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1 Introduction
• Neural vocoder for Tacotron compatible mel spectrograms
• All-pole synthesis filter integrated to computation graph for end-

to-end optimization
• Similar to parallel WaveNet, but using GANs
• No restrictions to invertible flow architectures, can be trained di-

rectly without a teacher model

2 Mel spectrogram to all-pole envelope
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• Filterbank mel spectro-
grams are common acoustic
features in Tacotron style
TTS systems

• Mel spectrogram contains
spectral envelope informa-
tion that can be used explic-
itly

• Apply filterbank pseudoin-
verse and fit an all-pole en-
velope to the resulting spec-
trum

• All-pole synthesis filter is
implemented in STFT do-
main, which allows fully
parallel processing

• Backpropagation through
the synthesis filter enables
end-to-end training

• All signals (x and e) are gen-
erated in time domain to re-
tain phase information

3 GAN waveform model
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Training criteria

Wasserstein GAN

LGAN =−Ex∼pX [D(x,c)]+Ex̂∼pG [D(x̂,c)] , (1)

Gradient penalty for smoothness

LGP = Ex∼pX ,x̂∼pG

[
(‖∇x̃D(x̃,c)‖−1)2] , (2)

Regularization around real data manifold

LR1 = Ex∼pX

[‖∇xD(x,c)‖2] . (3)

STFT magnitude based loss

LSTFT = E
[
(|STFT{x}|− |STFT{x̂}|)2] . (4)

Sound samples
https://ljuvela.github.io/GELP/demopage/
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4 Listening tests
• Experiments on Nancy dataset (Blizzard Challenge 2011),

approx. 12h of moderately expressive speech
• Mean opinion score (MOS) test for speech quality
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Copy synthesis MOS
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5 Conclusion
• The proposed method can outperform a WaveNet vocoder

in copy synthesis
• In TTS, over-smooth acoustic features are faithfully repli-

cated, resulting in reduced quality
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