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Abstract The general solution for classification and regression problems can be found by
matching and modifying matrices with the information in real world and then these matrices are
learning in neural networks. This paper treats primary space as a real world, and dual space that
primary space matches matrices using kernel. In practical study, there are two kinds of problems,
complete system which can get an answer using inverse matrix and ill-posed system or singular
system which cannot get an answer directly from inverse of the given matrix. Further more the
problems are often given by the latter condition; therefore, it is necessary to find regularization
parameter to change ill-posed or singular problems into complete system. This paper compares each
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performance under both classification and regression problems among GCV, L-Curve, which are well
known for getting regularization parameter, and kernel methods. Both GCV and L-Curve have
excellent performance to get regularization parameters, and the performances are similar although they
show little bit different results from the different condition of problems. However, these methods are
two-step solution because both have to calculate the regularization parameters to solve given
problems, and then those problems can be applied to other solving methods. Compared with GCV and
L-Curve, kernel methods are one-step solution which is simultaneously learning a regularization
parameter within the learning process of pattern weights. This paper also suggests dynamic
momentum which is learning under the limited proportional condition between learning epoch and the
performance of given problems to increase performance and precision for regularization. Finally, this

paper shows the results that sﬁggested solution can get better or equivalent results compared with

GCV and L-Curve through the experiments using Iris data which are used to consider standard data

in classification, Gaussian data which are typical data for singular system, and Shaw data which is

an one-dimension image restoration problems.

Key words : RBF, Regression, Classification, Kernel, Regularization, Dynamic Momentum. Neural

Network
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. 1 Results of the regularization parameter using Iris data

2.091283e+000 2.077852e-003 8.706841e-001 8.706816e-001
2.933131e+000 2.491655¢e-003 8.745416e-001 8.745381e-001
9.111957e+000 2.679960e-002 8.6585568e-001 8.666892e-001
9.111957e+000 3.951047e-003 9.029183e-001 9.029097e-001
6.405503e-001 2.224852e-003 8.665070e-001 8.666279%¢-001
6.405503e-001 9.800551e-004 8.65578Le-001 8.655776e-001

OL- Curve . GCV @ KLMSBL

OKLMSBL Inverse ®KLMSBLDM @KLMSBLDM Inverse

& 2 Results of the regularization parameter using Gauss data

1.169441e+001

&
-5.311977e-002 I 7.444592¢-00 7.425617e

9.714378e+000

-4.756501e-002

3.932931e+001

-2.562286e-001

3.932931e+001

-4.457293e-002

2.294522e+001

-1.772471e-001

2.204522e+001

—7.437588e-002

7.580675e-001 7.547165e-001

@L-Curve @ GCV @ KLMSBL

OKLMSBL Inverse @KLMSBLDM @KLMSBLDM Inverse
PF ! performance(%), Tr : Training data, Ts : Testing data
RMSE : Root Mean Square Error

RMSEB : Root Mean Square Error with Bias
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» :i 3 Results of the regularlzatlon parameter usmg Shaw data

NA

4.877630e+002 N/A

6.436940e-008 2.105983e-007

2.439225e-006 2.430389¢-006

3.183243e-014 -1.764525e-013

1.816696e-002 1.816696e—-002

5.592667e-002 2.531608e-002

4.195736e-002 4.735803e-002

5.592667e-002 2.651775e-002

4.085471e-002 3.107920e-002

4.853420e-002 2.194394e-002

3.287784e-002 3.656827e-002

4.853420e-002 2.333542e-002

3.612810e-002 2.758075e-002

OL-Curve @ GCV @ KLMSBL @KLMSBL Inverse
OKLMSBLDM @KLMSBLDM Inverse @ KLMSBLDM Inverse
RMSE : Root Mean Square Error

RMSEB : Root Mean Square Error with Bias

Lcurve, Tk comer wt 116384
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