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abstract

The commonality hypothesis introduced in this
paper suggcsts that the preservation of common
schemuta is the central source of power in
recombination operatars, A commonality-
based crossover operator priceeds in two steps:
11 identify the maximal common schema of two
parents. and 2) complete the solution with a
construction heuristic.  Using this framework,
two new Crossover operators are proposed for
sequencing problems.  The first uses partial
order for the basis of commonality. This
operator is shown 1o perform well on the
Traveling Salesman Problem (TSP, and it finds
new best-known solutions for many Sequential
Ordering Problem (SOP) instances. The
second operator is based on sub-tours/edges,
und it is used to demonstrate the utility of the
new {ramework for designing hybrid genetic
algarithms.

1. Introduction

A genetic algorithm (GA) has three basic features:
a papulation of solutions, fitness-based selection,
and crossover. In isolation, fitness-based selection
over a population of solutlons causes vartous
building blocks (or schemata) to increase or
decrease over time in direct proportion to their
observed fitness. These two features provide the
basis for exploiting existing knowledge during the
search process. The role of crossover is to use these
building blocks to explore for better solutions.

The effect of crossover has classically been
analyzed from the viewpoint of a single parent.
Crossover distributes the parts of each parent over
two offspring.  This makes it uniikely that erther
offspring receives “long™ schemata directly from a
single parent. Thus, it is suggested that the critical
building blocks manipulated by crossover are
“short, low-order, above-average schemata”
[Gol89]. The power of crossover then comes from
its ability to preserve and recombine these building
blocks when assembling better solutions.

In this paper, a new view of which building blocks
are the most important to the search process is
proposed.  Examining the ecffect of traditional
crossover operators from the viewpoint of both
parents, it can be seen that schemata common to
both parerts are unconditionally propagated to
offspring solutions. We hypothesize that these

common schemata are in fact the critical building
blocks that crossover must preserve, and that the
power of crossover comes from using this set of
schemata as a base for exploration.

This “‘commonality hypathesis” leads 1o a new
model for designing crossover operators. Having
determined to keep the common components, it
remains only to specify how to extend this partial
solution into a complete solution. This can be done
randomly, with the lett-over parts of the parents (i.e.
the current building blocks), or with a prablem
specific construction heuristic.  To generalize, a
commonality-based crossover operator i designed
by following this framework: 1) identify the
maximal common schema of two parents. and 2)
complete the solution with a construction heuristic.

For traditional, posttionally-dependent solution
spaces, apphication of (he framework results only in
a pre-disposition to use uniform crossover. The
traditional crossover operators  all  preserve
commonality in the parcnts, but only uniform
crossover places no restrictions on how the
remaining solution space 1s explored. However, the
implications are more significant for problems with
non-standard solution spaces (e.r., sequencing
problems, constrained optimization problems).
Here, the design of crossover operators has often
failed to exploit common selution components. For
(constrained) sequencing problems, application of
the commonality-hased crossaver framework leads
to the development of two new operators:
Maximum Partial Qvder/ Arbitrary Insertiion (MPO/
Al and Common Sub-Tours/Nearest Neighbor
(CST/NN). Experiments will show that these are
effective operators.

The remainder of this paper is divided as follows.
In section 2, traditional crossover operators are
reexamined using commonality. In section 3, the
commonality-based  crossover  framework  is
presented.  In section 4, previously developed
crossover operators for sequencing problems are
reviewed in light of the commonality hypothesis. In
section 5, the MPO/AI operator 1s developed using
order for the basis of commonality. An experi-
mental analysis of the performance of MPO/AT on
a range of sequencing problems is given in section
. In section 7, the CST/NN operator, which uses
common sub-tours as its basis, 15 developed, and
experimental results for it are given in section §, In
section 9, a discussion of broader implications is
given.
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Parent 1: 10110110001
Parent. 2: co21000C111 01
Omo-nolnk: 1011001 10C1
Two-polint: 101 CcCcd2T000CG1
Uniform: D C1oo011100°C
“Template®: * 3 1 * 0 * 1 * =~ 01

figure 1: Example of traditional crossovers. The 1's
and 05 0 the Memplate’” are guaranteed Lo
be a parl of the offspring regardless of the
crossover and the cut-points.

2. Traditional Crossover Operators

The power of crossover comes from striking a good
balunce between the exploitation and exploration of
schemata.  However, no attempt 15 made to
determine which schemata are responsible for a
solution’s observed fitness.  Thus, with the
disruption of any schemata being potentially
dangerous. the traditional analysis has tended to
focus on the survival/disruption probabilities of
various schemata. The conclusion drawn is that
“short™ schemata are most likely to survive, and
therefore, they are the key components that drive
the search process.

