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Abstract

Social media has amplified public discourse
in India while perpetuating caste-based hierar-
chies. Despite legal protections, caste-based
hate speech continues to propagate across digi-
tal platforms through culturally embedded ex-
pressions that conventional classifiers often
struggle to interpret. We propose GYAAN-
SAHIT, a knowledge-driven multi-agent frame-
work that addresses this problem through struc-
tured debate-based classification. Each agent
adopts a distinct ideological and socio-cultural
persona, engaging in multi-turn argumentation
to reason over context, subtext, and intent. A
critic agent then evaluates the coherence of the
debate before producing the final classification.
The framework further integrates Hindi hate
lexicons to ground its reasoning in linguistic
and cultural specificity. Experiments show that
GYAAN-SAHIT achieves improvement in per-
formance while generating culturally grounded
explanations, demonstrating the effectiveness
of persona-based multi-agent reasoning for hate
speech detection in low-resource and socially
complex environments.

Content Warning: This article contains illus-
trative examples of hateful content.

1 Introduction

The caste system in India is a long-standing so-
cial hierarchy that classifies individuals by birth
and has historically determined access to social,
economic, and cultural resources (Siddique, 2011).
Caste continues to shape opportunities in educa-
tion, employment, and social mobility. In con-
temporary governance, caste groups are broadly
categorised as General, Other Backward Classes
(OBCs), Scheduled Castes (SCs), and Scheduled
Tribes (STs). SCs and STs, formally recognised un-
der Article 341(1) of the Indian Constitution, have
faced systemic discrimination and social exclusion
(Kijima, 2006). To address these inequalities, the
Indian government introduced affirmative action

policies (reservations), which have improved so-
cioeconomic outcomes for marginalised communi-
ties (Siddique, 2011; Chin and Prakash, 2011).

Despite sustained legal and policy interventions,
caste-based disparities persist, particularly in ac-
cess to higher education and healthcare for Dal-
its and Adivasis (Thapa et al., 2021; Bhoi and
Lakra, 2024). Increasingly, caste discrimination
has also extended to digital spaces, where social
media platforms host caste-based abuse that reflects
and amplifies existing structural inequalities (and,
2025). Addressing these challenges requires com-
putational approaches capable of detecting caste-
based hate speech in culturally sensitive ways.

Automatic hate speech detection using machine
learning (ML) and natural language processing
(NLP) remains challenging due to linguistic diver-
sity and cultural context (Abubakar et al., 2022).
The challenge is particularly pronounced for Hindi,
spoken by a large proportion of the Indian pop-
ulation but under-resourced for fine-grained hate
speech analysis (Nautiyal, 2024). Existing Hindi
hate speech datasets often rely on coarse binary la-
bels, limiting their ability to capture target-specific
abuse such as caste-based hate (Sharma et al.,
2024). Furthermore, implicit references, coded lan-
guage, and culturally embedded expressions make
caste-related hate speech especially difficult to iden-
tify automatically.

Based on these gaps, we pose the following re-
search questions:

* RQ1: How does a knowledge-driven, persona-
based multi-agent framework affect the inter-
pretability of caste-based hate speech classifi-
cation?

* RQ2: Does the integration of a domain-
specific Hindi caste hate lexicon improve the
performance of multi-agent models in detect-
ing caste-based hate speech?
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1. Agent A (Dalit activist): This is direct casteist hate speech
— "Chamaar” is used derogatorily, and the statement explicitly
says they can never be equal to Brahmins, which is harmful and
hunmiliating.

2. Agent B (Brahmin academic): From a linguistic and
sociological view, it's reinforcing caste hierarchy — historically,

speech criteria.

3. Agent C (Ambedkarite lawyer): Constitutionally, this is
discriminatory under Article 15 and promotes inequality,
violating both social dignity and legal protections.

S\ome people may just be stating traditional belief without
1. Agent 1 (Dalit Student Leader): Hate speech doesn't
2. Agent 4 (Brahmin academic): The context of "never be
3. Agent 5 (Ambedkarite lawyer): Legally, such statements

Critic: But couldn’t this be an opinion rather than incitement?
calling for violence. Does that still count as hate speech?

[ (oo
require explicit violence — perpetuating caste hierarchy itself
is harm.
equal” directly denies fundamental rights, and language like this
entrenches prejudice.
have been held as casteist insults under the SC/ST Act. It's
not “opinion” when it attacks dignity of an entire community.

CLASSIFICATION LABEL

Critic: I'm convinced — the phrase has both derogatory
language and an explicit assertion of inequality, which makes it
@nful under both social and legal frameworks.

FEW SHOT PROMPTS(FS)

Semantically Similar
Examples

Figure 1: Overview of GYAAN-SAHIT for caste-based hate speech detection Framework

To address these questions, we propose GYAAN-
SAHIT, a knowledge-driven, persona-based multi-
agent framework for caste-based hate speech de-
tection. It employs multiple agents with distinct
socio-cultural perspectives and leverages struc-
tured, caste-specific lexicons to support culturally
grounded reasoning.

The main contributions of this work are:

* Hindi Caste Hate Lexicons: Curated domain-
specific lexicons capturing explicit slurs, im-
plicit caste references, and culturally con-
textual expressions to support knowledge-
grounded classification.

* Knowledge-Driven Multi-Agent Frame-
work: A persona-based multi-agent architec-
ture that improves reasoning in caste-based
hate speech detection.

e Comparative Analysis: A systematic eval-
uation of transformer-based models, GPT-
40 based prompting strategies, and multi-
agent variants, demonstrating that knowledge-
augmented persona-driven debate consistently
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outperforms the baseline models and fine-
tuned approaches.

