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Abstract

Unlike text, speech conveys information about the speaker, such as gender, through acoustic cues like pitch. This
gives rise to modality-specific bias concerns. For example, in speech translation (ST), when translating from
languages with notional gender, such as English, into languages where gender-ambiguous terms referring to the
speaker are assigned grammatical gender, the speaker’s vocal characteristics may play a role in gender assignment.
This risks misgendering speakers—whether through masculine defaults or vocal-based assumptions—yet how
ST models make these decisions remains poorly understood. We investigate the mechanisms ST models use
to assign gender to speaker-referring terms across three language pairs (en—es/fr/it). To do so, we examine
how training data patterns, internal language model (ILM) biases, and acoustic information interact. We find that
models do not simply replicate term-specific gender associations from training data, but learn broader patterns of
masculine prevalence. While the ILM exhibits strong masculine bias, models can override these preferences based
on acoustic input. Using contrastive feature attribution on spectrograms, we reveal that the model with higher gender
accuracy relies on a previously unknown mechanism: using first-person pronouns to link gendered terms back to
the speaker, accessing gender information distributed across the frequency spectrum rather than concentrated in pitch.
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1. Introduction

Improved speech technology has made voice a
popular modality to interact with Al systems, with
applications like live translation through earphones
now widely available (Chen, 2025). Unlike text,
speech conveys information beyond linguistic con-
tent: vocal characteristics like pitch and pronuncia-
tion provide cues about the speaker’s sociodemo-
graphic attributes, including gender, age, race, and
social class (Labov, 1964; Thomas, 2010; Kraus
et al., 2017; Simpson, 2009). This raises modality-
specific concerns about social bias, as systems
may perform differently across groups defined by
these acoustic characteristics (Koenecke et al.,
2020; Cercas Curry et al., 2024).

One example of these modality-specific concerns
is the manifestation of gender bias when translating
speech input compared to text input. When trans-
lating from languages with limited gender marking
like English to languages with overt gender distinc-
tions like Spanish, French, and ltalian, systems as-
sign grammatical gender to ambiguous terms. For
example, when translating “/ have become a stu-
dent” to ltalian, the verb form for “become” is gram-

matically gendered, leading the model to choose
between “diventata™” (feminine) and “diventato”™
(masculine). In text-based machine translation
(MT), systems typically default to masculine forms
or make assumptions based on gender stereotypes
(Prates et al., 2018; Stanovsky et al., 2019; Mas-
tromichalakis et al., 2025). Speech translation (ST)
systems can exhibit similar patterns, but they also
have access to vocal characteristics, such as pitch,
that could be used as proxies for the speaker’s
gender when translating terms that refer to them
(Bentivogli et al., 2020), as in the example above.

However, whether and how ST models use
acoustic information for gender assignment re-
mains poorly understood. While interpretability
methods have been used to better understand gen-
der bias in MT (Vanmassenhove et al., 2019; Wis-
niewski et al., 2022; Attanasio et al., 2023; Manna
et al., 2025), research on the mechanisms under-
lying gender assignment in ST is scarce (Xu et al.,
2023; Fucci et al., 2025; Yang et al., 2025). This
gap is critical: without understanding how models
make these ethically sensitive decisions, develop-
ing targeted mitigation for gender bias becomes
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significantly more challenging.

To investigate the mechanisms ST models use
to assign gender to speaker-referring terms, we
start from the common assumption that attributes
gender bias to training data imbalances (Tatman,
2017; Garnerin et al., 2019; lluz et al., 2023; Mas-
tromichalakis et al., 2025). This leads to our first
research question: (i) What is the influence of
gender associations learned from the training
data? We address this by comparing model predic-
tions with gender frequencies in the training corpus
(§6). Finding that models do not simply replicate
term-specific patterns motivates us to investigate
the broader factors driving gender assignment in
ST models. For this, we conceptually divide the ST
model into two components: the encoder, which
processes the input audio and may extract acous-
tic cues from it, and the decoder, which autore-
gressively predicts the next token based on both
the encoder’s representation of the audio and the
previously generated tokens. First, we study the
decoder’s contribution by removing encoder infor-
mation, thus isolating the ST system’s internal lan-
guage model (ILM) (Variani et al., 2020; Meng et al.,
2021; Zeineldeen et al., 2021). Through this, we
aim to answer the question (ii) What is the impact
of the model’s learned knowledge of the target
language and a priori assumptions about gen-
der on predictions? Following this analysis (§7),
we turn to assessing the role of the source audio:
(iii) What aspects of the input audio does the
model use to assign gender to speaker-referring
terms? Does it rely primarily on pitch, a key acous-
tic correlate of perceived gender? We study this
through contrastive feature attribution over input
spectrograms (§8).

The findings of our analysis across three lan-
guage pairs (en—es/fr/it) challenge common as-
sumptions about how ST systems perform gen-
der assignment. The models we study do not sim-
ply replicate term-specific associations from train-
ing data, but learn broader patterns of masculine
prevalence. While the ILM exhibits masculine bias,
models can override these preferences. Moreover,
they use first-person pronouns to link the gendered
term back to the speaker, accessing vocal cues
distributed across the frequency spectrum. This
challenges the assumption that pitch would be the
key acoustic feature (Bentivogli et al., 2020; Fucci
et al., 2023a), as we find the first and second for-
mants to be more important.

