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Abstract: With the rapid development of information technology, massive amounts of multi-view data are constantly emerging in
people’s daily life. To cope with such situation, multi-view learning has received much attention in the field of machine learning to
promote the ability of data understanding. However, due to the difficulties such as high cost and equipment failure in multi-view data
collection, part or all of observed values from one view can’t be available, which prevents some traditional multi-view learning algorithms
from working effectively as expected. This paper focuses on the missing view completion for multi-view data and proposes a view
compatibility based completion method. For each class of multi-view data, a corresponding shared subspace is built by means of
supervised learning. With the multiple shared subspaces, a view compatibility discrimination model is developed. Meanwhile, assuming
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that the reconstruction error of each of view of multi-view data in the shared subspace takes the independent identical distribution, an
approach is put forward to seek the shared representation of multi-view data with missing view. Thus, the preliminary completion of
missing view can be performed. In addition, the multiple linear regression technique is implemented to obtain a more accurate completion.
Furthermore, the proposed missing view completion method is enhanced to deal with the case of the denoising of noise-polluted
multi-view data. The experimental results on some datasets including UCI and Coil-20 have demonstrated the effectiveness of the
proposed missing view completion method for multi-view data.

Key words: multi-view-learning; missing data completion; shared subspace learning; view compability; cross-media computing
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Fig.3 Multi-View missing data completion framework based on view compatibility
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Kl 6 UCH ZHHEF S i B v 414 (zer, kar) (¥ 40 £ M1 25 MEVRB HERE C =[C ]
£ UCH Z R AERE 4R AN R0 73 P RE LB AR 2,38 2 i X_knny Y_knn. XY_knn 735 7R 26 T
XA Y AL LA S X WL A A0 Y AL A B AR B R FH B0 48 2R 4% 10 23 R PR 8, U_knn Dy 3 T L S 3R AE 1 il 40 73
FKMERE, T VCMC s A SCHE H 1 3 T 400 M A 25 14 (view compatibility based multi-view classification, & 7
VCMC)HEAT 43 28 1) 43 8 11 R, B o B0 1K) 2 B008) e B0 1 R A S A IR AR (SR 1t s AR b T LA U, 5 oAt
THEARE A SCR Y VCMC J7 iR B 1 WX A0 9453 o (] 422 3 B, 22 W0 i 00 1) B AT it i 46 =245 6 )
FH R A FE 25 BT A0 3 ) 0408 T DA A 288 2 vy 20 S M R [ B, AR SRt T IR 1 S 408 7 2 48 1 B 39 B ) .

Table 2 Classification comparisons of different methods on UCI dataset
2 AFEIETE UCH Hdls 4R By R gexs te
WA X A Y X_knn (%) Y_knn (%) XY_knn (%) U_knn (%)  VCMC (%)

fac fou 96.90 79.90 98.25 96.40 98.00
fac kar 96.90 96.20 97.45 96.45 98.20
fac mor 96.90 66.60 97.65 84.75 95.70
fac pix 96.90 97.90 97.85 94.35 97.90
fac zer 96.90 79.00 97.55 97.35 98.35
fou kar 79.90 96.20 96.65 92.65 96.65
fou mor 79.90 66.60 81.90 82.20 85.35
fou pix 79.90 97.90 98.40 94.35 97.90
fou zer 79.90 79.00 83.90 81.95 85.65
kar mor 96.20 66.60 96.90 91.05 97.35
kar pix 96.20 97.90 97.70 95.05 98.05
kar zer 96.20 79.00 96.90 96.75 97.60
mor pix 66.60 97.90 98.30 92.65 97.40
mor zer 66.60 79.00 82.40 73.65 83.25
pix zer 97.90 79.00 97.80 97.20 98.15

