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LANGUAGE LEARNING

The first 1000 days: Modeling language learning  
from individual children’s everyday speech
Hadas Raviv*, Arkadii Tsyhanov, Kira Gousios, Aja Altenhof, Haocheng Wang, Berlin Chen,  
Ofri Raviv, Tal Rosenwein, Casey Lew-Williams, Liat Hasenfratz, Uri Hasson 

INTRODUCTION: Children learn to understand and produce speech from 
the language they hear every day, but how that everyday experience 
shapes learning remains an open question. Modern artificial intelli-
gence (AI) language models show that language can be learned from 
data, yet they train on far more input than any child hears, using 
training protocols that are quite different from how children 
actually learn. Understanding how children learn language from 
everyday experience requires computational models built to learn 
the way children do, from the real-world input available to an 
individual child and on realistic developmental timescales.

RATIONALE: To test this idea, we used ultradense home recordings 
from the First 1000 Days project: thousands of hours of everyday 
speech collected for each of eight children across their first 1000 days 
of life. We built a separate learning model for each child, with no 
prior knowledge of speech or words. Each model learned only from 
the speech available to that child, processed day by day in the order it 
was originally experienced. Training followed a developmentally 
realistic schedule, with daily exposure gradually increasing as 
children spent more time awake and recent speech revisited at the 
end of each day to approximate the role that sleep may play in 
memory consolidation. We then tested whether the models learned 
distinct speech sounds and words and whether their learning pace 
tracked the developmental trajectory of the corresponding child.

RESULTS: Trained this way, the models learned to distinguish English 
speech sounds within roughly the first simulated year and went on to 
build vocabularies of thousands of words, with growth closely tracking 
each child’s measured vocabulary. Two aspects of the experience were 
especially important. First, input density was critical: Models given 
only a fraction of a child’s daily recordings learned far fewer words, 
likely because many everyday words are rare and require repeated 
exposure. Second, nightly replay was equally important: Models given 
little or no replay struggled to learn words, even when their daily 
input was rich. The same modeling framework worked across all eight 
children without modification. Within that framework, three internal 
model parameters governed the pace of learning, capturing individual 
differences and offering an interpretable account of how learning 
mechanisms interact with experience to support language acquisition.

CONCLUSION: Together, our results show that the everyday speech 
available to an individual child, combined with biologically inspired 
learning and memory processes, provides sufficient structure to 
support core aspects of language learning. More broadly, our 
approach offers a framework for translating theories of how 
children learn into computational models that can be tested directly 
against children’s real-world development. 
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From a single child’s everyday speech experience, a vocabulary emerged. Trained on individual children’s day-by-day speech input across the first 1000 days, the model 
learned first to distinguish speech sounds and then words, gradually building a lexicon. From birth through toddlerhood, the model’s vocabulary grew along a trajectory that 
closely matched each child’s measured vocabulary growth. [Illustration credit: Z. Lavi-Hasson]
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Children learn to understand and speak from the speech around 
them, yet how that everyday input shapes learning remains 
unresolved. Large language models show that language is 
learnable from data, but their scale and training conditions 
differ sharply from a child’s natural experience. We trained 
cognitively feasible, child-specific models on longitudinal home 
recordings from eight children across their first 1000 days of 
life. Each model learned incrementally from a single child’s 
ordered speech input without prior linguistic knowledge, 
developing phoneme-like and word-form representations that 
tracked each child’s learning pace. Learning was dependent on 
dense daily sampling and replay of recent input, indicating that 
both experience- and memory-related processes are necessary. 
These findings show that everyday experience contains 
sufficient structure for language learning and establish 
child-specific modeling for testing developmental theories.

Understanding how children acquire language from everyday experi-
ences remains a long-standing interdisciplinary scientific challenge. 
Children learn from noisy, incomplete, and highly individualized input, 
yet they reliably converge on shared representations of speech and 
words without explicit instruction (1–6). A key unresolved question is 
whether naturalistic experience alone provides sufficient structure for 
early language learning (4–7) or whether successful acquisition de-
pends on innate linguistic knowledge (2, 3, 6, 8, 9). This question arises 
at every level of language, from speech perception to word meanings 
to syntax, and extends beyond language to development more broadly 
(9). Here, we focused on one foundational component of language 
acquisition: whether the speech a child hears alone can support the 
emergence of language sounds and word-form representations on real 
developmental timescales (10).

Recent successes of large language models have shown that language 
can, in principle, be learned directly from input given sufficiently large 
training data (11–13). Yet the way these models learn differs radically 
from how children learn in at least three ways. First, they are trained 
on enormous datasets, often containing trillions of tokens (the word-
like units that a model processes), far more than any child could encoun-
ter. Second, they rely on a predefined vocabulary of tens of thousands 
of such tokens, specified in advance rather than discovered from ex-
perience (13, 14). Finally, their data-sampling and learning protocols 
bear little resemblance to the experience of any individual child (15–17). 
These differences raise a fundamental question: Can deep learning 
provide a viable computational framework for modeling human lan-
guage acquisition? To address this question, we developed a unified 
framework that tested whether a child-specific model, trained on dense 
recordings from a single child’s home over the first 1000 days of life, 

could support speech and word learning on developmentally relevant 
timescales.

