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Abstract: Detecting sarcasm in text remains a complex challenge in Natural Language Processing (NLP) due to its subtlety and
reliance on context. This research compares the effectiveness of two deep learning models—Bidirectional Long Short-Term Memory
(BiLSTM) and the Robustly Optimized BERT Pretraining Approach (RoBERTa)—for identifying sarcasm in news headlines.
Leveraging the Sarcasm Headlines Dataset v2, which contains 28,619 labeled samples, both models were assessed using metrics like
accuracy, Fl-score, and loss over several training epochs. Findings show that RoBERTa significantly outperforms BiLSTM,
achieving a validation accuracy of 93.76% and an F1-score of 0.9326 at epoch 10, compared to BiLSTM’s 84.70% accuracy and
0.8403 F1-score. RoBERTa’s advantage stems from its transformer-based architecture and self-attention mechanisms, enabling better
understanding of contextual nuances, whereas BiLSTM's sequential nature limits its grasp of long-range dependencies. The study
underscores the critical role of model architecture in sarcasm detection and discusses the computational considerations involved.
Future directions include exploring hybrid models, incorporating multimodal data, and applying domain-specific fine-tuning to
improve detection performance further.
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1. INTRODUCTION

A. Sarcasm and Its Social Impacts

Sarcasm is a type of verbal irony where the intended meaning contrasts with the literal words, typically used to convey humor or
emphasis. Though it’s common in everyday conversation, sarcasm can easily be misunderstood—particularly in digital or text-based
communication where cues like tone, facial expressions, and situational context are missing. This lack of clarity can cause confusion,
offense, or even spark conflicts online. On social media, sarcasm frequently appears in political commentary, trolling, and dark
humor, posing challenges for both people and machines in accurately identifying whether a statement is sincere or sarcastic.
Sarcasm not only influences the tone of communication but also impacts public opinion, user sentiment, and discourse quality.
Misunderstanding sarcasm in natural language processing (NLP) tasks—such as sentiment analysis or opinion mining—can severely

skew results, especially in fields like mental health monitoring, market research, and misinformation detection.
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B. Importance of Sarcasm Detection

Accurate sarcasm detection is vital for enhancing the performance of NLP systems. Conventional sentiment analysis tools often rely
on individual word sentiments, leading to misinterpretations—for instance, the phrase "Oh great, another Monday!" may seem
positive due to the word "great," even though its actual tone is negative. Incorporating sarcasm detection allows systems like chatbots,
recommendation engines, and mental health analysis tools to better understand context, thereby improving user engagement and
decision-making. Additionally, detecting sarcasm is critical for moderating online spaces, where harmful or deceptive content is
frequently masked in sarcastic language to bypass content filters.

C. Motivation and Statistics

The increasing reliance on Al-driven systems in understanding user emotions and intent has highlighted the limitations of current
models in detecting subtle language cues like sarcasm. Recent studies have shown that sarcasm accounts for approximately 23%
of the misunderstandings in sentiment analysis tasks on social media platforms such as Twitter and Reddit. According to a 2022
Pew Research article, over 67% of online users reported encountering sarcasm in comments, memes, or captions on a daily basis.
In addition, recent progress in pre-trained transformer models like ROBERTa (Robustly Optimized BERT Pretraining Approach) has
demonstrated strong capabilities in understanding complex contextual cues. Unlike conventional machine learning methods that
depend on manually engineered features, ROBERTa leverages large-scale text corpora to automatically learn semantic relationships.
This enables it to effectively recognize sarcastic remarks, even when the literal sentiment of the text is misleading or unclear.

This research aims to explore the effectiveness of ROBERTa in detecting sarcasm and improving interpretability in sentiment-based
applications. By fine-tuning ROBERTa on annotated sarcastic datasets, we aim to reduce misclassification errors and enhance the
robustness of modern NLP systems.

D. Purpose of the Study

The primary objective of this study is to evaluate and compare the performance, accuracy, and efficiency of two deep learning
models—BiLSTM and RoBERTa—for detecting sarcasm in news headlines. By applying both models to a labeled sarcasm dataset,
this research offers a comprehensive analysis of their respective capabilities in identifying sarcastic expressions. The study focuses
on how well each model performs in recognizing sarcasm, compares their accuracy using metrics such as precision, recall, and F1-
score, and examines the computational demands of each model, particularly in terms of scalability to larger datasets. Through this
comparative approach, the study aims to determine the more suitable model for sarcasm detection and contribute meaningful insights
to the broader field of Natural Language Processing (NLP).

E. Motivation

This research is driven by the growing need for NLP systems that can accurately interpret subtle and context-dependent language
constructs such as sarcasm. Understanding sarcasm is essential for enhancing various applications, including sentiment analysis,
content moderation, and customer support. In sentiment analysis, accurate sarcasm detection prevents the misinterpretation of ironic
statements, which could otherwise skew results. In the context of content moderation, it helps avoid the misclassification of sarcastic
comments as harmful or offensive. Similarly, in customer service interactions, recognizing sarcasm enables automated systems to
respond more appropriately, especially when users express frustration or humor. By comparing BiLSTM and RoBERTa, this study
aims to explore how different model architectures handle the complexity of sarcasm in short, often ambiguous texts like news

headlines.

