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Local Subspace Clustering

LIU Zhan-Jie! CHEN Xiao-Yun'

Abstract Existing subspace clustering methods usually rest on a global linear data set, which expresses each data point
as a linear combination of all other data points, and thus common methods are not well suited for the nonlinear data.
To overcome this limitation, the local sparse subspace clustering and local least squares regression subspace clustering
are proposed. The idea of the two new methods comes from manifold learning which expresses each data point as a
linear combination of its k nearest neighbors, and is combined with sparse subspace clustering and least squares subspace
clustering respectively. Experimental results show that our method is effective on two-moon synthetic data, six image

data sets and four gene expression data sets.
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#14RM  Bh S B ARG RSP It
AR5 R FIR AR R e S R b PR AT R
o, FREBREF BB, Hal, oA
Z I TR R R FRAR 1, 125 A R
% (Sparse subspace clustering, SSC) | LRk ik
(Low rank representation, LRR)" Flfg/N — 3 ¥
23 |A] %2 (Least squares regression, LSR)® 45 =
B E TR RN T A AR A A SSC W]k
PR 4 J A B E sl 50 40 a5, T BRSO 2 8] i A
Fetk; LRRPREF7 G R PR A9 IR P LSR ARFFL
P RAEVE. e Sy kALl 2 b e A B A
AEAR R A T 25 7] 2825 (Robust latent low rank
representation, RLLRR)!, St 361k 143 0] J 2%
(Smooth representation clustering, SMR)!0) | &%
SSC (Robust SSC, R-SSC)M | #xf s SSC (Block-
diagonal SSC, BD-SSC) Fiidkx%ffy LRR (Block-
diagonal LRR, BD-LRR)™? 4.

AR B R 43 T R AN 4 R S PR R iR,
BAFEA L] AR AR A R M. Ml
AL BE R, bk Ty k] B A M el I AR A,
# SSC & LASSO (Least absolute shrinkage and
selectionator operator)!*3l 725, LSR 2 I8 ]a] 19
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(Ridge regression)™ {757, LASSO PA I Ju%fE
R AT IR e A A A ] A R B, [ YR IR AL AN
Al S, R A R AL [ ) R 5. RS
fREAENTZ R 0 IR ZREL, R A [a] )= AR &
TE LA [ AR OREAE A, DAGIR 3] 47 A% 5 1)
H sl (B4 R L A5 B R SR, T 45728 5
ROR AR 2. WG )& — PR AR e i I S AU A, B
EARE R, X SEBA A ED L, NS
— AT LR RE R R B, T A AH KRR R
%, LASSO A& mIH RGBT 2, X
OB REROR R . FE T2 EER T, SSC
FI LSR W ARRRE AR DL B PR X T IR et %k
P, SSC Fl LSRR AEHERAHE, tE 1 P,

K 1 j& LSR il SSC 7EXH B diE 2% 31153
(A7 56 R A 4R 42 1. fHEL 1 (a) AT, LSRH
B B M A R TR N, S BB RE N 2B X
-IF. mE 1(b) Hrul L, SSC B4R RE H sk
FEA JE AT M ROR, (BEREA S B B BN AR, ] Ol
LSR 1 SSC #ARERE|E 1 (c) MBRARRCR, =&
ANBENS R P SR v M DX 2, TR AN A 6 % R
LR TR

B 5 2 2 0T 4F R A IR T Bds A AR e vk 4k
P H 7k, 2 @R IE 5 ) B,
mREHAR R (Locality preserving projections,
LPP)I6 | Ji#B2k ki A (Locally linear embedding,
LLE) F13f 4844 £+ #i% A (Neighborhood preserv-
ing embedding, NPE)!'¥) 4 LPP. LLE 1 NPE
A — A ] SR R 2 R e, B
AR F ) FOL AR FE AR B T R R R, FE
R I b, FH B I R A A A 0 [R] 2,
IXFEHE ] AR 4P R B A R R, I, 2
B2 R AR R BN B R, 46 TSHE
X, AP R T 25 B R 2 (Local subspace
clustering, LSC), 5. F T 5 F1 JL R 2 15 1% 45 2L
A 5 AR G PR AR A v E B

AT ) SRy s TR R A FEAS J i) B A
IEARHAT &M Fon. (ERTERENE: 1) b T4BEm
KEERITABSE b IR E, A SR )1 2S [a) 52k
T RS B IE Y R LI AR AN 2) R K
IR AR BGE 24 /D B 4P L, (B R R F 25 0] 28 2%
SEVABE R DABGE 2470, o n] PABGE 4 2 T eF . 24
PEWGE 24/ (A &R Ui, WG BR R AR A A, 1T
P MG Y 2 1 A8 U, W R — SE RS A
A S

1 FERE

TR H AR R R AR R 3 1 SR S UL
AN, BRI R AN TSR], P AR 1A e )

.