Training such a model requires dense, continuous recordings of 
individual children. Existing ecologically valid datasets fall short, of-
fering only sparse snapshots of experience (18–23). Capturing the full 
scope of an early linguistic environment is ethically and technically 
challenging. The First 1,000 Days (1kD) project (17) addressed this 
challenge, inspired by Deb Roy’s pioneering Speechome project (24) 
while leveraging contemporary cloud infrastructure and automated 
machine-learning pipelines. It recorded 12 to 14 hours of naturalistic 
audiovisual data per day from 15 racially and economically diverse US 
families across each child’s first 1000 days of life. In the present study, 
we focused on isolated speech derived from the recordings of eight 
children within this corpus.

We trained a child-specific, cognitively feasible learning model on 
the daily speech input of one child at a time and replicated this process 
across eight children, each from a different home environment. The 
model’s weights were randomly initialized with no built-in linguistic 
knowledge. We simulated learning on developmentally realistic time
scales and evaluated each model by comparing its learning dynamics 
with the developmental trajectory of the corresponding child. The 
training protocol was designed to model development under ecologically 
feasible constraints: Learning proceeded continuously day by day, with 
replay-like reprocessing of prior input inspired by memory consolida-
tion (25, 26), and followed a curriculum aligned with the stages of early 
language development (27). The model was trained on isolated, resyn-
thesized speech rather than raw sensory input, leaving open the ques-
tion of how learning proceeds from noisier real-world input such as 
background noise, overlapping conversations, and multiple speakers.

We found that each model acquired speech-unit representations 
and word-level abilities that children typically develop within the first 
2 years of life (27–34). Speech-unit representations emerged by learn-
ing from continuous, household-specific speech input and became 
increasingly aligned with phonetic structure over development. These 
representations supported the emergence of thousands of word forms, 
with lexical growth tracking each child’s developmental trajectory as 
measured by standardized behavioral assessments [MacArthur-Bates 
Communicative Development Inventories (CDIs) (35)]. Critically, the 
same architecture generalized across all eight children. Differences 
in learning rate were captured by variation in three internal model 
parameters, providing an interpretable account of how learning mech-
anisms interact with experience to support language acquisition. 
Reproducing individual children’s trajectories depended on the com-
bination of rich daytime input and nighttime replay-like reprocess-
ing, indicating that the structured input of a single child’s life can 
support early language learning when paired with consolidation-like 
processes.

More broadly, this approach grounds an artificial learner in both 
the content and temporal structure of a child’s natural experience. 
Together, the 1kD recordings and learning model provide an extensible 
computational test bed for identifying which additional mechanisms 
and modalities are needed to better account for human language learn-
ing under real-world developmental constraints.

Results
Ultradense 1000-day recording of language development at home
Data collection and processing: With human-subject approval (Princeton 
University institutional review board; protocol no. 13884), a data-safety 
monitoring board, and parental consent, we installed audiovisual re-
cording systems in 15 racially and economically diverse US homes to 
capture children’s daily experience across the first 1000 days of life 
(Fig. 1A). Recordings were conducted for 12 to 14 hours per day in key 
household spaces using one or two cameras with built-in microphones 
and one high-fidelity external microphone per room. We processed 
the resulting ~1.2 million hours of data using a scalable multimodal 
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analysis pipeline designed to detect speech near each child (17). Here, 
we focused on the eight homes for which recording, preprocess-
ing, and modeling were completed. This subset preserved the ra-
cial and socioeconomic diversity of the broader cohort and included 
four female participants. These families were recorded for a median 
of 960 days (range: 495 to 990 days), yielding ~1900 to 6600 hours 
of naturalistic audio per child and corpora of ~6 million to 27 mil-
lion automatically transcribed words (Fig.  1B; all children’s names 
are pseudonyms). Segmentation by awake-time schedule (see materi-
als and methods) produced developmental timelines spanning 14 to 
34 months across households.

Because the naturalistic far-field recordings included background 
noise and reverberation, we simplified the input by resynthesizing 
clean speech-only signals from the transcripts using a text-to-speech 

model (36). This enabled us to test how children learn from the speech 
present in their environment while postponing the challenge of model-
ing full acoustic complexity for future work.

Quantifying children’s word acquisition: In addition to the continuous 
audiovisual recordings, we collected monthly caregiver-reported mea-
sures of children’s language development using the MacArthur-Bates 
CDIs (35). From 8 to 16 months, we administered the Words and Gestures 
form to assess comprehension and production. At 16 months, in ac-
cordance with standard practice, we transitioned to the Words and 
Sentences (Toddler) form to track speech production through the end 
of the study.

Word-learning trajectories varied noticeably among children, with 
the age at which half of the CDI words were acquired ranging from 12 

to 22 months (Fig. 2). To derive these tra-
jectories, we defined the age of acquisition 
for each lexical item as the first month in 
which the caregiver reported that the child 
knew the word. The cumulative number 
of learned words as a function of age is 
shown as purple circles (comprehension) 
and orange squares (production) in Fig. 2A. 
We fit a sigmoid function to each trajec-
tory (see materials and methods). For each 
fit, we estimated two parameters: time to 
learn, the age at which 50% of the words 
had been acquired, and steepness, which 
reflects the rate of learning. The fitted 
parameters for comprehension trajecto-
ries across the eight children are shown 
in Fig. 2, B and C. These analyses reveal 
interindividual differences in word-
learning trajectories that are visible only 
at the level of densely sampled individ-
ual children. Notably, variability in time 

A B

Fig. 1. Overview of in-home recording setup and data collection. (A) Illustrative layout of recording equipment across 
key rooms in a participating home (not an actual floor plan). Audio and video streams were routed to a local data recorder 
and uploaded to a secured cloud server. (B) Linguistic input collected for each of the eight children, identified by 
pseudonyms. Bars show the total number of speech recording hours per child. The adjacent columns report these hours, 
the total number of words (in millions), and the effective number of recording months.

