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Abstract

Mood as the important emotional expression information plays an important role in the expres-
sion of the speaker’s content. The current speech synthesis system lacks good support for mood
and synthetic speech also shows the shortcomings of monotonous and boring. In order to solve the
above problems and improve the naturalness of the synthesized speech, we use Statistical Para-
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meter Speech Synthesis (SSPS) and Variational Autoencoder (VAE) model with strong learning
ability to learn the speaker’s potential mood information in an unsupervised manner, and then
improve the accuracy of model mood learning by adding classifiers. We propose a systematic
framework for speech synthesis with mood, which is divided into three parts: an acoustic model, a
speech mood model, and a synthetic model. The target text and mood to be synthesized are recon-
structed using the acoustic features including the fundamental frequency FO using the acoustic
model and the mood model, respectively. Finally, the acoustic features are input into the WORLD
vocoder to synthesize speech signals with target mood. This article uses Blizzard Challenge 2018
as a corpus for model training, and finally, the experimental results show that the proposed model
has a good performance for mood generation.
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1. 5]

VB 4 RN SCVE B 400 BOR (Text-to-Speech Synthesis, TTS) [1], &) 32 N T SCA B2 5 A
MU F AR . R & & AR B R Z BT8RO, 1B A B T VE W R PR R & 6
RIS SHOE S G K[3], B R UL E B N SURBE & F R S8 A i 2 1E & & AR G4
Wik &, (F36B0EE FREANRS, JLPER T ARKEEREM4]. ERE I, BHara R
W B2 A LRSS R . EHEFIET, S (Mood) &R R Ui il A — 47 Nl HY MR &
A ES]o TEASUEA) T BT RIA P 25 55 S R BF AT DA TEAEAS B SR 2 s B . R oiE < oREL
LA BRI BERA) . BEIA), AT A), AR EERR RS AT UG 2 BIRE/NORLEE ,  dn ke i) A e] LA R
gt ), FRREE I AIZE[S]. AL EE T IBHRIAIES . EOUES 55 MBS .

T HREABOE S BRE, WI[OINIEETTT, $2H—MiL R 2] 5 | % 2] 15 ERR AL MG G
TA R ITIE, R H g B 1 BT A Ay, SEINMEAGE B S . RIS SC[7]H R VAE RS
SR MRS L A VLR AR R R EAT 5], SIS N RE S Sl B RTHE A R
RRK LGB LRE. SHERTHR, HEERIESEIES LNRIEEEHEAEN. AR E
B H bR REEE SR ARF T IESGE B HEEN, WA, SEPFREESE, ERES
il o

FHECRSC[8]H 4% VAE 51 N\ 20 i 35 & i, BSR P LAE BA 280G B A KU G, $2m HRE.
R X T i B 0 A BRI T AR AE R B RSB R R I 2R, B EIR B . & ORI 8 S B .
FTOAEARSCH, BAFERASGISHOES SR, AR EEH ARSI, F¥Es, P =1
B . 75 AU ZRad 7, FRATTIN B SRR 1) I 2R3 51 N2 53 H 2w A B 7Y (Variational Au-
toencoder, VAE) [9]LAJE i B2 2 ) 77 A 4 75 =R AE FO B SE R, B0 I ARSI 1 A A PRI A4
SR R T MONBERIEE GRS, B EIGS A BE (EAEN L 2.2 1), SHRTE
ANBCRE G BRIEME T, LA EARME S S . 5 R 3 05 & PRI 7 VR E S
B R BEEAT PR .
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FEIX—#5r, FATERANH S BT VAE KRS LA RS AT, IF s O T4 2% sk 3
M. e TR EMIERIEE S RAREITRIR
2.1. Variational Autoencoder (VAE)

54 s P 4% (Generative Adversarial Networks, GAN)—#f, VAE J& s AI 1010 —Fh, H3
BLH br s DUG IR B 5 20 07 A1 DN s 4R A5 B R E AT RAE S 2J[12], I H e Zeik A st A st
SRR S AT ) 43 AR AT eI . VAE 2 Hi Kingma 55 AT 2014 4R HH[9], W 1 A4 s B Ay B2

4 )

qp(z|x)—pe(z|x). |po(x|2)

N

- J

Figure 1. The graphical representation of VAE: where X is the observed data, N is the number of samples, Z is the latent va-
riable, #is the variable fraction parameter, and @ is the model parameter

L. VAE Wi RERBIR R : Hep X AYUNEHRE, N AAY, ZARTE, sALNSY, 0 ARESY

PR LR o> RONHEWTIE AR, @I 400 8% (Encoder) SE . X WMIEHE X S5k & Z 788, B
FeffiE R T RARR Z MR MM p, (2] x):
n(Dpl12)
) Py (%)

