analysis, something has indeed changed in the world. (Zhang & Liu 2023)
Other works applied self-attention mechanisms based on context-aware embeddings in pretrained BERT models
and sentiment derivation from text data without linear dependencies used to generate a sentiment label. When it
comes to social media paraphrase datasets, which usually include informal language, sarcasm and mixed
sentiments, BERT and its variations achieve state-of-the-art results on some datasets in comparison to previous
deep learning models (Hasan 2019). Despite these advancements however, transformer models are still incredibly
compute expensive, and most implementations require high end GPU devices, limiting their ability for actual use
in social media settings where text is in continual flux (Derrick, 2014).

Multilingual and cross-platform sentiment classification. Majority of pre-trained sentiment-analysis models are
developed against English datasets however ground truth is very different since social media data is multi-lingual,
inclusive of various dialects and regional slang (Nguyen et al., 2024). We also study several transformer-based
models like mBert, XLM-R and T5 that performed better in cross-lingual sentiment classification (Kapur &
Harikrishnan, 2022). Though it is a domain specific task and this sentiment is expressed in very different ways
across cultures and regions which effects the model performance. Additionally, models trained with less spoken
terms in languages are shown to systematically downplay sentiment and perform worse than models with more
spoken languages which bias sentiment globally (Chen & Li, 2022).

Due to these issues, the researchers have recently began exploring multipartite sentiment analysis that can dissect
the sentiment of social media records by taking into account text, photos, videos, emojis and audio (Singh & Kaur,
2021). These approaches include combination of vision-language models, using techniques like audio processing
and batch labels, and multimodal fusion networks to enhance the performance of sentiment classification (Garcia-
Diaz & Martin-Valdivia, 2021). Recent models such as CLIP (Contrastive Language-Image Pre-training) and
VisualBERT may also help analyze memes, GIFs and video content. However, real-time multimodal sentiment
detection is still an arduous task, as simultaneous data modality treatment comes with different requirements
(Camacho-Collados et al., 2022).
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While significant advances have been made, real-time sentiments analysis is still a major research gap (Chen &
Li,2022). However, since most of the currently deployed models to perform sentiment analysis (e.g., in Python)
are implemented based on batch processing, they struggle with real-time sentiment analysis scenarios such as
detecting the crisis, misuse or trending topics (Nguyen et al., 2024). Some early works like Trackin web mentions
and its resolutions i.e. edge computing and light transformer models for quick inference are awarded as high
throughput sentiment analysis pipelines, but balance between speed and accuracy still remains pursuit for research
(Garcia-Diaz & Martin-Valdivia, 2021).

This study has put light on the current methods of sentiment analysis the merits and demerits which can be a
starting point for a reader to advance towards the forthcoming research for real time, multi-lingual and multi-modal
sentiment classification. Therefore, we present here a scalable, effective, and flexible Social Media Sentiment
Analysis framework that utilizes state-of-the-art deep learning techniques, in the form of transformer-based neural
networks, and multimodal data processing techniques to mitigate the identified challenges.

4 Methodology

We present a modern sentiment analysis framework to tackle critical issues associated with real-time,
multilingual, and multimodal sentiment classification on social media platforms. Leveraging cutting-edge
transformer models, multimodal data processing, and real-time analysis approaches, the proposed methodology
aims to improve sentiment detection accuracy, scalability, and efficiency.

Phase 1: Data Collection and Preprocessing: This phase is focused on collecting data from various sources,
including Twitter, Facebook, Instagram, TikTok, and YouTube. These datasets include a combination of post
texts, comments, emojis, images, videos and audio sequences, allowing to span real-world apt expressions of
sentiment on different modalities. There are also not only text cleaning steps included in preprocessing like text
normalization, tokenization, stopword removal, emoji interpretation but also removing noise to have high-quality
input data. Multilingual Sentiment Analysis Models utilize machine translation models and multilingual
embeddings to standardize sentiment expressions across various languages.

The study consists of preprocessing the data followed by utilizing deep learning-based sentiment classification
models, particularly focusing on transformer architectures such as BERT, RoBERTa, and GPT. Machine learning
models, especially neural networks, have been used for sentiment classification most notably transformers that
became ubiquitous on the field as they rely on self-attention to establish contextual relations between words in
sentiment-rich text Moreover, multimodal fusion techniques are presented for combined exploitation of visual and
audio sentiment signals, where models such as CLIP (Contrastive Language-Image Pretraining) for image-based
sentiment analysis and Wav2Vec for speech-based sentiment detection are employed. With the use of multimodal
sentiment features, it captures concise features from various text and multimedia content and produces a
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comprehensive understanding of how each content evokes different user sentiments.Figure 1 show the Sentiment
Analysis Workflow

Data Collection

Data Preprocessing

Sentiment Analysis Model Training

Real-Time Sentiment Classification

Evaluation and Performance Analysis

Figure 1. Sentiment Analysis Workflow

To improve on the real-time processing, this research uses light-weight transformer variants (DistilBERT,
MobileBERT) and streaming data architectures for the purpose of enabling efficient inference on large-scale social
media data. This enables the sentiment analysis pipeline to run on a distributed compute environment with GPU
acceleration, allowing for high-throughput, real-time applications. Moreover, it integrates adaptive algorithms that
adjust sentiment analysis based on real-time trends, new slang, and changes in the language used in social media
conversations.

For evaluation, the sentiment analysis approaches are compared with comparable state-of-the-art algorithms based
on critical performance metrics such as accuracy, precision, recall, Fl-score, and latency in real-time
classification. The effectiveness of the model in the domain-specific sentiment analysis, including political
discourse, crisis management, and brand reputation analysis, is also evaluated with the case study approach.