2. LITERATURE REVIEW

A. Survey

This study emphasizes the importance of multimodal cues, such as audiovisual features, in sarcasm detection. The authors introduce
the MUStARD dataset, derived from TV shows, and show that multimodal approaches improve sarcasm classification accuracy by
reducing error rates by 12.9%.[1]

Sarcasm detection is crucial for sentiment analysis but remains challenging due to its contradictory nature. This study compares
BERT and LSTM for sarcasm identification, demonstrating BERT’s superiority in improving sentiment accuracy, particularly on

Twitter data.[2]

JETIR2505370 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | d285


http://www.jetir.org/

© 2025 JETIR May 2025, Volume 12, Issue 5 www.jetir.org (ISSN-2349-5162)
This research presents a sarcasm detection system using various models and data augmentation techniques. The RoBERTa-based

model with mutation-based augmentation achieved an F1-score of 0.414, showcasing the benefits of transformer models in sarcasm
classification.[3]

A BERT-based model is proposed to capture intra- and inter-modality incongruity for multimodal sarcasm detection. Using self-
attention and co-attention mechanisms, the model outperforms existing approaches on a multimodal sarcasm detection dataset.[4]
Results indicate higher accuracy in Indonesian (88.33% for balanced data) compared to English (79%), highlighting the model’s
effectiveness in cross-linguistic contexts.[5]

Evidential deep learning, combined with LSTM and GRU, is applied for sarcasm detection in news headlines. The approach
effectively models sequential data, capturing sentiments and contextual dependencies within news articles.[6]

An LSTM with an attention mechanism (LSTM-AM) achieves 99.86% accuracy in sarcasm and irony detection on social media.
The study explores transfer learning and multimodal integration (text, emojis, images) to improve sentiment analysis.[7]

Sarcasm detection is treated as a binary classification problem, with a multi-head attention-based BiLSTM (MHA-BiLSTM) model
outperforming feature-rich SVM models. The attention mechanism enhances BILSTM’s performance in detecting sarcasm.[8]

This research focuses on sarcasm detection in news headlines using a BERT-LSTM model. The BERT-processed word vectors
improve the LSTM classification, achieving high recognition accuracy on professional news datasets.[9]

A BERT-based approach integrated with fuzzy logic is proposed to enhance sarcasm detection. Fuzzy logic improves precision by
accommodating ambiguity and context dependencies, refining NLP models for better sarcasm recognition.[10]

Multimodal sarcasm detection is explored by integrating text and images to enhance classification performance. Given the rise of
social media content, this study tells the importance of considering multimodal data for sarcasm identification.[11]

A hybrid CNN-LSTM model has been proposed for sarcasm detection, combining convolutional layers to extract local textual
features with LSTM layers to capture sequential dependencies. This integrated architecture demonstrates superior performance
compared to conventional machine learning techniques in the context of sentiment analysis. 12]

Sarcasm detection is improved using hybrid deep learning architectures, combining CNNs, LSTMs, and attention mechanisms. The
approach enhances contextual understanding and achieves better results than standalone deep learning models.[13]

The study investigates multi-feature fusion techniques for sarcasm detection, integrating lexical, syntactic, and contextual features.
Results indicate that feature fusion improves sarcasm classification compared to single-feature models.[14]

Transformer-based architectures, including BERT and GPT, are evaluated for sarcasm detection. The study finds that pre-trained
models significantly enhance sarcasm identification by capturing contextual nuances.[15]

A novel sarcasm detection model leverages adversarial learning and contrastive loss functions. The approach refines sarcasm
classification by minimizing feature overlap between sarcastic and non-sarcastic expressions.[16]

Sentiment-aware sarcasm detection is explored using graph neural networks (GNNs). The study demonstrates that GNNs effectively
capture relational dependencies, improving sarcasm classification accuracy.[17]

This research utilizes reinforcement learning for sarcasm detection, optimizing classifier decision-making. The approach adapts to
dynamic language patterns, improving detection performance over static models.[18]

Multitask learning is applied to sarcasm detection, leveraging shared knowledge across related NLP tasks. The approach enhances
model generalization, improving sarcasm classification across diverse datasets.[19]

This paper introduces a fusion model combining symbolic Al with deep learning for sarcasm detection. The hybrid approach
effectively integrates rule-based reasoning with neural network-based feature extraction.[20]

Ensemble learning methods, including voting classifiers and stacking, are explored for sarcasm detection. Results indicate that
ensemble models outperform individual classifiers in sarcasm recognition tasks.[21]

A contrastive learning framework is proposed for sarcasm detection, enhancing feature representation through supervised contrastive

loss. The approach significantly improves sarcasm classification by capturing subtle linguistic variations.[22]
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B. Understanding from Review

