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ABSTRACT

The detection of hate speech is one of the basic functions in deciphering the contents provided in the internet and
it is detectable by the natural language processing. It will be noteworthy to offer automated tools that are
computationally effective, robust besides having the capability of establishing and regulating hate speech that is
produced online. The study is to compare the classical deep learning methods with transformer-based modelling
systems of the detection of hate speech that is being expressed in English language. The results of the different
methods were placed on the findings of the classification of hate speech with a labelled dataset in terms of the
common evaluation measures, accuracy, precision, recall and F1-score. The focal loss and data augmentation
approaches used to overcome the imbalance of classes and improve the generalization ways were also addressed
in the given research. As per the findings of the present study, the transformer-based methodologies, more so
RoBERTa-large methodology, has a significantly superior performance as compared to the classical deep learning
methodologies to identify the subtle and context sensitive hate speech cases. Furthermore, this paper demonstrates
that the use of large-scaled pre-trained language models and the application of hybrid models are even more
important to increase the functionality and efficiency of automated systems of hate speech detection.

Keywords: hate speech, Long Short-Term Memory Neural Networks, transformer, RobBERTa-Base, RobBERTa-
Large.

1. Introduction

With the rapid growth of the social media platform usage and online communication, hate speech has
become a burning social issue. The spread of harmful content endangers the safety of the digital world,
fosters discrimination, and leads to the violent reality. It is important to find and cure hate speech to
create a secure and inclusive online environment. Maintaining a balance between the changing rather
dynamic character of the offensive language that frequently incorporates sarcasm, implicit hate, and
code-mixed phrases became extremely hard with the application of classical methods, including rule-
based, and lexicon-based approaches. Recent improvements in deep learning, especially the
Transformer type models and sequential approaches including RNN, LSTM and GRU, have
significantly improved the hate speech detection accuracy [1][2]. Nevertheless, there are a few problems
in the area of hate speech detection which we encounter namely the detection of implicit hate speech,
implicit hate speech is offensive language that is hidden and contextual. The other one is the dataset
bias where unbalanced datasets may result in bias model predictions, over-detecting specific
demographic groups and underperforming on others [4]. Moreover, deep learning models used can fail
to generalize, i.e. a model that is trained on one platform (e.g., Twitter) might not work on another (e.g.,
YouTube or Reddit) because of dissimilarities in the use of language and community standards [5]. This
paper seeks to answer the question of the low quality in hate speech accuracy by considering a mix of
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deep learning models, such as ANN, RNN, LSTM, GRU, TextCNN and Transformer-based models,
such as RoBERTa, as well as hybrid models, such as RoBERTa-base + LSTM to detect hate speech
better.

The other interesting area of attention is how model design and imbalance in data can be used to enhance
the detection accuracy [6]. Furthermore, this research topic examines the problems of datasets biases
and examines the possibilities of reducing the disparate model predictions to increase the accuracy and
safety of the hate speech classification models [7]. Most recent studies also highlight the importance of
more complex fusion strategies and regularization to enhance hate speech recognition. Transformer-
based networks and other mechanisms like "Attentive Fusion" have been investigated in order to fuse
complex features [8]. With all these developments, there are still issues when it comes to dealing with
implicit hate speech and biases in datasets. Transfer learning has been studied in order to solve these
problems [10][11]. The study is very valuable in theory and practice. Theoretically, it helps to increase
knowledge base on deep learning techniques to detect hate speech, especially in the context of learning
the effects of various architectures on the accuracy of the classification. In practice, the results can be
used to assist social media platforms, policymakers, and content moderation units in creating more
useful and objective automated systems of hate speech detection and removal. Moreover, it puts
emphasis on a literature review of the traditional, ML, and DL-based hate speech detection approaches,
aligned with the thorough discussion of the research methodology, such as dataset selection,
preprocessing methods, and model architecture. The next part of the work illustrates the outcomes of
the experiment, the comparison of the work of various models, and their usefulness. Lastly, the paper
will talk about major findings, limitations, and possible directions of the further research, in which the
fairness and generalization is discussed as an important issue in hate speech detection models.