EX 168 F23 ]85 (Subspace clustering):
ZEMIM ¢ ADFASIR] S i, REFERERE A A
X = [X17X27"' 7Xc] = [-:Ulyx%"' >$n] S Rdxn’

X RMTZE 0] S HRBER ng AN B ) A A

Bty n= 30 n,. FAERIENHFEREEN
P2 = R SR 51 €
1.5
1k
0.5
0-
-0.5
1k
TS T o5 0 05 5 2
(a) LSR 2= 4R 4]
(a) Learned adjacency graph by LSR
1.5
1k
0.5
0-
-0.5
~1F
TS T o5 0 05 5 2
(b) SSC = 2 [y 4T 4 4]
(b) Learned adjacency graph by SSC
1.5
1F
0.5
O-
-0.5
-1F
TSSO o5 0 o5 5 2

(c) A 4R E
(¢) The ideal adjacency graph
B1 FEXUA R by > r 4R 1]
Fig.1 Learned adjacency graph on the two-moon

synthetic data
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TS A RIS SRVA AR 2R Ty U [ AT DAR I 23
MPUKE BOTIE . BERITIE . G IR AR
Ik, ASCE RGP BT RN 125 [H
REFTERODTET KRBT HHEIE Z = (2ij)nxns 2
AR ESEPINFEAR o Al x; B9AHRLEE. S 2 A AH L)
JEREHE 25 = exp(—|la; — x;]1?/0), 0 > 0 REEMRLT
i 2] [ B B A TR AES . AR R 143 1) B8 ¢ SSC.
KRB TSR 22 LRR Mg /D e\ d123F)
A LSR $2 8 T8 05 S s R o k. XSk
REEAEA Rz FOR N HAFEA LML G

T, = Z T2 (1)

J#i
Hrpr 2z RFREMEL. A RRRE (254
|z:]) /2 FEE x; Fl a; Z A ARARLEE.

SSC ) H AR eR ¥

min || Z||,
: _ (2)
st. X=XZ, diag{Z}=0
Hep 1210 & Z ) 1 388 @ SCRT SRR Z 1
JIr A TR B AEHE 2 AL SCHR [6] i8KF SSC 4 3
MR AR, H AR AT

A
min 2| X = XZ||% + 1]

(3)
s.t. diag{Z} =0
LSR H/IMY Z 1Y) Frobenius 5%%:
w1712
min | 2] | "
st. X=XZ, diag{Z}=0
X TR RS R, T DAY
min | X — XZ|% + A 2%
. ()
s.t. diag{Z} =0
BTN, VN
min | X — X Z|% + A 2|7 (6)

Hi, N> 0, || Z||r 25 Z #) Frobenius JE4L.
2 BERFRIEEA

AR RIRE T EAREE N TIEL
(ENESREE & Y N S N S I Y S s (5 R
N EAR, R 5 M T A R R vk SSC A
LSR M4i6r, $ethJmi 12322 (Local subspace
clustering, LSC), HA k ir4BJaiBskt# x5 LSR
i, s N Rl D Tl 4 ¥ 2 (A 2R 26 (Local

least squares regression, LLSR); 5 SSC %54, fiy
F N R AR T T 43 [A] 2 26 (Local sparse subspace
clustering, LSSC).

2.1 B#pm/h=Fel)ITFE L

LLSR #3: E8AH k 460 SREC k4348
M AR ARG Bm AT et . Rk
BRAF:

1) DAREZAS i 18] Y R R BE 2 A S AR DL B i, B
BIBUNFORFEAAH RIS, FEA R 25 19 & IEAR
)<y (K@/ETQ%) £ Nk(l’i) = {$i1,$i27"' 7$ik}
FIR.

