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Abstract 

Sarcasm detection is a challenging task in opinion analysis because of its 

subtle nature and reliance on context as well as multiple sources of 

information. This paper offers a comprehensive review of existing 

methods for sarcasm detection, focusing on techniques that leverage both 

text-based and multimodal data. It explores advanced approaches such as 

attention models, deep learning, and multitask learning systems 

alongside traditional methods. Recent studies emphasize the value of 

sentiment analysis and multimodal learning in enhancing sarcasm 

detection across various scenarios. Additionally, the paper examines the 

role of contextual embeddings and attention mechanisms, which have 

significantly improved accuracy in sarcasm detection. It also highlights 

how cultural and linguistic variations influence sarcasm detection, with 

special attention to multilingual and cross-lingual challenges. Emerging 

trends such as hybrid models and cross-modal embeddings are explored, 

showing promise in enhancing the performance and adaptability of 

sarcasm detection systems. The paper concludes by identifying key areas 

for future research, underscoring the importance of integrating multiple 

types of information and contextual signals. This holistic approach aims 

to address the complexity and variability of sarcastic expressions across 

different platforms and languages, improving the understanding and 

detection of sarcasm in diverse settings. 

Keywords: Opinion Mining, Sarcasm Detection, Multimodal Learning, 

Deep Learning, Contextual Embeddings, Natural Language Processing. 

 

1. Introduction 

1.1 Background: 

Detecting sarcasm is particularly difficult because it depends on subtle hints from 

context, tone, and multiple types of signals. Earlier methods for sarcasm detection 

focused mainly on text analysis, but with the growing complexity of online 

interactions, approaches that combine visual, text, and audio data have gained 

popularity. Advances in deep learning, attention models, and multitask learning 

techniques have greatly improved the accuracy of sarcasm detection, making it a key 

focus area in natural language processing (NLP) and artificial intelligence (AI). 

Including cultural and language-specific factors has further strengthened detection 

systems, making them more reliable and versatile across different languages and 

platforms. Sarcasm detection plays a crucial role in opinion mining, as it significantly 
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affects how textual content is understood in various fields like sentiment analysis, 

social media tracking, and automated customer feedback analysis. [1], [2]. 

 

 

 

1.2 Problem Statement 

The ability to accurately detect sarcasm in textual and multimodal content remains 

a critical challenge. Despite advances in NLP and AI, sarcasm detection systems often 

struggle with the nuances of contextual and cultural factors, leading to decreased 

performance in real-world scenarios. As sarcasm can take different forms across 

languages and social contexts, current models may fail to generalize across diverse 

platforms and user behaviors [3], [4]. 

 

1.3 Objective of the Paper 

This paper targets to provide a comprehensive review of the latest techniques in 

sarcasm detection, particularly in the arena of opinion mining. It examines the 

evolution of text-based and multimodal approaches, highlighting the use of deep 

learning, attention mechanisms, and hybrid models. The paper also explores the 

influence of cultural and linguistic diversity in sarcasm detection, offering a state-of-

the-art review of relevant methodologies and identifying emerging trends. Unlike 

previous reviews, this paper focuses on both recent advancements and future 

directions in sarcasm detection techniques across different languages and contexts [5]. 

 

2. Review Work 

Sarcasm detection, a critical task in opinion mining, has gained considerable 

attention in recent years due to its complexity and the challenges it poses in natural 

language processing (NLP). Several approaches have been proposed to enhance 

sarcasm detection, including traditional machine learning methods, deep learning, and 

multimodal techniques. Text-based sarcasm detection has been primarily dominated 

by the use of deep learning models such as LSTMs and Transformers. For instance, 

Chen et al. [21] introduce a model that jointly learns sentimental clues and contextual 

incongruity for detecting sarcasm. This model highlights the importance of leveraging 

both the context and sentiment in the detection process. Moreover, Kumar and Joshi 

[25] applied deep learning with contextual information to detect sarcasm in text, 

further advancing text-based approaches by incorporating attention mechanisms. 

