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Abstract

How do features of children’s environmental input predict
their word learning? Prior research has suggested that dis-
tributional features of the language children hear (e.g., fre-
quency and syntactic complexity) predict variation in early
word learning, but these studies have typically relied on aggre-
gated estimates from disjunct samples to calculate input fea-
tures and word learning outcomes. In this study, we use child-
specific input features derived from 1118h of at-home egocen-
tric video recordings to show that word frequency, length in
phonemes, and syntactic complexity predict word knowledge
within individual children (N = 29). The predictive power of
thesewithin-child featureswas greater than features aggregated
across children, supporting theories positing a direct relation-
ship between input distributions and children’s language learn-
ing. Exploratory analyses involving object frequency, word–
object cooccurrences, and context distinctiveness did not re-
veal any additional effects of these predictors. The use of
child-specific naturalistic data provides an avenue for more
precise and comprehensive investigations of input–outcome re-
lationships for word learning, allowing researchers to adjudi-
cate among theories of language learning in young children.
Keywords: word learning; input; frequency; context

Introduction
Young children exhibit remarkable variability in their lan-
guage abilities (Fenson et al., 1994; Frank et al., 2021). An
important source of such individual differences is the vari-
ability in children’s environmental input. Prior research has
suggested that the quantity and quality of caregiver input in-
fluences children’s language development; in particular, chil-
dren who receive more, more diverse, and more complex lan-
guage input have larger vocabularies (Anderson et al., 2021;
Cartmill et al., 2013; Cychosz et al., 2021; Cychosz et al.,
2025; Hoff, 2003; Huttenlocher et al., 1991, 2010; Newman
et al., 2016; Rowe, 2012; Weizman & Snow, 2001).
What are the causal mechanisms that relate input features

to language outcomes? Some previous efforts have sought to
constrain possiblemechanisms of language learning by zoom-
ing in to the level of words—examining howword features re-
late to the likelihood that they are produced by children (Frank
et al., 2021; Tan et al., 2024). For example, words that are
more frequent are more likely to be learnt earlier than words
that are less frequent (e.g., Goodman et al., 2008), lending
support to accumulatormodels of word learning (e.g., Kacher-
gis et al., 2022), whereby repeated exposures to a word accu-
mulate over time, until sufficient information is accrued and
the word becomes known.

However, one major challenge of these approaches has
been that the input features were estimated over a differ-
ent set of children than the outcome measures—for exam-
ple, Goodman et al. (2008) estimated word frequency from
speech copora in CHILDES (MacWhinney, 2000), whereas
the age of acquisition of words was estimated using data
from the MacArthur-Bates Communicative Development In-
ventory (CDI; Marchman et al., 2023) collected on a dif-
ferent set of children. One exception is Huttenlocher et al.
(1991), which used frequency estimates from audio record-
ings of mother–child interactions to predict the ages of ac-
quisition of content words for those children. Notably, they
found that the relative frequencies of words were highly cor-
related across children, and thus collapsed results across chil-
dren, obtaining the overall correlation between average log
word frequency and average word age of acquisition, rather
than doing individual-level prediction.
Moving toward individual-level prediction of word learn-

ing trajectories would afford tighter constraints on learning
mechanisms, demonstrating that it is specifically features of
the child’s own input that relate to their word learning, rather
than general input-independent features of a word. This ap-
proach would also bring us closer to a “precision science” of
language learning, permitting individualised predictions and
targeted interventions (Samuelson, 2021). Additionally, lan-
guage learning does not occur in a speech-only vacuum, but
in rich multimodal environments, with multiple sources of in-
formation jointly contributing to learning (Bohn & Casillas,
2026; Kosie & Lew-Williams, 2024). Fortunately, recent ad-
vances in data collection methods and datasets (e.g., Bergel-
son et al., 2019; Geangu et al., 2023; Long et al., 2023) as well
as advances in data processing tools (e.g., Bang et al., 2023;
Sepuri et al., 2025) have allowed researchers to study features
of children’s environmental input beyondmerely the language
stream itself, including wider-ranging visual and contextual
features which may support word learning (Cain et al., 2025;
Kachergis et al., 2017; Roy et al., 2015).
Understanding such features is crucial for the development

of theories of grounded language learning. One such the-
ory is cross-situational word learning, which suggests that
children learn word–object correspondences by accumulating
many instances of seeing a referent in conjunction with its
label, helping to disambiguate among possible word–object
relations (Cain et al., 2025; Smith & Yu, 2008; Suanda et
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Figure 1: Total expressive vocabulary of BabyView par-
ticipants by age. Colours represent individual participants.
Dashed line indicates whether the WG or the WS form was
administered.

