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GENETICA: A Computer Language That
Supports General Formal Expression
With Evolving Data Structures

Lefteris Virirakis

Abstract—This paper presents a general problem-solving constraining both creativity and effectiveness. Enhancement of
method combining the principles of artificial intelligence and the representation has been attempted by either tree-structured
evolutionary computation. The problem-solving method is based genotypes reflecting concept hierarchies [1, pp. 13, 18-20], or

on the computer language GENETICA, which stands for “Ge- - . - N
netic Evolution of Novel Entities Through the Interpretation genotypes interpreted to logical expressions [2]. Specialized

of Composite Abstractions.” GENETICAs programming en- Programming environments make possible the development
vironment includes a computational system that evolves data of domain specific GA applications [3], while incorporation

abstractions, viewed as genotypes of data generation scenarios forof domain specific knowledge in a GA has been attempted in

a GENETICA program, with respect to either confirmation or ;
optimization goals. A problem can be formulated as a GENETICA :e(;(;ntdm?t.hodst[4]].bﬂt1§ Iatte:.a.[t)proadches prolTote effectiveness
program, while the solution is represented as a data structure 0 the detriment of both crealivity and generalily.

resulting from an evolved data generation scenario. This approach ~ Genetic programming (GP) [5] considers computer programs
to problem solving offers: 1) generality, since it concerns virtually as the objects to be evolved, which allows both creativity and

any problem stated in formal logic; 2) effectiveness, since formally generality since virtually anything can be represented as a com-
expressed problem-solving knowledge can be incorporated in ;101 nrogram. This is also a major step toward effectiveness

the problem statement; and 3) creativity, since unpredictable . It tation k led be | ted
solutions can be obtained by evolved data structures. It is shown ;mce solution representation knowledge can be incorporate

that domain specific languages, including genetic programming N the components of evolving programs. However, GP does
ones, that inherit GENETICAs features can be developed in not provide an equally effective representation of the problem

GENETICA. The language G-CAD, specialized to problem to be solved: in classical GP the user is only allowed to define
solving in the domain of architectural design, is presented as a e elements of the programming language (i.e., the function
case study followed by experimental results. set and the terminal set), the fitness function and potentially

Index Terms—Evolutionary designing, formal logic, genetic al-  some aspects of the program architecture [5, pp. 33-36]. Some
gorithms, genetic programming (GP), problem solving. additional control of the problem representation has been

attempted through syntax specifications potentially reflecting
|. INTRODUCTION problem specific knowledge. Such attempts include “strong”
typing [6], [7] and “polymorphic” typing [8], [9], where type
matching and unification, respectively, make possible the
representation of syntax constraints. Constraint-based [10]
N IMPORTANT property of evolutionary computation,and logic attribute grammars [11] further enhance knowledge
referred to as “creativity,” is the ability to generate novelepresentation through the syntax. Logic programming allows
objects whose structure and functionality is unexpected in teraas even more general and effective solutions’ representation
of previously available knowledge. A major challenge to thg2, p. 43], which is based on a highly expressive formal
evolutionary computational methods is to achieve a general daglguage (i.e., the first-order logic). Effectiveness has been
effective representation of the objects to be evolved. Genglirsued in GP by means of both advanced data structures
ality refers to the widest applicability of the method in differenf13] and advanced formal modes of expression, e.g., quanti-
problem domains. Effectiveness refers to the best use of existfitgs [14, p. 160] (expressions “FOR-ALL” and “EXISTS"),
problem specific knowledge which improves the performance fif5, p. 425] (expressions “MAP” and “FILTER”), recursion [5,
the computational resources by reducing the search space.ggf- 147-154], [15] and “high-order” formulas, i.e., formulas
fectiveness has been considered as contradictory with both geglating other formulas, the latter viewed as terms [9, p. 418]
ativity and generality. () abstractions), [15, p. 424], [8, p- 234].

Classical genetic algorithms (GAs) represent to-be-evolvedThe idea of using the expressive power of a formal lan-
objects as fixed-length binary strings, the latter viewed ggiage could be extended to the whole problem representation.
genotypes. This is a general but poor representation, seveftgblem specific knowledge, which could be represented

through a formal language, may include many more things than
knowledge expressed through the syntax of the solution repre-

A. Creativity, Effectiveness, and Generality in Evolutionary
Computational Methods
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problem specific knowledge and describes a potential solution,Problem solving can be viewed as a process of construction
may be syntactically correct but yet disconfirmed. and evaluation of data structures during the program execution.
The expressive power of first-order logic supports th€onstruction of different data structures creates the search space
problem representation in a class of evolutionary methoddile evaluation selects the elements of the solution space. The
where data structures, which reflect the syntax of a formelementary decisions, on which the data construction is based,
language, are considered as the objects to be evolved. Examptaxern the selection of an element of either a countable class
include 1) evolving bit-vectors, inspired by model-theoretifrepresented as a list, an array or an integer interval) or a con-
knowledge representation, which have been used in machimaious class (represented as a real interval). The selection may
learning [16] (systems GIL and COGIN), [17, pp. 223, 224]e either deterministic (e.g., the PROLOG-like exhaustive enu-
[18], [19] and in proving logical arguments [20]; 2) evolvingmeration generating the search space in Al applications) or sto-
tree-structured data tracing a formal syntax, which have begmastic (e.g., the random selections encountered in stochastic
used in abstract interpretation [21] (“abstract substitutionsgptimization or genetic methods). The data structures may be
and in theorem proving [22] (“features”); and 3) formal logievaluated either in a Boolean manner (e.g., the PROLOG-like
GP methods developed within the framework of constructi@nfirmation criteria encountered in Al applications) or in a nu-
induction [23] and theorem proving [24]. Due to the generalitynerical manner (e.g., optimization criteria represented by nu-
of expression offered by first-order logic, all the methodmerical functions), where the evaluation procedure constitutes
referenced above are general—each one in its own applipa+t of the program.
tion domain—and more effective than their nonevolutionary Consider a computer language where each nondeterministic
counterparts. They also can cope with confirmation problemsementary decision made during the program execution is con-
since abstract data structures can be optimized with respeetted to a deterministic one by a piece of data, opaque to the
to general confirmation criteria. However, these methods gseogrammer, referred to as a gene: given the context where the
designed specifically for learning, proving or interpreting taskdgcision is to be made, a gene deterministically defines the re-
which severely limits their potential creativity. sult of the decision. Then, a proper gene structure, viewed as a
The idea of combining the expressive potential of formaenotype, deterministically defines a data generation scenario
logic in the problem representation (not only in the solutiowhich may lead either to the construction of a potential solution
representation) with the creative potential of evolution in ther to the disconfirmation of the problem statement. In the former
problem solution (in different problem-solving tasks) has beamase, the data generation scenario can be evaluated by a program
tested in methods that give interpretations of evolutionafynction which maps potential solutions to numerical values. In
techniques in highly expressive environments: domain spettie latter case, the data generation scenario can be evaluated as
fication, problem formulation, and solution representation aem effort to confirm the problem statement. In both cases, the
performed within the environment, while the computationavaluation provides a measure of fitness. Consider a computa-
procedure is performed within the evolutionary technique. Relenal system which constructs genotypes, evaluates fitness, and
evant applications include the integration of a GP solver witipplies evolutionary optimization by performing genetic oper-
an artificial intelligence (Al) environment [14], the integratiorations on a population of genotypes. The genotypes’ evolution
of evolutionary algorithms (EAs) with an object-orienteatonstitutes a search for data generation scenarios that solve the
environment [25], and the integration of GP or EAs with fuzzproblem.
logic [26], [27]. The potential of this approach depends on the Extending both the research on evolving data structures and
degree of automation of the interpretation process and the uder idea to give interpretations of evolutionary techniques in
control allowed. A relevant branch of investigation concerns theghly expressive environments (see Section I-A.) the evolu-
integration of evolutionary techniques with highly expressivigonary approach to problem solving presented in this paper
environments not based on formal logic. Such environmergans both to generality and effectiveness. Generality is sup-
have been implemented as evolving neural networks [28], [29forted since any mode of expression practically used in com-
puter languages could be used in the problem representation. Ef-
B. Problem Solving Based on Evolving Data Structures  fectiveness is supported since a highly expressive formal state-
Typical problem solving in the computer represents tHgent of problem-solving knowledge can be incorporated in the
problem as a computer program and the solutions as darablem representation, in the Al fashion. Unlike other evo-
structures. This representation is considered expressive enolygignary approaches to formal logic, this approach does not
for general problem-solving tasks if the computer languagé@nstrain creativity since solutions of unpredictable structure
where the program is written includes at least the partial rand functionality, represented as data structures, could emerge
cursive functions [30, pp. 181-182]. A problem representatidly evolution. An important aspect of the proposed approach is
based on first-order logic [30, pp. 6-9], which makes easier tHe possibility to consider evolving data structures as computer
incorporation of problem-solving knowledge, is encountergefograms. This makes possible to develop GP methods where
in Al languages. An even more effective representation §oblem specific knowledge could be fully incorporated in the
achieved in computer languages that implement high-ord@ioblem representation.
modes of expression by considering parts of the program as data
structures. Data structures within different computer Ianguaggs GENETICA
may include various types of data such as arrays, lists, propertyGENETICA is a computer language integrated in a program-
lists, objects, data bases, or even computer programs. ming environment that includes an evolutionary computational
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system. Given a GENETICA program, the computational  which is specialized to problem solving in the domain of
system performs successive executions of the program, where architectural design. The presentation includes an intro-
each execution leads to a different data generation scenario. duction to a general method for developing domain spe-
Differences between data generation scenarios are caused by cific languages and implementing GP in GENETICA, a
the nondeterministic elementary decisions occurring during description of G-CAD viewed as a case study of the lan-
the program execution. These decisions depend on genes both guage development method, and a unifying description of
created and structured by the computational system at run time. the architectural design problem-solving method.
Specific gene structures constitute genotypes each one deters Section V presents the formulation and the solution of an
ministically defining a data generation scenario. The successive architectural design problem as a case study of the ar-
program executions performed by the computational system chitectural design problem-solving method introduced in
produce a population of genotypes. The computational system Section V. The presentation includes the formulation of
evaluates the performance of each data generation scenario in the problem statement, the adjustment of the basic compu-
either confirming a specific formula or optimizing the value tational parameters within GENETICAS environment, and
of a specific function within the program. The evaluation the results produced. This section ends with a comparison
provides a fithess value for the genotype of the data generation of the G-CAD design method with other evolutionary de-
scenario. The computational system evolves the population sign methods, which reveals the most important features
by performing genetic operations on high-fithess genotypes, of GENETICA-based problem solving.
estimating the fitness of the genotypes that result from the ¢ Section VI presents concluding remarks on the approach
genetic operations, and substituting low fithess genotypes inthe to problem solving presented in this paper.
population. The best fitness genotype of the population, after
the evolution procedure, defines the data generation scenario ||, DESCRIPTION OF THELANGUAGE GENETICA
that produces the solution. The solution is a data structuye
constriucted by a specific formula within the program. '& General Features of GENETICAs Formulas
GENETICA includes the partial recursive functions, the The notion of a GENETICA “formula” includes all the
logical operations, the basic arithmetic operations and thRgerations, the functions, and the relations that either constitute
quantifiers. GENETICAs atomic terms are integers, realSENETICAs atomic elements or can be constructed in GE-
and symbols represented as strings. Nonatomic terms BAMeTICA. GENETICAs formulas have distinct input and output
lists—simple or nested—of atomic terms. Lists can be botarms. Given the input terms, the formula can be “called,”
constructed and processed in GENETICA by LISP-like foi-e., the program represented by the formula can be executed.
mulas. GENETICAs formulas can be also treated as ternid)e output terms emerge as a result of the call. Relations
which makes possible high-order modes of expression, sir@@ represented by a class of formulas returning no output
a class of formulas cause the execution of any formula whogglue. These formulas will be referred to as “nonconstructive”
name—viewed as a string—appears in their argument. All thermulas, whereas any other formula will be referred to as a
modes of expression practically used in computer languagdesenstructive” formula.
are either included or can be constructed in GENETICA, while Atomic formulas in GENETICA include arithmetic opera-
practically all the data structures can be represented as nesi@uls, list processing functions, and both inclusion and equality
lists. relations. Specific GENETICAs atomic formulas are semanti-
A prototype PC version of GENETICAs programming eneally equivalent with the basic arithmetic and set-theoretic op-
vironment, which includes the compiler, the evolutionary conerations and relations of the Zermelo—Fraenkel langlia§et
putational system and a user interface, has been developedrid the Peano languaf@igAr [30, p. 6]. The confirmation of an
Visual C++. This version has been used for the implementatiatomic formula depends only on the input terms.
and the production of the results presented in this paper. The argument of a special class of atomic formulas, referred
The remainder of this paper is organized as follows. to as “high-order” formulas, consists of a list having the form
« Section Il briefly presents the language GENETICA, intF'N, t1,...t,), Where Fiy is the name of a formula (atomic
cluding an example of GENETICA code. The aim of th@r not) viewed as a symbol. When a “high-order” formula
presentation is to clarify the features of the language that called, the formula named’y is called with input terms
are important to the understanding of both the expressite . . . t,, While the output terms of the call are included in the
potential of GENETICA and the problem-solving methodoutput terms of the “high-order” formula call. The call to the
 Section 1l presents the evolutionary computationdbrmula namedFy, resulting from the “high-order” formula
system within GENETICAs programming environmentcall, will be referred to as the “forced call.” Any nonatomic
The presentation includes the definition of the genotydermula making reference to a “high-order” formula is also
of a data generation scenario, the generation method alefined to be a “high-order” formula (recursive definition).
the functionality of genotypes, the genetic operationdlon “high-order” formulas will be referred to as “first-order”
and the fitness evaluation method, while a unifyinfprmulas.
description of the evolutionary computational process Specific atomic constructive formulas have a single output
concludes the presentation. term, which is a random element of either a countable class
 Section IV presents a large scale GENETICA applicadewed as a list, or a continuous class viewed as a real interval,
tion concerning the development of the language G-CABhere either class is defined by the input terms. These formulas
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will be referred to as “multiple confirmation” formulas in the constructed witmotinclude only one formula reference.
sense that, given the input vector value, different output values Each referenced formula is called once. Each output term
confirm the formula. Any nonatomic first-order formula making of a formula F' constructed withand is represented in
reference to a “multiple confirmation” formula is also defined the output section of thé' definition. A formulaF' con-

to be a “multiple confirmation” formula (recursive definition). structed withor has a single output term which is the list
Nonmultiple confirmation first-order formulas will be referred of the terms whose names appear both in the output sec-
to as “single confirmation” formulas. tions of the confirmed references and in the output section

