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Affective speech synthesis of Chinese children

HU Hangye WANG Wei

(School of Educational Science, Nanjing Normal University, Nanjing 210097, China)

Abstract: Emotional speech synthesis technology is of great significance for human-computer interaction.
Facing the lack of Chinese speech data resources required for children’s emotional speech synthesis and the
long time of model training, this paper proposes a method of using transfer learning to realize Chinese children’s
emotional speech synthesis. This paper first implements the Chinese speech end-to-end synthesis model based
on the Chinese speech database training depth learning model, then uses the high-quality and large sample
Chinese emotional corpus to complete the emotional speech synthesis model, and finally uses the self sampled
small sample Chinese children’s emotional corpus to transfer the model to realize low resource speech synthesis.
The objective experimental results show that the Mel cepstrum distortion index is 4.91, and the subjective
auditory discrimination experimental indexes are 3.61 and 4.17 respectively. The experimental comparison
shows that the method in this paper has good performance in the application of emotional speech synthesis
technology, and is better than the existing advanced low resource emotional speech synthesis methods.
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17 18O 7 A AR I Aok AHLAS B #4
) U B ORER 2 B T 1) O . U RGE A
B AR R FH 22 ) LB PR 17 R A2 B AR i, 23 B OV 2L
B AH IR A AR L L5 BN A B R E . Bl
SRR, L B R AR PO TR L e A
A LR G T AR W R AR A T B R, L
)RR AE AR EEBCT BN ) B R B T
fmr At 121, I FARSE XS ) LB 5 17 5 18 1 1 2 AT LA
I LB XA AR A0 B S A 7 RO 81, TRt
1 B P A R B &L E S A B, 2
S i 0] T BT L E A S BRI IE BGE A . /T
T B () 155 I P B BB R R 22 B T v o I
BABEL JLEMGEOERERZ, HEEERAUEMW
R (1) LB B — {5 BT P R AR R A, AN T4 i)
S EUR B E BAE Y (2) 7R LE M EGE R
PR ATE 50 iz, AR LR . PRt AL
AfF 58 IS FE 5 1) ) L 281 JEAE 75 A oot T+ B AT AL
A2 HoH H a6 3 K I I e SR R i HL A A L
=98

JLEE AR AR 7 A R R AT LLE I BfE
ST R /R ] KA (Hidden Markov model,
HMM) [ 45 i 2 038 75 4 i AR 47, Strom-
bergsson 25 8 [ A 4B 7 — FhiE i £ BEAS [F]
it N RV P R0 B BT & B LB AE 75 KU AT s .
T BB IR 28 () S D1 S BB A &
DALY § S E T 2 I NG = Bl E T T
(VAE) PAEM B 77 205 2] B 0 A, T4 21
RN T A 021 i 2% 128 g 5 R P R N T 25 11
KE)LENEBES, FHET RS 275 (seq2seq)
f{] Tacotron, 1E4 i &% /I LA S b5 &5 5 1 2 J5 75
VIEGPN Y T MV S LN 03 /N T f e 9e 7
()48 B EU e 7, SEBI AT 458 1)) L 21 IR 75 A e
BE0F ) L1 B0 75 G BT BOAF 7 1) 1) 2, AR %
VB 7 A O IR RS S o) ML RO R AT 4
5] OB AR, AR A W R 1) 45 b S F o i E B 2
FHI o A A5 SCHR [16]) H, BIF 7038 1) ks iR A
—ANBE UGk X 23 0 1 N (R B A 78 ) — A 2 i
1 N TTS B, STk [17) A A A 22 Tk ) 15 1
N B IE R T7 %, F TR A S 05 A s A 2 TTS 45
A, SCHR [18] B T Tacotron HIZ5 MK & B4h &
A7 PR 25 () T P R S IILAIG B A4 1) 155 S 7S B e

SCHR [19] HHRIT 03 I T 7S e 4 BRS04 55
FRER BE A SR 75 o

A SCHEET UL BB U AR SR A AR 2
S UL K 4 5 1 TR 28 ) A 2 5 7 sUSE AR B2
PSR LB AF AR 75 5 B B4 3BT B 70 i N DU
VB B R R [ S ST RN A5 1) A LR R ARG E
BB, FETAEWR: (1) o 7 aE 4 PGk
JLE B HUR S BB R (2) FAE R85 2T i 75 sk
PURGEIR A LE I 75 5