al., 2014). Under this theory, word–object cooccurrence fre-
quency should predict word learning—words that consistently
occur with their referents are more likely to be learnt. Mod-
ern computational models that learn from naturalistic vision–
language cooccurrences (e.g., Vong et al., 2024; S. Wang
et al., 2025) also lend support to the plausibility of cross-
situational word learning as a language learning mechanism.
Another theory of word learning focuses on the role of con-

text, which may structure children’s expectations about the
kinds of social interactions, visual experiences, and language
distributions they receive within any given situation (Bang
et al., 2025; Goldenberg et al., 2022; Sepuri et al., 2025).
Thus, words which occur in more distinctive contexts may
have meanings which are more easily inferred, and therefore
may be learnt earlier (Roy et al., 2015). Both of these theo-
ries remain to be validated using large, multi-child, natural-
istic data to determine the extent to which children actually
employ such mechanisms in learning words.
In this paper, we analysed the BabyView dataset (Long et

al., 2025), a recent large-scale dataset of young children’s at-
home egocentric video recordings, to understand how envi-
ronmental input relates to vocabulary outcomes. We did so
across a set of four complementary analyses. First, we did (1)
a replication of prior work showing that overall characteris-
tics of caregiver speech input are related to overall vocabulary
ability, and (2) an item-wise analysis showing that linguistic
predictors of word knowledge are most predictive when esti-
mated for a specific timepoint for a specific child, rather than
aggregating data. We then exploratorily investigated (3) pos-
sible visual and vision–language predictors as well as (4) the
role of context effects on word knowledge, finding no effects
unlike in previous work. Together, these analyses represent
an opportunity to study complex, multimodal input to young
children, and provide a step towards developing more robust
and well-specified models of word learning mechanisms.

Analysis 1: Overall vocabulary
Previous studies have demonstrated that features of caregiver
speech predict young children’s language abilities (e.g., Cart-

mill et al., 2013; Huttenlocher et al., 1991). Here, we replicate
these results on the children in the BabyView dataset, examin-
ing the roles of input quantity, lexical diversity, and syntactic
complexity in predicting vocabulary ability.

Methods
Dataset. For this and all subsequent analyses, we analyse data
from the BabyView dataset (Long et al., 2023, 2025), a set
of naturalistic at-home videos obtained from a head-mounted
GoPro Hero Bones camera worn by infants and young chil-
dren. We use data from the 2025.2 release of the dataset,
which includes 1428 hours of videos from 37 families; we
only included data from children who were exposed to ≥80%
English (1118h of videos from 29 children). These videos
are accompanied by expressive vocabulary data collected ap-
proximately every 3 months using the American English CDI,
which we use as our outcome data. The Words & Ges-
tures (WG) form was used with children aged 16 months and
younger, while the Words & Sentences (WS) form was used
with children aged 17 months and older. In total, we included
42 WG administrations and 52 WS administrations.
Transcripts. To examine the role of language input fea-

tures, we first transcribed the audio from the videos using
WhisperX, specifically the large-v3 model (Bain et al.,
2023; Radford et al., 2022). The model also provided word-
level timestamps. We then usedVTC 2.0 (Charlot et al., 2025)
to identify the voice type of each utterance (male adult, female
adult, key child, or other child). Since we were interested in
the role of input, we filtered the transcripts down to adult-
produced utterances for all analyses; adult speech also had the
most accurate transcripts and voice type classification (Long
et al., 2025). We lemmatised the transcripts using spaCy with
the en_core_web_sm model (Honnibal et al., 2023).1

Vocabularies. The raw expressive vocabulary data from
the CDIs are shown in Figure 1. The longitudinal nature of
the CDI presented two challenges. First, the CDI is bounded,
and exhibits floor and ceiling effects at younger/older ages re-
spectively. Second, theWG andWS forms had partially over-
lapping but non-identical item sets. To address these issues,
we adopted an item response theory (IRT) approach, which si-
multaneously models the difficulty of each CDI item and the
vocabulary ability of each child at each administration (Em-
bretson & Reise, 2000). We first stitched the WG and WS
item sets by combining items that were identical across both
forms (see Kachergis et al., 2025), then estimated vocabulary
abilities using a 2-parameter logistic model previously fit to
the American English production data fromWordbank (Frank
et al., 2017; see Kachergis et al., 2022). The model estimated
vocabulary abilities for each child at each administration on a

