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Abstract

Multi-view subspace clustering aims to leverage the complementary and consensus information
across different views to improve clustering performance. The proposed multi-view subspace
clustering method is an important work in this direction. However, this method is based on the lin-
ear subspace assumption, making it difficult to effectively handle nonlinear multi-view data. To ad-
dress this issue, this paper projects each view data into a feature space via kernel-induced mapping,
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enabling the originally non-linear data to exhibit a linear subspace structure in the feature space.
Meanwhile, the /,,-norm is adopted to constrain the subspace representation error instead of the
Frobenius norm, thereby enhancing the robustness of the model to noise and outliers. Experimental
results on multiple real-world datasets demonstrate that the proposed method outperforms the
compared methods across multiple metrics, validating the effectiveness of the kernelization strat-

egy.
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1. 51§
T2 ) R R A L5 S5 ML 282 ST AR () B B S 7 1, A% O BB R BB A A 2E 2 AR

PARYE T2 1A v, 3 AR e 4E 2 P Bk R IR 4E 7S (] 454, SEIREHE 10 Rl A 123 1) 5%
FKITERBOT A AU BRI BTt ok, ETARE 775 DR g SR H 77
[1]o HA T BRI AR MR R B — Rk, E A S Yo ST ER s I SR AR, F 0 LR
S RBATRIRAEL R .

FEFE T TR ik, B 125 (7] 28 35 (Sparse Subspace Clustering, SSC) [2] R Fk 7~ (Low-Rank
Representation, LRR) [3 13515 T3040 1) B R Re1E,  BRAREAN B 2500T DL B[R] — 72 ) o 1 A 40000 i 2tk
For, Y )RR R AR, TSR RRLE R . IR, X R IE AU B — E R YR Bl —
FRIEREAT RIS, (EMN ISR, TE R —. FERMER I BREE N, RBRBERAAA
HAH,

Bl 5 A IR AR HR LSS BARAE R WK RS, Rl—X R A2 A B 2 MR AT /A 2 iE, 2
P R 2 DR AL 28 25 ST AU TR e i i 2 — o 2L R 3R B 7R 78 0 A F &AL BAME
BE—FMHELR, IRAREMEE. Gao 5 ASEH I ZHE 73 52 (Multi-View Subspace Clustering,
MVSC) [4]5&3X —J7 Al Y B E TAE, 2070 &AL 200l % ) A oR, JHEE — AR R KR
FEELRAUEAS [RIRL B (R SR 2R A 1 — B, AR B2 B 1 (A SRR Fi 2808 1 HE kA .

SR, MVSC 75 T8l mi i T 2 ANt 72 [ R4 ARk, i 35 SEEE il 7 IR 4 1t alii
TEgh g, SRS (AR Y X DAvHE A 220 1 L N 7R R R o AZ T VR MR P S 2R AR LR M M A A C Ll i A
5 S WL [ S 1K BE MR U N 2 ) B 2R E 25 100 [6] o Bl I 0 B 745 A0E 23 TR il B A T2 A2k itk
T, ETZAA, Xiao NI H BB IZKFLER R (Robust Kernel Low-Rank Representation, RKLRR)
(7], iR MU S FARFE S [ AT LRR IF5IN 1 JEEOE NG s & s

% RKLRR 8K, ACHH—MZ0Z BT EERETE, ¥ MVSC #2270 SAEIES
EAZ S SIRHIE S (8] h 2 ) 7 [ R oR, IRl A SRR R B ORUE B ML SR — Bk . Ik4h, A
TR — B LA R Fe 4208 2 MR B AME BRI FII,  CRUERCRG RS i S i, A SCRHAT L, 7
X Frobenius U A R E R R ZE . BT S, AR FEZETTERWIT:
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(1) #5 MVSC Jriksfe) ZEzasin], RS2 R 72w, (e A AU AR Lt 2
CASECiEE

