Editorial

ARTIFICIAL INTELLIGENCE is ubiquitous nowadays. It explore the whole search space in order to find glubal
penetrates in the areas of science and computiag ti@ptimum, instead of being trapped in a local optimu

have been traditionally considered very far fronuristic Beatriz A. Garro, Humberto Sossa, and Roberto Advaz
methods—from networking and hardware design to eeyn (Mexico) in the paper “Automatic Design of Artifedi Neural
biology, medicine, forensics, etc. It is perhadfdlilt to think Networks by means of Differential Evolution” suggesn
of an area of modern computing that would not Hgaviautomatic method for designing optimal neural nekwe
depend on intelligent methods, or of an area ofenodcience Which is an activity that so far has been more @rth@n a
or technology that would not greatly benefit fropphcations ~ science, heavily dependent on the trial-and-erppr@aches.
of Artificial Intelligence. Specifically, they use the method of Differentiaiofution.

In Mexico there exists a large and rapidly growing Jaroslav Moravec (Czech Republic) in his paper “Map

community of researchers and students working is dhea.
The Mexican Society of Artificial Intelligence (SKjJ
www.SMIA.org) consists of more than two hundredmpater
scientists and interdisciplinary researchers. ThgéASdevotes
great effort to dissemination of both relevant stifee results
and the general knowledge about Artificial Intediige and its
potential to solve practical problems.

The main forums organized by the SMIA for discussimd
exchange of scientific ideas are the Mexican Irgtgomal
Conference on Artificial Intelligence (MICAL,
www.MICAl.org), which
submissions every year from thirty to forty couedriall over
the world,
Intelligence (COMIA), oriented to Mexican studentghere
the talks are given in Spanish.

The journal Komputer Sapiens (www.komputersapieg$,o
another flagship product of the SMIA, is devotedbtinging
knowledge about Artificial Intelligence and the ¢tieal
applications and solutions that it offers, to gaheublic, from
students to businesspersons and decision makesispe and
understandable terms, yet with in-depth expositiand
thoughtful discussion.

It is my pleasure to present to the readers thiseisof
Polibits, with more than half of its papers devotedvarious
areas of Artificial Intelligence.

The issue offers to the reader eleven papers writte
authors from eight countries: Cuba, Czech Repubtidja,
Italy, Mexico, Spain, Tunisia, and Vietham.

The first six papers give a representative seleatiotopics
that comprise Artificial Intelligence: optimizaticalgorithms,
neural networks, robotics, and natural languageqssing.

Gonzalo Napoles, Isel Grau, and Rafael Bello (Cutndhe

Building of Unknown Environment Using L1-norm, Ptio-
Point Metric and Evolutionary Computation” showst ye
another application of the method of Differentiaioiition, in
this case to the task of automatically building magpf
previously unknown environment for orientation ofr@bot,
which is currently a tedious, time-consuming, anwreprone
task.

Eduardo Cendejas, Grettel Barceld, Gigori Sidorov,
Alexander Gelbukh, and Liliana Chanona-Hernandez
(Mexico) in the paper “Aligned Word Networks as asRurce

receives two to five hundredfor Extraction of Lexical Translation Equivalent@nd their

Application to the Text Alignment Task” study thetential of

and the Mexican Conference on Artificiamultilingual semantic dictionaries known as Wordéjebr

word networks, for tasks useful for machine trati@ig in
particular, for word-level alignment of parallelibgual texts.

Laroussi Merhben, Anis Zouaghi, and Mounir Zrigui
(Tunisia) in the paper “Lexical Disambiguation ofradic
Language: An Experimental Study” continue the dis@n of
multilingualism and semantic issues in natural (e
processing. They analyze a number of well-knowrestiped
learning algorithms for work sense disambiguationl &est
them on Arabic language data.

Anup Kumar Kolya, Asif Ekbal, and Sivaji Bandyopgdh
(India) present a third paper devoted to naturalglage
processing: “A Hybrid Approach for Event Extractioivent
extraction consists in identifying in natural laage texts
mentions of event that occurred at some specifine ti
mentioned in the text, and extracting their chamastics, such
as time of occurrence. They show that a combinatébn
different machine learning approaches gives théressits on
this task.

E. Lebano-Perez, C. A. Gracios-Marin, J. F. Guerrer
Castellanos and G. A. Munoz-Hernandez (Mexico) hairt

paper “Constricted Particle Swarm Optimization liasepaper “Graphical Description of Soft Fault on Mattiring

Algorithm for Global Optimization” discuss a modiition of
the Particle Swarm Optimization (PSO), which is @-b
inspired algorithm oriented on solution of compfaoblems.
The modification presented in this paper helpsalgerithm to
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Systems Using FDI Strategy: a SCL Approach” shoe th
benefits of a graphical design tool to model fahirin
manufacturing process involving robotic instrument&
number of screenshots they included in the papessga rich
feeling of the system they have developed.
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Marva Angélica Mora Lumbreras, Alvaro Jair Martinez Finally, Marco Antonio Acevedo Mosqueda, Emmanuel
Varela, Julio Cesar Calva Plata, Rubén Alfredo Vigla Lira, Martinez Zavala, Maria Elena Acevedo Mosqueda, and
Brian Manuel Gonzéalez Contreras, and Alberto Hartil Oleksiy Pogrebnyak (Mexico) conclude the volumehvitie
(Mexico) with the paper “VirtUATx: A Virtual Realt and paper “A Novel Method of Beamforming to Improve the
Visualization Center” continue the topic of visuabls. They Space Diversity”, in which they show how to improtie
present a virtual reality and visualization centext they have space diversity of an antenna array, thus reusieguéncy of
developed for the Autonomous University of Tlaxcala transmission and improving throughput of radio

Tran Khanh Dang and Tuan Anh Truong (Vietnam andommunication channel.

Italy) in the paper “Anonymizing but Deterioratingcation

Databases” address an important privacy and sgcsstie: | am grateful to the Editorial Board of Polibits fine great
preventing malicious data miners or attackers fetnacting opportunity for me to serve as a guest editor efiturnal, and
sensitive personal information from very large Bases that | would like to congratulate both the authors ane teaders
contain personal data of citizens or users. Thieaasittest their with yet another successful issue of this excejlemtnal.
approach on real-world databases.

Fernando Rodriguez-Haro, Felix Freitag, and Leandro
Navarro (Spain and Mexico) in the paper “A QoS AP Dr. Raul Monroy
Manager for Virtualized Infrastructure” present arnfial
specification of high-level component for an entahc
hypervisor in cloud computing, which allows implentiag a
Quality of Service policy in the virtual machine.

President, Mexican Society
of Artificial Intelligence (SMIA);
Professor, Tecnoldgico de Monterrey

Guest Editor
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Constricted Particle Swarm Optimization based
Algorithm for Global Optimization

Gonzalo Napoles, Isel Grau, and Rafael Bello

Abstract—Particle Swarm Optimization (PSO) is a bioinspired
meta-heuristic for solving complex global optimizaion problems.
In standard PSO, the particle swarm frequently getsattracted by
suboptimal solutions, causing premature convergencef the
algorithm and swarm stagnation. Once the particleshave been
attracted to a local optimum, they continue the saah process
within a minuscule region of the solution space, ahescaping
from this local optimum may be difficult. This paper presents a
modified variant of constricted PSO that uses randm samples in
variable neighborhoods for dispersing the swarm wheever a
premature convergence (or stagnation) state is deteed, offering
an escaping alternative from local optima. The pedrmance of
the proposed algorithm is discussed and experimeritaesults
show its ability to approximate to the global mininum in each of
the nine well-known studied benchmark functions.

Index Terms—Particle Swarm Optimization, Local optima,
Global Optimization, Premature Convergence, Randonsamples,
Variable Neighborhoods.

I. INTRODUCTION

escaping from this situation. Once the particlesveh
converged prematurely, they continue converginghiwit
extremely close proximity of one another so that tobal
best and all personal bests are within one minesagdion of
the search space [6], limiting the algorithm exatmm.

Several approaches have been proposed in theuditeréor
addressing this undesirable situation. For examypte,
Attraction-Repulsion based PSO (ATREPSO) [7] tharsw
switches between the attraction phase, repulsiasghand in
between phase which consist of a combination ahettbn
and repulsion to the optimal position. Another agmh called
Quadratic Interpolation based PSO (QIPSO) [8] uses
guadratic crossover operator and the swarm diyessit a
measure to guide the population for finding a lestdution in
the search space. Using a certain threshold ofrsitye
Gaussian Mutation PSO (GMPSO) [9] activates a rartat
operator with the hope to increase the diversityhef swarm.
Lastly, in [10] the authors propose a new hybridar# called
HPSO-SA that combines PSO and Simulating Anned&#g
to avoid premature convergence using the strongl-eearch

PARTICLE Swarm Optimization is a bioinspired Seardhbility of SA.
t

echnique that simulates the social behavior oleskim

groups or swarms of biological individuals [1], [21 is
based on the principle that intelligence does rnet ih
individuals but in the collective, allowing for themlution of
complex optimization problems from a distributedinpoof
view, without centralized control in a specific imidual. Each
organism (particle) adjusts its position by usingpanbination
of an attraction to the best solution that theynirdiially have
found, and an attraction to the best solution #rat particle
has found [3], imitating those who have a bettefgeance.
Thus, the particle swarm overflies the search spketecting
promising regions.

Although the PSO meta-heuristic has proved to beierfit
for solving real-value optimization problems, tharticle
swarm is often attracted to stable points that ao#
necessarily global optima [4], [5]. This behavioauses
premature convergence of the algorithm, in whiehghrticles
are grouped about suboptimal solutions with lithence of
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Although these approaches generally outperformsidak
PSO, there is a need to incorporate alternativeqatares for
enhancing the PSO search process. In this workresept a
modified constricted PSO called Particle Swarm @jatation
with Random Sampling in Variable Neighborhoods (PSO
RSVN) which detects and treats the premature cgevee
state, achieving promising results compared to radve
approaches reported in the literature.

The rest of the paper is organized as follows: é@xtn
Section 1l a theoretical background of standard PSO
described. In Section Il we introduce the propo$tsO-
RSVN algorithm. Section IV gives the experimentattisags,
the numerical benchmark problems used for comparésw
the result discussion. Finally, conclusions andhier research
aspects are given in Section V.

[I. PARTICLE SWARM OPTIMIZATION

The PSO technique involves a set of agents orghesti
known as swarm which “flies” through the solutiopase
trying to locate promising regions. The particlese a
interpreted as possible solutions for the optinidzaproblem
and are represented as points in n-dimensionatisspace. In
the case of standard PSO, each particl§ Bas its own
velocity (V;) bounded by a maximum value £), a memory
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of the best position it has obtained)(&nd knowledge of the
best solution found in its neighborhood (G). In thearch

process the particles adjust their positions adngrdo the

following equations (1) and (2):

k k k k
vED = v e (B - XP) + (6 -xF) @)

(k+1) _ (k) (k+1)
X; U =X"+V, )

where k indexes the current generationaied ¢ are positive

constants, o+ and p are random numbers with uniform

distribution on the intervdlo, 1].
A commonly used parameter that changes the origiS&
is the constriction coefficient (x), which was introduced by

Clerc et al. [11] to guarantee the algorithm convergence,

avoiding the explosion of the particle swarm (itke state
where the particles velocities and positional cowtks
careen toward infinity). It can be expressed im&pf g and
C, as shown in (3):

2
= ——=—= and =ci+c, >4 3
X |2—(P—\/T4<P| ¢ 1 2, ¢ ()

Another parameter that modifies the standard PS@es
inertia weight o) added by Shét al. [12]. The incorporation
of this parameter guarantees the balance between

capacities of local and global search; a higherghteivalue
(w > 1) will facilitate the exploration, while a low weigh

procedure of swarm reorganization based on
selected particles from the neighborhoods of tlubal best
particle is presented.

A. Detection of the premature convergence state

The first step to enhance the performance of ciotetr
PSO algorithm is to detect the premature convergetate.
When PSO falls into a local optimum all individuadse
grouped around this solution, which is why diversg lost
among the swarm particles, making more difficult fbod
better solutions in the algorithm progress. In [§8}eral ways
to detect this state are discussed:

i. Cluster analysis: a percentage of the particles are at a
certain Euclidean distance of the best global glerti
Objective function without progress: the objective
function does not suffer significantly improvement
several iterations of the generational cycle. Thiterion
also may be used for detecting the stagnation.state
Maximum radius of the swarm: the particle with more
Euclidean distance respect to the global best gbarti
found, have a distance less than a pre-set thig:shbis
criterion it is formally defined as:

(k) _
 max X7 =G

p(k) =

(6)
|Gmax ~ Omin |

th

where ||.|| denotes the Euclidean norniR3nwhile o,,;,, and

randomly

Omax are the end points on which each dimension of the
particle X is defined (assuming same domain for all
dimensions), wherea@ represents the particle swarm. In this

(w < 1) facilitates the exploitation. The wrong choicetlois
parameter value will affect the algorithm convergespeed,
so it is recommended to adjust it dynamically aswshin the

following equation (4):

Wmax — Omin

Fy C))

Wy = Wmax — F
max

where,@,,;, andm,,,,match the end points of the interval on
which thek-th inertia weight is defined Flenotes the number

of evaluations at thk-cycle, whereas Jz, corresponds to the
maximal number of evaluations allowed. So, bothdecare
applied to the equation (1) as follow:

Vi(k+1) =X (mk+1vi(k)+51 (Pl _ ka)) + 62 (G - XEk))) (5)

way the threshold is normalized for each generation
Particularly, we use ii) to detect the stagnatitatesand iii) for
identify premature convergence.

B. Treatment of the Premature Convergence State

Once premature convergence signals are detectad it
necessary to take some action to allow the alguorith escape
from this state, for example:

i. Moving the position of the globally best partictaifd.

ii. Reorganizing the particle swarm (applying genetic
operators in order to diversify the population, re-
initializing the swarm, etc.).

Although both strategies have reported good results

solving global optimization problems, they have som

Extensive experiments carried out in [3] showedt thalrawbacks. In the first case is not trivial to fired better
constricted PSO returns improved performance over tparticle, and even when once found, the populaopoorly

original PSO; however, it provides no mechanisndébect
and treat premature convergence (or stagnatiom)stditthe
particle swarm, which could adversely affect thgoathm
effectiveness.

. PSO-RSVNALGORITHM

In this section we introduce a modification for stitted
PSO algorithm defined by equations (2) and (5)stFseveral
mechanisms to detect the premature convergence atag
the progress of the algorithm are discussed. Neaxphew
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diversified.

In the second case, diversification increases Hamaes of
escaping the local optimum but if the swarm is paiperly
reorganized, the particles may converge to the sswhdion
or indiscriminately move away from the promisingas that
were found. In order to mitigate these problemshis paper
we assume a hybrid approach consisting in divengjfithe
population while trying to move the position of thest global
particle found (G) in the search process.

The Variable Neighborhood Search (VNS) [14] is m@e
and effective meta-heuristic for combinatorial gevbs and
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global optimization which is based on the systemakiange
of the neighborhood in the search process. Inspinedhis
idea, we present a procedure called Random Samjyting
Variable Neighborhoods (RSVN) which aims to dispetise
swarm when the premature convergence or stagnstiade is
detected. The main idea of this procedure is touesire the

particle swarm from the selection of random sample

uniformly distributed in several neighborhoods gated
around the n-dimensional point G. Equations (7),ai@d (9)
formalize the way to generate the set of samplegaoh
neighborhood:

A

Tid» Tid = Omi

- jd» tjd = Ymin

= and 7;,4= G4 — §;|o — Ominl(7

{Gmin'Tjd<0min jd d E}l max mml( )

A +_{de' deso-max
jd

J Omax» de>0-max

and Cia= Gd"’Ejlo-max - 0-min|(8)

Xe €W [Xea~UNjg A0 "), t =1, | j=1,..,M (9)

where d indexes the particle dimension, M is a-gpecified
integer parameter that denotes the number of neitjolods,

Whereaséj € (0,1]is a fractional value called neighborhood

factor that denotes the j-th neighborhood propont@the size
of the search space; and it is caIcuIatedgjas*. j/M. Lastly,

W;represents thgth set of uniformly distributed samples in

the domain that defines the inter{a, ~, 4,4 *].

After collecting the samples, a selection procetshe
particles takes place. These agents will form #he swarm as
shown below:

Q¥ = &, U, U...UD, - U D, | D,V
=

(10)

where®;is a subset of good enough particles compared to

A " o . |
samples'¥; using an elitist criterion. In this procedure each
particle X is a candidate to replace the best global particle

which complements the swarm dispersion processt, Nex
pseudocode summarizes the main
parameters of the PSO-RSVN algorithm.

An important aspect to be discussed is the selecticcach

subset®;; due to the high computational cost that genera"é(omplexity of the function

involve the evaluation of the objective functione tlelitist

criterion may be replaced by a heuristic criterifom,example:
“select the particles with greater Euclidean distarespect to
the global best particle”. However, for high-dimemsl

problems the extra-computational cost needed topotanthe
Euclidean distance could become significant. Févisg this

inconvenient, a simple but effective alternativeghtibe: for
each set of samples make;| = |¥;| = |Q|/M, ie., the
selection process is omitted and consequently estiube
extra-computational cost required for computing Hvearm

reorganization process. In fact, this last criteri® used in all
experiments carried out in next Section IV.

ISSN 1870-9044

Pseudocode of PSO with Random Sampling in Variable Neighborhoods

Generate the swarm vector and the velocity veaiodomly
Select the best global particle of the swarm (G)
Initialize ®may= 1.4,0min = 0.4, ¢ = 2.05, ¢ = 2.05
While (the maximal number of evaluations is not met)
Calculatew; dynamically according to expression (4)
ForEachX;®eQ
Calculate Y*Vaccording to expression(5)
Adjust the position of %V according to expression (2)
Evaluate the new particlg
IF(X;**Vis the best record for theh particle)
Update the best record for thk particle with X**2
IRX;**Vis a better particle than G)
Update G with;%V as the best global particle
endIF
endIF
endForEach
IF (premature convergence or stagnation state is eefect
Disperse the swar@h according to the expressions (7-10)
Reset velocity vector using a random segeien
Update the vector P and the best particle G
Reset the inertia weight
endIF
endWhile

IV. PERFORMANCESTUDY

In this section two implementations of the PSO-RSVN
algorithm are evaluated; the first implementatiatied PSO-
RSVN-a detects the premature convergence state, comparing
the maximum radius of the swarm (according to éqoai))
with a pre-set threshold. The second variant called PSO-
RSVN-p is useful for identify a premature convergerstate
as well as a possible stagnation state, and invlparameter
(p) that represents the allowed maximal numbewvafuations
&{ithout progress. It must be mentioned that PSOR$V
nduce less extra-computational cost, since thenatibn of
the maximum radius of the swarm is not required.

' Table | describes nine well-known benchmark fundio
taken from [15], which are used to compare thequerénce

ideas and Commic“of the proposal with several approaches reportedthin

literature. These functions are minimization proige
characterized by multiple local optima, especialligen the
increases, that is, whdre
dimensionality of the search space increases. fseseven
problems are scalable and includes unimodal, mattethand
noisy functions, whereas the last two problems Eghly
multimodal in nature. Therefore, the use of thasections
helps in deciding the credibility of an optimizatialgorithm.

The experimental results discussed in this sectoa
addressed in two sub-sections which study the paeoce of
the PSO-RSVN algorithm for 20-dimensional and 30-
dimensional solution search spaces.

A. PSO-RSVN behavior in 20-dimensional search spaces

This section compares both PSO-RSVN variants agains
five approaches evaluated and discussed in [16]; RSO,
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TABLE |
STANDARD BENCHMARK FUNCTIONS USED IN THIS WORKLAST COLUMN (Fy,) REFERS TO GLOBAL MINIMUM
VALUE EXISTING IN THE DOMAIN DEFINED BY BOUNDARIES

Mathematical Formulation Search Range Fmin

() = z x7 [-100.0,100.0]  0.0000000
i=

JAGE Z (x? — 10 cos(2mx;) + 10) [-5.120,5.120]  0.0000000
i=1

f:(0) ( ! )Zn z Hn (xi) +1 [-600.0,600.0]  0.0000000

X)=|(——= xX; = cos|— - .0, . .
: 4000/ Luj=y™" =1 Wi

n-1

L@ = Z (100(x;1 — xP)% + (x; — 1)) [-2.048,2.048]  0.0000000
i=1

&) = Z ix} +rand[0,1] [-1.280,1.280]  0.0000000
i=1

fe(X) = —z (x;sin(y/|x;1)) [-500.0,500.0] -420.968

i=1

1

1 n 2 n
£, =20+e— 208—0.2((;) Sra) LG/ SN cosenxy  [32.0,32.0]  0.0000000

5 5
fe(X) = Z icos((i + Dx, + i)z icos((i + Dx, + 1) [-10.0,10.0] -186.7309
i=1 i=1

Fo@ = (Gt +x2—11)2 + (ty + 22 — )2 + x, [-5.00,5.00]  -3.783961

3K and Ryare defined irR? space.

TABLE Il
AVERAGE ERROR OBTAINED IN THE OPTIMIZATION PROCESS HE BEST PERFORMING
ALGORITHM FOR EACH FUNCTION IS EMPHASIZED IN BOLDF&E.

ID PSO QIPSO ATREPSO GMPSO HPSO-SA  RSVMN: RSVN-p

F, 1.167E-45 0.0000000 4.000E-17 7.263E-17 5.365E-320.0000000 0.0000000
F»  22.339158 11.946888 19.425979  20.079186.0000000 0.0000000  0.0000000
F:  0.0316460 0.0115800 0.0251580  0.0244620 3.322E-B0D000000  0.0000000
Fs 22101725 8.9390110 19.490820 14.159547 0.227048B35E-16 7.312E-25
Fs  8.6816020 0.4511090 8.0466170 7.1606750 0.0020198B72E-06 1.386E-05
Fe  2240.8010 2063.7740 2235.6830 2371.69089.700000 43.651000 1280.4350
F  3.483E-18 2.461E-24 0.0184930 1.474E-18 7.435E-16 4.440E-16 4.440E-16
Fs  1.420E-05 0.0000000 1.420E-05 1.530E-05 8.670E-140.0000000 0.0000000
Fo  0.4524730 0.0000000 0.0325030 0.3237280 1.000E-06 1.000E-06.0000000

QIPSO, ATREPSO, GMPSO, and HPSO-SA. In each Analyzing the results shown in Table Il we obsertlet for
simulation we used 30 particles and 300.000 obhjectithe functions I F,, F; and kB both PSO-RSVN variants
function evaluations in a 20-dimensional searchcepdn always finds the global optimum satisfactorily. For
addition, five variable neighborhoods (M=5) arediseor the Rosenbrock (fj function PSO-RSVN-p outperforms all
PSO-RSVNe implementationa threshold for the maximum €xamined algorithms; in this function the stagratitate is
radius of the swarm= 1.0E-5 is adopted, whereas for Psoffeduently presented due to the search space piepeFor
RSVN-p the allowed number of evaluations withouwgress e noisy function ESO-RSVNe  computes the best
is set to 200. Table Il summarizes the averager etained performance, whereas for Shwefelg(FHPSO-SA locates

respect to the global optimum for each algorithrorr 30 better solutions. PSO-RSVd-is slightly the best approach

independent trials. In all tables, PSO-RSYN- abbreviated for minimizing the Himmelblau @& function. Finally, QIPSO

has the best results reported for Ackley)(Followed by both
as RSVNe and PSO-RSVN-p as RSVN-p. PSO-RSVN algorithms.
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In a deeper statistical study of the algorithmsfqremance
we used several test for exploring significant afiéinces

among them. Depending on the concrete type of data.

employed, statistical procedures are grouped in ¢lasses:
parametric and nonparametric [18]. Parametric tegt® been
often used in the analysis of experiments in comtpral
intelligence. Unfortunately, they are based on @ggions
(independence, normally, homoscedasticity) which arost

probably violated when analyzing the performance ofii.

stochastic algorithms based on computational igtaiice
[19],
frequently use nonparametric statistical procedutesn these
previous assumptions cannot be satisfied.

First, we compute the Friedman test (Friedman twg-w

analysis of variances by ranks) [21], [22]. Thisttés a
multiple comparisons procedure for detecting sigaift
differences between the behaviors of two or mogerdhms;
i.e. it can be used for detecting whether at Iéast of the
samples represent populations with different medioes or

not, in a set oh samplesr>2). Table Il shows the mean rank

and the p-value associated with this test. Usisigaificance
level of 0.05, corresponding to the 95% confidemterval,
the Friedman test suggest rejecting the null hygsith (p-
value < 0.05), thus, there exist highly significalifferences
between at least two methods across benchmark. dasde

observed that PSO-RSVN-p and PSO-RS¥Mfe the best

ranked; however this information cannot be usedadiaclude
that our proposals are involved on this differences

TABLE Il

MEAN RANK ACHIEVED BY THE FRIEDMAN TEST

Evaluated Algorithms Mean Rahk
RSVN-p 2.39
RSVNwa 2.39
HPSO-SA 2.89
QIPSO 3.44
GMPSO 5.39

ATREPSO 5.50
PSO 6.00

Monte Carlo signification (p-value) = 0.00

The main drawback of the Friedman'’s tests is they bnly
can detect significant differences over the wholeltiple
comparisons, being unable to establish proper cdsges
between some of the algorithms considered [23]. this
reason we also compute the Wilcoxon signed rargt424]; it
is used for answering a simple question: do two pdasn
represents two different populations? Thus, Wilecoxe a
pairwise procedure that aims to detect signifiddifferences
between two sample means, that is, the behaviotwof
algorithms.

Table IV shows the p-values associated with eadtwisz
comparison. Then some important conclusions cartie ou

i. Using a significance level of 0.05, correspondiaghe

[20]. To overcome this problem, the researshe

thus we can conclude that there exist highly sigaift
differences between them.

Using a significance level of 0.1, correspondingthe
90% confidence interval, the Wilcoxon test suggest
reject the null hypothesis (p-value < 0.1) for the
following pairwise comparisons: RSVN-p vs. QIPSO
and RSVNe vs. QIPSO; i.e. there exist fairly significant
differences between them.

For the pairwise comparisons that involve the foilg
methods: RSVNt, RSVN-p and HPSO-SA, there not
exist perceptible differences among them. Theseltees
confirm the improvement of the proposed procedures.

TABLE IV
WILCOXON SIGNED RANKS TEST RESULTS

Pairwise Comparison p-vafue
RSVN-p vs. RSVNx 0.621
RSVN-p vs. HPSO-SA 0.195
RSVN-p vs. GMPSO 0.013
RSVN-p vs. ATREPSO 0.004
RSVN-p vs. QIPSO 0.066
RSVN-p vs. PSO 0.013
RSVNa vs. HPSO-SA 0.292
RSVNa vs. GMPSO 0.013
RSVN«a vs. ATREPSO 0.004
RSVNa vs. QIPSO 0.081
RSVNe vs. PSO 0.013

#Monte Carlo signification

B. PSO-RSVN behavior in 30-dimensional search spaces

One of the most important variations to PSO is the
introduction of the local model or local topologypdst). In
this model, each particle can only communicate w&itsubset
of particles, limiting the overall exchange of infwation. In
contrast to the global model or the global topol¢ghest), the
local model converges more slowly but is less primnbeing
trapped in suboptimal solutions. In fact, severathars
suggest using the local topology to optimize comple
multimodal functions, and the global topology totioyze
unimodal functions [3].

Four different approaches have been evaluated]ithgg
include considerations about the topology of thetige
swarm in 30-dimensional spacekiest PSO with a ring
topology, ghest PSO, Regrouping PSO (RegPSO) [6] and
Opposition based PSO (OPSO) [17]. These simulatidiosy
studying the stability of the PSO-RSVN algorithm esmh
increasing dimensionality of the solution searchcgp Table
V summarizes the average error obtained for eagbrighm
from 50 trials, 20 particles as the swarm size 806.000
objective function evaluations. Moreover, five ‘adilie
neighborhoods (M=5) are used. For the PSO-R®VN-
implementationa tolerance for the maximum radius of the
swarma = 1.0E-5 is adopted, whereas for PSO-RSVN-p the

95% confidence interval, the Wilcoxon test suggest allowed number of evaluations without progressisie 500.
reject the null hypothesis (p-value < 0.05) for the From the numerical results shown in Table V a aasioh
following pairwise comparisons: RSVN-p vs. GMPSOgcame out: both variants of PSO-RSVN outperform wothe

RSVN-p vs. ATREPSO, RSVN-p vs. PSO, RSVNss.
PSO, RSVNe vs. GMPSO and RSVN-vs. ATREPSO;
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approaches in all cases. PSO-RS¥Nand PSO-RSVN-p
always find the global optimum satisfactorily foptere (F),
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TABLE V
AVERAGE ERROR OBTAINED IN THE OPTIMIZATION PROCESY HE BEST PERFORMING
ALGORITHM FOR EACH FUNCTION IS EMPHASIZED IN BOLDF&E.

ID  gbest PSO  Ibest PSO OPSO RegPSO RSV RSVN-p

F,  2.470E-323 5513E-160 9.881E-324 9.2696E-16.00000000 0.00000000
F  71.6368600 54.2849000 66.1646300 2.6824E-1100000000 0.00000000
Fs  0.05500800 0.00939970 0.02574900 0.013861@00000000 0.00000000
Fs  2.06915000 3.25523000 1.86410000 0.00393510 7.98@0E2.4299E-18
Fs  0.00394380 0.01325000 0.00101660 0.000643@1731E-06 1.4155E-05
F  3.91150000 0.07546900 2.67240000 4.6915E-074408E-16 4.4408E-16

Rastringin (k), Griewank (k) and Ackley (F) functions. For should be specified. The wrong selection of thisapseter
Rosenbrock (B PSO-RSVN-p has the best performancenay be relevant to the algorithm performance: dadrigzalue
whereas for Quartic ¢f the other proposal achieves the bestf a will affect the PSO-RSVMN+ exploitation capability, due
approximations. These results reveal that both RSUN are to a false premature convergence state could becéu
quite consistent across benchmarks when the dioweally whereas a lower value could never detect an egistin
of the search space increases. premature convergence state. Empirical experinshmiss that
Figure 1 illustrates, as an example, the behaviothe values from 1.0E-2 to 1.0E-8 are a good choicealiinfor
swarm diversity in the optimization process of Rastringin the PSO-RSVN-p implementation, a parameter forrodittg
function, for proposed PSO-RSVéhlgorithm and constricted the allowed number of evaluations without progrdss
PSO. In this simulation we use the maximum raditishe required. This parameter is easy to set and wpkedd on the
swarm for measuring the swarm diversity. So, in thelaximal number of the objective function evaluasion
generation number 4900 both methods prematurelyesge Although PSO-RSVN generally provides superior ressul
to a local optimum, i.e. the whole population isygped in a regarding examined approaches for well-known bermchm
minuscule region of the search space. This sitnatiegrades functions described in Table I, future work willudy the
the PSO search capabilities. However, the swarnersity algorithm performance across other well-known bematik
introduced by PSO-RSVMN- ensures the exploration of newfunctions, for example, shifted or badly scaledctions.
areas of the solution space, increasing the pdisgibi escape
from suboptimal solutions. V. CONCLUSIONS

In this paper was proposed a modified variant of th
12 constricted PSO called PSO-RSVN, for enhancingsteach
capability of this algorithm, when solving complex
FH ; optimization problems. Two PSO-RSVN implementatians
presented: the first one is capable to detect teenature
convergence state, and the second one is abletéotdbe
premature convergence as well as the stagnatite. ath
variants treat these undesirable states by reaiganithe
particle swarm, which is, conducting a random samgpin
several neighborhoods, emphasizing the neighborlubdte
best particle found so far. The swarm diversityadticed by
the proposed dispersion mechanism ensures therakipto of

10
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S88c5888588888s588859 ; . :
R R I I R IR new areas of the solution space, increasing theilptty of

escape from suboptimal solutions.
constricted PSO ««e-e--+- PSO-RSVN It was evaluated the algorithm performance in camspa
with other variants of PSO reported in the literafby using
Fig. 1. Behavior of the swarm diversity for PSO-RE¥nd constricted nine well-known benchmark functions for 20-dimemsib
F 0, cunn e spizaon proces, The bt denles e WTher Search spaces. In addiion it was verifd the ki the
radius of the swarm. algorithm upon increasing the dimensionality of search
space, by using 30-dimensional spaces. In bothrempets
In general, PSO-RSVN introduces a new parametdreto the new algorithm (PSO-RSVN) provides superior ltesin
estimated by the user: the number of neighborhdtidsis an  most cases. In fact, due to its simplicity, elifisoperties and
integer value used to organize the sampling prod®ss low computational cost, the RSVN procedure could be
dividing the search space in several partitionzoRenended adapted and successfully integrated into other utiemiary
values for this parameter could be M =5 or M =ahough  paradigms. As mentioned, future work will be foalisen

other values are allowed. For the first implemeatata extending the study of the algorithm performancese other
normalized threshold for the maximum radius of the swarmyg||-known benchmark functions.
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Diseno Automatico de Redes Neuronales
Artificiales mediante el uso del Algoritmo de
Evolucion Diferencial (ED)

Beatriz A. Garro, Humberto Sossa, Roberto A. Vazquez

Resumen—En el area de la Inteligencia Artificial, las Redes
Neuronales Artificiales (RNA) han sido aplicadas para la solucion
de muiltiples tareas. A pesar de su declive y del resurgimiento
de su desarrollo y aplicacion, su disefio se ha caracterizado por
un mecanismo de prueba y error, el cual puede originar un
desempeiio bajo. Por otro lado, los algoritmos de aprendizaje
que se utilizan como el algoritmo de retropropagacion y otros
basados en el gradiente descenciente, presentan una desventaja:
no pueden resolver problemas no continuos ni problemas
multimodales. Por esta razon surge la idea de aplicar algoritmos
evolutivos para disehar de manera automatica una RNA. En
esta investigacion, el algoritmo de Evolucion Diferencial (ED)
encuentra los mejores elementos principales de una RNA: la
arquitectura, los pesos sinipticos y las funciones de transferencia.
Por otro lado, dos funciones de aptitud son propuestas: el error
cuadratico medio (MSE por sus siglas en inglés) y el error de
clasificacion (CER) las cuales, involucran la etapa de validacion
para garantizar un buen desempeiio de la RNA. Primero se
realizo un estudio de las diferentes configuraciones del algoritmo
de ED, y al determinar cual fue la mejor configuracion se realizé
una experimentacion exhaustiva para medir el desempeiio de
la metodologia propuesta al resolver problemas de clasificacion
de patrones. También, se presenta una comparativa contra dos
algoritmos clasicos de entrenamiento: Gradiente descendiente y
Levenberg-Marquardt.

Palabras clave—Evolucion diferencial, evolucion de redes
neuronales artificiales, clasificacion de patrones.

Automatic Design of Artificial Neural
Networks by means of Differential Evolution
(DE) Algorithm

Abstract—Acrtificial Neural Networks (ANN) have been applied
in several tasks in the field of Artificial Intelligence. Despite
their decline and then resurgence, the ANN design is currently
a trial-and-error process, which can stay trapped in bad
solutions. In addition, the learning algorithms used, such as
back-propagation and other algorithms based in the gradient
descent, present a disadvantage: they cannot be used to solve
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non-continuous and multimodal problems. For this reason, the
application of evolutionary algorithms to automatically designing
ANNs is proposed. In this research, the Differential Evolution
(DE) algorithm finds the best design for the main elements
of ANN: the architecture, the set of synaptic weights, and
the set of transfer functions. Also two fitness functions are
used (the mean square error—MSE and the classification
error—CER) which involve the validation stage to guarantee a
good ANN performance. First, a study of the best parameter
configuration for DE algorithm is conducted. The experimental
results show the performance of the proposed methodology
to solve pattern classification problems. Next, a comparison
with two classic learning algorithms—gradiant descent and
Levenberg-Marquardt—are presented.

Index Terms—Differential
networks, pattern classification.

evolution, evolutionary neural

I. INTRODUCCION

AS REDES neuronales artificiales han sido por muchos

afios una herramienta indispensable en el drea de la
Inteligencia Artificial debido a su aplicacion satisfactoria en lo
concerniente a la clasificacion de patrones y la prediccion de
series de tiempo, entre otras problemadticas. Estos sistemas se
basan en el comportamiento que tiene la red neuronal bioldgica
del cerebro. Ramén y Cajal [1], fue el primer cientifico en
demostrar que el sistema nervioso se compone de células
individuales llamadas neuronas, las cuales se conectan entre
ellas, creando un sistema complejo de comunicacién y cuyo
procesamiento de informacién es hasta el dia de hoy, un
misterio cientifico.

Una RNA emplea un mecanismo de aprendizaje en la
etapa de entrenamiento, donde se optimiza una funcién que
evalda la salida de la red; con ello se determina la eficiencia
del aprendizaje. Después de ser entrenada, la RNA puede
ser utilizada para resolver algin problema con informacién
totalmente desconocida pero, que puede dar un veredicto
correcto conforme lo aprendido. Esta etapa recibe el nombre
de generalizacion.

Los pesos sindpticos, las funciones de transferencia,
el nimero de neuronas y el tipo de arquitectura o
topologia (determinado por las conexiones entre neuronas) son
escenciales y determinantes en el desempefio de una RNA.
Por este motivo, es importante seleccionar los pardmetros
del disefio de manera adecuada para obtener la mejor
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eficiencia en la red neuronal. Sin embargo, expertos en el
drea generan arquitecturas en un procedimiento de prueba
y error, seleccionando de entre ellas, aquella que otorga el
mejor desempefio. Esto puede provocar que no se explore
adecuadamente otras formas de disefiar que pueden otorgar
mejores resultados. Por otra parte, para entrenar la red
neuronal se selecciona un tipo de algoritmo que ajusta los
pesos sindpticos hasta otorgar el comportamiento deseado de
la red. El mds utilizado es el algoritmo de retropropagacion
(back-propagation BP) [2], el cudl se basa en la técnica del
gradiente descendiente. Las técnicas de ajuste que se basan
en el cilculo de derivadas como BP, presentan un problema:
no pueden ajustar informacién proveniente de problemas que
son no continuos. Por otro lado, s6lo pueden trabajar con
problemas donde sélo existe un valor 6ptimo (o en el peor
caso, el mejor) esto quiere decir que al presentarse problemas
multimodales (donde se presentan varios valores optimos) el
ajuste podria no ser el mejor ya que podria hacercarse a una
falsa solucion.

Por tal motivo, el deseo de construir un disefio adecuado que
resuelva problemas del mundo real giré hacia otras técnicas
inspiradas en la naturaleza como los llamados algoritmos
evolutivos [3]. Estos algoritrmos heuristicos se utilizan para
resolver problemas no lineales que no pueden ser resueltos
por técnicas cldsicas de optimizacién, donde el espacio de
blisqueda es muy grande, combinatorial y/o multimodal.
Estas técnicas se basan en conceptos bioldgicos como lo
es el Neo-Darwinismo, teoria formada por el pensamiento
de Charles Darwin sobre evolucién de las especies [4], el
pensamiento de August Weismann sobre el plasma germinal
responsable de la herencia [5] y el pensamiento de Gregor
Mendel sobre la teoria de las leyes de la herencia [6].

Los algoritmos evolutivos son procesos que mezclan un
concepto de individuos distribuidos en un espacio de busqueda
determinado. La poblacién de individuos no es mds que
un conjunto de posibles soluciones que, en un determinado
tiempo, deben converger a la solucién 6ptima (si se conoce)
o simplemente converger a la mejor solucién (se espera que
sea la mds cercana a la 6ptima). Estos individuos cambian
(evolucionan) al realizar operaciones de cruza o mutacién
para mejorar su desempefio mientras se incrementa el tiempo.
Para indicar cudl individuo representa la mejor solucién se
deben evaluar cada una de las soluciones o individuos en una
funcién de aptitud o funcién objetivo. La funcién de aptitud
es disefiada de tal manera que se realice una optimizacién en
el desempefio de los individuos y se indique que tan bueno es
cada uno para resolver un determinado problema. El proceso
termina al guardar el mejor individuo que genera la mejor
evaluacién en la funcién de aptitud.

