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PERE o SR, 386 Ty 3 R 2 MO T X 5 1 () 28 B RE (o Rl RS e &) 2L T A ARIE B Th 2 25
BRI E S 2R BRI TR X 5 A i A R B T, S B0 S BRI T ) B R
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G ) W 2 ) BB IR AN SRR A B T RIE S RIZ 25 WR B 5 A B sk,
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Fig.1 Continual self-supervised cross-lingual Parkinson’s disease detection model
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fif . HUuBERT 3% JHHUIR H#E i S s (Block-wise masking) ™", 75 18 35 WUF 51 - bl HL 0 166 0 37 8, 75 1% 4%
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Fig.2 Architecture of the HuBER'T self-supervised speech feature extraction model
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Fig.3 Block masking strategy with Mel spectrogram as an example
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B<B|JSample(D,)
1.3 BRIEMH LAIESHERNMMEERFQN

28 3o T R Pl 22 28 R IR B RCE X W R AIE R SRR AL 1y B Be XN 2R L AR B bR TE R RO 4
Jin 2 e PR SR A HE RO A B B W B AR R B A 1, 6 B AR TSRS S TR R BRI IR, RS T
B B BRI 5 S R T O OR T A A R i R O R R S R RS A RIFiE S
1ZANE BB A% 25 BT D 22 S SR A B AR AH DG 1O SR . R IBUT R RRIE 28 2o 1 — 25 Ak BRI 4R )
AP Zed i, 2B H bR v b b 2% 28 B0 B A 4 AR A AR I . XL r R AR R NS B ST
PIZ A 4 M 4% (4R 16, 2]).

2 I
2.1 HE&E

T R R T A 4 05 1 3 500 ST Pl B LKA 1 — SRS T AR B R M T 65 4 2 1
3 2 AL (4 A A AR T E S R on & (Va/ e/ i/ o/ Ju/) S E T (/pata/) LA R AR E SCAS R
A . H T IR Y SO SR T A Y A2 DU R A SR 15~25 em ARG IR SOAS . %
B T ad S B, B 09 BT 650 1 JTE BEAS L 130 4> A T T REAS A 1004 B 4 52 SORREAR
FT A REAR B LL wav kg ZUORAF o B KRR M0 4 AR5 18 & BB SR I e THE B PR IL 3R 1, Horh HOC SRR (@ Bk
X} 8 (Healthy control) .

F1 BEXFIEMERBHUEENRITER
Table 1 Statistical information of the Italian PD dataset

F Ak otk &t

Giitfa
PD HC PD HC PD HC

ZiXE NEL 19 23 9 14 28 37
AR R G T 22/ % 67.2(8.3) 47.6(23.7) 67.2(9.3) 48(23.4) 67.2(8.3) 48.3(23.4)
YL oA/ % 50~80 19~77 40~80 19~69 40~80 19~77
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S AT BOE B D9 AR WS VAT BA 5 g R R R B S A R B R e N RS A R B 1 SR DUTE A
SRR R A o 2K % R B A B AR Kz s R AT L ]2 T 1 HH B 68 44 PD AR M 17 4
N AR Y HC 2 A 3 3 B 4 1, i R AR B 76 200 i) = N R R AT . 2K ABE RO G0 BT L 3%
2, Herf HY 20 G 3 7 X A <6 2% s 7208 A JEE A VAl 3 301 LR J& T2 b i, 340 R DL JR 3 iR 2 35 i
RAEWNAENFFELITE /a/, B (/pakala/) LI K AR RE SCA RG] (4 B 52, 28 07 4 4k 25 3L 115 2
270 JTHHEAS (170 F B 1 RE AR LA K 60 i B B2 48 E SCARFEAR .

F2 BXHUNENERRETVEENZITER
Table 2 Statistical information of the self-collected Chinese PD speech dataset

Geih s B H 7k At
PD HC PD HC PD HC
ZAAH NEL 49 8 19 9 68 17
SEIAEIS RGOy /% 69.3(9.5)  66.5(7.2)  69.8(8.2)  65.3(6.8)  69.4(9.2)  65.9(7.0)
SRS S A /% 46~88 58~77 56~84 53~74 46~88 53~177
B IR R LR I A R et 25 /% 5.9 (3.6) 0 5.4(3.1) 0 5.8 (3.4) 0
HY 4315 1~4 0 1~4 0 1~4 0