Paper
ID

Task Performed

Technology Used

Advantages

Limitations

Created MUStARD dataset

Audiovisual utterances,

Improved sarcasm detection

Limited to scripted dialogues,

better performance

1 for multimodal sarcasm| Contextual data from| by 12.9% in F-score lacks real-world diversity
detection TV shows
Compared BERT and| BERT, LSTM BERT improves sentiment | Dependent on dataset quality,
2 LSTM for sarcasm accuracy in Twitter | struggles with highly nuanced
detection interactions sarcasm
Evaluated models  for | RoBERTa, Data| Achieved Fl-sarcastic of| Initial results were lower,
3 sarcasm  detection  in| Augmentation 0.414 after improvements dependency on dataset tuning
SemEval-2022
Proposed BERT-based | BERT,  Self-attention, | State-of-the-art Complexity increases with
4 model with inter-modality | Co-attention performance on  multi- | multimodal data processing
incongruity detection modal sarcasm dataset
Used paragraph2vec for| Paragraph2vec, LSTM | High accuracy (88.33% in| Lower  performance  with
5 sarcasm context extraction Indonesian, 79% in English) | imbalanced data (76.66% in
Indonesian, 54.5% in English)
Applied Evidential deep | Evidential DL, LSTM, | Effective in  analyzing | Complexity in  estimating
6 learning to news sarcasm| GRU sarcasm in news headlines | uncertainty
detection
Used LSTM with Attention | LSTM-AM,  Transfer | Achieved 99.86% accuracy | Needs more real-world testing
7 Mechanism (LSTM-AM) | Learning on social media text to confirm generalizability
for sarcasm detection
Developed Multi-Head | MHA-BiLSTM, Multi-head attention | Requires significant feature
8 Attention BILSTM (MHA- | Feature-rich SVM enhances BiLSTM | engineering
BiLSTM) model performance
Proposed Bert-LSTM for | BERT, LSTM High recognition rate in| Needs more evaluation on
9 sarcasm detection in news professional news dataset social media sarcasm
headlines
Integrated fuzzy logic with | Fuzzy logic, | Fuzzy  logic  enhances | Computationally intensive
10 BERT for sarcasm detection | Transformer, BERT, | sarcasm  detection by
RNN accommodating ambiguity
Developed multimodal | RoOBERTa, Image-text| Leverages multimodal data| Handling images and text
11 sarcasm detection model fusion for better accuracy together 1is computationally
expensive
12 Used CNN-BiLSTM for | CNN, BiLSTM Captures both spatial and| CNN can struggle with highly
sarcasm detection sequential features ambiguous sarcasm
Proposed sarcasm detection | Contextual embeddings, | Considers past dialogue for | Dependent on quality of
13 in dialogue context LSTM better sarcasm | conversational dataset
understanding
14 Analyzed emoji influence | Emoji embeddings, | Emojis improve sarcasm | Limited to text containing
on sarcasm detection CNN detection accuracy emojis
Used attention-based LSTM | Attention mechanism, | Attention mechanism | May not generalize to unseen
15 for sarcasm detection LSTM enhances contextual | sarcastic expressions
sarcasm detection
Compared transformer- | BERT, RoBERTa, | RoBERTa outperforms | Transformers are resource-
16 based models for sarcasm | XLNet other transformers intensive
detection
Investigated sarcasm | Graph Neural Networks | Captures sarcasm in user | Requires  social  network
17 detection with GNN (GNNs) interactions and | structure for best performance
relationships
Proposed reinforcement | Reinforcement Learning | Adapts dynamically to new | Needs continuous training for
18 learning  approach  for | (RL), Policy Gradient sarcasm patterns effectiveness
sarcasm detection
Introduced sarcasm-aware | Sentiment analysis, | Improves sentiment | Limited by sarcasm detection
19 sentiment classification BERT, Sarcasm-aware | classification by removing | accuracy
embeddings sarcasm bias
Developed sarcasm | Code-mixed dataset, | Handles multiple languages | Requires large multilingual
20 detection in code-mixed | LSTM, Embeddings effectively dataset
languages
Used GANs for sarcasm | Generative Adversarial| GANs improve sarcastic | Training instability in GANs
21 generation and detection Networks (GANs), | text generation and training
BERT
Proposed hybrid sarcasm | Hybrid Model (DL +| Combines rule-based and| Feature engineering required
22 detection model Lexical Features) deep learning methods for| for best results
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3. METHODOLOGY

A. Dataset

Dataset Name: Sarcasm Headlines Dataset v2

Source: This dataset was originally compiled from two primary news outlets:

The Onion (a satirical news site, used as the source for sarcastic headlines)

The Huffington Post (a real news site, used as the source for non-sarcastic headlines)

Size: The dataset contains 28619 entries.

Structure:

Each entry in the dataset is a JSON object with the following fields:

"headline": A string containing the news headline.

"is_sarcastic": A binary label where 1 indicates sarcasm and 0 indicates non-sarcasm.

"article link": A URL pointing to the full article.

Labeling Method:

Headlines from The Onion were labeled as sarcastic (is_sarcastic = 1).

Headlines from The Huffington Post were labeled as non-sarcastic (is_sarcastic = 0).

