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b, BRETREATREMNLFZ I REGERRBFTHEBRBELY, BRAEALSHLEABNRFIER
Rl R B SN 4 R, A AT A AR ARSI, 3 WavLM (Waveform Language Model) % 23 &9
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(Phonetic PosteriorGrams, PPG) 5 #f /K Jii i (Mel-
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Fig. 2 Architecture of K-nearest neighbors regression
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G (Zxin) AT IR A

Pa(dg.) = N(Zs 0.0} O]

G i) = N (25 114.0%) (6)
For, 2 M2 43 50 R B U & RN R A IS TR
AR, i AT B S B A5 B L, e B A 1
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12,1 W AR RS R AR ST NP
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e, MREA OB IR 4 R B BT 2R B, AiiE
o U N bt 2% T 1 TR HU AR (1 3 (R IR
122 WA E ] Rk T IEE RS 4
B TE NI, A SO S et AT S et 53590 00 AU TE A
It A AT gt Z g% A B 3 2 A IE I M 4%
(Long Short-Term Memory, LSTM) fil—)Z &% Z 4
Ao Ght A i s 8 430 3R TR R d A 1Y TR
NFREAE F S 58 5 A B D035 AN RRAE o Bl S, X ik e 3%
7~ N W B X B 451 2% (Supervised Contrastive Loss,
SupConLoss®”, SupConLoss it & L, ) #EATZ W, L 1T
A (7).

1Y exp(s;-8,) /7
L= N Pl Z lg (7
' 1P@) JeP() Z exp(si-$¢) /T

keA(i)

Hor, PG FoREEHFEAR i 8 TR — 2B IEREAR R
FUES, AG) RRBRESREARSN T A REARLE,
SHREE B ThR Lk FRANFEIIREA
13 BEAME

AR FH BT HiFi-GAN [ 75 S 2801 A p 7 4
JE BT o FUBNER LA BB 2% A S A JE A
AL B, 38 1 22 IR R AE B S A DA A B
() 5 B . AR RLEIEN G, HISIERIC A D, K
P ERCNTE N

LG = Ladv (G, D) + /lmefm (G’ D) + /lmeleel (G, D) (8)

Lp = L, (D, G) ©)
HH Ly o Lin 1 Lye 5333278 XEHTJ | FRAE DT
T 438 2K RN JR A0S A 2R, S8 Ay T A AL
HF
1.4 &K
YIZE4 5 i1 CVAE 2% . GAN $ii 25 Fl CL #ii 2k
ML, Ho, CVAE # & AL 45« g /R M % 8 2 4 %
Leceon (X (10)), 7% 31 2 A 13 SR 03 161 5 H A5 1R
PR R Z B IR Ly s KL BUE IR L , R 5ER
ﬁ\%ﬁ Pe(Z|q, s) EE%A\Q’%E qy (2| x35n) ZIETJ B/‘J KL ﬁﬂlﬁio

chcon = ”ymc]—j}mcl”] (10)
H, Do 78 H R WM R ARGE K] R, 45
PR AT FRR R (1)

Lloss = Lrecon + LKL + Ladv + Lfm + Lc + Ls (1 1)
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FEAS, BT 4400 255 MEHE . FEASE R, A
TR I 22 A U TE A BT B BRI, AR U
WmAESE TS 80E . A SRS 8T
RFER 16 kHz, LS E 5 80 4 /K47 i i
aok SR FH AR L e AR A4 B, SRR Dy PR
LIS 3 KR 1280, B K< 1280, MiF% 320, AU
JLF PyTorch # %, J-#£ #.5K NVIDIA RTX 3090GPU
N2 900000 25, #HER /NNy 64, Fe R iFE b BeK &
128 Wi, VI Rid A A AdamW fE 4L 2502, w1t 2%
MR N 23104, fER @) P, IRESE o, R 0.5
e (7) H, RESE v B 0.1,

