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Abstract- We present an improvement to distributed
GAs based on migration of individuals between several
concurrently evolving populations. The idea behind our
improvement is to not only use the fitness of an individ-
ual as criterion for selecting the individuals that migrate,
but also to consider the diversity of individuals versus
the currently best individual. We experimentally show
that a distributed GA using a weighted sum of fitness
and a diversity measure for selecting migrating individ-
uals finds the known optimal solutions to benchmark
problems from literature (that offer a lot of local optima)
on average substantially faster than the distributed GA
using only fitness for selection. In addition, the run times
of several runs of the distributed GA to the same prob-
lem instance vary much less with our improvement than
in the base case, thus resulting in a more stable behavior
of a distributed GA of this type.

1 Introduction

Migration, i.e. the exchange (in the sense of copying) of
individuals between otherwise divided populations, is the
key concept of most distributed Genetic Algorithms that are
based on multi-demes, that are also known as island model
GAs (see [Gr85], [Ca99b]). Experimental evaluation by
many authors and the theoretical analysis in [Ca99a] have
shown that migration of the fittest individuals from one pop-
ulation to other populations to replace the least fittest indi-
viduals in these populations results in substantial speed-ups
of the distributed GA compared to a sequential GA.

Several authors saw as reason for the good results pro-
duced by multi-deme GAs that there is more diversity in
such systems. But it is obvious that migration of the fittest
individuals has a high chance to reduce diversity. Neverthe-
less, diversity in a GA-based system is a feature that can
on its own enhance the system performance. Outside of
the context of distributed GAs, there have been attempts to
modify GAs (resp. Genetic Programming) towards main-
taining more diversity in a population. For example, in
[dJ+01], diversity consideration is added as an additional
objective, thus transforming a single-objective problem into
a multi-objective one. But naturally, this means having to
deal with multi-objective optimization and problems like
loosing focus.

In this paper, we present an improvement to distributed
GAs based on multi-demes and migration that tries to
achieve an additional focus on diversity without weakening
the focus on fitness within the individual demes. More pre-
cisely, we propose to include diversity considerations into
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the process of selecting the individuals for migration. Our
guiding vision for the multi-deme GA is not a set of islands
with very fit individuals swimming between them, but a set
of herds with exchange of cattle being controlled by ranch-
ers that take into account a lot of criteria for selecting what
additional stock they want to buy for their herd. And for
us, the two criteria these ranchers are using are fitness (nat-
urally) and diversity of individuals.

Our experiments with several optimization problems
from literature show that considering also diversity when se-
lecting individuals for migration can substantially improve
the time until the solution to a problem is found. We also ob-
served that the variance in run time of several runs (for the
same problem instance) is smaller, thus achieving a more
stable behavior when using diversity in the selection.

This paper is organized as follows: after this introduc-
tion, we present in Section 2 an agent-based view on dis-
tributed GAs based on migration that reveals several fea-
tures of such GAs that can be varied. Using the agent-based
view instead of a biologically motivated one also allows us
to point out additional instantiations for some features. In
Section 3, we present the, in our opinion, most promising
additional feature instantiation, namely using additional cri-
teria for the selection of individuals for migration. In Sec-
tion 4, we evaluate this additional instantiation for the usage
of diversity. Finally, in Section 5, we conclude with remarks
on future work.

2 Distributed GAsbased on Migration

From the perspective of search in general, GAs (and most
other evolutionary methods) can be classified as set-based
searches, in contrast to tree-based search methods like
Branch-and-Bound or graph-based methods like A*. In fact,
GAs might be the most prominent representants of set-based
search, with examples for set-based search outside of evolu-
tionary methods being generating theorem proving methods
like Resolution with Factorization (see [R065]).