2.2 ZWIRE

JIv A S B B AE 2.1 7 T A Y PR 2 28 R A R SR AT BRI SR S I B R 3 k. H
1, Dropout (p=0.05) Ji F T 70 2 4% 58 73 1) W = 42 3 456 ) 2% 22 [, 5 70 22 M /)N MRS 4 4 1wl g ) B
10 3 400 TR, 4 TS R 2 AL RE T o

®3 HEESHEER

Table 3 Model parameter information

ZH ZHUH 24 ZHUH
PIES [16,2] EES 0.000 1
T 28 0P KR FER/ % 10 Dropout 0.05
Batch size 32 ik a4 Adam
Epoch 60

NY FESY B UEAS SCRT 4 U5 v A R80HE L PR B UE ) %8 (Accuracy, ACC) (U (True positive rate,
TPR) 85 JE (True negative rate, TNRAE M REIT M 48 45, HAH3 A =000 8
TN+ TP

A= TP~ FN £ FP (4)
TPR:L (5)
TP + FN
TN
TNR—W (6)

A H: TP(True positive) # 7~ 1E 8 P51 H B9 M0 4 2% /B & #ia , TN( True negative) /s 1IE B 51 H (9
fat AR B  FP (False positive ) 2675 4 fg BE A4 352 4]y 582 2% 19 40t , FN(False negative) 38 7 46 M 4x
AR A T ) g A AR
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2.3 ETWER
2.3.1 B W EH AR BAEA A AR

g B UE AR SC R FH B0 [ W B R AE 3 BORE R HUBER'T AU A RME , 2R 1 X6 AN [) 50 AE 42 BBOASE 700 7 B5 1 b
WA 4 AR A A 55 TP A R I EAT T LA . DR PR TIE SE 00 25 0 1 — 3o, i A AR 78 32 SR FH A ) 7 By B =t
T 2T U1 S, A PR B X W B AR R AT O 7 B AR TR A IR e ARR A . 25 B R
#4 4%F CNN+MFCC | Transformer ' il Wav2Vec 2.0, H 1, “CNN-+MFCC”ffi Jf CNN # g 45 iF
PEUE ¥ MFCC AR % A CNN A 2 335 JURAAE -

S5 LS TR B AE 15 0 B A 4 0% A I A 55 b (A BRI A B B SR I G — 1 40 )2 3 ik X oM
FEWE, B AR AR G (R AR 25 T 0T BRI P TR AR AR 5 I S AR B i AR RO R E N 2 R
O AE SO o R AU RO SRR R 1 B Je o TR SR I RS AR T A R )2 2 8. HuBERT 5
Wav2Vec 2.0 8 1 R JOMAL TR 2k A0 A B AL S50 B R, 8 T B8 e T T2k o Be 2= 21 0 3
B 3RAEBE 7 Ho Rk G A8 /N BRI IA 4 AR BHE 45 a5, AR SRR L I 4R 36 SC S FE S R AR
HuBERT # 8 i J5 3 )2 Transformer 83 il Wav2Vec 2.0 BRI i 5 4 )2 Transformer B He (A H FF X ™
BB HGEF 1285 24 )2 ORI TR 4 225 WLk E ), IK )2 CNN FRAE B X H At Transformer |21
R4 . T Transformer 55 dEARR Y 3 E DA Sk 911 25, 1T 2 28 AF R A8 Bt b Wi 2 A AR, IR UG Oy
ARAE X A — 2o, AN AR H TR 2 )2 Transformer 2 i 2% , 7R 45 HAYE . CNN+MECC 2 E 45 BUR 3
R M 25, e CNN EB 434 B LRI 1R Ak, S8 AR T T BB 78 40 % 2 A 55 R AE A N 2R X0 FL T A S8l %
R B, XX TS EE D ARG R R AT H TR . B3k o 0% 1] 45 50kE f0 B0 2 80 GO [R) 1 e
K BIAS N T i M BB 22 5 T R S IR T R A B ()RR AR 4 T 5 72 b R

(] B, AR S 43 25 AN (] ASE A g i A 2 20 Y S, O R T A B 3 Y0R8 R pR %k . HuBERT B!
2k St FH L[] A A 0 W 00000 468 2 38 e 0 e R T PR R ok A ) BTN SOM G B ARAIE . Wav2Vec
2.0 A5 SR FH AR o ) Ll 2 2T 40 2 AR IX 43 BLSE B R SRR 5 ARy 1 B2 b AL FRAF . Trans-
former 5 CNN-+MF CC F& i 45 5 R 138 T 0 AT 55 09 38 U 45 28 26 47 ity 31 s S0 o A IR 3K
RS A R SR W AN AN S T LR A R L A B SR A

