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ABSTRACT

The use of multiple populations in Genetic Prograngnis
an area that is just beginning to be investigaledldate a
number of conflicting reports have been generatéth w
respect to the effectiveness of multiple populatiam GP.
We report here that these conflicting reports maydoe a
problem-dependent nature found in GP that has eenb
reported in GAs. This paper will review: what baettultiple
populations and speed-up mean in the areas of G/AGRe
conflicting results that have been reported in Ge
literature on whether multiple populations giveses-up to
GP problems, and offer an answer as to why diffe@R

The distributed processing and multiple populatzases
can be conflated when multiple populations are om
separate processors (see coarse-grain parallatisedtion
2.0). Such a conflation leads to the claim thatealel GA

has superlinear speedup. Speedup is the measure of time
decrease used by an algorithm as more processers ar
applied. Speedup is generally indicated as a oglatuch as
linear speedup. Linear speedup means that for every
processor used, a linear decrease in time is obddn/the
run time of the algorithmSuperlinear speedup means that
there is a larger than linear decrease in timepfacessor
used. The use of the term superlinear speedup
problematic, especially in the area of parallel gessing.
Parallel processing researchers have claimed tipatrnear
speedup is not possible in an algorithm where thy o
difference between single processor vs. multiplecpssor
experiments is the number of processors. Summarized
Amdahl's law [Amdahl 1967], the argument is as dal.
Suppose one records the tirh¢hat an algorithm takes to
complete on a single processor. If, instead of dein
distributed across multiple processors, the algoritis
broken up into smaller segments (according to some
parallelization approach) and those segments are ru

is

problems show different kinds of speed-up when gisin Sequentially on the same single processor witindicating

multiple populations.

1.0 INTRODUCTION

Parallel processing is an issue that has often bgamined
in Genetic Algorithm (GA) research [Lin 1994, Manidk&
and Spiessens 1989, Mulhenbein 1989, Punch 199®&s€a
1989, Pettey 1987]. It is worth noting that there at least
three senses of parallelism in the GA literature:

e implicit parallelism: This was a term first coined by
Holland [Holland 1975] in some of the early
descriptions of GAs. Implicit parallelism is theilitip
of a GA to process approximately sthemata for every
n individuals evaluated in the population.

« digtributed parallel processing: This is the decrease in
processing time a GA requires to process the sa
number of individuals as more processors are ulsed.
the past, GAs have been describedembarrassingly

parallel. By this, it is meant that a typical GA can easily

be ported to run on multiple processors becaushef
simple processor communication required.

e multiple population processing: This is also a decrease
in processing as found in the distributed case. él@y
this processing change is due to the fact thanglesi

population of sizeX requires more evaluations to reach

some level of performance tham populations, each
with X/n individuals if each population occasionally
exchanges solutions with other populations.
change can be realized on either a single processor
multiple processors.

This

the time needed for each segment. It is not plestilat the
sum time of allty be less tham since the same amount of
work has to be done! The key point is the phrabe Yame
amount of work has to be done”. In the multiple plagion
case fewer evaluatiorss e required to solve a problem than
for a similar single population case (that, aftdr i the
point). Clearly this means that less work is neetbeceach
the required level of performance. Thus GAs carinaly
achieve superlinear speedup since less work is tgrthe
sum of all subprocessors than that of a single gu®ar.
However, the increase in multipopulation perfornmaris
indeed “greater than linear”.

2.0 PARALLEL PROCESSING IN GAS

Parallelization is an area that has been much figagsd in
GAs for two reasons: GAs are very easy to parakelnd

MEas typically require a lot of processing time wwe any

real-world problem. As a result there are a numbér
approaches to parallelizing GAs, depending on Hréqular
kind of problem being solved (see [Lin 1994] for nmo
details):

* micro-grain parallelism: This is the simplest form of
GA parallelism. Here, we essentially parallelizéyahe
evaluation function.

fine-grain parallelism: This form of parallelism is used
to reduce problems of premature convergence bygusin
a spatial distribution of individuals combined with
crossover operator based on locale.



* coarse-grain parallelism (multiple populations):. In this
form of parallelism, the population is divided into
autonomous populations

As mentioned in Section 1.0, the coarse-grain fmrahse
is interesting because it simultaneously uses wwaaches
that speed GA processing: the reduction in worlaioled by
having multiple populations and the reduction imdi
obtained by having those populations distributedoss
multiple processors.

