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Abstract
How similar are the learning trajectories of language models and children? Recent work has narrowed the data-
efficiency gap by training language models on child-scale input—roughly 10® tokens by early adolescence. However,
evaluation remains largely based on adult-oriented English benchmarks and rarely involves direct comparison with
human developmental data. We introduce ChineseDevBench, a Mandarin developmental benchmark comprising
eight tasks that probe word meaning comprehension, association structure, acquisition dynamics, and language
production. Crucially, the benchmark includes behavioral data from both children and adults, enabling direct model-
human comparison. We train Chinese GPT-2 models on child-scale Mandarin input using an age-based curriculum
and evaluate alignment between model and human response patterns across training checkpoints. Across most
tasks, alignment improves with training but developmental age does not predict performance. ChineseDevBench
provides a framework for systematically characterizing where model learning converges with-—and diverges from—

human language development.
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1. Introduction et al., 2009). Corpus studies further document

systematic age-related shifts in semantic expres-

Humans acquire language rapidly with lim-  sjon beyond vocabulary growth (Tang et al., 2023).
ited explicit supervision, progressing from isolated  These findings motivate benchmarks that track

plaining this trajectory—and identifying which as-  gimensions of meaning.

pects are universal versus language-specific—re-

. In parallel, modern language models achieve
mains a central goal of developmental research

(Bowerman and Levinson, 2001). strong performance through web-scale training far

exceeding human input. A child encounters on
Mandarin Chinese provides a particularly im- 9 P

the order of 10® tokens by early adolescence,
portant test case. As the world’s most widely spo- y y

. L . whereas many models are trained on orders of
ken native language, Mandarin differs typologically y

L magnitude more. Initiatives such as BabyLM at-
from English in morphology, argument structure,

. . . tempt to match child-scale exposure, but evalu-
and form-meaning mappings. Prior work shows

that developmental trajectories in Mandarin syn-
tax and grammatical-semantic marking diverge

from English patterns (Huang et al., 2022; Ma

ation remains largely adult-centric and English-
based, with limited comparison to child behavioral
data (Warstadt et al., 2023; Hu et al., 2024; Charp-
entier et al., 2025; Tan et al., 2024). Moreover, re-
* Equal contribution. cent work suggests a gap between linguistic com-
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(2023) show that models achieving strong perfor-
mance on linguistic benchmarks often exhibit a
poorer fit to human reading times, pointing to a di-
vergence between linguistic competence and psy-
cholinguistic measures.

These findings point to two related con-
First, it remains unclear whether results
obtained from English-based models generalize
cross-linguistically in the context of human lan-

cerns.

guage development. Second, it remains unclear
whether this divergence between linguistic compe-
tence and human-like processing extends to other
dimensions of language development, such as
analogy and production.

To address these gaps, we introduce Chi-
neseDevBench, a Mandarin developmental
benchmark spanning eight tasks, including child
and adult behavioral data probing lexical, seman-
tic, and relational knowledge. Mandarin, with its
distinct typological properties, offers an important
test case for whether current findings generalize
We train Chinese GPT-2
models on child-scale Mandarin input using a

cross-linguistically.

chronological curriculum and evaluate model-
human alignment across training checkpoints,
allowing us to track developmental
ries and identify systematic convergences and
divergences with human learning.

trajecto-

2. ChineseDevBench

ChineseDevBench consists of eight tasks or-
ganized into two groups: five child-oriented tasks
(three unreleased and two publicly available) and
three publicly available adult-oriented tasks. To-
gether they probe compositional reasoning, asso-
ciative structure, category knowledge, age of ac-
quisition, production patterns, and perceptual fea-
ture structure.

2.1. Child-Oriented Tasks

CHILD-ANALOGY: Compositional Analogy
This task assesses morpho-semantic pattern

completion through compositional analogy (The

task originates from (Sun et al., 2022), and uses an
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unpublished dataset collected by co-author Sun).
Children receive a short Mandarin prompt provid-
ing an example mapping from a description to a
name, followed by a minimally changed descrip-
tion (15 in total). For example: “f—4> X K X 4L
MIAEIRLLAE, IRAAH — A SRR AE M AT47
(There is a big, red flower called a big red flower;
then what would you call a big, yellow flower?)”—
“X 4t (big yellow flower)”.