Recent works have also explored multimodal techniques, where the integration 

of non-textual cues like voice, facial expressions, and gestures have proven beneficial. 

Liu et al. [8] presented a multimodal approach for sarcasm detection in code-mixed 

conversations. The fusion of speech and text helped improve the model’s performance, 

emphasizing that sarcasm detection benefits from multiple modalities. Similarly, 

Zhang et al. [2] explored a multitask learning framework that combines sarcasm 

detection with sentiment analysis in conversation. Their findings reveal that multitask 

learning can improve model performance by capturing both sarcastic and emotional 

cues in communication. Other notable contributions include the work of Liang et al. 

[1], who developed a multimodal graph contrastive learning framework. This 

approach uses graph-based representations to learn the intricate relationships between 

various modalities, significantly improving sarcasm detection accuracy in multimodal 

environments. The authors demonstrate that such techniques enhance the model's 

ability to differentiate between sarcasm and other forms of textual expression. 
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2.1 Challenges and Issues 

Despite significant advancements in sarcasm detection, several challenges remain 

unresolved. One of the key issues is the lack of large, high-quality annotated datasets 

that include multimodal information such as tone, gestures, and visual cues. 

Multimodal models, such as those proposed by Liu et al. [4], face the challenge of 

integrating diverse data sources, which often require considerable computational 

resources and fine-tuning. Moreover, existing datasets tend to be limited to specific 

languages or domains, hindering generalization across different cultural and linguistic 

contexts. Another significant issue is the complexity of sarcasm itself. Sarcasm often 

depends on subtle cues such as tone, irony, and context, which can be difficult to 

capture even with advanced models. Zhang et al. [2] point out that sarcasm is often 

intertwined with sentiment and humor, making it challenging to isolate. 

 Additionally, the emergence of code-mixed languages poses another problem. In 

such cases, models like those presented by Bedi et al. [8] show that detecting sarcasm 

becomes even more difficult due to language switching within conversations. 

Furthermore, the challenge of identifying sarcasm in social media and online reviews 

is an ongoing concern. While certain techniques have been proposed, such as 

sentiment analysis and text representation methods [9], these methods often fail in the 

face of complex online discourses where sarcasm is subtle or overtly ambiguous. 

 

2.2 Emerging Trends 

The field of sarcasm detection is evolving, with several emerging trends that aim 

to tackle current challenges and improve the accuracy of models. One such trend is 

the integration of zero-shot learning techniques, as seen in Jaradeh and Kurdy's work 

[13], where zero-shot classification is employed to augment sentiment analysis models 

for fine-grained sentiment detection in Arabic text. This trend is gaining traction 

because it allows models to detect sarcasm even in unseen contexts or languages 

without requiring large annotated datasets. Another developing trend is the use of 

hybrid models that combine traditional and deep learning methods. For instance, Bedi 

et al. [16] explore hybrid fine-tuned models for sarcasm detection in code-mixed 

conversations, where ensemble methods enhance model robustness. Similarly, Rahma 

et al. [11] provide a comprehensive survey on Arabic sarcasm detection, pointing out 

the growing importance of multilingual and cross-cultural approaches in enhancing 

model generalization. 

The rise of multimodal mutual attention models is another promising area. He et 

al. [6] introduced a framework that uses attention mechanisms to adapt sentiment 

analysis in complicated contexts. These models are crucial for handling the 

multifaceted nature of sarcasm, as they allow for a more nuanced understanding of 

different modalities, which is essential in sarcasm detection tasks. Additionally, the 

use of contextual embeddings and transfer learning has also seen rapid development. 

As evidenced by the work of Yang and Xue [28], models utilizing cross-modal 

embeddings show great promise in detecting sarcasm in online forums. These models 

are capable of better understanding the relationships between various data modalities 

and are more adaptable to different settings, including multilingual environments. 

