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Abstract 

This paper desrribe.s the implemen,tation of a stan- 
dard genetic algorithm (GA) on the MIMD Tnultzpro- 
c essor system NERV. It discusses the special features 
tlf the NERV hardware which can be utilrzed for an ef- 
ficaent arr~plernenta2~on of a GA with,out changing the 
.structure of the al.qorzthm. 

(1) 

where f; is the fitness of individua) i and f the average 
over all fitness values. The effect of this procedure 
is that individuals with a higher-than-avl,rage fitness 
become more frequent in the population. Individuals 
with worse fitness will be reproduced with a smaller 
probability and therefore vanish from the population. 

1 Introduction 1.2 Crossover 

In recent years genetic algorithms (GAS) [I,21 have 
found c.onsiderablc int,crest as a means of solving op- 
t lmization problems. ‘l’hey do this by exploiting illeas 
which are drawn from natural t~v~)Iution. The basic 
tclea is t,o first choose a representat,ion for a solution 
I,() a given optimization problern In the following, we 
uill assume that, tllv representat ion will be in the form 
(If a bit, string although other representat,ions arc’ Ibos- 
h;rble. Then sevrrnl oilerators are iteratively applied 
10 a set of solutions. This improves their quality. ‘l’he 
r.carminology of GAS is mostly drawu from biology, so 
the set of solutions 1s called the pl.)pulation, the quality 
(hr a given solution the fitness, one solution is calletl an 
rltdividual etc. The basic crperators of GA are mod~~led 
al’ter their natural counterpart and cg)nsist of selertlon, 
(‘rossover and mutJxt,iori. 

II .l Selection 

The titness of each Individual in the popula.tion is 
evaluated. The fitness of each individual relative to 
the mean value of all other individuals gives the prob- 
ability with which this individual is reproduced in the 
nlbxt generation. Therefore the frequency hi of an in- 
cdlvidual in the next generation iti given by 
-- -- 
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The crossover operator takes two individuals from 
the population and combines them t,o a nf w one. The 
most general form is uniform crossover frown which the 
so called one-point crossover and two-yoiiltS crossover 
can be derived. First t,wo individuals are sc,lected. The 
strategy for this selection can again vary. A popular 
one is to select the first individual accordiulg to its fit- 
ness and the second one by random. Then a crossover 
mask Mj, j = 1:. . , L, where L is the length of the 
chromosome, is generated randomly. A new individual 
is generated which takes its value at position j from 
the first individual if Mj = 1 and from the sec,ond 
one if Mj = 0. One g&s, e.g., t,hc usual one-point 
crossover operator if ?z’lj = I for j = 1 . . , Ic, and 
Mj = 0 for j = k: + 1,. , L. The crosso\i’r operator 
is applied with probability PC:. The old individual is 
simply copied to the new population if no crossover 
happens. The reasoning behind t,his oper ttor is that 
it might happen that two individuals each have found 
an optimum in different, subspaces and t,htl c.ombina- 
tion of these solutions gives also a good sollltion in the 
combined subspac es. 

1.3 Mutat ion 

Each bit of an rndividual is changed (e.q. inverted) 
with probability PM. This probability is a parameter 
of the algorithm. One important motivation for this 

782 
106%7133/% $4.00 0 1995 IEEE 

Proceedings of the 9th International Parallel Processing Symposium (IPPS '95) 
1063-7133/95 $10.00 © 1995 IEEE 



operator is the case where all individual of a popu- 
lation have bit k set, to zero. Neither selection nor 
crossover is able to change to this bit to the other 
value. If the optimal solution happens t,o lie in t,he 
subspace of the configuration spacfb where bit k = 1 
thrn this optimum can never be reached. 

All three steps above are iterated for a given num- 
btr of generations (or until one can no longer expect 
a ibetter solution). 

