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Distributed Low Rank Representation-Based Subspace Clustering Algorithm

Xu Kai, Wu Xiaojun, and Yin Hefeng

(School of Internet of Things Engineering , Jiangnan University , Wuzi, Jiangsu 214122)

Abstract Vision problem ranging from image clustering to motion segmentation can naturally be
framed as subspace segmentation problem, in which one aims to recover multiple low dimensional
subspaces from noisy and corrupted input data. LLow rank representation-based subspace segmentation
algorithm (LLRR) formulates the problem as a convex optimization and achieves impressive results.
However, it needs to take a long time to solve the convex problem, and the clustering accuracy is not
high enough. Therefore, this paper proposes a distributed low rank representation-based sparse
subspace clustering algorithm (DLRRS). DLRRS adopts the distributed parallel computing to get the
coefficient matrix, then take the absolute value of each element of the coefficient matrix, and retain
the £ largest coefficients per column and set the other elements to 0 to get a new coefficient matrix.
Finally, DLRRS performs spectral clustering over the new coefficient matrix. But it doesn’t have
incremental learning function, so there is a scalable distributed low rank representation-based sparse
subspace clustering algorithm (SDLRRS) here. If new samples are brought in, SDLRRS can use the
former clustering result to classify the new samples to get the final result. Experimental results on AR
and Extended Yale B datasets show that the improved algorithms can not only obviously reduce the
running time, but also achieve higher accuracy, which verifies that the proposed algorithms are

efficient and feasible.
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coefficients reconstruction

wOE OHANATRMAEATOTFEA HE (2L RARK BRENERFLRE G . RE—FEXTH
A XA R = 69 # 3 F = W & £ F % (distributed low rank representation-based sparse subspace
clustering algorithm, DLRRS) , #Z F = K AS B XA F R FHNKHAEATHAKEE . RERE A
HIEHEHENAN AN L EARRKAR A AKEA O ARARKEENE - NMNFRAOBEALZERE
ARMESREE B E A EREFIARELER XA RAGHEF IR ARFRE—FEATHAH X
WA E T3 T XM BT % & £ HE * (scalable distributed low rank representation based sparse
subspace clustering algorithm, SDLRRS) , Jw 3 A #1738 £ A&, 5T VA4 JA 37 @ 69 B £ 45 R 2T 3738 4 At 47

WFs B HA.2014-12-09; & [ H #3:2015-06-09

ESTHE R ARSI (61373055) 5 VL5 4 A 4% Bl 2z 56 4 0 H (BK20140419) ; 7135 45 5 4 A 28 B 2 0F 50 3 &) & i
(14K]JB520001)
This work was supported by the National Natural Science Foundation of China (61373055), the Natural Science Foundation of
Jiangsu Province of China (BK20140419), and the Major Program of Research Plan of the Natural Science in Higher Education of
Jiangsu Province of China (14KJB520001).

BIEEE . = /ME (wu_xiaojun@jiangnan. edu. cn)



1606

EAR S AR 2016, 53(7)

SEABREHER. FRERKA AR 2ATENAREL LR RS F ez o0, 241G

TR R R B i Sk R AT 4T 4.

280 MAEEAT; FERRE; FAHE ¥ EFI548F8

REZESES TP18; TP391.4

o A BE AR A S R AR e UK R Y A R AR Ak
A 38 B AT 38 A3 A RS R 7S ) SO A
TIFEEAL N AE B T 5K B TR B AT B[R] L O 2 X
BRI PR BE PR A AN R R, AR 2 S R K
B AN RS .

LA, FARREHEARC LWL TIRZ %
Y OCTE B A T R 4R A [ A0 4 BGE W2 LA
Bl 25 0] 1) e 5ARAR 22 0 VAR, L 20> 25 TR X = 4
Bl AT R I B RS G B — A BE i R4+
25 (). X AE T ML BT AL 2 > FsE X 1 45 T
CafAMREM N, R HERGRR REY B
sy EN X 3 AR v RE I S