1 HEXZA

1.1 XBEEARIEE

DT 15 75 A OB Y JE T Google [#) Brain
BA (201 76 2017 4E 2 t SR ) Tacotron2 L, % f 7id
B3 #0435 d , — A5 TR I LS B3 T8
PRI seq2seq R AE T 9 4%, — /N2 T WaveNet &
S PR 7 B DA K — AR g 2R AR ] () i
)z,

POETE 75 A S 9 S0 75 A B LT & A7
TE— 7€ B W HE, inEV BN 28 AFE 2 5 7 LR
FAE I R T I G ] L, A /DA 75 % Tacotron2
R AT 7 st , s TN 2B 33 2 Ju AL | 5
IR RF P 2 21,

N TR U B BB AR AR ) R, S
Hik [22) AL B BUK 1)7E B /7 (Location-sensitive att
ention) ¥ & A £ kA B i = I HLHI (Multi head

location-sensitive attention), B
head; = Attention(HW/ + SW? + FWF), (1)

A (1), H 2 asr%m i, S ARMD 3 105,
F N EMIE IR, 1 WH W W E AR AR
G — RIS H, K BRI B E A=
1. ZRIEE I RR N

MultiHead (S, H, F')
= concat(head, heads, - - - ,head,)W°, (2)

Horp, Wo RN 280, 2 SkidE = Iblslk S,
H. F i 5d 56 B G F AT Attention dg &, @it
Attention iz B 2 J5 L2 A FiE R M4 Rtk T
Pz, {15 i &5 76 TR0 75 AR, 7 A0 = 2 1] A
oy, B R A S T nEE T RS A .
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1.2 (BREmADES

1% I8 2 i 2% i Skerry-Ryan 25 (23] £E Tacotron
T A A AR A B AT TR, IS BN
77 () A G e 6 DA, 2 ARLEE ) A 1A 7S A SR AE R A )
A R BB IR N 7 ], SEIE) L RS

W 1R, B DK BE Y L MYEREDY dg H
MRS VR N, I B 4E RN d, BRIHRN [A)
7R RN 7 ) A — AN HRON T O S — A
THIRRHIE. IG5 & 6 2B EA M2 (Con-
volutional neural networks, CNN) 2 Ji5 i \ £ BT
KN 128 I — E 114296 28 5.6 (Gated recurrent
unit, GRU) 4% [24], 3 i 33 2% 7 WL 5 i B Hh 4
4 dy, BB BN 1) SR R T IR AE

[ TSRl 1 ]

K/ANM 128 GRURILE

62BN ZE M 4%

I#‘!

K1 IR ZE
Fig. 1 Emotion embedded space

AR ICEE 3] T PUVE S B S 1 P B DL R N
N RG24 0 1 S P A O T, B I SRS 22 2
77 20K W 3 4 b AT 2ot . A SCHR [25) S BT
FF IR AERIE 7 5 B (Deep convolutional TTS,
DCTTS) KR B AT AR B U5 75 & B AN T %073
AR R BB 5 RY (seq2seq) ek ik & (1 vE
T JIWL TR B V8 P A ST, DK 17 JE i A 5% AT
VO NG i 2% h AT L2 A 15 RGT 78 R SE AR B2
PRADLE LG RIE S A i ESER AR LR
BIASCH A BCBCR AL T FoAth S 2t (AR B2 1 A
FEE T

[jvJ\i'aa‘ X 3, FrKeH2 X 2]

2 RFRBRAREE

K S ) #E Y 7E Tacotron2 15 A PL A Skerry-
Ryan 2 23] [y 15 I g 10 2% 1 S it 1 34T Mg 2, 32

T PP B R DL LB S A O, R
FIEH % 2 B IE BB 7 v E 4R A ALY 2R, I B
156 RS 75 0T E AN I 4E B2 49 21 {R1UE . Tacotron
FET I R A T 2 24 h DL BB R Y, 1 P0E )L
H G BOE B E G R R IEAR L B =, R A
SO B AT RAR 1)) LB IS TR AT 5258
2.1 BUBRESAE

T A A G A E B2 Uil A, I
RN wE AN T T T B 2R 5 A R
o WA S 1 Zhou 25 PO I 115 B 5 H
5 E (ESD), KL 118 & RIAHE /1 5 N 22 7 8L
K, MR H 60 ) 22 A7 &E A T )LE NG RIE A
o SEEGUEPA 8 % )L A W T M Hh AN [R] 4 IR A
i3 tH B ) o SR AR S AR 5 1) 4 s I il A
WU TF O A DAV« FT A 15 A B #5216 kHz
PIREAS, I LA 16 ALERAF . 25 8 S bR S A A0t o 1)
AR Al 1 s s PR, 8 B FRAR BAE 5 A
AL B B, AL H AR T e R SR AR PRI, X AR A
AT TA] AL BY 4 A R O A TIAL B S, 4 R IR
il P A 240 0 500 s