Estas técnicas de optimizacién han sido empleadas para
ajustar los pesos sindpticos de una RNA debido a su eficiencia
para resolver problemas complejos. Algunas investigaciones
como [7], [8] proponen una modificacién de Evolucién
diferencial para ajustar los pesos sindpticos de una red
neuronal multicapa. En [9] tres arquitecturas con diferentes
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técnicas de entrenamiento, entre ellas ED, son aplicados a la
prediccion del clima. En [10], los autores utilizan ED para el
ajuste de los pesos sindpticos de una RNA, as{ mismo utilizan
la técnica llamada optimizacién por enjambre de particulas
(PSO por sus siglas en inglés), proporcionando como métrica
el error cuadritico medio (MSE por sus siglas en inglés).
La incursién del algoritmo de Evolucién diferencial no ha
sido muy explorado para el disefio de RNA. Sin embargo,
otros algoritmos evolutivos y algoritmos bioinspirados han
sido aplicados en el entrenamiento de las RNA y la seleccion
del nimero de neuronas en un nimero de capas especificado
por el disefiador [11]. En [12] los autores presentan el disefio
de una RNA generada por el algoritmo ED, el cudl evoluciona
al mismo tiempo la arquitectura (topologia), pesos sindpticos
y funciones de transferencia utilizando como métrica el error
cuadratico medio.

En esta investigacién se decribe la metodologia que permite
disefiar de manera automdtica la arquitectura, el conjunto de
pesos sindpticos y las funciones de transferencia por cada
neurona que componene a una RNA. El disefio serd generado
al aplicar el algoritmo evolutivo llamado Evolucién diferencial,
el cudl evaluard las soluciones mediante dos funciones de
aptitud. La primera funcién toma en cuenta el error cuadratico
medio (mean square error-MSE) y la etapa de validacién la
cudl impide generar redes neuronales con el problema de
sobreaprendizaje. La segunda utiliza el error de clasificacién
(CER) también considerando la validacion. Estas funciones
de aptitud, son muy adecuadas ya que los problemas que se
quieren resolver son problemas de clasificacién de patrones.

La estructura del escrito estd dividida en las siguientes
secciones: la seccién 2 describe los conceptos bdsicos de
una RNA; en la seccién 3 se introduce a la técnica de
Evolucién diferencial; la descripcién del disefio automético se
detalla en la seccién 4; la seccion 5 describe cémo se obtiene
la salida general de la RNA; los resultados experimentales
se encuentran en la secciéon 6 y finalmente en la seccién
7 se pueden encontrar las conclusiones que cierran esta
investigacion.

II. REDES NEURONALES ARTIFICIALES

La red neuronal artificial (RNA) basada en el sistema
neuronal bioldgico, es un sistema computacional que permite
realizar un mapeo de un conjunto de datos o patrones de
entrada a un conjunto de salida. En [13], Kohonen describe:
“Las redes neuronales artificiales son redes interconectadas
masivamente en paralelo de elementos simples (usualmente
adaptativos) y con organizacion jerdrquica, las cuales intentan
interactuar con los objetos del mundo real del mismo modo
que lo hace el sistema nervioso bioldgico”. Las RNA se
componen por unidades bdsicas llamadas neuronas, las cuales
estan conectadas entre si y dependiendo de la capa a la
que pertenezcan pueden modificar la informacién que reciben
o simplemente la envian tal y como la recibieron a otras
neuronas con las que tienen conexién sindptica.
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Las neuronas se encuentran organizadas por capas. Algunas
neuronas componen la capa de entrada, la cudl, se encarga
de recibir la informacién del entorno o problema a resolver.
Otras neuronas forman la capa de salida las cuales, entregan un
patrén asociado al patrén de la entrada. Las neuronas restantes
constituyen la llamada capa oculta donde la informacién es
procesada, enviada a otras neuronas y evaluada en funciones
de transferencia que entregardn una salida por cada neurona.
Cada conexién indica un peso sindptico y estd representado
por un valor numérico determinado. Dependiendo del tipo de
conexién que se tenga, es el tipo de flujo de informacién.
Puede ser hacia adelante, cuando la informacién fluye desde
la capa de entrada hacia la de salida (flujo unidireccional)
[14] o puede ser recurrente [15] es decir, cuando la
informacién fluye en ambos sentidos con presencia de posibles
retroalimentaciones. La salida de la red neuronal estd dada por
las neuronas de la capa de salida, las cuales conjuntan toda
la informacién procedente de capas anteriores. Dicha salida
permite evaluar el disefio de la red neuronal.

Para que una RNA resuelva un determinado problema,
su disefio necesita ser evaluado mediante una etapa de
entrenameinto en la cudl se lleva a cabo el aprendizaje. Esta
etapa consiste en alimentar la red con patrones que codifican
un problema especifico. Esta informacion pasa por cada capa
de la red en donde es procesada por los pesos sindpticos y
después se transforma por medio de funciones de transferencia.
Este hecho se da hasta alcanzar la capa de salida. Si la métrica
que se utiliza para medir la salida no es la deseada, los pesos
sindpticos cambian con ayuda de una regla de aprendizaje con
el fin de volver al paso anterior y asi generar una mejor salida
que la anterior.

Existen varios tipos de aprendizaje de una RNA [16]. El
aprendizaje supervisado serd utilizado en esta investigacion.
El aprendizaje supervisado consite en asociar un conjunto de
patrones de entrada con un correspondiente patrén deseado el
cudl, es conocido. De tal manera que se puede supervisar si
la salida de la RNA es la deseada o no.

Cuando la red neuronal ya ha aprendido, es de sumo cuidado
conocer si no aprendié de mds, es decir que se haya convertido
en un sistema experto en la resolucién del problema con el
que se entrend. Al aprender de manera experta cada entrada,
el sistema neuronal serd incapds de reconocer alguna entrada
contaminada con algin error y no podrd reconocer nueva
informacién que determina el mismo problema a resolver. Este
problema se resuelve utilizando una etapa de validacién [17]
la cudl consite en tomar un conjunto de patrones diferentes al
conjunto de entrenamiento, y probarlos con la red entrenada.
Si el error que se genera es menor al error en el aprendizaje,
la RNA continda ajustando sus pesos sindpticos, pero, si el
error que se genera con el conjunto de validacién es mayor al
error generado por el entrenamiento, la etapa de aprendizaje
debe ser suspendida para evitar el sobreaprendizaje.

Después de ser entrenada y probada con el conjunto de
validacion, la RNA estard lista para recibir patrones de datos
diferentes a los utilizados durante el entrenamiento y asi
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realizar una generalizacién eficiente, la cudl determina qué
tan bueno fue el aprendizaje de la red y que tan robusta para
resolver el problema, en este caso de clasificacién de patrones.

Para entender mds a detalle como opera una RNA a
continuacion se explica el funcionamiento de sus elementos
esenciales [18].

A. Entradas de la RNA

El conjunto de entradas x;(¢) de la RNA es un conjunto de
patrones los cuales codifican la informacién de un problema
que se quiere resolver.

Las variables de entrada y de salida pueden ser binarias
(digitales) o continuas (analdgicas), dependiendo del modelo
y la aplicacién. Por ejemplo un perceptrén multicapa (MLP
Multilayer Perceptron, por sus siglas en inglés) puede trabajar
con ambos tipos de sefiales. En el caso de salidas digitales
las sefiales se pueden representar por 0,41, en el caso de las
salidas analgégicas la sefial se da en un cierto intervalo.

B. Pesos sindpticos

Los pesos sindpticos w;; de la neurona % son variables
relacionadas a la sinapsis o conexién entre neuronas, los
cuales representan la intensidad de iteraccién entre la neurona
presindptica j y la postsindptica ¢. Dada una entrada positiva
(puede ser del conjunto de datos de entrada o de la salida
de otra neurona), si el peso es positivo tenderd a exitar a
la neurona postsindptica, si el peso es negativo tenderd a
inhibirla.

C. Regla de propagacion

La regla de propagacion permite obtener, a partir de
las entradas y los pesos sindpticos, el valor del potencial
postsindptico h; de la neurona ¢ en funcién de sus pesos y
entradas.

hi(t) = o3 (wiz, x;(t)) ey

La funcién mas habitual es de tipo lineal, y se basa en la
suma ponderada de las entradas con los pesos sindpticos

hi(t) = wijz; @
J

que también puede interpretarse como el producto escalar
de los vectores de entrada y pesos

hl(t) = Zwijxj = W;»TX (3)
J
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D. Funcion de transferencia

La funcién de transferencia f de la neurona ¢ proporciona
el estado de activacién actual a;(t) a partir del potencial
postsindptico h;(t) y del propio estado de activacién anterior
a; (t — 1)

ai(t) = fiai(t — 1), hi(t)) )

Sin embargo, en muchos modelos de RNA se considera que
el estado actual de la neurona no depende de su estado anterior,
si no tnicamente del actual

a;i(t) = fi(hi(t)) &)

E. Funcion de salida

La funcién de salida proporciona la salida global de la
neurona y;(t) en funcién de su estado de activacién actual
a;(t). Muy frecuentemente la funcién de salida es simplemente
la identidad F'(z) = x de tal modo que el estado de activacién
de la neurona se considera como la propia salida de la red
neuronal

yi(t) = Fi(ai(t)) = ai(t) (©)

III. EVOLUCION DIFERENCIAL

En 1994 surgié un adaptativo y eficiente esquema: el
algoritmo de Evolucién diferencial, propuesto por Kenneth
Price y Rainer Storn. Este algoritmo se utiliz6 para la
optimizacién global sobre espacios continuos [19]. Debido a
su capacidad de exploracién sobre un espacio de busqueda,
dado un problema, el algoritmo de Evolucién diferencial (DE
por sus siglas en inglés) evita quedar atrapado en minimos
locales. Este algoritmo tiene pocos pardmetros y converge mas
rapido al éptimo en comparacién con otras técnicas evolutivas.
Todas estas caracteristicas convierten a este algoritmo en
una excelente técnica para la optimizacién de problemas no
diferenciables. La idea detrds de esta técnica de optimizacion
es generar vectores de prueba.

Dado una poblacién de vectores X; € R, i=1,..,M en
un espacio multidimensional D, el algoritmo consiste, en eligir
de manera aleatoria un vector objetivo X; y un vector base x,.,,
donde r es un nimero aleatorio entre [1, M]. Por otro lado, se
deben elegir aleatoriamente dos miembros de la poblacién x .,
¥ Xr,, y se realiza una diferencia entre ellos. A continuacion, el
resultado es operado por un factor constante, denotado por F/,
asi se obtendra un vector ponderado. Inmediatamente después,
el vector ponderado y el vector base son sumados. El nuevo
vector que surge, se le llamard vector mutante u;.

Finalmente se realiza la operacion de cruza, la cudl
involucra una comparacién (variable por variable) entre el
vector mutante y el vector objetivo. De la operacion de
cruza se genera un nuevo vector llamado vector de prueba.
La comparacion consiste en una simple regla: si un nimero
aleatorio es menor que el factor de cruza C'R entonces, la
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variable del vector que se elige es la del vector mutante; si
no, entonces se elige la variable del vector objetivo, asi el
vector prueba serd una mezcla de variables del vector mutante
y el vector objetivo. Finalmente el dltimo paso es la seleccion
del mejor vector (aquél con la mejor aptitud, segtn sea el tipo
de optimizacién). Esta seleccion involucra comparar la aptitud
del vector objetivo y la del vector prueba.

Existen varias estrategias de ED [20]. La estrategia
descrita en esta seccion es la estrategia técnicamente
llamada “DE/rand/1/bin” cuyo pseudocédigo se muestra en
el Algoritmo 1 tomado de [21]. Esta nomenclatura cambia
dependiendo del tipo de estrategia que se esté implementando.
Las diferentes estrategias varian al cambiar la siguiente
nomenclatura, donde DE/x/y/z toma las siguientes variables:
x se refiere a como serd elegido el vector objetivo, puede ser
aleatorio o el mejor de la poblacién. y se refiere a cudntos
pares de vectores se tomardn para realizar la diferencia; puede
ser un par y sumarle un tercer vector (vector base) o puede
ser dos pares cuya respectiva diferencia se sume a un quinto
vector (vector base).

El tipo de cruza se representa por z. Esta puede ser del
tipo bin (cruza binomial) en donde para cada variable dada
una probabilidad, se hereda la informacién de uno u del otro
vector o puede ser del tipo exp (cruza exponencial) en donde
dado un ndmero aleatorio entre (0, 1), si dicho ndmero es
mayor a C'R entonces se suspende la cruza [22].

IV. DISENO AUTOMATICO DE UNA RNA MEDIANTE ED

Para aplicar el algoritmo de Evolucién diferencial es
necesario codificar el individuo o la solucién con la
informacién que se requiere. El algoritmo ED generard una
poblaciéon de dichas soluciones que evolucionarin en un
nimero de generaciones (iteraciones) y se evaluard cada una
de ellas en una funcién de aptitud. Dicha funcién de aptitud
nos indicard que tan buena es la solucién, guardando la mejor
al finalizar la ejecucién del mismo.

La descripcién de cada elemento en el algoritmo evolutivo
se explica a continuacion.

A. Codificacion del individuo

Un individuo representa una solucién. La codificacién
de ese individuo consiste en contar con la informacién
necesaria para el disefio de una red neuronal artificial. Como
se mencioné en las restricciones de esta investigacién, la
metodologia serd aplicada por el momento a problemas de
clasificaciéon de patrones.

En general el problema a resolver se puede describir de la
siguiente manera.

Dado un conjunto X con p patrones que definen un
problema de clasificacién definido por X = {xl, e xp} ,X €
R", y dado un conjunto D con p patrones deseados que
definen la clase a la que pertenece cada patrén definido por
D = {d',...,d?},d € R™; encontrar una RNA, cuyo disefio
estd representado por una matriz W donde W € R*(0F3) gq]
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Algorithm 1 Pseodocédigo de Evolucién diferencial al aplicar
la estrategia “DE/rand/1/bin”. C'R es un nimero entre (0, 1),
MAXITER es el nimero maximo de iteraciones, GG es una
iteracién especifica, M es el nimero total de individuos en
la poblacién , randint(1, D) es una funcién que regresa un
nimero entero entre 0 y D. rand;[0,1) es una funcién que
regresa un nimero real entre (0, 1). Ambas funciones basadas
en una probabilidad de distribucién uniforme.
G=0
Crear una poblacién inicial aleatoria X; Vi, i=1,..., M
Evaluar f(X; ¢)Vi,i=1,...,M
for G =1 hasta MAXITER do
for i = 1 hasta M do
Seleccionar aleatoriamente r1 # ro # 13
Jrand = randint(1, D)
for i =1 hasta M do
if rand;[0,1) < CR 0 j = jrana then
Wi jGi1 = Xry 5.6+ F - (X, 6 — X, 5.0)
else
W j6+1 = Xi5,G
end if
end for
if f(ﬁi’G+1) < f()ﬁ('l"g) then
XiG+1 = Ui,g+1
else
Xi g1 =X G
end if
end for
G=G+1
end for

que una funcién f sea optimizada (min)f(D, X, W), donde
q es el nimero de neuronas.

B. Individuo

El individuo que representa el disefio de una RNA, estd dado
por una matriz W. Esta matriz estd compuesta por tres partes:
la topologia (T'), los pesos sindpticos (SW) y las funciones de
transferencia (TF), tal como se muestra en la Figura 1.

El tamafio del individuo depende de un nimero maximo
de neuronas (M NN), el cudl estd definido por g. En esta
investigacién se desarrolld una ecuacién para obtener el
MNN, la cuil depende del problema a resolver. Esta se
encuentra definida a continuacién:

o=+ (P50 ™

donde n es la dimensién del vector de los patrones de
entrada y m es la dimensién del vector de los patrones
deseados.

Debido a que la matriz estd compuesta por tres diferentes
informaciones, se consider tres rangos diferentes para cada
una. En el caso de la topologia, el rango se encuentra
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Fig. 1. Representacion del individuo que codifica la topologia (T), los pesos
sindpticos (SW) y las funciones de transferencia TF).

entre [1,2MNN — 1], los pesos sindpticos tienen un rango
de [—4,4] y para las funciones de transferencia el rango
es [1,nF], donde nF es el nimero total de funciones
de transferencia a utilizar. Al generar los individuos, todas
las matrices W estdn compuestas de valores reales en
sus respectivos rangos y al momento de decodificar la
informacién para ser evaluados en la funcién de aptitud, tanto
la arquitectura y la funcién de transferencia sufren un redondeo
del tipo |x].

C. Arquitectura y pesos sindpticos

Para poder evaluar los disefios de las RNA, es necesario
decodificar la informacién del individuo. La primera
informacion a decodificar es la topologia o arquitectura (7), la
cual se evalda con los pesos sindpticos (SW) y las funciones
de transferencia (TF) codificados en la misma matriz.

Para hacer vélida una topologia de RNA para la metodologia
propuesta, se deben de seguir ciertas reglas. Las RNA
generadas estdn compuestas de tres capas: la capa de entrada,
la capa oculta y la capa de salida y las reglas de conexi6n entre
las neuronas de cada capa siguen las siguientes condiciones.

Donde ILN es el conjunto de I neuronas que componen
la capa de entrada, HLN es el conjunto de J neuronas
pertenecientes a la capa oculta y OLN es el conjunto de K
neuronas, las cuales pertenecen a la capa de salida.

Primera regla (para las neuronas de la capa de
entrada-ILN): La neurona ILN;,i = 1,...,1 sélo puede enviar
informacién a las neuronas de la capa oculta HLN; y a las
neuronas de la capa de salida OLNg.

Segunda regla (para las neuronas de la capa oculta-HLN):
La neurona HLN;,j = 1,...,J s6lo puede enviar informacién
a las neuronas de la capa de salida OLNy y a las neuronas
de la capa oculta HLN; pero, para ésta tltima con una
restriccion. Para la neurona H LN ; sélo puede haber conexién
con las neuronas del tipo HLN;y1,..., HLN;.

Tercera regla (para las neuronas de la capa de salida-OLN):
La neurona OL Ny, k = 1,..., K s6lo puede enviar informacién
a otras neuronas de su misma capa pero, con una restriccion.
Para la neurona OLN} sélo puede existir conexién con
neuronas del tipo OLNy41,...,OLNk.

Para decodificar la arquitectura siguiendo las tres reglas
de conexién y recordando que la informacién en W ;; con
i = 1,.,MNN y 57 = 1 estd en base decimal, sufre
un redondeo como se explicé anteriormente y se codifica a
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binario en una matriz Z. Esta matriz representard un grafo
(arquitectura de la RNA), donde cada componente de la
matriz z;; indica las aristas o conexiones entre la neurona
(vértices del grafo) 7 y la neurona j cuando z;; = 1. Por
ejemplo: supongamos que W; ; tiene un nimero entero “57” el
cudl serd transformado en su correspondiente nimero binario
“0111001”. Este nimero binario indica las conexiones de la
neurona i-ésima con siete neuronas (nimero de bits en la
cadena binaria). En este caso, solo las neuronas en la posicién
de la cadena binaria de izquierda a derecha donde exista un 1
como la neurona dos, tres, cuatro y siete, tendrdn una conexién
a la neurona .

Al extraer de la matriz W la arquitectura se evaluard con
los correspondientes pesos sindpticos de la componente W ;;
cont =1,... MNNyj = 2,.., MNN + 1. Finalmente
cada neurona de la arquitectura calculard su salida con su
correspondiente funcién de transferencia indicada en la misma
matriz.

D. Funciones de transferencia

Las funciones de transferencia (7F) se encuentran
representadas en la componente W;; con ¢ = 1,.... MNN
y j = MNN + 3. Dependiendo del valor entero en la
componente, se eligird una de las funciones propuestas en esta
investigacién.

Aunque existen otras funciones de transferencia que pueden
ser implementadas en el contexto de las RNA, en esta
investigacién se utilizardn sélo las mds utilizadas en el 4rea.
Estas TF con su respectiva nomenclatura son: la funcién
sigmoide (LS), la funcién hipertangencial (HT), la funcién
seno (SN), la funcién gausiana (GS), la funcién lineal (LN) y
la funcién limite duro (HL).

Hasta este momento se ha explicado la codificacion del
individuo y la forma de decodificar la informacién cuando
se hace la evaluacion de la solucién en la funcién de aptitud.
En la siguiente seccion se explican las diferentes funciones de
aptitud desarrolladas en esta investigacion.

E. Funciones de Aptitud

La funcién de aptitud permite saber que tan buena es la
solucién dependiendo del problema de optimizacién que se
quiere resolver. En este caso, el problema de optimizacién es
del tipo minf(z)|r € A CIR" donde x = (21, ...,25) y N €5
la dimensidnalidad.

En esta investigaciéon dos funciones de aptitud fueron
aplicadas. La primera consiste en evaluar a las diferentes
soluciones que se generen utilizando el error cuadritico medio
(MSE) sobre el conjunto de entrenamiento M SEp y sobre
el conjunto de validaciéon MSEy ver Ec. 8. La segunda
funcién consiste en considerar al mismo tiempo el error
de clasificacion (CER) sobre el conjunto de entrenamiento
CERry y el de validacion CERy, ddndole mds peso al error
de validacion, ver Ec. 9.
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F, =04 x (MSET)+0.6 x (MSEy) ®)
F, =04 x (CER7)+0.6 x (CERy) )

El desempefio de estas funciones seran

presentadas mds adelante.

de aptitud

V. SALIDA DE LA RED NEURONAL ARTIFICIAL

Una vez decodificada la informacién del individuo, se
calcula la salida de la RNA, de tal forma que, es posible
determinar la eficiencia de la red mediante la funcion de
aptitud. Dicha salida se calcula aplicando el Algoritmo V.

Algorithm 2 Pseudocédigo de la salida de la RNA. o; es
la salida de la neurona i, a; es el patrén de entrada a la
RNA, n es la dimensionalidad del patrén de entrada, m es
la dimensionalidad del patrén deseado y y; es la salida de la
RNA.
1: for i =1 hasta n do
2:  Calcular o; = a;
3: end for
4: for i =n+ 1 hasta MNN do
5. Obtener el vector de conexiones z de la neurona ¢ a
partir del individuo W;.
6:  Obtener los pesos sindpticos s de la neurona ¢ a partir
del individuo W;.
7:  Obtener el bias b de la neurona ¢ a partir del individuo
W;.
8:  Obtener el indice t de la funcion de transferencia de la
neurona ¢ a partir del individuo W,.
9:  Calcular la salida de la de la neurona ¢ como 0; =
ft .Zjlsj'zj'aj—i_bj
j=
10: end for
11: for i = MNN — m hasta M NN do
12:  Calcular la salida de la RNA con, ¥;— \yNN—m+1 = 0;.
13: end for

Para el caso de la funcién de aptitud Fo, la salida de la red
serd modificada mediante la técnica del ganador toma todo,
es decir la neurona que genere el valor mas alto en su salida
se le asignard el valor binario de uno y a las restantes se
les asignara el valor de cero. Esta nueva salida binaria serd
comparada con el conjunto de patrones deseados asignados
para cada problema de clasificacién.

VI. RESULTADOS EXPERIMENTALES

La metodologd propuesta se evalué al resolver problemas de
clasificaciéon de patrones. Como se menciond anteriormente,
se utilizard un aprendizaje supervisado, lo que indica que serd
utilizado un conjunto de patrones deseados.

Debido que el algoritmo de Evolucién diferencial presenta
algunos pardmetros, la configuracién de los mismos puede
repercutir en el desempefio de los resultados. Por tal motivo,
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se realiz6 un estudio de sensibilidad para encontrar la mejor
configuraciéon de los pardmetros de ED y asi obtener los
mejores resultados en la experimentacién. Para encontrar
dicha configuracién se propusieron diferentes valores para
cada pardmetro y se evaluaron los disefios de RNA con las
funciones de aptitud F y F5.

Al obtener la mejor configuracion del algoritmo se
procedid a realizar la experimentacion que proporcionard datos
estadisticamente vdlidos sobre el reconocimiento, los mejores
resultados y la evaluacién de los errores que se generaron al
aplicar la metodologia propuesta.

A. Descripcion de la experimentacion

Para evaluar el desempeiio de la metodologia, se
seleccionaron diez problemas de clasificacién de patrones de
diferente complejidad. El problema de la planta del Iris, el
del vino, el cdncer de mama, el problema de diabetes, el de
desérdenes del higado y el problema del vidrio son problemas
que se encuentran en el repositorio de UCI machine learning
[23]. El problema de reconocimiento de objetos se obtubo de
[24], y los problemas como la espiral y las dos sintéticas se
desarrollaron en nuestro laboratorio. La Figura 2 muestra los
patrones dispersos de éstos ultimos problemas.

Synthetic-1

Spiral

T SR

A‘f" P o

()

Synthetic-2

T 7. N
. X
TP

V% 2%
I G

Y

(©

Fig. 2. Dispersion de datos para los problemas sintéticos. (a) Datos del
problema de espiral. (b) Datos del problema sintético 1. (c) Datos del problema
sintético 2.

En la Tabla I se encuentra la descripcién de los patrones de
cada problema de clasificacion.

Para obtener los tres conjuntos de datos para entrenar y
validar la RNA, se dividié el nimero de patrones totales de
cada base de datos en tres conjuntos: el de entrenamiento, el de
validacién y el de generalizacién. La seleccién de los patrones
que componene cada conjunto se realizé de manera aleatoria
con el fin de validar estadisticamente los resultados obtenidos.
Esta seleccion tiene una distribucién del 33% de los patrones
totales para el entrenamiento, 33% para la validacién y 34%
para la generalizacién para cada problema de clasificacion.
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TABLA 1
DESCRIPCION DE LOS PROBLEMAS DE CLASIFICACION DE PATRONES.

Problemas de Descripcién Patrones

clasificacion de los patrones totales
Rec. objetos. 7 caractéristicas que describen 5 clases 100
Planta Iris 4 caractéristicas que describen 3 clases 150
Vino 13 caractéristicas que describen 3 clases 178
Céncer de mama 7 caractéristicas que describen 2 clases 683
Diabetes 8 caractéristicas que describen 2 clases 768
Desordenes del higado 6 caractéristicas que describen 2 clases 345
Vidrio 9 caractéristicas que describen 6 clases 214
Espiral 2 caractéristicas que describen 2 clases 194
Sintética 1 2 caractéristicas que describen 2 clases 300
Sintética 2 2 caractéristicas que describen 2 clases 450

B. Andlisis de sensibilidad

El andlisis de sensibilidad consiste en evaluar los resultados
obtenidos con diferentes valores asignados a los pardmetros del
algoritmo de Evolucién deferencial. De este modo, se puede
determinar cémo las diferentes configuraciones proporcionan
desempefios variados, de los cuales podemos seleccionar la
mejor configuracién con el que el algoritmo se desempeiia
mejor.

La configuracién para detrerminar cudl es el valor para
cada pardmetro estd determinada por la siguiente secuencia:
v—w—x—y— 2 donde cada variable representa un pardmetro.
Para el caso del nimero de individuos en la poblacién la
variable v = {50,100} donde el elemento 1 corresponde
a 50 individuos y el elemento 2 corresponde a 100. En el
caso de el tamafio del espacio de bisqueda w = {2,4} el
primer elemento indica que el rango se establece en [—2, 2]
y el caso del segundo elemento indica que el rango estd
determinado entre [—4, 4]. Para determinar el tipo de funcién
de aptitud, la variable x {3,4} indica con el primer
elemento, que serd seleccionada la funcién F; y el segundo
elemento define la seleccién de la funcién Fa. El algoritmo
ED, tiene dos pardmetros propios: el factor de cruza CR y
una constante F’, las cuales se representan por las variables y
y z respectivamente. Ambas variables toman los valores y =
z = {1,2,3} donde dichos elementos estan asociados a los
siguientes valores {0.1,0.5,0.9}. El nimero de generaciones
o iteraciones del algoritmo se fij6 en 2000 y el nimero de
experimentos para cada combinacién de los parametros, para
cada problema de clasificacién y cada funcidn de aptitud se fijo
en cinco corridas del algoritmo. De tal manera que la secuencia
2-1-3-2-3 significa que la configuracién correspondiente es:
100 — [-2,2] — F; — 0.5-0.9

Se debe considerar que para cada experimento se obtienen
dos valores: el error de entrenamiento y el error de
generalizacion. Por ese motivo, se obtuvo una ponderacién de
estos dos valores y asi se determind quien presenta mejores
resultados. Con ayuda de la evaluacién ponderada de la suma
del entrenameinto y la generalizacion se decidié asignar mayor
peso a la etapa de generalizacién al ser multiplicada por un
factor de 0.6 y en el caso del entrenamiento el factor es 0.4. La
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ecuaciéon que determina la ponderacién es la que se describe
en Ec. 10.

rp = 0.4 x (Training) + 0.6 x (Test) (10)

donde Training representa el porcentaje de reconocimiento
durante la etapa de entrenamiento y 7Test representa el
porcentaje de reconocimineto obtenido durante la etapa de
generalizacion.

Para cada configuracién de los pardmetros y cada problema
se realizaron 5 experimentos, de los cuales se obtubo un
promedio ponderado rp. La Tabla II muestra el mejor
promedio ponderado para las dos funciones de aptitud y
cada problema de clasificacién de patrones, asi como también
muestra las configuraciones de los pardmetros que generaron
dichos valores.

TABLA 1T
PROMEDIO PONDERADO PARA CADA PROBLEMA DE CLASIFICACION Y
CADA FUNCION DE APTITUD.

Problemas de Funcién Funcién

clasificacion aptitud F1 aptitud F»
Promedio P. Config. Promedio P. Config.
Espiral 0.3753 22,322 03062 224,1,1
Sintética 1 0.0128 1,2,3,1,2 0.0060 2,1,4,2,1
Sintética 2 0.1400 2,2,3,22  0.0997 22472,
Planta de Iris 0.0256 223,33 00216 224,13
Céncer de mama 0.0209 2,1,3,3,3 0.0204 2,1,422
Diabetes 0.2181 1,1,3,3,3 0.2170 2,1,4,3,1
Desoérdenes del higado  0.2845 1,1,3,2,1 02793 224,32
Rec. Objetos 0.0 2,2,332 0.0 1,1.4,1,1
Vino 0.0183 2,1,3,3,2 0.0237 2,14,13
Vidrio 0.3346  1,1,3,3,3 0.3425 2,14,1,1

En la Tabla II se puede observar que los mejores valores
fueron obtenidos con la funcién CER, mostrando valores
minimos para ocho de diez problemas; la funcién de aptitud
F) presenté mejores resultados aislados para el caso de los
problemas del Vino y del Vidrio.

Los resultados anteriores muestran para cada problema de
clasificacién y cada funcién de aptitud, una configuracién
especifica que genera el mejor desempefio del algoritmo
evolutivo para el disefio de RNA. Sin embargo, debido a
que se desea crear una metodologd no especifica para cada
problema a resolver, se buscd aquella configuaciéon que en
promedio resolviera mejor todas los bases de datos (una
solucién general), por lo que se obtubo por cada funcién de
aptitud, el promedio que involucra el promedio ponderado
rp de todos los problemas de clasificacion. De lo anterior,
se obtubo que para el caso de la funcién de aptitud F'; el
porcentaje de error ponderado fue de 15.37% y en el caso de
la funcién de aptitud F» el porcentaje del error ponderado fue
de 14.83%.

Como se menciond anteriormente, el analisis de sensibilidad
permite conocer como los valores de los diferentes parametros
afectan el desempefio del algoritmo ED y por consiguiente
el disefio de las RNA. Por este motivo, se requiere de la
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minimizacién del error que se genere con las diferentes
configuraciones. En este caso, el error minimo se generd
con la funcién de aptitud F2 con la configuracion 2-2-4-3-2.
Esta configuracién representa la mejor de entre todas las
que se generaron al realizar la experimentacién con todas
las posibles configuraciones. Esta mejor configuracion, serd
utilizada para realizar el andlisis experimental que involucra
todos los problemas de clasificacién de patrones.

C. Andlisis experimental

Para realizar una experimentacién estadisticamente valida,
se generaron 30 experimentos para cada problema de
clasificacién utilizando la mejor configuracién para el
algoritmo de ED, la cudl fue encontrada previamente en el
andlisis de sensibilidad. Los resultados para cada problema
al utilizar la mejor configuracién: una poblacién de 100
individuos, en un espacio de busqueda de [—4,4] con la
funciéon de aptitud Fy y los valores para CR = 0.9 y
para F' = 0.5 se describen a continuacién. Estos resultados
se evaluaron durante un nimero de generaciones de 5000.
Los resultados presentan la evolucion del error, el porcentaje
de reconocimiento ponderado que conjunta la etapa de
entrenamiento y generalizacion asi como las arquitecturas con
las que se generd el mejor y el peor error.

A continuacién se describen los resultados obtenidos con la
mejor configuracién para cada uno de los diez problemas de
clasificacién.

1) Espiral: La evolucién del error obtenida de la funcion
de aptitud F> se muestra en la Figura 3, en la cual el error
de clasificacién y la validacién se conjuntan para obtener una
red neuronal con el mejor desempeiio, es decir con el minimo
valor encontrado por la funcién de aptitud. Como se puede
observar, para la mayoria de las experimentaciones el error
desciende casi en su totalidad antes de las 1000 generaciones,
después el error se mantiene constante.

Evolucién de la funcion de aptitud (Espiral) Desempefio de la RNA (Espiral)
0.

% de reconocimiento ponderado

0 1000 2000 3000 4000 5000
generaciones

(a) (b)

# de experimento

Fig. 3. Resultados experimentales en los 30 experimentos para el problema de
Espiral. (a) Evolucion del error. (b) Porcentaje de reconocimiento ponderado.

En la Figura 4 se muestran dos de las 30 arquitecturas que
se generaron para el problema de la Espiral. La Figura 4(a)
es el disefio con el cudl se gener6 el mejor error, en donde se
puede apreciar que, para las neuronas de la capa intermedia
se utilizaron las funciones lineal y seno como funciones de
transferencia y en la capa de salida las funciones seno y
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sigmiode. En la Figura 4(b) se muestra la arquitectura que
generd el peor error durante la experimentacién. A diferencia
de la mejor, esta arquitectura presenta menos conexiones. Cabe
seflalar que las funciones de transferencia son las mismas
utilizadas por la mejor configuracién.
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2 _ .
—
. ~ I )
T &) @) ©) | & Q)
os 0
L T S B S R

Fig. 4. Disefio de arquitecturas de RNA generadas para el problema de
Espiral en los 30 experimentos. (a) Arquitectura con el mejor desempefio.
(b) Arquitectura con el peor desempefio.

2) Sintética 1: Como se puede ver en la Figura 5(a), la
evolucion del error converge rdpidamente a un error minimo.
La Figura 5(b) muestra el porcentaje de reconocimiento para
la base de datos Sintética 1. En ella podemos observar que
para los 30 experimentos, el desempefio de las RNA disefiadas
presentan un entrenamiento y generalizacién muy altos, por
arriba del 95% y en algunos casos alcanza el reconocimiento
maximo (100%) para ambas etapas.

Evolucion de la funcién de aptitud (Sintético 1) Desempefio de la RNA (Sintético 1)
0.

% de reconocimiento ponderado

% 1000 2000 3000 4000 5000 o

generaciones

() (b)

Fig. 5. Resultados experimentales en los 30 experimentos para el problema
Sintético 1. (a) Evolucién del error. (b) Porcentaje de reconocimiento
ponderado.

En la Figura 6 se presentan la mejor y la peor arquitectura
encontradas para el problema Sintético 1. En ella podemos
apreciar que la mejor arquitectura o topologia presenta
conexiones directas desde la capa de entrada hasta la capa
de salida. Esto se debe a las reglas de conexiones propuestas
anteriormente. Las funciones de transferencia utilizadas para
dicha arquitectura fue la funcién seno, la sigmoide y la limite
duro.

“ — N “ N e
‘? : /,_—ig,-\‘g ‘f : W
() (b)

Fig. 6. Disefio de arquitecturas de RNA generadas para el problema Sintético
1 en los 30 experimentos. (a) Arquitectura con el mejor desempefio. (b)
Arquitectura con el peor desempefio.
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3) Sintética 2: La evolucion del error para este problema
de clasificacién se muestra en la Figura 7(a), en donde se
puede observar que el minimo error generado por la funcién
de aptitud no mejora después de las 1000 iteraciones. Por otro
lado, la Figura 7(b) presenta el porcentaje de reconocimiento
ponderado, en ella podemos ver que en mds de la mitad de
los experimentos totales, se obtubo un porcentaje por arriba
del 85%.

Evolucion de la funcién de aptitud (Sintético 2) Desempefio de la RNA (Sintético 2)
0.

El
% de reconocimiento ponderado

] 1000 2000 3000 4000 5000 °

generaciones

(@) (b)

12345678 91011121314151617 18102021 222324252627 28 2030

# de experimento

Fig. 7. Resultados experimentales en los 30 experimentos para el problema
de Sintético 2. (a) Evolucién del error. (b) Porcentaje de reconocimiento
ponderado.

La Figura 8(a) muestra la arquitectura que alcanza el
minimo error (el mejor desempefio). Su arquitectura describe
algunas conexiones directas desde la capa de entrada hasta
la de salida. El conjunto de funciones de transferencia que
utiliza cada neurona son: las funciones seno, limite duro y
sigmoide. Para el caso de la peor arquitectura encontrada
durante la experimentacién, la Figura 8(b) muestra dicha
topologia disefiada con las funciones de transferencia seno,
hipertangencial y la limite duro.

: a"’o‘-@ L o=
107 & |10 g

(@) (b)

Fig. 8. Disefio de arquitecturas de RNA generadas para el problema de
Sintético 2 en los 30 experimentos. (a) Arquitectura con el mejor desempefio.
(b) Arquitectura con el peor desempeiio.

4) Planta de Iris: La Figura 9(a), muestra para las 5000
generaciones la evolucién del error encontrado por la funcién
de aptitud F>. En ella podemos observar que al incrementar
el nimero de generaciones el error disminuye drdsticamente
en algunos experimentos. Sin embargo, la mayoria de los
experimentos alcanza su mejor valor antes de las 1000
generaciones.

En la Figura 9(b) se muestra el porcentaje de recono-
cimiento ponderado para cada experimento. Como se puede
apreciar el desempefio de las RNA generadas alcanza un
reconocimiento mayor al 90%.

En la Figura 10(a) se muestra la mejor arquitectura
encontrada durante la experimentacion. Este interesante y
peculiar disefio, tiene una neurona que carece de conexion
con otras en la capa de salida. Esta neurona trabaja s6lo con

Polibits (46) 2012



Beatriz A. Garro, Humberto Sossa, Roberto A. Vazquez

Evolucién de la funcién de aptitud (Iris) Desempefio de la RNA (Iris)
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Fig. 9. Resultados experimentales en los 30 experimentos para el problema
de la Planta de Iris. (a) Evolucién del error. (b) Porcentaje de reconocimiento
ponderado.

el bias correspondiente, que al ser evaluado en la respectiva
funcién de transferencia sigmoide, se transforma a un valor
que serd exitosamente utilizado al momento de evaluar la
salida de la RNA con la técnica el ganador toma todo. Al
generarse las correspondientes salidas para cada patrén de
entrada las neuronas restantes en la capa de salida son las que
detallan la clase a la que pertenece cada patrén, mientras que
la neurona que no tiene conexién funciona como un umbral
fijo. Por ejemplo, suponga que la segunda neurona de salida
genera en su salida un valor de 0.45, sin importar el patrén
de entrada; por otro lado la primera y tercera neurona generan
en su salida los valores de 0.65 y 0.55 respectivamente, al
ser estimuladas con un patrén de entrada que pertenece a la
clase 1. Al ser evaluada la salida de la RNA por la técnica
del ganador toma todo, se obtendria la salida 1,0,0 la cudl
indica que el patrén de entrada pertenece a la clase 1. Ahora
suponga que la salida de la primera y tercera neurona generan
en su salida los valores de 0.35 y 0.25 respectivamente, al ser
estimuladas con un patrén de entrada que pertenece a la clase
2. En este caso, al ser evaluada la salida de la RNA por la
técnica del ganador toma todo, se obtendria la salida 0,1,0
la cudl indica que el patrén de entrada pertenece a la clase
2, recuerde que la salida de la segunda neurona no cambia,
es decir, permanece en 0.45 porque no estd conectada con
otras neuronas. Finalmente, en un tercer caso suponga que la
salida de la primera y tercera neurona generan en su salida
los valores de 0.35 y 0.65 respectivamente, al ser estimuladas
con un patrén de entrada que pertenece a la clase 3. En este
caso, al ser evaluada la salida de la RNA por la técnica del
ganador toma todo, se obtendria la salida 0,0,1 la cudl indica
que el patrén de entrada pertenece a la clase 3.

