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CMvSC: Knowledge Transferring Based Deep Consensus Network for Multi-view Spectral
Clustering

ZHANG Yi-Ling, YANG Yan, ZHOU Wei, OUYANG Xiao-Cao, HU Jie

(School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: Spectral clustering, which is one of the most representative methods in clustering analysis, receives much attention from
scholars, because it does not constrain the data structure of the original samples. However, traditional spectral clustering algorithm usually
contains two major limitations, i.e., it is unable to cope with the large-scale settings and complex data distribution. To overcome the above
shortcomings, this study introduces a deep learning framework to improve the generalization and scalability of spectral clustering, and
combines the multi-view learning to mine diverse features among data samples, finally proposes a knowledge transferring based deep
consensus network for multi-view spectral clustering (CMvSC). First, considering the local invariance of single view, CMvSC adopts the
local learning layer to learn the specific embedding of each view individually. Then, because of the global consistency among multiple
views, CMvSC introduces the global learning layer to achieve parameter sharing and feature transferring, and learns the shared embedding
in different views. Meanwhile, taking the effect of affinity matrix for spectral clustering into consideration, CMvSC learns the affinity
correlation between the paired samples by training the Siamese network and designing the contrastive loss, which replaces the distance
metric in traditional spectral clustering. Finally, the experimental results on four datasets demonstrate the effectiveness of the proposed
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CMvSC for multi-view clustering.
Key words: spectral embedding; affinity learning; knowledge transferring; multi-view clustering; deep clustering
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22 W PR 540 2 0T A [ B8040 R AR IR AS [RIRFAE 2 s, AN (R A B A AR [R] AR AR AR 28, DRI W] BAA 2k 22 40 1] T 41
FEAEAE— B A0 — B0k, RVAS [0 A0 P P 50 Kl 23 B AZ o A R I, BT TRk LA 4 JR — B0k, A, AN A4 1 7
FEOE R M@ B S B AME, B, Gkl G 2 0B IE R 7 — SRR RaR AR IR RIA R 0,
M A MR KR, AR T —Me Ry N2 1EH 2 - —BUERE, RS8O SRR 5 7
S ARSI SRS ARG, TR A 2 AP EE B — B N

RN )ZE S R EIAL, FEER AT )Z (dense) X Hdl Kk AT AR e, Hoh TR A
ST — Bk SR EAME ) — B 2 A RN, HEE T IR 2 I HR, HAAKHSEIL =M M4 24240
FRAT AN — BOPE R AE, AR5 B v 0 EURR AT 1R PO 2% 28 AN — BCPE R A vh R AT AT S, AT Ak G A R L R
AR A B, PR 75 s

o i

122 Y 6% v [ 2 402 R A A R 8 S IR R (P OGRS 2, NI S 30 R B & T 40
PREA R o0 A RFAE SIS 0. % 8B 2 S RAETE 20— Bk, AT RSB =288 E 0 2 M LE
HEATHFAE RN, BUGLIETA AL I I R0 2 ) )3 o, TR A 42 2 AT 22 20, T2 4 22 A W0 I 3L == 1
S AEAE, HACARIEAWT

H, =@(concat[H;...;H/;..;H]) ™
Jort, OF7R Bk R4 210 B4 1, concat FORGUIE, HY R v AL 10 R 525 51 R .

. EEE
ST, % WL B 1 — REAE 0 V2 Mt A . DR, S BB 2 ) A5 T e 77 45
B TN A WL 2 AT AN, 2 B Y L RS A A 4 B B
GEFEkRE ). e, T WL AT BT 602 /R Y PR G 0 S5 J i P WY,
W AR LML {3 B FFAEES, 5 4 B B 2 S AT R 2, LS BLR FWL o RS,
AR, T ik
YY=WYoH, +HY ®)
S, o7 Hadamard B, ENGE TG SR WY SN2 31 2K, T A VA R B 0 TR, B L
B, RATARE ) T R SRR, I SR % WL B A SRR, Y AT A AT
L CMVSC 510 4 M A B R RS R, U R A AT . PR, S5 4 2% 5 J2 04
AR, BT ML 5] SRR, 1B b AT B K
Ao 2 51 R B MR L UL 2 [T % S, DL LB R BN DR, % B2 2%
500 FL B BT 2
L= D B ©)

