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With the explosive growth of the electronic commerce
data, rule finding became a crucial part in marketing.
A number of different metrics to quantify “interest-
ingness” or “goodness” of rules, including support and
confidence [1], have been proposed [3]. We suspect that
the most suitable interest metics for different data sets
are different one another. In this context, we find the
optimized interest metric for the given data set.

We found that most of the proposed metrics can be
expressed with respect to supports. Based on this ob-
servation, we express the degree of the connection from
an item X to an item Y, f(X — V), as the function of
support values of X, Y, and X UY. We replace those
support values with independent variables x, y, and
z, respectively, and then we set a model of f(z,y,2)
(=f(X =Y)) as follows:

f(l’,yaz) = (axxem + bx)(ayyey + by)(azzez + bz)

We use a genetic algorithm to search the optimal co-
efficients and exponents of f(z,y, z) for the data set.

Now we construct a connection network based on the
optimized metric. We set a vertex for each item. We
put an arc from the vertex X to the vertex Y with
the weight f(X — Y). We have a directed graph
G = (V, A), where V is the vertex set and A is the arc
set.

We perform one-to-one marketing using the connec-
tion network. Suppose that a customer purchased
the products X, Xs,..., X so far. Let N(X;) be
the set of neighbor vertices of X; in the connection
network (1 < ¢ < k). We define a score func-
tion for recommendation, s : V —— R, as follows
(R is the set of real numbers.): if ¥ € [J, N(X;),
s(Y) = {Xi<ick fF(Xi = Y)}/(ark™ + by), other-
wise, s(Y) = 0.

We recommend the products of high scores to the cus-
tomer. The value of the score function s(Y") for a prod-

This work was supported by KOSEF through the Statistical
Research Center for Complex Systems at Seoul National University
(SNU) and Brain Korea 21 Project. The RIACT at SNU provided
research facilities for this study.

previously purchased products in union of
L products O ‘the neighbor sets

Figure 1: A connection network

uct Y is proportional to the weight sum of the arcs
from the previously purchased products to the prod-
uct Y. Figure 1 shows an example connection network.
We divide the sum of weights by a function of &k (the
number of previously purchased products). This pre-
vents the recommendations from flowing into a few
customers that purchased excessively many products
before.

Such a recommendation strategy is different from the
existing ones based on the customers’ profiles (for ex-
ample, collaborative filtering [2]) in that it performs
recommendations just by the relationships between
products regardless of the customers’ profiles. Exper-
imental results with field data showed that the con-
nection network model is fairly good not only in the
computational cost but also in the recommendation
quality.
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Abstract

This paper presents the use of multi-objective
Genetic Algorithms (mGA) to solve the capacity
and routing assignment problem arising in the
design of self-healing networks using the Virtual
Path (VP) concept. The aims to minimize the
sum of working and backup capacity usage and
transmission delay often compete and contradict
with each other. Multi-objective Genetic
algorithm is a powerful method for this kind of
multi-objective problems. In this paper, a multi-
objective GA approach is proposed to achieve
the above two objectives while a set of customer
traffic demands can still be satisfied and the
traffic is 100% restorable under a single point of
failure. We carried out a few experiments and
the results illustrate the trade-off between
objectives.

1 INTRODUCTION

Reducing network protection costs while maintaining an
acceptable level of survivability is one of the main
objectives of the network planners. The transmission
delay from a source node to a destination node depends
very much on the paths chosen. Every customer likes to
have a route with minimum delay, the TELCO operator
cannot promise every customer that the route is the
shortest. It becomes an interesting problem for one to
choose routes that will compromise the interests of the
TELCO operator and different customers.

The above problem can be regarded as the combination of
two sub problems:

1. The objective to minimize capacity subject to a
constraint on delay with given a network topology and
assigned traffic requirements.

2. The objective to minimize delay subject to a constraint
on the total capacity with a given network topology and
assigned traffic requirements.

Obviously, these two sub-problems are dependent and
cannot be easily solved without considering each other’s
existence. That is an issue that makes the above problem a
relatively hard one, which is not easy to be solved using
classical optimization methods.

To tackle the above problems, a GA-based multi-
objective optimization approach is presented in this paper.
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We will see how the method obtains a Pareto set of
solutions in that any single set of solution can be freely
chosen according to the fulfillment of the system
requirements. In this paper, we will also see that spare
capacity and delay are jointed optimized and to provide a
highly available service.

