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Abstract

Online safety in low-resource languages hinges
not only on accurate hate speech detection but
also on transparent, culturally grounded expla-
nations. Yet prior work in Bangla largely fo-
cuses on hate classification while overlooking
interpretability. We address this gap by intro-
ducing BANHADEX, the first hate explainabil-
ity dataset in Bangla with human-annotated la-
bels. BANHADEX contains 19,203 YouTube
comments spanning April 2024—June 2025,
annotated for binary hate classification with
seven fine-grained hate categories, seven tar-
get groups, and concise explanations for each
sample. Our data pipeline relies on a two-stage
annotation protocol that uses majority voting
for robust labeling. Our rich suite of exper-
iments on open and closed-source LLMs re-
veals that explanation-guided LoRA substan-
tially outperforms both classification and ex-
planation quality across prompting and fine-
tuning strategies. BANHADEX establishes
the groundwork for faithful interpretability and
safer moderation in linguistically rich yet under-
resourced languages. The code and dataset are
publicly available at: https://github.com/
MOSHIIUR/BANHADEX.

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

1 Introduction

Social media has revolutionized human communi-
cation and brought unprecedented transformations
connecting people (Kaplan and Haenlein, 2010).
With a user adoption rate of more than 50% and
daily time spent exceeding 2 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 hate content, with studies attesting to the
rising hate in mainstream social networks (Goel
et al., 2023). Hateful comments can be a form of

negative emotional self-disclosure, where individu-
als, under heightened perceived stress, externalize
their internal distress by venting through hostile
expressions. (Wendorf and Yang, 2015), with users
preferring native language for emotional salience
(Reghunathan and Asha, 2022).

As of 2025, Bangla has been spoken by over
240 million speakers (Wikipedia, 2025), making it
one of the more prominent sources of hate moder-
ation, yet studies reveal a dire state of the domain.
While multiple Bangla hate detection datasets exist
(Sharif et al., 2022; Haider et al., 2025b; Romim
et al., 2021), none of the current resources pro-
vide contextual or linguistic explanations alongside
the annotated labels. This is a fundamental gap,
as explanation is crucial to understanding the sub-
tle and contextual nature of hate speech (Mathew
et al., 2021), particularly in a linguistically dense
yet under-resourced language such as Bangla.

Although recent LLMs have demonstrated im-
pressive potential in providing context-aware ex-
planations (Di Bonaventura et al., 2024), they are
not without limitations. In particular, such models
tend to hallucinate (Xu et al., 2025; Huang et al.,
2025), deriving explanations that are factually in-
correct or unrelated to the input. Additionally, the
generated outputs are often too verbose or concep-
tually dense (Saito et al., 2023), rendering them
difficult to interpret and, in some cases, even un-
interpretable. This constitutes a major drawback
in high-stakes applications, such as hate speech
detection, where concise, clear, and contextually
grounded explanations are crucial for transparency,
trust, and informed decision-making.

We overcome these limitations by introducing
BANHADEX, the first Bangla hate speech dataset
to include expert-annotated explanations in addi-
tion to each label. These human-curated descrip-
tions are intended to bolster both classification and
interpretability, thereby improving performance
while fostering transparency and explainability.
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Datasets #NH #H H:NH Data Source  #Annotators Hate Exp.
Sharif et al. (2022) 7,361 8,289 1.12  YouTube, Facebook 2 X
Belal et al. (2023) 7,585 8,488 1.12 Previous Datasets 2 X
Banik and Rahman (2019) 5,964 4,255 0.71 Social Media - X
Romim et al. (2021) 20,000 10,000 0.50  YouTube, Facebook 50 X
BANHADEX(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), and presence of hate
explanation (Hate Exp.). The hate speech datasets include similar data classes, e.g., aggression and toxic speech.

Comment: 1 AM01d 3 A AT , WS, IAA ...
What kind of speech is that! Rude, uncivilized, ill-mannered

Comment: =TTl WY AIETIET N4 [T WA AGA I VIR
Bastard, pimp of a whore—what kind of ‘women's hero' is that? A number- ‘
one conman.

Explanation: ™I, "If31 WIETET e "R fFTH NS G2 TR A2
T BN SN & FTHISG ST F31 AL M SR IS & OFF
oS SIfIETRR o SHZeST & WIAfEFR Tl

The words 'shala,’ 'magir dalal, and 'nari kiser nayok' are used to deliver
extreme verbal abuse and gender-based humiliation. This is a direct,

* and "ill-mannered” have been used to directly attack the person's
speech and behavior, which undermines their personal dignity

Explangtion: TS, SIey, (RFM T IR I IS
FYRTIT & Wﬁw—mwm TS afere

Comment: ST SITAFGIGTR (1, e GIITES, (LA, MR Ty, 92 519
R ANE TATHCNR AR TE FACRI
You can't run demos with madrasa knowledge! Let alone master it... for
that, brother, you need to study science

Explanation: ‘T8 *r=t Ty *nRAfs o fATH (20 P31 XOACR 93¢
SEAFCTGH ([ SIS =N (IS T FOrF a1 R | J=GT

violent, and offensive attack on an individual and their gender identity. 4, O A K S o
5 e 5 AR

g”“"‘e"'-‘ﬂﬁs rod Tore f:m:cm,,, ,ggN 0959 %, The word "Picchi” mocks physical appearance, and "Alexander Bo” likely

seems like he has gotten a ticket To heaven, S0 %)%e/ ridicules physical traits. Additionally, calling them "obscene actors" uses
Explanation: GATTS Bt “1@a1 fATT 7% L 41w wIygfors W &o < directly offensive and insulting language.
Z’?Tmocknlﬁzldaa o petiina & fiker e Fomven. the comment hurts ] Comment: S 177 e M S7 PR QLT 7 et 0
ke germa et £35  BANHADEX ST (P 618 BT, 2w AT G, A I 1S
e e Ty e T EX N, Hey crazy journdlist, if Brazil's group teams are weak, then why couldn't

gious beliefs. 5 Q2 Chile
o Colombia, Ttaly, Nigeria, or Egypt qualify?
Comment: TGS & fRTH (G BT AT | STRITAT (1 *RH B .. IH \-éb ' '
BT IR COMITT I A7 G . : 2556% @ Explanation: **57 STRIH' e ST AT IS ST F
Zou&unf run dcrzaf wv:hdmudrasu knowledgel Let alone master it... for that, .,,{’/01 .,.q'v?- R
rother, you need to study science g R S e ek’ e . ey
ansn? A e e R T
a;_(g[lunahon WWWWWWMN‘YM
, AGIE HFRBR I [T 43 FErRITEs (=8 I

m\waiﬁﬁmﬁﬂwwaﬁwww
The statement attempts to demonstrate the superiority of science Comment: NfESTH AT I SRS 2T T |

education by disparaging madrasa education. In effect, it belittles a
particular religious educational system and is insulting o those educated in

G A
Long live Pakistan, long live Bang\odesh may India be destroyed

it Explanation: r:w a8 O (\" Tﬁﬂrmas\agﬁ TR SR ST

TR, WG 50 RTFTY 3
2fre ol

S

ST J3R SRLTOR

The phrase (“may India be destroyed") calls for the destruction of another

country;

this expresses extreme hostile political ideology and implies violence

Figure 1: Hate Contents & Their Explanations in BANHADEX Dataset across Different Hate Categories.

2 Related Work

Hate speech detection has become an essential task
in NLP. Most of the research on hate speech focuses
on detection (Davidson et al., 2017). Although
the preliminary stage of this research was binary
(Antypas and Camacho-Collados, 2023; Bose and
Su, 2022), researchers have extended this work
to multi-class (Walsh and Greaney, 2025; Hashmi
and Yayilgan, 2024), and even multi-label classi-
fication (Ilma et al., 2021). Researchers have also
explored hate speech detection in multi-modal set-
tings (Boishakhi et al., 2021; Irfan et al., 2024).
Lastly, multilingual and cross-lingual hate speech
detection has become a key focus, with studies
leveraging multilingual BERT and related archi-
tectures to scale detection capabilities across lan-
guages (Aluru et al., 2020; Ousidhoum et al., 2019).

Due to its status as a low-resource language,
Bangla has received comparatively less attention in
hate speech detection research than high-resource
languages. Consequently, early efforts were mostly
limited to binary hate speech detection (Remon
et al., 2022; Das et al., 2021), followed by re-

search in related domains, e.g., abusive content
(Aurpa et al., 2022; Emon et al., 2019), cyberbul-
lying (Ahmed et al., 2021), gender discrimination
& sexism (Jahan et al., 2023), and toxic speech
(Banik and Rahman, 2019). More recent research
has shifted to multi-label classification tasks, where
hate speech is classified along dimensions such as
religion, politics, and gender (Sharif et al., 2022;
Haider et al., 2025b; Raquib et al., 2025). This in-
cludes aggression detection (Hossain et al., 2023),
cyberbullying detection (Saifuddin et al., 2023),
and various types of toxic content analysis (Belal
et al., 2023), as well as more general hate speech
detection (Shakil, 2022; Hasan et al., 2024).

Alongside classification, explanation generation
has become an important focus in hate speech
detection, addressing the growing need for inter-
pretability in automated systems. Instead of only
labeling content as hateful, these studies focus on
explaining why a comment is hateful. Some ap-
proaches identify important textual spans that con-
tribute to the decision (Mathew et al., 2021), while
others produce natural language explanations that
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incorporate cultural or social reasoning (Mehta and
Passi, 2022). Multi-task learning frameworks have
also been developed to jointly optimize both classi-
fication and explanation (Piot and Parapar, 2025).
Recently, (Mia et al., 2025) extended this direction
to misogynistic meme detection in Bangla. De-
spite this progress, explanation generation remains
largely unexplored in low-resource languages, leav-
ing a notable gap in the literature.