The standard valudalse substitutes each output term of the F' definition; the order of the terms in the list re-
of a constructive first-order atomic formula in the case of  spects the order of the respective term names in the output

disconfirmation. section of thel” definition. Formulas constructed witfot
have no output terms.
B. Terms and Data Structures * app(apply) andchs(choose) are the universal and the ex-

Atomic terms in GENETICA are integers, reals, and symbols. istential quantifier, respectively. The reference section of
The empty list and the standard vafatseare also consideredas & formula definition constructed with eithappor chsin-
atomic terms. If, . .., ¢, are terms then the ligty, ..., £,) is cludes a single reference which is called once for each
also a term. This recursively defines any nested listto be aterm. €lement of an input list, labeled ds,,. The elements of
GENETICAS terms have formula scope and duration, i.e., they ~ Lin represent the term referred to by the quantifier. The
can be used only in the formula where they have been declared Output vector values of the confirmed calls constitute the
and only during an execution of a call to the formula. However, ~ €lements of an output list, labeled s, where the order
any list-term can be registered in memory pointed by an integer-  ©f the elements inl,,,. respects the order of the corre-
pointer and stay there until it is explicitly discarded. This is the SDODdIng e_Iemen_ts iBiy. Each formula constructed with
case of a pointer list. Pointer lists have arbitrary duration and can  @PP s confirmed if and only if all the calls to the refer-
be accessed by any formula where their integer-pointer has been €nced formula are confirmed. Each formula constructed
passed. Data structures in GENETICA are represented as lists With chsis confirmed if and only if at least one call to the

and pointer lists constructed by the list processing formulas. referenced formula is confirmed. _

« rec (recursion) represents the conditional recursion. The
C. Syntax and Semantics: Composition and Functionality of reference section of a formula definition constructed with
Nonatomic Formulas recincludes two references: the first represents the termi-

nation condition while the second returns terms used as
input terms for the recursive call. A call torac formula
causes a call to the first referenced formula. If this call is
confirmed then theec formula is also confirmed, other-
wise the second referenced formula is called. If the latter
call is confirmed then the recursive call to the rec formula
is performed, otherwise thec formula is disconfirmed.
Specific output terms of theec formula also constitute
input terms of the recursive call.

« opt (optimize) only constructs the root formula in opti-

A formula definition in GENETICA is a list having the form
(Fv, con Sinp, Re fist, Sout), WhereFy is the name of the for-
mula, conis a connectives;,, is the input section as a list of
names of input termsRe fi.; is the reference section as a list
of references to formulas which are called when the formula
namedFy is called, andS,,; is the output section as a list of
names of output terms. A formula reference is a list having the
form (Refn, Refsin, Refsout), WhereRefy is the name of
the referenced formula, whil&e fs;,, is the input section and

Refsou is the output section of the reference as lists of the 7 a40n problems. The reference section of a formula
names of the referenced formula’s input and output terms, re-  yafinition constructed withopt includes two refer-

spectively. Any symbol in the input section of a formularefer-  gnces  each one called once: the first reference returns

ence should be included either $f,, or in the output section terms which represent a potential solution, while the
of a previous formula reference e fi¢, while any symbol in second reference evaluates these terms and returns a
Sout should be included in the output section of a formularef-  positive quantity which is to be maximized. Thupt
erence infZe fis;. A program in GENETICA is a list of formula formula is confirmed, if and only if the first reference is
definitions. confirmed.

A program can be represented as a tree structure, referred to gg, important property of GENETICAs connectives, derived
the “syntax tree,” where each formula definition is representgghm the previous definitions, is that the output values of the ref-
as a node having child nodes the definitions of the referencgghnced formula calls emerging due to a call to a nonatomic for-
formulas. Atomic formulas are represented as terminals (l&@fyja 7 deterministically define the output values of thecall.
nodes). The formula of which the definition is represented g%is makes certain that the output values produced by the first-
the root of the syntax tree represents the problem statement. Tdiger atomic formula calls deterministically define the output

formula will be referred to as the “root formula.” values of all the formula calls occurring during the program ex-
GENETICA includes the connectivemd or, not app, chs  ecution, i.e., deterministically define a data generation scenario.
rec, andopt, which are described as follows. A full presentation of the syntax of GENETICAs prototype

 and or, andnotare the basic logical operations. Formulaersion, which is based on the principles presented here, is
definitions constructed with eitheand or or include an included in the file Genetica_Documentation.pdf, available in
arbitrary number of references while formula definitiongsvww.genetica-informatics.org.
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TABLE |
GENETICA PROGRAM THAT STATES A PROBLEM HAVING BOTH CONFIRMATION AND OPTIMIZATION GOALS. F; IS THE ROOT FORMULA
HAVING INPUT TERMS @1, @2, AND a3, AND OUTPUT TERMS 21, &2, AND 3. x4 |S THE MAGNITUDE TO BE MAXIMIZED

(Fp opt (ay, a3, a3) (F; and  (cpc)c3)
( (
(F; (a;, az a3) (xy, x2,x3)) (F3 (c1, €2 c3) (1)
(F> (xp, X2, %3) (x4) (mem  (z)) (z2)
) )
(x1, X2, x3) (z2)
) )
(F; and (b, by b3) (F3 or (d, dy, d3)
( (
(mem (b)) o)) (sqr  (dy) wy)
(mem (b)) 02) (mns  (d3, d) (W)
(sml (Ly) () )
(in orby () (wy, wy)
) )
1Ly2yy)
)

» The multiple confirmation formulanem which has a
single input term¢, is confirmed if and only ift is a
nonempty list and returns a randomly chosen element

F1 (and) F2 (and) of t.

» The nonconstructive formulaml which has two input
termst; andts, is confirmed if and only if botht; and

Fo (opt)

mem mem sml in F3(or) ~mem t, are reals, where, < ts.
» The multiple confirmation formula, which has two input
termst; andts, is confirmed if and only if botht; andts
sqr mns

are reals, wherg, < t,, and returns a random real in the
interval [t1, to].
Fig. 1. Syntax tree of the program presented in Table |. The root node * The smgle confirmation formUIaqr’ which has a smgle

represents the root formula while each other node represents a formula input termt, is confirmed if and only it is a positive real
referenced by the parent node formula. Nonterminal nodes represent nonatomic  number and returns the square root of

e o reeSert s, o, e Someciie. e single confirmation formulmns which hias two input
parentheses. termst; andt,, is confirmed if and only if botht; andts
are real numbers and returhisminust,.
. The root formula is the formul&j, which includes two ref-

D. An Example of GENETICA Programming erences: a reference to the formiffa, which constructs a po-

Consider the following statement of a simple problem havirf§ntial solution represented by the variabigsz, andx3, and
both confirmation and optimization goals. a refe_rence to the forr_nu_lﬁz, which calcglates the value (_)f the
magnitude to be maximized (see Section II-C: connecijppt
represented by the variablg. The formulaFs, referenced in
the F; definition, returns the list of the possible values of the
magnitude to be maximized.

» Let a; andas be lists of real numbers; let; be a real
number.
» Select an element af;, labeled ag;, and an element of

ay, labeled asr,. S F, assignstdq, by, andb; the values ofiy , a» andas, respec-
* Verify thatz; <z (confirmation goal). ~tively; to y; a random element of the ligt (first reference to
* Verify thatz, < a3 and selecta number, labeledasin  the atomic formulanen); to y, a random element of the s}

the real intervalz: , a3] (confirmation goal). (second reference tmen); confirms thaty;, < - (reference to
« Consider the list{y, =2, x3) as a potential solution. the atomic formulam) and, ify; < bs, assigns ta; a random
* Definex, to be either the square root f or the differ-  rea| in the intervaly, , bs] (reference to the atomic formuia).

encers — 1. The values ofy;, y2, andys are assigned to the variables, z,
» Maximize x4 (optimization goal). andzs in Fp.

The problem statement is presented as a GENETICA pro-F, assigns to;, ¢, andc; the values ofcy, z2, andzs,
gram in Table |. The program demonstrates the syntax intn@spectively; ta; the list of the possible values of the magnitude
duced in Section II-C. The syntax tree is presented in Fig. 1.to be maximized (reference ) and toz, a random element

The atomic formulas used in the GENETICA program aref the latter list (reference tmen). The value ok is assigned
described here. to the variabler, in Fj.
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Fo (1) nondeterministic process since it is sensitive to variations ulti-
| \ mately originated in the nondeterministic behavior of the mul-
F1 (2) F2(7) tiple confirmation atomic formulas (see Section II-A) whose
| calls appear as terminals in the call tree. As a consequence, dif-
ferent program executions, which realize different calls to the
same formula, may result in different data generation scenarios
] each one having a different degree of success with respect to the
sqr(9)  mns (10) confirmation and/or optimization goals.
Each data generation scenario can be represented as a tree
Fig. 2. Calltree of an execution of the program presented in Table 1. The ragtructured object that copies the structure of a call tree and has

node represents a call to the root formula, while each other node represenig@ninal data that deterministically define the behavior of the
call directly caused by the parent node call. The name of the formula call

ﬁd I terminals in th It Th data will b
is followed by the order of the call in parentheses. The calls are performedMOI0JOUS terminals in the call tree. these dala will be re-
depth-first order with respect to the call tree. ferred to as “genes.” Tree structured objects having genes as

terminal nodes could be considered as “genotypes” of data gen-
I3 assigns taly, ds, andds the values of:, ¢, andcs, re-  eration scenarios if their representation satisfies the following
spectively; tow; the square root of, (reference to the atomic conditions:

formula sqr); to w, the differenced; — d; (reference to the 1) representation includes every possible data generation

\ |
mem (3) mem (4) sml(5) in(6) F3(8) mem(ll)

atomic formulamng and constructs the listu{, w2), or the scenario, including scenarios disconfirming the for-

sublist specified by the confirmation state of the referenced for-  myja called: this makes certain the sufficiency of the

mulas (see Section II-C: connectivg). The constructed list is representation:

assigned ta; in £y. 2) each object represents one and only one data genera-
tion scenario: this makes certain that the information

Ill. COMPUTATIONAL SYSTEM OF GENETICAS ENVIRONMENT defining a data generation scenario is preserved in the

A. Genotype of a Formula Call representation;

3) partially similar objects represent partially similar data
generation scenarios: this makes possible effective ge-
netic operations on the objects;

4) information not affecting the data generation is excluded
from the representation: this makes the representation

1) Introduction to the Genotype of a Formula Call:

A formula call is a program execution attempting to confirm
the formula, compute the output values, and potentially optimize
them, given the input values. When a nonatomic formfdles
called, all the formulas referenced in the definition fofare _ o : i
also called. The latter calls will be referred to as calls “directly ~ c0mpact, while reduces the probability of ineffective

caused” by theF call. Since directly caused calls may also be _ 9enetic operations. _ _ _
calls to nonatomic formulas, new calls may be directly causedEVery tree structured object the terminals of which satisfy the

by them. All these calls (directly or indirectly caused by frie 9€Nne represgntation conventions, will be referred to as a “gene
call) will be referred to as calls “recursively caused” by tie Structure.” Itis clear that not all the gene structures could be
call. considered as genotypes: an arbitrary tree structure could not

The recursively caused calls can be represented as nodedgrmssigned to a call tree in advance, because the structure of a
a tree structure, where each parent node “directly causes” 8 tree depends on data generated at run time. Only specific
child nodes. This structure will be referred to as the “call treegene structures, depending on both the syntax tree of the for-
The call tree presented in Fig. 2 is produced during the executi®ila called and the input vector value of the call, match the
of the program presented in Table I. This call tree is isomorph#gructure of call trees. These gene structures define specific data
with the syntax tree presented in Fig. 1, i.e., each node in the @ffieration scenarios and constitute genotypes. The genotype of
tree has a homologous node in the other. However, call trees ai@ata generation scenario will be also referred to as the geno-
not always isomorphic with the respective syntax trees, duetype of a call, since each call represents a specific data genera-
the following reasons: tion scenario.

