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Tensor Multi-view Subspace Clustering Based on
Diversity and Spectral Embedding
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Abstract: Aiming at how to effectively utilize the diversity information and higher-order information of
multi-views, and establish the connection between the learning process of coefficient matrices and
spectral clustering, we proposed a tensor multi-view subspace clustering algorithm based on diversity
and spectral embedding. Firstly, the algorithm used tensor adaptive log-determinant regularization in
the self-representation tensor part, which could adaptively select the approximation function according
to the size of the singular values. Secondly, the Hilbert-Schmidt independence criterion was used to
measure diversity to ensure that the coefficient representation matrices from different views exhibited
sufficient diversity. Thirdly, in order to avoid the spectral clustering process to be performed
independently, it was introduced into the model for joint learning, so that the low-rank tensor
learning, diversity learning and spectral embedding learning were performed in a unified framework.
Finally, the effectiveness of the algorithm in improving the clustering performance was verified by

comparing it with ten excellent algorithms on five real datasets.
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Fig. 1 Overall framework of TMSCDSE algorithm

1 F&IR

1.1 HFEMEX

RITAE  Se N AR AR5 RE . X TSk Ae Ry e, B (AN IEE YA A
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FREE A ATESK 2 Z TP 5 8, BRI B A K 280k & 2 0 E R FIE AR R T «SVD S8l
(Y, IE S T R R AR



952 0 (SIS S i 2L I N S E 2RI R S 503

BUA (10 Rk K 249 SR 2 T - 45 X o D A S (A K AR [ 2 Bl 4 B A G A S (L
EAESEBR B T R A ) X e A 2 A S fELA A S35 22 5, LS B B0 S (B R AR e v Y
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B RPN P SE. K OOAMIFEFIH TR ALEZ B P m A B2 A5 B, i H AR ok
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w.z—p+ L lz—Jlt, (10)
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M A B F AT, T ool (D =J%, go) (W) =W, IR (10) ] 38— 525

argmm{ £ DVHSIC(ZY ,Z) + 2atr(F'L;F) + (W, Z — J) +fi lZ—J|%

27

2 (<Y(7.r) ’X(v) 7X<U)Z(U) 7E(v) > + % H X(v) o X(v)z(-u) 7E(.U) H %)} _

v) (o) || 2
argmin{ (ﬁ Hx(v) X(u)7(z) F( v) _'_ p +£“7(u) J(L) +W )+
Z(:') o1 F
LY msicaz .z + 2atr(FTL2F)} . (1)
vF W

FEXP=[P, PPy, P P,=[ | F,—F, [ };-5 | Fx—F, [ }], F, 2F 0% 17. WA WTF
AR

N v (0 (v | T
2tr(F'L;F) = tr(P'Z) :tr( "‘(LZ |27 |+ |z D:
v~ 2
v
%2 (P72 |+ P 20| ). (12)

FEIESE 2 if s JERE 2 Co7uo) SRR AE Y. 05 (R, SR HSIC (B, B K™ =212,
Kt HSIC A] L5

v v v
2 HSIC(Z? 2 ) = 2 tr(HK™ HK™ ) — E r(Z” HK™ HZ®") = tr(ZP KZ®T), (13)
v=1, vFw v=1, vFw v=1, v7w

;
HPh K= > HK“H

v=1, vFw

gE G A2D) M 13, A PE— AR AL (1) 48R

argmin Bz KZ o) + (P 2V |+ P27 | D+
20 |2 2V

2

(v)
w } (1)
.

yea H X(m . X(»U)Zm . E(m +Y
2 Z
FERT 27 KA 5 s ISR 4521 0 WA 2 i o5 0 e i 2 F =X

L(?/)Z(w) +Z(7;)R(v) :C(w) y (15)

+£Hzm Jm 4+

Hp
L(v) :(OI +/!XX<D)TX<U) s R(v) :‘a(’
C(v) :#X(I/)'I‘X('(f) +X('<»)'I‘Y(v) +[O.I(U> _#X(w)’l‘E(v) _W(v) _

i(P « sign(Z%) + P« sign(Z9)™). (16)