2. Bias Statement

Following Blodgett et al. (2020), we make explicit
the assumptions underlying our work on bias. We
focus on misgendering in ST: when systems trans-
late speaker-referring terms into gendered target

language forms that do not align with the speaker’s
gender identity. We consider outputs biased when
they contradict reference translations that reflect
the gender the speaker identifies with. When ST
systems misgender speakers, allocational harms
can arise through unequal performance: misgen-
dered users must spend resources correcting sys-
tem outputs (Savoldi et al., 2024). It also creates
representational harms through the invisibilization
of genders other than masculine, since models typ-
ically default to masculine forms. These harms
affect women and gender non-conforming individu-
als. The binary gender framework we follow in this
analysis does not allow us to cover the latter group;
we discuss this limitation in §10.

3. Related Works

Gender bias in MT has been extensively studied
(Savoldi et al., 2025a) with interpretability work re-
vealing mechanisms underlying gendered choices
in text-based systems. For instance, Wisniewski
et al. (2022) and Manna et al. (2025) show that
accurate gender disambiguation critically depends
on correct handling of coreference chains. Feature
attribution analyses (Attanasio et al., 2023; Sarti
et al., 2023) further reveal that incorrect predic-
tions typically result from models failing to attend
to coreferring gendered pronouns and following a
general masculine default rather than term-specific
stereotypes. These insights from MT motivate our
application of similar interpretability methods to ST,
particularly given their success in informing mitiga-
tion strategies (Attanasio et al., 2023; Sarti et al.,
2023).

However, ST introduces a distinct dimension that
requires specific consideration. The same sen-
tence sounds different depending on the speaker’s
gender, with acoustic variations in pitch, reso-
nant frequencies, voice quality, and speech rate
arising from both biological factors and sociocul-
tural learned patterns (Simpson, 2009; Kreiman
and Sidtis, 2011; Azul, 2015). Both humans and
machines can detect and react to these varia-
tions (Tusing and Dillard, 2000; Chao and Bursten,
2021; Brown and Sonderegger, 2025). Studying
whether and how ST models leverage these acous-
tic cues requires methods specifically designed for
the speech modality, beyond those developed for
gender bias in text-based systems.

Existing work on gender bias in speech technol-
ogy has primarily focused on documenting perfor-
mance disparities across demographic groups in
various tasks: emotion recognition (Slaughter et al.,
2023; Chien et al., 2024; Lin et al., 2024d), auto-
matic speech recognition (ASR) (Adda-Decker and
Lamel, 2005; Sawalha and Abu Shariah, 2013; Tat-
man, 2017; Garnerin et al., 2019; Feng et al., 2021;
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Liu et al., 2022; Meng et al., 2022; Rajan et al.,
2022; Attanasio et al., 2024), and ST (Zanon Boito
et al., 2022; Costa-jussa et al., 2022; Bansal et al.,
2025). Another common line of work studies the
gender bias in speech technologies arising from
what is said rather than how it sounds. Many
studies adapt textual bias benchmarks by generat-
ing audio versions through text-to-speech systems
(Lin et al., 2024a,c), which primarily test content-
triggered bias. While this body of work establishes
that gender bias is present in speech, it does not
explain the mechanisms through which models use
acoustic information.

Some recent studies have begun examining bias
related to acoustic gender cues in spoken ques-
tion answering (Choi et al., 2025a,b), finding that
models largely fail to use them effectively and ap-
propriately. But the translation task differs from
question answering, and the pressure to assign
grammatical gender could incentivize ST models
to extract and use acoustic information differently.

Beyond measuring bias, some work has investi-
gated the mechanisms behind gender bias in ST.
Savoldi et al. (2022a) examined how it emerges dur-
ing training, and Savoldi et al. (2022b) studied how
tokenization choices affect gender bias patterns.
However, these works do not explore how models
use acoustic information for gender assignment,
which is the focus of this paper.

Interpretability research has shown that speech
representations encode gender information
(de Seyssel et al., 2022; Chowdhury et al., 2024;
Guillaume et al., 2024; Krishnan et al., 2024;
Lin et al., 2024b; Fucci et al., 2025). However,
these studies typically fail to establish causal links
between encoded information and model outputs.
We address this limitation by using perturbation-
based feature attribution (§4.3) to identify features
that causally drive gender assignment.

4. Method

To investigate the factors driving gender assign-
ment by ST models for terms referring to the
speaker, we examine three potential sources: train-
ing data patterns, the decoder’s learned biases in-
dependent of the input audio, and the most relevant
acoustic features from the input for gender assign-
ment. In this section, we introduce the methods
through which we investigate these aspects: com-
parison of the model’'s prediction with frequency
patterns in the training data (§4.1); ILM analysis to
examine the decoder’s learned biases (§4.2); and
contrastive feature attribution to identify the aspects
of the audio driving gender assignment (§4.3).

4.1.

To test the common assumption that gender bias
is merely a direct reflection of training data dis-
tribution, we examine whether the model’s gen-
der preferences align with gender prevalence in
its training data. The models we analyze (Wang
et al., 2020; Papi et al., 2024) are trained on a sin-
gle open-source dataset, MuST-C (Cattoni et al.,
2021), which enables this analysis.