1For pronouns and auxiliary verbs, we preserved the original
word form instead of using the lemma, since we expect that these
frequent closed class words may have distinct learning trajectories,
such that collapsing them into a single lemma may not be appropri-
ate. This approach also better afforded subsequent comparisons with
the CDI, since it includes several forms of pronouns and auxiliary
verbs as different items.
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Figure 2: Posterior distributions of predictor coefficient esti-
mates from the vocabulary ability model. Dashed line indi-
cates zero.

continuous scale that was approximately linear in age, which
we used as the outcome variable in this analysis.
Metrics. We calculated three language input metrics from

the transcripts for each child: the adult speech rate (in words
per minute) as a measure of input quantity, themeasure of tex-
tual lexical diversity (MTLD; McCarthy & Jarvis, 2010) as a
measure of lexical diversity, and the mean length of utterance
in words (MLU-w) as a measure of syntactic complexity. All
metrics were standardised (0-centred and 1-scaled).
Analysis. We constructed a Bayesian model predicting

estimated vocabulary ability with the fixed effects of adult
speech rate, MTLD, MLU-w, and standardised age, as well
as random intercepts and age slopes for each child. We
used weakly informative priors of t(3,0,2) for coefficients and
Cauchy(0,2) for standard deviations of random effects for all
analyses except where otherwise noted. We determined the
reliability of effects by examining whether the 95% credible
intervals (CrIs) overlapped with zero.

Results and discussion
Figure 2 shows the posterior distributions of the fixed effects.
The only reliable effect was the expected effect of age (β =
1.05 [0.86, 1.28]), indicating that older children had greater
vocabulary abilities. While we did not find reliable effects of
the input features, the posterior estimates lay in the expected
directions, such that children who received more speech (β =
0.11 [-0.12, 0.28]), more lexically diverse speech (β = 0.11
[-0.17, 0.32]), and less syntactically complex speech (β = -
0.10 [-0.32, 0.14]) tended to have greater vocabulary abili-
ties; the probability of direction for these effects were pd =
0.823 (speech rate), 0.763 (MTLD), and 0.835 (MLU-w) re-
spectively. These results partially replicated prior findings on
the role of input features on young children’s vocabulary; the
lack of reliable effects may have been due to the relatively
small sample size in this analysis.

Analysis 2: Item-level prediction
To zoom in on more specific relationships between envi-
ronmental input and word learning, we next turned to an
item-level approach to examine how input features related to
whether children produced specific words on the CDI. This
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Figure 3: Items with the lowest and highest standardised val-
ues across all predictors used in Analyses 2–4.

approach allowed us to investigate within-child variability
across items, and would also help to increase the power of
our analyses by increasing the number of observations. Here,
we sought to replicate prior work showing that key word-level
input features (frequency, MLU-w, and number of phonemes)
predicted whether children were able to produce the word
(Frank et al., 2021; Goodman et al., 2008; Tan et al., 2024).
We additionally investigated the differences between three

methods of estimating these input features: using data aggre-
gated across all children and videos (global metrics), data ag-
gregated separately for each child across all videos for that
child (by-child metrics), or data only from videos prior to the
CDI administration for each child (localmetrics). These three
levels reflected a bias–variance trade-off: global metrics were
more likely to be precise, minimising the impact of noisy vari-
ation across videos, but they would fail to capture the varia-
tion in input across families and across time. Conversely, lo-
cal metrics would have lower bias since they specifically cap-
tured the relevant input that would contribute to word learning
in any given child at any given timepoint, but metric estimates
might be noisier. Local metrics would also best support ac-
cumulator models of word learning (Kachergis et al., 2022),
since word knowledge is directly predicted from preceding
instances of the word.

Methods
Instead of using the IRT-estimated vocabulary abilities as
in Analysis 1, we used the raw CDI item-level production
data as our outcome measure. Using the lemmatised tran-
scripts, we calculated the lemma frequency of each CDI
lemma by counting the number of occurrences, applying a
Laplace smoothing (adding 1 to all counts), then expressing
frequency as smoothed token count divided by total video du-
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Table 1: ELPD comparisons across levels of estimation for
item-level linguistic models.

