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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
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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
f‘isgure 1. The error signal between the real output and the
stimated output is used to update the model parameters.

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

Figure 1: System identification scheme.



3 FCS AND GP ON IDENTIFICATION work have been used in order to design our FCS approach
PROBLEMS 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
3.1 FCS-BASED IDENTIFICATION of the system. Our identification scheme based on FCS is
MECHANISM shown in the figure 2.

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

Figure 2: Our identification scheme based on FCS

In this design, we suppose that both the generic structufghis procedure is repeated until that the identification
of the fuzzy rules and the membership functions of theverage error reaches a minimum value given by the user
fuzzy sets are known. Then, the FCS only finds the besir a maximum number of iterations have been
instances of this generic structure. accomplished.

3.1.1 Algorithm of the FCS. 3.1.2 The identification error calculation

For each training pattern, according to the historical datdhe equation (1) is used to calculate the identification
of the system and a population ‘af’ fuzzy rules, we error associated to each pattern. The average error for all
follow the next steps: training patterns is given by the equation (2).

1. Compute the activation grade of each rule.

er = |(Ys- Ya)/Ys 1

2. Compute the credit of each activated rule. 105 - yallyd @
3. Defuzzification of the output fuzzy set obtained by m

the fuzzy inference mechanism. ep= ix er/m (2)

4. Compute the identification errer.

5. Compute the average errep, when all patterns have whereys is the output of real systeryyis the output of the
been processed. fuzzy model andn is the number of patterns.

6. If average error is bigger than the error limit given by _ . I
the user, then the FCS uses the adaptive mechanistnl-3 ~ The fitness function definition.

based on GAs. The credit value of each fuzzy rule is computed based on

6.1 Choose the parents (rules with high the fitness function given by the equation (3):
credit value).

=Q. - (t)* A
6.2 Apply the genetic operators (mutation SE=SO+Ac” yiea )

and crossover).

whereS§ (t) is the credit value of the fuzzy rulat time t,
Act (t) is the activation grade of the fuzzy rulat time t,

ea is the absolute erroreé=ysyq) and vy, 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

6.3 Replace the olds individuals for the new
individuals, according to some
replacement mechanism.
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given by the fuzzy model. So, a good credit value idn our model, the terminal set of each node has input
obtained for those rules which give a minor identificationvariables, constants or outputs from some precedent
error. equations. In the figure 4.b is shown an analysis tree for
T3, wherelnly In2 are input values of the probleily
T2 are the outputs of these equations, which precede T3
(see figure 4.a). This model is easy to implement in GP,
Each rule is codified as a vector of finite length, as it ighrough the utilization of the ADF (Automatic Definition
shown in the figure 3. 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
|V81 |CD1 | | Ve |CD3 |VS | CDs | functions, or by the main procedure, during the evolution.
Figure 3: Codification of a rule as an individual In our case, the MIP_model defines the relationship
among the functions. The population evolution follows
the next algorithm:

3.1.4 The adaptive mechanism

where Ve is the input variable i, Ghs the fuzzy set of
the input variable Vie Vs is the output variable and CDs ) . o
is thle ?Szzvy slet of tr;z outlput varigbrl)g Vvs. ! 1. Define a given MIP model for the individuals.
Generate, randomly, a population of individuals. Each
one of the individuals is defined by a set of analysis

trees according to the MIP model.

In this work, we propose a set of changes into the fuzzg'
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]. AB. Evaluate each individual in order to determine its

the end, the new population is composednek rules performance. The evaluation function is the average
(individuals), wheren is the number of rules of the error between the historical output of the system and
previous population anklis the number of new rules. In the output of the identification model (individual).
order to haven rules, we must eliminate k rules. We 4, select the parents (individuals with the smallest
eliminate a rule according to its probability of average error).

elimination, given by the equation (4): 5. Apply the genetic operators to these parents in order to

. reproduce new individuals.
Pr(R)= Fr(R)/ =" Fr(R) ) 6. Replace the old worst individuals for the new
where P, is the replacement probability of the riRg F, individuals.

is the replacement factor of the rulg¢ and m is the
number of rules of the population (m=n+k). The

replacement factor is given by the equation (5): 4 EXPERIMENTS
In this section, we present an example in order to compare
\=1.EA/ _.MEA both proposed identification methods. The example is a
Fr_(R')_l FA'/_ =1 FA (5) distillation system that uses a distillation column in
whereFA is the credit value of the ruR. continuous operation of multiple stages.
3.2 GP-BASED IDENTIFICATION 4.1 SYSTEM DESCRIPTION
MECHANISM

The objective of a distillation system is to separate a
In this section it is proposed a method based on PG tmixture in two or more fractions with different boiling
develop identification models. In our approach, eactpoints. The function of the continuous distillation system
individual is defined by a Multiple Interaction Programs can be seen with details in [7]. In the figure 5 is shown the
(MIP) model. In the MIP model, each node is onestructure of this distillation column. The feeding input
equation, which is represented by an analysis tree. Thgomposed by benzene and toluene) is introduced in the
identification mechanism proposes a simultaneousecond plate, and the distilled product is obtained in the
evolution of each analysis tree [1]. first plate on the top of the column.



Figure 5: Distillation column

The constant input signal (feeding rate) is modeled with a
step function with amplitude equal to ten (U(t) = 10). The4.2  IDENTIFICATION MODEL BASED ON GP

Egﬁ([);]etical model of this system is given by the equatiorlln 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
X(t) =1.1148*X(t-1) + 0.2525*X(t-2)- 0.3823*X(t-3) + the utilization of ADFs. _
0.3294e-4*U(t-1) 6 In thls_, 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
where X(t) represents the output of the system. The outp@epend of M2 or not. The function set used by M1 and
is the concentration of benzene on the top. The outpdd?2 is {+.-*, %, sin, cos} The terminal set of the main
signal from this model is shown in the figure 6. tree is composed by St(M1){ xal, xa2, xa3, xa4, xa5,
s_M32, whereu is the input signal at the timexalis the
output signal at the time t{X(t-1)), xa2is 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)=fal, 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.

Figure 6: Output signal from theoretical model

Table 1: Identification Models

CASES IDENTIFICATION THEORETICAL ERROR
MODEL MODEL
AP: G={u, al, xa2, xa3, s_M2} M1 = 2*xal— xa2*s_M2 Equation (6) 1.59254e-4
ADF: Cr={x1, x2} M2 = (xalf/ xa2

AP:  G={u, xa, xa2, s_M2} M1 = 2*xat xa2* s M2 Equation (6) 2.3965e-4
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ADF: Ci={x1, x2} M2 = Equation (7)

AP:  G={u, xal, a2, xa3, xa4, s_M2} M1 = (xal / xa2)*xal Equation (6) 2.86043e-4
ADF: C;={x1, x2} M2 = xal+xa2-xa3

AP:  G={u, xal, xa2, xa3, xa4, xa5, s_M2}M1 = 2*xal—xa2 *s_M2 Equation (6) 1.59254e-4
ADF: Cr={x1, x2} M2 = (xalf / xa2

where: 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

M2=xal- previously define their fuzzy sets according to their
sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin(sin((xa2- pjstorical data values. The membership functions of these
xal)))N)) (Mfuzzy sets are shown in the figure 8.

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 time$-1) and (-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 xal y xa2 was randomly
selected near to the real initial conditions. At t=2 sec., the
identification error converges to zero.

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

Figure 7: Identification error using the second model 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

4.3  IDENTIFICATION MODEL BASED ON FCS error is the following:

In our approach, we suppose the following generiqf U(t) is mu and Y(t-1) is bul then Y(t) is ay
structure for the fuzzy rules: ) , ,
If U(t) is au and Y(t-1) is mul then Y(t) is by
If U(t) is mu and Y(t-1) is aul then Y(t) is my

If U(t) and Y(t-1) then Y(t
(t) and Y(t-1) then Y () If i U(t) is au and Y(t-1) is aul then Y(t) is ay



If i U(t) is mu and Y(t-1) is mul then Y(t) is ay fuzzy rules into the model, then the elimination algorithm

If i U(t) is au and Y(t-1) is aul then Y(t) is my must be improve(_j. In the _future, we _wiII incorporate a
) ) ) ) membership function adaptive mechanism.

If i U(t) is mu and Y(t-1) is bul then Y(t) is my In the case of the GP, it depends of the function and

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

This fuzzy model has been found in the iteration numbefPtimal relation between the equations/variables.

87, with an average training error of 0.13. The output opaseéd on the experimental results, the GP-based
this fuzzy identificaton model, for the input signal identification mechanism is more efficient than the FCS-

U(t)=10, is shown in the figure 9. 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.

Ifi U(t) is mu and Y(t-1) is mul then Y(t) is by
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Mutation rate (R) 0.01 agents, 200 jobs) in the benchmargapd are derived and
Columns of OA () 15 formulated. Let agents be machines, jobs be operations,
_ the cost of allocating job to agent be the processing time
30 independent runs were performed per test problemst, and the resource requirement be the tool cogtin
compared with same function evaluation times of SPEAFMS. Assume a part is consists of 5 operations, so that
The raw results of SPEA are from the autisowebsite. the first instance has 20 parts, the second instance has 40
The experimental result of 2 knapsack-750 items is showiparts. The production volumé®¥;) of each part types is
in Figure 3. The results concerning the C measure argiven as follows: {45, 43, 39, 46, 42, 56, 37, 33, 61, 30,

shown in Table 2.

Generally, the simulation results of knapsack problem
prove that GMOEA do better than SPEA. While SPEA

use a large number of population size (250,300,350), non ) 4 oo )
he transportation time of AGV is given in Table 4. The

of solutions found by GMOEA are dominated by t
solutions of SPEA.

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

Table 2: The C measure of GMOEA and SPEA.

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},

=0,1,..., 40. Let the available capacity of AG\bl, be
40. Considering the real manufacturing environment, 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 (P 0.6
Mutation rate (R) 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.

20 machines 20 machines
MOPPPs

100 operations 200 operations

Knapsacks Number of solutions
problems 2-750 3-750 4-750 found by SPEA 415 199
Number of solutions Number of solutions
found by SPEA 37 426 1751 found by GMOEA-N 392 250
Number of solutions Number of solutions
found by GMOEA 2% 301 372 found by GMOEA 465 313
C(GMOEA, SPEA 0-57 0.72 C(GMOEA-N, SPEA) 0-71 0.90
( ’ ) (37/37) (2441426) (1261/1751) ’ (295/415) (180/199)
C(SPEA, GMOEA) 0 0 C(SPEA, GMOEA-N) 0 0
’ (0/94)  (0/301)  (0/372) ’ (0/392) (0/250)
1
C(GMOEA, SPEA)
(414/415) (199/199)
42 COMPARSION OF MOPPPS 5
i i - SPEA, GMOEA
Since MOPPPs are related to the generalized assignmenf( ) (0/465) (0/313)

problem (GAP) (Tempelmeier and Kuhn, 1993)
(Barndimarte, 1999). Therefore, we used the benchmar
problem instances of GAP, which are provided by OR-

k

Library. Two instances, (20 agents, 100 jobs) and (20



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 .

Figure 5: The distribution of solutions .

Figure 6: The distribution of solutions .

Figure 7: The distribution of solutions .

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(N?).

(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.
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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

Facility-location problems have several applications inconcludes the paper.

telecommunications,

industrial  transportation

and

distribution, etc. One of the most well-known facility- )
location problems is the p-median problem. This problen? THE P-MEDIAN PROBLEM

consists of locating facilities in a given space (e.g. Informally, the goal of the p-median problem is to
Euclidean space) which satisfydemand points in such a determinep facilities in a predefined set with (n > p)

way that the total sum of distances between each demagéndidate facilities in order to satisfy a set of demands, so
point and its nearest facility is minimized. In the non-that the total sum of distances between each demand point
capacitated p-median problem, one considers that eaelmd its nearest facility is minimized. The facilities
facility candidate to median can satisfy an unlimitedcomposing a solution for the problem are called medians.
number of demand points. By contrast, in the capacitat
p-median problem each candidate facility has a fixe
capacity, i.e. a maximum number of demand points that
can satisfy. The p-median problenNP-hard[Kariv and
Hakimi, 1979]. Therefore,
specialized in solving this problem require a considerabl

ormally, assuming all vertexes of a graph are potential

edians, the p-median problem can be defined as follows.

et G = (V, A) an undirected graph whei¢ are the
vertexes and\ are the edges. The goal is to find a set of

even heuristic m(_:‘th()ds'gertexeglp V (median set) with cardinalify, such that



1269

the sum of the distance between each remaining vertex irertexes and\ are the edges. The goal is to find a set of

{V = V;} (demand set) and its nearest vertexVin be
minimized.

We present below a formulation of the p-median proble

in terms of Integer Programming proposed by Revelle an
Swain (1970). This formulation allows that each vertex b
considered, at the same time, as demand and facili
(potential median), but in many cases (including our real
world application) demand and facilities belong to

disjoint sets.

o nn
Min

1 2.1)

g dij X;

subject to:

n

j 1Xij =1,i=1,2,..n (2.2)
Xi ¥, ,j=1,2,..n (2.3)

"y (2.4)
xi, ¥ {0,1}, i,j=1,2,..n (2.5)
where,

n = total number of vertexes in the graph
a = demand of vertex |j.

d; = distance from vertex i to vertex j.

p = number of facilities used as medians.
1,if thevertex isassignedofacility j
X..
'J 0,otherwise
1,if thevertexjis afacility usedasamedian
y .
] 0,otherwise

vertexesV, V (median set) with cardinality, such
that: (a) the sum of the distance between each remaining

nYertex in {V -V} (demand set) and its nearest vertex in

gp be minimized; and (b) all demand points are satisfied

ithout violating the capacity restrictions of the median

cilities. 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 stiglérime 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 setV (V| = 43) of all facilities candidate to
median (actual exam locations).

2. LetVp V (Vpl = 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 sép V that minimizes the

total sum of distances between each candidate
students home and its nearest exam location
(median).

The objective function (2.1) minimizes the sum of the
(weighted) distances between the demand vertexes ar::’d THE PROPOSED GA

the median set. The constraint set (2.2) guarantees that

@his section describes our proposed GA for the

demand vertexes are assigned to exactly one median. Tbapacitated p-median problem, Cap-p-Med-GA.
constraint set (2.3) forbids that a demand vertex be

assigned to a facility that was not selected as a medial 1
The total number of median vertexes is defined by (2.4)"

INDIVIDUAL REPRESENTATION

as equal t. Constraint (2.5) guarantees that the valuegach individual (chromosome) has exagtigenes, where

of the decision variables x and y are binary (0 or 1).
Assuming all vertexes of a graph are potential median

the p-median problem can be formally defined as foIIows1

Let G = (V, A) an undirected graph wheré¢ are the

p is the number of medians, and the allele of each gene
represents the index (a unique id number) of a facility
elected as median. For instance, consider a problem with
5 facilities (potential medians) represented by the
indexes 1,2,...,15. Suppose one wants to select 5 medians.



In our GA, the individual [2, 7, 5, 15, 10] represents aequal to b. Formula (3.1) returns the position in the list R
candidate solution for the problem where facilities 2, 5, 7of the individual to be selected. The formula is biased to
10 and 15 have been selected as medians. In Cap-p-Mégvor the selection of individuals in early positions of the
GA the genome is interpreted as a set of facility indexesist - i.e. the best (smallest fitness) individuals.

in the mathematical sense of set - i.e. there are ng

duplicated indexes and there is no ordering among thEN€ Population evolves according to the steady-state
indexes. method. The offspring produced by crossover (and

possibly mutation) is inserted into the population only if
they have a better (smaller) fithess than the worst
3.2 FITNESS EVALUATION individual of the current population.

In essence, the fitness of an individual is given by the

value of the objgctiyg function for the solution 34 CROSSOVER

represented by the individual - as measured by formula

(2.1). However, there is a caveat in the computation of thAs a preprocessing step for the possible application of
fitness of an individual. Note that Cap-p-Med-GA is usedcrossover, Cap-p-Med-GA computes two exchange
only to optimize the choice of the 26 medians, out of the/ectors, one for each parent, as follows. For each gene of
43 facilities. However, the computation of formula (2.1)parent 1, Cap-p-Med-GA checks whether the allele
requires that each of the 19710 candidate students fcility index) of that gene is also present (in any
assigned to exactly one of the selected medians (i.e. ti@sition) at the genome of parent 2. If not, that facility
facility where the student will take the admission exam). index is copied to the exchange vector of parent 1. This
. . . . means that facility index may be transferred to parent 2 as
This assignment is done by a pro_cedure.that is used .2 result of crossover, since this transfer would not create
Cap-p-Med-GA as a black box. Since this proce_dure_|§ny duplicate facility indexes in parerisZyenotype. The
orthogonal to the use of a GA, it will not be described insame procedure is performed for each facility index in the

detail here. For details the reader is referred to Corre :
- . o “genotype of parent 2. For instance, let the two parents be
(2001). Here we just mention the basic idea of thlghee fa%ri)lity-inic)iex vectors [1, 2, 3, 4, 5] and [2, FS) 9 10,

procedure. Once the 26 medians are selected, th ]. Their respective exchange vectors ape:= [1, 3, 4]

procedure tries to assign each candidate student to t ﬁdvpz =[9, 10, 12]. Once the facility indexes that can be

_rphedlan (glxam !oc?glc;n) that IS theﬁeare(zjs.t onito Its hfpm xchanged have been identified, the crossover operator
e problem is that, since each median has a fixed,, he applied, as follows.

capacity, some candidate students will have to be
assigned to the second (or third, fourth, ...) nearest medid¥p fixed crossover probability is used in Cap-p-Med-GA.
to their homes. Suppose there is an assignment conflictCrossover is performed whenever the two parents are not
e.g. there is just one vacancy in one median, and th&gual to each other, i.e. whenever there is at least one
median is the nearest one for two candidate students. facility index in the exchange vectors of parent 1 and
this case the student-assignment procedure prefers parent 2. If the two parents are equal to each other, i.e.
assign to that median the student that would be modfeir exchange vectors are empty, one of the parents is
prejudiced if she was assigned to its second neareggproduced unaltered for the next generation and the other
median. A student i§prejudiced to the extent of the parent is deleted, to avoid that duplicate individuals be
difference between two distances, namely the distandgserted into the population.

between her home and her nearest median and th€qssover is performed as follows. A random natural
distance between her home and her second nearggimberc, varying from 1 to the number of elements in
median. Once the student-assignment procedure {fe exchange vectors minus 1, is generated. This number
complete, the fitness of an individual can be computed by getermines how many facility indexes of each exchange
formula (2.1). vector will be actually swapped between the two parents.
We emphasize that this procedure guarantees that there
3.3 SELECTION will be no duplicate facility index in any of the two

We use a ranking-based selection method proposed l:():;r/] lldren produced by crossover.

Mayerle (1996), given by the formula below.
3.5 MUTATION

| B _ -1 41 4.rnd(P2 P) Mutation is performed as follows. The gene being
Select(R)=rj R/j P- , mutated has its current allele replaced by another

2 randomly-generated allele (a facility index), subject to the
striction that the new facility index is not present in the
(3. rrent genotype of the individual.
where R is a list R = {rr, ..., i), with P individuals

sorted in increasing order by fitness value, mfD, 1) is 36 HEURISTIC HYPERMUTATION

a uniformly-distributed random number and the_ . . - . .
This is a new heuristic operator proposed in this work. It

symbol b denotes the greatest integer smaller than ofs phased on knowledge about the problem being solved.
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This operator is applied right after the random generatiothe setH is the set {2, 3}, anBEST= X = {1, 4, 5}. The

of the initial population, and after that it is applied with aalgorithm first letj = 2, so that the following new
fixed probability (e.g. 0.5%) to each iteration of theindividuals are evaluated: {2, 4, 5}, {1, 2, 5} and {1, 4,
steady-state method (i.e. each selection of two parent8}. Suppose the best of these 3 individuals is {1, 2, 5},
possibly followed by crossover and conventionalwhich is also better than the original {1, 4, 5}. Then the
mutation). This operator starts by randomly selecting algorithm IetBEST= {1, 2, 5}. At this point the algorithm
percentage (e.g. 10%) of the individuals of the populationlet j = 3, so that the following new individuals are
Then it tries to improve the fithess of each of the selectedvaluated: {3,2, 5}, {1, 3, 5}, {1, 2, 3}. Suppose the best
individuals as follows. For each gene of the individual, itof these 3 individuals is {3,2,5}, but this individual is not
tries to replace its facility index by each facility index thatbetter than the previously best individual {1,2,5}. Then
is not currently present in the genotype of the individualBESTremains associated with the individual {1,2,5}. At
For each gene, the replacement that most improves thigis point all indexes it have been tried, so the current
individual' s fitness is performed. Note that this is a veryalue ofBEST {1,2,5}, replaces the original individux
computationally expensive operator, since each time it i the population. This process is performed for each
applied a large number of fithess functions needs to bedividual undergoing hypermutation.

performed. The cost-effectiveness of this application-

specific, computationally-expensive operator will be
evaluated in section 4. 4 COMPUTATIONAL RESULTS

More precisely, the heuristic hypermutation operatorAs mentioned earlier, the problem being solved consists
proposed in this work is implemented as follows: of selecting 26 medians out of 43 facilities. Therefore,

Procedure HYPERMUTATIQN there areC35= 421,171,648,758 (roughly 421 billion)
Step 1 candidate solutions.
Randomly select a subset of 10% of the individualsThe proposed GA was evaluated by comparing it with

from the entire population. another heuristic algorithm developed for the problem,
Step 2 namely a tabu search algorithm. The tabu search

o . algorithm used here is our implementation of the
FOR EACH individualX selected in Step 1 DO algorithm proposed by (Glover, personal communication).
Let H be the set of facility indexes that are not!n €ssence, this tabu search algorithm works as follows.

currently present in the genotype of individial
FOR EACH facility index‘i” included in seH DO
BEST=X

FOR EACH facility index“j” that is currently
present in the genotype of the individXalDO

Consider the se¥ of all candidate facilities and, V,

[Vol =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) iV, 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 theVget
will vary in the rangep-1 |V, p+1.

This phenomenon is callédtrategic oscillatich It helps
to avoid a convergence to a local optimum.

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

Calculate the fitness of
If fithess(Y) < fitnessBEST) then

BEST=Y The ADD, REMOVE and SWAP moves are implemented
END FOR as follows:
If fithnessBEST) < fitnessk) then Procedure ADD
X = BEST Select a candidate facility from\{— Vp} which when
- added toVp results in the best possible value of
END FOR solution. Then add this candidate facility\fp. Note
: ; . that each ADD move considerg 4+ Vp| facilities as
Lr;gt;rt the newX into the population, replacing the candidate to be added to the current solution (i.e. 17
or 18 facilities for the real-world problem addressed in
END FOR this work).

Procedure REMOVE

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 individul selected to undergo

hypermutation, containing the facilities {1, 4, 5}. Hence,

Select a median frop which when removed from

Vp results in the best possible value of solution. Then
move this median into\{ — Vg (removing it from

Vp). Note that each REMOVE move considevg| |
medians as candidate to be removed from the current



solution (i.e. 26 or 27 medians for the real-world Probability of conventional mutation = 1%
problem addressed in this work). Probability of heuristic hypermutation = 0.5%
Procedure SWAP Number of individuals that are selected for undergoing

hypermutation = 10% of Population Size = 10
Select two facilities, one median frovp and one
facility from {V — Vp}, which, when swapped, result . - .
in the greatest improvement in the feasible solutiorc@P-P-Med-GA without heuristic hypermutation
value (all possible pair-wise exchanges arepgpulation Size = 100
considered). Each SWAP move consid®fg K M —  Number of iterations = 12100

Vpl pairs of facilities as candidate to be swapped (i-eProbabiIity of conventional mutation = 1%
26 x 17 = 442 candidate pairs for the real-world

problem addressed in this work). Tabu Search

A tabu list memorizes the number of the iteration NN, mber of iterations = 150

which each median was added to a solution. During &_ '\ tenure = 10

certain number of iterations (called tabu tenure), it is

forbidden to re-insert that median to the current solutiony .. 44 Cap-p-Med-GA  without  heuristic

i.e. the .COfFeSpOF‘d'Ug move IS a_tabu (forbld_den) movqﬁypermutation performs many more iterations than Cap-
The aspiration criterion used consists of allowing the tabll"Vi04 G A with heuristic hypermutation, to compensate

restriction to be ignored if t.he quality of the new SOIUt'Onfor the fact that, when heuristic hypermhtation is applied

produced_by a tabu move is better than the quality of thgt a given iteration, a very large number of candidate
best solution generated up to now by the search. solutions are evaluated in that iteration. The small number
For a comprehensive, detailed discussion about tabof iterations of tabu search also reflects that fact that in a
search in general the reader is referred to the book ksingle iteration of the search (consisting of all possible
Glover and Laguna (1997). adding, removing and swapping moves) many different

The experiments involved a comparison between tw8"’md'd"’lte solutions are evaluated.

versions of Cap-p-Med-GA and the above-described tablhe computational results obtained by the three
search algorithm. The first version of Cap-p-Med-GA is aalgorithms are reported in Table 4.1.

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 Table 4.1: Computational Results

heuristic hypermutation operator effectively incorporates : :
problem-dependent knowledge into the GA. By contrast, ﬁgjm,tt?c Gﬁemfgt?g t Tabu
the second version of Cap-p-Med-GA is a pure GA, hypermutat.| hypermutat search
which was obtained by simply switching off the heuristic ' '
hypermutation operator - i.e. this operator is nevgerNo. of eval.

applied. In other words, it uses all the genetic operatprssolutions 24,200 24,300 24,301
described in section 3 except the heuristic hypermutatjon run time 01:43:34 01:43:21 01:23-37
operator. This second version of Cap-p-Med-GA was o o T
included in our experiments to evaluate the cost- average

effectiveness of our proposed heuristic hypermutatipn distance 233 Km 2.40 Km 2:37 Km
operator in a controlled manner. total

All results reported in this section were obtained on|a distance 45,999 Km | 47,313 Km| 46,660 Kn
Pentium 1l PC with 550MHz and 128 Mbytes of RAM % nearest

In order to make the comparison between the three’ tajity 83% 79% 82%
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 eaclfhe first row of Table 4.1 indicates the number of

algorithm in such a way that all the three algorithmscandidate solutions evaluated by each algorithm. The
evaluate roughly the same number of candidate solutionsecond row indicates the run time taken by each
This is fair because in the three algorithms the majority oalgorithm, in the format hours:minutes:seconds. Note that
processing time is by far taken by candidate-solutiorthe three algorithms had about the same run time. This is
evaluation. More precisely, the algoritimgarameters a result of our having carefully determined the number of
determining the number of evaluated candidate solutionierations of each algorithm so that each one evaluates
were set as follows: 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.

Cap-p-Med-GA with heuristic hypermutation

Population Size = 100
Number of iterations = 1000
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The third and fourth rows report respectively the averageiork considers only candidate solutions with exactly the
and total distance traveled by the students, measured desired number of medians.

Km. The distance traveled by each student is the distan .
between the studesthome and the facility (median) to zb?l]edi%? ddu;)le?ggr?ergeﬁftﬁ))n(lragﬁ psrgﬁggﬁed %reﬁl\efwtg_

which the student was assigned. The average distance >dian problem. Each individual has exa nes. and
simply the total distance traveled by all 19710 studentd! P . v ptk;ye_ '
ach gene represents a facility index. This is the same

divided by 19710. The fifth row reports the percentage of resentation as the one used in our work. Thev used
students that were assigned to the facility that is indeeP . . ' y
the facility nearest to the studesthome, which is the only conventional genetic operators. By contrast, we have

ideal assignment for a student. Overall the threéievelopedaproblem—dependent operator for the p-median

algorithms did a good job, managing to assign about 800/[%roblem, as discussed earlier. D&D applied thgir GAto a
of the students to their ideal (nearest) facility. problem where the goal was to select 9 medians among

150. They used population siZ2¢ = 1000 and 150
With respect to both the minimization of average (orgenerations. They compared the results of their GA with
total) distance traveled by students and maximization ahe results obtained by the heuristic algorithm of Teitz
the percentage of students assigned to their nearestd Bart (1968), which is a heuristic algorithm
facility, the best algorithm was Cap-p-Med-GA with the specialized for the p-median problem. Although the GA
heuristic hypermutation operator. The second besiook a considerably longer processing time, both
algorithm was tabu search. The worst algorithm was Cagalgorithms produced similar solutions.

p-Med-GA without the heuristic hypermutation operator.
Therefore, these results are evidence (in this applicatioly'éno-Perez et al. (1994) also developed a GA for the
-median problem. The individual representation is the

for the cost-effectiveness of extending a conventional G same as the one used by D&D. They used only

with a problem-dependent, heuristic operator. . . i N
conventional genetic operators. Once again, this is in
contrasts with our work, which proposed a problem-

5 RELATED WORK dependent operator for the p-median problem, as

) discussed earlier. One distinguishing feature of the GA
Hosage and Goodchild (1986) (H&G) seem to have beefroposed by Moreno-Perez et al. is that they used multiple
the first researchers to develop a GA for the p-mediapopulation groups (colonies), which exchange candidate
problem. They used a simple GA, with conventionalsolutions with each other (via migration). The authors
genetic operators. Each candidate solution waslaim that this method helps to avoid premature
represented by a binary string, where each bit correspondenvergence to a local optima. In the above reference the
to a facility index. Each allele (1 or 0) indicates whetherauthors did not compare their proposed GA with any
or not the corresponding facility is selected as a mediar@ther algorithm, so it is difficult to say how cost-effective
If the number of bits set ttl” is different fromp the the algorithm is.

solution is deemed invalid and a penalty (proportional tqrkyt et al. (2001) also developed a GA for the p-median
the extent of restriction violation) is applied to the fitnessproblem. Each individual also has exactty genes

of the individual. H&G tested their GA in a problem representing a set @f selected medians. In addition to
where the goal was to select 3 medians out of 20 facilitiesonventional genetic operators, they use ‘tB&ing-of-
(i.e.n = 20, p = 3). They used a population of 25 Change Operatdr independently suggested by Booker
individuals @ = 25), and did experiments with different (1987) and Fairley (1991). This operator uses a string of
numbers of generations, varying from 120 to 210. Inchange, which consists of a binary vector generated for
experiments with randomly-generated problem instancegach parent of a crossover. The parents are passed to an
the GA obtained the optimal solution in about 70% andexclusive OR (XOR) operator. The expressiokOR b is
90% of the problem instances, when running the GA foflefined as 1 ifa b and 0 otherwise. For instance,
120 and 210 generations, respectively. At first glanc@pplying XOR to the parents [10, 9, 12, 24, 7, 3] and [10,
these are good results. However, the GA uses a classle 7. 8, 12, 3] one would obtain the binary vector [0, 0, 1,
binary individual representation, which is not veryl. 1, 0l In order to avoid that crossover produces
suitable for this problem. It wastes memory andoffspring identical to the parents, only the genes between

processing time. The problem instances used to evalualf® first"1” and the last1” in the parents can be selected
as crossover points.

. . . 3
the algorithm had only 1140 candidate solution€5(). 1 pasic idea of this string-of-change operator is

However, the GA generates and evaluates 2905 and 5066nceptually similar to the exchange vector used in our
solutions, when it is run for 120 and 210 generationswork. However, we believe our exchange vector is more
respectively. Although there are only 1140 candidatesuitable for the p-median problem, based on the following
solutions, the search space for the GA?5(@ll possible rationale. In order to identify the facility indexes that can
binary strings of length 20). Roughly 99.9% of thebe swapped between the parents, our exchange vector
possible individuals are invalid solutions, and the GAMechanism considers that each individual contains a
wastes time analyzing them. Our work clearly avoids thi§unordereq setof facility indexes. By contrast, the string-
problem, since the individual representation used in oupf-change, XOR mechanism considers that each



individual contains adrdered list of facility indexes. For  Finally, from a GA viewpoint, an interesting research
instance, in the above example, the facility indexes 12 andirection is to investigate whether the heuristic
7 were identified as possible crossover points by théypermutation operator proposed in this work can be
string-of-change operator, despite the fact that they aradapted to work, in a cost-effective manner, with other
present in both parents, since the position of theicombinatorial optimization problems.

occurrence in the genotype |$_d|ﬁgrent in the two parentSACKNOWLEDGMENTS

By contrast, those two facility indexes would not be

included in our exchange vector, since they occur in botkVe are very grateful to Fred Glover and Erhan Erkut, for
parents. After all, the position of a facility index in the having sent us papers on tabu search and GA algorithms
genotype is arbitrary, from the viewpoint of specifying aapplied to the p-median problem. In particular, as
candidate solution. E.g., thset of medians {7, 12} mentioned in the text, Fred Glover suggested us the tabu
represents the same solution assitef medians {12, 7}, search algorithm implemented in this work.

which is not recognized by the string-of-change operator.
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Abstract 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.

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

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
1 INTRODUCTION input cases with various structures, but that would require
intereslmaking assumptions about what affects performance and

Empirical analysis of algorithms is of increasing oY . ; .
to the algorithms community. This type of researchde5|gn|nganeW|nput set for each new algorithm version.

focuses on the performance of algorithms in practice, aSur work focuses on developing a more dynamic system
analyzed through computational experiments.  Suclfor generating input in which the generator acts as an
analysis leads not only to a better understanding of howdversary to the algorithm, producing test cases on which
well existing algorithms perform, but can generate newhe algorithm performs poorly. This generator uses a
practical as well as theoretical improvements to theyenetic algorithm (GA), a search technique based on the
algorithms (Johnson and McGeouch 1993; Cherkasskydea of survival of the fittes(Goldberg 1989). An initial
Goldberg, and Radzik 1993; McGeouch 1986). Just agopulation of objects representing test cases is generated,
techniques such as average case and worse case analgsish object's fitness is evaluated, and depending on that
were developed for studying the asymptotic behavior ofitness it may survive to reproduce and create the next
algorithms, there is a need to develop robust techniques tgneration. Objects with higher fithess have a greater
study and characterize the behavior of algorithms irthance of reproducing. In our work, a test case object’s
practice (Hook 1994). fitness is based on how the algorithm performs on that test

One important area of study is the development o ase -- the worse the performance, the higher the fitness.

methods to generate cases for testing implementations the fi_nal _best individual af_ter many.generations. of
algorithms (Goldberg 1998). Traditionally, this input hasreproductlon is the test case object on which the algorithm

been of three forms: 1) random input based on a generBfformed worst. 'We define performance by counting
probability model, 2) real-world input, or 3) random input operations of interest performed by the algorithms, but
of a given structure (such as grid graphs or graphs with Blerformance could al_so be bas]f:d on ot_her measures such
certain degree sequence). While each of these input typ§§ resource usage (in terms of execution time or s_pace)
is important to understanding the behavior of ar@nd quality of output (especially in the case of heuristics).
algorithm, they do not yield a very complete picture ofwith the GA approach, we can readily compare

behavior because they focus on either average case algorithms and study the relationship between input and

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.
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performance for a given algorithm. First, in order tothat graph. Because of the underlying properties of the
compare algorithms, we can run the new algorithm on theriginal method used to generate graphs, degrees of
final population generated by the GA for the oldnoncover vertices were consistently lower than degrees of
algorithm and vice versa. This allows us to test eaclover vertices. Since one of the heuristics being tested
algorithm on input cases that were hard for the otheused a greedy rule that repeatedly chose vertices of
algorithm. Second, because the GA generator adapts ifghest degree for the cover, it did very well on these

output to a particular algorithm, we can studygraphs. Correcting this problem necessitated modifying

performance by using the new algorithm for the GAthe generator so that it kept the average degrees of the
fitness function and running the adversarial generatocover and non-cover vertices nearly equal.

again. This allows us to answer the second question
providing a set of test cases on which the new algorith
performs poorly.

tE’;‘As have been used previously in generating test cases
Tor real-time software systems (Wegener, et. al., 1997).
In these systems, execution time is part of the correctness
Obviously, the utility of this GA-based approach dependslefinition of the software. For example, in a rental car
on the strength of the relationship between inpureservation system, calculations of available vehicles
structures and algorithm performance. For example, ithust be completed within a certain time in order for the
would not be appropriate for algorithms that perform thesystem to be acceptable. Testing needs to characterize the
same number of operations on all input. Fortunately, fotime bounds of such calculations. Traditional testing
most algorithms of interest, there is some relationshipnethods would require the development of these best and
between input and performance and we can gain insighworst cases. This is a difficult task due, in part, to the
into algorithm behavior by studying the structure of theimpact of the system environment on execution time. The
GA-generated input. 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
2 RELATED WORK experiments was to test the temporal correctness of the

In previous empirical work on algorithms, test cases havBrograms, they demonstrate the utility of GAs in
been primarily of three types: 1) randomly generated datd€nerating extreme test cases for problems.

based on a particular probability model, 2) randomly

generated data of a particular structure, and 3) data fr0@ BIPARTITE MATCHING

real-world applications. Most of the experimental work

in recent years has used the latter two types. In particulafrhe algorithms under study in our current work are
if a pathological structure for a particular algorithm isvariations of a push-relabel algorithm that solves the
known researchers will construct a generator whichmaximum cardinality bipartite matching problem. In this
creates test cases with that structure (Moret and Shapisection we describe the basic problem as well as the
1994; Cherkassky, Goldberg, and Radzik 1993). algorithms of interest.

