
Graph Partitioning Revised - a Multiobje
tive Perspe
tiveAndreas RUMMLERDepartment of Ele
troni
 Cir
uits and Systems, Te
hni
al University of IlmenauIlmenau, 98684, GermanyandAdriana APETREIDepartment of Computer S
ien
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es the possibility of solving the graphpartitioning problem by use of a hybrid multi-obje
tiveevolutionary algorithm. The paper starts with the math-emati
al formulation of the graph partitioning problemand a short review of 
onventional approa
hes. Aftera short introdu
tion into the basi
s of multi-obje
tiveoptimization a new persepe
tive on the task is pro-posed. The next two se
tions give an overview overthe multi-obje
tive evolutionary algorithm SPEA andthe lo
al improvement operator that has been used tosolve the problem. In the last part results for severalben
hmarks are presented and the 
urrently existingde�
ien
ies of the used te
hnique are analyzed. Thearti
le 
on
ludes with a short outlook on future work thathas to be done to make the proposed te
hnique appli
able.Keywords: Geneti
/Evolutionary Algorithm, GraphPartitioning, Multi-Obje
tive Optimization1. INTRODUCTIONPartitioning is still a signi�
ant problem in various engi-neering dis
iplines. It plays a key role in designing 
om-puter systems in general and VLSI 
hips in parti
ular. Inmost 
ases graphs are used for modelling ele
troni
 
ir
uitsand systems. Therefore, the partitioning of a whole system
an be tra
ed ba
k to a graph partitioning problem.Depending on the desired abstra
tion level for modellingan ele
troni
 
ir
uit several di�erent graph models 
an beused: simple 
lique model, bipartite or tripartite graphs.The de�
ien
ies of the 
lique model have already beenshown by S
hweikert and Kernighan in [13℄. That's why inmost 
ases a bipartite model is used. The implementationof this model 
an be simpli�ed by the use of hypergraphs.A hypergraph is the generalization of a normal graph withthe extension that edges may have more than two in
identverti
es. Su
h an edge is 
alled a hyperedge.The problem of partitioning a hypergraph 
an be for-mulated as follows: Let H = (V;E) be a hypergraph witha non-empty set of verti
es V and a set of hyperedges E.

Ea
h vertex vi 2 V is assigned to one of the subsets (par-titions) V1 : : : Vk su
h that ViTVj = � for i 6= j. As a
onsequen
e a set of hyperedges EC 2 E exists that 
on-tains all hyperedges that have at least two in
ident verti
esthat belong to di�erent vertex subsets. This set of hyper-edges is refered to as the 
utset. The 
utsize 
(H) = jEC jequals the number of hyperedges belonging to the 
utset.The aim of partitioning the hypergraph is to �nd an assign-ment of all verti
es su
h that the 
utsize be
omes minimal.Depending on whether the number of vertex subsets k isknown or not, this task is refered to as partitioning of ahypergraph resp. 
lustering of a hypergraph.2. CONVENTIONAL APPROACHESOver the years many algorithms for solving the graph par-titioning problem have been developed. Depending on thebasi
 ideas of these algorithms several di�erent 
lassi�
a-tions 
an be undertaken. One is the di�erentiation be-tween 
onstru
tive and iterative algorithms.Constru
tive algorithms start with empty partitions and�ll these partitions with verti
es during a run. An exampleare the algorithms presented by Kodres in [9℄ whi
h startfrom one (or more) seed verti
es to form partitions. Thesolution quality of su
h a 
lustering algorithm is in most
ases highly dependent on the initial 
hoi
e of the seedvertex.Iterative te
hniques start with an initial random solu-tion and try to improve this solution in one or more se-quential runs. The �rst algorithm of this kind has beenintrodu
ed by Kernighan and Lin in [8℄ and is spe
ializedin bipartitioning. This algorithm tries to improve an initialsolution by swapping the partition assignment of two ver-ti
es. The algorithm has been improved later by Fidu

iaand Mattheyses in [6℄. In this paper the notion of the gainof moving a vertex to another partition has been intro-du
ed. The gain has been de�ned as the improvement in
utsize that 
an be a
hieved by exe
uting a move. By useof spe
ialized data stru
tures (bu
ket arrays) a single itera-tion of the algorithm has the 
omplexity of O(n) instead ofO(n log n) in the KL-algorithm. Krishnamurthy enhan
edthe FM-algorithm in [10℄ with a look-ahead strategy usinglevel gains. San
his generalized these approa
hes in [12℄ tok-way partitioning.



