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beyond traditional limitations. This innovation enables the rapid generation of digital voices that “sound like one’ s own

voice”, which offers users unprecedented convenience and enjoyment. However, malicious attackers may use their cloned

voices to commit unlawful activities such as fraud, forgery, dissemination of false information, targeted harassment, and

illegal access to personal sensitive information. These behaviors will undoubtedly pose an unprecedented challenge and

threat to personal voice rights. Therefore, under the clear guidance of the law, the protection of voice rights as an important

part of personal identity has become the focus of attention from various sectors of society. Accurately determining the sound

source of the cloned speech in judicial practice, that is, ascertaining whether the cloned speech originates from the charac-

teristics of the target speaker, has become a challenging dilemma. Although the existing speaker identification technology

can confirm the speaker identity of human speech through voiceprint feature comparison, the cloned speech is not only simi-

lar to the timbre of the target speaker but also contains the characteristics of the source speaker. Therefore, the interference

of the timbre of the source speaker makes the traditional speaker recognition technology difficult to be directly applied to the

cloned speech. Against this backdrop, the target speaker verification method for cloned speech is proposed in this study.

Method Specifically, the group progressive channel fusion (GPCF) module is first designed based on Res2Block to extract

the common effective voiceprint features between human speech and cloned speech. This module is critical for distinguish-

ing subtle differences between human speech and cloned speech that are generally indistinguishable to the human ear

alone. Subsequently, the K-independent dynamic global filter (DGF) module is adopted to suppress the influence of the

source speaker, which improves the representation and generalization capability of the model. The DGF plays a key role in

filtering out the unwanted features of the source speaker, which ensures that the voiceprint of the target speaker remains the

focus of the analysis. Thereafter, a feature aggregation mechanism is presented based on multi-scale layer attention to fuse

deep and shallow features from different levels of the GPCF and DGF modules. This mechanism is designed to capture the

intricate details of the voiceprint that may be missed by traditional methods, which provides a more comprehensive analysis

of the speech features. Finally, the attentive statistics pooling (ASP) layer is used to further enhance the target speaker

information in the representation feature tensor. The ASP layer is instrumental in refining the feature set. This refinement

ensures that the most relevant and discriminative features are emphasized, which improves the accuracy of the voiceprint

identification results. Result Experiments on the AISHELL3 human speech dataset and the cloned speech dataset, which

are created based on four speech synthesis and conversion algorithms

FastSpeech2, TriAANVC, FreeVC, and KnnVC

how that the equal error rates are reduced by 1. 38%, 0.92%, and 0. 61%, while the values for the minimum detec-

tion cost function are decreased by 0. 012 5, 0. 006 7, and 0. 044 5, compared with the three advanced methods. Conclu-

sion These comparative experimental results show that the proposed method can significantly reduce the error rate associ-

ated with voiceprint identification, which leads to more reliable and accurate results. They also show the advantages of the

proposed method in solving the task of cloned speech voiceprint identification. The proposed method effectively extracts the

features of the target speaker from cloned speech, which offers a methodological guide for the voiceprint identification of

cloned speech.

Key words: cloned speech; voiceprint identification; group progressive channel fusion (GPCF) ; dynamic global filter

(DGF) ; multi-scale layer attention
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minDCF {EATEM bR, Hd  EER B/, minDCF
EH )N BT 1 BB R -

3.2 GPCF#ERBEIMES

9 T Bk GPCF BEH i A &8Pk |, i i e 4 i Y
- B ¥ GPCF 5t 4 Res2Block 8 (w/o GPCF) it
frimk, 2R mF 4R, FTLLAEH H LR T
Res2Block #8 , GPCF #2 He fiff EER FE A% T 0. 69%,
minDCF B4k 7 0. 005 8. X J& 1 T GPCF Bk
T EE TR Bz B A R AL A SR, A A AR T
AR5 A AS TR O AN [R) L ) Jm TR AFAE , 3
SR 1 RIARL UETE ANRHIE Y FRIAHRE ST . BRI, GPCF A%
PAEBTE N R BIME 55 h B TR R PERE , ik 1
HAE S B R BE RN R A T A 280k o

%4 GPCFIEHL5 Res2Block #3% tb
Table 4 Comparison between GPCF and

Res2Block modules
Y EER/% minDCF
Einiil 9.24 0.6722
wlo GPCF 9.93 0.678 0

3.3 DGF#EREMMES

R T S E DGF BEH (A3 R , 7R 45 i A A
o e BR S A uE P A% (AR B A ) DL AR IE
WAL 73 (—Dropout) A 7K, 25 H 40k 5 Fros . w]
DI, ZBRBh 75 U I i AR R 5 AR R L, EER
F+ 7 0. 71%, minDCF F} 55 0. 024, It 4h, 2Bk DGF
R P TE AR R 43 5 AL AL 7E EER Al minDCF -
b (0, F 4458, Horh EER T 0. 30% , minDCF T
5 0.008 2, XJEHH T DGF R H 19 5% 4 S B 7 2
TR BERHIE 1) 42 R BN . T, X Fh e 0 4 T RS B
P ULTE N SR RRAE G 2, IR B ER A1 2
B AT BB S 1A A LA AR T L s T AR AR
TEARFNEHE Lz baE J1. P, DGF AR 5] A
SN T RANIX SR K B 3E A 1 SR REAE Y FR 3K T Al
PE R I AR SR R TR AR P . X R DGF
AR Ko HLAE DU A6 38 20 %o F AR AR T E AU &R
e WERA PR RS e M G E T .