A different  hypothesis follows it crossover is
examined from the perspective of both parents.
Under this view, a “templatc” from which the
offspring are generated is revealed. (See figure 1.)
This “tcmplate” is the maxtmal common schema of
two parents.  All traditional crossover operators
exploit this scherna without risk of disruption, and
it thus provides an identifiable base from which
exploration occurs. The commonality hypothesis
suggests that this maximal common schema is
primarily responsible for the (high) observed fitness
of both parents.

Experimental results in {Sys89] show that uniform
crossover out performs lwo-point crossover, which
itself out performs one-point crossover.  If the
maximal commeon schema has n wildcard slots (*),
ane-point crossover explores a set with 2n possible
offspring, two-point crossover can explore n®-n
possible offspring, and uniform crossover can
explore 2" possible offspring.  Since these are
supersets, the best possible offspring for two
parents under uniform crossover is at least as good
as that under two-point crossover which is at least
as good as that under one-point crossover. This
dominance relationship may explain the relative
performance among the operators.

3. The Commonality-Based
Crossover Framework

When designing crossover operators, the classical
view of crossover’s source of power (1., short,
high performance schemata) leads to the devel-
opment of operators that emphasize selection and
propagation of short schemata. For the traditional
representations  (positionally-dependent,  binary
strings), these operators have also guaranieed that
schemata common Lo both parents are not disrupted.
However, for non-standard representations (e.g.,
spaces  with posittonal  independence  andfor
complex constraints), crossover operators have
generally not given special attention to preserving
the common schemata of both parents. It has
proved more difficult to develop effective crossover
operators for these non-standard problem spaces.

The commonality hypothesis adentifies  the
schemata common to above-average parents to be
the most critical for search,  The funciion of
crossover is to ensure that these schemata are prop-
agated to new solutions, and then to build complete
solutions from these building blocks. To build good
solutions, effective heuristics are necessary and
available in many problem domains. These obser-
vations lead to a commonality-based framework for
designing crossover operators: 1} ideatify the
maximal common schema of two parents, and 2)
complete the solution with a construction heuristic,

For traditional represcntations, the commonality-
based crossover framework suggests keeping the
schemata common to the two parents, and filling in
the remaining slots randomly. This is equivalent 1o
uniform crossover. For sequence-dependent repre-
semtations, following the framework leads to two
new crossover operators. They are presented and
evaluated later in this paper. For constrained opti-
mization problems, a schema common (0 lwo
feasible parents identifies a spuce with at least two
feasible solutions (i.e. the parents). I a
construction heuristic that can generaie feasible
solutions ts available, it may be possible to build an
effective commonality-based crossover operator
around it. Finally, the framework also provides
uselul guwdelines for incorporating high perfor-
mance heuristics into hybrid genetic algorithms.

4. Sequence-based Crossover
Operators

Many sequence-based crossover operators have
been proposed. In the following paragraphs, a briet



Parent 1: ibd|lefglachii
Tarent 2: hFhga|lbejliedf*£f
COffspring: i B d|bc j|aeh3

IS bl a

effect is very dissimular,  PMX and OX do not
necessarily maintain common sub-tours.  Further,
during the process of interleaving the chosen sub-
tour into the parent to build an offspring tour, unpie-
dictable mutations to other sub-tours occur.

figure 2: Exawmple of PMX. Muappings are b-e, ¢- £,

J-g To Parent |, b.c.J are relocated

into a sub-tour, and =, f.g are scattered.
averview of them is conducted in light of the
commonality  hypothesis. For the possible
commonality bases of sub-tours, order, edges, and
position; each operator will be examined to see
which parts from the parents are kept and how the
rematning solution is generated.

Partially Mapped Crossover (PMX) [GL83] is a
two-point crossover.  The operator takes the
elements between the cut points from Parent 2.
Then, it takes the elements in the first and last
section from Parent 1. If an element has already
been provided by Parent 2, it takes the corre-
sponding (i.e. mapped) element from Parent 1. (See
figure 2.1 To Parent 1, the effect of PMX 15 to have
ang sub-tour of elements scattered in exchange for
ane assembled from scatlered elements. To Parent
2, a sub-tour is kept, but a virtually random rear-
rangement occurs elsewhere.

Order Crossover (OX) [Dav83] is also a two-point
crassover.  Like PMX, OX takes the elements of
Parent 2 between the cut poinis'. OX continues
from the second cut point with the elements of
Parent |5 however, if the element has been supplied
by Parent 2, it is skipped {to maintain order). (See
figure 3.) The spliced sub-tour of Parent | is no
longer scattercd as in PMX. However, Parent 2
again only keeps a sub-tour before a rearrangement
of its remaining tour occurs.

These two operators, PMX and OX, attempt to
follow the form of two-point crossover, but their

Parent 1: iodje fglach 3
Parent Z: hga|lbeid|iedf
bejlaehs

ik dleftg
Offspring: e f gibejlahiad

figure 3: Example of OX. To Parent 1, b.c.j are
relocated into a sub-tour.