We identify gender terms referring to the speaker
through string matching with the gender annota-
tions in MuST-SHE (Bentivogli et al., 2020), our
evaluation benchmark. For each such term in the
translation hypotheses, we compute the prevalence
of one gender g, (e.g., “diventata’") over the other
g2 (e.9., “diventato”M) in the training corpus:

#wgl

#w!h + #w!]z

where #w denotes the number of occurrences of
word form w in the training data. We then com-
pare the prevalence of term w in gender g, with the
model’s preference for that gender when generat-
ing w,, . We quantify this preference by computing
the relative probabilities between gendered alter-
natives:

Training Data Prevalence

(1)

Prevalence(wg1 y Wy, )

p(wgl)

owy) +p(ay,) @

Preference(wg1 s Wy, ) =

where p(w) is the probability assigned by a given
model to word w in the translation hypothesis. This
can be calculated as either the predicted gender
preference (comparing the generated form against
its ungenerated alternative) or the masculine prefer-
ence (comparing masculine versus feminine forms
regardless of which was generated). By compar-
ing prevalences with the model’s gender prefer-
ences, we can distinguish predictions that replicate
term-specific training patterns (where the higher-
probability gender matches the more prevalent one
in training data) from those based on acoustic or
content-based source information, or other sources
of bias.

4.2,

While training data patterns provide one source
of gender bias, the model’s entrenched biases en-
compass more than only term-specific associations.
The decoder’s behavior also reflects its learned un-
derstanding of target language structure, general
patterns of gender marking, and how previously
generated tokens constrain subsequent predictions.
As the decoder autoregressively predicts tokens
based on both encoder input and previously gen-
erated tokens, it develops these broader linguistic
patterns, forming an internal language model.

ILM Approximation
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(a) Input Spectrogram

(b) Feature Attribution Heatmap

Frequency (kHz)

(c) Top 2% Most Salient Features

Time

Figure 1: Example of contrastive feature attribution
for the translation of “become” to “diventata™ in-
stead of “diventato™. (a) Input spectrogram. (b)
Saliency heatmap showing features driving femi-
nine gender assignment. (c) Top 2 % features suffi-
cient to flip gender prediction.

To capture all aspects of these ingrained prefer-
ences that exist independently of the source audio,
we analyze the ILM. Methods for its estimation have
initially been developed for domain adaptation in
ASR models (Variani et al., 2020; Meng et al., 2021;
Zeineldeen et al., 2021). We adopt the ILM estima-
tion method of Variani et al. (2020) and Meng et al.
(2021), which replaces the encoder output with a
dummy zero vector and has been shown to perform
on par with more complex methods (Zeineldeen
et al., 2021). While Fucci et al. (2023b) used the
ILM to nudge ST models toward specific gender
forms, here we analyze it to understand the de-
coder’s inherent biases.

We compute the preference metric (Eq. 2) for
the ILM and compare it with the full model’s pref-
erences. Contrasting ILM and full model prefer-
ences reveals to what extent models follow these
entrenched biases and when, conversely, the audio
input overrides them.

4.3. Feature Attribution

Understanding how models use input audio re-
quires dedicated interpretability methods. Exist-
ing approaches for speech-to-text models (Trinh
and Mandel, 2020; Markert et al., 2021; Mohebbi
et al., 2023; Wu et al., 2023b; Fucci et al., 2024; Wu
et al., 2024) primarily use perturbation techniques
that mask input portions and measure the effect on
model output. However, these methods generate

holistic explanations that highlight features relevant
for all aspects of word generation. Since our goal
is to identify which input features drive gender as-
signment specifically, we employ the contrastive
feature attribution method of Conti et al. (2025).

This approach identifies why the model gener-
ates one gendered form instead of its alternative
by computing relative probability changes between
the two options when different parts of the input
are masked. Specifically, it automatically segments
the input spectrogram (Figure 1.a) into acoustically
meaningful regions and performs multiple inference
passes with random perturbations to each segment.
It assigns each segment a score based on how its
perturbation affects the probability of one gendered
form versus the other, producing saliency maps
(Figure 1.b) that highlight the spectrogram regions
most responsible for the model’s gender choice.

Following Conti et al. (2025), we validate that the
highlighted features are causally involved in gen-
der assignment by testing whether occluding them
changes the model’s gender prediction. Figure 1.c
shows the top 2% of salient features that, when
masked, successfully flip the prediction in this ex-
ample. By occluding 1-20 % of the most salient fea-
tures, we can flip the predicted gender in 3747 %
of examples across languages and models. We
focus our analysis on such flipped examples, where
causal links between input features and gender as-
signment are established. From these validated
explanations, we can analyze which regions of the
input spectrogram drive gender assignment: along
the frequency dimension to identify relevant acous-
tic features, and along the time dimension to identify
relevant words.

5. Experimental Setup

We describe below the data, models, and evalua-
tion setup used throughout our analyses.1

Data We use MuST-SHE (Bentivogli et al., 2020),
a benchmark containing annotations for gender-
neutral English terms in natural speech that re-
quire gender marking when translated to Spanish,
French, or Italian. We focus on the subset con-
taining terms referring to the speaker, as these
are cases where acoustic gender cues could in-
fluence gender assignment. Unlike sentences with
gendered pronouns like “She is a student,” where
gender is explicitly marked in the source, speaker-
referential sentences like “I am a student” contain
no linguistic gender information, making acous-
tic cues potentially relevant. For each term, the

'Code to reproduce all analyses is avail-
able at https://github.com/lina-conti/
voice-bias—coreference.
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dataset provides correct and incorrect gender trans-
lations, e.g., “diventata’™ vs. “diventato™ as Ital-
ian translations of “become,” which we use as con-
trastive pairs for our analysis. Following Savoldi
et al. (2022b), we exclude gender articles, as their
high frequency in both genders across sentences
makes it difficult to identify instances specifically
referring to the speaker. We analyze only terms
where the ST model generates one of the MuST-
SHE annotated forms. Depending on the model
used to translate, this yields between 309 and 453
gender terms per target language (see §11 for de-
tails).

