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Abstract: Model complexity is the critical element in determining the generalization ability of a learning machine.
Hence, any learning machine needs to have proper provisions for complexity control. Extreme learning machine (ELM) has
recently become increasingly popular due to its high learning speed and good generalization performance. However, there
is a lack of systematic study on how to accurately measure and control its complexity for the purpose of good generalization.
In this paper, the Vapnik-Chervonenkis (VC) bound-based model selection method (VM) is discussed, and then is compared
with other 4 classic statistical model selection criteria. Simulations on the artificial and real-world datasets show that VM
can achieve the best model selection performance among all 5 model selection methods; it provides the optimal ELM model
with both the lowest model complexity and the smallest or nearly smallest real prediction risk. In addition, this paper also
provides a strong evidence for the practical applicability of VC generalization bound in terms of model selection.
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Fig. 1 Two target functions used in simulations
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Fig. 9 Results for PP function under medium sample cases
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Fig. 10 Results for SS function under large sample cases
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Fig. 11 Results for PP function under large sample cases

4.2 SEFREYE (Real-world cases)
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1) UCIL: http://archive.ics.uci.edu/ml/datasets.
html.

2) Delve: http://archive.ics.uci.edu/ml/datasets.
html.
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Table 1 Specification of the real-world data sets

Btk Nirain  Neest  Z2HHE QUK
Auto MPG 200 198 8 N/A
Challenger 10 13 3 Physical
Forest Fires 200 317 13 Physical

Servo 80 167 4 Computer
Concrete Slu. 60 103 10 Computer
Computer Act. 4000 4192 8 Computer

Housing 100 406 14 N/A

Housing 300 206 14 N/A
Wine Quality 100 4798 12 Business
Wine Quality 2000 2898 12 Business

Census 100 22684 8 Social

Census 1000 21784 8 Social

Census 10000 12784 8 Social

Abalone 100 4077 8 Life
Abalone 1000 3177 8 Life
Abalone 2000 2177 8 Life
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