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Abstract

Online social media platforms have become
central to communication and information ex-
change, however, they also serve as fertile
ground for hate speech, offensive language,
and bullying targeting individuals and commu-
nities. Such content undermines online safety
and inclusion, underscoring the need for re-
liable detection systems—especially in low-
resource languages with limited moderation
tools. For Bangla, existing work provides valu-
able resources and models, however, they are
mostly single-task (e.g., binary hate/offense)
with narrow coverage of key dimensions such
as type, severity, and target. We address these
gaps by introducing the first multi-task Bangla
hate-speech dataset, BanglaMultiHate, one of
the largest manually annotated dataset to date.
Using this resource, we performed a compara-
tive study across different baselines, monolin-
gual pretrained models, and LLMs under zero-
shot and LoRA fine-tuning settings. Our find-
ings show that while LoRA-tuned LLMs rival
BanglaBERT, culturally grounded pretraining
remains crucial for robust performance. Over-
all, BanglaMultiHate establishes a stronger
benchmark for hate speech detection in low-
resource contexts. All data and scripts will be
released for reproducibility.!

1 Introduction

The rise of social media has increased the spread of
harmful online content (Walther, 2022), with hate
speech emerging as a critical societal issue given
its potential to perpetuate discrimination (Gelber,
2021), harassment, and violence. Given the large
volume of user-generated content, manual moder-
ation is neither scalable nor consistent, highlight-
ing the urgent need for reliable and scalable auto-
mated hate speech detection systems. Although
substantial progress has been achieved in high-
resource languages such as English (Albladi et al.,
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Figure 1: An example of hateful comment with its En-
glish translation showing type, severity and target of
hate.

2025), research effort for low-resource languages
like Bangla are relatively limited (Sharma et al.,
2025; Dasetal., 2022a; Haider et al., 2025; Romim
et al., 2022).

Identifying hate speech in Bangla imposes
unique challenges due to its rich morphology, free
word order, and code-switching with English and
other regional dialects, making it difficult for mod-
els trained on other languages to generalize ef-
fectively. Furthermore, the scarcity of annotated
datasets and the lack of high-quality pretrained re-
sources exacerbate the difficulty of building accu-
rate classification systems (Al Maruf et al., 2024).
Existing studies often rely on classical machine
learning models (Kiela et al., 2020; Mridha et al.,
2021; Romim et al., 2022), deep learning models
(Romim et al., 2022; Keya et al., 2023), and adapt
pretrained models designed primarily for English
(Mridha et al., 2021). However, these approaches
often fail to capture the cultural, social, and lin-
guistic nuances that shape how hate is expressed
in Bangla (Al Maruf et al., 2024), such as context-
dependent slurs, metaphorical insults, or region-
specific idiomatic usage (Jahan et al., 2022). In ad-
dition, most of the studies are limited to single task.
Addressing these challenges requires not only im-
proved datasets and resources but also approaches
that are sensitive to the sociolinguistic realities of
Bangla discourse, ensuring that models move be-
yond surface-level understanding and engage with
the deeper structures of the language.
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In recent years, the rapid advancement of large
language models (LLMs) such as GPT-5, Claude,
Gemini (Comanici et al., 2025), Llama (Dubey
et al., 2024), and Qwen (Yang et al., 2025)
has shown remarkable success across a variety
of downstream NLP tasks, often demonstrating
strong generalization abilities in zero-shot or few-
shot scenarios (Hasan et al., 2024; Abdelali et al.,
2024). This has raised important questions about
their applicability in sensitive domains such as
hate speech detection (Albladi et al., 2025), par-
ticularly for underrepresented languages. How-
ever, the zero-shot performance of LLMs in low-
resource contexts is often limited and their inabil-
ity to capture context-dependent information (Za-
hid et al., 2025). Moreover, hate speech is highly
context-dependent and culturally nuanced, making
it difficult for LLMs pretrained on high-resource
languages to detect, demonstrating the need for tar-
geted adaptation strategies in low-resource and sen-
sitive tasks.

To address these challenges, we developed the
first multi-tasks hate speech dataset named Bangla-
MultiHate for Bangla. This dataset is specifically
designed to support a variety of classification tasks:
(i) identifying different types of hate speech, (ii)
the severity of hate, and (iii) determining the tar-
get of hate. An example of a hateful comment
with type, severity and target is demonstrated is in
Figure 1. This study also conducts a comprehen-
sive evaluation of hate speech detection in Bangla
across three tasks, utilizing SVM, BanglaBERT,
zero-shot settings (Llama3 and Qwen3), and LoRA
fine-tuned on these LLMs. Our contributions can
be summarized as follows:

* We developed the first multi-task hate speech
dataset for Bangla and one of the largest man-
ually annotated hate speech datasets, which
includes type of hate, severity and target.

* We provide comprehensive comparisons of
classical, monolingual pretrained, and zero-
shot and LoRA fine-tuned approaches using
LLMs for Bangla hate speech detection.

* We assess the effectiveness of zero-shot in-
ference and LoRA fine-tuning for LLMs, of-
fering insights into their adaptability in low-
resource tasks.

* We highlight key limitations and trends,
demonstrating that while fine-tuned LLMs
are comparable to the performance of
BanglaBERT, emphasizing the continued

Dataset Labels / Tasks
3-level: HS vs. non-HS;
target; HS type
Hate/offense detection X

Size Type Source

BD-SHS (Romim et al., 2022) 50,281 Comments SM

Bengali Tweets (Das et al., 2022a) 10,000 Code-mixed

Offensive vs. Not;

target (Indiv./ FB

Group/Untargeted)

37,350 Transliterated Multi-label target; HS YT
Hate vs. non-hate;

9,183 Dialectal SM
~13 types; 7 targets

Transliterated,

TB-OLID (Raihan et al., 2023) 5,000 .
code-mixed

BanTH (Haider et al., 2025)
BIDWESH (Fayaz et al., 2025)

BanglaMultiHate (Ours) 50,746 Comments Type, severity, target YT

Table 1: Overview of existing datasets and ours. SM:
Social media. YT: Youtube, FB: Facebook

importance of culturally and linguistically
grounded pretraining for combating online
hate speech in low-resource languages.

Our findings are summarized as follows:

* Fine-tuned monolingual BanglaBERT yields
superior performance.

» Zero-shot learning failed to perform better
than the majority baseline as well as SVM.

* SVM performs comparatively better than fine-
tuned LLMs on severity and target of hate
tasks, while Llama3 performs slightly better
on the type of hate task.

* Model performance varies significantly with
the complexity of the task.

2 Related Work

The identification of offensive language and hate
speech has become increasingly important due to
the extensive use of social media, which has cre-
ated an environment in which harmful content can
spread rapidly (Jiang and Zubiaga, 2024). Re-
search on hate speech identification has progressed
rapidly over the past decade (Fortuna and Nunes,
2018), moving from lexicon-based classifiers to
transformer models and, more recently LLMs (Al-
bladi et al., 2025).