TE N 2R $ USTBe KNN Bk rh, K (H %
Yo T HREAR R i . 4 K (/DN $RIEZE 5 32
TRV TE NGk B WS A 520 27 K (K, 25 S BURHIE
PR AT 50 285 0 SF- X5 4k, 2 T A ) B o R AR 5 TR
PR BE T R, e A A R A0 SR T 27,
J T ABIEIX — 455, AR SCR T AR TR KR AR R
PERE, 251K 3 s, 4 K=22 B 4 B, #4508 5 1)
Ji] 58 1% 2% (Word Error Rate, WER) Al #fif /R {8] i 2k
(Mel-Cepstral Distortion, MCD) {H f 1, A1, A% 33k
HUK=4 TR 556
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Fig. 3 Impact of the K-value in KNN on model performance
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TEASLIG Y, BEHRE 7 B Fe WA B Ry %o L A
2k B AU, 41 F5 BetaVAE-VCY, SRD-VC?| TriAAN-
VCH,  LIMI-VC'Y,  Neural-VCU's,  Adapt-VCB¥,
CLESSR-VC™, 33 N 28 fix A4 s 5 Ul 1l A A
PEMCER Y CLOSRBEHEAT T IS g . teéh, o8 TIE
WA SO A0 LU SR DL T SCHR [22], K5 A SCHe Y
HT N AR AR U X L SR i 8 C-CL, H T iii&
N R IR B2 BUAY X L SR B 0 A S-CL, 43 5] 2 46 SC ik
[22] 3L T3 = A8 H (Pitch-shift) (X b 56 W i 5L T
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M IR R AE 1A (Mel-embedding) 6718 1Y % L 5 W, %
PP EEA T . B SRD-VC i B 7 Fi Il dhpi
R Ah Ay i 2R B AU 35 56 1/ O T IR AR S O 4 IR
2.1 TR E R S K EFI 2R, T ATl
BEAIPERE, SR 2 WAl 5 WAl 7 =X
2.3 EWEAL

R T EUPEAE B RIPERE, A SCXE 100 X6 5% 46 15
BB EHEAT TIPE, R B FE AR L4 . WER, AT
4% 3R (Character Error Rate, CER), MCD, &4 1% %
(Equal Error Rate, EER), dE = A X 18 & Wi & 1 4
(Non-Intrusive Speech Quality Assessment,
NISQA)I, ek, FH O A T EALM 1 i
B ESE, JFE Lt ¢ 43 BEALR R A (t-distributed

Stochastic Neighbor Embedding, t-SNE)©*¢ 1] 4L {4, Ji& 7=
TR RE o

FE4 1 FRAgFE R, WER Hil CER AR Sk [37]
AR B 31155 1R %) (Automatic Speech Recognition,
ASR) BERS AT 5, T VP4l 5 1 7T B2 MCD
FH T Mg /R A0 R A 25 5, DATPAS A8 1Y) 3 o5
NISQA F T & W IFAL I 19 AR SUE M . S8
R R, A SCEAIAE KA o3 6 bn BRI 0 5
HPERE, AR R R A RTS8, |5, SO
FEAYF) WER FI CER fe X, AHEL T AL L f 20 g 35 T
R, 10 BH A SCR TR R o fff b DA TR rh A th N5
B Hk, HHE NISQA. EER Hl MCD 45 5%, 7% U
RUE UG S e S H AR B T2 psi Al

F1 ARG R RO i 2 L E REXT LE

Table 1 Comparison of objective performance between the proposed model in this paper and baseline models
WER/% CER/% NISQA EER/% MCD Parameter/10°
Model

(©)] ) M (@) () (@)

BetaVAE-VC¥ 28.97 17.66 2.53 32.91(0.51) 7.34 24.6
SRD-vC? 38.55 23.38 3.37 19.05 (0.64) 10.20 31.38
TriAAN-VCY! 10.73 6.33 3.11 19.05 (0.65) 5.83 69.19
LIMI-vC!! 15.24 8.33 2.78 31.65 (0.64) 6.92 3.67
Neural-VC!® 6.66 3.68 4.18 10.08 (0.81) 5.69 28.3
Adapt-VCPE4 53.65 33.09 3.96 77.16 (0.61) 12.96 342
CLESSR-VC2 3.43 1.33 3.41 15.19 (0.66) 6.79 4.65
This paper 3.08 1.16 4.34 10.02 (0.79) 5.69 39.23