« acall subtree rooted at a quantifier node can be developed>eneration, interpretation, and variation procedures con-
in arbitrary width (i.e., number of child nodes), dependin§€ning genotypes are briefly described here.
on the size of the list whose elements represent the term ¢ Genotypes are generated at run time. A node of the geno-
referred to by the quantifier; type’s tree structure is generated each time a recursively
+ acall subtree rooted at a recursion node can be developed caused callis performed, while arandom gene is generated
in arbitrary depth (i.e., length of the route connecting the  and attached as a terminal each time a multiple confirma-
subtree’s root node with a terminal node), depending on  tion atomic formula is called.

the number of the recursions. « During the interpretation phase, which is also performed
Arbitrary subtree development also occurs at nodes that rep-  at run time, the genotype’s tree is aligned to the (isomor-
resent calls to high-order atomic formulas. phic) call tree, while the genes determine the result of the

The data generation process occurring during a formula call homologous calls to the multiple confirmation atomic for-
determines both the confirmation state and the output values of mulas. The data generation scenario encoded in the geno-
the call and all the recursively caused calls. Data generationisa type is realized.
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+ Variations on genotypes are caused by genetic operations. ((((), (0.8)), (0.7), (0.2)), ((0.3), (0.6)), ()
Such operations create gene structures that are not neces- |
sarily genotypes. These gene structures are transformed to \
genotypes via modifications preserving gene information. (O, (0.8)), (0.7), (0.2)) ((0.3), (0.6)) ()
The transformation, which is performed at run time, com- |
bines interpretation and generation actions. Specifically, [ ‘ \ \
the subtrees of a gene structure are manipulated in three  ((),(0.8)) (0.7)  (0.2) 0.3)  (0.6)
ways: those with homologous isomorphic subtrees in the |
call tree are preserved and interpreted; those without are |
cropped, while those missing are generated. Subtrees of () (0.8)
the gene structure are missing when subtrees in the call
tree have no homologous isomorphic subtrees in the gemig 3. Tree representation of the ligt(( ),(0.8)),(0.7),(0.2)),((0.3),
structure. The transformation of a gene structure to a gerﬁ@_ﬁ)), (). Inclusion relations are interpreted as parent-child relations.
type will be referred to as “reconstruction.”
The computational system of GENETICAs environmentpro- 2) V v € [0,1], V Vi, € Ryin: [GIFr(u,Vin) =
vides a unified procedure performing genotype generation, in-  (w, Vouy) = GIFr(w, Vi) = (w, Vou)]-
terpretation and reconstruction. Generation and interpretation3) V uy, us € [0,1], V Vin € Ryin: [GIFp(u1,Vin) =
are considered as special cases of reconstruction, specifically, (w1, Vout1) A GIFr(uz, Vin)= (w2, Voura) = [wy
the following. wy < Vour1 = Voura]]-

1) Generation occurs by the reconstruction of an elementdr9r instance the atomic formulasandmem both presented in
gene structure, which is represented as a tree having ofgction 11-D, having input vectors (, ¢,) and(t) respectively,
the root node. As a consequence, reconstruction leadd'@ve the following gene interpretation functions, both having
the generation of the whole genotype’s tree. the aforementioned properties:

2) Interpretation occurs when the gene structure to be re-

. . GIF; t1,t = (u,(t c(to —t
constructed constitutes a genotype. In this case, the gene in ((u; (f1:12)) = (v, (4w (f2 — 1))

structure remains intact, while reconstruction leads to in- GIF o (u, (1)) = <z + 0'5,(ei+1)>
terpretation. k
A call to an arbitrary formula” maps an input vector value where
Vin t0 @n output vector valu&iy, given a gene structure.  — ¢ = (¢y,...¢;), i.e.,t is a list of k elements labeled as
During the call, a reconstruction procedure maps the geno- e1,...en
typeg of the call. As a consequence, the pairl(;,) is mapped _ , # 1 = i is the integer part of the produat: k;
to the pair ¢, Vout). This mapping is an instance of amapre- _ ,, — | = ; — k _ 1.

ferred to as a “genetic map” fdr. The definitions of both the 3) Genetic Maps and Genetic Lists:

reconstruction and the data generation procedure derive frong, any formulaF there is a class of maps, referred to as
the general definition of the genetic map for a GENETICA foleganetic maps” for’, mappingS x Ry iy into S X Ry-ou:, Where
mula. This definition is given in the next paragraphs foIIoweg?iS the space of the gene structur@s;;, is the space of the
by illustrative examples. input vector values foF', and Ry .. is the space of the output

2) Gene Structures and Gene Interpretation Functions:  vector values fof”. Let My be the generic element of the class
) Real ,\,/allﬂes defined in trl_e m_terval [Q, 1] are considered 8Bihe genetic maps fa. If (s, Vi) (g, Vour) then
genes. A gene structqre is elthe-r a smgle.gene ora (poteg-wi" be referred to as the “call guide” of a call t5, while
tially nested) I_|st whose mnt_—zrmos_t lists are either empty lists Srwill be referred to as the “genetic list” (GL) of the call. The
one-element lists each one including a single gene. For instange, ~onstitutes the genotype of the call. The genetic mapping

the lists = (((( ), (0-8)),(0.7),(0.2)), ((0.3),(0.6)), ()) is @ process, which takes (Vi) o (g, Vour), is recursively defined
gene structure. Nested lists can be represented as tree structweﬁ,e following rules:

where inclusion relations are represented as parent-child relaa) if ' is a first-order atomic formula, then:
tions and innermost lists are represented as terminals. The tree
representation of the listis shown in Fig. 3.

If F is a multiple confirmation atomic formula (see
Section II-A), then there is a functiad l F'r, referred to as the

Mp

al) if F'is asingle confirmation formula (see Section II-A),
then defingy andV/,,; to be, respectively, an empty list
and the output vector value specified by the definition
of F' for the input vectoV,;

“gene interpretation function” fo#", mapping[0, 1] x Rvin a2) if F is a multiple confirmation formula (see
into [0, 1] X Ry out, WhereRy, is the space of the input vector Section 11-A), then:
values that confirm¥', and Ry .. is the space of the output a2.1) if 7 is confirmed, then:
vector values foi’. GIFr has the following properties. a2.1.1) ifs = (v), wherev € [0,1], then define
1) Vou € [O/ 1]! V Vin € Ry [G[FF(UVIn) = u = v,
(w, Vout) = Vout IS the output vector specified by the a2.1.2) ifvYv € [0,1]: s # (v) then defineu to be a

definition of F' for the input vectoi/;,]. random value in [0, 1];
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a2.1.3) defineg = (w), where GIFp(u,Viy) = GL, whereas redundant subtrees, isessubtrees having
(w, Vout); no homologous isomorphic subtrees in the call tree, are
a2.2) if F'is not confirmed then defing to be an cropped in the GL.
empty list and defind/,,; by assigning the  4) If F'is a single confirmation formula (see Section II-A)
standard valuélseto each output term aof'. then the GL of any call td" is an empty list.
b) if F'is a nonatomic formula, then: 4) An Example of Genetic Mapping:

names; andg;(i = 1,...n), respectively, the “call guide”  An example of genetic mapping, i.e., the procedure that takes
and the GL of the*" call directly caused by thé” call, a “call guide” to a GL and realizes a data generation scenario,
wheren is the number of the calls directly caused by thgs given in Tables li(a) and Il(b). Each table presents a dif-

F call; ferent execution of the program presented in Table I. In both
b1) if s is not a list, then define;(i = 1,...n) to be an Taple li(a) and (b), it is supposed that the gene structure
empty list; ((((),(0.8)),(0.7),(0.2)),((0.3),(0.6)),()), also presented in
b2) if sis alistandk > 0 is the size of, then: Section I1I-A2, is the “call guide” of the call to the root formula
b2.1) if &k > 0ands = (es,...e), then define Fp, while the variables, a2, andas (see Table I) are assigned
sj=-¢e;(j =1,...min(k,n)); the valueg5.5,2,9), (2, 3,4, 5), and8, respectively.
b2.2) if n > k, thendefines;(j = k+1,...n) to In both Table lI(a) and (b), successive rows present successive
be an empty list. phases of the program execution. The columns, in the order they
b3) if atleast ongy;(i = 1,...n) is not an empty list, then appearin eachtable, present, respectively: 1) the order of the cur-
defineg = (g1,...9n); rent call (appearing also in the call tree presented in Fig. 2); 2)
b4) if g;(i = 1,...n) is an empty list, then defing to be the name of the formula called; 3) the “call guide” of the call; 4)
an empty list; random values generated by the computational system due to ge-

b5) defineV,, to be the output vector value specified byretic mapping rule a2.1.2 (see Section I11-A3); 5) the call's GL
the connective in the definition df, given the confir- derived from the “call guide” via the genetic mapping process;
mation state and the output vector values of the direct) the values of newly defined variables; and 7) the GL of call
caused calls (see Section II-C). 1, i.e., the call to the root formula. The asterisks represent GLs
¢) if F is a high-order atomic formula then define the “calelements not yet defined in the current computational phase.
guide” of the “forced call” (see Section 1I-A) equali@and Both data generation and GL construction, appearing in both
then defingg equal to the GL of the “forced call”; define Table Il(a) and II(b), are determined by the application of ge-
Vout to be the output vector value specified by the definiretic mapping rules (see Section IlI-A3) on the calls occurring
tion of F, given the output vector value of the “forced call."during the program execution. The genetic mapping rules ap-
The definition of the genetic map fdr presented here sat-plied to each call depends on the rule-firing conditions (as de-
isfies all the specifications introduced in Section 1lI-Al for thdined in Section I11-A3) satisfied by the call.
data generation scenario’s genotype, which is represented her&n explanation of the genetic mapping process presented in
as a GL, while includes all the generation, interpretation arfi@ble li(a) is given in the following lines. The reader should
reconstruction procedures introduced in the same paragragtall both the program presented in Table | and the genetic
Specifically, the following. mapping rules presented in Section 11I-A3.

1) Given the input values for a formula call, all the syntax- When the formulat is called (call 1), the GL of the call, if
consistent data generation scenarios, including disconftot empty (it is empty only if the call satisfies the premise of
mation scenarios, are represented by GLs. Any GL—a@@netic mapping rule b4, Section 1I-A3), is expected to have
the respective data generation scenario—could emerg&¥p elements. This is determined by rule b3, as two calls are
the “call guide” is an empty list. directly caused by call 1.

2) Given the input values for a formula call, a GL specifies Call 2, which is a call to the formuld; with input terms
one and only one data generation scenario. Specifically, = (5.5,2,9), b2 = (2,3,4,5), andbz = 8, is the first call
if a GL of a I call is used as a “call guide” in a nef  directly caused by call 1. Due to rule b2.1 applied to call 1, the
call with the same input values then “call guide” of call 2 is the first element of the “call guide” of

« the call trees of the twd" calls are identical; call 1: thatis,((( ), (0.8)),(0.7),(0.2)). Due to rule b3 applied

« the confirmation state, the input values, the outpdi© call 2, the GL of call 2 (if not empty) is expected to have four
values and the GLs of these calls and all the r&lements, as four calls are directly caused by call 2.
cursively caused calls represented by homologousCall 3, which is a call to the atomic formulmem (see
nodes in the two call trees are identical. Section [I-D) with input termb; = (5.5,2,9), is the first

3) If sisthe “call guide” of aF call, then every gene that be-call directly caused by call 2. Due to rule b2.1 applied to
longs tos and affects data generation has a homologogsll 2, the “call guide” of call 3 is the first element of the
gene in the GL of the call. The latter gene, appearing &all guide” of call 2: that is(( )(0.8)). At this point, due
a homologous terminal in the tree representation of a dib rule a2.1.2 applied to call 3, a random number, say 0.61,
ferent “call guide,” generates similar data if interprete@ generated. The GL and the output value of call 3 are de-
under similar context. Missing subtrees in the tree repréned to be (0.5) and 2, respectively, due to rule a2.1.3, as
sentation ofs, indicated by call subtrees having no hoG I Fen(0.61,(5.5,2,9)) = (0.5,(2)) (see Section IlI-A2:
mologous isomorphic subtreesdnare developed in the GI F ., definition).
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TABLE I

Two DIFFERENT DATA GENERATION SCENARIOS, PRODUCED BY DIFFERENT GENETIC MAPS, FOR THE PROGRAM PRESENTED IN
TABLE | ARE PRESENTED INTABLE 2a AND 2b. IN BOTH TABLES SUCCESSIVE ROWS PRESENT SUCCESSIVE PHASES OF THE
PROGRAM EXECUTION, WHILE EACH COLUMN PRESENTS THESTATE OF A DIFFERENTENTITY OF THE COMPUTATIONAL PROCESS