Models We select models trained exclusively on
a single open-source dataset to enable our train-
ing data analysis in §6. We therefore focus on two
model architectures trained on MuST-C (Cattoni
et al., 2021): the multilingual Transformer encoder-
decoder model by Wang et al. (2020), and the
monolingual Conformer encoder-Transformer de-
coder models from Papi et al. (2024). More recent
ST systems and speech-enhanced large language
models are typically trained on massive datasets
that are not publicly released, making it difficult to
establish connections between training data pat-
terns and model behavior.

We primarily focus on the Transformer model
for our analyses, as it demonstrates strong gender
accuracy2 for speaker-referential terms: 77.1 % to
80.6 % for feminine terms and 91.4% to 94.4%
for masculine terms across target languages. This
suggests that the Transformer is well positioned to
leverage vocal cues for gender disambiguation, a
phenomenon we aim to investigate further. By com-
paring these results with Conformer models, which
achieve lower accuracy (39.2-49.8% for feminine
terms and 72.5-76.7% for masculine terms across
the three language pairs), we assess whether gen-
der assignment strategies are model-dependent.
These models provide architectural (Transformer
vs. Conformer encoders) and scope (multilingual
vs. monolingual) diversity, enabling us to exam-
ine how gender assignment strategies vary across
different ST system configurations.

6. Training Data Analysis

This section addresses our research question
“What is the influence of gender associations
learned from the training data?” Specifically, we
measure whether models replicate term-specific

®The proportion of correct gender realizations among
terms where the model generates one of the MuST-SHE
annotated forms (Gaido et al., 2020). Full results on
gender accuracy for all models and language pairs are
reported in Appendix 14.1.

gender patterns from their training data by comput-
ing gender prevalence (§4.1) in MuST-C (Cattoni
et al., 2021), the training corpus for the models we
analyze.

The first thing we observe is that the training
data shows a clear masculine skew for the gen-
der terms we study. If we compute the average
prevalence in the training data of the masculine
form over the feminine one for all speaker-referring
gendered terms in the translation hypotheses of the
Transformer model, this average ranges from 0.68
to 0.71 depending on the languages (es: 0.68; fr:
0.71; it: 0.68), with nearly identical values for the
Conformer models (es: 0.68; fr: 0,72; it: 0,68).

More Freq. | Less Freq.
F 24 173
M 221 22
(a) Spanish
More Freq. | Less Freq.
F 22 130
M 187 16
(b) French
More Freq. | Less Freq.
F 12 140
M 192 13
(c) Italian

Table 1: Distribution of examples by predicted gen-
der and whether the predicted gender is more or
less prevalent in the training data for that term. Re-
sults for the Transformer model (Wang et al., 2020).

Table 1 shows that the Transformer model does
not simply replicate training data patterns when
assigning gender. The table categorizes each pre-
dicted gendered term by whether the predicted gen-
der (F or M) is the more or less prevalent form in
the training data for that specific term. If models
followed the heuristic of generating each term in
its most frequent training data gender, predictions
should consistently fall in the “More Freq.” column.
Instead, the model frequently predicts genders that
are less prevalent for that specific term: 87.8%
of feminine generated terms in Spanish (173 of
197), 85.5% in French (130 of 152), and 92.1 % in
Italian (140 of 152) correspond to the less preva-
lent form in the training data. For masculine pre-
dictions, the model does tend to predict the more
prevalent form (221 of 243 in Spanish, 187 of 203
in French, 192 of 205 in ltalian). However, given
the overall masculine skew, this reflects the gen-
eral pattern in the training data rather than term-
specific memorization. The Conformers show a
similar pattern (see Table 7): the distribution of pre-
dictions relative to prevalence resembles Table 1,
although with slightly more predictions aligning with
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the more prevalent form. Crucially, none of the mod-
els closely follow term-by-term gender associations
from the training data.

In summary, our results challenge the assump-
tion that gender bias in ST simply reflects the train-
ing data distribution (Tatman, 2017; Garnerin et al.,
2019; lluz et al., 2023; Mastromichalakis et al.,
2025). Our findings align with Conti and Wisniewski
(2023) and Elghazaly et al. (2025), suggesting that
gender bias cannot be exclusively reduced to train-
ing data imbalances. The data’s masculine skew
clearly influences model behavior, but not through
simple memorization—rather, models internalize
broader biases that we investigate through the ILM.

7. Internal Language Model Analysis

While the training data analysis has revealed that
models do not simply memorize term-specific as-
sociations, gender assignment must still be driven
by some combination of learned decoder prefer-
ences and input audio features. We first investi-
gate whether the decoder has internalized broader
biases beyond individual term associations by ad-
dressing our second research question: “What is
the impact of the model’s learned knowledge of
the target language and a priori assumptions about
gender on predictions?” The ILM analysis isolates
these entrenched preferences by removing encoder
information, measuring what the decoder learned,
independently of source audio. Comparing ILM
predictions with full model predictions then reveals
when and how the audio input overrides these bi-
ases.

The ILM reflects and amplifies the masculine
skew observed in the training data. Averaging
over all gender terms, the ILM’s preference for
masculine over feminine ranges from 0.74 to 0.81
for the Transformer, depending on the language—
higher than the training data prevalence of 0.68—
0.71. When we separate by the gender that is
ultimately generated by the full model, the ILM’s
masculine preference is 0.85-0.88 for masculine
predictions and 0.58-0.71 for feminine ones (al-
ways above 0.5, even when generating feminine
forms; see Appendix 14.3 for full results). For the
Conformer models, average masculine preference
is 0.63-0.64 (0.71-0.74 for masculine predictions,
0.48-0.49 for feminine ones). While the Conform-
ers’ masculine preference drops just below 0.5 for
feminine predictions, for masculine ones it remains
well above 0.5, suggesting some masculine bias,
though weaker than for the Transformer.

