Generative Models for Speech Time Scale Modification
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Generative Models 4. Flow Matching 2. TSM-Net (chuetal, 2023)

Methodology. Instead of operating on waveforms or spectrograms

Methodology. Flow Matching learns a time-dependent vector directly, TSM-Net encodes raw audio into a high-level latent rep-
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= Music Conditions (5-20 dB): Music added to speech at 4 SNR
|€V€|S _,Jh; m -I}ﬂil; _I;Jizi _“]IL; _I;JL _ﬁ]lL A _mm; _Hﬂm b _“]IL ol h Iiﬂl‘; ,‘ﬂw _m@x; _mlh

Github: https.//github.com/jk-2604 Jk873@snu.edu.in


https://github.com
mailto:jk873@snu.edu.in

