S5 QAT AZFoAS FAS AANGE A% B8R FAS QAR BF A7 157
(Jinwuk Seok: Study on the Effective Compensation of Quantization Error for Machine Learning in an Embedded System)

53+ (Special Paper)

HRE 88| =82 Al25d A28, 2020 3€ (JBE Vol. 25, No. 2, March 2020)
https://doi.org/10.5909/JBE.2020.25.2.157

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

AUt = Al 2"l M o] Fatst 7 A Shss A% A4 FAks
QAPE AL 2Rk A

SR

Study on the Effective Compensation of Quantization Error for
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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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Fig. 1. The learning algorithm including the adaptive learning rate
selected through an inner loop based on a conventional nonlinear
optimization technique
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Table 1. Performance Comparison between the BFGS and the pro-
posed algorithm: Initial point at (-1.232, 1.212)

Log Qp Qp Best Epoch Cost epsilon _I;:zze(sssérf)
L-BFGS 43 0 0 0.68813205
4 16 1 20.91852  -1.51367 0.00797892
5 32 2 19.42276 0 0.0090034
6 64 2 19.27893 0 0.01196694
7 128 46 0 6.14E-05 0.30318999
8 256 43 0 1.53E-05 0.28124738
9 512 42 0 3.45E-05 0.28921962
10 1024 41 0 3.45E-05 0.27825594

¥ 2. BFGS 2112|&5 HMotst 2aig|Eafe| z[Mst Ms: &7(3t (-3.0,
-4.0)

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

4 16 4 78.12500  -1.68307  0.01605585

5 32 9 70.75097  -0.30818  0.02991986

6 64 3 79.64070  -0.06783  0.02094483

7 128 7 68.77521 0 0.01097049

8 256 72 0 1.53E-05 0.04787230

9 512 68 0 8.59E-06  0.04221752

10 1024 66 0 8.50E-06  0.03490543
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