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Abstract—Social media platforms are key spaces for sharing
opinions, experiences, and daily events. However, the rapid rise
in hate speech, especially implicit hate, has become a significant
concern. Implicit hate is subtle, context-dependent, and more
difficult to detect than explicit hate. Despite the growing body
of work on Hate Speech Detection (HSD), most existing models
are developed for resource-rich languages like English. Unlike
resource-rich languages, Hindi lacks sufficient annotated data
and dedicated research, making it a low-resource language. To
address this limitation, this work presents a deep learning–driven
approach for the classification of implicit and explicit hate
speech in Hindi. The approach uses FastText embeddings to
capture semantic and subword-level information, which suits
noisy social media text. A Bidirectional Long Short-Term Memory
(BiLSTM) network models contextual dependencies, while an
attention mechanism assigns higher importance to discriminative
words and sentences, enabling effective identification of implicit
hate. Extensive experiments on the Hindi Hate Speech Dataset
(HHSD) demonstrate the model’s effectiveness. Compared with
the widely used multilingual BERT (mBERT) baseline, the
proposed approach improves classification performance, with
a 2.51% increase in accuracy and a 17.84% improvement in
weighted F1-score. Additionally, the model requires significantly
fewer parameters than transformer-based models, making it more
parameter-efficient.
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I. INTRODUCTION

Social media has become an integral platform for sharing
opinions, daily activities, and connecting with others. While
many users engage positively, others disseminate negative
content, including hate speech, which can undermine societal
harmony. Hate speech encompasses communicative acts ex-
pressed through language or behaviour that demean or discrim-
inate against individuals or communities based on attributes
such as religion, ethnicity, nationality, race, colour, descent,
gender, or other identity markers [1]. To address this issue,
governments have introduced regulations that require social
media platforms to enforce them. However, to bypass these
restrictions, users increasingly resort to indirect or implicit
forms of hate, conveyed through subtle textual expressions or
multimodal content. Implicit hate speech is characterized by
indirect or veiled expressions that convey negative or prejudi-
cial attitudes toward individuals or groups defined by protected
identity attributes [2]. Implicit hate speech avoids overtly
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abusive language and instead uses context and underlying
meaning to convey hostility, which makes detection much more
difficult. This complexity is further amplified by cultural and
linguistic diversity, where expressions considered acceptable
in one context may be offensive in another. In countries like
India, where many languages are spoken, people often mix
languages, and informal language substantially increases the
difficulty of Hate Speech Detection [3], particularly for implicit
hate [4]. The slow, tedious process of manual moderation
has driven a shift toward automated HSD systems based on
machine learning and deep learning techniques. However, most
research focuses on English, a high-resource language, while
Indian languages remain underexplored [3]. The scale of Hindi
usage contrasts sharply with the limited research on implicit
hate speech detection in the language, underscoring the need
for effective automated solutions.

The main contributions of the proposed work are:

• Contextual modeling for Implicit Hate Detection: This
work investigates the hierarchical integration of BiL-
STM and attention to detect implicit and explicit hate
speech in Hindi. The framework models contextual
information at two levels: word-level representations
capture local semantic dependencies, while sentence-
level representations capture broader contextual rela-
tionships.

• Task-Specific Hierarchical Attention: The proposed
framework employs attention at both the word and
sentence levels to selectively aggregate contextual
representations. The methodological contribution lies
in using hierarchical attention to identify salient lex-
ical and sentence-level contextual cues relevant to
implicit versus explicit hateful intent. This provides
a more targeted representation for fine-grained hate
classification.

• Emoji-Preserving Contextual Processing for Hindi So-
cial Media Text: Unlike preprocessing pipelines that
discard emojis as non-linguistic symbols, the proposed
framework preserves emojis as individual tokens be-
cause they can provide emotional and pragmatic cues
that complement textual meaning. This design is
particularly relevant to Hindi social-media content,
where emojis may shape interpretations of indirect or
context-dependent expressions.

• Semantic-Preserving GPT-3.5 Backtranslation Frame-
work: We employ a GPT-3.5-based backtranslation
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strategy to address class imbalance and increase lin-
guistic diversity. We validate augmented-data quality
using LaBSE similarity and mBERTScore to ensure
semantic consistency between original and generated
samples.

• Integrated Low-Resource Hate Speech Detection
Framework: The main methodological contribution
is integrating hierarchical contextual modeling, dual-
level attention, emoji preservation, and semantically
validated augmentation into a single framework for
Hindi implicit/explicit hate speech detection.

II. RELATED WORKS

A. Machine Learning Approaches

Initial research on hate speech detection primarily utilized
machine learning (ML) methods that relied on handcrafted
features, including n-grams, Bag-of-Words, sentiment cues,
syntactic dependencies, and hate lexicons. Classical classifiers,
including Decision Trees, Bayesian models, Random Forests,
Logistic Regression and Support Vector Machines have been
widely employed for hate speech detection in English [5], [6],
[7]. Similar approaches were later applied to Hindi and code-
mixed Hindi–English text using FastText at character-level
representations and traditional classifiers [8]. Despite their
initial success, ML-based methods suffer from several inherent
limitations. These approaches depend on manual feature engi-
neering and domain-specific lexicons, which increases errors,
requires significant time, and limits scalability. Furthermore,
they are biased toward explicit hate containing abusive words
and fail to capture deeper contextual semantics, sarcasm, and
implicit hate expressions. Their performance also degrades sig-
nificantly in code-mixed and multilingual environments, which
are common in Indian social media platforms. As a result,
ML techniques are insufficient for robust implicit/explicit hate
speech detection in Hindi.