2 Related Work

Most hate speech detection research has focused
on high-resource languages, particularly English.
Early approaches relied on rule-based and keyword
matching methods, later superseded by fine-tuned
transformer models such as BERT and RoBERTa
(Davidson et al., 2017; Liu et al., 2019). However,
models that perform well on curated evaluation
datasets often generalise poorly to the diverse and
informal environment of social media, where hate
speech harms minority groups, fuels identity-based
discrimination, and contributes to information dis-
order.

For low-resource languages, research has fo-
cused on domain adaptation and social media pre-
training. The NAIJAHATE dataset for Nigerian
Twitter demonstrates that standard pretrained mod-
els lack cultural specificity and require language-
specific adaptation (Tonneau et al., 2024). The VI-
HATETS model addresses Vietnamese data scarcity
through multitask learning with noisy social me-



dia pretraining (Nguyen, 2024). Contrastive and
adversarial learning have also been explored for
other low-resource languages (Hashmi et al., 2025;
Almahdi et al., 2025). Despite progress, signifi-
cant challenges remain in handling socio-cultural
diversity across platforms.

Most work on Indian language datasets targets
general hate speech or abusive language rather
than caste-based discrimination specifically (Mandl
etal., 2019). A Tamil dataset focusing on caste and
migration-based hate speech was recently released,
and shared tasks such as LT-EDI 2024 addressed
related problems (Chakravarthi et al., 2025; Ra-
jiakodi et al., 2024). Resources and models for
caste-based hate speech in Hindi remain scarce, and
existing work is largely limited to coarse-grained,
non-target-aware classification. Caste discourse
often relies on implicit, coded, and indirect ex-
pressions that require deep understanding of so-
cial hierarchies. Large language models (LLMs)
have been explored for hate speech detection in
zero-shot and few-shot settings. While LLMs gen-
eralise well, single-agent prompting often yields
unstable results, particularly in sensitive modera-
tion tasks. Multi-agent and persona-driven frame-
works address these limitations by improving ro-
bustness, control, and explainability. For example,
the PREDICT framework engages multiple agents
aligned with different annotation guidelines to pro-
duce more robust and explainable hate speech clas-
sifications (Park et al., 2024). Role-based debate
among models has also been shown to improve rea-
soning in text generation tasks (Hu et al., 2024).
Knowledge-driven multi-agent systems such as
MAAD further demonstrate the value of structured
domain knowledge for reliable and explainable Al
(Zhang et al., 2025).

Despite these advances, no prior work has specif-
ically addressed caste-based harmful discourse
in Hindi using a culturally grounded, retrieval-
augmented, multi-agent LLM framework. Exist-
ing approaches either fine-tune transformer models
without structured interpretability or apply single-
agent LLM prompting without deliberative reason-
ing or domain-specific lexical grounding. Our work
addresses this gap by combining persona-driven
multi-agent debate with curated caste-specific lex-
icons and retrieval-based contextual grounding to
improve both performance and interpretability.
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3 Methodology

Given an input comment ¢ in Hindi, GYAAN-
SAHIT outputs a final classification label L. The
framework comprises four stages: (1) persona as-
signment and selection, (2) multi-agent debate,
(3) critic evaluation, and (4) final classification. All
modules are implemented via LLM prompting, re-
quiring no additional fine-tuning. An overview
of the framework is provided in Figure 1, and
Algorithm 1 presents the step-by-step procedure.
Prompt configurations are detailed in Figures Sa—7
and sample outputs in Hindi and English are pro-
vided in Figures 8 and 9 in the Appendix.

3.1 Persona Assignment

Interpretations of sensitive language vary with an
individual’s background and beliefs. To represent
this diversity, we construct a pool of 6-10 personas,
each representing a distinct socio-cultural perspec-
tive on caste-related discourse. This range captures
a broad spectrum of viewpoints while avoiding re-
dundancy. Using contextual cues from ¢ and guided
by socio-cultural diversity principles, we generate
a set of caste perspective profiles:

7cn}

Each perspective c; is prompted to classify ¢ with
a label and a stance:

C={c,ca,... )

l; € {Hatespeech, Not Hatespeech}, 2

s; = reasoning for assigning [;

Outputs are stored in a dictionary-style represen-
tation:

A = {{agent_id, : ¢;, label : I1, stance : s1},

{agent.d,, : ¢,, label : [,,, stance : s, }}

3)

The personas are not intended to represent caste

identities. Instead, they model diverse interpretive

perspectives that may emerge in online discourse.

Persona descriptions were designed to encourage

diversity rather than simulate real individuals or
communities.

Persona Pool Creation. Using LLM prompting,
we generate perspectives that include a brief de-
scription, a classification label, and a reasoning
stance, ensuring diversity across communities, ide-
ologies, and viewpoints.



