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Abstract

Prenatal auditory learning is well-documented, but not at the
phonetic level. It may be that phonetic information is so de-
graded in the prenatal acoustic environment that Prenatal Pho-
netic Learning (PPL) becomes impossible. Yet, this has never
been clearly established, and some results suggest directly or
indirectly that some degree of PPL may be taking place. In this
study, we assess the feasibility of PPL from external sources
through extensive computational simulations of early phonetic
learning in simulated prenatal and postnatal environments. We
examined the learnability of phonetic contrasts in utero, the
added value of prenatal exposure for subsequent learning and
whether it could explain earlier attunement to vowels than to
consonants. Our results provide preliminary evidence against
the feasibility of PPL. We discuss alternative hypotheses and
the remaining work needed to complement our results.

Keywords: early phonetic learning; prenatal acoustic environ-
ment; computational modeling; language acquisition

Introduction
Sensory life begins before birth, when the developing neurons
connect to thalamocortical sensory input, approximately on
the 24th week of gestation (Kostović & Judaš, 2010). By 28
weeks of gestation, fetuses begin to process both the auditory
environment of the womb (Abrams et al., 1998; Parga et al.,
2018) and external sounds that filter through (Querleu et al.,
1988). They learn from what they perceive in the womb,
showing familiarity after birth with stories to which they were
exposed and with their mother’s voice (DeCasper & Fifer,
1980; DeCasper & Spence, 1986). This prenatal exposure
may serve important functions in development. For example,
it has been shown to initiate attunement to the prosody of the
native language (Abboub et al., 2016).

While prosodic learning is well-documented, it is less clear
whether learning is possible prenatally at the phonetic level,
since the mother’s body acts as a low-pass filter (Gélat et
al., 2025; Gerhardt et al., 1990; Querleu et al., 1988) that
degrades phonetic information. This is especially the case for
consonants, whose acoustic cues are less preserved than those
for vowels (Griffiths et al., 1994). Even for vowels, Early
Phonetic Learning (EPL), during which infants’ perception
attunes to the phonetic contrasts of their native language, is
typically documented only long after birth, at around 6–9
months of age (Tsuji & Cristia, 2014).

Still, the possibility of Prenatal Phonetic Learning (PPL)

should not be discarded too hastily. First, a study reporting
that newborns already respond differently to a vowel from
their first language than to a vowel from an unfamiliar lan-
guage provides direct evidence for it (Moon et al., 2013). In
addition, PPL may help account for unexplained phenomena,
such as the order in which contrasts are learned. As previously
explained, vowels are better preserved in the womb than con-
sonants, and also happen to be learned a few months earlier:
around 6–9 months (Tsuji & Cristia, 2014), as opposed to
around 10–12 months for consonants (Nazzi & Cutler, 2019;
Werker & Tees, 1984), suggesting a possible causal relation-
ship. Finally, PPL might have an adaptive value, with impli-
cations for clinical practice. It has been suggested that lack of
exposure to a typical Prenatal Acoustic Environment (PAE)
in preterm infants may explain some of their language delays
(François et al., 2021) and there is evidence that initially de-
graded input can enhance later perceptual learning in vision
(M. Vogelsang et al., 2024) and for prosody (M. Vogelsang
et al., 2023). This calls for investigating whether the PAE
provides such an adaptive initial degradation (L. Vogelsang
et al., 2024) of speech for phonetic learning.

Assessing the potential causal role of PPL in subsequent
phenomena, such as the delay in learning consonants relative
to vowels or language delays in preterm infants is challenging,
however, due to the presence of many confounding factors
and alternative explanations, which are not easily disentan-
gled in infant experiments. The delayed specialization for
consonants, for example, could also be explained by inher-
ent acoustic properties of the phonemes, by frequency effects
(Anderson et al., 2003) or by maturational constraints (Menn
et al., 2023; Peña et al., 2012). As for the language de-
lays seen in preterms, they may also result from exposure to
a lesser amount of speech compared to full-terms (Monson
et al., 2023), or from a general sensory deprivation in the
neonatal intensive care environment (Jobe, 2014).

