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Abstract

Online platforms continue to witness harm-
ful expressions targeting LGBTQ+ individu-
als, particularly in the form of homophobic
and transphobic comments. While detection
of such content has received substantial atten-
tion, generating constructive counter-narratives
remains comparatively underexplored. In this
shared task, we focus on counter-narrative gen-
eration in English and Tamil. Participants were
provided with social media comments labeled
as homophobic or transphobic and were re-
quired to generate respectful, contextually ap-
propriate responses that challenge prejudice
and promote empathy. Systems were evaluated
using both reference-based metrics (Distinct-
2 and BERTScore-F1) and rubric-based hu-
man evaluation metrics measuring politeness
(PRS), quality (QS), and contextual coherence
(CCNC). The results demonstrate variation in
system performance across languages, with En-
glish systems showing stronger lexical diver-
sity and Tamil systems excelling in politeness
and contextual coherence. This paper presents
dataset statistics, evaluation methodology, sys-
tem performance analysis, and key observa-
tions from the shared task.

Keywords: Counter-narratives, Hate speech de-
tection, Homophobia and transphobia, Span detec-
tion, Multilingual NLP, Large language models

1 Introduction

The Internet serves as one of the primary means
of communication, socialization, and community-
building for many individuals worldwide. The
Internet’s role in propagating hostile speech to-
wards marginalized communities is a major issue
(Berger et al., 2022; Keighley, 2022; De Ridder
and Van Bauwel, 2015). Specifically, homophobic

and transphobic bullying towards sexual and gen-
der diversity individuals remains a prevalent issue
across various social media platforms, where such
speech is frequently exhibited using terms such
as slurs, stereotypes, and mockery, which in turn
lead to the marginalization and stigmatization of
individuals with sexual and gender diversity identi-
ties (Hill, 2002; Nagoshi et al., 2008; O’Donohue
and Caselles, 1993). As a result, the field of natu-
ral language processing (NLP) has been focusing
on the identification of hate speech and abusive
language, with numerous recent studies operating
within it (Sai and Sharma, 2021; Gao et al., 2020;
Díaz-Torres et al., 2020). The initial studies were
grounded on the conventional machine learning
approaches, which make use of lexical and syntac-
tic features, while the more recent studies make
use of transformer-based approaches such as BERT
and multilingual models, which lead to a signifi-
cant improvement in the accuracy of the resultant
models for hate speech identification on various
multilingual and multi-domain datasets. While the
identification of hate speech is considered an impor-
tant step in the direction of resolving the issue of
online bullying, it is solely insufficient in tackling
the more complex social issues that are strongly as-
sociated with the proliferation of harmful language
online, such as the need for comprehensive edu-
cational programs, community engagement, and
policy changes that address the root causes of on-
line harassment (Norton, 1997; Schope and Eliason,
2004).

Counter-narratives have in recent years been
proposed as a way to combat hate speech on the
web. A counter-narrative is a message that is in-
tended to counteract or neutralize the content. Here,
counter-narratives are meant to be respectful while
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at the same time challenging prejudice and try-
ing to elicit a more empathetic attitude and self-
reflection in users (Benesch, 2014; Garland et al.,
2020; Fanton et al., 2021). The effect of construc-
tive counter-speech was proven to significantly re-
duce cyberbullying and promote online discussions
in a more positive direction. The challenge with
good counter-narratives is that they have to be rele-
vant to the original comment and must not contain
rude or threatening language (Doğanç and Markov,
2023). While there is a significant body of work
addressing the issue of counter-narratives in the
context of English, the linguistic resources avail-
able for other languages are typically limited, and
for low-resource languages such as Tamil, there
is generally a lack of well-annotated resources
that would facilitate the creation of an effective
multilingual counter-narrative generation system
(Tekiroğlu et al., 2020).