—w/o C-CL 5.03 1.79 4.52 15.00 (0.79) 6.09 —

—w/o S-CL 3.97 1.74 4.12 13.16 (0.80) 5.71 —

C-CL—Pitch-shift 13.79 10.29 3.50 17.27 (0.78) 5.62 —

S-CL—Mel embedding 5.46 2.12 4.05 11.00 (0.76) 6.36 —

|—Lower is better; 1—Higher is better
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[Fi] 30 3 B4 2 () R B A, 130 W A8 1 R A R IX 40 16
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Table 2 Comparison of subjective performance between the proposed model in this paper and baseline models
SMOS NMOS
Model
M—F M-M F—M F—F Average M—-F M-M F—M F—F Average
BetaVAE-VCH 3.25 2.71 3.16 2.63 2.94 2.92 221 2.75 2.77 2.66
SRD-vC? 3.71 2.58 3.26 3.62 3.29 3.27 2.14 3.01 3.23 291
TriAAN-VCH 3.68 3.08 3.24 3.50 3.38 3.16 2.49 2.79 3.26 2.93
LIMI-vC!! 2.79 3.11 3.31 3.08 3.07 2.67 2.61 3.15 2.64 2.78
NeuralVC!'¢) 4.21 3.90 4.22 4.03 4.09 3.97 4.24 4.23 3.98 4.11
AdaptvCP¥ 1.77 2.67 2.00 2.96 2.35 2.02 1.74 1.72 1.97 1.86
CLESSR-VC? 4.08 3.86 3.80 3.96 3.93 3.97 3.47 3.81 3.63 3.72
This paper 4.19 3.95 4.14 4.22 4.13 3.99 4.30 4.07 4.10 4.11

T RELE AR A WL PEREXT LU AR, 3% 2 W, 7
(I 5 B P ) 4 Mg 5 ey, AR SORBERIAE G
B OL T BB RR = 50)

XAB M TGl & 5 2% 16 Z R
SERARATE . AN1ET 6 FT 7R, AR SORE R A i A7 5 HE A5
TUAY X L rp 2y R B e A, 7085 B AR 7 i R P A
L, HAEDEIE AARMUUE E5 BRI A o5l

100
80
ES
& 60
<
=
S 40 9%
o
=M
20
9%
0
O O O O O O O
> 5 5 5 =z 3 0z
— < o
< B 2 = : g 2
= 2 £ 4 z B <
& = o
== Baseline; == No-different; == This paper
6  HHHULIE AARMUE R XAB M4
Fig. 6 XAB test results for the speaker similarity
A
3 HRiE

ARSCET X F AT 55 R BUA A M 7 ) Ok
FEAE IR AR A DI A0S AN FRIE R AR A — 55 ¢
SREIRDRE, 3R T —Fh R T HRA X o o) g 5 0 R
R Rl 5 B T P L 5 BT A A AR o
P S E SR AL b, Gl TN A S U A
ANRRAIE 25 (] 6] I 5 ) AXT FE 29 3, 52 B0 T 38 i L RE Y
PR S E o PR BRI 5 [ AR BE | T
R AAHABURE 75 T 2435 ) 1 b A A B A B 1

fEo AR BIBT IR HE— AR R B 0 L > 5K
W 1 B g AR O i DR 7 2, DA — 2D 4R THBE R 1)
TRYERE, I ] I AL A DI 2 Bk

&% Lk

[1] WUDY,CHENY H, LEE HY. VQVC+: One-shot voice

conversion by  vector quantization and  u-net

architecture[C]// Proceedings of the Annual Conference of

the International Speech Communication Association.
Shanghai: ISCA, 2020: 4691-4695.

[2] YANG S C, TANTRAWENITH M, ZHUANG H, et al.
Speech representation disentanglement with adversarial mu-
tual information learning for one-shot voice conversion[C]//
Proceedings of the Annual Conference of the International
Speech Communication Association. Incheon: ISCA, 2022:
2553-2557.

[3] LIY A, HAN C, MESGARANI N. Styletts-VC: One-shot
voice conversion by knowledge transfer from style-based tts
models[C]// IEEE Spoken Language Technology Work-
shop. Doha: IEEE, 2023: 920-927.

[4] LUH, WANG D, WU X, et al. Disentangled speech repres-
entation learning for one-shot cross-lingual voice conver-
sion using f-vae[C]// IEEE Spoken Language Technology
Workshop. Doha: IEEE, 2023: 814-821.

[5] PARKHIJ, YANG S W, KIM J S, et al. Triaan-VC: Triple
adaptive attention normalization for any-to-any voice con-
version[C]// IEEE International Conference on Acoustics,
Speech and Signal Processing. Rhodes Island: IEEE, 2023:
1-5.

[6] LINJ,LINYY,CHIEN CM, ef al. S2VC: A framework
for any-to-any voice conversion with self-supervised pre-

trained representations[C]// Proceedings of the Annual Con-



$al

T, e ZET AR Loy > HEMS i B AT e A 581

[71]

[8]

[91]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

ference of the International Speech Communication Associ-
ation. Brno: ISCA, 2021: 836-840.

LINY Y, CHIEN C M, LIN J H, ef al. FragmentVC: Any-
to-any voice conversion by end-to-end extracting and fus-
ing fine-grained voice fragments with attention[C]// IEEE
International Conference on Acoustics, Speech and Signal
Processing. Toronto: IEEE, 2021: 5939-5943.

