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Abstract

Ecological niche modelling allows inferring the Inécof a species according to the values of enviemtah variables and
species presence points in a given geographic amed@elling algorithms proceeds correlating the gsedata with the raster
environmental layers in a sampled area until aeictodel were identified. Aadaptive decision tables a decision table
able to modify the rules during the execution tirAs.a proof of concept, we applied the proposedchoteto the Genetic
Algorithm for Rule-set Production (GARP), which ame of the most applied modelling algorithms. Oriethe main
problems is to identify which algorithm parametars able to result in a better performance andeteeate an adequate
model for the species geographic distribution.His tase, the adaptive techniques may imply inteebevaluation of the
context and, in the experiments executed durirgrégearch, it was possible to show that the ngeimentation does not
affect the performance of the genetic algorithmisTépproach may result in a methodology for adeptad software
implementation of adaptive decision tables in orttersolve problems related to the use of genetorahms. The
methodology is presented in this paper.
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1 Introduction

This paper treats of two very strong trends, adaptand evolutionary programming, which are pugdther so as to
propose an application related to environmental eting. This approach is suitable for the practifea@mplex systems
programming, featuring artificial intelligence céjaies, such as grammatical inference, computearding and
autonomous dynamically changeable behavior. Thigeeance is based on the concepts of modellingigeovby the
openModellerframework [http://openmodeller.sourceforge.hewhich infers a probability distribution of a spes, in a
given geographical area, from data about the sp@tieurrence and environmental variables in thed @nput data).

The openModeller framework includes several altéveaalgorithms to do the inference and, among thtve GARP
genetic algorithm is the best choice for these kihéxperiments, because it is simultaneously dnfi@most sensitive to
parameters changes and one of the most appliediwidg [6], [7]. GARP is a genetic algorithm whichkes the input
modelling data and, based on their values, pro@duset of rules which allow to infer the presenceahef given specie in
another geographical area according to the valfigeeaonsidered environmental variables.

An adaptive decision table is a decision table joled with a set of adaptive functions able to addemnove the rules on
defining the subjacent decision table. Any geneliprithm can be executed by an adaptive decisible 1] and, in order



to show a concept proof of this claim, the originalplementation of the GARP algorithm was substidutoy the
AdapGARP, proposed in this paper, and some expaténeere done in order to verify the impacts onghegormance of
the new algorithm related to original GARP. At |ake openModeller framework will be provided withhew version of the
GARP algorithm, implementing adaptive the operatorsssover and Mutation, of a genetic algorithmirdgdn, so as to
offer a smart way to define parameters choices.

2 Adaptive Devices
In this work, the adaptive models follow a slighthpdified version of the formulation defined in [2]

Non-adaptive devices are formal devices whose behé#ss defined as a static set of rules. This kifidlevices may have
their operation enhanced by adding to them an adafatyer that associates each device's rule &t afsadaptive actions.
Adaptive actions specify the changes to be appbetthe device's sets of rules by using primitivétied operators, which
allow applying inspection, deletions and additidosthe set of rules, defining the device. In anptlerds, the adaptive
layer performs all operations that are needed yoathically modifying the set of rules, defining thieration of the device.

Such improved devices are calledaptive deviceand the original devices from which they are aisdiare said to be their
correspondingubjacent non-adaptive devic&here is no restriction in the nature of subjackvices, so one may obtain
adaptive devices from virtually any kind of abstiae defined as set of rules, e.g. automata, grasyndacision tables, etc.

3 Mapping Genetic Algorithms into Adaptive Decision Tables

For the rest of this work, the subjacent abstractidl be thedecision tableand the corresponding adaptive device will be
named asdaptive decision tables

A decision tabldg[1], [3], [4] and [5]) is a table encoding a sétroles in columns. The first column designatesimibber of
Condition Rowson top of the table, and a setAaftions Rowson the bottom of the table. The set of ruleststatr an initial
configuration, and theecision tableoperates checking the valid conditions againstviiiees defined in the column rules.
When a condition is found to be true for a givele rthen all the marked actions for this rule atecaited.

