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Abstract: Multi-view clustering is a powerful technique for improving analytical performance by fusing
complementary multi-source information. However, there are deficient in two ways: It neglects the strong
inherent correlation between representation tensors and affinity matrices, and the separate two-step
strategy of representation learning and clustering leads to lack of association between these processes,
rendering inefficient in handling missing data, noise and outliers in multi-view data processing. In order to
address these issues, this paper proposes a multi-view sub-space clustering method based on tensor low-
rank learning. A methodology is put forward for the analysis of high-order correlations among data points
and the identification of the intrinsic structure of the data. The method involves the introduction of a high-
order tensor constraint based on low-rank representation (LRR) and the adoption of tensor nuclear norm
minimization (TNNM) based on tensor singular value decomposition (t-SVD). This approach facilitates
the transformation of the original non-convex optimization problem into a solvable convex one. The
application of an adaptive weighted Schatten-p norm has been utilized to capture the inherent differences
between singular values, with the assistance of their prior information. Spectral clustering has been
integrated into a unified framework for the purpose of optimizing the affinity matrix, with a view to more
effectively characterizing clustering structures. The inexact augmented Lagrange multiplier (ALM) method
has been utilized to decompose the model into four solvable sub-problems for the purpose of efficient
optimization. Comprehensive experiments are conducted on six benchmark datasets spanning facial images,
news stories, handwritten digits and general objects, with systematic optimization of key parameters to
ensure reliability. The findings demonstrate that the proposed method exhibits a substantial enhancement in
performance when compared to four contemporary algorithms, namely t-SVD-MSC, ETLMSC,
WTNNM and MLAN. The proposed method demonstrated an accuracy of 0.981 on the Yale dataset,
0.995 on the UCI-Digits dataset, and 0.971 on the Scene-15 dataset. The proposed method effectively
increases the robustness of the affinity matrix against noise and outliers. It accurately extracts the intrinsic
subspace structure of multi-view data and demonstrates excellent practical performance and strong
generalization ability in the analysis of high-dimensional and incomplete multi-view data.

Highlights

1. This paper proposes a method of representing data as a high-order, tensor-constrained, low-rank
matrix, which can be used to analyse high-order correlations between data points. It can also effectively
enhance the robustness of affinity matrices against complex noise and various outliers in multi-view data.

2. This paper uses T-SVD-based TNNM and an adaptive weighted Schatten-p norm to optimize affinity
matrices. This approach captures the inherent differences between singular values and exploits their key
structural information in tensor data.

3. This paper proposes a unified tensor lowrank learning framework that integrates spectral clustering
techniques to optimize the fusion similarity matrix. The method demonstrates strong clustering performance
across six classic benchmark datasets spanning four data types, with significant improvements over
previous algorithms in evaluation metrics.
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2.3 Bi& HIEMM Schatten-p SEH KK EMBFES T iE

R B R /I | — i P 9K 0 0 o S 06 e e O LG 0090 , — MR it
o R /M 8 T L%
2§w$;mrAj+A/ﬂ® (9)

I8 51 A INAL Schatten—p J5 &%, 2 45 3 5k 1 Bk fE A5 B 5T 20 A ok i A SR E A e I A e . ST
ik e R HE UINR

1

1
ny _ ; ny min(ny,n,) o, »
|X‘”‘S”_(E|Xm”ws) =2 > wfe(A") (10)
i=1 o =1 j=1

S oo, BT [ oo B85 ) R, o, (B) Ty B %5 A K 2F (L S, 7% Schatten-p 1, p %
TR

B 0 06 T 24 SR V30 3 0 5412 5 (R B [ 4 Ak 07 %, 38 3o A ) 2 0] A 25
HEAT RO SRR , 98 T 7 52 o P o 1 R 8 2 5 (8 2 ) A 7E 9 25 9, T LA B 1 2 7
(L3 3 I T 6 T A S R 1 L R R A e e £ P B 0 TR P (R R R 4%