B. Deep Learning Approaches

To overcome the limitations of ML-based models, re-
searchers increasingly adopted deep learning (DL) architec-
tures that can automatically extract features and improve
contextual representation. Neural models such as hierarchi-
cal networks, BiLSTMs, LSTMs, CNNs, and attention-based
architectures demonstrated enhanced semantic understanding
and contextual modeling [9], [10], [11]. Recent work has ex-
plored multimodal toxicity detection in memes by combining
PaddleOCR, KOSMOS-2, and SigLIP to analyse textual and
visual cues jointly [12]. For Indian languages, several studies
have incorporated subword representations, phrase embed-
dings, sentiment and emotion features, and auxiliary linguistic
resources to handle linguistic diversity and morphological
richness better.

Recent studies have increasingly adopted pretrained
transformer-based models, such as mBERT, MuRIL, BERT,
and HateBERT, word clouds, and ensemble transformer archi-
tectures for hate speech detection across diverse languages,
including Hindi, Marathi, Tamil, and English [13], [14], [15],
[16]. Although these models achieve strong empirical per-
formance, they introduce critical challenges, including large
parameter sizes, high computational costs, and dependency on

GPUs/TPUs and large annotated datasets. Additionally, many
transformer-based approaches exhibit bias toward majority
classes, struggle with unknown tokens, sarcasm, and code-
mixed text, and often fail to distinguish implicit hate from
explicit hate effectively. These challenges highlight the need
for parameter-efficient deep learning models better suited to
low-resource language settings.

C. Implicit and Explicit Hate Speech Detection

Implicit hate speech detection has gained increased at-
tention as it relies on indirect expression, nuanced meaning,
and strong contextual dependence. Unlike explicit hate, im-
plicit hate avoids overtly abusive language, making it difficult
for lexicon-based and surface-level models to detect. Elsh-
erief et.al. [4] introduced benchmark datasets and annotation
guidelines that distinguish between implicit and explicit hate,
laying the foundation for further research in this area. Sub-
sequent studies explored background knowledge integration,
contrastive learning-based fine-tuning strategies [17], prompt-
based learning approaches, and large language models to
improve interpretability and performance [18].

For Indian languages, research on implicit hate detection
remains limited. Kapil et. al. [3] introduced the Hindi Hate
Speech Dataset (HHSD) and evaluated implicit and explicit
hate using transformer-based architectures.

Despite significant progress in hate speech detection, ex-
isting approaches for Hindi largely rely on traditional machine
learning methods or computationally intensive pretrained trans-
former models, both of which struggle to handle implicit hate
speech effectively. Furthermore, most studies focus solely on
textual content and overlook emoji-based contextual cues, even
though emojis are frequently used on social media to convey
sentiment, sarcasm, and indirect intent. Robust experimental
evaluation of implicit and explicit hate classification remains
limited, with many studies relying on single train–test splits
rather than comprehensive validation strategies. In addition,
data imbalance and limited dataset size remain challenges, as
augmentation techniques are rarely explored in the context of
implicit hate detection. These limitations highlight the need for
efficient, context-aware, and well-evaluated models tailored to
the Hindi language (a low-resource language).

Existing Hindi hate speech detection methods primarily
rely on transformer-based architectures or keyword-driven
approaches that struggle to capture implicit hateful intent.
Furthermore, limited attention has been given to multi-level
contextual modeling, interpreting model focus, emoji-aware
contextual understanding, and semantically validated augmen-
tation strategies. To address these limitations, this work devel-
ops a task-specific hierarchical contextual framework that com-
bines word- and sentence-level BiLSTM representations with
dual-level attention for implicit/explicit hate discrimination.
The framework additionally preserves emojis as contextual
tokens and incorporates GPT-3.5-based back-translation with
semantic validation using LaBSE and mBERTScore.

This study introduces a novel approach to address the
challenges of identifying both implicit and explicit hate speech
in Hindi. Emojis are widely used on social media to convey
emotions and implicit intent; incorporating emoji information
is essential for accurately interpreting user-generated content
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[19]. Accordingly, we retain and process emojis during pre-
processing to enhance contextual understanding. The proposed
model uses FastText embeddings to generate efficient, se-
mantically rich representations of the input text [20]. These
embeddings flow into a Bidirectional Long Short-Term Mem-
ory network, which uncovers contextual relationships from
both past and future perspectives. Furthermore, an attention
mechanism assigns higher importance to salient words or
sentences, enabling the model to focus on critical contextual
cues for detecting implicit hate speech [21].

III. PROPOSED METHODOLOGY

The proposed technique classifies hate posts on social
media as either implicit or explicit hate speech. Fig. 1 shows
the system architecture. The proposed system takes Hindi text
as input, which is then preprocessed. Using an embedding tech-
nique, the text is converted into a vector and, finally, classified
as implicit/explicit hate speech. The detailed explanation is as
follows.

A. Dataset

The proposed method uses the Hindi Hate Speech Dataset
(HHSD). HHSD contains 14782 tweets, each labelled as hate
or non-hate. 7311 hateful tweets are present, which are further
labelled as implicit or explicit hate speech. Of these, 2432 are
implicit, and 4879 are explicit. Because the proposed work
focuses on binary classification, we applied the method only
to tweets with hate labels. Table I presents detailed information
about the dataset.