B REE R SCAS R A AE B — P TiAL 3
WE 278 15X SCARME B AT B AR, A0
FU TSR FH R B AR v R 1 A 58 < A DL R}
155 FH B BB vE RN o PO R B R A v R 35 6 3L
AHEAT 531 A B DL K B EAE B A N . R A THU-
LAC(THU Lexical Analyzer for Chinese) T. 2 # 1T
SriR Ab B, FAR YR B S AR N AT BRI, 12 R
AN e (A= [a] B, 7] SCAS I N B ARAE 2

BT D0 5 98 3CE U 22 57, 75 B 5
TBAS R B 4 U AT bR i 2T AR 7248
pypinyin T2 RSZHLN FF P . pypinyin & —Ff
J£TF hotoo/pinyin FF & B 7] LA T FiE 5 HEF
Ak R TH, & — R A s BB M- P
P T A R,

FEIEE IR AR SCARGAT A 2 5, $ AR
XI55 o SR Ja R TR R Hh R A AT
TRALHE . X — B S 5 b AT i, I e, P
Ao — MU g B 3o e EL I AR 48 (Fast Fourier transform
FET) b2 28], $o 43 — Wi il 45 SRV 5 — MR HE S
R, 53 455 B e 8 e e
A4 (Short-time Fourier transform, STFT) 21 H
B — B B A A (spectrogram ) AR /R A1
(Melspectrogram) F#iE -
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Fig. 2 Text and audio preprocessing

2.2 FHETH

FRAEIT 2 1) H 12 800 76 DUE ) L2 1% GG 75
G R B FL AT T B BOHE B DL R 4 R AR B R I S5
] 291, SRR 2 3] Oy v K E A B ER S TR [FRIE
J2 AF S AT n) R AT — R B SR 1) T B L B
20738 B0, STk [25) HRF 7T xR A B VAT
TR 2 3] S B AT 75 B AR R 1 T A 1 3R AT 4R
F, 1E DCTTS A BAE A b HAG 8T & Rk . it
Xof A ST AT A IR D0 ) L34 BGE 75 A R AR R
B A 2R 0 ) A 1220, SR RS 2 ST I ik TE
P T % 3kvE & P Tacotron2 A7 -, i
1 B Y i 2% DA U TE N G i 2% 34T ) L2815 SRR AIE
L .

117 1) L3 PR A AR 5 B AH ZE 5K, AN )
15 A E B L. B3 RNERS ERA S JLE
AN R 2 5 (A Ha) .

U EE 1) AR A R AE Bl A 17 26 1 AS [R] AR A
R, DR AR T N P15 B 75 5 1 b, AR
1 1B Y i 2% DA U T8 N G G 2% i3k — 0 3T H & M

. ~ T ~1 285.3278
At I I 305.6194
Tty T T T 2T ] 334.2574
[ O T T TIITIIOT 418.1583
oo S - » 3104969 .o
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o AN O L

K3 L5 RAA R RS Lt
Fig. 3 Comparison of different emotion funda-

mental frequencies between children and adults

FIRFIEE RS o

KT Z Uil NI IERE 5 & R HARE T,
I PR 4E 2% 1 5618 A RN Ta) 8 R] DL S IAIG B VR 1)
B A 8, TAE SCRR [31] WA H Tacotron B 47
% Ut 1h N TH 5 G U K I Tacotron A8 () M BE v
JEE ORISR 1) A 2 4, M /N s SR kAT IR
ERHATIER SINLE 5 2] o A SCEEAFE 2 Ul
TN TE G AN, K ESD 1 BaE R EE i BN
LRI 4 B BAE A R B TE AR K S 8O AE
Y[ &b, AT ) LB ARFEIT S, JL R AR 7] &
A AL P2 AL, ik 7 Tacotron #E AL
PERE i B OB Y B S R . N IE IR R
M RE AR AU E 4, e H BRI ) L E 1
HEARAE Bl

