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Introduction
T2 wode of Masber (Manbor 29970, which focusad on
acompression method t-zt ellaws Fast search d reckly on
compassed Texl, boduced 2 new araph problen. The
amblem & deter=iring whiczo pars o chasaekars ©n he
wp aced By single unusce charazsers, Mirs o charackers
showld Be chosen suet that more compression s
achivvud, Bcddilional v, Lo ke cirecl search Lhrowgl e
compressed text possiale, pairs canne: owerap (i.e bhe
=l chA-actes noana rale canant be tha secons chaacker
Ianather pairl,
Tre poalam above is abstraced as @ graph problemn.
Cown #5 The Best-Mon-Overlapping-Fairs Froblem in
Manher ,1997) & cdirected graph G = (M, E), 5
canstructed whoere the nodes oomespene b unigue
characters usad it the text Edyes represzant chargolor
2Elrs ard welgats reprasent the fraquencies o thesa
“Eirs in the el beicg eampressed. e want to aarition
che nodes of the groph nto two scts H1 ood N2, such
Jat Lhe sumn ol weights of edgss from ML o B2 s
meximizad., Fig 1 shows an sxample of a directed graph
z=d ks maxir-urs pal—.ltlcn with sum af we ghts from N1
< M3 keing 13, Tre best nor averlappltg palrs acoonding

s Whis park don g b, b, and ac,
iz (b)
1
@\' _",_g m.'L _ 1 D
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Fieg. 1 A« Ime-c‘ arl weighited graps (a) and TS maximam

partition (k)

The we+t in (Manber (1597 alsa oresenked & heuristic
algarithm (HA} that produces -ear oodma solutlens for
Lhe vcaxinnmr parlition prehlem. This Fa icitally
part’Hans the rades rancdoemly intee fea sets N1 enrl N2
hoxt, cobh nodo 15 cxamined to sce whothor switching
this node te tha gthar set wou'd moarave the botal su
ral weig LS freem ROD B B2 BOeh Swibc 188 Are continues
until na more are poss ble, The proeess s repeated 2
nuniber of tmes wibh different rando— seeds ard the
Pes™ resull is repearted.

The rrax e m park lan predlem fera g-ash with o nedes
has 2z soluton-spece size of 27, corresponding te 27

srbsebs Tt = g sooan N2 problem (Manber 2997 0 NP
preble—is can only be salved in palyacrial time by nen
dezerministic 2 gorthms {Horcwitz and Sahnl, 1973) .
Flumes ous Feur sbic rrelbacs Pewe Lise o dewelc ol Lo
selve such proklems, 2ok none of them promiss optimal
solutions.

Th & recazrss pracsanks = cepatio zlgorthm [GA) oo ve
Lhez -tz i parlivicr prozlen, Genebc glgarithrrs are
sbe o caver large s2sr- spacas efrectively and eve
neEn vary siircesshil in it ing near astimal solukaes
L HP preblems, A genetic algoerithm is charactenzed by
creatirq zolutions through combining paits of dffe ent
sclutlons and making small nutaliona changes bo
snlilbicns [ D, 19051 ; Galdhe-ra, 1980
Hedla-d, 1575 Mitchel 18%8]. In this paper we take the
sdvantages of CAs to solve the mazimnum paitition
prable~ .

Genetic Algorithms: Sonctic algorthrms (Gas) are
search 2lgor t-ms mode ed after the benav ors of genstic
processes 0 nalure, Genalic algaril'uns operale on s
poou ation of  individua's, called  chromcsomes. A
chromosome 15 £ stnirg of characters, called genas and
represents a possiiale salution 10 the search 53508 af Tha
prabalec, The gualiy of s soudon s celled
ckromesome fizness. The ﬁ:ness DF e:n:h ch"nrr'n:\snme s
romputed accorting b s
funckicn,

& ooy tisd 38 slep inowhich seweral evanie coour,
A& numbzr of chromeso—es with worst fitness value are
emovad fro i Ere papalation. Thess are replacac by 1ow

chremoswmes cblsined  fromr applvies cossove:s
aperations to the remamnng chromosomes n Ehe
ansatian. Crosanene is the cperation of exebanging

corresponding genes betweesn bwo chromcsomes. In
arcles o achisve Givemsnily in lhe populalice and Lo
areve st the algortbm from convergimg pematurely {1,
nefore rezching tne entimal solution ), mukation = Ao led
snevary cheogomonmee in L poapalz o, Mudalion is L
aperation of o anging chromesome ge-e2s randomly wikh
certzin orobabl by, Excluding mos: fif chromasameas 0
che poau atian fram nucabion is keaw o as elitisnm.