An alternative 
lassi�
ation 
an be made based on the
omputation s
heme of the algorithm: deterministi
 andsto
hasti
 algorithms. The �rst group is able to reprodu
ea result of an algorithm's run. The te
hniques mentionedin the last se
tion belong to this 
lass (although some ran-dom de
isions may be made during a run). Sto
hasti
algorithms do not guarantee the �nding of a parti
ular so-lution, instead there is a high propability to �nd a di�erentsolution with ea
h run. An example for sto
hasti
 te
h-niques are algorithms based on simulated annealing. Thiskind of algorithms start with a random solution and per-form in
remental re�nements by moving verti
es betweenpartitions. A move will be a

epted if it introdu
es an im-provement in the 
ost fun
tion and may be a

epted with aparti
ular propability if no improvement 
an be a
hieved.The propability that a move is a

epted is 
al
ulated basedon the Maxwell-Boltzmann distribution. Another sto
has-ti
 approa
h is evolutionary algorithms (EAs). These al-gorithms borrow their basi
 idea from Darwin's evolutiontheory. EAs start with a 
olle
tion of initial random solu-tions (the population) and try to improve these solutionsby applying geneti
 operators. The authors will dwell onthis te
hnique later in this arti
le and some of the oper-ators that 
an be applied in su
h algorithms will then beexplained further. Sto
hasti
 algorithms are able to �ndnear-optimal solutions and are quite insus
eptible againstbeing trapped in lo
al optima unlike deterministi
 algo-rithms. The major drawba
k of su
h te
hniques is theamount of ne
essary 
omputational e�ort that is signi�-
antly higher than that of heuristi
 algorithms. For thatreason they only be
ame appli
able by the rapid in
reaseof 
omputing power.3. THE MULTIOBJECTIVE PERSPECTIVEConventional partitioning algorithms are spe
ialized in op-timizing one single obje
tive (in most 
ases the 
utsize).An additional 
riterion (partitions of nearly the same size)are normally treated as 
onstraints. In this se
tion theauthors introdu
e a multiobje
tive perspe
tive whi
h gen-eralizes these approa
hes.In real-world optimization tasks it is most likely thatthere is more than one obje
tive to be handled. Theseobje
tives may 
ontradi
t ea
h other. For example, onemay want to buy a new 
ar, whi
h should be as fast andas 
heap as possible. In a su
h s
enario it is impossibleto �nd the best solution, simply be
ause no su
h solutionexists (nobody will sell a Ferrari for only 1$). Instead theaim of a multiobje
tive optimization task is �nding a good
ompromise.To get a better idea have a look at �gure 1, whi
h showsa 
utout from the sear
h spa
e of a �
titious optimizationproblem in whi
h the values of two 
riteria must be mini-mized. This sear
h spa
e 
ontains a parti
ular number ofsolutions1, where it is impossible to improve one 
riterionany further without deteriorating the other(s). This set ofsolutions forms a borderline, 
alled the pareto front, that
annot be ex
eeded. So the aim of the optimization task isto �nd solutions from the sear
h spa
e whi
h are situatedas 
lose as possible to this frontier.1In a 
ontinuous sear
h spa
e the number of these solutionsis in�nite.

Figure 1: �
titious sear
h spa
e in
luding pareto front,dominated and non-dominated solutionsTo be able to evaluate solutions from the sear
h spa
ethey must be 
ompared to ea
h other. In the shown ex-ample solution C is better in both 
riteria than solutionB. This is 
alled dominan
e of C over B (C � B) or B isdominated by C. In the 
ase of solutions C and D resp. Fand H only one 
riterion is better, the values of the otherone are equal. This 
ase is 
alled weak dominan
e (C � Dund F � H). Solutions A and G ea
h favour one 
riterionover another while negle
ting the other. Both solutionsare indi�erent to ea
h other (A � G). The 
utout of thesear
h spa
e whi
h is 
urrently dominated is spanned bysolutions A, C, F and G and is shaded in �gure 1.As already stated the result of an multiobje
tive opti-mization is not a single solution, but a ve
tor of solutions,ea
h representing a pareto optimum. From this ve
tor onesolution is pi
ked out as the �nal solution by a so 
alledde
ision maker. The de
ision maker (whi
h may be a ma-
hine or a human) performs the de
ision by taking existing
onstraints into a

