\281 | Ministry of Innovatitb
i Science & Technology

e EACL 2026

Learning from Child-Directed Speech in Two-Language Scenarios:
A Controlled English—French Study

Ben-Gurion University

of the Negev Liel Bmyamm, Elior Sulgm - ,,. ® RABAT-MOROCCO
\ The Faculty of Computer and Information Science, Ben-Gurion University of the Negev, Israel 5'6 Mars - March 24-29, 2026 - b0
Motivation — Results

X
* CDS-basedlanguage models have been studied L’Aﬁ'g

primarily in monolingual English and mainly evaluated on N
srammatical competence. Bilingual Advantage on XNLI  cpS Improves Grammar (CLAMS)

XNLI - BabyBERTa (2.5M Wikipedia}
B Monolingual

Cross-lingual
B Bilingual

m

CLAMS - Effect of Corpus Type (BabyBERTa, 2.5M)

6041 mmm Wikipedia
CHILDES

* |tremains unclear whether efficiency gains extend to
multilingual, size-matched scenarios.

* Acontrolled comparison of monolingual, bilingual, and
cross-lingual training across corpus types is still missing.
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Wikipedia 2.5M Matched semantic baseline Key Fin INgs
Multidomain 10M Larger-scale natural data - .. :
. 1. Bilingual pretraining strongly improves textual /
Wikipedia 10M Matched 10M semantic inference (XNLI), with dramatic gains for French at 2.5 N

baseline

tokens.

All pre-training corpora are strictly size-matched across languages

(EN/FR) and training setups. Downstream fine-tuning is performed 2. Corpus type determines competence focus: Wikipedia
In the evaluation language for Question Answering and Textual favors semantic tasks, while CHILDES improves

Entailment tasks. grammatical performance (CLAMS).

Evaluation Tasks

3. Bilingual advantages weaken with scale but persist at

Task Evaluation Dataset(s) Metric 10M tokens, indicating diminishing yet stable multilingual
Question benefit
. SQUAD, QAMR, QASRL F1 enerits.
Answering (QA) Q Q Q
Textual YN[ | = 4. Patterns replicate across architectures, suggesting
Entailment data composition and language pairing matter more than
Grammatical model size.
CLAMS Accuracy
Competence
All tasks were evaluated in both English and French under identical
fine-tuning protocols. Future Work
Models * Experimenting on additional language pairs beyond English-
* BabyBERTa (main compact model) French.
* RoBERTa (retrained on matched data) » Extending the analysis to decoder-only and larger-scale
* LTG-BERT language models.
* [5-tiny (analysis) * Broadening evaluation to additional semantic and syntactic
benchmarks.
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1. What are the effects of different language pairing References
Strategies (mOnOlingual, bilingual, CrOSS—lingual)? e Huebner et al. (2021). BabyBERTa: Learning More Grammar with Small-Scale Child-Directed
ey o . Language. CoNLL.
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