This labeling assumes source-based sarcasm detection, relying on the inherent nature of the publishing platform.
Data Collection Process:

The main objective of the dataset is to serve as a standardized benchmark for evaluating sarcasm detection models developed using

Natural Language Processing and machine learning methods.

non non

{"is_sarcastic": 1, "headline": "thirtysomething scientists unveil doomsday clock of hair loss", "article_link":
"https://www.theonion.com/thirtysomething-scientists-unveil-doomsday-clock-of-hai-1819586205"}

{"is_sarcastic": 0, "headline": "dem rep. totally nails why congress is falling short on gender, racial equality",
"article_link": "https://www.huffingtonpost.com/entry/donna-edwards-inequality_us_57455f7fe4b055bb1170b207"}
{"is_sarcastic": 0, "headline": "eat your veggies: 9 deliciously different recipes", "article_link":
"https://www.huffingtonpost.com/entry/eat-your-veggies-9-delici_b_8899742.html"}

{"is_sarcastic": 1, "headline": "inclement weather prevents liar from getting to work", "article_link":
"https://local.theonion.com/inclement-weather-prevents-liar-from-getting-to-work-1819576031"}

{"is_sarcastic": 1, "headline": "mother comes pretty close to using word 'streaming' correctly", "article_link":
"https://www.theonion.com/mother-comes-pretty-close-to-using-word-streaming-cor-1819575546"}

{"is_sarcastic": 0, "headline": "my white inheritance", "article_link": "https://www.huffingtonpost.com/entry/my-
white-inheritance_us_59230747e4b07617ae4cbela"}

{"is_sarcastic": 0, "headline": "5 ways to file your taxes with less stress", "article_link":
"https://www.huffingtonpost.com/entry/5-ways-to-file-your-taxes_b_6957316.html|"}

{"is_sarcastic": 1, "headline": "richard branson's global-warming donation nearly as much as cost of failed balloon
trips", "article_link": "https://www.theonion.com/richard-bransons-global-warming-donation-nearly-as-much-
1819568749"}

{"is_sarcastic": 1, "headline": "shadow government getting too large to meet in marriott conference room b",
"article_link": "https://politics.theonion.com/shadow-government-getting-too-large-to-meet-in-marriott-
1819570731"}

{"is_sarcastic": 0, "headline": "lots of parents know this scenario", "article_link":

Figure 1: “Sarcasm_Headlines_Dataset_v2.json” dataset
B. Data Preprocessing
The dataset underwent different preprocessing techniques for the Bi-LSTM and RoBERTa models due to the distinct nature of their
architectures.
Bi-LSTM Preprocessing
For the Bi-LSTM model, extensive manual text preprocessing was applied to prepare the raw headline text. First, all headlines were
converted to lowercase to ensure uniformity and reduce vocabulary size. Line breaks (\n) were removed to clean the text further.
The headlines were then tokenized into individual words using Python's split() function. Each word was lemmatized using the
WordNetLemmatizer from the NLTK library, converting words to their base or dictionary form to reduce inflectional variation.
Stopwords, such as "the", "is", and "and", along with punctuation marks, were removed to eliminate irrelevant tokens that do not

contribute significantly to semantic meaning. The remaining meaningful words were rejoined into cleaned sentences.
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These preprocessed sentences were then tokenized into numerical sequences using the Tokenizer class from Keras, with a vocabulary

size limit and an out-of-vocabulary (OOV) token defined. After tokenization, the sequences were padded using Keras’
pad_sequences function to ensure all input sequences were of uniform length. Padding was done post-sequence, and longer sequences
were truncated as needed. This step is essential for training the Bi-LSTM model, which requires fixed-length input vectors.
RoBERTa Preprocessing

In contrast, the ROBERTa model employed the preprocessing functionality provided by the simpletransformers library, which
automates all required transformations in line with the model’s architecture. The raw text was passed directly to the RoOBERTa
model, where it was tokenized using Byte-Pair Encoding (BPE) through RoBERTa’s native tokenizer. This tokenizer handled
subword tokenization, added special tokens such as <s> (start of sentence) and </s> (end of sentence), and converted the tokens into
input IDs as expected by the model. Unlike Bi-LSTM preprocessing, no manual lemmatization, stopword removal, or lowercasing
was applied, as ROBERTa is case-sensitive and was pre-trained with casing intact. Additionally, attention masks were automatically
generated, and sequences were padded or truncated to the specified maximum sequence length during training.

This dual approach to preprocessing ensured that each model type received inputs tailored to its design—manual preprocessing for
Bi-LSTM and model-specific automated preprocessing for ROBERTa.

C. Model Architecture:

The Bi-LSTM model is structured to leverage the benefits of both convolutional and sequential processing layers for sarcasm
detection. It includes several key components as follows.

Raw text is converted into tokens (words, subwords, or characters), followed by padding to standardize the length of all sequences.
Padding ensures uniform input dimensions by adding special tokens (like zeros) to shorter sequences.

