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Abstract

Sequence data classification is a fundamental task in data mining, and its performance heavily de-
pends on the effectiveness of similarity measures between sequences. Dynamic Time Warping
(DTW) and its variants, as widely adopted similarity measures, suffer from high computational com-
plexity, pathological alignments, neglect of local structural characteristics, and excessive similarity
amplification when applied to long sequence classification. To address these issues, this paper pro-
poses a variable-length subsequence optimal transport model for long sequence data classification.
First, by integrating Perceptually Important Points (PIPs) with optimal transport theory, we con-
struct variable-length subsequences to replace traditional point-wise matching with subsequence-
level matching, significantly reducing computational complexity while mitigating pathological
alignments. Second, a complexity correction factor is introduced to construct a cost matrix that cap-
tures both numerical differences and local structural characteristics between subsequences. Third,
a position penalty regularization term is designed to suppress unreasonable matches between sub-
sequences that are far apart in temporal position, effectively alleviating excessive similarity ampli-
fication. Finally, the model is formulated within an entropy-regularized optimal transport frame-
work and efficiently solved using the Sinkhorn-Knopp iterative algorithm. Experimental results on
20 UCR datasets demonstrate that the proposed model significantly outperforms mainstream meth-
ods in both classification accuracy and computational efficiency, validating its effectiveness and fea-
sibility for long sequence data classification tasks.
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1. 5|8

J¥ BV 53 S I 8] Fp F R A2 38 P A% O AT S5, T2 T BRI IR D[] Al A [2 R0 Tk A% 5%
[3]554I . %AF 55 B S BEAE T B0V R AR B B T v LS B AT SE 1K) 43 2K . B A5 I [A] #U 8% (Dynamic
Time Warping, DTW) [4] & HARAA[5]-[ 13145 A5 51 0 S5okG B PR ARABL I B2 B U7 v —, adad AR Ze M i sif
KXFFFA, B “—Xt 27 LIS = Emant s, HEHTEERESFIKERIEL, SFEKTHI%
53 R B P R T B R K T B (7]

AR, A DTW FIRBRYE, SFAFEANIELL N =AN TR TIRER. B, BT HIX5F 5 m[9]-
[12]. Hao %5[9]F1 Hong %[ 10175 H & # /N AR He AR U 45 (5 2., I8 I AL Bl & e 51 4508 22 S
R EER, 1T T BRI A B . Li 2511 3@ 380 2 4145 5 i 21— 4RI B4R, JE4s 6%
PRESARAE 2R, SCBL 7 2R IR A B (i 236 55 o 1M Qiu 25 [ 1238 i 5 FE SR AR FO AL BLAS 2, 85 T AR
B BFAIR TR, Hk, TR ITE[13]-[18]. SR#E[13%Ed EH . AL HR. &/
LIRS RTINS, A RBORD> T AL ER DTW 5. Haviana Z5[165R £ Zofltb. S5 manibs
W&, i R GE T A H AR HE R O R AR, AR PR R, W PR (A
BJE, T PRI TE[19]-[27]. Ye 19 L T Shapelet #E4, T8 A W B Mot 22 5 B A )
JIF AT 57950 Mishra S5[24 1457 53 BT P 51, CLSEELRT A [R5 LA AFAE 7 51 R AR DA 52
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., Zhang ZE[27]HEH T 3T B0 # 2 5 (Perceptually Important Points, PIPs)f] PIPDTW &3k, T &Rt
1T IR BIE 1) Top-k DTW FHAUMESL R . PIPs A OIRBAE T, K ICK M EIAEIE S48 0 R % O TBS
FHER S ELR, XA 8> 7 8 A B R, 30 B3B3 T AR R IR .