220 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 1, 2026

AR AR B T DR 3 A 3 A A9 K Schatten-p S AL, AR S IE 4 b2 ) A A 1 R B
SR I 388 3ot R A X — A0 1 24 o ) B, AT 7 43 D 22 00 1l 1 728 15 8 R L 25 8, A B T (A 2 1
Tl M (DL T S 4 I SR B M, AT S 4R T IR AIOR . BRI R
min | 2|/ + A E|,, + 2ar( F'L,F)
Z E", F

sit. XW=xWZ20 L EY v=1,2 -, m (11)
s 2 sk ZERY NI F LB Z(5 L0, D=2 E e RYN g i o A IR A AR 25 5 B
E=[EY; EW; ooy EM 10T LISR 43S0 o B 51 BAT SRR — B0 K ME s L, = D, — Z i fir

1w | 29+ 2 o .
W 2= S D R EREA T D, (1 1) = 32, + 2, FERT Vi

N REIEARIE I, W REDBGAM a WAV S8
7E 30 (1) T 278 B9 H AR rf, Schattenp i 2009 A o) 1 75 22 T2l B0 . Y 00 I ) 77 A B R 22
S RIS 8 A 7 A1 I, O AN TR] A S 0 8 IO >4 A AR Bk P BR ) 1 B R P . 2B R R ok B R
Y A S 2 S WD R A S (L S W sk B RO A A DN BT T A S i AL LA R 5 5 3k 3
PSRV BAORUL, X T ok i AHYER i3 R AH o, (), AT LAE SCHIN YA T 3R
I

=+t ] 12
“ o (X)+t<t “ (12)

2.4 KERHFIRBMAAL

T A% 58 04 5 AR fBA R R e e R B g i B BT A A S (ELTE DG A A AR b B A TR Y R O
3 — A [ E SO AT G — AT o SR, W5 WL B A [ R B aTE 1 T R AR R AR AE 2
S, A ) R 21 S R TR DR SR e 2 MR R T I AR AR R AT REI o O TR PR IX — IR, AR 38 N AN
Rk B Schatten-p J AT 12 , LA 8h 25 I8 B S [R] A S E 0 ASCER , DA B 407 o 4ol 412 22 0 1 5040 ) T 45 20N
o B A S

HAABE 380 3 51— A B AL ] R I B o AR, R A TR T R B T X
(HAE M A ST E R . X R AE BT S RN I8 75 08T A [ A PR b B A AT
FEPE X AP Or 2L, BB S A A N 5% Hh R A IRT Y TR, O 4 R AT S R P A S e, AT 2 i 5 R Y
HETTE

T S — B N IAL ], B T — b R TR 9K S B AR SR SR . TR Uk AU R
ARG I 0 2 RS R ke ST AN R 1) AR KA AR S B ORI T O B A £ ) AR R AR,
A8 /I8 8 23 S A CRT BE X IO T W 75 i S ) AR AT 550/ RO RCEE o 3 o 5l 285 i) 8 SR s {1510 A 5 1 RE 1%
I R M X K 1 52 A RS

SIANHEB AR ©, FIG a3 T hos I B R, AR 2 (11) 54 o T 29 s Ak )

L0209, 2%, 27, ZEVE?, o B P = | 7V A E,, + 2au( FTLF )+

<Y(v) X(U)*X<U>Z<W)*E(v)>
m > B ﬁ B )
= +%HX<”>—X<”>Z<“—E<”Hi tlez-g) el (15)
b AR YRR R QR RLAS B H IR T 1 R o MRS SR

PRIk, 5280 (13) AT A3 it S SR fige R 47 44> -1 Al



S FATRBEAFINEAATEZRARES & 221
EREL RS VAN YORVE TR
arg min 2atr<FTL7:F>+<Q,Z— T+

- ) v v v v v v 2 2
E(<Y<”>,X“'>X“>Z< B DX X2 B )F)+§z T =

v=1

arg min 2atr(FTL7:F>+<Q,Z— J)+

Y(v) 2 W(‘U) 2

n

+% Z(U)_J(v)+

m
®

5 X(v) _ X(w)z(v) _ E(w) +

+olz-7l as

v=1 F

1o |29+

. 1 m
2w (F L F)=u(P"Z)=u|PT|— ——ztr(PT\Z“”HPW Z(”)IT) (15)
1 v=1

2 2 N S . V)4
ﬁqj:P:[Pl’ ""Pja"'7PNJ’P]‘:|:HF17F]’H2; "';HFNiF;‘HZ}’F]’%%B_\‘FH/J%]/TTO %E,ﬁj‘[xj’fgf§u
e, BRI (14) Af L A%