PLDCTE R IR R, B K RE S B bR 5 R, 5T 22 28 85 5 2008 T R 1 165 3 A 0 4 4% o A 1 455 1L
RAPR . VIEKRERIEEFR, DO R B AR iE R, 5T 2 2Rk 5 500 T JR 0 125 15 e 4 2% s D) 245
WL SR, L, H W R 32 BORE 8 7E PR s ) i, S AT BB 3 ok F RSk e B
AT BB SCAS . IR R B bR R RO 2R R I 25 A5, 3% 4 R 5 AR H AR R 0I5 E B
FEHUASTR] X 5 0 A0 & AR R DU I 25 SR EAT T A BB N o AR AR 5 R &5 R mT L& B, AR ST

R4 FARBEBEEBRHERNELEREMHERFENES PIMELE(NE-EXHIE)

Table 4 Performance comparison of different self-supervised feature extraction models on cross-lingual PD

detection task (Chinese — Italian) %
H bR B Rl 0 o5 gt e
SRl il RreoT wEEW I5e] 332 SCA
ACC TPR TNR ACC TPR TNR ACC TPR TNR
CNN-+MFCC 89.0 87.6 89.4 88.8 88.5 89.3 88.3 87.9 88.6
Transformer 89.6 88.7 90.2 89.2 89.0 89.7 88.5 88.2 88.9
Wav2Vec 2.0 90.8 91.1 90.4 89.7 89.1 90.4 88.9 88.0 89.5

Ours(HUuBERT) 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3
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FR S R E £ SBORE A HUBER'T 76 25 35 Fh A <6 AR A AT 55 b B U0 T BCar i PEpE . Segm g SRR B,
HuBERT FIf 2% I 9 8 e 51 00 35 =X 78 A BF 55 1 5 38 Fi 37 5 1 8 B0 o0 AR 00 34, 20 28 ol i R MR 4 T
Wav2Vec 2.0 BT T 29 0.9~ 1.0 A 43 45, GE B HUBERT 2 2 5 5l 500 9 R 2 | BB AT 280 il 18
e S Pk T L T e U T 4 O U A S S A I AR B AE o AR SO L 2 H AR b b A
FEE U S T T N I, A R e 0 Ak R e A 3R PR Dy Al 7 R SIS R 3 A A L
St H W HESFEM, X — 4587 5 21 L 56 P a1,

x5 TRAEREFHIRMEREEENMHERBRUESPEELER(EXFIE-E)

Table 5 Performance comparison of different self-supervised feature extraction models on cross-lingual PD

P

detection task (Italian — Chinese) %
H FRisF T o 2 B 2 7
A B A A Reeon i B [HIFES N

ACC TPR TNR ACC TPR TNR ACC TPR TNR

CNN-+MFCC 88.6 88.2 88.9 88.1 87.8 88.4 87.7 87.3 87.9
Transformer 89.1 88.7 89.3 88.5 88.3 88.8 87.9 87.7 88.3
Wav2Vec 2.0 90.3 90.4 90.7 89.4 89.1 89.7 88.2 87.7 88.6
Ours(HUBERT) 91.3 90.9 91.6 90.3 89.5 90.8 88.4 88.0 89.3

2.3.2 FEF ke

SRy B UE AR ST 455 2 2 ) 7 R A TR AS 1 A TR 4R B2 2 2] D 5 AE B TR R A A AR A DU AT 55 1
MIPEREZEAT T IER . 2 5 WBW J5 15 X 8 SRR A (9 3 £ 07 X (BEAIL R BE IR ZERBE )RR AE 78 18 Bl 2k
(L PR BT AR XA M 0 L PR ) #- AT TR 45 .

PADLIE SR P50 i, 2 R RS H AR TR i, AN [6) 457 2 2 ) J7 1578 5 08 Foe 46 20 s K6 AT 55 b i M g
W 6 BTz, H B R R 5 BORE B i 1R s AU [R] 2.3.1 71 o AR 6 B &5 SR ] i1, A SCRT £ 1 fi
K-means 5 2544 1 50 J8 2% W X255 A 5% AR AL BE R A7 R AR Z8 08 0 5 R UG T e AR AR I Mg o X
TR AL R FE Bl = WA B S5 A 45 B, 25 50 5] NI R O BRI B FEAS | T K-means B 8 (1 77 2 B8 T 47 4b
| A G A 4 AR T B R O R B, B T T RSB TE TR 4 AR A DG 1 R R IR Y FR E
FERAE . SR L 4505 AR Sy 1F D) 30 2 5 S90S 70 ] 98 M R AIC, X DA 250 20 B R AT, T 5k 1 4% 3% A B 2
A A 51 % bR BICRT AR A 3t 05 TH R TR [ B, R IR ABE 06T 7 A A 7T SR