JE ERTHERAS 1 — Bt i, (BAEACBER IR KPR Th I im oS S Pk . — 7, DTW K H ot i
Ji i RS UL EC R A B, E A B RG SE AL A X DLIRE S i A0S 5%, Bt SRR R R PR A SR
wm. O, TR AITE Z OB € E HEE R AR 7 E I R S 2 R R AR
HEJ AR SR PR o &5t Bk i, et AL % (Optimal Transport, OT) [281HESL AP HIARBIIE: B 4R 4L T 37
RS . SEGNFEITEAR, OT KA MR A, 8 RiE ) “ 22X 27 ILECAHLH], %4 T DTW
TR B 7). Zheng 5529 38K 7 41 3= A0 5 L DUMAEL 55 N [E) A AR ) — 4R 2% 5, SEEEUE S5 I [)
FRIIBC 5% 75 o Su SF (3013 51 NI 22 73 R A J9gUFe 3o 5 1E U 30T L GRS P — Bk, [RJ I £ i o) 55 5 PR
Latorre %5[31 K Soft-DTW SIENI{L OT #H&5 &, 7 AT RAESE T [R] IR S35 41 B30 fR0f 55 R0 2 ) 22 St 1) B2
&, FS BRI E T ERCR . R XSRS T OT RS M w1 S, (HEAT OT J7ik
RZ K 5B B HOW I s 7341, ATk Z 06 5 41 P 308 ) 3 46 A 15 J8 O 28R o

PIPs 75 %[ 32 il id 38 YA 1R 50l Fe F1 Bt o B SR BE G A s S B s, BEMS 11 3 N A B WA T T LI R
WA, RTREN OT JPiE A AL T AT fe. 545507 LM & A [E € 17 5K BETTVEAN R, PIPs 75
AT EARE SR S AR K TR, S OT LRt sE B as it i eoc. SR, A iEfEiHE
TR AN (B ) B B I AT AT 2N [ T P AR SR A AL B, OIS AR, AN S B 15 i B
FEMEINLE . R PEPIFATEAFE R T8, SRR AEA AL B & A ORI 7551, T
SRR E i BEARARL, AT I FETROR 1 e AT ) B AR AR ABLE

N, AR SCHR A R PR A B 23 SR AR KT R A S AR AR R (PISOT) o 32 ELEHT AT

(1) HHK PIPs 55 OT HAL L& . KB “IB LA B “ 7R A ILEC” A, 1EIR B P A0 800 Kk
BT AR A [R] ISR SR T T SRR

(2) WA HERE . SRA “R R BAE K By Bl sl () 5Ems SRR F 55 o 1, Rl 5N 2R
AARPERIE R, AR A A (RIS 1~ 21 1] R B 22 5 5 T S B AL -

(3) WA BT NI, H0H AL B AR 1) 7 SR IUAC,  FEAA AR st s R A AR AL i)

(4) 7f UCR 7554 L TS08 . 500F T PISOT A5 o) JERf 14 5 TH B 40% Jy Th i AR ek

RGN o 5B 2 WA AT IR 5B 3 WK TS BB (PISOT) . 2 4 i id s&
ISR A Rt 55 5 TSR .

2. HEHEIR
2.1. Wasserstein 3255

Wasserstein B 55 &~ Fii ey /M HEA M 2 2 52 0007 5, 2 I A T SO AL 51 (.45 .
B BB X = () Y = () SRR R iy =3 08, By, =3 b6,

Hort a, M b, 73 RSP 5] X MY SR AL . 8= S e B, 8 H R RE B E 50, B
%ziﬂ@=ﬁoWmmmmE%%Hﬁ%ﬁﬁﬁﬁ#ﬁ%ﬁ%%%ﬁ%T,%%$%%¢%ﬁ2@

M. HEEARIAAN:

N M
min <D,T>F = min 1zldi’jti’i (1)
=

TEIZ'(H,h) Te;r(a,b)
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7(a,b)= {T e R

Tl, =a,Tl, =b} @)
b d, R MHR A x, BURR A y, OMERIRA, 1, M, AERE] 5 R
22, BHIEES

JEH B L T (PIPs) B /) B Chung S5 [32]14 HH, & —Fh & Ui e F1 B B i 3 7 7325 o 107 V518 e HY
J7 50 v B S e R SRR A iR B AT R, DA AR E B RO R AR R A R RS, SO 4
SRR TR B P4

StFKEEA N SR X = {x,x,,~x,}» PIPs IFRBGEFRUIE | Fis: ¥ 2048 740001 R sum
NFPIPs B, i P =[1,N]. /G RATTLRNS, IS s R U 24 F 4 26 30T AR 22 5Tk i
RIEMANSES, HE|P|=k (k<<N)Al.