A B

C

Fig. 2. Word-learning trajectories derived from parental reports. (A) Cumulative number of words learned as a function of age for comprehension (purple circles) and 
production (orange squares), based on parental responses to the CDIs. Solid lines show fitted sigmoid curves for each of the eight children. Comprehension was measured with 
the CDI Words and Gestures form from 8 to 16 months, and comprehension trajectories beyond 16 months reflect extrapolations from the fitted curves. (B) Fitted values of time 
to learn—the age at which 50% of the words were acquired—for the comprehension curves in (A). (C) Fitted values of steepness—the steepness of the curve, which reflects 
learning rate—for the same curves. Error bars indicate approximate 95% confidence intervals for the fitted sigmoid parameters. Marker shape and color identify individual 
children and are used consistently across the figures.
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to learn (Fig. 2B) exceeded variability in steepness (Fig. 2C), suggesting 
larger differences in when children reached mid-vocabulary than in how 
quickly vocabulary grew once acquisition began.

Designing a cognitively feasible child-specific learning model
The ultradense recordings enabled us to train a self-supervised learning 
model that simulates how everyday experience interacts with internal 
learning processes over time, supporting the emergence of phoneme and 
word-form representations. Starting from random weights, the model 
learned solely from each child’s speech input, without prior linguistic 
knowledge, meaning that any phonetic or lexical structure it acquired 
originated in that child’s experience. Learning followed a cognitively 
motivated training protocol that incorporated day-by-day learning, a 
developmental curriculum, and replay-like memory consolidation.

Learning model architecture: Our cognitively motivated learning model 
acquired language directly from continuous speech in a fully self-
supervised manner. It used an encoder-decoder architecture that separates 
learning into two stages. First, the encoder discretized the continuous 
speech stream into 20-ms units, analogous to phonemic or subphone-
mic elements (30, 37–40). Second, once the encoder stabilized, the de-
coder learned sequential regularities by predicting the next units based 
on prior context. As prediction improved, the system treated reliably 
predicted word forms as learned tokens and stored them in an incre-
mentally updated dictionary (Fig. 3A). The encoder is based on DINO-SR 
(41), which learns cluster-centered representations of auditory space via 
a data-driven, unsupervised objective. The decoder is a speech-tailored 
transformer adapted from Kharitonov et al. (42). Full architectural de-
tails are provided in the materials and methods.

Training protocol: The cognitively grounded training protocol had four 
key features:

1) The model’s learning trajectory was explicitly mapped onto a real 
developmental trajectory (days, months, and years). The model con-
sumed audio in the chronological order in which it was recorded, 
thereby preserving the temporal structure of the input, unlike conven-
tional training regimes that often rely on shuffled data. The basic tem-
poral unit of training was one developmental day (Fig. 3B). On each 
training day, the model received the number of words the corresponding 
child heard during a typical day at that age. Because children remain 
awake for longer periods as they grow, this daily amount increased over 
development. This was computed by multiplying the words-per-hour 
rate from that child’s household recordings by the number of waking 
hours estimated for that age (see Training protocol, point 4).

2) An important internal model parameter was the error-accumulation 
window: the duration in minutes over which prediction errors accu-
mulated before a single weight update. Because speech exposure un-
folds over measurable periods of time, this window determined how 
frequently the model updated after each fixed duration of exposure. 
We fitted the error-accumulation window separately for each child and 
applied it during both daytime learning and nightly replay. This mech-
anism may have a parallel in the brain, where higher-order regions 
accumulate information over minutes of speech rather than moment 
to moment (43).

3) We incorporated a biologically inspired replay mechanism 
(Fig. 3B). Standard deep learning organizes training into epochs, each 
defined as a full pass over the dataset, with examples shuffled across 
iterations. In our setting, this would amount to a child repeatedly 
reexperiencing their first 1000 days of input in random order, which 
is developmentally implausible. Instead, at the end of each training 
day, we augmented that day’s training input with speech segments 
replayed from earlier days, sampled with a probability that decayed 
with temporal distance from the current day (see materials and methods). 
Recent input was therefore replayed most often, with older input replayed 

progressively less often, analogous to 
the sleep-dependent replay implicated in 
memory consolidation (25, 26).

4) Learning followed a developmental 
curriculum that approximated changes 
in children’s real-world experiences, imple-
mented in two complementary ways. First, 
we progressively increased the amount 
of daily speech input available to the model 
to reflect developmental changes in chil-
dren’s waking time (Fig. 3C). This waking 
schedule was held constant across children. 
Second, we staged learning across the en
coder and decoder (Fig. 3D). Because stable 
speech-unit representations correspond-
ing to phonemic or subphonemic elements 
are plausibly a prerequisite for learning 
longer-range regularities such as word 
forms, we modulated the decoder’s effec-
tive learning rate using a sigmoid sched-
ule. This attenuated decoder updates early 
in development while preserving con-
tinuous training, so that sequential pat-
terns were learned effectively only after 
the encoder had stabilized its speech-unit 
representations. This schedule was preset 
rather than learned; future work could 
replace it with an internally derived gat-
ing signal.

