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Abstract

Children’s remarkable ability to acquire lan-
guage remains one of the most fascinating ques-
tions in cognitive science. How do they de-
velop sophisticated syntactic knowledge? To
contribute to this question, the present study
investigates the role of input and learning mech-
anisms by modeling child language acquisition
across increasing age. Specifically, this study
trains 30 baby language models (LMs) on natu-
ralistic input directed to children up to ages 3
through 7 and compares their syntactic knowl-
edge directly with that of children aged 3 to
7, focusing on the constraint on wanna con-
traction, a phenomenon not previously tested
in language modeling. Furthermore, the study
examines two major LM architectures: an au-
toregressive causal LM, represented by GPT,
and a bidirectional masked LM, represented
by RoBERTa. The results showed that chil-
dren were sensitive to the constraint and dis-
played age-related development, but neither
GPT-based nor RoBERTa-based baby mod-
els showed the same pattern. In this respect,
the baby LMs do not seem to fully capture
human-like development, possibly suggesting
that the learning mechanisms underlying child
language acquisition do not entirely align with
the architectures tested here and cannot be re-
duced to input-driven learning alone within the
context of these models.

1 Introduction

The question of how children acquire grammatical
knowledge has been central to research in linguis-
tics and cognitive science (Hsu et al., 2011; Lidz
and Gagliardi, 2015; Linzen and Baroni, 2021; Pi-
antadosi, 2023; Yang, 2016; Yang et al., 2017). Is
the linguistic input available to children sufficient
to explain the grammatical knowledge they ulti-
mately develop (see also Chang et al., 2025)? Some
theoretical approaches hold that language acquisi-
tion is fundamentally input-driven, with domain-
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general cognitive abilities supporting the abstrac-
tion of linguistic forms (e.g., Lewis and Elman,
2001; Tomasello, 2003). According to other ap-
proaches, the input children receive is too sparse
and underdetermined to lead to the acquisition
of abstract, hierarchical structures, making innate
language-specific cognitive mechanisms necessary
(e.g., Chomsky, 1968; Chomsky, 1973; Crain et al.,
2006; Yang, 2004). The current study aims to con-
tribute to this area of research by investigating how
children and baby language models (LMs), trained
on child-directed input, evaluate sentences that in-
volve an abstract structural dependency. While a
number of studies have moved in this direction
(e.g., Padovani et al., 2025), few have included
language performance data from human children,
thereby limiting the extent to which additional in-
sights can be gained.

The significance of the present study lies in two
main respects. First, this study directly compares
the performance of children with that of baby LMs
to reveal whether the processes underlying child
language acquisition are similar to, or different
from, the mechanisms these models rely on for
language learning. Specifically, the study exam-
ines two major architectures: an auto-regressive
causal model, represented by GPT (Radford et al.,
2019), and a bidirectional masked model, repre-
sented by RoBERTa (Zhuang et al., 2021). These
two approaches learn in fundamentally different
ways: the former learns by predicting each next
token based on the preceding ones in a linear, left-
to-right fashion, consistent with the error-based
learning account that humans process language in-
crementally and learn when the incoming input di-
verges from their expectations (Chang et al., 2012);
the latter learns by reconstructing masked tokens
from their surrounding context, thereby building
strong bidirectional text representations that may
better capture structural dependencies existing in
human languages across both visible and invisible
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linguistic material (e.g., Jawahar et al., 2019).

Furthermore, the study systematically varies the
amount of input and vocabulary size in LMs to sim-
ulate child language acquisition. As an initial step
in examining the role of input in language acqui-
sition, it trains five LMs on different datasets rep-
resenting the input available up to ages 3 through
7, while comparing their performance against chil-
dren’s performance. Specifically, the study uses
the CHILDES corpus (MacWhinney and Erlbaum,
2000), which contains naturalistic child-directed
input, rather than relying on data that is commonly
used in this area of research (e.g., Wikipedia).

The target linguistic phenomenon in this study
is the contraction of wanna, which is a reduced
form of want to. This construction yields a subtle
contrast in grammaticality, as shown in (1) versus
(2). Whereas want to cannot contract to wanna
when the question is about the subject of the ro-
infinitival clause (e.g., (2)), such contraction is pos-
sible if the question is about any other constituents
within the fo-infinitival clause, such as a direct ob-
ject of the verb (e.g., (1a)) or the preposition (e.g.,
(1b)). Some linguists assume that the contrast in
wanna contraction results from the blocking effect
created by wh-movement. In (2), the subject of
the ro-infinitival complement is extracted from the
position between want and fo and moved to the
front. This movement leaves behind a gap (which
is marked as _) in its original position, prevent-
ing want and fo from contracting across it. In
contrast, (1) involves the extraction of non-subject
elements from positions elsewhere within the in-
finitival clause, not from between want and to, so
no blocking effect arises. In this way, wanna con-
traction is subject to a structural constraint (cf.,
Getz, 2019; O’Grady et al., 2008). The present
study focuses on this phenomenon because it can
be expressed using simple vocabulary, making it
suitable for child participants and baby LMs, while
still exhibiting structural dependencies.

(1) a. Who do you [want to, wanna] kiss _?
b. Who do you [want to, wanna] dive with _?
(Zukowski and Larsen, 2011, p. 213, (1a)—(1b))
(2) a. Who do you [want _ to, *wanna] kiss you?
b. Who do you [want _ to, *wanna] dive first?

