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How fun
tional dependen
y adapts to salien
ehierar
hy in the GAuGE systemMiguel Ni
olau and Conor RyanDepartment Of Computer S
ien
e And Information SystemsUniversity of Limeri
kIrelandfConor.RyanjMiguel.Ni
olaug�ul.ieAbstra
t. GAuGE is a position independent geneti
 algorithm thatsu�ers from neither under nor over-spe
i�
ation, and uses a genotypeto phenotype mapping pro
ess. By spe
ifying both the position and thevalue of ea
h gene, it has the potential to group important data togetherin the genotype string, to prevent it from being broken up and disruptedduring the evolution pro
ess. To test this ability, GAuGE was applied toa set of problems with exponentially s
aled salien
e. The results obtaineddemonstrate that GAuGE is indeed moving the more salient genes to thestart of the genotype strings, 
reating robust individuals that are builtin a progressive fashion from the left to the right side of the genotype.1 Introdu
tionGAuGE [13℄, Geneti
 Algorithms using Grammati
al Evolution, is a re
entlyintrodu
ed position independent Geneti
 Algorithm, built using many of theprin
iples of Grammati
al Evolution [12℄. GAuGE a
hieves position indepen-den
e by en
oding ea
h gene as a pair of values, the �rst 
oding the position orlo
us of the gene, and the se
ond its value or allele.One of the interesting properties of GAuGE appears to be its ability toprioritise information �nding. That is, given its position independen
e, it shouldbe able to move more important genes to the start of a 
hromosome. This meansthat even if genes in the original GA representation are geographi
ally disparate,fun
tionally linked genes 
an be grouped together at the start of the 
hromosome.This paper uses a set of standard ben
hmark problems to test this hypothesis.We take the well known BinInt [11℄ problem, and a variation whi
h we 
allInvBinInt, and demonstrate that the system 
onsistently pla
es the most salientgenes at the start of the 
hromosome, where they are less likely to be broken up.This paper 
onsists of seven se
tions. Se
tion 2 
ontains an overview of theGrammati
al Evolution system. Se
tion 3 presents the GAuGE system, andin
ludes an example of the mapping pro
ess employed, as well as a brief report ofprevious results obtained with the system. Se
tion 4 presents the problems usedin the experiments. Se
tion 5 des
ribes the setup used with those experiments,and analyses the results obtained. Finally, Se
tion 6 
on
ludes the work, andSe
tion 7 outlines some possible future lines of work.



2 Grammati
al EvolutionGrammati
al Evolution (GE) is an evolutionary automati
 programming typesystem, whi
h evolves strings of binary values and uses a BNF (Ba
kus-NaurForm) grammar to map those strings into programs. This mapping pro
ess in-volves transforming the binary individual into a string of integer values, andusing those values to 
hoose transformations from the given grammar. A givenstart symbol will then be mapped onto a synta
ti
ally 
orre
t program, by ap-plying the 
hosen transformations.The mapping pro
ess employed in GE is based on the idea of a genotypeto phenotype mapping: an individual 
omprised of binary values (genotype) isevolved, whi
h, before being evaluated for �tness, has to undergo a mappingpro
ess that will 
reate a fun
tional program (phenotype), whi
h is then evalu-ated by the given �tness fun
tion. This pro
ess separates two distin
t spa
es, asear
h spa
e and a solution spa
e.Another feature in GE is the use of degenerate geneti
 
ode [10℄: by usingthe mod fun
tion to normalise ea
h integer to a �nite number of produ
tionrules from the grammar, di�erent integer values 
an sele
t the same produ
tionrule. This 
reates a many-to-one mapping from a genotype string to a phenotypeindividual, whi
h means that the genotype 
an be modi�ed without ne
essarily
hanging the phenotype, through a pro
ess known as neutral mutation [5, 1℄.Finally, the produ
tion rule 
hosen by ea
h of the values in the integer stringis dependent on the values pre
eding it, as those values determine whi
h non-terminal symbols remain to be mapped in the 
urrent individual. This 
reatesa fun
tional dependen
y between ea
h gene and those pre
eding it, whi
h inturn guides ea
h individual to be built from the leftmost genes to the rightmostones, and helps the individual in preserving a good stru
ture in its left-handside during the evolution pro
ess, when it is submitted to the harsh e�e
ts ofoperators like 
rossover. This has been termed the \ripple e�e
t" [4℄.3 Geneti
 Algorithms using Grammati
al EvolutionGAuGE (Geneti
 Algorithms using Grammati
al Evolution) [13℄ is based onmany of the same ideas as GE. It uses a genotype to phenotype mapping in mu
hthe same fashion: an individual is 
omposed of a binary sequen
e (genotype) that,on
e ready for evaluation, is mapped onto a string of integer values; these arehowever interpreted as a sequen
e of (lo
us, allele) pairs, whi
h are then usedto �nally build a new binary string (the phenotype), ready to be evaluated.Another feature of GE present in GAuGE is the fun
tional dependen
y ofgenes within an individual, i.e. the fun
tion of ea
h gene is dependent on thosepre
eding it. Re
ent work has seen this dependen
y extended, and a new system,LinkGAuGE [7℄, was used to su

essfully solve a set of hard de
eptive problems.Sin
e the position and value of ea
h bit of the phenotype string are expressedon ea
h gene, geographi
ally disparate values of the phenotype 
an be groupedtogether on the genotype. This leads to the 
reation of tight building blo
ks atthe start of the genome that 
an be gradually grown by the evolutionary pro
ess.