The Genetic Algorithm to Solve the Maximum
Partition Problem: Fo lowing s a definition of o A o
schve the maximum patition praklem for a direcbad
araph with s=b ol moades N, A& partition of this araph inbo

twi scks of nodos N1 oand M2 15 represented hy A
chromesomea of (M| Bils, The f kil nolicales weelhcr
modes (i in N1 or M2, As an example, thz  following
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chromosorme represens the masinam partition shown
In Flg. 1. The fitness of a chromoscme is the surn of
vmig—l1tu frorm W1 ke M2 in the partilion it represenls. Fon
axampla, the lbess of e dhirgmosems anave 15 19,
The GA ba solve the maximum partition groblam is as
fallawes

Algorithm: Maximum Partition (G{n,e]): Weighted
Directed Graph):

1. Irnitlalize the populatian with fancam chromosomes.
Improve fikness af the intial pooulation by acplving
the Ha of (Manber 1997% Lo {popuizbion-sizef2)
chromosomes selectad randamly, For eack such
chrarmasnmes, every bl is sxamined Go see whether
flippirg this DIt would rmprove the fitness of the
chramasome, Tris process is repeated untl nge mors
Hlpping 15 possibie (0 the chromosnme.,

Kepaar | fimes (genergtions).

Cormpube Che Ttness valuae Tor cach Chramosome 10
the papulatan,

Sort the chromoscmes in  descending erder
gucordling e filess values, The population ls then
diviged inka alawsar half and an uoper half, based o
fitmess values, The wupper  hald  conlains
chromnsomes  with  the hgher {better) fitness
values.

Remaowe 0% of Fhe chromasomes  trom the
population,  Thnese chromosomes are  selgotod
randemy from e Iower hal of the poadlation,
Lse crosscyver to construct new chromnsomes o
replace the  remowed  ooes, Twoo parent
chremoscmes are randorly chasen frem the upoer
half af the populabian. The First [N|f2 bits of one
chromoscme are concatenated with e lost [N| 2
tits oof the other chromosome and vice versa, This
croates two new  chromosomes. Crossover s
performed (papolabion-sizal10) Hmes in erder o
produca {popwiation-sizefh) new ehremosonmas,
Apciy rmutation Lo gl chromasomes in the population
excent the chromaosome with the highest fitnass
value and the chromosarmes creates by crossoeer 0
step o, Eachk bik is considersd whean a sPramoscme
is mdlated, IF @ chromaosoms 15 in the lower half of
the populatien, the bit s flipped with a prababdity of
0,3, ¥ a chromasome 15 In Ehe uppar halt af Ehe
population, the bt is flipoed with a probalelivy of
oo,

Remova  duplicate
pupulalivn and  replece
gorerated chromosomes.
Qutaut the highest fltness chromasame no the
papuliakion,

Experinments show that the GA above 15 more likely to
cenvarge to 2n optmal solution in small number of
generations when the initizl populelion conlaing some
chramasuras wilh good fitness valuas, The first two

X

Froare § e
randomly

chromnsames

them  with
1.

steps af the algasdthen mzke the indtal popclatlon by
craating random chromosocmas and then improving balf
aal Ll Gl L s s b Lhe Ha of [Manber 1997
Exoeriments show that imoroving more than half of the
inilial pupulation does oot imprave Lhe GA chanogs ol
conwsrging ima amal numssr of generabcns, 1he third
thap in the algarithm determines the nest ganeration.
After zorting chromosnmes In Fhe corrent nonulanon
asroording to finass values, 20% of thes populaticn are
randomly shosen frar Fhe lower hall e ke remaved.
Thesz are then replaced by new chrormasames astained
by zpplying sngle ocint grossowve: (Davis, 1981) to
chrormosormes selected raadarmly frorm the upper balf of
popudation. The crosaaver operation is illustratad in the
follzwing diggram.

"\ = =
ool
|aa b o o
e[ ]o o]
Broduces the naw chronsasamas:
;| B s
8 b = oA
| —a | -1 O -1

Mukatien |5 appiled o the lower half of the copulation at
much higher rate (30%) Ean the upper half (1%:) Lo
makel mon2 changes to chremosomes with lowor fitncss,
Other mutation rates cid not make the GA converge
fagtar,

Results

We oxpenmented with warious population sizes or Tany
araphs. The algorithm converqed ta as aplimal salubion,
In @ shart executon time mare otben when seming the
pepulation size b approsmabaly (20350 where nois e
numcer af nodes |5 the graph. Smaller populations
resulbed in lonoes birre for the algosithrm bo oonverge
Larger populations did not o omarcwe e rgsuts any
furtriar.