ΔELPD from best model

Analysis Model Estimate 95% CI

Analysis 2 Baseline -199.87 [-245.52, -154.23]
Global -198.04 [-244.38, -151.70]
By-child -10.36 [-29.33, 8.62]
Local 0.00 —

Analysis 3 Linguistic -1.58 [-2.77, -0.40]
+ log object freq 0.00 —
+ log cooc freq -3.06 [-4.22, -1.90]
Full -0.55 [-1.53, 0.44]
NA -1.39 [-2.16, -0.63]

Analysis 4 Linguistic -17.64 [-33.98, -1.30]
+ spatial dist -21.25 [-36.75, -5.74]
+ temporal dist -9.62 [-22.10, 2.85]
+ topic dist -1.46 [-12.73, 9.80]
Full -1.29 [-7.40, 4.83]
NA 0.00 —

ration, which was then log-transformed. We also calculated
the mean length of utterance in words (MLU-w) for all CDI
lemmas. Lemma frequency and MLU-w were calculated at
three levels: global, by-child, and local, as described above.
We calculated the number of phonemes for each CDI lemma
using the CMU Pronouncing Dictionary (Carnegie Mellon
Speech Group, 2026) to obtain phonemic transcriptions for
each lemma, and counting the number of phonemes in each
transcription. Again, all metrics were standardised.
Figure 3 shows lemmas with high and low values for each

metric (using the global metrics), including all metrics used
in Analyses 2–4.
Analysis. We constructed four models. The first was a

baseline growth curve model, with age as a fixed effect, as
well as random intercepts and age slopes for each child and
random intercepts for each CDI item. The remaining mod-
els added the fixed effects of lemma frequency, MLU-w, and
number of phonemes; the models respectively used global,
by-child, and local estimates, and also had interactions with
lexical categories for these item-level predictors.
We then measured the estimated log pointwise predictive

density (ELPD) for each model using approximate leave-one-
out cross validation. The model with greatest ELPD was con-
sidered to best fit the data, andmodels with ≥4 ELPD less than
the best model were considered to be substantially worse than
the best model (Sivula et al., 2022).

Results and discussion
Table 1 shows the ELPD differences between models, with
the best model as the zero point. The local metrics model
was best, and although no model was within 4 ELPD from
the best model, the by-child metrics model had an ELPD con-
fidence interval that included zero (i.e., not reliably different
from the best model). Both the local and by-child metrics
outperformed the global metrics, suggesting that the specific
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Figure 4: (A) Predictor coefficient estimates from the local
metrics linguistic model (Analysis 2). (B) Coefficient esti-
mates of object and cooccurrence frequencies from the full
visual / cross-modal model (Analysis 3). (C) Coefficient es-
timates of distinctiveness predictors from the full distinctive-
ness model (Analysis 4). Dashed line indicates zero. Error
bars indicate 95% CrIs.

linguistic input distributions received by the child were more
tightly related to word learning than distributional properties
of thewords in general. Thus, the amount of data in the 2025.2
release of BabyView was sufficient to result in the best esti-
mates from the local metrics model; hence, we use local met-
rics for all subsequent analyses. The posterior estimates from
the local metrics model are displayed in Figure 4A, showing
that words that are more frequent and less syntactically com-
plex are generally more likely to be known, with some vari-
ation by lexical category. The effect of number of phonemes
was not reliably different than zero formost lexical categories.
Further simulation studies can help to investigating the role of
data quantity in determining what level of estimation would
be the most effective for any given amount of data.
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Analysis 3: Visual and cross-modal predictors
In this analysis, we examined the possible roles of object fre-
quency and label–object cooccurrences in word learning.

