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Real-Time Mandarin Speech Synthesis System
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Abstract

This thesis studies and implements the real time Chinese speech synthesis system.
This system uses a conversion model of the text sequence to the Mel spectrum
sequence, and then concatenates a vocoder from the Mel spectrum to the
synthesized speech. We use Tacotron2 to implement a sequence-to-sequence
conversion model with several different vocoders, including Griffin-Lim,
World-Vocoder, and WaveGlow. The WaveGlow neural network vocoder, which
implements the reversible codec function, is the most prominent, and is impressive
in terms of synthesis speed or speech quality. We use a single speaker with 12-hour
corpus implementation system. In terms of voice quality, the MOS of the
synthesized system voice using the WaveGlow vocoder is 4.08, which is slightly
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lower than the 4.41 of the real voice, and far better than the other two vocoders
(average 2.93). In terms of processing speed, if the GeForce RTX 2080 Tl GPU is
used, the synthesis system using the WaveGlow vocoder produces a voice of 10
seconds and 48 kHz in 1.4 seconds, so it is a real time system.
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1. 4&3% (Introduction)
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2. BHZE /57 (Research Methods)

2.1 &EF}EE (Dataset)
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# 1. BEREHERETIS
[Table 1. Biaobei Data Specification]
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2.2 TEHI4ERE (Predicted Model)

1E Fif FEOHI S B 77 FMEEEL T Google |y Tacotron2 (Shen et al., 2017) » Wi 1 ¥ S0 5E &
BRERGM T B b - 2048 i (8 AV 2 — (B4R 15 25 -fi#h5 25 (Encoder-Decoder) Y% B
A A0 AT A B SRR Y £ B 7 & (Location  sensitive attention) (Chorowski, Bahdanau,
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[Figure 1. The model architecture of the predicted network]

2. EIVHIEEE
[Table 2. Data preprocessing]

EEREN AR - IR EBPALE A S A SR AR -
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wang?2 yang2 bu3 lao2 | geng4| ke3 kao4 | geng4| you3 xiao4 |.

2.3 EfESS (Vocoder)

Tacotron2 (Shen et al., 2017)FE % A ERHESS B WaveNet (van den Oord et al., 2016) » Z{#H
Auto-regression 1Y ARE AR o BIEAE TS Fils 20 (B R A0 @ AR 98 B — B 2 ey o
GO o PRI T B A G (Causal Convolution)ZH 5k » 11 R T REAERFE_EIEIG
REEMY EVAIEE 7 f5 R chfin A T $5% A 457 (Dilated Causal Convolution) (Yu & Koltun, 2015) »
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2017) Y Rl TECRI 4GRS - 7S 1R R AV S A T BN - $R5T -
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[Figure 2. Dilated Causal Convolution]

2.3.1 Griffin-Lim

Griffin-Lim (Griffin & Lim, 1984) 2 —fEARAYEEE  HHE S84~ 20 WaveNet (van
den Oord et al., 2016) » {EAEEIEG 248 HI0RA TR ST - EeF L RIREES G RS L
HIH SR - B R AHI BRI G R EE » M EREF R T8 T REVERDITER
HARIE M - PR (F 4 R 005 25 7 T AR AL FIEE %5 280 = > Griffin-Lim (Griffin & Lim, 1984)
AR SO TR 4R M AR S ] 13 B R O -

2.3.2 World-Vocoder

B EEEN—E  ZEHANRESRERY - B —EBANERNEYS - KIEHES
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World-Vocoder (MORISE, YOKOMORI & OZAWA, 2016) BT 388 HHE - SRl =
e R B2 R FLE (Fundamental  Frequency) ~ Sz 4% (Spectral envelope) DL K FEFEHH 51
(Aperiodic parameter)¥fESI T A S5 AT A 4% HHLJE - 8 R 23 (source-filter) A » £21& 30 F]
st S REEES - WE 3 - H 4 - MERHEEE Y EE - /2 A1 DIO HEE
FEHUHEAR - AR FI I EAR TR HY CheapTrick FEHUELSE - i B 48 DAC [R5 F{HYEAH
LA SEET R IR AI(E 9E - R F 7B Tacotron2 (Shen et al., 2017)gl[#k {fi4E & - Bl
HEFE RS F48 DA IR I E SR M R SR HL R 4 - DGR ARt A A i 1| R s P s 2
JBEF7 - (i E Merlin T 28 AT & B E LA L HVEA - DMV ER B - & oRiEiE
fy MFCC [ %2 60 4t » #iRiIR I 5882 Y Band JEEIA(ESE - AP BRI AR0R 4
P2 5 4 EAREN o FIORFEAR S » (% P RS e FE A AR 2K - i Al Tacotron2 (Shen
et al., 2017) A AL 1) B B AHEE4E s~ 314k -
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[Figure 3. World-Vocoder reconstructs voice signals through FO, SP, AP]
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[Figure 4. Classic source-filter model FO, AP and SP correspond to pulse train,
white noise, and h(n) of the Vocal tract resonance part, respectively.

