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WE: 054 # (Accent Conversion, AC) § AR R o FEFHBAB A FES, FHRHF
RV EATERETNERE, A ACHER B2 ) LA A5 F o F itk 2
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% # (Accent Conversion, AC) J& 18 # #
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HAw H 8 i A& A

HRAZIN R B 5 75 22 5 I 1 i BoA A TR
WA B A i (R A 7T 8008 F T & & 2 ss)
WA ) AC KB R] LUy A7 s SAR AT I M
Ko T ACERBRIFEV hal i BB Bl iR N A
AR BAL S bR 08 IR 7 i o, B 2 7 gk
PR B1H Ty v, BRGE  400 45 U518 3 0 E AR i Z 1]
%) ISR PRESOR SIE I 11 e A . R IR AT AC BEAY
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MEREAR K o SCHR (9] 38 5 IR % 5 B & i i iR
5l (Automatic Speech Recognition, ASR) 151 % I 5t F
Hbr D518 E RS A % (Text-to-Speech, TTS) 5
ARISZEL T ASR-TTS AESE N A9 1 & 64 . SCik [10-11]
e B bR BEAE B YISk TTS AL, 58 i i #2e )
R OB 0T R AR RS 2 TTS g ith (Y SCAR 25 (]
Hh, 2 TTS & M H bR 0565 . Sk [12]
4 ASR N 1Y SCA Gt 5 1S bRZE LS A T E
bR &, ST 280 00 2Z (8 A B i, SC
#ik [13-14] FIH ASR $UIIE A 5 155 5 R, IF-5 Bz
AT RIATILR, BAFMERIRICH IS E R
JEHATIE, AL AR 0 B S A 8. (A
JoT I IS T SCA 1) 1 A A B AR 1Y) P e B e T
ASR 5 TTS B AL MERE, I HAR T SCAR S 5l %)
BUAKE 5

T TR R, — 7 i, BUA 3T IR AT BRI
T80 ) AC BERYTZE YN i B rp AR 55 24U & i
Z 5%, (Al THFE O & FARBE AN L &R
A 2 5, PR sk AR (1) P RE AE I 2R B 43 A
LM E 3 i A 55 Lz ANt 50—, 5
T TTS 5| F AR AT AC BB 2R 8 SUAR bR XS
TTS BRI BEAT I 2k, O HLMERESZ BR T TTS B AL A&
B AT EDELL B, A SCHR T T N A R
EIWETUEES s N R iy i B = I 1 =5
R EE A B I 2R WavLMUST BRI 2 23 )32
FES A FENERER LD EUE NS OF
B, AR SO AR FNZ R AR N 2SRk, — J7 TR AIE
T NERHE R HERR R, 53— 7 RS AT REREAR H bR 0
HiGE B s EXTR UL A& a8 s
M . Hk, a8 3 51 A k-8B T (k-Nearest Neighbors,
KNN)H BT U 135 355 19 WavLM-23 RRfiF e i
S B MR & R 5B H AR H 515 WavLM-23 F§
ik, DATITSE BRI A5 2 B s O 4. s, AT
SEPXT IR TE N AR, I AULTE A gt 4 T

Target pool
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g 22 v A A i DA S B IR S A R H
b & BB A . SIS R R, ZBRITE zero-
shot Y75t U T HLIFAT MR I 4T AC HREHL B 411
B EIPEAN

1 &k

A SC R Y A A5 AU 2 B TH ] VC AT 55 (19 KNN-
VCUT BRI 5 &, JEET R AC AR 450647 T U0 R ol sk

(1) R SCHk [17] PR HIH) WavLM 56 6 J24F
fIE 55 UIE A5 2 BE AR OGS, S TR ] Rl ik G AR AE
JTAL B I B TE N RRAE A5, A SCR A T 600 )5 19
WavLM #5280 v 55y 2545 B BE AR OC R 5 23 J2FHIE
HEATIEIE

(2) R T 3G W AC A 55 X PR AR IR BTG A (0 ) 22
SR, AR SCHOB T T U0TE A G b 2% LAAR IOUR B TS A
B AR

(3) 2 T S 4f b G WA 5 R U35 A R E A
FE S 4518 8, AR SCHFE SCRR [17] 5k H HiFi-GAN!
ORISR T T Z U A TR RS .

