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Brain alignment — 4-fold Cross-Validation + Ridge regression

Summary Brain encoding schema _
MEG-MASC Dataset ® 4 natural stories (11, 002 words) x 768 = 3 stories in training & 1 story in testing
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* We investigate these questions using both LMs (GPT2) and SMs (Wav2vec2.0, CH H|d‘den' it WA ANRERE N oA S
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HuBERT and Data2vec), and observe how these models predict MEG brain
recordings acquired while participants listened to the naturalistic stories.

* Language models outperform speech models irrespective of speech-evoked Flgu re 3:Approach to directly test for the alignment between a LM/SM and MEG brain recordings.
brain activity.

* Both type of models still behind the estimated noise-ceiling performance.

* Like LMs, previous context is important in predicting MEG recordings for SMs E n COd i n g pe rfo rm a n ce Of L M a n d S M s
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Flgu re 52Topo map for Average Normalized predictivity by Data2Vec (across subjects) for MEG activity.
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Flgure 2:Brain alignment of a LM/SM Word onset is at Oms. Layer 2 (top), Layer 7 (middle), and Layer 11 (bottom).
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