2 EXPERIMENTAL RESULTS

To validate the effectiveness of the proposed approach,
we have performed experiment in network shown in
figure 1. The experiment is based on customer traffic
demands of 100 working virtual paths and the highest
ranked chromosomes in the final generation are depicted
in figure 2. A Pareto optimal set can be clearly obtained
by applying the multi-objective GA-based approach.

Figure 1. Network 1

Joint optimization of spare capacity and delay
25500 .
.
g 25400 - :
S 25300 .
8
P 25200 | $
25100 — B0 s e e e
2150 2250 2350 2450 2550 2650 2750 2850
Total capacity
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Abstract

In this study we develop a real coded genetic
algorithm for the determination of the chemical
reaction rates parameters (A's, b's and E's in the
Arrhenius  expression) for the hydrogen
combustion in a perfectly stirred reactor (PSR).
The algorithm is tested on a hydrogen/air
mixture but it can be applied for other, more
complex hydrocarbon fuels.

1 GENERAL FORMATTING
INSTRUCTIONS

The chemistry of combustion may be modelled using a
system of chemical reactions for which the rates of each
reaction are known. The net chemical production rate of
each species results from a competition between all the
chemical reactions involving that species. We assume that
each reaction proceeds according to the law of mass
action and the forward rate coefficients are in modified
Arrhenius form rate:

k; =AT" exp(—:—+j (€

fori=1,..,Ng, where T is the temperature, R = 1.9860 cal
mol™ K™ is the universal gas constant and there are Ng
competing reactions occurring simultaneously. The rate
equation (1) contains the three parameters A;, b; and E; for
the i" reaction. Databases that give measurements of
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reaction rate parameters, (A's, b's and E's in the Arrhenius
expression) for various reactions are commercially
available, but a large variation in the reaction rates is
generally observed. It is the possibility of the
determination of these parameters for each reaction, based
upon the outlet species mole fractions alone, which is
investigated in this study, using a real coded genetic
algorithm.

An genetic algorithm optimisation procedure is set up in
an attempt to recover the species profiles (to within any
experimental uncertainty) resulting from numerous sets of
operating conditions by calculating new reaction rate
parameters that lie between predefined boundaries. The
inversion process aims to determine the unknown reaction
rate parameters ((A;, b;, E;), i=1,...,Ng) by searching for
the set of reaction rates parameters that gives the best fit
to a set of given data. If data is measured for Ny different
sets of reactor conditions, and all the K species are
measured for every reactor condition, then the data will
consist of a set of KNs species concentration
measurements and we look for the set of reaction rate
parameters that gives the best fit to these measurements.
This is done by looking for the maximum of the function

F((A B E )i, ) ={10_8 +sti(Yj°f'° —Yj',?eas)z}

i=1 k=1

whereY 2 and Y are the calculated and the
measured mole concentrations of the k™ species in the j"
set of reactor conditions. The real coded genetic algorithm
employed is found to be very efficient in constructing
new reaction mechanisms.
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Abstract

We propose a new methodology to the general
affine image registration problem that in two
steps achieves near optimal results with high per-
centage of success using evolutionary strategies.

Principles

The image registration problem is fo find the mapping be-
tween two images I; and I» that gives the best correspon-
dence. Equation 1

L(z,y) = L(f(z,y)) M

Approximations to f can be constructed by some transfor-
mations: affine and projective amongst several.

An affine transform is a linear transform composed of the
following geometric transformations: translation, rotation,
scaling, stretching, and shearing [2]. The general 2D affine
transformation is expressed as shown in Equation 2.

HEEIREEIIRIE
Y2 a23 a21 A22 Y1

Our approach to image registration uses a (1 + A) Evo-
lutionary Strategy for searching the six real variables de-
scribed in Eq. 2. Crossover operation for control and object
variables is generalized intermediate, mutation follows the
standard formulation as explained in Back’s book [1]. Our
method uses only sample points equally spaced and dis-
tributed over the image. Thus, about 0.4% of image pixels
are used for registration in our experiments. Fitness func-

tion is based on the similarity measure “absolute difference
of intensities”, as follows:

1
L+ X e 1 (f(2,9) — L(z,y)|

Where (2 is the set of sample points. The fitness func-
tion takes values in [0, 1] to represent [nomatch —
per fectmatch].

