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Abstract

Voice cloning is a technique for synthesizing speech that closely resembles a reference speech
through algorithms such as speech analysis, speaker classification, and voice coding. To improve
the transfer of individual speaker articulatory features, the MRCD model with rhythm and content
de-entanglement is proposed. The rhythmic information carried by the speech signal is de-entangled
by the random threshold resampling of the rhythmic random perturbation module, so that the
speech rhythms are independent of each other; the content of the speaker’s similar speech fea-
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tures is obtained by using the Meier content enhancement module, and at the same time the stylis-
tic and cyclic consistency loss functions are added to measure the differences between the gener-
ated speech and the spectrograms of the source speech and the speaker’s identity, and then finally
the speaker is identified by an end-to-end speech synthesis model, FastSpeech2. Finally, an
end-to-end speech synthesis model, FastSpeech2, is used for speech cloning. For experimental
evaluation, the method was applied to the publicly available AISHELL3 dataset for the speech
cloning task. The model is evaluated using objective and subjective evaluation metrics, and the
results show that the converted speech outperforms the previous method in terms of speaker si-
milarity while maintaining the naturalness score.
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1. 518

BEEDR IR RS AR PR R R, 1E& A H BN AN B B BE 5. 8
¥ i(Text-to-Speech, TTS) [1]/& —FhIEF SCARA MARRIEH HA, —AWLBHHZEOHEARZ —. ERE
SRR Z AT, BGNEE A RO EREPHEAE S GG SR BNE S G BUTE. IR, HEE
DRSS HOR AR R, 1B A e B AR R T R B 5 T S 7 g R . MR A 18 A A 3=
T pH P AR RN PR B R R R, BRI B B RO i 7 SR AR S N (1 SCAS TN A B
TR L, AR MRS Tacotron2 [4]%%5. PRG3R P SRR FE 3 BGE 001, SRR
5H WaveNet [5], WaveGlow [6], HiFi-GAN [7]55. #RT, BB BAE & RROTE BT 20 I GRS EUE i,
APAEMS AR AT S R B . O 7 AR — ) 8, 30T A SRR 5038 A1 TR S A0 ) R P iy Bt R o
715, a0 FastSpeech2 [8], —FiR AR [H1A 77 2 i 3ty 15 7 A OB AL

B AR S5 REAE S A AU — AN EEAES . BE REES R TE AE I gAY, (i
RS A Jl 5 5 e T AAH A 18 & M55 o 12455 nT DA R T 2 Mg o FI LA, B an i &2 2k 2 75 35 11
F P BSRA AR /o, B T AT Re A B R B B Sin 55, TERGEMISCERY, IUE B AR
gin] DL H AR UEE AN HOE & KU L 1B & (S R B RAE R PR A8 B AR el &, 9140 Attentron [9]
PR T — R R B TR E AR e AR RGBS 15, I SEBLE 47 1932 4k Xiao 25 A
[10]%& [T AM L B TE T 7S AN 2% bR B LA 2 150 15 N XA 4 B 15 4t CDFSE AR AY [11] NS 2515 FR 3R UM B
{1 J5 35 PN 25 R N AL FE 005 AR N SR AN AR B RFAE

PR, DA IR P K 2 B A LA A N 3 R B R SUH DR N A IR A R 3L, DARHE A4
MOTIEEE R, XA R EE AR PR —E G 06 A B8, RSG5 T ANFE FRE AR T 5,
FHAEF T —FpiE S N AR oA, T AN IR 0 SRR SRR T TR B RS BT AR SR B g
M, JRELE T LR IS & gt e A [ 2 a5 0 . ARSI, ASCHEH T —AMEEAY MRCD (Model with
Rhythm and Content Disentanglement), (1) &G TIZ2BENIRBIEEL, 51 N—1N R Gri 41 15 2 50l
R AT2E. B, A GE SRR (B R % MFCC, 2GR E) 4E i TiE S5 B EL: Q) #itE
MR NIRRT, 258 SRR ILHI[12]3 SANRE R NRE A . 524 3] B 518 5 i R it &
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ERAA, Sl 7 U AR SR N AR O, (5 & A 3 AL U BE S5 Uil AIE . (3)
BOFPIA R R, DR BRI BEE NRF AL RS, (F RSS2 P ORIERS 1 35 (1 XU