Population: 117 Mandarin-speaking children
aged 3-6 years, divided into three age bins: 3-
4 years (n=6), 4-5 years (n=63), and 5-6 years
(n=48).

Evaluation: For each item, we compute the
conditional log probability of the target word given
the stimulus prompt (ending with FA1nY &
it"). Performance is measured by Spearman cor-
relation between children’s accuracy and model
scores.

we call

CHILD-ASSOC: Word Association

This task evaluates cue-response associa-
tion structure (574 in total) using child production
data’.

Population. 733 Mandarin-speaking children
aged 2.5-7.5 years, divided into five age bins: 2.5—
3.5 years (n=11), 3.5-4.5 years (n=102), 4.5-5.5
years (n=238), 5.5-6.5 years (n=306), and 6.5-7.5
years (n=76).

Evaluation. We use Representational Simi-
larity Analysis (RSA). A human distance matrix is
constructed from cue-response probability distri-
butions; a corresponding matrix is derived from
model embeddings. Alignment is measured via
Spearman correlation between flattened matrices.

CHILD-FLUENCY: Verbal Fluency (Animals and
Fruits)

This task assesses category (semantic) flu-
ency. Children receive a category prompt (e.g., i&
Ui i R L W shY “Please name as many ani-
mals as you can” / iff it /S Al BEZ 7K 2R “Please
name as many fruits as you can”) and produce an
ordered list of category members. Data were col-
lected from Li and Hills (2026), yielding 223 animal

"Unpublished data collected by co-author Li’s group.



names and 90 fruit names.

Population: 733 Mandarin-speaking children
aged 2.5-7.5 years, divided into five age bins con-
sistent with CHILD-ASSOC.

Evaluation: For each category, we compute
the conditional log probability of the target word
given the stimulus prompt (e.g., z14¥A “Animals
include” / 7k 54 “Fruits include”. Performance is
measured by the Spearman correlation between
the model’s scores and children’s production fre-
quencies (occurrences divided by the number of
children) at each age bin.

CHILD-WORD-ACQ: Word Acquisition

This task compares model-estimated age of
acquisition (AoA) with human norms.

Source: Wordbank item data® and AOA data
from Liu et al. (2011).

Population: Mandarin-speaking children from
existing AoA norm datasets: 1,056 children aged
16-30 months from Wordbank (n~70 per monthly
age bin), and 262 children from Liu et al. (2011)
across three kindergarten levels—K1 (n=99), K2
(n=64), and K3 (n=99).

Evaluation: Following (Chang and Bergen,
2022), we estimate model AoA by tracking token-
level surprisal across training checkpoints. For
each target word, we extract all sentences contain-
ing that word from adult speech in the CHILDES
corpus and compute surprisal at each checkpoint.
A sigmoid function is fitted to the resulting learning
curve, and model AoA is operationalized as the
training step at which surprisal crosses a thresh-
old midway between baseline and minimum. Hu-
man-model alignment is assessed using Spear-
man rank correlation between model-predicted
and child AoA. We selected 309 of 797 Wordbank
words and 66 of 435 words from Liu et al. (2011),
excluding items with insufficient occurrences for re-
liable estimation.

CHILD-PRODUCTION: Language Production

This task evaluates the model’s ability to gen-
erate child-like continuations conditioned on short
prefixes, and compares distributional properties of

2https://wordbank.stanford.edu/data/

?name=item_data
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the generated output with developmental norms
from child speech.

Source: CHILDES Mandarin corpus and
CPCSLD (Chinese Preschool Children’s Spoken
Language Database)(Feng et al., 2026). Both cor-
pora consist of transcribed child speech or lexical
terms, and we use the existing transcriptions pro-
vided by these resources rather than raw audio.