To promote research, we organize a shared task
on counter-narrative generation for homophobic
and transphobic comments. This shared task con-
sists of two subtasks. Span detection identifies
the word or phrase in the original input that may
contain homophobic or transphobic terms, while
counter-narrative generation produces a narrative
responding to a given claim while refraining from
using derogatory terms. These tasks are performed
on a diverse set of languages, including English,
Tamil, and Hindi, for the span detection task and
English and Tamil for the counter-narrative genera-
tion task. The shared task focused on hate speech,
counter-speech, and multilingual language process-
ing. This task aimed to provide a testbed for re-
searching models that can identify and locate hate
speech, as well as generate counter speech to help
mitigate its negative effects by offering relevant
training data with annotations, evaluation metrics,
and an overview of the developed systems and their
outputs. This paper presents an overview of the
dataset, the systems developed for this task, the
evaluation methods, and the key findings.

2 Related Work

2.1 Hate Speech Detection and Span
Identification:

Automated hate speech detection has been widely
studied across languages, with early approaches
relying on traditional machine learning models
and lexical features. More recent work makes use
of transformer-based architectures such as BERT

and XLM-R for improved contextual modeling.
A major step toward explainable hate speech de-
tection was introduced by HateXplain (Mathew
et al., 2021), highlighting the spans responsible for
hateful content. This span-level formulation helps
not only to classify content but also to identify
the precise textual boundaries of harmful expres-
sions. Such datasets reduce over-prediction, di-
rectly motivating span-detection subtasks in shared
tasks. Multilingual hate speech detection has
gained increasing importance , especially for low-
resource and code-mixed languages. Ranasinghe
and Zampieri (2020) demonstrated the effective-
ness of transformer-based multilingual models for
cross-lingual hate speech detection. Similarly,
several LT-EDI shared tasks (Chakravarthi, 2024;
Chakravarthi et al., 2024, 2023, 2022) have ad-
vanced research in Tamil, Hindi, and other Indian
languages, highlighting challenges such as class im-
balance, dialectal variation, and limited annotated
resources. These works establish the foundation
for Subtask 1, where span-level detection in En-
glish, Tamil, and Hindi requires both contextual
modeling and cross-lingual robustness (Kumaresan
et al., 2025a).

2.2 Counter Speech and Counter-Narrative
Generation

While detection has received sufficient attention,
mitigation through counter-narrative generation
remains comparatively underexplored. Counter
speech aims to address harmful content through
constructive, empathetic, and non-aggressive re-
sponses. Chung et al. (2021) explored automatic
counter-narrative generation using transformer-
based models trained on curated counter-speech
datasets. Fanton et al. (2021) proposed human-in-
the-loop generation strategies, combining expert-
crafted responses with neural generation to en-
sure politeness and factual grounding. These stud-
ies emphasizes the importance of tone, empathy,
and contextual appropriateness in counter speech.
Tekiroğlu et al. (2020) extended this direction to
multilingual settings, proving that counter-narrative
systems must balance cultural sensitivity with lin-
guistic variation. Recent research suggests that
polite and thoughtful responses are more effective
in lowering hostility than confrontational reactions.
These works directly motivate Subtask 2, where
systems are required to generate respectful and
contextually coherent counter-narratives in English
and Tamil.
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Table 1: Dataset Statistics for Counter-Narrative Generation on Homophobic and Transphobic Comments Shared
Tasks

Task Language Split Homophobia Transphobia None of the above Total

Subtask 1

Tamil
Train 188 75 137 400
Test 73 36 – 109

English
Train 117 39 44 200
Test 49 17 – 66

Hindi
Train 20 34 – 54
Test 03 10 – 13

Subtask 2
Tamil

Train 342 458 – 800
Test 73 36 – 109

English
Train 1,044 756 – 1,800
Test 49 17 – 66

2.3 Evaluation of Generated
Counter-Narratives

Evaluating generated counter-narratives has unique
challenges, as lexical overlap alone cannot capture
empathy or appropriateness. BERTScore (Zhang
et al., 2019) introduced a contextual embedding-
based metric that measures semantic similarity be-
tween generated text and references. It has be-
come a standard metric for generation tasks where
paraphrasing is common. Diversity-based metrics
such as Distinct-N (Li et al., 2016) measure lexical
variation and help prevent repetitive or templated
outputs. Recent work (Chiang and Lee, 2023) ex-
amined the reliability of LLM-based evaluation
frameworks, showing that rubric-based scoring can
approximate human judgments in open-ended gen-
eration tasks. Such approaches enable scalable
assessment of politeness, coherence, and quality at-
tributes critical to counter speech. The combination
of reference-based metrics Distinct-2, BERTScore-
F1 and rubric-based scoring aligns with emerging
best practices in evaluating socially sensitive gen-
erative systems (Prasannan et al., 2025).