ount.After having introdu
ed the basi
 elements of multiob-je
tive optimization it is possible to apply the graph parti-tioning problem to this s
heme. In graph partitioning mostalgorithms perform an optimization towards one 
riterion.The most important one is of 
ourse the minimization ofthe 
utsize 
(H). In other words the purpose is to min-imize the number of hyperedges jEC j that have in
identverti
es belonging to di�erent partitions. The in
iden
e ofa hyperedge ei with a vertex vj is denoted by ei $ vj .This 
riterion 
an be written as
(H) = jei 2 Ej ) minimalwith 9 ei $ vj , ei $ vkand vj 2 Vm, vk 2 Vn and Vm \ Vn = ;An algorithm trying to minimize only the 
utsize wouldprodu
e a parti
ular solution: all verti
es assigned to the



same partition. This is a very good solution in terms of
utsize (whi
h is zero), but of 
ourse a useless one. Thatis why most algorithms in
lude a heuristi
 to preserve orrestore the balan
e of the solution. Balan
ing a solutionmeans that all partitions have the same size resp. 
ontainthe same number of verti
es. It is important that thepartitions should have same sizes but need not. Unlike in
onventional approa
hes where the balan
e is often treatedas a 
onstraint it is possible to turn the balan
e into ase
ond 
riterion (a

ording to the multiobje
tive paradigmintrodu
ed). This 
riterion 
an be formulated as follows:b(H) = kXi=1 ����nopt � jVijnopt ���� with nopt = jHjk ) minimal(1)Finding a minimal 
utsize implies that most of the hy-peredges in a graph should \reside in the same partition",that is, most hyperedges should be in
ident to verti
esassigned to the same partition Vi. A third 
riterion 
anbe de�ned for this requirement, that 
ould be used as analternative to the �rst one: maximize the number of hyper-edges that have in
ident verti
es that belong to the samepartition.Other 
riteria may be formulated based on the partition-ing task originating from the 
on
rete real-world problem.Espe
ially in VLSI design other 
riteria are 
on
eivable,like for instan
e the minimization of the signal delay be-tween di�erent partitions.What is the motivation for this multi-obje
tive ap-proa
h? Real optimization tasks in whi
h more than one
riterion must be 
onsidered are not individual 
ases {they are standard 
ases. Traditionally a multiobje
tiveoptimization problem is led ba
k to one with a single ob-je
tive. Quite popular is the approa
h of weighted sums,that assigns a weight to ea
h 
riterion and adds up all val-ues. But there are many 
ases where it is diÆ
ult to de�nethe weights be
ause of the di�erent range of values of the
riteria. Beyond that it 
an be shown mathemati
ally thatin several 
ases no optimal solution 
an be found [1℄.Evolutionary algorithms work with several solutions si-multaneously. For this reason they present themself to beused in multi-obje
tive optimization. Nevertheless havebeen used for su
h tasks only re
ently. The book by Deb[4℄ gives a very good overview over the 
urrent state ofresear
h in this �eld.4. THE STRENGTH PARETOEVOLUTIONARY ALGORITHMThe Strength Pareto Evolutionary Algorithm (SPEA) wasintrodu
ed in 1999 by Zitzler. It belongs to the 
lass of so-
alled elitist evolutionary algorithms and was 
hosen forthis work be
ause of its good performan
e 
ompared toother similiar algorithms [4℄. The algorithm is des
ribedin detail in [15℄, therefore only a short overview will begiven here.SPEA in
orporates two populations instead of one: anormal population P and a so-
alled ar
hive A. Thear
hive stores non-dominated solutions, that have beenfound by the the algorithm during a single evolution 
y
le.In every generation the individuals of the 
urrent popula-tion are 
ompared to the ones 
ontained in the ar
hive and

