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Abstract

The work presented in this thesis consists of two parts. The rst part (Chapters 1 and 2) intro-
duces a general formulation of Shop Scheduling problems, bad the Group Shop Scheduling
problem (GSP). This problem formulation covers among other Shop Scheduling problems
the Job Shop Scheduling problem (JSP) and the Open Shop Schating problem (OSP). As
both, the JSP and the OSP, areNP -hard combinatorial optimization problems, quite a lot of
research has been devoted in the last 10-15 years to the devphloent of metaheuristic meth-
ods to tackle them. Metaheuristic methods are approximate nethods which combine basic
heuristic methods in a higher level framework aimed at exciatly and e®ectively exploring a
search space. Chapter 2 gives a state-of-the-art review on metauristic methods developed
to tackle the JSP and the OSP.

The second part of the thesis summarizes the research resaltof the Metaheuristics Net-
work [114] on the development and comparison of metaheurigts to tackle the GSP. The
Metaheuristic Network is a Research Training Network funded by the Improving Human
Potential program of the CEC. It aims at the comparison of metaheuristics on di®erent com-
binatorial optimization problems. For each combinatorial optimization problem considered,
‘ve metaheuristics are implemented by di®erent persons in i®erent sites involved in the
Metaheuristics Network. The ve metaheuristics considerel are: Ant Colony Optimization
(ACO), Evolutionary Computation (EC), Iterated Local Sear ch (ILS), Tabu Search (TS), and
Simulated Annealing (SA). The main part of Chapter 3 gives a simmary of the research re-
sults of the author on the development of ACO algorithms to tackle the GSP. These research
results have been published or are about to be published in t following papers:

[17] C. Blum, A. Roli, and M. Dorigo. HC{ACO: The Hyper-Cube Framew ork for Ant
Colony Optimization. In Proceedings of MIC'2001 { Meta{heuristics International
Conference volume 2, pages 399{403, Porto, Portugal, 2001. Also avaible as technical
report TR/IRIDIA/2001-16, IRIDIA, Universit§ Libre de Bru xelles.

[18] C. Blum and M. Sampels. Ant Colony Optimization for FOP Shop scheduling: A case
study on di®erent pheromone representations. InProceedings of the 2002 Congress
on Evolutionary Computation, CEC'02 (to appear), 2002. Also available as technical
report TR/IRIDIA/2002-03, IRIDIA, Universit§ Libre de Bru xelles.

[95] M. Sampels, C. Blum, M. Mastrolilli, and O. Rossi-Doria. Metaheuristics for Group
Shop Scheduling. Technical Report TR/IRIDIA/2002-07, IRID 1A, Universitg Libre de
Bruxelles, 2002. Submitted to PPSN'02.

[19] C. Blum and M. Sampels. When Model Bias is Stronger than Seldgmn Pressure.
Technical Report TR/IRIDIA/2002-06, IRIDIA, Universitg L ibre de Bruxelles, 2002.
Submitted to PPSN'02.

[16] C. Blum. ACO applied to Group Shop Scheduling: A case study onintensi cation and
Diversi cation. Technical Report TR/IRIDIA/2002-08, IRID IA, Universitg Libre de
Bruxelles, 2002. Submitted to ANTS'2002.

The remaining part of Chapter 3 outlines the other metaheuristics developed to tackle the
GSP and the comparison of these metaheuristics on various G5instances.
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Chapter 1

Introduction

Scheduling deals with the allocation of scarce resources ttasks over time. It is a decision
making process with the goal of optimizing one or more objedves. Scheduling problems play
important roles in most manufacturing and production systems as well as in most information{
processing environments. The importance of the schedulingroblem makes it one of the most
studied combinatorial optimization problems in general. One of the dixculties encountered
is that in practice not many scheduling problems 't into a common description model. This
makes it very ditcult to de ne a common framework for scheduling problems and also to nd
algorithms which can be applied (or adapted) to tackle a greavariety of problems. In fact,
a well working algorithm for a problem A might not work at all f or a problem B being just a
slight variation of problem A. From the great variety of prob lems, a few problem formulations
emerged in the scienti ¢ area which are used since many yeaend which can be regarded as
benchmark problems. The best known and most studied scheding problems are certainly
Shop Scheduling problems, and among them thdob Shop Schedulingproblem (JSP) and the
Open Shop Schedulingoroblem (OSP). It is well known that both problems are NP -hard?,
see [61, 47], and belong to the most intractable combinatosl optimization problems consid-
ered. This is dramatically illustrated by the fact that a JSP instance involving 10 jobs and
10 machines, 1963 proposed by Fisher and Thompson in [75], mained unsolved for more
than a quarter of a century, even though every available algathm was tried on it. The OSP
seems even harder than the JSP. As an example, JSP instanceseaconsidered to be solvable
to optimality nowadays for up to 100 operations, while there still remain unsolved instances
of the OSP with less than 50 operations® Many algorithms have been developed to tackle
especially the JSP but also the OSP. In early years { beginnig in the sixties { due to the
hardness of the problem, the focus was on developing heuristalgorithms and more excient
complete algorithms like Branch and Bound methods. In the last 15 years, metaheuristic
algorithms have been discovered to be useful and very ezxci¢rtools to tackle the JSP and
the OSP. The state-of-the-art methods nowadays for tackling lage JSP and OSP problems
are nearly all attributed to the "eld of metaheuristics.