TABLE I. LABEL DISTRIBUTION

Label Label Size

Hate
Implicit 2432

Explicit 4879

Nonhate 7471

Total 14782

B. Motivation and Design Rationale

The proposed approach’s key design consideration is a
hierarchical contextual modeling framework that captures con-
text at both the word and sentence levels. Unlike traditional
hate speech detection models that rely primarily on offensive
keywords, the framework identifies subtle and indirect forms
of hate speech by focusing on contextual semantics and inter-
sentence relationships. At the word level, attention is used
to highlight critical terms that signal hateful intent, even
when explicit abusive language is absent. Additionally, at the
sentence level, attention identifies which sentences carry the
most discriminatory meaning within multi-sentence posts. This
hierarchical attention structure provides an interpretable view
of the words and sentences that influence predictions, aiming to
improve detection of challenging implicit hate speech scenar-
ios. By combining bidirectional contextual learning with multi-
level attention, the model provides complementary contextual
representations of textual content compared with conventional
single-level attention or keyword-based approaches.

The methodological contribution therefore lies in integrat-
ing these established components for task-specific contextual
discrimination of implicit and explicit hate speech.

1) Context-aware implicit hate speech detection: Tradi-
tional hate speech detection models often rely on the presence
of explicit offensive terms (e.g., slurs, abusive words, deroga-
tory expressions). However, implicit hate speech is expressed
indirectly through stereotypes, sarcasm, coded language, insin-
uations, or contextual references. Since no explicit hate-related
keywords may be present, detecting implicit hate requires
understanding the surrounding linguistic context.

For example:

• Explicit Hate: “ ”
(Translation: Even a scoundrel like you will get an
opportunity.)

• Implicit Hate:“ ” (Transla-
tion:It is mental bankruptcy )

The second statement contains no obvious hate words, but
the context implies discrimination toward a particular group.
Therefore, the proposed model utilizes contextual representa-
tion learning through BiLSTM and attention mechanisms.

The meaning of a potentially hateful expression depends
heavily on its surrounding context. A word or phrase may
appear neutral on its own but may express discriminatory intent
when interpreted in a broader linguistic context. Therefore,
contextual representation learning is essential for accurately
distinguishing implicit hate speech from explicit hate speech.

Let the input sentence be represented as in Eq. (1):

S = {w1, w2, w3, . . . , wl} (1)

where, wi denotes the ith word and l represents the
sentence length. Each word is transformed into a dense vector
representation using Eq. (2):

xi = Embedding(wi) (2)

A Bidirectional Long Short-Term Memory (BiLSTM) net-
work processes the embedded sequence. The forward hidden
state is computed using Eq. (3):

−→
hi = LSTMf (xi,

−−→
hi−1) (3)

and the backward hidden state is computed as defined in
Eq. (4):

←−
hi = LSTMb(xi,

←−−
hi+1) (4)

The contextual representation of each word is obtained
Eq. (5) by concatenating the forward and backward hidden
states :

hi = [
−→
hi ;
←−
hi ] (5)
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Fig. 1. Architecture diagram.

where, hi ∈ R2d and d denotes the hidden-state dimension.
The BiLSTM output matrix is represented using Eq. (6):

0B
(w)
BiLSTM = [h1, h2, . . . , hl] ∈ Rl×2d (6)

Unlike explicit hate speech, implicit hate often lacks direct
offensive words. Therefore, contextual understanding becomes
essential. The BiLSTM captures semantic relationships among
words, enabling the model to identify hidden hateful intent
even when explicit abusive vocabulary is absent.

2) Hierarchical multi-level context modeling: Hateful in-
tent may span multiple sentences rather than being expressed
within a single sentence. Consequently, effective hate speech
detection requires modeling both local semantic relationships
among words and global contextual relationships among sen-
tences.

At the word level, contextual dependencies among tokens
are captured using a BiLSTM Eq. (7):

Hw = BiLSTM(EH) (7)

where, EH denotes the FastText embedding representa-
tion. The resulting sentence representations are then processed
through a sentence-level BiLSTM Eq. (8):

Hs = BiLSTM(V ) (8)

where, V represents the sentence vectors generated from
the word-level attention mechanism. This hierarchical archi-
tecture enables the model to capture:

• Local semantic dependencies among words.

• Global discourse-level relationships among sentences.

• Contextual information distributed across multi-
sentence posts.

By jointly modeling lexical and discourse-level context,
the framework provides richer semantic representations for
implicit hate speech detection.

3) Attention-guided feature selection: Not all words and
sentences contribute equally to hate speech classification. In
implicit hate speech, only a small subset of words may reveal
the underlying hateful intent. Similarly, within a multi-sentence
post, only certain sentences may contain discriminatory cues.

Overall, the proposed framework combines context-aware
representation learning, hierarchical multi-level context mod-
eling, and attention-guided feature selection to capture subtle
and context-dependent hate expressions. Furthermore, we in-
corporate semantic-preserving back-translation to address data
imbalance and increase linguistic diversity, supporting robust
hate speech detection in the low-resource Hindi setting.

C. Preprocessing

During preprocessing, we cleaned the data. We removed
content that does not contribute to classification, such as
usernames, mentions, handles, hashtags, and hyperlinks. We
removed leading, trailing, and multiple spaces from the input
data. Special characters do not contribute to classification,
so we also removed them from the input. Suffixes are not
useful in classification tasks; therefore, we also removed them
from the input text. To retain contextual knowledge, some stop
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words play an important role, so preprocessing didn’t remove
them. FastText embedding converts the input into a vector
representation using contextual knowledge, so keeping some
stop words is important.

