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Is Child-Directed Language Optimized for Word Learning?
A Computational Study of Verb Meaning Acquisition
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Yevgen Matusevych (yevgen.matusevych @rug.nl)
Arianna Bisazza (a.bisazza@rug.nl)
Center for Language and Cognition (CLCG), University of Groningen

Abstract

Is child-directed language (CDL) optimized to support language
learning, and which aspects of linguistic development does it
facilitate? We investigate this question using neural language
models trained on CDL versus adult-directed language (ADL).
We selectively remove syntactic or lexical co-occurrence infor-
mation from the model training data, and evaluate the impact
of these manipulations on verb meaning acquisition. While
disrupting syntax impairs learning across all datasets, models
trained on CDL and spoken ADL show significantly higher
resilience than those trained on written input. Tracking se-
mantic and syntactic performance over training, we observe a
“semantic-first” trajectory, with verb meanings emerging prior
to robust syntactic proficiency, an asynchrony most pronounced
in the spoken domain, especially CDL. These results suggest
that the advantage for verb learning previously attributed to CDL
may instead reflect broader properties of the spoken register,
rather than a uniquely CDL-specific optimization'.

Keywords: syntactic bootstrapping; word learning; language
models; language acquisition; child-directed language

Introduction

Child-directed language (CDL)? is thought to provide input
that is particularly conducive to learning, potentially offering
advantages over adult-directed language (ADL) (Ferguson,
1964). This perspective has influenced both theoretical and
empirical studies on early language acquisition (Golinkoff
et al., 2015; Schick et al., 2022). Recently, however, this view
has been critically reassessed by Kempe et al. (2024), who
suggest that evidence for facilitative effects of CDL is largely
restricted to certain linguistic features, such as prosody and
register discrimination, and may not generalize to other aspects
of language (e.g., morphosyntax and semantic learning). These
observations indicate that, although some facilitative effects
of CDL have been demonstrated, systematic comparisons with
ADL across broader linguistic features remain limited.

Since children’s natural linguistic environments cannot be
experimentally manipulated without ethical concerns, it re-
mains difficult to directly assess how different characteristics
of the input shape learning trajectories. Computational mod-
eling has therefore emerged as a valuable tool for studying
language development, providing a controlled setting in which
theoretical hypotheses can be tested. Recent advances in

IRepository: https://github.com/fpadovani/cdl_verb_meaning
2Throughout this paper, we use the term CDL specifically to refer
to transcripts of child-directed speech.
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Natural Language Processing make it possible to train large-
scale language models (LMs) under different input conditions,
allowing researchers to examine how specific properties of
the input influence emerging linguistic patterns (Portelance
& Jasbi, 2024; Warstadt & Bowman, 2022). Reflecting the
growing interest in developmentally plausible corpora, com-
munity initiatives such as the BabyLM Challenge (Charpentier
et al., 2025; Wilcox et al., 2025) have promoted systematic
investigations of how training data properties influence model
behavior, with much of the work to date focusing on syntax and
comparing models trained on CDL to those trained on ADL
(Feng et al., 2024; Huebner et al., 2021). Evidence regarding
the advantages of CDL for syntactic learning is inconclusive,
and recent evaluations indicate that its benefits disappear when
frequency effects are controlled for (Padovani et al., 2025).

Beyond syntax, semantic development constitutes another
central component of early language acquisition, and verb
learning in particular poses a well-known challenge due to the
abstract and relational nature of verb meaning (Gentner, 1978).
This study therefore investigates whether CDL is structured to
facilitate the acquisition of verb meaning. This issue has been
previously examined by You et al. (2021), who argue that the
statistical properties of English CDL, relative to both spoken
and written ADL, support the acquisition of verb categories
without reliance on high-level syntactic knowledge. On this
basis, they propose that CDL may enable syntax-independent
semantic inference, challenging the syntactic bootstrapping
hypothesis (Gleitman, 1990). However, their analysis is lim-
ited both in scope, focusing only on the distinction between
causative and noncausative verbs, and in coverage, as it in-
cludes only a small set of verbs for each category. Combined
with the use of a non-contextual distributional model, these
constraints raise questions about the generalizability of their
conclusions to other verbs and to other types of statistical
learners. More recently, Zhu et al. (2025), also working on
English, adopt a complementary perspective by assuming a
central role for syntactic bootstrapping in children, and testing
whether contextual Transformer-based LMs trained on CDL
exhibit similar learning behavior to humans. By manipulating
the input data prior to training, they show that altering syntactic
structure impairs verb meaning acquisition more than does
perturbing lexical co-occurrences. These results suggest that
LMs, like human learners, rely on syntactic cues to infer verb
meaning. However, Zhu et al.’s analysis is limited to CDL,
leaving open the question of whether this type of language

