pISSN 2005-8063
eISSN 2586-5854
2021.12. 31.
Vol.13 No.4

pp. 47-53

wa2|ot S48 -

Phonetics and Speech Sciences

-

m—

EEEEN

https://doi.org/10.13064/KSSS.2021.13.4.047

M) Check for updates
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Abstract

Autoregressive Text-to-Speech (TTS) models suffer from inference instability and slow inference speed. Inference
instability occurs when a poorly predicted sample at time step t affects all the subsequent predictions. Slow inference speed
arises from a model structure that forces the predicted samples from time steps 1 to t-1 to predict the sample at time step t.
In this study, an end-to-end non-autoregressive fast text-to-speech model is suggested as a solution to these problems. The
results of this study show that this model's Mean Opinion Score (MOS) is close to that of Tacotron 2 - WaveNet, while this
model's inference speed and stability are higher than those of Tacotron 2 - WaveNet. Further, this study aims to offer

insight into the improvement of non-autoregressive models.
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T}, Autoregression— time step 1] -1714] 2] H|o]E] & ZF a1l
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Autoregressive TTSll tfgt A3 AF= v GoogleolA]
3 % k. Google 2] Tacotron(Wang et al., 2017)<> RNN encoder,
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o] &3 WaveNetZ} T 4 it o]ule] % Tacotrons
normalizing flow®l] St7] 7] %3 NVIDIA @] Flowtron(Valle et al.,
2020), o WE do] 5, 0 o5, 24 S s Rd 4
7N = Al =¥ Baidu®] Deep Voice(Arik et al., 2017) 5-°] 31t}

Autoregressive TTS+= outputs A= Z8 3514 Xal7] Wi
o] &8 &5t “g|ths Agho] 9t Wang et al., 2020). Time
step t2] HIO|E S Z23}7] $I8) A= time step 15-E] -1744] €]
tolH& A thE 280k a17] wiitolth Time step 12] H
OJH & Zx o538l o]F 9] TLE time stepel T3t HlolE %=
25 ST EAPANE ULt
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o] gieto 2 2 A Eo] WO autoregressivedt 5442 -3+
21737 diAl A FAAEE T2 ARsth EAFE oA mel-
scale spectrograms %2 3= non-autoregressive X221 Micro-
soft®} Zhejiang University®] FastSpeech(Ren et al., 2019)i=
teacher .9 2 H-E] attention= BT}

Mel-scale spectrogram®l| 4] /)5 % 3} non-autoregressive
Bde =77 g G00g1e9] Parallel WaveNet(van den Oord
et al,, 2017)<> 3F550] 2 ¥ teacher WaveNet ©. 2 7-E] gH& 3L
E 90 UM A4S o W2 A &3 3kt Lyrebird 2 Montreal
University 2] MelGAN(Kumar et al., 2019)3} NAVERS] Parallel
WaveGAN(Yamamoto et al., 2019)2 A2 Adl 444
(generative adversarial network) ©. % A% w o]},

%718k non-autoregressive TTST &2 =7 W=XqF 24
20E AR FH 5 Aok aF= HAZFo] QlTh FastSpeech
& mel-scale spectrograms & =317 Wil Sekel 24 &
2 Zdo] Qlojof it} Parallel WaveNet, MelGAN, Parallel
WaveGAN &2 A2 e8] slcke]] A=A 542 S 9th

2 A= autoregressive TTSS] &8 &% 2 A A7
Sl 22 17] 2 A 25 = end-to-end non-autoregressive TTSE &
B2 ek o] we}l 2 A= FastSpeech(Ren et al., 2019)$}
DCTTS(Tachibana et al., 2017)% %313 non-autoregressive TTSE
A QF5}al, autoregressive TTS 2} H] W afA] B @S- 3 7}8ic),
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Figure 1. Non-autoregressive model used in this paper

B2 F2 o2 8 7h53t) Encoder, length regulator,
decoderE Transformer(Vaswani et al., 2017) 2} FastSpeech(Ren et al.,
2019)F FZ T} Super-resolution networki= DCTTS (Tachibana et

al,, 2017)E F=xrh
2.1. Encoder®} decoder

2.1.1. Encoder®} decoder

Encoder®} decodere= W Q¥4 EAol|A o] g3
Z0|t}. Encoderi= inputol| A & 2.8t 53-8 &3 3t} Decoder
+ encoder’} 83t 5% input & 2 3} output= =3 3kt
o] Tz A2 HolHE thE A 2 tlolH & vhE uf o] &
H} ol & =9, Autoencoder= input¥} 5L $+ F | 9] output-S
Y EE AAE RER onX| ] o] A AY& T
4 UTHCho, 2013). Encoder’} =017} S0)7F inputS il
decoder”} =01 =7t A AH input-S E e E Skl 7] HTh

