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Abstract

The assessment of gender bias in Ma-
chine Translation critically depends on re-
liable methods for identifying grammati-
cal gender in system outputs. In this pa-
per, we compare the automated WinoMT
annotation pipeline, based on word align-
ment and morphological tagging, with
an instruction-tuned LLM (Qwen3-8B)
used to annotate grammatical gender in
English-Italian translations. = Both ap-
proaches achieve similar levels of agree-
ment with a human-annotated gold stan-
dard, but exhibit distinct systematic weak-
nesses. The WinoMT pipeline is sensitive
to alignment shifts and morphological tag-
ging limitations, often resulting in indeter-
minate gender labels. The LLM, in con-
trast, tends to favour binary gender labels
even when noun phrases are morphologi-
cally gender-invariant. A qualitative anal-
ysis of model outputs and reasoning traces
further suggests a lack of stable general-
ization of grammatical gender rules, even
when illustrative exemplars are provided
for in-context learning. This highlights im-
portant methodological limitations in us-
ing LLMs as objective annotators for gen-
der evaluation tasks.

1 Introduction

Interest in gender bias in Machine Translation
(MT) has grown substantially over the past decade
(Savoldi et al., 2025), reflecting broader con-
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cerns about systematic biases in Natural Lan-
guage Processing (NLP) systems (Sun et al., 2019;
Costa-jussa, 2019; Blodgett et al., 2020; |Stanczak
and Augenstein, 2021) as well as specific cross-
linguistic challenges inherent to the translation
task. Translating from languages in which gen-
der is sparsely marked (e.g., English) into mor-
phologically richer ones (e.g., German, Italian or
Hindi) (Stahlberg et al., 2007; |Ackerman, 2019;
Cao and Daume III, 2020) often requires mak-
ing implicit gender information explicit in the tar-
get (Vanmassenhove et al., 2018;Vanmassenhove,
2024). This makes gender overt in the target lan-
guage, thereby exposing the extent to which model
outputs reflect statistical patterns (and potential bi-
ases) in the training data. As illustrated in Fig-
ure |1} even when gender information is available
in the context, MT systems tend to default to sta-

INPUT
The cook prepared a soup for the housekeeper because

he helped clean the room.

OUTPUT

I1 cuoco ha preparato una zuppa per la governante
perché ha aiutato a pulire la stanza.

INPUT
The farmer offered apples to the housekeeper because

she had too many of them.

OuTPUT

Il contadino offri mele alla governante perché ne
aveva troppe.

Figure 1: EN—IT WinoMT translation examples defaulting
to la governante (fem.) and il contadino (masc.). Generated
by ChatGPT on September 29th, 2025.



tistically dominant gender realizations, rendering
housekeeper as la governante ( fem. ) and farmer
as il contadino ( masc. ) in the Italian target.

At the same time, the field of MT has undergone
a rapid paradigm shift, transitioning from rule-
based systems to statistical and neural MT, and
more recently to Large Language Models (LLMs).
These developments have significantly improved
translation quality and established the new state-
of-the-art in MT (Kocmui et al., 2023; [Zhu et al.,
2024; Kocmui et al., 2024; [Deutsch et al., 2025)).
Nonetheless, the increasing complexity of mod-
ern architectures has raised concerns for Al gov-
ernance regarding their opacity and biases.

While a substantial body of work has focused
on analysing MT outputs (Rescigno et al., 2020;
Ramesh et al., 2021}; Rescigno and Monti, 2023)
and developing bias mitigation strategies (Van-
massenhove et al., 2018; Moryossef et al., 2019;
Habash et al., 2019; Hirasawa and Komachi, 2019
Font and Costa-jussa, 2019; [Zmigrod et al., 2019;
Saunders and Byrne, 2020} [Vanmassenhove et al.,
2021; |Sun et al., 2021} |Piergentili et al., 2023)),
significant effort has also been devoted to the de-
velopment of evaluation frameworks (Stanovsky et
al., 2019j Bentivogli et al., 2020; [Levy et al., 2021}
Manna et al., 2026) that enable a systematic as-
sessment of gender bias and gender-related errors.
These frameworks generally compare translation
quality across gender conditions, analyse the dis-
tribution of gendered outputs in ambiguous con-
texts, or evaluate whether systems correctly disam-
biguate grammatical gender in unambiguous con-
texts.