2 Parallel Genetic Algorithms 

It has long been noted that genetic algorithms are 
wt*ll suited for parallel execution. Several parallel 
inlplementations of GAS have been demonstrated on 
a variety of multiprocessor systems. This includes 
MlMD machines with global shared memory [l l] as 
wtbll as message passing systems like t#ransputers [3,4] 
and hypercubes [8J as well as SIMS architect,urcs [6,7] 
hke the (!onnect,ion !Machine. 

It, is easy to see t,hat. the following steps in the al- 
gorithm can be trivially parallelizetl: 

I. Evaluation. offitncss function The fitfness of each 
individual can l)e computed irkdependently from 
all others. This could give a linear speedup with 
the number of processing elements. ‘C’he maxi- 
mum speedup can be achieved if the number of 
processing elements is equal t#o t,he niumber of in- 
dividuals in thP population. It might be possible, 
of course, that, cb.g. t,ht7 fitness evaluation of each 
individual ran itself be paralleiizrd. 

%. Crossover If WP choose to gener & each individual 
of the next generation by applying the crossover 
operatfor, we c.ari do this operation in parallel for 
each new individual. The alternative would be 
to apply crossover and to put the resulting in- 
dividual in the exlstillg population where it re- 
places e.g. an individual with ,t bad fitness. This 
would obviously introduce ra.ce condit,ions when 
applied concurrently to several individuals. One 
processing element may start. with an old individ- 
ual which is replaced by a new one during pro- 
cessing. For I,hest- reasons H’C’ will use the first 
variant. Again a linear speedup with the number 
of processing elcmt,nts can be ttchieved as long as 
the number of processing elemeol,s is 1~~s than or 
equal to the number of individuals. 

3. Mutation ‘The rnut~ation operat ioll can be applied 
to each bit of each intlividual jndependently. He- 

sides from the bit value the only information 
needed is the global parameter PM. 

It should be noted that it is usually not possible 
to gain a larger speedup for steps I) and 2) because 
of data dependencies between the different steps of 
the algorithm. This can be seen e.g. for step 2: If 
the crossover operation selects one of the parents it 
does this according to its relative fitness. However 
this can only be done if t*he fitness values of all other 
individuals are already c.omputed so that. the mean 
value is available. Therefore the three strps will in 
general be done one after each other. 

Up to now we did not assume any concrete imple- 
mentation for our parallel processing system. We (lid 
not mention how fine grained our parallel processing 
can be and how the memory system is organized. Es- 
pecially the last point c.an have an enormous impact on 
the resulting performancr of the system. The problem 
is that we always assumed that all data arc available 
in a global shared memory. The crossover procedure 
e.g. takes two arbitrary individuals to create a new 
one. Therefore it must have access to the whole pop- 
ulation. If we have a multiprocessor systenl with local 
memory only, we must first transfer the whole popula- 
t,ion to all processing elements before we can proceed. 
In the following we will point out what kind of data 
each processing element must access to pisrform i,he 
different steps of the algorithm: 

Fitness evaluation: Each processing elrment must 
have access only to those individuals whose fit- 
ness it is going to compute. In the optimal case 
(number of processing elements = number of indi- 
viduals) this means one individual. However the 
result of this computation is needed Ijy all other 
processing elements since it is used in computing 
the mean value of all function evaluations which 
is needed in step 2. 

2. C’rosso~er: Each processing element, which creates 
a new individual must, have access to all other 
individuals since each one may be selected as a 
parent. Furthermore to make this selection the 
procedure needs all fitness values frorrl step 1. 

3. Mutation: As in step 1 each processing element 
need only the individual(s) it deals with. As men- 
tioned above the parallelization could be even 
more fine grained as in steps 1 and 2, in which 
case each processing element would need only one 
bit of each individual. This c.ould usually only be 
achieved by a SIMD style machine. 
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IJnfortunately a multiprocessor system with a glob- 
ally shared mernory using e.g. a bus system is usually 
rt,stricted to only a few processing elements. Other- 
wise the bus will become a serious bottleneck. Other 
interconnection nrt,works like a crossbar switch do not 
scale up very well with the number of processing ele- 
rnents. Therefore many systems wit,h a large number 
I.)!’ processors use only local memory instead and pro- 
\,rdc communication e.g. via message passing. Algo- 
rithrns where the processing elements are only loosely 
coupled perform well on these machines and the num- 
I)c,r of processing calements can often be scaled to sev- 
tbral hundreds of processors. 

