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Abstract

The problem of harmful online discourse
against the LGBTQ+ community is still a con-
cern on social media platforms. Although hate
speech detection is a well-explored area, the
task of constructive counter-narrative genera-
tion is still an emerging field of research, es-
pecially in the multilingual and low-resource
settings. Counter-narratives are designed to
counter harmful discourse with respectful and
empathetic responses, as opposed to mere
content deletion. In this paper, the model
proposes a zero-shot multilingual system for
counter-narrative generation in English and
Tamil. The proposed system employs the
pretrained google/flan-t5-base transformer
model guided by rubric-aligned prompts to en-
courage politeness, contextual relevance, and
non-toxic response generation. The system
operates in a zero-shot setting without task-
specific fine-tuning and uses beam search de-
coding for controlled response generation. On
the English test data, the system scored an over-
all score of 70.33 per cent with a contextual
coherence score of 81.82 per cent. On the
Tamil test data, the system scored an overall
score of 33.57 per cent with significantly lower
scores on coherence and quality. These find-
ings indicate that structured prompting can fa-
cilitate safe and coherent generation in English,
but also underscore the challenges of zero-shot
multilingual models in low-resource language
scenarios.

Keywords:Counter Narrative Generation Homo-
phobia and Transphobia Detection Multilingual
Natural Language Processing Zero-Shot Learning
Low-Resource Languages.

1 Introduction

Online forums have grown to be important venues
for social interaction and public debate. They do,
however, also post damaging information that tar-
gets LGBTQ+ populations and other vulnerable
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groups. Speech that is homophobic or transphobic
can exacerbate animosity, promote prejudice, and
have a detrimental impact on mental health. As a
result, creating responsible language technology to
counteract such damaging talk has emerged as a top
research priority. The majority of current research
in this field focuses on identifying and eliminat-
ing hate speech. Detection systems are crucial,
but they don’t necessarily foster comprehension or
lessen prejudice. Eliminating offensive material
might make it less visible, but it doesn’t always
promote healthy discussion. An alternative strat-
egy is provided by counter-narrative generation. It
produces courteous and educational reactions that
dispel bias and foster empathy rather than stifling
offensive speech. Research in multilingual and low-
resource languages is still scarce, despite the fact
that counter-narrative production has drawn atten-
tion in English. The lack of labelled data and lin-
guistic variation in Tamil creates more difficulties.
It is so challenging to design systems that produce
logical, culturally sensitive, and contextually ap-
propriate answers in such circumstances. In this
work, we propose a zero-shot multilingual counter-
narrative creation system in Tamil and English. We
use a pretrained transformer-based sequence-to-
sequence model guided by rubric-aligned prompt-
ing. The model is specifically instructed by the
prompts to refrain from using harmful words, main-
tain civility, and guarantee contextual relevance.
The results of the experiment show that while per-
formance in Tamil is much poorer, it is moderate in
English, especially in contextual coherence. These
results demonstrate the limitations of zero-shot
multilingual production in low-resource settings
as well as the promise of rubric-guided prompt-
ing. This effort advances the creation of language-
generating systems that are more secure and inclu-
sive. Unlike fine-tuning-based approaches, the pro-
posed system relies entirely on structured prompt-
ing in a zero-shot setting. This enables lightweight
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deployment without additional training cost while
allowing evaluation of multilingual generation be-
haviour in both high-resource and low-resource
languages.