(Zukowski and Larsen, 2011, p. 213, (2))
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Child language acquisition research on wanna
contraction showed somewhat inconsistent results,
mostly using a production paradigm (cf., Hwang,
2024). Thornton (1990) reported that children as
young as 3;6 demonstrated target-like knowledge
of the constraint on wanna contraction. However,
Zukowski and Larsen (2011), in a later study that
addressed a methodological issue involving the use
of different prompts across experimental conditions
in Thornton (1990)’s study, suggested that young
children (age: 4;00-7;03) do not possess grammat-
ical knowledge of wanna contraction. A similar
pattern was shown by Getz (2019), whose find-
ings showed that children’s use of wanna diverged
from adults across age groups (younger group’s
age: 3;09—4;10; older group’s age: 5;00—7;03).
The study also found a frequency effect limited
to impossible wanna contraction contexts, where
children produced fewer impossible contractions
when the embedded verb was more frequent. Al-
though this finding appears to support the view
that input frequency plays a decisive role in child
language acquisition, it is important to note that
the frequency effect emerged only in the case of
impossible wanna contraction. If children learn
through the storage of specific patterns and their
associated frequencies, then a similar frequency
effect should also be expected for possible wanna
contraction, at least among younger children, who
are still building abstract generalizations on the
basis of item-based patterns (Hwang, 2024).

It is only in recent work that children’s knowl-
edge of wanna contraction has been tested in com-
prehension. Since production is more likely to
be affected by performance factors, such as cog-
nitive demands, and since an inability to produce
a form does not necessarily reflect a lack of un-
derlying knowledge, Hwang (2024) assessed chil-
dren’s knowledge using a child-friendly acceptabil-
ity judgment task. The results indicated that chil-
dren as young as 3;11 can distinguish between pos-
sible and impossible sentences involving wanna
contraction, consistent with Thornton (1990).

Notably, while previous language modeling stud-
ies have examined linguistic phenomena involving
structural dependencies, including parasitic gaps
and across-the-board movement (Lan et al., 2026),
as well as island effects (Chang et al., 2025; Mcln-
nerney, 2025), no study has specifically investi-
gated wanna contraction, despite the considerable
attention it has received in child language acquisi-
tion (see above). Moreover, this line of research



has yielded mixed findings. Mclnnerney (2025)
reported limited evidence of island effects in causal
and masked LMs, only when the models were
trained on developmentally implausible quantities
of data, including Wikipedia and the Pile (Gao
et al., 2020). Chang et al. (2025) addressed this
issue by using “predominantly” child-oriented and
child-sized input to train their LMs and found that
the LMs did not consistently achieve full structural
generalization across the linguistic phenomena they
tested. Building on the work of Chang et al. (2025)
but using "only" child-oriented data, the present
study extends the investigation to consider the fol-
lowing research questions (RQs).

* RQ 1: Can LMs trained on child-oriented,
child-sized input acquire the constraint on
wanna contraction?

RQ 2: Do LMs exhibit child-like age-related
development of sensitivity to the constraint
on wanna contraction, as they are trained
on datasets representing older children and
a larger vocabulary size?

RQ 3: Which LM type is better at learning
wanna contraction: linear causal models or
bidirectional masked models?

These RQs give rise to several plausible pre-
dictions. For RQ 2, it is conceivable that baby
LMs trained on a dataset covering older chil-
dren and employing a larger vocabulary size may
align more closely with older children’s devel-
opmental patterns, thereby showing greater sen-
sitivity than baby LMs trained on a dataset re-
stricted to younger children and a smaller vocab-
ulary size. As for RQ 3, GPT-based LMs’ per-
formance may better resemble children’s because
its auto-regressive architecture mirrors the incre-
mental way in which children process language
in real time and predict the upcoming informa-
tion (Chang et al., 2012). Alternatively, RoOBERTa-
based LMs’ performance may align more closely
with children’s because language itself relies on
bidirectional dependencies. Even though language
learners do not encounter sentences in both direc-
tions, findings from a preferential-looking experi-
ment using eye-tracking indicate that they reana-
lyze and fix their initial parses and interpretations
(e.g., Abbot-Smith et al., 2017). However, it is
also possible that neither model architecture, nor
any dataset designed to approximate human input,

52

will show human-like performance (RQ 1 and RQ
3). Taken together, the findings of this study may
provide insight into whether language acquisition
is solely based on autoregressive or bidirectional
parsing mechanisms and/or whether it can be under-
stood as purely input-driven within such learning
architectures. Ultimately, they are expected to shed
light on the mechanisms involved in child language
acquisition.

2 Methodology

The methodology used in the present study draws
on earlier work examining the grammatical knowl-
edge of LMs (e.g., Chang et al., 2025; Howitt et al.,
2024; Ozaki et al., 2022; Wilcox et al., 2018). Prior
to the beginning of the study, administrative and
ethical approval had been obtained, along with in-
formed consent from one parent of each child par-
ticipant.

2.1 Child participants

Data from 46 child participants were drawn from
Hwang (2024). All participants lived in the United
States at the time of testing. The age distribution
was as follows: 3-year-olds (n = 2), 4-year-olds
(n = 3), 5-year-olds (n = 13), 6-year-olds (n = 19),
and 7-year-olds (n = 9). These participants were
recruited through flyers distributed to their parents
at a local kindergarten. Upon completing the study,
all participants were given stationery items equiva-
lent to $5 (e.g., stickers), following the convention
in the area where they resided.

