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Abstract
The growing prevalence of hate speech online has amplified acts of discrimination against marginalized populations, with 
the LGBTQIA+ community being particularly affected. In areas where under-resourced languages such as Malayalam are 
used, the issue grows more complex because of the absence of localized resources. This research offers an in-depth analysis 
of the production of counter-speech to address transphobia and homophobia in Malayalam. Our work incorporates both 
native Malayalam script and Malayalam written in Latin script, addressing the diverse linguistic practices of online users in 
Kerala. This paper introduces a two-stage pipeline to counter such online abuse. The first stage focuses on dataset creation 
through a human-in-the-loop process, beginning with 100 seed pairs of hate speech and their corresponding counter-speech 
manually curated. This set is expanded iteratively using language models culminating in 5,000 validated pairs. In the second 
stage, we propose a method to generate counter speech in Malayalam that leverages the Retrieval-Augmented Generation 
framework enhanced by REFINE (Retrieval Evaluation via Fluency, Inversion, and NEarness) for knowledge retrieval and 
constrained decoding. Evaluation metrics for both dataset quality and model performance demonstrate the effectiveness of 
this approach in producing diverse, fluent, and target-specific counter-speech. This research provides a foundational resource 
and scalable strategy for countering hate in low-resource regional languages. GitHub Link: https://​github.​com/​Bhara​thi-​
AI-​for-​Social-​Good/​CN-​Malay​alam.

Keywords  Homophobia and transphobia · Counter speech · Low-resource language · Human-in-the-loop · Generative AI · 
Retrieval augmented generation

1  Introduction

The rise of online hate speech has become a significant 
worldwide concern, especially due to the rapid increase 
of digital communication platforms (Williams 2019; Zhou 
et al. 2024). These platforms, although promoting connec-
tivity and community, have simultaneously created an envi-
ronment conducive to the spread of hatred, discrimination, 
and abuse. Hate speech poses a significant global threat to 
digital safety and social cohesion, targeting a wide spec-
trum of marginalized communities (Guiora and Park 2017; 
Chetty and Alathur 2018; Castaño-Pulgarín et al. 2021). 
These include racial and ethnic minorities, religious groups, 
women, migrants, caste-oppressed populations, and indi-
viduals with disabilities (Arcila Calderón et al. 2024). One 
of the most affected groups includes those identified as les-
bian, gay, bisexual, transgender, queer, intersex, asexual, and 
others (LGBTQIA+), who frequently encounter transphobic 
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and homophobic material (Chakravarthi et al. 2022). This 
specific mistreatment not only harms the dignity and safety 
of these people but also fosters a larger culture of exclusion 
and aggression.

Hate speech encompasses any form of communication-
verbal, written, or behavioral that demeans or provokes 
violence, discrimination, or bias against people or groups 
due to characteristics such as race, religion, ethnicity, sexual 
orientation, gender identity, disability, or nationality (Tareen 
et al. 2021). In digital environments, hate speech frequently 
appears as insulting remarks, threats, false information, and 
dehumanizing language. The World Wide Web magnifies 
such harmful material, quickly disseminating it across plat-
forms and sustaining its adverse effects (Paz et al. 2020; 
Rivers 2015).

Transphobia is the unfounded fear, dislike, or prejudice 
towards transgender people (Bettcher 2014). It can mani-
fest as verbal insults, mislabeling, social exclusion, or acts 
of violence. Homophobia signifies adverse feelings, bias, 
or animosity towards people who are attracted to those of 
the same gender. Transphobia and homophobia are deeply 
embedded in cultural, religious, and societal norms, fre-
quently resulting in systemic marginalization and violence 
(Rollè et al. 2024). Regrettably, online platforms have turned 
into primary spaces where these types of hate are conveyed 
and disseminated (Chakravarthi 2024; Kumaresan et al. 
2023).

Counter speech is a non-violent, positive reaction to hate 
speech (Cepollaro et al. 2023). It includes responding to 
hateful messages with information, understanding, backing 
for affected groups, or appeals for acceptance and respect for 
one another. In contrast to censorship or deletion, counter 
speech maintains the conversation while seeking to diminish 
harmful rhetoric and lessen its impact (Garland et al. 2020, 
2022). Impactful counter speech can address false informa-
tion, present different perspectives, or make the individu-
als or groups at risk more relatable. This method has been 
strongly supported by scholars and human rights groups as 
a means to encourage better online communication (Yadav 
2018).

In India, hate speech in local languages presents distinct 
challenges because of the nation’s linguistic variety and 
socio-cultural intricacies.1 Malayalam (ISO 639-3: mal) 
is a language from the Dravidian family, mainly spoken 
in the Indian state of Kerala and in the union territories of 
Lakshadweep and Mahe (a district in Puducherry) (Thot-
tingal 2019). Recognized as one of India’s 22 scheduled 
languages, Malayalam also serves as the official language 
of Kerala (Nandi et al. 2024). One of the most remarkable 
achievements of Malayalam is its recognition as a Classical 

Language of India in 2013. This honor was granted by the 
Government of India in acknowledgment of its long-standing 
literary tradition, historical depth, and original ancient texts. 
The classical status affirms the antiquity and cultural signifi-
cance of Malayalam. The Malayalam script traces its origins 
to the ancient Pallava Grantha script, which was historically 
used in southern India to write Sanskrit. With over 35 mil-
lion speakers worldwide, Malayalam continues to thrive in 
education, media, cinema, and digital platforms, serving as 
a strong cultural identity and a vibrant mode of communica-
tion for millions but is one of the under-resourced languages 
in the digital space (Chakravarthi et al. 2020).

Hate speech in Kerala often appears in both standard 
Malayalam script and in Malayalam expressed using Latin 
(Roman) characters (Ghanghor et al. 2021). This dual-lan-
guage format presents a unique challenge for natural lan-
guage processing systems and content moderation tools. 
Although Malayalam possesses a rich literary and cultural 
tradition, it remains significantly underrepresented in natural 
language processing (NLP) research. This scarcity is fur-
ther complicated when the language is rendered in Latin 
(Roman) script, where informal usage, orthographic incon-
sistency, and code-switching introduce additional linguistic 
challenges (Baiju et al. 2025). Consequently, the systems 
for recognizing, examining, and combating online hate 
in Malayalam are considerably less advanced than those 
accessible for global languages such as English (Singh and 
Thakur 2024).

Additionally, Kerala, in spite of its advanced literacy rates 
and social metrics, still struggles with deeply rooted biases 
against gender and sexual minorities. Such biases tend to be 
heightened in online conversations, as anonymity and the 
absence of accountability promote the voicing of hate with-
out concern for social or legal repercussions (Sharma et al. 
2023). In this context, the spread of transphobic and homo-
phobic rhetoric poses a significant issue, endangering the 
mental health and physical safety of marginalized groups.

Traditional responses to hate speech have largely relied 
on reactive measures such as flagging, content removal, and 
user bans. While these methods are necessary for platform 
regulation, they often draw criticism for infringing on free-
dom of speech and failing to address the root causes of hate 
(Chakravarthi 2020). Moreover, the manual moderation of 
content is labor-intensive and not feasible at scale. This has 
led to an increased interest in proactive strategies like coun-
ter speech, which involves responding to hateful messages 
with factual, empathetic, and constructive narratives. Coun-
ter speech aims not only to refute the harmful message but 
also to educate and shift public discourse towards tolerance 
and inclusivity (Sahoo et al. 2024a).