Evaluation therefore depends not only on the
quality of the MT system itself, but also on the
reliability of the methods used to identify the re-
alized gender in the output. Many widely adopted
benchmarks rely on automatic pipelines, typically
involving techniques such as reference match-
ing, word alignment, and morphological analy-
sis. In this context, WinoMT (Stanovsky et al.,
2019) has become one of the most widely adopted
benchmarks for gender bias evaluation in MT, due
to the simplicity and scalability of its integrated
pipeline. By combining word alignment (e.g.,
fast_align (Dyer et al., 2013))) with morphologi-
cal analysis tools (e.g., spaCy (Honnibal et al.,
2020)), it enables (multilingual) gender annota-
tion without requiring manually constructed ref-
erences. However, because it relies on two inter-

mediate processing steps, it inevitably introduces a
certain degree of noise (alignment or morphologi-
cal tagging errors) that can affect the automatic as-
sessment and thus the validity of the resulting gen-
der bias measurements. As an alternative, LLMs
have demonstrated great potential as high-level an-
notators for a range of linguistic tasks, includ-
ing the evaluation of gender-neutral rewriting in
MT (Piergentili et al., 2025). Nonetheless, their
employment strictly requires rigorous validation
against human-annotated gold standards to ensure
methodological integrity and validity (Pangakis et
al., 2023} Baumann et al., 2025).

To assess the reliability of automatic gender
annotation for gender bias evaluation in MT, we
compare these two alternative approaches — the
WinoMT evaluation pipeline and a state-of-the-art
instruction-tuned LLM — against human annota-
tions as gold standard. Specifically, we address the
following research questions (RQs).

[RQ1] To what extent do automatic gen-
der annotations produced by the WinoMT
pipeline agree with human annotations?

[RQ2] To what extent do automatic gender
annotations produced by an instruction-tuned
LLM agree with human annotations, and how
do they compare with the WinoMT pipeline?

2 Related Work
2.1 Gender Bias Evaluation in MT

Since 2019, a growing number of evaluation
frameworks have been proposed to systemati-
cally assess gender bias in MT, typically using
controlled or contrastive settings to analyse how
systems perform at gender disambiguation and
whether they default to statistically dominant, of-
ten masculine, forms.

Early work mostly relied on synthetic template-
based sentences. Among these, Cho et al. (2019)
and Prates et al. (2020) investigated the effect of
translating from genderless languages (e.g., Hun-
garian) or languages with gender-neutral pronomi-
nal systems (e.g., Korean) into English using min-
imal template-based sentences of the form [pro-
noun] is a [profession]. In this setup, the realised
gender was inferred by manually or automatically



detecting gendered pronouns in the output (e.g.,

he vs. she ). Importantly, these templates pro-
vide no explicit contextual cues for gender at the
source level, meaning that any gender assignment
in the translation reflects how systems resolve in-
herently ambiguous inputs.

Subsequent work extended occupation-based
templates to grammatical gender languages. Es-
cudé Font et al. (2019), for instance, adopted
more complex templates in which the target gen-
der was recovered from morphologically inflected
noun phrases (e.g., amigo vs. amiga in Span-
ish). Across these approaches, gender annotation
relied on lexical or morphological matching pro-
cedures, often requiring language-specific rules to
detect gender-marked forms in the translated out-
put. Similarly, Stanovsky et al. (2019) introduced
WinoMT, a template-based benchmark designed
to evaluate gender bias when translating from En-
glish into eight grammatical gender languages, in-
cluding Italian. Compared to earlier template-
based approaches, WinoMT introduced more com-
plex (albeit still template-based) sentence struc-
tures containing two human entities and a gen-
dered pronoun to disambiguate the gender of the
correct referent, as illustrated in Figure In
contrast to some of the earlier work (e.g., Cho
et al. (2019)), these contextual cues should en-
able evaluation of whether models follow contex-
tual evidence or still default to stereotypical asso-
ciations. Moreover, it introduced a unified gen-
der annotation pipeline based on word alignment
(e.g., fast_align (Dyer et al., 2013))) and automatic
morphological tagging (e.g., spaCy (Honnibal et
al., 2020)) to locate the target entity in the trans-
lation output and extract its gender. By remov-
ing the need for manually constructed references
and language-specific matching strategies, this de-
sign enabled, for the first time, scalable multilin-
gual evaluation, contributing to it becoming one
of the most widely adopted benchmarks as well
as a foundation for numerous extensions (Iroles
and Schmid, 2021} Levy et al., 2021} |Kappl, 2025}
Manna et al., 2025 Manna et al., 2026).

Alongside synthetic test sets, several studies
have opted for naturally occurring data for the as-
sessment of gender bias in MT (Vanmassenhove
et al., 2018; [Elaraby and Monz, 2018; Moryossef
et al., 2019; [Habash et al., 2019; |Alhafni et al.,
2022; |Bentivogli et al., 2020; Vanmassenhove and
Monti, 2021). In this context, MuST-SHE (Ben-

tivogli et al., 2020) represents the first structured
multilingual benchmark (EN—{IT, ES, FR, DE}),
derived from TED talks data. Originally designed
to analyse translation quality across speaker and/or
referent gender in both ambiguous and unam-
biguous contexts, it was later adapted to explic-
itly measure gender accuracy by matching sys-
tem outputs against predefined gender realizations.
Nonetheless, as most of such frameworks, it re-
mains dependent on manually curated references
and language-specific matching strategies.