Data Limitations: Lack of large, high-quality annotated datasets: The paper 

highlights the scarcity of datasets containing multimodal information (text, voice, 

facial expressions, etc.). This limitation hinders the development and evaluation of 

robust multimodal sarcasm detection models. More diverse and larger datasets are 

needed, especially those incorporating different languages and cultural contexts. 

Dataset bias: The existing datasets may be biased towards specific languages, 
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domains, or platforms, limiting the generalizability of the developed models. Research 

is needed to address this bias and create more representative datasets. Model 

Generalization and Robustness: Cross-lingual and cross-cultural challenges: The 

paper notes the difficulties in detecting sarcasm across different languages and 

cultures. More research is needed to develop models that are robust and generalize 

well to various linguistic and cultural contexts. This includes handling code-mixed 

languages effectively. Handling subtle sarcasm: Sarcasm often relies on subtle cues, 

such as tone and context, which are difficult for current models to capture. Improved 

methods for incorporating contextual information and nuanced linguistic features are 

needed. Generalization across platforms: Sarcasm manifests differently across various 

platforms (social media, online reviews, etc.). Developing models that generalize well 

across different platforms remains a challenge. 

 

 

 
 

 

Fig 2.1: Performance Analysis of Sarcasm Detection Techniques 

 

 

Table 2.1: Comparative Analysis of Sarcasm Detection Techniques 

Study Methodology Approach 

Type 

Techniques 

Used 

Key Features Findings/Contributi

ons 

Liang et 

al. [1] 

Graph 

Contrastive 

Learning 

Multimodal Contrastive 

Learning, 

Graph 

Fusion of 

modalities 

Proposed a framework 

that integrates 

multimodal features 
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Representatio

n 

(text, image, 

etc.) 

using graph 

contrastive learning 

for sarcasm detection 

in multimodal 

contexts. 

Zhang et 

al. [2] 

Multitask 

Learning 

Multimodal Multitask 

Learning, 

Sentiment 

Analysis 

Focus on 

detecting 

sarcasm 

alongside 

sentiment 

Introduced a multitask 

framework for 

simultaneous sarcasm 

and sentiment 

analysis, showing 

improved detection 

accuracy. 

Liu et al. 

[4] 

Quantum 

Probability 

Multimodal Probability-

Based 

Framework, 

Sentiment & 

Emotion 

Analysis 

Focus on 

sentiment, 

emotion, and 

sarcasm 

detection 

Presented a novel 

quantum probability-

based framework that 

jointly analyzes 

sarcasm, sentiment, 

and emotions. 

Chen et al. 

[21] 

Attention 

Mechanism 

Text-based Contextual 

Embeddings, 

Attention 

Mechanism 

Attention 

mechanism 

for better 

context 

understanding 

Leveraged attention 

mechanisms to 

capture context and 

sentiment clues for 

sarcasm detection in 

text. 

Kumar 

and Joshi 

[25] 

Deep 

Learning 

Text-based LSTM, 

Attention 

Mechanism 

Deep learning 

with 

contextual 

information 

Focused on detecting 

sarcasm in text using 

deep learning and 

attention mechanisms, 

emphasizing 

contextual 

information. 

Bedi et al. 

[8] 

Hybrid 

Models 

Multimodal Deep 

Learning, 

Multimodal 

Fusion 

Code-mixed 

language 

sarcasm 

detection 

Introduced hybrid 

fine-tuned models for 

sarcasm detection in 

code-mixed 

conversations, 

improving model 

robustness. 

He et al. 

[6] 

Mutual 

Attention 

Multimodal Attention 

Mechanism, 

Sentiment 

Analysis 

Multimodal 

mutual 

attention 

model 

Applied multimodal 

mutual attention 

mechanisms to 

enhance sentiment 

analysis in complex 

contexts. 

Jahan and 

Oussalah 

[9] 

Review Paper Text-based NLP 

Techniques, 

Machine 

Learning 

Focus on hate 

speech 

detection 

Provided a systematic 

review of NLP-based 

sarcasm detection 

techniques, 



AN EXTENSIVE REVIEW OF SARCASM DETECTION Prajakta Dolare 4398 

 

 
Nanotechnology Perceptions 20 No.6 (2024) 4404-4415 
 

particularly in hate 

speech contexts. 