522 ZMABREIEAETER D P

N T SIS T AL A A A 10 22 WA e R R D A R R, AR SO0 BIAE UCT 4TS5 4 48 . COIL-20 %4
FMN T A R BT T R4

A.UCH %dia 5 b (¥R sk SR b 4 1 BE 23 A

N B8 AIE D 4 T e, A6 122 Al B 10 R R AL, U RE A (K 5 S AL A S 2K 20 1) B9 0 590 8 DA (s-1)/s=20%,
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40%. 3% 3 45 T A R B A B 5 LA (s—1)/5=20% 55 (s—1)/s=40% 4%t UCH i () #b 4 P BE X EE. 36 A ) KNIN
FeoN A 22 W0 A R AN A 8] 1 300 40 O B 1) 336 A 8 e e 76T B 1) 1 A0 RE AR I (B SE AN A (W 1 BB LRC RoR
32 8 ST A A 18] & 4 |1 ) (linear regression completion, & Ak LRC)BE R SEBLAN & i M A 1T LLA 5 H A VLA
bl A S SRR B U R A 1 R, 3 R P S s T S )RR A R 2 1 ) A B T I 2 R v AL A R R T

A tERE.

Table 3 Performance comparisons of differnet completion methods on UCI dataset with (s—1)/s=20%, 40%

£ 3 EHXF UCH BB £, A R B3 E (s—1)/5=20%,40% | ) #h 4 1 BE Xt B (NRMSE)

W W (s—1)/s=20% (s—1)/s=40
Y KNN (%) LRC (%) AL (%) KNN (%) LRC (%) A (%)
Kar fac 9.97 10.84 8.74 10.12 11.04 8.92
Kar zer 11.91 10.83 8.94 12.06 11.06 9.96
Kar fou 13.22 12.91 9.56 13.38 12.22 11.15
Kar mor 13.96 11.99 10.64 14.12 12.84 11.01
Kar pix 9.35 10.59 6.66 9.49 10.84 6.83
Fac zer 12.00 8.81 5.89 12.05 8.85 6.17
Fac fou 14.24 11.24 5.29 14.29 11.31 5.72
Fac mor 15.13 12.21 8.33 15.18 12.27 8.42
Fac pix 7.82 8.60 3.97 7.87 8.65 4.17
Fac kar 8.46 7.10 5.43 8.50 7.17 5.52
Zer fac 8.80 8.60 5.18 8.94 15.67 6.55
Zer fou 12.43 11.54 5.11 12.63 11.75 7.44
Zer mor 12.81 12.68 9.02 13.01 13.32 9.81
Zer pix 8.30 11.97 4.14 8.41 12.23 5.01
Zer kar 8.86 8.60 5.18 8.98 8.73 6.76
Fou fac 13.56 13.55 13.40 13.67 19.94 13.50
Fou zer 13.85 13.47 12.69 13.98 14.25 12.87
Fou mor 14.90 14.21 13.12 15.02 14.31 13.27
Fou pix 13.56 14.19 13.43 13.67 15.07 13.53
Fou kar 13.82 14.44 13.38 13.94 14.11 13.56
Pix fac 22.33 19.54 18.55 22.39 21.88 18.68
Pix zer 29.42 24.23 17.72 29.47 24.35 18.25
Pix fou 33.67 32.42 17.20 33.69 32.16 20.21
Pix mor 36.06 31.20 22.86 36.06 31.24 23.04
Pix kar 21.92 16.05 15.68 21.96 16.09 16.25

B.COIL-20 ¥4 5 b 40 1 Bl 25 b 4> 14 B 40 47
£ COIL-20-30° % COIL-20-60°%4f £ b, AN [ S 1: 78 e 2 AL A 6k 2 38 43 1 A1 43 31 2 (s—1) /=209, 60% (1)
A RE T L WLER 4,385 AR S8 W] E— 25 1 B R 2 A0 A 00 I 0 A 28 AN AT BT A A O B 1 R 4
BEA, R MRS 1 58 S B b U0 2 00 A G SR PR 4 AR B 7 A T AR SCBR AT KNIN7E COIL-20-30° %5 42 1=
BT X RR A 578 A 2R ((5—1)/s=100%) 17 i HEAT #h 42 J5 1 45 SR R 58 1 AT D 2 vf IR (B 58 A 2R R AR A1), 26 2

1T 55 34T N EE T A SRS KNN TPk AT #h 42 5 i 45 R

C A T HHa g LA A SR Ab A e 73 AT
N T ISR A SR B R, AR SCIEAE N A K 2 40 A Bl 4R LT 1 SR i6 AN A e R B T
(s—1)/s=20%,609% F 15 L, AN [ 550325 B fh 4= PR REXS LE L3R 5.3 78 N & ol i Kol 42 B db AT S 38, 78 0 IiiE 1 A

