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A Continual Self-Supervised Method for Cross-Lingual Parkinson’s Disease Detection
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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. The
experimental results on lItalian 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.
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Fig.1 Continuous self-supervised cross-lingual Parkinson’s disease detection model

1.1 BB ERIRE

AW S HuBERT 4R A5 Dy i < A% 7 8 & RRAE $2 OB Y, &l 2 Pros, B0 il 36 M 8 X 2%
(Convolutional neural network, CNN) Zrfil#$. Transformer Zmh5#s DA M bR A AR B R il . 1IX L, HuBERT AEH#:
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Fig.2 Architecture of the HUBERT 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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A< A0 T8 & R PEAE R URE MR AR, BFE . FEnEHURE . EE S U E SRS UREIRE . MBI ZRLF
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DR FERIERL I SR ) ¢ M PRI R 10 R, ER e 2 o X PR AL 5 B 3 5 29 7F. HuBERT BALHR HY ) o R AR AE A
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T 5E, R 4RI B G i) HuBERT BERUH,, ¢ = 1,2,3, $REUITA BRI RZHRFE (Transformer 4 fit 88 5% 5 — 24
4 PRI ARAE ) , FFRHZ R AR #E4T K-means 2K, RI400 C M. RIFER CIFde BB EE, MAiE
i B RS X RN AR, N T R I R o B A 1 R B, BATR R BRI ¢ HF TR X KM —2F,
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% 18 B 4 AR VB B BRI R N B ANERHE SR IE D M AA I B8 2 5, ISR N 218 BT 5
P& RS B, ARSCHERTR 7 i R RAVR R ATE I BARER MR A I B NS, BRBOREE 10%[ 2 A 2015
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1.2.2 FHEZIE
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fEF &, 5 H, o~ H B A RRAE 7 S AT 50 55, B R AE R TR A AU R S BRI AL 3R 5EH A T E
BRHESREUR N H,, LK 4. ZAMI RS 5 P B B B RRAESR BB AL OR B 6 S R R R A RE 1), HRAE
AL b H, ZH0H AT — B Ak
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Fig.4 Feature distillation process
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JIT 4 77 15 B B 2 N SR AT T FE W AL TR
S5 1 PR ITIEIEY B U I SR R
A JREF A E R E {D,, D,, D} MITHIIZRAT 1 HuBERT HEAEFEHUETYH,
B RS VE M S AR AR 55 1 B W BER AR SR BB R H
IZJ/I\EQ 1:

15 Dy ERORH,, TR B R I S A SRR T 2R, 43 3H,

K-means I RFEN i EIE M X B « Sample(D,) FF 4T 22 X HEAT B4 3 58
e 2 (1=2) R s (=3) :

VIR D « D, UB

for epoch =1, 2, ...:

i N SRR R TR AL UG, RSN IR AR X

if xeD;:
BEATHEMTIAESS, THESRR R LT B I B R R H,
else xeB:
X Hypoy FVH, 0% AT FRAE 2800, vH AR MR 2R I I A S8 500 B MR B AR SR B 8L H
end if
end for

B < B U Sample(D;)
1.3  BREM_ERESFHERENFIIA & R
23 TURIE A 2 SR H B 0 B B ISR DU R B B RN gR A, A H AR IR R SR 4 b, N aRre I sk s
A ) B R AL IR B A Hy, X B ARIE AN S & AT IR B BRI I . St T A W E R A HE S E TP anR S
TRV TERFAE R RRE 77, HARIU = 238 m B RIFAIEREE 5z 0 h,  REW6 BBl M 72 S 4l i e < AR AR 5%
FITE R 5 o SRBUR RORRIEZ I BE— 20 A AR Jo fiy N 22 0 68 v, SEBILGS H AR TE A oh 2% S A 5 I S AR A8 2L
Rl IXH, RS ENLIN R A 2 (4E L6, 2]).
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2.1 BURERENT