The embedding layer transforms the tokenized words into dense vectors of fixed size, capturing the semantic meaning of words. The
model learns these embeddings during training, allowing it to better understand the relationships between words in context.
Dropout is employed as a regularization technique to combat overfitting. It randomly sets a fraction of input units to zero during
training, preventing the model from relying too heavily on specific features. Dropout rates, typically between 0.2 and 0.5, are tuned
for optimal performance.

The Long Short-Term Memory (LSTM) layer processes sequential data by capturing long-range dependencies. Unlike traditional
RNNs, LSTMs utilize gates (forget, input, and output) to manage the flow of information, enabling the model to retain or discard
information across time-steps. This is essential for tasks like text classification, where context is key.

The attention mechanism allows the model to focus on the most relevant parts of the input sequence. It assigns attention weights to
different elements based on their importance, creating a context vector that enhances the model’s understanding of the input.

This method selects the maximum value from each feature map, helping extract the most prominent features across the entire
sequence.

It calculates the average of all values in each feature map, reducing dimensionality and preventing overfitting by limiting model
complexity.

Fully connected layers combine the learned features to make predictions. The complexity of the dense layers can vary, with deeper
networks requiring more data to avoid overfitting.

The output layer typically uses a sigmoid activation function for binary classification tasks, generating a probability between 0 and
1. A threshold (usually 0.5) is applied to determine the final class label (0 or 1).

Model Evaluation and Prediction:

Binary Crossentropy: For binary classification, this loss function measures the difference between predicted probabilities and actual
labels, guiding the model to minimize this loss during training.

Metrics:

Accuracy: The proportion of correct predictions.

Precision, Recall, F1-Score: These metrics provide deeper insights, especially for imbalanced datasets where false positives or
negatives carry significant weight.

This architecture is designed to effectively handle sequential data, like text classification tasks, by leveraging the temporal

dependencies captured by LSTMs and the focus-enhancing capabilities of attention mechanisms. Regularization techniques like
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dropout and pooling help prevent overfitting, while the dense layers and sigmoid output layer are ideal for binary classification tasks

like sarcasm detection.

Data Preprocessing

Tokenization - Padding
(Uniform Length)

Embedding Layer

(Converts Tokens to
Vectors)

Dropout (Prevent
Overfitting)

LSTM Layer (Recurrent
Layer)

(Processing Sequences
One Time-Step)

\
Attention Mechanism

Computes attention
weights and context
vector

Global Max Pooling /
Global Average Pooling

Dense Layer(s)

(Fully Connected Layer
for Output)

Output Layer

(Sigmoid for Binary
Class)

Model Evaluation and
Prediction (Loss
Function & Metrics)

Figure 2: Flowchart of Bi-LSTM model

RoBERTa Model: Architecture, Fine-Tuning Process, and Hyperparameters

InputText

The RoBERTa model starts with raw text input, which could range from a single sentence to a longer paragraph, depending on the
task. For instance, a sample input could be the tweet:

“Oh great, another Monday. Just what I needed!”

This text is processed by the model as the initial step.
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Tokenization

Tokenization involves breaking down the input text into smaller components called tokens. ROBERTa uses Byte-Pair Encoding
(BPE), which splits words into subwords or word pieces. This approach is effective in handling rare or out-of-vocabulary words.
For example, the sentence:

“Oh great, another Monday. Just what I needed!”

would be tokenized as:

['Oh', 'great', '), 'another', Monday', ', 'Just', 'what', 'T', 'needed', '!"]

RoBERTa adds special tokens to mark the beginning ([CLS]) and the end ([SEP]) of the sequence. These tokens are essential for
certain tasks, such as classification. The tokenized words are then converted into input IDs, numerical representations of each
token (e.g., the token "great" might map to ID 1234).

Embedding Layer

The token IDs are passed through an embedding layer, which converts each token into a dense vector. These embeddings capture
both semantic and syntactic features of the tokens. For example, the word “great” might be represented as a 768-dimensional vector
(for RoBERTa-base). The embedding layer also includes positional embeddings to retain information about the order of tokens in
the sequence, which is necessary since transformers don’t inherently understand token order.

Transformer Encoder

RoBERTa employs multiple transformer encoder layers (12 for the base version and 24 for the large version). Each encoder layer
contains:

1. Multi-Head Self-Attention: This mechanism allows the model to focus on various parts of the input sequence by computing
attention scores between every pair of tokens. ROBERTa uses multi-head attention to simultaneously capture different types of
relationships, such as semantic and syntactic dependencies.

2. Feed-Forward Neural Network (FFN): After attention, the output is passed through a feed-forward network comprising two
linear transformations, with a non-linear activation function like GELU in between. This further processes the information and
extracts higher-level features.

The encoder layers also incorporate residual connections and layer normalization to stabilize training and improve the flow of
gradients.

Pooling (Optional)

For tasks like classification, the output of the transformer encoder can be pooled. The most common approach is to use the embedding
of'the [CLS] token as a summary representation of the entire input sequence. This helps in capturing the overall meaning or sentiment
of the text, which is useful for tasks like sentiment analysis or sarcasm detection.