Iz evaluaka tha performanca of the presentad algonthm
2gamst the oxsting HA of (Manbor (1097) we have
Irmplemented hoth agorfms using C onan &G4 Fentiom
[II propsesces, To ansure algorithen affciency in beth
space and time, geaph partitians in the HA and
chirgmasomas inthe presented GA werg imp emeanted as
urslgned Integers. Eack L&-Glk unsioned  intege-
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regrazants a sat ol size 16 where every bil contaims
informator about one element. Sets of more than 14
elemants are represented as asrays of unsigned integers.
This representetion allows performiny sels operalicns in
the terz algorithoes efficiently using bit-wise operetors,
The twz zlgorithrms were applicd fo 3 complete graohs
{i.e, thers i5 an adne ketween avery pair of nodes) with
surnber of nodes 32, 64, enu 128, The weighils of edges
were chocen randomly from FRe range [0, 3276R7] The
o 2gCrIthms Wers ~un on eacn gragh far differant bime
pericds. Ino2ech run, e olgoerthms were applicd a
nuber af [k2ratiens untdl the time peried expired. Each
run in a given pericd was repezbed o nomiber al Lmes
using gifferent randaem seeds, The numoer of tmes the
algorithms convargad o ar eptirnal solution is repariad,

Iabia 1: Results for runnimng Ga snd Ha 50 Lisres or 4
32 nodes grapn for diffesent tme parlods

Kun- bime # Sptimal

[Sac) GA HeE
5 B3 28
15 45 42
a5 49 43
i3 50 50

Tanle 1 shows results for the 32-nodes graph. Each of
the two glgorithms was run an this grazh for the drme
pecinas: 5, 15, 25, and 35 seconds. Runs af the mwo
glgorithms were repeatec ror each of these pernods S0
Lirmgs. Qo genelic algoerilm (A ¢onverged B ar
cpumal solutor Z6% more than HA converged o an
gplirmal selaticn wimn run- Wime pericd woes 5 scconds, As
seecLtion time increassd, the oifference  betweear
sanvergence of the algorthmes decressed. Botk
Algorithms converged ta nprimal salutions in gl o the 50
rurs when execulion Linse increased to 35 seconds.,

Table 2:Results for ranning &M and HA 50 ines on a
gd4-nodes graph for different time perocs

Run= time i Ontirmal

(Sec) GA 3] S
100 2k 13

200 37 25

300 44 341

400 43 41

S0 45 4o

£O0 48 45

The Lwvg algerithnes werg ren o0 Ehe 64-rodes graph a so
80 times for cach of the time periods 180, 200, 300,
A00, 300, and 600 seconds, The ~ssulls a= shown ie
Tabrig 2. The GA converged o an optimal solution nmore
than HA& 2y 200ut 1% wnen the algorthims weare run for
100 secance. The GA alss sorwverped to an optlma
=soiubior more than HA oy abowt d29% for the 200-
soconds execulion Lme period. When run-time wes
nereasad ta 300 seconds, the GA caonverged more thar
thim HA by abuoul 29%. The difference n convergence
times becanre smaller when the twa algorthms executec
for 2 lerner time perad, Bath algorithms converged in 48
ot of the 50 runs when executicn fimea was saf @ el
seconds. Teble 3 shows Lhe results for the 128-noces
graph. Due talarge exscution tirmss far this graph, which
eoataine 128 X | 2R edges, ninsg ware rensated only 20

times, The execubion tme penode Tor Lhis grach were
20400, 3000, 4000, and 5000 seconds. The GA convergad
to an ootimal salction mose than Ha by abooat 705% when
Lhe bwo algorthima ran lor 2000 seconds, As wilh Lbe
other two graphs, the difference between convergence
times decrsased as ewecution time increased. Both
algorithms canverged in mast of the 20 muns when
ereCulin Lime reached SO seoonds Frroelhy,

labee 3 REsults For running GA ard HA 20 tmas on a
128 nodes graph Tor difgrenl Line pericds

Redn- time & Oplurel
(Saz) GA HA
2000 12 s
3000 14 10
A000 15 14
5000 18 16
Conclusion=

L] DI“CSEFtC':I an algorithm to salve the maxivum
partition pronlern.  This  peablem  arises  in bext
COM@ression whare tha sim is te find charackar agirs 1o
be replacaed by unueed charzcters in such away that the
comaressed text can be searches directy. The presentad
dlgurither comiinegs g haunstic methoo mtroduced in
[(Manber, 19977 aqd genelic olgoritims, Resulls of
runnirg the algorishm an random graphs how that 1o
o rges (o an apdmal seluticn Faster thar the existing
heuriste algeathm, & samphe of theso resu s was given
above. Wea believa that the abiity of the algorthT to
oonwarge to an apimal solutizn Fastes s very wvaluzhls
especielly in lexl cormpression applicaticrs. Thiz is swan
Eecomes more impartant whean there 's a ne=d bz apply
Lree algorithrm reguenty in order to detenmine ditfersnt
characker codes for different text parts.

Future work is needad to investigete the efect of using
tae heuristic in (Manker 19571 with GAs a‘ter the
rnbiglizabion sbep. One possinitity, tor example, is ta
apply this hewristbic an part of the population afler eve:y
oartain numbar a* rermbioas, Other Fubiore wors is nesded
o incorporate the presented algorithm with the pexs
somaression mathod ir (Manksr (19971 . In oarticular,
the algerthm needs ta be teszed on graphs that
represenl chareclers distrizubion in reel lexts. The impact
of the resulting characker coces en ooth space and tima
niead o e Invastigated.
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