However, the full model frequently overrides
these entrenched biases. In the example in Fig-
ure 1, the prevalence in training data for mascu-
line “diventato” is 0.57, and the ILM preference is
0.85, yet the full model’'s preference for the pre-

Higher Prob. | Lower Prob.
F 52 145
M 225 18
(a) Spanish
Higher Prob. | Lower Prob.
F 33 119
M 195 8
(b) French
Higher Prob. | Lower Prob.
F 46 106
M 195 10
(c) Italian

Table 2: Distribution of examples by predicted gen-
der and whether the ILM assigns higher or lower
probability to the predicted gender compared to
the alternative. Results for the Transformer model
(Wang et al., 2020).

dicted feminine form “diventata” is 0.99, illustrating
how acoustic input can supersede learned biases
and training data statistics. Table 2 shows this is
common: the Transformer frequently predicts gen-
ders to which the ILM assigns lower probability,
particularly for feminine predictions. Instead, the
Conformers seem to rely more on their ILM: the
Pearson correlation between ILM and full model
masculine preference is strong for Conformers (es:
0.65; fr: 0.62; it: 0.62), but weak to moderate for
the Transformer (es: 0.45; fr: 0.38; it: 0.47).

This section has shown that the ILM exhibits a
masculine-as-norm bias across our models, but
ST systems vary in how much they rely on these
entrenched preferences versus input audio. The
Transformer’s ILM is strongly biased toward mas-
culine, yet the full model frequently overrides these
preferences based on acoustic information. The
Conformers show weaker ILM masculine bias but
rely more on it, struggling to leverage source au-
dio effectively. This analysis demonstrates that
ST models combine acoustic gender cues with
language model preferences to varying degrees.
These findings demonstrate that acoustic input can
play a substantial role in gender assignment, mo-
tivating us to investigate which specific aspects of
the audio our models exploit for this.

8. The Role of Input Audio

This section addresses our third research ques-
tion: “What aspects of the input audio does the
model use to assign gender to terms referring to
the speaker?” For this, we apply the feature attri-
bution method from §4.3. Occluding 1-20 % of the
most salient features highlighted by the saliency
map flips the predicted gender in 40.7 % of Spanish
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examples, 46.8 % of French examples, and 37.0 %
of ltalian examples for the Transformer model, with
comparable rates for the Conformers (es: 41.1 %;
fr: 44.9%,; it: 43.0%). For these flipped examples,
we have a guarantee that the highlighted features
are causally involved in gender assignment, since
if we occlude them, the model’s prediction changes.
We analyze these saliency maps to identify which
words and acoustic cues in the source audio influ-
ence gender assignment.

8.1.

Prior work assumes that, since pitch is strongly
associated with perceived gender, ST models use
it when correctly assigning gender to terms referring
to the speaker (Bentivogli et al., 2020; Elaraby et al.,
2018; Fucci et al., 2023a). We empirically test this
assumption for the first time.

Pitch is the perceptual correlate of the funda-
mental frequency F, (Jurafsky and James, 2009):
utterances with higher F, sound higher pitched and
more feminine, whereas male speech typically has
lower Fy (Simpson, 2009). To determine whether
the model relies on pitch, we examine the inten-
sity with which the pitch region (80-350 Hz, where
the fundamental frequency lies) is highlighted in
our heatmaps. We aggregate each gender term’s
explanation by taking the max score for each fre-
quency bin over the time dimension, then average
across all gender terms.

Surprisingly, the pitch range does not show the
highest scores, suggesting it is not the most impor-
tant region driving the choice of gender to refer to
the speaker for the models we study. Figure 2
shows the average score across the frequency
range for the Transformer model on the en—it split,
with the same pattern holding for other languages
and for the Conformer models (see Figure 3). In-
stead, the formant range (350-2,500 Hz) displays
the highest scores, with two peaks corresponding
to the first and second formants (F; and F5). These
formants are important for identifying the word be-
ing uttered, especially vowels (Jurafsky and James,
2009), but their exact frequency also varies by
speaker and, notably, depending on the speaker’s
gender (Simpson, 2009). This is visible in Figure 2:
for masculine terms, saliency peaks appear at ap-
proximately 500—900 Hz and 1,200—1,600 Hz, while
for feminine terms the peaks shift to approximately
800-1,100Hz and 1,400-1,800 Hz, broadly con-
sistent with the ranges of F; and F, observed in
English vowels for male and female speakers re-
spectively (Hillenbrand and Clark, 2009). This sug-
gests that the assumption that ST models should
leverage pitch information to disambiguate the gen-
der of terms referring to the speaker does not fully
correspond to our model’s behavior.

Still, while not the dominant feature, we cannot

Frequency Dimension

exclude that pitch plays a role in the model’s deci-
sion process. In the example in Figure 1, occlud-
ing the top 2 % of features with the highest scores
flips the gender of the translation of “become” from
feminine to masculine. These features are concen-
trated along the time axis but spread across most of
the frequency range and, crucially, they include the
pitch region. This pattern holds for all our samples:
99.9 % of examples that flip contain at least one
feature in the pitch range among those occluded
for flipping (99.8 % for the Conformers).