2.1 Multi-Population GAs

Since GAs are so easily parallelized, the mostréisteng
aspect of parallel GAs is the reduction in workcassted
with multiple populations. While there are many téas
which affect performance in multiple population GAke
most important are the frequency of exchange, tmaber
(and quality) of individuals exchanged, and theotogy of
near neighbors in the exchange. These have the effest
on the reduction in work/time.

We have conducted a number of experiments thatoexpl
these various parameters. For example, we evaludied
effectiveness of a number of different topologiesd a
exchange approaches using a simple graph partitioni
problem [Lin 1994]. The initial parallel architects
explored were all ring-based architectures wittoaysation
running on its own separate processor. Of the Bitactures
evaluated, a number of conclusions could be maidst, Bs
the number of populations increase (that is, as tthal
population size was divided into smaller populagiothus
keeping the total number of individuals the same 4t
experiments) the number of optimal solutions insesh
Second, as the number of populations was increased,
observed a super linear speedup in solution tindicating

We further examined the effectiveness of the imject
architecture topology on some more difficult, rearld
problems. One such problem was the design of comepos
material beams, optimized to absorb energy foxedfisize
[Punch 1995]. The beam was represented as a nudté%
layers of composite material, with each layer hg\2@ cells
of material to be assigned in the layer. The GAesented
the beam as a 480 element string, where each stiémgent
indicated a material to be assigned to some parthef
matrix (the element size depended on the number
materials that could be used). As the evaluatiowctfon (a
form of finite element analysis) of the beam was
computationally expensive, we compared a microrgmei
parallel approach to a simple ring topology mulgptation
approach. As expected, while the micro-grained oggin
gave very nearly linear speedup, the ring topolggye
more than linear speedup, again indicating a réoludn
work due to the multiple populations. Furthermose, used
an injection architecture topology where “coarssh@seant
that submatrices of the beam were represented sisgée
element. Again, the injection architecture outperfed the
ring architecture approach. We have subsequentbd us
injection architecture to generate designs of casitpo
material wings [Malott 1996] and flywheels [Eby TQ%by
1998].

of

3.0 GENETIC PROGRAMMING

Our success with parallel GA architectures ledousxamine
the effectiveness of multiple populations approacle
genetic programming (GP) [Koza 1992]. Since GP
approaches share many of the same features as iGAs,
seemed likely that the work done on multiple popaie of
GAs would apply. While it is clear that distributed

that not only was there a speedup from distributedProcessing would work as in GAs, the question whsther
processing, but also from a reduced workload due ténultiple populations would have the same effect.

multiple populations. Third, some exchange topigsg
were more effective than others

Finally, we began some experiments with a moreceddi
topology termed thénjection architecture topology. Rather
than a ring topology for exchanges, the populatiomse
arranged in a hierarchy. This hierarchy had tweresting
properties. First, as you traversed the hierarchsnfthe root
to the leaf populations, the representation usedthmge
populations was made coarser, less fine-graineds Tthe
leaf populations used a fairly coarse (abstragjagentation
of the problem, while it's parents used a more negdi
representation. Only the root node population uaeftll
detailed representation. Second, the exchangedofidiuals
was one-way, from coarse to fine grained populatidrhe
effect was to have coarse-representation popuktiearch
a smaller, more abstract, space and theject what
appeared to be promising solutions into more fimairg
representation populations for more detailed exation.

3.1 Genetic Programming Parallelization

The first experiments we conducted were based am tw
problems, one a standard machine learning prolilearfant
path” problem, and a new problem we introduced Wwiias
inspired by Holland’s royal road [Jones 1994], tedrthe
“royal tree” problem.

The ant problem starts with a 32x32 matrix, whdrefthe
matrix elements are initially empty. Some “pathfaihgh the
matrix squares are filled with “food” for the amt €at. The
problem is to start the ant at a standard poirthématrix,
and given a set time period (typically somethirge 400
steps), see how many of the “food” particles thait @an
pick up by walking over food elements.
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Figure 1: Exampleroyal trees

The royal tree [Punch 1996] is a problem that weettped
to be used as a “standards” function for testing t
effectiveness of GPs. It consists of a single Hasetion

h

incentive since the score is determined recursidelyn the

tree and each node receives some credit when dE fits

proper, direct children. If a node does not hawe dbrrect,

direct children, it is penalized byenalty, making the

FullBonus andPartialBonus even more effective. Finally, if
the resulting tree itself is complete, then a Varge credit

is given.

