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Abstract 

Product units in the hidden layer of multilayer neural networks provide a powerful mechanism 

for neural networks to efficiently learn higher-order combinations of inputs. Training prod

uct unit neural networks using local optimization algorithms is difficult due to an increased 

number of local minima and increased chances of network paralysis . This thesis discusses 

the problems with using local optimization, especially gradient descent, to train product unit 

neural networks, and shows that particle swarm optimization, genetiC algorithms and leapfrog 

are efficient alternatives to successfully train product unit neural networks. Architecture se

lection, i.e. pruning, of product unit neural networks is also studied and applied to determine 

near optimal neural network architectures that are used in the comparative studies. 
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Opsomming 

Produk-eenhede in die versteekte laag van multi-vlak neurale netwerke verskaf 'n kragtige 

meganisme aan neurale netwerke om hoe-orde kombinasies van invoer doeltreffend aan 

te leer. Die leer van neurale netwerke met produk-eenhede word bemoeilik weens die 

verhoogde aantal lokale minima teenwoordig, asook die verhoogde kans om netwerk 

paralise te ondervind. Hierdie tesis spreek die probleme aan wanneer lokale optimer

ingsmetodes gebruik word, veral in die geval van gradientdaling om produk-eenheid 

neurale netwerke te leer en dui aan dat partikel swerm optimering, genetiese algoritmes 

en (leapfrog' optimering baie doeltreffende alternatiewe is om produk-eenheid neurale 

netwerke te leer. Argitektuurseleksie, of te wei besnoeiing, van produk-eenheid neurale 

netwerke word ook bestudeer en toegepas om optimale neurale netwerk argitekture te 

bepaal, wat gevolglik in die vergelykende studies gebruik word. 
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