Overall, we can conclude that the information that
the model uses is distributed across the frequency
range rather than concentrated in pitch alone, with
particular emphasis on F; and F,. This has impli-
cations for interventions to mitigate gender bias or
neutralize the gender of audio samples, suggest-
ing that approaches acting solely on pitch would
be insufficient. Moreover, since salient features for
gender disambiguation are concentrated along the
time dimension but distributed along the frequency
dimension, this suggests that when acoustic cues
occur may be particularly important. We now turn to
analyzing which source words correspond to these
temporally concentrated features.

8.2. Time Dimension

‘r Self-referential
es fr it es fr it
Flip | 16.9 217 258 | 23.7 28.0 35.1
All 254 284 333 | 325 352 420

Table 3: Percentage of examples where the top-
scoring source word is “/” or a self-referential word,
for examples that flip and for all examples. Results
for the Transformer model (Wang et al., 2020).

Analyzing which source words drive gender as-
sighment reveals a surprising pattern: models rely
primarily on first-person pronouns and determiners
that refer to the speaker. Manual investigation of
the contrastive heatmaps has revealed that “/” is the
word most frequently highlighted to explain gender
choice. To validate this observation quantitatively,
we extract word-level scores from the spectrogram
heatmaps by using Gentle® to obtain each source
word’s time range and selecting the highest fea-
ture score within that range as the word’s score.
Table 3 shows that, for the Transformer model, “/”
is the top-scoring word in 16.9-25.8 % of exam-
ples, depending on the language. Including other
self-referential expressions (“I”, “I'd”, “I've”, “I'm”,
“my”, “me”, “myself”) raises these percentages to
23.7-35.1 %. These percentages are even higher
when considering all examples in our dataset rather

®https://github.com/strob/gentle
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Figure 2: Average saliency scores per frequency bin (max-pooled over the time dimension, then averaged
across all gender terms that flip), for the Transformer model (Wang et al., 2020) on en—it translation.
Results are shown separately for feminine and masculine terms. Shaded regions mark the pitch range

(80-350 Hz) and formant range (350—-2500 Hz).

than just those that flip (second row of Table 3). Be-
sides these first-person words, Table 4 shows that
words like “and”, “was”, and “when” also frequently
receive high attribution scores. However, manual
inspection reveals these words appear next to “/” in
the source sentence (“and I...”, “Iwas...”, “when ...”)
and likely score highest due to imprecisions in Gen-
tle’s word-level alignments, suggesting the actual
prevalence of first-person words is even greater.

es fr it
| 22 || 28 | | 33
I'm 13 | and 5 myself 9
sure 9 was 5 I'm 8
myself 9 I'm 4 as 7
as 8 musician 4 I've 6
scientist 7 me 3 scientist 6
kid 6 when 3 was 5
and 6 happy 2 and 4
child 6 serious 2 professor 3
us 4 lawyer 2 sure 3

Table 4: Most frequent top-scoring source words
for examples that flip, with the number of examples
for which they receive the highest saliency score in
the source sentence. Results for the Transformer
model (Wang et al., 2020).

The reliance on first-person pronouns differs
across model architectures. For the Conformers,
self-referential words are top-scoring in only 14.3—
14.8 % of flipped examples (see Table 11), com-
pared to 23.7-35.1 % for the Transformer. Despite
this quantitative difference, the same set of words
consistently appears at the top across all models
and languages (Table 12), indicating that this strat-
egy is learnable by different architectures but ex-
ploited with varying effectiveness. The Transformer,
which achieves higher gender translation accuracy,

relies on this mechanism more frequently than the
Conformers. This pattern concurs with the finding
of Fucci et al. (2025) that models with higher gen-
der translation accuracy for speaker-referring terms
also encode more gender information in their repre-
sentations (measured via probing). Our contrastive
analysis goes further by revealing the mechanism
through which models access this information: via
self-referential words that establish coreference
with the speaker.

Beyond architectural differences, models’ re-
liance on input features also differs between fem-
inine and masculine predictions. For the Trans-
former, the percentage of examples whose gender
prediction we can flip by occluding salient features
in the input spectrogram is 60.8 % vs. 19.2 % for
Spanish, 66.7 % vs. 24.9 % for French, and 52.2 %
vs. 21.1% for ltalian (feminine vs. masculine re-
spectively). The Conformers show the same pat-
tern with a narrower gap (es: 47.5% vs. 33.6 %;
fr: 51.0 % vs. 37.6 %; it: 44.7 % vs. 41.3%). This
asymmetry suggests that the mechanism of ac-
cessing acoustic gender cues through first-person
pronouns plays a more critical role for feminine
predictions, while masculine predictions rely more
heavily on the model’s internal biases. This asym-
metry aligns with prior work showing that language
models and MT systems use masculine as a de-
fault, requiring strong feminine signals to generate
feminine forms (Jumelet et al., 2019; Manna et al.,
2025), which they slowly and imperfectly learn to
use during training (Savoldi et al., 2022a).

This reliance on first-person pronouns reflects
a mechanism analogous to coreference resolution
in text-based MT. Just as MT models rely on gen-
dered pronouns and determiners (e.g., “she’/“he”,
“her”/“his”) that corefer with gender-ambiguous
terms for disambiguation (Voita et al., 2018; Es-
cudé Font and Costa-jussa, 2019; Stanovsky et al.,
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2019; Manna et al., 2025), our ST models rely on
first-person words that refer to the speaker. How-
ever, while gendered pronouns in text carry explicit
gender information, words like “/” are semantically
gender-neutral. In ST, acoustic gender cues in
the speaker’s voice effectively transform these se-
mantically neutral words into gendered markers.
Through coreference with the speaker, “I” provides
access to the same gender information that explicit
gendered pronouns provide in text-based MT, but
encoded acoustically rather than lexically.