Las funciones de transferencia que este disefio necesita son
las funciones lineal y sigmoide.

La arquitectura que genera el peor error durante las 30
experimentaciones se muestra en la Figura 10(b), la cual utiliza
las funciones sigmide, lineal, sigmoide e hipertangencial como
funciones de trasnferencia para cada neurona.

5) Cdncer de mama: Para el caso del problema de cancer
de mama, la evolucién del error generado mediante la funcién
de aptitud F es presentado en la Figura 11(a), donde se puede
observar que el error se mantiene casi constante para las 30
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(@) (b)

Fig. 10. Disefio de arquitecturas de RNA generadas para el problema de
la Planta de Iris en los 30 experimentos. (a) Arquitectura con el mejor
desempefio. (b) Arquitectura con el peor desempefio.

experimentaciones durante el tiempo limite especificado en
5000 generaciones.

Por otro lado, el porcentaje de reconocimento ponderado
para las etapas de entrenamiento y generalizacion se presentan
en la Figura 11(b). El porcentaje se mantiene exitosamente,
para todas las experimentaciones, por arriba del 95%, lo que
indica que se encontraron los mejores disefios de las redes
para resolver este problema de clasificacion.

Evolucién de la funcién de aptitud (Cancer)
0.

Desempefio de la RNA (Céancer)

% de reconocimiento ponderado

0 1000 4000 5000

20 00 8101
generaciones # de experimento

(a) (b)

Fig. 11. Resultados experimentales en los 30 experimentos para el problema
de Cancer de mama. (a) Evolucién del error. (b) Porcentaje de reconocimiento
ponderado.

El mejor y el peor error de entrenamiento fue alcanzado con
las arquitecturas mostradas en la Figura 12, donde también
se presentan las funciones de transferencia utilizadas para
cada neurona. Para el caso del mejor disefio, las funciones
de transferencia seleccionadas por la metodologia fueron el
limite duro, sigmoide y lineal. Para el caso del peor disefio
se obtubo el conjunto de funciones compuesto por la funcién
sigmoide, la lineal y el limite duro.

6) Diabetes: Para el problema de la diabetes, la evolucion
del error a diferencia de las Figuras anteriores, muestra que el
proceso de convergencia tarda mds generaciones, ver Figura
13(a).

En el caso del reconocimento ponderado, el porcentaje
alcanzado para toda la experimentacién no fue mayor del 80%,
ver Figura 13(b).

La arquitectura que genera el mejor desempefio es la que
se muestra en la Figura 14(a), donde hay cuatro neuronas que
componenen la capa intermedia con las siguientes funciones
de transferencia: sigmoide, gaussiana y lineal. El peor caso se
muestra en la Figura 14(b) donde se gener6 una arquitectura
con una sola neurona. Esta arquitectura tiene en la capa de
entrada, una neurona que no presenta conexion.
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(@) (b)
Fig. 12. Diseflo de arquitecturas de RNA generadas para el problema de

Cancer de mama en los 30 experimentos. (a) Arquitectura con el mejor
desempefio. (b) Arquitectura con el peor desempefio.

Desempefio de la RNA (Diabetes)

Evolucién de la funcion de aptitud (Diabetes)
0.

% de reconocimiento ponderado
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12345678 91010121314151617 18192021 222326 25 2627 20 20 0
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Fig. 13. Resultados experimentales en los 30 experimentos para el problema de
Diabetes. (a) Evolucién del error. (b) Porcentaje de reconocimiento ponderado.

Este hecho se puede presentar al disefiar las RNA y no
significa que el desempefio se reduzca; al contrario significa
que la dimensionalidad del patrén de entrada se puede reducir
evitando tener informacién redundante.

(a) (b)

Fig. 14. Disefio de arquitecturas de RNA generadas para el problema de
Diabetes en los 30 experimentos. (a) Arquitectura con el mejor desempefio.
(b) Arquitectura con el peor desempeiio.

7) Desordenes del higado: La Figura 15 muestra la
evolucién del error para los 30 experimentos. Antes de las
2000 generaciones el algoritmo de ED encuentra el mejor error
para cada experimento, después se mantiene constante.

Para el caso del porcentaje de reconocimiento, éste se
encuentra arriba del 60% para algunos casos y para otros arriba
del 70%.

La mejor y la peor arquitectura para el problema de
desérdenes del higado se muestran en la Figura 16. El
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Evolucion de la funcién de aptitud (Higado) Desempefio de la RNA (Higado)
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Fig. 15. Resultados experimentales en los 30 experimentos para el problema
de Desérdenes del higado. (a) Evolucién del error. (b) Porcentaje de
reconocimiento ponderado.

disefio con el mejor desempefio utiliza las funciones de
transferencia lineal, hipertangencial y sigmoide. En el caso
del peor desempeiio, el conjunto de funciones de transferencia
estd compuesto por: la sigmoide, gausiana y la lineal.

(a) (b)

Fig. 16. Diseflo de arquitecturas de RNA generadas para el problema de
Desordenes del higado en los 30 experimentos. (a) Arquitectura con el mejor
desempeifio. (b) Arquitectura con el peor desempefio.

8) Reconocimiento de objetos: La evolucion del error para
el problema de reconocimiento de objetos se muestra en la
Figura 17(a). En ella se observa que la evaluacién de la
funcién de aptitud alcanza el error minimo en menos de 1000
generaciones.

El resultado de esa evoluciéon se ve reflejada en el
reconocimiento ponderado para cada experimentacién. De las
30 arquitecturas disefladas, 16 alcanzaron un reconocimiento
del 100%, ver Figura 17(b). El desempefio de la mayoria de
las arquitecturas restantes se encuentran por arriba del 90%.

Evolucién de la funcion de aptitud (Objetos) Desempefio de la RNA (Objetos)
0.7,

E
% de reconocimiento ponderado

0 1000 2000 3000 4000 5000
generaciones

(a) (b)

Fig. 17. Resultados experimentales en los 30 experimentos para el problema
de Reconocimiento de objetos. (a) Evolucién del error. (b) Porcentaje de
reconocimiento ponderado.
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La Figura 18(a) muestra la arquitectura con el mejor
desempefio y en Figura 18(b) aquella con el peor.

(a) (b)

Fig. 18. Diseflo de arquitecturas de RNA generadas para el problema de
Reconocimiento de objetos en los 30 experimentos. (a) Arquitectura con el
mejor desempeiio. (b) Arquitectura con el peor desempefio.

9) Vino: La Figura 19(a) muestra que la evolucién del error
tiende a un valor minimo antes de las 1000 generaciones. En
este caso se puede observar que el error de la mayoria de las
experimentaciones convergen a valores cercanos.

En el caso del porcentaje de reconocimento ponderado para
el problema del vino, el cudl presenta los patrones con mayor
nimero de caracteristicas, se generé un porcentaje por arriba
del 90% y en un experimento se logré generar el disefio con
el mejor desempefio, es decir con el 100% de reconocimiento,
ver Figura figl9(b).

Evolucién de la funcién de aptitud (Vino) Desempefio de la RNA (Vino)
0.

Cl
o
s
R
% de reconocimiento ponderado

0 1000 2000 3000 4000 5000 23456789 1011 121314151017 18 192021 222024252027 20 29 3
generaciones # de experimento
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Fig. 19. Resultados experimentales en los 30 experimentos para el problema
del Vino. (a) Evolucién del error. (b) Porcentaje de reconocimiento ponderado.

Dos disefios generados por la metodologia propuesta se
presentan en la Figura 20, estos disefios son aquellos que
generaron el mejor y el peor desempefio para el problema
del vino.

10) Vidrio: El problema del vidrio es aquél problema de
clasificaciéon que presenta el mayor nimero de caracteristicas
por cada patrén en la salida. La evoluciéon del error
generado continda descendiendo durante las primeras 3500
generaciones, ver Figura 21(a).

En el caso del porcentaje de reconocimiento para el
problema del vidrio, se tiene que la mayoria de la
experimentacién se encuentra por arriba del 60% con algunos
ejemplos por debajo del mismo, ver Figura 21(b).

La Figura 22 muestra las arquitecturas con el mejor y el
peor desempefio durante la experimentacion.
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(a) (b)

Fig. 20. Disefio de arquitecturas de RNA generadas para el problema del
Vino en los 30 experimentos. (a) Arquitectura con el mejor desempefio. (b)
Arquitectura con el peor desempefio.

Evolucion de la funcién de aptitud (Vidrio) Desempefio de la RNA (Vidrio)
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Fig. 21. Resultados experimentales en los 30 experimentos para el problema
del Vidrio. (a) Evolucién del error. (b) Porcentaje de reconocimiento
ponderado.

D. Discusion general

A continuacién se muestran los desempefios promedio de
los 30 experimentos para cada uno de los problemas de
clasificacién.

La Figura 23(a) muestra el error promedio para cada
problema de clasificacion. En dicha Figura se muestra
que la funcién de aptitud con la que se realizaron las
experiementaciones presentd en general un error bajo. Sin
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(a) (b)
Fig. 22. Disefio de arquitecturas de RNA generadas para el problema del

Vidrio en los 30 experimentos. (a) Arquitectura con el mejor desempeiio. (b)
Arquitectura con el peor desempefio.
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embargo, las bases de datos que presentan un minimo en el
error durante las 5000 generaciones fueron: reconocimiento de
objetos, vino, planta de Iris, cdncer de mama y el problema
sintético 1.

En la Figura 23(b) muestra el porcentaje de reconocimiento
ponderado promedio. Las bases de datos alcanzaron el
siguiente porcentaje: espiral de 66.62%, sintética 1 de 98.12%,
sintética 2 de 86.49%, planta de Iris 96.41%, cancer de
mama un 97.47%, diabetes 77.17%, desérdenes del higado
un 69.45%, reconocimieno de objetos 97.09%, para el caso
del Vino 95.95% y por tltimo para el caso del problema del
vidrio, éste alcanz6 un reconocimiento del 61.79%.

Desempefio de la RNA (Promedio)
1

Evolucion de la funcién de aptitud (Promedio)
0.7,
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Fig. 23. Disefio de arquitecturas de RNA generadas para el problema del
Vidrio en los 30 experimentos. (a) Arquitectura con el mejor desempeiio. (b)
Arquitectura con el peor desempefio.

La Figura 24 que a continuacién se muestra, presenta los
porcentajes de reconocimiento ponderado maximo y minimo,
con el fin de sintetizar cudl fue el mejor desempefio alcanzado
para cada problema de clasificacion al utilizar la metodologia
propuesta.

En la Figura 24(a) se muestra que para el caso del
problema Sintético 1, del reconocimieto de objetos y el
vino, se alcanzd el 100% de reconocimento. Para el caso de
los problemas restantes de (izquierda a derecha) el mdximo
porcentaje obtenido fue: Espiral 73.41%, problema sintético
2 con 93.33%, para la planta de Iris de 99.20%, cancer de
mama %98.77, para el problema de diabetes se alcanzé un
79.45%, para el problema de desérdenes del higado el maximo
porcentaje de reconocimiento fue 75.30% y para el problema
del vidrio de 72.11%.

Al contrario, la Figura 24(b) muestra el desempefio
promedio de las RNA en términos del porcentaje de
reconocimiento ponderado minimo para cada problema. Para
el caso de espiral, el minimo porcentaje fue 57.66%, para
sintético 1 fue de 94.40%, para problema sintético 2 de
81.33%, para la planta de Iris de 91.60%, cancer de mama
95.87%, para el problema de diabetes se alcanz6 un 74.45%,
para el problema de desérdenes del higado el minimo
porcentaje de reconocimiento fue 62.43%, para el problema de
reconocimiento de objetos de 75.76%, para el vino de 91.19%
y por ultimo para el vidrio fue de 47.04%.

Por otro lado, el nimero de veces que fueron seleccionadas
las diferentes funciones de transferencia para cada problema
estd descrita en la Tabla III. En ella, se puede apreciar que para

ISSN 1870-9044

Desempefio de la RNA (Maximo) Desempefio de la RNA (Minimo)

°
©
°
©

°
®
o
©

o
2
°
2

°
>
°
>

°
o
°
@

o
S
°
S

°
©
°
@

o
iy
o
n

°

% de reconocimiento ponderado
°

% de reconocimiento ponderado

10 11 10 11

2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9
# identificador del problema # identificador del problema

(a) (b)
Fig. 24. Disefio de arquitecturas de RNA generadas para el problema del

Vidrio en los 30 experimentos. (a) Arquitectura con el mejor desempeiio. (b)
Arquitectura con el peor desempefio.

el caso del problema de la espiral la funcién de transferencia
que fue seleccionada con mayor frecuencia es la funcién
sigmoide, para el caso del problema sintético 1 fue también
la funcién sigmoide, para el caso del problema sintético 2
fue la funcién seno, para el problema de la planta de Iris
fue la funcién sigmoide, para el problema del cancer de
mama la funcién con una mayor selecciéon fue la sigmoide,
para el problema de diabetes también la funcién sigmoide
fue seleccionada con mayor frecuencia, para el problema
de desérdenes del higado las funciones sigmoide y lineal
tuvieron el mismo mimero de frecuencia con la que fueron
seleccionadas; el problema de reconocimiento de objetos, el
vino y el vidrio utilizaron también con mayor frecuencia la
funcién sigmoide.

TABLA III
NUMERO DE VECES EN QUE CADA FUNCION DE TRANSFERENCIA FUE
SELECCIONADA PARA CADA PROBLEMA DE CLASIFICACION.
FUNCIONES: LS: SIGMOIDE, HT: HIPERTANG, SN: SENO, GS: GAUSIANA,
LN: LINEAL, HL: LiM. DURO.

Problemas de

clasificacion LS HT SN GS LN HL
Espiral 14 11 41 8 35 5
Sintética 1 39 3 31 7 11 23
Sintética 2 37 7 40 13 9 6
Planta de Iris 78 12 5 18 39 24
Cancer de mama 99 19 11 10 26 40
Diabetes 75 19 13 23 32 24
Desoérdenes del higado 37 27 17 23 37 23
Rec. Objetos 75 49 56 60 52 36
Vino 141 44 4 28 54 50
Vidrio 133 50 26 43 71 65
Total 728 241 244 233 366 296

Finalmente, se realiz6 una comparacién con resultados
generados por el método del gradiente descendiente (algoritmo
de retropropagacion) y el algoritmo de Levenberg-Marquardt;
algoritmos cldsicos de entrenamiento para las RNA. El
porcentaje promedio ponderado de cada algoritmo es mostrado
en la Tabla IV. Se realizaron dos configuraciones diferentes
para las arquitecturas de las RNA entrenadas con cada
algoritmo clésico. Estas arquitecturas consiste en generar una
capa oculta y otra con dos capas ocultas.
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El nimero maximo de neuronas totales M NN de las RNA
entrenadas con los algoritmos cldsicos, se generaron mediante
la misma ecuacién en nuestra metodologia propuesta para el
caso de una capa oculta, ver Ec. 7 pero, para RNA con dos
capas, la distribucién se hace a traves de la Ec. 11.

DN = 0.6 x (MNN) +0.4x (MNN) (11)

en donde la primera capa tiene el 60% de las neuronas ocultas
y el 40% de las neuronas de la capa oculta estd en la segunda
capa, es decir una arquitectura piramidal.

Los pardmetros para el algoritmo del gradiente descendiente
y Levenberg-Marquardt tuvieron dos criterios de paro: al
alcanzar las 5000 generaciones o alcanzar un error de
0.000001. Los problemas de clasificacién fueron divididos en
tres partes: el 40% de los patrones totales fue utilizado para
el entrenamiento, el 50% fue utilizado para la generalizacién
y el 10% fue utilizado para la validacién. Se utiliz6 un tasa
de aprendizaje del 0.1.

Estas redes neuronales, generadas para la aplicacién de los
algoritmos clasicos, fueron disefiadas con el fin de obtener los
mejores desempefios y asi poder compararlas contra las RNA
generadas por la metodologia propuesta.

En la Tabla IV, podemos observar que el porcentaje
promedio ponderado generado por la metodologia propuesta
es mejor en seis problemas de clasificacién: en la espiral,
sintético 1, sintético 2, cancer de mama, diabetes y desérdenes
del higado. En el caso de la planta de Iris y del problema
de reconocimiento de objetos, el mejor promedio ponderado
se alcanzé con el algoritmo de Lebenberg-Marquardt de una
capa. Para los problemas del vino y del vidrio, el algoritmo de
Levenberg-Marquardt de dos capas obtubo el mejor porcentaje
de reconocimiento ponderado.

A pesar de que el algoritmo cldsico Levenberg-Marquardt,
obtuvo en algunos casos mejores resultados que la
metodologia propuesta, el promedio general de todos los
problemas de clasificacién fue mayor con la metodologia
propuesta.

VII. CONCLUSIONES

Aunque la metodologia propuesta ya fue presentada en
[25] y [26], los autores no habian contemplado el incluir
el conjunto de validacién durante la etapa de entrenamiento,
ni se habia realizado un estudio de sensibilidad previa a la
experimentacion, aunado a ésto, se agragaron mds problemas
de clasificacién.

En esta investigacién, se presenté la metodologia que
permite disefiar de manera automadtica una red neuronal. Este
disefio incluye, la arquitectura (cémo se conectan las neuronas
y cudntas neuronas son suficientes), el valor del conjunto de
pesos sindpticos y el tipo de funciones de transferencia dado un
conjunto. El algoritmo evolutivo que se aplic fue el llamado
Evolucién diferencial.

En una primera etapa de la experimentacion, se realizé
un estudio de sensibilidad de los pardmetros de dicho
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algoritmo evolutivo. En esta experimentacién se probaron
diferentes valores de los pardmetros y se selecciond la
mejor configuracién. Esta configuracién (que gener6 el mejor
desempefio en las RNA generadas para cada problema) se di6
al utilizar un ndimero de individuos de 100, en un espacio de
busqueda entre [—4, 4].

De dos funciones de aptitud seleccionadas para el andlis
de sensibilidad (las funciones de MSE y CER), las cuales
incluyeron la etapa de validacién, se encontré que, la mejor
fue Fy = 0.4 x (CERy) + 0.6 x (CERy). Para el caso del
factor de cruza C'R el mejor valor fue 0.9 y para la constante
F un valor de 0.5.

Como es bien sabido, la etapa de validacion juega un papel
indispensable en la etapa de entrenamiento de una red neuronal
artificial, ya que impide el sobreaprendizaje. Por ese motivo,
se decidié implementar la etapa de validacién en la funcién
de aptitud, con el fin de encontrar una solucién con error
minimo de clasificacién y al mismo tiempo que no generara
un sobreaprendizaje.

Para validar estadisticamente los resultados, dicha configu-
racién se aplicé a 30 corridas del algoritmo en cada problema
de clasificacién. Se encontré que el desempefio de las RNA
disefiadas por la metodologia bajo las condiciones dadas en
el parrafo anterior, presentan un porcentaje de reconocimiento
alto: en el 50% de los problemas el reconocimeinto es mayor
al 95% siendo el mds bajo de 61.79%.

En el caso especifico para cada problema, durante
las 30 experimentaciones se alcanzaron porcentajes de
reconocimiento del 100% tanto en la etapa de entrenameitno
como en la generalizacién.

Con esto, podemos decir que la etapa de validacién y la
mejor configuraciéon del algoritmo de Evolucién diferenial
generaron resultados exitosos. Recordemos que los tres
conjuntos, a saber, los conjuntos de entrenamiento, validacién
y generalizacion en los que se dividi6 cada problema se
eligieron de manera aleatoria para cada experimento, lo
que hace ain mds valiosos los resultados obtenidos, pues
esto indica que los resultados se validan estadisticamente y
experimental.

La metodologia propuesta presenta un desempefio general
(en todos los problemas de clasificacién) mejor que el
generado con los algoritmos cldsicos de entrenamiento. A
pesar que hubo algunos casos donde el mejor promedio
de reconocimiento ponderado se alcanzé con Levenberg-
Marquardt, la metodologia propuesta presenta varias ventajas:
la primera es que el disefio se realiza de manera automatica.
En segundo lugar, la metodologia no depende de un algoritmo
basado en el célculo de derivadas, lo que la hace robusto ante
problemas mas complejos.

Con esto podemos concluir que es posible generar disefios
de redes neuronales artificiales con desempefios hasta con
el 100% de reconocimineto en la etapa de entrenamiento y
generalizacién, que se puede encontrar varios disefios que
resuelven el mismo problema con diferente configuracion
y mismos resultados y que algunos disefios presentan
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TABLA IV
PROMEDIOS DEL PORCENTAJE DE RECONOCIMIENTO PONDERADO PARA LOS ALGORITMOS CIASICOS Y LA METODOLOGIA PROPUESTA.

Problemas de Gradiente Gradiente Levenberg Levenberg Metodologia
clasificacion Descendiente  Descendiente Marquardt Marquardt propuesta
(1 capa ) (2 capas) (1 capa) (2 capas) (ED)
Espiral 0.500824742 0.50137457 0.509209622  0.50137457  0.666185897
Sintética 1 0.749911111  0.770444444  0.790088889  0.777288889 0.9812
Sintética 2 0.544859259 0.51442963 0.69997037  0.562488889  0.864888889
Planta de Iris 0.932266667  0.652266667  0.979111111  0.756266667  0.964133333
Ciancer de mama 0.967696547  0.944751762  0.969269149  0.957415353  0.974685447
Diabetes 0.757864583  0.727604167  0.765260417  0.760902778  0.771692708
Desérdenes del higado  0.604435184  0.576515437  0.675610073  0.662586369  0.694492754
Rec. Objetos 0.744533333  0.694133333  0.982133333  0.727466667  0.970909091
Vino 0.982921348  0.933782772  0.968614232  0.979101124  0.959548023
Vidrio 0.707040498  0.685358255  0.789034268  0.798380062  0.617934272
Total 0.749235327  0.700066104  0.812830146  0.748327137  0.846567041

caracteristicas como la reduccién de la dimensionalidad de
las caracteristicas de los patrones de entada.
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Map Building of Unknown Environment Using
L1-norm, Point-to-Point Metric and
Evolutionary Computation

Jaroslav Moravec

Abstract—In the present paper, a method for building a map b
an unknown environment (SLAM) derived from the ICP
algorithm using point-to-point metric is proposed. The polar-
scan matching technology is used for estimation ahe robot
location change between two scans in sequence estien the
correct position of the robot. Since map building $ fairly time-
consuming, the algorithm of differential evolution(DE) is used in
the calculation. This efficient optimizer provides very good
results in different types of small office environnent
(unstructured and structured). The new type of an forithm for
map building is based purely on simple geometric pmitives—
vectors and integrates the modern evolutionary algghm—DE.
The presented algorithm falls into the wider groupof geometric
map builders and is able to build a map of indoormostly office,
environment without moving objects.

Index Terms—SLAM, robot localization,
robotics, differential evolution, L1-norm.

evolutionary

I. INTRODUCTION

represented by geometric primitives such as lirdgles,
points or curves (b-spline curves) etc. The geameaiodel of
environment is created from these elements. The obthe
position estimator might be compiled by using vasidypes
of algebraic criteria [18, 19, 20, 21]. (C) Therthand these
days probably the widest group is the one usinghinations
of algorithms from two previous groups (so callegbiid
algorithms) or it uses very specific patterns theiresented
the model of the world and different methods faralkization
and map building. It's for example the case of &vevhen a
map is represented by a cloud of points, alteraebtiby
different kinds of landmarks [17] like RFID, soustdurces
etc. Relatively new and perspective way in thedfief map
building and navigation is called cognitive map8,[39]. This
approach exploits and integrates more informatmurees. A
precise geometric map similar to [13] does nottehése.
Conventional methods for creating a map of wukm
environment such as e.g. these publications [231],use
gradient optimizers. But this is an approach a dewades old.
The advantages of gradient optimizers are theipkity and

SlGN|F|CANT effort of many different research groups in tthp|ementation Speed_ They still interest many aeshers

area of the map building has brought good resultthé

thanks to these qualities. They may be found eng[40].

last several decades. The integration of modemMowever, they have their insignificant limitatiorBue to an

evolutionary algorithms is not taken for grantedttimuch in
this field. Disadvantage of nearly all EA (evolutary
algorithms) methods is a necessity to find properking

intensive research in the field of evolutionary quier
technology and fairly huge amount of publicatiomslgzing
their possibilities on different types of problen&gd methods

parameters. Many EA methods suffer from prematuigave come to the foreground in the area of robatsvell.
convergence to local optimum, which they’re notead Their application is broad — map building using @8D laser
release from any more. Algorithms for the map boddare scanner, global and local localization, semantissification,
very sensitive about the failure of the estimatohioh the area of machine learning. A relatively big dismntage is
performs the estimation of positon and turninghat they may also extend significantly the impletagon of
transformation. All these exact reasons lead toctelea basic navigation algorithm. MoteCarlo algoritsrtiie most

differential evolution optimizer as an appropri&# tool, as it
provides very good results for a given task.

There are many different approaches in an areheofdbot
localization and map building which can be classifiinto
several main groups. The amount of publicationgarticular
groups is approximately the same. (A) Probabiligtgprithms
usually use different versions of an occupancy.gkidnap is

common optimizer that is possible to come acrossisiised
in the connection with probabilistic algorithms B,13].

In 1998 an interesting article [42] based darid Model
Genetic Algorithm (IGA) was published. The theme
distributed GA can be found earlier for example, [43]. IGA
is a derivative of the genetic algorithms that veonkith
several populations which search functional spacgarallel.

represented by set of occupancy probability eveiytua The authors were successful to prove that IGA plesibetter

emptiness probability. The map is formed by a $etedis in
the shape of usual square area [23, 9, 3, 13].MBp is

Manuscript received June 20, 2012. Manuscript aedefor publication
July 24, 2012.

results especially for linearly separable problemsparing to
SGA [48] that is used e.g. in [26]. Using IGA opizer as a
computational accelerator also depends stronglg type of
the basic method(s). These methods were used fer
purposes of localization and map creation (SLAM)[45],

J. Moravec is with the Czech Technical University Rrague, Prague, [46]- Itis also possible to find a very interesgticonnection of
Czech Republic (e-mail: j.moravec.email@seznamwehpage and source the SLAM algorithm and the fuzzy logic [47]. Onethg first

code: robomap.4fan.cz, www.openslam.org).
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results like that may be found in the article [5g well.
Practical use of the SLAM algorithm with the contple
analysis of the issue can be found e.g. in [25k Base of the
presented method is formed by the probabilisticupaocy
grid [23, 13] again. Kwok et al. presented a srsgaitly in [16]
which compares

Evolutionary computations are used to accelerate rttap
building process. The pose estimation process sedan
comparison of a set of simulated data from a VirRBLS
(two dimensional laser scanner) from positions ioleth by
using the EA process and scan from the real 2DL8.cdah

the performance of three differerdenoteP,;) = (x,y, @), Py = (x,y, @), i,j €N, 3j|Pyy, =

evolutionary algorithms SGA [48,49], PSO [53] andp, ~P,; is a real and simulated pose and from the text

AntSystem [52]. The tested EA methods solve thre%‘boveP

dimensional problem — here the dimensions are septed by
X, Y coordinates in the Cartesian coordinate system the
third dimension is then the anglethat includes the robot’s
view direction along with axis X. The disadvantagfethis
approach is the necessity of using a fairly hugentmer of
individuals in the population and substantially Heg
computation demands related to that. Similar tesare to be
found in paper [24] as well.

The differential evolution algorithm (DE) quosed by
Kenneth Price a Rainer Storn [36] is used in tldpgy as an
efficient and powerful computational acceleratoptijmizer).
However, DE is only suitable for certain types oblgems —
see [14]. SLAM under low noise levels falls to sulitable
groups of problems as well. Finding of the correcirking
parameters of the optimizer is not so easy andllysiakes a
fairly long time. Valuable results of a researchhis area can
be found in [2, 12, 37, 14, 30, 22].

Il. POSEESTIMATION IN PARTIALLY KNOWN ENVIRONMENT

Consider a general evolutionary SLAM problem
@
mianXf(g(x)) OrmaxxEXf(g(x))
Denote byfyprs, forr— the optimal values of this problem and
by f* and f, the maximum and minimum value bbver X.
x € X represents optimal trajectory in state space (ifors
example:x,y, a is a robot posey,y in Cartesian coordinates
anda is heading with regard to the axis X, and of ceua#i
working parameters of the presented methods havéeto

included as well)g(...) represents sensing model and a pose=

estimator (in the case of the SLAM problem, presértere, it
is F, or F; strategy — see below)f(...) represents
evolutionary pseudo-random process — i.e. DE algorifor
example.

Definition: Given ¢ € (—x, +), a functional¥ € X is said
to be ancs-approximate solution of the problem (1) if possibl
solution exists in the sense

If (X) = fopr-| < €lf. — fopr-| OF
If(X) = fopr+| < €lf™ — fopr+l

Unfortunately,X¥ € X strongly depends og(...) and “system”
represented by robot, environment and all movingab and
is non-separable and non-stationary (so calledri&ng. In
this task robot always affects itself through otlobjects
moving in the given environment and that’s thakihe used
control systems. The presented waransforms the general
optimization problem utilizing evolutionary comptitan to:

)

Tz,sif(g(x)) - fEA(g(x)) D(f, fea) ER, ®)

fea ~ pseudo-random process
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e Psjy € X, Dey = [Veqr), ey, - Veam), 1 €N,
Ve Ve £ Linax 1<m=<Crey and
Ds(jy = [Vs(1) Vsyp s Vs J E N, VUs|VUs < Linax
1<n<Cyqy,, m<n, the real and simulated sensing.
sim = Creqr- @ IS heading with regard to axis X. For every
P.(; itis necessary to create setRyf;),j € N. @g4r = iS A
detection angle of the real 2DL&,, = 0.5° is a resolution
of the real 2D LS - i.e. 361 beams can be usedfample.
Yaee 1S @ detection angle of the pose estimgtor) i.e.y .. IS
the angle which the matching process worksyjpn, is set to
/5 for all experimentsPy, [T € X, Lyq, iS @ beam limitation
given by used sensor witi,.,; beams.C,;,, denotes the
number of simulated beams. Environment is represeny set
of short lines. EA methods use set of individulg;,. From
the theoretical point of view, only one poi,,, Py, €
P, defines the correct robot's pose. In the real waaltd
thanks to the existence of noise (estimatedSpy or S,,
function), more than one point can provide well extable
result(s). Every individual of the EA represents grossible
solution which is evaluated in the sense:

C=|A-B|, 4)
where
Usr(l) Vs:(z) vSI(3)
Usi(2) Vsi(3)
Vsi(3)
vst(n—m+1) vsr(n—m+2)
vsr(n—3)
vsr(n—z) vst(n—l)
Usr(nfl) vSl(Tl) vSl(Tl+l)
Usr(n) vSl(Tl+1) vSl(Tl+Z)
Usr(mfl) vsl(m)
vsr(mfl) Usr(m) vsl(m+1)
vsr(m—l) vst(m) vsr(m+1) vst(m+2)
vst(n—l) vsr(n)
vsr(n—l) vst(n) vsr(n+1)
vst(n+m—3)
Usr(n+m73) vSI(Tl+TH*2)
vsr(n+m73) Usr(nerfZ) vSI(Tl+TH*1).
Ver) Ve(2) Ve (m)
B = ,A,B aren X m.
Yey Ve Ve(m)
Vs'(1.n) = Vs@.n) » Us'((n+1).(n+m-1)) = Vs(1.(m-1)) »

a=vg, b=v,;niisrow, m,jiscolumn;
T _ m m m m
u' = [Ty X oy Xt Gt o By Cn ]
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MatricesA, B are expressed generally in (4) g, = 2m. If

Yaee 1S SMaller thar2m, number of rows of the used matrices .«

will be adequately smaller too. Presented map mmgld
algorithm is based on two independent strategiesth B
strategiesF, andF; enable correct € X estimation.F, and

F4 are given by equations:

©®)

i=t
Flp

— — n
oti=l) = {Srz = Argmaxp,(yy)MaXy, |z

i {1' if (lagy = bapl < Sp2)
00, if (lag ) = bapl > Sp2)

59

1
VX, y1x,y ER, Sy e Popes Spo = o+ g(byjt+a)+1,6= 000

(6)

)

i=t
Fslp

= = ; i n
oti=l) = {Sr3 = argmmps(x,y)mmu”)|l-:1

<zm {|a(i.j>— baplif agj < Lmax
j=1

0' if a(i,j) = Lmax
thylxty ER vSr3 Ad Popt ru(i)l;lzl € {0’1}

1
uglicr = Xflaey = bapl s Sps = [;+ (e:a;)) + 1]

whereg; is a slope of the accuracy curve of the used 2DL
(for example;]%) — it is classic linear dependency accordin(A2

to the manufacturer recommendationss the number of all
collected scans from the real 2DLS.

Here, S,, andS,; represents the fitness value of the be<az

founded estimated poses,; andS,, represent equations of
the linearized model of the 2DLS sensor—simple eomdel
for one(every) beam. Correct pose and heading agtm
according to the selected strategy is giverPfy and heading
a of the robot is given by:

(6)

F3: minug|p-, = (index)k , Fy: max u,|j-, = (index)k ;
1
Faozia= (%tp(k - 1)) + (Eydet)

‘index’ meansk-th element of theu,vector, for which the
fitness function takes the smallest;) or the biggest(F,)
value.

Sensorial data from 2DLS are used only (no datanfro 4z

odometry). The pose estimator described in hetmaged on
point-to-point metric. It is the core of the propdsSLAM
method. F, or F; strategy is used to dissimilarity
measurement—dissimilarity between simulated vebtoand

Fs

100

6 180

i
140
120
100
w 80

0

Fig. 1. Projection of the Fitness function of fhgandF, strategy to 3D space
- exampleF; - robot is in the place with min. Fitness functi@h - robot is in
the place with max. Fitness function.

TABLE |
PROPOSED GLAM ALGORITHM

Input dataP,..,..; (x, v, @) — Start (alias actual) robot’'s poseetrespondin
to theD,,y, De(;) — Set of sensorial data from 2DLGM - empty global map.

Al 1 Approximate scan D,y by set of lines Upke
Nk+0
2 Compute parameters of the U,, necessary for
SLAM.
3 Insert the U,keNk+0into GM
4 forall D,p; i€EN,i€{2,..,p}
Create TM based on the Piuvar(%,y, @)
_and GM.
6 Find correct pose and heading P, for D),
_use the TM and selected strategy Fsor
F, accelerated by DE.
Al 7 Approx. actual D, vector, by set of
_lines Up,keNk=0.
8 Compute params. of the U, and insert
_ Uy into the LM.
A2 9 Use the LM, build a new set of lines Unew:
_suitabe to be inserted into GM.
_Clear LM. Insert the new set of
_lines Upew into  LM.
10 Insert all lines from LMto GM and
_clear LM.
A5 11 Use heuristic rules, merge all possible
_lines in GM, if it is possiblle.
12 end for

13 Final map ‘refinement’ — GM map
Output dataGM — Lines list — global map of environmef,(x,y, a) — Se’
of positions. Robot's pose and heading correspgnith D, ;, vectors.

Key: TM — Temporary Map of local environment. This map iscuaé pos
estimation utilizing EA computationdM — Local Map contains all line

the real sensin@,. F; strategy has universal features and i:found inD, . Al.. AS individual parts of the gSLAM algorithrA1 consist

suitable for structured or unstructured environméog or
small corridors (hallways) or environment with oithout
moving objects.

of a recursive line splitting marked B4 and line pose improvements by L
algorithm marked as B2. A3 use classic ray-tracingtep A4, EA méhod is
used according to the equation (4). Line 13 caagi®nally omitted.

Generally,F; provides somewhat worse results at heading

estimation—of about 5—7 percent in comparisoff{oF, has
identical features t@;, but it is not suitable for work in long
hallways and has quarter noise resistance abilitidg — see
[54]. F, is suitable for small and very structured envirenm
with or without moving objects.

At correct pose estimation and if searching are&0x60cm
for example, equation (4) must be evaluated 60 x3600
times. It takes a long time. DE optimizer is aldeestimate
correct solution approx. 25-35x faster. Fig. 1 depFitness
function projection of théF; and F, strategy to 3D space—
identical environment and identical robot’s posaded.
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DE optimizer in this case seeks for an optimum {mium or
maximum) according to they, (alias F5: minug|ie,, Fa:
max w|?-,, see (3) — (6) ) value for every individuum of the
population. Fig. 1 shows large area 600 x 800cm bttter
understanding.

lll. GSLAM ALGORITHM

Proposed gSLAM algorithm uses raw 2DLS data to
estimate the correct pose in polygonal environmbgt
modified simulated-point-to-point matching techrequin

Polibits (46) 2012



Jaroslav Moravec

temporary mafM which represents the temporary polygonaB)
model-view from the last estimated correct pBsg in GM —
global map.TM is obtained by using 2D ray-tracing. The
complete gSLAM algorithm is described in Table hd® the 2
correct robot’s pose is found according to th¥, the actual
sensorial datd,;, are approximated by set of lines and the
local modelLM is created from them. The set of lines is
confronted with the globalGM map of environment
(previously built) and some parts of lineslid are marked as

Use SEF algorithm té; points and exclude all unsuitable
points fromb;. New set of points will bé;. Use IEPF
algorithm tob;".

Use linear regression (LR-LSQ) [32], [15] algorithim
merge two consecutive lines if it is possible +afin
refinement of every line in the sense of (LR-LSQ)
algorithm.

IAbscissae of thé& M map cannot be inserted directly. Several
atomic rules were defined enabling to estimate emly,
which part of the line is to be inserted into th¥ — see Table

II. These rules are designed to be useful for foréne
algorithms. There are 17 atomic rules — see FigSultable
combinations of atomic rules form four -classificati
sentences. The classification sentences form aifitadion
strategy. The number of applied classification seceés is not
known a priori and is variable. The proposed cfasdion
sentences (insertion process of M into GM):

suitable for inserting intoGM. This process uses severa
heuristic rules.

@DHOEDOD
S@@OODOBGDO

Fig. 2. Flowchart diagram of the gSLAM — sequentialering of the Al .. A5
algorithms.

1) If two abscissae AB and CD do not lie on an idaitime
(consecutively), the distance of C and D pointanfrthe
line identical to abscissa AB is shorter than tingt] CD
abscissa does not overhang the boundary C and ridspufi

The flowchart diagram of insertion process is diguicin AB abscissa and the angle between AB and CD islemal

Fig. 3. The recursive line splitting algorithm (LLESQ) based than the limit. remove CD abscissa. (Atomic rul 12
on Ll-norm is used. ‘LocalMgiM)’ serves like a helper 2) mit v issa. ( lc rulekll 12,
only. Table | contains individual steps of the pregd '

gSLAM algorithm. gSLAM consists of 5 main partsput 2) If two abscissae AB a CD do not lie on an identidaé

data areP,..,q:(x,y, @) — start (alias actual) robot’'s pose —
corresponding to thB, ), D, ;) — set of sensorial data 2DLS.
Output data ar& M — global map of environmen®, (x, y, )

(consecutively), C point and D point overhang thel e
points of AB abscissa, the distance of A and B {saio CD
abscissa is shorter than the limit and the angierden AB

and CD is shorter than the limit, let kM parts of CD
abscissa, which overhang AB abscissa. (Atomic rije3,
4,7,8,9, 10, 13, 14, 16).