The first feature was determined by each 
child’s measured speech input, whereas 
the other three were model-internal pa-
rameters fitted separately for each child: 

A

B

C

D

Fig. 3. Overview of the model architecture and training protocol. (A) The model comprised three modules. The 
encoder was trained on continuous speech from the child speech corpus and learned how to map 20-ms windows of 
continuous speech to discrete speech units. The decoder received discrete units and their durations and learned to 
predict the next unit. The lexicon aggregated reliably predicted sequences over time. For example, the sequences shown  
as “/ma: ma/” and “/da: g/” correspond to the words “mama” and “dog,” respectively. (B to D) Cognitively motivated 
training protocol. (B) shows daily learning from the amount of speech estimated directly from the recorded home data, 
combined with replay, implemented as daily resampling of past experience with a probability that decayed with temporal 
distance. The error-accumulation window is the duration in minutes over which prediction errors accumulated before a 
single weight update. (C) presents curriculum learning over input quantity, introduced by gradually increasing the 
children’s waking hours. (D) shows curriculum learning over decoder learning rate (LR), implemented as a sigmoidal 
schedule, with Tp marking the midpoint of the transition.
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error-accumulation window, replay, and the decoder’s learning-rate 
schedule (Fig. 3, B to D; see materials and methods). Together, the 
measured input and the fitted internal parameters accounted for in-
dividual differences in learning rates across children, allowing the 
model to simulate how experience and internal learning mechanisms 
interact over development on realistic timescales.

Evaluating the model’s learning trajectories: A central challenge in this 
work was determining which phonemes and word forms the learn-
ing model acquired at any given point in development. Given the 
time-dependent nature of child learning, in which linguistic elements 
are encountered intermittently and at varying frequencies, we used 
a weekly evaluation framework to assess the model’s development. 
Specifically, we evaluated the model’s learning at the end of each week 
using data from the following week that had not been used for train-
ing. This testing protocol mirrors real-world development: Both the 
model and the child learn through the ordered sequence of experi-
ences accumulated up to that point, and their knowledge state is as-
sessed on subsequent, previously unseen input.

Training a learning model based on the linguistic input of a single child
We first present the full training, evaluation, and analysis workflow 
for a single household, focusing on one child (Coral, a pseudonym) as 
an illustrative case study. The learning model was trained on all child-
centered speech from Coral’s home, following the protocol described 
above, with random initialization and no prior linguistic knowledge. 
Because the current experiments use clean, resynthesized speech, the 
first 2 months of developmental time (days 0 to 60) were treated as a 
placeholder for future work on separating speech from background 
sounds in naturalistic audio. We first characterize the development of 
Coral’s model speech-unit representations and then analyze the emer-
gence of word-form learning over time. We then extend the same 
analyses across all eight models to evaluate robustness and generaliza-
tion across households.

Quantifying phoneme acquisition in learned speech units: After 24 months 
of training, Coral’s model mapped learned speech units onto 38 of the 
39 English phonemes (Fig. 4A). The encoder outputs 512 discrete speech-
unit labels at 20-ms resolution, which allowed us to quantify unit-
phoneme associations by computing, for each unit and each phoneme, 
the probability that the unit was assigned to that phoneme during eval-
uation (see materials and methods). Across 38 phonemes, each was 

supported by at least one highly selective unit (association of >0.5), 
whereas most units showed weak associations with other phonemes. 
For each phoneme, the most selective unit had a mean association of 
0.91 (range: 0.53 to 1.00); the only substantially weaker case was /ZH/, 
which was rare in the data. These results indicate that the learned 
units captured fine-grained phonemic structure, with multiple units 
representing individual phonemes.

Most English phonemes became reliably discriminable by 10 to 12 months 
of training (Fig. 4B). To track learning, we computed the unit-phoneme 
association matrix at the end of each training week and defined a pho-
neme as learned when at least 30% of its instances were associated with 
selective units (association of >0.5; see materials and methods). Per
formance rose rapidly between months 5 and 9, reached a high level 
by month 9, and largely stabilized by month 16. By ~16 months, 38 of 
39 phonemes had been learned. Supplementary analyses further showed 
that these mappings retained a many-to-many structure, preserving 
fine-grained detail while increasingly consolidating around dominant 
units for each phoneme over development (fig. S1, A to D).

Quantifying word-form learning: The decoder learned to predict each 
upcoming speech unit based on prior context. We counted a word as 
learned once the model reliably predicted the sequence of speech units 
within that word’s boundaries (44, 45). Specifically, we used a transcript-​
aligned window spanning at least 90% of the word duration and scored 
a word occurrence as correctly predicted when the model’s confi-
dence across the speech units was significantly higher than a random 
baseline and remained stable or improved across the sequence (see 
materials and methods). We defined a word type as learned at time 
t once it had been correctly predicted in at least N = 15 occurrences 
across different contexts.

Coral’s model acquired word forms at a pace that closely matched 
their observed development, as measured by monthly CDI assessments 
(Fig. 5, A to C). Comprehension was assessed in two phases. Between 
8 and 16 months, caregivers completed the CDI comprehension form, 
which was used directly to estimate Coral’s knowledge of 649 curated 
CDI words (solid purple bars in Fig. 5A; excluding phrases, see materi-
als and methods). Because comprehension data collection ended after 
16 months, we estimated subsequent growth for the same set of words 
through 24 months using a sigmoid fit (striped purple bars in Fig. 5A). 
At 12 months, Coral was reported to understand 97 words (model fit: 
125); by 24 months, predicted comprehension reached 632 (Fig. 5A). 
Like Coral, the model learned nearly all CDI words along a comparable 

trajectory, with similar growth rates and 
learning dynamics (Fig. 5B). An analysis 
of model confidence revealed two phases 
of word learning (fig. S2): Prediction con-
fidence increased from ~9 months and 
stabilized at high levels by ~17 months. 
Sensitivity analyses across the parame-
ters of the word-form learning rule indi-
cated that the captured developmental 
dynamics were robust across various con
ditions (fig. S3).