The general idea of set-based search is to represent the
search state as a subset of a set F that defines the possible
elements of states. In a GA, the set F is the set of all possi-
ble individuals. Since a search process produces a sequence
of states, the possible successor states of a state have to be
defined and then a search control has to pick which possi-
ble successor really gets chosen in an actual search run. In
set-based search, the possible successor states are the prod-
uct of applying rules that take as premises a (sub)set of the
current state and either remove elements or define (using
the premises) new elements to be added or both. In GAs,



these rules obviously are the Genetic Operators with addi-
tional rules for removing one or several individuals from the
current state, usually based on their fitness compared to the
fitness of the remaining individuals.

To a given state in a set-based search, usually several of
the rules to generate successor states are applicable. Even
more, one rule often can be applied with different instantia-
tions of the premises out of the current search state, so that
the task of a search control is not only to decide which rule
should be applied next, but also with what premises. For
GAs, there are many different search control schemes that
try to find the right mix of influence of the fitness of indi-
viduals and random effects in order to select the individuals
in the premises of a rule.

While there are many ways how a set-based search can
be distributed, the idea of having several set-based searches
performed in parallel has been suggested by many authors.
In fact, the so-called competition approach (see [Er92]) has
also been applied to other search paradigms. And letting the
different searches exchange information during the search
run is an obvious improvement of the competition approach
(see [De00]). For GAs, presenting distributed GAs based on
improving on the competition approach traditionally made
use of the multi-deme or island model that does not explic-
itly use a processor or agent performing a search process
but takes a more population centered approach. In order
to motivate our improvement of distribution approaches for
GAs based on improving on the competition approach —that
we will present in the next section— in the following, we
will present an agent-based model for such distribution ap-
proaches (an instantiation of a similar presentation for dis-
tributed search in general from [De00]).

A distributed set-based search can be modeled as several
search agents (usually each of them running a search pro-
cess on its own processor) that cooperate with each other.
Let Ag = {Ag1,....Agp} be the set of these search agents.
Essentially, each of these agents performs a set-based search
process, but they also should communicate with each other.
We model communication in general by employing a so-
called communication structure Com = (Dy,...,D;). The D;
in Kom define the possible content of data areas that can
be manipulated and read by the search agents. More pre-
cisely, each agent Ag; has a so-called environment Enw;
that contains a subset of Xom (describing the data areas of
Kom that the agent monitors) and a communication func-
tion mes; that can change the value of data areas in Kom
whenever the agent’s search process reaches a new state.
Due to this, a search process determines its next state not
only based on its current state but also based on the current
values of the data areas in Com in its agent’s environment.
Note that a D; can be an element of the environment of sev-
eral agents. But the data areas can also be used to transfer
information to only one or a few agents and they can be used
to represent different kinds of information.

In addition to the search agents, we need two more
agents Aggs and Agg, the start and end agent. The task of
the start agent Agg is to provide each of the search agents
with a start state and a goal to fulfill. Naturally, for this it

uses the given instance of the search problem to solve. In
general, the end agent has to produce a result to the given
problem instance out of the results of the search agents. For
distributed search based on improving the competition ap-
proach, this means to select the best solution found by any
of the search agents.

If we look at this general framework for describing (set-
based) distributed search, then distributed systems based on
improving the competition approach can differ in

o the realization of the start agent
o the realization of an individual search agent

e the types of information exchanged between the
search agents

o the assignment of data areas of Kom to search agents
and the use a search agent makes of data in an area

e the communication functions of the search agents.

In multi-deme distributed GAs, usually the start agent
produces for each agent a different start population out of
the same set F of possible individuals (and all the search
agents have only elements of this F in their states during
search). The theoretical possibility of favoring a different
subset of F for different search agents has, to our knowl-
edge, so far not been tested (naturally, the selection of the
subsets is the problem that would have to be solved).

