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Abstract

Online safety in low-resource languages relies
on effective hate speech detection, yet Bangla
remains critically underexplored. Existing re-
sources focus narrowly on binary classification
and fail to capture the evolving, implicit nature
of online hate. To address this, we introduce
BANHATE, a large-scale Bangla hate speech
dataset, comprising 19,203 YouTube comments
collected between April 2024 and June 2025.
Each comment is annotated for binary hate la-
bels, seven fine-grained categories, and seven
target groups, reflecting diverse forms of abuse
in contemporary Bangla discourse. We develop
a tailored pipeline for data collection, filtering,
and annotation with majority voting to ensure
reliability. To benchmark BANHATE, we eval-
uate a diverse set of open- and closed-source
large language models under prompting and
LoRA fine-tuning. We find that LoRA sub-
stantially improves open-source models, while
closed-source models, such as GPT-40 and
Gemini, achieve strong performance in binary
hate classification, but face challenges in detect-
ing implicit and fine-grained hate. BANHATE
sets a new benchmark for Bangla hate speech
research, providing a foundation for safer mod-
eration in low-resource languages. Our dataset
is available at: https://huggingface.co/
datasets/aplycaebous/BanHate.

Disclaimer: This paper contains potentially
offensive content essential to the subject matter.

1 Introduction

Social media has revolutionized human communi-
cation, making unprecedented transformations in
connecting people and relaying information (Ka-
plan and Haenlein, 2010). With a user adoption
rate of more than 50% and daily spending time
exceeding two hours (Gudka et al., 2023), social
media has become an integral part of our lives.
Yet the evolution of digital technology and online
connectivity resulted in the proliferation of online
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hate content, with studies attesting to the rising
trend of hate in mainstream social networks (Goel
et al., 2023). Hateful comments can be theorized as
means of externalizing internal upheaval and vent-
ing bottled-up emotions (The Havok Journal, 2023),
with users preferring their native language for emo-
tional salience (Reghunathan and Asha, 2022).

As of 2025, Bangla is spoken natively by over
240 million people (Wikipedia, Ethnologue, 2025),
making it one of the most critical languages for
online hate moderation. Nevertheless, studies re-
veal a persistent gap in this domain. While sev-
eral datasets have been developed for Bengali hate
speech detection (Sharif et al., 2022; Romim et al.,
2020), they fail to capture the rapidly evolving
nature of online discourse, particularly the gener-
ational shifts in expressions introduced by Gen Z
and Gen Alpha. This necessitates the creation of
new, updated Bangla datasets.

Recently, large language models (LLMs) have
shown impressive performance in a range of clas-
sification tasks, including hate speech detection
(Haider et al., 2025). However, the increasing sub-
tlety and implicitness of hateful content continue
to pose a challenge. Current models often struggle
to infer the underlying intent of such speech and
fall short of expectations in detecting implicit hate
(Kim et al., 2022).

To bridge this gap, we introduce BANHATE,
a hate speech dataset constructed from recent
YouTube comments. The dataset reflects the lin-
guistic styles of newer generations and captures
implicit forms of hate rarely represented in earlier
resources. All comments were carefully validated
by human annotators to ensure that they contain
genuinely targeted speech. Furthermore, we evalu-
ate a suite of LoRA-based fine-tuned models along-
side closed-source LLMs on this dataset to assess
their effectiveness in identifying implicit hate.
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Datasets #NH #H H:NH Data Source #Annotators
Sharif et al. (2022) 7,361 8,289 1.12  YouTube, Facebook 2
Belal et al. (2023) 7,585 8,488 1.12 Previous Datasets 2
Romim et al. (2020) 20,000 10,000 0.50  YouTube, Facebook 50
BANHATE (Ours) 10,048 9,155 0.91 Youtube 4

Table 1: Comparison between existing datasets based on the number of Non-Hate (#NH), Hate (#H) samples, hate
to non-hate ratio (H:NH), source of dataset (Data Source), number of annotators (#Annotators). The hate speech
datasets include similar data classes, e.g., aggression and toxic speech.