3 The BANHADEX Dataset

Bangla Hate Speech Detection with Explanation
(BANHADEX) follows a rigorous and multi-phase
pipeline for producing classification and explana-
tion labels. Input categorization includes five video
categories, while output categorization includes bi-
nary hate labels, seven fine-grained hate categories,
and seven hate classes. Figure 2 illustrates the end-
to-end workflow of our dataset creation process.

3.1 Data Sourcing

To ensure linguistic diversity and sociocultural
relevance, we selected YouTube as the primary
data source because it is one of the most widely
used platforms in Bangladesh for public discourse
and offers a large volume of Bangla spoken
content, which aligns with our speech-focused
analysis. In contrast, Facebook has strict API and
data access restrictions that limit large-scale, repro-
ducible data collection, while X is comparatively
less popular in Bangladesh for Bangla speech
content. We collected videos spanning five distinct
categories, News & Politics, Entertainment, People
& Blogs, International, and Sports, to capture a
representative cross-section of hate expressions. A
total of 328 videos, posted between April 2024
and June 2025, were included in our dataset. All
top comments were extracted, excluding replies to
prevent conversational dependency, resulting in an
initial pool of 26,730 Bangla comments.

Data Filtering. We implemented a systematic
filtering process to ensure the dataset’s quality and
relevance. Specifically, we removed: (1) all non-
Bangla comments, to maintain Bangla linguistic
consistency, and (2) comments shorter than 20
characters, to eliminate context-poor samples. This
filtering step removed 6,291 comments, leaving a
final dataset of 20,439 Bangla-language comments
with sufficient semantic depth.

Data Cleaning. We deduplicated comments and
filtered extraneous elements, such as hyperlinks,
URLSs, hashtags, and any personal information, in-
cluding usernames and mentions, to preserve user
privacy and maintain textual clarity. This prepro-
cessing step eliminated 1,236 duplicate and non-
essential entries, resulting in a final curated dataset
of 19,203 clean Bangla comments for annotation.

3.2 Data Annotation

To ensure high-quality annotation of the BAN-
HADEX, we recruited four native Bangla-
speaking undergraduate students with demon-
strated expertise in Bangla culture and social media
discourse. Their familiarity with interpreting social
media content enabled them to effectively capture
nuanced expressions of misogyny. We provided
comprehensive guidelines to annotators for the an-
notation process (§B).

We employed a two-stage annotation process.
In the first stage, each comment was classified as
either Hate or Non-Hate. For samples labeled as
hate, annotators were further instructed to specify
the target group and the relevant hate category. An-
notations were carried out independently by multi-
ple annotators, and final labels were determined by
majority voting.

In the second stage, we introduced an explana-
tion generation task. Here, annotators were asked
to provide concise yet insightful justifications for
the labels they assigned, offering clarity on the
rationale behind their decisions. Unlike the classi-
fication phase, each explanation was authored by a
single annotator (details in § B.3). Annotators were
provided monetary compensation on a per-sample
basis for both phases. Additional information on
our validation strategy and metrics used to ensure
high annotation quality is available in §D.

3.3 Dataset Statistics

The dataset statistics of BANHADEX are pre-
sented in Tab. 2. Tab. 3 summarizes the major
incidents represented in the dataset, spanning
July 2024 to June 2025. The dataset captures
hate speech related to significant real-world
events, including the Iran-Israel conflict, Indo-Pak
tensions, the Quota Reform Movement, and the
Post-Regime Change period. The most prevalent
hate categories observed across these events are
Abusive/Violent, Personal Offense, Political, and
Religious.
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Data Filtering Data Filtering

Data Annotation,

Data Cleani
D Gl Validation & Explanation

« YouTube API
« Video Selection
« Comment Extraction

G

./ Sentence with Bangla text
-/ Min. Character Length > 20

Deduplication
X Hyperlinks and URLs —>
X Personal Information

« Manual Annotation with
Explanation
« 3 Annotators/Sample

« Expert Verification Dataset

Figure 2: BANHADEX dataset development pipeline illustrating the four-stage process: Data Source collection
from social media platforms, Data Filtering to remove non-relevant content, Data Cleaning to eliminate duplicates
and extraneous elements, and Data Annotation & Validation resulting in the final dataset.

(a) Video Category Distribution

(b) Hate Category Distribution

Female
17.9% Male

27.4%

Country
11.6%

(c) Target Group Distribution

Figure 3: Category Distribution in the BANHADEX Dataset

Fig. 3 illustrates the distributions of video cat-
egories (Fig. 3a), hate categories (Fig. 3b), and
target groups (Fig. 3c). The data reveals the ma-
jority of comments originate from News & Politics
videos. Personal Offense and Abusive/Violence
account for over 60% of all hate-labeled comments.
In terms of target groups, individuals—specifically
male and female—are the most frequently targeted.

4 Experiment Design

We evaluate a diverse range of open- and closed-
source models. We classify our experiments into
two categories: (i) Prompt-based Experiments and
(i1) LoRA Finetuning Experiments.

4.1 Prompt-Based Experiments

For the prompt-based experiments, we consider ef-
fective prompting techniques for hate speech detec-
tion: Zero-Shot, Chain of Thought, HARE (Yang
et al., 2023), and Why Hate/Non-Hate (Haider
et al., 2025b) prompting techniques. A compar-
ison of those prompting techniques is provided in
Table 4, and details of the prompts used in the ex-
perimentation are given in the Appendix. We also
evaluate closed-source models, including GPT-40
(GPT-40-mini), and Gemini (Gemini-2.0-Flash).

4.2 LLM LoRA Fine-Tuning

We consider open-source LLMs and apply LoRA
(Hu et al., 2022) fine-tuning (FT) techniques in
two fine-tuning approaches.

Classification Guided LoRA Fine-Tuning. Here,
we adopt the standard LoRA variant, i.e., rather
than updating all pre-trained parameters directly, a
low-rank decomposition is used to efficiently adapt
the model by training significantly fewer trainable
parameters.  Specifically, given a pre-trained
weight matrix W (which remains frozen during
training), LoORA adds a learnable low-rank update
defined as 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, allowing the
model to capture task-specific knowledge while
retaining the generalization capabilities of the
pre-trained backbone. The matrices A and B are
trained using the loss function for the downstream
task. In our case, we optimize these parameters
using the classification loss Lciass, Which denotes
the standard cross-entropy loss used for the hate
speech classification task.

Explanation-Guided LoRA Fine-Tuning. We
also explore an Explanation-Guided fine-tuning
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Splits

Train 15362
Test 3841
General Statistics

Samples 19203
Videos 328
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
Explanations Hate Non-Hate
Mean word count 26.10 22.41
Max word count 68 66
Min word count 10 7

Table 2: Dataset statistics of BANHADEX. Samples
are annotated based on binary hate labels, seven fine-
grained hate classes, and seven target groups. Each
sample has its unique explanation for hate.

strategy to enhance both model interpretability
and performance. Given, human-annotated ground
truth explanations Y = {y1,...,yr, }, where T
is the length of the explanation sequence, we in-
struct the models to generate the explanation and in-
corporate explanation supervision directly into the
training process. The model is trained to generate
explanation tokens autoregressively, conditioned
on the input z (the comment), using a next-token
prediction objective. The explanation loss is de-
fined as:

T,

Yy
ﬁExplanation = - Z IOgP(yt | Y<t, $)7
t=1

where y.; represents the preceding explanation to-
kens. This teacher-forced training encourages the
model to produce fluent and semantically aligned
explanations with the ground truth annotations.
The overall training objective jointly optimizes for
both classification and explanation generation:

EEXP_LORA = ﬁClass + ﬁExplanation-

During inference, the model can generate an ex-
planation Y for a given input, thereby enhancing

the transparency and interpretability of the classifi-
cation decision. We configure LoRA with o = 64,
r = 64, a dropout rate of 0.01, a learning rate of
1 x 1074, and a batch size ranging from 4 to 32.
LoRA is applied to all weight matrices of the pre-
trained models, and each model is fine-tuned for a
single epoch. For inference, we use vLLM(Kwon
et al., 2023), while LLaMA-Factory(Zheng et al.,
2024) is employed for LoRA fine-tuning. To ensure
reproducibility, we evaluate using greedy decoding
with a temperature of 0 and no sampling.

5 Result and Analysis

Table 5 depicts the results of the open and closed
source models in different configurations. All
experiments reported in Table 5 and Figures 4-6
were conducted across three different random
seeds, and the reported results correspond to
the averaged performance over these runs. We
observed only minor variance across seeds, and
the overall trends, particularly regarding the im-
pact of explanations and titles, remained consistent.

Open Source LLMs. Among open-source
models, Phi-4 achieves the highest performance
in detecting the non-hate category, with an F1
score of 83.86. For the hate category, Gemma-3
outperforms other open models with an F1 score
of 93.90. Notably, Gemma-3, when prompted in
a zero-shot setting, achieves the highest F1 score
for hate detection across all model configurations,
including closed-source LLMs. In contrast, Mistral
and Qwen 2.5 perform worse than other open-
source models. This trend is also reflected in their
explanation evaluation results. Gemma-3 achieves
the highest average explanation score of 65.12,
while other models show a drop of 7. Interestingly,
Qwen 2.5 ranks second in explanation quality
despite ranking among the lowest in hate detection.

Close Source LLMs. For the closed-source
models, GPT-40 consistently outperforms Gemini
2.5 across most evaluation metrics. GPT-4o0
achieves the highest performance in non-hate
detection tasks with an F1 score of 83.10, slightly
ahead of Gemini 2.5’s 80.42. In hate detection,
GPT-40 beats Gemini with a margin of 10%
F1 Score. In explanation quality, GPT-40 again
surpasses Gemini 2.5, achieving an average score
of 70.67, whereas Gemini 2.5 records 69.38.
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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 3: Events Covered in Dataset with Number of Hate Samples and Major Hate Categories

~ Qwen-2.5-7B ~— LUama-3.1-8B
Gemma-3-12B —— Phi-4
Personal
Offence
Body Abusive/ Body
Shaming Violence Shaming

Origin Political Origin

Gender

Religious

Personal
Offence
(]

Mistral
Gemini 2.5

GPT 40

Personal
Offence

Abusive/ Body
Violence Shaming

Abusive/
Violence

\
|

Political Origin Political

Zero Shot Prompt

Chain of Thought

Why Hate/Non-Hate Prompting

Figure 4: Model performance on hate categories of the BANHADEX dataset.