FEAHT A2 (1) BRSNS IAD S, K1l & TP R B2 M5 S5 25 SO S B DL A
FEME . REAERRE ORI ENERIESHRIEN, 3 7RSS RIS M BRI (2) KPP
R EEAR, Hrp Mg T 2 ERIENA A FNEEL, A Mg T S HES SN ERHERE.
IXEERAI N T BE 5 RUEZE B & BB, AL S T Sbr i 3 5t IR I5iE T LA R THE & &
JI AR GEAE X AN [ 1 2 A P 5 5 I 90 3 2 AR AR IR

2. HXI1E

P GEII U v B B [L2038 5 R & BT AT IR, AU AE AL BRRCRAR A, 1 FLERE H it
TN B B AEASHE LRI (9 o Y R 200 AN 1 5 T B R T R A 5 AN GBS 75 VA [13], 1277157 LA EL#2
MEAR UL BTE B FEA R SRR N R A&, SR R Billn Li & A[14] 26t 51 A RTERL
i, LA I 2ok B HE S, A3 7 SR N BT A 0

FESRBGE B AE EJ7 0, 4RI P E SR th AR Al 5 AL RO AR . 2 A £ R S5 D7 THI[15], 40,
Fang 45 A [16]2R FH 4% 56 ) R\ B SCA TIAL BEOR BSGH SCA I 7R 2% 31 ;. AUTOPST [17]4 848 5 F 54 65
A IRIBGEAR(E 2 Gibiansky S8 A\ [18]1) 24775 4% TTS R GLE I 77 4% & kR 87 75 45 A i 45 5
IR P8 80N « BARMR A IR B P 1 AR ROEH B, (B A AR KA 22 (8] AT 3t — 25 i 2t

ASCHBREEA . EHIAERE S IR . B, 552 5] RIFRISOARRNE B RHIE U R RIB TR 5
i, 7% AUTOPST [17]HH ) JRUMS 2 i 25 - BE LB (B FRFEBOR, it 7 25BN, [Fm i A
s AN AT IR 2 AR R AR, BT /R A R Gt A, 45 & CDFSE [11A2 o (1 5 25 = i HL
ARHCARRLIEE Ui N AL, DASE L HUKE 225 15 35 vh ITE 35 9 2015 S L P BB A AR il i 45 5

2.1. BEHESEERE

T<1 _EXE |
()
|

Figure 1. Random resampling. Squares with different colors represent sequences of frames with
different similarities
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RNS FREANERMASERXRANIME, WEEONTZEGEE . BEYLBEERFEMES S & R E
b, FEFHERESRSHER. WA L PR, Z(1) ZHAR 13 4EMFCCHRIE (/R 32 (5] R 404
I XS AL 2% 5 AR E R 4], BENLBE R AR T o
TS E A1) Z (t) 43 BB B A(L) 5 I FH Gram R e Sieict s A A1 it 1] AR AULZE
NI
N ORI | ®
Horht R AT BERS], U R Z () Hifd ) Bk S).
WE—NMYLRE, HIRRESFETFAIN, et 252 N —BTARIAT, 2 FRFERUR RFFE
IS SBENLBIE £ () <10, HHEAREH G(L,,t') < (t) FHUFILIS . RIS T it
RS gm A, AR 2,

Z (m) =meanpool (Z ( t, :t,,,+1)) )
Vte[t:it+1],G(t,.t") <z(t) (3)
vt'e[t:it+1],G(t, t")=1-7(t) @

S HLRE 7(1) 21, BRI AR@K G (1) 21— () FEORFARIS . (L, R4t
A, 7T AL RS ARSI ¢, A it BERES, 1R R KU D SS e

Table 1. Example of correlation between references speech and input text

* 1 SEBEBTNEEMAKREXMETA

SEIBEHENE “zh angl x iou4 c ai2 y ie3 m ei2 y iou3 d uol x iang3 sp”
NSO “bai3dudyiongly iou3shud4wuand ming2y ian2 f al g ongl ch eng2 sp”
FRAA B = R A 2 “sp” 5 “sp” . “ai2” 5 “ai3”

2.2. MNP IE AR FHIE

EEREARE T O BEAESS T, NE A Uh NRAENITE 3 R S RHIE. RIS KSR, AR
AR T R ERHE T, HARGSRHEZRMEMSH BT PRERBOE. flnk 1.