Population: Mandarin-speaking children
across developmental stages: <24, 24-30, 30-36,
36-42, 4248, 48-60, 60-72, and 72+ months in
CHILDES; 648 children from the CPCSLD dataset
across three kindergarten levels—K1 (n=184,
M=49.72 months, SD=4.08), K2 (n=181, M=60.60
months, SD=4.58), and K8 (n=283, M=71.36
months, SD=4.74).

Evaluation: We use short high-frequency
prefixes selected from child utterances in the
CHILDES Mandarin corpus (e.g., # = ¥&...“l
like...”) as prompts, and generate continuations us-
ing stochastic decoding (top-k = 50, top-p = 0.95,
temperature = 0.9), with a maximum length of 50
tokens. For each checkpoint, 150 utterances are
generated. To ensure linguistic validity and compa-
rability with early child productions, we extract the
first sentence segment (delimited by punctuation)
from each generated continuation as the unit of
analysis. The resulting utterances are segmented
and part-of-speech tagged using jieba®. For each
checkpoint, we compute lexical properties as well
as shallow and sentence-level syntactic proper-
ties. These include the proportion of major part-of-
speech categories (nouns, verbs, adjectives, ad-
verbs), along with syntactic measures such as the
proportion of clausal subjects. We then compare
these distributions against benchmarks from two
sources: lexical norms from CPCSLD (K1, K2,
K8, ages 3-6), and distributional estimates com-
puted from CHILDES child speech across eight
age groups.

Note that the short prefixes used as genera-
tion prompts may also occur in the model’s train-
ing data, as they correspond to high-frequency
utterance-initial fragments commonly produced by

Shttps://github.com/fxsjy/jieba
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young children. However, this does not consti-
tute data contamination in the conventional sense.
The prefixes are used solely as conditioning con-
text, and the evaluation focuses on the distribu-
tional properties of the generated continuations
rather than on the prefixes themselves. Moreover,
such fragments are ubiquitous in child-produced
speech, and their presence in training data is both

unavoidable and ecologically appropriate.

2.2. Adult-Oriented Tasks

ADULT-STS: Semantic Textual Similarity

This task evaluates semantic textual similarity
between sentence pairs.

Source: ChineseSTS* comprising 14,743
sentence pairs with human similarity ratings.

Evaluation: We compute Spearman’s rank
correlation between the model’s cosine similarity
scores and human gold-standard similarity scores
for sentence pairs.

ADULT-ASSOC: SWOW-ZH Mandarin Word As-
sociation Norms

This task uses multiple-response free associ-
ation (three responses per cue) with aggregate as-
sociative strengths.

Source: SWOW-ZH repository®, providing
word association data for 10,192 cues and over
2 million responses collected between 2016-2023
(Li et al., 2024).

Evaluation: RSA evaluation method identical
to CHILD-ASSOC.

ADULT-SEMFEAT-6: Semantic Feature Norms

This task predicts semantic feature ratings
across six dimensions: Vision, Motor, Socialness,
Emotion, Time, and Space.

Source: Six Semantic Dimension Database®,
containing subjective ratings for 17,940 Chinese
words (Wang et al., 2023).

*https://github.com/IAdmireu/
ChineseSTS

Shttps://github.com/1ib314a/SWOWZH

6https://www.nature.com/articles/

s41597-023-01995-6
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Evaluation: For each target word, we extract
its static representation by applying mean pool-
ing over the last hidden layer. A linear regression
probe maps these embeddings to human percep-
tual ratings using 5-fold cross-validation. Align-
ment is evaluated using Spearman’s rank corre-
lation between cross-validated model predictions
and human ratings.

3. Language Model

3.1. Training Dataset

The training data comprise three categories:
transcripts from children’s cartoons, digitized chil-
dren’s picture books and audiobooks, and record-
ings of child-directed speech.

Children’s Cartoons: We collected approx-
imately 2,000 cartoon videos from Bilibili and
YouTube, including roughly 1,000 videos target-
ing children aged 0-3 and 1,000 targeting chil-
dren aged 3-6. Video selection was guided by
age-specific keywords and titles, which were cross-
referenced with children’s media platforms’ to en-
sure age appropriateness. Transcripts were gen-
erated using OpenAl's Whisper automatic speech
recognition system.

