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Abstract

Gender-neutral translation (GNT) aims to avoid
expressing the gender of human referents when
the source text lacks explicit cues about the
gender of those referents. Evaluating GNT
automatically is particularly challenging, with
current solutions being limited to monolingual
classifiers. Such solutions are not ideal be-
cause they do not factor in the source sentence
and require dedicated data and fine-tuning to
scale to new languages. In this work, we ad-
dress such limitations by investigating the use
of large language models (LLMs) as evalu-
ators of GNT. Specifically, we explore two
prompting approaches: one in which LLMs

generate sentence-level assessments only, and

another—akin to a chain-of-thought approach—
where they first produce detailed phrase-level

annotations before a sentence-level judgment.
Through extensive experiments on multiple lan-
guages with five models, both open and propri-
etary, we show that LLMs can serve as evalua-
tors of GNT. Moreover, we find that prompting

for phrase-level annotations before sentence-
level assessments consistently improves the ac-
curacy of all models, providing a better and

more scalable alternative to current solutions.'

1 Introduction

Gender-neutral translation (GNT) is the task of
translating from one language into another while
avoiding gender-specific references in the target
text when the source does not provide explicit gen-
der information (Piergentili et al., 2023a). Con-
sider the examples in Table 1: the source sentence
(S) lacks gender information, therefore the transla-
tion should avoid gendered terms such as ‘profesor’
(masculine) or ‘profesora’ (feminine), and rather

© 2025 The authors. This article is licensed under a Creative
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'Software and data available at https://github.com/
hlt-mt/fbk-NEUTR-evAL
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S Working as a teacher makes me happy

M Trabajar como profesor me hace contento

F Trabajar como profesora me hace contenta

N; Trabajar como docente me hace feliz

N, Trabajar como persona que ensefia me procura mucha

alegria [Working as someone who teaches gives me a lot of joy]

Table 1: Examples of gendered and neutral Spanish
translations of an English sentence (S) featuring men-
tions of a human referent and no gender information.
Gendered words are underlined, neutral formulations
are italicized.

use neutral terms like docente or the paraphrase per-
sona que enserfia, thus preserving neutrality. This
serves to prevent undesired gender associations in
machine translation (MT) outputs, which could
result in different types of harm, such as the reit-
eration of harmful stereotypes (Stanovsky et al.,
2019; Triboulet and Bouillon, 2023), the unfair
representation of gender groups (Blodgett et al.,
2020), and disparities in quality of service (Savoldi
et al., 2024a). These issues are especially relevant
in grammatical gender languages, such as Italian,
Spanish, and German, which assign nouns with
a grammatical gender and inflect words linked to
them accordingly (examples M and F in Table 1).
One of the challenges implied by GNT is how
to evaluate it automatically, thereby enabling fast,
cheap, and replicable assessments. Indeed, GNT is
a complex open natural language generation task
where individual word choices make the difference
between success and failure (e.g. en: ‘as a teacher’
— es: ‘como una docente’ [F] vs ‘como docente’
[N]) with valid gender-neutralization strategies
ranging from pinpointed lexical interventions (ex-
ample N1) to complex and verbose reformulations
(Ny) (Piergentili et al., 2023a). The variability in
valid neutralization solutions makes GNT a compli-
cated task to evaluate. Both traditional and modern
MT evaluation metrics struggle to account for these
variations, as they are hard to capture at a surface-
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level (Piergentili et al., 2023b), and neutral out-
puts are systematically penalized by neural metrics
(Zaranis et al., 2024). Currently, the only viable
approaches to automatically identify gendered or
neutral text rely on dedicated classifiers (Attanasio
et al., 2021; Piergentili et al., 2023b), which how-
ever do not factor in the source sentence. Moreover,
so far such solutions were only developed for the
evaluation of Italian texts, and require dedicated
data and training to scale across languages. The
lack of easily scalable evaluation solutions hinders
advancements in GNT research and system devel-
opment.

To fill this gap, we look at the LLM-as-a-Judge
paradigm (Gu et al., 2025), where large language
models (LLMs) are prompted to perform task-
specific evaluations. Specifically, we ask: RQ1)
Can we use LLMs to evaluate GNT? RQ2) Does
performing intermediate analytical steps im-
prove the accuracy of LLM-based GNT eval-
uations? To answer these questions, we conduct
experiments with five LLMs, evaluating their abil-
ity to assess neutrality in Italian, Spanish, and
German texts. We experiment with four evalua-
tion approaches. Two approaches focus on gener-
ating sentence-level assessments, while the other
two simulate a chain-of-thought (Wei et al., 2022),
prompting LLMs to perform fine-grained phrase-
level analysis before providing higher-level judg-
ments. Overall, we find that LLMs can serve as
evaluators of GNT and that generating phrase-level
annotations significantly improves LLMs’ accu-
racy.

2 Background

Gender-inclusivity in language technology In
recent years, the research community’s efforts to
improve gender fairness in natural language pro-
cessing (NLP) technologies has grown significantly.
With LLMs becoming the state-of-the-art in many
NLP tasks (Zhao et al., 2024), several works have
highlighted their shortcomings in language fairness
(Dev et al., 2021; Lauscher et al., 2022; Hossain
et al., 2023; Waldis et al., 2024, inter alia). How-
ever, other works identified approaches to improve
LLM fairness, both with (Bartl and Leavy, 2024)
and without (Hossain et al., 2024) fine-tuning.

In MT, while LLMs have been proven not to be
immune from gender bias (Vanmassenhove, 2024;
Lardelli et al., 2024; Sant et al., 2024), their in-
context learning ability (Brown et al., 2020) al-
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lowed to mitigate it by controlling the gender in the
target sentence (Sanchez et al., 2024; Lee et al.,
2024). Moreover, prompting LLMs with more
advanced techniques enabled new approaches to
gender-inclusive translation, such as using gender-
inclusive neopronouns in the target languages (Pier-
gentili et al., 2024), or performing GNT (Savoldi
et al., 2024b). Here we focus on the latter, for
which further progress is still hampered by the lack
of automatic evaluation methods.

GNT evaluation Evaluating GNT is a com-
plex task due to the variability in valid gender-
neutralization strategies, which range from minor
lexical substitutions to significant structural refor-
mulations, and are specific to each language, as
different languages encode gender differently in
their grammar. Currently, automatic GNT eval-
uation solutions are based on fine-tuned BERT-
based (Devlin et al., 2019) monolingual gender-
inclusivity/neutrality classifiers (Attanasio et al.,
2021; Savoldi et al., 2024b). This method has sig-
nificant limitations. First, it does not factor in the
source, thus it cannot assess whether GNT was
necessary or appropriate in light of features of
the source sentence without dedicated gold labels.
Moreover, it requires task-specific data to fine-tune
dedicated models to scale to other target languages,
with limited flexibility across domains.