3) If two abscissae AB a CD do not lie on an identigad
(consecutively), C point overhangs AB abscissa tred
distance of the second point to AB abscissa istless the
limit, let in LM part of CD abscissa, which overhangs AB
abscissa only. (Atomic rules 1, 2, 3,7, 12, 13,1H).

4) If two abscissae AB a CD do not lie on an identioad
(consecutively), D point overhangs AB abscissa el
distance of the second point to AB abscissa istless the
limit, let in LM part of CD abscissa which overhangs AB
abscissa only. (Atomic rules 1, 2, 4, 6, 12, 13,118.

The line fitting algorithm (marked as Al in Fig. Bses The atomic rules are formularized by AND logic ager
approximation of a point set by multi-line. The geated line and rules 16 and 17 are placed inside of the 4dition
fitting algorithm uses combination of several metho- clause.
successive Edge Following — SEF [31] and Iterafind Point Four classification sentences represent a heusstiema
Fit (IEPF) [10, 6, 27, 28, 29]: that only enables to define such parts of KM map which

are suitable for inserting into th6M map. If any “less
TransformD, vector from polar to Cartesian coordinates. suitable” abscissae appear EM, classifier inserts such
abscissae int&dM without any change. Usually perpendicular
abscissae are considered — perpendicular to existails of
the environment model.

— set of estimated positions resp. robot's pose lamting
corresponding wittD, ;y vectors.

CLASSIFIER

* A small circular arrow means that a classificatgentence can be repeated
according to the actual state of tHeM map, until all abscissae are
successfully classified. Deadlock is handled.

Fig. 3. The flowchart diagram of the lines relaship classifier.

A. The Line Fitting Method

1)

2) Eliminate all pointsh; where:vb;(x,y), Ab;(x,y) so that
bi(x,y) € {b;(x,y):||bi, bj|| < 6,j =i} in E?, & i

is
constant; 10cm for example.
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TABLE Il
ATOMIC RULE LIST — INSERTIONPROCESS
Nr. Atomic rule Description
1 AB_wholeLeftOrRigt CD Abscissa A_B lies on the left or right side
of CD abscissa.
2 CD_wholeLeftOrRigt_AB Abscissa C_D lies on the left or right side
of AB abscissa.
3 C_overhanglL <= L1 Point C of CD abscissa does not overhang
- any of A or B points
4 D_overhanglL <= L1 Point D of CD abscissa does not overhang
any of A or B points
Point C of CD abscissa overhangs one of
5 C_overhangl > L1 the outer points of AB abscissa AB.
Point D of CD abscissa overhangs one of
6 D_overhangl. > L1 the outer points of AB abscissa.
Intersect Cp of the line passing the poir
7 C_outside_AB = true perpendicular to AB abscissa does not lie
between AB points.
Intersect Dp of the line passing the poir
8 D_outside_AB = true perpendicular to AB abscissa does not lie
between AB points.
9 A_CD_dist<L2 Distance of the point A from the line

which the CD abscissa lies on.

Distance of the point B from the line
which the CD abscissa lies on.

Distance of the point C from the line
which AB abscissa lies on.

Distance of the point D from the line
which the AB abscissa lies on.

Angle of AB and CD lines

Distance of the C point and intersect Ap
line passing the point A perpendicular to
line on which the points C,D lie is shorter
than distance of the point C and intersect
Bp line passing the point B perpendicular
to CD.

Distance of the point C and intersect Bp
line passing the point B perpendicular to
line on which the points C,D lie is shorter
than distance of the point C and intersect
Ap line passing the point A perpendicular
to CD.

Distance of the D point and intersect Ap
line passing the point A perpendicular to
line on which the points C,D lie is shorter
than distance of the point D and intersect
Bp line passing the point B perpendicular
to CD.

Distance of the D point and intersect Bp
line passing the point B perpendicular to
line on which the points C,D lie is shorter
than distance of the point D and intersect
Ap line passing the point A perpendicular
to CD.

If the rule has an operator (<,>,= et.c) it is on$ed in this form. If no
operator is present, any type of operator can bd umsalgorithm in the sense
of the particular rule. For example_‘overhangL’ is real a number at
computations and.1l’ is constant.

10B_CD_dist< L2

11C_AB_dist< L2

12D_AB_dist < L2

13angle_CD_AB < L3

14 C_closeTo_Ap = true

15 C_closeTo_Bp = true

16 D_closeTo_Ap = true

17 D_closeTo_Bp = true

If any abscissa is transformed using any classifina
sentence, only suitable parts of it are moved bhaddd map.
Once classifier finishes its job, all abscissaeraoeed toGM

at once. Fig. 4 shows a graphical representaticheftomic
rule list in Table Il. used at an insertion procdsss a classic
conceptional relation between two abscissae ABGIDd
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C_closeTo_Ap, C_closeTo_Bp,
D_closeTo_Ap, D_closeTo_Bp

C_overhangL, D_overhangL

B \'A B o
w D p A" ¢
4' 12 > L1 > ) L2 L
Bc\& B N
.E*Bp D 79?:[)1 Ap .C D -9?5‘[?_

A_CD_dist,B_CD_dist,
C_AB_dist, D_AB_dist

C_outside_AB, D_outside_AB
A_inside_CD, B_inside_CD,

C_inside_AB, D_inside_AB

AB_wholeLeftOrRigt_CD,
CD_wholeLeftOrRigt_AB

\Pi "D
\ \ B
L5 p2\ .
% \ B
pir A 4
\ \
C 4"\92

Examples of the presented rules:

* C_closeTo_Ap = true, C_closeTo_Bp = false,

* D_closeTo_Ap = true, D_closeTo_Bp = false

« C_overhangL = L1, D_overhangL = -1*L1

« C_outside_AB = true, D_outside_AB = false,

« C_inside_AB = false, D_inside_AB = true

*A_CD_dist=L, D_AB_dist=L

«angle_CD_AB =

« AB_wholeLeftOrRigt_CD = trueCD_wholeLeftOrRigt_AB= false

*L, L1, L2, a are elected constants at SLAM process.

Fig. 4. Atomic rule list, conceptional relation Wween two abscissae AB and
CD; graphic representation.

B. Merging — minimizing the number of abscissaé Mi

Once the list of abscissae suitable for insertiitg GM is
completed, it's inserted int&GM immediately. Merging
process ensures minimum and acceptable numbersoisabe
in GM. Merging process is not a necessary step in drder
final map to be fully consistent. The method présernin here
is based on Skrzypc#gki [33], [34] and Crowley [6], [7], [8],
but the method is significantly modified. Similartp the
insertion process, the merging process uses the smsic
scheme as the insertion process — see Fig. 3. Mdmoged
merging process consists of 3 classification sessn
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1) Abscissae AB and CD lie consecutivey in a line amel
distance of end-points is shorter than the limB &d CD
will be concatenaded. (Atomic rules 13, 11, 1218, 19,
20, 21, 22, 23).

2) If abscissae AB and CD intersect and the distaricang
point A, point B, point C or point D from interse&B and
CD is less than the limit, cut-off this small petion.
(Atomic rules 24, 25, 26, 27, 28).

3) The intersect of the AB and CD does not esist anydp@int
v, ={A,B,C,D} is close to any other pointp, =

The merging process occurs only in a limited ramde
possible combinations of AB and CD positions, whiglalso
sufficient for the construction of a high-qualitgator map. If
unclassifiable schema appears, it is inserted @b without
any change. Such problems appear if random perpgadi
abscissae, perpendicular to walls in environmeatehto be
processed for example.

ABCD_Axyp_intersect_overhangL,
ABCD_Bxyp_intersect_overhangL,
ABCD_Cxyp_intersect_overhangL,
ABCD_Dxyp_intersect_overhangL

A_Cp_dist,A_Dp_dist,
B_Cp_dist, B_Cp_dist

{A, B, C,D}, p, # p,, and pointp, orp, lies between AB or D D
CD, merges with the nearest points. Only two potats be A c
. S it
merged. (Atomic rules 24, 31, 35, 32, 36, 29, 33, 33, B Lice A
34). ' " ¢ 1
; |
D
TABLE Il C G
_ ATOMIC RULE LIST—MERGING PR_oc_Ess B B g(?, k A
Nr. Atomic rule Description S -
18 onePoint_CorD_n  One point C or D lie close to point A or B of AB L
earToPoint_AorB  abscissa. Max. distance is defined by fix. thred}
19 Q_E_gish Length of AB abscissa onePoint_CorD_nearToPoint_AorB AB_CD_intersectExistinsideABCD
ISt )
T " - “_,.—" '--._‘_ D
20A_Cp_dist D|stanc¢ of the' point A gnd mters_ect of AB and
perpendicular line passing the point C. ® X A
: Distance of the point A and intersect of the AB and A i B 4
21 A_Dp_dist f . : . : ] B
perpendicular line passing the point D. + ; C
: Distance of the point B and intersect of the AB and 3 C iD
22 B_Cp_dist : . h ) | ;
perpendicular line passing the point C. — o D C A
23B_Dp_dist Distance of the point B and intersect of the AB and T 5 /‘/0

perpendicular line passing the point D.

This rule tells us that abscissae AB and CD have
one intersect between AB and CD points. ‘True’ if
yes, ‘False’ if intersect does not esist.

Distance of the point A and intersect AB and CD
abscissae, if rule 24 is true.

Distance of the point B and intersect AB and CD
abscissae, if rule 24 is true.

Distance of the point C and intersect AB and CD
abscissae, if rule 24 is true.

Distance of the point D and intersect AB and CD
abscissae, if rule 24 is true.

Intersect Ap of the line passing the point A,
perpendicular to CD is or is not inside CD absci
Rule can be true or false.

Intersect Bp of the line passing the point B
perpendicular to CD is or is not inside CD absci
Rule can be true or false.

Intersect Cp of the line passing the point C
perpendicular to AB is or is not inside AB absci:
Rule can be true or false.

Intersect Dp of the line passing the point D
perpendicular to AB is or is not inside AB absci:
Rule can be true or false.

Distance of the point A from line which CD

24 AB_CD_intersect
ExistinsideABCD

ABCD_Axyp_inter
sect_overhangL
ABCD_Bxyp_inter
sect_overhangL
ABCD_Cxyp_inter
sect_overhangL

ABCD_Dxyp_inter
sect_overhangL

25

26

27

28

29 A_inside_CD

30B_inside_CD

31 C_inside_AB

32 D_inside_AB

33 A_CD_dist ] -
- = abscissa lies on.
34B_CD_dist D|sta_nce qf the point B from line which CD
abscissa lies on.
35C_AB_dist Distance (_)f the point C from line which AB
abscissa lies on.
36D_AB_dist Distance of the point D from line which AB

abscissa lies on.

The merging process uses the atomic rule list ored in
Table Il — rules 18-36. Graphical representatioh te
presented atomic rules is depicted in Fig. 5.
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A _B_dist (B_A dist) *L, L6, L8, L10 are electedorking

A B parameters - constants of thelLdAM
— process.

L

——p

Examples of the presented rules (from top to baotfoom left to right):
* (AB_CD_Axyp_intersect_overhangL > L8 &
AB_CD_Axyp_intersect_ overhangL < L10)

* A_Cp_dist < A_Dp_dist, B_Cp_dist < B_Dp_dist

« onePoint_CorD_nearToPoint_AorB < L6

* AB_CD_intersectExistinsideABCD = true,
AB_CD_intersectExistinsideABCD = false

* A _B_dist (B_A dist) =L

Fig. 5. Atomic rule list, conceptional relation \ween two abscissae AB and
CD; graphic representation.

IV. EXPERIMENTAL RESULTS

A. DE efficiency and relevancy — short discussion

DE is a stochastic optimizer. The optimized task is
continual, separable, t-variant, unimodal (for dnsalarching
area only). Several different evolutionary optimizgEA)
were tested in a continual localization task — B&p 6. All
tested algorithms: SGA[48], [49], [55], aGA[54]SP[53]
and DE applied to (3) and (4) equations (affasF; strategy)
provide well usable results. Beside these optimsizelassic
Cox’s [5] gradient method was tested as well. Akthods
were tested under heavy-duty operation conditiohsaa
continual localization task in known environmentndgkvn
geometric map) to get their reliability and capiiei.
Unfortunately, the map building algorithm is noghly noise
resistant that much. Additive Gaussian noise wiltfent
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noise bandwidth (independent, fixed noise bandwiditbhm
zero to 800cm was tested. The sample of noiseol&sned
according to the equatiol,, sy ¢y = D¢y + rnd(—L, +L),
where 2L is equal to noise bandwidth amed represents a
random numbers generator — normal distribution, mmeszo.
DE and PSO algorithms proved the best results withegard
to different types of environments — see [54]. tmtcast to

most suitable. DE/Rand1/Exp provides the best tesBeside
the DE, PSO optimizer provides good results tod, Db is
better of approx. 5% if the additive (Gaussian)seas small
or zero. In structured environment PSO is signifigabetter
from noise level approx. 250cm. Presented gSLAM@tigm

is designed to build a map of unknown environmeithout
moving objects and under noise stress no more #@n-

other used EA, DE and PSO provide stable and almogbcm. Noise level value was obtained based on practical

identical results, especially on lower noise levéscasional
malfunction (which SGA suffers from so much) wasrere
observed. Permanent malfunction of any EA methatsed
by additive noise was observed only on highestentgsels
from the level of about 550cm.

256

@
5

Key: —+— GA — —aGA —#—COX ——DE - PSO

Vertical axis inlog, scale. Bottom right - Localizatiom environment A
noise bandwidth +/-225cm.

Fig. 6. Graphs of accuracy of estimating the positand heading - SGA,
aGA, PSO, DE and Cox’s optimizers.

For comparison classic, Cox gradient method is ablg to
work at noise level no higher than about 50. Onlg4dh line
8, block A1, DE algorithm is used. Input of thistiopzer is
the area of width x height approx. 60 x 60cm (oggdei)
around the last known robot's posEM (temporary map)
obtained fromGM based on classic ray-tracing algorithm

line fitting method — block A1;M is used for computation

acceleration purposes only) and actalector.

DE optimizer used in presented gSLAM method solzes

classic two-dimensional optimization problem. Hegdof the
robot is calculated separately because of the acguand
higher speed. Step in heading is 0.5°. If a thresedsional
optimizer would be used similar to [16], the numbafr
generations and number of individuals in every pain
must be minimally three times higher.

In Fig. 7, population convergence is depicted.\iatlials in
the first generation cover equally the whole seagcharea
(100x100cm is elected in here). After 10 generatioall
individuals are almost at the correct pose. Nomyndlb
generations/10 individuals are efficient to enstime correct
convergence. After 20 generations, DE optimizerntbuhe
correct pose. In Fig. 7, robot is depicted by alstmangle;

heading is depicted by a short line. 10 classicicba:

perturbation vectors were tested to get which vedtothe
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experiments. Ability to work under higher noise d&y is
significantly reduced thanks to A1 and A5 algorithmline
fitting and merging methods.

1. generation 5. generation 10. generation 20. generation

Key: 20 generations 20 individuals,
DE/Rand1/Exp, F=0.6,Pcr=1.0.

searching area 100x10C

Fig. 7. Population convergence - Differential evign.

B. Experimental verification of the gSLAM algorithm

The experimental verification of the proposed gSLAM
algorithm was performed in two structured environtee- A
and B. The first environment was build-up for gestposes by
cardboard boxes in laboratory. It is a common imdoffice
environment of 10 x 10 meters with several obsgaatside.
The obstacles are cardboard boxes (approx. 40m)60c
Trajectory length was approx. 3001.11cm. The ratidéined
350 D, vectors. The environment consists of 60 walls.
Differential evolution - working parameters: DE/ddtvexp,
POP = 25, GEN = 25, searching ared2 x 32cm, F = 0.6,

Pcr = 0.9. Such working parameters were obtained from
practical experiments. If value is smaller, time to correct
pose evaluation is significantly longer. There islirear
dependence. Thanks to quantizing noise of used 28tk
PLS100 theoretical accuracy4ss cm. Practically, it is twice
as worse. The second environment B is a large erlust
+of'fices. Dimensions are 2560 x 1880cm. Trajectength is
23629.60cm. The number of lines is 329; the nundfeD,
vectors is 1832. Robot passed the trajectory whiahy times
intersected itself. Environment B consists of 1(Gabroffices
and one long hallway. The working parameters of DE
estimator were identical to the first experiment.

In the first experiment (see Fig. 8) robot passkd t
trajectory which intersects itself in three poinfresented
estimatorF;(or F,) does not use ‘closing loop’ mechanism
(global localization based pose corrector) capalofe
improving the correct pose estimation globally. sTinakes
the estimator more sensitive to noise.

The robot was able to pass through the environmvéhbut
loss of orientation. Leonard-DurrantWhyte's aldomit [18,
19, 20] was tested for comparison of the efficienfyested
methodsF;(or F,). Fig. 8 shows that both methods were able
to build-up the map of unknown environment withaurty
Sproblems.
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F5 evolutionary strategy Leonard-DurrantWhyte* Department, University of Bonn. The sensorial datare
algorithm burdened by additive noise (Gaussian noise, meen) néth

bandwidth 6cm £3cm) — it matches the new type of 2DLS
Sick LMS-200. Because dimensions of the environmesre
set to approx. 30x20 meters only, beams were motrted by
Lnax function. All beams reflect the walls at any tinlteis a
big advantage. By this step 2DLS provides more ulsef
information. Fig. 9 shows the result of the expent

The robot was able to build the map of environmwtitout
any problems. Several places are not well mappkdri@d)
because of small inaccuracies at heading estimatostly it
is small structured space. Thanks to existence dbrg
corridor in map B,F; strategy was only used. Thanks to EA
method use, the robot has to keep a minimal distapprox.
50cm from all obstacles — searching area may netoowne
the walls of the environment. Sometimes this distawas
slightly exceeded. Large and well structured eminent is a
more suitable area for gSLAM algorithm, especi#lihere is
one central point and all offices are attainablentr this.
Election of suitable trajectory has a big influeno®. The
presented gSLAM algorithm only uses one data soudrce
sensorial data from 2DLS. Behavior of such a metload

Every method has its own specific characteristiemnard- little different from behavior of a classic probkgtic method.
DurrantWhyte's algorithm provides slightly turnedam of When the robot is moving in a long corridor, thajectory
about 3°. The correct shape of the tested enviratsneas similar to ship cruising is the best choice. Tugshould be
bild by hands for comparison purposes only. In sgvalaces made along large circular trajectory, if it is pibss. On the
there are minor but visible inaccuracies in congmrito the other side, gSLAM shows that sensorial data astig data
map buit-up byF; strategy. In both cases the final line map o$ource can be practically usable for such purpoBegh

Final map

Cloud of points

*Correct shape of the tested environment is platieavell.F; andF,
strategies provide almost identical results — idahtmap.
Differences are unimportant.

Fig. 8. Environment A — SLAM.

the built environment can be used for localizapoocess. strategiesF; and¥, provide identical results. No malfunction
was observed at testing time. Differential evolutrovides a
Line map stable and very powerful tool.
)N J vy : I _J V. CONCLUSION
,JO [L l—_l — The simultaneous localization and the mapping #lgor
‘I . .
15 —., , were developed and presented in this paper. The abthe

presented algorithm is based on geometric prinstiaad
2 evolutionary computations. Such approach provides a
\jj L\I - ‘ efficient and stable tool. The differential evotuti forms a

‘—|
L _ tool. - arti fo
0 i 7T ; substantial part of this project. Based on pratgzaeriments
L I I~ [ _‘—'J

DE was elected as one of the most suitable algostfor map
building purposes especially on zero or lower ndeseels.
Points map (cloud of points) + Estimated Roboet#gry + real posnions of Results presented in here were obtained from two
all walls. experiments—in a small indoor office environmentd aa
cluster of small offices and provide us with a widéew on
possibilities of the evolutionary robotics and mipilding
process in general.

The proposed algorithm and basic methodology wested
in different types of environments with stable tesu
Navigation algorithms enabling both, global or logese
estimation and map building (SLAM process) stilldmg to
highly interesting areas of mobile robotics. Contta
‘ ' increasing computer power provides immense poggisilto
create more complicated and more sophisticatedritigos
for regular available computers. Thanks to the ibdgies of
Fig. 9. Environment B - Computer Science Departidntversity of Bonn joining the groups of different strategies, grezgults can be

reached regarding to the type of working conditiomfe
The second experiment was conducted in a Iarge:eofflpresemed map building method only uses one datzesand

environment. The trajectory was obtained by computghanks to the natural addition of additive errotsttee pose
simulation from the geometrical map of ComputereSce

=
/]

Pm

A
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estimation process, the size of mapped areas wilhltvays [17] J.C. Latombe, and A. Lazanas, “Landmark-Based Robot

limited to some extent. Navigation,” Algoritmica vol. 13, no. 5, pp. 472-501, 1997.
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Redes de palabras alineadas como recurso en la
extraccion de equivalencias éxicas de traduccdn
y su aplicacbn en la alineacon

Eduardo Cendejas, Grettel Barcel6, Gigori Sidorov, Atedex Gelbukh, and Liliana Chanona-Hernandez

Resumen—La equivalencia kxica de traduccbn se define
mediante correspondencias establecidas entre dos

Este articulo propone un netodo de extraccbn de dichas
equivalencias en palabras no funcionales. El algoritmo seasa
en dos recursos principales: 1) MultiwordNet como éxico

lenguas
cominmente denominadas lengua de origen y lengua meta.

I. INTRODUCCION

N LA DECADA de los ochentas se introdujo la idea
de almacenar electrbnicamente traducciones pasadas en
un formato bilinglie. El concepto consistia en la consiirc

especializado para cada uno de los idiomas involucrados y 2)de una concordancia bilinglie teniendo un operador de datos

textos paralelos como informaddn adicional para proporcionar
diversas lexicalizaciones de las palabras a correspondedtiliza
como fundamento principal el hecho de que las redes de
palabras que conforman MultiWordNet estan alineadas. Adenas,
se presenta la reutilizacbn del repositorio de pares é&xicos
obtenidos, s@alando la forma en que esta informaddn es
susceptible de ser usada en un sistema de aline@agia nivel
de palabras. Para realizar los experimentos se emplearonxws
paralelos bilinglies sin notaddn morfosintactica alguna, alineados
a nivel de oracbn en los pares de idiomas espgml / inglés y
espdiol / italiano.

Palabras clave—Equivalencias Exicas, alineaddn, redes de
palabras, textos paralelos.

que manualmente introdujera el texto y su traduccion [1],
creando asi una herramienta de referencia valiosa para los
traductores. Como consecuencia, se origind un granester’
en la construccién automatica de tales bases de datos@ may
escala.

En afios recientes, se ha suscitado un progreso consiglerabl
en el campo de la equivalencia y alineacion paralela desext
El creciente interés en éstos viene dado béasicamenta de |
popularizacion de Internet que ha hecho de la red una enorme
coleccién documental bilinglie. La expresiéexto paralele
por si misma es ahora bien establecida dentro de la continida
de la lingliistica computacional.

Aligned Word Networks as a Resource un texto paralelo es la union de dos o mas textos que poseen
for Extraction of Lexical Translation Equi_el mismo contenido semantico, pero expresados en lergjuaje

valents, and their Application to the Tex|

Alignment Task

Abstract—The notion of lexical translation equivalent is
defined via correspondence established between two languesy
conventionally called source and target languages. We prase a
method for extraction such equivalents for non-functionalwords.
Our algorithm is based in two main resources: (1) MultiwordNet

as a specialized lexicon for each one of the two languages in

question and (2) a parallel text corpus as a source of additiwal

information that provides various lexicalizations of the words

that are being aligned. Our method is based on the fact that th

word networks that form MultiWordNet are aligned. In additi on,

we discuss an application of the obtained list of word pairs
in a word-level text alignment system. In our experiments we
used bilingual sentence-level aligned parallel texts, wibut any

morphosyntactic annotation, for word pairs Spanish / Englsh

and Spanish / Italian.

Index Terms—Translation equivalents, word

networks, parallel texts.

alignment,
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iferentes [2]. El término paralelo no implica que los text
ngan una correspondencia exacta entre palabras, agacion
ylo parrafos; es decir, dos textos pueden estar completame
desalineados sin dejar de ser textos paralelos [3].

I-A. Equivalencia vs. alineaéin

Uno de los problemas clasicos y tradicionales de la tetwia
la traduccidn ha sido, y lo sigue siendo, el de la equivaéenc
En esta tarea, un par de traduccion es considerado cosiecto
existe al menos un contexto en el cual éste ha sido acertado.
Usualmente la extraccion so6lo esta interesada en lag@aas
principales (sustantivos, adjetivos y verbos).

Sin embargo, la alineacién a nivel de palabras es diferente
y mas dificil que el problema de extraccion de equivaknc
[4]. Consiste en indicar qué palabra del lenguaje origed)(L
se corresponde con una palabra en el lenguaje meta (LM),
hasta encontrar todas las correspondencias entre laggmlab
de los textos que conforman el corpus bilinglie [5]. Poraant
requiere que cada palabra (sin importar el PCBart of
speech o signo de puntuaciobn en ambas partes del bitexto
sean asignados a una traduccion o a un nulo en su contraparte
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Il. TRABAJOS PREVIOS pues ocultan el grado mas fino de resolucion debajo del nive

Tanto la extraccion de equivalencias lexicas, como i oracion: el nivel de palabra.
alineacion de textos, han demostrado ser fuentes ingglima L@ correspondencia a nivel de palabras tiene mayor
de datos de traduccion para los bancos de terminologidificultad que el de oracion, puesto que la relacion 1:1
los diccionarios bilingiies. Actualmente, ambas tareaanes!léga a ser cada vez mas rara. Se han propuesto varios
proporcionando la base para el desarrollo de una nud0§todos para encontrar equivalencias y alineaciones entr
generacion de herramientas de asistencia para los toadsctPalabras en textos paralelos. Algunas técnicas depenelen d
humanos, que permitan mejorar la calidad y productividad 8 conjunto de parametros que son aprendidos mediante un
su trabajo. proceso de entrenamiento de datos [19], [20], [21]. Otros
Los métodos propuestos para encontrar equivalen?@sbasan en técnicas estadisticas, clasificadas piimeipte
y alineaciones en textos paralelos, se han clasifica@@ dos categorias [22]: métodos de prueba de hipotesis y
generalmente en dos tipos de aproximaciones: los estadistMetodos de estimacion. Los primeros extraen los carabai
y los lingiiisticos. equivalencia de las unidades de traduccion y se sometea a un
Los meétodos estadsticos clasicos utilizan informacion Prueba estadistica, que miden la co-ocurrencia y/o Siidle
no-léxica, como la correlacion esperada de longitud yoiims  de las cadenas [16], [23], [24]. Los enfoques de estimacion
de las unidades de texto (parrafos u oraciones), la fretmernacen uso de modelos de alineacion probabilistica, kealos
de co-ocurrencia, la proporcion del tamafio de las orasiorfle corpus paralelos [25], [26]. Estos modelos son a menudo
en los diferentes idiomas, etc. [6]. Intentan establecer dgrivados de la traduccion automatica estadistica y18s
correspondencia entre las unidades del tamafo esperhdoRqfobabilidades son obtenidas de la observacion de pares en
[8], [9], el cual puede medirse en el numero de palabrasfiécion de los parametros del modelo empleado.
caracteres [10]. Pero a pesar de la existencia de diversos métodos a nivel
Por otro lado, los métododinguisticos se apoyan en de palabra, las tareas de equivalencia y alineacion aan es
recursos léxicos existentes, como diccionarios bilesyide €jos de ser un trabajo trivial debido a la diversidad de
gran escala y glosarios [6], para establecer la correspuiale idiomas naturales. Por ejemplo, la correspondencia dérala
entre las unidades estructurales. Por la disponibiliddd vaz dentro de las expresiones idiomaticas y traduccionesdibr
mayor de recursos bilingiies, se invierte mas esfuerzaensPn problematicas. Ademas, cuando dos idiomas difieren
investigacion de la efectividad de los acercamientosdmsa@mpliamente en el orden de las palabras, resulta muy
en lexicos [11], [12], [13]. dificil encontrar las relaciones. Por consiguiente, essario
La reestructuracion que se realiza durante la alineacidcorporar informacion lingtistica 0til para aliviagstos
independientemente del método que se requiera, puede Rsgplemas.
realizada entre parrafos, sentencias o palabras, detrudot
expresado en lenguaje original y su traduccion [14]. Il NUESTRO ACERCAMIENTO
Por otra parte, a pesar de que la extraccion deEl prop6sito de nuestra investigacion en una etapa inicia
equivalencia puede realizarse en cualquiera de los nivetemsistid en el disefio de un algoritmo efectivo de alif@ac
de emparejamiento, del mismo modo que la alineacion, édta palabras. La idea de obtener equivalencias léxicas en
ha estado enfocada a la identificaciobn de pares de palahmaa primera fase, vino con la disponibilidad del recurso
0 secuencias de palabras (con patrones establecidos [13{ldtiWordNet y su concepcion.
colocaciones [16]). Se han utilizado al menos dos metodologias de construccio
La correspondencia de los textos paralelos, en una primdea redes de palabras multilingies. La primera consiste
fase a nivel de parrafo, es la mas simple, pues casi siempre la construccion independiente de wordnets especificas
estan en una relacion 1:1, lo cual resulta fortuito ya qukel lenguaje, con una fase posterior de blUsqueda de
la correspondencia a nivel de oraciones mejora mucho sicg@respondencias entre ellas. Este enfoque se basa en la
realiza primero la relacion a nivel de parrafos [3]. hipbtesis de que traducciones reciprocas en textosepasal
El nivel de resolucion de oraciones presentd un desafieben tener los mismos significados y utiliza un indice
mayor, descubriendo que en él, las correspondencias unimtarlingua (ILI) para materializar las relaciones entre
muchos y muchos a uno, no son raras. Se han publicadmmas. EuroWordNet [27] y BalkaNet fueron desarrolladas
muchos algoritmos para alinear oraciones en textos pasaleempleando este enfoque. La segunda metodologia consiste
algunos se basan en la observacion de la correlacion emtne la construccion de las de wordnets especificas del
la longitud de un texto y la de su traduccion [7], [8], otrotenguaje manteniendo, tanto como sean posibles, lasoakxi
emplean técnicas estadisticas basadas en cognados lié] osemanticas disponibles en Princeton WordNet (PWN). Este
maximizan el nimero de las correspondencias sistersatie@ercamiento se empled para el desarrollo de MultiWwordNet
entre las palabras [11], [18]. Aunque los resultados obteni [28].
por algunos de los métodos antedichos han sido absolutamenMultiwordNet (MWN) es una base de datos Iéxica
exactos cuando estan probados en recopilaciones retainte multilinglie, en la cual se ha realizado una alineacioriotat
limpias y extensas, siguen siendo alineaciones “parcjalesntre PWN y redes de palabras para el espafiol y el italiano,
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Como el algoritmo propuesto se basa en la concordancia
de synstes en redes de palabras alineadas, una vez que se
cuenta con los lemas, se extraen los synsets de las palabras
no funcionales. Es importante recalcar que no se lleva a cabo

= Verbos ningn proceso de etiquetado durante esta fase.
Adjetivos

italiano

Inglés

B Sustantivos

[lI-B. Extraccibn de equivalenciagkicas

Espafiol MWN fue elegido como Iléxico especializado, porque
| | contiene redes de palabras para cada uno de los idiomas
0 20000 40000 60000 0000 100000 involucrados y por su alineacion exacta con PWN. Estanalti
caracteristica constituye la clave en el método que stqda
Fig. 1. Composicion de las redes de palabras segin lactategramatical El hecho de que las redes de palabras estan alineadas,

implica que para expresar un determinado significado, todos
utilizan el mismo synset, independiente del idioma. La

entre otros lenguajes. Estas redes describen las relaciarmnstitucion de los synsets, permite incorporar un grupo
léxicas y semanticas existentes entre las palabras pitano de formas sinonimas, por tanto, todos los wordnets en
sus sentidos al igual que un diccionario monolingue. dicho synset almacenan las formas de palabras que pueden

La Figura 1 muestra la composicion, por categorf@presentar el significado especifico.
gramatical, de cada una de las redes de palabras empleadatciendo énfasis en el proceso de extraccion de
en el estudio. Con ello se tiene una perspectiva mas claraedgiivalencias, lo que se hace a grandes rasgos, es buszsr tod
la completitud de las mismas, comparando los tres idiomlas synsets de la palabra a corresponder, es decir, todos sus
involucrados. posibles sentidos. Este conjunto se compara entonces son lo

Los synsets, para cada uno de los idiomas alineadospjuntos extraidos del contexto paralelo (texto en enidi
fueron creados en correspondencia con los synsets mdeta), y aquella palabra que posea mayor coincidencia o
PWN en la medida de las posibilidades. Las relacion&gercepcion de synsets, sera la palabra que se relacimma
semanticas también fueron importadas de los synsetssiegl la palabra en el origen.
correspondientes. Es decir, se asume que si existen dasyns Aqui es necesario considerar los niveles de ambigiiedad de
relacionados en PWN, la misma relacion existe en los synskeis idiomas, pues ello podria afectar en el desempefio del
pertinentes en los otros idiomas [29]. algoritmo. Se realiz6 entonces el calculo de los proned®

Esta estructura es la que nos permite realizar agrupamiesgotidos por palabra almacenada en su red correspondgnte.
de sentidos para extraer pares de equivalentes de traduccihalisis comprende la observacion por categoria giaatat
mismos que son usados en la fase de alineacibn, como
informacion linguistica Util para reforzar los enlaabtenidos.
Aunque los experimentos han sido realizados usando MWN,

TABLA |
ESTADISTICAS DE SENTIDOS ENMWN

se pueden extender las nociones intuitivas del algoritmo _ _ Espafiol ltaliano  Inglés
propuesto, introduciendo un marco formal y conceptual para Se”“ggﬁt%ig”;i‘i;mivos ggggg ggggg Hgl’gég
el uso de los ILI. De esta forma, se podri_an realizar Sentidos adjetivos 17999 6228 29883
estudios con redes de palabras construidas bajo el enfoque Sentidos verbos 12398 9780 22085
de EuroWordNet. Promedio de sentidos 1.55612 1.50009 1.42733

Promedio sustantivos  1.32046 1.41351 1.23591
Promedio adjetivos 1.98818 1.26972 1.48148
Promedio verbos 2.34057 1.99755 2.13815

llI-A. Pre-procesamiento de los textos

Para extraer las equivalencias léxicas, el algoritmoLla primera fila en la tabla | muestra la cantidad de sentidos
propuesto requiere que los textos se encuentren alineadagu@ han sido atribuidos a los lemas de entrada en las tablas de
nivel de oracion. Ademas, los enlaces pueden produaitse e indice. De esta forma, si un mismo sentido ha sido asignado
dos palabras como entradas basicas, dos lemas obtenidoa des palabras diferentes, se toma dos veces en cuenta en este
la aplicacion de reglas morfologicas sobre las palalods, conteo. Por tanto, no se esta haciendo referencia al tetal d
combinacion de éstas. Por ejemplo, el establecimientta desynsets del idioma, sino a la cantidad de veces que éstos han
equivalencia entreclothes(en inglés) yropas (en espafiol) sido asignados. Las siguientes tres filas, se correspomaen c
se representa por medio de un enlace entre una palabra yasdivision de esta cantidad por POS.
traduccién en plural, es decir, entre una entrada lexésich Con la medida de asignacion y el nimero de lemas, se
y otra a la que se le ha aplicado la regla morfolégica gmiede determinar el promedio de sentidos. Mientras mayor
formacion del plural. Por tanto, todas las palabras inaplics sea el resultado obtenido, mayor sera el grado de polisemia
en ambos contextos deben ser lematizadas. en el lenguaje. Por tanto, el espafiol es, de los tres idiomas
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23 de cada palabra e§O; sera aquella oraciorb)M; en el

par alineado. Hasta este momento, todas las palabras no
funcionales enS)M; constituyen traducciones potenciales de
la palabralV,. La comparacién consiste en la blusqueda del

15

= Espafiol conjunto de interseccibn entre los synsets de los lemas de
L Inglés W, vy los synsets de los lemas de cada palabra en el contexto
® ttaliano paralelo, obtenidos en la fase de preprocesamiento. La kiabl

representa este analisiS() y L() representan funciones de
extraccion de synsets y lemas respectivamente.

0.5 -+

TABLA Il
BOSQUEDA DE COINCIDENCIAS DE SYNSETS ENTREV,; Y LAS PALABRAS
DEL TEXTO META

Sustantivos Adjetivas Verbos Tatal

Fig. 2. Promedio de sentidos asociados en MWN

W
T S(L(We)) N S(L(T1))
Ty S(L(Wz)) N S(L(T2))

estudiados, el mas ambiguo. Sin embargo, en este punto es
necesario considerar que aspectos como la incompletidud de T,  S(L(W.))N S(L(Ty))
los wordnets influyen en los resultados.

En la Figura 2 se presentan los valores de la tabla anteriopgra determinar la equivalencia léxica de se calcula la
con formato de grafica de barras. cardinalidad de los conjuntos de interseccion producidos

Por otra parte, el mecanismo desarrollado esta enfocasigtir de estos valores puede presentarse alguna de las tres
en la extraccion de equivalencias con limitacion uno déguientes situaciones:

uno [24]. Es decir, todas las palabras participan en una; Que una de las palabras en el contexto paralelo pueda
Unica equivalencia, con excepcion del nulo. Esto partaevi ser directamente asignada como equivalencia léxica de

correspondencias no deseadas, como por ejemplo, tener yy o ser participe del conjunto de interseccion de
muchas palabras en espafiol alineadas con la misma palabra mayor cardinalidad

en inglés. Asi, en cada fase del algoritmo, si una tradcci 5 - ue varias palabras en el contexto paralelo poseen la
potencial pasa a ser parte de un par de equivalencia, la lista isma cardinalidad

de traducciones potenciales se va reduciendo. 3. Que ninguna de las palabras en el contexto paralelo
En MWN se manejan elementos léxicos simples, por constituya la equivalencia dé’
xr

tanto las expresiones multipalabras no son encontradas ¥ . . : .
: i . . n el primer caso el proceso de extraccion de equivalencia
consideraremos soblo equivalencias 1:1, durante la fase de

extraccion. De este modo, en el texto quedan descartadias K():]ueda concluido para la pala%. .
N : i Cuando no es posible seleccionar una de las traducciones
aquellas frases indivisibles con un sentido especifico. . .
potenciales por haber muchas que poseen el mismo valor de
cardinalidad, se utiliza el sentido mas cercano. Por dgmp
Il-C.  El programa de linkeo suponga que la palabruiero ha tenido un synset en comin
El sistema toma como entrada los textos paralelosn havey uno condesire Para determinar cual de las dos
preprocesados para realizar el emparejamiento entre ti@lucciones sera elegida como equivalente, se compara la
palabras. Para ello, por cada par de sentencias alinegoasicibn que ocupa en cada una, el synset coincidente llaque
< 50;/SM; >, se recorre desde la primera hasta la Ultimgalabra cuya posicion del synset coincidente sea menérlase
palabra enSO;, dondeSO; representa la i-ésima oracion erganadora. La Figura 3 muestra este procedimiento para el
el texto origen ySM; la j-ésima oracion en el texto meta.ejemplo citado.
Si la palabra consideradd?{,) pertenece a alguna de las Para la forma de palabrhave el synset coincidente
clases gramaticales contempladas en el estudio, es caapae#01530096) ocupa la posicidn 15, mientras que plasire
entonces con todas las palabr@s)(en su contexto paralelo. el synset coincidente (v#01245362) esta en la posicidrol.
En la extraccion de equivalencias y la alineacion a nieel énterior se resumen en que es mucho mas comin utlesare
palabras no existe restriccion alguna de la clase graahatien el sentido de querer, glave
(POS) de las palabras en un par, pues es muy frecuent&n el Gltimo caso, donde todas las palabras en el contexto
que durante la traduccion se cambie el POS para expresapdaalelo tienen interseccion nula con el conjunto de sgde
misma idea. Por ejemplo, en los fragmentashe non voglio W, se han aplicado cuatro medidas de similitud semantica:
ricordare come si chiami(italiano) y ...de cuyo nombre no Leacock and Chodorow [30], Hirst and St-Onge [31], edge
quiero acordarme.(espafiol)hombrepuede ser alineado con[32] y random. Estas medidas han sido implementadas en
si chiami WordNet::Similarity package [33] y todas ellas se basan, de
Basados en el supuesto de que los textos origen y metakgin modo, en la estructura de PWN. A continuacion se
encuentran alineados a nivel de oracion, el contexto glaraldescribe cada una de estas cuatro medidas:
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< 80; I SM; > = <"En un lugar de la Mancha, de

— Random Asigna un nimero aleatorio entre 0 y 1 como
medida de similitud, donde 0 indica que no existe

cuyo nombre najuiero acordarme, no ha mucho tiempo . X

que viia un hidalgo de los de lanza en astillero, S|m|I.|tud entre los conceptos y 1 que poseen el mismo
adarga antigua, rom flaco y galgo corredot./ sentido. _ _ _

“In a village of La Mancha, the name of whicthave Para todas las medidas anteriores, con excepcion de Edge,
no desire to call to mind, there lived not long since one Mientras mas corta es la ruta entre los synsets, mayorrekera

of those gentlemen that keep a lance in the lance-rg
an old buckler, a lean hack, and a greyhound for
coursing” >

W, = quiero

posibles traducciones ¢have desireg

L(quiero) = {querer[Verb]}

L(have) = {have[Verb]}

L(desire) = {desire[Verb]}

S(querer[Verb]) = {v#00472243, v#00479719,

ck, valor de similitud.