£ 5 DGF &K Dropout iR A 46 E
Table 5 Validation of DGF module and dropout module

LAY EER/% minDCF
e b 9.24 0.6722
—BNASUE I A 9.95 0.696 2
~Dropout 9.54 0.680 4

TR LR

3.4 HRRKIGSHT

R T IR A A R 7 TR A B 4R
XA BEHL A AT I A SE 58, sk 6 i, Hoh
RBM /80K H 3 /2 Res2Block HE & i Res2Block
Bt (Res2Block module, RBM) , GPCF & 7~ ¥
Res2Block #i e ¥4t Ji, GPCF B3 , GPCF + DGF /R
TE(H ] GPCF Mk () 56 Atk [ in |- DGF L, GPCF +
DGF + MFA /871§ ] GPCF 1 DGF A5 He ity B ilt |
Jin - MFA #£3¢ , GPCF + DGF + MFA + ASP %75 [w] i}
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fifi F GPCF B3k [ DGF 13 . MFA £ 8 FT ASP 23
3% 6 AT LAt , 78 SCO7 v v 1) 45 B 0 A 1k
8T AR NSO AR S FHE o 76 TR AS A il
e SR R N A I 2 45 R R EER BEAIC T
2. 12%, minDCF [&AIX 7 0. 082 1., 4k, 2 R ERAE
RAE YA B G it e — e B ik
TKPERE . RS M B S5 R, SR fE
7€ EER Fl minDCF I #B45 3] 7 — a2 oo 36, BPAS SCHR
05 B BRAT R

®6 HBASSIE AT

Table 6 Analysis of ablation experiments

7k EER/% minDCF
RBM 11.36 0.754 3
GPCF 11.19 0.737 6
GPCF + DGF 10.53 0.704 7
GPCF + DGF + MFA 9.90 0.695 9
GPCF + DGF + MFA + ASP 9.24 0.672 2

TE R RS 7R 2 9 e (L4 2R

3.5 XfEERBAH

h T B IEASCHR H TSVCS A 350k = 5 0
W N % TE 40 5 9 ECAPA-TDNN., DS-TDNN Al
CAM++{J6 75 75 VAT v B 1 BUHe 4 b kAT X0 e 52
B X LSRR T R o AT RUA B, AR SCTSVES J5
IEAE VA 46 B EER A minDCF o HLAT 5047 A 2505
Ferb X T EER, ARXE T HAR 3 007 7%, EER 231
I T 1. 38%.0. 92% F1 0. 61%, minDCF 43 5l AL T
0.0125.0.006 7F10. 044 5, FKWIA Iy EAEAL A
i) 5 A T 1) 75 SO E AT 55 B B LA g ik
S TSVCS Al AR MR U0 A B SCHE 5 015 B, 3 i H
NATPNESR RSNV IS e (I b S AN SR
B, R AE 2 52 2 5 B SR A9 H AR U iE A
RHIE
3.6 ZILMERESR

T K TSV CS J5 25 iz A , 18R ¥ )1 25
b B T B Y 1 B 45 575 DDDM-VC
(decoupled denoising diffusion models with disen-
tangled representation and prior mixup for verified
robust voice conversion) (Choi %, 2024) £ AISHELL3
ST R A LAY OB A, 5 2R R
4 DDDM-AISHELL3 . % 8 J& Il 2R 45 1) TSVCS 5 !

RT JLELWHER

Table 7 Comparative experimental results

WIReS EER/% minDCF
ECAPA-TDNN 10.62 0.684 7
DS-TDNN 10.16 0.678 9
CAM++ 9.85 0.716 7
TSVCS(A) 9.24 0.6722

TE P RS S 5 R g 2R

PEATIZ AR PEREMIR 25 R . I SEBR 25 SR ml LU
A T 7E I 2Rl 2 Jf A& X DDDM-VC #4711l %k , 76
BV FE bR 7T -5 I R 9 5 Rk 2 () A
FE—S 220 RN P 232 (Va Rl . IR, TSVES
D7 VR AR AR 4 AL B — 2 iz Ak Re g, )
At 22 B, R 2 X 4 A 7R 46 i RS (1) 1 e
5, TSVCS T kAR A vl LI He kA7 40 #r H 2L A
—E MR

F8 ZMEREMNAITLL R
Table 8 Generalization performance test

comparison results

HAEE EER/% minDCF
DDDM-AISHELL3 18.91 0.902 6
CS-AISHELL3 9.24 0.6722

4 & it

BEXT H 258 T R SO R R T BB R 1)
AR A 0], A SR — o 1) v R A H AR
LI N SE S5V TE TR & s bR R Pt Jie 5o AT R
PEATERI 0TS 50T A B 0 0 8 e BT >
TE AR A NP B AL, R R S R BRI R 4, R
Bt Ay S5 S A ST T A T S T

A SCHRE Y TSVES 7 3% S X i A S AT
MFCC FRAEFRHL , 32 35 F FRAE 7K 5 38 8 i A 21 GPCF
BEHR DGF i, 3 2 ROEFRER & (MFA) 215
FNULIE N RN, HAER G (ASP) A, i J5
T AR AT B UOTE Nt ARRIE i TR AR R
BB AT o R ) s BB R A IR A T HARBEE A .
A SRR T v B I A 4 CS-AISHELL3, Jf 5
ECAPA-TDNN , DS-TDNN il CAM++ %5 J5 32 ¥ 47 Xf
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