5 R R HAT ME— i B AR TE Sylvester A2, B LAAT LAAG RCR ik
2.2.2 57'2%3? E®
A 2 F fJ, WA

argmln {/\ H E H 1+ 2 (Y, X0 — X@0gz» _—g@y - 2 ji H X© — X gz© _ g H IO‘} _

v=1 v=1
argminf % | Ell o+ | E=DI3}, an
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0, HoAd

1

ﬁ$Dw%%D%%iﬂ,EﬂDWHmW,W:XWfW7m+;WMj:L&mN.

2.2.3 B J
gL 2 E M F, g DL R g .
J" =arngin{ I s+ W z—D + 5 21| %}z

2

} . (19)
F

argmin{ 210 s+ |0 = (2 2w)
J 0 2
R iR FME R, E I AT AE B, JEEAR SO h B A AN g R R R
EE 1 BB 0. KE X YER s, JFHY B SVD 4 f# Rk Y=UDV". NIXt T HA
argmin{f | X I rae + % I X—Y] Zr} ) (20)
X

ﬁ%ﬁtﬁﬁj‘j X s j_JFH Xx :UDIVT. EEFI UG R”]X”zx”x ;Fn Ve R”‘XHZXHSIEIL:J—_Eiég'Kiy Dle R”*XH?X”-S%
—AS XA, Y 1<i<min{n .0}, 1<j<n, B, ffi D,=1{t«(D,.[ 1.3), D,={{t(D,.[ ],3), Nl
D, Hy%F #0 % AL 5 LR 7 R

(D, Girinj))? + (%*f)y(i,i,j))ﬁ,(i,i,ﬂ —I—%(r*f)y(i,i,j)) —o. (21
T R AR 2 (21) AT AR HAR

(D, Givisj) —1/7) + /A

~ 3 > s

D, (isi,j) = 2 » 4=0 (22)
09 A<07

~ 2 ~
i A:(%—Dy(z‘,i,j)) —%u—l)y(i,i,m.

BiE1l ETEM BN J.
i‘Fﬁﬁ/\: ZaW”O;Fn’Y;

B 1) r=%, M=Z+%W;

LBE 2) M=1ft(M,[ ].3);

H8E 3) for j=1: n, do
(U ,DY .V ]=SVDM");
HEM 1D, Ghisg) s
=BT

£BE 4) end for

L5 J=illt(J.[ ].3);

By iy . KA J.

2.2.4 E 3 Lagrange *F Y 0 W
YR WA 5

YO =YY A u(XY = X2 —EY), (23)
W =W+p(Z—D. (24)
2.2.5 EHF
fEAS 2 JE F J , ALl KA DL A RS F .

F=argmin tr(FTL;F),
F (25)
s.t. FTF=1, F & RY-,
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e fltf# F i Laplace %8 M Ly 1) ¢ A 35/ INRRAEAELXT B B REAE o] B 4 0. T 805835 25 T TMSCDSE 57k
) 3 AR Ak i 72

®i£ 2 TMSCDSE &

A A EZIMEEIRERE XX, XY, AL Bea IEREEE K

WL 22 =0, E” =0, Y =0, J=W=0, =10 ", p=10"" 7=2. fro =Puax =10, e=10"";

while AYEEL do

HB D MK A H 29

g 2) MR A HH E;

HIR 3) FIHRCHEH Y ;

LB B Z2=0ZY 2D, 2V ;

HPR 5 mEE 15 J;

AR 6) F A (24) B W

HE D FMAKXCHFEH F;

IR S) HWBE p Mp: p=minlnus proe} s p=min{70s 0nu } 5

LI AR I TP IV =D ()