The concept of counter speech aligns well with demo-
cratic ideals and is gaining traction globally as a sustain-
able and rights-respecting solution to online hate. However, 1  https://​lawco​mmiss​ionof​india.​nic.​in/​repor​t267/

https://lawcommissionofindia.nic.in/report267/
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crafting effective counter speech requires linguistic sen-
sitivity, cultural awareness, and strategic communication 
skills qualities that are hard to embed in automated systems 
without appropriate training data and feedback mechanisms 
(Bonaldi et al. 2024).

Recent advances in artificial intelligence, particularly 
large language models (LLMs) such as GPT, have opened 
new avenues for generating counter-narratives at scale (Park 
et al. 2025). These models can learn to produce human-like 
text given sufficient examples. Yet, their application in low-
resource languages like Malayalam remains limited due to 
the scarcity of annotated datasets and domain-specific cor-
pora. Malayalam is considered an under-resourced language 
in NLP because it lacks large annotated datasets, pre-trained 
language models, and foundational tools like tokenizers and 
parsers (Hande et al. 2022). Its complex script and the wide-
spread use of informal Latin-script writing pose additional 
challenges for data standardization. Compared to global or 
even other Indian languages like Hindi or Tamil, Malayalam 
has a smaller digital footprint, less academic and commer-
cial investment, and limited availability of structured online 
content. These factors, combined with dialectal variation and 
lower prioritization in tech development, have contributed to 
its under-resourced status (Baiju et al. 2025). Furthermore, 
LLMs are prone to generating generic or repetitive content, 
and without proper oversight, they risk reinforcing stereo-
types or introducing inaccuracies (Nguyen et al. 2025).

The motivation for creating a counter-speech dataset 
and generation framework focused on Malayalam arises 
from both social urgency and linguistic complexity. Online 
hate targeting LGBTQIA+ individuals is particularly 

visible and harmful in Malayalam-speaking digital spaces, 
where moderation tools and affirmative content remain 
scarce (Chakravarthi 2020). Figure.1 shows the sample 
chat between user (Homophobic/Transphobic) and bot 
(counter-speech).

The main contributions of this paper are as follows:

•	 We developed a manually annotated seed dataset of coun-
ter speech responses in Malayalam specifically targeting 
transphobic and homophobic hate speech, one of the first 
of its kind for this under-resourced language.

•	 We introduced an iterative human-in-the-loop frame-
work for data expansion and validation, demonstrating its 
superiority in producing contextually relevant, diverse, 
and high-quality counter narratives.

•	 We integrated the Retrieval-Augmented Generation 
(RAG) framework with REFINE (Retrieval Evaluation 
via Fluency, Inversion, and NEarness) -based retrieval 
and constrained decoding to produce counter speech for 
unseen hate speech inputs.

•	 We applied distinct evaluation metrics for both dataset 
construction and chatbot performance. These include 
Acceptance Rate, Human-targeted Translation Edit Rate 
(HTER), Repetition Rate, and Vocabulary Growth for 
dataset evaluation, and Relevance, Novelty, Stance, Flu-
ency and Toxicity for assessing RAG-generated counter 
speech.

We have structured this paper as follows: Sect. 2 reviews 
the existing literature, focusing on previous methodologies 
and their limitations. Section 3 explores the benchmark 

Fig. 1   Examples of homophobic 
& transphobic hate speech and 
associated counter-narratives 
(calm and reasoned) by a bot in 
Malayalam
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methodologies, explaining the baseline setting, model fine-
tuning, and comparative results. It includes the one-shot gen-
eration method, as well as the human-in-the-loop iterative 
framework using ChatGPT-4o and Gemini 2.0. Addition-
ally, this section provides a detailed explanation of the RAG 
framework, highlighting the REFINE (Retrieval Evaluation 
via Fluency, Inversion, and NEarness) -based retrieval strat-
egy and the decoding constraints employed for generating 
high-quality counter narratives. Section 4 and 5 describes 
the procedural setup and evaluation, detailing the objectives 
and methodologies used during iterative generation and 
result discussion. The paper concludes in Sect. 6, including 
the future outlook and possible extensions of this work. Sec-
tion 7 includes the possible extensions of this work.

2 � Related work

The proliferation of online hate speech has prompted exten-
sive research into counter speech generation, particularly 
leveraging advancements in Natural Language Processing 
(NLP) and machine learning. Initial methods for manag-
ing hate speech online often depended on people manually 
reviewing and responding to harmful content. However, 
given the massive volume of posts generated across digital 
platforms each day, this approach quickly became unman-
ageable. The limited speed and scalability of human over-
sight make it an impractical long-term solution, driving the 
need for automated systems that can respond more efficiently 
and consistently (Tekiroğlu et al. 2020).

Bonaldi et  al. (2022) introduced DIALOCONAN, a 
dataset comprising multi-turn dialogues between a hater 
and an NGO operator. Their human–machine collabora-
tion approach combined machine-generated dialogues with 
expert annotations, capturing the dynamic nature of real-life 
interactions and providing a valuable resource for training 
dialogue-based counter speech systems. (Chung et al. 2019) 
presented the CONAN dataset, a multilingual collection of 
hate speech and counter narrative pairs, focusing on Islamo-
phobia in English, French and Italian. Their work laid the 
foundation for subsequent studies in multilingual counter 
speech generation.

Fanton et al. (2021) introduced a human-in-the-loop 
data collection methodology, resulting in the Multi-Target 
Counter Narrative (CONAN) dataset for English language. 
This approach involved iterative refinement of a generative 
language model, with expert reviewers post-editing the 
outputs to ensure quality and diversity. The CONAN data-
set encompasses counter narratives targeting various forms 
of hate speech, including those directed at the LGBTQIA+ 
community. Building upon this, Sahoo et  al. (2024b) 
developed IndicCONAN, a multilingual dataset aimed at 
combating hate speech in Indian contexts, specifically in 

Hindi and Indian English. Their methodology combined 
autoregressive language models with human-in-the-loop 
strategies to generate culturally relevant counter narra-
tives. However, several Indian languages remain under-
represented in such initiatives, especially low-resource 
languages like Malayalam. In response to this gap, our 
work focuses on the development of counter narratives 
specifically tailored for the Malayalam language.

Wilk et al. (2025) proposed a fact-based counter narra-
tive generation framework that integrates web search and 
document retrieval to enhance the factual accuracy and 
informativeness of generated responses. Their approach 
demonstrated superior performance in terms of factual 
consistency and persuasive quality compared to existing 
baselines. Vallecillo Rodríguez et al. (2024) focused on the 
Spanish language, creating the CONAN-MT-SP corpus by 
translating the English CONAN dataset using the DeepL 
API and generating counter narratives with GPT-based 
models. Their evaluation highlighted the potential of large 
language models in producing effective counter speech in 
under-resourced languages.

Ashida and Komachi (2022) explored the automatic 
generation of messages countering online hate speech 
and microaggressions using prompting techniques with 
pretrained language models like GPT-2 and GPT-3. Their 
study emphasized the efficacy of prompting over fine-tun-
ing, especially when data and computational resources are 
limited. Human evaluations assessed the generated mes-
sages based on offensiveness, stance, and informativeness, 
indicating the viability of this approach.