In 1991, the first DIMACS Implementation Challenge,

which focused on empirical testing of network flow and3.1 PROBLEM DESCRIPTION

matching algorithms, was held (Johnson and McGeocIrr e maximum cardinality biparti ; ;
o y bipartite matching problem is

1993). Generators produced by participants and collectegl . < i ; C

by DIMACS produced either random graphs or graph fined as follows: given an undirected bipartite graph

. . . ith vertex setN, divided into two set§N; andN, , find
which had particular structures, such as grid graphs a e maximum cardinality séti' of edges §,v) such tha

acyclic graphs. Several also produced known N;andv N, and for all other edges'(v) M,u u

pf';\thological cases for particular algorithms.  In panelandv V. S0 no vertex is matched with more than one

discussions ~ following  the formal presentations, iar vertex. A matching which includes coversall

participants lamented the lack of challenging test cases fQ/rertices inN, andN, is called aperfect matching The

the algorithms. In particular, they expressed concern thaf,yimm size matching possible for a given graph is

_by using  a limited - set of test Cases, algorlthn_]min(|l\ll|,|N2|). We restrict our graphs so thab|E|N,|.

implementations could be tuned to certain structures in plications of this problem include job scheduling
&

the test cases. This would gnsure_gooq performance. ttern matching in images and strings, and resource
the existing cases, but contribute little in understandin ocation

algorithm behavior on other non-represented structures.

Another problem with generators that _prodl,!ce structured , ALGORITHM DESCRIPTION

cases is that they may introduce unintentional features o _ )

into the input because of the construction procedurelhe bipartite matching problem can be transformed into a
These difficulties are described in (Sanchis 1994) irspecial case of the maximum flow problem by adding a
relation to a generator for vertex cover, an NP-har@ource vertexs, and edges frorato each vertex i, and
problem. The generator was designed to produce tedflding a sink vertekand edges from each vertexNato
cases with known solutions by creating a minimal grapfi- In the maximum flow problem, the goal is to transport

with a cover set of a given size and then adding edges & much flow as possible from the source to the sink,
given the constraint that edges have limited capacity. In



the bipartite matching application, each edge is given uniglobal relabel as before until the maximum flow has been
capacity. The Goldberg-Tarjan push-relabel algorithntomputed. The Goldberg-Tarjan algorithm with minimum
(Goldberg and Tarjan 1986) computes flow on the edgedistance label vertex selection and global relabeling has
that meet the following constraints: an O sqrt(n) bound, where is the number of vertices

capacity constraint the flow on each edge must be andmis the number of edges.

less than the capacity of the edge, We have also included a preprocessing step suggested in
(Setubal 92). This has no known effect on the worst-case
heoretical bound, but the preprocessing does appear to
elp in practice. Before any push/relabel operations
begin, an initial greedy matching is done. In this
flow conservation constraint: the flow entering a matching, eachN; vertex is paired with the first
vertex is equal to the flow leaving a vertex (does nounmatchedN, vertex in its edge list. If no unmatched
apply to source or sink). node is found, a match is made with the first node in the
The first and last constraints ensure that the flow on edg&dige list, even though it is also matched with one or more

between vertices itN; and vertices irN, represents the Other vertices. Each vertex matching is counted as a push
ﬁ%eratlon and labels are updated so Mhavertices have

flow antisymmetry constraintthe flow on an edge is
equal to the negation of the flow on its reversed edg
and

maximum matching of the graph because each edge c elh(u=1 and the edges in the matching have one unit

only have one unit of flow. Since only one edge goes int . ; ; .
each vertex i\, (from the source), flow can occur at of flow. After this, the Goldberg-Tarjan algorithm is used

most on one edge going out. The same is true of thi@ fini_sh computing_the flow (and therefore the legal
edges going into the verticesh. matching) on the revised network.

The Goldberg-Tarjan algorithm works by initially pushing

one unit of flow along each edge from the source t\the 4 GENETIC ALGORITHM TEST

vertices. The flow conservation constraint is relaxed tfCASE GENERATOR

allow this Ni-unit preflowto exist as excess at the vertices ) ) )

in the network. Vertices are given a distance label, whict) implementing a genetic algorithm, we use SGA
approximates their distance from the source or sink{Simple Genetic Algorithm), a set of functions written in
Initially the vertex label is set to O for all vertices exceptC Which implement the GA described in Goldberg's
the source. The label afis set toN;+N,+2. An edge classic book (Goldberg 1989; Smith, Goldberg, and
(u,v) in the residual network (i.e. edges which have nd=arickson 1994). This code has been modified extensively
flow on them) iseligible for a push operation if the O include crossover z_;md mutation variations specific to
distance label ofi(h(u)) is equal to 1k(v). By adjusting this problem. User input to the basic SGA program
distance labels for each vertex throughabeloperations ~ includes: population size, chromosome length, number of
and pushing flow along eligible edges usimush generations, crossover probability, mutation probability,
operations, the algorithm sends as much flow as possibfd random number generator state file. We also
from the source to the sink. When all flow possible hagncorporated the MRANDOM pseudorandom number
gone to the sink, excess flow in the network is pushe§enerator code to facilitate reproduction of results
back to the source in order to convert the preflow into 4Thomborson 1993). This  program contains a
legal flow. The edges (betweeN; vertices andN, Pseudorandom number generator based prand ,

vertices) that have flow in the final network form the developed by Bentley and Knuth. State files can be saved
maximum cardinality matching skt between runs so the problems with initial random number

sequences can be avoided. This also allows us to repeat

At any point in the algorithm, several edges may b& st runs by starting the random number generator with
eligible for push operations. One set of algorithmg, o4 state File.

variations focuses on the decision about which vertex to ) ) ] ) .
process next when pushing flow through the networkThe sequence of operations in the genetic algorithm itself
The variation we explored usesinimum distance vertex IS the standard one(Goldberg 1989):

selection (Goldberg and Kennedy 1994).  In this 1 Generate initial population of chromosomes.
algorithm, the vertex selected for processing is the vertex

with the minimum distance label. In addition, a periodicz- Evaluate fitness of each chromosome in the initial
global updating of the distance labels is done whenevdtopulation.

the distance label of the vertex chosen is higher than arg, Using selection, choose members of the current
previous selected vertex. This global relabel computes agopulation as parents and combine them using a crossover

exact distance from each vertex to the sink in the TESidU@perator to produce members of the new population.
network using a backwards breadth-first search and se}P M L . .
the vertex label to that value. A second backwardd: Mutate individual chromosomes in the new population.
breadth-first search is done from the source to thosB. Evaluate the fitness of the chromosomes in the new
vertices which had no path to the sink in the residuapopulation.

network. The labels of these vertices are sellfte [the

distance to the source. Processing continues after eagﬂr If this is final generation, stop and output the

omosome with best fitness. Otherwise, go to step 3.
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Generation of the initial population is discussed below a§; EXPERIMENTS

are the crossover and mutation operators. Fitness for an ) ) )
individual is calculated using the number of pushes in théh our experiments we used two different genetic
push/relabel bipartite matching algorithm. This measur@lgorithm generators. The first generates graphs based on
was chosen because pushes are the bottleneck operatignixed number of nodes and an edge probabilipedge

in this algorithm. We use a modified elitist selectionThe second generates graphs with a fikeédnd fixed
where the two best individuals are automatically copied telumber of edgesM. Both use the representation for
the new population without undergoing change ubto blpartlte_ graphs described. The_y differ in their initial
crossover and mutation. Roulette wheel selection is use@eneration, crossover, and mutation methods.

to choose the parents for the rest of the new population.

5.1 VARIABLE EDGE COUNT GRAPHS

4.1 REPRESENTATION For the variable edge count GA, the initial bitstrings are

As described above, a bipartite graph is a collection ogenerated with each position set to 1 with probability
nodes K) and edgesM) in which the nodes can be Pedge Otherwise the position is set to O.

divided in two groupsN, and N, such that for any The crossover method is callpdrtial-v crossover The
edge(,v) M,u Ny andv N, Inourexperiments, we dea behind this method is to preserve some of the edge
represent a graph as a bitstring of lengMi[x|Nal,  structure of the parents when creating the children. First,
consisting of 0's and 1's. We can think of this as @nhe randomly generated crossover pgirgan only occur
flattened adjacency matrix where a 1 in a positiongt N, vertex boundaries in the bitstring. Second, wepise
indicates the presence of an edge and a 0 indicates thedetermining where to begin crossover exchange on the
absence. Beginning in position O (the leftmost position), vertices as well as tHe, vertices. This means that the
the first N| positions represent the edges from the firskqge structure of the vertices above the crossover point
node inN; to the nodes ifN,. Figure 1 shows a bipartite s maintained in the respective children while the edge
graph with its corresponding bitstring. The substringstrycture for the vertices below the point is the result of
"00010" for vertex0 in N; means that there is an edge compining the two parents. This method can result in a
from that vertex to only vertex 3 M, while the substring change in the number of edges in each graph, but the
"10001" for vertex 2 in Nrepresents edges from that change is acceptable, given the probability model. Figure
vertex to vertices 0 and 4 M. Note that this graph has 3 jjystrates the crossover method. In the children, the
a perfect matching which includes the edges (0,3), (1,0bdges contributed by parent 1 are shown as solid lines
(2,4), (3,1), and (4.2). while edges contributed by parent 2 are shown as dotted
lines. The crossover poiptappears as a dashed line.

Figure 1: A bipartite graph and its chromosome

Figure 2: Partial V-Crossover



The mutation method is designed to preserve the qualities3 RESULTS

of the probabilty model as much as possible. In ' . . . .
particular, the edge probabilipedgeis used to determine Our first experiments consisted of simply running th_e
. i~ GA-based generator and the random generator using
what the value of the mutated bit position should be. The, ' - . .
. S identical input parameters and producing the same
current value of the bit position is ignored and a rando

numberr between 0 and 1 is generated. r K= pedge umber of graphs. We found that the worst graphs from

. oL : : ... the GA generator were consistently of higher fithess than
}ngtt?:ob't position is set to 1, otherwise the bit pOSItlorEhe 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
5.2 FIXED EDGE COUNT GRAPHS matched to the neighbor first. For example, suppose

Our second GA maintains a fixed number of edges iYerteX 8 in groupN; has one edge (2, 8), but edges (2, 6)

each graph representation. For generation of the initignd (2.' 7) are.also in the graph. During the in_itial greedy
population, the following technique is used. matching, vertices 2 and 6 are matched, leaving vertex 8

to become an extra match with 2. This conflict can cause

1. Set all positions in the chromosome to 0 initially. a chain reaction of rematchings until vertex 8 is finally
0 tolchrom1. graphs, we decided that giving priority to low-degreed

S ) vertices during matching might alleviate this problem.
3. If that position in chromosome is currently 0, change itrpjs, of course, also makes sense intuitively -- if there are
to 1; otherwise repeat the number generation until ibnly two possible matches for a vertex, there is a high

indicates a position that is 0. The repetition is necessaiyohability that the final matching will include one of
because we may have duplicates in the random numbg{sse edges.

sequence so we need to choose a different edge to add. . .
] ) . To that end, we developed three new versions of the basic
The crossover method is as follows, with processinggorithm described in section 3.2:

beginning at the first position in the chromosome: ) ) o
» Vertex-ordered greedy matchingluring the initial

which child has one less edge than the others currently. |o\est to highest.

2. If the position is a 0 in each parent chromosome, then pegree-ordered edge selectiouring all processing,
make the position 0 in both children. Likewise, if the maintain the edges lists of both the and N, vertices in
position is a 1 in each parent chromosome, then make thgder. For edgesu( v), this order is determined by the
position 1 in both children. degree of/ and is in increasing order.

3. If position is different in each parent: « Combination:Combine the two approaches.

a) if deficit=0 then generate a random numbéetween  Taples 1, 2, and 3 show the results of experiments with
0and 1. Ifr <0.5, then set the position to 1 in child 1 andine pasic algorithm and the three variations of density for
0 in child 2. Sedeficitto 2. Ifr 0.5, do the opposite yariable edge count graphs. Algorithms 1 through 4 are
and sedeficitto 1. the basic algorithm, vertex-ordered algorithm, edge-

b) if deficit= 1, then set position to 1 in child 1 and 0 inordered  algorithm, ~and  combination  algorithm
child 2. Resetleficitto 0. respectively.

c) if deficit=2, then set position to 0 in child 1 and 1 in We ran two sets of experiments. First, we ran the GA
child 2. Resetleficitto 0. generator forg generations and recorded the maximum

fitness reached. We did this 10 times for each set of

Because the number of edges (and therefore the nUMBEL ameters.  The numbers in the table represent the
of 1's in the bitstring) must remain constant, the mutation, - vimum. mean. and standard deviation of this data.

method must ensure that if an edge is added, another e &Basoning that longer chromosomes may require more

is removed and vice versa: time to converge, we usep= 200, 300, 400, 500 far =
1. For each mutated bit position, flip the bit by changing32, 64, 128, 256 respectively. The other GA parameters
0 to 1 and vice versa. were popsize=100, pcross=.9 andpmutation=.01. For

the variable edge count graphs, we used three different

2. If 0 was changed to 1 (so an edge was added), gener o : o .
a random number between 0 afdhrom1 and check the ?gﬁlﬂzs(g;(;s:fzr 2t;1eE(trens)ts: rslelgén% g1nede3d)%?nﬁ))r c;bab;l(;t%{[(ig that:

bit at that position. If the bit is 1 then change it to O.
Otherwise continue to generate a random numhentil
the bit at positiom is 1. Change that bit to O.

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

For the fixed edge count graphs, we used three
comparable densitied) m = n,2) m = n log n,and 3)m
= n sqrt(n).

(?H the second set of experiments, we used a random graph
generator with the same edge probabilities to produce a
comparable number of graphs. Ror= 32, 64, 128, we
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generated 20100, 30100, and 40100 random graphs Table 1: Maximum/Mean(Std. Dev.) Fitnesses for
Variable Edge Count Graphsefm)=n

respectively. For each density and valuengive ran the
algorithm variation 10 times and recorded the maxim

fitness produced. As with the GA data, the RA =32
information in the table includes the maximum, mean ahd\g. 1

standard deviation of these 10 runs. 2:9 g
Because we were using ttRANDONaANdom number Alg 4
generator, we were able to save the states of the ran Sne

number generator at various points. Before starting he_64
experiments, we created and saved 10 random numfb T 1
generator states. We did this by seeding the randp 9

number generator and running it f@©0,000 iterations. lg 2
We then saved the state. For the next state, we retriejy 3

&g
the first one and iterated 100,000,017 more times, sav| r@lg 4
the state at the end. For each of the other 8 states we Yised
the previous state and iterated 100,000,017 times. yv@&=128
used this approach rather than reseeding the randofg 1
number generator for two reasons. First, (ThomborspAlg 2
1993) has noted problems with nonrandomness in fhalg 3
beginning of the sequences with various generatoqrAlg 4
Second, determining on a truly random number wifh
which to seed each new start is virtually impossible. Withh=256
these two considerations, we believe that our approach g 1
the soundest. Alg 2

For each set of parameters, run 1 started with the ffAlg 3
random number state, run 2 started with the second, arﬁig 4

GA
184/151(28.3)
158/111(30.1)
168/126(23.1)
130/82(24.3)

GA
588/378(111.5)
472/257(99.7)
592/383(116.1)
232/169(32.5)

GA
1060/635(199.8)
886/442(168.9)
962/616(171.6)
448/343(66.9)

GA
1072/729(163.6)
1322/641(252.8)
1044/724(183.5)
866/601(160.3)

RANDOM
76/70(3.6)
66/60(4.0)
70/59(7.1)
52/49(1.9)

RANDOM
156/137(10.8)
156/125(13.5)
146/120(13 2)
136/102(13.1)

RANDOM
308/241(26.1)
234/214(11.7)
248/221(13.8)
216/201(6.5)

RANDOM
564/458(51.7)
444/397(29.7)
536/438(52.6)
438/378(31.5)

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 Table 2: Maximum/Mean(Std. Dev.) Fitnesses for
graphs generated using the random generators. We chose Variable Edge Count Graph&{m)=n log n

a large iteration in the states for the final experiments i

order to avoid this problem. n=32

Alg. 1
Our goal in doing these two sets of experiments WaSA|g 2
twofold. First, we wanted to determine whether the GA{ alg 3
based generator was capable of finding harder graphs (|ir)g\|g 4
terms of the number of pushes required) than the random
generator. Second, we wanted to compare the algorith =64
variations to see whether the same graphs are difficult fq rAIg 1

each. Alg 2
In looking at Tables 1-3, it is clear that, especially at th¢ Alg 3
lowest density, the GA generator is able to find Alg 4
significantly harder cases for the algorithm variations tha

are found using the random generator. At that density, tllen=128
maximums found by the GA are approximately 1.7 to 3. Alg 1
times worse than the maximums found by the rando Alg 2
generator. The means are 1.6 to 3.1 times worse. The GAp |y 3
based generator is not as successful at the high fAIg 4
densities, but in most cases, the graphs found are mdre
difficult than those produced by the random generato ‘=256
Graphs with higher densities are easier to match th Mg 1
graphs with low densities so it is not surprising that th g
maximum fitness decreases as we move to the right in t %:g g

table.
Alg 4

GA
118/101(7.5)
100/90(6.6)
70/53(6. 6)
52/41(3.8)

GA
238/197(15.3)
172/159(8.7)

164/122(26.4)
160/105(27.3)

GA
368/340(14.7)
350/301(22.5)
316/290(36.5)
286/255(15.2)

GA
686/628(33.0)
560/518(27.7)
756/ 605(63.7)
532/489(22.5)

RANDOM
66/60(3.9)
68/54(7.9)
42/42(0.0)
40/40(0.8)

RANDOM
138/129(5,3)
126/115(6.4)
114/106(7.4)
102/86(7.7)

RANDOM
352/255(35.4)
236/225(7.4)
224/209(11.4)
210/184(11.4)

RANDOM
508/480(15.3)
482/442(16.3)
442/400(20.8)
400/363(22.7)




Table 3: Maximum/Mean(Std. Dev.) Fitnesses for
Variable Edge Count Graph&{m)=n sqrt(n)

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.

n=32 GA RANDOM

Alg. 1 96/79(21.8) 42/40(0.6)

Alg 2| 40/40(0.0) 40/39(1.1) Table 4: Mean Improvement of Combination Algorithm
Alg 3 | 40/38(1.5) 38/37(1.0) over Basic Algorithm - Variable Edge Count Graphs
Alg 4 | 36/36(0.0) 36/36(0.0)

GA | RAN
n=64 | GA RANDOM E(m)=n
Alg 1 | 196/192(27)  98/86(5.4) n=32 | 77% 53.206
Alg 2 170/134(24.7) 100/78(8.4) n=64 80.5% 50.9%
Alg 3 92/85(5.2) 76/73(1.4) n=128 | 74.8% 45.3%
Alg 4 | 74172(0.6) 72/72(0.6) E(m) = nlog n

n=32 67.9% 45.8%
n=128 | GA RANDOM n=64 | 66.7% 48.9%
No 2 | 312360404  196640118) n=126 oriv | 48.2%
g . . -
Alg 3 | 186/167(8.8)  156/151(3.7) 232 | 57 3%E(m) 3 2%”1({)2
Alg 4 | 166/159(4.7)  152/144(4.9) . T
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 | 338/209(14.5)  302/292(5.2) 6 CONCLUSIONS

The GA-based generator shows promise as a tool for
exploring pathological cases for algorithms. In particular,
o X . :  succeeded in producing cases that were significantly
90n3|der|ng th_e vertex degrees in processing may yield g{, ey (up to 3.9 times) than those generated by a random
improvement in performance. In almost all cases, theenerator for the same algorithm. While we focussed on
hardest graph found for the degree-based variations is n tparticular graph-based problem, the same approach can

as difficult as the hardest graph found for the basigq taxen on other problems where the structure of the
algorithm. But this difference could possibly be attnbutedinput affects the performance of the algorithm
to the GA not being able to find and exploit structures that '

yield hard cases for the variations. We tested thighe work also suggested an adjustment to the
conjecture by running one of the variations (algorithm 4)Goldberg/Tarjan algorithm that may lead to a faster
on the graphs produced by the GA-based generator whédnning time on some input.  Early experiments show
the basic algorithm was used in the fitness function. Tablgromise, but more examination of the variation is needed
4 shows these average percentage improvement® ensure that the time for processing does not cause too
Clearly, the graphs that are difficult for basic algorithmmuch overhead in performance.

are not as difficult for the degree-based variation. So the
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Abstract to satisfy these requirements: being distributed, self-
organising and lightweight. In addition, Kim and Bentley
(1999a) introduced a number of remarkable features of
This paper investigates the role of negative  human immune systems that satisfy these three design
selection in an artificial immune system (AIS) goals. It is anticipated that the adoption of these features

for network intrusion detection. The work should help the construction of an effective network-
focuses on the use of negative selection as a pased IDS.

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.

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
1 INTRODUCTION immune systems is very complicated and sophisticated

and thus it is very difficult to implement perfect human
The biological immune system has been successful @hmune processes on a computer. However, as seen from
protecting the human body against a vast variety obther immunology literature (Paul, 1993; Tizard, 1995),
foreign pathogens (Tizard, 1995). A growing number ofan overall immune reaction is the carefully co-ordinated
computer scientists have carefully studied the success @ésult of numerous components such as cells, chemical
this competent natural mechanism and proposed computeignals, enzyme, etc. Therefore, the omission of crucial
immune models for solving various problems includingcomponents in order to make the development of AIS
fault diagnosis, virus detection, and mortgage fraudsimpler and more applicable may detrimentally affect the
detection (Dasgupta, 1998; Kephart et al,1995). ~ performance of an AIS. This implies that appropriate
~ Among these various areas, intrusion detection is artificial immune responses can be expected only if the
vigorous research area where the employment of apples of crucial components of human immune systems

artificial immune system (AIS) has been examinedare correctly understood and they are implemented in the
(Dasgupta, 1998; Kim and Bentley, 1999b; Hofmeyr,right way.

1999; Hofmeyr and Forrest, 2000; Forrest and Hofmeyr, "|n this paper, we continue our effort to understand the
2000). The main goal of intrusion detection is to detectoles of important components of artificial immune
unauthorised use, misuse and abuse of computer systegystems especially for providing appropriate artificial
by both system insiders and external intruders. Currentlymmune responses against network intrusions. Following
many network-based intrusion detection systems (IDS’spur previous work identifying three different evolutionary
have been developed using diverse approaches (Mykerjegages: negative selection, clonal selection, and gene
et al, 1994). Nevertheless, there still remain unresolvefibrary evolution, of AIS by extensive literature study
problems to build an effective network-based IDS (Kim(Kim and Bentley, 1999a; 1999b), this paper focuses on
and Bentley, 1999a). As one approach of providing thehe investigation of the roles of first stage: negative
solutions of these problems, previous work (Kim andselection. With implementation details of this stage, this

Bentley, 1999a) identified a set of general requirementsiork presents how and which aspects of negative
for a successful network-based IDS and three design goals
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selection can contribute to the development of ario each self pattern defined. If any randomly generated

effective network-based IDS. 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

2 BACKGROUND patterns of the monitored system. During the monitoring
stage, if a ‘detector’ pattern matches any newly profiled
21 NEGATIVE SELECTION OF THE HUMAN pattern, it is then considered that new anomaly must have
IMMUNE SYSTEM occurred in the monitored system.

. ) ~_ This negative selection algorithm has been successfully
An important feature of the human immune systems is itgpplied to detect computer viruses (Forrest et al., 1994),
ability to maintain diversity and generality. It is able totgo| breakage detection and time-series anomaly detection
detect a vast number of antigens with a smaller number @basgupta, 1998) and network intrusion detection
antibodies. In order to make this possible, it is e01Uipp<93Hofmeyr, 1999; Hofmeyr and Forrest, 2000; Forrest and
with several useful functions (Kim and Bentley, 1999a) Hofmeyr, 2000). Besides these practical results,
One such function is the development of matureD'haeseleer (1997) showed several advantages of
antibodies through the gene expression process. Thfegative selection as a novel distributed anomaly
human immune system makes use of gene libraries in twgetection approach.
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® ALGORITHM OVERVIEW

concatenated in a random order, see figure 1. The maif i \york used a negative selection algorithm to build an
idea of this gene expression mechanism is that a Vaﬁhomaly detector. This was achieved by generating

®Yetectors 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
Gene Library in this paper follows the algorithm of Forrest et al (1994,
1997), described in the previous section. ‘Self’ was built

combinations of gene segments in the gene libraries.

ST Antigen by profiing the activities of each single network

y D ﬂ g B . connection. The detail of self profiling is described in the

"""" \ M next section.

Mm M / Antibody Self Strings

H ﬂ Generate l
Random — Match s Detector Set
Figure 1 Gene Expression Process Strings

However, this mechanism introduces a critical problem. lyes
The new antibody can bind not only to harmful antigens Reiect
but also to essential self cells. To help prevent such elec

serious damage, the human immune system employs

negative selection. This process eliminates immature Figure 2 Detector Set Generation of
antibodies, which bind to self cells passing by the thymus a Negative Selection Algorithm (Forrest et al, 1995)
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 g
throughout the whole human body to monitor other living i

cells. Therefore, the negative selection stage of the human

Detected
Non-self

immune system is important to assure that the generat%d Detector Set i — i Match i —
antibodies do not to attack self cells. yes

2.2 THE NEGATIVE SELECTION ALGORITHM

Forrest et al (1994; 1997) proposed and used a negative ] ] ) )
Seiection algorithm for Various anomaiy detection Even though th|S WOI’k fO||OWS the Imp|ementatlon detaI|S
problems. This algorithm defines ‘self by building the of Forrest et al's negative selection algorithm, there are
normai behaviour patterns Of a monitored System_ |£WO |mp|ementat|0n detaI|S d|ﬁerent from Forrest et al
generates a number of random patterns that are comparé94, 1997). In the encoding of detectors, each gene of a

Figure 3 Non-Self Detection by a Detector Set



detector has an alphabet of cardinality 10 with valuegt NETWORK TRAFFIC DATA VS

from ‘0’ to ‘9’ and the allele of this gene indicates the NETWORK INTRUSION SIGNATURE
‘cluster number’ of corresponding field of profiles. As

presented in the next section, the self profile built fromThe data chosen for this work was collected for a part of
the first data set has 33 fields and this number determingise ‘Information Exploration Shootout’, which is a project
the total number of corresponding genes in the detectorproviding several data sets publicly available for
From these 33 fields, the values of 28 fields areexploration, discovery and collecting the results of
continuous and the values of the other 5 fields argarticipants. The set used here was created by capturing
discrete. Specifically, the continuous values of 28 fieldsTCP packet headers that passed between the intra-LAN
show a wide range of values. In order to handle thisind external networks as well as within the intra-LAN.
various and broad range of values, an overall range of redhis set consists of five different data sets. The TCP
values for each field is sorted. Then, this range igacket headers of the first set were collected when no
discretised into a predefined number of clusters. Théntrusion occurred and the other four sets were collected
lower bound and higher bound of each cluster aravhen four different intrusions were simulated. These
determined by ensuring that each cluster contains thétrusions areiP spoofing attack, guessing rlogin or ftp
same number of records. This modification is necessary ipasswords, scanning attaekd network hopping attack.
order to save the length of encoded detector. The details of attack signatures and attack points of the

Furthermore, our implementation of measuring thefour different attacks are not available.
similarity between a generated detector and a self profile The data originally had the fields of network packets
is operated at the phenotype level while Forrest et al'§apturing tool’s format such as time stamp, source IP
(1994, 1997) is performed at the genotype level. In ordepddress, source port, destlngu_on IP _address, destination
to measure the similarity between a given detector and ROrt, etc. However, the primitive fields of captured
self, the genotype of a detector is mapped onto aetvyork packets were not enough to build a meanlngful
phenotype. The phenotype mapped from the evolvegrofile. Consequently, it was essential to build a data-
genotype is represented in a form of a detector pattern. A¥ofiling program to extract more meaningful fields,
shown in figure 5, a field of a detector phenotype iswhich can distinguish “normal” and “abnormal”. Many
represented by an interval having a lower bound and gesearchers have identified the security holes of TCP
higher bound while a field of a self phenotype isProtocols (Porras and Valdes, 1998; Lee, 1999) and so the
described by one specific value. Hence, the first step dields used by our profiles were selected based on the
measuring the similarity checks whether a value of eacRxtensive study of this research. They were usually
field of a self pattern belongs to a corresponding intervafiefined to describe the activities of each single
of a detector phenotype. When any value of a self pattefgPnnection. ]
field is not included in its corresponding interval of a The automated profile program was developed to
detector phenotype, these two fields are not matche@xtract the connection level information from TCP raw
Similarly, for a nominal type of field, two fields match packets and it was used to elicit the meaningful fields of
when the values of fields are identical. the first data set. _ o

The final degree of similarity between a given detector For each TCP connection, the following fields were
and self example follows the same matching function ofxtracted: -~ o _
Forrest et al (1994), the r-contiguous matching function. ~ Connection identifier: each connection is defined by
Thus, the degree of similarity is measured simply by four fields, initiator address, initiator port, receiver
counting the matching corresponding fields. For instance, ~address and receiver port. Thus, these four fields are
if an activation threshold, r, is set as 2, the detector included in the profile first in order to identify each
phenotype and self phenotype in the figure 4 will match ~ connection.

since two contiguous fields, “Number of Packet” and  Known port vulnerabilities: many network intrusions
“Duration”, match and this number of contiguous  attack using various types of port vulnerabilities.
matching fields equals to the activation threshold.  There are fields to indicate whether an initiator port
However, if this threshold is set as 3, it is regarded that or a receiver port potentially holds these known
two phenotypes do not match. 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
Self Phenotype = check the occurrences of 3-way handshaking errors.
( Number of Packet = 14, Duration = 0.37,
Termination = “normal’, ....etc)

Detector Phenotype =
( Number of Packet = [10, 26], Duration =[0.3, 0.85],
Termination = “half closed', ... etc)

Traffic intensity: network activities can be observed
by measuring the intensity over one connection. For
Figure 4: A Detector Phenotype and a Self Phenotype example, number of packets and number of kilobytes

! Available athttp://iris.cs.uml.edu:8080/ network.html
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for one specific connection can describe the normal Table 1 Self Profiles

network activity of that connection. i .
nter-connection
Thus, in total, self profile fields had 33 different fields for Class Number of
the data set. Even though the network profile fields were Connection
extracted to describe a single connection activity, the data
used in this research was too limited to apply this initial {27, (* 80)} 5292
profile. The limit was that the data was collected for a {2, %), (*, 53)} 919
quite short time, around 15~20 minutes. During this brief —
period, most different connections were established only {27, (. 113)} 255
once. An insufficient quantity of data was collected to {2, %), (*, 25)} 192
build different connection profiles. Therefore, it was
necessary to group different connections into several {2, %), (*, well-known)} 187
meaningfulcategories until each category hadudficient {(2, %), (*, not well-known)} 756
numberof connections to build a profile. Consequently, a
total number of connections for each potential profile {(2,53), (")} 940
category were counted. {2, 25), (*, "} 352
First of all, the data was categorised into two different —
groups: ‘inter-connection’ and ‘intra-connection’. Inter- {(2,113), ()} 145
connection was the group of connections that were {(2, well-known), (*, *)} 114
established between internal hosts and external hosts, and —
intra-connection was the group of connections that were | {(2, not well-known), (¥, )} 6050
established between internal hosts. Furthermore, to Intra-connection
preserve anonymity, all internal hosts had a single fake
address ‘2’ and any extra information about external hosts {2, 7). (2, well-known)} 190
and network topology was not provided. Therefore, the | {(2, *), (2, not well-known)} 189

profiles according to specific hosts were insufficient.

Instead, in this research, only the profiles of specific ports
on any hosts were considered. 5 EXPERIMENT OBJECTIVE

Aglqotzdigg to vgrious pk;)ssibI? CaLegorie]cﬁ, theAlthough previous work using a negative selection
established connection number of each profile wag,,ithm for anomaly detection (Forrest et al 1994;
counted. From each case, apart from a profile class thi‘)tasgupta 1998; Hofmeyr, 1999) showed promising
had more than 100 connections, other profile classes wefggjis, there had been little effort to apply this algorithm
again grouped into other different classes until each cla vast amounts of data. One distinctive feature of a
had more than 100 connections. Finally, 13 different selhepyork intrusion detection problem is that the size of
profiles were built. Their class names and the number Qfizia which defines “self’ and “non-self’. is enormous. In

established connections are shown in table 1. __ order for this algorithm to be adopted to a network-based
In tabllel, the class column of inter-connection ispg, it is important to understand whether this algorithm
shown as: {(a,b),(c,d)}, where ‘a’is an internal host, 0" iSjs capable of generating detectors in a reasonable
a internal port number, ‘c’ is a external host address angomputing time. In addition, it is essential to examine
d' is an external port number. Hence, the connection igyhether its tuning method, which derives an appropriate
established between (a,b) and (c, d). For the class columpmper of detectors to gain a good non-self detection rate,
of intra-connection, ‘a’ is an internal host address, ‘0’ iSyorks when it is used on the huge size of real network
an internal port number, ‘c’ is an internal host address angdata. Therefore, a series of experiments were performed

‘d’ is an internal, port number. * indicates ‘any’ host g jnvestigate these two significant features of the
address and ‘any’ port number. In addition, “well-known” negative selection algorithm.

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 pof DATA AND PARAMETER SETTING
numbers of commonly used IP services, suchftps
telnet, http are fixed and belong to this range. But, man
common IDnetwork services egmploy an %uthenticatio)r/?'l SETTING

procedure and intruders often use them to sniffAs presented in section 4, the data used in this work
passwords. It is worthwhile to monitor these portsproduced thirteen different self profiles. From 13 different
separately from the other ports. Therefore, if the numbeself sets, one self set, {(2, *), (*, 25)} in table 1, which
of connections for any profile category, which is based omas relatively smaller number of examples, 192, was
a specific port on any hosts, is not sufficient, thesegelected for the following experiments. From the total of
categories are reg“rouped INto two new classes, a “welkg2 examples of the selected self profile, 154 examples
known” port and a “not well-known” port. were used for generating detectors and 38 examples were




applied for testing generalted d_etectors. In addition, t_havoid the matching a self profild, and N, in table 2

detectors were tested on five different test sets. Thg f'r%llows the same tendency.

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 setg,p|e 2 Number of required detectons, and number of trials

have 273, 19.0’ 115.1’ 273 _and 500 examples_ respectlvgly. to generate required number of detectupﬁ,when false
As described in section 3, the negative selection ; ! ]

algorithm used in this paper employed the r-contiguou@eQat'Ve errorP;, and the threshold of r-contiguous matching

matching function. For the following experiments, its function are given. These numbers are calculated when a self

matching threshold should be defined. In order to definestring length, | = 33, an alphabet cardinalityn = 10 and the

this number, the formulas to approximate the appropriate number of self stringsNg = 192.
number of detectors when a false negative error is fixe
(D’haeseleer, 1997; Forrest et al, 1994) were used. Thesg P; r=3 r=4
formulas are as follows (Forrest et al, 1994) :
" ( ) N | Ny N, N,
P M N(m D/m ... (2) 0.2 51 21053 535 955
Pn Ni ............................. 2) 0.1 73 31382 766 1366
S 0.05 95 40829 997 1777
where, 0.01 146 62765 1532 2733
P, thematchingorobabiliyy betweeradetectostringand

arandomlychoserself string,
N, thenumbeof self strings, Even tho_ugh this formula is clearly usef_ul to predlc_:t
the appropriate number of detectors and its generation
M thedetectogenotypalphabetcarinalty, number, its predicted number showed how infeasible this
| thedetectogenotypestringlengthand approach is when it is applied on a more complicated but
r = the threshold of r-contiguous matching function.  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

SinceNg,m, | are already known; can be calculated by the matching threshold is 3. Similarly, when we define the

using equation (1) and (2). The calculatesvas used in matching threshold as 4, it predicted 535 for the former

the following equation in order to derive an appropriate?"d 955 for the latter. In addition, it was observed that
number of detectorsN, . and a total number of trials to when we fixed the matching threshold number as four and
ro

~ ran the system, the system could not manage to generate
generate these detectordl, , when the false negative 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.

S

error, P; , is fixed (Forrest et al, 1994).