2.1 Existing Hate Speech Datasets

There has been effort to develop datasets in the
past. Gupta et al. (2022) introduced a 150K-
comment dataset for abusive speech detection in
five Indic languages, while Sharif et al. (2021) stud-
ied offensive language detection in multilingual
code-mixed text. These work establish important
baselines for future research on code-mixed offen-
sive text detection in Dravidian languages (Saumya
et al., 2021b; Chakravarthi et al., 2022).

Some of the notable resources for hate and abu-
sive content on Bangla include 10,178 tweets la-
beled as hate/offensive/normal (Das et al., 2022b),
a 30K comments dataset with 10K hate speech ex-
amples (Romim et al.), 3K transliterated Bangla-
English abusive comments (Sazzed, 2021), 50K



offensive comments from online social network-
ing (Romim et al., 2022), and 10K Bangla posts
consisting of 5K actual and 5K Romanized Ben-
gali tweets (Das et al., 2022a). Moreover, a multi-
label transliterated Bangla hate speech dataset has
been developed by Haider et al. (2024) utilizing a
translation-based LLLM prompting approach.

Building on these efforts, Table 1 provides an
overview of existing resources. Our contribu-
tion extends this landscape by introducing a larger
dataset that not only supports multiple tasks but
also incorporates a richer topical hierarchy, span-
ning 19 topics and 120 sub-topics.

2.2 Existing Approaches

Various classical models (such as logistic regres-
sion (LR), SVM, and random forest), deep learning
models (e.g., LSTM), and transformer-based mod-
els (e.g., BERT, XLM-R, MuRIL, AraBERT, etc.)
have been studied in the literature. Sharif et al.
(2021) demonstrated that transformer-based pre-
trained language models (e.g., Indic-BERT, XLM-
R, mBERT) outperform classical models (e.g., LR,
SVM). The multi-task learning approach using
AraBERT has been studied in Arabic for the iden-
tification of offensive language and hate speech
(Djandji et al., 2020), while random forest, k-
nearest neighbors, and MLP classifiers have been
studied for offensive language identification from
Dravidian code-mixed texts (B and A, 2021). Peli-
con et al. (2021) employed mBERT and LASER
models for zero-shot cross-lingual transfer learn-
ing, demonstrating promising results in languages
such as German, Spanish, Indonesian, and Ara-
bic. Similarly, (Saumya et al., 2021a) explores the
impact of cross-cultural transfer learning, show-
ing how biases across cultures affect model per-
formance, examining the impact of cross-cultural
transfer learning.

Kiela et al. (2020) utilizes SVM, CNN, and
LSTM models to evaluate performance on hateful
content. SVM, naive bayes, and random forest,
along with transformation methods have been stud-
ied for multi-label hate speech identification (Ibro-
him and Budi, 2019). Mridha et al. (2021) em-
ployed L-Boost, a modified AdaBoost algorithm
combining BERT embeddings with LSTM mod-
els, to identify offensive texts in Bangla and Ban-
glish social media content. SVM, LSTM, and Bi-
LSTM models have also been analyzed by Romim
etal. on Bangla YouTube and Facebook comments,
with results showing that SVM outperforms LSTM
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Figure 2: Distribution of the MultiHate dataset across
different categories.

and Bi-LSTM. Furthermore, combining BERT and
GRU architectures for hate speech detection has
been explored in Bengali social media texts (Keya
et al., 2023). Explainable hate speech identifica-
tion has recently attracted attention in the litera-
ture (Yang et al., 2023; Piot and Parapar, 2025;
Sariyanto et al., 2025).

3 Dataset

3.1 Data Collection

We collected public comments from YouTube
videos using the YouTube API?, primarily from So-
moy TV, which is a popular Bangla News chan-
nel. The comments belong to 19 different cate-
gories, including Business, Celebrities, Disaster,
Entertainment, Fashion, Geopolitics, Health, His-
tory, International, Lifestyle, Literature, Miscella-
neous, National, Opinion, Politics, Religion, Sci-
ence, Sports, and Technology, as well as 120 sub-
categories. In total, we collected approximately
55,000 comments associated with various Bangla
news videos. We then removed all entries contain-
ing only emojis and URLS, as well as duplicate en-
tries. Additionally, we excluded all Banglish com-
ments (Bangla text written using the English alpha-
bet) from the initial dataset. After applying these
filtering and duplicate-removal steps, the dataset
contained 50,746 entries. The category-wise data
distribution is presented in Figure 2, with more
than 90% of the comments concentrated in five cat-
egories.

’https://developers.google.com/
youtube/v3
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3.2 Data Annotation

3.2.1 Annotation Guidelines

We developed an annotation guideline to facili-
tate the annotation of data. Our annotation setup
was a multitask annotation. Therefore, each in-
stance could be assigned multiple labels to capture
the overlapping and nuanced nature of the content,
such as identifying the type of hate, the severity of
hate, and the target of hate simultaneously. The
guidelines provided clear definitions, decision cri-
teria, and illustrative examples to ensure consis-
tency across annotators. Below, we briefly discuss
the annotation guidelines for each annotation task
and more detail can be found in Appendix A.

Type of Hate: The purpose of this task is to iden-
tify the type of hate from YouTube comments. The
annotators classified whether the comments are
Abusive, Sexism, Religious Hate, Political Hate,
Profane, or None based on the criteria discussed
in the Appendix A. Depending on the nature of the
annotation, the annotator proceeds with different
subsequent tasks. If a comment is marked as None,
annotators automatically assign the labels Little to
None for the severity of hate and None for the target
of hate; otherwise, they proceed with the regular
annotation process.

Severity of Hate: This task aims to assess the de-
gree of hate expressed in a given comment. Anno-
tators evaluate whether the comment reflects Little
to None, Mild, or Severe forms of hate, taking into
account factors such as the intensity of derogatory
expressions, the use of slurs, and the presence of
threats or incitement to violence. The objective is
to capture not only the presence of hateful content
but also its strength and potential impact.

Target of Hate: This task focuses on identify-
ing the specific Individuals, Organizations, Com-
munities, Society, or None that is the target of hate-
ful expression. Annotators classify whether the
hate is directed toward protected characteristics
such as organizations, communities, or society, or
if it is aimed at individuals without reference to
group identity. In cases where no explicit target
is present, annotators assign the label None. The
goal of this task is to capture the social dimension
of hateful language, enabling analysis not only of
the presence of hate but also of who or what is be-
ing targeted.

3.2.2 Manual Annotation

The annotation team comprised 35 native Bangla-
speaking undergraduate students, including both
male and female annotators. The team was trained
and supervised by expert annotators to ensure re-
liability and consistency in the labeling process.
Each comment was independently annotated by
three annotators, and periodic quality checks of
randomly selected samples were conducted, fol-
lowed by feedback sessions to maintain annotation
standards. The final label for each comment was
determined by majority agreement among the an-
notators. In instances of persistent disagreement,
consensus meetings were organized to resolve dis-
crepancies and establish the final annotation.