Jiang et al. (2025) proposed the Retrieval-Augmented 
Zero-shot Generation (ReZG) framework for coun-
ter speech generation. Unlike traditional generative 
approaches, ReZG retrieves relevant counter-knowledge 
from a curated repository using a Stance-Semantic-Fitness 
(SSF) filtering strategy. This ensures that retrieved content 
not only aligns semantically with the hate speech but also 
provides an opposing and contextually appropriate stance. 
ReZG applies constrained decoding to enforce knowledge 
consistency, counter stance, and fluency in the generated 
response. This makes ReZG especially effective for pro-
ducing counter narratives in domains or languages where 
training data is sparse or unavailable.

The previous studies collectively underscore the 
importance of culturally and linguistically tailored coun-
ter speech generation methods. However, there remains 
a notable gap in resources and methodologies for under-
resourced languages like Malayalam. Our work aims 
to address this by developing a Malayalam dataset and 
employing human-in-the-loop techniques and retrieval-
augmented generation enhanced by REFINE to gener-
ate effective counter-narratives against homophobic and 
transphobic speech.



Social Network Analysis and Mining           (2025) 15:87 	 Page 5 of 21     87 

3 � Methodology

The proposed methodology for counter speech generation 
follows a structured pipeline combining manual data cura-
tion, iterative model generation, human validation, and 
retrieval-based augmentation. This multi-phase strategy 
was designed to capture real-world linguistic features, script 
variation, and socio-cultural sensitivity essential for effec-
tive counter speech in Malayalam and Malayalam rendered 
in Latin script.

3.1 � Seed dataset preparation

The dataset construction for this study was designed to 
reflect the real-world linguistic diversity of Malayalam users 
online. We built a seed dataset of 100 hate-counter speech 
pairs. These were selected from a larger dataset, originally 
compiled from various social media platforms shared by 
Kumaresan et al. (2023). Figure 2 shows the sample from 
the dataset where the first two columns contain the text and 
corresponding category respectively. The text field included 
hate speeches annotated as homophobic, transphobic, hope 
speech and counter speech.

To create the seed dataset, 100 hate speech samples 
focused on homophobia and transphobia were selected. 
Each hate speech example was manually paired with a coun-
ter speech from the dataset by two voluntary Malayalam 
speakers (annotators) familiar with LGBTQIA+ advocacy 
and digital discourse patterns. Annotators were instructed 
to ensure that counter-speech was polite, nonaggressive, 

informed, and directly responded to the hate content. Fig-
ure 3 represents the workflow of seed dataset creation. These 
responses included various approaches, such as correcting 
misinformation, promoting empathy, and affirming the dig-
nity of LGBTQIA+ individuals. In addition, a second round 
of review was conducted by two additional volunteers of 
Malayalam origin to ensure the quality of the dataset. Each 
annotated pair was evaluated for linguistic correctness, rele-
vance, emotional tone, and cultural sensitivity. Any pair that 
failed to meet these standards was either revised or removed. 
The whole process of creating the seed dataset took a week 
to complete.

The Homophobic/Transphobic speech samples were also 
categorized by type (e.g., derogation, threats) and context 
(e.g., targeting transgender people, mocking same-sex rela-
tionships) to help in selecting the most effective counter 
strategy. The diversity of sources also ensured that the data-
set included both formal hate messages (e.g., longer rants 
on forums) and informal or sarcastic comments. Malayalam 
written in Latin script inputs were especially diverse in 
spelling and syntax, which posed challenges during pre-
processing and annotation, but reflected the authenticity 
of real-world usage. This dataset of 100 manually matched 
pairs served as the starting point for our human-in-the-loop 
(HITL) expansion process, which later generated more than 

Fig. 2   Sample data from Kumaresan et al. (2023) showing homopho-
bic, transphobic and counter speeches in Malayalam and Malayalam 
rendered in Latin script. English translations are provided for each 
comment for readers

Fig. 3   Comprehensive workflow illustrating the creation of the seed 
dataset for Homophobia, Transphobia, and counter speech pairs in 
Malayalam
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5,000 examples using ChatGPT and Gemini. The data-
set included a mix of short, informal comments, sarcastic 
remarks, and longer texts. Malayalam in Latin script entries 
showed a wide range of spelling and structure, reflecting 
how people communicate online and presenting realistic 
challenges for model training. This 100-pair seed dataset is 
version 1 (V1).

Table 1 outlines key statistics from the finalized seed 
dataset, which underwent validation by a group of voluntary 
annotators. The dataset consists of 100 entries categorized 
under homophobic or transphobic content. In parallel, the 
dataset also includes 100 counter-speech responses aimed 
at addressing the hate speech instances.

3.2 � Annotation guidelines

•	 Empathy First: Responses must prioritize compassion 
and avoid any retaliatory or inflammatory tone. Annota-
tors were instructed to “respond with care"rather than 
confront.

•	 Direct Relevance: Counter speech should directly address 
the hateful content, ideally correcting misinformation or 
challenging stereotypes presented in the original mes-
sage.

•	 Script Consistency: Annotators were advised to maintain 
the same script (Malayalam or Latin) as the original hate 
speech comment for contextual coherence.

•	 Non-aggression Principle: All responses were required to 
avoid name-calling, sarcasm, or any aggressive language 
that might escalate the interaction.

•	 Tone and Cultural Sensitivity: Annotators were guided 
to maintain a tone that would be socially and cultur-
ally acceptable in the Malayalam-speaking community, 
avoiding religious or political triggers.

•	 Clarity and Readability: Messages were required to 
be easily understandable, avoiding excessive jargon or 
overly academic phrasing.

•	 Inclusiveness in Language: Annotators were provided 
with lists of inclusive and affirming terms to replace 
derogatory language without mirroring or reinforcing 
the hate content.

•	 Ambiguity Resolution: Where a hate speech statement 
was vague or metaphorical, annotators were advised to 
choose a general human rights-focused response rather 
than making assumptions.

•	 Ethical Compliance: Annotators signed agreements 
allowing the use of their counter-narratives and acknowl-
edging their right to withdraw at any time if they felt 
uncomfortable. They received training on homophobia 
and transphobia from the author’s presentation.

This rigorous guideline framework ensured the gen-
eration of respectful, informative, non-aggressive, polite, 

and effective counter-narratives capable of challenging 
online transphobia and homophobia in both Malayalam 
and Malayalam written in Latin script.

3.3 � Dataset expansion – two approaches

To generate a larger and more diverse corpus, two expan-
sion strategies were implemented:

1. One-shot Fine-Tuning: A generative language model 
was fine-tuned using the 100 seed pairs to create a bulk 
output of 5,000 counter speech responses. Since ChatGPT 
was used via a hosted interface, the fine-tuning was not 
performed locally. Instead, outputs were generated using 
prompt engineering and iterative querying, simulating 
a bulk generation process rather than model retraining. 
While this approach delivered volume, it lacked quality 
control. Generated outputs were often repetitive and failed 
to adapt to differences in script or tone. This exposed the 
limitations of relying solely on fine-tuning, particularly 
in low-resource and culturally nuanced settings. Fig-
ure 4 shows the examples of the generated Homophobia/
Transphobia and Counter speech pairs via One-shot LLM 
and HITL based approaches.

2. Human-in-the-Loop Generation with ChatGPT and 
Gemini: An iterative human-in-the-loop (HITL) approach 
was adopted using ChatGPT-4o and Gemini 2.0, both 
accessed through premium subscription plans. Specifically, 
ChatGPT was accessed via the ChatGPT Plus plan (USD $ 
26.91), which provides access to GPT-4o through the Chat-
GPT web interface. Gemini 2.0 was used via the Gemini 
Advanced interface, part of the Google One AI Premium 
Plan (Free 1 month trial version). Figure 5 shows the setup 
used for dataset expansion using ChatGPT.