Strategy Prompt

Zero-Shot ~ Base prompt (BP)

CoT BP + “Think step by step”
HARE BP + “Explain step by step”
Why Hate? BP + “Explain Hate/Non-Hate”

Table 4: Prompting strategies used in our benchmarks.

Prompting Results. Prompting strategies have a
great impact on both hate/non-hate classification
and explanation generation, as shown in Table 5.
CoT prompting improves performance across clas-
sification and explanation metrics for closed-source
models. However, it leads to a noticeable decline in
performance for open-source models—particularly
for Qwen-2.5 and Mistral, which experience a sub-
stantial drop compared to their zero-shot baselines.

In contrast, HARE prompting enhances the
performance of most open-source models across
both tasks, but negatively affects closed-source
models, showing an opposite trend. Interestingly,
the "Why H/NH" prompting format benefits
closed-source models, thereby improving the
quality of explanations. Notably, GPT-40, when
prompted with "Why H/NH", achieves the highest
explanation score among all model configurations.

Finetuning Results. @ We conducted experi-
ments using two LoRA-based fine-tuning tech-
niques on open-source models: classification-
guided and explanation-guided fine-tuning. In the

classification-guided LoRA fine-tuning setup, we
observed a consistent improvement in recall, result-
ing in better F1 scores—particularly for the non-
hate category, with gains of approximately 5—-10%
compared to the zero-shot baseline. A similar trend
was observed for the hate category, where most
models showed an improvement of 2-3% in F1
score, with the exception of Gemma-3.

The explanation-guided LoRA fine-tuning
yielded even stronger results. Compared to
classification-guided fine-tuning, it achieved
an additional 4-5% improvement in F1 for the
non-hate category and 5-7% for the hate category.
Moreover, this variant also produced the highest ex-
plainability scores among all open-source models,
showing a 2—4% increase in average explanation
quality over the zero-shot explainability score.

Hate Category-wise Results. We further analyze
model performance across specific hate categories,
where a hate category is predicted only if the model
classifies a comment as hate. Figure 4 presents an
overview of the results, and detailed scores are pro-
vided in Table 11 in the Appendix. From the figure,
it is evident that all models struggle significantly
with the Body Shaming (BS) category, consistently
underperforming in its detection. In contrast, the
models perform relatively well in identifying Reli-
gious, Personal Offence (P Off), Abusive/Violence
(A/V), and Gender (Gen) hate categories.
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Non-Hate Hate Explanations
P R F1 P R F1 BB_Score LAVE Avg

Models

Zero Shot Prompt

Open Source LLM
Qwen-2.5-7B 7422 9170 82.04 87.68 6497 74.64 50.22 66.90 58.56
Gemma-3-12B  83.33 69.43 7578 8871 99.74 93.90 50.01 80.23  65.12
Llama-3.1-8B  89.79 63.82 74.61 69.74 92.00 79.34 51.33 62.87 57.10

Phi-4 80.44 87.59 83.86 84.83 76.52 80.46 49.78 62.05 5592
Mistral 7536 7450 7493 7224 73.15 72.69 50.30 48.07 49.19
Close Source LLM
Gemini 2.5 68.65 96.23 8042 93.06 56.34 69.72 55.74 83.02  69.38
GPT 40 73.15 9527 83.10 9322 65.14 77.26 57.30 84.03  70.67
Chain of Thought
Open Source LLM
Qwen-2.5-7B 5825 9841 73.18 92.10 20.84 33.99 49.8 62.08 5594
Gemma-3-12B  79.36 90.12 84.40 87.19 74.17 80.15 423 7277  57.54
Llama-3.1-8B 7545 87.29 8094 83.06 68.69 75.19 49.6 6541 57.51
Phi-4 63.42 9636 7650 90.64 38.78 54.32 49.11 75.69  62.40
Mistral 9391 26.17 4094 5477 9814 70.31 50.01 34.63 4232
Close Source LLM
Gemini 2.5 70.88 96.04 82.68 93.10 57.82 70.53 56.14 83.84  69.99
GPT 40 7439 9522 8346 93.17 68.82 79.27 58.01 84.88 7145
HARE Prompting
Open Source LLM
Qwen-2.5-7B 77.84 8836 82777 8490 7223 78.05 50.03 64.12 57.08
Gemma-3-12B  79.78 90.12 84.64 87.29 74.82 80.58 51.7 80.47  66.09
Llama-3.1-8B 88.17 7023 78.19 73.84 89.92 81.09 49.21 55.14  52.18
Phi-4 73.89 92.15 82.02 88.11 64.09 74.21 49.62 63.15 56.39
Mistral 88.60 45.53 60.15 6091 93.54 73.78 51.22 5591  53.57
Close Source LLM
Gemini 2.5 68.15 96.10 80.26 93.58 56.63 69.28 55.81 82.93  69.37
GPT 4o 65.20 98.05 78.53 9524 48.87 64.87 52.23 75.73  63.98

Why Hate/Non-Hate Prompting

Open Source LLM
Qwen-2.5-7B 71.82 94.14 8148 90.17 59.26 71.51 49.33 62.53 5593
Gemma-3-12B  79.13 91.71 8496 8892 73.34 80.38 51.32 68.73  60.03
Llama-3.1-8B 8448 77.04 80.59 76.92 8439 80.48 50.15 67.03  58.59

Phi-4 76.54 9141 8331 8795 69.13 7741 46.58 66.47 56.53
Mistral 7043 66.83 68.58 7492 7794 76.40 46.26 53.73  49.00
Close Source LLM
Gemini 2.5 82.24 89.51 85.67 88.11 80.12 84.94 58.83 86.62  72.73
GPT 4o 86.30 91.71 89.56 91.69 86.12 88.14 61.89 91.23  76.56
Classification Guided LoRA Fine Tuning
Qwen-2.5-7B 81.07 90.29 8543 87.84 76.89 82.00 - - -
Gemma-3-12B 81.49 89.34 8521 86.87 77.53 81.89 - - -
Llama-3.1-8B 84.31 87.67 8596 8571 81.94 83.83 - - -
Phi-4 7942 90.73 8470 87.86 74.04 80.36 - - -
Mistral 81.14 88.67 84.74 86.08 77.26 81.43 - - -
Explanation Guided LoRA Fine Tuning
Qwen-2.5-7B 87.32 9098 89.11 88.86 84.49 86.62 52.30 69.95 61.13

Gemma-3-12B 86.98 90.59 88.73 89.19 85.18 87.13 52.49 83.50 67.99
Llama-3.1-8B 88.86 89.13 88.99 8797 87.68 87.83 54.26 66.78  60.52
Phi-4 8442 9129 87.72 91.07 84.06 87.43 52.58 65.49  59.04
Mistral 85.13 89.73 88.21 87.15 86.32 87.42 49.60 54.11 51.86

Table 5: Performance on the test split of BANHADEX: P, R, and BB_Score represent Precision, Recall, and
BanglaBERT Score, respectively. Best performing model for each metric and configuration is highlighted in blue .
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Figure 6: Impact of title inclusion and explanation generation on the performance of models.

Prompting strategies show limited gains for the
Body Shaming category. However, the Why H/NH
prompt substantially improves open-source model
performance for Religious and Personal Offense
detection. These findings suggest that, although
models can reliably separate hate from non-hate
content, accurately identifying specific hate cate-
gories remains challenging. This difficulty likely
stems from the overlapping and nuanced nature of
hate categories (§F.2). A detailed error analysis is
provided in Appendix G.

Target Group-wise Results. We also examine
model performance across different target groups,
with results summarized in Figure 5 and detailed
scores provided in Table 12. Overall, open-source
models significantly lag behind closed-source mod-
els in accurately predicting the correct target group.
Their performance remains relatively consistent
across different prompting strategies, showing lim-
ited variation in behavior.

In contrast, closed-source models perform
strongly on the Female target group and reasonably
well on the Religious category. However, both
open- and closed-source models struggle with the
Political target group. Similar to hate category
classification, these results indicate that while hate
detection is effective, identifying the specific target
group remains difficult, likely due to subtle and
overlapping group representations in comments.

Role of Title and Explanation Generation. We
conducted experiments to assess the impact of title
inclusion in prompts and the effect of explanation
generation. Following Fig. 6, we evaluated four
settings in Zero-Shot: w/o explanation w title; w/o
explanation, w title; w explanation, w title; and
w explanation, w/o title. Including the title im-
proves performance in zero-shot settings without
explanation, particularly for classification metrics.
However, when we ask the model to generate an
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explanation, removing the title improves perfor-
mance across both classification and explanation
tasks. These findings indicate that titles are benefi-
cial when providing explanatory context.

6 Discussion

6.1 Single Annotator Explanation

Our single-annotator explanation follows recent
practices, e.g., BanMiMe (Mia et al., 2025), where
explanations were also authored by a single anno-
tator during dataset creation. As explanations are
inherently subjective and aim to provide plausible
reasoning rather than a single ground-truth output,
we ensured quality through detailed guidelines and
additional expert evaluation (§B,D). We also found
strong inter-annotator agreement scores (Tab. 9),
suggesting that single-annotator explanation was
not a meaningful source of variation.

6.2 Linguistic Factors of Bangla

There are multiple linguistic factors that put Bangla
in a unique position for hate speech methods.
Bangla belongs to the family of Indo-Aryan lan-
guages, while high-resource languages come from
the Latin family. These languages generally fol-
low the Subject-Object-Verb (SOV) structure, e.g.
"Ami (Me) (S) Bhat (Rice) (O) Khai (Eat) (V)",
whereas English follows the Subject-Verb-Object
(SVO) structure, e.g., "I (S) eat (V) rice (O)".
Secondly, based on morphological complexity,
Bangla can be considered an inflectional language,
whereas English is an analytic language. Bangla
has verbal inflections, e.g., based on the honorific
of the subject, the word ‘eat’ can have the forms:
‘Kha’ (colloquial) and ‘Khan’ (formal/respective).
Similarly, noun inflections are also used to indicate
possession or location, e.g., ‘Bari’ means ‘house’,
but ‘Barite’ means ‘in the house’.