2
. . - Y(‘U) W(U)
argmin itr<Pl|Z(v)|+Pllz(7/)|l)+ﬁ XW)*X(U)Z(N*E(U)+7 +£ Z(71)7J(v)+
2m 2 ¢ 2 e,
(16)
RIS (16) B iR R
Z([l/):(#X(v)TX(m)+{01)71.(#X(7/)Tx(v)+X(U)Ty(v)+pj(v))7/lx(i;)TE(7/)7 W(w*
. 17
(P@slgn(Z )+ PT@sign( 2" )[) o
2M B
TR 2Ok E At 2, T F R EM.
m m 2
. (v) 7/) 1/) (v) __ (o) _
argmin A E [, + 2, (V.. X z—E") +Z | X 7V —EY| =
A 1 2
arg mEln;HEHZvl-O-EHE—DHF (18)
155 1Y S5 R0 ik BB SCHER [ 23 145 3
A
1D, .
¢ _)——D , D | >+
E = i il 19
<) D, " 19
0 HoAt
XD, RRD=[D'; D*% - D" ]I %];D' =X X’Z’+ Y J=1,2, 0 m
T3 R M 7, AR 2 B R ER
2
T =agmin| 7|+ (@2 7+ 2 7l =arg min| 7|+ (20)
F
AR N
" 1
J =T, <z+g) (21)
—nyw 10
0



222 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 1, 2026
T4 SRS P AR ZY B TREER .
TEX BT L 3 (15) 28 i
_ . T
F=arg min 1r(F LZF>

(22)
st. FTF=I, FERY" "
3 AL HE T A A A L AR AR 1 R .
%1 TLR-MVSC{hX75
Table1l TLR-MVSC pseudo-codes
¥ TLR-MVSC
BB R XY, XD, X" B a, AFIZENBK;
Wil RERC
WM. 2 =0,E, Y"'=0,i=1,2,,m,T=0,9=0,10=10",0=10"", sy = Oux = 10"
while NS do:
1B R ADEF 270 =1,2,+,m;
2.l 14 =0 (20) 8 Hr E;
BB Y=Y 4 p(XY = X2 — BV Y 0 =1,2, - m;
4185 Z=0(20,27, . 7)),
5. 383 K CDEF T
6.1 Q= Q9+ p(Z— T)EH O
7. W R (22) 8 H F;
8. W S Ml p:min (g, ), Min (90,0, );
9. 3F IV TV e J=0"(T);
10. #A W S 2k 1
H X(v) . X(v)z(v) . E(w) H < € & ” Z(v.‘) . J(v) H<€
end while
1Lﬁﬁs=%2uzw+MWM@ﬂ%ﬂ§ﬁ%&
12. 76 S LATiIE R B B R AR C
3 XRELERSW
3.1 HEE 2 ZTHWHIEE
R T PR A AL RE 7R W3R 2 BT s 28 R Table2 Experimental data sets
R AT SE S K S AL 4G N R R e S AR PEAKCE KW WA i
ENNSREE BTN E DO 775 =a 1 K AR P Yale 165 15 3 [EEREs
98 1) B4 A AT IR IE . ORL 400 40 3 T S 1R 1%
(1) Yale: ZEARWRH, R TH 150 S 5% 3Sources 169 6 3 B I s =
PEAEAY BT 165 5K K BMGAE M BB SE . B S BBCSport 685 5 4 7 I e
H5HETTERT 115k EHR X seEGGE 5] ARFE UCTDigits 2 000 10 3 FEH¥
TR R SGEI R R BT EENZ Scene-15 4485 15 3 3 FH 5

BEPE . FESCH I AR P 280 SR A OR AT
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A FE A ) 3 SO 8 5 1k i 2 30, 00 FH Sk [ 24 1 7b A9 77 06 1B 436 3 i 28 780 (00 R A0 A R AS Tl B0 R0 I

(2) ORL : IZE 5 I h % [ S FF S0 00 97 &, A0 3 40 057 A AR 78 A ] Bsf ) LRI 2% 0 | T 22 55 1R
A DA SR A5 il B MR B 45 8 B R 19 23 400 gk 1 A ER o BN R S Yale B0 A X SR R T T AR ETR
B, O HUm ok B2 B B R AR RE K (LBP) S B /N4 (Gabor) F74E , 52 3L 1 % T 22 W0 U 80 1) 2
JCFRIN .