Annotation Agreement We evaluated the inter-
annotator agreement (IAA) of the manual annota-
tions using Fleiss’ Kappa coeflicient (k) to assess
the reliability of the annotation process across all
tasks. The obtained k scores were 0.71, 0.84, and
0.79 for the type of hate, severity of hate, and target
of hate tasks, respectively, indicating substantial
to perfect agreement.> We also observed that an
increase in the number of annotation classes intro-
duces greater challenges for annotators, which is
reflected in lower IAA scores for more fine-grained
tasks.

3.3 Data Split

The dataset was partitioned into training, develop-
ment, and test sets, comprising 70%, 10%, and
20% of data, respectively, for our experiments. We
applied stratified sampling (Sechidis et al., 2011)
to ensure a balanced class label distribution across
all splits. We provide the detailed data distribu-
tion across the splits in Table 2. As shown, the
dataset is highly imbalanced across all three an-
notation dimensions. For the type of hate task,
the majority of samples fall under the none class,
while categories such as sexism and religious hate
are comparatively underrepresented. A similar pat-
tern is observed in the severity of hate task, where
most comments are labeled as little to none, fol-
lowed by mild and severe. For the target of hate
task, the none class again dominates, whereas la-
bels such as society and community appear far less
frequently. This imbalance highlights the inherent
challenges of training reliable models on underrep-

3According to Landis and Koch (1977), values of « be-
tween 0.61-0.80 represent substantial agreement, while val-
ues between 0.81-1.0 represent almost perfect agreement.



Class Train Dev  Test Total
Type of Hate
Abusive 8,212 1,113 2,312 11,637
Political Hate 4,227 574 1,220 6,021
Profane 2,331 342 709 3,382
Religious Hate 676 78 179 933
Sexism 122 19 29 170
None 19,954 2,898 5,751 28,603
Total 35,522 5,024 10,200 50,746
Severity of Hate

Severe 5,180 698 1,462 7340
Mild 6,853 909 2,001 9763
Little to None 23,489 3,417 6,737 33,643

Total 35,522 5,024 10,200 50,746
Target of Hate
Community 2,635 338 759 3,732
Individual 5,646 755 1,571 17972
Organization 3,846 584 1,152 5,582
Society 2,205 283 625 3,113
None 21,190 3,064 6,093 30,347
Total 35,522 5,024 10,200 50,746

Table 2: Class label distribution across three tasks of
the BanglaMultiHate dataset.

resented classes and demonstrate the importance of
stratification for fair evaluation.

4 Methodology
4.1 Models

We experiment with classical model such as
SVM, monolingual pretrained language model
such as BanglaBERT (Bhattacharjee et al., 2022),
and large language models such as BanglaLLM?*,
Llama-3.2-3B-Instruct®, and Qwen3-4B-Instruct-
2507%. We choose models from different model
families to provide extensive evaluation with this
dataset.

Baseline. We used a majority-class baseline that
always predicts the class with the highest fre-
quency in the training data and a random approach.
These methods have been widely used as a baseline
technique in numerous prior studies (e.g., (Rosen-
thal et al., 2017)).

Classical models. We employed SVM (Platt,
1998) with TF-IDF representation which has been
extensively utilized in prior research and remains
prevalent in low-resource production settings. Our
setup employed 1-5 n-grams with TF-IDF weight-
ing and a regularization parameter of C = 1.
Pretrained Language Model (PLM). Given that

4BanglaLLM
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PLMs have demonstrated significant success in the
past years and are also computationally reason-
able choices for many downstream NLP tasks, we
fine-tuned the monolingual BanglaBERT model
(Wolf et al., 2020). Following the procedure of De-
vlin et al. (2019), we trained each model with de-
fault hyperparameters (learning rate of 2¢ 5, batch
size of 16, maximum sequence length of 512, and
AdamW optimizer parameters $1=0.9, 52=0.999,
e=1e~8) for 3 epochs. To mitigate training insta-
bility, we performed ten runs with different ran-
dom seeds and selected the best model based on de-
velopment set performance. All experiments were
conducted independently for each task.

LLMs. Recent advances in LLMs have re-
ceived significant attention from researchers to
evaluate the performance of these models, es-
pecially for low-resource languages in various
downstream NLP tasks. We experiment with
Gemini-2.5-pro, GPT-5, BanglalLLLM, Llama-3.2-
3B-Instruct (Dubey et al., 2024), and Qwen3-4B-
Instruct (Yang et al., 2025). We adopt a zero-shot
learning setup for all models. To ensure repro-
ducibility, we apply a consistent prompt, response
format, output token limit, and decoding configu-
ration (such as temperature set to 0) across models.
The prompts were crafted using concise instruc-
tions, as detailed in Appendix B. We also demon-
strate the efficacy of BanglaMultiHate dataset by
fine-tuning both Llama and Qwen models. We
choose PEFT using LoRA (Hu et al., 2022) to re-
duce the computational cost. We trained the model
in full precision (FP16) using the Adam optimizer.
The learning rate was set to 2 x 10~4, with LoRA
parameters @« = 16 and r = 64. The maxi-
mum sequence length was fixed at 512, and train-
ing was performed with a batch size of 8. Fine-
tuning was conducted for three epochs without ad-
ditional hyperparameter tuning. Moreover, both
zero-shot and fine-tuned approaches were studied
in a multi-task setup due to computational resource
constraints.

4.2 Instructions Dataset

We employed a template-based approach to gener-
ate diverse English instructions, obtaining 10 hate
speech classification task templates per language
from GPT-4.1 and Claude-3.5 Sonnet.” During
fine-tuning and inference, one template was ran-
domly selected and combined with the comment.

7¢claude-3-5-sonnet
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We report examples of prompts in Appendix B.

4.3 Evaluation Measures

Across all experimental settings, we evaluate per-
formance using accuracy, micro-F1 score, as well
as weighted precision and recall, with the weighted
metrics chosen to account for class imbalance.

5 Results and Discussion

In Table 3, we report model performance across all
three tasks in terms of accuracy, precision, recall,
and micro-F1.

5.1 Comparison with Baselines

Across all three tasks, both the SVM and pretrained
language models substantially outperform the ma-
jority and random baselines. Although the major-
ity baseline achieves relatively high accuracy in
the hate severity task, this is largely due to label
imbalance. Zero-shot results consistently surpass
the random baseline across all tasks, yet they still
fall behind the majority baseline, demonstrating
their limitations without task-specific adaptation.
In contrast, PEFT with LoRA yields notable gains.
In particular, fine-tuned Llama3 outperforms both
baselines across all three tasks, demonstrating the
effectiveness of fine-tuning the model. Qwen3
with LoRA shows modest improvements, perform-
ing slightly above the majority baseline.

5.2 Classical Model and PLMs

SVM trained with lexical features such as n-grams
and TF-IDF, provides consistent but modest im-
provements over both baselines. For instance, in
type of hate task, the SVM achieves 0.609 micro-
F1 compared to 0.564 micro-F1 from the major-
ity classifier. Similar improvements are seen in
the target of hate task. These results suggest
that traditional supervised methods can exploit
word-level patterns that naive baselines miss, mak-
ing them moderately effective for detecting stereo-
typical hate expressions. However, the perfor-
mance changes when used with narrow or context-
dependent forms of hate speech, such as implicit
derogatory references. This limitation stems from
their reliance on surface-level features without
deeper semantic understanding.

