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Abstract

This paper presents our submissions to the LT-
EDI@ACL 2026 Shared Task on Gender Inclu-
sive Language Generation. The task focuses
on controlled text rewriting that reduces gen-
der bias while keeping the original meaning
and fluency intact. We participated in both
the subtasks and treated them independently,
training separate instances of the instruction-
tuned encoder–decoder model on the respective
training datasets. Scores are calculated based
on averages across different rubrics, including
Gender Assumption (GA), Gender Neutrality
(GN), and Quality Relevance (QR) for Task
A, and Politeness and Respectful (PR), Con-
textual Counter-Narrative Coherence (CCNC),
and Quality and Relevance (QR) for Task B.
For Subtask A (Gender-Inclusive Language
Generation) in the English dataset, an aver-
age score of 43.7917 could be achieved. For
Subtask B (Counterfactual Generation), we
achieved an average score of 82.6241. Over-
all, the experiments indicate that full finetuning
of instruction-tuned transformers provides an
effective way to produce sentence in gender-
neutral form and also producing counter-factual
sentences for biased one, when each subtask is
optimized on its own data.

1 Introduction and Related Work

Large language models (LLMs) based on trans-
former architectures have significantly improved
the performance of natural language processing
systems across tasks such as machine translation,
summarization, dialogue generation, and question
answering. Their ability to produce fluent and con-
textually coherent text has enabled widespread de-
ployment in applications including conversational
assistants, educational platforms, and automated
moderation tools (Brown et al., 2020; Bommasani
et al., 2021; Gallegos et al., 2024). However, de-
spite their strong capabilities, these models often in-
herit and amplify social biases present in their train-

ing data, raising concerns about fairness, account-
ability, and responsible deployment of language
technologies (Weidinger et al., 2022; Gehman et al.,
2020).

Gender bias is among the most widely studied
forms of bias in language technologies. Bias may
appear through occupational stereotypes, gender-
marked role nouns, or implicit gender assumptions
generated by language models. For instance, cer-
tain professions may be disproportionately associ-
ated with a particular gender or models may assume
gender even when it is not explicitly specified in
the input text. Previous studies have shown that sta-
tistical associations embedded in large corpora can
encode stereotypical gender relationships that sub-
sequently influence language model behavior and
generated outputs (Bolukbasi et al., 2016; Rudinger
et al., 2018; Sheng et al., 2019; Nangia et al., 2020).

Mitigating such biases has therefore become an
important research direction. Controlled text rewrit-
ing approaches aim to transform gender-biased or
gender-marked expressions into gender-neutral al-
ternatives while preserving the original semantic
meaning and grammatical structure. Transformer-
based architectures provide strong contextual rep-
resentations that enable such transformations while
maintaining linguistic coherence (Devlin et al.,
2019; Raffel et al., 2020). Instruction-tuned mod-
els further extend this capability by enabling mod-
els to follow explicit natural language instructions
describing desired transformations (Chung et al.,
2024; Sanh et al., 2022).

Recent research has also explored reasoning-
based and prompting-based techniques for bias
mitigation in LLM outputs. Retrieval-augmented
frameworks integrate external knowledge sources
and structured reasoning mechanisms to guide mod-
els toward more inclusive responses (Muthusamy
Chinnan et al., 2025). Demonstration-based
prompting methods select bias-revealing examples
and generate structured reasoning that encourages
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impartial responses while preserving overall model
performance (Qiu et al., 2025). Evaluation frame-
works such as the Gender Inclusivity Fairness In-
dex (GIFI) provide rubric-based metrics to mea-
sure gender neutrality, assumption avoidance, and
response quality in generated text (Shan et al.,
2025a).

Shared tasks and benchmark datasets have fur-
ther accelerated research in inclusive language gen-
eration by providing standardized evaluation set-
tings. These tasks focus on transforming gender-
biased sentences into gender-inclusive alternatives
and generating counterfactual responses that chal-
lenge biased statements while maintaining respect-
ful and coherent language (Chakravarthi et al.,
2026). Counter-narrative generation is particularly
important in online discourse and hate speech miti-
gation, where respectful responses can help counter
harmful narratives and promote constructive dia-
logue (Sap et al., 2020; Dinan et al., 2019; Dixon
et al., 2018).