QIAN K, ZHANG Y, GAO H, et al. Contentvec: An
improved self-supervised speech representation by disen-
tangling speakers[C]// Proceedings of the 39th Internation-
al Conference on Machine Learning. Baltimore: PMLR,
2022: 18003-18017.

HUANG H, WANG L, YANG J, et al. W2VC: WavLM
representation based one-shot voice conversion with gradi-
ent reversal distillation and CTC supervision[J]. EURASIP
Journal on Audio, Speech, and Music Processing, 2023,
2023(1): 45.

GUO Y, LI Z, L1 J, et al. Vec2wav 2.0: Advancing voice
conversion via discrete token vocoders|[EB/OL]. (2024-09-
03). https://arxiv.org/abs/2409.01995.

HUANG L, YUAN T, LIANG Y, ef al. Limi-VC: A light
weight voice conversion model with mutual information
disentanglement[C]// IEEE International Conference on
Acoustics, Speech and Signal Processing. Rhodes Island:
IEEE, 2023: 1-5.

KIM J, KONG J, SON J. Conditional variational autoen-
coder with adversarial learning for end-to-end text-to-
speech[C]// International Conference on Machine Learning.
Vienna: PMLR, 2021: 5530-5540.

LI J, TU W, XIAO L. Freevc: Towards high-quality text-
free one-shot voice conversion[C]/ IEEE International
Conference on Acoustics, Speech and Signal Processing.
Rhodes Island: IEEE, 2023: 1-5.

GUO H, LIU C, ISHI C T, et al. QuickVC: A lightweight
vits-based any-to-many voice conversion model using istft
for faster conversion[C]// IEEE Automatic Speech Recogni-
tion and Understanding Workshop. Taipei, China: IEEE,
2023: 1-7.

VAN NIEKERK B, CARBONNEAU M A, ZAIDI J, et al.
A comparison of discrete and soft speech units for
improved voice conversion[C]// IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. Singa-
pore: IEEE, 2022: 6562-6566.

CAO D, ZHANG Z, ZHANG J. NeuralVC: Any-to-any
voice conversion using neural networks decoder for real-
time voice conversion[J]. IEEE Signal Processing Letters,
2024, 31: 2070-2074.

LI T, LIU Y, HU C, et al. CVC: Contrastive learning for
non-parallel voice conversion[C]// Proceedings of the

Annual Conference of the International Speech Communic-

[18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

[26]

271

28]

ation Association. Brno: ISCA, 2021: 1324-1328.

TANG H, ZHANG X, WANG J, ef al. VQ-CL: Learning
disentangled speech representations with contrastive learn-
ing and vector quantization[C]// IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. Rhodes
Island: IEEE, 2023: 1-5.

TANG H, ZHANG X, WANG J, et al. AVQVC: One-shot
voice conversion by vector quantization with applying con-
trastive learning[C]// IEEE International Conference on
Acoustics, Speech and Signal Processing. Singapore: IEEE,
2022: 4613-4617.

PRIHASTO B, LIN Y X, LE P T, et al. CNEG-VC: con-
trastive learning using hard negative example in non-paral-
lel voice conversion[C]// IEEE International Conference on
Acoustics, Speech and Signal Processing. Rhodes Island:
IEEE, 2023: 1-5.

DENG Y, ZHANG X, WANG J, et al. CLN-VC: Text-free
voice conversion based on fine-grained style control and
contrastive learning with negative samples
augmentation[C]// IEEE International Conference on Paral-
lel and Distributed Processing with Applications, Big Data
and Cloud Computing, Sustainable Computing and Com-
munications, Social Computing and Networking. Wuhan:
IEEE, 2023: 1143-1148.

XUE Y, CHEN N, LUO Y, et al. Clessr-VC: Contrastive
learning enhanced self-supervised representations for one-
shot voice conversion[J]. Speech Communication, 2024,
165: 1-8.

AHANGARAN M, DAWALATABAD N, KARJADI C,
et al. Obfuscation via pitch - shifting for balancing privacy
and diagnostic utility in voice - based cognitive assess-
ment[J]. Alzheimer's & Dementia, 2025, 21(3): €70032.
QIAN K, JIN Z, HASEGAWA-JOHNSON M, et al. FO-
consistent many-to-many non-parallel voice conversion via
conditional autoencoder[C]// IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. Bar-
celona: IEEE, 2020: 6284-6288.

YAMAGISHI J, VEAUX C, MACDONALD K. CSTR
VCTK corpus: English multi-speaker corpus for cstr voice
cloning toolkit (version 0.92)[R]. Edinburgh: University of
Edinburgh, 2019.