Algorithm 1 GYAAN-SAHIT: Knowledge-Based
Multi-Agent Persona Framework for Caste-Based
Hate Speech Classification

Require: Text ¢

Ensure: Final classification label
{Hatespeech, Not Hatespeech}

. Initialise agent pool A < {}, selection meta-

data Sel <— {}, debate state D «+ {}

Generate caste perspective list C

{c1,¢9,...,¢cn} from ¢

for each ¢; € C do

Create persona for c;; prompt it to classify
(0) (0)>
(0)

i S
Store: Alagent_id;| < {c;, I; 7,
: end for
7: Select debate team
{agent_id,, agent_id,, agent_id; }
8: for each agent_id, € 7' do
Record: Sellagent_id, ]

L €

t, returning (/
(0)

i

}

T

{lf«O), selection_criteria}
Initialise: D[agent_id, ] < {l£0)
end for
k<0
repeat
14: for each agent_id,. € T" do

15: Agent presents current

1, s%)

end for
Critic evaluates arguments:
k) (K
CH", 5 Yagentia, ex)
for each agent_id, € 7" do
Update: (l,(ﬂkﬂ)

UPDATE(lf«k), sﬁk), F)
Dilagent_id, ]

Write:
{l$k+1), 8£k+1)}
end for

k+—k+1
until C is satisfied
AGREE({h(ak) }agentid, eT) = True

(0)}

10: , Sp
11:
12:

13:
position

16:
17: F

18:

19: 87(~k+1))

)

20:

21:
22:

23: or

2%4: I« MAJORITYVOTE({ZS»IC)}agemfidrer_p)
25: return L
Persona Selection. A debate team of three agents

is selected from the pool:

T = {aj,ak,al} CA, ’T‘ =3 (4)
Three agents are sufficient to capture multiple, po-
tentially conflicting perspectives; increasing this

number offers diminishing returns and risks redun-
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dancy. Each selected agent is assigned a fixed
persona throughout the interaction to encourage
consistent and balanced reasoning.

3.2 Multi-Agent Debate

Knowledge Integration
Augmented Guidance:

The framework integrates two complementary
knowledge sources during debate.

via  Retrieval-

Hindi Hate Speech Lexicons. We curated a
domain-specific lexicon £ = {1, 0, ..., ¢y} of
caste-related hate speech terms and implicit deroga-
tory expressions in Hindi. An initial seed set was
collected from online hate speech repositories in-
cluding Hatebase'!, Homegrown?, and the SC/ST
Cell IIT Bombay>. This seed set was expanded us-
ing an LLM to generate additional terms and lexical
variants. The finalised lexicon L is provided to all
agents as background knowledge, enhancing their
ability to identify subtle and context-dependent
hate speech during debate.

Retrieval-Augmented Guidance. To comple-
ment the lexicon, we employ a retrieval mecha-
nism inspired by Retrieval-Augmented Generation
(RAG), adapted for classification-oriented debate.
All annotated training comments are embedded us-
ing a sentence embedding model and indexed in a
FAISS vector database (Johnson et al., 2019). For
a target comment z, the system retrieves the top-k
most semantically similar examples:

Ni(z) = Top-k (sim(¢(z), ¢(z:)))  (5)

along with their labels y;. These k=5 retrieved
pairs serve as contextual anchors, helping agents
ground their reasoning in relevant precedents while
reducing bias.

Debate Procedure:

The three selected agents A = {a1, az, a3} and
a critic agent C engage in structured, multi-turn
debate to determine whether ¢ constitutes caste-
based hate speech. Each agent a; interprets ¢
using lexicon £ and the K retrieved examples
E = {(e1,y1),...,(ex,yx)}. At each debate
round k, agent a; formulates an argument com-
prising its classification label z§k) and supporting
stance sl(k), while challenging the reasoning of the
other agents.

"Hatebase.org
“Homegrown Voices: Casteist Slurs
3SC/ST Cell Resources


https://hatebase.org
https://homegrown.co.in/homegrown-voices/casteism-in-our-words-10-casteist-slurs-and-why-we-need-to-stop-throwing-them-around
https://www.scstcell.iitb.ac.in/resources

The critic C evaluates the set of arguments:

k) (K k) (K k
(@), @), 57,557 ©
probing for logical weaknesses and inconsisten-
cies. The debate proceeds for 7' rounds or until
consensus is reached:

1§,

Agree({lgk)}?ﬂ) = True (7

The full procedure is outlined in Algorithm 1.

3.3 Critic Evaluation

Following the debate, the critic agent synthesises
the discussion into a final classification decision,
weighing argument coherence, the relevance of lex-
icon and retrieved evidence, and the overall balance
of perspectives. The critic outputs:

L € {Hatespeech, Not Hatespeech}  (8)

together with a synthesised rationale integrating
the strongest and most consistent arguments from
the debate.

4 Experimental Setup

4.1 Dataset and Split

We use the dataset introduced by (Gupta et al.,
2025), which underwent cleaning (removal of miss-
ing values, basic text normalisation, and outlier
elimination) and numerical label encoding. Strati-
fied sampling was used to split the data 80:20 into
training and test sets, preserving the original class
distribution.

We evaluate models under three settings. In the
Seed setting, models use pre-trained weights fine-
tuned on a small seed subset only, without access to
the full training data. In the Train setting, models
are fine-tuned on the 80% training split and eval-
uated on a stratified subset of 143 comments (73
hate, 70 non-hate). In the Full setting, models are
fine-tuned on the complete dataset and evaluated
on the full test set of 1,473 comments (712 hate,
761 non-hate). The Seed and Train settings assess
performance under low-resource conditions, while
the Full setting reflects performance at scale.