In P 3) and Thus, for the following experiments, we generated

r p, valid detectors by setting a matching threshold number
that allowed a system to generate a valid detector in a
In P; reasonable time. It was observed that the average time of
N, W ____________ (4) single successful detector generation took about 70sec
m m CPU time and the average number of trials to generate a

valid detector was 2~3 when a matching threshold was

The selected self set, {(2, *), (*, 25)}in table 1, was usednine. These results were gained after running the negative

for calculating N, and N, when P is fixed. Table 2 selection_algorithm for preIimina_ry experiments. This
0 number is used as the matching threshold for the

shows calculatetd, and N, using (3) and (4) when following experiments. The details of these experiment

P, andr have various values results are described in the next section.

(D’haeseleer, 1997; Forrest, et al, 1994) showed tha? EXPERIMENT RESULT
the larger matching threshold drives the creation of less
general detectors and thus it requires a larger number &fve different sets of detectors were generated after the
detectors but a smaller number of detector generatioAlS with the negative selection was run five times. Even
retrials. This is because less general detectors are easieitiough 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
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The means values are followed by the variances in the parentheses.

Num. Of Intrusionl Intrusion 2 Intrusion 3 Intrusion 4 Intrusion 5 Test Self Set

petectors | (o) (%) (%) (%) (%) (%)
100 9.45(2.11) 10.11(8.50) 11.14(9.44 10.62(4.03) 0.48(0.012) 7.89(17.B1)
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(29.0B)
400 13.33(2.79) 12.32(11.30) 14.58(10.1§ 14.36(6.87) 1.28(0.112) 10.53(31.16)
500 13.55(3.15) 12.74(13.63) 14.89(10.44 14.51(7.3%) 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(0.348) 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)

detection rate. After taking into account practicallyexcept intrusion 5. This implies that the collected self and
reasonable time to generate a whole data set, up to 1080n-self sets perhaps have some overlapping patterns
valid detectors were generated per run. All experimentbecause they showed quite similar detection rates. Thus
were run on a PC with AMD K6-2 400Mhz processor andgenerated detector sets completely failed to distinguish

128M RAM.

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

Table 4Time is an avarage time of single detector generation detector generation time. If, for example, we wanted a
and Trial is an average trial number to generate a single detectanore usable 80% non-self detection rate, 643775165
The average values are followed by the standard deviations indetectors would be required (this humber is also obtained

parentheses. from equation 3). The largest size of a generated detector
System Time (Sec) Detecior set, 1000, was much smaller than this number and this
RuUN Generation caused such poor results. In addition, each run already
Trial to_ok about 20 houfsto generate 1000 det_ectors. If we
1 58.71(26.85) 2.80(2.16) wished to generate 643775165 detectors, it would require
2 67.29(28.88) 2.21(1.65) 12517850.4 hours, or about 1,429 years on the same
3 73.75(33.72) 2.81(2.22) computer. According to Moore's Law, the processing
4 78.48(39.86) 3.12(2.69) speed of computers doubles every 18 months. We would
5 69.64(26.62) 2.72(2.07) have to wait around 35 years before the average
Average 71.81(32.75) 2.63(2.14) 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.
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 e ANALYSIS

matching threshold is four, which did not generate any, contrast to the promising results shown in Hofmeyr's
single detector after 24 hours, these results certainly Iootlfegative selection algorithm for network intrusion
more applicable. We monitored five different non-selfgetection (Hofmeyr, 1999; Hofmeyr and Forrest, 2000),
sets and one previously unseen self sets after every 1@ results of these experiments raise doubt whether this
detector generation and the monitor results of fivealgorithm should be used for network intrusion detection.
different runs are shown in table 4. The overall non-selfn order to answer this question, the negative selection
detection rate was very poor: less than 16%. In particulaglgorithm for network intrusion detection is analysed in
the non-self detection rate for the last intrusion set, whiclletail.

was artificially generated by random strings, is extremely The main problem of the negative selection algorithm
low and its maximum average non-self detection ratés a severe scaling problem. Unlike previous work using
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 differeritSince it took, on average, 72 seconds to generate each detector, 72000

from the other four average non-self detection rate%iﬁcr)gds were needed to produce 1000 detectors. 72000 seconds are 20




the negative selection algorithm for anomaly detectionalso suggested in order to extract this type of correlation
here we apply a much larger “self” set to the negativdrom given self and non-self network traffic examples.
selection algorithm. The definition of larger “self” set was  But, if any new matching function is employed,
essential to cover diverse types of network intrusions. FoD’haeseleer’s (1997) formula is no longer valid. There is
instance, (Hofmeyr 1999; Hofmeyr and Forrest, 2000no way to tune the right number of detectors for negative
defines “self” as a set of normal pairwise connectionselection. Therefore, this difficulty may force the negative
between computers. These include connections betweaelection algorithm to adopt an arbitrary number of
two computers in the LAN and between one computer imetectors and this may cause an unexpectedly low
the LAN and external computers. The connection betweedetection accuracy or inefficient computation by
computers is defined by “data-path-triple”: (the source IRyenerating more than sufficient number of detectors. In
address, the destination IP address, the port called for thégldition, D’haeseleer's (1997) new detector generation
connection). This self definition is chosen based on thalgorithms using a linear-time algorithm and a greedy
work by (Heberlein, et al, 1990). However, as other IDSalgorithm that guarantees a liner time of detector
literature pointed out (Lee, 1999), this self definition isgeneration is also not applicable when a different
very limited in order to detect various types of networkmatching function is used.
intrusions and it will certainly be impossible to detect In summary, it is necessary to use a more sophisticated
some intrusions that occur within a single normalmatching function to determine the degree of correlation
connection such as unauthorised access from a remagenong significant network connection events and
machine. temporal co-occurrences of events. This requires deriving
However, as observed in section 4, when the seld new way to tune an appropriate number of detectors,
definition widens, a binary string to encode a detectowhich can be used for more sophisticated matching
lengthens. As the result of long length of binary detectordunction.
an appropriate number of detectors to gain an acceptable These drawbacks of the negative selection algorithm
false negative error becomes huge and thus requires amde the AIS struggle to monitor vast amount of a
unacceptably long computation time. Our previousnetwork self set despite its other important feafures
experiment results clearly show this problem. Consequently, the initial results of our experiments
It should be noted that Hofmeyr (1999) developed anotivated us to re-define the role of negative selection
refined theory and multiple secondary representations argtage within an overall network-based IDS and design a
these help to reduce the number of trials to generat&ore applicable negative selection algorithm, which
detectors on structured self as much as three ordefellows a newly defined role. As much of the other
magnitude less. These methods made the distribution ofisnmunology literature (Tizard, 1995) addresses that the
self set clump and it resulted in the reduction of theantigen detection powers of human antibodies rise from
number of detector generation trials. However, the refineghe evolution of antibodies via a clonal selection stage.
theory and secondary representations add extra space aidiile the negative selection algorithm allows the AIS to
computing time. More importantly, all of the suggestedd€ an invaluable anomaly detector, its infeasibility to be
secondary representations, such as pure permutatioaPplied on a real network environment is caused from
imperfect hashing and substring hashing, are matchinglloc_atlng a r_ather overamb_ltlous tasl_< to it. To be more
rules which check matching only on genotypes.Precise, the job of a negative selection stage should be
Unfortunately, matching rules that operate only at thdestricted to t_ackle a more modest ta_sk that is closer to the
network intrusion detection problem. This deficiency can'S Simply filtering the harmful antibodies rather than

be explained by unravelling the problem of r-contiguousdenerating competent ones. This view has been
matching function. corroborated by further work (Kim and Bentley, 2001)

We used the r-contiguous rule to check the matchvhich has recently shown how succesful the use of clonal

between a given detector and antigen. The main purpoé:.glection with a negative selection operator can be for this
of using it was in order to employ the formula to tYPe Of problem.

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 yofmeyr and Forrest (2000)'s final system employs some other
between rather complicated and high-dimensionakxtensions to support the operation of AIS under a real network
patterns. It has been already known that most rules tenvironment. Among them, affinity maturation and memory cell

; ; ; ; ; neration follow the clonal selection concept and these provide
represent intrusion signatures describe correlation amor?kind of evolution of a detector set distributed on monitored

significant network connection events and temporal COpgsts. However, it still uses only the negative selection

occurrences of events (Lee, 1999; Porras, 1998). Since thgjorithm to generate an initial detector set. Even though it may
r-contiguous bit matching only measures the contiguousonform to human immune systems more closely, this approach

bits of genotypes of given two strings, it is hard tocould require excessive computation time to generate the initial
. . N detector set, if a broader definition of self is used. In addition,
guarantee that the r-contiguous bit matching can catch thife sefulness of initial detectors is not proven before they are

kind of correlation from given self and non-self patternsdistributed to other hosts. This may also cause a waste of other
The wider range of self definition shown in section 4 iscomputing resources.
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9 CONCLUSIONS 14th Intl. Joint Conf. on Atrtificial Intelligence, Montreal,

. . . . ~ August pp.985-996.
This paper has investigated the role of negative selection

in an artificial immune system (AIS) for network Kim, J. and Bentley, P. (1999a), “The Human Immune
intrusion detection. The negative selection stage withirSystem and Network Intrusion Detectio’th European
our AIS was implemented following the algorithm createdConference on Intelligent Techniques and Soft Computing
by Forrest et al (1994; 1997) and applied to real networkEUFIT '99), Aachen, Germany

data. The experiments showed the infeasibility of this . ; i
algorithm for this application: the computation time Kim. J. and Bentley, P. (1999D), “The Artificial Immune

needed to generate a sufficient number of detectors godel for Network Intrusion Detection/th European
completely impractical. onference on Intelligent Techniques and Soft Computing

This result directs this research to re-define the role OQEUFIT’99), Aachen, Germany

negative selection algorithm within our overall artificial Kim, J. and Bentley, P. (2000), “Negative Selection
immune system framework. Current work is nowwithin an Artificial Immune System for Network

investigating the intrusion detection mechanism of thdntrusion Detection”the 14th Annual Fall Symposium of
clonal selection stage. A new understanding of the task dhe Korean Information Processing Society, Seoul, Korea
the clonal selection stage has now resulted in th?(im
development of a more appropriate use for negativ
selection as an operator within a novel clonal selectio

, J. and Bentley, P. (2001), The Atrtificial Immune
ystem for Network Intrusion Detection: An
rI‘nvestigation of Clonal Selection with a Negative

algorithm (Kim and Bentley, 2001). Selection Operator. Submitted to CEC2001, the Congress
on Evolutionary Computation, Seoul, Korea, May 27-30,
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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 0.35um standard cell technology.

Introduction

E-Mail: wakaba@computer.org

a large amount of computer resources.

Another common approach to high-speed execution of a
GA is to implement it as hardware. For example, Seobtt

al. proposed a hardware-based GA, which was an imple-
mentation of a steady-state GA using beld programmable
gate arrays (FPGAS) [7]. Yoshidd 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 difpculty to realize the programmability. In fact, in
most of hardware GAs, GA operators such as crossover and
mutation were Pxed 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 efbcient 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

in 1970s as s_earch algorithms bas.ed on the mechanics 8t GAs. Newly added instructions can be classibed into
natural selection and natural geneucs.[l]. GAs are knoWr}hree groups. The Prst group consists of bit-oriented in-
to be robust and effective search algorithms for Iarge-scales,[ru ctions, because GA operators such as crossover often

co'mpllex opt|m|zgt|on problems, and many r_esults on ap'require bit-oriented operations. The second group consists
plications of GAs in various areas of engineering have bee

'bf instructions concerning with random numbers. Since a
reported. GA frequently uses random numbers, the computation time
However, the major drawback of GAs is their slow exe- for generating a pseudo-random number has a heavy ef-
cution speed when they were implemented and executef@ct on the performance of GA execution. The proposed
on a conventional computer. To overcome this drawbackprocessor has a pseudo-random number generation circuit,
several approaches have been reported. Several auth@®sd in each clock cycle, a pseudo-random number is gener-
have proposed parallel GAs, which may be classibed int@ted. The processor has several instructions using random
three classes, namely, massively parallel GAs, parallel isnumbers, which are very effective to shorten the computa-
land model GAs, and parallel hybrid GAs [6]. In general, tion time of selection, crossover, and mutation. Finally, the
parallel processing of GAs achieves a good performancehird group of instructions added to the proposed proces-
In addition, since parallel GAs are usually implemented assor consists of SIMD instructions, which are mainly used
software, it is easy to implement any kind of GAs. The to implement a crossover operation.
main disadvantage of parallel GAs is that it often requires
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Since a GA is implemented as software on the proposedign.

processor, any kind of GA can be realized. Preliminary,

experiments show that, using the instruction set of the pro
er

posed processor, more than 90 % reduction of the numb . .
: cessor. Since any type of GA can be realized as software
of clocks to execute GA operators such as 2-point crossover -
n the proposed processor, full programmability is assured.

can be achieved. The processor has been designed wi ; . ; 7 .
. e . o achieve efpbcient execution of a GA, a special instruction
the Verilog Hardware Description Language to be |mpIe-Set is devised

mented as a VLSI chip with &.35um standard cell tech-
nology.

In this paper, to realize full programmability with high per-

formance of GA execution, we propose a new RISC pro-

. . . i 2.2 Properties of a GA
This paper is organized as follows. Section 2 presents the

architecture and the instruction set of the proposed RISClo develop a processor tailored for executing a GA efb-
processor. Section 3 discusses the VLSI design and theiently, brst, we summarize the general properties of GAs.
performance estimation on GA execution of the proposedrhat is, we discuss what types of operations are frequently

processor. Finally, in Section 4, we conclude this paper.

2 Processor Architecture

2.1 Genetic Algorithms

Genetic Algorithm (GAjs 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 specibc 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 efpciently.
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 efpciently performed on the
ordinary processors. To realize programmability on the
hardware-based GAs, using programmable logic devices
such as beld programmable logic arrays (FPGAS) to con-

struct a GA engine is one solution, and several authors have 3.

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 difpcult 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

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 af 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 specibed 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.

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.

under timing and hardware resource constraints. In addivwhen a GA is implemented as software on a general-
tion, presently, the level of HDL coding is generally lower purpose processor such as Pentium-lll, UltraSPARC, etc.,
than the level of programming with a high level program- due to the properties listed above, we would face some
ming language such as C, although there has been mudifpculties to implement a GA efpciently. First, since

effort to improve the productivity of HDL-based LSI de- general-purpose processors were normally designed for



word-oriented operations, it is inefbcient to realize bit- rs[racra+rc-1]  rs[ra:ra+rc-1] and rd[ra:ra+rc-1].
oriented operations.

Second, in the usual software implementation of a GA,Z' RNG related instructions.

a random number is generated with some pseudo-randoithis category includes 5 instructions related with the ran-
number generation algorithm. A pseudo-random numbedom number generation (RNG). As explained in the next
generation algorithm is implemented with, at least, 10 in-subsection, the proposed processor has a pseudo-random
structions, and normally, more than 50 instructions. Sincenumber generator, which generates a 96-bit pseudo-random
a GA frequently requires random numbers in its executionnhumber in each clock cycle.

we cannot neglect the performance overhead of random

number generation. RSTRNG [ra][rb][rc]

Third, although some GA operations such as crossoveThis instruction initializes the random number generator by
could be realized as SIMD instructions, a general-purposeetting a number stored in registaes rb, andrc as its
processor does not support any SIMD instructions. initial value.

2.3 Instruction Set SRNI [rs][imd]

From the observations described in the previous subsectior, IS instruction ?jetlsj arandom number to regisiewhose
.imd-1].

an instruction set of the proposed processor was designer(‘]mge i90 ..
so that a GA can be implemented as software to realize the i i
high-speed execution of it. Since instructions which ordi- 3 SIMD instructions

nary general-purpose processors supported such as aritiihis category of instructions contains 4 SIMD instructions.
metic and logical instructions, load/store instructions, and

S0 on, are also required in the proposed processor, we adoRR [rs1][rs2][imd]

the DLX architecture, proposed in [3], as a base architec-

ture, and all DLX instructions except Roating point arith- This instruction rotates registersl andrs2 simultane-
metic ones are also supported in the proposed processdtusly in the right direction witimd bits.

Floating point arithmetic instructions will require a large

amount of hardware resources, and since we have a restri¢he original DLX architecture has three instruction for-
tion that the processor will be implemented on a CMOSMats, denoted I-type, R-type, and J-type. To implement
standard cell wit#.9  4.9mm? chip area, we have to ex- the new instructions describpd abovel we add three; new
clude them. In addition to the original DLX instruction set, instruction formats, called 10-type, RO-type, and RO-type,
we add a set of 27 new instructions tailored to execute #hown in Figure 1.

GA efbciently. Those instructions are classibed into three

H H H H 6 5 5 16
categprles listed below. Table 1 summarizes those new in- type [opcode] rsi | rs2 | g |
structions. Due to the lack of space, only a few instructions load/store for byte, halF-word, word
in each categories are actually explained. immediate opefation

6 5 5 5 11
L : . R-type [ opcode] rs1 | rs2 | rs3 [  function |
1. Bit-oriented instructions register-register operation

function specifies data-path operation

In this category of instructions, only a specibed part of a 6 2
word is treated as an operand. In this category, there are J-type | opcode] offset |

16 instructions consisting of arithmetic, logical, and move Jump, Jumpé&Link

instructions. Examples are shown below: B 6 5 5 u 5
16-type| opcode| rs1 [ imd1 | imd2 | |
MOVB [rs][rd][ra][rb][rc] set_rand_bits
. . . . . 6 5 5 5 5 5 1
This instruction moves some bits in the source register to RO-typg opcode| rs1 | rs2 [ rs3 | rs4 [ rs5 |d]
the destination register. That is, bit operation
6 S S 5 5 5 1
rs[racra+rc-1]  rd[rb:rb+rc-1]. ROO-typepcode] rs1 | rs2| i3 | i4 | 5 [d

immediate bit operation

ANDB [rs][rd][ra][rb][rc]

This instruction performs AND for the specibed bits in the Figure 1. Instruction formats.
source and destination registers. That is,
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Table 1: DLX-GA new instruction set.

Mnemonic

Bit-oriented instructions
XCB, XCBI

Explanation

Operate on only a speci ed part of a word
Exchange bits, exchange bits immediate

CMPB, CMPBI Compare bits, compare bits immediate; the least
signibcant 1 bit specibes 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 Rag

2.4 GA-oriented RISC Architecture performance [5], and hence a pseudo-random number gen-
erator (RNG) based on cellular automaton is sufpcient to
Jenerate 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
DLX-GA is a 32-bit RISC processor. As mentioned, DLX- was statistically better than the former when each was used
GAis designed based on the DLX processor [3], and hencg a GA implementation.

most of the characteristics of DLX-GA is the same as DLX. o .

DLX-GA has a uniform 32-bit instruction format, and a Interrupt hand[lng is also supportgd in the processor. When
load/store architecture. We adopt the Harvard architecturé?cC€Pting an interrupt from outside of the processor, the
and the instruction memory bus and the data memory buBrocessor startg an !n_terrupt 'handlmg routine. With the in-
are separated. There is an on-chip instruction cache, plgrrupt mechanlsmz itis possible to construct a parallel GA
no data cache due to the restriction of hardware resourceSYStem by connecting several DLX-GA processors.

The register ble implements general-purpose registers with

32 words of 32 bits. 3 VLSI Implementation and Performance

The datapath of DLX-GA is embedded in a 6-stage pipeline Estimation

consisting of an instruction fetch stage, an instruction de- ]

code stage, two execution stages, a memory access stager  VLS! Implementation

and a write-back sFage. To implement SIMD mstructlons,The DLX-GA processor will be fabricated as a standard

two ALUs are equipped. Furthermore, a pseudo-random .

number generator (RNG) based on a cellular automatoﬁ’e” LSl with a 0.3%m 3 metal layer CMOS technology,

based algorithm [8] is included in the datapath. This RNGWhICh will be fabricated by Rohm Corporation by July
: ; 2001.

generates a 96-bit pseudo random number in each clock cy-

cle. The generated number is them multiplied with a con-The DLX-GA chip was Prstly designed in the hardware de-

stant given by the instruction to produce a random numbesscription language Verilog-HDL [10] on register transfer

within the specibed range. As noted before, the quality oflevel (RTL). Each pipeline stage of the DLX-GA was de-

random number generations will merely effect on the GAsigned as a module. In addition to these modules, there are

Figure 2 shows the overall architecture of the propose
RISC processor, called DLX-GA. Specibcations of the
DLX-GA processor are given in Table 2.
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Figure 2: DLX-GA architecture.

Table 2: Specibcations 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 ble 32 bits 32 words
Interrupt 2 level
Clock 100 MHz

some submodules and some sub-submodules. For instan@®ntaining more than 20,000 gates were synthesized sepa-
the ID stage includes a register ble and a forwarding conrately. Finally, all of the hierarchy of the HDL description
troller as its internal submodules, and the EX stage has twof the DLX-GA were removed, and the whole circuit was
ALUs and the RNG as its internal submodules. Each ALUsynthesized as a [3at structure.

has a bit-oriented operation module, a shift operation mod-
ule and an ordinary arithmetic and logic operation module

. Table 3: Synthesis result of DLX-GA.
as its internal submodules.

) Number of cells 20,401
After HDL coding of modules, each module of the DLX- Number of nets 20.507
GA was simulated separately on the functional level with Number of FFs 2:074

CadenceOs Verilog-XL simulator. After this initial veribca- Combinational area 32.708
tion, several modules were combined to a larger unit and Noncombinational area 14,527
simulated again. Finally, simulation of the complete DLX- Total area 47512
GA was carried out. Several test programs were developed Critical path ps] 9.25
with a DLX-GA assembler which we have developed, and

simulated on the whole HDL description of the DLX-GA.
Table 3 shows the synthesis result of the DLX-GA chip

The veribed Verilog description on register transfer |eve|except for the memory macro cells. Table 4 shows the syn-

was fed to SynopsysO Design Compiler to synthesize a gafesis result of each pipeline stage. Here, EX1 stage and
level circuit. We use a CMOS 0.pfn standard cell library  £x2 stage were synthesized together. A cell in these tables
for the synthetic cells and make use of 5 8-bit 512-word j,e5ns a basic gate such as AND gate, OR gate, a com-

memory macro cells to compose the 40-bit 512-word in'pound gate such as AND-OR-INV, and a latch such as D-
struction cache. To obtain good synthesis results, modulegg And a unit area is corresponding to a 2-input NAND
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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 hs] 8.59 4.13 9.05 8.97 1.05

gate. From Table 3, the whole circuit except the memoryAfter the placement and routing, using back-annotated de-
macro cells consists of around 20,000 standard cells, whiclay data in the Standard Delay Format (SDF), static timing
is roughly equivalent to 48,000 2-input NAND gates, and analysis was carried out on SynopsysO Design Compiler.
is 1.6 times larger than the original DLX processor. FromSimilarly, using SDF, post-layout simulation was also car-
Table 4, the critical path of EX1+EX2 is 9.65 and is  ried out. These veribcations proved that the timing was met
roughly the same as that of IF and MEM. This is due toto the given constraint.

the division of the EX stage of the original DLX pipeline

into two stages. Therefore, the two EX stages (EX1+EX2)3 5 performance Evaluation

which perform several complex operations (e.g., the bit-

oriented operations), does not become a bottleneck in thg, this subsection, we show how much effective the pro-
6-stage pipeline of the DLX-GA. posed instruction set of the DLX-GA is. We wrote two

The layout of the DLX-GA was carried out with Avant!Os tYPical GA functions with theC language, one of which
ApolloXO layout tool. Starting from the Roorplan, the IS the.typlcal 2-point crossover, and the other is the swap
placement and routing were controlled by the timing con-mutation for the traveling salesman problem. Then, two
straints (e.g., target clock frequency). The placement wagOUrce programs were compiled with the GNU C Compiler
executed by employing ApolloXOOs static timing analysis(9cc) to obtain the assembly codes of the DLX processor.
engine. After the placement, clock tree synthesis was caf-0" the proposed DLX-GA processor, since no compiler
ried out. was currently available, we got the assembly codes from
the DLX assembly codes by rewriting the assembly codes
The chip image of the DLX-GA is shown in Figure 3. The py hand, and translating them to the machine codes by us-
chip size is4.9 4.9 mm?2. Standard cell logic was placed ing the DLX-GA assembler. Then, we compare the num-
in the middle of the chip and memory macro cells wereper of clocks to execute the respective programs. Table 5
placed on the boundary of the chip because it was prohibshows the results. From the table, the proposed processor
ited to route signal wires over memory macro cells. 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,
Figure 3: Chip image. problem 1 is the maximization of function'® and prob-



L2_LFO: L4_LFO: L10_LFO: L11_LFO: L12_LFO:

lw  rl,-32(r30) lw  r2,-32(r30) Iw  rl,-20(r30) Iw  rl,-32(r30) Iw  rl,-12(r30)
lw  r2,-36(r30) addi  r1,r2,#1 slli - r2,r1,#0x1 Iw  r2,-44(r30) Iw  r2,-20(r30)
st ri1,r1,r2 add r2,r0,r1 sw  -20(r30),r2 st r1,r1,r2 and ri,ri,r2 W r3,-16(r30)
bnez r1,L5_LFO sw  -32(r30),r2 L9_LFO: bnez r1,L14 LFO Iw  r3,-20(r30) W r4,-20(r30)
j L3_LFO j L2_LFO w  r2,-32(r30) j Li2_LFO sub  r2,r0,r3 sub  rar4r3
L5_LFO: L3_LFO: addi  r1,r2,#1 L14 LFO: subi  r2,r2,#1 W r5,-24(r30)
Iw  r1,-32(r30) nop add r2,r0,r1 lw  r1,-20(r30) Iw  r3,-16(r30) multi r3,r3,r5
snei  r2,r1,#0 Iw  r1,-36(r30) sw  -32(r30),r2 slli r2,r1,#0x4 and  r2,r2,r3 multi  r4,r4,r5
beqz r2,L6_LFO sw  -32(r30),r1 j L7_LFO sw  -20(r30),r2 or rlrlr2 W r1,-8(r30)
lw  r1,-20(r30) L7_LFO: L8 _LFO: Iw  r1,-20(r30) sw  -24(r30),r1 W r2,-12(r30)
slli - r2,r1,#0x4 Iw r1,-32(r30) nop addi  r2,r1,#15 lw r1,-16(r30) move_bits r1,r2,r3,r3,r4
sw  -20(r30),r2 lw  r2,-40(r30) Iw  rl,-40(r30) sw  -20(r30),r2 Iw  r2,-20(r30) sw _—8(r30),r1
L6_LFO: st ri,rl,r2 sw  -32(r30),r1 L13_LFO: and  rlrlr2 sw -12(r30),r2
lw  r1,-20(r30) bnez r1,L10_LFO Iw  r2,-32(r30) Iw  r3,-20(r30)
addi r2,r1,#15 j L8_LFO addi r1,r2,#1 sub  r2,ro,r3 . .
sw  -20(130),12 add 2,011 subi 12,1241 (b) 2-point crossover with
sw  -32(r30),r2 w  r3,-12(r30) the new instruction set.
j L11 LFO and r2,r2,r3
or rl,rl,r2

sw  -28(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. cessor. The objective of the problem is to set all bits in a
From Table 7, the CPU time of the random number genchromosome to 1. GA parameters are shown in Table 8.
eration (rng) occupied more than 50% in the total CPUTable 9 shows the result. From Table 9, the DLX-GA was
time. Normally, on a general-purpose processor, a pseud@bout 3 times faster than the DLX.

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- Table 8: Parameter setting.

struction. Therefore, the RNG related instructions of the Number of generations 64
DLX-GA vastly contribute the performance improvement Number of chromosomes 64
of GA execution. Chromosome length 64 bits
Crossover probability 0.6
Table 6: Simulation condition. Mutation probability 0.01
. Selection operator roulette selection
Number of generations 100 Crossover operator 1-point crossover
(N:E:gtrfgsogrﬁzrf’erngfhomes 100 t(l)tcs) Mutation operator point mutation
Crossover probability 0.6
Mutation probability 0.01
Selection operator roulette selection . .
Crossover gperator 1-point crossover Table 9: Simulation result
Mutation operator point mutation processor average btness computation timerhs]
DLX 50.0 1029.48
DLX-GA 50.3 355.73
Table 7: Percentage of each genetic operation.
problem selection crossover + evaluation rng Now, we consider, in this case, why the DLX-GA is 3 times
mutation faster than the DLX. Compared to the DLX, for the DLX-
1 10.8 13.6 19.4 56.2 GA, the time required for crossover and mutation was re-
2 11.3 15.7 205 525 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
Next, as a more practical case, we compared the executidi®o by using the RNG related operations. Therefore, the
time of two simple GA programs, one of which is com- time required for the GA execution on the DLX-GA was
posed of the DLX instructions only and the other is com- reduced to 32% of whole execution time of the DLX. This
posed of the DLX and DLX-GA instructions. Simulation is the reason why the DLX-GA is 3 times faster than the
was done to execute both programs on the DLX-GA pro-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 efbciently.

Simulation experiments show that the proposed processor7]

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 LS| with a CMOS5um

technology by July, 2001. Software environment such as [8]
a C compiler of the proposed processor is under the de-

velopment. After fabricating the processor as an LSl 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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Soft Sensor Development Using Genetic Programming
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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

Guido F. Smits

The Dow Chemical Company
Terneuzen
The Netherlands

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.

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.

In order to improve soft sensor performance, to shorten its
1 INTRODUCTION development time, and to minimize maintenance, a new

Inferential sensing, also called soft sensing, involves thBybrid intelligent system methodology was developed in
use of readily available process measurements to infdhe Dow Chemical Company. It is based on the use of
process state and product quality variables that ar@ifferent intelligent system components (analytic neural
difficult to measure on-line (composition, melt index, nets, genetic programming, support vector machines, etc.)
molecular distribution, etc.). The foundation of building during the development. Part of this methodology is based
soft sensors is the assumption that these variables havem genetic programming (GP) [Koza, 1992, Banzéaf
functional relationship with the measured processal,1998]. The development issues of inferential
variables. Since this functional relationship is usuallyestimation models based on GP is discussed in [Wilis
nonlinear, the neural network approach is a convenierdl, 1997, McKayet al 1997]. Three cases (vacuum
choice for modeling. The common methodology ofdistillation column, continuous stirred tank reactor, and
building a neural net soft sensor and the practical issues gfin screw cooking extruder) were used to investigate the
its implementation are discussed in detail in [Qin, 1996]jjity of this approach. The results revealed that in each
Neural net based soft sensor technology is in its maturgyse the GP algorithm generates an accurate nonlinear

state with thousands of successful applications WorIdWidEmpirical model. Moreover, in all of the examples, the GP

in all areas of manufacturing [Neelakantan and GUIVeralgorithm was able to discriminate between relevant and
1998]. However, several performance and long-ter

Lo ; My relevant inputs, evolving parsimonious  system
operation issues had appeared, along with the benefits that . RN .
soft sensors have shown in these applications. Most esentations. These initial encouraging results based on

the problems are related to some limitations that argwodel simulations are a good starting point for real-world

typical for soft sensors based on neural nets. As it is weffdustiial applications of soft sensors based on GP.

known, neural nets are universal approximators but . _ .

usually have poor generalization capability outside thd thiS paper, the implementation issues for development
range of training data (Haykin, 1998). The result of this2f industrial soft sensors generated by GP are presented.
property is very poor performance of the soft sensor andihe main steps of a hybrid intelligent system
unreliable prediction of the inferred value in newmethodology for robust soft sensors are discussed in
operating conditions. This problem can be avoided t&ection 2 with emphasis on GP-related phases. Section 3
some extent if the neural net has confidence limits thaeresents the results from a successful application of a GP
indicate the validity of model predictions. Another soft sensor in a chemical reactor. The conclusions are
drawback of soft sensors based on back propagatisummarized in Section 4.

neural nets is their complexity. Selection of the neural net

structure is still arad hocprocess and very often leads to

inefficient and complex solutions. This “fat”
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2 A METHODOLOGY FOR A representative data set of a broad range of potential
DEVELOPMENT OF GP- inputs to t_he soft sensor is C(_)Ilected _Wl'gh_ an appropriate
sampling time. The average size of this initial data set for

GENERATED SOFT SENSORS an industrial soft sensor application is of several dozens

With the expanding research in the area of evolutionarg‘f inputs and several thousands data vectors and could be
algorithms and continuously increasing computationaf challenge if applied directly to GP.

power of PCs, genetic programming is beginning to gral$tep 2: Data preprocessing and classification

the attention of industry. Of special importance to

. . . This step includes all necessary actions to assess data
industry are the following unique features of GP: b y

quality, fill data gaps, perform data transforms if

noe_tpri_ori modelin_g z_issgmptions necessary, etc. In case of multiple product type
derivative-free optimization manufacturing with several operating regimes it is
few design parameters necessary to classify the data to the appropriate operating

natural selection of the most important process inputsonditions. Of special importance to data cleaning is the
parsimonious analytical functions as a final result. ~ reliable detection of all outliers. A new very effective
approach for outlier elimination is theinsensitive
The last feature has double benefit. From one side, $HPport vector machine for regression [Vapnik, 1998]. By
simple soft sensor often has better generalizatio§€lecting a proper kernel and a width of thesensitive
capability, increased robustness, and needs less frequé®e one has explicit control over the threshold of outliers
re-training. From the other side, process engineers arfiftection and model complexity. The final result of this
developers prefer to use non-black box empirical modelRtep is a clean, condensed and informational rich data set.

and are much more open to take the risk to implemerfitep 3: Neural net sensitivity analysis of all possible
inferential sensors based on functional relationships. Amputs

additional advantage is the low implementation Cost Ofyen a condensed data set of tens of inputs and thousands
such type of soft sensors. It can be applied directly intgf ohservations is a challenge for effective GP-model
the existing Distributed Control Systems (DCS) avoidinggeneration. In order to reduce the search space for GP and
additional specialized software packages, typical focomputational effort, a preliminary sensitivity analysis of
neural net-based inferential sensors. all possible inputs is performed. The sensitivity analysis is
based on stacked analytic neural nets (Smits, 1993).
At the same time there are still significant challenges irTypically thirty stacked neural nets are used to improve
implementing industrial soft sensors generated by GRyeneralization and estimate confidence limits. This step
function generation with noisy industrial data [Lee andbegins with the most complex structure of all possible
Wang, 1995], dealing with time delays, sensitivityinputs. During the sensitivity analysis the initial complex
analysis of large data sets [Gilbettal, 1998], to name a Sstructure is gradually reduced by decreasing the number
few. Of special importance is the main drawback of-GP 0f inputs. The sensitivity of each structure is the average
the slow speed of model development due to the inhereff the calculated derivatives on every one of the stacked
high computational requirements of this method. For redféural nets. The procedure performs automatic
industrial applications the calculation time is in order ofélimination of the least significant inputs and generates a

days or even weeks, even with the current high-end pCS_matr!x _of input s_ensitivity Vs. input eliminati(_)n. Thi_s
matrix is the basis for selection of the most influential

These problems inherent to GP can be partially overcon{8PUts for the final nonlinear sensitivity analysis by GP.

by integration with other approaches in soft sensofStep 4: Convolution parameteestimation

developme_nt. For example, support vector machln_es Cfhis step is necessary when we have to deal with time
detect outliers and compress the data set only with thgs|ays The classical approach to handle time series by
most informative data [Vapnik, 1998], time delays can b&eyral nets is to add additional inputs for the previous
“absorbetl by convolution functions tuned by neural time steps. Unfortunately, this technique increases the
networks [Tank and Hopfield, 1987], operating regime-gimensionality of the neural net significantly. For
related data can be identified by principle componengxample, if one has a problem with five inputs and one
analysis, etc. The objective of the integration is to supplywants to use the current input plus the inputs from five
GP with clean, informative and parsimonious data sets. Iprevious time-steps as inputs to the network, then one
this way all the advantages of GP are enhanced and w®eds a network with 30 inputs as opposed to the original
drawbacks are reduced. five. This increase in the dimensionality of the input
vectors has a large impact on the number of required data
The pre-GP steps of the hybrid intelligent systemgpoints for a proper model identification. The problem is
methodology for soft sensor development are th&ven bigger in the case of GP modeling. Therefore, it
following: would be desirable to include information from previous
time-steps without increasing the dimensionality of the



a convolution on the input using an appropriately shapei$ considerably improved. The set of possible functions
function. that can be generated in GP is the set of all possible
functions that can be composed from the list of available
terminals T = {X, X;, ...X, } and the set of available
functionsF ={k, , ... }.

e . ) . Various parameter settings control the type and

Sensitivity analysis generates a ranking of all the 'n.puﬁomplexit;) of equations thgt are generated. YIPhe most

;aréae?{gisnmﬁlr(?swﬂ horv(\)lclénsgortﬁ]nt IEEggrarergnblrgnﬂcslel'tr;]qmportant parameters are the list of available functions as
P ' P Svell as the list of available inputs. The list of available

sensitivity of an_input variable is relate_d to the deriv.ativefunctions is set at the start of a run. The list of available
of the output with respect to that variable. In nonlinear. '

Lo inputs is usually fixed but they can vary, for example in
problems, however, the derivative becomes a loc o : :
property and has to be integrated over the entire inp e case of sensitivity analysis where inputs are

domain to qualify as sensitivity. Since this approach is no liminated during stcesive runs. Another parameter that
really practical in a GP context we opted to relate the IS quite important in controlling the average complexity of

. . . e ' the equations being generated is the probability for
sensitivity of a given input variable to its fitness in the - ; ;
population of equations. The reasoning is that importag‘mctlon selection (default value equals 0.6). This

The steps directly related to GP are as follows:

Step 5: Final GP-based sensitivity analysis

; . . . 4 arameter controls what the probability is to grow a
'”‘l)ut V?”ﬁ.blre]s}. will beS “Sﬁd f.'n equa]:u_ons that hbaltve_ pecific branch of a tree by pselecting a func%on or
relatively high fitness. So the fitness of input variables i L ; -

related to the fitness of the equations they are used i%ermlnatlng the branch by selecting a terminal (a number

. . . : . I a variable) as the next node. The larger this probability
There is however a potential problem in credit assignme . : : : :
i.e. what portion of the fitness goes to what variable in th alue is, the higher the complexity of the functions being

equation. The easiest approach is to distribute the cre F nerated.

