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An Improved RSR Method to Obtain the Sparse Projection Matrix

Abstract

Jung-Ho Ahn*

This paper addresses the problem to make sparse the projection matrix in pattern recognition

method. Recently, the size of computer program is often restricted in embedded systems. It is very
often that developed programs include some constant data. For example, many pattern recognition
programs the projection matrix for To improve the recognition
performance, very high dimensional feature vectors are often extracted. In this case, the projection

use dimension reduction.
matrix can be very big.

Recently, RSR(roated sparse regression) method[l] was proposed. This method has been proved
one of the best algorithm that obtains the sparse matrix. We propose three methods to improve the
RSR; outlier removal, sampling and elastic net RSR(E-RSR) in which the penalty term in RSR
optimization function is replaced by that of the elastic net regression. The experimental results show
that the proposed methods are very effective and improve the sparsity rate dramatically without
sacrificing the recognition rate compared to the original RSR method.
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solving R given B

)

<Table 1> Fixed A E-RSR algorithm
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R=1

while (not converge) {

Learning \'s for each low dimension using X and RY
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solving R given B

)

<Table 2> Variable A E-RSR algorithm
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(Figure 1) Face recognition method for

experiments
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Iteration sparsity rate recongition
%) rate (%)
1 42,64 86.67
2 42.58 85.33
3 4252 3483
4 42.70 8517
5 42.60 85.33
6 42.76 85.33
7 42.70 85.33
8 42,68 85.33
9 42.72 8617

<Table 3> Sparsity and recognition

rates of RSR during iteration
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1 78.10 85.00 85.82 84.67
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3 76.44 85.17 85.75 82.83
4 76.51 84.67 85.69 84.00
5 77.06 86.00 85.54 83.33
6 77.74 85.67 86.06 83.67
7 76.35 86.33 85.58 83.33
8 76.30 85.83 86.25 84.33
9 76.07 86.50 86.05 84.33

<Table 4> Changes of sparsity and
recognition rates of RSR during iteration
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(Figure 2) Change of sparsity rates

according to sampling rate
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<3 5> A¢ts ¢gi=7 7]ZE RSR HlW

Sparsity rate Recognition rate

RSR 4264 % 86.67 %
fixed A E-RSR 88.06 % 86.83 %
variable A E-RSR 82.54 % 86.67 %

<Table 5> Comparison of the proposed
algorithms and original RSR
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for( i=0 ; i<M; I++) {
ylil = blil;
for(j=row_start[il; j<row_start[i+1]; j++)
ylil = yli] + values[jl*x[col_idx[j]]

<Table 6> Projection pseudo code using
sparse matrix via CSR representation
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