(3) 3Sources: FIH T —A~Z T A SCAS B 48, UL 3 1 416 f ok 37 %) Pl il X e fF BIR AT
BBC .\ #i5 t+ Ko ( TR ) = ZAE LM B BEAAT- 6 0 Frid BOHR SR WA 43 o 7S K 32 b 48, R A0 46 il 15t
SRR BOR AR R HORGUE, X —BOE R R T R 3R OR R 2R B R RRAE R B R T — A 2
SRR Yk R A5 R

(4) BBCSport: 52 F 3 [ fil g5 43k, HoUR 5 T 2004—2005 4% [8] BBCSport W 3 [ fF & 73 () 54~
TSR 1) A R I SCEE L MR UR I N T ML 2 2 AR R PP AN v L i BHE 4 B 685 4 & 5 A
AN TRV AIE 7 SRS 2, S [R)AG B 1 — > 22 L IR B 4

(5) UCI-Digits : Pt £k 4t 5 i il A 22 2 St =Rl % 19 F 5 807 GE L R 0 2= 9O M Ak, 31 1028
B 1A 80, AR 200 5K B . MRS SRR [ 35 1 AYHE 51, Mz Bt 4 ih $R BT 3 N ERAEAE S £ 00 &
B 0 HE Al A R AR R L SIS R,

(6) Scene-15"" % B S A 155502800, ST 4 485 TR BIL . T A B9 RS B0k I T 792 1 %
WA SR IREE Tk (B BB A E RN A . FESEE i ak SCER 37 I iy Jr B4R T 3RS A
B PR ERAE A0 75 1 240 2 (9 CENTRIST HR-1E (1 800 4k i) PHOW 4F4iF A1 1 180 4k () PRI-CoLBP .

3.2 FMiEmRE XL EE

AR L SR ] 3 WUbR T R S VEAL 48 b L A 45 HEH B (ACC) \H — b BAF B (NMI) K 46 FZ (Purity ) ,

DLPEIN 3R e -

ACCHIE X H
N
26‘(6[, map(a;))
ACC =" (23)
N
NMIE X K
MI(C, C'
NMI(C, C)= ( ) (24)

max(H(C),H(C"))
RIS PEAL F5 B3 Purity A

3!
n, -+ n,
K en Rom — X REARLE SR 70 26T [ J&@ — 28, ZE T 43 28 °F IR [R) J& — 28 B9 REAS B 5, WU 46 A S5 PR 23
FN AR AR T 532 T J0a5R A Sy ) 2 A AR AR X 5

T 2 LR SR ST vk v, sk Bk O ok il o 4 22 40 P s 2 /s o ol it AR ok 249 o, A 80 B T L
el 22 i) 1 5 B R OGP . A, - SVD-MSCPY L AMGLY (ETLMSCH fit WTNNM" 5 it A ] f 3
T HL 2 SRR Fl P20 B B, el W AR 52, 1 ML AN D) 5 7 b 8 % P A AR B DA AR FE 3R 2R 3802

3o R T A A 2 R R S TR SRR ik e R S ki IR AR S 2 A R 2 MM A
T AR ERE .

