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The Experimental Setup
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1 wrong word / 4 = 0.25
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The speaker has Cerebral Palsy, which often causes imprecise consonants, distorted vowels, and irregular

rhythm.

+ Clinical profile

+ ~160 tokens

[...P1...] Clinical speech profile (1-7): imprecise consonants 4/7 - monopitch 4/7 - nasalness 5/7.

The full sweep: nine prompt conditions (the x-axis of every sweep plot)
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profile ablations: speech production - voice quality -
speech + voice - condensed full - condensed speech

The data: 11,218 clinician-rated SAP utterances from 437 speakers
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e Prompt structure, not clinical content, breaks frozen audio-LMs
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Across Audio-LMs, Clinical Context Rarely Helps
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Zero-shot ranking; black markers: each model's WER
range across prompts. Size is a weak predictor

(R? = 0.07).

® Yet context helps most on the hardest speech (difficulty gate)
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WER by Prompt Condition
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Random = Clinical Content

@8 Voxtral-Small (audio-only 0.139)
@ Gemma-4-E2B (audio-only 0.302)

AWER vs audio-only
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e Wrong profile = correct profile
e Random text hurts almost as much
 Instruction-only = audio-only

LoRA Removes the Failure
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e Voxtral: 0.139 — 0.066 WER (-52%)
e Gemma-4-E2B too: 0.302 — 0.204
e Difficulty gate: another -10%
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Hardest Speech Gains Most
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o After LORA, gain grows with difficulty
e +0.117 (Voxtral), +0.092 (Gemma)
e — give context only to hard speech

On Par with the SAP Challenge

Whisper-large-v3 - frozen — 0.144

Voxtral-Small - frozen — 0.139

SAP winner - Test2 1 : 0.081
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e Rivals the Challenge winner (F)
e With LoRA, not full fine-tuning
e Context: presence matters, not content

® LoRA repairs it — rivals the Speech Accessibility Challenge winner

* unprompted WER; 0.162 once given the PO instruction (format correction). ¥ Parakeet-TDT, full fine-tuning, private challenge splits — approximate positioning, not a matched comparison.