Many users across platforms, such as social media, use
emojis to express their feelings in posts. Emojis provide a
more expressive and attractive way to convey feelings or
add meaning to textual posts. Emojis may be used to re-
move ambiguity from ambiguous sentences. Emojis are used
to complement relatively negative text [19]. Emojis greatly
contribute to understanding emotion, whether positive/negative
and direct/indirect. Many researchers have considered emo-
tion/sentiment as an important feature in HSD, specifically in
implicit HSD [22], [23], [24].

Emojis benefit implicit/explicit HSD, so the proposed
method does not remove them from the input data. Prepro-
cessing uses them to understand the sentence’s context better.
In tokenization, each unique emoji is assigned a separate token,
which is then used in embedding and other layers.

D. Tokenizer

The tokenizer converts input text into numerical repre-
sentations, enabling more efficient processing by the NLP
model. The tokenizer takes text and emojis as input, identifies
unique words (wi) and emojis, and builds a vocabulary. The
vocabulary contains words, emojis, and their corresponding
index entries, which are used to convert input into numbers.
If any out-of-vocabulary words are present, they are handled
using an out-of-vocabulary (OOV) token. In the proposed
method, we replace OOV with the <UNK> token.

The tokenizer converts each word and emoji into a token
ti. This creates a numeric vector t of varying length, depending
on the input sentence. The input vector t is padded to produce
a fixed-length vector P of length l, |P | = l ≥ |t|. The first
|t| entries are filled with t, and the remaining (l− |t|) entries
are filled with zeros as padding. In the proposed model, the
maximum sentence length (l) is 50, so padding converts all
input vectors to size 50. The resulting vector with fixed length
P ∈ R1×l is provided to the next layer (embedding layer) for
further processing.

E. Embedding Layer

Embedding converts input into an efficient representation,
so this work uses FastText embeddings. Facebook provides
pre-trained FastText embeddings [20] for 157 languages, in-
cluding Hindi. FastText embeddings provide more efficient
word representations. FastText provides an efficient data repre-
sentation, which also makes the classification task easier. Fast-
Text captures word morphology and handles out-of-vocabulary
words better. FastText extends word2vec, in which words are
represented as a collection of subword embeddings. Because
of these features, FastText is widely used in NLP tasks such as
sentiment analysis and classification. Each token ti of the input
vector is embedded using FastText. This embedding creates a
vector EH ∈ Rl×300. The embedding vector is 50x300. This
vector proceeds to the next layer, the BiLSTM layer. It handles
word morphology and out-of-vocabulary words better.

F. BiLSTM Layer

A bidirectional LSTM (BiLSTM) processes information in
both directions. In the forward direction, an LSTM processes
the input from left to right, and in the backward direction, from
right to left. Due to this bidirectionality, the model captures
context from the previous and next words relative to the current
word. This provides a better representation of each word by
considering the context of nearby words. So, the proposed
method uses a BiLSTM to process the input in both directions
and capture context from nearby words.

The embedding layer produces a vector that is fed into a
BiLSTM. In implicit/explicit hate speech, knowing contextual
information is important. Specific word-based identification is
not available for detecting implicit hate. The implicit nature
of the input makes the detection task much harder, so under-
standing context and representing it efficiently is important.
In the proposed model, we use 128 BiLSTM units. BiLSTM
provides bi hidden state for each token ti. By processing all
tokens, we create a matrix using Eq. (9).

BBiLSTM ∈ Rl×2d (9)

Where, d is the dimension of the hidden state.

l: length of the input vector (50).

This vector representation is then forwarded to the attention
layer for further processing.

G. Attention Layer

The model learns word-specific importance weights
through a lexical-level attention mechanism. This process as-
signs different importance scores to different words. Assigning
importance scores allows the model to prioritize the most
relevant words within sentences [21]. The resulting attention
weights show the relative importance assigned to different
tokens during classification.

For implicit/explicit HSD, the focus should be on the
words. In explicit hate speech, the use of offensive/abusive
words directly represents hate, but in implicit hate, there is no
direct word present. Indirect targeting of individuals or groups
complicates the identification of implicit hate speech, as it
does not rely on explicit offensive or abusive language. So, we
need to focus on the words in sentences that signal implicit
hate speech. Attention mechanisms focus on words/sentences
to identify important terms that signal implicit hate speech.
The attention network accepts the BBiLSTM matrix as input
and assigns relative importance to tokens by focusing on words
that contribute to implicit/explicit hate classification.

To automatically identify informative textual units, we ap-
ply an attention mechanism over the contextual representations
using Eq. (10). First, a hidden representation is computed as:

U (w) = tanh(B
(w)
BiLSTMW (w) + b(w)) (10)

where, B
(w)
BiLSTM represents the contextual word repre-

sentations generated by the word-level BiLSTM, W (w) is
a trainable weight matrix, and b(w) is the bias vector. The
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importance score for each word is calculated as shown in
Eq. (11):

s
(w)
i = U

(w)
i u(w) (11)

where, u(w) is the trainable word-level attention score vec-
tor. Attention weights are obtained using the softmax function,
as defined in Eq. (12):

α
(w)
i =

exp(s
(w)
i )∑l

j=1 exp(s
(w)
j )

(12)

such that:

l∑
i=1

α
(w)
i = 1 (13)

The context-aware sentence representation is then com-
puted using Eq. (14):

V (s) =

l∑
i=1

α
(w)
i hi (14)

The word-level attention mechanism assigns different
weights to contextual word representations, allowing the model
to emphasize informative words within each sentence. These
attention weights provide an interpretable view of the model’s
focus, but they should not be regarded as a complete explana-
tion of the model’s decision.