o, v R v Ay SR AR TR R
323 IEXLAHRZ

e GE TS A VL TP Dy et Gt B JC U (trivial solution), W 2 SIANIEACLR. “TCRE 3R N T i/ Mb
TR B AR R eR R, AR IR T A RO S N AV A 2 R R R O R — R, DRSS H R K R B /D
EIXHE R 45 R0 T R BAL S5 2R i 2 TR, AT B 205 28 5 5 BRI, A4 BESRAF BT 1L
XI5, fE CMVSC 1, [RIREN Tk S Lo sk, RATET T IERRAREA T5INIERRZAR, 15

(YV)TYVZINXN (10)

Hodp, YRR S v AN RS RN, | SR R R

ERARZNH W5 5 R W ERL AR —3, LR —FRRIERN, LLORIE R &5
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SERAT B, FEA S, AR Cholesky M SEILIEAZ AW, I IER AR E B BAE MK RTZ, ™
PR UIE S 283 H 1A 00k
324 HFErRE

Zi b ik, CMvSC =222 [ [R] i 42 4 S A P 1) Jm e 15 L S5 2 IR D 4 Jmy 3L i, BRIk, 811
H AR R0 23 2 JR B 2 PR 5 A R 2 BRI 4, R R

g:a—@iq+1g (11)

Horb, Ly RoR R oA SRR, Ly FoR &) X R IRk, AR AP R K (1011 2 80 Ly B 2T f
MWL, AMMEIRNZESR, I B KA SRR 22 57, AR 15 5L 4 1R mh A5 HE AL IR RE AR 1) B 3R (7 AR A
ML, PRUE SR A ANAZ N Lo F) T 102 P2 AN (R MR Pl i) 10 2 ST 983 2K, A5 AN [ R P T 0 ek 2 A A D B 55 3 )T i
—H, RIEZ L 2R — Sk, AT R A X R A R 2D R R A H AR R B P IS, 208 0
I, 2eos K5 R Al B RO, A LI, 94 5 18 22 A IR 1) FR 4 2K

4 WENGESMHL

4.1 MLEilgk

BT AT 10 5 0k N2 3 R0 3L T3 B3 9% RO 408 25 30 % v ANl R, DR )1 e A 2 A vy
(1. 4k, TR CMVSC 3& I TR BE TR AT S5, Wi A\ 2% 2] 15 10 A0 2% 31 1 I 48 I 4k At ¥4 O I Wi B¢
AT R AN A S WA, T R N R A SR e AR R O 45 . (AR R RN 2 ) M 4
(ot 4R B cCRIBELH), LAIRTG SRR HR R AR
42 EFKRB=EIIE

2 I EEE T, RN LA AN [ R RE o A R, R B AT 2 A P DD f R B EOR
YIRS, TR DA A 8 o 22 o RRR AIE 45 4 22 S (RIS W49 B TU R A R, TEVE SRS A 280 — Sk i o Lt
CMVSC K I3 T4 45 7] (code space) ) Il 25 J7 7. H6T- A AL 2 [7] ) 2 32 i 41 I i B 20 ek 01 S 1y R Y
Fe g R B 4 it 2 0n, LW R A 5D (U AR RS SR A R AR 43 2 TR S i 2
T WA U AP35 SR (0 190 4% A 4 A0 A A 2 A8 I et R o o5 AR 2 ) AR 2 Bt 0k . BRI, AR
B TAE S, A% SpectralNetl AT MvSCNI b 15 32 R 1 JE T AR A1 2% [7] ) 22 14 4 g S N Bt 0 205 2, 4%
JENH CMVSC HEATARER. ESCEGEE 4y, BATRH SCHR[34] 9 (R BE 1k N R 25455 (deep embedded clustering,
DEC)X J5UUA 28 HEAT b B8, $RAF AR 4k R I5 A 2 & AR A 4% 1] ) 435 T CMVSC [ A\

