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NP-hard!

 Convex Optimization Model

min
𝑳𝑳,𝑺𝑺

𝑳𝑳 ∗ + 𝜆𝜆 𝑺𝑺 1

𝑠𝑠. 𝑡𝑡. 𝑴𝑴 = 𝑳𝑳 + 𝑺𝑺

Convex 
Relaxation

𝑜𝑜𝑜𝑜𝑠𝑠𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜 𝑙𝑙𝑜𝑜𝑙𝑙 − 𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑠𝑠𝑜𝑜

𝑴𝑴 = 𝑳𝑳 𝑺𝑺+

Robust Principal Component Analysis

min
𝑳𝑳,𝑺𝑺

𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑳𝑳 + 𝜆𝜆 𝑺𝑺 0

𝑠𝑠. 𝑡𝑡. 𝑴𝑴 = 𝑳𝑳 + 𝑺𝑺

 Optimization Model
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Robust Principal Component Analysis
𝑜𝑜𝑜𝑜𝑠𝑠𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜 𝑙𝑙𝑜𝑜𝑙𝑙 − 𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑠𝑠𝑜𝑜

𝑴𝑴 = 𝑳𝑳 𝑺𝑺+

min
𝑳𝑳,𝑺𝑺

𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑳𝑳 + 𝜆𝜆 𝑺𝑺 0

𝑠𝑠. 𝑡𝑡. 𝑴𝑴 = 𝑳𝑳 + 𝑺𝑺

 Optimization Model
Non-Convex 
Relaxation

 Non-convex Optimization Model

min
𝑳𝑳,𝑺𝑺

𝑴𝑴 − 𝑳𝑳 − 𝑺𝑺 𝐹𝐹
2

𝑠𝑠. 𝑡𝑡. 𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑳𝑳 ≤ 𝑜𝑜 and 𝑺𝑺 0 ≤ 𝑠𝑠

NP-hard!
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Applications of RPCA
Foreground-Background Separation

Shadow Removal from Face Images Image Inpainting
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Efficient Rank Estimation

Estimate the rank of the 
low-rank matrix

Map

Krylov Subspace

Real Space

Low-rank Matrix

The Low-Dimension Matrix

Construct 
the Krylov
Subspace

Heuristic 
Decision RuleBlock Krylov Iteration N

Estimated rank

Y

6



New Optimization Problem
min
𝑳𝑳,𝑺𝑺

𝑴𝑴 − 𝑳𝑳 − 𝑺𝑺 𝐹𝐹
2 + 𝜆𝜆 𝑳𝑳 γ 𝑠𝑠. 𝑡𝑡. 𝑺𝑺 0 ≤ 𝑠𝑠

where 𝑳𝑳 γ = �∑𝑖𝑖=1
𝑒𝑒𝛾𝛾𝜎𝜎𝑖𝑖
𝛾𝛾+𝜎𝜎𝑖𝑖

, 𝑜𝑜 ≤ 𝑜𝑜
0, 𝑜𝑜 > 𝑜𝑜

Efficient RPCA
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Efficient RPCA

𝑺𝑺 sub-problems 𝑳𝑳 sub-problems

𝑺𝑺∗ 𝑳𝑳∗

min
𝑳𝑳,𝑺𝑺

𝑴𝑴 − 𝑳𝑳 − 𝑺𝑺 𝐹𝐹
2

𝑠𝑠. 𝑡𝑡. 𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟 𝑳𝑳 ≤ 𝑜𝑜 𝑜𝑜𝑜𝑜𝑎𝑎 𝑺𝑺 0 ≤ 𝑠𝑠

min
𝑳𝑳,𝑺𝑺

𝑴𝑴 − 𝑳𝑳 − 𝑺𝑺 𝐹𝐹
2 + 𝜆𝜆 𝑳𝑳 γ

𝑠𝑠. 𝑡𝑡. 𝑺𝑺 0 ≤ 𝑠𝑠

The rank 𝑜𝑜 of the 
low-rank matrix 𝑳𝑳 γ = �

�
𝑖𝑖=1

𝑜𝑜𝛾𝛾𝜎𝜎𝑖𝑖
𝛾𝛾 + 𝜎𝜎𝑖𝑖

, 𝑜𝑜 ≤ 𝑜𝑜

0, 𝑜𝑜 > 𝑜𝑜

CUR Decomposition
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Fig 1. The numerical rank estimation of sparse data matrices.

Experimental Results

Fig 2. The numerical rank estimation of video data matrices.
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Fig 1. Comparison of various algorithms with different dimensions 𝑜𝑜, matrix ranks 𝑜𝑜, and corruption rates 𝛼𝛼

Experimental Results
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Fig 1. The comparison of visual results on
CAVIAR1 between different algorithms.

Table 1. Performance of one frame from CAVIAR1 dataset
among different algorithms

Experimental Results
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Experimental Results

Table 1. The comparison of runtime between different algorithms
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Conclusion

Advantage

• High accuracy

• Efficient

• Easy implementation
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