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Researchers have hypothesized that infant language learning starts from the third trimester of pregnancy.
This is supported by studies with fetuses and newborns showing discrimination/preference for their native
language. Jointly with empirical research, initial computational modeling studies have investigated whether
learning language patterns from speech input benefits from auditory prenatal language exposure (PLE), showing
some advantages for prior adaptation to speech-like patterns. However, these modeling studies have not
modeled prenatal speech input in an ecologically representative manner regarding quality or quantity. This
study describes an ecologically representative framework for modeling PLE for full-term and preterm infants.
The approach is based on empirical estimates of the amount of prenatal speech input together with a model
of speech signal attenuation from the external air to the fetus’ auditory system. Using this framework, we
conduct language learning simulations with computational models that learn from acoustic speech input in an
unsupervised manner. We compare the effects of PLE to standard learning from only postnatal input on various
early language phenomena. The results show how incorporating PLE can affect models’ learning outcomes,
including differences between full-term and preterm conditions. Moreover, PLE duration might influence model
behavior, depending on the linguistic capability being tested. While the inclusion of PLE did not improve the
compatibility of the tested models with empirical infant data, our study highlights the relevance of PLE as a
factor in modeling studies. Moreover, it provides a basic framework for modeling the prenatal period in future
computational studies.
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1. Introduction but observable auditory evoked responses have been recorded from
about 21 weeks gestation (Hepper & Shahidullah, 1994). These results
collectively demonstrate that the auditory system is operational well
before birth, thereby suggesting that language acquisition starts in

utero.

Human fetuses undergo, on average, from 38 to 42 weeks of de-
velopment in the womb (Eggermont & Moore, 2012), constituting
the prenatal period. Evidence from a large body of studies indicates
that fetuses gain access to speech during the last trimester of preg-

nancy (Birnholz & Benacerraf, 1983; Hepper & Shahidullah, 1994; Holst Indeed, the prosodic bootstrapping hypothesis (Gervain, 2018) pro-

et al., 2005). For instance, research in other mammals has demon-
strated that external acoustic sounds can reach the womb. However,
this signal undergoes a complex modification as it passes through the
mother’s body tissues, which act as a low-pass filter on the signal’s
frequency content (Querleu, Renard, Versyp, Paris-Delrue, & Creépin,
1988). In parallel, the auditory system of the fetus undergoes grad-
ual development (Graven & Browne, 2008; Pujol, Lavigne-rebillard,
& Uziel, 1991). For example, the cochlea becomes anatomically func-
tional by the 20th week of gestational age (Graven & Browne, 2008),
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poses that fetuses not only have access to speech but that their brain
also starts adapting to it. Gervain (2018) argues that fetuses can start
learning fundamental aspects of speech prosody in the womb, which
then act as anchors for later language learning after birth. Support
for this hypothesis arises from behavioral studies that show evidence
of learning in the womb by assessing linguistic capabilities in fetuses
or newborns, such as vowel discrimination (e.g., Cheour-Luhtanen
et al., 1995; Moon, Lagercrantz, & Kuhl, 2013; Partanen et al., 2013)
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or preference for the mother’s voice (e.g., DeCasper & Fifer, 1980;
Hepper, Scott, & Shahidullah, 1993; Lee & Kisilevsky, 2014). More
recently, Gonzalez-Gomez, O’Brien, and Harris (2021) contributed new
evidence with a longitudinal study of full-term and preterm infants’
language development across three linguistic aspects: prosody, phonetic
perception, and phonotactics. They observed a developmental delay
for preterm infants in prosodic perception but not in the phonetic
and phonotactic tasks, possibly due to the duration of prenatal speech
exposure (Gonzalez-Gomez et al., 2021). Under this hypothesis, full-
term infants have more experience with prosodic information (already
available in the womb), but both full-term and preterm infants have
the same experience with phonotactic and consonant phonetic informa-
tion (only available after birth). Together, this suggests that prenatal
language exposure (PLE) in general, and the amount of exposure in
particular, could impact later language development.

One approach to studying the effects of PLE in language develop-
ment is using computational modeling. Computational modeling plays
a key role in linguistics research. It allows us to propose mechanisms
behind language behaviors and demonstrate whether these behav-
iors can be learned (e.g., Gelderloos, Kamelabad, & Alishahi, 2020;
Huebner, Sulem, Fisher, & Roth, 2021; Nikolaus, Alishahi, & Chrupata,
2022). Recently, various studies have successfully used self-supervised
artificial neural network models to simulate infant statistical learning,’
demonstrating autonomous bootstrapping of phonemic and lexical dis-
crimination (Lavechin, de Seyssel, Titeux et al., 2022), syllable and
word segmentation (Khorrami & Rédsdnen, 2021), and learning of ref-
erential word meanings (Khorrami & Résdnen, 2021; Merkx, Scholten,
Frank, Ernestus, & Scharenborg, 2023) from auditory or audiovisual
language exposure without a need for strong linguistic priors or other
innate biases. In terms of modeling studies, PLE has been previously
examined in the context of speech emotion recognition (Vogelsang, Vo-
gelsang, Diamond, & Sinha, 2023) and phonetic learning (Poli, Schatz,
Dupoux, & Lavechin, 2024).

In Vogelsang et al. (2023), the simulation involved a neural network
model of supervised learning from 1.6 h of emotion-labeled speech
signals using either the original or filtered signal or a combination
of both. They found that mimicking the order of speech exposure of
infants (i.e., starting the training with the filtered signal and continuing
it with the original signal) led to comparable emotion recognition
performance to training with an equal amount of hours with the full
signal. Their experiments showed that emotion recognition can achieve
high performance from low-pass filtered speech, but, most importantly,
the model that learned from low-frequency speech generalizes well to
full-band speech, suggesting that emotion-related information — mostly
carried out through prosody - is available in speech audible in the
womb. The improvements in robustness of internal representations
observed by Vogelsang et al. (2023) also suggest that access to a
simplified stimulus at first might be more advantageous for auditory
development than facing the full complexity of the stimulus already
from the start. This supports the hypothesis that “early limitations” in
input may be advantageous for later development (Turkewitz & Kenny,
1982; Vogelsang, Vogelsang, Pipa, Diamond, & Sinha, 2024). For ex-
ample, infants’ limited visual acuity is thought to prevent information
overload by allowing them to focus on nearby objects, which helps
synchronize visual and tactile experiences (Turkewitz & Kenny, 1982).
Similarly, Newport and Elman have proposed that early limits on
memory and other cognitive capabilities help infants process language
in smaller, manageable units, aiding in their understanding of language
structure (Elman, 1993; Newport, 1988, 1990).

