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1 Introduction

* Feedforward DNN [1] and LSTM RNN [2] have been successfully
used for acoustic modelling in SPSS

* DNN-based excitation models for glottal vocoding [3] have been
shown to increase speech quality [4]

* This work: Does LSTM improve excitation modelling and can
glottal waveforms be predicted directly from text?
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* Four different networks were trained for modelling glottal wave-
forms, the acoustic model (text to acoustic) was shared between the
systems

ID System Input Output Network
(0) TXT-LSTM-AC TXT AC LSTM
(1) AC-FF-GL AC GL FF
(2) AC-LSTM-GL AC GL LSTM
(3) TXT-LSTM-GL TXT GL LSTM
(4) TXT+AC-LSTM-GL TXT + AC GL LSTM
2.1 Acoustic features
* Acoustic features derived Fegture dim. A dim.
with QCP inverse filtering £o 1 3
* Analysis and synthesis with VUV — 1
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2.2 Text features

* Combilex-based linguistic features contain phoneme, syllable,
word, phrase, and sentence level information

* 396-dimensional input text features are created with forced align-
ment

2.3 Glottal waveforms

* Obtain glottal flow derivative
waveforms with QCP
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* Model two-pitch-period seg-
ments delimited by GCI

* Window and zero-pad to get
fixed length for DNN
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3 Listening experiments

* MUSHRA-like test with nat- ~
ural speech with same con-
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AC-FF-GL AC-LSTM-GL TXT+AC-LSTM-GL

tent as reference IXELSTMLGL |
* 30 native English listeners s
participated N

* DNN-based methods outper- *“
form single pulse excitation
(SP), text-only input is not .
significantly worse

* Pairwise preference test for
the top three methods

e LSTM-based systems outper- N T N
form the FF-DNN system ; o 005

AC-LSTM-GL — TXT+AC-LSTM-GL
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4 Summary

* Glottal vocoding was integrated to a framework where text and
acoustic features can be used to predict glottal excitation wave-
forms

* Glottal waveforms can be predicted reasonably well by using only
text information

* Use of LSTM slightly improves the excitation modelling perfor-
mance
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