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Abstract

In this work, two techniques of Computational
Intelligence, Fuzzy Classifier System and
Genetic Programming, are compared on system
identification problems. By using a Fuzzy
Classifier System, we pretend to find an input-
output identification fuzzy model (composed of
fuzzy rules). The Fuzzy Classifier System uses a
genetic algorithm in order to adapt an initial
population of fuzzy rules. In Genetic
Programming, a set of analysis trees (the nodes
are a set of mathematical symbols: constants,
functions, variables, operators, etc.) is the
population manipulated by the evolutionary
algorithm. These analysis trees describe the
possible different identification models. In both
cases, the initial population is generated based on
intuitive knowledge about the dynamic of the
system. A set of historical data about input and
output signals is used to adapt that population

1 INTRODUCTION

In processes control are required models which describe
the dynamic behavior of the system in order to carry out
control tasks [7,11,13]. Identification techniques propose
an approximated model of a real system, based on
linguistic or mathematical expressions, or an algorithm.
Identification models that only manipulate input and
output signals is one of the possible identification
schemes  (Input-Output Identification Models). In control
theory, there are many techniques to solve this problem
[10].  In this work, two intelligent mechanisms based on
Evolutionary Computation (EC) are proposed in order to
solve the input-output identification problem of
dynamical system, one of these based on Genetic
Programming (GP) and the other one based on Fuzzy
Classifier System (FCS). In the case of GP, this approach
proposes the evolution of a set of possible models that
characterize the system. In specific, the evolutive process

manipulates a population of analysis trees, which describe
the possible models. In the case of FCSs, an input-output
identification fuzzy model is generated from an initial
population of fuzzy rules. Genetics Algorithms (GAs) are
used to propose a new population of rules through an
iterative cycle of states, until minimizing the
identification error.

2 SYSTEM IDENTIFICATION (SI)

In control tasks, it is necessary to known the system
model that describes the behavior of the system [7, 10, 11,
13]. The identification methods develop models which are
capable of describe the essential properties of a system,
taking into account its static and dynamic behavior during
an interval of time. Such models can be used in control
tasks, fault tolerance, etc.

There are many identification methods, several of them
based on the control theory [10], or on the computational
intelligence [1, 2, 12].  The identification models can be
defined as a non-linear function of the current input (u(t))
and previous inputs (u(t-1), u(t-2) and so forth) and
outputs (y(t-1), y(t-2) and so forth) (these models are
called input-output identification models) [10]. The
classical scheme for system identification is shown in the
figure 1. The error signal between the real output and the
estimated output is used to update the model parameters.

Figure 1: System identification scheme.
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3 FCS AND GP ON IDENTIFICATION
PROBLEMS

3.1 FCS-BASED IDENTIFICATION
MECHANISM

In a previous work [3], a FCS for fault tolerance in
industrial processes has been designed. Some ideas of that

work have been used in order to design our FCS approach
for system identification problems. The FCS generates an
input-output identification fuzzy model, which is obtained
from historical data about the input and output variables
of the system. Our identification scheme based on FCS is
shown in the figure 2.

Figure 2: Our identification scheme based on FCS

In this design, we suppose that both the generic structure
of the fuzzy rules and the membership functions of the
fuzzy sets are known. Then, the FCS only finds the best
instances of this generic structure.

3.1.1 Algorithm of the FCS.

For each training pattern, according to the historical data
of the system and a population of “n”  fuzzy rules, we
follow the next steps:

1. Compute the activation grade of each rule.

2. Compute the credit of each activated rule.

3. Defuzzification of the output fuzzy set obtained by
the fuzzy inference mechanism.

4. Compute the identification error er.

5. Compute the average error ep, when all patterns have
been processed.

6. If average error is bigger than the error limit given by
the user, then the FCS uses the adaptive mechanism
based on GAs.

6.1 Choose the parents (rules with high
credit value).

6.2 Apply the genetic operators (mutation
and crossover).

6.3 Replace the olds individuals for the new
individuals, according to some
replacement mechanism.

This procedure is repeated until that the identification
average error reaches a minimum value given by the user
or a maximum number of iterations have been
accomplished.

3.1.2 The identification error calculation

The equation (1) is used to calculate the identification
error associated to each pattern. The average error for all
training patterns is given by the equation (2).

er = |(ys - yd)/ys| (1)

ep = � i=1
m er/m (2)

where ys is the output of real system, yd is the output of the
fuzzy model and m is the number of patterns.

3.1.3 The fitness function definition.

The credit value of each fuzzy rule is computed based on
the fitness function given by the equation (3):

Si(t+1)=Si(t)+Acti(t)* � yi/ea  (3)

where Si (t) is the credit value of the fuzzy rule i at time t,
Acti (t) is the activation grade of the fuzzy rule i at time t,
ea is the absolute error (ea=ys-yd) and � yi is the
membership grade of the crisp value of the fuzzy model
output. This fitness function permits the evaluation of the
weight of the output fuzzy set of a rule into the crisp value



given by the fuzzy model. So, a good credit value is
obtained for those rules which give a minor identification
error.

3.1.4 The adaptive mechanism

Each rule is codified as a vector of finite length, as it is
shown in the figure 3.

Ve1 CD1 .... Ve3 CD3 Vs CDs

Figure 3: Codification of a rule as an individual

where Vei  is the input variable i, CDi is the fuzzy set of
the input variable Vei , Vs is the output variable and CDs
is the fuzzy set of the output variable Vs.

In this work, we propose a set of changes into the fuzzy
sets of the input and output variables in order to create
new rules. The genetic operators of crossover and
mutation are used in order to accomplish this task [6]. At
the end, the new population is composed of n+k rules
(individuals), where n is the number of rules of the
previous population and k is the number of new rules. In
order to have n rules, we must eliminate k rules. We
eliminate a rule according to its probability of
elimination, given by the equation (4):

Pr(Rt)= Fr(Rt)/ � i=1
m Fr(Ri)                     (4)

where  Pr is the replacement probability of the rule Ri, Fr
is the replacement factor of the rule Ri and m is the
number of rules of the population (m=n+k). The
replacement factor is given by the equation (5):

Fr(Ri)=1-FAi/� j=1
m

 FAi (5)

where FAi is the credit value of the rule Ri.

3.2 GP-BASED IDENTIFICATION
MECHANISM

In this section it is proposed a method based on PG to
develop identification models. In our approach, each
individual is defined by a Multiple Interaction Programs
(MIP) model. In the MIP model, each node is one
equation, which is represented by an analysis tree. The
identification mechanism proposes a simultaneous
evolution of each analysis tree [1].

In our model, the terminal set of each node has input
variables, constants or outputs from some precedent
equations. In the figure 4.b is shown an analysis tree for
T3, where In1 y In2 are input values of the problem. T1 y
T2 are the outputs of these equations, which precede T3
(see figure 4.a). This model is easy to implement in GP,
through the utilization of the ADF (Automatic Definition
Function) technique. This extension of GP permits to
define functions to evolve in parallel with the main
procedure. These functions can be called by other
functions, or by the main procedure, during the evolution.
In our case, the MIP model defines the relationship
among the functions. The population evolution follows
the next algorithm:

1. Define a given MIP model for the individuals.

2. Generate, randomly, a population of individuals. Each
one of the individuals is defined by a set of analysis
trees according to the MIP model.

3. Evaluate each individual in order to determine its
performance. The evaluation function is the average
error between the historical output of the system and
the output of the identification model (individual).

4. Select the parents (individuals with the smallest
average error).

5. Apply the genetic operators to these parents in order to
reproduce new individuals.

6. Replace the old worst individuals for the new
individuals.

4 EXPERIMENTS

In this section, we present an example in order to compare
both proposed identification methods. The example is a
distillation system that uses a distillation column in
continuous operation of multiple stages.

4.1 SYSTEM DESCRIPTION

The objective of a distillation system is to separate a
mixture in two or more fractions with different boiling
points. The function of the continuous distillation system
can be seen with details in [7]. In the figure 5 is shown the
structure of this distillation column. The feeding input
(composed by benzene and toluene) is introduced in the
second plate, and the distilled product is obtained in the
first plate on the top of the column.
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Figure 5: Distillation column

The constant input signal (feeding rate) is modeled with a
step function with amplitude equal to ten (U(t) = 10). The
theoretical model of this system is given by the equation
(6) [7]:

X(t) =1.1148*X(t-1) + 0.2525*X(t-2) – 0.3823*X(t-3) +
0.3294e-4*U(t-1)                                                           (6)

where X(t) represents the output of the system. The output
is the concentration of benzene on the top. The output
signal from this model is shown in the figure 6.

Figure 6:  Output signal from theoretical model

4.2 IDENTIFICATION MODEL BASED ON GP

In order to develop the computational program, we have
used the "The Genetic Programming Kernel" library
designed by A. Fraser en 1994 [5]. This library permits
the utilization of ADFs.
In this experiment, the MIP model is composed by two
equations (M1 y M2), where M2 represents the ADF and
M1 represents the main program (main tree), which can
depend of M2 or not. The function set used by M1 and
M2 is {+,-,*, %, sin, cos}. The terminal set of the main
tree is composed by St(M1)={u, xa1, xa2, xa3, xa4, xa5,
s_M2}, where u is the input signal at the time t, xa1 is the
output signal at the time t-1 (X(t-1)), xa2 is the output at
the time t-2 (X(t-2)), and so on, and s_M2 is the output of
the ADF. The terminal set of the ADF only has two
elements St(M2)={xa1, xa2}. The trigonometric functions
are supposed with input values given in radians.

The historical values of the input and output signals have
been obtained using the theoretical model defined by the
equation (6). The aptitude of each individual was
determined based on the average error between the output
historical values and the outputs of the model proposed by
the individual for the same set of input signals. A
population of 300 individuals has been evolved through
50 generations. Finally, the individual with the smallest
average error is selected. In the table 1 is shown the
models obtained (the best individuals) using our
identification method, for different terminal sets.

Table 1: Identification Models

                           CASES IDENTIFICATION
MODEL

THEORETICAL
MODEL

 ERROR

AP:    CT={u, a1, xa2, xa3, s_M2}

ADF: CT={x1, x2}

M1 = 2*xa1 – xa2*s_M2

M2 = (xa1)2 / xa2

Equation (6) 1.59254e-4

AP:    CT={u, xa, xa2, s_M2} M1 = 2*xa1 – xa2* s_M2 Equation (6) 2.3965e-4



ADF: CT={x1, x2} M2 = Equation (7)

AP:    CT={u, xa1, a2, xa3, xa4, s_M2}

ADF: CT={x1, x2}

M1 = (xa1 / xa2)*xa1

M2 = xa1+xa2-xa3

Equation (6) 2.86043e-4

AP:    CT={u, xa1, xa2, xa3, xa4, xa5, s_M2}

ADF: CT={x1, x2}

M1 = 2*xa1 – xa2 *s_M2

M2 = (xa1)2  / xa2

Equation (6) 1.59254e-4

where:

M2=xa1-
sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin((xa2-
xa1)))))))))))))))                                                           (7)

The identification models obtained in the cases 1 and 4
are similar, and they are the best models. In the second
case, the ADF model is different to the previous ones, but
the value of the error is acceptable. In the case 3, the
identification model do not depends of the ADF. In
general, in all cases the best individual depends of the
output signal at the times (t-1) and (t-2), and it does not
depend of the input signal. In the second case, the
identification model is more complex.

The identification error signal obtained by the model
proposed in the case 2 is shown in the figure 7. The input
signal is a constant function U(t)=10, and the initial
conditions for the variables xa1 y xa2 was randomly
selected near to the real initial conditions. At t=2 sec., the
identification error converges to zero.

Figure 7: Identification error using the second model

4.3 IDENTIFICATION MODEL BASED ON FCS

In our approach, we suppose the following generic
structure for the fuzzy rules:

        If U(t) and Y(t-1) then Y(t)                                    (8)

where U(t) denotes the input variable at time t, Y(t-1)
denotes the output variable at time t-1 and Y(t) denotes
the output variable at time t. For such variables, we
previously define their fuzzy sets according to their
historical data values. The membership functions of these
fuzzy sets are shown in the figure 8.

Figure 8: Membership functions of the fuzzy sets for U(t),
Y(t-1) y Y(t).

Different experiments have been made from an initial
population of fuzzy rules and 800 training patterns. The
best fuzzy model according to the identification average
error is the following:

If U(t) is mu and Y(t-1) is bu1 then Y(t) is ay

If U(t) is au and Y(t-1) is mu1 then Y(t) is by

If U(t) is mu and Y(t-1) is au1 then Y(t) is my

If i U(t) is au and Y(t-1) is au1 then Y(t) is ay
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If i U(t) is mu and Y(t-1) is mu1 then Y(t) is ay

If i U(t) is au and Y(t-1) is au1 then Y(t) is my

If i U(t) is mu and Y(t-1) is bu1 then Y(t) is my

If i U(t) is bu and Y(t-1) is mu1 then  Y(t) is my

If i U(t) is mu and Y(t-1) is mu1 then Y(t) is by

This fuzzy model has been found in the iteration number
87, with an average training error of 0.13. The output of
this fuzzy identification model, for the input signal
U(t)=10, is shown in the figure 9.

Figure 9: Identification error signal based on FCS.

In the figure 9, we can observe the identification error
signal of the fuzzy model. The accuracy is not very good.
We remark that the membership functions have not been
adjusted. We can reach a good accuracy if these
membership function are suitably adjusted. If we compare
the identification error for both approaches (see figures 7
and 9), we can see that the identification error  based on
PG is better than the other one based on FCS.

5 CONCLUSIONS

This work shows the capabilities of the GP and the FCS
in system identification problems. This application is very
useful when the knowledge about the system is poor and
when we not have the expert knowledge about the
relationships between the system variables. The
identification models that we have obtained by using
these approaches are suitable.
FCS has been “ training”  out of line, therefore, the fuzzy
model is an universal generic model. It is necessary to test
our identification mechanism with different structures of
the fuzzy rules in order to give more information at the
FCS (more delayed input and outputs signal as inputs
variables) . We can observe that there are many repeated

fuzzy rules into the model, then the elimination algorithm
must be improved. In the future, we will incorporate a
membership function adaptive mechanism.
In the case of the GP, it depends of the function and
terminal sets that are used, and the relationship
established in the MIP model. In the future, we are going
to test one extension of our approach where the MIP
model evolves such that the evolution determines the
optimal relation between the equations/variables.
Based on the experimental results, the GP-based
identification mechanism is more efficient than the FCS-
based mechanism, but we must remark that the FCS have
not the membership function adaptive mechanism. This is
a serious limitation that we must improve. Finally, other
experiments will be tested in order to determine the
efficiency of each proposed technique in different types of
problems.
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Mutation rate (Pm) : 0.01

Columns of OA (	 ) : 15

30 independent runs were performed per test problems,
compared with same function evaluation times of SPEA.
The raw results of SPEA are from the author’s website.
The experimental result of 2 knapsack-750 items is shown
in Figure 3. The results concerning the C measure are
shown in Table 2.

Generally, the simulation results of knapsack problems
prove that GMOEA do better than SPEA. While SPEA
use a large number of population size (250,300,350), none
of solutions found by GMOEA are dominated by the
solutions of SPEA.

Figure 3: Trade-off fronts out from 30 runs.

Table 2: The C measure of GMOEA and SPEA.

Knapsacks
problems 2-750 3-750 4-750

Number of solutions
found by SPEA 37 426 1751

Number of solutions
found by GMOEA 94 301 372

C(GMOEA, SPEA)
1

(37/37)

0.57

(244/426)

0.72

(1261/1751)

C(SPEA, GMOEA)
0

(0/94)

0

(0/301)

0

(0/372)

4.2 COMPARSION OF MOPPPS

Since MOPPPs are related to the generalized assignment
problem (GAP) (Tempelmeier and Kuhn, 1993)
(Barndimarte, 1999). Therefore, we used the benchmark
problem instances of GAP, which are provided by OR-
Library. Two instances, (20 agents, 100 jobs) and (20

agents, 200 jobs) in the benchmark– gapd are derived and
formulated. Let agents be machines, jobs be operations,
the cost of allocating job to agent be the processing time
ptijk, and the resource requirement be the tool costscijk in
FMS. Assume a part is consists of 5 operations, so that
the first instance has 20 parts, the second instance has 40
parts. The production volume (PVi) of each part types is
given as follows: {45, 43, 39, 46, 42, 56, 37, 33, 61, 30,
55, 43, 24, 39, 29, 44, 30, 45, 29, 30, 55, 33, 37, 43, 62,
36, 42, 44, 53, 40, 35, 41, 34, 29, 38, 49, 43, 25, 69, 41},i
= 0, 1,… , 40. Let the available capacity of AGV,abl, be
10. Considering the real manufacturing environment, the
transportation time of AGV is given in Table 4. The
transportation time within the same machine is to reflect
that a machine unit may be a combination of several
machines.

The parameter settings of GMOEA are as follows.

Current population size : 50

Upperbound size of TSONS : 50

Selection rate (Ps) : 0.2

Crossover rate (Pc) : 0.6

Mutation rate (Pm) : 0.05

Columns of OA (	 ) : 15

The parameter settings of SPEA are the same as the
settings of GMOEA, except the population size of SPEA
is 150 and the elite population is 50. 30 independent runs
were performed per test problems, compared with
function evaluation times = 100000.

Table 4: The C measure of GMOEA and SPEA.

MOPPPs
20 machines

100 operations

20 machines

200 operations

Number of solutions
found by SPEA 415 199

Number of solutions
found by GMOEA-N 392 250

Number of solutions
found by GMOEA 465 313

C(GMOEA-N, SPEA)
0.71

(295/415)

0.90

(180/199)

C(SPEA, GMOEA-N)
0

(0/392)

0

(0/250)

C(GMOEA, SPEA)
1

(414/415)

1

(199/199)

C(SPEA, GMOEA)
0

(0/465)

0

(0/313)

�����������	�
���
����

�����

�����

�����

�����

�����

�����

�����

�����

����� ����� ����� ����� ����� �����

����

�����

1265



In order to investigate the affects of the elite clearing
mechanism, GMOEA without the elite clearing
mechanism (GMOEA-N) is also performed. Moreover,
box plots are used to visualize the distribution of solutions
in each objective.

Box plots of MOPPP with 20 machines and 200
operations are shown as Figure 4, 5, 6 and 7. The results
concerning the C measure are shown in Table 4. The
simulation results of MOPPPs indicate that all the non-
dominated solutions found by SPEA are dominated by
GMOEA, and the elite clearing mechanism improves the
distribution of solutions while maintaining the quality of
solutions.

Figure 4: The distribution of solutions inF1.

Figure 5: The distribution of solutions inF2.

Figure 6: The distribution of solutions inF3.

Figure 7: The distribution of solutions inF4.

4.3 DISCUSSIONS

From the reported results, it is shown that:

(1) The quality of non-dominated solutions obtained
GMOEA is superior to SPEA, and GMOEA outperforms
SPEA in convergence speed and high accuracy within the
same function evaluation times.

(2) GMOEA uses a compact population while SPEA
uses a larger number of population, and no sharing or
clustering technique is used in GMOEA. Therefore, the
actual computation time of GMOEA is lesser than SPEA,
because the complexity of identifying the non-dominated
solutions isO(N2).

(3) From the experimental results of GMOEA and
GMOEA-N. It is shown that the elite clearing mechanism
is capable to encourage the algorithms to explore the
unexplored search regions, so that the distribution of
solutions can be improved. Moreover, the elite clearing
mechanism is simple and efficient than the clustering
technique used in SPEA.

5 CONCLUSIONS

Multi-objective process planning problems (MOPPPs) is
an important problem in the pre-release planning phase of
flexible manufacturing systems. This paper has presented
an evolutionary approach using multi-objective
evolutionary algorithm with a new elite clearing
mechanism for solving MOPPPs. Objectives considering
the flow time, machine balancing, machine workload and
tool cost are optimized simultaneously. Experimental
results demonstrated the proposed approach is suitable to
solve the complex industrial problems with a large
number of parameters.
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Abstract

Facility-location problems have several
applications in telecommunications, industrial
transportation and distribution, etc. One of the
most well-known facility-location problems is
the p-median problem. This work addresses an
application of the capacitated p-median problem
to a real-world problem. We propose a genetic
algorithm (GA) to solve the capacitated p-
median problem. The proposed GA uses not only
conventional genetic operators but also a new
heuristic “hypermutation” operator proposed in
this work. The proposed GA is compared with a
tabu search algorithm.

Keywords: facility location, p-median problem,
genetic algorithms, tabu search.

1 INTRODUCTION
Facility-location problems have several applications in
telecommunications, industrial transportation and
distribution, etc. One of the most well-known facility-
location problems is the p-median problem. This problem
consists of locating p facilities in a given space (e.g.
Euclidean space) which satisfy n demand points in such a
way that the total sum of distances between each demand
point and its nearest facility is minimized. In the non-
capacitated p-median problem, one considers that each
facility candidate to median can satisfy an unlimited
number of demand points. By contrast, in the capacitated
p-median problem each candidate facility has a fixed
capacity, i.e. a maximum number of demand points that it
can satisfy. The p-median problem is NP-hard [Kariv and
Hakimi, 1979]. Therefore, even heuristic methods
specialized in solving this problem require a considerable

computational effort.

In this work we apply the capacitated p-median problem
to a real-world problem, namely the selection of facilities
for a university’s admission examination. The goal is to
select 26 facilities among 43 available facilities. Each
facility has a fixed capacity, i.e. a maximum number of
students who can take an exam at that facility. Each
student must be assigned to exactly one facility. The
selected facilities must satisfy 19710 candidate students
(i.e. students who have applied to the university’s
admission exam). In addition, the 26 facilities must be
selected in such a way that the total sum of the distances
between each student’s home and the facility to which the
student is assigned is minimized.

In order to solve this problem we propose a genetic
algorithm (GA) specific for the capacitated p-median
problem. The proposed GA is compared with a tabu
search algorithm proposed by Glover (unpublished work).

This paper is organized as follows. Section 2 formally
defines the p-median problem and the real-world
application addressed in this work. Section 3 introduces
the proposed GA. Section 4 reports computational results.
Section 5 discusses related work. Finally, section 6
concludes the paper.

2 THE P-MEDIAN PROBLEM

Informally, the goal of the p-median problem is to
determine p facilities in a predefined set with n (n > p)
candidate facilities in order to satisfy a set of demands, so
that the total sum of distances between each demand point
and its nearest facility is minimized. The p facilities
composing a solution for the problem are called medians.

Formally, assuming all vertexes of a graph are potential
medians, the p-median problem can be defined as follows.
Let G = (V, A) an undirected graph where V are the
vertexes and A are the edges. The goal is to find a set of
vertexes Vp �  V  (median set) with cardinality p, such that



the sum of the distance between each remaining vertex in
{ V – Vp} (demand set) and its nearest vertex in Vp  be
minimized.

We present below a formulation of the p-median problem
in terms of Integer Programming proposed by Revelle and
Swain (1970). This formulation allows that each vertex be
considered, at the same time, as demand and facility
(potential median), but in many cases (including our real-
world application) demand and facilities belong to
disjoint sets.
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n  = total number of vertexes in the graph

ai  = demand of vertex j.

dij = distance from vertex i to vertex j.

p  = number of facilities used as medians.
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The objective function (2.1) minimizes the sum of the
(weighted) distances between the demand vertexes and
the median set. The constraint set (2.2) guarantees that all
demand vertexes are assigned to exactly one median. The
constraint set (2.3) forbids that a demand vertex be
assigned to a facility that was not selected as a median.
The total number of median vertexes is defined by (2.4)
as equal to p. Constraint (2.5) guarantees that the values
of the decision variables x and y are binary (0 or 1).

Assuming all vertexes of a graph are potential medians,
the p-median problem can be formally defined as follows.
Let G = (V, A) an undirected graph where V are the

vertexes and A are the edges. The goal is to find a set of
vertexes Vp �  V  (median set) with cardinality p, such
that: (a) the sum of the distance between each remaining
vertex in {V – Vp} (demand set) and its nearest vertex in
Vp  be minimized; and (b) all demand points are satisfied
without violating the capacity restrictions of the median
facilities. By comparison with the p-median problem, the
capacitated p-median problem has the following
additional constraints: (1) Each facility can satisfy only a
limited number of demands (capacity restrictions); and (2)
All demand points must be satisfied by respecting the
capacities of the facilities selected as medians.

2.1 A REAL-WORLD APLICATION

The Federal University of Parana (UFPR), located in
Curitiba, Brazil, was founded in 1912 as the first federal
Brazilian university. It currently offers 61 undergraduate
courses, 84 specialization courses (at the graduate level),
37 M.Sc. or M.A. courses and 21 Ph.D. courses.
Undergraduate students are selected via a written
admission exam applied to all candidate students. For the
2001 admission exam it has been proposed an
optimization in the assignment of candidate students to
the facilities where they will take the exam. The goal was
to assign 19710 candidate students to facilities as close as
possible to their corresponding homes. (In order to obtain
the distance between each candidate student’s home and
each facility, all the addresses in question have been
precisely located in a digitized map of the city of
Curitiba). It was previously determined, for operational
and economic reasons, that an algorithm should select 26
facilities to satisfy all 19710 candidate students, among a
set of 43 candidate facilities. We cast this problem as a
capacitated p-median problem, as follows:

1. The set of 43 facilities (potential exam locations) is
the set V (|V| = 43) of all facilities candidate to
median (actual exam locations).

2. Let Vp �  V (|Vp| = 26) be the set of the 26 selected
exam locations.

3. Each of the 43 potential exam locations can satisfy
only a limited number of candidate students.

4. The goal is to select a set Vp �  V that minimizes the
total sum of distances between each candidate
student’s home and its nearest exam location
(median).

3 THE PROPOSED GA
This section describes our proposed GA for the
capacitated p-median problem, Cap-p-Med-GA.

3.1 INDIVIDUAL REPRESENTATION

Each individual (chromosome) has exactly p genes, where
p is the number of medians, and the allele of each gene
represents the index (a unique id number) of a facility
selected as median. For instance, consider a problem with
15 facilities (potential medians) represented by the
indexes 1,2,...,15. Suppose one wants to select 5 medians.
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In our GA, the individual [2, 7, 5, 15, 10] represents a
candidate solution for the problem where facilities 2, 5, 7,
10 and 15 have been selected as medians. In Cap-p-Med-
GA the genome is interpreted as a set of facility indexes,
in the mathematical sense of set - i.e. there are no
duplicated indexes and there is no ordering among the
indexes.