5 X Iy

AT PEAL CMVSC 5 11 ML RETE 4 AN & PERE. IeAh, TRV P 2% P 45 0 v vt 1 S e
WP REA SRR
51 HIEE

SR E Sy, RAVESET 4 2B B T Hae P fh, A46:

e Noisy MNIST: FAT1R A A B SAE AP 1, 85 BTG B2 R AT e 75 Sk M s AL 2. il
e, BAVEE RS 70 000 A X B B0 45 (N #dE B2 hitp://ttic.uchicago.edu/~wwang5/
dccae.html, createMNIST.m);

e Caltech101-20: ATI4REL 6 FiF TAFMEAER 6 DAL, 045 Gabor 51 Wavelet Moments 41
CENTRIST #fE. HOG #F{iE. GIST R4EM! LBP HF1E, HAE T 20 30, L 2 386 7KK Jr (T Hitik
$: http://www.vision.caltech.edu/Image Datasets/Caltech101/);



1382 AR 2022 % 33 A% 4

e Reuters: AT Reuters £t BB RCASRT 4 PhEIPERRA (RLREVRTE . AEIE . VEBEF IR MR K
FITEY R IE 2 B4, HEET 6 AN, It 18 758 ANFEA(F #i85E#:: https://archive.ics.uci.
edu/ml/datasets.html);

o NUSWIDEOBJ: FATE#: NUS 24t 5 P 4F k(L4 Color Histogram, Color Moments, Color
Correlation, Edge Distribution f1 Wavelet texture) i i % M £ d5 4, HAAE T 31 4N2851, 1L 30 000
ik B (N 885 #%: http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm).

K Z B LS B T AL GERLAS 2 S 7%, O MR 4 I 5o AT AT A7 W AR tH . R 2 iR O I 458 i)

i, Rk, %FF Noisy MNIST, Reuters fl NUSWIDEOBJ %idfi 4, FRAIIBHALIEPE 10k b HEAT 52560, AT 5246
HHREMEAE B 1
F1 HRETAGEE

Hhi s MIEH HEA% LRI Kigs
Noisy MNIST 2 10 000 784/784 10
Caltech101-20 6 2386 48/40/254/1984/512/928/2386 20

Reuters 5 10000  21531/24892/34251/15506/11547 6
NUSWIDEOB] 5 10 000 65/226/145/74/129 31

5.2 FLLE X
AL TAEER T 10 ANEVESTRAT CMVSC BT LLE, a7 3 A syl ISR SRR 8 2 AR 2R 2K
Hik.
o HLEIZRAE5E: (1) Spectral clustering(SC)E®: (2) Low rank representation(LRR)!*?; (3) Spectral
clustering using deep neural networks (SpectralNet)!"";
o ZYEIZEASE L (1) Deep canonical correlation analysis (DCCA)EY: (2) Deep canonically correlated
autoencoders (DCCAE)BY: (3) Diversity-induced multi-view subspace clustering (DiMSC)™*); (4) Latent
multi-view subspace clustering (LMSC)?®: (5) Multi-view clustering via deep matrix factorization
(MVDMF)2: (6) Self-weighted multiview clustering with multiple graphs (SWMC)®4., (7) Binary multi-
view clustering (BMVC)!; (8) Multi-view spectral clustering network (MvSCN)® ..
h SR A 22 AT B A VP A A B R R EE, A A A AT G, AR R IR
P & AR B PG 45 5. 4k, DCCA Fil DCCAE FU&E F T AN ML I BB 4, LB 13 6 1 g
AN VR Ay e PP Al 45 R

FF T Bk VAR CMVSC, BATTI8 8 P 256 1 ARAD 2 1) (9 A 4 RS VE 9 B i N . 0T S 40 1 b
Ubuntu-16.04 #:/E & 4c 1528, FI ] Keras Fl TensorFlow HEATHEAL#4 &, SR 1 Bt NVIDIA 1080Ti GPU Jil.
{HAF— 2L CMVSC R H K-means 5320T 99 26 4 H VR AE 20k EAT Hcdi Rl 43, 9 R AT REFRAIK K-means 532
DB LA AR A6 SR IS 45 = AR I RS, AR SE Rk Re v, FRATTOT W) 4 %yt 1EAT 10 WX K-means %28, H &k
PEAIE AU T 1 (seed), e 235 B o U 11 45 SRR b S0 di &) 43 &5
5.3 MEEITMIEER