Task-Specific Head

The pooled representation or the sequence output is passed through a task-specific head, which adapts the model for the given task.
For classification tasks, this head usually consists of a fully connected layer followed by a softmax activation function. The fully
connected layer transforms the high-dimensional representation (e.g., 768-dimensional for RoOBERTa-base) to match the number of
output classes. For example, in binary classification, the output might look like:

[0.9, 0.1], indicating a 90% probability for one class (e.g., sarcastic) and a 10% probability for the other (e.g., not sarcastic).

Loss Calculation

During training, the model’s predictions are compared to the true labels using a loss function. In classification tasks, the cross-
entropy loss function is typically used to compute the difference between the predicted probabilities and the actual labels. For
instance, if the correct label is “sarcastic,” and the model predicts a low probability for this class, the loss function will penalize the
model.

Backpropagation

The loss is used to compute gradients through backpropagation, which are then used to adjust the model’s weights. An optimizer
like AdamW updates the model parameters to minimize the loss and enhance its performance over time. For example, if the model

incorrectly classifies a sarcastic tweet, backpropagation will adjust the model’s weights to reduce such errors in the future.
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Prediction

After training, the model can be used for predictions on unseen data. The input text undergoes the same process: tokenization —
embedding — transformer encoder — pooling — task-specific head. The model produces a probability distribution over the output
classes, with the class having the highest probability being selected as the final prediction. For example, given the input "Oh great,
another Monday,” the model might output [0.85, 0.15], indicating an 85% chance the input is sarcastic.

Training Details

Both RoBERTa and similar models are trained using batch processing, where the data is divided into smaller batches. Training
typically involves several epochs, with callbacks like ReduceLROnPlateau being used to adjust the learning rate during training.
This helps prevent overfitting and ensures better convergence of the model’s parameters.

for Bi-LSTM).

Evaluation Metrics: Discuss the evaluation metrics (accuracy, loss, etc.) used to compare the performance of the models.

Input

y
Tokenization
using byte pair
encoding

Embedding layer

Transformer
encoder Layer

\4
Fully connected
layer using
Softmax function

Backpropogation

Prediction

Figure 3:Flowchart of Roberta Model .
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D.Difference Between the Architecture of BILSTM and RoBERTa Models

BiLSTM Architecture:

BiLSTM is an enhancement of the Long Short-Term Memory (LSTM) network, designed to mitigate the vanishing gradient problem
common in traditional Recurrent Neural Networks (RNNs). The BILSTM architecture processes the input sequence using two LSTM
layers: one processes it from left to right (forward direction), and the other from right to left (backward direction). This bidirectional
approach allows BiLSTM to capture both past and future context for each token at every time step. The results from both directions
are combined to create a comprehensive context-aware representation for each token. However, BILSTM processes the data
sequentially, which makes it less efficient for handling long sequences or parallel processing tasks.

RoBERTa Architecture:

RoBERTa is a transformer-based model derived from BERT, but it includes several improvements. It uses a stack of Transformer
encoder layers, each incorporating multi-head self-attention and position-wise feed-forward networks. Unlike RNNs that process
tokens sequentially, RoOBERTa can consider all tokens in a sequence at the same time through self-attention. This allows the model
to capture dependencies across tokens, irrespective of their positions in the sequence. Key differences from BERT include
RoBERTa’s removal of the Next Sentence Prediction (NSP) task, the use of dynamic masking during training, and its pretraining on
a larger corpus with longer sequences and bigger batch sizes, resulting in improved generalization and performance.

Data Processing and Context Representation:

BiLSTM uses time-dependent memory, where the output of each token is influenced by both past and future tokens due to its
bidirectional design. However, it processes the data sequentially, which makes it less efficient in capturing long-range dependencies.
In contrast, RoOBERTa utilizes absolute and learned positional encodings combined with self-attention mechanisms, allowing every
token to interact with all other tokens in the sequence simultaneously. This leads to a richer and more effective representation of the
context, particularly for modeling long-range dependencies.

Training Objectives and Strategies:

BiLSTM models are typically trained for specific tasks like part-of-speech tagging, named entity recognition, or sentiment
classification using supervised learning on labeled data. These models are usually not pretrained on large datasets and require
extensive domain-specific fine-tuning.

On the other hand, RoOBERTa follows a pretrain-then-finetune paradigm. Initially, it is trained in an unsupervised manner with the
Masked Language Modeling (MLM) objective, where parts of the input text are masked, and the model learns to predict them. Once
pretrained, RoBERTa is fine-tuned on downstream tasks with relatively small amounts of labeled data, which makes it highly
versatile across various applications.

Efficiency and Scalability:

BiLSTM is computationally more lightweight, making it suitable for smaller datasets and lower-resource hardware. However, its
sequential nature limits its ability to scale effectively for longer sequences, leading to slower training and inference times.
RoBERTHa, utilizing the Transformer architecture, excels in large-scale training scenarios due to its parallelizable structure. It benefits
from distributed computing resources during pretraining, which allows it to handle vast amounts of data. However, RoBERTa’s high
memory and computational demands typically require the use of GPUs or TPUs for efficient operation.