This alignment depended on the ultra-
dense 1kD recordings (Fig. 5C). Training 
on different fractions of the daily data 
revealed a nonlinear relationship between 
recording density and the number of words 
learned. Using only 10% of daily data (about 
1 hour of daily recordings), the model 
learned no CDI words by 24 months. At 
30% (around 2.6 hours daily), it learned 
only 58 of 649 words, roughly 9%. With 
70% of the daily recordings, the model 
learned roughly 90% of the CDI words 

A B

Fig. 4. Phoneme-unit structure and phoneme acquisition over time. (A) Phoneme-speech unit association matrix at 
24 months for Coral’s model. Color indicates the proportion of each speech unit’s tokens that are aligned to a given 
phoneme, with units ordered by their dominant phoneme. (B) Cumulative number of learned phonemes over develop-
ment, using the phoneme-coverage criterion.
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learned using the full dataset. Full alignment between the trajectories 
of Coral and the model required all recordings, likely reflecting the 
heavy-tailed distribution of language input. Ultradense recordings 
were therefore essential for capturing the statistics of children’s real-
world language experiences.

The CDI list captures only part of the words Coral heard, so we es-
timated the model’s capacity to learn other word forms in the home 
environment. We counted word types at the lemma level, collapsing 
variants (such as eat, eating, ate) into a single entry; stratifying by part 
of speech yields the same qualitative pattern. Figure 5D shows the 
cumulative number of learned lemmas at 24 months. Because open-
vocabulary size is not fixed, we report raw cumulative counts rather than 
fitting a parametric growth curve. As in the CDI analysis, the number 
of learned word forms increased steadily with age, reaching thousands 
of lemmas by 24 months. Vocabulary growth also depended strongly 
on recording density (Fig. 5E): Training on 50% of the daily data 
yielded only about 16% of the lemma vocabulary achieved with the full 
8 hours per day by 24 months. This pattern suggests that denser sam-
pling enables the model to acquire the long tail of low-frequency words 
not captured in the CDI list.

Replay strongly shaped learning: Although Coral’s language environ-
ment was rich, with ultradense daylong recordings totaling roughly 
21 million words, a single pass over this input was insufficient for 
learning (Fig. 5F, one exposure). At the end of each training day, we 
replayed recent input by resampling prior events in amounts matched 
to that day’s awake hours, using an inverse-weighting function that 
favored more recent events (see materials and methods). This replay 
was critical for learning (Fig. 5F). With little or no replay (one to five 
exposures), the model failed to learn words by 24 months, consistent 
with a role for replay-like mechanisms in early learning (46). Replay
ing each daily event roughly 25 to 30 times was sufficient, with addi-
tional exposures providing little benefit. Replay did not substantially 

alter the lexical distribution of the train
ing input (fig. S4).

We also examined the error-accumulation 
window size (see materials and methods). 
Word learning at 24 months increased 
as the size of the error-accumulation win
dow was shortened from 1 hour to 10 min, 
declined slightly at 8 min, and failed by 
4 min (fig. S5). Language acquisition, 
therefore, depended on both the amount 
of experience and the frequency with 
which that experience was processed. 
Across the error-accumulation window, 
replay, and curriculum parameters, the 
full learning trajectories (fig. S6) showed 
that internal model parameters substan-
tially shaped each child’s developmental 
learning trajectory, whereas the learning 
rule itself remained fixed.

To qualitatively examine the emerging 
word-form representations, we analyzed 
word embeddings learned at 24 months. 
For each CDI category, we projected these 
embeddings and their category cen-
troids into two dimensions (see materi-
als and methods). The resulting spaces 
were highly structured (fig. S7): Words 
formed local clusters that largely re-
flected acoustic similarity among word 
forms (for example, star-stone). Acoustic 
similarity did not fully account for this 
organization, however. Some categories 

showed hints of category-level structure (such as sun-rain-wind), sug-
gesting that early word-form representations may begin to reflect 
aspects of word meaning.

Generalization across children: A central goal of developmental psychol-
ogy is to explain both shared developmental mechanisms and mean-
ingful individual differences. So far, we have shown that the learning 
model can simulate a single child’s developmental trajectory in a 
real-life setting using speech derived from that child’s everyday input. 
We next tested whether the framework generalized across children 
growing up in distinct home environments. Specifically, we asked 
whether (i) the same learning architecture could support learning 
from the distinct linguistic input available to seven additional chil-
dren and (ii) the framework could account for meaningful individual 
differences in vocabulary acquisition and learning rates across all 
eight children.

To investigate these questions, we trained two models for each of 
the seven additional children, whose everyday experiences were re-
corded and processed using the same protocol. The first model used 
Coral’s internal learning parameters to test whether a common learn-
ing mechanism could produce similar developmental patterns across 
different home environments. The second model used three internal 
learning parameters fitted separately for each child, testing whether 
variation in the model’s internal learning dynamics could account for 
child-specific developmental trajectories.