C

» C
Condition rows =2

Cn
a1
ad

Actions rows

Zn
Table 1 Decision Table

An adaptive version of this abstraction may be ioleth by adding to an existing non adaptive talheimber of further lines
which encode, for each column representing a singks, the (parametric) calls @daptive functionsassociated to the
execution of that particular rule. Whenever a iinl¢he table is applied, the associated adaptinetfons are invoked, and
their corresponding collateral effects change tineent set of rules, according to the adaptive ajoes performed by the
adaptive function.

The strategy adopted for this work consists of dimmpdecision-taking rules as rules of ashaptive decision tabjeand the
changes in behavior will be modelling as adaptstioas, over the rules encoded in the decisioretdbl order to be useful,
the resultingadaptive decision tablmust replicate the behavior of the original genatgorithm.

Once the programming of the mapping law is deteedhirany genetic algorithm-based program may be erteny to an
equivalent adaptive transition table-driven versiom this work, both version were compared regaydine number of
iterations as a function of the fitness functioagision.

3.1 Adaptive decision table format and operation

As we already pointed out, to createataptive decision tabléom a decision table, it is necessary to add sadaptive
functionsto the definition of thelecision table As defined in [2], thesadaptive functionsire placed in a set of rows under
the Actions Rowsf thedecision tableTheTable 2shows the general setup ofaataptive decision table
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Table 2 Adaptive Decision Table Format

To operate an adaptive decision table, first theustof the system is checked against the combimabf conditions stated

in each of the rules encoded in the table. If le matches the current status, then no actionéswggd. Otherwise, if a
single rule matches the current status, then arrdetistic choice is identified. So, the matchinderis selected and is
applied. Finally, if more than one rule matches therent status, then there is a non-determinisiioation and,
consequently, all those rules need to be appliegairallel. From the practical point of view, thergdielism may be
simulated, e.g. by some exhaustive backtrackingtesty, and this is the reason that implicates éenrtgquirement of the
performance analysis of the new algorithm. Thecdeterule is then applied by executing the setladciions indicated with

a boolean valudrue in the cells of the rule corresponding to actiomsoOnce the selected rule has been applied, the
decision table is ready to be used again.

4 The AdaptGARP Algorithm

The AdaptGARPalgorithm describes an adaptive implementationhef GARP algorithm [6], [7], and it€rossoverand

Mutation operators, considering the version implementechéndpenModeller framework. In order to do this, thke-set

will describe an individual, at a specific stepth& genetic algorithm, in a format suitable for @fygng these adaptive
versions of the classical genetic operators.

Adaptive CrossoveaindAdaptive Mutatiorwill act as rules manipulators over other rulesestan this new format, and they
are invoked by the main algorithm — indeed, theegienschemata — as subroutines, replacing the daptae versions.
After describing suitable data structure for usthwidaptive genetic operators, Adaptive CrossomdrAdaptive Mutation
are described. For the rest of this work, theseaipes will be named asdaptCrossoveandAdaptMutation

4.1 Data structures
First of all, data structures must be designedssto apply the general technique described in [2].

The Crossovergenetic operator takes two individuals and intenges genetic information between them, at the genet
level, producing a new individual; in the rulestbé GARPalgorithm, this handling of information operatesthe limits of
the intervals, defined within the rules.

Such technique requires that the rules of the maptive device be encoded as a decision table., Tihennecessary to
design suitable adaptive functions for manipulating rules encoded in the decision table. Thesetagafunctions are
encoded as part of the adaptive decision tableghwtasults in a compact representation of the gepgterators, as part of
the adaptive decision table and representing thardic change of the rule-set.

In order to implement th&ARPalgorithm’s rules, the format defined in [2] ispdipd. As an example, consideiinterval
rules, associated toenvironmental variables, as depicted in Table 3.

R, R, Rs Rn
Xq = An A Az Ant
X1 < Bu1 Ba1 Bs1 Bn1
Xp 2 A2 Az Az Anz




Xp < Bio Bz Bs2 Bn2
Xi = A Ak Az Ak
Xy < Bk Bak Bak Brk

Table 3. Format for GARP chromosomes

Assume that interval rules apeesenceules. In GARP, the usual codification of this kiofrule is:
IF x; O [A11, B1g] AND X, O [Agp, Big] AND ... x¢ O [Agy, By THEN PRESENCE

The meaning of a rul®j, wherel <j < h, is that if each environmental variabig wherel <i <k, then the species is
present in the associated localization.