W 4 iR, BEAT )L ERFERDIT RS, 1 ok L
1 R PSR AT B AL, 23155 B A\ AN [ )
A AR, R I 30 1o 17 JR o o) 2 DA R 15 1 A\ i %
i SEHUG BORHIE 5 YTRRFHE A IT RS, F kAT 2 0E
B IINUH] 3], A3 B A RS B DUE L EE B
AR

EEZEEIN

_—

%ﬁﬁ?<i:: B —(zkr b — ()
e i)

4 JUEFHETR LR

Fig. 4 Transfer of children’s characteristics
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AR SCAE R G R 8 L B8 1 IS S A OB R dn
BB BT R o X SCAR HEAT TRAL B 2 Jo S AN, o 5
DL wav 75 AA% = H o

DAL B 2 % () T i, SAS G B 25 01
i ULRHE T8 (0 D08 Hh v v R PR AT TN 45, 1208
BHEERT K208 12 h, AT RIS & T TR 15 S &
AR R o) 45 3] {0 A B A S5 A5 B AT IR A7 . TR
FAih B AT ISR, FEARIL N GRE)I TR] oA . P
ESD fl N BOE A B vE R} EE AT 1A B & S N 25,
fEF N 4 PG BB R K28 1 h, 7E A DUETE
JEGE 7E A OB A G S Al B AT RREIE RS, 0 2.2
HrR, H) L A BGE 7 R 2008 500 s, Siie R
w5, DGR KAE 9% 204 36 h i B AL 15 2 i 8k,
ReAr B B AR BT DL R I BE L0 () 75

P D ) i Kb B R 4% 3 T Griffin-Lim 5 32; 32,
T2 J5 Ab B R 28 th s i CBHG #idk (Mo CB %78 1D
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Convolutional Bank, H % 7~ Highway network, G
7 Bidirectional GRU), Re@% it 1E [m) 4% # 1 [
) A% F RAS IE 4 — WA B 0%, AR 2 i 75 A5
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Fig. 5 Children emotional speech synthesis model
3 XWERSH

A ST I R 5 UL R A 4 R Bl R
FEREAT VAT o e rp 2 W PEA S A IR 75 R0 A
HTIALE 3 4 [7] Z (Unweighted average recall rate,
UAR), XJ N1 BRIE 75 & B S A L3 1% s
B RS RREAT R LG o T B S50 R F 1 4 WA
43 (Mean opinion score, MOS) Fl{# 8 AH B4 5 ~F 1)
= WA3% (Emotional mean opinion score, EMOS),
FLH 20 BT P AN R B AN R AN 4E S
AT
3.1 EMXWHER

AR ST 5 W S 56 SR FH AGH U 5 75 A 1 B ) A
IR A8 2% . (Melcepstral distortion, MCD) 34! J5
RS MLAS 7 T I A5 15 IR 7

MCD A& — B FH SR A 8 75 5t & 1 2 PP 45
i, A7 5 PR A Mg R (813 7 41 22 8] 22 7 () &2 B, MCD
NS FoA BUAE P 5 R AR R AR AR L, 5
JrAdan

T-1

1 = 2
MCDK = T Z (C(t,k) - C,(t,k)) ) (3)

t=0 1

Horb e g o g, 20 B R B TSR A A 75 IR 2
t RIS kAR B HE 2220 (Mel frequency cepstral
coefficient, MFCC), 2 H kit ¢; o, BN 0B MFCC
SRR S B B o A SEZEG N B B 4 B Rl
AT MCD 5, HA5 R UK 1 HR.

x®1 AREERAEIFE~RHMCD
Table 1 MCD of different emotions in syn-
thetic speech

1512 MCD
i 4.40
T 4.59
N 4.36
T 6.29
a2 4.91

MCD V3418 2y 4.91, R 45 SCHR [35] T AT 5T,
2 MCD EAK T 8 I, & B IR T 75 REARE A5 R R 4t
BB, AT R T35 75 A8 B o DRI A S50 1)
FE A B B BN R SR U R IR BT B L
ZEW G5 RATA Ry it — PR IT

XF 18 BB A AL PPA, £E DRAIETE 75 5T 1)
SAT T AT A B R 1 R B R S S
TR T7 AT IV 15 US55 1
100 A1) 7247, S50 K F SCHE R &AL (Support vector
machine, SVM) 8715 KU BAL, & T/MEA
) 3 R