A SCHE T N SRR KNN [R]H A A4
24 2] (zero-shot) [T F #E 4B Y KNN-AC (1) SRS
WK1 PR, EEAENARFFERRIC 5T kNN |5
Y RRAIE G 48 . 1030 AR AIE 2 JBORN 56 F 22 Ui 3 7 5
ARIE S A AL 4 N EERR

e, KT WavlM 45 23 J2 (415 35 F0 4E g
T4 BRI 11 1 3 L E A O35 18 N SRR E ;s 2
%, I kNN A, R O o 3 — W N 2
FRAE, 7 H bR 15 1855 RRAE P A 1A e A8 Y & RAE
IR REAE A R S5 5 n, M 2 3iis A
s, 76 H bR O & A FRAE T 5| A B 3075 A g i 2%
PR IR BT N EAF B, B SRS R
1.1 HNEHFERN

SCHR [18] 268, h WavLM &5 23 Z42 B0 [ W
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Fig. 1 Architecture of the kNN-AC model
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BARFETEAR R & 3R Z B AR UM & T A R
[i] B AR AL, B3 B 5 R R AR DG Y R YA 55
IEASOR FH R WavLM 56 23 J2 2B RRIE ARy P9 25
FRAE . FRBil L, S TR AE AL i RS S TE R
WEW, A SCR T 7E ASR AR 55 130 3 i) WavLM
BEAUAE . BARGORA D7 =R s G, i BEALIE A
i A O T A HE R o 1) B MR I DT VA R
WINAE . T 5T PO A HERR I, 7E T AR
T 845 % LibriSpeech®” [+ F| A % £ B ¢ 4 28
(Connectionist Temporal Classification, CTC) #ii 2k PR %
Xof FIOI A Y AT 2 — 25 A Bl
75 KNN-AC B R IR 8 0 5 v S B
A RFAE 7 514 M U5 7 51 ( source sequence ) o [RJH, A
ZA B s 1 i h S U RRAE P AR S H FR it
( target pool ) . J&F WavLM % 23 JZ i N & 47 1iF 42
ey P =L (1):
{ source sequence = WavLMy;4 (U¥)

target pool = WavLM,;,4 (U e U g) M

Hrr, U RoR—FKIREOHHY, U RnHnkH
b B S G E, B B bRt i 22 2% B bR 0 iR SR HUR
FEAEZH AN
1.2 E-F kNN EF8 45 EH 5

SCHR [17] 280 25 3 3R W], WavLM B A ) A [A]
FRAE J2 X T AE S & 1 6 . B SR A R R
T ARLE R R . AR, BT AR SR
500 R0 H AR 1 Z 18] Y & o 22 BE R, i SCHik [17]
R TRZ MBI R RIE SRR 5O S B0k
I, TR EEHT AC S, N2 T R
FERNATF A TIE S AL . i, ABIRLE I WavlM
5% 23 JR RN RFEAE N N AR AR, A LT HAt 2 48
R RRE, 22 R AEAL S & R AT B B[R, #EaH7
R EE BT TR A

T SR B E AR H R, AT
U877 20 o B A R AR ) A HE AT KNN [, BT
source sequence = {a;,a,, - ,a,} F A9 —WURHE [A]
a,(1 <i<m), 4 5 7 target pool = {b,,b,,---,b,} £
A B H A Y kA HRAE R R b, (1< j<n) o XHL,
AR SCASERY SR FH 4 5% AR DL BE A 2t 79 4SRRI 1] 22 22 R ] 1Y)
FRRIE, TR (2).

a; b;

"l BT @

i BB K ANFHIE I & b, S, BT
VY E B e A R AE ) e, 198 B AR )
target sequence = {£,,t,--,t,} o Fe T N AFFIE KNN

1-cos(6;;)=1

8105 A 12 R AR e 48 1) — K AOLAAE TR T ZEI 2R T
fA] 245 B n] SEBLUR 1135 18 5 AR AR 2] B AR 0 18 4y
TIE Y B G
1.3 A NFFIERER