(2) ASCRH 1, JEEE AR 774 1) Frobenius YEELZI T, 1Y R AR 7Y Xof e 75 1) B M

(3) i AE 2 HIEEMERE AR ERISCIRIGIE 1 TR TTVAR A R

2. ExIE

PRI T 230, B2 AR A SO R B 5, M LS S RH A 365, AR 05160 2
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0 A BIFR4 1 A1 0 MBI, HEWE A€ R™ i) Frobenius 140N 4], = (3307 » M 4 11, ke
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2.1. FEEERE

T A R B AE R I 4R rP I e IR S T s T 54, AR OB B B R A o A 7E 22 MR 4E T
TR A b, A A NN BRI . ML TR G712, 78 (B B SR RE e A R M 4 25 O A )
- 5 YR L TEU ) AN 5] A5 I o I P ) ) 4 - 2 T

ST E BB X =[x, x,,,x, | € R™, F2SIA BT HAB M B RIERFE[ 1], EIEEAFEAT]
i ) — 723 [ A () AR AR 2 P 2R -

X=XZ+E, (1)

Hh Z=(z,2,,,2,| e R™ AT ENERHEME, EeR™ NGFEGRZMHE. T2 RISEIL KM T
DL IR REARAT T2 TR 45 44 -

min[X - xZ[[} st Z(ii)=0,2"1=1, @)

YIS AT Z (i,0) = 0 2 T 38k G5/ B0 I A 7E M S A2 oh 4 1 59 FOR T 72 AR~ UM, 240 SR 2% A

7" =1 R AL T TR IR AR Y, T ARZR L T A BRAG T A A R Z J5, s FRA

AbFE:
o 12|+|2"| 5
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2.2. BB MVSC 53%

ZMETFREAERAFEBERESREZ MBI EAME B, I8 —1 T2 0 Fnal R AELE E.,
BN, Gao 2 AR MVSC HiERIX—HRMEETIE, BEMMLEN TFZEFR RS 5ILHBAST
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Z(‘%&’FZHX xVz0 E

’ T(pt) _ )

F+212Tr(F (P -w )F)+A,ZZ‘
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MVSC R0 BAET: 0B MEHR AR, EHEs A TR RN Z ARG, &
VLB 2R 4 72— 50, B T LG — N A S 1 SR A8 R AR B F oK 2 ST WL 1) TR 2K 5 A —
B, K TA RS SREEAREEA R, AT, MVSC J7i5 SLAE S b T 2 Nkt 725 i 342 |-
(R 2 Lo R R IR MR TG AR, 222 1R % M LY 20 B B0 A [T P N E G R, S8R
TR T M. UL, Wil MVSC 7 JE 2 R4k M8 5o T — A ELAR IR 527 10 o

3. fHAE

2oyt EREBEATIT LA, S MVSC kI T IR, (B3 2R . MVSC J7ikHy
Wets BB B 190 75 2 MR T 25 I 4 b, SRS I Feh ORI R SO L AR (5 )
P I RO AR R PR T A . FECRI I T, 2 2 I LA 2 D Y 22 R
M RSB T

BEXT BRI, ASCEZ RKLRR HE KGR, K MVSC HE 2caim, 2 &2 e T
A RKITERKMVSC) o SALEE & M VE S IASE 2 b5 ) PR, FRilid AR
P (RUE RS WU VR SUbE . [T, SRR 1, S4B AR Frobenius AR IR, DI SR BLELN W fs A1
B SRR

thE L8k AMRLEI S MR (X)) Jooh ) € RO RIRE v LB R ERIRE, n J9HE AR

B d, Ny AR AR . TR, RATE R O, 45 WO B A, 735
@, (X")= [¢V (7)., (xfﬁ)} o AR AT F R I -

- v _ )z T(p® _ )
min £ [0, (x) o, (x*) 20«25 Te(F (D" -0 F)
st. Z"1=1,2(i,i)=0,F"F = 1.

o Z0) e R™ 9 v AN PLBRIERRZS Al B T 23 KR AERE, O RSy AL SR RIS RE, DY) s
M, FeR™ ANPFAMBEIERREE SR, 4,4 AIENESEL.

