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Why disfluency? Z-Score Framework
Z-Scores measure performance on disfluencies: EDITED, INTJ, and PRN.
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Previous Work: Classify each word in the original input as fluent (O) or disfluent (I) to evaluate disfluency removal performance
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Metaprompting Case Study Alignment Calculation
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See Also —

DRES builds on Z-Scores to investigate how reliably LLMs handle the structural complexity of conversational speech.
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