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Abstract: Sentiment analysis, a critical task in natural
language processing, has advanced significantly with the
integration of deep learning and multi-modal approaches.
This survey explores the evolving landscape of multi-
modal sentiment analysis, which combines text, audio,
visual, and contextual data for richer emotional
understanding. We analyze key deep learning architectures,
including transformers, convolutional neural networks, and
recurrent models, highlighting their roles in handling
diverse modalities. Challenges such as modality fusion,
data alignment, and scalability are discussed, along with
potential solutions. Furthermore, the paper reviews
prominent datasets and applications across domains like
social media, healthcare, and entertainment. Future
research directions are proposed to enhance multi-modal
sentiment analysis performance.
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I. INTRODUCTION

In recent years, the proliferation of social media platforms
like Twitter has transformed how people express opinions,
emotions, and sentiments online. With over 500 million
tweets posted daily, Twitter offers a rich and dynamic
source of real-time data for sentiment analysis. Sentiment
analysis, or opinion mining, involves extracting and
interpreting the emotions, attitudes, or opinions expressed
in text. While traditional sentiment analysis primarily relies
on text data, recent advancements in multi-modal deep
learning have opened new possibilities for integrating
diverse data modalities such as text, images, audio, and
metadata, enabling more comprehensive and accurate
sentiment analysis. Twitter data, in particular, poses unique
challenges and opportunities due to its informal language,
use of emojis, abbreviations, and the integration of
multimedia content such as images, GIFs, and videos. A
single tweet may carry nuanced sentiments that are
difficult to detect from text alone. For instance, an image
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or emoji accompanying a sarcastic tweet may completely
alter its intended sentiment. This has spurred the
development of multi-modal approaches that aim to
analyze and combine information from multiple sources to
achieve a holistic understanding of the sentiment
conveyed. Deep learning has emerged as the dominant
technique for multi-modal sentiment analysis, owing to its
ability to model complex relationships across different
modalities.  Architectures like convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and
transformers such as BERT and GPT. have demonstrated
remarkable success in capturing intricate patterns in text.
When extended to multi-modal tasks, these architectures
incorporate advanced techniques like attention mechanisms
and modality-specific encoders to process and integrate
data from text, images, and other formats. This integration
allows for more robust sentiment predictions, particularly
for challenging scenarios like sarcasm detection, sentiment
shifts, and ambiguous content.

AT

Figure 1.1: Sentiment Analysis

This survey aims to provide a comprehensive overview of
multi-modal sentiment analysis using Twitter data with a
focus on deep learning techniques. We explore state-of-
the-art models and their applications in analyzing tweets,
examining how different modalities are utilized and fused
to enhance sentiment classification. Additionally, we
discuss the unique challenges posed by multi-modal
Twitter data, including noisy data, modality alignment, and
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the imbalance of sentiment classes. Prominent datasets,
evaluation metrics, and domain-specific applications are
also reviewed [4].

Finally, we highlight emerging trends and future directions
in multi-modal sentiment analysis, such as the integration
of contextual information, real-time processing, and
improved scalability for large-scale datasets. By addressing
the challenges and opportunities in this field, this survey
aims to guide researchers and practitioners in leveraging
multi-modal deep learning for more effective sentiment
analysis on Twitter data.

Il. LITRETURE REVIEW

The literature survey explores key developments in
sentiment analysis, focusing on traditional machine
learning approaches and their limitations. The survey also
examines the ML model emphasizing their revolutionary
role in achieving state-of-the-art performance in sentiment
classification.

Authors [1] proposed approache outperform comparative
techniques. These results provide valuable insights for
implementing deep learning in sentiment analysis and
contribute to setting benchmarks in the field, thus
advancing both the theoretical and practical applications of
sentiment analysis in real-world scenarios.

Hybrid deep sentiment analysis learning models that
combine long short-term memory (LSTM) networks,
convolutional neural networks (CNN), and support vector
machines (SVM) are built and tested on eight textual
tweets and review datasets of different domains. Hybrid
models are compared against three single models, SVM,
LSTM, and CNN. Both reliability and computation time
were considered in the evaluation of each technique.
Authors [2] find that Hybrid models increased the accuracy
for sentiment analysis compared with single models on all
types of datasets, especially the combination of deep
learning models with SVM. Reliability of the latter was
significantly higher.