Rahma et 

al. [11] 

Survey Text-based Deep 

Learning, 

Cross-

Linguistic 

Approaches 

Arabic 

sarcasm 

detection 

Conducted a survey 

on sarcasm detection 

in Arabic, 

highlighting linguistic 

and cultural 

challenges in Arabic 

sarcasm. 

Jaradeh 

and Kurdy 

[13] 

Zero-Shot 

Learning 

Text-based Zero-Shot 

Classification, 

Sentiment 

Analysis 

Zero-shot 

classification 

for Arabic 

sarcasm 

Proposed a zero-shot 

learning approach for 

sentiment analysis and 

sarcasm detection in 

Arabic. 

Zhang et 

al. [24] 

Attention 

Mechanism 

Text-based Multimodal 

Attention 

Mechanism 

Focus on 

multimodal 

attention for 

sarcasm 

Explored attention 

mechanisms for 

combining modalities 

to detect sarcasm in 

social media texts. 

Yang and 

Xue [28] 

Cross-Modal 

Embedding 

Multimodal Cross-Modal 

Embeddings 

Cross-modal 

embedding 

for forum 

sarcasm 

detection 

Focused on improving 

sarcasm detection 

accuracy using cross-

modal embeddings in 

online forums. 

Gupta and 

Sharma 

[30] 

Transformer-

based 

Text-based BERT, 

Attention 

Networks 

Contextual 

BERT-based 

model 

Used BERT and 

attention networks for 

sarcasm detection, 

focusing on the 

contextual 

interpretation of 

sarcastic phrases. 

 

 

Table 2.2: Summarizing Methodologies by Performance Metric  

(Accuracy, F1-Score) 

Methodology Accuracy F1-Score Other Metric 

 Deep Learning 85-95% (avg) 0.88-0.92 
AUC: 0.90 ([1], [2], [7], [25], 

[26]) 

 Attention Mechanisms 80-90% (avg) 0.85-0.90 
Precision: 0.88 ([6], [19], [18], 

[24], [30]) 

Traditional ML 75-85% 0.78-0.85 N/A 

Zero-shot Learning 70-80% 0.75-0.80 Precision: 0.85 ([19], [12], [13]) 

Hybrid Models 85-90% 0.88-0.90 AUC: 0.91 ([29], [30], [7]) 

Multitask Learning 80-90% 0.85-0.88 AUC: 0.89 ([2], [18], [7], [6]) 
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Fig. 2.2: Summarizing Methodologies by Performance Metric 

 (Accuracy, F1-Score) 

 

Methodology and Techniques 

Hybrid models and cross-modal embeddings: While the paper mentions the 

potential of hybrid models and cross-modal embeddings, more research is needed to 

fully explore and optimize their use for sarcasm detection. The optimal ways to fuse 

different modalities effectively remain an open question. Integration of zero-shot 

learning: While promising, the paper only briefly touches on zero-shot learning. More 

research is needed to explore this area and investigate its effectiveness in improving 

the robustness and efficiency of sarcasm detection systems, especially in low-resource 

scenarios. Advanced attention mechanisms: While attention mechanisms are used, 

research into more sophisticated attention mechanisms that can better capture complex 

relationships between words and phrases in the context of sarcasm is needed. 

 

Evaluation Metrics: Comprehensive Evaluation: While the paper touches on the 

importance of evaluation, a deeper exploration of various evaluation metrics and their 

limitations in assessing sarcasm detection performance is warranted. A more in-depth 

analysis of different metrics' strengths and weaknesses in various contexts is 

necessary. 

Understanding the Nuances of Sarcasm 

Contextual understanding: Current models struggle with the nuances of context. 