More recently, a study by Poli et al. (2024) investigated integrating
innate factors for modeling infants’ attunement to speech sounds using
a self-supervised statistical learning model. In this work, the authors

1 See, e.g., de Seyssel, Lavechin, and Dupoux (2023) and Dupoux (2018) for
motivation on using neural networks as models for infant statistical learning.
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simulate an evolutionary period during which they train the model on
500 h of various ambient sounds and animal vocalizations, followed
by full-band speech data to simulate postnatal learning. Their results
showed that the initial predisposition to perceive natural auditory pat-
terns, followed by statistical learning of speech, does not lead to major
differences in native vs. non-native phonetic category discrimination
after 500 h of learning. However, pre-training® enables the separation
of phonetic contrasts (in their study [1]-[1], as in ‘right’ vs. ‘light’ and
[w]-[j1, as in ‘well’ vs. ‘yell’) already at birth (similarly to infants),
whereas this is not the case without the predisposition.

Overall, the results from Poli et al. (2024) and Vogelsang et al.
(2023) demonstrate that the inclusion of prenatal exposure in modeling
studies can result in distinct learning outcomes and potentially improve
compatibility with human data. This suggests that models of infant
language learning should somehow incorporate a correct initial state
for the learning—a factor that the previous modeling research has not
considered except for these two studies. However, even the studies by
Poli et al. (2024) and Vogelsang et al. (2023) did not model prenatal
language exposure in detail regarding the quantity of speech available
to the fetus or the signal attenuation from external air to the auditory
system of the fetus. By incorporating a more realistic simulation ap-
proach to prenatal language exposure, we could further explore the
effects and implications of the prosodic bootstrapping hypothesis using
computational means.

The present study aims to investigate whether integrating real-
istic aspects of prenatal language exposure into language learning
simulations results in different learning outcomes compared to those
without it, thus aligning with previous studies. More specifically, our
study focuses on examining the effects of prenatal exposure through
the lens of the prosodic bootstrapping hypothesis, also considering
full-term and preterm infants in terms of prenatal exposure duration.
Finally, we investigate if prenatal language exposure simulation leads
to models more compatible with infant data. Our approach consists
first of simulating preterm and full-term learners using statistical learn-
ing while accounting for a realistic amount of speech exposure, a
developing hearing system in the womb, and a plausible amount of
exposure. Second, we assess the models’ language learning outcomes
through a computational replication of the prosodic and phonotac-
tic tasks of Gonzalez-Gomez et al. (2021) and infant-directed speech
(IDS) preference and vowel discrimination tasks from a recent evalua-
tion framework for early language acquisition models (Cruz Blandoén,
Cristia, & Résédnen, 2023).

2. Methodology

Our methodological aim is to enable plausible simulations of learn-
ing from pre- and postnatal language exposure. Our methodology
thereby consists of two phases: (1) defining the amount and type
of speech exposure before and after birth, and (2) a description of
the computational simulation setup to test the prenatal bootstrapping
hypothesis with the proposed PLE framework. These are explained
in the following sections. Fig. 1 shows an overview of the employed
experimental setup.

2.1. Simulation of the Prenatal Language Exposure (PLE)

We focused on three factors in our simulations of PLE: (i) as accurate
modeling of hearing in the womb as the existing data on the phe-
nomenon permits, (ii) a realistic amount of language exposure before

2 Pre-training is a commonly utilized procedure in supervised machine learn-
ing, where a model’s parameters are first estimated using a potentially large
unlabeled dataset and an auxiliary “self-supervised” optimization function
before training the final model using the target data (see Erhan, Courville,
Bengio, & Vincent, 2010).
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Fig. 1. An overview of the experimental pipeline to simulate prenatal language exposure in case of pre- and full-term infants.

and after birth, and (iii) using purely incremental statistical learner
models, i.e., models that can “hear” all speech inputs only once, thereby
contrasting with the standard approach to training neural networks in
machine learning while being central to realistic simulations of learning
from finite input.

Simulation of auditory experience in the womb. Multiple studies have
described how the womb acts as a low-pass filter on the speech signal,
where frequencies below 400 Hz are well-preserved while increasing
levels of attenuation take place at higher frequencies (Lecanuet et al.,
1998; Querleu et al., 1988; Richards, Frentzen, Gerhardt, McCann, &
Abrams, 1992; Vince, Armitage, Baldwin, Toner, & Moore, 1982; Vince,
Billing, Baldwin, Toner, & Weller, 1985). The most recent study on the
subject described an attenuation of less than 5 dB for low frequencies
(<500 Hz) and 20-30 dB for higher frequencies (Gélat et al., 2019).
In turn, studies focused on measuring fetuses’ responses to different
auditory stimuli have revealed a gradual development of hearing in
the womb (e.g., Birnholz & Benacerraf, 1983; Hepper & Shahidullah,
1994). In their longitudinal study, Hepper and Shahidullah (1994)
found that fetuses started to exhibit consistent motor responses to tone
frequencies lower than 500 Hz at 27 weeks of gestational age and to
1000-Hz frequency by 31 weeks of gestational age. Hence, hearing
in the womb is not only affected by the filtering effects of the body
tissues but also by the gradual development of the auditory system. A
study by Gerhardt and Abrams (1996) incorporated these two aspects
by using a hydrophone to measure sound levels in the uterus of an ewe
and an electrode to capture cochlear microphonic responses from the
round window of the inner ear of the ewe’s fetus. The cochlear mi-
crophonic measurements characterized what they called the fetal sound
isolation, which is the level of external sounds that would stimulate
the fetal cochlea when the response is compared against an external
reference microphone. Their results on fetal sound isolation outline a
relatively strong attenuation of approximately 10-35 dB already for low
frequencies (<500 Hz) and 35-45 dB for higher frequencies.

For our purposes, we employed a fetal sound isolation model to sim-
ulate hearing in the womb according to the combined filtering effects
of the womb and responsiveness of fetal hearing. More precisely, we
designed a digital filter approximating the transfer function described
in Gerhardt and Abrams (1996) using MATLAB Filter Design Toolkit.
The resulting infinite impulse response filter had a transfer function in
the z-domain of:

0.2373x1073 + 0.4746x10~32z7! + 0.2373x10737 2
1—1.956z71 +0.9569z2

There are multiple challenges involved in accurately measuring the
inner ear response to speech stimuli in human fetuses. It is important to
note that the used model derives from an animal study and corresponds
to a snapshot of a certain developmental stage based on measurements

H(z) = @

from a single study. Yet, the resulting filter (Fig. 2), according to our
knowledge, has been designed based on the best available information
on fetal hearing.

Amount of language exposure. To estimate the amount of exposure to
speech during the prenatal period, Monson, Ambrose, Gaede, and Rollo
(2023) analyzed more than 23,000 h of long-form LENA recordings®
from 27 developing fetuses (recorder placed near the abdomen of the
pregnant participant) and 24 preterm infants (recorder inside the crib)
at a neonatal intensive care unit (NICU). Typically, preterm infants
spend time in the NICU before being discharged. According to Monson
et al. (2023), the average stay duration in the NICU was five weeks,
during which the infants were only exposed to 0.5 h of speech per day.
In contrast, the average prenatal in-uterus speech exposure was found
to be 2.6 h per day.