LB 10) MG EMR A RGNS | X —XVZ2Y—EY || <e, [27—J9 | . <e;

end

IR 1) BRI REIIREE F, 350 H AT k- means 53

Btk RAELR C
2.3 EFESW

B oMM BEENRE EFERIRT 4 AR Z9.J.E M F EF. & 29 it 2y &
Sylvester 7 FE IR fi#, Fr LI EZRE N OVN®), fEEHAR J o, FEEIITHE YN
N XV XN sk 3D it #lifft . UAXAE Fourier rh N XV (N N A& 516, FHiit
HEZE R O(VN? log(N)+V N, X FHB E WERER, VANRERSE SR OWVND)., if—
BT, AR F A ERE N ONY), Hi, VLN 20 5 R 0 E A R A R, &
Je s R EERWE  F1 VN, Frl TMSCDSE 53 0 Bt R 2 428 8 OG(VN? +VN*log(N))).

3 XWEERGH

3.1 SEIGHUE
R EAE TMSCDSE 8k A %t 78 1 5 A K 55 L Hb 45074l & 8E 42 1015 B8 T 3% 1.
£1 sUEBEEER

Table 1 Information of multi-view datasets

ST FEA S ARk L e EASE R
MSRCv1 210 5 7 24,576,512,256,254
COIL20 1 440 3 20 1024,3 304,6 750
BBCsport 544 2 5 3 183,3 203
yaleB 650 3 10 2 500,3 304,6 750
ORL 400 3 40 4 096,3 304,6 750

MSRCv1: ZEIEA SR KE . AT @5, WHL. AR 7 25010 210 skIEE, B4
FHNH 30 B R. FEHEAT RS AT, DI B AR b B 5 S REAE 280 BOHE B R TR A AL
COIL20: ZE 5k A SHE LA R MR, HAE T 20 DXTREY 1 440 5KIEER, BAZE0H 72 5%
IR F s IF BB A 1 3 R R A RRAE . 43 02 Intensity . LBP Fil Gabor. BBCsport: %%
24057 3F H BBC IR T W3 19 544 ASSCRY . FEXF R 5 AN )9 S B, 78 2500 45 T 5 R o 25 780 ) R E
HEATSEES . YaleB: i 8UHE 4 )& i 36 B HRG K2 LAk A 10 A~ A 650 sk AR K&, HEAKas
65 AR B4, S EHUT Intensity, LBP Hl Gabor 3 FP2SBIAY4F1E, MTH A, 3 FhZ K. ORL: %
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BT — D AN R B 4 . A&k A 40 A 400 5k A B, ZEFAEEET ], Dbdk . T8 3R 55
AN T) A7 0 BRIBCEE Y 10 5K A RHR AR BUFE A, SRS #E42 B Intensity , LBP Fll Gabor iX 3 iR AE )
J 3% 22 PR P ECHE 1) A [ 4L 4

3.2 FMriEER

SEY SR T 6 AT 4 BR B iE TMSCDSE 5536 i PERE . AL 45 #E 8 1 (ACC) . IH— (L HAF &
(NMD) . #EHi3 (Precision) . F {H (F-score) . A [ (Recall) il &% Rand R (ARD. A[F 45 #50 &=
T REAY A AR, (E A0 A2 (BB R s R 2 1 R B 1) 4 A
3.3 WikAE