La utilidad similarity.pl permite al usuario introducir pares
de conceptos en la formaord#pos#sense para medir
qué tan parecidos son semanticamente. Por ejemplo, en la
tabla Ill aparecen los sentidos de la palalm@ed como
sustantivo.

TABLA IlI
SYNSETS ASOCIADOS A CADA SENTIDO DE LA PALABRAbreedcomo
SUSTANTIVO

v#00479841, v#00808096, v#01211759, v#01245362 E S i
_— ntrada en similarity.pl  Synset correspondiente

v#01530096 breedEnFE0 n#06037479

S(have[Verb]) = {v#01508689, v#01794357, breed#in#1 n#06037015

v#01443215, v#01509295, v#01857688, v#00080395, ggijﬁzig Zﬁg;ﬁggﬁ

v#00786286, v#01620370, v#01185771, v#01509557,

v#01876679, v#00080645, v#00045715, v#0052342P,

Esta forma de especificar las entradas presenta una
desventaja, pues sb6lo se aceptan palabras inglesas y las
posiciones que ocupan los sentidos definidos de dichas
palabras en PWN. Es decsimilarity.pl no se puede aplicar
directamente si se estan comparando palabras de idiomas
diferentes al inglés.

Para solucionar este problema se obtiene la traduccién
. .inglesa para cada uno de los synset de la palabra espafola
— Leacock and Chodorov(A'_CH): Se basa en la longitud  jiajiang implicada en el par de comparacion, aproveohand

len(sy, s2) de la ruta mas corta entre dos synsets y {g,oyamente la ventaja de que las redes de palabras en

profundidad méaximaD de la taxonomia: MultiwWordNet estan alineadas.
—log len(s1, s2) Asi por ejemplo, si se tiene la palabrgeneracbn,

—_— = cuyos synstes como sustantivo son: n#06196326, n#06195881
o 2D_ ) n#10955750 y n#00546392; las posibles traducciones para
El' valor maximo de esta medida dependera de {ichos synstes serian las palabras inglesas que poséws dic

profundidad de la taxonomia y se obtiene al comparar Yfsets. Sin embargo, como las posibles traducciones paia ¢
synset consigo mismo. synset se emplean para hacer referencia al mismo concepto

— Hirst-St-OnggHSO): La idea en esta medida de similitudmismo sentido), se puede elegir la primera traducciom par

es que dos conceptos lexicalizados son semanticamegiiia synset.

cercanos si sus synsets en PWN estan conectados por

una ruta que no es tan larga y que no cambia de , TABLA IV
. .y . . SELECCION DE LA TRADUCCION PARA CADA SYNSET DE LA PALABRA
direccion frecuentemente. Las direcciones de los enlaces generacioNCoMo SUSTANTIVO
en la misma ruta pueden variar (entre: hacia arriba

V#01530096V#01513366, v#00045966, v#01608899
v#00039991, v#00978092

S(desire[Verb]) = {v#01245362v#01246466,
V#01246175

Fig. 3. Busqueda de coincidencias

LCH(Sl, 82) =

—hiperonimia y meronimia—, hacia abajo —hiponimia y Synset Posibles fraducciones  Traduccion elegida

holonimia— y horizontal —antonimia—). La cercania de la coevals

lacit 4 dad . n#06196326 contemporaries coevals
relacion esta dada por: generation

. n#06195881 generation generation

HSO(s1,s2) = C — longituddelaruta — k x d, n#10955750 generation generation
L. generation

dondeC y k son constantes (en la practica se Us& n#00546392 multiplication generation
8y k =1)yd es el numero de cambios de direccion en propagation

la ruta. Si no existe dicha ruta, entondé$'O es cero y

los synsets se consideran independientes. Ahora sblo bastaria determinar la posicibn que ocupa el
Edge Realiza un conteo de la ruta mas corta con respecentido buscado sobre la lista de sentidos de la traduccion
a la distancia entre synsets. y se podrian realizar comparaciones entre las palabras
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breedy generacbn con el formato aceptado por el paquete
similarity.pl, por ejemplo usando las entradas: breed#n#0 /

generation#n#1

Una vez que se tienen los valores de simifitde todas las
posibles parejas de synstes que se pueden formar con las
palabras que se comparan, se toma como similitud del par, e

mayor valor obtenido.

coevals#n#0 - breed#n#0 =0
coeval s#n#0 - breed#n#1 =0
coeval s#NH#0 - breed#n#2 = 2
coevals#n#0 - breed#n#3 = 2
generation#n#1 - breed#n#0 =0
generation#n#l - breed#n#1 =0
generation#n#l - breed#n#2 = 2
generation#n#1 - breed#n#3 = 2
generation#n#2 - breed#n#0 =0
generation#n#2 - breed#n#1 =0
generation#n#H2 - breed#n#2 = 4
generation#n#H2 - breed#n#3 =0
generation#n#3 - breed#n#0 =0
generation#n#3 - breed#n#1 =0
generation#n#3 - breed#n#2 =0
generation#n#3 - breed#n#3 =0

Fig. 4. Similitud debreed y las traducciones deeneracion (coevalsy
generation

IV. EVALUACION

Para realizar nuestros experimentos, empleamos fragmento
elegidos aleatoriamente de la novdlon Quijote de la

ancha en sus versiones paralelas espafol / inglés y espafiol
Mf’%iano. Los fragmentos usados en ambos pares de idiomas
fueﬁon los mismos. Los conjuntos de prueba estuvieron
formados por 23 sentencias alineadas. El texto en espafol
esta constituido por 828 palabras. La tabla V muestra la
composicion de cada uno de los fragmentos de los textos meta
empleados como corpus de prueba.

TABLA V
COMPOSICION DE LOS TEXTOS META

Italiano
866
4.4276

Inglés
796
6.8653

# palabras
Promedio de sentidos

Para producir el gold estandar de los pares de alineacion
de todas las palabras no funcionales, dos anotadores
fueron instruidos con procedimientos especificos de aman
asignar un equivalente nulo. No se incluyeron etiquetas de
probabilidades. En caso de que hubiera un desacuerdo para
un par especifico, un tercer anotador definia el correcto.

La tabla VI muestra la cantidad de pares de alineacion
determinados por los anotadores (estandar de oro). Ehéopl
indica el nimero maximo de equivalencias que podrian
ser extraidas por el sistema, considerando relaciones 1:1
exclusivamente, la incompletitud de las redes de palahras g

Este valor Se- coloca en una -matriz de similitud como £dnforman MWN y las brechas léxicas (gaps) de los |enguajes
muestra en la Figura 5. Tal matriz posee el valdren todas jmplicados.

las palabras que fueron directamente asignadas por poseer

la mayor cardinalidad absoluta, con el objetivo de que no
sean tomadas nuevamente en cuenta en la actual etapa

extraccion. Asi, de la matriz se advierte g y 15 fueron
previamente relacionadas en un par de equivalencia.

T, | Ty | breed| ... | T,

Wi -1 -1 -1 |..| -1
generachn | 2 | —1 4 .| 0
Ws 0| -1 3 | 2
Wi 3| -1 2 .| 0

Fig. 5. Matriz de similitud

TABLA VI
JYUMERO DE EQUIVALENCIAS SUGERIDAS POR LOS ANOTADORES Y
TOPLINE/ RECALL DEL SISTEMA

Texto Gold estandar  Topline
Don Quijote de la Mancha 389 329
(espafiol / inglés)

Don Quijote de la Mancha 333 277

(espafiol / italiano)

IV-A. Medidas de evaluagn

Realizamos la evaluacion respecto a tres diferentes medid
precision, recall yF-measure. La precision es calculada

Finalmente, los pares de equivalencia se forman comenz&@M0 €l numero de equivalencias extraidas correctamente
do por la mayor similitud y asi sucesivamente. En el caso @Btre el nimero de equivalencias sugeridas por el sistema.

la matriz anterior los pares que se obtendrian con los emloF! recall se corresponde al nimero de equivalencias ieasa
definidos son: correctamente entre el nimero de equivalencias sugegimtas

los anotadores.

Sin embargo, ni la precision ni el recall pueden, de manera
independiente, determinar la calidad del emparejamiento.
Por lo general, la maximizacién del recall compromete la
precision y viceversa [34]. Por tanto, se requiere una dzedi
gue combine ambos parametros. Eameasure posee esta
caracteristica y se determina como:

(generacion, breed)
(W37 Tn)
(Wma Tl)

1En este ejemplo obtenidos empleando el método Hirst-§eOn
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asignar un sentido especifico a las expresiones multigajab
2) la incompletitud de las redes (véase Figura 1 para oaserv
precision + recall la desproporcion entre el inglés y el resto de los idiomas)

En este caso, la precision y el recall poseen el mismo pesofor otra parte, la medida LCH es comparable en términos
pero la formula anterior puede ajustarse si se desea otor@@ f'-measure con el método de solo coincidencia, a pesar
mayor peso a algunas de estas dos medidas. de la diferencia significativa si se analizan los valores de
precision. Los métodos de similitud HSO y Edge, aumentan
el recall, aunque no de manera significativa (entre 2 y 6%
aproximadamente), pero lo hacen a costa de una disminucion

Los resultados fueron obtenidos con una iteracibn debnsiderable de la precision (entre 16 y 18 %). En estedsenti
algoritmo, por tanto, los tiempos de respuesta son maey logico que el método HSO posea el mayor valor de recall,
pequefios. Ademas, se establecieron umbrales parapl@sto que su definicibn toma en cuenta cuatro tipos de
asignacion de similitudes en cada método. De esta formelaciones semanticas (hiperonimia, meronimia, hipemiyn
se evitan despropositos linguisticos, al establecérvglores holonimia) y una léxica (antonimia) de PWN, en tanto que
numéricos de las medidas se consideran cercanos. L@&H solo se basa en la hiperonimia.
umbrales en cada método fueron los siguientes: LEH, La baja precision del método Random, con respecto al resto
HSO = 2, Edge=- 0.2 y Random=- 0.2. De esta forma, un de las medidas, esta relacionada con el simple marcajedasa
valor de 0.166667 para el paadtillero, village) en el método en la aleatoriedad de la asignacion del valor de similitud.
Edge es descartado y se asigna similitud 0, o sea, solo s&tom E| comportamiento anterior, es también notorio si se toman
valores de similitud mayores a 0.2 como fue sefialado en|g} valores del topline en vez de los del gold estandar
umbral. Esto evita la extraccion de equivalencias eméne (descartando las equivalencias establecidas por pedienan
por tanto, tiene influencia en la precision. frases, incompletitud de MWN y gaps), como se observa en

La tabla VII muestra la cantidad de pares extraidos ppxtabla VIII.
el sistema (total), la cantidad de éstos que son correctos a Figura 7 muestra la mejora en los valoresFeneasure,

(considerando equivalencia ~EQ- y alineacion —AL-) y lasomparando los resultados obtenidos con el topline y el gold
valores de las tres medidas empleadas. Los mismos valaresgaandar.

sido graficados en la Figura 6. La entrs8fHo coincidentes  gj se colocan en el mismo grafico la precision y el

se refiere al caso donde no se ha aplicado ninguna mediglgall, como se muestra en la Figura 8, se puede advertir
de similitud semantica para efectuar la extraccion coama que la precision disminuye a medida que aumenta el recall,
hay synsets comunes entre la palabra a corresponder y jgd&pendientemente de la base (gold standard o topling. Pa
traducciones potenciales. cuantificar la relacion que existe entre estas medidas se ha
Si se comparan los valores de las tres medidafeterminado el coeficiente de correlacion producto o mamnen
independientemente del método de similitud empleadst@Xxide Pearsony, un indice adimensional acotado entré y 1l

una diferencia aproximada de 3.76% en promedio enjge refleja el grado de dependencia lineal entre dos comjunto
el procedimiento de extraccion de equivalencias (EQ) Y & datos.

alineacion (AL). Es comprensible que en EQ siempre se

2 X precisién X recall

F-measure=

IV-B. Resultados y discusi

obtengan mejores resultados, pues, por definicion, unear s n 9 o
considera correcto al existir al menos un contexto en el que i;(x —2)(y-7)
las palabras que conforman el par sean traducciones entre s r= - -

El desempefio del sistema se ve afectado durante la \/Z(I 725 (y —7)?
alineacion, ya que no sb6lo se deben considerar pares de i=1 i=1

traduccion, sino también la correspondencia entre l&bpes donde:
segln la funcién que realizan en la oracion y en este poce '
la insercion de nulos es requerida. — n es el numero de métodos de similitud empleados

En téerminos generales, se puede advertir que el ingles- @ €l valor de precision para el método(conjunto de
consigue mejores resultados, en su alineacion con ehekpa™  valores independientes) _
para todos los métodos aplicados, a pesar de tener un mayor ¥ el valor de recall para el métoddconjunto de valores
grado de polisemia para el corpus de prueba (véase la tablaV ~dependientes) _ _

La precision del método de “Sélo coincidentes” tiene que— T € ¥ son las medias de muestra promedio para
ver con la asertividad de las alineaciones de las redes de €l conjunto de valores independientes y dependientes
palabras que conforman MWN. Sin embargo, los valores fespectivamente.
de recall obtenidos para este método son pobres en ambdsl resultado de aplicar el coeficiente de correlacion a los
casos (usando el gold standard y el topline). Esto se debeatores de precision y recall obtenidos en la tabla VII para
dos razones fundamentales: 1) el hecho de que en MWNI&eequivalencia son = —0,9675 (inglés) yr = —0,9497
almacenan elementos Iéxicos simples y por tanto, es imigosi(italiano) y para la alineacion = —0,9838 (inglés) yr =
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TABLA VIl
EVALUACI ON DE LOS RESULTADOS EN EL CORPUS DE PRUEBA
Correctos Precision Recall F-measure
Version (Gold-estandar)  Método similitud  Total EQ AL EQ AL EQ AL EQ AL
So6lo coincidentes 228 217 206 95.18% 90.35%| 55.78% 52.96%| 70.34% 66.78%
LCH 289 234 220| 80.97% 76.12%| 60.15% 56.56%| 68.94% 64.88%
espafiol/inglés (389) HSO 321 241 226 75.08% 70.40%| 61.95% 58.10%| 67.89% 63.66%
Edge 307 234 221 76.22% 71.99%| 60.15% 56.81%| 67.24% 63.51%
Random 377 214 203 56.76% 53.85%| 55.01% 52.19%| 55.87% 53.01%
So6lo coincidentes 172 162 14B94.19% 86.05%]| 48.65% 44.44%| 64.16% 58.61%
LCH 236 181 168| 76.69% 71.19%| 54.35% 50.45%]| 63.62% 59.05%
espafol/italiano (333) HSO 269 184 169| 68.40% 62.83%| 55.26% 50.75%| 61.13% 56.15%
Edge 257 188 174 73.15% 67.70%| 56.46% 52.25%| 63.73% 58.98 %
Random 332 164 1524 49.40% 45.78%| 49.25% 45.65%| 49.32% 45.71%
PRECISION RECALL
100% N 70%
a0% s 65%
80% —_— 650% ——
70% 555 W\b‘
B60% 50%
50% 45% r
40% T T T T 1 40% T T T T 1
- Sélo - LcH - HSO Edge Random - Sélo LCH - H5O0 - Edge - Random
coincidentes coincidentes
Método de similitud Método de similitud
—— Inglés EQ taliano EQL. — ™ Inglés AL italiano AL —+— Inglés EQ talizno EQ. —=— Inglés AL Italiano AL
(@) (b)
Fig. 6. Valores de precision y recall por version, prongdnto y método de similitud
TABLA VI
EVALUACI ON DE LOS RESULTADOS EN EL CORPUS DE PRUEBA
Correctos Precision Recall F-measure
Version (Topline) Método similitud  Total EQ AL EQ AL EQ AL EQ AL
So6lo coincidentes 221 217 206 98.19% 93.21%| 65.96% 62.61%]| 78.91% 73.96%
LCH 271 234 220| 86.35% 81.18%| 71.12% 66.87%| 78.00% 73.33%
espafiol/inglés (329) HSO 299 241 226 80.60% 75.59%| 73.25% 68.69%| 76.75% 71.98%
Edge 288 234 221 81.25% 76.74%| 71.12% 67.17%| 75.85% 71.64%
Random 346 214 203 61.85% 58.67%| 65.05% 61.70%| 63.41% 60.15%
So6lo coincidentes 165 162 14B 98.18% 89.70%]| 58.48% 53.43%| 73.30% 66.97 %
LCH 216 181 168| 83.80% 77.77%| 65.34% 60.65%| 73.43% 68.15%
espanol/italiano (277) HSO 236 184 169| 77.97% 71.61%| 66.43% 61.01%| 71.74% 65.89%
Edge 232 188 174 81.03% 75.00%| 67.87% 62.82%| 73.87% 68.37%
Random 291 164 152 56.36% 52.23%| 59.21% 54.87%| 57.75% 53.52%

—0,9194 (italiano), lo que indica que estas medidas poseed] R. Mihalcea and T. Pedersen, “An evaluation exercise Vaord
un alto vinculo y son inversamente dependientes.

(1]

(2]

(3]

(4]
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Lexical Disambiguation of Arabic Language:
An Experimental Study

Laroussi Merhben, Anis

Abstract—In this paper we test some supervised algorithms
that most of the existing related works of word sese
disambiguation have cited. Due to the lack of lingstic data for
the Arabic language, we work on non-annotated corpsiand with
the help of four annotators; we were able to annota the
different samples containing the ambiguous words.iBce that, we
test the Naive Bayes algorithm, the decision listand the
exemplar based algorithm. During the experimental taidy, we
test the influence of the window size on the disanguation
quality, the derivation and the technique of smooting for the
(2n+1)-grams. For these tests the exemplar basedgatithm
achieves the best rate of precision.

Index Terms—Supervised algorithms, training data, Naive
Bayes, decision list, exemplar based algorithm, witow size.

H

use. The word sense disambiguation (WSD) allowsond
the most appropriate sense of the ambiguous word.

I. INTRODUCTION

Zouaghi, and Mounir Zrigui

detailed account of the used supervised methodsedpfor
the Arabic language. In Section IV, we presieat results and
discuss the difference with some related worksentin V.
Finally, Section VI concludes the paper.

Il. RELATED WORKS

A. Review Stage

We can cite the work of Mona Diab that uses a stiped
learning approach called "bootstrap" [15]. This ra@gh is
highly accurate in the average of 90% of the evehliaata
items based on Arabic native judgment
annotations. Also, we find the work of EImougy [1@]here
the Naive Bayes algorithm was applied for the Agabi
language. Some pre-treatement steps were appkedmord

UMAN language is ambiguous; many words can ha\;goting and eliminating stopwords, since that theg the net
more than one sense that is dependent on the ¢aftex

and a dictionary to collect ten training sampleséezh word
for the testing phase. This work achieves a rafgregision of
73%. Compared to our work the amount of data isentess,

The benefits of WSD were exploited by many NLFfmd collecting the testing samples from the net fgard task

applications such as machine translation, inforomatetrieval,
grammatical analysis, speech processing as wellteas
processing.

The task of identifying the correct sense for thebmuous
word is not simple as it appears. What should beedm
disambiguate a word? We must find a way to define t
possible meanings of the word, since that we havassign
each occurrence of the ambiguous word to the apiatep
sense.

In this work, we use the Naive Bayes method, trasdm
lists and the exemplar based algorithm. These rdstlawe
based on a training phase during this part of wask,use an
annotated training corpus (we extract from a nometated
corpus the different samples containing the amhiguaord
and we tag them with their senses).

Since that, a testing phase will classify a worth isenses
[1, 2]. In the most WSD works that was evaluatedthie
conference Semeval 2007, the supervised methodsvactine
best disambiguation quality (about 80% precisiod aecall
for coarse-grained WSD).

The paper is structured as follows. We descritfeeittion |
how we tag the samples. After that, in Sectionwg give a

Manuscript received June ,18012. Manuscript accepted for publica
July 24, 2012.
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and not sufficient.

Finally, Soha M. Eid [17] compared the Rocchio Gifsr
to Naive Bayesian classifier, the most frequensseand the
support vector machine using arabic lexical sampldse
Rocchio classifier achieves an overall accuracg8% as the
best rate and reduces the error by over 14%. Byt tibst only
five ambiguous words and they haven't explained teyging
the samples of the training phase.

Compared to our work we obtain a less rate of pregi
because of the important number of ambiguous testads
(fifteen ambiguous words). Also as a comparativestthere
is no test for the influence of the window sizes #temming
and the smoothing on the quality of disambiguation.

For the other English related works, we can cite th
experimental study that com-pares some
algorithms to disambiguate six senses of the wore [18]
and [19]. Also the work of Pedersen where he cosgbdine
Naive Bayes with Decision tree, Rule based learegr, to
disambiguate the word line and 12 other words [2ll]these
works, found that the Naive Bayes algorithm perfedmas
well as the other supervised algorithms, whichhis same
results founded in this work. Compared to the numbie
tested words by the English related works, we havpoint
that we test fifteen words for a derivational laage that
suffers from the lack of resources.

We can also compare the obtained results by somiesved
unsupervised Arabic word disambiguation, where shene
samples and the same words were tested. In thewoesk
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[21], it was proposed to use some information egtl

measures with the Lesk algorithm and it achievasta of

73%. In the second one [22], a Context matchingrétym

returns a semantic coherence score correspondingheo
context of use that is semantically closest to dhiginal

sentence. This algorithm achieves a precision &b6.78 this

work, we obtain a less rate of precision. We caspme that
the supervised works are more satisfactory for thek of
Arabic Word Sense Disambiguation.

This study experiments some supervised methodshtor
Arabic Word Sense Disambiguation. It compares tbe of
the Naive Bayes algorithm, the decision list arel kmearest

METHODOLOGY

neighbor. These methods were used previously inyman

related works (that will be discussed in the seckn
We have applied some pre-processing steps to thdswo
belonging to the original sentence and the traisietg.

A. Pre-processing

1) Extraction of stopwords

Over the past ten years several methods have vepoged
for the extraction of stopwords that have no inficee on the
meaning of a given word [5], [6] and [7]. These huats are
used to evaluate the significance of a word in audeent,
which also varies depending on the frequency ofvibed in
the corpus. Thus allowing us to eliminate the stous

2) Stemming

Each Arabic word, nouns or verbs, is based oretlatters,
or more rarely four or two letters. These threéelstare the
root of the Arabic word, they are the most impotthatters
used to be compared with other letters used fod#revation
of the word (added to the right or left of the foot

In this work, we use the Khoja stemmer that remahes
longest suffix and the longest prefix. It then comais the
remaining words with verbal and nominal patterosextract
the root [9].

The stemming were applied to the words containethén
original sentence, to find there occurrences in éktracted
training samples.

B. Tagging Samples

The supervised methods need a training phase Heat a
tagged corpus. The examples obtained by the m@iphase,
must contain as many words surrounding the ambiguou
words as it will be needed in the test phase. Wisetho work
on texts dealing with multiple domains (sport, pod,
religion, science, etc.). These texts were reconddide corpus
of Latifa Al-Sulaiti [3].

Using this corpus, we tag the founded ambiguousdsvor
(used in the testing phase) by their senses, tieig was
achieved with the help of four annotators (Aralaoduage
teachers), that choose the ambiguous words byntpertant
number of senses out of context. Using the dictiphassan
al arab [4] which is one of the most famous Aratitionary,

(words that have no influence on the meaning of th¥e were able to tag the words with their corresjmmgndenses.

ambiguous word) such ag£ 4 ,0\S 4 e 8 e, Js) (even,
of, may, by, in, was, to him, over the).

These words will be removed from the sentence @uint
the ambiguous word, to decrease the number of cadpa
words.

In this part of our work, we use the tf-idf metf&] that use
the term frequency (tf) and the inverse documeequency
(idf) (see equation 1).

Tf -idf j = tf; ; x idf; 1)

The frequency of a word (Term Frequency) is the loemm
of occurrences of a word in a given document. Le t
document dj and the word ti, the frequency of tidnis

measured as follows (see equation 2).
tfiyj = ni,j/ank,j

(2)

Where ry is the number of occurrences of the wordirw

We haven't found an important difference betweer th
sense tags, the arrangement between the annoistordhe
average of 95%. In table 1, we give the statistifsthe

extracted samples.
TABLE |
DISTRIBUTION OF THE SENSES IN THE EXTRACTED SAMPLES

Avg. # of words Avg. # of senses Avg. # of senses Avg. dominant

per sentence per word per ambiguous sense for the
words ambiguous word
9,42 1,56 6,32 74%

Fifty words have been chosen. For each one of these
ambiguous words, we evaluate 20 examples per sdimge.
number of words is judged as sufficient comparedthe
Senseval evaluation that put into practice 15 npliBsverbs,

8 adjectives and 5 words that the grammatical tagsn't
taken into consideration. Totally there are 20@stésr every
word.

the document ;d The denominator is the number of

occurrences of all words in the document d
The inverse document frequency gives the importafiee
word in the corpus. It's measured as follows (sgpeaton 3).
| D]
[{dj:tiedj}| (3)
where | D | is the total number of documents incitvgpus and
[{d; : t € d}| is the number of documents where the ward
appears. We have to note, that the eliminationtafvgords,
will decrease the number of compared words in #stirng
phase.

idf ; =log
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C. Supervised methods

During the training phase, we tag the words sumdlmgmthe
ambiguous word with § (which is the local collocation that
will indicate the position of two words given thenbiguous
word). Let the ambiguous sentence igdf ) &80 a4l
bR Cpallall (pda (s ollll a8 Sl 5" “Escape from reality
0 science and books is the way of the meeting detwthese
two different worlds”.

ISSN 1870-9044



Lexical Disambiguation of Arabic Language: An Experimental Study

Let “«sI” “books” is the ambiguous word, in this sentenceonditional probability of two compared sensestfar tested
we can find 156 collocations. For example the aalimn C,. word (see equation 8).

4 “alall_a8) " “fact _science”, and G 3z ‘<4l Ll “science_ Finally the surrounding collocations that obtaie thighest
meeting”. score, will be attributed to that sense, and véliranked in the
For the original sentence, we define m featurest thtop of the decision list. After this step of cldiEsition, we will
correspond to the m collocations surrounding théigoous obtain an ordered list of §iven the obtained score.

words. The supervised methods cited in what follomif use

these features for each sense of the ambiguous word Score (W) = Abs (log (P(gw) / P(S|w))) )
1) The Naive Bayes rithmalg Given the score obtained in the decision list, &e judge
the significance of the words contained in the ioag

This method is one of the most popular and perfotma
probabilistic method [10], it was used in differembrks of
natural language processing including the word een8) The exemplar based (K Nearest Neighbor) algorithm

disambiguation. In fact the comparative works ofdeesen The k nearest neighbor algorithm (KNN) is one oé th

[11] found that the Naive Bayes gives sufficiensules highest performing methods in WSD [2]: [8]. The KNN

corr;\p;tare? to _the f[)r':her metlhods. taining th bi o algorithm is based on the k nearest similar ingano the
ertagging the samples containing the ambiguod tested instance. The classification phase is aeHieby

(AW) (s_ect|on 3), we_have_ to measure the probghéit the measuring the distance between the new example (k=
collocations ( contained in the same context of use of thE F.), and the previously stored examplesXF
yeees Fm)y Ly -y

ambiguous word for the sense (S) (see equation 4). . . ) .
g S)( q ) Finm), to do that in this work we use the hamming dista(see
Number of occurrences of F; with the sense S; i
P=3ym, j L) equation 9).

sentence.

number of occurrences of F

Where; N is the number of collocations in the orédi AGx) = Xt d; 8(F, Fiy) ©)
sentence. . Where (¢ = Number of occurrences of tH gollocation in
This step is followed by the measure of the prolighfor  the previously stored examples / Total number dibcations)
each sense in the corpus (see equations). and8(F;, F;) is 0 if § = Fj and 1 otherwise. Since that, we
can establish the set of the k most nearest examplee most
(5) frequent sense between those k obtained samptesisidered
as the correct sense.

Number of occurrences of AW with the sense Si

P = Xk

=1 Total number of occurrences of the ambiguous word

For the different collocations contained in thegoral
sentence, we add the logarithm of the probabilitye score is IV. EXPERIMENTAL RESULTS

the sum of the obtained results (see equation 6). A. Encountered problems

Score (9 = argmaxg;, ¢ sensesw) L0g P(S)) [17=1 P (F;IS;) (6) Many problems have been encountered during theepsoc
of disambiguation cited in what follows:

The sense with the highest score is the corresesen
- . - For the Naive Bayes algorithm, we have the proldéthe
2) The decision List zero counts. As a solution, we replace the zerch wit
The decision list algorithm was adopted for the Withe P(SJ/N, where N is the total size of the training sétkis
work of Yarowsky [12]. In this part of our work, weeed to ~ Solution is called smoothing.

compute the conditional probability of each sermedvery ~ The important number of glosses given by a dictigriar
collocation contained in the local context, p (1,F2,..., the ambiguous word and the difference between the

Fm) (see equation 7), for that we use : founded senses in the corpus. In the table 2, we tie
’ number of senses for some words and their correspgn

- The probability of each observed collocation givére founded senses in the training corpus. As a saluti@ try
sense of the ambiguous word p,BG,..., Ry |S) (see to collect from the net some texts containing thigsing
equation 1), senses and add them to our corpus.

- The probability of each sense in the corpus)p(See — Finding the samples for the tests (that can be gddg
equation 5) , effective and adequate for the process of disanatbigu) is

- The unconditional probability of features (colldoas a hard task and differs between works for the ot
surrounding the ambiguous word) (see equation 7). results.

- For some considered words, we have found sensés tha
P =p(RFsy.... Fn|S) X p(8) /p (R,Fa..., Fn) ) appear in the corpus and don’t exist in the digignThese

. . . senses were added to the list of candidate seReeghe
Since that to construct the decision list, we h@veort the word “ayn” we extract about ten sentences from the

d?fferent obtained results (given by the eq_uatiorioV the training corpus where it means a name of a cityiited
different senses of the ambiguous word) using tigedf the Arab Emirates. A sample is given in what follows:

ISSN 1870-9044 51 Polibits (46) 2012



Laroussi Merhben, Anis Zouaghi, and Mounir Zrigui

“g;—‘-b)j ‘55 c\_'\ﬂi lae Lalad alia 3 "Lé-t".’ U:"J‘ a_‘;uA 15, -
- “The ayn city receives us brightly completely dint
than abu-dhabi”.

The difference between the number of occurrencethen
corpus for each sense. For example for the werd™

“kataba”, we have found about 452 samples where the

considered sense is “write” which is the most qfient
sense and about 23 samples where the considersd sen
“predestined”.

TABLE Il
DIFFERENCE OF SENSES BETWEEN THE DICTIONARY AND THEXTRACTED
SAMPLES
Ambiguous  transcription Number of  Number of senses
words senses in the in the extracted
dictionary samples

e hassaba 15 6

S kataba 8 5

e ayn 20 8

B chaar 8 4

Jie aakl 18 6

1) Obtained results

To test the effectiveness and the impact of théemint
methods (presented in the previous section 4) @biérword
sense disambiguation, we performed some experimientise
work of Yarowsky [14], a study of the influence dtie
window size on WSD, shows that the most useful lags
for the WSD are included in a micro-context from & eight
words.

However, we have to point out that in a so largetext; it
is difficult to discern the key elements for detemimg the
meaning of a word. It seems obvious that a fixee @f the
context window is not adapted for all the words.

In order to solve this problem, we suggest detenmithe
optimal size of the appropriate context for eacst.td@ests
were conducted by measuring the performance (Roegisf
each method varying the window size (the testedeser
containing the ambiguous word).

In Table 3, we give the rate of precision (Corracswers
obtained / Obtained results) obtained using thealigh = 2),
where we test only one word after or before the igotus
word. In the case of trigramngE 3) two words will be
considered (one after the ambiguous word and anaihe
before). Finally in the (@+ 1)-grams, we take into
consideration n words surrounding the target wandthis
experiments = 3, because it give us the better results.

During the experimentation phase, we change thebeum
of samples taken into consideration from the trjnphase.
For example the 25% of samples means that we frakent
into account 25% from the total number of sampled e
have obtained in the training phase. The Figuradws how
the rate of precision varies across the percentdgamples.
We conclude that the lowest rate di$ambiguation is mainly
due to the insufficient numbexf samples, which result in the
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failure to meet alpossible events. For that we try to collect as
many texts as we can, to extend the number of smnpl

TABLE llI
RESULTS OBTAINED BY DIFFERENT METHODS VARYING THE WNDOW SIZE

Methods Naive Bayes Decision List KNN

tests P MFS P MFS P SMF
Bigram 23.04 2917 2143 2529 26.330.2
Trigram 3419 40.29 31.11 39.40 343.94%.0
(2n+1)- 4789 5470 4321 53.68 751.35;4
grams 2 6

The rate of precision is increased for the mostuUeant
sense, it is explained by the fact that the nundfesamples
containing the most frequent sense is more impbtteat the
number of samples containing the other senses.

% Precision

60.00
50.00 /— ——KNN
40.00
30.00 Decision List
20.00
10.00 —G v —#&— Naive bayes
0.00 : : : algorithm
25 50 75 100

% of the samples considered in the training phase

Fig. 1. Obtained results by the different algoritdepending on the amount of
data considered in the training phase.

Since that during the step where we have to cohet t
number of occurrences of each collocation contaiimethe
original sentence, we take into considerationtadl derivation
of the words using the khoja stemmer. For examptettie
word “_# “karaa” that occurs with the word-£s” “kataba”,
we have to count the number of occurrences gf % i
P40 28 @i 8 " in the extracted samples.

We detail in Table 4, the rate of precision obtdiméth and
without the stemming. The most supervised methstismate
the probability of each word using the contexthwd previous
n-1 words. The problem of those methods is thabrimhately
it assigns zero to n-grams that have not been wbdem the
training phase. To avoid this problem we have todctm the
zero counts (see Section 4.1).

In Table 4, we give also the results of the diffénmethods
without and with the use of the smoothing for ti2m+1)
grams experiment.

From the results cited in table 4, we find that skeemming
increase the precision by a percentage that veesseen 9%
and 21% for the different methods. It was suppdbed the
smoothing will decrease the rate of precision, bseait
increases all probabilities for unseen words.
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TABLE IV
RATE OF PRECISION OBTAINED BY CONSIDERING THE STEMMIG AND THE
SMOOTHING STEPS

Without Without With With
Tests stemming Stemming stemming and smoothing
and and with without and
Methods  smoothing ~ smoothing smoothing  stemming
Naive 31.25 3175 47.89 48.23
Bayes
Del_ci'sst'on 22.06 22.56 43.21 43.86
KNN 42.19 42.69 51.32 52.02

Also the smoothing increases the precision andlire¢a
about 0.5%, and this increase is encouraging téoperthe
disambiguation quality.

As we have cited in the beginning of this sectiting
supervised methods needs a highly amount of daerdsults
varies from a word to another one and for the nigjaf the
tested words the k nearest neighbor algorithm gikiesbetter
results and for some other words»& «—iS¢pe” and their
corresponding transcription is “ayn, kataba, chatr® Naive
Bayes algorithm is the best one. The rate of pie@tisbtained
by the decision list is in all the case is mores l#sn the rate
obtained by the Naive Bayes algorithm. We may enpteese
results by the fact that the other supervised #lgorneeds a
so large training sets than the Naive Bayes algurit

V. COMPARISON WITH SOME RELATED WORIS

We can cite the work of Mona Diab that uses a suped
learning approach called "bootstrap”[15]. This a@gh is
highly accurate in the average of 90% of the evabliaata
items based on Arabic native judgment
annotations. Also, we find the work of ElImougy[18jhere

the Naive Bayes algorithm was applied for the Agab

language. Some pretreatement steps were appliedwided

rooting and eliminating stopwords, since that thsg the net
and a dictionary to collect ten training samples&ezh word
for the testing phase. This work achieves a raggregision of
73%. Compared to our work the amount of data iseness,

and collecting the testing samples from the net isard task
and not sufficient.

Finally, Soha M. Eid [17] compared the Rocchio Gifisr
to Naive Bayesian classifier, the most frequensseand the
support vector machine using arabic lexical sampldse
Rocchio classifier achives an overall accuracy &#8as the
best rate and reduce the error by over 14%. Byt tdst only
five ambiguous words and they haven't explain hagging
the samples of the training phase.

Compared to our work we obtain a more less rate
precision because of the important number of antaigu
tested words (fiteen ambiguous words). Also as
comparative study there is no test for the infleernd the
window size, the stemming and the smoothing ongiedity
of disambiguation.

For the other English related works, we can cite th

experimental study that compares some superviggditims
to disambiguate six senses of the word line [18] [A9]. Also
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the work of Pedersen where he compared the NaiyesBa
with Decision tree, Rule based learner, etc, t@amlsiguate
the word line and 12 other words [20]. All theserkes found

that the Naive Bayes algorithm performed as wethasother
supervised algorithms, which is the same resultsmded in

this work. Compared to the number of tested worgghe

English related works, we have to point that we fdeen

words for a derivational language that suffers fittin lack of
resources.

We can also compare the obtained results by somiesved
unsupervised Arabic word disambiguation, where shene
samples and the same words were tested. In the
work [21], it was proposed to use some informatietrieval
measures with the Lesk algorithm and it achievaata of
73%. In the second one [22], a Context matchingrétym
returns a semantic coherence score correspondingheo
context of use that is semantically closest to dhiginal
sentence. This algorithm achieves a precision &b6.78 this
work, we obtain a less rate of precision. We caspme that
the supervised works are more satisfactory for thek of
Arabic Word Sense Disambiguation.

firs

VI.

This paper has presented an experimental studyomis
supervised algorithms that were applied to perfaord sense
disambiguation in Arabic. These algorithms are Hase
tagged samples and a very important amount of islathe
used corpus.

For a sample of fifty ambiguous Arabic words that a
chosen by their number of senses out of contelts KINN

CONCLUSION

n%chieves the best performance. We conclude that the

supervised methods need an important amount obthdgta

ito achieve satisfactory results. We propose inréutmorks to

integrate some other resources and experiment suher
supervised methods.
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A Hybrid Approach

for Event Extraction

Anup Kumar Kolya, Asif Ekbal, and Sivaji Bandyopgdk

Abstract—Event extraction is a popular and interesting
research field in the area of Natural Language Praessing (NLP).
In this paper, we propose a hybrid approach for evet extraction
within the TimeML framework. Initially, we develop a machine
learning based system based on Conditional Random igfd
(CRF). But most of the deverbal event nouns are not correctly
identified by this machine learning approach. From this
observation, we came up with a hybrid approach wher we
introduce several strategies in conjunction with mehine learning.
These strategies are based on semantic role-labgjinWordNet
and handcrafted rules. Evaluation results on the TepEval-2010
datasets yield the precision, recall and F-measurealues of
approximately 93.00%, 96.00% and 94.47%, respectil)e This is
approximately 12% higher F-measure in comparison wh the
best performing system of SemEval-2010.