ALK AAAE R F s R R BB L EE W 4
JEARBOT S EAR RS G Oy iR R T
BRI A S L TSR K Ik
B 28 R AR TS AL 25 O 1 pe e

TR ISR B A% O SR A HE— A A A AR L
JEE W G T 2 7 1 ke AR i AE AL RE [, BRIV IE 2
PRI ECR B R AL Dl A 2 A EliE AR A R
Rk A5 0 AE R EE 481 R B . T I A
(R 5 W A4S 30 B 40 4 1) Jmy A 4 4 L 1B B BB AR
BT 2 B w22 18] A BE B, BT LAORE I S R S E
EAR B, 2) H T3R8 R A I vk A B A B A
AJ DA A s s R R A AT 2R oR L JF HAROR
FRECT LI A R 2 — P R AL X PP R 1 0 IR ORI S
HAE RGN B RECGE A R T 2 S &
) B HlE A 3 B T A % BT B AL Bl i LR
SCE 4 I AE 7S [ R b ROR KRB PERE AL
TR B IR . 1) a0 FE TR R R R 1Y A 1] 43 ) 5
#: (low rank representation, LRR)™ 3L F# B Fon
FOF B T 25 8] 3B 25 55 3 (sparse subspace clustering,
SSCHE,

B LRR F+ X R RAELF L CEWE TAEMN
RBHOR AR RSB F LA A AR K 0w 23 ). FRATH
SCHRLLS i 4 IF 47 138 REUARURN SCRR 16 ] v iy 34 4t =
2 o) HESRAHZS G X RE AR 72 43 I 2 10 19 2 8%
THAHLTT IR , 18 BE B H A0 BT 1S B FE A AN 2 H BT
RAE KA FHFEE A ZHEH G E . &E
LM R RL R R %) T 3R A R Y R 6 AR AR A
IR EE R R 0O H 1 — 53 A oL

JEE P T LA A Ml B v Rk B TE A R LRR 25 )
SR AR 3R 7R i A 1Y) 22 500 1 DR A 12 AR
LRSS P X FE S i 2 R ICAR G &R A SOl R
PR B8 B AT e A 48 0 B R R B HA A
B 0GB 8T 0 FRBOE FE 1 I ER 8O A
T — > YRR AR OC 2R B R AR R L S L T
AR B HE4E AN Extended Yale B A JEE I (19 52 56 45
B2k I AR 3 B £ DLRRS (distributed low rank
representation-based sparse subspace clustering
algorithm) 1 SDLRRS (scalable distributed low rank
representation based sparse subspace clustering
algorithm)iX 2 B 55 ik AN (A 20k 2> 3 53 I 6] 38
P TR A MR 2. SDLRRS 53k 8 H £ 19 5 X
] Ui,

1 ETRBRERTHFZESEEZ

WF 5 R 25 8] (9 45 40 7R AR 22 UER 2 — R
HAT P 1 AT 55 33X R 5 K B Bk /b ) L
LRR 53938 2o >R =X (D) SR 45 20 Bk 5 /IMb [n) 811 i
{u%:

min [C[. FAlE], .

s.t. Y=YC+E,
Hoe |-l #aABUE, R FEGA;CER
RRAE R Y € R AR B KRR 5 E X I F i 1Y
T B ||, AT RLERIR Lo, 8. L, Ju S sl &
Frobenius B4, T {1714 B8 58 B g F 78 B0 45 o i
FEFEWR P 2. ELOR G2, Lo YU B0 B R R 3 A
SE FEAS 15 45UR S {8, Ly S0 8RS A A P O i A B
BB i i 5 5 {E  Frobenius {0 8508 R Al iR /N1
TR A Liu A8 AU R B T RS B H O 7k ok
e DRAZ O HE R AR Ak TR) R AT DA 30 2 (D iy fig. 78
B L IRATHE IR T LRR Bk i B S,

ik 1. LRR &0,

BN BRI PEY € R RIZEHIEL u.

O fFPAZEEEMEX (DB E C=[c v 5000,

¢, s

@ HREHCEHERE W=[C|+|C|";

) X ARAL BE 5 B W 3 2R 2K

OF & E S5 @iE i {8

@)



VL T A S B % 1 T I Rk 1607
© Xof AHALE R B W {3 2R 26
2 EFSHXEHRRFINFERARER X GR B TE S QSN
2.2 HHABMUEEXABRF @RS
2.1 ETHHRAMBRTHBRF=EEE TEFATE 2858 MR R AT B R AL R 5, R it