B T LB M A p, (2 | o) MELLE ST 5E[13], 1538 70 HEWT (Variational Inference) [14]372
BT SR R R TR TT i . R S NTRARR g, (2| x) Z5E T E G 30 701 p, (2] x) « AT
PR 5 B SR W A VS ICFE R, AT LB Kullback-Leibler (KL)BUE[151RETRA S . WA, W THE=H
5340 p(x)'5 g KL B4 € -

po(z]x) (M

Dy (Pl q)=—fp10g%dy )

Xt 2 o Fon AR UL R, 1T DU I RS 2% (Decoder)Si . VAE HEZE 00 FREAZER A T HS

HrH T (Reparameterization Techniques), {F AL 2% (I GRIGE ARG REAS x, 22 SIS MM u(x,) BT %
p(x;) s PITCAFRATTE S ARG 5 73 A RAEAF B RS AL &

z=u(x)+8-0(x), §~N(50,1) 3)
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T AR AR () H 8 A2 A B2 E A 0 7 A B R AR A 3 2 AT 0L & H O el o AR B ABE 2 20 A
po(x]z), H:
po(x12) =TT N (x:m(z,).0(2))) )
Bt A G i 25 5 Al i 2 (RS Y 2 A0 S 1 HE T 5 AR o B, I BRA IINZR ), L ERME AR TR
ELBO (Evidence lower bound Objective):
L(0,T;x)=-KL [qg (z1x) 1 py (z)] +E,, [log Do (x| z)] %)
ELBO H 58— I 4t i 2 HE BT 1 LA S5 36 70 AW BR ZE RO KL 52K, 1758 — ke A A 2 VR L, 2 xs
Fe Az & z BEAT B A LI HHE x B AR 2
2.2. #F VAE RS IEE SRR
AN TSI BERAE S 2 Wil NHTESURAE,  ATH VAE B G| NEARIE S G MRS, 183L[16]
feth 7 — T VAE KB & & BB BUCRAE T, BI0EA BOEATRE B E . AL, A0
— AR IET VAE WA 0 R B M S B 2 2 750, #HTIERIE S S WE 2 IR, RS

SHEAS
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Figure 2. VAE-based speech synthesis framework with mood
E 2. £F VAE HIBRIBE A RIESR

A FERAL YR B A5 15 F 1S A B H— AU ZRET 73, Wl 2 SR hE 8 4y B
s AR AR R Y ZR AN TE SRR I Gho P S AR R DA 5 BOCARRAEAE AN a2 & R
5 HT L AR R AASE, G0 230 MGC (Mel-Generalized Cepstral). BAP (Band Aperiodicity, BAP). VUV
(Voice, Un Voice) & 5412 41 FO (Fundamental Frequency)%[17]. 11 7 = AL (1)1 25, & DALE RS2 X
H SRR 16V E NI ZR B AR, XS 2SR AT @A PR A WAL G2 T HMM B2 T
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PRI LG R P 22 R, R e I AR R A T i B (O R AR, (AR GE i S HGE S A BT R, T
AR ST R U 22 P 45 7R AR [ 18 ] G PR SRR FO S b O AR AR, L A AR AR AR
AR E S VEERAEM, BT DR R LA FO XS AT @R, TR G BOE & A 1R
AR
BRI T AN Y - RIS A5, JRhS E8 (Encoder) F] DL TR S NS VB FERRAE,  FE3L
P 4 WA (7R, TS 2% (Decoder) JUAR #5257 > B AUARYERFAE,  ATERAE 23 ) o A4 HY L 4R Kt
KSR B P 22 HFAIE FO VRN SmADas AN, I il &5 I R iH R AR R - WM p M7 E o o X
Tk ADNAFEFERES, FURE 2] ke MAFRAEWES T2, Bk D@l mAREAFEES. Wi
Pk, WRIGESEETT, T AR RS 73 A7 oh AT KRG BIRALTE SRR AR, 13218 Z 20 A B ZE U
IR A AT, THEPE KL BUE -
Dy, =KL|:p5 (Z)Hzl;z:lﬂ'kN(x“‘kao-k ):| (6)

FRAT 8 1oL I 5 2 B B P 2 X 245 B R AEAS FIE SR ME g BREFIE R B2 AR &
Z o KRR 22 I AR AL A EE A 19 B S AR FO, BURTIE M AE RS . 5 kR Sy T 4R s AR A A o) |
WAE R IHER R, BATR RIS 2 R & Z (o DI grtr i R s, tHRE Lt H ARG S

ML -
e”li
S(m. )= 7
(M)Z;w (7)
Hort n IBESBRZERAAEL, DR BB S [ 450K R O -
Loss = KL[qQ (z | x) | pg(z)]—EqZ(zlx) [10gpg (x | z,t,m)]—S(xl.)+DkL ®)

PR B 0 5 — DU 2 A A HEWT AT ALUS 360 70 Al R 22, BB DR E I AR 2. AR ¢ LR
Aom BRI IR ZE, AR S (x,) A RBIIRK R, D, NERARRE  5EEnR AN KL
U

H R ONEEORTE S & R, A A BRSO B ZRG (0 P 22 7 A pf 5 Rl 75 L) P 2245 AL
(R AR BRSO AS 5 4 R o BR PR B ARG SUE B VAR 2 — A A RIS 4% A FO. fie/a A
FfigEs, Blin WORLD [19], SEBUA A ARG AEh A A BT, A A UE & .