6.3 Sociocultural Factors

Bangla hate speech detection is challenging due to
code-mixing and transliteration (“Banglish”), re-
gional dialects (e.g., Sylheti, Chittagonian), and
context-dependent slurs rooted in historical, reli-
gious, or caste-based references. These factors
create lexical ambiguity and subtle offenses that
standard models often fail to capture.

6.4 Generalizability of BANHADEX

Insights from BANHADEX can extend to other
low-resource Indo-Aryan languages like Hindi and

Assamese, which share rich morphology, flexible
word order, code-mixing, and culturally embed-
ded expressions. Contextual reasoning, culturally
grounded annotations, and lightweight fine-tuning
strategies that are effective in Bangla are likely ap-
plicable to these languages, offering a replicable
approach to explainable hate speech detection.

6.5 Practicality of BANHADEX

For an updated study on Bangla hate from a linguis-
tic perspective, BANHADEX enables systematic
analysis of how hate evolves over time. Hate
evolves with shifts in vocabulary, coded language,
rhetorical strategies, and targeted communities.
An updated dataset will enable researchers to
study hate in Bangla speech, potentially develop
better content-moderation detection systems, and
examine changes in hate-detection systems over
time by benchmarking performance across eras.

BANHADEX supports the study of implicit ver-
sus explicit hate, emerging slang and euphemisms,
and code-switching between Bangla and English,
which are common in online discourse. It can also
serve as a benchmark for evaluating generalization,
cross-domain transfer, and the stability of detection
systems as linguistic patterns evolve. This makes
the dataset valuable not only for improving classi-
fication accuracy but also for advancing research
on the long-term adaptability and reliability of hate
speech detection in low-resource languages.

7 Conclusion

We introduced BANHADEX, the first Bangla
hate-speech dataset with human-annotated explana-
tions, spanning 19,203 YouTube comments across
five content domains, seven hate categories, and
seven target groups. Using a diverse suite of open-
and closed-source LLMs across four prompting
strategies, we showed that prompting strongly in-
fluences both detection and rationale quality; no-
tably, the “Why H/NH” strategy benefits closed
models. Beyond prompting, explanation-guided
LoRA fine-tuning delivers consistent gains in both
classification and explanation, producing the high-
est explainability scores among open models. We
hope that our dataset and findings will serve as
a valuable resource for future research on the in-
terpretability of hate speech in low-resource lan-
guages such as Bangla.
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Limitations

BANHADEX might be prone to distribution shifts
due to the rapidly evolving landscape of online so-
cial media. The reproducibility of our results on
closed-source models also depends on the availabil-
ity of that model’s variant and version. The metrics
used to evaluate hate explanation are text-similarity
metrics and are not specific to the hate-speech do-
main, which is a limitation of hate-explainability
work in general.

To build effective real-world hate detection sys-
tems, it is important to account for the wide range
of text forms, particularly transliterated (Fahim
et al., 2024; Haider et al., 2025a) or code-mixed
(Alam et al., 2025) content, in low-resource
languages such as Bangla.  Addressing this
challenge presents a valuable direction for future
research. Ahmed et al. (2024) explores various
strategies for enhancing LLM performance on
transliterated text.

Class Imbalance. We acknowledge the presence
of class imbalance in BANHADEX. However,
this imbalance reflects the natural distribution of
hate speech instances in real-world data. Similar
patterns have been observed in prior Bangla hate
speech datasets, e.g., BanTH (Haider et al., 2025b).

Human Evaluation. Evaluation of the current
explanation relies primarily on automatic, text-
similarity-based metrics, which may not fully cap-
ture faithfulness or helpfulness in the context of
hate speech detection. Due to time and resource
constraints, we were unable to conduct a human
evaluation. However, a targeted human study as-
sessing explanation faithfulness and interpretability
would significantly strengthen our work.

Ethical Considerations

The comments used in our research were gathered
from YouTube, in accordance with the site’s API
Terms of Service. To maintain users’ privacy, all
personally identifiable information (PII) was com-
pletely removed before creating the dataset. The
annotating tasks were divided evenly among all par-
ticipants, and the annotators and domain experts
were paid on a per-sample basis at a rate higher
than the current industry standard.
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A Appendix

A.1 LLM Usage

We used large language models (LLMs) solely as
general-purpose writing assistants during the final
stage of manuscript preparation. Their use was
limited to refining author-written text, including
improving clarity, grammar, flow, and reducing re-
dundancy. LL.Ms did not contribute to the research
design, dataset construction, annotation process, €x-
perimental setup, model training, evaluation, anal-
ysis, or interpretation of results. No new techni-
cal content, claims, or citations were introduced
through LLM assistance. All ideas, methodology,
experiments, figures, analyses, and conclusions
presented in this paper were entirely conceived,
implemented, and validated by the authors. Any
Al-assisted edits were carefully reviewed, verified,
and, where necessary, revised by the authors, who
take full responsibility for the accuracy, originality,
and integrity of the manuscript.

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 6: Hate vs Non-Hate Comments by Video Cate-
gory

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

Table 7: Hate Category Type Breakdown

B Annotation Guidelines

This section provides comprehensive annotation
guidelines developed for the BANHADEX dataset,
which comprises user-generated comments in Ben-
gali collected from a range of online video content
platforms.

Annotators were instructed to evaluate each
comment to determine whether it constitutes hate
speech. If so, they identified the specific target
group, assigned one or more relevant hate cate-
gories, and provided a concise but contextually
grounded explanation. Each comment was evalu-
ated 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,

* Encourage objective and consistent judg-
ments,

* Support robust models for automated hate
speech detection in Bangla.

B.1 General Annotation Instructions

The annotation process followed a rigorous set of
principled guidelines to ensure the creation of a
high-quality, culturally grounded, and reproducible
dataset.

* Target-Oriented Annotation: Each com-
ment was annotated by identifying the target
group(s) from a predefined list: Male, Female,
Group, Organization, Country, Religious, Pol-
itics.

» Hate-Label Classification: Each comment
could be assigned to a hate category (e.g.,
Religious, Gender, Body Shaming, Abu-
sive/Violence) to reflect the complex overlaps
in hate content.

* Context-Aware Interpretation: Annotators
interpreted intent and implicit meaning, espe-
cially when sarcasm, metaphors, or culturally
coded language was present.

* Bias-Free and Objective Labeling: Annota-
tors maintained neutrality and judged based
on harm, discrimination, or dehumanization
rather than personal opinion.
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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 8: Relationship Between Video Category and Hate Category

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

Wellness-Oriented Work Environment: An-
notators took 5—-10 minute breaks each hour
and had access to light, humorous content to
reduce cognitive fatigue.

Cultural Sensitivity and Localization:
Training emphasized identification of cultur-
ally specific hate forms like regional slurs,
gendered insults, or religious undertones in
Bangla discourse.

B.2 Binary Classification — Hate/Non-Hate

Hate Speech (H): A comment should be la-
beled as Hate Speech if it contains offensive,
abusive, or harmful language directed at iden-
tity groups or individuals based on gender,
religion, nationality, ethnicity, politics, etc.

Non-Hate Speech (NH): Comments that lack
hostility, discrimination, or dehumanizing
content—even if sarcastic or critical—are
marked Non-Hate.

Annotation Steps:

1. Review the comment.

2. Classify as Hate Speech (H) or Non-Hate

(NH).

If Non-Hate (NH), stop. No further labeling
is required.

If Hate (H), proceed to Hate Speech Classifi-
cation with Explanation.

B.3 Hate Speech Classification with
Explanation

Annotators labeled each hate speech comment with
one of the following categories. Each label must
include a short explanation and clearly mention the
associated target group.

C Additional Details of BANHADEX

C.1 Formal Description of Target Groups

In the context of hate speech annotation, target
groups refer to the specific individuals, communi-
ties, or entities that are the direct focus of hostility,
discrimination, or derogatory language. Proper
identification of the target group is essential for
understanding the intent and impact of hate speech.
The categories below have been systematically de-
fined to capture a wide range of targeted expres-
sions relevant to Bangla sociocultural and political
contexts.

C.2 Hate Speech Explanation Annotation

During the annotation phase, annotators were in-
structed to provide a brief explanation for each hate
speech instance using a standardized justification
format: Target Group + Hate Category + Explana-
tion. This structure ensured consistent reasoning
behind each label and allowed for the analysis of
how hate manifests across different social dimen-
sions.

In addition, annotators were encouraged to rec-
ognize emerging linguistic expressions, including
slang, coded terms, and generational vocabulary
popular among Gen Z and Gen Alpha users, to
ensure that the dataset reflects contemporary and
contextually grounded forms of hate speech in on-
line Bangla discourse.

For example, in a sentence where a political
leader is insulted, the annotation might read: Target
Group: Politics, Hate Category: Personal Offense
Explanation: The comment insults a specific polit-
ical figure using abusive language and expresses
contempt without policy-based critique.

For experimentation, we follow previous abla-
tion from (Fahim, 2023) especially for the Bangla
language. This structured and linguistically adap-
tive approach facilitated a systematic understanding
of hate speech discourse in Bangla, revealing how
different forms of hate, such as political hostility,
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religious incitement, gender-based shaming, and
abusive threats, are linguistically constructed and
socially targeted.