5 MVSC T L, ATk ek B AR BLE LU AN JT T -

1) MVSC Jrid i+ B IR NG 7 25 18] 73 A (KR e, A SCE I AL S, (E3A T ik6e
AT AL B BAT AR R A5 (0 2 LB, Ao T 1 2 A R a2 R AR AR RE 0 A AL B i L

2) AR L, JEBORAV R TR RN R E, (HA R 0 A R B r A SR A B i

4. 1EBR AR

TEATH, AR 77 73T (Alternating Direction Method of Multipliers, ADMM) [8]% 1]
BT R FE T RACKAR, A Col NGB g P =1—2Z0), WSS v S P 1 2 R 25 T T S
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(&)
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g(P)= i\/piTKp,-, (7
D] [ RSB Ak R dn N AXAK A% 55 M A 2K
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B0 @A) EH Y, EmERA7)ER 20, w08 EH F
SBUR 2. B9 EH RS B H T

HI8 3. B RQOEHET S

P4 RAMOURSE 120 PV <o, RURRISICGRTE, TADP 1B, FRAURIE, S

5. SCIf

TEART R, RATE 4 A2 M B0 SE RS XA EEEAT T VR, FFE4T 9250 LITE B rR
H 7V I 2 AR
5.1. STEGE

TESER AT, T VPRI R, AT 5 ML i DL ML P R AT T L, AL

PRfE T
LRR-Single: {£#5/¥UFE L #HIE 1T LRR [3J0UEB T2 IR, SRR 407 5 BT W
CEEET TS

SSC-Single: 7E& MK L HMIZLT SSC 23R F 2 AR R, SR ETEZ T2 B3R R LT KI5k

MLRR-Add il MSSC-Add: MLRR-Add 757% & Je 70 AE S ML EIRHIE 13217 LRR [31BA3RAS4E 1
BT 25 [0 7R, AR5 R X B AICRR 2 [A) S7sAH N, 8 Ja i AT 15 B8 268 - MSSC-Add 7575 MLRR-
Add ML, AEX RN ERHIEIZ AT 72 SSC (21757

MLRR-Con M MSSC-Con: 5 MLRR-add J7iEAN A&, MLRR-Con 5245 fir A ML IR AL AT HF 4%,
TEPHE 5 FIRHIE L2417 LRR [3], S&HATIE RS, MSSC-Con J7vAMATHIZEIRMIE, (HEAX PG R
FFIEHAT SSC [2] VAR TS A1 R .

Centroid-based Co-regularized Multi-view Spectral Clustering (CC-MSC): [9]i%/7i£#iL 5] A—4>
LR NFE R, FEH) FH 2T 50O 1R P [ 10 DU A0 TR0 8 25 4 BT (R B4 N T 12 R AR 5, 49 A [ 400 T ) 2R
2 R IR — 2

Pairwise Co-regularized Multi-view Spectral Clustering (PC-MSC): [9]i% 77k 5 CC-MSC 2&4l, X
FIAET PC-MSC /2 X457 AN A0 B it o — AW ) R UL, 45 A [ 4 BTz ) 8 S DR Re— 2

MVSC: [4]%ZJ7 il — A4 — R R R 5 S S E B E R 2, AT ORIEAS [F) R
Kl 1] SRR — Bt .

FESEH R, T X LT VE R S B PR A R M {107,107 ,---,10°,10% ) T B P36, 17 A SCH HH G
TNEHR T 2H03 /N FRBUE T s RN WIE X B R ER MM, FEIIRATITE NS Homid MR8 2= M
107°,107%,---,10°,10* | Y FE IR HL. I HL il TR 7 3HUT K SR ISP], N THRAT, RA1E
FERFE S, BT IR SRR TR TR I R IR R A . R L IEE T T
ANESEHRRAR R, HA #di RoRE T DB RRHIE4ERE

5.1.1. BEENR
FESZIG R, NVEARERATHR VR 2, BATEE 7 DU B sttt A 2 R R 4R, HAR IR T
MSRC-v1 AR [10]1%04 122 2 Fh R SR 70 e 4R (i MG 208 122, B0 5iias 9 NIRZE A 240
MEEG. Esid, BALRH T —MEE 7 ANSRAA 210 IBEGHZ UK TE, %7808 6 MEHEI
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B, HARAEZERT 4050 1302, 48, 5124 100, 256 £l 210,

