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Abstract

In this paper. we propose an effective compensation scheme to the quantization error arisen from quantized learning in a
machine learning on an embedded system. In the machine learning based on a gradient descent or nonlinear signal processing, the
quantization error generates early vanishing of a gradient and occurs the degradation of learning performance. To compensate such
quantization error, we derive an orthogonal compensation vector with respect to a maximum component of the gradient vector.
Moreover, instead of the conventional constant learning rate, we propose the adaptive learning rate algorithm without any inner
loop to select the step size, based on a nonlinear optimization technique. The simulation results show that the optimization solver
based on the proposed quantized method represents sufficient learning performance.
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Table 2. Performance Comparison between the BFGS and the pro-
posed algorithm : Initial point at (-3.0, -4.0)

Log Qp Qp Best Epoch cost epsilon _Ilzigge(s:e";%
L-BFGS 1730 0 1.0E-09  0.80185771
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