H. Sentence-Level BiLSTM Layer

The representations produced by the preceding layer are
propagated in both forward and backward directions, enabling
the model to capture complex inter-sentential relationships.
This sentence-level BiLSTM provides contextual sentence
representations by leveraging surrounding sentences in multi-
sentence comments/posts. In the proposed model, we use 64
BiLSTM units.

I. Sentence-Level Attention Layer

The BiLSTM outputs feed into the sentence-level attention
layer. This attention layer produces a single vector from multi-
ple sentences, assigning higher weight to important sentences.
This layer identifies relationships among sentences and focuses
on the most important ones to form a single multi-sentence
vector. Using this weighted vector, identifying implicit hate
speech becomes easier.

The attention network creates a hidden representation using
the tanh(.) activation function, as defined in Eq. (15).

U (s) = tanh(B
(s)
BiLSTM ·W

(s) + b(s)) (15)

Where, w(s) and b(s) are the trainable sentence-level atten-
tion parameters.

B
(s)
BiLSTM : Input matrix of size Rl×2d.

Using Eq. (16), we compute the sentence potential impor-
tance score.

S
(s)
j = U

(s)
j u(s) (16)

Where, u(s) is the trainable sentence-level attention score
vector.

Eq. (17) calculates attention weights using softmax(.) func-
tion.

α
(s)
j =

exp
(
s
(s)
j

)
∑m

k=1 exp
(
s
(s)
k

) (17)

Eq. (18) calculates the context vector as the sum of the
products of the attention network input and the sentence-level
attention weights.

V (d) =

m∑
j=1

α
(s)
j h

(s)
j (18)

The sentence-level attention mechanism assigns different
weights to contextual sentence representations, allowing the
model to emphasise informative sentences among multiple
sentences. The outcome of this layer is a sentence vector,
which will be used for further processing in the model.

J. Fully Connected and Dense Layer

After attention-based feature extraction, a fully connected
layer with ReLU non-linearity performs classification, with
regularization via a 40% dropout strategy. Final predictions are
generated using a softmax-based decision layer to distinguish
between implicit hate speech (IHS) and explicit hate speech
(EHS).

K. Model with Augmentation

To examine the impact of data augmentation and class
balancing, we apply back-translation to the entire dataset. The
size of the dataset after complete dataset augmentation and
class balancing is shown below in Table II.

TABLE II. AUGMENTED DATASET DETAILS

Detail
Size

Implicit Explicit
Class Balancing 4864 4879

Complete Augmentation 4864 9651

The HHSD dataset is highly imbalanced. As shown in
Table I, the dataset contains 2432 tweets with implicit labels
and 4879 with explicit labels. Using back-translation, a data
augmentation technique, we balanced the dataset. In backtrans-
lation, we first translate the input data from Hindi to English
and then back to Hindi. For back-translation, we use GPT-3.5.
Fig. 2 shows the back-translation process.
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Fig. 2. Back-translation.

1) GPT-based back-translation: To augment the Hindi
dataset, we performed back-translation using the OpenAI API
with the gpt-3.5-turbo model. We first translated each
selected Hindi instance into English and then translated it
back into Hindi. This process aimed to generate semantically
preserving variations of the original instances.

The translation was performed using the following prompt
template:

Translate the following text to [target language]:
[text]

We also provided a system instruction identifying the
model as a professional translator. We used the API’s default
settings. We used the resulting Hindi sentences as augmented
instances while preserving the original class labels. To prevent
possible data leakage during augmentation, we generated back-
translated samples only within the training portion of each
cross-validation fold.

To validate the augmented dataset, the quality of translation
is evaluated using the Semantic Cosine similarity score and
BERTScore.

2) Cosine similarity score: It is a semantic similarity
metric. We use cosine similarity with LaBSE to verify the
quality of the translated text. This verifies how much core
meaning the translation retains. Because the proposed work
uses Hindi, we use LaBSE to assess the validity of the back-
translated text. It uses Eq. (19) to calculate cosine similarity.

Cosine Similarity(Vorig, Vback) =
Vorig · Vback

∥Vorig∥ ∥Vback∥
(19)

The average semantic similarity score using cosine similar-
ity with LaBSE is 0.8450 for the implicitly balanced text and
0.7928 for the complete augmented dataset. The LaBSE cosine
similarity scores of 0.8450 and 0.7928 indicate substantial
semantic similarity between the original and back-translated
text. High scores indicate that, despite phrasing variations,
back-translation preserved the original text’s meaning.

3) BERT score: BERT score is also a semantic similarity
metric that computes sentence-level similarity. mBERT com-
putes cosine similarity between sentences using contextualised
token embeddings. It captures paraphrases and semantic equiv-
alence. The final mBERT score is calculated using contextual
embeddings for tokens in the original and back-translated
sentences. The final F1 score measures semantic similarity
between the original and back-translated sentence. A higher
mBERT score indicates that the original text is semantically
close to the final back-translation. The mBERT score for
the back-translated text on the implicit balanced dataset is

0.8084, and on the complete augmented dataset it is 0.7824.
This higher score indicates that the backtranslated text is
semantically close to the original.