Index Terms—About Event, TimeML, Conditional Random
Field, TempEval-2010, WordNet.

EMPORAL information extraction is, nowadays,
popular and interesting research area of Naturaguage
Processing (NLP). Generally, events are described i
different newspaper texts, stories and other ingmbrt
documents where events happen in time and ordefitigese
events are specified. One of the important tasksteaf
analysis clearly requires identifying events desxliin a text
and locating these in time. This is also importana wide
range of NLP applications that include temporal Sjioe
answering, machine translation and document suraataoi.
In the literature, relation identification based machine
learning approaches can be found in [1, 2, 3] amdesof the
TempEval-2007 participants [4]. Most of these watrkesd to
improve classification accuracies through featurgireeering.
The performance of any machine learning based rayste
often limited by the amount of available trainingtal Maniet
al. [2] introduced a temporal reasoning component th
greatly expands the available training data. Théimg set
was increased by a factor of 10 by computing theuwles of
the various temporal relations that exist in trening data.
They reported significant improvement of the cliisation
accuracies on event-event and event-time relatidosever,
this has two shortcomings, namely feature vectglidation
caused by the data normalization process and thealistic
evaluation scheme. The solutions to these issued@efly
described in [5]. In TempEval-2007 task, a commiamdard
dataset was introduced that involves three tempefations.

INTRODUCTION

Manuscript received November 2, 2010. Manuscriptepted for
publication January 15, 2011.

A. Kolya, A. Ekbal, and S. Bandyopadhyay are wita €omputer Science
and Engineering Department , Jadavpur Universittk&ta; A. Ekbal is also
with Computer science and engineering departm&n®dtna, India (e-mail:
anup.kolya@gmail.com,asif.ekbal@gmail.com, sivaje gu@yahoo.com).
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The participants reported F-measure scores for texemt
relations ranging from 42% to 55% and for eventtim
relations from 73% to 80%.

In TempEval-2007, the event-event relations weré no
considered discourse-wide like [2, 5]. Here, thergevent
relations are restricted to events within the maximof two
consecutive sentences. Thus, these two framewaddupe
highly dissimilar results for solving the problerhtemporal
relation classification.

One most common trend to apply machine learning
algorithm for temporal information extraction is flarmulate
temporal relation as an event paired with a timeuother
event, and to transform these into a set of featatees. In
most of the previous attempts, researchers have seme
popular machine learning techniques like Naive-Baye
Decision Tree (C5.0), Maximum Entropy (ME) and Soip
Vector Machine (SVM).Machine learning techniques alone
cannot always yield good accuracies. In order thieae
reasonable accuracy, some researchers [6] usedidhybr
approach, where a rule-based component was addiéd wi
machine learning. The system [6] was designedidh & way
that they can take the advantage of rule-based ek as
machine learning during final decision making. Bfdr a
given instance, whether machine learning or rukeba
component will be used, was not explained. Thegdether
of the components in different situations in ortteenjoy the
advantage of the both the components.

In this work, we propose a hybrid approach for éven
extraction from the text under the TempEval-2010
framework. Initially, we develop a method for event
extraction based on machine learning. We use Condit
Random Field (CRF) as the underlying machine |egrni
algorithm. We observe that this machine learningeda
system often makes the errors in extracting thetswéenoted
by deverbialentities. This observation prompts us to employ
several strategies in conjunction with machinerigay. These
strategies are implemented based on semantic abkding,
WordNet and handcrafted rules. We experiment with t
TempEval-2010 evaluation challenge setup [7]. &atbn
results yield the precision, recall and F-measuskies of
approximately 93.00%, 96.00% and 94.47%, respdygtive
This is approximately 12% higher F-measure in caispa
to the best system [8] of TempEval-2010

We use semantic role labels for event nominalinatio
Events can be analyzed by these kinds of nomiriaizm As
our goal is on nominal Semantic Role Label (SRLEg w
concentrate on the event/target/results class. SBL
nominalization represents semantic roles to extnagtt level
information that are more independent from the woidens.
On the other hand on verbal SRL [9, 10] there latireely
little work that specifically addresses nominal SRlouns are
generally treated like verbs. The task is splitoirtivo
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classification steps, argument recognition (tellmmguments This, as in HMMs, can be obtained efficiently byndnic
from non-arguments) and argument labelling (labglli programming.
recognized arguments with a role). Nominal SRL also Here, the CRF parameters are optimized using kit

typically draws on feature sets that are similarititose for
verbs, i.e. comprising mainly syntactic and lexisaiantic
information [11]. On the other hand, there is cogimy
evidence that nominal SRL is somewhat more diffitiéan
verbal SRL.

Hence, semantic roles may aid in learning a moresigg
model. This learning model could improve the resolt the
approaches that are solely focused on lower-leNefmation.
Two frameworks for semantic roles have found wide in

memory BFGS[16], a quasi-Newton method that is
significantly more efficient, and results in onlyinor changes

in accuracy due to changesdh. CRFs generally can use real-
valued functions but it is often required to incorqte the
binary valued features. A feature functidi(St -1, S, Q 9 has

a value of 0 for most cases and is only set twhen S -1, S

are certain states and the observation has ceptaiperties.
We have used the *C based CRF++ packagea simple,

the community, PropBank [12] and FrameNet [13]. iThe CuUstomizable, and open source implementation of G6tF

corpora are used to train supervised models foaggmrole
labelling of new text [9][14]. The resulting analkyscan

benefit a number of applications, such as Inforomati

Extraction [15] or Question Answering [16].
The rest of the paper is structured as follows.ti8ec2
describes our Conditional Random Field (CRF) basezht

segmenting /labeling sequential data.

A. Features of CRF

We extract the gold-standard TimeBank featuresefants
in order to train/test the CRF model. In the préseork, we
mainly use the various combinations of the follogvfeatures:

extraction approach. We describe our event extracti(i). Part of Speech (POSpf event terms It denoteghe POS

approaches with the use of semantic roles in Seclp
WordNet in Section 4 and hand-crafted rules in i8acb.
Evaluation results under the experimental set up
TempEval-2010 evaluation challenge are reporte8dation
6. Finally, Section 7 concludes the paper

II. CRFBASEDAPPROACH FOR EVENT EXTRACTION

Conditional Random Field (CRF) [17] is an undieztt
graphical model, which is a special case of whighresponds
to conditionally trained probabilistic finite stateutomata.
Being conditionally trained, these CRFs can easitgrporate
a large number of arbitrary, non-independent festuwvhile
still having efficient procedures for non-greedyiti-state
inference and training. CRFs have shown succesariious
sequence modeling tasks including noun phrase sagtion

information of the eveniThe features values may be either of
ADJECTIVE, NOUN, VERB, and PREP.

?Ifl) Event Tense This feature is useful toapture the standard
distinctions among the grammatical categories ofbale

phrases. The tense attribute can have values, PRESE
PAST, FUTURE, INFINITIVE, PRESPART, PASTPART, or
NONE.

(iif). Event Aspect It denotes the aspect of the everitke
aspect attribute may take valyesPROGRESSIVE,
PERFECTIVE and PERFECTIVE PROGRESSIVE or NONE.

(iv). Event Polarity: The polarity of an event instance is a
required attribute represented by the boolean batti
polarity. If it is set to 'NEG’, the event instantenegated. If
it is set to 'POS’ or not present in the annotatithe event

[18] and table extractiofil9]. The main advantage of CRFinstance is not negated.

comes from that it can relax the assumption of dal
independence of the observed data often used iargtre
approaches, an assumption that might be too rigtrifor a
considerable number of object classes. AdditionalRF
avoids the label bias problem.

CRF is used to calculate the conditional probgbibf

(v). Event Modality: The modality attribute is only present if
there is a modal word that modifies the instance.

(vi). Event Class This is denoted by the ‘EVENT’ tag and
used to annotate those elements in a text that rieek
semantic events described by it. Typically, evanésverbs but

values on designated output nodes given values thar o can be nominal also. It may be|0ng to one of tHk)\fnng

designated input nodes. The conditional probabiity state

sequenceS=< §, g,... $> given an observation sequence

O =<, 0.....,0 ) is calculated as:

Pa(s| 0):%expéi/]kf<($—1, § Q1)

t=1 k=1

where, fk(Si-1, S, Q Dis a feature function whose weight

Akis to be learned via training. The values of thatdee
functions may range betweerl ] ....+ [, but typically they

are binary. To make all conditional probabilitiesrsup to 1,
we must calculate the normalization factor,
T K
Zo=YsexpQ. > Adc(si-1,3 0,1)),
t=1 k=1
Polibits (46) 2012
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classes:

REPORTING: Describes the action of a person or an
organization declaring something, narrating an gven
informing about an event, etc.

PERCEPTION: Includes events involving the physical
perception of another event. Such events are tjpica
expressed by verbs likesee watch glimpse behold view,
hear, listen overhearetc.

ASPECTUAL.: Focuses on different facets of event history.

http://crfpp.sourceforge.net
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I_ACTION: An intentional action. It introduces an event The sentence is traversed to find the argumengtarg
argument which must be in the text explicitly désiog an relations. A sentence is scanned as many timeseasumber
action or situation from which we can infer someghgiven its  of target words in the sentence. In the first traakinspected
relation with the I_ ACTION. is identified as the event. In the second psagl is identified

| _STATE: Similar to the |_ACTION class. This class inclsde 8 an event. All the extracted target words aratereas the
states that refer to alternative or possible wondsch can be €vent words. We observed that many of these tavgeds are

introduced by subordinated clauses, nominalizations identified as the event expressions by the CRF indgie,
untensed verb phrases (VPs). there exists many nominalised event expressiomsdeverbal
noung that are not identified as events by the supedviSRF.
Yhese nominalised expressions are correctly idedtifas
events by SRL. We observe performance improvemeitht w
Occurrence: Includes all of the many other kinds of eventshe inclusion of this module.

that describe something that happens or occuteimorld.

STATE: Describes circumstances in which something obtai
or holds true.

IV. USE OF WORDNET FOR EVENT EXTRACTION

WordNet [23] features have been widely used toagxtr

Il. USE OF SEMANTIC ROLES FOR EVENT EXTRACTION different lexical categories, such gert-of-speech (POS),

We use Semantic Role Label (SRL)[9] [20] to identif stem, hypernymneronym@stanceandcommon-parentsanq

. demonstrated its worth in many taskdere, WordNet is
different features of the sentences of a docum&hese

features help us to extract the events from the feor each mainly used to identifynon-deverbal event nounsie
. . : . observed from the outputs of CRF and SRL that thente
predicate in a sentence acting as event word, semares

. o . entities like tvar, ‘attempt ‘tour etc. are not properly
extract all constituents, determining their argutsefagent, . o ' L
patient, etc.) and their adjuncts (locative, terapagtc.). Some identified. These words have noun (NN) POS inforamgtand

. . . — the previous approaches, i.e. CRF and SRL can idslytify
of the _oth_ers features like predicate, voice and veLb those event words that have verb (VB) POS inforomatiVe
categorization are shared by all the nodes in ithe. In the

! . know from the lexical information of WordNet thduet words
present work, we use predicate as an eve&Sgmantic roles . , o
N like ‘war and ‘tour are generally used as batbunandverb
can be used to detect the events that are the nbmnaitions of . . .
. forms in the sentence. We design two followingesubased
verbs such asagreementfor agree or construction for

construct Event nominalizations often afford the sameOn the WordNet:

semantic roles as verbs, and often replace themvriten
language [21]. Nominalisations (oeverbal nour)s are
commonly defined as nouns, morphologically derifeamn
verbs, usually by suffixation [22]. They can bessified into
at least three categories in the linguistic literaf event,
result, and agent/patient nominalisations [23].rE\and result
nominalisations constitute the bulk deverbal nouns. The
first class refers to an event/activity/procesghwine nominal
expressing this action (e.qg., killing, destruct&tn.). Nouns in
the second class describe the result or goal afction (e.g.,
agreement, consensus etc.). Many nominals haveanotivent
and a result reading (e.g., selection). A small&ss is
agent/patient nominalizations that are usually fified by
suffixes such aset, -or etc., while patient nominalisations en
with -ee -ed (e.g. employee). Let us consider the following
example sentence to understand how semantic ralesbe
used for event extraction. We used WordNet to extract the event expressioas th
appear in the WordNet with both noun and verb seridere,

All sites were inspected to the satisfaction of itt@pection we mainly concentrate to identify the specific tati classes
team and with full cooperation of Iraqi authoritieBacey like ‘inspection and ‘resignation: These can be identified by

Event Stem It denotes the stem of the head event.

Rule 1 The word tokens having Noun (NN) PoS categories
are looked into the WordNet. If it appears in therdNet with
noun and verb senses, then that word token iscalssidered

as an event. For exampiear has both noun and verb senses
in the WordNet, and thus considered as an event.

Rule 2 The stemsof the noun word tokens are looked into
WordNet. If one of the WordNet senses is verb titentoken
will be identified as verb. For example, the stehpposal
i.e. proposehas two different senses, noun and verb in the
WordNet, and thus it is considered as an event.
We observe significant performance improvement o
gevent extraction with the above mentioned two rules

V. USE OF RULES FOR EVENT EXTRACTION

said. the suffixes such as -€ién), (‘-tion") or (‘-ion’), i.e. the
morphological markers of deverbal derivations.
The output of SRL for this sentence is as follows: Initially, we run the CRF based Stanford Named tigr{t\E)

taggef on the TempEval-2 test dataset. The output of the
[ARGL1 All sites] were [TARGET inspected] to theisfattion system is tagged witlPerson Location Organization and
of the inspection team and with full cooperation Icgi  Other classes. The words starting with the capital Isteae
authorities, [ARGO Dacey] [TARGET said]

2 http://nlp.stanford.edu/software/CRF-NER.shtml
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also considered as NEs. Thereafter, we came up thigh  The test data had 373 verbal and 125 non-devermaite
following rules for event extraction: nouns. Overall evaluation results are reportedabld 1. The
CRF based system shows the precision, recall amgdsure
values of 75.3%, 78.1% and 76.87%, respectivelye Th
performance increases by 1.39 percentage F-megsimés
with the use of semantic roles. Table shows veigh h
performance improvement (i.e., 11.01%) with the wfe
WordNet. The rule-based component also shows the
effectiveness with the improvement of 5.20 F-measur
Cue 2 The verb-noun combinations are searched in thgercentage points. Finally, the system achievegthcision,
sentences of the test set. The non-NE noun wordnilare recall and F-measure values of 93.00%, 96.00% dndi7%,

Cue-1 Nouns which are morphologically derived from \&rb
are commonly distinguished as nominalizations ¢mverbal
nouns). The deverbal nouns are usually identifigd tie
suffixes like “tion’, -ion’, "-ing’ and -ed etc. The nouns that
are not NEs, but end with these suffixes are cemsitl as the
event words.

considered as the events. respectively. This is actually an improvement of
. approximately 12% F-measure value over the besbr

Cue 3: Nominals and non-deverbal event nouns can bS b y ° tep
. - stem [8].
identified by the complements of aspectual PPs dubduy
prepositions like during, after and before and complex .
prepositions such a& the end oindat thebeginning ofetc. (-2)

i Wii- 1)
The next word token(s) appearing after these clue _
word(s)/phrase(s) are considered as events. v:/NI

i+1
Cue 4: The non-NE nouns occurring after the expressiaob s Wis2)
asfrequency qfoccurrence ofindperiod ofaremostprobably Combination ofv; and w;
the event nouns. Combination ofv; and Wi,
Cue 5: Event nouns can also appear as objects of aspectua Dynamic output tagtj of the previous token
and time-related verbs, such have begun a campaigor Feature vector of; of other features
have carried out a campaigetc. The non-NEs that appear Figure 1: Feature template used for the experiment
after the expressions likhdve begura”, “have carried out
a” etc. are also most probably the events.
TABLE 1.

VI. EVALUATION RESULT EVALUATION RESULTS OF EVENT EXTRACTION(PERCENTAGE$

We use the TempEval-2010 datasets to report tHeatien Model precision Recall F-measure
results. We start with the development of a CRFebaystem. cRrg 75.30 78.10 76.87
We develop a number of CRF models depending upen thcrE+SRL 76.60 80.00 78.26
various features included into it. We have a trajnilata in the cRfE+SRL+WordNet 88.56 90.00 8927

form W, T, where,W is thei" pair along with its feature CRE+SRL+WordNet+Rules  93.00 96.00 94.47
vector andT; is its corresponding output label (i.&yentor

Othen. Models are built based on the training data tred

feature template. The procedure of training is sanwed VIl. CONCLUSION
below: In this paper, we have reported our work on evetraetion
1. Define the training corpus, C. under the TempEval -2010 evaluation exercise. dlhjti we
2. Extract the token output> relations from the training developed a CRF based supervised system for event
corpus. extraction. This CRF based systems suffer mostly in
3. Create a file of candidate features derived fréwa t identifying the deverbal nouns that denote the tven
training corpus. expressions. Thereafter, we came up with seveogdgsals in
4. Define a feature template. order to improve the system performance. We prapase

5. Compute the CRF weightg for everyfy using the CRF number of technigues based on SRL, WordNet and
toolkit with the training file and feature templaés handcrafted rules. Evaluation results yield thecigion, recall

input. and F-measure values of 93.00%, 96.00% and 94.47%,
6. Derive the best feature template depending upen thespectively. This is an improvement of approxiryate2
performance. percentage F-measure points over the best perfgrayistem
7. Select the best feature template obtained from &te  of TemEval-2010 evaluation challenge.
8. Retrain the CRF model Future works include the identification of more gse rules

for event identification and multiword events. Fetuvorks
also include experimentations with other machinariing
techniques like maximum entropy and support vectachine.

We use various subsets of the template as showigime 1
during our experiment. In the figurey, : Current <¢oken,
output> pair, W) : Previous nth pairw.n : Next nth pair,
ti.1. previous pair.
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Graphical Description of Soft Fault on
Manufacturing Systemsdihg FDI Strategy:
a SCL Approach

E. Lebano-Perez, C. A. Gracios-Marin, J. F. Guerfgastellanos and G. A. Munoz-Hernandez

Abstract—This work shows the benefits of a virtual graphich
environment to model soft faults behavior in the reources of
typical manufacturing processes applying Fuzzy Fi#r Time
Series. It is shown in this work that using the prgramming tool
called Scheduling Control Language (SLC), it is pasble to
improve the level of abstraction to introduce non-éterministic
characteristics in the structural and functional description for
each resource and the whole definition for the modeA graphical
representation is proposed to generate an on-linelgiform as a
virtual manufacturing laboratory. This instrument w ill be useful
for academic, research and industrial applicationsThis tool can
be used for validating and evaluating models, simation of
scheduling tasks and verification of control algoithms.

Index Terms—Graphics utilities, Virtual device interfaces,
Virtual instrumentation

I. INTRODUCTION

After that, fundamental theorems for modeling manctiring
systems using C.A.D. environments are discussed.
Subsequently, the use of SCL language to desctibetsral

and behavioral is explained. Finally, conclusioresdrawn.

Il. FUNDAMENTAL THEORY

When the standard of "Intelligent" is desired to be
accomplished current manufacturing processes nusee
new requirement of high performance characteristiosh as:
interoperability, open and dynamic structures, red#&on
between human beings, software and hardware anid fau
tolerance [1].

The Integration of human beings with software and
hardware means that people and computers need to be
incorporated to work collectively at various stagefsthe
developed product, and even the whole productifde with
rapid access to require knowledge and information.

he design in rapid prototyping approach for modaglin Heterogeneous sources of information must themtegyiated

simulation, fault analysis and control
manufacturing systems, have interested to acadenit
industrial communities in the last 10 years. Sevsotutions

of flexibleto support these needs and to enhance the decapabilities

of the system. Bi-directional communication envirents are
required to allow effective and quick communicathmtween

have been proposed to design using rapid protagypinhuman beings and computers to facilitate the iot@ma.

however these solutions have not contemplated ribertion
of intelligence in the elements and devices indlude the
process.

Besides, requirements such as: the active interacti the
human with software and hardware, agility, fauletance and
the adaptability in general, are decisive charaties that any
intelligent manufacturing system should satisfy [1]

Therefore, new methods and tools for designingukiting
and controlling, must include a unified modelingdaage that
allow a direct translation between the parametdrsthe
process and the different strategies of intelligamttrol.

In the case of Fault Tolerance requirement, theesys
should be fault tolerant in both cases: at theesgdevel and
at the subsystem level. This characteristic is i@ to be
able to detect and recover from system failures ramdmize
the impact on the working environment. When the two
requirements are needed to be verified in a Martufeg
Process, it is adequate to use the Computer Emagat in
modeling, simulating and Model Based Direct Control
Generating [2].

In many applications in which a malfunction of thgstem
can cause significant losses or even cause damgehet

The present work begins with a brief description o&nvironment or human life, a fault analysis modetdquired

modeling, simulation and control of manufacturingtems.
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to evaluate the performance in order to anticigadssible
faults. Examples of such areas are material tratisgo
process controlling and instrumentation. The systeised in
such or similar application areas are expected xbibé
always an acceptable behavior. This system propgrtften
referred as “dependability”. Any deviation from theceptable
behavior is considered a system failure. Failurescaused by
faults, which can arise in different phases of flrecess
system lifecycle [3].

By definition, a fault represents an unexpectednghkaof
system function, although it may not represent gsjual
failure. The term failure indicates a serious bdeain of a
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system component or function that leads to a sSiamftly
deviated behavior of the whole system. The ternit f@ther
indicates a malfunction that does not affect sigaiitly the
normal behavior of the system [4].

An incipient (soft) fault represents a small anteofslowly
developing continuous fault. The effects on theeysare in
the early stages almost unnoticeable. A fault iedaard or
abrupt if its effects on the system are larger andg the
system very close to the limit of acceptable betravA fault
is called intermittent if its effects on the systane hidden for
discontinuous periods of time. Although a faultaterable at
the moment that it occurs, it must be diagnoseéad/ as
possible because it may lead to serious consegsiesiter
some time [5].

A fault diagnosis system is a monitoring systent ihaised
to detect faults and diagnose their location agdiicance in
a system. The system performs the following tasks:

Fault detection: to indicate if a fault occurrednaot in the
system.

Fault isolation: to determine the location of thelf.

Fault identification: to estimate the size and matof the
fault.

The first two tasks of the system -fault detectiand
isolation are considered the most important.

Fault diagnosis is often named as Fault Detectiod a

Isolation (FDI). A fault -tolerant scheme is a rebsystem

that continues to operate acceptably after faukspaesented

in the system or in the controller. An importardatige of such
system is the automatic reconfiguration, once dunation is
detected and isolated. Fault diagnosis contribistetevelop a
fault-tolerant control system, which will be capabbf
detecting and isolating the faults in order to dechow to
perform reconfiguration [6].

Using a modeling Soft Fault Graphical Environmethig
model based fault diagnosis can be defined as
determination of the faults in a system by compgaewailable
system measurements with a priori information regnéad by
an analytical/mathematical model system, througheggion
of residuals quantities and their analyses [6].

When an analytical model is used to represent gaiem
under diagnosis, it cannot perfectly model unceti@s due to
disturbances and noise. The differences provokethéyon-
complete description of the model, cause residuwdues,
which are instruments to indicate faults. Vasilg Bnd
Lakhmi [6] presented a robust FDI scheme that plesi
satisfactory sensitivity to faults, while being usb
(insensitive or even invariant) to modeling unceities.

The principal challenge in designing a robust F&¥esne is
to make it able to diagnose incipient faults. THeas of an
incipient fault on a system are almost unnoticedhlehe
beginning, thus effects of uncertainties on theesyscould
hide these small effects. Gracios et al [7] presra work

can be used to model, simulate and obtain the @lofar the
system. Therefore it is possible to include faudtthe activity
or availability for the resources such as Robotd\.C.,
Conveyor Belts, etc.

Cassandras [8] has proposed Three Levels of Altistnaio
the Study of Discrete Event Systems, i.e. untineeddgical),
timed, and stochastic.

Queuing models provide a convenient framework
describe manufacturing systems because their repdiqal
limitations (Fig. 1), buffers in a manufacturingssym usually
have finite size. However when a type of faultrisarted for
tolerance analysis the size of the model could noeensed
exponentially. If this procedure is inserted as agorithm
developed in a C.A.D. platform, describing the ctwal and
behavioral level of the system, then the computinge is
difficult to reduce [9]. Munoz-Hernandez et al [18hve
reported some novel schemes to describe efficientlysize
and computing time, the wuse of Graphical C.A.D.
environments.

to
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CNC
Drilling
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Milling
Machine ¥

=10
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Fig. 1. Typical resources for a Manufacturing Bgst

the

Examples as VHDL, Matldb and others platform have
been applied with good results. Recent solutionngisi
explicitly environment have been also reportedhiissue of
manufacturing process, Nasr and Kamrani [11] eistaddi the
use of C.A.D. modeling as part of a framework dmilative
environment.

Design problems can be decomposed into models asich
physical components, parametric models, or analysis
procedures. The important aspect of the proposeudwork
is the integration of these models used during dksign
process in the collaborative environment. Thus,gtaposed
collaborative framework allows the integrated mottlbe
revised with any change made by individual involvedhe
modeling process. The individual does not haventyae the
scenario repeatedly for every change in the desigiariables

where any Manufacturing System can be describedh asand to validate it for each instance. This framéwailows the

Discrete Event System (DES) because when digitasess designer to collaborate with the vendors, and othesign
and actuators are included in each resource, ugiigy t€am members to speed up and optimize the desiress
approach typ|ca| methods of mode”ng Discrete EMem Considering the relationship within these modelaraihetric
Polibits (46) 2012
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modeling can also be introduced to take its adp#taof The main characteristic provided by Qdests the
quicker response, accuracy, consistency, docuniemi&tc. possibility of inserting the source code to inceetie level of
Several companies around the world have developédscription (open programming). The Simulation @aint
frameworks with programmable tools to describe redlanguage (SCL) [13] is a procedural language used t
resources with libraries and capabilities to charthe construct logic, which can be employed to govem dbtions

structural and behavioral description. and behavior of individual model entities in a slation. SCL
incorporates conventions commonly used in highlleve
lll.  GRAPHICAL APPROACH computer languages with specific enhancements ikmrete

There are several methods proposed to develop tﬁgen_t logic processing and simulation environ_mequiries.
description for the structural and behavior defmitof each [N Figures 4 and 5, samples of the capability tscdbe
resource included in a typical manufacturing systémthis Parametric details for each resource is showethiscase, the
study, the method proposed by Gracios [9] was chdse functional parameters for the robot, in its pataciehavior.
demonstrate the reduction of size and timing in ititernal
environment scheduling. The application of the rodthvas
developed by Lebano [12], the model is currentlgdugor
teaching and researching in postgraduate coursetheat
“Universidad Popular Autonoma del Estado de Puebla”

The first level of application is: to determine tlagout for
the system to establish the physical distributiom &ach
resource. Figure 2 shows this abstraction level.

- — |
e T

| |
Pallet Ccyclic
’ Conveyor
Belt
Milling Drilling
Station Station

Robot

Fig. 2. Layout for the system.

For the particular case of the Cyclic Conveyor Betfily the
interaction with the robot, pallets, and machirgedascribed.

The second level of abstraction for the system tds:
describe the structural part of each resource. thiar step,
QuesP by Delmi& (Dassault System) was used as the C.A.D.
environment.

Figure 3 shows the initial graphical descriptiontfee robot Fig. 5. Parametrical information.
in the system. Quésprovides a complete graphical tool that
accepts files from other platforms, as Solid W8rks

The term "logic" is used to describe the decisicakimg
activities that occur at specific instances dutimg simulation.
QUEST® provides large numbers of built-in logic; however,
because unique and complex requirements may nahdte
with the standard built-in logic, the user may cosp custom
SCL logic programs to control any or all aspectelgfment
behavior. An SCL file may contain several SCL logic
programs. SCL logic may be written to control:

— Routing.

— Processing.

— Queuing.

— AGV/labor Motion.

— Decision Paint Activity.

— Initialization, Termination, Simulation.

— Pre and Post event actions.

— Defined user behavior (buttons/macros).

Fig. 3. Structural graphical description for toéaot.
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SCL defines several data types that allow the programmer

to access the specific information of each eleménalso
provides a rich collection of built-in procedurasdaroutines
that can be used to call actions in the model sisctouting or
starting a process.

The solid models of the components for the compégte
tem are generated and can be displayed at thentedace in
graphical format. This gives to the designer thpasfunity to
visualize the different alternatives and the optimu
configuration of the component. These CAD modelsaas
repository can further be used for FDI analysis, b&le
generation, manufacturing documentation, reuse Hew
products, and several other applications.

IV. INSERTINGSOFT FAULT.-SIMULATION
AND CONTROL STEPS

When the insertion of any fault in the behaviomiade, the
"normal” activity of the logic for the resource mube
modified. In Figure 6, the SCL code is listed imnts of a
minimal variation when a fault is inserted. In tBisction, the
complete structural and functional behavior for tivhole
system is shown.

failure_mode

DATATYPE:

Integer

DESCRIPTION:

This is an integer attribute that retums an mteger corresponding to the falure
mode set for the failure class. The options are:

FAIL_SIM_TIME faitre mode depending on simulation titme - 0

FAIL BUSY TIME faihwe mode depending on'busy time - 1

FAIL PART COUNT falure mode depending onprocessed part count - 2
MODEL FILE NAME:

scl_push mdl

SCLMACRO:

fathre: mods scl

EXAMPLE:
Brocedare EaiiMode ()

Var

the fail class @
Segin

Fig. 6. SCL code example for fault insertion.

When the submenu of Simulation is selected, ne\s tace
available to insert the parametrical restrictions the FDI
analysis. Figure 7 shows these new characteristies. tabs
which will be more used are: Simulation, SCL pragrand
the subtab of experimentation. The subtab is usedtain the
graphical report of simulation without faults andftsfaults
routines.

Figure 8 indicates the graphical representation thoef
Logical Sequence Assigned for this example. Thauréig
shows an application of graphical modeling to DetBoft
Faults in the real system.
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Fig. 8. Logical Sequence description.

SCL environment is used to insert the Soft Fault

considering four restrictions:

The number and type of soft faults were obtained by
Lebano [12] and was reported in [14].

The graphical model is expressed in the preseitleart
with restrictions by Copyright Laws of the institurt
(Universidad Popular Autonoma del Estado de Puebla)
The results obtained with this model have only acaid
and research application.

The soft fault model is focused
interaction with the other resources.

in terms of robot

The preliminary description of a fault in the adivof the
robot is presented in Figure 9 using SCL code. ifkertion
of soft fault is developed by the used of researesults
presented by Munoz et al where Fuzzy Time SerigS)Fre
applied as a stochastic model in [15].

V. CONCLUSIONS

This work has shown the use of a C.A.D. environment
inserting the ability of fault detection and isadeit modeling
where a typical manufacturing system has incluadgtfaults.
The level of abstraction obtained is a good appgroax
develop a virtual graphic environment to model, idate and
control manufacturing system using online interfac&éhe
quality of the graphical models is adequate tortserited into
the real structural environment and functional lvéra
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Fig. 9. SCL description for the robot on soft faxdnditions.

(1

(2

(3]

(4]

(5]

(6]

Scheduling Control Language is a novel approach to

describe non-deterministic activities in each paft the
system, and the inclusion of soft fault in the véhalystem
offer new alternative on the modeling, simulatioaad
verification of control strategies where a virtl@boratory is
required.

Perhaps the advances in this work, the model adratype
of resources, Automatic Guided Vehicle, Controllase
needed. The application of different types of coltdrs
requires the description of a tool for the inclus@f dataports
or buses and to add personal behavior like operator
supervisors can be described using new attributéshwcan
be defined in the platform.

The complete system has been installed and usethéor

(7]

(8]
(9]

[10]

students and researchers of the Universidad Popul&H

Auténoma del Estado de Puebla, where practical reeqpees
are developed, those experiences are mainly: teeaction of
humans with software and hardware, in presencefbffault
in the line of knowledge generation, and the appiin of
Intelligent Manufacturing Systems in under- andtgpaduate
levels [12, 14].
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VIirtUATX: A Virtual Reality and
Visualization Center

Marva Angélica Mora Lumbreras, Alvaro Jair Martingarela, Julio Cesar Calva Plata,
Rubén Alfredo Mejorada Lira, Brian Manuel Gonz&Bmtreras, and Alberto Portilla

Abstract—The construction of a Virtual Reality and
Visualization Center in a public or private Universty results in a
series of benefits; it allows the students to intact with modern
technology, to learn with different tools. Specifially, this paper
focuses on a Virtual Reality and Visualization Ceregr built at the
Bachelor in Computer Engineering at the AutonomougJniversity
of Tlaxcala, this center is called VirtUATx. VirtUATx allows
building different virtual environment multi-screen considering
the head movements through a professional head trizer, a full
navigation system by means of recognition of body awrement's
using Kinect or manual using keyboard. Furthermore,VirtUATX
incorporates 3D object manipulation, anaglyphic and active
stereoscopy and 3D sound. This Center is used infferent
courses, such as Research Seminars, Computer Grap$j
Research Methodology, and Interaction Human-Compute but in
the future this center will benefit other bachelors
world,

Index Terms—Virtual Reality, virtual immersion,

stereoscopy, 3D sound, manipulation

I. INTRODUCTION

VIRTUAL Reality and Visualization Center

producing

disciplinary projects, combining the talents ofeaxhers
in many areas.
environments involves the use of different coursegh as:
Operative Systems, Computer Networks, Interactiaméah-
Computer, Computer Graphics, and Mathematics, so
construction is ideal for Bachelor of Computer Ergring.

Currently there exist several Institutions and Rede
Centers with their own virtual environments. Onethed most
popular virtual environments is the CAVE (Cave Autiic
Virtual Environment), this concept was developed tla
Electronic Visualization Laboratory at the Univeysiof
lllinois at Chicago since 1992 [1].

In Mexico there are some Universities use VirtuabRy.
Universidad Nacional Anténoma de México (UNAM) ia a
example of this. UNAM has built a visualization ebstory
called Ixtli, which uses virtual reality tools [2]Colima
University focuses on teaching using virtual rgd&, 4].
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allows
research and the development of multiFhe system allows:

Furthermore the construction of ethes

II. VIRTUATX

An Advanced Visualization Center involves many
resources, such as hardware, software, installgtiand
specific applications. Moreover, there are othesués that
must be considered such as: immersion, projectipast and
the user interaction.

VirtUATX is composed mainly of two parts:

The physical part, which includes gaming computers,
monitors, three back and front projection screéms, 3D
projectors, six loud-speakers and input devices lik
head-tracker and two Kinects

The virtual part, which includes the software failéiing
different flexible virtual environments and virtuabrlds.

In order to have an effective immersion experience,
VirtUATx allow for the creating of involve virtual
environments, when it is cubic the size is 3X2X3ame

lll. VIRTUATX DESIGN
In this section, we show the general scheme ofUXx.

Displaying virtual environments across multiple lemyar
and not coplanar screens (monitors and/or projectio
screens).

Using three input devices: keyboard, head-tracket a
kinect.

Different virtual environments using OpenGL, 3D$da
Java.

Anaglyphic and active stereoscopy

Full Navigation.

it

VirtUATx uses a client-server structure, which alfofor
the use of a set of devices connected via net.ign F the
white squares represent the server and the clighis. gray
squares represent the virtual worlds and the méatipao kind.
A client is a computer, which display part of atwal world on
a screen or monitor.

The server manages one or more clients (screemkjsan
responsible for doing a set of tasks. The serbtains the
screen configurations, updates the viewer positiwough an
input device, which can be a keyboard or a heatkéra A
user choices a virtual world through the server.

Each client knows the information about its screEnis
information includes the real position, the sizenda
information about whether the virtual world is s@@scopic or
not. The client establishes communication with $bever via
messages. Then the client sends its screen coatfiguirto the
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server, and the server returns the information sesrg to
determine the section of the world that correspotudshe
display. The client frequently asks the server tfo viewer
position as well as the camera position to be &bfevigate.

.y |

. Model_View ‘ .
-

A

Fig. 2. Frustum

Virtual World

F 3

Fig. 1. General Scheme

IV. INTERACTING INVIRTUATX

Typical interfaces use only keyboard and mouseghvis Viewer positior

insufficient to generate immersion because in auair Fig. 3. Viewing Frustum
environment is important a natural interaction,réfiere, a )
virtual environment requires appropriate devicesnteract.  VitUATX uses n screens, therefore use frustums.

VirtUATx uses different interaction methods. Thesfimethod Producing a virtual world divided into regions, seeare
consider the viewer position to calculate the visimlume displayed on individual screens. The projectionteefor all
through of generic frustum (described in this sedti the Screens is the viewer position. Fig. 4 shows ammgie built
second interaction method is the navigation invibeld using With four screens and Fig. 5 is other configuratiing four
translations and rotations movements and a virtamhera, SCreens too.

finally the specific 3D object manipulation, suck scaling,
rotations and translations.

A. Headtracking

A view volume is a perspective projection callédistum,
view frustum and viewing frustum. VirtUATXx uses frustums to
display virtual worlds in multiples screenskrustum
determines the region of a virtual world that isngoto be
displayed on a screen [5]. It is defined by teer, far, left, Fig. 4. A virtual environment built with four scres
right, top, and bottom distances between the screen and the
viewer position.Near and far are the planes that cut the
frustum and are perpendicular to theaxis. Theprojection
center is the pyramid apex and a projection plane is feral
plane to the pyramid base. Thision line, also calledrustum
axis, if this line is perpendicular to the screen cermted is Bl T - --
spread orZ axis the frustum is symmetric, in any other case is -
asymmetric.

Frustum uses viewer's and the screens’s posititins,
viewer position is located in the pyramid apex amckry

screen is a projection plane, see Fig. 3. Using théethod, Fig. 5. An involve environment built with four pesjtions
VirtUATx is dynamic, and every user movement prashic
different views in the virtual world. When the frustums are miscalculated in a Vvirtual

When aviewing frustum is miscalculated, the viewer seesenvironment built withn screens, the information does not
the incorrect information, although tHeustum only differs look continuous, on some occasions the objects loak
some millimeters. wider, thinner or even folded. Therefore, it is essary to
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synchronize all measures involved in the envirortragid take B. Navigating a virtual world using a kinect

into consideration the screen frames. VirtUATx displays a virtual world and uses a methiod
The result on apply frustums is shown in Fig. 6FBese nayigating in first and third person [6]. Furthemmo

configurations were built with two computers. VirtUATX uses a Kinect, which allows navigating tverld in

six different directions. This device has the advantage

providing full freedom of movement to the viewer.

— If the viewerturns his body to his left, right, up or down
direction, the virtual environment will turn an aygite
angle that the viewer turns.

— The moves in the virtual world are made in accocdan
with body movements, when the viewenves his body
left, right, upward, downward, forward, or backwaske
Fig. 10.