2.4 Multilingual and Low-Resource
Generation

Low-resource languages such as Tamil pose ad-
ditional challenges for both detection and gener-
ation. Cross-lingual models like XLM-R (Con-
neau et al., 2020) provide shared multilingual rep-
resentations that enable transfer learning across lan-
guages. Large-scale multilingual systems such as
No Language Left Behind (Costa-Jussà et al., 2022)
demonstrate that scaling multilingual pretraining
improves performance in low-resource languages.

Multilingual instruction tuning (Zhang et al., 2023)
has shown that LLMs can generalize better for low-
resource languages when exposed to diverse task
instructions during training. These advancements
support the multilingual design of the shared task
and explain performance variations observed be-
tween English and Tamil systems.

3 Task Description

The shared task on counter-narrative generation on
homophobic and transphobic comments addresses
the identification and mitigation of hate speech tar-
geting LGBTQ+ communities. Homophobia and
transphobia represent harmful forms of online dis-
course that marginalize individuals based on sexual
orientation and gender identity. To promote re-
search in both detection and response generation,
the shared task is organized into two subtasks1.

Subtask 1: Homophobia and Transphobia
Span Detection. This subtask focuses on fine-
grained identification of harmful content. Given
a social media comment, systems are required to
detect and extract the exact textual spans that ex-
press homophobic or transphobic content. Un-
like sentence-level classification, this formulation
emphasizes precise boundary detection, encour-
aging systems to minimize over-prediction while
accurately capturing abusive expressions. The
task is conducted in three languages: English,
Tamil, and Hindi. Systems are evaluated using
standard classification metrics, including accuracy,
macro-precision, macro-recall, macro-F1 (submis-
sions were ranked based on), weighted-precision,

1https://sites.google.com/view/lt-edi-2026/
home
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Table 2: Overview of participating systems for Task 1: Homophobia and Transphobia Span Detection

Team Name Base Model / LLM Technique
Seq Label FT Prompt Eng. Few-shot Post-processing Structured Output

DuoNova Transformer-based LM ✓ ✓
TeamV Qwen3-Max ✓ ✓ ✓ ✓

Table 3: Overview of participating systems for Task 2: Counter-Narrative Generation

Team Name Base Model / LLM Technique
Seq2Seq FT Prompt Eng. Few-shot Instruction Tuning Prompt Optimization Decoding Strategy

DLRG TF-IDF + Classical ML ✓
Amritha Llama 3.2 / Gemini ✓ ✓ ✓
NEUNI DSPy + LLM ✓ ✓ ✓
JusticeBots ChatGPT ✓ ✓
TeamV Qwen3-Max ✓ ✓ ✓
SigJBS Gemma 3 (QLoRA) ✓ ✓ ✓ ✓
RespectNLP Seq2Seq Transformer ✓ ✓ ✓
DuoNova FLAN-T5 ✓ ✓

weighted-recall, and weighted-F1.
Subtask 2: Counter-Narrative Generation.

This subtask moves beyond detection toward miti-
gation. Given a comment containing homophobic
or transphobic content, systems must generate a
constructive counter-narrative that challenges harm-
ful claims while remaining respectful, empathetic,
and contextually coherent. The generated response
should avoid hostility and instead promote inclu-
sivity and meaningful dialogue. This subtask is
conducted in English and Tamil. Evaluation in-
cludes both:

1. Reference-Based Metrics

• Distinct-2: Measures bigram-level diver-
sity (higher indicates less repetition).

• BERTScore-F1: Measures semantic
similarity between system outputs and
reference counter-narratives.