As with Coral’s model, we quantified phoneme and word-form learn-
ing over time and extracted summary parameters by fitting learning 
curves to each child and to the corresponding model. For five out of 
the eight children, the ultradense recordings provided sufficient 
speech input to support training for ~30 months (Fig. 1B). For the 
remaining three children, the available isolated-speech input was more 
limited, totaling 1900 to 3500 hours, corresponding to ~14 to 20 months 
of training data. For these children, we extrapolated the model’s 

Fig. 5. Word-learning trajectories from a single-child home environment (Coral). (A to C) CDI analysis. (A) shows the 
number of CDI words known by Coral from monthly CDI comprehension reports (solid purple bars) and extrapolated 
estimates (hatched purple bars), alongside the number of CDI words learned by the model (green) at 12, 16, 20, and  
24 months. (B) presents the full CDI word-learning trajectories for Coral (purple) and the model (green), showing observed 
values and sigmoid fits. (C) shows the effect of daily input quantity: CDI words learned at 24 months as a function of the 
percentage of available daily data used for training. (D to F) Open-vocabulary analysis. (D) shows cumulative learned 
lemmas over the development period. (E) presents the effect of daily input quantity: cumulative learned lemmas at  
24 months as a function of the percentage of available daily data used for training. (F) shows the effect of replay on word 
learning: learned lemmas at 24 months as a function of the replay parameter.
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word-learning trajectory over the remaining 
months using the same sigmoid-based pro-
cedure used to estimate children’s compre-
hension beyond 16 months of age (Fig. 2A 
and materials and methods).

Phoneme learning was robust and general-
ized across all eight children (fig. S8). Each 
model was trained on speech derived from a 
single child’s household and acquired an aver-
age of 37.5 phonemes (range: 36 to 38) within 
a similar developmental window of ~12 to 
15 months. Topaz’s model acquired 36 pho-
nemes, likely reflecting the smaller amount 
of training data available for this child.

Word learning was robust to input varia-
tion across households (Fig. 6A). We instanti-
ated the same model architecture with Coral’s 
internal learning parameters and trained a 
separate model from scratch on speech from 
each of the eight households. Every model 
acquired word forms from its corresponding 
household input, and differences in input 
produced only modest shifts in learning tim-
ing (Fig. 6A). The estimated age at which the 
models acquired 50% of the CDI vocabulary 
ranged from 16 to 18 months (Fig. 6B). The 
learning framework was therefore robust 
and reliably supported word-form acquisi-
tion across distinct home environments.

Individual differences in the pace of word 
learning were captured by varying three in-
ternal learning parameters across children 
(Fig. 6, C to E). Children acquired half of the 
CDI vocabulary between ~12 and 22 months 
(x axis of Fig. 6B), a substantially wider range 
than the 16 to 18 months produced by differ-
ences in household input when model pa-
rameters were held fixed (y axis in Fig. 6B). 
Variation across households was therefore 
insufficient to explain the observed differ-
ences in developmental timing. We fitted three 
parameters separately for each child: the 
learning-rate schedule, the error-accumulation 
window, and the amount of replay. Each had 
a distinct cognitive interpretation and was 
varied within a constrained range, effectively 
pairing each home environment with a learner 
characterized by distinct internal learning 
dynamics. The individually fitted models 
closely tracked the corresponding children’s 
developmental trajectories and captured vari-
ation in the timing of word learning (Fig. 6C 
and fig. S9). In particular, they reproduced the 
~12- to 22-month range in the age at which 
children acquired 50% of the CDI vocabulary 
(Figs. 2B and 6D). Variation in learning-curve 
steepness was captured only partially (Fig. 
6E): The models generally began acquiring 
word forms later than the children and sub-
sequently progressed more rapidly. Sensitivity 
analyses of the word-form learning criterion 
showed robust acquisition across speech-unit 
prediction-confidence thresholds ranging 
from 0.05 to 0.5 for all child-specific models 
(fig. S10). Even at a stringent threshold of 0.4, 

A B

C

D E

Fig. 6. Learning trajectories across different home environments. (A) Word-learning trajectories for models 
trained on each child’s input using the internal learning parameters of Coral’s model. Points show the cumulative 
number of CDI words learned over development, and lines show sigmoid fits to the full trajectories. (B) Time to learn 
50% of the CDI vocabulary (TL) for these fixed-parameter models plotted against the corresponding child’s fitted TL. 
The dashed line indicates identity. (C) Word-learning trajectories for models whose internal learning parameters were 
fitted separately for each child. Children’s trajectories are shown in purple and model trajectories in green. (D) Time 
to learn 50% of the CDI words and (E) learning-curve steepness. Each point represents one child-model pair, error 
bars indicate approximate 95% confidence intervals for the fitted sigmoid parameters, and dashed lines indicate 
identity. Marker shape and color follow those used in Fig. 2.
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every model with sufficient training time acquired the full CDI vo-
cabulary by ~20 to 30 months, indicating that the models ultimately 
developed high-confidence predictions for all words in the indepen-
dent evaluation sets. Finally, as observed for Coral’s model (Fig. 5D), 
the CDI vocabulary represented only a subset of the rich lexicon ac-
quired by each individual model (fig. S11).