2 Related Work

Early research on hate speech detection predomi-
nantly treated it as a binary classification problem
(Djuric et al., 2015; Badjatiya et al., 2017; MacA-
vaney et al., 2019). Subsequent works expanded
to multi-class (Walsh and Greaney, 2025; Hashmi
and Yayilgan, 2024) and multi-label formulations
(Ilma et al., 2021), enabling more nuanced repre-
sentations of hate across social, political, and cul-
tural dimensions. Recent efforts have also explored
multimodal hate speech detection, integrating tex-
tual and visual modalities (Boishakhi et al., 2021;
Barua et al., 2024), as well as multilingual and
cross-lingual models leveraging architectures such
as mBERT to extend detection across languages
(Aluru et al., 2020; Ousidhoum et al., 2019).

Despite these advancements, Bangla remains un-
derexplored compared to high-resource languages.
Early studies primarily addressed binary hate
speech detection (Remon et al., 2022; Das et al.,
2022), reflecting the scarcity of linguistic resources.
Subsequent research broadened the scope to related
domains, including abusive language detection (Au-
rpa et al., 2022; Emon et al., 2019), cyberbullying
(Ahmed et al., 2021; Saifuddin et al., 2023), gen-
der discrimination and sexism (Jahan et al., 2023),
and toxic content classification (Belal et al., 2023).
More recent efforts have advanced toward multi-
label settings, categorizing hate by target domains
such as religion, politics, and gender (Sharif et al.,
2022; Haider et al., 2025; Romim et al., 2020).

3 The BANHATE Dataset

The creation of BANHATE (Bangla Hate Speech
Detection) dataset was systematically collected and
annotated to address the scarcity of resources for
hate speech detection in low-resource languages.
It comprises 19,203 curated comments covering
seven target groups and seven hate categories, en-
abling fine-grained analysis (Figure 1).

Video Category Hate Non-Hate
Entertainment 2,007 1,762
International 1,720 1,296
News & Politics 3,801 2,541
People & Blogs 585 2,494
Sports 1,042 1,955

Table 3: Hate distribution by video category.

3.1 Data Collection

We collected comments from 328 YouTube videos
across five categories: News & Politics, Entertain-
ment, People & Blogs, International, and Sports,
spanning April 2024 to June 2025. Only top-level
comments were extracted, resulting in 26,730 com-
ments.

3.2 Data Filtering

We removed non-Bangla comments as our dataset’s
focus is on Bangla hate speech detection, and com-
ments shorter than 20 characters were removed
as they lack meaningful context. By filtering, we
reduced the dataset to 20,439 comments.

3.3 Data Cleaning

We removed duplicate comments and extraneous
content, e.g., URLs, hashtags, and personal identi-
fiers, resulting in 19,203 clean comments for data
annotation.

Year Hate Non-Hate
2017 105 70
2019 31 364
2020 265 197
2021 58 313
2022 466 1,553
2023 970 1,774
2024 2,780 2,693
2025 4,480 3,084

Table 4: Hate distribution against video upload year.
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Figure 1: BANHATE dataset development pipeline illustrating the four-stage process: (a) data collection from social
media platforms, (b) data filtering to remove non-relevant content, (c) data cleaning to eliminate duplicates and
extraneous elements, and (d) data annotation & validation.

Hate Category Entertainment International News & Politics People & Blogs Sports
Abusive/Violence 571 787 1586 193 174
Body Shaming 94 5 34 15 4
Gender 730 3 201 97 9
Origin 105 304 256 64 46
Personal Offence 1146 662 1942 450 873
Political 46 328 1422 37 168
Religious 98 615 140 47 9

Table 2: Relationship Between hate and video categories.

3.4 Data Annotation

We adopted a two-stage approach for data anno-
tation. First, four native Bangla-speaking under-
graduate annotators labeled each comment as Hate
or Non-Hate. Their prior experience with social
media usage ensured high-quality annotations that
captured nuanced hate content. Second, hate com-
ments were further categorized by target group and
type of hate. The final labels were determined
via majority vote. The annotators were provided
monetary compensation. The annotation guidelines
provided to the annotators have been reported in
Appendix A.

3.5 Data Validation

We evaluated inter-annotator agreement using Co-
hen’s kappa (x), shown in Table 5. For the primary
Hate vs. Non-Hate task, we obtained ~ scores of
0.81 (Hate) and 0.75 (Non-Hate), averaging 0.78,
which is substantially higher than prior work on
content moderation (~0.53) (Islam et al., 2021),
reflecting effective annotator selection and clear
guidelines.