BEA (3) FAEAY (5) v, XA O A HRA R B
SEMFEA Tz R A B DAOMIFEA & 1 RR 15
K, Bl 2z =0 (1 = 1,2, ,n), Bk DL
ALE v BHWH R AR X fAITR N 0
FOESP

2) LLSR =5 a 236 H AR BCh

min o — Y @zl FAIZIE (D)

T;ENE(x;)
Hory Z; Q_f Nk($i)7 LIRSS Zijg = 0. Az, HH
Hohosr, BTN ERR A

H;lonz — Ni(z)Z]% + M &5 (8)

F /D "SRR R (8), 152 bl
51' = (Nk(iﬂi)TNk(ﬂfi) + )\I)ilNk(IL'i)TSUi (9)

M AEAEAS S 2y, LLSR #RISRAE L — M 25, %)
’ff:%:: iu Z;;‘m = 2iim7 m = 1)2) Tt 7k7 ;H\://—{F\‘ﬂ\j 07 E&ﬂ
REERL (7) R Z*.

2.2 FRHRFERE

H T4 8 k H I E, AR A Mo
MBS B E 0 T8 A5, SECGE 2.1 iRE R
LLSR Jy{EAFAERIBR, R AT 3 R b i =5
[B] 52 LSSC. LSSC FIH Iy W HA MBI,
TE kAT R G R ] B A R R 2 R
BT SSC 5 LSR fIENM S Wi EAE, T ik
IENZEOER e, 5 SSC B 5w

min |X - XZ[5 4 A2 (10)
B AT F I A28 ) 3 132 (Alternating direction
method of multipliers, ADMM)M! iy AR SK i, 7
3y LSSC 7L (10) EiAT /i & bkfb ki, HA
A RS LLSR fH[A. Seis B MEAR T b ANl
SR, PRI AR R R e, H BRI SE. LSSC
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HArpREan
1

ming S o= S w4 AIZL (1)

7 ijNk(a:i)

Hp, # 2y & Ni(wg), M4 zi; = 0. [, BA 2,
FHEAST, Bt (1) JRF]2h

1 - -
min o ||; — Ni(z)z 7 + Mz (12)

It H A% & %05 LASSO /Y [m] 09 455 70 &5 4y, 1) )
ADMM, HFrpk%k (12) #1bh

1
min = ||z; — Ne(x;)Z]|% + X
in gl = Nz IE NS

st. Z—08=0
Hop B RRMAAE R AT S
1 i
min ol = Ni(a:)Ell5 + M5+

1811z - 8- UII3
Hrr p RAAKH H e, FESLI RO E R L, U 2
XHEAC R B (14) 19 ADMM 40T

2 = (Ny(@) " Ny(@) + pI) ™ (N (@) i+
pB% —U™)
5o = sy e + )

U = UK p(H — )
(15)

H K Z2HHREL Sa(v) = (v—a)y —(-v—0a)s,
HAFIRZ WCHR [19], Ben] kA5 2. XHERL 6, 12
MNACE L 2 = Zi,, m=1,2,---  k, HFZN O,
AIAFE] LSSC #E (11) AyfiAikE Z-.

2.3 BEFTERREL

HIF SSC. LRR il LSR, ok o5 m
7 LSC 2R T AW TSIk LSC
AR

BX1. BESTFREBREX

BN BORAERE X, TESE N, S48 b, 2550 .

M. ¢ MREE

1) FH k FEARRAGAREA S ke AIEAE;

2) g LLSR HFRea%k (7) ¢ LSSC HARM%L (11) K
fRAERE 2%

3) ISR (127 + 1(Z7)"]) /25

4) R P BRIESS 7 20 GBS B ¢ ASTF2s .

HARE A2, SCHk [8] IR T LSR HAR4E
PE, RIBEFR AT DAIERH LLSR HLAT Ja s aa b

T 1. EmiEy € RY, Bl Ni(y) € R>F
MSBE N > 0, BB Nu(y) = {va), v, Y}
EAHFIREAL, 2% B4 LLSR. A 55 f:

min ly — Ni(y)z*[13 + Allz]l3 (16)
1578
25y — 2{pll2 _ 1
———— < —/2(1 =) (17)
ly1l2 A

e =yl ) SEREACHIZE RAL.
WERR. 4 L(z) = [ly— Ne(p)z* 5+ All21l5 A

aLaZ*) =0 (18)