2. Rubric-Based Metrics: Evaluated using
LLM-captured properties that automatically
overlap-based metrics on a 0–2 scale.

• PRS: Politeness and Respectful Score.

• QS: Quality Score.

• CCNC: Contextual Counter-Narrative
Coherence Score.

For ranking purposes, all evaluation scores were
converted into percentages and averaged across
the considered metrics for each team. The final
leaderboard was determined based on this overall
average score.

4 Dataset

The dataset for the shared task consists of multilin-
gual social media comments annotated for homo-
phobia and transphobia. The detailed distribution
of instances across languages, splits, and categories
is presented in Table 1. The dataset is designed to
support both fine-grained span detection (Subtask
1) and counter-narrative generation (Subtask 2),
with language coverage varying across subtasks.

For Subtask 1 (Span Detection), the dataset in-
cludes comments annotated at the span level under
three categories: Homophobia, Transphobia, and
None of the above. The data is available in Tamil,
English, and Hindi. In Tamil, the training set con-
tains 188 homophobia instances, 75 transphobia
instances, and 137 none-of-the-above instances, to-
taling 400 comments; the test set includes 73 homo-
phobia and 36 transphobia instances (109 total). In
English, the training set consists of 117 homopho-
bia, 39 transphobia, and 44 none-of-the-above in-
stances (200 total), while the test set includes 49 ho-
mophobia and 17 transphobia instances (66 total).
In Hindi, the training data contains 20 homophobia
and 34 transphobia instances (54 total), and the
test set includes 3 homophobia and 10 transphobia
instances (13 total). The distribution reflects natu-
ral class imbalance and linguistic variation across
languages (Kumaresan et al., 2025b).

For Subtask 2 (Counter-Narrative Generation),
the dataset includes only comments containing ho-
mophobic or transphobic content, as the task fo-
cuses on generating constructive counter-speech.
In Tamil, the training set contains 342 homopho-
bia and 458 transphobia instances (800 total), with
73 homophobia and 36 transphobia instances in
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the test set (109 total). In English, the training set
consists of 1,044 homophobia and 756 transphobia
instances (1,800 total), and the test set includes
49 homophobia and 17 transphobia instances (66
total). None-of-the-above category is excluded in
this subtask, ensuring that all inputs require the
generation of a counter-narrative response.

5 Participants Methodology

For Subtask 1, teams used a variety of approaches
to extract the spans of homophobic and transphobic
content. Tables 2 and 3 provide a detailed compar-
ison of techniques. The DuoNova team (S et al.,
2026), the subtask was addressed as a token-level
sequence labeling task using a transformer. The
comments were tokenized and the pre-trained lan-
guage model was fine-tuned to classify each token
as hateful or non-hateful. The character-level an-
notations were mapped to the corresponding token-
level labels in the model to carry out the training.
The fine-tuned model was trained on cross-entropy
loss with the AdamW optimizer. During inference,
all the tokens predicted as hateful were mapped
back to their corresponding character locations.
This resulted in exact locations and highlighting of
the homophobic and transphobic content within the
comments.

Team V (Ulli and Kumari, 2026) used a large
language model and applied the technique of
in-context learning using the instruction-tuned
Qwen3-Max model 2. The prompt was a 10-shot
balanced set of English and Hindi (with romaniza-
tion). The model was asked to output the minimal
hateful span and to categorize it, with the expected
output being in the form of a JSON format. The re-
quired character-level spans were obtained by using
a multi-stage post-processing pipeline consisting
of exact string search, whitespace-preserving string
search, case-insensitive string search and fuzzy sub-
string search using SequenceMatcher.

