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W E MAERESFIPAZMEOERER ATEENZERNLWGHINBETORALBRBHTRA TR, AMiLF L,
RBETORMAFRERAS L ZRAZRMERBHRBEEF L L L ETHE T XA LSRN, A, ERFTRTRTA
T FastSpeech2 £ F 4 A F= StyleMelGAN B EH LA EFET SR, AN AL AL P AEGPA. BB T 3AAk# 5 ERit
— P REEFESRETORET, (DEAEEETTERT T .440AEETFMEALRNEIT L5 GPREA, §ALEEAEILA
PHEWNFRNE F X (OREMZ T EEGPEALANBERT AT T E . ABMARMT EMNETLHKELEF
FHIETHRAEIET IS ST R R FEIABIER LA PIME ;(3) KA FastSpeech2 #= StyleMelGAN 7 25 3% Bt &) 4 49 7 ik
fRk B FHAEKRTG P A, H T RIEAT R F A A R E A 3 F B E R MCD A= £ 90380 MOS 3 % 3 7 @ i# 47
MIF, FIEREN AR EE G2P A T KR F 4 0h b FaOR i W R B B eh 5 F R LA, RO AT 4R 95 G2P
BALRESNGE+EBFI " FEORAAETARFRIFOET SRR TS MEF MCD A MOS #2581 H 7.434+0.82 o
Fr 4. 53 2 A RKTALK AL 9.4710.54 A 1. 14 o,
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FESES TP391

Thai Speech Synthesis Based on Cross-language Transfer Learning and Joint Training

ZHANG Xinrui, YANG Jian and WANG Zhan

School of Information Science & Engineering, Yunnan University, Kunming 650504 , China

Abstract With the rapid development of deep learning and neural network, end-to-end speech synthesis system based on deep
neural network has become the mainstream because of its excellent performance. However,in recent years, there are not enough
researches on Thai speech synthesis, which is mainly due to the scarcity of large-scale Thai datasets and the special spelling of the
language. This paper studies Thai speech synthesis based on the FastSpeech2 acoustic model and StyleMelGAN vocoder under the
premise of low resources. Aiming at the problems existing in the baseline system, three improvement methods are proposed to
further improve the quality of Thai synthesized speech. (1) Under the guidance of Thai language experts and combined with rele-
vant knowledge of Thai linguistics.the Thai G2P model is designed to deal with the special spelling in Thai text. (2) According to
the phonemes represented by the international phonetic alphabet converted by the designed Thai G2P model, languages with simi-
lar phonemes input units and rich data sets are selected for cross-language transfer learning to solve the problem of insufficient
Thai training data. (3) The joint training method of FastSpeech2 and StyleMelGAN vocoder is used to solve the problem of acous-
tic feature mismatch. In order to verify the effectiveness of the proposed methods, this paper measures the attention alignment
map,objective evaluation MCD and subjective evaluation MOS score. Experimental results show that using the Thai G2P model
designed in this paper can obtain better alignment effect and thus more accurate phoneme duration, and the system using the
“Thai G2P model designed in this paperjoint training+ transfer learning” method has the best speech synthesis quality.and the
MCD and MOS scores of the synthesized speech are 7. 43 & 0. 82 and 4. 53 points. which are significantly better than the 9. 47+
0.54 and 1. 14 points of the baseline system.

Keywords Speech synthesis,Low resource.Thai G2P model. Transfer learning,Joint training
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R IR o DRI UG G5 7 T A R 2 T R 8 T K 1 TR E S LR
45 Bt B A, U Tacotron', Tacotron2'*, FastSpeech™ #l
FastSpe-ech2M 4 . Horp Tacotron 1 Tacotron2 J& T H Al 9
WEABRG EAEESZ P A s 18 &R IR & ik
HAHKIE F R IE S BN AR SR 0 R . o i P ax 28 )
LMWL R AR TAEARHE TG RRSR
FastSpeech Fll FastSpeech2 Jf B 75 ft & W) 5L 2R . FastSpeech
F LA IR A B AR g . o e as TR
BROSCA )7 50 67 o 4 B T8 4% T D 3R OR S 3 AT 5
22 V] K BE A I e i) A0 DA B 2 1 1 o 3 BE R 40 ) A R
A U T A R & 1 Mel 35 . B B9 B R AR FastSpeech2
TEMGEL G BN T — 2638 F R AR AR S SR A% 95 S LR i
HISE A B9 Fp ey ). JF B IR B o A
(B T H P ah 8k S BAR METR I, K it FastSpeech2 fifi F 3%
SN AR A K T S RS e 4 S T i TR O A A B
TR KT AR 5 T o i 1 HE P . FastSpeech2 38/ T 30 A
JFEI A Mel 3% Bl Z RN H {5 B 22 06, 37 40 i A0 3 7 A B [l 5 3
TAEBRRG D — X Z W R R RGN A AR AR T
B K