VEIE NE & TS S AE BAE R —F 2R
R AR, 76 U6 35 RF 22 00 )R RN AR L Bk 2 W 4%
(Residual Networks, ResNets)?'"! 5,1 W 45 £ AN 6] JZ 1K
FERAARR, TEM SR Z JE A R AR Y [R] i, O
T 4R )2 Y JR B AR AE X 4 SR AR AE AT AN T, B AE
Ko U iE A AT 4512224 AR DABRIE . PRk, A3
BB R AN &1 2 B s /Y i 4 A% 22 B8R (Residual
Blocks, ResBlock) #4 i 3 A (A Ui 16 A di i #, ML
TN A R 3 rh 4R B TE AN AFAE

mel
Conv2D (k=3)

LeakyReLU
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Average pooling | ResBlock

InstanceNorm Average pooling |
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_

_— — — — — — — — —
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Fig. 2 Architecture of the speaker encoder
& 2 TR B4 ResBlock #EIEH2RTS A T B
IR i DR PRI N o (B = g o8 WAy N TR PO 1)
W NFFEAAE PRS2 o fi i 8 i 2 0 it A ) s
[Fa) 24k B A7 WA 4 e A, O Xoh 0 17 RS AIE 48 8 47
SF o VLTI A E o AR BE () BRI TS
NFRAE s, Hoat B B an X 3) s, Hob: hy B2
1 4~ ResBlock B % A, h., & 2 Hi ResBlock ) i A,
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h. ﬂﬂ iﬁﬁ 1'1[11' R s Target sequence
hy = Conv2D (m) Ll AdaIN
h; =ResBlock (h;_;) (1<i<4) 3) ResBlock
s = Projection (h,) !
PN EC S A m TP B U TR N RRAE s( s = |
SpeakerEncoder (m) ), & BUFE & /R (m) T4 EL | AdaN
lock
Vil AR AE § (5= SpeakerEncoder(in) ), s fl 5 K Resi o
VLI ANIEAR— BB R AIE R Ly (3U(4)) o Ui A TLOAN
iFI-
2% a2k 5 r i e —E T U125 generateor
Loe = s3], @ Wer
14 ETZHIEANFHHRNIET AN N V—
NN . o . _ ulti-perio ulti-scale
ZULTE N A2 K 3 Fias . i Big discrirr?inator discriminator
P ) R 2 b1 B o e A 403 5 B T T
Real/Fake Real/Fake

SEEES B, R TR TS N Y L1 S R A
“H target pool FFAE#E 19/ = ULk A B I TTE
G B B R R IR DTS N L, A SCRE AL FE HiFi-
GANU 5 il 8 B0 B SRl b5 1 AT B 3 W S5 0 —
1t (Adaptive Instance Normlization, AdaIN)?> X & #H
I Y 5% 22 B H AdaIN ResBlock, AdaIN ResBlock 5
i i ResBlock ) 32 %2 X Ji| 76 T 0 — 16 75 A Fr A
[f . 5 ResBlockk F A9 52 4] 13 — f& (Instance
Normlization, IN)? 4 L, AdaIN 7£ P 25 55 AiF () 3 Al
EBIAT KASFHEFATRLS, 1= (5) Fs:
c—pu(e)
a(c)

Hrp, e R A WE ST NERHE, we) M o(e) 53
FORNEFER S E AR MEZE, L, (s) F L, (s) 5397
FER BT ULTE NRHIE s 22 > B2t AR i+ 300
IO 3 25 R 22

il AdaIN ResBlock 7E H A7 7751 5| A Bi il A
7 5, I B 13 A 4% (Generator) #1715 3 & %,
I 25 3k 72 v ok 0 00 2% 6 75 B i AT A .