To address these limitations, we look at the
emerging language model-based approach.

LLM-as-a-Judge Recently, LLMs have been
successfully employed as evaluators of natural-
language generation tasks (Wang et al., 2023; Liu
et al., 2023; Bavaresco et al., 2024) including MT,
where proprietary LLMs have been employed as
state-of-the-art M T quality evaluators (Kocmi and
Federmann, 2023b; Leiter and Eger, 2024) without
the need for dedicated fine-tuning data. Several
works used LLMs to provide insights into fine-
grained aspects, such as fluency, accuracy, and
style (Fu et al., 2024; Lu et al., 2024). Moreover,
LLMs have successfully been employed to gen-
erate the error annotations required for Multidi-
mensional Quality Metrics assessments (Fernandes
et al., 2023; Kocmi and Federmann, 2023a; Feng
et al., 2024; Zouhar et al., 2025), an evaluation
paradigm designed for human evaluators, which re-
quires pinpointed analyses and attention to context.
Furthermore, and more related to our work, LLMs
have also been found to be accurate evaluators of
masculine/feminine references to human beings in



Source

All this must be carried out in a climate of transparency and regularity so that the citizens do not feel that they

are being swindled or sacrificed on the altar of major economic interests.
Target (REF-G) Todo esto se ha de llevar a cabo en un clima de transparencia y de correccién con el fin de que los ciudadanos
no se sientan estafados o victimas sacrificadas en el altar de los grandes intereses econdmicos.

O MONO-L  label: GENDERED

® MONO-P+L phrases: los ciudadanos M , se sientan estafados M , victimas sacrificadas N

label: GENDERED

¢ CrROSS-L label: WRONGLY GENDERED

phrases: los ciudadanos M wrong , se sientan estafados M wrong , victimas sacrificadas N

¢ CROSS-P+L 1ahel:  WRONGLY GENDERED

correct

Table 2: Examples of GPT-40’s outputs for each prompt, for a Spanish mGeNTE entry. This is a Set-N entry with a
REF-G reference, thus the source includes no gender cue and the target features undue gendered words (in bold). For
the MONO prompts (O and @) only the target sentence is provided as input, whereas for the CROSS prompts ({
and ¢) both the source and target sentences are included. The field label is a sentence-level assessment, whereas
phrases is a list of annotations of phrases referred to human beings. Each element of this list includes the piece of
text being annotated (in italic), the gender it expresses (M, F ,or N ), and an assessment of whether that gender

expression is correct or wrong with respect to the information available in the source (only in 4). Both the
label and the list of phrases are generated by the models.

monolingual contexts (Derner et al., 2024).

Here, we investigate whether LLMs’ ability to
generate fine-grained assessments can be lever-
aged to build a GNT evaluation method scalable
across languages without the need for dedicated
fine-tuning data.

3 GNT evaluation prompts

To explore the LLM-as-a-Judge approach to GNT
evaluation and investigate whether prompting for
intermediate analytical steps leads to higher evalu-
ation accuracy, we experiment with four prompts
targeting different approaches to evaluation. We
design prompts dedicated to the evaluation of the
target language text only (MONO) and the source
sentence paired with the translation (CROSS). With
the MONO prompts we attempt to replicate the eval-
uation enabled by the gender-neutrality classifier
introduced in Piergentili et al. (2023b) on new lan-
guages, without generating dedicated data and fine-
tuning new models. MONO prompts can be used as
is to evaluate intra-lingual neutral rewriting tasks
(Vanmassenhove et al., 2021; Veloso et al., 2023;
Frenda et al., 2024). However, for GNT evaluation,
they still require gold labels specifying whether the
source sentence should be translated neutrally, as
with classifier-based methods. The CROSS prompts
instead task the models not just with classifying the
target text as gendered or neutral, but also to deter-
mine if the target’s gender correctly aligns with the
source sentence. This allows for GNT evaluation in
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realistic scenarios, i.e. outside of the benchmarking
enabled by gold source sentence labels.

For both the MONO and CROSS approaches we
experiment with one prompt that requires the model
to generate a sentence-level label only (L) and an-
other where the model must generate phrase-level
annotations first and then provide a sentence-level
label (P+L). Examples of the output of each prompt
are available in Table 2. Complete instructions and
further details are provided in Appendix A.

O MONO-L  We provide the model with the tar-
get sentence and instruct it to classify the sentence
as GENDERED if at least one masculine or fem-
inine reference to human beings is found, or as
NEUTRAL if the whole sentence is gender-neutral.
This prompt does not imply any intermediate anno-
tation, only requesting one sentence-level label.

® MONO-P+L The model is instructed to first
generate annotations for all phrases that refer to hu-
man beings in the target sentence. For each phrase,
the model must also provide a label indicating its
semantic gender: M (masculine), F (feminine),
or N (neutral). Finally, the model must provide
the same sentence-level label as in MONO-L, based
on the same principle: if one or more of the anno-
tated phrases is gendered, the sentence label should
be GENDERED ; otherwise, it should be NEUTRAL .
This prompt introduces intermediate annotations,
which are expected to inform the models’ choice
of the final sentence-level label.



Set-G SRC (F)

Madam President, I should like to thank Mrs Oostlander for her sterling contribution as delegate.

de
de

REF-G
REF-N

Frau Priisidentin! Ich mochte der Kollegin Oostlander fiir ihre verdienstvolle Arbeit als Delegierte danken.
Geehrtes Prisidium! Ich mochte dem Kollegiumsmitglied Oostlander fiir seine verdienstvolle Arbeit als

Delegierte danken.
REF-G
REF-N

es
es

de la delegacion.
REF-G
REF-N

it
it
delegazione.

Seiiora Presidenta, quiero agradecer a la Sra. Oostlander sus valiosos esfuerzos como delegada.
Con la venia de la Presidencia, quiero agradecer a su Seflorfa Oostlander sus valiosos esfuerzos como integrante

Signora Presidente, ringrazio la onorevole Oostlander per il lavoro meritorio che ha assolto come delegata.
Gentile Presidente, ringrazio 1’onorevole Oostlander per il lavoro meritorio che ha assolto come membro della

Set-N  SRC

There are no better guardians of the Treaties than the European citizens.

de

de
es

REF-G
REF-N
REF-G
REF-N
REF-G
REF-N

es
it
it

Niemand eignet sich als Hiiter der Vertriage besser als die europdischen Biirger.