For hate categories, agreement was highest
for Personal Offense (0.83) and Abusive/Violent
(0.81), where definitions are clearer, and lower for
more subjective categories such as Origin (0.67)
and Body Shaming (0.69). Among target groups,
Female (0.81) and Male (0.77) showed strong
agreement, while Group (0.66), Country (0.68),
and Religion (0.67) were lower, suggesting that
identifying hate toward specific collectives is in-

herently more challenging and may benefit from
additional guidance.

Label Kappa(x) Avg.
Primary Hate 0.81 0.78
Non Hate 0.75
Personal Offence ~ 0.83
Abusive/Violance  0.81
Political 0.74
Hate Gender 0.77 0.75
Categories  Religious 0.72
Origin 0.67
Body Shaming 0.69
Male 0.77
Female 0.81
Group 0.66
Targeted Organization 0.69 0.72
Groups Country 0.68
Religion 0.67
Politics 0.73
Table 5: Inter-annotator agreement for the BAN-

HATEdataset, measured using Cohen’s kappa () across
the binary task, hate categories, and targeted groups,
with averages indicating substantial reliability.

Type Total Count Percentage (%)
Single 5,437 59.39%
Multiple 3,718 40.61%

Table 8: Distribution of single and multiple hate labels
in BANHATE.
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Figure 2: Distribution of different categories in BANHATE.

Splits

Train 15362
Test 3841
General Statistics

Samples 19203
Videos 318
Hate Samples 9,155
Non-Hate Samples 10,048
Video Categories 5
Hate Categories 7
Target Groups 7
Samples Hate Non-Hate
Train 7324 8038
Test 1831 2010
Mean word count 15.78 12.74
Max word count 496 514
Min word count 5 6

Table 6: Dataset statistics of BANHATE.

3.6 Dataset Statistics

Table 6 presents the key statistics of our BANHATE
dataset. Table 7 summarizes the major incidents
represented in the dataset, spanning July 2024 to
June 2025. The most prevalent hate categories ob-
served across these events are Abusive/Violent, Per-
sonal Offense, and Political. Figure 2 illustrates the
distributions of video categories (Figure 2a), hate
categories (Figure 2b), and target groups (Figure
2¢). The data reveal that the majority of comments
originate from News & Politics videos. Personal
Offense and Abusive/Violence account for over
60% of all hate-labeled comments.

4 Experiment Design

We selected a diverse set of LLMs and classified
our experimental designs into two categories: (i)
Prompt-based Experiments and (ii) LoRA Fine-
tuning Experiments.

4.1 Prompt-Based Experiments

For the prompt-based experiments, we considered
zero-shot and chain-of-thought prompting (Wei
et al., 2022). Details of prompts used in the ex-
perimentation are given in the Appendix B.

4.2 LoRA Fine-Tuning

We fine-tuned open-source LLLMs using LoRA (Hu
et al., 2022), which adapts pre-trained weights ef-
ficiently via low-rank updates rather than updat-
ing all parameters. Given a pre-trained and frozen
weight matrix W, LoRA adds a learnable low-
rank update AW = ABT, where A € R¥"
and B € R are the trainable matrices, and
r < d. The updated weights are computed as:
W' =W+ AW =W + ABT.

This formulation allows the model to capture
task-specific knowledge while retaining the gener-
alization capabilities of the pre-trained backbone.
The matrices A and B are trained using the loss
function defined for the downstream task. In our
case, we optimize these parameters using the clas-
sification loss L¢jass, Which denotes the standard
cross-entropy loss used for the hate speech classifi-
cation task. In addition, we introduce a hierarchical
loss Lyier to jointly model hate category and target
group detection, reflecting the dependency between
coarse-grained and fine-grained labels. The hierar-
chical loss is defined as:

£Hier = ACCat + £Gr0upICat>



Time Period Event

Samples

Major Hate Categories

Apr’ 2025 Pahalgam attack
Jun’ 2025 Iran - Israel War
May’ 2025 Ind-Pak War

July’24 - Aug’24
Aug’24 - Nov’'24

Quota Reform Movement
Post-Regime Change Events

546 Origin, Religious, Personal
1638  Abusive/Violence, Religious, Personal
707 Abusive/Violence, Personal
1542  Abusive/Violence, Political, Personal
1483  Abusive/Violence, Political, Personal

Table 7: Events Covered in Dataset with Number of Hate Samples and Major Hate Categories

