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This pap er extends previous w ork done by

T anese on the distributed genetic algorithm

(DGA). T anese found that the DGA outp er-

formed the canonical serial genetic algorithm

(CGA) on a class of di�cult, randomly-

generated W alsh p olynomials. This left op en

the question of whether the DGA w ould ha v e

simila r success on functions that w ere more

amenable to optimization by the CGA. In

this w ork, exp eriments w ere done to com-

pare the DGA's p erformance on the Ro y al

Road class of �tness functions to that of the

CGA. Besides ac hieving sup erlinear sp eedup

on KSR parallel computers, the DGA again

outp erformed the CGA on the functions 3

and 4 with regard to the metrics of b est

�tness, a v erage �tness, and num b er of times

the optimum w as reached. Its p erformance

on 1 and 2 w as comparable to that of the

CGA. The e�ect of v arying the DGA's migra-

tion parameters w as also in v estigated. The

results of the exp eriments are presen te d and

discussed, and suggestions for future research

are made.

Reiko T anese (1987, 1989a, 1989b) prop osed the dis-

tributed genetic algorithm (DGA) as a w ay of e�-

ciently parallelizing the canonical genetic algorithm

(CGA) on hyp ercub e computers and other MIMD par-

allel computers. The global p opulation is divided in to

several subp opulations, one p er pro cessor. Eac h pro-

cessor runs the CGA indep enden tly on its subp opula-

tion. The only in ter-pro cessor comm unication o ccurs

during the migrati on phase, which tak es place at a

regular in terv al: A �xed prop ortion of eac h subp opu-

lation is selected and sen t to another subp opulation.

In return, the same num b er of migran ts are receiv ed

from some other subp opulation and replace individu-

als selected according to some criteria. This mig ration

can o ccur either async hronously or after all of the pro-

cessors ha v e b een sync hronized. Eac h pro cessor then

resumes running the CGA as b efore, until the next

migratio n phase.

T anese found that the DGA ac hiev ed near-linear

sp eedup on a 64-pro cessor NCUBE/six hyp ercub e

computer. She then examined whether parallelizing

the CGA in this manner hurt its p erformance when

optimizing a class of W alsh p olynom ial s no w known as

the T anese functions. The DGA generally found �t-

ter individuals than the CGA. In additition, the DGA

ac hiev ed lev els of av erage �tness comparable to the

CGA when the migrati on in terv al and the mig ration

rate w ere set suc h that ab out 1% of the subp opula-

tion mig rated p er generation, e.g., 20% of the subp op-

ulation migrati ng ev ery 20 generations (or = 20 and

= 0 2). Surprisingly , hillclim bi ng outp erformed b oth

the CGA and DGA on these functions; furthermore,

the partitioned genetic algorithm, a DGA without mi-

gration, found �tter individuals than the CGA, ev en

with a subp opulation size as small as 2 individuals.

F orrest and Mitc hell (1991) examined the CGA's p er-

formance on the T anese functions. They concluded

that it p erformed p o orly mainl y b ecause the e�ective

order of the sc hemata in the functions w as much higher

than in tended. The lack of low-order sc hemata also

play ed a role, as did the long de�ning length of those

sc hemata that w ere presen t. T anese chose to w ork

with these functions b ecause they w ere constructed us-

ing partitions which b ore a certain resem blance to the

sc hemata pro cessed by genetic algorithms (GAs). In
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retrosp ect, the T anese functions \ha v e more to do with

parity than with sc hemata" b ecause of the w ay these

functions are de�ned (Q. F. Stout, p ersonal communi-

cation). The question of the DGA's e�cacy on other,

less pathological functions w as left op en.

