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Abstract

Recently, methods based on tensor nuclear norm are proposed to address the issue of tensor
completion, which have received great attention in the inpainting tasks of image and video. How-
ever, excessive shrinkage problem exists in the process of nuclear norm optimization. In order to
solve this issue, with tensor-tensor product and tensor singular value decomposition based on in-
verse linear transforms, tensor double nuclear norm based on tensor factorization is defined. We
also prove that it is equivalent to tensor Schatten-p (p = 1/2) norm and propose a double nuclear
norm regularized tensor completion (DNTC) model. ADMM is used to solve this optimization mod-
el. It's shown that the proposed method is more accurate and effective than the state-of-the-art
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methods for tensor completion through the experimental results on synthetic and real data sets.
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SRE [ B e, YRR MR RIET . Bln, ol Doy B4
17 FUIRIERZEIE 1 =B ok i, T A EERUAIRE AT P A 2 [ A — I RIS =i sk . i i
SR EAE BT R O R, AR R A O s BT e, (IR RSB E 2 R BEEE
RAPERE T . SR AT BORTE AR T Ik BRI 2 L EgiK, sk EREERME 74— MEIRIER,
A DASEIL R AT R R e SEBR b, SRR T RE A B R B AR, 7 G A RO K
DERGHIRRESE, B SK R 2]

T e R™W™™S Z=4EMITKE, X eRW™™ ZIEHMRHKKE, KEHAMRILN:

min rank (X) s.t. B, (X)="T, (T) D

o, rank(X) A x Rk, Qe {(i k) lie{t2 -} je{l2 - n} ke{l2,,n}} =T HCH
TCRAXNKIRGE, B, () AFREET, XN

P(X)— .Xijk, if(i,j,k)eQ
e o, otherwise.

@

FEFAHE kR, B CAFTKER, kT CANDECOMP/PARAFAC 4 il i) CP FK[3], T
Tucker 73 fif#[4](%) Tucker %, %71 Tensor-Train 70 [5]1) TT &%, FFET 5K &5 F4H 70 M 1) tubal Fk[6].

CP FRE UK 1 K& 7 i i) e /N, it SROE H 09 NP-hard 1] B[ 7] 5K&: Tucker #2 —4MA) &,
U R E R R I HE AR (2] TT FRo2 B 380 R T B R B AR AL R, RIS 5 A HE 1 )
BEIHATHFEA[8]. EFK, IR =Rk E AT (8 B A e A K B AR [9], T IR E A A 6]
73 ik & tubal #K[10] [11]. K& tubal Bk A& 5K & JE 5T A 5 (tubes) M 4L.

BRER/AMEBRRECE T & NP-hard 1738, FETRERKIAFEGE X, ##HE T &Mk &2 0EE K E
BB, Friedland Z5[101K ik BEAZIEEUE SCh CP R ALLS, (HARMEN AN T CP RRIEEE . N T
PUZAN AL, XEE[2)25 T —Fhak EAZ IO EUE OB R T AR FERZ Y520 A1 (Sum of Nuclear Norms, SNN)
YEJ9 Tucker BRI 44 . {H2, SNN K mBok &I NHRE, MR 1ok &8 B . v 1 Ik
Frok B4, Semerci 58 A[12], FEMESZHE LT 7k E tubal Bk, $&H TR 7k B2 704(Tensor
Nuclear Norm, TNN). Fifif5, 5k%[12] K TNN R Tk &I, 3R TR0 G SR 230

RE TNN B BENEFEIR S, HREENNE. B, 1FAKE tubal FREMAAGM, TEL
16 TNN SRR, XA A (0 & S e 2 AR [RIIAEL, AT 800 1 SRR S Ai in) . FLIR, o s 4 5K S 40His ik
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A AR, AR A A AR R B OB ALV R E Rk R B bt R DARE S 5 B 4 ) AL
SREDMRRITE, WU RO R R . TR AR AR, AR T3 T U e B ME R
PREK BT o B Y Hh Ak RO VE R 3 AR5 IE W sk XU B S T BAA ) 5K & Schatten-p (p = 1/2)
H[13]e KHAWA DMK E TR EARR R KR, AT e i K B2 e E R . 2T 5K E R B AR,
g 7RI B, K AR R U O R . T NIRRT A R E M, BRI R R RS
KK I BT [ A A — A A