Children’s Picture Books and Audio-
books: We collected 1,158 digitized storybooks
for children aged 0-6. Age labels and content
were obtained from an open-access repository
of Chinese children’s literature that provides
corresponding audio recordings for each story®.
Audio content was transcribed using OpenAl’s
Whisper automatic speech recognition system.

CHILDES Mandarin Corpus: A core com-
ponent of our conversational data was sourced
from the TalkBank CHILDES Mandarin database®.
We applied filtering criteria to select files with
clear age markings and appropriate speaker
roles. The selected data encompasses multiple

"https://v.qq.com/channel/child
®https://www.limaogushi.com/
9https://talkbank.org/childes/access/

Chinese/Mandarin/
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sub-corpora including Beijing, Chang (Changl,
Chang2,
LiZhou, NSCtoys, Tong, and the comprehen-
sive Zhou collection (Zhoul, Zhou2, Zhou3,
ZhouAssessment, ZhouDinner, ZhouNarratives).

ChangPlay), Erbaugh, LiReading,

3.2. Training Settings

We implemented a decoder-only Transformer
model based on the GPT-2 Small architecture,
consisting of 12 Transformer blocks, 12 attention
heads, and a hidden size of 768. We adopted the
bert-base—chinese tokenizer (vocabulary size
~21,128). Although originally derived from large-
scale adult corpora, this tokenizer operates largely
at the character level for Mandarin Chinese, where
individual characters typically constitute stable and
meaningful units and inflectional morphology is
minimal. As a result, it approximates character-
level modeling while maintaining compatibility with
widely used Chinese NLP resources. The total pa-
rameter count is approximately 100M.

Training follows a chronological curriculum
simulating child language acquisition, divided into
two sequential stages:

Stage 1 (0-3 years): Focuses on simpler lexi-
cal items and sentence structures, comprising ap-
proximately 1.56 million tokens (across 5,126 ex-
tracted sentences). Training duration: 10 epochs
(=770 total steps).
epoch end (11 checkpoints).

Checkpoints saved at each

Stage 2 (3-6 years): Expands to approx-
imately 2.97 million tokens (across 13,713 ex-
tracted sentences). Training duration: 10 epochs
(=5,700 total steps). Checkpoints saved at each
epoch end (11 checkpoints).

Cumulative exposure totals approximately
4.53 million tokens. This checkpointing strategy
enables reconstruction of the continuous learning
trajectory across developmental phases.

3.3. Baseline Model

For comparative benchmarking of adult-level
linguistic competence, we use UER GPT-2 Chi-

14

nese'®. This model shares identical architec-
ture with our cognitive agent but was pre-trained
on CLUECorpusSmall (approximately 14GB of
general-domain Chinese text). This baseline quan-
tifies the gap between models trained on limited,
developmentally plausible child-directed speech
and models trained on extensive open-domain

data.

4. Results

We evaluated the developmental trajectory of
our curriculum-trained model across ChineseDe-
vBench. All model embeddings were extracted
from the last layer. Results are organized into
four sections: child-oriented comprehension and
association tasks, word acquisition dynamics, lan-
guage production, and adult-oriented semantic

tasks.

4.1. Child-Oriented Tasks

CHILD-ASSOC

CHILD-ANALOGY

Fig. 1: GPT-2 developmental trends on
CHILD-ANALOGY, CHILD-ASSOC, and CHILD-
FLUENCY tasks.

Figure 1 presents results for three child-
For CHILD-ANALOQGY, the first
training stage achieves comparable or higher cor-

oriented tasks.

relations with human responses than the pre-
trained model, but performance drops to pre-
trained levels during the second stage, suggest-
ing that models trained on smaller datasets may

1Ohttps://huggingface.co/uer/

gpt2-chinese-cluecorpussmall
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better approximate child-like behavior for cer-
tain properties. For CHILD-ASSOC and CHILD-
FLUENCY, model-human alignment generally im-
proves with training, indicating that curriculum
learning on child-directed input induces increas-
ingly human-like semantic representations. For
CHILD-ASSOC, RSA correlations remain low for
both child-GPT and pretrained GPT-2, with greater
variability in the 2.5-3.5 age bin due to smaller
sample sizes; children’s developmental age does
not correspond to better model alignment, sug-
gesting that alternative evaluation metrics may
be needed. For CHILD-FLUENCY, a substantial
performance gap exists between pretrained and
child-GPT2 models, and developmental age bins
show no consistent relationship with model perfor-
mance.