Target Group A/V Body Shaming Gender Origin P Off Political Religious
Country 587 0 0 583 444 317 147
Female 528 90 947 39 1264 132 71
Group 874 18 75 159 861 269 67
Male 1034 54 112 98 2293 457 115
Organization 632 0 119 75 824 899 33
Politics 182 0 11 21 79 240 24
Religious 310 1 21 100 209 225 792

Table 9: Target Group & Hate Category Relation. A/V refers to Abusive/Violence and P Off refers to Personal

Offence respectively.

where Ly is the cross-entropy loss for hate cate-
gory prediction, Lgroupicac 1S the conditional loss
for target group prediction given the predicted cat-
egory. We configured LoRA with o = 64, r = 64,
a dropout rate of 0.01, a learning rate of 1 x 1074,
and a batch size of 4 to 32. LoRA was applied
to all weight matrices of the pre-trained models,
and each model was fine-tuned for a single epoch.
For inference, we used VLLM (Kwon et al., 2023),
while LLaMA-Factory (Zheng et al., 2024) was
used for LoRA fine-tuning. To ensure reproducibil-
ity, an evaluation is performed using greedy decod-
ing with a temperature of 0 and no sampling.

4.3 Baselines

We evaluate five open-source models: Qwen-2.5-
7B (Qwen et al., 2025), Gemma-3-12B (Team et al.,
2025), Llama-3.1-8B (Dubey et al., 2024), Phi-4
14B (Abdin et al., 2024), and Mistral 7B (Jiang
et al., 2023), and two closed-source models: Gem-
ini 2.5 Flash and GPT 4o.

S Result and Analysis

5.1 Hate Speech Detection

Table 12 compares five open-source LLMs on Pre-
cision, Recall, and F1 across three setups: Zero-
Shot, Chain-of-Thought (CoT), and LoRA Fine-
Tuning.

5.1.1 Zero-Shot Prompting

Gemma-3 12B leads with the highest F1 for Non-
Hate (84.76%) and Hate (80.64%), showing strong
generalization capabilities. Mistral 7B achieved
high Precision (Hate 97.08%) and Non-Hate Recall
(97.62%) but low Hate Recall (60.15%), resulting
in a moderate F1 (74.28). Phi-4 had the highest
Hate Recall (82.58%) but extremely low Precision,
yielding an F1 of 18.27%. LLaMA-3.1 8B and
Qwen-2.5 7B showed average performance, with
Qwen favoring recall over precision.

5.1.2 Chain-of-Thought (CoT) Prompting

Gemma-3 12B performed consistently, reflecting
its robustness in the CoT setting. LLaMA-3.1 8B
improved notably compared to zero-shot prompt-
ing, reaching Non-Hate F1 of 80.94%, highlight-
ing substantial gains from explicit reasoning. Mis-
tral showed an imbalance: high non-hate precision
(93.91%) and hate recall (98.14%), but non-hate
recall fell to 26.17%, thus, reducing hate F1 to
40.94%. Qwen-2.5 7B also degraded performance
with hate F1 dropping to 33.99%.

5.1.3 LoRA Fine-Tuning.

LoRA fine-tuning yields the most consistent and
substantial performance gains across all models.
LLaMA-3.1 8B achieves the highest F1 scores
for both Non-Hate (85.96%) and Hate (83.83%)
classes, demonstrating effective task adaptation.



Hate Category (F1)

Overall Metrics

Models
POff A/V Pol Gen Rel Ori BS  Micro Macro Subset Acc Hamming
Zero Shot Prompting
Qwen-2.5-7B 17.28 2847 41.10 2222 49.66 21.65 16.13 2743 28.07 14.25 21.13
Gemma-3-12B  66.43 50.05 4441 39.04 6429 2545 0894 51.25 42.66 27.25 20.29
Llama-3.1-8B 61.36 40.06 42.54 4694 40.82 04.85 33.47 17.40 15.96 02.08 40.29
Phi-4 14B 5469 3749 49.78 17.19 56.57 2824 08.89 4392 36.12 21.57 22.81
Mistral 7B 3401 0259 3691 1857 24.88 1506 06.56 23.28 19.80 01.80 39.13
Chain of Thought (CoT)
Qwen-2.5-7B 18.18 29.06 10.55 29.83 5338 1297 04.60 23.35 22.65 09.63 19.35
Gemma-3-12B  52.79 58.78 48.57 28.88 61.27 21.00 17.50 51.46 41.26 14.34 19.17
Llama-3.1-8B 5345 51.19 3442 1053 5486 34.06 0656 45.69 35.01 10.84 19.17
Phi-4 14B 1559 4433 21.58 27.14 5774 2581 13.04 29.72 29.32 10.07 19.60
Mistral 7B 67.26 4845 11.79 03.69 1947 17.17 08.89 44.10 25.25 01.42 30.88
LoRA Fine-Tuning