As for the amount of postnatal speech experience, we used data from
Bunce et al. (2021) who investigated the amount of speech exposure
in the everyday life of infants across five socio-cultural contexts. They
used data from long-form audio recordings recorded with microphones
placed in the infant’s clothes. We calculated the cross-linguistic average
hourly infant speech exposure from their data, resulting in 14.6 min
of speech per hour. Assuming 12 daily waking hours for an infant,
the estimate transforms into 2.9 h of speech per day, which we then
extrapolated to the age range of interest in our experiments (up to 12
months).

To determine the duration of the PLE for our simulations, we
combined the age of the operational hearing onset and the age at
birth. Various studies have identified the operational hearing onset
to be around 27 weeks of gestational age (Chelli & Chanoufi, 2008;
Eggermont & Moore, 2012; Querleu et al., 1988; Saffran, Werker, &
Werner, 2006). We multiplied the hourly input estimates from Bunce
et al. (2021) and Monson et al. (2023) with the average number of
days in the womb, in the NICU (for preterms), and after birth in order
to create our experimental conditions, as explained in the following
section (see also Fig. 1).

2.2. Experimental conditions

To tackle our aim of simulating the effects of PLE in computational
models of infant learners, we created three distinct experimental condi-
tions: baseline simulation (BS) using only the original full-band speech
signal for learning, full-term learner simulation (FT) using a typical

3 One common approach to long-form recordings is to use the so-called
LENA device, which is a non-intrusive, non-invasive recording device that
is placed inside a vest pocket of the child and that can perform 16 h of
continuous audio recording.
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Fig. 2. Left: frequency response of the fetal sound isolation filter used to simulate attenuation of speech sounds in fetal hearing. Right: an example of a typical spectrum of voiced
speech (blue solid line) and spectrum of the signal after the fetal sound isolation filter. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)
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Fig. 3. Simulations included in this study with their corresponding specifications for simulated speech exposure and the duration of the prenatal period. (GA) stands for gestational
age, (CA) for chronological age, (PLE) for prenatal language exposure, and (NICU) for neonatal intensive care unit. The prenatal period is enclosed by the operational hearing
onset (first dark blue rectangle) and birth (second dark blue rectangle). For the preterm learner, the simulation also includes the time spent at the NICU (after PLE). For each
period simulated (PLE, NICU, and postnatal period), the duration in months is shown first in bold font, followed by the daily speech exposure (normal font) and total speech hours

of the period (bold font). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

duration of prenatal speech exposure, and a preterm learner simulation
(PT) with shorter prenatal exposure followed by speech-impoverished
period in the NICU. The latter two included simulation of PLE by
employing the fetal sound isolation filter and the estimates of prenatal
speech input depending on whether a full-term or preterm learner was
being modeled. All simulations also include standard training with the
normal full-band speech signal, simulating postnatal learning. Fig. 3
illustrates the three conditions.

Full-term learner simulation (FT). To simulate full-term learners, we set
the gestational age at birth to 39.3 weeks, which was the average
gestational week for full-term infants in Gonzalez-Gomez et al. (2021)
(personal communication). Consequently, the FT condition included
3.1 months of PLE, followed by 12 months of postnatal speech expo-
sure. This resulted in 223.9 h of PLE and 1044 h of full-band postnatal
input.

Preterm learner simulation (PT). For the preterm condition, we used
the average gestational age of 29.4 weeks reported by Gonzalez-Gomez
et al. (2021), thereby resulting in mere 0.6 weeks of PLE. Therefore, for
the preterm learners, we have 43.7 h of PLE (filtered signal), followed
by 18.8 h of speech in the NICU, and finally, 935.2 h of full-band
postnatal input to simulate input up to the 12 months of chronological
age.

Baseline simulation (BS). In the baseline condition, only learning from a
full-band signal was employed, thereby aligning with the previous work
on the present type of computational models (Khorrami & Réasdnen,
2021; Lavechin et al., 2024). Similarly to the postnatal exposure in
the FT and PT conditions, this corresponded to 1044 h of postnatal
full-band input to simulate 12 months of age.

Speech data. As speech data, we used a subset of the LibriVox cor-
pus (Kearns, 2014) as preprocessed and formatted by Lavechin, de
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Seyssel, Titeux et al. (2022)* that comprises 1300 h of read-aloud En-
glish books. The speech data were divided into disjoint sections for the
PLE and postnatal language exposure in the different conditions. Note
that although using day-long recordings of infants’ natural learning
environments could provide more realistic data for simulating infant
learning (Lavechin, de Seyssel, Gautheron, Dupoux and Cristia, 2022),
the amount of noise in these typically mono-channel recordings is
actually more than what infants with binaural hearing are exposed to,
and causes substantial problems for the present-type of computational
models designed for clean speech audio (see discussion in Lavechin
et al., 2024).

2.3. Computational learner models

For the simulations, we used two self-supervised models—autoreg-
ressive predictive coding (APC) (Chung, Hsu, Tang, & Glass, 2019)
and contrasting predictive coding (CPC) (van den Oord, Li, & Vinyals,
2018). These models employ a form of learning that operates without
labels, relying solely on input data; hence, their name “self-supervised”.
In essence, they learn by predicting the speech signal ahead in time,
which forces them to leverage speech patterns that enable accurate
temporal predictions. Previous studies have employed these algorithms
as models of infant statistical learning from acoustic speech, demon-
strating learning of phonemic discrimination skills (e.g., Liu, Tang,
& Goldwater, 2023; Poli et al., 2024) and lexical word-form acquisi-
tion (Khorrami, Cruz Blandén, & Résédnen, 2023; Lavechin, de Seyssel,
Titeux et al., 2022; Lavechin et al.,, 2023) in a manner compatible
with the hypothesis that infants’ language acquisition might be largely
driven by the acquisition of statistical regularities from the sensory in-
put (Aslin & Newport, 2014; Saffran, Aslin, & Newport, 1996; Saffran &
Kirkham, 2018). Moreover, Cruz Blandén et al. (2023) recently applied
these models to study developmental trajectories of several linguistic
capabilities, comparing trajectories of models to those estimated from
infants. As these models can learn directly from the speech signal in a
self-supervised manner, they impose no prior assumptions on the type
of input representations available to learners (see discussion in Dupoux,
2018).

In the present study, we simply view these models as two different
implementations of predictive processing-based statistical learning that
is hypothesized to be a central mechanism to language learning in
infants (Aslin & Newport, 2014; Saffran et al., 1996; Saffran & Kirkham,
2018). We simultaneously acknowledge that they are unlikely to be
complete mechanistic descriptions of real infant learners due to their
simplistic nature (see also (de Seyssel et al., 2023), for a discussion on
the CPC model). In essence, these models are a way to study to what
extent statistical learning of acoustic patterns might explain the early
stages of infant language learning, serving as a minimal basis on which
additional mechanisms, biases and constraints could be incorporated
as needed to explain developmental processes (see, e.g., Lavechin, de
Seyssel, Gautheron et al., 2022). At the same time, they are one of
the few existing models capable of tackling several aspects of language
development concurrently without imposing linguistic priors to the
model (e.g., Khorrami, 2024; Lavechin, de Seyssel, Titeux et al., 2022)
and while learning from raw speech signals. Any observed similarities
between the two models may reflect the learning outcomes achievable
with statistical learning, while any differences likely arise from the
differences in how predictive processes are implemented in them.