Discussion
Children grow up in complex, dynamic, and highly individualized en-
vironments, yet converge on broadly shared linguistic systems. To 
examine how this convergence can arise from real-world experience, 
we paired ultradense longitudinal recordings of children’s everyday 
speech environments with child-specific models trained on each 
child’s unique speech input. The models were initialized with random 
weights without built-in knowledge of speech or language structure 
and were trained using a cognitively feasible learning protocol. When 
the same model architecture and internal parameters were applied 
separately to recordings from each of the eight households, every 
model acquired speech-unit representations that were increasingly 
aligned with English phonemes and developed a large lexicon of word 
forms, despite substantial variation in input across homes. Allowing 
three internal parameters (learning-rate schedule, error-accumulation 
window, and amount of replay) to vary across children further enabled 
the models to capture individual differences in learning pace. Together, 
these findings show that everyday speech contains sufficient structure 
to support early speech and word-form learning when coupled with 
effective learning mechanisms and offer a framework for explain-
ing both shared developmental patterns and meaningful individual 
differences.

The model’s learning architecture and training protocol provide 
a mechanistic bridge between early speech processing and lexicon 
formation. Phoneme-like representations emerged as regularities 
across fine-grained 20-ms discrete speech units. Critically, these 
units are themselves learned categories of acoustically similar seg-
ments, discovered directly from environmental speech by an encoder 
designed to identify reliable structure in the continuous acoustic 
signal. Word-form knowledge, in turn, emerged in the subsequent 
prediction module (decoder) as increasingly predictable sequences 
of these discrete units within word boundaries. Both phoneme-like 
and word-form representations were acquired without explicit lan-
guage priors or external supervision. This account aligns with mech-
anistic implementations of self-supervised speech learning (37, 38, 40) 
and with behavioral evidence of gradual tuning to native-language 
speech units in the first year of life (27, 30, 33). The timescales over 
which phoneme- and word-form representations developed closely 
matched prior reports (30) and those observed in our focal children. 
Importantly, the proposed staged architecture is one possible mech-
anistic account of learning at both the speech and lexicon levels 
and should not be read as claiming that phoneme and word learning 
are strictly sequential in children (47–49). The same framework 
could test alternative interactive accounts, for example, by allowing 
emerging lexical representations to feed back onto speech-unit 
representations.

Development unfolds in rich, multidimensional environments that 
sparse measurements do not capture. The 1kD recordings provide a 
dense view of children’s everyday experiences, with a temporal reso-
lution that extends well beyond traditional laboratory sampling or 
brief naturalistic observations. These ultradense recordings were 
essential for training the model: Learning performance degraded 
substantially when daily speech input fell below 8 hours. Our find-
ings suggest that early language acquisition depends on two related 
factors: a rich linguistic environment that supports early speech 
learning and boosts vocabulary growth and sufficient long-tail sta-
tistics that enable acquisition of infrequently used words, which are 
typically learned slowly (50). More broadly, modeling naturalistic 

development requires dense, continuous sampling of language input 
as it unfolds over minutes and hours and accumulates across weeks, 
months, and years.

The speech environment was rich, but richness alone was not suf-
ficient. Without daily replay of recent input, the model failed to form 
stable speech units or accumulate lexical structure over developmental 
timescales. Thus, experience alone was insufficient to support learning 
in our model; it had to be augmented by memory of past input. 
Revisiting past data is common in deep learning, but standard training 
does so in a way not cognitively feasible for a child: Models repeatedly 
cycle through the entire dataset in reshuffled order, an experience no 
child encounters. Our replay instead resampled recent input at the 
end of each day, weighted toward the most recent experiences and 
loosely modeled after sleep-dependent memory consolidation. We view 
this as a hypothesis rather than a finding: Children, like the model, 
may rely on a replay-like process that reuses recent linguistic experi-
ence without full reexposure. Two lines of evidence support this hy-
pothesis. First, infants sleep extensively during the period studied here 
(51), and infant sleep has been linked to memory consolidation and 
word learning (46, 52–54). Second, replay of recent experience was 
demonstrated in rodents and humans, with hippocampal sequences 
replaying in temporal order during sleep in rodents (55) and sequential 
replay observed during rest in humans (56). Neither line of evidence 
specifically establishes the replay of speech sequences. However, 
within the framework presented here, replay offers an open and test-
able candidate mechanism linking perception, memory, and learning 
during early cognitive development (57).

Our implementation of replay makes several simplifying assump-
tions that future work should examine directly. The recency-decayed 
resampling function used here was chosen as a reasonable first 
approximation, rather than one independently established by prior 
data. Indeed, the broader literature on replay prioritization remains 
unsettled, with some findings linking replay to recency and others 
to reward, surprise, or infrequency of prior exposure (25, 26). Our 
implementation also assumes that replay is content neutral, with 
no role for emotional salience or surprise, as has been shown to bias 
replay in other memory domains (58, 59). Finally, the model re-
plays retrieved samples without error or degradation, an assump-
tion that is unlikely to hold for biological memory retrieval, which is 
reconstructive and imperfect (43, 60). Testing alternative decay 
functions, content-based replay biases, and noisy or error-prone re-
trieval against the suggested baseline is an important direction for 
future work.

