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Background

• Robust Principle Component Analysis (RPCA)
• recover a low-rank matrix 𝐿∗ from highly corrupted measurements 𝑀 =
𝐿∗ + 𝑆∗ where 𝑆∗ is a sparse matrix
• optimization objective

min
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𝑀 − 𝐿 − 𝑆 %
&

𝑠. 𝑡. 𝑟𝑎𝑛𝑘 𝐿 ≤ 𝑟,
𝑆 '≤ 𝑀.

• convex surrogate

min
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𝐿 ∗ + 𝜆 𝑆 %
𝑠. 𝑡. 𝑀 = 𝐿 + 𝑆
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Background

• Tensor decomposition
• Transformed 𝑡-SVD is used for our method, because it can model tensor 

in both the time domain and frequency domain
• Time domain

• equivalent to the low rank of tensor's mode-1 unfolding matrix
• Frequency domain

• noises are concentrated in high frequency term
• Other decompositions such as CP / Tucker cannot model tensor in both time 

and frequency domain and do not have best low rank approximation
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• right tensor has lower rank than the left tensor
• noise will be transformed into high frequency 

term in frequency domain
• applying smaller rank to high frequency term 

will further improve performance



Tensor RPCA (TRPCA)

• Recover a low-rank tensor ℒ∗ ∈ ℝ.×.×0 from highly corrupted 
measurements 𝒟 = ℒ∗ + 𝒮∗ where 𝒮∗ is a sparse tensor

• Convex method based on Transformed 𝑡-SVD with recovery 
guarantee (Lu, et al. 2019)
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Alternating Projection TRPCA (APT)

Optimization objective

• APT alternatively projects between low-rank 
space 𝕃 and sparse space 𝕊

• Low-rank space projection

• truncated 𝑡-SVD (high computational complexity)

• Sparse space projection
• hard thresholding
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Efficient Alternating Projection TRPCA (EAPT) 
• less computational complexity on low-rank 

space projection than APT
• apply a tangent space projection before 

projecting the residue onto the low-rank space
• Low-rank space projection

• truncated 𝑡-SVD on a smaller tensor of size 
2𝑟×2𝑟×𝑞 (original size 𝑛×𝑛×𝑞, 𝑟 is tensor tubal 
rank)
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Initialization of APT and EAPT

• Goal
• construct an initial guess that is sufficient close to the ground truth and is 

inside the "basin of attraction"

• Initialization algorithm

• ℒ' and 𝒮' are the initialization values for both APT and EAPT

7



Theoretical results

•Guarantee for the initialization close to ground truth

• Recovery guarantee of APT

• Recovery guarantee of EAPT

• Some assumptions:
• assumption for low-rank tensor 

(incoherence)

• assumption for sparse tensor

8



Comparison with other methods
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• Our methods have linear convergence rate and recovery guarantee
• Our methods can make use of information in the frequency domain
• EAPT has less iteration complexity



Experiments: synthetic data
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Experiments: real data
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Results about HSI denoising 

apply smaller rank to high frequency term



Conclusion

• We propose two alternating projection algorithms for tensor 
RPCA. Specifically, EAPT is more efficient since it uses the tangent 
space of low-rank tensor to reduce iteration complexity. 
• Linear convergence to the ground-truth can be guaranteed under 

suitable tensor incoherence conditions.
• Experiments on synthetic data and real data demonstrate both 

efficiency and effectiveness of our methods. 

12



Thank you!

13


