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Abstract

Gender bias in multilingual language gener-
ation systems poses serious ethical and so-
cial issues, especially in languages with com-
plex morphology. In this study, we propose a
lightweight multilingual approach that employs
instruction-guided fine-tuning of the mT5-
small transformer model for gender-inclusive
language generation. The framework accom-
modates five languages: English, German,
Spanish, Tamil, and Kannada. The approach
uses the task-prefix rewriting method to trans-
form gender-specific sentences to their gender-
neutral versions. The training data from differ-
ent languages is combined into a single multi-
lingual dataset for sequence-to-sequence fine-
tuning. Beam search decoding with repetition
constraints is used during inference to improve
the quality of the output. The system’s perfor-
mance is measured using GIFI, semantic simi-
larity, and an overall combined score across all
languages. Experimental results show that the
system can eliminate gender-biased language
while retaining semantic meaning in part across
languages.

1 Introduction

Recent advances in Natural Language Processing
(NLP) have improved language generation systems,
but these models often inherit gender biases from
training data, producing stereotypical or exclusion-
ary language. Gender-inclusive language genera-
tion aims to rewrite biased or gender-marked ex-
pressions into neutral alternatives while preserving
meaning and grammatical correctness. This task
becomes more challenging in multilingual settings
due to differences in grammatical gender and lin-
guistic structure across languages.

The Language Technology for Equality, Diver-
sity, and Inclusion (LT-EDI) shared task focuses
on multilingual gender-inclusive language gener-
ation (Chakravarthi et al., 2026b). In this work,
we propose a lightweight multilingual framework

for rewriting gender-biased sentences into inclu-
sive alternatives across English, German, Spanish,
Tamil, and Kannada using the mT5-small trans-
former architecture. Our approach employs unified
multilingual training with task-prefix guided rewrit-
ing and is evaluated using fairness and semantic
similarity metrics, along with multilingual error
analysis.

These components enable the model to gener-
ate inclusive alternatives that preserve the original
sentence’s meaning and facilitate the learning of
rewriting patterns across multiple languages.

2 Related Work

Recent research in Natural Language Processing
(NLP) has highlighted the presence of gender bias
in word embeddings and language models. Early
studies by Bolukbasi et al. (Bolukbasi et al., 2016)
showed that embeddings capture societal stereo-
types, leading to biased downstream predictions.
Later surveys, such as Stańczak et al. (Stańczak and
Augenstein, 2021), reviewed methods for detecting
and mitigating such biases in NLP systems.

Gender bias has also been observed in neural
text generation and dialogue systems. Sheng et
al. (Sheng et al., 2019) demonstrated that language
generation models often reproduce stereotypical
gender roles, while Costa-jussà et al. (Costa-Jussà
and de Jorge, 2020) and Dinan et al. (Dinan et al.,
2020) explored gender-aware translation and bias
reduction in conversational AI. Other works pro-
posed mitigation strategies, including adversarial
learning and contextual stereotype analysis (Liu
et al., 2020; Bartl et al., 2020).

Beyond model development, researchers have
examined gender representation in real-world text
data. Asr et al. (Asr et al., 2021) introduced the
Gender Gap Tracker to analyze media represen-
tation, while Hovy and Spruit (Hovy and Spruit,
2021) discussed the broader societal impact of bi-
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ased NLP systems.
More recently, multilingual gender-inclusive lan-

guage generation has gained attention. Chinnan
et al. (Chinnan et al., 2025) proposed reasoning-
based inclusive language generation, and the LT-
EDI shared task (Chakravarthi et al., 2026a) in-
troduced a multilingual benchmark for gender-
inclusive rewriting. Transformer-based rewrit-
ing frameworks have also been explored for Por-
tuguese, French, and multilingual settings (Veloso
et al., 2023; Lerner and Grouin, 2024; Doyen and
Todirascu, 2025).

Our work extends these efforts by developing a
lightweight multilingual rewriting framework for
English, German, Spanish, Tamil, and Kannada
using the mT5 transformer architecture.

3 Task Definition and Dataset

3.1 Task Description

The objective is to produce a gender-inclusive sub-
stitute for an input sentence that contains gender-
biased or gender-marked language that:

1. Maintain the original meaning of the sen-
tences

2. Uses pronouns and language that is gender-
neutral

3. Preserves fluidity and grammatical accuracy

4. Avoid making unwanted gender assumptions

3.2 Dataset Statistics

Table 1: Dataset Statistics for Subtask A

Language Sentence Pairs

English 1074
German 1002
Spanish 200
Tamil 1074
Kannada 1074

The dataset used in this work (Chakravarthi et al.,
2026b) is made up of parallel sentence pairs with an
inclusive rewrite for each non-inclusive sentence.