ETLMSC (Essential tensor learning for multi-view spectral clustering )", #J & 3t F /R o] K55 (1Y &
LV B8 0 MU 5 I Sy i i, 3 o e 2 T S (L 40 (-SVD) 3R 3h 19 5K AT R 3R, R At Ak 2 I 1R A

Purity = (25)
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o B R AE B

WTNNM, tensor-SVD % F [ % 2] ) 2 WLl 755 [ 2 51 A T AL sk it 2540 ©SVD 4
B A R 2 R T3 () 2 ) B A5 R RS T A A% LIRS BN (R, S AR R S T L I Ak
RAEHCR

MLAN (Multi-view clustering and semi-supervised classification with adaptive neighbors)'**', {4
BER e 5 Jay BRI 45 K 27 > DI RE L 46 RE 8 L 1A R A K PR A A e 22 Y D0 1k P 65 R RE RS 0 1
Jiv it B4 280 B
3.3 HEEXESKSMEST

TR 4 AR AR R S R, R R O (mN?d,), O(mN?log(mN )+ m’N?), O(mN?*)
FIO(N?), 3 B om AR B, N R AW AIREAR, d, 05 o MIRIEI AR . 258 5 I8 AUR I S
FEE S )G AR T LA B & m << N, ARBE R R E N O(T (N + 2mN*d, + mN?log(mN )) ).

RS 2R B 1 23 T30 8 LA SE A VP Al — AR B SEBR PR RE L O 1 4 THD B ARG IE T £ 07 vk A AL
P 3 5 R HS S AT IR AR o AR i AR 2, A% B 3 Tk SRR B W SRR A5 B R 4R
I T AR AN BOR T8l T 3 IS Sk I S R R UE S . 8 Tt AR Sl s 9 56 0 TR ASE AR i S
P, EL A 7E 6 A B0E 4 EITAE SR B, W 29 i A iR | 2 — g | EARUHS 18 30 F A
Ko MR, BT AT AU IS B 20 WA R E LIRSS 5 A 808, SRR A R R, BT R B8 i B A
W S PERE -

20 400
15 300( |
|
ﬁmﬁ 10 i‘& 200} ,' "
; 2 |
st \ 100f |
o—— ; ; ) - i i ;
0 10 20 30 40 50 0 10 20 30 40 50
BEARREL BARREL
(a) Yale®iE4E (b) UCI-DigitsHiE 5
(a) Yale dataset (b) UCI-Digits dataset
150
20 )‘
L
IR 10 : |
h s0r/ |
5 L |\
0 S . , ol . . .
0 10 20 30 40 50 0 10 20 30 40 50
EARIREL ES(\RV€:
(c) ORLE#E4E (d) BBCSporthiige
(c) ORL dataset (d) BBCSport dataset
30 2 000
|
15001
s 207 |} g |
¥ Y 1 000F| |
10H | s00H \
\ AN
i, ! ! L 1 ~_ L L L
00 10 20 30 40 50 00 10 20 30 40 50
AR EL EES AN/ €
() 3Sources¥IELE (f) Scene- 155454

(e) 3Sources dataset

Bl 2 7EA R K st S 4

Fig.2 Convergence experiments on different datasets

(f) Scene-15 dataset
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3.4 ZWSHIULH

FE S50 2800 S R, S T A AR T B R R R R BN AR LIz AR RE ) L R BE 8 RS a1 B 2R
KR N KBS o MIABEAT T ) 2 PR AL . Bk UL, S50 o F1 A B BE RS T 3005 Y 1 g
OCH L PR AE S0 T B AN S EGIEAT T R G A FR 8 A TR Y S B0 D R R A IR AN
[ 2045, LAt e 6t 7E 25 Rl 4R LRI B AL S8 E .

afE[107%,1077,107°,107°,107 4,107 %, 107, 10, L JJE B N J8 #& , A £ [ 0.1, 0.2,0.4,0.6,0.8, 1 |7l
Bl A HAAROR UL, BT ik 7E Yale B4 48 1 a =10 7, 1= 0.1 B 3R A5 5 4 19 14 6 5 78 UCT-Digits
Bt 1, M a=10 °, 2= 0.1 I IR 1 M8 78 ORLBE 4 |, M o =107, A= 0.5 I 3R A 4 1
P BE 5 7€ BBCSport 2045 4 I, 24 a=10"° A= 1 B} 3K 15 & 4 (19 1 BE 5 7€ 3Sources B PE &£ I, Y o=
1077, 2= 0.4 B 3R A3 45 4 1 VE B 5 76 Scene- 15 BRI, M a =10 %, A= 0.1 B3R AG we br i b gE . A4
LHER 100K, £ 3~8 8 T i A J7 15 9 4 W PE A 46 4

