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where U € R¥*" and V € R™*" are low-dimensional ma-
trices (r < min(d,n)). W is the indicator matrix of the
same size as X. w;; = 0 1f z;; 1s missing and 1 otherwise.
| - ||z, denotes an L, norm. and most popular approaches
use Lo and L; norm.
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where p(z;;|k) = N(zy|(u)Tv,of), II =
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likelihood of X can then be written as
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where €2 is the index set of the non-missing entries in X.
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2. EM algorithm
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M Step : maximation
Update IT, 3: Closed-form updates for the MoG param-
eters (fork=1,2,--- ,K)are|! ]
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Update U, V: The components of Eq. (5) related to U
and V can then be re-written as follows:
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Alternated Least Squares

Algorithm 1: MoG algorithm for LRMF

Input: X = (x,Xo,--+ ,X,) € R index set Q of
non-missing entries of X
Output: U,V
1 Randomly initialize IT, 3. U, V, MoG number K,
small threshold «.
2 repeat
3 (E Step): Evaluate ;. fori =1,2,.-- ,d:
j=12,--- nik=1,2---,K byEq. (4).
4 (M Step for I1, X): Evaluate 7, of for
k=1,2--- K byEq. (6).
5 (M Step for U, V): Evaluate U, V by solving

ming v HW o (X — UVT)‘ through ALS,
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where W is calculated by Eq. (8).
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6 (Automatic K tuning): If < ¢ for some

ol o7
i, 7. then combine the i** and 7' Gaussian
components into a unique Gaussian by letting
T = T + Ty, Gf = (-n.icr_f + -n.jcrf};’{-n.i + nj).
where n; is the element number in 7t Gaussian
component, and removing the 7' Gaussian
parameters from IT, 3. Let K = K — 1.

7 until converge;
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1. Synthetic experiments

El= ”W © (Xno — 'ﬁ"?T)H E2 = HW & (Xno — ﬁi?T)HLQ ,

Ly
B3 = Xy - f:ﬁCfT||L1 B = ||X0 - ﬁi?'T”Lz :

Eh = subspa.ce{Ugt,fj},Eﬂ = subspace(V g¢, V).
where U,V are the outputs of the corresponding LRMF

method, and subspace(U1, Usg) denotes the angle between
subspaces spanned by the columns of Uy and Us,.



MoG IRLS[11] WLRA['] DNJ0] ALP[7)]  LiWiberg[14] RegLIALM[:5] CWM[ 7]  NN-Robust PCA[T]
No Noise (log values)

E1 —18.5 —26.5 —2.17 —11.4 0.587 —8.73 —12.6 —0.222 —2.86
E2 —42.2 —56.8 —0.38 —27.6 —4.27 —21.1 —30.0 —4.83 —10.8
E3 —17.9 —25.9 —1.50 —11.0 1.03 —8.44 —11.9 0.324 —2.20
E4 —40.5 —55.2 —7.06 —27.3 —3.37 —20.7 —27.9 —3.65 —8.73
E5 —23.8 —32.5 —7.05 —18.9 —5.28 —14.6 —17.4 —5.35 —7.75
E6 —23.9 —31.9 —8.15 —19.4 —6.18 —16.1 —18.4 —5.95 —8.83
Gaussian Noise
E1 40.0 40.0 40.0 40.0 37.5 35.7 35.7 30.1 40.0
E2 3.99 3.99 3.99 3.99 5.20 5.08 5.09 5.59 3.99
E3 30.3 39.3 39.3 39.3 49.3 47.95 48.02 51.9 39.3
E4 3.29 3.29 3.29 3.29 5.31 4.91 4.93 6.38 3.29
E5  0.0455 0.0455 0.0456 0.0455 0.0561 0.0541 0.0545 0.0636 0.0455
E6  0.0205 0.0205 0.0295 0.0295 0.0395 0.0368 0.0367 0.0466 0.0295
Sparse Noise
E1 400.6 510.1 518.5 519.1 1036 305.1 425.8 425.7 523.1
E2 1317.7 827.5 827.5 827.3 1174.8 1270.8 1176.1 1125.1 834.7
E3 54.1 624.1 623.2 624.4 159.9 67 .4 446.4 278.0 628.0
E4 100.9 991.1 1002.3 005.4 171.2 00.4 8084.9 342.4 976.05
E5 0.289 0.741 0.740 0.742 0.347 0.279 0.978 0.471 0.733
E6 0.0169 0.583 0.581 0.584 0.164 0.0284 0.698 0.338 0.587
Mixture Noise
E1 419.7 516.9 516.9 516.8 412.9 404.5 417.9 430.8 520.5
E2 1274.3 820.0 829.0 820.0 1119.1 11471 1124.5 1120.4 836.3
E3 140.5 616.1 615.7 616.1 2421 192.4 375.4 201.6 618.4
E4 189.1 956.1 951.7 956.2 276.5 218.5 4245.4 336.6 955.9
E5 0.374 0.692 0.691 0.692 0.427 0.377 0.696 0.461 0.701
E6 0.155 0.579 0.57 0.579 0.230 0.175 0.530 0.346 0.589