Work by Bean [2℄ with the Random Keys Geneti
 Algorithm (RKGA) hintedthat a tight linkage between genes would result in both a smoother transitionbetween parents and o�spring when geneti
 operators are applied, and an error-free mapping to a sequen
e of ordinal numbers. More re
ently, Harik [3℄ hasapplied the prin
iples of fun
tional dependen
y in the Linkage Learning Geneti
Algorithm (LLGA), in whi
h a 
hromosome is expressed as a 
ir
ular list of genes,with the fun
tionality of a gene being dependent on a 
hosen interpretation point,and the genes between that point and the 
urrent gene.3.1 Example GAuGE MappingTo illustrate the mapping pro
ess employed in GAuGE, we will use as an exampleindividual the following binary sequen
e:0111 0001 0001 0100 0001 1001 0010 0011The �rst step is to map it onto an integer string. For the purpose of brevity, wewill use four bits to en
ode ea
h integer (rather than the eight used in the a
tualexperiments) and therefore end up with the following string:7 1 1 4 1 9 2 3This string will be evaluated as a sequen
e of four (lo
us, allele) pairs, and will beused to �ll in a string of four bits. We start by taking the �rst position spe
i�ed,7, and map it onto the number of available positions in the �nal string (i.e., 4),by 
al
ulating the remainder of the division of 7 by 4 (7%4), giving the value3 (i.e., the fourth position in the phenotype string). We use a similar pro
essto map the value for that position, 1, into a binary value: 1%2 = 1. This is thestate of the �nal array after the above steps are exe
uted:? ? ? 1By taking the next pair, (1,4), we again map the position onto the number ofavailable positions, in this 
ase 3, whi
h gives us 1%3 = 1 (se
ond free position),and normalize the value 4 onto a binary value, whi
h gives us 4%2 = 0:? 0 ? 1With the next pair, (1,9), we map the position 1 onto the number of availablepositions, 2, by 
al
ulating 7%2 = 1 (se
ond free position, whi
h is the thirdposition in the string), and the value 9 onto a binary value, 9%2 = 1:? 0 1 1Finally, with the last pair, we map the position 2 onto the number of remainingpla
es, in this 
ase 1, giving the value 2%1 = 0, and pla
e the value 3%2 = 1 init (note that the last position will always be mapped onto value 0, sin
e there isonly one free position left in the �nal individual. Our phenotype, now ready forevaluation, is the string: 1 0 1 1



3.2 Previous resultsIn previous experiments [13℄, GAuGE was applied to both a standard geneti
algorithm problem (Onemax) and a new de
eptive ordering problem. On theformer, its performan
e was as good as that of a simple geneti
 algorithm, show-ing that its overhead pro
essing (namely its mapping pro
ess) does not result ina loss of performan
e in simple problems, while on the latter, its (lo
us,allele)spe
i�
ation was shown to provide the 
exibility of swapping elements in a so-lution, helping the system to avoid lo
al optima. More re
ently, the fun
tionaldependen
y seen in the position spe
i�
ation was extended to the value spe
i�-
ations, and the resulting system was shown to have the potential to solve hardde
eptive problems [7℄.4 ProblemsIn our experiments, our aim was not to measure the performan
e of the systemon a set of problems, but rather to understand its dynami
s.1 More spe
i�
ally,the hypothesis we aimed to test is that, be
ause of its distin
t lo
us and allelespe
i�
ation, more important genes tend to be moved to the start of the geno-type, whereas less important genes (or more volatile ones) tend to be pushed tothe end of the genotype. In other words, the salien
e stru
ture of a problem 
anestablish a hierar
hy of relevan
e for the genes of ea
h individual, and GAuGEautomati
ally models that hierar
hy on its genotype string.The following problems were therefore spe
i�
ally 
hosen to test our hypoth-esis, and rather than 
on
entrating on the su

