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Background Generalized Krylov Subspace Method (GKSM)

Given a subspace basis Vi € CV** satisfying VEV;C = I;:
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(2) Solve the minimization problem efficiently. Initialization: x;, stepsize aj > 0, Vi = redn AVy, maximal number of sub-
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NB: computing Ax is quite expensive in multi-coil non-Cartesian sampling MRI. . L .
PULING AX 156 P PING NB: Convergence is guaranteed under the Kurdyka-tojasiewicz inequality and

Q:how to solve (2) efficiently? the Lipschitz continuous of V f.
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