G, I AR 2 SR EOWIZRF AL, 3 P 7 G 5 i FH R X SR A e AL S LA R R I A
BN o REMUG N RN BES T RAE A B aS, K IR IR I H R 7SI B4 T R ULIE A GBS a1
KA T RS2 45 4 DN —HEFZM—A 256 AWM 2ERZ, BR—NE A RHESRIEE 1 .
I8 BRI E 7 25t SRS 5155 15 R i 84 v ER(Q), MikEZ
B R AN EE(K), AT 5] AR 0 AR I 2E

3. &F FastSpeech2 a9 MRCD &8 & (4%

N T IRUEASCHE H R QB4 R, 454 FastSpeech2 MEBYIEHE T b R4 MRCD 4,
MRCD #H R 2 25K 4] 2 P . BRI BI N5 WS RELBEER, T 3RECE MK MFCC L i A HEAT 22
Bo R, SR A 1 AR A B SRR I 225V E S i 2%, LAIRAS 5 N B AH G AU AR 2 Ui 16 A RN
R X PTG i (i HH AR N 2 SR b R 0Bt R, IR (R4h FastSpeech 2 U7 =& RLAY, WM S
BRI A R
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Figure 2. The overall architecture of the MRCD model
B 2. MRCD & &1ZE 4

3.1. =M ILBER

£ FastSpeech2 Y, H4hn MFCC FREANEE =22 8 T A Mdd m R M iRBIPERE, MFCC & —Ff
B G TR RHER R 77, 0 DU SO R 2035 & 15 5 S AR M RO 80k . A MRCD
BALKG ST PRI 80 4 MFCC A ARABL L A i 1 v BR T AL AR B R A i, i i 545
SRR PRt E 2 E R

RIS R B SR U 5 KOl I 5 AR R 2% e e s MFCC AR Z (t) o 38 3 Bl AL B 3 SRR
AR 180 P HE B L 5 v 1) BEEE R HE S, T A R — BT IR 470 Z°(t) , DABOs B M. R
PEBELE RAE LG R, T2 BN YO 4% B4 ALK 7 o PSRBT RFER A2y . FoRFE R 480
MFCC #5#4iE Z (t) AR L% 2545 5 S AW b 3, DUIMBRILT 22, 0 R RAE M2 45K MFCC 434E Z (t) o
A ZRAS S S MM b sk, DARIRHAT22. @il FoRAEATT REERIIRAE, AT DAXRHEE & B 11 22
BEATRENLIRZN, AT AR R A AN R 22 A B BB s S A

B K BEATLEE R i 25 (e i, Vs n 2 FastSpeech2 4w fith #5 it Hh F G

32. WIEARFHIERBSEE

f
EEEECD-

Wi Ws Wz W, Wz Wy

Similari(y(wi,wj)

Convid

Wi Wy W3 Wy W Wn

wo IO
f

(a) Similarity Reorganization (b) Downsampling Encoder

Figure 3. (a) Similarity recombination in the content enhancement module. (b) Speaker embed-
ding/content downsample encoder

Bl 3. (a) AAIGRIERPAEMMEELE. (b) WHIEARN AR TRIERDE
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NTEFTEASHEG P ERZIAMRR, RESHIES MR SCAZ MR N AR RE, ZRNA

2 25 P9 505 B IR TS, MRCD KR S FHE 5 M /K P9 A5 T s EA RABLR 25 P9 A 6 B 1) B B T

FEBITRAE—H, TR N R AE. 1018 3 From, B NAE & 035 2551 H (1) ST = HEFE MR .