1. The rale of the two parents in [ Dav8S] have been inter-
changed to highlight the similarities of OX 10 PMX.

Parent 1: h kce fia>onl a1zl
Parent 2: abcde fghidgxl
mask: c119 21170 ooz
taxen: k « fdb a J
remaining: h = 1 g

order: ) g h 1 1
Cffspring: e k c g f Ak ha il j

figure 4; Example of UX. The order of & und g are
switched in parcnts and offspring.

Uniform Order-Based Crossover (UX) |Sys91 | uses
a uniform crossover mask. The operator takes the
elements from Parent 1 in the slots where the mask
has a 1. The order for the remaining elements is
taken from Parent 2, and they are added in the
empty slots to complete the offspring. (Sec figure
4.) Each parent transfers only part of its ordering
information to the offspring, thus it is possibie for
common ordering information to be lost.

Parent 1: h kcefablaig]
Parert 2: abcdefghiik]1
COMUGON 1

cyocle 1: 1 111 1
cycle Z2: 2 2 2
oycie 3: 33 3

subset 1: h 1 a: ]j
subset 2: Ecdefg k
Offspring: hbecde £ glaixj

figure 5; Example of CX. Subset ! has the elements ol

Parent [ in the locations of cycle 1.
Cycle Crossover {CX)} [OSHE7] is like a mulu-
point crassover. In a cycle, the same elements are
in both parents. Restricting cut-points o cyele
boundaries allows normal crossover to be
performed without creating an infeasible solution.
(See figure 5.) The problem with CX is that it is
essenttally a position-based operator acting on
sequence-based salutions. Cycle Crossover usually
performs worse than the sub-tour based operators
FMX and OX,

Edge Recombination (ER) [SMMO91] is signif-
cantly different from traditional c¢rossover oper-
ators. It uscs an edge map as an intermediatc



Parent 1: a b 4a e f
Parent 2: c 4 a b £ a
Edge Map: a: b, c, -t

[ a, o, o, £

c: a, Ik, -d

d: -c, -e

a L, -4. bl

t: -a, k2, =
Dffspring: d o a f a [u}

figure & Example of ER. Start with & (2 choices), and
pick c next (randemly), Updated edge map
{or a: bue-£. Due to minus Jabel, s chosen.
Edge 2-d is lost and edge b-d is added
(mutation} when £ chooses e.
representation to process the parent sequences into
an offspring sequence. The edge map lists the
elements that are adjacent to an element (preceding
or succecding) in elther of the parent tours. If an
elecment appears twice, it is marked negative to
signify a common edge. Each element is adjacent
o 2. 3, or 4 other elements. To build the tour,
choose the element that is negative or that has the
fewest remaining adjacent elements. (Sce figure 6.}
Under ER, an offspring receives most of the
common edges and sub-tours of its two parents.
However, for the n remaining elements, ER
considers only 22 of the n? possible edges. Unlike
the  traditional binary representations, (he
uncommon paris do not span the remaining search
space.

The previous operators use the sequence represen-
tation. However, a sequence can be represented by
d Boolean matrix. The matrix is i % 1, and element
{1,3) is 1 if element 7 follows element 1 in the
sequence. and it1s O otherwise. A matrix represents
a feasible solution if three constraints are satisfied.

Parenc 1: a b ¢ d e [ g
Parent Z: a e £ a b o g
Parsny : abccefs Parent z _abc:
afcri-1111 a|d
Blantilzz T
clooolril
a|locGslll
a|looosadl? g
claagon tyol17221
g 200CCoD gloCoa20c
nner- abcdefyg OfZspring: aipodeta
sectica a'03711117% alolr7111
Matrix: LI00o1cedl plCCl1312
clonGoo0l SIS RO RO N v b Pl
4 utinobl alo0lcnll
eldla0o0ll c|0C11011
f"'.'.lOC'CSC!l i B R TR bR
glonCl0d0 o J000C50
Offspring: a b e d4d £ ¢ g

figure 7: Example of matrix intersection operator.

First, the order must be complete: there are n (n-
1) /2 ones. Second, transitive order is mantained:
it {i1,3Y=1 and 1j,k)=1, them (i, k)=1.
Third, there are no cycles: (i,1)=C0forall i. W
two feasible matrices are intersected, a matrix satis-
fying the last two constraints is created. This under-
constrained wmatrix can be completed by adding
random 1’s, with an analysis of row/column sums
to ensure feasibility, (See figure 7.) The Matrix
Intersection operator {(MI) |FM917 is O(nn?), and it
is thus much slower than the previous operators.
Further, the remaining search space after nter-
section is stili exceptionally large, O(n!). so the
random filling of 1°s is incapable of effective
search.

