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Design of Sparse Span-lateral Inhibition Neural Network Based on
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Abstract
dren and adolescents’ intellectual ability and cortical development, a connection self-organization development-based

Inspired by the sparse connection of neurons in biological nervous system and the relationship between chil-

sparse span-lateral inhibition neural network (sS-LINN) is developed to solve the structure adjustment and parameter
learning problem, which adopts the small-world network connection mode as the initial sparse network architecture. A
growing-pruning rule of network connection is designed to adjust and control the sparseness of network connections based
on the definitions of connection sparseness and neuron output contribution rate. Performance of the proposed sparse
S-LINN is evaluated successfully through simulation using nonlinear dynamic system identification and function approx-
imation benchmark problems. It is shown that the proposed sS-LINN can produce a very compact structure with good
generalization ability in comparison with other methods.
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Table 1
adjustment process of connected weight

Network performance and the dynamic

Method Training Training Testing Testing

(# Total connections)  MSE RMSE MSE  RMSE

CaseA: 43-50-39  2.06 x10=° 0.0045 1.96 x10~° 0.0044

CaseB: 43-51-39 1.05 x10~° 0.0032 4.01 x10~—° 0.0063

CaseC: 43-51-38  4.88 x10~% 0.0022 3.67 x10~° 0.0019
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Table 2

adjustment process of connected weight

Network performance and the dynamic

# Hidden neurons

Method Testing
/connections MSE
Standard RBF[34] / 0.695
Standard SVR[2?] / 0.445
SVR with prior knowledge!®?! / 0.354
LCRBF[B4 / 0.273
2—9 1.25 x107*
CP-NNI33]
20 — 10 1.04 x10*
2—10 1.71 x10~*
AGPNNC!33]
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Table 3  Performance comparison of sin C
function approximation

Method TrainingRMSE ~ TestingRMSE
Sparse optimization!37] 0.0662 0.0139
BP!! 0.0582 0.0757
WDBP!©! 0.0347 0.0464
SGLBP!9 0.0191 0.0280
S-LINNI23] 0.0137 0.0141
sS-LINN 0.0102 0.0113
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