The wide area of cooperative co-evolution of demes (see,
for example, [Sm+92]) defined on different sets F is not an
example for distributed search based on improving the com-
petition approach, but has to be classified as an instance of
distributed search based on dividing the given problem in-
stance into instances of subproblems. These subproblems
are then solved by different search agents. In order to guar-
antee that the subproblem instance solutions are compatible
with each other, i.e. produce together a good solution to
the initial problem instance, the fitness evaluation within an
agent uses the best individual of each other agent, combines
it with the own individual to evaluate and then computes a
global fitness. It has been claimed that the different demes
of such approaches achieve a niching effect that overall pro-
duces more diverse solutions to the problem. Since diversity
of solutions is also our goal, we mention this concept, al-
though it is not a distribution approach of the type we are
interested in.

Obviously, it is necessary that the individual search
agents do not do exactly the same state transitions and thus
perform a lot of redundant work. There is a wide variety
of methods how this can be achieved for multi-deme based
distributed GAs. Firstly, with having already different start
states for the different agents, the agents will produce some-
what different sequences of states, especially since a GA has
also a random influence regarding the selection of successor
states. But there are additional methods to have the agents
differ:

o different parameter values (like population size, mu-
tation probability, and so on) for the same basic GA
(as first suggested by Tanese, see [Ta89])



o different fitness functions (naturally with some con-
nection, see [Eb+97] for an example)

o different sets of Genetic Operators for different
agents

o different basic schemes for selecting the next succes-
sor state, beyond using the same scheme with differ-
ent parameter settings.

The last two methods move towards having somewhat
heterogeneous agents (although real heterogeneous systems
would combine GA-based agents with non-set-based search
agents, see [D0O99]).

Most commonly, multi-deme based distributed GAs ex-
change individuals between the agents with the intention to
integrate the received individuals into the own population.
But the potential spectrum of types of information that can
be exchanged is much larger and defined with regard to two
general decisions (see [DO99], again):

e positive information vs. negative information and

e information to be integrated into the search state vs.
information to influence the search control

Migration is not the only example for positive informa-
tion to be integrated into the search state. In [Pe96], a whole
state can be given from one agent to another and in [De95],
the best agent sends its whole (improved) state to all other
agents. An example for positive control information is also
given in [Pe96], where the control parameters of the best
agents are adopted by the worst agents (with some muta-
tions to avoid too much redundancy). The exchange of neg-
ative information has, so far, not been considered very much
in GAs.

For the data areas in the environment of an agent,
there are two extremes that can be found: an agent ob-
serves everything other agents communicate by having the
whole Kom in its environment (which resembles very much
blackboard-based communication) or each agent has one
dedicated area for each type of information in its environ-
ment (which models a message-passing architecture). And
everything in between is also possible. Two data areas
might allow exactly the same content, but the use an agent
makes of what it reads there can be rather different. For ex-
ample, an individual in a data area for positive information
for the search state will simply be integrated into the search
state, while the same individual in an area for negative con-
trol information might be used by the agent to determine
similar individuals in its state that then will be less likely to
be considered as premises for Genetic Operators.

In general, the usage an agent makes of new data in an
area of Kom naturally depends on the type of information.
But also which agent has send the information can be con-
sidered and one potential “usage” is often not considered:
throwing the information away without using it (see the con-
cept of receive-referees in [DO99]). If information can be
misleading or can slow down the search process, then think-
ing about throwing it away is a good idea. So, again, we
have a spectrum ranging from letting data in data areas of

Kom override the agent’s own data (for example using a
search state put in such an area as next search state, without
any connection to an agent’s own search state, see [De95]),
over adding/mixing received data and own data (as migra-
tion does) to ignoring received data.

The communication function of an agent is mostly re-
sponsible for selecting the information an agent should
communicate to other agents (which includes deciding
when selection and communication take place) and for de-
termining to what other agents a particular information will
be communicated. The later is the opposite side of a coin
to determining which data areas an agent observes. If an
agent Ag; does not observe all data areas in Kom, then
the communication function mes; of another agent .Ag; can
avoid sharing information with .4g; by writing the informa-
tion into data areas not observed by Ag;. Again, we have
a spectrum of possible realizations of this part of the com-
munication function ranging from sending information to
one agent only, over a group of agents, to all other agents.
If only a group of other agents is addressed, then in dis-
tributed GAs often the agents in this group are determined
using a neighborhood relation (which was suggested as an
interesting feature by Grefenstette, see [Gr95]).