Caltech101-7 BB [111ZEFEELT ZH 1 Caltech101 FUEHIEE T — T4, 7ELH,
BATLRH 7T — M8 7 MUEEZI, B85 41 MEANZMETE, ZTEAE 6 THHEE, HiEs
AEZERE 43504 1302, 48, 512, 100, 256 F 441,

ORL R4 [1211%54E 42 B 40 DA 400 Tk AN UK S . 7ESEI v, AT T B 5
N 32 x 32 B ERN, HAREUKE . LBP M Gabor FI4HIE, HMEAEE = MER 2P E ORL $iE 4,
HRFIELERE 7390 1024 36 F1 1024,

3Sources FAFEE: [13IZHIRERL — N ZIESCABIRLE, 05K A = K FRAELH 7 RIFHBBC.
Reuters and Guardian) ) SCAKMHE . s236mF, AT =N RIFEFHBEA IEEL 169 58 S0 3 H) 3 1% 2 WM s
8, BANEAKIEEN— DML E, DURSIRHER RN, 4857059 3560 3631 F1 3068

Table 1. Dataset information

F 1. BEERER

e dl d2 d3 d4 ds dé FEAR% %
MSRC-v1 1032 48 512 100 256 210 210 7
Caltech101-7 1302 48 512 100 256 441 441 6
ORL 1024 36 1024 - - - 400 40
3Sources 3560 3631 3068 - - - 169 6

5.1.2. W iEFR

FESEIG T, AR ANDHRR AL TERE: OIEEREACC). H—{LEFERWNMI). % =1EEH
(ARI). F-score. Precision 1 Recall. F.{&1M %, ACC. NMI. F-score. Precision Al Recall HJHUE YE H
[0, 1], 1M ARI (HUETERIN[-1, 1], iR Febr e s R M se AT .
52. SHER

% 2~5 FEROR T 4 D2 UEEEESE LisfraiR, SRS ANEN TR Na RIIE +

PriEZE . Hd, SIUAR PRI, IRE R UF RIZoR .