In G. Boleda, I. Dautriche, M. Maldonado, C. Saldana and T. Torrent (Eds.), Proceedings of the 48th Annual Conference of the Cognitive
Science Society ©2026 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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is more robust to syntax degradation when acquiring verb
meaning, compared to other input domains.

In the present study, we address this gap by explicitly com-
paring CDL to both spoken and written ADL, being guided by
three main research questions:

RQ1: Does perturbing syntactic structure affect verb mean-
ing acquisition more than perturbing lexical co-occurrence
only in CDL or also in ADL?

RQ2: Is verb meaning acquisition in CDL, compared to
ADL, more robust to the ablation of syntax?

RQ3: How do the developmental trajectories of verb mean-

ing acquisition and syntactic performance relate over time?
How do these trajectories differ between CDL and ADL?

To address these questions, we train autoregressive Transformer
LMs and use the data manipulation framework of Zhu et
al. (2025), applying controlled perturbations to the training
corpora (RQ1, RQ2). Verb meaning acquisition is evaluated
with in-domain semantic minimal pairs, and its relation to
syntactic development is assessed using established syntactic
minimal pair benchmarks (RQ3).

Related Work

The Verb Learning Problem Understanding how children
acquire verb meaning has long been a central problem in
language acquisition: unlike nouns, verbs encode relational
meaning and require learners to infer abstract event structures
from sparse and noisy linguistic input (Gentner, 1978). Much
work emphasizes the role of syntax in constraining verb in-
terpretation, an idea formalized in the syntactic bootstrapping
hypothesis (Babineau et al., 2024; Gleitman, 1990). Support
for this view comes, among others, from Gillette et al. (1999),
who show that verbs are more readily identified when learners
have access to syntactic frames than to cross-situational cues
alone. Other studies demonstrate that learners can extract
aspects of verb meaning from contextual regularities in the
input, even in the absence of fully developed syntactic rep-
resentations (Newport & Aslin, 2004; Smith & Yu, 2008).
Empirical evidence suggests that children flexibly integrate
multiple sources of information during verb learning, including
word co-occurrence statistics and syntactic frames (Lidz et al.,
2003; Naigles, 1996).

Assessing Linguistic Performance in LMs Inspired by
language acquisition research, recent work in Computational
Linguistics has examined how lexical meaning emerges in LMs
trained on developmentally plausible input, such as CHILDES
transcripts (MacWhinney, 2000). A common category of
evaluation, surprisal-based approaches, assesses word learning
by evaluating a model’s ability to anticipate words in context:
words that are highly predictable in a given context elicit lower
surprisal, reflecting the model’s confidence in its predictions
(Chang & Bergen, 2022; Portelance et al., 2023; Shafiabadi &
Wisniewski, 2025). However, such measures have limitations:
they show when words are predicted reliably but not which
cues the model uses to learn them. Moreover, even frequent
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words can appear surprising in unusual contexts, since surprisal
mainly reflects the next-word prediction objective rather than
abstract word knowledge. Complementary to surprisal-based
approaches, lexical decision paradigms probe whether models
distinguish real words from plausible non-words as a proxy
for semantic performance (Bunzeck & Zarriel3, 2025; Goriely
et al., 2024). Minimal pairs offer another well-established
paradigm for assessing linguistic knowledge in LMs. Based
on the observation that small changes can render a sentence
acceptable or unacceptable to native speakers (Chomsky,
2014), minimal pairs test whether a model assigns higher
probability to the grammatical or contextually appropriate
sentence when only a single element differs (Linzen et al.,
2016; Marvin & Linzen, 2018). Benchmarks like BLiMP
(Warstadt et al., 2020), Zorro (Huebner et al., 2021) and
CLAMS (Mueller et al., 2020) primarily evaluate syntax,
whereas semantic minimal pairs assess whether models prefer
the contextually or semantically correct verb over an alternative
(Zhu et al., 2025).