The drawback of these systems when applied to 
g<,nptic algorithms is t,bat, some of the dat,a must be 
p:Lssrd to all processors. This data transfer may take 
iut enormous amount, of time, especial1.y if thert> is 
no direct, connection brtween two arbitrary processors 
bilt the data must, be passed on by several interme- 
t/late nodes. This IS the case tb.g. for a transputer 
s)stern where a procesror may he connected to only- 
f’i iur neighboring proce:lsing elements. 

This seem? to br thfb reason that many implemen- 
t.cirs of parallel gcanetir algorithms have decided to 
change the standard algorir,hm in several ways. 

One popular approach is the partitioning of the 
~~~~pulation int,o several subpopulations [5,9]. The evo- 
llltion of each subpopulation is handled independently 
frl)rrl each other. From time to time there is however 
slrme interchange of genetic material between differi,nt 
subpopulations. Sometimes a topology is introduced 
on the population, so tillat individuals can only inter- 
a(‘ tS with nearby chromosomes in t hri r neighborhood 
[:i 6,10,12,13]. All t.1 lcy’se methods r,bviously reduce 
tlir coupling between different procrssing elements. 
l’hereforc an effi&nt, irnplrmentation on multiprocf:s- 
sor systems wit,h local memory is possiblt*. 

Some authors argue ifhat, their changes to the origi- 
nal algorithm actually improve the performance. E.g. 
the splitting in different subpopulatlon allows each 
srlbpopulatSion to rlvolve t#o a different suboptimum 
without int.erferencp from other subpopulations. The 
danger that, t,he whole populatiotl evolves into a sub- 
optimal solution is greatSly reduced. ‘The combination 
of two different subpopnlation with good suboptimal 
soiutions may result8 in further inrprovemc~nl. 

The restriction to use only intlividllals taken from 
a given neighborhood “‘an be justified by biological 
rc’asons. Herr an individual is obviously not able to 
cirt)ose an arbitrary individual from thp whole popula- 
tic->n. Furthermore t,lbe sepa.ration of subpopulatious is 
00 en considered a.s a,11 essential point, for the evolution 

of new species. As long as there is a constant flow of 
genetic material the two populations will not evolve in 
two different directions. 

Despite these arguments we consider it as a draw- 
back that not the original standard GA could be ef- 
ficiently implemented. The reason is tha.t a genetic 
algorithm is often a computational intensive task. It 
often depends critically on the given paralneters used 
for the simulation (e.g. f,+, and PC). There are some 
theoretical results about how to choose tht,se parame- 
ters or the representation of a given probleln, but most 
of them deal with the standard GA only. Even then 
one often has to try several possibilities tcl adjust the 
parameters optimally. 

Therefore it is desirable that the standard GA 
can be parallelized and simulated efficiently. If one 
changes the algorithm itself in the proce.-s of paral- 
lelization the theoretical assumptions will usually no 
longer apply. Such a simulation e.g. cannot be directly 
used to support some theoretical results. Of course 
this does not speak against. t(he changed :tlgorithms, 
it simply argues that for a fast simulatiorl system it 
should be possible to parallelize the stand,trd version 
of the algorithms so tShat the results can be directly 
compared to a single processor version. 

In the following we present some results of such a 
parallelization on the multiprocessor systl:m NERV. 
We will show that only a small number of properties 
are required to get an efficient parallel program which 
implements the standard GA. 

3 The NERV multiprocessor system 

The NERV multiprocessor [14] is a system which 
has been originally designed for the efficic,nt simula- 
tion of neural networks. The general laylgut c.an be 
seen in Fig. 1. It is based on a standarll VMEbus 
system [IS] which 1 las been extended to support sev- 
eral special functions. Each processing elements c.on- 
sists of a MC68020 processor with static local memory 
(currently 512 kB). Each VM E board contains several 
processor boards. The NERV system car) therefore 
be considered as a MIMD machine, smce each proces- 
sor may run a different program in its 1oc;l.l memory. 
However usually the system is run in a SlMD style 