WM CIER PIPs & 5| A 1T T HES N -

P:{plapz""’pk}, 1=p1<p2<---<pk:]v 3)
VRGN S 2 (2 & P) FUARAT PIPs 74 PR B 10 T8 ELBE B

‘e~(z—pg)—xz+xp

PD(zP) = : @)
( ) \/e2 +1
X, —-x
ﬁ\:q:'pg <zZ< Py o=t P
Pgi1 Py
RIS 3 FLRE B B K AU P RS
z’ = argmax PD(z; P) (%)
ze{Z,w-,Nfl}

ol -y,

Figure 1. The procedure for extracting the first 5 PIPs
1. $2EYET S 4 PIPs RYTEE

ERKFFIIRMAHRERE
3.1. BKFFII

TG T Fe A5 512 22 R I e A SEME sl & 1, 3 L& N AR I TA) RUBE B8l &3k, & Hid
N B RAREN, B ORI 5 SBURERER H . A, ASCEIN PIPs K A, 155
INESAL AN AR SR P S 2 e TDEN SRRIATLE <

DT BRIEAE A% 5 4 TBOM ARALIE B BRI, B S X UG P SIEAT z-score FRifEAL . 45 78 ISR 7 511 4L
B x :(xl,-~~,xN) ceRV 5y :(yl,---,yM)e R, tr#ELILRERE SN
% Xn ~Hx

X, , n=1-N
oy +m

(6)

?N ym luY m=1,"‘,M
Oy +60
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by o0 My, 0, 3AVNFPHN X 5 Y KIME SR, ©>0. AfRIES, TXVILL X, Y RoRirik
WIEHIF51.
A GE)AXMNFH X MFHY oy BBk 4> PIPs, 12A4:

P ={plapifs 1=p < -<p =N
'Pyz{ply»"'apl}v}’ 1=p1y<"’<p1f=M

RN P AN B R B G M I 4ERE BN R R, SRAES: 3 A PIPs B K FFF. FRAIREE N
k=2, EXWT:

()

S =X[pipk ] i=Lek=2

o _ ®)
S/ =Y[p}ipla]s j=lok-2
HIF PIPs MR AIYS], FRAIKE AT A, FAR RS 5A:
L=pl,—p'+l, i=l- k-2
i Piia p1+’ l > (9)

Ly=plo—pj+l j=l-k=2

3.2. RifrzERE

H1F PIPs 70 A5 (AR 210, 3 ANESE PIPs M T P AR AN A o & ELHH 5P 7 7 41 IR i
B, PR ST RRC . ORI R, 4 BT S ILRC ) T A B R R, R
R PP AR B 7 7 91 _EREAT I B0 55, Gl T4k fie VLG 7 B R G2 il 120 F7 7 S ity SR O B

GEIERTRAIR (S).8)), BHKREWE 1 <1 EHEKIGTFRIS) R KIEN @0, &
FRAB T UL IE Fr B :

SI(r)=S[rir+Li=1], r=l-L L +1 (10)
Horb 87 (r) B S (r) IEE r AU IR KEEN LT RBL MRS ST S K.
FHEEEKREIIU = (-, ) IV = (v, )+ 8 S ITHRER 85 9

rms

(U, -n) (11)

M=

d, (UV)=

~1—
T

1

S d,,, T3 RETCIEA RIX  BUE AL H RS S Z R A B Bl —MaEREABS A
IR R BOT REAR RIE AN d,,, o HTFN CTREERE” EREE. N, SINRREAEME33RE
WHFHITE SR AL

rms

=

CIU) =[S (s —u,) +o (12)

1

HETTE LRI B IR T[33]09:

_max{CI(U),CI(V)}

 min{CI(U),CI(V)} ()

p(UY)