4.2. Word Acquisition Dynamics

(CHILD-WORD-ACQ)

We compared model and child word acqui-
sition by tracking surprisal across training check-
points and fitting sigmoid learning curves (Figure
2). Model AoA was defined as the training step
at which surprisal crossed a threshold midway be-
tween baseline and minimum, analogous to the
50% production criterion in child studies.

Shared acquisition patterns. Both the
model and children acquire certain word classes
early: kinship terms (e.g., ¥ ¥ “grandmother,”
EFEF “older brother”), common animals (i “dog,”
1% F “rabbit”’), basic household objects (H i
“phone”), and high-frequency everyday items (%
“car,” 1k “rice,” Py “meat”). Conversely, both ac-
quire abstract or low-imageability items late, such
as the honorific classifier {i; and the plural pronoun
A7 “you-PL.”

Divergent acquisition patterns. Two sys-
tematic dissociations emerged. First, grammati-
cal function words (conjunctions, temporal mark-
ers) were acquired rapidly by the model but late by
children (e.g., £.4 “already” model 142 tokens
vs. child 29 months; [A>f “because” model 147
tokens vs. child 30 months). Second, embodied
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vocabulary—action verbs and sensory adjectives
—showed the opposite pattern: children acquired
these early (19-21 months), whereas the model re-
quired thousands of tokens (e.g., 7y “carry”: model
4583 tokens vs. child 20 months; & “fragrant”:

model 2648 tokens vs. child 19 months).

These patterns suggest that the model effi-
ciently exploits distributional regularities to learn
function words, while children rely on conceptual
development. Conversely, children leverage sen-
sorimotor experience for action and sensory vo-
cabulary, a grounding mechanism unavailable to
text-only models. Detailed word lists are provided
in Appendix Tables A1-A4.

Comparison with English. Consistent with
Chang and Bergen (2022), we observed a nega-
tive effect of word length on model AoA: shorter
words were acquired later in training.  This
contrasts with child language acquisition, where
shorter words are typically learned earlier. Chil-
dren are more likely to store short chunks of
speech rather than chunks that are merely fre-
quent or predictable (Grimm et al., 2019), a ten-
dency shaped by phonological simplicity, memory
constraints, and social interaction. Language mod-
els, in contrast, rely solely on distributional pat-
terns in text, where shorter and more polysemous
words are harder to represent consistently. Thus,
the same surface property can have opposite ef-
fects depending on the underlying learning mech-
anism.

Unlike in English unidirectional models, where
nouns tend to be acquired later than adjectives and
verbs, our Chinese GPT-2 model acquired nouns
relatively early. Conversely, verbs, acquired early
by English models, were acquired later in the Chi-
nese model. This pattern likely reflects several
distributional challenges. Chinese verbs are of-
ten polysemous and context-dependent, making
them more difficult to learn from distributional input
alone. In contrast, Chinese nouns are more se-
mantically stable, providing cleaner distributional
signals. Additionally, the relatively flexible word or-
der of Chinese allows verbs to appear in variable
syntactic positions, potentially reducing the consis-



tency of their distributional contexts compared to
nouns.

KR (fruit)

"k (fruit)” (Model) "k (fruit)” (Child)

Ve

325

learned

M
Proportion |

200 235 250 2

75 300 350 375 % 3
Model steps (log10)

% Y

o 2 % 2
Chid age (months]

Fig. 2: Learning curves for the word “sk $”(fruit)
in a GPT-2 language model and human children.
The blue horizontal lines indicate age of acquisi-
tion cutoffs. The green horizontal line reflects the
baseline computed from the HF GPT-2 model prior
to any child-directed training. The blue curve rep-
resents the fitted sigmoid function based on the
language model surprisals during training (black).
Child AoA values obtained from Hao et al. (2008).