H:
— 2y (y — Ni(y)2") + 2Xz];, = 0 (19)
— 20 (y — Ni(y)2") +2)205 =0 (20)

H=X (19) F1=K (20) 1%

* * 1 *
Ry TRy T X(y% - y(q;))(y — Ni(y)z")  (21)

H Nily) BAHIWRENR, r = yT o), 1
1y — vl = v2(1 =) (22)

HYy 2* S (16) HORAR, 1

ly — Ni(y)2" |5 + Allz*[13 = L(") < L(0) = [|yl3

(23)
L, g4 (21) fik (22) A5
126y = 2{pll2 _ 1
— < 1V2(1 - 24
Wh o Savii-no @Y
O

1 EB T LLSR W /B H4ERE 7.
Yoy M yg) RmEmEFXE, e =1, WEE 1 2
yay M ygy XN RE 26y M 2 BZESPERGE A
0, X Yy B ye) e TR R %

3 X

R Bk SR A A R R R B A A, A
T A MEEK T K ¥{E (K-means). JZ
W J5 ¥ (Hierarchical clustering, HC), PA K
Fosla E oy SSCE LRRIM, LSRE ., BD-
LRRI | RLLRRF! #1 SMRIM, 54 3¢ #2 1
LLSR #l LSSC i 1T b8, I MK HERF (Ac-
curacy, ACC)Y {1y f B} H A Bl v 1 SR 3L AE 7,
Hrpr ACC g X p:
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XHEGTEREAR, & i T si 20 BRI 2N
RIRZEAEAS H AT IBREE, HERRIT R AN

>~ 6(si, map(r;))
ACC = =L

- (25)
Horb, n HFEARBEL 6(x,y) 22— 1%L o=y
W, B 1, BWA 0. map(r;) &— &K%, K545
ANIAREE v WS SRS A B AR S A 25

A CR MW H B B, B R M
B KSR S o BB B AR
ORL10P!. PIX10P!. PIE10P!. Umist??, USP-
Sl COIL20?%; A ¥4 &340 35 Leukemial .
SRBCT. Lung_Cancer. Prostate_Tumor. 7EZ:%{
W8 7T, LRR. LSR #1 LLSR AY1EN 2%k X Bl
>4 {0.0001, 0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1, 10},
SSC #1 LSSC ) A Huf& & {0.0001, 0.001, 0.005,
0.01, 0.05, 0.1}; BD-LRR. RLLRR #1 SMR [
¥ {0.08, 0.1, 0.5, 1, 5, 10, 50, 100, 500, 1000};
ISR RAE kB3~ 10, fAFkET 10 ), B
FRWER RN IIME. AW EEIREE N Winows 7
R4, WE 4GB fli5 AREER, T i iE#H Mat-
1ab2012b JgFEsLIn.

31 NEHIE

TR UUT TS0 B B0 LSC 04 Reh,
I RRAT A K (ECAOLIE 240\ PRI
WA .

XA T 85085 o 5 2 M0 4 1 2 B
FARANPI A2 T, 0P 2 . BT H A A

1.5

T2 15 -1 05 0 05 1 15 2

(a) LLSR 22 3] 4B 14
(a) Learned adjacency graph by LISR

BN — NP5 B AR, R B ERf A P 2. F
M LLSR Al LSSC 2315 4R A& 3 k.

gh& 1 AR 3, B LLSR fil LSSC figig R
LFHRE 2 E R T, (RS, K 3 ' LLSR
FILSSC W48 H2 &, Ja#& AV B M H B RERS H Bl i
VEATAR AL, WA, ] 1 4 AR o EAE R
HIBEdE ERRIMERR (S8 Mizfra). hg
1 W PAF 1 LLSR i1 LSSC R A FE R MR T T8k
R, — 2 39RERF] 100 % MMERR, M vk
AT 50 % Zity. M SSC il LSSC iz 47t [a] Al
PAE i, LSSC FIH Rk gtk ny AR R8T Tz
frif . LSSC A LLSR Yz A7 i} (R4 F5 U1 48 it
SFLFERT.