The process began with a seed dataset, referred to as Ver-
sion 1 (V1), which was expanded iteratively across mul-
tiple validation cycles. At each stage, model outputs were 
reviewed, refined, or regenerated based on human feedback 
to ensure quality, contextual relevance, and alignment with 
the intended counter-speech objectives. Figure 6 shows the 
prompt used for expanding the seed dataset.

–	 V2: Seed dataset (V1) + 500 new pairs → 600 cumulative
–	 V3: +500 pairs using V2 → 1,100 cumulative
–	 V4: +500 pairs using V3 → 1,600 cumulative
–	 V5: +3,500 pairs using V4 → 5,100 total

V2: Model trained on the 100 seed pairs, generated 500 
new samples (600 cumulative).

V3: Using the validated 600-pair set, an additional 500 
responses were generated (1,100 cumulative).

V4: Trained on the 1,100 verified pairs, another 500 
responses were added (1,600 cumulative).
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V5: Final iteration used the cumulative 1,600 data to 
generate 3,500 more samples, resulting in a total of 5,100 
hate–counter speech pairs.

Each expansion phase was independently reviewed by two 
native Malayalam-speaking volunteers, who assessed both 
hate and counter speech for naturalness, clarity, and the-
matic consistency. A final validation was then conducted by 
two additional native speakers, providing a second layer of 
oversight and quality assurance. Given the sensitive nature 

of the content, reviewers were encouraged to take a delib-
erative approach, carefully evaluating not only linguistic 
quality but also contextual appropriateness and potential 
ethical implications. The process also involved annotating 
ambiguous cases, discussing disagreements, and occasion-
ally requesting prompt adjustments, all of which required 
additional coordination time. This multi-tiered, manual 
review process, designed to ensure high standards of authen-
ticity, non-repetition, and consistency, ultimately took two 
months to complete. Figure 7 shows the workflow of human 
in the loop approach.

Several limitations were observed in Gemini’s perfor-
mance, which influenced our decision to prioritize Chat-
GPT for iterative generation. When given prompt for dataset 
expansion, Gemini 2.0 frequently produced responses with 
similar structure and vocabulary, reducing linguistic diver-
sity in the dataset as shown in Fig. 8.

Fig. 4   Examples from One-Shot LLM and HITL based Dataset Expansion

Table 1   Summary of the final seed dataset after validation by volun-
tary annotators

Labels Seed count

Homophobia/Transphobia 100
Counter Speech 100
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The model relied on template-like phrasing and strug-
gled with cultural and emotional sensitivity. It often failed to 
interpret regional nuances, resulting in detached or inappro-
priate tones. Additionally, data extraction through Gemini 
led to incomplete batches and formatting inconsistencies due 
to interface limitations and manual handling requirements. 
This uniformity in structure and vocabulary reduced both 
lexical and syntactic diversity and undermined the ability 
of the model to express empathy, emotional sensitivity, or 
cultural alignment. In several instances, the counter-speech 
was reused verbatim across distinct hate prompts, resulting 
in redundancy and decreased dataset richness. Addition-
ally, some outputs were found to be incomplete or abruptly 
truncated, likely due to interface limitations or token length 
restrictions (Row 5 in Fig. 8). These issues underscore the 

limitations of relying solely on static large language mod-
els for counter-speech generation and reinforce the need for 
human-in-the-loop (HITL) refinement to ensure diversity, 
contextual accuracy, and cultural relevance.

In contrast, ChatGPT produced more nuanced, script-
aware, and empathetic responses. Consequently, ChatGPT 
was chosen for the majority of HITL rounds due to its flex-
ibility and contextual understanding. Table 2 shows the 
summary of the expanded dataset using one-shot and HITL 
method via ChatGPT.

3.4 � Data statistics

Figure 9 compares the total number of annotated instances of 
homophobic and transphobic content within the dataset. The 

Fig. 5   Interface showing the setup of ChatGPT Plus used during dataset expansion, indicating use of the GPT-4 model. All dataset generation 
was conducted under this paid subscription environment, ensuring access to the most capable version of the model available at the time
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chart shows that homophobic content significantly outnum-
bers transphobic content, with nearly 3,000 instances com-
pared to just over 2,000. This distribution indicates a higher 
volume of homophobia in online discourse captured by the 

dataset, which may reflect broader societal patterns in digi-
tal spaces. It also emphasizes the importance of designing 
models and interventions that are especially robust against 
homophobic hate, while ensuring adequate sensitivity to 
transphobic content despite its relatively lower frequency.

Figure 10a word cloud aggregates and visualizes the 
most frequently used words in the raw homophobic and 
transphobic content. Words are rendered in varying sizes 
proportional to their frequency, offering an intuitive sense 
of dominant themes. The visualization clearly captures a 
mixture of social, religious, and identity-based terminology, 
often used pejoratively. This serves as a lexical fingerprint 
of the hate speech dataset and informs both pre-processing 
and model sensitivity tuning. Figure 10b shows some of the 
highest frequency English translated words cloud of homo-
phobic and transphobic content.

Figure 11a word cloud provides a complementary view 
by illustrating the most common words in counter-speech 
responses. Compared to the hate content, the counter-speech 
vocabulary is noticeably more affirmative, empathetic, and 
inclusive. This visualization affirms the tone-shift objective 
of the counter-speech generation task. Figure 11b shows 
some of the highest frequency English translated words 
cloud of counter speech content.

Figure  12 displays boxplot comparing the character 
lengths of Homophobic/Transphobic (H/T) content and 
Counter-Speech (CS) across the four annotated categories. 
The left panel focuses on hateful content, which exhibits 

Fig. 6   Prompt used for expanding the dataset in Human-in-the-Loop (HITL) approach using different Generative models

Fig. 7   End-to-end workflow of the dataset expansion process lever-
aging Gen AI and human-in-the-loop validation for generating high-
quality pairs of homophobic/transphobic content and corresponding 
counter speech responses
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Fig. 8   Issues faced with data 
expansion using Gemini 2.0 in 
V2. The rows highlighted with 
the same colour are the repeated 
ones, and there is incomplete 
generation of counter speech in 
the last row

Table 2   Summary of expanded dataset (5100) generated using (i) 
one-shot and (ii) human-in-the-loop (HITL) (V5) methods via Chat-
GPT

Labels Count Unique Sentences

(i) One-Shot generation method
Homophobia/Transphobia 5,100 228
Counter Speech 5,100 159
(ii) HITL method
Homophobia/Transphobia 5,100 5,100
Counter Speech 5,100 3,639

Fig. 9   Distribution of homophobic and transphobic content instances 
in the annotated dataset showing the frequency of two major catego-
ries of harmful content: homophobia and transphobia, as annotated 
within the expanded dataset

(a) Word Cloud of Homophobic/Transphobic Content

(b) Word Cloud of Translated Homophobic/Transphobic
content

Fig. 10   Word cloud representations of Homophobic and Transphobic 
content in Malayalam and its English translations
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high variance and a tendency toward shorter lengths. The 
right panel shows CS messages, which are generally more 
uniform and slightly longer. These observations suggest that 
counter-speech tends to be more elaborated and linguisti-
cally rich, requiring thoughtful phrasing.