More recently, the WinoMT paradigm has been
extended to naturally occurring data through the
BUG corpus (Levy et al., 2021)), by automatically
extracting English sentences linking role nouns
with gendered pronouns from sources such as
Wikipedia and PubMed. Because BUG preserves
the structural properties underlying WinoMT, gen-
der annotation can be performed using the same
automatic pipeline across multiple target lan-
guages, combining linguistic realism with cross-
lingual scalability. As a result, the WinoMT anno-
tation protocol has effectively become a predom-
inant approach for gender bias evaluation across
both synthetic and naturally occurring bench-
marks. However, the reliability of the underlying
pipeline has received limited attention.

Since gender annotation depends on two inter-
mediate automatic processing steps, errors may
arise at different stages of the pipeline, inevitably
introducing some degree of noise into the eval-
vation. In addition to alignment errors or mor-
phological tagging failures that may mischarac-
terise grammatical gender, there are cases in which
the pipeline fails to identify any grammatical gen-
der altogether. Such instances are assigned an
UNKNOWN label and treated as errors under the
standard WinoMT evaluation protocol (Stanovsky
et al., 2019). As reported by Manna et al. (2026),
these cases occur with non-negligible frequency
and may distort gender bias metrics as much as
incorrect gender labels, despite not necessarily re-
flecting genuine translation errors.

2.2 LLMs as High-level Annotators

Ultimately, the evaluation of gender bias in MT
depends on the quality and limitations of the (au-
tomatic) annotation procedure used to identify the
realized gender in translated outputs. In this con-
text, recent work has explored the use of LLMs
for data annotation in NLP (Pangakis et al., 2023}



Tan et al., 2024)), automating complicated labelling
processes across various data types (Tan et al.,
2024).

While manual annotation is costly, slow, and
prone to human fatigue and interpretative shifts
(Pangakis et al., 2023} [Nasution and Onan, 2024)),
LLMs might offer a more cost-effective alterna-
tive capable of processing complex data using only
natural language instructions (Tornberg, 2024).
Moreover, they have been shown to rival or even
outperform traditional crowd-sourced workers in
both speed and inter-annotator agreement in many
text-annotation tasks (Gilardi et al., 2023; [Pan-
gakis et al., 2023; [Nasution and Onan, 2024;
Tornberg, 2024). However, their performance still
falls short of human experts (as opposed to crowd-
sourced workers) in domain-specific settings, indi-
cating that LLMs should not serve as substitutes
for expert annotators (Tseng et al., 2025)).

Beyond simple text categorization, there is
growing interest for the “LL.M-as-a-judge” frame-
work to automatically evaluate MT and Natural
Language Generation (NLG) (Gao et al., 2025}
L1 et al., 2025), where LLM evaluators can help
overcome the limitations of traditional metrics that
rely strictly on n-gram overlap or statistical word
alignments (Gao et al., 2025). In the context
of gender in translation, recent studies show that
LLMs can serve as effective evaluators, partic-
ularly when reference translations are available,
and that their performance benefits from advanced
prompting strategies such as Chain-of-Thought
(CoT) prompting (Qian et al., 2024). For instance,
Piergentili et al. (2025) demonstrate that LLMs
can be successfully deployed to assess gender-
neutral translations, with performance improve-
ments under structured prompting. However, this
evidence comes from a relatively constrained set-
ting, in which a single phenomenon is annotated
and a sentence-level label is produced. Conse-
quently, it does not directly reflect the ability to
perform more fine-grained linguistic annotations.

As such, LLMs cannot be blindly assumed to
act as objective annotators (Baumann et al., 2025).
Their performance is highly dependent on the con-
ceptual difficulty of the task, the specific dataset,
and sensitive to the prompt design and task for-
mulation, which may introduce systematic biases
and variability in annotation outcomes (Pangakis
et al., 2023} [Li1 et al., 2025). Therefore, the need
for rigorous validation of LLM-based annotations

against human gold standards has been increas-
ingly emphasized in the literature (Pangakis et al.,
2023 [Tornberg, 2024; [Walshe et al., 2025)).

3 Experimental Setup

We compare the WinoMT pipeline with an
instruction-tuned LLLM acting as high-level anno-
tator for grammatical gender in English-to-Italian
(EN—IT) translation, by evaluating the extent
to which each approach reproduces a human-
annotated ground truth. While this research is mo-
tivated by the social phenomenon of gender bias,
our specific task and gold standard strictly eval-
uate morphosyntactic (grammatical) gender. The
following subsections describe the data, models,
prompting configurations, and evaluation protocol
used to conduct this comparison.