The reasoning behind the increase in arity requatdach
increased level of the royal tree is simple, we tednto
make the problem difficult for GP to solve sincereasing
arity as we climb to the next level dramaticallgr@ases the
difficulty of the problem, and provides a measufehow
well a GP can perform. For example, it is extrengifficult
to climb to a level-f tree and we have never sudedein

that is specialized into as many cases as necessaﬁl/'mb'ng to level-g.

depending on the desired complexity of the resgltin
problem. We define a series of functioasp, c, etc. with
increasing arity. (Ara function has arity 1, & has arity 2,
and so on.) We also define a number of termirals and

z. For any depth, we define a “perfect" tree lemvm in
Figure 1. A level-a tree is aamroot node with a single
child. A level-b tree is & root node with two level-a trees
as children. A level-c tree iscroot node with three level-b
trees as children, and so on. A level-e tree lgpthd5 and
326 nodes, while a level-f tree has depth 6 and 1fles.

The raw fitness of the tree (or any subtree) issitere of its
root. Each function calculates its score by sumniing
weighted scores of its direct children. If theldhis a
perfect tree of the appropriate level (for instgreceomplete
level-c tree beneath a d node), then the scoreabfsubtree,
times aFullBonus weight, is added to the score of the root.
If the child has the correct root but is not a petftree, then
the weight isPartialBonus. If the child's root is incorrect,
then the weight iPenalty. After scoring the root, if the
function is itself the root of a perfect tree, teal sum is
multiplied by CompleteBonus. Typical values used: a
FullBonus 2, PartialBonus =1, Penalty = 1/3, and
CompleteBonus =2. The score base case is a level-a tre
which has a score of 4 (the a---x connection isthvdr,
times the FullBonus, times the CompleteBonus).

The reasoning behind this " stair-step" approachthe
function is based on the reasoning originally ubgdthe
royal road. Many combinations of solutions can banfl
through genetic combination, but egatoper combination
gives a big jump in evaluation credit. THeaillBonus is
provided to give a large credit to those trees fivat the
correct, complete royal tree child. Since a deepgal tree,
such as a level-f tree, has a number of completal toees
as children, each complete subtree found givesge leredit
to that particular solution. TheartialBonus is used to give
credit for finding the proper, direct child for aae, even if
that direct child is not the root of a royal tr&éis pressure
is not as great as thEullBonus, but it is an effective

€

We ran three sets of experiments on both a leveisal tree
and ant problem using a single population, a riogytation
and an injection architecture. These experimentsewe
conducted using the lilgp [Punch 1994] GP prograngmi
system from the MSU GARAGe. Each experiment ran a
maximum of 500 generations. The optimal value foe t
level-e royal tree is 122,880, and for the antasv89. Each
problem was run 16 times. The total population §z&€000
for all experiments (1 population of 1000, or themsof all
populations equal to 1000). The results of thogesments
are shown in Table 1, Table 2 and Table 3. Thesdteeare
reported as the number Wins and Losses. The Wins are
reported asW:(x,y) where x represents the number of
optimal solutions found before 500 generations, yaiglthe
average generation in which the optimal soluti@s found.
The Losses are reported lagq,r,s), whereq is the number
of losses (no optimal solution found before 500
generations); is the average best-of-run fitness, arid the
average generation when the best-of-run occurred.

The remaining parameters are: max-nodes(1000), max-
depth(25), crossover(80% internal, 10% externahefs-
overselect), reproduction(5 %, fithness-overselect)tation
(5%, fitness, grow-method, max-depth 4). For mistip
populations, exchanges were done every 10 genesatio
with the exchange replacing the 2 worst solutioith the 2
best solutions from its neighbor.

These results are suprising given our previousltesuth
multiple population GAs. For the ant problem (excéy
the case of proportional selection with mutation)ltiple
populations gaveoorer results. These results are even more
dramatically different for the royal tree problemhere no
optimal result wagver found in 64 runs of various multiple
population approaches.