In this work we rst introduce a way of describing Shop Schedling problems. Based on
this way of describing problems we formalize the JSP and the GP. Then we introduce the

1This means that { assuming that P 6 NP { no algorithm working in a time which is a polynomial of the
problem parameters can be found to solve these problems.

2To put things into perspective: The famous TSP problem { also a NP-h ard combinatorial optimization
problem { is solvable to optimality nowadays for several thousand citie s.
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formulation of a more general Shop Scheduling problem, covimg both the JSP and the OSP.
This formulation of Shop Scheduling problems will be calledGroup Shop Schedulingoroblem
(GSP). In Chapter 2 we survey existing metaheuristic method for the JSP and the OSP,
before in Chapter 3 we outline the metaheuristic algorithmsfor the GSP developed in the
course of the Metaheuristics Network [114]. The focus in thé part of the work is on Ant
Colony Optimization (ACO). As the newly developed metaheuristic algorithms are working
on problem instances of the GSP, they can be applied to both, 3P and OSP instances. Com-
paring these metaheuristic algorithms on problem instance from the whole range between
the JSP and the OSP gives further insight into the di®erencedetween the JSP and the OSP.

1.1 Shop Scheduling: The JSP, the OSP and the GSP

In Shop Scheduling problemsjobs (items) are to be processed omachineswith the objective
of minimizing some function of the completion times of the jdos. Each machine can process
only one job at a time. The processing of a job on a machine is lad an operation; its
processing timeis "xed, and it cannot be interrupted (scheduling without pr eemption). In the
JSP the processing of the jobs is subject to the constraintshat the sequence of machines for
each job is prescribed. These machine sequences are oftedlad the technological sequences
In contrast, in the OSP a job can be processed in any order on th machines. In the following
we give a more formal description of the problems. For this papose we introduce the notation
in Table 1.1.

Table 1.1: Notation

Notation | Meaning

n number of jobs

m number of machines

Ji Job i

M; Machine |

G Group |

0] set of operations

o;d operations

Oj operation on job J; to be processed on machini;
p(0) processing time of operationso

m(o) machine on whicho has to be processed

ts(0) starting time of operation o with respect to a solution s
j (0) the job operation o belongs to

g(o) the group operation o belongs to

A Shop Scheduling problem can be formalized as follows: We osider a _n'ge set of operations

O which is partitioned into subsets My ::;Mmn (machines) whereM = jm:lf M;g and into
subsetsJy;:::;J, (jobs) whereJ = L fJijg. Also given is a partial order* u O£ O
suchthat* \ J; £ Jj = ; fori 6 j (de ning the technological sequences), and a function

p:O! N. A feasible solution is a re ned partial order* ® {1 for which the restrictions
1%\ Jj£Jjand! "\ My £ My are total 8i;k and the longest chain int ® is of "nite length.
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In the course of this work, the cost of a feasible solution is d ned by

X
Cmax(* ®) =maxf  p(o)jC is achainin (O;! %)g :
02C

Cmax is called the makespan of a solution. We aim at a feasible sdiion which minimizes
Cmax. The Shop Scheduling problems we consider in this work are $ject to the following
constraints: (i) Each machine can process at most one operan at a time, (ii) operations
must be processed without preemption, and (iii) operationsbelonging to the same job must
be processed sequentially. This brief problem formulationcovers among others the JSP and
the OSP in the following way: The restriction * \ J; £ J; is total in the JSP and trivial
(= f(0;0 jo2 Jjg) inthe OSP. In the JSP, ! induces a total order on the operations of each
job.