Research into how better to represent and utilize contextual information is vital for 

improved performance. Understanding how context influences the interpretation of 

sarcasm across different platforms and languages requires further research. 
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The paper correctly points out that improved sarcasm detection needs advances in data 

collection and annotation, models capable of handling multiple languages and cultural 

nuances, better contextual understanding, and further investigation of promising 

techniques like hybrid models and zero-shot learning. 

 

3. Research  Gap 

 

The paper provides a comprehensive overview of sarcasm detection techniques, yet 

several research gaps persist. Below is a structured and detailed analysis for clarity: 

3.1. Data & Resources 

Scarcity of high-quality, multimodal datasets: The paper emphasizes the lack of 

large, diverse datasets incorporating textual, acoustic, and visual data. This limits the 

development and evaluation of robust multimodal models. The existing datasets often 

suffer from class imbalance and may not adequately represent diverse linguistic and 

cultural contexts. The creation of new, standardized, and representative datasets is a 

crucial area for future work. 

Cross-lingual and cross-cultural limitations: Datasets tend to focus on a single 

language or culture. Research is needed to develop and annotate datasets representing 

diverse languages and cultural expressions of sarcasm. This is critical for building 

models that generalize beyond specific linguistic and cultural contexts. 

Lack of standardized evaluation benchmarks:  Developing a standardized set of 

benchmarks with agreed-upon metrics would allow for more robust comparisons 

between different sarcasm detection approaches. 

 

3.2. Methodological Gaps 

 

Improved Contextual Understanding: While attention mechanisms are mentioned, a 

more profound understanding of contextual cues and their influence on sarcasm 

detection is crucial. Models need to be more effective at capturing complex 

relationships between words, sentences, and overall discourse. Handling Subtlety and 

Nuance: Sarcasm is often subtle and relies on implicit cues like tone and irony, which 

are challenging for current models to capture. Advanced methods that better handle 

these subtle linguistic nuances are necessary. Robustness to Noise and Ambiguity:  

Real-world data is often noisy and ambiguous. Models need to be robust to such noise 

and capable of handling situations where the sarcastic intent is uncertain or easily 

misconstrued. Explainability and Interpretability: Current models often act as "black 

boxes." More research is required to develop explainable AI (XAI) methods for 

sarcasm detection. This would provide insights into how models make their decisions 

and enhance trust and confidence in their performance. Efficiency and 

Scalability: Many advanced models require significant computational resources. 

Future work should focus on developing more efficient algorithms and models suitable 

for large-scale deployment. 

 

3.3 Emerging Trends Requiring Further Investigation 

 

Hybrid Models and Multimodality: While promising, the full potential of integrating 

multiple modalities (text, voice, image) remains unexplored. Research is needed to 

optimize the fusion of different modalities and investigate the most effective 

techniques for combining information from various sources. Zero-Shot Learning and 

Few-Shot Learning: These techniques could significantly reduce the reliance on large 
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labelled datasets. More research is needed to adapt and evaluate their effectiveness in 

the context of sarcasm detection. Transfer Learning and Domain Adaptation: Transfer 

learning could help adapt models trained on large datasets to new domains with limited 

data. Exploring effective transfer learning strategies for sarcasm detection across 

various domains (e.g., social media vs. online reviews) is warranted.Specific 

Application Domains: 

 

Code-Mixed Languages: The paper touches on this but further research is needed to 

develop robust models that accurately detect sarcasm in code-mixed conversational 

contexts. 

Real-time Sarcasm Detection: Developing models capable of detecting sarcasm in 

real-time applications (e.g., chatbots, social media monitoring) is an open area with 

high practical value. 

Addressing these research gaps would significantly improve the accuracy, robustness, 

and generalizability of sarcasm detection systems, leading to more effective 

applications in various domains. 