TR ) <6 AR 1 5 A R 27 e 2 R 22 ) — SR SR I BA B, 2R R T 65 4432l i) 3 Fh3R AL mA
SARMEEBIE: FReouE(al fels Al Jolv /). BEEE T (/pa-tal) LR AR E SCRFN AR B BA L. Hodr, AR
NASEET TR, 2 DR E TR 15 ecm B 25 cm (R EIEOCA . iR BT SLmE, RAER AT




650 NITEFEA. 130 MEEEWFEAM 100 4GS E AR, FrAFEARE Mlway #& N 0RFF . B RRIEN 4 A%
EEBIEENSIHE R ELE 1.

B ANE B SR N AT 7 H BN 5 R e R R K 2 B I 2 AR BE B A N RHE AR B IR B R DOE A & AR 15 & B &2
ZAR A % BE B & AR I sh G LR T 12 ik i 68 4 PD B Al 17 44 {e BE N\ 21 i) fe e X i 2H (Healthy
controls, HC) i &M AL, B RAMTE LS AMREIT. ZRABMSIHE EENER 2, Ko, HY 5468
AR ISR B VRS, 3 WIDIATE T4 R, 3 WAL B ER R EnE . REANF AL /2, EEH
9 (/pa-ka-la/) LA S A8 8 SCAR RN IR (1 B 12, A BT AL 5 SR 2] 270 DNICEFEA. 170 NMEEEIWFEALL KL 60 Ma
] B4 58 SCARREAR

1 BAFIEHERFBRBENGITESR

Table 1 Statistical information of the Italian Parkinson's disease dataset

Tk otk it
praneE sl PD HC PD HC PD HC
ZAREH AN 19 23 9 14 28 37
PR K G 67.2 (8.3) 47.6(28.7) 67.2(9.9) 48(28.4) 67.2(8.9) 48.3(23.4)
EI AT 50~80 19~77 40~80 19~69 40~80 19~77

R 2 BRINEREHRHESHIRENGIHER
Table 2 Statistical information of the self-collected Chinese Parkinson's disease speech dataset

B Lk &it
Lrane el PD HC PD HC PD HC
ZIE N 49 8 19 9 68 17
PR K G 69.8(9.5) 66.5(7.2) 69.8(8.2) 65.5(6.8) 69.4(9.2) 65.9(7.0)
R ] 46~88 58~77 56~84 53~74 46~88 53~77
LG R SR TR 2 Gt it Ty 2= 5.9 (3.6) 0 5.4 (3.1) 0 5.8 (3.4) 0
HY 473 1~4 0 1~4 0 1~4 0

2.2 XWEE

JI A SEEGILE 2.1 TR P B 2 R AE AR S kAT, BRI SER SR B R 3 Fion. H, Dropout
(p=0.05) RiF T3 KM )2 B8 2 8], B IEZ M /INIBER R BT s th I 005 1), 4R ALz
fhge

AT T IAEA ST S, U R (Accuracy, ACC). HUBE (True positive rate, TPR). 4F 5% & (True
negative rate, TNR)YE NP RN Fabnr, HitHARXD AN

ACC—— IN+TP (4)
TN +TP+FN + FP
TPR = ™ (5)
TP+FN
TNR = ™ (6)
TN + FP

HAF: TP (True positive) Fzn IERIRMNH 0420 B 50E, TN (True negative) 287~ IEBf R 1) H 6 £ B AMA %k
i, FP (False positive) B RAIAEFZIEE, FN (False negative) R sH4H 4 A5 &8 s 40 10 {8 FE A
(LSAE

=3 RESHER

Table 3 Model parameter information

ZH 28l

PR 16,27
RGN R (%) 10
batch size 32
epoch 60

Bk 0.000 1

Dropout 0.05
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2.3 ELIHLHER
2.3.1 BEBYHERIUEE BMLGIE

