2pSC28: A Bayesian Account of

The UCLA PhoneticsLab | Perceptual Asymmetries in Confusion Matrix Data ~* ASA

-ll -I_. -I._'_-
Fa THaLaw

T ACOUSTICAL SOCIETY

OQF AMERICA

John McGahay
jmcgahay@g.ucla.edu

Bayesian Speech Perception Role of Prior Bias

Human speech perception appears well-captured by Approach: check perceptual asymmetries against prior bias using Miller & Nicely’s (1955) confusion matrices Contusion matrices provide rich perceptual data worth
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models, including for low-resource languages
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Miller & Nicely (1955), SNR = 0 dB * 65% (22/34) asymmetries larger than 1 match prior bias * 86% (12/14) asymmetries larger than 1 match prior bias
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