Qwen-2.5-7B 59.93 5258 4891 5434 68.41 3551 00.00 55.03 45.67 63.11 08.12
Gemma-3-12B  63.81 55.36 53.60 56.78 7133 40.01 13.63 58.58 50.65 64.79 10.23
Llama-3.1-8B 63.68 54.14 5429 5521 7024 40.51 23.26 58.12 51.62 62.46 08.34
Phi-4 14B 60.74 5147 51.13 4735 6721 3636 15.00 55.00 47.04 60.46 08.56
Mistral 7B 60.97 51.71 5046 5320 67.89 3521 11.76 55.55 47.31 42.30 12.81

Table 10: Performance Analysis of the models on Hate Category. P Off, A/V, Pol, Gen, Rel, Ori, and BS refer to
Personal Offence, Abusive/Violence, Political, Gender, Religious, Origin, and Body Shaming, respectively. Color
marks the highest performance for each configuration and metric.

Target Group Overall
Models
Male Female Group Org Country Rel Pol Micro Macro Subset Acc Hamming
Zero Shot Prompting
Qwen-2.5-7B 06.92 18.47 10.55  21.33 35.97 26.67 33.87 19.65 21.97 11.08 18.49
Gemma-3-12B  54.71 67.84 34.25  34.17 50.25 43.68 0683 38.66 41.68 00.54 38.02
Llama-3.1-8B  46.46  54.70 30.28  35.05 40.96 39.16 1198  36.76 36.94 00.81 38.22
Phi-4 14B 32.69  67.90 31.38 4045 39.77 31.86 1131 35.86 36.48 04.97 32.76
Mistral 7B 00.00  20.41 3247 0496 38.78 26.73 10.84 23.38 19.17 00.93 38.71
Chain of Thought
Qwen-2.5-7B 17.89 3541 29.12  06.81 37.88 39.39  04.65 26.89 24.45 15.59 18.41
Gemma-3-12B  06.18  57.04 32.53 15.56 33.70 41.35 09.20 28.75 27.94 03.07 27.41
Llama-3.1-8B  48.31 45.13 34.01 09.62 42.33 4440 0597 37.98 32.82 17.57 22.14
Phi-4 14B 33.74  27.90 3747 37.52 47.46 60.62 14.29 37.88 37.00 22.71 22.14
Mistral 7B 02.95 01.03 05.85 0IL.12 09.89 2232  05.08 11.38 06.89 05.14 25.69
LoRA Fine Tuning

Qwen-2.5-7B 61.65 68.28 4491 57.14 63.83 7296 20.59 59.92 55.62 46.91 11.98
Gemma-3-12B  65.76  71.54 4713 59.99 66.38 7742 18.09 63.17 58.04 48.81 13.68
Llama-3.1-8B 65.87  70.79 4535 58.84 64.93 77.87 11.59 62.41 56.46 46.70 11.38
Phi-4 14B 61.81 68.75 41.02 5421 61.49 76.02 22773 5890  55.15 45.21 12.21
Mistral 7B 65.10  68.63 44.63  61.10 66.50 74.85 22.73 58.90 55.15 50.06 11.65

Table 11: Performance Analysis of the models on Target Groups. Org, Rel, and Pol refer to Organization, Religion,
and Political, respectively. Color marks the highest performance for each configuration and metric.

Under this setting, all models exhibit improved bal-
ance between precision and recall. Qwen-2.5 7B
and Gemma-3 12B also deliver strong results, both
surpassing the 85% F1 threshold for the Non-Hate
class and exceeding 81% in the Hate class.

5.2 Hate Category Detection

Table 10 shows the performance across different
hate categories, the previous three settings.