the non-dominated are saved in the ar
hive. The individ-uals from the ar
hive also take part in all geneti
 opera-tions to steer the algorithm towards areas in the sear
hspa
e with good solutions. An overview of the algorithmis shown in �gure 2.
Figure 2: s
hemati
 overview over SPEASPEA starts with an initial number of Np randomly 
re-ated individuals and an empty ar
hive of maximum sizeNa. For all individuals the obje
tive fun
tion(s) are evalu-ated and the non-dominated solutions are 
opied into thear
hive. Solutions that are already 
ontained in the ar
hivebut are now dominated by newer individuals are deleted.After this step the ar
hive 
ontains the non-dominatedindividuals of both population and old ar
hive 
ontents.During the algorithm's runtime there is the danger of anover
rowded ar
hive. SPEA solves this problem by ap-plying a 
lustering algorithm if the number of solutions
ontained in the ar
hive is greater than its maximum size.The 
lustering algorithm redu
es the solutions that rep-resent the pareto front. For a detailed des
ription of the
lustering algorithm one may refer to [15℄.The �tness assignment is divided into two parts. Firstis the assignment of the �tness values to the individuals
ontained in the ar
hive. This value is 
alled strength Sand is de�ned as: Si = niN + 1 (2)The value of ni represents the number of solutions in the
urrent population, that are dominated by solution i. N isthe total number of individuals in the 
urrent population.It applies that Si < 1.In the se
ond step ea
h individual j in the populationis assigned a �tness value F in a similiar way:Fj = 1 + Xi2A^i�j Si (3)The �tness Fj is equal to the sum of all strength values ofthe individuals in the ar
hive that dominate the solutionj. It applies that Fj > 1. With a 
omparison of bothinequations it 
an be seen that individuals 
ontained inthe population 
an never have a better �tness than theones in the ar
hive.2After assigning the �tness values the solutions of boththe ar
hive and the population are merged and pro
essedwith suitable geneti
 operators that are problem-spe
i�
.The operators that have been used in this work for graph2Unlike in other evolutionary algorithms in SPEA a smaller�tness value is de�ned to be the better one.



partitioning are explained in more detail in the next se
-tion. 5. GENETIC OPERATORS & LOCALIMPROVEMENTThe geneti
 operators used for o�spring 
reation (sele
-tion, re
ombination and mutation) in an evolutionary algo-rithm are always problem-spe
i�
. They must be tailoredto the geneti
 representation that has been 
hosen to rep-resent a potential solution of the parti
ular optimizationproblem.For the graph partitioning problem a ve
tor-like geneti
representation presents itself. Ea
h vertex 
an be assignedan integer number indi
ating the index of the partition thevertex belongs to. Therefore a suitable geneti
 represen-tation is a ve
tor of integer numbers with the length equalto the number of verti
es in the hypergraph.All geneti
 operators used in the evolutionary algorithmmust be tailored to the 
hosen ve
tor representation. Forre
ombination a biased uniform 
rossover has been used.The basi
 form of this operator has been des
ribed in detailin [14℄. The modi�
ation that was made here 
on
erns the
ontribution propability. This propability was 
al
ulateddependent on the �tness of both parents. The parent withthe better �tness 
ontributes more to the o�spring thanthe worse one. O�spring solutions are more alike to thebetter parent than to the worse. For mutation a simples
rambling of the integer ve
tor was used. The operator isapplied with a propability of 0.05. Tournament sele
tionwas 
hosen as sele
tion operator. As termination 
onditionthe average 
utsize of all solutions representing the paretofront was 
al
ulated. The algorithm stops when the 
hangeof the average 
utsize over the last 20 generations dropsbelow 5%.For support of the multiobje
tive evolutionary algo-rithm des
ribed above a lo
al improver has been devel-oped. Due to the fa
t that the improver must be applied toa number of individuals, it must have a small runtime. Be-
ause of this reason the multi-way partitioning algorithmdeveloped by San
his has been used and modi�ed for useas a lo
al improver. The algorithm is explained in detailbelow. The reasons for in
orporating a lo
al improver intothe evolutionary algorithm are explained in se
tion 6.The lo
al improvement algorithm that has been usedhere is a move-based algorithm. The basi
 idea is to ana-lyze the possible moves of all verti
es for an improvementin 
utsize. Only moves whi
h improve the 
utsize are ex-e
uted - a typi
al hill-
limbing strategy.Every vertex i is assigned a gain ve
tor �i of the sizeequal to the number of partitions. Ea
h element 
j with0 < j < j�ij in the ve
tor �i represents the gain that isa
hieved by moving the vertex to partition j. The gain isde�ned as the improvement (the de
rease) in 
utsize thatwould be a
hieved if that move was exe
uted. The gain
an be both positive and negative.In most 
ases a number of possible moves have the samegain, so it is diÆ
ult to �nd the move whi
h is to be ex-
uted. For that reason ea
h vertex was assigned a se
ondgain ve
tor �i with the same size as �i. The gain �j with0 < j < j�ij represents the in
iden
e gain that is a
hievedby moving the vertex to partition j. The in
iden
e gain is