For the Group Shop Scheduling problem (GSP) , we consider a weaker restriction ort
which includes the above scheduling problems by looking at #ae nement of the partition J
to a partition into groups G= fGy;:::;Ggg. We demand that* \ G; £ G; has to be trivial
and that for 0;d2 J (J 2J ) with 02 Gj and o°2 G; (i 6 j) either o2 o%or 0° o”holds.
Note that the coarsest re nementG= J (group sizes are equal to job sizes) is equivalent to
the OSP and the nest re nement G= ff og j 0 2 Og (group sizes of 1) is equivalent to the
JSP.

Regarding the precedence constraints (the technologicakguences), anmmediate predecessor
o” of an operation o with j(0) = j (0% and o®6 o is denoted by? peq (0) and the relation

between them is denoted a®®? preq 0. For 06 o’it holds: 0% preq 0 , 0°1 0and 80°% o;
with 0° 0%it holds that o 0%

Is is useful to represent Shop Scheduling problems on disjunctive graph [93]G = (V;A;E),
with node set V, conjunctive arc set A, and disjunctive arc set E. The nodes ofG corre-
spond to operations, the arcsA3 to precedence constraints, and the edgég(disjunctive arcs
E) to pairs of operations to be performed on the same machineG is node-weighted with
node weights corresponding to the processing times of the ssciated operations. A formal
description of the disjunctive graph for the Group Shop Scheuling problem is given as follows:

V = O (1.1)
A = faypj0;0°2 V;0? peq 0% (1.2)
E = feywjo0;d2 V;m(0)= m(d) _g(o) = g(c)g (1.3)

Figure 1.1 shows the disjunctive graphs for the JSP versionred the OSP version of a small
Shop Scheduling problem (processing times are omitted in tis example). Note that in the
case of the OSP the arc sef is empty because no precedence constraints are given.

Figure 1.2 shows the disjunctive graph for one of the many pasble GSP versions of the same
Shop Scheduling problem.

A solution in terms of the disjunctive graph representationis a version of the disjunctive graph
where every undirected arc inE has been given a direction such that the resulting graph is
acyclic. The makespan of a solution is then associated withite length of a longest path in
G (which corresponds to a maximal weight chainC in (O;* ®)). Such a path will be called a

3Arcs are directed links in graphs denoted by a0 for v;v°2 V.
“Edges are undirected links in graphs denoted by e,., o for v;v°2 V.
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Figure 1.1: Disjunctive graph representation: a) The disjunctive graph corresponding to
the JSP and b) the OSP version of the following problem: O = f1;:::;;10g; J = fJq =
f1;2;3g; Jo = f4;::5;7g;, J3 = £8,9;10gg M = fM1 = f1;5;89; M, = f2,4;99 M3 =
f3;79; M4 = f6;10gg (processing times are omitted).

Figure 1.2: Disjunctive graph representation: The disjundive graph corresponding to one
of the GSP versions of the Shop Scheduling instance shown inigure 1.1b). This GSP
instance is obtained by a re nement of the job partition into the following group partition:

G=1fGy1=11,29; G, = f3g; Gz = f4g, G4 = 5;6;79; G5 = f8g; Gg = f9; 10g0.

critical path in the course of this work. Note that in general a solution to a $iop Scheduling
problem can also be represented as a permutation (hencefdrtcalled a sequence) of all the
operations. Every sequence unambiguously de nes the ordesf operations on machines and
in jobs (groups). In general a solution can be de ned by assigng a starting time t(0) to
every operation 0 2 O such that operations don't overlap each other and the precednce
constraints are respected. When we talk about sequences, vassume that every operation
has been assigned the earliest possible starting time.

According to Fang [35], feasible schedules fall into four elsses: Inadmissible, semi-active,
active and non-delay schedules. Figure 1.3 illustrates thealationship between each of these
types. There are an in nite number of inadmissible schedules, which contain excess idle time.
Semi-active schedules contain no idle time. There might beholesin the schedule though, such
that operations might be shifted to the left in machine or job sequences without delaying other
operations. Active schedules contain no idle time, and furthermore, have no opations which
can be completed earlier without delaying other operations Optimal schedules are guaranteed
to fall within the set of active schedules. Non-delay schedules are a subset of active schedules,
in which operations are placed into the schedule such that nanachine is ever kept idle if some



CHAPTER 1. INTRODUCTION 5

Inadmissible Schedules o
Semi-active
Schedules

Active Schedules

Non-delay

Schedules

Figure 1.3: Types of feasible schedules for Shop Schedulipgoblems

operation is able to be processed on it.

1.2 Complexity

In general, both problems, JSP and OSP, are NP-hard and are caidered to be among
the most intractable combinatorial optimization problems. For the JSP this was proven by
Lenstra et al. in [61]. Only a few particular cases are excietly solvable. NP-hardness was
proven for the OSP by Gonzales and Sahni in [47] fom , 3. As both, JSP and OSP, are
special cases of GSP, we also can deduct the NP-hardness of t&SP.