To confound things more, Koza & Andre [Andre andzK
1996] reported at nearly the same time that, fer3kparity
problem they achieved super-linear speedup on ao6i-



transputer, indicating that they got both the mpdipulation
and distributed processing speedup.

Table 1: Single Population Results

population and a ring of 7. Results for this expemt are
shown in Table 4.

Table 4: Comparison of a single population , size 4900,
vs. a ring of 7x700 populations for the regression

Ant Royal Tree problem
Over Selection] W:(7,15) W:(1,145)
no mutation L:(9,78,198) L:(15,6144,47) Results
Prop. Selection| W:(2,265) W:(0,0) Single Population | W:(6,46) L:(9,16,181)
no mutation L:(14,68,208) | L:(16,71,85) Ring of 7x700 W:(14,36) L:(2,16,180)

Over Selection] W:(10,109) W:(8,233)
with mutation | L:(6,73,300) L:(8,9064,159)

Prop. Selection| W:(7,112) W:(0,0)
with mutation | L:(9,67,158) L:(16,71,92)

Table 2: Multi-population results (ring of 5 populations)

Ant Royal Tree

Over Selection| W:(4,160) W(0,0)
no mutation L:(12,68,312) | L:(16,10005,338)

Prop. Selection] W:(7,286) W:(0,0)
no mutation L:(9,71,257) L:(16,83,62)

Over Selection| W:(6,208) W(0,0)
with mutation | L:(10,74,313) | L:(16,16284,373)

Prop. Selection] W:(7,240) W:(0,0)
with mutation | L:(9,73,181) L:(16,76,181)

Table 3: Injection architecture results, 4 nodes feeding
into 1 final result node

Ant Royal Tree

Over Selection| W:(2,297) W(0,0)
no mutation L:(14,70,326) | L:(16,20764,395)

Prop. Selection| W:(8,270) W:(0,0)
no mutation L:(8,70,272) | L:(16,81,152)

Over Selection| W:(2,116) W(0,0)
with mutation | L:(14,70,304) | L:(16,18354,405)

Prop. Selection| W:(6,309) W:(0,0)
with mutation | L:(10,74,256) | L:(16,83,192)

3.2 Resolving the Differences in Parallel GP Results

We examined a number of issues to determine thsecafl

the observed discrepancies. For example, Andre &aKo

exchange a much higher percentage of individuals the
did, but as expected this did not change the st tried
other topologies and a host of different configiamad to no
avail. Finally we ran the same kind of experimemtadarger
set of GP problems. We redid similar experimentstiom
regression problem. The regression problem is ¢sdlgra
curve fitting problem. 20 points are proposed amc¢hrve to
be fit, and the GP attempts to generate a funthianhits all
20 of the points on the curve to some small tolezaWe
performed the experiment with some larger poputatizes

Clearly the ring parallel processing did speedug th
problem, as it did in the even-5 parity problem buolike it
did with the royal tree and ant problem.

There appeared to be some problem-dependent
characteristics that affected whether multiple patons
increased the performance of GP. We began to iigedst
this problem-dependent aspect and focused on two
characteristics:

* the number of potential solutions. In the regrassio
problem or the 5-parity problem there are an indini
number of solutions, while the ant problem hasratéid
(though large) number of solutions, and the royedr
has exactly one solution. The number of solutiory m
affect how well the interacting populations can
“bootstrap” each other. This is due to the fact #ech
population is in fact smaller, and will thereforavie a
more difficult time finding the one “correct” solan.
Since each population must roughly find the sanme0
solution, interacting populations may not be asaite
as one large population.

* the level of deception. For similar reasons, highly
deceptive problems may prevent multiple small
populations from finding good solution. Deceptioaym
lead each population down “garden path” solutiothpa
which, when exchanged with other populations will
only serve to deceive them as well. A single, large
population may well be able to overcome such
difficulties

4.0 THE SEQUENCE PROBLEM

We tested the effect of these two factors by cngasi new
problem called the sequence problem. The functien s
consisted of 4 functiong, b, ¢, d , e andf. and only one
terminal x. Functionsa and b were single argument
functions, whilec was of arity 3d of arity 4,e of arity 5 and

f of arity 6. The goal was simply to create a seqaesf the
form a-b-a-b-a-b-a-b-a-b-a-b-a-b-a-x under various scoring
conditions that would allow us to evaluate our Hyeses.