Table 2. Experimental results on the MSRC-v1 dataset

F 2. £ MSRC-v1 ¥R FHYSEIRLER

e ACC NMI ARI F-score Precision Recall
LRR-Singlel  0.654+0.044  0.530+0.026  0.442+0.038  0.521+0.033  0.511+£0.034  0.532+0.032
LRR-Single2  0.665+0.033  0.548+0.011  0.452+0.017 0.529+0.014  0.519+0.019  0.541+0.009
LRR-Single3  0.668 £0.025  0.555+0.011  0.466+0.020 0.543+0.017  0.525+0.018  0.563 +0.017
LRR-Single4  0.660 +0.021  0.564+0.011  0.452+0.014 0.529+0.012  0.522+0.012  0.536 +0.012
LRR-Single5  0.224+0.014  0.046+0.006  0.001 £0.003  0.156+0.008 0.140+0.003  0.178 £0.019
LRR-Single6  0.444+£0.024  0.284+0.012  0.189+0.008  0.305+0.007  0.295+0.008  0.316 = 0.009
SSC-Singlel ~ 0.757+£0.027  0.642+0.019  0.576+£0.025  0.637+0.021  0.614+0.025 0.662+0.019
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SSC-Single2  0.389+0.014  0.268 £0.025  0.147 £ 0.021 0.270+£0.017  0.260+0.017  0.281+0.018
SSC-Single3  0.653+0.047  0.565+0.038  0.468 +£0.053  0.544+£0.045 0.526+0.043  0.564 = 0.048
SSC-Single4  0.570+0.033  0.490+0.024  0.369+0.031  0.459+0.027 0.448+0.026  0.470 +0.028
SSC-Single5  0.663 +0.017  0.533+0.019  0.444+0.030  0.524+0.024  0.502+0.031  0.549+0.018
SSC-Single6  0.404 +£0.020  0.233+0.019  0.146+0.020 0266 +0.013  0.263+0.013  0.269+0.013
MLRR-Add  0.907 £0.004 0.833+£0.006 0.806+0.007 0.833+0.006 0.828 £0.006  0.838 +£0.007
MLRR-Con  0.245+0.013  0.057+0.007  0.007+0.006 0.162+0.006 0.144+0.005 0.185+0.011
MSSC-Add  0.811+0.031 0.726+0.020  0.658+0.030  0.706 +0.026  0.698 £0.027  0.713 £0.026
MSSC-Con  0.605+0.039 0.512+£0.017 0.392+0.022 0.481+0.019 0.457=0.020  0.509 £ 0.020
CC-MSC 0.887+0.012 0.795+0.019 0.758+0.023  0.792+0.019  0.785+0.021  0.799 +0.018
PC-MSC 0.891+0.007 0.813+£0.006 0.762+0.012 0.795+0.011  0.787+0.012  0.803 +0.009
MVSC 0.513+£0.070  0.392+0.073  0.259+0.086 0.383+£0.061  0.328+0.081  0.472+0.024
RKMVSC 0.929 £0.000 0.868 +0.000 0.835+0.000 0.858 +£0.000 0.849 £ 0.000 0.869 + 0.000
Table 3. Experimental results on the caltech101-7 dataset
% 3. 7E Caltech101-7 BB L HISEIREER
g et ACC NMI ARI F-score Precision Recall
LRR-Singlel  0.637+0.025 0.495+0.016 0.469+0.031  0.560+0.028 0.539+0.025  0.584 = 0.050
LRR-Single2  0.473+£0.031  0.324+0.024  0.209+0.023 0.344+0.021 0.331+£0.017  0.358 +0.028
LRR-Single3 0.700£0.035 0.522+0.017 0.497+0.031 0.585+0.025 0.550+0.028 0.624 +0.026
LRR-Single4  0.674+£0.020 0.518+0.007  0.506 +0.023  0.586+0.022  0.588+0.009  0.586 + 0.036
LRR-Single5  0.275+0.010 0.088+0.006  0.047+0.007  0.200+0.007  0.205+0.006  0.195+0.012
LRR-Single6  0.695=0.016  0.609+0.008 0.577+0.007 0.644+0.006 0.665+0.011  0.625+0.005
SSC-Singlel  0.648 £0.038  0.555+£0.018 0.499+0.028 0.587+0.021  0.555+0.033  0.622+£0.015
SSC-Single2  0.458+0.010  0.298 +0.013  0.184+0.006  0.315+£0.006 0.322+0.008  0.309 +0.013
SSC-Single3  0.659+£0.031  0.544+0.019 0.475+0.033 0.565+0.026 0.543+0.036  0.590 +0.017
SSC-Single4  0.668 £0.026  0.561 £0.026  0.504+0.032  0.591+0.026  0.553+£0.027 0.635+0.031
SSC-Single5  0.556+£0.023  0.316+0.004 0295+0.011 0.427+0.014 0.375+0.008  0.498 + 0.040
SSC-Single6  0.687+£0.041  0.634+0.013  0.599+£0.044 0.666 +0.037 0.659+0.039  0.674 +0.047
MLRR-Add  0.818£0.037 0.777+0.014 0.766 = 0.036  0.804 = 0.031  0.815+0.026  0.794 +0.036
MLRR-Con 0.285+0.026  0.071+£0.028  0.044+0.024 0.299+0.010 0.184+0.012  0.806 + 0.094
MSSC-Add 0.784+£0.028 0.683+0.010 0.670+0.011  0.724+0.009  0.722+0.012  0.727+0.014
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MSSC-Con 0.556 £0.032  0.324+0.006 0301 £0.016 0.431+0.019 0.381+0.008 0.500=+0.051
CC-MSC 0.744+£0.054  0.775+0.023  0.725+0.062 0.770+0.052  0.779+0.054  0.761 £ 0.052
PC-MSC 0.764+£0.044  0.775+0.023  0.738+0.065 0.780+0.055 0.788+0.048  0.773 +0.061