The operators discussed to this point are all generic
and “blind”--they use no auxiliary information,
oniy the total tour length. This allows the operators
to be used directly on other problems, including

TSP Instance ] Size start W PMX OX H Ux | CX | ER M
d198 198 | +978% |t 353% | +110% | +231% ! +508°% ) +267% | +318%
B lin318 318 j+‘1191 %l +632% | +383% | +1074% | +843% | +560% | +1171% |
% flaty 1 417 +3724% | +1BBE% | +992% | +3311% | +2447% | + 160_7?7+ 3646 ;
pcbd4z [ 442 I +1321% | +760% | +526% | +1221% | +972% | +723% | + 1300%
us74 | + 1826 % +845 % +714% | +1517 % | + 1196 % + 803 % Ii 1608 %_
average + 1768 % ' + 8915 % i +545";’.’:_L +1471% | + 1193 % +812%] + 1729 %

Tahle 1 Performance of sequence-hased crossover operators on five TSP instances taken from TSPLIB. Results are for 3 steasdy-
state GA with a population size of 1000 run for 250 generalions. {MI run with a population of 200 for 40 gencrations.)
Values ure percent distance from known optimum for average of 5 Tuns.



those that might not have auxiliary information (e.g.
scheduling).  Unfortunately, the results are quite
poor. {See Table 1.) The following multi-opcritor
approaches incorporate heuristics that use anwxiliary
information (1.c. edge weights).

A Greedy Crossover (GX) [GGRSE5] operator that
uses cdge weights to determining which parts
should be taken from each parent has been
proposed. The most etfective version of GX starts
with a random element, and builds the tour by
picking the shoriest edge from either parent that
does not introduce a cycle. I all edges from the
parents cause cvcles, the edge to the nearest
available element is selected instead. If a common
edge 15 not the shortest edge connected to an
element, it can be lost.

A hybrid genetic algorithm applies a local
optimizer to each solution after crossover. The
solutions created by GX often have crossing edges.
s0 2-Opt can be added to correct these mistakes.
The GX-2-Opt hybrid GA was developed by
[JSGEY]. Gen2-Opt is another 2-Opt based hybrid
G A that has been developed by [UPL90]. However,
neither GA 1s built on a crossover operator that
focuses on maintaining common schemata from the
parents.

The A-teamt approach of |TS592] incorporates a
large variety of optimization methods into an asyn-
chronous organization. In the context of genetic
crossover operatars, the most interesting part of the
A-tearn approach is a new deconstruction/recon-
struction {Dec/Rec) operator. This operator has the
form of a commonality-based crossover operator,
The deconstruction step creates a sub-tour by
connecting the common edges of two parents in the
order and orientation of Parent 1. (See figure 8.)
The reconstruction step uses the  Arbitrary
Insertion' (Al) construction heuristic to complete
the sub-tour, However, the deconstruction

Parent 1: a bcde fghidgk
Parert 2: acedki i fhgl
g

edges: a-

o
Sub-tour: a b degh i j

figure 8 Example of deconstruction. Edges a-b, d-e,
and g-h fwve reverse onrentation.

I Starting with a sub-tour, pick an arbitrary element not
in the sub-tour, und insert it in the Jeast cost position.
Repeat until all ¢lements have been inserted.

N

procedure is edge based, and the reconstruction
procedure is order based. The result of this
mismatch is that the coimmon edges are not ncees-
sarily prescrved.

5. Maximum Partial Order

To build an operator under the commonality-bascd
crossover framework, 0 1s necessary to select 4
basis of commonality and a matching construction
heuristic. For sequencing problems, the choiwces for
the basis of commonality arc sub-tours, order,
edges, and positions. The first new crossover
operator uses order as its basis of commonality.
Insertion heuristics preserve order, so any partial
order that can be extended by insertion into both
parents may be considered to be common to the two
parents. The longest such partial order is the
Maximum Partial Order (MPO),

Parent 1 Parent 2
.
. .
. .
L ]
»
Convex Hull MEQ

figure 9: Examplc of “shape” from convex hull and MPO.

The MPO constitutes a notion of “'shape™. While
good TSP tours appear “smooth”, poor TSP tours
appear “jagged”. A partial order eliminates much
of this “noise™ and creales a good tour outline. (See
figure 9.) Al ts a good match with MPO since the
performance of Al is improved when it is given a
good tour cutline. For example, Al started from the
convex hull (CH) develops tours that are about 1%
better than thuse developed when Al is started from
three random elements {Rei®4]. Idcally, the MPO
of two parent tours eventually becomes an outline
that Al can generate the optimum tour from.



- Represent parents by Booleun matrices
- Inlersect matrices

- Sum columns to get each element’s predecessors
- Build partial order graph

N\ - Find element with fewest predecessors

[ ¥ - Artach element to the predecessor with the
% most ordered predecessors
- Find longest path in graph

figure 10 Pseudo-code for MPO,

The pseudo-code for generating the Maximum
Partial Order of two parents is given in figure 10. It
is assumed that all tours have the same first element
and the same orientation!, The intersection matrix
has element {i,3j)=1 1f and only if element j
follows element 1 in both of the paremis. The
column sums give the number of predecessors for
each element that are common to both parents.