Niemand eignet sich zum Hiiten der Vertrige besser als die européische Bevolkerung.
No hay mejores custodios de los Tratados que los ciudadanos europeos.

No hay mejores vigilantes de los Tratados que la ciudadania europea.
I migliori guardiani dei Trattati sono gli stessi cittadini europei.

Le popolazioni residenti sul suolo europeo sono le migliori custodi dei Trattati.

Table 3: Examples of mGeNTE entries from Set-G and Set-N, with both REF-G and REF-N, and parallel across the
three target languages. Gender cues in the source and gendered words in the references are in bold. The matching

reference for the entry is highlighted.

¢ CROSS-L. We provide the model with both
the source and target sentences, instructing it to
classify the target as NEUTRAL if fully gender-
neutral, CORRECTLY GENDERED if it accurately
reflects gender information from the source, or
WRONGLY GENDERED if the target’s gender does
not match the source or the target adds gender in-
formation when the source lacks it. We do not
distinguish between correct and incorrect NEUTRAL
translations. While using gendered language when
gender is unspecified in the source is undesirable
(i.e. WRONGLY GENDERED ), neutral translations—
though not always necessary—merely avoid gender
marking and therefore cannot be considered wrong
by definition.?

4 CrOSS-P+L We instruct the model to gener-
ate the same annotations as MONO-P+L, with the
addition of an assessment of whether each phrase’s
gender is correct or wrong with respect to the
source. Finally, the model must provide the same
sentence-level label as in CROSS-L. Similarly to
MoNoO-P+L, this prompt introduces the intermedi-
ate phrase annotations that the model is expected
to leverage to provide more accurate labels.

2We note that there are instances where gender is essential to
the meaning of a sentence and should then be preserved in
translation. For example, to refer to specific groups, as in ‘men
tend to suffer from heart attacks at higher rates’). Accounting
for this aspect in the evaluation requires finer-grained analyses
factoring in translation adequacy as well. As such instances
represent less than 3% of our test data, we retain them in our
experiments and leave this analysis to future work.
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4 Experimental settings

We experiment with LLM-based evaluation of GNT
from English into three target languages—Italian,
Spanish, and German—in two scenarios:

* Target-only, where LLMs only evaluate the
target language text. In this scenario, models
are tasked with assessing whether the text con-
tains any gendered mention of human beings
and label it GENDERED , or no such mention
and label it NEUTRAL .

Source-target, where LLMs receive both
the source sentence and the target language
translation as input. Here, the models
must assess whether the target language
textis NEUTRAL , CORRECTLY GENDERED , or
WRONGLY GENDERED with respect to the in-
formation available in the source.

4.1 Test data and evaluation metrics

We conduct our experiments on mGeNTE (Savoldi
et al., 2025), a multilingual test set for GNT. Avail-
able for en-it/es/de, for each language pair it com-
prises 1,500 parallel sentences, evenly divided in
two subsets (see Table 3): Set-G entries feature
words in the source that provide information about
the gender of human referents (e.g., Madam, Mrs,
and her in the Set-G example in Table 3) whereas
Set-N entries do not. The Set-G sentences are fur-
ther split into masculine-only and feminine-only,
and labeled M and F respectively.



SET SPLIT GENDERED NEUTRAL TOTAL
mGeNTE references Set-G 750 750 1,500
(x3: en-it/de/es) Set-N 750 750 1,500
Automatic GNTs ..\ 350 740 1,080

(en-it only)

Table 4: Statistics about the test data. mGeNTE values
are referred to each target language, whereas the auto-
matic GNTs are available only for en-it.

We use mGeNTE as the test set to validate our
evaluation approaches because it provides dedi-
cated human-made translations and gold labels for
GNT. Although evaluating human-made transla-
tions is not fully representative of realistic condi-
tions, this dataset remains the only multilingual
resource available with GN'T-specific gold labels.
To further explore automatic GNT evaluation in re-
alistic conditions, we also experiment with model-
generated translations of a subset of mGeNTE.

mGeNTE references and the automatic transla-
tions we use in our experiments are described in
sections 4.1.1 and 4.1.2 respectively. Statistics on
our experimental data are reported in Table 4.

4.1.1 mGeNTE references

To run experiments on Italian, Spanish, and Ger-
man texts, we use the reference translations in
mGeNTE. Each source sentence in the corpus cor-
responds to two reference translations produced
by professionals: a gendered reference (REF-G),
considered ideal for Set-G but incorrect for Set-N,
and a gender-neutral reference (REF-N), correct for
Set-N and not ideal for Set-G. We use both REF-G
and REF-N in isolation as input in our farget-only
scenario, and we pair them with the source sentence
in the source-target scenario.

To evaluate on this data set, we compute
sentence-level label accuracies by matching mod-
els’ predictions against the true labels in mGeNTE.
We use the data split labels (Set-G and Set-N)
in combination with the reference labels to deter-
mine the true labels for each scenario and data
split. For the target-only scenario, we map REF-G
and REF-N to GENDERED and NEUTRAL respec-
tively. For the source-target scenario, REF-G is
further categorized as CORRECTLY GENDERED for
Set-G entries and WRONGLY GENDERED for Set-N
entries.
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Model en-de en-es  en-it

Tower 13B 0.4407 0.4610 0.4587
GPT-40 0.4635 0.4720 0.4730
Qwen 32B 0.4485 0.4608 0.4601
Qwen 72B 0.4533 0.4647 0.4646
Mistral Small  0.4552 0.4623 0.4623
DS Qwen 32B  0.4365 0.4559 0.4517

Table 5: COMET scores of all models” MT outputs on
FLORES+. Instances where one of the models outper-
form Tower 13B are underlined.

4.1.2 Automatic GNTs

We also experiment on a more realistic evaluation
scenario, where evaluator LLMs are tasked with as-
sessing automatic gender-neutralizations instead of
human references, using a set of automatic transla-
tions of mGeNTE en-it sentences taken from Set-N
(Savoldi et al., 2024b).3 The translations were pro-
duced by GPT-4* (OpenAl, 2024a) and manually
evaluated by human experts, who provided gold
labels about the neutrality of the outputs.’

As the classes in this dataset are unbalanced
(see Table 4), to assess the performance of eval-
vator LLMs we compute precision and recall
scores rather than a simple label accuracy in this
case. Since all the source sentences from this
data set originally belonged to Set-N, we con-
sider NEUTRAL the positive class. Moreover,
since this set of automatic GNTs does not in-
clude Set-G entries, and consequently one of
the three labels from the source-target scenario
( CORRECTLY GENDERED ) is not represented within
it, we only use this data set in the rarget-only sce-
nario.