2.2 Baby language models

The current study sought to approximate the lin-
guistic input available in child language acquisition
by training a range of baby LMs that differed in
three main respects: (1) model architecture, (2) vo-
cabulary size, and (3) random seed. With respect to
architecture, two types of LM were used: GPT-2-
based models (Radford et al., 2019), which instan-
tiate linear causal modeling, and RoBERTa-based
models (Zhuang et al., 2021), which instantiate
bidirectional masked modeling. This comparison
enables to assess whether, and to what extent, the
learning procedures associated with these model
types can account for the acquisition of abstract
syntactic knowledge. To ensure comparability, both
models used the same architectural specifications,
with 8 transformer layers, 8 attention heads, an
embedding size of 512, and an intermediate feed-
forward size of 2,048.



The specific model configurations in the present
study are provided in Appendix A. For each LM
type, 15 separate models were trained on authen-
tic linguistic input directed to English-speaking
children. Given that the child participants in this
study resided in the United States at the time of
testing, all data for training LMs were drawn from
the North American English portion of CHILDES
(MacWhinney and Erlbaum, 2000). On the basis
of this corpus, five datasets were constructed, with
each representing input available up to ages 3, 4, 5,
6, and 7 (see Appendix B).

Vocabulary size was also systematically varied
so that it would approximate the vocabulary growth
typically observed across these age groups. In
the context of language modeling, vocabulary size,
which is defined as the number of distinct token
types that an LM can represent, determines how
finely text is segmented into units, such as words
or subwords. This factor is important for investi-
gating LM performance because it directly affects
sequence length, memory and computational cost,
and the extent to which the model captures lin-
guistic patterns rather than artifacts of tokenization.
Following Shipley and McAfee (2015), vocabu-
lary sizes were set to 900 for 3-year-olds, 2,000
for 4-year-olds, 10,000 for 5-year-olds, 13,000 for
6-year-olds, and 20,000 for 7-year-olds. For each
of the two architectures, baby LMs were trained on
each of the five datasets three times using different
random seeds, namely 13, 30, and 42.

Importantly, the present modeling setup was
designed to approximate age-conditioned learner
states rather than to isolate the independent con-
tribution of any single developmental factor. To
approximate children’s linguistic experience as
closely as possible, the age conditions were jointly
varied in terms of exact input data, vocabulary size,
and resulting parameter count, mirroring how these
factors naturally change together during language
development. In this respect, the models should be
interpreted as cross-sectional snapshots of learners
at different points in development, consistent with
our cross-sectional design for child participants
with different ages, rather than as sequential check-
points from a single learner tracked longitudinally
(Shah et al., 2024). Overall, the goal of this study
is ecological approximation rather than causal de-
composition. That is, the study focuses on whether
models trained under age-indexed input conditions
show behavior that aligns with children’s perfor-
mance, rather than which individual component of
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development is responsible for such behavior.

The codebase used in this study was adapted
from Padovani et al. (2025)! solely for the pur-
poses of this research. Following their setup, all
models were trained from scratch for 100,000 steps
using the AdamW optimizer (Loshchilov and Hut-
ter, 2017), together with a linear scheduling scheme
and a 40,000-step warm-up phase, which ensured
consistent training conditions across models. A
learning rate of 0.0001 was also applied uniformly
across all experiments (Padovani et al., 2025). The
data were split into training and validation sets in
a 92/8 ratio. Each baby LM training run required
roughly 1 hour and 50 minutes on an RTX 5090.
Training and evaluation loss curves of the trained
LMs are provided in Appendix C.

2.3 Experimental design

The experiment employed an acceptability judg-
ment task given that this paradigm is well estab-
lished and widely validated in child language ac-
quisition research (e.g., Ambridge et al., 2008). In
the task, the two factors, Clause (Who vs. If) and
Gap (Gap vs. No gap), were crossed in a 2 x 2
Latin square design. This yielded four conditions,
as shown in (3). In total, 80 sentences were devel-
oped, with 20 sentences for each condition (for the
full list, see Appendix D). The two If conditions
served as the baseline for comparison with the two
Who conditions in terms of grammaticality: the
*If + Gap condition was contrasted with the Who +
Gap condition, and the If + No gap condition was
contrasted with the *Who + No gap condition.

(3) a. Who + Gap: I wonder who you wanna work
with.

b. *Who + No gap: *I wonder who you wanna
work.

c. *If + Gap: *I wonder if you wanna work
with.

d. If + No gap: I wonder if you wanna work.

To reduce the cognitive demands placed on both
child participants and baby LMs trained on child-
directed input, all experimental sentences were kept
short (6—7 words) and composed of simple, high-
frequency vocabulary. The embedded verbs follow-
ing wanna were either clearly intransitive (k = 16;
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e.g., work) or verbs that can be used both transi-
tively and intransitively but do not normally take
a human object when transitive (k = 4; e.g., read,
walk, eat, drink).

2.4 Experimental procedure

Child participants completed an acceptability judg-
ment task where every sentence was presented both
aurally and in writing (for the specific instructions
that the child participants received, see Appendix
E). For each trial, participants heard the sentence
twice, separated by a one-second interval, while the
corresponding sentence was shown on the screen.
They then provided their judgments on a four-point
smiley-face scale consisting of four response op-
tions, including "very bad," "bad," "good," and
"very good," alongside an "I don’t know" option,
which was indicated by a question mark. To avoid
practice effects, participants were not given differ-
ent versions of the same item set (e.g., (3a), (3b),
(3¢), (3d))). Instead, they saw only one version
from each item set, meaning that they were pre-
sented with five items per condition, for a total of
20 target items, in addition to 44 fillers.

