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» Completion is a procedure to recover missing values by using > §&: can be decided from signal to noise ratio of data, » Consider unconstrained form / \ > Conv. behavior & times > L
v Available parts of data and it does not depend regularizers. RS ==
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Structural assumption _ Concept of completion problem — » wis difficult to decide since it depends regularizers. mlntlx’mlze afrv(X) + BfLr(X) +ip(X) + i5(X) » Various parameter settings
Observed > Noise constraint form is appropriate in practice!! But v Weight for TV & LR regularizations: «, §=1—a
Original data incomplete data Completed data optimization is little bit complicated. xy— 1 U Vmin £ X< Umax v Weights in multi-mode low-rank regularizations:
20% of data ip(X) = oo  otherwise (y-axis)A\; = A/2, (x-axis)A\2 = A/2, and (c—a,ms))\g =1-A
was lost Completion o 9 - -»
— j1> minimize f(X),r S.t. ‘ ‘PQ(X — Xobserved) ‘ ‘F <0 . [ 0 ||Pa(Xobserved — X)||5 <0
X is(X) = :
oo otherwise
Convertible, but corresponding values of A and 6 are _ . .
\_ J difficult to know v’ Variable splitting II,In | N i
> Ex.) Vector completion S M inimize ip(U) + i5(X 1Y 2,1 = Yin
v L ) . . P MINIimize f(X) + — ‘ ‘PQ(X — Xobserved) ‘ ‘?«“‘ mm}rmlze ZD( ) T 25( ) i=1 \ nzl
inear interpolation X )/ .
s P - : N » MR images [256*256*24]
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Proposed Method S_t_ u _ X:‘ Y _ [ylj - yN] | [1] GTV: Generalized total variation regularlzatlon (Guo et al., CVPR, 2015.)

» Ex.) Matrix completion

v Low-rank matrix completion [2] LNRTC: low-n-rank tensor completion (Gandy et al., Inverse Problem, 2011.)

: : Non-convex approaches
v Bilinear interpolation > We prO[.)OS.e a d".?Ct SO!Utl(.)n methOd for LOW'rank an.d TV Yn = A /wnDng{:’ Z(n) =X (Vn) [3] SPCQV: smooth PARAFAC tensor completion with quadratic variation regularization (Yokota et al., /EEE-TSP, 2016.)
= regl"arlzatlons with noise ineq Ua||ty and box constraints. \vector expression of X [4] SPCTV: smooth PARAFAC tensor completion with total variation regularization (Yokota et al., IEEE-TSP, 2016.)
» Ex.) Tensor completion Original Missing Recovered Tensor TV norm  Tensor nuclear norm > Primal-dual splitting algorithm original missing (30%) original_ proposed . __GTV LNRTC_ POV _SPCTV
v" Low-rank tensor completion ) / / r r r r r
Trilinear mterpolayf)n U U < e minimize o fTV( X) + 5 fLR( X)} Primal step Dual step (parallelizable) ., ¢ :
v' Tensor decomposition e B R ORS e N R ORY X | > update Ur A, ‘ | |
IR e e k PrPPPFFP
o NN v T ; S.U. Umin > > Umax; < | update Y s
‘ ‘P (X X) ‘ ‘ 5 < 6 up date Z(n)k (vn) .lfllaitsesing proposed GTV LNRTC SPCQV  SPCTV
(2 observed F = citrus  10% 25646 25186  23.852  23.743  23.706
Simultaneous Tensor CQmp|et|on and Deno|s|ng set step-size ( ) citrus  30% 23410  22.920 20948  22.251  22.115
. . . . . . . o > Oj /8 > Oj o + /8 — P Y1, Y2 citrus  50% 20.919  20.644  18.112  20.459  20.162
» |If given incomplete data is with noise, ordinary completion - 7 tomato 10%  27.980  27.865  26.231  24.896  24.890
techniques are not so useful (or can not be app"ed). » Tensor TV norm CCk+1 — Prox, :ck — " uk‘ + E :z(n)k 4+ E 7T DTyk G tomato  30% 27187  26.782  24.516  24.492  24.460
v N-th ordert X R Iy xIox-xIn N ts n—mndJn tomato  50% 26.014 25.429 22.785 23.825 23.717
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v" Function: F(X) : Rfvxdxoxdn R Jrv(X) = \ Z Wn (Vi i,....in) T 2z —x » Color movie (4d-tensor: 120*160*3*100)
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Regularization function (e.g., nuclear-norm, TV-norm, L1-norm etc) Differential with respect to

» Tensor nuclear norm n-th axis _ el - i
(only) + u = U — Y2 Prox;  [u/vs]
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Completion miniiize f(X)} S.t.PQ(X) — PQ(XObSGI'VGd) fLR Z)\HHX(H)H Y Yk —|—’}/2[1/w1D12—E, ...,\/TUNDNSE']
problem X \ )
o T | - H* sum of all singular values of matrix 2 k1l S oy
@ Support set projection (missing Y =Y — v2proxa,, Y /-] Missing proposed GTV  LNRTC  SPCQV  SPCTV
elements to be zero) Definit g i foldi = (n) (n)k Nm 31.045  30.947  28.820  30.018  30.021
Completion > etinition ot mode matrix untolding AR S Z(n) T 72 X(n) (VTL) 30%  28.942  28.485  26.920  29.642  29.659
&Dzrl,oising minimize f(X)} g t. ‘ ‘PQ(X _ Xobserved) ‘ ‘F < ) 3rd m\ode 24 mode L _ X(l) (n)E+1 =) =) 50%  26.750 26101  25.006  28.995  29.996
problem X B _ % | | Z(n) =24 — ’}/gpm}{&”,”*[z /’}’2] .
X = | _ x 72 > Conclusions
Noise threshold \ | T @) v Convex optimization based visual data recovery is proposed.
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\ — | o X3 Definition of prox,,[z] := argmin Ag(x) + s |z — || v Convex approach is fast & efficient, but non-convex approach is more

proximal map - accurate for highly missing cases.