4.3. Language Production
(CHILD-PRODUCTION)

We examined whether GPT-2 exhibits child-
like developmental trajectories in lexical com-
plexity and syntactic category usage, comparing
model outputs across checkpoints with CPCSLD
benchmarks (kindergarten ages 3-6).

Lexical development. Table 1 and Figure
3 show that GPT-2 reproduces most qualitative
developmental patterns: one-syllable words de-
crease while multi-syllable words increase, and
noun proportions rise while adjective proportions
fall. Five of six key indicators align with CPCSLD
trajectories, providing partial support for human-
like lexical development under curriculum learning.

Syntactic development. Figure 4 reveals a
divergence between GPT-2 and children. Children
in CHILDES exhibit low initial syntactic complex-
ity followed by steady increases, reflecting staged
acquisition of embedding structures. In contrast,
GPT-2 shows substantial variability but no system-
atic growth, suggesting that the model accesses
complex constructions early without undergoing
human-like incremental syntactic development.
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Table 1: Production trends in word length in syl-
lables and POS distribution: GPT-2 checkpoints
(Model) vs. CPCSLD benchmarks (Ref). Align in-
dicates directional consistency with reference tra-

jectories.

Feature Model A%  Ref Align
Word Length

1-syllable 1 -7.63 I Yes

2-syllable T +4.34 1 Yes

3+ syllable 0 +2.83 0 Yes
POS Types

Noun 0 +3.97 0 Yes

Verb 0 +3.40 1 No

Adjective 1 -3.79 1 Yes

4.4. Adult-Oriented Tasks

Figure 5 presents results for three adult-
Consistent with the child task
results, a performance gap exists between pre-
trained GPT-2 and child-GPT2 models,
model-human alignment generally improves with
training for ADULT-STS and ADULT-SEMFEAT-
6. For ADULT-STS and ADULT-ASSOC, perfor-
mance drops sharply from the first to second train-

oriented tasks.

and

ing stage before recovering, suggesting that these
tasks are sensitive to shifts in embedding distribu-
tions. Similar to CHILD-ASSOC, ADULT-ASSOC
yields low correlation scores overall. For ADULT-
SEMFEAT-6, the six semantic dimensions show
differential alignment with human ratings: Vision,
Socialness, and Space achieve higher correla-
tions, while Time and Emotion prove most difficult
to align—possibly because affective and temporal
semantics require experiential grounding beyond
what distributional statistics can provide.

5. Discussion

Human language acquisition has been ex-
plained by competing theoretical frameworks. Na-
tivist accounts propose that children rely on in-
nate linguistic constraints (Chomsky, 2002), while
usage-based approaches argue that language
emerges from actual use (Tomasello, 2003; Ib-



GPT-2 Developmental Trends vs. CPCSLD & HF-GPT2
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Fig. 3: Production: GPT-2 developmental trends
compared with CPCSLD, focusing on lexical mea-
sures.

botson, 2013). Usage-based theories emphasize
sensitivity to recurring patterns in input. Language
models are likewise sensitive to such regularities
in linguistic data. However, models lack the social-
cognitive dimension that usage-based theorists
consider equally essential to language develop-
ment.

Following Portelance and Jasbi (2024), we
interpret the model’'s behavior as jointly informa-
tive about the scope and limits of distributional
learning. The model’'s strengths indicate aspects
of language that can be captured from distribu-
tional information, while its limitations point to do-
mains in which additional mechanisms—sensori-
motor, social, or cognitive—likely play a crucial
role. These mechanisms do not uniformly accel-
erate learning, but may shape different aspects of
acquisition in distinct ways. The model’s delayed
acquisition of action verbs and sensory adjectives,
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Syntactic Complexity Development: GPT-2 vs. CHILDES & HF-GPT2