4 Methodology

The proposed approach is based on multilingual
sequence-to-sequence modeling. The mT5-small

transformer model, which is intended for multilin-
gual text generation, serves as the foundation for
the system. With this design, the input sentence
is processed by the encoder and the correspond-
ing gender-inclusive rewrite is generated by the
decoder.

Multilingual sentence pairs with gender-biased
sentences and their inclusive substitutes are used to
refine the model. The model learns from these sam-
ples to identify patterns of gender-marked expres-
sions and change it into inclusive, neutral variants
while maintaining the original semantic meaning.
The framework can generate inclusive statements
in English, German, Spanish, Tamil, and Kannada
due to the model’s multilingualism, that allows it
to generalize across several languages.

4.1 Dataset Consolidation

English, German, Spanish, Tamil, and Kannada
are the five languages for which the dataset for the
multilingual gender-inclusive language generation
work is supplied as distinct CSV files. Parallel
sentence pairs with a gender-biased sentence and a
gender-inclusive rewrite are included in every file.
The language-specific datasets are merged into a
single, cohesive corpus to facilitate multilingual
training.

Let Dl denote the dataset for language l ∈
{EN,DE,ES, TA,KA}. Each dataset consists
of sentence pairs:

Dl = {(xli, yli)}Nl
i=1

where xli symbolizes the initial biased statement,
while the inclusive rewrite is represented by yli. All
language datasets are combined to create the final
multilingual dataset:

D =
⋃

l∈L
Dl

To guarantee uniform data presentation across
languages, column names are standardized and in-
complete samples are eliminated during consoli-
dation. The multilingual rewriting model is then
trained using this combined dataset.

4.2 Data Preprocessing

The following actions are carried out during pre-
processing:

• Normalizing columns to distinguish between
input and target sentences
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Figure 1: Architecture of the proposed multilingual gender-inclusive language generation framework.

• Elimination of noisy or incomplete samples

• Sentence pair conversion into a single training
format

This guarantees that data is represented consis-
tently in all languages.

4.3 Task Prefix Formulation
To guide the multilingual sequence-to-sequence
model toward gender-inclusive rewriting, a task-
prefix conditioning strategy is employed. A task-
specific prefix token, rewrite:, is appended be-
fore each input sentence to explicitly indicate the
rewriting objective.

During training, the model learns to transform
gender-marked expressions into more inclusive al-
ternatives while preserving semantic meaning and
grammatical structure. This task-prefix formulation
enables the multilingual model to learn inclusive
rewriting patterns across multiple languages within
a unified framework.

4.4 Model Training
The multilingual transformer model mT5-small is
employed as the backbone sequence-to-sequence
architecture for multilingual gender-inclusive
rewriting. The model was selected because of its
multilingual coverage, computational efficiency,
and suitability for low-resource multilingual gener-
ation tasks. Larger variants such as mT5-base were
not explored because of computational constraints
and the relatively limited size of the shared-task
dataset. The multilingual dataset is tokenized us-
ing the mT5 tokenizer. During training, the model
learns mappings between gender-biased sentences
and their corresponding inclusive rewrites using
cross-entropy loss optimization. Table 2 summa-
rizes the training configuration used for model fine-
tuning. The multilingual fine-tuning setup enables
the model to learn shared rewriting patterns across
structurally different languages.

4.5 Decoding Strategy
Beam search decoding is employed during infer-
ence to improve multilingual generation quality and

Table 2: Training Configuration

Parameter Value
Model mT5-small
Optimizer AdamW
Learning Rate 3e-5
Batch Size 8
Epochs 5
Maximum Sequence Length 128
Beam Width 4
Framework HuggingFace Transformers

reduce repetitive outputs. Preliminary experiments
using greedy decoding frequently produced incom-
plete sentences, repetitive token generation, and
multilingual interference, particularly for Tamil
and Kannada outputs.

Beam search decoding improves fluency by ex-
ploring multiple candidate output sequences during
generation. Repetition constraints are additionally
applied to reduce duplicated token generation and
improve sentence readability.

4.6 Evaluation Metrics
The following metrics are used to evaluate perfor-
mance:

• Gender Inclusive Fairness Index (GIFI):

GIFI = 0.6 ·BR+ 0.4 · IU

where BR represents bias removal and IU
denotes inclusive term usage.

• Semantic Similarity: Cosine similarity be-
tween multilingual sentence embeddings is
used to calculate semantic similarity between
the generated and input sentences:

Similarity = cos(Einput, Eoutput)

• Overall Score: The final score is computed
as Score = 0.5 ·GIFI +0.4 ·Similarity+
0.1 · Length.