This pap er con tributes to w ards �lling this gap by ev al-

uating the p erformance of the DGA relativ e to the

CGA on a class of �tness functions called the Ro y al

Road functions: 1 and 2 (Mitc hell et al. 1992; F or-

rest & Mitc hell 1993), 3 (Mitc hell & Holland 1993),

and 4 (Mitc hell et al. 1994). Though highly con-

trived, these functions ha v e a �xed num b er of prede-

termined sc hemata, allo wing researchers to study GA

p erformance o v er time. Due to space constraints, they

will not b e describ ed here. Besides ac hieving sup er-

linear sp eedup on KSR parallel computers, the DGA

is found to consistently outp erform the CGA on the

functions 3 and 4; it ac hiev es results comparable to

the CGA on 1 and 2. The follo wing section brie
y

surv eys related w ork on distributed genetic algorithms

and topics in ev olutionary biology . The results of the

exp eriments are then presen ted and discussed. The

pap er concludes with a summary and suggestions for

future research.

Since their inception, it has b een clear that GAs are

inherently parallel algorithms. Beginning in 1987, a

wide v ariety of parallel implemen tati ons ha v e app eared

in the literature. This pap er fo cuses on one of these,

the island mo del.

Island-mo del GAs deriv e their name from p opula-

tion genetics, where the term denotes a p opulation

split in to man y semi-isolated subp opulations, like an

arc hip elago of islands. These GAs are also called

medium- or coarse-grained parallel GAs, or distributed

GAs. Besides T anese's DGA (T anese 1987, 1989a,

1989b), island-mo del GAs ha v e b een in v estigated by

Pettey et al. (1987), Coho on et al. (1987), and Sumida

(1990), among others. Whitley (1993) has in v estigated

the DGA using a formal mo del.

T anese suggested that the succes s of the DGA rela-

tiv e to the CGA on certain �tness functions migh t

b ear some relation to Sew all W righ t's shifting balance

theory in ev olutionary biology (W righ t 1932; Cro w

1991), which predicts that a lo osely-connected net-

w ork of small subp opulations, or demes, ma y some-

times ev olv e more rapidly to w ards a global �tness p eak

than a single large p opulation. W righ t hop ed to ex-

plain ho w p opulations in nature are able to escap e lo-

cal optima and disco v er no v el gene complexes. The

pro cess w orks as follo ws: The subp opulations drift

randomly around a lo cal �tness p eak. If one of the

subp opulations happ ens to drift across the in terv en-

ing �tness v alley in to the in
uence of a higher �tness

p eak, it is pulled up this new p eak by in trademic natu-

ral selection. This subp opulation pro duces an excess of

o�spring, due to its high av erage �tness, which then

emigrate to the other subp opulations, spreading the

newly-disco v ered gene complex throughout the p opu-

lation. The pro cess can also o ccur in a con tinuous p op-

ulation of small ov erlapping neigh b orho o ds (Rouhani

& Barton 1987). Theoretical studies ha v e sho wn that a

surprisingly small amoun t of mig ration su�ces to dis-

p erse an adv an tageous gene complex throughout the

p opulation (Phillips 1993). This research has b een

supp orted by lab oratory exp eriments (W ade & Go o d-

nigh t 1991), but it is unclear whether the righ t com-

bination of migrati on, drift, and selection exists in na-

ture for this pro cess to tak e place. It is also debated

whether lo cal �tness p eaks are common in the high-

dimensional �tness spaces of organisms (T urner 1987).