4.2 Prompting details

For each of the prompts described in section
3, we use the same 8 task exemplars to elicit
LLMs’ in-context learning (Brown et al., 2020;
Min et al., 2022). These exemplars were selected
from mGeNTE entries parallel across the three lan-
guages, and were balanced across the Set-G/N,
REF-G/N, and gender combinations. The entries
used as exemplars were excluded from the test data
in the experiments.

Shttps://mt.fbk.eu/gente/

“Model gpt-4-0613

The outputs were originally divided into neutral, partially
neutral, and gendered. Here, we adjusted this tripartition to
our label system by merging the partially neutral category
into the GENDERED label, in line with the classifier’s binary
label system.
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Figure 1: Accuracy of all models in farget-only GNT evaluation experiments on mGeNTE references. The Italian
experiments include the performance of the gender-neutrality classifier, which is not available for other languages.

We constrain models’ generations to adhere to
specific JSON schemas via structured generation
(Willard and Louf, 2023), which, at each genera-
tion step, restricts the model’s vocabulary to the
tokens allowed at that step by the schema, masking
out the invalid ones. This ensures that all mod-
els’ outputs adhere to the same formats without the
need for post-processing or parsing within open
ended generations.

4.3 Models

We experiment with open models of different fam-
ilies and sizes: Qwen 2.5 32B and 72B (Team,
2024), Mistral Small 3 24B.° DeepSeek-R1-Distill-
Qwen-32B (DeepSeek-Al, 2025).” We also in-
clude GPT-40% (OpenAl, 2024b) as representative
of the closed, commercial models. All models are
fine-tuned for instruction following (Ouyang et al.,
2022; Chung et al., 2024).

To ensure that the models we selected perform
well on the target languages we include in our ex-
periments, we assess all models’ performance on
generic translation into Italian, Spanish, and Ger-
man using FLORES+ (NLLB Team et al., 2024).
Table 5 reports their COMET’ (Rei et al., 2020)
scores, which measure how well model outputs rep-
resent the source sentence meaning. As a baseline
we report the performance of Tower 13B Instruct
6h’ctps: //mistral.ai/en/news/mistral-small-3
"We performed a first selection of models that perform best
on instruction following tasks on Open LLM Leaderboard
(Fourrier et al., 2024), then further selected the models that
performed best in preliminary experiments.

$Model gpt-40-2024-08-06
“Model Unbabel /wmt22-cometkiwi-da (Rei et al., 2022)
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(Alves et al., 2024), a state-of-the-art open LLM
fine-tuned for MT tasks. All models were prompted
to perform MT with default settings and three shots
randomly selected from the dev split of FLORES+.
The results show that all models perform well in
all target languages compared to Tower 13B, indi-
cating consistently strong performance across the
languages evaluated.

5 Results and discussion

We report the results of our experiments in target-
only and source-target GNT evaluation experi-
ments on mGeNTE references in Figures 1 and
3 respectively. Results on automatic GNTs are re-
ported in Figure 2. In the target-only charts we
include the performance of the gender-neutrality
classifier'® on the test data as a baseline for the
Italian experiments. The detailed results of all eval-
uation experiments are reported in Appendix B,
along with additional discussions.

To make the performance of the MONO and
CROSS prompts comparable in the target-only sce-
nario, we count the labels CORRECTLY GENDERED
and WRONGLY GENDERED as correct matches of
GENDERED .

5.1 Target-only evaluation

Results on mGeNTE references Looking at the
target-only results we note that GPT-40 is con-
sistently the best overall performer, and the only
model outperforming the gender-neutrality classi-
fier in the Italian scenario (90.72% vs 81.37% over-

Yhttps://huggingface.co/FBK-MT/GeNTE-evaluator
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Figure 2: Precision and recall scores of all models in
target-only GNT evaluation of automatic GNTs.

all accuracy, see Table 10). Among the open mod-
els, Qwen 2.5 72B performs best and comes close
to the classifier’s performance with the CROSS-
P+L prompt (¢). We note that all models per-
form better in the Spanish and German experiments,
with GPT-40 reaching 95.08% overall accuracy in
the latter () and Qwen 2.5 72B (@, ¢) and 32B
(#) showing solid performance in both languages.
To answer RQ1, the target-only results indicate
that LLMs can serve as evaluators of gender-
neutrality in multiple languages with good accu-
racy.

To answer RQ2, we compare the performance
of the four prompting strategies and notice that the
P+L prompts (® and ¢) produce more accu-
rate results than the label-only prompts (O and ¢)
across all languages. Furthermore, the richer anno-
tation prompt CROSS-P+L (4) generally outper-
forms the others. We conclude that guiding models
to generate intermediate finer-grained annota-
tions improves the accuracy of the sentence-level
assessments.

Results on automatic GNTs Results on the
target-only experiments on automatic GNTs (Fig-
ure 2), confirm the findings discussed above. We
find analogous rankings, with only GPT-4o0 slightly
outperforming the classifier (®, ) and Qwen 2.5
72B being the best open model. Comparing prompt
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strategies, here we see the P+L prompts outper-
forming the others—though only for the best mod-
els, with no coherent trend for the others.

Specific to these results, looking at precision and
recall we note that most of the model/prompt com-
binations produce similar precision values, mean-
ing that they show similar abilities in correctly la-
beling gendered sentences (few false positives). It
is the recall score that ultimately makes the differ-
ence in performance, i.e. their ability to correctly
label neutral sentences.

5.2 Source-target evaluation results

The results of the source-target evaluation exper-
iments (Figure 3) support our previous findings.
First, we observe that, with dedicated prompting,
LLMs can serve as multilingual evaluators of
GNT with solid accuracy. This enables the eval-
uation of GNT in absence of gender information
about the source sentence. Second, we confirm
that phrase annotation (¢) consistently improves
evaluation accuracy across all models.

Moreover, similarly to the target-only scenario,
GPT-40 outperforms the open models in this set-
ting as well. All models generally exhibit better
performance on Spanish and German rather than
Italian in cross-lingual evaluation here too. Overall,
scores are generally lower than in the farget-only
setting. This is likely due to the further distinc-
tion of the GENDERED label into CORRECTLY and
WRONGLY GENDERED , which increases task com-
plexity, and to the added challenge of incorporating
the source sentence. As found by Huang et al.
(2024), LLMs generally perform better in MT eval-
uation when provided with a reference translation
rather than the source. Our results reflect this trend,
suggesting that despite their strong translation ca-
pabilities, LLMs still have limited ability to lever-
age cross-lingual information for evaluation. Ad-
ditionally, model performance gaps are narrower
in this scenario, indicating that even the models
that perform best in target-only evaluation are not
immune to these limitations.