2 Task Overview

The shared task (Chakravarthi et al., 2026) focuses
on the controlled transformation of gender-biased,
gender-marked sentences into inclusive sentences
while preserving the meaning. Descriptions of the
two subtasks are given below.

2.1 Subtask A: Gender Inclusive Language
Generation

Subtask A requires rewriting a non-inclusive or
gendered sentence into a gender-inclusive version
while preserving meaning and fluency. Typical
transformations include replacing gender-marked
roles and pronouns with gender-neutral alterna-
tives (e.g., policeman → policeperson, chairman
→ chairperson). Although the full shared task
includes multiple languages, in this paper we re-
ported results for the English subset.

2.2 Subtask B: Counterfactual Generation
Subtask B targets generation of counterfactual,
bias-mitigating responses to gender-biased state-
ments, by focussing on giving a counter response.
In our implementation, we fine-tune the model on
the provided dataset comprising paired examples
of gender-biased sentences and their corresponding
counterfactual responses. This setup enables the
model to learn a direct mapping from biased inputs
to neutral outputs using supervised sequence-to-
sequence training.

3 Dataset and Preprocessing

This section describes the datasets for each subtask
and preprocessing techniques applied.

3.1 Subtask A (English)

The dataset (Chakravarthi et al., 2026) for Subtask
A consists of two components: (i) gender-neutral
word pairs (e.g., ballboy → ball person), and (ii)
gender-neutral sentence pairs (e.g., The fireman
responded quickly. → The firefighter responded
quickly.).

To expand the available training data, we made
additional sentence pairs from the word-level pairs.
We generated contextualized sentences by prompt-
ing ChatGPT(OpenAI, 2024) to create example
sentence pairs based on the provided gendered and
gender-neutral word mappings. We gave some ex-
amples to guide the process. The word-pair dataset
was processed in batches of 100 entries, and the
generated sentence pairs were combined with the
original sentence-pair dataset. After removing du-
plicate instances, the final combined dataset con-
tained 1,677 sentence pairs.

We construct train/validation/test splits using a
70/20/10 strategy with train split size as 1173, vali-
dation as 336 and test as 168.

The dataset enables controlled rewriting in
which the target sentence usually varies from the
source by only a few substitutions, while preserv-
ing the original underlying statement.

3.2 Subtask B (English)

The Subtask B dataset (Chakravarthi et al., 2026)
contains biased input sentences paired with counter-
factual responses. We split the total of 726 records
as 508 for train split, 145 for validation and 73 for
test.

4 Methodology

This section describes the methodology employed.

4.1 Base Model

We used Google/flan-t5-base(Chung et al., 2022),
an instruction-tuned encoder–decoder transformer
from the T5 family. The source code for our system
is publicly available1. Instruction tuning is really
helpful when you want to control what the model
generates. This is because the model is already
trained to follow instructions that are written in a

1https://github.com/anurag2027/
Gender-Inclusive-Language-Generation---LT-EDI-ACL
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certain way. So it is easy to make the model do
what you want by giving it instructions that are
consistent for each task. Instruction tuning makes
this process straightforward.

4.2 Input Formatting via Instructions

We cast both subtasks as supervised sequence-to-
sequence learning with explicit instructions.

Subtask A Prompt
Rewrite the sentence into gender-inclusive language
without changing the meaning:
<sentence>

Subtask B Prompt
Rewrite the following sentence to remove bias and pro-
duce a counterfactual sentence:
<sentence>

Table 1: Instruction prompts used for Subtask A and
Subtask B.

This design keeps the interface consistent while
letting the model learn task-specific transforma-
tions from data.