1.3 Benchmark instances

A collection of benchmark instances which have been extengly used in the literature can
be found in the OR-Library. The OR-Library is a collection of te st data sets for a variety
of Operations Research (OR) problems. These test data setsano be accessed via emailing
to or.library@ic.ac.uka message containing the name of the required Te, or via the BL
http://www.ms.ic.ac.uk/info.html . The OR-Library is maintained and described by Beasley in
[11]. Table 1.2 lists benchmark instances for the JSP. For tb OSP there are less benchmark
instances. Taillard [101] provides 60 problems of varying ige and a generator written in
Pascal to generate them. However, these instances are comnip agreed to be quite easy to
solve. Therefore, Brucker et al. [21] generated 18 harder stances.

1.4 Algorithms

A massive amount of literature about solving OSP and JSP has ben published in the last
30 to 40 years. The methods proposed can be classi ed as eitheomplete or approximate
algorithms. Complete algorithms are guaranteed to nd for every nite size problem instance
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Table 1.2: Benchmark problems for the JSP

| Problems | Source |
abz5,...,abz9 Adams et al. [4]
ft6, ft10, and ft20 | Fisher and Thompson in [75]
la01,...,1a40 Lawrence [60]

orb01,...,0rb10 Applegate and Cook [7]
swv01l,...,swv20 | Storer et al. [98]
ynl,...,yn40 Yamada and Nakano [109]
ta01,...,ta80 Taillard [101]

an optimal solution in bounded time (see [85, 78]). Yet, for nany combinatorial optimiza-
tion problems that are NP-hard such as Shop Scheduling problas, complete methods need
exponential computation time in the worst-case and even for mall problem instances these
algorithms might take an amount of execution time too high for practical purposes. Therefore,
the use of approximate methods to solve Shop Scheduling prédms has been getting more
and more attention in the last 30 years. In approximate methals we sacri ce the guarantee
of "nding optimal solutions for the sake of getting good soluions in a signi cantly reduced
amount of time.

Among the basic approximate methods we usually distinguishbetween constructive methods
and local searchmethods. Constructive algorithms generate solutions fromscratch by adding
{ to an initially empty partial solution { components, until a solution is complete. They are
typically the fastest approximate methods, yet they often return solutions of inferior quality
when compared to local search algorithms. Local search algthms start from some initial
solution and iteratively try to replace the current solutio n with a better solution in an ap-
propriately de ned neighborhood of the current solution, where the neighborhood is formally
de ned as follows:

De nition 1 A neighborhood structure is a function N : S| 25 (where S is the set
of all solutions to a combinatorial optimization problem) that assigns to everys 2 S a set of
neighborsN (s) uS. N (s) is also called the neighborhood d.

With the introduction of a neighborhood structure we can also de ne the concept oflocally
minimal solutions.

De nition 2 A locally minimal solution (or local minimum) with respect to a neigh-
borhood structure N is a solution § such that8 s2 N (8) : f(8) - f(s). We call § a strict
locally minimal solution if f(8) <f (s) 8 s2 N (8)

In the last 20 years, a new approach to the design of approxinme algorithms has emerged
which basically tries to combine basic heuristic methods ina higher level framework aimed at
exciently and e®ectively exploring a search space. These rtieods are nowadays commonly
called metaheuristics In the following we shortly outline the most important constructive
methods before giving { in the following chapter { an overview of the state-of-the-art in
metaheuristic research for the JSP and the OSP.
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1.4.1 List scheduler algorithms

List scheduler algorithms are probably the most frequently applied constructive heuristics
for solving Shop Scheduling problems in practice. The reasofor that is their simplicity
in terms of implementation and their low time complexity. To construct a schedule, list
scheduler algorithms build a sequencs containing all operations of O exactly once { starting
with an empty sequence { by performingjOj steps as shown in Algorithm 1. A sequence
s unambiguously de nes a solutior? to an instance of a Shop Scheduling problem. For the
problem instance depicted in Figure 1.2, the sequenceil 0j 3j 5 4i 7j 8j 9j 2; 6
de nes group order 11 0 in group G1, 51 41 6 in group G4 and 81 9 in group Gg. It
also de nes machine orders @ 41 7,11 31 8,21 6 and 5! 0. In the following, partial
sequences are denoted bgy, wherex is the actual length of the partial sequence andy is its
“nal length. We also use the notation tes(0 j Sx;y) to denote the earliest possible starting time
of an operation o with respect to the partial sequencesy.,, 0 Z sy, . Note that these earliest
starting times are with respect to appending an operation toa partial sequence. Analogously,
tec(0] Sxy) = tes(0] Sxy)+ p(0) denotes the earliest possible completion time of an operatn
o with respect to the partial sequencesy.y, 0 Z sy, . In the course of this work the contents
of the t-th position in a sequences or a partial sequencesy.y, y , t, is denoted bys]t], sx.y[t]
respectively.