mode, which means that the same prograIn is down- 
loaded to each prclcessing element, while the data to 
be processed are distributed among the bo:ards. 

The whole multiprocessor is connected to a work- 
station via a parallel interface. Programs can be trans- 
parently downloaded and run from each workstation 
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whrch has a network connection to the special worksta- 
tion which is physically connected to the NEW sys- 
tenI. The user usually does not, recognize the underly- 
ing network protocol which handles all data transfers. 
J’rogram development, is done on the user’s local work- 
station. The GNU c-1 and (I-++ compilers [16] are used 
for cross developmentj. 

At first, sight it, might seem that this setup includes 
t,wo disadvantages we mentioned above: There is no 
global memory while at, the same tune the intercon- 
u&ion network used for communication is based on 
a bus system which does not scale up very well with 
t,he number of processing element,s. However we will 
show that, this is not, the case if we make use of some 
specral features of t,he NERV hardware. 

Figure 1: (ieneral layout, of the NE;HV multiprocessor 
sy &ml  

This following extensions to the \‘MEbus have been 
ilrlplemented in the NERV systenl: 

Thr first one is a. broadcast facility which is not 
part of the standard VME protocol. It allows each 
processor to access the memory of :tll other processor 
boards with a single write cycle. Therefore it, is easy to 
tr4nsfer informat,ion to all processors simultaneously. 
F'rorn the programrrrers point of view the address space 
ol each processor is tlividetl into several regions where 
or~e is dedicated to local memory, one to broadcast. ad- 
tfress space and t#he othi:rs to local registers on boa.rd. 
A broadcast transfer can IW simply initiated by writ- 

ing to the broadcast address region. This will result in 
a data transfer to the memory of all other processors 
(including the local one). On the other hand a read 
from the broadcast region will simply return the data 
in the local memory of the processor. The software 
is usually written in C or C++ where a programmer 
might take advantage of this property in the following 
way: 

Assume that you have a data structure, e.g. an ar- 
ray, which is most of the time only read. However the 
values of the array must be the same and consistent in 
all processing elements even if an update of an element 
occurs. Then a programmer might take the address of 
the array and pass it to a special function nrk-global{) 
which modifies the address in such a way that it now 
is part of the broadcast address region. The pointer 
returned by this function can now be used to access 
the array. Whenever we read a value from the array 
we simply get the local value. No other processors or 
the bus are involved. However if we write into any 
element of this array a broadcast will automatically 
be initiated since the address is part of the broadcast 
region. Therefore this element will be updated on all 
other processors. Note however that, there is no ex- 
plicit synchronization between the processors. If two 
processors update the same element, the last one will 
win. This will not happen if e.g. each processor is only 
allowed to update a certain range of array elements. 

Here is an example C fragment: 

int vector[lOOl; 
int *p; 
int a; 

p = mk-global(vector); /* p is nou pointer into 
the broadcast address 
region */ 

a = pC101; /* this is a read from 
local memory */ 

PC501 = 5; /* this is an implicit 
broadcast transfer 
vectorC501 on all 
processors will now 
contain the value 5 */ 

If we can restrict our communication to broadcast 
transfers only, we have a very efficient way for updat- 
ing global information, although the information itself 
will be duplicated on each processor’s local memory. 
The last point solves the bottleneck problem usually 
associated with a single global shared memory. The 
first one reduces the communication time between t,he 
processing elements. Note that a broadcast transfer 
facility cannot be implemented with such efficiency in 
a system without a global bus. 
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A second extension on the VMEbus includes a hard- 