\

Left

It

Fig. 10. Navigation using a Kinect

FloorW

C. Manipulating 3d Objects using gesture recognition

VirtUATX incorporates a better interaction in itdrtual
world on using a system for manipulating 3D objebt®ugh
hand movements, the operations used are translatitation
and scaling. The recognition is done using a Kinege

Fig. 8. Monitors rotated 90 degrees on z axis Fig. 11. Manipulating 3d Objects using hand moveismien

V. 3D SOuND

Digital sound has evolved [7], currently, the ussaund is
becoming a more common tool in virtual environmgnts
because it adds a certain level of realism to aimual
environment [8], in addition, sound allows for hayia better
interface, because indicate the reception of comaisizor
confirm some activities [9]. Even music helps tonipalate
user’s emotions, including happiness, sadness, algost

peace, etc.
. 3D sound means that a listener hears sounds from an
Fig. 9. Two monitors and a Head-Movement-Tracker direction; this sound is generally simulated byoanputer. 3D

sound has many characteristics that can providarddges in
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virtual environments. VirtUATX incorporates 3D doe the Wall Eyed, Crossed-Eye Viewing, View-Master, Head-
following characteristics: Mounted Displays, active stereoscopy, passive csemy,
. . Two-color Anaglyph, Wiggle Stereoscopy, Autosteaogs,

B 3D. Sound prowdgs extrg h-elp for the user to fm_ ulfrich Effect gD?fspplays vg\]/gh Filter Arraygyetc.

objects when he 1S nawgatlng, because the hearlngVirtUATx includes active and Two-color Anaglyph

system can determine the Ioca.t|0n.0f the spund:eeur stereoscopy, both techniques allows for seeingaseopy in
— The 3D Sound produces a high immersion level in Giant virtual environments.

virtual environment. _ . Fig. 13 shows the assembly of a computer usingveacti
— The 3D Sound helps to interpret distances amongereoscopy. Fig. 14 shows Research Center of dllege of

objects. Engineering and Technology using anaglyphic teakmiq
— The 3D Sound facilitates a more natural interaction

because it is similar to the sound in the real dorl

— Sound can provide additional information to a graph
world, by helping users to understand extra infdioma
without extra effort.

3D sound is similar to 3D graphics; it uses theitmoss of
the sound sources, besides the listener orientatidrposition
for creating a real effect. The rotations that tistener is
permitted to make are called Elevation and Azim&tke Fig,
12, Elevation is the angle along the vertical plak@muth is
the angle along the horizontal plane. With thegatians user
is able to see a virtual world in its entirety gmerceive the
sound from the new positions. In VirtUATX theseatiins are
included.

Fig. 13. Computer with stereoscopic view

1

Elevation
'Y

Z :
Azimut

Fig. 12. Elevation and Azimuth rotation Fig. 14. Research Center of the College of Engingeand Technology

The allowed translations in the navigation of tksrk
include left, right, upward, downward, forward, and VIl
backward. ) ) ) ) ) )
Three important coordinates are used in virtUATRe t [N this paper VirtUATx is presented, VirtUATX ised with
positions of the sound sources see (1); the listeosition, see Undergraduate students; furthermore it has beesepted

RESULTS

(2); and the orientation, see (3). events of different acgdemic levels s_uch as highoais,
bachelors and masters in the Tlaxcala city.
SourcePosition, = X, Y, Z,, 1) Every technique has been tested in the coursesnatit
where n= 1, academic events from manipulation, stereoscopy,ndou
LPosition = L., (2) continuity and coherence between screens, including

immersion level, etc.

LOrientation =R,,R,, ) Fig. 15 shows VirtUATx in the Computer Graphics sz

VI. STEREOSCOPY

Although the human beings are able to see withhdapt
natural way, some scientists have worked on th#icat
simulation of this perception since the nineteesghtury. Sir
Charles Wheatstone who built the first stereosdopE338 is
considered one of the pioneers in stereoscopy [10].

The stereoscopy consists in using two photographs o
images, one for the left eye and one for the rig¥then they
are combined they provide an illusion of depth bgveing us Fig. 15. VirtUATx built with two screens, a classrdonstration
to see three-dimensional views in an artificial wakere are
different stereoscopic techniques such as Parndieking or
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Fig. 16 shows a section of VirtUATx presented itnigh
school.

Fig. 16. A section of VirtUATx presented in a higthool

VIIl. CONCLUSIONS

This paper presented a Virtual Reality and Viswadign Center
built at the Bachelor in Computer Engineering a #utonomous
University of Tlaxcala. VirtUATx can change in sjzehape (angle
between screens), monitors, projections, etc.s itotally flexible,
allowing it to be employed in varied projects.

Different students have used VirtUATx in courseschsuas
ResearctSeminars, Computer Graphics, Research Methodokogy,
Interaction Human-Computer, furthermore academients; with
satisfactory results. VirtUATx allows the studemdsinteract with
modern technology; in addition, it allows working iresearch
complex projects, although the construction afuél environments
is a complex work.
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Anonymizing but Deteriorating
Location Databases

Tran Khanh Dang and Tuan Anh Truong

Abstract—The tremendous development of location-based
services and mobile devices has led to an increase location
databases. Through the data mining process, valuabl
information can be discovered from such location dabases.
However, the malicious data miner or attackers maylso extract
private and sensitive information about the user, ad this can
create threats against the user location privacy. ferefore,
location privacy protection becomes a key factor téhe success in
privacy protection for the users of location-basedervices. In this
paper, we propose a novel approach as well as argafithm to
guarantee k-anonymity in a location database. Thelgorithm will
maintain the association rules that have significaze for the data
mining process. Moreover, there may appear new sidficant
association rules created after anonymization, theynaybe affect
the data mining result. Therefore, the algorithm aso considers
excluding new significant association rules that & created
during the run of the algorithm. Theoretical analyes and
experimental results with real-world datasets will confirm the
practical value of our newly proposed approach.

Index Terms—k-anonymity, location databases, data mining,
privacy protection.

|I. INTRODUCTION

ODAY, advances in location technologies and wirgle

communication technologies enable the widespre
development of location-based services (LBSs). Winging
services, the user may face with risks becauselatetion
information of the user can disclose some privatermation.
Therefore, we need to protect the location inforomabf the
user from attacking of malefactors.

The user’s location privacy should be protectedtvim
stages. In the first stage, the location privacpusth be
protected at the time of using services. One popukethod
used in this stage is to obfuscate the user’s dgaation with
respect to service providers in order to hide ther's location
information. These solutions focus on preventing tiser’s
location from an illegal observation at the timesefvice calls.
We also proposed some approaches to obfuscatestiés u
location in [2, 3, 11, 22-25]. In the second stabe,location
privacy of the user should be protected as the'susmration
information is stored in the database for data mgmiurposes.
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In this stage, the location information of the usel be
anonymized before these data are published to other
organizations or companies.

In this paper, we will focus on protecting the Uséwcation
at the second stage when the location data is dstioreéhe
database for data mining purposes. We assume tiext the
user uses services, he/she will provide his/her kbgation to
service servers and the service servers will shwefarmation
about the location of the user. Then, many orgdiozs,
companies or individuals may collect these locatiata.

Through the data mining process, some valuable
information can be obtained. However, these locatiata
maybe disclose some private information of the .ugar
example, the attacker queries the database andescesults,
but he also has some knowledge about the servitériks the
knowledge with the results to obtain some sensitive
information. Therefore, we should protect thesafion data
before they are collected by organizations, congsmror
individual. Fortunately, we have some techniquegitotect
user data before publishing these data as randtamiz&-
anonymity, etc. Among them, k-anonymity is an intpot

gdnethod for privacy de-identification. The motivatiriactor
Qehind the k-anonymity technique is that many tadtes in the

data can often be considered pseudo-identifiergtwban be
used in conjunction with public records in orderumiquely
identify the records [1, 5].

This paper will improve the approach which was issd
in [4] and will use this improved approach to anoige the
location database to achieve an effective k-anomgmersion.
This approach does not use two popular technigques
(generalization and suppression) because data after
anonymizing by these techniques may not be sigmifito the
data mining processes. The approach will use anigcb
which is calledMigrate Member techniqu& anonymize the
database [4]. The approach also considers thet rebudlata
mining process by maintaining association rulest thee
significant to the data mining process.

The rest of this paper is organized as followsSéttion I,
we briefly summarize related works. Section llirattuces
definitions and calculating methods of crucial esuor the
algorithm. Next, Section IV presents the propodgdriahm to
guarantee k-anonymity in location databases. Empsrial
results are shown in Section V. Finally, Section présents
concluding remarks as well as future works of qapraach.
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Il. RELATED WORK

A. k-anonymity

The notion of k-anonymity, proposed by Samaratj [F]an
approach to protect data from individual identifion. k-
anonymity is a property that models the protectibreleased
data against possible re-identification of the oegfents to
which the data refer. Intuitively, k-anonymity sstthat each
release of data must be such that every combinafimalues
of released attributes, which are also externalbilable and
therefore exploitable for linking, can be indistiganatched to
at least k respondents.

k-anonymous data mining has been recently introdius
an approach to ensuring privacy-preservation wieeasing
data mining results [7]. With this approach, théhau defined
the set of attributes whose values may be usedsitpps
together with external information, to re-identifiye user’s
data. These attributes are call®diasi-ldentifiers(Ql). For
example, even if data about the ZIP code, datertsf &nd sex
do not explicitly identify an individual, they mdye linked to
external information (for example: public votertdisto obtain
name, address. Intuitively, the greater the vafue the better
the protection of privacy. However, if value ofktoo great,
data quality for the data mining process is notdgdderefore,
how to keep the balance between data privacy atedciglity
is an important factor in privacy preserving inaatining. In
this paper, we propose an algorithm not only tongnuze the
location database but also to consider the re$déat mining
processes.

B. k-Anonymity Techniques, M3AR algorithm and problem

Today, we have some algorithms which guarantee
anonymity in a database. These algorithms usuallyane of
two techniques: Generalization or Suppressionhénrhethod
of generalization, attribute values are generaliped range in
order to reduce the granularity of representatid@].[ For
example, date of birth could be generalized torgeasuch as
year of birth, so as to reduce the risk of idecdifion. In the
method of suppression, the value of an attributaldccde
removed completely to guarantee k-anonymity. CleaHese
methods reduce the risk of identification with tree of public
records and also
applications on the transformed data. They onlceatrate on
guaranteeing k-anonymity for the database and toamtsider
data mining processes.

Normally, after data is collected, they will be baad by
data mining applications to enucleate some valtarimtion.
Therefore, if input data is not correct, the restitiata mining
applications may be invaluable. With these metho
transformed data is generalized and suppressedmiazh.
Consequently, the results, which are received aftéring,
may not bring some value information. Moreover, tniata
mining applications use association rule mininghasr main
technique to enucleate value information from thgut data.
Therefore, association rules, which are suppontethe data,
should be maintained. However, it is difficult tcaimtain all
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association rules because the number of associaties may

be big. Moreover, only association rules, which sigmificant

to the data mining process, may enucleate someevalu
information. Therefore, we should only maintain the
significant association rules to reduce the numbkrule
maintained and also to reduce the complexity ofkwor

In [4, 21], the authors proposed thdigrate Member
technique to anonymize the database to achieve a k-
anonymous version. The technique first groups tipbdé
original data into separate groups by the similairit quasi-
identifier values. Then, the groups, which haves l#gan k
tuples, will be transformed into the satisfied onbg
performing some Migrate Member operations. A sigtisf
group will have at least k tuples in it. The datbachieves a
k-anonymity version if all groups must be satisfigftier the
processing. The authors also proposed an algorialed
M3AR (Migrate Member Maintenance Association Rul&s)
concretize the approach.

With M3AR, we guarantee k-anonymity for the databas
while still maintaining the significant associatiorules.
However, it remains many unsatisfied groups, whtble
algorithm can not transform them into the satisteds, after
processing. Therefore, the algorithm may need rtiore and
pay the “cost” to anonymize these unsatisfied gsouphe
cause of this is that M3AR selects a random urfgatigiroup
for each process step and thus this group mayeagobd for
this step. As a result, this group can receive ntapées than
its need, thus we may have no tuples to anonymthero
groups. Moreover, M3AR did not also consider redgaiew
sg'gnificant association rules that are generatednduthe
rocess. Because these new significant associaties can
terfere in the input data of the data mining @sx; it can
make the result of the data mining process lessaié.

In next sections, we will propose some solutionsdive the
problems of the algorithm M3AR. We also proposeeavn
algorithm to anonymize the location database tdeaehan
effective k-anonymous version. Moreover, the aldoni also
reduces new significant association rules generdieihg the
run of the algorithm.

As discussed above, a database satisfies k-angnifraity
tuple in this database can be indistinctly matctoedt least k
respondents. Moreover, this approach also definesttaof
attributes whose values may disclose some sensitive
information. For the location database, we will sider theQl
will include a location attribute and a time attrib. For

DEFINITIONS AND VALUES

reduce the accuracy of data mining

d§imp|ification, we will only consider the locaticattribute in

this paper. The time attribute will leave as futwmarks. In this
section, we will give some definitions and calcel#ite values
that are used for the proposed algorithm.

A. Definitions

This section will give essential definitions thatlwe used
in the algorithm:
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Definition: A group is a set of tuples. Moreover, all tuples B. Values Calculation

in a group must have the sa@é values. A group satisfies k- with our algorithm, we will try to transform unssfied
anonymity if it has at least k tuples or has noldsipn it.  groups into satisfied ones. To do this, the alpariwill find
Otherwise, we call this group as an unsatisfiedigro the changes which will be performed to transfornesth
unsatisfied groups to satisfied groups. Moreovex,algorithm
also maintains significant association rules of tfsabase.
Thus, the algorithm should find the suitable chanigeorder
that when performing these changes, these signtfica
association rules will not be lost. In this sectiome will
calculate some values which will be used in thertigm to
find these changes.

Assume that we have a significant association Ai#eB

We will consider the following example. Ti@l attributes
are:Sex ZIP code, Salary andStatus We will have groups:
Group A includes tuplesi, 7, 10 and 13. GroupB includes
tuple: 2. Group C includes tuples3, 9. Group D includes
tuples:4, 8 and so on. If we assume thails equal to 4, group
A will satisfy 4-anonymity while grouB, C, D will be
unsatisfied groups.

TABLE 1: AN EXAMPLE TABLE that needs to be maintained. It means that the sstgmnd

No. ID Sex ZIP  Salary Status Data confidence values of this rule are greater thamstholds.

code When we perform the changes, they maybe alter sa@iues
1 ul Male 70000 2000 Married... of QI attributes of tuples supporting this sigrdifit association
2 u2 Male 10000 1500 Single ... rule. The result is that this tuple may no longepport the
3 ul Female 48000 1000 Married... association rule. Clearly, if we alter too more l&gp the
4 u5 Male 48000 2000 Married ... association ruleA—B may not be significant. Therefore, for
5 u7 Female 70000 1500 Single ... each significant association rule, we should caleulthe
6 u8 Female 10000 1000 Single .. maximal number of tuples which we can alter so it
7 u6 Male 70000 2000 Married... significant association rule is still significaMoreover, when
8 u4 Male 48000 2000 Married ... performing the changes, an insignificant assodiatide may
9 u5 Female 48000 1000 Married... become a significant one. As discussed above, lgaitam

10 u3 Male 70000 2000 Married...
11 u9 Male 25000 1500 Single ...
12 ull Male 54000 1500 Married...
13 ul0 Male 70000 2000 Married...

also guarantees that no new significant rule wéllgenerated
because the new significant rules may affect tisalltef the
data mining process. Therefore, we also calculdte t
maximum number of tuples which we can alter without
generating new significant association rules. Thgoradhm
will use these maximal numbers to calculate costeach
change. The cost of a change will be mentioned ént n
sections. From the costs, the algorithm will fink tbest
changes that will be used to transform an unsatisfiroup
into a satisfied one.

In following parts, we will calculate the maximalmber of
tuples which we can alter so that the associatide is still
significant: We have a significant association réleB, s is
the support value andis the confident value of this rule. We
have:s>=t s andc>=t_c. When we perform a change-b,
some tuples ira will be altered. These tuples may support the
association ruleA—B. Therefore, when they are altered, the
rule may be affected. We will consider the follogicases:

As discussed in the previous section, the algoritbitintry
to retain the association rules while guarantekiagonymity.
However, it is difficult to retain all associationles because
the number of the association rules may be veryNagmally,
the data mining process will consider associatidasr which
occur frequently in the database. Therefore, thgorahm
should try to retain these rules. We call theseesus
significant rules. In the algorithm, two thresholdsll be
provided to specify whether an association rulsigmificant
or not. We call them at s andt_c. An association rule is
significant if its support value is greater tharms and its
confidence value is also greater tharc. Conversely, the
association rule is insignificant.

Definition: A change between two groups-b, wherea
andb are groups, will change &l values of some tuples a
to the correlative values ib. For example, group has two We calln is the number of tuples which are anonymizgd,
tuples withQl is (x1, y1, t1)and groupb has three tuples with is the support value and is the confident value of the rule
Qlis (x2, y2, t2) the changa—b will form groupb which has after performing the change. The rule is signiftcainerefore,
five tuples. The additional tuples are from graugnd theirQl  we must have’>=t_s andc’>=t_c:
attributes are changed ¢x2, y2, t2)

Case 1: A will be changed:

o= numbefA - B)—-n

Definition: a change—nb is total if all tuples in group are 1)
transferred to group. Conversely, if several of them are numbe(A) - n
transferred, the change will be partial. . numbe(A — B)-n o

total
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wherenumbe(A— B) is the number of tuples which have both For insignificant association rulé—B, the algorithm must
A andB, number(A)is the number of tuples which only haveguarantee that this rule will not become a sigaificone when

A total is the number of tuples in the database. Besides,
also have:
o= numbe(A - B)

; 3)

otal

o= numbeKA - B) )
numbek A)

The maximal number of tuples, which can be alteisd,

J ©)

s*total* (c-t_c)
c*(@-t_c)

n= MIN(totaI* (S_ '[_S),\‘

Case 2: B will be changed:

Similarly, we have:

- numbefA - B)—-n

(6)
numbe(A)

- numbefA - B)—n )

total

Moreover, we also have:
o= numbefA - B) (®)

total
_ humbe(A - B) ©)

numbe(A)

The condition ares’>=t_s and c’>=t c. Therefore, we

have:
) w

Case 3: Both A andB will be changed: We notice that this
case is similar to the case 1. Therefore, we have:

)
)

s*total* (c-t_c)
c

n= MIN(tOta| X (S_ t_S)i\\

s*total* (c—-t_c)
c*(l-t_c)

n= MIN(totaI x (s—t_S),{

In short, when A is changed, we have:

s*total* (c-t_c)
c*(1-t_c)

n= MIN[totaI x(s—t_5s),

and when B is changed, we have:

s*total* (c—t_c)
c

n= MIN(totaIx (s—-t_s),
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performing any changes. When a tuple is alteresl viue of

its attributes may be changed to other values. & vedues
may beA or B. Therefore, the support value and confidence
value of the rule may be affected and this rule lsacome a
significant rule. In this part, we will calculatbet maximal
number of tuples which can be altered so thatuledoes not
become a significant onseandc are the support value and the
confident value of this rule before performing ttteange,s’
and ¢’ are the corresponding values after performing the
changen is the number of additional tuples. We will corsid
following cases:

Case 1: A will be added:

In this case, we always have:

o= numbe(A - B)

numbe(A) +n (11)

_ humbe(A - B)

numbe(A) (12)

wherenumber(A-B) is the number of tuples which have both
A andB, number(A)is the number of tuples which only have
A. Clearly,c’ is smaller thar. We also have:

<= numbefA - B) _g

13
total (13)

wheretotal is the number of tuples in the database. Thergfore
if only value A will be added, this rule can notcbene a
significant rule.

Case 2: B will be added: Similar to the case 1, the rule can
not be a significant rule.

Case 3: Both A andB will be added:

Similarly, we will have:

. numbefA - B)+n

(14)
numbefA) +n
o= numbefA - B)+n (15)
total
Moreover, we also have:
o= numbefA - B) (16)
total
o= numbefA - B) a7
numbe(A)

The condition ares’<=t_s and c'<=t _c. Therefore, we
have:
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s*total* (t_c-c)
c*@-t_c)

n= MIN[totalx (t_s—s),{

I

Anonymizing but Deteriorating Location Databases

Moreover, as discussed above, the algorithm shemdan a
priority degree for each unsatisfied group in ortbedetermine
which groups will be processed first. First of #fle algorithm
will try to transform unsatisfied groups which hahegher

In summary, when A and B are added, the maximugriority degree. Then, it will work with the lowemes. In the

number of tuples which we can alter without genegahew
significant association rules:

Clearly, the objectives of the proposed algorithra o
perform the changes to transform unsatisfied groums
satisfied ones, and to maintain the significantoeisdion
rules. Moreover, the algorithm should also redimertumber
of new significant association rules that are aeatvhile
running the algorithm. We call the maintaining siigant
association rules and reducing the number of ngwifgiant
association rules as proposed algorithm’s goalginQuthe
anonymization, a group can be in two statuses,iviace
tuples or distributing tuples. When we perform argiealb
between two groupa andb, we consider is the group that

s*total * (t_c-c)

n= M|N(total><(t_ S—S):{ c*(1-t_c)

IV. ALGORITHM

previous papers [4, 21], their algorithm chose therent
transformed unsatisfied group randomly. Thereftis, group
may receive all of tuples that are available fatritbutionand
we will not have enough tuples for other unsatisfigoups. As
a result, we may get more unsatisfied groups &fieshing the
algorithm.

For example, we have three unsatisfied groupst dirsup
has 1 tuple, the second group has three tupletheritiird one
has four tuples. We also have k = 5 and the nurobarmples,
which are available for distributing, is 3. If thiest one is
processed first, it will receive all of these tupknd when the
other groups are processed, we have no tuple fem.th
Therefore, we still have three unsatisfied groufterathe
processing. Conversely, if we process the thirdugrfirst, it
will receive one tuple to guarantee k-anonymitye #econd
one will be processed then and receives two tupieslly, we
have two satisfied groups and one unsatisfied grdupe
second result is better. In this algorithm, we wity to
transform many more unsatisfied groups into thisféad ones

distributes tuples and is the group that receives tuples.by assigning a priority degree for each unsatisgieaup. To

Furthermore, the algorithm should guarantee that ghals
will not be violated when the changes are performed

The algorithm will perform some changes to transf@ach
unsatisfied group into the satisfied one. Thus, &ach
unsatisfied group, the algorithm will choose a/sagneup(s),
which is the other unsatisfied group or the saisigroup, to
form the changes. However, the algorithm does hatose
these groups randomly; it will choose the best “patible”
groups so that when performing the changes betwiken
unsatisfied group and these “compatible” groupsy thave the
least effect on the algorithm’s goal. To do thie falgorithm
will calculate “cost” for each change. Then it withoose the
changes which have the least cost. While seekingettbest
“compatible” groups, the algorithm should concerhe t
following issues:

Consider two-way for the changes between two grolips
means the algorithm will consider the changesb and

assign the priority degree for unsatisfied groubps,algorithm
will base on criteria:

Criteria:

Prioritize unsatisfied groups in which the numbgtuples
is closer to k: because the algorithm will try &ceive
satisfied groups as many as possible, it will givierity
to the unsatisfied groups which are closer to gam
satisfied ones. Clearly, unsatisfied groups, whtble
number of its tuples is closer to k, will be trassfimed to
the satisfied ones more easily.

Prioritize unsatisfied groups which can not disitéh
tuples.

The algorithm will try to finish the anonymizatiaf current
unsatisfied group before working with next unsaisfgroups.
An unsatisfied group can be transformed into ssfatl one if

b—a and then choose the best one when considering tpae of two following cases can be performed withafigcting

changes between groapmndb.
For each unsatisfied group, the algorithm will cé@adhe

the goals: (i) all its tuples are distributed thetgroups; (ii) it
adds some tuples from other groups so that the aeuwibits

changes which have the least effect on the asgmtiattuples is greater than k. In the second casegiiéat number of

rules when performing it.

A group can receive or distribute tuples more tbae
time.

A group can receive tuples from different groups.
Prioritize the combination of two unsatisfied greuphen
we have some combinations that have same cost.

For unsatisfied groups, prioritize the receiptuglés from
satisfied groups and the distribution of tuplesatmther
unsatisfied groups.
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tuples can be added to current unsatisfied groughowi
affecting the goals, the group should only add ghduples. It
means that the number of group’s tuples after @%ing
should be equal to k. The remaining tuples will lbf for
other unsatisfied groups which are processed later.
Clearly, the greater the number of unsatisfied groups &s, th
more slowly the algorithm may run. Therefore, thgodathm
should first reduce the number of unsatisfied gsoup
Moreover, the number of significant associatioresuis also
affect the run of the algorithm because the alboritalways
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considers these rules during the transformationnsiatisfied
groups. In this paper, we also propose the grigdbaslution
to apply to the location attribute of the locatidatabase.
Normally, when mining the location data, data mgnin
applications usually try to find some valuable eslin an area
rather than at an exact location. Therefore, them idf this
solution is that the exact location values will &@onymized
into grid cells. With this solution, the algorithwill create a
grid which covers the space containing the locatioh the
users in the database. After that, the locationtb®fsers will
be anonymized into this grid’'s cell. We will considthe
following example: we have 11 location values whigh be
anonymized into a grid. The grid, which covers #pace
containing the locations of all users, is in thiéofeing figure
(Sis a starting point):

W
§ o=

h

cl

m =

c2

g
S

k!

i)

-

=k

=" "
LIS

Fig. 1. An example of grid based solution.

The valuedJ1 andU11 will be anonymized into celll, the
valuesU4, U5, U9will be anonymized into celi2 and so on.
Clearly, if we have two association rulas>U1 andA—U11,
they may become an association ridlecl. Thus, the number
of significant association rules, which need tontan, can be
reduced. Moreover, the number of unsatisfied grougg also
be reduced because the number of tuples in eacip gnay be
increased. As a result, the algorithm will run mquéckly.

The proposed algorithm can be described as thevfimly
pseudocode:

Name: k_anoymization()

8. Run find _best can_group() function to
find a best change to transform proUS.
A candi date group can and a set of

tupl es Wcontaining tuples, which can

be anonym zed wi thout affecting the

goals, will be returned by this
function.
9. Exclude can fromUS or S
if (can == null){
10. cannot Process = cannot Process U proUS
11. G ve back all tuples, which are
anonym zed during the transformation of
the current unsatisfied group, to their
original groups.
12. Unmark all exam ned groups in S and US
13. br eak;
} Else {
14. Perform t he change.
15. Updat e the support and confidence
val ues of each rule in R
16. Mark can as be examni ned
17.if(can is satisfied group) S =S U can
18.Else US = US U can
19.S = S U proUs
20. Unmark all exam ned groups in S and US
}
i f (cannotProcess is not enpty) {
21.final _process() }

The algorithm will try to transform each unsatidfigroup
into a satisfied one. For each unsatisfied groke,aigorithm
will try to finish the transformation for it beforsorking with
next unsatisfied groups. After the processingh# algorithm
can not transform this unsatisfied group into &8atl one, all
tuples, which are anonymized during the processihghis
unsatisfied group, will be given back to their dama groups
and this unsatisfied group will be added to the set
cannotProcessThe algorithm will try to solve this set at the
final step.

During the transformation of an unsatisfied grqupUs
the algorithm will try to find changes which wilpply to this
unsatisfied group to transform this group into fisfiad one.
Each change will have its cost which reflects tfiece of this

Input: SetR includes the significant association rules whictghange on the goals. The cost for each change hel

need to maintairk, original tableT, QI, the grid cell size.
Output: anonymous version tablé
Method:

1. Create a grid and anonym ze all
| ocation values into this grid.

2. Construct a set S which contains
satisfied groups and a set US which
contai ns unsati sfied groups.

3. Sort the set US by above criteria.

4. Cal cul ate the nunber of tuples which
can be noved for each rule in R

5. a set cannotProcess=0, it contains
groups that can not be transforned into
a satisfied one.

Wiile (US is not enpty)

6. Sel ect an unstaisfied group proUS from
US by its priority degree

7. US = US\ proUS

VWile (proUS is unsatisfied group) {
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calculated in thdind_best_can_group(unction. From the
costs of these changes, this function will alsal fthe best
changes for current unsatisfied group. A candidataip can
and a set of tupledV containing tuples, which can be
anonymized without affecting the goals, will beuraed by
this function. The seW will contain tuples fromcan if we
have the changean->proUS OtherwiseW will contain tuples
from proUS After receiving results from the
find_best_can_group(junction, the algorithm will perform
the change, which is in accord with the results, dorrent
unsatisfied group. After performing each change,thé
unsatisfied group is not still satisfied, the altgon will try to
find additional changes to transform this unsaigroup into
the satisfied one. If the algorithm can not find/ auditional
changes to transform the group without affectirggbals, this
group will be moved to the seannotProcess
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Moreover, as discussed above, in the case we bavadre
tuples can be added to an unsatisfied group teftsam it into
the satisfied one, this unsatisfied group should edough
tuples to guarantee k-anonymity. The remains detuwill be
reserved for other unsatisfied groups. Thereforeerwthe
algorithm performs a change for current unsatisfigdup
proUs following cases will be considered:

number of tuples in proU33§ smaller thark, all tuples in
W will be anonymized int@proUS Otherwise, the number
of tuples inW, which will be anonymized intproUs is (k
— number of tuples in proUs)

(the number of tuples in W + the number of tuptesan)
is greater thak, the number of tuples M/, which will be
anonymized intacan, is (k — number of can)Otherwise,
all tuples inW will be anonymized intean

Clearly, the most important function in the alglmit is

find_best_can_group(which will try to find the best changes

to transform current unsatisfied group into thés§at one. In
this function, we will provide 2 thresholdss andt c. As
discussed above, the algorithm will maintain thgniicant
association rules which their support values aeatgr than
t s and their confident value are also greater thaa
Moreover, the algorithm will
significant association rules, which their suppesiues are

proUSreceives tuples: ifthe number of tuples in W + the —

proUSdistributes tuples: ifanis an unsatisfied group and

Anonymizing but Deteriorating Location Databases

With this function, it will calculate cost for eadhnange at
first step. Moreover, as mentioned above, we alveaysider
two-way for the changes between two groups, tHuseihave
two groupsproUS andtemp the algorithm will consider two
changesproUS->tempand temp->proUS The cost, which is
calculated, will base on following criteria (Noti¢tkat upper
criterion has higher priority):

The number of significant association rules whidh e
insignificant after performing the change.

The number of significant association which will be
generated after performing this change.

Danger degree of significant rules after performthg
change: for example, a significant rules kapport=0.7
and confidence=0.6 Assume that after performing the
change number 1, this rule will haseipport=0.64and
confidence=0.53and after performing the change number
2, the corresponding values will ipport=0.67 and
confidence=0.59 The change number 2 will be better
because it make the rule less dangerous.

The number of tuples in the sét the algorithm prefers

setW which has greater number of its tuples because the

more the number of tuples in the ¥étthe more satisfied
an unsatisfied group.

Intuitively, we will choose the change that has hwest

not generate additibnacost. Moreover, the function should return the\Wetontaining

the tuples which can be anonymized. As discussedeqhf

greater thart_s and their confident value are also greater thathe algorithm chooses the changeoUS ->temp W will

t ¢, during the running of it. This function will beesicribed as
the below pseudo code:

Name: find_best_can_group()
Input: unsatisfied grouproU§S threshold_s threshold_c

Output: a groupcanand a se¥V contains tuples that can be

moved, the direction of the changprqUS->can or can-
>prous)
Method:
A group can nul |
For each group temp fromUS U S
(excl ude proUS and examni ned groups) {
Cal cul ate the cost for the changes
proUS-> tenp and tenp-> proUS
CGenerate set Wcontainning tuples,
which will not affect the goals when
anonym zi ng t hem

1.

If (exist the changes that do not

vi ol ate the goal s when perfornmm ng

t hem

Choose a best change so that: (i) when
performing it, the goals are not
violated and (ii) it has the | owest
cost. The change will include a group
tenp, a set Wand a direction which
det ermi nes proUS->tenp or tenp->proUS
Assign can = tenp.

}

Return can and W
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contain some tuples fromroUS Otherwise, it will contain
tuples fromtemp

After anonymization, there are some unsatisfiedugso
which the algorithm can not find the changes togfarm
these unsatisfied groups into satisfied ones. Thesaps will
be added to the seannotProcessWe also notice that before
an unsatisfied group will be added to thecsatnotProcessall
tuples, which are anonymized during the processihghis
unsatisfied group, will be back to their originalogps. It
means that all groups will return the statuses whiey had
before transforming current unsatisfied group.Ha tase the
set cannotProcesss not empty, the algorithm will run some
additional steps to transform groups in this séb isatisfied
ones, these addition steps are infthal_process(function:

At the first step, the algorithm will try to tramsm
unsatisfied groups, which are in the sannotProcess
into the better groups that are more satisfied ttren
original group. It also means that the number pfdsi in
each better group will be closerkar 0. To do this step,
the algorithm will choose the best changes, whighnet
affect the goals when performming them, to tramsftiie
unsatisfied group into a better
find_best_can_group(fan be used to find these best
changes in this step.

At the second step, the algorithm will try to trimmm
these better unsatisfied groups into the satisfieels. At
this step, the goals may be violated.
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In order to transform the better unsatisfied grougs the
satisfied ones. The algorithm will find changestthave the
least effect on the goals. After that, it will parh these
changes to transform the better unsatisfied graofis the
satisfied ones.

In contrast with the previous steps, the goals lvélviolated
if changes, which are found in the second steppartrmed.
It means that some significant association ruley tma no
longer significant and/or new significant assooiatiules may
be generated after these changes are performeslisTtuost”
which we must pay to guarantee k-anonymity fordhtabase
because with these unsatisfied groups, the algorithn not
find any changes to transform them without effectiee goals.

V. EVALUATIONS

In this section, we show the evaluation we condiidte
order to evaluate the effectiveness of our algorithWe will
verify the proposed algorithm with three other aitjons:
M3AR [4], KACA [20], OKA [19] in both criteria: the
percentage of lost significant association ruled ahe
percentage of new significant association rulest thee
generated during the run of algorithms. Intuitiveélye smaller
two values, the more effective the algorithm. Wi tteem as
p_sandp_n

-

(19)

p_s= )

—
-

wherel_r is the number of significant association ruleg tre %

lost during the run of the algorithm andr is the total of
significant association rules.
n_r

t_r

p_n= (20)

wheren_r is the number of significant association rules tha

are generated during the run of the algorithm andis the
total of significant association rules.

The real database, which is used for the evaluatidhbe
extracted from Geolife project [16, 17], which @llected in
(Microsoft Research Asia) GeolLife project by 16®nssin a
period of over two years (from April 2007 to AuguX209)
and Adult database from the UC Irvine Machine Léayn
Repository [18]. This database will include 3482¢ards.
The QI will include status, age, sex and location atteb@The
grid cell size, which is used to anonymize the fmra
attributes, is 500m*500m. For each valugofve will execute
each algorithm in five times; the achieved resulhie average
of five tests. The following figures show the rdsaf the
evaluation.

These results show that with our proposed algorittire
percentage of significant association rules, whare lost
during the run of the algorithm, is minimal. Simiia the
percentage of new significant association rulesjclvhis
generated during the processing, is also mininhalsb means
that our algorithm will generate an effective k-apmous
version of the database. The reason of these sasuhat our
algorithm tries to transform the unsatisfied growgth the
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changes that will cause least effect on the gd#lsrefore, the
result of data mining process may be more effective
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Fig. 2. The evaluation results.

VI.

In this paper, we proposed an algorithm that anargsithe
location database to an effective k-anonymous eersihe
algorithm solves some problems in the M3AR algaonitthat
was proposed before to guarantee k-anonymity foreigd
databases. With the algorithm, the number of dicpnift
association rules, that are lost during the anomgtiun, is
reduced. Thus, the results generated by the datangni
process, which input data is the k-anonymous varsiothe
database, are more valuable.

CONCLUSION AND FUTURE WORKS

The paper also proposed the solution to reduce the

significant association rules which are generatadnd the
anonymization. Clearly, if new significant assoidatrules are
generated, they may interfere negatively in thaltef the
data mining process. With the newly proposed allgor; the
number of new significant association rules, which

ISSN 1870-9044



generated spuriously, is also reduced and henceethdt of
the data mining process is more effective.

In this paper, we applied the grid based solutmmeduce
the number of significant association rules and a¢sluce the
number of unsatisfied groups. Thus, the algoritlsmmiore
efficient. In the future, we will focus on invesiigng
additional solutions to improve the performance tbke
algorithm. On the other side, we should assign iaripr
degree for each unsatisfied group to determine twhioup
will be processed first. The priority degree wik Ibased on
some criteria that are mentioned above. We canawepthese
criteria so that the algorithm can return a moreative k-
anonymous version of the database. Moreover, ttetitm of
the user is usually accompanied with a time valueerefore,
the algorithm should also consider the time valueenv
anonymizing the location database.
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Abstract—The management of infrastructure for supporting PrivilegedVM VM,

Cloud Computing presents the challenge of automated service

provisioning, which addresses the problem of mapping CRM Application VMp,

high-level requirements expressed in end-user terms to low-level QoS App_SLO —

resources such as CPU, memory, and network bandwidth. o Application

Current infrastructure is supported through virtualization via — fr _mznager P

hypervisors. In this paper, we describe the formal specification ©; rE] helper a |'*"

of a high-level component for enhancing hypervisors. With QO0S CPU [Guest O8] application

this component, applications running in a Virtual Machine manager / [z

can receive a Quality of Service defined by Service Level o | slog Ll virtual ¥ //,[Guest 03]

Objectives. The manager is aware of the application’s needs and C"enpts Network4—

requests the CPU resources through the lifetime of the Virtual [, Host OS

Machine. The implementation of our proposal achieves to manage -

computing-oriented and net-oriented applications. [ Hypervisor ]
Index Terms—Hypervisor, QoS, SLO. [ Hardware ]

I. INTRODUCTION Fig. 1: Interactions of the QoS App-SLO manager in a

OWADAYS, virtualization infrastructure is a commonYM-based resource provider

solution for supporting Cloud Computing, Grid, and
High Performance Computing. An important challenge in h ) ¢ th lication’ q q
these infrastructures is the automated service provisioning' "¢ Manager is aware of the application’s needs an

of Virtual Machine (VM) based resource providers for th&€auests the CPU resources through the lifetime of the Virtual
1 achine. The implementation of our proposal achieves to

execution of applications. When we review the literature [1], ) . A o .
some interesting questions arise from end users willing | anage computing-oriented and neF—on‘ented appllcanons, ie.
deploy applications in VM-based resource providers. it meets at least the agreed application requirements, and
— How can we predict (or have some degree of certaint ovides self-management for external modifications in the
that deadline execution time requirements for a given jc%)plication’s SLO (e.g. a user requests more transactions per
: secod (tps)).
will met? . .
be met The proposal relies on the services offered by the

- How can we cqmpute the amount of resources thﬁ‘t ervisor, the host OS, and the low-level component QoS
are needed to increase (or decrease) the number ;
U manager [2] which manages the Sk;.

transactions to a certain required level?

— Moreover, how can we provide the needed resources
and at the same time minimize the degradation of the Il. QOS APP-SLO MANAGER
externally-perceived response times? In this section, we describe a QoS App-SLO manager.

In this paper, we describe the formal specification dfigure 1 shows the interactions of this manager in a

a high-level component for enhancing hypervisors. TheéM-based resource provider. It allows handling the high-level
component is named QoS App-SLO manager and allows emdjuirements of user’s applications, i.e. it runs in the scope of
users to express the application’s requirements in terms ofhe privilegedVM and manages the resources needed by each
Service Level Objective (SLO). guest VM.

With our component, applications running in a virtual Additionaly, the definitions of the proposal are build upon

machine can receive a Quality of Service (QoS) defined Ibyo systems to acquire knowledge about information of each

two types of SLOs (o2, slo3). application;
Manuscript received on September 19, 2012; accepted for publication on™ An inter-VM messaging S_y_Stem’ WhiCh_ is a Commt_mic_a'
December 10, 2012 tion system that allows writing and reading information in
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the metric tps transactions per second and writes The approach for measuring the throughput of a web
the measured metrics through the inter-VM messagirapplication assumes that requests are atomic and represents
system. a unit of work which ends with the successful transfer
of the results. As Web servers are the target application,
for managing the net-oriented applications we propose the
following approach.