For subtask 2, the teams experimented with var-
ious techniques to produce constructive counter-
narratives to answer homophobic and transpho-
bic remarks. All the teams utilized large lan-
guage models or the transformer-based sequence-
to-sequence architecture to design appropriate
counter-narratives. For this task, DuoNova (S
et al., 2026) formulated the problem as a super-
vised sequence-to-sequence generation problem by
utilizing a transformer-based encoder–decoder ar-

2https://huggingface.co/Qwen/Qwen3.5-9B

chitecture. They employed the FLAN-T5 model
(Chung et al., 2024), which was then fine-tuned
with a set of paired training examples, which in-
cluded the original hate speech comments and cor-
responding counter-narratives. The input texts were
cleaned and tokenized by using the subword tok-
enizer from the model. The training was carried
out by utilizing teacher forcing with cross-entropy
loss and the optimizer was AdamW. The fine-tuned
model was employed during the inference phase
to produce appropriate counter-narratives by using
greedy decoding or beam search.

NEUNI (Gajawada et al., 2026) proposed a
prompt optimization strategy based on the DSPy
MIPRO optimizer. The method applied Bayesian
optimization to explore the prompt space and iden-
tify instructions that maximize evaluation crite-
ria. Candidate prompts were evaluated using
an LLM-based rubric-aligned evaluator, and the
prompt achieving the highest validation perfor-
mance was used for generating counter-narratives
on the test data. RespectNLP (Priya and Bharathi,
2026) utilized a pretrained multilingual sequence-
to-sequence transformer model combined with
instruction-based prompting. The prompts explic-
itly guided the model to produce respectful, empa-
thetic, and context-aware responses aligned with
PRS, CCNC, and QS criteria. Each comment was
converted into a structured prompt emphasizing
courteous disagreement and constructive dialogue.
Responses were generated using beam search to
ensure stable and coherent outputs. DLRG (R
and Rajalakshmi, 2026) employed a traditional ma-
chine learning pipeline based on TF-IDF vectoriza-
tion and classical classifiers such as Linear Support
Vector Classifier, Multinomial Naive Bayes, and
Logistic Regression. These models were applied to
represent textual features and generate predictions
based on learned patterns in the training data.

Amritha team experimented with three differ-
ent system configurations. The first run used a
rule-based template matching approach combined
with TF-IDF similarity to identify relevant training
examples. The second run utilized the Llama-3.2-
1B-Instruct model (Grattafiori et al., 2024) with
chain-of-thought prompting and few-shot learn-
ing strategies (Brown et al., 2020). The third run
used Google’s Gemini model with multiple special-
ized prompt templates designed for different hate
speech patterns and safety requirements. These
approaches aimed to generate counter-narratives
while prioritizing safety and contextual relevance.
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Table 4: Scorecard of Task 1 - Span Detection. (Acc: Accuracy; mP: Macro Precision; mR: Macro Recall; mF1:
Macro F1; wP: Weighted Precision; wR: Weighted Recall; wF1: Weighted F1)

Teams Acc mP mR mF1 wP wR wF1 Rank
English

TeamV (Ulli and Kumari, 2026) 0.6354 0.5340 0.5396 0.5338 0.6674 0.6354 0.6493 1
DuoNova (S et al., 2026) 0.6494 0.5111 0.5110 0.5111 0.6487 0.6494 0.6490 2

Tamil
TeamV 0.6624 0.5275 0.5270 0.5272 0.6591 0.6624 0.6607 1
DuoNova 0.7072 0.5247 0.5154 0.5090 0.6545 0.7072 0.6737 2

Hindi
TeamV 0.5513 0.5486 0.5494 0.5478 0.5572 0.5513 0.5531 1
DuoNova 0.4648 0.4590 0.4585 0.4585 0.4684 0.4648 0.4663 2

SigJBS (Sinha et al., 2026) developed a two-stage
pipeline combining progressive prompting and in-
struction fine-tuning. They used the Gemma 3
12B-IT model 3 optimized with Unsloth for effi-
cient training using 4-bit quantization. The system
initially explored multiple few-shot prompting con-
figurations and later applied QLoRA-based super-
vised fine-tuning with LoRA adapters. Tamil data
was oversampled to address language imbalance
and improve generation quality.