Faced with the difficulty, if not impossibility, of controlling
for these confounding factors in empirical research, compu-
tational modeling provides an attractive alternative. It en-
ables testing the feasibility of theoretical proposals by explic-
itly controlling each parameter, in order to link them to their
long-term consequences, and to identify decisive experiments.
While EPL has been successfully simulated using computa-
tional modeling (see Matusevych et al. 2023; Poli et al. 2024;
Schatz et al. 2021, for example), few modeling works con-



sidered the effect of the PAE, and all but one (Cruz Blandón
et al., 2025) used non-realistic input (Chládková et al., 2020;
Seebach et al., 1994). None modeled non-native perception,
whose understanding is necessary for a comprehensive view
of first language specialization. Additionally, none consid-
ered both vowels and consonants, even though their acqui-
sition timeline may differ (Tsuji & Cristia, 2014). Finally,
no existing model includes the intrauterine noise despite its
predominance in the PAE (Gerhardt & Abrams, 1996).

In this study, we investigate PPL’s feasibility through ex-
plicit learning simulations in the context of non-native speech
perception of both consonants and vowels. We leverage the
empirical literature describing the PAE to create speech train-
ing material that simulates what a fetus would hear. We do so
by recreating the way outside sounds are filtered by maternal
tissue, and mixed with intrauterine noise. We then expose
an established model of EPL (Schatz et al., 2021) to various
combinations of prenatal- and postnatal-like training material,
systematically varying training durations, noise levels and fil-
tering conditions. In Experiment 1, we examine the feasibility
of PPL and whether it can explain why perceptual attunement
appears to occur later for consonants than for vowels. There
is some experimental uncertainty concerning the PAE noise
level and, in Experiment 2, we strengthen our results from
Experiment 1, by testing the feasibility of PPL under different
noise levels. Finally, in Experiment 3, we test if the PAE
provides an adaptive initial degradation of external speech
signals, facilitating subsequent phonetic learning.

Methods
The current study follows the modeling approach from Schatz
et al. (2021). In all cases, we train an unsupervised clustering
algorithm on unsegmented speech data either in Japanese or
in American English, to simulate learning conditions where
an infant is exposed to a given native language. We then
quantify the difficulty of discriminating the various contrasts
of American English on the basis of the model’s learned rep-
resentations using a machine ABX task (Schatz, 2016; Schatz
et al., 2013). We consider a model to have a native-like per-
ception if it does better at discriminating the contrast from the
language it was trained on than the models trained on another
language. Our contribution consists of adding the simulation
of the PAE to this setup, and evaluating its influence on EPL.

Table 1: Summary of data used for the simulations.
Subset Dataset Language Duration Number of

speakers Reference

Train Globalphone Japanese 19h33 96 Schultz (2002)

Wall Street Journal American English 19h30 96 Paul and Baker (1992)

Test Wall Street Journal American English 9h39 47 Paul and Baker (1992)

Learning Environment
Training Data We used two datasets of read adult-directed
speech from Schatz et al. (2021) as input to our simulations
(Table 1). We did not use infant-directed speech, as quality

large-scale datasets are hard to access for other languages than
English and since it is unclear whether a learning environment
restricted to infant-directed speech is a good model of the PAE.
For English, we used the Wall Street Journal (WSJ) corpus
(Paul & Baker, 1992), and for Japanese, the Globalphone
(GPJ) corpus (Schultz, 2002). The two datasets were split
in train and a test subsets, and matched on total duration,
speaker number, duration per speaker, and speaker gender
(there was no speaker overlap between train and test subsets).
We only used short data subsets (at most 1h25), as previous
work using the same model (Li et al., 2020) showed this was
more than sufficient to see effects emerge, with only marginal
improvements in native effects magnitude beyond that, even
when trained on more than 100h of data.
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Figure 1: Examples of log-mel spectrograms showcasing our
simulation of the PAE for an SNR of 10 dB.