Computational Studies of Verb Learning Mechanisms
Two recent studies are particularly inspirational for this work.

¢ Youetal. (2021) (henceforth Y21) test whether distributional
statistics in child-directed language suffice for verb meaning ac-
quisition. They train Word2Vec models (Mikolov et al., 2013),
non-contextual distributional models, on CDL and on spoken
and written ADL. Focusing on causative versus non-causative
verbs, they find that models trained on CDL distinguish these
verb classes more accurately than models trained on ADL,
despite not having access to explicit syntactic structure. This
discriminative power is strongest in smaller context windows,
suggesting that CDL’s repetitive and predictable patterns pro-
vide dense, redundant cues helping learners infer semantic
regularities from the input. Although limited to a small set
of verbs (23 causative + 9 non-causatives), their conclusion
aligns with Futrell (2025), who emphasizes the critical role of
local redundancy in language learning and highlights how dis-
tributional statistics can support the learning of form—meaning
mappings, even when learners only have access to surface
forms. Relatedly, Lee and Berg-Kirkpatrick (2025) also show
that model learnability is predicted by statistical simplicity,
operationalized as reduced n-gram complexity, highlighting
the importance of regular and redundant input patterns for
language modeling. We adopt from Y21 the comparative setup
that contrasts CDL with spoken and written ADL. Addition-
ally, their findings motivate our hypothesis that CDL may
be especially well suited to support verb learning even when
syntactic cues are limited.

e Zhu et al. (2025) (henceforth Z25) examine whether LMs
exhibit syntactic bootstrapping by evaluating verb meaning
acquisition across all verb forms in the training data, using both
RoBERTa (Liuetal., 2019), amasked LM, and GPT-2 (Radford
et al., 2019), a causal LM. Through targeted manipulations of
word order and lexical co-occurrence in CDL, Z25 shows that
disrupting syntactic cues leads to larger impairments in verb



learning than does perturbing distributional statistics, providing
evidence for syntactic bootstrapping in LMs trained on this
domain. Because their analysis is restricted to CDL, it remains
unclear how the relative importance of syntactic cues varies
across CDL and spoken and written ADL. We adopt from Z25
the methodological framework involving the selective ablation
of syntactic and co-occurrence information, to systematically
probe verb meaning acquisition across different input domains.

Experimental Setup

We assess verb meaning acquisition in English by comparing
Tranformer-based LMs trained on CDL to those trained on
three additional corpora. Following Z25, we train models
on both original and manipulated versions of each corpus.
Verb meaning acquisition is evaluated via in-domain semantic
minimal pairs for each dataset. Finally, we examine how verb
learning relates to the emergence of syntactic knowledge by
testing models on standard syntactic minimal pair benchmarks
(Huebner et al., 2021; Padovani et al., 2025; Warstadt et al.,
2020).

Training Data

We follow Y21 in using CDL and the spoken and written por-
tions of BNC (Davies, 2004), while also including Wikipedia
to provide a complementary written domain with encyclope-
dic prose, extending the analysis beyond the mostly narrative
content of the BNC. We base the size of all datasets on the
amount of data available in the CDL corpus, which, after
preprocessing, comprises a total of 15M tokens (10/2.5/2.5M
for training/dev/test set, respectively). All other datasets are
split according to the same train/dev/test proportions.

Child-Directed Language Following Z25, we use develop-
mentally plausible CDL data from CHILDES (MacWhinney,
2000), specifically the CHILDES-only portion of the BabyLM
Challenge corpus® (Charpentier et al., 2025). The raw corpus
contains roughly 29M tokens; after removing speaker tags and
paralinguistic material, 15M tokens remain.

ADL Written — British National Corpus We extract a
portion of the written part of the British National Corpus
(BNC) (Davies, 2004). The BNC comprises 100M words
spanning a wide range of genres, including spoken language,
fiction, magazines, newspapers, and academic texts. We
analyze the distribution of documents in the written portion,
observing a predominance of books, periodicals, and TV news.