Methods
Annotation. We identified objects appearing in frame by ex-
tracting frames at 1 fps, then conducting object detection us-
ing YOLO-E (A. Wang et al., 2025). We used the concrete
nouns present on the CDI as the vocabulary set for object de-
tection (Yang et al., 2025).
Metrics. We estimated object frequency by counting the

number of occurrences, applying a Laplace smoothing, then
dividing smoothed object count by total video duration and
log-transforming. We estimated the number of object–word
cooccurrences by determining whether an object was present
within a ±5s window around the utterance of the correspond-
ing lemma. The number of cooccurrences was converted into
a frequency by smoothing, dividing by the total video dura-
tion, and log-transforming.2 Object statistics were only cal-
culable for concrete nouns.
Analysis. Preliminary descriptive statistics revealed mod-

erate correlations among some predictors; hence, we adopted
a two-pronged approach to determining the possible contri-
bution of cross-situational word learning predictors. First,
we constructed models that contained the linguistic predic-
tors from Analysis 2 (number of phonemes, log lemma fre-
quency, and MLU-w) along with either log object frequency
or log cooccurrence frequency individually. Second, we con-
structed a full model that contained the linguistic predictors
as well as both log object and cooccurrence frequencies, us-
ing horseshoe priors (with df = 3) for regularisation (Piiro-
nen & Vehtari, 2017). We also included a model with only
linguistic predictors as a baseline. Note that these models
did not include lexical category as a predictor, since all items
were nouns. We again estimated the ELPD for each model for
model comparison.

Results and discussion
Table 1 shows the ELPD differences betweenmodels, with the
best model as the zero point. The model including log object
frequency is the best model, although all models were within
4 ELPD of the best model; thus, they are not substantially dif-
ferent than each other in terms of predictive performance. For
brevity, we display only the parameter estimates of the object
and cooccurrence predictors for the full model in Figure 4B.
Both log object frequency and log cooccurrence frequency ef-
fectively did not predict word knowledge. These results sug-
gest that naïve cooccurrences are insufficient for word learn-
ing, even when only considering concrete nouns; additional
supporting information including speakers’ referential inten-
tion (Frank et al., 2009; Jordan-Barros et al., 2025), contin-

2Note that pointwise mutual information is expressible as a linear
combination of log cooccurrence frequency, log lemma frequency,
and log object frequency; thus, a model including these three terms
would also represent the joint informativeness of the lemma and ob-
ject signal streams.
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Figure 5: Location, time, and topic distributions for 3 sam-
ple words (“book”, “breakfast”, “yes”). For visualisation pur-
poses, locations and times are binned into broader categories,
and only the top 7 topics for each word are shown. Labelled
topics reflect the 2 most frequent lemmas for the top 3 topics
for each word (after filtering out the 15 most frequent lemmas
overall). Grey bars reflect average distributions.

gent behaviour in social interaction (Bianco et al., 2025), or
the sizes of objects in the visual field (Cain et al., 2025) may
help to increase the likelihood of learning from valid word–
object pairings while ignoring spurious pairings.

Analysis 4: Context distinctiveness
In this analysis, we replicate the analyses in Roy et al. (2015)
to determine the robustness of context distinctiveness effects
across datasets and children.

Methods
Annotation. We determined the location of the child wear-
ing the camera (e.g., kitchen, bedroom, garage) by splitting
videos into 10-second clips, then prompting VideoLLaMA 3
(Zhang et al., 2025) to identify the location of each clip out of
a manually constructed list of options (Sepuri et al., 2025).
Metrics. We calculated the spatial, temporal, and topic dis-

tinctiveness of all CDI lemmas using a similar method to Roy
et al. (2015). The distinctiveness of a lemma along a feature
reflects the extent to which that lemma is strongly associated
with particular feature values, reflecting how specialised the
contexts in which a lemma occurs are. Distinctiveness was
determined by calculating the average distribution of that fea-
ture across all lemmas, measuring the Kullback–Leibler di-
vergence of the distribution for one lemma from the average
distribution, and residualising log divergence against log fre-
quency. The residuals were then used as the distinctiveness
values. Spatial divergence was estimated using the location

4355



annotations. Temporal divergence was estimated by splitting
videos into hourly time bins. Topic divergence was estimated
by conducting latent Dirichlet allocation on the transcripts
with k = 25 topics after removing stopwords and infrequent
words (≤5 instances or ≤4 transcripts), using an α parameter
of 0.1. Figure 5 displays the spatial, temporal, and topic distri-
butions for a few sample lemmas, compared with the average
distribution across all lemmas.
Analysis. As in Analysis 3, we constructed models that

contained linguistic predictors along with one of the distinc-
tiveness metrics, as well as a full model that contained lin-
guistic predictors and all distinctiveness metrics with horse-
shoe priors, and a model with only linguistic predictors as a
baseline. We additionally included interactions with lexical
category for all item-level predictors. We again estimated the
ELPD for each model for model comparison.