BT LR 5 ADBIEHEA 6 MR . A SCRAR Y TMSCDSE 3% 5 BUA (19 2l IR 50k AT
i, XA A ZREEE S R 2 0 E F 25 1) B 2% (diversity-induced multi-view subspace clustering,
DIMSC) ™ | IRk ik 1 20 o) 2 AL R F 25 [8) B 28 5 75 (low-rank tensor constrained multiview subspace
clustering, LT-MSO™ | Z 4L & 5k i 2 Bk fix/NME 7 % (on unifying multi-view self-representations for
clustering by tensor multi-rank minimization, t-SVD-MSC)M | £ ¥ 18] S 3% 2% 2% A9 3% 558 5K & % >
(essential tensor learning for multi-view spectral clustering, ETLMSC) | A i W II#X Procrustes J7
B (multiview clustering via adaptively weighted Procrustes, AWP)P? | Z W K — 2% & B 2K 7 &
(multiview consensus graph clustering, MCGC)™" | & F & ) Z MK R 2K R % 1k (a study of graph-
based system for multi-view clustering, GBS | Z 3 I RS AL HE AR FL 18 T 5 A — S0 B &
J5 ¥ (a similarity matrix low-rank approximation and inconsistency separation fusion approach for
multi-view clustering, FAMvCO) ™ | 3 0 Bk 0 [ 40 it 1) Bk — BUrE 5 5 2 W B 1 23 8] B 28 5 % (rank
consistency induced multiview subspace clustering via low-rank matrix factorization, RC-MSC)"" Fl
G —— Z IR DGR B 25 )5 1 (unified one-step multi-view spectral clustering, UOMvSC)PY,

FE X T A % SR R A7 S 6 e TS SR FH D SCRR Th BT 45 I e A S 40, DASE B AR5 1. s, i T
ABEERAHZIET k-means SEI AT, BT DL Bl 20 BE AL WD 46 A6 77 ok 19152 25, X BT A X B SR ik DL M
TMSCDSE 55 #8555 47 20 W, BOHAF- S (BAE S i 4 RS 45 R ATi0 .

3.4 LWHER

e 2~K 6 SPINH T A BIELE ik 5 DEURSE ERREGER. R 2~FK 6T, REHFEHT
TMSCDSE 5 8800 T HA B 2R 125, 3 v] B8 2 A i 03 ik RE AR IR 7 S (L O S [R) DR/, A 3 7 3 i 49
B I8 ) E T PR AL, A, TMSCDSE ik # AR Bk &5 2] . Z2FE M2 2] AR A 2 S 7E— 50— 1 AE
BT, (S 2] B R BUE PR T AR MR AR SRR LG, A A T 2RI — B E R
FEVEARE. B, & %ds 4 BBCsport |5 WAL J7 ¥ M . TMSCDSE % ik 78 ACC. NMI, F-score,
Precision,Recall fil ARI 6 845 1405158 T 1.1.3.5,1.4,1.9,2.5,2. 6 A FH 48 AU itk 78 548
4 yaleB FiX 6 AR MHEES T 33. 4,27, 7,41.4,38.8,36.0,43. 4 N E 4, TR T W 8.

®2 AEEEEHIEE MSRCvl FRIBE AR L

Table 2 Comparison of clustering performance of different algorithms on MSRCv1 dataset

B ACC NMI Precision F-score Recall ARI
DiMSC 0.722 0.627 0. 606 0.613 0.621 0. 550
LT-MSC 0. 820 0. 750 0.694 0.717 0.741 0.670
t-SVD-MSC 0.991 0.982 0. 980 0.981 0.982 0.978
ETLMSC 0. 849 0. 801 0.753 0.770 0. 789 0.732
AWP 0.748 0.716 0. 605 0.682 0.783 0.623
MCGC 0.762 0.712 0. 647 0.691 0.741 0.637
GBS 0.833 0.790 0.703 0.749 0.803 0.706
FAMvC 0.767 0.724 0.658 0.697 0.741 0. 645
RC-MSC 0. 859 0.758 0.759 0.754 0.749 0.714
UOMvSC 0.905 0.819 0.814 0.819 0. 826 0.790
TMSCDSE 0.995 0.989 0.990 0.990 0.990 0.989
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®3 AREEEHIESE COIL20 LR R R

Table 3 Comparison of clustering performance of different algorithms on COIL2( dataset