K6 ARFEFIFEAEBENHERFEUES FREREILR (UE>BXFIE)

Table 6 Performance comparison of different continual learning methods on cross-lingual PD detection task

(Chinese — Italian) %
H AR SRR 0918 75 S 25 A
Fpei2s > ik e EEET [¥e] 32 SC AR

ACC TPR TNR ACC TPR TNR ACC TPR TNR
BEMLRAE + L 5k 88.4 88.1 88.9 88.2 87.9 88.5 86.9 87.1 86.6
BEHLRFE L, 4515k 89.9 89.4 90.3 89.5 89.0 89.7 87.7 87.3 88.5
L+ Lk 88.5 88.1 89.0 89.2 88.7 89.9 87.7 87.0 88.3
AL 4 L fi 90.5 90.1 90.9 89.4 88.9 90.1 87.8 87.3 88.4
RERBEHL IR 88.6 88.1 89.3 88.3 88.1 88.6 87.3 87.1 87.7
RICRAE+HL AR 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3
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2.3.3 BrBEXIEIRF 5

SRR FE B B AN 25 v AS [ 18R 0 2 300 % B85 5 ol 0 4 A8 A D2 8 114 532 i), A Y X YR a0 P e
W 328iE R AT T 2 HE A & L8 . SEIG LA 6 B A W] % 3R BRI HE N 5 =X, < vpr” R i IR R4k
JUH L E T B SO BT R O SR 4 R AN SR T R o

£7 ARERIINEAFASEREMRERFEUES PR (NE-BXHIE)

Table 7 Performance comparison of different training sequence combinations of multilingual corpora on

cross-lingual PD detection task (Chinese — Italian) %
Pl 1 A H b i Bl 0 o 4ot s
I 2 FEItE (v) EREE(p) 58] 332 SCA (1)

852 ACC TPR TNR ACC TPR TNR ACC TPR TNR
vpr 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3
vrp 91.7 91.5 92.2 90.6 89.8 91.4 88.2 87.9 88.5
pvr 91.4 91.2 91.7 90.3 89.5 90.8 89.0 88.6 89.3
prv 91.8 91.1 924 90.4 89.7 90.4 88.6 88.3 88.9
rvp 91.5 91.2 91.8 90.8 89.7 91.6 88.5 88.3 88.8
pv 91.5 91.3 91.9 90.5 89.6 91.2 88.6 88.4 89.0

SRR W] EIE A B UINZR B MR R AR P OB A B, R A TR R AU Qi el S RETE B AR AR A
& FRI R AT 55 h O B o 1 S M RE . (B A OC T R, Y B bR s R iR S 5 0 2k R b R A
) Tk 208 R R — SO A TR K 3 I A e U R R
2.3.4 ERENRBZEFLHAHN

FE WA 2 3T v RV R P XA RO R R AR AR AT e M R RN . SR X T 2 A
R £ 5 100 75, K10 8 o X T 6 31 R ) o R, O 0 AT 4 2 7
BHIGFR P TEMT I . HTERMR S SRTENH %8 FREMESENELDEREEES
1155 2 21 i 91 Z 18] 3SR S 07, A5 FE IR B A R HIR A

v v VS N Table 8 Impact of different buffer capacities
WL KOG 1 3 245 R 4 BRE T 1% 5% . 10% pact o : P
on continual learning performance

15% F120% 19 9% v IX SR A SR a4 7 523 . 3] n A v I with multi-type corpora %
S N 550808 v SR AR 106 BB AE S 28 o X FEA, B b7 Rl T A 18 35 M 6 0
R 0 R R B T B O e R R 8 R, I
o R RN 10 B 10% 0 B RE R 0 Tacc  TPR TR
SR TF 3 BRTI R B 33— A5 L 106 3011 28 20%6 I, 1 89.7 89.3 90.6
TRV R 42 TH AR S S . R B 4 2R T R SR A o 904 89.9 0.8
PR B R ELBK 1 2 5 T R R i A 0 o
15 91.7 91.4 92.0

IRV, AR SCfe 28 e 5 1000 19 % v IX R A 384 O IR AR 15
B DR REAR T i S0 KU B DR A 2R A i <5 AR
R IAT 55 rh i3z AL g
2.3.5 H@kE®E

ATV R DU RO, FAR O B ORR T BE AR B U R T8 7 R S ok A N B O 0k
OB BV T o R R T R o DX 4 i D R R R ZE R R A Tk, b, w/o TIMAR R HE

