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Abstract

We present our submission to the BabyLM
2026 Multilingual Shared Task. Our system
uses OLMo2, a modern decoder-only archi-
tecture with grouped-query attention, RoPE,
and SwiGLU, trained from scratch on the offi-
cial BabyLM trilingual corpus (English, Dutch,
Chinese). We employ a hybrid training ob-
jective following (Charpentier and Samuel,
2024) that combines masked language mod-
eling (87.5%) with causal language modeling
(12.5%), enabling the decoder-only model to
perform well on both bidirectional and autore-
gressive evaluation tasks. With a multilingual
BPE tokenizer (32K vocabulary) and approx-
imately 79M parameters, our model achieves
a multilingual average of 47.12 on the official
leaderboard. We release our model and training
code.!

1 Introduction

The BabyLM Challenge (Warstadt et al., 2023)
encourages the development of language models
trained on limited, developmentally plausible data.
The 2026 edition introduces a multilingual track
requiring models to handle English, Dutch, and
Chinese within a 100M-word budget. The previous
edition (Charpentier et al., 2025) demonstrated that
hybrid masked-causal training objectives are par-
ticularly effective in this data-constrained setting.

We explore whether modern architectural
advances—specifically the OLMo2 architecture
(Team OLMo et al., 2025)—can be effectively com-
bined with the hybrid training paradigm (Charpen-
tier and Samuel, 2024) in a multilingual setting.
Our key contributions are:

* Architecture choice: We adopt OLMo2, a
decoder-only transformer with grouped-query
attention (GQA), rotary position embeddings

"Model: https://huggingface.co/exusiaiw/
emnlp-babylm-2026-v2

(RoPE), SwiGLU activations, and RMSNorm.
To our knowledge, this is the first application
of OLMo?2 to the BabyLM challenge.

* Hybrid training objective: Following Char-
pentier and Samuel (2024), we combine
masked language modeling (MLM) with
causal language modeling (CLM), using
MLM for 87.5% of batches and CLM for
12.5%. This enables the decoder-only model
to leverage bidirectional context for BLiMP-
style evaluation tasks while retaining autore-
gressive capabilities.

* Multilingual BPE tokenizer: We train a byte-
pair encoding tokenizer with Unicode script
pre-tokenization, producing a 32K vocabulary
that efficiently handles all three languages.

2 Model

2.1 Architecture

Our model uses the OLMo2 configuration with 8
layers, 8 attention heads (4 key-value heads via
GQA), a hidden dimension of 512, and an interme-
diate dimension of 1,376. Word embeddings are
tied between input and output. The total param-
eter count is approximately 79M. The maximum
sequence length is 512 tokens.

2.2 Data and Tokenizer

We use the official BabyLM 2026 multilingual
datasets with a 40/30/30 English/Dutch/Chinese
split by document count, totaling approximately
100M words. We train a BPE tokenizer with NFKC
normalization and lowercase folding, using Uni-
code script-based pre-tokenization to handle the
distinct writing systems. The vocabulary size is
32,000 tokens.
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Category EN NL 7ZH

Zeroshot Avg 4133 5524 49.95
Finetune Avg 48.59 4580 42.80
Language Avg 4548 50.21 45.66
Multilingual Avg 47.12

Table 1: Results on the BabyLM 2026 multilingual
evaluation suite. Multilingual Average is the official
leaderboard score.

2.3 Training

We train for 10 epochs using AdamW with a peak
learning rate of 1 x 1073, weight decay of 0.1,
warmup ratio of 0.06, and gradient accumulation
over 2 steps (effective batch size of 64 sequences X
512 tokens = 32,768 tokens per step). Training uses
FP16 mixed precision and takes approximately 7
hours on a single NVIDIA A100 GPU.

2.4 Hybrid Objective

Following Charpentier and Samuel (2024), for
87.5% of training batches, we apply masked lan-
guage modeling: 15% of tokens are selected for pre-
diction, of which 80% are replaced with a [MASK]
token, 10% with a random token, and 10% left
unchanged. The attention mask is set to be fully
bidirectional. For the remaining 12.5% of batches,
we apply standard causal language modeling with
a triangular attention mask. This hybrid approach
allows the decoder-only architecture to develop
bidirectional representations while maintaining au-
toregressive generation capability.