5.2.1 Zero-Shot Prompting

Gemma-3 12B delivers the strongest overall per-
formance, with the highest F1 scores across
most hate categories, including Personal Offense
(66.43%), Abusive/Violence (50.05%), and Re-
ligious (64.29%), as well as leading in both
macro (42.66%) and micro (51.25%) averages.
LLaMA-3.1-8B shows good performance in the
Gender (46.94%) and Body Shaming (33.47%) cat-



Models Non-Hate Hate
P R F1 P R F1
Zero Shot Prompt
Qwen-2.5-7B 64.52 9339 7631 85.64 4345 57.61
Gemma-3-12B  79.74 9047 84.76 87.66 74.66 80.64
Llama-3.1-8B 5722 8298 67.74 83.39 5794 68.37
Phi-4 14B 3542 8844 5058 71.76 82.58 18.27
Mistral 7B 65.05 97.62 78.08 97.08 60.15 74.28
Gemini 2.5 68.65 96.23 8042 93.06 5634 69.72
GPT 40 73.15 9527 83.10 9322 65.14 77.26
Chain of Thought
Qwen-2.5-7B 5825 9841 73.18 92.10 20.84 33.99
Gemma-3-12B  79.36  90.12 84.40 87.19 74.17 80.15
Llama-3.1-8B 7545 87.29 8094 83.06 68.69 75.19
Phi-4 14B 6342 9636 7650 90.64 38.78 54.32
Mistral 7B 9391 26.17 4094 5477 98.14 70.31
Gemini 2.5 70.88 96.04 82.68 93.10 57.82 70.53
GPT 40 7439 96.04 8346 93.17 68.82 79.27
LoRA Fine Tuning
Qwen-2.5-7B 81.07 90.29 8543 87.84 76.89 82.00
Gemma-3-12B 8149 8934 8521 86.87 77.53 81.89
Llama-3.1-8B  84.31 87.67 85.96 8571 81.94 83.83
Phi-4 14B 7942 90.73 8470 87.86 74.04 80.36
Mistral 7B 81.14 88.67 84.74 86.08 77.26 8143

Table 12: Benchmarking results of open and closed
source models on the test split of BANHATE. P, R, and
F1 represent Precision, Recall, and F1 Score, respec-
tively. Color marks the highest performance for each
configuration and metric.

egories but exhibits lower overall accuracy. Phi-4
14B performs well in Political (49.78%) and Ori-
gin (28.24%) hate categories, though its perfor-
mance remains inconsistent across other categories.
Qwen-2.5-7B and Mistral 7B record comparatively
weaker results, particularly in maintaining subset
accuracy and categorical coherence.

5.2.2 Chain-of-Thought (CoT) Prompting

The performance in this configuration is more un-
even than in previous setups. Gemma-3 12B again
leads with consistently strong results across multi-
ple hate categories. LLaMA-3.1 8B shows targeted
gains in Origin (34.06%) and Religious (54.86%)
hate detection, though its subset accuracy remains
unstable. Mistral 7B excels in Personal Offence
(67.26%), highlighting category-specific strength
but limited generalization. Qwen-2.5 7B and Phi-
4 14B show overall declines across most metrics
under this configuration.

5.2.3 LoRA Fine-Tuning

Similar to the hate speech detection results, fine-
tuning delivers the most consistent and substan-
tial gains across all models. Gemma-3 12B and
LLaMA-3.1 8B clearly dominate, leading in most
categories and overall metrics. LLaMA-3.1 8B ex-

cels in Political (54.29%), Origin (40.51%), and
Body Shaming (23.26%) detection, while Gemma-
3 12B shows strong proficiency in Personal Of-
fence (63.81%), Abusive/Violent (55.36%), Gender
(56.78%), and Religious (71.33%) hate. All mod-
els achieve higher macro/micro F1 and accuracy,
highlighting the clear advantage of task-specific
fine-tuning. Mistral shows improved subset classi-
fication via a higher Hamming score but still lags
behind in overall accuracy.

5.3 Target Group Detection

Table 11 reports the performances of the models in
different target groups, and overall evaluation met-
rics in three settings: Zero-Shot, Chain-of-Thought
(CoT), and LoRA Fine-Tuning.

5.3.1 Zero Shot Prompting

Gemma-3 12B delivers the strongest overall perfor-
mance, leading most categories: Male (54.71%),
Country (50.25%), Group (34.25%), and Religion
(43.68%), while also achieving the highest macro
(41.68%) and micro (38.66%) F1 scores. LLaMA-
3.1 8B and Phi-4 14B follow, with Phi-4 showing
exceptional strength in Organization (40.25%) and
Female (67.90%) detection. Mistral 7B and Qwen-
2.5 7B rank lower overall, though Qwen-2.5 attains
top accuracy in select subsets.