Call Formula | "Call guide” Random | GL of the Terms defined | GL of call 1
called values current call
1 Fo (O, (08)), (0.7, (0.2)), *% 3 =529 [(**
((0.3), (0.6)), ()) a=(2,3,4,5)
ay = 8
2 (starting) | Fy (O, (08)), (0.7, 0:2)) 55" b =(5529 |[(* % %599
b, =(2,3,4,5)
b;=8
3 mem | ((), (0.8) 0.61 0.5) y1=2 (((0.5), *, *, %), %)
4 mem 0.7) (0.625) y; =4 (((0.5), (0.625), *, *), *)
5 sml (0.2) Q (0.5), (0.625), (), *), %)
6 in Q) 0.15 (0.15) y3=2.9 ({(0.5), (0.625), (), (0.15)), )
2 (ending) | F; ((0.5), (0.625), Ixy=2 (((0.5), (0.625), (), (0.15)), )
(), (0.15)) xp=4
X3 = 29
7 (starting) | F» (0.3), (0.6)) ** ler=2 (((0-5), (0.625), (), (0.15)), (*, *))
€y = 4
c3=29
8 (starting) | F3 0.3) *® dy=2 (((0.5), (0.625), (), (0.15)), ((*, *), *))
dy=4
d3=29
9 sqr 03 O wy=2 ({(0.5), (0-625), (), (0.15)), (((), *), *))
10 mns O O wy =09 (((0-5), (0-625), (), (0-15)), (((), ), *))
8 (ending) |F3 O 21 =(2,09) |(((0.5), (0.625), (), (0.15)), (), *))
11 mem (0.6) (0.75) =09 ({(0.5), €0.625), (), (0.15)), ((), (0.75)))
7 (ending) | F, (O, (075)) x4 =09 (((05), (0:625), (), (0-15)). (), (075)))
(@)
Call Formula | "Call guide” Random | GL ofthe Terms defined | GL of call 1
called values current call .
1 Fo (), (0-8)), (0.7), (0.2)), *.* 2 =(55,2,9 (¥
(0.3),(0.6)), () 2y=(2,3,4,5)
. az = 8
2 (starting) | F; (0, (0-8)), (0.7),(02)) **%5%5% b; =(5.5,2,9) | (X, ***),%
b, =(2,3,4,5)
b;=8
3 mem (), (0.8) 0.68 (0.833) y1=9 (((0. 833), *, * *) *)
4 mem 0.7) (0.625) y2 =4 (((0. 833), (0.625), *, *), ¥)
5 sml (0.2) O (((0. 833), (0.625), (), %), ®)
6 in Q) 0.15 O y3 = false (((0. 833), (0.625), (), (), ®
2 (ending) |F; ((0.833), (0.625), | x; =9 (((0. 833), (0.625), (), (), ®
0.0 xy =4
x3 = false
7 (starting) | F, ((0.3), (0-6)) ** ¢ =9 (((0- 833), (0.625), (), ()), (*, *)
cy = 4
c3 = false
8 (starting) | F3 0.3) &% 4 =9 (((0. 833), (0.625), (), (), ((*,*), *)
dy=4
dj = false
9 sqr 0.3 O wy=2 ((€0. 833), (0.625), (), ()), (((), *): *))
10 mns O O w; = false (((0- 833), (0-625), (), (), (((), D), *)
8 (ending) |F3 QO 21=(2) ((€0. 833), (0-625), (), ()), (), *))
11 mem (0.6) (0.5) 7p=2 ((€0. 833), (0.625), (), (), ((), (0-5)))
7 (ending) |F, (. (035) xq=2 (((0-833), (0.625), (), (), (), (0-5))

Call 4, which is a call to the atomic formutaemwith input

(b)

Due to rule b2.1 applied to call 2, the “call guide” of call 4 is
termb, = (2, 3,4, 5), isthe second call directly caused by call 2the second element of the “call guide” of call 2: tha{s7).
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Due to rules a2.1.1 and a2.1.3, both applied to call 4, the GLCall 11, which is a call to the atomic formutaemwith input
and the output value of call 4 are defined to(Be625)and4, termz; = (2,0.9), is the second call directly caused by call
respectively, a&71 F,em (0.7, (2,3,4,5)) = (0.625,(4)) (see 7. Due to rule b2.1 applied to call 7, the “call guide” of call
Section I-A2: GI Fp,ern definition). 11 is the second element of the “call guide” of call 7: that is
Call 5, which is a call to the atomic formulaml (see (0.6). Due to rules a2.1.1 and a2.1.3, both applied to call 11,
Section 1I-D) with input termg;; = 2 andy, = 4, is the third the GL and the output value of call 11 are defined to be (0.75)
call directly caused by call 2. Due to rule b2.1 applied to call 2and 0.9, respectively, &I Fyerm (0.6, (2,0.9)) = (0.75,(0.9))
the “call guide” of call 5 is the third element of the “call guide”(see Section I1I-A2G Fyerm definition).
of call 2: that is(0.2). Due to rule al applied to call 5, the GL At this point, due to rule b3 applied to call 7, the GL of
of call 5 is an empty list. the call 7 is defined to be the list of the GLs of the directly
Call 6, which is a call to the atomic formulen (see caused calls, i.e., the calls 8 and 11: that({s), (0.75)).
Section 1I-D) with input termsy; = 2 andbs = 8, is the Due to the same rule applied to call 1, the GL of call 1 is

fourth call directly caused by call 2. Due to rule b2.2 appliegefined to be the list of the GLs of calls 2 and 7: that is
to call 2, the “call guide” of call 6 ig ), as the “call guide” of (((0.5), (0.625), ( ), (0.15)), (( ), (0.75))).
call 2 has only three elements. At this point, due to rule a2.1.2Note that terminals (0.7) and (0.6) of the “call guide” of call 1
applied to call 6, a random number, say 0.15, is generategkect the data generation scenario presented here, while if the
Due to rule a2.1.3 applied to call 6, the GL and the outpi| of call 1 is reused as the “call guide” of call 1 then the con-
value of call 6 are defined to b@.15)and 2.9, respectively, tents of the fifth, sixth, and the seventh column of Table li(a)
as G1Fin(0.15,(2,8)) = (0.15,(2.9)) (see Section II-A2: |l remain intact, while the fourth column will be empty, as the
GIFi, (.jef|n|.t|on). . remise for the generation of random values (rule a2.1.2) will

At this point, due to rule b3 applied to call 2, the GL of calheyer pe satisfied: the “call guides” of the calls to multiple con-
2 is defined to be the list of the GLs of the directly caused callgsmation atomic formulas, i.e., the calls 3, 4, 6, and 11, will be
i.e., the 03”5_3- 4,5, and 6: that(ig).5), (0.625_), (_)7 (0.15)).  identical with the respective GLs, due to genetic mapping rules

Call 7, which is a call to the formuld, with input terms 55 1 1 and a2.1.3 and the property 2 of the gene interpretation
c1 =2,¢c0 =4andes = 2.9, is tr_le second call directly C?‘useq‘unction (see Section 111-A2).
by call 1. Due to rule b2.1 applied to call 1, the "call guide” of ape |)(a) presents a data generation scenario where call 1
call 7is the second element of the “call guide” of call 1: thatig,q 4| the recursively caused calls are confirmed. Table 1i(b)
((0-3), (0.6)). Due to rule b3 applied to call 7, the GL of call 7jitter from Table Ii(a) in that the random number 0.68, instead
(if not empty) is expected to have two elements, as two calls gg 1 s generated at call 3. This leads to a completely dif-
directly caused by call 7. o ferent data generation scenario: call 3 assigns the value 9

Call 8, which is a call to the formuld’s with input terms ; o e third element of the call's input list) instead of 2, since
di = 2,d» = 4 andds = 2.9, is the first call directly caused by I Fonem(0.68, (5.5,2,9)) = (0.833,(9)) (see Section IlI-A2

call 7. Due to rule b2.1 applied to call 7, the “call guide” of cal 1 Fem definition). This causes disconfirmation of the calls 5

8 is the first element of the “call guide” of call 7: that is (O'S)and 6. As a consequenag, is assigned the valufalse Due to

Due to rule b3 applied to call 8, the GL of call 8 (if not empty) I%he following substitutions, the variables, c3, andd; are also

E;pceslt%d to have two elements, as two calls are directly Causé\%gigned the valulalse which disconfirms call 10. Given the

o : syntactical structure of the program, the calls disconfirmed by
Call 9, which is a call to the atomic formulaqr (see the latter data generation scenario are the calls 1, 2, 5, 6, and 10
Section 11-D) with input termdy, = 4, is the first call directly 9 SR, '

caused by call 8. Due to rule b2.1 applied to call 8, the “c ,ﬁgain, if the GL of caII_l Is reuseq as the call gu_ide” qf call 1, :
quide” of call 9 is the first element of the “call guide” of call 8: oth the data generation scenario and the confirmation condi-
that is, 0.3. Due to rule al applied to call 9, the GL of call 9 .i jons for all the recursively caused calls will be the same, while

an empty list. The output value of call 9, which is assigned { e GL will remain intact.
wi, is 2 (the square root afs).

Call 10, which is a call to the atomic formulans (see
Section 1I-D) with input termsi; = 2.9 andd, = 2, is the Genetic operations on GLs resemble specific GP genetic
second call directly caused by call 8. Due to rule b2.2 appli€perations since both GLs and computer programs have a tree
to call 8, the “call guide” of call 10 is an empty list. Due tostructure. A significant difference concerns the manipulation
rule al applied to call 10, the GL of call 10 is an empty lis©of semantic information. A program-node represents a specific
The output value of call 10, which is assignedig, is 0.9 (3  function and, therefore, it carries semantic information. A GL
minusd, ). node, however, inherits semantic information only from its

At this point, the GL of the call 8 is defined to be an emptyosition in the GL tree, as each node position in the GL tree
list, due to rule b4, as both GLs of the directly caused callis, mapped to a specific formula represented in the syntax tree.
i.e., the calls 9 and 10, are empty lists. The output value A6 a consequence, GP genetic operations that alter the position
the call 8, which is assigned tey, is (2, 0.9). This is the of nodes in a tree structure, can not be used for GLs. Potential
list of the values assigned t@; and w», respectively, (see loss of semantic information, due to the latter operations, has
Section II-C: connectiver), as both calls directly caused byalso been discussed within the framework of GP [31, p. 1093],
call 8 are confirmed. [11].

B. Genetic Operations on Genetic Lists
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The computational system of GENETICAs environment opt
provides three genetic operations on GLs: “homologous
crossover” (see also [11], [13, p. 35] (“context preserving
crossover”), [31, p. 1093], [32], and [33]), “subtree mutation”
(see also GP subtree mutation: [5, pp. 43—44], [13, p. 34], and _
“Gaussian mutation” (see also [17, p. 225]. The lists resulting 1 1 0 0 or 1
from genetic operations on GLs are gene structures which are
mapped to new GLs via genetic mappings (see Section I11-A3). ‘

GENETICAs homologous crossover resembles the “uniform
crossover” described in [34] (pp. 294-295) and [35] (pp.

- . _ ; « . 4. Confirmation tree of the program presented in Table |, with respect
1163-1164): two parent GL-trees are aligned, the “comm oﬁihe genetic mapping presented in Table lI(b). The values 0 and 1, appearing

region” (i.e., the largest tree structure of which the Nodes terminals, represent, respectively, disconfirmation and confirmation of the
have homologous nodes in both parent trees: see also [B8pologous atomic formula calls appearing in the call tree presented in Fig. 2.

p. 105], [34, p. 294]) is identified and different nodes of the

“common region” specify pairs of homologous nodes of thg, Substitute each terminal nodén the call tree with the truth
parent trees. Paired nodes are swapped. GENETICAs cross@¢flie of the call represented byThe resulting tree will be re-
is not necessarily uniform, since the expected depth of th&red to as the “confirmation tree.” For instance, the confir-
nodes to be swapped in the parent trees can be regulated Byagion tree derived from the call tree presented in Fig. 2, with
probability function. Within a GL, hlgh-depth nodes, reSU'tingespect to the genetic mappmg presented in Table ||(b), is pre-
in small building blocks, are usually associated to low-levelented in Fig. 4.
semantic properties, whereas low-depth nodes, resulting in et ¢ be an arbitrary call represented in the call tree. Given
larger building blocks, are usually associated to higher-levgle |ogical structure represented by the respective confirmation
semantic properties. Crossover depth control has been useﬂ—é@,c can be assigned a value denoting the minimum number
GP applications [5, p. 43], while the influence of the depth of gf the first-order atomic formula calls of which the confirmation
genotypic change on fitness has been discussed in [36].  state should change in order to confienThis value, which can
In GENETICASs subtree mutation random nodes in a GL-trage viewed as a measure of “distance from confirmation’cfor
are substituted by empty lists. The missing parts of the resultaah be recursively computed given the connectives and the truth
list are randomly redeveloped in a new GL via the genetic magalues represented in the confirmation tree. For instanemen
ping (see Section IlI-A3). Like in crossover, the expected depfipde of the confirmation tree has “distance from confirmation”
of the mutated node can be regulated by a probability functiothe sum of the “distances from confirmation” of its child nodes,
GENETICAs Gaussian mutation changes real values withjhile anor node has “distance from confirmation” the minimum
a GLs terminal nodes. The probability of each new value is defistance from confirmation” of its child nodes. Intuitively, the
fined by a normal distribution maximized at the original value:distance from confirmation” of a call is a negative expression
Gaussian mutation has been used also in GP [13, p. 35] (“mi#the “degree of success” of the call with respect to the goal of
tating constants at random”) to enhance optimization of nuUmenfirmation and could be considered as a measure of fitness of
ical parameters [37], in evolutionary programming to enhangge call.
local search [38, pp. 754-755] (Solis and Wets method) and inThe aforementioned approach to fithess resembles approaches
continuous global optimization [39, p. 932]. adopted in some evolutionary methods that consider statistical
properties of the portions of data positively and negatively
affecting confirmation, such as “conditional probability distri-
1) Introduction to the Fitness of a Formula Call: bution” [2, p. 189], “gain ratio” [23, p. 147], “fact separation”
The goal in confirmation problems is to confirm the root forf22, p. 4], “step-wise” and “exhaustive” evaluation [40, p. 1213],
mula, whereas in optimization problems the goal is triple: Ipositive and negative examples” [18, p. 643], [41], etc. It
confirm the formula that produces a potential solution (see Sedso resembles approaches related to the field of model based
tion II-C, connectiveopt); 2) confirm the formula that evaluatesrepresentation of knowledge. A “model” for a logical expression
the potential solution; and 3) find a solution which maximizeis a complete truth assignment for the propositional variables
the solution evaluation magnitude, in this order of importancthat appear in the expression [42, p. 131]. In [43], it has been
Each potential call to the root formula, namely each potentiaigued that the ratio of the models that confirm premises and
data generation scenario that may occur given the input valwesclusion over the models that confirm premises could serve as
for the root formula, has a specific degree of success with nealidity criteria for inference in probabilistic and nonmonotonic
spect to the aforementioned goals. The fitness of the call isemsoning. Giventheinputterms,a GENETICA formula, labeled
formal expression of what we have called “degree of succesas F, represents a logical statement. The truth assignment
A critical issue, which is investigated in the remainder of thisepresented by the terminals of the confirmation tree of'an
paragraph, is to specify the notion “degree of success” with reall could be viewed as a model confirming premises For
spect to the confirmation goals. Then, each?’ call can be represented as a model. Cebe the
Consider the call tree of a call to a nonatomic forméla set of all the possiblé’ calls, given the input terms, ar@r
Substitute each nonterminal nodén the call tree with the con- the set of the confirmed’ calls. LetCy;; andCys be the sets
nective that constructs the formula whose call is representedddythe F' calls having “distances from confirmation” less or

and and

C. Fitness of a Formula Call
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TABLE Il
DEFINITION OF THE FITNESS LISTS OF THECALLS TO NONATOMIC FORMULAE. LET (dy., d'x) (k = 1,...n) BE THE FITNESSLIST OF THE
kTH CALL DIRECTLY CAUSED BY A CALL TO A NONATOMIC FORMULA F', WHERE n IS THE NUMBER OF THE CALLS DIRECTLY CAUSED
BY THE F' CALL. THE FITNESSLIST OF THE F” CALL IS PRESENTEDWITH RESPECT TO THECONNECTIVE IN THE DEFINITION OF F'