Our mechanistic framework provides a data-driven benchmark for 
developing and evaluating theories of cognitive development. By 
integrating structured learning architectures with rich, ecologically 
valid input, researchers can model how learning unfolds over indi-
vidual developmental timelines in real-world contexts. Constructs 
typically studied in brief, controlled laboratory tasks can thus be 
reformulated as explicit computational hypotheses about how natu-
ralistic input shapes developmental outcomes. The framework’s em-
phasis on mechanistic specificity is particularly important: It 
requires theories to be instantiated as algorithms that learn under 
the temporal and statistical constraints that children face in everyday 
life while enabling direct comparisons of their explanatory value 
against alternative accounts (61, 62). More broadly, the framework 
does not commit to a single mechanism of language learning; it 
provides a shared test bed for comparing alternative computational 
hypotheses under the same child-specific input, temporal structure, 
and observed developmental outcomes. This includes testing whether 
individual differences in learning trajectories, such as onset tim-
ing, steepness, and word learning order, are better explained by 
differences in input, internal learning parameters, or omitted mo-
dalities (for example, vision). In this sense, mismatches between model 
and child trajectories are not merely failures of fit but diagnostic 
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constraints that identify which mechanisms future models must re-
fine or add. Finally, investigating how the model’s internal predictive 
capacity evolves over time raises questions about how we define and 
measure learning and suggests that subtler behavioral tests of chil-
dren’s vocabularies could more effectively capture the nuanced changes 
in their developing knowledge.

Several limitations delineate important directions for future work. 
First, the current model was trained on clean, resynthesized speech, 
which necessarily simplifies the acoustic complexity of everyday input. 
Resynthesis preserves lexical content but removes the original prosody, 
speaker identity, and register-specific features of natural speech. Fur
thermore, the acoustic and social properties of child-directed speech 
input have been implicated in infant speech processing and language 
learning (63–65). Modeling their contribution will require tools that 
can separate the original speech signal from background noise and 
overlapping talkers. Second, the architecture was designed to be cog-
nitively, rather than neurally, plausible. Transformers process context 
in parallel rather than through the recurrent, serial dynamics charac-
teristic of cortical circuits, and they are trained with backpropagation, 
a learning rule whose exact biological implementation remains de-
bated (66). Even so, transformer-based representations have been found 
to align with human neural activity during language processing (67), 
suggesting that some of the structure that they capture may be repre-
sentationally relevant despite this architectural mismatch. Future 
work could build on this framework by incorporating more biologically 
plausible learning mechanisms. Third, the present framework omits 
multimodal information and social context, both of which are central 
to children’s everyday learning (68). The 1kD dataset includes synchro-
nized video alongside audio, making a multimodal extension of the 
present model a natural next step (17). Future embodied and interac-
tive extensions could further incorporate active exploration and action 
selection, linking perception, action, and language learning more closely 
to children’s real-world experiences. Finally, extending the framework 
beyond early sound and word-form learning to syntactic and prag-
matic learning will test whether similar computational principles scale 
to higher levels of linguistic structure (69, 70). The current architecture 
and the 1kD dataset were designed with these extensions in mind, and 
the present model is best understood as a first concrete step in this 
longer research program.

This research program also raises a broader question for the field: 
whether developmental science should aim to build increasingly ac-
curate models of how individual children learn. We believe that the 
scientific and clinical value of this approach, including the possibility 
of identifying atypical learning trajectories earlier than population-
level screening allows, justifies pursuing it, provided it remains respon-
sibly governed. Accordingly, access to the underlying data and models 
should remain restricted for approved research use and subject to 
controlled access procedures and privacy protections. This work explic-
itly aims to test developmental hypotheses, not to construct general-
purpose, humanlike systems. Maintaining such boundaries is an ongoing 
responsibility as models become more capable.

The 1kD dataset together with the child-specific learning model 
provides a mechanistic account of how rich environmental input in-
teracts with internal learning mechanisms to support early language 
development in individual children. Furthermore, it demonstrates 
that foundational aspects of language—phoneme-like and word-form–
like representations—can emerge through adaptive direct fit to the 
rich structure of young children’s natural environments (71). More 
broadly, this modeling approach aligns with views of development as 
an emergent product of multiscale interactions unfolding over time, 
rather than the result of fixed, prespecified representations (72). 
Together, this framework offers a concrete foundation for the next 
generation of empirically grounded, ecologically robust theories of 
language acquisition.

Materials and methods are available in the supplementary materials.
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recordings collected inside participating families’ homes and the potential sensitivity of 
associated derived materials. Access is granted through a controlled research process for 
approved uses that fall within the scope of the original consent and institutional review 
board–approved protocol. Requests are reviewed for scientific scope, requested data layers, 
export limits, and dissemination risk. Approved researchers work within the secure 1kD 
research environment under a data-use agreement and project-specific access conditions. 
Code supporting the learning-model framework, analysis pipeline, and figure generation is 
available at https://github.com/hassonlab/1kd_learning_model and Zenodo (73). No new 
materials were generated in this study. License information: Copyright © 2026 the authors, 
some rights reserved; exclusive licensee American Association for the Advancement of 

Science. No claim to original US government works. https://www.science.org/about/
science-licenses-journal-article-reuse
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Editor’s summary
Large language models are normally trained on massive collections of text before they can produce verbal output, but
then they can create sophisticated pieces of writing. By contrast, human infants learn from much more limited verbal
input and then produce a few words at a time before ramping up. To simulate human children’s experience, Raviv et
al. trained a machine learning model on dense longitudinal recordings of words heard by individual human infants, with
daytime input equivalent to what a single child heard in one day followed by overnight replay of the cumulative input up
to that point (see the Perspective by Harmon and Rowland). With this training approach, each child’s model learned at
about the same rate as the human child, supporting the real-world relevance of this modeling approach. —Yevgeniya
Nusinovich
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