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1. Introduction 
 
Most researchers expect that the trained layered feed-forward neural network 

contains a proper non-linear relationship between the input and the output.  Due to 
this feature, the layered feed-forward neural network is widely used in a variety class 
of fields. 

The network, however, consists of hidden nodes whose activation functions are 
nonlinear.  The corresponding nonlinear mathematical representation is thus 
complicated, and reading or understanding the knowledge associated with the network 
was difficult.  As the knowledge stored in artificial neural networks (ANN) is 
distributed across the weighted connections, ANN has often been criticized for 
exhibiting a low degree of comprehensibility.  It is very difficult to have confidence 
in the reliability of a computer system which is unable to justify its conclusions.  
Rule-extraction attempts to address this problem by making explicit the relationships 
between the input and output of the network [1]. 

Extracting rules from neural networks therefore provides a mechanism of 
validating the relationships between the input and output of the network.  Validation 
is required if, for example, the trained neural network is to be used in what are termed 
“safety critical” applications such as aircraft and plant control.  In these cases it is 
imperative that a system user be able to validate the output of the layer feed-forward 
neural network.  Further, the system user should be provided with the capability to 
determine the set of conditions under which an output unit within the trained layer 
feed-forward neural network is active and when it is not, thereby providing some 
degree of transparency of the trained network. 

Recently, there are many studies addressing rule-extraction from the trained 
network.  Various rule extracting manners are used and try to draw out the 
comprehensible rules form the trained neural network [2].  A number of people have 
noticed that rule-extraction can be viewed as an inversion problem [3]; given a subset 
y of the output space, find the reciprocal image of y by the function ƒ computed by the 
trained neural network.  The methods proposed so far do not solve the inversion 
problem satisfactorily. 

Ke in [4] proposes the adoption of a proper piecewise polynomial function which 
is adopted to approximate the tanh activation function for extracting rules from the 
trained layered feed-forward neural network.  Ke adopts a mathematical 
programming analysis, instead of the data analysis, to do the rule extraction. 

Tsaih in [5] tried to identify the true rules suggested in the network through a 
mathematical analysis of the layered feed-forward neural network.  The 
mathematical analysis, not a data analysis, is proposed for identifying the premise 
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associated with each rule. 
The method that we propose for the trained layered feed-forward neural network 

is based on the inversion of the functions computed by each layer of the network.  
For a ν weight layer network, the function computed by the network is of the form ƒ = 
ƒν°ƒν-1°⋯°ƒ1, where ƒi is the function computed by the single weight layer 
sub-network joining layer Li-1 to Li.  Thus, if we know how to invert the function ƒi 

of a single weight layer network, we can invert ƒ, as ƒ1
-1°ƒ2

-1°⋯°ƒν
-1.  Generally, the 

function ƒi
-1 is a multi-valued function as ƒi is not necessarily a bijection. 

The new rule-extraction method that we describe later back-propagates regions 
from the output layer back to the input layer.  First, we have to define more precisely 
what we mean by region.  Ideally, we would like a region to be any set of points.  
And, these sets of points must be able to represent on a computer.  We will show that 
finite unions of polyhedra are an interesting choice; they approximate arbitrarily well 
any reasonable set and offer nice properties when back-propagated in a trained 
layered feed-forward neural network. 

The rest of the article is organized as follows.  In Section 2, we discuss about 
the referred literatures and describe the rule-extraction phases.  Section 3 defines the 
polyhedron and discusses their representation.  Section 4 sets the notation for neural 
networks.  The rule-extraction method is explained in Section 5 and 6, and applied to 
examples in Section 7.  We analysis the fidelity and discuss further work in section 
8. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