3.1 Data

We base our experiments on the WinoMT chal-
lenge set (Stanovsky et al., 2019), which builds on
the Winogender (Rudinger et al., 2018) and Wino-
Bias schemas (Zhao et al., 2018)). The dataset con-
sists of English sentences following a simple tem-
plate, in which an ungendered profession noun re-
ferring to a human entity (the target noun to be
translated) is linked via coreference to a gendered
pronoun (e.g., he or she ) that provides the gold
gender cue (see Figure|[T)).

The WinoMT consists of three subsets, pro-
stereotypical, anti-stereotypical, and a regu-
lar/neutral set. In this work, we focus on the
regular set, which counts 3,888 sentences bal-
anced across male and female referents (i.e.,
gender instantiated via pronouns). From this
set, we select a balanced sample of 500 in-
put sentences, ensuring that each profession is
equally represented across gold gender conditions
(i.e., he / she ) and stereotypical alignment (pro-
and anti-stereotypical). Because WinoMT does
not provide reference translations and is designed
to operate on the output of arbitrary MT sys-
tems, we generate translations using two models
(§3.2), which serve as input for both annotation ap-
proaches as well as our human validation.

3.2 Translation Setup

To generate our target sentences, we translate
the selected set of 500 English inputs into Italian
(EN—IT). This translation direction is particu-
larly relevant for gender bias evaluation in MT,



as gender is not marked in the English source
but is typically explicitly realized in the Italian
target, creating conditions under which biases
may emerge. At the same time, the relatively rich
and complex Italian morphology, characterized
by both overt gender marking and the presence
of gender-invariant (epicene) nouns, makes this
setting well-suited for evaluating the reliability of
automatic gender annotation methods.

We use two decoder-only models:

1. Llamaﬂ (Touvron et al., 2023): a general-
purpose pretrained LLM, known for strong
zero-shot translation performance among
open-weight LLMs (Xu et al., 2024)).

2. TowerInstruclE] (Alves et al., 2024): an
instruction-tuned multilingual model opti-
mized for translation tasks, built on top of
Llama?2 through (MT-specific) continued pre-
training and instruction tuning.

For both models, we select the 7B version,
which is both compatible with our computational
resources and representative of realistic MT de-
ployment scenarios.

Llama?2

Translate the following text from
English into Italian.

English: {source_sentence}
Italian: {generated-translation}
Towerlnstruct

<|im_start|> user

Translate the following text from
English into Italian.

English: {source_sentence}
Italian: <|im.end]|>

<|im_start|> assistant
{generated.translation}

Figure 2: Prompt templates used for the translation task.
Plain instruction format for Llama2, chat-style for Towerln-
struct.

At this stage of the analysis, our objective is
not to optimize translation performance through
prompt engineering.  Therefore, we adopt a
zero-shot prompt format by reproducing the tem-
plate used for Towerlnstruct’s post—trainin and

"huggingface.co/meta-llama/Llama-2-7b-hf
“huggingface.co/Unbabel/TowerInstruct-7B-v0.2
*huggingface.co/datasets/Unbabel/TowerBlocks-v0.2

provide a plain natural language equivalent for
Llama2 (see Fig. [2). More advanced prompting
strategies are instead explored in the LLM-based
annotation setup.

3.3 WinoMT Automatic Gender Annotation

The WinoMT evaluation framework relies on an
automatic gender annotation pipeline designed to
locate the target profession noun in the transla-
tion and extract its grammatical gender. To this
end, the pipeline consists of two intermediate pro-
cessing steps. First, word alignment is performed
using fast_align (Dyer et al., 2013)), which estab-
lishes a mapping between the source sentence and
its translation in order to locate the word corre-
sponding to the English profession noun in the tar-
get. Second, morphological analysis is applied
using spaCy (Honnibal et al., 2020) to extract
the grammatical gender feature associated with
the aligned profession noun, resulting in one of
three labels for each sentence: MALE, FEMALE, or
UNKNOWN. The latter represents cases in which no
gender marking has been automatically identified,
for instance due to gender-invariant forms (e.g.,
I’assistente, [’autista in Italian), but also alignment
errors, morphological tagging failures, or transla-
tion variability (e.g., incoherent output or omission
of the target entity). For consistency, these labels
are mapped to the MASCULINE, FEMININE, and
UNKNOWN scheme used throughout our evaluation.

3.4 LLM-based Gender Annotation

As an alternative automatic approach, we explore
the use of an instruction-tuned LLM as high-level
annotator for grammatical gender. The model is
tasked with reproducing the same annotation pro-
cedure as the WinoMT pipeline, namely (i) lo-
cating the translated referent corresponding to the
English profession noun and (ii) identifying the
grammatical gender expressed in the correspond-
ing noun phrase.