2. REEM

KT HAERRI, R NG TR e, HUIEKS T A SRUAT 578 A RoRbrR, ARk
BT AeRY™™, H (i, jk) MIE ERTERRA A, LK) A, BT AACPY . A
SIE RS RZFN A, A FLA(, Fesi, AY FoR%E N Em . 5, ) M
ATLAPR A (i, 1) 2, SRR LR MK n, i T 3Kt Frobenius S50 SO A, = 3, Ay,

4 LIR™™ ™ 5 R Rk 2] E AR AT A, X A IR N A LERAT AR, AT E
A=L(A), BTG, 4 Bt i R AT G PR ) 52 s

o

'E\(l) A(l) A( n3) L. A(Z)

_ _ A (2) o .. &)
A = bdiag (.4 ) = A _ , bcirc(A)= A. A. . A. @)

Z\( ng) A( n3) A("s ) A(l)

BeAh, SKERIEIT. r8E & LT

unfold (A) = , fold(unfold(.A))=.A 4)

A(”s)

MRHE L B S, 4 K BT AU S TR & tubal BRI & 3o

EN 1.1, (FkER) [10]: B L RAEETHELELH, AecRY™™, BeR™™™, JNIET L1k
BALE U A B =fold (bcirc(.A)- unfold (B)) .

EX 12. (kEFEE) [10]: X L RAEETHEEEDT, AecR™™ ™, A WKKE AT 2N
L(ar)” :(L(A)(”)T Q=10

SESL 1.3, (AR E) [10]: (R L RAEE SR, T eR™™™, ¥ L(T)ME—EmY)
H#AE nxn PEALFERE, T Z N frskaE.

ESN 1.4, (IEAZHKE) [10]: fR# L 2R Rl A, Qe R™™ ™, i
Q"% Q=0 9" =T, WQNEXKH.

L5, (F-0ffrski) [10]: K L RAFR LA S, A eR™™™, #L(A)NE A IEmY)
Jr R AR, A PRk E .

EHE 1.1 (kEAFESM) [10]: R L 2EESEHETR, AcR™™™, U A A LLo ik
A=Ux Sx V', HhUus U' =T, V* V' =T HSeR™™™ & F-X k&,

SE S 1.6. (7K multi £, tubal #) [10]: ik L RAER AL S, Wi L'L=LL =/ _H¢>0,
BE Ae R, BHAFRENMEA=U*_ S+ V', Wik multi & XN

DOI: 10.12677/aam.2022.111052 444 IR Esid


https://doi.org/10.12677/aam.2022.111052

rank,, (LA ) =(rank(ﬂ)(1) ,...,rank(ﬂ)(n3)) (5)
ik & tubal Bk SN S MAER A RE IR, 1
rank, (A) =#{i,S(i,i,)) # 0} = #{i,8(i,i,1) # 0} (6)

BN 17, (SkEAZIEE) [10]: ik L %E@Tlﬁ@% VEAR e, A e R™™™ g 9 7 ¢ 5 i
A=Ux*» S* V' . =(8.T)= ZS(lll), Hrrr A 1 tubal F.
SEHE 1.2, (K EARFERMEET) [11]: W TFAEE >0, AE Y e RY™™, [

. 1
mine[]. + Lo 0

MEAD, (YV)=U* S+ V', Hifs = L‘l((§—1)+)ELt+ =max(t,0) .
3. ETKEWNZEHH/MLAREKEIAT
3.1 MEZBH

B 2.1: 0 TAER Bk & A e R™ ™™, H tubal #% rank (X)) <r o A W] AR o il iAok & (1 e A,
Bx=us v, HhueRY™™, VeR™"™™ Hrank, (U)=rank (V)=r . MKEIUZEEE LN

) ®

.1
”X"TDN T rE:an Z(

SEH2.1: BEUeR™™™, VeR™™™, XeRY™™, WL x=U+ V' Hrank (X)<r, UH
[%lo =1, ©)
o, || o TR TR EIUL T N5k & Schatten-p Ju%{.
3.2. WBIEN 5K
#T Schatten-p YEHUR/MUIIIESE, 5Kk E QU EUE LK B AR R R I

1
min —(
UVX?