3)

fitness =
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Methodology

The method consists of the following steps:

Step 1: Smooth both original images to be registered.
Smooth procedure uses a convolution with a Gaussian ker-
nel of 0 = 2. Create the sample set of 256 pixels from
smoothed image. Run the registration algorithm and stop it
when fitness f > 0.1.

Step 2: Seed a new population with all individuals of the
last generation of previous step.

Step 3: Load the original images and create a new sample
set of 256 pixels. Run the registration algorithm and stop
when condition is reached (for instance f = 0.99).

The goal is to apply our proposed method stepwise refining
affine image registration to an affine transformation with
gross distortion.

Results

We repeated 50 times the experiment using the same 256
X 256 pixels images and applying the same transformation.
The initial population was created around the identity trans-
formation. Values for 1 and A were 250 and 50. The correct
transformation was found 92% of the times . In average
1468 generations were necessary in order to converge to
the solution.

In the overall we have proposed a highly promising
methodology. To the best of our knowledge no registration
method based on affine transforms and evolutionary com-
putation had accomplished this level of consistency and ac-
curacy.
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Abstract

This work presents a version of the Piston Pump
Unity Tour Problem. The problem is solved by

three  evolutionary  algorithms  designed
according to genetic and transgenetic
approaches.

1 INTRODUCTION

A Piston Pump Mobile Unity, PPMU, is a vehicle used in

the exploitation of onshore petroleum fields to recover the
oil of some wells that have not enough energy to lift the
oil to the surface. The times needed for the PPMU to
move from a well to another one and to install and
uninstall its equipment depend on factors such as
conditions of the roads, well characteristics and the
PPMU operator’s experience. These variables can be
empirically determined by means of the history of
operations. The objective is to determine a sequence of
visits of the PPMU to the wells such that the oil volume
recovered is maximized, given a certain working period.
In this version of the Piston Pump Mobile Unity Tour
Problem, PPP, a well can not be considered more than
once in the same working period. The PPMU working
period can contain more than one tour. Three evolutinary
algorithms were implemented to solve the Piston Pump
Mobile Unity Tour Problem (PPP): a genetic and two
transgenetic ones.

2  ALGORITHMS

For the PPP a chromosome is a sequence of wells that
will be visited by the PPMU. The contribution of a well to
the fitness of a chromosome is its volume divided by the
distance between the well and the last position of the
PPMU. The fitness of a chromosome is the summation of
the contributions of all the wells in that chromosome. The
Genetic Algorithm used the roullete wheel method to
select the parents of the next generation. Given two
parents, two offspring are generated by fixing one parent
and trying to insert one well of the other parent in the
sequence of visits of the former. Mutation is based on the
wells with low occurrence in the population. One of those
wells is chosen at random and inserted into a
chromosome.

Elizabeth Ferreira Gouvéa

Francisco Dantas de M. Neto

Computational Transgenetics, CT, is a multiagent
proposal that aims at managing the process of information
insertion in an evolutionary context. CT considers the
epigenetic, the sexual reproduction and the prokaryotic
recombination paradigms of evolution. CT provides two
classes of evolutionary algorithms: the Extra-Intracellular
Transgenetic Algorithms, EITAs (Goldbarg and Gouvéa,
2001), and Proto-Gene (Gouvéa and Goldbarg, 2001). CT
infiltrates information in an evolutionary process by
means of transgenetic agents. A transgenetic agent may
be composed by one or more memes and an operating
method. A meme is a proposal to organize a given DNA
segment. The memes used on the transgenetic algorithms
were pairs of wells. There were generated n/2 pairs of
wells, where n is the number of wells of an instance. The
wells were sorted by oil volume in non crescent order
and, to generate a pair, two wells were chosen at random
from the first half of the wells, that is the half with highest
volumes.

3 COMPUTATIONAL EXPERIMENTS

The approach used in the transgenetic algorithms showed
a better performance than the Genetic Algorithm. The
ProtoG algorithm presented the better performance for all
the instances generated. Furthermore, real PPP problems
of a brazilian petroleum company were also solved by the
three algorithms presented and, again, ProtoG found the
best solutions.
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Abstract

This study presents an application to optimise
the use of an L- cut guillotine machine. The
application has two distinct parts to it; first, a
number of rectangular shapes are placed on as
few metal sheets as possible by using Genetic
Algorithms. Secondly, the sequence for cutting
these pieces has to be generated. The guillotine’s
numeric control then uses this sequence to make
the cuts.