The Figure  13 compares the sentiment polarity of H/T 
and CS texts using a density plot overlaid with histograms. 
The red curve represents H/T content and is centered around 
slightly negative polarity values, while the green curve rep-
resenting CS content skews slightly positive. This clear 
divergence in sentiment confirms that counter-speech in the 
dataset adopts a more constructive and respectful tone, align-
ing with the system’s design goals for ethical intervention.

The grid of bar plots shown in Fig. 14a displays the top 
six most frequently occurring Malayalam words within 
each hate speech subcategory. The visual decomposition 
into four separate panels one per category allows for fine-
grained lexical analysis. The presence of contextually loaded 
and socially charged words reflects the nature of each hate 
speech type. For instance, words related to identity and 
morality appear frequently, suggesting recurring thematic 
patterns that can aid stance detection and semantic filtering 
tasks.

The multi-panel bar chart shown in Fig. 14b displays the 
six most frequently occurring Malayalam words found in 
counter-speech (CS) responses corresponding to each of 
the four annotated hate speech categories: Homophobic 

Derogation, Transphobic Derogation, Homophobic Threat-
ening, and Transphobic Threatening. Each subplot rep-
resents one hate category but visualizes the vocabulary 
extracted solely from the counter-speech texts that were 
either retrieved or generated in response to those specific 
forms of hate.

The histograms in the Fig. 15 display the frequency dis-
tribution of text lengths for both H/T and CS content. The 
left subplot shows a heavy left-skew for H/T content, with 
the majority under 100 characters, indicating brevity and 
possibly impulsive or reactionary posting styles. The right 
subplot for CS content shows a more bell-shaped distribu-
tion centered around 100–150 characters, reinforcing the 
idea that counter-speech typically involves more deliberate 
articulation.

3.5 � Proposed approach for counter speech 
generation using retrieval augmented 
generation (RAG) and REFINE

Retrieval-Augmented Generation (RAG) is a hybrid genera-
tion framework designed to address the limitations of tradi-
tional generative models by incorporating relevant external 

(a) Word Cloud of Counter Speech Content

(b) Word cloud of translated counter-speech content

Fig. 11   Word cloud representations of counter-speech content in 
Malayalam and its English translations

(a) Homophobia/Transphobia

(b) Counter-speech

Fig. 12   Boxplots of Homophobia/Transphobia (H/T) and Coun-
ter Speech (CS) length by Category showing the distribution of text 
lengths (measured in characters) for both H/T and CS content across 
different thematic categories
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Fig. 13   Sentiment Polarity 
Distribution showing sentiment 
scores normalized on a scale 
from −1 (highly negative) to 
+1 (highly positive). The red 
distribution corresponds to H/T 
content, while the green distri-
bution represents CS content

(a) Most Frequent Words in Each Hate Category.

(b) Most Frequent Words by Hate Category in Counter-Speech.

Fig. 14   Comparison of frequent words in Homophobic/Transphobic speech and corresponding counter-speech categories. The left side of the 
Horizontal bar shows the most frequently occurring Malayalam words and right side of the bar shows the English translation with count
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knowledge into the response generation process. Instead of 
depending only on the internal parameters of the language 
model, RAG finds instances that are contextually aligned 
and conditions the output based on this information.

In our context, RAG is employed to generate counter 
speech that is polite, non-aggressive, and well-informed in 
response to homophobic and transphobic content for unseen 
or novel hate speech instances, especially those in Malay-
alam or Malayalam in Latin Script. This ensures that the 
system not only responds accurately and empathetically but 
also maintains dignity and ethical tone while addressing 
online hate. RAG enhances output relevance and specificity 
by retrieving contextually aligned counter-narratives from 
a knowledge base.

Why Retrieval? Traditional fine-tuned models often face 
two core limitations:

- Data Dependency: They require large, high-quality 
training datasets in the target language, which are unavail-
able for under-resourced languages like Malayalam.

- Overgeneralization and Hallucination: Without ground-
ing in external facts, models may produce vague or factually 
incorrect responses.

By incorporating a retrieval component, RAG mitigates 
these issues. It ensures that the generated output is grounded 
in real examples, increases linguistic variety, and better 
reflects community norms and cultural context. Figure 16 
shows the proposed RAG REFINE workflow.

The REFINE Filter - To ensure only the most contextu-
ally useful data is used, RAG uses a retrieval filter known as 
REFINE. This framework prioritizes retrieved content that is 
not only topically related to hate speech input, but also takes 
a clearly opposing stance and maintains natural language flu-
ency. Thus, ensuring that only high-quality, appropriate, and 
task-relevant samples are used to inform generation.

–	 Inversion: The retrieved sample must adopt a stance 
opposite to the hateful content.

–	 Nearness: The retrieved sample should be topically 
aligned, either through cosine similarity or contextual 
embeddings.

–	 Fluency : The response must be coherent, well-formed, 
and fluent, typically measured by perplexity or language 
model scoring.

Constrained Decoding - Once a response is retrieved, RAG 
does not simply append it to the prompt. Instead, it applies 
constrained decoding techniques to guide the language 
model:

Fig. 15   Length distribution histograms for Homophobic/Transphobic (H/T) content and Counter-Speech (CS) content showing the comparison 
of the character-length distributions of the two primary content types in the dataset: homophobic or transphobic speech and counter-speech

Fig. 16   Proposed workflow of RAG REFINE Handling the hate 
speech (homophobic or transphobic) by generating appropriate coun-
ter speech
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–	 It encourages the reuse of key phrases or facts from the 
retrieved content.

–	 It penalizes neutral or agreeing stances, reinforcing a 
counter-narrative tone.

–	 It ensures polite, respectful language even while disa-
greeing.

This approach increases the specificity, diversity, and safety 
of the generated counter speech compared to traditional 
decoding methods like greedy search or beam search.

To operationalize the REFINE filter within the RAG 
framework, we employed the following model-specific 
configurations to ensure transparency and reproducibility. 
For Nearness (semantic similarity), we used the LaBSE 
(Language-Agnostic BERT Sentence Embedding) model to 
encode both hate speech (HS) and candidate counter-speech 
(CS) texts, followed by FAISS for efficient top-30 nearest 
neighbor retrieval using cosine similarity. For Inversion fil-
tering, we fine-tuned XLM-RoBERTa stance classifier to 
encode both the hate speech and retrieved counter-speech. 
Candidates are re-ranked based on cosine similarity of their 
[CLS] embeddings, and the top-10 with the most opposing 
stance are retained. Finally for Fluency filtering, we measure 
the perplexity of each candidate using a multilingual mT5 
model by conditioning on a structured prompt. We select 
the top-10 lowest-perplexity samples, ensuring fluency and 
coherence with the input.

For the final counter-speech generation step, we employed 
the KunoRZN-Llama-3-3B model from VinkuraAI,2 a mul-
tilingual, fine-tuned causal language model optimized for 
respectful and culturally grounded text generation. The 
model was deployed using the Hugging Face Transformers 
library with float16 precision and automatic device map-
ping for efficiency. Counter-speech was generated by con-
ditioning the model on the input HS and a retrieved context 
of top-ranked CS examples, concatenated into a structured 
prompt. The prompt was framed as a system-user dialogue, 
with explicit instructions to ensure responses were calm, 
empathetic, non-aggressive, and factually informative in 
Malayalam. Sampling parameters were set to temperature 
= 0.7, top-p = 0.95, and repetition-penalty = 1.1 to encour-
age diverse yet focused outputs. This generation step com-
pletes the RAG pipeline by producing contextual, fluent, and 
ethically aligned counter-narratives. We used A100 GPU 
from Colab to develop the Chatbot. Algorithm 1 explains 
the counter speech generation of the REFINE RAG system.