IG5 18] 3 B 5307 T LAARAS ) b Ak 2 /) 0 A5
(B4 B L (HOR BE AT A B R BB B 4. Ak, X
BRCLS Jr g 7 — b 43 A AR Bk 7 23 8] 40 31 3
DR KBRS B A0 Y 4290 4 B AR ¢ A/ EL
B EAE L (Z, 2, o 2, ) ORGP X ¢ /L
RER i 40 P AT IR AT AL R P ¢ 4> LRR 1) f
() b B X R

min |C.|. +A|E: |, .
s.t. Z;=YC,+E,.

iz FH I 43 6 2 0 AR R A ORI T 5k i 15
S5 R 2 6 78 4 R TH ALY 22 AR 1 R
A R b o AR B 1k 1 3 SR B ). AE A AR B AT R
O FE S AR SO R SCER L 15 ] i i #5527 Aok 15
B B S5 9 R BOH [ T 2 L % 9 HE R S ) &R B
yiil 2

T3 A s I FARRR R 19 28 8] 43 #) A0 4 Ai K
Pk 25 0] 43 #0132 B3k vy, O 7 A5 31 & BUE B
C J5 » B FH I 22 B30 I ofe A e AR L 6 1, XA 2
PR R TUAR Y O R L AR 1 I 5 485 2R 1) v .
Rt A SCHE RS B R BUE M 5 Je 5t &R 8O b i B
AN TCER WA XHE 5 SR 5 P B B 5 BT & A KAE L
flb s B TR B R 05 FR IR A5 2 1Y & BUE B R
A 3 AFARL BE 6 B 5 e S i SR R A5 B R 45 L. A
RSB R AN BTk 2 TR,

&£ 2. DLRRS &,

BN CBIREEE Y R I w . B AR
B R BB R RN IRAT I A EI R

@ B EHE R B Y 4281 4 )R ¢ A R R

BilZ, 2y, Z, )
@ #HATIATIHA
C; =LRR(Z,.Y);
C; =LRR(Z,.Y);

(2

C; =LRR(Z,,Y);

@ BRRHER ¢ =[C .C; ,.C ]

@ X BB M C R A T A 2R
I I A L
0,45 51— 4~ 37 19 2 BUE 5 Cs

© B MM FEW=|C|+|C|";

WA B REA A AL BB B U | B2k
i A REAS AN A% B 2 ST i Th g L & S 805 W IR
f IR 2. 7ESCHRL 16 Trp 48 T — Bl S 2R 5 202K 10
MR EEEE AXSH IS0, BT R R
5 T T [543 2 B8 v b 3 18 10 R AR A7 402K
I8 IR 7R 20 2 75 TSR A 1) AR BRI

min|[y—Ye | +aje]. (3)
Hob.y BEURERMEYER I —AFEA . c £
Gt RO AEAE R Y XEREAR y HEAT Db R 2R 1) 2 K
1] k. 7515 B B 0 B 2 B 1 B L Gl R (D
BE R T BT J AR A5 2 .

_y=ys,¢e .
S PYC] A w
identity(y) =arg min{r;(y)}, (5)

Horpr, o, e )RR R B 1 7 ¢ X RIEE j 2K
T, H T Z SR 05, (D FRHEA y B TH
F bR EILER 2.
e i 2 (5) 15 B & o J 2 1 BT A
AR 2R 1 AT 4 J 0 1 45 ) 3R 2 0k 1 s it ik
AL 3 s,
&% 3. SDLRRS &4k,
BN R Y € R KR w455 R
B R BB R RIEAT A E B e
@ A FH Bifi AL At A R At 3 DA B Al B A B Y
ikl p NEIE SRR X =[x x,000
x, | VA AT B 0 A A O R P X

@ AHEIER M X FizfT DLRRS #1558 %
KR

O ¥ B2 HA bR 0BG T X R Al 2k
£ X M RS  HEAT U R 2 T LS 5]
FHOH

C' =X"X+AD 'X"X;

@ @i F R € X B A 2 b A

B 2%

rj(f,»): ||x,*X6j(c,f )HZ

”5]'(":'x )”2 ;
@ #F I x, PETEE ;7 2.

identity(x ;) =arg min{r;(x,)};
J

© it BRI Y 192800 .