2 Related Work

Recent advances in natural language process-
ing have expanded research beyond hate speech
detection toward constructive response genera-
tion. While traditional systems primarily focused
on classification, newer approaches aim to gen-
erate counter-narratives that challenge harmful
content in a respectful manner. Several recent
studies explore alignment-based generation meth-
ods.(Wadhwa et al., 2025) introduced a multilin-
gual counter speech system that applies Direct
Preference Optimisation to better align model out-
puts with human judgments. Their findings sug-
gest that preference alignment improves contex-
tual appropriateness and tone control. Similarly,
(Jiang et al., 2025) proposed a retrieval augmented
zero-shot framework that enhances relevance by
incorporating external contextual information dur-
ing generation. While retrieval improves ground-
ing, it increases system complexity. Fact-grounded
counter-narrative generation has also gained atten-
tion.(Wilk et al., 2025) demonstrated that ground-
ing responses in verifiable information improves
credibility and persuasiveness. In low-resource set-
tings,(Prasannan et al., 2025) investigated counter
speech generation for Malayalam, revealing the
difficulty of generating stable and culturally appro-
priate responses without language-specific adap-
tation. Parallel to generation research, multilin-
gual hate speech detection has progressed signif-
icantly.(Mnassri et al., 2024) proposed a semi-
supervised adversarial framework to improve cross-
language classification.(Ghosh and Senapati, 2025)
analyzed transformer based monolingual and multi-
lingual models for low-resourced Indian languages
and observed notable performance gaps. Findings
from shared tasks (Ghosh et al., 2025) confirm that
low-resource languages continue to face challenges
in both detection and generalisation. Beyond detec-
tion, research has emphasised safety and responsi-
ble generation. Comprehensive reviews (Albladi
et al., 2025) highlight the need for fairness and
toxicity control in large language models. Mul-
timodal approaches (Saddozai et al., 2025; Raza
Ur Rehman et al., 2025) extend hate speech anal-
ysis beyond text, incorporating images and code-

Table 1: Dataset statistics for counter narrative genera-
tion.

Lang Split Homo Trans Total
Tamil Train 342 458 800
Tamil Test 73 36 109
English Train 1044 756 1800
English  Test 49 17 66

mixed data. Prompt-based safety frameworks such
as PromptGuard (Vu et al., 2025) demonstrate how
structured prompting can improve controllability
and reduce harmful outputs. The detection and mit-
igation of homophobic and transphobic content on
internet platforms has been the subject of recent
research. Chakravarthi (Chakravarthi, 2024) inves-
tigated the automated identification of such detri-
mental remarks in YouTube data. Further research
on span identification techniques for low-resource
languages was conducted by Kumaresan et al. (Ku-
maresan et al., 2025). The shared task presented by
Kumaresan et al. (Kumaresan et al., 2026) offers
a baseline for multilingual counter-narrative pro-
duction, whereas Prasannan et al. (Prasannan et al.,
2025) suggested counter-speech generation for ho-
mophobic and transphobic content. Recent studies,
such as Saha et al., explored zero-shot counter-
speech generation using prompt-based strategies,
demonstrating the growing importance of prompt
engineering for safe language generation. Despite
these developments, limited research has examined
zero-shot multilingual counter-narrative generation
without fine-tuning or retrieval augmentation. The
present study addresses this gap by evaluating a
zero-shot multilingual transformer model guided
solely by rubric-aligned prompting in English and
Tamil.

3 Dataset Description

The collection is made up of Tamil and English
social media comments that contain homophobic
or transphobic content, as shown in Table 2. A
brief comment is represented by each instance. The
goal of Task 2 is to produce one positive counter-
narrative for every negative remark. Compared
to Tamil, the English dataset is bigger and more
evenly distributed. Tamil is a low-resource envi-
ronment, which makes generating more difficult.
Evaluation of multilingual counter-narrative pro-
duction in both high-resource and low-resource
settings is made possible by this distribution.
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Figure 1: Architecture of the proposed multilingual
counter-narrative generation system.

4 Proposed Methodology

This section outlines the design of the counter-
narrative generation system. The system is a struc-
tured pipeline that turns a toxic comment into a
respectful and constructive response.

System Overview

As shown in Figure 1, the system takes a com-
ment as input that is homophobic or transphobic in
nature. The comment is then put through a rubric-
aligned prompt builder. The structured prompt is
then fed into a multilingual transformer model,
which produces a counter-narrative through con-
trolled decoding. Finally, the response is formatted
in accordance with the required submission format.
The main objective of the system is to produce
responses that are polite, relevant, and non-toxic.

Rubric Aligned Prompt Design

4.1 Prompt Template

The model was guided using a rubric-aligned

prompt designed to encourage politeness, contex-

tual relevance, and non-toxic language generation.
Example prompt:

Generate a respectful and constructive
counter-narrative for the following harm-
ful comment. The response should dis-
courage hate, promote empathy, and
avoid aggressive or toxic language.

Comment: [INPUT COMMENT]

Prompt design is a key aspect of our approach.
Rather than allowing the model to respond freely,
we design the prompts to be aligned with the rubric
criteria. For the generating task, a multilingual
sequence-to-sequence transformer model is used.
The machine can produce responses in Tamil and
English and has been trained on a sizable multilin-
gual dataset. The system operates in a zero-shot
environment. There is no task-specific fine-tuning.
Rather, the model generates responses based solely
on the specified request.

