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Optimization Extreme Learning Machine

DING Xiaojian, ZHAO Yinliang
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Abstract: A sequential minimal optimization (SSMO) algorithm iterated with single variable is
proposed to solve the slow speed and low efficiency problems in training optimization method
based extreme learning machine (OMELM) by traditional quadratic programming solver. The al-
gorithm searches the minimum value of the objective function by optimizing Lagrange multipliers
within box constraints. The Lagrange multiplier that can generate maximum reduction in the ob-
jective function is selected from the initial Lagrange multipliers as for the unique variable of the
objective function. Then the objective function is minimized with respect to the variable, and a
new value of the Lagrange multiplier is obtained. The process is repeated until all LLagrange mul-
tipliers satisfy the Karush-Kuhn-Tucker condition of the quadratic programming problem. Experi-
mental results show that SSMO algorithm can obtain good enough generalization performance
with adjusting few parameter values. The generalization performance of OMELM method using
SSMO algorithm is better than that of the support vector machine (SVM) method using sequen-
tial minimal optimization (SMO) algorithm. SSMO algorithm is robust in random datasets trails.
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