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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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24) &4 (speech synthesis)> 71 AlS AREa] 917+e] whElS
AAE= 7)ol BIAEE S o7 WElsl= gAolal=
% o) 4] Text-To-Speech(TTS)2t 1= 3}, theksl E7He] 34
T 7E SollAE HIZol= HE19(deep learning)= A3
=73 /o) AR H = F Aol
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el 7Iake] 544 3 WAl F 7R ERE S Alth
AR GAES MY AdEZTAOT WS F A
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Tacotron(Wang et al., 2017)¥} Deep Convolutional TTS(DCTTS;
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Tachibana et al., 2018)7} A}, Wang et al.(2017)3] Tacotron
Recurrent Neural Network(RNN) 7]1Fe] &4 4] Rdl@ @AE
= Ay ~HEZTHoR WS ) Griffin-Lim Algorithm
(GLA; Griffin & Lim, 1984)2 AHE-3Fo] 5242 A3/ 1T}, Encoder
2} decoder 7}l = attention mechanisms AFE-8 0 24 T o]
k] A5 8538k ST} Tachibana
et al.(2018)¢] DCTTS+i= Convolutional Neural Network(CNN)E
AHg-ste] AE A E R 38 AJ/d sk, RNN 718k vl 3] W
4 A o] Wobs St o whE Rdlolth 34 A4S
8| 4= realtime GLAZ}FILE Y 7= RTISI-LA(Zhu et al., 2006)
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2017).
ES W A EZ 7 W (mel-scaled spectrogram)
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2020). thE A2l 53 29 Z = Shen et al.(2018)2] Tacotron 22}
Ren et al.(2019)°l|4] A|FE FastSpeechs & 4= SITh Tacotron
2(Shen et al., 2018)+= Tacotron(Wang et al., 2017)2] Seq2seq -3
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o] d At ] SO ZFH v AR SA4E d55he
causal CNN 7|9}Fe] W E 2 okz o] 2412 AASHA W Y
25 8FA] Yolr] &mr) gtk wdo] QlTh Prenger et
al. (2018)94 WaveGlowi= flow 7]RFe] R Z @A A7k <]
d& ABE HolE tiH] & Ato] =2 U U= xRk
A e g Eseta, 2 A 2 E Afol =R
5 247} A3k 0 2 M) WaveNetoll H]3)| &7 3 Q).
Kumar et al.(2019)2] MelGAN< CNNZ} Generative Adversarial
Network(GAN) 7]1WFe] B A0 2, WaveGlow R UL & 57} &4k
=Tk

O_u
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néizu
o

n

Y I mar s EY S0 Y S A% Fdo|
7F557] W) GLAS] Hla) o] £ BT 4
] lTHShen et al., 2018). 1|} FwHY HIAC & AHE3sh= 4
Follt= T o) BAZ Gelof gk 3 WA, male] Felo
AHE A7) Ak £ B Iy Eg 24 EUE
F, 7 2 2fslo o] uhiolth &3 wuls el
"o] 7} Exlo] ShEE oM Yol Frha sheiehe, 1
92 AFRL W) Y5 OE 5 ek o A9 F ud

o] stepulEE Al AA kel A3 AF-aof vk Alvkrt
MelGAN(Kumar et al., 2019) ¥} 72 GAN 7|4+ B 76 = 714
© F generator®} discriminator®] T 2] 7 &S 9o} sl
GANS] F& 2 dlo|elu} ghaful g, 29 7% Foll 4743] vzt
3F7] wite] ofelgo] -9k U Arjovsky et al., 2017). + HA
w4 el 2o wRe e o] AZk F e 2dl
Agallof St R o W2 oFo W& Frok sl o]&=
HE 0% AMGEE GPU AN 8] &5 2943 AN o] =