4.2 Decoding Strategy

Beam search decoding was used to improve re-
sponse stability and coherence. Let y denote the
generated response and x denote the input prompt.
The model aims to maximise the conditional prob-
ability:

y* =argmax P(y | x) )
y

Beam search maintains the top candidate se-
quences at each decoding step and selects the most
probable response.

Label Assignment and Output Formatting

As the test data does not contain labels, we use a
simple keyword-based rule to assign a label. Com-
ments about gender identity are assigned the label
transphobia, and others are assigned the label ho-
mophobia. This enables us to format the output
in the required submission format. For every in-
put comment, the system generates one counter-
narrative. The output contains the fields Id, text,
span, counter-narrative, and label. The span field
is assigned the value NA, as span detection is not
required in this task.

Design Rationale

The system design emphasises safety and organ-
isation. Instead of fine-tuning, the research empha-
sises prompt engineering that is aligned with the
evaluation criteria. This enables us to assess the
pros and cons of zero-shot multilingual generation
in a controlled setting.

5 [Evaluation

The system is assessed using both reference-based
metrics and rubric-based human evaluation scores.
The reference-based metrics calculate similarity be-
tween the produced counter-narrative and the gold
reference response. The rubric-based metrics calcu-
late politeness, quality, and contextual coherence.
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Table 2: Dataset statistics for counter narrative genera-
tion.

Lang Split Homo Trans Total
Tamil Train 342 458 800
Tamil Test 73 36 109
English Train 1044 756 1800
English  Test 49 17 66

The final ranking is obtained by aggregating the
scores.

5.1 Distinct-2
Distinct-2 measures response diversity using the
ratio of unique bigrams to total bigrams:
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5.2 BERTScore

BERTScore evaluates semantic similarity between
generated and reference responses using contextual
embeddings.
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5.3 Results

The performance of the proposed system is evalu-
ated using both reference-based and rubric-based
metrics. Table ?? summarises the results for the En-
glish and Tamil test sets. To examine the effect of
rubric-aligned prompting, preliminary comparisons
were conducted using a generic zero-shot prompt.
The rubric-guided prompt produced more contex-
tually relevant and less repetitive responses, partic-
ularly in English. A detailed quantitative baseline
comparison is left for future work.

The model obtains a good answer variety with
a Distinct-2 score of 78.56 and strong contextual
coherence with a CCNC score of 81.82 for the En-
glish test set. The politeness and quality scores,
however, are still mediocre, suggesting the need for
more thorough explanations and better tone con-
sistency. The Tamil findings, on the other hand,
indicate a marked drop in performance. Weak co-
herence and quality are shown by the QS score
falling to 11.47 and the CCNC score to 7.80 The
overall score of 33.57 emphasises the difficulties

of zero-shot multilingual creation in low-resource
contexts, even though the BERTScore-F1 is still
comparatively high at 80.23. Code for the proposed
system is available in the link (")

6 Limitations

The proposed system relies entirely on zero-shot
prompting without task-specific fine-tuning. As
a result, performance decreases significantly in
low-resource settings such as Tamil. The sys-
tem also depends on keyword-based label assign-
ment, which may not generalise well to complex
linguistic expressions. Future work can explore
fine-tuning, retrieval augmentation, and culturally
adaptive prompting strategies.

7 Conclusion

The research introduced a zero-shot multilingual
method for Tamil and English counter-narrative
generation in this study. The system directs a pre-
trained transformer model toward courteous, perti-
nent, and non-toxic responses using rubric-aligned
prompts. It makes use of controlled decoding and
organised prompting rather than task-specific fine-
tuning. The results of the experiment indicate that
English performance is mediocre, especially when
it comes to semantic similarity and contextual co-
herence. However, quality and etiquette still need
to be improved. Tamil performance was noticeably
worse, particularly in terms of coherence and gen-
eral quality. Overall, the study demonstrates that
rubric-aligned prompting can support safer multi-
lingual counter-narrative generation in zero-shot
settings. The findings also highlight the limita-
tions of multilingual generation in low-resource
languages such as Tamil. Future work can explore
fine-tuning, retrieval augmentation, and language-
specific adaptation to improve response quality and
coherence.
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