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Introduction

SpeechLLMs have recently
ballooned in popularity from being
utilized in voice assistants, meeting
transcriptions and multimodal
systems but the text they train on
rarely contain conversational
disfluencies.
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hence we can measure
robustness to linguistic structure:

Ry(z) = R(Dy(z), m(z))

in terms of under- and
failure modes using

Ry(z) = R(Dy(z), m(x))

= {€p, Er}(Dy(z), m(x))

with ¢

failure modes exposed using
Ry(z) = R(Dy(z), m(x))

- {ZE, Z[. Zp}(Dg(:I:), m(a:))
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