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Abstract: There are two types of GAS which differ in the representation of the chromosomal strings. They are the 
binary coded GA and the order-based GA. We have already proposed a new type of binary coded GA, called the 
forking GA (fGA), as a kind of mulb-population GA, and showed that the searching power of the fGA is superior 
to that of the standard GA. The distinguishing feature of the fGA is that it does population forking and different 
sub-populations search different non-overlapping sub-spaces of the entire search space in parallel. In this paper, the 
concept of population forking is extended for ordered representation based GAS with an aim to handle 
permutational problems. We call this new scheme o-fGA. In this context we define two measures (bias and salient 
schema) to detect the state of convergence for the ordered representation based GAS. Experimental results for the 
blind traveling salesperson problem (TSP) and two Job shop scheduling ploblems show that population forking is 
also effective for this sort of problems. 
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1 INTRODUCTION 

GAS which are used for optimzation can be classified 
into two types depending on the representation of 
chromosomes. They are the binary coded GA and the 
order-based GA. There are many GA-hard problems that 
are difficult to be solved by the standard GAS such as 
multi-modal and deceptive functions. Many kinds of 
modified GAS, that are aimed to solving these problems, 
have been proposed [l, 2, 81. Recently, we proposed a 
CA using binary coded strings, calledforking GA (fGA), 
with search space &vision scheme and showed that the 
searching power of the fGA is superior to that of the 
standard GA 1.571. 

In the fGA scheme, during the process of 
evolution if the populahon becomes less diverse, the 
process isforked to allow searching concurrently in two 
different sub-populations (called population forking). 
Thus, to apply the population forking scheme we need 
to detect the state of convergence of the population. For 
the binary coded GAS, the state of convergence of a 
population is measured using the bias [3], and the salient 
schema [5] ;  but no such measure exists for a population 
with order-based strings. In this paper, we propose two 
new convergence measures of a population with ordered 
representation based strings and use them to apply the 
concept of population forking for solving permutational 

problems. We call this new scheme o-fGA. In this 
context it may be mentioned that a preliminary study on 
this topic was reported in [6]. Empirical studies on 
traveling salesperson problem and two job shop 
scheduling problems show that the forking scheme is 
also effective for problems that require ordering or 
sequencing 

2 CONVERGENCE MEASURES FOR 
ORDER BASED REPRESENTATION 

For measuring the state of convergence in order to do 
population forking we used bias and salient schema for 
binary coded GAS. For order-based GAS, no such 
measure exists. Let us define two convergence measures 
for order-based GAS in this connection. Here, we first 
introduce the concept of edge matrix, and then define 
bias and salient edge schema for order-based 
representation. 

2.1 Edge Matrix 
Unlike binary coded GAS, the order or sequence used 
for representing a chromosome in order-based GAS is 
important. Here an individual is represented as a string 
of a permutation of the sequence (1,2, ..., L), where L is 
the length of a string. Let us call each number of a string 
as a node. 
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An edge is defined as the adjacency relationship 
between nodes [9]. For example, a string ( 1 , 3 , 4 , 2 , 6 ,  
5 )  in a 6 city TSP contains the +edges [13, 3 +4, 
4 + 2 ,2  + 6 , 6  + 5,s + 11 when one considers the tours 
as a Hamiltonian cycle. A square edge matrix EM ', is 
defined by 

E M : = (  ). 
where element e;,,. is the total number of individuals 
which have directed edge from node m to node n in the 
population P(t), and erQ,.,, = 0. For the problems those 
take no notice of the direction of edges such as in TSP, 
we define the following triangular edge matrix EM '= 

EM:= ( 4.m >. 
where element errmn = erQ,,, + era,, , if m a ;  and erzm 
=0, if m 2 n. 

2.2 Bias for Ordered Representation 
Let N be the size of the population P(t) . In the binary 
(Gray) coded GA, the bias B (0.5 2 B' 5 1 .O) [3] is defined 
as 

where s[i, j] represents thejth bit of the ith string. Larger 
value of B' means low genotypic diversity and it is used 
as a first-order convergence indicator which indicates 
an average percentage of the most prominent value in 
each position of the strings. Using edge matrix EM',, 
we can define bias for ordered representation which has 
the same property as that of the bias for the binary 
representation. 

Total number of edges in P(t) is N x L  and total 
number of positions of EMrQ that can have valid edges 
is Lz - L = L(L-1). For P(O), where the individuals are 
randomly generated, we can assume the edges to be 
distributed uniformly over the positions L(L-1). Then, 
the expected value for eram (for m #n)  is 

t N NL 
en.,, = - - - 

L(L - 1) L - 1 

Let us define a quantity called temporal index BfaW 

- 

As can easily be understood from the definition of BfaM 
its expected value is zero when the edges are distributed 
uniformly over the L(L-1) positions of EM',. Next, let 
us calculate the maximum value max(B of B 'Q,,. 
BfQ,rrp takes the value max(B when all the 
individuals in P(t) have the same set of edges. In this 
case, L positions of EM', has the value Nand the other 
positions have the value 0. Therefore we can get max(B 

2 NL( L - 2) 

L - 1  
- - 

Let us now define a quantity 

where L>2. We see 0.52BfQ21.0, Bra= 0.5 when P(t) is 
randomly distributed and B', = 1.0 when P ( t )  is 
converged. As BrQ satisfies the properties of a bias 
measure we can obtain a bias indicator BrQ for order- 
based representation. 

Similar derivation can be used to obtain BtT by using 
edge matrix EMrT instead of EM'* as 

where L > 3. 

23 Detection of Salient Edge Schema 
In this section, we define the salient edge schema as a 
measure of convergence of a population with strings 
having order-based representation. 

