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Multi-view Clustering With Weighted Anchors

LIU Su-Yuan' WANG Si-Wei' TANG Chang? ZHOU Si-Hang® WANG Si-Qi* LIU Xin-Wang'

Abstract Large-scale multi-view clustering aims to solve the problem that traditional methods cannot scale to
large-scale data due to slow computational speed and high complexity. Among them, the anchor-based multi-view
clustering method constructs a reconstruction matrix for the entire dataset by utilizing a set of anchor points. Clus-
tering with the reconstruction matrix effectively reduces the time and space complexity of the algorithm. However,
existing methods ignore the differences among anchor points and treat them equally, resulting in clustering results
limited by low-quality anchor points. In order to identify more discriminative anchor points and enhance the influ-
ence of high-quality anchors on clustering, a large-scale multi-view clustering algorithm based on weighted anchors
(MVC-WA) was proposed. By introducing an adaptive anchor weighting mechanism, the proposed method determ-
ine the weights of anchors in a unified framework for the construction of anchor graphs. Meanwhile, in order to in-
crease the diversity among anchors, the weights of anchors were further adjusted according to the similarity
between them. Experimental results comparing with existing state-of-the-art large-scale multi-view clustering al-
gorithms on nine benchmark datasets validate the efficiency and effectiveness of the proposed method.
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PR JC 7R o AL P RE I A 245 B R T
EA RO T RISROR 52 BI04 SR R A 1]
AL, R S A e A R AR B S AL R h &
SRS TR FE. H AT, 258 & S CRAER A
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2 EThHGE=ZREREEL

E T RARE

BT A U J7 VR S e A R B B
{x® };:1 ] K-means, 132 i1 m M 4L
R B {A(p)}Z:l’ Mo A®) e R Efh 4
Z AL A3 A R R e I R E R SO €
R™" AN, T4 s T VARG AP 5 X ) 2 A
R REERE 2P e R™ ™. MR, H bR 805 R
FH 4 R AP EE g X ()

2.1

; ) _ AP 7)) 2
glg;;IIX AP Z®)|2

st. ZP >0, (Z2P)T1 =1 (2)

Forfr, (200)T1 = 1 (R T AEAN R R AR A T
4 S L £k LRI Wi RIERE 2P
52 4 B MUERAN O () B3 T O (nm?2), T m 126/
T, FILEK—BHE R O (n).

SEARESE:

EREBIE LR JE K-means 75 21 14
ST A LU RAIE RIS 50 4 et o8 R AR 251 5T
k2 R IR 1. 2% R B SRR A SR B 2 5, A SCE]
NFEERRUERE {(W®))!_ | W®) e R
SRR, Hert WP S p AR R AN
(RLE. B4, A BARRAE LR B

2.2

min

3 HX<p> N A<p>W<P>Z(P>H2
W), Z() et F

st. ZP >0, (Z2P)T1 =1

S Wi =m Wi >0 (3)
=1
oo, W) S I AR E G SRR AP (04— 5 1
SR AR, U F 5 0 L R
T A 4 1 S K B AL (23
T WA AR, SR 5 F % REE, A SO —
355 e A S N TE DU T, 5 50 R 1
VBt 2 T A S PR M) = (A0)T AW),
M KRR 5 3 A 55 A2 19 A



6 3 RIS T AU A5 ) 2 L IR SRR BE 1163

SPERE. N T MR A ASNEREEE, RIE
YR 6 00 B TS, R B I U A9
N (w®) T M P ), 8L FMEZIE LS, T L
R BRI IGG T A DL 1R 0 85/ A KA
F IR T 24 A R S R, 3\ % b
PUTE T AT R T2 0 e A . R,
— TE AT FIT SR FHIT B 5 1 . 2%,
FSRARA B8 ST DA A

v
2
min ZH x® _
w ), Z(p) “—

®) W ® Z® H i
F

52 (w®)T M P) ()

p=1

st. Z® >0, (ZzP)T1 =1
S W =m Wi >0 ()
=1
Her w® e R™*! & W) 3 o6 & 4R
&=, B EJF@IEU'MJCI FALEIES 8