20 91.8 91.5 92.2
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2% i XN BEAT B B 9, w/o FD AURBE AU JEAT RRAE 2808, w/o IM and FD Q3 HHE 16 95 F0RPAIE 78
I RE A HL A SCR A TR S5 R N O s o NSEUG 45 58 AT LUR I, 7 S 418 14 2% ol 348 I 5 o A6 280 1/
RE A3 TH™ Az T B R o FEvh SR T A 5% AL IE A1 Sy T DU 30T 2 A7 R A 26 18 2 25 B e 1 O TH IR A £
FARE J0, I A A s T A RGE R TR B T BB DR TR A A B A AT 55 T G I < R E AR TR o
B o RS Xk 4 i DX AR R AT ) Kl R A A R R T D A A R {FLIX — SR e 4 o
AH 2 RETE A B T R SR A TH I R R g

x9 HEXRBER

Table 9 Ablation experimental results %
H B AT iy o 2o 25 7
AL R on WA I3 1 SCA
ACC TPR TNR ACC TPR TNR ACC TPR TNR
Ours(w/o IM) 91.5 91.0 91.7 90.1 89.7 90.6 88.2 88.0 88.5
Ours(w/o FD) 90.7 90.6 91.2 89.4 89.2 89.7 87.7 87.4 88.1
Ours (w/0 IM and FD) 89.3 88.6 89.7 88.8 88.6 89.1 87.2 86.9 87.7
Ours 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3

3 H#RIE

AR SCBF X M B AR T RS I P g o AR R A R R A B SR, R G T — R R AR A
F14 85 T AL I 73k o 3l o R B BT (R SR, O 5 A T SRR B 9 2 o X 2 T AR R
DL JEE A9 R I 28 A AL, 5w e 17 A% G [R) 53 R X 5 O 1 9 JR BR L S B TR 22 2 LT BRI A R 2 2
> SGA A o AR SCER 7 R AE DU B TR A G TN R T R 91.7 00 BUMERR R, 835 00 T AR XY HU AR
B RSO BOE B B 30 50 A5 18 T TS TR SR T < RR o SR B3 A 2 BRI AR e RO IR LA
g 1 7 o PR B A5 2 R AR S0 o R OR A RIE ST T E — 20 5] A IX BB SR I 05 L, LA AR X 4K 22 S
4 AR B, DA TR 2 TG 00 ) v 1 R
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A Continual Self-Supervised Method for Cross-Lingual Parkinson’s Disease

Detection

SHI Yue', GAO Qiange', JI Wei'", LI Yun®

(1. School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003,

China; 2. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Due to factors such as medical ethics, recording conditions, participant cooperation, and
annotation costs, high-quality Parkinson’s disease (PD) speech annotation data is relatively scarce, which
to some extent restricts the application of supervised learning methods in speech-based PD detection.
Although the above problems can be overcome through cross-lingual detection and the use of multi-types of
corpora, most existing studies have adopted homogeneous corpus alignment strategies, ignoring the
complexity and diversity of speech expression in natural contexts, making it difficult to fully extract the
deep pathological features of PD. To this end, a continuous self-supervised cross-lingual PD detection
method is proposed in this paper, aiming to fully utilize speech data resources for PD detection while
avoiding time-consuming and laborious manual annotation. First, based on multi-type speech data in the
source language, a sequential fine-tuning strategy is adopted to adaptively train the top-level of the self-
supervised feature extraction model. To prevent corpus conflicts and forgetting issues, a continuous
learning replay buffer and feature distillation mechanism are introduced to enhance the plasticity of the self-
supervised feature extraction model while improving its ability to retain old knowledge. Finally, the model
is transferred to the target language and the ability of self-supervised models to model “language
independent” features is utilized to achieve effective recognition of PD in cross-lingual scenarios.
Experimental results on Italian and Chinese PD datasets show that the proposed method extracts more
discriminative features and has better classification accuracy and generalization ability than existing methods
in cross-lingual PD detection.

Highlights

1. A continual self-supervised framework is proposed for cross-lingual Parkinson’s disease detection using
multi type speech corpora.

2. K-means replay buffer and cosine-similarity-based feature distillation mitigate catastrophic forgetting
across diverse speech types.

3. The HUBERT-based model extracts language-independent pathological features and achieves superior
cross-lingual detection performance on Chinese and Italian datasets.

Key words: Parkinson’s disease (PD); feature extraction; cross-lingual; multi-type speech; continual self-

supervised learning
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