Connective Fitness List
and, app (d + ... +dn, min(@dy ...d%)
or, chs (min(dy, ... dp), d7 + ... +dp)
not @, dj)
rec (min (d}, d3), min(d? d3) if di#0 and dr=0
i, d1) if dr=0 or d>#0
opt 1
P {d;+c+ 1+Q,d’1) where:
c=1 if di =0
1
c=1- if dj =
I+d, dr=0
Q=0 if ¢ #0
Q equals the quantity to be maximized ifc =0

equal tod; andds, respectively, wherd, < d;. The relation It is easy to prove by induction that the “distance from con-
Cr C Cy4 C Cq1 C C holds. Due to this relation, the ratio offirmation” of a call to a formulaF’ constructed with one of the
the confirmedF’ calls (i.e., the elements 6f;) is higherinCys  connectivesand or, not, app, andchs always represents the
thanitisinCy;. As a consequenc€y; is better tharC;;, with  minimum number of the recursively caused first-order atomic
respect to the validity criteria proposed in [43]. formula calls whose confirmation state should change in order
Note that when a formulat’ is called, similar calls to to confirm F.
the same first-order atomic formula, each one affecting theAn explanation should be given in the case of recursion (con-
“distance” from F' confirmation, may be encountered in thenectiverec). Let (Cy, Cs, C3) be the list of the possible calls di-
call tree. As a consequence, syntactically different formulasctly caused by thé’ call, i.e.,C, is the call to the termination
may result in different “distances” even if they are semanticalgondition (see Section II-C, connectirax), Cs is the call to the
equivalent. For instance, if'y is a disconfirmed first-order formula that produces arguments of the recursieall, andC';
atomic formula then the “distance from confirmation” ofa is the recursive” call. The equalityl’r = (17 or (1> andT3))
call is one, whereas the “distance from confirmation” of thholds, wherel'r denotes the truth value of the initi&l call
semantically equivalent{y and F'4) call is two. This is not a andT;(i = 1,2,3) denotes the truth value of the céll. Due
problem in GENETICA since, unlike GP, the syntax is fixedo the correspondence of logical operations to operations on
and no different GENETICA programs have to be comparettistances from confirmation,” introduced for the connectives
Besides, some user control of the fithess becomes possidel andor in Table 1ll, the fitness list of thé call should be
through the syntax; e.g., the expressidf, (and F4 and (min (dyi, da+d3),d’ 1 + min (d'5, d’3)). Note that, due to the
Fg)—although not recommended since it can be replaced gfinition of the connectiveecin Section II-C,Cs is realized if
an equal fitness expression that does not indicate a dduple and only ifC; is disconfirmed, while”; is realized if and only
call—means that the confirmation &f, is twice as important if Cs is both realized and confirmed. By setting the “distance
as the confirmation of’gz. Syntactic control of the fitness isfrom confirmation” equal to infinity (maximum possible value)
presented in Section 111-C4. and the “distance from disconfirmation” equal to zero for the
2) Definition of the Fitness of a Formula Call: nonrealized calls, the latter definition of the fitness list becomes
We define two magnitudes characteristic of a call to a formuguivalent to the definition given in Table 111,
F (therefore, characteristic of the GL of tit&call): “distance Note that in optimization problems, i.e., problems where the
from confirmation,” denoted by, and “distance from discon- root formula is constructed witbpt, the “distance from confir-
firmation,” denoted by/’. The latter magnitude represents “dismation” of a root formula call is artificially increased by two
tance from confirmation” of the negation &f. The list ¢, d’) quantities: the first, namedin Table Ill, depends on the “dis-
is defined to be the fitness list of tlfé call. Specifically, we de- tance from confirmation” of the solution evaluation formula,
fine (0,1) and (1,0) to be the fitness list of a first-order atomiwhile the second, represented by(1 + Q) in Table I, de-
formula call in the case of confirmation and disconfirmatiorpends on the value of the solution evaluation magnitude. Due to
respectively. The fitness list of a call to a nonatomic formultis technique, the objective of minimizing the value of the first
is defined in Table IIl. The fitness list of a call to a high-ordeelement of the fitness list respects the priorities of the optimiza-
atomic formula is defined to be equal to the fitness list of thion objectives, since this value lies in the real intervalsx3,
forced call (see Section 1I-A). (1,2), and (0,1), respectively, in the cases of: 1) disconfirmation
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TABLE IV
FITNESS EVALUATION FOR THE DATA GENERATION SCENARIOS PRESENTED INTABLE Il(a) AND (b) IS, RESPECTIVELY, PRESENTED INTABLE V(&) AND (b).
IN TABLE IV(a) AND (b), fi, d;, AND d’;(i = 1,...11) DENOTE, RESPECTIVELY, THE FITNESS LIST, THE “D ISTANCE FROM CONFIRMATION,”
AND THE “DISTANCE FROM DISCONFIRMATION" OF THE:TH CALL IN THE CALL TREE (FIG. 2) OF THE PROGRAM PRESENTED INTABLE |

(d3, d%3) = (ds, d’g) = (ds, d’5) = (ds, d's) = (dy, d’9) = (d10, d'10) = (d11,d11) = (0, 1)
f2=(d2,d?) = (d3+ds+ds+ds min(d3,d%e d%s de)=(0+0+0+0, min(l11,1)=(0,1)
fs = (ds, d’)) = (min (ds, dyg), d'o +d’1g) = (min (0, 0), 1+1)=(0,2)

f7=(d7, d) = (ds +dyi, min(d% d’11) =(0+0, min(2, 1)) =(0,1)

1
1 =(d;, d%) =(d2+c+ , d”
Jir=(di, d) =(d2+c 70 )

L S = fi=@+0+——,
1+d, 1+0 1+0.9

d=0=c=1- 1) =(0.526, 1)

c=0= Q=10.9 (the value of x, in TABLE II(a)

(@)

(d3, d%) = (ds, d’s) = (do, d’9) = (d11,d’11) = (0, 1),  (ds, d’s) = (ds, d’s) = (d10, d'10) = (1, 0)
fr=(d,d%) =(d3 +ds+ds+ds min(d3 ds d5ds)=(0+0+1+1Lmn(l 100)=2 0
J& = (ds, d’s) = (min (dy, d1g), d% +d"10) = (min (0, 1), I +0) = (0, 1)

f7=(d7,d"%) =(ds +di1, min (d%, d71)) = (0+ 0, min (1, 1)) = (0, 1)

1
Ji=(d,d) =(d2+c+ , d?2)
1+Q

dr=2#0=c=1 = ﬁ:(2+1+ﬁ.0)=(4,0)
+

c=1%0=>0=0

(b)

of the solution production formula; 2) confirmation of the so- minimum “distance from disconfirmation” of the directly
lution production formula and disconfirmation of the solution caused calls (see Table IlI).
evaluation formula; and 3) confirmation of both the solution < The calls directly caused by call 2 are the calls 3, 4, 5, and
production formula and the solution evaluation formula. 6 (see Fig. 2).

The fitness evaluation procedure is illustrated in Tables IV(a) 3) “Fuzzy” Extension to the Definition of Fitness:
and (b) with respect to the data generation scenarios present ENETICA includes a nonconstructive atomic formula

in Tables ll(a) and (b), respectivel_y. The .first line of bo”hamedeq, which stands for equality. Input terms feq are
Table V() and (b) presents the fitness lists of the atomig, arhitrary GENETICAS termeeqis confirmed if and only
formula calls, while the remaining lines present the fitness o jnnut terms are equal. Due to the definitions given in
calculation for the nonatomic formula calls. The fithess Ca{he previous paragraph, the “distance from confirmation” of a

culation for a call to a nonatomic formulll is based on the ., 1 eqshould be either one or zero, sinegis a first-order
substitution of the fitness values (i.e., the elements of the fitn mic formula. We extend this definition by defining the

list) by the expressions specified in Table 11l for the ConnECti"‘%istance from confirmation., of a call toeqas a function

constructing/”. For instance, the fitness I'?tz = (,di’"f/‘z) of the input terms of the call, with values in the real interval
of call 2 equalsds + dy + d5 + dg, min (d's, d's,d’s,d’s)) [0 1). This function, which represents a measure of structural
because of the following. and quantitative difference between the input terms, is formally
* Call 2 is a call toF; (see Fig. 2), which is a nonatomicpresented in Section 3.2.1.b in the file Genetica_Documen-
formula constructed witand(see Table I); consequently,tation.pdf, available in www.genetica-informatics.org. If the
the “distance from confirmation” (first element of the fit-input terms are equal thehh, = 0 andeqis confirmed.d,,
ness list) and the “distance from disconfirmation” (seconebuld be interpreted as a fuzzy truth value éoy
element of the fitness list) of call 2 are, respectively, equal Given the definition of the fitness lists for nonatomic formula
to the sum of the “distances from confirmation” and thealls, presented in Table Ill, the extended definition of “distance
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from confirmation,” introduced here for the atomic formelg initial value 1. The triplet will be referred to as a “species,” while
results in a generalization of the notion of “distance from con-will be referred to as the “species size.” Informally, a “species”
firmation” given in Section I1I-C1. Specifically, i€r is a call represents a set of identical individuals, while the “species size”
to a formulaF’ then the smallest sét of the recursively caused represents the size of the set. If the GL of a new “species” is
first-order atomic formula calls whose confirmation state shouidentical to the GL of a “species” already existingftthen the
change in order to confiri'r, should be viewed as a fuzzy set!'species size” of the existing “species” increases by one, while
S includes all the first-order atomic formula calls recursivelyhe size ofP remains intact. Otherwise, the new “species” is ap-
caused by’'r. Each element’ 4, of S has “membership value”: pended toP. As a consequence, no “species” having identical
« the “distance from confirmation” of! if confirmation of GLS exist inP’. The elements of” are ordered by fitness, with

C4 contributes positively to confirmation & ; the best-fithess element at the eitiwill be referred to as the
« the “distance from disconfirmation” @ , if confirmation “Population.” _
of C'4 contributes negatively to confirmation 6. 2) Execution of Computational Cycles:

The size ofS, which represents the “distance from confirma- In each computational cycle:

tion” of Cr, is viewed as the sum of the “membership values” &) The computational system creates three lists, referred to

of its elements. as the “selection lists,” each one associated to a different
4) Syntactic Control of the Fitness: genetic operator. The elements of the “selection lists” are
GENETICA provides direct control of the magnitude which “species” of the population. The selection of the “species”
is to be maximized in optimization problems, through the defi-  forming a “selection list” is done randomly with respect to
nition of the solution evaluation formula (see Section II-C, con- a probability function, referred to as the “selection func-
nective opt). As mentioned in Section 1lI-C1, control is also tion,” applied to the population. The selection probability

possible on “distance from confirmation” through the syntax. of each element of the population depends only on its
The latter kind of control is enhanced by both a formula prop-  order in the population and the “selection function.”
erty named “always true” and specific atomic formulas provided b) The GL of each “species,” within each “selection list,” is

by GENETICA. “Always true” formulas are forced to be con- transformed by the respective genetic operator to a gene
firmed while the fitness list of a call to an “always true” formula structure. Each gene structure is used as the “call guide”
is defined to be the list (Gy). Several atomic formulas are de- of a root formula call and is then mapped to a new GL
fined to be “always true,” while any formula can be converted via the genetic mapping process (see Section l1I-A3). The
to “always true” if called through an “always true” high-order new GL defines a new “species” referred to as a “test.”

atomic formula. The fitness list (@p) constitutes a neutral el- ¢) For each “test” that includes a GL similar to the GL
ement with respect to the operation that computes the fitness included in a “species” of the population, the “species

list in the case of a formul#@' constructed with the connective size” of the latter “species” increases by one. High-fitness
and(see Table Ill). As a consequence, the referenced in the def-  “tests” from the remaining ones form an “innovation
inition of I formulas that affect the fitness ofa call can be list,” while low-fitness “species” of the population form
determined through the syntax. an “extinction list.” The elements of the former list

Syntactic control of the fitness is further enhanced both by an  substitute the elements of the latter list in the population.