H rr mlo=

wEba] AA Au| 2ol ol go] Q& 4 Qlrk Hl
Aqu) 20| A= GPUE o] §-38H4] F3sh=
7ol a4 w7} Sl ol 2§t
o] F4 A S 57FGLAC v &
GLA Al¥-2 STFTY th% F2(loop) 779 ol
= EZA HHE A Arke] A4
sk AlS FA A9 = xfol= A3t
Ax FAlo) ¥ e vVRAMS ©]-§-3 = 9 % 3
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%;U:} Prenger et al. (2018)«] R ]/\1 GLA, WaveNet,
WaveGlow,] Mean Opinion Score(MOS)+ 737} 3.823+0.1349,
3.885+0.1238, 3.961+ 0.1343 2.2 GLA #H)| 9] Ad-5-2 WaveNet,
WaveGlow 52| Bt 23} & 2po| 7} b2 b=t st
Gyl 7|0k AT = S HolH R 8h5e o)) wjite]
AA 589 2 AMER TS Yo R W T Al
of B2 X dlolg ol el 3t 52 Aes Heltke B

o] gith. o] ¥kl GLAE convergent3t phase reconstruction®] 7|
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whebA B =R GLAS AMSSEA T Bar RS
AR 54 B B Aol vied A AER T
ol & Ras AAstaAf §ht
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o} T WA Adrgsitt 3o 7 RE2 e £S5 1
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T (encoder)-

£ =3-of| A= Tacotron 2(Shen et al., 2018)2] Q157
t] T (decoder) 2} Transformer(Vaswani et al., 2017) 7|5+ 413
2HE

S Absie 2 2] HAl Fxe
= (text encoder), W AAER 73 O] FY (mel-scaled spectrogram
decoder), 13 A~ E 2 773 U] 7 (linear spectrogram decoder) =
TdEth BIAE QT (text encoder)ol| A BIAEE JEgto=
who} A g|sh & W AAEZ 73 U] T (mel-scaled spectrogram
decoder)o|A BIAE AR E 7§07 Wl AHEZR 7305 Al
st} o] 9171 ¢} v 71 & Tacotron 2(Shen et al., 2018)] 7%

dEeEz A O)FEE 433 AE AdEZ 72 o= 2d

= =
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& e Ay AHE
M= AHAEZTH
S S A A E R 73 U] FT = Transformer(Vaswani et
al,, 2017)9] FZ5 7|HEO = S}, vhA|ukO £ Fast GLA(Perraudin
etal,2013)5 A&l AE A EZ oM S48 Bt
Tacotron(Wang et al., 2017), DCTTS(Tachibana et al., 2018) 5
Ol A AFEZ T oS FE HAES Wl AuEZ )

E 2 713 t] 7 (linear spectrogram decoder)
< Yoz whol Ay A ER 73

o7 H3E 5 W AdEZ JAS MY AdEZ MO T W
gehs S AR A AHEZ T30 AP 9 AHE
ZI0 Aol vlEl] &4 7] wiell, AAtd e @ AHER
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Figure 1. Linear spectrogram prediction model

HIAE QT T(text encoder) T BIAEE YO E e &

YAEo] e T3 545 525k t) 3t (decoder) 2 A

© 2, Tacotron 2(Shen et al., 2018)] 913 T (encoder)
ZZ At} =, 1-dimensional CNN¥} bidirectional
T3 E ek AnkA <l & o)A 2 Az el A o] $-¢]

AZFe 2] gk wheke] whek(context)RF 112 G4 WL, bidirectional
RNN- o] F2] AZbefoll A o]z o] Ao 28] W3k nejs)
7] wzel B E < —4 ARE FE2T T OIE]"“ gl Aot
£ 2dlo] ¥|AE Q15T 9} Tacotron 22] 5T 9}29] 2fo]H
AHg-8h= 8433} &< (activation functlon)oﬂ 81T}, Tacotron 2°]|
4 ReLUE AFE-3IA|Th B]AE Q5T of| A= leaky-ReLUS
Fg3rh S5 AHS BT 002 #gkehs ReLUSN 2o,
leaky-ReLU= 5721 J & gkell tlal A = 00] obd 3k &3
© 24 vanishing gradient 7] 2] WY& 7+ A1 71T},

212 @ AHER T3 U] Fr
Wl A3 E 7 7730 U] 76 (mel-scaled spectrogram decoder)= &

AE QT RHE We HAE EXS nlEgto g W AFEF

RS 01]5—0 ‘C —r‘_ﬂi Tacotron 2(Shen et al., 2018)%] t] =
Tl ¢ = AUt} =, prenet, unidirectional RNN, linear
prOJectlonJJr postnet__i T ¥} Tacotron 29} wEEIA|E
linear projection & 3+ 7= inference 33 oA H AHEZ =)
7o) FkE ofof sh= A 4-& LFEFUIR= stop tokens o153 T

