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Language models accurately predict brain
activity during language processing
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Fine-tuning language models with brain data
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Fine-tuning language models with brain data

improves alignment with
the brain

improves their semantic
downstream task

performance
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Shared semantic representations in bilinguals

Chinese

Bilingual language
processing relies
on shared
semantic
representations
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Can fine-tuning language models with bilingual
brain data elicit multilingual capabilities in them?



Brain-informed fine-tuning with bilingual brain
data
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Evaluating brain-informed fine-tuned models
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Brain-informed fine-tuning improves brain

alignment
BERT-en fine-tuned with BERT-zh fine-tuned with
English brain data Chinese brain data

~ 70% semantic voxels prefer a fine-tuned model over vanilla model
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Evaluating brain-informed fine-tuned models
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Fine-tuning and Evaluation in the Same Language

Fine-tuning improves linguistic task

performance
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Cross-language evaluation

Fine-tuning enables cross-language transfer
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Evaluating brain-informed fine-tuned models

Evalulation
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Evaluation on unseen languages

Fine-tuning improves language-agnostic

representations
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Fine—tuning with monolingual VS bilingual brain data

Cross-linguistic transfer is because of bilingual

brain
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Potentially driven by shared semantics:

o in bilingual brains (Chen et
al., 2024)

o across different languages in
the brain (de Varda et al.,
2025)
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Conclusions

=> First study to perform brain-informed fine-tuning using bilingual brain data.

=> Brain-informed fine-tuning improves

€ Drain alignment
€ downstream task performance across within-, cross-, and unseen language settings.

=> Improvements are driven specifically by fine-tuning with bilingual brain data,
not brain data in general.

=> Potential of leveraging bilingual brain representations for developing
language-agnostic models.

Future Work: Explore which linguistic properties the model captures (e.g., syntax,
morphology, discourse) to improve model training and evaluation.
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