Leveraging pretraining on large-scale Bangla
corpora, BanglaBERT consistently outperforms all
models across all tasks. These gains highlight
the importance of contextual embeddings from
language-specific pretrained models, which enable

the system to capture semantic nuances, idiomatic
expressions, and subtle markers of abusive tone.

5.3 Zero- and Few-shot Learning

Zero-shot Learning Across all three tasks,
BanglaLLM, Gemini-2.5-pro, GPT-5, Llama3,
and Qwen3 show mixed performance, while
BanglalLLM does not perform better in all three
subtask. For type of hate, Llama3 achieves micro-
F1 score of 0.275, which is only marginally bet-
ter than the random baseline (0.164), highlighting
the difficulty of zero-shot classification in datasets
with imbalanced labels. Qwen3 performs substan-
tially better in the same task with an accuracy and
F1 of 0.520, performing better than Llama3 and
approaching the majority baseline (0.564), demon-
strating that model size significantly influences
zero-shot performance. Moreover, Gemini and
GPT-5 outperformed both baselines and achieved
strong results among LLMs.

In the severity of hate task, Gemini, GPT-5,
Llama3, and Qwen3 achieve micro-F1 score of
0.698, 0.651, 0.508, and 0.589, respectively. Both
Gemini and GPT-5 models perform better than
both baselines, while Llama3 and Qwen3 mod-
els perform only better than the random baseline
(0.327) but do not perform better than the major-
ity baseline (0.660), suggesting that the inherent
structure of the severity task requires a nuanced
understanding of language intensity, limiting the
effectiveness of zero-shot approaches. For the
target of hate, the models achieve, 0.510 (Gem-
ini), 0.434 (GPT-5), 0.340 (Llama3), and 0.434
(Qwen3) micro-F1 score, similarly perform better
than random but below the majority baseline, in-
dicating that identifying the target of hate often
requires explicit task-specific knowledge that zero-
shot models may not fully possess. Overall, zero-
shot learning provides a reasonable starting point,
particularly for Qwen3, but generally falls short
of the majority baseline, emphasizing the need for
task adaptation to achieve high performance.

Few-shot Learning We conducted 3-shot
prompting experiments using Gemini-2.5-pro
and GPT-5 to assess whether few-shot examples
improve LLM performance on the Bangla hate
speech tasks. Our results show that few-shot
prompting provides no improvement compared
to zero-shot performance for Gemini. For GPT-5,
we observe modest gains only on the Target of
Hate task and little on the Type of Hate task,



Model Type of Hate Severity of Hate Target of Hate
ode Acc. . R F1 Acc. . R F1 Acc. P. R. FI

Majority Baseline 0.564 0.318 0.564 0.564 0.660 0.436 0.660 0.660 0.597 0.357 0.597 0.597

Random Baseline 0.164 0.385 0.164 0.164 0.327 0.486 0.327 0.327 0.204 0.404 0.204 0.204

SVM 0.609 0.574 0.609 0.609 0.672 0.607 0.672 0.672 0.629 0.568 0.629 0.629

BanglaBERT 0.712 0.716 0.712 0.712 0.722 0.727 0.722 0.722 0.715 0.716 0.715 0.715
Zero-Shot

LLama3 0.275 0.619 0.275 0.275 0.508 0.729 0.508 0.508 0.340 0.465 0.340 0.340

Qwen3 0.520 0.542 0.520 0.520 0.589 0.639 0.589 0.589 0.434 0.508 0.434 0.434

Gemini-2.5-pro  0.674 0.726 0.674 0.674 0.698 0.770 0.698 0.698 0.510 0.593 0.510 0.510

GPT-5 0.638 0.710 0.638 0.638 0.651 0.750 0.651 0.651 0.434 0.546 0.434 0.434

BanglaLLM 0.099 0.669 0.099 0.099 0.276 0.712 0.276 0.276 0.149 0.564 0.149 0.149
Few-Shot

Gemini-2.5-pro 0.648 0.698 0.648 0.648 0.643 0.727 0.643 0.643 0.452 0.652 0.459 0.452

GPT-5 0.654 0.711 0.654 0.654 0.658 0.746 0.658 0.658 0.648 0.689 0.648 0.648
Fine-tuned

LLama3 0.620 0.725 0.620 0.620 0.685 0.682 0.685 0.685 0.610 0.716 0.610 0.610

Qwen3 0.595 0.453 0.595 0.595 0.661 0.436 0.661 0.661 0.598 0.470 0.598 0.598

BanglaLLM 0.693 0.677 0.693 0.693 0.722 0.736 0.722 0.722 0.631 0.683 0.631 0.631

Table 3: Performance of different models on Bangla hate speech detection
P.: Precision, R.: Recall, F1: micro-F1 score. Bold indicates results that surpass both baseline methods for the

across three tasks. Acc.: Accuracy,

respective task, while Underline denotes the best overall performance across all three tasks.

while Severity remains largely unchanged from
zero-shot.

5.4 Fine-tuning LLMs

Fine-tuning with LoRA significantly improves per-
formance across all three tasks. We also per-
formed analysis on loss behavior during fine-
tuning shown in Appendix C. For type of hate task,
Llama3 achieves micro-F1 score of 0.620, surpass-
ing both zero-shot Llama3 (0.275) and Qwen3
(0.520), and also performs better than majority
baseline. Fine-tuned Qwen3 achieves 0.595 micro-
F1, slightly below Llama3; however, still demon-
strates improvement over its zero-shot experiment.
However, BanglalLLM shows notably larger per-
formance gains, suggesting that language- and
domain-specific pretraining offers a clear advan-
tage over general-purpose LLMs. These results
show that fine-tuning enables the models to better
capture nuanced patterns.

In the severity of hate task, Llama3 achieves
a micro-F1 score of 0.685, while Qwen3 and
BanglaLLM obtain 0.661 and 0.722. All mod-
els outperform the majority baseline (0.660) while
BanglaLLM shows the best performance along
with BanglaBERT, demonstrating the effective-
ness of task-specific adaptation in assessing the in-
tensity of hateful content. Similarly, in the rar-
get of hate task, Llama3 reaches a micro-F1 score
of 0.610, with Qwen3 and BanglaLLLM achieving
0.598 and 0.631, marking a clear improvement

over zero-shot performance. These results demon-
strate that LoRA fine-tuning enables the models to
capture subtle contextual cues that indicate the in-
tended target of hate. Overall, LoORA fine-tuning
effectively transforms pre-trained LLMs into task-
aware classifiers, narrowing the performance gap
with classical models like SVM and pretrained
models such as BanglaBERT, while providing a
scalable approach for hate speech detection in low-
resource languages.