The partial order graph starts with the segment start
clement, and at each node, it gives the longest
partial order for that element. (All ties are broken
randomly.) When all elements have been added. the

Parent 1: a b ¢ d e f g
Parent 2. a  f ¢ Lk ¢ g
Parent 1 abodefg Farent 2 abcdef
alCl21111 a(9ll1-11
hiod11121 H|0CL0001
clOCOC2il1 c!2aa00g .
A1S200112 10115241
e d00cg Ll e|l(1110112
f]occan01 flol1110CL
g1Coa0a0c glooecooo

Irnlersec=-icn abcocdefyg

Mabtrix: alC221111

by 301CCC1

C$00I133'31

40020001

2| 3000011

Flo0C0201

glcoadooe

Fredeocssors: 0121224

Maximum Partial Order: a b ¢ g

ligure 11: Example of MPO. Element g is after all
clements, bul clemenis = and £ have the
st ordered predecessors (2).

i. Three evenly spaced convex hull clements (e.g. a2l
define the orientation of alt tours (ie., a. b..c..).
These clements are our segment start clements.

longest path in the graph is the Maximum Partal
Order. (See figure 1.}

6. Experimental Results for MPO/AT

6.1 Traveling Salesman Problem

The Maximum Partial Order/Arbitrary Insertton
operator was designed for the Traveling Salesman
Problem (TSP). The objective in the TSP is to find
the shortest Hamiltonian cycle in a complewe graph
of nn elements with symmetric edge weights, i.e.
dic.,cy) = dicy, ot Formally, given n
elements ¢; with edge weights d{c,,c.), find a
sequence ® of the 1 elements such that the sum is
minimized.

-1
Vmin Zd{cxfkl r Crinen )+ d l Crint s Cr:r;: )

k=]
The MPO/AT operator has been implemented in a
steady-state genetic algorithm (one-at-a-time repro-
duction, worst member removed, no duplicate solu-
tions) [WS90]. The population size was set to 400
solutions and the stop condition of 10 generations
without improving the best overall solution was
used. The population was seeded with 400 convex
hullfAl solutions. Since Al gencrates solutions of
low diversity, it was necessary to slow convergence
by selecting only one parent by 2-tournament’
(biased to good solutions) and the other randomly.
Results are given as percent distance above the
known optimum for the average of 5 runs. Al
experiments were run on a SPARC 20, and
distances were stored in full matrices.

The MPO/AL operator was tested on 3 TSP
instances® taken from the TSPLIB library*. On
average, the final MPO/A) tour is 4.5% better than
the best CH/AI tour. (See Table 2.) This reflects
MPO’s ability to extract the “shape” of good tours.
Compared against the Lin-Kernighan heuristic
procedure [LK73] (widely regarded as the best TSP
heuristic), the GA’s solution quality s more
consistent and better on average, but in the time
required to run the GA once, many runs of LK could
be performed and the best run would likely be
better.

2. Sclect two solulions randomly trom the population.
Then, selecling one based on a criterion from these two
creales a linear rank-Fased probability distribution for
selcetion on that criterion.

. 5 smallest TSP instances with LK resulls in [Rei9d].

4. Available by anonymous fip:

fupffelib.cib-herlin de/pub/mp-testdata/tsp

[



i . i Avg. Best Avg. Best | Runtime v Avg. LK | Best LK
TSP Instance | Size “ CH/AI MPO/A {min) !l (12 runs) l {12 runs)
,
d19a 198 | +305% +0.95 % 3 LW +1.54% l + 0.60 %
lin318 ‘318 ' +6.04 % +0.63% T 13 T o‘i £069% |
| G417 417 +1.81% +0.57 % 15——1 £ 219 % 1 £ 051% |
pcb44z 442 + 897 % +1.84 % +1.80 % J-+ 1.11 %
us74 +8.45 % +2.20% +1.96 % ‘ +0.93%
average P568% | +120% +1.86 % | +0.77 %

Table 2: Comparison of MPO/AL and LK [Rei%94] on 5 TSP instances.

The weakness of MPO/AL is that AT does not
generate enough diversity of relative ordering
schemata. Thus, the GA converges before the
optimum solution is found. This convergence
occurs in a relatively small number of generations
(~25), but the O(n®) complexity of the operator still
causes high runtimes.

Another experiment was conducted to measure the
importance of properly matching the construction
heuristic to the basis of commonality. Holding the
construction  heuristic constant, Al was also
“matched” to Matrix Intersection |[FM91] and
Deconstruction [T$92]. The ordering information
in MI that is not part of the MPQ is coincidental and
it handicaps the performance of Al (See figure 12.)
Consequently, the results of MIZAI are slightly
worse for the TSP (See Table 3.3 AT does not
nceessarily preserve the edges of Deconstruction,
so information about good edges is not accumu-
lated. Further, deconstruction can flip edge orien-
lation (sec figure ¥), so the tour outline it provides

Parent 1 Parentc 2

MPO

Disallawed

ftgure 12. Element 1 precedes # in both parents. but
Al might determine that 4 should precede 1,
Alis of little benefit. These results demonsirite the
tmportance of properly matching the two parts of a
crossover operator.  The construction heuristic
should be aided by, but not resiricted by nor
destructive to, the commeon elements.