Table 1. Six measures of error for the synthetic example with different noise models. The best and the second best results in each
experiment are highlighted in bold and italic, respectively.

performs best or the second best in all experiments in estimating a better subspace from noisy

data (measurements E3-E6).

2. SFM ( Structure From Motion ) experiments
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MoG IRLS[11] WLRA[ 7] DN[0] ALP[20]  RegLIALM[1°]  CWM[7] NN-Robust PCA[7]
No Noise

E1l 0.442 1.83 8.24 0.490 4.85 0.291 7.71 4.98

E2 1.13 3.18 12.1 1.12 12.9 1.47 26.4 7.96

E3 0.442 1.83 8.24 0.490 4.85 0.291 7.71 4.98

E4 1.18 3.18 12.1 1.12 12.9 1.47 26.4 7.96
Gaussian Noise

E1l 6.70 7.03 11.2 6.73 848 6.14 12.2 9.05

E2 8.48 8.03 14.9 8.43 15.7 9.31 21.9 12.2

E3 4.55 5.01 9.41 4.49 8.05 5.39 11.6 7.04

E4 5.87 6.43 13.2 5.85 14.2 6.91 20.7 10.2
Sparse Noise

El 3.24 4.95 10.48 4.53 6.42 2.85 10.3 7.44

E2 9.31 8.27 14.90 7.90 7.7 9.22 19.6 11.5

E3 1.29 4.08 9.34 3.58 4.91 0.524 9.02 6.41

E4 4.28 G6.13 13.09 5.49 15.8 1.98 18.0 9.68
Mixture Noise

E1 8.27 8.70 12.8 8.42 10.6 7.67 13.1 10.0

E2 11.2 11.4 16.9 10.99 18.2 12.3 23.8 13.3

E3 5.82 5.97 9.99 5.83 9.19 6.31 11.7 7.19

E4 7.81 7.88 13.8 7.82 15.5 8.44 21.5 9.83

Table 2. Performance comparison of the competing methods in the SFM experiments. The best and the second best results in each
experiment are highlighted in bold and italic, respectively.

always has the best or the second best performance in the error E3-E6

3.Face modeling experiments
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Figure 2. From left to right: original face images, faces recon-
structed by MoG, Robust PCA (IRLS), SVD, RegLIALM, P-
CAL1, CWM and nuclear-norm based Robust PCA, respectively.

performs better over the faces with large dark regions
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4.Background subtraction experiments
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Flgure 3. From top row to bottom: original Lobby frames, absolute errors computed by different methods(the details are better seen by
zooming on a computer screen). The moving object region in Frame 402 is enlarged for better visualization.
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Figure 4. From left to right: original frames, reconstructed backgrounds computed by different methods.
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