ZE 8 DUBE RO B G R R ENE TIES B EA
RS0 NP S £ B TP O K (1 e s el s e Y o
FRIEMEH ., FIENMHEHAODFERELH 6000 £ HAHA,
HE AR R AT C BB TR & & RN PFR A 2 0L, AR AL 45 B2 e
REWMET SIS B A S E T HMM &5 5 6 AR
GiU), b X R G AR TR AR A H R G AR AR
A 2SR T LR A e B R A BN B F AT A
RO, SR AT F R I MM A MK IE ST GRS E
BN T A TS R . IR B Ok I T R A
KB v BT A O AR Sk I Sk T T k2D e B RO AR Y R
R 5 BRI S & RSN TR EEE 6 W
FIFORETHC, JF HOAE SE I A AR b AT R M BB A B A
TE— L6 58 J B0 0 5 IR) A5 Wi 4 5 B B0 BT B N FR IR R
B A E W AN — B M R — AT S R E AT A
PR RO, X S OB R B R E & A
FEARXS V& )

B A7 & A S T B AT I A B 0 SRR R B
E ARG B0 FastSpeech? H7 iy A SCAR # # 8 Mel 15 & L 3%
A N Mel 8% & 2R A B . 3X SE R B 43 T I 25 AR 4l
AR HEATHERR  Hop R 5 K 2 R O T 3 5 T
IR0 5 33 LA A7 8 2 — A I8 A B 32 P A 8 8 ) TH15 38
TR X AR G R 2 B> B BRI TR 1 R
A, 40 390 2 U0 75 5 1 DI B BB 0 3 B B A A A 7 A R AR
AN TG T )R] R 356 K 2% T B0A IR T T R

FI, A& &3 T — A4~ 3 T FastSpeech2 fll StyleMel-
GAN 788 I R 3 B MR G AR A JL 4 IF Al 1 LR Bl
RO B v A B 28 U T A . (1) I S I RS B e
FH AT RE G2P BLAL TR B & G5 00 o 8 28105 A
e >y [ R 5 B8 22 7 09 3 0T 0RO A B AT A e 281 1 5 P
R MY R — B LA B R 7 6 0 7 4% R A A8 A ) ; (2) AR
I Z G A Y& R B0, X T Al R R R A BT
SO AR T F AT S TR F AL R R 2, DA T 2R 3 B R I
AL ok o HUI g B PR B9 O B (3) R FastSpeech2 1

StyleMelGAN 75 15 2853 8K 5 Il 25 (9 5 1 0 il P 74 5 i I 25 B
B A0 4 252 [ B P = AT A DC e Y i

ASCHE 2 WA GBI MBS 5 IREL RGN
RGP AFTE R [R5 3 B A AR SO i 2k RGP A7
TE Y 18] B2 BT 2 1 RN R 5 15 8 4 A AR BRSO &
SRR GO kSR A AR

2 REFEBEEHRELRS

R T, ARG B AR AR SCE ST IR S T — A
F FastSpeech2 fll StyleMelGAN 75 1t 2§ i 2 15 15 5 & W FL £R
RY L, R ARG MBI BN RT
2.1 FastSpeech2