Who receives a certain information naturally can have
quite an influence on the selection process for the informa-
tion. If the agents are rather different, then it is a good strat-
egy to send to a particular agent information that is

a) difficult for this agent to obtain on its own and
b) very useful for the agent in its current state of its search.

To achieve this is rather difficult, since it requires not only
general knowledge about the other agent, but also knowl-
edge about its current needs. But we find at least some use
of this realization possibility for mes-functions in [Pe96].

Nevertheless, most distributed GAs select information to
be communicated without taking the receiving agents into
account. Consequently, they base their selection decisions
on criteria that can be measured using their search results so
far, most often trying to measure the success a certain piece
of information produced subsequently for the agent itself. In
distributed GAs, an obvious success measure for individuals
is their fitness. But fitness is by far not the only criterion
that can be applied. There are criteria that are based on the
problem to solve and criteria that are based on the search
process used. An example for the later is using diversity of
a solution (compared to the best solution of an agent), which
we will define more precisely in the next section. Naturally,
for different kinds of information different selection criteria
can, resp. must, be employed.

As can be seen by our description so far, there are many
features (with quite a lot of feature values) of a distributed
search system that can be varied. Consequently, there is
still a lot of evaluations to be done and this paper tackles
only one of the possibilities.



3 Migration based on Fitness and Diversity

As stated at the end of the last section, there is a wide va-
riety of actual distributed GAs that can be designed using
the presented features of distributed GAs. If we add to this
the also very large variety of sequential GAs that can be
designed using features like representation of an individ-
ual, possible Genetic Operators, or selection strategies of
the search control, then an evaluation of all features, their
instantiations and the possible combinations is well beyond
what can be covered even in a book. And due to the large
variety of problems that can be solved using GAs and the
often rather different behavior a search process shows for
different instances of a single problem, experimental eval-
uations of distributed GAs (i.e. a concrete instantiation of
all the features from the last section and of the features of
sequential GAs that are used within the search agents) can
easily provide experiences that are difficult to relate to the
experiences reported by others.

For this paper, we have chosen to concentrate on one
additional feature instantiation of the criteria the mes-
functions of agents use to select individuals to be commu-
nicated to other agents: the use of diversity as additional
criterion. To connect our experiments to other work, we
have chosen as instantiations of the other features of dis-
tributed GAs the ones presented in [Ca99a] that presented
the ground work on some other criteria of the selection of
individuals (and on how the selected individuals are inte-
grated in the search of the receiving agents).

More precisely, we investigate the following concrete
distributed GA concept: The start agent Agg creates for
each search agent Ag; a start state so, = {ind;1,....ind;x }
with ind;; € F. Since we will have to measure the differ-
ence of elements in F, we need to know how an element of
F looks like. While we think that our concept works for all
kinds of representations of individuals (naturally provided
that a measure for diversity can be defined), our experimen-
tal evaluation considers only bitstrings (of length n) as rep-
resentation for individuals. As usual, the end agent will se-
lect the best individual generated by any search agent during
a run as the result of the run of the distributed GA.

Our search agents will all use the same search process
(i.e. sequential GA), so that we rely on the different start
states and the random influence in the search control to pro-
duce different sequences of search states in different agents.
This means that the sequential GAs used by the agents use
the same parameter settings, the same fitness function, the
same set of Genetic Operators and search controls employ-
ing the same basic scheme for selecting the Genetic Op-
erator to apply and the parent individuals required by the
selected operator.

