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Abstract
Large Language Models (LLMs) achieve strong performance in machine translation (MT) but often encode gender
bias, particularly when translating from non-gendered into gendered languages. This paper introduces a fine-tuning
strategy to mitigate such bias in English—Spanish and English—Catalan translation. Using parameter-efficient LoORA
fine-tuning, we apply linguistic knowledge infusion—a reasoning-based method that trains models to identify gendered
referents and syntactic cues before generating translations. Experiments with Mistral-7B and Salamandrata—7B
on MT-GenEval show that linguistically infused models (T2) improve gender accuracy by 15 percentage points
and reduce gender gaps by 27 points in English—Spanish translation, with comparable trends for Catalan. Gains
are strongest for Mistral, suggesting that explicit linguistic reasoning particularly benefits general-purpose LLMs.
Overall, these results demonstrate that structured linguistic priors can enhance fairness and referential consistency in

multilingual machine translation.
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1. Introduction

Large Language Models (LLMs) have demon-
strated remarkable success across various Nat-
ural Language Processing (NLP) tasks, including
text generation, question answering, and complex
reasoning. This performance surge is largely at-
tributable to training on massive datasets, which
has instilled rich linguistic representations and fa-
cilitated high efficacy in zero-shot and few-shot
learning paradigms (Brown et al., 2020; Chowdh-
ery et al., 2023; Achiam et al., 2023; Touvron et al.,
2023; Team et al., 2024). However, this expansive
data reliance introduces a critical challenge: LLMs
inherit and often amplify biases encoded within
the training corpora. A pervasive manifestation of
this issue is gender bias. Gender bias, in this con-
text, refers to the systematic and disproportionate
association of certain professions, adjectives, or
titles with a specific gender, frequently overriding or
neglecting contextual linguistic information (Kotek
et al., 2023; Navigli et al., 2023).

The problem of gender bias is particularly chal-
lenging in the domain of Neural Machine Transla-
tion (NMT). A common scenario arises when trans-
lating from non-gendered (or less grammatically
gendered) source languages to grammatically gen-
dered target languages. In such cases, the NMT
model lacks explicit gender-marking cues in the
source text and tends to default to the statistically
dominant, and often stereotypical, gender represen-

tation learned from the pre-training data when trans-
lating professions, adjectives, or titles (Stanovsky
et al., 2019; Savoldi et al., 2021). Furthermore,
models occasionally disregard subtle or explicit
gender cues provided in the source text, indicating
that the deeply ingrained, statistically driven ten-
dency to produce a stereotypical translation over-
shadows the immediate contextual evidence (Basta
et al., 2020; Savoldi et al., 2025).

The study of gender bias in NMT has focused
extensively on certain language pairs (Costa-
Jussa et al., 2022), while others remain under-
explored—often due to smaller speaker popula-
tions or a scarcity of suitable corpora for compre-
hensive analysis (Joshi et al., 2020). This research
aims to investigate a less-resourced language pair
(English—Catalan) added to a high-resourced one
(English—Spanish). Both Spanish and Catalan are
highly grammatical gendered languages, making
them excellent candidates for the explicit detection
and quantification of bias.

Existing approaches to gender bias mitigation
primarily in LLMs utilize inference-time strategies,
such as Chain-of-Thought (CoT) prompting, which
explicitly instructs the model to reason about gen-
der markers before translation (Kaneko et al., 2024;
Sant et al., 2024). While effective at runtime, a
deeper solution requires interventions at the param-
eter level. Therefore, our work builds on the need
for data- and training-based methods designed to
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systematically correct the biases embedded in the
model’s core representations.

In this paper, we propose a technique to re-
duce gender bias in English—»Spanish and En-
glish—Catalan translation using LLMs. We apply
parameter-efficient fine-tuning (PEFT) to Mistral-
7B (Jiang et al., 2023), a general purpose model,
and Salamandrata-7B (Gilabert et al., 2025), an
MT-oriented model based on LLaMA-7B, under
two methodologies. The first method fine-tunes
on gender-balanced parallel data containing both
masculine and feminine sentence pairs. The sec-
ond incorporates linguistically inspired reasoning
prompts, encouraging the model to identify gen-
dered reference markers within sentence context
before producing a translation. We evaluate our
systems following the methodology of (Currey et al.,
2022) for gender accuracy.

