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Our question: Why we ask:

Do people use category labels during adaptation? Categories are distributions of cues
Productions vary within talker

Language learning doesn't stop once you reach adulthood: talkers use Productions vary across talkers

linguistic cues to realize their intentions in different ways. To adapt to a Requires distributional learning for

Acquisition: learn language's distributions

new talker, you have. to Iearp the way they use cues. If you k_now ’_thelr Adaptation: learn talker's distributions
iIntented meaning, this learning should be a lot easier. Learning with Are they the same underlying process?
known category labels is called supervised learning, and learning from Why Is acquisition slow and adaptation fast?”

Adults have more information from experience

cues only Is called unsupervised learning. Other cues label sounds with intended cateogry

What we did: Distributional learning of /b/ and /p/ ...with and without labels
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