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Abstract. The neural networks are successfully applied to many applications in
different domains. However, due to the results made by the neural networks are
difficult to explain the decision process of neural networks is supposed as a
black box. The explanation of reasoning is important to some applications such
like credit approval application and medical diagnosing software. Therefore, the
rule extraction algorithm is becoming more and more important in explaining
the extracted rules from the neural networks. In this paper, a decompositional
algorithm is analyzed and designed to extract rules from neural networks. The
algorithm is simple but efficient; can reduce the extracted rules but improve the
efficiency of the algorithm at the same time. Moreover, the algorithm is com-
pared to the other two algorithms, M-of-N and Garcez, by solving the MONK’s
problem.

1 Introduction

Although both expert systems and neural networks are typical systems in the domain
of artificial intelligence, the basic components of these two kinds of systems are dif-
ferent. The knowledge base of expert systems is a set of rules which are stored in
symbolic form, while neural networks encode learned knowledge within an estab-
lished structure with adjustable weights in numerical form. Hence, it is difficult to
transfer the training results of a neural network to the knowledge base of an expert
system. The solutions represented by the knowledge base of an expert system could
be explained and understood by users [10]. The explainable feature is the main advan-
tage of expert system.

In contrast, neural networks have excellent abilities for classifying data and learn-
ing from inputs [7], but it is difficult to describe the decision process of a neural net-
work or to merge more than one trained neural network [1][11]. The key for neural
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networks to overcome this deficiency is rule extraction. Rule extraction is the process
of discovering the knowledge which is encoded within a neural network and repre-
senting these knowledge pieces in symbolic form, just as a rule base in an expert
system. Once the rules which could be used to represent the neural network are ex-
tracted, the expert system then can use those rules as its knowledge base and gain the
advantages of both Neural Networks and Expert Systems [15].

Although the neural-network-based systems performed well, it still can not make
users feel comfortable due to the 'black box' effects of the neural networks. There-
fore, some rule extraction methods for neural networks had been presented and classi-
fied into two categories, the pedagogical and the decompositional algorithms [18].
The pedagogical rule extraction algorithm aims to extract rules that map inputs di-
rectly into outputs [2]. Some typical algorithms of this category are "VIA"[17], "rule-
extraction-as-learning"[6] and "RULENEG"[12]. Most of pedagogical algorithms are
not effective when the size of the neural network increases, such as any real world
problem. In order to improve the efficiency, decompositional algorithms focus on
heuristically searching and extracting rules in neurons of neural networks individu-
ally. The existing decompositional algorithms include "KT"[8], "Subset"[19],
"MofN"[20], "RULEX"[3], "Setiono"[14], and “Garcez”[9].

Some decompositional algorithms use weight pruning for more effectively process-
ing [19][13][14], however, this kind of algorithms does not guarantee that the pruned
network would be equivalent to the original one [9]. Therefore, the accuracy of ex-
tracted rules might be decreased. Most of decompositional algorithm are requested
additional times to retrain the pruned network with original training data. This paper
tries to develop a decompositional algorithm which could extract rules directly from
trained neural network without retraining and keep high accuracy and low complexity
at mean time. Such an algorithm is designed by using the concept of bound decompo-
sition of neural network’s weights. The algorithm, Bound Decomposition Tree algo-
rithm, offers an efficient method to extract rule from a neuron.

This paper analyzes the hyperspaces and hypercubes for the hyperplane of a neuron
to develop an algorithm in order to extract positive, negative and uncertain Boolean
rules from the neural network. After applying the Boolean logic these extracted rules
will be simplified and be stored in the knowledge base. The users of the neural net-
work-based systems then can understand the reasoning principle of the neural net-
works according to these human readable rules.

2 Rule-Extraction Mechanism

A typical neuron used in this paper is defined as

y=f(WTX+W0)=f(Z]_€Nijj+W0) (D
in which N is the number of neuron inputs, w = [w;, w,, ..., w,,]T is the weight vector of
connection weights, wyis the bias and x = [x;, x5, .... , x,l]T is the inputs of the neuron.

The threshold function f: R—[0,1] is monotonically increasing and may be linear,
piecewise linear, hard-limited and sigmoid, as defined in a conventional neural network
textbook. The weight vector and its threshold can be collected as a set of augmented



Designing a Decompositional Rule Extraction Algorithm for Neural Networks 1307

weights w* = [W,W()]T, corresponding to the augmented input x* = [x, l]T, When the
neuron inputs are binary, x = [x;] € = ={0, l}N ,itis called binary neuron.