Proportion of open clausal Proportion of clausal subjects (%)
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Fig. 4: Production: GPT-2 developmental trends
relative to CHILDES-derived syntactic measures.
Blue stars denote syntactic measures computed
from CHILDES child speech for eight age groups
(<24, 24-30, 30-36, 36—42, 4248, 48-60, 60-72,
and 72+ months), with one point per age group.

souursts

AouLTSEHANTIC.6

Fig. 5: GPT-2 developmental trends on ADULT-
STS, ADULT-ASSOC and SEMFEAT-6 tasks.

which are typically acquired early in child develop-
ment, implicates that sensorimotor grounding con-
stitutes an important inductive bias in children’s
language acquisition. Conversely, children’s com-
paratively late acquisition of function words, de-



spite their high distributional regularity in child-
directed speech, suggests that their acquisition
may depend on conceptual and pragmatic capaci-
ties that develop gradually and are not solely deter-
mined by input frequency. Taken together, these
divergences suggest that human learners and lan-
guage models may rely on different underlying
mechanisms, even when models achieve similar
outcomes.

Future work may explore how such mech-
anisms can be incorporated into computational
models, for example through multimodal input or
interactive learning settings, bringing models of
language acquisition closer to the cognitive pro-
cesses they aim to approximate.

6. Conclusion

ChineseDevBench provides a Mandarin de-
velopmental benchmark integrating child and adult
By training
GPT-2 on child-scale input with a chronological

behavioral data across eight tasks.

curriculum, we track model learning trajectories
and compare them directly with human develop-
ment. Results reveal both convergence and sys-
tematic divergence. For most child-oriented tasks,
alignment improves with training, yet developmen-
tal age does not predict performance and syn-
tactic complexity lacks human-like growth; the
model rapidly acquires function words but lags on
embodied vocabulary. For adult-oriented tasks,
alignment also improves with training, though
association tasks yield low correlations, and di-
mensions like Time and Emotion remain diffi-
cult to align, suggesting they require experien-
tial grounding. Unlike English models, which ac-
quire nouns later than adjectives and verbs, the
Chinese GPT-2 model acquired nouns early and
verbs later, highlighting language-specific effects
on acquisition order. ChineseDevBench enables
more precise evaluation of developmentally plau-
sible language models and provides a foundation
for future work on grounding, curriculum design,
and cross-linguistic developmental comparison.
The data and evaluation code are publicly avail-

able at https://github.com/Evaisgreat/

Chinese—-DevBench.

7. Ethical statements and limitations

All child data are drawn from publicly available
datasets, datasets that will be made publicly avail-
able, or previously published datasets collected
under appropriate ethical oversight. No new child
data were collected for this study, and no person-
ally identifiable information is included. The sam-
pled populations may not fully represent the diver-
sity of Mandarin-speaking children.

Part of the training data were automatically
transcribed using OpenAl’'s Whisper speech recog-
nition system, which may introduce transcription
errors. Some evaluation metrics rely on specific
prompting methods, and results may vary under
different prompts. In addition, the available child
data are relatively limited in size; more publicly re-
leased datasets will be necessary to obtain more
Model-child
comparisons are behavioral rather than mechanis-

robust and generalizable findings.

tic, and observed alignment does not imply shared
underlying cognitive processes. The benchmark
focuses on lexical and semantic development and
does not comprehensively cover pragmatic or
discourse-level abilities. Finally, the benchmark is
intended for research purposes only and should
not be used for clinical assessment.
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Table 2: Twenty words with the earliest Age of Acquisition. Comparison between GPT-2 model learning

steps and children’s AoA (months), based on Wordbank data. Words in bold indicate overlap between

the model and children.
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Table 3: Twenty words with the latest Age of Acquisition. Comparison between GPT-2 model learning

steps and children’s AoA (months), based on Wordbank data. Words in bold indicate overlap between
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Table 4: Twenty words with the earliest Age of Acquisition. Comparison between GPT-2 model learning

steps and children’s AoA (years), based on Liu et al. (2011). Words in bold indicate overlap between the
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Table 5: Twenty words with the latest Age of Acquisition. Comparison between GPT-2 model learning

steps and children’s AoA (years), based on Liu et al. (2011). Words in bold indicate overlap between the

model and children.
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