ADL Written — Wikipedia Wikipedia is a collection of
written articles that have an encyclopedic format, and it is
commonly used as a standard resource for training LMs. We
use the existing Wikipedia splits from Huebner et al. (2021).*

3https://babylm.github.io/
“https://github.com/phueb/BabyBERTa
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Table 1: Descriptive statistics of the training datasets. TTR
refers to type-token ratio.

Statistic CDL CANDOR BNC Wikipedia
1-gram TTR 0.004 0.005 0.013 0.021
2-gram TTR 0.109 0.124 0.269 0.309
3-gram TTR 0.420 0.442 0.684 0.715
Avg sent length 4.55 9.31 20.40 20.34

ADL Spoken — CANDOR + Switchboard + BNC To rep-
resent adult conversational language, we construct a spoken-
domain dataset using CANDOR> (Reece et al., 2023), collected
from video-call recordings between strangers during the 2020
pandemic. As CANDOR contains fewer than 15M tokens,
we supplement it with the Switchboard Dialog Act Corpus
(Stolcke et al., 2000) and a sample from the spoken portion of
the BNC (Davies, 2004), achieving the target dataset size.

Table 1 summarizes key statistics of the training datasets. As
expected, the written corpora exhibit higher type-token ratios
and longer average sentence lengths than the spoken datasets,
reflecting greater lexical diversity and syntactic complexity.

Training Data Manipulations

To investigate how syntactic and lexical co-occurrence informa-
tion contribute to verb meaning acquisition, we apply targeted
perturbations to the training data following the framework of
725.° We then compare the effects of these manipulations
across CDL and ADL to assess whether the patterns observed
in CDL generalize or diverge in other domains. Below, we
describe both conditions in detail:

REPLACE.WORD - co-occurrence disruption Under this
manipulation, lexical items that co-occur with verbs, specifi-
cally nouns, adjectives, and adverbs, are replaced within each
sentence by other words with the same part-of-speech and
fine-grained XPOS tag (i.e., language-specific morphological
tags encoding features such as number, tense, or degree).
Replacement words are sampled according to frequency bins
for the corresponding POS and XPOS tags, thus preserving
the overall token frequency distribution. In sentences con-
taining multiple verbs, the root verb is left unchanged, while
dependent verbs are replaced following the same procedure
as for other parts of speech. This manipulation preserves
surface word order and syntactic structure while selectively
removing verb-specific distributional cues. The proportion of
replaced words is 10.3% for CDL, 11.3% for CANDOR, 26.3%
for Wikipedia, and 24.2% for BNC, reflecting differences in
average sentence length across domains (Table 1). This ma-
nipulation contributes to RQ1 and is used in combination
with SHUFFLE.ORDER to test whether the relative impact of

Shttps://guscooney.com/candor-dataset/

The original Z25 code was not publicly available at the time
of this work, so we independently implemented the perturbation
pipeline.
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co-occurrence versus syntactic disruptions observed in CDL
generalizes to ADL.

SHUFFLE.ORDER - word order disruption This simple
manipulation exploits the fact that English encodes syntactic
structure primarily through word order. Words are randomly
shuffled within each sentence, eliminating linear order depen-
dencies and degrading syntactic information while retaining
sentence-level co-occurrence statistics. This manipulation
directly operationalizes our RQ2: by disrupting word order
within sentences in CDL vs. ADL we can assess whether verb
meaning acquisition is more resilient in CDL.

Models and Training

We focus on autoregressive LMs, specifically GPT-2 (Radford
et al., 2019), due to the higher cognitive plausibility of their
training objective compared to bidirectional models. We follow
the setup of Z25, using a model architecture consisting of 12
layers, 12 attention heads per layer, and 768 hidden units.
Training is conducted with a linear learning rate scheduler,
a learning rate of 10~*, and a batch size of 256. To examine
the joint development of semantic and syntactic performance
over an extended learning period (RQ3), models are trained
for 20 epochs. For each dataset and experimental condition,
results are averaged across five random initializations (seeds).
Results reported for RQ1 and RQ2 are based on the checkpoint
with the lowest validation loss on the development set for each
corpus and experimental condition, as mild overfitting was
typically observed after several training epochs.