1 INTRODUCTION

The application that was designed focuses in particular on
optimising the use of the L-type guillotine that the
company owns. In contrast to traditional guillotines,
which can only cut vertically or horizontally, the L-type
guillotine can cut in both these directions simultaneously,
which lends greater flexibility to cutting and also leads to
more efficient use of the steel sheets.

The programme to be implemented must situate the
different pieces that the client has ordered on the metal
sheet, bearing in mind that orders are generally made for
more than one unit of a particularly dimensioned piece,
and that more than one metal sheet is generally required
to complete any given order. Positioning should be such
as make the maximum use of the sheet material, which is
tantamount to minimising the number of metal sheets that
are used.

Once positioned, the programme provides the guillotine’s
numeric control with the cutting sequence of the sheets
(the order the pieces are to be cut in). The guillotine
begins cutting in the top, right-hand corner of the metal
sheet, and successive cuts leave the pieces and the
leftover material. To do this, an algorithm was designed
based on positioning the pieces within the base surface
and generating the corresponding cutting sequence for
numeric control.

David de la Fuente

Jose Parrefio Javier Puente

2 THE SOLUTION PROPOSED FOR
CUTTING

The genetic algorithm designed to minimise the number
of steel sheets that were used. The steps that were
followed to do this will next be described. The
codification used in the algorithm is based on integer
numbers; each piece to be placed on the metal sheet is
assigned a number, and that individual is formed with a
string of numbers (a string of parts), The order in which
the numbers appear in the string represents the positions
on the metal sheet of the pieces.

3 CUTTING THE PIECES

A second algorithm had to be applied in order to instruct
the guillotine’s numeric control on how to cut the metal
sheets in order to obtain the pieces. The algorithm
responsible for carrying out this task acquires the
distribution of the pieces in the metal sheet from the
Genetic Algorithm, and generates an output file that tells
the guillotine’s numeric control what order to cut the
pieces in.

4 RESULTS

To check the quality of the solutions provided by the
algorithm, a set of examples have been applied, and it has
been shown that the quality of the solutions provided by
our algorithm is better in most cases, and only obtains
similar results when the number of rectangles to be placed
is small, in which cases exact methods can be used

anyway.
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Optimization of CDMA based Wireless System
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1 INTRODUCTION

Natural convection is an important mode of heat transfer
in many fields. Convection coefficient, Nusselt number
Nu, is usualy modeled as a function of Rayleigh number
Ra, which describes the conditions that affect convection.
Inclination and spacing are important parameters of
stacked cylinders. Of the latest models for two-cylinder
array includes both inclination & and spacing d as
parameters  (Ji, et a 1998). The coefficients were
obtained from experimental data by an empirical
combination of linear regression and exponential function
fitting. This paper uses GA to seek for better coefficients.

2 APPLICATION OF GENETIC
ALGORITHM

We assume the three coefficients A, B, and n in
Nu = (A+B[Racosf)D" are within the value ranges
of [0, 10], [0,1], and [0,1], respectively. A chromosome is
encoded as a set of three coefficients { A, B, n}.

The objective function (f) is the mean-square-root of the
deviations between the model and the experimental data
at all the experimental points. Then individual’s ranking
of F isused to decide the selection probability.

Binary representation with ranking selection scheme is
used. The initial population is generated randomly. Single
point crossover is used. Crossover rate is chosen to be
60%. Mutation is applied to each of the three coefficients
separately in the chromosomal representation. Elitism is
used where the best individual is always passed to the
next generation unchanged.

3 EXPERIMENTAL RESULTS
ALGORITHM
The GA program was developed in Visua C++ with

chrom, popul, convecDoc and convecView as major
functional components.

Animproved model for Nusselt number is obtained.
Top cylinder:
Nu = (2.2032 + 0.307x10* Racosd) d **%

Bottom cylinder:
Nu = (2.5891+ 0.507 x10°Racosd) d ***.

The mean-square-root deviations of them from the
experimental data are 0.1218 and 0.1065 for the top and
bottom cylinders, respectively. Those of the original
model are 0.2854 and 0.3970. They are cut by 57% and
73% using GA.

To analyze GA performance, tests with some variations of
parameters were compared. Average of 20 runs is taken
for each choice.