“always true” high-order atomic formula, returning the fitness e computational process ends either with the finding of an
list of the forced call as an output value, and by a single configecepable solution or with the transition of the population to a

mation atomic formula, of which call's the fitness list is explicgtate where no “species” of better fitness can be produced.
itly defined by an input term (the possibility to define explicitly 3) Parameters of the Computational System:

the fitness list extends the definitions.given in Section III-_CZ). The probability of finding an acceptable solution and the
As a consequence, GENETICA provides access to the fitn@gsnytation time are roughly proportional to the total number
list of any formula call. The fitness list can be both processef tosts performed. The search dynamics depend on parameters
and defined as a term. of the computational system, which can be adjusted before the
beginning of or during the computational process, affecting
D. Computational Process both the expected computation time and the search localization.

The computational process can start when both aGENETICI&‘ese pgrametgrs are reported here (a dgtailed presgntatiqn Is
program and the input values for the root formula within the pr2¢luded in the file Genetica_Documentation.pdf, available in
gram have been defined. It includes the phase of the popu|at%ww.genetlca-lnformatlcs.org):
initialization and the phase of the execution of computational a) size of the population;
cycles. Various parameters of the computational system can b&) number of tests per computational cycle;

adjusted by the user. c) sizes of the “selection lists”; these sizes determine the
1) Population Initialization: computational method, e.g., a relative increase of the size
An initially empty list P is defined and calls to the root for- of the “selection list” associated to the crossover, the sub-

mula are made. For each call, a GL is constructed via a ge- tree mutation or the Gaussian mutation operation would
netic mapping having the empty list as a “call guide” (see Sec-  turn the computational method, respectively, to a GA, a
tion 1I-A3), while a triplet (g, f, s) is defined, wherg is the stochastic search method or an evolutionary strategy;
call's GL, f is the call's fitness list, anglis a magnitude having  d) form of the “selection functions”;
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e) definition of the “innovation list”; missing L-formulas (i.e., L-formulas referenced but not defined
f) definition of the “extinction list”; in Pr) can be constructed at run time, while redundant L-for-
g) desirable percentage, number or probability of the tamulas (i.e., L-formulas defined but not referencedj) can be
minal nodes of a GL affected by each genetic operatiomgferenced by L-formulas emerging at run time. Data processing
h) distribution of the probability of a mutated node within Pg, resulting in the development éf;, would be controlled
respect to the depth in a GL, in subtree mutations afy the computational system within GENETICAs environment.

Crossovers; This makes possible a general GP method, where domain
i) standard deviation of the probability density function irspecific applications could be developed, since domain specific
Gaussian mutations; knowledge can be encoded in incomplete L-programs (i.e.,

j) contribution of the “species size” to the selection probk-programs with missing L-formulas) while such programs,
ability of a “species”. the selection probability of aincluding the program architecture, can be fully developed
“species” can be multiplied by*, wheres is the “species by evolution. Depending on the degree of the completeness

size” andz is a real variable. of the L-program,L could range from a GENETICA-like
(non-GP) language, where the code is fixed whereas the data
IV. DEVELOPMENT OF AN ARCHITECTURAL DESIGN structures evolve, to a fully GP language where both the entire
L ANGUAGE IN GENETICA code and the data structures evolve. Note that, unlike classical
GP, GENETICA can cope with confirmation goals. Within
A. Development of Domain Specific Languages and GENETICA-based GP such goals can be reflected not only
Implementation of GP in GENETICA in the problem formulation but also in the formulation of the

A general and effective approach to domain specific problefP method itself. For instance, type compatibility, which is
solving is to describe both the problem and the availapigPically a part of a GP method, can be implicitly converted
knowledge about the problem-solving context in a high-levé® & part of the problem to be solved; consequently, it can
language specialized on the problem’s domain. High-lev@g evolved as part of the solution. GENETICA-based GP
formal languages can be expressed in lower level ones if tifeCharacterized by a genotype-to-phenotype mapping since
latter languages satisfy a minimum of expressive capabilitid?0th programs and data structures (phenotypes) are ultimately
A typical example is given by the fact that any computer larfl€fined by evolving GLs (genotypes). This brings it closer
guage can be expressed in the computer’s machine langud@ehonclassical GP approaches such as developmental GP
GENETICA, which has the expressive capabilities requirelft4]-[46] and grammatical evolution [47], [48].
supports the development of high-level formal languages. TheA géneral method for developing domain specific and GP lan-
benefit is that GENETICAS evolutionary computational systeages in GENETICA, with respect to the principles presented
becomes available in the latter languages. GP versions of hi§§re, is formally presented in the file Genetica-based_Lan-
level languages become possible if programs in the latter I&ages.pdf, available in www.genetica-informatics.org.
guages are treated as evolving data structures in GENETICA.

Let L be a high-level formal language which is to be deveB. Architectural Design Problem Solving and the Language
oped in GENETICA. Let the prefixes “G” and “L” denote anG-CAD

element of GENETICA and an element bf respectively. The  Tne field of problem solving in architectural design is very

development of. could be based on the following tenets.  gemanding both in expressive and computational resources.
* L-terms can be constructed as potentially compositarly methods in this field date back to the 70s [49], [50].

G-terms. Methods developed in the 80s followed the logic programming
» Atomic L-formulas can be constructed as potentiallgaradigm [51]-[53], while methods developed in the 90s
nonatomic G-formulas. followed the evolutionary paradigm [54]-[57]. Some of the

* L-connectives can be constructed as nonatomic high-ordaiter methods deal with creative designing [58]-[60]. Since
G-formulas having as input the L-formulas connected yroblems in architectural design are not only hard to solve but
the L-connective. even difficult to formulate, design methods have been tested in

Specifically, L can be implemented as a G-program, labelegither very restrictive or very abstract cases. It is a challenge
as P, where the input vector for the root G-formula I, to develop a general architectural design language effective in
includes an arbitrary L-program, labeled Bg, and an input real scale problems.
vector value for the root L-formula itP,, while the output ~ The language G-CAD, which stands for “GENETICA-
vector value for the latter formula, resulting from the executioBAD,” is specialized to problem solving in the domain of ar-
of P, is included in the output of the root G-formula. Since thehitectural design. G-CAD has been developed in GENETICA,
execution ofP;, is an interpretation of the execution Bf;, any  following the principles presented in Section IV-A. A formal
data generation scenario iy, is an interpretation of a corre- presentation of the G-CADs development method is included in
sponding data generation scenariaFa, while any confirma- Section Il of the file Genetica-based_Languages.pdf, available
tion or optimization goal inP;, is an interpretation of a corre- in www.genetica-informatics.org.
sponding goal inP;. As a consequence, the evolutionary com- G-CAD is not a GP language: solutions are not programs,
putational system provided by GENETICAs environment bdut evolvable data structures governed by fixed G-CAD code.
comes available i, throughPg. The basic specifications of G-CAD derive from object-oriented
P, can be modified or even developed during the executi@pen-ended design enabled with general knowledge represen-
of Pg, since it is treated as a data structuré’i. Specifically, tation [61] and from creative evolutionary design based on de-
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velopmental procedures and embryogenies [59, pp. 384—-385]g) A “positioning list” includes specifications for the posi-
[60], [62]. These are summarized here. tioning of a design object on the Cartesian plane, given a

« Encapsulate design knowledge in objects having both in- ~ “spatial map.” Specifically, a “positioning list” includes
ternal properties and communication channels. two “queries” ; the application of these “queries” on the

« Allow general knowledge representation within objects. “spatial map,” respectively, specifies a “positioning re-

» Enable objects with context sensitive behavior based on ~ 9ion” and an “adjacent region” on the Cartesian plane.
object-to-object interactions. The object should be placed having thieaxis of its OCS

« Allow both top-down and bottom-up interactions in the at the boundary of these regions and thexis showing
object hierarchy. at the side of the “positioning region,” while it should re-

« Allow behavior-driven selfassembly of objects spect orientation and mirroring constraints also included

A brief description of G-CAD is given in the next paragraphs. In the "positioning list.

. L . . _2) G-CAD Formulas:
Ad_etalled pres_entan_on is mcluded_m theflle G _CAD_documen a) General features of the G-CAD formula@-CAD
tation.pdf, available in www.genetica-informatics.org.

formulas have distinct input and output terms, following GE-
. NETICASs conventions. A class of G-CAD formulas, referred to
C. Description of the Language G-CAD as “primary formulas,” create design objects, i.e., “primitives,”
1) G-CAD Terms and Objects: “units” or “instances.” The remaining G-CAD formulas,
G-CAD shares GENETICAs terms. Additional compositeeferred to as “secondary formulas,” perform either arithmetic
terms in G-CAD, which are represented as lists are describ@dlogical processing producing terms not representing design
here. objects.

a) A “property list” is a list of pairs, where each pair has the The input of a formula that creates a design object always

form (property_name, property_value

includes a “spatial map” representing the environment where

b) A “spatial map” represents a configuration of spatial athe object ig to be created, yvhile 'Fhe output includes the “spatial
tributes on the Cartesian plane by mapping regions of theap” resulting after the object’s imprinting. _
Cartesian plane to “property lists,” where properties rep- “Primitives” and “instances” are created by atomic formulas,

resent spatial attributes.

whereas “units” are created by nonatomic formulas. The tree

c) A “guery” represents a logical statement on a “proper§tructure of a “unit” reflects the “unit’s” creation formula call

list.” Given a “spatial map,” a “query” specifies on thetree.

Cartesian plane the region whose properties satisfy the ) Atomic G-CAD formulas:The atomic formulas in

nquery. ”

G-CAD include the formula creating a “primitive,” the formula

d) AnOCS, which stands for “object’s coordinate system,” ig'éating an “instance,” a high-order formula, and the atomic
alocal coordinate system specifying the position, orient&econdary formulas. These are briefly described here.

tion and mirroring condition of a design object on the b1l)
Cartesian plane. When an object is mirrored exis
of its OCS is reversed, while tHé axis remains intact.

e) A “primitive” is an elementary design object, geomet-

rically represented as a rectangle. The “primitive’s”
formal representation includes a “property list” where
the geometric features, the OCS and the spatial attributes
of the “primitive” are registered. A “primitive” can be
“imprinted” to a “spatial map.” Due to the imprinting, the
“spatial map” is revised to assign to the region occupied
by the “primitive” the spatial attributes of the “primitive,”
while assignments already represented in the “spatial
map” remain intact.

b2)

f) Tree structured design objects the terminals of which

are “primitives.” Each tree structured object has its
own “property list,” where the object’'s OCS is always
included. All the nodes of the tree structure constitute
subobjects. A tree structured object can be either an
original object, referred to as a “unit,” or a replica,
referred to as an “instance.” An “instance” points to a
“unit,” while represents a copy of this “unit” subjected
to the position, rotation, and mirroring transformation
that takes the “unit’'s” OCS to the “instance’s” OCS. Any
tree structured object can be “imprinted” to a “spatial
map.” Imprinting the object is equivalent to imprinting b3)
the object’s terminal “primitives.”

The input for the formula creating a “primitive”
includes a “spatial map,” the “positioning list,” the
“property list” and dimension specifications for the
“primitive” to be created. Within the “property list,”
a specific property named APA, which stands for
“acceptable positioning area,” is a region definition
“query.” The formula is confirmed if and only if the
“primitive” is included in the Cartesian plane’s region
defined by the application of the APA “query” to the
input “spatial map.”

The input for the formula creating an “instance”
includes a “spatial map,” a “unit,” and also the “posi-
tioning list” and the “property list” of the “instance”
to be created. Within the “property list,” a specific
property named IUS, which stands for “instanced unit
selection,” is a “unit” selection “query.” The “unit” to
be instanced is the first “unit” of which the “property
list” satisfies the IUS “query.” This first “unit” is en-
countered by depth-first search in the input “unit's”
structure. The formula is confirmed if and only if both
the IUS “query” is confirmed and each terminal “prim-
itive” of the “instance” is included in the input “spatial
map’s” region specified by the “primitive’s” APA
property.

The input for the high-order formula includes the name
F and an input vector valug of a G-CAD formula,



472 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 7, NO. 5, OCTOBER 2003

while the output includes the output of the formulé&tandard “units” and “units” to be evolved represent static and
namedFy called withV'. dynamic elements of a solution, respectively. The solution itself
b4) G-CAD secondary atomic formulas include the basis represented as a “unit” to be evolved.
arithmetic and set-theoretic operations and relations, During the P, execution, which reflects th&g,,_,.,, exe-
as well as list processing functions. A class of G-CARytion, the “units” to be evolved are successively developed and
secondary atomic formulas perform arithmetic anghprinted, each one to the respective “spatial map,” via a call
logic calculations on either “spatial maps” or desigy, the respective “unit” definition formula. Developed “units”
objects. are successively appended to the “world unit.” Each developing
c) Nonatomic G-CAD FormulasThe definition of a “unit” may refer (through instancing) to any subunit of the so
nonatomic formula is a list having the forni’(;, con Si,,, P, far developed “world unit.” This makes possible self-replica-
Re fist, Sout), WwhereFiy is the name of the formul@onis a  tion procedures within the “world unit’s” structure, which allow
connective,S;y;, is the input section as a list of the names ofractal-like growth of the “world unit.”
the input terms/” is the property section as the “property list” The “ynit’ developed last, which corresponds to the last

of the object created by the formul&efi is the reference « i description in the input ofPy, is considered as the
section as a list of references to formulas which are called Wh§6‘lution of the design problem. The solution “unit's” output

the ;or[pulafnﬁmed?N IS cfaIAed, andSou; is thz ;)utpu'lt secftlon may include a magnitude to be maximized. The output of
as the list of the names of the output terms. A formula referenge " """ e 4 "from the execution oy, includes the

is a list having the form Refy, Refsin, Refsout), Where developed “world unit” and the solution “unit’s” output.