Besides first-person pronouns, models some-
times assign high salience to the source words cor-
responding to the gendered target terms. Table 4
contains examples of this phenomenon: words
like “scientist”, which translates to “scienziato”™
or “scienziata”” in Italian. These words are directly
relevant for translating the gendered term itself and,
like all words in the utterance, carry acoustic gender
cues that models can access.

In summary, the contrastive saliency maps reveal
that ST models frequently rely on self-referential
words like “I” to establish coreference with the
speaker, enabling access to acoustic gender cues.
These cues are distributed across the frequency
spectrum rather than concentrated in pitch, with F;
and F;, showing higher importance.

9. Conclusion

We investigated how ST models assign gender to
speaker-referring terms when translating from En-
glish to three Romance languages. Our analysis re-
vealed that rather than memorizing individual term-
gender pairings from training data, models learn
that masculine forms are generally more prevalent.
The decoder exhibits strong bias toward masculine
defaults independent of input audio, but informa-
tion from the audio can override these preferences.
Crucially, models leverage first-person pronouns
analogously to gendered pronouns in MT: acous-
tic cues transform the semantically neutral "I" into
a functionally gendered marker, encoding gender
information primarily in formant frequencies rather
than pitch. These findings demonstrate that ST
models can use vocal cues for gender disambigua-
tion through mechanisms distinct from those as-
sumed in prior work. They suggest that mitigation
strategies centered on pitch manipulation (Fucci
et al., 2023a) or exclusively rebalancing training
data (Garnerin et al., 2019; Bansal et al., 2025)
may prove insufficient, as they fail to account for the
distributed nature of acoustic gender cues and how
models mediate training statistics through complex
learning dynamics.

10. Ethics Statement

Broader Impact. To mitigate harmful behaviors
in Al systems such as those outlined in our Bias
Statement (§2), we need both mitigation strate-
gies (Vanmassenhove et al., 2018; Escudé Font
and Costa-jussa, 2019; Saunders and Byrne, 2020;
Saunders et al., 2022) and foundational research
that reveals the mechanisms underlying biased be-
haviors. This interpretability work contributes to
the latter effort, providing insights into how speech
translation models make gender assignments that
can inform future interventions.

Binary Gender Framework. Our analytical
framework requires ethical consideration. We work
within a binary gender framework, which offers
methodological advantages—enabling contrastive
explanations and leveraging existing benchmarks—
but comes with significant limitations. This binary
approach fails to account for gender identities out-
side the male/female binary (Zimman, 2020), poten-
tially contributing to their erasure (Calado, 2025).
Our contrastive analysis compares feminine ver-
sus masculine term generation without considering
other possibilities such as gender-neutral reformu-
lations (Piergentili et al., 2023; Savoldi et al., 2025b)
or neologisms that avoid the binary dichotomy (Pier-
gentili et al., 2024). While existing ST benchmarks
like MuST-SHE (Bentivogli et al., 2020) provide bi-
nary gender annotations, comparable annotations
for non-binary alternatives in speech do not yet
exist. With such resources, we could potentially
extend our analysis to include these forms, even
though models rarely generate them spontaneously.
We acknowledge that this resource-driven limitation
means our analysis cannot capture the full spec-
trum of gender identities.

Gender Inference from Vocal Cues. Our analy-
sis examines whether models use vocal cues for
gender assignment, which could improve accuracy
on binary benchmarks like MuST-SHE (Bentivogli
et al., 2020). However, we do not advocate that
models should rely on vocal characteristics to infer
gender, as this risks equating gender with sex and
treating it as biologically determined rather than as
the behavioral and social phenomenon it is (Butler,
1990). Such an approach could harm speakers
whose voices do not align with binary gender ex-
pectations. Instead, our goal is to understand what
information current models exploit and how. Under-
standing these mechanisms provides a foundation
for developing better control over model behavior,
enabling different approaches depending on con-
text and user preferences—whether that involves
automatic inference, gender-neutral translations in
ambiguous cases, or respecting user-specified pro-
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nouns and gender identity.

11. Limitations

Models. Our analysis focuses on two model ar-
chitectures trained on the MuST-C dataset (Cat-
toni et al., 2021). While these models are not
state-of-the-art in terms of overall speech trans-
lation performance, we selected them for specific
methodological reasons. The Transformer model
(Wang et al., 2020) demonstrates notably higher
accuracy on gender assignment compared to more
recent systems like SeamlessM4T (Barrault et al.,
2025), making it better positioned to reveal how
models successfully leverage acoustic cues for gen-
der disambiguation. Additionally, both models are
trained exclusively on MuST-C, which enables the
training data analysis in §6. In contrast, modern
speech translation systems and speech-enhanced
large language models are typically trained on mul-
tiple large-scale datasets without transparent doc-
umentation, making it difficult to establish connec-
tions between training data patterns and model
behavior. The models we analyze provide archi-
tectural diversity (Transformer versus Conformer
encoders) and scope differences (multilingual ver-
sus monolingual), allowing us to examine how gen-
der assignment strategies vary across different
system configurations. However, they are trained
with the same objective (supervised training with
cross entropy) and we do not cover different train-
ing regimes such as non-autoregressive or self-
supervised trainings. Additionally, our analysis
does not extend to speech-enhanced large lan-
guage models (SpeechLLMs) (Rubenstein et al.,
2023; Wu et al., 2023a; Tang et al., 2024), which
represent an emerging paradigm for speech trans-
lation with potentially different mechanisms for pro-
cessing acoustic information and assigning gender.
Future work should investigate whether the patterns
we identified—particularly the use of first-person
pronouns for coreference resolution, the distribution
of salient features across the frequency spectrum
rather than concentration in pitch, and the relation-
ship between internal language model biases and
full model predictions—generalize to recent models
trained on large-scale data, to models trained with
different objectives, and to SpeechLLMs.