T2 o Al 2+ Seq2seq(Sutskever et al., 2014)°] 1T}, Seq2seq
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2 BHEH7|E S} Seq2seq input AO1E THE A= H}

= W97, input £l thet HH-E EYsh= AR, B4
S SO HHE TTS & WS Y olellA 3-8 rk(Shenet al,
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Self-Attention 5715 A} 01 head= 8712 HA L} o=
3t 719) stack 0. %2 T encodere} decoders 2+t 671 2] stack
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2.1.2. Transformer
1 219-9] encoder 2} decoder®l] 733t Transformer(Vaswani et
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Figure 2. Transformer
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2.2. Length regulator
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2.3. Super-resolution network
£ A= decoder?] output ©. % mel-scale spectrogram=- % 2|
A A, dEshs B2 Folli= mel-scale spectrograme =79 2.
% FYshs 1Al mdlo] Wk T o] R
d 2 54 E8 Algte] Atk
O]%/‘J%‘“é} RES ARRSHA] okl 57 EEshs diE Al
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Griffin-Lim algorithm(Griffin & Lim, 1983)©]t}. Griffin-
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Lim algorithm-> linear-scale spectrogram®] |4} JHE F4 3|
A g4de 93 2 A9 29 Griffin-Lim algorithmol]
S 2 linear-scale spectrogramtj: =93t} DCTTS(Tachibana et
al., 2017)2] super-resolution networks AH-

network+=" decoder’} &=

S}, Super-resolution

linear-scale
A1

231 mel-scale spectrogram=
Sk}, Super-resolution networki=
31} transposed T4 w4173 &, highway network = Z=2] €T},

£ Ao 4] 0] 2} 720] linear-scale spectrogramS- HI-Z. o =5}
+ A, decoder® mel-scale spectrograms- ¢ 53+ o] super—
resolution network % linear-scale spectrograms: ¢l 53}:= o]+
ot o} 2tk TTSE= AAke 44 FRE 1akd 349 3 EH
A5 S 3F=(decompress) 1L 9] 2FS =3 SHTHWang et
al., 2017). =A% ZH-E] linear-scale spectrogram= | 53H= 3}
Jo] vt o] 2} ). WFH, mel-scale spectrogram-= linear-scale
spectrogram® U} 7 H gFo] 2 7] wit-of] £-21E 2 H-E] mel-scale
spectrograms |53t 3 o] 2 5E] linear-scale spectrogram=- ]|
S3h= 2] do| B A o7 sholxint,
£ 5ol A= Tachibana et al.(2017)%] AT Z mel-scale
spectrograms A A mel-scale spectrogram®] 1/4 ZAo|RHE
gtk o] Who R Rdld A Folu Y S5 5
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io]_zo 3L
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1/4 7 o] mel-scale spectrogram=- ¢+
713t linear-scale spectrogram® &2 3}7] wlZo] dlo|E{ 2] Hol&
o 0 2 Zu|8h+= transposed T 4173 -2 A3

Super-resolution network”} %] gl linear-scale spectrogram<-
Griffin-Lim algorithm®] input © 2 £t} Griffin-Lim= 328
9] iteratione &1L LA output © F 54 S 3Hc)
2.4. Training & inference

Th5& & A7 ARS8k de
=]

8k% 2 o]t} Encoderi=
inpute *2) 3k Length regulatori= target mel-scale
spectrogram®]] T8} base TTS2| attentionS 313 A] encoder”}
E93 540 2ol Fujget. 727 o] o= WAz S49)
Zdo)& wFE o 53t} Decoderi= 4017} £ encoder?] &
20 ZHE mel-scale spectrograms &2 3T}, Super-resolution
network+= decoder”} =2 3} mel-scale spectrogram © = -E] linear-
scale spectrogram= & 2] 3ttt 22 decoder”| = & 3t mel-scale
spectrogram(ms)ﬂ} target mel-spectrogram(ms)2] Mean Square
Error, super-resolution network”} %2t linear-scale spectrogram
(ls)il} target linear-scale spectrogram(ls)2] Mean Square Error,
length regulator”} 2 81 &4 ©] Zo](dr)} target 53 ] o]
(dr)ﬂ Mean Square Error(2) 1)= parameters A Ho] EdI}