The only type of information the agents exchange is pos-
itive information to be included into the search state, namely
individuals from the current search state (i.e. population) of
a search agent. Each agent receives the same information,
which can be either achieved by having one data area in
Kom that is in the environment of all agents (i.e. Kom =
(Dcommon)s With Deommon = F*) or by having one data
area for each agent and an agent writing the same infor-

mation in the data area of each other agent (i.e. Kom =
(D1,....Dp), with D; = F*). Since we want to use networks
of machines to implement our distributed GA and therefore
used in our implementation a modification of the TWIib (see
[DL96]), we use the second alternative. A search agent in-
tegrates every new individual it finds in its data area into its
current population, deleting the individuals in the popula-
tion that have the worst fitness to make room for the new
individuals (following the results of [Ca99a]).

The communication functions of the agents communi-
cate the same information to all other agents, as already
stated (i.e. mes; adds the selected individuals to the current
values of Dy to D;_; and D;4, to D,). For selecting the
individuals to migrate, the mes-function of an agent com-
putes for each individual ind in the current population that
is not the best individual indp.s;:* a quality measure

_ fitness(ind) _

fitness(indpest)

difference(ind, indpes:)
n

qual(ind) = wgy X

Wdiv X

and then selects the m-1 individuals with the highest qual-
value and the best individual for migration.

In the formula above, w; and wg;, are weights for the
two criteria used for selection. We will evaluate different
settings for them in our experiments. In order to have the
influence of both criteria approximately equal (before using
the weights) we normalize them by dividing by the fitness
of the best individual, resp. by dividing by the length of the
bitstring representing the individual.

This already hints at the particulars of our difference-
function. Naturally, there are many possible functions that
can be considered to indicate the difference between two in-
dividuals despite the fact that we already have limited our-
selves to individuals represented by bitstrings. We tried to
make our difference-function as simple as possible, espe-
cially we did not want to use anything related to the general
problem to solve, and therefore we just count the bits in the
two individuals in which they differ. Formally, for two indi-
viduals a; ...a,, and b, ...b,,, the definition is

n

difference(ay ...an, b1...b,) = Z(ai@’bi)

i=1

Here, ® indicates the XOR-operator, so that our difference
is the Hamming distance of the two individuals.

The final feature we have to specify is directly related to
the selection process for migration, namely when this selec-
tion takes place. In theory, the mes-function could select
individuals in every search state, but this would result in a
lot of communication (note that even if it does not select
anything, it either has to tell the other agents that this is the
case or the other agents have continuously to check for any
communication). Therefore we will have migration taking

IHere the best individual is the one with the highest fitness. If sev-
eral individuals have the same fitness, one of them is randomly chosen as
7:ndbest



place after a given number of generations (and this number
is a parameter of the distributed GA).

In principle, the exchange of individuals can be per-
formed synchronously (i.e. all agents interrupt their search,
run their mes-functions, what until they have the results
from everyone else and then integrate what they got from
the others) or asynchronously (i.e. an agent interrupts its
search, runs its mes-function, integrates whatever is new
since the last time, and continues its search without wait-
ing until it heard from every other agent). Since we use
the TWIib as basis (which favors synchronous “team meet-
ings”), we have chosen a synchronous exchange.

4 Experimental Evaluation

In this section, we report on our experiments we performed
using the distributed GA concept (resp. improvement) from
last section. The search problems we are using are taken
from [DMO02] (we modified some of them to either run
longer or shorter to stay within the limits of running at least
1.5 minutes and at most 60 minutes), which presents opti-
mization problems for Genetic Algorithms collected from
several sources. The examples we picked are characterized
in [DMO02] as being difficult due to having many local op-
tima in which GAs can become stuck, a problem we think
can be avoided by using diversity in migration. And our
experiments show that our belief is correct.