Hort H (t) 5 N AMAELF R, RomAH () =W Wy, W, | o BT W RN = N E (W) . ff

FI A AL B SR vk A T 5 AR LEE, X TAEE A FF5W . W, (AL A

similarity (w:, w; :E(LE(W’) H ). ) B 5 F0

) o] S ) B

WG, ETHEMMUMESE L, £wW THEIFEFHMOERSK TR W, 4.
H(t) = [we, Wa, Wy, Wy, -, W, | o 3B, SIS TE A T 9 A8 a e

3.3. RURIHE R AEF—B M RK R

B AT 55 T AT AT RS e R 02 R L), TOREE T N IR B O T R IX A [, [+
I AP ARRFAE AR L7 2], AR ST 5] N AR SZAHABLIEE XURS 5 2K bR BBORIN B XA SR B, 29O AR R I 2RI A2
FE2E S AR RIS 25 SRR SRR Zs A H AR XS 2 2 [ R e/ b

E(w)|| A0 E (w, )| 5> 7Rl e

Loy = p )

> () X ()

i=1
IR, RIZRIEATR BREL Ly R BELYRAE BUITER A F AR XU CRAFF AR, (A BECRIEVR YL UG A &
WAA, AT HRIERBIEN S 5E 8, AXSH TR — SRR R B19] Bt T Loy o 7EIX BLPEIF — 2L
VA BRSO S TH A T AR O T AR SRR 2 A M o Mg i) LL 2%, [R5 AR i 7 A0 F A
WH RV AER Sp o S ZIAIM L1 fik.

n

>[F(M,)-M| Xt (s,)-s 5
L _ =l + i=1 ( )
cyc
n n
B 2L A I RRE L3R 451 2% BR B AU /) o
L= Lpitch + Lenergy + Lduration + aLphone + ﬁLsty + ZLcyc (7)

ﬁ;q:‘ Lpitch‘ I-energy‘ Lduration\ Lphone‘ Lsty‘ Lcyc ﬁ\%u% pitCh ?J‘Ei‘gig[ﬁ’ ﬁéijﬁ%@ﬁy %ﬁﬁl‘ﬂi‘ﬁ?ﬁ@iﬁ,
HRD A PUR R AR R AL 34— S R R 2

4. SCIGEERFTHT
4.1, LIRS

e . AISHELL-3 4R £ [20] 2 45 /K D172 W A (v SO 155 400 e . SRR 07 218 44
K EAR DS XSRS NS 550 ARSI 218 4 UiiE & 11615, 95%[Ki&1E H T4, 5%H
TEE. FRIEH T 7 ZoRERIRE S HISE NI HE GRS, DMEEZRE 5 AR Al
LRGSR M SRR NI E 3

WG ARG B, W BR AL P () A B 35 DL 22.05 KHZ (SRR S0 T i ey 80 4EME /R i ]
MR /Ny 1024, BRECH 256, [RIAR SEE SR 4G SCAEE PUE 7T & R i T AR NP 75 BRI &)
M2 T7F[21]. 75 NVIDIA RTX3090 GPU FIZRprA#iAY, kAR EL 250 K, HbAbEEK/NA 16.
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KA Adam 184k 88, p1=10.9, 2 =098, ¢=10— 9. 7E 4000 JIEARRTRFHIE, 0% o A8 B I 25 R 4711
HiFi-GAN [711F A 48 5 i 4 K A2 BRI
4.2, BEgER

CDFSE [11]: /& —/MNEFEAPIIE N EIENAER, BT —Fh A S AH S AR 6 AR AL 7. DL
BEHIERE H AR uiiE AN AR & I, R EAINGE A RE & R &

Attentron [9]: & —ANDEEATE & & B A T o8 BEAE I ZRid R b R LA 0 1m NFR , 3H T —
FhIETFVE = IR RN . b, BERGE B R B K 1 2 2% 35 A0 DA SR 250 A s 35 1
4.3. XPEESELG

SEI6 R B 5 v B 7 1 I EPEAN[9]: P38 = LS 2 (MOS) FTAH AL B ~F- 13 =5 W = WL A5 43
(SMOS) K LL A [RIAE R X5 1 2 b 2 0 a1 AN BT DL 30a 1 A PR35 B i o A 2 (AR AL o SRS 11
8 MR AU IE A AN GEFFENLERRT 7 NERMBIEEEANSHE RS, CAF)TFRAMRE, K
RN ESAME . X TEMNIEN, JAMEH—MEEE NS HIE S RIEFIEST K. | 15 ZFEf
HIE A BEH LRI 45 H E My, ARPEE & 10 5 A2 2518 &3 AU #-1T4] 4. MOS A1 SMOS
PR ENE 2 FoR o

431 BEERE

R 2 25, MRCD &AI7E FHARE AR R GF, RTHRAEERA, Bfckil, X+ 2w
Ui A, MRCD A MOS 5y 3.25, Tt T AA WL diidE A, MOS ik%) 3.73. fHfFE & 12E, MRCD
BRSO AT WG A N B3, BBl 7 0.3 A ERIZERE . Xt T A MFCC 45 e
BRT 225 B T3 s A s 1 H AR R AR A .