3.2 FITNESS EVALUATION

In essence, the fitness of an individual is given by the
value of the objective function for the solution
represented by the individual - as measured by formula
(2.1). However, there is a caveat in the computation of the
fitness of an individual. Note that Cap-p-Med-GA is used
only to optimize the choice of the 26 medians, out of the
43 facilities. However, the computation of formula (2.1)
requires that each of the 19710 candidate students be
assigned to exactly one of the selected medians (i.e. the
facility where the student will take the admission exam).

This assignment is done by a procedure that is used by
Cap-p-Med-GA as a black box. Since this procedure is
orthogonal to the use of a GA, it will not be described in
detail here. For details the reader is referred to Correa
(2001). Here we just mention the basic idea of this
procedure. Once the 26 medians are selected, this
procedure tries to assign each candidate student to the
median (exam location) that is the nearest one to its home.
The problem is that, since each median has a fixed
capacity, some candidate students will have to be
assigned to the second (or third, fourth, ...) nearest median
to their homes. Suppose there is an assignment conflict -
e.g. there is just one vacancy in one median, and that
median is the nearest one for two candidate students. In
this case the student-assignment procedure prefers to
assign to that median the student that would be most
prejudiced if she was assigned to its second nearest
median. A student is “prejudiced”  to the extent of the
difference between two distances, namely the distance
between her home and her nearest median and the
distance between her home and her second nearest
median. Once the student-assignment procedure is
complete, the fitness of an individual can be computed by
formula (2.1).

3.3 SELECTION

We use a ranking-based selection method proposed by
Mayerle (1996), given by the formula below.

Select(R)=
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where R is a list R = (r1, r2, ..., rp), with P individuals
sorted in increasing order by fitness value, rnd �  [0, 1) is
a uniformly-distributed random number and the

symbol� �b  denotes the greatest integer smaller than or

equal to b. Formula (3.1) returns the position in the list R
of the individual to be selected. The formula is biased to
favor the selection of individuals in early positions of the
list - i.e. the best (smallest fitness) individuals.

The population evolves according to the steady-state
method. The offspring produced by crossover (and
possibly mutation) is inserted into the population only if
they have a better (smaller) fitness than the worst
individual of the current population.

3.4 CROSSOVER

As a preprocessing step for the possible application of
crossover, Cap-p-Med-GA computes two exchange
vectors, one for each parent, as follows. For each gene of
parent 1, Cap-p-Med-GA checks whether the allele
(facility index) of that gene is also present (in any
position) at the genome of parent 2. If not, that facility
index is copied to the exchange vector of parent 1. This
means that facility index may be transferred to parent 2 as
a result of crossover, since this transfer would not create
any duplicate facility indexes in parent 2’s genotype. The
same procedure is performed for each facility index in the
genotype of parent 2. For instance, let the two parents be
the facility-index vectors [1, 2, 3, 4, 5] and [2, 5, 9, 10,
12]. Their respective exchange vectors are: vp1 = [1, 3, 4]
and vp2 = [9, 10, 12]. Once the facility indexes that can be
exchanged have been identified, the crossover operator
can be applied, as follows.

No fixed crossover probability is used in Cap-p-Med-GA.
Crossover is performed whenever the two parents are not
equal to each other, i.e. whenever there is at least one
facility index in the exchange vectors of parent 1 and
parent 2. If the two parents are equal to each other, i.e.
their exchange vectors are empty, one of the parents is
reproduced unaltered for the next generation and the other
parent is deleted, to avoid that duplicate individuals be
inserted into the population.

Crossover is performed as follows. A random natural
number c, varying from 1 to the number of elements in
the exchange vectors minus 1, is generated. This number
c determines how many facility indexes of each exchange
vector will be actually swapped between the two parents.
We emphasize that this procedure guarantees that there
will be no duplicate facility index in any of the two
children produced by crossover.

3.5 MUTATION

Mutation is performed as follows. The gene being
mutated has its current allele replaced by another
randomly-generated allele (a facility index), subject to the
restriction that the new facility index is not present in the
current genotype of the individual.

3.6 HEURISTIC HYPERMUTATION

This is a new heuristic operator proposed in this work. It
is based on knowledge about the problem being solved.



This operator is applied right after the random generation
of the initial population, and after that it is applied with a
fixed probability (e.g. 0.5%) to each iteration of the
steady-state method (i.e. each selection of two parents,
possibly followed by crossover and conventional
mutation). This operator starts by randomly selecting a
percentage (e.g. 10%) of the individuals of the population.
Then it tries to improve the fitness of each of the selected
individuals as follows. For each gene of the individual, it
tries to replace its facility index by each facility index that
is not currently present in the genotype of the individual.
For each gene, the replacement that most improves the
individual’s fitness is performed. Note that this is a very
computationally expensive operator, since each time it is
applied a large number of fitness functions needs to be
performed. The cost-effectiveness of this application-
specific, computationally-expensive operator will be
evaluated in section 4.

More precisely, the heuristic hypermutation operator
proposed in this work is implemented as follows:

Procedure HYPERMUTATION:

Step 1.

Randomly select a subset of 10% of the individuals
from the entire population.

Step 2.

FOR EACH individual X selected in Step 1  DO

Let H be the set of facility indexes that are not
currently present in the genotype of individual X

FOR EACH facility index “ i”  included in set H  DO

BEST = X

FOR EACH facility index “ j”  that is currently
present in the genotype of the individual X  DO

Let Y be a new individual with the set of
facilities given by:  (X – {j})  �  { i}

Calculate the fitness of Y

If  fitness(Y) < fitness(BEST) then

BEST = Y

END FOR

If fitness(BEST) < fitness(X) then

X = BEST

END FOR

Insert the new X into the population,  replacing the
old X

END FOR

To illustrate the use of the hypermutation operator,
consider a very simple example with only 5 facilities,
labeled {1, 2, 3, 4, 5}, out of which we want to select 3
medians. Consider an individual X, selected to undergo
hypermutation, containing the facilities {1, 4, 5}. Hence,

the set H is the set {2, 3}, and BEST = X = {1, 4, 5}. The
algorithm first let j = 2, so that the following new
individuals are evaluated: {2, 4, 5},  {1, 2, 5} and {1, 4,
2}. Suppose the best of these 3 individuals is {1, 2, 5},
which is also better than the original {1, 4, 5}. Then the
algorithm let BEST = {1, 2, 5}. At this point the algorithm
let j = 3, so that the following new individuals are
evaluated: {3,2, 5}, {1, 3, 5}, {1, 2, 3}. Suppose the best
of these 3 individuals is {3,2,5}, but this individual is not
better than the previously best individual {1,2,5}. Then
BEST remains associated with the individual {1,2,5}. At
this point all indexes in H have been tried, so the current
value of BEST, {1,2,5},  replaces the original individual X
in the population. This process is performed for each
individual undergoing hypermutation.

4 COMPUTATIONAL RESULTS

As mentioned earlier, the problem being solved consists
of selecting 26 medians out of 43 facilities. Therefore,

there are 26
43C = 421,171,648,758 (roughly 421 billion)

candidate solutions.

The proposed GA was evaluated by comparing it with
another heuristic algorithm developed for the problem,
namely a tabu search algorithm. The tabu search
algorithm used here is our implementation of the
algorithm proposed by (Glover, personal communication).
In essence, this tabu search algorithm works as follows.

Consider the set V of all candidate facilities and Vp �  V,
|Vp| = p, the initial set of randomly-selected medians. Each
“move”  (operator) of the tabu search is a procedure that
consists of adding (ADD), removing (REMOVE) or
swapping (SWAP) in Vp  the median that leads to the best
(smallest) value of the objective function (2.1). The
moves of adding, removing and swapping are sequentially
performed, so that the number of medians in the set Vp,
will vary in the range:  p - 1 �  |Vp| �  p + 1.

This phenomenon is called “strategic oscillation” . It helps
to avoid a convergence to a local optimum.

The ADD, REMOVE and SWAP moves are implemented
as follows:

Procedure ADD:

Select a candidate facility from {V – Vp} which when
added to Vp results in the best possible value of
solution. Then add this candidate facility to Vp. Note
that each ADD move considers |V – Vp| facilities as
candidate to be  added to the current solution (i.e. 17
or 18 facilities for the real-world problem addressed in
this work).

Procedure REMOVE:

Select a median from Vp which when removed from
Vp results in the best possible value of solution. Then
move this median into {V – Vp} (removing it from
Vp). Note that each REMOVE move considers |Vp|
medians as candidate to be removed from the current
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solution (i.e. 26 or 27 medians for the real-world
problem addressed in this work).

Procedure SWAP:

Select two facilities, one median from Vp and one
facility from {V – Vp}, which, when swapped, result
in the greatest improvement in the feasible solution
value (all possible pair-wise exchanges are
considered). Each SWAP move considers |Vp| x |V –
Vp| pairs of facilities as candidate to be swapped (i.e.
26 x 17 = 442 candidate pairs for the real-world
problem addressed in this work).

A tabu list memorizes the number of the iteration in
which each median was added to a solution. During a
certain number of iterations (called tabu tenure), it is
forbidden to re-insert that median to the current solution,
i.e. the corresponding move is a tabu (forbidden) move.
The aspiration criterion used consists of allowing the tabu
restriction to be ignored if the quality of the new solution
produced by a tabu move is better than the quality of the
best solution generated up to now by the search.

For a comprehensive, detailed discussion about tabu
search in general the reader is referred to the book by
Glover and Laguna (1997).

The experiments involved a comparison between two
versions of Cap-p-Med-GA and the above-described tabu
search algorithm. The first version of Cap-p-Med-GA is a
full version of the algorithm, using all the genetic
operators described in section 3. This version can be
considered a hybrid GA/local search algorithm, since the
heuristic hypermutation operator effectively incorporates
problem-dependent knowledge into the GA. By contrast,
the second version of Cap-p-Med-GA is a pure GA,
which was obtained by simply switching off the heuristic
hypermutation operator - i.e. this operator is never
applied. In other words, it uses all the genetic operators
described in section 3 except the heuristic hypermutation
operator. This second version of Cap-p-Med-GA was
included in our experiments to evaluate the cost-
effectiveness of our proposed heuristic hypermutation
operator in a controlled manner.

All results reported in this section were obtained on a
Pentium III PC with 550MHz and 128 Mbytes of RAM.
In order to make the comparison between the three
algorithms (the two versions of Cap-p-Med-GA and the
tabu search) as fair as possible, we have carefully
determined the number of iterations performed by each
algorithm in such a way that all the three algorithms
evaluate roughly the same number of candidate solutions.
This is fair because in the three algorithms the majority of
processing time is by far taken by candidate-solution
evaluation. More precisely, the algorithms’  parameters
determining the number of evaluated candidate solutions
were set as follows:

Cap-p-Med-GA with heuristic hypermutation:

Population Size = 100
Number of iterations = 1000

Probability of conventional mutation = 1%
Probability of heuristic hypermutation = 0.5%
Number of individuals that are selected for undergoing
hypermutation = 10% of Population Size = 10

Cap-p-Med-GA without heuristic hypermutation:

Population Size = 100
Number of iterations = 12100
Probability of conventional mutation = 1%

Tabu Search

Number of iterations = 150
Tabu tenure = 10

Note that Cap-p-Med-GA without heuristic
hypermutation performs many more iterations than Cap-
p-Med-GA with heuristic hypermutation, to compensate
for the fact that, when heuristic hypermutation is applied
at a given iteration, a very large number of candidate
solutions are evaluated in that iteration. The small number
of iterations of tabu search also reflects that fact that in a
single iteration of the search (consisting of all possible
adding, removing and swapping moves) many different
candidate solutions are evaluated.

The computational results obtained by the three
algorithms are reported in Table 4.1.

Table 4.1: Computational Results

GA with
heuristic

hypermutat.

GA without
heuristic

hypermutat.

Tabu

search

No. of eval.
solutions 24,200 24,300 24,301

run time 01:43:34 01:43:21 01:23:37

average
distance 2.33 Km 2.40 Km 2.37 Km

total
distance 45,999 Km 47,313 Km 46,660 Km

% nearest
facility 83% 79% 82%

The first row of Table 4.1 indicates the number of
candidate solutions evaluated by each algorithm. The
second row indicates the run time taken by each
algorithm, in the format hours:minutes:seconds. Note that
the three algorithms had about the same run time. This is
a result of our having carefully determined the number of
iterations of each algorithm so that each one evaluates
roughly the same number of candidate solutions, as
mentioned above. Therefore, a comparison among the
three algorithms with respect to the quality of their
produced solution is fair. The other rows of Table 4.1 are
indicators of quality of the produced solution, as follows.



The third and fourth rows report respectively the average
and total distance traveled by the students, measured in
Km. The distance traveled by each student is the distance
between the student’s home and the facility (median) to
which the student was assigned. The average distance is
simply the total distance traveled by all 19710 students
divided by 19710. The fifth row reports the percentage of
students that were assigned to the facility that is indeed
the facility nearest to the student’s home, which is the
ideal assignment for a student. Overall the three
algorithms did a good job, managing to assign about 80%
of the students to their ideal (nearest) facility.

With respect to both the minimization of average (or
total) distance traveled by students and maximization of
the percentage of students assigned to their nearest
facility, the best algorithm was Cap-p-Med-GA with the
heuristic hypermutation operator. The second best
algorithm was tabu search. The worst algorithm was Cap-
p-Med-GA without the heuristic hypermutation operator.
Therefore, these results are evidence (in this application)
for the cost-effectiveness of extending a conventional GA
with a problem-dependent, heuristic operator.

5 RELATED WORK

Hosage and Goodchild (1986) (H&G) seem to have been
the first researchers to develop a GA for the p-median
problem. They used a simple GA, with conventional
genetic operators. Each candidate solution was
represented by a binary string, where each bit corresponds
to a facility index. Each allele (1 or 0) indicates whether
or not the corresponding facility is selected as a median.
If the number of bits set to “1”  is different from p the
solution is deemed invalid and a penalty (proportional to
the extent of restriction violation) is applied to the fitness
of the individual. H&G tested their GA in a problem
where the goal was to select 3 medians out of 20 facilities
(i.e. n = 20, p = 3). They used a population of 25
individuals (P = 25), and did experiments with different
numbers of generations, varying from 120 to 210. In
experiments with randomly-generated problem instances,
the GA obtained the optimal solution in about 70% and
90% of the problem instances, when running the GA for
120 and 210 generations, respectively. At first glance
these are good results. However, the GA uses a classic
binary individual representation, which is not very
suitable for this problem. It wastes memory and
processing time. The problem instances used to evaluate

the algorithm had only 1140 candidate solutions   (3
20C ).

However, the GA generates and evaluates 2905 and 5065
solutions, when it is run for 120 and 210 generations,
respectively. Although there are only 1140 candidate
solutions, the search space for the GA is 220 (all possible
binary strings of length 20). Roughly 99.9% of the
possible individuals are invalid solutions, and the GA
wastes time analyzing them. Our work clearly avoids this
problem, since the individual representation used in our

work considers only candidate solutions with exactly the
desired number of medians.

Dibble and Densham (D&D) (1993) proposed a GA with
an individual representation more suitable for the p-
median problem. Each individual has exactly p genes, and
each gene represents a facility index. This is the same
representation as the one used in our work. They used
only conventional genetic operators. By contrast, we have
developed a problem-dependent operator for the p-median
problem, as discussed earlier. D&D applied their GA to a
problem where the goal was to select 9 medians among
150. They used population size P = 1000 and 150
generations. They compared the results of their GA with
the results obtained by the heuristic algorithm of Teitz
and Bart (1968), which is a heuristic algorithm
specialized for the p-median problem. Although the GA
took a considerably longer processing time, both
algorithms produced similar solutions.

Moreno-Perez et al. (1994) also developed a GA for the
p-median problem. The individual representation is the
same as the one used by D&D. They used only
conventional genetic operators. Once again, this is in
contrasts with our work, which proposed a problem-
dependent operator for the p-median problem, as
discussed earlier. One distinguishing feature of the GA
proposed by Moreno-Perez et al. is that they used multiple
population groups (colonies), which exchange candidate
solutions with each other (via migration). The authors
claim that this method helps to avoid premature
convergence to a local optima. In the above reference the
authors did not compare their proposed GA with any
other algorithm, so it is difficult to say how cost-effective
the algorithm is.

Erkut et al. (2001) also developed a GA for the p-median
problem. Each individual also has exactly p genes
representing a set of p selected medians. In addition to
conventional genetic operators, they use the “String-of-
Change Operator” independently suggested by Booker
(1987) and Fairley (1991). This operator uses a string of
change, which consists of a binary vector generated for
each parent of a crossover. The parents are passed to an
exclusive OR (XOR) operator. The expression a XOR b is
defined as 1 if a �  b and 0 otherwise. For instance,
applying XOR to the parents [10, 9, 12, 24, 7, 3] and [10,
9, 7, 8, 12, 3] one would obtain the binary vector [0, 0, 1,
1, 1, 0]. In order to avoid that crossover produces
offspring identical to the parents, only the genes between
the first “1” and the last “1” in the parents can be selected
as crossover points.

The basic idea of this string-of-change operator is
conceptually similar to the exchange vector used in our
work. However, we believe our exchange vector is more
suitable for the p-median problem, based on the following
rationale. In order to identify the facility indexes that can
be swapped between the parents, our exchange vector
mechanism considers that each individual contains a
(unordered) set of facility indexes. By contrast, the string-
of-change, XOR mechanism considers that each
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individual contains a (ordered) list of facility indexes. For
instance, in the above example, the facility indexes 12 and
7 were identified as possible crossover points by the
string-of-change operator, despite the fact that they are
present in both parents, since the position of their
occurrence in the genotype is different in the two parents.
By contrast, those two facility indexes would not be
included in our exchange vector, since they occur in both
parents. After all, the position of a facility index in the
genotype is arbitrary, from the viewpoint of specifying a
candidate solution. E.g., the set of medians {7, 12}
represents the same solution as the set of medians {12, 7},
which is not recognized by the string-of-change operator.

6 CONCLUSIONS AND FUTURE WORK
We have proposed a GA for the capacitated p-median
problem, and have applied it to a real-world problem with
a quite large search space, containing roughly 421 billion
( 4,21 x 1011) candidate solutions. Our GA uses an
individual representation and genetic operators developed
specifically for the p-median problem.

In particular, we have proposed a heuristic hypermutation
operator, to be used in addition to crossover and
conventional mutation operators. We did experiments
comparing two versions of our GA, one with this new
operator and the other one without it, with a tabu search
algorithm. The results show that: (a) the tabu search
algorithm outperforms the GA without the heuristic
hypermutation operator; but (b) the GA with the proposed
heuristic hypermutation operator outperforms the tabu
search algorithm. These results are evidence for the cost-
effectiveness of the proposed heuristic operator, since all
three algorithms evaluated roughly the same number of
candidate solutions during their search. The user
considered the solution produced by the GA (with the
heuristic operator) very satisfactory.

Some directions for future research are as follows.
Concerning the p-median problem, it seems worthwhile to
develop new algorithms for this problem based on
relatively new heuristic algorithms, such as Scatter
Search and Path Relinking. These new heuristic
algorithms, also related to evolutionary algorithms, have
produced better results than GAs and tabu search in some
combinatorial optimization algorithms (Glover, 1999).

Concerning the real-world application problem addressed
in this paper, it would be interesting to extend the
problem definition to find high-quality solutions (i.e.
keeping the distance traveled by the students as small as
possible) with a smaller number of selected medians. This
would lead to a reduction in the costs of application of the
university’s admission exam, without increasing too much
the distance traveled by the students. Going further, a
more elaborated algorithm could perhaps directly consider
the trade-off between minimizing the distance traveled by
the students (which suggests selecting a larger number of
medians) and minimizing the costs of the admission exam
(which suggests selecting a smaller number of medians).

Finally, from a GA viewpoint, an interesting research
direction is to investigate whether the heuristic
hypermutation operator proposed in this work can be
adapted to work, in a cost-effective manner, with other
combinatorial optimization problems.
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is the con tribution of this constituen t to the total p o-

ten tial energy . This allo ws the de�nition of a \cen ter

of qualit y" analogous to a cen ter of mass. The b est

cluster half is then simply the one where the cen ter

of qualit y resides. T ests ha v e sho wn that this deter-

ministic crosso v er tends to generate a v ery go o d c hild

(from the t w o b etter halv es) and a fairly bad one (from

the t w o w orse halv es), compared to the �tness of the

paren ts, while the random crosso v er v arian t tends to

generate c hildren with a �tness more similar to eac h

other and to their paren ts. Best o v erall algorithm p er-

formance is ac hiev ed with a roughly 50:50 mixture of

b oth crosso v er v arian ts, ensuring a suitable balance of

exploitation and exploration.

Our m utation op erator again is the analogue of its

string m utation op erator coun terpart: A small n um-

b er of constituen ts of the cluster is c hosen at random

(t ypically not more than 30% of the total). Eac h of

those is mo v ed b y a random distance in a random di-

rection (and rotated at random, for the case of molec-

ular clusters), sub ject to the limitations that suc h a

mo v e m ust not place the mo v ed constituen t far a w a y

from the cluster or to o close to another constituen t.

The selection of the actual next generation from the

larger in termediate p o ol is done with t w o basic crite-

ria: the usual �tness measure based on minimal p o-

ten tial energy , and strong geometric div ersit y using

(temp orary , dynamic) nic hes (hence the second part

of the name of our algorithm). T o this end, the whole

in termediate p o ol is sorted b y p oten tial energy , and,

in addition, eac h cluster is assigned one (or sev eral)

n um b ers classifying its geometry (see b elo w). Start-

ing from the clusters with the lo w est p oten tial energy ,

eac h cluster of the in termediate p o ol is insp ected and

compared to the clusters already selected in to the next

generation. If its geometry classi�cation n um b er(s)

deviate(s) more than a giv en di�erence from the cor-

resp onding classi�cation n um b er(s) of the already se-

lected clusters, it is also selected, irresp ectiv e of its p o-

ten tial energy , and constitutes a new geometrical nic he

of its o wn. If its geometry classi�cation n um b er(s) is

(are) closer than a giv en di�erence to the one(s) of

an already selected cluster (i.e., if it falls within an

already established geometrical nic he), it is selected

only if the n um b er of clusters in this nic he do es not

exceed a giv en limit and if its p oten tial energy di�ers

from the other clusters in this nic he b y more than a

giv en amoun t. This selection pro cess con tin ues un til a

total of m clusters has b een selected (constan t o v erall

p opulation size). T o ensure a minim um of exploration,

there is also a sp ecial nic he for m utan ts, whic h is �lled

with clusters that w ere op erated up on b y the m utation

op erator; there are no other (geometrical) criteria for

this nic he, but a minim um energy di�erence criterion

also applies. Note that these geometrical nic hes di�er

from more usual ones in sev eral resp ects: They exist

only in the selection step (i.e., there is constan t in ter-

breeding b et w een all nic hes); they are temp orary and

dynamic also in the sense that they are re-determined

from scratc h in eac h generation and then discarded

again; and all user input needed for their determina-

tion is one measure c haracterizing the clusters other

than their p oten tial energy (or sev eral of these) and

t w o n um b ers: a nic he-de�ning maxim um di�erence in

this measure, and a maxim um capacit y for eac h nic he.

As men tioned in the applications section, the general

need for these nic hes as w ell as the c hoice of nic he mea-

sures dep ends (and should dep end) on the application

under study .

It is imp ortan t to add y et another ingredien t to this

algorithm: After eac h new generation is established, it

is sub jected to a set of p ostpro cessing op erators, ap-

plied in random selection to eac h cluster in turn, in

an attempt to further re�ne the selected clusters. One

ob vious op erator is a simple rep etition of lo cal mini-

mization but this time with a m uc h tigh ter threshold

(this allo ws for the use of rather lo ose thresholds in

the more n umerous applications of lo cal minimization

in the remainder of the algorithm). Other op erators

b ecame ob vious during sev eral di�eren t applications:

Often the algorithm quic kly con v erges to the vicinit y

of the correct global minim um solution but then tak es

a long time to mo v e a v ery small n um b er of misplaced

atoms or molecules in to their optimal places. This can

b e �xed e�cien tly b y a \directed m utation" op erator:

Again using the ab o v e-men tioned partitioning of the

total p oten tial energy on to the cluster constituen ts,

a v ery small n um b er (b et w een one and four) of the

w orst constituen ts is remo v ed from the cluster and

re-in tro duced in to the most promising p ositions, dis-

co v ered b y a lo ose 3-dimensional grid searc h o v er the

whole surface and in terior of the cluster (for molecu-

lar clusters, also the optimal orien tation is determined

b efore re-in tro duction). F or the case of molecular clus-

ters, our exp erience agrees with that of the litera-

ture [28] in that it is adv an tageous to treat the p osition

and orien tation co ordinates not only together but also

separately . Therefore, in this case, another imp ortan t

p ostpro cessing op erator is a cop y of the whole PHENIX

algorithm op erating solely on the orien tation co ordi-

nates, with the p osition co ordinates held �xed at the

v alues of the particular cluster under study .

2.2.2 GA GA

As men tioned in the in tro duction, clusters should

prop erly b e treated not with empirical p oten tial en-
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ergy functions but with an explicit ab-initio treatmen t

of their electrons. This is man y orders of magnitude

more exp ensiv e, ho w ev er, and PHENIX as w ell as ev-

ery other global optimization sc heme curren tly in ex-

istence requires far to o man y function (and deriv ativ e)

ev aluations for this to b e practical and reliable for

clustes of in teresting sizes. The presen t author has

recen tly prop osed an iterativ e algorithm GAGA that cir-

cum v en ts this problem in a non-rigorous fashion [29].