HFA TR R RFNT, p(UV) > DRBOR(D)SREE B, TR GARIE (L S o s
5 KM HRITRL.
GRS A BER T, LT RAIR (5,57 ) BB
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in(d,,, (5582 (") p(S5.80 (1)), if L<L
ey o (S557)= i (57500 ). v (14)
. ‘ mrin(d,m(S;,S;‘(r))*p(s;,s;(r))), if LD
Z0€ SCE I 1 A A RERITE BNALE r SRR T, IF TN R BB IR 0] EE B AT R
BT, AN HE R

Dy g (i,j)zafc,ﬂ,g (S,.X,S;), i=lk=2 j=1- k=2 (15)

3.3. (LEETIIENIR

i A s v R b o B AR BRI 7 e S BEAT UL, R L E AR IR TR AT
Fea A — A AL

+pt
Tx_p: p:+2 i=1,"',k—2

f2(N-1)
( )) (16)
y _ p; +pj‘+2 _ . _
7! =Si-1) 1 k=2
WRIa, & XA B IETTIUN:
A, YZZ(T’ -7’ ) " (17)
Hepa, >0 A BT RS, HTERTFIMENFRRE. 254, BUEBOC, SRR T LA
A B AL T A1
3.4. EEME
K rp 5 X AT H] Y o R AR KT 7 AU S AP BB A0 (K S A O R 13 51 5 B
BER, AT 5K FE e SR AR 1A B2 23 A -
a, = ZLX i=1- k=2
v (18)
b, = j=1 k=2
ZS 1S
BTHRHERE Dy, |, (i,7) SO BEETTIENI, @A K E T 8 R e .
T =argmin<T,DCI Se&> +/1pmeikZ%(r —ry) t,,+&H(T) (19)
Ten(a,b) -
7(a,b)={T eREED|T1, =a, 171, , = b (20)
v 1 (1) =030 (loge, , —1) » T RBABERY, 5 U&7 91 2 1] ) ARBL A g
PISOT(X,Y)=(T",Dg; ,, ), Q1)
3.5. BIERR
AL (19) AR AR M T @ Sinkhorn-Knopp AR AL AL TR FES BOUB AR, @ik 15 A B

LR T A AR R IR R BRI, SR AR RS 77 AN DTS5 5 ) A AR oA
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SRIG R P AN BHE AT 70 2K BARSEBUB BRINGIE 1 PR .

Bk 1 BT T A S AL R ) e 5 K 2 SR

BN FRUEILE IR X, ={ X, X, ) FIREE ), ={Y,,-.Y, } » RUNZERRE [, 0c,]» PIPs Bk,
Bo>0, EMEREA, Me, BRERREL,  WSHHEO .
W BORAEHIAERE T, MUMWEIE R PISOT(X,.Y,) » WRSEEER M BIARE (6,6, ] -
1) for 2w ANMFF Y, do
I (5) SRR PIPs P « PIPSExteactor(Y,,k)
i3 (8)FH(9) A i PP FU I T R A I K
I (16) A AT H 7 e 3 — A LA B
il (18) 7 i LW 257 A
2)  for &g MIZRF X, do
I (5)ARILHALE PIPs P « PIPSExteactor (X, k)
T3 (8) M) AME 9 I BT SR L
(et E TP E— oA B
T (18) AT HAL M2 43 A
ISR EANEERE, FA N1 7)3 0 B 7 5 R e e AN
3) HIH Sinkhorn-Knopp 125 AR (19) 2 i B 1L A i 7]
K «exp(-Dfe)
w1l ,vel1,,
T EAMRALIERE T < diag (u) Kdiag (v)
4 WAL R PISOT(X,.Y,) < (T".D,, ).
end for
5) THEAR AL B MY § = argmin PISOT (XY, )

TR T AL MREAIREE ¢, ¢,
end for
BT 6,46, ]