This represents the main data structure for thetadagenetic operators described in the followsnfsections. The number
of columns of thelable 3will change as a side-effect AlaptCrossover'sperator execution. Th&daptMutationoperator
will operate over some rule (column) in the talblg changing the limits of the intervals.

Some decisions must be taken on how to handleules.rindeed, any rule is referred by its indextlom table, e.g. its
column’s index. Since in the rule-based adaptiwdage the number of rules may change, the setleno be considered is
a dynamic array, which maintain the sequential neninlg of its columns, avoiding to renumber the oamtg in the table.

To specify the adaptive functions, auxiliary fuocis are applied, that are described below:

{O ; if x<y; 1
(b) Therand(n) function, which produces a pseudo random integenber between 1 and n, and tlaed(a, b)function,
which produces a pseudo random integer number batwendb, whena e b are integers, and produces a pseudo
random float number betwearandb, whena andb are float.

4.2 Adaptive Implementation of Crossover Operator

The Crossover genetic operator takes two indivel@add interchanges genetic information between ttetnthe genetic
level, producing a new individual; in the rulestbé GARPalgorithm, this handling of information operatestbe limits of
the intervals, defined within the rules.

The Table 4 specifies the adaptive functiaaptCrossovein the format of the decision tables.

The cell on the first row of the first column isedsto identify the function's name, leaving unuaeg other cells on that
row; the second column, from second to fifth roas used to specify the parameterdfAdhpCrossoverthe parameters
andj are integer numbers representing the indexeseofules to be crossed; parameter@ndq are integer numbers that
specify the sections of the intervals which areenited by the new individual, resulting from thessover between rule
and rulgj. The remaining rows specifies adaptive conditiaesording to adaptive functions.

The adaptive function adds a new row to the tablthe rules, which is expressed by the symbol “tthee header of the
third column, encoding one of the three elementmtjons that may operate on the rules definingdtiaptive device.
Another elementary action is the “-”, which removekes. This is also applied in the specificatidrthe adaptive version of
the Mutation operatoy in section 4.3. ThAdaptCrossoveoperator creates a new rule for which all inteswaith index less
thanp or greater or equal thap will inherit from ruleR, and the intervals with index greater or equahtihand less thag,
will inherit from the ruleR;.

+

AdaptCrossover|
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Xo2 A + (A — A)(Ua(p) - Ui(9))
X1< Bi1 + (Bx — By1)(Ui(p) - U:(q))




Xo>

Az + (A2 — A2)(UaA(p) - Ux(q))

X<

Biz + (B2 — Bi2)(Ua(p) - Ux(q))

Xk

Ar+ A~ ADUD) - Ud@)

X<

Bik + (Bi - Bi)(Uk(p) - Uk(@))

The rules can be resumed as:

Table 4 Adaptive Decision Table forAdaptCrossover

{Aih yifh <p; Ay
Xph=3 . .
;if psh<q Ap;ifh=q

and

{Bih ;if h <p; By,
Xph<) . .
;if psh<q;By,;if h=q

foralll <h <k

4.3 Adaptive Implementation of Mutation Operator

The Mutation genetic operatotakes one individual and modifies its genetic infation, at the genetic level, producing a
mutation of the original individual; in the case tbe rules of the GARP algorithm, this operatioteral the limits of the
intervals defined within the rulé&ble 5 specifies the adaptive functigkdaptMutationas a decision table [2]. The cell in
the first row of the first column is used to idépthe function's name only, leaving unused angptiells in that row; in the
second column, the rows 2-5 specifies the paraseteAdaptMutation parametef is an integer, representing the index
associated to the rule; parametei@ndg are pseudo random integer numbé&rspecifies a gene to be changgdapecifies
whether thek-th gene is to be changed or not; parameteand b are pseudo random integer numbers, representing ne
limits for the interval chosen to be changed.

The remaining rows specifies which conditions thle must follow, as described below:

x>{Aih ;ifr<g;a

"L r=g Ansif r>g
and

.<{th ,Ifr<g,b

T Lifr=g;Bn;if r>g

foralll1<h<k.