2.3 MUEZX
N T EIRARAG I, A — NP %
REE B BRI E R, B (20)_ | ik
(WO REREE (W) ik {20}
231 BEE{zW} _ Hfu{wr}’
N {20} EER, A {W®}
%ﬁ?ﬁmwﬁ

E X

min Z HX(P) _ A@w® z®) 2 +
W(p) — F

BZ (») TM(p w®

st Y WP =m, WP >0 (5)

AT LR B H AR SR AT, B A8 X
L, AT AFE &0 AR OB SE B R W), AR5 p
/\%)u@t, iﬁ( )TUE&'%#J

(PHT (P)\T, ,(p)
min (TG + (@)
st (@W?) 1 =m, w® >0 (6)
Hrif, ) =(Z2®)(Z2®)T) @ (AP)TAP) + M P)

a® = (o, - PR, HRRE T
= aﬁp) = in(ip), H® = Z(XPH)TA®) 5 (6) &

AR ) O e AT DA AT i TR
BEAT KA.

232 EE{W®}_ Hhi{z®}

H{wwy EER, R{z@) 0T
AR T 0 ) A
Y 2
IZH&?; Hx(m _ AL W ® Z®) HF
st. Z® >0, (ZzP)T1 =1 (7)
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B L ETmGE =S EREE X
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6) HATA R MR 2 = USV; Table 2  Description of datasets

7) £ V A K-means 15 2 4758 pETE S FEA%L EASE EHIEA

o SURE ProteinFold 694 12 27

24 WEER B ARE T Mfeat 2 000 6 10

EEAR A R, e — DR ERA S — BDGP 2 500 3 5
AR, S E AR E 2 R . [FIRE, B AR Wiki 2 866 2 10
BRI R 2 0. BRI, A SCEE T DLORIEN 83 B cev 6773 3 20
/IME. ALOI 10 800 4 100

T AR e g 2 A s R YTF10 38 654 4 10
SEREH RIR R, AR SCEVEMTE R R AR ] Lk YTF20 63 896 4 20
PR . BRI, A WO R 1 G® YTE50 126 054 4 50

5 H®) B PATH FERIE R 2 N O(nm?2d®), fif
X (6) FIEIREZHN O(m?). JH:ﬁMJC.{W(p)};:1 i}
AR IEZ N O(nm?d + mPv), Hfrd=3"_, d®.
TEARAL Z PR, PATHREIRIEIIR N O(nm?d®) +
m3), B ZP R O(nm?), MR {Z(f’)};:1
PIE N O(nm?d + nmBv). TEERZK LG, X
FEMFERE Z A7 A B R B AR N O (nm?0?).
B AR XL E R 2R N O(nm2d + nmBo +
nm?v?). HTm<n, d<n Ho<n, FHit MVC-
WA &— MM R EEEE.

3 X

3.1 HIEENR

AIAE AT 2 2 AR HAR 4R Fdi T T
SEEG, 2 I T X SR FEAE B

HAARSR UL, ProteinFold! fL& T 27 FhANE 4544
M. Mfeat? 2 — N FE5HIEE, EH 0 3 9
2%, BDGP? /& 5 FhAS[A] i S 6 I G e A
R, 32 500 1B, Wiki' 5 T 2 866 N4k
EERZHE, A% H H BRI SCARP ML Lbs
W CCV® &— ML 20 KAFX R, . K E
A2 TES AR 4. ALOI® &8 T4
HHR SRR N S 2 5. YTF10, YTF20 Al
YTF50 2 M YoutubeFace” #i£E F4E /I 3 T
£, YoutubeFace #&—/™MHl B ALAEHE £R.