Coho on et al. (1987) argued that the DGA's suc-

cess w as due to another phenomenon, Eldredge and

Gould's theory of punctuated equilibrium . This the-

ory states that ev olution is characterized by long p eri-

o ds of relativ e stasis, punctuated by p erio ds of geolog-

ically rapid change asso ciated with sp eciation ev ents

(Eldredge & Gould 1972). Originally , Eldredge and

Gould sa w their theory as a consequence of Ma yr's

(1963) theory of sp eciation in small, p eripheral p op-

ulations; more recently , Ma yr's theory has b een ques-

tioned (Co yne 1994; Gould & Eldredge 1993). Co-

ho on et al. p ointed out that the GA also tends to-

w ards stasis, or premature con v ergence. They argued

that isolated \sp ecies" could b e formed by separating

the global p opulations in to subp opulations. By in-

jecting individuals from a di�eren t sp ecies in to a sub-

p opulation after it had con v erged, new building blo cks

w ould b ecome av ailable; furthermore, the imm igran ts

w ould e�ectively change the �tness landscap e within

the subp opulation. These tw o factors together w ould

induce a \sp eciation ev ent," similar to sp eciation in a

p eripheral isolate, which in turn w ould b e accompa-

nied by a p erio d of rapid ev olution. The DGA could

th us partly av oid the problem of premature con v er-

gence. F utuyma (1987) has suggested that rapid ev o-

lution ma y b e asso ciated with sp eciation ev ents b e-

cause the morphological change that accumulates in

a p opulation can only escap e b eing brok en up by re-

com bination if the p opulation sp eciates and b ecomes

repro ductiv ely isolated from the remainder of the old

sp ecies. In the GA, this ma y translate in to an ad-

v an tage for p opulations that are divided in to discrete
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subp opulations, and th us are able to follo w separate

ev olutionary tra jectories and preserv e their div ersity .

Holland (1988), Hillis (1988), and V ose and Liepins

(1991) ha v e also discussed the apparen t prev alence of

punctuated equilibrium in the p erformance of GAs.

Holland attributed it to the rapid increase of highly-

�t building blo cks predicted by the Schema Theorem.

When the p opulation's a v erage �tness approached the

�tness of the b est individuals presen t, the p erio d of ex-

p onen tial �tness increase w ould come to an end. V ose

and Liepins argued that the phenomenon w as due to

the presence of unstable attractors within the �tness

landscap e: As the p opulation approached an attractor,

its rate of ev olution w ould decrease . When the p opu-

lation came under the in
uence of a di�eren t attractor

due to crossov er, another p erio d of exp onen tial �tness

increase w ould comm ence. It is in teresting to note

that W righ t (1982) argued that the shifting balance

theory alone is su�cien t to accoun t for the pattern of

punctuated equilibrium in the fossil record; V ose and

Liepins' pap er is essen tially an indep enden t, mathe-

matical restatement of W righ t's ideas. Hillis also cited

transitions b et w een lo cal �tness p eaks as one reason

for punctuated equilibrium but suggested that epis-

tasis could cause it as w ell: Punctuated equilibrium

could result if a trait with high �tness dep ended on

sp eci�c alleles b eing presen t at several lo ci sim ultane-

ously .

In trials done on a 2-ring, 64-pro cessor KSR1 com-

puter, the DGA exhibited sup erlinear sp eedup for up

to 32 pro cessors (Figure 1). Timing w as av eraged ov er

200 runs, with a �xed num b er of ev aluations of 1 dur-

ing eac h run. The pro cessors w ere sync hronized only

during the migrati on phase; the migratio n in terv al w as

set to 5 generations, and 10% of eac h subp opulation

w as exchanged during migratio n. More recently , the

run time w as examined for a �xed num b er of ev alua-

tions of 4 on a 2-ring, 64-pro cessor KSR2. Timings

w ere a v eraged o v er 500 runs on 1 pro cessor and on 24

pro cessors, and the program running on 24 pro cessors

w as sync hronized after ev ery generation. Again, su-

p erlinear sp eedup w as ac hiev ed. The reason for this

sup erlinear sp eedup is not entirely clear. It ma y b e

that the DGA program and data are b eing sub divided

su�cien tly that eac h pro cessor can �t its entire p ortion

of the program in to its sub cac he, instead of the KSR's

main cac he, th us sp eeding memory accesses relativ e to

the CGA (Q. F. Stout, p ersonal comm unication).

