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Functional-Link Neural Network Based Deep Classifier
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(1. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi, 214122, China;
2. Jiangsu Key Laboratory of Media Design and Software Technology (Jiangnan University), Wuxi, 214122, China)

Abstract: The existing broad learning system (BLS) forms its union nodes by generating a series of mapping
nodes and enhancement nodes. Due to the linear connection between the union nodes and the output layer, the
weights of the network built by BLS can be obtained quickly by using the corresponding pseudo-inverse
computation, thus avoiding the time-consuming training process. As a result, BLLS becomes very fast and
efficient. However, in order to achieve satisfactory performance, BLS quite often needs too many
enhancement nodes, which may cause over-fitting phenomenon. A functional-link neural network (FLNN)
based deep classifier, called FLNNDC, is proposed to circumvent the above drawback. FLNNDC stacks
several lightweight BLLS sub-systems into a stacked structure, while each lightweight BLLS sub-system is built
by generating enhancement nodes from randomly selected mapped features instead of all the mapped features.
Experimental results on several popular datasets demonstrate the effectiveness of FLNNDC in the sense of
both downsized structure and less running time.
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Table 2 Classification accuracy on NORB dataset %}

RS i 2
SAE 86.28
SDA 87.62
DBN 88.47
DBM 89.65
MLP 84.20
MLELM 88.91
HELM 91.28
BLS 89.06
FLNNDC 89.69
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Table 3 Classification accuracy on extended YaleB

dataset %
WIRES 0
SVM 89.48
LSSVM 89.95
ELM 96.94
BLS 97.88
FLNNDC 98.04
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Table 4 Details of three UCI datasets
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Table 5 Classification accuracy on three UCI datasets

ik ;ﬁ?ﬁ}%/%
Pen-based Optical Page
SVM 97.48 96.61 95.43
LSSVM 97.80 98.11 95.80
BLS 98.31 98.05 96.38
FLNNDC 98.51 98.44 96.41
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Table 6 Comparision of running time between BLS and
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