(the fitness of the equation) equally over all variableBoth input variables and available functions can have an
present. But probably not every variable is equallyassociated fitness that evolves during a GP run. This can
important in a given equation. In addition, most equationsignificantly accelerate the search especially for problems
in a GP population are not parsimonious and possesith a large number of candidate variables of which only
chunks of inactive code (the problem‘bfoat [Banzhaf a few are needed for the optimal solution. There is also a
et al 1998)). Variables that are present in these chunks ¢fanger however, the risk exists that some variables get
inactive code do not contribute to the final fithess of thdow fitness values early in the run simply because they are
equation but still obtain some credit for being part of thatinder-represented in the population areteive low
equation. There is no direct solution for this problem orfitness values accordingly. Because these variables have
the individual equation level but still reliable answers carlow fitness values, the chances of being included in an
be obtained provided we evaluate a large number cafquation in subsequent generations gets lower and lower,
equations. Again the reasoning is simple, if a given inputvhich furthur decreases their fitness value. It is important
variable is absolutely essential to solve the problem, ito keep a sufficient balance between exploration and
must be present in the high fitness equations. Other nogxploitation of the search space when input fitnesses are
essential variables will be present in both low-fitness anélso allowed to evolve.

high-fitness equations so their fitness will be closer to the, evaluating an equation Wwe not only interested in the
average fitness over all equations. More importang, result of the entire equation but also in the
variables will obtain more credit and will have a fitnesSitermegiate results at every node in the tree representing

that exceeds this average value. So provided thge equation. For example, if the equation is x3*(x1+x2),
population size is large enough we can take the fitness gle fnction would return calculated y-values and

each equation in the population, distribute this fitness ignasses for the set of functions: X1, X2, X3, x1+x2
equal amounts over the input variables present in thglx(y1.4x2)1 The node-based fitnesses are stored in an
equ_aglon and tﬁ“m 6:!' these Ico_ntrlbxno_ns for eaach INPWquation specification matrix and are used at a later stage
variable over the entire population. An Improved Versiony, ca|cylate variable fitnesses based on the evaluation of
of this, at the expense of little bit extra computation, USeg,q entire population. This information will also allow us
everyf $“b'eq$ﬁt'°” in each of the eqluatlons n 'tlrl] extract subequations (which might have a better fitness
population.  The extra computational —step  Willynan the overall equation) with a high fitness and low
considerably improve the statistics of the input variable.,mnexity to be used as nonlinear transforms in other
Ilr:nesses S|?ce”nowdthe number of equations is e_quarl] plications. The final result of this important step of the

e ?“tf.“ Otha ﬂ?o fﬁ n e\I/er_y equa’glonl-ftree N MNenethodology is a list of several analytical functions and
populationrather than the population size itselt. subequations that satisfy the best solution according to a
Step 6: Genetic programming function generation defined objective function.

This step uses the GP approach to search for potenti@tep 7: Analytical function selection/verification
analytical relationships in a condensed data set of thene gnaivtical function selection is still more of an art
most sensitive inputs. The search space is agmﬂcan%

duced by th ; d the effecti ¢ an a well-defined procedure. Very often the most
reduced by the previous steps and the eftectiveness of Gfa simonious solution is not acceptable due to specific
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manufacturing requirements. It is preferable to deliveHowever, for process monitoring and quality supervision
several potential functions with different levels ofthe response time of these measurements with low
complexity and let the final user make the decision. Théequency (several hours even days) is very slow. When
generalization capabilities of each soft sensor are verifiethe critical parameters are not available on-line in
for all possible data sets. Of special importance is theituations with alarm showers due to complex root causes
performance outside the training range. the negative impact could be significant and eventually
could lead to shutdown. One of the approaches to address
this issue is through development and installation of
The selected off-line model (neural net or analyticalexpensive hardware on-line analyzers. Another solution is
function) has to be implemented on-line. This includes they using robust soft sensors. We will illustrate the
on-line data set structure preparation, implementation ahethodology with such type of applicatierdevelopment

all necessary transforms of the data and the model itselff a soft sensor for prediction of a critical parameter in a
There are several options to apply the model on-line. Verghemical reactor. The objective of this soft sensor is an
simple analytical functions without complex data early detection of complex alarms.

transforms can be directly coded in the existing 1 Pre-GP .

Distributed Control Systems. If the soft sensor is a part o%' re-L5F processing

an integrated system, it is possible to implement it in GZhe original data set contains 6500 pairs of 25 potential
(a real time expert system shell developed by Gensyimputs and one output. The inputs are the hourly averaged
Corporation). This software environment can integrateeactor temperatures, flows, and pressures. The output is
different types of soft sensors. Those based on simpbkhe critical parameter measured by lab analysis of a grab
analytical functions can be implemented as GZXample every 8 hours. As a result of data preprocessing
procedures. Complex models based on back-propagatidhree data sets were created: reference (training) data set
neural nets can be implemented with Gensynof 2000 data points, test data set of 2000 data points for
NeurOnline. G2 has the capability to link all these hybridevaluating the generalization capability of the trained
intelligent systems components with an inference enginenodel, and validation data set of 2300 data points for
In spite of its high level of complexity, the final integratedfinal assessment of soft sensor performance.

system is user-friendly and simple to be used by proce
operators.

Step 8: On-line Implementation

She sensitivity analysis for all inputs was performed with
30 stacked analytic neural nets in MATLAB [Smits,

Step 9: Soft sensor maintenance 1993]. In order to improve the reliability of the results, the
r§r(?nsitivity analysis was run several times with swapped

robustness of the soft senserinput data quality test reference and data sets. The input/output sensitivities of

operating range test, prediction quality test, criteria f0|a:.I potential mpt:]ts after the process of automatic input
periodic re-training, etc. It is one of the most importante imination are shown on Fig. 1.

factors in the business decision-making process for soft
sensor implementation. The potential for increasecd
robustness of the GP-generated soft sensors | 10
comparison to neural net-based leads to less frequent 1
training and respectively to lower maintenance cost.

This step includes the safety net that guarantees long-te

Input/Output sensitivity

GP-generated soft sensors have the potential to be mc
robust for real industrial applications than neural nets
One of the significant factors is the ability to examine the
behavior of the model outside the training range. With :
functional solution it can be done in an easy and direc
way while this is more difficult for the case of a black-
box model. Another factor in favor of GP-generated sof
sensors is the ability to impose external constraints in th
modeling process and to improve the extrapolatior
properties of the final model.

Sensitivity

Input number

Some of the advantages of the proposed methodology fi_ o o
GP-generated soft sensors will be illustrated with arfigure 1. Input/output sensitivity of all 25 potential inputs

industrial application in a chemical reactor. The dominance of several inputs is evident (especially
X8, X10, X12, and X13). Only the top 10 most sensitive
3. A GP-GENERATED SOFT SENSOR FOR A inputs are selected for the final GP sensitivity analysis.

CHEMICAL REACTOR . .
- ) ) One of the key tasks for developing soft sensors in
Some of the critical parameters in chemical processes agBemical industry is estimation of the value of the time
not measured on-line (composition, moleculardelayk between the input process variables and the output
distribution, density, viscosity, etc.) and their values are- the critical parameter lab sample. In the proposed
captured either by lab samples or off-line analysismethodology the time delay is absorbed by a convolution



function. The convolution parameters are obtained byhe selection of the best candidate is based on a balance
running 30 stacked neural nets with a range of peaks tletween function complexity and residual error. An
time delayk between one and eight hours (the time spammportant consideration was that the primary purpose of
of grab sampling) . The highest correlation coefficient is this soft sensor is to trigger an alarm based on the high

for k=5, and this is the selected value for the peak timé’alue of the critical parameter. From the generated list of
delay O’f the convolution function. The meaning of thispotential solutions the best fit was found for an analytical

parameter is that the soft sensor has'paedictivé function of the type:
capability relative to the time when the lab sample is
collected. On average, the soft sensor can predict the
critical parameter five hours ahead of the lab sample
analysis. This is a critical feature for soft sensors related

to alarm processing. where x3 and x5 are the corresponding inputs from the
3.2 GP sensitivity analysis top 10 selection, y is the predicted output, and a,b, c,d,
d e are adjustment parameters. The performance of the

The final GP sensitivity analysis is based on the SeleCteZQIected functions in all three data sets was very good.

data set of 10 inputs transformed by the convolutionr,e correlation coefficient for the training set was 0.87,

function with peak time delay of five hours. The g 79 for the test set, and 0.81 for the validation set.
procedure starts with all 10 inputs. Every evaluation

period lasts 20 runs with population size of 200, numbe#g-4 On-line performance

of generations of 50, number of reproductions pemrhe simplicity of the selected function for critical reactor

generation of 4, probability for function as next node aparameter prediction allows its implementation directly in

0.6 and correlation coefficient as optimization criterion.the Distributed Control System. In addition, the GP-

A snapshot of input/output sensitivities of the top tengenerated soft sensor was implemented in Gensym G2.

potential inputs and the sensitivity change during the ruifhis was done because the predictor is a critical alarm

is shown on Fig. 2. indicator in an Expert System for Alarm Troubleshooting.
The system is in operation since November 1997 and
initially it included a soft sensor for one reactor. An
example of successful alarm detection several hours
before the lab sample is shown on Fig.3.

GP Soft Sensor Alarm Detection

45

15 +

Figure 2. GP-based input/output sensitivity of the top 10

most influential inputs 107

At the end of any evaluation period the least significant | 5t - - -Lab oP Alarm

input is eliminated and the next period begins with one | | —————————————=
input less. The final result from the GP sensitivity 1 3 5 7 9 11 13 15 17 19 21 23 25

analysis is inputs ranking based on their final sensitivity

. . Ti h
at the end of each evaluation period. me (r9

. ] Figure 3. Fast alarm detection by the GP-generated soft
3.3 Function generation sensor

The initial functional set for the GP includes:{addition, The robust performance for the first six months gave the
subtraction, multiplication, division, square, change signconfidence of process operation to ask for leveraging the
square root, natural logarithm, exponential, cosine, singg|ution to all three similar chemical reactors in the unit.

ispositive (1 if (x>0) else 0), power and a simple firstThe only procedure that was necessary to fulfil this task
order filter}. Function generation takes 20 runs withy;as to fit the parameters of the GP-generated function to
population size of 200, number of generations of 50the data set from the other two reactors. Since the fall of
number of reproductions per generation of 4, probability 998 the three soft sensors are in operation without need

for function as next node as 0.6, parsimony pressure @y re-training. The prediction quality is with standard
0.01 and correlation coefficient as optimization criterion.
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deviation close to that of the lab measurement (betweeNeelakantan R. and J. Guivépplying Neural Networks
2.9% and 4.1% vs. 2% for the lab measurement). ThElydrocarbon Processing, 9, pp. 114-119, 1998.
robust long-term performance of the GP-generated so ordin, P. Evolutionary Program Induction of Binary
sensor convinced the process operation to reduce the | chiﬁe .Code and its Applicatianskrehl Verlag
sampling frequency from once a shift to once a day SincF/lunster 1999 '
July 1999. The maintenance cost after the implementation ' '

is minimal and covers only the efforts to monitor theQin, S., Neural Networks for Intelligent Sensors and

performance of the three soft sensors. Control - Practical Issues and Some SolutidnsNeural
Systems for ControAcademic Press, New York, 1996.
4. CONCLUSIONS Tank, D. and J. Hopfield , Neural Computation by

A novel hybrid intelligent systems methodology for Concentrating Information in Tim&roc. Of the National

inferential sensing has been defined and successfuI@‘/Céwlem]y of Science, pp. 1896-1900. 1987.

applied for fast and effective development of a soft sensdsmits, G. Personal communication., 1993.

in a chemical reactor in The Dow Chemical Company. ; i : .

The proposed methodology is based on using diﬁeren\{apmk’ V. Statistical Learning Theoryviley, NY, 1998.
intelligent system components (stacked and convolutioWVillis M, H. Hiden, M. Hinchliffe, B. McKay, and G.
neural nets, genetic programming, support vectoBarton, Systems Modeling using Genetic Programming,
machines, etc.). A significant part of the methodology iscomputers chem Engngjl, Suppl. S116%+ S1166, 1997.
based on the unique features of GP to deliver the final

solution as a very simple analytical function. The

illustrated application shows the main advantage of the

proposed methodology design of a very compact and

robust empirical model that requires minimal re-training

and maintenance cost. The success of this application in a

complex chemical process demonstrates the great

potential of GP as a very effective complement to neural

net-based soft sensors.
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Abstract

Considerablereseart has been presered to

dewelop a generalizedtechnique to predict a
polypeptide's molecular structure given its

amino acid sequence. This is also known

as the Protein Structure Prediction (PSP)

problem which has direct applications to

many scierti ¢, medical, and engineeringdis-
ciplines. Previous researtn with Evolution-

ary Algorithms (EAs) to minimize the em-
pirical CHARMM protein energy model and
generationof the assaiated protein structure

is extendedusing the fast messygeneticalgo-
rithm improved through the useof secondary
protein structure information integrated with

arti cial immune systemconcepts. Good sta-
tistical results using historical metrics aswell

as a new spatial/temp oral metric are ob-
tained, thereby making the modi ed memetic
algorithm a viable option for solving the PSP
problem.

1 INTR ODUCTION

This paper presens a stochastic, immunity-based,
approad to solving the protein structure prediction
(PSP) problem through the integration of secondary
structure information and an arti cial immune sys-
tem (AIS) built upon a speci ¢ ewolutionary algorithm
(EA), the fast messyGenetic Algorithm (fmGA). The
original fmGA was developed by Goldberg, Deb, Kar-
gupta, and Harik [5] and later modi ed and applied
to the PSP problem [11]. The fmGA is a Genetic Al-
gorithm (GA) that explicitly utilizes building blocks
to solve optimization problems. Previous researt
has shovn favorable results in applying the fmGA to
the pentapeptide [Met]-Enkephelin [12]. Additional
work was completedin applying the fmGA to a larger

polyalanine model and again favorable results were ob-
tained [13]. This work also included the use of addi-
tional domain information in the form of secondary
structure information to obtain \good" solutions.

This paper focuseson incorporating immunological
conceptsinto the fmGA. This is accomplishedthrough

the seedingof the population. The secondarystructure

input with fmGA seard results are analyzedto deter-
mine what a®ectsthey have on the exciency and e®ec-
tivenesof the algorithm. The badkground information

on the PSP problem is presened in the next section,
followed by information on the Arti cial Immune Sys-
tem, and a description of the improved fmGA seard

algorithm. The immunological seedingmedanism is
then preseried, followed by the designof experiments

and a discussionof the results and conclusions.

2 PROTEIN STRUCTURE

A commonmethod employed in protein structure pre-
diction, known asenergyminimization, seardesa pro-
tein's conformational seard spacefor an energy mini-
mum. Obsene that protein secondarystructure refers
to the backbonedihedral anglevalues,whereasthe ter-
tiary structure (the conformational structure) refers
to the completely folded molecule including its side
chains. PSP is a challenging optimization problem for
a number of reasons; rst, the conformational space
is highly dimensionalized; second, the energy tness
function is computationally expensive;and nally, the
landscape contains a very large number of local min-
ima. In particular, a peptide moleculecortains 3N, 6
degreesof freedom, where N is the number of atoms
corntained in the molecule. Even relatively small pro-
teins contain thousands of atoms and it is not un-
commonto encourer proteins containing hundreds of
thousands of atoms.

The ability to accurately predict the potential energy



for a particular protein represened by a set of dihe-
dral anglesdependshighly on the method employed to
calculate the assaiated energy An exact modelistoo
computationally expensive and results in an algorith-
mic complexity of O(NR) [12], thus most researters
utilize other modelsthat havelesscomplexity typically
of only O(N2).

The CHARMM energy model used in this researt
considers contributions due to non-bonded van der
Waals interactions (represerted by the Lennard-Jones
potential), Coulomb's law, and bonded interactions.
It doesnot considersolvent interactions. The protein
energy conformation is given by

X 2
E = Krij (rlj | req)
i )28
(|J>)( ,
+ Key Eijki £eq)
(0] '>k()2A
+ Ko« [1+ cog©jj ki i ki)l
(5 5ki1)2D #
x M,y T w, T
. Ao B 99
. . 2r ..
rij Fij Fij
(i5j )2N

where B is the set of bonded atom pairs,

A is the set of atom triples de ning dihedral angles,
D is the set of atom 4-tuples de ning dihedral angles,
N is the set of non-bonded atom pairs,

rij is the distance betweenatomsi,j,

£ « is the angle formed by atomsi,j ,k,

©; ki is the dihedral angle formed by atomsi,j k,l,

G is the partial atomic chargesof atom i,

the Kty 'S Feg's, KE.,- 'S, Eeg'S, K©ij a'S i k'S Ajj's,
Bjj 's, and 2 are empiric constarts.

The empirical parameters are derived from the
parameter les of the molecular modeling soft-
ware CHARMM version 22.0 [14], as described by
Brinkman, et. al. [3]. Other examplesof force "eld
energy models that could be used are AMBER and
ECEPP [10]. The CHARMM energyfunction wascho-
senfor the large number of parametersit contains for
organic molecular systems.

3 ARTIFICIAL IMMUNE SYSTEMS

There are seweral computational techniquesthat look
to biology for inspiration. Somecommonexamplesin-
clude neural networks, ewlutionary algorithms, and
arti cial immune systems (AISs) or immunological
computation. The biological immune system (BIS)
has been the target of considerablereseart interest
in the medical community from which seweral theories

of systembehavior have beendeveloped with the hope
of improving human life. The natural use of an AIS
is in the "eld of computer security and they have has
beenapplied to areassuch as computer viruses [6, 9]
and alsointrusion detection [2, 8]. But, immunological
computation has also been applied to other problem
domains. Some examplesinclude multi-optimization

problems, anomaly detection in time seriesdata, fault
diagnosis,loan application fraud detection, and robust
scheduling [6]. The similarity in all of these appli-
cations is that they utilize the pattern matching and
\learning" medanisms of the immune system model
to perform a stochastic seard of a large space.

Our approach captures seweral BIS features and in-
fusesthem within the fmGA to improve our PSP al-
gorithm. This is similar to the methodology used by
Hart, Ross,and Nelson[7] to enhancea GA with im-
munity concepts. Their methodology used a set of
antib odies, generated from a gene library, in order
to produce schedules. These schedules can accourt
for changing conditions, in essenceroducing multiple
schedules and binding the best one to the prevailing
conditions. Our approad is similar to the BIS fea-
tures of antib odies, antigens, genelibraries, and atn-
ity maturation and utilizes the fmGA building block
approad to improve the stochastic seart processfor
protein structures.

3.1 BIOLOGICAL

IMMUNE SYSTEM

The Biological Immune System (BIS) is composed
of many di®erer types of cells that are deployed in
great numbers. The result is a defenseframework for
the protection of internal resourcesagainst foreign in-
vaders,or pathogens. Thesecomponerts act in concert
after the recognition of an antigen [1].

An antigen (pathogen) is any substancethat can stim-
ulate the immune system [1]. The most common
antigens are found in bacteria and viruses. These
molecules have multiple surface reaction sites that
act as interaction points for the immune system's B
cells [1].

B cells are studded with many \Y" shaped detec-
tors called antibodies. Theseantib odies are generated
from cell bodies. Parts of the antib ody chains ex-
posesmall patcheson their surface,which make them
highly speci ¢ antigen binders [1]. Only those acti-
vated antib ody-antigen bindings with a large enough
atnit y result in an immune reaction. Once this atn-
ity is exceeded,the B-cells divide to produce clones.
These clonesfurther undergo hypermutation in which
they experiencehigh mutation rates [8]. This creates
daughter cells that are a little bit di®erent than the



parent with the goal of adapting to a speci c anti-

gen[8]. This works within a Darwinian selectionpro-
cessknown as atnity maturation. Those B cells that

better match the antigen divide, while those B cells
that do not match soon die. Through this process,
the remaining cells have a higher a+nit y for matching
pathogenfeaturesthat may represer similar antigens.

The diversity of antib odies required to protect the
body would require more than 100 million genes.This
is approximately 10% of a human's genetic material.
However, through a unique combinatoric process,an-
tib odies are generated from a library of only about
2,000 gene fragmerts. These BBs are further diver-
si ed though hypermutation. Note that T-cells, an
integral elemen of the BIS, are not usedhere.

4 THE FAST MESSY GENETIC
SEAR CH ALGORITHM  (fmGA)

The fmGA is an approach that exploits \go od" Build-

ing Blocks (BBs) in solving optimization problems.
These BBs represen \good" information in the form
of partial binary strings that can be combined to ob-
tain even better solutions. The BB approad is used
in the fmMGA to increasethe number of \good" build-
ing blocks that are presen in ead subsequeh gener-
ation of the algorithm. The fmGA was chosen due
to its reduced computational requiremerts over the
messyGA's Partially Enumerative Initialization Phase
[5] and the fact that it explicitly manipulatesBBs. The
fmGA algorithm executesin three phases,the Initial-

ization Phase the Building Block Filtering Phase and
the Juxtapositional Phase[11].

The algorithm beginswith the Probabilistically Com-
plete Initialization Phase. This phaserandomly gen-
eratesa userspeci ed number of population members.
Thesepopulation membersare of the a priori speci ed
chromosomelength and ead is evaluated to determine
its respective tness value. Our implementation uti-
lizes a binary schemein which ead bit is represerned
with either a0 or a 1 and the CHARMM energymodel
is usedto calculate ead string's "tness value.

The Building Block Filtering (BBF) Phasefollows and
consistsof BBF alternated with a selection operator.
The BBF processrandomly deleteslocus points and
their corresponding allele valuesin eadt of the popu-
lation members' chromosomes.This processcompletes
once the length of the population member's chromo-
someshave beenreducedto a predetermined BB size.
In order to evaluate the population member's tness
values a competitiv e template is utilized to 1l in the
missing allele values[5]. This competitiv e template is

Figure 1: PseudoCode for fmGA

initially generatedrandomly followed by a local searh
operation to improve the quality of the template. In
subsequeh generations,this template cortains the al-
lele values of the best found string in the population
from the previous BB.

Through the BBF phasethe length of the chromosome
decreaseshut eadr chromosomemust continue to be
evaluated for selection purposes. During this phase
thesechromosomesare referred to as\underspeci ed"

since ead locus position doesnot have an assciated
allele value. To evaluate an underspeci ed population

member, the member is overlayed upon the competi-

tive template to fully specify the menmber. This pro-
cessusesthe allele values from the template to 1l in

any missing allele values in the population member
to allow the tness evaluation to take place and is re-
peatedany time an underspeci ed population menmber
needsto be evaluated. The BBF processis alternated

with a selection mechanism to keep only the strings
with the \b est" building blocks found, or those with

the best tness value. A critical input scheduleis used
to specify the number of generationsto execute eat

phaseand the exact generationsupon which BBF and
selectionoccur. The resulting BBs for a given length

re°ect the \gene expression"for the speci ¢ protein.

The juxtap ositional phasefollows and usesthe build-
ing blocks found through the BBF phaseand recombi-
nation operators to create chromosomesthat are fully
speci ed. A chromosomeis referred to as fully speci-
“ed if it is not missing any locus positions, or in other
words does not needto usethe competitiv e template
for evaluation. The recombination operation may re-
sult in overspeci ed strings which are strings contain-
ing multiple allele valuesfor the samelocus position.
In this casea left to right priorit y is used. This scheme



takes the rst allele value encourtered for any locus
and usesthat valuefor evaluation purposesevenif sub-
sequen valuesfor the samelocusappear in the string.
Reconbination is alternated with a binary threshold-
ing tournament selectionoperator to keepthe best so-
lutions found in the population. Upon completing of
the juxtap ositional phase,the best population member
found becomesthe new competitiv e template.

Following the Juxtap ositional Phasethe algorithm in-
cremerts the BB size by one and repeats the three
phases.The completion of the three phasesconstitutes
one BB sizeor one era. If there are no more erasto
execute,the algorithm restarts using the ‘rst BB size
and the bestfound individual from the previouseraas
the competitiv e template and repeats the whole pro-
cessagain. Onerepetition of all the erasconstitutes an
epoch. Onceall of the userspeci ed number of epochs
complete, the best population member is preseried as
the "nal solution. The determination of BB sizerange,
epoch size,and input schedule were derived originally
from [5] and interpolated to the current valuesto work
with larger problem sizes[11, 17].

41 MAPPING BIOLOGY TO EA
IMMUNOLOGICAL COMPUT ATION

The featuresof the BIS makeit an attractiv e model for
the stochastic seard of a large space. Our approad is
to place our existing fmGA integrated with AlS ideas,
basedon a BIS model, in order to enhanceits e®ecti\e-
nessfor protein structure prediction. The generalized
BIS to fmGA mapping follows:

The BIS in part mapsto an AlS that performsa PSP
secondarystructure seard. A valid protein structure

is equivalernt to an antigen in this mapping, as that

is the intermediate goal of the secondary structure

searh. The seard for antigen in our AIS becomes
a seard for binary strings represeriing a set of sec-
ondary structure dihedral angles. Each antib ody is
asseiated with a single string of protein dihedral an-
gles. This would be a member of a population in a
standard GA. The antib odies are made up of strings
of building blocks within the fmGA. This BB setis rep-
resenativ e of the BIS antib ody genefragmert library.

The binding of antib odies to antigen in our systemis
completedthrough the evaluation of eat antib ody by

the CHARMM energy model. The relative atnit y of
antigen-antib ody binding is the energyreturned by the

CHARMM model. An aznit y maturation of the anti-

body strings is performed over time through the useof
the fmGA operators, whereby the population of anti-

bodiesis ewlved in the direction of improved protein

structures with appropriate secondarystructure.

For the PSP problem, elemers of the protein dihe-
dral anglesare de ned by the fmGA BBs. The fmGA
objective function is assaiated with the CHARMM
energy function. The following section provides the
details of the BB variation using protein SSland HCI
methods assaiated with secondarystructure seeding.

f mGA |nit Phase

GeneLibraries i! Random/SeededBBs
in individual strings
Hyp ermutation i! BB Variation

fmGA BBF Phase

GenelLibrary i! BBs from Init Phase
Antib ody (AB) j! BB + Template/String
Set of BBs i! fmGA BBF Pop
AB-A G Binding i!  string by def.
B-cell Atnit y i! BB tness eval

il

Axnit y Maturation BB Selection

f mMGA Juxt Phase

GeneLibrary i! BBs from BBF Phase
Antib ody j! Recombined BBs
Set of Antib odies i! JuxtaP ositional Pop
AB-A G Binding i!  String constraints met
Antigen (AG) i! valid solution
B-Cell Atnit y i!  Ttness value

il

Axnit y Maturation Best Solution Selected

5 IMMUNOLOGICAL SEEDING OF
SECOND ARY STRUCTURE

The ability to predict a protein's three-dimensional
structure or conformation from its one-dimensional
amino-acid sequenceis a signi cant problem. Often
the prediction of the secondarystructure hasbeenused
as a precursor to nding a \good" tertiary structure
[4, 15] and the prediction of the secondarystructure is
consideredto be an important step towards predicting
the three-dimensionstructure of the protein [15]. This
fact haslead usto usesecondarystructure information
as a seedingmedianism in the e®ort to incorporate
immunological conceptsinto the fmGA. The modi ed
fmGA algorithm attempts to seedthe initial popula-
tion, for ead BB size,with either secondarystructure
dihedral angle information and/or locally optimized
hill climbed population members. Both methods were
chosenwith the overall intent of incorporating \go od"
BBs within a population member.

In the normal execution of the fmGA code, the algo-
rithm randomly initializes the population prior to the
execution of eat era. Through the BBF phasethese
random population membersare reducedin length and
eventually become\good" BBs. The modi ed fmGA



attempts to improve the results of this processby in-
jecting potentially \good" BBs into the initial popula-
tion through the seedingof population members that
are derived from known secondarystructures or from
the useof locally optimized population members.

The Secondary Structure Initialization (SSI) method
utilizes user de ned optimal secondarystructure an-
gleswith some+=j threshold ! to generate popula-
tion members with the corresponding angular values.
In order to ensuregenerality, the algorithm allows for
the inclusion of all known secondary structures and
their assaiated dihedral angular values. For this pa-
per only two secondarystructures were considered,®-
helix and ~-sheets. Additionally there are two sepa-
rate methods in which the secondary structure's an-
gular represertation are incorporated into an initial

population member. The rst method, SSI-1, gener-
atespopulation membershy randomly selectingan an-
gular value betweenthe thresholds provided for eah
A;A;and! dihedral angleassaiated with ead residue
that de nes the protein under study. This results in
all A;A;and ! dihedral anglesbeing identical for ead
residuein the respective population member. The sec-
ond method, SSI-2,is a slight variation of this and is
accomplishedby randomly selectingan angular value
for each A; A;and ! dihedral angle of eadh residue, re-
sulting in di®erent A;A;and ! dihedral anglesappear-
ing in a single population member.

The Hill-Clim bing Initialization (HCI) method is de-
signedto take a randomly generatedpopulation mem-
ber and conduct a local hill-clim bing seard. Algorith-
mically this essetially sweepsa given number of times
from the least-to-most signi cant bits (right to left) of
the binary string that represens a population mem-
ber. The sweeping medanism is completed right-to-
left in an attempt to conduct the local seart by rst
manipulating the side chain dihedral anglesand then
altering the badbone dihedral angles(our implemen-
tation puts side-dain anglesto the right of backbone
dihedral angles). Bit by bit the population member's
allele valuesare swapped from a 1 to a O or vise versa,
completing an ewvaluation of the population menmber
after eadh bit modi cation. If the modi cation results
in animproved tness value, the changeis kept and the
next bit is analyzedfor modi cation, otherwisethe bit
is returned to its original value and the next bit is an-
alyzed for modi cation. This processis repeated until
the requestednumber of sweepsare completed. This

l®helix: A and Adihedral anglesare -57 and -47 degrees
with a+=j 15degreethreshold, and! is 180 degrees+ =j
a 5 degreethreshold. ~ sheet: A and A dihedral anglesare
-119and 113with a+=j 15 degreethreshold, and! is 180
degrees+=j a5 degreethreshold.

was done with the hope of obtaining a semi-optimal
population member basedon the randomly generated
strings initial backbone con guration.

The memetic algorithm is designedto allow the userto
have an initial population set with either all random
members, with a percertage of HCI members, with a
percertage of SSImenmbers (only one secondarystruc-
ture can be selected),or a percertage of a combination
of all methods. The percentage of the population must
be de ned asan input parameter aswell asthe choice
of seedingthe initial population.

The motivation for the SSlis to seedthe population
with potentially \good" BBs that will remain presert
through the BBF phaseif they areindeed\go od" BBs.
If the secondarystructure chosendoesnot exist in the
protein being tested then the seedednembersmay not
cortain \good" BBs and they are Ttered out through
the BBF phase. The rationale behind the two methods
of generating the population member via the SSlis to
generatea seriesof A;A;and ! values, which include
the secondarystructure presen in the protein.

The “rst method, SSI-1 exhibits the problem of a re-
duced seard spacesinceit forcesead occurrence of
an angle to have the samevalue. This is donein the
hope that part of the resulting conformation of that
initialized population member may be closeto part of
the geometrical conformation of the minimized pro-
tein. The problem with this method is that very few
anglesare represetted in the initial population set. To
improve upon this, the secondmethod somewhat by-
passeghis problem through the random generation of
ead angle within the thresholds. SSI-2 still exhibits
a reduced seard spacebut allows for more potential
BBs to be presert in the population members. It is
noted that both of these methods restrict the size of
the seart spacethrough their limitation on the an-
gular values, but the remainder of the population is
randomly generatedand allows for other regionsof the
seard spaceto be used. The primary goal of the SSI
implemertations is to seedthe algorithm with \good"
BBs from the start. While this may not occur with all
proteins tested, for those with secondary structures,
some\good" BBs will be found and used.

The secondary structure modi cations that are pre-
serted in this paper is donewith the goal of increasing
the e+ciency and e®ectivenessof the algorithm across
a wide variety of proteins that are found in nature,
i.e. to create a generalizedmethod of incorporating
problem domain information into the algorithm. The
e®ectienessincreaseis noticed through the result of
better solutions and the exciency increasethrough the
decreasedrunning times due to the fewer requestsfor



random calls. This is achieved by completing 1 random
call for eadh angle or angle type in the SSI methods
versusthe 10 random callsthat are completedfor eath
bit of the respective anglein the random method.

While the model proteins preseried, [Met]-Enkephelin
and polyalanine, are suitable for this secondarystruc-
ture analysis, but not complete, they do provide a
good starting point. Better results are anticipated
with testing of real-world proteins containing thou-
sandsof anglesand varied secondarystructures. The
[Met]-Enkephelin doesnot contain a secondarystruc-
ture but is included to illustrate the generality of the
technique preseried and the ability to useit against
proteins with no secondarystructure.

6 EXPERIMENT AL DESIGN

All of the tests were conducted on a single 933MHz
Intel Pertium 111 macdhine with 256MB of RAM under
Red Hat Linux version 6.2. Each test set consisted of
10 separatedata runs, with di®erert random number
seedsused in ead data run. Various input parame-
ters as mentioned must be speci ed for executing the
fmGA code. The protein selectedis usedto determine
the BB sizesselectedfor execution sincethe BB sizeis
related to the overall string length. The larger the pro-
tein, the longer its respective string length and larger
BBs should be utilized. In the experiments conducted
for the Met-Enkephalin and polyalanine proteins the
respective parameters used were as follows; the string

length was set to 240 and 560 bits respectively, with

10 bits assaiated with ead dihedral angle; the BB

sizerange 6-10, and 16-20;and population sizesof 50,
58, 62, 66, 71, 77 and 50, 80, 84, 90, 96, 103, with all
experimernts being conducted over 3 epochs (an epoch
is one complete run of the fmGA through ead BB
size). The larger population and BB sizesusedfor the
polyalanine protein were basedon the work of Merkle
[11]. We used Goldberg's original equation on deter-
mining the initial fmGA population size[5]. The fol-
lowing fmGA parameters were kept constart over all
runs; cut probability = 0.02, splice probability = 1.00,
BBF generations = 200, juxtap ositional generations
= 200, total generations= 400. An input scedule
was usedto specify at what generationsBB Ttering

would occur, and the sizesof the building blocks the
algorithm would utilize.