; T T T
“ Avyy. Best I Avg. Best t Runtime ]I Avg. Best | Runtime . Avg. Best Funtime
lnstance “ CH/AI MPO/AI | {rmin} L Mi/Al l {min) ' Dec/Ren {rmin}
J
d198 j“r + 3.05 % i' +0.95 % ' 2 i +1.14% ‘ 4 “ +1.31% ) 1
! ST -
lindig " + 6.04 9% + 0.63 % 13 ‘ +1.42 % I 15 +338% ! 2 _]
fl417 1 +191% | +087% 1’ 15 | +061% | 18 cos2% | 7
N Il .
pcbda2 \] N 8 g7 ° +1.84 % i a7 ]l +318% | a7 ['L 14,20 %
— | |
T T 1
us74 | +8.45 % “ +220% V ieeaw ! 72 | b a01%
l| +1.24% N +2.68%

! .
average J + 5.68 %

Table 3: Comparisen of MPO/AT MI/AL and Deconslrucnon!Reconstructmn on 3 TSP nstances.
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6.2 Sequential Ordering Problem

The MPO reduces the search space of Al A sumilar
reduction of the search space occurs if ordering
constraints are given, as in the Sequential Ordering
Problem (SOP}). Specifically. d{c_.c.) = -11if
eloment 3 must precede (not necessarily immedi-
ately) element L. The objective in the SOP is to find
the shortest Hamilionian path subject to satisfying
all ordering constraints. The SOP is based upon an
Asymmetric Traveling Salesman Problem i ATSP),
thus edge weights may be asymmetric. Formally,
given n elements ¢, with edge weights d{c;, c,).
find a sequence m of the n elements such that the
sum is minimized and all ordering constraints are
satisfied.

a-l
m:[r; Ed{crf.&l f Crige; )
oo

st il dicy, o) = -1
then 1 < k

for mi{l) =3, mik) =1

The SOP is a useful model for production planning
1Esc88), single-vehicle routing problems  with
pick-up and delivery constraints {PTO![[Sav9(].
and transportation problems within flexible manu-
facturing systems [Asc96].

The MPOYAT operator was run on 16 SOP
instances'. Since Acbitrary Insertion uses “shape™
which cun be distonted by asymmetry, Al iy less
effective and less consistent. Thus, the GA param-
eters were increased to 500 solutions/20) genera-
tions, and both parents were selecled by 2-
tournament. The population was seeded with 500
Al solutions. The higher population size and stop
condition are largely overkill for the smaller SOP
instances, but they lead to significantly betier final
solutions for larger SCOPs (the ““rbg” instances). (See
Table 4.) The overall runtime may seem high, but
solutions that are below the previous best-known
bounds are tound quickly. In general, the genctic

. To handic constraints, Al was trivially moditied 1o
construgt onty feasible solutions.

R e R A I
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mg358a 360 | 3239 | 3165 2636 l, 2599 ! [2518.2?58]|| 934 | 102

1hg378a ]( 380 3069 ! 3420 ‘|=— 2843 | 2833 | [2781, 3142] W 120 ' 147
ot | T e | | v sl e

rya8p.2 } %?_l 23 jl\“7150?1 L 1667 i 16666 '{15524,170?1]W 3 AT‘)g_?gﬁ

ryagp3 | 49 1 42 22074 ‘ 18805 ' 19884 (18156, 20051) 15 —t'l—

ry48p.4 i 49‘ 58 l l

31446 '[29967,31448]“

Table 4: Performance of MPO/AL an 16 SOP instances. Owverall best final tours in bold improve previous best known bound.,



T
| I‘ Population size = 400 'j Population size = 10
ATSP ' Size ’i =T l . ]! —_‘ —_—<
Instance Avg. Best l Avg. Best Runtime ‘ Avg. Best Avg. Best | Runt_u‘ne
l ‘ Al | MPOIA ' (min) h Al MPOIA) | (min}
A I i t - )
rbg323 1 323 | +1837% | +16.30% 24 ‘i +2089% | +922% 3 |
rhg358 358 ‘ +26.50% | +22.05% | 28 1‘ +33.31 % +7.79% { 4
| boq03 T o T
rbg403 | 403 +583% | +4.10% 25 +813% | 4161 % 3
tbgd43 ‘ 443 ‘ +664% | +4.98% 35 +822% | +168%
average +1434% | +11.86 % +1764% | +508%
=2 |

algorithm finds better solutions than a branch and
cut algorithm' [Asc96] in roughly 2% of the CPU
time.