5.5 Additional Experiments: LoRA with
Chain-of-Thought (CoT)

We performed a cross-domain experiment on BD-
SHS dataset using BanglalLLLM, and details are pro-
vided in Appendix D. To further explore the rea-
soning capabilities of LLMs in hate speech detec-
tion, we conducted additional experiments using
CoT prompting and LoRA fine-tuning. We gener-
ated CoT using Gemini-2.5-pro with detailed defi-
nitions (see Listing 5) for each task. We then fine-
tuned the Llama and Qwen models using LoRA, us-
ing the same hyperparameters; however, the Qwen
model was fine-tuned for 3 epochs to see if training
longer improves the performance. The results are
summarized in Table 4.

Across all tasks, Qwen consistently outperforms
Llama, demonstrating stronger baseline reasoning
and contextual understanding. Moreover, Qwen
fine-tuned for three epochs achieves the best over-
all performance, indicating that extended training



Models Acc. P R F1
Type of Hate

Llama3 0.570 0.600 0.570 0.570
Qwen 0.601 0.619 0.601 0.601
Qwen* 0.634 0.658 0.634 0.634

Severity of Hate

Llama3 0.624 0.648 0.624 0.624
Qwen 0.647 0.664 0.647 0.647
Qwen* 0.665 0.688 0.665 0.665

Target of Hate

Llama3 0.586 0.606 0.586 0.586
Qwen 0.616 0.630 0.616 0.616
Qwen* 0.630 0.656 0.630 0.630

Table 4: Performance of fine-tuned LLMs using LoRA
with CoT. Acc.: Accuracy, P.: Precision, R.: Recall, F1:
micro-F1 score. * indicates model trained to 3 epochs.
Bold indicates the best results for their respective task.

enables more effective adaptation to task-specific
nuances in hate speech detection. We provide the
prompt for fine-tuning and inference in Listing 6.

5.6 Findings

Does language-specific pretraining improve
Bangla hate-speech classification across tasks?
BanglaBERT achieves the highest scores on all
three tasks, indicating that pretraining on linguis-
tically and culturally relevant Bangla data is most
effective, especially for fine-grained distinctions
such as severity and target.

Are zero-shot LLMs sufficient, or is task-
specific fine-tuning required? Zero-shot ap-
proaches are insufficient for Bangla hate speech.
Task-specific fine-tuning substantially improves
LLMs performance; fine-tuned Llama3 is a promis-
ing alternative, whereas Qwen3 exhibits weaker
gains, suggesting differences in pretraining data
and alignment.

How do fine-tuned LLMs compare to monolin-
gual PLMs? Fine-tuned LLMs performs reason-
ably, however, do not surpass BanglaBERT. This
shows that the continued importance of language-
specific pretraining for reliable detection in low-
resource settings.

What dataset properties most affect evalua-
tion? Class imbalance inflates baseline perfor-
mance (e.g., majority-class predictions, particu-
larly for the severity task). Robust evaluation
should report macro-F1 and per-class metrics and
consider stratified splits.

Does task-specific training help uniformly
across tasks? Task-specific training improves
performance on all three tasks, with the largest

100
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Figure 3: Category-wise accuracy for the hate type task
using BanglaBERT model. Excluded the categories
with less than 10 samples.

practical benefits for nuanced categories (e.g.,
severity levels and target groups), where generic
zero-shot models struggle.

Category-wise model accuracy. To examine
whether categories are uniform within a task, Fig-
ure 3 plots category accuracy (y) versus sample
size (x) for the hate type task using BanglaBERT.
The dashed line marks the overall accuracy (x~
71%); curves show 95% binomial control limits
around this mean. Most categories lie within the
limits, indicating that residual differences are con-
sistent with sampling variability given n. Among
high-support groups, national is slightly above the
mean, while international and politics are mod-
estly below; sports and entertainment are near or
slightly above the mean. Small-n categories (e.g.,
religion, disaster, celebrities, lifestyle, opinion) ap-
pear higher but remain inconclusive due to wide
uncertainty. Overall, the funnel indicates that the
task-specific gains are broadly uniform across ma-
jor categories. More details of these analyses are
reported in Appendix E.

6 Conclusions and Future Work

In this study, we present BanglaMultiHate, a
Bangla hate-speech dataset that is among the
largest manually annotated corpora in a multi-task
setting. The dataset comprises approximately 51K
instances spanning 19 topics and 120 sub-topics.
To demonstrate its utility, we conduct comprehen-
sive experiments comparing classical approaches,
PLMs, and LLMs. Our findings underscore the im-
portance of language-specific pretraining as well
as task-specific fine-tuning for robust performance.
As future work, we plan to extend the dataset with
reasoning annotations to support task-level inter-
pretability and explanation.



Limitations

This study has several limitations. First, our
dataset is collected from YouTube comments,
which contain examples that may be disturbing or
offensive to readers. During the annotation pro-
cess, annotators were explicitly cautioned about
this content and provided with appropriate warn-
ings. Second, from a modeling perspective, the
dataset is highly imbalanced across classes, which
may affect both training stability and performance
evaluation. Addressing these issues, for exam-
ple, through data augmentation, re-sampling strate-
gies, or collecting additional underrepresented ex-
amples, remains an important direction for future
work.

Ethics and Broader Impact

Our dataset consists solely of comments and does
not include any personally identifiable user infor-
mation, thereby posing no direct privacy risks.
Nonetheless, it is important to acknowledge that
annotation is inherently subjective, which can in-
troduce biases into the dataset. To mitigate this, we
designed a clear annotation schema and provided
detailed guidelines to annotators, aiming to ensure
greater consistency and reliability. However, we
encourage researchers and practitioners to remain
careful of these limitations when using the dataset
for model development or further studies.

Despite these issues, the dataset holds signifi-
cant potential for positive societal impact. Models
trained on BanglaMultiHate can support social me-
dia platforms in identifying and moderating harm-
ful content, thereby contributing to healthier online
discourse.
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Appendix
A Detailed Annotation Guideline
A.1 Definitions

The primary goal of this annotation task is to cate-
gorize YouTube comments in the Bangla language
into specific categories based on the nature and
severity of hate speech they contain, as well as iden-
tifying the target of such speech.

Type of Hate Categorization This annotation
task involves having annotators annotate Bangla
text samples according to the type of hate ex-
pressed. Each text is categorized into one of six
classes: Abusive, Sexism, Religious Hate, Politi-
cal Hate, Profane, or None. The goal is to cap-
ture the specific nature of hateful content, enabling
models to distinguish between different forms of
hate speech and non-hateful content. Abusive
vs. Profane follows the distinction between tar-
geted abuse and untargeted profanity used in Of-
fensEval and large-scale abusive language datasets
(Zampieri et al., 2019). Sexism/Religious/Political
hate are treated as identity-/ideology-directed sub-
types in line with prior hate-speech corpora (Talat
and Hovy, 2016).

e Abusive: Comments that are directly in-
sulting, intending to belittle or harm some-
one’s dignity. For example, §f§[ GG GE]
QIdcet! (English: You are completely use-
less). This comment degrades someone by
calling them utterly useless.

