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Abstract.  This paper describes an algorithm for the extraction of
Sugeno fuzzy rules from feedforward neural networks without a dedicated
architecture. Three application examples of the algorithm are presented:
exclusive or, Iris classification and prediction of chemical properties. The
algorithm exposes the strategy used by the network to solve the problem
and provides insight into the linearities in the data set. The number of
rules generated by the algorithm is O(number of patterns).

1. Introduction

Feedforward Neural Networks are often considered as black-box models because
it is difficult to extract knowledge from them in a comprehensible way [1] [2].

Why should someone want to extract knowledge of a neural network? First
as a way to validate the network; second to discover salient features in input
data; third to improve the generalization of the network [3]; fourth to connect
it to other systems and fifth in applications where security is a mandatory
condition like automobilism and power generation.

For those reasons several algorithms were developed which extract knowl-
edge in basically two forms: a) expert rules [1] [3] and b) fuzzy rules [4] . Expert
rules are more appropriate for classification problems but not for approxima-
tion ones. Most algorithms that extract fuzzy rules from neural networks are
based on special architectures [4]. The problem is that these networks contain
many hidden layers using neurons with special activation functions that are
not adequate for standard training algorithms like backpropagation [5]. Thus,
training takes a long time or the networks have convergence problems.

There are several types of fuzzy rules; the main types are the Mamdani
type rule and the Sugeno type rule [6] [2]. Compared to the Mamdani rules,
the Sugeno rules have the advantage that they implement more efficiently the
defuzzyfication. The defuzzyfication is the operation that converts the outputs
of all rules in the fuzzy system into one value. This is the most time consuming
operation in fuzzy systems.
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Figure 1: Sigmoid function and consequent part of the neuron rules (left); ideal
membership function for each region of the sigmoid neuron (right).

This paper is subdivided basically into two parts: the algorithm to extract
Sugeno rules from a neural network and the application of it to different data
sets. To the knowledge of the authors this is the first time an algorithm is
proposed to extract Sugeno rules from neural networks without a dedicated
architecture, so an explicit comparison with other methods was not possible.

2. Fuzzy Rule Extraction

The output of a sigmoid neuron is computed by the weighted sum of the input
signals and the application of sigmoid function. For the purpose of this article,
the sigmoid function will be defined as sig(z) = 172 —1 (Fig. 1 (left)), where
z is the weighted sum of the input signals.

A Sugeno rule in its simplest form is "IF z € Z THEN y = az + b”, where 2
is the input of the rule, Z is a fuzzy set, y the output of the consequence part,
a and b constants. Z is defined by a membership function uz(z). Both are
mathematically different but for the purposes of this paper pz(z) = Z(z) (for
ex.Z1(z) in Fig. 1(right)). This simplifies the notation.

z € 7 is the premisse of the rule and can be computed by the application
of the defining membership function on z.

To compute the output of the rule, the multiplication between premisse and
consequence can be used (so called fuzzy implication).

output_of rule = (z € Z)(az + b) = Z(z)(az + b) (1)

The premisse of the rule indicates where the linear equation in the conse-
quence part is valid and the consequence part indicates which linear relation is
valid between input and output.

For a sigmoid neuron it is possible to express the activation function mathe-
matically as being composed of 3 rules (see the membership functions in Fig. 1).

rule; : IF z € Zy THENy = —1
ruley : IF 2 € Z, THEN y = 0.5z (2)
rules :IF2€ Z3 THENy =1
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2.1. Algorithm to Extract Fuzzy Rules

The following algorithm is based on two fundamental ideas: first the com-
bination of the membership functions of each sigmoid neuron with the mul-
tiplication operation (an "and” fuzzy operation). This is done at the step
"premisse, « Z € [], membership(n)”. Second, the fact that if all neurons
can be expressed in a linear way, then the whole network can be reduced to
a single linear relation between inputs and outputs [5]. This happens when
the premisse of a rule has the value 1. This linear relation is expressed by the
matrices A, and B,.

The algorithm generates O(number of patterns) rules. This is a pessimistic
estimation. In practice, many patterns tend to cluster in one fuzzy set so that
the number of rules is much smaller.

Extraction_algorithm
Input: network NN, training patterns (i, %)
Output: rule set R
Train the network NN with the patterns (&, %)
Rule set R «+ 0
Foreach input pattern ,
Propagates the input through the network
(compute the values z, (Fig. 1(left) for each sigmoid neuron n)
For each sigmoid neuron n
j + arg maz; Z;(z,) (one on the 3 membership functions in Fig. 1(right))
membership(n) « Z; (Fig. 1(right))
premisse, < Z € [[, membership(n)
consequencey — Yy = /fpzi + Ep
candidate_rule < IF premisse, THEN consequence,
If candidate_rule ¢ R
R « RU candidate_rule .

3. Experimental Comparison

The algorithm was implemented and tested on 3 examples: exclusive or [5], iris
data set (this is a classic in the field of pattern recognition) [7], and on chemical
data (function approximation problem) [8].