ware synchronization of all processing elements. This 
is necessary at several points in the algorithm. E.g. 
we must be sure that the fitness of all individuals has 
been computed before we proceed with crossover. If 
this would be done in software it, would require at 
least one bus transfer for each processing element,. The 
NERV system uses a special open-- collector line ou the 
bus which can be set via a local register by each pre 
Lqessor. After all processors have set this register the 
bus line will become high and signal a successful syn- 
rhronization. Processors which reached the synchro- 
nization point first will simply poll t,his line until the 
last one is finished. Therefore additional processors 
will have no influence on the overall performance of 
i,h<a synchronization process. The programmer uses a 
spcacial procedure synrhroaize(,I which will only return 
;rfter all processors have set their line. So each syn- 
l~hronization point in t#he program consists of a call of 
this procedure. 

4GB 

3 GB 

2GB 

IGB 

Figure 2: Address space of a NEfG processor module 

A third hardware feature of the NERV system can- 
not be directly exploitehd by the genet,ic algorithm. It 
itnplements a distributed global maximum finder for 
s~rlall numbers. The realization is similar t,o the ar- 
Irlt.ration schemes used in several multiprocessor bus 
systems like Futurebus-t. Each processor puts a num- 
bg,r on some special open -collector bus lines and the 
h:irdwarc~ selects the largest, one. Since it is not used 
irr t,he GA WP will not discuss it further. 

4 Implementation of the Parallel Ge- 
netic Algorithm 

The previous sections suggest t,he following setup 
for the algorithm. 

The same program is loaded in each processor. Ev- 
ery processor has a copy of all individuals in his lo- 
cal memory. The population is initialized at prograrn 
start. by a single processor (usually processor number 
1) and transferred to all others by broadcast. The 
current population and the population of the next 
generation are accessed by two pointers which have 
been prepared by mk-global0 SO that they both point 
into the broadcast, region. The same holfls for an ar- 
ray which contains the fitness values of all individuals. 
After each generation the two pol)ulat8ion pointers are 
simply exchanged. Let N be the number of processing 
elements in the system. The general stra.t.egy will be 
to distribute the computational load eclltally among 
all processing elements by assigning $ individuals to 
each processor. 

Chromosome popl[POP~SI7.E~,pop2[POP_SIZEI; 
Chromosome *population,*neuPopulation; 

population = mk-global(pop1); 
newPopulation = mk-global(pop2); 

The parallelization of each (;A operrttor is now 
straightforward. 

4.1 Fitness evaluation 

Each proc,essor evaluates the fitness of the individ- 
uals it has been assigned. No intjeraction is required 
between different processors. The fitnes:, values arc 
simply written into the mentioned array which will 
automatically initiate a broadcast. Sinca: each pro- 
cessor is responsible for another set of individuals no 
overlap will occur. After t,his step is finishlxd P broad- 
cast transfers have occurred and the fitness array on 
each processor contains the up-to -dat,r values. 

int fitness-values [POP-SIZE] ; 
int *fitness; 

fitness = mk-global(fitness-values); 

for ( i = "first individual"; i <= "l,ist 
individual", i++) 

fitness [il = eval (i) ; 

synchronize0; 

Kate that the evaluation function uses only the lo- 
cal copy of the population. The access to fitness[Q 
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is the (implicit) broadcast. After the s~~nchronzz~() 
call the processors can continue, e.g. by computing the 
nkran value of all function evaluations. The comput,a- 
ticrn of the first and last individual for each processor 
is simple if P mod N == 0. Otherwise it may hap- 
pen that some processors have been assigned more 
chromosomes than t,he rest. Since these details are 
not important for the algorithm itsl:lf they havt: been 
ontitted. 

4.2 Crossover 

As already mentioned we decided to make the next 
generation by looping over all individuals of the new 
population and either copying an irldividual from the 
0181 one or create a new one by crossover frorn t,wo 
p;trents. Again each processor will be responsil)le for 