The main idea is v ery simple: Global cluster geome-

try optimization is still done on an empirical mo del

p oten tial. The p oten tial energy of the resulting ge-

ometry , ho w ev er, is then also calculated at a suitable

ab-initio lev el. This information is then used to glob-

ally re-optimize the parameters in the mo del p oten tial,

b y minimizing the di�erence b et w een the mo del and

ab-initio p oten tial energies. This generates a mo di-

�ed mo del p oten tial. On this mo di�ed p oten tial, an-

other global cluster geometry optimization is started,

etc. This sc heme is iterated un til the mo del p oten tial

parameters con v erge or un til no new t yp es of cluster

geometries app ear. All substan tially di�eren t cluster

geometries generated in this fashion (whic h are global

minima on di�eren t mo del p oten tial energy surfaces,

but not necessarily minima on the ab-initio lev el) are

then re�ned b y lo cal (!, not global) geometry mini-

mizations on the ab-initio lev el. The h yp othesis is that

among the resulting geometries there will also b e the

global minim um geometry on the ab-initio lev el. An-

other result of this com bined strategy ob viously is an

impro v ed mo del p oten tial.

This is a meta-algorithm, emplo ying t w o di�eren t

global minimizations, one for cluster geometries and

one for mo del p oten tial parameters. In principle, it

can b e used with an y global optimization metho d. W e

are curren tly emplo ying GAs in b oth steps, and hence

w e call this meta-algorithm GAGA .

Ob viously , the c hoice of the mo del p oten tial energy

functional form strongly in
uences the results of this

sc heme. Ho w ev er, this restriction is less sev ere than

it ma y app ear at �rst: Assuming that the global ge-

ometry optimization phase is delib erately not pushed

to its limits and hence t ypically �nds either the global

minim um or a lo w-energy lo cal minim um, it is actu-

ally su�cien t if the mo del p oten tial has a lo w-energy

lo cal minim um in the basin of attraction of the ab-

initio global minim um, at least in some not to o narro w

range of mo del p oten tial parameters. In practice, this

actually turns out to b e the case, for mo del p oten tials

that are not o v erly simplistic: In all our applications

attempted so far [29{ 31], the GAGA sc heme w as alw a ys

able to lo cate the true ab-initio global minim um energy

structures. Also, with more basic researc h in to p ossi-

ble ph ysical in teractions b et w een cluster constituen ts,

it should b e p ossible to �nd mo del p oten tial functional

forms that guaran tee that the ab-initio global mini-

m um will b e found in suc h an iterativ e GAGA sc heme.

3 Selected Applications

3.1 Lennard-Jones clusters

Lennard-Jones (LJ) clusters are a simpli�ed mo del for

noble gas clusters, with the p oten tial energy function

b eing giv en solely b y pairwise v an-der-W aals t yp e in-

teractions. LJ clusters ha v e b een established as a vir-

tually obligatory b enc hmark system for global cluster

geometry optimization. The v ery man y attempts at

treating this system ha v e b een review ed recen tly [1],

and full information (energies and geometries) for ac-

cepted global minima are a v ailable on the in ternet [32].

T o date, ho w ev er, only \basin-hopping" [27] and the

PHENIX metho d presen ted here [26] w ere able to �nd all

global minima in the size range up to n = 110 with-

out using biasing a-priori information. The reasons

for this ha v e b een analyzed in detail b y Do y e, Miller

and W ales [33]: F or most cluster sizes n , the p oten-

tial energy h yp ersurface is dominated b y one geome-

try sp ecies, the Mac k a y icosahedra. A t certain narro w

ranges of n , other structural t yp es comp ete with this

dominating t yp e, and for n = 38 the fcc t yp e wins,

while for n = 75 ; 76 ; 77 and n = 102 ; 103 ; 104 the dec-

ahedral t yp e wins. Ho w ev er, these other t yp es win

only b y a v ery close margin, and most of the p oten tial

energy h yp ersurface is still dominated b y the icosahe-

dral t yp es ev en in these cases, with high energy bar-

riers to the narro w regions w ere the other geometry

t yp es reside. This mak es it extremely di�cult for all

global optimization metho ds to treat these particular

cluster sizes. Both \basin-hopping" and PHENIX with-

out nic hes can treat these cases successfully , but need

ab out t w o orders of magnitude more computer time

for them than for the neigh b oring cluster sizes. The

full PHENIX implemen tation with nic hes manages these

cases almost within the same time as the simpler cases,

as already published [26].

As men tioned in the in tro duction, PHENIX with n

3

also

has a more fa v orable size scaling than \basin-hopping"

with ab out n

5

. This enables us to treat m uc h larger

clusters. Romero et al. [34] ha v e emplo y ed a GA-based

placemen t searc h on giv en icosahedral, decahedral and

fcc lattices, arriving at prop osals for global minim um

structures up to n = 309. Without using suc h prior in-

formation, w e p erformed an explorativ e PHENIX study

b ey ond n = 150, b y limiting the n um b er of genera-

tions to 100. Nev ertheless, up to n = 190, w e man-

aged to repro duce ab out 50% of the energies giv en b y



Romero et al.; the largest cluster for whic h w e ha v e

found agreemen t so far is n = 250. Computer times

for �nding these v alues are still tolerable (at most a

couple of da ys on a single-pro cessor P en tiumI I I PC)

and w ell within the established n

3

size scaling.

Within this study , w e also managed to impro v e up on

the global minima originally giv en b y Romero et al.

for n = 185 ; 186 ; 187. They originally prop osed deca-

hedral structures for these three cases, with the ener-

gies giv en in T able 1 (energies are rep orted in units

of the pair p oten tial w ell depth); their structures for

n = 185 ; 186 constituted a new geometry subt yp e for

Lennard-Jones global minima, namely that of a deca-

hedral core with an outer la y er in fcc p ositions. Our

un biased searc h managed to �nd lo w er-lying minima of

the more usual icosahedral t yp e, th us eliminating this

new structural subt yp e. Our prop osal for n = 185 w as

recen tly again impro v ed b y R. H. Leary , to an energy

v alue of -1125.4938.

T able 1: Impro ving Lennard-Jones minima

size n Romero et al. this w ork

185 -1125.299820 -1125.304876

186 -1132.503199 -1132.669966

187 -1139.240017 -1139.455696

It is also instructiv e to lo ok at the cases where our

algorithm failed to �nd the structures and energies of

Romero et al. (or b etter ones) within the prescrib ed

100 generations: Con trary to original exp ectations in

the LJ cluster comm unit y , global minim um structures

with incomplete inner cores w ere recen tly found [35].

Structures of this t yp e w ere prop osed b y Romero et

al. for n = 169 ; 170 ; 171 ; 172, with 4,3,2,1 core holes,

resp ectiv ely . Of these structures, our algorithm cor-

rectly found those for n = 169 and n = 171 within

the prescrib ed 100 generations, but constructed com-

plete cores for the other t w o cases, leading to higher

energies. W e could trace this do wn to the \directed

m utation" op erator, whic h this time w as o v erdoing his

otherwise vital job of e�ectiv ely �lling core holes. Pre-

sumably , a less e�ectiv e v ersion of this op erator or a

coun terbalancing op erator that remo v es atoms from

the core and places them in to the outer la y er could

remedy the situation. In line with the m uc h-discussed

\no free lunc h" theorems, this stresses the imp ortance

of application-sp eci�c program dev elopmen t.

F or n = 163 and n = 164, our algorithm �nished at a

p eculiar structural t yp e higher in energy than the ge-

ometries prop osed b y Romero et al.. The same struc-

tural t yp e also o ccured as lo w-lying lo cal minim um

in our optimization runs at man y other v alues of n .

A t that time, w e had not y et heard ab out the new

tetrahedral structural t yp e disco v ered b y Leary and

Do y e [36] for n = 98. Comparing our structures with

theirs rev ealed that they follo w exactly the same pat-

tern. Th us, unin ten tionally and b efore their disco v ery ,

w e ha v e sho wn that our algorithm is able to �nd also

this new, fourth basic structure of LJ clusters.

3.2 Mercury clusters

Along with cluster structures, cluster prop erties also

c hange with cluster size. F or mercury clusters, there

ev en seems to b e a c hange in b onding c haracter from

v an-der-W aals to co v alen t around n = 13, according

to curren t in terpretations of exp erimen tal results [37].

Emplo ying our GAGA metho d in conjunction with a

quan tum-classical h ybrid mo del including relativistic

e�ects, w e are curren tly mo delling small mercury clus-

ters in this size range [38]. Preliminary results al-

ready indicate that ev en b elo w the presumed transi-

tion size, globally minimal cluster structures violate

the usual icosahedral gro wth c haracteristic for v an-der-

W aals in teractions. As an example, Fig. 1 depicts our

b est structures for Hg

7

and Hg

10

, whic h are clearly

not based on the p en tagonal bip yramid (whic h is the

basic motif of icosahedral gro wth in this size range).

Ho w ev er, most theoretical in terpretations of mercury

cluster exp erimen ts ha v e so far assumed icosahedral

cluster structures [37] ev en for larger clusters; appar-

en tly , those w orks no w need to b e revised. According

to our preliminary results, it ma y b e p ossible to arriv e

at b etter agreemen t with exp erimen t based on our new

and en tirely unexp ected structures.

Figure 1: Globally optimal mercury clusters

3.3 Pure w ater clusters

T o a surprising degree of qualitativ e accuracy , pure

w ater clusters can b e describ ed using the simple clas-

sical TIP4P mo del p oten tial. W ales and Ho dges [28]

ha v e presen ted a large-scale global optimization b enc h-

mark study with this p oten tial up to n = 21, em-

plo ying the \basin-hopping" metho d. W e ha v e sho wn

that a generalization of PHENIX to molecular clusters
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ac hiev es at least comparable reliabilit y and accuracy

for this b enc hmark case [13]. Using our GAGA meta-

strategy , w e w ere also able to con�rm global minim um

energy structures on a suitable ab-initio lev el [31], for

n = 5 ; 6 ; 7, and, at the same time, to qualitativ ely

impro v e the p erformance of a ph ysically w ell-founded

mo del p oten tial that previously w ork ed w ell only for

smaller clusters.

3.4 W ater hetero clusters

W ater solv ation clusters of ions in the v acuum are cur-

ren tly in v estigated exp erimen tally as mo dels for a b et-

ter understanding of bulk solv ation. Ho w ev er, theoret-

ical prop osals for preferred structures of suc h en tities

ha v e so far b een largely sp eculativ e. W e are curren tly

applying our PHENIX global optimization strategy to

alk ali cations in TIP4P-mo delled w ater clusters, in di-

rect collab oration with exp erimen talists [39]. Prelim-

inary results indicate that man y traditional pictures

ma y need revision. As an example, Fig. 2 sho ws our

b est structure for Na

+

(H

2

O)

20

.

Figure 2: Globally optimal so dium ion { w ater micro-

solv ation cluster

This structure violates t w o en trenc hed paradigms at

the same time: Con trary to c hemical in tuition, at this

cluster size the cation clearly is not at the cen ter of

the cluster. Also, the whole structure b ears no re-

sem blance whatso ev er to the fa v orite h yp othesis of a

regular do decahedral clathrate-lik e solv ation h ull tra-

ditionally exp ected to form at this cluster size. In-

terestingly , our �rst calculations in whic h w e replaced

Na

+

b y its larger cousins K

+

and Cs

+

do sho w do deca-

hedral clathrate structures as global minima [40]. This

seems to supp ort the exp erimen tal observ ation that for

these w ater solv ation clusters n=20 is a magic n um b er

for K

+

and Cs

+

but not for Na

+

. F urther researc h

in to these systems tries to con�rm these observ ations

b y ab initio calculations and to unco v er reasons for

these structural di�erences [40].

4 Conclusions

W e ha v e giv en a brief in tro duction to successful ap-

plications of GA-based metho ds to global cluster

structure optimization. Comparing to other general-

purp ose global optimization algorithms, w e ha v e found

our metho ds to b e more easily adaptable to sp eci�c

problems and at least as reliable and e�cien t. F or

the sp eci�c case of Lennard-Jones clusters, there is

evidence that our metho d has a sup erior size scaling,

enabling us to tac kle larger problems.

Our global optimization metho ds are computationally

m uc h c heap er than more traditional metho ds in this

area (e.g. molecular dynamics). Also, their output can

b e extended b ey ond mere listings of minim um struc-

tures to w ards thermo dynamical information [41, 42].

Th us, GA-based global optimization can no w b e re-

garded as a new to ol in c hemistry and cluster ph ysics,

o�ering reliable information at a p oin t where usual

c hemical in tuition starts to fail badly .
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Abstract

Linear Congruen tial Generators (LCG's) are

one mo del of pseudorandom n um b er genera-

tors used in a great n um b er of applications.

They strongly dep end on, and are completely

c haracterized b y , some critical parameters.

The selection of go o d parameters to de�ne

a LCG is a di�cult task mainly done, no w a-

da ys, b y consulting tabulated v alues or b y

trial and error.

In this w ork, the authors presen t a metho d

based on genetic algorithms that can auto-

matically solv e the problem of �nding go o d

parameters for a LCG. They also sho w that

the selection of an ev aluation fun tion for the

generated solutions is critical to the problem

and ho w a seemingly go o d function suc h as

en trop y could lead to p o or results. Finally ,

other �tness function are prop osed and one of

them is sho wn to pro duce v ery go o d results.

Some other p ossibilities and v ariations that

ma y pro duce �ne linear congruen tial genera-

tors are also men tioned.

1 in tro duction

Since they w ere �rst prop osed b y Lehmer, in 1948

[1], Linear Congruen tial Generators (LCGs) are the

most widely used Pseudorandom Num b er Generators

(PRNGs ). They are, also, one of the b est analyzed

mo dels. Used in a great n um b er of applications suc h as

sim ulation, n umerical analysis and optimization, they

are frequen tly presen t where some PRNG is need.

A t ypical Lineal Congruen tial Generator has the form:

X

n +1

= ( a � X

n

+ b ) mod m w ith X

0

= seed

It is completely c haracterized b y the parameters

( X

0

; a; b; m ). Actually , the v alue of X

0

is nearly

irrelev an t, as w e will see when analysing the

MaxP erio dTheorem.

Although their cryptographic limitations [2, 3, 4, 5] are

w ell kno wn, for example they are not recommended as

k ey generators for stream ciphers, and b eha v e p o orly

in some statistical tests, they remain in wide use,

mainly b ecause of their ease of implemen tation and

v ery high sp eed. The b est ones are, also, hard to �nd

b ecause a badly c hosen parameter usually mak es the

asso ciated LCG w orthless and, dep ending on the ap-

plications that will use it, ev en dangerous. In [9] one

�nds "Despite the large amoun t of theoretical researc h

already done on this sub ject, man y of the generators

curren tly in use [...] are seriously 
a w ed. Ev en some

recen tly prop osed or ev aluated generators ha v e a v ery

w eak theoretical justi�cation." So selecting go o d pa-

rameters to de�ne a LCG is quite a di�cult task [6],

and no w ada ys, if one w an ts to implemen t a LCG and

kno ws something ab out the great imp ortance of c ho os-

ing go o d parameters, the only option a v ailable is to

searc h through t tabulated triples ( a; b; m ) un til �nd-

ing one that suits one's needs. These tabulated triplets

are c hosen b ecause of their go o d statistical prop erties

when exp osing the generated sequence of n um b ers to

a battery of tests, but the tests v ary to o m uc h in n um-

b er and signi�cance.

Lots of programmers found themselv es tempted to

c ho ose these parameters at random, whic h is a v ery

bad idea that implies that dozens of v ery p o or LGC's

around the w orld are doing their job badly . It seems

that a new w a y of automatically �nding go o d LCG's

will b e v ery useful.

The main idea of this w ork is to design a pro cedure for

automatically �nding go o d parameters ( a; b; m ) for a

LCG b y using genetic algorithms, completely a v oiding



the use of tables. W e also illustrate the feasibilit y of

using genetic algorithms as a useful to ol to �nd go o d

parameters for certain algorithms, in this case a par-

ticular mo del of a pseudorandom n um b er generator

that is widely spread through t thousands of applica-

tions around the w orld. W e o�er a new w a y to �nd

di�eren t, but excellen t and new LCGs. Also, more

exp erienced users who w an t to use other LGCs that

suits b etter their ob jectiv es than the tabulated one's

can tak e adv an tage of this metho d.

2 LCGs Ev aluation

Genetic algorithm-based metho ds are a natural ap-

proac h when one m ust �nd the b est (or at least a

v ery go o d) solution to a problem b et w een a really wide

n um b er of p ossibilities.

In the design of LCGs the solutions consists on the

asignation of particular v alues to the three parameters

a , b and m . Therefore one can also think of genetic

algorithms as a w a y of doing a guided searc h through

the space of tridimensional v ectors ( a; b; m ) in natu-

ral n um b ers. With this sc heme an individual consists

on a binary represen tation of three natural n um b ers

corresp onding with the parameters to b e found.

It is w ell kno wn that the main problem when w orking

with a genetic algorithm is usually the determination

of the �tness function . The �tness function m ust con-

tain as m uc h problem domain kno wledge as p ossible,

b ecause it has the most imp ortan t bias for the searc h-

ing pro cess.

In this case, w e ha v e moreo v er an additional problem,

b ecause go o d or bad LCG's are sometimes di�cult to

distinguish and, frequen tly , this classi�cation dep ends

highly on the application that this LCG is going to

ha v e. Go o d LCG's for a certain application can b e

considered bad for others and vicev ersa. So, the ideal

�tness function is one capable of p erfectly mesuring

the randomness of a LCG in question.

Unfortunately this function, one

univ ersal randomness-mesuring function, simply do es

not exist. One cannot measure randomness directly , in

a single v ariable. Randomness is a hard concept whic h

is, also, highly m ultidimensional. Therefore w e m ust

try di�eren t apro ximations.

F or a giv en pseudorandom n um b er generator, b e it a

LCG or other, the usual rule of th um b is to mak e it

pass a giv en battery of tests and see the results. These

tests rejects most of the generators as non-random,

but o�er no guaran tees on the generators that pass

the tests. One generator (or in our case, a triplet of

parameters a , b and m ) that passes one h undred tests

and p erforms as b eing random can b eha v e v ery p o orly

in the next test and b e rejected with strong evidence

as b eing non-random. This battery testing metho d is

the only w a y of accepting or rejecting generators, but

it is clearly not go o d.

3 Generation of Linear Congruen tial

Generators

3.1 Statistical test

In order to ha v e a measure of the go o dness of the

aciev ed LCGs the follo wing statistic al tests ha v e b een

used:

1. En trop y : The information densit y of the output

of one cycle of the generator, expressed as the

n um b er of bits b y b yte (pac k of 8 bits) generated,

so it can tak e an y v alue b et w een 0.0 and 8.0, b e-

ing higher v alues b etter but exp onen tially harder

to reac h b y c hance. It is one widely used w a y

to mesure one asp ect of randomness. Mathemat-

ically , it is expressed b y the form ula:

P

x 2 GF (2

8

)

� p ( x ) l og

2

p ( x )

2. Chi-Square p ercen til : The c hi-square test is a

v ery commonly used test for the randomness of

data b ecause it is extremely sensitiv e to errors

in pseudorandom n um b er generators. Its statistic

compares the observ ed probabilities of ev ery b yte

in a cycle of the generator against the exp ected

ones if it w ere uniformingly distributed. The test

ev aluates the probabilit y that the observ ed v alue

of the statistic will b e obtained from a uniform

distribution. V alues higher than 99% or less than

1% indicate that the sequence is almost certainly

not random, and v alues b et w een 99% and 95% or

b et w een 5% and 1% suggest that the sequence is

susp ect. The ideal v alue is 50% but v alues ob-

tained in the 25%-75% in terv al can b e considered

go o d enough to pass the test. No LCG pass this

test.

3. Arithmetic mean : Simply the arithmetic mean of

all the v alues in a cycle of a generator. As ev ery

v alue b et w een 0 and 255 m ust b e equiprobable,

results close to 255/2=127.5 m ust b e obtained if

the generator had go o d prop erties.

4. Mon te Carlo v alue for Pi : This tests simply tak es

eac h sucessiv e sequence of six b ytes and transform
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it in to t w o 24 bits co ordinates (X,Y) that gener-

ate a p oin t within a square. If the distance of this

pseudorandomly generated p oin t is less than the

radius of the circle inscrib ed whitin the square,

this p oin t is considered a hit. Rep eating this pro-

cess a large n um b er of times, the p ercen tage of

hits can b e used to calculate the v alue of Pi and

if the sequence is close to random this calculation

will slo wly con v erge to the real v alue of Pi.

5. Serial correlation co e�cien t : This quan tit y mea-

sures the extend to whic h eac h b yte in the �le

dep ends up on the previous b yte. F or random se-

quences, this v alue ( b eing it p ositiv e or negativ e)

m ust b e close to zero.

6. Maximal P erio d : A LCG determined b y parame-

ters a , b and m has maximal p erio d if and only if

the lengh t of its p erio d, that is, the lengh t of the

sequence that it pro duces b efore rep eating, is m .

T o do this test w e examine the sequence, lo oking

for sub cycles or degenerate p erio ds or some math-

ematical prop erties, to determine its p erio d. If w e

found a maxim um p erio d w e lab eled this column

with a 'Y', otherwise a 'N'.

7. P ercen tage of the maxim um p erio d ac hiev ed : It

is a little redundan t with test 6 but useful if the

generator do es not ha v e maximal p erio d.

3.2 En trop y as �tness function

W e ha v e sligh tly mo di�ed Shannon's classical de�ni-

tion of en trop y to ha v e, in our case, the information

densit y of the output of one cycle of a giv en generator,

expressed mathematically b y the form ula

P

x 2 GF (2)

� p ( x ) l og

2

p ( x )

where p ( x ) is the observ ed probabilit y of x in one cycle

of the LCG, and GF (2

n

) = f x j x 2 f 0 ; 1 g

n

g .

W e though t that en trop y w ould b e a v ery go o d �t-

ness function. The measure of the en trop y of a LCG

is in tuitiv ely strongly related with its randomness. A

LCG can b e seen as a source of randomness and, ob-

viously , higher en trop y v alues are b etter. One thing

w orth men tioning is ho w en trop y is measured. If w e

measure p er bit en trop y (as in the form ula ab o v e) our

maxim um v alue will b e 1.0 and will b e easily reac hed

b y all sequences with the same n um b er of 0's and 1's.

In tuitiv ely , this seems not to b e a go o d c hoice as some-

thing lik e 1010101010101 01 01 01 0.....10 will ha v e max-

im um en trop y , b eing ob viously quite non-random. So

it is imp ortan t to mesure en trop y at higher, more dif-

�cult, lev els. W e found that p er b yte en trop y (mea-

suring the en trop y of consecutiv e blo c ks of 8 bits) w as

quite adequate, since reac hing the maxim um of 8.0 w as

exp onen tially more di�cult and m uc h more informa-

tiv e. So our new form ula is

P

x 2 GF (2

8

)

� p ( x ) l og

2

p ( x )

W e also limited the range of in tegers to study b ecause

w e de�ned our c hromosome lengh to b e 45 bits long.

These 45 bits where logically divided in to three groups

to include the binary represen tation of a , b and m (in

this order) so this b ounded a , b and m to b e less or

equal than 2

15

-1. This has no e�ect on our results ex-

cept for the fact that b etter LCG's are ac hiev able when

larger in tegers can b e used: larger p erio ds can b e ob-

tained if w e can c ho ose larger m's and b etter or equal

m ultipliers can b e found if w e ha v e a higher b ound.

So w e m ust compare our results against LCG's of our

size. An yw a y , our results are easily generalyzed to

larger v alues just b y extending the c hromosome lengh.

Using this en trop y-based �tness function w e started to

run our genetic algorithm implemen tation with what

w e considered the b est in ternal parameters, found after

some trials that p oin ted out that a crosso v er probabil-

it y of 1.0, a lo w m utation probabilit y (around 0.05),

and a p opulation size of 50 individuals w ere a go o d

c hoice. W e also used some elitism (the t w o b est in-

dividuals alw a ys passed to the next generation) and

tournamen t selection.

In T able 1 b elo w w e see the results of the statistical

tests on a series of recommended LCG's that w e got

from tables in [7] and in T able 2 w e see the results

of this same test on the LCG's w e obtained with this

en trop y only based approac h.

A t �rst sigh t the results on T ables 3,4 are m uc h b et-

ter than the results on T ables 1,2: all Chi-square p er-

cen tils in T able 3 are equal or b etter than those in

T able 1, the w orst v alues for the en trop y , arithmetic

mean, and Mon te Carlo pi estimation on T able 3 are

m uc h b etter than the b est in T able 1, etc... So one is

tempted to conclude researc h at this p oin t pretending

to ha v e m uc h b etter LGC's than the tabulated (and

recommended) ones.

This is not true. These generators lo ok quite impres-

siv e, but they are v ery bad indeed. In spite of its

w ell-kno wn use in co ding theory and cryptograph y ,

and against �rst in tuition, entr opy is not a de�nite

r andomness me asuring function . It is ob vious that,

in our case, generators that pro duce v ery lo w en trop y

v alues m ust b e rejected as non-random (b ecause they

pro duce non uniform output), but, as it happ ens with



a b m 1 2 3 4

106 1283 6075 7.955 0.01 133.8 4.29%

1366 1283 6075 7.957 0.01 133.1 2.56%

936 1399 6655 7.961 0.01 133.5 3.43%

211 1663 7875 7.954 0.01 136.5 6.94%

421 1663 7875 7.954 0.01 136.0 7.20%

430 2531 11979 7.972 0.01 133.5 3.42%

859 2531 11979 7.973 0.01 133.6 4.14%

1741 2731 12960 7.977 0.01 132.2 2.08%

1541 2957 14000 7.973 0.01 133.6 3.33%

967 3041 14406 7.971 0.01 134.2 4.24%

1291 4621 21870 7.983 0.01 131.8 2.48%

419 6173 29282 7.979 0.01 133.6 2.81%

1255 6173 29282 7.979 0.01 133.9 4.93%

625 6571 31104 7.975 0.01 134.4 4.55%

T able 1: T est 1 to 4 for LCGs recomended in the lit-

erature

an y other test, high v alues of en trop y do not pro v e

randomness at all. In fact, entr opy me asur es ar e noth-

ing mor e than another r andomness test, not b etter nor

worst than any other.