R3 YaleHEEXRBER

Table 3 Experimental results on Yale dataset

ok | P FE AR
ACC NMI Purity F-score Recall AR
t-SVD-MSC 0.8744+0.013 0.918+0.010 0.883+0.012 0.834+0.020 0.865+0.018 0.83240.002
ETLMSC 0.659+0.042 0.697+0.038 0.6594+0.043 0.5334+0.044 0.550+0.048 0.501+0.021
WTNNM 0.8324-0.000 0.882+0.000 0.911+0.000 0.861+0.000 0.831+0.000 0.840+40.000
MLAN 0.5944-0.000 0.493+0.000 0.665+0.001 0.3124+0.003 0.428+0.016 0.25340.004
ARSCTT 0.98140.000 0.977+0.000 0.981+0.000 0.963+0.000 0.964+0.000 0.96040.000
R4 UCI-Digits I IEELBER
Table 4 Experimental results on UCI-Digits dataset
ok | P FE A
ACC NMI Purity F-score Recall AR
t=-SVD-MSC 0.96540.000 0.919+0.000 0.9654+0.000 0.935+0.000 0.922+0.000 0.91840.000
ETLMSC 0.942+0.000  0.90240.000  0.94240.000 0.9054+0.000 0.887+0.000 0.879+0.000
WTNNM 0.9844-0.000  0.962+0.000 0.98240.000 0.9724+0.000 0.970£0.000 0.97040.000
MLAN 0.72140.006 0.710+£0.006 0.7714£0.006 0.720+0.047 0.767+£0.007 0.70640.006
AR SCTT 0.99540.000 0.986+0.006 0.9954+0.000 0.990+0.000 0.990+0.000 0.98840.000
K5 ORLEBEEXRBLER
Table 5 Experimental results on ORL dataset
ok | P 5 AR
ACC NMI Purity F-score Recall AR
t-SVD-MSC 0.96240.008 0.990+0.003 0.973+0.006 0.960+0.009 0.979+0.006 0.95940.001
ETLMSC 0.958+0.024 0.931+0.005 0.9704+0.016 0.9604+0.020 0.9844+0.010 0.959+0.002
WTNNM 0.9824-0.00 0.99140.000  0.991+0.000 0.990-+0.000  0.99040.000  0.990-0.000
MLAN 0.56540.002 0.798+0.000 0.652+0.001 0.2774+0.021 0.657+0.001 0.2504-0.024
ARSCTT 0.98640.000 0.991+0.000 0.96740.000 0.990+0.000 0.990+0.000 0.98840.000
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36 BBCSportHFEELHLER
Table 6 Experimental results on BBCSport dataset
- | BRAEERA
ACC NMI Purity F-score Recall AR
t=SVD-MSC 0.556+0.000  0.51240.000 0.6494-0.000 0.5004+0.000 0.510+0.000  0.396+0.000
ETLMSC 0.6424-0.000  0.610£0.000  0.73940.000 0.421+0.001 0.410£0.003  0.39040.000
WTNNM 0.57340.000  0.531£0.000 0.65540.000 0.512+0.000 0.520+£0.000 0.41440.000
MLAN 0.24340.000  0.395+0.000 0.4204+0.001 0.1104+0.000 0.480+0.003 0.00940.001
ARSCTT 0.86740.000 0.865+0.000 0.90440.000 0.841+0.000 0.845+0.000 0.86940.000
=7 3SourcesHIFELIMER
Table 7 Experimental results on 3Sources dataset
ik | W 48 b
ACC NMI Purity F-score Recall AR
SVD-MSC 0.55840.004 0.438£0.009  0.6244-0.012  0.498+0.000 0.5094-0.000 0.395=+0.000
ETLMSC 0.52940.008 0.610£0.002  0.56540.000  0.739+£0.000 0.61740.000 0.539=+0.000
WTNNM 0.84140.000 0.900+£0.001  0.62740.000  0.810+0.000 0.8334+0.000 0.810+0.000
MLAN 0.172+0.001 0.15440.001  0.19240.001  0.475+0.000 0.592+0.000 0.34740.000
ARIT Ik 0.8844-0.000  0.938£0.000  0.8654-0.002  0.837£0.000 0.8344-0.000 0.825=+0.000
#8 Scene-15HIFELIMER
Table 8 Experimental results on Scene-15 dataset
- . LR
ACC NMI Purity F-score Recall AR
t-SVD-MSC 0.8924+0.000 0.91940.000 0.92240.000  0.883+0.000  0.892+0.000  0.874+0.000
ETLMSC 0.871+0.000  0.891+0.000 0.9064+0.000 0.85340.000  0.89240.000  0.842+0.000
WTNNM 0.9014+0.001  0.93140.000  0.93140.000  0.9014+0.000  0.833+0.000  0.891+0.000
MLAN 0.34240.003  0.4934+0.003 0.3544-0.002 0.2624+0.003  0.740+0.043  0.167+£0.045
ARSIk 0.9714+0.000  0.99140.000 0.97540.000 0.9874+0.000  0.987+0.000  0.986+0.000