Political Hate: Comments that display hostil-
ity towards political beliefs, parties, or figures.
For example, 319 &6 (FOI1 GIF (En-

glish: All political leaders are thieves).

Profane: Comments that use swear words or
vulgar language, intended to shock or offend
without targeting anyone specifically. For ex-
ample, SWIEI BT (OIF ARA NP 9
(English: Son of a pig, you got guts). This
comment uses profanity to express frustra-
tion.

Religious Hate: Comments targeting indi-
viduals or groups based on their religion or
religious beliefs. For example, a3 4o
TIPS A QA (English: All people in
this religion are bad). This comment gener-
alizes a whole religion as bad.
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* Sexism: Comments that discriminate or be-
little someone based on their gender, often re-
flecting stereotypes. For example, I MI
@I AT 31 BfSS (Women should cook
only). This comment reinforces the stereo-
type expression.

* None: Comments that do not exhibit hate
or negativity, including neutral or positive
comments. For example, S SIret g%‘fﬁ
T (English: I saw the movie today).
This comment do not reflect any hate content.

Severity of Hate This annotation task involves
having annotators label Bangla text samples ac-
cording to the intensity of hateful content ex-
pressed. Severity is defined as an ordinal three-
level scale- Little to None, Mild, Severe-aligned
with aggression and hate-severity work (e.g., non/-
covert/overt aggression; non-violent vs. violent
hate), with explicit threats or incitement always
coded as Severe (Samghabadi et al., 2018). This
classification scheme is designed to capture the
varying degrees of harmfulness in hate speech.

* Severe: Comments that contain threats, ex-
treme prejudice, or are highly offensive. For
example, Q3 IO (A @I 7, (O F O
TIENRAEE (i @ (English: Get out of
the house, I'll take care of a beast like you).

* Mild: Comments that are derogatory or
mildly offensive but do not contain threats.
For example, §% o1 @3 A (19 (ot
JIF AT AN STRIFIES AW SI&
(English: You are a traitor, you will burn in
hell as soon as you die).

* Little to None: Comments that are slightly
negative, ambiguous, or completely neutral or
positive. For example, 2Ifd=s #If{azer Ic=t
I ST @IS (English: Hanif transport
should be stopped).

Target of Hate This annotation task involves
having annotators label Bangla text samples based
on the intended target of the hateful expression.
The labels are divided into five categories: Com-
munity, Individual, Organization, Society, and
None. Target is defined based on who is attacked
Individuals, Organizations, Communities, Soci-
ety, None, mapping to the Individual/Group/Other
structure in OLID/OffensEval and multi-aspect re-
sources, with identity attributes (e.g., religion, gen-
der, political ideology) recorded when applicable.



This categorization aims to capture whether the
hate speech is directed at a specific person, a col-
lective group, broader societal structures, or insti-
tutions, while also accounting for instances where
no explicit target is present.

e Community: Comments against a specific
racial, ethnic, gender, or religious group. For
example, Q3 FRMIEI FGF Rt T
Q9] 9 (English: People from this commu-
nity are not trustworthy).

 Individual: Comments targeting a specific
person, either by name or implication. For
example, O 2RI QN GIF GIET T
G ST (English:  Sheikh Hasina you are
thief, the thief’s mother has a loud voice).

* Organization: Comments aimed at specific
companies, governmental bodies, or any for-
mal group. For example, JqY ©
T I AIDIEA (English: Somoy television
seems to be government’s).

* Society: Comments that critique societal
norms, values, or general community prac-
tices. For example, 3SR (F1IF BTG #1741
QI &1 4 RIF IOIQ (English:  Italians
do not get food, they will increase birth rate
again).

* None: Comments that are ambiguous, or
completely neutral or positive. For example,
QI a3 39 Bfoe @ @ (4FF oo
ASTINS @IBIR TR (English: It should be
like this: it’s hard to bring politics into any
game).

A.2 Analysis and Statistics

We present the detailed class label distribution in
Table 6. The table reports the frequency of la-
bels across the three tasks, for the training, de-
velopment, and test splits. This breakdown high-
lights the inherent class imbalance across tasks,
with None being the most frequent label, whereas
categories such as Sexism or Religious Hate are un-
derrepresented. Such skewed distributions demon-
strate the challenge of building robust models capa-
ble of handling rare but socially significant cases
of hate speech. Moreover, Table 5 presents the dis-
tribution of class labels across word length bins for
the three tasks. The majority of samples in all splits
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fall within the <20, indicating that most instances
of hate speech in Bangla are expressed concisely.

In Figures 4 and 5, we present the relationship
between hate type and severity, and between hate
type and target, respectively. The None category
was excluded from the hate type for a concise vi-
sual representation. Figure 4 shows that Abusive
content is most prevalent, peaking at mild sever-
ity with a notable severe presence, while Political
Hate follows a smaller but similar trend. Profane
content stands out, concentrated in the severe cat-
egory, suggesting profanity as a marker of high
severity. Religious Hate appears at low frequency
across all severities, and Sexism is rare overall.
Mild severity emerges as the dominant category
across types. Figure 5 highlights that individuals
and organizations are the main targets, with abu-
sive expressions disproportionately directed at in-
dividuals.

Type of Hate x Severity of Hate

Abusive 5000

. 4000
Political Hate

3000

Profane 193 575 2,614
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Religious Hate
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Figure 4: Heatmap demonstrating the relationship be-
tween type of hate and severity.

Type of Hate x Target of Hate

Abusive
4000

Political Hate
3000

Profane 578 1,707 570

unod
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Religious Hate 373 184 72

1000

Sexism 95 7

Figure 5: Heatmap demonstrating the relationship be-
tween type of hate and target.



Word Length Bins

Split  Task Label <=10 1120 21-30 31-40 4150 51+
Abusive 4374 2438 801 311 115 173

Political Hate 1614 1415 625 259 139 175

Type of Hate Profane 1329 624 214 72 45 47
Religious Hate 281 233 81 42 19 20

Sexism 57 36 14 9 0 6

None 12624 4814 1353 508 265 390

Train Little to None 14433 5840 1699 683 336 498
Severity of Hate Mild 3207 2176 825 307 153 185
Severe 2639 1544 564 211 94 128

Community 1131 888 336 134 62 84

Individual 3146 1552 539 202 89 118

Target of Hate Organization 1755 1259 470 175 86 101
Society 951 694 293 124 58 85

None 13296 5167 1450 566 288 423

Abusive 599 315 121 37 16 25

Political Hate 212 197 92 33 16 24

Type of Hate Profane 190 104 26 6 7 9
Religious Hate 27 35 9 0 4 3

Sexism 11 7 0 1 0 0

None 1809 717 185 87 42 58

Dev Little to None 2079 864 239 106 54 75
Severity of Hate Mild 413 300 118 30 23 25
Severe 356 211 76 28 8 19

Community 141 111 49 18 6 13

Individual 429 203 76 19 12 16

Target of Hate Organization 261 196 78 23 11 15
Society 124 92 33 13 11 10

None 1893 773 197 91 45 65

Abusive 1224 711 228 68 40 41

Political Hate 434 431 183 91 23 58

Type of Hate Profane 371 207 79 32 9 11
Religious Hate 73 59 28 12 4 3

Sexism 17 10 1 1 0 0

None 3645 1390 373 159 59 125

Test Little to None 4153 1678 484 204 73 145
Severity of Hate Mild 885 680 243 96 38 59
Severe 726 450 165 63 24 34

Community 329 242 106 46 16 20

Individual 861 468 136 54 25 27

Target of Hate Organization 494 399 142 59 20 38
Society 260 206 91 36 11 21

None 3820 1493 417 168 63 132

Table 5: Detailed class label distribution with word length bin count.

