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Abstract

and remarkable technique for signal and image processing. This paper made a survey on the latest research progress in

As an important development of compressed sensing theory, matrix completion and recovery has been a new

matrix completion algorithms. Firstly, it analyzed several main algorithms to nuclear norm minimization model, and elabo-
rated their iterative procedure and principle. Secondly, it discussed low-rank matrix factorization model of matrix com-
pletion and listed the corresponding new algorithms emerged in recent years. Then it complemented other versions de-
rived from the above two models and pointed out the solving methods. In numerical experiments, performance compari-
sons were made on the main algorithms to matrix completion. Finally, it gave future research direction and focus for ma-
trix completion algorithms.
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2 H B R B R AR

min | Z2M—2) || }s.t. | Z] <o) || Z || max<R (52)

IRRARE AT A AE D B R AR A

Xg;l;r}w | Za(M—2) || %

st (Wl z

\ZT W,
diag(W) <R, diagW,)<R, || Z || -<a
. 17 o

)>0 (53)
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s.ttmax{ | X[ e, | Y[ §e}<R (54)

maX| (Xy)ij |<a
A P — B B T Bk SR A /ML T) R (54)
5.5 {R#EILIER
FHE X BRI EA LA #E N X=LR" , 2 Le
R™, RER™", Wi, X MATEHOH 2 5 R

. 1 .
[ X[ »=min [L|Fr[RI|r== minC[|L|;+
T x=IRT

o 2
[ RI (55)

Bk 5] R (8) Xof f Gk A S AR Ay

min LI+ | R|%,s. t. ALR")=b (56)

SR 7 e (8) W B M A B R Bk 3 43 K WU e A Ak [
@ 5RGOFEH . CHRL15 82 H TR A= (56) 11 hitk
B H e 7k, SCERL36 % =X (56) #E4T IE 4k , 3508 FI 66 BE T W
5.6 JESIsERESRRER

e 70 6 B 3 i 2 At 38 A AV R R ) — R AT B T 1k
TRARABAEERE M A RBREEX 5Y 2], B
FAR A RE 43l I e A R 0T

min | 2o (M—XY) || }

st Xa=>20,Y,220,i=1,+,m, GD

k=1,"‘,r,j=1,"‘,n

Hp,XER™ , YER ™, rKmin(m,n) , ¥F_EiREAALIE
R, SCERL37 1568 B3 Ak 388 SR PN IR 5 B/ 3 [ R
FEXF BNl £ /) 3 [ RS P P 8 JBE 1 SR A 5 SCR38
21 ADM 7Bk g

WAL RN E TR EER N BRI S B BILB
MM RAESR AT R 7 1 360 L IE AL B0 R EHT AL
B ME-SHBE L %,

6 SKIESHR

SEANTHIEE F M A2 T E BRI, B
KBk n ARIEBIRE .
6.1 AI#iESE
BEBLAE BBR Ry 7 1) m X n HERE E ML, A B AN M=
MMy, ¥ M, € R , Mz € R*" ,»<<min(m,n), 5 M. .
Mg K945 0 Z BAH IS BRI R 0 ARiEZEN 1 B IE
BOYAG . RIS MGEATRENIRAR SRR EE S
Q, REEBEIE R po RIBETEEM AR FIICBREE B R
RIS AN M IR FRETCE , 425 RN M,
Xof F4% T B A 2B 1 (GROUSE [R41) B4 1E 454
| Zo(ME) =P (VD || £/ || Pa(MD || p<le, H:H MF S M )5S
k UGB RN 245 R, e AR, MHMNRZE | M—
Ml s/ M| rREREM frhatete. EEMHEES, 3T
BEMBL r FRFEEE p  HEMA2BEER 10K &F
EH BT A GEARBCRAR ST R 22 3B . 7ESEEeH , BL
m=n=1000,e=10"*, 1 M ) & th B dr=r(2000—1), %
& =10.50,100 iX 3 FHET , LBt Rk 1 Fizl.
e 18

x1 AMEEHEERN MRS

ik #% p/dr p/n? BAHE(G)  HRAHK  AHXEE
10 6 0.12 85.0 117 1. 66e—4
SVT 50 4 0.39 559.3 113.1 1.62e—4
100 3 0.57 1359. 1 128.7 1. 70e—4
10 6 0.12 18.9 91.6 4. 69e—4
FPC 50 4 0.39 83.7 70.1 3.05e—5
100 3 0.57 132.3 79 2. 25e—5
10 6 0.12 10. 2 37.7 2.7le—4
APG 50 4 0.39 28.2 51 3.77e—2
100 3 0.57 360. 7 49 9. 60e—3
10 6 0.12 8.1 45 1. 40e—4
TALM 50 4 0.39 30.6 25.6 1. 44e—4
100 3 0.57 89.9 28 1.53e—4
10 6 0.12 66. 2 24.6 4, 94e—5

OptSpace
50 4 0.39 6804. 5 34 2.00e—5
10 6 0.12 4.2 — 2.05e—6
GROUSE 50 4 0.39 39.7 — 1.57e—8
100 3 0.57 137.1 — 4. 56e—5
10 6 0.12 6. 4 26.1 1. 56e—4
SVP 50 4 0.39 28.4 29 7.07e—5
100 3 0.57 75.8 33 6. 25e—5
10 6 0.12 1.8 28 1. 54e—4
LmaFit 50 4 0.39 4.6 21 1.43e—4
100 3 0.57 8.6 21 1. 58e—4

ot 0K Bk A B4 43 fif 4 AL 1) OptSpace 7 ¥, X4 r= 50,
p/dr=48}, i F BRI AR R K, B RS T —RE R
G5 =100, p/dr=3 i}, iz 7H A K, WA A L4
o WETPRTLUE S W FRERMm AR 4 FEE,
APG FIAHRHRZ F R, KB 3 M ikbik sl T 10 BEAKAY
BB, T IALM iz 170 Al e, Bk R, xt F1%
RRA PGS A AL, 4 Fh B L0 A B T 3T I A iR 22, T
LmaFit {3217 1508 , UK Bt K. TALM 5 LmaFit
ML, JE#E BB R, BT R e A R B, T 40
B A e LR M B R — A TF IS,

6.2 EfgikE

it 6. 19 4T AT %1, IALM #l LmaFit 435I R B2
BRI BRI . AT K X PR B R R
o, “RERNTIRBE BRI 43R 194X 259, RAEEHIE N ps
MSRAEMER A sp=p/(194X259) , & 4 FREEAMER, B sp
=0.1,0. 3,0.5,0. 7,43 348 B IALM 1 LamFit e #h & F 5%
JCHE . FEIA{EME L (psnr) Sk BE R B IA MR 2 P RE, b e
LamFit 83k, % 8 psor S KR EL » WBUEEIE . SCRER
1 s .

THER

IALM
HaEg

LamFit

4 ER

psnr—'24.45(—)
(d) sp=07

psnr 00(r=-17)
(c) sp=05

 psnr=2126(r-9)
(b) sp=0.3

psar=17.27(r==33)
(a) sp=0.1

B 1 AFEREBERT IALM H LamFit KK EHERELLE

FEE 1 RRFEE B, RRFETEIEZRITEHEER
ECEP 255)3k KR . MBI 1 ATLLE 2 24 sp=0. 1 71 0. 3 i,
LamFit K E HEEEIL T TALM; 24 sp=0. 5 1 0. 7 i, IALM
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