6 Conclusions

We investigated several LLMs’ ability in perform-
ing GNT evaluation across three target languages—
Italian, German, and Spanish—comparing their
performance against the previously available so-
lutions, namely classifier-based approaches. We
experimented with two prompting approaches and
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Figure 3: Accuracy of all models in source-target GNT evaluation experiments on mGeNTE source-reference
pairs. Note that the axes here encompass a wider range of values compared to the target-only chart.

constrained LLMs to generate sentence-level labels
only in one case and phrase-level annotation as well
as sentence-level labels in the other, with the latter
being akin to a chain-of-thought approach. Our ex-
perimental results show that guiding the models to
generate fine-grained annotations before providing
a higher level assessment significantly improves
their accuracy. However, while in target language
evaluation some of the models reach almost per-
fect accuracy, assessing neutrality with reference
to the source sentence emerges as a harder task
for LLM evaluators, in line with findings from the
literature. Overall, our LLM-based approach out-
performs existing solutions, and provides a scalable
method for automatic GNT evaluation that general-
izes effectively across languages, without requiring
additional task-specific data.

7 Limitations

Naturally, our work comes with some limitations.
First, while the explored evaluation approaches ad-
dress some of the limitations of previous solutions,
they are still confined to discrete sentence-level
labels. These make our approaches unable to dis-
tinguish degrees of success or failure in using the
appropriate gender expression in relation to specific
human referents. For instance, this means that we
are not able to assess whether a non-neutral output
includes only one gendered mention of a human
entity or multiple ones, thus we cannot perform
more nuanced analyses or rankings of different
outputs or systems. Second, our approaches do
not factor in an important aspect of GNT: the ac-
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ceptability of neutral text (Savoldi et al., 2024b).
Acceptability is a complex aspect, determined by
the adequacy of the target text with respect to the
source sentence meaning and its fluency in the tar-
get language. Developing evaluation systems that
can account for acceptability in the evaluation calls
for dedicated research work, and the validation of
such systems requires fine-grained human refer-
ence annotations that are currently not available.
For similar reasons, in our analyses we only fo-
cused on the sentence-level annotations generated
by the models, and leaving aside the phrase-level
annotations generated with the P+L prompts. Since
the mGeNTE corpus does not include gold anno-
tations of phrases that refer to human beings we
only measured sentence-level accuracy and could
not evaluate the phrase-level annotations generated
by the models.

While we are interested in exploring all the as-
pects mentioned above in the future, with this work
we focused on tackling limitations of previously
available solutions, enabling and improving the
evaluation of GNT across new languages, and do-
ing so with an easy to replicate method, so as to
foster the development and research of GNT in
further languages as well.

8 Bias statement

This paper addresses representational and alloca-
tional harms as defined by Blodgett et al. (2020)
arising from gender biases in automatic translation,
particularly when translation systems unnecessar-
ily default to gender-specific terms, perpetuating



harmful stereotypes or excluding non-binary iden-
tities. Our approach leverages LLLMs for scalable,
automatic evaluation of GNT. We assume GNT is
desirable when the source text does not specify gen-
der explicitly, aiming to prevent unfair gendered ex-
pressions. However, we acknowledge that gender-
neutral language is only one of the approaches to
inclusive language (Lardelli and Gromann, 2023),
and is not necessarily perceived as inclusive by
all speakers (Spinelli et al., 2023). We also ac-
knowledge potential biases inherent to LLMs from
their training data, possibly affecting evaluation
outcomes across languages and cultural contexts.
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B Complete results

This section contains the detailed results of the eval-
uation experiments introduced in Section 4. Tables
10, 11, and 12 report the accuracy of all models
in target-only evaluation of Italian, German, and
Spanish mGeNTE references respectively, whereas
Table 13 reports their precision, recall, and F1
scores in the evaluation of Italian automatic GNTs.
Tables 14, 15, and 16 report models’ accuracy in
GNT evaluation.

While in Figures 1 and 3 we aggregated the re-
sults each model/prompt combination by Set (G or
N), here we report the results of the experiments
on mGeNTE references on each set/reference split
too, as well as their average. This allows for the
analysis of models’ accuracy in each configuration
on the different references.

By comparing models’ performance on REF-G
and REF-N, we notice a general gap between per-
formance on the first versus the latter, especially
for the label-only prompts. The instances where
the simpler prompts result in higher scores on
REF-G are due to models’ inability to recognize
neutral phrases, which causes them to default to
the GENDERED label(s). This is reflected in their
low scores on REF-N, which ultimately sinks the
overall performance of those prompts shown in
the charts. When guided towards the generation
of richer annotations before providing sentence-
level assessments, the performance of all models
on REF-N improves significantly, with a small im-
pact on REF-G performance. This improvement is
the main driver of the higher overall accuracy.

This behavior reflects the one we noticed and dis-
cussed in 5.2, and confirm models’ tendency to gen-
erate the GENDERED label(s) rather than NEUTRAL
on mGeNTE references as well.
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You are a language expert specializing in evaluating gender neutrality in Italian texts. Your task is to assess each provided
sentence and determine whether it is gendered or neutral.

Guidelines:

1. Identify relevant phrases: carefully analyze the Italian sentence and focus on all phrases that refer to human beings or
groups of human beings, including:
- Noun phrases (e.g., "un’ottima oratrice", "la cittadinanza"),

"y

- Verb phrases (e.g., "¢ molto felice", "ho purtroppo dovuto"),

- Adjective phrases (e.g., "felicemente sposato”, "molto competente").

2. Evaluate gender information: consider only the social gender conveyed by the phrases, not grammatical gender. For
example:
- Phrases like "un oratore", "& molto contento", "tutti i colleghi”, and "i cittadini" are masculine;

- Phrases like "un’oratrice", "¢ molto contenta", "tutte le colleghe", and "le cittadine" are feminine;

- Phrases like "una persona che parla in pubblico”, "¢ molto felice", "tutte le persone con cui lavoro", and "la cittadinanza" do
not express social gender, therefore they must be considered neutral.

3. Assign a label:
- If all references to human beings are gender-neutral, label the sentence as "NEUTRAL".
- If one or more expressions convey a specific masculine or feminine gender, label the sentence as "GENDERED".