IV. EXPERIMENT

This section presents the experimental setup and the base-
line and state-of-the-art (SOTA) methods used for comparison.
Except for the BiGRU+Capsule Network, all other baseline
and SOTA models were implemented and reproduced based
on the architectural and experimental details reported in HHSD
[3]. We followed the same HHSD dataset and preprocessing
procedure for these reproduced baseline and SOTA experi-
ments. The details of the same are as follows:

We compare the following baseline and state-of-the-art
(SOTA) methods:

• LaBSE [25], [3]: It is used to produce vector em-
beddings for 109 languages using language-agnostic
BERT.

• MuRIL[26], [3]: MuRIL was developed specifically
for Indian languages. To improve performance on
Indian languages, this model is trained on 16 of them.

• IndicBERT [27], [3]: It uses fewer parameters than
some BERT variants. IndicBERT is a multilingual
language model developed using data from 12 Indian
languages.

• XLM-RoBERTa [28], [3]: This model was trained on
100 languages and demonstrates good cross-lingual
classification performance compared to mBERT.

• mBERT [29], [3]: mBERT led the development of
Multilingual BERT, a pre-trained transformer model
supporting 104 languages.

• BiGRU + Capsule Network [30]: The BiGRU +
Capsule Network [30] baseline consists of a 128-
unit bidirectional GRU layer, followed by a capsule
layer containing 16 capsules of dimension 32. The
capsule layer uses five routing iterations. The capsule
representations are aggregated using global average
pooling, followed by a dropout layer (rate 0.3) and
a two-class softmax output layer. We optimised the
model using Adam with a learning rate of 0.001.
Training was performed for 10 epochs with a batch
size of 512.

• CNN [31]: The CNN baseline was implemented using
a Conv1D layer with 100 filters and a kernel size of
4, followed by max pooling. A fully connected layer
with 32 ReLU units followed before the output layer.
The model was optimized with Adam at a learning
rate of 0.001. Training was performed for 3 epochs
with a batch size of 30.

• BiLSTM [32]: The input representation was processed
by a BiLSTM with 100 hidden units, followed by
MaxPooling1D with a pool size of 2. A fully con-
nected layer with 32 ReLU units preceded the output
layer. The model was optimized with Adam (learning
rate 0.001), a batch size of 30, and 2 epochs of
training.
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A. Experimental Setup of Proposed Technique

We developed the proposed model in TensorFlow and
initialized it using the FastText embedding technique. We
used pre-trained 300-dimensional Hindi FastText vectors to
initialize the embedding matrix. The embedding layer was
kept trainable during model training to allow task-specific
adaptation of the representations. Performance was evaluated
with 5-fold cross-validation. Training used a fixed 5 epochs
per fold; we optimized model with the Adam optimizer at a
learning rate of 9e-5, keeping the remaining optimizer parame-
ters at their default TensorFlow/Keras settings. We used binary
cross-entropy as the objective function and trained with mini-
batches of 8 samples. We selected the hyperparameter values
through preliminary experiments on the training data, consid-
ering validation performance and convergence stability. We
varied the learning rate, batch size, number of training epochs,
and hidden-unit configurations over a small set of empirically
reasonable values. We selected the configuration that provided
stable validation performance. We did not perform exhaustive
hyperparameter optimization. We used the same hyperparam-
eters for both the fully augmented and balanced datasets. We
used a fixed random seed of 42 to ensure reproducibility. Input
sequences were padded or truncated to a maximum sentence
length of 50 tokens. The proposed architecture employed 128
hidden units in the word-level BiLSTM and 64 hidden units
in the sentence-level BiLSTM. We applied a dropout rate of
0.4 after the fully connected layer to reduce overfitting during
training. The attention mechanism used trainable attention
weights with softmax normalization to identify important con-
textual information from the input sequence. In the attention
layer, the trainable attention weight matrix and attention score
vector were initialized from a random-normal distribution,
while the attention bias was initialised to zeros.

We conducted the experiments on an NVIDIA RTX A4000
GPU with 16 GB GPU memory and 32 GB system RAM.
Across the 5-fold cross-validation, the average training time
was 22.29±2.65 min per fold. The average model evaluation
time across the five folds was 12.20±9.39 sec per fold.

B. Evaluation Metrics

We evaluate the proposed technique using accuracy and
weighted F1. The accuracy is calculated using Eq. (20)

Accuracy =
TP + TN

TP + TN + FP + FN
(20)

Here, TP and TN stand for true positives and true negatives
(successful hits and correct misses), while FP and FN denote
false alarms and overlooked cases.

The dataset exhibits significant class imbalance; therefore,
standard accuracy is not an appropriate evaluation metric, as
it may produce inflated scores by favouring the majority class.
For highly imbalanced datasets, the weighted F1-score is more
appropriate because it averages F1 scores across all classes,
assigning weights that reflect the number of true examples
in each class. We evaluated model performance using the
weighted F1-score metric Eq. (21).

Weighted F1 =

∑N
i=1(F1class i × Sclass i)∑N

i=1 Sclass i

(21)

where, N: Total number of classes.

F1class i: F1 score for class i.

Sclass i: Support (number of actual instances) for class i.

C. Results

On the original dataset, the model correctly identifies 301
samples from the implicit class (0) and 796 samples from the
explicit class (1), as summarized in Fig. 3.

Fig. 3. Confusion matrix.

For the best-performing fold, the proposed model achieved
an overall accuracy of 75.03% and a weighted F1-score of
74.81%. The per-class analysis shows that the model achieved
64.45% precision, 60.20% recall, and a 62.25% F1-score for
implicit hate speech. In contrast, the corresponding values for
explicit hate speech were 80.00%, 82.74%, and 81.35%, re-
spectively. The macro F1-score was 71.80%. Table III presents
the class-wise Precision, Recall, and F1-score for the best-
performing fold.