In summary, this paper contributes: (1) a linguis-
tically informed fine-tuning strategy for bias miti-
gation, (2) A new evaluation of gender bias in En-
glish—»Catalan MT using MT-GenEval, and (3) evi-
dence that reasoning-based fine-tuning improves
fairness without harming translation quality.

2. Gender Bias Statement

In general, gender bias refers to a preference for, or
prejudice against, one gender over another. In the
context of translation, this bias often manifests as
the default use of masculine forms or as the omis-
sion of gender markers when they are required by
the target language. In NLP systems, and Neural
Machine Translation (NMT) and Large Language
Model (LLM) translation in particular, we define gen-
der bias as outputs that reinforce stereotypical asso-
ciations, such as communal roles for women (e.g.,
person-oriented, supportive) and agentic roles for
men (e.g., assertive, task-focused) (Currey et al.,
2022).

Building on this, we distinguish between gen-
der bias in a broad sense and gender accuracy in
translation. We define gender accuracy as the
extent to which a machine translation output cor-
rectly reflects the gender of human referents explic-
itly marked or linguistically disambiguated in the
source input (Currey et al., 2022). Gender accu-
racy can be treated as the binary task where the
model is evaluated on whether the output gender
matches the source gender. Beyond this, gender
bias may also surface as differences in translation
quality between masculine and feminine inputs, a
phenomenon we refer to as the gender accuracy
gap.

This distinction is particularly important in mor-
phologically rich languages such as Spanish and
Catalan, where gender is not optional but systemat-
ically encoded across nouns, adjectives, and verb

forms. In these languages, even small mismatches
in gender agreement can distort meaning, reduce
fluency, and perpetuate bias, making accurate eval-
uation and mitigation strategies essential.

3. Related Work

Gender bias in MT has been widely explored in
previous studies, showing the prevailing gender
biases in the standard NMT systems (Stanovsky
et al., 2019; Savoldi et al., 2021; Costa-Jussa et al.,
2022).Multiple approaches worked in evaluating
gender bias in MT and multiple benchmarks were in-
troduced for the sake of this evaluation (Stanovsky
et al., 2019; Bentivogli et al., 2020; Renduchintala
et al., 2021; Levy et al., 2021), others worked on
mitigating by adding context (Basta et al., 2020;
Vanmassenhove et al., 2018), domain adaptation
(Saunders and Byrne, 2020) and finetuning on bal-
anced data set (Costa-jussa and de Jorge, 2020).

When Large Language Models (LLMs) began
achieving strong results in machine translation
(MT), research attention shifted toward evaluating
gender bias in their outputs — specifically, whether
LLMs continue to encode and reproduce gender
stereotypes during translation. (Vanmassenhove,
2024) conducted an evaluation of ChatGPT’s gen-
der handling in ltalian—English translation, assess-
ing whether its outputs exhibit reduced bias. Their
findings indicated that the model still tends to favor
masculine forms, revealing persistent gender asym-
metries. Subsequent studies have explored vari-
ous evaluation methodologies (Sant et al., 2024;
Aly et al., 2025; Kaneko et al., 2024), including
adaptations of standard benchmarks, the creation
of novel translation templates, and the use of
prompting-based evaluation frameworks to system-
atically measure bias in LLM translations.

Recent work has shown that well-crafted prompt-
ing strategies can play a key role in reducing gen-
der bias in LLM-based translation. Several studies
highlight that encouraging models to explicitly rea-
son about gender cues can lead to more balanced
outputs. For instance, multi-step prompting frame-
works that first identify gender markers before pro-
ducing translations (Tran et al., 2025; Qiu et al.,
2025), leveraging chain-of-thought reasoning (Wei
et al., 2022) have been found to outperform stan-
dard zero-shot baselines (Sant et al., 2024). Collec-
tively, these findings illustrate how LLMs’ strengths
in instruction-following and multi-step reasoning
can be leveraged to counteract biases.

While advanced prompt engineering techniques
offer an immediate fix for biased outputs, the re-
search explored a wide array of techniques that
adjust the model’'s parameters or intervene during
inference. At the core, many successful strategies
involve fine-tuning the model’s internal weights us-
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ing specialized data, such as corpora that are ei-
ther explicitly gender-balanced or counterfactually
augmented. This approach has been consistently
shown to significantly reduce the problematic gen-
der asymmetries found in generated text and ma-
chine translation (Raza et al., 2024; Zhang et al.,
2024). Crucially, we can not depend on expen-
sive full model updates generally, therefore, the
rise of parameter-efficient methods like Low-Rank
Adaptation (LoRA) (Hu et al., 2022) now allows for
lightweight fine-tuning to mitigate gender bias. This
efficiency is vital because it ensures we can adjust
a model’s fairness without the risk of catastrophic
forgetting—thereby preserving the LLM’s vast gen-
eral language knowledge and capabilities (Zheng
et al., 2024; Ding et al., 2024).