Figure 1: KSR1 sp eedup

As stated earlier, the mai n ob jectiv e of this w ork w as

to in v estigate whether T anese's results w ere p eculiar to

the functions she studied, or whether they w ould also

hold for other functions that w ere more amenable to

optimizati on by the GA. T o this end, the p erformance

of the DGA w as compared to that of the CGA on

the Ro y al Road �tness functions 1, 2, 3, and 4.

The e�ect of v arying the DGA's migration in terv al and

migratio n rate parameters w as also studied.

All exp eriments w ere done with a p opulation size of

480. The DGA w as run on 24 pro cessors, with one sub-

p opulation of 20 individuals allo cated to eac h pro ces-

sor. The entire p opulation w as replaced eac h genera-

tion. Eac h run lasted 500 generations, or 240,480 func-

tion ev aluations (counting generation 0). The pro ces-

sors w ere sync hronized after eac h generation, so that

accurate statistics could b e collected, as w ell as dur-

ing migratio n. In order to collect data on the CGA,

the DGA w as run on a single pro cessor with a single

subp opulation and no mig ration.

The num b er of crossov er p oints p er pair w as se-

lected from a Poisson distribution with a mean of

2.816, and the mutation op erator had a probabilit y

of 0.005 p er bit of 
ipping eac h bit. Selection w as

prop ortionate to �tness, and sigma scaling (T anese

1989b; F orrest & Mitc hell 1991) w as used in all runs:

= ( ), where is the scaled �tness,

is the ra w, ob jectiv e �tness, is the subp opulation's

av erage ob jectiv e �tness, = 2, and is the standard

deviation of the ra w �tness. If 0 0001, w as set

to 1. If 1 5, it w as reset to 1.5; the minim um

p ossible scaled �tness w as 0. The subp opulation's av-
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erage �tness w as recalculated after scaling, to k eep the

subp opulation size constant.

The DGA w as studied with migrati on in terv als of 5,

10, 20, 50, 100, and 500 generations. The DGA with

= 500 w as equiv alen t to T anese's partitioned GA,

since eac h run lasted only 500 generations. Migration

rates of 0.1, 0.2, and 0.5 w ere studied; i.e., 10%, 20%,

and 50% of the individuals in eac h subp opulation w ere

exchanged, resp ectiv ely . All 15 p ossible com binations

of and w ere studied. In con trast to the hyp ercub e

migratio n used by T anese, the recipien t and donor sub-

p opulations of the migran ts w ere chosen at random for

eac h migratio n phase. This w as implem ented by gen-

erating a random p erm utation of the subp opulations,

suc h that eac h subp opulation receiv ed migran ts from a

single subp opulation other than itself; furthermore, no

2 subp opulations receiv ed migran ts from the same sub-

p opulation. Emigran ts w ere chosen by simply taking

the �rst individuals in the subp opulation, where

= . Here is the size of the subp opula-

tion. The same individuals w ere then replaced

by imm i gran ts. This di�ers from the sc heme used by

T anese, where b oth the migran ts and the individuals

they replaced w ere selected at random. The mig ration

sc heme also di�ers from that in the shifting balance

pro cess: There, the num b er of emigran ts dep ends on

a subp opulation's a v erage �tness. In this study ,

w as �xed iden tically for all of the subp opulations.

The CGA w as run 500 times on eac h function, as w as

the DGA with eac h of the p ossible migrati on param-

eter settings. The �tness of the b est individual in the

entire p opulation and the global av erage �tness w ere

recorded eac h generation; the data w ere then av eraged

o v er the 500 runs. In addition, the num b er of runs in

which the global optimum w as reached w as recorded

for eac h set of parameters, along with the mean num-

b er of generations needed to reach the optimum and

the standard deviation. The results are presen ted in

Figures 2{13. In order to increase the �gures' legibil-

ity , the plots of b est �tness and av erage �tness for eac h

of the functions sho w only the data series for those

migratio n parameters that pro duced the b est results,

plus the CGA and the partitioned GA. Note that on

4, 4 trials of 500 runs eac h w ere conducted for the

CGA, as it failed to reach the optimum in the �rst 2

trials. Only the �rst of these is plotted in Figures 11

and 12.