FastSpeech2 J& Hij + 43 £ AYAE B [ HF & & B8,
T F LW G A AR AR S T g A AL 2 4, AR A
17N o G i i 0 4 FH 2 o 3R R AT 91 e e S 8 3R IR
5 . B H £ 4 Feed-Forward Transformer(FFT) A% 3¢ i & ifif
B BEAS FET BEHCH — A 8 7 2 A — 2 45 BRI 26 4 B,
b R 2% R 2 S B A DA R B RS A A R A
B 2 i7R . FastSpeech2 Y15 3 FRAE 15 B 10 I #4544 £ gL sk 1] |
T = FIRE I 55 S ) A9 1 5 AR IR AR SN 0 B 3 3R ROBUT 51
I S P AR DGR B AT UINGR IXRE AR B 1 B R A
AR & P 3 B . QIR S RHIEEE AT . D&
RFFSENT ] B PE T E B KR 5 2) F R L Ik R
SCHEARRAE 0 T B A AR R N 5 3) 8 B R B R A I
BHEOCHFER . EF R, L B IE i A R Rrek
A TR W] DA 3 o A0 768 5 o) %o 5% 45 2, o n] DA S a2 0 2 3R
T EH T 248 1R 15 5 00 R Bk 3R AT T8 YR A& 109 O vk R A7 B B 2
B R RSN E, X WK 31 WA .
FastSpeech? [ fiff fith 5 0 4 i 45 A 25 AH [F] (0 SE AR 285 4, H 1B
2N VR LS 1) O ) IF AT R 4O Mel 3 BT 5. IS
Mel 335 1 i A 21 5 5 45 249 v, RIAT 45 21 5 780 i) 3 431

Phoneme /b

Embedding N
Positional
Encoding

1N

N
Positional
Encoding

1 FastSpeech2 #& 1 [&]
Fig.1 FastSpeech2 model

Phoneme Encoder

Variance
Adaptor

Mel-spectrogramH Decoder

A
Add&Norm

—> Add&Norm

Multi-Head Attention

t t ¢

Kl 2 FFT ik
Fig. 2 FFT module
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KRR LA T RS TR ] MK E I G BRI S A

E Energy
E Pitch

Linear Layer

LN + Dropout

ConvID + ReLU

Duration
GR LN + Dropout

ConvlID + ReLU

P 3 A AR AR T
Fig. 3 Speech feature information predictor

2.2 StyleMelGAN 75 75 28

FT GAN B 75 I #5 J 3T 4F O B9 F 5% s 32 28 U 2
3% 275 5 25 A B T WaveNet!® Fl WaveGlow™! 2 B #5 / |
PR R (H B T R 2%, W MelGANE' Al Parallel
WaveGANHY . SR AL AL & 3. 86 X 10° A~ 1T Il 4k 3 HL Wy
StyleMelG AN KU T He i 2 50/ | Az s e P L R 4 A
Jo i 358 v S O O IR AT DA B % U 4 TR LAk
B

latent noise

x8

TADEResBlock
upsample*2

TADEResBlock

(a)Generator architecture

(b)TADEResBlock

StyleMelGAN 74 fith i 2 2 fy Az Bt 4% A1) 1) 5 20 . A=
B AR AR R 2R B B AR TR & 1Y Mel 35 L N I&l 4 B, AL
THAE T GAN A B A T M & ar, X 3 B bR ik
B IR AR AR 43 A5 R B TR FEAE T N T A R A
J HLAURR R Y IR) A, AR AR LS 8 AN FRAE R BRI — A B
WA . R A B R B B AL R — > TADE™ (Tem-
poral Adaptive DE-normalization) 5% 22 # £ 1 — 4~ Xf {5 5 i
1T A% ERAE)Z , I W0 B P 40 45 — > TADE 5% 22 51 3
M—ANBRE, I 2, A Bds LB FRIE & 09 1 /R 3% E
A i TADE 4 HAf A ) A8 il 2% (1 55 TADE 3% 224
Herbr, F) 0 B A5 1 & 00 75 27 R X AR 4k MR A O 1 BEAT 40 B L A
Lt th A L B AR . I I VR R iR S RS
B S TR AT X BT U S, LA T U /N 458 6 AT D8 /N B
BESELEEZA 2, A 5 iR, StyleMelGAN 3%
F 4 A H 5085 A 5 #5485  PQMF . DBlock #23  f5 5 4
AT R AR R LA R A RS S5 4 1L, He v 484> DBlock 4 8 #
H—4E T2 LeakyRe LU BTH B . 7EYIZRid FE b,
Skt AW O AT V) R 3 W i PQMET 3R A 1
155 1 F M, B N WO A %) e 4 2k O3 47 40 53] 0 380 40 531
Wk, X B PQMF F 2 T 0] LLER X R 45
HEAT A BT 80 /N T 5 4, LA ok 3k ) 42 5 1o 38 1 I &
B H B,