Table 2. MOS, SMOS, and speaking similarity scores for different models
2. FEHERIE MOS, SMOS. HIEHIUE 58

5 R MOS SMOS ThAh NARBLE( )
CDFSE [11] 3.21 3.36 77.19
RY/RUAEIN Attentron [9] 3.16 3.30 75.00
MRCD 3.25 3.51 84.6
CDFSE [11] 3.43 3.36 78.00
AN RN Attentron [9] 3.40 3.30 75.40
MRCD 3.73 3.72 80.5

4.3.2. RIEABIE

FEV IS NARALRE DT T, [FIB 9 T PPAl Ui s A AR ALRE , R FH 116 NS0 IE R G0 [22 KRB B 15 K Ui 16 A
i, HHE G BOE S5 B EOE S UOE A2 M R ZALE . iR4EE 2 4538, MRCD L[] SMOS %}
TEWUEANN 351, T AT WULIEH N 3.72, TMWMELEA ., £, MRCD BEAIA4
(I 5 B SO B (AR BEAE P L UE 18 A 2800 b TR 25 ANE 3 s BL b, ZEAN AT L i s A 28031
BT 6 N E AR,
4.3.3. RABHEIE

SR FH XS ABX i M AT VEAG IE 7% Ji5 78 2 WA AR ALLRE o ABX i 4 I 52 43 SR B e
G IRIEE A5 B (BIFP 772 Wt KB AR H bR UG & I BB X B A lf . B —XF A 5 B #24
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FIELBEG A Se R o 52596 FEELHE 7 MRCD #i5Y 5 CDFSE #8Y, 25 aniE 4 fon. X Faf midig N,
MRCD F 4 ik B ATZ Lk CDFSE #8513 AN E 4355, XA AT WLk 1 A, MRCD A28 (4 34 5 R 8. 3%,
AR L CDFSE A5 12 ANH 45 45,

ABX

CDFSE

i

MRCD

AT ISEEA

AT IEA

I T
60 80 100

Figure 4. ABX preference test results of the CDFSE model and the MRCD model
4. CDFSE ##&F1 MRCD #RAf) ABX {REFMIRLS

EJEs RN T SRR T, ST SCF AT R I AT R 20 o SN SCAR 55318 & WA AR, XF L
A BB N B 215 5 (AR SO0t N3 BN E) 2 25 0 S8 2 B 3 AN EL S0 B 21 35 (R0 B SC 75 1)
EHEIIZRR Y|, -y, | EATA L

Hor x, RAEAY A BB AN SO S R S ML,y AR S E S T AN SO TR A
(B A] o AR <] 5(a)@a~, MRCD ALK Z 7] 2524 0.38, CDFSE A574 (¥ 2 ] 2 0.43. AR#E K
5(b), MRCD [ RIS ] 24 0.22, CDFSE B (1) Z I B 2208 0.26. HL45 R E7R, MRCD £
()5 Z IS B] 22 0 KT CDFSE #2%!, 1X&£ W MRCD BMEH R HH LTS HiEE.

4.4. HRASCI

i) EHIE RS E AR AT AR ‘BlARNAZRET LR

SEES

MRCD

CDFSE

5@ 5(b)

Figure 5. Comparison of text corresponding phoneme time between CDFSE model and MRCD
model. The time marked on the abscissa is the time corresponding to each phoneme of the text

5. CDFSE #22!F1 MRCD #E &M XA XS N B ZRTEI Tt . BRI B RSN FEE
Z % R YRS [E]
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N T BAEA RIS T & WA A o] AR 3 UG N RFE R A e, 30T T — RAISER, IHa0l%
8T RFEIHE, f14% BM + RR., BM+RR + CE. BM+RR + CE + Ly . DA A KRR MRCD =
BM+RR+CE+ Ly + Ly, H RRZVWEMIPLGY, CE ZHMp/R N A i, did FummE
PP 73 AT B A Fs 25 (1 R FEE AR U0 1 A AEALLRE