In our case, not only en trop y v alues are signi�can tly

b etter on T able 2, as one can exp ect when using ge-

netic algorithms to maximize en trop y , also most of the

rest. The w orst v alue on T able 2 for tests 1, 2, 3 and

4 is m uc h b etter (or at least equal) that the b est one

in T able 1. The only signi�c ant exc eption is test 5

(serial c orr elation c o e�cient), but app ar ently, c orr ela-

tion values in T able 2 ar e quite go o d to o (very ne ar to

zer o) . It seems as if there is strong evidence in fa v or

of T able 2 generators, but in fact they are v ery p o or.

They do not ha v e maximal p erio ds (as sho wn on T able

2 column 6 and 7). The v alues of the serial correlation

co e�cien t re
ect this undesirable b eha viour.

Not ha ving maximal p erio d is not really so bad, if

the p erio d is quite close to this maxim um. But this

is not the case. A lo ok at T able 2 column 7 sho ws

these generators are not go o d b ecause none of them

ac hiev e ev en a 13% of its theoretical maxim um p erio d.

W e m ust reject all of them as not useful for an y uses

(except, p erhaps, exempli�cation of the limited v alue

of en trop y measures and, b y extension, randomness

tests ).

Ho w can w e kno w a priori if a giv en LCG will ha v e

maxim um p erio d? The c haracterization of a maximal

p erio d LCG is done b y the next

MaxP erio dTheorem: ( T ak en from [8] )

a b m 5

106 1283 6075 -0.0127

1366 1283 6075 0.0026

936 1399 6655 -0.0036

211 1663 7875 -0.0059

421 1663 7875 -0.0199

430 2531 11979 0.0010

859 2531 11979 0.0061

1741 2731 12960 -0.0081

1541 2957 14000 -0.0154

967 3041 14406 -0.0078

1291 4621 21870 -0.0043

419 6173 29282 -0.0052

1255 6173 29282 -0.0106

625 6571 31104 -0.0133

T able 2: T est 5 for LCGs recomended in the literature

a b m 1 2 3 4

7476 3206 21497 7.991 0.01 129.5 1.79%

6943 5593 22873 7.990 0.01 128.0 1.06%

15131 6914 22873 7.993 0.01 128.6 1.05%

7476 2019 21331 7.992 0.01 129.7 0.96%

26977 10516 20817 7.993 2.50 129.3 0.46%

23989 1911 21331 7.993 0.50 129.1 0.91%

14684 29655 29241 7.993 0.01 127.5 0.87%

T able 3: T est 1 to 4 for LCGs generated b y the GA

with en trop y �tness function

The linear congruen tial sequence:

X

n +1

= ( a � X

n

+ b ) mod m with X

0

= seed

de�ned b y m; a; b and X

0

has maximal p erio d (i.e.

p erio d length m ) if and only if:

i) b is relativ ely prime to m

ii) a � 1 is a m ultiple of p , for ev ery prime p dividing

m

iii) a � 1 is a m ultiple of 4 if m is a m ultiple of 4

3.3 New �tness functions

Using an en trop y-only based �tness function w e do not

get maximal p erio d generators, con trary to our �rst

b eliefs that en trop y is a de�nite randomness measure.

So if w e w an t maximal p erio d generators w e m ust ask
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a b m 5 6 7

7476 3206 21497 -0.0163 N 6.80%

6943 5593 22873 0.0664 N 3.11%

15131 6914 22873 0.0119 N 6.23%

7476 2019 21331 -0.0210 N 12.30%

26977 10516 20817 -0.0227 N 6.23%

23989 1911 21331 0.0014 N 12.30%

14684 29655 29241 -0.0512 N 3.51%

T able 4: T est 5 to 7 for LCGs generated b y the GA

with en trop y �tness function

for it in the �tness function. W e m ust ob vioulsy c hange

our �tness function to include something related to the

p erio d of the LCG. One of our �rst attempts w as the

use of

f itness = entr opy + per iod

but this function w as quic kly rejected b ecause our

searc h degenerated so on to nearly maximal m

0

s (in

our implemen tation, maxim um v alue for m is 2

15

-1

= 32767). This w as due to the v ery lo w signi�cance

that 0 : 0 � entr opy � 8 : 0 had in this �tness function

where 0 � per iod � 32767 b ecome m uc h more imp or-

tan t (32767 parts of 32775, a w eigh ted v alue of ab out

99.98%).

A b etter idea is to use a normalized measure of the

p erio d. Then, our �tness could b e

f itness = entr opy +

per iod

maxper iod

= entr opy +

per iod

m

(as m is the maxim um p erio d ac hiev able b y our LCG)

and will ha v e a maxim um of 9.0 W e tried this �tness

function and found that, although it pro duced in terest-

ing results, it su�ered from nearly the same problems

as our �rst only en trop y-dep enden t function, as it ga v e

m uc h more imp ortance to en trop y (8 parts of 9) than

to p erio d (1 parts of 9) and w e felt b oth measures w ere

equally imp ortan t.

The next and �nal �tness fun tion w e used w as, then,

f itness = entr opy �

per iod

maxper iod

= entr opy �

per iod

m

This balances nicely b oth measures. No w our new

maxim um w as 8.0 (but it w as more di�cult to ob-

tain at random b ecause 0 �

per iod

maxper iod

� 1)

When using this �nal �tness function cited ab o v e, w e

got lots of in teresting generators, some of whic h are

sho wn in T able 5

a b m 1 2 3 4

15005 8371 19993 7.983 0.01 132.7 4.26%

6237 10697 21023 7.985 0.01 132.9 5.12%

14359 9654 21569 7.985 0.01 132.3 3.49%

12586 11658 21023 7.985 0.01 132.7 5.25%

4518 15578 21179 7.985 0.01 132.0 2.30%

1271 10331 20983 7.985 0.01 132.3 3.69%

6533 4712 21011 7.985 0.01 132.9 4.32%

14945 6262 21089 7.985 0.01 132.5 2.10%

1 19568 19647 7.984 0.01 132.8 3.47%

T able 5: T est 1 to 4 for LCGs generated b y the GA

with the new designed �tness function

a b m 5 6 7

15005 8371 19993 -0.0007 Y 100.00%

6237 10697 21023 -0.0017 Y 100.00%

14359 9654 21569 -0.0024 Y 100.00%

12586 11658 21023 0.0025 Y 100.00%

4518 15578 21179 -0.0005 Y 100.00%

1271 10331 20983 -0.0022 Y 100.00%

6533 4712 21011 -0.0103 Y 100.00%

14945 6262 21089 -0.0089 Y 100.00%

1 19568 19647 0.0052 Y 100.00%

T able 6: T est 5 to 7 for LCGs generated b y the GA

with the new designed �tness function

The results of the statistical tests p erforms on these

generators are b etter but m uc h less sp ectacular than

those of T ables 3,4. If w e compare our generators of

T ables 5,6 against those sho wn (and recommended in

the literature as go o d generators) on T ables 1,2 w e

see they p erform v ery close, our's sligh tly b etter, so it

is v ery lik ely that they will b e adequate and p erform

equally go o d in most applications. They ev en pass

the di�cult serial correlation test the generators of

T ables 3,4 failed. Our aim w as to pro vide an automatic

metho d of generating LCG's as go o d as the tabulated

ones and the results on T ables 5,6 pro v e that, at least

from these tests p oin t of view, w e ha v e managed to do

it.

W e b eliev e it is w orth y to men tion t w o curious facts:

All the m

0

s , except the last, obtained b y our en-

trop y+p erio d approac h and sho wn on T ables 5,6 ha v e

one in teresting prop ert y in common: they are all prime

n um b ers. That is a v ery direct and clev er w a y of as-

suring that all the requisites in MaxP erio dTheorem

are satis�ed. Our genetic algorithm has found an in-

telligen t and direct approac h to meet all these requi-

sites. Genetic algorithms ha v e sho wn extremely high

p o w er in �nding extraordinary bad LGCs with incred-



ible go o d en trop y , that is, �nding exceptions. They

also usually prefer the shortest, quic k est solutions. In

our case, during crosso v er, due to the represen tation

c hosen, around t w o in three times the m of one of the

paren ts is passed to the c hild. Being m so imp ortan t

as to assure maximal p erio d (if m prime and b > 0),

go o d m

0

s are quic kly spread through the p opulation as

a v ery go o d c haracteristic. When t w o individuals with

the same (prime) m ha v e crosso v er applied, the same

m will b e inherited b y the c hild, th us guaran teeing a

go o d a v erage �tness, and only a or b are c hanged, th us

searc hing for optimal a

0

s and b

0

s for a giv en m .

Ob viously , m is not forced to b e prime b y the genetic

algorithm. It can tak e an y other v alue, pro ducing dif-

feren t generators, but prime m

0

s are more lik ely . This

is simply a shortcut that our genetic algorithm has

found to easily ac hiev e MaxP erio dTheorem requisites.

In our last example w e ha v e a non-prime m , but in this

case maxim um p erio d is ac hiev ed b y selecting a = 1,

th us assuring all those requisites on a � 1 (in this case

0, so m ultiple of an y n um b er) of the MaxP erio dTheo-

rem in a v ery nice and direct w a y .

4 F urther Researc h

Some c hanges could b e made that ma y drastically im-

pro v e the results obtained, without c hanging the main

ideas b ehind this researc h. W e will men tion here some

of these c hanges that will probably lead to further and

in teresting researc h:

-Increasing the size of the c hromosome will ob viously

pro duce b etter results. This can b e acomplished eas-

ily , and results on longer c hromosome implemen tations

could probably comp ete against the b est LCG's kno wn

no w ada ys.

-W e b eliev e the classical one p oin t crosso v er mec ha-

nism that w e ha v e implemen ted can b e impro v ed some-

ho w, p erhaps using a biased-to w ards-the-b etter apro x-

imation that also tak es adv en tage of the v ery di�eren t

relev ance of the three parameters w e ha v e to study

( m >> a >> b ).

-Another in teresting p ossibilit y is to c hange the �tness

function suc h that it re
ects that w e prefer greater

v alues of m , sa y adding a term lik e

1

15

� log ( m ).

-W e b eliev e that, in the scop e of these kind of gen-

erators, a �tness function related with the result of

the Sp ectral T est in a n um b er of dimensions ma y do

ev en b etter. F or example, if using a normalized sp ec-

tral test for di�eren t dimensions, an in teresting �tness

function to maximize could b e the minim um on the

test for these 30 dimensions.

5 Conclusions

W e b eliev e w e ha v e pro vided strong evidence that pass-

ing a series of tests, call them p ok er test, c hi-square or

ev en en trop y , don't assure the passing of futher tests

and that excellen t results on some tests do not neces-

sarily mean an ything ab out the randomness of a gen-

erator. In fact, extraordinarily go o d results in one test

m ust put the serious researc her in state of alarm.

W e also ha v e sho wn that a metho d relativ ely new in

this �eld, the use of genetic algorithms, can b e of great

help when lo oking for go o d parameters. After the w ork

of Pierre L'Ecuy er [8] in com bining LCG's to impro v e

their prop erties, this automatic w a y of getting go o d

LCG's drastically increases its in terest, as it could b e

used to generate automatically a p o ol of quite go o d

LCG's that then can b e com bined to mak e an ev en

b etter generator.

The authors strongly b eliev e that v arian ts of this

metho d can b e easily dev elop ed to help in the param-

eter c ho osing of other t yp es of generators lik e Lagged

Fib onacci Generators, IGC's, EIGC's, etc...
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Abstract 
 

 

This paper describes a genetic algorithm-based 
test case generator for use in the empirical 
analysis of algorithms. The fitness function for 
the genetic algorithm is the number of operations 
executed when the algorithm is run with the test 
case as input – the worse the performance, the 
higher the fitness.  The goal of the generator is to 
produce test cases that are pathological for the 
algorithm.  We present results from experiments 
using a GA-based generator for maximum 
cardinality bipartite matching and show that the 
results are better than the results using randomly 
generated test cases.   

1 INTRODUCTION 

Empirical analysis of algorithms is of increasing interest 
to the algorithms community.  This type of research 
focuses on the performance of algorithms in practice, as 
analyzed through computational experiments.  Such 
analysis leads not only to a better understanding of how 
well existing algorithms perform, but can generate new 
practical as well as theoretical improvements to the 
algorithms (Johnson and McGeouch 1993; Cherkassky, 
Goldberg, and Radzik 1993; McGeouch 1986).  Just as 
techniques such as average case and worse case analysis 
were developed for studying the asymptotic behavior of 
algorithms, there is a need to develop robust techniques to 
study and characterize the behavior of algorithms in 
practice (Hook 1994). 

One important area of study is the development of 
methods to generate cases for testing implementations of 
algorithms (Goldberg 1998).  Traditionally, this input has 
been of three forms: 1) random input based on a general 
probability model, 2) real-world input, or 3) random input 
of a given structure (such as grid graphs or graphs with a 
certain degree sequence).  While each of these input types 
is important to understanding the behavior of an 
algorithm, they do not yield a very complete picture of 
behavior because they focus on either average case or 

performance on input with a well-defined structure.  
Performance on infrequently occurring input or on input 
with different structures may not be fully explored by 
such methods. 

Two questions of interest to algorithm designers are: 1) 
does the new algorithm do better than other algorithms on 
a given set of input cases, and 2) what are the input cases 
on which the new algorithm performs poorly?  With the 
random generation, structured input, and real-world data 
approaches, the input is static.  When a new algorithm 
version is being tested, we can only compare its 
performance to the old version on a given set of inputs, 
leaving open the question of which inputs cause the new 
algorithm to perform badly. We could try to generate 
more random input in an attempt to find pathological 
cases, but doing a random search of a large input space 
might take a long time without yielding any bad cases.  If 
our interest is data of a certain structure or real-world 
data, we could examine the second question by trying 
input cases with various structures, but that would require 
making assumptions about what affects performance and 
designing a new input set for each new algorithm version. 

Our work focuses on developing a more dynamic system 
for generating input in which the generator acts as an 
adversary to the algorithm, producing test cases on which 
the algorithm performs poorly.  This generator uses a 
genetic algorithm (GA), a search technique based on the 
idea of  survival of the fittest (Goldberg 1989).  An initial 
population of objects representing test cases is generated, 
each object's fitness is evaluated, and depending on that 
fitness it may survive to reproduce and create the next 
generation.  Objects with higher fitness have a greater 
chance of reproducing.  In our work, a test case object’s 
fitness is based on how the algorithm performs on that test 
case -- the worse the performance, the higher the fitness.  
So the final best individual after many generations of 
reproduction is the test case object on which the algorithm 
performed worst.  We define performance by counting 
operations of interest performed by the algorithms, but 
performance could also be based on other measures such 
as resource usage (in terms of execution time or space) 
and quality of output (especially in the case of heuristics). 

With the GA approach, we can readily compare 
algorithms and study the relationship between input and 



performance for a given algorithm.  First, in order to 
compare algorithms, we can run the new algorithm on the 
final population generated by the GA for the old 
algorithm and vice versa.  This allows us to test each 
algorithm on input cases that were hard for the other 
algorithm. Second, because the GA generator adapts its 
output to a particular algorithm, we can study 
performance by using the new algorithm for the GA 
fitness function and running the adversarial generator 
again.  This allows us to answer the second question by 
providing a set of test cases on which the new algorithm 
performs poorly.  

Obviously, the utility of this GA-based approach depends 
on the strength of the relationship between input 
structures and algorithm performance.  For example, it 
would not be appropriate for algorithms that perform the 
same number of operations on all input.  Fortunately, for 
most algorithms of interest, there is some relationship 
between input and performance and we can gain insight 
into algorithm behavior by studying the structure of the 
GA-generated input. 

2 RELATED WORK  

In previous empirical work on algorithms, test cases have 
been primarily of three types: 1) randomly generated data 
based on a particular probability model, 2) randomly 
generated data of a particular structure, and 3) data from 
real-world applications.  Most of the experimental work 
in recent years has used the latter two types.  In particular, 
if a pathological structure for a particular algorithm is 
known researchers will construct a generator which 
creates test cases with that structure (Moret and Shapiro 
1994; Cherkassky, Goldberg, and Radzik 1993). 

In 1991, the first DIMACS Implementation Challenge, 
which focused on empirical testing of network flow and 
matching algorithms, was held (Johnson and McGeoch 
1993).  Generators produced by participants and collected 
by DIMACS produced either random graphs or graphs 
which had particular structures, such as grid graphs and 
acyclic graphs.  Several also produced known 
pathological cases for particular algorithms.  In panel 
discussions following the formal presentations, 
participants lamented the lack of challenging test cases for 
the algorithms.  In particular, they expressed concern that 
by using a limited set of test cases, algorithm 
implementations could be tuned to certain structures in 
the test cases.  This would ensure good performance on 
the existing cases, but contribute little in understanding 
algorithm behavior on other non-represented structures. 

Another problem with generators that produce structured 
cases is that they may introduce unintentional features 
into the input because of the construction procedure.  
These difficulties are described in (Sanchis 1994) in 
relation to a generator for vertex cover, an NP-hard 
problem.  The generator was designed to produce test 
cases with known solutions by creating a minimal graph 
with a cover set of a given size and then adding edges to 

that graph.  Because of the underlying properties of the 
original method used to generate graphs, degrees of 
noncover vertices were consistently lower than degrees of 
cover vertices.  Since one of the heuristics being tested 
used a greedy rule that repeatedly chose vertices of 
highest degree for the cover, it did very well on these 
graphs.  Correcting this problem necessitated modifying 
the generator so that it kept the average degrees of the 
cover and non-cover vertices nearly equal. 

GAs have been used previously in generating test cases 
for real-time software systems (Wegener, et. al., 1997).   
In these systems, execution time is part of the correctness 
definition of the software.  For example, in a rental car 
reservation system, calculations of available vehicles 
must be completed within a certain time in order for the 
system to be acceptable.  Testing needs to characterize the 
time bounds of such calculations.  Traditional testing 
methods would require the development of these best and 
worst cases.  This is a difficult task due, in part, to the 
impact of the system environment on execution time.  The 
GAs generated test cases that could be used to establish 
wider bounds on execution time than test cases produced 
by random generators.  While the purpose of these 
experiments was to test the temporal correctness of the 
programs, they demonstrate the utility of GAs in 
generating extreme test cases for problems.   

3 BIPARTITE MATCHING 

The algorithms under study in our current work are 
variations of a push-relabel algorithm that solves the 
maximum cardinality bipartite matching problem.  In this 
section we describe the basic problem as well as the 
algorithms of interest. 

3.1 PROBLEM DESCRIPTION 

The maximum cardinality bipartite matching problem is 
defined as follows: given an undirected bipartite graph 
with vertex set N, divided into two sets N1 and N2 , find 
the maximum cardinality set M' of edges (u,v) such that u 
�  N1 and v �  N2 and for all other edges (u',v') � M', u �  u' 
and v �  v'.  So no vertex is matched with more than one 
other vertex.  A matching which includes or covers all 
vertices in N1 and N2 is called a perfect matching.  The 
maximum size matching possible for a given graph is 
min(|N1|,|N2|).  We restrict our graphs so that |N1|=|N2|. 
Applications of this problem include job scheduling, 
pattern matching in images and strings, and resource 
allocation. 

3.2 ALGORITHM DESCRIPTION 

The bipartite matching problem can be transformed into a 
special case of the maximum flow problem by adding a 
source vertex, s, and edges from s to each vertex in N1 and 
adding a sink vertex t and edges from each vertex in N2 to 
t.  In the maximum flow problem, the goal is to transport 
as much flow as possible from the source to the sink, 
given the constraint that edges have limited capacity.  In 
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the bipartite matching application, each edge is given unit 
capacity.  The Goldberg-Tarjan push-relabel algorithm 
(Goldberg and Tarjan 1986) computes flow on the edges 
that meet the following constraints: 

�� capacity constraint:  the flow on each edge must be 
less than the capacity of the edge, 

�� flow antisymmetry constraint:  the flow on an edge is 
equal to the negation of the flow on its reversed edge, 
and 

�� flow conservation constraint:  the flow entering a 
vertex is equal to the flow leaving a vertex (does not 
apply to source or sink). 

The first and last constraints ensure that the flow on edges 
between vertices in N1 and vertices in N2 represents the 
maximum matching of the graph because each edge can 
only have one unit of flow. Since only one edge goes into 
each vertex in N1 (from the source), flow can occur at 
most on one edge going out.  The same is true of the 
edges going into the vertices in N2. 

The Goldberg-Tarjan algorithm works by initially pushing 
one unit of flow along each edge from the source to the N1 
vertices.  The flow conservation constraint is relaxed to 
allow this N1-unit preflow to exist as excess at the vertices 
in the network.  Vertices are given a distance label, which 
approximates their distance from the source or sink.  
Initially the vertex label is set to 0 for all vertices except 
the source.  The label of s is set to N1+N2+2. An edge 
(u,v) in the residual network (i.e. edges which have no 
flow on them) is eligible for a push operation if the 
distance label of u(h(u)) is equal to 1+h(v).  By adjusting 
distance labels for each vertex through relabel operations 
and pushing flow along eligible edges using push 
operations, the algorithm sends as much flow as possible 
from the source to the sink.  When all flow possible has 
gone to the sink, excess flow in the network is pushed 
back to the source in order to convert the preflow into a 
legal flow.  The edges (between N1 vertices and N2 
vertices) that have flow in the final network form the 
maximum cardinality matching set M'. 

At any point in the algorithm, several edges may be 
eligible for push operations.  One set of algorithm 
variations focuses on the decision about which vertex to 
process next when pushing flow through the network.  
The variation we explored uses minimum distance vertex 
selection (Goldberg and Kennedy 1994).  In this 
algorithm, the vertex selected for processing is the vertex 
with the minimum distance label.  In addition, a periodic 
global updating of the distance labels is done whenever 
the distance label of the vertex chosen is higher than any 
previous selected vertex.  This global relabel computes an 
exact distance from each vertex to the sink in the residual 
network using a backwards breadth-first search and sets 
the vertex label to that value.  A second backwards 
breadth-first search is done from the source to those 
vertices which had no path to the sink in the residual 
network.  The labels of these vertices are set to |N| + the 
distance to the source.  Processing continues after each 

global relabel as before until the maximum flow has been 
computed. The Goldberg-Tarjan algorithm with minimum 
distance label vertex selection and global relabeling has 
an O(m sqrt(n)) bound, where n is the number of vertices 
and m is the number of edges. 

We have also included a preprocessing step suggested in 
(Setubal 92).  This has no known effect on the worst-case 
theoretical bound, but the preprocessing does appear to 
help in practice.  Before any push/relabel operations 
begin, an initial greedy matching is done.  In this 
matching, each N1 vertex is paired with the first 
unmatched N2 vertex in its edge list.  If no unmatched 
node is found, a match is made with the first node in the 
edge list, even though it is also matched with one or more 
other vertices.  Each vertex matching is counted as a push 
operation and labels are updated so that N1 vertices have 
label h(u)=1 and the edges in the matching have one unit 
of flow.  After this, the Goldberg-Tarjan algorithm is used 
to finish computing the flow (and therefore the legal 
matching) on the revised network. 

4 GENETIC ALGORITHM TEST 
CASE GENERATOR 

In implementing a genetic algorithm, we use SGA 
(Simple Genetic Algorithm), a set of functions written in 
C which implement the GA described in Goldberg's 
classic book (Goldberg 1989; Smith, Goldberg, and 
Earickson 1994). This code has been modified extensively 
to include crossover and mutation variations specific to 
this problem.  User input to the basic SGA program 
includes: population size, chromosome length, number of 
generations, crossover probability, mutation probability, 
and random number generator state file. We also 
incorporated the MRANDOM pseudorandom number 
generator code to facilitate reproduction of results 
(Thomborson 1993).  This program contains a 
pseudorandom number generator based on prand , 
developed by Bentley and Knuth.  State files can be saved 
between runs so the problems with initial random number 
sequences can be avoided.  This also allows us to repeat 
past runs by starting the random number generator with 
an old state file. 

The sequence of operations in the genetic algorithm itself 
is the standard one(Goldberg 1989): 

1.  Generate initial population of chromosomes. 

2. Evaluate fitness of each chromosome in the initial 
population. 

3. Using selection, choose members of the current 
population as parents and combine them using a crossover 
operator to produce members of the new population. 

4.  Mutate individual chromosomes in the new population. 

5. Evaluate the fitness of the chromosomes in the new 
population. 

6. If this is final generation, stop and output the 
chromosome with best fitness.  Otherwise, go to step 3. 



Generation of the initial population is discussed below as 
are the crossover and mutation operators. Fitness for an 
individual is calculated using the number of pushes in the 
push/relabel bipartite matching algorithm.  This measure 
was chosen because pushes are the bottleneck operations 
in this algorithm.  We use a modified elitist selection 
where the two best individuals are automatically copied to 
the new population without undergoing change through 
crossover and mutation.  Roulette wheel selection is used 
to choose the parents for the rest of the new population. 

4.1 REPRESENTATION 

As described above, a bipartite graph is a collection of 
nodes (N) and edges (M) in which the nodes can be 
divided in two groups N1 and N2 such that for any 
edge(u,v) �  M, u�  N1 and v �  N2.  In our experiments, we 
represent a graph as a bitstring of length |N1|x|N2|, 
consisting of 0's and 1's.  We can think of this as a 
flattened adjacency matrix where a 1 in a position 
indicates the presence of an edge and a 0 indicates the 
absence.  Beginning in position 0 (the leftmost position), 
the first |N2| positions represent the edges from the first 
node in N1 to the nodes in N2.  Figure 1 shows a bipartite 
graph with its corresponding bitstring. The substring 
"00010" for vertex 0 in N1 means that there is an edge 
from that vertex to only vertex 3 in N2  while the substring 
"10001“ for vertex 2 in N1 represents edges from that 
vertex to vertices 0 and 4 in N2.   Note that this graph has 
a perfect matching which includes the edges (0,3), (1,0), 
(2,4), (3,1), and (4.2).  

 

Figure 1: A bipartite graph and its chromosome 

5 EXPERIMENTS 

In our experiments we used two different genetic 
algorithm generators.  The first generates graphs based on 
a fixed number of nodes N and an edge probability pedge.  
The second generates graphs with a fixed N and fixed 
number of edges M.  Both use the representation for 
bipartite graphs described. They differ in their initial 
generation, crossover, and mutation methods.  