ess or otherwise of GAuGE onthose problems, the emphasis is on the way the system handles (and possiblyexploits) salien
e at no extra 
omputational 
ost.4.1 BinIntThe BinInt problem is an exponentially s
aled problem, de�ned by the formula:f(x) = l�1Xi=0 xi2l�i�1 xi 2 f1; 0gwhere l is the string length, and xi the allele at position i (with positions in aphenotype string ranging from 0 to l�1). This problem has the interesting 
har-a
teristi
 that the salien
e of ea
h allele is higher than the 
ombined marginal�tness 
ontributions of all the following alleles. This means that within an indi-vidual (phenotype), the �tness 
ontributions de
rease from left to right. Table 1shows some examples of �tness evaluations.This problem was �rst introdu
ed by Rudni
k [11℄, where it was used to inves-tigate the phenomenon of domino 
onvergen
e (the 
onvergen
e speed of build-ing blo
ks). Its 
onvergen
e time 
omplexity was later measured by Thierens etal. [15℄, to illustrate the idea of the temporal-salien
e stru
ture of problems.1 The system does solve the problems presented, but that is beyond the s
ope of thispaper.



Table 1. Example �tness evaluations for a series of binary strings of length 8 usingthe BinInt problem, illustrating the salien
e of leftmost allele.Binary string Fitness value01011111 9501111101 12501111111 12710000000 12811111111 2554.2 InvBinIntAs a se
ond problem we introdu
e the InvBinInt problem, a variation of theBinInt problem in whi
h an individual is evaluated as an inverted binary number,i.e. en
oded from right to left. It is de�ned by the formula:f(x) = l�1Xi=0 xi2i xi 2 f1; 0g4.3 OnemaxThis is a well known geneti
 algorithm problem, de�ned by the formula:f(x) = l�1Xi=0 xi xi 2 f1; 0gIn this problem, all alleles are equally salient, and the 
onvergen
e time isuniform for all genes [15℄. This means that the mutation of an allele will alwayshave the same �tness impa
t, regardless of its lo
us.This problem was deliberately 
hosen be
ause all alleles are equally salient;with a uniform distribution of salien
e, GAuGE should not establish a hierar
hyon its lo
us spe
i�
ations.5 Experiments5.1 Experimental SetupFor all three problems, we used the same standard setup that has been usedwith GAuGE on previous o

asions [13, 7℄. This is a steady-state repla
ementstrategy with roulette-wheel sele
tion, probability of one-point 
rossover (
alledripple 
rossover [4℄, be
ause of the mentioned ripple e�e
t) of 0:9, and probabilityof (point) mutation of 0:01. Ea
h of the position and value �elds were en
odedusing 8 bits. Several population sizes were used, of 50, 100, 200, 400, 800 and1600 individuals, and all experiments were ran 100 times, with di�erent randomseeds. Finally, phenotype string lengths of 8, 16, 24, 32, 40, 48, 56 and 64 wereused with ea
h problem.



5.2 ResultsThe results for all experiments are plotted in the graphs shown in Figures 1, 2and 3. These graphs were plotted by taking the best individual of ea
h run, andaveraging their lo
us spe
i�
ations; the x-axis shows ea
h gene in the genotypestring, whereas the y-axis shows the lo
us spe
i�ed in ea
h gene, averaged overthe 100 runs. For ea
h graph, a least-squares regression equation for the datapoints was used to draw a line, with its label being the slope of that line.BinInt The results for this experiment show that GAuGE identi�es the leftmostvalues in the phenotype to be the most salient ones, and therefore the bestindividuals tend on average to en
ode the �rst positions of the phenotype withinthe �rst genes of the genotype.InvBinInt In this problem, the opposite e�e
t was observed, i.e. be
ause therightmost values of the phenotype string are the more salient ones, these tend tobe en
oded by the leftmost genes in the genotype string. GAuGE seems thereforeto e�e
tively build its genotype strings from the left to the right-hand side.Onemax In this �nal set of experiments, all lo
i in the phenotype string havethe same salien
e. The results obtained show that GAuGE does not ele
t anyparti
ular lo
us to be en
oded in the �rst genes of the genotype string, if thereis no di�eren
e of salien
e for ea
h of the values of the phenotype.5.3 AnalysisFrom the results obtained, it 
an be seen that GAuGE is e�e
tively en
oding themost salient values of the phenotype string in the left side of its genotype strings,and then building those strings from left to right. No me
hanisms were employedto prefer these individuals, other than a standard roulette wheel sele
tion.This �ts ni
ely with the ripple 
rossover as used in GAuGE, and with thefun
tional dependen
y used in the spe
i�
ation of lo
i in ea
h gene. By preferringindividuals that en
ode the more salient values on their leftmost genes, genotypestrings are e�e
tively built from left to right. As the best individuals in thepopulation tend to en
ode the more salient genes on their left side, and be
ausethey will be 
ombined with ea
h other, the ripple e�e
t will ex
hange goodbuilding blo
ks, as their left-hand side 
ontext will be similar (or identi
al).Although the more salient lo
i tend to be stored in the left side of the geno-type, GAuGE does not require this ordering at the genotype level to solve theproblem, as implied by the results: in the BinInt experiments, for example, the�rst gene is not always 
oding for position 0 of the phenotype; rather there is atenden
y to move the more salient genes to the start of the genotype string. Thissuggests in turn that there is enough diversity at the genotypi
 level, and thatGAuGE does not have to order its genes to solve problems of varying salien
e.