The syntactic performance of each LM was as-
sessed on the basis of sentence probabilities, fol-
lowing earlier studies (Linzen et al., 2016; Marvin
and Linzen, 2018; Wilcox et al., 2018), using the
"minicons" library (Misra, 2022). For linear causal
models, the summed sequence log-probability with
Beginning-of-Word (BOW) correction was used
(Pimentel and Meister, 2024; Oh and Schuler,
2024). For bidirectional masked models, a like-
lihood score based on a within-word left-to-right
masking strategy was used, as this reduces the ten-
dency to overestimate token probabilities for words
consisting of multiple tokens (Kauf and Ivanova,
2023). Each LM’s probabilities were calculated for
all 80 experimental sentences.

2.5 Analysis

Prior to conducting the statistical analyses, the chil-
dren’s "I don’t know" responses were removed
(5.22%). For analysis, “very bad,” “bad,” “good,”
and “very good,” were respectively coded as 1, 2,
3, and 4. Next, z-transformations were applied to
the children’s acceptability scores and the LMs’
sentence probabilities to place both measures on a
common, standardized scale (M =0, SD=1) (e.g.,
Suijkerbuijk et al., 2025). This procedure mini-
mizes differences in scale and variance between
the raw ratings and model probabilities, enabling
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direct comparisons across the two measures.

To evaluate LM’s performance on wanna con-
traction (RQ 1), a linear mixed-effects regression
model was constructed with Clause (Who vs. If),
Gap (Gap vs. No gap), Learner type (Children
vs. LMs) as categorical fixed effects, Age as a
continuous fixed effect, and Item as a random ef-
fect. The interaction between Construction and
Gap is crucial, as grammaticality aligns with the
Gap condition in Who clauses but with the No Gap
condition in If clauses; therefore, collapsing these
into a single variable, such as grammaticality, could
obscure important patterns in the data.

To examine age-related development in sensi-
tivity to the constraint on wanna contraction (RQ
2), separate linear mixed-effects regression mod-
els were fitted to the child and LM data. These
models included Clause (Who vs. If), Gap (Gap
vs. No gap), and Age as fixed effects, and Item
as a random effect. For a more detailed investiga-
tion of age-related effects, grammaticality sensitiv-
ity scores were computed for each Clause type by
subtracting the acceptability scores of the ungram-
matical condition from those of the grammatical
condition: i.e., Who + Gap —*Who + No gap; If +
No gap —*If + Gap. These grammaticality sensitiv-
ity scores were then analyzed using a simple linear
regression model with Age as a predictor.

To explore any effect of model architecture (RQ
3), another linear mixed-effects regression model
was constructed on the LM data. This model in-
cluded Clause (Who vs. If), Gap (Gap vs. No
gap), and Model architecture (linear causal model
vs. bidirectional masked model) as fixed effects,
and Item as a random effect.

3 Results

3.1 Knowledge of the constraint on wanna
contraction

A visual inspection of Figure 1 indicates that the
children aged 5 and older rated the Who + Gap and
If + No gap conditions higher than the *Who + No
gap and *If + Gap conditions, while the children
aged 3 and 4 showed no clear pattern. In contrast,
the baby LMs consistently rated the If + No gap
condition highest, followed by the *If + Gap con-
dition, then the *Who + No gap condition, which
became rated more highly than the *If + Gap con-
dition with increasing age—at age 4 for the linear
causal model and age 5 for the bidirectional masked
model—and finally the Who + Gap condition. This
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Figure 1: Mean acceptability z-scores by learner type and condition

Note. The results visualized for each language model with a distinct model architecture trained on input directed to children up

to ages 3 through 7 are averaged over three random seeds.

pattern indicates that, although the children possess
grammatical knowledge of the constraint on wanna
contraction, the baby LMs developed for this study
do not.

As shown in Appendix F, a linear mixed-effects
regression model fitted to the acceptability z-scores
revealed a significant effect of Clause (b = .427,
SE = .147, p = .004), as well as significant inter-
actions between Clause and Gap (b = —-1.06, SE =
0.29, p <.001), between Clause and Learner type
(b=1.29, SE =0.29, p < .001), between Clause,
Gap, and Learner type (b = 2.10, SE = 0.59, p <
.001), between Clause, Gap, and Age (b = 0.40,
SE = 0.05, p < .001 ), betewen Clause, Learner
type, and Age (b =-0.13, SE =0.05, p =.012), and
between Gap, Learner type, and Age (b = 0.24, SE
= 0.05, p <.001). Crucially, the model also iden-
tified a four-way interaction among Clause, Gap,
Learner type, and Age (b = —-0.62, SE = —6.05,
p <.001). These results suggest that the children
and the LMs differed in their performance on ex-
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perimental sentences involving wanna contraction,
consistent with our visual inspection.