5.1 VARIABLE EDGE COUNT GRAPHS 

For the variable edge count GA, the initial bitstrings are 
generated with each position set to 1 with probability 
pedge.  Otherwise the position is set to 0. 

The crossover method is called partial-v crossover.  The 
idea behind this method is to preserve some of the edge 
structure of the parents when creating the children.  First, 
the randomly generated crossover point p can only occur 
at N1 vertex boundaries in the bitstring. Second, we use p 
in determining where to begin crossover exchange on the 
N2 vertices as well as the N1 vertices.  This means that the 
edge structure of the vertices above the crossover point p 
is maintained in the respective children while the edge 
structure for the vertices below the point is the result of 
combining the two parents.  This method can result in a 
change in the number of edges in each graph, but the 
change is acceptable, given the probability model.  Figure 
2 illustrates the crossover method.  In the children, the 
edges contributed by parent 1 are shown as solid lines 
while edges contributed by parent 2 are shown as dotted 
lines.   The crossover point p appears as a dashed line. 

Figure 2: Partial V-Crossover 
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The mutation method is designed to preserve the qualities 
of the probability model as much as possible. In 
particular, the edge probability pedge is used to determine 
what the value of the mutated bit position should be.  The 
current value of the bit position is ignored and a random 
number r between 0 and 1 is generated.  If r <= pedge 
then the bit position is set to 1, otherwise the bit position 
is set to 0. 

5.2 FIXED EDGE COUNT GRAPHS  

Our second GA maintains a fixed number of edges in 
each graph representation.  For generation of the initial 
population, the following technique is used.   

1.  Set all positions in the chromosome to 0 initially.   

2.  For each of M edges, generate a random number from 
0 to lchrom-1.   

3.  If that position in chromosome is currently 0, change it 
to 1; otherwise repeat the number generation until it 
indicates a position that is 0.  The repetition is necessary 
because we may have duplicates in the random number 
sequence so we need to choose a different edge to add. 

The crossover method is as follows, with processing 
beginning at the first position in the chromosome: 

1.  Set the variable deficit to 0.  This variable indicates 
which child has one less edge than the others currently. 

2.  If the position is a 0 in each parent chromosome, then 
make the position 0 in both children.  Likewise, if the 
position is a 1 in each parent chromosome, then make the 
position 1 in both children. 

3.  If position is different in each parent: 

a)  if deficit=0 then generate a random number r between 
0 and 1.  If r < 0.5, then set the position to 1 in child 1 and 
0 in child 2.  Set deficit to 2.  If r �  0.5, do the opposite 
and set deficit to 1. 

b)  if deficit = 1, then set position to 1 in child 1 and 0 in 
child 2.  Reset deficit to 0. 

c)  if deficit = 2, then set position to 0 in child 1 and 1 in 
child 2.  Reset deficit to 0. 

Because the number of edges (and therefore the number 
of 1's in the bitstring) must remain constant, the mutation 
method must ensure that if an edge is added, another edge 
is removed and vice versa:    

1.  For each mutated bit position, flip the bit by changing 
0 to 1 and vice versa.   

2.  If 0 was changed to 1 (so an edge was added), generate 
a random number between 0 and  lchrom-1 and check the 
bit at that position.  If the bit is 1 then change it to 0.  
Otherwise continue to generate a random number r until 
the bit at position r is 1. Change that bit to 0.   

An analogous operation is done when an edge is deleted 
during mutation. 

5.3 RESULTS 

Our first experiments consisted of simply running the 
GA-based generator and the random generator using 
identical input parameters and producing the same 
number of graphs.  We found that the worst graphs from 
the GA generator were consistently of higher fitness than 
the ones from the random generator. Early results showed 
that the worst cases occurred when one or more of the 
vertices had only one or two edges and another vertex was 
matched to the neighbor first.  For example, suppose 
vertex 8 in group N2 has one edge (2, 8), but edges (2, 6) 
and (2, 7) are also in the graph. During the initial greedy 
matching, vertices 2 and 6 are matched, leaving vertex 8 
to become an extra match with 2. This conflict can cause 
a chain reaction of rematchings until vertex 8 is finally 
matched with the only vertex possible.  In looking at these 
graphs, we decided that giving priority to low-degreed 
vertices during matching might alleviate this problem.  
This, of course, also makes sense intuitively -- if there are 
only two possible matches for a vertex, there is a high 
probability that the final matching will include one of 
those edges. 

To that end, we developed three new versions of the basic 
algorithm described in section 3.2:  

•  Vertex-ordered greedy matching: during the initial 
greedy matching, order the N1 vertices by degree, from 
lowest to highest. 

•  Degree-ordered edge selection: during all processing, 
maintain the edges lists of both the N1 and N2 vertices in 
order. For edges (u, v), this order is determined by the 
degree of v and is in increasing order. 

•  Combination: Combine the two approaches. 

Tables 1, 2, and 3 show the results of experiments with 
the basic algorithm and the three variations of density for 
variable edge count graphs. Algorithms 1 through 4 are 
the basic algorithm, vertex-ordered algorithm, edge-
ordered algorithm, and combination algorithm 
respectively. 

We ran two sets of experiments. First, we ran the GA 
generator for g generations and recorded the maximum 
fitness reached.  We did this 10 times for each set of 
parameters.  The numbers in the table represent the 
maximum, mean, and standard deviation of this data.  
Reasoning that longer chromosomes may require more 
time to converge, we used g = 200, 300, 400, 500 for n = 
32, 64, 128, 256 respectively. The other GA parameters 
were popsize= 100, pcross= .9 and pmutation= .01. For 
the variable edge count graphs, we used three different 
densities for the tests, setting the edge probability so that: 
1) E(m) = n, 2) E(m) = n log n, and 3) E(m) = n sqrt(n).  
For the fixed edge count graphs, we used three 
comparable densities: 1) m = n, 2) m = n log n, and 3) m 
= n sqrt(n). 

In the second set of experiments, we used a random graph 
generator with the same edge probabilities to produce a 
comparable number of graphs. For n = 32, 64, 128, we 



generated 20100,  30100, and 40100 random graphs 
respectively. For each density and value of n, we ran the 
algorithm variation 10 times and recorded the maximum 
fitness produced.  As with the GA data, the RAN 
information in the table includes the maximum, mean and 
standard deviation of these 10 runs. 

Because we were using the MRANDOM random number 
generator, we were able to save the states of the random 
number generator at various points.  Before starting the 
experiments, we created and saved 10 random number 
generator states. We did this by seeding the random 
number generator and running it for 100,000 iterations. 
We then saved the state. For the next state, we retrieved 
the first one and iterated 100,000,017 more times, saving 
the state at the end. For each of the other 8 states we used 
the previous state and iterated 100,000,017 times. We 
used this approach rather than reseeding the random 
number generator for two reasons. First, (Thomborson 
1993) has noted problems with nonrandomness in the 
beginning of the sequences with various generators. 
Second, determining on a truly random number with 
which to seed each new start is virtually impossible. With 
these two considerations, we believe that our approach is 
the soundest. 

For each set of parameters, run 1 started with the first 
random number state, run 2 started with the second, and 
so on. We did this so that we could be assured that the 
comparable genetic algorithms were starting out with the 
same initial populations. We did run into one problem in 
our original set of experiments. The number of iterations 
between each state and the next was too small so that they 
overlapped. This resulted in cycles in the fitnesses of the 
graphs generated using the random generators. We chose 
a large iteration in the states for the final experiments in 
order to avoid this problem. 

Our goal in doing these two sets of experiments was 
twofold. First, we wanted to determine whether the GA-
based generator was capable of finding harder graphs (in 
terms of the number of pushes required) than the random 
generator. Second, we wanted to compare the algorithm 
variations to see whether the same graphs are difficult for 
each.  

In looking at Tables 1-3, it is clear that, especially at the 
lowest density, the GA generator is able to find 
significantly harder cases for the algorithm variations than 
are found using the random generator. At that density, the 
maximums found by the GA are approximately l.7 to 3.9 
times worse than the maximums found by the random 
generator. The means are 1.6 to 3.1 times worse. The GA-
based generator is not as successful at the higher 
densities, but in most cases, the graphs found are more 
difficult than those produced by the random generator.  
Graphs with higher densities are easier to match than 
graphs with low densities so it is not surprising that the 
maximum fitness decreases as we move to the right in the 
table. 

Table 1: Maximum/Mean(Std. Dev.) Fitnesses for 
Variable Edge Count Graphs – E(m)=n 

n=32 GA RANDOM 
Alg. 1 184/151(28.3)  76/70(3.6) 
Alg  2 158/111(30.1)  66/60(4.0) 
Alg  3 168/126(23.1)  70/59(7.1) 
Alg  4 130/82(24.3)      52/49(1.9)  
   
n=64 GA RANDOM 
Alg  1 588/378(111.5)  156/137(10.8) 
Alg  2 472/257(99.7)  156/125(13.5) 
Alg  3 592/383(116.1)  146/120(13 2) 
Alg  4 232/169(32.5)  136/102(13.1) 
   
n=128 GA RANDOM 
Alg  1 1060/635(199.8)  308/241(26.1) 
Alg  2 886/442(168.9)  234/214(11.7) 
Alg  3 962/616(171.6)  248/221(13.8) 
Alg  4 448/343(66.9)  216/201(6.5) 
   
n=256 GA RANDOM 
Alg  1 1072/729(163.6)  564/458(51.7) 
Alg  2 1322/641(252.8)  444/397(29.7) 
Alg  3 1044/724(183.5)  536/438(52.6) 
Alg  4 866/601(160.3)  438/378(31.5) 
 

 

Table 2: Maximum/Mean(Std. Dev.) Fitnesses for 
Variable Edge Count Graphs - E(m)=n log n 

n=32 GA RANDOM 
Alg. 1 118/101(7.5)  66/60(3.9) 
Alg  2 100/90(6.6)  68/54(7.9) 
Alg  3 70/53(6. 6) 42/42(0.0) 
Alg  4 52/41(3.8) 40/40(0.8) 
   
n=64 GA RANDOM 
Alg  1 238/197(15.3)  138/129(5,3) 
Alg  2 172/159(8.7)  126/115(6.4) 
Alg  3 164/122(26.4)  114/106(7.4) 
Alg  4 160/105(27.3)  102/86(7.7) 
   
n=128 GA RANDOM 
Alg  1 368/340(14.7)  352/255(35.4) 
Alg  2 350/301(22.5)  236/225(7.4) 
Alg  3 316/290(36.5) 224/209(11.4) 
Alg  4 286/255(15.2)  210/184(11.4) 
   
n=256 GA RANDOM 
Alg  1 686/628(33.0)  508/480(15.3) 
Alg  2 560/518(27.7) 482/442(16.3) 
Alg  3 756/ 605(63.7) 442/400(20.8) 
Alg  4 532/489(22.5)  400/363(22.7) 
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Table 3: Maximum/Mean(Std. Dev.) Fitnesses for 
Variable Edge Count Graphs - E(m)=n sqrt(n) 

 

n=32 GA RANDOM 
Alg. 1 96/79(21.8)  42/40(0.6) 
Alg  2 40/40(0.0)  40/39(1.1) 
Alg  3 40/38(1.5)  38/37(1.0) 
Alg  4 36/36(0.0)  36/36(0.0) 
   
n=64 GA RANDOM 
Alg  1 196/192(2.7)  98/86(5.4) 
Alg  2 170/134(24.7)  100/78(8.4) 
Alg  3 92/85(5.2)  76/73(1.4) 
Alg  4 74/72(0.6)  72/72(0.6) 
   
n=128 GA RANDOM 
Alg  1 388/320(49 9)  176/168(3.8) 
Alg  2 312/236(40.4)  196/164(11.6) 
Alg  3 186/167(8.8)  156/151(3.7) 
Alg  4 166/159(4.7)  152/144(4.9) 
   
n=256 GA RANDOM 
Alg  1 638/472(78.2) 346/327(8.6) 
Alg  2 406/362(24.2)  324/316(5.3) 
Alg  3 324/307(7.8) 312/301(6.8) 
Alg  4 338/299(14.5)  302/292(5.2) 

 

In relation to our second question, the results indicate that 
considering the vertex degrees in processing may yield an 
improvement in performance. In almost all cases, the 
hardest graph found for the degree-based variations is not 
as difficult as the hardest graph found for the basic 
algorithm. But this difference could possibly be attributed 
to the GA not being able to find and exploit structures that 
yield hard cases for the variations. We tested this 
conjecture by running one of the variations (algorithm 4) 
on the graphs produced by the GA-based generator when 
the basic algorithm was used in the fitness function. Table 
4 shows these average percentage improvements.  
Clearly, the graphs that are difficult for basic algorithm 
are not as difficult for the degree-based variation. So the 
improvement to the algorithm shows promise in handling 
the structures that produce problems for the basic 
algorithm.   

We repeated the first two experiments for the fixed edge 
graphs.  The results are not shown here, but we found that 
the GA generator did not do nearly as well against the 
random generator on these graphs.  Improvement over 
random generation ranged from 0 to 2.8 times for the 
maximums and 0 to 2.1 times for the means.  The reason 
for these results probably lies in the crossover method in 
use for the fixed edge graphs, which differs from the 
partial-v crossover used for the variable edge count 
graphs.  Because we need to maintain a constant number 
of edges, we ignore the vertex boundaries in our 
representation, placing edges at random in either child 1 
or child 2.  This causes loss of graph degree structure 

from generation to generation.  Since this degree structure 
may be important in determining the difficulty of the 
graph for the algorithm, the disappointing performance 
was not unexpected. 

Table 4: Mean Improvement of Combination Algorithm 
over Basic Algorithm   - Variable Edge Count Graphs 

 GA RAN 
 E(m)=n 
n=32 77% 53.2% 
n=64 80.5% 50.9% 
n=128 74.8% 45.3% 
 E(m) = n log n 
n=32 67.9% 45.8% 
n=64 66.7% 48.9% 
n=128 61.1% 48.2% 
 E(m)=n sqrt(n) 
n=32 57.3% 20.1% 
n=64 66.5% 24.9% 
n=128 58.2% 22.7% 

 

6 CONCLUSIONS 

The GA-based generator shows promise as a tool for 
exploring pathological cases for algorithms.  In particular, 
it succeeded in producing cases that were significantly 
harder (up to 3.9 times) than those generated by a random 
generator for the same algorithm.  While we focussed on 
a particular graph-based problem, the same approach can 
be taken on other problems where the structure of the 
input affects the performance of the algorithm. 

The work also suggested an adjustment to the 
Goldberg/Tarjan algorithm that may lead to a faster 
running time on some input.   Early experiments show 
promise, but more examination of the variation is needed 
to ensure that the time for processing does not cause too 
much overhead in performance. 

REFERENCES 

Cherkassky, B. and Goldberg, A. V. and Radzik, T., 
"Shortest Paths Algorithms: Theory and Experimental 
Evaluation,” Technical Report STAN-CS-93-1480, 
Stanford University, 1993. 

Goldberg, A. V., “Selecting Problems for Algorithm 
Evaluation,” Technical Report #98-142, NEC Research 
Institute, Inc., 1998. 

Goldberg, A. V. and Kennedy, R., “Global price updates 
help,” Technical Report CS-TR-94-1509, Stanford 
University, March 1994. 

Goldberg, A.V. and Tarjan, R. E., “A new approach to the 
maximum flow problem,”  Proceedings of the 18th Annual 



ACM Symposium on Theory of Computing, 1986, 136-
146. 

Goldberg, D. E., Genetic Algorithms in Search, 
Optimization, and Machine Learning,  Addison-Wesley, 
1989. 

Smith, R.E., Goldberg, D.E., and Earickson, J.A., “SGA-
C: a C-language implementation of a simple genetic 
algorithm,” Technical Report TCGA, No. 91002, The 
Clearinghouse for Genetic Algorithms, The University of 
Alabama, March 1994. 

Hooker,  J. N., "Needed: An Empirical Science of 
Algorithms, "  Operations Research, 1994, 42, 201-212. 

Johnson, D. S. and McGeoch, C. C., editors, "Network 
Flows and Matching: First DIMACS Implementation 
Challenge,” AMS, 1993. 

McGeoch, C., “Analyzing Algorithms by Simulation: 
Variance Reduction Techniques and Simulation 
Speedups,"  ACM Computing Surveys, 1992, 24(2), 195-
212. 

Mitchell, Melanie, An Introduction to Genetic 
Algorithms, The MIT Press, 1996. 

Moret, B.M.E. and Shapiro, H. D., “Empirical Analysis of 
algorithms for constructing a minimum spanning tree,” 
Computational Support for Discrete Mathematics, AMS, 
1994, 99-117. 

Sanchis, L.A., “Test construction for the vertex cover 
problem,” Computational Support for Discrete 
Mathematics, AMS, 1994, 315-326. 

Setubal, J. C., “New experimental results for bipartite 
matching,” Technical Report DCC-07/92, State 
University of Campinas, November 1992. 

 Thomborson, C., “An introduction to mrandom 3.0,” 
unpublished manuscript, 1993. 

Wegener, J., Sthamer, H., Jones, B., and Eyres, D., 
“Testing real-time systems using genetic algorithms,” 
Software Quality Journal, 6, 1997, 127-135. 

 

 

1321



Adaptiv e and Dynamic Elev ator Group Con trol

with a Genetic Algorithm

Jung-Hw an Kim and Byung-Ro Mo on

Sc ho ol of Computer Science and Engineering

Seoul National Univ ersit y

Shilim-dong, Kw anak-gu, Seoul, 151-742 Korea

f aram,mo on g @soa r.sn u.ac.kr

Abstract

A new elev ator-group-con trol system is pro-

p osed. The system learns dynamic tra�c


o ws b y analyzing passenger tra�c without

presp eci�ed patterns. A genetic algorithm

con tin uously generates dispatc h functions ac-

cording to c hanges in passenger tra�c. By

considering the status inside elev ators, the

directions of passenger mo v emen t, and the

n um b er of w aiting passengers, the system o c-

casionally allo cates multiple elev ators for a

single hall call, whic h assists in reducing pas-

sengers' w aiting time. Exp erimen tal results

sho w ed up to 25% impro v emen t o v er a sys-

tem without the ab o v e features.

1 In tro duction

In a tall building with m ultiple elev ators, it is a

notoriously di�cult task to con trol the elev ators in

the most e�cien t manner. In general, the ob jec-

tiv es of elev ator con trol systems di�er from building

to building; the most common goals are to minimize

passengers' a v erage w aiting time, to minimize a v er-

age riding time, and to balance cro wding in elev a-

tors. Optimizing an elev ator-group-con trol system to

ac hiev e these ob jectiv es is di�cult for v arious reasons

including the follo wing [20 ]: co ordination of m ulti-

ple cars, constrain ts on elev ators' mo v emen ts, incom-

plete information (e.g., after a button is pressed at a


o or, it is imp ossible to kno w ho w man y passengers

are w aiting at that 
o or), unkno wn passenger tra�c

patterns, and the existence of sp ecial-purp ose elev a-

tors or 
o ors [23]. In order to deal with these dif-

�culties, con v en tional elev ator-group-con trol systems

ha v e used fuzzy systems [10 ][12 ][13 ][16 ], arti�cial neu-

ral net w orks [2][6 ][17 ][22], genetic algorithms [7 ][8][23 ],

etc.

P assenger tra�c is con v en tionally classi�ed in to the

follo wing four patterns [5][20 ][22 ]: i) upp eak-tra�c:

most passengers mo v e up from the �rst 
o or and

do wn w ard mo v emen ts are rare (mostly in the early

morning), ii) do wnp eak-tra�c: most passengers mo v e

do wn to the �rst 
o or and up w ard mo v emen ts are

rare (mostly in the ev ening), iii) lunc h time-tra�c:

man y passengers mo v e up from and do wn to the �rst


o or, and iv) in ter
o or-tra�c: passengers mo v e up

and do wn freely among sev eral di�eren t 
o ors with

few sp eci�c patterns. Some studies ha v e fully or par-

tially fo cused on upp eak-tra�c patterns [2][5 ][20 ] or

on lunc h time-tra�c patterns [7]. Other researc hers

[10 ][17 ] ha v e prop osed adaptation tec hniques for dy-

namic 
o ws, whic h prepare a set of presp eci�ed tra�c

patterns in adv ance and switc h b et w een p olicies ap-

propriate for the sp eci�c patterns.

The system prop osed in this pap er con tains t w o k ey

ideas. First, a genetic algorithm (GA) con tin uously

generates dispatc h functions b y adaptation to c hanges

in passenger tra�c. Although the systems of [10 ] and

[17 ] also c hange dispatc h functions during the running

of the systems, they emplo y pr esp e ci�e d tra�c pat-

terns. The prop osed system do es not prepare an y suc h

patterns in adv ance. Second, it tries to reduce pas-

sengers' w aiting time b y multiple elevator al lo c ation

when it is exp ected that one elev ator cannot serv e all

the passengers for a hall call at a 
o or. This is sup-

p orted b y setting a camera at eac h 
o or and estimating

the n um b ers of passengers for up w ard and do wn w ard

mo v emen t.

The GA optimizes the parameters of elev ator-dispatc h

functions and con tain a lo cal impro v emen t heuristic to

help �ne-tuning. By o ccasionally allo cating m ultiple

elev ators for a single call at a 
o or, the system can re-

duce passengers' a v erage w aiting time. Ho w ev er, as it

is based on prediction, the accuracy of the prediction

is critical. This strategy is helpful when the gain as a

result of go o d predictions is greater than the una v oid-



able loss due to wrong predictions.

The remainder of this pap er is organized as follo ws. In

the next section, w e pro vide an o v erview of elev ator-

group-con trol systems that ha v e b een previously pro-

p osed. In Section 3, w e describ e our prop osed elev ator-

group-con trol system and the k ey ideas in detail. In

Section 4, w e presen t our exp erimen tal results and

men tion our conclusions in Section 5.

2 Previous W ork

A hal l c al l is an ev en t resulting from a passenger

pushing one of the up or do wn buttons at a 
o or; a

c ar c al l is an ev en t caused b y a passenger pushing a

destination-
o or button inside a car (elev ator).

When a hall call is issued, the con trol system has to

ev aluate the attractiv eness of eac h car. Some stud-

ies [12][13 ][16 ] used fuzzy systems to generate attrac-

tiv eness ev aluation functions. They ev aluate eac h car

using a fuzzy function and assign a car with the great-

est function v alue to the hall call. Some of the stud-

ies considered just passengers' w aiting time [12 ][16 ];

some additionally considered passengers' riding time

[13 ]. F ujino et al. [7 ][8] used genetic algorithms to

optimize the con trol system with preferen tial 
o ors.

P assenger tra�c con tin uously c hanges o v er time. A

uniform con trol p olicy not considering the tra�c pat-

terns has an inevitable limit in reducing the passen-

gers' w aiting time. Dew en et al. [6 ] and Mark on et al.

[17 ] prop osed learning paradigms b y neural net w orks.

The systems c ho ose a con trol p olicy b y ha ving neural

net w orks iden tify the most similar tra�c pattern to

the curren t 
o w among a set of ready-prepared tra�c

patterns.

Since the upp eak tra�c pattern is relativ ely simple

and o ccurs with great frequency , a n um b er of studies

ha v e b een done based on it [3][5 ][20]. A p ossible p ol-

icy is that eac h car serv es a particular group of 
o ors

[5], where the groups are usually disjoin t from eac h

other. P ep yne et al. [20] also assumed upp eak tra�c

and devised a p olicy in whic h eac h elev ator w aits un til

the n um b er of passengers inside it reac hes a threshold.

These p olicies help ed reduce the w aiting time.

If w e could kno w the destination 
o or of ev ery pas-

senger, w e ma y b e able to further reduce passengers'

w aiting time. Ho w ev er, con v en tional elev ator systems

ha v e only t w o hall-call buttons (up w ard and do wn-

w ard) at a 
o or, and it is not p ossible to predict pas-

sengers' mo v emen ts or to guess ho w man y passengers

are w aiting. Amano et al. [2 ] prop osed an elev ator

system where there are destination-
o or buttons at

eac h 
o or. A passenger pushes the sp eci�c destination-


o or button. This pro vides more information than the

\up/do wn button"-based systems. Nonetheless suc h a

system still cannot kno w the n um b er of passengers who

w an t to go to the destination 
o or.

It is imp ortan t to handle dynamic passenger tra�c in

order to reduce passengers' w aiting time. Elev ator al-

lo cation m ust b e done in real time, but deciding on

a dispatc hing strategy do es not ha v e to b e done in

real time (e.g., a one min ute dela y presen ts no di�cul-

ties). Th us, a genetic algorithm (whic h cannot easily

pro vide a real-time solution) can b e used on a semi-

online basis. Previous w ork did (could) not consider

the n um b er of w aiting passengers at eac h 
o or. The

greater the n um b er of w aiting passengers, the longer

is the exp ected w aiting time. In our study , w e set a

camera at eac h 
o or and obtain information on the

n um b er of w aiting passengers.

3 The Prop osed System

In previous w ork, when a hall call is issued, the sys-

tem just kno ws that the n um b er of w aiting passengers

is at least one. This information is in trinsically insu�-

cien t. W e th us install a camera at eac h 
o or to obtain

more information. The cameras for this purp ose are

not v ery exp ensiv e. Moreo v er, these da ys more and

more buildings set cameras in the halls (particularly

around the elev ator en trances) for the purp ose of se-

curit y . The sharply expanding mark et of D VR (Digital

Video Recorder) is an evidence. The suggested system

can tak e an almost free ride in this case. State-of-the-

art pattern recognition tec hniques ha v e no di�cult y

in coun ting the n um b er of p eople from an image cap-

tured in a b ounded area [14 ][15 ][24 ]. Ho w ev er, w e still

cannot clearly kno w all passengers' in ten tions (mo v-

ing directions). In our w ork, w e predict the n um b ers

of up w ard and do wn w ard passengers b y a simple rule.

Rather than describing the rule in o v ert detail, w e

sk etc h it using a simple example. If there are k p eople

on a 
o or with only one of the t w o buttons pushed, all

the p eople are for the same direction. After that, if an-

other button is also pushed and the n um b er of p eople

gro ws to m , the n um b er of p eople for the t w o direc-

tions are divided in to k + w

1

( m � k ) and (1 � w

1

)( m � k )

where w

1

and 1 � w

1

are w eigh ting factors set based

on the past history of activit y at the 
o or. After a

car serv es l p eople without �lling its capacit y , all the

remaining m � l p eople are for the other direction.