3. KESERIH
3.1. iR

BT EAEE A RARNARIEREZERIESHIREESME EREFE, AHEFEHREE, I
AEAE 5155 B AR R SCA . FATTREX Usborne 24 7] Hi i & 47 15 K} B Blizzard Challenge 2018 [20],
ZAE S A 6.5 /M, 2 7250 NMATFHIE R . JHPEE R 7Y Lesley Sims, & —f7 LLICIE AR
B, i DO RIE 0T RS 4~6 B MAR . X R 8L WIERMIES EINEH T VAE
FE LT AE 23 (B R PR 20 2 B S Rk, E SPE SR IRHIE. FBRINES RGN E I, Iz
AR, WA S B X FRRE S BB LRGBS TEIE S &R P LIE S E S G, NT
A R A B AR R A B, $R A 2 SIE A RE, AL BN T SRR AT IR S R, R,
Bl A EE R B, FRAT TR EERHE S SR H 3 TR, X B SRR RR B A EOUE S LA 5 )
B W 1 TR SOA
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Table 1. Text pre-processing

1. EEXAmAE

s AR AR
S1 BE MBS Do you remember me?
S2 BE MBS Do you want to be eaten?
S3 MRIRTES, A man in a blue tunic nodded to the Duke.
S4 MR iES He followed Titania as she walked through the forest, nagging her until the Queen’s head ached.
S5 JRIE S, I love you!
S6 JRIE S, Oh, no!

3.2. SCIEFAE

SEEGAE Ubuntul8.04 48 K, 2T PyTorch ¥ & SEHUN BRI 2R o 0 T3 Hh 18 SRR B 3 3 9
M B8 4h g, BN FO RRAEHEAT A 2005 D 9wt 2 > R 2 Y H ARTES FO. MLPG [211# Fl 4s JR ks itk 2 kA4
% FO %058, fJo i WORLD 75 Rt 8 M 7S 22K AE FR R B & BT

FATATERLEE I I 7 =P AN ETE S FO R0 BRI, 1] 3~5 BT LAE tHAS [EFHE UK FO 658 K 2 30
WAEREA . B 3 HE 3), E3b)aaxipig 1+ Sl 5 82, SniES AR EIEH A&, ME
RKIEBEMMIAE . X TE 4 FE 42), El4b)maxRie | S35 S4, FrEmERHEdE T FoHE, B
REAEERIMHIESETSE, TRIOFHE. K5 FialE 5a), B 5b)yaaximE 1 S5 5 S6, BEIES
FO 2B SRR IES KA AR, RIMHEEERR, B ORI
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Figure 3. FO contour diagram of the interrogative mood
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Figure 4. FO contour diagram of the indicative mood
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Figure 5. FO contour diagram of the exclamatory mood
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AT EWS ZRPIAN T7 TR T E & A e Re i H T . anlE] 6 P e & BOCARLERR 1) R 4t
A R H AR IR SRR FO 2R DG B S . Hod, B RNiES) 1 NBRIRA): “This is an
Usborne audio production.” ; i) 2 J%E [ A1) : “Is this part of the show?” ; iEF) 3 NI A): “Oh dear!” .
AT LAE A E TE SR A BLR AR B EE R, Ot 1 S B W At . JF H B BRAr A 1] 3
ZE 5 AR RS R I — BURARER . S A5 R, S IE SR S S RS DA BT A IR R IIE
It BAEARIE S A BB IX 55 B .
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Figure 6. FO contours for different mood

B 6. ARAEIESH FO

e, FATFEBS R A 7 W& WA % (Mean Opinion Score, MOS)X A1 18 & A R G itk AT — 25
(T REVP Al . MOS & 1 & & AT o A IR A FH VP4 ke —,  HBECAIE S & RN H 15 MOS 77
EHGE B TV E RS2, PR EA SRTE . FRATBENLIEI 15 AT i8S & e, 4 Arvrml A
ITEMIT (N 1~5, RE—0/NED), G HEMBCFE. Wi 7 Fis, 4 605 & iiE &
MOS /oA, WNECOR— . RUERINE S A HEIERNZE, THER.

MOST353
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Figure 7. Subjective evaluation of results
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