To simulate realistic language exposure and learning, we trained
the APC and CPC models using an incremental learning curriculum,
where each utterance was presented only once to the model during the
learning process. Input to both models consisted of two-second speech
clips, represented by 40 log-Mel features (auditorily-weighted spectral
features) that were extracted using 25-ms windows with 10-ms steps
(frames). Utterances longer than two seconds were split into multiple
two-second clips and fed in the original order to the models.

4 The corpus was preprocessed to remove silences.
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Autoregressive Predicting Coding (APC). The APC is a neural network
model that attempts to predict the future evolution of a speech sig-
nal, given access to current and past observations of the signal. The
learning process aims to minimize the mean absolute error between
predicted and actual future signal observations, as represented by
frames of feature vectors that encode the spectral envelope of the
speech signal (Chung et al., 2019). The model architecture used in our
simulations aligns with that employed by Liu et al. (2023) and Yang,
Yeh, Chung, Glass, and Tang (2022). The model architecture consists
of a context modeling block that uses recurrent layers to capture the
dependencies between encoder output across time, implemented with
three Long Short-Term Memory (LSTM) layers with 512 units each.
Following this, there is a fully connected linear layer that converts the
output of the context module into a prediction of the future speech
observation k time-steps ahead. In our implementation, the model
predicts three frames in the future, equivalent to 30 ms. We used Adam
optimizer (Kingma & Ba, 2014) with a learning rate of 10~* and trained
the model until total speech hours were exhausted.

Contrastive Predicting Coding (CPC). The CPC model is conceptually
similar to APC. However, instead of predicting future speech observa-
tions (speech feature frames), the learning criterion of CPC focuses on
predicting the model’s own internal representations of future speech
observations (van den Oord et al., 2018). By mapping the input speech
features into latent representations using a learnable encoder module
while simultaneously trying to predict these representations over time,
CPC has to discover a set of internal representations that best serve
the prediction task. We follow a similar implementation to that used
in (Chung et al., 2019; Nguyen et al., 2020). The model architecture
corresponds to a multilayer perceptron (MLP) encoder block of three
fully connected layers with 512 units each. Then, two LSTM layers
with 256 units form the context modeling block, which is used to
produce predictions of the internal encoder representations 1-k time
steps ahead. The model is optimized by using a contrastive loss function
(see Gutmann & Hyvérinen, 2010; van den Oord et al., 2018) that
evaluates the accuracy of distinguishing between actual future inter-
nal representations in contrast with the predictions generated by the
context block and negative samples drawn from the same utterance.
We used 128 negative samples and predicted a total of 12 steps ahead.
We used Adam optimizer with a learning rate of 10> and trained the
model until total speech hours were exhausted.

2.4. Assessment of learning outcomes

For the evaluation of models’ learning outcomes, we employed psy-
cholinguistically inspired tests by implementing computational versions
of the tasks described in Gonzalez-Gomez et al. (2021), complemented
by previously reported tasks from Cruz Blandén et al. (2023). In total,
we tested the models with four different linguistic tasks (see summary
in Table 1).

In their study, Gonzalez-Gomez et al. (2021) examined developmen-
tal changes at the ages of 7, 9.5, 10, and 12 months of chronological
age for three different linguistic aspects: prosody, phonotactics, and
phonetic. To investigate the effects of the duration of prenatal expo-
sure in our study, we evaluated the models using tone discrimination
and phonotactics preference tasks. The tone discrimination task related
to prosodic development revealed developmental differences between
full-term and preterm infants. Meanwhile, the phonotactics preference
task showed no differences between the infant groups.

Moreover, we complement our analysis with infant-directed speech
(IDS) preference and vowel discrimination tasks from a recent evalua-
tion framework for computational models of language learning known
as MetaEval, as derived from “Meta-analytic evaluation of computa-
tional models” (see Cruz Blandoén et al., 2023). MetaEval focuses on
comparing an age-dependent developmental trajectory of a language
capability, as obtained from a meta-analysis pooling over several em-
pirical studies on infants, to a corresponding developmental trajectory
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Table 1
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Linguistic tasks for assessing the models. The phonetic transcriptions used in the examples are in IPA, except for the tone discrimination task

that uses Jyutping phonetic alphabet.

Stimulus example

Task Linguistic aspect
Tone discrimination Prosody
Phonotactics preference Phonotactics
IDS preference Prosody

Vowel discrimination Phonetic

/baa2/ vs /baa3/

/das/ vs /Yaf/

IDS: ¢ ‘Do you wanna hold the handle? Look at that’’
ADS: ‘ ‘So it’s good for yeah for mixing’’

/hed/ vs /hid/

of the model under examination (Cruz Blandén et al., 2023). This
is achieved through a computational test of the same linguistic ca-
pability tested in the meta-analysis, which calculates the effect size
(attentional preference or discrimination competence) obtained by the
model trained on an increasing amount of data, thereby simulating
different ages of an infant. A model is deemed compatible with the
human reference data if it obtains an effect size equal to or greater
than the lower bound of the effect size observed for infants in the
meta-analysis at the given age checkpoints of interest. This is since the
infant data is inherently noisy, and thereby, the measured effect sizes
form a lower bound for the real effect magnitudes (see Cruz Blandén
et al., 2023, for details). Therefore, effect sizes derived from models
should be interpreted cautiously, reflecting not an exact magnitude
that infants might exhibit but rather the relative strength of the tested
capability over time. It is important to note that, for the tasks from
MetaEval, based on the available meta-analytic data, information is
solely available for full-term babies, for which compatible comparisons
can only be made for full-term and baseline simulations.

For all the tests, tone discrimination and phonotactics preference
included, we adopted the MetaEval framework, in which the models are
expected to produce two types of outputs for a given speech stimulus:
internal representations and attentional preference scores, both as a
function of stimulus time. The internal representations are vectors of
the network activations for a given stimulus. In the case of the current
models, these correspond to the internal speech representations the
models have learned. On the other hand, the attentional preference
scores represent attentional saliency of a stimulus according to the
models’ encodings of the stimulus.

In our experiments, we implement attentional preference as novelty
preference often observed in empirical infant studies, where higher sur-
prisal (lower familiarity) of the stimulus results in stronger attentional
attraction. This approach assumes that infants are efficient information
seekers and prioritize inputs with higher expected information value
(lower predictability) over those that carry less information due to
being predictable.® This approach aligns with the hypothesis presented
in Risinen et al. (2018) (see also MacDonald et al., 2020) that IDS
may be attentionally attractive due to its prosody being less predictable
than that of ADS, and allows us to test if IDS preference can be learned
from speech experience instead of being innate. In practice, the novelty
preference was implemented using the models’ loss functions as the
attentional preference scores, as the losses directly reflect the models’
ability to predict the evolving signal in time based on what they
have learned about speech so far. Hence, higher loss values indicate
lower predictability of the input from the models’ perspective, thereby
indicating higher surprisal (see Cruz Blandén et al.,, 2023 for more
details).