DNERAIEAR SCRTASE A 1) B B ARFAE SR OB TY HuBERT A 240ME, AR50 AN [R)RAAE 4 BORE B 7E 25 15 b 6 s o DA
Z R IBEAT T HeAL . N PRIESESS 25 A 0 — 35tk A Y 35 SR P AR [R) B B B e R 471 5, R RS St o B
B AT O, AE BARER L TIRSRERN . 25 B ASE CNN+MFCC. Transformer™/F1 Wav2Vec
2.0%%, FHrfr, “CNN+MFCC™# ] CNN VERRHIESE HUES K MFCC RIS A CNN RS B s ZURHIE -

T HEASAN R RS £ 15 1R A e < Ao R AT 95 B TERE, P AR AR 48— 123 R Wk S0 SEms 5 e 321
AR, AEPEREZE R AT BRI TR AR ST AA L, AR N E R . ORI RS, AR IR
A R EA TESH, RNESERITAIKES % HuBERT 5 Wav2Vec 2.0 BB AR ZR 0 B IEE
R, ZHEER, T IREEAETIZRN B 30 1 A 15 35 R AR RE /) HaBE e /NI & Ao EuR &£ Big i,
FATTEAE 4818 S Sl 92, AU HuBERT #7855 3 /2 Transformer HHAT Wav2Vec 2.0 R E 4 JZ
Transformer FHL (PR3 BN SCMZ8 2 ZH0EE N 12 80 24 2, FOIATET 4 2&% LRE) , K2 CNN FFIEFREEE &
Fofth Transformer JZIIBE 44, . BT Transformer FEAEBLAY HfIE M LINGR, M2 INEAE K BERLEE BRI SR (AL =,
DAL A ORAEXT B — S, AT 2 JZ Transformer i #s, 45 HR)Z. CNN+MFCC BRI AN K Pl 25,
H CNN #5r RBENIATaEA, HORIEFBE TR 20 5 ST S HRAE,  FEVIZRET 0 H s 4T B T 3, X TS 8%b
AL GRS A7 HAD R o 10 SR W] G 250k G DR O 2 B0 AN [R) e SR AN P4, ol 1 e 22 S B R AT DR T4
RUAR S RHIE SR IS5 92 10 e

[, FRAT7E 3 B AN [ 1 J AR 22 S) K, R A A B3 I 401 25 B 4. HuBERT A28 4K 24 H JH [&] 4
)RR A T 402 2, 36 5 T 0 s 90 A ot ) A AR 28R 2 21 B R ST SR IR-AIE . Wav2Vee 2.0 #5881 SR FH ARV R 0T bL 27 ) 4
&, FEAEXSESL BT XRRES T EFE P RARRE. Transformer 5 CNN+MFCC JE#E TR & T 70 34T
25 I A8 SRR R AT v B A o ANy, IR DRI ) B PR T SR AN A, 17 HLA R 22 06] EE R b B2

PADGE RUEEM, mORRIE A HERER, BT 2 R0E S HER T R B Mm-S M4 R L 4 P, UE
RAERPEEM, DOEAEIRER, FT 2R EEEERIT R EEM I SRm A R L 5 P, Lid, Hil
BRHE S A PRI ZRI , S ANTERIIIBUY 3. FFeond . EEET . RESUR. NRER HAREFE &Rk
RUFAN[F 0 Rr il 25 R s, 38 4 IR 5 R4 B ARE R TE S BOE S BN, 0T E51EF e & A% dar il ) &5 AT T
SRR . MR 4 FIEE 5 IR nT LUK, AT A ) B i BHRRAE SR O HuBERT ££#5 15 B A 6 A% i ko MIAE 55
BT TP IIvERE . S0 S5 AR, HUBERT FR FH (R HE i T3 036 AR AW 58 IR 95 75 Fh 5 T e 0 h AR AR 25, 43
RUERR AT Wav2Vec 2.0 BALRTH T 2) 0.9-1.0 N E 4 sd, EW] HUBERT “#>) B HIE & T sE,  AEA 2
BRI, R TR E P I RIS AR EARHE . AR SOTEN S, 4 B ARE R R0 & 2R A
ME B HARET,  MAE AR A RO e, XN S HAR P R R R G & B AR L, FFeo B WA EIEH, X —
SEIRAE Ja SR I S T A AR