4.3 Training Procedure

We performed full fine-tuning of all the model pa-
rameters separately for both subtasks using the
Hugging Face Trainer API. Preliminary experi-
ments were conducted with different hyperparam-
eter configurations, and the following setting was
found to provide stable convergence and strong per-
formance. The hyperparameters that gave the best
results for each tasks are: maximum epochs as 50,
learning rate as 2e-4, batch size as 4 for training
and evaluation, evaluation frequency of every 100
steps and optimization objective as cross-entropy
sequence loss.

For Subtask A, we employed early stopping with
a patience of 3, evaluation steps based on validation
loss. As a result, training terminated at epoch 12
when no further improvement was observed.

For Subtask B, the initial training run did not
include early stopping, and the model achieved a
best validation loss of 0.0087. After the submis-
sion phase, we conducted an additional experiment
following the same early stopping strategy used
in Subtask A. This post-submission experiment
yielded an improved best validation loss of 0.0057,
indicating that early stopping have better results.

5 Evaluation

Submitted systems are evaluated using a metrics-
based framework designed to assess gender-
inclusive fairness and response quality. The eval-
uation follows a hybrid LLM-as-a-Judge method-
ology with human oversight to ensure consistency
and reliability.

5.1 Subtask A Metrics
For Subtask A, we adopt the Gender Inclusive
Fairness Index (GIFI) framework (Shan et al.,
2025b), which measures the effectiveness of bias
mitigation while preserving contextual relevance.
GIFI consists of three rubric-based components:

• Gender Assumption (GA): Measures
whether the system avoids implicit or explicit
gender assumptions when no gender is
specified.

• Gender Neutrality (GN): Evaluates whether
gendered or non-inclusive terms are replaced
with appropriate gender-neutral alternatives.

• Quality and Contextual Relevance (QR):
Assesses completeness, coherence, and con-
textual appropriateness of the generated out-
put.

Each component is scored using predefined
rubrics and normalized for reporting. The over-
all performance is computed as the average of the
three scores.

5.2 Subtask B Metrics
For Subtask B, counterfactual generation outputs
are evaluated using three rubric-based criteria that
measure politeness, contextual coherence, and over-
all response quality:

• Politeness and Respect (PR): Evaluates
whether the generated counter-narrative main-
tains a respectful and appropriate tone.

• Contextual Counter-Narrative Coherence
(CCNC): Measures relevance and coherence
with respect to the input statement.

• Quality Score (QS): Assesses clarity, read-
ability, persuasiveness, and overall effective-
ness of the response.

Scores are reported on a 0–100 scale, and the fi-
nal performance is computed as the average across
the three dimensions.
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6 Results

This section the results achieved in both the sub-
tasks.

6.1 Subtask A (English) Test Results
Table 2 reports the performance of the proposed
system on the Subtask A English test set using the
Gender Inclusive Fairness Index (GIFI) evaluation
framework.

Team Name GA GN QR Average Rank

JUSTGEN 94.0000 94.0000 94.0000 94.0000 1
CPS 92.5000 92.5000 92.5000 92.5000 2
THE PARITY LAB 92.5000 92.5000 92.5000 92.5000 2
IHLC 80.0000 80.0000 80.0000 80.0000 3
ARJUN 51.5000 90.2500 54.6250 65.4583 4
PRANAV 63.1250 62.5000 63.7500 63.1250 5
IGNITERS 67.5000 70.0000 43.1250 60.2083 6
CAI 65.0000 58.7500 46.8750 56.8750 7
IREL_IIT (BHU) 43.3750 49.0000 39.0000 43.7917 8

Table 2: Performance on Subtask A evaluated using the
Gender Inclusive Fairness Index (GIFI).

The results indicate that the model effectively
mitigates gender bias while preserving the semantic
coherence of the generated responses. The Gender
Neutrality score demonstrates that the system pre-
dominantly employs inclusive and gender-neutral
language in its outputs.

The Gender Assumption score suggests that the
model is largely successful in avoiding unwar-
ranted gender assumptions when gender informa-
tion is not explicitly provided in the input.

