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ABSTRACT

ABSTRACT

Artificial Neural Networks (ANN), a highly-complicated
non-linear system, stimulates the learning structure of human brain
in form. Because the biological theory that it relies on is not
perfect, ANN fails not only to achieve the expected aim of
approximating the learning ability of human brains, but also to
explain the working mechanism of existing neural networks
models. Therefore, the research of neural networks models and the
improvement of their performance become more and more difficult,
which affects their application.

In this thesis, we aim to construct a more effective artificial
neural networks model. With the analysis of the working
mechanism of the neural networks as a starting point, we adopt the
method of combining the non-parametric Decision Tree and
traditional artificial neural networks to investigate the structure
design method. Furthermore, we discuss incremental learning
algorithm of the neural networks. The following aspects are the
details.

1. Analyze the working mechanism of the feedforward neural
network..

First, the thesis provides a formalized proof of the
equivaléncy between classified feedforward neural networks and
Decision Tree. Next, the equivalent: relation is combined with the
explanation of high dimensional -space geometry of neurons to
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present a rational analysis of the working mechanism of the
feedforward neural network. The following explanation is put
forward: By studying positive and negative samples, the
feedforward neural network partitions the sample spaces according
to their categories. For a three-layer feedforwrd neural network,
the inputting layer plays the role of forming a decision-making
interface, the hidden layer plays the role of forming a decision
region, and the output layer plays the role of summarizing, The
causes and factors which affect the generalization and incremental
learning ability of neural networks are also analyzed.

2. Put forward new methods of designing neural networks
architecture based on information theory.

Based on the analysis of classified feedforward neural
network, the thesis employs three-layer feedforwrd neural network
as the research object and put forward new methods of designing
neural networks architecture based on information theory. Taken
into consideration of the classification of discrete and continuous
attributes, neural network construction design methods—DTBNN
(Decision  Tree-Based Neural Networks) and EBNN
( Entropy-Based Neural Networks) design methods—are proposed
according to the specific meaning of the three-layer neurons
Dealing with the classification of data with discrete attribute,
DTBNN, an improvement of the Entropy-net, uses decision tree to
determine neural network structure, the weight value and the initial
threshold value so as to improve the learning speed and the
stability of the learning results of neural network. The experiments
indicate that the convergence speed of DTBNN is faster than
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Entropy-net and the recognition rate also increases. Dealing with
the classification of data with continuous attribute, EBNN treats
Entropy as a standard for choosing neurons to construct neural
network models. EBNN neural network construction is much
simpler and easier to understand. It can also set up some
parameters of neural networks. In addition, the learning
mechanism of separate layers and separate categories that EBNN
adopts simplifies the learning process of neural networks and
solves the credit assignment problem of feedforward neural
network. With the same number of neurons, EBNN has a stronger
capability than complete linking network. Therefore, it has better
generalization ability and this method is sure to converge. The
experiments results also prove the effect of EBNN.

3.Offer the incremental learning method of neural network
based on ensemble system.

Based on the method of neural network ensemble system, the
thesis shows that feedforward neural network with limited storage
space and computational complexity can enable the neural network
to maintain the uniqueness of knowledge structure when learning
new knowledge, the so-called incremental learning ability. Based
on ensemble system, the incremental learning has active learning
as its foundation. It treats the sample of new knowledge as its
learning focus, combines the features of neural network ensemble
system, and attains incremental learning without any change of
knowledge structure. With the aid of the process of positively
choosing samples in Boosting technology, the calculation solves
the problem of non-negative data and small sample of neural
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network, and effectively chooses the individual network which
constructs the ensemble system so as to possess a better
generalization ability than LEARN++. The incremental learning
calculation based on ensemble system increases a small amount of
calculation, which can be neglected. The storage space needed is
within a rational limit. This calculation has a general application,
and can be used in other learning models.

Keyword: feedforward neural network, decision tree, entropy,
incremental learning, ensemble
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&K Pitts &1E, MAREBAERAHE, FRHEEBERMT
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