Evaluation

We adopt a minimal pair paradigm commonly used to probe
linguistic knowledge in LMs. Each test item consists of a pair
of sentences that differ only in one targeted property, while
all other aspects are held constant. A model is considered to
make a correct prediction if it assigns a higher probability to
the grammatical or contextually appropriate sentence than to
its minimally altered counterpart. Sentence probabilities are
computed using the minicons library (Misra, 2022).

Semantic Minimal Pairs Following Z25, we generate in-
domain semantic minimal pairs from the test portion of each
dataset. Since we focus on verb meaning acquisition, we
identify the target verb (i.e., the root verb) in each sentence
and create up to five alternative sentences by substituting
verbs from the same fine-grained frequency bin, defined over
POS and XPOS categories from the training data. To ensure
comparability across domains, we limit sentence length to
10-30 tokens. This results in minimal pairs that differ only in
the target verb, isolating the contribution of lexical-semantic
appropriateness.’ In total, we obtain four distinct sets, one per

"Two methodological considerations apply: first, some frequency
bins are sparse and do not always contain five suitable replacement
verbs, leading to fewer than five generated minimal pairs. Second,
this procedure does not guarantee that every alternative is strictly
unacceptable; nevertheless, substituting the target verb with a contex-
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training corpus, each containing 140,000 minimal pairs and
spanning a broad range of verb types (between 801 and 2,765
unique verb lemmas across datasets).
An example is provided in (1).
(1) a. You can sit out here by me on the other stool.
b. * You can ry out here by me on the other stool.

As a sanity check, we verify that our semantic minimal pairs
capture genuine verb meaning knowledge rather than dataset-
specific artifacts. We use minimal pairs generated from one
dataset (e.g., CDL) to test models trained on another (e.g.,
BNC). Models achieve high accuracy only when training and
test domains match, showing that strong in-domain perfor-
mance reflects true acquisition of domain-specific verb patterns
rather than quirks of the evaluation procedure. All results re-
ported in the Results section refer to in-domain train/test setup.

Syntactic Minimal Pairs To test models across a range of
syntactic phenomena, we first consider two benchmarks com-
monly used for English LMs: BLiMP (Warstadt et al., 2020)
and Zorro (Huebner et al., 2021). However, Padovani et al.
(2025) recently highlighted the limitations of these benchmarks
when applied to language with distinct lexical distributions or
domain-specific vocabularies, such as CDL. As a solution, they
proposed to generate corpus-specific test sets, ensuring the
minimal pairs contain words drawn from comparable frequency
ranges in each corpus. They applied this method to CLAMS
(Mueller et al., 2020), resulting in the FIT-CLAMS benchmark,
which we adopt for our analysis. CLAMS comprises only the
syntactic paradigm of subject—verb number agreement, tested
across different clause types (e.g., simple clauses, prepositional
phrases, coordinates, and relative clauses). As the original
FIT-CLAMS versions were developed for CDL and Wikipedia,
here we also apply the same procedure to generate two new
versions, for BNC and CANDOR. This ensures that syntac-
tic performance can be probed under comparable conditions
across all four datasets. Example (2) illustrates a syntactic
minimal pair testing subject—verb number agreement:

(2) a. The painter in front of the waiter enjoys.
b. * The painters in front of the waiter enjoys.

In the next section, we report results for RQ1 and RQ2,
evaluating models trained under different data manipulations
on semantic minimal pairs, and for RQ3, tracking accuracy
on semantic and syntactic minimal pairs over time for models
trained on the original datasets.