Table 6: System message for prompt MONO-L (Italian).

You are a language expert specializing in evaluating gender neutrality in German texts. Your task is to extract target German
phrases that refer to human beings and determine whether each phrase is masculine, feminine, or neutral. Based on the phrases,
assess whether the sentence is gendered or neutral.

Guidelines:

1. Identify relevant phrases: carefully analyze the German sentence and focus on all phrases that refer to human beings or
groups of human beings (e.g., "eine ausgezeichnete Rednerin", "die Biirgerschaft", "Sie").

2. Evaluate gender information: consider only the social gender conveyed by the phrases, not grammatical gender, and assign
a label to each phrase [M/F/N]. For example:

- Phrases like "Ein Redner", "Der Student”, "Der Biirger", and "alle Kollegen" are masculine [M];

- Phrases like "Eine Rednerin", "Die Studentin", "Die Biirgerinnen", and "alle Kolleginnen" are feminine [F];

- Phrases like "Eine referierende Person", "Die Studierenden", "Die Biirgerschaft", and "alle Kollegiumsmitgliedern" do not
express social gender, therefore they must be considered neutral [N].

3. Assign a sentence-level label:
- If all references to human beings are gender-neutral, label the sentence as "NEUTRAL".
- If one or more phrases convey a specific masculine or feminine gender, label the sentence as "GENDERED".

Table 7: System message for prompt MONO-P+L (German).
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You are a language expert specializing in evaluating gender-neutral translation from English into Spanish. Your task is to
assess each provided source-target sentence pair and determine whether the sentence was translated in a correctly gendered,
wrongly gendered, or neutral way.

Guidelines:

1. Identify relevant phrases: carefully read the Spanish sentence and identify all phrases that refer to human beings or groups
of human beings, including:

- Noun phrases (e.g., "una excelente oradora", "la ciudadania"),
- Verb phrases (e.g., "es muy feliz", "lamentablemente tuve que hacerlo"),

- Adjective phrases (e.g., "felizmente casado”, "muy competente").

2. Evaluate gender information: consider only the social gender conveyed by the phrases, not grammatical gender. For
example:
- Phrases like "un orador”, "es muy contento", "todos los colegas”, and "los ciudadanos" are masculine;

- Phrases like "una oradora”, "es muy contenta", "todas las colegas”, and "las ciudadanas" are feminine;

non

- Phrases like "una persona que habla en publico", "es muy feliz", "todas las personas con las que trabajo", and "la ciudadania"
do not express social gender, therefore they must be considered neutral.

3. Assess gender correctness: for each extracted phrase, assess the correctness of the social gender expressed in the Spanish
phrase based on the information available in the source English sentence. Consider that:

- Masculine phrases must correspond to masculine gender cues in English (e.g., he, him, Mr, man) to be considered correct.
- Feminine phrases must correspond to feminine gender cues in English (e.g., she, her, Ms, woman) to be considered correct.
- Neutral phrases do not need to be matched with gender cues in the source to be correct. Note that proper names do not count
as valid gender cues, ignore them.

4. Assign a label to the translation:

- If there are masculine or feminine phrases in the Spanish text and the source contains matching gender cues, label the
sentence as "CORRECTLY GENDERED".

- If there are masculine or feminine phrases in the Spanish text and the source does not contain matching gender cues, label
the sentence as "WRONGLY GENDERED".

- If there are only neutral phrases in the Spanish text, label the sentence as "NEUTRAL".

Table 8: System message for prompt MONO-L (Spanish).
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You are an expert language annotator and evaluator of gender-neutral translation for English-Italian. Your task is to extract
target Italian phrases that refer to human beings, determine whether each phrase is masculine, feminine, or neutral, and assess
if the gender expressed in each phrase is correct with respect to the source. Based on the phrases, determine whether the
sentence was translated in a correctly gendered, wrongly gendered, or neutral way.

Guidelines:

1. Identify relevant phrases: carefully read the Italian sentence and extract all phrases that refer to human beings or groups of
human beings, including:

- Noun phrases (e.g., "un’ottima oratrice", "la cittadinanza"),
- Verb phrases (e.g., "¢ molto felice", "ho purtroppo dovuto"),
- Adjective phrases (e.g., "felicemente sposato”, "molto competente").

2. Evaluate gender information: consider only the social gender conveyed by the phrases, not grammatical gender, and assign
a label to each phrase [M/F/N]. For example:

- Phrases like "un oratore", "¢ molto contento"”, "tutti i colleghi", and "i cittadini" are masculine [M];

- Phrases like "un’oratrice", "¢ molto contenta", "tutte le colleghe", and "le cittadine" are feminine [F];

- Phrases like "una persona che parla in pubblico”, "¢ molto felice", "tutte le persone con cui lavoro”, and "la cittadinanza" do

not express social gender, therefore they must be considered neutral [N].

3. Assess gender correctness: for each extracted phrase, assess the correctness of the social gender expressed in the Italian
phrase based on the information available in the source English sentence [correct/wrong]. Consider that:

- If a phrase is masculine, the English source must contain masculine gender cues (e.g., he, him, Mr, man) for it to be correct.
- If a phrase is feminine, the English source must contain feminine gender cues (e.g., she, her, Ms, woman) for it to be correct.
- If a phrase is neutral, it is always correct, regardless of gender cues in the source. Note that proper names do not count as
valid gender cues, ignore them.

4. Assign a sentence-level label to the translation:

- If there are masculine or feminine phrases in the Italian text and the source contains matching gender cues, label the sentence
as "CORRECTLY GENDERED".

- If there are masculine or feminine phrases in the Italian text and the source does not contain matching gender cues, label the
sentence as "WRONGLY GENDERED".

- If there are only neutral phrases in the Italian text, label the sentence as "NEUTRAL".