SEEE

FEACSRIH, BASTE S BUN 12 i e

3.2

! http://mkl.ucsd.edu/dataset /protein-fold-prediction /

* http://archive.ics.uci.edu/ml/datasets/Multiple+Features
* https://www.fruitfly.org/

* http://svcl.ucsd.edu/projects/crossmodal /

* https://www.ee.columbia.edu/In/dvmm/CCV/

® http://staff.science.uva.nl/aloi/

" https://www.cs.tau.ac.il/wolf/ytfaces/

BER) 2B SR TT IR BEAT X L.

1) BTE B e B 2 A 74 A 2K (Mul-
ti-view subspace clustering with intactness-aware
similarity, MSC-IAS)®". MSC-TAS it # 4 11K
) L AME B 5 2] — AN e B ], 8] R A 7R 18
IR — Tt 5 R e S A U R UE A 32 ) A AL 5 98 AE 1R 58
BB ORI AR SR

2) 7> X 2B T ) B 2k
multiview subspace clustering, PMSC)®. PM-
SC R HAE— NG — RS N AT 25 A0 B 1 1 27
S EAR X ARG R IR XS, =FHE
ek,

3) FT TR BB R 2 ARG SR 2 (Multi-
view spectral clustering, MVSC)!". MVSC f§i [ —
BB AR LA, A RO 1A 48 2 10 S SR K
TR IR

4) BT RIEZ BRI 2L (Fle-
xible multi-view representation, FMR)P. FMR, &
T MU SR B AN R AL P PR B AME SR AT S A, AT 2k
oAl FHH A5 B AT Hl .

5) TR H LS8 R A& 1) 2 40K
%K (Scalable and parameter-free multi-view
graph clustering, SEMC)". SFMC 1 i —F i 45
P KRR B R BT AR, [ IS 50 4y 36 1) i P e
FRAJR, To R A B R B i e SRR 4 R

6) 1RFk H A% B i) 2 A B 72 1 2R 25 (Multi-
view low-rank sparse subspace clustering, ML-
RSSC)®. MLRSSC [7] i) % 4 3 1) 5 FH R B4 it fin A1
MRS M AP LY TR, DL A7 205 2] B A0 1 ) 3
EH TR

7) BT S AT Z K ) 2 AL E 5
# (Auto-weighted multiple graph learning,
AMGL)®. AMGL 2 H —Fft F & R BRI, 5 30
2 S BN R R R, IF1F 32 R it g R

(Partition level


http://mkl.ucsd.edu/dataset/protein-fold-prediction/
http://archive.ics.uci.edu/ml/datasets/Multiple+Features
https://www.fruitfly.org/
http://svcl.ucsd.edu/projects/crossmodal/
https://www.ee.columbia.edu/ln/dvmm/CCV/
http://staff.science.uva.nl/aloi/
https://www.cs.tau.ac.il/wolf/ytfaces/
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8) K& Z MK K %A %K (Robust multi-
view K-means, RMKM)®, RMKM #2 H —F# 5 24
Qb B K RS H A 1) 2 A I SRR D575, AT RASE oK R
T2 TR LA 1) e A

9) ZIuZ MK (Binary multi-view clus-
tering, BMVC)®. BMVC [R] i} 2% >] 2 W0 B — it il
RS —WEREGER, AR T EERE
AR AR,

10) KRHFEZ A E 72 W R (Large-scale

[29]

multi-view subspace clustering, LMVSC)
LMVSC fH K-means 15 2IW] a6 L& 55, M 5 3E4T
B 2], AR T ORISR S 1) .