Transformer baselines and GPT-based multi-
agent systems were evaluated under partially dif-
ferent experimental settings due to computational
constraints associated with multi-agent inference.
Therefore, comparisons across Tables 1 and 2
should be interpreted within-setting rather than as
direct model-to-model superiority claims.
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4.2 Baseline Models

Transformer Baselines. We evaluate four
transformer-based models IndicBERT, MuRIL,
RoBERTa-base, and XLLM-RoBERTa-base under
a unified architecture and consistent training
protocol. Each model uses its pre-trained encoder
with a dropout layer and a fully connected
classification head applied to the [CLS] token.
Fine-tuning was conducted for 3 epochs using the
AdamW optimiser (Loshchilov and Hutter, 2019)
with a learning rate of 2 x 1075 and batch size
16. Models were evaluated in both seed-data and
full-training configurations.

GPT-40 Baselines. We evaluate GPT-40 un-
der four prompting strategies without multi-agent
mechanisms: zero-shot (ZS), where only the task
description is provided; few-shot (FS), where a
small set of labelled examples is included; seed
data (SE), where human-annotated examples guide
reasoning; and training data (TD), where curated
examples enable stepwise classification decompo-
sition.

4.3 Proposed Multi-Agent Variants

We implement four variants of GYAAN-SAHIT ZS,
FS, SE, and TD mirroring the GPT-40 prompting
conditions to enable direct comparison. In all vari-
ants, persona-driven agents are assigned distinct
socio-cultural perspectives and engage in multi-
turn debate. A critic agent assesses the evolving
arguments for logical consistency and cultural ap-
propriateness before producing the final label.

The full GYAAN-SAHIT-KB-FS model addi-
tionally incorporates retrieval-augmented guidance
(top-k FAISS-based semantic retrieval) and the cu-
rated Hindi caste hate lexicon. Sentence embed-
dings are generated using paraphrase-multilingual-
MiniLM-L12-v2 from SentenceTransformers; the
annotated training set is embedded, indexed in
FAISS, and linked to labels via a mapping file. All
multi-agent reasoning is powered by GPT-40. Re-
trieved examples were drawn exclusively from the
training partition and not from evaluation samples.
No test instances were indexed in the FAISS re-
trieval database.

5 Results and Discussion

5.1 Transformer Baseline Results

We evaluated four transformer models within a uni-
fied classification architecture. Across all three



Table 1: Performance of transformer-based models across training settings. Seed: pre-trained only, no task fine-
tuning. Train: fine-tuned on the 80% split, evaluated on 143 comments (73 hate, 70 non-hate). Full: fine-tuned on
the complete dataset, evaluated on 1,473 comments (712 hate, 761 non-hate). Bold values indicate the best scores

per metric.
Model Setting | Accuracy Hatespeech Not Hatespeech Macro Avg Weighted Avg
P R Fl1 P R Fl1 P R Fl1 P R Fl1

Seed 0.49 0.00 0.00 0.00 | 049 1.00 0.66 | 024 0.50 0.33 | 0.24 0.49 032

IndicBERT Train 0.78 1.00 0.56 0.72 | 0.69 1.00 0.81 | 0.84 0.78 0.77 | 0.85 0.78 0.77
Full 0.79 093 061 073|072 09 082082 078 0.78|082 079 0.78
Seed 0.49 0.00 0.00 0.00 | 0.49 1.00 0.66 | 0.24 0.50 0.33 | 0.24 0.49 032

RoBERTa Train 0.80 092 0.67 0.78|0.73 094 0.82|0.83 0.81 0.80| 083 0.80 0.80
Full 0.79 0.88 0.66 0.75|0.74 092 082 |0.81 0.79 0.79 | 081 0.79 0.79
Seed 0.49 0.00 0.00 0.00 | 049 1.00 0.66 | 024 0.50 0.33 | 024 049 032

XLM-RoBERTa | Train 0.81 091 070 079 |0.75 093 0.83|0.83 0.81 0.81|083 081 0.81
Full 0.81 0833 0.77 0.80|0.80 086 0.83]0.82 0.81 0.81 081 0381 02381
Seed 0.49 0.00 0.00 0.00 | 0.49 1.00 0.66 | 0.24 0.50 0.33 | 0.24 0.49 0.32

MuRIL Train 0.87 090 0.84 0.87 | 0.84 090 0.87 | 0.87 0.87 0.87 | 0.87 0.87 0.87
Full 0.83 085 0.79 0.82 | 081 087 084 ]0.83 0.83 0.83|0383 0.83 0.3

settings (Table 1), Seed models consistently de-
faulted to the non-hate class, achieving zero recall
for hate speech and confirming the necessity of
task-specific fine-tuning regardless of model archi-
tecture.

In the Train setting (evaluated on 143 com-
ments), MuRIL (Khanuja et al., 2021) achieved
the strongest performance (0.87 accuracy, macro
F1 0.87), benefiting from its pretraining on 17 In-
dian languages including code-mixed and translit-
erated text. XLM-RoBERTa-base (Conneau et al.,
2020) followed with 0.81 accuracy and consis-
tent F1 (0.81) across both classes. RoBERTa-base
(Liu et al., 2019) reached 0.80 accuracy, while In-
dicBERT (Kakwani et al., 2020) achieved 0.78,
with high precision (1.00) but low recall (0.56) for
hate speech.

In the Full setting (evaluated on 1,473 com-
ments), the ranking remained broadly consistent.
MuRIL again led with 0.83 accuracy and balanced
F1 (hate: 0.82, non-hate: 0.84). XLM-RoBERTa
matched its Train performance at 0.81 accuracy.
RoBERTa and IndicBERT both reached 0.79 ac-
curacy, with IndicBERT retaining its pattern of
high precision (0.93) but low hate recall (0.61).
The convergence of Train and Full results for most
models suggests that the 80% training split cap-
tures sufficient distributional diversity for effective
fine-tuning.

t-SNE visualisations (Figures 2 and 3) corrobo-
rate these findings: Seed models show poor class
separation, while fine-tuned models form clearly
distinct hate and non-hate clusters.