MVSC 0.521+£0.047 0.326+0.036  0.178+0.027 0.370+0.016  0.261 +0.017  0.643 +0.050

RKMVSC 0.816 £0.001  0.724+0.001  0.674+0.001  0.729+0.001  0.713+0.001  0.746 + 0.001

Table 4. Experimental results on the ORL dataset

F2 4. 7£ ORL BiEE LYK HEER

EAE/EE S ACC NMI ARI F-score Precision Recall

LRR-Singlel 0.674+£0.033 0.816 £0.015 0.557+0.035 0.568+0.034  0.533+0.038 0.607+0.029
LRR-Single2  0.315+0.020 0.537+0.012  0.120+0.014  0.141+£0.014 0.135+0.014  0.148+0.014
LRR-Single3  0.708 £0.013  0.852+0.008 0.612+0.019 0.621+0.019  0.566+0.019  0.688 +0.023
SSC-Singlel ~ 0.707+0.033  0.846+£0.012 0.605+0.029 0.614+0.028  0.563+0.034  0.676 £0.023
SSC-Single2  0.377+0.013  0.608 £0.007  0.195+0.008 0.214+0.008  0.202+0.008  0.227 +0.008
SSC-Single3  0.717+0.023  0.858 £0.011  0.624+£0.028  0.634+0.027  0.574+0.033  0.708 +0.021

MLRR-Add  0.717£0.031  0.850+£0.019 0.617+0.043 0.626+0.042 0.583 +0.045 0.677 +0.038

MLRR-Con 0.709£0.028  0.842+0.012  0.605+0.027 0.614+0.026  0.569 +0.024  0.668 + 0.030

MSSC-Add 0.690 £0.035 0.835+0.014 0.587+0.032 0.597+0.031 0.558 +0.036  0.642 +0.027

MSSC-Con 0.715+0.021 0.849+0.012 0.606+0.029 0.616+0.028  0.552+0.032  0.697 + 0.025
CC-MSC 0.654+0.024 0.804+0.013 0.532+0.028  0.544+0.027 0.507+0.031  0.586 + 0.024
PC-MSC 0.662+0.021  0.809+0.008 0.539+0.021 0.550+0.021  0.508 £0.024  0.601 £0.018

MVSC 0.431+0.033  0.550+0.038 0.110+0.038  0.145+0.035 0.085+0.025  0.559 +0.028

RKMVSC 0.780 £ 0.014  0.880 +=0.004 0.696 +0.012 0.703 +0.012  0.661 +0.017  0.752 + 0.008

Table 5. Experimental results on the 3Sources dataset

2 5. 7£ 3Sources HIBE L HSLI 4L

Hu e ACC NMI ARI F-score Precision Recall
LRR-Singlel ~ 0.625+0.070  0.566+0.046  0.485+0.081 0.592+0.066 0.661+0.067  0.536 + 0.066
LRR-Single2  0.770£0.049  0.619+0.030 0.616+0.060 0.699 £0.051  0.744 +£0.035  0.661 £ 0.068
LRR-Single3 0.704 £0.043 0.640+0.026  0.562+0.034  0.655+0.028 0.720+0.037  0.602 = 0.040
SSC-Singlel ~ 0.709 £0.015  0.569+0.021  0.512+£0.017 0.628+0.014  0.618 £0.033  0.642 + 0.048
SSC-Single2  0.693£0.062  0.524 £0.034  0.510£0.059  0.614+0.047 0.668 £0.048  0.570 £ 0.050
SSC-Single3  0.745+0.017 0.627+£0.014 0.599+£0.014 0.687+0.011 0.723+0.015  0.655=+0.016
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MLRR-Add 0.782+0.036  0.676+0.025 0.653+0.046 0.734+0.036 0.731 £0.035  0.738 £0.038
MLRR-Con 0.746 £0.050 0.640+0.033  0.625+0.062 0.711 £0.054 0.715+£0.020  0.712+0.096
MSSC-Add 0.766 £0.030  0.667 £0.030  0.593+0.039 0.687+0.034 0.688=+0.027  0.689 +0.060
MSSC-Con 0.758 £0.022  0.640£0.027  0.598+0.042  0.684+£0.035 0.747+0.026  0.630 +0.043
CC-MSC 0.504+0.022 0.442+0.016 0.276+0.038  0.448+0.024  0.441 £0.039  0.458 +£0.025
PC-MSC 0.485+0.030 0.411+0.028 0.260+0.021 0.422+0.017 0.449+0.021  0.398 £0.023
MVSC 0.614+0.085 0.365+0.100 0.314£0.110 0.527+0.056 0.404 £0.070  0.785 = 0.068
RKMVSC 0.792 £0.002  0.690 £ 0.007  0.665+0.013 0.738 +£0.009 0.786+0.016 0.697 +0.003