Simulation of the PAE Our goal was to approximate the
acoustic environment a fetus is exposed to by simulating the
filter created by the maternal tissues, and the noise from the
womb environment. Existing studies testing pregnant women
or ewes showed the mother’s body acts as a low-pass filter,
mainly preserving frequencies below 400-500 Hz (Gélat et al.,
2025; Querleu et al., 1988). At higher frequencies, attenuation
gradually increases. Other studies (Abrams et al., 1998; Parga
et al., 2018) focused on the amount of noise emitted by the
mother’s body (cardiac rhythm, breathing...) and hearable in
the womb, potentially masking external sounds significantly
and affecting learning conditions. We did not try to model the
development of fetal audition, as maturational constraints on
auditory processing are outside the scope of the current study
that focuses on environmental constraints.

To simulate the mother’s body acoustic filter, we derived a
transfer function from Figure 5 of Querleu et al. (1988). The



resulting transfer function had a regular slope in log-log units
in the high-frequency, which we leveraged to extrapolate the
transfer function up to 8,000 Hz (so the frequency range was
sufficient to reach the Nyquist frequency of our data sampled
at 16,000 Hz). We applied the resulting filter to the training
audio files. Examples of raw vs filtered data are displayed in
Figure 1 a and b. To design the intrauterine noise, we first
estimated the spectral density of intrauterine noise from the
Figure 1 of Abrams et al. (1998) in which ewes and fetuses
were recorded in silence. We then created colored noise with
the spectral shape of intrauterine noise by filtering Gaussian
white noise with this spectral profile. This simulated intra-
uterine noise could subsequently be added to the training data,
after applying the mother’s body filter (and not before, as we
assume the internal noise is not affected by the external mater-
nal tissues) or independently. We added the noise at various
signal-to-noise ratios (SNR) depending on the experiment.
Examples of noisy data are displayed in Figure 1c and d.

Learning Mechanism
Raw audio signal with a sampling frequency of 16,000 Hz
was chunked in 25-ms-long frames sampled every 10 ms and
13 Mel-Frequency Cepstral Coefficients (MFCCs) were ex-
tracted. We concatenated the MFCCs to their 1st and 2nd
order derivative, resulting in 39 features. While not tradi-
tionally used in linguistics, MFCCs are standards in speech
processing, and are a relevant acoustic correlates to vowels
(Iskarous & Vietti, 2025; Zahorian & Jagharghi, 1993).

Following previous studies (Matusevych et al., 2023; Schatz
et al., 2021) that modeled distributional learning in infants,
we applied a Dirichlet Process Gaussian Mixture Model
(DPGMM)—an unsupervised clustering algorithm which dis-
covers the number of clusters during training—over single
MFCC frames. We initialized the model in the same way as
Schatz et al. (2021) and trained for 1,500 iterations as they
did, which means the models saw each frame 1,500 times.

Learning outcome assessment
Target phonetic contrasts To answer our question about
the different learning timings of native vowel versus conso-
nant contrasts, we needed to choose at least one pair of vowels
and one pair of consonants from our test language (Ameri-
can English). Ideally, we would have chosen contrasts that
have both been empirically shown as being hard to discrim-
inate for infant learners of Japanese. However, to the best
of our knowledge, there exists only one language pair for
which non-native empirical discrimination data is available
for both vowels and consonants (Bosch & Sebastián-Gallés,
2003a; Bosch & Sebastián-Gallés, 2003b; Singh et al., 2022),
and previous computational work failed to simulate the ob-
served vowel effect for this language pair (Matusevych et al.,
2023). As a consequence, for consonants, we relied on the
well-established [ô]-[l] contrast (Kuhl et al., 2006). For vow-
els, we relied on two American English vowel contrasts that
are robustly predicted to be hard to discriminate by Japanese

infants by our model (Schatz et al., 2021): [Ç]-[2] and [Ç]-
[I] (involving the final r-colored vowel in "mother", and the
vowels in "but" and "bid", respectively).

