Performance evaluation of the shifted Cholesky QR algorithm for ill-conditioned matrices
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 A:m X nreal and full column rank (mainly focus on m > n) The shifted Cholesky QR algorithm S 1.0E+01 [ 1.0E+02 &
* Q:m X northogonal LD® < el < AU~ ’ﬂ) < 10° "\ﬁ“) =1 °rth°"‘@a' ° S M -A- ScalAPACK
_ _ £ 1.0E+00 A 1.0E+01 A
* R:n X nupper triangular A > AI 3 A// 3 Q sChFI?R3(;\, s) = [l?,;?] /(/ S>0) % x:& A\A 1 ‘x\* (pdgeqrf + pdorgar)
N : , 1 1 £ A A A 1. |A, R{| :==sCholQR(A4,s S T ‘ o -9- TSQR
* K5 (A): 2-norm condition number (x5 (A) = ———— ngular Value Of ) g N N R 2. [0,R;] = CholQR2(A") g 10E0 *‘34$:¢§~ Aa 10E+00. [y S 4 cholqr2
minimum singular value of A shifted Cholesky QR Cholesky QR Cholesky QR 3 R = R.R @ +$ . A4 +>_T§>.< ot k -
£ > : — Az ~ N N s AR o -3¢~ scholqr3
. S 1.0E-02 N A 1.0E-01 X .
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- Reduced order modeling and structural analysis Assume that roughly k,(4) < u™! and let u is the unit roundoff (u = 107 in double precision),
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B The landscape of QR factorization algorithms " D)3 ~ O i Ky % Extension to oblique inner products
'KZA'SZ\/1+A2K2A -v3 = 0(ymn) -Ju-k,(A), ] ] . ] .
Orthogonal triangularization Triangular orthogonalization 14l o B QR factorization in an oblique inner product space
—. —. . T — : _F 2y . : : L .
(Qk - Q2014 =: R) : (AR1R3 - R =: Q) 1@°Q = Il = 0(mn) -wand =22= < 0(n) - u,  Q: B-orthogonal (QTBQ = I), where B > 0 (B is symmetric positive definite)
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