X HESEE x A RIE S X, HBE D A
HLAR G Z I B XTI LR K Ly (D;G) il Ly, (G3 D)
535 E R 3 (6) A (7):

Loy (D;G) = (D(x) - 1)’ +(D(X)) (6)

AdalN (¢,s) = L, (s)

+L,(s) %)

Ly (G:D) = (D®))’ (7

B TR VIR I I s U B, 3 T S0 x

WK m R R X R m o — 2 SR

(8) 2 (9) H IR A SR 4 2 (Loer) 05 FIF DS 451 2

(Leng) SEAFZ05R G P UG T 458 2 30 o0 51 28

oS T e B T SR I T 2 R R 2 R
RS 5 A A I — S

3 ZULE A AL
Fig. 3 Architecture of the multi-speaker vocoder
Lya (G) = |lm—ml|, (®)

T

1 . :
Lew(G:D) = 3 -1/ @0) = D' @)l ©)

B, A U N RS g A I 25 2 AT 4 N
A AR ARG (L) ALK ) 8 0O (L), o B An 5K
(10) A= (1) fr oz, Hod 2 Rom #1587 19
DEEY @

LG = Ladv (G7 D) + /lmeFM + /lmclecl (10)

LD =Ladv(D;G) (11)
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2.1 HiIE&E

S i 5 K0 B s 4R 4 45 LibriSpeech, L2-
Arctic?”, Arctic?® DL K IndicTTS®), H. 1 Libri-
Speech /£ H 5 H & 18 & Acdi 4, 1 T KNN-AC H?
VI N G 5 45 F1 2 B0TE A7 i 25 Il 2k . Arctic 2
B BB MESE SO S S A, T L2-Arctic £17%
HA Y5 Arctic 158 N AH RN H & AR AT
Bl o Arctic Fll L2-Arctic % F T 347 AC R g 1]
Yro TEUIIAMR, B, O TR R R 1
T O R R, 1 L2-Arctic WY EDEE M
FBTRLAT F1 8 38 AR 0 42, I B A7 SE e A
TSR 5 KNN-AC AH [A] 5 5t EA T vE e ik . 1k
Ah, FATIATE IndicTTS o 5 L X Ep BE 11 3 i 46 it
15700, 2 — 25 B UE A SO AL 77 At . T 22
B, KNN-AC 1 H 5 5 e BRI TE AR A 7 2 (1Y)
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AR, G T A RHIERNNIT]E ) A AR 1135 iy 501

SR, B AR RO 2k By BE B A R AT A IR
R
22 BEZERSIHEE

R T B UE KNN-AC #5278 (14 PE g, 5256 45 31 3k B
THET PPG RHIERYIFATALA PPG-ACY, 2L T TTS 1Y
kI 47 AC K ASR-TTSY), JEH-47 2 1 & H#k AC
B Multi-ACH?, DL Je B T P9 25 FRRAE 191 5 1) VC AR
I KNN-VCU A Sy BE 2R AR, 445 45 155 780 1 s o 1
B ERE SRR AT I AR B AR L, AL
AR f WX E5 5 34 55 i A R L A A g N Al £
— 3, BB E S AR

(1) PPG-AC™: 2R H FF 47 19 Arctic Fl L2-Arctic
THE BRI AT IR, X B AU E A, Y ZRBE 45 R
T A 100 Z5IETHY 1032 KIS

(2) ASR-TTSY: % J& 2| B T TTS 19 9k J3f 17
AC KR 2 AR AN FFARRS, A A BRI T 2 F
Whisper®” A ASR 45 #1 13 F FastSpeech2B'! f)) TTS
Y A B SCRK [9] 4848 . 3 s 3 2 Whisper 1
SR B B SCAN I3 1 FastSpeech2 & A% H Fr 1 &
Jraa =

(3) Multi-AC!", w] 8 15 1135 hp 25 S2 AR [R] 1 35
Z I A . FRATTRHZ AR 1) 3L T IndicTTS %4
Pt A 52 ) B EE 11 3 DI 5 o AR i 1 BB
PEAT A

(4)KNN-VCU7, % [E 5] KNN-AC J& 3% 5] KNN-VC
AR (4 5 TR 4 F 4 I AC AT 55 174 JEL A 5 T g
(), A SCHLRFH T KNN-VC BERILE AC 1F 55 FRY4E
PB4, SR B S kKNN-AC PR3, BIFE
LibriSpeech [ Il %k H k5 0 & & 1, I 7F L2-Arctic -

W & R RE . JF H, KNNAFAE [0 9 235 &
k=4 UL FAHTA] 25 min B9 H AR HATHERE . I 2R 72
1 batch size % BN 8, % AdamWB2 {4 2%, W16
A RBE N 23107, FERAN 107 .