D Data Validation

Data Validation for Comment Identification.
Inter-annotator reliability for the primary classifica-
tion task was assessed using Cohen’s kappa coeffi-
cients, as presented in Table 9. The results demon-
strate substantial agreement across all misogyny
categories. Notably, while prior research in con-
tent moderation reported « scores of approximately
0.53, indicating moderate agreement (Islam et al.,
2021), our refined annotation guidelines and an-
notator selection criteria yielded higher agreement
scores. These robust agreement metrics across mul-
tiple evaluation methods affirm the clarity of our
taxonomy and the effectiveness of our annotation
protocol. The rigorous annotation methodology
ensures that the BANHADEX dataset establishes a
reliable foundation for computational hate speech
detection in Bangla text.

Type Label Kappa(k) Avg.
. Hate 0.81

Primary Non Hate 0.75 0.78
Personal Offence  0.83
Abusive/Violence  0.81
Political 0.74

Hate Categories ~ Gender 0.77 0.75
Religious 0.72
Origin 0.67
Body Shaming 0.69
Male 0.77
Female 0.81
Group 0.66

Target Groups Organization 0.69 0.72
Country 0.68
Religion 0.67
Politics 0.73

Table 9: Inter-annotator agreement for the BAN-

HADEX, measured using Cohen’s kappa (k) across
the binary task, hate categories, and targeted groups.

Data Validation for Hate Explanation. To eval-
uate the quality and consistency of comment ex-
planations, we randomly selected a subset of 200
samples for independent analysis by each annotator.
The similarity between these annotator-generated
explanations was assessed using multiple auto-
mated metrics. The explanations exhibited ex-
ceptional consistency, with high ROUGE scores
(ROUGE-1(F1): 87.24%, ROUGE-2(F1): 53.82%,
ROUGE-L(F1): 84.63%) demonstrating substan-

tial agreement in both content structure and cov-
erage. Complementary evaluation using BLEU
(75.22%), BERT similarity (95.87%), and ME-
TEOR (82.56%) metrics further confirmed strong
semantic coherence and lexical alignment across
the annotators’ interpretations, validating the relia-
bility of our explanation annotation approach.

We also hired two more annotators to indepen-
dently annotate the 200 samples and evaluated inter-
annotator agreement for the explanation. Now,
each explanation is annotated with three indepen-
dent annotators. The average agreement scores
between the annotators were 94.31%, 86.35%, and
96.74%, measured using Mean ROUGE-1 (F1),
Mean ROUGE-2 (F1), and Mean ROUGE-L (F1),
respectively. It indicates a high level of agreement
among the annotators.

We further asked two domain experts with back-
grounds in computational linguistics and content
moderation to independently annotate the same
200 samples and evaluated inter-annotator agree-
ment. Both experts had prior experience in ana-
lyzing offensive and hate-related content and were
provided with detailed annotation guidelines before
the task. The average agreement scores between
the experts and annotators were 89.64%, 71.82%,
and 90.21%, measured using Mean ROUGE-1 (F1),
Mean ROUGE-2 (F1), and Mean ROUGE-L (F1),
respectively.

E Evaluation Metrics

In our work, BanglaBERTScore follows the stan-
dard BERTScore (Zhang* et al., 2020) framework,
where semantic similarity between generated and
reference explanations is computed using contex-
tual token embeddings and aggregated into preci-
sion, recall, and F1 scores. We use BanglaBERT as
the pretrained encoder to obtain language-specific
contextual representations, enabling more reliable
semantic matching for Bangla explanations beyond
surface-level overlap.

For LAVE (Maiias et al., 2024), we employ an
LLM-based evaluation approach in which a large
language model assesses explanation quality by
comparing candidate and reference explanations
and assigning a reasoning-aware rating. This al-
lows evaluation based on semantic correctness and
completeness rather than lexical similarity alone.

43666



F Result Analysis on Hate Category and
Target Group

F.1 Hate Category

We compare open and closed-source LLMs across
prompting and fine-tuning, F1 as the primary met-
ric. Among closed models, Gemini-2.5-Flash per-
forms best, peaking at 66.77 average F1 with
the Why H/NH prompt, followed by GPT-40 at
56.14 under the same setup. Gemini-2.5-Flash
is especially strong on religion (81.44) and gen-
der (73.17). The open models (Qwen 2.5 7B,
Gemma 3 12B, Llama 3.18B) trail with the best
averages around 30.5, typically when combining
explanation-guided LoRA with HARE prompting;
LoRA produces + 2—4 F1 over zero shot, but the
gap remains. Body shame and origin are the hard-
est categories (often <5 F1). Prompt design can
rival model size: well-designed prompts let Qwen
7B approach Gemma 12B, highlighting the value of
rationale-based prompting for lightweight models
in low-resource settings. In tbale 11, full analysis
of the Hate Category classification is shown.

F.2 Target Group

To assess how well LLLMs detect hate speech across
marginalized groups, we analyzed performance by
target category. Closed-source models—GPT-40
and Gemini-2.5-Flash—consistently outperform
open models, especially with the Why Hate/Non-
Hate prompt. Open models like Mistral-7B and
LLaMA-3.1-8B see modest improvements ( 27-28
F1) with LoRA fine-tuning, slightly outperform-
ing zero-shot baselines. Prompting strategy plays
a key role: Why H/NH consistently yields better
group-wise discrimination, while performance on
politically targeted hate remains low for open mod-
els. Interestingly, model size doesn’t guarantee
better results—M istral-7B often beats larger mod-
els like Gemma-12B. These results highlight the
value of rationale-based prompting and lightweight
fine-tuning, while also pointing to the persistent
performance gap between open and closed models.
In Table 12, the full analysis for the target group is
shown.

G Qualitative Error Analysis

This section presents a qualitative error analysis
of the hate speech detection models across seven
distinct categories: Personal Offense, Religious,
Abusive, Political, Origin, Gender, and Body
Shaming. This analysis is structured around

four primary types of errors identified from the
samples. By examining specific instances where
the models succeeded or failed, we can gain a
deeper understanding of their nuanced capabilities
and limitations. Figures 7 and 8 demonstrate
critical failures when detecting hate speech in
Bangla text.

Contextual Overshadowing: In this cate-
gory, the model’s failure to detect hate from
Mixed-Context Statements. A frequent error
occurs when a comment contains both hateful
and non-hateful elements, causing the non-hateful
context to overshadow the abusive component.
For instance, in the Abusive category ( 7a), the
comment Hey crazy journalist, if Brazil’s group
teams are weak... was labeled non-hateful because
the models focused on the overarching topic of a
football discussion, completely ignoring the direct,
abusive insult crazy journalist. A more severe
example of this is found in the Political category
( 8d) with the statement, Long live Pakistan, long
live Bangladesh, may India be destroyed. The
models incorrectly classified this as a non-hateful
political opinion. They latched onto the positive,
nationalistic slogans while failing to recognize
that the call for a nation’s destruction constitutes
an extreme and violent form of hate speech. This
pattern suggests that the models struggle to parse
comments with mixed signals, allowing malicious
content to be concealed within seemingly benign
statements.

Misinterpretation of Indirect Hate Speech:
The models consistently failed to detect hate
speech that relies on sarcasm, innuendo, or indirect
insults. For example, within the Religious cate-
gory ( 7c¢), the sarcastic comment It seems like he
has gotten a ticket to heaven was misclassified as a
lighthearted or personal feeling. The models were
unable to grasp the mocking and trivializing nature
of the comment, which belittles a core religious
belief. Similarly, in the Gender category ( 8f, a
sexually suggestive and demeaning proposal (Babu,
can you give my ex a room??) was misinterpreted
as a normal request for help. The models operated
on a literal interpretation, completely missing the
disrespectful and objectifying implication. This
highlights a significant weakness in understanding
the pragmatic and subtextual layers of human
language, where the hateful intent is implied rather
than explicitly stated.
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Comment: X612 GINGT I

Both of them are leather traders.

Ground Truth Explanation: BTG T3 TG IR PUA SEI© OICAA (PN T
PIGE T O IR, WENOGNI HAANNGAS |

By using the term "leather traders," the speaker possibly mocks or belittles their
profession or work; the statement is personally insulting.

Comment; SR #1571 SIS ISl A7 SR TENSTA I 7 XX OI=RCA (AT
fofe, S [EEEAVINSCR(ELIEY

Hey crazy journdlist, if Brazil's group teams are weak, then why couldn't Chile,
Colombia, Italy, Nigeria, or Egypt qualify?

Ground Truth Explanation: 'S5/ SIS’ ICT STCHINN FAICOR W& ST FAT
(AR ] OIF (PPN TFONP WA FT AR

By calling him a "mad journalist," the commenter personally attacked the individual
and insulted his professional competence.

[Zeroshof Non Hateful ] [LoRA—sfd: Non Hateful ] [ LoRA-CoT: Hateful

][ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful ]

(Sakll TS A AR BTG IS RICIER (£
CHTCRT JTMUTT T AT TH| TS NG THTST HLTIRTATT
RO ATE, O i FUMAP IS V|
The comment does not directly attack anyone; rather, it refers to a group's
profession. The phrase "leather traders” was not used with hateful intent. Although

/E%uanuhon (Zero Shot): TBABTS HAIR FTGTE WIHNT FAT TA, I8¢ % (e

Et;l(%lunuhon (Zero Shot); JMGTETR HeT T XU WY (RRGSTAT (F BTSN,
R gaFom 5 1O WOTNO AP (ATHCR 44T | TN

T G, &, 31 feresya ofs yon ar fivgs <21

The comment reflects a journalist's personal opinion about why, if Brazil's team is

weak, other countries couldn't qualify. There is no hate or hostility toward any race,

religion, or gender here.

\fhe comment may be somewhat sensitive, it is not a hate speech.
(Explanahon (Lo!;??cs\:l% TFAC TASI 9B oS} AT (PR VIR ST
ﬂmcmmmmwm BT FAT
mzf W FAT AR, TN WG TOWII AT ST WHAANGNS
The comment directly insults a group of people or their profession. The phrase "leather
traders"” is used here to belittle or mock the profession, which is personally and socially
koffensive.