Populations size 25, 50, 100 are compared with selection
pressure 1.5 and mutation rate 0.1. Some tests with
population 25 did not converge. Selection pressures 1,
1.25, 1.5, 1.75, and 2 are compared. Higher selection rate
did not improve the performance significantly. Results
from different mutation rate from O through Zlare
compared. For mutation rate 0.01, only 1 out of the 20
runs converged. On the other hand, large mutation rate up
to close to 1 al resulted to the optimum. This result
suggests that either the fitness landscape of this problem
is very rugged, or the crossover operation does not
capture the good schema effectively.

4 CONCLUSIONS

Modeling of Nusselt humbers of two verticaly stacked
inclined cylinders is improved significantly over the
original method. On the other hand, it also confirmed that
the relative dependence of Nu on the three coefficients
Ra, dand d. The method looks promising to obtain better
model while there is much to improve in the
implementation.
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Abstract

The predictive accuracy obtained by a classification
algorithm is strongly dependent on the quality of the
attributes of the data being mined. When the attributes are
little relevant for predicting the class of a record, the
predictive accuracy will tend to be low. To combat this
problem, a natural approach consists of constructing new
attributes out of the origina attributes. Many attribute
construction agorithms work by simply constructing
conjunctions and/or disjunctions of attribute-value pairs.
This kind of representation has a limited expressiveness
power to represent attribute interactions. A more
expressive representation is X-of-N [Zheng 1995]. An X-
of-N condition consists of a set of N attribute-value pairs.
The value of an X-of-N condition for a given example
(record) is the number of attribute-value pairs of the
example that match with the N attribute-value pairs of the
condition. For instance, consider the following X-of-N
condition: X-of-{“Sex = mae’, “Age < 21", “Sdary =
high"}. Suppose that a given example has the following
attribute-value pairs: {“Sex = mae’, “Age = 51", “Sdlary
= high"}. This example has 2 out of the 3 attribute-value
pairs of the X-of-N condition, so that the value of the X-
of-N condition for this exampleis 2.

In our GA anindividual represents a X-of-N attribute,
i.e. the set of N attribute-value pairs composing a X-of-N
attribute. Each attribute-value pair is of the form A; = V;;,
where A; is the i-th attribute and Vj is the j-th value
belonging to the domain of the A;. The current version of
our GA can cope only with categorica attributes.
(Continuous attributes are discretized in a preprocessing
step.) The value of N is an integer number varying from 2
to 7. The fitness function is the information gain ratio of
the constructed attribute.

In order to evaluate how good the new attributes
constructed by the GA are, we have compared the
performance of the C4.5 agorithm using only the original
attributes with the performance C4.5 using both the
original attributes and the new attributes constructed by
the GA. Hereafter we refer to the former and to the latter
as the origind data set and the extended data set,
respectively. The performance of C4.5 in both the original
data set and the extended data set was measured with
respect to the classification error rate. The experiments

were done by using public-domain data sets available
from http://www.ics.uci.edu/~mlearn/M L Repository.html.

The results are shown in Table 1. The results for the
first four data sets of Table 1 were produced by a 10-fold
cross-validation procedure. The results for the last three
data sets (the monks data sets) were obtained by using the
predefined partition of the data into training and test sets.
The second and third columns of Table 1 show the error
rate obtained by C4.5 in the origina data set and the
extended data set (with the new X-of-N attributes),
respectively. The numbers after the symbol “?” denote
standard deviations. For each data set, the difference in
the error rates of the second and third columns is deemed
to be significant when the two error rate intervals (taking
into account the standard deviations) do not overlap.
When the error rate of the “original + X-of-N" attributes
is significantly better (worse) than the error rate of the
“origina” attributes, there is a “(+)” ((“-*)) sign in the
third column. Note that the X-of-N attribute constructed
by the GA significantly improved the performance of
CA4.5 in three data sets (tic-tac-toe, promoters and monks-
2), and it significantly degraded the performance of C4.5
in just one data set (monks-3). In the other three data sets
the differencein the error rates was not significant.

Table 1: Error rate obtained by C4.5 in seven data sets

Data Set Error Rate (%)

Original original +

attributes X-of-N attrib.
hepatitis 22847 1.83 26.347? 4.99
Wisc. breast cancer 4577 0.64 4.83?0.78
tic-tac-toe 1431?2114 | 534?047 (%)
promoters 18.8872.19 | 13257 1.98(+)
monks-1 0.00 ? 0.00 0.00? 0.00
monks-2 29.607? 0,04 0.00? 0.00 (+)
monks-3 0.00 ? 0.00 28070,01 ()
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