N T RIGRALZ), FHRE T AFRTE, SN ERUEY, HRILLLTFRT:

s,

)22 (XTI st X =us V' (10)

Z;n‘!r;fz( V[ )+ —||P (X-T). stX=UxV U=U V=V (11)
T A% W H e O

c,(uv,.xuv,(3)
=1(”u” +”\3H*)+i||7>n (-7 +<y1,u—d>+<y2,V—1}> (12)

R R (TR L

o e v L)

Ko, ¥V, Y, 5V R AR T, 4> 0 RETISHL. IR R TR
D BEV. U Vs X N W N EHU,
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Uy =argmin{d U~ )+ (34, X, ~Us V)

u . i (13)
e e
A (16)%F U K wm FIEAHEET 0, WA
Uy = (1l = +G* V)T + a0 W) (14)
Hr, G=pu X+
2) WU, U Vv X X Y, EHy,, HE, &
Vew =argmin (M, V- )+(U, 5, V7 =X 0F)
; » 2 (15)
+7k(“v_vk“F +||Xk ~Uea* vT"F )
XtV AT RS HoA 0, W43,
Via = (/Jk\}k AR AN uk+1)(ﬂkl.+ﬂkulj+1 * uk+1)_1 (16)
;H\:EF' ’ g = ,UX + 3;3 .
3) BIE Uy s Vas Vv Xv NN ) O, EH U, H
i 2] ot 24, ) -]
.1y - ~ 2
= argmin E“UH +%Hu (U + 1N )“F (17)
= Dﬁ (uk+1 + ﬂk_lxk )
) BIE Uy~ Veas Usr X W W W BHY,, A
\}k+l = arggnin %”‘}”* + <3)2k J ‘)k+1 - ‘}> +% 1;k+1 - \}“'2:
1 ~ _ 2
=argmin EM +%“v (Vo + 179 )”F (18)
= ,Dﬁ <vk+1 + /lelyzk )
5) ﬁzukﬂ v Yo Z:lk+1‘ 1}|<+1‘ Mk N yzk N ysk ’ E%ﬁxkﬂ’ &l
X = arg;nin%"PQ (X_T)”,z: +<ysklx_uk+1 * VKL>+%||X—UM *L VkIl ,2:
=argmin|[R, (=T} + £~ (04 v W' )| (19)
=U., % vkjl“‘ ﬂk_lye,k + PQ [17’ * ™, VkIl_ y3k ]
A+ gy
6) BIE Uy v Vias Uss Voo~ Xas W X BB, A
Mkﬂ = );1k + luk (uk+l _L2k+1) (20)

7) %uku‘ Vi~ L2k+1‘ l}k+1‘ X Mk+l‘ ysk’ jii%ﬁyzk)fl’ H
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V=W (Vs V) (21)
8) Bl Uy Vs~ Uas Voa Xegs T W7 FH N, B
V=0 +u (Xk+1 U, % kal) (22)
9) EH B u,
M = Pl (23)
4. ST
41 ARERE

BENLE MK E U e RV 5V e RS, Kb U 5V KITE & WRHE S 70 A h SR i
kR UV, HEH tubal BN r 5KE X e R . FEHLIEE X (1) pnyn,n, A7 B R E AT R ) 2R
gl Q, Hrp WA, K, &R E sy T,

T=X+0Z, Ty =Xy+0oZy, (i’j'k)EQ (24)

Sob, 2 M 0, TR 1 REN I
e PR L AR . 1) B HH B rh AR 4 (Discrete Fourier Transform, DFT); 2) B HIAR 7448

(Discrete Cosine Transform, DCT); 3) IE%z4¢#(Random Orthogonal Transform, ROM). {5

n,=n, =n, =50, EMLSEENY (2 fmax (nn,)) o R 7 RN RS, B

[#-~|

RSE = F (25)

#RSE<107°, MW YNKHIHE . W& 1 KISl R A, 7E =R i A i %40 T,
RSE izi/hF 107°. DHitt, 7EARFEIMERAER G AL YA T, 3 40 Wk  m] DR BRI ok . X%
W T FE AR A AR e i) DNTC W AT &Y.