a part of the population. In the case of one -point 
crossover, t.he gcnera.1 algorithm looks likr> this: 

for ( i = "first individual"; i <= "last 
individual"; i++) ( 

offspring = &nenPopulationCil; 

parent1 = select0; 
parent2 = random-selecto; 

if ( random(CROSSOVER~PROB) *: CROSSOVER-PROB) { 
k = random(CHROM-LENGTH): 

for(j = 0: j < k; j++) 
offspringljl = parentl[:j:I; 

for(j = k; j < CHROM-LENGTH; j++) 
offspring[jl = parent:![,jl; 

1 else /* copy individual */ 

for(j = 0; j < CHROH-LENGTH; j++) 
offspringCj1 = parent1Cjl; 

1 
synchronizeI:); 

The function s&ct() s4ects an individual accord- 
ing to its relat,ive fitness (e.g. using a roulette wheel 
aigorithru), rundo7rr_selec2() selects an individual by 
random. Each of these functions uses only local infor- 
mation. o#sp%g is a pointer to the new individual. 
Since it gets its value from the nt:*lcPopulntron pointer 
it) will also point into the broadcast region. This means 
that each access t,o ojfspring in the inner for-loops 
~111 be a broadcast.. Aga,in each element in the ncw- 
Populatzon array will only be writt,c:n by exactly one 
processor, so no conflicts will arise 

After this step P. L elements will have been broad- 
casted (assuming that we encode e.g. each bit in a 
separate character) and each processing element will 
have a complete copy of the new population. 

4.3 Mutation 

The mutation operator is parallelized in the same 
fashion as the other operators. Again each processor 
handles 5 chromosomes and broadcasts the results. 

for(i = "first individual"; i <= "last 
individual"; i++) { 

individual = tnenPopulation[i]; 

for(j = 0; j < CHROM-LENGTH; j++) 
if ( random(MUTATE-PROB) < MUTATE-PROB) 

individual[j] = !individual[j]; 
1 
synchronizeo; 

Each bit changed by mutation must again be broad- 
casted to all other processors. This is done by the 
assignment to individual[j]. Note t,hat the right hand 
side of this assignment will only access local memory 
since it is a read access. After the synchronization 
the pointer t,o the old and t#he new population can be 
exchanged and the next generation can be comput,ed. 

The program will transfer P fitness values (from 
step 1) and P L bits for the new population (from 
step 2) over the common bus. In additif)n it must 
transfer the bits which are changed durirlg mutat ion 
which may vary in thach generation. This is all commu- 
nication which will occur. All other values are usually 
fetched from local memory. A broadcast facility is the 
most efficient way to implement, this since it, does not 
depend on the number of processors. If we increase 
the number of processing clement*s we will decrease 
the time needed for each st,ep while the communica- 
tion overhead will stay constant. 

From the consideration above we should expect 
a linear speedup with the number of processing ele- 
ments. However this is not entirely true since if sev- 
eral processors want to broadcast at thr same time 
only one request can be satisfied. This is due to the 
one-at-a-time property of a single bus. In pract,ice 
this will lead to a serialization of the program. How- 
ever the time for a single transfer is usually very small 
compared to the rest of the computations required, 
e.g. the fitness evaluation or the selection of a parent 
chromosome. 
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One appealing property of this Implementation is 
that it behaves exactly the same if it is run on a sin- 
gic processor or a multiprocessor system (if we assume 
that our random number generators are initialized ap- 
propriately). The synchronization points take care 
thitt no data will be used by any processor before it is 
gt>nerated by another one. In fact for most parts the 
program looks exactly like its serial counterpart and 
without explanation one would not expect that the 
prl,gram may run in several processors white impiic- 
it Jy updating other processor’s memory with broad- 
c:i+ts. Is it, indeed possible t.o write some dummy rou- 
t,inrs for the special hardware procedures (&-g/o/&(), 
s!/r~h.ronize()) and then run the sanu~ program (III a 
wc Irkstation (although the actual iml)lement~ation his- 
tory was the other way round: additions were made 
t,r) a serial implemr~nt,at,ion to take care of the spcciai 