AN
N

/Explanation (LoRA-CoT): Wrﬁh— S (DI BT AT MR S I AT (A0
T AT = | A6 (PR JHI6 FOI [T WA, (A JMSeT AR

SREY (A TCACR 3 (T FEGTEAT (X150 T (572 [INCH 20 51 ZOAR|

The comment does not express hatred or hostility toward any individual or group.

It is simply a football-related discussion, questioning how strong Brazil's group is

\and why certain teams did not qualify.

(a) Abusive/Violence

Comment: T 6 I A wow, wTes, @AM
What kind of speech is that! Rude, uncivilized, ill-mannered.

Ground Truth Explanation; SI&#, BI5Te}, (AAMI' AT AIE FE A&

61 & WIBECIC STASHE SN B RCAR, BSE 9T ST S|
" and "ill-mannered" have been used to directly attack the person's speech and
behavior, which undermines their personal dignity.

Comment: SPIf1 N1 AT 1R Go1T ST NI
If the death penalty is not given, the people of Bangladesh will take to the streets.

Ground Truth Explanation: "SI T fATeT I0eT TP (MOT ZCAY, IASAB SN
SifS 2 TR J3% SR<TOR 23S R |

Saying "if the death penalty is not given" amounts to a threat; the statement
creates fear among the public and suggests violence.

[ ZeroShot: Non Hateful ] [ LoRA-std: Non Hateful ] [ LoRA-CoT: Hateful

][ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful ]

ps
Explanation (Zero Shot): TSJBT® S F IR L-°T TR STITATGAT F41 ZCACR|
] WEH", "STST, " (TR FRSTAT (RFSA6SF (A I BTl TG TS
ST 7, TR WGAT T ES TS|

The comment criticizes the person's way of speaking. Although the words "rude,”

"uncivilized," and "ill-mannered" are negative, they are not a personal attack rather,
they are remarks about behavior.

xplanation (Zero Shot): QTN (6 M B FA ICACR, (TN IST JH(6 (AT
aﬂ%meﬂ; %ﬂ@ammwwﬁeweams’@
©g8 aft @rr S RIIE] oS fIva= a1 gon gurteg W1
This expresses a demand in whlch the speaker conveys deep dissatisfaction with
the judicial outcome concerning a specific person. Although the language is strong,
it does not spread animosity or hatred toward any individual or group.

-

Explanation (LoRA-CoT): SIw X, "SISTST, '(A3Wd *[37 AT4=21d HTa T
ST AT ICACR, PG TG 9TS SN =N

By using the words "rude,” "uncivilized," and "ill-mannered," the statement makes a
direct attack and amounts to a personal insult.

-

AN
N/

J

Eﬁ%lanﬂhon (LoRA-CoT): NBIfGTS STarsi(a Sitar #ifS g ofar war =3, O
1 (B1TSY) W GIIHR 9 ) ST GsTe((~e 521 96102 1

m@wwﬁqm A STFF A1 FAIR (58 S A

The comment does not directly express hatred toward anyone, but it demands a

severe punishment (the death penalty) and calls for public support, which could

\indirectly be an attempt to influence law-enforcement or the justice system.

(b) Personal Offense

Comment: ST, F2G (TGS RTIY 1), MY, [ TonM Wg 7¥, ©12 4T
YIS NG| AYNS ARTET (FIAANN VS AT (W{W&HW‘WI
Octopus, squid (special sea creatures), snails, oysters, etc. are not fish, so eating them
is forbidden (haram). Firstly, they are included among the khabd'is (impure or filthy
things) mentioned in the Qur'an.

Ground Truth Explanation: .ﬂznm ST S SXRETRT I T R (LT
T SN (ST JCACR, T 4T [RUTT RO ¢ IR T Ghors WS |
Here, the food preferences of followers of other religions have been directly labeled
as "impure things," which spreads religious hatred and hurts their sentiments.

Comment: XN X QTR GG (0T (5105,
It seems like he has gotten a ticket to heaven,,,

Ground Truth Explanation: GTRTSS fBI5 =8 w NTx 179 T 4T Weygle WMo
AN TR A2 4R TS AW FAPTE g F@|

By mocking the idea of getting a ticket to heaven, the comment hurts religious
sentiments. Such a statement trivializes religious beliefs.

[ ZeroShot: Non Hateful ] [ LoRA-std: Non Hateful ] [ LoRA-CoT: Hateful

][ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful J

The comment expresses a religious opinion by stating that eating certain aquatic
creatures is prohibited in Islam. It does not express hatred or hostility toward any
individual or group but rather discusses a belief related to food within a religious

t

(E i TSAOC® IS (55 Grergr o1 BT A TR )

5’1‘51'%?2” erg. Shat). w%|gw§m§?ﬁmcmﬁagﬁ (Ex lanation (Zero Shot): TBITBLS ("TTH 2 GINAICSA fGT6 (NN (1F,,,") A
qmmﬁmmwrg?m wmﬁ%qﬁammww QT%F{IWET Wﬁqqum@ﬂmmqm@uwwmWW
ORI =0 | WS FAMIR (HITT o a1 farg= =™

‘{‘T OIRT IR(T F4T1

The comment ("It seems like he has gotten a ticket to heaven,,") expresses a
sarcastic or negative attitude toward Emi Martinez's visit to Bangladesh. However,
\i‘r does not use direct hateful or malicious language.

TGOS WIETS FAI

By using Qur'anic terminology to label certain foods as "impure,” the statement,

J
Explanation (LoRA-ft): CTaremc=ia a?mm?n am'sra Rt s N @xplunahon (LoRA- aznm IS SIS JFM6 NSNS WS 2T FIRH
' ((ISAIRE ST (RS XCA0Y, 1 fATTE 49T FrETeTeT (e 4Ty || T fofy camma;?:

t_:_?T?TﬁTEﬂWI I22, af aaﬁ?k‘rﬁ?ﬂ
BITAR NBQT, (T ea=yas

Here, the speaker is likely expressmg a personal feeling, not hatred or hostility

from a particular religious perspective, may hurt the religious sentiments of

\ others. J

toward any individual or group. Rather, it is a lighthearted comment with no hateful
\Jintent.

(c) Religious

Figure 7: Comparative error analysis of finetuned (ff) and pretrained models on hate speech detection across multiple
content categories. Accurate parts are bold and colored in green, while errors are highlighted in red.
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Comment: (PTG (o1 SISAT &Y FAR BT
The anger is because of supporting the Awami League

Ground Truth Explanation: "SIIGAT &Y FAR ST INN NS AT MGG
SIATOR G (FT AT U, 42 W A AST® WHTT 3
ST HM | 7 WL TGN ATEIS (2 2O~ F1 2CNR|

The phrase "because of supporting the Awami League” expresses anger directly
tied to political affiliation, and this statement includes a personal attack and insult.
It undermines the person's political identity.

Comment: AIFST fGrAM A G ©IT® (NS TH
Long live Pakistan, long live Bangladesh — may India be destroyed.

Ground Truth Explanation: &=} 16 (PR ("o HoTe O JF") KT R
TN 2R, Wﬁ‘%mﬁmq‘f ‘:l—rwc'faaﬁ P ¢ RS
237 (n|

The phrase ("may India be destroyed") calls for the destruction of another count
this expresses extreme hostile political ideology and implies violence.

:

ZeroShot: Non Hateful ] [ LoRA-std: Non Hateful ] [ LoRA-CoT: Hateful

][ ZeroShot: Non Hatefull

(

Explanation (Zero Shot); TSBIS AT (HITAT A1f@s aT (5T8ia

A 2| TR, Af6 AGCNOT TOO ABFHT (TN JFGH TS
J FET OF (FITOd FAT GINITRAN |

The comment does not directly express hatred toward any individual or group.

Instead, it expresses a political opinion where someone is sharing their frustration

due to support for the Awami League.

o

J necessarily aggressive.

Explanu'hon (Zero Shot); I2 TS ToSAF V7 FRT A6 AMFSH fG~m
ALETY TIRS NS AP I0 JeT1 JONCR, [ AT 2 T a3z

SRR 4356 AT 46 S 2T 472 ST ST TR IR

OIS AfS SMH NS 0 VN 26 |

This explanation claims the comment is not hateful because it contains slogans like

"long live Pakistan" and "long live Bangladesh," framing it as an expression of pride

and affection for those countries. It interprets the line about India as not

][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful

-

Explanation (LoRA-CoT): SIS S151Tas STasi(d (witwa S1aT %csm
AGUATOF G SMHNT FAT (AR, T D@91 [{00T7 =1t

The comment politically attacks the Awami League by presenting |+ as the direct
cause of anger, which involves elements of personal animosity.

G

J

J

(Explannhon (LoRA-CoT): NTHFJ/I 8 ATATTHTIIR TTH HIUNT AT TCATY, G2
TIATSA s TS I FAT TCACY, AGAOF TOITS | BT, QAN
(T AT, BTG AT (TS GO AT ST FAT T
The comment expresses support for Pakistan and Bangladesh and wishes harm upon
India, which is a political stance. However, this explanation asserts that it does not

\ target an individual, race, or group with hatred or contempt.

(d) Political

(SR (a7} o1
You can't run demos with madrasa knowledge! Let alone master it... for that,
brother, you need to study science.

Ground Truth Explanation: XTETSR fRAHTTS S1aeaT m e e (g ey
A (B2 P TNE, IS APRBE 16 RO 43 FAFITET & I3
aa\wﬁﬁwﬁﬁ—w &S HANGAS |

The statement attempts to demonstrate the superiority of science education by
disparaging madrasa education. In effect, it belittles a particular religious
educational system and is insulting to those educated in it.

Comment: XTSI TaT AT (G SIEACAT T | SIICNT (O TR BT ... I G ©1R
RSaT Gl GF e ...

Comment: 23T 2STRIZACH AT SRS 711

Iran, don't trust Israel.

Ground Truth Explanation: SIf®5T® ARG fNTT AIRT5Y 41490 (Y R AR
(YT TN {TeR CofF F1 AR
By fostering distrust based on national identity, the comment creates division.