11) T4 — 4l R A e AR 7 () B 3K
(Scalable multi-view subspace clustering,
SMVSC)!M. SMVSC it it 4 2] S 1 A & KAE (1)
75 FORAT B R 5, AR T BRI RE 2 AT U B R R 1
F )

12) T —F S o2 2R 77 1) 58
2% (Fast parameter-free multi-view subspace clus-
tering, FPMVS)®1. FPMVS K4 i 2% 31 54 B i
G ARG —HESE T, P AR I RIS TR 2RIk B

TEASCTTES, B ES A A m 5
T R EL B b, B R m 2 [k, 2k, 3K] kS,
ke R LR SIE, paep[272, 28, 24, 27,
210, 213 Xf T b Bk, AR T RLSCER TR R B
R ENNRESEHAT A PR Ak, X T
TE 5 5 7 24T K-means 73 B K25 R 1505, 12
17 50 X K-means 2R )5 i & 45 R 1P ME 505 7%.
FESEIG T, R 4 ARUETE AL SIS TR RE, A4 A
£ (Accuracy, ACC). H—H HA5E (Normalized
mutual information, NMI). i (Purity). F {& (F-
score). FT A HISLIRIIE— B R E AN Intel core i9-
10900X CPU, 64 GB RAM [ & 2AH k- 5¢ k.

3.3 SEWERSHR

#3EART MVC-WA 5HAthx} L H#vE7E 9 4
TR LR E R, K W m g Fbsid
DRI T R 2k, gl i, — REF LS
T WA R TR Z AR 4 LigtT

MFE 3 R AR H LU R S50 1) Arft BRI E
TE BT A B0 4 B i SRR a8 I8 B e AR BUR AR,
M ACC T &, A XHIEL RAERR ProteinFold 1
YTF50 Z AN 7 AN s 45 b 2 ol W oAk 45
3.51%, 15.24%, 11.44%, 8.65%, 18.30%, 4.59%,
12.40%. 2) MSC-TAS fEA% i1 45 [ R L T AL
R, HRARSCHEIEAIRE BTG SR 48 EAUR T

e, XTI T T R T R SR SR R A A
3) LMVSC #F K-means 15 2|4 s 48 J5 k47 B2
FESA B BRI TIRFINRBCR, (REk A%
FEA SRR 22 5 5 2 PR IR, A SO V5N HE R
IR, i R 5% 2] 5 48 PR A A B
FESRENERE FIAS T ORIESETE. 4) SMVSC 5 FPMVS
T 2 > SR SR g e [ T i pe S T SR 2R 1Y 1)
RO, T A SR A MV C-W A 38 5 06 4 i i i) 7
2 ECHE RAE G N AL . FE ORI 5 B A A 3R
AR LG, MVC-WA BA RAREL 2 4 ) 45 5

Bl 1 ER T ARSCRIETE 4 MRS TSI
B bS] B AR . B R, TE S AL
FHE S RRER BEM R R REUT RN
MR BT 0, TS S F & 8 SAE R R, X
PRI T AR 2] i AR 1 A

3.4 BfTEHEIELA

4 T SN EIRAE A B4 L is T
). NFHRAT LG B, BE 35 SO SRR A= 3 i,
FAFE BB AT [ ARAS B G . K vk i T
G E AP, 2B NAZIIBR I, Tk e KA 4L
Ptk bigfr. S RZHMZEIRETEAMLE, MVC-
WA HA AW sT 808, B BMVC 5 LMVSC
(PIE AT I TR e, (HE AT R e A B s A
I, REZBATHEE K, B2 F1E 1070 F A
i3 MVC-WA EA5 FEUF AR,

3.5 IS SEREM SR

K2 JB/R T MVC-WA 7E 8 M4 b Hbref
BAE BEIEAR B AL 2. NIRRT DU B, A
S H b R BUE FE IS AR B K s R R, B
TEA BRIREL N AR B 7 Fase (il 1XUE B T A SC 8k
s St
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Table 3 Clustering performance of compared methods on all datasets (%)
Hofisk
MSCIIAS  PMSC MVSC FMR SFMC MLRSSC ~ AMGL  RMKM BMVC ~LMVSC ~ SMVSC — FPMVS Ak