Algorithm 1 The basic list scheduler algorithm for Shop Scheduling prolems
Orem A O
So;joj IS an empty sequence
for t=1;::;jOj do
SAf 02 Orem j68°2 Orem With 0°2 preq Og
SPA Restrict(S)
0® A Choose§9

St; 1;jOj[t] =0
Orem = Orem Nf0°g
end for

There exist two major ways of implementing Restrict(S) in Algorithm 1. The one proposed
by Gi2er and Thompson [42] works as shown in Algorithm 2. First the earliest possible
completion times of all the operations in S are calculated. Then one of the machinesv *
with minimal completion time t® is chosen and seSCis the set of all operations inS which
need to be processed on machinkl ® and whose earliest possible starting time i<t ®. This
way of restricting set S produces active schedules (see Figure 1.3). Algorithm 1 usj the set
restriction given by Algorithm 2 is usually called GT algori thm.

Algorithm 2 Restrict(S) method by Gi2er and Thompson
Determine t* = min ftec(0] St; 1;j0j) ] 02 Sg
DetermineM ® = fM 2Mj9 02 S with m(0) = M and tec(0] St; 1;j0j) = t°Q
ChooseM ® 2 M “ randomly
S°Af 02 Sjm(0)= M® and tes(0; ; 150j) <t°g

SNote that the sequence to schedule mapping is a many to one mapping. Seeral sequences map to the
same schedule.
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The other major way of implementing Restrict(S) is called Non-Delay algorithm. It works
as shown in Algorithm 3. First the earliest possible starting time t” of all operations in S is
determined. Then SP consists of all operations inS which can start at time t°. As the name
indicates, this algorithm produces non-delay schedules (geFigure 1.3).

Algorithm 3 Restrict(S) method of the Non-Delay algorithm
Determine t* = min ftes(0] S; 1;j0j) j 02 Sg
SPAf 02 Sjtes(0] Sy 10j) = t°0

Over the years quite a lot of research has been devoted to ndig rules for choosing among
the operations in set S the one to be scheduled next. These rules are commonly called
priority rules or dispatching rules. Table 1.3 shows a seldon of them. We mention that
sometimes these rules are used probabilistically (in a roeftte-wheel-selection manner) instead
of deterministically. None of these rules can be singled oub be labeled the \best performing"
priority rule. Which rule performs best strongly depends on the structure of the problem
instance to be solved. A good overview on priority rules can b found in [51].

Table 1.3: Priority Rules

| Rule | Description
Random | An operation is randomly chosen
SPT An operation with shortest processing time
LPT An operation with longest processing time
MWR An operation with most work remaining in the job
LWR An operation with least work remaining in the job
LTW An operation with least total work in the job
MTW An operation with most total work in the job
MRO An operation with most remaining operations in the job
LRO An operation with least remaining operations in the job

1.4.2 The shifting bottleneck procedure

The shifting bottleneck procedure by Adams, Balas and Zawak [4] (for the JSP) and by
Ramudhin and Marier [90] (for the OSP) is one of the most poweful iterative constructive
procedures among heuristics for Shop Scheduling problemg:or the following description of
this method for the JSP we follow the description given in [19. The idea is to solve for each
machine a one-machine scheduling problem to optimality unde the assumption that a lot
of disjunctive arc directions in the optimal one-machine scledule coincide with an optimal
job shop schedule. Consider all operations of a JSP instanciat have to be scheduled on
a machineM . In the (disjunctive) graph G corresponding to a partial schedule (node set is
restricted to the operations already in the schedule) thereexists a longest path of lengthr,
with operation o as the last node. Processing of operation cannot start before time r, which
is called the head of operation 0. There is also a longest path of lengthg, with operation o
as the start node. Obviously, wheno is processed, it will take at leastq, time units to nish
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the whole schedule.q, is called the tail of operation o. Although the one-machine scheduling
problem with heads and tails is NP-complete, there is a powetfl branch and bound method
proposed by Potts [88] and Carlier [23] which dynamically clanges heads and tails in order
to improve the order of operations on one machine.