Recent discoveries in hate speech detection have paid more attention to transformer-based models
because of their better performance in terms of addressing the peculiarities of the offensive language.
This dataset has been tested on classical DL architectures such as CNNs, LSTMs, and GRU’s to
compare them and identify the best performing one [2, 10, 17]. It has been found out that the
combination of various feature types, i.e., semantic, sentiment, topical, may enhance the performance
dramatically, and such hybrid models as DeepHate and CNN-GRU-BERT prove particularly effective
[2, 10]. Transformer-based architecture has turned out to be unorthodox in hate speech detection. BERT,
RoBERTa, ELECTRA, and XLM-R have repeatedly been shown to outperform even deep learning
models on a number of different datasets [3, 6, 13, 14]. The contextual improvement by fine-tuning
these transformers on labeled datasets greatly boosts classification accuracy, especially at detecting
subtle or coded hate speech [4, 5, 15]. Multimodal approaches that combine both text and image data
have too been encouraging, as they have demonstrated the importance of integrating features of various
modalities [5, 11]. Also, a number of studies note the importance of preprocessing methods such as
tokenizing, stopwords, TF-IDF, GloVe, and BERT-based embeddings to effectively represent tweets
[1, 3, 8,9, 12]. One of the most prominent trends in current research is the focus on transfer learning
and data augmentation to overcome such issues as the impact of the dataset bias, a lack of classes, and
the problem of domain generalization [16, 13]. A number of works also indicate the enhancement of
efficiency and scalability of transformers to be used in real-life applications [4, 6, 7]. To sum up, it can
be concluded that there is a change in literature to the shift of traditional models to strong and context-
sensitive architectures, especially in transformers, to detect hate speech. Nevertheless, issues such as
multilingual support, interpretability, bias in the data used, and computation strength are still matters to
consider in the future [12, 13, 14, 16].

This study is of great importance to the theory and practice. Theoretically, it helps to broaden the
knowledge base on the deep learning approaches to hate speech detection, especially the insights into
the effects of various architectures on the classification accuracy. In practice, the results can be used by
social media companies, policy makers, and human content moderators to develop more helpful and
objective automated hate speech identification and removal systems. Moreover, it brings up to the
literature review of the traditional, ML, and DL-based hate speech detecting procedures, aligned with
the description of the research methodology, such as data set selection, preprocessing, and model
structure. Experimental results are described in the following section where various model
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performances are compared and their effectiveness is evaluated. Lastly, the paper also presents essential
findings, limitations and future research directions by pointing out the significance of fairness and
generalization in hate speech detection models.

2. Material and Method

2.1 Dataset: Twitter Hate Speech Dataset is a frequently utilized resource in the study related to
categorization of text as negative or positive and identification of hate speech instances in the past.
Twitter Hate Speech Dataset is composed of 3 different categories of tweets:

Hate Speech (0): tweets that included hate speech sent to specific people or groups.

Offensive Language (1): tweets have offensive language but will not explicitly provoke additional
hatred.

Neither (2): Tweets that should not be regarded as hate speech and offensive language are neutral.
The data itself is represented by six major columns:

e Unnamed: 0: An index column, which does not play a part in analysis.

e hate _speech The number of hate speech indicators per tweet.

e offensive language: The number of off-language pointers in a tweet.

e neither: The number of neutral words in the tweet.

e class: Last label of all the tweets (Hate Speech: 0, Offensive Language: 1, Neither: 2).

o tweet: The content of the tweet.

This data is in good format and lacks any missing values so that it is fit for analysis. The data can be
accessed on https://www.kaggle.com/datasets/yashdogra/toxic-tweets.

2.2 Methodology

Regarding the comparative analysis, the data was preprocessed with the dataset. To resolve the problem
of class imbalance and enhance the process of generalization, such tools as focal loss and data
augmentation were utilized. Subsequently other classical deep learning architectures like Artificial
Neural Networks (ANN), Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM)
Neural Network, Gated Recurrent Unit (GRU) and Text Convolutional Neural Network were used.
These models were contrasted with transformer-based architectures such as RoOBERTa-Base and LSTM
and RoBERTa-Large. In this paper, the performance of both models is determined in terms of such
evaluation measures as accuracy, precision, recall and F1-score. According to our results, the models
based on transformer, especially RoOBERTa-large, achieve a much better result in the localization of
subtle and context-specific examples of hate speech in comparison with the traditional architectures.
Emerging criticality of large pre-trained language models and hybrid solutions to improving automated
systems of hate speech detection are emphasized in this research. Figure 1 offers the research pipeline
according to the suggested comparative analysis.
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Fig. 1: Research pipeline used for the proposed comparative analysis for Hate Speech detection in