[ ZeroShot: Non Hateful ] [ LoRA-std: Non Hateful ] [ LoRA-CoT: Hateful

][ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful

Explamflgigzero Shof) mfﬁr— SRR (IR e AT M AR f%na-avm\

SAHAT | o],

VAT B IR ﬁw
T TG T

The comment does not directly attack any individual or group. However, it makes a

negative remark about a specific educational system (madrasa education) and

emphasizes the importance of science education. It does not reach the level of

(STETSIT
mﬁwa;mwﬁm.ﬂ%wm

U\

7

Explunuhon (Zero Shot): 32117! 8 BTRIRER N GH(6 71F [T 9% FfG e
MR, (TAT TGO JHTB A (RSTN IO | AL (I e, Tfs, T
CoSTTS T AT U NT AT I

This statement is made regardlng the relationship between Iran and Israel,
offering a simple piece of advice. No individual, race, or group is being targeted or
attacked here.

spreading hate.
Explanaﬂon LoRA-CoT): SITATSIA Wal TR (O BI=IT=T e, 42 NSy I
s'?*lm A WIS (X ST TCNR| 7 N JHB 0T
cﬂr@a oS ﬁrla—ﬂﬁq VRIS AT AT IO
"You can't run demos with madrasa knowledge" disparages the knowledge of a
specific religious educational system. Through this, a prejudiced attitude toward a
articular group is expressed.

_/
h Explumﬂon (LoRA-CoT): WBIMBTS S @ E5aa tera WieT AL AT I )
XCACY, T aﬁmwmmmzﬁmc af;q‘nmﬁm
AT AT TN G (71 B (AT W&y ok <

The comment expresses distrust between Iran and Israel, whlch isa pohhcal opinion. It
does not express hatred or hostility toward any individual or group. It is merely a personal
perspective on the relationship between two countries.

/ /

©)

Origin

AP JRACAC A FE FAR|
All Alexander Bo, Picchi Sohel, Mehedi, Shahin Alam, these obscene actors are
ruining Bangladesh's environment.

Ground Truth Explanation: 66 *% ey *NRAF 19+ T (X 1 AR A7¢
CEFGTER (@ TEIS *MA (I T FOrF PN TR JRIGT SR A
I SRR 8 AR O IR PN AACR

The word "Picchi” mocks physical appearance, and "Alexander Bo" likely ridicules
physical traits. Additionally, calling them "obscene actors” uses directly offensive

\d insulting language.

Gmmem‘:mwmwmamﬁﬁsmm, TR, *NMFEN WETN, 92 5 TR \

A\

/

Comment: I3 SN JH (F JP0I PN AT 122
Babu, can you give my ex a room??

\

Ground Truth Explanation: WA (A 257 SBTIR WHITN (T FT AR K
S WHTT F1 AR A2 4R TSF &S TTANGAS |

The woman is demeaned through a sexually suggestive proposal and personally
attacked. Such a comment is disrespectful toward women.

4

[ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful

J

[ ZeroShot: Non Hatefull ][ LoRA-std: Non Hateful ][ LoRA-CoT: Non Hateful ]

-
Explanation (Zero Shot): G4 i g Tstasa 10w TG 54T E"P"‘"“*W" (er %%h“) R TG Wﬂﬁ*g‘;‘“ CTOTH BRI TR, T |
TCACY, O (BT L &, 3T (SIS STHT B TN QGTCNT THN| I3, m‘n‘c‘%ﬁlﬁiaﬂf e ;ﬁ‘ afm‘”ﬂ STAITEBATFS TN NCoT=
Qi Ll Thi ti king Babu t hich tion. It i ifi
The comment critiques the work of certain actors, but it does not spread hatred BE LS as;i i) UHS give gf_roolm, W ;.C |sT<:1que: |on.A+ s 0:{:5:' iC
toward any race, religion, or group. Rather, it is a comment from personal opinion. z::‘;';]s L 2 ZCERIC i ULOEE MR IC Rl b AR L i )
A b

i;'%l%dgwn (LoRA-CoT): 42 WBfCIF Az ui ~rsifatass aifeore Terme cwm\ 4

awmmm Wrﬁ’rq%vcam\mm
FHOF 8 oftna ST BT FACRA, TMS TS WIZK FAT
STHT fHRBT SUHTA AT (A ZCS AR, [5G 9% TSIITB T N1

This comment represents a citizen's personal opinion, expressing concern about the
impact of certain film stars on Bangladesh's culture by allegedly spreading
obscenity. Although the language used may be somewhat harsh or negative, the
comment is not hateful.

J

\

Explanation (LoRA-CoT): QTN T TEAW (HITAT BTGT AL GT SIATGIIAA
asmiﬂﬁrgm m,maﬁm%wm G fATZT QO NCer
&gz 2|

Here, the speaker is likely requesting help from someone to complete a task, which
is a normal request. There is nothing hateful being spread.

(N

J

(f) Body Shaming & Gender

Figure 8: Comparative error analysis of finetuned (ff) and pretrained models on hate speech detection across multiple
content categories. Accurate parts are bold and colored in green, while errors are highlighted in red.
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Models Non-Hate \ Hate \ Macro | Acc
P R F1 P R F1 P R F1
Zero Shot
Qwen-2.5-7B (w/0) 80.12 8530 82.63 8251 76.62 7945 8131 8096 81.04 81.17
Qwen-2.5-7B (w) 66.37 9394 7778 87.69 4753 61.65 77.03 70.74 69.71 71.86
Gemma-3-12B (w/o) 79.17 90.57 84.48 87.64 7373 80.08 83.40 82.15 8228 82.56
Gemma-3-12B (w) 88.85 80.69 84.57 80.67 88.83 8455 84.76 84.76 84.56 84.56
Llama-3.1-8B (w/0) 82.02 7738 79.63 76.06 8091 7841 79.04 79.14 79.02 79.04
Llama-3.1-8B (w) 96.54 4726 6346 6285 98.14 76.62 79.70 72.70 70.04 71.49
Phi-4 (w/o) 81.42 8486 83.10 8249 7865 8053 8196 81.75 81.81 81.91
Phi-4 (w) 81.28 83.66 8246 8139 7876 80.06 81.34 81.21 81.26 81.33
Mistral (w/0) 81.58 62.72 7092 67.25 8438 7485 7441 73.55 72.88 73.03
Mistral (w) 96.79 13.79 24.14 51.12 9950 67.54 7396 56.64 4584 5453
LoRA Fine-Tuning
Qwen-2.5-7B (w/0) 87.32 9098 89.11 88.86 8449 86.62 88.09 87.73 87.87 88.03
Qwen-2.5-7B (w) 89.20 88.16 88.68 86.85 8799 8742 88.03 88.08 88.05 88.08
Gemma-3-12B (w/o) 86.98 90.60 88.73 89.19 85.18 87.13 88.09 87.89 87.93 88.01
Gemma-3-12B (w) 90.73 90.06 90.39 8891 89.65 89.28 89.82 89.85 89.84 89.87
Llama-3.1-8B (w/o0) 88.86 89.13 8899 8797 8768 87.83 8842 8841 88.41 88.44
Llama-3.1-8B (w) 87.84 91.29 8953 8975 85.78 87.72 8870 88.70 88.70 88.79
Phi-4 (w/o0) 84.42 9129 8772 91.07 84.06 8743 87.74 87.67 87.57 87.57
Phi-4 (w) 86.16 9092 88.48 89.11 8357 86.25 87.64 87.25 87.37 87.46
Mistral (w/0) 87.32 9098 89.11 88.86 8449 86.62 88.09 87.73 87.87 87.99
Mistral (w) 90.13 9411 92.08 93.02 8840 90.65 91.58 91.25 91.36 91.42

Table 10: Comparison of model performance with(w) and without(w/o) metadata under Zero Shot and LoRA
fine-tuning settings. P, and R represent Precision, Recall. Best performing model for each metric and configuration

is highlighted in blue.

Failure to Recognize Incitement: A critical
and dangerous error was the model’s inability
to identify incitement to violence and threats of
public harm. In a case from the Personal Offense
category (7a), the comment If the death penalty is
not given, the people of Bangladesh will take to
the streets is a clear threat of civil unrest intended
to intimidate the justice system. However, all
models misclassified this as a non-hateful demand
for severe punishment, overlooking the implied
violence and creation of public fear. This type
of error is particularly concerning as it involves
a failure to flag language that could lead to
real-world harm.

Systemic Blind Spots: Gender and appearance
based hate are the most consistent and absolute
failures were observed in cases of gender and body
Shaming. The analysis indicates these are not just
areas of weakness but systemic blind spots for the
models. The comment All Alexander Bo, Picchi
Sohel... from the Body Shaming category (8f) used
insulting terms like Picchi to mock physical appear-
ance and obscene actors to insult their profession.

Despite these clear instances of personal offense,
all models classified the comment as a non-hateful
personal opinion. Likewise, misogynistic content,
as seen in the sexually suggestive proposal from
the Gender category (8f), was universally missed.
This complete failure across all models suggests
that they have not been adequately trained to rec-
ognize the specific linguistic patterns and social
contexts associated with gender-based discrimina-
tion, misogyny, and body shaming, making these
critical areas for future model development.

