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Architecture
Flowtron revamps the architecture from Tacotron 2 
by removing the Prenet and Postnet layers that were 
previously thought to be essential to learn attention 
and to produce sharp harmonics and well resolved 
formants. (Shen et al., 2017)

Latent Distributions

Exact Log-Likelihood Evaluation

Invertible Transformations

Advantages over other models
No hand-engineered loss functions
Optimized by maximizing the exact likelihood of the training data
Control over the  amount of variety in synthesized speech
Interpolation between prior and posterior over time due to variable length embeddings
Posterior sampling for style transfer of hard to label speech characteristics

Source Flows MOS

Real - 4.27 ± 0.13

Flowtron 2 3.66 ± 0.16

Tacotron 2 - 3.52 ± 0.17
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Formulation
Flowtron is a generative model that learns an 
invertible mapping ƒ-1 from speech data (x) to a 
latent space (z) that can be used to modulate 
non-textual aspects of speech synthesis.

With this formulation, during inference we can 
sample from the prior or collect evidence with 
speech characteristics of interest and sample from 
the posterior.

“Taming the non-textual information in speech is difficult because the non-textual is unlabeled.”
“How can we formulate this problem such that we model the non-textual information without using labels ?”
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