2.1.3. Attention

Attention> Q1570 2] lH gk HIAES} tar o] 43k 4
~HAER TR0 4 @45 w8 (mapping)shi= Hl AHE-ETH
Al Fall, IAEE FA S 7t Sxtet A AHER S T
A= 72 Z Y Y (frame)= 9174 (map) 3t} Attention 21 5T o]
A FET AEE YIUE At TRV R Stk B =i
o] 4= Tacotron 2(Shen et al., 2018) 2} & 3}7] location-sensitive
attention= A&-31C} Location-sensitive attention= B~ E ¢} 2
AHEZ TAIe] AAE ALt u, 54 SAtel @ AHER
23 =Y 1R ou] o] fAPF R ok $1X]1 9] 243737t
Z] s gt

214. A8 AU EZ T O] T

A8 A~HEZ 73 t]FH(linear spectrogram decoder)i=
2AER IS AY AFERTFOR Wilehs AYE s,
Transformer(Vaswani et al., 2017) 7]{ke] G-Z=0|t}. Vaswani et
al.(2017)2] Transformeri= e &l AF¢1o] 2] 2] & 913l AIFE encoder-
decoder 32| Zdo]t}, 7121} Transformer ©] 2o %= 24
Hd(Ren et al., 2019), 71 €9 (Chen et al., 2020) 5 TFF3H -
oA E-g-¥t} & =] A+i= Transformer ] encoder 2} decoder-J
310 &= multi-head attention, point-wise feed-forward network
2} positional encoding 7152 AFE-a W AHEZ 7;S MY
AFER 02 Malg)

MY A ER T I 2 7|24 Q) 72+ 11 29 Zrk
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Figure 2. Linear spectrogram decoder

o] Jggke] AR £ fA ARE Foldd ¢ Es
positional encoding®] & gkell ol A= = gk Y= A|2F

22 1A AR A gk el "k AR 52 1A

I E 7 777 v 57T o 4 AFE-¥] = Multi-Head attention©l| = 7
71 5ol qltk 3 WA, o] 5ol A g Alskze] shte] o
e AlEakete] ole] 79 attentionS AlAFEHCE F WA, 9 H
I 3t A7) A2 2E] BAE )3 3= self-attentionS AFH§-
gtk g AES W A E R T RIke] $AE AL location-
sensitive attention®} T2 A], @ AHEZ 3yl |l AHAEF 7
2 2pal o] BAIE A

Multi-head attentionS £33k 91 #H7H-S attention= £ 1}3}7|
o] 9] 9187k} a7 ¥, Deep Neural Network(DNN) = -4
Hpoint-wise feed-forward networkS E2}slt} E® 542
DNN£ 5#s}7] o] 9] 543 Hafj it $1 ¢} 22 A& o
2] H gk So) A A ER T3lo] 2 H T

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

<79 ¢l Short-Time Fourier Transform(STFT)S- 2]-8-31S w] &
s A AHER TJRel= 2 32 amplitude®} phase
A7} LgE T o] Ao A= amplitude A RTFEQ
3] wiitoll A3 AFEZ IR Hoighs 54 EHOE F
st 2eu A3 AFER TS AP SASE BEAT
7] 134 = amplitude ¥7F oFH 2t phase 8 K71 E @ 8fth &
A% phase JHE FFoto] AP ~AEZ IS SAHOE B
HA)71+= 7]420] GLA(Griffin & Lim, 1984)°] T},

Perraudin et al.(2013)<> alpha I}2}n|E|E A&3le] 22
iteration®. 2= &= H A o] SO0 g HLo] 7153t fast GLAS 7N
Q5151 T}, Sharma et al.(2020)2] A3 of] k=1 fast GLA 2] MOS