Results

RQ1: Effect of Co-Occurrence Disruptions on Verb Learn-
ing We first replicate Z25’s finding that models trained on
CDL are more sensitive to syntactic disruptions than to changes
in lexical co-occurrence when evaluated on semantic minimal
pairs targeting verb meaning. Perturbing word order produces a
larger drop in accuracy than does altering verb co-occurrences,
suggesting that LMs, like human learners, rely on syntactic

tually mismatched alternative should produce less plausible sentences
on average, even if not at the individual level.
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Figure 1: Accuracy scores on semantic minimal pairs in the
three different experimental conditions for each data domain.

scaffolding to infer verb meaning. We then extend this analysis
to the other three corpora to examine whether the relative
impact of syntactic versus lexical disruptions observed in CDL
generalizes to adult-directed input. As shown in Figure 1,
the accuracy drop from ORIGINAL to REPLACE.WORD
(red) is consistently smaller than the drop from ORIGINAL to
SHUFFLE.ORDER (gray), not only in CDL but also in spoken
(CANDOR) and written ADL (BNC, Wikipedia). While this
differential impact is shared across domains, the magnitude
of the drop caused by lexical perturbations varies with corpus
properties. In particular, the accuracy drop under this manipu-
lation scales with average sentence length (reported in Table 1
above) and with the lexical replacement rates as reported in the
REPLACE.WORD manipulation section. Intuitively, longer
sentences with more words co-occurring with the main verb
lead to larger drops under lexical perturbations. Overall, these
results answer RQ1 by showing that syntactic cues provide
critical scaffolding for verb learning in both CDL and ADL,
while lexical co-occurrences exert a more limited influence.

RQ2: Effect of Syntax Perturbation on Verb Learning
RQ2 directly builds on the results of RQ1 and on the obser-
vation that syntax plays a key role in verb meaning acquisition
across all data domains. Drawing on Y21’s claim that CDL
may be optimized for syntax-free semantic inference, we ask
whether the impact of syntactic perturbations differs across do-
mains and whether CDL shows greater resilience to word order
disruptions than written or spoken ADL. While we expect CDL
to maintain relatively high accuracy due to its repetitive and
predictable input, we do not make strong predictions for adult-
directed spoken (CANDOR) or written (Wikipedia, BNC)
corpora, although the greater syntactic complexity of written
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text may make it more sensitive to word order manipulations.
To formally evaluate the robustness of verb learning when syn-
tax is ablated, we employed an Ordinary Least Squares (OLS)
regression model® to predict accuracy as a function of Dataset
(CDL, CANDOR, BNC, Wikipedia), Condition (ORIGINAL
vs. SHUFFLE.ORDER), and their interaction. By setting the
CDL baseline in the ORIGINAL condition as our reference
point (the intercept), we could precisely quantify the perfor-
mance decrement associated with syntactic disruption and
determine whether the drop in accuracy varied significantly by
corpus. As summarized in Figure 1, models trained on CDL
achieve high baseline performance (92.9%), which decreases
by 13.0% when word order is corrupted, a significant main
effect of Condition (8 = —0.13, p < .001). Crucially, the
interaction terms reveal that the impact of syntactic ablation
is not uniform across data domains. The accuracy drop is
significantly more pronounced in the written corpora than in
CDL, with BNC and Wikipedia showing additional decreases
of 3.2% (B = —0.032, p < .001) and 1.2% (8 = —-0.012,
p < .001), respectively. By contrast, the interaction term for
the adult-directed spoken corpus (CANDOR) is not significant
(B =0.005, p = .088). These results suggest that the robust-
ness to syntactic perturbation is not exclusive to CDL. Rather,
the comparable performance of CANDOR indicates that a
reduced reliance on word order may be a general characteris-
tic of learning from conversational speech, contrasting with
the higher sensitivity to structural changes in representations
derived from written text.

RQ3: Developmental Trajectories of Semantics and Syn-
tax To address RQ3, we examine the evolution of models’
performances over the course of training, comparing the emer-
gence of syntactic proficiency with the acquisition of verb
meaning. Our hypothesis is that the distributional proper-
ties of CDL allow models to form robust representations of
verb meaning early in training, even before a sharp increase
in syntactic knowledge is observed. In contrast, we expect
that in more complex adult-directed domains, verb meaning
development depends more strongly on—and thus progresses
alongside—emerging syntactic proficiency. We focus our
analysis on the FIT-CLAMS benchmark, which provides the
most reliable cross-domain comparisons. However, we also
test our models on BLiMP and Zorro, finding consistent overall
patterns. The learning trajectories shown in Figure 2 reveal a
“semantic-first” trend across all domains: Semantic Accuracy
(middle panel) rises steadily in early epochs (0.063 to 1),
while Syntactic Accuracy remains near chance. However,
the datasets differ in the degree of synchrony between these
two competencies. This is explicitly captured by the Ratio
Sem/Syn (bottom panel), where a higher ratio indicates a
greater developmental lead for semantics over syntax. CDL
demonstrates the most pronounced developmental asynchrony;