(4900), and more populations (7). We did a single



4.1 Single vs. Multiple Solutions

To test whether the number of potential solutioffecéed
multiple population performance, we used the follmutwo
scoring functions for the sequence problem.

deceptive since the “true” solution should not eém&anyc-f
function. This yields the following results:

Table 6: Deceptive scoring results for the sequence
problem with single and multiple populations.

1. Single Solution. Only the exact target sequenceldvou . _ _ _
be accepted as a valid result and that target seque Single Population | Ring Populations
was given a score of 15. Any subsequence of tHd rig (2000) (5x400)
“‘type” but not the full length was given a scor¢ Deceptive | W: (16, 16.3) W: (0,0)
equivalent to the length of that sequence (for gptam| Sequence | L: (16,8.3,13.00 | L: (32,75, 33.5)
a-b-a-b-a was given a score of 5). Any tree containing
any other function besidesor b was given a score of 0. The deceptive scoring approach dramatically exhilbite
effect found in the ant and royal road problemse Bingle
2. Multiple Solutions. A tree is counted correct asgaas  population approach performs much better than the

the target sequence was contained somewhere in tlguivalent multiple population approach, and ncedpe is

tree. That is, the functionsthroughf were ignored in
the scoring and only the occurrence of the targas w
required in the tree. In the case of multiple seges,
the longest correct sequence was used to scoteethe

Obviously there is only a single correct tree ire tfirst
scoring case, while there are an infinite set e€drin the
second scoring case. The problem turns out to lagvely
simple, so the populations were reduced to 1x106Ghe
single population and 5x20 in the multiple populatcase.

Other parameters remained the same as found in tHE

previous problems.

No effect is really shown, all approaches seemotoeesthe
problem well. If any effect does appear, it is thailtiple
populations performed better than a single popahaivhen
multiple solutions exist.

Table 5: Single vs. multiple solutions results for the
sequence problem using both single and multiple
populations.

Single Population| Ring Populations
(100) (5x20)
Multiple | W: (120, 37.0) W: (128, 25.4)
Solutions | L: (8,10.6, 87) L: (0,0,0)
Single W: (128, 10.3) W: (128, 9.2)
Solution | L: (0,0,0) L: (0,0,0)

4.2 Deception
We then examined the deception hypothesis by miodify

found.

5.0 DiscussioN

In looking for possible problem-specific factorsathwould
affect how well multiple population approaches parf, we
posited two possibilities. The first is that mulégsolution
problems would be more amenable to multiple popurtat
than single-solution problems. The second is th&-no
deceptive problems would be more amenable to nhailtip
opulations than deceptive problems. Given the ltesu
reported above it would seem that at least wherfabrs
are combined in a problem, that problem does betitr a
single population.

Overall, the “real” factor involved is how “hard’hé
problem is. If the populations, as related to tifécdlty of

the problem, are given enough resources to makgrese
on their own, then their exchange of solutions \riirease
their progress. If, however, the populations are tmoly

capable of making individual progress, then thehexge of
information does not help as much (if at all). Thoany
combinations of parameters could be used to geatizve
effect.

Consider a final example. We ran the same regnessio
problem shown in Table 4 with different parametettings,

in particular we modified the population size Ve ttree
depth. The results are shown in Table 7.

Table 7: Regression problem with modified tree depth
for single and multiple populations.

the scoring function in the following way. We usket
“single solution” scoring as indicated above withme
modifications. As before, we are looking for thegle target

sequence (score 15) as a solution, however we mgeio
penalize thec-f functions. If the tree contains any c-

Max Depth 17 Max Depth 25
Single | W: (7, 47.3) W: (11, 69.0)
Pop L:(9,164,180.7) | L:(21,15.7,178.2)
Ring | W: (14, 42.6) W: (11, 110.5)
Pop L:(2,16.6,179.5) | L: (21, 13.9, 160.0)

function then the tree receives a score of 5, otiser it
receives the score of the longest sequence. Thitealy



The depth 17 example showed multiple population

improvement, while a population size with a greairee
depth of 25 showed no real improvement. By increashe
search space (greater tree depth), each indivjgyallation
can do less well than in the “simpler” depth 17e;asaking
interaction between populations less profitable.

The conclusion to make is that proper understandintpe
“difficulty” of the problem, in combination with #n
available problem-solving resources, is critical foultiple
population improvement.
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