RIEF 3 ZFmra, X Far W diim N, 7EUE NIIE R Gl il AABRUE 7T, BM LAY (1 7 2
77.19%, 3N RR AR E 2 75.09%05 4 F %, (HESLEEAE L3N CE Bik, Ly . Loc HRBREUS U
TEANFALE 208 80.7, Al 2 ANE 4 s Tt XA LBETE N, 7515 AR AN 30k W
NAREBLEE F, N RR AR F AR BE A U005 A AR FE ARG AR sg e, AR AR ARG B AR T . ARAE 1K
R SEIG 5 8, P LR HTE 7 Z53&E 2% AT AR N T 2 ANRHIE S I i, S 8HNNE 5 1 SHE 2 M A7 1E
KM ZES. Bk, FTESIN TGRS0 2 o8 BORT XS 451 5% 2R BIOR fF U1 A ) 8

Table 3. MOS, SMOS with increasing different modules, and speaker similarity
7 3. HWMAEMRIRAT MOS. SMOS, #itiE AHEILE

551 BRY MOS SMOS TiAh NAHBLUE( )
BM 3.21 3.36 77.19
CINRUAR N BM + RR 3.11 3.30 75.09
BM +RR + CE 3.11 3.32 80.70
BM 3.43 3.36 78.00
A BEE A BM + RR 3.54 3.41 78.95
BM +RR + CE 3.50 3.60 76.34

Table 4. MOS, SMOS with increasing loss function, and speaker similarity
4. HEMIRKE A MOS. SMOS, iiE AEIE

5 | MOS SMOS WiiE AARLEE (D)
BM 3.21 3.36 77.19
AT L E A BM+RR+CE+ Ly 3.00 3.26 81.9
BM+RR+CE+ Ly + L 3.25 3.51 84.6
BM 3.43 3.36 78.00
A ILAE A BM+RR+CE+ Ly 3.43 3.68 80.5
BM+RR+CE+ L, + Ly 3.73 3.72 80.5

HRIE % 4 455050, 78 MOS. SMOS. il AWHIE R Ui il AFBUE 5T, I Ly« Loe 15125 B3
Joi, RO EER S HA A e A B BEE AR ALYE KRR T WLBEE A MOS. SMOS #TH U Bl

SR
45. 45ig

2 SLIRA IR RIR, EHREER) MOS Xf b4 IR ] LIE H 5 CDFSE 4!, Attentron #AUAHLEL, Xt
TR BIES, MRCD AE MOS H BB 3, 2809 0.3, I A5 Z2AHBE |, MRCD #%
R & 2 ) 22 B R AT CDFSE B, X dbzh R B 7T Z2 LB i BT MFCC RHIE A 2
B, AHT MRCD 8B 47 1% 2] 2 %15 3 R BRHIES BAETE & & AT S HORTE T ORBMER, X T8
PEREM G IR 2,

TEVLIE NAHALEE J71H, SMOS 45 R B A SCHE H ) MRCD A5 75 Tt 1 AAFABURE 77 THIAL T AN J: 2k
MRCD X} 0] Wit 1 A SMOS 24 3.51, XFAH L% A SMOS A 3.72. TR WLAUL1EH, MRCD
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BERIAE SMOS FHISGHE N2, ZFEHE 0.3, [RIN R 23 E AAHBUEXS L, MRCD fEAL7EA] I
YIh MES LI PO T AR . 7E ABX it rr, 2l fE R4 A5 CDFSE 51411 ) MRCD B,
B ) TR0 AR A X e U E CE A m] BRI 3 e M /R RS SO T NRFIESR A, i H e T
WA N AFABLE A A= BRI 3 B8 G M DT IE 226 15 3 B 5 201, 2 A BAE ¥ B 1R 2 281030 I Uil N
fiE, MR i i 1 AARABLEE

TESE T RSE IR 0, N 22BN LRSS . 15 P A I SR HOR A PR e P AR T IERIMEH .
X T] B RN 22 R S G B TS 28 B8 G b il R0 & 00 T 22 AN A, AT A A B 5 B I B AR
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