2.3 S5EZEBRMERELER

AR S5 R FH 2 WL PEAR A WA X AC BB
M PEREFAT LK

B WLVE M A0 45 5 o T R A OC Y 3R A R
(Word Error Rate, WER) Fl = 4 %% (Character Error
Rate, CER), DA Kz 18 i A AHARLEE 5 591 9 1 25 45 158 R
(Equal Error Rate, EER). 7 UL45 45 35 %38 . ESPnet™!
FEALR ASR BIRYFEL TN E , K H Resemblyzer>* il
& EER.

FIPEM L35 15 2 H SR (Mean Opinion Score,
MOS) F1 11 # & (Accentedness). 3= XL PF- /i 52 56 Bl AL
Pk 10 5058, SR AEEON SCAS I 10 24 32308 #E AT
1155 FT0 ¥R 5 3 (1~5), MOS BT 73 g 2
TN B s R AT 2 A, s 4
ROR A o KNN-AC A5 B B9 1 % 5% 4t demo WL
https://chiaki-luo.github.io/knnac/,

KNN-AC #5151 55 4 FLLL AR Y PE BEXT L4 2R
1R, Hohe SRR BUE BB, <R BUH
R A % ULk BB L g5 SR SR, Bk, 7 L2-
Arctic $tdli 46 b, 5RO HIHEFH L, &M AC KA
] LIFE IR WER/CER #6175, 3% B4 LAY 1 T 1 —
PRI BRI E o BAR R . G I T Ve R
%51 KNN-VC BERUR IR R & —Fh AC BERIAY O &
AR MERE . BT, KNN-AC BUS T HJFA T PPG-AC
HIZE T TTS By ASR-TTS £ I B {[k ) WER/CER, %

F1 RSO 5SRO (G PEREXS HE

Table 1 Performance comparison between kNN-AC and the baseline models

WER/% CER/% EER (Threshold)/% Score
Dataset Baseline
) ) (@) MOS (1) Accentedness(])

L2-Arctic Ground truth 20.01 12.12 — () 4.76+0.05 4.71+0.04
PPG-ACH! 13.31 8.18 10.00(0.65) 3.63+0.09 2.48+0.14

ASR-TTS 14.52 6.89 10.00(0.67) 3.2540.12 1.90+0.11

KNN-VC [17) 18.71 10.68 8.33(0.69) 3.9940.13 3.7440.12

kNN-AC 12.32 6.83 6.67(0.61) 3.7740.15 1.67+0.11

IndicTTS Ground truth 15.08 5.46 — () 4.61+0.08 4.50+0.12
Multi-AC 2 10.39 3.03 6.55(0.64) 4.41£0.07 1.93+0.11

ASR-TTS 10.38 4.00 10.00(0.67) 3.3740.11 1.58+0.07

KNN-VC U7 12.96 3.13 10.00(0.62) 4.28+0.08 3.44+40.13

kNN-AC 9.05 2.19 7.00(0.65) 4.4420.06 1.29+0.08
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A KNN-AC B T B4 10 O F etk fe . 53 90, 7
IndicTTS $E 4 [, KNN-AC F5 #1835 i v] 4 B2 o 4
i T A Multi-AC 76 N (9 HAth AC BEAY, (H LT A
Gt 25X B LRI 1 B2 AR 2 B0 4R 1 R I A
T F%, {75 EER BXA T . (HAR 2R, 5 HAN AC
BERIARIR], KNN-AC A9PEBEZ7E IR B B oA DLl H
T RO B T IR B, P L kKNN-AC H A 54
Rz A

F L REXT LLEE SR, B e A AC R4 7R
— R F R 1A A SR B, (BRI KNN-
AC 52 W /N, SR T U6 N AR AE A9 51 A 75 KNN-
AC PR 5 28 AH X T KNN-VC 175 i 2% 58 eI 25, M
MREAR 718 i . HOR, kKNN-VC X T 1% LF
BEAT I, T KNN-AC 1 B0t i 3 AR T 10139 5 5
4% T PPG-AC., ASR-TTS Ll & Multi-AC £ %I 58
Uf P RE R .
24 BREEKITEE RN ZMm