H Prompts
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Hate Category
POff A/V Pol Gen Rel Ori BS Avg

Models

Zero Shot Prompt

Open Source LLM
Qwen-2.5-7B 55,59 51.22 348 2071 21.68 1324 262 28.55
Gemma-3-12B  56.76  55.37 3031 24.03 2281 14.65 381 29.68
Llama-3.1-8B  67.76  51.29 3547 2044 1999 1452 3.16 30.38

Phi-4 61.76 5192 3501 20.52 2238 1534 266 29.94
Mistral 59.17 50.51 36.65 19.68 23.07 1573 2.64 29.64
Close Source LLM
Gemini 2.5 61.35 68.29 46.71 62.88 7542 43.19 3.65 51.64
GPT 40 3341 56.78 60.52 53.09 68.66 42.37 21.18 47.86
Chain of Thought
Open Source LLM

Qwen-2.5-7B 36.57 2551 1421 1828 2298 10.61 248 18.66
Gemma-3-12B  59.26 54.68 3198 23.13 2196 14.45 39 29.91
Llama-3.1-8B  59.11 504 29.78 23.06 23.88 149 326  29.20

Phi-4 53.04 36.48 21.07 2227 2558 1466 244  25.08
Mistral 70.65 50.17 3557 20.57 1935 14.17 34 30.55
Close Source LLM
Gemini 2.5 61.24 68.49 46.78 6236 7588 43.02 0345 51.66
GPT 40 36.81 60.27 6539 57.12 73,55 4580 2291 51.22
HARE Prompting
Open Source LLM

Qwen-2.5-7B 60.08 50.31 35.03 20.08 21.21 1455 267 29.13
Gemma-3-12B  67.14 50.51 36.64 21.08 2143 1436 285 30.57
Llama-3.1-8B  67.14 50.51 36.64 21.08 2143 1436 2.85 30.57

Phi-4 55.11 53.03 3293 20.56 25.07 16.02 233 29.29

Mistral 68.69 50.8 3599 20.73 20.18 1438 2.76  30.50
Close Source LLM

Gemini 2.5 69.34 76.82 57.29 73.17 81.44 53.03 10.80 60.27

GPT 40 25.14 4973 5348 44.66 62.05 3327 19.39 41.10

Why Hate/Non-Hate Prompting

Open Source LLM
Qwen-2.5-7B 5335 50.18 32.88 2091 2245 13.09 2.88 27.96
Gemma-3-12B  58.96  55.0 31.8 2323 21.14 1473 3779 29.81
Llama-3.1-8B  64.72 5132 36.66 2048 2128 1471 292 30.30

Phi-4 5849 52.14 33.03 20.64 23.63 14.83 2.78 29.36

Mistral 60.5 51.72 37.38 19.15 2372 1639 2.53 30.20
Close Source LLM

Gemini 2.5 80.37 7592 5944 7485 8521 6560 21.03 66.77

GPT 40 39.18 6549 7190 6254 7933 4966 2480 56.14

Classification Guided LoRA Fine Tuning

Qwen-2.5-7B 64.26 51.62 32.08 2145 20.19 1343 351 2951
Gemma-3-12B  64.26 51.39 3254 21.73 19.88 13776 3.01  29.51
Llama-3.1-8B  65.74 50.41 33.19 21.78 19.79 1437 289 29.74
Phi-4 6249 5246 31.88 2158 20.57 1345 232 2925
Mistral 68.21 51.69 3485 2186 1875 14.67 332 3048

Explanation Guided LoRA Fine Tuning

Qwen-2.5-7B 66.55 51.29 3529 2295 1959 1484 235 3041
Gemma-3-12B  67.04 51.65 35.19 21.83 19.65 1442 3.02 3040
Llama-3.1-8B  67.63 51.02 3524 21.52 19.61 1424 331 30.37
Phi-4 65.77 5259 3537 210 2065 1393 3.11 3035
Mistral 64.56 51.09 33.0 22.09 1898 13.8 333 2955

Table 11: Performance Analysis of the models for Hate Category. Here, P Off, A/V, Pol, Gen, Rel, Ori, and BS refer
to Personal Offense, Abusive/Violence, Political, Gend&9REligious, Origin, and Body Shaming, respectively.



Models Target Group

Male Female Group Organ Country Rel Pol Avg

Zero Shot Prompt

Open Source LLM
Qwen-2.5-7B 4476  33.35 28.85 26.87 20.66 2138 641 26.04
Gemma-3-12B  43.14  38.49 27.83 26.36 22.09 22.81 537 26.58
Llama-3.1-8B  47.71 34.66 30.65 31.36 2291 19.33  6.56  27.60

Phi-4 442 34.04 29.74 30.19 23.56 21.87 645  27.15
Mistral 42.95 32.27 29.31 29.66 25.78 22.54 645  26.99
Close Source LLM
Gemini 2.5 29.67  94.25 4431 42.89 64.78 55.04 2853 51.35
GPT 4o 51.37 83.91 43.22 46.89 65.74 65.08 20.46 53.81
Chain of Thought
Open Source LLM

Qwen-2.5-7B 22.31 26.91 20.57 13.11 14.02 21.86 648 17.89
Gemma-3-12B  44.87  37.87 27.9 27.32 21.68 21.83 537  26.69
Llama-3.1-8B  44.56  36.74 27.87 25.39 20.97 2347 547 2635

Phi-4 32.02 3291 27.39 18.54 19.62 2629 522 23.14
Mistral 48.39 35.03 31.08 31.93 22.81 1852 648 27.75
Close Source LLM
Gemini 2.5 29.53 94.82 44.17 42.38 64.45 55.08 28.62 51.79
GPT 40 55.94 90.12 46.44 49.26 70.31 71.58 2147 57.33
HARE Prompting
Open Source LLM

Qwen-2.5-7B 46.2 33.04 29.14 28.42 22.6 20.8 5.81  26.57
Gemma-3-12B  45.0 37.72 28.64 27.01 21.64 2153 547 26.72
Llama-3.1-8B 47.0 34.65 29.1 32.24 23.04 20.61 6.51  27.59

Phi-4 41.61 33.48 30.24 26.68 23.66 24.5 5.85 26.57

Mistral 47.07 34.41 31.27 31.25 23.38 1943  6.67 27.64
Close Source LLM

Gemini 2.5 43.16 95.74 56.48 51.02 70.37 6429 25.66 58.10

GPT 40 38.59 71.42 35.03 35.84 53.91 60.27 21.68 45.25

Why Hate/Non-Hate Prompting

Open Source LLM
Qwen-2.5-7B 43.94 339 27.91 254 19.18 22.13 578  25.46
Gemma-3-12B  44.8 37.73 28.38 27.08 21.76 21.13 543  26.62
Llama-3.1-8B 4538  33.78 29.95 31.63 23.62 20.69  6.72  27.40

Phi-4 44.07 34.52 29.5 27.76 22.88 23.08 544 26.75

Mistral 42.69 32.31 31.04 29.26 26.69 23.16  7.25 27.49
Close Source LLM

Gemini 2.5 55.47 94.29 58.86 57.31 72.09 71.64 3275 63.12

GPT 40 60.83 98.54 50.48 53.67 76.03 7722 2391 6240

Classification Guided LoRA Fine Tuning

Qwen-2.5-7B 46.50  36.03 29.51 31.14 22.16 1927  6.18  27.26
Gemma-3-12B  47.24  35.78 30.05 31.50 21.6 19.27 638  27.40
Llama-3.1-8B 4738  36.08 30.12 31.23 21.26 19.15 638  27.37
Phi-4 4717  34.89 29.82 32.53 20.68 20.14 679 2743
Mistral 4791 36.13 30.77 31.09 22.30 18.5 6.17  27.55

Explanation Guided LoRA Fine Tuning

Qwen-2.5-7B 48.19  35.15 28.8 30.92 18.46 19.54 6.2 26.75
Gemma-3-12B  47.60  35.12 29.08 30.25 19.79 1946  6.18  26.78
Llama-3.1-8B 4822  35.27 28.65 30.61 20.71 19.28 646  27.03
Phi-4 4747  34.14 29.11 29.03 20.39 20.56  5.83  26.65
Mistral 46.51 35.91 29.75 30.42 19.6 1846 625  26.70

Table 12: Results of the models on the Target Group section of the test split from the BANHADEX dataset. Rel and
Pol refer to Religious and Politics, respectively.
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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’, 'Origin',
'Politics', 'Religious']

Return your answer in this strict JSON format:

{
"first_answer”:"Hate"or"”"Non Hate",
"justification”:"Brief explanation

in Bangla”,

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

}

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",
"explanation”: "Explanation in Bangla”

3

Output format (strict):

{
"score": <number between 0 and 1>,
3
Constraints:

 Treat the Actual explanation as ground truth; do not reinterpret or revise it.
* Base your judgment solely on alignment with the Actual explanation, not on your own views.

» Keep the rationale concise (< 1-2 sentences).
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Why Hate/Non-Hate Prompt Used for Prediction

You are an expert in Bangla language with a deep understanding of cultural and contextual expressions
of hate speech. Your task is to analyze a given Bangla text and determine:
1. Determine if the given comment is hate or non hate.
2. Justify and debate over your first answer why hate or non hate and then finalize the answer.
3. If hate: determine the hate speech category (from the fixed list below), and the target group

that the hate is directed toward (also from a fixed list).
Choose only from the following:

Hate_Category:

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

Target_Group:

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

Return your answer in the following format:

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

3

Hate Explanation prompt

Role: You are an evaluator who compares an Al-generated explanation against a fixed, ground-truth
explanation.

Task:

Given:

1. a Comment (the original text),

2. an Actual explanation (the authoritative ground truth that must not be changed), and

3. a model-generated explanation (the candidate to evaluate), rate how well the Al explanation
matches the Actual explanation on a continuous scale from 0 to 1.

What to consider (compare to the Actual explanation only):
* Conclusion alignment: Does the Al reach the same overall judgment (e.g., hate/non-hate,
reasoning)?

* Factual accuracy: Is it faithful to the facts in the Actual explanation (no additions, distortions,
or mistranslations)?

» Reasoning overlap: Does it cover the key reasons given in the Actual explanation?

* Tone & scope: Avoids introducing new claims beyond the Actual explanation or omitting
critical points.

Scoring guide:
* 1.00 — Fully aligned: same conclusion and reasoning; no errors.
* 0.75-0.99 — Minor issues (e.g., small wording/mistranslation nuances) but overall aligned.

* 0.50-0.74 — Partially aligned; misses or adds notable elements.

0.01-0.49 — Largely misaligned; major omissions/additions or wrong reasoning.

* 0.00 — Contradicts the Actual explanation or is unrelated.
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