Speech perception task We assessed the discrimination
abilities of our ‘native’ (English) and ‘non-native’ (Japanese)
models using the machine ABX discrimination task (Schatz,
2016; Schatz et al., 2013). This task measures a discrimi-
nation score for a phonetic contrast by forming triplets A, B,
X where A is an exemplar of one of the phones, B an exem-
plar of the other and X is another exemplar of say the same
phone as A. If the model’s representation of X is closer to
the representation of A than to the representation of B, the
model is awarded a score of 1 for this triplet, and a score of
0 otherwise. The overall discrimination score is obtained by
averaging these individual triplet scores over a large random
sample of all such triplets under the additional constraint that
A, B and X always be produced by the same speaker and in
the same phonetic context (previous and following sounds).

As in Schatz et al. (2021), a model’s representation of a
sound is obtained by extracting MFCC frames from the sound
and computing the posterior probability for each learned clus-
ter in the model of having generated each frame. The results
are assembled as a sequence of 𝑛 posterior probability vectors
of size 𝑑, where 𝑛 is the number of MFCC frames and 𝑑 the
number of learned clusters. The similarity between model
representation is computed using the dynamic time-warping
algorithm with a symmetrized Kullback-Leibler divergence.

Statistics For all experiments, we do not display raw ABX
scores, but the effect size of native advantage, defined as
the effect size (Hedges’ g) of the difference between ABX
scores of models trained on Japanese and models trained on
American English, and their 95% confidence intervals. Train-
ing models under different conditions (e.g. noise-levels) on
the same data subsets introduces dependencies that make vi-
sual assessment of confidence intervals insufficient to assess
whether observed differences are statistically significant. We
therefore also perform pairwise permutation tests respecting
the structure of the introduced dependencies to evaluate where
significant differences are present. For each experiment, we
use Benjamini-Yekutieli correction for multiple comparisons
to keep the expected false discovery rate under 5%.

Experiment 1
In an initial experiment, we ask whether the PAE is indeed
the cause of the delay in learning consonants. To do this, we
replicate Schatz et al. (2021), but with the addition of plausible
simulations of different components of the PAE: the low-pass
filter (Querleu et al., 1988) and the intrauterine noise (Abrams
et al., 1998; Parga et al., 2018). We also included a baseline
of normal speech to verify that the order in which phonetic
contrasts are learnt is not influenced by the inherent acoustic
properties of vowels and consonants unrelated to the PAE.



Simulations We began with a prenatal speech condition
involving low-pass filtering and the addition of noise. We
trained models on four durations, which were evenly spaced
on a logarithmic scale ranging from 10 seconds to approx-
imately 1h25. For each duration, 8 different models were
trained using non-overlapping subsets of the training data, ex-
cept for the models trained on 1h25, for which we could only
obtain 5 non-overlapping subsets. We then ran simulations us-
ing the same procedure but with postnatal (unfiltered) speech,
postnatal speech with added noise and prenatal speech with-
out added noise as a baseline. Since these Prenatal-only or
Postnatal-only conditions are not representative of the learn-
ing experience of infants, who are exposed to both conditions
sequentially, we also trained models on 1h25 of Prenatal data
followed by various duration of Postnatal data (Prenatal +
Postnatal condition), with no overlap between the prenatal
and postnatal data.

For our simulations to be plausible, we needed to calculate
an SNR value for intrauterine noise based on empirical evi-
dence. We did this by comparing the difference in intensity
between the filtered speech signal and the intrauterine back-
ground noise. To simulate the filtered speech spectrum, we
extracted the long-term average speech spectra from Byrne
et al. (1994) and applied the body filter data from Querleu
et al. (1988) to it. We then selected one existing descrip-
tion of the intrauterine noise frequency spectrum: the ’Lying’
condition in Figure 2 of Parga et al. (2018). From this, we
integrated over the available frequency range to obtain overall
intrauterine SNRs of 11.8 and 11.2 dB, respectively, for male
and female voices. Consequently, we used an SNR of 10 dB
in our noised simulations.
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Figure 2: Effect size of native advantage as a function of train-
ing duration, added noise, contrast, and condition (prenatal or
postnatal). The SNR used for adding noise is 10 dB. Error
bars: 95% confidence intervals.