A T R A 2 target pool ¥ 1 & B 1 X KNN-
AC i 0 AT i B R €0 DR BE Y S I, AR S
XTAEAS [ BN BT 3K 45 9 WER, CER J¢ EER #17
MR, 554N 4 frs . nTRAE e (1) 24 H bR iE 5
K KT 3 min B, B KNN-AC &4 i85 GE8 15
JEHEEEEE WA, (2) M BiniE &
I, s S R R E B B LT TRE Y R, i
Keysgmf Hbrb b TS & 1 E 2, 45 5K
Wl 2 AR & R R T Rt R, (4515
BN A R B 2 T, A R TR T
TARPERE . (3) 5 3CHR [17] A E], B ARih & i 3
AN EER 8 b5, 3 15 I U 35 A\ 2 Bt 2% 7T o £
HBUR uLiE A5 B, R 230005 NS a8 s T

o— WER of KNN-AC
EER of kKNN-AC

25 CER of kNN-AC

---- WER of L2-Arctic
CER of L2-Arctic

Performance/%

W

1 3 5 10 25
Length of the target pool/min

Bl 4 JHTHIH target pool HITEEr B4 XA TR 1H: BB ) 5% )

Fig.4 Influence of the length of speech adopted for the

construction of the target pool on the performance of the

proposed model

PGS NAR B, DR BT e ily 3 P IR UEE A RY
H.

3 & i

J T IEDIFAT AC R R EE R A AR, LA
JEFFAT AC HEALTZ AR 1) ) 8, AR SCH H — B zero-
shot AC B! . % | WavLM 55 23 JZ 42 BN 4R 1E
AR PN 78 v P, 3 e X R T N R RRE
AT KNN [] 5 5280 13 R 10 0] H AR H 3 0 . i
J A8 AT N G B 2 B BR8N\ B €0 R R O E
o Z2 ULIE N 2% S B TR B A 60 B AR H
HIEE AW SRR, RIS T AT
FEAEFAT AC BLAL 4 i MERE

£ 3L Hk:

[1] TURK O, ARSLAN L M. Subband based voice
conversion[C]// Seventh International Conference on
Spoken Language Processing. Denver, Colorado, USA:
ICSLP, 2002: 137-140.

[2] OSHIMA Y, TAKAMICHI S, TODA T, et al. Non-native
speech synthesis preserving speaker individuality based on
partial  correction  of  prosodic and  phonetic
characteristics[C]// Proceedings of Interspeech. Dresden,
Germany: Interspeech, 2015: 299-303.

[3] YANGLF, FUK Q,ZHANG J S, et al. Non-native acous-
tic modeling for mispronunciation verification based on lan-
guage adversarial representation learning[J]. Neural Net-
works, 2021, 142: 597-607.

[4] ZHAO G L, SONSAAT S, LEVIS J, ef al. Accent conver-
sion using phonetic posteriorgrams[C]//2018 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). Calgary, AB, Canada: IEEE, 2018:
5314-5318.

[5] ZHAO G L, DING S J, GUTIERREZ-OSUNA R, et al.
Foreign accent conversion by synthesizing speech from
phonetic posteriorgrams[C]//Proceedings of Interspeech.
Graz, Austria: Interspeech, 2019: 2843-2847.

[6] LIWJ, TANG B L, YIN X, et al. Improving accent con-
version with reference encoder and end-to-end text-to-
speech [EB/OL]. (2020-05-19) [2024-10-10]. https://arxiv.
org/abs/2005.09271.

[7] QUAMER W, DAS A, LEVIS J, et al. Zero-shot foreign
accent conversion without a native reference[C]//Proceed-
ings of Interspeech. Incheon, ROK: Interspeech, 2022:
4920-4924.

[8] HUANG W C, TODA T. Evaluating methods for ground-


https://doi.org/10.1016/j.neunet.2021.07.017
https://doi.org/10.1016/j.neunet.2021.07.017
https://doi.org/10.1016/j.neunet.2021.07.017

4 WA, 5 AT N A RFIEKNN 5 A R A 1 i 503
truth-free foreign accent conversion[C]//2023 Asia Pacific [20] PANAYOTOV V, CHEN G, POVEY D, et al. Librispeech:

[91]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Signal and Information Processing Association Annual
Summit and Conference. Taipei, Taiwan, China: APSIPA
ASC, 2023: 1161-1166.