Algorithm 1   REFINE-RAG Counter-Speech Generation 

Significance in our study - RAG was selected over tradi-
tional fine-tuning approaches for several key reasons:

–	 No Need for Extensive Malayalam Training Data: 
Since the model doesn’t require fine-tuning on Malay-
alam-specific counter speech, it is well suited for our 
low-resource setting.

–	 High Precision in Stance Reversal: REFINE ensures 
that the generated speech meaningfully contradicts hate 
speech, unlike generative models that might hedge or 
misinterpret.

–	 Adaptability to Diverse Scripts: The retrieval mecha-
nism works equally well for Malayalam script and Malay-
alam in Latin Script, handling spelling variations and 
informal syntax better than monolithic generators.

–	 Grounded Outputs: By anchoring the generation in 
retrieved content, RAG improves factuality and ethical 

2  https://​huggi​ngface.​co/​Vinku​raAI/​KunoR​ZN-​Llama-3-​3B

https://huggingface.co/VinkuraAI/KunoRZN-Llama-3-3B
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alignment, reducing hallucinated or inappropriate con-
tent.

3.6 � Review and validation protocol

All generated data underwent human evaluation. Annotators 
scored outputs based on:

–	 Alignment with original hate context
–	 Use of empathetic and respectful tone
–	 Linguistic correctness (including script adherence)
–	 Inclusivity and cultural sensitivity

Responses were categorized as Accept, Edit, or Reject. Edits 
were stored for further model retraining; rejected samples 
were excluded from the final corpus.

This methodology combining small-scale manual seed-
ing, iterative expansion, ethical review, and retrieval-aug-
mented zero-shot generation demonstrates a robust frame-
work for creating diverse and effective counter speech in 
Malayalam and other under-resourced languages.

3.7 � Statistical significance analysis

To strengthen our comparative claims across dataset ver-
sions and modeling strategies, we conducted statistical 
significance testing where applicable. For metrics derived 
from instance-level distributions such as counter-speech 
length, human acceptance rate, and edit distance (HTER), 
we applied Welch’s t-tests to assess whether the observed 
differences between one-shot and HITL-generated datasets 
were statistically significant. Welch’s t-test is a statistical test 
used to compare the means of two groups when the sample 
sizes or variances may differ, making it well-suited for natu-
ral language generation evaluations. For example, the aver-
age character length of counter-speech responses increased 
substantially from V2 to V5, with a Welch’s t-test yielding t 
= 9.72 and p < 0.00001. This confirms that HITL refinement 
led to significantly more elaborative and expressive outputs. 
Similar procedures were followed for other sample-based 
metrics where sufficient per-instance data was available.

4 � Metrics

To assess the quality and usability of the counter speech 
dataset, a comprehensive set of quantitative metrics was 
employed throughout the iterative generation process.

The imbalance degree was used to measure the dis-
tribution of hate speech categories such as derogation 
and threatening. A value close to 1.0 indicates a balanced 
representation, whereas higher values suggest overrepre-
sentation of certain types, which could bias the model’s 

learning. The acceptance rate was tracked in two forms: 
“untouched,"representing responses accepted without 
edits, and “modified,"representing those accepted after 
minimal revisions. Higher acceptance rates reflect better 
initial model output, while reasonable modification rates 
indicate productive but improvable generations.

The discarded pairs rate highlights the percentage of 
generated responses deemed unsuitable for inclusion due 
to irrelevance, incoherence, or lack of ethical tone. This 
figure is expected to be high in early iterations and decline 
over time.

To measure editing effort, the Human-targeted Trans-
lation Edit Rate (HTER) was applied to both all gen-
erated pairs and specifically those modified. HTER is a 
metric that measures the amount of editing a machine-
generated translation requires to match a reference transla-
tion, typically created or approved by a human. It is usu-
ally expressed as a decimal value between 0 and 1. Lower 
HTER indicates reduced post-processing burden on human 
annotators.

Repetition rate, calculated for both hate speech (H/T) 
and counter speech (CS), quantifies the reuse of phrases 
or structure, where lower scores imply better diversity. In 
addition, novelty metrics were computed by comparing new 
entries against the seed dataset (V1), the cumulative set from 
previous iterations, and the immediately preceding version 
(Vi-1). These metrics evaluate how much linguistic and con-
textual variety was introduced in each loop.

Finally, vocabulary size and vocabulary expansion were 
tracked, focusing on the growth and reuse of tokens across 
iterations. A large and evolving vocabulary indicates that 
the dataset is linguistically rich and less likely to produce 
templated outputs.

To assess the quality of counter speech generated by the 
RAG chatbot, we adopted a focused set of evaluation metrics 
that measure contextual alignment, linguistic fluency, and 
oppositional stance.

Relevance: This metric measures how topically aligned 
the generated counter speech is with the original hate 
speech. A higher relevance score indicates that the response 
directly addresses the themes, topics, or statements present 
in the hateful content. Moderate scores suggest the response 
is generally on-topic but may lack specificity or deeper con-
textual understanding.

Novelty: Novelty evaluates how distinct the generated 
response is compared to previously seen or training exam-
ples. It captures lexical and structural originality. Low nov-
elty may indicate that the model is reusing common phrases 
or templated responses, which can reduce the diversity and 
perceived authenticity of the output.

Stance: This refers to the ideological position the model 
takes relative to the hate speech input. A correct stance for 
counter speech should directly oppose the hateful content. 
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The stance value “COUNTER"confirms that the generated 
response takes an oppositional and corrective position, ful-
filling the core purpose of counter narratives.

Stance Confidence: This score reflects how certain the 
model (or a classifier evaluating the model’s output) is 
that the stance expressed is indeed oppositional to the hate 
speech. A high value (close to 1.0) indicates strong certainty 
and reliability in the stance classification.

Fluency (Perplexity/PPL): Fluency assesses how natu-
ral, coherent, and grammatically correct the generated text 
is. It is often measured using perplexity, a lower perplex-
ity score implies that the language model produced output 
that aligns well with human linguistic expectations. Fluent 
responses enhance readability and effectiveness in real-
world interactions.

5 � Results

This section presents a detailed evaluation of the proposed 
counter-speech (CS) dataset creation methodology and 
its downstream application in a chatbot environment. The 
results are organized into four subsections: (1) performance 
across human-in-the-loop (HITL) dataset versions, (2) eval-
uation of a one-shot LLM-generated dataset, (3) comparative 
analysis between LLM and HITL datasets, and (4) perfor-
mance of the deployed chatbot using the RAG framework.

5.1 � Evaluation across HITL dataset versions

Table 3 reports the progression of dataset quality across four 
iterative HITL loops (V2–V5), evaluated using a compre-
hensive set of metrics derived from prior work.

The Imbalance Degree, which quantifies class distribu-
tion skewness, improved significantly from 1.078 in V2 to 
0.294 in V5—well below the tolerable threshold of 1.5. 
This reflects increasingly balanced coverage of hate cat-
egories over iterations.

Acceptance rates for untouched counter-speech 
increased steadily, reaching 5.16% in V5, indicating higher 
generation precision. Similarly, modified acceptance rates 
remained within the optimal range (30–50%), validating 
the efficacy of post-editing.

