Low-rank Matrix Factorization under General Mixture Noise Distributions
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where W is the indicator matrix with w;; = 0 if g;; is

missing and 1 otherwise, and U € R™*" and V € R"*"
are low-rank matrices (r < min(m,n)). The operator ®
denotes the Hadamard product (the component-wise multi-
plication) and || - || corresponds to a certain noise measure.

1.PMoEP &2
RIRIESEIRMMOEPSH

K
Pleis) = Y mefpu (€is; 0, 7k),
k=1

HeprkREELH , nflp MBEEDHISE | kRERBKNEGED | &K, FRRGEDHIRE

L
p??i’ .
fple:Om) = Qr,(é)exp{—ﬂep}e

PARARSEL



Exponential Power distribution
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Figure 2. The probability density function of EP distributions.
RE—METEEZ) = [Zi]1; zij2;.... ZKIT , ZeiskREHEk MDA, HRAYzijk=1,
Pleis|zis) = H for (€455 0,mic) 79",
k=1
P Zg} 'ﬂ- H H;ijk.

fiHcomplete likelihood function, QEIRBETHKAIyijsHI TREE

Denoting E = (t“zj}mm 7Z = (zijjmxn and ©® =

{mr.n, U, V} with n = [??1 N2+ ..., nK]. the complete
likelihood function can be written as

-
P(E,Z;®) = H H[kapk (€30, me)]*7%, (D)
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Algorithm 1 EM Algorithm for PMoEP LRMF

Input:
Data Y = {vij}mxn Initialize O =
{70, n®, U V(] the number of components
K iare. preset candidates p = [py,....px.,..]. tol-
erance € and t = 0.

Output:
Parameter ©, the number of final components K and
posterior probability v = {Vijr },., 0w o

1: repeat
2: (E step): Update the posterior probability ~®) by
12)).

3 (M step for 7 ): Update parameter %) by . and
remove the component with TT; = 0.

4: (M step for n ): Update parameters n*) by l.l

5: (M step for U, V): Update U™, V() by maximizing

using ALM strategy (19)-(24).

6: until converge:
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Maximation :
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where the element wg);; of Wy € R™*™ is

o (-n;i““)ﬁ:”)i, i,j €
Wi = 0 i.jdQ

fEFaugmented Lagrange multipliers(ALM){5ZIZE8R
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MELFE—EEHEE , RN AEEERE, {iﬁﬁBayesian information criterion(BIC)

BIC(\) = Y lOg{Z’?kak(EU M)} — —(Z Dy.) log €.
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and then select \ by

A= arg max BIC(\), (30)

where |§2] is the number of the observations, K is the esti-
mate of the number of components, 7 is the estimate of
parameter 7 and 7j; 1s the estimate of parameter r for
maximizing with a given A.
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non-missing entries as follows: (1) Gaussian noise: 80%
of the entries were corrupted with A/(0,0.04). (2) Sparse
noise: 10% of the entries were corrupted with uniformly
distributed noise between [-20,20]. (3) EP noise: 80% of
the entries were corrupted with EP(0,0.27p),p = 0.2. (4)
Mixture noise: 20% of the entries were corrupted with u-
niformly distributed noise between [-5,5], 20% are contam-
inated with Gaussian noise A/(0,0.04) and the remaining
40% are corrupted with Gaussian noise A/(0,0.01). We de-
6FETETITV
Cl=|[W & (Yno — UVT)l1, C2=||W @ (Yno — UVT)|J2,
C3 =Yy —UVT||y, C4=[Yy — UV,
C5 = subspace(Uge, U), C6 = subspace(Vge, V),
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PMoEP  PMoG  MoG[19] CWM[20] DW [24] RegL1ALM [37]

Sparse Noise
C1 8.32e42 7.98e+2 8.03e+2 7.97e+2 1.05e+3 8.63e+2
c2 1.07e+4 1.06e+4 1.08e+4 0.97e+3 4.79e+3 5.96e+3
C3 3.23e+1 2.13e-12 1.57e+1 4.10e+2 5.62e+14 1.19e+6
Cc4 6.73e+1 2.42e-5 345 +1 0.60e+1 1.30e+7 4.26e43
C5 1.40e-1 3.55e-8 3.30e-2 3.93e-1 1.47e+1 1.49e+1
C6 6.16e-2 2.33e-8 1.96e-6 1.13e-1 1.44e+1 1.45e+1
Gaussian Noise
Ci 8.08e+1 7.83e+1 8.20e+1 TT71e+1 8.16e+1 7.35e+1
C2 1.65e+1 241e+1 1.67e+1 2.17e+1 1.67e+1 2.14de+1
C3 1.3e+1 2.48e+1 1.33e+1 2.24e+1 1.32e+1 2.03e+1
Cc4 7.89%+1 1.06e+2 7.90e+1 0.95e+1 7.80e+1 0.74e+1
C5 8.54e-2 1.17e-1 9.24e-2 1.22-1 B.67e-2 1.10e-1
C6 5.82e-2 §.43e-2 6.30e-2 0.96e-2 5.TTe-2 7.062-2
EP Noize
Ci 3.6de+2 3.19e+2 3 18e+2 3.30e+2 4.33e+2 3.53e+2
C2 1.29e+3 1.25e+3 1.02e+3 1.35e+3 6.49e+2 8.75e+2
C3 1.58e+2 3.28e+3 6.98e+4 1.99e+2 1.0de+7 6.66e+4
Cc4 2.40e+2 2.65e+2 3.52e+2 2.4Te+2 2.57e+3 8.22e42
C5 3.02e-1 4.21e-1 4.19e-1 3.62e-1 1.08e+1 1.1de+1
C6 2.02e-1 2.8Te-1 3.28e-1 2.53-1 9.05e-1 1.01e+1
Mixture Noise
C1 4.402+2 4.38e+2 4.71e+2 4.31e+2 5.18e+2 4.26e+2
c2 1.27e+3 1.33e+3 1.28e+3 1.10e+3 8.26e42 1.12e+3
C3 1.42e+2 1.90e+2 1.88e+2 3.T77e+2 2.16e+8 1.45e+4
Cc4 1.68e+2 1.91e+2 1.84e+2 3.15e+2 7.08e+3 5.08e+2
C5 347e-1 3.00e-1 3.93e-1 5.41e-1 B.4de-1 7.96e-1
C6 1.7%-1 1.78e-1 1.62e-1 3.01e-1 7.46e-1 6.17e-1
Time(s) 234 0.28 0.46 0.062 0.352 0.11
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Figure 8. From left to right: original bands, and extracted noise by SVD, CWM, RegL1ALM, MoG, PMoG and PMoEP. The noises with
positive and negative values are depicted in yellow and blue, respectively. This figure should be viewed in color and the details are better
scen by zooming on a computer screen.
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