4 FE B EEFFHEBER EBEMIRERREMNES PR CUEEXFID)

Table 4 Performance comparison of different self-supervised feature extraction models on cross-lingual Parkinson's disease detection

task (Chinese — ltalian) %
HFREE RN 1R & A 2 Y
[y W A A Rt E HEEN 5 2 A
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(HuBERT) 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3
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Table 5 Performance comparison of different self-supervised feature extraction models on cross-lingual Parkinson's disease detection

task (ltalian — Chinese) %

FARTE T 115 B 28 Y

] A Frgni HEEW PR SCAR
ACC TPR TNR ACC TPR TNR ACC TPR TNR
CNN+MFCC 88.6 88.2 88.9 88.1 87.8 88.4 877 87.3 87.9
Transformer 89.1 88.7 89.3 88.5 88.3 88.8 87.9 877 88.3
WaveVec 2.0 90.3 90.4 90.7 89.4 89.1 89.7 88.2 877 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 FEUUE ST EMMERE LR
RIAIE A SOFFARFF G S 7 U AT M, R4 7R B R 50 05 VA B R B e A KA 55 L P R 47 7 L
B 5B N TR AR TR (HHURRE. BZOTR AUMERMIR LBk, ST R
HIL AR HAT T R ALLE
CLCHE WUV R . ORI FLRRVERD, RIFHE 5 1 I A TE B BRI & A AL % E MR N 6 s, B
W B R (R IR 2.3.1 5. M 6 (IAESEATAL, AR K-means %6 2KH) o 80 X
5 4 AU AT AR A 7 A T AR AR R . 350 th T BEHLR AL BZ MW 05 B, % 53 5| AR
SR FHBIERREA, 0 K-means TEA0 775k A4 T 47051 S U0 P & ARV 35 B0 R SR, T+ T L
S 4 R0 15605 5 REIE R OB S P RO AR . SR 350K LE T 2 S BT T W R, o LAAT 0 ST
i, T AL AL R (50K R B 7 R385 IF RS Y, (I R R R T B
< 6 TRIBES I FAEBEFEMIRSHRFOMESPRMEILE CUEBXFIB)

Table 6 Performance comparison of different continual learning methods on cross-lingual Parkinson's disease detection task (Chinese —

Italian) %
FUARIE T 5 ¥ B 28 Y
L by s R PNl HEHT RSN

ACC TPR TNR ACC TPR TNR ACC TPR TNR

BEHLRFE+ LARR 88.4 88.1 88.9 88.2 87.9 88.5 86.9 87.1 86.6
BEMLKAE+ L $5k 89.9 89.4 90.3 89.5 89.0 89.7 877 87.3 88.5
AR+ L 3R 88.5 88.1 89.0 89.2 88.7 89.9 87.7 87.0 88.3
B+ LA R 90.5 90.1 90.9 89.4 88.9 90.1 87.8 87.8 88.4
BIKFE+ L Bk 88.6 88.1 89.3 88.3 88.1 88.6 87.3 87.1 877
RICKFE+ LA 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3

2.3.3 MRV 53 4
NIRFEBT BRI GR A A [FIEDRL R S I Xof B 15 A < AR A D R RE RO RE R, AT X RsAE A e Y 3 2RiB kAT
TEHFIAGERE . LEILEE 6 MARRKTERVIFFAESIT7 2, tncvpr R @R FRE T . EEETT . BRI
FriN, AHSRSEIR AR IR 7 PR .
R 7 FRIERVIZINF A S EEEMIERBRMES DA MRELLR CUE»EXFIE)
Table 7 Performance comparison of different training sequence combinations of multilingual corpora on cross-lingual Parkinson's disease

detection task (Chinese — Italian) %



i DR Y
‘}}Eiﬁiﬁﬂl E*Tl %EF‘FE/]'L Ei&%ﬁ

TR FEOLE () BHEN (p) B SOA ()
it 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 92.4 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 88.8 88.8
rpv 91.5 91.3 91.9 90.5 89.6 91.2 88.6 88.4 89.0