LIU S X, WANG D S, CAO Y W, et al. End-to-end accent
conversion without using native utterances[C]//2020 IEEE
International Conference on Acoustics, Speech and Signal
Processing (ICASSP). Barcelona, Spain: IEEE, 2020: 6289-
6293.

ZHOU Y, WU Z Z, ZHANG M Y. TTS-guided training for
accent conversion without parallel data[J]. IEEE Signal
Processing Letters, 2023, 30: 533-537.

CHEN X, PEI J K, XUE L M, ef al. Transfer the linguistic
representations from TTS to accent conversion with non-
parallel data[C]//2024 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). Coex,
Seoul, ROK: IEEE, 2024: 12501-12505.

JIN M M, SERAI P, WU J L et al. Voice-preserving
conversion[C]//2023 IEEE
International Conference on Acoustics, Speech and Signal
Processing (ICASSP). Rhodes Island, Greece: IEEE, 2023:
1-5.

TAN D X, DENG L Q, YEUNG Y T, ef al. Editspeech:
A text based speech editing system using partial inference
and bidirectional fusion[C]// 2021 IEEE Automatic Speech
Recognition and Understanding Workshop (ASRU).
Virtual: IEEE, 2021: 626-623.

TAN D X, DENG L Q, ZHENG N Z, et al. Correctspeech:
A fully automated system for speech correction and accent
reduction[C]//2022
Chinese Spoken Language Processing (ISCSLP).
pore: IEEE, 2022: 81-85.

CHEN S Y, WANG CY, CHEN ZY, et al. Wavlm: Large-

scale self-supervised pre-training for full stack speech

zero-shot multiple accent

13th International Symposium on

Singa-

processing[J]. IEEE Journal of Selected Topics in Signal
Processing, 2022, 16(6): 1505-1518.

FIX E, HODGES J L. Discriminatory analysis, nonparame-
tric discrimination: Consistency properties[J]. International
Statistical Institute, 1989, 57(3): 238-247.

BAAS M, VAN NIEKERK B, KAMPER H. Voice conver-
sion with just nearest neighbors[C]// Proceedings of Inter-
speech. Dublin, Ireland: Interspeech, 2023: 2053-2057.
DUNBAR E, HAMILAKIS N, DUPOUX E. Self-super-
vised language learning from raw audio: Lessons from the
zero resource speech challenge[J]. IEEE Journal of Selec-
ted Topics in Signal Processing, 2022, 16(6): 1211-1226.
KONG J, KIM J, BAE J. Hifi-gan: Generative adversarial
networks for efficient and high fidelity speech synthesis[J].
Advances in Neural Information Processing Systems, 2020,
33:17022-17033.

[21]

[22]

23]

[24]

[25]

[26]

271

(28]

[29]

[30]

[31]

[32]

An ASR corpus domain audio
books[C]//2015 IEEE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP). South Bris-
bane, QLD, Australia: IEEE, 2015: 5206-5210.

HE K M, ZHANG X Y, REN S Q, ef al. Deep residual

learning for image recognition[C]//Proceedings of the IEEE

based on public

Conference on Computer Vision and Pattern Recognition.
San Juan, PR, USA: IEEE, 2016: 770-778.

LI Y A, HAN C, MESGARANI N. Styletts-vc: One-shot
voice conversion by knowledge transfer from style-based tts
models[C]//2022 1EEE Spoken Language Technology
Workshop (SLT). Doha, Qatar: IEEE, 2023: 920-927.
JAKUBEC M, LIESKOVSKA E, JARINA R. Speaker
recognition with resNet and VGG networks[C]//31st Inter-
(RADI-
OELEKTRONIKA). Brno, Czech Republic: IEEE, 2021:
1-5.

JAKUBEC M, JARINA R, LIESKOVSKA E, et al. Deep

speaker embeddings for Speaker Verification: Review and

national Conference Radioelektronika

experimental comparison[J]. Engineering Applications of
Artificial Intelligence, 2024, 127: 107232.