B ACC NMI Precision F-score Recall ARI
DIMSC 0.764 0. 834 0.714 0.724 0.734 0.709
LT-MSC 0.703 0.784 0.613 0.637 0.663 0.617
t-SVD-MSC 0. 809 0. 884 0.753 0.772 0.793 0. 760
ETLMSC 0. 882 0. 955 0. 849 0. 884 0.923 0. 878
AWP 0.679 0. 886 0.525 0.663 0. 898 0.641
MCGC 0.748 0. 859 0. 547 0. 647 0.792 0.625
GBS 0.791 0.941 0. 694 0.794 0.929 0.782
FAMvC 0. 843 0.949 0.743 0. 828 0.934 0. 818
RC-MSC 0.759 0. 824 0. 724 0.715 0.706 0.699
UOMvSC 0. 824 0.941 0.795 0.819 0.926 0. 809
TMSCDSE 0.910 0.950 0. 890 0. 899 0.908 0.893
R4 AEEEEHIESE BBCsport FHIEREMEEXTEL
Table 4 Comparison of clustering performance of different algorithms on BBCsport dataset
B ACC NMI Precision F-score Recall ARI
DiMSC 0. 829 0. 654 0.759 0. 750 0.741 0.673
LT-MSC 0.926 0. 803 0. 845 0. 858 0.871 0.813
t-SVD-MSC 0. 987 0. 958 0.984 0.978 0.972 0.971
ETLMSC 0.928 0.925 0.931 0.925 0.919 0.902
AWP 0.634 0.501 0.454 0. 564 0.744 0. 380
MCGC 0.570 0. 330 0.324 0.456 0.770 0.181
GBS 0. 857 0. 865 0. 802 0.877 0.968 0. 834
FAMvC 0.559 0. 304 0.392 0. 489 0. 649 0.272
RC-MSC 0. 840 0.725 0.796 0.793 0.791 0.728
UOMvSC 0.526 0.314 0.379 0.437 0.935 0.209
TMSCDSE 0.998 0.993 0.998 0.997 0.997 0.997
x5 AEAEEEHBIEE yaleB LB R MEaETLE
Table 5 Comparison of clustering performance of different algorithms on yaleB dataset
Bk ACC NMI Precision F-score Recall ARI
DiMSC 0. 620 0. 644 0.497 0.523 0.552 0.468
LT-MSC 0.468 0.473 0.323 0. 346 0.373 0.269
t-SVD-MSC 0. 554 0.583 0.423 0. 448 0.476 0. 384
ETLMSC 0. 244 0.173 0.164 0.167 0.171 0.074
AWP 0. 585 0.579 0.478 0. 505 0.529 0. 444
MCGC 0.414 0.411 0.282 0.282 0. 346 0.186
GBS 0.434 0.449 0. 204 0. 265 0.378 0. 157
FAMvC 0. 605 0.574 0.318 0. 386 0.492 0.303
RC-MSC 0.511 0.501 0.410 0.341 0.292 0. 255
UOMvSC 0. 400 0.409 0.234 0.273 0. 328 0.179
TMSCDSE 0.954 0.921 0.911 0.911 0.912 0.902

TEX e X} s, BTk T S LT-MSC, - SVD-MSC Hl ETLMSC, M 52545 5L n] W4
#| TMSCDSE 5.3 19 M B8 SE A #R A F X 2L 50k, J5 PR AT BB J2 ok S8 B o AN Bk o B 1 2 ) AR 5 i R 2%
(R ik AR 5 W A0 R AT . 20 T L AR G R L A 2% o) SRS AR AR B Y ME AR PR RR AR, AT HE— 2P e T
AW RELR. BT, TMSCDSE 58 5 B AR Bk 5K 1 27 2] MRS g A 7 2 46 iUTE — 58— A Y
e B AT AL . 23 2 AR S T B AR A IR 2 dE b A

FTE R Ik MCGC,GBS fl FAMvC 1 5 M4 T A9 45 AR dn ok i AR Ak 0y i, 32 X R 4K
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P 2 v 3 R A — BB S FUUARAR B, XA A B i S 7 AR — 8 . DIMSC Hk 5 TMSCDSE
FRACR T HSIC 1B b Z R0 fir i, 28 B 7850 A AL (BT 18] 19 2 R PR A5 8 0T 38 TH R 28R R A B R A1E
F. e4h, TMSCDSE 557 g 5 4 1 H 4% 2R i A FE T A 2 00 &1 H ) i B AH 56 {5 J80R B AME B