3.2 Age-related development of sensitivity to
the constraint on wanna contraction

To further investigate the Learner type-related in-
teraction observed in the previous section, separate
follow-up linear mixed-effects regression models
were constructed for each learner type. In the child
model, a significant Clause x Gap interaction was
found (b =-2.52, SE = 0.65, p <.001), as shown
in Appendix G. Post hoc pairwise comparisons fur-
ther indicated that children rated the Who + Gap
condition higher than the *Who + No gap condi-
tion (b =1.09, SE = 0.08, p <.001) and the If + No
gap condition higher than the *If + Gap condition
(b=0.89, SE =0.08, p <.001), suggesting robust
knowledge of the constraint on wanna contraction.
In addition, the model revealed a significant inter-
action among Clause, Gap, and Age (b =0.79, SE
=0.57, p < .001). Subsequent simple regression
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analyses showed that sensitivity to grammaticality
increased with children’s age for both Who clauses
(b=0.51, SE =0.10, p < .001) and If clauses (b =
0.31, SE =0.12, p = .012), as shown in Figure 2.

A different pattern emerged from the linear
mixed-effects regression model fitted to the baby
LM data, as shown in Appendix H. The model re-
vealed a significant effect of Clause (b = 1.07, SE
=0.09, p <.001), as well as significant interactions
between Clause and Age (b =—-0.07, SE =0.02, p
< .001) and between Gap and Age (b = 0.16, SE
=0.02, p <.001). There was also a significant in-
teraction among Clause, Gap, and Age (b = 0.09,
SE = 0.03, p = .008). However, subsequent sim-
ple regression analyses indicated that the pattern
of age-related development in the baby LMs was
different from the one found in children. These
analyses showed that sensitivity to grammaticality
tended to increase with the baby LMs’ age, as ap-
proximated by the input, for If clauses (b = 0.21,
SE =0.05, p <.001), but to decrease with the baby
LMs’ age for Who clauses (b = —-0.12, SE = 0.06,
p =.049), although the pattern differed across the
two model architectures (see Figure 2).

3.3 Effects of model architecture

Another linear mixed-effects model applied to the
baby LM data showed significant main effects of
Clause (b =0.73, SE = 0.02, p <.001) and Gap (b
=0.97, SE = 0.07, p <.001) (see Appendix I). In
addition, the model revealed significant interaction
effects between Clause and Gap (b = 0.43, SE =
0.05, p <.001), between Clause and Model archi-
tecture (b =0.19, SE =0.05, p <.001), and between
Gap and Model architecture (b = —0.32, SE = 0.05,
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p < .001). Crucially, the analysis also identified
a significant three-way interaction among Clause,
Gap, and Model architecture (b = —0.19, SE = 0.09,
p =.049). Further post hoc pairwise comparisons
indicated that both the linear causal model and the
bidirectional masked model gave higher ratings to
the If + No gap condition than to the *If + Gap
condition (linear causal model: b = —1.29, SE =
0.08, p < .001; bidirectional masked model: b =
—-0.98, SE = 0.08, p < .001), but to the *Who + No
gap condition than to the Who + Gap condition
(linear causal model: b = -0.87, SE = 0.08, p <
.001; bidirectional masked model: b = —0.64, SE =
0.08, p <.001). The three-way interaction seems
to be thus driven by the larger difference between
the two If conditions in the linear causal model
compared with the bidirectional masked model, as
shown in Figure 2.

4 Discussion

Regarding RQ 1, the present study found that un-
like children, baby LMs trained on child-oriented,
child-sized input did not demonstrate knowledge
of the constraint on wanna contraction. This find-
ing is somewhat difficult to reconcile with the view
that input is a key factor in the context of the model
architectures tested in this study. In particular, the
models struggled to accept the Who + Gap condi-
tion and to reject the *Who + No gap condition (see
Figure 1). A possible reason is that probabilistic
language learning may not be sufficient to capture
the syntactic dependency between who and the gap.
In sum, these results seem to be more compatible
with the theoretical accounts positing that input-
based, domain-general learning via linear causal



or bidirectional masked learning mechanisms may
not alone be sufficient and that language-specific
learning mechanisms are needed for the acquisi-
tion of complex syntactic knowledge (Chomsky,
1968; Chomsky, 1973; Crain et al., 2006; Yang,
2004; cf., Lewis and Elman, 2001; Piantadosi,
2023; Tomasello, 2003).

Furthermore, baby LMs did not exhibit child-
like, age-related development in grammaticality
sensitivity to the constraint on wanna contraction
(RQ 2). The models were trained on a range of
datasets designed to approximate the authentic in-
put children receive, as well as the vocabulary sizes
they develop at different ages. However, their per-
formance did not reflect human-like developmental
changes in grammatical sensitivity. More specifi-
cally, they exhibited largely similar patterns across
age groups and vocabulary sizes, without show-
ing the target-like grammatical contrast between
the Who-Gap and *Who-No gap conditions; this
contrasts with the child data, which showed clear
developmental growth in the target grammatical
sensitivity and suggested full attainment by age
5. Although children receive input that is sparse
and often underspecified, they nonetheless come to
acquire target-like knowledge of the wanna contrac-
tion constraint without explicit instruction, suggest-
ing that the development of syntactic knowledge
in LMs may differ fundamentally from its develop-
ment in children.