(¢)TADE layer

Pl 4 StyleMelGAN #: i #%
Fig. 4 StyleMelGAN generator

K5 StyleMelGAN ¥ 5] %%
Fig.5 StyleMelGAN discriminator

2.3 BZ%R%

T 3% 25 B 28 & F FastSpeech2 , J5 3 75 75 %% 2 FH #9145 119
StyleMelGAN, #: 5 — 5 @M — A TR\ BT 6 MW
RYGAERILL K 6 IR, H o FastSpeech2 1) 4 ith % &
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W55 55 3 MR AN — B0 481 45 280 RS TR A e T f 2 2 %o 5
K FR AT S B4 A B AE B 1Y & 3R Hr 2L I ) L X 25 5 S 2%
THA R, [ —FA RSN e EA S A 15
F G BETERG M ) BZ FATEAS R E O T W IR R 3
T 36 J4 G ol o A0 T B AR

(2) LA 1 28 18 B0 AR IUBLAR /DN, 2 88 B 1 11 5 2500 1t
BT DUE B R R R s S M R EE T AR RS,

(3) 7 28 K 22 J2 01 DU 26 38 FH 38 0 25 i A 1Y) » FH
T AR G5 By B oA W3k 28 o o BB OG5 7 R 2% BB T 3R
B8 B ) 45 7 A s 2 R A AS UG TRE 19 i) S8, B TR 008 & g
BE P TR,

g LR 3 AN [a) B, A SCHR R 78 0B B R R 45 A A G
WEE MR T 285 G2P BRI R A T 82 > LRk
ST BER S RIEG MUET WA,

3 BMEAE
3.1 KIBERIFESFHINZITHRIE G2P #EE

B SCT R A AR A — A AR S A . BT
1) Unicode 4576 [l Sk 0E00-0E7F Y6 & , 4 128 ARG 4 .
HATC M 87 A, Hd 41 AMER R B R BT LU %
SO AR 8T N FAA M . 87 A FAF AL 44 A
FEE AR BIE LB A 42 45,32 N TR (AR E
BRI BIAE 30 4,5 A L& — 2 I N R B 1 R iR
FA, o mAMA S A TS FRNA LY LS — 5
AERFES, (E8 802, T i T LI & 7 80 B F
e B ] DAY R P I A 4 A E B T, X
B E AR 2 FAFHES T A 5L PR & 5T A A 38
A 2 IS AT TS R E A I AL A R R R
RGO, BB 7 28 30 0e0 7 7 R 47 7 [ B bR B Y
BeE 43l 2 Laul 0 Lr ], 15 2 AR 0 — A 484K & 35 0, SR T 52
B 435 U 502 57 JEAE 17 R X 4% S BT AT HE S T
UMy a3 1195 o7 N S E R | R W ¢ = N = i L o -2
Ce: JMILa: JA& A B R S AN kKE N
Cau 453 17 0

[FExE] |

Amatiatidudmismaaug ity |

7 e SCAR 24
Fig. 7 Examples of Thai texts

M T RO TR TR T R AR T A T A A B R X S Y 7
T2 R TR S AN 3R AR O I T AR OROR B SE I R
A1 e O A R SR AR, TE AN 2. 1 TR

M T 2R SCAT LA 87 AN AF SE B R R R AT AT LUR T
8T ANFAFHIA A R G A AN 8 BizR . (HIX Fh 5 4 1y 7
A5 A IS BB A R 7 45 HE B W1 R 2 B AN DG TR () T
LA B Ak R AN T AT TR $E A T A T B R R B
RAT UL .
[#Exx] |