3.5 XRERELHH

STEAE R, KT KR A B2k (I +SVD-MSC . ETLMSC . WTNNM Il TLR-MVSC)7E £
R P15 40 Ak v 3R R A 2R S M R 3 A T AR TR R RO I (W MLAN) o X R p 34 = 28 I TRk
it 7 VR A A 3 2 A0 TR B B T 3 R AR A A S TR A R D 1 400 T A L R I T 2 1 AN B
Bzz ) g A5 B, T S BOR R A BR B . I ANTE Scene-15 50 H 45 b, 3 F ol B A9 3 s M Al
SRR R RUR B TE T 255, X T, X 2 400 B EE o 0 R TR A AR R R 25 R O L 5k
T BB 0 T L7 b AT B ORI R B RN AT R 4R TR SR 2 kR

162 P T ok B B2 0 vk b, AR U ¥ 7E Scene- 15 8Udi 48 |-, 5 t+-SVD-MSC H 45, 4% 3 45 A1 44
Oy IR T 9% 8% 6% 1226 119 A1 13% . X —R# FEIR AR LT % & T A FUEF B
M 22 5 TR E AR SO Y 5K B Y BUR  ME R B L S5 A T A 1 25 PR Y 4 BT AN B S AR A
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FERLH] AR TE TR et 3 A 22 10 TR B B2 2 Ak B T TR SIS R T O o o R e A — B

SRR T A R NS B p X IR AR A IR VR L R B A TR B 4 M Re Ak B
WERW . B3RS EEANFEAEE LR, s T 2R R IPOR . NEIR S HT IL 7E
HASZh T, Z T IE M RIS R —E W stk ERFE S BN T , LR R,
Yale B4l 278 p = 0.5 I 35 B A B2 BOR M ORL IR ETE p= 0.9 RN T . XML LN,
S p Xt A (D) 22 5 M O R T BB 8 AT 85 Ak R I T 1 BRI SR R AR T Ol RS AN R R X
REGRM T M RAZ S AR SO A R S T R R SR T SR T £
R PR A Ak L v T P RN R R R

1.0
0.9
0.8
ig 0.7
S 06
“ 05
S 04
< 03 == ACC == ACC
: —NMI —NMI
0.2
0.1
0.0
0.10.20.304050.60.70.8091.0 0.10.20.304050.60.70.8091.0
p p
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(a) Yale dataset (b) ORL dataset
3 8 p X REBOR Y
Fig.3 Effect of parameter p on clustering effect
4 HWRIE

PR T — M Tk R R Bk o 9 2 L B TS AR ST ik, LA D IR 22 L IR SR 267 ik B LA R
5 5 25 A0 B8 R e JRE A S A DA A Ak PR sk G TR P R S (L N R B R A IR R e o R Rk
Y5277 A R HAZ A TR 2 (R B Y ST DT TR Rl s A A B RO B O B
1o R R RE I B R . (RIS SR P T B A S (0 M B A R R X S R R I )oK i
A REHEATIAL . SRR AR RN %7 1k L BUAT J7 5 A DU 26 ol RO A R B R B AF R SR T A AL
A Ak 222 A P Kl ) SE R o R SR A TP R T 22 077 1 of 42 B s TR] Y g B O BB Y oA ok —
AR THERE
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