5.3.2 Chain-of-Thought (CoT) Prompting

Phi-4 14B leads in multiple categories: Group
(37.47%), Organization (37.52%), Country
(47.46%), Religion (60.62%), and Political
(14.29%), while attaining the highest macro-
average (37.00%). LLaMA-3.1 8B shows
consistent gains across categories and achieves
the best score in the Male category (48.31%).
Gemma-3 12B performs unevenly, excelling in the
Female (57.04%) category but underperforming
elsewhere. Mistral 7B consistently ranks last on all
metrics, except for the hamming score.

5.3.3 LoRA Fine-Tuning

Similar to the previous analyses, all models show
consistent improvement across categories. Gemma-
3 12B and LLaMA-3.1 8B excel in the Female
(71.54%), Group (47.13%), and Religion (77.87%)
categories and Macro F1, Mistral 7B in the Organi-
zation (61.10%) and Country (66.50%) categories,
and Subset Accuracy (50.06%). Phi-4 14B per-
forms best in Political (22.73%) classification but
trails the others in overall accuracy.
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Figure 3: Error analysis of the LoRA finetuned models on Bengali hate speech detection. Detailed and accurate
parts are emphasized in green and bold letters. The mistakes are highlighted in red.

5.4 Closed Source Models

Table 12 compares Gemini 2.5 Flash and GPT-
40 under Zero-Shot and Chain-of-Thought (CoT)
prompting for Hate vs. Non-Hate classification,
using F1 scores as the primary metric. In the Zero-
Shot Prompting, GPT-40 outperforms Gemini 2.5
with higher F1 scores in both Non-Hate (83.10%)
and Hate (77.26%) categories. Gemini’s strongest
metric is its high Non-Hate recall (96.23%), indicat-
ing strong sensitivity, but with reduced precision.
Gemini’s subpar Hate recall weakens its overall
classification performance. Both models improve
performance in Chain-of-Thought (CoT) prompt-
ing, but GPT-40 maintains its lead.

6 Qualitative Error Analysis

We find several notable patterns and recurring er-
rors in hate speech detection, e.g., Gemma-3 fre-
quently misclassifies aggressive or threatening dis-
cussions as peaceful and constructive. This could
be due to insufficient contextual cues for violence
or aggression in the training data. We also hypoth-
esize that this effect of inadequacy is somewhat
mitigated when the models are fine-tuned. Figure 3
errors that persist in fine-tuned models, allowing us
to analyze beyond the training distributional biases.

In Figure 3, we observe LLaMA-3.1 and Qwen-
2.5 models in zero-shot prompting misclassifies
texts as non-hateful. However, the chain of thought
prompting enables the models to correctly classify
the texts as hateful while producing proper explana-
tions against the claims. Hence, LoRA fine-tuning
combined with chain of thought prompting mini-
mizes the errors produced by the models.

7 Discussion: Pretraining Distribution

Variations in model performance are closely tied to
the underlying distribution of the pretraining data.
Models exposed to a larger amount of Bangla text
should develop a better linguistic understanding,
while insufficient data prevents the model from
capturing the nuances of hate speech. The nature
of the data can also play a critical role, e.g., real-
world and updated Bangla sources may generalize
better than an outdated corpus in limited settings.
Unfortunately, analyzing the attribution of perfor-
mance variation to the training data is infeasible
as none of the evaluated models publicly disclose
their pretraining data. The opacity highlights a
broader limitation of interpreting model behaviour
in low-resource languages.

8 Conclusion

We present BANHATE, a Bangla hate-speech
dataset spanning 19,203 YouTube comments from
April 2024 to June 2025 across five content do-
mains and seven hate categories/target groups.
The dataset enables classification training and
evaluation. Using a diverse suite of open and
closed-source LLMs under zero-shot, chain-of-
thought prompting, and LoRA fine-tuning strate-
gies, we showed that prompting and fine-tuning
strongly influence detection performance. LoRA
fine-tuning delivers consistent gains in both hate
and non-hate F1. We hope that our dataset and find-
ings will be a valuable resource for future research
on low-resource languages such as Bangla.