AT AR A e R (ACC) . F-measure(F-mea) flAR MEAL H5 BAE(NMDIX 3 AN FEFR TEAL T4 H
CMVSC 57 Lh Syt fig, L b 3 Fhdetnds M E R, WA T,

ACC RRRAB L RN ZE, IEMIE RZ, ACC K, & 4 T

X, 8map(3). i)

ACC =& = 71271 12
N (12)

Forpr, NCRFEAREL, Ay 23 RIS ES | SRS B ) S DR R AR S S FLSEAR 2. map () BT TR 45
TC PR SIS A 28 W ) S8 A PR BCSEAR 2. O, ) s WS Ji5 PR SRR AR 28 2 75 55 JCSEAR B A ) A ], W &, )=1;
2 0.

7 e RN
e LE MM
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F-mea /& il i 5 A 42 26 N A UEFORVPAG JERERE I Fiv by, ARER)E AAER (P E LW F:
TP

- 13
TP+ FN (13)

_ 1)
TP+ FP

Horp TP RN ELSAR 2 Ny R R IK REAS W 38 My [R]— 28 5%, FN & ELSEhREE 0 RIS I RE A B 28 N AN R ZEF%, FP R
FCSEARZE A AN R SRR A 28 A [R) — 2%
F-mea £ &5 S AR 5 Ak, HE T
2xPxR
F-mea =
P+R
NMI 2 —Fh R H A5 Bag i 45 e R v R R 45 IR 5 J S hn 28 o] I AR ADURE B (i Fe A, HLok s AUk
NMI =2X&
H(Y)xH(Y)
Horb, Y Y 4> B oR g i B SRS A RN EL AR, 1(Y,Y) KoL B SR A M TAE R, HO)#R
N BAR RS RTEEA R

0 =3, %5 '°g[|v| Y, J "

(15)

(16)

_yoe il oo il
H(Y)_ .1 N Iog( N ] (18)
Horh, my KRB O 28 | 28T R SERRZE N B | SRR A S, N R A RS, o 2 RIREL

4 SEIGE R MG ERILIT

CMVSC H ) B 2 B AL R I A 2% > v 10 408 i k R i N 2% 50 P R0 K e SR P T S 400, DR,
A EETHE L LS E . Wi 2 Pros, BATE 4 DB R T AR SRECK B2,

1000 80
i Wi oot 8= -0 o oo ot
19, 5 4 |
- L - gy &0 WW’
@0 | 50 B e a e e
- “_/
9H. 5 4 1 {1 =
N W | "
] . wd —e— NMI(%)
a.54 —8— F-meal%) | —8— F-mea(%)
—— ACC(%) "1 —— accw
07.0 0
1 3 5 7 L] n 1% 15 17 19 1 3 5 7 a 11 1 15 17 19
I ek i ik
(a) Noisy MNIST (b) Caltech101-20
& W0

—e— MNMI(%) —e— NMI (%)
104 —8— F-mea(%) 54 —8— F-mea(%)
—— ACC(%) —— ACC(%)
0 1]
1 9 1 13 15 17 49 11 13 15 17 19
R Ek i
(c) Reuters (d) NUSWIDEOBJ

2 ZHK IS L AL
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A H, CMVSC X 7484 k & E I HBUK, ARTEREAX Fa €. AEspracsh, MET Noisy
MNIST, At 3 MEHEA 40 fE 4L k IEYE I 3K, JREELE T ARE b, AREiME s ME. midlfh 3 4
BN EER 2, YEREL 2R EREE, PR E IR IE IR TR S B 2 R/AME, 1 AR UL 48
FHE W PR KRR, I 2 10 1 A8 249 SR 206 T 12k 58 LT A8 43 i

w3 Frw, TATE 4 NMEIRE BHe TARFESEA T IR, nTLSH, AFREEEEA S
K-F 0.0005 I eSS #a T Fa e

UeAh, TATVE T 4 NEEREM RGN Z SN GREUR AR 26 B, W 4 fros. W RLEH, i8R £
YJZETT 20 Yk Epochs HH R i 8k

BE, ARSI 25 R T STk, TAIL T A B E S B E DR P4 25 IR TR, o3 il L3 2 N
* 3.