Before we present and analyze our experiments, we first
have to present the basic sequential GA that is used by
our search agents. We do not use exactly the algorithm of
[Ca99a]. While we use the generation concept, for select-
ing the parent individuals to a crossover we use the wheel-
of-fortune method to combine fitness with a random influ-
ence. This means that each individual’s chance to be se-
lected as parent is proportional to its fitness-value. With a
certain chance the result of such a crossover is then mutated.
A new generation is computed by generating the necessary
number of new individuals, allowing all individuals of the
previous generation as possible parents, and adding to these
new individuals a certain number of the fittest individuals of
the old generation. In our experiments, we always used 50
as the size of a population, with 5 individuals from the old
generation surviving. The mutation rate was one percent.

The general setting of our system for all the experimen-
tal series was as follows: we had available 4 Sun blade ma-
chines and therefore we used 4 search agents. Migration
takes place every 10 generations and each agent then selects
m=5 individuals, which naturally means that the 15 worst
individuals of every agent are then replaced.

We tried 4 different settings for the combination of the
weight parameters wy;: and wq;,, Seeing them as percent-
ages of influence: 100:0 (which means without using di-
versity at all), 70:30, 50:50 and 30:70. Obviously, the set-
ting 100:0 represents the basic distributed GA without our
improvement and will be our reference point. Each exper-
imental series consists of 10 runs of the distributed GA for
each of the 4 settings and will be reported in its own table.
The table presents the best, worst and average run time until
the optimal solution (that we got out of the paper mentioned

[ Weight ratio: | 100:0 | 70:30 [ 50:50 | 30:70 |

time best run 311.1 | 170.4 | 1815 | 1575
time worst run | 496.6 | 218.0 | 270.1 | 382.5
average time 384.2 | 193.0 | 215.4 | 247.2
worst - best 1855 | 47.6 | 88.6 | 225.0

Table 1: Run time comparison different ratios of fitness vs.
diversity for 7 with g=25, times in seconds

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 ]
time best run 566.9 | 308.4 | 321.0 | 314.3
time worst run | 899.1 | 447.0 | 486.9 | 586.9
average time 748.8 | 377.4 | 399.2 | 430.8
worst - best 332.2 | 138.6 | 165.9 | 272.6

Table 2: Run time comparison different ratios of fitness vs.
diversity for F; with g=40, times in seconds

above) occurs first in the population of one of the agents.
For the readers convenience, we also report the difference
in run time between best and worst run that allows us to
judge the stability of the run time behavior of the different
settings. The best result of a particular row is printed in
bold.

We have chosen 4 different general function schemes for
our tests. The schemes allow for different numbers of in-
put variables (that have a limited range that is encoded by
an appropriate number of bits in an individual) thus produc-
ing a variety of lengths for individuals. More precisely, the
variables for the functions (z1,...,z4 in the following defi-
nitions) are floating point numbers. The following schema
was used to represent the variables in an individual. Each
variable is represented by 10 consecutive bits in the individ-
ual. So if there are 40 variables to the function the individ-
uals in the population are 400 bits long. Representation of
the floating point numbers for each variable was done in the
following way. Since each variable is 10 bits long we have
the possibility to represent 1024 numbers. To convert the
bits in the variable to a floating point number a conversion
table of 1024 elements was created. The range of floating
point numbers was between 10.0 and -10.0. This means that
the increment between each spot in the conversion table is
of the size ((20.0)/1024) = 0.01953. For example the pa-
rameter 0000000000 gets mapped to 0 and the parameter
0000000001 gets mapped to 0.01953. With this in mind,
crossover is done through single point crossover and muta-
tion involves the negation of bits in the individual.

The first 6 experimental series will explore 3 different
numbers of variables for two schemes, while the other 2 se-
ries explore one variable number for the 2 other schemes
(we substituted the chosen number already into the formu-
las).