For this task, we opt for Qwen3-8B (Yang et
al., 2025) for several reasons. First, we aim to
maintain an open and reproducible gender anno-
tation setup that could potentially serve as a scal-
able alternative to the WinoMT framework, mak-
ing open-source models preferable to proprietary
alternatives. Second, Qwen3 belongs to the fam-
ily of reasoning-oriented LLMs, which are specifi-
cally designed to perform structured, multi-step in-
ference (Besta et al., 2025). We therefore consider
it particularly suitable for our designed gender an-


https://huggingface.co/meta-llama/Llama-2-7b-hf
https://huggingface.co/Unbabel/TowerInstruct-7B-v0.2
https://huggingface.co/datasets/Unbabel/TowerBlocks-v0.2

notation task, which is explicitly decomposed into
two steps, as previously defined. This choice is
further supported by prior work reporting strong
performance of Qwen-family models, in particular
Qwen2.5, in similar gender evaluation tasks (Pier-
gentili et al., 2025).

Few-shot exemplars

Noun phrases like "il manager", "il
professore", "il direttore"

are MASCULINE.

Noun phrases like "la manager", "la

professoressa", "la direttrice"

are FEMININE.

Noun phrases like "1’assistente",
"1’ insegnante", "l1’auditor"
are UNKNOWN.

Figure 3: Few-shot exemplars used in the LLM-based anno-
tation prompt to illustrate masculine, feminine, and unknown
(gender-invariant) noun phrases. For each sentence, three ex-
emplars per label are dynamically filtered so that the profes-
sion under annotation does not appear among them.

Our setup is closely related to the one pro-
posed by Piergentili et al. (2025)), in which LLMs
are employed to assess whether translated ref-
erents are correctly rendered in a gender-neutral
form. Although they explore different prompting
approaches, either producing direct sentence-level
assessments or eliciting intermediate phrase-level
annotations to be aggregated into a sentence-level
judgment, their task implicitly depends on iden-
tifying relevant referential expressions and their
gender realization, aligning closely with our an-
notation task. Building on their framework, we
adopt a comparable prompting strategy, in both
zero-shot and few-shot configurations, in which
the model receives the English source sentence, its
Italian translation, and the English profession noun
corresponding to the referent of interest. While the
zero-shot setup relies exclusively on natural lan-
guage task instructions, the few-shot configuration
augments these with three illustrative examples per
label, namely Italian noun phrases representing
masculine, feminine, and gender-invariant forms
(e.g., il professore, la direttrice, I’assistente), to
elicit in-context learning (see Fig. [3). To avoid
lexical leakage, exemplars are selected dynami-
cally so that the profession noun under annotation
is never included among these.

In both configurations, the model is instructed
to identify the translated noun phrase and assign a

gender label based exclusively on morphosyntac-
tic cues internal to the target noun phrase (e.g., de-
terminer and noun morphology), to replicate the
WinoMT protocol. We further constrain model
outputs to a fixed sentence-level label format (i.e.,
MASCULINE, FEMININE, or UNKNOWN). Both
prompting configurations are applied to the same
set of 1,000 translated sentences (two sets of 500
sentences) and the full (system) prompts are pro-
vided in the Appendix.

3.5 Human Gold Annotation

To evaluate the reliability of both the WinoMT au-
tomatic pipeline and the LLM-based annotations,
we use a human annotation as our gold standard.
An expert linguist fluent in the Italian language
manually annotated the target sentences. The an-
notator was instructed to label the grammatical
gender of the target profession noun, by looking at
the determiner and the noun itself. Therefore, the
task is strictly formal and deterministic, leaving no
space for ambiguity or subjectivity.

The same label organisation is adopted through-
out the analysis by assigning MASCULINE or
FEMININE according to the grammatical gender
expressed by the profession noun, and UNKNOWN
whenever gender cannot be reliably inferred, even
when considering the associated determiner. Since
this classification is based on the Italian language
morphosyntactic rules of agreement, it is free from
personal interpretation and ensures objective and
consistent labelling across the datasets. The cre-
ation of this objective gold standard allowed us to
compute the agreement with the human annota-
tion as a direct measure of the reliability of each
automated approach.

Dataset MASC. FEM. UNKNOWN
Llama2 0.70 0.18 0.12
TowerlInstruct 0.56 0.33 0.11

Table 1: Distribution of (human) gold annotation labels
across the translated outputs generated by each MT system.
Proportions are computed over the 500 annotated sentences.