100, 0 100
- —e— NMI(%)
L 40 1
3 a— |-men (%)
9.0 50 4 —— ACC (%)

B 0 ."II NML (%)

— . e
K25 I-"—‘_-.___’I —#— Fmea(%) | 40 4 '-____'—
—»— ACC (%)
0. 0 an
le-05 Se-05  0,0001 00005 0,00] 0, 005 0,01 0, 05 le-05 S5e-05  0,0000 0, 0005 0. 001 0, 005 [N} 0,05
A A
(a) Noisy MNIST (b) Caltech101-20
) 30,0
o —e— NI (%)
50 o #— [-mea (%)
bt —— ACC(%)
T T
20,0
i} r/.’_’r’k—k".—_’_‘ | -
—a— NMI (%) 15.0
2 —=— F-nea(%) | L
—— ACC(%) e
10 T T 10.0
le-05 Ge03  0.0000 0.0005 0.001 0. 005 0.01 0. 05 le-05 Se-05  OLOMOL 00005 0,000 i, 005 0. 00 0,05
(c) Reuters (d) NUSWIDEOBJ

3 ZHAN WAL

—— Noisy MNIST |
8 |
—— Caltechl01-20
—— Reuters
w8 = NUSWIDEOR]
'_é
Ea
i
0 5 10 15 2 25 W 3 A0 45
Epochs

B4 4 Honde ERUIZREER A0 Hh £k
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#2 SHREWMER
i 4k T 4% SRJEE k| B HA | #itik(batch) | IEASHEYR (orthogonal batch) | 2% >] %
. AR 2] 128 - 0.001
Noisy MNIST WA 23] 13 0.000 5 512 512 0.001
b £ 128 - 0.001
Itech101-2 N 15 . 5
Caltech101-20 | e A 55 0.000 512 512 0.001
UL AR > 128 - 0.001
Reuters RN 20 0.0005 512 512 0.001
b E==| 128 - 0.001
NUSWIDEOBJ N 2 . 5
v T fi N 2 3 0 0.000 512 512 0.001
® 3 MESETEAE R
a4k P | RN
Dense (ReLU, size=1024) Dense (ReLU, size=1024)
Dense (ReLU, size=1024) | J&i~%>) )2 | Dense (ReLU, size=1024)
Dense (ReLU, size=1024) Dense (ReLU, size=1024)
Noisy MNIST Dense (ReLU, size=1024)
Dense (tanh, size=10) 45255 | Dense (ReLU, size=1024)
Dense (ReLU, size=10)
ERARE
Dense (ReLU, size=2048) Dense (ReLU, size=2048)
Dense (ReLU, size=1024) | a2~ > )= | Dense (ReLU, size=1024)
Dense (ReLU, size=512) Dense (ReLU, size=512)
Caltech101-20 Dense (ReLU, size=512)
Dense (tanh, size=10) NS Dense (ReLU, size=512)
Dense (ReLU, size=20)
IERYNE
Dense (ReLU, size=512) RS Dense (ReLU, size=512)
Dense (ReLU, size=256) | """ 7 /= | Dense (RelU, size=256)
Reuters Dense (ReLU, size=256)
Dense (tanh, size=128) 4R35 | Dense (ReLU, size=256)
Dense (ReLU, size=6)
ERLRE
Dense (ReLU, size=2048) Dense (ReLU, size=2048)
Dense (ReLU, size=1024) | a2~ > )= | Dense (ReLU, size=1024)
Dense (ReLU, size=512) Dense (ReLU, size=512)
NUSWIDEOBJ Dense (ReLU, size=1024)
Dense (tanh, size=100) A )R 3% | Dense (ReLU, size=512)
Dense (ReLU, size=31)
ERLHZ
55 fEaEEITfh
TATEAE T CMVSC F 11 AT HE S0 IR P, PR RE LA A IR WAL 4, Bt Rk 2R,
x4 XHeEEE CMVSC PEREXT L (ACC, F-mea, NMI)
e Noisy MNIST Caltech101-20 Reuters NUSWIDEOBJ
ST FE AR TERS | ACC F-mea  NMI ACC F-mea NMI ACC F-mea NMI ACC F-mea NMI
SC 66.26 66.42 61.36 | 42.50 34.15 62.41 | 45.94 38.17 22.26 | 15.32 10.33 15.58
LRR 56.96 55.06 65.84 | 39.15 29.83 59.53 | 4152 27.26 26.37 | 13.94 10.73 14.16
SpectralNet 84.68 82.21 90.14 | 51.05 3691 64.55 | 46.64 29.45 24.66 | 1538 11.52 15.19
DCCA 95.50 9546  89.47 | 4283 37.60 62.03 | 29.40 25.54 6.73 16.00 8.83 11.34
DCCAE 9492 9487 88.45 | 4476 38.87 61.19 | 30.28 25.21 8.87 14.76 8.55 11.65
DiMSC 4724 5025 34.84 | 21.46 16.59 24.70 | 4050 37.38 1351 9.28 7.49 7.53
LMSC 66.88 66.79 6194 | 38.14 30.06 57.02 | 40.06 33.20 28.89 | 1540 12.14 16.30
MvDMF 75.26  75.00 67.12 | 3596 26.23 47.25 | 45.78 2493 24.69 | 12.04 7.49 7.53
SwMC 98.98 98.96 97.14 | 4987 3553 6232 | 32.84 2059 23.00 | 13.84 4.53 9.58
BMVC 90.40 85.98 9347 | 3655 2570 56.19 | 46.96 34.82 2210 | 14.12 9.95 12.57
MvSCN 99.16 98.96 97.66 | 57.94 43.15 6792 | 4886 43.35 2585 | 16.86 11.88 15.97
CMvSC 99.42 9944 98.15 | 61.26 52.65 70.15 | 49.98 4566 28.92 | 18.37 1465 18.88
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M 4 L