KN e o

B8 FAIEM R GHA
Fig. 8 System input as characters

85 B DUE B SCA AR B X, B D R o PSR N &
G A B R SO £ AE &R G0 i N FR IR G2P R,
N AT i 4 Ry BRI X 28 1 SCAR HEAT AL B, G2P REAU Y 4
P& Grapheme-to-Phoneme #18, Fl T4 FAF e b & % .
WMEHBA R IE G2P A W5 I A £ U, espeak_ng_
thai & H P HAMREBEN —A4. KB RR A es-
peak_ng_thai ¥ i PR EH R EF TN F RREHE
B XTFF O HAR 22 . X JEIK g AR espeak_ng 3 4F 100 £ F
HE &R B REHRE THZ RIEI5T S A
W espeak_ng thai R EFIB @, I REE, AR HRKM
fRFam, E T, RATBEARECRE SIS FHEEHMIN
Bt T — A 2R G2P BLALIF A H W ) T B A8 1358 T R
UF R FEROR X AESE 4 BYILR P AR R TIESS . HAAR AL
TSR SO HEAT I — A FROK H AR R SO g — B o B
WSO BT RAA BT S . % @ ThaiLMCut''! 4§ 1 43 1)
TSR X SCAS AT 4310] 5 SR 5 FH 35 R T 1) DG i 50 2k 2% DG I 2% 1
SCAS Hp P AR A )RR R O B DG C E R B s R VT
BE IS RURR R AT 4G AT 4 B T AT 0 1 PR AR 3R
715 ) 3Ry 3R O R R 6 e L RN R Y — BUR A
RYtE 9 FroR . HAi s B« 7RI, (sos) " FI“ (eos)”
B2 KAV AN eV | o e B N e 22 6 Sl R A
“A7FIR . SR R O 205 1R RE AT LA P AT HE T R R
MGG AN [) B [ 50 30 A L Ak B BEAS 248 I 3 e A 4% T 11
PRI R B ARG O o 28 BT IR 7E 2 G0 Wi o fin A A4 ST i
TR ZEE G2P B A R T4 e Bt i ZIH IR

Andiaiiiuimismanuiinnudu |

‘ B3 B E: ‘ | Aviiatiidniamaanfsamuiu ‘
} ThaiLMCut

G117 Ja XA ‘ | A wiia i il @ 7 519 audsh i i |
| FEGPHEA

FERET ‘ | <sos>ki:la:*chnid*ni:2*pe:n*ki:la: *thi: 1 *rau*thuk *khnru:2cak*kan*pe:n<eos> ‘

‘ E¥E DN ‘ <sos> k| i [1] a: *lch |n|i|d *n i:2|*|p| e |n *lkl i: |l| a: |*| th |i:1|* r| au |*| th [ufk *lkh nfrf u:2 |c|a|k|*|k afn|*[p| e: [n| <eos> ‘

Ko HRIEAMARSIA

Fig.9 System input in phoneme form

3.2 BEREFZRABANBIESIBEY

B I B O RS 2 T 3 T R L AR LAY I
s A Z ) o — IR AL S, B AR S BRI 5y — i B
A A KA A AL AR /I L O LBl A D I 2 AR 4 Y R0
B T RS 27 T A R 0 A e AT 2 A AR AR R R T A IR
BRI R R R ATk R e B R R

B AT IR B — D ZIE S RS S AL, AR EIL
ARG E ) AR F R s 3 0 3 S N AL E S HOR ik
HARE T IR & A MR G ) B 73 WAL Y5 5 Fe i AE &
FUIR] B e AR UL 5 a0 T B AR 3 A9 16 B A0 B v Il
SR BN A B ARG F IR E ARG . DO ER T AT LA iR ke
B R ) B, %) 7 BARTE R A R G LA
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TRk H R TR H TR T K

SCRl RSy

ERP TR VER . X R B TEMRIE FEE SRR
G Bl BT ORI GRS R IE R R E A H B T LR
DLTE Y1 5 3o 5 v Wie 00 BE 2 ke

H A B 5208 = 05 T 32 B 08 R DO AR O,
SRR T B0 B s e ) Al T B R S A — R A S
WE AT LR, X O 15 0 A A S S DL E
B i S8 I A AL Z AL o 3 G 0 U5 R 0 1 A F 5
TEEIEEAT Y . EMA 3.1 W AR SCBT B #R I G2P B
JG R G AR T BR bR R R 1 R X REE ] DL AL
By N 40 B R 3 A R A 38 s DU M E 2 2
FiES ., X HEKRATEPE R espeak_ng_english_us_vits G2P
BRI R T SRR HITER T LR G WA EE
BRE bR 8 & R FIA SCBOTH B 2818 G2P BB % 3 145 31 1Y
R A RITE AR,

SR b AR AR Y K Ty i A5 R AR G A DR R A A T T
FIER = S R IR, DL TR b T 500 9% U8 A AN R T AR U St
FE PO T WS FE A R TR R R R S AT .
3.3 FastSpeech? # StyleMelGAN B Bx & illl 2

SCEk[20]H 4R B FastSpeech2 1 HiFi-GANY 75 i 2%
BEAT IR G U 25 o A Do 7 27 R AE 2R B 0 IRD A, HC PR AE T
HiFi-GAN 75 5 2% 14 2 B #5 3 4> Al FastSpeech2 #4 2 i — 4>
SCAFE I AE BUAR 42 R R BRI HIF-GAN 75 15 85 1 54 5]
58 43 E AT X B0 IR R0 50 43 A, DA R i e i T RS A R
U3 AR WS B0 SRR AR R TG B Y 8] 83 2 7 Ak I 2R