Table 1. The RSE result of correct recovery on random data under different linear transforms

% 1 AERREM TR TR RATC A RSE L5

n tubal # r MM p DNTC-DFT DNTC-DCT DNTC-ROM
50 3 0.47 8.76e—4 1.21e—4 1.31e—4
50 5 0.57 3.3le—4 1.50e—4 1.42e—4
50 8 0.59 6.51e—4 2.33e—4 2.40e—4
50 10 0.72 6.42e—4 1.83e—4 1.87e—4

42. BgiEE

EEBAEEARS T, I 20U B ded 4 k%, A TNN [11]. TCTF [14]5 DNTC =# 5 ikik4T
XFEE, BigAE (5 4 L (Peak Signal to Noise Ratio, PSNR). 45 #4AH{BL1: (Structured Similarity Index, SSIM)5
I AR FE bR . SEBGH, WIIRBEEE N 0.4, &1 AWM 0.4 FEBEES R, £24HT
PSNR. SSIM 5t} Al AR A B L4 R
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Table 2. Performance comparison in PSNR, SSIM and TIME on the natural images

%2 2. BAE% L PSNR. SSIM Sitja) a1 gE 3Tt

SRR T TNN TCTF DNTC-DFT DNTC-DCT DNTC-ROM
PSNR 29.2082 27.6569 33.4386 32.5681 32.4922
A SSIM 0.8201 0.8338 0.9019 0.8892 0.8815
TIME 85.6354 20.9068 8.8846 6.3867 16.2534
PSNR 26.0628 23.7685 29.4722 29.0495 27.7728
B SSIM 0.6979 0.7048 0.8554 0.8396 0.8131
TIME 81.2258 23.82675 15.5547 9.3736 32.1355
PSNR 25.8321 24.9048 28.2882 28.2244 27.2711
C SSIM 0.6342 0.6441 0.7851 0.7843 0.7503
TIME 87.8725 21.9443 18.3945 11.3387 37.8435
PSNR 27.8037 23.5817 31.8590 31.0417 29.7293
D SSIM 0.9567 0.9345 0.9806 0.9766 0.9712
TIME 85.9764 20.7299 11.9945 8.8510 30.0396

3 ‘.

(a) J?'il‘*@)# (b) LI &L A

(c) TNN

(d) TCTF

e 1. e L. s

(e) DNTC-DFT (f) DNTC-DCT (g) DNTC-ROM

Figure 1. Image in painting results of the 4 images by different methods
1. FRIBEE 4 MEGEBESER
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M 1 GER-FTLLE H, RN 0.4 FITEHLT, DNTC 76 3 ] i 245 T (40 5 20k S5 22 5l AN K B
i, YL TNN 5 TCTF B4 2)m tH4u 737 . K 2 ATRLE Y, FEIR(EEMELL, B TR
DNTC P TNN 45 4271 2 dB L L. Ltk TCTF PR T) 5 dB; #E45 /ALl L J7TH , DNTC )5 TNN
5 TCTF, HEAK3 0.02, J @A SCHE H XL YA LU AZ VG 3O @ I Tk 21 tubal B, ¥ 40 1 S5 FRUK
4 I 1

PRtz 4k, DNTC (g7 [ BAKF TNN R[], 322K DNTC SR T 5Kk &0 f 1 77 ik,
XA NS EFATRAL, MRS TR E . 55— KES M 7% TCTF MHEL, DNTC & DFT
5 DCT ~5 TCTF sS4 KB, E2F . /£ ROM /8T TCTF. EZZ&HT TCTF Hi&
Fi Frobenius JE/E N IEMIMEI, AN EKE A RESME, THEERERAK, (A7 EA IR Lt 2 m 1k
FZR TSR, D PSNR ${E 5 /i i 7E ROM K, DNTC %43 Pl 53k, S8 T it E 4% =T TCTF.

5. &5RIE

BEXfokEIHTE A, 54 7 Schatten-p YEAUS KR MEAVEAE, SR TSR R /METT
TRAE T R B ORI, IR T . FER S AR, R XU T 2ok B R e
R, DIAIT5 2 E E K.
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