Table 9: System message for prompt MONO-P+L (Italian).

en-it \ REF-G \ REF-N \ OVERALL
SYSTEM SPLIT \ @) (] O ¢ \ @) o O ¢ \ O o O ¢
Set-G | 96.38 99.06 99.73 99.33 | 5295 61.66 4.02 83.11|74.67 80.36 51.88 91.22
GPT-40 Set-N | 62.33 89.54 88.34 90.21|89.28 86.73 18.36 90.21|75.81 88.14 53.35 90.21
Overall | 79.36 9430 94.03 94.77 | 71.12 7420 11.19 86.66 | 75.24 84.25 52.61 90.72
Set-G | 99.06 98.93 98.93 99.46|21.18 33.78 1.74 34.45|60.12 66.36 50.34 66.96
Qwen 32B Set-N | 82.71 91.82 93.16 93.70|48.12 5590 898 60.19|65.42 73.86 51.07 76.95
Overall | 90.89 95.38 96.05 96.58 | 34.65 44.84 536 47.32|62.77 70.11 50.71 71.95
Set-G | 100.00 98.79 98.66 98.66 | 1.12 43.70 295 61.93|50.61 71.25 50.81 80.30
Qwen 72B Set-N | 96.65 83.24 87.94 80.56 | 5.76 76.54 11.13 80.29|51.21 79.89 49.54 80.43
Overall | 98.33 91.02 9330 89.61 | 349 60.12 7.04 71.11|5091 75.57 50.17 80.46
Set-G | 98.12 99.33 98.93 99.73|10.05 23.06 0.67 3.24 |54.09 61.20 49.80 66.49
Mistral Small ~ Set-N | 77.88 90.48 95.98 93.97 | 41.55 54.69 5.09 53.75|59.72 72.59 50.54 73.86
Overall | 88.00 9491 97.45 96.85 |25.80 38.88 2.88 43.50|56.90 66.89 50.17 70.17
Set-G | 98.12 99.20 9491 99.06 | 8.58 23.86 6.84 26.68|53.82 61.53 50.88 62.87
DS Qwen 32B  Set-N | 77.88 91.82 86.60 93.57|31.10 47.72 16.16 45.04 | 58.98 69.77 51.88 69.31
Overall | 88.00 95.51 90.75 96.32(19.84 35.79 12.00 35.86|56.40 65.65 51.38 66.09
Set-G 92.76 66.49 79.63
Classifier Set-N 76.81 89.41 83.11
Overall 84.79 77.95 81.37

Table 10: Accuracy of all models in farget-only English — Italian GNT evaluation on mGeNTE references, including
those of the gender-neutrality classifier (Savoldi et al., 2024b), which acts as a baseline for these experiments.
Instances where models outperform the classifier in a specific data split are underlined. The best-performing settings
for each data split are in bold. The best performing strategy per model and data split is highlighted.
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en-de \ REF-G \ REF-N \ OVERALL
SYSTEM SPLIT| O ® O ¢ | O o 0 ¢ | O o O 14

Set-G | 99.06 99.73 96.38 99.60 | 80.56 78.82 65.28 81.37]89.81 89.28 80.83 90.49
GPT-40 Set-N | 81.10 88.47 66.89 88.47|90.48 9584 9558 9759|8579 92.16 81.24 93.03
Overall | 90.08 94.10 81.64 94.03 | 85.52 87.33 80.43 89.48|87.80 90.72 81.03 91.76

Set-G | 99.73 99.60 95.04 99.73 | 7.64 49.87 38.07 54.69|53.69 74.74 66.56 77.21
Qwen 32B Set-N | 96.65 90.08 6622 84.99 | 13.67 59.52 59.52 76.01|55.16 74.80 62.87 80.50
Overall | 98.19 94.84 80.63 92.36 | 10.66 54.69 48.79 65.35|54.42 7477 64.71 78.86

Set-G | 100.00 99.60 98.66 99.46 | 1.21 62.06 21.31 81.90|50.61 80.83 59.99 90.68
Qwen 72B Set-N | 99.73 82.71 63.00 75.60 | 1.61 86.33 57.77 93.03|50.67 84.52 60.39 84.32
Overall | 99.87 91.15 80.83 87.53 | 1.41 7420 39.54 87.47]50.64 82.68 60.19 87.50

Set-G | 98.12  99.60 96.38 99.46 | 15.55 57.85 33.51 52.82|54.16 69.57 60.12 69.71
Mistral Small ~ Set-N | 79.09 88.47 56.30 94.64|3592 8123 6434 74.66 |57.44 7829 63.14 74.94
Overall | 88.61 94.03 76.34 97.05|25.774 69.55 4893 63.74 |55.80 7393 61.63 72.32

Set-G | 99.73 99.33 91.69 99.60 | 1.47 52.89 19.57 44.64 |50.60 76.11 55.63 72.12
DS Qwen 32B  Set-N | 9598 92.63 70.24 92.63 | 9.52 53.08 54.56 46.18 |52.75 72.86 62.40 69.41
Overall | 97.86 9598 80.97 96.11 | 550 5298 37.06 4541 |51.68 7448 59.0 70.76

Table 11: Accuracy of all models in farget-only English — German GNT evaluation on mGeNTE references. The
best-performing settings for each data split are in bold. The best performing strategy per model and data split is
highlighted.

en-es \ REF-G \ REF-N \ OVERALL
SYSTEM SPLIT | O L O ¢ | O o ¢ ¢ | O o O ¢

Set-G | 98.39 99.73 9571 99.87 |62.33 74.13 62.33 90.75|80.36 86.93 79.02 95.31
GPT-40 Set-N | 70.11 9142 46.38 95.58|86.86 91.02 96.11 94.10 | 78.49 91.22 7125 94.84
Overall | 84.25 9558 71.05 97.72|74.60 82.57 79.22 9243|7943 89.08 75.14 95.08

Set-G | 98.93  99.60 94.10 99.60 | 21.72 33.65 58.71 58.45 |60.33 66.63 76.41 79.03
Qwen 32B Set-N | 83.65 96.25 60.05 96.78 |51.07 52.85 7895 61.39 |67.36 74.55 69.50 79.09
Overall | 91.29 97.29 77.08 98.19|36.39 43.23 68.83 59.62 | 63.84 70.59 7295 7891

Set-G | 100.00 99.73 99.06 99.33 | 1.07 48.66 12.06 65.01 |50.54 7420 55.56 82.17
Qwen 72B Set-N | 9893 8727 57.64 8552 | 3.62 8298 57.37 82.04 |51.28 85.13 57.51 83.78
Overall | 99.46 93.50 78.35 9243 | 235 65.28 34.72 73.53 5091 79.39 56.54 82.98

Set-G | 98.12  99.60 96.38 99.46 | 10.19 39.54 23.86 39.95|54.16 69.57 60.12 69.71
Mistral Small ~ Set-N | 79.09 88.47 5630 94.64 (3579 68.10 69.97 5523 |57.44 7829 63.14 74.94
Overall | 88.61 94.03 76.34 97.05|22.99 53.82 4692 47.59|55.80 73.93 61.63 7232

Set-G | 98.53 9946 83.11 9933 | 576 4035 32.04 5134 |52.15 6991 57.58 7534
DS Qwen 32B  Set-N | 90.75 93.83 61.80 96.51 2279 5295 5094 50.00 |56.77 73.39 56.37 73.26
Overall | 94.64 96.65 7245 97.92 | 14.28 46.65 41.49 50.67 | 5446 71.65 5697 74.30

Table 12: Accuracy of all models in target-only English — Spanish GNT evaluation on mGeNTE references. The
best-performing settings for each data split are in bold. The best performing strategy per model and data split is
highlighted.

