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LB Method: w/ weighted increment
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Toy problem
A 2 R20000⇥1000

* =

x 2 R1000

b 2 R20000

Gaussian	
  matrix Noisy	
  data	
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Sparse	
  vector



Optimization problems

min
x

||x||1 s.t.

||Ax� b||2  �
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Intuition: gradient entry for weighted increments
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(for	
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  problem)

Largest	
  entry	
  of	
  	
  the	
  exact	
  solution	
  	
  	
   x⇤
x

⇤One	
  of	
  the	
  small	
  entries	
  of	
  the	
  exact	
  solution

[AT
k (Akxk � bk)]136 [AT

k (Akxk � bk)]147

Intuition: gradient entry for weighted increments
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Intuition: Behaviour of the new weighted increment
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Intuition: Behaviour of the new weighted increment
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Intuition: Behaviour of the entries of the solution

Consistent	
  problem	
   Inconsistent	
  problem	
  zk(136)

zk(147)



Intuition: Behaviour of the entries of the solution

Consistent	
  problem	
   Inconsistent	
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Effect on the LSRTM problem
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Effect on large problems

A 2 R10000000⇥2040739Problem	
  a:

Problem	
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Future goals

• Using	
  the	
  Weighted	
  Increment	
  in	
  other	
  iterative	
  methods	
  (SGD,	
  
Kaczmarz	
  etc)	
  is	
  possible.	
  	
  

• Improve	
  the	
  convergence	
  speed	
  of	
  Weighted	
  Increment.
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