HUANG X, BELONGIE S. Arbitrary style transfer in real-
time with adaptive instance normalization[C]//Proceedings
of the IEEE International Conference on Computer Vision
(ICCV). Venice, Italy: IEEE, 2017: 1510-1519.
DUMOULIN V, SHLENS J, KUDLUR M. A learned rep-
resentation for artistic style[C]//International Conference on
Learning Representations. Toulon, France: ICLR, 2017.
ZHAO G L, SONSAAT S, SILPACHAI A, et al. L2-arctic:
A non-native English speech corpus[C]//Proceedings of
Interspeech. Hyderabad, India: Interspeech, 2018: 2783-
2787.

KOMINEK J, BLACK A W. The CMU arctic speech data-
bases[C]//Speech Synthesis Workshop. Pittsburgh, PA,
USA: ISCA, 2004: 223-224.

BABY A, THOMAS A L, NISHANTHI N L, et al
Resources for indian languages[C]/Community-Based
Building of Language Resources. Brno, Czech Republic:
Tribun EU, 2016: 37-43.

RADFORD A, KIM J W, XU T, et al. Robust speech
recognition via large-scale weak supervision[C]//Interna-
tional Conference on Machine Learning. Honolulu, Hawaii,
USA: PMLR, 2023: 28492-28518.

REN Y, HU C X, TAN X, et al. FastSpeech 2: Fast and
high-quality end-to-end text to speech[C]//International
Conference on Learning Representations. Virtual Event,
Austria: ICLR, 2021.

LOSHCHILOV I, HUTTER F. Decoupled weight decay

regularization[C]//International Conference on Learning


https://doi.org/10.1109/LSP.2023.3270079
https://doi.org/10.1109/LSP.2023.3270079
https://doi.org/10.1109/JSTSP.2022.3188113
https://doi.org/10.1109/JSTSP.2022.3188113
https://doi.org/10.1109/JSTSP.2022.3206084
https://doi.org/10.1109/JSTSP.2022.3206084
https://doi.org/10.1109/JSTSP.2022.3206084
https://doi.org/10.1016/j.engappai.2023.107232
https://doi.org/10.1016/j.engappai.2023.107232

504 AR B TOR A o2 R CH SR B 22 O 5551 %

Representations. New Orleans, LA, USA: ICLR, 2019. (ICASSP). Barcelona, Spain: IEEE, 2020: 7654-7658.

[33] HAYASHI T, YAMAMOTO R, INOUE K, et al. Espnet- [34] WAN L, WANG Q, PAPIR A, et al. Generalized end-to-
tts: Unified, reproducible, and integratable open source end- end loss for speaker verification[C]//2018 IEEE Internation-
to-end text-to-speech toolkit[C]//2020 IEEE International al Conference on Acoustics, Speech and Signal Processing
Conference on Acoustics, Speech and Signal Processing (ICASSP). Calgary, AB, Canada: IEEE, 2018: 4879-4883.

Zero-Shot Accent Conversion Model Based on the
kNN Regression of Content Features

LUO Yixin'!, CHEN Ning', XUE Yuhang', XIAO Yangyang?
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. China Telecom Wanwei Information Technology Co. Ltd, Lanzhou 730000, China)

Abstract: Accent Conversion (AC) aims to convert speech from the source accent to the target accent while
preserving the source speaker's timbre and the speech content at the same time. Existing AC models cannot achieve
good generalization capability for AC on speech that does not follow the distribution of the training data, as limits their
applications seriously. To this end, a zero-shot AC model based on the kNN regression of speech content features is
proposed. On the one hand, the 23rd layer of WavLM is adopted as the content encoder to extract the content features
from both source and target accented speech, and kNN regression is employed to replace the source accented content
feature with its nearest neighbors in the pool constructed by the target accented content features to achieve accent
conversion. On the other hand, to preserve the source speaker's timbre in the converted speech, a multi-speaker vocoder
is constructed to fuse the obtained target accented content features with the source speaker's timbre feature extracted by
the speaker encoder to synthesize the speech with the target accent. In the proposed model, no source accented speech is
required at the training stage, so it can convert various source accented speech to the target accented speech. That is, the
proposed model achieves good generalization ability. Experimental results demonstrate that the proposed model
achieves better objective and subjective evaluation results than available parallel or non-parallel AC models.

Key words: accent conversion; kNN regression; zero-shot learning; voice conversion; vocoder
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