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Compression algorithms often work really well.
Real space image: Fourier space image:

Almost all components are 
relatively small!



  

Compression algorithms often work really well.
285,798 components

46,171 components

Fourier transform

Inverse transform

Cut off at 1000

A “sparse” representation exists 
for most interesting signals

Do we really need to measure the 
whole of space?



  

The idea.

1.Under-sample in non-sparse 
basis.

2.Underdetermined system of 
equations.

3.Impose additional constraint 
of sparseness

4.Minimize sparseness to 
determine unique solution.

Fourier transformations + optimization



  

The basics of the problem.

Fourier decompositions are examples of linear basis 
transformations.

Nonsparse (e.g. real space)Sparse (e.g. Fourier space)

If the length of y is less than the length of x, underdetermined:
many x map to same y!

Least squares functions will allow you to minimize

over all possible x



  

Test process.

Unlikely that we’ll pick 
original signal from space 
of solutions!



  

Test process.



  

Linear programming.



  

Our problem of minimizing components



  



  

Signal needs to be sparser then measurements.



  

As you accumulate measurements, signal stabilizes



  

Mapping out the parameter space.



  

Comparison with straight least squares.



  

What is the state-of-the-art?



  

What is the state-of-the-art?



  

So what about the cat?



  

So what about the cat?



  

Summary

Fourier transformations + optimization

If a signal has a sparse 
representation, you can 
regenerate all of it with very 
few measurements!
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