5 Alternative ways to implement attentional preference mechanism would
have been to consider familiarity preference. However, learning-based novelty
preference seemed the most justified choice since we know that IDS preference
increases with infant age (Frank et al., 2020) and MacDonald, Résénen,
Casillas, and Warlaumont (2020) and Risdnen, Kakouros, and Soderstrom
(2018) show that IDS prosody is less predictable than that of ADS.

Tone discrimination task. This task consisted of a central fixation pro-
cedure where infants, English learners, were presented with two Can-
tonese lexical tones (tone 25: high rising and tone 33: mid-level.
See Gonzalez-Gomez et al., 2021; Yeung, Chen, & Werker, 2013) using
two minimal pairs of the form /CV/. Gonzalez-Gomez et al. (2021)
reported that preterm infants consistently displayed the ability to dis-
criminate the two tones until 10.5 months of chronological age, while
full-term infants lose this ability after 9 months of chronological age.
To make the task suitable for computational models, we synthesized
234 Cantonese minimal pair syllables with the two tones 25 and 33°
using the text-to-speech (TTS) system of Google Cloud. We employed
all four voices (in the Standard voice model) available for Cantonese:
two female voices and two male voices. We opted for a test setup
similar to an ABX format, given that this is a discrimination task
(see Cruz Blandon et al., 2023; Schatz, 2016; Schatz et al., 2014). In
the test, we calculate the distance between the internal representations
of two given syllables. If the syllables are the same, i.e., same /CV/
context and tone, the distance is expected to be smaller than if they
were different, i.e., same /CV/ context but different tone. Hence, the
test determines the degree of tone discrimination by comparing within-
tone perceptual distances to across-tone distances. The test’s outcome
is the effect size as the quantified strength of discrimination capability.

Phonotactics preference task. In Gonzalez-Gomez et al. (2021), the
phonotactics task consisted of exposing infants to two types of /CVC/
triphones in English: highly probable and less probable triphones,
and then comparing infant responses between these conditions (see
Gonzalez-Gomez et al., 2021; Jusczyk, Luce, & Charles-Luce, 1994).
As a result, Gonzalez-Gomez et al. (2021) found that both preterm
and full-term infants did not exhibit a preference for either group of
triphones until the age of 10.5 months, when they started to prefer
highly probable triphones.

For the computational version, we used the same 12 highly and
12 less probable triphones of English used in the behavioral study.
We synthesized the triphones into speech using the Google Cloud TTS
system, generating a total of 324 samples per condition (27 tokens
per triphone, 13 female and 14 male voices available for English
neural TTS models). Since this is a preference task, the test used the
models’ attentional preference scores as their behavioral responses for
the highly and less probable triphones. We calculated the average per
sample preference within each triphone group and estimated the effect
size between the two groups as a measure of preference, a positive
effect standing for preference towards the high probability triphones
(see also the infant-directed speech preference task in Cruz Blandén
et al. (2023) for more details on this type of testing).

Infant-directed speech (IDS) preference. This test consists of 120 IDS
and 120 adult-directed speech (ADS) utterances from the large-scale
ManyBabies study on infant IDS preference (Frank et al., 2020). The
stimuli are presented to the model to measure the attentional scores
and, thus, the preference towards the IDS style speech. North-American
English infant data from Bergmann et al. (2023) is used as the data for
this task to compute reference developmental trajectories of infants (see
also Cruz Blandon et al., 2023). In this task, full-term infants displayed
an increased preference for IDS with age (Frank et al., 2020).

® To extract the minimal pairs, we used the syllable combinations reported
in https://humanum.arts.cuhk.edu.hk/Lexis/lexi-mf/syllables.php.
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Vowel discrimination. The vowel discrimination test consists of na-
tive (English) vowel contrasts embedded in a /hVd/ context from
the Hillenbrand corpus’ (Hillenbrand, Getty, Clark, & Wheeler, 1995).
The test covers five different vowel contrasts from 139 speakers (see
Cruz Blandén et al., 2023 for more details). The contrasts are presented
to the model using a similar ABX format to determine the strength of
the discrimination between same vowel and different vowel conditions.
The test uses as reference data the vowel discrimination meta-analysis
available on MetaLAB database® (Bergmann et al., 2018; Lewis et al.,
2016). According to the reference data, full-term infants exhibited a
positive effect for the native vowel discrimination capability, with this
ability remaining consistent across ages.

Analysis of learning outcomes in different exposure conditions. First, we
focused on whether the two simulations with PLE (FT and PT) display
different behaviors compared to the baseline learning strategy without
PLE (BS condition). To address this, we derived and compared FT,
PT, and BS developmental trajectories of all four tested capabilities
(native vowel discrimination, IDS preference, phonotactics preference,
and tone discrimination) using model checkpoints at chronological ages
of {0,7.5,9,10.5,12} months. These checkpoints include those studied
by Gonzalez-Gomez et al. (2021) and one new checkpoint, 0 months,
corresponding to the time of birth for FT and PT simulations. Results
at 0 months is not included for the BS simulation, as it corresponds
to a randomly initialized model that results in outlier measurements.
Instead, the BS simulations included the checkpoint of 0.5 months,
corresponding to the same amount of speech (43.7 h) as the total
amount of prenatal exposure at birth for the PT simulation. We also
included a 2.6-month checkpoint for BS, which corresponds to the same
amount of speech (223.9 h) as prenatal speech input at birth for the FT
simulation.

Training and testing of both models were conducted three times,
each run using a different set of initial parameters and different order
of the training data. This was done to average out variability from these
task- and condition-independent random factors. The mean effect size
and its standard error were then calculated for each test and age check-
point across the three runs. This allows us to assess whether different
checkpoints and simulations exhibit consistently different behavior for
the various linguistic capabilities tested, and how the duration of the
PLE changes the models’ behavior in the simulations.

Apart from analyzing potential differences in the model behavior,
we were also interested in whether the current experiments align with
the qualitative results from the previous studies. Poli et al. (2024) and
Vogelsang et al. (2023) suggested that models with prenatal auditory
exposure were potentially more compatible with human data than
those without PLE. For this purpose, we followed the methodology
in MetaEval for the vowel discrimination and IDS preference tests
to obtain the total number of age checkpoints that were compatible
with the effect sizes derived from the meta-analytic data. We calcu-
lated the mean effect size across the three runs and evaluated if it
was larger or equal to the lower bound of the confidence interval
from the meta-analytic reference data at each age checkpoint. Then
each model’s compatibility was derived as the total of compatible age
checkpoints. Since Gonzalez-Gomez et al. (2021) is not a meta-analysis,
we approached the compatibility analysis differently. Thus, for the
phonotactics preference and tone discrimination tests, we used the
range given by the standard error of the mean effect size (SE) across the
three runs. If the range given by mean effect+SE included zero, then the
checkpoint was marked as having no effect (no preference or discrimi-
nation). Otherwise, it was marked as having an effect. To be consistent
with what was reported in Gonzalez-Gomez et al. (2021), we coded
the effects of the phonotactics preference as familiar effects. Since the

7 http://homepages.wmich.edu/~hillenbr/, accessed on 16.10.2023.
8 https://langcog.github.io/metalab/.
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models are simulating novelty preference (larger loss for novel stimuli
than familiar stimuli; see Section 2.3), we multiplied by —1 the effects
obtained, thus matching the familiarity effect (i.e., lower loss error for
highly probable than lower probable triphones). The effects were then
compared directly to the results in Gonzalez-Gomez et al. (2021) to
determine the number of infant-compatible age checkpoints.