CHEN S, WANG C, CHEN Z, et al. WavLM: Large-scale
self-supervised pre-training for full stack speech pro-
cessing[J]. IEEE Journal of Selected Topics in Signal Pro-
cessing, 2022, 16(6): 1505-1518.

BAAS M, VAN NIEKERK B, KAMPER H. Voice conver-
sion with just nearest neighbors[C]// Proceedings of the
Annual Conference of the International Speech Communic-
ation Association. Dublin: ISCA, 2023: 2053-2057.
PARULEKAR A, COLLINS L, SHANMUGAM K, et al.


https://doi.org/10.1186/s13636-023-00312-8
https://doi.org/10.1186/s13636-023-00312-8
https://doi.org/10.1109/LSP.2024.3439469
https://doi.org/10.1016/j.specom.2024.103139
https://doi.org/10.1002/alz.70032
https://doi.org/10.1109/JSTSP.2022.3188113
https://doi.org/10.1109/JSTSP.2022.3188113
https://doi.org/10.1109/JSTSP.2022.3188113

582 AR B TOR A o2 R CH SR B 22 O 4552 4

Infonce loss provably learns cluster-preserving representa- cing k-nearest neighbor algorithm: A comprehensive re-
tions[C]// The Thirty Sixth Annual Conference on Learn- view and performance analysis of modifications[J]. Journal
ing Theory. Bangalore: PMLR, 2023: 1914-1961. of Big Data, 2024, 11: 113.

[29] HWANG Y, CHO H, YANG H, et al. Mel-spectrogram [34] KIM J, KIM J H, CHOL Y, ef al. AdaptVC: High quality
augmentation for sequence to sequence voice conversion voice conversion with adaptive learning[C]// IEEE Interna-
[EB/OL]. (2020-01-06). https://arxiv.org/abs/2001.01401. tional Conference on Acoustics, Speech and Signal Pro-

[30] KHOSLA P, TETERWAK P, WANG C, et al. Supervised cessing. Hyderabad: IEEE, 2025: 1-5.
contrastive learning[C]// Advances in Neural Information [35] MITTAG G, MOLLER S. Deep learning based assessment
Processing Systems. Virtual: Curran Associates Inc, 2020: of synthetic speech naturalness[C]// Proceedings of the
18661-18673. Annual Conference of the International Speech Communic-

[31] KONG J, KIM J, BAE J. Hifi-gan: Generative adversarial ation Association. Shanghai: ISCA, 2020: 1748-1752.
networks for efficient and high fidelity speech [36] MAATEN L, HINTON G. Visualizing data using t-SNE[J].
synthesis[C]// Advances in Neural Information Processing Journal of Machine Learning Research, 2008, 9: 2579-
Systems. Virtual: Curran Associates Inc, 2020: 17022- 2605.

17033. [37] WATANABE S, HORI T, KARITA S, ef al. ESPnet: End-

[32] LOSHCHILOV I, HUTTER F. Decoupled weight decay to-end speech processing toolkit[C]/ Proceedings of the
regularization[C]// International Conference on Learning Annual Conference of the International Speech Communic-
Representations. New Orleans: OpenReview, 2019: 1-8. ation Association. Hyderabad: ISCA, 2018: 2207-2211.

[33] HALDER R K, UDDIN M N, UDDIN M A, ef al. Enhan-

One-Shot Voice Conversion Model Based on
Combined Contrastive Learning

WANG Yuhang, CHEN Ning
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: To address the challenge of balancing content preservation of the target speaker and speaker
characteristic transfer in one-shot voice conversion tasks, this paper proposes a one-shot voice conversion model based
on a joint contrastive learning strategy, built upon the Variational Inference Text-to-Speech (VITS) framework. The
model introduces contrastive constraints in both the content and speaker feature spaces simultaneously. For content
feature extraction, the output from the 23rd layer of Waveform Language Model(WavLM) is combined with the output
from the 24th layer of WavLM after K-Nearest Neighbors (KNN) matching to form sample pairs, achieving phoneme-
level alignment and semantic consistency. For speaker feature extraction, contrastive samples are generated via
temporal perturbation, and supervised contrastive loss is adopted to extract speaker embeddings that are stable and
content-independent. The generator is trained with the combination of a Conditional Variational AutoEncoder (CVAE)
and adversarial loss optimization. Experimental results on the Voice Cloning Tool Kit (VCTK) corpus show that the
proposed model outperforms state-of-the-art baseline models in both objective and subjective evaluation metrics,
verifying its effectiveness in improving speech naturalness, content preservation, and speaker similarity.

Key words: one-shot; voice conversion; contrastive learning; KNN regression; temporal perturbation
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