S A5 RARH], UEEAD U2k A B R AE SR OB R I, AR AU A0 4T, 25 BEAE H AR TR A e AR A AR
AR BONR R IVERE . EARRIEN, 2 H AR S I 2o R b B a i A R SR AR — Bur, ALK
R SR A U AR
2.3.4 ERENXFENM

FEMEE S22 rh, EE G DR ROMOR, B A AR B I AT BE PR W B . AR, 0 TR 2 SRR AR S5 T
Fo BORHIZrh DX AT RE SR AR A1 b RN, I 25 SN v SOT A, AT 24 1 SR R ) 7R 2 21 3 i PR,
NTEG MRS S IR IR 55 5 ST R0 Z 18] SR B T4, AT ARSI B R PGE BRI 3 KIERP 25 E T 1%
5% 10%- 15%H1 20% 223 DORFEZSHEAT SE06, 1 InEE I ZR I ZREE R AE 10% I BARIE et XKPEA,  H R
A S RATE R T BE, KA R IR 8 . MM ICRAERM 1%EINE 10%0, BRMERERERTE: R,
HERFERBE 0 I 10%38 N2 20%I0, BERVERE MR T ARA3 0485 . 5 R B0 e AR i & SR A S R A/, HEK
2% 1 DX 25 B AT R Al R 100 45 AR, ARSI 2RI TR 10% 2 DOCRFERIE AR E,  DLFATTERESE T ot L6 KR,
A OR S TR A I < AR AL AT 55 v B2 AL R

* 8 TEEAMXFEN S IR IERFFEF M RERIRNE
Table 8 Impact of different buffer capacities on continual learning performance with multi-type corpora %

F AR R T 11 & S e

G X KL LR i}
ACC TPR TNR
1% 89.7 89.8 90.6
5% 90.4 89.9 90.8
10% 91.7 91.4 92.2
15% 91.7 91.4 92.0
20% 91.8 91.5 92.2

2.3.5 HRhSCIG

ATELEVRICA B R DUESEE, BBy KRG EE R E N, I 7 Rl 5258 R A I B4 7 vk rh OGS B ) A
F,  EE PR FR TSR v X B 3 5 DL SRR SR R Y ek, b, wio IM AR E G XA AT HUR IG5, wio
FD AR A AT REZE T, w/o IM and FD JUAREREIE I B ARHEZA I Re A B4, L0 VEgHZE A & 9 fir
TNe MSLIGZEIRAT LLE H, A ST HE 1 &R SRS S XS R M RE O3 T P A T B . Hoh, SRR SZAAEE N IE
M TUFEAT REAE 2SR B B 3 T X IBER IR B RE 70, T SRy TR AD0 B AR AT 8, B OR T YR PP %%
HHOGT I G AR IR 1 RO HE R 1k o SR G2 DX AN EEAT B 30 S AE ARV R AR T TV E A R, (FIX — SEms il it
SRR AR ) Z AR, A BT R AR A IHE R A



Table 9 Ablation study

*® 9 IHELSKIE

%

FARTE T 15 B 28 Y

o] FFL T eSS
ACC TPR TNR ACC TPR TNR ACC TPR TNR
Ours (w/o IM) 915 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/o IM and FD) 89.3 88.6 89.7 88.8 88.6 89.1 87.2 86.9 877
Ours 91.7 91.4 92.2 90.6 89.7 91.1 88.9 88.5 89.3
3 LERIE

AT X W < AR 1 AL v v AR
o B BOBUT ROR S, IR SIS

Hn Mok 5 B TE Mz AR, SR T A RS B A B TR A G T
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