Italian | Precision Recall F1
SYSTEM | O [ o ¢ O o O ¢ O o O ¢

Qwen 32B 75.05 73.19 7542 80.03 | 51.62 61.62 7838 74.05|61.17 67.21 76.87 77.29
Qwen 72B 9333 7795 7232 7595 | 7.57 88.38 85.81 89.59|14.00 82.84 78.49 82.21
Mistral Small | 81.22 78.94 7570 78.85 | 52.03 70.41 84.19 72.03 |63.43 74.43 79.72 7528
DS Qwen32B | 73.47 7290 71.60 73.11 | 29.19 51.62 62.70 48.11 | 41.78 60.44 66.86 58.03

| |
| |

GPT-40 7258 8117 4661 80.07 | 9622 93.78 743 95.00 [82.74 87.02 12.82 86.90
| |

Classifier | 79.36 94.05 86.09

Table 13: Precision, recall, and F1 scores of all models in target-only English — Italian GNT evaluation on automatic
GNTs, including those of the gender-neutrality classifier (Savoldi et al., 2024b), which acts as a baseline for these
experiments. Instances where models outperform the classifier are underlined. The best-performing settings are in
bold. The best performing strategy per model is highlighted.
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en-it | REF-G | REF-N | OVERALL
SYSTEM SPLIT | ¢ ¢ | 0 ¢ | O ¢

Set-G | 73.99 84.32| 4.02 83.11|39.01 83.72
GPT-40 Set-N | 34.18 51.88 | 18.36  90.21 | 26.27 71.05
Overall | 54.09 68.10| 11.19 86.66 | 32.64 77.38

Set-G | 94.50 81.23 | 1.74 34.45|48.12 57.84
Qwen 32B Set-N | 14.21 90.32| 898 60.19|11.60 75.26
Overall | 5436 85.78 | 5.36 47.32|29.86 66.55

Set-G | 88.07 9290 | 295 6193|4551 77.42
Qwen 72B Set-N | 15.82 65.82 | 11.13 80.29 | 13.48 73.06
Overall | 51.95 79.36| 7.04 71.11|29.49 7524

Set-G | 7440 68.77 | 0.67 33.42|37.54 51.10
Mistral Small ~ Set-N | 43.30 92.76 | 5.09 53.75|24.20 73.26
Overall | 58.85 80.77 | 2.88 43.59 |30.87 60.74

Set-G | 8525 84.85| 6.84 6.68 |46.05 55.77
DS Qwen 32B  Set-N | 3.62 85.79|17.16 45.04 |10.39 65.42
Overall | 4444 85.32|12.00 35.86|28.22 60.59

Table 14: Accuracy of all models in source-target English — Italian GNT evaluation on mGeNTE source-reference
pairs. The best-performing settings for each data split are in bold. The best performing strategy per model and data
split is highlighted.

en-de | REF-G | REF-N | OVERALL
SYSTEM SPLIT | ¢ ¢ | O ¢ | 0 ¢

Set-G | 59.92 76.54 | 65.28 81.37 | 62.60 78.96
GPT-40 Set-N | 64.21 81.37| 95.58 97.59 | 79.90 89.48
Overall | 62.07 78.96 | 80.43 89.48|71.25 84.22

Set-G | 87.40 85.12 | 38.07 54.69 | 62.74 69.91
Qwen 32B Set-N | 24.53  79.89 | 59.52 76.01 | 42.03 77.95
Overall | 55.97 82.51 | 48.80 65.35|52.38 73.93

Set-G | 66.62 91.42| 21.31 81.90 | 43.97 86.66
Qwen 72B Set-N | 47.99 63.54 | 57.77 93.03 | 52.88 78.29
Overall | 57.31 77.48 | 39.54 87.47|48.42 82.48

Set-G | 77.35 69.80 | 33.51 52.82 5543 61.31
Mistral Small ~ Set-N | 53.62 83.78 | 64.34 74.66 | 58.98 79.22
Overall | 65.49 76.79 | 4893 63.74|57.21 70.27

Set-G | 32.57 87.53| 19.57 44.64|26.07 66.09
DS Qwen 32B  Set-N | 41.29 82.17 | 54.56 46.18 | 47.93 64.18
Overall | 36.93 84.85| 37.07 45.41|37.00 65.13

Table 15: Accuracy of all models in source-target English — German GNT evaluation on mGeNTE source-reference
pairs. The best-performing settings for each data split are in bold. The best performing strategy per model and data
split is highlighted.
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en-es | REF-G | REF-N | OVERALL
SYSTEM SPLIT | ¢ ¢ | 0 ¢ | 0 ¢

Set-G | 67.43 79.09 | 62.33 90.75 | 64.88 84.92
GPT-40 Set-N | 42.76 58.98 |96.11 94.10 | 69.44 76.54
Overall | 55.10 69.04 | 79.22 92.43 | 67.16 80.73

Set-G | 78.15 78.95|58.71 58.45|68.43 68.70
Qwen 32B Set-N | 29.89 94.24 | 78.95 61.39|54.42 77.82
Overall | 54.02 86.60 | 68.83 59.92 | 61.43 73.26

Set-G | 75.20 91.29| 12.06 65.01 | 43.63 78.15
Qwen 72B Set-N | 42.90 72.39|57.37 82.04|50.14 77.22
Overall | 59.05 81.84 |34.72 73.53 | 46.88 77.68

Set-G | 76.14 65.68 | 23.86 39.95 | 50.00 52.82
Mistral Small ~ Set-N | 31.10 92.63 | 69.97 55.23 | 50.54 73.93
Overall | 53.62 79.16 | 23.86 47.59 | 38.74 63.37

Set-G | 43.57 84.05|32.04 51.34|37.81 67.70
DS Qwen 32B  Set-N | 21.98 89.95 | 50.94 50.00 | 36.46 69.98
Overall | 32.78 87.00 | 41.49 50.67 | 37.13 68.84

Table 16: Accuracy of all models in source-target English — Spanish GNT evaluation on mGeNTE source-reference
pairs. The best-performing settings for each data split are in bold. The best performing strategy per model and data
split is highlighted.
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