5.2 GPT-Based vs. Proposed Multi-Agent
Models

Among GPT-40-only baselines, GPT-TD achieved
the highest accuracy (0.79) with balanced preci-
sion and recall. GPT-FS exhibited perfect precision
(1.00) for hate speech but extremely low recall
(0.08), reflecting over-reliance on a narrow exam-
ple set. GPT-ZS and GPT-SE underperformed with
accuracies of 0.45 and 0.47 respectively.

Introducing multi-agent debate improved perfor-
mance in most configurations. GYAAN-SAHIT-ZS
raised accuracy from 0.45 to 0.79, substantially in-
creasing hate speech recall. GYAAN-SAHIT-FS,
SE, and TD demonstrated more balanced preci-
sion—recall trade-offs than their single-agent coun-
terparts, highlighting the benefit of persona diver-
sity and collaborative reasoning.

GYAAN-SAHIT-KB-FS achieved the best re-
sults across all experiments as shown in Figure 4
and Table 2: 0.8881 accuracy, macro/weighted F1
of 0.89, high hate speech precision (0.98) with re-
call (0.79), and non-hate performance (precision
0.99, recall 0.82).

6 Ablation Study

To assess the contribution of individual compo-
nents in GYAAN-SAHIT, we conducted an abla-
tion study removing the critic agent and fixing the
debate to 1 to 3 rounds, while retaining retrieval-
augmented guidance (k=10 retrieved examples via
FAISS-indexed paraphrase-multilingual-MiniLM-
L12-v2 embeddings) and few-shot prompting. Ta-
ble 3 shows the results of ablation study.

The full model (with critic) achieved the highest
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Figure 2: t-SNE visualisations of seed-data models: XLM-RoBERTa, RoOBERTa, MuRIL, and IndicBERT.
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Figure 3: t-SNE visualisations of train-data models: XLM-RoBERTa, RoBERTa, MuRIL, and IndicBERT.
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GPT with GYAAN-SAHIT-KB-FS

Macro Precision

I

Macro Rg¢cad] Adcuracy
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Figure 4: Radar chart comparing GPT-based and proposed multi-agent models on accuracy, macro precision, macro
recall, and macro F1.

Table 2: Performance of GPT-40 baselines and corresponding GYAAN-SAHIT variants on the test set.

Model

Accuracy

Hate

Non-Hate

Macro Avg

Weighted Avg

R

F1

P

R

F1

P

R

F1

P

R

F1

GPT-ZS
GPT with GYAAN-SAHIT-ZS

0.4545
0.7902

0.41
0.84

0.16
0.73

0.24
0.78

0.46
0.75

0.76
0.86

0.58
0.80

0.44
0.80

0.46
0.79

0.41
0.79

0.44
0.80

0.45
0.79

0.40
0.79

GPT-FS
GPT with GYAAN-SAHIT-FS

0.5315
0.7273

1.00
0.74

0.08
0.71

0.15
0.73

0.51
0.71

1.00
0.74

0.68
0.73

0.76
0.73

0.54
0.73

0.41
0.73

0.76
0.73

0.53
0.73

0.41
0.73

GPT-SE
GPT with GYAAN-SAHIT-SE

0.4685
0.7413

0.47
0.74

0.34
0.75

0.40
0.75

0.47
0.74

0.60
0.73

0.53
0.73

0.47
0.74

0.47
0.74

0.46
0.74

0.47
0.74

0.47
0.74

0.46
0.74

GPT-TD
GPT with GYAAN-SAHIT-TD

0.7902
0.7552

0.88
0.76

0.68
0.75

0.77
0.76

0.73
0.75

0.90
0.76

0.81
0.75

0.80
0.76

0.79
0.76

0.79
0.76

0.81
0.76

0.79
0.76

0.79
0.76

GPT - KB
GPT with GYAAN-SAHIT-KB-FS

0.7413
0.8881

0.70
0.98

0.86
0.79

0.77
0.88

0.81
0.82

0.61
0.99

0.70
0.90

0.76
0.90

0.74
0.89

0.74
0.89

0.75
0.90

0.74
0.89

0.74
0.89
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Table 3: Ablation results for GYAAN-SAHIT: effect of removing the critic agent and varying debate rounds.

Model Accuracy Hate Non-Hate Macro Avg Weighted Avg
P R F1 P R F1 P R F1 P R F1
GYAAN-SAHIT-KB-FS with critic (n rounds) | 0.7667 | 0.92 0.67 0.77 | 0.65 0.92 0.76 | 0.79 0.79 0.77 | 0.81 0.77 0.77
w/o critic — 1 round 0.7333 | 0.86 0.67 0.75| 0.62 0.83 0.71 | 0.74 0.75 0.73 | 0.76 0.73 0.74
w/o critic — 2 rounds 0.7333 | 0.86 0.67 0.75| 0.62 0.83 0.71 | 0.74 0.75 0.73 | 0.76 0.73 0.74
w/o critic — 3 rounds 0.7333 | 0.86 0.67 0.75| 0.62 0.83 0.71 | 0.74 0.75 0.73 | 0.76 0.73 0.74

accuracy (0.7667) and outperformed all ablation
variants across precision, recall, and F1. All three
ablation configurations regardless of the number
of rounds produced identical results (0.7333 accu-
racy), indicating that without the critic, iterative de-
bate alone does not improve classification. These
findings confirm that both the critic’s evaluative
role and extended debate contribute meaningfully
to performance. The consistent results across 1-3
rounds also suggest that retrieval augmented guid-
ance remains the dominant driver of quality; the
critic provides additional refinement, particularly
for ambiguous cases.