Performance and Generalization:

RoBERTa consistently outperforms BiLSTM in benchmark NLP tasks like GLUE, SQuAD, and sentiment analysis. Its ability to
model language holistically and generate deeper, abstract representations of text enables better generalization across diverse tasks
and languages.

Although BiLSTM is effective for many sequence-based tasks, its performance typically suffers in complex scenarios where long-
range dependencies or nuanced semantic understanding are essential. The sequential processing limitation of BILSTM and its

dependence on training data can also restrict its performance.
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4.RESULTS AND DISCUSSION

Table 4.1: Evaluation results of RoOBERTa and Bi-LSTM with respect to Epochs.

www.jetir.org (ISSN-2349-5162)

EPOCHS ROBERTA LSTM
2 Val Loss: 0.2137, Val 0.3725
Val Acc: 0.9280, Val Acc: 0.8311
Val F1: 0.9210 Val F1 : 0.8236
4 Val Loss: 0.3603, Val Loss: 0.5033
Val Acc: 0.9285, Val Acc: . 0.8390,
Val F1: 0.9225 Val F1: 0.8322
6 Val Loss: 0.4232, Val Loss: 0.5844,
Val Acc: 0.9306, Val Acc: 0.8330,
Val F1: 0.9241 Val F1: 0.8363
8 Val Loss: 0.4500, Val Loss: 0.8072,
Val Acc: 0.9352, Val Acc: 0.8430,
Val F1: 0.9300 Val F1: 0.8352
10 Val Loss: 0.4767, Val 0.5096
Val Acc: 0.9376, Val Acc: 0.8470
Val F1: 0.9326 Val F1 : 0.8403
RoBERTa Validation Accuracy vs Epoch
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Figure 4 : graph consisting of validation accuracy vs Epoch of Roberta Model.
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Bi-LSTM Validation Accuracy vs Epoch
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Figure 5 : graph consisting of validation accuracy vs Epoch of Bi-LSTM Model.
Performance Comparison Between RoBERTa and Bi-LSTM
This section presents a comparative analysis of the performance of two deep learning models—RoBERTa and Bi-LSTM—used for
text classification. The evaluation metrics include validation accuracy, validation F1-score, and validation loss across multiple epochs
(2,4, 6,8, and 10).
A.Quantitative Results
The RoBERTa model consistently outperformed the Bi-LSTM model across all metrics. At epoch 10, RoBERTa achieved a validation
accuracy of 93.76% and a validation F1-score of 0.9326, whereas Bi-LSTM achieved a validation accuracy of 84.70% and an F1-
score of 0.8403. This pattern remained consistent across all epochs ,with RoOBERTa outperforming Bi-LSTM by approximately 8—
10% in both accuracy and F1-score.
B. Architectural Comparison
The superior performance of ROBERTa can be attributed to its transformer-based architecture, which uses self-attention mechanisms
to model global dependencies across an entire input sequence simultaneously. Unlike Bi-LSTM, which processes text in a sequential
manner (both forward and backward), transformers allow for parallel processing and capture contextual relationships regardless of
token position. This makes RoBERTa highly effective in understanding the semantic nuances of language.
RoBERTa gains from extensive pre-training on large-scale datasets using masked language modeling, which improves its ability to
generalize across various downstream tasks. On the other hand, Bi-LSTM, while adept at processing sequential data, often faces
challenges with long-range dependencies due to its sequential processing nature and limited capacity.
C. Summary of Findings
The comparative results highlight that RoBERTa outperforms Bi-LSTM in terms of accuracy and robustness for natural language
processing tasks. Table 5.2 provides a summary of the validation metrics across epochs:

Table 4.2: Performance Comparison of RoOBERTa and Bi-LSTM

Epoch|RoBERTa Val Accuracy| RoOBERTa Val F1 |Bi-LSTM Val Accuracy| Bi-LSTM Val F1
2 92.80% 0.9210 83.11% 0.8236
4 92.85% 0.9225 83.90% 0.8322
6 93.06% 0.9241 83.30% 0.8363
8 93.52% 0.9300 84.30% 0.8352
10 93.76% 0.9326 84.70% 0.8403
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These results highlight ROBERTa’s suitability for tasks requiring a deep understanding of context and semantics in textual data. The

model’s architectural advancements make it a more powerful alternative to traditional RNN-based methods like Bi-LSTM.