1608

EAR S AR 2016, 53(7)

3 XBWERELHN

%%@%$:E%§§§§§¢ﬁ. 6)

A5 FATE ] 2 T 2R 28 o % (X (6)) A E
—A4k H {5 B (normalized mutual information, NMD)
R VPG AR SCHE T 40 A AR RR & s 1y =5 (8] R
PR PERE. RIS O 19 R AS SO A RO S
I 3 Ty TR HEAT HOH 3 BT« 1) 3l i S e AR SR
00 2 B0 B A 20 W IR AT 5 4 WU B ¢ X
DLRRS 535 1Y 52 00 5 3) 118 SDLRRS 573 1 & 2
> UIRe A R

Horb 20 19 2 25 50545 0 A AR Bk 523 18] 3 1
%3 (distributed low-rank subspace segmentation,
DFC-LRROM % Bk 38 7R 19 7 25 18] 43 30 55 ik
(low rank representation, LRR)M™  # B+ 23 6]
Kk (sparse subspace clustering, SSC)PY | 7] 4/
Ji& B FARAR R 1Y F 25 W] 73 B 35k (scalable low
rank representation, SLRR)M F1HAT 4 & 14 75 55 1
23 [a] B 2R 81k (scalable sparse subspace clustering,
SSSOMYLJE 2 R4 5 LRR A1 SSC 5512 58
HEAT RIS YA B A I A B ] 4 2 Y O 1A )
L5 L AE R — £ PC HL(CPU: 3. 20 GHz, W47
8 GB) LibAT BRAE R G RA Ty 64 i Windows 8, 5L
T H5 MATLAB R2013a.

SEHR AT 2 A H T B9 AR Bl 4 - AR ol 4
1 Extended Yale B £(#l54E. Hoip AR B 548
i 4000 W 126 A~ A (70 A4 56 A Lotk 9 A
R 3 26 8] 2 7 A ) 09 361 S [m) Ol BECRT B 2
GRS EU RN TR 2. B0 A F 26 IR R, H
L4 RS T L6 IR AR L6 BREE D, X
TS BSCHRLL7 ], A 50 AT 50 4> Ze v iy &
A BERLIE 1 1400 BFSTE B9 K B . Extended
Yale B K FEH A 38 A N f4> ATEA DG IR 2%
PETRA3 2] 64 5K IE T A BSR4 AN R 20t #

Table 1

Datasets Used in Our Experiments
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Fig. 1 Clustering quality of DLRRS with varying parameters.
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Table 2 Clustering Quality of Algorithms with Different Parameter ¢
R2 HEH WHEENEE
AR Extended Yale B
Parameter ¢ Quality
DLRRS DFC-LRR1%] DLRRS DFC-LRR[1%]
Accuracy 0.8530 0.8001 0.8459 0.6860
1 NMI 0.9380 0.9072 0.9103 0.7439
Running Time/s 64.17 64.71 62.49 80. 16
Accuracy 0.8486 0. 8044 0.8558 0.6698
2 NMI 0.9375 0.9118 0.9119 0.7388
Running Time/s 52.38 52. 81 56.32 64. 54
Accuracy 0.8484 0.8021 0.8618 0.6757
3 NMI 0.9396 0.9140 0.9180 0.7451
Running Time/s 48. 48 49. 84 53. 46 62.2
Accuracy 0.8499 0.8040 0.8500 0.6764
4 NMI 0.9401 0.9176 0.9123 0.7427
Running Time/s 46.19 46. 37 54.63 63.42
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Table 3 Clustering Quality Comparison of Different Algorithms on Datasets
R3 TREZEHFEELHEERENL

AR Extended Yale B
Algorithms Accuracy A k t P NMI I’{I‘]j;l:;l?f Accuracy A k t P NMI [;ulr;lelig
SDLRRS 0.8153 3.1 6 1 0.9135 34,58 0.8414 2.9 5 1 0.8750 25. 45
DLRRS 0.8530 2.2 8 1 0.9380 64.17 0.8633 2 9 1 0.9146 62. 49
SLRR!6 0.7839 3.1 0.8945 34. 62 0.6729 2.9 0.7330 24. 80
LRRM 0.8001 2.2 0.9072 64.71 0.6860 2 0.7439 80. 16
SSSCli6l 0.6985 30 0.8613 43.43 0. 5600 5 0.6026 57.18
SSclal 0.7756 30 0.8840 142. 59 0.6741 5 0.7258 252.75

M 3 0] LU i, SDLRRS 5 % fil DLRRS %
20 R MEH R 3 8 SLRR H 3k, LRR 8 1E
AR B A AN EA T, 7F Extended Yale
BEIEEE LA 17 % M3 T, 24 B i B A i A,
DLRRS,LRR,SSC iX 3 P 53k AN A5 A X BT A HE A
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