4. Methodology

4.1.

Unlike previous fine-tuning approaches, our focus
is to reduce gender bias by explicitly teaching the
model the linguistic rules required to perform the
task. Our method is designed to prompt models
to perform a pseudo-syntactic analysis of English
source sentences before producing translations. To
achieve this goal, we first create a training dataset
that includes each instance with step-by-step in-
structions guiding the model’s generation. Figure 1
shows the process over the example Maria called
her brother and said she would arrive late.:

Linguistic-Knowledge Fine-Tuning

+ Step 0: Sentence Scope. Count the number
of sentences to detect whether contextual infor-
mation extends beyond the current segment.

» Step 1: Coordination Identify coordinating
(and, or) particle.

+ Step 2: Subordination. Identify subordinat-
ing particles (that, whose) particles, which sig-
nal shared or dependent clause structures.

» Step 3: Actor Identification. Locate the
subjects and objects performing verbal ac-
tions—entities most likely to carry gender in-
formation (e.g., Maria and brother).

» Step 4: Gendered Pronouns. Detect gen-
dered pronouns (e.g., her, she) that substitute
for previously mentioned actors.

+ Step 5: Coreference Resolution. Link each
pronoun to its antecedent to determine refer-
ential gender. In the example, her refers to
Maria, not brother.

The objective of this reasoning step was to en-
courage models to explicitly track gendered refer-
ents and maintain accurate gender agreement in
translation.

Instruction:

Analyze the input sentence step-by-

step by identifying coordination and
subordination, actors, and gendered

pronouns. Use coreference reasoning
to identify antecedents,
put the translation. Translate into
Spanish.

then out-

<source_text>

Maria called her brother and said she
would arrive late.

</source_text>

<reasoning>

0. Count sentences: 1

1. Count coordinate particles: 1
(“and”)

2. Count subordinate particles: 0
3. Locate the actors of the sen-

t Maria (F), her brother (M)
4. Locate the gendered pronouns:
she (F)

5. Use coreference to determine each
pronoun’s antecedent: ‘“she” refers
to Maria, not to her brother.
</reasoning>

ence:

<translation>

Maria llamdé a su hermano y dijo que
ella llegaria tarde.

</translation>

Figure 1: Example from the Instructional Linguistic-
Infused Dataset

From a linguistic perspective, gender assignment
in Spanish and Catalan requires correct coref-
erential mapping between pronouns and their
antecedents, often across variable syntactic dis-
tances. When these dependencies span multiple
clauses or appear after intervening constituents,
surface cues in the source language (English) may
be insufficient for automatic alignment. By intro-
ducing intermediate reasoning steps that identify
actors, pronouns, and dependency relations, the
dataset trains the model to perform a form of ref-
erential grounding—a prerequisite for accurate
gender agreement.

Moreover, coordination and subordination par-
ticles were explicitly included because they fre-
quently introduce syntactic structures that obscure
referential dependencies. For instance, in sen-
tences such as “The doctor called the nurse be-
cause she was late” the pronoun she is ambigu-
ous—it could refer either to the doctor or the nurse.
In English, such ambiguity is tolerable, but in Span-
ish or Catalan the translator must commit to a
gendered form (/a doctora or la enfermera). By
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prompting the model to analyze clause structure
and resolve pronoun—antecedent relations before
translation, we encourage internal representations
that treat gender as a function of syntactic and dis-
course context rather than as a stereotypical lexical
default.

In this case, a conventional model would rely on
stereotypical priors (“doctor — he”, “nurse — she”),
while our linguistically infused system explicitly iden-
tifies the clause structure (because she was late),
enumerates potential antecedents, and performs a
reasoning step to determine which entity the pro-
noun refers to before generating the translation.
This enables the model to disambiguate referen-
tial gender through syntactic reasoning rather than
frequency bias.

4.2. Model Selection

For this study, we selected two open-source 7B
parameter models. The choice of 7B models was
motivated by their balance between computational
feasibility and representational power, which makes
them suitable for controlled fine-tuning experiments
without requiring prohibitively large resources.