Fig. 1. Results for the BinInt problem. The graphs plot the average lo
us spe
i�
ationof ea
h gene in the genotype string, averaged over 100 runs, for di�erent problemlengths.
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Fig. 2. Results for the InvBinInt problem. The graphs plot the average lo
us spe
i�
a-tion of ea
h gene in the genotype string, averaged over 100 runs, for di�erent problemlengths.
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Fig. 3.Results for the Onemax problem. The graphs plot the average lo
us spe
i�
ationof ea
h gene in the genotype string, averaged over 100 runs, for di�erent problemlengths.

0

1

2

3

4

5

6

7

0 1 2 3 4 5 6 7

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 8

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope -0.006468

0

2

4

6

8

10

12

14

0 2 4 6 8 10 12 14

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 16

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.008495

0

5

10

15

20

0 5 10 15 20

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 24

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.016268

0

5

10

15

20

25

30

0 5 10 15 20 25 30

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 32

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.021336

0

5

10

15

20

25

30

35

0 5 10 15 20 25 30 35

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 40

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.020631

0

5

10

15

20

25

30

35

40

45

0 5 10 15 20 25 30 35 40 45

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 48

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.036897

0

10

20

30

40

50

0 10 20 30 40 50

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 56

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.040039

0

10

20

30

40

50

60

0 10 20 30 40 50 60

A
v
e

ra
g

e
 p

o
s
it
io

n
 s

p
e

c
if
ic

a
ti
o

n
 o

f 
b

e
s
t 

in
d

iv
id

u
a

l

Γενε

Onemax - Length 64

Pop 50
Pop 100
Pop 200
Pop 400
Pop 800

Pop 1600
Slope 0.049565



By adapting the stru
ture of its genotype strings to mat
h the problem,GAuGE is e�e
tively 
hanging the �tness lands
ape to fa
ilitate the sear
h. Inother words, it is automati
ally 
o-evolving its representation, while evolving thesolutions for the problem.It is also interesting to observe that the slope of the regression lines tends toin
rease with longer strings. This suggests that the use of longer strings (morediÆ
ult problems) a

entuates the position independent nature of GAuGE, butis also related to the amount of degenerate 
ode used in ea
h problem (as on ea
hproblem eight bits were used to en
ode ea
h position, the amount of degenerate
ode is smaller on larger problems).Finally, another use for GAuGE in problems of this nature is to identifythe salien
e stru
ture of spe
i�
 problems. Stringer and Wu [14℄ have re
entlypresented an e�e
tive and elegant method for this purpose. However, being basedon a standard Geneti
 Algorithm, their method requires mu
h pro
essing, as
ounts of unique alleles and unique sub-genotypes are required; in GAuGE, onlybest-of-run individuals are pro
essed, by averaging and plotting them.2. Also,they te
hnique requires an absen
e of mutation for 
larity of results, whereas inGAuGE the system is ran as is, i.e. no 
hanges to it are required to identify thesalien
e stru
ture of a given problem.6 Con
lusionsThis work is an investigation into fun
tional dependen
y within a genotypestring, and how it improves the pro
ess of solving problems with s
aled salien
e;it shows that individuals 
an be built from left to right regardless of the salien
ehierar
hy, and sheds some light onto this pro
ess. This helps in understandingnot only how GAuGE works, but also GE, and seems to suggest that, 
ontrary togeneral belief, fun
tional dependen
y 
an improve the performan
e of algorithmswhere this feature is present.It has been shown here that, in the problems presented, GAuGE 
an identifytheir salien
e hierar
hy, and reorder its genotype string to mat
h it, without anyspe
i�
 me
hanism to do so other than its fun
tional dependen
y. Not only doesthis helps the system in solving problems with s
aled salien
e, but it also helpsin dete
ting salien
e in any given problem.7 Future WorkThis work has opened the door to broader resear
h onto the dynami
s of GAuGEsystems, or even of systems with fun
tional dependen
y (in
luding GE). Futurework involves a more in-depth analysis of the results obtained, su
h as the di�er-ent features a�e
ting the slope of the regression lines, and ta
kling other kinds ofproblems with s
aled salien
e, su
h as symboli
 regression problems (as used byStringer and Wu [14℄), or problems where building blo
ks with di�erent salien
eare used, rather than single genes [6℄.2 Although this is 
learly not a pre
ise measure, but rather an estimate.
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