Iv l:lW features). 

Therefore one can immediately compare the timing 
of’ the multiprocessor version with thus single processor 
vcGon. One implamentation of t,h(b above algorithm 
trll?d to find a soiutSion for t,he Qualiratic Assignnlent 
Pr.~blem (QAP) which i,;; known t1.j be NP-hard. This 
sl)~ciai problem required sc>veral changes to the aigo- 
rir,hrn which have bfsen omit,ted for ~,IIP sake of clarity. 
E.g. t#hp chrornosomas were not a sl,ring of bits but 
a given permutation of thtb natural numbers 1 to L. 
Each solution was required t,o be such a permut.at,ion 
which put,s constraint,s on f he crossover and mutation 
oll+rators. However all of t,hese mtrdlfication were 1 )niy 
icl( al and did not, change e.g. the communication lye- 
h.lvior of t,tle program. The result.ing program was run 
011 a Macintosh Ilci with A/UX as tlperating system. 
This Inachine uses itrl M(:68030 processor so that the 
cr~luparison of the rxecutiou times should be reason- 
al)ie. The NERV system was running with one, t.wo, 
or six processors respecliveiy. Since there was no pro- 
tii~ng tjooi on t,he NERV side the outpost of the I.JNIX 
ti 1t1e command is given. A NERV Isystem with one 
processor is used as a. rvferl-nce pclirlt,. 

Only t,he real times arc shown, since there is no 
mt~aningful interpretation of the user and sys times 
for the NERV system. The first part is for a program 
~4.1 sion which outputs hevcrai informatiolk after czanh 
gc,neration (best value, mean vaiuc-b etc.). This is often 
dt,Airabie if one wants t#o took at t,he behavior of the 
algorithnl during the run. I’he NERV system is how 
c‘\‘ibr badly prepared for small outputs of data. Since 
it has no local storage it, uses thrb rna,ss storage of the 
workstation. Each p,rzntf’(j for example rtaquires t,hat 
till, NERV system is stopped and waits for the host to 
h:lndie thfl out,put. t,ransaclion. Onr, can set tha.t the 

speedup is only a factor 2.2 in this case. 

If the output is either disabled or handled in a dif- 
ferent way, e.g. by collecting all data and outputting 
them at the end of the program with a single fwrite() 
command the NERV system performs much better. It 
achieves a speedup of a factor 5.2. This is still less than 
the maximal speedup of 6, partly due to the ressons 
explained above. Anyway one should kepp in mind 
that two such different system are not dircactly com- 
parable. The point is that the single processor version 
of the program could be mostly taken unchanged and 
put on the multiprocessor system with a significant 
speedup in time. 

The measurements for the host above were taken 
on a workstation with a processor similar t,o the one 
in the NERV system. Today’s workstations however 
are usually equipped with much faster processors. A 
typical RISC: workstation (e.g. a Sparcstation 2) can 
easily outperform the NERV system with 6 1)rocessors. 
At the time of this writing a redesign of t,he VERV sys- 
tem is nearly finished. It; uses a MC168040 processor 
with 25 MHz and 16 MByte of dynamic RAM for each 
module. The total system may contain up to 40 pro- 
cessing elernent,s. Th ere ore one can again expect, a .f 
significant decrease in computing time when a GA is 
implemented on such a system. 

5 Conclusious 

We have shown how to implement a standard ge- 
netic algorithm on a multiprocessor system. The 
speedup which has been achieved is proportional to 
the number of processors in the system. Putting in 
more processing elements reduces the computation 
time while thta communication time remains constant. 

The system circumvents the problems of a global 
shared memory by using a copy of all relevant data on 
every processor. The update of data is implemented 
by a broadcast facility. This ensures that all processor 
will immediately get, a copy of any changed data. By 
using the broadcast facility and a global bus this can 
be accomplished much faster than with any message 
passing system. Since each changeable dataurn is as- 
signed to a certain processor which is respt:lnsible for 
the update, no other hardware mechanisnw are nrc- 
essary to control exclusive access. Synchronization is 
only necessary after each application of an operat,or 
and is also eflicient ly supported by hardware. 
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