Acc
ProteinFold  28.45+1.31  12.06£0.41 24.83+1.35 32.851.75 26.2240 11.10£0 10.96+1.23 23.63:0 26.2240 28.204157 20.26+1.52 30.03+1.06 32.57+1.88
Mfeat ~ 85.95:£6.81 32.48+2.11 45.4043.03 59.63£3.21 85.8540 20.00£0 83.08+7.58 67.1040 58.45+0 81504530 67.64+3.86 46.34+3.11 88.9746.42
BDGP 52104459 26.44£0.19  35.36+245 24.93£0.28 20.08£0 36.12+0 32.33+182 414430 204840 50.16+0.20 37.22+£2.03 32.62£0.71 60.04+1.89
Wiki 23912058  49.93+3.46 20.99+£0.50 41.97£1.26 354520 157720 12.21£0.16 17.3440 151140 56.05:42.65 5247+353 5118254 56.55+2.03
cev — — — 11.9340.26 125240 104440 13.71£031 11.9440 155040 20.28+0.60 22.9810.58 22.88+0.74 22.60-:0.67
ALOI — — — — — 10140  60.26+1.69 33.74£0 59.67£0 40.27£155 48.34£1.49 21.72+0.65 71.20:1.80
YTF10 — — — — — — — 75.6810 60.43+0 66.74£3.60 72.93+3.96 67.09£2.80 79.1518.39
YTF20 — — - — — — — 57.62£0 60.09£0 60.644.18 67.13+4.20 63.08+£2.39 68.1614.82
YTF50 — — — — — — — —  66.00£0 68.32:£2.45 67.1343.68 64.24+2.97 66.97:£3.08

NMI
ProteinFold ~ 36.91£0.89  6.71£0.58  34.45:158 40.69£1.13 31.02:0 0£0 2002219 34.8340 20.53+0 37.43+1.14 30.94+140 37.75£0.99 43.34+1.19
Mfeat ~ 87.68:£2.85 40.14£2.76  42.49+3.30 49.19£1.37 QLT7H0 28.63:0 87.20+3.84 65.3310 68.88+0 79.35:1.95 62.18+1.77 5646181 86.74:2.26
BDGP  33.07£2.81  3.7040.20 10.25+2.15  0.99+£0.08 22540 263340 13424220 281240  4.60+0 25.41£0.15 0.85£1.22 10.02+0.38 33.780.43
Wiki 8.65+0.27 52014151  7.2840.67 33.09+1.09 341840  0.08£0  0.82+0.10 43440 24640 5LSTE217 50.05£3.79 49.34+2.95 49.47+1.77
cev — — — T.0440.32  5.44%0 0£0 12.52£040  7.7620 117040 16.2840.46 17.55:£0.32 16.96£0.68 17.020.49
ALOL — — — — — 0.0240 75.2040.90 63.55+0 75.67£0 54.38+1.88 T725140.50 55.39£0.20 83.15+0.53
YTF10 — — - — — — — 80220 58.9140 73.75+2.25 7857461 76.1145.78 83.15+4.01
YTF20 — — — — — — — 73840 TLOTE0 7557183 78.36+3.96 T430+5.99 78.63+1.90
YTF50 — — — — — — — —  BLODE0 82.43+0.78 8256142 82.08+1.07 83.19:0.90

Purity
ProteinFold ~ 32.99+1.37 1437041 31.26+1.10 38.46£1.60 28.96+£0 11.10£0 11.71+1.20 33.86+0 28.53%0 35.90+1.63 36.00+1.16 34.95+0.66 39.2131.56
Mfeat ~ S7.20+6.10 33274220 47.02+3.08 60.99+2.47 88.25£0 20.0040 83.94+G.13 75.0520 749840 82.08+4.50 68.80+2.87 49.44+2.92 8.9TE5.26
BDGP  53.52%3.70 28.5940.23 35.6743.06 25.1740.21 211240 36.1240 33.46+210 5L00+0 20.48+0 50.17+0.23 37.80+£117 34.8241.33 60.13+1.24
Wiki  26.68£0.76  51.85+2.91 24.03£094 46.06+1.31 37.68£0 157740 12.46£0.19 24.08+£0 17.62£0 60.45£2.60 57.63£4.19 55.97+3.30 59.54:£1.68
cev — — — 15.9240.31 13.04£0 104440 14122033 17.04+0 10180 23.62+£047 25.9140.51 25.09+0.78 25.34:0.67
ALOI — — — — — 10140  63.92+1.26 64.024£0 6235£0 42324155 51462141 23.67+0.72 73.81:£1.42
YTF10 — — — — — — — 80.70+£0 60.43+0 7L52+3.25 T7.35+5.70 69.43£3.06 83.57+5.78
YTF20 — — — — — — — 68.7840 64.83£0 68.2043.02 72.40:3.79 64.92+195 74.40+3.32
YTF50 — — - — - — — —  73.6430 7321+2.18 70.09+3.61 66.84+3.02 73.6522.50