10s 1m 10m 1h25
Postnatal training

duration

0

5

10

15

20

Ef
fet

 si
ze

 fo
r n

ati
ve

ad
va

nta
ge

 (H
ed

ge
s' g

)

a) Non-noisy Prenatal

10s 1m 10m 1h25
Postnatal training

duration

b) Noisy Prenatal
[ ]-[ ]
[ ]-[ ]
[ ]-[l]

Figure 3: Effect size of native advantage for models trained
first on 1h25 of prenatal speech, as a function of postnatal
training duration, added noise, and contrast. The SNR used for
adding noise is 10 dB. Error bars: 95% confidence intervals.

Results We first needed to verify in which condition a reli-
able native advantage could emerge. We started by consider-
ing the Prenatal-only and Postnatal-only conditions. We asked
if, for a given SNR, contrast, and condition, the effect size of
the native advantage was larger for longer training duration.
This was not the case in any noisy simulations, where no com-
parison proved significant (Figure 2c and d). In the non-noisy
conditions, some comparisons proved significant (see Table
2 and Figure 2a and b). They showed the models trained on
1h25 always learned a significantly larger native advantage
than models trained on 10 seconds, and, in most cases, on 1
minute. Native advantages for models trained on 10 minutes
of data were also significantly larger than those for models
trained on 1 minute in all conditions except one. Overall,
this means the models trained on larger durations learned a
reliable native effect in non-noisy conditions, but it was less
the case for noisy conditions, regardless of the low-pass filter.

We also tested for significant differences across contrasts for
a given training duration, SNR and condition, to test whether
the native advantage for vowels emerged earlier than the ad-
vantage for consonants. No significant effect was found.

Finally, we verified there was still no earlier emergence of
vowels in the most realistic simulation, the Prenatal + Postnatal
condition (Figure 3). We tested for significant differences
across contrasts for a given postnatal training duration and
prenatal SNR. Again, no significant differences were found.

These negative results suggest that the empirically observed
delay for consonants is due neither to intrinsic properties of
vowels that would make them easier to learn, nor to an in-
teraction with prenatal learning, since they were not learned
earlier than consonants in any conditions. The absence of
any prenatal learning in realistic (noisy) conditions led us to
question our choice of SNR value. As a consequence, we
report simulations for different SNRs in the next section, to
investigate whether a higher SNR could enables us to match
existing evidence of prenatal EPL (Moon et al., 2013).



Table 2: Significant differences found in Experiment 1 after
correction for multiple comparisons for the non-noisy models,
when comparing the effect sizes of models trained on two
training duration for a given contrast and condition.

Condition Contrast Compared
Durations

Mean Effect
Size Difference P-value

Prenatal

[Ç]-[I]

10s - 1m 3.11 <0.001
10s - 1h25 4.81 <0.001
1m - 10m 3.49 <0.002
1m - 1h25 5.19 <0.001

[Ç]-[2]
10s - 1h25 3.35 <0.002
1m - 1h25 4.38 <0.002

[ô]-[l]
10s - 1h25 4.05 <0.002
1m - 1h25 5.02 <0.001

Postnatal

[Ç]-[I]
10s - 1h25 6.06 <0.001
1m - 10m 3.23 <0.001
1m - 1h25 7.23 <0.001

[Ç]-[2]
10s - 1h25 7.98 <0.001
1m - 1h25 7.53 <0.001

[ô]-[l]
10s - 1h25 9.32 <0.001
1m - 1h25 9.63 <0.001
10m - 1h25 8.02 <0.001

Experiment 2
In the previous section, we replicated Schatz et al. (2021) using
a plausible simulation of the PAE, but no prenatal learning
was observed in realistic conditions. In the second set of
simulations, we test different SNRs in order to find which one
best matches the empirical records (Moon et al., 2013).

Simulations For this set of simulations, we used 7 training
data subsets, each 1h25 long. We varied the SNR from 0 to
40 dB in order to find a sufficient one for phonetic learning
to occur. We also trained models on non-noisy conditions,
which correspond to 60 dB, the approximate intensity of a
normal conversation in a quiet environment.