2.3.3 WaveGlow

W2 e aC A S Y 28 2 - H AT (S8 SRy A2 e Y B A B (0] BREE Y (Autoregressive model)
A B RS (GAN) DL FS A T HY A B 2 (Flow-based generative model) (Prenger, Valle
& Catanzaro, 2018) - f8& H [BIEF AT % H B R 5] TREFAVRCR - HisfE— ARk
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WaveGlow (Prenger et al., 2018):7 4% 73 7 PR £ BEEE & - (£ 75— (48RS K — (B Ak
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HAPIEE FH RIS 2R EE IR T (Prenger et al., 2018) FAYACE - E1 & 12 JEHy$RRILH & -
12 {i 1*1 AT GfE Ll WN B354 8 g dilated convolutions » [EIRFARHE IR ER}
EIRE TSR - HIER Ry 48kHz (YE AR - TR 160 4ERVHEESERE(E Ryl A DL
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72 3. Biaobei ZHIEEREZTE
[Table 3. Biaobei dataset hyperparameter setting]

&£ : Biaobei

sample_rate(Hz) 48k
num_mels 160
FFT size 4096
hop_size 600
window_size 2400

3. EEp4ER (Experimental Results)

3.1 THEEE (Mean Opinion Score Tests)

TERERII SRR 2 1% » FMIEE R R R PR BE E T AL A B[R RN B R A SO HE T
B > RN B—2 i o ZREER T g NFEH AR R[S AT G T a2 O E
TR Rk B EE R L. World-Vocoder (MORISE et al., 2016) ~ Griffin-Lim (Griffin
& Lim, 1984) ~ WaveGlow (Prenger et al., 2018) =ffi R [E & i 25 SRR A1 - fFE—HEE
Ttk WEE TN EE % SEHEHEEETE - B ERERE S I T
B ZAEREEAERE - HEGE Rk 4 -
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Z& 4. Mean Opinion Scores
[Table 4. Mean Opinion Scores]

Bz AT

Model Mean Opinion Score(MOS)
World-Vocoder 2.71
Griffin-Lim 3.15
WaveGlow 4.08
Ground Truth 4.41

3.2 ¥EER#EE Speed of Inference

—(ESEENEHER/VEEEA 16kHz iYEREEEE o mEFIny & 5a1E milm TEUH 48 B 20 1% I
ERGEENMERFG TIEE  ERMENR THLENGIEZRRIVEE - JISTavEaIE
94— %] 1 GeForce RTX 2080 TI GPU [ #E{THEM « DIE R —(E 7 H 48kHz iy 45
ezt Fe M5 BIAE World-Vocoder (MORISE et al., 2016) : 6 #b > Griffin-Lim (Griffin & Lim,
1984) : 1.2 ¥) » WaveGlow (Prenger et al., 2018) : 1.4 #PAYES RN SERE T HEER - 5540 - Ff
W HEH T Tacotron2 (Shen et al., 2017) FHIAEES FE BC A [F RS 25 72 (5] — B 188 o3 Al ATk
METETR - #EZX WaveGlow (Prenger et al., 2018) FE I ] _EEEFR 1 (B 520y SRl 2T
HEHR 5 fTEHEFMEBENERTAE S » 30H T RMEIERTE B LAY RTRE

7&5. Tacotron2 4351 [/ a5k /AR a2 &N

[Table 5. Tacotron2 combines computing resources used by different vocoders]

Intel(R) Xeon(R) Gold 5118 CPU i e

@ 2.30GHz/64GB/RTX 2080TI World-Vocoder Griffin-Lim WaveGlow
GPU {F=(GB) 0.93G 1.31G 2.5G
CPU fsEFH%2(%) 6.75% 7.5% 14.3%
MEM fi FfI %2 (%) 2.45% 3.25% 5%

4. %53 (Conclusions)

FAFIAIRZE B B g s e T S Al A > 65 World-Vocoder (MORISE et al., 2016)-
Griffin-Lim (Griffin & Lim, 1984) [/ WaveGlow (Prenger et al., 2018) g b &Rk
FeflrEhE FERMOTENAERS - - 7EIRMIFZERE - B2 World-Vocoder F;
Griffin-Lim &5 & — Bl » (B SSHAVE R E R R B R e 4dps (e
a5 - H WaveGlow (Prenger et al., 2018) &4t & EHYE 5 IR SRR F(E
2080TI | » —Fb&4YEEu[ 4 By 350kHz DL EAYEREERN) &4 T 7 AR SENER - (HEt &8
M > FMERES SR AE(L T BURIRMIE AR P SCE R R - &
B T B R R EE - (A R A RPN ER NIV B ZAGEE - HIBR TR
EHTRAGERE AN - (RTINS S I A B EWRE Rt - (EEaRIIEHE L
B 5 AR R RIS 2 — -
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