E ls; 715 E *dT (1)

Target mel-scale spectrogram¥} linear-scale spectrogram==

target =79 ©l14] 50ms frame length 2} 10ms frame hop length = ¥
st

Rdo] 8k o5 T A4S A= AL g
Al 22 4t} Encoder= AR inputs AAFSIA] length
regulatorel] &k} Length regulatori= base TTSS] X3 $lo]
output =73 2] A& 53| encoder 575 &7 Decoder

= length regulator 573 *] 2] 814 super-resolution network ol 1.

SR

Wit} Super-resolution network”} %2t linear-scale spectrogram
< Griffin-Lim algorithm®]] ]3] &/ 0% &=t}

3. 37}

3. 59

2 A 2EI autoregressive TTSS] Mean Opinion Score
(MOS), %Q _’_I\T}lt_’ Ql- %/\—],_ H]g_o]—‘:— A 64 og 1:41 o) _1:17].311
o} HnEE B2 Tacotron 2 — WaveNetOZ 507
autoregressive TTSO|Th FH )3t 343+ 348 2AJstuAl £
A9 2ald} vy = B2 B batch 1625 607 stepe
=94t 2 A+te] 9y} Tacotron 22] optimizer parametert=
Shen et al.(2017)= WSt} WaveNet 2] optimizer parameteri= van
den Oord et al.(2016)= W5ATE 2 A2 Rdl2 v wE & 29
3} FA 3t 317 9] Tacotron 22] attentions 20| oSl =3t}

BE 2 24| A8 ek A Q1 A €] sample rate 22,050
Hz 11A3F &4 dlo|B = sh5 vt 2 A58 o) v u s =
29 input-S S AY 2 X §ehA] o2 wArgolt)

3.2. Mean opinion score
TTSO] A2 5449 X}‘?ﬂiﬂiﬁ(naturalness), = Q17
A3 A H o] &l E(intelligibility), & Tl & o=
AE= 49t (Dvorak, 2011). F 71%8
at7] o571 wiell MOsEh= <1zl T34 Q1 42
= 3 7Fe t(Holmes & Holmes, 2002). = A= At A
AL 5P o Prleh LIS A1 8, 23 (AR
A;ﬂﬁ) 324(3@_5) 4x4(x}oq/\gqg) 57(4(1:{H - 2k /\‘31?)01
of. ojshg = ojstl Al 10 e o 15709] £33} ground
truth 54 1570 H5E FAgoh ® 12 F 223} ground
truth&] MOS 2 o]t}

10 o o A dp

o
Ho v

1. TTS< AA] 2792 MOS
Table 1. MOS of synthesized speech & ground truth speech

Method MOS (A% 77+ 95%)
Tacotron 2 - WaveNet 3.86+0.36
Research model 3.8+0.12
Ground truth 4.6+0.07

MOS, Mean Opinion Score; TTS, Text-to-Speech.

% 19 oJsha B -] ® 3} Tacotron 2 - WaveNet2] MOS
+ ground truth®] MOSE.T} SEA|1F 4 (=FA 28] )l 71Tt
B o159 B El& Tacotron 2 — WaveNet 2.0} MOS7} & W]
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3.3. Inference &=
E 2= X9 gk

)

B odto] 2 ey} Tacotron 2 - WaveNet
of| 7] 20071 8] &% SHo R &

truth®} B3t B]golth Z+ 2 de NVIDIAS] A100-SXM4-

40GBGPU 1702 &44S &gtk

& ground

2. AARE FAATTSY 28 £ 0l &
Table 2. Inference speed rate of TTS compared with realtime speech

Method Speed rate
Tacotron 2 - WaveNet 0.006x
Research model 600x
Ground truth 1x
TTS, Text-to-Speech.
H2E 0N S Eh 19 240) 92, o] 34
A AJshA 1-2°] AT} Tacotron 2 - WaveNet®] 1+ S48 &
Hah= A 17 54 AsHE £59 0.006x, = °F3A17F

A= Atk v &2 A7) Bdo] 17 A4S E95= 4y
2 A 2] 600x, = 0.13%7} A =™} Tacotron 2 - WaveNet-= full
mel-scale spectrogram= autoregressivedtA| 2 2] A4k, & A+
o] 2E2 1/4 Z©] mel-scale spectrogram= non-autoregressives;