Refy s the name of the referenced formula, while fs. A CAD interface provides both graphic and text tools for the

is the input section andkefs,.; is the output section of the  ° " ¢ input data fol - while it ts th luti
reference as lists of the names of the referenced formula’s inﬁlﬁtﬂn' lon ot input data fotz,, while It présents the solution as

and output terms, respectively. Any symbol in the input sectiG! architec_tural drawing. Thg problem formulation and solution
of a formula reference should alternatively: 1) be included #focedure include the following steps.

Sinp; 2) constitute a property name i; or 3) be included in 1) Write the P, code. Use the CAD interface to define the
the output section of a previous formula referenceRityfs; . input for Pr.. The interface automatically formulates both
Any symbol inS,,: should be included in the output section of P, andPy’s input as GENETICA lists.

a formula reference itke fis.. A G-CAD program is a list of ~ 2) Use GENETICAs environment to lodt;,,__.,,, and de-

definitions of nonatomic formulas. clare the lists formulated in the previous step as the input
The nonatomic formulas are constructed with the G-CAD  for P, ., .

connectivesunde —cap, 0rG-cap, allg-cap, oneg—cap 3) Adjust the computational parameters within GENET-

andrecg—cap. The connectivesndg—c an, allg-c.ap and ICAs environment and activate the computational

recqg—cap are similar with the GENETICA connectivesd
appandrec, respectivelyorg_c ap differs from GENETICAS

or in that only one referenced formula, randomly selected
from the reference section of theg_c4p formula, is called.
oneg_cap, Which is the G-CAD existential quantifier, differs
from GENETICAschsin that the single referenced formula
is called once for a randomly selected element of the list

process.

4) At the end of the computational process, use the CAD
interface to convert the solution (i.e., the evolved
P .., 'S output which has the form of a GENETICA
list) to an architectural drawing.

Random selections performed duriffg’s execution specify

of which the elements represent the term referred to by t ¢ following:
quantifier. a) position, orientation, and mirroring condition of each
3) An Integrated GENETICA and G-CAD Design Method: “primitive” or “instance” object within an evolving
A design problem formulation in G-CAD includes a G-CAD “unit,” given both the “spatial map,” where the object is
program, labeled a®r, and theP.’s input, both represented to be imprinted and the object’s “positioning list;”
as GENETICA lists. These lists constitute the input of a b) dimensions of each “primitive” of an evolving “unit,”
GENETICA program, labeled aB;,_..,,, that implements given the “primitive’s” positioning, the region, where
G-CAD based on the principles presented in Section IV-A.  the “primitive” should be included, and the “primitive’s”
Pr’s input includes: dimensioning specifications;
a) “unit,” referred to as the “world unit,” which consists of ©) output of the multiple confirmation G-CAD secondary
standard (nonevolvable) subunits; formulas; . _
b) descriptions of “units” to be evolved, where each descrip- d) the referenced G-CAD formula, that is to be called in the
tion includes: case of ra_cap connective;
. a “spatial map” that represents the environment e) input of the referenc_:ed G-CAD formula in the case of a
where the “unit” is to be developed; oneg-cap connective.
» the nameFy of the “unit’'s” definition formula, All the aforementioned random selections evolve according
where the latter formula is included i ; to GENETICAs computational system, as they are realized via

* the input vector value for the “unit’s” definition for- the multiple confirmation GENETICA formulas appearing in
mula. PGG—C‘AD'
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V. CASE STUDY: FORMULATION AND SOLUTION OF AN
ARCHITECTURAL DESIGN PROBLEM

subobjects that represent openings, furniture and bathroom
fittings. The “unit” Hotel includes apartments represented by

Type_Fullinstances” and various subobjects formulating both

A. Problem Formulation

1) Informal Problem Statement:

a corridor that connects the apartments and a stairwell. The cre-
ation procedure of an evolvable “unit” is encoded in the “unit's”

Design a small hotel’s floorplan, with eight identical apartcreation formula. The formulas creating the basic evolvable
ments, a corridor, and a stairwell. An apartment consists of @nits” of the hotel application are constructed withdc —c ap
main room and a WC, while the main room should be adjésee Section IV-C2c). Consequently, all the referenced formulas
cent to a corridor. The dimensions of the apartment’s roorage called, creating subobjects which are successively imprinted
should satisfy specific geometric constraints. The apartmet@sthe “spatial map” included in the “unit’s” description (see
can be combined in specific ways, while no apartment_to_apaﬁection IV-C3b). The creation procedure of the basic evolvable
ment overlapping is allowed. The stairwell should be adjacent‘tgnits” is outlined below. Consider that each “unit” is named
the corridor without overlapping an apartment. Specific objedd¥ the respective “unit” creation formula.

representing openings, furniture or bathroom fittings should beb1)

placed in an apartment. These objects should satisfy both ob-
ject-to-object and object-to-apartment geometric relations. The
area of the built space, i.e., the space occupied by either the
apartments or the corridor, should be minimized.

2) Formal Problem StatementThe formal problem state-
ment is outlined here. A detailed presentation is included in
the file G-CAD_documentation.pdf, available in www.genetica-
informatics.org.

Formally, the problem statement is the input of the program
P 0.0, introduced in Section 1V-C3. According to the def-
initions given in the same section, the input includes a G-CAD
program, a “world unit” having standard (nonevolvable) sub-
units, and a list of descriptions of evolvable “units” defined in
the G-CAD program.

a) Standard “units”: The standard “units” (Fig. 5), in-
cluded in the “world unit” of the hotel application, represent
design objects having fixed structure and dimensions. These
objects constitute standard elements of the desirable solution,
such as openings, furniture, bathroom fittings, and a stairwell.
Each standard “unit” consists of “primitives” having fixed di-
mensions and standard positioning in the “unit’'s” OCS. Each
“primitive” represents a spatial attribute which is included in the
“primitive’s” “property list.” Spatial attributes denote “physical
space,” i.e., space occupied by the physical object, “functional
space,” i.e., space that should be free to allow the use of the
physical object, “internal space” and “external space” viewed as
regions separated by an opening, etc. When the standard “units”

are imprinted to a “spatial map” then the overlapping conditions b2)

of spatial attributes are determined by &iéAproperties of the
“primitives” (see Section IV-C2b1).

The idea to consider design objects as assemblies of “phys-
ical” and “functional” spaces, where the functional spaces can
overlap each other while no other overlapping is allowed, has
been used in a PROLOG architectural design method named
“CADRAM?” [63]. This idea is generalized in G-CAD since ar-
bitrary spatial attributes, having different overlapping relations,
can be assigned to design objects.

b) Evolvable “units”. The basic evolvable “units” of the
hotel application are the “unifType which represents the floor-
plan of an apartmenttype perceived as an assembly of two rooms,
the “unit” Type_Ful] which represents the floorplan of the same
apartment type having openings, furniture, and bathroom
fittings, and the “unit'Hotel, which represents the hotel’s floor-
plan,i.e., the potential solution of the design problem. The “unit”
Type_Fullincludes an “instance” of the “uniffypeand various

The “unit” Type

TheType“unit” creation formula creates two “prim-
itives,” allocated as shown in Fig. 6, having the spatial
attributesMR andWGC, which stand for “Main Room”
and “WC,” respectivelyTypeis to be attached to a
fixed width region having the spatial attribu@OR
which stands for “Corridor.” The positioning @f/pein
relation to this region is presented in Fig. 6, where the
dimensionC represents the region’s fixed width. The
dimensionsA, B, C, D, and E, presented in Fig. 6,
satisfy the constraints

Amin S A S Amax
(A_Amin) ‘
D=A+B-C

Bmax - Bmin

B = Bmax -
Amax - Amin

WCAmin < WCA < WOAmax

whereWCA is the area of the WC region, i.e., the
productB - E, while the subscripts:in andmax de-
note minimum and maximum acceptable values, re-
spectively. These constraints are constructed via sec-
ondary formulas referenced by tihgpe“unit” creation
formula. The variablest ,;n, Amax, Bmins Bmax, C,
WC Apnin, andW C A .« represent the input terms of
theType“unit” creation formula. They are assigned the
values 350, 390, 170, 230, 130, 35000, and 40000, re-
spectively, representing centimeters.
The “unit” Type_Full

The Type_Full“unit” creation formula creates an
“instance” of the “unit” Type various “instances” of
the standard “units” (Fig. 5) and two subunits repre-
senting furniture. The standard “units™ “instances”
include two Door “instances” (representing the en-
trance door and the WC door, respectively), taed
“instances,” and one “instance” of each one of the
“units” Door_Balcony WC_Window Toilet, Basin
and Shower Both Type_Fulls subunits, labeled as
Sitting_Group and Wardrobe respectively, are cre-
ated by formulas referenced by thgpe_Full“unit”
creation formula. TheSitting_Group“unit” creation
formula, which is constructed witlhrg_cap (see
Section IV-C2c), creates either @itting_Group_1
or a Sitting_Group_2‘instance” (see Fig. 5), while
the Wardrobe“unit” creation formula, which is con-
structed withandg _cap, creates two “primitives”
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Fig. 5. Standard (nonevolvable) “units” within the “world unit” of the hotel application. Each standard “unit” includes “primitives” represesteatiad
rectangles. Dimensions of “primitives” represent centimeters. Spatial attributes PS, FS, IS, ES, and WIS, each one assigned to a “priméiVpliydeabt
space,” “functional space,” “internal space,” “external space,” and “window internal space,” respectively. The OCS of each “unit” appearsraoh tsyst

vectors, perpendicular to each other, where the horizontal vector represeiitsathie. The name appearing under each “unit” constitutes the value of a property

that represents the “unit’'s” identity. A specific property of each “unit” refers to a drawing that represents the “unit” as a physical objectwirtgssita be
drawn by the CAD interface in the solution presentation phase.

that, respectively, represent the physical and the func-

tional space of a wardrobe having fixed width and

variable length, as shown in Fig. 7.
The positioning specifications for all the “instances”
included inType_Fullare presented in Table V. These

specifications are encoded within the “instances” b3)

“positioning lists” (see Section IV-C2b2). The APA
“queries” (see Section 1V-C2bl) of the “primitives”
of the instanced “units” are presented in Table VI.
The PS “primitive” of the “unit” Wardrobesatisfies

the positioning specifications presented in Table V

for the Bed Sitting_Group_1 and Sitting_Group_2
“instances,” while the APA “queries” of both “prim-

itives” of the “unit” Wardrobeare the same with the
APA “queries” of the homonymous “primitives” of
the aforementioned “instances” (see Table VI).

Examples of evolvedlype_Full “units” are pre-
sented in Fig. 8 as architectural drawings.
The “unit” Hotel

The “unit” Hotel has terminal objects eight
Type_Full “instances,” various “primitives” having
the spatial attribut€ ORwhich stands for “corridor,”
and aStairwell “instance.” TheHotel “unit” creation
formula includes a reference tdgpe_Full‘instance”
creation formula, seven references to a “unit” creation
formula labeled a$’lace a reference to &tairwell
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A ! ment, introduced in Section I-C, running in a 550 MHz CPU.
After the formulation of the design problem (steps 1 and 2 in
Section IV-C3) an initial configuration of the computational
parameters was given within GENETICAs environment, while
D MR adjustments of these parameters were made during the solution
procedure (step 3 in Section 11I-C3). The population size (see
Section IlI-D3a was set to 100, while the number of tests

per computational cycle (see Section 1lI-D3b was set to 40
T 7 for the first cycle and 20 for the next cycles. Only subtree

COR

—tm—

mutations were performed in the first cycle, while crossovers

were introduced in the second cycle and Gaussian mutations in
¢ A *—B— the 13th cycle (see Section I1I-D3).

Fig. 6. “Primitives™ configuration within “unit’Type(shaded) in relation to The first conflr_matlon Qf the root formula, leading to a so-

a corridor’s region (white), where the “unitypeis to be attachedlypes OCS  lution, occurred in the third cycle after a total of 180 execu-

appears as a system of two vectors perpendicular to each other, where the hoxi ; ; ; initializati _

zontal vector represents theaxis. Spatial attributes MR, WC, and COR denot%Mhs (mCIUdmg thﬁ %OSUIatlon fmltlalltzﬁtlonhp?ase) of t.he GE

“Main Room,” “WC,” and “Corridor,” respectively. Dimension$, B, D, and ETICA PrOQram adbeen periormedin 7 _ 0 processm_g time.

