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Abstract

In recent years, speech synthesis system can generate speech with high speech
quality. However, multi-speaker text-to-speech (TTS) system still require large
amount of speech data for each target speaker. In this study, we would like to
construct a multi-speaker TTS system by incorporating two sub modules into
artificial neural network-based speech synthesis system to alleviate this problem.
First module is to add the speaker embedding into encoding module of the end-to-
end TTS framework while using small amount of the speech data of the training
speakers. For speaker embedding method, in our study, two speaker embedding
methods, namely speaker verification embedding and voice conversion embedding,
are compared for deciding which one is suitable for the personalized TTS system.
Besides, we substituted the conventional post-net module, which is conventionally
adopted to enhance the output spectrum sequence, to a post-filter network, which is
further improving the speech quality of the generated speech utterance. Finally,
experiment results showed that the speaker embedding is useful by adding it into
encoding module and the resultant speech utterance indeed perceived as the target
speaker. Also, the post-filter network not only improving the speech quality and also
enhancing the speaker similarity of the generated speech utterances. The constructed
TTS system can generate a speech utterance of the target speaker in fewer than 2
seconds. In the future, other feature such as prosody information will be incorporated
to help the TTS framework to improve the performance.
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&3 (Introduction)
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o BIRVEHNE © FIZAE TTS ZEFNILA Speaker ID Table SR {EEAYFES (KT Speaker ID
ERCHIEE SIS - TR NS AR MEEE - HEREARE N EEENEEH
15 DL 25 )| SRS R AR R B AR - AR B B mmRE -

BB SRR 5 2554 TTS EMARE - INEA % (Jiaeral, 2018) Al
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[Figure 1. Tacotron 2 model architecturef
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Tacotron 2 FEHSZLFEETA H RIS QERS IR T ARG B AH ST EEHY - BB Self-Attention
(Vaswani et al., 2017) RE#EMANREEE G RAVER b 2 740 Tacotron 2 K] RNN
MR TR IRIE P #H BB K EFHE » 41 Transformer TTS (Li et al, 2019) A1
Fastspeech 2 (Ren et al., 2020) ; th75 3 & fE1 5 7% & 09 77 2852 H - PAdg== Tacotron 2
EAHFE GRS RS ISR RN T gHA RFHNEEZEHIME > 20 Forward
Attention (Zhang et al., 2018) Jz Dynamic Convolution Attention (Battenberg et al., 2020) °
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BEGEE S B RTINS e B e R E AU -
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[Figure 2. AdaIN-VC model architecture]
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2.2 EEEWES, (Voice Verification){E75
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[Figure 3. LDE model architecture]

3. W52 1= (Research Method)

3.1 45i%E2S (Encoder)
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[Figure 4. Encoder architecture]

3.2 fZiESS (Decoder)
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[Figure 5. Decoder architecture]

3.3 Post-Net
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[Figure 6. Diffwave process]
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[Figure 7. Diffwave model architecture]

4. % (Experiments)

4.1 &FlEE (Dataset)

FAIEA AISHELL-3 S{RE GBS HIREE R AR ERIVERE - L5 88035 {HE
& > 218 {isEE » BREEF Ky 44.1kHz > 16bit - T [IRFTA SHE N EREE R 22050Hz » Wi fE
FREL 173 fIsBE QML EEREEES 80%) » U sEHFEMAL 100 A S AE(E Rl ok e - 4L
17300 {15 - Hek 45 FeEE E R E BB AR A & R I MNBREE HIMEEE -

4.2 EEs%E (Experimental Setups)

B4 M HiFIGAN (Kong, J. et al., 2020) 1E B AR E &R Vocoder » 74 A a4k
W ETSEINMER - (EFEAFEIEE T Github FATHE A THIIRBAY - B3 > I8
IR B RO AE o7 A RE S A AdaIN-VC FIFEF HEakny LDE ARG 4E > (HH
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AR 128 HEERYREE IR AR o EFFTHEHIEIHY Tacotron 2 fEIIZLRE > f - 4RHEIEHY
it Content Information 1 4 T4y 512 4 SpfE EEEE IR AR &1 [y 640 4 Long-
distance Content Information ¥y -H 45 B 128 4 » R FEEER AR EBR R 2564 < £
fRTENG T > RSB R A A B FF4E S 256 41 DL Softsign JEUEHEUSUE » 1> Pre-Net
P BLSREEAE N - HCEREEE B % 8 Tacotron 2 -

FeMFRHHY TTS #EAIZ A Pytorch (IS4G ERAEZE FA#ELT » i PL Nvidia GeForce RTX
2070 GPU 3%k - fit8 A/ (Batch Size) %5 8 » L3[4 208,000 {& Steps * 495 96 {i
Epochs

4.3 EE4ER (Results)

4.3.1 :EZ 58 (Speech quality)

T IMEHEEREH (MOS) e E 'R - 7 hlapGE T e E YRRl
GRET TTS L4 10 [HANEREEATEAE R LI TS - BANFE RS 10 EANEREEEE
EEEGEEEHELE » HEROFE1 -