1.5

1k

0.51

2 05 O <05 0 05 1 15 2

B2 B EEE
Fig.2 The two-moon synthetic data

K’ 4 44 LSR. SSC. LLSR #1 LSSC pufh iy
YRR SRR E . TR e s, LSR F1 SSC i

1.5

T2 15 -1 -05 0 05 1 15 2
(b) LSSC 2= > 4R E
(b) Learned adjacency graph by LSSC

K3 LSC XU I Eda: S 152 Ry LB #2181
Fig.3 Learned adjacency graph by LSC on the two-moon synthetic data

Thttp://featureselection.asu.edu/datasets.php

2http://www.cs.columbia.edu/CAVE /software/softlib/coil-20.php

3http://www.gems-system.org
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B 05 S AR M ROR R BAR, RO, LLSR #1 LSSC
P 5 T E AT 216 A 1B 20 05 S A, H LSSC
REAT 2 B R g 1) 07 S A M. 26, XU TR R,
J5A LSR Al SSC J5 ik 32 4= R R VEFR I, A REFF2]
HURSER, Rl as AIR2E LSC pymiffJr v 41
JRr TR I S ARAT B B A R, At
R 1) R )

(a) LSR &) [T S AR R

(b) SSC 2 2 17 5 A
(a) Learned the affinity (b) Learned the affinity
matrix by SSC

matrix by LSR

(c) LLSR % 3] ({47 5 A P

(d) LLSC 2 > 10 S 4E 1%
(c) Learned the affinity (d) Learned the affinity
matrix by LLSR matrix by LLSC

B4 U R L 05 S
Fig.4 The affinity matrixes on the two-moon

synthetic data

FERUA TR G S 50 S 1R S50 A R4
ke (R UG SIS HER R A FE, SR AN 5 B,

H1E 5 (a) A, K LSR Il SSC W HAEARZAE
Bdi b, IENWSHN BBUE A SfR e R K
BERAAL; WX T LLSR, TR 5 &k B,
B TR KFEE LA 72 AR, PIE A
7R AE A 2 s i SR S HERR ;. LSSC 2 it
FERFRI A BUE T, FEIEAR 2R ER), (H24 A
BUEBORI, L B fE R, &38R &350
T RB A/, AT RN 0, #5250 07 5
Mok O FERE, 20 T REUERRF. B, &5 (a)
SSC 1 LSSC FEHUBRIE N Z: 8, SR e F
KA B, H RS A IE N SHON oA A AL
I &5 (b) B4l s NI AL & S ECREME
TR, 24 b BO /NS R, # S MR IHER
HIEAL, 24 k L5~ 7 B}, LLSR fl LSSC &153%&
grpgiR. LLSR B A e LSSC WARE, A kY
RIUER . AR P&l A, LSSC 1y k H—fi it
LLSR /). HAEH &P, LSSC oA H 3hiH i
SISO EE PR 9t @B U N1 A AR = S U
SHRORAE 22

32 EEHUE
RIKTA 6 B EHER, 7 4 AR AR

x1 WA EE ERIER R (%) MafTmta) (s) XL

Table 1  Clustering accuracy (%) and running time (s) comparison on the two-moon synthetic data
HC K-means LRR SSC LSR BD-LRR  RLLRR SMR LSSC LLSR
ACC 100.00 79.00 53.50 53.50 50.00 50.00 52.00 51.50 100.00 100.00
(0.001)  (0.005)  (0.0001) (0.08) (0.1) (0.001)  (0.0001,5)  (0.0001,5)
Time  0.0010 0.0026 1.89 4.80 0.0008 19.15 0.33 0.045 0.94 0.10
% %
o | —e—LLSR
1o 10 =l
90F 90F
801 ok
O 70F
S § 70}
60
60
50
40 T
0.0001 0.001 0.005 0.01 005 0.1 0.5 1 10
A 40
——LSR—>— SSC—e—LLSR—e— LSSC| oo 1 R

(@) %A (k=5)
(a) Learned A (k=5)

(b) %]k (A=0.05)
(b) Learned & ( A=0.05)

B 5 FERUH EHE B LSC 24>
Fig.5 Study on the LSC’s parameters on the two-moon synthetic data
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R2 BRI 60 Z. SYRLSRINE 3.
Table 2  Summary of the data sets M 3 oA, BT 2shE ) E LLSR
o e 1w e LSSC RURBLILIA, LEFA WA BRI LA
e T T T S5 L KA B R, LSC %%

e e e T . S H RS 4 0 2 2
e a0 s w1 JPENT DA B LLSR 9 RAUERI 5% Unnist 4
w51 s s a FSMIOET: LSSC, BelF HBGHE 1 b/ 775 3