We deliberately included two different model
types. Mistral-7B, a general-purpose decoder-only
language model, serves as a baseline for evalu-
ating whether our approach improves translation
capabilities in models not originally designed for
machine translation. In contrast, Salamandrata-
7B is a decoder-only model oriented toward ma-
chine translation tasks, allowing us to examine the
effect of our method on a model already adapted to
translation. Comparing these two tracks provides
insight into whether linguistic knowledge infusion is
primarily beneficial as a bias-mitigation strategy for
general-purpose LLMs, or whether it also enhances
fairness in MT-specialized models.

We trained and evaluated three methodologies
for each model:

* TO (Zero-Shot Prompting): The original
model without fine-tuning, prompted for En-
glish—Spanish and English— Catalan transla-
tion.

* T1 (Counterfactual Fine-Tuning): The model
fine-tuned on parallel masculine and feminine
sentence pairs drawn from the development
split of the MT-GenEval counterfactual dataset.

» T2 (Linguistic-Knowledge Infusion): The
model fine-tuned on an instruction dataset
designed to encourage reasoning about gen-
dered reference markers in context before gen-
erating translations. These are the same seg-
ments utilized for T1 with the added reasoning
steps.

This setup enables a systematic comparison be-
tween (i) zero-shot LLM translation, (ii) data-driven
fine-tuning with balanced gender examples, and
(i) linguistically informed fine-tuning designed to
integrate explicit reasoning about gender.

Preliminary experiments with Mistral-7B on En-
glish—Catalan translation yielded non-functional
outputs: the model frequently failed to generate
Catalan text or produced degenerate, multilingual
outputs mixing Spanish and English. This behavior
indicates that Mistral lacks official Catalan support
in its pretraining corpus and is therefore unsuitable
for fine-tuning or evaluation in this language without
prior adaptation. These results highlight that while
our setting reports positive results on gender bias
translation, it seems to be insufficient for language
adaptation.

To ensure fair comparison and meaningful evalu-
ation, we therefore restricted Mistral experiments to
English—Spanish, where its zero-shot translation
capabilities were stable and reproducible.

4.3. Fine-Tuning Methodology

We applied parameter-efficient fine-tuning
(PEFT) using the LoRA framework (Hu et al.,
2022). LoRA adapts pretrained models by introduc-
ing low-rank trainable matrices into existing weight
projections, enabling efficient adaptation without
modifying the full parameter set. This choice was
motivated by the resource efficiency of LoORA and
its demonstrated effectiveness in adapting large
decoder-only LLMs for downstream tasks.

For both Mistral-7B and Salamandrata-7B, we
fine-tuned the following modules: query, key, value,
output, gate, up, and down projections. We set the
rank to 16, the scaling factor (alpha) to 32, and ap-
plied no LoRA dropout. The task type was specified
as causal language modeling.

Salamandrata-7B reported 36,831,232 train-
able parameters of 4,969,598,976 (0.74%), while
Mistral-7B reported 41,943,040 trainable parame-
ters of 3,800,305,664 (1.10%) on all methods.

All fine-tuning experiments were performed us-
ing 4-bit quantization via the BitsAndBytes library
(Dettmers et al., 2023). Each model was fine-tuned
for one epoch with a learning rate of 2e-4, a per-
device batch size of 2, and gradient accumulation
steps of 16, resulting in an effective batch size of
32. All experiments were executed on a single
NVIDIA A100 (80GB) GPU with mixed-precision
(FP16) training enabled. Checkpoints were saved
every 10 steps.

This setup ensured that each method (T1, T2)
was adapted under consistent fine-tuning condi-
tions, making performance differences attributable
to the training data rather than architectural or opti-
mization changes.
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4.4. Datasets

4.4.1. Instructional Linguistic-Infused Dataset

To implement our linguistically informed fine-tuning
(T2), we constructed an instructional dataset de-
rived from the MT-GenEval counterfactual and
contextual development subsets (Currey et al.,
2022).

We initially created 100 seed examples manu-
ally, which were then augmented to 949 entries
using GPT-5 reasoning completions. 15% (145) of
the generated entries were randomly sampled and
manually reviewed to ensure consistency and valid-
ity of both the instructional reasoning and the final
translations. Both T1 and T2 models have been
trained with the same set of sentences, with the
only exception of not including the linguistic steps.

For the Catalan experiments, we employed the
same dataset, with the Spanish target-side sen-
tences translated into Catalan. Since the linguistic
preprocessing steps were applied exclusively to the
English source sentences, no additional modifica-
tions were required.