3.6. BEEREDH

A SCHE Y PISOT B2 (1 5052 2 B - BRIE T2 K7 /7 7 « AR HEREA 2 PL & Sinkhorn 34X
KA KD WBNAEFINKENN, WREFINKENM , N2M . kA PIPs, i
m=k—2 MERT A, Kb AT RN L, . PIPs BRI 0Bk, HAEH O(V) . HT
B XP NGRS MART Y, T ZAEE moxm A RERE o ﬁﬁﬁ%ﬁ??ﬂﬁ(&ﬂs;) s BT IR,
mEARBRKFRFY BT HESE DL, SRERN O(Lfmx) o PR g 8 AR RE B ) R A
O(mszm) o PBfiJ5, @i Sinkhorn FESRAMEIE MR AL fin &, REIOEARM KRS W BTk, Hak
L] O(mz) » VUSRI ECA 1, MR BUE RN 0<Im2) o R EARALRRI T S, THE
FRACMAE B B B BN O(mz) o I, ST MNNRFEA S — M NZRFEA I ULHL, PISOT FE Y 1) i 532
AN O(m* (L +1)) -

4. LI
AT ASCAR H ) PISOT MSR A 20, A SCHE 20 /N TFH UCR $OHi4E TR T 9086 40 BT
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LI ZAT INN 2P R s, Mo SR AN LT SR R 7 TG AR R M BE R AT S A VAl o T S B 34
TEMC % 17-4800U fil 16GB RAM [IF5#E Windows 11 £:1E R4t F 58 .

4.1. BUREHR

ARSI N UCR 04 FE[34] IR B 1 20 A BA AR 1) 7 51 Bds 42 - X S B 38 B 75 7 41 K (96~4250)
FEN K (2~52) RBHRAE B (1~10) A iZ, Refig A RO REEAR [F B2 5t R Btk 5z fae
o KM, AEHIE PISOT MEALEE AL HA PP I J7 1 AL, AR SCE fOORTE 41K R 1000 %L
EAE[35], DIRABK T FHIRENLE S OT J7iETERE T /3 K HER 2R I [RIBT, 2 15 AR 8 W E 38 s i SR
BT 00 26 1 VE QR IR A5 B e 1 B

Table 1. Dataset description
= 1. HIESEHL

Hdla g = GRS ZREE AL K Yz i
Computers Computers 250 250 760 1 2
EGG2 ECG200 100 100 96 1 2
EOGVS EOG Vertical Signal 362 362 1250 1 12
FU Faces UCR 200 2050 131 1 14
HA Haptics 155 308 1092 1 5
HE Herring 64 64 512 1 2
HO Hand Outlines 1000 370 2709 1 2
HT House Twenty 40 119 2000 1 2
IS Inline Skate 100 550 1882 1 7
Mallat Mallat 55 2345 1024 1 8
PAP Pig Art Pressure 104 208 2000 1 52
Rock Rock 20 50 2844 1 4
SL Swedish Leaf 500 625 128 1 15
WS Word Synonyms 267 638 270 1 25
WO Worms 181 77 900 1 5
AWR Articulary Word Recognition 275 300 144 9 25
CMJ Counter Movement Jump 419 179 4250 3 3
HMD Hand Movement Direction 160 74 400 10 4
SWIJ Stand Walk Jump 12 15 2500 4 3
SRS2 SelfRegulationSCP2 200 180 1152 7 2

4.2. KBBER

4.2.1. ®TELSRLE

1. BT 5073 S8 AR 0T SR

NISEASCHEH ) PISOT R AR 7 AU 70 AT 55 A 2bE, JEHL LCSS [21]. MSM [22]. DTW
[4]. ShapeDTW [23]. SegDTW [24]. PIPDTW [27]/% MPDist [20]%5 7 F 51 Xt EL, 7€ 20 4~ UCR %
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P g LREAT 7 FUER ARVl o S SEAE T AR R A B R EBHESL R OT R o %73 SRAFIE L R U
GRS BIFH L, K3 FAT 55 T A O IR A 5 2 S8 Co AR AR BL B LR ASE, AT I8 2 D DL TS
B BB SRR, &R TR S R R ) SR BRI 5

Table 2. Accuracy comparison of eight methods based on centroid classifier (%)