The charts sho w a clear qualitativ e di�erence b et w een

the results for 1 and 2 and those for 3 and 4.

On b oth 1 and 2 the optimum w as alm ost always

Figure 2: 1 b est �tness

Figure 3: 1 av erage �tness

Figure 4: Num b er of times the optimum w as reached

on 1
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Figure 5: 2 b est �tness

Figure 6: 2 a v erage �tness

Figure 7: Num b er of times the optimum w as reached

on 2

Figure 8: 3 b est �tness

Figure 9: 3 av erage �tness

Figure 10: Num b er of times the optimum w as reached

on 3
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Figure 11: 4 b est �tness

Figure 12: 4 a v erage �tness

Figure 13: Num b er of times the optimum w as reached

on 4

reached by b oth the CGA and the DGA, except for the

DGA with = 100 or = 500. F urthermore, the DGA

generally p erformed w orse than the CGA on these �t-

ness functions, when the metric of generations needed

to �nd the optimum is tak en in to accoun t; only the

DGA trials with = 5 and = 10 p erformed compa-

rably to the CGA. In con trast, the CGA rarely found

the global optimum for 3 and 4 (18 out of 500 runs

on 3 and 1 out of 500 runs on 4). The optimum

w as found most often on these 2 functions by the DGA

with = 50 and = 0 5 (215 out of 500 runs on 3

and 33 out of 500 runs on 4).

T anese rep orted that the DGA usually to ok longer

than the CGA to �nd the optimum , indicating that

the DGA w as able to searc h longer b ecause it main-

tained div ersity across the subp opulations and av oided

premature con v ergence longer. This holds true in these

results as w ell. Ho w ev er, the relativ ely strong p erfor-

mance of the trials with = 0 5 w as unexp ecte d; this

is a massive amoun t of migration. In T anese's w ork,

the DGA p erformed b est with = 0 1. In con trast,

trials with = 0 1 generally p erformed w orse on the

Ro y al Road functions than trials with other mig ration

rates, while taking longer to �nd the optimum . Fi-

nally , the partitioned GA ( = 500) p erformed w orst

of all the parameter settings, on all of the functions;

this also di�ers from T anese's results, where the par-

titioned GA often found the �ttest individuals.

As T anese (1989b), Coho on et al. (1987), and

M • uhlen b ein (1991) ha v e rep orted, the in
ux of mi-

grants in to the subp opulations causes a temp orary dip

in the av erage �tness lev el, b ecause of the low �tness

of man y of the hybrids b et w een the new imm igran ts

and the original mem b ers of the subp opulation. The

lev els of b oth av erage and b est �tness then rise sig-

ni�can tly , due to the the disco v ery of no v el, highly-�t

building blo cks. After a renew ed p erio d of exp onen tial

increase, these increases tap er o�, as the av erage p opu-

lation �tness approaches the lev el of the b est individu-

als (Holland 1988). The cycle then rep eats at the next

migratio n phase. M • uhlen b ein (1991) p ointed out that

this phenomenon di�ers from the typ e of ev olution

exp ected by the shifting balance theory: In W righ t's

theory , a subp opulation happ ens up on no v el building

blo cks by genetic drift; these are then spread to the

rest of the p opulation by migran ts. In the DGA, the

building blo cks brough t by the migran ts are often less

�t than those created after the migran ts in terbreed

with the nativ e p opulation.