This information is utilized in deciding a dispatc hing

strategy .

The prop osed system is comp osed of t w o units (Figure

1). The �rst unit, GCU (Group Con trol Unit), selects
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function
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Group Control Unit (GCU)

Control Tuning Unit (CTU)

car allocationcar informationhall calls

request for 

function
a new dispatch

cameras

Figure 1: Structure of the system

a car using a dispatc h function. This dispatc her k eeps

b eing up dated b y the other unit CTU. CTU (Con trol

T uning Unit) is a bac kground pro cedure that pro duces

a dispatc h function considering passenger tra�c. GCU

con trols all the cars and k eeps c hec king the tra�c 
o w.

If the passenger tra�c has c hanged remark ably , GCU

requests CTU to generate a new dispatc h function.

GCU is a real time pro cedure; on the other hand, CTU

is a semi-online pro cedure with a time budget of a few

min utes.

3.1 Dispatc h F unction Generation

In selecting a car to serv e a hall call, there are a n um-

b er of factors to consider. F or example, if a car is dis-

tan t from the hall-called 
o or, it is desirable to ha v e

some p enalt y; if the car has b een assigned to serv e a


o or near the hall-called 
o or, it is desirable to ha v e

some rew ard; if the car has car calls for a n um b er of


o ors b et w een its curren t lo cation and the hall-called


o or, it is desirable to ha v e some p enalt y; the curren t

cro wding in the car also a�ects its merit. W e need

to ha v e a dispatc h function whic h considers all these

factors. It is almost imp ossible to ha v e an e�cien t

dispatc h function in adv ance b ecause w e do not ha v e

information on the passenger tra�c and div erse com-

binations of the ab o v e factors. In our system, the pas-

senger tra�c is carefully monitored and the elev ator-

dispatc h function k eeps c hanging (in CTU) based on

the tra�c.

In the follo wing, w e describ e the function that is tuned

b y a GA. W e assume that there is a hall call in the 
o or

j and the system w an ts to ev aluate the merit of the

car i . W e denote b y f ( i; j ) the merit function of the

car i for a hall call at the 
o or j . The function has 12

parameters for tuning as follo ws:

f ( i; j ) = w

1

h ( i; j ) + w

2

g ( i; j ) + w

3

c ( i ) + w

4

t ( i )

elevator
i

h(i,j)

slope 1

slope 2

bound 2

bound 1

j

elevator

’s location

i

Figure 2: The shap e of h ( i; j )

where

� h ( i; j ): a function that re
ects the distance b e-

t w een the 
o or j and the elev ator i 's curren t lo-

cation. Figure 2 sho ws the shap e of the func-

tion h ( i; j ). In the function, the rew ard of a


o or (car i 's lo cation) dep ends on the slop es and

b ounds sho w ed in the �gure. Th us h ( i; j ) itself

has four parameters{t w o slop es and t w o b ounds{

to b e tuned.

� g ( i; j ): a function that giv es some rew ard if the

elev ator i is already assigned to serv e a 
o or near

the 
o or j . This has a similar shap e to h ( i; j ) and

also has four parameters.

� c ( i ): the elev ator i 's cro wding.

� t ( i ): the n um b er of car calls for the 
o ors b et w een

the 
o or j and the elev ator i 's curren t lo cation.

CTU tunes, b y means of the GA, the four w eigh ting

factors ( w

1

through w

4

) and the eigh t parameters of

h ( i; j ) and g ( i; j ) based on recen t tra�c. The GA pro-

cedure for tuning these parameters is describ ed in Sec-

tion 3.2. When a considerable c hange in the passenger

tra�c is detected, GCU giv es CTU the information

and requests the generation of a new dispatc h func-

tion. The system can appro ximately guess the arriv al

rates of p eople b y p erio dically trac king the total n um-

b ers of p eople (in the halls and the cars). If the mo v-

ing a v erages of these rates considerably c hange, the

system judges that the tra�c has c hanged. It tak es

one min ute or so for CTU to generate a new function

b y the GA; taking one min ute to prepare a new func-

tion is not so critical unless the tra�c 
uctuates to o

frequen tly .



Create initial p opulation of �xed size;

do f

c ho ose p ar ent1 and p ar ent2 from p opulation;

o�spring = crosso v er( p ar ent1 , p ar ent2 );

m utation( o�spring );

lo cal-impro v em en t( o�spring );

replace(p opulation, o�spring );

g un til (stopping condition);

return the b est solution;

Figure 3: The h ybrid genetic algorithm framew ork w e

used

3.2 T uning the Adaptiv e F unction b y a GA

Genetic Algorithms (GAs) are sto c hastic algorithms

whic h mimic the natural ev olution of p opulation genet-

ics in problem solving or sim ulation. A GA is kno wn

to ha v e wide searc h capabilit y and a go o d balance b e-

t w een exploitation and exploration of the searc h space

[9][19 ].

In this study , the GA seeks for the optimal set of pa-

rameters for the elev ator group con troller (describ ed

in Section 3.1). The goal is to searc h parameter v alues

that minimize the a v erage passengers' w aiting time.

W e use a steady-state h ybrid genetic algorithm for

tuning parameters of a dispatc h function f ( i; j ). The

template of the GA is sho wn in Figure 3. Tw o paren ts

are selected according to their probabilities that are

prop ortional to their �tness v alues. The probabilit y

that the b est solution is c hosen is giv en four times that

of the w orst solution is c hosen. This selection sc heme

prev en ts sev ere discrimination against p o or solutions,

and it is a common selection tec hnique in genetic al-

gorithm design. The o�spring is pro duced through a

traditional m ulti-p oin t crosso v er. After an o�spring

is mo di�ed b y a m utation op erator, it is lo cally im-

pro v ed. The lo cal impro v emen t approac h is describ ed

in Section 3.2.2. The lo cal impro v ed o�spring replaces

a solution in the p opulation b y the follo wing rule [4]:

the more similar paren t to the o�spring is replaced

if the o�spring is b etter, otherwise, the other paren t

is replaced if the o�spring is b etter, if not again, the

w orst c hromosome in the p opulation is replaced. The

rational b ehind this is to main tain the p opulation di-

v ersit y to the exten t that not to o m uc h time is w asted

[4]. In this exp erimen t, the p opulation size is set to

50 and a linear real-n um b er enco ding sc heme is used.

The GA stops after a �xed n um b er of generations. T o

ev aluate a c hromosome, the GA sim ulates the group

con trol with the corresp onding parameters.

3.2.1 Non-Uniform m utation

Usually , steady-state GAs con v erge faster than gen-

erational GAs with more c hances of genetic drift.

Stronger m utation can alleviate steady-state GAs' ge-

netic drift. Generally the solutions ha v e p o or quali-

ties in early generations. As the generation gro ws, the

qualities of the solutions get b etter. Consequen tly , a

large m utation rate rarely con tributes to the impro v e-

men t of qualit y in the latter stage of a GA. In this

w ork, w e used a non-uniform m utation. This m uta-

tion c hanges the rates of p erturbation as the gener-

ations go. The non-uniform m utation is p erformed

as follo ws [18 ]: if s

t

v

= < v

1

; � � � ; v

m

> is c hromo-

some ( t is the generation n um b er) and the elemen ts v

k

w as selected for this m utation, the result is a v ector

s

t +1

v

= < v

1

; � � � ; v

0

k

; � � � ; v

m

> , suc h that

v

0

k

=

�

v

k

+ �( t; U B � v

k

) if a random digit is 0 ;

v

k

� �( t; v

k

� LB ) if the random digit is 1

where LB ; U B are the lo w er and upp er b ounds of the

v ariable v

k

. The function �( t; y ) returns v alue in the

range [0 ; y ] suc h that the probabilit y of �( t; y ) b eing

close to 0 increases as t increases. W e used the follo w-

ing function as in Mic halewicz [18 ]:

�( t; y ) = y �

�

1 � r

(

1 �

t

T

)

b

�

where r is a random n um b er from [0 ; 1], T is the maxi-

mal generation n um b er, and b is a constan t v alue. W e

used T = 200 and b = 5.

3.2.2 Lo cal Impro v emen t

F or a dispatc h function f , w e ha v e 12 parameters

x

1

; x

2

; � � � ; x

12

to b e tuned b y a GA. Eac h x

i

corre-

sp onds to a gene in the GA. W e devised a simple dis-

crete impro v emen t heuristic. First, w e �x the param-

eters ( x

1

; � � � ; x

i � 1

; x

i +1

; � � � ; x

12

) except x

i

. The pa-

rameter x

i

is mo di�ed to x

0

i

2 N ( x

i

) where N ( x

i

) =

f x j j x � x

i

j � � g ; � 2 R . Then, CTU sim ulates

the group con trol with ( x

1

; � � � ; x

0

i

; � � � ; x

12

) and ev alu-

ates the attractiv eness. This pro cess is rep eated with

a n um b er of x

0

i

s whic h c hanges with a step size, sa y

� x , in the range [ x

i

� �; x

i

+ � ]. Finally , the most at-

tractiv e x

0

i

is selected. Since the sim ulation is not v ery

c heap, w e c ho ose only one x

i

in a generation. The

index i is c hosen at random in eac h generation.

3.3 Prediction-Based Multiple Allo cation

When a car arriv es at the destination 
o or and the re-

maining capacit y of the car turns out to b e not enough

to serv e all the w aiting passengers, some passengers

1325



additional assignment

Figure 4: Multiple elev ator allo cation based on predic-

tion

ha v e to w ait un til another car comes. In previous w ork,

the systems select another car to serv e the remain-

ing passengers righ t after this problem has o ccurred.

This is an imp ortan t factor con tributing to w ards the

increase of passengers' w aiting time according to our

in v estigation. If a system predicts the n um b er of w ait-

ing passengers at the hall-called 
o or in adv ance, it

can result in greater e�ciency . This is an imp ortan t

feature of the prop osed system, whic h p erio dically an-

alyzes and predicts passengers' mo v emen ts with the

help of cameras.

Assume the car i is allo cated in resp onse to a hall call

at the 
o or j . Let t

ij

b e the exp ected time for the car

i to arriv e at the 
o or j , w

ij

b e the exp ected n um b er

of w aiting passengers at the 
o or j after t

ij

, and c

ij

b e the exp ected cro wding after t

ij

. The system judges

based on w

ij

and c

ij

whether or not the car i can serv e

all the passengers at the 
o or j . If it is not exp ected to

b e able to serv e all the passengers, the system selects

another car (Figure 4).

The prop osed con trol system decides con trol strategies

based on prediction. If the predictions are accurate,

it reduces passengers' w aiting time; if not, it ma y do

harm to the system. T o enhance the accuracy of pre-

diction, the system p erio dically analyses passengers'

mo v emen ts with the help of cameras. When, con trary

to prediction, the �rst car turns out to b e able to carry

all the w aiting passengers at the 
o or j and the sec-

ond car do es not ha v e a car call to the 
o or j , the

system promptly cancels the second car's sc hedule for

the 
o or j . Note that it is still not p ossible to get

p erfect information since there are only t w o hall-call

buttons (up w ard/do wn w ard). This strategy is helpful

when the gain b y go o d predictions is greater than the

una v oidable loss b y wrong predictions.

T able 1: Sim ulation Conditions

Items Settings

# of Flo ors 18

# of elev ators 6

capacit y 20 p eople/car

mo ving sp eed 2 t /
o or

op en-close time 2 t

b oarding time 1.3 t

* t : the unit time of a P oisson pro cess

100

120

140

160

180

200

220

240

13 14 15 16 17 18 19

Avg. waiting time

Rates of Poisson processes

Multi
Ordinary

Figure 5: Av erage w aiting time according to tra�c

patterns

4 Exp erimen tal Results

T able 1 sho ws the exp erimen tal conditions used in this

pap er. There are 18 
o ors and 6 elev ators. Eac h elev a-

tor can serv e up to 20 p eople. In practice, the n um b er

of passengers in a car is usually measured b y an on-

b oard scale.

The test w as p erformed b y sim ulations follo wing the

tradition. The passenger tra�c follo w ed a P oisson pro-

cess as usual [1 ][8][11 ]. Let N ( t ) b e the n um b er of pas-

senger arriv als in an y in terv al of length t . Then it is

de�ned b y a P oisson pro cess that for all s; t � 0

P f N ( t + s ) � N ( s ) = n g = e

� �t

( �t )

n

n !

; n = 0 ; 1 ; � � � :

The mean time b et w een t w o arriv als is kno wn to b e

�t . � is called the rate of the pro cess [21 ]. W e did not

assume an y constrain t in the P oisson pro cess; th us it

is similar to the in ter
o or tra�c (regarding to the four

tra�c patterns in the in tro duction) as in most other

researc hes.

W e �rst in v estigate the e�ect of m ultiple allo cation

with cameras; this is sho wn in Figure 5. In the �g-
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Figure 6: Relativ e a v erage w aiting time of the m ulti-

allo cation-based system against the system with no

camera

ure, \Ordinary" represen ts the system without m ulti-

ple allo cations and \Multi" represen ts the system with

m ultiple allo cations. Both systems used dispatc h func-

tions that w ere generated b y a genetic algorithm. The

only di�erence is the existence of m ultiple allo cations.

The horizon tal axis represen ts the rates ( � ) of P oisson

pro cesses and the v ertical axis represen ts the a v erage

w aiting time in seconds. The result sho ws that the ex-

istence of m ultiple allo cations signi�can tly decreased

passengers' a v erage w aiting time. The absolute w ait-

ing time is not an indicator for the usefulness of the

suggested system. The a v erage w aiting time dep ends

on the exp erimen tal settings. Rather, if the situation

\not enough space in the assigned car and one more

hall call for the next car" o ccurs o ccasionally , the sug-

gested system w ould b e helpful.

Figure 6 expands Figure 5 o v er a wider sp ectrum of

tra�c patterns. It sho ws the m ulti-allo cati on-ba sed

system's r elative p erformance against the ordinary sys-

tem. The a v erage w aiting time of the ordinary system

w as set to 100. When passengers arriv e at eac h 
o or

with pro cess rate 17.5, the m ulti-allo cati on- based sys-

tem sho w ed greater than 8% impro v emen t. The im-

pro v emen t w as not visible in cases of to o hea vy or

to o ligh t tra�c. When the tra�c is v ery hea vy , the

m ulti-allo cati on mec hanism ev en did sligh t harm to

the system. The results of Figure 5 and Figure 6 are

the a v erage from 100 runs for eac h pro cess rate.

Usually the tra�c 
o w 
uctuates o v er time in most

buildings during a da y . Although a P oisson pro cess

handles irregular passenger arriv als, it is not uncom-

mon to ha v e far more 
uctuating tra�c than a P oisson

pro cess can handle. T o sim ulate a tougher situation,

w e also created a nonhomogeneous P oisson pro cess [21 ]

where the rate ( � ) of the pro cess itself c hanges accord-

T able 2: T yp es of Systems

T yp es GA adaptation to tra�c 
o ws Multi-allo cation

T yp e 1 N N

T yp e 2 N Y

T yp e 3 Y N

T yp e 4 Y Y

110

115

120

125

130

135

140

145

150

Avg. waiting time

Type 1 Type 2 Type 3 Type 4

Types of control systems

Figure 7: Av erage w aiting times of four v ersions

ing to another P oisson pro cess. In other w ords, the

ev en ts of the rate-c hange follo w another P oisson pro-

cess. This is a harder situation for the con trol system

to adapt to. If the system successfully adapts itself

to the dynamic tra�c 
o ws, it ma y �nd a b etter dis-

patc h function and the passengers' w aiting time ma y

decrease. When a considerable c hange in the passen-

ger tra�c is detected, GCU asks CTU to run a GA

and generate a new dispatc h function.

In order to examine the e�ects of GA adaptation and of

the m ultiple allo cation, w e tested four v ersions of sys-

tems tabulated in T able 2. Figure 7 sho ws the a v erage

w aiting times of the four systems. The result sho ws

that the GA adaptation to dynamic 
o ws greatly af-

fected the p erformance indep enden t of the existence of

cameras. Figure 8 sho ws the a v erage cro wding inside

a car. The elev ators w ere more ev enly utilized in the

cases with GA adaptation.

5 Conclusion

There are t w o k ey ideas in this pap er. First, the dis-

patc hing function con tin uously c hanges b y a genetic al-

gorithm that carefully considers passenger tra�c. Sec-

ond, m ulti-elev ator allo cations sometimes o ccur with

the help of cameras. The prop osed system adapts it-

self to dynamic tra�c 
o ws, whic h led to signi�can t
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Figure 8: Cro wding of elev ators

impro v emen t on the a v erage. When com bined with

m ulti-elev ator allo cation, further impro v emen t w as ob-

serv ed.

Note that the m ultiple allo cation w ere not useful when

the tra�c 
o w w as extremely hea vy or ligh t. The ex-

p erimen tal results sho w ed that the use of m ultiple al-

lo cation notably decreased the a v erage w aiting time

when the a v erage cro wding of elev ators reac hed b e-

t w een 45% and 75% of their capacit y . The w aiting

time did not decrease at all when the a v erage cro wding

w as, e.g., 30% or 85%. But when the a v erage cro wding

w as around 55%, the a v erage w aiting time decreased

o v er 8%.

Incorp orating b oth of the k ey ideas, up to 25% im-

pro v emen t w as observ ed. If the system can predict

situations more accurately , one can exp ect further im-

pro v emen t. More accurate prediction is left for future

study .

Ac kno wledgemen t

This w ork w as supp orted b y Brain Korea 21 Pro ject.
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Abstract

This paper investigates the role of negative
selection in an artificial immune system (AIS)
for network intrusion detection. The work
focuses on the use of negative selection as a
network traffic anomaly detector. The results of
the negative selection algorithm experiments
show a severe scaling problem for handling real
network traffic data. The paper concludes by
suggesting that the most appropriate use of
negative selection in the AIS is as a filter for
invalid detectors, not the generation of
competent detectors.

1 INTRODUCTION

The biological immune system has been successful at
protecting the human body against a vast variety of
foreign pathogens (Tizard, 1995). A growing number of
computer scientists have carefully studied the success of
this competent natural mechanism and proposed computer
immune models for solving various problems including
fault diagnosis, virus detection, and mortgage fraud
detection (Dasgupta, 1998; Kephart et al,1995).

Among these various areas, intrusion detection is a
vigorous research area where the employment of an
artificial immune system (AIS) has been examined
(Dasgupta, 1998; Kim and Bentley, 1999b; Hofmeyr,
1999; Hofmeyr and Forrest, 2000; Forrest and Hofmeyr,
2000). The main goal of intrusion detection is to detect
unauthorised use, misuse and abuse of computer systems
by both system insiders and external intruders. Currently
many network-based intrusion detection systems (IDS’s)
have been developed using diverse approaches (Mykerjee
et al, 1994). Nevertheless, there still remain unresolved
problems to build an effective network-based IDS (Kim
and Bentley, 1999a). As one approach of providing the
solutions of these problems, previous work (Kim and
Bentley, 1999a) identified a set of general requirements
for a successful network-based IDS and three design goals

to satisfy these requirements: being distributed, self-
organising and lightweight. In addition, Kim and Bentley
(1999a) introduced a number of remarkable features of
human immune systems that satisfy these three design
goals. It is anticipated that the adoption of these features
should help the construction of an effective network-
based IDS.

An overall artificial immune model for network
intrusion detection presented in (Kim and Bentley, 1999b)
consists of three different evolutionary stages: negative
selection, clonal selection, and gene library evolution.
This model is not the first attempt to develop an AIS for
network intrusion detection. Various approaches to build
an AIS have been attempted mainly by implementing only
a small subset of overall human immune mechanisms
(Dasgupta, 1998). This is because the nature of human
immune systems is very complicated and sophisticated
and thus it is very difficult to implement perfect human
immune processes on a computer. However, as seen from
other immunology literature (Paul, 1993; Tizard, 1995),
an overall immune reaction is the carefully co-ordinated
result of numerous components such as cells, chemical
signals, enzyme, etc. Therefore, the omission of crucial
components in order to make the development of AIS
simpler and more applicable may detrimentally affect the
performance of an AIS. This implies that appropriate
artificial immune responses can be expected only if the
roles of crucial components of human immune systems
are correctly understood and they are implemented in the
right way.

In this paper, we continue our effort to understand the
roles of important components of artificial immune
systems especially for providing appropriate artificial
immune responses against network intrusions. Following
our previous work identifying three different evolutionary
stages: negative selection, clonal selection, and gene
library evolution, of AIS by extensive literature study
(Kim and Bentley, 1999a; 1999b), this paper focuses on
the investigation of the roles of first stage: negative
selection. With implementation details of this stage, this
work presents how and which aspects of negative



selection can contribute to the development of an
effective network-based IDS.

2 BACKGROUND

2.1 NEGATIVE SELECTION OF THE HUMAN
IMMUNE SYSTEM

An important feature of the human immune systems is its
ability to maintain diversity and generality. It is able to
detect a vast number of antigens with a smaller number of
antibodies. In order to make this possible, it is equipped
with several useful functions (Kim and Bentley, 1999a).
One such function is the development of mature
antibodies through the gene expression process. The
human immune system makes use of gene libraries in two
types of organs called the thymus and the bone marrow.
When a new antibody is generated, the gene segments of
different gene libraries are randomly selected and
concatenated in a random order, see figure 1. The main
idea of this gene expression mechanism is that a vast
number of new antibodies can be generated from new
combinations of gene segments in the gene libraries.

G ene L ibrary

A ntigen

A ntibody

Figure 1 Gene Expression Process

However, this mechanism introduces a critical problem.
The new antibody can bind not only to harmful antigens
but also to essential self cells. To help prevent such
serious damage, the human immune system employs
negative selection. This process eliminates immature
antibodies, which bind to self cells passing by the thymus
and the bone marrow. From newly generated antibodies,
only those which do not bind to any self cell are released
from the thymus and the bone marrow and distributed
throughout the whole human body to monitor other living
cells. Therefore, the negative selection stage of the human
immune system is important to assure that the generated
antibodies do not to attack self cells.

2.2 THE NEGATIVE SELECTION ALGORITHM

Forrest et al (1994; 1997) proposed and used a negative
selection algorithm for various anomaly detection
problems. This algorithm defines ‘self’ by building the
normal behaviour patterns of a monitored system. It
generates a number of random patterns that are compared

to each self pattern defined. If any randomly generated
pattern matches a self pattern, this pattern fails to become
a detector and thus it is removed. Otherwise, it becomes a
‘detector’ pattern and monitors subsequent profiled
patterns of the monitored system. During the monitoring
stage, if a ‘detector’ pattern matches any newly profiled
pattern, it is then considered that new anomaly must have
occurred in the monitored system.

This negative selection algorithm has been successfully
applied to detect computer viruses (Forrest et al., 1994),
tool breakage detection and time-series anomaly detection
(Dasgupta, 1998) and network intrusion detection
(Hofmeyr, 1999; Hofmeyr and Forrest, 2000; Forrest and
Hofmeyr, 2000). Besides these practical results,
D’haeseleer (1997) showed several advantages of
negative selection as a novel distributed anomaly
detection approach.

3 ALGORITHM OVERVIEW

This work used a negative selection algorithm to build an
anomaly detector. This was achieved by generating
detectors containing non-self patterns. The overview of
this algorithm is provided in figure 2 and 3. The negative
selection algorithm for network intrusion detection used
in this paper follows the algorithm of Forrest et al (1994,
1997), described in the previous section. ‘Self’ was built
by profiling the activities of each single network
connection. The detail of self profiling is described in the
next section.
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Figure 2 Detector Set Generation of
a Negative Selection Algorithm (Forrest et al, 1995)
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Figure 3 Non-Self Detection by a Detector Set

Even though this work follows the implementation details
of Forrest et al’s negative selection algorithm, there are
two implementation details different from Forrest et al
(1994, 1997). In the encoding of detectors, each gene of a



detector has an alphabet of cardinality 10 with values
from ‘0’ to ‘9’ and the allele of this gene indicates the
‘cluster number’ of corresponding field of profiles. As
presented in the next section, the self profile built from
the first data set has 33 fields and this number determines
the total number of corresponding genes in the detectors.
From these 33 fields, the values of 28 fields are
continuous and the values of the other 5 fields are
discrete. Specifically, the continuous values of 28 fields
show a wide range of values. In order to handle this
various and broad range of values, an overall range of real
values for each field is sorted. Then, this range is
discretised into a predefined number of clusters. The
lower bound and higher bound of each cluster are
determined by ensuring that each cluster contains the
same number of records. This modification is necessary in
order to save the length of encoded detector.

Furthermore, our implementation of measuring the
similarity between a generated detector and a self profile
is operated at the phenotype level while Forrest et al’s
(1994, 1997) is performed at the genotype level. In order
to measure the similarity between a given detector and a
self, the genotype of a detector is mapped onto a
phenotype. The phenotype mapped from the evolved
genotype is represented in a form of a detector pattern. As
shown in figure 5, a field of a detector phenotype is
represented by an interval having a lower bound and a
higher bound while a field of a self phenotype is
described by one specific value. Hence, the first step of
measuring the similarity checks whether a value of each
field of a self pattern belongs to a corresponding interval
of a detector phenotype. When any value of a self pattern
field is not included in its corresponding interval of a
detector phenotype, these two fields are not matched.
Similarly, for a nominal type of field, two fields match
when the values of fields are identical.

The final degree of similarity between a given detector
and self example follows the same matching function of
Forrest et al (1994), the r-contiguous matching function.
Thus, the degree of similarity is measured simply by
counting the matching corresponding fields. For instance,
if an activation threshold, r, is set as 2, the detector
phenotype and self phenotype in the figure 4 will match
since two contiguous fields, “Number of Packet” and
“Duration”, match and this number of contiguous
matching fields equals to the activation threshold.
However, if this threshold is set as 3, it is regarded that
two phenotypes do not match.