4.4.2. MT-GenEval

We used the MT-GenEval benchmark (Currey et al.,
2022) as the main dataset for evaluating gender
bias. It contains English source sentences paired
with masculine and feminine reference translations
for several target languages, including Spanish.
The benchmark comprises two subsets: (i) Contex-
tual, where gender must be inferred from linguistic
cues, and (i) Counterfactual, which includes mini-
mal masculine—feminine pairs to test consistency.
In our experiments, the English—-Spanish MT-
GenEval data were used for fine-tuning and eval-
uation under all tiers (TO-T2). We followed the
official scoring procedure to compute Gender Ac-
curacy—the proportion of translations preserving
the correct referent gender—and Gender Gap, the
absolute difference between masculine and femi-
nine accuracies, complemented by COMET scores
(Rei et al., 2020) to monitor translation quality.

4.4.3. MT-GenEval Catalan

To extend coverage beyond Spanish, we created a
Catalan version of the MT-GenEval benchmark.
Starting from the original English—Spanish data,
professional translators produced English—Catalan
translations by translating the Spanish side. Am-
biguous or non-gendered sentences in Catalan
were flagged for review, and a second translator
carried out a full revision. In a final pass, all remain-
ing ungendered Catalan sentences were removed.

available at https://huggingface.co/
datasets/LangTech-MT/geneval_catalan

This process was applied to both the develop-
ment and test sets of the contextual subset, and to
the test set of the counterfactual subset. For the
counterfactual development set, we used automatic
translation.

In total, the Catalan extension contains 764 sen-
tences in the contextual development set, 397 in
the counterfactual development set, and 600 in the
counterfactual test set. The counterfactual devel-
opment set remains 1164 sentences, equal to the
original English-Spanish dataset.

4.4.4. WinoMT

To evaluate the generalization and robustness of
our proposed fine-tuning approach across diverse
datasets and domains, we also conducted an eval-
uation using the WinoMT benchmark (Stanovsky
et al., 2019). This dataset is specifically designed
to assess gender bias in machine translation.

The WinoMT corpus comprises 3,888 English
sentences such as “The nurse helped the pa-
tient while he was recovering.”. These sentences
are structured such that 1,584 examples align
with common gender stereotypes concerning pro-
fessions (pro-stereotypical), and 1,584 examples
intentionally contradict these stereotypes (anti-
stereotypical). The sentences adhere to a con-
sistent template, pairing a profession with a pro-
noun. The core task requires the model to correctly
resolve the co-reference between the profession
and the pronoun to generate the appropriate gen-
dered term in the translation. No reference transla-
tions are provided. Instead, accuracy is determined
through an automated process. First, Alignment
is computed between the source and target sen-
tences. Then, a Part-of-Speech (POS) tagger is
subsequently employed to detect the translated
gender.

4.5. Experimental Framework

Our experiments were designed to evaluate the ef-
fect of linguistic knowledge infusion on gender bias
mitigation across two target languages (Spanish
and Catalan) and two model families (Mistral-7B
and Salamandrata-7B). Each model was evalu-
ated under the three methods.

We evaluate each model on two MT-GenEval
subsets:

» Contextual: Sentences where gender must
be inferred from surrounding linguistic context.

» Counterfactual: Paired sentences differing
only in gender, used to assess consistency
across masculine and feminine forms.

For translation quality, we report COMET (Rei
et al., 2020) scores. COMET offers a reference-
based semantic evaluation of translation quality.
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Model Lang. | Task | Tier | FAcc. T | M Acc. T | Gender Gap | | Gender Acc. T
Mistral-7B ES CTX | T0O 0.451 0.936 0.485 0.694
T1 0.698 0.931 0.233 0.815
T2 0.733 0.949 0.216 0.841
Mistral-7B ES CFT TO 0.690 0.857 0.167 0.773
T1 0.773 0.867 0.094 0.820
T2 0.787 0.840 0.053 0.814
Salamandrata-7B | ES CTX TO 0.874 0.962 0.088 0.918
T1 0.789 0.955 0.166 0.872
T2 0.901 0.953 0.052 0.927
Salamandrata-7B | ES CFT TO 0.830 0.870 0.040 0.850
T1 0.793 0.857 0.064 0.825
T2 0.850 0.860 0.010 0.855
Salamandrata-7B | CA CTX | TO 0.919 0.968 0.049 0.944
T1 0.839 0.966 0.127 0.902
T2 0.935 0.955 0.020 0.945
Salamandrata-7B | CA CFT TO 0.797 0.867 0.070 0.832
T1 0.727 0.877 0.150 0.802
T2 0.830 0.857 0.027 0.844

Table 1: Unified results across Contextual (CTX) and Counterfactual (CFT) tasks. F Acc. and M Acc.
refer to feminine and masculine accuracy respectively. Gender Gap is computed as |F Acc. — M Acc.|,
and Gender Acc. represents overall accuracy across both genders. T indicates higher is better; | lower

is better.