Regarding RQ 3, neither linear causal models
nor bidirectional masked models showed child-like
performance on sentences involving wanna con-
traction. This result may be considered surprising,
given psycholinguistic evidence that human lan-
guage processing appears to share some features
with the mechanisms used by these models. Hu-
mans, like linear causal models, use prior linguistic
context to predict upcoming input, and mismatches
between prediction and input may contribute to
learning. In line with this, error-based learning has
been argued to play a role in language develop-
ment (Chang et al., 2006; Phillips and Ehrenhofer,
2015). On this account, learners continuously gen-
erate predictions, and when those predictions are
disconfirmed, the gap between predicted and actual
input provides implicit feedback that helps move
the learner toward the target grammar. On the other
hand, human sentence processing also involves re-
analysis: parsers may go back to earlier parts of a
sentence and revise initial interpretations to resolve
syntactic dependencies, similar in some respects
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to bidirectional masked models (Lopopolo et al.,
2019; Pickering and Traxler, 1998).

Since both types of LMs failed to show robust
knowledge of the wanna contraction constraint,
unlike children, the present findings suggest that
while these models may resemble humans in cer-
tain aspects of online processing, they still differ
from them in the underlying mechanisms that sup-
port the acquisition of low-frequency or weakly
evidenced grammatical knowledge. This interpre-
tation also aligns with Murphy’s (2025) Represen-
tation, Operation, Structure, and Encoding (ROSE)
model. In that framework, syntax is divided into
two broad domains: a horizontal domain shaped
by surface-based distributional regularities, and a
vertical domain involving hierarchical and sym-
bolic structure. One reasonable possibility is that
LMs are effective at learning surface-level, hor-
izontal patterns but struggle with deeper hierar-
chical structures, particularly when they are rarer
(Hwang, 2026). Wanna contraction fits this de-
scription, since it depends on complex structural
relations and does not provide strong distributional
regularities (Hwang, 2024). If LMs are weak at
acquiring this type of vertical structure, it is less
surprising that they failed to show human-like syn-
tactic knowledge involving structural dependency.

Focusing on vertical structure, Chang et al.
(2025) reported a similar pattern of results. Their
results showed that although some small GPT-2
models trained primarily on child-oriented input
exhibited limited learning of filler-gap dependen-
cies, they still did not achieve human-like island
sensitivity. Chang et al. (2025) took this as poten-
tially suggestive of a role for language-dedicated
mechanisms in language development. The present
findings may be broadly consistent with this inter-
pretation, although it should be noted that alterna-
tive architectures and inductive biases remain to be
further explored before any firm conclusions can
be reached (see Section "Limitations").

5 Conclusion

In conclusion, baby LMs appeared to fall short
of fully capturing human-like language develop-
ment. This suggests some divergence between the
learning mechanisms underlying child language ac-
quisition and those instantiated in the tested archi-
tectures, as well as the possibility that input-driven
learning alone may not be fully sufficient within
these model architectures.



Limitations

The conclusions of the present study should be in-
terpreted cautiously in light of several limitations
outlined below, which future research should ad-
dress. One limitation is that the inclusion of child
participants and the systematic comparison across
age groups made it difficult to examine a wider
range of linguistic phenomena. Although the study
investigated a novel phenomenon that has not pre-
viously been tested in LMs, future work should
consider a broader set of phenomena in order to
draw stronger generalizations about LMs’ syntactic
knowledge.

In addition, wanna contraction occurs more fre-
quently in spoken than in written language, which
may have given child participants an advantage,
since the experimental sentences were presented
to them in both spoken and written form, whereas
the LMs were exposed only to written input. A
useful next step would therefore be to investigate
whether speech or multimodal LMs show differ-
ent patterns of syntactic knowledge when auditory
forms or both auditory and written forms of the
experimental sentences are made available.

While CHILDES offers a large and authentic
source of child-directed input, it cannot be assumed
to fully reflect the complete linguistic environment
to which children are exposed. A more ideal ap-
proach would involve collecting input data directly
from the children participating in the study and
training the language models on this data, so that
both the LMs and the children could be tested on
syntactic knowledge under more comparable con-
ditions.

Furthermore, it is possible that the LMs devel-
oped for this study were too small in scale to ade-
quately approximate the neural capacity that chil-
dren bring to language learning. Also, the two
types of learning mechanisms were represented
only by GPT-2 and RoBERTa, corresponding to
a linear causal model and a bidirectional masked
model, respectively. Although the training data
were varied in terms of input age and vocabulary
size, the range of models considered remains nar-
row, which limits the generalizability of our conclu-
sions. Other LMs with different inductive biases,
such as LLaMA with decoder-only transformers or
GPT-BERT with hybrid architectures, may show
different patterns in how they learn syntactic con-
straints and structures (see also Chang et al., 2025).

Finally, the hyperparameter configuration used
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in this study was closely based on Padovani et al.
(2025) to replicate and optimize model perfor-
mance. However, computational limitations re-
stricted the search space explored in this study,
and thus a wider range of configurations should be
explored in further research (see also Chang et al.,
2025).

Supplementary material

The dataset and analysis codes used for the cur-
rent study are available at https://osf.io/p48ef
under a CC BY-NC-SA 4.0 license. The dataset
shared should not be used outside of research con-
texts.
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Appendices
A Model configurations in the study

The model configurations in the present study are
summarized in Table 1. Note that the model setup
aims to approximate the bundle of changes that
co-occur across development in children’s input
environment. In naturalistic contexts, older chil-
dren are exposed to more language input, possess
larger vocabularies, and likely have access to richer
representational resources for language acquisi-
tion. Consequently, the models here therefore rep-
resent cross-sectional simulations of development,
rather than checkpoint-based alignments of a single
learner’s development.