Al A sk 2po] ol M v A3 ke,

3.4. o]_x—] /\-]
Ren et al.(2019)2] AE-& FxaA F 2o g HPS
H&Pt 5 oA 2 A 9 3} Tacotron 2 — WaveNet

:I.L
oA 3070S] BAE FHARG TS mae] B of

10,
td

718 = = AEE F3.9, Ren et al.(2019)= w2hA] 1. 3
SR B ex. 9h), 2. TIHA) o AR E3hex HHA), 3.0
25 Wol(ex. Z7H7H77h), 4. 70 B4 ) Fiol) #32
% o) oA Afolk

¥3.TTSS /&
Table 3. Error rate of TTS

Method Error rate
Tacotron 2 - WaveNet 23%
Research model 8%

TTS, Text To Speech.

39 £ A9 Rd9] @ {2 Tacotron 2 — WaveNet =T}
St e PR 2P S op7leke Ul S el Qlo] A
20 7 QFgAdo] =rfal IehE T Tacotron 2 — WaveNet &
3] WHEE = o] Eolghs W 57 time stepi-E] 5] ©]
A A 71 o] Eolghs Wl 8] IF-E US4
+ A4S A5 BIt) Tacotron 2 — WaveNeto|4 57 time

= 9] time step®] TS

4. 4E

= A5 autoregressive TTSS] T2 1 $Hsk= end-to-end
non-autoregressive TTSE AIFFITE The-& 1 A+-9] HHlo]
autoregressive TTS 2} B W3l A] 714 = A o] Th

1.9V A8 Aol oahe, B Ao mae $4E 5
2 Z317] WliZoll 54 time step©] T4 22w 2 F 2
RE time step®] 2% &7 5 += autoregressive TTS(Tacotron

2 - WaveNet) 5.t} 917g # o]t}

2. MOS 57 A Aol ofabd, & A9 R auto-
regressive TTS(Tacotron 2 — WaveNet) 2} H|S=8kA] AFd 2~
2 5= A gtk

3. _O_JH iEﬂ _}J\_E )\1‘6‘4 gjq.oﬂ gl{g]-tﬂ J;L O:]:TLQ] = 1321%
autoregressive TTS(Tacotron 2 - WaveNet) .t & =71 2
= T},

rf

E AT R dlo] A, b W £ 5 = Tacotron 2 — WaveNet
I v wE o, HES 1Ei autoregressive TTS2}2] H] 1
Aglo] Fosjty. 53], Tacotrond} o] Edl 17RE A1zt
autoregressive TTS2}2] H| 1w A& &= 7}5-8}t}. =712 FastSpeech -
MelGAN 5 5.2 27] 2 A2} non-autoregressive TTS2}2] H] 1
AE] B L2 B = ossOll o3 ablation 2 &S 13 8 = QlTh

2 A7 BaS A E the] AT A E oo 3
Zlolth, -4 0 7= Bl o] A5 o= A7V} itk MOS
=74 Ade] Ayl o8t & A7 EEe obA auto-
regressive TTS(Tacotron 2 — Wavenet) 2] -5 3]+ upehzd
A EEth ARG £S5 FAEtAA deg 2E T e W

= gtotof gitt

SO R B £ 5 Fol= A7) 7ksstth # AT
o] mdle FAA A mel-scale spectrogram= 71 *A] linear-
scale spectrogram-s %2 1T}, Linear-scale spectrogram ] 7 1 2F
A w7l EAFE S ¥EE linear-scale spectrogram ©. 2 &8 5}
2do] AR w@ol vhe} glA] kSt 2] A5 o] il &
dlo] glth £ A+ 20| mel-scale spectrogram s 5
e F Qo) T A Z5-E] HFE linear-scale spectrogramS-
A2 298 4 b, T parameter’} Ad A ZE o] &
Sk o ek Blott

™
f i)

ol

opAuke 2 dlolelo] TlE 2Ee) Qb S ol AT}
Aesit. vole A, B, CF /MRS 1) o] Hole Az
S48 3 8 5 QAT HlolE B, CEE B4 g %8 S 9T,
7 glole) M2 54o] k=] molth @AY maEe 4ol ot
4 dlole 1702 8t50] 2 Frke o] HelsI QA v 7} A7

2 o] W vlolelel U3t g o) st g sele 5 9lck
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