2. LT ERTH 8 S EEFREIEL(%)

EACITE RS LCSS MSM DTW ShapeDTW SegDTW PIPDTW MPDist  PISOT

Computers 22.80 58.40 54.00 54.00 52.80 60.00 35.60 64.40
ECG2 61.00 72.00 68.00 68.00 69.00 73.00 60.00 80.00
EOGVS 2348 29.01 22.65 22.10 35.08 29.28 20.99 35.36
FU 43.51 78.05 80.73 81.51 82.59 72.10 33.51 76.88
HE 53.12 4531 54.69 57.81 40.62 51.56 48.44 65.62
HA 38.31 36.36 27.92 31.82 38.31 35.71 22.08 38.96
HO 71.62 72.16 70.27 72.43 81.62 86.22 68.64 83.51
HT 84.03 76.47 83.19 85.71 78.15 56.30 62.18 85.71
IS 22.90 2436 23.27 23.27 16.00 18.91 16.73 29.82
Mallat 54.80 85.63 92.96 92.88 94.75 91.98 55.99 90.70
WS 36.99 36.83 37.30 38.71 32.76 33.23 21.63 40.60
PAP 42.79 37.46 47.12 41.83 41.34 43.27 67.31 86.54
Rock 46.00 34.00 48.00 36.00 48.00 50.00 48.00 46.00
SL 56.32 66.24 59.36 66.72 60.48 66.08 40.80 72.64
WO 31.17 37.66 33.77 38.96 28.57 37.66 3247 51.95
AWR 86.00 72.00 83.00 91.00 87.33 71.33 79.33 93.00
HMD 20.27 25.68 33.78 27.03 33.78 37.84 25.68 37.84
SWJ 46.67 40.00 20.00 33.33 13.33 46.67 26.67 60.00
SRS2 48.89 46.11 48.89 43.89 48.89 47.78 53.89 55.56
CMJ 30.73 35.75 33.52 35.75 31.28 33.52 35.75 36.31

A2 L, FERTG A3 2RES T, PISOT BEAYTE A3 20 NMEURAE A 16 MEHEEIUT T 5tk 7 2k
R R A AE K 51 B0 52 (40 PAPRock Al CMY) AR A2, HoAh 7E PAP Hidli4E bR Rk 86.54%,
BB 4 MPDist FIHERZE 67.31%3& T T 19.23%. £ SWI ##in4E |- PISOT #EffiZA E] 60.00%, HAESE
DTW #ERI R 1) 46.67%42 T+ 13.33%.

FEVHE R TTT, B 2 AT %0, PISOT fE 50 73 RAHESL T IR F- 318 AT I R 2 B T BTG Xt 7 v .
K —RBIET W 1 — =T PIPs FIK T 7 53R RIR IS T UCAC AR AL, R0/ K2R
VCFC R — 25080 1 TSP o 1% 45 SR IGAIE T PISOT 78 {4 K5 i 70 285 B2 i R e, L&A S i S8R,
T FH T 0T ST A T SR v P S s B FH 5
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i
Less accurate but fast } Less accurate and slower
MPDist
or :
i
] _LCss
: [
1
~ 1 SegDTW
5 S : ¢ MSM
o 1
2 '® prw ®
2 1
o 1
15} 1 -
N PIPDTW " 'ShapeDTW
= i
g i
— 1
[5) 1
on 1
| A O O W R SR N R O P 0 1 1
>
< i
|
i
o a
PISOT |
© a
1
Accurate and fas ! Accurate but slower
[ S . S | . M | . N | ) N |
10 10 10* 10° 106

Average runtime on 20 UCR datasets (s, lower is better)

Figure 2. Comparison of average running time and accuracy ranking of 8 methods based on the centroid classifier

Bl 2. BulorKEETHI 8 #75 AP TR E A ER AR XL

2. BT INN 73 225 155 b s

LR INN R FEIET W HEE: |5, FA—MIESET %, INN BRI TIEEEE
B, R T I b S BRAS [E AR AR 2 B (R e ), G T B A RS HOR B T RE S NI R ZE . IR,
INN 7E 7 FI SR 2 A0 2 o —Flom ke, g S B v B 10 mT MR e A0 T LA itk