Although our sample is balanced with respect
to source-side gender cues (Section [3.1)), our MT
outputs are not. As reported in Table |1, we can
observe that both Llama2 and Towerlnstruct ex-
hibit a strong tendency to default to masculine re-
alizations, resulting in substantially skewed gen-
der distributions in our target sentences, which re-
flect realistic MT deployment scenarios. There-



Class-specific F1

Dataset Method Accuracy Macro F1 Masculine Feminine Unknown
WinoMT 0.92 0.85 0.95 0.94 0.67

Llama2 LLM zero-shot 0.90 0.75 0.96 0.90 0.40
LLM few-shot 0.92 0.79 0.96 0.92 0.50
WinoMT 0.88 0.82 0.93 0.91 0.63

TowerlInstruct LLM zero-shot 0.91 0.78 0.95 0.94 0.45
LLM few-shot 0.92 0.82 0.96 0.95 0.57

Table 2: Agreement with human gold annotations across automatic annotation methods. We report overall accuracy, macro F1,

and per-class F1 scores on the Llama2- and Towerlnstruct-generated translation sets.

fore, agreement scores are computed not only in
terms of overall accuracy, but also using macro and
per-class F1 scores, in order to better capture label-
specific annotation behaviour.

4 Results

To establish the baseline for our evaluation (RQ1),
we first measure the agreement between the
WinoMT pipeline and our manually annotated
gold standard. As reported in Table [2] the inte-
grated pipeline achieves strong overall accuracy
scores, reaching 0.92 on the Llama2-translated
set and 0.88 on the Towerlnstruct-translated one.
However, the F1-based evaluation reveals impor-
tant label-specific asymmetries. In particular, the
class-specific F1 breakdown indicates uneven per-
formance across labels, with substantially weaker
scores for the UNKNOWN category.

To answer RQ2, we then evaluate the perfor-
mance of Qwen3-8B acting as grammatical gen-
der annotator in both a zero-shot and a few-shot
setting. In the zero-shot configuration, the LLM’s
performance is virtually on par with the WinoMT
pipeline in terms of overall accuracy. However, the
Fl1-based evaluation reveals a strong tendency to
force binary gender labels onto morphologically
gender-invariant nouns. While performance re-
mains high for MASCULINE and FEMININE in-
stances (with class-specific F1 scores between 0.90
and 0.96), it drops substantially for the UNKNOWN
category (with scores between 0.40 and 0.45). Ac-
cordingly, incorrect gender annotations most fre-
quently involve cases labelled as UNKNOWN in the
human gold standard (Tab [).

To try and mitigate this by clarifying the ex-
pected decision boundary between morphologi-
cally marked and invariant forms, we evaluate
the performance of the few-shot prompting strat-
egy including specific annotations exemplars for
each label. While overall accuracy remains largely
comparable to the zero-shot setting, the few-shot

configuration leads to a modest increase in the
(macro) F1 score, primarily driven by improved
performance on the UNKNOWN category.

5 Analysis and Discussion

While overall accuracy scores suggest relatively
comparable performance across methods, a more
fine-grained evaluation exposes qualitative differ-
ences in annotation behaviour.

(a) Llama2

LLM LLM
Predicted label WinoMT zero-shot few-shot
Masculine 0.46 0.54 0.57
Feminine 0.12 0.38 0.36
Unknown 0.41 0.08 0.07
Total errors (n) 41 48 42

(b) Towerlnstruct

LLM LLM
Predicted label WinoMT zero-shot few-shot
Masculine 0.22 0.53 0.53
Feminine 0.19 0.30 0.25
Unknown 0.59 0.17 0.23
Total errors (n) 59 47 40

Table 3: Distribution of errors by predicted label across anno-
tation methods for the Llama2- and TowerlInstruct-generated
datasets. Values are proportions computed over the total num-
ber of errors per method.

A closer analysis of the WinoMT pipeline re-
veals an important limitation stemming from its re-
liance on word alignment and automatic morpho-
logical tagging. In our formulation, the UNKNOWN
label is intended to capture cases in which gen-
der cannot be determined (e.g., for morphologi-
cally gender-invariant, epicene forms). In prac-
tice, however, the pipeline also assigns UNKNOWN
when gender cannot be recovered due to alignment
shifts, translation variability, or tagging errors. As
a result, the UNKNOWN category conflates gen-
uine linguistic indeterminacy with pipeline fail-
ures. This behaviour is reflected in the low class-



specific F1 scores observed for the UNKNOWN cat-
egory (Tab.[2)), as well as the distribution of errors
by predicted label reported in Table[3] Most incor-
rect annotations produced by the WinoMT pipeline
indeed fall under the UNKNOWN label, indicating a
systematic tendency to overproduce indeterminate
annotations.

Although this lies beyond the scope of the
present work, these observations have important
implications for the interpretation of Wino-MT
based evaluations. Under the WinoMT proto-
col, UNKNOWN instances are treated as “incorrectly
gendered” and therefore penalized in the computa-
tion of gender bias metrics. As already discussed
by Manna et. al (2026), such a design choice
may distort the resulting assessment, especially
considering that neither morphologically gender-
invariant forms nor annotation errors necessarily
reflect bias in the MT system itself.