The function scheme for the first 3 series is

q

2
2

i=1

Fl(-'L'l,---,-'L'q) =

Table 1 reports the results for q=25, Table 2 for q=40
and Table 3 for g=50. The best average run time was al-



[ Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |

time best run 1040.8 | 430.4 | 582.2 | 515.5
time worst run — | 7345 | 798.8 | 936.6
average time 1274.4 | 554.6 | 691.2 | 740.2
worst - best — | 304.1 | 216.6 | 421.1

Table 3: Run time comparison different ratios of fitness vs.
diversity for F7 with g=50, times in seconds

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |
time best run 559 | 446 | 336 | 313
time worst run | 100.7 66.4 55.0 55.5
average time 747 | 542 | 447 | 436
worst - best 448 | 218 | 214 | 242

Table 4: Run time comparison different ratios of fitness vs.
diversity for F; with =30, times in seconds

ways produced by having 30 percent influence of the diver-
sity measure and the improvement is really big, cutting the
run time in half. But also the other settings are better than
the 100:0 setting, showing that adding diversity to migra-
tion pays off. The worst run with the 70:30 setting is for
all 3 series better than the best one without using diversity,
which is also true for the 50:50 setting. In fact, for the 70:30
and 50:50 settings the range of results (see last row of the
tables) is substantially smaller than what is achieved by us-
ing the fitness only. For g=50 (Table 3) only half of the runs
for 100:0 finished within the allotted time and the average
was computed using the 5 successful runs only. It should
be noted that in Table 1 only the worst run for the 30:70 ra-
tio was worse than the best run without using diversity. In
Table 2, the same is true (again, only the worst run for the
30:70 setting). And in Table 3, all runs using some influ-
ence of diversity were better than the best run of the 100:0
setting.
The second function scheme is

q
Fy(w1,..,mg) = 200+ Y (x7 — 10cos(2mz;))

i=1

The three values for q reported in Tables 4, 5, and 6 are
30, 40, and 50. As these tables show, a larger influence of
diversity than for the first function scheme produces the best
results. While sometimes 50:50 and sometimes 30:70 is a
little bit better, nevertheless the differences are usually very
small (especially with regard to average run time). Both in-
fluence settings achieve huge improvements against the runs
without using diversity, again, and especially the range of
run times is greatly reduced. This is also true for the 70:30
setting, where also the difference between worst and best
run is nearly half of what the runs without using diversity
produced. It should be noted that, while not as good as for
50:50 and 30:70, the results for a ratio of 70:30 in all cate-
gories are still a lot better than the runs without diversity, so
that for this function scheme the usage of diversity is very
successful, again. This is also indicated by all runs for the
50:50 and 30:70 ratios for g=30 and q=40 being better than
the best run without using diversity. For g=50, only one of

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |
time best run 1009 | 79.2 | 55.2| 58.0
time worst run | 205.3 | 137.4 | 100.4 99.9
average time 155.0 | 103.7 | 775 77.9
worst - best 1044 | 58.2 | 452 | 419

Table 5: Run time comparison different ratios of fitness vs.
diversity for 5 with g=40, times in seconds

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |
time best run 154.8 | 108.2 | 105.0 | 88.5
time worstrun | 322.8 | 177.4 | 157.5 | 165.7
average time 2347 | 137.1 | 1275 | 1304
worst - best 168.0 | 69.2 | 525 | 77.2

Table 6: Run time comparison different ratios of fitness vs.
diversity for F;, with =50, times in seconds

the runs for each of these two ratios was slower than the best
run without using diversity.
The third function scheme is

10 5 10
xI; X;

F3(£121,...,£L'10) = 1+Z L —HCOS(—l.)
= 4000 o Vi

Table 7 shows that while still the average run time of all
settings using diversity is better than the reference case, the
improvement is less than for the previous experimental se-
ries. Also the range of run times is not as much smaller as in
the first 6 series. But still, we clearly have an improvement.