= GLA® Y ol g} GAN 7|RF B I T R UG =9k
fast GLAS] A5°o] wddl 7|9 B7v] 9 B8k AY o] 58
7Fe’dE& AR 2 Rdlo = o] APS BEYE st A8
~HAEZ 3 gIAGA Y AY AHEZ 73| fast
GLAE 483t 548 5 AHEZ st

ol AgE

2.2. Cost Function
2 2ae] S 57FK] F7F2 cost function®] AHE-E T}
ol

A2 o} 9] cost functions BF F A3}k Weko 2 s

rr
kg

2 HA dlo] & 53k postnet ©] 7 2] Wl AHE T 72N M,
o} EPll(target) ™ AFEZ 72 ), 2}0] binary cross entropy
loss©| T} & B oA ALG-E]= H AHER 7319] Zho] W $
£ 03} 1 Afo] 2 gy o] §lom, o] ghs FER Eate] 4
(1)¥} 2 binary cross entropy lossE A& ISITE F HAl= B
o] o =3t postnet 0] F-2] W AAEL T A7, 9} BR A A
HAER 730 1, 2}°] binary cross entropy loss 2] (2)2} 2T}, Al
A= Elo] 58 Y A ER TR [ o Bl Y A9
EZ 7 L, 9] binary cross entropy loss= 2] (3)3} 2t} H A~
HEZ I rx7IA 2 Ay A9EZ TR H9lE 074 1
Aol g E ek vl WA= Redo] |53 stop token .S, 2F
EF stop token .5, 2}+2] binary cross entropy loss= 2] (4)$} 2t}
Stop token> ER0] SA A& Fdsllok & o 1, X &alof &
o0& E ot A7) well A4 ()+3)7 T L7 cost
functions- A3t} vEX] k2 guided attention loss®, location-
sensitive attention®] alignment®] -5 57 ~E7kA]= ozt
Aoz ZFAAZITE A (5)2] A+ attention matrix®l] 3|3,
W= attention weight S UJZd 0 2 ZIA| A1 7]+= Aol
2] % cost function 2] (6)3} 2T}

=

fd

¢

G ==Y M+ logh, +(1— M) - log(1— M) 1)

Gy ==Y M, - loghl, +(1— 1) - log(1— M) )

Gy ==L+ logL, +(1—1,) - log(1— L) 3)

G, =335, logs, +(1-5,) - log(1—5,) “

1

G=—dlA- Wl Q)

C=CG+G+G+G+G (6)
3.4

2 RA A5 SEE Frleh] At A3 S v 2o
A3t & 2 Ey) v w e 2 e 2 = Tacotron 201 WaveGlow
£ RIUE A RS AR AT WA T RS A F
A5 &, 7 Bllel A 20718 S48 st 7 2R &
“def th st Mean Opinion Score(MOS) 55 7|WIO. 2 55
HlwapGieh stk 7k B dllofl A 100718 545 e 5, 54
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3.1.1. Hlo]H
Aol AbgR 2R 49 olz A% 172
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0‘31 D““O] Z’Léo}xl U 07H4 —Sr b W7 4 A
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Bl FoE dEE Hdksi AbAssith
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W(silence) T-7F0] EAe ) A AHER 7 Wl A AAE
j_aq S 32 W9 frame 171+ 1,024 samples, frame ©]5 3¢
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32 FAH A5

A AAER I = B
vE| 9} Lt sl e 2
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1l &5 H] W ol ARE-E]& Tacotron 2 B-3F Shen et al.(2018) 3} &
A3t St E & ARSI T 7 R a2 B vl X (batch) 3271
2 F 209 AES E9Jt) Tacotron 29 HFAUIE AMEE+=
WaveGlow Bl %] 167] 2 % 205 A~ 818 =t} Adam optimizer
12 0.9, B 0.999, 2 1078 0.2 g3}

222 Shen et al.(2018)2] F7 w}e}
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9] learning rate<- 104,
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Aol aholt) H A= SA 9 AFAAE S-S FE 1-5 Ao
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A3 M = 2030009 i 1488 o R AP A E
213 |5 223 Tacotron 2+WaveGlow”} /33 4= 3
7Vt S Bk ZF WA= 2 Rdo] A e 20709] S &
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X 1. Mean opinion score (MOS)
Table 1. Mean opinion scores (MOS)

2 MOS
Llnea? spectrogram 3.6540.085
prediction model
Tacotron 2 +WaveGlow 3.55+0.086

2 Ao MOS A 2lol® 54 A £ AgSs A
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E2LEH AN EE
Table 2. Inference speed
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