Furthermore, the Quality and Contextual Rele-
vance score indicates that the generated responses
are generally coherent, contextually appropriate,
and aligned with the intent of the input text. The
system generally preserves the original semantic
meaning during the rewriting process. Addition-
ally, the model tends to employ gender-neutral role
nouns, thereby avoiding language that implicitly
favors a particular gender. Our system ranked 8th
on the Subtask A leaderboard.

6.2 Subtask B Results
Table 3 presents the evaluation results for Sub-
task B using metrics that assess politeness, con-
textual coherence, and overall response quality.

The results indicate that the model performs
effectively in generating appropriate counter-
narrative responses, as reflected in the evaluation
scores. The slightly lower Quality Score suggests
that while the responses are generally coherent and
meaningful, there is some variation in terms of
persuasiveness and engagement.

Team Name PR CCNC QR Average Rank

IGNITERS 95.0000 95.0000 97.5000 95.8333 1
JUSTGEN 95.0000 95.0000 97.5000 95.8333 1
IREL_IIT (BHU) 88.7766 88.7766 70.3192 82.6241 2
CPS 89.6809 89.4681 67.1277 82.0922 3
THE PARITY LAB 84.8404 84.8404 66.6489 78.7766 4
PRANAV 85.4255 85.5319 64.9468 78.6348 5
IHLC 84.8936 84.7872 64.6809 78.1206 6

Table 3: Leaderboard results of Subtask B.

Overall, the model demonstrates a strong ability
to generate responses that are sensitive to potential
biases while maintaining contextual relevance.

Since counterfactual or counter-narrative genera-
tion tasks may allow multiple valid responses for a
single input, evaluation based solely on surface-
level similarity can be inadequate. Therefore,
rubric-based evaluation criteria provide a more suit-
able approach for assessing the quality and appro-
priateness of the generated responses. The system
achieved competitive performance, ranking 2nd
in Subtask B.

7 Conclusion

This paper presents a simple and effective approach
for the LT-EDI @ ACL 2026 Shared Task on Gen-
der Inclusive Language Generation using full fine-
tuning of google/flan-t5-base.

Our results show that task-specific fine-tuning
significantly improves the ability of instruction-
tuned models to perform gender-inclusive rewrit-
ing and counter-narrative generation. The sys-
tem achieves competitive performance on Sub-
task A under the Gender Inclusive Fairness In-
dex (GIFI) evaluation framework with an av-
erage score of 43.79, and produces high-quality
counter-narratives for Subtask B with an average
score of 82.62, particularly in terms of politeness
and contextual coherence.

These findings highlight the effectiveness of
instruction-tuned encoder–decoder models for bias-
aware text transformation using a simple and repro-
ducible fine-tuning pipeline.

Future work will extend experiments to addi-
tional languages such as Spanish and Tamil, ex-
plore improved decoding strategies for counterfac-
tual generation, and incorporate richer evaluation
methodologies to further enhance response quality
and inclusiveness.

8 Limitations

This work has several limitations. First, the pro-
posed system relies solely on full fine-tuning of
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FLAN-T5 without incorporating retrieval, reason-
ing, or constrained decoding mechanisms. As a
result, the model may struggle with implicit gender
bias and context-dependent stereotypes that require
deeper semantic understanding.

Second, the Subtask A training data was ex-
panded using synthetic sentence pairs generated
with ChatGPT. Although this increased the amount
of training data, synthetic examples may introduce
stylistic regularities that affect generalization.

In addition, evaluation is primarily based on
rubric-driven automatic scoring, which may not
fully capture nuanced fairness and linguistic appro-
priateness. The comparatively lower performance
in Subtask A further suggests that sequence-to-
sequence fine-tuning alone is insufficient for robust
gender-inclusive rewriting.

Future work will explore multilingual evaluation,
retrieval-augmented generation, and reasoning-
guided approaches for improved bias mitigation.

9 Ethical Considerations

Some minor text editing assistance was obtained
using ChatGPT (OpenAI, 2024). We therefore em-
phasize careful evaluation, particularly for applica-
tions involving sensitive identity-related attributes.
Future work will incorporate stronger evaluation
protocols, including human review, to ensure that
generated outputs remain respectful and contextu-
ally appropriate.
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