WREAIER . HIRAT % PR FastSpeech?2 Al HiFi-GAN 74
T 2816 G U 2507 V645 B0 0 2808 G B0 AR E T 5 2 o 3 I A
e BB I 4 8 HLUR AL B L H XA Dy HiF-GAN 75 fith £
SRR T B o B2 W SRS TR AR SOR I BEAT B0
H F StyleMelGAN 75 15 &8 H & S 80/ A 80 B2 PR DL KT L
WA G T 4 JE AU SE O 2 I B AT 2R FastSpeech2
Hl StyleMelGAN 75 15 28 1% & Y1l £5 1 7 125 1 AT W 3F DA TAT A 2
AR AL, H bR g 0 YIS AR A T A Y Bk
AR R R IR R R & . T LR AT X StyleMel-
GAN P T #8 % T BUUINZ A 5 125, n 28 T90 I 4458 20 2 4800 7
A LAl A P 28 3 1) /N B SR X IR A U 1A R HE AT SR I
R FRPEIZ )RR, 33 Bl 1 AS(E AT DR R 7 5 2 DI 2 B8R B AN
R AENSGS R EER TSRS ER. BEZ.
BEA IR al B85 A% B9 T2M (Text-to-Mel) Fl 7 fi 2§ i 4=
%75 B M2W (Mel-to-Waveform) M [ B & 3F 16— Iy B2 T2W
(Text-to-Waveform) # 7 48 — () Il 2. Fr DL BE & VIl 25k 31 4
Low J A BB R Loow 5 7 5% 85 0 2B BLAS 5 2R Laow 3R AL, 51
REF AT

Lyaw = Aram Lrom +Avzw Lyizw (D
Hor Apon Rl A yiow A9 768 S50, A Sy 4 ) W A 45 2% R /N 1 L 48] TR
T PR E N 1.0,

g5 LRk R A 5 B A I Ik 2R RS AR A
gerEvERE BAR T4 AT B A I R R T B B R g HOE AL T
I hii e HAEZR WA 10 Fow .

Joint Training

Phoneme-to-Wav [€¢—  StyleMelGAN

StyleMelGAN | |

wav > FastSpeech2 [—»f Generator

Generator —»| Discri

P 10  FastSpeech2 il StyleMelGAN 7 1th 25 19 5t & Yl 4%
Fig. 10 Joint training of FastSpeech2 and StyleMelGAN vocoders

4 I

4.1 XBRHE/ETEE

S v 00T A 2 R S — L R T R 2R I Y Lt U
T NGRAWHC 8 /NI, B GE L SR ARl 22050 Hz, 16 fif
PCM 45, 35 4% A J5 4% F7 50 ms B9 8 35 Bt SCAR 3% 45 i 3t
4982 /), Horr 4782 AT YN 4, 100 A7 F T 58 3E L 100 4] A T
DR, F0)0 AT AL 1l Y 19 2 98 15 $ 3R 4 LT Speech,

AR KB S5 P JE 7E Linux $24/E R 48 T (9 ESPnet
(End-to-End Speech Processing Toolkit) 3 & | 52 i 1,
ESPnet & — > ¥ B 3 19 78 & T HAH AL 3 1 o 21 o3 1 3 1R
B R A R R TR RS TR .

4.2 EWigt

AR TR 1 R 3 4 S5k A ]
G2P #H) fli i} espeak_ng_thai Al A SCI% 110 %8 1 G2P
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Exp 3 A X & E G2P B A

B WAV T 7 4590 R U LA SR R R Ky
TE IR B TR A AF T w8 B FR I SRR A A SRR I R
sk 2 .
®2 BB E ML RBE

Table 2 Thai speech synthesis experiment settings
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N P
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Table 3 Experimental results
MCD MOS

A EFEM 0.000. 00 4,84
Exp4 9.4740.54 1. 14

Exp5 10.3840.58 1.04

Exp6 9.64+0.56 2.31

Exp7 9.734+0.58 2.43

Exp8 9.2940.68 2.76

Exp9 8.05+0.78 3.87

Expl0 7.43+0. 82 4.53
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