In essence, the outputs of a binary neuron are linearly separable and can divide the
N-dimensional space (R") into two halfspaces as Fig.1 shows. Therefore, the input
states can also be classified into positive state set = »w+ and negative state set -
Take the input states in Fig. 1 as example :

E e = (110,111,100} = {11-,1-0} @
and
E v+ = {010,000,011,001,101} = {0~-,-10}, 3)

in which '-' is called don't care state, meaning this state can be either '0' or '1' from the
viewpoint of boolean logic. For example, 1-0 corresponds to x;x;" and {11-, 1-0}
corresponds to x;x,+xx3'".

Positive
Halfspace

100

W x+w,;=0.35
011

w x+w,=-0.65

001 (min)
wx+w,=1.05

010
wx+w,=-0.15

000
W x+w,;=-0.55

X (0-)

101
wx+w,;=-0.15

Negative
Halfspace

Fig. 1. The outputs of a binary neuron are linearly separable. According to the output, different
input states can be divided to two halfspaces.

3 Bound Decomposition Tree Algorithm

For the example in Fig. 1, the initial bounds between the negative halfspace and the
positive halfspace are -1.05 (001) and 0.75 (110). The initial bounds can be indicated
as bounds(\¥ = '---') = [-1.05, 0.75] and boundvar(¥ = '---") = 1.8. Moreover, a
hypercube involves several input states and those states might come from different
hyperspaces. Therefore, a hypercube could be divided into positivecube, nega-
tivecube, or uncertain hypercube. With these definitions, the rule extraction algo-
rithm (extract boolean rules for a single neuron) is designed as following:
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1. Given a set of weights and its threshold w*=[w,w,] in Eq.(1) for a single neu-
ron, and a rule margin A.

2. Sort these weights w = [w;] by their absolute values to obtain an index se-
quence IS = {j = arg max;ey wjl}.

3. Set layer number N, =0, ¥ = Z ., bound(¥ ), and boundvar(¥ ).

4. Let N, = N;+1, j = the first index j in IS, and IS = IS\ {j}.

5. decompose each uncertain hypercube, ¥ = positivecube(-) Unegativecube(-),
in the deepest layer into positive hypercube and negative hypercube.

6. For each decomposed hypercubes, calculate the bounds [lbound(-), ub-
ound(-)].

7. boundvar(-) = boundvar(‘\¥' ) — lw.

8. If all new hypercubes are positive or negative, or the sum of the rest weights
less than A, then stop; otherwise go to step 4.

9. To transform all the calculated hypercubes into the positive rule R, the
negative rule R,,,+, and the uncertain rule R, =

4 Experiments

In this section, a well-know problem, the MONK’s problem is taken into our system
in order to verify the performance of the BDT algorithm [16]. The MONK’s problem
has been used as a benchmark for machine learning systems and many rule extraction
algorithms widely. Moreover, the comparisons between BDT, MofN, and Garcez’s
algorithm are also made, All the three algorithms are implemented by both
Matlab and Java, and the test results come from 100 execution cycles of MONK's
Problem. The experiment environment is Intel Celeron 1.7GHz CPU and Microsoft
Windows XP.

The experimental data of MONK’s problem comes from robots’ six attributes:
head_shape € {round, square, octagon}; body_shape € {round, square, octagon};
is_smiling € {yes, no}; holding € {sword, balloon, flag}; jacket_color € {red, yel-
low, green, blue}; and, has_tie € {yes, no}. The neural networks used to verify the
BDT algorithm and make comparisons in this paper for solving the MONK's problem
are Thrun's trained BPNs [17]. The accuracy of the neural networks for training data
is 100%. With the proposed algorithm in this paper, the corresponding rules are ex-
tracted with the 99.5% accuracy rate.

After getting the extracted rules by the BDT algorithm, the comparisons between
BDT, MofN, and Garcez’s algorithm are made and listed in Table 1. Table 1 contains
four parts, the first part is the algorithm name and the rule format; the second part is how
many rules and related accuracy rates that are generated by the three different algorithms;
the third part is the complexity of the extracted rules; and, the fourth part is how much
time that the three algorithms needed to extract rules from the neural networks.