An HTER of 0.30 means that 30% of the words in the 
machine translation had to be edited (inserted, deleted, 
substituted, or reordered) to match the reference trans-
lation. An HTER of 0.45 means that 45% of the words 
required editing. In our case, HTER showed a downward 
trend (0.41 to 0.327 for all pairs), suggesting increasing 
fluency and appropriateness in generated outputs.

Crucially, repetition rates declined with each version, 
particularly for counter-speech (from 37.37 to 13.61 in 
V5), indicating improved lexical diversity.

Novelty, measured via Jaccard dissimilarity with prior 
iterations and the seed set, improved across loops, with 
V5 achieving high originality (H/T: 0.799, CS: 0.837). 
Vocabulary expansion in V5 (3533 new tokens) fur-
ther highlights the dataset’s linguistic enrichment. These 
results demonstrate the ability of the HITL framework to 

Table 3   Evaluation metrics across different versions of the datasets from V2 to V5 in GPT based dataset expansion

Metrics V2 V3 V4 V5 Reference Limit (external)

Imbalance Degree 1.078 1.14 1.221 0.294 Ideal: < 1.0 (balanced); Tolerable: < 1.5

Acceptance Rate (untouched) 2.873 1.78 4.006 5.162 2–6% (common in HITL annotation pipelines)
Acceptance Rate (modified) 49.014 33.12 44.161 34.247 30–50% (typical for GPT-based editing)
Discarded Pairs Rate 48.113 65.1 51.833 60.591 30–65% (high for early loops, lower over time)
HTER (all pairs) 0.41 0.309 0.303 0.327 0.30–0.45 (moderate post-edit effort)
HTER (modified) 0.396 0.439 0.455 0.329 0.30–0.46 (higher tolerance for modified only)
Repetition Rate (H/T) 77.21 71.46 68.93 27.98 < 60.0 (based on standard text diversity guidelines)
Repetition Rate (CS) 37.37 37.37 37.37 13.61 < 60.0 (standard for response generation)
Novelty H/T vs V1 1.000 0.463 0.635 0.799 ≥ 0.7 (Jaccard diversity, high novelty)
Novelty CS vs V1 1.000 0.418 0.591 0.837 ≥ 0.7 (desired for learning robustness)
Novelty H/T vs cumulative 1.000 0.463 0.165 0.538 ≥ 0.7 (avoid training overlap)
Novelty CS vs cumulative 1.000 0.418 0.146 0.632 ≥ 0.7 (diverse content needed)
Novelty H/T vs Vi-1 1.000 0.463 0.320 0.451 ≥ 0.7 (progressive evolution)
Novelty CS vs Vi-1 1.000 0.418 0.297 0.601 ≥ 0.7 (minimal redundancy)
CS Vocab Size 1674 1674 1674 5207 Contextual; higher is richer
New Vocab (vs previous) 1674 0 0 3533 Contextual; higher is better
Reused Vocab (vs previous) 0 1674 1674 1674 Contextual; depends on transfer
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iteratively enhance data quality, diversity, and balance, 
while minimizing annotator burden.

5.2 � One‑shot LLM dataset evaluation

Table 4 presents the evaluation of a single-pass dataset 
generated via a large language model (LLM) without 
human-in-the-loop refinement. The outcomes reveal sig-
nificant quality limitations.

The Imbalance Degree remains high at 0.831, indicat-
ing category skew. Repetition rates for both H/T and CS 
are maximal (1.000), showing severe redundancy.

Novelty and vocabulary expansion are effectively zero 
(0.000), indicating no lexical or structural variation in the 
second half of the dataset. Furthermore, the approximate 
HTER is exceptionally high (1.357), suggesting disjointed 
pairings between hate speech and counter-speech content.

These metrics collectively point to limited utility of 
purely generative data without curation, and reinforce the 
need for structured post-processing.

5.3 � Comparative analysis: HITL vs. One‑shot dataset 
generation

To quantify the benefits of human-in-the-loop generation, 
Table 5 provides a direct comparison between the final 
HITL dataset (V5) and the One-shot generated dataset.

The HITL version clearly outperforms the One-shot 
generation output across all metrics:

–	 Imbalance Degree is markedly lower (0.294 vs. 0.831).
–	 Repetition rates are significantly reduced.

–	 Novelty and vocabulary growth are substantial in V5 
but entirely absent in the One-shot generation version.

–	 CS Vocab Size is significantly higher in V5, which indi-
cates V5 has better vocabulary compared to one-shot 
generation.

With respect to the Fig. 4 In the first one-shot genera-
tion example, the counter response “Namukku ithu kuri-
chu shanthiyode chinthikkan kazhiyumo? Jeevitham oru-
paadu vividham aakunnu..."the counter-speech remains 
vague and moralistic, offering no factual contradiction or 
targeted refutation of the hate speech. It merely appeals 
to generic ideas of peace and diversity. In contrast, the 
HITL-generated response 

delivers a direct and principled rebuttal rooted in consti-
tutional values. It upholds individual dignity and strongly 
counters the hateful premise. This example highlight the 
practical strengths of HITL refinement, particularly in 
producing contextually appropriate, culturally sensitive, 
and semantically rich counter-speech. This contrast under-
scores the limitations of one-shot LLM generation and 
highlights the value of iterative human refinement in creat-
ing high-quality, deployable CS datasets.

Table  2 presents a comparative overview of two 
approaches used to expand the dataset: the one-shot gen-
eration method and the human-in-the-loop (HITL) method. 
In the one-shot method, 5,100 instances of homophobic 
or transphobic content were generated, with 228 of these 
being unique. The corresponding counter-speech entries 
also total 5,100, but only 159 are distinct, indicating a 
relatively high degree of repetition in both categories. In 
contrast, the HITL approach yielded the same number of 
entries (5,100) for both hate content and counter-speech, 
but with full uniqueness across all entries. This suggests 
that the HITL method produced a more diverse and varied 
dataset, likely due to iterative refinement and human feed-
back integrated into the generation process.

Table 4   Evaluation Summary of One-Shot Generation using GPT for 
dataset expansion

Metric Value Interpretation

Imbalance Degree 0.831 Skewed category distribution
Repetition Rate (H/T) 1.000 High repetition, low diversity
Repetition Rate (CS) 1.000 High repetition, low diversity
CS Vocab Size 1,347 Lesser than V5 approach

Table 5   Comparison of the 
expanded dataset (5100 pairs) 
generated via LLM One-Shot 
and V5 Human-in-the-Loop 
(HITL) approaches

Metric One Shot 
Genera-
tion

V5 (HITL) Interpretation

Imbalance Degree 0.831 0.294 One-shot Generation is skewed; V5 is better balanced
Repetition Rate (H/T) 1.000 27.98 Very repetitive in One Shot Generation vs. diverse in V5
Repetition Rate (CS) 1.000 13.61 Repetitive counter-speech in One Shot Generation
CS Vocab Size 1,347 5207 One shot Generation likely has a smaller vocabulary
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5.4 � Chatbot performance using RAG and REFINE

The final system was deployed within a chatbot interface 
using the RAG framework. Figure 17 shows a conversa-
tion between a User giving hate speech (Homophobic) and 
the counter response generated by the proposed chatbot. 
Table 6 reports performance metrics capturing content 
relevance, stance, fluency, and classification confidence.