The experimerts are designedto provide enoughdata
to complete a statistical analysis of the results. For
ead of the population seedingmethods and percert-
ages (0%, 10%, 20%, 30%, 40%, 50%, and 100%) of
seeding preseried in Tables 1 and 2, 10 data runs
were completed for statistical signi cance. The seed-

Table 1: Met-Enkephalin Energy

[Met]-Enk ephelin
% Max Median Min Avg SD
0 | -20.94 | -23.90 | -26.35 | -23.78 | 1.52
5 [ -20.94 | -23.90 | -26.35 | -23.78 | 1.52
ow | 10 | -2497 | -26.39 | -27.69 | -26.35 | 1.52
$/20]-26.06| -26.99 | -28.78 | -27.21 | 0.76
2|30 -26.08| -27.10 | -28.60 | -27.18 | 0.91
O |40 | -26.71| -27.93 | -28.93 | -27.92 | 0.64
50 | -27.88 | -27.85 | -30.01 | -27.96 | 0.90
5 | -23.75| -25.25 | -27.94 | -25.47 | 1.38
10 | -24.60 | -26.20 | -28.68 | -26.50 | 1.48
8|20 2516 | -26.10 | -28.28 | -26.44 | 0.96
g 30 | -25.76 | -26.43 | -27.49 | -26.46 | 0.55
O |40 | -25.10| -26.97 | -31.26 | -27.17 | 1.70
50 | -25.92 | -27.07 | -29.09 | -27.29 | 1.14
5 | -2141| -2434 | -27.16 | -24.23 | 1.79
10 | -22.97 | -24.67 | -27.34 | -24.84 | 1.57
= [20]-2291| -2452 | -26.94 | -24.78 | 1.13
2130 -21.00| -24.37 | -28.35 | -24.40 | 1.87
® [40 | -23.12 | -26.08 | -29.04 | -25.89 | 1.66
50 | -23.35 | -25.48 | -29.21 | -25.52 | 1.78
5 [-2160| -24.24 | -27.16 | -24.19 | 1.69
. | 10| -22.87 | -25.29 | -27.90 | -25.21 | 1.53
S [20[-2337| 2521 | -29.84 | -25.61 | 1.69
% | 30| -20.96 | -25.67 | -29.40 | -25.47 | 2.32
I' [40 | -23.77 | -25.46 | -26.36 | -25.23 | 0.98
50 | -21.24 | -25.81 | -27.02 | -25.48 | 1.62

ing percenages specify the percertage of the number
of initial population memberswhich are seededvia one
of the aforemertioned seeding methods. The max-
imum, median, minimum and average tness values
are preseried along with the assaiated standard de-
viations. The minimum "tness value is also the best
“tness found consideringthe PSP minimization prob-
lem. Both protein moleculesused have unique prop-
erties that should help discriminate the e®ectiveness
of eadh seedingmedchanism. The Met-Enkephalin con-
tains no secondarystructure while the polyalanine has
a perfect ®-helix secondarystructure.

Note that the results for ead test include 10 data runs
and by the Certral Limit Theorem we can assumea
normal distribution. The median values and average
valuesare relatively closeindicating that this assump-
tion is valid. Therefore giventhe max and min values,
the distribution of points in the energylandscape im-
ply an energy surfacethat is somewhatcoarse. Thus
for theseparticular proteins it is somewhatditcult to
seard with an ewlutionary algorithm.

7 RESULTS

The "tness results obtained from ead test set are pre-
serted in Tables1 and 2. When compared to their



Table 2: Polyalanine Energy

Polyalinine
% Max Median Min Avg SD
0 | -111.99 | -127.77 | -140.56 | -128.78 | 8.55
5 [ -119.75 | -130.84 | -130.76 | -139.25 | 4.95
o | 10 | -128.76 | -135.15 | -136.92 | -130.76 | 3.28
2 720 | -128.77 | -133.79 | -137.24 | -134.83 | 3.47
Q| 30 | -131.49 | -133.79 | -141.03 | -134.83 | 3.12
® |40 | -132.77 | -134.64 | -136.76 | -134.59 | 1.33
50 | -131.58 | -135.67 | -139.76 | -135.94 | 2.71
5 | -118.72 | -129.21 | -136.48 | -128.61 | 5.53
10 | -124.01 | -130.91 | -142.41 | -130.89 | 5.53
S 20 [ -12850 | -132.15 | -139.30 | -132.83 | 3.57
€130 -126.36 | -133.14 | -137.01 | -132.68 | 3.00
O [40 | -12741 | -133.12 | -139.97 | -133.72 | 4.08
50 | -129.12 | -132.20 | -144.19 | -133.66 | 4.38
5 | -118.45 | -130.22 | -137.34 | -129.37 | 7.05
10 | -116.36 | -126.12 | -140.59 | -127.64 | 8.64
X [20 | -116.17 | -132.26 | -138.57 | -129.63 | 8.50
2130 -116.46 | -129.68 | -138.95 | -129.22 | 7.98
® [40 | -121.18 | -126.41 | -136.07 | -127.34 | 4.93
50 | -117.96 | -127.11 | -140.08 | -127.70 | 7.81
5 | -118.89 | -127.56 | -137.34 | -128.46 | 6.25
. | 10 | -119.76 | -130.95 | -141.00 | -131.18 | 6.02
© [20 [ -114.75 | -130.81 | -138.57 | -128.68 | 8.62
% | 30 | -120.44 | -131.61 | -136.67 | -131.16 | 4.44
' [40 | -107.38 | -127.84 | -138.02 | -125.81 | 9.95
50 | -108.08 | -127.50 | -142.72 | -126.33 | 9.30
Table 3: Protein Timing and EVE
Met Poly
% | Avg | SD | EVE | Avg | SD | EVE
0| 894 | 42 | 376 | 4939 | 16 | 38.35
5 | 864 | 41 | 37.3 | 5926 | 52 | 45.33
» | 101012 | 59 | 384 | 7426 | 52 | 55.67
Q20 1254 | 43 | 46.1 | 10351 17 | 77.67
2301446 | 6.3 | 53.2 | 13255 | 20 | 98.31
» [ 40| 1689 | 4.8 | 60.5 | 16289 | 23 | 121.02
50 | 1925 | 5.0 | 68.9 | 19359 | 37 | 142.41
5 [ 1351 ] 16.3 | 53.0 | 4922 | 170 | 38.3
10 | 1433 | 186 | 54.1 | 5596 | 211 | 42.8
S [ 201590 [ 260 | 60.1 | 6551 | 177 | 49.3
5|30 1675| 42.1 | 63.3 | 7389 | 246 | 55.7
O [40 [ 1112 139 | 40.9 | 8410 | 190 | 62.9
50 | 1167 | 25.1 | 42.8 | 9577 | 278 | 71.7
5 | 889 | 55 | 37.0 | 4912 | 25 | 38.0
10| 879 | 40 | 374 | 4919 | 25 | 385
X [20| 906 | 5.7 | 36.1 | 4904 | 25 | 378
£130| 901 | 38 | 353 | 4919 | 23 | 38.1
® [40 | 887 | 3.1 | 36.8 | 4905 | 22 | 385
50 | 874 | 3.7 | 35.2 | 4900 | 22 | 384
5] 893 | 49 | 36.9 | 4951 | 39 | 385
.| 10| 896 | 53 | 356 | 4913 | 23 | 36.9
Q120 884 | 3.2 | 345 | 4907 | 24 381
%130 | 876 | 35 | 344 | 4904 | 16 | 36.4
' [40] 876 | 3.3 | 348 | 4913 | 23 | 39.1
50 | 886 | 5.7 | 34.8 | 4907 | 15 | 388

computational performanceshow that while both the

HCI and Combo Seedingmethods obtained better av-

eragesit wasn't without cost. In fact, Table 3 shavs
that a considerablecomputational cost is required to

obtain better results. It is also noted that all of the

seedingmethods nd better minimum tness values
than the standard implementation (0%). Further we
seethat the combo method always achieves the best
minimum “tness, and the ® and ~ methods nd solu-
tions very closeto it, thereby illustrating the usefulness
of the secondarystructure seedingmedanism.

General Process of Search with Respect to Seeding
Method
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Figure 2: Building Block vs. Fitness

In order to compare the various methods employed
we combine the two variables (tness and time) into
a new metric. This metric, etciency versuse®ectie-
ness(EVE), is introducedto allow a direct comparison
betweendi®erern data runs. The EVE metric, Equa-
tion 2, is calculated from average tness and timing
values. This metric shaws us that the ® and = SSI
methods nd better solutionsat a signi cantly cheaper
cost (seeTables1 and 2). A review of the new metric
values shaw that there is a slight advantage in using
thesenew seedingmethodologies. It is alsonoted that
the seedingmedanismsshould yield improved results
when applied to real-world proteins that do not con-
tain a geometrically perfect secondarystructure.

H Average Ef f iciency 1

EVE .
Average Best Fitness

()

An interesting phenomenaoccurred during the test-
ing of the Combo and HCI seedingmethods. Figure
2 comparesa single experimental run (that is indica-
tiv e of the overall behavior identi ed). It is interesting
to note that injecting optimized solutions into the ini-
tial population often resulted in the algorithm getting
stuck in alocal optima areaand, asaresult, the fmGA
algorithm was essetially ine®ectualwasting precious
computational time. On the other hand, both the ®
and~ SSlseedingmethod, while not starting out with



the best values, they did allow the fmGA to be the
dominating factor in "nding better solutions (as de-
picted by the cortinual improvemert in the best solu-
tion found), building block after building block. Note
that the conformational dihedral anglesfor the various
\good" minimum energy values found do not re°ect
similar positionsin the PSP energylandscape and thus
a local seart technique should be employed with dis-
cretion. Additionally it is worthwhile to note that the
reduction in execution time achieved with the seeding
methods allow for larger population sizesto be uti-
lized, thereby increasingthe size of the spaceactually
searded in the sameamount of time.

8 CONCLUSIONS

Incorporating immunological conceptsinto the fmGA
in an attempt to improve the seart for a better

\semi"-optimal PSP solution was met with success.

Minimum PSP conformational energy values were
found in an acceptableamourt of executiontime. Ad-
ditional researd is required to determine if other do-
main spaceinformation can be incorporated into the
algorithm asan alternativ e seedingmethod along with
parameter variations. It is the authors' belief that
both ® and ~ SSI methods, depending on the protein
under study, could out-perform the other two methods,
especially if consideringthe new performance metric.
The fmGA approac exercisedhereis an e®ective and
excient approad to solving the PSP problem as com-
pared to the X-ray crystallography, Ab initio, semi-
empirical, and force "eld approades.
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Abstract technical trading rules had predictive power and suggest-
ed that the conclusions of earlier studies that techni-
cal trading rules did not have such power were Opre-
matureO. Other studies which indicated that there may
be predictable patterns in share price movements include
those which suggest that markets do not always impound
new information instantaneously [Hong, Lim, & Stein 1999]

[Chan, Jegadeesh & Lakonishok 1996], that stock markets
can overreact as a result of excessive investor optimism or
pessimism [Dissanaike 1997] and that returns on the market
are related to the day of the week [Cross 1973] or the month

This study examines the potential of an evolution-
ary automatic programming methodology, Gram-
matical Evolution, to uncover a series of useful
fuzzy technical trading rules for the ISEQ, the of-
bcial equity index of the Irish Stock Exchange. In-
dex values for the period 29/03/93 to 4/12/1997 are
used to train and test the model. The preliminary
Pndings indicate that the methodology has much

potential. of the year [DeBondt & Thaler 1987]. The continued exis-
tence of large technical analysis departments in international
_ Pnance houses is consistent with the hypothesis that technical
1 Introduction analysis has proven empirically useful.

We have previously evolved trading rules for the UK FTsgl-2 Potential fpr application of evolutionary automatic
100 index [OONeill et.al. 2001], and now wish to extend this ~ Programming
approach to new markets, and through the inclusion of addi-

tional technical indicators. As noted by Iba and Nikolaev [Iba & Nikolaev 2000] there
are a number of reasons to suppose that the use of an evo-
1.1 Technical analysis lutionary automatic programming (EAP) approach can prove

fruitful in the Pnancial prediction domain. EAP can conduct

A ket index i ised of iohted an efbcient exploration of the search space and can uncover
mar et'm EXIS comprised of a welg ted average measur(§’ependencies between input variables, leading to the selec-
of the price of individual shares which make up that mar-

ket Th | f the ind . ¢ ion of a good subset for inclusion in the bnal model. Ad-
et. The value of the index represents an aggregation o thcﬂtionally, use of EAP facilitates the utilisation of complex

Ealancg of sEppIy and derrrlla_ndlfor tTese sglal_res. Shome M@thess functions including discontinuous, non-differentiable
et traders, Qown gs kt]ec nical analysts, believe th at pr'lcefﬁnctions. This is of particular importance in the Pnancial do-
move in trends and that price patterns repeat themselves, i, os the piness criterion may be complex, usually requir-

[Murphy 1999]. If we accept this premise, that th'ere a're«mg a balancing of return and risk. EAP, unlike, for example,
rules, although not necessarily static rules, underlying pncge

behavi it foll h ding decisi Idb h asic neural net approaches to Pnancial prediction, does not
ehaviour, it follows that trading decisions could be enhance quire the ex-ante determination of optimal model inputs and

through use of an appropngte rule induction r“thdOIOmfheir related transformations. Another useful feature of EAP
such as Grammatical Evolution (GE). is that it produces human-readable rules that have the poten-
Although controversy exists amongst bnancial theoristtial to enhance understanding of the problem domain.

s regarding the veracity of the claim of technical an-

alysts, recent evidence has suggested that it may in-

deed be possible to uncover patterns of predictability

in price behaviour. Brock, Lakonishok and LeBaron

[Brock, Lakonishok & LeBaron 1992] found that simple



1.3 Motivation for study ii. Momentum indicators

iii. Trading range indicators
This study was motivated by a number of factors. grang

Much of the existing literature concerning the applica- iv. Oscillators
tion of genetic algorithms (GA) or GP to the genera-

tion of technical trading rules [Allen & Karjalainen 1999] Giyen the large search space, an evolutionary automatic pro-
[Colin 1994] [Bauer 1994] [Neely, Weller & Dittmar 1997] gramming methodology has promise to determine both a good

[Deboeck 1994] concentrates on the US and to a lesser extegifality combination of, and relevant parameters for, trading
the Japanese stock markets. Published research on this areg gs drawn from individual technical indicators.

both incomplete and scarce. To date, only a limited numberof )

GA / GP methodologies and a limited range of technical indiWe intend to use of each of these groupings as our mod-
cators have been considered. This study addresses these [ih-IS developed. Our initial study on the FTSE dataset
itations by examining index data drawn from the Irish stoc OONeill et.al. 2001] included only a moving average indica-
market and by adopting a novel evolutionary automatic profor- This study also includes momentum, and trading range
gramming approach_ Volat|l|ty indicators.

The paper is organised as follows. Section two discuss; 1 1 Moving Average Indicators
es the background to the technical indicators utilised in this
study. Section three describes the evolutionary algorith-
m adopted, Grammatical Evolution [OONeill & Ryan 2001 ; . > .
[Ryan et.al. 1998]. Section four outlines the data and func]§hare price or index value with a moving average of the share

. . : . rice or index value over a lagged period, to determine how
tion sets used. The following sections provide the results o? . . .
ar the current price has moved from an underlying price

the study followed by a discussion of these results and bnaII% : : . .
. . end. As they smooth out daily price Buctuations, moving
a number of conclusions are derived. s C :
averages can heighten the visibility of an underlying trend. A
variation on simple moving average systems is to use a mov-
2 Background ing average convergence divergence (MACD) oscillator. This
is calculated by taking the difference of a short run and a long
run moving average. In a recursive fashion, more complex

As with any modelling methodology, issues of data pre- mbinations of moving averages of values calculated from a
processing need to be considered. Rather than attemptirﬁif 9 9

to uncover useful technical trading rules for the ISEQ indexr u'IA(\aEDlgoSrcgg(r)r: C@” ;hrir:szlgesn:fv?nseg\}grgegec:?fI:;Zocl;gg
using raw current and historical price information, this in- ’ Pe, y 9 9

formation is initially pre-processed into technical indicators.OSCIIIator could be plotted against the raw value of that indi-

The objective of these pre-processing techniques is to uncosffﬂor' Atrading signal may be generated when the two plotted

. ! T .__moving averages cross. Moving average indicators are trend
er possible useful trends and other information in the tim 9 9 9 9

series of the raw index data whilst simultaneously reducin%ﬂfvgg'\?ed:\gﬁ)e; ?ensd (\;Vr?:é ?;Scthlgntrigdilr?%r;%t?tns.m;rrf(g/ts
the noise inherent in the series. P 9 !

missing the beginning and end of each move. They tend to
be unstable in sideways moving markets, generating repeated
buy and sell signals (whipsaw) leading to unprobtable trad-
ing. Trading systems using moving averages trade-off volatil-
The development of trading rules based on current anily (risk of loss due to whipsaw) against sensitivity. The ob-
historic market price information has a long historyjective is to select the lag period which is sensitive enough to
[Brown, Goetzmann & Kumar 1998]. The process entails thegyenerate a useful early trading signal but which is insensitive
selection of one or more technical indicators and the deveko random noise.

opment of a trading system based on these indicators. These

indicators are formed from various combinations of currenb 5 Momentum

and historic price information. Although there are potentially

an inpnite number of such indicators, the Pnancial Iiteraturfrh N ¢ ity is th tio of a time-l q
suggests that certain indicators are widely used by investo g€ momentum of a security 1S the ratio ot a time-lagge

[Brock, Lakonishok & LeBaron 1992][Murphy 1999] price to the current price ( ). The belief underlying
[Pring 1991]. this indicator is that strongly trending shares tend to continue

to move in that direction for a period of time as more investors
Four groupings of indicators are given prominence in priofbuy or sell the trending share. There is recent evidence that
literature: momentum trading strategies can work, particularly when in-
vesting in smaller brms [Hong, Lim, & Stein 1999]. Techni-
i. Moving average indicators cal analysts consider that price momentum can foretell a price

he simplest moving average systems compare the current

2.1 Technical Indicators



turning point as momentum will tend to peak before the pricdBeginning from the left hand side of the genome codon in-
peaks. teger values are generated and used to select rules from the
BNF grammar, until one of the following situations arise:

2.3 Trading Range Breakout systems

i. A complete program is generated. This occurs when all
the non-terminals in the expression being mapped, are
transformed into elements from the terminal set of the
BNF grammar.

It these systems, a signal is usually generated if a price breaks
out of a dePned range. A simple example of a trading rule
would be to buy a share when it exceeds its previous high in
the last four weeks and conversely to sell a share if it falls be- ji. The end of the genome is reached, in which case the
low its previous four week low. A more complex approachis  \wrapping operator is invoked. This results in the re-
to plot an envelope at OxO standard deviations above and be-  tyr of the genome reading frame to the left hand side

dayOs price, indicates a possible price trend reversal. then continue unless an upper threshold representing the
A description of the evolutionary automatic programming ~ Maximum number of wrapping events has occurred dur-
system used to evolve trading rules now follows. ing this individualOs mapping process.

ii. Inthe event that a threshold on the number of wrapping
3 Grammatical Evolution events is exceeded and the individual is still incomplete-

ly mapped, the mapping process is halted, and the indi-

) . _ ) ) vidual assigned the lowest possible btness value.
Grammatical Evolution (GE) is an evolutionary algorithm

that can evolve computer programs in any language. Rath%E uses a steady state replacement mechanism, such that

than representing the programs as parse trees, as in. tradit o parents produce two children the best of which replaces
al GP [Koza 1992], a linear genome representation is adop he worst individual in the current population if the child has

ed. A genotype-phenotype mapping process 1s used to g_en%r'greater ptness. The standard genetic operators of point mu-
ate the output program for each individual in the pOPU|at'°ntation, and crossover (one point) are adopted. It also em-

EaChC;ng'V'dLr'al’ a v?get)ti)tle It?]ngit:f br'rr:]art%' it;mg, Icortwtarms Inploys a duplication operator that duplicates a random number
> codons (groups o s) the information to select pro UCht codons and inserts these into the penultimate codon posi-
tion rules from a Backus Naur Form (BNF) grammar. The

. . tion on the genome. A full description of GE can be found
B_NF is a plug-in component to the genotype-phenof[ype map; [0ONeill & Ryan 2001] [Ryan et.al. 1998].
ping process, that represents the output language in the form
of production rules. It is comprised of a set of non-terminals ] ]
that can be mapped to elements of the set of terminals, ad Problem Domain & Experimental Approach

cording to the production rules. An example excerpt from a

BNF grammar is given l_:)elow. These producnons_ state that Gye gescribe an approach to evolving trading rules using GE.
can be replaced with either one of the non-termieaisr This study uses daily data for the Irish ISEQ stock index
if-stmt, orloop . drawn from the period 29/03/1993 to 4/12/1997. The train-
ing data set was comprised of 360 days from the brst day
(29/03/1993) with an additional 75 days at the beginning of

S ;;:l E;f)fgtrmt (1()0) this time to allow for the time lag introduced with technical
| loop @) indicators such as the moving average. The remaining data

was divided into two hold out samples totaling 805 (i.e. two
365 day periods with a time lag of 75 days) trading days. The

The grammar is used in a generative process to construgfvision of the hold out period into two segments was under-

a program by applying production rules, selected by thd@ken to allow comparison of the out of sample results across
genome, beginning from the start symbol of the grammar.  different market conditions, in order to assess the stability and

degradation characteristics of the developed modelOs predic-
In order to select a rule in GE, the next codon value on thgjgns.

genome is generated and placed in the following formula: )
The rules evolved by GE are used to generate one of three sig-

nals for each day of the training or test periods. The possible
signals areBuy, Sell or Do Nothing Permitting the mod-
If the next codon integer value was 4, given that we havel to output a Do Nothing signal reduces the hard threshold
3 rules to select from as in the above example, we ggbroblem associated with production of a binary output. This
. S will therefore be replaced with the issue has not been considered in a number of prior studies.
non-terminaif-stmt . A variant on the trading methodology developed in Brock et



al. [Brock, Lakonishok & LeBaron 1992] is then applied. If 4.2 Selection of Fitness Function
a buy signal is indicated, a bxed investment of $1,000 (arbi-

trary) is made in the market index. This position is closed ak key decision in applying a GP methodology to construct a

the end of aten day (arbitrary) period. technical trading system is to determine what Ptness measure
On the production of a sell signal, an investment of $1,000 ishould be adopted. A simple btness measure such as the prof-
sold short and again this position is closed out after a ten da§ability of the system both in and out of sample is inadequate
period. This gives rise to a maximum potential investment ofs it fails to consider the risk associated with the developed
$10,000 at any point in time (the potential loss on individualtrading system. The risk of the system can be estimated in
short sales is in theory inPnite but in practice is unlikely toa variety of ways. One possibility is to consider market risk,
exceed $1,000). The probt (or loss) on each transaction #ePned here as the risk of loss of funds due to a market move-
calculated taking into account a one-way trading cost of 0.2%nent. A measure of this risk is provided by the maximum
and allowing a further 0.3% for slippage. The total returndrawdown (maximum cumulative loss) of the system during
generated by the developed trading system is a combinatigntraining or test period. This measure of risk can be incorpo-
of its trading return and its risk free rate of return generatedated into the btness function in a variety of formats includ-
on uncommitted funds. ing: (return / maximum drawdown) or return - OxO(maximum

The rate adopted in thi lculation is simplibed to be th drawdown), where OxQ is a pre-determined constant dependent
€ rate adopted in this caicufation IS Simplibed 10 b€ the aVs, 51 investorOs psychological risk proble. For a given rate of
erage interest rate over the entire data set (5.8%).

return, the system generating the lowest maximum drawdown
As well as the moving average, the momentum and tradintp preferred.
range volatility technical indicators are adopted in these pr

- ) ®this study incorporates drawdown in the btness function by
liminary experiments.

subtracting the maximum cumulative loss during the training
In addition to the technical indicators the grammar also allowgeriod from the probt generated during that period. This is a
the use of the binary operatorsaahd, for, and the standard conservative approach which will encourage the evolution of
arithmetic operators, and the unary operatoof?. trading systems with good return to risk characteristics. This
. will provide a more stringent test of trading rule performance
The signals generated for gach day, Bu'y, Sell, or D_o Not as hFi)gh risk / high rewar% trading rules wi?l be dFi)scriminated

ing, are post-processed using fuzzy logic. The trading rU|eagainst.
a fuzzy trading rule, returns values in the range 0 to 1. We
use pre-determined membership functions, in this case, to de-

termine what the meaning of this value is. The membership Results

functions adopted were as follows:

The results from our preliminary experiments are now given.
Runs were conducted with a population size of 500 for 100
generations. Trading rules were evolved with a performance
superior to that of a benchmark buy and hold strategy. Under
this benchmark, an amount of $10,000 is invested in the mar-
ket at the beginning of each of the test periods. The gain on
this investment to the end of each period is then calculated.
The best individual (set of trading rules) found to date made
a probt of US$5777 over the training period.

The value of the ISEQ index increased substantially over thg\/he.n tejted on the EN% orlljt ofrl.sa_rng!e'énerllods foIIow!ng thle
training and testing period, rising from 1337.44 to 3498 g4lraining data set we bnd that this individual was consistently

Before the trading rules were constructed, these values wePéopta,bI_e' PIOt_S of the index over egch of the test periods and
normalised using a two phase preprocessing. Initially the daf—he training period can be seen in Figure 1.

ly values were transformed by dividing them by a 75 dayTo facilitate assessment of these results, they are compared
lagged moving average. These transformed values are theiith those of the benchmark buy and hold strategy. The re-

normalised using linear scaling into the range 0 to 1. Thisults of this buy and hold strategy can be seen in Table 1.

procedure is a variant on that adopted by Allen and Kar- . .
jalainen [Allen & Karjalainen 1999] and Iba and Nikolaev In assessing these results, the market risk proble of each trad-
[Iba & Nikolaev 2000] ing strategy should be considered. The buy and hold strat-

egy maintains an investment of $10,000 plus cumulative re-

The operations and, for, and fnot are fuzzy logic operators turns since the start of the investment period, in the market at

returning the minimum, maximum, of the arguments, and 1 - thedll times whereas the maximum investment of the develope-
argument, respectively. d trading system, ignoring drawdown, is $10,000. Looking

4.1 Data Preprocessing



Trading Period Buy & Hold  Best-of-run Best-of-run

(Days) Probt (US$) Probt(US$) Avg. Daily Investment
Train (1095 to 1460) 2087 5777 8233
Test 1 (1461 to 1826) 3848 1478 5055
Test 2 (1827 t0 2192) 3439 2627 8808

Total 9374 9882

Table 1: A comparison of benchmarks with the best of run individual.

at Table 1 we can see the average daily investment made tecause, the benchmark buy and hold portfolio maintains a
the best of run individual for each test period. Averaged ovefully invested position at all times in the market, whereas the
all the test periods the developed system has an investmentpdrtfolio generated by the technical trading system averaged
$6932 in the market. a capital investment of $7,000 over the test periods.

There is no clear evidence that the trading system has high&here is notable scope for further research utilising GE in this
market risk than the buy and hold strategy. problem domain. Our preliminary methodology has included
a number of simplibcations, for example, we only considered
a small set of primitive technical indicator. The incorporation
of additional technical indicators may furtherimprove the per-
formance of our approach. Future work will also seek to re-
In evaluating the performance of any market predictive sysmove the over-btting that is occurring on the ISEQ data set in
tem, a number of caveats must be borne in mind. Any traderder to achieve the generalisation properties demonstrated by
ing model constructed and tested using historic data will tenthe evolved rules on the FTSE data set [OONeill et.al. 2001].
to perform less well in a live environment than in a test pe-

riod for a number gf reasons. Live mark'ets. have_ attendar]_teeferences

problems of delay in executing trades, illiquidity, interrupt-

ed / corrupted data and interrupted markets. The impact ‘;[}(Allen & Karjalainen 1999] Allen, F., Karjalainen, R. (1999)
these issues is to raise trading costs and consequently to re- Using genetic algorithms to bnd technical trading rules.

duce the probtability of tradgs generatgd by any system. An Journal of Financial Economic§1, pp. 245-271, 1999.
allowance for these costs (OslippageO) has been included in

this study but it is impossible to determine the scale of thesfBauer 1994] Bauer R. (1994). Genetic Algorithms and In-
costs ex-ante with complete accuracy. In addition to these  vestment Strategies, New York: John Wiley & Sons Inc.
costs, it must be remembered that the market is competitive. )

As new computational technologies spread, opportunities tB3rock, Lakonishok & LeBaron 1992] Brock, W., Lakon-
utilise these technologies to earn excess risk-adjusted propts ~ iShok, J. and LeBaron B. (1992). OSimple Technical
are eroded. As a result of this technological Oarms-race®, esti- 1rading Rules and the Stochastic Properties of Stock
mates of trading performance based on historical datamaynot ~ ReturnsO, Journal of Finance, 47(5):1731-1764.

be rle pll_cal_tled tm I;]ve ':radln_gl]_r?s otthgr market partlmptanftz_w_lll[Brown, Goetzmann & Kumar 1998] Brown, S., Goetzmann
apply simiar technology. 1his study ignores impact of divi- W. and Kumar A. (1998). OThe Dow Theory: William

dends. Alt_hc_)ugh a buy-and-hold strat(_agy will generate higher Peter HamiltonOs Track Record Reconsidered®, Journal
levels of dividend income than an active trading strategy, the of Finance, 53(4):1311-1333.

precise impact of this factor is not determinable ex-ante. Itis
notable that the dividend yield on most stock exchanges hgghan, Jegadeesh & Lakonishok 1996] Chan, L. K. C., Je-
fallen sharply in recent years and that the potential impact of gadeesh, N. and Lakonishok, J. (1996). OMomentum s-

6 Discussion

this factor has lessened. trategiesO, Journal of Finance, Vol. 51, No. 5, pp. 1681
-1714.
7 Conclusions & Future Work [Colin 1994] Colin, A. (1994). OGenetic Algorithms for Fi-

nancial ModellingO, in Guido Deboeck (Editor) (1994).

The results clearly show that the model is suffering from  Trading on the edge: neural, genetic and fuzzy systems
over-btting to the training data set, however, the risk involved ~ for chaotic and Pnancial markets, New York: John Wi-
with the adoption of the evolved trading rules is less than the ~ ley & Sons Inc.

benchmark buy and hold strategy. [Cross 1973] Cross, F. (1973). OTrle Behaviour of Stoclf
The risk of the benchmark buy-and-hold portfolio exceeded prices on Friday and MondayO, Financial AnalystsO
that of the portfolio generated by the technical trading rules Journal, Vol. 29(6), pp.67-74.
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Figure 1: A plot of the ISEQ over the entire data set (top left), over the training period (top right), over the two test periods
(bottom left and right respectively).
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A Grammar used by GE to evolve trading
rules

N={<code>,<expr>,<fopbi>,<fopun>,
<matbi>,<relbi>,<var>,<int>}

T={p,=,(,),f_and,f_or,f_not,+,-*
> <,>= <= scale,ma,day,

1,2,3,4,5,10}

S=<code>

P=

<code> 1= p = <expr> ;

<expr> := <fopbi> (<expr>, <expr>)
| <fopun> (<expr>)
| <expr><matbi><expr>
| <expr><relbi><expr>
| <var>

<fopbi> ::= f_and
| f_or

<fopun> := f not

<matbi> = + | - | *

<relbi> = > | < | >= | <=

<var> ;= scale( <int> )
scale(ma( <int> , day ))
scale(day)

|
|
| scale(momentum( <int> , day ))
| scale(trb( <int> , day ))

<int>x=1]2|3]4]|5] 10
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aspect of the two heads of the cork. This operation allows
Abstract separating a cork set into three categories. To obtain the
necessary data for the classification, we use CCD cameras
that give us pictures for each head of the cork. From these
In this paper, we explore the use of genetic pictures we obtain numerical values. A classification
algorithms (GA) for a classification problem program is then used to determine the class of each cork.
encountered in wine industry: the classification of This classification decision is taken by comparing the
natural corks according to the defects of their numerical values from the cameras against some internal
heads. In particular, we are interested in the task of parameters of the classification program. These internal
optimizing the parameters of an existing cork parameters correspond in fact to a set of thresholds that
classification program. For this purpose, we must be determined carefully in order for the
introduce a GA-based approach that searches for classification program to work correctly. The main
good combinations from a huge search space. (jfficulty is that these parameters are numerous (up to 30)

Experiments on both artificial and real data show  and have large ranges for the possible values (up to
the high effectiveness of this approach. This 10000 integer values).

effectiveness justifies the use of this approach for _ )
daily operations in a real environment. The goal of this work is to explore a GA-based approach

to determine these threshold values used by the

classification program. We evaluate this approach on both
1 INTRODUCTION artificially generated theoretical data and real data. We
The cork is a well-known natural product in fine wine Show the GA-based approach is able to find near optimal
industry for its reliability and for its chemical and Values for the classification parameters. Indeed, using
mechanic properties. The main advantage of a naturdfese parameters values, the classification program
cork stopper is to allow a good gaseous diffusion adapteEirOdUCEd excellent results for both the artificial and real

to the wine maturation. This is also the most appreciateaata-

cork by wine consumers. In cork industry, the productionThe paper is organized as follows. In section 2, we
process of this product is composed of different steptroduce our classification problem, followed by the
[FOU97]. First, the cork is punched in cork planks. Thempresentation of a mathematical formulation of the
corks batches are washed and classified. The last stepfoblem in section 3. In section 4, we present our GA for
consist in personifying the corks (picture, surfacedetermining the classification parameters. In section 5, we
treatment) and to pack them up. show detailed experimental results. Conclusions are given

In this study, we are interested in the classification stegh the last section.
In fact, natural corks are classified according to their

quality and proposed to vineyard with different prices.2 CORKS CLASSIFICATION AND
Like a lot of natural products, natural corks are CLASSIFICATION PARAMETERS

heterogeneous. To classify them, a human expert would

consider holes, cracks, colors and other features of a corkour CCD cameras allow obtaining two pictures for each
The quality of a cork depends on the nature, the quantityf the two heads of a cork. Each picture is analyzed in
the size and the position of the defects. In the case of @ider to extract fifteen parameters that we will note
automatic classification of corks, only some visualCAM;: i represents the number of the camera (between 1
features are taken into account. In this study, we are on?nd 4) and | represents the number of the parameter
interested in the classification according to the visuafbetween 1 and 15). We will not explain the methods used



to extract these parameters, neither the nature of tt —
selected parameters. The problem that interests us in tf 1E  (i,]) ([1;4], [1; 15]), CAM; <Py
study is in the following step. A classification program THEN Class = 1;

analyses the fifteen parameters given by each of the fo .
cameras. The result of this program is the class of tf ELSE 1F (i,)) ([1:4], [1;15]), CAM; <Py
cork. In Figure 1, we show the two heads of an exampl THEN Class = 2;

cork and the classification process working with the fou
corresponding numerical pictures of the two heads.

Figure 2: Classification Algorithm

Clearly, the quality of the classification parameters plays
a determinant role for a good classification. A good
setting of these parameters;(P,), i [1; 15] will allow

to classify a cork in the class which is the most
appropriated for it according to the information given by
the cameras.

Cameral Camera3
N o 3 FORMULATION
+ In this section, we give a formulation of our problem,
Camera2 Camera which is based on the CSOP model [TSA93]. Here we
Circulation of identify a set of (discrete) variables V, a family of value
the cork domains for the variables, a set of constraints among

™ some variables and a cost function to be optimized.
'\ Picture of the headgﬂ
of the cork

ﬂ ﬂ ﬂ ﬂ Variables:

Extraction of the parameters CAM  [1;4],j [1; 15] V ={P1y; Pra; ...PL15 Pog; .. Poag}

T 1 T 1 ={vi;i [1;30]}

The set of variables is composed of the parameteeng

Classification program - AutoClass P,, that are renamed as, V [1; 30].
+ Domains:
Class of the cork D={D;/D=N", i [1;30]}

Each variable Ymust take a positive and entire value.
More precisely, for this study, we have ©[0; 800] for
i [1;15], Dys = [6 000; 15 000] and Rs = D, for
Figure 1: From the visualization to the classification of j [1:15].
the cork

Constraints:

To simplify, we can say that the classification program C: i [1,15],V Vs

(AutoClass) uses thirty internal parameters denoted b¥his constraint is used to avoid a cork that cannot be

g&i,’w?z)’ | [1; 15]. They are the same nature as theaccepted in class 2, could be accepted in class 1 (Class 1
ij

) o ) _is of higher quality). This constraint is due to the
The algorithm used by the classification program is quitg|assification algorithm presented before. In fact, without
simple: it compares the numerical values (GANtom g constraint, we would have: k [1; 15] /
the camera pictures against the classification paramete{/sk+15< CAM;. < V. A cork can then be put to the class 1
i .

(thresholds) (R, P?i)' A cork is classified to one and on]y because CAM < V), while it is rejected from class 2
one of three different classes after this compansoibecause Vs < CA’M-k) The set of the proposed

(Classes 1 to 3 correspond in fact to decreasing qualities ‘onstraints allows us to avoid this undesirable situation.

Cost function:

This is the sum of corks that are classified in the right
way. These classified corks are those for which the class



determined by the classification algorithm is the same aStop condition
the known class given by the human expert. The aim is

- . . the stop condition is used to determine the end of the
course to maximize this function.

algorithm. Well-known stop conditions are:
a pre-defined number of generations or

4 A GA-BASED RESOLUTION evaluations,

APPROACH a pre-defined value to reach for the fitness
From the literature, one may find several studies function,
concerning the automatic classification of corks by a number of generation without improvement.

analyzing pictures of corks and by employing different

classification techniques. For example, some researchers ) )

take interests in picture analysis to determine the qualitur genetic algorithm

of cork boards [MOL93]. Others are interested in therFor our problem of determining the parameters for cork
picture analysis and in the classification of corks with the|assification, each individual is defined by a vector:
help of artificial neuronal n_etworks [_CHA97]. In a more Viz(p'l, ., Pio, -, pso), each gene corresponding to one of
general ~context, genetic algorithms have beeRne thirty parameters of the problem and taking its value

successfully applied to various classification-relatedi o m its value domain (c.f. §3). A population of 40
prOblemS [PUN93], [S|E88], [VAFgl], [FAL93] These individuals is used in this Study.

previous studies on similar problems constitute one
important factor motivating the choice of genetic The classical one-point crossover is used to generate new
algorithms for our classification problem. individuals. For the mutation, the following technique is

. . . used. Suppose we decide to mutate thegdne Vi of an
Since the very beginning of the GA [HOL7S], its individual. Then the new value for the gene is determined

principle becomes well known. For a comprehensiv i i - N .
introduction, the reader is invited to consult books on theeDy Vi + (random(1)-0.5) x ¥. Selection is carried out

subject, for example [GOL89]. We give here only a briefOVe" the whole population and half of the best individuals

remainder necessary to describe our genetic algorithm, are kept. The best individual is always record in a variable

* . . .
GA may be considered to be composed of three essenti%f ) and up_d_ated each time a better solution is found. _The
elements: Sstop condition concerns the number of generations

without improvement of the best solution found so far.

