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" A closer look at latent representations
of end-to-end T1S models

Martin Lenglet, Olivier Perrotin, Gerard Bailly, Univ. Grenoble Alpes, CNRS, Grenoble INP, GIPSA-lab

How are acoustic parameters encoded in a model?

Hypothesis on neural audio modelling: Previous studies on speech model probing:

» Given the high-quality output of audio modelling in general, » Phonetic on TTS: Perquin et al. (2020), arXiv » Language in SSL: Vaidya et al. (2022), ICML
most speech information should be encoded in the model. > Acoustic on TTS: Tits et al. (2021), Informatics 8(4) » Articulatory in SSL: Cho et al. (2023), ICASSP
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Linear Phonetic class
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Training material: 33h audiobook — Single French speaker [/ 150 145 140 120] « Ftc.

Probing material: 2000 utterances from training set
» Test material: 2000 utterances NOT from training set
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Goodness of fit expressed as the R? of the multi-linear regression. massive data
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Segmental parameters

Can we control them, and how does the system behave?
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