Before the experiment results of each part in Table 1 are discussed, there are sev-
eral issues for the four parts from Table 1 are needed to clarify first. The first issue is
the rule format, since the rule formats between the three algorithms are different, the
extracted rule numbers will be difficult to compare. Therefore, in both second part
and third part, the rules in M-of-N form are reconstructed to the rules in Boolean logic



Designing a Decompositional Rule Extraction Algorithm for Neural Networks 1309

Table 1. The experiment results for solving MONK’s problem by using BDT, MofN, and
Garcez’s algorithms (*: The number in parenthesis is the rule number of Boolean logic format)

BDT MofN MofN MofN Garcez
(kmean=7) (kmean=3) (kmean=2)
Rule Format Boolean M-of-N M-of-N M-of-N Boolean
Logic Logic
Rule Number
h; 286 11(415)* 4(2555)* 3 (2865)* 45369
hy 1969 45(2398)* 9(3475)* 3 (14960)* 50276
hs 531 12(327)* 5(6286)* 2 (9250)* 54168
0; 3 1(3)* 1(3)* 1(3)* 3
The Complexity of the Extracted Rules (Antecedent Rule Number)
hy 1909 36(2980)* 8(22820)* 5(21140)* 417131
hy 15692 166(18621)* 20(27543)* 5(120250)* 454960
hs 3685 35(2338)* 10(46922)* 3(73950)* 477476
0; 6 1(6)* 1(6)* 1(6)* 6
Accuracy 99.5% 99.5% 98.6% 98.1% 99.5%
Execution Time (Running 1000 times) unit : second

Matlab 71.0 76.7 25.16 16.6 35094
Java 26.1 3.14 1.26 0.59 969.5

form. The reconstructed Boolean logic rule number is listed inside the parenthesis just
followed the M-of-N form rule number. The second issue is the accuracy rate, the
accuracy rates come out from using the extracted rules to test the test data set of
MONK ‘s problem. The third issue is the complexity of the extracted rules, for exam-
ple, a Boolean logic rule - x;X,+x;3X,". In this example, the extracted rule number is 2
(rule x;X, and rule x3x,"), however, there are four antecedent rules (X, X,, X3, and X').
The last issue is the execution time, since the commercial programming languages
have the benefits in reducing running time and commercialized, two different pro-
gramming languages, Java and Matlab, are used to implement the three algorithms..

In Table 1, h;-h; are 3 hidden nodes in the hidden layer and o; is the output neuron.
“Rule Number” is the rule number extracted from a neuron and “The Complexity of
the Extracted Rules” is the number of antecedents of all rules. Obviously, a smaller
“Rule Number” represents fewer rules and a smaller “The Complexity of the Ex-
tracted Rules” represents more concise rules. Table 1 represents that the BDT algo-
rithm makes “Rule Number” and “The Complexity of the Extracted Rules” greatly
reduced and keep the accuracy rate high at meanwhile. As we can also find out that
the execution time of BDT is less than the MofN with k-mean equals to 7. It is ac-
ceptable that the less time is needed for the MofN algorithm with k-mean equals to 3
and 2, because the value of k-mean is less the accuracy rate is lower. The only ques-
tion mark is occurred in the execution time of Java application. As the last row in
Table 1 shows that the Java version BDT algorithm takes too much time than the Java
version MofN algorithm.

5 Future Works

Based on the analysis of the hyperplane, this paper proposed an algorithm to extract
the positive and negative, even uncertain rules of a neuron at the same time. After the
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rules are extracted from a well-trained neural network, the users then could get more
clear understandings about the neural network-based systems. Moreover, the ex-
tracted rules could be used as the knowledge base of expert systems [4][5]. From
Table 1, the importance of the BDT algorithm is verified and competed with other
two famous rule extraction algorithms, MofN and Garcez’s algorithms. The BDT
algorithm is getting better performance no matter in the extracted number, the accu-
racy rate, the rule complexity, and the execution time. Although the BDT algorithm
could extract rules from a neural network with lower complexity, the system still
needs to be enhanced. For example, the extracted rules are currently in Boolean logic
format, in the near future, the BDT algorithm should be improved to deal with not
only the binary inputs but also multi-level inputs and even the continuous inputs..
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