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Random Partial Haar Wavelet Transformation for Single
Instruction Multiple Threads
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Abstract

Many researchers expect the compressive sensing and sparse recovery problem can overcome the
limitation of conventional digital techniques. However, these new approaches require to solve the 11
norm optimization problems when it comes to signal reconstruction. In the signal reconstruction
process, the transform computation by multiplication of a random matrix and a vector consumes
considerable computing power. To address this issue, parallel processing is applied to the
optimization problems. In particular, due to huge size of original signal, it is hard to store the
random matrix directly in memory, which makes one need to design a procedural approach in
handling the random matrix. This paper presents a new parallel algorithm to calculate random
partial Haar wavelet transform based on Single Instruction Multiple Threads (SIMT) platform.
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1. Initialize Variables:
t=0,x=0,r=y,setT
2. While |2 > ¢|ly| and t < T, then repeat
{
Find i such that
i = argmax; |<r, U;>|
Xi = x; + <r, U>
r=r- <r, ¥
t=t+1
}

3. Return x;

<Table 1> Matching Pursuit (MP) Method.
See [6] for details.
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