E vary satisfying specific geometric constraints, while dimensiois fixed.  The solution produced has a 1 954 %76 built area. The final

configuration of apartments, which is the best possible for the

particular problem, occurred in the 10th cycle after a total of

[}

= k& 320 executions had been performed in 12 h and 40 min of pro-
1— cessing time. The solution produced has a 1 759439 built

. PS area. Minor improvements occurred in the next cycles where

e the search was gradually localized through the regulation of
! the computational parameters. The final solution, presented in

Fig. 10, occurred in the 47th cycle after a total of 880 executions
w had been performed in 35 h and 40 min of processing time. The
. . 9 b
Fig. 7. “Primitives” of “unit” Wardrobeare represented as shaded rectangleg.naI SOl_uuon has a 1748 61Gn° built grea. .
Dimensions of “primitives” represent centimeters. Spatial attributes PS Solutions were converted to architectural drawings by the

and FS, each one assigned to a “primitive,” denote “physical space,” a@AD interface (see Section IV-C3). The conversion rules are
“functional space,” respectively. The OCS of the PS “primitive,” which ih esented here:

also theWardrobes OCS, appears as a system of two vectors, perpendicu F :

to each other, where the horizontal vector representsithaxis. A specific « draw thick walls at the boundaries between(& or WC

property of the PS “primitive” refers to a drawing that represents the wardrobe o COR)region and the{not (I\/IR or WC or COR or ES))
as a physical object. This drawing is to be drawn by the CAD interface in the -
solution presentation phase. region, . .

 draw thin walls at the boundaries between (MR and
(not ES))region and theNC region, the boundaries be-
tween th COR and (not ESYegion and théMR or WC)
region, and the boundaries between regions of different
Type_Full“instances”;
draw the drawings associated to the objects presented in
Figs. 5 and 7, with respect to the OCS of each object’s
“instance” within the solution.
GENETICAs environment allows for the visualization of the

lation to theType_Fultinstance” created last. Overlap-CoMputational process by presenting the fitness values, the per-
ping conditions are determined by the APA propertieiEtage of the new “species” (see Section 1I-D1) introduced in
of both theCOR“primitives” and the terminal “prim- t e populanon,. and the_ species .dlstrlbunon within the popu-
itives” of the “unit’ Type(i.e., the “primitives” having lation, as functlons of time Whl_ch |s_rep_resented by the nu_mber
the spatial attributesIR andWG, respectively). Due to of computational cycles. The visualization of the computational

these conditions, overlapping is only allowed betwed} ©0C€SS during the solution of the hotel design problem is pre-
COR*“primitives.” The secondary formula referencedSentecj in Fig. 11.

by theHotel “unit” creation formula calculates thg n-c. Comparison With Other Evolutionary Design Methods
versed value of the hotel's floorplan area, which is

considered as the area of the region specified by theNote the following features of the hotel application presented
“query” (CORor MR or WC). The inversed value con- in the previous paragraphs.

Variable Length

“instance” creation formula, and a reference to a
secondary formula that calculates arBtace selects
randomly and implements one of the four positioning
methods presented in Fig. 9.

Each positioning method is represented by a different *
“unit” creation formulareferenced Blace Each posi-
tioning method “unit” includes one or WBOR"“prim-
itives” and aType_Fullinstance,” all positioned in re-

stitutes the magnitude to be maximized. 1) The design problem is a real scale one: both the com-
) plexity of the problem and the level of the solution details
B. Solution Procedure and Results are encountered by human architects.

The formal statement and the solution procedure of the 2) The design problem has both confirmation and optimiza-
problem presented in the previous paragraphs were based on tion goals, i.e., satisfying complex spatial relations and
the prototype version of GENETICAs programming environ- minimizing the area of the built space.
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TABLE V
POSITIONING SPECIFICATIONS FOR THE'I NSTANCES' OF THE STANDARD “UNITS” PRESENTED INFIG. 5. “INSTANCES' A RE POSITIONED HAVING THE X' AXIS OF
THEIR OCSAT THE BOUNDARY OF TWO REGIONS REFERRED TO AS‘POSITIONING REGION’ AND “A DJACENT REGION’ RESPECTIVELY, WHILE THE Y AXIS
SHOWS AT THE SIDE OF THE “POSITIONING REGION.” THE ROWS OF THETABLE REPRESENT‘I NSTANCES” THE COLUMNS NAMED “POSITIONING REGION" AND
“A DJACENT REGION’” PRESENT“QUERIES’ SPECIFYING THERESPECTIVEREGIONS FOREACH “I NSTANCE,” WHILE THE REMAINING COLUMNS PRESENTROTATION
AND MIRRORING CONSTRAINTS FOR THEPOSITIONING OFEACH “I NSTANCE” EMPTY CELLS IN THE LATTER COLUMNS INDICATE UNCONSTRAINED POSITIONING

PP . . . Rotation Mirroring

Instance Positioning Region Adjacent Region Constraints Constraints
Door  (Entrance) MR (not MR) 0’ Not Mirrored
Door (WC) wC MR
Door_Balcony MR o

(not (MR or WC)) 180

WC_Window wC
Bed
Sitting Group_1 (MR and (not (IS or ES or PS or FS))) (not MR)

Sitting Group_2

Basin (WC and (not (IS or WIS or PS or FS)))

Shower (not WC)
(WC and (not (IS or PS or FS)))

Toilet

Stairwell (not (COR or MR or WC or ES)) COR

TABLE VI
APA VALUES OF THE“PRIMITIVES” OF THE STANDARD “UNITS” PRESENTED INFIG. 5. THE APA VALUE OF A “PRIMITIVE” (i.e., THE VALUE OF THE APA
PROPERTYWITHIN THE “PRIMITIVE’S" “P ROPERTYLIST”) IS A “QUERY” THAT SPECIFIES THEREGION WHERE THE“PRIMITIVE” SHOULD BE INCLUDED, GIVEN A
“SPATIAL MAP.” THE ROwWS OF THETABLE REPRESENT THESTANDARD “UNITS” PRESENTED INFIG. 5. THE COLUMNS REPRESENT‘PRIMITIVES,” EACH ONE
SPECIFIED BY A SPATIAL ATTRIBUTE. THE CELLS PRESENT THEAPA VALUES OF EACH “UNIT’S” “PRIMITIVES”

Instanced Unit 1S WIS ES PS FS
Door (MR or WC) (COR or MR)
Door_Balcony MR (not
(COR or MR or WC)

WC_Window wC |)
Bed (MR and

(not
Sitting_Group_1 (IS or ES or PS or FS) (MR and (not PS))

)
Sitting_Group_2 )
Basin (WC and

(not

(IS or WIS or PS or FS)
)
) (WC and (not PS))

Shower (WC and

(not (IS or PS or FS))
Toilet )
Stairwell (not (COR or MR or WC or ES))

3) Mutually depended qualitative attributes (e.g., selection 4) Design knowledge, which is represented in terms of
and spatial configuration of the proper objects) and quan-  formal logic, is encapsulated in the definitions of
titative attributes (e.g., dimensions of objects) should be  the design objects and determines their behavior. Both
combined in a solution in order to achieve the aforemen-  object-to-object (e.g., bed-to-wardrobe) and object-to-en-
tioned goals. vironment (e.g., bed-to-apartment or apartment-to-hotel)
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Fig. 8.

Fig. 9.

Graphic representation of evolved Type_Full “units,” appearing as architectural drawings.

L] L] |
METHOD 1 METHOD 2 METHOD 3 METHOD 4

||

Four methods for positioning a new apartment in relation to an existing one, where both apartments constitute “instances” offiyyeeunitll The

existing apartment appears dark gray whereas the new apartment appears light gray. Each positioning method is implemented by a “unit” thafliyjotudeslit
“instance” appearing light gray and also one or two COR “primitives” appearing white.

5)

6)

interactions emerge due to the objects’ behaviors. Thesieal circuits [5, pp. 383-906], [64]-[66], parameterized
interactions activate self-assembly procedures whicontrollers [67], or metabolic pathways [68]. Due to their
construct the solution in an unpredictable way, i.e., in ereative character, GP methods can cope with problems the
way not indicated by the knowledge encapsulated in tlselution of which requires a combination of both qualitative and
objects’ definitions. quantitative attributes (feature 3), while qualitative attributes
Three design scales are involved in the probleman be interpreted as confirmation goals (feature 2). However,
a) specify the large scale configuration (apartments-ca-general representation of such goals cannot be included in the
ridor-stairwell); b) specify the dimensions and theroblem statement, due to the numerical nature of the fithess
openings of an apartment; and c) specify the object&inction. Unlike GP methods, the method presented here allows
configuration within an apartment. Scale-to-scale désegical structuring of both confirmation and optimization goals
pendencies occur, e.g., potential furniture configuratioms the problem statement. The method is “creative,” since
depend on the dimensions of an apartment and vise vertbeg combination of the solution attributes that satisfy these
the area of the built space depends both on the apapecifications is achieved by evolution, but the (already known)
ment’s dimensions and on the large scale configuratioimgical context that specifies the domain of the evolving entities
etc. constitutes part of the problem statement; as a consequence,
The hotel application was not developed as a hotel desitfie context does not have to be discovered by evolution and
method from scratch: the development was based tite computational cost of this discovery does not have to be
both expressive and computational resources derivpdid. This promotes effectiveness: the results presented here,
from G-CAD which provides a general architecturaalthough not directly comparable with the results of different
design method. G-CAD itself was not developed frosP real scale design methods due to the domain difference,
scratch: the development was based both on expressiveicate that real scale design problems could be solved with a
and computational resources derived from GENETICAomputational effort very small both in fithess evaluations and
which—in common with its programming environ-in processing time.

ment—provides a general problem formulation and knowledge encapsulation (feature 4) has been attempted
solving method. by the design of the proper “genes” in various evolutionary

To the best knowledge of the author, the solution of archiresign methods (e.g., [55, p. 345], [56, pp. 402—403]). A more
tectural design problems combining features 1, 2, and 3 has Bffective encapsulation is encountered in the functions that
been attempted so far by other automatic design methods (eyenstitute the function set of GP design applications (e.g.,
lutionary or not). [64, p. 1085], [65, p. 1478], [66, p. 480], [67, p. 499]): unlike

GP design methods have been tested in real scglenes, functions perform arithmetic or logical operations while
problems (feature 1) in different domains, such as elethey cause elementary changes of the structure of evolving
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Fig. 10. Graphic representation of evolvddtel “units” appearing as architectural drawings. The “units” are presented in increasing fitness order from the left
to the right and from the top to the bottom. The best fithess “unit,” occurred in the 47th computational cycle, appears magnified.

objects. Encapsulation in G-CAD objects enhances furtheith scale-to-scale dependencies. The method presented here
the representation of problem specific knowledge by includirgan cope with multiscale design problems without partitioning,
the representation of goals, logical behaviors, constructidne to the logical structuring of the problem which leads to
rules, and complex data structures as object properties. search space reduction.

Due to their high computational complexity, multiscale de- The hotel application, presented here, is a highly specialized
sign problems (feature 5) have been partitioned into differemhe. Specialized applications are usually effective but may not
problems in various evolutionary methods (e.g., [55] and [56Pe general. Their development cost is usually high. However,
Reconstruction of the multiscale problem has been attemptbé hotel application is an instance of the class of the appli-
by strictly bottom-up explicit embryogenies (e.g., [55]). Thigations that can be developed in G-CAD. G-CAD provides
severely constrains the interactions between objects represemeith generality, within the domain of architectural design, and
in different scales and consequently the method’s ability to cofmols for the development of problem specific applications.
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| Objective : Optirize Solution
Status New]Search is to

| Cyele
Test,

Fig. 11. Visualization of the computational process during the solution of the hotel design problem. Consider the bottom edge and the left exddarefithe t

area as the horizontal axis and the vertical axis of a diagram, respectively. The horizontal axis represents time in computational cycles. & cyofgsa$ 5
presented. The vertical axis represents three properties of the search state: 1) “Species” evolution, where “species” (see Section |lld3&hterd bypgrayscale

zones ordered by fitness, with the best fitness “species” at the top of the diagram. The thickness of the zones represent relative “specieSesitios”| (5EH.).

Critical innovations (i.e., new best fitness “species”) emerge at the top of the diagram, while extinction takes place at the bottom of the dizgjizest #ness
encountered within each computational cycle is represented by a black line. The first best fithess value, appearing at the left, represerstaadedhotdi
confirmation” of the root formula. Low best fithess values (lower left) represent a low “distance from confirmation.” The remaining best filesssovedspond

in cases where the root formula has been confirmed, while they represent the magnitude to be maximized. The latter magnitude has been incréased by a fac
of 5 - 107 in order to be clearly presented; and 3) the ratio of the “tests” that introduce new“species " in the population to all the “tests” performed during a
computational cycle is represented by a gray line.
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VI. CONCLUSION

putational support to general problem formulations within
some important areas of formal expression, including both
first-order logic and high-order modes of expression. This
makes possible to apply a problem-independent evolutionar
solution procedure to a large class of problems having an
accurate and potentially sophisticated formal statement. ThiZI
problem-solving method can be implemented by a compute
language integrated in a programming environment having a
built-in evolutionary computational system. Data generation
scenarios in the language can be viewed as interpretations c}? )
abstract structures evolved according to the computational
system. The field of application of the proposed method "
includes general confirmation problems and also problems
combining both confirmation and optimization goals. Within
this approach the following issues could be investigated:

« integration of Al expressive power with the computational [5]
efficiency of evolutionary methods;

» development of domain specific languages supported by[G]
evolutionary heuristics;

» development of GP versions of the latter languages;

» development of creative evolutionary design applications
having complex confirmation and optimization goals.
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