8We initially tested a mixed-effects model with seed as a random
effect, but the random effect variance was effectively zero, so we used
a standard linear regression instead.



it maintains the highest ratio of semantic-to-syntactic knowl-
edge from Epoch 0.04 through to the final checkpoint. By
Epoch 1 (vertical line in Figure 2), CDL reaches almost 80%
semantic accuracy, while syntactic performance remains under
60%. By contrast, written ADL (Wikipedia and BNC) shows
a much tighter coupling of these skills. After a brief early
semantic lead, the ratio values for these two datasets drop
steeply after Epoch 3 as syntactic proficiency rapidly “catches
up” to semantic levels, resulting in a more balanced final
profile. Interestingly, CANDOR occupies a middle ground,
highlighting the distinction between spoken and written input.
While CANDOR aligns with the CDL trajectory early on,
showing a similarly high semantic lead, it eventually diverges
as its syntactic acquisition accelerates, landing between the
“coupled” written corpora and the “decoupled” CDL. Overall,
we observe that different training domains are associated with
distinct developmental trajectories. Throughout the learn-
ing process, CDL consistently maintains the highest ratio of
semantic-to-syntactic knowledge. While this trend aligns with
our hypothesis that CDL is optimized for verb meaning that
relies less on formal syntactic proficiency, we remain cautious
about drawing causal conclusions. These observations remain
tied to our specific operationalization of syntactic acquisition,
a limitation we discuss below.

Discussion and Conclusion

Across all domains, our results indicate that verb meaning
acquisition depends more strongly on syntactic structure than
on lexical co-occurrence. Importantly, the relative resilience
to syntactic disruption observed for CDL does not appear to
be unique to child-directed input: models trained on con-
versational language, including both CDL and spoken ADL
(CANDOR), exhibit greater stability than those trained on
written text. This pattern suggests that differences in robust-
ness to syntactic perturbations are better explained by spoken
versus written input, rather than CDL versus ADL specif-
ically, providing a more nuanced perspective compared to
You et al. (2021), who emphasize CDL as uniquely optimized
for verb learning. Longitudinally, we observe a “semantic-
first” trajectory where verb meanings emerge before robust
syntactic proficiency across all domains, but with systematic
differences in how tightly semantic and syntactic development
become coupled over time. This developmental asynchrony
is most pronounced within the spoken domain, particularly
in CDL. Together, these findings suggest that, while syntax
serves as a universal scaffold for verb learning, conversa-
tional input—whether child- or adult-directed—may support
more robust semantic representations even when syntactic
knowledge remains limited.

Nevertheless, our study is limited by its coarse-grained
approach to syntax, treating it primarily as word-order preser-
vation within an English-centric context. This coarse-grained
approach leaves open which specific syntactic frames or cues
drive verb learning—for instance, whether transitive verbs
require only correct agent—patient ordering or additional con-
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Figure 2: Evolution of model performance across training
checkpoints for the four datasets considered in this study.
Top: syntactic accuracy on FIT-CLAMS. Middle: semantic
accuracy on semantic minimal pairs. Bottom: ratio of semantic
to syntactic accuracy.

textual signals. Extending these manipulations, e.g., by se-
lectively scrambling different constituents or preserving local
hierarchical structures, would enable a more fine-grained
causal investigation of the sources of syntactic bootstrapping
in language models.

Methodologically, tracking semantic and syntactic trajec-
tories opens avenues for analyses beyond behavioral probing.
Future work could integrate interpretability methods, e.g.,
monitoring the emergence of Syntactic Attention Structure
(SAS) (Chen et al., 2024), as a complementary assessment of
syntactic knowledge. Utilizing such model internals could help
overcome limitations of minimal pair benchmarks by providing
a more direct view of how structural dependencies are encoded
and emerge over time. Finally, extending this framework to
typologically diverse languages is crucial to determine whether
the observed patterns reflect universal properties or are specific
to English.
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