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7191 = : Flexible incremental algorithm, ©A14 % W, ELM(Extreme Learning Machine), ¢ 3}<5.

Abstract

There have been much difficulties to construct an optimized neural network in complex nonlinear regression problems
such as selecting the networks structure and avoiding overtraining problem generated by noise. In this paper, we
propose a stepwise constructive method for neural networks using a flexible incremental algorithm. When the hidden
nodes are added, the flexible incremental algorithm adaptively controls the number of hidden nodes by a validation
dataset for minimizing the prediction residual error. Here, the ELM (Extreme Learning Machine) was used for fast
training. The proposed neural network can be an universal approximator without user intervene in the training
process, but also it has faster training and smaller number of hidden nodes. From the experimental results with
various benchmark datasets, the proposed method shows better performance for real-world regression problems than
previous methods.
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Table 1. Specification of benchmarking datasets

Name No. of observations Attributes
Training data | Testing data

Abalone 2000 2177 8
Ailerons 714 6596 39
Auto price 80 79 15
Bank 4500 3692 8
(HC(’ilSS:SSL) 10000 12784 8
Cfgg‘ftt;r 4000 4192 10
Delta ailerons 3000 4129 5
Delta elevators 4000 5517 6
Kinematics 4000 4192 8
Puma 4500 3692 8

19 32 Delta ailerons= ©]83F AgoA 24w-= 7]
9 %7}01] w2 FI-ELM¢] &<, H% 2 8 2~E RMSE
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Fig. 4. Performance comparison between I-ELM and
FI-ELM with the number of hidden nodes
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Fig. 5. Testing RMSE performance comparison between
I-ELM and FI-ELM with the number of hidden nodes
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FI"ELM o NAYe] Y eyt 5E 50A% F Aol 247
o] WIx|utA vlolE el e AAT FH AeH AS
1%} 62 200071¢] E=-HelEE 7k Abalone®} 10000 A% w)aste] LhepTh
Mol FHdolEHE 7 CensusolAl 2Y 4w 7o) w2
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Table 2. Performance comparison between I-ELM and FI-ELM (both with 50 hidden nodes)
I-ELM FI-ELM
Name — ; ; — ;
Training Testing Learning Validation Testing
Abalone 0.1007+0.0056 0.0952+0.0051 0.0824+0.0014 0.0793+0.0012 0.0769£0.0014
Ailerons 0.1221+0.0525 0.1207+0.0508 0.0516+0.0029 0.0502+0.0028 0.0511£0.0027
Auto price 0.1060+0.0108 0.1083+0.0270 0.0941+0.0125 0.1003+0.0141 0.0987+0.0234
Bank 0.1677+0.0068 0.1694+0.0065 0.0691+0.0106 0.0669+0.0100 0.0675%0.0105
Census (House8L) 0.1008+0.0024 0.0978+0.0024 0.0775+0.0021 0.0858+0.0020 0.0800+0.0017
Computer activity 0.1802+0.0221 0.1740+0.0220 0.1366+0.0048 0.1333+0.0042 0.1343+0.0058
Delta ailerons 0.0742+0.0207 0.0782+0.0207 0.0384+4.5¢-4 0.0383+3.5¢-4 0.0412£4.6e-4
Delta elevators 0.0924+0.0136 0.0925+0.0139 0.0550£5.2e-4 0.0539+4.2e-4 0.0533£4.4e-4
Kinematics 0.1765+0.0166 0.1748+0.0150 0.1391+0.0030 0.1398+0.0028 0.1435£0.0031
Puma 0.2119+0.0139 0.2126+0.0141 0.1811+0.0024 0.1865+0.0025 0.1849£0.0019

¥ 3. I-ELM¥ FI-ELM¢| 23 204
Table 3. Training time comparison between I-ELM and FI-ELM (both with 50 hidden nodes)

AlZF vl

(5070

a—

01/11_1:0] 73 )

I-ELM FI-ELM
Name No. of training data Time (s) No. of learning data No. of d:iidatlon Time (s)

Abalone 2000 0.5529+0.0016 1000 1000 0.6698+0.0581
Ailerons 7154 1.4109+0.0201 3577 3577 1.0637+0.0843
Auto price 80 0.3946+0.0414 40 40 0.5724+0.0481
Bank 4500 0.7561+0.0020 2250 2250 0.5862+0.0391
Census (House8L) 10000 1.3355+0.0454 5000 5000 0.9559+0.0892
Computer activity 4000 0.7123+0.0127 2000 2000 0.6353+0.0424
Delta ailerons 3000 0.6510+0.0039 1500 1500 0.6940+0.0574
Delta elevators 4000 0.6905+0.0086 2000 2000 0.7779+0.0554
Kinematics 4000 0.6845+0.0050 2000 2000 0.6495+0.0676
Puma 4500 0.7025+0.0054 2250 2250 0.7688+0.0888
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