These results reflect balanced predictive behaviour across
both categories. The Best accuracy and loss of the model are
shown in Fig. 4 and 5 for the original dataset. Test-set accuracy
continued to improve through 5 epochs.
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TABLE III. CLASS-WISE CLASSIFICATION PERFORMANCE FOR THE BEST-PERFORMING FOLD

Class Precision (%) Recall (%) F1-score (%) Support
Implicit Hate Speech (IHS) 64.45 60.20 62.25 500
Explicit Hate Speech (EHS) 80 82.74 81.35 962
Macro Average 72.23 71.47 71.80 1462
Weighted Average 74.69 75.03 74.82 1462

Fig. 4. Model accuracy.

Fig. 5. Model loss.

Fig. 6 depicts the ROC curve obtained for the best valida-
tion fold. The curve’s proximity to the upper-left region reflects
the model’s stronger ability to correctly distinguish explicit
hate instances while keeping the false positive rate low. With
an AUC (Area Under the Curve) of 0.71, the model shows a
fair capacity to separate explicit from implicit hate speech. This
value indicates a 71% chance that a randomly selected explicit
hate instance will be ranked as explicit. Because detecting
implicit hate is very difficult, an AUC of 0.71 is fair for
classifying implicit/explicit HSD.

Table IV shows the number of parameters required for
pretrained transformer models.

Fig. 6. ROC curve.

TABLE IV: Parameter comparison

IndicBERT [27] ≥ 18M

MuRIL [26] 236M

LaBSE [25] ≥ 110M

XLM-RoBERTa [28] 270M

mBERT [29] 172M

Proposed model 12M

Model # Parameters

mBERT has 172 million parameters, while XLM-RoBERTa
has approximately 270 million, which is very large. This large
parameter count implies a larger model footprint and poten-
tially greater computational requirements. The proposed model
requires approximately 12 million parameters, resulting in a
substantially smaller parameter footprint. Thus, the proposed
architecture is relatively lightweight in terms of parameter
count.

This method outperforms CNN, BiLSTM, BiGRU+Capsule
Network, IndicBERT, MuRIL, LaBSE, XLM-RoBERTa, and
mBERT. The proposed model achieves a best accuracy of
75.03%, which is 2.51% higher than mBERT. The best
weighted F1-score is 74.81%, which is 17.84% higher than
that of mBERT.

Table V reports the accuracy and weighted F1-scores
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achieved by the proposed method.

TABLE V: Result on implicit HHSD

CNN [31] 66.10% 52.20%

BiLSTM [32] 68.72% 54.30%

BiGRU + Capsule Network [30] 69.92% 53%

IndicBERT [27] 66.50% 52.80%

MuRIL [26] 70.95% 56.33%

LaBSE [25] 69.17% 54.54%

XLM-RoBERTa [28] 66.30% 40.50%

mBERT [3] 72.52% 56.97%

Proposed 75.03% 74.81%

Model Accuracy Weighted-F1

D. Discussion of Key Findings

1) Finding 1: The proposed model achieves the high-
est weighted F1-score (74.81%), outperforming mBERT by
17.84%.

2) Finding 2: The small gap between Accuracy (75.03%)
and Weighted F1-score (74.81%) indicates that the overall
performance is reasonably consistent when accounting for
class-wise F1 contributions. However, the lower F1-score for
implicit hate speech demonstrates that this class remains more
challenging to classify.

3) Finding: The proposed hierarchical contextual frame-
work achieves competitive performance against the evaluated
transformer-based baselines, while class-wise results indicate
that implicit hate remains harder to distinguish than explicit
hate.

4) Finding 4: Semantic-preserving augmentation improves
performance, while class balancing provides an additional
improvement in weighted F1-score.

E. Ablation Study

The proposed work investigates the impact of back-
translation-based augmentation and class balancing specifically
for implicit hate speech detection, where contextual ambiguity
and limited annotated data significantly affect classification
performance. We ran experiments using 5-fold cross-validation
and computed the mean weighted F1-score and standard de-
viation across folds. Results in Table VI indicate that back-
translation-based augmentation improves contextual diversity
and enhances model generalization. Furthermore, balancing
implicit and explicit hate samples significantly improves clas-
sification stability and minority class detection performance.
The balanced augmented dataset achieved the best overall
performance with the highest mean weighted F1-score.

Augmenting the complete dataset further enhances model
performance. Experimental results show that data augmenta-
tion improves model performance compared with training on
the original dataset.

TABLE VI. ABLATION STUDY USING 5-FOLD CROSS-VALIDATION

Variant Weighted F1-score
(Mean ± Std)

Proposed 73.33± 0.97
Proposed+augmented 74.95± 0.55
Proposed+augmented balanced 79.04± 1.44

In 5-fold cross-validation, the best fold achieves a weighted
F1-score of 75.81% and an accuracy of 76.42%. These results
represent an 18.84% improvement in weighted F1-score and
a 3.9% increase in accuracy compared to mBERT. Relative to
the original dataset, the weighted F1-score increases by 1%
and accuracy by 1.39%.

Fig. 7. Confusion matrix of complete augmentation.

Fig. 7 presents the confusion matrix, Fig. 8 displays the
accuracy and Fig. 9 illustrates the ROC curve for the fully
augmented dataset.

Fig. 8. Accuracy of complete augmentation.