%, UL B SE LEAH XEAEE T, B £ E
PR K, SRyl S s L i 3B AR S s . it
a] i, LSC A HA S rmrs sSER . FEH A 5 ML
PRdE, 48R k HAE b~ 7 Z 8], SEIGZE IR IR
T2 (R 3R 28 v e T Wb A B E A AR e MR A 1Y)
PG B, T DA G-z ol 191 450 s 1) A o 485 44
3.2.2 B1TEIE]

x4 5 LA R ) aE AT B TE], BOHE 4
HAEARR R DR ZHES. Bk 4 v AFE HHEE R
AREBR G R, & F R s 4T IR WA B B . L
o a2k rh LSRG BF b, 2 m v

g & SSC. fE K /rszg v, LSC N ¥Ea
K6 oA SSC. LRR. BD-LRR A RLLRR . 4% 512 i
SSC k1 e 1) LSSC, AN B/ D 4 w2 > 5
BRI, 55 5 AR TSR TG, 45 6 oy SHERE, FOOE R R, LS R 1 SSC
SR, BoRgERIA I 2. HIE 6 5 6 MEes TAMRZE, HEEBIEEMBIE K, LSSC Bz

Fig.6 Sample images

P b BB A E 18 SSC A .
3.2.1 BEEMRE 3.2.3 PCA MEIEEMEBMZM
SEIGEF, ] PCA S—FF 6 MRE1GE R 2 PCA 2 —Fhei MR YL T, (AR ERTE M4 5

# 3 B (%)
Table 3 Clustering accuracy (%)

HC K-means LRR SSC LSR BD-LRR RLLRR SMR LSSC LLSR

ORL10P 41.00 73.40 79.00 71.00 83.00 70.30 74.70 78.00 86.00 87.00
PIX10P 77.00 79.90 87.00 86.00 85.00 76.80 56.10 88.00 96.00 97.00

PIE10P 70.95 32.95 100.00 90.00 90.00 80.00 79.43 100.00 98.57 100.00
Umist 45.57 47.58 52.17 61.57 52.35 48.35 50.96 69.91 76.87 74.09
USPS 10.90 73.14 78.60 60.80 71.30 63.90 65.50 77.10 81.20 91.20
COIL20 53.47 60.10 65.69 72.01 63.40 67.72 68.80 67.15 78.26 79.58

4 AB TIHHEIRTE ()

Table 4 Running time (s) comparison

HC K-means LRR SSC LSR BD-LRR RLLRR SMR LSSC LLSR

ORL10P 0.0011 0.0071 0.54 0.21 0.00078 7.29 1.69 0.014 0.14 0.034
PIX10P 0.00095 0.0062 1.04 0.33 0.00073 7.60 1.72 0.012 1.25 0.035
PIE10P 0.0023 0.011 4.51 2.53 0.0015 22.23 2.14 0.057 0.32 0.13
Umist 0.011 0.037 25.14 62.27 0.015 240.70 13.48 0.71 1.52 0.92
USPS 0.034 0.091 130.61 124.57 0.044 884.42 120.33 4.53 3.57 2.75

COIL20 0.072 0.071 423.54 2.51 1 446.67 926.78 134.86 18.92 18.97 5.69
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Table 5 Summary of the data sets
EEITES FEA A &Sl
Leukemial 72 5327 3
SRBCT 83 2308 4
Lung_Cancer 203 12600 5
Prostate_Tumor 102 10509 2
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Fig.7 PCA on the image data and algorithms
#R6  FRERME (%)
Table 6  Clustering accuracy (%)
HC K-means LRR SSC LSR BD-LRR RLLRR SMR LSSC LLSR
Leukemial 54.17 69.31 86.11 58.33 77.78 79.17 54.17 7778  90.28  90.28
SRBCT 36.14 53.73 68.43  40.12 54.22 60.24 46.99 63.68  74.70 74.46
Lung_Cancer 78.33 83.50 87.39  83.74  92.61 85.22 84.24 90.64 91.63 92.61
Prostate_Tumor  51.96 63.73 62.75  56.86 62.75 60.78 60.78 59.80 66.67 69.61
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