- +

AdaptMutation

j

r

g

a

b
X2 Aj Ajlur(g) - (a B Ajl)Ur(g + 1)
X1 Bj1 | BuU«(9) - b - By)Ui(g + 1)
Xo= Aj AjZUr(g) B (a B AjZ)Ur(g + 1)
Xo< B2 | BoUK(9) - b - Bp)Ui(g + 1)
X2 Aj Aijr(g) - (a B Ajk)Ur(g + 1)
X Bik | BxUi(9) - b-By)U(g + 1)

Table 5 Adaptive Decision Table forAdaptMutation



4.4 Putting all together: AdaptGARP
TheTable 6shows the general setup to encode the GARP gealgtidthm in a corresponding adaptive decisiotetab

The second column of the first five rows labeled@asndition rows”, defines the conditions controdii the operation of the
adaptive decision table. To the column marke@ asrresponds the first three rows marked as “Astipand both are used
to set up initial values to the adaptive decisilnd operation. The columns markedlaand2 controls the operation of the
adaptive decision table, corresponding to the feetion rows. The columns marked 35 and4F indicates halt conditions
for the operation of the adaptive decision tablsoAlast seven condition rows encode, in the cakibeyond column 5, the
sample data available (columns marked as, Ds, ... , D) and reserve room for the rules the Adaptive Dewisvill
produce (columns marked ag Ry, Rs, ... , R).

As each rule must specify one interval for eachthaf environmental variables, there &lerows for each rule to be
produced; this way, the pal, B; represents the extreme values of the intervaltfeii-th environmental variable of the
rule Rj, whereh+4 <i <h+4+nand 1 <j <k

As the available data sample has only punctual esaequired thad; = B; when5 i sh+4and 1 <j sk

5 Experiments
Fourteen experiments were performed, evolving tperies and data sets, for the both algorithms, GARFAdaptGARP

The data applied for the experiments were thesttsof the openModeller system referent to theisp&aircata boliviana
and another data set of a species under studyellyitkogical researchers of the project, name8paEsies Bwere applied.

- Furcata boliviana data set containing 66 presence points with doates of longitude, latitude and altitude.
- Ouratea spectabilisdata set contains 34 presence points with coatesnof longitude and latitude.

In order to define performance metrics, the groeftthe number of iterations as a function of thguieed precision of the
fitness function, were applied. In fact, the fitaésnction is based on a-priory probability caltethover the presence points
— usually, half the sample — used to generate tbdeincompared with the posteriori probability cédted, taking into
account all the available data in the sample.
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Table 6 AdaptGARP




The fourteen experiments with each data sample ethavo relevant changes in the performance. ForFtireata
boliviana only, the results obtained were in a differenueadf iterations for a required precision of 0.0Q0&% showed
in Table 7

Fitness precision % | GARP | AdaptGARP
0.050 22 22
0.040 27 27
0.030 35 35
0.020 52 52
0.010 102 102
0.009 113 113
0.008 127 127
0.007 144 145
0.006 168 168
0.005 200 200
0.004 252 252
0.003 335 335
0.002 502 502
0.001 1002 1002

Table 7 Comparison of results for-urcata boliviana

6 Conclusions

This paper described how to implement genetic élyos using adaptive decision tables and, as af mfomoncept, the
AdaptGARPwas designed, as an alternative to the GARP gealgtizithm. In order to compare the performancéhef
proposed implementation, several experiments wegewted, comparing both algorithms performanceasgusie same
two data samples and parameters, and only a mihirsabf performance were observed, leading tocthreclusion that
the method is practicable. Future works includeslenihis implementation available for the biologicasearchers, in
order to have its relevance evaluated by the cortynun

This work is result of the collaboration of the Adiae Technologies Laboratory with the openModefiesject. When
this collaboration begins our aims was assure Muaptive Devices can be used to obtain results abirips on
performance with those obtained using genetic a@hlyuos. In this work we prove this claim and gairowfedge about
the internals details of the GARP algorithm impleag¢ion, in particular, and about the openModelgstem in
general. Now we are ready to explore the desigrewaf algorithms to contribute to the openModellej@ct.
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