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Spectral projector

P = (I � sign(L))/2
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Matrix sign function
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Newton-Schulz iteration for the matrix sign function

C. S. Kenney and A. J. Laub. The matrix sign function. Automatic Control, IEEE Transactions on, 40(8):1330–1348, 1995.
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Spectral projector (matrix sign function) 
via polynomial recursion
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Sign function computation via polynomial recursion
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Newton-Schulz iteration for the matrix sign function

C. S. Kenney and A. J. Laub. The matrix sign function. Automatic Control, IEEE Transactions on, 40(8):1330–1348, 1995.
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Matrix spectrum with HSS partition

J. Xia, Y. Xi, and M. Gu. A superfast structured solver for toeplitz linear systems via randomized sampling. SIAM Journal on Matrix Analysis and Applications, 33(3):837–858, 2012.

W. Lyons. Fast algorithms with applications to pdes. PhD thesis, UNIVER- SITY of CALIFORNIA, 2005.
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Hierarchically semi-separable matrix representation
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J. Xia. On the complexity of some hierarchical structured matrix algorithms. SIAM Journal on Matrix Analysis and Applications, 33(2):388–410, 2012.
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Complexity analysis of HSS operations

k	
  is	
  maximum	
  rank	
  of	
  the	
  off-­‐diagonal	
  matrices	
  

Z. Sheng, P. Dewilde, and S. Chandrasekaran. Algorithms to solve hierar- chically semi-separable systems. pages 255–294, 2007.
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Randomized HSS

M. Tygert and Rokhlin. A randomized algorithm for approximating the svd of a matrix. 2007. URL https://www.ipam.ucla.edu/publications/ setut/setut_7373.pdf.
Halko, Nathan, Per-Gunnar Martinsson, and Joel A. Tropp. "Finding structure with randomness: Probabilistic algorithms for constructing approximate matrix decompositions." SIAM review 53.2 (2011): 217-288.
B. Jumah and F. J. Herrmann. Dimensionality-reduced estimation of primaries by sparse inversion. 2012. URL https: //www.slim.eos.ubc.ca/Publications/Private/Submitted/ Journal/bander2012dre/bander2012dre.pdf.
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Computation of spectral projector with HSS
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Conclusion

•Spectral projector computed with polynomial recursion 
using randomized HSS techniques provides an efficient  
two-way wave equation based depth extrapolation 
migration for laterally variant medium.

•Better image quality with the steep events (90 degrees) 
compared to reverse time migration (RTM).
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Sparsity promoting seismic imaging

http://slim.eos.ubc.ca/Publications/Public/Presentations/2008/herrmann08siam08.pdf

minimize ||x||1
subject to ||Ax� b||2  �

b A

x0
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Joint sparsity recovery

	
  

min ||x||1 subject to Ax = B

where ||x||1 =

nX

i=1

|xi|
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b bA

Monday, 17 March, 14



Joint sparsity recovery (sum-of-norms  formulation)
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Evaluation 
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Evaluation (Image volume)
image panel from l1,1 recovery
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Conclusion

•Joint sparsity(        norm) promoting recovery generates better result 
images (migration image and image volume panel) compared to 
sparsity(       norm).

• The joint sparsity would be potentially useful in applications such as 
migration velocity analysis (MVA) or amplitude versus offset (AVO).

`1,1

`1,2
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Large scale optimization (SPGl1)
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Large scale optimization (PQNl1)
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ITERATION MAT-VEC TIME(s)

SPGl1 100 156+101 39375

PQNL1(5) 36 45+45 9278.7

PQNL1(10) 35 44+44 7832.4

PQNL1(20) 35 44+44 6515.3

PQNL1(30) 35 44+44 6335.9

SPGl1 vs PQNl1
(seismic imaging example)
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