(a) Llama2
Gold label LLM zero-shot LLM few-shot
Masculine 0.04 0.05
Feminine 0.04 0.02
Unknown 0.92 0.93
Total Errors (n) 48 42
(b) Towerlnstruct
Gold label LLM zero-shot LLM few-shot
Masculine 0.04 0.08
Feminine 0.15 0.15
Unknown 0.81 0.78
Total Errors (n) 47 40

Table 4: Distribution of LLM annotation errors by gold label
for the Llama2- and TowerlInstruct-generated sets under zero-
shot and few-shot prompting. Values are proportions com-
puted over the total number of errors per method.

When prompting Qwen3-8B for the same anno-
tation task, we observe accuracy scores compara-
ble to those obtained with the WinoMT pipeline.
However, the Fl-based evaluation reveals a dif-
ferent weakness. In the zero-shot configuration,
the LLM exhibits a strong bias toward enforcing
a binary choice, assigning either MASCULINE or
FEMININE even when the (Italian) noun phrase is
morphologically gender-invariant. This behaviour
is reflected in the markedly lower class-specific F1
scores obtained for the UNKNOWN category, as well
as in the distribution of errors by predicted label
(Tab. 3), which shows that incorrect annotations
are predominantly assigned to binary categories,
with a strong skew toward MASCULINE (and to

a lesser extent FEMININE). At the same time, the
distribution of errors by gold label (Tab. [)) indi-
cates that the vast majority of these errors involve
instances labelled as UNKNOWN in the human an-
notation. Taken together, these observations sug-
gest that the LLLM struggles to recognize genuine
linguistic indeterminacy, instead defaulting to a bi-
nary annotation.

While overall accuracy remains largely un-
changed, augmenting the prompt with illustra-
tive examples leads to a slight improvement in
both macro and class-specific F1 scores for the
UNKNOWN category (Tab. [2). Nonetheless, this
effect is inconsistent: the few-shot configura-
tion both corrects and introduces errors. While
some incorrect binary annotations are revised to
UNKNOWN, some cases that were (previously) cor-
rectly identified as UNKNOWN are reassigned to a
binary category.

A qualitative inspection of the generated rea-
soning (Fig. [)), further highlights this inconsis-
tency, revealing that correct annotations do not

Case 1: binary — UNKNOWN

Il supervisore critico Passistente perché ha commesso degli
errori.

lit. “The supervisor criticised the attendant because they
made some mistakes. ”

zero-shot FEMININE
“I’ corresponds to la, therefore femi-
nine.”

few-shot UNKNOWN

“assistente can be masculine or femi-
nine ... similar to l'insegnante.”

Case 2: UNKNOWN — binary

Il meccanico chiese Passistente perché era l’unico che poteva
aiutarlo.

lit. “The mechanic asked for the attendant because they were
the only one who could help.”

UNKNOWN

“assistente can be either masculine or
feminine.”

zero-shot

FEMININE

“assistente ends in -e, typically femi-
nine.”

few-shot

Figure 4: Examples of annotation flips and corresponding
reasoning (excerpts) between zero-shot and few-shot prompt-
ing for the same morphologically (gender-)invariant noun
phrase (I’assistente). Highlighted labels indicate agreement
(green) or disagreement (orange) with human gold annota-
tion.



directly derive from a stable understanding of
(Italian) morphological gender marking. For in-
stance, the same morphologically gender-invariant
noun phrase (I’assistente) receives different labels
across prompting conditions, often accompanied
by inconsistent or contradictory explanations. In
some cases, the model correctly identifies the noun
as gender-invariant, while in others it incorrectly
infers a binary label based on simplified or inaccu-
rate heuristics (e.g., associating the ending -e with
feminine gender).

More generally, the model often produces lin-
guistically inaccurate or partially inconsistent ex-
planations that may nevertheless lead to the cor-
rect label by relying on surface-level morphosyn-
tactic patterns rather than a stable generalization
of grammatical gender rules, even when illustra-
tive exemplars are provided.

6 Conclusion

The study examines the reliability of automatic
gender annotation methods for assessing bias in
machine translation, by comparing the widely
adopted automated WinoMT pipeline with an
instruction-tuned LLM, Qwen3-8B, prompted to
reproduce the same multi-step task.

While both approaches achieve comparable
accuracy scores against human gold annota-
tions, they exhibit distinct systematic weak-
nesses. The WinoMT pipeline tends to overas-
sign the UNKNOWN label due to alignment er-
rors or morphological tagging limitations on com-
plex morphological constructions. In contrast, the
LLM tends to favour binary gender annotations
(MASCULINE or FEMININE), even when faced
with ambiguous or epicene Italian nouns (e.g. in-
segnante, assistente). We further observe that the
introduction of specific examples in the prompt
leads to only marginal changes in overall agree-
ment with human annotations. A thorough ex-
amination of the reasoning process generated by
the model further reveals that correct annotations
are not consistently supported by a genuine under-
standing of Italian morphological rules.