Conclusion

We introduced GYAAN-SAHIT-KB-FS, a
knowledge-augmented multi-agent framework
for caste-based hate speech detection in Hindi.
By combining few-shot prompting, FAISS-based
retrieval-augmented guidance, a curated Hindi
caste hate lexicon, and structured persona-driven
debate with critic evaluation, the framework
demonstrates competitive performance relative
to transformer and GPT-based inference models
within the evaluated setting. On the test set,
GYAAN-SAHIT-KB-FS achieves 0.8881 accuracy
and balanced macro F1 of 0.89. The future
work is extending GYAAN-SAHIT to additional
low-resource Indian languages and evaluating
multilingual lexicon adaptation strategies.

Ethical Statement

The proposed framework addresses socially sensi-
tive content involving caste-based discrimination
and hate speech. Although persona-driven reason-
ing can improve interpretability, it may also risk
reinforcing socio-cultural stereotypes if poorly de-
signed. To mitigate this risk, personas were con-
structed around interpretive roles rather than fixed
caste identities. The framework is intended as
a decision-support system and not as a fully au-
tonomous moderation pipeline. Human oversight
remains important, particularly for borderline cases

&3

involving reclaimed language, sarcasm, or context-
dependent expressions.

Limitations

Although GYAAN-SAHIT demonstrates promis-
ing performance for caste-based hate speech detec-
tion, the current study has several limitations. Due
to computational constraints, we did not conduct
extensive bootstrap confidence interval estimation
or paired significance testing in the current version.
Evaluation is also limited to Hindi caste-related
discourse and may not generalise directly to other
languages or sociocultural settings. In addition, the
persona-based debate framework depends on GPT-
4o prompting, which introduces additional compu-
tational cost and inference latency. The curated
lexicon may also contain incomplete or context-
sensitive terms that require continuous validation.
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Prompt 2: Persona Pool Selection Prompt

Prompt 1: Persona Creation Prompt

Constraints

s AT TR

Input Input text

Ry 6310 THATGIET Tafe FeTT

Responsibility Create a 6 to 10 Personas agents

3T T 6-10 ATE-arare; Saferedcd Tole! 1 U §ofg cRIR el &, |

Objective T & e Y o aTw o 7 v fafRise e feeantoT 3 fareryor
et T T T IR | ek Toie bt Uah faRise e ReamioTseer
AT Q19TT, it 3 TAaR &t G e ar faRer v b ars & siifa-
IR o, 3R Tg GiATere e gem & gerqe F daifera ashr
Tfeavi v afafaftea frarame|
The goal is to create a set of 6 -10 debate persona agents, each tasked
with analysing the given text from a distinct perspective. Every agent
should embody a unique viewpoint, either supporting or opposing the
idea that the text contains caste-based hate, ensuring that all
perspectives relevant to the input are represented.

et 1. S Usie & o, Teh arer # afoTd veh e shfa-weedr

S feced et |

2. 3AYE TR & Hodidhed o Tav veh faRlse faawoneas
FiSeIoT R AR I ey ATl Teh HeTe arar fRfése e |

3. giafaa Yk gede grar 3R wfafhar AR gy i v
JefadT TReRTR SR

4. SQ-3MeNRE U, 19T T Il o Tl 3 forw Feft eafebefeat
3R grat wramfEm |

For each agent, provide a generic caste-related persona described

in one sentence. Assign a corresponding claim that defines a specific
analytical angle for evaluating the input text. Ensure each claim and

response is distinct and focuses on a unique perspective. Keep all
personas and claims relevant to caste-based hate speech detection.

HT3EYE FET
Output Format

HT3EYE T AT JSON H T enfew
{"TSE_IEA":, "ARIRM": ToTe ol ARILT, " FIAROT_orerel " Usie &1
geffeor_oierer

Format of the output should be in Json
{"agent_id":, "summary": the_summary_of_Agent, "
classification_label ": the_ classification_label _of_Agent}

gqe Sifece 1 { FAoT ool & W IS SAYC Y|
Input Input text with classification label from Prompt 1
ey 3 THIAT ToiE T TAA |

Responsibility
3T

Objective

Select the 3 Personas agents

F e ToTeT & Teh A FATAT &, S Teh AT HH Y IR
HEATHE T & U O FE0T el IR Y o Ru e ars
T AT |

The task is to build a team of three agents, to work together and
collaboratively formulate a persuasive classification_label that
analyse the given text.

wifcieer

Constraints

* 9% 3FHIGAR FT AfFded 3efadia glarg 3R ag v
R T 3T & FEehIOT el el 8|

AT Tt o AT S AR S A F AT T
Fo 3R e T e |

* ctforer 31 foroaet =t aerar &or 3 forw ¢ ot &t
RfuargRaa st

o TS AT Tote  foIT, TeT AeIEs et Y AR T
X o 3o R e ara|

* Each candidate has a unique persona offering a different
perspective on the topic.

* Select three agents that can collectively form a strong,
effective team for the task.