3. Results

Figs. 4-7 show the results from the experiments. There are three
main findings. First, the results show consistent differences between the
baseline and prenatal language exposure simulations, thus confirming
that such differences are also present in realistic setups (see Fig. 4).
Second, the duration of the prenatal exposure simulation can lead to
differences between the full-term learner and preterm learner simula-
tions’ behaviors (see Fig. 5). Third, despite previous studies suggesting
a potential increase of the qualitative compatibility with infant data
by simulating PLE, our results show no quantitative advantage against
the baseline simulation in the current setup (see Figs. 6 and 7) (see
discussion in Section 4). We analyze these three main findings in the
following subsections.

3.1. Finding 1: Inclusion of PLE results in different model behaviors

Fig. 4 shows the developmental trajectories of APC and CPC models
for the four linguistic capabilities tested: phonotactics preference, tone
discrimination, IDS preference, and vowel discrimination. The mean
effect sizes and their standard errors across the three runs are shown
for each age checkpoint of interest for the three simulations: full-term
learner (purple), preterm learner (dark pink), and baseline (green).

The results show that, for both models, there are differences in
the developmental trajectories of the baseline simulations and the PLE
simulations. Even in the case of overlapping trajectories, the trajectory
direction can differ between BS and PLE conditions. For example, in the
case of the APC model’s IDS preference, the BS shows an increasing
preference from 10.5 months to 12 months, while FT and PT simu-
lations show a decreasing tendency (see Fig. 4 bottom-right). These
results indicate that regardless of the model employed to simulate
a statistical learner (either the APC or CPC model), the simulation
of prenatal language exposure results in different model behaviors
compared to ignoring the PLE completely. Given that these patterns
are a result of multiple independent runs of the experiment, these
differences are not merely due to random factors in the models or data.
This corroborates the findings from Poli et al. (2024) and Vogelsang
et al. (2023), where the studied models had different learning outcomes
when their training involved prenatal auditory exposure.

When compared directly, the APC and CPC models show that they
can capture relevant information from the input speech by reflecting
non-random linguistic behaviors in all four tests to a certain degree. In
general, both models have non-zero effects for all the simulations (BS,
FT, and PT). However, the observed patterns vary between the models.
In the case of the APC model, the differences between PLE and BS
conditions are clearer at early ages. Also, the pattern is consistent across
the type of test, where IDS and triphone preference tests showed an
increasing preference for the BS condition and a decreasing preference
for the PLE conditions from O to 7.5-9 months of age (see Fig. 4 left-
top and left-bottom). Furthermore, for the APC discrimination tests, the
BS simulation shows a decreasing discrimination capability while the
PLE simulation shows an increasing capability from 0 to 7.5 months
(see Fig. 4 right-top and right-bottom). This is different from the
CPC model, which does not exhibit the same patterns for the same
tests. For instance, the CPC phonotactics preference test shows an
increasing preference with age, while for the IDS preference, the BS
simulation shows a decreasing preference while the PLE simulations
show an increasing preference (see Fig. 4 left-top and left-bottom). This
behavior is qualitatively similar to infants who show an increasing IDS
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Fig. 4. Developmental trajectories for the three conditions: FT (Full-term learner simulation; in purple), PT (Preterm learner simulation; in dark pink), and BS (Baseline simulation;
in green). Results are shown for the four linguistic capabilities (Phonotactics preference top-left, Tone discrimination top-right, IDS preference bottom-left, and Vowel discrimination
bottom-right) and for the two models (APC and CPC). Each plot shows the effect sizes obtained for the given task and model for the simulated ages at zero months (at birth),
7.5 months, 9 months, 10.5 months, and 12 months. For BS, 0.5 and 2.6 months are shown, representing the same total amounts of speech perceived during PLE by PT and
FT, respectively. Error bars and shaded areas represent +1 standard error of the mean effect size, as calculated across the three independent runs of the experiment. For the

IDS preference, a positive effect indicates a preference towards IDS utterances. For the phonotactics preference, a positive effect indicates a preference towards highly probable
triphones. Note the differences in the scale of the effect size for all capabilities (axis y). (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

preference (Frank et al., 2020) and start exhibiting preference towards
high-probability triphones after 10.5 months of chronological age, that
is, after some experience with the full-band speech signal (Gonzalez-
Gomez et al., 2021). Note that for the IDS preference, given the current
implementation, these results suggest that a novelty preference could
replicate the qualitative trajectories exhibited by infants in the CPC
model.

The CPC model seems more robust than APC to the qualitative
change in the audio that takes place during the transition from filtered
speech to full-band signals. This is illustrated by the effect sizes at the 0
age checkpoint of the PLE simulations compared to the corresponding
checkpoints of BS simulations, where a matching amount of speech
hours have been used for training the PLE for PT (0.6 months) and
FT (2.6 months) models. For three out of the four linguistic tests, the
effect sizes obtained by the BS condition are close to those obtained by
the PT and FT conditions. Notice that for the FT and PT simulations,
by 0 months, the model has only seen filtered signals during training,
but the tests are all performed with the full-band signals.

3.2. Finding 2: Duration of PLE can impact model’s behavior

One prediction arising from the prosodic bootstrapping hypothesis
is that the duration of PLE can affect later language learning outcomes.
In order to analyze if the PLE duration impacts the learning outcomes
of the present models, we plotted the developmental trajectories in
three views (see Fig. 5): (1) Simulated chronological age, same as
previous visualization. (2) simulated corrected age, which corresponds
to aligning the PT simulation to the FT simulation, and (3) total amount
of speech hours observed. We chose the phonotactics preference and
tone discrimination task trajectories of the CPC model, as they are
representative of the behaviors found in the experiments. The plots for
the other tests and the APC model can be found in Appendix A.

For the phonotactics preference, the CPC model shows that behav-
iors of the FT and PT simulations are quite similar, except for a decrease
in the preference from 10.5 to 12 months of chronological simulated age
for the PT simulation, as compared to a continued increase by the FT
simulation. On the other hand, for tone discrimination, the simulations
are very different at birth, but they start to be more similar from 7.5
months with a constant increase in the tone discrimination capability.
By aligning the data in terms of corrected age (Fig. 5 middle), we
observe that the differences still remain. Moreover, the overlap regions
of the effect sizes in the chronological age view are less prominent in
the corrected age view. Similarly, in the total speech view (see Fig. 5
right), there are remaining differences between the two simulations.
Hence, these results indicate that the differences are not due to an
alignment of the simulated age or the speech used to train the models.
Since the main difference between the two simulations is the duration
of the PLE period, these findings suggest that the duration of the PLE
simulation might affect the model behavior.