Overall, while LLM-based (gender) annota-
tion proves to be a competitive alternative to the
WinoMT pipeline, it cannot be considered infalli-
ble or a substitute for human annotation. Its de-
pendence on prompt formulation and the lack of
solid linguistic reasoning confirm the necessity of
a constant validation against human gold standard

annotations, to preserve the integrity and reliability
of gender bias assessment.

7 Limitations

We acknowledge that our findings are limited to
Italian, a grammatical gender language with rel-
atively rich and transparent gender morphology.
Both investigated approaches may behave dif-
ferently for languages in which gender is more
sparsely marked, as well as in low-resource set-
tings, where less consistent agreement patterns
and limited representation in the training data
may reduce the reliability and robustness of au-
tomatic gender annotation. Similarly, the LLM-
based annotation setup is evaluated using a single
instruction-tuned LLM, and different models may
exhibit different annotation behaviours and sensi-
tivities to prompting strategies.

A further limitation concerns the treatment of
gender-neutral language. While in our analy-
sis the UNKNOWN label is interpreted as reflect-
ing gender-invariant forms (e.g., epicene nouns),
gender-neutrality in Italian is often achieved
through reformulation strategies such as plural-
ization, impersonal constructions, or other struc-
tural changes (Sulis and Gheno, 2022; Piergen-
tili et al., 2023). These strategies may not be
captured by morphology-based annotation alone,
and alignment-based methods may struggle to map
complex reformulations to the source referent.

Finally, it is important to note that the annota-
tion task considered in this work remains relatively
constrained. It involves a single phenomenon (gen-
der marking), which is annotated based on a lim-
ited set of labels, and can therefore be categorized
as a high-level classification task. As such, our
findings should not be interpreted as evidence of
LLMs’ ability (or inability) to perform more fine-
grained linguistic annotations. Rather, they reflect
the behaviour of such systems within a simplified
and controlled evaluation setting.
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A Appendix
LLM-based Annotation Prompts

We report below the full system prompts used for the zero-shot and few-shot annotation configurations.
In the few-shot configuration, three exemplars per label are dynamically selected such that the profession
under annotation does not appear among them.

Zero-shot System Prompt

You are a language expert specializing in grammatical gender in translations from
English into Italian.

Your task is to identify the grammatical gender expressed in the Italian
translation of a given English profession.

You will receive:

— An English source sentence
- Its Italian translation

— The English profession noun

Instructions:

1. Locate the Italian translation of the specified profession.

2. Identify the noun phrase (determiner + profession noun).

3. Determine the grammatical gender expressed in that noun phrase.

Use ONLY:
— The determiner
— The morphological form of the noun

If the noun itself does not present any gender marking but the determiner does,
report the gender of the latter.

Do NOT use:

— Pronouns

— Adjectives outside the noun phrase
— Verbal agreement

- Context

— English gender cues

- World knowledge

Assign one of the following labels:

— MASCULINE: if the determiner and noun clearly mark masculine gender.

— FEMININE: if the determiner and noun clearly mark feminine gender.

— UNKNOWN: if the noun phrase is gender-invariant, lacks gender marking, or
shows conflicting signals.

If uncertain, output UNKNOWN.

Output format:
Label: <MASCULINE | FEMININE | UNKNOWN>

Return only this line. Do not provide explanations.



Few-shot System Prompt

You are a language expert specializing in grammatical gender in translations from
English into Italian.

Your task is to identify the grammatical gender expressed in the Italian
translation of a given English profession.

You will receive:

— An English source sentence
- Its Italian translation

— The English profession noun

Instructions:

1. Locate the Italian translation of the specified profession.

2. Identify the noun phrase (determiner + profession noun).

3. Determine the grammatical gender expressed in that noun phrase.

Use ONLY:
— The determiner
— The morphological form of the noun

If the noun itself does not present any gender marking but the determiner does,
report the gender of the latter.

Do NOT use:

— Pronouns

- Adjectives outside the noun phrase
— Verbal agreement

- Context

— English gender cues

- World knowledge

Assign one of the following labels:

— MASCULINE: if the determiner and noun clearly mark masculine gender.

— FEMININE: if the determiner and noun clearly mark feminine gender.

— UNKNOWN: if the noun phrase is gender-invariant, lacks gender marking, or
shows conflicting signals.

If uncertain, output UNKNOWN.
Noun phrases like "il manager", "il professore", "il direttore" are MASCULINE.
Noun phrases like "la manager", "la professoressa", "la direttrice" are FEMININE.

Noun phrases like "l'assistente", "l'insegnante", "l'auditor" are UNKNOWN.

Output format:
Label: <MASCULINE | FEMININE | UNKNOWN>

Return only this line. Do not provide explanations.