B Prompts

We provide the instructions used to generate
prompts for all three tasks in Listings 1, 2, and 3.
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., Typeof Hate  Severity of Hate Target of Hate
Split Class LN Mild Severe Total Comm. Indiv. Org. Society None Total
Abusive 2,254 3,867 2,091 8,212 1,521 3,340 1,510 1,118 723 8,212
Political Hate 978 2,237 1,012 4,227 404 935 1,896 745 247 4,227
Profane 127 396 1,808 2,331 399 1,182 385 183 182 2,331
Train Religious Hate 150 301 225 676 283 119 51 147 76 676
Sexism 26 52 44 122 28 70 4 12 8 122
None 19,954 - - 19,954 - - - — 19,954 19,954
Total 23,489 6,853 5,180 35,522 2,635 5,646 3,846 2,205 21,190 35,522
Abusive 333 507 273 1,113 207 427 251 141 87 1,113
Political Hate 141 292 141 574 43 130 270 101 30 574
Profane 25 63 254 342 52 171 58 23 38 342
Dev  Religious Hate 16 36 26 78 28 18 4 17 11 78
Sexism 4 11 4 19 8 9 1 1 19
None 2,898 - - 2,898 - - - 2,898 2,898
Total 3,417 402 698 5,024 338 755 584 283 3,064 5,024
Abusive 646 1,075 591 2,312 441 891 465 306 209 2,312
Political Hate 263 702 255 1,220 124 263 541 231 61 1,220
Profane 41 116 552 1709 127 354 127 51 50 709
Test Religious Hate 29 93 57 179 62 47 17 34 19 179
Sexism 7 15 7 29 5 16 2 3 3 29
None 5,751 - - 5,751 - - - - 5751 5,751
Total 6,737 2,001 1,462 10,200 759 1,571 1,152 625 6,093 10,200

Table 6: Class label distribution of the dataset. LN: Little to None, Comm.: Community, Indiv.: Individual, Org.:

Organization

Additionally, the prompts employed for zero-shot
learning, fine-tuning, and inference are presented
in Listing 4.

We are creating an English
instruction-following dataset for Type
of Hate hate speech detection.

Read the given text carefully and
choose the most appropriate label for
the task from the label lists.

For the 'Type of Hate' task, the labels
are 'Abusive', 'Sexism', 'Religious Hate',
'Political Hate', 'Profane', and 'None'.
Select only one correct label for each
task based on the information provided
in the text and return your response in
the following json format.
{"type_of_hate": "Abusive"}

Write 10 very diverse and concise
English instructions. Only return the
instructions without additional text.
Do not generate additional text.

Return the instructions in a list
format as follows.
['sentl', 'sent2']

Listing 1: Prompt for generating instructions for Type
of Hate task.

We are creating an English
instruction-following dataset for Hate
Severity hate speech detection. Here is
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an example instruction:

Read the given text carefully and
choose the most appropriate label for
the task from the label lists.

For the 'Hate Severity' task, the labels
are 'Little to None', 'Mild', and
'Severe'. Select only one correct label
for each task based on the information
provided in the text and return your
response in the following Jjson format.
{"severity_of_hate": "Mild"}

Write 10 very diverse and concise
English instructions. Only return the
instructions without additional text.
Do not generate additional text.

Return the instructions in a list
format as follows.
['sentl', 'sent2']

Listing 2: Prompt for generating instructions for
Severity of Hate task.

We are creating an English
instruction-following dataset for the
Target of Hate task of hate speech
detection. Here is an example
instruction:

Read the given text carefully and
choose the most appropriate label for
the task from the label lists."+

For the 'Target of Hate' task, the
labels are 'Individuals',
'Organizations', 'Communities', 'Society',



and 'None'. Select only one correct
label for the task based on the
information provided in the text and
return your response in the following
json format.

{"type_of_hate": "Society"}

Write 10 very diverse and concise
English instructions. Only return the
instructions without additional text.
Do not generate additional text.

Return the instructions in a list
format as follows.
['sentl', 'sent2']

Listing 3: Prompt for generating instructions for Target
of Hate task.

You are a Bangla AI assistant
specialized in the hate speech
detection task. Your task is to
identify the correct label for the task.

Read the text and assign the correct
labels for the type of hate, severity
of hate, and target of hate. Return
only the answer without any
explanation, Jjustification, or
additional text.

For the 'Type of Hate' task, the labels
are 'Abusive', 'Sexism', 'Religious Hate',
'Political Hate', 'Profane', and 'None'.
For the 'Severity of Hate' task, the
labels are 'Little to None', 'Mild', and
'Severe'.

And for the 'Target of Hate' task, the
labels are 'Individuals',
'Organizations', 'Communities', 'Society',
and 'None'.

Select only one correct label for each
task based on the information provided
in the text and return your response in
the following JSON format.

{
"type_of_hate": "Abusive",
"severity_of_hate": "Mild",
"target_of_hate": "Society"

}

If you select the 'None' label for the
'Type of Hate' task, the labels for the
'Severity of Hate' and 'Target of Hate'
tasks would be 'Little to None' and
'None'.

Listing 4: Sample Prompt for zero-shot learning, model
fine-tuning, and inference.

You are a Bangla AI assistant
specialized in the hate speech
detection task. Your task is to
identify the correct label for the task.
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General Instructions
Understand the definitions for each
k: type of hate, severity of hate,

and target of hate.

#H#
2.

3.
fol
sho

{
}

* Type of Hate: this annotation task
involves having annotators annotate
Bangla text samples according to the
type of hate expressed. Each text is
categorized into one of six classes:
Abusive, Sexism, Religious Hate,
Political Hate, Profane, or None.

{Here we put the annotation
definition from Appendix A.1l.}

* Severity of Hate: this annotation
task involves having annotators
label Bangla text samples according
to the intensity of hateful content
expressed. The severity is
categorized into three levels:
Severe, Mild, and Little to None.
{Here we put the annotation
definition from Appendix A.1l.}

* Target of Hate: this annotation
task involves having annotators
label Bangla text samples based on
the intended target of the hateful
expression. The labels are divided
into five categories: Community,
Individual, Organization, Society,
and None.

{Here we put the annotation

definition from Appendix A.1l.}

Task Instructions

**Analyze the input text and labels**
* Read the content carefully.

* Read the provided labels carefully.
* Generate a synthetic
Chain-of-thought thinking style
dataset in Bangla using the given
definitions, input text, and labels.