3 Results

We evaluate using the official BabyLM 2026
multilingual evaluation pipeline (Biderman et al.,
2026), comprising zero-shot tasks (BLiMP, Multi-
BLiMP, ZhoBLiMP, HellaSwag, Winogrande, XS-
toryCloze, XCOMPS, GlobalPIQA), fine-tuning
tasks (ARC, Belebele, BMLama, MNLI, SIB-200,
Truthful QA, XNLI, INCLUDE, POS tagging), and
MECO reading time prediction.

Our model achieves a multilingual average of
47.12 on the official leaderboard. Table 2 shows
per-task results across languages.

3.1 Learning Curve

Figure 1 shows the training and evaluation loss
over the course of training. The train loss de-
creases steadily from 10.4 to 3.7, while the eval
loss plateaus around 3.9 after epoch 5, suggesting

Task EN NL ZH
Zero-shot
BLiMP / ZhoBLiMP  71.01 7791 78.12
MultiBLiMP 85.32 92.32 -
HellaSwag 26.80 26.56 27.78
Winogrande 51.28 50.87 50.70
XStoryCloze 49.92 49.23 49.69
XCOMPS - 5371 56.25
GlobalPIQA (par.) 21.36 25.24 23.30
GlobalPIQA (non-par.) 48.00 47.00 51.00
Fine-tuning
ARC 27.50 26.67 20.83
Belebele 25.57 2841 2273
BMLama 24.67 2442 16.06
MNLI 55.69 58.56 57.77
SIB-200 81.00 80.50 79.00
Truthful QA 25.89 25.89 21.43
XNLI 55.75 - 5210
INCLUDE - 2857 24.11
POS 92.62 9342 91.20

Table 2: Per-task accuracy (%) across languages.

that additional training epochs yield diminishing
returns at this model scale.

3.2 Checkpoint Evaluation

Figure 2 shows zero-shot task performance at in-
termediate checkpoints during training. Linguis-
tic tasks (BLiMP, MultiBLiMP, ZhoBLiMP) show
rapid improvement in the first 10M words and con-
tinue to improve throughout training, reaching 78—
92% accuracy. Commonsense reasoning tasks (Hel-
laSwag) plateau early and remain near chance level
(27%), consistent with the limited world knowledge
available in child-directed speech. XCOMPS and
BLiMP-NL show steady improvement, with Dutch
benefiting from vocabulary overlap with English.

3.3 Analysis

The model shows consistent performance across
languages, with Dutch slightly outperforming En-
glish and Chinese on zero-shot tasks, likely due
to favorable tokenizer fertility (Dutch shares many
subwords with English in our BPE vocabulary).
Chinese zero-shot performance benefits from the
dedicated ZhoBLiMP evaluation (78.12%), sug-
gesting that the hybrid training objective effectively
captures Chinese syntactic patterns.

Fine-tuning performance varies by task type.
Tasks like SIB-200 (topic classification) and POS
tagging achieve strong results (81-93%), while
knowledge-intensive tasks (BMLama, TruthfulQA)
are near random, as expected for a model trained
only on child-directed speech data. The Glob-
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Figure 1: Training and evaluation loss over 10 epochs (119K steps).
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Figure 2: Zero-shot task accuracy at intermediate checkpoints (1M—100M training words). Left: grammatical
acceptability. Center: commonsense reasoning. Right: semantic compatibility.

alPIQA parallel task is challenging for all models,
while the non-parallel variant shows reasonable
performance (47-51%).

The hybrid MLM-CLM objective is motivated
by the evaluation setup: BLiMP-style tasks use log-
probability comparisons that benefit from bidirec-
tional context, while text generation tasks require
autoregressive modeling. Our 87.5/12.5 split prior-
itizes the more numerous bidirectional evaluation
tasks.

4 Conclusion

We presented a simple but effective approach for
the BabyLLM 2026 multilingual challenge based on
OLMo2 with hybrid training. Our results suggest
that modern architectural choices (GQA, RoPE,
SwiGLU) combined with a hybrid training objec-
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tive can achieve competitive performance in data-
constrained multilingual settings. Future work
could explore curriculum learning across languages
and more sophisticated data mixing strategies.

5 Limitations

Our model is trained on a fixed 40/30/30 language
split without tuning the mixing ratio. The hybrid
objective ratio (87.5% MLM / 12.5% CLM) was
also not systematically optimized. Additionally,
our model has 79M parameters, which may be sub-
optimal for the 100M-word budget—smaller or
larger models might achieve better data efficiency.
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