JusticeBots (Pranesh et al., 2026) adopted a
prompt-based approach using ChatGPT. Carefully
designed prompts instructed the model to gener-
ate respectful and constructive responses while
avoiding repetition of harmful language from the
input comments. The system relied entirely on the
instruction-following capabilities of the language
model without additional training. Team V imple-
mented a few-shot prompting strategy using the
Qwen3-max model. A five-shot prompt contain-
ing examples from both English and Tamil guided
the model to generate concise, empathetic counter-
narratives in one to three sentences. The system
ensured that responses were generated in the same
language as the input. Post-processing steps were
applied to remove model artifacts and extract the
final response.

Overall, the participating teams explored a di-
verse range of approaches, including supervised
transformer-based generation, prompt engineering
with large language models, optimization-based
prompting strategies, and classical machine learn-
ing methods. These methodologies highlight the
evolving landscape of counter-speech generation
techniques for addressing online hate speech in
multilingual languages.

3https://huggingface.co/google/gemma-3-12b-it

6 Results and Discussion

For Task 1, the results summarized in Table 4 show
that participating systems were able to achieve com-
petitive performance across the three languages.
Overall, the best-performing systems achieved
macro-F1 scores of 0.5338 for English, 0.5272
for Tamil, and 0.5478 for Hindi. These results
indicate that identifying precise hateful spans re-
mains challenging due to linguistic variability, in-
formal language usage, and the contextual nature of
hate speech expressions. Across languages, models
demonstrated relatively stable weighted F1 scores,
suggesting that systems were generally effective at
capturing the dominant classes despite dataset im-
balance. However, the differences between macro
and weighted metrics highlight the difficulty in
consistently identifying all types of hateful expres-
sions, particularly in low-resource scenarios such
as Hindi, where the training data size is relatively
small. Overall, the participating systems demon-
strated strong capability in span-level detection us-
ing both supervised transformer-based models and
prompt-based approaches.

For Task 2, Tables 5, and 6 present the perfor-
mance of participating systems for English and
Tamil. The results indicate that generating high-
quality counter-narratives is a complex task that
requires balancing semantic relevance, politeness,
and contextual coherence. Systems achieved strong
BERTScore values, typically above 85%, indicat-
ing that generated responses were semantically
aligned with reference counter-narratives. How-
ever, greater variation was observed in rubric-
based metrics such as Politeness and Respect-
fulness Score (PRS), Quality Score (QS), and
Contextual Counter-Narrative Coherence (CCNC),
reflecting differences in how well systems cap-
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Table 5: Scorecard of Task 2 - Counter Narrative Generation for English (in %). (PRS: Politeness and Respectful
Score; QS: Quality Score; CCNC: Contextual Counter-Narrative Coherence Score.)

Teams Runs Reference-Based Scores Rubric-Based Scores Overall Avg. (%) RankDistinct-2 (%) BERTScore-F1 (%) PRS (%) QS (%) CCNC (%)
Team_V (Ulli and Kumari, 2026) Run 1 73.56 88.78 90.91 90.15 93.94 87.47 1
SigJBS (Sinha et al., 2026) Run 1 69.32 86.66 93.18 90.91 91.67 86.35 2
NEUNI (Gajawada et al., 2026) Run 1 64.50 86.29 91.67 86.36 86.36 83.04 3
DLRG (R and Rajalakshmi, 2026) Run 2 74.36 85.55 72.73 69.70 84.09 77.29 4
JusticeBots (Pranesh et al., 2026) Run 1 79.11 87.63 76.52 52.27 57.58 70.62 5
RespectNLP (Priya and Bharathi, 2026) Run 1 78.56 82.93 53.79 54.55 81.82 70.33 6
Amritha Run 3 8.16 86.02 100.00 68.18 61.36 64.74 7
DuoNova (S et al., 2026) Run 1 58.22 86.04 56.82 37.88 50.00 57.79 8

Table 6: Scorecard of Task 2 - Counter Narrative Generation for Tamil (in %). (PRS: Politeness and Respectful
Score; QS: Quality Score; CCNC: Contextual Counter-Narrative Coherence Score.)