D. Use Cases and Advantages

BiLSTM Model
NamedEntityRecognition(NER)
Named Entity Recognition is a key task in natural language processing that focuses on identifying and categorizing entities like
people, organizations, locations, dates, and numerical expressions within text. BILSTM models are well-suited for this task because
of their bidirectional design, which helps capture contextual information from both the preceding and following words in a sentence.
This ability is crucial for accurately identifying entities, especially when their meaning depends on the surrounding context.
SpeechRecognition
In speech-to-text tasks, BILSTM models excel by capturing long-term dependencies in spoken language. Speech often contains
patterns or cues that span over several time steps, and BiLSTM’s ability to process information from both directions enhances its
capability to recognize and interpret these patterns, even in noisy or acoustically challenging environments.
Part-of-SpeechTagging
Part-of-speech tagging involves assigning grammatical categories (such as noun, verb, or adjective) to words in a sentence. BILSTM
performs well in this area because it can process contextual information from both directions. The correct tag for a word often
depends on the words that follow it in the sentence, and the bidirectional architecture helps improve accuracy by providing a more
complete understanding of the syntactic structure.
Sentiment Analysis for Short Texts
BiLSTM models are particularly effective for sentiment analysis of short texts, such as tweets, product reviews, or brief comments.
Since short texts often contain sentiment indicators at any point in the sequence, including the end, BiILSTM’s ability to analyze
both past and future context enables it to detect subtle shifts in sentiment, resulting in more accurate and nuanced sentiment
classification.
RoBERTa Model
Question Answering (QA)
In Question Answering tasks, where the system needs to provide answers based on a given passage, ROBERTa excels. Its transformer-
based architecture enables it to attend to both the question and the passage simultaneously, allowing the model to pinpoint and focus
on the most relevant segments. This feature greatly enhances the accuracy and efficiency of extracting precise answers from the
context.
MachineTranslation
RoBERTa is highly effective for machine translation tasks due to its ability to process entire sequences of text at once. This holistic
view of the input allows it to better understand relationships and dependencies across different parts of a sentence, which is
particularly beneficial for translating languages with complex grammatical structures or idiomatic expressions.
TextSummarization
In text summarization tasks, where the goal is to produce concise and coherent summaries of long documents, ROBERTa’s self-
attention mechanism helps identify key information throughout the entire document. This enables the model to generate meaningful
summaries that highlight the most important points. Its capacity to understand the global context ensures that the generated
summaries are both relevant and coherent.
Sentiment Analysis for Longer Texts
RoBERTa also performs well in sentiment analysis of longer texts, such as comprehensive reviews or social media posts. Its
transformer architecture can handle extended input sequences, preserving important contextual cues that span across multiple
sentences or paragraphs. This makes it particularly adept at analyzing sentiment when it is shaped by the overall narrative or structure

of the document.
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5. Conclusion

This study compares the performance of two distinct neural network architectures—RoBERTa (a transformer-based model) and Bi-
LSTM (a recurrent neural network)—for sarcasm detection in textual data. Evaluation metrics such as validation accuracy, F1-score,
and loss were tracked across multiple epochs. The results indicated that RoOBERTa significantly outperformed Bi-LSTM in all areas.
At its peak performance (epoch 10), RoBERTa achieved a validation accuracy of 93.76% and a validation F1-score of 0.9326, while
Bi-LSTM attained a validation accuracy of 84.70% and an F1-score of 0.8403. These findings emphasize the superior ability of
transformer-based models to capture the nuanced and context-dependent nature of sarcasm in natural language.

Despite the promising outcomes, the study has several limitations. Firstly, the dataset used was limited in both size and domain,
which could impact the model's generalizability to different forms or contexts of sarcasm. Secondly, transformer-based models like
RoBERTa are computationally demanding, requiring substantial hardware resources and longer training times compared to Bi-
LSTM. While RoBERTa effectively captures deep contextual understanding, it may still encounter difficulties with highly implicit
or culturally specific forms of sarcasm.

The findings highlight the importance of choosing the right model for specific natural language processing tasks. Transformer-based
models like RoBERTa are particularly effective for sarcasm detection due to their ability to understand complex dependencies and
contextual information. As the field of NLP progresses, selecting the appropriate architecture for each task will continue to be crucial
in developing intelligent and reliable language systems.

6. Future Scope

This study opens up several potential avenues for further exploration and development in the field of sarcasm detection using deep
learning models. While RoBERTa has demonstrated superior performance over Bi-LSTM in this study, there remains significant
potential for improvement. One promising direction is to fine-tune ROBERTa on larger, more diverse, and domain-specific sarcasm
datasets. This approach could enhance the model's ability to generalize across various contexts, including political, humorous, or
culturally specific discourse.

Another avenue to explore is the development of hybrid models that combine the sequential strengths of Bi-LSTM with the
contextual richness of transformer models like RoBERTa. Such hybrid models could leverage both local syntactic patterns and global
contextual understanding, which might further improve accuracy and F1-scores.

Additionally, future research could extend beyond text-based sarcasm detection to multi-modal detection, integrating visual and
auditory cues such as tone of voice and facial expressions. This would enhance the robustness of models for real-world applications,
including video content analysis, virtual assistant interactions, and social media video content filtering.

From an application perspective, sarcasm detection systems could be implemented in social media monitoring tools, customer service
platforms, and mental health analysis systems, where understanding nuanced sentiments could improve service and support. These
systems could also be integrated into news aggregators or content moderation tools to detect sarcastic misinformation or biased
commentary.

Lastly, future research should focus on improving model efficiency and reducing computational demands. Approaches like
knowledge distillation, quantization, or pruning could make transformer models like RoOBERTa more accessible for deployment in

low-resource environments, enabling real-time sarcasm detection on mobile or edge devices.
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