ST AN S A R

Table 4 Performance comparisons of different completion methods on COIL-20 dataset with (s—1)/s=20%, 60%
4 EHXF COIL-20 H¥E 55, AN [F) S 7E (s—1)/s=20%,60% T 11 %h 4= 14 BE % E (NRMSE)

EZY, S E S (s=N)/s KNN (%) LRC (%) (%)
. 20% 8.61 4418 6.23
COIL-20-30 60% 8.64 44.23 6.38
; 20% 7.92 56.05 5.72
COIL-20-60 60% 7.93 56.22 5.85

© PEBEEG T

http:// Www. jos. org. cn



954 Journal of Software #/+% 4% Vol.29, No.4, April 2018

Fig.7 Performance comparisons of different completion methods on COIL-20-30° dataset with (s—1)/s=100%
K7 XFT COIL-20-30° % 45 £, A [F) 5% A (s—1)/s=100% 17 B T~ A9 #h 42 1k E 1 6] LE 17 90

Table 5 Performance comparisons of different completion methods on synthetic dataset with (s—1)/s=20%, 60%
F5 AN AT A BEHE, AN F SEETETE (5—1)/5=20%,60% T (11 £k 4= M §E LE B (NRMSE)

(s-)/s KNN (%) LRC (%) AL (%)
20% 1.95 0.63 0.14
60% 1.97 0.64 0.18

M IR g UCT ZadfE 45 . COIL-20 % 4 UL & N T & AR 2200 A 50 0 b 4 10 S 36w DU AR SC ALV B
AR F A SR B A M A% o 2 A EHE ) 0 S M 19 2 A0 A AR AT 9 kI ARAS B A A Ik, DL A
I¥) /S P A7 7E f A R 2R M it 55 R ST KNN F1 LRC #h4 75 iR M BE 5 22 X R W AR U EVE B AL = 7
2% ) ZE 7 A0 R R 2 P A 0 o T )BT D8 2 A AR ST B B A M S T 2 AR B ) B SR A 2R B
M.

5.2.3  E M (¥ 2 A0 A B0 1) 2 R R 3 AT

NIGTESE 4 AR IR EE T A Rk A SEAR (AT T S 2 R A B (0 B M i, AR SR IR 4T COIL-20-
30°LA K& COIL-20-60°F 4™ % 1 A B4 48, NG 8 FE AR FR BB AL 3% 90% 44 BJE M 75 I ZR 42 F T I 2R B A ()4
HH B 22 W0 A AR 2 T A AR T R 4% B L0% 1 IR AR A ot T IR A R A XA At (%) i e R 0.02 f
T I 7 DU B2 R 7S 1 2 A A H R R 6 45 HE T AE COIL-20-30°LL K& COIL-20-60°H /> 2 1L 203 45 L1
Bée e ek B LU B0 SR R AT DU AR SC AR B IR B 1) 23 Mk e ).

W S N 7R MR 20 0o 25 S AL AR B 8 4h T S IR SV AE COIL-20-30° B # 48 I 19 25 M M R %o Ll
Ot AR DB W b AR S BVETE MG 58 U T AR 35 FEAR S0 oh R B IR Uk . v T I 3 R e T AN IR
(B AL T ) 25 M vk T AR SRV 3 e R O A TR R M T A b T PR R L Xt — PR, 2 A
B A BOA 2 EAMEE B TR E RS R B

Table 6 PSNR (dB) based denoising
performance comparisons of different
completion methods on COIL-20 dataset
F6 AL COIL-20 #da 4k b
W PEREXT L PSNR(AB)

ZOMBIEE PR SRR A
COIL-20-30° 23.92 21.46 26.39
COIL-20-60° 23.93 21.46 26.78

Fig.8 De-Noising performance comparisons of
different completion methods on COIL-20-30° dataset
K8  R[AISVETE COIL-20-30° K4 4 b 1) 25 W 1 g of EL
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Bt 0T 22 WA B SR K ) R AR SR — i R LA AR A B A 5 ¥ 12 5 T A T T e
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