de�ned as the improvement (the de
rease) in the in
iden
edegree of a vertex that would be a
hieved if that move wasexe
uted. The in
iden
e degree is de�ned as the numberof di�erent partitions the neighbours of a vertex belong to.Hyperedges in
ident to a vertex 
an only be removed fromthe 
utset if the in
iden
e degree is equal to 1 (the vertexhas only neighbours in the same partition), therefore thein
iden
e degree must be lowered if possible.Similiary two ve
tors Bi and B0i are assigned to ea
hhyperedge, both with the size of the number of partitions.Ea
h element �j in ve
tor Bi represents the number ofneighbouring verti
es belonging to partition j. The ele-ments in ve
tor B0i are de�ned as the sum of the �j valuesthat do not belong to the same partition.All possible moves are held in a hash table, whi
h guar-antees storage and removal operations to be exe
uted innlogn time. Ea
h exe
uted move and the asso
iated valueof the 
utsize are re
orded in a list. At the end of a run ofthe improver this list is sear
hed for the move where the
utsize has been minimal. Up to that move the re
ordedmoves are replayed. The resulting 
on�guration is used asgeneti
 information in the next evolution 
y
le.Algorithm 1 lo
al improvementinitialize B and B0 in all hyperedgesinitialize � and � ve
tors in all verti
es
al
ulate all � values in B ve
tors of all hyperedges
al
ulate all �0 values in B0 ve
tors of all hyperedges
al
ulate all 
 and � values of all verti
es
reate set of possible moveswhile more moves are possible doget best move from move re
ordexe
ute move of vertexdelete moves for this vertex from move re
ordupdate � and �0 values of in
ident hyperedgesupdate 
 and � values of neighbouring verti
esend while�nd move with best 
utsizereplay stored movesThe whole improvement algorithm is shown in algorithm1. By inspe
ting the algorithm it stands out that the bal-an
e of the 
reated partitions was not taken into a

ount.This is not ne
essary be
ause the balan
e has been de�nedas an optimization 
riterion in SPEA { the multiobje
tiveevaluation me
hanism handles this 
riterion automati
ally.6. ANALYSIS & RESULTSThe performan
e of the partitioning algoritm has beentested on several graphs from the ben
hmark suite avail-able from [2℄. The 
hara
teristi
s of the graphs are item-ized in table 1.The performan
e of evolutionary algorithms in terms ofquality have been reported as very good in the literature.For our appli
ation the quality was very poor and quitedisappointing. For this reason the lo
al improvement op-erator has been in
orporated. The di�eren
e between themultiobje
tive EA with and without lo
al improvement isshown in �gure 3. It seems that the evolutionary algorithmwithout the help of the improver nearly does not work atall. The reasons for that are analyzed later in this se
tion.



Graph # Verti
es # Hyperedgesfra
t 149 147balu 801 735primary1 833 902bm1 882 903test04 1515 1658test03 1607 1618stru
t 1952 1920Table 1: 
hara
teristi
s of the test graphs in
ludingthe number of verti
es and hyperedges
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Figure 3: progress of the average 
utsize in graph baluwith and without lo
al improvementFigure 4 shows the progress of the pareto front in graphbalu partitioned into four parts. The progress is quite fastduring the �rst generations but slows down quite fast. Af-ter 80 generations the algorithm 
onverges and the paretofront 
ontra
ts towards one single point. This behaviourhas been observed in almost all of the experiments.By looking at �gure 3 it might be assumed that graphpartitioning with hybrid evolutionary algorithms in
orpo-rating lo
al improvers works well. But indeed this is notthe 
ase if the results presented here are 
ompared to otherte
hniques. The partitioning results are summarized in ta-bles 2 and 3. The �rst two 
olumns show results from thehybrid evolutionary algorithm introdu
ed here (best 
ut-size bHEA and average 
utsize aHEA). For ea
h graph thealgorithm has been run 15 times. As �nal solution the so-lution with the lowest 
utsize and a partition imbalan
e ofnot more than 10% has been 
hosen. For 
omparison theresults from a heuristi
 (PFM3) and a simulated annealingalgorithm (SA) reported in [3℄ and results generated withthe hMETIS (MT) partitioning software available from [7℄have been in
luded.Su
h heuristi
s are available for instan
e in the soft-ware pa
kage hMETIS [7℄. The algorithm des
ribed herehas been implemented by use of a generi
 software frame-work for evolutionary algorithms written in Java ([11℄, [5℄)while hMETIS has been written in C. hMETIS has beenhighly optimized in the task of re
ursive bipartitioningwhile generi
 toolkits naturally in
lude quite a lot of 
om-putational overhead. Therefore both implementations aretoo di�erent to be 
ompared in terms of runtime. But a
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Figure 4: progress of the pareto front over 80 genera-tions in graph balu
omparison of the quality of the results 
an be made andreveals that repetitive bipartitioning is able to produ
e re-sults that are better by fa
tor 2-3!Graph bHEA aHEA PFM3 SA MTfra
t 22 34 n/a n/a 22balu 124 141 75 76 45primary1 155 186 112 114 92bm1 158 186 n/a n/a 91test03 329 396 246 157 102test04 316 363 n/a n/a 97test06 294 343 138 151 84stru
t 284 308 111 130 64Table 2: ben
hmark results, 4 partitionsGraph bHEA aHEA PFM3 SA MTbalu 178 227 159 146 74primary1 230 303 149 144 115bm1 224 247 n/a n/a 127test03 432 507 348 251 158test04 440 488 n/a n/a 130test06 400 441 203 192 98stru
t 360 400 295 180 93Table 3: ben
hmark results, 8 partitionsAlthough the feasibility of evolutionary algorithms foroptimization tasks in many engineering dis
iplines hasbeen reported, this approa
h does not seem to work verywell in our 
ase. This raises the question for possible rea-sons whi
h are analyzed in the rest of this se
tion.This �rst weak point is the geneti
 representation thathas been used. In the ve
tor representation that was usedhere there are pv possible \individuals" with v being thenumber of verti
es in the graph and p the number of parti-tions. A 
loser look reveals that there are a number of vari-ants for the representation ve
tor possible, that are redun-dant. For better explanation imagine a very simple graphwith three verti
es A, B and C that should be splitted in