Detector Phenotype  =
     ( Number of Packet = [10, 26], Duration = [0.3, 0.85],
       Termination =  `half closed‘ , … etc)

Self Phenotype  =
    ( Number of Packet = 14, Duration = 0.37,
      Termination = `normal‘, ….etc)

Figure 4: A Detector Phenotype and a Self Phenotype

4 NETWORK TRAFFIC DATA VS
NETWORK INTRUSION SIGNATURE

The data chosen for this work was collected for a part of
the ‘Information Exploration Shootout’, which is a project
providing several data sets publicly available for
exploration, discovery and collecting the results of
participants1. The set used here was created by capturing
TCP packet headers that passed between the intra-LAN
and external networks as well as within the intra-LAN.
This set consists of five different data sets. The TCP
packet headers of the first set were collected when no
intrusion occurred and the other four sets were collected
when four different intrusions were simulated. These
intrusions are: IP spoofing attack, guessing rlogin or ftp
passwords, scanning attack and network hopping attack.
The details of attack signatures and attack points of the
four different attacks are not available.

The data originally had the fields of network packets
capturing tool’s format such as time stamp, source IP
address, source port, destination IP address, destination
port, etc. However, the primitive fields of captured
network packets were not enough to build a meaningful
profile. Consequently, it was essential to build a data-
profiling program to extract more meaningful fields,
which can distinguish “normal” and “abnormal”. Many
researchers have identified the security holes of TCP
protocols (Porras and Valdes, 1998; Lee, 1999) and so the
fields used by our profiles were selected based on the
extensive study of this research. They were usually
defined to describe the activities of each single
connection.

The automated profile program was developed to
extract the connection level information from TCP raw
packets and it was used to elicit the meaningful fields of
the first data set.

For each TCP connection, the following fields were
extracted:
�  Connection identifier: each connection is defined by

four fields, initiator address, initiator port, receiver
address and receiver port. Thus, these four fields are
included in the profile first in order to identify each
connection.

�  Known port vulnerabilities: many network intrusions
attack using various types of port vulnerabilities.
There are fields to indicate whether an initiator port
or a receiver port potentially holds these known
vulnerabilities.

�  3-way handshaking: TCP protocol uses 3-way
handshaking for a reliable communication. When
some network intrusions attack, they often violate the
3-way handshaking rule. Thus, there are fields to
check the occurrences of 3-way handshaking errors.

�  Traffic intensity: network activities can be observed
by measuring the intensity over one connection. For
example, number of packets and number of kilobytes

                                                          
1 Available at http://iris.cs.uml.edu:8080/ network.html.



for one specific connection can describe the normal
network activity of that connection.

Thus, in total, self profile fields had 33 different fields for
the data set. Even though the network profile fields were
extracted to describe a single connection activity, the data
used in this research was too limited to apply this initial
profile. The limit was that the data was collected for a
quite short time, around 15~20 minutes. During this brief
period, most different connections were established only
once. An insufficient quantity of data was collected to
build different connection profiles. Therefore, it was
necessary to group different connections into several
meaningful categories until each category had a sufficient
number of connections to build a profile. Consequently, a
total number of connections for each potential profile
category were counted.

First of all, the data was categorised into two different
groups: ‘inter-connection’ and ‘intra-connection’. Inter-
connection was the group of connections that were
established between internal hosts and external hosts, and
intra-connection was the group of connections that were
established between internal hosts. Furthermore, to
preserve anonymity, all internal hosts had a single fake
address ‘2’ and any extra information about external hosts
and network topology was not provided. Therefore, the
profiles according to specific hosts were insufficient.
Instead, in this research, only the profiles of specific ports
on any hosts were considered.

According to various possible categories, the
established connection number of each profile was
counted. From each case, apart from a profile class that
had more than 100 connections, other profile classes were
again grouped into other different classes until each class
had more than 100 connections. Finally, 13 different self
profiles were built. Their class names and the number of
established connections are shown in table 1.

In table1, the class column of inter-connection is
shown as: {(a,b),(c,d)}, where ‘a’ is an internal host, ‘b’ is
a internal port number, ‘c’ is a external host address and
‘d’ is an external port number. Hence, the connection is
established between (a,b) and (c, d). For the class column
of intra-connection, ‘a’ is an internal host address, ‘b’ is
an internal port number, ‘c’ is an internal host address and
‘d’ is an internal, port number. * indicates ‘any’ host
address and ‘any’ port number. In addition, “well-known”
shows the ports in the range 0 to 1023 are trusted ports.
These ports are restricted to the superuser: a program
must be running as root to listen to a connection. The port
numbers of commonly used IP services, such as ftp,
telnet, http, are fixed and belong to this range. But, many
common network services employ an authentication
procedure and intruders often use them to sniff
passwords. It is worthwhile to monitor these ports
separately from the other ports. Therefore, if the number
of connections for any profile category, which is based on
a specific port on any hosts, is not sufficient, these
categories are regrouped into two new classes, a “well-
known” port and a “not well-known” port.

Table 1: Self Profiles

Inter-connection

Class Number of

Connection

{(2, *), (*, 80)} 5292

{(2, *), (*, 53)} 919

{(2, *), (*, 113)} 255

{(2, *), (*, 25)} 192

{(2, *), (*, well-known)} 187

{(2, *), (*, not well-known)} 756

{(2, 53), (*, *)} 940

{(2, 25), (*, *)} 352

{(2, 113), (*, *)} 145

{(2, well-known), (*, *)} 114

{(2, not well-known), (*, *)} 6050

Intra-connection

{(2, *), (2, well-known)} 190

{(2, *), (2, not well-known)} 189

5 EXPERIMENT OBJECTIVE

Although previous work using a negative selection
algorithm for anomaly detection (Forrest et al 1994;
Dasgupta 1998; Hofmeyr, 1999) showed promising
results, there had been little effort to apply this algorithm
on vast amounts of data. One distinctive feature of a
network intrusion detection problem is that the size of
data, which defines “self” and “non-self”, is enormous. In
order for this algorithm to be adopted to a network-based
IDS, it is important to understand whether this algorithm
is capable of generating detectors in a reasonable
computing time. In addition, it is essential to examine
whether its tuning method, which derives an appropriate
number of detectors to gain a good non-self detection rate,
works when it is used on the huge size of real network
data. Therefore, a series of experiments were performed
to investigate these two significant features of the
negative selection algorithm.

6 DATA AND PARAMETER SETTING

6.1 SETTING

As presented in section 4, the data used in this work
produced thirteen different self profiles. From 13 different
self sets, one self set, {(2, *), (*, 25)} in table 1, which
has relatively smaller number of examples, 192, was
selected for the following experiments. From the total of
192 examples of the selected self profile, 154 examples
were used for generating detectors and 38 examples were



applied for testing generated detectors. In addition, the
detectors were tested on five different test sets. The first
four sets were collected when four different intrusions
were simulated (as explained in section 4) and the last set
was created by generating random strings. These five sets
have 273, 190, 1151, 273 and 500 examples respectively.

As described in section 3, the negative selection
algorithm used in this paper employed the r-contiguous
matching function. For the following experiments, its
matching threshold should be defined. In order to define
this number, the formulas to approximate the appropriate
number of detectors when a false negative error is fixed
(D’haeseleer, 1997; Forrest et al, 1994) were used. These
formulas are as follows (Forrest et al, 1994) :
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The selected self set, {(2, *), (*, 25)}in table 1, was used
for calculating rN and 

0r
N when fP is fixed. Table 2

shows calculated rN and 
0r

N using (3) and (4)  when

fP and r  have various values.

(D’haeseleer, 1997; Forrest, et al, 1994) showed that
the larger matching threshold drives the creation of less
general detectors and thus it requires a larger number of
detectors but a smaller number of detector generation
retrials. This is because less general detectors are easier to

avoid the matching a self profile.rN and 
0r

N in table 2

follows the same tendency.

Table 2 Number of required detectors, Nr and number of trials

to generate required number of detectors, Nr0
 when false

negative error, Pf, and the thresholdr  of r-contiguous matching
function are given. These numbers are calculated when a self

string length,    l = 33, an alphabet cardinality, m = 10 and the
number of self strings, SN  = 192.

r  = 3 r  = 4fP

rN
0r

N rN
0r

N

0.2 51 21953 535 955

0.1 73 31382 766 1366

0.05 95 40829 997 1777

0.01 146 62765 1532 2733

Even though this formula is clearly useful to predict
the appropriate number of detectors and its generation
number, its predicted number showed how infeasible this
approach is when it is applied on a more complicated but
more realistic search space. For instance, when the
expected false negative error rate is fixed as 20%, its
predicted detector generation trial number is 51 and the
appropriate number of generated detectors is 21935 for
the matching threshold is 3. Similarly, when we define the
matching threshold as 4, it predicted 535 for the former
and 955 for the latter. In addition, it was observed that
when we fixed the matching threshold number as four and
ran the system, the system could not manage to generate
any single valid detector after one day. None of these
cases seem to provide any feasible test case in terms of
computing time. This results certainly did not follow the
predicted detector generation trial number.

Thus, for the following experiments, we generated
valid detectors by setting a matching threshold number
that allowed a system to generate a valid detector in a
reasonable time. It was observed that the average time of
single successful detector generation took about 70sec
CPU time and the average number of trials to generate a
valid detector was 2~3 when a matching threshold was
nine. These results were gained after running the negative
selection algorithm for preliminary experiments. This
number is used as the matching threshold for the
following experiments. The details of these experiment
results are described in the next section.

7 EXPERIMENT RESULT

Five different sets of detectors were generated after the
AIS with the negative selection was run five times. Even
though the matching threshold, 9, gave reasonable
computing time to generate a valid detector, it requires a
large number of detectors to gain a good non-self



detection rate. After taking into account practically
reasonable time to generate a whole data set, up to 1000
valid detectors were generated per run. All experiments
were run on a PC with AMD K6-2 400Mhz processor and
128M RAM.

Table 4 Time is an avarage time of single detector generation
and Trial is an average trial number to generate a single detector.

The average values are followed by the standard deviations in
parentheses.

System
Run

Time (Sec) Detector
Generation

Trial
1 58.71(26.85) 2.80(2.16)
2 67.29(28.88) 2.21(1.65)
3 73.75(33.72) 2.81(2.22)
4 78.48(39.86) 3.12(2.69)
5 69.64(26.62) 2.72(2.07)

Average 71.81(32.75) 2.63(2.14)

Table 3 shows the average time of single successful
detector generation and the average number of trials to
generate a valid detector. Compared to the result when the
matching threshold is four, which did not generate any
single detector after 24 hours, these results certainly look
more applicable. We monitored five different non-self
sets and one previously unseen self sets after every 100
detector generation and the monitor results of five
different runs are shown in table 4. The overall non-self
detection rate was very poor: less than 16%. In particular,
the non-self detection rate for the last intrusion set, which
was artificially generated by random strings, is extremely
low and its maximum average non-self detection rate
reaches only 2.28%. In addition, its average false positive
detection rate, which is self detection rate by a detector
set, shows 12.63% and this rate is not hugely different
from the other four average non-self detection rates

except intrusion 5. This implies that the collected self and
non-self sets perhaps have some overlapping patterns
because they showed quite similar detection rates. Thus
generated detector sets completely failed to distinguish
the hidden self and non-self patterns.

These poor results were anticipated. This is because the
matching threshold was set in order to obtain a reasonable
detector generation time. If, for example, we wanted a
more usable 80% non-self detection rate, 643775165
detectors would be required (this number is also obtained
from equation 3). The largest size of a generated detector
set, 1000, was much smaller than this number and this
caused such poor results. In addition, each run already
took about 20 hours2 to generate 1000 detectors. If we
wished to generate 643775165 detectors, it would require
12517850.4 hours, or about 1,429 years on the same
computer. According to Moore's Law, the processing
speed of computers doubles every 18 months. We would
have to wait around 35 years before the average
processing speed of computers became fast enough to
generate these detectors in an hour - and this is for just
15~20 minutes of a tiny subset of the network traffic data.

8 ANALYSIS

In contrast to the promising results shown in Hofmeyr’s
negative selection algorithm for network intrusion
detection (Hofmeyr, 1999; Hofmeyr and Forrest, 2000),
the results of these experiments raise doubt whether this
algorithm should be used for network intrusion detection.
In order to answer this question, the negative selection
algorithm for network intrusion detection is analysed in
detail.

The main problem of the negative selection algorithm
is a severe scaling problem. Unlike previous work using

                                                          
2 Since it took, on average, 72 seconds to generate each detector, 72000
seconds were needed to produce 1000 detectors. 72000 seconds are 20
hours.

Table 3 The mean and variance values of intrusion and self detection rates when detector set size varies
The means values are followed by the variances in the parentheses.

Num. Of
Detectors

Intrusion1

(%)

Intrusion 2

(%)

Intrusion 3

(%)

Intrusion 4

(%)

Intrusion 5

(%)

Test Self Set

(%)

100 9.45(2.11) 10.11(8.50) 11.14(9.44) 10.62(4.03) 0.48(0.012) 7.89(17.31)

200 11.72(5.37) 11.58(13.71) 12.98(11.52) 12.89(10.43) 0.88(0.092) 9.47(36.70)

300 12.53(4.25) 11.89(13.24) 13.73(9.48) 13.63(9.15) 1(0.12) 10(29.08)

400 13.33(2.79) 12.32(11.30) 14.58(10.18) 14.36(6.87) 1.28(0.112) 10.53(31.16)

500 13.55(3.15) 12.74(13.63) 14.89(10.40) 14.51(7.35) 1.36(0.068) 11.05(25.62)

600 13.77(3.80) 13.16(11.91) 15.07(10.24) 14.65(8.12) 1.68(0.412) 11.58(29.78)

700 13.77(3.80) 13.16(11.91) 15.26(9.46) 14.65(8.12) 2.04(0.388) 11.58(29.78)

800 13.92(4.09) 13.26(11.27) 15.45(10.09) 14.80(8.22) 2.04(0.388) 11.58(29.78)

900 14.14(4.13) 13.47(10.47) 15.67(9.69) 15.02(8.52) 2.08(0.352) 12.63(46.40)

1000 14.21(4.32) 14.08(11.52) 15.90(8.71) 15.09(8.68) 2.28(0.312) 12.63(46.40)



the negative selection algorithm for anomaly detection,
here we apply a much larger “self” set to the negative
selection algorithm. The definition of larger “self” set was
essential to cover diverse types of network intrusions. For
instance, (Hofmeyr 1999; Hofmeyr and Forrest, 2000)
defines “self” as a set of normal pairwise connections
between computers. These include connections between
two computers in the LAN and between one computer in
the LAN and external computers. The connection between
computers is defined by “data-path-triple”: (the source IP
address, the destination IP address, the port called for this
connection). This self definition is chosen based on the
work by (Heberlein, et al, 1990). However, as other IDS
literature pointed out (Lee, 1999), this self definition is
very limited in order to detect various types of network
intrusions and it will certainly be impossible to detect
some intrusions that occur within a single normal
connection such as unauthorised access from a remote
machine.

However, as observed in section 4, when the self
definition widens, a binary string to encode a detector
lengthens. As the result of long length of binary detectors,
an appropriate number of detectors to gain an acceptable
false negative error becomes huge and thus requires an
unacceptably long computation time. Our previous
experiment results clearly show this problem.

It should be noted that Hofmeyr (1999) developed a
refined theory and multiple secondary representations and
these help to reduce the number of trials to generate
detectors on structured self as much as three orders
magnitude less. These methods made the distribution of a
self set clump and it resulted in the reduction of the
number of detector generation trials. However, the refined
theory and secondary representations add extra space and
computing time. More importantly, all of the suggested
secondary representations, such as pure permutation,
imperfect hashing and substring hashing, are matching
rules which check matching only on genotypes.
Unfortunately, matching rules that operate only at the
genotype level have a weakness to be applied for a
network intrusion detection problem. This deficiency can
be explained by unravelling the problem of r-contiguous
matching function.

We used the r-contiguous rule to check the match
between a given detector and antigen. The main purpose
of using it was in order to employ the formula to
approximate an appropriate number of detectors to gain a
certain non-self detection rate. However, the r-contiguous
matching rule is too simple to determine the matching
between rather complicated and high-dimensional
patterns. It has been already known that most rules to
represent intrusion signatures describe correlation among
significant network connection events and temporal co-
occurrences of events (Lee, 1999; Porras, 1998). Since the
r-contiguous bit matching only measures the contiguous
bits of genotypes of given two strings, it is hard to
guarantee that the r-contiguous bit matching can catch this
kind of correlation from given self and non-self patterns.
The wider range of self definition shown in section 4 is

also suggested in order to extract this type of correlation
from given self and non-self network traffic examples.

But, if any new matching function is employed,
D’haeseleer’s (1997) formula is no longer valid. There is
no way to tune the right number of detectors for negative
selection. Therefore, this difficulty may force the negative
selection algorithm to adopt an arbitrary number of
detectors and this may cause an unexpectedly low
detection accuracy or inefficient computation by
generating more than sufficient number of detectors. In
addition, D’haeseleer’s (1997) new detector generation
algorithms using a linear-time algorithm and a greedy
algorithm that guarantees a liner time of detector
generation is also not applicable when a different
matching function is used.

In summary, it is necessary to use a more sophisticated
matching function to determine the degree of correlation
among significant network connection events and
temporal co-occurrences of events. This requires deriving
a new way to tune an appropriate number of detectors,
which can be used for more sophisticated matching
function.

These drawbacks of the negative selection algorithm
made the AIS struggle to monitor vast amount of a
network self set despite its other important features3.
Consequently, the initial results of our experiments
motivated us to re-define the role of negative selection
stage within an overall network-based IDS and design a
more applicable negative selection algorithm, which
follows a newly defined role. As much of the other
immunology literature (Tizard, 1995) addresses that the
antigen detection powers of human antibodies rise from
the evolution of antibodies via a clonal selection stage.
While the negative selection algorithm allows the AIS to
be an invaluable anomaly detector, its infeasibility to be
applied on a real network environment is caused from
allocating a rather overambitious task to it. To be more
precise, the job of a negative selection stage should be
restricted to tackle a more modest task that is closer to the
role of negative selection of human immune system. That
is simply filtering the harmful antibodies rather than
generating competent ones. This view has been
corroborated by further work (Kim and Bentley, 2001)
which has recently shown how succesful the use of clonal
selection with a negative selection operator can be for this
type of problem.

                                                          
3 Hofmeyr and Forrest (2000)’s final system employs some other
extensions to support the operation of AIS under a real network
environment. Among them, affinity maturation and memory cell
generation follow the clonal selection concept and these provide
a kind of evolution of a detector set distributed on monitored
hosts. However, it still uses only the negative selection
algorithm to generate an initial detector set. Even though it may
conform to human immune systems more closely, this approach
could require excessive computation time to generate the initial
detector set, if a broader definition of self is used. In addition,
the usefulness of initial detectors is not proven before they are
distributed to other hosts. This may also cause a waste of other
computing resources.



9 CONCLUSIONS

This paper has investigated the role of negative selection
in an artificial immune system (AIS) for network
intrusion detection. The negative selection stage within
our AIS was implemented following the algorithm created
by Forrest et al (1994; 1997) and applied to real network
data. The experiments showed the infeasibility of this
algorithm for this application: the computation time
needed to generate a sufficient number of detectors is
completely impractical.

This result directs this research to re-define the role of
negative selection algorithm within our overall artificial
immune system framework. Current work is now
investigating the intrusion detection mechanism of the
clonal selection stage. A new understanding of the task of
the clonal selection stage has now resulted in the
development of a more appropriate use for negative
selection as an operator within a novel clonal selection
algorithm (Kim and Bentley, 2001).
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Abstract

This paper proposes a new RISC processor
for high speed execution of genetic algorithms
(GAs). The proposed RISC processor is designed
based on the DLX instruction set, and a set of
new instructions, which are effective to high-
speed execution of GAs, are added. Since a GA
is implemented as software on the proposed pro-
cessor, any type of GA can be realized. Using the
instruction set of the proposed processor, more
than 90 % reduction of the number of clocks to
execute GA operators such as 2-point crossover
can be achieved. The processor has been de-
signed with the Verilog Hardware Description
Language to be implemented as a VLSI chip with
a 0.35µm standard cell technology.

1 Introduction

Genetic algorithms (GAs)were invented by John Holland
in 1970s as search algorithms based on the mechanics of
natural selection and natural genetics [1]. GAs are known
to be robust and effective search algorithms for large-scale,
complex optimization problems, and many results on ap-
plications of GAs in various areas of engineering have been
reported.

However, the major drawback of GAs is their slow exe-
cution speed when they were implemented and executed
on a conventional computer. To overcome this drawback,
several approaches have been reported. Several authors
have proposed parallel GAs, which may be classiÞed into
three classes, namely, massively parallel GAs, parallel is-
land model GAs, and parallel hybrid GAs [6]. In general,
parallel processing of GAs achieves a good performance.
In addition, since parallel GAs are usually implemented as
software, it is easy to implement any kind of GAs. The
main disadvantage of parallel GAs is that it often requires

a large amount of computer resources.

Another common approach to high-speed execution of a
GA is to implement it as hardware. For example, Scottet
al. proposed a hardware-based GA, which was an imple-
mentation of a steady-state GA using Þeld programmable
gate arrays (FPGAs) [7]. Yoshidaet al. proposed a VLSI
for GA, which realizes coarse-grained parallel processing
of GA execution [12]. We have also proposed an LSI im-
plementation of adaptive GAs [11]. Implementation of
GAs as hardware generally achieves a very good perfor-
mance. The major disadvantage of this approach, however,
is the difÞculty to realize the programmability. In fact, in
most of hardware GAs, GA operators such as crossover and
mutation were Þxed in advance. To achieve a good perfor-
mance of GA execution, appropriate GA operators and GA
parameters should be selected and tuned for given prob-
lems.

In this paper, we propose a new RISC processor, whose
instruction set is tailored to the efÞcient execution of GAs
[4]. The proposed RISC processor is designed based on
the DLX instruction set [3], and we add several special
instructions, which are effective to high-speed execution
of GAs. Newly added instructions can be classiÞed into
three groups. The Þrst group consists of bit-oriented in-
structions, because GA operators such as crossover often
require bit-oriented operations. The second group consists
of instructions concerning with random numbers. Since a
GA frequently uses random numbers, the computation time
for generating a pseudo-random number has a heavy ef-
fect on the performance of GA execution. The proposed
processor has a pseudo-random number generation circuit,
and in each clock cycle, a pseudo-random number is gener-
ated. The processor has several instructions using random
numbers, which are very effective to shorten the computa-
tion time of selection, crossover, and mutation. Finally, the
third group of instructions added to the proposed proces-
sor consists of SIMD instructions, which are mainly used
to implement a crossover operation.



Since a GA is implemented as software on the proposed
processor, any kind of GA can be realized. Preliminary
experiments show that, using the instruction set of the pro-
posed processor, more than 90 % reduction of the number
of clocks to execute GA operators such as 2-point crossover
can be achieved. The processor has been designed with
the Verilog Hardware Description Language to be imple-
mented as a VLSI chip with a0.35µm standard cell tech-
nology.

This paper is organized as follows. Section 2 presents the
architecture and the instruction set of the proposed RISC
processor. Section 3 discusses the VLSI design and the
performance estimation on GA execution of the proposed
processor. Finally, in Section 4, we conclude this paper.

2 Processor Architecture

2.1 Genetic Algorithms

Genetic Algorithm (GA)is known to be a robust search al-
gorithm, which deals with the individuals (chromosomes)
of candidate solutions (population) encoded in the problem
independent representation [1]. During the genetic process,
new candidate solutions are composed by using the genetic
operators such as crossover and mutation. When solving
the speciÞc application by a GA, it is often necessary to
use complex representation of individual and genetic oper-
ators tailored to the problem to search solutions efÞciently.
Thus, programmability is indispensable when developing
general-purpose GA systems to solve optimization prob-
lems.

Programmability could be realized with either software or
programmable logic devices. For software implementation
of GAs, any kind of GAs could be programmed, but the
performance is restricted due to properties of GAs such as
frequent usage of bit operations and random number gen-
eration, which could not be efÞciently performed on the
ordinary processors. To realize programmability on the
hardware-based GAs, using programmable logic devices
such as Þeld programmable logic arrays (FPGAs) to con-
struct a GA engine is one solution, and several authors have
reported the implementation of GAs on general-purpose
FPGA-based systems [2]. The main disadvantage of this
approach is its large design time. Designing a GA on an
FPGA-based machine is more difÞcult than developing a
GA software on a general-purpose processor, since hard-
ware design includes not only coding with the hardware de-
scription language (HDL), but also placement and routing
under timing and hardware resource constraints. In addi-
tion, presently, the level of HDL coding is generally lower
than the level of programming with a high level program-
ming language such as C, although there has been much
effort to improve the productivity of HDL-based LSI de-

sign.

In this paper, to realize full programmability with high per-
formance of GA execution, we propose a new RISC pro-
cessor. Since any type of GA can be realized as software
on the proposed processor, full programmability is assured.
To achieve efÞcient execution of a GA, a special instruction
set is devised.

2.2 Properties of a GA

To develop a processor tailored for executing a GA efÞ-
ciently, Þrst, we summarize the general properties of GAs.
That is, we discuss what types of operations are frequently
used in executing a GA.

1. Bit-oriented operations

A GA generally requires not only normal word-
oriented operations like AND, ADD, etc, but also a
number of bit-oriented operations, that is, operations
are applied not only to a whole memory word, but
also to a part of a word. For example, when a chro-
mosome consists ofn bits, and a 2-point crossover is
executed, each of parent chromosomes is divided into
three parts, and the middle ones are exchanged. Cut
points are normally speciÞed as bit positions.

2. Random numbers

A GA frequently uses random numbers in various
stages of the algorithm execution such as crossover,
mutation, and selection. Since pure random number
generation is hard to realize, pseudo-random num-
bers are generally used, which are generated with
some pseudo-random number generators. Meysen-
burg and Foster showed that the quality of pseudo-
random number generation has little effect on the per-
formance of a simple genetic algorithm [5]. This
means that it is not necessary to adopt high-quality,
complex, time-consuming random number generating
methods for GAs.

3. SIMD operations

A set of chromosomes forms a population, and it is
often the case that the same operation is applied to all
chromosomes in a population. Those operations could
be regarded as SIMD (single instruction multiple data)
operations.