The formal specification that we propose has the following Trace the http requests of each VM by inspecting the
features: Application rate (app-rate) guarantees for grantiggnnection states of the incoming HTTP packets. Depending
a requirement expressed in transactions per secgsd of the hypervisor [3], [4], tracing could be done in the
user-perceived service guarantees for providing a SlgivilegedVM or the guest VM. Thus, we can measure the
in (user-perceived) response times, net-rate guarantees rfponse time of each connection and build a distribution array
granting a requirement expressed in requests per segend pitp at every trace period of length,i;, = Cht; — Cht;_;.
and a request admission control for applying a policy in thehis array hasn elements, each element is a counter of

A. Characteristics

incoming requests to meet a SLO. successful (served) requests according to its responsertime
The granularity ofn depends of thet ranges that need to be
B. Definitions grouped. We propose a granularitysef= 9 which is mapped

to the ranges shown in Table I. The metkg,, is the arrival

Definitioq 2'1:_ I'_et ¢ be the set of online guest Virt“alrate observed in the virtual machinen for the net-oriented
machines identifiers and ledApptype,,, be the sequence application.

indexed byp that defines the type of application that is running

in the guest virtual machine so that
TABLE I: SERVICE TIME GROUPS OFHTTP REQUESTS USED

Apptype,, € {computing-orientechet-orientediVom € 9. TO BUILD THE DISTRIBUTION ARRAY.

Definition 2.2: Let slotype,,, be a set that has the type of array position| response ime range
resquested SLOslo, or slog for a givenvm. Let slop be a rt <lps
service level objective of the form "ensure that the application 13&‘;83;’:;:?;28
running in a guest virtual machinen will be able to achieve 10%5 <7 < Tms
an application rate of at least 95% of the target or rps”. Tms < rt < 1025
Let sloz be a service level objective of the form "ensure that 107 2s<rt < 10~ 1s
the application running in a guest virtual machine will be 107 s <rt<1s
able to achieve a % of the served requests with response times 152 é :E 2 }835
below a given threshold expressed in seconds”.dpetsio be
the set of parameters of the requested service level objectives, order to measure the metric mean response time of the

for all managed virtual machines . served requests it makes use of a circular buffé? with a
Inspecting the throughput that was achieved by ea?ﬁ‘story lengthl for each vm so that

computing-oriented application can be done as follows. Definition 2.4: Let CB,,., be the history of response times
Definition 2.3: Let tp8v7n be the throughput achieved byof the lastl! served requests for a g|vemrl Let meanRTvm

Cahy,Cahy—; and let T be the number of composite machinevm so that

transactions measured by the application-helper so that

O | O O | W N | O

1
CBym
T meanRT,,, = @va € 0.
tpSym = ————F.
Povm = Cah, — Cahy 4 Using the distribution arrayhttp the inspection of
throughput achieved by each net-oriented application can be
C. Network-manager done as follows.

With this subsystem we aim to measure the burst behavio&JrDefm'tlon 2.5:Let rps,, Dbe the throughput achieved

of the net-oriented application. Web technologies are based on g the last period,,, and 12 the number of successful

the transport protocols Hypertext Transfer Protocol (HTTI§)OmpleteOI requests measured by théwork-manageso that

and the secure HTTP protocol (HTTPS), both main function R ihtt

is to move data between Web servers and browsers. Despite - Pom.k

the fact that it is a stateless protocol it is howadays the facto k=1

transport protocol for technologies based on web services. TDSum = R )

Common protocols for deployment of web services are SOAP Chty — Chty—q

(Simple Object Access Protocol), REST (RepresentationalFinally, the metrics are advertised through the inter-VM
state transfer), and XML-RPC. messaging system.
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. t—N
D. App-rate metrics collector — 1
pp . . SDvm = N Z SDvm,ia
It is in charge of getting the observed metrics of the i—t
running application. It interacts with the inter virtual machine
messaging system and the network manager. Its functionSig forecastym s = SDtrendym +w@*0ym, ¢ 0<w<2.

to keep a snapshot of the measured metrics for the Iearningl_ ) )
component. he service demand forecasted is a snapshot of the needed

Definition 2.6: Let TPSapp,, be the set of measuredrésources for the next controller period. However, we introduce
metrics app-rate expressed in requests/transactions per sedBgdiotion of Number of Rounds To LeaMRT'L. parameter

so that TPSapp, = m(vm) in order to find out a tradeoff between reactiveness and
disturbance. ANRTL = 1 means that th& D forecast,m,

tpsvm  Apptype,,, = computing-oriented will be used at each controller period in order to compute a

m(z) = {rpsum Apptypesm — net-oriented (1) new CPU requirement for the application, the reactiveness of

the learning phase is high but the accuracy of the forecast is
affected by the disturbances of so frequent changes irithe
(CPU resource). On the contrary, fStRT'L > 1 we introduce
Its function is to compute online parameters that profiles thiee notion of learning phase (or window) which helps in the
current application rate. We use a multi queue system. Eaghoothing of the service demand forecasted and also improves
virtual machine is modeled using Little's law from queueinghe accuracy of computed values.
theory. Definition 2.10: Let NRTL be the length of the controller
By having the CPU consumption of each virtual machingindow needed to learn a smoothed valueSab forecast.
and the application rate we obtain the service dem&fhdas The length of the period of each NRTL window is given
follows by controller period times. Let NRTL be a counter which
Definition 2.7: Let avgmets be a set of mean CPU metricsdecreases at each controller period.
for each virtual machine computed by the QoS CPU managemNow we use an approach to find out the burst behaviour of
during the previous controller period. L&tD,,, be the mean the requests in the net-oriented application. It is proposed to
CPU time spent per transaction/request during the previoyse an array of percentilegrc of p = n — 1 elements (see

E. Learning component

period section II-C) for eachrm with a net-oriented application. Each
SD,,, = avgmetsym element has a circular buffer of lengfiRT L. The position
TPSappum of the element in the array accounts, in the circular buffer, the

In order to obtain the learned service demand we applyPgrcentage of requests that were served below the threshold
forecasting method. First, we obtain a trend of the pasts servftgfined in the position of each element (response times) in the
demands by applying exponential moving average (EMA) [5rray hitp.
which technically can be classified as an Auto-RegressiveDefinition 2.11:Let perc be an array of circular buffers.
Integrated Moving Average ARIMA(0,1,1) model with noEach circular buffer of length NRTL for each virtual machine
constant term [6]. Second, the method enhances the trendvpy So that
measuring the volatility of the sampled metrics using a trading
mechanism with a configurable parameter We propose to j

t 2i=o MtPum,i
u ( rpsvm

apply Bollinger bands [7] in order to capture the burst behavior
of the running applications and improve the reactiveness of the
QoS CPU manager. ) ] ) )

Definition 2.8: Let SDtrend be an Exponential Moving O instance,perc,n, is a circular buffer with the

Average function to compute the trend for the service demaR@rcentage of requests that were successful server below 1

of a givenum so thatS Dtrend,,, ; is defined as follows second, see table I. .
The QoS CPU manager usgsto set the reactiveness of

SDtrendym,s = SDym,t,t =0, the manager in order to climb and achieve the requesigd
B for eachvm. The default value of the parametéris set
SDtrendum,; = axSDom e+ (1—a)SDtrendum,t—1,t > 0. 5 0 though can be dynamically configured by the type of

Definition 2.9: Let N be the length of history needed to@pplication running in the virtual machine, e.g. computing
forecast the next service demand. L&D forecast be a intensive applications have a value of 0. However, net-oriented

forecasting function to compute the next service demand @pplications need mechanisms to detect the behavior of bursty
a givenum so thatSD forecast,m ; is defined as follows applications and configure a properly value ®f Therefore,
we useperc to measure the bursty behavior as follows.
t—

LN Definition 2.12: Let 3 be the degree of burst behaviour
Tomit = | — (SDym.i — SDym)?, detected in the (served) requests of the traced application
N imt running in the virtual machinem so that

> inpercym,j,1 < j < n.
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ac(MHzSLA,9) = 0 can be rejected and the status is

burst... — zn:a _ informed to the QoS App-SLO manager.
B Definition 2.14: Let S, be an array of virtual machines
! ordered by differentiated service. Lethzbe the needed CPU
NRTL in order to achieve a given application rate (i.e. MHz to serve
Tom,j = 1 Z (percym.i — PeTCom)?, the target referencegppslo or A) for a givenvm. Let newQoS
N = be the CPU that is granted by the QoS CPU manager according
, to 49, if is not specified then = 1. Let ¢ be the configurable
Bum = b(burstum)Vom € ¢ iff NRTL = 0. node capacity, and leb be the raw CPU capacity of the

resource provider. Lep the minimum reservation ap for the
guest virtual machines. LeE be the absolute CPU capacity
of the node, i.e. for 4 processags= 4 % 100 = 400. The sets

0.5 0.00<z<0.03
0.6 0.03 <z <0.06

bz) = 0.7 0.06 <z <0.09 (2) appslo andslotype were defined in Def. 2.2. Now, we define
0.8 0.09<z<0.12 negotiateslol as the function that sets the raw CPU (in % of
0.9 0.12<z<0.15 @) for each VM. In other words, aBlo; is computed so that
10 0.15< the running application receivesgos or slos.
E CPU-rate estimator newQoS,, = negotiateslol(mhz(vm),¥)Yom € S, @
When a learning phase ends, thatN6RT'L = 0, this iff NRTL =0
component sets theiew@oS estimated for the running
application. The approach of the process involves asking an negotiateslol(MHzSLA, 9) =
increase or decrease in the amount of assigned resources, MH2zSLA «ac(MHzSLA,V) (%)
which in fact is and admission control procedure. Due that maz( o ¥)
higher decisions (such as migration of VMs) are leave to
the global resource manager, the CPU-rate estimator works & % min <appszom*sp_forecastm,t 1 0)
as follows. _ = o
— It stores the forecasted service demand. if vm € tpsA slotypesm = sloz
— It stores the modification of the QoS.
— It computes and stores the percentage of QoS granted D * min (“ppszo’”"’*ng”ecm”m*t,1.0)
with the current state of the CPU resources. mhz(vm) = . y

— It uses the notion of premium services, via differentiated it vm € 1pS/\ slotypeum = sloz
service, to prioritize the assignment of the CPU
resources. ® x min (A"’"‘*S Diorecostume 1.0)

The CPU-rate estimator computes the needed raw CPU if vm € rps)\ slotypeym = slos
power for all virtual machines with computing-oriented and (6)
net-oriented applications defined in the sgts andrps. The  |n the third case of Equation 6, we have introduced the
needed raw CPU power is transformed into a SLO of tygetion of automatic sizing for net-oriented applications which
slo; and requested via the QoS CPU manager. request anslos. In this case, the requestedos; takes into

Definition 2.13:Let S be the current state (availableaccount the observed arrival rateof each traced net-oriented
resources) of the CPU capacity of the resource provider at timgplication and it increases or decreases its demand according
t. Let ¥ be a parameter required by the end user for the SIt@ the observed behaviour.
which express the degree of tolerable (soft,...,hard) reduction
in the requestedlo;. Let ac an admission control mechanismG. Net-rate estimator

that is defined in the QoS CPU manager as follows: ] o
For net-oriented applications we follow an approach to

implement an admission control mechanism. It is applied at

ac(MH2SLA,9) = the end of a learning phase. Only if the target net-oriented

1 MHzSLA< S N9 =1 3) application has a computing-oriented behaviour it is likely,

MHzSLA*9 < S, N05 <9 <1 applying queueing theory, to find a relation between the
number of requests served and the CPU consumed. However,

net-oriented applications have a burst behaviour with different
This function helps to manage the admission controbsource consumption patterns. Therefore, we propose to use
of new virtual machines and online virtual machines thdhe user-perceived service as a measure of the quality served

request internal updates efo,, i.e. all virtual machines with by the net-oriented application. Even if it can be seen as

Sy
MHzSLA
0 otherwise

Polibits (46) 2012 86 ISSN 1870-9044



A QoS App-SLO Manager for Virtualized Infrastructure

a black-box that ignores the inner bottlenecks which can admission,,, = steadystate(vm)Yom € rps.
cause a bad perceived service, with this approach we aim
to size the resources according to the current configuration
of the net-oriented application and scale up the aggregation [ maz (reqsym, reqadmission,, — marQL)

steadystate(vm) =

of VMs. We assume that a load balancer can manage the if TSLis“ > 0.05

external requests and distribute them to the online virtual Az (8)
machines, thus by aggregating VMs we increase the number o mazQL

of served requests. However, additional inner optimizations in max (reqsvm”eq“dmwswnvm - T)

the configuration of the web application server can be applied otherwise
out of the band and the effect of this optimizations will be The next step is the application of the network

seen as an increase/reduce of the resources assigned. Fir]‘é‘U& admission-control through the network manacer. B
the capacity is granted according to the differentiated service; ) ger. by

Definition 2.15: Let v be the CPU resources, expressed i(r:]or_n_rolling the admis_sion of incpming net packets before
percentage of the full node capacity, that are available for &frnving the_ target ap_phcgnon we aim to ensure a given level O.f
VMs. Let capacit be the granted capacity, expressed i ser-perceived service in the response times. Therefore, with
oS 'Of the vzijrtualy;nn;chine <o that ' is approach we do not only size the resources according to a

s, given external demand but also according to an expected level
capacityym, = n(vm)vom € rps. in the quality of service.

n(vm) = newQoSym * @) I1l. EVALUATION

m) =
SDforecastym 4 We implement the abovementioned proposal in a Local
Now we compute the admission control parameter for tlResource Manager (LRM) to test the resource management
net packets. We use the metrics of the network manager, bé.computing-oriented and net-oriented applications. In the
the dynamics of the external arrival rate of the net-orientddllowing, we have the characteristics of the QoS App-SLO
application clients and the queue length of the current pendinginager.
requests for each traced net-flow that was observed during the application-aware. It uses inspection of high-level

last controller period. application metrics in order to learn the CPU needed
Definition 2.16: Let perc,,,,¢ be a circular buffer with the (slo1) to achieve app-rate level requirementss( rps).

percentage of requests that were successful server below 1 service negotiation. It acts on behalf of administrators
second. Letsloym,targer the service level objective requested i order to request the newlo; through the QoS CPU

by the user. Lefh;, be the adjustment positive/negative in the  manager interfaces. However, it depends on reservations
number of requests per second admitted to reach the virtual (jeases) to grant or revoke the assigned resources as well
machine. Letregadmission,,, be the required admission a5 policies to detect and limit the misbehavior of virtual
control parameter that limits the amount of accepted requests. machines. If a newslo; can not be fully granted then

it is informed via a VMstate information system. The

abovecapacityym = Apm — TDSvm, VM-state agent is in charge of informing about this issue
NRTL to external agents so that decisions about the migration of
Diimg  PETCum6 - : -
sloym, jevel = NRTL , virtual machines can be managed by, for instance, global
resource managers.
A = (510um tevel — SLOvm target) * abovecapacityym, — Learning. It acquires online knowledge about_ the
o ‘ consumed resources. It also constructs a CPU profile for
reqadmissiony,m = capacityym + Aym. the resource consumed by the running application.

Next step is to adjust the admission control according to theWWe set up three experiments in two physical machines with
number Of Wamng requests in the system_ Fedora Linux and Xen interconnected through a g|gab|t SWitCh,

Definition 2.17: Let QL be an array of circular buffers. both with Intel Quad CPU Q6700 with 8GB of memory and
Each circular buffer for each virtual machine: has a length & 750GB SATA Disk.
of NRTL elements and it stores the observed queue length
of waiting/pending requests inside the system during the Igst Evaluation of computing-oriented applications

cont_roller period. Let maxQL a sort—'term memory value of the The experimental setup test the following festures:
maximum queue length observed in the NRTL samples. Let

admission,,, be therps that will be admitted in the next
learning phase.

— Create four virtual machines which request, as a bootstrap
mechanism, different CPU-rate SLO guarantees.

— Deploy a math-application in all VMs.

— Handle virtual machines which request different app-rate

put(ObservedQLym.¢) iINQLypm, i, YVom € rps, guarantees with fixed differentiated services.
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Fig. 2: Application throughput relative to agreed SLO. An M pc3
user’s view of the application performance. s

— Provide dynamic management by responding to external
agents that change the initial VM's differentiated service
(pc3 and pc4).

— Provide dynamic management by responding to external
agents that change the initial VM’s app-rate. ‘ o

The agreed app-rate requirement is managed according to drefer)

each requested parameter. The initial CPU-rate parameter is an

initial guess of the needed resources though it can be obtained (b) Web image server in pc3

from previous executions. The learning procedure obtains apig. 3: Distribution vector of served requests. Http packets are
requests new CPU-rates which are managed accordingcthtrolled.

their respective differentiated service. Applications can benefit

from having hard and soft guarantees about the expected

performance (tps). Additionally, each user has a real viedith a response time below one second. The same behaviour
of its application throughput. Figure 2 shows results for thi§ observed for the web application server in Figure 3(a).
experiment. The speedup graph represents the transactions

per second relative to its agreed app-rate. From the reswdts Automatic sizing

for the SLO type 2 {lo;) we obtained the following mean We test in this experiment a net-oriented application, i.e.

relative errors: pcl -0.01, pc2 -0.01, pc3 -0.07, and pc4 -0.03yirya) machine with the web application server described
Therefore, we can observe that each VM achieves its ag“?ﬁdthe previous experiment. The goal is to evaluate that

SLO, and additionally we can observe that VMs with premiur{he QoS App-SLO manager is able to find out the VM's
services receive their corresponding aggregated resources, fill§rce configuration parameters so that the application, at

Cumulative probability
coooooooo
[ SN SO NE T =t ==

they achieve a better throughput. any moment, can reach its maximum throughput and at the
) _ o same time meet the user’s perceived service-time requirements
B. Evaluation of net-oriented applications slos.

We setup a web application server that renders 3DFirst, as a baseline experiment, we evaluate the web
images and a web image server in two VMs, and fapplication server without our QoS App-SLO manager, for
http benchmarking we use Siege [8]. Figure 3 shows tligis experiment we launch the benchmarking tool Siege with
results of this experiment. In this experiment we see tla incremental load in the number of simulated web clients
controller changing the CPU resources of two web-basé? 8,32,128,256). Each incremental load has a think-time equal
services which have different resource intensive requiremerits. zero and a duration of 60secs. The results show the
Despite that pc3's workload is network intensive with lovsaturation points which can be observed in metrics CPU
CPU consumption and pc2’s workload is CPU intensive witbonsumption and successful requests. The surges correspond
low network consumption, the controller is able to manage the start and end times of the load generated by the
both type of applications. At the same time, the netwotienchmarking tool, each one with a duration of 60secs.

QoS policy adjusts the acceptance in the number of allowedThe maximum transaction rate is achieved with 8 clients
connections that can reach each VM. starting at second 61 and the saturation point of response times

A closer look in Figure 3(b) shows that after time 95s morat second 190 with 32 clients, which can be seen more clearly
than 90% of the requests are served by the web image selvefFigure 4(b) and Figure 4(a) respectively. Therefore, the
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Fig. 4: Application web server.
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Fig. 5: Automatic sizing of an application web server.
mean response times perceived by remote users start climbing
at second 190.

In the second part of this experiment we enabled the IV. RELATED WORK

QoS App-SLO manager in order to evaluate its automaticDongyan Xu et al. [9], [10] identified the following

sizing capability. The workload used in this experiment hagajienges that arise in realizing the vision of amtonomic
an incremental/decremental traffic pattern with the followingi.tyal environment adaptationin a multi-domain share

number of remote clients: 2,8,32,128,256,128,32,8,2; each $@iastructure:
of clients has a duration of 60secs giving an experiment of
length 540secs.

The results can be seen in Figure 5 and Figure 6. Figure 5(a)
shows that automatic sizing allows requesting CPU resources
taking into account the dynamics of the observed requests.
Therefore, it is achieved that the resources assigned to the VM
can grow or shrink by tracing platform-independent metrics application. The solution has to meet two requirements:
(http requests). VMs need to retain the same IP address and remain

We achieve to trace accuracy http metrics that allow us to connected to each other and migra‘[ion mechanism
keep track of the pending requests in the system. Figure 6(b) cannot relay on NFS.
shows the queue length of the mean pending requests observeg) | ogistic service for VM migration Consisting of
during the last controller period. distributed depots A depot is part of a infrastructure

We observe that, when managed, the queue of pending domain, in it, VM images are assembled using either
requests is less than when there is not admission control. local or transfered “parts”. Optimization problem: how
Finally, the admission control applies the requested policy to compute a distributed schedule for VM parts delivery
in order to meet theslos. Figure 6(a) compares the mean and assembly so that all VMs will be ready in their
response times of the web application server as seen by the destination hosts no later than a certain deadline?.
end-user. When managed, the response times are kept belo@) Adaptation decision makingiechanisms for monitor-

1 second. ing, controling, and adjusting resource allocations and

1) Live adaptation mechanismsThe need to support
application-transparent adaptation of Virtual Distributed
Enviroments (VDESs). VMs supports runtime resource
re-allocation and VM migration within LANs but, a
multi-domain infrastructure needs live migration across
networks domains without pausing or checkpointing the
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6 S S p— The HPC research community is particularly interested in
5 e using VMs. However, the main concerns widely discussed
are the overhead caused by the virtualization layer,
4 and the security [12], [13], [14]. On the other hand,
large-scale scenarios such as HPC will benefit from fine-grain
management tools to assign CPU resources.
L The work of Kephartet al. [15] discusses the importance
S of self-management systems in the context of autonomic
AM’?\A ) o computing. These systems accept high-level objectives from
60 120 180 240 300 360 420 480 administrators and apply self management policies.

time(sec) Policy-based QoS control and learning have been proposed
() Observed end-user response times in non-VM contexts. Solutions based on QoS guarantees
have been discussed using control theory [16], [17], online

Mean response time (secs)
w

G 90 I — analytic performance models [18], regression-based analytic
g 32 Pemandged 200 e models [19], and statistical inference [20]. Some applications
2 o PCExen SMoOMh (bezier) - of these approaches are dynamic provisioning [21] and energy
§ 50 conservation [22]. With our proposal, we aim to provide a
g 10 framework to meet the low-level VM requirements for the
% 30 dynamic workload of the hosted application.
© 20 \ 4 h
g 12 M‘me L\w . VU[L V. CONCLUSION

60 120 180 240 300 360 420 480 We have presented the conceptual design and theoretical

time(sec) foundation of a Quality of Service App-SLO manager which
(b) Observed rps in-process is in charge of managing the application goals.

Fig. 6: Comparing traced metrics of an application web serverThe proposal has a set of definitions that captures the
properties for the management of two types of SL@&s;

expressed in the app-rate metric transactions (or requests)

locations of VDEs. The identified problems are relate@er second, andlos expressed in the web metric response
to find out when an application needs more resourcéges. Additionally, the manager supports an admission control
to perform well (or better), how to conciliate whenmechanism for the management of net-oriented applications.
adaptation affects the virtual environments sharing the Through experiments, we have presented results for
same resources?, and migration issues, i.e. decide whilifierent types of workloads: a math parallel application and a
virtual environment and where should it go by solvingveb-based application. We evaluated the management of two
tradeoffs between resource availability and overhead.service level objectives: application rate, and response times.
4) Adaptation shepherdinga intelligent component that The results show that the component is able to concurrently
takes decisions (‘Yjustify and approve”) regardingnanage mixed workloads with their specific application’s
adaptation requests, as a mechanism for preventing gfgectives at different levels with mixed workloads.
abuse of adaptations. Future work includes extending the capabilities of the
The factors that drive the adaptation OfDEs are: proposal to support distributed applications in Cloud

availability of infrastructure resources that are dynamic arf®®mPuting environments.
heterogeneous, and (2) the changing resources needs of the
applications that run in a virtual environments. ACKNOWLEDGMENT
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A Novel Method of Beamforming
to Improve the Space Diversity

Marco Antonio Acevedo Mosqueda, Emmanuel Martinazala,
Maria Elena Acevedo MosquedmdOleksiy Pogrebnyak

Abstract—At present, the systems of mobile communications The method to increase secondary lobes isrithesl in
demand major capacity in the services, therefore dpnum space  Section IV and finally, Section V presents differen
diversity is needed. In this paper, we propose a memethod of gjmulations to obtain a radiation pattern by insieg the
beam-forming to improve the space diversity and adbve  54ninde of side lobes, which is comparable tordutation

frequency reuse. Our proposal consists in solving aystem of ) : .
linear equations from an 8-elements linear antennarray that pattern of Dolph-Chebyshev which has a polynomreleo of

increases the size of the side lobes. This methadcompared with m = 8and a maximum ratio of 4 dB side lobes.
the algorithm of Dolph-Chebyshev. Our method shows
competitive results in increasing the space divetsi. II. ARRAY FACTOR FOR LINEAR WEIGHTED UNIFORM

SYMMETRICAL ARRAYS
Index Terms—Beamforming, Space diversity, Linear antenna

array, Dolph-Chebyshev. An antenna array is a set of simple anterwaish are

connected under certain conditions, and they anallysequal
and oriented in the same direction. They are agdng a
specific physical layout and relatively close wispect to

I N RECENT DECADES the interest in the antenna array hagaCh other. The combination of all these parametergdes a

I. INTRODUCTION

L . : . unique radiation pattern with desirable featureshsas width
grown significantly due to it plays an importanieran X . .
. Y of the main lobe, the location of zero and maximaingles,
mobile communications systems. Now these systenis
among others [11].
Figure 1 shows the linear weighted uniforrmeyetrical

array used in this work.

demand more services due to in the constant inereashe
number of users, and as a possible solution toptiblem
several studies have focused on a new mechanismrkag
division multiple access space (Space Division ldt A4
Access, SDMA) [1-7] which provides the ability teuse
resources (frequency bands, slots time, codes or a
combination) simultaneously within the same servérea.
The goal of this paper is to propose a method tonige the
space diversity of a linear antenna array. A neshi@ue of
solving linear equations of a linear array of 8nedmts to
increase the magnitude of the side lobes and ingpepace
diversity is proposed. This method is compared Witharray 0 1o o -0 oI\ —o
factor of Dolph-Chebyshev [8] which is used to oy space -RMDd2 - 3d2 —az 0z 3d2 2M1)d2
diversity and it is considered important becausdas the
largest amplitude of side lobes around the maie kitle.

In Section Il the method for designing a wedgl and In Figure 1d is the distance between adjacent elements,
symmetrical array factor (AF) [9] is described. Treay has a g the angle of measurement ang are the respective weights
total of elements equal t8 and an equidistant separations,, aach element of the linear array.

between the elements af= 1/2. Section Il will show the The array factor is obtained by adding theulteof the
algorithm for calculating the factor of Dolph-Chalbev array weighing of each element such that:

[8], with a Chebyshev polynomial order = 8 and a side lobe
levelR = 15dB [10]. (2M-1)

Wy Wy Wy W, Wy Wy

Fig 1. Linear weighted uniform symmetrical array.

- . . ) - kd sind —jakd sin 8
The radiation pattern of Section Il is usext & first FA=wye™’ 2 Tt we 2T
comparison with the pattern of Dolph-Chebyshevatln in wlej%kd sinf 4 awei@kd sing (1)
Section IlI.
) ) ) ) where k= 27" We can express the above formula in terms of
Manuscript received April 17, 2012. Manuscagtepted November 20, . . . . .
2012. the cosine function using Euler's identity so that:
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whereu = kdsin#, note that the array factor is maximum if For an 8-elements array factor, the positive andatiee

the angled = 0. angles where maximums and zeros appear are shown in
In this paper we use the following array dacfor a Table .

number of elements equal to 8 with an equidistastadce

between elements df= /2. TABLE |. POSITIVE AND NEGATIVE ANGLES FORM AXIMUM
AND NULL.
FA = wle—j(z"‘;l)kdsine n wze—i(2'32_1)kdsin9 n Maximum Nulls
.(2:2-1) . 1 . o
wye ™z RSO 4, o ~igkdsind + @3 +22.02 +14.47
1 . [(2:2-1) . + o + o
wsejzkdsme + (1)661 > kdsiné + +38.68 +30.00
.(2:3-1) . .(2:4-1) . o] [0}
w7e]_2 kdsing + wse]_z kdsing +61.04 +48.59
+119.8° 490.00°

Figure 2 shows the radiation pattern of theafactor
used in this article.

Ill. DOLPH-CHEBYSHEV ARRAY FACTOR

09 Iy — The method Dolph-Chebyshev Array was ingiall

0s BRI investigated by Dolph and it is based on the stidig

07 [ Chebyshev.
Bos Dolph in 1946 proposed a method to calcuthte array
205 [ factor; this method is based on the approximationthe
§ 04 | \ structure of the linear array by means of the Chbby

03 l’ \\ polynomials of ordem[9].

02 FaN N\

01 //\\//'\V/ \V’ \V/ \V/' \vf\\ 1) The Chebyshev polynomials (ChP)

0 -80 -60 -40 -20 0 20 40 60 80 .

Theta The ChP of ordenare defined as:

Fig 2. Radiation pattern of linear uniform symmetric arcdy8

elements and equidistant distancelaf/2. (—1)m cosh(m . arccosh|z|) s<1

T, (2) = cos(m : arccos(z)) -1<z<1 (g)
Null or zero angles of the array factor isaded when: cos h(m . arccosh(z)) z>1
O puis = Sin~t (i (iZ"T” — 5)) n=1273,.. 4) Chebyshev polynomials can also be generas@u uthe

following recurrent formula:

whereN is element arrayg is the difference of the electrical
phase between two adjacent elements. For realsasglé is
less than or equal to one, therefore, the argunoénthe
equation must be less than or equal to one, thisnmé¢hat
only a finite set of values satisfy the equality.

The angles of the side lobes are the greafssh:

Tm(z) = 2ZTm—1(Z) - Tm—Z(Z)' (9)

We find the first ChP by evaluating equat{®), and the
first eight polynomials are:

4(2)=1
1 2n+1 E(Z):Z (10)
0, = sin? (— E 5)) n=1,23,.. (5) t(2)=22-1
kd N
t(z)=42° -3z
The width of the main beam is defined as angular t4(z)i8245—822+31
aperture of the main lobe measured at a given anhgbwer '5(2)‘1625_2024+52 i
level and it is obtained when: t(2)=322° - 482" +182° -1
t,(z)=642" -1122° +562° - 72
- 1 (+2.782
0, =sin™! (g (—N - 5)) (6) It can be observed that if the module &f greater than or

equal to 1 then the ChP are directly related to dbsine
where 6, and _ are half-power points and they arefunction.
normalized to aFA = 0.707. The bandwidth of medium
power is determined as follows: 2) Properties of Chebyshev polynomials

We must take into account some of the properties of

HPBW =16, —6_| () Chebyshev polynomials:
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a) All polynomials of any m order will pass througle th
pOint (1'1) 1 ‘;IinearArr;y
b) Within the range-1 < z < 1, the polynomials have 08 l \ | ==+ Array Dolph-Chebyshev
values in-1, 1]. 08 / \
C) All null values occur within the range1 < z < 1. o7 , \
d) The maximum and minimum values within the range z g o , \
[[-1, 1] have values-1 and—1 respectively. 2 o5
e) The higher the order of the polynomitile steeper the §M ’ \
slope of |z] = 1 03 I \
The zeros of Chebyshev polynomials are catedl as 0 ] VoA
follows: ol AN TRV
(2 1) DT 0 -E{ -60 V-dﬂ \‘{; -ZUv 0 VZU '\&/ Aﬂv 60 \;U
co{m] m=0,1,..,N—1 (11) _ - Theta
2N Fig. 4. Radiation Patterns from Linear Array and Dolph-
Chebyshev.

In Figure 4 we can observe that the widtthefmain lobe
is the same in both radiation patterns. The angditaf the
first side lobe of the radiation pattern from theear array is
greater than the amplitude of the first side lobthe radiation
pattern from Dolph-Chebyshev method.

The level of the amplitude of the second ahid
m=N—1, (12) secondary lobes of the radiation pattern from Deolph
Chebyshev are greater than the second and thieddlies of
the radiation pattern from linear array. The finsil in both
radiation patterns is located at the same angletheusecond
and third nulls from Dolph-Chebyshev are shiftethwespect

3) The designing of the Dolph-Chebyshev Array Factor

The approximation of the linear array of amigs through
the ChP is accomplished by the proposal of the munab
elements in the array, in this case we propdsed.

where m is the order of Chebyshev polynomial.
Chebyshev polynomials are identical to equation {Rwe
write them as follows:

Ty-1(z) = M . a,cos[(2n — Du] (13) tothose from the linear array.
d B . This comparison suggests that there is netgaificant
where= (5°)cos 8, a,= Chebyshev coefficients. difference between the two radiation patterns.
The level of side lobes in dB and the rectdaigshape can
be obtained by: IV. METHOD FOR INCREASING SIDE LOBES
o = IF:—I‘ R =20log,o (R,), R, = 10%/20 | (14) For increasing the side lobes the weighinghefantenna
ls

array has to be chosen so that a null value wilplaeed in
whereFA,, is array factor of side lobeg, is the level of the calculated directions and a maximum value will teced in
main lobe ancR is the level of the side lobes with respect téhe angles of the side lobes and leaving the péakeomain

the main lobe. lobe in the direction of interest [10].
Figure 3 shows the radiation pattern gendragea Dolph- For a set of 8 elements the vector of thayais given by:
Chebyshev-type amplitude distribution with a totamber of
elementN = 8 and a ratio of lobes & = 15 dB. a(0) = [e—j%kd sin Be—jgkd sin @ —j%kd sin @ e—j%kd sin @
A comparison between the radiation pattemmsnf the 1 5 7
original array factor and the Dolph-Chebyshev métlis pJzkdsing ,j3kdsing ,jskd sin 6 ejfkd SOy
shown Figure 4. (15)
1 The weighting vector is described as follows:
0.9 —‘ Array Dol‘ph-Chebys;hev
o:a / \\ W = [w; w; w3 Wy w5 Wg W7 W] (16)
o ’ \ Therefore the total array is the sum of theter array plus
G 08 [ the weighting vector obtained:
Eo05
20 [ )
= ’ \ s =pwT a_w e jzkdsme_'_w e 12kdsm9+w e jzkdsme_'_w e 1zkdsm9
0.3 ’ \ +w5e’2kd5m9+w ejzkdsln9+ W, ejzkdsm9+ wg e/—kdsm9
02
0.1 // \V/\Vf \ VI \v/ \Vﬁ \V/ \\ (17)
" e @0 20 e P 40 80 80 Since there are 8 variables we have 8 camditio satisfy:
Fig 3. Radiation Pattern of 8-element Dolph-Chebyshevand
ratio of lobes of 15dB. S1=w, eTigkdsing 4 N o igkdsingy | W, e ikdsing: | N o igkdsinG:

+wlejzkdsm61 + wlejzkdsmel +wlejzkdsm91 + wlejzkdsmel =c1
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7 . .5 . .3 . 1 . 1 . .3 . .5 . .7 .
—j5i —Jj5 —Jj5 —Jj5 Skd 0, Skd 0. Skd 0, Skd 0,
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The result from this equation system willbweights that

wherecl, -, c8 are constantWe have a system of equatioRg| satisfy each condition. The obtained weightse a
where each equation is equal to the magnitude efisired g pstituted in the array factor in the formula (17)

level of secondary lobes which is trying to keee thidth of This process will be held in every case tdawb the

the main lobe in the half-power points. Solvingsthystem of aqiation pattern. Figure 5 shows the radiationepatobtained
equations the weights can be obtained for eachitbomd from the first case:
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Fig 5. Radiation pattern of the first linear array by e&sing the
positive side lobe.
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In Figure 5, we can observe the increase hef first
positive side lobe, and due to there is not a betiveen the

In Table Il,r = 77180 and the anglé, represents the two maximum angles then a continuity between thinrcde
direction in which we require to increase the dalee so that and side lobe of the first maximum is shaped; tloeeg a
the equation will be matched to a desired maximusgmitude spread of the main lobe is generated by the jdinh® highs
value. Theanglesd, and 8. will not change because they arefrom the two lobes.

required to keep the width of the main lobe, while We can observe that a null appears at tts¢ fiegative
remaining angles will be null for other directions. angle which is at -3 the second angle is at -48°58nd the
These angles are replaced in the followingagiqn system third is at 96. The first null at a positive angle is found at
as follows: 48.59 and the second angle is at’@8 it is indicated in the
. equations.
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TABLE Ill. COMBINATION OF ANGLES FOR INCREASING THE SIDEOBES.

Case Il
0:=-90*r 02=-48.59*r 93=-30*r O4=-14.47*r
0 0 0 0.7
O5=14.47*r 0s=30"r 0,=38.68"r 95=90*r
0.7 0 0.7 0
Case Ill
0:=-90*r 02=-48.59*r 93=-30"r O4=-14.47*r
0 0 0 0.7
Os=14.47*r 05s=30"r 0,=48.59*r 05=61.04"r
0.7 0 0 0.7
Case [V
0:=-61.04"r G:=-48.59*r G3=-30*r O4=-14.47*r
0.7 0 0 0.7
O5=14.47*r 0s=30"r 0,=48.59*r 05=61.04"r
0.7 0 0 0.7
Case V
0:=-61.04*r G:=-48.59*r 0:=-22.02"r O4=-14.47*r
0.7 0 0.7 0.7
O5=14.47*r 05=22.027r 0,=48.59*r 05=61.04"r
0.7 0.7 0 0.7
Case

We increase the second positive side lobeh wat
magnitude of 0.7. Once the equation system has beleed
and taking into account the obtained weight in dasieen the
weights will be multiplied as follows:

T _
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A Novel Method of Beamforming to Improve the Space Diversity

Case lll

We increase the third positive side lobert@mplitude of
0.7.
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Fig 7. Radiation pattern from linear array when the third
positive side lobe is increased.
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In Figure 7 we note an increase in amplitulethe
positive and negative side lobes, but the directibiterest
does not present the desired change of amplituéecai also
observe that there is not a main lobe.

The increase in negative side lobes are thastriated
because the results are symmetrical with respecthé&o
radiation patterns of case I, Il, Il respectivelin the
following cases we only present the most importastilts to
obtain the final radiation pattern.

Case IV

In this case we use a combination of two maximuigemat
different positions. Figure 8 shows the resultiragiation

(21) pattern.

These new weights are replaced in the limegay factor
and the result is the radiation pattern that issshim Figure 6.
Equation (21) will be applied in the same way ircteand
every of the later cases.
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Fig 6. Radiation pattern from the linear array when thsitpe

second side lobe is increased.

In Figure 6 we observe an increase in the postide-lobe
level, as well as the widening of it. We also obedr an
increase of the first secondary lobe. The angufenng in
the half-power points is preserved.
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Fig 8. Radiation pattern of linear array by increasingel®b

The width of the main lobe is narrower thha briginal;
this result causes a displacement of null anglésside lobes
had a significant increment in the amplitude excéet last
two side lobes.

Case V: Comparison with Dolph-Chebyshev

Finally, we performed the comparison betwethe
resulting radiation pattern from linear array witie radiation
pattern from Dolph-Chebyshev method. The Dolph-
Chebyshev polynomial will be of order = 8 and a maximum
ratio between side lobes of 4 dB. Figure 9 shows th
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comparison among the three methods that we distuisghis

Our proposal showed a more directive maire labd the

work: Linear array, Modified linear array and Dolph side lobes have the same level of amplitude asndie lobe.

Chebyshev. It performs the change in the relatide tobes The increase of lobes can be the key to improvecépacity

for comparison. in mobile communication systems, using the freqyenetise
concept based on the diversity of space.

1

Future research aims to achieve uniform wmegeof all

/\ f\ ----- Linear Array
09 \ "\ /" / _Q\";;‘iy”ed Linear side lobes using adaptive methods.
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In Figure 9 we can observe that the resultimgdified
radiation pattern present the highest amplitudihénfirst two [5]
secondary lobes, but this behavior is not uniforetause
Dolph-Chebyshev amplitude is the highest in thé tlae side [6]
lobes. The amplitude of side lobes from Dolph-Clsley is
uniform throughout the radiation pattern. In bo#diation [7]
patterns, Modified linear array and Dolph-Chebyshthe
angular aperture is narrow which causes the nglegnto be 8]
shifted.

VI. CONCLUSIONS 9]

The comparison between the method with irsgdaside
lobes and the Dolph-Chebyshev method showed similar
results, but the amplitude of side lobe of our s 1
presented higher level than the amplitude obtame®olph-
Chebyshev method. The latter method is considengaitant (1]
because it is one that shows the greatest amplitudsde
lobes near the main lobe.
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