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Text-to-speech with linear spectrogram prediction for quality
and speed improvement

Hyebin Yoon - Hosung Nam®

Department of English Language and Literature, Korea University, Seoul, Korea

Abstract

Most neural-network-based speech synthesis models utilize neural vocoders to convert mel-scaled spectrograms into
high-quality, human-like voices. However, neural vocoders combined with mel-scaled spectrogram prediction models
demand considerable computer memory and time during the training phase and are subject to slow inference speeds in an
environment where GPU is not used. This problem does not arise in linear spectrogram prediction models, as they do not
use neural vocoders, but these models suffer from low voice quality. As a solution, this paper proposes a Tacotron 2 and
Transformer-based linear spectrogram prediction model that produces high-quality speech and does not use neural
vocoders. Experiments suggest that this model can serve as the foundation of a high-quality text-to-speech model with fast

inference speed.
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=73 ¥/ (speech synthesis)> 7|75 AHE-3l Axte] whslE
AdskE 7otk IAES SA R WHElsh= Wogk=
Text-To-Speech(TTS)2F L% tc), thefst 72 24
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Tacotron(Wang et al., 2017)2} Deep Convolutional TTS(DCTTS;
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Tachibana et al., 2018)7} 31t}. Wang et al.(2017)2] Tacotron<-
Recurrent Neural Network(RNN) 7|HFe] &40 st ndlg €AE
€ A3 AFEZTNOZ WISt § Griffin-Lim Algorithm
(GLA; Griffin & Lim, 1984)2 AF&-5F0] 2432 A4 3t} Encoder
2} decoder 7ol attention mechanism= A28 24 7 dlo]
UAEQL AHEZ Tl 710] AA|E &5k E S ST}, Tachibana
et al.(2018)2] DCTTS+ Convolutional Neural Network(CNN)E
AHgBto] 1P =R TS S, RN 7]l )3 13
g A o] ok £uvh o e mdolch &4 YL
$13l4 = realtime GLAZFILE U7 = RTISI-LA(Zhu et al., 2006)
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2017).
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AHER 7 OIS s A AHER 79 o= py
S AlQsith £ mElo] WA FERE
T (text encoder), & A% E 2 72 €] 5T (mel-scaled spectrogram
decoder), 13 AFE Z 724 ] 0] (linear spectrogram decoder) =
TR E|AE Q1 T (text encoder)ol A B]IAEE QlE o
dho} x| ek & Wl A~ EZ 73 U] 70 (mel-scaled spectrogram
decoder)oll A B]1AE ARE 7|Hlo g W AAER 735 YA
St o] Q176 9} v F T = Tacotron 2(Shen et al., 2018)°] T3

l‘U

4

ol

29 15} o] MAE A3

Hosung Nam / Phonetics and Speech Sciences Vol.13 No.3 (2021) 71-78



= w2tk AE AHE 2 73 U] 7.0 (linear spectrogram decoder)
el AFER IS QI g o ol Y AHERTF
S AR Y AFER 73 U] T U= Transformer(Vaswani et
al., 2017)2] %5 7|40 2 St} wpA|u} O 2 Fast GLA(Perraudin
etal, 2013)5 ALgal] AE AFER oM SAS B3
Tacotron(Wang et al., 2017), DCTTS(Tachibana et al., 2018) &
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Figure 1. Linear spectrogram prediction model
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U (text encoder)= YIAEE YHFOZ S 3
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Y XEof #dd F3 548 FE3F¢] t Z(decoder) 2 A
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o= 22 =, Tacotron 2(Shen et al., 2018)2] 1 5T (encoder)
¢} sk 25 At} =, 1-dimensional CNN2} bidirectional
RNNC.Z 14 %‘:]' A4 Q] RNN 0] 1 2] Al7krf ol A] o] £-2]
AR = 2] 8t veke] WS (context)WF 11t 54| WL, bidirectional

RNN-2 °]~?J Al el A o] A 2] Azt e] WEFE e s}
7] el o B2 o] ARE FET 5 vk o] Sk
¥ REo] ¥lAE Q15T ¢} Tacotron 28] Q15T €] 2fo] 42
ALg-5H= E/9 3} g (activation function)l] 31T} Tacotron 2]
A= ReLUE AHE-3HAIRE B~ E Q1T T o] 4] += leaky-ReLUE
ggoth 590 YEEhes BT 00 % W Ekshs ReLUS} 9,
leaky-ReLUE &1 Sl gkell ti3li A = 00] obd #h& &3
5 2 vanishing gradient TA| &] WY& 7HAA1 1)

212. A AHEZ 73 )7L
Wl A3 E 7 7730 U] 57 6(mel-scaled spectrogram decoder)= &)
AERQIFHERY WS HAE S uRoR 9 AdER
S o &8H= -5 0.2, Tacotron 2(Shen et al., 2018)2] T &
13 9} TS TE=E
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linear projection & $+ 7= inference E7gol|A] @ AsER 720
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Axksk u—ﬂ EX Ixje} @l AAEZ

ohuet, 9159] 2547

attention= A&
S E R e S
I3 =Y 218 &n) e ARk
A ae g

214 4Y A ERZ T3 HFT

A8 AHER 73 U] 70 (linear spectrogram decoder)= 2
AHAER NS Y AHEZgH R W AL s,
Transformer(Vaswani et al., 2017) 7]¥Fe] %]t} Vaswani et
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Figure 2. Linear spectrogram decoder
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7HA] E730] itk A WA, o] FollA HAlskRo] st Sl
S AlEskete] ol 719 attentions: A4 F WAl 4 H
o 7k A7) A2 72 BAE 3 8= self-attentions AHE-
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Hpoint-wise feed-forward networkE §33slt) 28 ¥ 542
NNS 5 73t7] o] 7 9] 543 vaf At} 919} 22 34 & o

] H JHE S S A3 AFER 7o) 2H L

2.1.5. Fast Griffin-Lim algorithm(Perraudin et al., 2013)
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