English

2.3 Data Pre-processing: Figure 2 provides insight into the dataset including class distribution, word
cloud for class 0, class 1, class 2. Figure 3 shows the boxplot for tweet lengths by class and distribution
for tweet lengths. Tweet lengths are important for checking the most common lengths and overall

variability of the content.
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Fig. 2 (a) Class Distribution, (b) Word Cloud for class 0, (c)Word Cloud for class 1, (d) Word Cloud
for class 2

Class imbalance is one of the vital challenges of this dataset. It is evident from the distribution of tweets
across the categories:

e Hate Speech [0]: 1,430 tweets (~5.7%)
e Offensive Language [1]: 19,190 tweets (~76.3%)
e Neither [2]: 4,163 tweets (~16.5%)

The Offensive Language category dominates, which may cause models to develop a bias toward this
class. To address this issue, techniques such as Synonym Replacement have been applied [9].
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Fig. 3: (a) Boxplot for Tweet Lengths by Class  (b) Frequency Distribution for Tweet Lengths

Further, several preprocessing steps were applied for preparing the data for model training and to clean
the tweets:

e Stop word Removal: Removed ordinary words (for instance, "the", "is", "and") that do not serve

b

any meaningful information.

¢ Punctuation and Special Character Removal: Cleaned the text by removing unnecessary
characters.

o Tokenization: Divide each tweet into tokens.
e Lowercasing: Converted the tweet into lowercase to make sure uniformity across words.

The most recurring words in the dataset include terms like "rt", "bitch", "bitches", "ass", "fuck", "shit",
g

which reflect the appearance of aggressive and offensive language, especially in tweets categorized as

hate speech and offensive language.

N-Gram analysis revealed common two-word (bigram) and three-word (trigram) phrases such as:
e Bigram: ("bitch", "ass"), ("hoe", "bitch")

e Trigram: ("hoe", "ass", "bitch"), ("fuck", "bitch", "ass")
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These n-grams indicate the use of slang and offensive language, supporting the need for contextual NLP
models that can understand patterns beyond simple keyword matching [7].

Sentiment analysis was performed using the TextBlob library [19], and the average sentiment scores
across the classes were:

e Hate Speech (0): -0.071 (Most negative sentiment)
e Offensive Language (1): -0.007 (Neutral to slightly negative sentiment)
e Neither (2): +0.081 (Slightly positive sentiment)

This analysis indicates that hate speech tweets are the most negative in sentiment, while neutral tweets
tend to be more positive, reflecting general non-aggressive discourse.

Preprocessing and Embedding Setup

As transformer-based architecture requires distinct preprocessing steps,tokenization for the first five
models (ANN to TextCNN) was performed using NLTK [26]. A fixed-length sequences of 50 tokens
with word embeddings initialized using pre-trained 100-dimensional GloVe vectors [21]. Whereas for
RoBERTa-base + LSTM, tokenization and input encoding were handled using Hugging Face’s Roberta
Tokenizer [28]. We extracted sequence embeddings via the roberta-base transformer (with hidden states
enabled) and processed them through a bi-directional LSTM to capture dependencies. The resulting
states were pooled and classified using fully connected layers. Further, for RoBERTa-large,
tokenization and input encoding were handled using HuggingFace’s Roberta Tokenizer. Sequence
embeddings were extracted using the roberta-large [26] transformer with output hidden states enabled.
The last hidden states were pooled and passed through fully connected layers for classification.

2.4 Model Training and Testing

We compared various DL architectures for hate speech detection using a consistent pipeline. The dataset
comprises tweets labeled as Hate Speech, Offensive Language, or Neither. We employed a stratified
80/20 split for training and testing. Given the class imbalance, the weighted F1-score [20] served as the
primary performance metric.

A simple feedforward Artificial Neural Network (ANN) model that flattens GloVe-embedded tokens
and passes through two fully connected layers. ANN was suitable as baseline but struggles with
capturing sequential information. To capture sequential information, multiple Recurrent Neural
Networks (RNN, LSTM, GRU) were implemented. These models utilize word embeddings followed
by respective recurrent layers to capture sequential dependencies. LSTM and GRU performed better
than vanilla RNNs due to their gating mechanisms, which help with long-term dependency modeling
[23,24,25]. A convolutional model, TextCNN, that uses multiple filter sizes (3, 4, 5) to pull out n-gram
level features from word embeddings, succeeded by max-pooling and classification layers. TextCNN
performed competitively for detecting offensive content [22].