1. A set ofpotential solutionscalled individuals or  This number is empirically fixed at 50 generations.

chromosomes that will evolve during a numberT | he fi f individual h
of iterations (generations). This set of solutions 0 evaluate the fimess of an individual, we run the

is also callegpopulation classification program AutoClass (§2) with the parameter

] ) . . values coded by the individual on a learning database.

2. An evaluationmechanism (fitness function) that The |earning database is composed of a set of corks with a
allows assessing the quality or fitness of eachyown class number for each cork. According to the
individual of the population. number of corks that are correctly classified, a score is

3. An evolution procedure that is based on someassigned to the individual that is being assessed. Since we
“genetic” operators such as selection, crossoveuse an external program for fitness evaluation, it is clear

and mutation. that the evaluation constitutes the most time-consuming
part of the algorithm.
Crossover and Mutation In addition to these conventional mechanisms, our GA

The crossover takes two individuals to produceuses a diversification function: if the best individuals of
two new individuals. For example, the the population do not evolve during 10 generations, then
application of the well-known one-point the whole population undergoes a mutation (each
crossover to =abcd and B=bbaa can produceindividual is mutated). This diversification function
two individuals =abaa and =bbcd. allows modifying the population more importantly than
The mutation consists in modifying randomly a by a crossover ora classical random mutation. It helps in
gene of an individual. A mutation of-atpa  SOME cases avoid the problem of premature convergence
could lead to a new individuatalea. of the population. The overall algorithm is described by
the following flowchart (Figure 3).

Fitness function and selection

The quality of the individuals is assessed with a fitness
function. The result is a real value for each individual.
The best individuals will survive and are allowed to
produce new individuals.



parameters given by each of the four cameras for each
cork. We obtain the information on the four pictures of

Initialisation of the population five thousand theoretical corks. In order to assign a cork

Vi, j [1;40] to a class, we proceed as follows. We take randomly a
combination for the thirty parameters, V [1; 30] used

r < by the classification program AutoClass. We run then

AutoClass with these parameters to classify all the 5000

corks. In this case, we know the class of each cork and we
know also the parameters necessary to find this
classification (These parameters may be considered to be

Crossover of the population

i optimal for the classification of these corks). Now we can
run our GA on these data to see whether it is able to find
Random mutation of individuals these optimal (or near-optimal) parameters to classify

correctly all the corks of these data.

¢ Di‘éersmcaltio_” of | We test the program on data sets with different sizes (50,
the population 100, 200, 500, 1000 and 5000 corks). We run 10 times the
Evaluation of the population from algor.ithm on gach data set. The tests were realized on a
a learning database A Pentium Il with 200 MHz and 64 MB of RAM. The
¢ results are given in the following table.
Selection of the half best Table 1: Solutions found for 10 different runs on
individuals of the population No theoretical corks
Yes
Diversification? N =number| Case | Case | Average value of Average
Stop of corks | where | where (in %) solving time for
condition? =N | f<N onerun
50 3 7 40/50 (80%) 1minl4s
100 3 7 73/100 (73%) 3min50s
200 2 8 162/200 (81%) 7 min 28 s
. o
Display of the best solution V 500 3 7 465/500 (93%) | 26 min 10 §
1000 1 9 873/1000 (87%) 59 min 13 s
Figure 3: A GA for a classification system of natural 5000 2 8 | 4533/5000 (87%)  5h50min
corks (population size: 40, stop condition: 50 generations

without improvement)
5 EXPERIMENTAL RESULTS

From table 1 we observe, for example, that with 200
5.1 RESULTS ON ARTIFICIAL DATA corks, the algorithm finds twice out of ten the optimal
ution (f = N), that is, it finds twice a combination of the

. . ol
In order to assess the approach just described, we appﬁ%\ssification parameters ;Vthat allows classifying

the approach to a set of artificial, random data for Whid?:orrectly all the 200 corks. On average, the algorithm

En opt_ltmall SOIUtSn IS knoxvn, (tjh?t 1S, tfor each cork, W&o 45 9 a right classification for 162 of 200 corks (81%).
now IS class. L'sing such a data Set, we may COMPakf,q |5t column indicates the average time for a run.
directly the results of the GA with the optimal ones,

consequently. These data are generated in the followinlget us note that the resolution time increases according to
way. We create a 2-dimentional N x M table with N=5000the size of the data set. This increase is due to the
(the number of theoretical corks) and M=61 (60 simulatectvaluation step that uses an external -classification
numerical values that are usually given by 4 cameras plysrogram (AutoClass, see 84). The more important the data
the class of the cork). set is, the higher the evaluation time is.

More precisely, the first line is randomly computed andThis experiment is very satisfactory for a practical point
the following data are calculated from a function thatof view. Indeed, it shows that the algorithm is able to find
takes into account the value of the cell of the first line andhe best (optimal) solution at least once out of four in the
a random value. For each of the N lines, there are the Jdrevious example. Here, we can speak of the optimal



solution because it is known and we know that it is

possible to reach it. With real data we will see that this is
no more possible because an optimal classification is not

known in advance for a given set of corks. Moreover, it is
almost impossible to classify a set of corks exactly in the

same way as a human expert. We discuss this issue in the

next section.

5.2 A CASE STUDY ON REAL DATA: THE

CLASSIFICATION OF 173 CORKS

From a visual selection realized by a human expert, 173

corks were classified according to their heads into three
classes. The following table gives the result of this

manual classification done by the expert.

Run 11 129 174
Run 12 127 168
Run 13 130 140
Run 14 130 197
Run 15 130 212
Run 16 128 197
Run 17 130 171
Run 18 130 188
Run 19 130 204
Run 20 129 168

Table 2: Classification by an expert of a batch of 173 The next figure (figure 4) shows the typical evolution of

the fitness function of the best individual with the number
of generations. From the figure, we observe that the
fitness of the best individuals increases quickly for the
first 60 generations. Then the evolution slows down and

corks
Class 1 | Class 2| Class 3Total
Quantity 70 46 57 173

Percentage| 40.5% 26.5% 33 %] 100 %

We analyze the corks of each class with the four cameras
to extract the sixty parameters from the cork. The data are
recorded in a 61-columns table. The class determined by
the human expert is indicated in the®@olumn. Then, 3

we run our algorithm to determine the 30 classification$
parameters Vi [1;30] such that the classification is the ™

stops around 181 with a best fitness of 130.

140

120 f
100

80r—

60

40

same as that determined by the human expert.

We run twenty times the algorithm before selecting the 20
best solution. The results are summarized in table 3.

Table 3: Results of 20 runs on 173 real corks

Maximal value of the fitness Number of
function f (correctly classifiedd  generations
corks for the 173 corks)

Run 1 130 144
Run 2 129 239
Run 3 130 158
Run 4 130 252
Run 5 130 161
Run 6 127 109
Run 7 129 135
Run 8 130 194
Run 9 129 138
Run 10 130 194

0 T T T T T T T T T
1 21 41 61 81 101 121 141 161 181

Generation

Figure 4: Evolution of the best individuals of the
population

From these results, we know that the classification
parameters determined by the GA allow 130 out of 173
corks to be classified as the human expert suggested.
Now, we want to know exactly which cork is classified
into which class. For this purpose, we take one of the best
individuals (with f,.x = 130). We re-run the classification
program with the classification parameters given by the
chosen individual. Applying to our 173 corks, we obtain
the following results (table 4):



Table 4: Confusion matrix for a total of 173 corks.

Var, A "
Expert\ Machine| Class1 Class|2 Class3otal l
Class 1 61 8 1 70 A0 0] #
ass ——— —_— .
Class 2 10 23 13 46 | 0
Class 3 7 4 46 57 A ]
+ >
|
Classified in the right class: 61 + 23 + 46 = 130 i ! Var
Satisfaction Percentage: 75.1%
From table 4, we can see that on the 70 corks that are Figure 5: Separation of classes

classified by the expert in the class 1, 61 of them are

classified by the classification system in class 1, 8 in class , i

2, and 1 in class 3. For the 173 corks, the algorithm leads€Se two factors explain the difference between the
to a classification that has an overlap of 75.1% with thafluality of theoretical data and the tested real data.

of the human expert. Let us mention that other tests have been carried out on

If we compare these results with those obtained oNerY large set of non-classified corks (up to 1_5 000 corks).
theoretical corks (85.1), we may conclude that the resul ssessed by human expert, the classification results on
on real data are “less good”. Two factors can explain thi'eSe real data are considered to the best one known today
difference between these two experiments. The first one 18" the daily industrial classification task. For this reason,
due to the classification made by the human expert (cfhe System is currently used in daily operation.

table 2). Just like we realized a confusion matrix between

a human expert and a classification program (cf. table 4B CONCLUSIONS AND FUTURE WORK

we also could realize a confusion matrix between two

experts or with the same expert but in differentThe classification of natural corks is a very important
conditions. Without any doubts, the traces of the matristopic in wine industry. In this paper, we have studied a
would never be equal to the number of corks to bearameter optimization problem for an automatic
classified. This result is well known in cork industry andclassification system. The problem involves thirty
certainly also in other domains that use the humawariables with a huge number (up to 10 000) of possible
intervention of man to classify products. values for these parameters. To solve the problem, we
é?]ave developed a GA-based approach to search for good
combinations for the thirty parameters of the problem.

The data themselves we use may not allow classifyin he pr_oposed a_p_p_roach has been evaluated on both
correctly the set of corks. Take an example with twooUPervised) artificial - data and real data. These
variables, noted Varand Vas, and two classes to be evaluations have led to highly satisfactory and concluding
separated: the circles and the triangles (cf. figure 5r.esults on the tested data. Moreover, results on
There is an obvious manner to separate these elemen@.su‘)‘:’rvIsed data were favorably approved by human
the straight!. However, the classification algorithm eXpert and were the best ones known.
AutoClass is not able to separate these elements by usifipe analysis of results showed that it would still be
" and# (perpendicular to the axes represented by theossible to improve the effectiveness of the classification
variables). In the case presented here, there is no way $9stem by modifying other steps of the classification
separate the two classes witland#. process (including the classification program used
currently). One possibility would be to use a GA to find
more pertinent classification rules. We studied in this
paper the classification only according to the defects of
the heads of the cork. Classification is also done using
defects of boards of the cork. We would use the approach
proposed in the paper to this kind of classification.
Finally, we plan to apply the proposed approach to other
classification problems encountered in wine industry. For
example, for champagnes corks, one distinguishes even

The second factor is a more bothering one that is relat
to the classification algorithm currently used (AutoClass)



more classification steps: the classification of the twqVAF92] VAFAIE H., JONG DE K., Genetic algorithms

slices before pasting them, and the classification of corkas a tool for feature selection in machine learning,

according to the specification of customers. Proceedings of the Intl. Conf. on Tools with Ailington,
VA, pages 200-204. IEEE CS Press, 1992
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Abstract

This study is concerned with an evolutionary
methodology of designing logic-based models.
These models dwell on a logic fabric of granular
computing and learning capabilities of fuzzy
neural networks. The proposed design comprises
two fundamental phases, namely an evolutionary
optimization (via Genetic Programming, GP) of
the generic structure of the model that is
followed by its parametric refinement completed
in the form of a detailed gradient-based learning.
We discuss the underlying algorithm and
elaborate on the way in which GP helps cope
with high dimensionality of the modeling
problem (it is known that a significant number of
variables leads to the failure of the parametric
learning). The study is illustrated with the aid of
a numeric example that provides a detailed
insight into the performance of the logic-oriented
models and quantifies crucial design issues.

1 INTRODUCTION

carried out may be quite distinct from logic-based
processing that is pertinent to computing with fuzzy sets.
Two general observations are essential in addressing the
two modeling aspects being raised above

To retain the transparency of the model that make it
easily understood by an end user, we have to adhere
to the solid logic-oriented structure of the model
itself.

The accuracy of the model and its high generalization
capabilities call for a multiphase model design where
naturally we start with a “skeleton” (more qualitative
than quantitative) of the model and then proceed with
its further numeric refinement. As the required
optimization needs to be comprehensive including
structural development of the model, there is an
evident need for using mechanisms of global
optimization such as evolutionary computing.

The objective of this study is to develop a hybrid design
methodology of logic-based (fuzzy) modeling, come up
with a logic-based structure of such models and propose a
comprehensive evolutionary development environment in
which the optimization of the models can be efficiently
carried out both at the structural as well as parametric
level. First, we exploit fuzzy neural networks [11] [12]

The main challenges of fuzzy (granular) modeling that aréhat are aimed at capturing the essence of logic-oriented
continuously facing this rapidly growing area remain theSystems. Second, various topologies of these networks are
same as they were at the very inception of this paradigrii€veloped through the use of Genetic Programming (GP)
The agenda of granular modeling has to cope with twétl [5] [7] that is one of the approaches readily available
highly conflicting requirements such as developingin €volutionary computing.

models that are transparent yet accurate. Interestinglyhe experimental results illustrating the performance of
neurofuzzy models (that form a significant trend) tend tahe evolutionary fuzzy modeling include synthetic data (a
gravitate towards addressing the requirement of higlnultivalued logic function) and a case study, which
accuracy and this happens at a substantial expense @fploits a Boston housing data. As far as a basic notation
lowering their transparency. This is somewhat inevitablgs concerned, we adhere to the one commonly used in
considering the underlying black-box processingfuzzy sets. In particular, fuzzy sets are denoted by capital
paradigm and various topologies existing injetters. The basic logic operations on fuzzy sets are
neurocomputing. In many extreme cases, calling thesgalized with the aid of triangular norms (t - and s -
constructs fuzzy models would be inappropriate, as fuzzyjorms) [10].

sets resulting through the optimization process may not

exhibit any semantics. Moreover the basic computing



2 THE ARCHITECTURE AND Each patch is a fuzzy relation formed with the use of

DEVELOPMENT PHASES OF LOGIC- fuzzy sets defined in each variable. Then a fuzzy model
BASED MODELS arises as a union of the patches. The geometry of the

model implies its detailed architecture and dictates
The crux of the logic-based model discussed lies in itpertinent operational details.

transparent form along with existing learning capabilitiespng gdvocated in [10], fuzzy modeling or logic-based

(structural and parametric plasticity). The form of themgeling is realized at the conceptual level formed by a
model is that of a series of rules involving informationcqjiection of fuzzy sets defined in each variable. These
granules (fuzzy sets) that are combirmettwise to form 416 aiso regarded as linguistic landmarks whose choice

a condition part of the rule and afterwards all the rules argnpjies a certain point of view at the data (system) under
combined or-wise. The overall architecture implies a §iscussion. Each fuzzy set conveys a well-defined
certain development process of the model. At the level cfgmantics. When dealing with many variables (that is
structural  optimization, ~we  exploit evolutionary g ally the case), the fuzzy sets are aggregated and give
computing, ~especially Genetic Programming  (GP).ise 1o their granular manifestations in the form of fuzzy
Furthermore the structural optimization is carried Outg|ations (Cartesian products of contributing fuzzy
independently ~ from  parametric ~ optimization.  BY rejations). As we require several patches, these are
distinguishing between the structure and the parametes,mpined together by a union operation. This gives rise to

we attempt to concentrate on the top_ology of the mode! yo-level topology of the model that captures the
and make it disjoint (as much as possible) from the pha%j‘eometry of data, see Figure 1.

concentrated on parameter adjustment. By following this
path, we search for the structure by exploiting the space

of all possible structures, find the best and afterwards

. . . . . OR
proceed with their refinement occurring at the parametric AND /_\
(numeric) level. There is a crucial reason behind the use
of GP. First, the structural optimization is not supported O
by gradient-based techniques. Second, the space of the -
structures is large and this calls for the use of evolutionary ~
techniques. As to the structure itself, we proceed with a AND
standard two-level OR-AND representation of Boolean
functions of symbols (in this phase fuzzy sets are used as Input space
symbols). Interestingly, this representation is in line with
the well-known structures of rules (if-then statements) Figure 1. Geometry of data implying a topology of the
composed of fuzzy sets standing in their condition and model and its underlying logic fabric
conclusion parts. The OR-AND representation of the
Boolean functions is equivalent to a logic networkEvidently, the geometry of the model stands in a one-to-
(combinational system). Third, the once the topology obne correspondence of its logic fabric. The essence of this
the logic (Boolean) network has been established duringeometry can be captured in the form of AND and OR
the previous phase, the network is subject to somaodes (aggregation operations) as illustrated in Figure 2.
parametric refinement. To make this process possible, thehis figure emphasizes the structural nature of this
network is augmented by modifiable connections and thisonstruct. Considering the specific information granules
gives rise to an idea of fuzzy neural networks [8]. In thesghown there, we can translate it into the description
networks two types of processing units (fuzzy neurons)
are encountered. An OR neuron generalizesréaype of (Aiand Band G) or (Biand k) or (A, and G)
aggregation. Amandtype of aggregation is realized by
using an AND fuzzy neuron. The connections of thesavhere each list is composed of fuzzy sets defined in the
neurons help calibrate the inputs and contribute to theorresponding spaces (A, B, C,...). Each list includes a
improved performance of the model expressed at the levaumber of granules; their number could differ from list to

of the information granules (fuzzy sets) now being treatedist.
at the numeric end.

AND

Output space

The list structure forms an essence of the model. It is
worth stressing that even though the information granules
3 GP MODEL REPRESENTATION convey detailed numeric information in the format of their

. membership functions, the resulting structure, Figure 2,
The architecture of the fuzzy model follows the geometryjoes not include any other numeric quantification. A

of multidimensional data and reflects the main objective:a|ipration of the structure is possible by equipping it with

of such modeling that is to cover the data by a series Qfome parametric flexibility. The refinement of this nature
“patches” [13].



is completed by introducing fuzzy AND and OR neuronsAs we noted, the mapping from the structure to the fuzzy
[8] in place of the existing nodes. There exists a direcheural network is straightforward. Recall that an h-input
correspondence between these nodes and the fuzgingle output OR neuron is described in the form

neurons. As a consequence, we come up with a fuzzy v = OR & W)
neural network whose learning is equivalent to the ! Y
parametric optimization of the connections. wherez, y; [0]]. The connections ww,, ..., W, are

The network in Figure 2 pertains to a single informatior@"anged in a vector formwj. Rewriting the above
granule (fuzzy set) in the output space. The models witXPression in a coordinate wise manner we obtain
many outputs come in the form of a collection of such

h
j1

meaning that the neuron realizes an s-t composition of the
corresponding finite setsandw.

The AND neuron z= AND (x; v) is governed by the

expression
n
zj T (Xk sVijk)
k1
Computationally, this neuron realizes a t-s composition of
X andv.

The role of the connections in both neurons is to weight
Figure 2. The structure of the logic-based model the inputs and in this way furnish them with required
represented as a list of lists of information granules  parametric flexibility. A monotonicity property holds. In
case of OR neurons, the higher the connection, the more
essential the associated input. For AND neurons an

4 FUZZY NEURAL NETWORKS: FROM opposite situation holds: lower connection indicates that
A BINARY BLUEPRINT OF THE the respective input is more essential. In general, a certain

threshold operation can be sought. For any OR neuron,
MODEL TO ITS PARAMETRIC we consider the input irrelevant if the associated

REFINEMENT connection assumes values lower than 0.5. An input of the
The structure of the fuzzy neural network is fu”yAND neuron is viewed irrelevant if the connection

determined by the logic fabric of the model. The ensuing*ceeds 0.5.

learning of the network leads to its further refinementsThe learning is realized as a gradient-based optimization

that appear at the numeric level. Proceeding with thecheme [10]. The parametric learning of the fuzzy neural

architectural details, the fuzzy neural network is governegetwork has been well developed and documented in the

by the following expressions, refer also to Figure 3. literature [9] [10]. Several general observations are worth
summarizing

The gradient-based learning supports optimization that
may result in a local minimum of the performance

target index. Global minimum could be out of reach of this
D learning mechanisms
The efficiency of learning depends upon the choice of
the triangular norms and co-norms. Here the minimum
- and maximum operators deserve particular attention as

they lead to optimization traps. One of the reasons is
that both minimum and maximum are non-interactive
meaning that the results depends on an extreme value
encountered there and the final outcome does not
reflect the remaining arguments of these t- and s-
norms. The other hand, for most other t-norms we may
end up with a saturation effect that may be extremely
difficult to handle in case of higher dimensions of the

Figure 3. A structure of the fuzzy neural network along
with a detailed notation



problem. For instance, consider the product as a modebmputing is in a population-based optimization [1] [5]
of the t-norm. If the number of arguments increases|7] and this aspect is retained in GP.

the result of aggregation_c_arried out in this way tend%P can be seen as an extension of genetic paradigm into
to zero._Now |_f one envisions such an AND neuron . ea of programs. It means, that objects, which
located in the input layer of_ the fuzzy neural networkc0 stitute population, are not fixed-length character
and assume that all connections are the same and quﬁ’,i-lngs that encode possible solutions to the given

" problem, but they are programs, which "are" the candidate
solutions to the problem. In general, these programs are
expressed as parse trees, rather than as lines of code. For

For any input less than one, say lwe end up with jngiance, the simple prograra % b*c" would be viewed
the output equal to (1)". One can easily check that a i the following way:

situation in which = 0.5 and n = 40 inputs produces
the output of the neuron equal to 9.095 *10This
activation level reduces quickly once the

dimensionality of the problem goes up. "
The learning may be very slow especially when the n -

size of the network gets large. A way in which the

connections are initiated (random values) associated [ b |

with no preliminary knowledge about the structure of

the network (that implies its fully connected topology

where all neurons are connected with the neurons iﬁUCh representation of candidate solutions combined with
the neighboring layer), we are not guarded against theome constrains regarding their structure allows for

curse of dimensionality. straightforward representation of fuzzy models such as

. . . fuzzy neural networks.
In light of these observations, the general design y

paradigm proposed in this Study is strong|y SupporteoGP operates on a population of lists, which are blueprints
Instead of learning the fuzzy neural network from scratctpf fuzzy models. In other words, each individual of
(the process which may fail quite easily), we concentrat@opulation — a list — represents a single fuzzy model, refer
first on establishing a structural blueprint of the networkio Figure 2. A fuzzy neural network of single output is a
and then continue with the learning of the connectionsiree with an OR node as the root, AND nodes at the first
Effectively, this skeleton of the network reduces thelevel, and nodes representing inputs at the second level.
number of connections to be learned. The structurabuch structure is presented in Figure 6. The OR and AND
optimization of the network is out of reach of parametricnodes can have multiple inputs. Additionally, in order to

(gradient-based) optimization and requires methods alongPresent fuzzy neural networks with multiple outputs, a
the line of Evolutionary Computing [6] [14]. single AND node can be connected to more than one OR

node.

5 GENETIC PROGRAMMING AS A A population of fuzzy models evolves according to the
rules of selection and genetic operations such as crossover
VEHICLE OF STRUCTURAL and mutation. Each individual in the population is

OPTIMIZATION OF THE NETWORKS evaluated by means of a certain fitness function. Based on

The algorithmic area of EC is diverse embracing &his_ a selection procedure is performed. In this_ process
number of population-based optimization techniques suclfdividuals are chosen to form the next population. The
as Genetic Algorithms, Evolutionary Programming andchmce is made on the basis of favoring individuals with
Genetic Programming, to name a few of them. In thidnigher fitness values [1] [5] [7].

study, we concentrate on the use of Genetic Programmir@rossover and mutation are the two standard operations
(GP) [7]. In comparison to Genetic Algorithms (that areleading to the search of the solution space (viz. the space
indisputably the most commonly exploited in the area obf the logic — based models, i.e. , a collection of lists).
fuzzy modeling), GP comes with greater flexibility and The role of the fitness function is to assess how well the
far lower brittleness that helps carry out an efficientmodel matches the experimental data. We consider the

to zero, the output of the neuron reads as z x; .
i1

search. fitness function regarded as a sum of squared errors
In what follows, we use a simple example making use of N R R

the logic structures (fuzzy neural networks) introduced in Q (F(k) Fk)T (F(k) F(K))

the previous section. This example will help explain the k1

concepts of GP and underline any specific points arising
in this setting. The fundamental point of evolutionary



with N being the number of data points used for trainingcompleted by GP is now refined through learning of the
F(k) and F(k) are the outputs of the model and targetinduced fuzzy neural network. This network maps directly

values, respectively. The dimensionality of F depends OH]e collection of l.'StS formed by GP. As a result _the_ _fuzzy
the number of outputs (m) of the model. neural network is not fully connected. The significant

initial connections are those one that are identified by GP.

In the sequel only those are modified. Evidently this

6 THE DETAILED DESIGN PROCESS selection reduces a size of the learning problem as we
OF THE FUZZY MODEL concentrate only on a subset of the connections. This

reduction is especially visible for AND neurons where the

As we have already discussed the main phases of fuzzyumber of input variables has been confined to a small

modeling in the evolutionary setting, they can be pufraction of all inputs.

together in a form of a coherent design platform. InT

particular, it is essential to elaborate on the computational0 gnderlme that only selected connections are modified,
we introduce a maskl that allows the connections that

are not masked to be adjusted. In other words, the original
Selection of fuzzy set§uzzy sets serve as information update formula reads as

granules quantifying a given variable (input or output).

We choose these fuzzy sets in advance and keep thg@bnnections(iterﬂ)]M

unchanged during the successive phases of the model [connectiongiter)]v connection @

development. There are two main reasons behind this.
First, fuzzy sets are semantically sound constructs thaIt
have to retain key properties including WeII-deIineatedb
identity [10]. Their number should be limited to a few in
order to allow for their linguistic interpretation (such as
small, medium, etc). This means that if fuzzy sets are to
be involved in the optimization process all these semantiﬁ:he format of the rules varies as each rule may have a
integrity requirements should be maintained and this isiﬁerent number of conditions. In this setting, the
not stra@ghtforward. Second, b‘?ca‘_lse of _the_ overlap Yonnections of the fuzzy ne.ural network ca’n be
successive fuzzy sets, we maintain continuity betweePnterpreted as calibration factors of the conditions and

changes of position of fuzzy sets and the amount of dataL\JIeS

empr_aced by them. In this sense, some changes to ?E'e the connections of the AND neuron modify the
position of the fuzzy sets as well as their parameters will ! . A
) membership functions of the fuzzy sets contributing
not cause abrupt changes in the performance of the fuzzy ; o
X - , to the Cartesian product of the overall condition part
model. In this sense we may anticipate that for a fixed ; .
) . - of the rule. For instance, the expressions() t (Bs
collection of fuzzy sets, we may realize an efficient . T
N Lo S W) can be interpreted as and combination of the
optimization of the model through structural optimization. o o , ;
modified (less specific) fuzzy sets;’A B3 where
Structure optimizatiomhe structure of the family of lists A is a modified version of A i.e. A’ = A; S wW.
becomes a point of optimization at this phase of model Similarly, we get a modified version of;Bthat is
development. A formation of these lists is about a  B; s w. The higher the value of the connection, the
structure of the model (more specifically, the form of the  less specific is the modified fuzzy set. We havesA
patches CO\_/ering the data). Th_e GP terminates once a A.. In limit, when the connection is equal to 1,
fitness function does not change its values. we end up with Abeing eliminated from the rule (in

The structure of the resulting network (a collection of  this way the rule becomes more general). _
lists) obtained through GP may not be unique. More than 1€ connections of the OR neuron determine
that: it is unlikely to get the same structure for optimal ~ confidence of the rule meaning that the Cartesian
structures, as the data set is quite sparse in the space of product (_overall condition of the rule) is quantified in
fuzzy sets. For instance, for “n” variables and “p” fuzzy ~ t€rms of its relevance.

sets defined in each space we end up with p

combinations (Ca_r;esian products) of fuzzy sets. A lot o EXPERIMENTAL STUDIES

don’t care conditions are present in the space. GP

attempts to use them in order to come up with a simpldwo datasets are used in the experimental part of the

logic expression for the data set yet their usage is n@tudy. In the first experiment we exploit some synthetic
unique. data representing some multivalued logic function. The

second one, known as Boston housing data (http:/
www.ics.uci.edu/~mlearn/ MLSummary.html) concerns a
description of real estate in the Boston area where

interfaces between the successive phases.

he network can be represented in an equivalent rule-
ased format

- if condition and conditiopand ... then conclusipn

Parametric optimization of the networkl he topology of
the network derived during the structural optimization




housing is characterized by a number of feature3he optimal structure of the model is the following

including crime rate, size of lots, number of rooms, age of
houses, etc. and median price of houses.

In all the experiments we use GP as an environment of
evolutionary optimization. The parameters of the GP are
as follows: population size: 200, number of generations:

X8 x10 x2’

X4 x13 x19 x12' x14’ x17’

X9 x2' x12' x15’ x19’

X2 x12' x13' x16’ x19’

X8 x14 x19 x1' x12’ x17’ x20’

1000, probability of crossover: 0.9, selection of crossover
points (i.e. AND level vs. inputs): 0.5, probability of
mutation: 0.1, generation of initial population: a grow
method (lists have variable length), selection method:
fithess-proportionate  reproduction, elitist  strategy.
Maximal sizes of lists used in the experiments: number of
ANDs - 15 in the first experiment and 5 in the second,
maximal number of inputs to AND nodes — 10 in the first
and 5 in the second experiment.

Xx12 x2' x3'’

x1 x15 x8’

X2 x19 x1' x12’

X1 x4’ x8' x12’ x14’ x15’ x16’ x17’
x1 x3 x8’

X8 x19 x1' x4’ x7’ x12’ x14’ x16’
X3 X8 x10’ x12’

(in the above expressions x’ stands for a complement of
the variable, x'=1-x, variables of a single line represent
operands of a t-norm operation, and all lines are operands
of s-norm operation). The parametric optimization leads
to some further improvement of the model by reducing
the performance index to 2.6002.

7.1 MULTIVALUED LOGIC FUNCTION

Here we consider a multivalued XOR function [0,1]
[0.1]

y 1X1 2X2 . Xy

where the logic operationarfd and or) are realized by 7.2 BOSTON DATA HOUSING

means of some t- and s-norms ( s-norm: probabilistic sumrh q . ¢ di ional Doi
t-norm: product). Some out of 20 (n=20) variables e Boston dataset consists of 504 14-dimensional points,

contribute to the function (as indicated by the indicatofhac? represe(;ltiln_g a singl;let 3ttfribu;§é'l('jhetz con_sttruitiont %f
function ; being equal to 1 if xcontributes to the XOR € Tuzzy model Is compieted for ata points treate

function and O otherwise. More specifically, there are®S 2 training set (the rest of the data set is retained for

five variables contributing to the output. The training setteSting purposes). The number of the fuzzy sets defined in

consists of 300 data points. Owing to the dimensionalit)‘iaaCh input space (variable) is equal to 3 while for the

of the problem, the FNN is not successful in completing utput space we deflne .2 fuzzy sets. All fuzzy sets are
parametric learning. Then we confine ourselves to the G aussian, uniformly distributed in the space and with an

optimization. The structural optimization reduced theoverlap of 0.5 between two successive fuzzy sets.

performance index from 22.5861 to 5.9928 in 1,000The results of the structural learning process are shown in
generations, refer to Figure 4. Figure 5 where the values of the performance index Q in
successive generations are presented. The optimal
structure is shown in Figure 6. It contains only 5 out of 13

attributes of Boston data. The remaining have been found
to be of lower relevance.

> The normalized performance index @ at is the value of

Q divided by the number of data points) of the optimal
structure is equal to 0.0321. While using a testing dataset,
the value of the normalized performance index raises a bit
and now equals to 0.0363.

157

Performance.Index

10 7

The network is then optimized parametrically through a
parametric learning of the corresponding fuzzy neural
network. The learning rate ) is set to 0.005 and the
method is run for 1,500 learning epochs. As a matter of
fact, most of improvement happened at the beginning of
the learning process.

T T T T
0 200 400 600 800
No.lterations

Figure 4. Performance index in successive
generations of GP



dominant if-condition for membership functiorlow is
@ “CRIM is mediumAND DIS is mediuni, and in the case
of functionhigh the essentiaf-conditionis “RM is large
andCRIM issmall.

20

Figure 5. Performance index Q showing GP optimization

MEDV MEDV
low high
OR OR
AND
' RM Ig CRIM sm Figure 7. Structure of the two-output fuzzy neural
AND network after parametric optimization
' RM md RAD md
AND
(Lcrm ma J ois ma 8 CONCLUSIONS
AND
‘RMde LSTAT md In this study, we have proposed a general design
methodology for fuzzy models. The three-phase

development process conforms to the two fundamental
requirements of granular modeling that is accuracy and
transparency. The optimization tandem of evolutionary

computing (more specifically, genetic programming) and

gradient-based learning of fuzzy neural networks

naturally supports structural and parametric optimization

of the models that helps us achieve accuracy of the overall
model. The transparency of the model is accomplished by
subscribing to the logic-oriented architecture of the fuzzy

neural networks. The proposed methodology fully applies
to highly dimensional modeling and comes as a remedy to
the curse of dimensionality associated with rule-based
fuzzy models.

CRIM: per capita crime rate by town, RM:

average number of rooms per dwelling, DIS:
weighted distance to five Boston
employment centers, RAD: index of
accessibility to radial highways, LSTAT:

%lower status of the population, MEDV:

median value of owner-occupied homes

sm: small, md: medium, Ig: large

Figure 6. An optimal structure of the two-output network
derived through GP optimization

The normalized performance index Qf the optimal There are several possible extensions worth considering.

fuz_zy_ ne.ural .network, after structural and para}metnq:irst’ the fuzzy sets may be constructed by capturing the
optimization, is equal to 0.0173, and for the testing Selature of the data. This could be done by various

becomes equal to 0.0167. The improvement after th chniques of fuzzy clustering [12]. Second, it is worth

parametrip Iearning _accounts for 46% (training_) an nvestigating various architectures of fuzzy neural
549% (testing) of the initial value of the performance 'nde)%etworks

(the one after the structural optimization)

The parametrically optimized structure is shown in FigureAcknowledgments
7; essentially it is the same as in Figure 6 but now bein
augmented by the values of the connections. It is easy
observe how gradient-based learning process changed t
significance of some input sets and the rules. Th

upport from the Natural Sciences and Engineering
gsearch Council (NSERC) and Alberta Software
ngineering Research Consortium (ASERC) is gratefully
acknowledged.
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Using Cultural Algorithms to Improve Knowledge Base
Maintainability

Nestor Rychtyckyj
Ford Motor Company

New Business and Strategic Planning
Dearborn, Ml 48121

Abstract

In this paper we discuss the use of a specific
form of evolutionary computation known as
Cultural  Algorithms to  improve the
maintainability of knowledge bases in dynamic
problem environments. One such dynamic
problem environment involves process planning
for vehicle assembly. Since 1990 Ford Vehicle
Operations has used the Direct Labor
Management System (DLMS) as an automated
solution to managing the automobile
manufacturing process system at Ford's vehicle
assembly plants. Maintainability becomes very
difficult over time due to changes in all of the
following areas: the external business
environment, the processes and physical
concepts being modeled, and the underlying
hardware and software architecture. We will
discuss how Cultural Algorithms are applied
using a bottom-up approach to re-engineer the
DLMS semantic network knowledge base and
improve the maintainability of the system. Our
results show that Cultural Algorithms can be
used to discover emergent knowledge by
combining building blocks in our bottom-up
semantic network re-engineering application.
We demonstrate how the semantic networks
generated by Cultural Algorithms compare
favorably to both a decision tree approach and to
the results obtained manually by the developers
of the system in terms of reduced complexity.

Robert G. Reynolds
Wayne State University
Department of Computer Science
Detroit, MI 48202

1 INTRODUCTION

The use of KL-ONE and associated knowledge
representation systems for building large complex
knowledge bases to support real-world problems has been
demonstrated in various application areas (Brachman et al
1991). One such system is Ford's Direct Labor
Management System (DLMS) that has been used since
1990 in the very dynamic domain of process planning for
vehicle assembly (Rychtyckyj 1999). The long-term
maintenance of the DLMS knowledge base has
demonstrated both the flexibility and reliability of
semantic network-based knowledge bases in a rapidly
changing industrial setting. The most critical issue in
utilizing knowledge-based systems over a long period of
time is the maintainability of the system.