Results We tested for significant differences across SNR
values and within contrasts and condition (Prenatal and Post-
natal). All significant comparisons are summarized in Table 3,
and native advantages displayed in Figure 4. In most cases, the
60 dB scores were significantly better than the 10 dB scores,
and at least one significant pair showed a greater native ad-
vantage when the SNR value increased. For the Postnatal
models, there were no significant differences between the 30,
40, and 60 dB scores. Consequently, a reliable native advan-
tage could be demonstrated in Postnatal conditions with a low
SNR of 30 dB. In Prenatal conditions, at least one SNR com-
parison proved significant from 60 dB for each contrast, which
also shows that a larger native advantage was learned when
increasing the SNR, albeit in a less conclusive way. While
postnatal models developed a stable native advantage with an
SNR value as low as 30 dB, this was less the case for prenatal
models, for which the effects were less reliable, especially at
lower SNR values. In other words, the filter, in the prenatal
conditions, made the models more sensitive to noise.

We also tested for differences between contrasts within SNR
values and conditions, with no significant results, and thus no
evidence that vowels are easier to learn than consonants.

In this experiment, learning any native advantage in plau-
sible conditions proved challenging (as an SNR of 60 dB is
unplausible in the PAE). However, exposure to prenatal-like
speech, while not immediately beneficial, may still influence
postnatal EPL. We examine this possibility in the next section.

Table 3: Significant differences found in Experiment 2 after
correction for multiple comparisons, when comparing the ef-
fect sizes of models trained on different SNRs, for a given
contrast and condition.

Condition Contrast Compared
SNRs

Mean Effect
Size Difference P-value

Prenatal

[Ç]-[I]

0 dB - 60 dB 7.28 <0.001
10 dB - 60 dB 5.71 <0.002
20 dB - 60 dB 6.41 <0.002
30 dB - 60 dB 5.44 <0.003

[Ç]-[2] 10 dB - 60 dB 3.49 <0.003

[ô]-[l]
0 dB - 60 dB 4.68 <0.002
20 dB - 60 dB 4.54 <0.001

Postnatal

[Ç]-[I]
0 dB - 30 dB 8.71 <0.001
0 dB - 40 dB 8.00 <0.001
0 dB - 60 dB 6.73 <0.002

[Ç]-[2]
0 dB - 30 dB 5.36 <0.003
0 dB - 40 dB 6.89 <0.001
0 dB - 60 dB 7.29 <0.003

[ô]-[l]
0 dB - 30 dB 6.06 <0.003
0 dB - 40 dB 5.37 <0.002
10 dB - 30 dB 5.41 <0.003
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Figure 4: Effect size of native advantage as a function of
SNR value in Postnatal and Prenatal condition for the target
contrasts. Error bars: 95% confidence intervals.

Experiment 3
In the second experiment, models trained on prenatal condi-
tions struggled to learn any native advantage unless they were
not exposed to any noise, which is unrealistic. Despite the
apparent difficulty of learning in the prenatal environment, it
is possible that exposure to a PAE may be beneficial to infants
in the long term after birth. In this section, we run simulations
where models are trained on prenatal speech followed by post-
natal speech, in order to model the effect of birth. If exposure
to the PAE is also beneficial for EPL, we should see a larger
native advantage in models trained on a longer duration of
prenatal speech when the postnatal duration is kept constant.



This comes in contrast to Experiment 1, where we varied the
postnatal duration but kept prenatal duration constant.

Simulations For this experiment, we used concatenations
of prenatal (filtered and noisy using the SNRs from Experi-
ment 1) and postnatal (unfiltered and non-noisy) speech. For
prenatal exposure, we used the same durations and subsets
number as in Experiment 1. For the postnatal exposure, we
used the longest duration at our disposal (about 1h25).