Language Coverage. Our analysis uses the
MuST-SHE benchmark (Bentivogli et al., 2020),
which covers the translation from English into three
Romance languages (Spanish, French, and Ital-
ian). Since gender cues may manifest differently
in other languages, this may influence how models
learn gender assignment patterns. For this reason,
future work should extend our analysis to typologi-
cally diverse language pairs, including languages

with different gender marking strategies or non-
gendered source languages. This would help de-
termine whether the mechanisms we identify repre-
sent general model strategies or language-specific
patterns.

Dataset Size. The benchmark also constrains
our dataset size. After filtering as described in
§5, we obtain 440 gender terms for Spanish, 355
for French, and 357 for Italian for the Transformer
model, and 453 gender terms for Spanish, 379 for
French, and 309 for Italian for the Conformer mod-
els. While this represents a relatively small dataset,
MuST-SHE is currently the only available resource
for speech translation that provides the fine-grained
annotations required for our interpretability meth-
ods: gender terms referring to the speaker that
are gender-neutral in English but gendered in the
target language, gold-standard gender labels re-
flecting speakers’ self-identified gender, and con-
trastive gender alternatives for each term. These
annotations are essential for the contrastive feature
attribution method we employ (Conti et al., 2025).
The consistency of findings across three language
pairs strengthens confidence in our results despite
the dataset size.
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14. Appendices

14.1.

Tables 5 and 6 report gender accuracy for all mod-
els and language pairs, complementing the model
descriptions in Section 5. By gender accuracy, we

Model Gender Accuracy
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mean the proportion of correct gender realizations
among terms where the model generates one of the
MuST-SHE annotated forms (Gaido et al., 2020).

es fr it
Feminine | 80.60% | 77.35% | 77.09 %
Masculine | 91.41% | 91.85% | 94.40 %

Table 5: Gender accuracy for the Transformer
model (Wang et al., 2020).

es fr it
Feminine | 39.21% | 49.80% | 46.38 %
Masculine | 76.74% | 72.50% | 75.76 %

Table 6: Gender accuracy for the Conformer mod-
els (Papi et al., 2024).

14.2. Training Data Analysis

Table 7 extends the results of Table 1 to the Con-
former models.

More Freq. | Less Freq.
F 22 116
M 284 31
(a) Spanish
More Freq. | Less Freq.
F 19 131
M 213 16
(b) French
More Freq. | Less Freq.
F 13 105
M 179 12
(c) Italian

Table 7: Distribution of examples by predicted gen-
der and whether the predicted gender is more or
less prevalent in the training data for that term. Re-
sults for the Conformer models (Papi et al., 2024).

14.3.

Tables 8, 9, and 10 extend the results of Section 7
to all languages and models.

Internal Language Model Analysis

14.4. Feature Attribution

Tables 11 and 12 extend the results of Section 8 to
the Conformer models, and Figure 3 extends the
results in Figure 2 to all languages and models.

es fr it
All terms 0.76 | 0.81 | 0.73
Fem. predictions | 0.65 | 0.71 | 0.58
Masc. predictions | 0.85 | 0.88 | 0.85

Table 8: ILM masculine preference for the Trans-
former model (Wang et al., 2020).

es fr it
All terms 0.64 | 0.63 | 0.64
Fem. predictions | 0.49 | 0.48 | 0.49
Masc. predictions | 0.71 | 0.73 | 0.74

Table 9: ILM masculine preference for the Con-
former models (Papi et al., 2024).

Higher Prob. | Lower Prob.
F 72 66
M 228 87
(a) Spanish
Higher Prob. | Lower Prob.
F 72 78
M 174 55
(b) French
Higher Prob. | Lower Prob.
F 56 62
M 148 43
(c) ltalian

Table 10: Distribution of examples by predicted gen-
der and whether the ILM assigns higher or lower
probability to the alternative. Results for the Con-
former models (Papi et al., 2024).

T Self-referential

es fr it es fr it
Flip | 10.1 9.0 155 | 143 121 1438
All 86 6.7 20.1|11.6 10.0 204

Table 11: Percentage of examples where the top-
scoring source word is “I” or a self-referential word,
for examples that flip and for all examples. Results
for the Conformer models (Papi et al., 2024).
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Figure 3: Average saliency scores per frequency bin (max-pooled over the time dimension, then averaged
across all gender terms that flip), for the Transformer (Wang et al., 2020) and Conformer (Papi et al.
2024) models across all three language pairs. Results are shown separately for feminine and masculine
terms. Shaded regions mark the pitch range (80-350 Hz) and formant range (350—2500 Hz).
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a researcher
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Table 12: Most frequent top-scoring source words
for examples that flip, with the number of examples
for which they receive the highest saliency score
in the source sentence. Results for the Conformer
models (Papi et al., 2024).

2248

3



	Introduction
	Bias Statement
	Related Works
	Method
	Training Data Prevalence
	ILM Approximation
	Feature Attribution

	Experimental Setup
	Training Data Analysis
	Internal Language Model Analysis
	The Role of Input Audio
	Frequency Dimension
	Time Dimension

	Conclusion
	Ethics Statement
	Limitations
	Acknowledgments
	Bibliographical References
	Appendices
	Model Gender Accuracy
	Training Data Analysis
	Internal Language Model Analysis
	Feature Attribution