Teams Runs Reference-Based Scores Rubric-Based Scores Overall Avg. (%) RankDistinct-2 (%) BERTScore-F1 (%) PRS (%) QS (%) CCNC (%)
DLRG (R and Rajalakshmi, 2026) Run 3 27.30 85.73 100.00 97.71 91.28 80.40 1
Amritha Run 3 20.89 85.27 100.00 100.00 89.45 79.12 2
NEUNI (Gajawada et al., 2026) Run 2 19.16 85.09 95.41 86.24 92.66 75.71 3
JusticeBots (Pranesh et al., 2026) Run 1 27.01 85.67 87.16 66.97 73.39 68.04 4
Team_V (Ulli and Kumari, 2026) Run 1 25.61 86.25 87.61 55.50 66.51 64.30 5
SigJBS (Sinha et al., 2026) Run 1 25.29 85.29 75.23 72.02 61.01 63.77 6
DuoNova (S et al., 2026) Run 1 3.62 86.04 94.50 61.93 64.68 62.15 7
RespectNLP (Priya and Bharathi, 2026) Run 1 17.43 80.23 50.92 11.47 7.80 33.57 8

tured the intended tone and contextual appropri-
ateness of counter-speech. In English, the top sys-
tems achieved overall average scores above 85%,
whereas in Tamil, the highest-performing systems
reached approximately 80%. This difference high-
lights the additional challenges associated with gen-
erating high-quality responses in multilingual set-
tings and for languages with comparatively fewer
training resources.

Overall, the shared task demonstrates the com-
plementary nature of detection and response gener-
ation approaches for addressing online hate speech.
The span detection task highlights the importance
of precise identification of harmful expressions,
while the counter-narrative generation task empha-
sizes constructive mitigation strategies through re-
spectful and contextually relevant responses. The
results across both tasks indicate that transformer-
based models and large language models are effec-
tive for these problems, although challenges remain
in handling linguistic diversity, subtle forms of
hate speech, and ensuring consistently high-quality
counter-narratives. The shared task therefore pro-
vides a valuable benchmark for future research
on multilingual hate speech detection and counter-
speech generation.

7 Conclusion

This paper presented the findings of the shared
task on generating counter-narratives for homo-
phobic and transphobic comments. The task con-

sisted of two subtasks: span detection and counter-
narrative generation. The results demonstrate that
transformer-based models and large language mod-
els can effectively detect hateful spans and gen-
erate constructive responses to harmful content.
In the span detection task, participating systems
achieved competitive performance across English,
Tamil, and Hindi using a combination of fine-tuned
transformer models and prompt-based approaches.
For the counter-narrative generation task, the mod-
els produced responses with strong semantic align-
ment to reference counter-narratives, as reflected
in high BERTScore values. However, rubric-based
evaluation assessing politeness, quality, and contex-
tual coherence revealed variations in system perfor-
mance. The results highlight the challenges associ-
ated with multilingual and low-resource language
settings, particularly in generating contextually ap-
propriate counter-speech. Overall, this shared task
provides a useful benchmark for studying both the
detection of harmful expressions and the generation
of constructive counter-narratives. Future work can
focus on expanding multilingual datasets, improv-
ing evaluation frameworks, and exploring human-
in-the-loop approaches to ensure more reliable and
socially responsible counter-narrative generation
systems.

8 Ethical Considerations

The shared task deals with the sensitive topic of
homophobia and transphobia, which may involve
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the use of derogatory language. While this is re-
quired for the task of hate speech detection and
counter-speech generation, it may be distressing
for developers and for annotators. The focus here
is on the dataset’s use for scientific research and we
advise against using the dataset for any other pur-
pose. The aim of the systems developed in this task
is to support respectful counter-narrative genera-
tion by providing constructive alternatives to avoid
the spread of hate speech, while refraining from
spreading further the original, potentially offen-
sive language. However, even with the best efforts,
there is always a risk that the outcome of such sys-
tems can be unpredictable and, hence, potentially
harmful, especially if the training data is not suffi-
cient or if there are biases in the systems. Therefore,
outputs generated by such systems should be care-
fully reviewed before being released into the wild.
Models developed in this shared task are intended
to be used to foster safe and inclusive online envi-
ronments, in alignment with the principles of safe
AI, diversity, and languages.
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