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- Neural oscillations = rhythmic cycles of neural activity - Oscillations carry predictions of both when and what
-  When: contextual rhythms drive neural entrainment,
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- Statistical learning paradigm:

, _ _ I. TP-random syllable stream
- Entrainment = neural inheritance of contextual rhythms:
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1. Drives temporal—when—predictions - .l | - What: internal language models (i.e. artificial lexicon)
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- When and what predictions should facilitate processing of
a target that is aligned to an expected time point and to
- Oscillations support language processing: the linguistic knowledge of the artificial lexicon
1. By tracking exogenous signals (e.g., syllables)
2. By endogenously predicting the when and the what When prediction
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Depending on when and what predictions, we predict:
- Modulations of pre-target oscillatory phase

- These regularities are shaped by transitional probabilities ANVVWWN\AM

(TPs) between syllables
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pitulagopatibidotasalubukamiro golabu ; When‘violaﬁon > Wh diction violations: < e (me - Changes in pre/post-target oscillatory power

- The extraction of TPs enables word learning €N prediction violations. - - Downstream effects on ERFs (M300/M400)
MMAWA W ‘ > Pre-target phase clustering | - Differences in behavioral performance
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- This process is subserved by neural oscillations
What prediction

- Learning an artificial lexicon adds linguistic knowledge to
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