While our chatbot system achieves strong stance accu-
racy (0.99) and fluency (1.78), we acknowledge moderate 
relevance (0.535) and weak novelty (0.443) yet maintains 
a notably low toxicity score (0.03). These are not inherent 
flaws of the proposed framework but rather reflect realistic 
challenges of adapting retrieval-augmented counter-speech 
generation to a low-resource language like Malayalam.

First, the retrieval stage (based on LaBSE + FAISS) 
selects candidates that are semantically close but not 
always contextually deep or directly oppositional in stance. 
This is partially mitigated by a stance classifier (XLM-R) 
used in the filtering phase, but stance embeddings in low-
resource data can be noisy, especially when hate speech 
is subtle, sarcastic, or embedded in cultural expressions.

Secondly, the generation component prioritizes flu-
ency and safety, leveraging multilingual models not fine-
tuned for Malayalam-specific stylistics or creativity. This 
leads to outputs that are grammatically correct but tend 
to favor safe, repetitive structures over inventive phras-
ing - a common fluency-novelty trade-off in constrained 
text generation.

Finally, evaluation metrics developed for English, may 
underestimate novelty in agglutinative languages like 
Malayalam where small suffix or phrasing changes signal 
important meaning shifts. Taken together, these limita-
tions are natural and expected in cross-lingual, zero-shot 
counter-speech generation, and they highlight the need 

for better resources, multilingual model adaptation, and 
metric refinement.

The system encountered challenges when processing 
Romanized Malayalam, which is prevalent on social media 
platforms. Due to the lack of standardized transliteration, the 
semantic similarity and stance detection modules primar-
ily trained on native-script Malayalam struggled to accu-
rately interpret user intent. Notable failure patterns included 
semantically similar phrases like"entha cheyya"(what to do) 
and"entha cheyyendathu"(what to do) not being matched, 
and hybrid syntax examples like"avark marriage right 
illa"(they don’t have the right for marriage) being misclas-
sified. These issues resulted in poor information retrieval 
due to low semantic matching, incorrect stance classifica-
tion because of token-level noise, and ultimately generated 
responses that were difficult to interpret. To address these 
challenges, potential solutions include augmenting training 
datasets with parallel transliterated data or incorporating 
grapheme-to-phoneme aware embeddings to better handle 
the variability in Romanized text.

Rather than undermining our contribution, this under-
scores the real-world difficulty of developing counter-narra-
tive systems in under-resourced settings and the importance 
of our work as a foundation for further research.

6 � Conclusion

This study presents a comprehensive framework for coun-
ter speech generation in Malayalam, an under-resourced 
language, with a focus on combating online homopho-
bia and transphobia. We proposed a two-stage approach: 
first, the creation and expansion of a hate–counter speech 
dataset using both one-shot and human-in-the-loop 
(HITL) methodologies; and second, the integration of the 

Table 6   Evaluation Metrics 
for the results produced by the 
proposed RAG REFINE chatbot

Metric Value Interpretation

Relevance 0.535 Moderate - On-topic but not deeply contextualized
Novelty 0.443 Weak - Close to seen CS; repetitive phrasing
Stance COUNTER Correct - Successfully opposes hate speech
Stance Confidence 0.99999 Excellent - Very high classification certainty
Fluency (PPL) 1.78 Excellent - Fluent, natural language structure
Toxicity 0.031009 Excellent < 0.2 = non-toxic

Fig. 17   RAG REFINE’s 
response to a hate speech 
(homophobic) input
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Retrieval-Augmented Zero-Shot Generation (RAG) frame-
work to generate contextually relevant and ethically sound 
counter narratives.

The dataset construction process demonstrated that itera-
tive HITL generation with ChatGPT yields higher diver-
sity, lower repetition, and improved human acceptance 
rates compared to one-shot generative methods or outputs 
from Gemini. Manual review metrics such as HTER, nov-
elty, and vocabulary expansion confirmed the progressive 
improvement of dataset quality over successive iterations. 
In parallel, the RAG chatbot showed strong performance in 
fluency, stance accuracy, and politeness, although moder-
ate relevance and novelty scores indicate room for further 
enhancement in contextual grounding and linguistic variety.

By combining curated human insight with retrieval-
based generative modeling, this work provides a scalable 
and effective pipeline for generating culturally aware and 
non-aggressive counter speech in regional languages. The 
statistical significance analysis described in section 3.7 
which combines the statistical validation and absolute met-
ric comparison provides a more rigorous foundation for our 
claims regarding the qualitative and quantitative improve-
ments achieved through HITL and retrieval-augmented gen-
eration techniques.

The methodology and findings have broader implications 
for the design of AI systems aimed at promoting respect-
ful discourse and digital civility in low-resource linguistic 
settings. Future work will focus on expanding the thematic 
scope of hate categories, refining retrieval strategies includ-
ing multilingual retrieval systems for cross-lingual hate-
counter matching and knowledge graph integration to enrich 
contextual relevance, and evaluating the real-world impact 
of automated counter speech in live online environments.

7 � Future work

This study offers a significant step toward counter speech 
generation in Malayalam and Malayalam rendered in Latin 
script, yet several important directions remain for future 
exploration.

First, while the current dataset addresses homophobic and 
transphobic content, its thematic scope is limited. Future 
work will expand the corpus to include other forms of hate 
speech prevalent in the Indian context such as caste-based 
discrimination, religious intolerance, misogyny, and politi-
cally motivated hate. This will enhance the system’s applica-
bility and relevance across broader societal domains.

Second, the system’s support for both Malayalam script 
and Malayalam rendered in Latin script is a distinguishing 
feature that reflects authentic user behavior in digital com-
munication. However, this dual-script environment intro-
duces linguistic challenges such as inconsistent spelling, 

non-standard grammar, and transliteration noise. Further 
research is needed to develop script-adaptive generation 
techniques and robust preprocessing methods capable of 
handling informal Malayalam rendered in Latin script along-
side formal Malayalam inputs.

Third, the use of code-mixed and transliterated language, 
particularly in Malayalam rendered in Latin script, remains 
an open challenge. Future iterations will explore transliter-
ation-aware tokenization, bilingual embeddings, and script-
switching mechanisms to better model the nuanced linguistic 
patterns present in real-world online discourse.

Fourth, while the RAG framework has demonstrated 
its utility in generating fluent and stance-aligned counter 
speech, enhancements in the retrieval pipeline remain a 
priority. More sophisticated retrieval techniques, including 
dense semantic retrieval, dynamic context modeling, and 
reinforcement learning for ranking, could improve the speci-
ficity and informativeness of generated responses.

Fifth, future work will focus on real-world deployment 
scenarios, particularly in collaboration with NGOs, content 
moderators, and community organizations. Field testing 
and longitudinal feedback from actual users will enable the 
assessment of practical effectiveness, ethical impact, and 
opportunities for continuous learning.

Finally, robustness and safety are critical for coun-
ter speech systems. The chatbot will be evaluated against 
adversarial examples, implicit hate, and sarcasm to ensure 
resilience and ethical compliance. Plans are also underway 
to release the dataset and models under open-source licenses 
governed by ethical research principles. In doing so, this 
work aims to contribute to the broader goal of establishing 
standardized benchmarks and reproducible methodologies 
for counter speech generation in low-resource, multilingual 
settings.

Importantly, the methodology developed in this study is 
not limited to Malayalam alone. Given the linguistic and 
sociocultural parallels, it can be effectively extended to other 
low-resource Indian languages such as Tamil, Telugu, Kan-
nada, Basque.
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