R6 ARAEEEHEE ORL LR B MaEXTLL

Table 6 Comparison of clustering performance of different algorithms on ORL dataset

Bk ACC NMI Precision F-score Recall ARI
DIMSC 0.798 0. 909 0. 694 0.738 0. 789 0.732
LT-MSC 0. 806 0.914 0.708 0.752 0. 802 0. 746
t-SVD-MSC 0.963 0.992 0. 945 0. 964 0. 985 0. 964
ETLMSC 0. 880 0.969 0. 826 0. 879 0.939 0.876
AWP 0. 683 0. 873 0.567 0.652 0.769 0. 643
MCGC 0.712 0. 873 0.462 0.567 0.734 0.555
GBS 0.633 0. 857 0.232 0. 360 0. 801 0.337
FAMvC 0. 780 0. 898 0.643 0.706 0. 783 0.699
RC-MSC 0.777 0. 865 0. 704 0.669 0. 637 0.652
UOMvSC 0. 858 0.926 0.768 0.798 0. 832 0.794
TMSCDSE 0.973 0.995 0. 960 0.974 0. 989 0.974
3.5 BHHOW

TMSCDSE B EH SAHESE., 400 a.p A Hf, B8 o RNk A D) 5 Z 1,
SR FRARMEZ M 22 5, S8 FRoR 5 200 BE SRR BE % DA G, BIFE[1 <1077, 1X10°°,
1X10 7,1X10 °,1X10 " JNME o, 7E[1X10 ",5X10 *,1X10 *,5X10 *,0.01,0.05,0.1,0.5]W
PEEE A, E[1X10 °,5X10 °,1X10 *,5X10 *,1X10 *,5X10 *,0.01,0.05 ]9 1H% 8. @ dFE ik
N AT SRR, BB S N B B S, SR AR IR A B RS R

AP 8046 48 MSRCv1 Fil COIL20 A6, & 2 R [EE S8 o B, AN [EZSEL LA XMPEMHEHr ACC 1Y
s, BB 2CAY AT, R AR MSRCvL X BRI A A7 — 5 W UM . K [R) 2 B30 1 50 30k v g o B 0
g mE 2B A L, BB BAELSX10 °,1X10 *,5X10 1, 1X10 *,5X10 *,0. 01N M F S5 A
FEL1X10 1,5X10 *,1X10 °,5X10 *,0.01,0.05,0. 1] EEEm;, BkMRE ks /N, —EHE
ek, URWIRR 5K & 2 2 RN 2R VR 2 o] Z e AH B HK 2R . HUA ) I 2% 3k 9 0T 1149 AN [m] i 28 M A fig 3R A5 i
ER R K S

1107
1x10°2
13107 4,

1x10-*
(A) B EMSRCV1 (B) #dié4zCOIL20

B2 7E##E% MSRCvl 1 COIL20 XS4 B0 A BB ST
Fig. 2 Sensitivity analysis of parameters f and A on MSRCv1 and COIL20 datasets
& 3 g [ E S5 B FIA B, B%L o 7EEIESE MSRCv1 Fil COTIL20 | Al B 728 1k % 45 3 BB 2 Pk e 10
g, fE 3 AT, B o MAEfL, ACC AT NMI X 9 E & A W R h. 24 a=1>X10"°f, BI4dE
LT RIS AEYERE. T2 «>1X10 *if, TMSCDSE &3 1 R fE B % TR, X n] fig & RO IRk
KA 2T AR TR ATEAS [ B 22 [B] 0 B AR OGS B B AME R, 2R /0 % B8 2 MK £
FEPEAR L, 2% 2 B R BUE BF © AR U5 b 3RAE 78008 Z I B DG R i AU T 2% > 31 i) R 4L
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Fig. 3 Sensitivity analysis of parameters & on MSRCvl and COIL20 datasets