In the framework of this hybrid model LSTM+RoBERTa-base, the input material is passed through a
pretrained RoOBERTa-base model [26] to generate contextualised rich embeddings. These embeddings
can encode the fine semantic and syntactic meaning of the text. The ROBERTa output embeddings are
then fed into an LSTM layer [24] to obtain sequential dependencies and learn additional information
about the way information circulates between the tokens. Finally, a softmax activation dense layer is
used to perform classification. This combination combines the strength of transformer-based feature
extraction and the sequential modeling capability of LSTM that leads to a superior performance than
single models. The most effective model is RoOBERTa-large that classifies with the help of boundary
token embeddings generated by a very powerful transformer-based encoder (roberta-large) [26]. The
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final hidden states were accumulated and transmitted through fully connected layer so as to perform
classification. The benefit of this model was that it had rich contextual token embeddings and the top
performance on any class.

3. Result and Discussion

CrossEntropyLoss and Adam [29] were the optimizers employed to train all the models with 10 epochs.
The RoBERTa-large model incorporated AdamW [30] and was able to converge in 3-5 epochs.

RoBERTa-based models had a batch size of 64 and early stopping of overfitting. The monitoring of the
performance of the classes was performed by the classification report of Scikit-learn. In order to assess
the efficiency of the deployed models, we compared their performance in terms of the weighted F1-
score, accuracy and the class-wise precision and recall [20].

R ~ TP + TN
Ay = P Y TN + FP + FN
N
1
Macro F1 = Nz F1;
i=1

N

n.
Weighted F1 = )’ <N—‘n x Fli>

=1 MU=

Table 1: Comparative analysis of the algorithms

Model Accuracy | Macro Avg F1-Score | Weighted Avg F1-Score
ANN 0.82 0.54 0.80
RNN 0.77 0.29 0.68
LSTM 0.77 0.29 0.68
GRU 0.90 0.70 0.89
TextCNN 0.89 0.70 0.88
LSTM + RoBERTa-base | 0.89 0.70 0.88
RoBERTa-large 0.90 0.82 0.90

Table 1 provides performance of all the above-mentioned DL and Transformer based models. ANN
served as a basic baseline model but struggled with identifying hate speech specifically, showing low
recall for that class. RNN and LSTM [23,24] models showed poor macro F1-scores, mainly because
they failed to identify hate speech and "neither" class effectively (both models predicted mainly
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"offensive" instances correctly). GRU [25] outperformed RNNs and LSTM by a significant margin,
achieving a 0.90 accuracy and a much higher macro F1-score. TextCNN][22] achieved comparable
performance to GRU, showing its effectiveness in extracting local n-gram features. LSTM +
RoBERTa-base [24,26] further improved results by leveraging contextual embeddings from
transformers. RoOBERTa-large [26] displayed the best results overall, with a weighted F1-score and
accuracy of 0.90 and a macro average F1 of 0.82. It effectively balanced precision and recall across all
classes, including the minority hate speech class. Figure 4 model comparison on hate speech detection
and Fig. 5 shows the Performance metrics for ROBERTa base+LSTM and RoBERTa large.

Model Comparison on Hate Speech Detection

10

0.8 1

F1 Score
o
o

1~
'S

0.2

0.0-

ANN RNN LSTM GRU TextCNN

Fig 4 Traditional DL Model Comparison

Performance Metrics by Class Performance Metrics by Class

Metric
W precision

Macro Avg Weighted Avg Hate Speech Offensive Neither Macro Avg Weighted Avg

Class

Fig 5 (i) Performance metrics for RoBERTa base+LSTM, (ii) RoBERTa large

4. Conclusion

The results demonstrate that transformer-based models, particularly RoBERTa-large, significantly
outperform traditional architectures (ANN, RNN, and LSTM). This underscores the critical role of
contextualized word representations and large-scale pretraining in hate speech detection. Traditional
models struggled with low recall, often biasing predictions toward the dominant 'Offensive' class while
misclassifying 'Hate Speech' and 'Neither.' However, while highly effective, RoOBERTa-large incurs a
higher computational cost compared to simpler architectures. Future research should address this trade-
off by exploring lightweight transformers like DistiiBERT or ALBERT. Additionally, extending the
system to include multimodal data (images, metadata), multilingual support, and Explainable Al (XAI)
would enhance robustness and trust in diverse social media environments.
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