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Performance and Root Mean Squared Error of Kernel
Relaxation by the Dynamic Change of the Moment

Eun-Mi Kim' and Bae-Ho Lee™

ABSTRACT

This paper proposes using dynamic momentum for squential learning method. Using The dynamic
momentum improves convergence speed and performance by the variable momentum, also can identify
it in the RMSE(root mean squared error). The proposed method is reflected using variable momentum
according to current state. While static momentum is equally influenced on the whole, dynamic momentum
algorithm can control the convergence rate and performance. According to the variable change of
momentum by training. Unlike former classification and regression problems, this paper confirms both
performance and regresstion rate of the dynamic momentum. Using RMSE(root mean square error), which
is one of the regression methods. The proposed dynamic momenturn has been applied to the kernel adatron
and kernel relaxation as the new sequential learning method of support vector machine presented recently.
In order to show the efficiency of the proposed algorithm, SONAR data, the neural network classifier
standard evaluation data, are used. The simulation result using the dynamic momentum has a better
convergence rate, performance and RMSE than those using the static moment, respectively.
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3.1 Kernel Adatron
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E 2. KAOIA ool CH3t st A5t RMSE H|Z
(24 %)
Epoch

; poc 50 100 150 200 %9 %

NM (Training/Testing) | 100 / 91.34 | 100 / 91.34 | 100 / 91.34 | 100 / 91.34 | 33 100 / 91.34

RMS Error 77059001 | 0.7706e-001 | 0.7706e-001 | 0.7706e-001 0.7706e-001

DM(Trairing/Testing) || 100 / 92.30 | 100 / 92.30 | 100 / 92.30 | 100 / 9230 | 33 100 / 92.30
03

RMS Error 77104e-001 | 7.7104e-001 | 7.7104e-001 | 7.7104e-001 7.7000e-001

SM (Training/Testing) | 100 / 91.34 | 100 / 91.34 | 100 / 91.34 | 100 / 91.34 | 33 100 / 91.34

RMS Error 77061e-001 | 7.7061e-001 | 7.7061e-001 | 7.7061e-001 7.7000e-001
A8 A3 Y o) o]E(training data)d] A%, =% M=o g=0390 9326%, AHAEHNEE AHEAS
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® 3. KRollA ooll CHEH 35 5Tt RMSE B2

(&9: %)
Epoch 2

o 50 100 150 200 9 %
NM(Training/Testing) || 100 / 93.26 | 100 / 93.26 | 100 / 93.26 | 100 / 93.26 34 100 / 93.26
RMS Error 8.2414e-001 | 8.2414e-001 | 8.2414e-001 | 8.2414e-001 8.2414e-001
03 DM (Training/Testing) || 100 / 93.26 | 100 /9226 | 100 /9226 | 100 / 9226 | 34 100 / 9226
BMS Error 8.2742e~001 | 8.2742e-001 | 8.2742¢-001 | 8.2742e~001 8.2742¢-001
SM (Training/Testing) § 100 / 93.26 | 100 / 92.26 | 100 / 92.26 | 100 / 92.26 34 100 / 92.26
RMS Error 8.274%e-001 | 8.2749e-001 | 8.2749e-001 | 8.2749e-001 8.2749¢-001
NM (Training/Testing) || 100 / 95.19 |98.07 / 90.38|99.03 / 88.46|99.03 / 90.38| 163 99.03 / 90.38
RMS Error 7.2678e-001 | 7.9300e-001 [ 7.5783e-001 | 7.5352e-001 7.5352e-001
04 DM(Training/Testing) | 100 / 95.19 | 100 / 96.15 | 100 / 96.15 | 100 / 96.15 100 100 / 96.15
RMS Error 7.2587e~001 | 7.2587e~001 | 7.2587e-001 | 7.2587¢~001 7.2587e-001
SM(Training/Testing) || 100 / 95.19 [99.03 / 92.30; 100 / 94.23 | 100 / 94.23 160 100 / 94.23
RMS Error 7.2883e-001 | 7.2883e-001 | 7.2883e-001 | 7.2883e-001 7.2883e-001
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