T BRAE b, SRR T R R B, Uil THE T HUE, 2UEARE
SRINAFIERNEE ), & EET WA YE L,

PRAN ) 22 A0 P SR S Sk A T e iR 4 B PERR 59 TR IR 2R 28 Bk, f: DCCA I DCCAE 1 2 A4
4 LW NMI{EAICT SpectralNet, b i W AN [F) 40 ] FRRFAE Rl &5 ) B8 257 A2 ST 6, i AT 40 BSHY
s 5 S R A AL

52 MEREEEML, 7L H CMVSC BUS TG4 3, dtb it B 7 CMVSC 3@ it [7] i 42 4 .
BLPRF AR AN 2 BEPEIC SRR, - BB 2] B SME O 4 2R AE

fEA3 42112 SpectralNet 1 MvSCN 5 A< SC42 Hi (1 CMVSC 23R F B 3d W 1 82 B A R, 55 oA %
FH A% 55 10 AT 42 ) i B A 3¢ 7 19 R 28 (4 SC M1 SWMC) AR EL, SpectralNet 7 24 4 8] 8 S 413 v 2 A7 Bl
BRI, MVSCN 5 CMVSC {E Z M BB EE TP AR TS, thub it i 7 1738 R 40 B B 58 i
IR 0 198 16 DG K

CMVSC #H%¢ T MVSCN [ EZEARRE T HIAN T 2RS¥ E, N TSESEEARIEIT S, WX
iRl g, CMvSC HAT BRI RE. IEW T 2B MM UUER, GE— SR THRRE R AN R IE
fie ).

5.6 HELRIE
i TUEW CMVSC W48 FF AN A7 b, AT 7 R R 2R AR vE AT i il se 0, VP Al 45 SR nk 5
I XN S I

CMvSC-nc: Al I 3E T AR5 25 1) (AR 4 far N, BELBRT AR EUE 1 AN

CMvSC-na: A T4 LEFUR T AR % 2], H#ECR A R (4) K05 B i A8 B b

CMVSC-nl: AN RS2, BEEOK I TACHS 2 1) 1 22 W R 4k S N R 086, PR A& /A% ER
LD

CMvSC-np: ANMEHSHULEE, B EK R 32 2 )2 1% B AR IS E T R N,

CMvSC-nf: Al AT, HIESEILEZMH B E N IERL LR Z M.