2.3.1 Temporal Edge Schema 
Temporal edge schemata TES, & TEST are matrices 
obtained from EM ', & EM as 

TESL = ( tesb- 1. 
1 if e;,,,,, 2 N x K,, m f n  

* otherwise; 

= 0 if m = n 

1 if e:,,,,, 2 N x  K,, m < n  

1 
TES: = ( ). 

* otherwise; 

respectively; where KTEs is a schema detection threshold 
constant and res',, = 0 means no edge between node m 
and n. 

The salient edge schema SES' is a matrix obtained 



Roc. 1996 Australian New Zealand Conf. on Intelligent Information Systems, 18-20 November 1996, Adelaide, Australia. Editors, Narasimhan and Jain 

from the temporal edge schema TES as 

SESk = ( seSL,m 

, - I  l - I X x - l i  

1 if test,- = testQ,_ = ... = testQ,_ = 1, m ;e n 

* otherwise; 

, - I  I-Cx"-II I if test:,, = testr,_ = ... = testr,_ = 1, m i n 

SES: = ( ). 

* otherwise; 

where K, is called the salient edge schema detection 
constant. SES shows the convergence status of the 
populabon P(t) and represents robust edges formed by 
TES' surviving through KH generations. We call the total 
number of elements with ses rm = 1 as the order of SES 
(with analogy to the order of a schema in binary coding) 
and represent it by o(SES '). As the value of o(SES ') 
increases, size of the sub-spaces represented by SES 
decreases and thus SES can be used as a measure of 
convergence of the population P(t). 

3 POPULATION FORKING 

In the following section we show how to use these 
measures for population forking. During the process of 
evolution, if the population is converged to a smaller 
diversity or the best solution obtained so far does not 
get updated for some consecutive generations, the 
process is forked to allow searching concurrently in two 
different sub-populations. Thus the whole search space 
is divided into sub-spaces depending on the status of 
convergence of the present population and the solutions 
obtained so far; and search is continued independently 
in these sub-spaces. We call this method population 
forking [ 5 ] .  These sub-populations are called parent 
population PP"(t) and a child population CPrl(t') which 
cover different sub-spaces, After the population forking 
has occurred, individuals which are included in the 
salient schema, except the best individual, will be deleted 
from the parent population PPf'(t), and N - IPP"(t)l 
individuals are randomly regenerated so as to keep the 
population size fixed. Thus the diversity of PPrl(t) will 
be recovered, having less chance of being trapped in the 
local optima. As some of the individuals are blocked to 
enter the PP"(t) , we sometimes call this blocking mode. 

In the population CPf'(t3, all the individuals have 
the same value in the fixed posiaons of the salient schema 
SES". Values of "*" positions in the salient schema are 
gathered in the shrunk strings (shrinking mode). 
Consequently, the size of the search space of C P ( t ?  is 
reduced from 2L to 2L where L'= L-o(SESrl); o(SES") is 
the order of the salient schema SS(t1). The sub-space 

generated by the salient schema is then exploited with 
the shrunk strings to detect the best solution in that area. 

Once again, detection of a new salient schema 
begins in the parent population. If the conditions for 
forking is satisfied, then the second child population is 
formed. A maximum of Kp (K, 2 1) child populations 
are allowed. The parent population and the child 
populations are evolved in time sharing mode. Sharing 
of computation time by the two populations is defined 
by the BSIauo on the generation counter. For example, the 
BSrat,, = p : q means we perform p generations for the 
parent population followed by q generations for each of 
the child populations; and this sequence continues. The 
best individual obtained so far is always included in the 
parent population even if it is found in the child 
populations. If the number of child populations is more 
than Kp, the oldest child population is discarded. 

Conditions for population forking are summarized 
below: 
(a) the best so far evolved value has not been updated 

for a specified number (K,  2 1) of generations, 
(b) the population converges to a smaller diversity, and 
(c) the order of the salient schema is more than the 

specified constant L X KO, KO (MO -4) is the salient 
schema order threshold constant. 

The instants of population forking can be determined 
as : 

wheref,(t) is the best performance value up to generation 
t, B'is the bias of population P(t), KB (0.5 < KB 5 1.0) is 
the bias threshold constant, and the symbol A means 
and. 

4 EXPERIMENTAL RESULTS AND 
ANALYSIS 

We take the well known Oliver's 30 City blind traveling 
salesperson problem [4], where triangular edge matrix 
EM: can be used; and two job shop scheduling problems, 
requiring square edge matrix EM', , as test problems to 
illustrate the effectiveness of the 0-fGA using the above 
convergence measures. We tried 30 experiments. Each 
experiment continued until 100,000 trials, with 
performance statisbcs recorded at intervals of 1 ,OOO trials. 
Because of scarcity of space, we produce the results on 
Oliver's 30 City blind TSP only. 

We fixed populabon size to 40 and adopted the order 
crossover (OX) as a genetic sequencing operator [4]. No 
mutation operator was applied. Other parameters were 
as follows: KB=0.9, KT,=0.9, KH=20, KO=0.4 and Kp=l. 
Known minimum tour length of this TSP is 420. 

The results are summarized in Table 1. From the 
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Table 1 Results on 30 City TSP 

*I Number of runs in which the algorihm succeeded in fmding the optimal value 
'2 Number of runs in which optimal value is detected in the parent population 
*3 Number of runs in which optimal value is detected in the child population 
*4 Mean number of trials to fmd the aptimum for those runs where it did find the optimum 
* 5  Standard hviation of nials EJ find the optimum for those NIIS where it did find he optimum 

table we see that o-fGA shows the best performance 
(mean number of trials and its variance) when BSM0 was 
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