3.1. Exclusive OR

The patterns for the exclusive-or problem are {([0,0],0), ([1,0],1), ([0,1],1),
([1,1],0)}. This pattern set is not linearly separable, that means, we cannot
expect to solve the problem with one fuzzy rule (remember that a Sugeno
rule has as consequence part a linear relation). The network after 100 epochs
is shown in Fig. 2(left) and the correspondent output in Fig. 2(right). In the
Fig. 2(left), the neurons marked with ¢ are input neurons, s are sigmoid neurons
and + a linear neuron.
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Figure 2: Exclusive-or Network(left); output of the network(right).

The algorithm described above was used to extract the fuzzy rules from the
trained network. Two rules were obtained:

1. IF (z1,22) € My THEN y = —0.19
2. IF (z1,22) € M, THEN y = —0.74z; — 0.83z, + 2.01

Like the network, the system above computes a real value that shall be
post-processed by a threshold (> 0.5) to get the binary values 0, 1.

The fuzzy membership functions M; and M are shown in the Fig. 3(left)
and Fig. 3(right), respectively.
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Figure 3: Membership functions for the exclusive or problem M; (left); Ma(right).

3.2. Iris Data Set

The Iris data set is composed of 150 Patterns. Each pattern contains four
parameters describing the iris plant and one value that indicates the species
(Iris setosa, Iris versicolor or Iris virginica). The problem is to recognize the
species based on the four describing parameters.

Three networks with the same structure (4 input neurons, 6 nonlinear hid-
den and 1 output) were trained, each one to recognize one of the plants. Here
only the application of the algorithm to the first two networks will be described.

The patterns for Iris setosa are linearly separable from the other patterns,
so there is hope that a single rule will solve the problem. After training the
network for 20 epochs the extraction algorithm was applied and the following
rule obtained (valid in the whole space).

IF True THEN y = —0.11z; + 0.392, — 0.09z3 — 0.20z4 + 0.52
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The second network was employed to recognize Iris versicolor. After train-
ing for 160 epochs the response of the network can be seen in Fig. 4(left), the
fuzzy sets extracted in Fig. 4(right) and the corresponding fuzzy rules below:

IF (Z) € My THEN y = 0.25z; + 0.27z2 — 0.3223 — 0.83z4 + 1.30

IF (3) € M, THEN y = 0.12z; — 0.7025 + 09523 + 1.11z4 — 0.57

IF (Z) € M THEN y = 0.27z; + 0.11z; — 0.20z5 — 0.21z4 — 1.54

IF (5) € M4 THEN y = 0.25z3 + 0.27z5 — 0.3223 — 0.8324 — 1.77

Figure 4: Response of the network (left); fuzzy sets extracted (right).

The interpretation of the rules obtained exhibits some strange behaviour of
the network:

i) A linear function (first rule) is used to separate the Iris versicolor patterns
from those of Iris virginica. Both are under the fuzzy set M; in Fig. 4(right),
corresponding to the big plane on the left side of the surface in Fig. 4(left).
However the patterns of these two species are not linearly separable, what
explains the missclassification of three patterns by the network.

ii) In contrast, three rules (M;, Ms and M,) are used by the network
to represent the Iris setosa patterns. These 3 rules could be simplified to
IF (Z) € M2 U M3 U M, THEN Iris setosa. Though the network was trained
to recognize Iris versicolor pattens only, the application of the algorithm to
the network permits the recognition of both other species, too. This happens
because the patterns of Iris versicolor are mainly between Iris setosa and Iris
virginica.

3.3. Chemical Data

This example deals with the prediction of the separation factor a in gas chro-
matography. It is desired to predict this property directly from the molecular
structure, that was numerically coded and used as input to the neural network.
A set of 33 substances were used to generate the training patterns (a fairly high
number compared to other projects in chemistry). The substances were coded
using 8 parameters: length of the carbon chains (2 parameters), length of the
ramifications (5 parameters) and molecular weight.

A network with 8 input neurons, 5 hidden and 1 output neuron was trained
for 500 epochs and the fuzzy rules extracted. Four rules were obtained but for
space saving only one rule is shown:
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1. IF () € M; THEN y = —0.068z; + 0.57z3 — 0.39z3 — 0.23z4 + 0.12z5 +
0.17z¢ — 0.07927 — 0.34z5 + 0.55

The membership functions are surfaces in an 8-dimensional (number of in-
puts) space, what is very difficult to represent graphically. Nevertheless, the
membership functions can be approximately represented by the pattern at the
maximum of the membership function (its center, e.g. (3,0,0,0,3,2,0, 187.2583)
for the first rule). Near to each center in the 8-dimensional space, the linear
relation in the correspondent rule is valid. Hence, the chemical compounds
were classified into four groups with a linear relationship inside each group.
Additionally, it is possible to determine which parameters are responsible for
the nonlinearity of the relationships between property and chemical structure
and which parameters influence the property inside each group.

4. Conclusion

A method was presented to extract Sugeno fuzzy rules from a neural network
without a dedicated architecture. This method was successfully applied to
three data sets conducting to an interpretation of the network employed.
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