two pie
es. For this 
ase there are pv = 23 = 8 possiblevariants. But by 
ounting all possiblilities by hand thereare less: namely the possibilities fABCgfg, fAgfBCg,fABgfCg and fACgfBg. This is be
ause there are vari-ants that des
ribe the same 
ase. The two representationvariants f000g and f111g des
ribe that verti
es A, B andC are assigned to partition 0 resp. to partition 1 { but thereal proposition is another: all verti
es are assigned to thesame partition. Therefore one of both variants is redun-dant. Unfortunately `relative' propositions like \verti
esA and B are assigned to another partition than vertex C"
annot be expressed in this form of geneti
 representation.The se
ond weak point is the re
ombination operator.The idea of re
ombination in evolutionary algorithms is toinherit good properties or attributes from parents in hopefor an improvement of these attributes in the o�spring.This does not really happen in biased uniform 
rossoverthat has been used here. Namely, the operator permitsmore in
uen
e of better parents, but does not 
are aboutinformation about the 
urrent partitioning stru
ture 
on-tained in the parent individuals. In This 
ase the dire
tedsear
h through the sear
h spa
e that should be performedby the re
ombination operator is implemented in a veryweak way.A third point 
an be observed when examining �gure 4.The pareto front 
ontra
ts over the runtime of the algo-rithm towards a single point. This means the diversity ofpoints in the sear
h spa
e that is used for the sear
h de-
reases with progressing algorithm. With this de
rease the
han
e of exploring new areas in sear
h spa
e is naturallyredu
ed and the algorithm 
onverges too early. This e�e
t
an also be seen when examining the ben
hmark results.The 
utsizes a
hieved with the best runs of the algorithmare signi�
antly lower than the average ones.7. CONCLUSIONIn this arti
le an advan
ed approa
h for partitioning hy-pergraphs based on multi-obje
tive evolutionary optimiza-tion 
oupled with lo
al improvement support has beenpresented. Although the shown me
hanism works, it isnot able to 
ompete with 
onventional heuristi
s. A

ord-ing to existing literature evolutionary algorithms are ableto outperform other te
hniques in terms of result quality.In 
ontrast the authors have shown that the appli
ationof su
h algorithms does not automati
ally imply good re-sults. The appli
ation of standard operators for solvingparti
ular problems is no guarantee for the 
reation of awell-performing algorithm. All operators must be tailored
arefully to the optimization task, otherwise the resultingalgorithm works only with low performan
e or even not atall.The weak points in the presented algorithm have beenanalyzed and are now subje
t of further investigations. Itmay not be possible to solve all open problems. Espe
iallyeliminating the redundant variants in
luded in the geneti
representation may be hard or even impossible. On theother hand it should be viable to in
orporate more intel-ligen
e into the re
ombination to perform a mu
h moree�e
tive sear
h. The authors are 
onvin
ed that with thedevelopment of su
h new operators similiar approa
hes likethe one presented in this paper be
ome appli
able in the
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