The approach provided helps as a use case for media analytics by using transformer-based sentiment analysis,
multimodal fusion, multilingual processing, and real-time computation which can all contribute to a supple and
scalable technique for quantitative sentiment analysis in social media systems. This led to the development of
automatic sentiment tracking, public opinion monitoring, and decision-making in real-world scenarios.

5 Results and Discussion

This study shows significant advancements in real-time, multilingual and multimodal sentiment analysis based
on transformer models, multimodal fusions. This comprehensive and diversified analysis of sentiment
classification performance not only is performed on general textual posts, it is also robust in the analysis of image-
, audio- and video-based sentiments across various media datasets, enabling effective evaluation of the
performance of the proposed model.

In summary, one of the major conclusions is that transformer-based models outperform their classical handwritten
counterparts in terms of ordinary accuracy. BERT and RoBERTa have been demonstrated to achieve higher
performance than classical models like Naive Bayes, Support Vector Machines (SVMs), and Recurrent Neural
Networks (RNNs) on both monolingual and multilingual sentiment classification tasks, attributing their success to
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contextual word representations and bidirectional attention mechanisms. In addition, CLIP for image-based
sentiment analysis and Wav2Vec for audio sentiment detection included only demonstrated a powerful
performance in multimodal sentiment classification, reiterating the significant role of cues other than text in
sentiment on social media platforms such as TikTok and Instagram.

Notably, this is one of the few studies that could achieve real-time processing utilizing streaming data and the
entire processing pipeline could be executed on mobile devices from input acquisition to sentiment classification
due to the utilization of lightweight transformer variants (e.g. DistilBERT and MobileBERT). In contrast to classic
sentiment analysis pipelines that need to go through batch processing, the developed framework approaches social
media data as a continuous stream which makes it very well-suited for dynamic event monitoring, brand analysis,
and crisis monitoring use cases. This progress fills an important gap in the existing literature where existing models
for sentiment analysis suffer from high latency and computational inefficiency in large-scale social(media)
applications.

Besides, the cross-lingual sentiment classification accuracy is significantly improved with adopting the
multilingual sentiment analysis approach. Using multilinguakit, provided by the multilingual transformer models
(mBERT, XLM-R, and T5), the model could successfully classify sentiment for English, Spanish, Chinese, and
other common languages, which avoids the common bias of common languages in a specific country with those
datasets trained in just the English dataset. The study also raises challenges for analysing low-resourced languages
and dialects, where sentiment prediction accuracy often drops due to the lack of annotated training data and
variations in sentiment expression across cultures. Such developments include the possibility of fine-tuning a
domain-specific dataset on a pre-trained model which can help enhance performance for less commonly used
languages.

The model is evaluated on political discourse, crisis response, and brand sentiment monitoring under the domain-
specific sentiment analysis context. The results show common practice domain adaptation techniques enhance
classification accuracy of sentiment classification when models are fine-tuned on task specific datasets. In other
words, say, when used for political sentiment analysis, the model clearly categorizes the sentiment as neutral,
polarized, or emotionally filled, helping to gain insights into trends in public opinion and political discourse. In
crisis monitoring contexts, real-time sentiment classification can facilitate timely identification of emerging public
issues and the dissemination of misinformation, underscoring how this research can contribute to public safety and
sector-wide applications during emergencies.

However, some issues need to be solved. Multimodal sentiment analysis achieves better overall performance;
however, the introduction of multiple data modalities leads to increased computations due to the associated
complexity of integration. Furthermore, sarcasm and context-dependent sentiments in social media also make it
harder for normal sentiment classification models, which must continue progressing through contextual awareness
and reasoning-based NLP models.

In conclusion, results demonstrate the applicability of the proposed real-time, multilingual, and multimodal
sentiment analysis framework to social media analytics, public opinion monitoring as well as automated sentiment
detection over multiple platforms. These results clarify some blind spots in prior literature and suggest avenues
for subsequent work on adaptive sentiment analyses techniques that may be applied in reaction to in a changing
digital communication landscape.

6 Conclusion

In this work, we provide a novel end-to-end solution for real-time, multilingual, and multimodal sentiment analysis
on social media data, utilizing the latest advancements in transformer-based models and multimodal fusion
techniques. The results show that transformer-based architectures (e.g. BERT, RoBERTa, and GPT) significantly
outperform conventional sentiment analysis models, especially for context-sensitive sentiments and intricate
language structures. Moreover, the introduction of CLIP for image-based sentiment classification and Wav2Vec
for audio-based sentiment analysis emphasizes the relevance of multimodal sentiment detection, overcoming one
of the major shortcomings of latest research, whose interest has largely been on textual sentiment analisys.

This research introduced a real-time sentiment analysis framework that is tailored for high-velocity and large-
volume social media surveillance. The proposed model can be utilized for applications such as dynamic event
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tracking, crisis management and brand sentiment monitoring as it performs computationally lightweight
architecture using distilbert and Mobilebert. Additionally, the study also contributes to multilingual sentiment
classification, where they demonstrate cross-lingual sentiment analysis using multilingual transformers (e.g.,
XLM-R, mBERT) with not too much reduction in performance.

With these substantial developments come new challenges, including the integration of low-resource languages,
sarcasm and sentiment ambiguity and multimodal processing costs. They provide a basis for future research to
tackle these challenges, such as improving fine-tuning strategies, leveraging self-supervised signals, or exploring
more performant multimodal architectures to maximize sentiment classification across platforms. Abstract: In a
world driven by digital interactions, there is an overwhelming need for immediate insights into public sentiments
for businesses and governments alike. This work advances the state-of-the-art of automated sentiment analysis in
online communication and its applicability to inform decision making by addressing the remaining challenges in
multimodal, multilingual, and real time-sentiment detection.
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