K 1. FEIERIEE ST MOS
[Table 1. MOS for Voice Conversion and Speaker Verification]

Quality Similarity
Tacotron 2 with VC 2.67+0.35 2.70 + 0.41
Tacotron 2 with SV 2.54+0.37 2.31+0.18

FRIEFR 1 0] LS S SR e I 2R AV SEE R A R BB MIAY TTS Z&CR s
JHb e — 2 fe P RE S A Y S R [ 2R EL B Post-Filter HiJF4G Post-Net HYSUR » 4551
W

72 2. [E#F Post-Filter £ Post-Net F30E
[Table 2. Compare the effects of Post-Filter and Post-Net]

Quality Similarity
Post-Filter 3.75+0.35 3.75+0.71
Post-Net 2.67+0.71 2.50£0.30

&K Mel Cepstral Distortions (MCD) {E R BN TTE - BERGE A HEE= 2
HNESEE B PR S (8 MBS - FHEREE G 10 EFERETHE MCD {H - &3R4
k%
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72 3. F1E Post-Filter £ Post-Net 7 MCD - {E#t/\BEEF -
[Table 3. Calculate the MCD of Post-Filter and Post-Net, the smaller the value, the
better.]

Inside Outside
Men Women Men Women
Post-Filter 6.99 7.30 8.15 8.65
Post-Net 7.31 7.98 9.20 9.11

HIE A Resemblyzer 53 17 25 51 F A [F M Bl £ 58 & Bk EHysE & =M
Resemblyzer J&— {1 48 i {48 AR ELEL B M55 2 1Y Python EF - HiFEd > SRR
MR REH B &k 10 4 Post-Filter 1 Post-Net {i##5f& Bi [ 35 & Lhi - H45EHR410E 8 AIE
9 > FAFI AT AL IS W B TP 3%3R > AENEREEE T - GERAVCHE SRR R E1E - 25
PG RE P ATE] LLEE 3R Diffwave #2 Post-Net BEAT FRAAEAE - 1B BaEH & REEEH PR
REMHOL  ESNREEE T > LSRR S G A ZE B RET > MeEEWRRIEES
ZEfEIIR Ry 3% A% > 6 H. Diffwave £ Post-Net FESEEAT R A6 EAE - FMT] DI ERE S GRdE
LUk 3t Post-Net FifgtifY Diffwave ZRREEN IV Z5EE TTS 24K EHAH
BN -
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[Figure 8. Speaker space for inside and outside female speakers.]
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4.3.2 JEESIH#EIFIILE) (Change in Attention mechanism)
TEFAI PR AV 22§ > Decoder f&5 [ AT WY {[E)F: 2SI > 53 71 By Forward Attention JZ
Bahdanau Attention » Dl “SRKKFAIBL - (jinl tianl tianl qi4 hen2 hao3.)” AfiTF » ¥
EELT
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B 10. B4 EZE
[Figure 10. Attention alignment figure.]
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B 11. #EFT Bahdanau Attention
[Figure 11. Parsing Bahdanau Attention.]

T 11 FYALER T PR - (P15 Bahdanau Attention f2{it T &EEGEF AMAYFEHE
PR T HIE" qi4” BR” hen2” BV - HNEMEEHERY » EEITER
AIRIAR - TR/ i (A T PR BREUA] DRI Ry 22 i &R BIEZ R B i sy -
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Bt#X Bahdanau Attention A&7 EEE R AR S HEH EIE » AhE & e GaER
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[Figure 12. Can Bahdanau Attention help the model to align quickly?]

fElE 12 541 FBEAUFIISRE] 16000 {[ Steps W - @E S HEARIL BFHVEE - BA
Bahdanau Attention J¥%175 28247 Bahdanau Attention [y » £ 19000 {f Steps iF » 75
Bahdanau Attention ELASREEITIEITE T - S—HAIRLAHEERME - RIS -
Bahdanau Attention f[I I~ Forward Attention 2% 2 5E5E B LAY Ui 2 17 7% - bl DA
AEAIAT4E0E_ IS EERE A ¢ https://babaili.github.io/rocling2021_demo/

5. &5i% (Conclusion)

TEARRBFZE T » T T %553 Tacotron 2 AYZEHE - BB AGEZ MR AR R(F &Rk
RAFEHNRES > I HEERGEE S Wk LR 2 s R (8 A FEB R E R A R 2R
TTS HYERARYL > B BREE RIGHIGE T EHANV SO 2B B Z PERAY > (EH] Post-Filter 2K4E
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& BB HIEEE AR DS LUK B 'S BB AR 4G Post-Net > % » FAERSE TH R0
5B {EE B I BB R PR [ 385 B T ER o RARAIIIZE T RS A E &K
HEEEm A REE TTS AUEE_ LI » Fla © FEE(Prosody)&&fl - 28 (Articulation)
&l o
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