F-score
ProteinFold 14.07+0.62  9.4440.01 14.28+0.85 18.57£1.38 116840  0.6440  7.84£0.79 12.9240 164140 1558117 16.76+0.96 17.09+£0.94 19.6131.62
Mfeat ~ 83.66+6.35 26.94+1.00 37.46+2.60 4149151 855240 27.39+0 81.39+7.35 502240 62.59+0 74424413 56.50+2.45 46.57+1.33 85.0545.09
BDGP 40442222  20.5520.10 20.084£0.61 21.00£0.07 33.15£0 411940 32.62+0.81 36.28+0 26.5140 37.81+0.06 2881123 28.79£0.58 45.31+0.50
Wiki 15442025 41.83£2.91  14.91+£0.54 30.3420.78 213820 194620 1248069 13.04+0 111540 48.7142.18 45762469 44914343 47.17+1.64
cev — — — 7.5040.07 10.81+£0 10840 10.93+0.41 8660 9.79£0 11.43+0.31 12.93+0.21 13.1620.31 12.51+0.30
ALOI — — — — — 19620 13.58£2.28 28.82+0 48.2040 20.91+149 31.22£0.85 10.21+0.13 61.96:1.48
YTF10 — — — — — — — 73.274£0 53.15+0 G62.24+3.70 68.31+5.88 66.10+5.06 75.78:8.28
YTF20 — — - — — — — 53.89£0 48.06+0 55.39+4.25 61.68+3.83 57.81+4.00 63.6614.34
YTF50 — — — — — — — —  5T.09+0 62494245 57.07+5.08 56.80+3.18  60.54:£3.26
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(a) Mfeat

K1

Fig. 1

* 4

(b) BDGP

(c) Wiki

4 M HEAE b2 2] B BUE

Learned anchor weights on four datasets

Xt PRI AE AT K 4 1

N

BATINTE (s)

Table 4 Running time of compared methods on all datasets (s)

MdE#s  MSCIAS  PMSC  MVSC  FMR  SFMC MLRSSC AMGL RMKM BMVC LMVSC SMVSC FPMVS A
ProteinFold 2.44 1 512.10 408.89 16.43 6.86 2.12 1.66 1.21 12.64 2.55 2.82 3.97 6.91
Mfeat 16.81  3300.30 11528.00  251.03 88.62 27.94 19.62 395 043 2.96 1.38 1.43 9.20
BDGP 13.26 15 215.00 34 800.00 1 070.40 39.00 26.89 73.71 7.53 0.35 2.86 1.63 3.38 7.18
Wiki 1592 14386.00 9991.70 1068.80 9.84 3072 180.62 627 011 3.57 315 20.16 1.89
CcCV — — — 10 287.00 39.51 486.68 1 250.00 25.00 0.88 20.46 13.79 10.54 47.37
ALOL — — — — — 335800 10594.00 20232 841 6853 6624 6146  581.28
YTF10 — — — — — — — 675.42 108.22 196.70 253.21 998.23 495.83
YTF20 — — — — — — — 178050 80.53 513.52 72015 1680.34 1516.70
YTF50 — — — — — — — — 65.71 3535.72 225448 9175.31 4 868.40
6 5
3.642 <10 9.94 210
3.640 222
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£ 3.636 i~
m m 2.16
3.634 9.14
3.632 2.12
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5 5 7 7
1.655 <10 g7 220 6.178 (20 9.70 10
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& 1.645 4] 45 6174 o
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m 1.635 Ep) 6.168 m
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Fig.2