Previous work (Rychtyckyj and Reynolds, 1998, 1999,
2000) has concentrated on utlizing a form of
Evolutionary Computation known as Cultural Algorithms
to re-engineer existing semantic-network based
knowledge bases using a top-down approach in order to
reduce network complexity and improve performance.
The complexity that is inherent in real world problems
has led to the use of semantic networks to represent the
many relationships that exist in these problem domains.
Originally developed to explain the organization of
semantic information in human cognitive systems,
semantic networks have been expanded to represent
various complex environments. The graphical nature of
semantic network models provides a solid framework for
engineering and maintaining knowledge based systems
that model these complex environments (Brachman and
Schmolze 1985). The use of semantic network based
knowledge representation systems, also known as
Description Logics, has been successfully applied to a
variety of dynamic industrial problem domains
(McGuiness and Wright 1998).



The most critical issue in utilizing knowledge-based Section 2 of this paper will provide a brief background
systems over a long period of time is the maintainabilityon semantic networks and the DLMS system. A
of the system. This maintainability can become veryiscussion and description of Cultural Algorithms will be
difficult due to changes in the external businesgyiven in Section 3. The results of using Cultural
environment and the processes and physical performangégorithms to cluster concepts in a semantic network will
that the system is modeling. The solution to thisbe discussed in Section 4. Section 5 will compare and
maintenance problem lies in the process of re-engineerirgnalyze the Cultural Algorithm results with the previous
the application to keep it current with the changingmanual results. The paper concludes with a discussion of
problem environment. The requirement for the constanbur results and a description of future work.
adaptation of the system to a dynamic environment
motivated us to explore the use of evolutionary? SEMANTIC NETWORKS IN DLMS

computational technigques as a tool for re-engineerir]l%1 _ - _
semantic networks. e knowledge representation scheme utilized in DLMS

One specific model of evolutionary computation’s based on the KL-ONE (Brachman and Schmolze 1985)

known as Cultural Algorithms, has been successfully usé&mily of semantic network based representation schemes.
to re-engineer both a commercial rule based expert systéhe use of semantic networks for modeling knowledge
(Sternberg and Reynolds 1997) as well as a knowledg@ses requires the development of a mapping scheme
discovery system utilizing decision trees (Al-Shehrpetween the physical model and its representation in the
1997) In this work we focus our maintenance efforts dﬁﬁtWOfk. A node contains information about an entlty or
a know|edge based system, known as the Direct Labaass of entities that have certain features in common.
Management System (DLMS) (Rychtyckyj 1999), that i$hese features can be represented as properties or
used by Ford Vehicle Operations to manage the Vehi@gributes of that node. The relationship between the
assembly process at Fosdplants in North America and nodes is represented in the association links that connect
Europe_ The vehicle manufacturing process p|anniﬁ ese two nodes. These associations are based on the
environment is extreme|y dynamic as Competitivé aracteristics of the structure that we are mOdeling. A
pressures, advances in technology, and the globalizat@#mantic network model of a natural language processing
and consolidation of the automobile industry create a vefystem requires links that denote the relationships
dynamic environment. DLMS utilizes a large-scal®etween tokens in a sentence. Models of physical
semantic network architecture with over 10,000 nodes Bsocesses, such as a vehicle assembly process, utilize a
model the vehicle assembly process at Ford. THigpresentation that describes how automobile subsystems
know|edge base must be Constant|y updated aﬁ@ate to each other. The structure of the semantic
maintained to keep it current with the changing busineB&twork also reflects the entities that it is modeling.
environment. These modifications often increase tifeenerally, a network is broken down into classes
Comp|exity of the sys'[em1 the cost of maintenance, aﬁ@ntaining similar ObjeCtS that are distinct from ObjeCtS
the time required to make theceessary changes. Thesevith dissimilar features.
factors have motivated us to utilize Cultural Algorithms A further requirement of some semantic network
as a tool to learn how to analyze and re-engineer tAodels is the presence of an algorithm that correctly puts
DLMS semantic network in order to reduce complexitpew or modified nodes into their proper place. This
and increase maintainability. process is known as classification, and it involves utilizing
This paper discusses the results that we have achietf® attribute values of the target node to place this node
using the Cultural A|g0r|thm approach in a bottom_uriﬁto the most suitable pOSition in the semantic network.
fashion to re-engineer the DLMS semantic networkhe classification process requires the use of a technique
knowledge base. The results that we have obtained usffgled subsumptiorto determine if a target node can be
Cultural Algorithms are compared against the results thd¢ded to a potential parent node. Subsumption is the
were obtained by the human deve|0pers and a decisiaﬁﬁrential rE|ati0nShip that determines if one node in the
tree-based approach. We show that in most cases Cultdifgiwork is a parent of another node. The subsumption
Algorithms are a much more efficient tool than manudflationship is determined by comparing attribute values
inspection in terms of reducing the cost of Subsumptioh_etween the two nodes. Each attribute value in the child
Our results also demonstrate that as the complexity of thede must be a member of that attribute class in the parent
network increaseS, the performance of Cu|turé|0de. The algorithm for SUbSUmption is as follows:
Algorithms produces significant improvements over
current manual techniques. These results demonstrate the
usefulness of Cultural Algorithm for knowledge base re-
engineering, and show how an evolutionary
computational approach may be utilized as a tool for
knowledge base maintenance.



For any two nodes S and T, S subsumes

T if the following conditions are true:
1. Node T has at least all of the
attributes possessed by Node S.
2. For each attribute A that |s
common to both T and S, the value
of T(A) must belong to the
allowable values of S(A).

that is being evolved. Based on this approach, Cultural
Algorithms can be used to drive the self-adaptation
process within evolutionary systems in a variety of
different application areas (Reynolds 1999).

Initially, a population of individuals that represent the
solution space are randomly generated to create the first
generation. The population model used by Cultural
Algorithms is based on a Genetic Algorithm approach
with the addition of the belief space to guide the learning

process. The initial belief space is empty. For each
generation, the Cultural Algorithm will evolve a
population of individuals utilizing the Vote-Inherit-
Promote (VIP) framework. During the Vote phase of
this process, the population members are evaluated for
Tool their contribution to the belief space using the
acceptance function. Those beliefs that contribute the
most to the problem solution are selected or voted to
contribute to the current belief space. The belief space is
Hand Tool modified when the inherited beliefs are combined with
the beliefs that have been added from the current
generation using the belief space update reasoning
process. Next, the updated belief space is used to
Q influence the evolution of the population by favoring
those individuals for reproduction whose traits most
Electric Drill closely reflect the contents of the belief space. A set of
Chainsaw Hammer evolutionary operators, usually including crossover and
mutation, is then used to produce the new population.
) , . This new population will be evaluated and this cycle
Figure 1. An example of a portion of the DLMS semantic .,ntinyes again. The VIP cycle ends when a termination
network condition is met. The termination condition is usually
e ) achieved when little or no change is detected in the
The utilization of a semantic network model for g, (ation through several generations, or when certain

knowledge representation is based on building an interngf, o\jedge structures have emerged in the belief space.
model of an application within the computer. The entities

that are identified in the model will be represented a

concepts or nodes within the network. The properties o CULTURAL ALGORITHMS FOR

attributes that define an entity are represented as sloBEMANTIC NETWORKS

within a particular node. These slots may be defined as i )

accepting any value or they may be edited to accept |8 this section we describe a bottom-up approach that uses

particular type or domain of acceptable values. Cultural Algorithms to re-engineer a semantic network by
building a new network structure that that is more

efficient in terms of information extraction time. This
. : . ) new semantic network contains all of the concepts and
A Cultural Algorithm is an evolutionary computational ,iyrintes described previously, but the structure will be
approach that utilizes culture as a vehicle for storin reated using learning heuristics and the Cultural
relevant information that is accessible to all members o Igorithm learning process. The goal of Cultural
the population over the course of many generations. If&lgorithms in this application is to classify the input

this context, culture can be viewed as an evolving SourGg,ncents into graphical clusters that are most efficient for

practiced by various members of the population. AS iny thejr properties is used as the input and a semantic
human societies, culture changes over time, but ifenyork is generated as an output. This approach allows
provides a baseline for interpreting and documenting af}s (o create a new semantic network without relying on
individual's  behavior within a society.  Cultural gy of the previous design information. We will also
Algorithms were developed to model the evolution of theyigess how Cultural Algorithms are used to discover
cultural component over time as it learns and acquiregmergent knowledge by combining building blocks in our

knowledge. ~Cultural Algorithms can be viewed as an,qtom.yp semantic network re-engineering application.
extension of Genetic Algorithms, where the belief space

acts as a conduit of knowledge between each generation

Power Tool

tr: Requires electrici
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Figure 2: Cultural Algorithm Components

The following algorithm describes our application of
Cultural Algorithms for bottom-up semantic network re-
engineering.

1.

Generate at random an initial populatiprof
individuals each of whom represents a clustering
scheme for a given level of the network.

Analyze the input data set and develop a
semantic network framework based on the
attribute usage and values found in the input data
set. This analysis will derive the value fofthe
number of concepts in the input data) &hfthe
clusters needed to classify this data).

Create an initial belief spadg containing a
vector representing the clustering of concepts in
the semantic network. The vect@(1....n)
(wheren is the number of concepts in the input
data set) contains the "don't care" value for all
entries inB.

For each individual in populationp, build a
semantic network representation using the
clustering distribution representedpfl). Each
individual | in the populationp is a vector of
length n that consists of a single entry for every
concept in the input data set. Each concept has a
value ofCnthat represents the clustértthat this
concept is being assigned to.

Evaluate the semantic network created for each
individual in p using the performance function
PF. PF for any individualP(i) in the population

is computed as:

Select each enttyj) in the individuall from

I(i) tol(n) wheren is the length of.

This entryl(j) represents the clustéj, to
which the node represented ikj) is
assigned to.

Compare the attributes dfj) with the
attributes present in the assigned clu€ter
When there is a match between the attributes
values for I(j) and clusterC then we
increment the fithess value for(j);
otherwise we do not do anything to the
fitness value.

6. Update the belief spad® by accepting input

7.

from the top performing 20% of the individuals
using the following algorithm:
Select the voters from the general population
by using the fitness function to rank each
individual.
For each entn\B(i) in the Belief Spacd
check to see what value each voter has for
the corresponding attribute definition.
If more than 50% of the voters agree for any
entry B(i) then updateB(i) with the value
that the majority of voters propose.
Generate new offspring solutions by applying
variation operators that are modified by the
influence function. This creat&p solutions in
the population.
Conduct a tournament between the individuals
based on the fithess score.



9. Select the individuals that have the most wins randomly flips one of the bits in the individual based on a
in the tournament to be the parents for the nexgiven random variable factor. The mutation operation is

generation. constrained by the fact that the resulting bit must also be a
10. Check for the termination condition valid cluster that is utilized for this population of
11. The process will return back to Step 4 unless anoncepts. The selection process utilized the evaluation

acceptable solution has been found. function to select those members of the population that

are most likely to produce an individual with high fitness.

4.1 BOTTOM-UP CULTURAL ALGORITHM This approach enables us to evolve a population
CLUSTERING containing individuals that represent networks that are
The use of Cultural Algorithms for building a semanticboth accurate and have low complexity in terms of
network is based on defining the problem as finding thsubsumption cost. Those networks that have been
best fit for a concept in a search space of clusters @elected contain those clusters that best represent the
classes. The clusters are differentiated from each other bgpncepts and properties in the input data set while
their attributes and the values that those attributes contaiminimizing the cost of subsumption.
The goal of classifying these concepts into their Each individual in the population represents a
appropriate clusters is analogous to building a semantjotential partitioning of the input data concepts into
network that minimizes the number of clusters butclusters. Each member in the population contains the
preserves the accuracy and correctness required faumber of the cluster that this concept belongs to. The
information retrieval. This technique can be also be uselelief space structure is a vector as shown in Figure 3.
as a data mining tool by creating a semantic network thathe belief space represents our current knowledge of the
has its concepts classified into the appropriate clusteattribute data that is most useful in guiding the system to a
These clusters can then be used as a basis feolution. The value for each entry in the belief space is
investigating and interpreting the knowledge that iseither the number of the cluster or a "negative one", which
contained in any particular class. The process of buildingepresents "don't care". The initial belief space contains
a semantic network also preserves the subsumptiaall "negative ones" as we darknow anything about the
relationship between the clusters or classes, as we traversa@ution at this point.
the network from the leaf nodes to the root. The main loop of the Cultural Algorithm is executed

The initial step in building a semantic network is tocontinuously for a specific number of generations or until
analyze the input data set to determine the depth, @ termination condition is achieved. In our case the belief
number of levels that should be present in the proposexpace contains knowledge that has emerged from our
network. This process is accomplished by separating treearch process and is utilized within the termination
concepts in the data set by the number of attributes thabndition. Our system utilizes the belief space to in order
they each contain. The concepts with the same number w@f guide the evolutionary search throughout the learning
attributes will be classified at the same level of theprocess for all levels of the network. After the learning is
network. The next step of the analysis process is toompleted at one level, the belief space utilizes the
determine how many unique attribute values ar&knowledge that it has learned at that level as building
contained for each level of the proposed semantiblocks to guide the process at the next level. This
network. We will temporarily create a new class for eactknowledge contains information about the clusters that
attribute/value pair that is contained in the input data setire being used at this level of the network. The Cultural
Later, some of these classes will be pruned if the learninglgorithms use heuristic knowledge about the relationship
process discovers that a class is contained within a largbetween clusters at different levels of the network to
class. prune those clusters that are already subsumed by a

Once the basic structure of the semantic network is ihigher-level cluster. In effect, clusters at lower levels of
place, we can utilize the Cultural Algorithms to startthe network can be combined into larger subsuming
classifying the input data concepts into their appropriatelasses in the belief space as we build up the network
class or cluster. Our goal is to use Cultural Algorithms tdrom the leaves to the root. By combining these building
evolve a solution where the concepts at each level of thdocks of knowledge at each level of the network,
network are properly classified into their appropriate clas€ultural Algorithms are able to discover emergent
or cluster. Here, the population of the Culturalknowledge about the optimal structure of the semantic
Algorithm contains individuals that represent a possiblametwork. This allows the system to incorporate the
clustering solution for a set of given concepts. The treknowledge it has learned about the relationships between
that is built using these clusters is then evaluated fotlasses at different levels to build a more efficient
complexity and accuracy by the performance functionsemantic network. If the belief space is not significantly
The belief space contains a list of possible clusters that imodified for a period of three generations, we conclude
used to guide the search process. that the evolution process has stopped and we terminate

The mutation genetic operator is used to create nethie program.
individuals in the population. The mutation operator



The evaluation function describes how the fitness of mfluence function with input from the belief space using
particular individual is judged, and it greatly impacts thethe mutation genetic operator. The members of the new
potential for this individual to contribute to the solution population are created by comparing the values in each
for the given problem. For each member of themember of the existing population with the corresponding
population we generate a fithess measure based on hamember in the belief space.
accurately each concept in the population has been The next generation of the population is then created
classified into a cluster in the semantic network. Thidollowing a single elimination tournament between the
evaluation is based on the similarity between eaclkexisting population and the population that was created in
concept's attributes and values with those of the clustehe previous step. The fitness is calculated for each
that this concept has been assigned to. individual in the existing population and in the new

The top 20% of the individuals in the population basegopulation.  Subsequently each member in the old
on performance are then selected to vote for the beliefsopulation is compared to the offspring in the new
that will be @cepted in to the belief space. If the majoritypopulation based on their fithess value. The individual
of the members in the voting population agree on avith the highest fitness value is selected for inclusion into
particular cluster for a given concept then the belief spacdie next generation. The learning process terminates
will be modified according to the algorithm described inwhen the belief space stops evolving. At the conclusion
Section 3. Any concepts that do not receive a majority abf the Cultural Algorithm process, we have created a
votes for a particular cluster remain“dbn't caré status  semantic network that contains all of the knowledge from

The belief space that has been modified by théhe input data set that has been optimized for the
population is then utilized to assist in the evolution of theefficiency of information retrieval
new population. This new generation is created by the
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Input Data Set multiple nodes as shown for cluster. C

Containing N
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Figure 3: Representation of Individuals in Population Space

4.2 USING CULTURAL ALGORITHMS FOR representation of the data. This network representation is
BOTTOM-UP RE-ENGINEERING then compared against both a decision-tree based
This section describes the results of the application afepresentation produced using a decision tree algorithm
Cultural Algorithms to the clustering of nodes in theon the same input set and the manual representation that
DLMS semantic network. The input to this system is avas constructed by human developers. This result is
data file containing a set of concepts describing amlisplayed in Table 1.

automotive assembly process planning knowledge base

that also include a list of attributes and values describing DISCUSSION OF RESULTS

these attributes. Each concept represents a node whosge use of Cultural Algorithms for the clustering of
attributes describe the properties that make the concepbncepts provides a decided advantage over both the
unique. Our system reads in these concepts and utilizesjacision tree and manual approaches in terms of reducing
Cultural Algorithm approach to create a networkthe cost of subsumption. As shown in Table 1, this



advantage is apparent when we view the network as @dusters needed, the human developers were more
single entity. The advantage of Cultural Algorithms overefficient than Cultural Algorithms at certain levels of the
human developers is about 15% in terms of reducing theetwork, even though their entire network was more
number of clusters needed to classify the input datacomplex than the Cultural Algorithms approach. All of
However, a closer comparison of the Cultural Algorithmthe following observations discuss efficiency in terms of
results with those of the human developers shows thaminimizing the number of clusters needed to classify the
there is some variation in this ratio at the individual levelsnput data set.

of the network. In terms of minimizing the number of

Table 1- Results of Using Cultural Algorithms for DLMS Re-Engineering

Cluster
popuia- | of - | Concepts [Needed with| CUSErS | (Cave. | Manual | JEITR | Correlation
Level tion Size | Genera- to be Decision quuwed Decision Clusters VS. Between
tions Classified Trees Using CA's Trees) Used Manual) Margl:! sand

1 50 12 311 2 2 1 64 0.03125 1
2 50 20 4416 87 87 1 297 0.292929 | 0.91938406
3 50 21 956 83 83 1 181 0.458564 | 0.43410042
4 50 28 1857 761 692 0.90932983 666 1.039039 | 0.73882604
5 50 32 801 345 313 0.90724638 244 1.282787 | 0.26716605
6 50 39 198 177 123 0.69491525 144 0.854167 | 0.35858586
7 50 15 127 220 89 0.40454545 119 0.747899 | 0.44094488
8 50 21 180 249 128 0.51405622 115 1.113043 | 0.7777778
9 50 27 322 323 216 0.66873065 190 1.136842 | 0.7329193
10 50 35 164 147 87 0.59183673 131 0.664122 | 0.9207317

11 50 22 17 31 10 0.32258065 18 0.555556 1

12 50 8 2 15 2 0.13333333 2 1 1
Total 23.333333| 9351 2440 1832 |0.75081967| 2171 0.843851 | 0.71586968

A close observation of the data displayed in Table df these changes and performed the clustering based on
shows that the Cultural Algorithms were more efficientthe irrelevant input, which resulted in a poor solution to
than the human developers at 8 levels of the networkhe problem compared to the manual approach that
while the human developers had an advantage in 4 d@jnored the input. However, if these concepts were being
those levels. In three of those four cases, the Culturalctively used the Cultural Algorithm solution would be an
Algorithm approach is slightly more complex than theacceptable one.
manual approach. In these cases, there is agreementThe results from the other 8 levels of the network show
between the clusters produced by Cultural Algorithms anthat the Cultural Algorithms generate a very good solution
the manual approach. The one case where the Culturtal the clustering problem relative to the human
Algorithm approach is much worse (28%) than thedevelopers. The number of clusters required by the
manual one is at Level 5. This particular result showed E€ultural Algorithms was significantly lower than that of
low correlation between the clusters as well as dhe human developers needed and the correlation between
significantly higher number of clusters required for thethe two solutions was high in 5 of the cases. This
Cultural Algorithm solution.A closer examination of this demonstrated that the Cultural Algorithms approach finds
data showed that some of the attributes used at this levekcellent solutions that follow the general approach of the
of processing were no longer actively used in the DLMSuman developers, but result in a higher performance.
system, but had never been removed from the networRhe other 3 cases exhibit an even more interesting result.
This may happen because the developers felt that thia these cases the Cultural Algorithms produce a superior
knowledge may again be required in the future and shouldesult to the human developers by finding a novel network
not be completely removed from the system. The humaoonfiguration. The low correlation between the human
developers have obviously recognized this and made trend Cultural Algorithm clusters demonstrates that it is
required adjustments in the network to avoid using thipossible for the Cultural Algorithms to develop new ways
inactive data. The Cultural Algorithms had no knowledgeo organize the concepts in a knowledge base.



Further examination of the results show that théMcGuiness, D., Wright, J., (1998)An Industrial-Strength
Cultural Algorithms approach exhibit improvement overDescription  Logic-Based  Configurator  Platfdrm IEEE
the human developers at both the lowest nodes of tratelligent Systems & Their Applicatigngolume 13, Number
network and at the highest levels of the network. Thé: PP- 69-77.
correlation between the two approaches is also very higB ynolds, R.G., (1999)“Cultural Algorithms: Theory and
at the;e two extremes and demonstrates .that the Cultur, pIicatic;ng ‘in New Ideas in Optimizationiog. 367-377,
Algorithms approach can solve the clustering problem fof,cgraw Hill.
both simple concepts with few attributes and highly
complex concepts with many attributes that exist at th&ychtyckyj, N., (1999):DLMS: Ten Years of Al for Vehicle
root of the semantic network. The Cultural Algorithm Assembly Process PlannihgpAAI-99/IAAI-99 Proceedings
performance, in terms of minimizing the number ofOrlando, FL, July 18-22, 1999, pp. 821-823Al Press.
clusters needed to classify the input data is comparable i )
with the human developers at all levels of the network an@Ychtyckyi, N., Reynolds, R.G., (1998)Learning to Re-
can actually define new methods of clustering th ngineer Semantic Networks Using Cultural Algorithinis

luti P ing V]ISpri - . - .
concepts that were not apparent to the human developersv0 utionary Programming VJiSpringer-Verlag, pg. 181-190

Rychtyckyj, N., Reynolds, R.G., (1999),Using Cultural
6 CONCLUSIONS Algorithms to Improve Performance in Semantic Netwbrks
In this paper we described our approach to the bottom_ﬁ;ocefedings of the 1999 Congress of Evolutionary Computation
re-engineering problem for semantic networks using’/ashington D.C, July 6-9, vol. 3, pp. 1651-1656, IEEE Press.

Cultural Algorithms. This paper presents a method 0I?y(:htyckyj, N., and Reynolds, R., (2000)Assessing the

bottom-up re-engineering where Cultural Al'gorlthms ®¢rformance of Cultural Algorithms for Semantic Network Re-

used to build a semantic network from an input data Setngineering, Proceedings of the 2000 Congress on

that contains a list of concepts and their attributes. Theyolutionary ComputationJuly 16-19, 2000, La Jolla, CA, pp.

bottom-up re-engineering system uses the population482-1491, IEEE Press.

space to represent sets of clusters for each concept at the

given level of the network. Sternberg, M., Reynolds, R. (1997Ysing Cultural Algorithms
Our bottom-up re-engineering approach was tested df Support Re—Engineering_ of Rule-Based Expert Systems in

the DLMS semantic network. The results obtained her@ynamic Performance Environments: A Case Study in Fraud

showed that Cultural Algorithms often reduced the etectiori in IEEE Transactions on Evolutionary Computation

number of clusters that are needed to classify a set 5?" 1. no. 4, pp. 225-243.

concepts in the semantic network. The results obtained

by wusing Cultural Algorithms for bottom-up re-

engineering provide a decided advantage over both the

manual results and a decision tree based approach in

terms of reducing the cost of subsumption and network

complexity. These results also show that Cultural

Algorithms can be used to discover novel configurations

of semantic networks that were not apparent to the human

developers of the system.
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Abstract

This paper describes a novel technique for
determining a useful dimension for a time-delay
embedding of an arbitrary time series, along with
the individual time delays for each dimension. A
binary-string genetic algorithm is designed to
search for a variable number of time delays that
minimize the standard deviation of the distance
between each embedded data point and the
centroid of the set of all data points, relative to
the mean distance between each data point and
the centroid. The geometric transformations of
rotation and scaling are added to the algorithm to
allow it to identify attractors that are not aligned
with the data axes. Several artificial and real-
world attractors and time series are analyzed to
describe the types of attractors favorable to the
use of this technique.
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Marquette University
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what are the proper time delays, or lags, to use for each
dimension? As described above, Takens, Sauer, and
Yorke have theoretical answers to the first question.
However, when facing a system with an attractor of
unknown dimensionality, their theorems provide only
general guidance. To test the adequacy of a particular
embedding dimension, the false nearest neighbors
technique (Kennel, Brown, and Abarbanel, 1992)
examines the relative location of neighboring data points
in the next higher dimension to determine whether the
neighboring points remain neighbors in the higher
dimension. Even with these techniques, selecting the
proper embedding dimension for a particular time series
seems to be as much art as it is science (Abarbanel, 1995).

Some more specific techniques are available to help
answer the second question, finding the individual time
delays for each dimension. Zeros or minima of the
autocorrelation function of the time series have been
mentioned as useful choices for time delays (Kantz and
Schreiber, 1997), along with the first minimum of the

time-delayed mutual information function (Fraser and

Swinney, 1986). However, if these delays do not produce
a useful embedding, little additional guidance is available.

This paper proposes the use of a binary-string genetic

Time-delay embedding, or establishing a phase spacggorithm (GA) to search for the dimensionality and
representation of a system using current and delaye@idividual delay values for an embedding that best fits a
values from a sampled time series, is a useful techniqugiven criterion — in this case, the minimum standard
for characterizing nonlinear behavior of a systemdeviation of estimates of the radius of the attractor,
(Abarbanel, 1995; Povinelli, 1999). Takens (1981)compared to the mean of those radius estimates. While
showed that an embedding of dimension greater thajhe GA amounts to a solution by trial and error, it
twice the dimension of a smooth manifold containing anepresents an improvement in that it is an automated and
attractor is a true embedding; i.e., the phase space {grected trial-and-error solution.

topologically equivalent to the state space of the attractor.
Sauer and Yorke (1993) extended Takens’ continuous-
time work into discrete time and found that in many2
circumstances a lower embedding dimension is sufficient
to represent the dynamics of the system.

CHARACTERISTICS OF THE
GENETIC ALGORITHM

) i ) A genetic algorithm (GA) (Dumitrescet al, 2000),
When performing a time-delay embedding of a samplediegigned to emulate the natural principles of evolution, is

time series, the two key questions to be answered are (1) jierative technique for searching a large set of possible
how many embedding dimensions are required, and (2



solutions to a problem for an optimal solution. In mostsample from the time series. The maximum number of
GAs, a population of random solutions is generated, andossible dimensions is preset by the user. This represents
the “fitness of each solution in the population is one of the methods of limiting the dimensionality of the
calculated. Based on the fitness of each solution, a neget of possible solutions.

generation of solutions is created such that“fiteest’ The format of the chromosome is shown in Figure 1
solutions survive and combine into new possiblebelow_

solutions. Typically, some level of mutation is introduced '
into the new population to help prevent the GA from
converging to a solution that is only locally optimal. This
process is then repeated until a stopping criterion is me
(e.g., a fixed number of generations, exceeding a fitnes —
threshold, or domination of the population by one S T
particular solution). —==

Dim, Dims Dim, Dimy

Scaling

Delay Integer | Fraction

— m 0|

In a binary-string GA, each solution is represented by
series of binary digits, known as‘ehromosomé After LTl
decoding each chromosome, evaluating the fitness of eac..

solution, and selecting twgparent$ to be combined, the

combination is often performed using ‘@rossovet

technique, where a portion of one patemhromosome is i i i
combined with a portion of the other parent Figure 1: The format of the tlme—del_ay embedding
chromosome.  Mutations are usually performed by chromosome (without rotation).

inverting one or more bits within the chromosome.

The binary-string GA used in this paper was selectegach embedding dimension contains a sirfiglelectot

because a software implementation of the GA was alreadyit, which controls whether the dimension is considered
available to the authors. The GA uses a fixedwhen the chromosome is decoded into a time-delay
predetermined population size and number of generationgmbedding. Another seven bits are allocated for the time
The most dramatic difference from tHetandartt GA ~ delay value corresponding to that dimension, allowing
described above is in the method of selecting an§ach dimension to contain a delay of between 0 and 127
combining parents. A preset number of the least-fisa@mples. Another eight bits contain a scaling factor along

members of the population are not allowed to be selectef@t dimensiors axis, ranging from 1/16 to 15 15/16 in
as parents. A preset number of the most-fit members dicrements of 1/16. This allows, for example, a properly
the population are copied directly into the nextaligned, oval-shaped, two-dimensional attractor to be

generation, and in addition can be selected as parenfPanded or compressed along the two embedding axes to
Members in the remainingmiddle-fit' portion of the nearly form a circle, wh|_ch the fitness function described
population are also able to be selected as parents. FfIOW recognizes as optimal.

each slot in the new population not occupied by the copieshe chromosome generation and decoding routines used
of the most-fit members, two parents are selected atith the GA may also be configured to allow the time-
random (with equal probability) from the set of eligible delay embedding to be rotated in space. In the scaling
parents, and a byte-wise crossover is performed wheigample above, the oval-shaped two-dimensional attractor
each byte of the child chromosome has a 50% needed to bé&properly aligned, i.e., its major and minor
probability of being copied from either parent. Single-bitaxes needed to be roughly parallel to the coordinate axes.
mutations are also placed in the chéldchromosome Allowing the GA to search through possible rotations
randomly at a preset rate. allows the GA to rotate a misaligned oval so that it is

The specific GA implementation was not studied in muctProperly aligned, then scale it to be roughly circular, thus
detail. This may be an area for future research anBroducing a nearly optimal fitness value.
improvement. In particular, a more efficient breedingA rotation operation affects only two coordinates of a
strategy may result in more rapid convergence to apoint, regardless of the number of dimensions (Burbanks,
optimal solution. 1996). If rotation is enabled, an additional 8-bit field is
appended to the chromosome for each possible pair of
dimensions, resulting imgy(ng-1)/2 possible rotations,
3 THE TIME-DELAY EMBEDDING where  is the maximum number of dimensions allowed
CHROMOSOME in the embedding. Only those rotations where both
gimensions in the pair are enabled by their respective
elector bits are performed. The 8-bit field allows for 256

The chromosome used with the GA is designed to b
simple to decode into its corresponding time-delayg bl : in th : . ! i X
embedding. The chromosome contains a fixed nhumber &ossme rotations in the dimension pair, resuting in

possible embedding dimensions. These dimensions afg3Cution of approximately 1.4 degrees. The rotation is
combined with a fixed first dimension, which (when not performed by multiplying a transformation matrix by the

rotated as described later) corresponds(tlo the current coordinate vector of the data point (Hoggar, 1992). For



example, Equation 1 shows a rotation in dimensions 1 anlth Equation 2 abovely represents the standard deviation

3 of a 5-dimensional point: of the distances, andy represents the mean of the
distances. The standard deviation is scaled by the
reciprocal of the mean so that the GA does not favor

' cos() O sin() 0 0 x smaller attractors over larger ones. Tieparameter
X' 0 1 0 0 0 x represents the number of dimensions, ks a constant
' : bias ¢ WRzZDUG D VPDOOHU QXPEHU RI GLPHQVLRQV
X3I sin() 0 cos() 0 0x @ bias causes a lower-dimensionality embedding to be rated
X, o 0 0 10 x as more fit than a higher-dimensionality embedding that is
X' 0 0 0 0 1 x otherwise slightly more fit. This behavior may be

desirable, for example, when seeking to view an

embedding in two or three dimensions, or when working
If rotation is enabled, it is performed before the scalingnith the resulting embedding with limited computing
operation. This was done with the misaligned ovaltesources. The bias causes the GA to add dimensions
shaped attractor in mind: performing the scaling along thenly when the added dimensions result in a fithess
coordinate axes before the rotation would have made thienprovement. Values db of 1.05 and 1.2 were used for
transformation from oval to circle impossible. There maythe examples in this paper, and appeared to yield good
be other cases where performing the scaling first woulgeneral-purpose results.

provide a benefit. Providing for both a pre-rotation and %rhe fitness function is negative to cause the GA to seek

ﬁ;ﬁggéﬁ'gﬁt tost(r:lzias“?gchnirg?e/ be  another pOSSIbIeembeddings that minimize the relative standard deviation

in the distance measurements.

None of the field sizes chosen for this chromosomeBased on the description above, it is clear that the

appear to bé'magical, i.e., they can most likely be . ! . .
varied to suit an individual application without harming 2iractor geometry for which this technique is ideally
suited is a hypersphere. With a sufficient number of

the ability of the GA to find a useful embedding. If a user

has reason to believe that, for example, a scaling faCt&oise-free samples, the centroid will be calculated at the

larger than 16 may be needed in some dimension, tregEnter of the hypersphere, and thus all samples will have
chromosome can certainly be modified to allow this. A" €dual distance from the centroid, yielding an optimal
fitness value of 0. However, the technique is not

Adding multiple selector bits in each dimension, which S

are XORed together to determine whether a giVennecessarlly limited to attractors that are hyperspheres.

dimension is included, may also provide interestinga"y other geometric shapes and real-world attractors

results by taking increased advantage of the mutatio %Ve ro'ugr;Iy ur]llform radlu, as.showr; in Table 1 Ibellow.

feature of the GA. e noise-free fitness values in Table 1 were calculated
by randomly placing 1,000 points on or near the surface
of each attractor, and removing the dimensionality bias

4 THE FITNESS FUNCTION shown in Equation 2. The noisy fithess values in Table 1
~were calculated similarly, except that random Gaussian

The fitness function is a key component of the GA: ithpise with RMS magnitude 0.1, was added to each
controls which members of the population are representegbint:

in the next generation. Because tmeost fitt members

are selected most often for reproduction, the GA tends to
find the maximum of the fitness function over many
generations (Dumitrescet al, 2000). If a minimization

is needed instead, a simple approach is to make the fithess
function the negative of the original function.

The fitness function used in this technique assumes that
all data points lie near an attractor in phase space, and that
the attractor can be rotated and scaled to produce a
roughly constant radius in all dimensions. The GA
locates the centroid of the data points in phase space,
calculates the Euclidean distance between each data point
and the centroid, and then uses statistical properties of the
distance valued to provide a fitness judgment:

f(d,ny) —2 bO* (2)

d



Table 1: Partial fitness valued {- 4 ratios) of several Table 2 below shows the two-dimensional embedding
geometric and non-time-delay real-world attractors. found by the GA.