5 Results and Discussion

Gender-inclusive rewrites in English, German,
Spanish, Tamil, and Kannada are partially pro-
duced by the multilingual instruction-guided
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framework. Compared to open-ended descrip-
tive prompts, the model does better on explicit
stereotype-neutralization tests.

Table 3 presents the official shared-task eval-
uation results obtained by Team CAI using the
proposed multilingual gender-inclusive language
generation framework across all five languages.

Table 3: Official Shared-Task Evaluation Results

Lang GA GN QR Avg Rank
English 65.00 58.75 46.88 56.88 7
German 17.65 26.47 0.00 14.71 4
Spanish 62.50 70.00 5.00 45.83 4
Tamil 45.27 54.73 52.03 50.68 5
Kannada 100.00 92.00 0.00 64.00 4

The results demonstrate that the proposed multi-
lingual framework is capable of generating gender-
inclusive rewrites across multiple languages us-
ing a unified lightweight architecture. English
outputs successfully replace gender-biased state-
ments with neutral alternatives and exhibit com-
paratively higher semantic retention. For instance,
the claim that "men are naturally better leaders" is
reinterpreted as "individual differences in leader-
ship skills."A few German and Spanish instances
exhibit similar stereotype-neutralization tendencies.
Table 4 presents example multilingual rewrites gen-
erated by the proposed framework.

5.1 Error Analysis
Several multilingual generation errors were ob-
served during evaluation. Tamil and Kannada often
produced incomplete or repetitive outputs due to
their morphologically rich structures, while Ger-
man and Spanish showed grammatical inconsis-
tencies and occasional mixed-language generation.
Common failure modes included sentence trunca-
tion, repetitive tokens, over-neutralization, mixed-
language outputs, and loss of contextual meaning.
These results highlight the challenges lightweight
multilingual transformers face in generalizing in-
clusive rewriting across diverse languages.

6 Conclusion

This paper presented a lightweight multilingual
framework for gender-inclusive language genera-
tion using the mT5-small transformer model. The
proposed task-prefix guided rewriting approach
was evaluated on the LT-EDI 2026 Shared Task
across English, German, Spanish, Tamil, and Kan-
nada. Results showed competitive multilingual per-
formance, particularly for Kannada, English, and

Tamil, demonstrating the potential of lightweight
transformer models for inclusive rewriting across
diverse languages.

The evaluation also revealed challenges such
as multilingual interference, grammatical inconsis-
tencies, morphology-aware rewriting issues, and
repetitive generation, especially in German, Span-
ish, Tamil, and Kannada. Despite these limitations,
the framework demonstrates the feasibility of uni-
fied multilingual gender-inclusive rewriting using
sequence-to-sequence modeling. Future work will
focus on larger multilingual datasets, improved
decoding strategies, morphology-aware modeling,
and better semantic preservation for low-resource
languages.

Limitations

Gender-biased and gender-inclusive sentence pair-
ings make up the supervised training data used by
the proposed framework. As a result, the quality
and coverage of the dataset determine how well the
model performs, and it might not be able to handle
uncommon or unseen linguistic patterns.

Furthermore, gender information is encoded
in word forms in languages with rich morphol-
ogy, like Tamil and Kannada, which might make
gender-neutral rewriting more difficult. The exist-
ing method ignores the larger discourse context in
favor of sentence-level rewriting. To improve gen-
der inclusive language generation, future research
should examine larger multilingual datasets and
better contextual modeling.

Ethical Considerations

The goal of this research is to reduce gender bias
in NLP systems and promote inclusive language
generation by rewriting gender-marked sentences
into neutral alternatives while preserving semantic
meaning. Since training data often contains social
biases, careful multilingual modeling is required to
avoid reinforcing stereotypes or producing incor-
rect rewrites across different linguistic and cultural
contexts.

The proposed system aims to maintain contex-
tual accuracy while encouraging balanced language
use. Proper evaluation is essential to ensure reliable
multilingual performance, and future work will
focus on larger multilingual datasets and broader
fairness considerations for responsible language
technology.
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Table 4: Examples of multilingual gender-inclusive rewriting generated by the proposed framework

Lang Input Generated Output

English “Men are naturally better leaders.” “Leadership qualities vary by individual.”
German “Männer sind von Natur aus bessere Führungskräfte.” “Leadership qualities vary by individual, not Gender.”
Spanish “Los hombres son naturalmente mejores líderes.” “El liderazgo está influenciado por el individuo, no por el

género.”

Tamil

Kannada

Code Availability

The implementation and datasets used in this work
are available in the GitHub repository 1 to ensure
research transparency and reproducibility.
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