FEVE PG BRI AR v, AN TR B 1 BRR iR X
T A RN RCR AR AE L SRIDL Sk 4
RE B8 A 2000 e U158 B AR 4K R A 7 R AR A2 75 1 R
59 S8R A e E B ) R — 1361, ARSI SR A
eGeMAPS 75 2 HFIE4E, eGeMAPS HAVAH 88 44
fiE, (R 55 1 2 PP AR« 25 T3 B KRR DL S
JRAEFAE 1

TRV HE RO 1 & SR BB VR 4H R I H 1 I8 1) ) 4
FAB I AR FNE L, & B 0] R L PR 45 R A Ie)
FoRTOM 25 5, e B304 T B &R 1) /2
T TE A BAE, AR VR IME, 5 B 75 VR VR HE
6 s

JE A B AR T 5 ) BN AR R ) LB
SRR RGBT DUE H, HOT R AR BN
R4f.
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Fig. 6 Synthetic emotion speech confusion matrix

3.2 FWLIWLER

P4 K 2 B i A EGE A R T #R SR
F W S 5G SR B AT PR A . AR S I % B MOS M
EMOS P F 7 A 98 B A1 18 A4 FE R &
BRI 7 AT VAR .

S0 B I L B IR 7R 3k 40 R (B
1B 10 1)), B3R 20 44 W Akt 7 AIEEAT H 28 B F
JEBE VP VEAN 20 9 5 NG, VRN R AR 2~3
v

Fz2 MOS NS EFRER
Table 2 MOS evaluation score standard table

o E PRIAR A

0~1 5, 7%, T AV
1~2 ZE, ShaR, Wi A KT A
2~3 B IER, i LA
34 R WP A A, TRz
45 e, AR AR

# 3 EMOS NS EFRER
Table 3 EMOS evaluation score standard table

ANzl PRI b

0~1 %, T REA
1~2 72, 1 R R A
2~3 o i R R LA R
34 R, R E RS
4~5 A 155 I 8152 TEAR

AT HE SIS S5 R (R 4 BoR) 45 T 95%
B A= X A 1) MOS 18, MOS [ F- 3518 M 3.62, EMOS

[ 3ME R 417, F A e R U W R A B 1 B 28
JEE B A )L B AE 2T 3 7 ol 17 [ 1) 0 1 T 36 5
B, B EARE_E RN B R, IS KR B 4 4, DU
(G 75 A BT AE B T 20 5 0 T 5 49 RS 56
B, X —BLRAE L EIE A A R B N 5. A
TS0k [25) Haft g, FIA (DCTTS & it 4L sk
UK B R G IB1E E A B, FL %1 1 T35 EMOS 18
£ 2.1~3.59 FIFE Bl 4, A SC ) EMOS 18 FL T Mg
A 4.17, P X Tacotron2 A B 3R AT B fe i 2
J BT FH R SR IR 1 BB 7R A R I BRI IR
K b, ARSZIS R H O R R — e T AT

#z4 JLEERKIFERRIER MOS/EMOS &
Table 4 MOS/EMOS evaluation of chil-

dren’s synthetic emotional speech

112 MOS EMOS
T 3.4240.13 4.1+0.12
iR 3.805 4 0.13 4.125+0.13
s 3.745 £ 0.12 4.265 4 0.11
151 3.52+0.13 4.2+0.11
F 3.62 4.17

4 #Eg

ARSCEEH T — R IE R S R B L 5
DUE T BGE G R, F H A o) L3 R A A
R BRURIEE =+ I RN A 17 - 05 BB 2 1 5
RORAMESE )8, A5 SafE Tacotron2 1 Y [ 2
fitl b SEELDLTE B P A R FH ESD R BUE
R ST A IS AR, A R A TR A
) L2 A 1A 7 S L) L B RP AR AR T 4%, 72 (R UETS
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RIR LI ZEAF T G B BAT ) LB RS AL 10 15 11
P o SRS FUIE A SCAE I IR 2 21 O T DA
AT R B AR AR TR IE FE A I R A1 75

AL BT FEAIAAAE — 5 AL, Wl T/
A UL LA KR, [BI LR as R
PR G DL . TASSTINEEA B I RIS
KA 30 h BLE, AT H AR R IR S s A &
BT FENGRRCR B A . IF HASCHE
P AR T 5N, 72 2 N5 IE 75 A BT 7T
fiFE DR U0 N AR JERARE AL 11 1) R 55 A S WF Tt A7 R
FAALZ AL, AR A A m] Ll 4 A AR R] A 50R
Xt 2 Ui N R TR 7 & AT SR8 o TR/
A (R TR S B AR R A IR R e 2 ]
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