As the name suggests, the shifting bottleneck heuristic ahays schedules bottleneck machines
‘rst. As a measure of the bottleneck quality of a machine M, the value of an optimal
solution of a certain one-machine scheduling problem on madéhe M is used. The operation
orders on scheduled machines are fully determined. Hencelsxuling an additional machine
probably results in a change of heads and tails of those opetians whose machine order is
still open. For all machines not scheduled, the maximum makepan of the corresponding
optimal one-machine schedules, where the arc directions ohe already scheduled machines
are xed, determines the bottleneck machine. In order to mirimize the makespan of the JSP
the bottleneck machine should be scheduled rst. The basichsfting bottleneck procedure is
shown in Algorithm 4.

Algorithm 4 The basic shifting bottleneck procedure
M OA; is the set of already schedules machines
repeat
for M 2MnM %do
Compute head and tail for each operationo 2 M
Solve the one-machine scheduling problem for machinkl to optimality. CM,, denotes
the resulting makespan.
end for
Let M P be the bottleneck machine, i.e.CM.. ., CM._ 8M 2MnM ©
for M 2 M Cin the order of its inclusion do
UnscheduleM
Compute head and tail for each operationo 2 M
Solve the one-machine scheduling problem for machin®l to optimality
end for
unti M =M?O

Adams et al. [4] also proposed an improvement of the basic paedure which consists basically
of an enumeration tree where each path from the root to a leafd similar to an application of
Algorithm 4.

1.4.3 Insertion techniques and beam search

Insertion techniques have been successfully applied to mgrcombinatorial optimization prob-
lems. Especially for permutation problems (like the TSP andalso Shop Scheduling problems)
insertion algorithms often generate good solutions. Simdr to list scheduler algorithms, inser-
tion algorithms successively complete a partial solution.Let's assume, we build a permutation
as a sequence from left to right. Then the principle of inserion algorithms for Shop Scheduling
problems can be stated as follows. Given a partial sequencs;, = (s[1]; s[2]; 2 s[x])® with
X <y, an operation 0 Z sy, to be inserted next has to be determined. Operationo can now
potentially be inserted at most at x + 1 positions in the partial sequencesy.,. The feasible

®Remember that x denotes the actual length of the partial sequence whereasy denotes its nal length.
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ones among the possibilities are evaluated (exact makespan or nk@span approximations are
possible) and the best insertion point is chosen. The pseudoode for this mechanism is given
in Algorithm 5.

Algorithm 5 Framework for insertion techniques

Orem A O

Sojoj is an empty sequence

for t=1;::;jOj do
Choose operationo 2 Orem to be inserted next
Try to insert oin all t possible positions and evaluate the resulting feasible p#al se-
guences.
Chose the best insertion point and inserto.
Orem = Orem nfog

end for

The main di®erence to list scheduler algorithms is that the msertion position for list scheduler
algorithms is X (a new operation is always appended to a parial sequence) and the crucial
decision is to chose the next operation, whereas in insertio algorithms the order in which
the operations are inserted is usually x (e.g., ordered acarding to non-increasing processing
times) and the crucial decision is where to insert the next ogration in the partial sequence.
Insertion techniques for OSP have been proposed by BrAse2(]. An example for the JSP
is the algorithm proposed by Werner et al. [108]. For the Pernutation Flow Shop problem
which is a special case of the JSP a very well working insertioalgorithm has been proposed
by Nawaz et al. [77].

Often insertion algorithms are combined with a technique cdled beam search [84]. The basic
idea of this approach is to build a limited number of partial solutions in parallel. If a beamwith
of k is applied, we select in each step of the (parallel) insertin algorithm the k best partial
sequences (instead of just the best one). This selection ofptial sequences is called the beam.
This set of k partial sequences enters the next step of the insertion algdahm, and from the
set of all partial sequences obtained by inserting an oper&n at some position in one of the
partial sequences, we chose again thie best ones and proceed.

1.4.4 A matching algorithm combined with packing and insert ing

In 1998, Gugret and Prins [49] proposed a heuristic methoda solve the OSP which is based
on algorithms for generating matchings in bipartite graphs. The heuristic works as follows.
It partitions the set of operations into subsets, such that the operations in a subset can run
simultaneously without violating any constraints. A subset might be interpreted as a partial
schedule (a schedule slice). Obviously the length of a slias the duration of its longest task.
In a rst phase, successive subsets are computed and the rdsng slices are concatenated to
generate a complete schedule. In a second phase, this prelimary schedule is improved by
packing the slices, which means starting every operation as soon asopsible.