B Dataset construction

The datasets for this study were created through
two main steps: data extraction followed by pre-
processing. First, child-directed input for baby LM
training was extracted from CHILDES (MacWhin-
ney and Erlbaum, 2000) in R using the "childesr"
package. To ensure that only data from children
living in the United States were included, we used
the following command: collection = "Eng-NA".
The extracted files, which were in .cha format,
were then preprocessed in Python to obtain the
child’s age from the @ID: lines. Each utterance
was cleaned by removing CHAT annotations, such
as those indicating body language or other anno-
tations, and unwanted symbols. Only utterances
produced by non-child speakers were retained, so
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Linear causal model

Bidirectional masked model

Architecture
Layers
Attention heads
Intermediate size
Max sequence length

10.88M for input data to 3-year-olds;
11.16M for input data to 4-year-olds;
13.21M for input data to 5-year-olds;
13.98M for input data to 6-year-olds;
15.77M for input data to 7-year-olds

Total parameters

Learning rate
Scheduler type
Training batch size
Evaluation batch size
Gradient accumulation step

Vocabulary size and input data

Random seeds

GPT-2

RoBERTa
8
8
2048

512
11.18M for input data to 3-year-olds;

11.75M for input data to 4-year-olds;
15.85M for input data to 5-year-olds;
17.39M for input data to 6-year-olds;
20.98M for input data to 7-year-olds
0.0001
linear

16

16

2
900 for input data to 3-year-olds; 2,000 for input data to 4-year-olds;
10,000 for input data to 5-year-olds; 13,000 for input data to 6-year-olds;

20,000 for input data to 7-year-olds
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Table 1:

Linear causal model
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Bidirectional masked model
Age 4

Bidirectional masked model

Age 3 Age 5

0 25000 50000 75000 100000 O
Step

25000 50000 75000 100000 O

Step Step

Linear causal model

Bidirectional masked model

25000 50000 75000 100000 O

Model configurations in the study

Linear causal model
Age7

Linear causal model
Age 6

NAE) Ss

Bidirectional masked model
Age 6

Loss type
== Training loss
== Evaluation loss

Bidirectional masked model
Age 7

RN

25000 50000 75000 100000 O
Step

25000 50000 75000 100000
Step

Figure 3: Training and evaluation loss curves

that the resulting dataset reflected child-directed in-
put. For each retained utterance, metadata were
recorded, including age, speaker code, corpus,
subfolder, transcript filename, file path, and the
cleaned utterance text. The complete dataset was
saved as "CHILDES_sorted.csv", and cumulative
age-based datasets in CSV files were then gener-
ated for all utterances available up to ages 3, 4, 5,
6, 7, and 8. The sizes of these datasets, in terms
of word tokens and utterances, are summarized in
Table 2.
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Dataset Word tokens Utterances
Input up to age 3 790,259 4,189,835
Input up to age 4 1,007,504 5,432,165
Input up to age 5 1,334,574 7,379,696
Input up to age 6 1,423,082 7,919,487
Input up to age 7 1,468,227 8,188,443

Table 2: Size of five datasets extracted from CHILDES
and used for training baby language models

C Training and evaluation loss curves of
the baby language models

Training and validation losses were logged at 100-
step intervals. The resulting loss curves for the
models trained in this study are shown in Figure 3.
Training a single model took about 1 hour and 50
minutes on an RTX 5090.



D Experimental stimuli

Below is the full set of experimental sentences em-

ployed in this study.

(1) a.
b.

C.

(2) a.

3) a.

4) a.

(5) a.

(6) a.

(7) a.

(8) a.

I wonder who you wanna read with.
*I wonder who you wanna read.

*1 wonder if you wanna read with.

. I wonder if you wanna read.

I wonder who you wanna dance with.
. *I wonder who you wanna dance.

. *I wonder if you wanna dance with.

. I wonder if you wanna dance.

I wonder who you wanna sing with.

. *I wonder who you wanna sing.
. *I wonder if you wanna sing with.

. I wonder if you wanna sing.

I wonder who you wanna walk with.

. *I wonder who you wanna walk.
. *I wonder if you wanna walk with.

. I wonder if you wanna walk.

I wonder who you wanna stay with.

. *I wonder who you wanna stay.
. *I wonder if you wanna stay with.

. I wonder if you wanna stay.

I wonder who you wanna swim with.

. *I wonder who you wanna swim.
. *I wonder if you wanna swim with.

. I wonder if you wanna swim.

I wonder who you wanna run with.

. *I wonder who you wanna run.
. *I wonder if you wanna run with.

. I wonder if you wanna run.

I wonder who you wanna smile with.

62

9) a.

(10) a.

(11) a.

(12) a.

(13) a.

(14) a.

(15) a.

(16) a.

. *I wonder who you wanna smile.
. *I wonder if you wanna smile with.

. I wonder if you wanna smile.

I wonder who you wanna start with.

. *I wonder who you wanna start.
. *I wonder if you wanna start with.

. I wonder if you wanna start.

I wonder who you wanna talk with.

. *I wonder who you wanna talk.
. *I wonder if you wanna talk with.

. I wonder if you wanna talk.

I wonder who you wanna eat with.

. *I wonder who you wanna eat.
. *I wonder if you wanna eat with.

. I wonder if you wanna eat.

I wonder who you wanna travel with.

. *I wonder who you wanna travel.
. *I wonder if you wanna travel with.