MWEAE KT, AR SCOTIELEA R 2 B AP Fa b 39S 7 Rk AR i S me . 5l
75 1:(LRR-single. SSC-Single) [ H i B il & $5 Mg (MLRR-Add . MSSC-Add. MLRR-Con. MSSC-Con)f L,
AICTFAE MSRC-vl Al ORL #4524k FHU 7 A& Wi#E . Bl MSRC-vl HUEEE 6, ASCHEES MR
i b 53 R H B AL B B 7 MLRR-Add £ 2.2%- 3.5%- 2.9%- 2.5%- 2.1%A13.1%. £ ORL ¥4
b ARSIV HL AR AL B 7 SSC-Single3, ANTIEAR AN BT 6.3% 2.2%. 7.2%. 6.9%. 7.8%F!
4.4%. FIREEFIUE T 20 IR G S0E A Rk, RIS AL B BAME R RE A 2 i R 2R

PRtz 4b, Xt CC-MSC, PC-MSC PAJ MVSC &4t Z MK 725 [0 R K077, A3 W BAR
Ho MVSC iR RS, S LA S B A AR e S5 0, 17 H T % 2R 8000 3 3 17 O AR 2 o0 A 1)
A, SRR Z . 1 CC-MSC 5 PC-MSC 5 4R i ML B B[] 15 U S840 [X % 5%, {HAS iR _E A7
TR TR . LA 3Sources £HE Sl FRATHTIRHITTER) ACC K CC-MSC. PC-MSC LA K& MVSC
I3 AEETE 28.8%- 30.7%- 17.8%. SLEGZE R AL FENE A REN T MVSC SR PEBIY [ ERIG, BefE
UFH29 2 0 R AR 2 i 7 2 ) 4544

fE# 3 1, HIK RKMVSC 7 Caltech101-7 #i#5 FANAE ACC EIUHRALEE R, BT HIF. 1E
Caltech101-7 Z(#E4 = RKMVSC ] ACC (0.816)1%{XF MLRR-Add (0.818), X/ Z= Al GEYE T AL
XA B G — R m A%, CAORIE LU P 1t 5 SE IR T 1, 12 R R R0 400 P O 088 7 A
H & N e U R B S 28, ER e SR AT T G R SR . R, RKMVSC bRtk %
(0.001)iz/N T MLRR-Add (0.037), FRIIARITIEER KRN FRA BERS, SRBEED, RRL
RAEAF WA T TR E

AT EHRER IO R, AR ML 2 B 7 A R 2R R e R R m R e M R, RS
ARAHZWE R EAME S, FHAEARLMEEE EIUS I T R SRR,

6. &5t

ARSCE MVSC J5iAAE 2B e AR ERAR LM B ML BB 1R PR TE, $2th T — P iz 2 A 72
AR TTi% . ASCT7i8 RKMVSC 3 A% 175 3 R H 25 UL B B 15 5 A Ak S (A AT 722 )2 >0, FHRH
L, VAR R R 22 IR o A R B b P . SEIR AR RARW], P IAE 2 M g EIUS 1 B 2R
R, BE TIZACHNS 5 1, VER L A AE 2 AL 7R A RSP A R
E&mHE

B 5K 3B 41 EIH (12571563).
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