In order to chec k the p ossibilit y that the random mi-

gration sc heme used in this research w as resp onsible

for the di�erences with T anese's results, 500 runs w ere
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p erformed on 4 for eac h of the 15 migrati on parame-

ters and the CGA, using a p opulation size of 512 and

32 subp opulations. T rials w ere p erformed using b oth

the random mig ration top ology describ ed ab ov e and

T anese's hyp ercub e migrati on sc heme (T anese 1987,

1989b). The results (not sho wn, due to lack of space)

w ere essen tially iden tical b et w een the 2 top ologies,

with some sligh t v ariation. Based on these data, it

seems unlik ely that the random migrati on used in

this research had m uc h e�ect on the outcome. This

w as to b e exp ected, since a hyp ercub e or stepping-

stone mo del rapidly appro ximates a random, island

migratio n top ology as the num b er of its dimensions

increases.

It is also signi�can t that certain trials, suc h as those

using the CGA, are characterized by rapid increase in

�tness, follo w ed by equally rapid stagnation; others

(e.g., the DGA on 4 with = 50 and = 0 5) are

characterized by slo w er, y et ultimately more signi�-

can t increase. In the hop e that the b est of b oth w orlds

could b e attained | rapid, y et sustained increase in

�tness, 3 trials of 500 runs eac h w ere conducted of the

DGA with v ariable migrati on parameters on the func-

tion 4 (these results are also not sho wn). The runs

b egan with = 10 and = 0 5, settings which pro duce

quic k, but short-liv ed increase in �tness. In the �rst

trial, the mig ration in terv al w as changed to 20 at

the end of generation 140 and changed again to 50 at

the end of generation 320; these parameters are char-

acterized by more gradual and more sustained �tness

increase. In the second and third trials, the migra-

tion in terv al w as changed from 10 to 50 at the end of

generation 60, and from 10 to 50 after generation 20,

resp ectiv ely . None of these trials sho w ed signi�can t

improv em en t o v er either of the tw o original parameter

settings. It seems lik ely that these disapp ointing re-

sults are due to the fact that the p opulation's div ersity

is rapidly depleted during the in terv al when = 10; af-

ter the subp opulations ha v e con v erged, changing the

migratio n in terv al will pro duce no b ene�t.

This research pro ject w as undertak en to extend

T anese's w ork on the DGA to the Ro y al Road class of

�tness functions, as a �rst step to w ards determining

whether her results w ere sp eci�c to the T anese func-

tions or also held for other functions, on which the

CGA p erformed w ell. The results raise as man y ques-

tions as they answ er. The DGA ac hiev ed sup erlinear

sp eedup on KSR parallel computers. It also outp er-

formed the CGA on the functions 3 and 4, using

the metrics of b est o v erall �tness, global av erage �t-

ness, and num b er of times the optimum w as reached;

the b est results w ere obtained with migratio n in terv al

= 50 and migratio n rate = 0 5. In con trast, the

DGA only ac hiev ed comparable results to the CGA on

the functions 1 and 2, using migrati on in terv als of

5 and 10. This ma y b e b ecause these functions are rel-

atively easy for the CGA, as compared to 3 and 4.

The dismal p erformance of the partitioned GA di�ered

dramatically from T anese's data. Initial results with

v ariable mig ration parameters sho w ed no improv em ent

ov er �xed parameters, probably due to the quic k loss

of div ersity that accompanies a high frequency of mi-

gration. F urther research is needed in all of these ar-

eas. W ork is in progress to track the sc hemata within

eac h subp opulation and to measure p opulation div er-

sit y ov er time, in order to b etter understand ho w the

DGA sometimes succeeds where the CGA do es not.

An theory of the in teraction of the mig ration

parameters and top ologies with the �tness function b e-

ing used w ould b e v ery v aluable. T o this end, more

realistic �tness functions need to b e in v estigated, once

the Ro y al Road functions are understo o d. The rea-

sons for the di�erences b et w een W righ t's theory and

the DGA results should also b e in v estigated. By do-

ing so, w e ma y not only develop more e�cien t genetic

algorithms, but p ossibly learn something ab out ev olu-

tion in nature as w ell.
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