The final tested function scheme is

41898.29101 +
40

Z(—azi x sin(sqrt|z;|))

i=1

F4(.Z‘1,...,$40) =

As Table 8 shows, only the average run time of the set-
ting 30:70 is better than 100:0, although 50:50 is best in the
best and worst run time category. But still, the range of re-
sults is substantially smaller for all settings with diversity
than for using just fitness for selection and the average run
time is for 70:30 and 50:50 not much worse than for 100:0.

All four function schemes were selected, since they pro-
duce a large number of local optima making it likely for a
GA to be trapped for some time in one that is not the global
optimal one. The migration of individuals that are also se-
lected based on diversity reduces the likelyhood for this to
happen significantly, while the fact that each agent still con-
centrates mostly on the fittest individuals pushes the search
for the optima forward.

This means that the usage of diversity in migration
should not be very successful for optimization functions that
have only a few local optima. In fact, we might even slow
down the search due to exchanging mostly individuals that
are less near to the global optimum than the fittest individu-
als are (if we look at the analysis in [Ca99a]). Therefore we
conducted an experiment using the so-called trap functions
that were also used in [Ca99a]. Trap functions have only



[ Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |

time best run 312.7 | 265.9 | 239.9 | 271.8
time worst run | 650.1 | 510.2 | 485.7 | 567.5
average time 470.9 | 361.7 | 375.6 | 391.7
worst - best 337.4 | 244.3 | 245.8 | 295.7

Table 7: Run time comparison different ratios of fitness vs.
diversity for F3, times in seconds

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |
time best run 3325 | 380.0 | 317.5 | 346.2
time worst run | 780.3 | 685.5 | 650.0 | 674.5
average time 526.7 | 529.9 | 532.6 | 491.6
worst - best 447.8 | 305.5 | 332.5 | 328.3

Table 8: Run time comparison different ratios of fitness vs.
diversity for Fy, times in seconds

one global and one additional local optimum and the pop-
ulations produced by a GA of the type we are using in our
agents often are "trapped” for quite some time in the local
optimum before finally finding the global one. As Table 9
shows, as we expected, enhancing the selection of individ-
uals for migration by diversity does not pay off for such
functions.

So, including diversity as an additional criterion for se-
lecting individuals that migrate in multi-deme distributed
GAs improves the average run time for problems that have
a lot of local optima. For these problems, it also makes
the performance of the system much more stable and hence
provides better predictability. While weighting fitness and
diversity equally seems to be in most cases a good strat-
egy, varying the weighting of fitness versus diversity can
improve the results quite a bit.

5 Conclusion and Future Work

We presented an improvement to multi-deme based dis-
tributed GAs that selects individuals for migration not only
based on fitness but also takes diversity between individu-
als into account. Our first experiments with problems with
lots of local optima showed that simply using the Hamming
distance as diversity not only leads to finding the global op-
timum faster, but also produces a smaller range of the times
of repeated runs to the same problem instance, thus mak-
ing the system more stable and predictable, thus improving
the positive influence of multi-deme based GAs reported by
other authors.

In addition to a much more extensive experimental eval-
uation, in the future we want to develop other possible cri-
teria for the selection of individuals to migrate, that could
improve the performance of distributed GAs. This can start
with other, more complex diversity measures (for example a
cascading selection that measures diversity of an individual
to all individuals an agent has already selected for migra-
tion) and diversity measures for individuals that are not rep-
resented as bitstrings. The agent-based view on distributed
GAs we presented also identified additional distributed GA

| Weight ratio: | 100:0 | 70:30 | 50:50 | 30:70 |
time best run 709.6 | 714.2 | 735.0 | 736.8
time worstrun | 874.3 | 995.4 | 878.1 | 971,7
average time 761.5 | 870.8 | 826.3 | 871.6
worst - best 164.7 | 281.2 | 143.1 | 234.9

Table 9: Run time comparison different ratios of fitness vs.
diversity for a trap function, times in seconds

variants that have to be examined. Some of those also
should profit from including diversity. Examples are using
diversity to determine the quality of a whole population or
for selecting negative information.
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