To correct the dataset imbalance, we used data augmenta-
tion with backtranslation, as described in Section III-K. Only
implicit data was augmented for balancing. The model was
then evaluated on the balanced dataset, which showed sig-
nificantly improved performance compared to the imbalanced
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Fig. 9. ROC curve of complete augmentation.

version. In 5-fold cross-validation, the highest weighted F1-
score of 80.70% and accuracy of 80.70% were achieved,
reflecting improvements of 8.18% and 23.73% over mBERT.
The weighted F1-score increased by 5.89% and accuracy by
5.67% compared to the original dataset. The balanced dataset
is evaluated using multiple performance indicators. Class-wise
results, accuracy trends, and ROC analysis are shown in Fig.
10, 11 and 12.

Fig. 10. Confusion matrix of balanced dataset.

F. Error Analysis

The study provides detailed qualitative error analysis
demonstrating how contextually sensitive lexical terms can
confuse deep learning models between implicit and explicit
hate speech categories. The proposed model’s confusion matrix
shows that many implicit hate speech instances are misclassi-
fied. Unlike explicit hate speech, implicit hate often lacks di-
rect offensive vocabulary or explicit slurs and instead conveys
hateful intent through indirect references, sarcasm, stereotypes,
or hidden contextual meaning. These linguistic characteristics
make implicit hate speech much harder to identify. In addition,
the relatively smaller number of implicit hate samples in the
dataset also affects the model’s classification capability and
contributes to prediction bias toward the majority class.

Fig. 11. Accuracy of balanced dataset.

Fig. 12. ROC curve of balanced augmentation.

For example, the statement
“ ”
(Translation:“Sorry , we buy it with our own money;
we do not consume anything forbidden or unlawful.”) was
misclassified as explicit hate speech due to the presence
of contextually sensitive terms such as (forbidden).
Although the statement does not contain direct abusive
language, the implicit sarcastic tone and indirect targeting may
cause the model to associate such terms with explicit hateful
expressions. This demonstrates the difficulty of distinguishing
implicit hate from explicit hate when contextual and cultural
understanding is required.

The proposed model correctly identified most explicit hate
speech instances; however, it still misclassified a small number
of samples. Explicit hate speech detection primarily relies on
the presence of offensive vocabulary, abusive expressions, and
explicit slurs, which are generally easier for the model to
recognize. However, in some cases, abusive or sensitive words
are used indirectly within an implicit contextual setting rather
than as direct hate expressions. In such situations, the model
tends to associate these terms with explicit hate speech and
may incorrectly classify implicit hate instances as explicit hate.
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For instance, the statement
“

” (Translation:“On this day in
history, when humans first stepped onto Antarctica, dogs had
also reached there along with them.”)was an implicit hate
speech instance. Still, the model incorrectly classified it as
explicit hate speech. The misclassification may have occurred
because of the word “ ” (dog), which is frequently
associated with abusive or offensive expressions in hateful
content. Although the statement uses the term indirectly
rather than as a direct insult, the model likely relied on
lexical associations and interpreted it as explicit hate speech.
This shows that contextually sensitive words can confuse the
model when distinguishing between implicit and explicit hate
speech.

V. CONCLUSION AND FUTURE WORK

The proliferation of hateful discourse on social media
platforms poses increasing risks to social harmony. It high-
lights the need for effective automated Hate Speech Detection
(HSD), particularly for low-resource languages such as Hindi.
This study developed a hierarchical BiLSTM–attention-based
framework for Hindi hate speech detection, emphasizing the
identification of both implicit and explicit forms of hate.

The principal contributions of this study include the task-
specific integration of a hierarchical BiLSTM architecture with
attention-based feature selection for contextual discrimination
of implicit and explicit hate speech, the selective retention of
stop words and emojis to preserve contextual and emotional
information, and the incorporation of semantic-preserving data
augmentation and class balancing to address class imbalance
and increase linguistic diversity. The proposed framework does
not rely on large transformer-based language models and has
an approximately 12 million parameter footprint, compared
with approximately 172 million parameters for mBERT.

Its ability to identify both implicit and explicit hate expres-
sions can help human moderators prioritize potentially harmful
content for further review. Thus, the proposed approach pro-
vides a parameter-efficient alternative for Hindi hate speech
detection while retaining the ability to model hierarchical
contextual information.

The present study has some limitations. First, the ex-
perimental evaluation is conducted on the HHSD dataset.
The dataset’s characteristics, including its topic distribution,
annotation scheme, and domain-specific expressions, may in-
fluence model performance and limit the generalizability of
the findings. Second, publicly available Hindi datasets gen-
erally use different annotation schemes, including hate/non-
hate, hate/offensive/profane, hostility-related, or target-based
categories. Because equivalent implicit/explicit hate-speech
annotations are limited, directly evaluating this specific task
on other Hindi corpora is challenging. Third, the applicability
of the proposed approach to multilingual settings and cross-
domain environments requires further investigation.

Future research will evaluate the proposed approach on ad-
ditional Hindi corpora, cross-domain datasets, and multilingual
resources to assess its robustness and generalizability. Future
research will also explore integrating contextual and region-

specific cultural knowledge to improve model performance
further.

Overall, the proposed work shows that hierarchical con-
textual representation learning can effectively support Hindi
hate speech detection, including identifying implicit hate ex-
pressions, without relying solely on large transformer-based
architectures. The combination of hierarchical context mod-
elling, semantic-preserving augmentation, class balancing, and
parameter efficiency provides a practical foundation for devel-
oping more robust and deployable Hindi hate speech detection
systems.
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