* Ensure diversity of perspectives to promote a balanced and
fair discussion.

* Foreach selected agent, provide selection
criteria explaining why they were chosen.

3T FTT
Output Format

H3EYE FT IR JSON Fglar afew
{"TSTE_3MTEET: , " AT : Tl AT fyaRor, " geffeor_deer : weie
T FEHOT_oleel, " TIA_ACS": TIA_AACS }

Format of the output should be in Json

{"agent_id":, " summary ": the_description_of_Agent, "
classification_label ": the_ classification_label _of_Agent,
"selection_criteria": selection_criteria }

(a) Prompt 1: Persona Creation. Generates diverse socio-
cultural personas with distinct viewpoints on caste-related
issues, forming the foundation of the multi-agent debate.

(b) Prompt 2: Persona Pool Selection. Selects a three-agent
debate team from the generated pool, ensuring diversity of
perspectives and complementary stances.

Figure 5: Prompts used in the persona generation and selection stages of the proposed framework.

Prompt 4: Classification Label Prompt

e sitece 3 & e favor

Input Simulation Details from Prompt 3

e FaTTROT oreTel HaTeT

Responsibility Provide the classification Label

ECeis) FATFROT aTeT FeTeT Y i are;-farare; RAgerere faavord sian

Objective FaTTRROT oreTel FaTel FeT g |
The task s to provide the classification label according to the debate
simulation details.

HBeIe TR | FEfEROT e

Qutput Format Classification label

Figure 7: Prompt 4: Final Classification Label Genera-
tion.
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o SiToe 2 3 3 Totet T e v ava|

Input AR (RE) STTeIeeh oI} & Aseehi?n
Selected 3 agent’s from Prompt 2.

Kr base(Hindi Caste slurs lexico

e 2Te (k=5) JETEROT (FAISS 3T RAG T ST e 3RieTeT 7 3
)

1. "I AR A, G A 4R G A a9 g
R RY @ — FerdE

2. g, Her F A a7 AEE H FH BT T, F
HTere], T AT T g1 @ — gerd

Few Shot (k=5) examples (Semantically similar using FAISS with RAG)
1. "Abe chamar log, tumhari aukaat kya hai? Tumhe toh bas jhaadu lagana
chahiyel %" — Hatespeech

2. "Dekho, in dhobi ko toh bas safai ka kaam karna chahiye, kya faltu ki
baatein karte hain. @* — Hatespeech

e e S T ol HeTFROT Y.

Responsibility Simulate a debate process.

3T F S I FIoR—T R W 10 91 7 FrReiwor =, e are-

Objective TRraTe Tl 3 e o 91 71 FaeIoT 3¢y 3 fove oo geaafeur
FTOT oraTet ANSteTT TR AT |

The task is to analyse a given text on a caste based topic, and
formulate a well-structured classification label plan to analyse the
text based on the debate discussion.

ferdar 1. 7T e Y Uk & €1 TSTE A, Woe B, AR TsTT ©
Instructions - ¥@: U MU e & faeruTHy;

- ST UTS T TR AINUT et & TolT T cifehen g i &ay@r
AU T G U e et uT-crarer Aol SReei et ey 3 forw
Uy T |

- O & Hewat ¥ faftse saffdea A aeffamor-dae:

- USfE A: S TFefea-a; qaffaoT-aae;

- USTE B: A Teled-; JffoT-ofaer;

- USE C: el fetea-aT; geffemtor-oae;

PAGE L]

- 3@ feu I ars = fEeeoTEy;

- O 31T 131 3 G § | F €1 oy eyl 3 harii et
Fr g 3R 37 G S, AR AT & S T aga H|

1. AMain Team of three members: Agent A, Agent B, and Agent C
- Stance: Analyse the Given text;
- Goal: Discuss together to propose a persuasive classification_label
plan outlining the overall logical flow to analyse text.
- Specific Personas and classification_label of the team members:
- Agent A: persona_a; classification_label;
- Agent B: persona_b; classification_label;
- Agent C: persona_c; classification_label;

2. ACritic

- Stance: Analyse the Given text;

- Goal: You Disagree with the Main Team. |dentify and challenge
weaknesses in the Main Team's discussion, and debate with the Main
team.

wfgeer + T O 5 T OT e T e et R el

Constraints HEHAd gl doh s &N s g gad |

+ T R Frgre et aifh o o AR gETa e

+ oy o ol T A T AR 8T €, ket Rt s
FH UF AT AT

¢ Conduct the discussion for multiple rounds until the Main
Team agrees on the classification_label and the Critic is
persuaded.

*  Ensure rigorous reasoning so that the logic is persuasive and
coherent.

* No strict speaking order is required, but the sequence of
topics should maintain a clear and logjcal progression.

IBEYETET | e faaor
OQutput Format Simulation details

Figure 6: Prompt 3: Multi-Round Debate. Guides per-
sona interaction, argument exchange, iterative stance
refinement, and critic-based synthesis to produce a logi-
cally coherent and culturally informed final label.
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Table 4: Model predictions and explanations for a Not Hatespeech example.

Model

[Label

[Explanation

Input (Code-mix): Dhere dhere hindu dharam bhi half ho jayega
Translation: “Hindu religion will also be halved.”
True Label: Not Hatespeech

GPT-ZS Not Hatespeech Expresses concern about Hinduism’s decline but does not target any
caste group.

GPT-FS Not Hatespeech A general religious opinion with no caste-specific hate content.