. I wonder if you wanna travel.

I wonder who you wanna drink with.

. *I wonder who you wanna drink.
. *I wonder if you wanna drink with.

. I wonder if you wanna drink.

I wonder who you wanna live with.

. *I wonder who you wanna live.
. *I wonder if you wanna live with.

. I wonder if you wanna live.

I wonder who you wanna cry with.

. *I wonder who you wanna cry.
. *I wonder if you wanna cry with.

. I wonder if you wanna cry.

I wonder who you wanna laugh with.



. *I wonder who you wanna laugh.

. *I wonder if you wanna laugh with.
. I wonder if you wanna laugh.

(17) a. I wonder who you wanna wait with.
. *I wonder who you wanna wait.

. *I wonder if you wanna wait with.

. I wonder if you wanna wait.

(18) a. I wonder who you wanna shout with.
. *I wonder who you wanna shout.

. *I wonder if you wanna shout with.

. I wonder if you wanna shout.

(19) a. I wonder who you wanna pray with.
. *I wonder who you wanna pray.

. *I wonder if you wanna pray with.

. I wonder if you wanna pray.

(20) a. I wonder who you wanna work with.
. *I wonder who you wanna work.

c. *I wonder if you wanna work with.

d. I wonder if you wanna work.

E Instructions for child participants

The specific instructions that the child participants
were presented with were as follows: "This is
a ‘smiley face’ choice task. In this task, you
will decide whether sentences are good/possible
or bad/impossible in English. First, you will see a
sentence on the screen while hearing that same sen-
tence twice on the headphones. After you hear the
sentence for the second time, a smiley face scale
will pop up on the screen. It is at this point that
you can press a number on the keyboard to rate
the sentence on a 4-point smiley face scale with an
additional “I don’t know” option."
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F Results of the linear mixed-effects
regression for the entire data

Table 3 summarizes the results of the linear mixed-
effects regression constructed for the entire data,
including Clause, Gap, Learner type, and Age as
fixed effects, as well as Item as a random effect.

Table 3: Linear mixed-effects regression results for the
entire data

Predictor b SE t P
(Intercept) 0.02 0.11 0.18 857
Clause 043 0.15 290 .004
Gap 024 0.15 1.57 117
Learner type -0.04 0.15 -0.28 781
Age 0.00 0.01 -0.32 753
Clause x Gap -1.06 0.29 -3.59 < .001
Clause 129 029 437 < .001
x Learner type
Gap ~0.16 030 -053 .59
x Learner type
Clause x Age 0.00 0.03 -0.14 .893
Gap x Age 0.04 0.03 1.68 .092
L

camertype  oo1 003 032 753
x Age
Clause xGap 15 059 356 <.001
x Learner type
ClausexGap— 40 005 777 < .001
x Age
Clause
x Learner type -0.13 0.05 -2.51 .012
x Age
Gap
x Learner type 024 0.05 457 <.001
x Age
Clause x Gap
x Learner type -0.62 0.10 -6.05 < .001
x Age




G Results of the linear mixed-effects
regression for the child data with the
Age factor added

Table 4 summarizes the results of the linear mixed-
effects regression constructed for the child data,
including Clause, Gap, and Age as fixed effects, as
well as Item as a random effect.

Table 4: Linear mixed-effects regression results for the
child data with the Age factor added

Predictor b SE t p
(Intercept) 0.05 0.17 0.29 769
Clause -0.25 0.32 -0.78 438
Gap 0.38 0.33  1.17 244
Age -0.01 0.03 -0.35 730
Clause x Gap -2.52 0.65 -390 < .001
Clause x Age 0.07 0.06 1.21 221
Gap x Age -0.08 0.06 -1.50 134
ClawsexGap 079 011 705 <.001
x Age

H Results of the linear mixed-effects
regression for the baby language model
data with the Age factor added

Table 5 summarizes the results of the linear mixed-
effects regression constructed for the baby LM data,
including Clause, Gap, and Age as fixed effects, as
well as Item as a random effect.

Table 5: Linear mixed-effects regression results for the
baby language model data with the Age factor added

Predictor b SE t p
(Intercept) 0.00 0.12 0.00 1.000
Clause 1.07 0.09 1241 < .001
Gap 0.16 0.11 1.52 132
Age 0.00 0.01 0.00 1.000
Clause x Gap -0.01 0.17 -0.06 952
Clause x Age -0.07 0.02 —-4.11 <.001
Gap x Age 0.16 0.02 9.73 < .001
Clause x Gap

0.09 0.03 267 .008

x Age

I Results of the linear mixed-effects
regression for the baby language model
data with the Model architecture factor
added

Table 6 summarizes the results of the linear mixed-
effects regression constructed for the baby LM data,
including Clause, Gap, and Model architecture as
fixed effects, as well as Item as a random effect.

Table 6: Linear mixed-effects regression results for the
baby language model data with the Model architecture
factor added

Predictor b SE t P
(Intercept) 0.00 0.11 0.00 1.000
Clause 0.73 0.02 30.75 < .001
Gap 097 0.07 14.08 < .001
Model 000 002 000 1.000
architecture
Clause x Gap 043 005 9.13 <.001
Clause
x Model 0.19 0.05 4.08 < .001
gchitecture

ap
x Model -0.32 0.05 -6.69 < .001
hitect
it
x Model -0.19 0.09 -1.97 .049
architecture