6.3 Asymmetric Traveling Salesman
Problem

For completeness, the MPO/AIL operator was also
run on 4 ATSP instances’. Two GAs were run with
different parameter settings: 400 solutions/10
generations and 10 solutions/50 generations. Fach
population was sceded by Al In an unusual result,
better results are obtained for the smaller popu-
lation stze. (Sec Table 5.) This result might be
cansed by the inconsistency in Al for asymmetric
problems. A large population likely contains many
diverse solutions which have little in common.
Howevcer, a small population may quickly converge
ta a reduced search space where some local optimi-
zalion s passible.

6.4 Summary

The Maximum Partial Order of two parent solutions
represents 4 common “‘shape™ or “structure”, The
Arbitrary Insertion construction heuristic uses this
shape as an outline to develop good tours for the
TSP, Comparatively, the MPO/AI  operator
pertorms very well on the SOP and quite poorly on
the ATSP. In the ATSP. tour orientation cannot be
fixed. Using only one segment, MPO returns notise
if the parents are of opposite orientation. In the
SOP, orientation 1s again fixed, and MPO performs
much better. More inportantly, MPO is based on
order, so the added ordering constraints provide
structaee 1 the SOP. In contrast, methods based on

I. In this study. the prograrm was given 300 minttes on a
SPARC 2; 1200 minutes for the “rbg” instances.

2. In this case. only one segment is used for MPO singe 1o
Leur arientation can be fixed a priori,

Table 5: Performance of MPO/AT [or two different population sizes on 4 ATSP instances.

NS PN

Parent 1 rarent I
& ‘.u
CST/NN 2-0pt

figure 13: Example of CST/NN and CST/NN-2-Opt.
One common edpe is lost during 2-Opi.
edge representations (like many  integer
programming formulations} have their search space
convoluted by ordering constraints.  On the TSP
and ATSP, branch and cut algerithms can often find
the optimum solutions.

7. Common Sub-Tours

Order is just one possible basis of commonality for
sequencing problems. A second operator was
designed to take all the Common Sub-Tours (CST),
and thus all the common edges, from two parents.
Starting with a random common sub-tour, the
remaining elements and sub-tours are connected
with the Nearest Neighbor (NN} heuristic. {See
figure 13.}

8. Experimental Results for CST/NN

8.1 Standard Genetic Algorithms

The CST/NN operator was run on the same 5 TSP
nstances introduced earlier. The GA was seeded
with solutions obtained by starting NN from cach
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TSP Ir Avg. Best W Avg. Best Ccmmcn i[ Avqg. Best ‘ Commaon “ Avg, Best rCommOn
Instance ‘ NN Tour " CST/NN Tour Edges ' GX Tour | Edges “ ER Tour | Edges
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i e
! o w | o | % | o | v |
average “ +16.30 % l + 970 % I 100.0 % h +13.28 % ‘ 99.7 % ( +14.94 % ‘ 97.8 %
Table & Comparison of CST/WN, GX. and ER on 3 TSP instances.
element, and the stop condition was 20 generations.  The Edge Recombination [SMM91] operator

The population 1s seeded with Nearest Neighbor to
isolate the effect of CST in the crossover operator.
if random solutions are used to seed the population,
two parents from this initial population can be
expected to have only one edge in common, Thus,
the first generation of new solutions will be similar
to NN soiutions anyway.

The Nearest Neighbor heuristic selects many good
cdges, but it myopically “paints itself into a comer”
and then must select a poor edge. The final CST/
NN tours average a disappeinting 10% from
optimum. {See Table 6.) Note, however, that
although Greedy Crossover (GGRES] implicitly
uses NI and maintains most of the common edges,
it pertorms over 3% worse. Two NN tours are likely
to have the same good edges, but different poor
edges. To minimize disruption, the GX operator
forces itself to take these poor edges, thus handi-
capping NN. If the above-average schemata are
those that are common to above-average solutions,
the converse unplies that the uncommon schemata

performs worse than both CST/NN and GX. The
effectiveness of ER is limited by two drawbacks.
First, the operator incorporates no heuristics; and
second, the operator also forces iself to take poor
edges if they exist in either parent. An interesting
observation is that ER maintaing fewer common
cdges than GX--even though ER was developed (o
maintain common edges, and GX wasn't. The
problem is that ERs first focus is to use edges from
either parent. At the start, or whenever no edges are
available from the current element, ER takes the
clerment with the fewest remaining edges. Tf this
element is internal 1o a common sub-tour, selecting
it will cause one common edge to be Jost.