The variation curves the objective function value with the increase of the number of iterations
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Fig.3  The influence of parameter tuning on clustering performance
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Table 5 Results of ablation experiments (%)

B . BICEES
[ ES i  WaeS _ 1
ProteinFold Mfeat BDGP Wiki CCV ALOI YTF10 YTF20
L BRI 31.48+1.22 77.62+5.85 49.98+2.95 52.014£3.70 20.0340.32 55.79+1.40 72.08+5.27 63.524+3.80
AL 27.83+1.66  82.55+6.64  46.32+3.19  52.05+£2.38  18.10+0.53  70.14£2.04  70.72+8.29  66.36+4.72
Ace TIEMAETE  30.57+1.57  86.54£7.40  47.37+£2.16  47.49+2.35  21.75£0.74  66.26£1.82  68.95£8.83  62.18+4.49
AT 32.57+1.88 88.97+6.42  60.04+1.89 56.55+2.03  22.60+0.67 71.29+1.80 79.15+8.39  68.16+4.82
RACEALE  41.08£0.82  74.73+£2.25  27.61£2.33  50.014+3.12  16.67£0.40  73.594+0.44  74.87£2.52  69.70%1.55
HANEL 36.98+1.18  84.104£2.64  24.28£3.34  49.2541.88  13.90+0.36  83.17£0.51  76.34+4.74  75.09£1.74
M FIEN AT 42.10£1.08  87.26+£2.59  26.894+2.87  36.51+£2.07  16.834+0.49  79.91+0.51  76.77+4.39  75.65+1.70
V.S 43.34+1.19 86.741+2.26  33.78+0.43  49.47+1.77  17.024+0.49  83.15£0.53  83.15+4.01  78.631+1.90
BRI 36.97£0.97  79.67+4.38  51.69+£2.83  57.394+3.90  23.59+0.32  58.8641.22  76.85+£3.66  68.0742.33
. AL 35.17+1.46 84.32£5.43 47.124+3.11 58.34£2.52 21.10£0.40 72.77£1.71 76.89+6.26 71.5243.27
Puity JTCIEMAEIR 38.73+£1.27  88.55+5.55  47.4542.04  50.37+1.98  24.76+£0.63  69.02+1.47  76.11+£6.23  70.2543.64
KT 39.2141.56 89.974+5.26  60.13+£1.24  59.54+1.68  25.344+0.67 73.81+1.42 83.57+5.78  74.4013.32
L BRI 19.63£1.10 69.7244.28 37.83+2.14 45.07+3.62 11.50£0.20 43.10+1.38 67.00+4.92 52.49+3.96
. AL 15.68+£1.38  78.80+5.59  35.78+2.64  44.79+£2.01  10.64+£0.23  60.72+£1.60  66.43+8.78  58.07+4.43
-score

FHEMALT  18.65+1.24  83.90+£5.96  38.61+2.13
KJ7EE 19.61£1.62  85.055.09  45.3140.50

37.17£1.75  12.06+0.32  54.92+1.47  67.00£8.70  54.88+3.74
47.17+1.64  12.51+0.30 61.96+1.48  75.78+8.28  63.661+4.34

RHKTjik (MVC-CA). 5 IEEE T8 B T A
[, & 4 s AT BIE RO, RS HEZE T
BEAT S OBUE 22 o) S R RO . A, B E
Bl R 22 B RR R B TR R SR ZR 0 A
ITEhA R E. RS LS IA ZUEEITy
IR EESERGERAE T MVC-CA st A 5.
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