Limitations

BANHATE comprises only YouTube top-level com-
ments collected between April 2024 and June 2025,
limiting the validity of the dataset to a single plat-
form only. Our evaluation reports results from a
single LoRA epoch with greedy decoding, lacking
a held-out development set or multi-seed runs.
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A Annotation Guidelines

Annotators were instructed to evaluate each com-
ment to determine whether it constitutes hate
speech. If so, they identified the specific target
group, assigned one or more relevant hate cate-
gories. Each comment was evaluated within its
broader context, including metadata such as video
title, publication date, and thematic category, e.g.,
News & Politics, Entertainment. These annotation
instructions were designed to ensure high inter-
annotator agreement and encourage objective and
consistent judgments.

A.1 General Annotation Instructions

* Target-Orientation: Each comment was an-
notated by identifying the target group(s) from
a predefined list: Male, Female, Group, Orga-
nization, Country, Religious, Politics.

» Hate-Label Classification: Each comment
can be assigned to one or multiple hate cate-
gories, e.g., Religious, Gender, Body Sham-
ing, Abusive/Violence.

* Context-Aware Interpretation: Annotators
were instructed to interpret intent and implicit
meaning, e.g., when sarcasm, metaphors, or
culturally coded language were used.

¢ Bias-Free and Objective Labeling: Annota-
tors maintained neutrality and judged based
on harm, discrimination, or dehumanization
rather than personal opinion.

¢ Annotation Redundancy and Verification:
Each comment was annotated by three individ-
uals, with expert adjudication and discussions
resolving conflicts.

* Mental Well-being: Annotators took 5-10
minute breaks each hour to reduce cognitive
fatigue.

* Cultural Sensitivity and Localization: An-
notators were guided to identify culturally spe-
cific hate forms, e.g., regional slurs, gendered
insults, or religious undertones in Bangla con-
versations.

A.2 Binary Classification — Hate/Non-Hate

» Hate Speech (H): A comment should be la-
beled as Hate Speech if it expresses preju-
diced, offensive, abusive, or harmful language
directed at identity, groups, or individuals
based on gender, religion, nationality, ethnic-
ity, political affiliation, and similar factors.

* Non-Hate Speech (NH): Comments that lack
hostile, discriminatory, or dehumanizing con-
tent. This category may include critical or
sarcastic expressions that do not constitute
targeted attacks.

A.3 Hate Speech Classification
Annotators labeled each hate speech comment with

one of the following categories.

Political: Abusive language or incitement of harm
directed at political ideologies, parties, or fig-
ures.

Religious: Discriminatory or divisive attacks
against religious groups, beliefs, or practices.

Gender: Hostility based on gender identity or
stereotypes, including, but not limited to, sex-
ism and transphobia.

Personal Offense: Degrading attacks or insults
targeting an individual rather than a group.

Abusive/Violence: Explicit threats or incitement
to physical violence or harm.

Body Shaming: Criticism or mockery of physical
appearance, body shape, or disabilities.

B Prompt

All the prompts are detailed in this section.



Zero Shot Prompt Used for Prediction

You are given a Bangla text. Determine if it is "Hate" or "Non Hate".
If it is hate speech, identify the category of hate and the target group, choosing
only from the following options:

Hate_Category:

['Abusive/Violence', 'Body Shaming', 'Gender', 'Origin',
'Personal Offence', 'Political', 'Religious']

Target_Group:

['Country', 'Female', 'Group', 'Male’, 'Organization’,
'Politics', 'Religious']

Return your answer in this strict JSON format:

{
"first_answer":"Hate"or"Non Hate",
"final_answer":"Hate"or"Non Hate",
"hate_category”: [ ... 1,
"target_group”: [ ... ]

3

Chain of Thought Prompt Used for Prediction

You are tasked with detecting hate speech in Bangla text using a step-by-step reasoning
approach.

Follow these steps carefully:

1. Understand the literal and implicit meaning of the Bangla text.

2. Analyze the tone and intent: Is the speaker expressing hostility, discrimination, or
inciting hatred?

3. Look for contextual cues: Are there slurs, derogatory phrases, targeted groups, or
implied harm?

4. Make a final decision based on your analysis.

5. Explain your reasoning briefly in Bangla.

Now, respond using the following strict JSON format:

{
"thought_process”: "Your step-by-step reasoning in English”,
"is_hate”: "Hate"” or "Non Hate”,

3
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