3.3. Finding 3: PLE does not improve quantitative compatibility with infant
data with the present models

Fig. 6 displays compatibility of the models against empirical refer-
ence data from infants on the IDS preference and vowel discrimination
tasks, and Fig. 7 shows the corresponding results for the tone dis-
crimination and phonotactics preference tasks from Gonzalez-Gomez
et al. (2021). Notice that there are no reference data for preterm in-
fants in the meta-analyses of vowel discrimination and IDS preference;
therefore, PT condition was not included in the analysis for those two
tasks.

As seen from Fig. 6, the CPC model is more in line with infant
data than the APC model. Nevertheless, both the APC and CPC models
exhibit no difference in terms of the quantitative compatibility between
FT and BS simulations. The APC model obtained compatibility with 4
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Fig. 5. Developmental trajectories for the CPC model of the phonotactics preference (top) and tone discrimination (bottom) tests. The trajectories are either represented using the
chronological simulated age (left), corrected simulated age (middle), or the total amount of speech overall (PLE included) used for training (right). Each plot shows the trajectories
of the FT learner (purple) and PT learner (dark pink). The error bars and shaded area represent +1 standard error of the mean effect size across three runs. Note the differences
in the scale of the effect size for both capabilities (y axis). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)
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Fig. 6. Quantitative compatibility of the APC and CPC models and simulations with respect to the infant data on vowel discrimination and IDS preference. Compatibility is shown
for the four age checkpoints of interest. Purple color marks the model effect sizes that are not compatible with the human data, whereas green marks the compatible ones. The
overall compatibilities of the models and simulations are listed at the bottom. Note that the infant data set the lower bound of the confidence interval of the effect sizes, and for
the models to be considered compatible with the reference data, they need to obtain an effect size larger or equal to the indicated lower bound (see Cruz Blandoén et al., 2023).
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 7. Compatibility of the APC (middle) and CPC (right) models with infant data on phonotactics preference and tone discrimination with respect to infant reference data (left)
from Gonzalez-Gomez et al. (2021). The comparison results are shown separately for PLE and BS conditions, comparing the full-term (FT) and preterm (PT) infants and conditions
with each other. x indicates non-preference or discrimination skill and v indicates a positive effect. Cells denoted with NA mark conditions without available data, as the BS
simulation is how full-term learners have been simulated previously. The overall compatibilities are listed at the bottom of the model blocks.

out of 8 total age checkpoints, with full compatibility in vowel discrimi- model in the BS simulation against the FT simulation in the last age

nation but failing on IDS preference. The CPC model is compatible with checkpoint (12 mo) of the phonotactic preference.

all the 8 checkpoints. Both models exhibit positive tone discrimination capability for all
Fig. 7 shows no difference in compatibility of CPC between the FT age checkpoints. This is unexpected, given that the duration of PLE can

and BS simulations for the phonotactics preference and tone discrimi- affect models’ behavior, and this task is related to prosodic features

nation tasks, but an increase of one checkpoint is observed for the APC available in the filtered signal. However, these results suggest that,



M.A. Cruz Blandoén et al.

unlike infants, both models continue exploiting lexical tone information
for up to 12 simulated months regardless of the duration of PLE
and despite the tones being non-phonemic in English (see Section 4).
Thus, the differences between FT and BS are marginal or non-existent
for both models. Interestingly, the PT condition obtained the highest
compatibility among the three simulations for both models (APC: 7 out
of 8; CPC: 5 out of 8).

Overall, there is no clear quantitative advantage for simulating the
learners with PLE in terms of compatibility with infant data. This is
in contrast to previous studies that suggested that PLE simulations
are potentially more compatible models than models without PLE.
Nevertheless, findings 1 and 2 showed that from the qualitative per-
spective, introducing PLE in the simulations led to changes in models’
behavior with infant trends. This contrast highlights the challenges
of assessing model alignment with infants’ developmental timelines.
Although visible differences emerged in the developmental trajectories
of baseline and PLE simulations, the current simulations fall short of
capturing precise linguistic behavior in the simulated age range (see
also Discussion below).

Compared to the previous studies, the current work examined the
compatibility of models against infant data by analyzing the temporal
alignment of developmental trajectories with infant data for four lin-
guistic capabilities, whereas Poli et al. (2024) assessed overall phonetic
learning patterns as a continuum, comparing the ultimate learning
outcomes in models with and without “before birth” attunement to
auditory processing. Hence, the present work provides a broader view
of how multiple different language capabilities are affected by PLE,
including phonetic discrimination studied by Poli et al. (2024), but also
making interpretation more challenging due to the attempt to explicitly
connect models’ and infants’ developmental timelines instead of focus-
ing on qualitative phone discrimination performance advantage per se.
Our approach also differs from that of Vogelsang et al. (2023), who
focused on the benefits of learning from low-pass filtered (simplified)
speech input before full-band (rich) speech when solving a high-level
perceptual task of speech emotion recognition. Given the disparity in
their and our present tasks and in the general problem setting, direct
comparison of the present results with Vogelsang et al. (2023) is not
meaningful, but both studies show how prior exposure to simplified
speech stimuli can impact later learning outcomes. Also, neither of
the earlier studies used a combination of realistic amounts of prenatal
speech, low-pass filtering motivated by womb attenuation and fetal
hearing, and incremental learning over the finite speech data, further
complicating direct comparisons.

4. Discussion

With the current experiments, we showed that plausible modeling
of prenatal language exposure can impact the learning outcomes of
computational models, thereby also potentially affecting the findings
and conclusions of computational studies. Regardless of the variability
observed in the simulations, the results consistently reveal substantial
differences up to 7.5 months of simulated age for most of the capa-
bilities, as well as changes in the direction of trajectories between PT
and FT simulations beyond that point (e.g., an increasing or decreas-
ing effect size trend with increasing simulated age). The results also
showed that the duration of prenatal language exposure can affect the
behavior of models. However, whether or not and how PLE duration
affects models’ behavior seems tied to the linguistic capability being
tested. This result is aligned with the prosodic bootstrapping hypoth-
esis that predicts delays or temporary disruption in infants’ language
development with different prenatal experience durations and upon
information available during prenatal exposure (Gervain, 2018).

Previous studies suggest that potentially higher model compatibility
with infant data could be obtained by including PLE simulation (Poli
et al, 2024; Vogelsang et al.,, 2023), where the latter study also
used the same CPC model as the present study. However, the current
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experimental setup and models show little compatibility with infant
data and no difference between baseline and PLE simulations in this
regard. Although we used models suitable for simulating statistical
learners, as also demonstrated by other prior studies (Cruz Blandén
et al., 2023; Lavechin et al., 2024), these models still fail to capture
subtleties of infant language learning. The main differences between
Poli et al. (2024) and Vogelsang et al. (2023) and our simulations is the
more realistic prenatal simulation in terms of speech signal quality and
quantity, and the method to explicitly evaluate models’ compatibility
with empirical infant data.

