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In this project, we implement "randomized"” 2: A'*il)'
algorithm to compute the low-rank representation qur] = qr,(q 0);
in the LAPCK/MAGMA/cuBLAS-XT software and 7
framework. b= A*q:
Optimization [p,b] = qr(p.0);
end
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Use CholQR 1nstead of ordinary QR to compute the QR B Qa —
factorization of a matrix B 1n the following three steps : tor k=1,2,3..... l ' ' l
 Form a Gram matrix G; i.e., G = BB'. set (Ay to dA); Ar A A = - '
* Compute the Cholesky-factor R of the Gram matrix P=P+A,Qy; - ™ e e . A
G; i.e., R'R = G, where R is upper-triangular with end %
non-negative diagonals. A P
« Compute the orthogonal matrix Q by the backward- ¢« Q=AT*P Acknowled gements
substitutions; 1.e., Q =R ! B. for k=123
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