Results and discussion
Table 1 shows the ELPD differences betweenmodels, with the
best model as the zero point. The topic distinctiveness model
is the best, although the full model had an ELPD confidence
interval that included zero. For brevity, we display only the
parameter estimates of the distinctiveness predictors for the
full model in Figure 4C. All distinctiveness predictors broadly
did not show reliable effects across lexical categories, except
for negative effects for topic distinctiveness in adjectives and
onomatopoeia. These results contrast from those of Roy et al.
(2015), where the distinctiveness effects were positive and in
fact dominated over the effects of lemma frequency.
Why do we observe different results? One crucial rea-

son may be that the data from Roy et al. (2015) were col-
lected over >70% of the child’s waking hours, across most
of the rooms of the family’s house, whereas the caregivers
of the children in the BabyView dataset recorded ~1h a week
and were able to select the contexts during which they were
recording; thus, the coverage of contexts was not as randomly
and comprehensive selected, which may have led to biased
estimates of context distinctiveness. Additionally, Roy et al.
(2015) investigated the role of distinctiveness in predicting
age of first production, which requires clear, decontextualised
production decodable by an external observer, in contrast with
the parent-report nature of the CDI.

General discussion
What are the features of children’s environmental input that
support word learning? Across four analyses, we found that
a diverse set of input features relate to children’s vocabu-
lary knowledge, weakly at the overall ability level and more
clearly at the item level. Words which were more frequent and
less syntactically complex were more likely to be known, but
we did not find any reliable effect of object frequency, cooc-
currence frequency, or context distinctiveness (even though
distinctiveness did improve predictive power). These results
strengthen previous findings about input-dependent language
learning, but also raise new questions about mechanisms of
word learning.

Using input features estimated for specific children best
predicted their own outcomes. The child-wise approach pro-
vides stronger evidence for mechanisms of word learning that
connect children’s input to learning, including accumulator
models of word learning (e.g., Kachergis et al., 2022).
The null effects of object frequency, cooccurrence fre-

quency, and distinctiveness metrics in Analyses 3 and 4 do
not invalidate the theories that these analyses were inspired
by; rather, they suggest that such mechanisms may be more
nuanced and may operate differently across contexts and in-
dividuals, such that we were not able to capture their effect
using the dataset, metrics, and statistical approach that we
employed. It is possible that their effect sizes are small, and
more data is needed to identify a reliable effect. Children may
also use different mechanisms to differing extents over devel-
opment, such that more age- or ability-sensitive models may
be needed to identify their effects. Nonetheless, our analyses
provide a proof-of-concept for the testing of word learning
mechanisms at the by-child, item-wise level.
Some fundamental theoretical questions remain in estab-

lishing true mechanistic explanations of word learning. First,
due to the correlations among input features (both observed
and unobserved), it is possible that the features we selected
were not the proximal features that directly influence word
learning, but rather correlates of other (possibly unobserved)
features that were causally involved. For example, children’s
motivational states are a key proximal factor in word learn-
ing that may also affect what caregivers choose to talk about
and interact with—which may in turn affect lemma and ob-
ject distributions. The use of multiple related features helps
to mitigate this issue, but much more work is required to pro-
vide a comprehensive, multifaceted description of children’s
learning environments so as to better understand the regulari-
ties and relationships among different features of their input.
Second, the relationships between input features and out-

comes may be consistent with multiple mechanistic pathways
of word learning. This issue can similarly be addressed by in-
vestigating other predictors and outcomes, which may disam-
biguate predictions of different word learning theories. Using
statistics from naturalistic data can also help to clarify the dis-
tinction between learning mechanisms that children can pos-
sibly use (which can be verified using in-lab experiments),
and learning mechanisms that children do actually use in real-
world learning scenarios (see e.g., Casey et al., 2023).
Conceptually, the investigation of specific relationships be-

tween environmental input and learning outcomes can be con-
strued as a kind of dimensionality reduction, projecting from
rich and high-dimensional input streams to meaningful di-
mensions of variation that predict learning. As datasets and
data processing capacities continue to develop, we anticipate
more thoughtful and complex analyses of naturalistic input to
children, whichwill help to illuminate and adjudicate between
theories of early learning, pushing our understanding of lan-
guage development ever closer to the trajectories that children
actually undertake as they master their language.
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