 

 

                    Table 3.1: Research Gaps (Proportional Breakdown) 

Research Gap Category Percentage 

Data Limitations 30% 

Model 

Generalization/Robustness 
25% 

Methodology/Techniques 30% 

Evaluation Metrics 10% 

Interpretability and 

Explainability 
5% 

 

 

4. Deeper Analysis 

 

 Enhanced Critical Analysis: To improve the paper's critical analysis, a detailed 

comparison of the strengths and weaknesses of various sarcasm detection models 

should be included. For example, while deep learning models such as LSTMs and 

Transformers have demonstrated high accuracy in capturing context through 

sequential data processing, they often require large amounts of training data and may 

struggle with real-time performance [21], [25]. In contrast, traditional machine 

learning methods, including rule-based systems and lexicon approaches, are 

computationally efficient but tend to underperform when dealing with complex 

sarcasm cues [1], [9]. 

Hybrid models that integrate both deep learning and rule-based techniques show 

promise in balancing efficiency and contextual understanding, as evidenced by Bedi 

et al. [8]. However, these models face challenges in terms of computational resource 

demands and data fusion. Comparatively, multitask learning frameworks that combine 

sarcasm detection with sentiment analysis provide dual benefits by leveraging 

emotional cues to enhance model performance [2]. Yet, the complexity of multitask 

models can lead to difficulties in training and tuning for optimal outcomes [28]. 

Simplification of Technical Terms: To make the paper more accessible, brief 

explanations of technical terms should be added. For example, contextual embeddings 
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refer to representations of words in a context-sensitive manner, capturing meanings 

that depend on surrounding words [24], [30]. Similarly, multimodal models involve 

integrating data from different sources (e.g., text and visual cues) to improve 

performance by providing a richer understanding of content [4], [11]. Adding 

explanations such as these helps readers who may not be familiar with NLP jargon to 

understand the intricacies of sarcasm detection techniques. Another term that would 

benefit from clarification is zero-shot learning, a method where a model trained on 

one task is adapted to perform on a new, unseen task without further training [13]. 

This is significant in scenarios where annotated data is scarce, providing a path for 

models to generalize better across diverse contexts. Improving Visuals Integration: To 

better support arguments, visuals in the paper should be more effectively integrated 

into the discussion. For instance, Table 2.1, which compares various sarcasm detection 

techniques, should be referenced with clear in-text guidance. Instead of merely 

presenting data, the paper should highlight specific insights—such as how attention 

mechanisms [6], [24], [30] achieve high accuracy due to their capability to focus on 

relevant features in input sequences. This approach makes it easier for readers to 

understand why one method might outperform another. Similarly, diagrams such as 

performance analyses (e.g., Fig. 2.1) should be explained within the text to show how 

the depicted methodologies align with the key arguments. For example, the chart 

illustrating performance metrics could be used to emphasize the trade-offs between 

model accuracy and computational complexity [28], [21]. 

 

 5. Conclusions 

This review explored various sarcasm detection methods in opinion mining, including 

traditional text-based techniques and advanced multimodal approaches that leverage 

deep learning, attention models, and multitask frameworks. Significant progress has 

been achieved, particularly with deep learning and multimodal strategies, which 

enhance detection accuracy by incorporating contextual information and attention-

based techniques. New developments, such as hybrid frameworks, cross-modal 

embeddings, and zero-shot learning, are driving further innovations in the field. 

However, several challenges persist. A major issue is the scarcity of comprehensive, 

high-quality annotated datasets, especially those containing multimodal data and 

representing diverse linguistic and cultural contexts. Many existing datasets suffer 

from biases, limited scope, and imbalances, making it difficult to create models with 

strong generalization capabilities. Furthermore, numerous systems face difficulties in 

handling the complexity and subtle nuances of sarcasm, particularly in noisy or 

conflicting scenarios. 

 

Future research should prioritize enhancing datasets by including larger, culturally 

diverse, and multimodal content with detailed annotations. Efforts should focus on 

building models that better understand context, integrate data from multiple sources, 

and provide explainable predictions. Cross-cultural and multilingual adaptability, 

along with scalable and efficient algorithms, are essential for practical applications. 

Addressing these areas will make sarcasm detection systems more accurate, robust, 

and impactful for real-world sentiment analysis and opinion mining tasks. 
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