* Do not mention the labels in
Chain-of-thought.

Provide explanations in the

lowing JSON format, and explanations
uld be in plain text:

"bangla_cot": []

Listing 5: Sample Prompt for CoT generation.

{

"role": "system",

"content": "You are a Bangla AI
assistant specialized in the hate
speech detection task. Your task is
to identify the correct label for
the task."

}I

{

"role": "user",

"content": """Begin by confirming you



understand the three annotation
schemes (Type, Severity, Target).
For each input comment, determine
the most appropriate single label
from each list below:
* Type: Abusive, Sexism,
Religious Hate, Political Hate,
Profane, None.
* Severity: Little to None,
Severe.
* Target: Individual,
Organization, Community,
None.

Mild,

Society,

After labeling, produce a concise
Chain-of-thought in plain text
describing the cues in the comment
(words, context, implied target,
intensity) that led to your choices.
Format and return the result as the
JSON example below.
{
"Chain-of-thought":
"Labels": {
"type_of_hate":
"severity_of_hate":
"target_of_hate": ""

no
!

non

nou
1

}
}
Input text:
I
{
"role": "assistant',
"content": ""'"{
"Chain-of-thought":
"Labels": {
"type_of_hate":
"severity_of_hate":
"target_of_hate": ""

{input_text}"""

non
!

non
!

[Nl
1

}
}II [l
}
]

Listing 6: Sample Prompt for Col' model fine-tuning,
and inference.

C Training vs Validation Loss

We analyze the loss dynamics during fine-tuning
to assess training stability and generalization. As
shown in Figure 6, both training and validation
losses decrease steadily across all three epochs and
remain closely aligned throughout, with no observ-
able divergence. This consistent trend indicates
stable optimization and provides no evidence of
overfitting during fine-tuning.

D Cross-Domain Evaluation

We also performed a cross-domain experiment us-
ing BanglaLLM on the BD-SHS dataset. As
shown in Table 7, BanglaLLM performs notice-
ably lower than dataset-trained baselines, partic-
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Figure 6: Training vs Validation loss of Qwen3.

Model Task  Acc. P. R. F1
Baseline Hate - 0901 0901 0.901
BanglaLLM 0.803 0.804 0.803 0.803
Baseline Tvpe - 0773 0.681 0.721
BanglaLLM  °P¢ 0630 0.690 0.630 0.630
Baseline — 0.885 0.857 0.868
Target
BanglaLLM 0.482 0.822 0.482 0.482
Table 7: Cross-Domain performance on BD-SHS

dataset using BanglaLLM. Acc.: Accuracy, P.: Preci-
sion, R.: Recall, F1: micro-F1 score.

ularly on the Target classification task. This re-
inforces our main claim: LLMs and fine-tuned
models exhibit domain sensitivity in Bangla hate
speech, and transferring from YouTube discourse
to social-media corpora remains challenging.

E Detailed Result Analysis

Category-wise Performance We present the
category-wise performance of BanglaBERT and
Gemini in Figures 7 and 9, respectively. As shown,
BanglaBERT demonstrates more consistent and
better performance across categories, particularly
in linguistically complex or sensitive domains such
as National and Religion. In contrast, Gemini ex-
hibits greater variability across domains, perform-
ing competitively in general or informal categories
like Entertainment and Sports but lagging in cul-
turally nuanced contexts such as National and Pol-
itics. These results highlight the advantage of in-
language pretraining for capturing domain-specific
and culturally grounded expressions of hate speech.
Moreover, both models performed poorly in the
History category, indicating their limited under-
standing of historical information.

Error Analysis We also conduct a class-wise
performance analysis across several models. The



Class Abusive None Political Hate Profane Religious Hate Sexism
Abusive 1275 638 245 39 115 0
None 742 4641 269 55 44 0
Political Hate 245 196 727 9 43 0
Profane 129 33 28 516 3 0
Religious Hate 27 40 7 5 100 0
Sexism 14 13 1 0 1 0

Table 8: Confusion matrix of BanglaBERT for the Type of Hate task.
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Figure 7: Category-wise result analysis of
BanglaBERT.
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Figure 8: Category-wise result analysis of Gemini-2.5-
pro.

results reveal substantial variation in how mod-
els handle low-frequency categories, with aggre-
gate metrics such as micro-F1 often masking im-
portant class-specific deficiencies. For instance,
BanglaBERT fails to correctly predict any in-
stances of the Sexism class, whereas GPT-5 cor-
rectly identifies 18 out of 19 Sexism samples, indi-
cating strong sensitivity to this rare category. How-
ever, this advantage does not generalize: GPT-5
performs poorly on more frequent yet semantically
heterogeneous classes such as Abusive (818/2312
correct) and Profane (206/709 correct), highlight-
ing pronounced inconsistency across categories.
We observe similar patterns for the Gemini-2.5-
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pro and Qwen3 models, which also exhibit un-
even class-wise performance—showing sensitivity
to certain low-frequency categories while strug-
gling with more frequent, semantically diverse
classes. These findings demonstrate that strong
performance on rare classes does not necessarily
imply robust overall classification. To better illus-
trate these class-wise error patterns, we present the
confusion matrices for Type, Severity, and Target
of Hate tasks using BanglaBERT in Table 8, 9, and
10, respectively. Moreover, we also include rep-
resentative qualitative examples illustrating com-
mon failure patterns for BanglaBERT and GPT-5
in Figure ??. These cases highlight how models
often misinterpret politically charged language as
general abuse or incorrectly infer hate in contexts
involving sensitive geopolitical actors.

Example 1:
Comment: IFAE SR @ SR 7 SUTAIS (St SHE ST @ 7t
Gold Labels: Political Hate, Severe, Individual
Predicted Labels:  Abusive, Mild, Individual
Model: BanglaBERT

Example 2:

TRIANIER @1 @16 SRR AR ST @3 @ J @ I AT
A AT ORI 15 T A AT W N TR 90 I RPYT (7R 9t @
@I AN AT 55 (73 WA (2T ST A T

Comment:

Gold Labels: None, Little to None, None
Predicted Labels: Political Hate, Mild, Community
Model:
Figure 9: Category-wise result analysis of Gemini-2.5-

pro.

GPT-5

Class Little to None Mild Severe
Little to None 5,684 813 240
Mild 685 864 452
Severe 244 401 817

Table 9: Confusion matrix of BanglaBERT for the
Severity of Hate task.



Class Community Individual None Organization Society

Community 357 73 224 81 24
Individual 84 999 390 71 21
None 230 400 5,023 261 179
Organization 94 103 253 661 41
Society 87 38 181 65 254

Table 10: Confusion matrix of BanglaBERT for the Tar-
get of Hate task.

F Data Release

The BanglaMultiHate dataset will be released
under the CC BY-NC-SA 4.0 — Creative Com-
mons Attribution 4.0 International License:
https://creativecommons.org/licenses/
by-nc-sa/4.0/.
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