Dimen- Attractor Noise- Noisy Table 2: The time-delay embedding parameters found by
sion Description Free Fitness the GA for a noisy sinusoidal time series.
Fitness
Dim. Dim.
2 Circle -0.0130 -0.0885 1 2
2 Hexagon -0.0510 -0.0869
2 Square -0.1093  -0.1353 Delay value 0 15
2 Van der Pol oscillator -0.1723  -0.1849 Rotation vs. dim. 1 (radians) N/A 2.90
limit cycle -
(Vidyasagar, 1993) Scaling factor 1 0.9375
3 Sphere -0.0094  -0.0638 _
3 Cube 01229 -0.1386 Overall f-ltness value -0.1665
3 Torus(o.d=fd)  -0.2265 -0.2316 -1/ aratio -0.1156
3 Lorenz attractor -0.5453  -0.5445
(Abarbanel, 1995) Figure 2, a plot of the time-delay embedding, shows that

the GA did indeed find a circular attractor. The dots in

3 J:Rc:sészlg: e}at;[]rgctsc\)l\r/mney -0.4086  -0.4060 the plot represent the time seri_es samples, and the cross
1986) k represents the calculated centroid:
The Lorenz and B&ssler attractors both exhibit‘éolded’ 15
geometry, i.e., most of the samples fall near one of two
planes that intersect at nearly right angles. Because this 1 ,
geometry is quite different than the spherical geometry T Do Cinl
that this technique was designed to seek, the fitness values 05l o

for these two attractors are quite low. These examples
point out one of the limitations of this technique: it m o f.g‘
searches for a time-delay embedding that best meets its .,,;g
goal of a uniform radius between the samples and the 05 '-"i,;y.;,. .
centroid, even if an attractor with a different geometry is '3_';

responsible for the dynamical behavior of the system. A
However, if a reasonable guess about the geometry of the

attractor can be made, a different fithess function that 15

i -1.5 ;. -D‘.S 6 D‘.S ;. 15
favors that particular geometry can be used. Dim. 1

5 RESULTS

To illustrate the technique, a simple test pattern wa§igure 2: Plot of the time-delay embedding found by the
devised. A two-dimensional time-delay embedding of g3A for a noisy sinusoidal time series.
sinusoidal signal should produce a circle if a proper delay

(for example V4 of the oscillation period) is chosen. To . : : . .
Wperestingly, another run of the sinusoidal time series
in Equation 3 were presented to the GA to find anith no!se regalculated from the same distribution foqnd a
embedding with a maximum dimension of 7: threg-dlmens_mnal solut|on shown in Table 3 and Figure
3, with rotation and scaling that produce a ring-shaped

attractor in the three-dimensional phase space:

t  noise

2
2455 ©)

noise NO0,0.1)

x(t) sin



Table 3: Parameters for a three-dimensional time-delay interleaved sinusoidal time series was developed by
embedding found by the GA for a noisy sinusoidal time generating a time series using Equation 3 and doubling
series. every second(t) value. Depending on the time delay
chosen, an embedding of this series may either separate or
combine the two attractors. In this series, a time delay of
Dim. Dim.  Dim. an even number of samples results in an embedding that
1 2 3 appears as two concentric circles, thus allowing the
attractors to be separated visually. A delay of an odd
number of samples gives an embedding that combines the

Delay value 0 25 62 attractors into one shape. The GA determined that the
Rotation vs. dim. 1 N/A 4.52 5.82 combined attractor had a more uniform radius than the
(radians) union of the two separated attractors, and thus found an

. ] odd embedding delay:
Rotation vs. dim. 2 N/A N/A 0.07

(radians)
Scaling factor 1 38750 1.5625 Table 4: Parameters for a two-dimensional time-delay
embedding found by the GA for the dual interleaved
sinusoidal time series.
Overall fithess value -0.1742
-14/ qratio -0.1008 Dim. Dim.
1 2
Delay value 0 13
Rotation vs. dim. 1 N/A 3.14
° (radians)
. ) Scaling factor 1 0.8125
B Overall fitness value -0.3730
s » -14/ qratio -0.2590

Figure 3: Plot of the three-dimensional time-delay "
embedding described in Table 3. 05w &

Dim. 2
o

The three-dimensional result points out another oSy
characteristic of this technique: noise can cause the GA to
find a more complex embedding (e.g., higher
dimensionality or non-intuitive time delay values, Ler
rotation, or scaling) than might be required for a particular » R
data set. Thé parameter in the fitness function can be R
varied to compensate for the effect of noise on the
dimensionality of the embedding found by the GA. Since
this technique does not provide a similar mechanism for
constraining rotation or scaling, minimizing measurement
noise makes the GA more likely to find an attractor that is
based on the actual dynamics of the system instead of the
noise.

A more complex test was also presented to the GA, Having produced reasonable results with test data, this
simulation of a system governed by two attractors. Ariechniqgue was then applied to several real-world

Figure 4: Plot of the time-delay embedding described in
Table 4.



attractors. One example is a time series representing the
temperature of a room heated with a boiler and radiator.
The time series is a set of 1,000 samples taken every two
minutes during a simulation of a nonlinear model of the
heating system. The time series was provided to the GA
with a maximum dimensionality of 7. The GA reported
the results in Table 5 and Figure 5:

Table 5: Parameters for a two-dimensional time-delay
embedding found by the GA for the boiler/radiator time

90

series.
Dim. Dim.
1 2
Delay value 0 88
Rotation vs. dim. 1 N/A 0.61
(radians)
Scaling factor 1 55
Overall fitness value -0.5515
-14 qratio -0.3830

345

0 5 10 15
Distance from centroid to data point

Figure 6: Histogram of radii between data points and
centroid for the boiler/radiator time delay embedding
described in Table 5.

Another interesting, and potentially lucrative, problem is

to attempt to produce a model of the price of a stock. A
1,263-point time series containing the daily percentage
price changes in the common stock of General Electric
Co. between November 27, 1995, and November 24,
2000, was assembled and provided to the GA to find an
attractor with a maximum dimensionality of 20. The

results, shown in Table 6 and Figure 7 below, are
essentially a three-dimensional cloud that indicates that

340
3351
Di

m. 330
2

3251

320+

the GA did not truly find an attractor:

Table 6: Parameters for a three-dimensional time-delay
embedding found by the GA for a stock price time series.

315 . . . . .
8 10 12 14 16 18 20 22
Dim. 1

Figure 5: Plot of the boiler/radiator time-delay embedding
described in Table 5.

In this case, the GA has found an interesting two-
dimensional attractor. Three lobes appear in the plot, one
of which is more densely populated than the others.
While the attractor found by the GA is not circular, a
dominant radius range does exist: a clear majority (693 of
the 1,000) of the data points fall within a radius range of
between 4 and 10 units. Figure 6 shows a histogram of
the radii calculated for the data points. More importantly,
the attractor does have some potentially useful structure.

Dim. Dim. Dim.
1 2 3

Delay value 0 76 108
Rotation vs. dim. 1 N/A 2.63 4.54
(radians)
Rotation vs. dim. 2 N/A N/A 3.02
(radians)
Scaling factor 1 12.75 14.75
Overall fitness value -1.1257
-14 qratio -0.6514



One final example attempts to find a model for seismic
activity. A 1,000-sample time series was taken from the
east-west, broadband, high-gain sensor at the MA2
seismograph station at Magadan, Russia, during an
earthquake of magnitude 6.4 that occurred on July 30,
2000, south of the Japanese island of Honshu (33.92
degrees north, 139.28 degrees east) (IRIS web site).
Because previous investigation by the authors suggested
that the attractor is likely to be of high dimensionality, the
dimensionality bias b was relaxed to a value of 1.05 so as
not to excessively penalize higher-dimensionality
solutions. A maximum dimensionality of 20 was set.

The GA produced an 8-dimensional solution, summarized
in Table 7. The rotations between the eight dimensions
are omitted for clarity. Because of the high
dimensionality, it is impractical to plot the data in the 8-
Figure 7: Plot of the stock price time-delay embedding dimensional phase space.
described in Table 6.

Table 7: Selected parameters for an eight-dimensional
Because the GA always reports the solution that it foundime-delay embedding found by the GA for a seismic time
to be best, there is no guarantee that thesGalution is series.
meaningful. In this case, it clearly is not. Unfortunately,
the GA gives little guidance as to why it did not produce a
meaningful result: perhaps the attractor requires more Delay Scaling
than 20 dimensions to become apparent, or perhaps the value factor
real attractor in this system has a geometry that is
significantly different than a sphere.  The higher-

dimensionality case can be tested by allowing a larger Dim. 1 0 1
maximum dimension, although there seems to be a point pi, 2 7 8.4375
of diminishing returns in increasing dimensionality. The o ’
different geometry case can also be tested with a set of Dim. 3 19 1.1875
fitness functions tailored to different attractor geometries.  pjm. 4 24 95
In some ways, this is a lucky result in that the three- pjm. 5 26 9.625
dimensional view clearly shows that no attractor was truly .

found. This raises the question of how to detect a failure Dim. 6 41 10.5625
of this technique in higher dimensions, where a plot Dim.7 107 6.6875
becomes infeasible. Two possible methods emerge from _.

this example. One is to examine the fitness value of the DiM-8 110 6.875
GA's best _solut_ion. Knowing the fitness _value,_ the

dimensionality biasb, and the number of dimensions Overall fithess value -0.6136

found by the GA, the ratioly 4 can be back-calculated
and used as a measure of the uniformity of the attractor -1/ 4ratio -0.4153

radius. This ratio can be compared directly to the values

shown in Table 1. Based on the values in Table 1 and the

examples in this paper, a ratio value of aboveWhen examining this result, the natural question to ask is
approximately -0.4 tends to suggest that a meaningfukhether the result is meaningful. Because of the high
attractor was found, and a ratio value of below -0.6 tenddimensionality, the simplest tool to help determine this,
to suggest failure. Ratio values between these cutoffs apotting the data in the phase space, is not practical.

probably inconclusive, but may very well indicate Succes%xamining the 14 4 ratio and applying the benchmarks

with noisy data. described earlier in this paper provide some guidance.
Another possible method for determining the The ratio value of -0.4153 falls in the inconclusive range,
meaningfulness of a result is to examine the scalindput it is very near the ratio found with the boiler/radiator
factors on the various dimensions. If the scaling factorsystem. Since the time series was sampled during an
are dissimilar in magnitude, as in the stock price examplegarthquake, presumably with a fair amount of noise
this suggests that the GA may have maximized ey~ present from sources such as seismic wave reflections
ratio with a meaningless combination of rotations androm the eartrs surface, the GA result seems to be
scaling. believable. The dimensionality of 8 also seems plausible,
based on earlier investigation by the authors that showed



no clear or emerging pattern in a number of embedding&ndy Burbanks, Gallery of mathematics: hyperspace
in two and three dimensions. structures — the hypercupe Oct. 28, 1996,

The other tool developed in the stock price eX(,;‘rmjlemg)n:l//info.Iboro.ac.uk/departments/majgalIery/hyper/cube

examining the scaling factors on each dimension fof
similarity, tends to lend some believability to the D. Dumitrescu, B. Lazzerini, L. C. Jain, and A.
meaningfulness of the embedding: six of the eighDumitrescu. Evolutionary computation Boca Raton,
dimensions have scaling factors between 6.6875 anila.: CRC Pres000.

10.5625. The remaining two dimensions with scaling M. Fraser and H. L. Swinney*Independent

factors of 1 and 1.1875 may prove to tmnecessary. coordinates for strange attractors from mutual

However, for now, all that can be said about this - : : _
embedding is that it is an interesting candidate for furthe{](;ggr]"’ltl0r1  Physical Review Ano. 33, p. 1134-1140,

study.
S. G. Hoggar, Mathematics for computer graphics
Cambridge, U.K.: Cambridge University Press, 1992.

6 CONCLUSIONS . .
Incorporated Research Institutions for Seismology,

Based on the examples in this paper, the GA techniquettp://www.iris.washington.edu/.

appears to be a V|a_ble method for_ identifying atIOprOprIat‘?—lolger Kantz and Thomas Schreibédpnlinear time

time-delay embeddings for certain types of attractors

The technique works well when the attractor has qs:,?ggg alggl¥51$ Cambridge, U.K.: Cambridge University

relatively uniform radius in phase space.
The main factor to consider when using this technique ig/l' B. |_<e_nne|, R Brown, and_ H. D . _Abarbr_;mel,
Determining minimum embedding dimension using a

that the GA finds an embedding that optimizes its fitnes : : : :
function, given the time series provided. Noise in the dat%igg]_%zllcfl lcggzstructldn Physical Review Ano. 45, p.

can cause the GA to converge to an embedding that is
more complex than necessary. In cases where the tréichard J. PovinelliTime series data mining: Identifying
attractor has a radius that is far from uniform, the GA stiltemporal patterns for characterization and prediction of
converges to the embedding that it found gives the datidime series events Doctoral dissertation. Milwaukee,
the most uniform radius. In some cases, this embeddingis.: Marquette University, 1999.

represents the data as a random jumble of points, yielding Sauer and J. A. YorkéHow many delay coordinates

no useful information.  This paper discusses somey, yo need? International Journal of Bifurcation and
techniques to help determine if this has occurred on haos no. 3, 1993.

given data set, but at some point the user must decide . )
whether to pursue higher dimensionality, differentF. Takens,“Detecting strange attractors in turbulehce
attractor geometries, or an entirely different technique. ~ Lecture Notes in Mathematjcso. 898, 1981.

The area of alternate attractor geometries appears to be Mn Vidyasagar, Nonlinear systems analysi2™ ed.
interesting area for future research. To change thi¥pper Saddle River, N.J.: Prentice-Hall, 1993.
technique to operate on a different attractor geometry, a

new fitness function that detects that particular geometry

is needed. It is even conceivable that the GA could select

among a number of geometries for a given embedding,

assuming that the fitness functions can be balanced so that

a particular fithess value represents a the same level of

fitness across the different geometries.

Another interesting area for future research is
optimization of the GA itself. Faster convergence and
speed optimization translate directly to decreased time to
reach a result. The GA used in this paper is a simple,
generic GA, it is likely possible to tailor the GA for faster
convergence in this application.

While this technique is certainly not“ailver bullet to

find the optimal time-delay embedding for any time
series, it is another tool that, in many circumstances, can
provide useful results.
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Abstract rectilinear Steiner tree with wire sizing and buffer insertion
[13]. References [1, 3] gave a summary on those previous

This paper proposes a genetic algorithm for gen- works.

erating a rectilinear Steiner tree with wire siz-
ing and buffer insertion for the interconnect opti-
mization problem in VLSI layout design. In the
proposed genetic algorithm, each chromosome
represents the topological structure of a Steiner
tree. An evaluation function is given to map it
into the layout of a Steiner tree with wire sizing
and buffer insertion. Experimental results show
that the algorithm effectively produces Steiner
trees better than ones produced by the previous
method.

In this paper, we propose a genetic algorithm to produce
a Steiner tree with wire sizing and buffer insertion. Ge-
netic algorithms (GAs) [8] are known to be robust heuristic
algorithms to solve optimization problems, and for VLSI
design areas, a number of GA based algorithms have been
presented [11, 12]. For the (rectilinear) Steiner construc-
tion problem, a few GAs have been also proposed [9, 10].
In those previous GAs, a chromosome directly represents
the geometry of a Steiner tree. We have a different ap-
proach to representing a solution of the problem. In the
proposed GA, each chromosome represents a topological

structure of a Steiner tree. An evaluation function is given
to map it into the layout of a Steiner tree with wire sizing
and buffer insertion. As the interconnect delay model, we
adopt the Elmore delay model [7].

1 Introduction

;rhe rcl)uttw(ljg pr(;rt:lem "E)IVLSI fr)gyzlpal de5|gtr.1|'|s ger1se:tra}lly The proposed algorithm was implemented and compared
ormulatec as the problem of bhding a rectiinear Steinet ., ynq previous algorithm by Okamoto and Cong [13].
tree, which connects a given source with a set of sink

Experimental results show that the algorithm efbcientl
with vertical and horizontal wire segments. The minimum perimental results show that the aigorithm efbcienty

Steiner tree construction problem is an NP-hard problempric;i?igis better Steiner trees in VLS| interconnect opt
and thus many heuristic algorithms have been proposeH] ’

[6, 14]. On the other hand, with the advent of sub-micronThis paper is organized as follows. In Section 2, the delay
geometries in semiconductor technology, wire resistancanodel is given and the problem is formulated. In Section 3,
becomes a signibPcant contributor to signal delay, and thuthe proposed algorithm is presented. Section 4 shows ex-
routing should be performed under the timing constraintsperimental results to evaluate the proposed algorithm, and
with an appropriate delay model [1, 2, 3, 4]. Pnally, Section 5 concludes with possible directions for fu-

. Lo . ture research.
There are various optimization techniques that can be ap-

plied to solve the interconnect optimization problem un-

der the timing constraints. Those are wire-length mini-2  Preliminaries

mization, interconnect topology optimization, device siz-

ing, buffer insertion, and wire-size optimization [3]. Those 2.1 Delay Model

techniques could be discussed independently, and in fact,

there have been many works on each subject. HoweveAs in most previous work on interconnect layout optimiza-
it is apparent that we would obtain better results if moretion, we adopt the Elmore delay model [7] for intercon-
than one techniques were effectively combined. For examrnects. For wire, let o, ¢ and . denote its length, ca-
ple, Okamoto and Cong proposed an algorithm to produce pacitance, and resistance, respectively. Further, |ete-



note the wire entering nodefrom its parent. We use the required arrival time associated with , bnd

following model for interconnect delay and buffer  a rectilinear Steiner trees, that connects and has wire
delay : sized and buffers inserted. The objective is to maximize
s, With minimization of s, as the secondary
objective.
e a e f An alternative formulation of the problem can be also
e 0 e e obtained by debning the objective as minimization of
y . . y s, as the main objective under the constrain of
so . The proposed algorithm can handle both ver-
| b b |

sions of the problem.

where 5, ¢ and o are area capacitance, fringing capac-3 The Algorithm
itance, and resistance for unit-width unit-length wire, re-
spectively, , is the subtree rooted at and , is the
capacitance ofic-connected subtréein  rooted at , Os

root. and p are buffer Os intrinsic delay and output re- The aigorithm presented in the following ijanetic algo-
sistance, respectively, andis the load on buffer. rithm (GA). GA is known to be a robust heuristic algorithm

The Elmore de'ay from source to sink i is to Comp|eX Optimization problems [8] For VLSI phySical
design, many GAs have been also proposed [11, 12].

3.1 Outline of the Algorithm

The proposed GA is a generational GA, and maintains the
0 i v population consisting of chromosomes, each represent-
ey (s0.5i) ing a rectilinear Steiner tree. Chromosomes in the current
generation are recombined and mutated, and selection is
performed to produce a new generation. Mapping from a
chromosome to a tree is given, and the total wire length and
the maximum source-sink delay of the tree are regarded
as the btness values of the chromosome. The proposed
mapping is very effective to explore the search space ef-

. ST o %ciently. Based on the btness values, tournament selection
and total capacitance as our optimization objectives. The

required arrival time at the root of tree is debned as fol- is performed to construct a new generation with elitist strat-
q & egy. The algorithm repeats those procedures within the user

b (so.si)

2.2 Problem Formulation

lows: specibed number. An overview of the algorithm is shown
in Figure 1.
Y u (Tv) ! .
generate(c);
evaluate(c);
where | is the required arrival time of sink, v is repeat noOfGenerations times:
a set of sinks of tree,, and is the delay from N :
to debned by the delay model discussed above. The repeatnoOfOffspring times:
total capacitance of treg,, denoted v , is dePned select ; > c:
as follows: N N Mmutate(crossover(, »));
end;
v . " " evaluate( ¢ ND;
e Ty u (Tv) u (Tv) c select(c NS
end;
where v is a set of buffers in tree, and  is
loading capacitance of buffer or sink Figure 1: Overview of the algorithm.

The timing-driven rectilinear Steiner problem in this paper
is formulated as follows: Given a sourcg and sinks 1,
2, -.., n Of a signal net with given positions and a

1A dc-connected subtréea subtree, whose edges are directly IN GA, a genotypes a coding of the information consti-
connected (i.e., there is no buffer among them) to its root. tuting a chromosome. In our problem, we should repre-

3.2 Genotype



sent a rectilinear Steiner tree with an appropriate coding. o2 +

There may be a number of possible representations of a le— +/ \+
Steiner tree. In general, for representing a Steiner tree, \ / \
there are two types of information, that is, topological in- 00 / + * +
formation and geometrical information. The former speci- /\ / \ /\
pes the parent-children relations among nodes, and the lat- 5 03 0123456
ter specibes how each wire segment in the tree is actually ‘ (b) structure tree
laid out. In the previously proposed GAs for the Steiner 6

tree problem, those two types of information were both _‘4 012++34+56+++
coded in a chromosome. In [9], a GA for the Steiner tree (a) Steiner tree  (c) chromosome
problem was proposed, in which a chromosome was an as-

sembly of the , -positions of a Pxed number of Steiner Figure 2: Genotype.

points. Since the layout area of a Steiner tree in VLSI lay-

out design is large in general, using this chromosome, it

would be very difbcult to realize the efbcient search inthe3 3 Fitness

solution space of the problem. In [10], a GA for the recti-

linear Steiner tree problem was proposed, in which a chro3.3.1 Getting the geometry of a tree

mosome consists of binary symbols and sym-

bols selected from an alphabet ofymbols, where isthe  Ina GA, to evaluate each chromosométaess functiois
number of points to be connected with a Steiner tree. Dugequired. Since each chromosome only spesithe topo-
to the CayleyOs Formula and HananOs theorem, from ti@gical information, to evaluate itstness, the Steiner tree
chromosome, a Steiner tree could be constructed. Sincéhould actually be laid out according to the topological in-
in this paper, we should take not only the wire length butformation given by the structure tree.

also the signal propagation delay into account, this codingsyainer tree construction in the proposed algorithm is per-
scheme may not be appropriate. formed as follows. Let , be a subtree of the structure tree

In this paper, a chromosome only speciPes the topologicagiven by the chromosome, ang and  be the subtrees
information of a Steiner tree. Geometrical information of constituting , where , , and are roots of those sub-

the tree will be determined during the btness evaluation{rees, and and are the two children of. Assume that

that is, a Steiner tree will be constructed according to the v and  have been already laid out. Then, we deter-
topological information speciped by the chromosome. ~ mine a route from a node in, to a node in  to construct

a Steiner subtree corresponding tp. Note that, in this
case, nodes to be connected in the subtrees may be existing
nodes or intermediate points in the existing edges.

Topological information of a Steiner tree is coded as fol-
lows. The coding is debned recursively. Letbe a rec-
tilinear Steiner tree, and, be a subtree of . Assume
that , consists of two subtrees, and ,,, each of which  This Steiner construction algorithm is similar to the
contains at least one source or sink. Let , and Kruskal® algorithm forbnding a minimum spanning tree
w be the coded strings of, and ., respectively. ~of a given graph [5]. However, in the proposed algorithm,
Then the coded string of, is debned as the concatenation the ordering of matching nodes or edges is spetiby

of v o w , and the special symbol, thatis, the structure tree. To complete the description of the al-
u v w . If y contains only one gorithm, we should specify how to choose the pair of two
source or sink, then u isdebned as ) nodes or edges to connect two subtrees. One possible idea

i i is to choose the node (edge) pair with the minimum dis-
A chromosome dePned here specibes how the tree is Cofyyca  However, this idea has two drawbacks. First, this

lstructed. The coding can peklnterprgted asla tree, whosg, ristic is so strong that it would cause the premature con-
eavgslare a;)slource and ‘Qi:nh‘?” and mk'][erna nodes are tggence into a local optimum. Second, since all node pairs
special symbols . We call this tree thestructure tree ;o * o 4ges) are required to be checked, time complexity to
From the structure tree, its geometrical information is de'construct a tree would become 2 . Since thebtness
termined during the btness eva!uatlon. Flgurg 2 Shows ag 1 ation is executed in many times in one GA execution,
example of a Steiner tree and its corresponding Structurg,ic is not feasible
tree as well as the chromosome. '

To reduce the computation time, and to avoid causing pre-

mature convergence, we restrict the range of searching in
combining two subtrees. Letand be two roots of sub-
trees, , and , to be combined. Let and

be sets of edges in, and ,, in which each edge resides



within the distancenaxedgelevelfrom and , respec- procedure edgeoptions( );

tively. The parametemaxedgelevel is specbed by the begin
user. When combining the two subtrees, only edges in e
and are examined so that the time complex- for each v do
ity in constructing the whole tree is reduced from 2 to for each do
e e w w
W
) o ] for each o do
3.3.2 Calculating the objective function . . | .
Once the Steiner tree is constructed from the chromosome, er:;moveredundant( o)

we perform wire sizing and buffer insertion, and calculate

the required arrival time and the total capacitance of tree.

The algorithm to produce a buffer-inserted, and wire-sized  Figure 3: The procedure to compute edge options.
rectilinear Steiner tree, from which the objective function

is evaluated, is based on the dynamic programming tech-  procedure nodeoptions(u);

nique, that was originally proposed in [13]. By carefully begin
looking how the Elmore delay is calculated for a given tree, if isasinkthen ! I
we see that the delay calculation is done by two phases, one else begin
is the bottom up phase to calculate the delay of each node, u
and the other is the top down phase to calculate the total /* Assume that and
delay from the source to each sink. If more than one kinds */
of wire width are allowed to be used, and/or buffers may be for each o1 4O
inserted within each wire segment, then there are possible for each e 0O
combinations of them, and for each node, the node delay u u
is formulated as dynamic programming. Let denote ; ;
with ;. In the algorithm, at each node a set of triples for each u do

i i is computed and maintained for u u | -
p055|ble cobhguration of buffer insertion and wire sizing removeredundant();
for ;. In[13], this triple is called amption and an algo- end;
rithm for Pnding a set of options was proposed. Note that, end;

in [13], calculation of options is done during the construc-
tion of a Steiner tree. On the other hand, in the proposed
algorithm, since the Steiner tree was already laid out from
a given chromosome, we only calculate a set of options for
each node.

Figure 4: The procedure to compute node options.

the load capacitance of sinkdenoted,. If isaninternal

As mentioned, options are Heed at each node. However, node of the tree, without loss of generality, we assume that

in the option computation, we also introduce the set of op- has two descendant nodes, denoteghd . If node

tions for each edge. Let, and , be sets of options at has more than two descendant nodes, we can transform the

node and , respectively. Assume that there is an edgetree so that any internal node has two descendant nodes by
, and , has been computed. Then, a set of op-splitting such nodes and inserting zero-length edges into

tions for edge , denoted , is computed withthe those splitted nodes. Let , and

procedure shown in Figure 3. In this procedure,means Then, a set of options at node denoted u, is computed

the set of wire width, which can be used in the layout, andfrom ; and ., with the procedure shown in Figure 4.

wand .ShOW the edge laid out with the wire width As mentioned, node options are computed in the bottom
, and its capacitance. There may be redundant op-

. ; . ; . up manner from sinks to the root of the tree. After option
tions, which will be no use in the future computation of op-
. . ) computation, the second phase is performed to determine
tions. That is, there are two options, and , . . . ) ) .
. . buffer insertion and wire width assignment in the top down
and if , , and , then is said to . .
. : . manner. If the problem to be solved istod a solution
be redundant, and it is removed from the set of optionsin__ .~ . e
maximizing the required arrival time of the source, then we
the end of procedure. . : : .
choose an option of the root with the maximum required
For each node, a set of options is computed as follows. If arrival time, and then determine the wire width and buffers.
is a sink (i.e., a leaf of the tree),is set to the required If the problem to be solved is tend a solution minimizing
arrival time at sink , denoted! ,and and aresetto the total capacitance of routing, then, we choose an option



of the root with the minimum total capacitance, and thentation operator adopted in the algorithm is as follows. We

determine the wire width and buffers. regard a chromosome to be mutated as a structure tree
First, two distinct nodes in are arbitrarily chosen, and let
3.4 Crossover Operator those nodes be and . Let , and , be subtrees whose

roots are and , respectively. If there is no node, which
To generate a set of chromosomes belonging to the pops contained in both , and , then two subtrees are ac-
ulation in the next generation, two chromosomes are rantually interchanged. Otherwise, the mutation failed. The
domly selected and recombined with a crossover operatqgerobability of applying mutation is denoted ag, .
with probability .. The crossover operator adopted in the
proposed algorithm is called tiseibtree interchangdnthe 3.6 Selection
following, we treat each chromosome as its corresponding
structure tree. Let and" be the structure trees to be After applying mutation, the population of next generation
recombined. First, in each structure tree, aode is ran-  is constructed with tournament selection with elitist strat-
domly selected from all nodes except its root. Let, egy. The tournament size is 2.
and" y be two subtrees whose roots are selectetbdes.
Second, two subtrees, and" y, are interchanged. Inter- 4 Experimental Results
changing subtrees usually causes the inconsistency in other

partsin and" . ToPx thisinconsistency, duplicate leaves \ye nave implemented the proposed algorithm with the
may be renamed or removed, and new leaves may be addgd|anguage. To show the effectiveness of the proposed

if necessary. method, we performed experiments to compare the pro-
We explain how the crossover is performed using an exfosed method with the previous method proposed by
ample shown in Figure 5. There are two parent chromoOkamoto and Cong [13], which was implemented with

somes, denoted for parent 1and" for parent 2 Assume also the C language. In the experiments, both methods
that subtrees surrounded with dotted lines are interchangedvere executed on a UltraCOMPstation model 60 worksta-
After interchanging subtrees, @hild 1, leaves 4 and 6 are tion (CPU: UltraSPARC-II, 300MHz). As the test data, we

duplicate, and there is no leaf 2 in the whole tree. Hencéandomly generated two sets of four signal nets, and ap-
leaf 4 outside the subtree is removed, and leaf 6 outside thelied the algorithms to those. For one set of test data, the

subtree is renamed with 2. thild 2, in the subtree, leaf 2  chip area was 2, and the required arrival time of
is duplicate and there is no leaf 4 nor 6 in the whole tree.each sink was setto ns. For the other set, the chip area
Hence leaf 2 outside the subtree is renamed with 6, and neWas 2, and the required arrival time of each sink
leaf 4 is added as the leftmost leaf. was setto ns. For each set, the numbers of sinks of test
data were, , ,and , respectively, and the source
+ was located at the center of the chip area, and each sink
/ AN + / / was randomly generated in the chip area.
\ +/ \+ \+ In the experiments, the delay of a Steiner tree was calcu-
/ \ /\ I\ / /\ /\ lated with the Elmore delay model described in Subsection
0 __l___Z_\ 3456 02 4 6 1 35 2.1 with the following parameter values; fFAm,
parent 1 parent 2 f fF#m, o Hm,
b ,and | fF. We assume that there Were
three wiring layers, and the wire width of each layer s ,
\ + ,and # | respectively. As the GA parameters, we
/ +/ / £ + set the population size to, crossover and mutation proba-
/\ \ / \ /N biltiesto  and , respectively, generation gap to 0.6,
,,"4 61352 406 __l___Z_\3 5 and the maximum number of generations to. We also
T Child 1 child 2 set ! $ in the btness evaluation phase to

Those parameter values were determined according to the

) results of preliminary experiments.
Figure 5: Crossover. ) )
For each test data, we executed the proposed algorithm in

20 times to solve a respective instance of the problem. For
3.5 Mutation Operator each run of the algorithm, a set of 30 individuals were ran-

domly generated as the initial population for the proposed
After performing the crossover, each newly created chroalgorithm. The previous method has a parameter, denoted
mosome is mutated with the mutation operator. The mu£4 to control the tradeoff between signal delay and wire



Table 1: Experimental results for maximizing the required arrival timke ( 2,3 ).

& ‘(" [ns] ) totar [PF]  * [#m]  + )" [sec]

5 Proposed( ) 0.68 1.58 18509 3 0 51.6
Proposed!( ) 0.68 1.48 17516 4.1 8.9 48.9

[13] 0.64 1.29 16131 2 Nb 0.4

10 Proposed ( ) 0.68 2.72 31300 7 93 197.9
Proposed!( ) 0.68 2.61 29320 7.4 66.9 186.4

[13] 0.64 2.25 26281 5 Nb 2.4

20 Proposed( ) 0.62 5.06 53927 20 104 398.6
Proposed!( ) 0.61 4.68 49682 18.3 142.4 400.4

[13] 0.45 3.93 43186 10 Kb 5.5

30 Proposed( ) 0.62 7.37 79180 31 164 704.7
Proposed!( ) 0.59 6.22 64250 27.9 141.2 706.4

[13] 0.48 4.72 50246 14 Nb 11.9

Table 2: Experimental results for minimizing the total capacitahde ( 2, % ).

& '( [ns] ) totar [PF] * [#M]  + )" [sec]

5 Proposed( ) 0.05 1.14 15547 1 0 68.4
Proposed!( ) 0.02 1.15 15547 1.0 4.1 72.2

[13] 0.06 1.16 16131 0 Nb 0.2

10 Proposed( ) 0.002 1.78 23050 2 0 164.4
Proposed!( ) 0.003 1.78 23185 19 296 1745

[13] 0.04 1.88 25107 0 Kb 1.1

20 Proposed ( ) 0.03 3.11 39177 3 142 346.1
Proposed!( ) 0.02 3.19 39942 3.6 126.9 347.8

[13] 0.02 3.44 43186 3 RNb 8.0

30 Proposed ( ) 0.001 3.99 46383 5 182 553.9
Proposed!( ) 0.005 414 48287 6.5 138.9 582.9

[13] 0.01 4.26 49763 8 RNb 17.9

length [13]. We setoto  as recommended in [13]. Note of test data, Table 2 shows the experimental results for the
that the previous method was a deterministic one, and thugroblem of minimizing the total capacitance under the con-
for each instance of the problem, the method was executestraint that the required arrival time of the source should
once. be positive. Tables 3 and 4 show the experimental results
Table 1 shows the experimental results for the problem o f the same two cases for the second set of test data. Note

o ; C hat there was a case that . It means that the best
maximizing the required arrival time at the source node forSolution was randomly generated as an initial solution
thebrst set of test data. Inthe table, & means the num- '
ber of sinks!( is the required arrival time at the source From those tables, we see that the proposed algorithm pro-
of the obtained solution) is the total capacitance of duced much better solutions than the previous method.
the obtained solution.*  shows the total wire length of From Table 1, the required arrival time of the solution of
the solution, and + is the number of buffers used in the the proposed method wasimprovedbya %( )anda
solution.,  shows the generation, at which the bestsolu- % (! ) onaverage, and from Table 2, the total capaci-
tion was obtained in the run of the proposed method. tance of the solution of the proposed method was improved
shows the average CPU time in seconds to execute the dbya % ( )anda % (! )onaverage. From Table
gorithms. As mentioned, the proposed algorithm was ex-3, the required arrival time of the solution of the proposed
ecuted in 20 times for each test data, and hence we shomethod wasimprovedbya %( )anda %( )
the best and average results of the proposed method. Fign average, and from Table 4, the total capacitance of the
ures in the bold type style show the best values among theolution of the proposed method was improved by a %
proposed and previous methods. Similarly, forthstset (  )anda % ( ) onaverage.



Table 3: Experimental results for maximizing the required arrival timke ( 2,3 ).

& ‘(" [ns] ) totar [PF]  * [#m]  + )" [sec]

5 Proposed( ) 0.92 2.60 30015 9 0 79.6
Proposed!( ) 0.92 2.29 26387 74 1.2 83.2
[13] 0.46 1.98 24246 3 Nb 0.3

10 Proposed ( ) 0.88 3.33 38028 9 34 105.8
Proposed!( ) 0.88 3.25 37095 99 525 122.1

[13] 0.76 3.14 39534 6 Nb 3.1

20 Proposed( ) 0.87 5.84 65610 21 152 370.4
Proposed!( ) 0.86 5.69 62592 20.9 116.1 345.1

[13] 0.59 4.54 54306 10 Nb 4.5

30 Proposed( ) 0.87 7.96 86353 31 115 490.7
Proposed!( ) 0.85 8.01 86460 32.4 131.2 571.2
[13] 0.64 6.32 74075 14 Nb 8.7

Table 4: Experimental results for minimizing the total capacitahde ( 2, % ).

& '( [ns] ) totar [PF] * [#M]  + )" [sec]

5 Proposed( ) 0.04 1.65 23394 1 0 82.2
Proposed!( ) 0.04 1.65 23394 1.0 9.9 94.6

[13] 0.03 1.84 24246 2 Kb 0.2

10 Proposed( ) 0.02 2.45 33713 2 148 118.4
Proposed!( ) 0.01 2.45 33317 19 60.8 122.4

[13] 0.01 2.71 36952 2 Kb 1.5

20 Proposed ( ) 0.01 3.67 47570 4 107 328.3
Proposed!( ) 0.01 3.80 48019 5.4 100.3 332.6

[13] 0.01 4.19 54306 5 Kb 4.0

30 Proposed ( ) 0.02 5.34 65391 7 188 525.1
Proposed!( ) 0.01 5.60 68959 9.8 1459 534.4

[13] 0.004 5.84 74075 7 Kb 11.0

Superiority of the proposed method may be explained byA disadvantage of the proposed method was its large com-
pointing out the fact that the ability of the proposed algo- putation time. Most of the computation time of the pro-
rithm to search in the solution space is much powerful tharposed algorithm was devoted to perform the computation
the previous method. The proposed method was based a@f options in thebtness evaluation. Thus, developing an
a GA, and a GA in general has a quite good capability toeffective pruning method in the option computation will be
explore in the solution space. Itis also often said that a GArequired. From the experimental results, for the small size
has less powerful in the exploitative search (i.e., search imlata such as the case with sink nodes,  generations
the neighborhood of a current search point). Since, in thewill be enough to get a good solution, and reducing the
proposed algorithm, the neighborhood search is realized imaximum number of generations contributes to reduce the
the deterministic manner as tbess evaluation by deter- computation time.

mining the geometry of a Steiner tree, the proposed algo-

rithm can successfullipnd a good solution. .
pndag 5 Conclusion

The proposed algorithm has another advantage. Since the

proposed algorithm produces a set of Steiner trees, and thy this paper, we proposed a genetic algorithm for con-
are different in their characteristics, such as the geometniycting a rectilinear Steiner tree with wire sizing and
wire length, and the wire delay, those trees can be considyyffer insertion in VLSI interconnect optimization. Experi-
ered as a set of alternative routes for a given net. The denental results show that the proposed algorithm effectively

signer and/or the routing program can choose one of theroduces Steiner trees better than ones produced by the pre-
as abnal routing solution based on their own criterion. vious method.



As the future work, to reduce the computation time is nec-[11] J. Lienig, and J. P. Cohoon, Genetic algorithms ap-
essary. Since the framework of the proposed algorithm is
soRexible that it is easy to change the delay model as well
as the objective functions used in the algorithm. For exam-

ple, the clock tree synthesis may be solved by the proposed
algorithm with a minor modication.
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