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e Speech-to-text transcription error rates are twice as e ASR = Language Model + Acoustic Model
high for Black speakers versus white speakers
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e Controlling for for Black and white speakers
uttering the same words, we find the acoustic

30% model alone yields racial disparities
e Surprising result: language model is not the
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driver of disparity, despite GPT-2 analysis:
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e Study technical and regulatory progress made

WER=3/4=0.75 ) 1 AAVE Dialect Density Measure in other domains (computer vision)




