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A Credit-Assignrment CMAC Algorithm and
Analysis on Its Convergence
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Abstract: To reduce learning interference in traditional cerebellar model articulation controller (GMAC), a
Credit-A ssignment OVl A C (CA -OM A C) learning algorithm wasproposed T he inverse of activated times of
each mamory cell is taken as the credibility, and the error correction is proportional to the credibility.
Credit matrix and credit correlation matrix were presented Based on the iteration theories of linear
equations, the convergence property of CA-GMAC in increnental learning was analyzed Convergent
condition w as given and validated The smulation resultsof the inverse kinanatics of 2-DOF planar robot
am prove that CA -OM A C convergesmore rgpidly than traditional GM A C.
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