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CONCLUSIONS RESULTS

GPT-2 aligns across the language network

« Complex syntactic features contribute to Concent Ar, labels
brain alignment beyond word classes. permuted
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METHODS BACKGROUND
« LeBel dataset: high-quality fMRI of nine participants listening to 27 stories™. « Transformers predict human brain responses to

language remarkably well’.%. But what information

e GPT-2 hidden states of the transcripts. : : :
P drives this alignment?

* Three syntactic features of increasing detall and six semantic features (GPT-4 labels from Benara _ _
et al."®). * The candidates are debated: semantics®.® or syntax’.®,

. . , _ . | surface features®.' or deeper meaning™."2.
« Each concept is erased from the hidden states with LEACE""; erasure is verified by decoding.

* By erasing these features from GPT-2 layers and
measuring how this affects brain prediction, we ask how

 Contribution = Ar per voxel, erased minus intact, compared against random-subspace and much each contributes and where.
permuted-label controls.

 Ridge encoding models™ are fitted on intact and erased features and tested on a held-out story.
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