8.2 Hybrid Genetic Algorithms

The mistakes of NN can be tmproved by 2-Opt.
(See figure 13.) Like the GX-2-Opt hybrid GA of
[ISG&9], 2-Opt was added to CST/NN to make
CST/NN-2-Opt.  This hybrid GA was run on the
same 5 TSP nstances. The GA parameters were
400 solutions/10 generations. The population was

Avg. Best
CST!NN-E-Opt

TSP Avg. Best

]| ’
Instance " 2-Opt }J 2-Opt

Kept By {]

Kept By
2-Opt

Kept By ' Avg. Best

Avg. Best ‘
' 2-Opt ER-2-Opt

GX-2-Opt

a198 | +3.06% " +0.87 %

89.9 %

i
! F
+1.12% 87.1% +1.31 %

lin318

may be below average.

9%

|
|
I
[
tr

| +516% “ +0.31 % 935% | +077% | 921% | +234% | 908% |
fl417 | +254% F +116% | 866% +1.18% 83.2 % | +1.53 % 80.7 %
| | N 41._‘%5%4‘_ 1
pcbdd2 +7.29 % £122% | 911% | +228% 87.9% | +407% | a3gw
I
IS S — | T -
us74 | +B.26% i} +268% | 897 % “ +3.66 % | 87.5% | +501% 85.9 % 1
H 1 I
average +5.26 % H +1.25% ' 90.2 9 I' +1.80 % 87.6 % B +285% | B5A%
—_— | .
Table 7: Comparisan of CSTYNN-2-0Opt, GX-2-Opt, and I:R-Q-Op[ on 5 TSP instances.
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, T | T
. Avg. Best Avg. Best Total 2-Opt
TSF Instance ! Size | CST/NN-2-Opt | Gen2-Opt } Calls
]
t i I ;
fin318 318 +1.35% +2.02 % 390
I | ; B
peha42 | 442 | +1.65% +3.02% | 720
S | ——
att532 | 532 J[ +1861% | +2.99 %
e s oy L
average + 1.54 % _lr + 2.68 %

Tahle 8 Comparison of CST/NN-2-Opt and Gen2-Opt [UPLY0]) on 3 TSP instances.

seeded with 400 random solutions each optimized
by 2-Opt.  For these tests, the CST/NN-2-Opt
hybrid GA finds tours that are about 0.5% better
than GX-2-Opt. (See Table 7.)

Returning the focus to commonality, some common
edges can be lost during the 2-Opt process.
However, over 90% of the CST edges are kept after
2-Opt during the first generation of CST/NN-2-Opt.
The number of lost (disrupted) common edges is a
measure of how far the crossover solution is from a
2-Opt minima. Common edges are disrupted 2.6%
more often in GX-2-Opt, so GX is less effective
than CST/NN in guiding 2-Opt. The results of ER-
2-Opt also follow this trend--more dissuption, lower
solutton quality.

CST/NN-2-Opt has also been compared with Gen2-
Opt [UPLB0]. Allowing the CST/NN-2-Opt GA to
use the same number of 2-Opt calls used by the
Gen2-Opt GA, & population size of 28 worked best.
On the 3 common TSP instances we had available
(in matrix form), CST/NN-2-Opt performs signifi-
cantly better. (See Table 8.)

9, Discussion

The current analysis of crossover suggests that
“short, low-order, above-average schemata™ are the
critical building blocks manipulated during the
search process. The resulting view is that *... a
genetic algorithm seek[s) near optimal performance
through the juxtaposition of [these] building
Dlocks™ |Gol89), and “Crossover operators, viewed
m the abstract, are operators that combine subparts
of the two parent chromosomes to produce new
children” [TJav9l}.

The commonality hypothesis suggests that the
schemata common to above-average solutions are
the critical building blocks. The traditional posi-
tionally-dependent,  binary  string  crossover
operators support both interpretations of where

crossover gains its power.  However, it may be
possible that the preservation of commaon schemata
provides a base that is necessary for the juxtapo-
sition/combination of short, low-order schemata to
be productive.

The commonality hypothesis leads to a new general
framework for designing crossover operatars, This
framework covers many different  problem
domains, solution representations, and constraints.
Further, auxiliary evaluation information ts easily
incorporated through the use of construction
heuristics. These are often ditficult issues under the
current crossover model,

More generally, reserving solution parts from trial
to trial is a natural aspect of amy iterative optimi-
zation procedure. Each successive solution has a
part kept from the previous trial and a part added by
an operator. A typical local-search operator wden-
tifies a small part of the soluion which can be
changed to yield a better solution. Instead of iden-
tifying what should be changed in one solution,
crossover uses two soluttons to identify what is
worth keeping.

Hybrid genetic algorithims often locally optimize
each solution after crossover. Crossover accelerates
the search because it “... pays off when intermediate
solutions are of higher quality™ [UPL90]. However,
a genetic algorithm with a crossover operator that
randomly combines subparts of two parents is not
significantly different from random mulbti-stat.
Alternatively, a crossover operator designed to
maintain commeonality for the basis of the tocal
optimizer can improve the performance of a hybrid
genetic algorithm.
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