Table 3. Accuracy comparison of eight methods based on the INN classifier (%)
= 3. INN BT 8 M7 EEMIEITEE(%)

Hda g LCSS MSM  DTW  ShapeDTW  SegDTW  PIPDTW  MPDist  PISOT
Computers 63.60 58.20 66.80 66.80 55.60 54.80 63.60 68.00
ECG2 67.00 84.00 80.00 83.00 80.00 87.00 76.00 91.00
EOGVS 43.67 43.10 44.75 4420 45.58 46.13 43.10 48.62
FU 71.61 94.15 93.41 95.61 93.56 90.49 50.54 93.51
HA 39.00 37.01 36.36 38.96 36.04 36.69 23.38 44.16
HE 46.88 54.69 54.69 51.56 56.25 60.94 59.38 56.25
HO 82.43 83.51 80.27 82.43 81.62 85.14 79.19 84.86
HT 84.00 91.60 87.39 91.60 85.71 74.79 73.95 95.80
IS 36.91 37.27 37.45 36.91 36.00 35.27 18.00 49.64
Mallat 87.21 86.82 91.43 92.75 91.94 92.88 60.68 94.12
PAP 33.65 31.73 31.25 62.50 36.06 36.06 76.44 93.75
Rock 60.00 78.00 64.00 62.00 64.00 80.00 70.00 82.00
SL 84.00 87.04 79.04 86.88 79.20 80.48 36.80 91.52
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WS 71.32 68.18 67.55 69.75 70.69 68.50 21.63 75.08
WO 59.74 55.84 51.95 53.25 58.44 54.55 45.45 68.83
AWR 19.33 81.67 91.67 96.00 92.67 77.67 93.00 97.00
HMD 18.92 29.73 21.62 21.62 25.68 25.68 29.73 32.43
SWJ 46.67 46.67 26.67 46.67 40.00 46.67 26.67 60.00
SRS2 46.67 55.00 51.67 47.22 48.33 52.22 51.11 58.33
CMJ 32.40 34.08 35.75 36.31 3240 36.49 32.40 36.87
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Figure 3. Comparison of average running time and accuracy ranking of 8 methods using the 1NN classifier
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Figure 4. Critical difference diagram of eight methods based on the centroid classifier
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Figure 5. Critical difference diagram of eight methods based on the 1NN classifier
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Table 4. Ablation study accuracy (%)
< 4. THRLSSIGRERRER(%)

b E TR D, De; D, +D,, Dy o + Dy
ECG2 86.00 90.00 89.00 91.00
EOGVS 35.36 42.54 44.48 48.62
HE 4531 51.56 53.12 56.25
HT 86.55 93.28 90.76 95.80
IS 43.45 48.55 44.55 49.64
Rock 76.00 78.00 80.00 82.00
SL 84.16 91.04 85.76 91.52
WS 49.53 73.20 51.72 75.08
AWR 90.67 9533 93.67 97.00
HMD 18.92 28.38 22.97 32.43

i 4 L, SERBI D, |+ D, 1F 10 MBS SRR SRR . BB RY,
KBRS IE T4 D, MIERT D, 75 HT. HE % WS 28 BCE L iHi s vl ST, 095 4 i (5 IE A
THA RO TR IR AR . BN, DOAGIEAE S NS D, 5. 76 EOGVS. HT S8l i
MEREHE B TE, F AL E AR T IE U RO TR AR R 5. 2k, BRI T AR

Dy oo 3 D, FA RUFITR RN, FEFFETH TR 7 51 HdfE 73 S I HE R 22

CI _seg pos

4.2.4. SRS
VAL PISOT #7741 8 A Sk B L il B ke BARIENIIUAR B A, A & £ INN 702K 235 F X7 261k
REMIRZMA, JEHL ECG200 HU4E AT BURPE /ST . SEIGR I AR 2R 522 NI TEE, B—RAESH

nESESHEAT
0.8
0.6
0.4
0.2
0.0

Figure 6. Hyperparameter sensitivity analysis on the ECG200 dataset
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