To assess fairness, we compute two gender-
related metrics:

» Gender Accuracy: The proportion of trans-
lations that correctly preserve the referent’s
gender.

» Gender Gap: The absolute difference be-
tween masculine and feminine accuracy
scores.

All metrics are reported for both the contextual
and counterfactual subsets, enabling direct compar-
ison of accuracy, balance, and translation quality
under each fine-tuning regime.

For consistent comparison across all experi-
ments, WinoMT results are reported using the
same set of metrics over all models studied.

5. Results

We report results for all models on the Contextual
and Counterfactual subsets of the MT-GenEval
benchmark for both Spanish (ES) and Catalan (CA)
in table 1.

Across all settings, the linguistically infused fine-
tuning (T2) consistently reduces Gender Gap. The
effects, however, vary in across models and lan-
guages, reflecting different inductive biases and
pretraining backgrounds.

For Mistral-7B, the T2 configuration yields the
strongest improvements. On the Contextual (CTX)
task, feminine accuracy increases from 0.45t0 0.73,
masculine accuracy remains high (0.93-0.95),

and the gender gap narrows sharply (0.49—0.22).
Overall gender accuracy rises from 0.69 to 0.84
(0.15 improvement), confirming that reasoning-
based fine-tuning enhances referential gender
tracking without sacrificing performance. Simi-
larly, in the Counterfactual (CFT) task, the model
achieves a steady improvement in feminine accu-
racy (0.69—0.79) and a reduction in gender gap
(0.17-0.05), indicating more balanced method of
explicitly gendered pairs.

For Salamandrata—7B, changes are more mod-
erate. On the CTX task, feminine accuracy rises
slightly (0.87—0.90), and the gender gap narrows
(0.09-0.05), though masculine accuracy remains
nearly saturated at 0.95. In the CFT task, feminine
accuracy increases modestly (0.83—-0.85), and the
gap decreases from 0.04 to 0.01. These stable yet
consistent gains suggest that Salamandrata -7B,
trained for machine translation tasks, benefits from
the structured reasoning step mainly as a form of
balancing gender prediction rather than learning to
perform coreference between the elements in the
sentence..

For Salamandrata—7B for Catalan, the pattern
mirrors Spanish. The CTX task shows small im-
provements in gender accuracy (0.94—0.95) and a
marked reduction in gap (0.05—0.02). In the CFT
task, the feminine accuracy increases from 0.73 to
0.83, and the gap is minimized from 0.15 to 0.03,
confirming that linguistic cues generalize effectively
across typologically related Romance languages.

COMET scores remain broadly stable across
fine-tuning tiers (+0.02 / 0.01), confirming that lin-
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Model Lang. | Tier | FAcc. T | MAcc. T | Gender Gap | | Gender Acc. T
TO 0.400 0.638 0.238 0.515
Mistral-7B ES T1 0.422 0.650 0.228 0.531
T2 0.537 0.677 0.14 0.580
TO 0.796 0.804 0.008 0.745
Salamandrata-7B | ES T1 0.498 0.675 0.177 0.568
T2 0.799 0.798 -0.001 0.740
TO 0.731 0.735 0.004 0.637
Salamandrata-7B | CA T1 0.465 0.640 0.175 0.496
T2 0.713 0.713 0.000 0.619

Table 2: WinoMT results for

Mistral-7B and Salamandrata—7B on English—Spanish (ES) and

English—Catalan (CA). Acc. represents overall accuracy, F Acc. and M Acc. correspond to femi-
nine and masculine accuracy respectively, Gender Gap is |F Acc. — M Acc.|.

guistic reasoning does not compromise adequacy
or fluency. For Mistral-7B, COMET improves from
0.85 (T0) to 0.87 (T2) on the CTX task, indicating
that reasoning-based fine-tuning enhances referen-
tial capabilities while maintaining translation quality.
In the CFT setting, COMET remains steady (0.84
— 0.83), showing that fairness improvements do
not come at the expense of translation adequacy.
For Salamandrata—7B in Spanish, COMET values
decrease minimally (0.88 — 0.86) across CTX and
CFT tasks, while Salamandrata—7B for Catalan ex-
hibits a modest decline (0.87 — 0.83) alongside
gains in gender accuracy (0.94 — 0.95).