Gutret and Prins proposed 3 di®erent matching algorithms @ generate di®erently weighted
matchings in the rst phase of the algorithm: (i) applicatio n of the well-known Hungarian
algorithm generates min-weight resp. max-weight matchings(ii) applying a variant of Dijk-

"Remember that a feasible (partial) schedule is characterized by an acyclic disjunctive graph representation.
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stra’'s algorithm for computing paths of maximum capacity generates min-max resp. max-min
matchings and (iii) an algorithm proposed by Martello et al. [66] provides balanced match-
ings®.

For the second phase they proposed the iterative \packing" nechanism shown in Algorithm 6
which takes as input the partition of the operations produced by the matching algorithm of

the rst phase.

Algorithm 6  The iterative packing method
Let P = fP;:::; Pcg be the partition generated by the matching algorithm
ChoseP® with jP"j = maxfjPjj P 2 Pg
Schedule the operationso 2 P“f all have starting time Og

P=PnP"
S[1]A P®fS is a sequence of partition elements
while P 6 ; do

gcpA 0

for eachP 2 P do
for 1 =1;::;jSji 1do
Schedule the operationso 2 P betweenS[l] and S[I + 1]
Compute the makespan of the new partial scheduleC28ior®
Pack the new partial sequence n
arter

Compute the makespan of the new partial scheduleCmax
before
if Smx_ > gcp then

Cax
~ Cbefore
gopA G
Pe=P
# =1
end if
end for
end for
Schedule the operationso 2 P* between S[I°] and S[I° + 1]
Add P to S at position 1” (while moving all partition elements P in S at positions| , I°
one position to the right)
end while
Pack the nal schedule

The algorithm outlined in this section was improved by an addtional insertion technique and
the application of a local search method for which we refer tq49].

8In a balanced matching the di®erence in length between the smalles and the longest task is minimized.



Chapter 2

Metaheuristics for Job and Open
Shop Scheduling

Metaheuristic algorithms include! { but are not restricted to { Ant Colony Optimization
(ACO), Evolutionary Computation (EC) including Genetic Al gorithms (GA), Iterated Local
Search (ILS), Simulated Annealing (SA), and Tabu Search (TS. Up to now there is no com-
monly accepted de nition for the term metaheuristic. It is just in the last few years that
some researchers in the “eld tried to propose a de nition. Inthe following we quote some of
them:

\A metaheuristic is a set of concepts that can be used to de neheuristic methods that can
be applied to a wide set of di®erent problems. In other wordsa metaheuristic can be seen
as a general algorithmic framework which can be applied to derent optimisation problems
with relatively few modi cations to make them adapted to a speci ¢ problem." This is the
description of metaheuristics used in the Metaheuristics Ntwork [114].

\A metaheuristic is formally de ned as an iterative generation process which guides a subor-
dinate heuristic by combining intelligently di®erent concepts for exploring and exploiting the
search space, learning strategies are used to structure imfmation in order to nd ezciently
near-optimal solutions." This citation is taken from a metah euristics bibliography by Osman
and Laporte [83].

"A metaheuristic is an iterative master process that guidesand modi es the operations of
subordinate heuristics to exciently produce high-quality solutions. It may manipulate a
complete (or incomplete) single solution or a collection ofsolutions at each iteration. The
subordinate heuristics may be high (or low) level procedurs, or a simple local search, or just
a construction method." This citation is taken from \Meta-he uristics: Advances and Trends
in Local Search Paradigms for Optimization”, by Voss, Martello, Osman and Roucairol [106].

\Metaheuristics are typically high-level strategies which guide an underlying, more problem
speci ¢ heuristic, to increase their performance. The maingoal is to avoid the disadvantages
of iterative improvement and, in particular, multiple descent by allowing the local search to
escape from local optima. This is achieved by either allowig worsening moves or generating

Lin alphabetical order
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new starting solutions for the local search in a more \inteligent" way than just providing
random initial solutions. Many of the methods can be interpreted as introducing a bias such
that high quality solutions are produced quickly. This bias can be of various forms and can
be cast as descent bias (based on the objective function), meory bias (based on previously
made decisions) or experience bias (based on prior performee). Many of the metaheuristic
approaches rely on probabilistic decisions made during thesearch. But, the main di®erence
to pure random search is that in metaheuristic algorithms randomness is not used blindly but
in an intelligent, biased form." This citation is taken from the PhD thesis of StAitzle [99].

Summarizing, we outline fundamental properties which chaacterize metaheuristics:

2 Metaheuristics are strategies that \guide" the search proess.

2 The goal is to exciently explore the search space in order to nd (near-)optimal solu-
tions.

2 Techniques which constitute metaheuristic algorithms rarge from simple local search
procedures to complex learning processes.