In our view, the current learning models and evaluation tools make
analysis and comparison of temporal trajectories a valuable addition
to the toolkit used to model infant developmental processes. Temporal
comparison of learning trajectories across multiple concurrent capabili-
ties enables a stringent assessment approach, helping to rule out models
that diverge from expected infant behavior and supporting the devel-
opment of more unified models of learning. In addition, well-fitting
models could then be used to create hypotheses for infant age groups
for which empirical data does not yet exist on a given phenomenon of
interest. Yet, the exact matching of speech input hours between models
and infants comes with many complications (including uncertainty
and variability in how much speech infants actually hear; see Coffey,
Risdnen, Scaff, & Cristia, 2024), and thereby less stringent temporal
comparisons could also be applied, e.g., by comparing the shapes of
the infants’ and models’ learning trajectories without requiring exact
one-to-one mapping in terms of speech hours observed.

Apart from the differences in PLE simulation and evaluation
methodology, our study employed purely incremental learning to sim-
ulate a human-like learning experience. This is in contrast to the
usual machine learning training procedure, which involves multiple
iterative training steps over the same dataset. In fact, we performed
post-hoc tests to see whether more standard iterative training might
have improved the models’ linguistic competence further. By using a
phoneme discrimination test from the ZeroSpeech Challenge evaluation
toolkit (abxLS test, Nguyen et al., 2020), we calculated phoneme
discrimination for all simulations and checkpoints. The APC and CPC
models reached an ABX error rate between 9% and 13% regardless of
the simulations. The obtained ABX error rates are higher than those
reported for the same learner models in iterative training experiments
with ABX scores of ~6% (Liu et al., 2023), hence suggesting that the
incremental training did limit the competence of the models to some
degree. Consequently, further investigation into the effects of PLE in
simulations with realistic settings, possibly with alternative learning
curricula like regular machine learning training, could help mitigate
training effects and more clearly unveil any consistent differences
between BS and PLE simulations.

With the current methodological framework and evaluation, it may
be possible to predict linguistic behavior for age checkpoints where
infant data is currently unavailable. However, for the reasons out-
lined above, our current simulations — while suitable for examining
PLE’s influence on linguistic capabilities — did not achieve a level of
compatibility sufficient for meaningful forecasts on human language
acquisition. Nevertheless, this study establishes several key contribu-
tions that can support further exploration and refinement of models to
more closely reflect infant language development, and eventually en-
able validation of models by testing hypotheses arising from modeling
experiments.

5. Conclusions

This study investigated the inclusion of prenatal language exposure
in computational modeling of infant learning. To this end, we first
designed an experimental setup to simulate PLE in computational mod-
els of learning from speech audio. Two alternative statistical learner
models, APC and CPC, were then used to simulate infants of different
ages by training them with increasing amounts of speech audio, also
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taking into account prenatal language exposure in the womb, and
including both full-term and preterm infant simulations with different
PLE speech exposures. The models were then tested on four linguistic
capabilities for which reference empirical data from real infants was
available.

Our findings revealed discernible differences between simulations
that took PLE into account and the “standard” modeling approach,
where statistical learning is assumed to start from birth. While the
inclusion of PLE in the modeling setup did not improve the models’
overall compatibility with the infant data, there were other notable dif-
ferences between the learning trajectories of models with and without
PLE taken into account. Thereby, the present experiments demonstrate
that prenatal exposure in general, and duration of the PLE period
in particular, influenced the learning trajectories of models in the
postnatal part of the simulation. Therefore, PLE is a factor that should
be considered in computational modeling studies of infant language
learning. This is in agreement with behavioral evidence that language
abilities may vary between full-term and preterm infants (Gonzalez-
Gomez et al., 2021; Pena, Pittaluga, & Mehler, 2010; Sansavini et al.,
2010), and with the hypothesis that prenatal experience may have
consequences on language learning (Gervain, 2018).

Our simulation approach, although aiming for a more realistic
simulation than the earlier attempts, naturally has its limitations. First,
the gradual development of the fetal auditory system and notable un-
certainties involved in modeling the pathway from the mother’s speech
production system to the inner ear of a fetus mean that the present
approach is far from perfect. For instance, our setup used the data
on fetal auditory stimulation based on a small-sample sheep model,
and it completely ignored the ambient noise environment and, thereby,
the speech-to-noise ratio in the womb (see also discussion in Poli
et al., 2024). Moreover, direct sound conduction through tissues of the
mother (e.g., from the vocal tract to the lungs and from there to the
uterus) is not included in the model, where the attenuation is measured
with respect to a reference level outside the mother. Similarly, our sim-
ulation of the NICU exposure focused solely on the amount of speech
preterm infants hear, whereas actual NICU auditory environments in-
clude additional factors, such as predominant electronic sounds from
medical equipment (Monson et al., 2023) or elevated sound levels
(see Best, Bogossian, & New, 2018, for a review). Incorporating these
elements could amplify the differences between preterm and full-term
models, but would also require a much more complex model for the
auditory environment to account for the non-speech input at NICU but
ideally also in utero and at home.

In addition, training of models involved exposure to an utterance
only once. While this reflects natural human language exposure, it
poses challenges for the present type of machine learning-based com-
putational models that are typically trained iteratively several times
across the same set of data. Despite the several hundreds of hours of
speech data available for learning, the models did not reach their full
potential in terms of linguistic capabilities, as demonstrated in earlier
studies (see the discussion in the previous section). In addition, the
current simulation used speech data from read-aloud audiobooks due
to their high audio quality and quantity. While often applied to similar
modeling studies (Cruz Blandén et al., 2023; Khorrami et al., 2023;
Lavechin et al., 2024), this type of speech is not directly comparable
with spontaneous speech heard by fetuses during the prenatal period
or with the infant-directed speech heard by infants in their everyday
environments. Therefore, future modeling studies should tackle these
limitations in order to understand better how different factors and as-
sumptions contribute to the modeling outcomes. Finally, the employed
statistical learner models, although successful in explaining aspects of
phonetic and lexical learning (Khorrami et al., 2023; Lavechin et al.,
2024), are still far from being good models of infant learners. As
already shown in Cruz Blandén et al. (2023), these simplistic models
struggle to fit the developmental changes observed in infants with
age, and the inclusion of PLE in the simulations does not change the
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situation completely. Hence, more work is also needed in terms of
model development.

Overall, the main contribution of this study is to provide a frame-
work for simulating prenatal language exposure in contemporary com-
putational models of infant language acquisition. At the same time, the
study highlights the challenges inherent in implementing more realistic
simulations of language acquisition and the relevance of transitioning
towards a naturalistic setting for models of language learners. We
believe such a transition will allow the study of research questions
that may otherwise be impractical to investigate through behavioral
research. Finally, this work also contributes more widely to the de-
velopmental field by highlighting the importance of prenatal language
exposure in language development.
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