To evaluate cross-benchmark robustness, we
additionally report results on the WinoMT dataset
(Table 2). Overall trends mirror those observed in
MT-GenEval: the linguistically infused fine-tuning
(T2) consistently improves gender balance, increas-
ing accuracy and reducing gender gaps without
degrading translation quality. Notably, Mistral-7B
again benefits most from T2, improving overall
WinoMT accuracy from 0.52 (T0) to 0.58, while
narrowing the gender gap from 0.24 to 0.14. Sala-
mandrata—7B shows smaller yet consistent gains
across both Spanish and Catalan, confirming that
linguistic reasoning generalizes to out-of-domain,
profession-centered data.

6. Discussion

Our results show that linguistically infused fine-
tuning (T2) consistently narrows the gender gap
across both models and languages, while maintain-
ing competitive translation quality. These findings
support the hypothesis that explicit linguistic rea-
soning helps LLMs better track referential gender
information throughout the translation process. We
hypothesise that these gains arise because T2 en-
courages a lightweight pseudo-syntactic analysis
prior to generation: the model is prompted to detect
actors, pronouns, and coordinating or subordinate
structures, then use those cues to resolve coref-

erence and propagate referential gender across
clauses and sentences.

The effect is particularly evident for Mistral-ES,
which achieved the largest overall gains. The in-
crease in accuracy across both genders together
with the reduction in the gender gap suggests that
linguistic infusion serves as an inductive bias, inject-
ing structural priors that promote more controlled,
context-aware generation. In this way, feminine
forms become more reliably realized, masculine
dominance diminishes, and overall accuracy im-
proves. This pattern aligns with prior research
showing that translation systems systematically
over-generate masculine forms. This bias is rooted
in the asymmetries of training data and is thus coun-
teracted in T2 by the enforcement of syntactic rea-
soning.

In contrast, Salamandrata’s smaller gains re-
flect its translation specialization and lower initial
bias. Its translation-focused pretraining likely en-
codes stronger co-reference resolution and gender-
handling behaviors, leaving less headroom for T2
to change surface outputs; nonetheless, the steady
gains validate that the reasoning-based approach
is broadly applicable even to models with robust
pretraining.

When comparing tiers, TO (zero-shot) often
yields competitive translation quality but larger gen-
der asymmetries. T1 (balanced fine-tuning) par-
tially mitigates bias but tends to overfit to surface-
level gender patterns in limited data, leading to
noisier and sometimes degraded performance. T2
achieves a better equilibrium, introducing explicit lin-
guistic cues that regularize gender representation
without eroding fluency or adequacy. In this sense,
reasoning-based fine-tuning acts as a form of struc-
tural regularization, stabilizing outputs through ex-
plicit referential awareness.

To illustrate the practical impact of linguistic rea-
soning, Table 3 presents representative examples
from both the Spanish Counterfactual subset and
the Spanish WinoMT output across models. These
examples were selected to show typical improve-
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Dataset System Gender Source Sentence TO (Baseline) T2 (Linguistic
Reasoning)

CTX Mistral The new colonel-in-chief El nuevo La nueva coronel-jefa
took up her appointment coronel-en-jefe asumié asumio su cargo en una
at a ceremony on March su cargo en una ceremonia el 17 de
17, 2007, at the ceremonia el 17 de marzo de 2007 en el
Regimental marzo de 2007, en la Cuartel General
Headquarters in Cabecera de Regimiento Regimental de
Edmonton. en Edmonton. Edmonton.

Salamandrata The priests of Vesta, Las sacerdotisas de Los sacerdotes de
known as Vestal Virgins, Vesta, conocidas como  Vesta, conocidos como
administered his temple  virgenes vestales, virgenes vestales,
and watched the eternal administraban su templo administraban su templo
fire. y vigilaban el fuego y vigilaban el fuego

eterno. eterno.

WinoMT Mistral The developer dropped  El desarrollador se El desarrollador se

Salamandrata

by the nurse and
discussed with him
about the surgery.