Results We tested the native advantages for significant dif-
ferences within contrasts and across prenatal pretraining du-
ration. No significant effect was found, suggesting the effect
size of native advantage does not depend on the amount of
prenatal training (Figure 5). We thus find no evidence that
prenatal exposure offers any advantage for postnatal EPL1.
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Figure 5: Effect sizes of native advantage as a function of
prenatal training duration for models trained on 1h25 of post-
natal data in noisy (10 dB) and non-noisy (60 dB) conditions.
Error bars: 95% confidence intervals.

Discussion
Our simulations of the effect of the PAE on EPL showed no
condition in which the native advantage for vowels appeared
before that for consonants. If our results hold for human in-
fants, this suggests the delayed specialization for consonants
observed empirically (Tsuji & Cristia, 2014) may not be the
consequence of prenatal speech exposure, but of other factors,
such as maturational constraints (Menn et al., 2023). Alterna-
tively, our model could be incorrect, failing for vowels, despite
its success at modeling native specialization for consonants
(Matusevych et al., 2023; Schatz et al., 2021). Indeed, the
model predicts an effect for the vowel contrasts considered,
but this has not been tested empirically. Moreover, we are
not aware of any successful computational modeling for doc-
umented vowel effects (Matusevych et al., 2023). Findings
of a mechanism differentially predictive for consonant and
vowel effects would be remarkable in itself and this deserves

1Native ABX discrimination scores also showed no benefit of
prenatal exposure. Results not shown for lack of space.

further investigation, through speech perception experiments
assessing the empirical validity of the model’s predictions on
vowel contrasts and/or through simulations assessing if the
model correctly predicts documented vowel effects for other
languages. Comparisons with alternative implementations of
EPL that could result in different outcomes and are equally
credible (Cruz Blandón et al., 2025; Lavechin et al., 2025;
Matusevych et al., 2023), would also be informative.

This study also modeled the feasibility of PPL under plau-
sible noise condition. We showed that even with better SNR
than considered realistic in the literature, outside voices are
too degraded for the fetus to learn phonetic information from
them. We also found no benefits of prenatal exposure for
postnatal EPL. Since a single study in the literature shows
PPL (Moon et al., 2013), it remains possible for it to be a false
positive, and replication attempts would be helpful. As for the
delays in phonetic learning observed in preterms they may be
caused by other factors than the lack of exposure to the PAE,
in particular the sensory deprivation they often experience
(Jobe, 2014; Monson et al., 2023). If these interpretations
hold, the phonetic domain would contrast with other domains
in perceptual learning and language acquisition, where initial
input degradation or simplification is adaptive (Elman, 1993;
Newport, 1988; M. Vogelsang et al., 2023).

There are alternative interpretations for our results that may
be compatible with Moon et al. (2013) and an adaptive role for
PPL, however. First, we used colored noise, which does not
take into account the amplitude modulations of real intrauter-
ine noise. These could provide regular dips in the noise level
during which cleaner signal would be able to reach the fetus
and enable PPL. Second, even if external voices do not support
PPL, maternal voice might (Kepinska, 2025). Indeed, unlike
external voices, it is amplified in utero (Richards et al., 1992),
making learning based on it more plausible. This comes in
contrast to the most discussed scenario for prenatal language
acquisition, according to which all input is low-pass filtered
(Gervain, 2018). Finally, different modeling choices might
yet lead to different outcomes: While infants’ perception may
adapt to the sudden change in input acoustical properties at
birth to facilitate continual learning, we did not implement
adaptation mechanisms; The temporal window over which
the learning mechanism operates might matter, but we con-
sidered only 10ms-long MFCC frames with 1st and 2nd time
derivatives; We tested DPGMMs, but neural network mech-
anisms have also been proposed Lavechin et al., 2025; We
did not model fetus’ bone conduction hearing, which would
lead to even stricter high frequencies filtering (Gerhardt &
Abrams, 1996). Follow-up work will explore these possibili-
ties through additional simulations.

In summary, this study provides preliminary evidence
against the feasibility of PPL and will serve as important
groundwork towards exploring refined hypotheses regarding
the potential roles of the mother’s voice and of intrauterine
noise amplitude modulations in PPL, as well as regarding the
validity of DPGMMs as models of EPL.
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