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*Equal contribution
Making mainstream ASR more accessible to speakers with aphasia through lightweight LLM-based correction.
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parameter-efficient fine-tuning.

Few-shot prompting achieved over 53% relative WER reduction. highly effective.

Fine-tuning requires more data to be reliable. o

Analysis of ASR quality, input diversity, g|thub,com/ cmu- |mpaCt|ab/
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Small-data fine-tuning was less reliable.
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Future work: Larger datasets and broader and example selection.

coverage of speech disorders.