The work [3] systematically introduces each task,
delineates key architectures from Recurrent Neural
Networks (RNNs) to Transformer-based models like
BERT, and evaluates their performance, challenges, and
computational demands. The adaptability of ensemble
techniques is emphasized, highlighting their capacity to
enhance various NLP applications. Challenges in
implementation, including computational overhead, over-
fitting, and model interpretation complexities, are
addressed, alongside the trade-off between interpretability
and performance.

In this work [4] the rating of movie in twitter is taken to
review a movie by using opinion mining. Author proposed
hybrid methods using SVM and PSO to classify the user
opinions as positive, negative for the movie review dataset
which could be used for better decisions.

This research [5] concerns on binary classification which is
classified into two classes. Those classes are positive and
negative. The positive class shows good message opinion;

otherwise the negative class shows the bad message
opinion of certain movies. This justification is based on the
accuracy level of SVM with the validation process uses 10-
Fold cross validation and confusion matrix. The hybrid
Partical Swarm Optimization (PSO) is used to improve the
election of best parameter in order to solve the dual
optimization problem. The result shows the improvement
of accuracy level from 71.87% to 77%

The purpose of this survey [29] is to provide a concise,
nearly comprehensive overview of TSA techniques and
related fields. The primary contributions of the survey are
the detailed classifications of humerous recent articles and
the depiction of the current direction of research in the
field of TSA.

I11. FINDINGS OF THE SURVEY

The survey on deep learning-based multi-modal sentiment
analysis using  Twitter data reveals significant
advancements, challenges, and opportunities in this rapidly
evolving field. The integration of multiple modalities,
including text, images, audio, and contextual metadata, has
proven to enhance the performance of sentiment analysis
systems, particularly in addressing the ambiguities and
complexities inherent in Twitter data. Below are the key
findings from the study:

Multi-modal models outperform traditional text-only
sentiment analysis techniques, as they leverage additional
data such as images, emojis, and videos to provide richer
contextual information. Tweets often include non-textual
elements, and ignoring these modalities can lead to
misinterpretation of sentiment. Multi-modal approaches
effectively bridge this -gap, especially in scenarios
involving sarcasm, humor, or indirect sentiment
expressions [5].

Deep. learning techniques like transformers (e.g., BERT,
ROBERTa, and Vision Transformers), CNNs, and RNNs
have been successfully adapted to multi-modal sentiment
analysis. These architectures incorporate advanced
mechanisms such as attention models, cross-modal
encoders, and fusion strategies to handle the complexity of
combining diverse data types. Transformer-based models,
in particular, dominate the field due to their ability to
capture long-term  dependencies and cross-modal
relationships effectively [7].

One of the major challenges in multi-modal sentiment
analysis is the alignment and fusion of information from
different modalities. Misalignment, where data from one
modality (e.g., image) does not correspond to another (e.g.,
text), affects model accuracy. Fusion techniques like early
fusion, late fusion, and hybrid approaches have been
explored, but achieving seamless integration remains a
critical area of research.

The availability of annotated multi-modal datasets for
Twitter is limited. While datasets like MOSI, MOSEI, and
Memotion provide valuable resources, most are not
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tailored specifically for Twitter’s unique characteristics,
such as hashtags, informal language, and emoji usage. This
highlights the need for more comprehensive datasets for
benchmarking multi-modal sentiment analysis.

Multi-modal sentiment analysis on Twitter has shown
significant potential across domains, including politics,
marketing, public health, and disaster response. For
instance, analyzing user sentiment during political
campaigns or health crises provides actionable insights for
decision-makers.

CONCLUSION

This survey highlights the growing importance and
potential of deep learning-based multi-modal sentiment
analysis on Twitter data. By integrating diverse modalities
such as text, images, emojis, and contextual metadata,
multi-modal approaches offer a richer understanding of
sentiments compared to traditional text-only methods.
Advances in deep learning architectures, especially
transformers, have significantly improved the accuracy and
robustness of sentiment predictions across modalities.
However, challenges such as modality alignment, fusion
strategies, and the limited availability of annotated datasets
specific to Twitter remain critical barriers.

Despite these challenges, the field has demonstrated its
applicability across domains like politics, marketing, and
public health, with promising opportunities for future
research in real-time analysis and personalized sentiment
detection. Multi-modal sentiment analysis thus stands as a
crucial step toward understanding the complexity of human
emotions in online environments.
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