When a GA is implemented as software on a general-
purpose processor such as Pentium-III, UltraSPARC, etc.,
due to the properties listed above, we would face some
difÞculties to implement a GA efÞciently. First, since
general-purpose processors were normally designed for



word-oriented operations, it is inefÞcient to realize bit-
oriented operations.

Second, in the usual software implementation of a GA,
a random number is generated with some pseudo-random
number generation algorithm. A pseudo-random number
generation algorithm is implemented with, at least, 10 in-
structions, and normally, more than 50 instructions. Since
a GA frequently requires random numbers in its execution,
we cannot neglect the performance overhead of random
number generation.

Third, although some GA operations such as crossover
could be realized as SIMD instructions, a general-purpose
processor does not support any SIMD instructions.

2.3 Instruction Set

From the observations described in the previous subsection,
an instruction set of the proposed processor was designed
so that a GA can be implemented as software to realize the
high-speed execution of it. Since instructions which ordi-
nary general-purpose processors supported such as arith-
metic and logical instructions, load/store instructions, and
so on, are also required in the proposed processor, we adopt
the DLX architecture, proposed in [3], as a base architec-
ture, and all DLX instructions except ßoating point arith-
metic ones are also supported in the proposed processor.
Floating point arithmetic instructions will require a large
amount of hardware resources, and since we have a restric-
tion that the processor will be implemented on a CMOS
standard cell with4.9 � 4.9mm 2 chip area, we have to ex-
clude them. In addition to the original DLX instruction set,
we add a set of 27 new instructions tailored to execute a
GA efÞciently. Those instructions are classiÞed into three
categories listed below. Table 1 summarizes those new in-
structions. Due to the lack of space, only a few instructions
in each categories are actually explained.

1. Bit-oriented instructions

In this category of instructions, only a speciÞed part of a
word is treated as an operand. In this category, there are
16 instructions consisting of arithmetic, logical, and move
instructions. Examples are shown below:

MOVB [rs][rd][ra][rb][rc]

This instruction moves some bits in the source register to
the destination register. That is,

rs[ra:ra+rc-1] � rd[rb:rb+rc-1].

ANDB [rs][rd][ra][rb][rc]

This instruction performs AND for the speciÞed bits in the
source and destination registers. That is,

rs[ra:ra+rc-1] � rs[ra:ra+rc-1] and rd[ra:ra+rc-1].

2. RNG related instructions.

This category includes 5 instructions related with the ran-
dom number generation (RNG). As explained in the next
subsection, the proposed processor has a pseudo-random
number generator, which generates a 96-bit pseudo-random
number in each clock cycle.

RSTRNG [ra][rb][rc]

This instruction initializes the random number generator by
setting a number stored in registersra, rb, and rc as its
initial value.

SRNI [rs][imd]

This instruction sets a random number to registerrs, whose
range is[0 . . . imd-1].

3. SIMD instructions

This category of instructions contains 4 SIMD instructions.

RR [rs1][rs2][imd]

This instruction rotates registersrs1 and rs2 simultane-
ously in the right direction withimd bits.

The original DLX architecture has three instruction for-
mats, denoted I-type, R-type, and J-type. To implement
the new instructions described above, we add three new
instruction formats, called IÕ-type, RÕ-type, and RÓ-type,
shown in Figure 1.

6 5 5 16

opcode rs1 rs2 imd
load/store for byte, half-word, word 
immediate operation

6 5 5 11

opcode rs1 rs2 function
5

rs3
register-register operation
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6 5 5
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6 5 511

opcode rs1 imd2
set_rand_bits

IÕ-type
5

imd1

6 5 5

opcode rs1 rs2
5

i3
5

i4
5

i5
1

immediate bit operation
dRÕÕ-type

Figure 1: Instruction formats.



Table 1: DLX-GA new instruction set.
Mnemonic Explanation
Bit-oriented instructions Operate on only a speci�ed part of a word
XCB, XCBI Exchange bits, exchange bits immediate
CMPB, CMPBI Compare bits, compare bits immediate; the least

signiÞcant 1 bit speciÞes the destination register
among R29 and R30

MOVB, MOVBI Move bits, move bits immediate
XTRCB, XTRCBI Extract bits, extract bits immediate
NOTB, NOTBI Not bits, not bits immediate
ANDB, ANDBI And bits, and bits immediate
ORB, ORBI Or bits, or bits immediate
XORB, XORBI Exclusive or bits, exclusive or bits immediate
RNG related instructions Generate various random numbers using the

random number generator (RNG)
RSTRNG Reset the random number generator
SRN, SRNI Set random number, set random number immediate
SRB Set random bit
SRBS Set random bits
SIMD instructions Perform the same operation on two operands
RL Rotate in the left direction
RR Rotate in the right direction
XCRL Exchange and rotate in the left direction
XCRR Exchange and rotate in the right direction
Interrupt related instructions Control the interrupt
RFI Return from interrupt
SIEF Set interrupt enable ßag

2.4 GA-oriented RISC Architecture

Figure 2 shows the overall architecture of the proposed
RISC processor, called DLX-GA. SpeciÞcations of the
DLX-GA processor are given in Table 2.

DLX-GA is a 32-bit RISC processor. As mentioned, DLX-
GA is designed based on the DLX processor [3], and hence
most of the characteristics of DLX-GA is the same as DLX.
DLX-GA has a uniform 32-bit instruction format, and a
load/store architecture. We adopt the Harvard architecture,
and the instruction memory bus and the data memory bus
are separated. There is an on-chip instruction cache, but
no data cache due to the restriction of hardware resources.
The register Þle implements general-purpose registers with
32 words of 32 bits.

The datapath of DLX-GA is embedded in a 6-stage pipeline
consisting of an instruction fetch stage, an instruction de-
code stage, two execution stages, a memory access stage,
and a write-back stage. To implement SIMD instructions,
two ALUs are equipped. Furthermore, a pseudo-random
number generator (RNG) based on a cellular automaton
based algorithm [8] is included in the datapath. This RNG
generates a 96-bit pseudo random number in each clock cy-
cle. The generated number is them multiplied with a con-
stant given by the instruction to produce a random number
within the speciÞed range. As noted before, the quality of
random number generations will merely effect on the GA

performance [5], and hence a pseudo-random number gen-
erator (RNG) based on cellular automaton is sufÞcient to
generate random numbers for GA execution. In fact, we
have compared extensively our random number generator
with the standard pseudo-random number generation algo-
rithm written in C, and there was no evidence that the latter
was statistically better than the former when each was used
in a GA implementation.

Interrupt handling is also supported in the processor. When
accepting an interrupt from outside of the processor, the
processor starts an interrupt handling routine. With the in-
terrupt mechanism, it is possible to construct a parallel GA
system by connecting several DLX-GA processors.

3 VLSI Implementation and Performance
Estimation

3.1 VLSI Implementation

The DLX-GA processor will be fabricated as a standard
cell LSI with a 0.35µm 3 metal layer CMOS technology,
which will be fabricated by Rohm Corporation by July
2001.

The DLX-GA chip was Þrstly designed in the hardware de-
scription language Verilog-HDL [10] on register transfer
level (RTL). Each pipeline stage of the DLX-GA was de-
signed as a module. In addition to these modules, there are
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Table 2: SpeciÞcations of DLX-GA.

Instruction memory address bus 15 bits
Instruction memory data bus 32 bits
Data memory address bus 22 bits
Data memory data bus 32 bits
Instruction cache direct mapping, 512 lines
Register Þle 32 bits� 32 words
Interrupt 2 level
Clock 100 MHz

some submodules and some sub-submodules. For instance,
the ID stage includes a register Þle and a forwarding con-
troller as its internal submodules, and the EX stage has two
ALUs and the RNG as its internal submodules. Each ALU
has a bit-oriented operation module, a shift operation mod-
ule and an ordinary arithmetic and logic operation module
as its internal submodules.

After HDL coding of modules, each module of the DLX-
GA was simulated separately on the functional level with
CadenceÕs Verilog-XL simulator. After this initial veriÞca-
tion, several modules were combined to a larger unit and
simulated again. Finally, simulation of the complete DLX-
GA was carried out. Several test programs were developed
with a DLX-GA assembler which we have developed, and
simulated on the whole HDL description of the DLX-GA.

The veriÞed Verilog description on register transfer level
was fed to SynopsysÕ Design Compiler to synthesize a gate
level circuit. We use a CMOS 0.35µm standard cell library
for the synthetic cells and make use of 5 8-bit 512-word
memory macro cells to compose the 40-bit 512-word in-
struction cache. To obtain good synthesis results, modules

containing more than 20,000 gates were synthesized sepa-
rately. Finally, all of the hierarchy of the HDL description
of the DLX-GA were removed, and the whole circuit was
synthesized as a ßat structure.

Table 3: Synthesis result of DLX-GA.

Number of cells 20,401
Number of nets 20,507
Number of FFs 2,074
Combinational area 32,708
Noncombinational area 14,527
Total area 47,512
Critical path [ns] 9.25

Table 3 shows the synthesis result of the DLX-GA chip
except for the memory macro cells. Table 4 shows the syn-
thesis result of each pipeline stage. Here, EX1 stage and
EX2 stage were synthesized together. A cell in these tables
means a basic gate such as AND gate, OR gate, a com-
pound gate such as AND-OR-INV, and a latch such as D-
FF. And a unit area is corresponding to a 2-input NAND



Table 4: Synthesis result of each pipeline stage.

Pipeline stage IF ID EX1+EX2 MEM WB
Number of cells 717 6,659 12,680 297 133
Number of nets 895 6,873 13,246 446 206
Number of FFs 164 1291 525 117 64
Combinational area 894 12,894 22,026 283 93
Noncombinational area 1,164 9,164 3,731 856 469
Total area 2,070 22,168 25,931 1,144 565
Critical path [ns] 8.59 4.13 9.05 8.97 1.05

gate. From Table 3, the whole circuit except the memory
macro cells consists of around 20,000 standard cells, which
is roughly equivalent to 48,000 2-input NAND gates, and
is 1.6 times larger than the original DLX processor. From
Table 4, the critical path of EX1+EX2 is 9.05ns and is
roughly the same as that of IF and MEM. This is due to
the division of the EX stage of the original DLX pipeline
into two stages. Therefore, the two EX stages (EX1+EX2),
which perform several complex operations (e.g., the bit-
oriented operations), does not become a bottleneck in the
6-stage pipeline of the DLX-GA.

The layout of the DLX-GA was carried out with Avant!Õs
ApolloXO layout tool. Starting from the ßoorplan, the
placement and routing were controlled by the timing con-
straints (e.g., target clock frequency). The placement was
executed by employing ApolloXOÕs static timing analysis
engine. After the placement, clock tree synthesis was car-
ried out.

The chip image of the DLX-GA is shown in Figure 3. The
chip size is4.9� 4.9 mm2. Standard cell logic was placed
in the middle of the chip and memory macro cells were
placed on the boundary of the chip because it was prohib-
ited to route signal wires over memory macro cells.

Figure 3: Chip image.

After the placement and routing, using back-annotated de-
lay data in the Standard Delay Format (SDF), static timing
analysis was carried out on SynopsysÕ Design Compiler.
Similarly, using SDF, post-layout simulation was also car-
ried out. These veriÞcations proved that the timing was met
to the given constraint.

3.2 Performance Evaluation

In this subsection, we show how much effective the pro-
posed instruction set of the DLX-GA is. We wrote two
typical GA functions with theC language, one of which
is the typical 2-point crossover, and the other is the swap
mutation for the traveling salesman problem. Then, two
source programs were compiled with the GNU C Compiler
(gcc) to obtain the assembly codes of the DLX processor.
For the proposed DLX-GA processor, since no compiler
was currently available, we got the assembly codes from
the DLX assembly codes by rewriting the assembly codes
by hand, and translating them to the machine codes by us-
ing the DLX-GA assembler. Then, we compare the num-
ber of clocks to execute the respective programs. Table 5
shows the results. From the table, the proposed processor
achieved more than 90% reduction of the number of clocks.
Figure 4 shows the assembly codes of two processors for
2-point crossover. Note that, even the codes for the DLX
processor were produced by the compiler, we have checked
that it was very hard to shorten the codes by hand.

Table 5: Comparison of DLX with DLX-GA.

processor 2-point crossover swap mutation
DLX 138 75
DLX-GA 11 7

Next, we observed the percentage of CPU time of selection,
crossover, mutation, evaluation, and random number gen-
eration in the total CPU time when executing the simple
genetic algorithm (SGA) [9]. Table 6 shows the simula-
tion condition and Table 7 shows the result. In this table,
problem 1 is the maximization of functionx 10 and prob-



      lw      r3,-16(r30)
      lw      r4,-20(r30)
      sub     r4,r4,r3
      lw      r5,-24(r30)
      multi   r3,r3,r5
      multi   r4,r4,r5
      lw      r1,-8(r30)
      lw      r2,-12(r30)
      move_bits   r1,r2,r3,r3,r4
      sw      -8(r30),r1
      sw      -12(r30),r2

(b) 2-point crossover with
the new instruction set.

L2_LF0:
      lw      r1,-32(r30)
      lw      r2,-36(r30)
      slt     r1,r1,r2
      bnez    r1,L5_LF0
      j       L3_LF0
L5_LF0:
      lw      r1,-32(r30)
      snei    r2,r1,#0
      beqz    r2,L6_LF0
      lw      r1,-20(r30)
      slli    r2,r1,#0x4
      sw      -20(r30),r2
L6_LF0:
      lw      r1,-20(r30)
      addi    r2,r1,#15
      sw      -20(r30),r2

L4_LF0:
      lw      r2,-32(r30)
      addi    r1,r2,#1
      add     r2,r0,r1
      sw      -32(r30),r2
      j       L2_LF0
L3_LF0:
      nop
      lw      r1,-36(r30)
      sw      -32(r30),r1
L7_LF0:
      lw      r1,-32(r30)
      lw      r2,-40(r30)
      slt     r1,r1,r2
      bnez    r1,L10_LF0
      j       L8_LF0

L12_LF0:
      lw      r1,-12(r30)
      lw      r2,-20(r30)
      and     r1,r1,r2
      lw      r3,-20(r30)
      sub     r2,r0,r3
      subi    r2,r2,#1
      lw      r3,-16(r30)
      and     r2,r2,r3
      or      r1,r1,r2
      sw      -24(r30),r1
      lw      r1,-16(r30)
      lw      r2,-20(r30)
      and     r1,r1,r2
      lw      r3,-20(r30)
      sub     r2,r0,r3
      subi    r2,r2,#1
      lw      r3,-12(r30)
      and     r2,r2,r3
      or      r1,r1,r2
      sw      -28(r30),r1

L11_LF0:
      lw      r1,-32(r30)
      lw      r2,-44(r30)
      slt     r1,r1,r2
      bnez    r1,L14_LF0
      j       L12_LF0
L14_LF0:
      lw      r1,-20(r30)
      slli    r2,r1,#0x4
      sw      -20(r30),r2
      lw      r1,-20(r30)
      addi    r2,r1,#15
      sw      -20(r30),r2
L13_LF0:
      lw      r2,-32(r30)
      addi    r1,r2,#1
      add     r2,r0,r1
      sw      -32(r30),r2
      j       L11_LF0

L10_LF0:
      lw      r1,-20(r30)
      slli    r2,r1,#0x1
      sw      -20(r30),r2
L9_LF0:
      lw      r2,-32(r30)
      addi    r1,r2,#1
      add     r2,r0,r1
      sw      -32(r30),r2
      j       L7_LF0
L8_LF0:
      nop
      lw      r1,-40(r30)
      sw      -32(r30),r1

(a) 2-point crossover with the DLX instruction set.

Figure 4: Assembly codes of 2-point crossover.

lem 2 is the maximization of 32-dimensional vector length.
From Table 7, the CPU time of the random number gen-
eration (rng) occupied more than 50% in the total CPU
time. Normally, on a general-purpose processor, a pseudo-
random number generation algorithm is implemented with
more than 50 instructions, but on the DLX-GA processor,
a pseudo-random number can be generated with only 1 in-
struction. Therefore, the RNG related instructions of the
DLX-GA vastly contribute the performance improvement
of GA execution.

Table 6: Simulation condition.

Number of generations 100
Number of chromosomes 100
Chromosome length 100 bits
Crossover probability 0.6
Mutation probability 0.01
Selection operator roulette selection
Crossover operator 1-point crossover
Mutation operator point mutation

Table 7: Percentage of each genetic operation.

problem selection crossover + evaluation rng
mutation

1 10.8 13.6 19.4 56.2
2 11.3 15.7 20.5 52.5

Next, as a more practical case, we compared the execution
time of two simple GA programs, one of which is com-
posed of the DLX instructions only and the other is com-
posed of the DLX and DLX-GA instructions. Simulation
was done to execute both programs on the DLX-GA pro-

cessor. The objective of the problem is to set all bits in a
chromosome to 1. GA parameters are shown in Table 8.
Table 9 shows the result. From Table 9, the DLX-GA was
about 3 times faster than the DLX.

Table 8: Parameter setting.

Number of generations 64
Number of chromosomes 64
Chromosome length 64 bits
Crossover probability 0.6
Mutation probability 0.01
Selection operator roulette selection
Crossover operator 1-point crossover
Mutation operator point mutation

Table 9: Simulation result.

processor average Þtness computation time [ms]
DLX 50.0 1029.48
DLX-GA 50.3 355.73

Now, we consider, in this case, why the DLX-GA is 3 times
faster than the DLX. Compared to the DLX, for the DLX-
GA, the time required for crossover and mutation was re-
duced roughly from 15% to 1% by using the bit-oriented
operations and the SIMD operations, and the time of ran-
dom number generation was reduced roughly from 55% to
1% by using the RNG related operations. Therefore, the
time required for the GA execution on the DLX-GA was
reduced to 32% of whole execution time of the DLX. This
is the reason why the DLX-GA is 3 times faster than the
DLX.



4 Conclusion

In this paper, we have proposed a new RISC architec-
ture for high-speed execution of genetic algorithms. The
proposed processor supports several types of instructions,
which were devised to execute GA programs efÞciently.
Simulation experiments show that the proposed processor
will be very effective to execute a GA program with a short
computation time. The LSI design of the proposed pro-
cessor has been completed, and the new processor will be
fabricated as a standard cell LSI with a CMOS0.35µm
technology by July, 2001. Software environment such as
a C compiler of the proposed processor is under the de-
velopment. After fabricating the processor as an LSI chip,
we will develop a general-purpose GA board, which con-
sists of a DLX-GA chip, memory, and peripheral circuits
to evaluate the DLX-GA processor in the real world appli-
cations. We also have a plan to realize a parallel GA sys-
tem, which consists of a few tens of the above mentioned
general-purpose GA board.
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Abstract
A novel methodology for development of soft
sensors based on sensitivity analysis and
function generation by genetic programming is
proposed. The main advantages of this type of
soft sensor are their good generalization
capabilities, explicit input/output relationships,
and low implementation and maintenance cost.
An example of a soft sensor generated by genetic
programming in an industrial application in The
Dow Chemical Company is given.

1 INTRODUCTION
Inferential sensing, also called soft sensing, involves the
use of readily available process measurements to infer
process state and product quality variables that are
difficult to measure on-line (composition, melt index,
molecular distribution, etc.). The foundation of building
soft sensors is the assumption that these variables have a
functional relationship with the measured process
variables. Since this functional relationship is usually
nonlinear, the neural network approach is a convenient
choice for modeling. The common methodology of
building a neural net soft sensor and the practical issues of
its implementation are discussed in detail in [Qin, 1996].
Neural net based soft sensor technology is in its mature
state with thousands of successful applications worldwide
in all areas of manufacturing [Neelakantan and Guiver,
1998]. However, several performance and long-term
operation issues had appeared, along with the benefits that
soft sensors have shown in these applications.  Most of
the problems are related to some limitations that are
typical for soft sensors based on neural nets. As it is well
known, neural nets are universal approximators but
usually have poor generalization capability outside the
range of training data (Haykin, 1998). The result of this
property is very poor performance of the soft sensor and
unreliable prediction of the inferred value in new
operating conditions. This problem can be avoided to
some extent if the neural net has confidence limits that
indicate the validity of model predictions. Another
drawback of soft sensors based on back propagation
neural nets is their complexity. Selection of the neural net
structure is still an ad hoc process and very often leads to
inefficient and complex solutions. This “fat”

dimensionality significantly reduces the robustness of soft
sensors. Of special importance is the selection of only
those inputs that have a major influence on the inferred
variable. In order to achieve proper input selection we
need a sensitivity analysis of the influence of each input
on the output. This type of analysis is very difficult to
perform by the existing classical back-propagation neural
nets. As a result of this non-efficient structure and
reduced robustness there is a necessity of frequent re-
training. The final effect of all of these problems is an
increased maintenance cost and gradually decreased
performance and credibility.

In order to improve soft sensor performance, to shorten its
development time, and to minimize maintenance, a new
hybrid intelligent system methodology was developed in
The Dow Chemical Company. It is based on the use of
different intelligent system components (analytic neural
nets, genetic programming, support vector machines, etc.)
during the development. Part of this methodology is based
on genetic programming (GP) [Koza, 1992, Banzhaf et
al,1998]. The development  issues of inferential
estimation models based on GP is discussed in [Willis et
al, 1997, McKay et al, 1997]. Three cases (vacuum
distillation column, continuous stirred tank reactor, and
twin screw cooking extruder) were used to investigate the
utility of this approach. The results revealed that in each
case the GP algorithm generates an accurate nonlinear
empirical model. Moreover, in all of the examples, the GP
algorithm was able to discriminate between relevant and
irrelevant inputs, evolving parsimonious system
presentations. These initial encouraging results based on
model simulations are a good starting point for real-world
industrial applications of soft sensors based on GP.

In this paper, the implementation issues for development
of industrial soft sensors generated by GP are presented.
The main steps of a hybrid intelligent system
methodology for robust soft sensors are discussed in
Section 2 with emphasis on GP-related phases. Section 3
presents the results from a successful application of a GP
soft sensor in a chemical reactor. The conclusions are
summarized in Section 4.



2 A METHODOLOGY FOR
DEVELOPMENT OF GP-
GENERATED SOFT SENSORS

With the expanding research in the area of evolutionary
algorithms and continuously increasing computational
power of PCs, genetic programming is beginning to grab
the attention of industry. Of special importance to
industry are the following unique features of GP:
�  no a priori modeling assumptions
�  derivative-free optimization
�  few design parameters
�  natural selection of the most important process inputs
�  parsimonious analytical functions as a final result.

The last feature has double benefit. From one side, a
simple soft sensor often has better generalization
capability, increased robustness, and needs less frequent
re-training. From the other side, process engineers and
developers prefer to use non-black box empirical models
and are much more open to take the risk to implement
inferential sensors based on functional relationships.  An
additional advantage is the low implementation cost of
such type of soft sensors. It can be applied directly into
the existing Distributed Control Systems (DCS) avoiding
additional specialized software packages, typical for
neural net-based inferential sensors.

At the same time there are still significant challenges in
implementing industrial soft sensors generated by GP:
function generation with noisy industrial data [Lee and
Wang, 1995], dealing with time delays, sensitivity
analysis of large data sets [Gilbert et al, 1998], to name a
few. Of special importance is the main drawback of GP –
the slow speed of model development due to the inherent
high computational requirements of this method. For real
industrial applications the calculation time is in order of
days or even weeks, even with the current high-end PCs.

These problems inherent to GP can be partially overcome
by integration with other approaches in soft sensor
development. For example, support vector machines can
detect outliers and compress the data set only with the
most informative data [Vapnik, 1998], time delays can be
“absorbed”  by convolution functions tuned by neural
networks [Tank and Hopfield, 1987], operating regime-
related data can be identified by principle component
analysis, etc. The objective of the integration is to supply
GP with clean, informative and parsimonious data sets. In
this way all the advantages of GP are enhanced and its
drawbacks are reduced.

The pre-GP steps of the hybrid intelligent systems
methodology for soft sensor development are the
following:

Step 1: Representative data collection

A representative data set of a broad range of potential
inputs to the soft sensor is collected with an appropriate
sampling time. The average size of this initial data set for
an industrial soft sensor application is of several dozens
of inputs and several thousands data vectors and could be
a challenge if applied directly to GP.

Step 2: Data preprocessing and classification

This step includes all necessary actions to assess data
quality, fill data gaps, perform data transforms if
necessary, etc. In case of multiple product type
manufacturing with several operating regimes it is
necessary to classify the data to the appropriate operating
conditions. Of special importance to data cleaning is the
reliable detection of all outliers. A new very effective
approach  for outlier elimination is the � -insensitive
support vector machine for regression [Vapnik, 1998]. By
selecting a proper kernel and a width of the � -insensitive
zone one has explicit control over the threshold of outliers
detection and model complexity. The final result of this
step is a clean, condensed and informational rich data set.

Step 3: Neural net sensitivity analysis of all possible
inputs

Even a condensed data set of tens of inputs and thousands
of observations is a challenge for effective GP-model
generation. In order to reduce the search space for GP and
computational effort, a preliminary sensitivity analysis of
all possible inputs is performed. The sensitivity analysis is
based on stacked analytic neural nets (Smits, 1993).
Typically thirty stacked neural nets are used to improve
generalization and estimate confidence limits. This step
begins with the most complex structure of all possible
inputs. During the sensitivity analysis the initial complex
structure is gradually reduced by decreasing the number
of inputs. The sensitivity of each structure is the average
of the calculated derivatives on every one of the stacked
neural nets. The procedure performs automatic
elimination of the least significant inputs and generates a
matrix of input sensitivity vs. input elimination. This
matrix is the basis for selection of the most influential
inputs for the final nonlinear sensitivity analysis by GP.

Step 4: Convolution parameters’ estimation

This step is necessary when we have to deal with time
delays. The classical approach to handle time series by
neural nets is to add additional inputs for the previous
time steps. Unfortunately, this technique increases the
dimensionality of the neural net significantly. For
example, if one has a problem with five inputs and one
wants to use the current input plus the inputs from five
previous time-steps as inputs to the network, then one
needs a network with 30 inputs as opposed to the original
five. This increase in the dimensionality of the input
vectors has a large impact on the number of required data
points for a proper model identification. The problem is
even bigger in the case of GP modeling. Therefore, it
would be desirable to include information from previous
time-steps without increasing the dimensionality of the
input to the network. This can be achieved by performing
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