GPT-SE Not Hatespeech A general statement about religion; no caste is referenced or attacked.

GPT-TD Not Hatespeech Vague concern about a religion’s future with no caste reference or
target.

GYAAN-SAHIT-ZS |Not Hatespeech Lacks direct incitement, slurs, or hostility; interpretable as pessimistic
commentary.

GYAAN-SAHIT-FS |Not Hatespeech References Hinduism generally without targeting or insulting any caste
group.

GYAAN-SAHIT-SE |Not Hatespeech A pessimistic religious statement without derogatory caste or religious

terms.

GYAAN-SAHIT-TD

Not Hatespeech

A prediction about social change with no derogatory terms or calls for
harm.

GYAAN-SAHIT-KB

Hatespeech

Hostility toward a religious community predicting its decline aligns
with hate patterns.

GYAAN-SAHIT-KB-
FS

Not Hatespeech

Predicts religious decline without derogatory language or calls for
harm.

Table 5: Model predictions and explanations for a Hatespeech example.

Model

[Label

[Explanation

Input (Code-mix): Upper caste waale toh bas baniya logon ko hi support karte hain. Hum dalit toh bas vote

bank hain.

Translation: “The upper caste people only support the Baniyas. We Dalits are just a vote bank.”
True Label: Hatespeech

GPT-ZS Not Hatespeech Expresses frustration about caste politics but does not incite violence.
GPT-FS Not Hatespeech Voices political disenchantment without slurs or incitement.

GPT-SE Hatespeech Sweeping generalisation about upper castes reinforces caste divisions.
GPT-TD Hatespeech Generalises caste groups as biased and exploitative.
GYAAN-SAHIT-ZS |Not Hatespeech Critiques political dynamics without inciting hatred.
GYAAN-SAHIT-FS |Hatespeech Contains harmful generalisations reinforcing divisive narratives.
GYAAN-SAHIT-SE |Not Hatespeech Critiques caste favouritism without expressing hate.
GYAAN-SAHIT-TD |Hatespeech Reflects caste-based hostility through derogatory generalisations.
GYAAN-SAHIT-KB |Hatespeech Stereotypes upper castes and Baniyas with negative intent.
GYAAN-SAHIT-KB- | Hatespeech Targets caste identity through sweeping negative generalisation.
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Figure 8: Example output from GYAAN-SAHIT for caste-based hate speech classification, shown in the original
Hindi.
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Input text
Identify the goons in the name of Dalits and send them to hell.

Persona Agents

1. Agent Savita (Dalit woman rights activist):

Label: Hatespeech

Stance: The statement calls for viclence against people identified by caste, which is direct hate speech.
2. Agent Raghav(Upper-caste academic):

Label: Hatespeech

Stance: It singles out "Dalit” in a negative frame and advocates sending them to "hell,” promoting hostility.
3. Agent Prakash (OBC farmer leader):

Label: Hatespeech

Stance: The phrase is openly threatening and violent toward a caste group.
4. Agent Meena (Dalit feminist scholar):

Label: Hatespeech

Stance: Even if aimed at “goons,” using caste as an identifier in a call for violence is discriminatory.
5. Agent Arvind (Brahmin journalist):

Label: Hatespeech

Stance: This statement blends a caste label with vielent rhetoric, dangerous in public discourse,
6. Agent Shalini (Ambedkarite student)

Label: Hatespeech

Stance: It wrongly associates caste identity with criminality, a classic hate trope.
7. Agent Farhan (Minority rights observer):

Label: Hatespeech

Stance: The construction incites hatred and dehumanization through " jahannum bhejo.”
8. Agent Nirmala (SC social worker):

Label: Hatespeech

Stance: It's an unambiguous call to harm individuals based on caste-linked identification,

3 Selected Persona Agents

1. Agent Savita - Brings perspective from a Dalit r'ighTs standpoint, recognizing the harm of caste-violence rhetoric.
2. Agent Rughnv - Academic analytical npprnnch_ emphasizing the dangerous linguistic structure.
3. Agent Shalini - Strong activist insight inte how such statements fuel systemic discrimination.

Simulated debate
Round 1

1. Savita: This directly uses "Dalit" as a negative identifier and advocates sending them to “hell,” which is clearly violent hate speech.
2. Raghav: Even if the term “goons” was meant to limit the target, coupling it with a caste name still generalizes violence toward that caste.
3. shalini: Historically, such language has been used to justify attacks on marginalized communities. This is classic hate incitement.

Critic: Could the speaker be saying “goons in the name of Dalit” (i.e., impersonators) and not actual Dalits?

Round 2

1. Savita: Even then, the statement fails to separate the identity from criminality; it still embeds prejudice in public perception.
2. Raghav: Linguistic ambiguity doesn't reduce harm—if people interpret it as against Dalits generally, it is dangeraus.
3. Shalini: And here, "jahannum bhejo" is an explicit call for harm, making it unacceptable regardless of intent nuance.

Critic: So your judgment is based on both wording and likely audience perception?

Round 3

1. Savita: Yes, because language in social contexts shapes real-werld actions.
2. Raghav: Especially in caste-sensitive environments, violent phrasing is inherently inciting.
3. Shalinit Therefore, this qualifies as unambiguous hate speech,

Label - Hatespeech

Figure 9: English-translated example output from GYAAN-SAHIT illustrating the full pipeline: persona assignment,
multi-agent debate, critic evaluation, and final label. The original Hindi output is shown in Figure 8.
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