The mechanic called the
editor and told her to get
the car back.

detuvo con la enfermera
y discutio con él sobre la
cirugia.

La mecanica llamé al
editor y le dijo que
recuperara el auto.

detuvo con el
enfermero y se discutio
con él sobre la cirugia.
El mecanico llamé a la
editora y le dijo que
recuperara el coche.

Table 3: Examples from the CTX and WinoMT Spanish tasks. Bold highlights the forms changed between

TO and T2.

ments in referential gender agreement after T2
fine-tuning. As can be seen in these examples,
mistakes at the TO level often relate to stereotypi-
cally masculine or feminine contexts or occupations,
while the linguistic reasoning introduced in T2 al-
lows the model’s context to override biases learnt
from pretraining data.

Taken together, these findings demonstrate that
linguistic reasoning provides a viable mechanism
for embedding structured grammatical knowledge
into LLMs. Beyond mitigating gender bias, this ap-
proach may generalize to other aspects of linguistic
control such as politeness, formality, and discourse
coherence in which interpretability and fairness con-
verge. Future work will be needed to test whether
reasoning-based fine-tuning can transfer effectively
to such domains.

7. Conclusions

Our study explored how linguistic knowledge infu-
sion can mitigate gender bias in large language
model based translation. By embedding reason-
ing prompts that explicitly target referential and
morphosyntactic gender cues, we demonstrated
consistent improvements in gender accuracy and
fairness without heavily compromising translation
quality.

The two models exhibited distinct behaviors un-
der our methods. For the general-purpose Mis-
tral, linguistically infused fine-tuning (T2) led to
the largest gains, confirming that explicit linguistic

supervision can guide models lacking translation-
specific pretraining toward more controlled and
context-sensitive generation. In contrast, the
translation-oriented Salamandrata, which already
encoded strong gender agreement tendencies, dis-
played smaller yet consistent improvements. This
indicates that the benefits of linguistic reasoning
are most pronounced when the model’s inductive
biases are not already shaped by translation objec-
tives.

However, our findings also show that the
method’s effectiveness depends on the interaction
between model pretraining and task type. In the
contextual task, where gender cues must be in-
ferred across longer or more syntactically complex
spans, Salamandrata underperformed under T1
and showed limited benefit from T2. This sug-
gests that fine-tuning on templatic or reasoning-
augmented short sentences may not sufficiently
transfer to discourse-level gender resolution. Fu-
ture iterations could expand the dataset to include
multi-sentence reasoning and broader discourse
contexts to strengthen generalization. These find-
ings correlate with (Zaranis et al., 2024), showing
that general LLMs without translation training show
stronger positional bias for source sentence contri-
butions.

Overall, this work provides evidence that explicit
linguistic reasoning can enhance fairness and ref-
erential consistency in LLM-based translation. Ex-
tending this approach to phenomena such as po-
liteness, formality, or non-binary gender represen-
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tation represents a promising direction for building
more interpretable and equitable multilingual sys-
tems.

8. Limitations

While our approach demonstrates consistent im-
provements in gender accuracy, several limitations
should be acknowledged.

First, the linguistic-infused fine-tuning dataset
was derived and augmented from the MT-GenEval
development set, which primarily contains short,
single-sentence examples. As a result, the train-
ing material offers limited syntactic and discourse
variety, constraining the model’s exposure to gen-
der dependencies that operate across clauses or
sentence boundaries. This may partially explain
the reduced generalization observed in complex or
multi-sentence contexts.

Second, we observe that longer or syntactically
intricate segments tend to yield less stable gender
agreement. This degradation likely arises from
accumulated contextual uncertainty in decoder-only
LLMs, which can obscure gender cues and affect
both translation fluency and referential consistency.

Finally, our evaluation framework is restricted to
binary gender distinctions, reflecting the structure
of existing benchmarks. Future research should
expand this analysis to include non-binary and neu-
tral gender representations, which are increasingly
relevant in both Spanish and Catalan.

9. Ethical Statement

This research adheres to the LREC 2026 Code of
Ethics. All datasets used or derived in this study
are publicly available or were created synthetically
for research purposes. No personally identifiable
information or sensitive data were processed. The
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by professional translators who provided informed
consent and were compensated under standard
contractual conditions.

The linguistically infused dataset was partially
generated with GPT-based reasoning completions.
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sure quality and remove potentially biased or inap-
propriate outputs. Our work focuses on mitigating
gender bias in translation; however, residual forms
of bias may persist, and we encourage responsible
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