FE R — 20 ) F SR 2R A5 40 Ay U /b X T T 20 © 2 OIS SSOR W S R B LR 25 S8 o I T — 1
B/IMH.
3.6 WSS

AR 3 D ECE LB, AERE A ALM RS JE ke e . i3k 2 AT L, TMSCDSE # i
FAE 4 DNYER Z,E.J FIF . BT ARXEE BHZ SR iU SrE. PR, S 36k 0 A 330 s p Wi S, AR S
KHEM IR (RE) AIIC A 3% 22 (ME) 2 i S th 6. IF 7 B 4 fr 45 1y TMSCDSE 3% 76 2 fs 4
BBCsport fil yaleB I il Sitith k. Forp, R85 22 MIDC BC 1R 22 50 5l € N

v
RE :%Z H X — Xz _ g H . (26)
v=1
1 \%
BAEI::i;zgj|\Z“”-—.I”>H‘M. 27)
v=1
140 180 o
— EHIRE — FIRE
- L 160 - - DU
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4100
K 9o
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L | Il 0 \\ Il 1 Il
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BEARUEL EARUEL
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B 4 7EHUIE S BBCsport 0 yaleB | H U 8 ih 4
Fig. 4 Convergence curves on BBCsport and yaleB datasets

H & 4 w00, Bl AR B B, A5 e A (E R T 0, i HL AR AR LY A5 R 4k B R E K
S, MHER] T TMSCDSE 8. (i i 5.
3.7 HBLLIE

it — 2L Ui ] TMSCDSE 583 i A48 801 5 % A7 3 il 52 360 43 531 25 5 i i A 3B 43 2 HE M3 43 1
YERL. S —ANSeg . KR iy 2R, (0% S ARAE ], #HER/R 8 TMSCDSE-S. 4% =4
SC . ANE RN A Z AT, 2B R 5 i A B, O R R S TMSCDSE-D. 3 M A 55 56 DL K&
TMSCDSE B 7E ACC Al NMI 4845 Ry R KL RWKE 5 fros. W E 5 Al W, TMSCDSE-D #1
TMSCDSE-S 53k i R EHORAE 5 B 4 LA 40 TMSCDSE Bk, ik, HA [F % 8 5] 2 0
BAE M Z R, DU REUE FERNE R = ) B — DG — R R e #E17, A RESE AR
REHR.
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W TMSCDSE-S; B TMSCDSE-D; m TMSCDSE. | mTMSCDSE-S; @ TMSCDSE-D; @ TMSCDSE.

MSRCvl ORL BBCsport yaleB COIL20 0 MSRCvl ORL BBCsport yaleB COIL20
Kb Bl
B 5 TMSCDSE HikREmEmIEER

Fig. 5 Results of ablation experiment of TMSCDSE algorithm performance
L b RTIR B R al AT ROR) 22 0 P 0 2o P A R RN v A L L O S R B B o ) i B
R Z IR AR T, ASCHR T — Pl R R GK E2 > L ZRE 24 o RS A 2 ) 19 22 4 P 1 25 )
RRG—HES , RO EE T 2 BEME T3 i A B9 5K 5 2 L 18] 7 25 1) R 28 505 (TMSCDSE). #5E. A
A A P 1 2 MO A 3 — > =B ik, DASE 42 4 2 O P s b s B A Sk L SR M BA T 81 5K
IE AL U S AR Bk sk . U, B IR BN R AL A9 2 B, R AT Hilbert-Schmidt 2 7 i ) 40 151 9 55
BOERF AT AR, Rn, W S R A G — MBI RIHE SR, 27 o] A AL R 2R IR bR A B, A
k-means FEG B B RARLR. fE 5 A IR 5 B AT R X SR i 25 R 3R W] . TMSCDSE
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