#£ 5 AKES CMVSC [P REXS LL(ACC, F-mea, NMI)

Bt Noisy MNIST Caltech101-20 Reuters NUSWIDEOBJ

B\EALEFE | ACC F-mea NMI | ACC F-mea NMI | ACC F-mea NMI | ACC F-mea NMI

CMvSC-nc 85.03 8292 90.55 | 55.24 44.69 66.10 | 43.78 40.05 22.16 | 13.21 10.01 13.95
CMvSC-na 88.28 8495 90.73 | 56.48 46.83 66.82 | 45.37 41.22 2555 | 1579 11.86 14.66
CMvsSC-nl 89.13 90.25 90.88 | 56.35 47.34 68.03 | 45.88 4231 25.64 | 1567 1221 14.89
CMvSC-np 93.66 9289 9257 | 58.64 49.67 69.11 | 4797 4386 27.02 | 17.11 13.89 16.58
CMvSC-nf 9257 93.06 9219 | 57.68 49.86 69.21 | 48,57 4421 27.13 | 17.64 13,58 15.99

CMvSC 99.42 99.44 98.15 | 61.26  52.65 70.15 | 49.98 45.66 28.92 | 18.37 14.65 18.88

W% 5 FiR, AL HILL R 5 A48,

CMVSC 7EA A1 Hi 46 b 1k Bk iz iz 1 T CMVSC-nc, FH I UG W] T 36 1A QAL 243 ) (A I Ak 22 J5 AH Eb B 46y
HHEAOEEDRIURERE . B2 RABEIR. Bk, RIDEET AR MR I ZT77%, B R IR
T2 RO A B DR IR, AT B v ot R o 1 RE

55 CMVSC-na ALk, CMVSC A7 S 4F (K2R PR, IEWT T AL 0T LA 2% 1R 3 &0 27 31 L A% 48 1) 41 R B
Fey it 7 v S RE AT BcHla 1] AR RS2 O IBE. Be b, by 3 30 LR R (K3 40 2 ST IR N 2% 18 1 IEFEAS 5 4t
FEAR R, Xt PE RS TR 4 1 7 1)

AMEHT JR 2 21 )2, CMVSC-nl 5 CMVSC T LE 2R R BCRA P BEAIK, U6 Jm il 2 20 )2 94T 174
LB R AT, 0 T2 ) AL IR B A ME R AT — I, AE R BRI TR,
CMVSC-np 7E & Ei4E LV PERE SRS T CMVSC, IR B T 2 L 22 R A7 R0 I 2 30 K ) 11
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SCHRAE, 222 SRR AT — Bk, SR N O RIERE T, NI e S g
o CMvSC 5 CMVSC-nf MILL BAT SAF (R ZRRIERE, RWI TR ALIE RS REfS e L 2 ML IS AL 2 7 2 [ ) 1
AR, BE P RN R AL RE ), A5 R RIR TR AR RE

6 HZRERE

ASCAR T — P A ISR T S — B0 2 0 S SR 2K 4% (CMVSC), FITT 2 4018 2 42 38 500 AR 1
ZRETERRAE, R A 45 A TR B A ) HE AR T S VE IR IE 2 ) B8 ) S5 T RE BB ). SR AR B 1 JR RN AR T
CMVSC 5INJR#2: 2 22 I s AL R N 5 & 30 2 WL 7R B Rl 4y B4 s — Bk, CMVSC # 4 =)
S EATIRER, A% Z MR IEZR A, AL, RN RIS FEAS B & 2k, CMVSC BIAZE
A I 2 FONT LU AR 2k T T 482 2], 49 B[R] IF 2% 18 1E SRE AR sE i IR AR R R & Ja, 7 4 DN BRI SR g
R U T CMVSC FIE k.

SR, CMVSC (AN B A5 T LI 41 2% 3] i i N 2 S R AL i FE . BRI AE AR TR, A% 8k
PE AN B (AR, R AT A R R i S 2 R R
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