2 Metaheuristic algorithms are approximate and non-determinstic.

2 Metaheuristics incorporate mechanisms to avoid getting tapped in con ned areas of
the search space.

2 The basic concepts of metaheuristics permit an abstract lesl description.
2 Metaheuristics are not problem-speci c.

2 Metaheuristics make use of domain-speci ¢ knowledge as heistics controlled by the
upper level strategy.

2 Metaheuristics often use search experience (memory) to gde the search.

In short we could say: Metaheuristics are high level concept for exploring search spaces by
using di®erent strategies. These strategies should be clasin such a way that a dynamic
balance is given between the exploitation of the accumulaté search experience (which is
commonly calledintensi cation ) and the exploration of the search space (which is commonly
called diversi cation ). This balance is necessary on one side to quickly identifyegions in the
search space with high quality solutions and on the other sid not to waste too much time
in regions of the search space which are either already expled or don't provide high quality
solutions.

The structure of the strategies is highly dependent on the pliosophy of the metaheuristic
itself. There are several di®erent philosophies behind thexisting metaheuristics. Some of
them can be regarded as \intelligent" extensions of local sarch algorithms. The goal of this
kind of metaheuristic is to escape from local minima to proced in the exploration of the
search space and to move on to nd other hopefully better lochminima. This is for example
true for Tabu Search, Iterated Local Search, Variable Neighorhood Search, GRASP and
Simulated Annealing. These metaheuristics (also called t@jectory methods) work on one
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or several neighborhood structure(s) imposed on the member(the solutions) of the search
space.

We can nd a di®erent philosophy in algorithms like Ant Colony Optimization and Evolution-
ary Computation. They incorporate a learning component in the sense that they implicitly or
explicitly try to learn correlations between solution components to identify high quality areas
in the search space. This kind of metaheuristic performs in aense a biased sampling of the
search space. For instance, in Evolutionary Computation ths is achieved by a recombination
of solutions and in Ant Colony Optimization this is achieved by sampling the search space in
every iteration according to a probability distribution.

2.1 Classi cation of metaheuristics

There are di®erent ways to classify and describe metaheutis algorithms. Depending on the
characteristics selected to di®erentiate between them, seral classi cations are possible, each
of them being the result of a speci ¢ viewpoint. We brie°y summarize the most important
ways of classifying metaheuristics.

Nature-inspired vs. non-nature inspired. Perhaps, the most intuitive way of classifying
metaheuristics is based on the origins of the algorithm. Thee are nature-inspired algorithms,
such as Genetic Algorithms and Ant Algorithms, and non nature-inspired ones such as Tabu
Search and lterated Local Search. In our opinion this classtation is not very meaningful for
the following two reasons. First, many recent hybrid algorthms do not t either class (or, in
a sense, they 't both at the same time). Second, it is sometime ditcult to clearly attribute
an algorithm to one of the metaheuristics.

Population-based vs. single point search. Another characteristic which can be used for
the classi cation of metaheuristics is the number of solutons used at the same time: Does the
algorithm work on a population or on a single solution at any time? Algorithms working on
single solutions are calledtrajectory methods and encompass local search-based metaheuris-
tics, such as Tabu Search, Iterated Local Search and Varialel Neighborhood Search. They all
share the property of describing a trajectory in the search pace during the search process.
Population-based metaheuristics on the contrary perform sarch processes which describe the
evolution of a set of points in the search space.

Dynamic vs. static objective function. Metaheuristics can also be classi ed according
to the way they make use of the objective function. While somealgorithms keep the objective
function given in the problem representation \as it is", some others, such as Guided Local
Search (GLS), modify it during the search. The idea behind ths approach is to escape from
local optima by modifying the search landscape. Accordingl, during the search the objective
function is altered by trying to incorporate information co llected during the search process.

One vs. various neighborhood structures. Most metaheuristic algorithms work on one
single neighborhood structure. In other words, the tness andscape which is searched doesn't
change in the course of the algorithm. Other metaheuristics like Variable Neighborhood
Search (VNS), use a set of neighborhood structures which gés the possibility to diversify
the search and tackle the problem jumping between di®erent tness landscapes.
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Memory usage vs. memory-less methods. A very important feature to classify meta-
heuristics is the use they make of the search history, that isvhether they use memory or
not. Memory-less algorithms perform a Markov process, as thénformation they exclusively
use is the current state of the search process to determine ghnext action. There are several
di®erent ways of making use of memory. Usually we di®erentia between short term and long
term memory structures. The rst usually keeps track of recently performed moves, visited
solutions or, in general, decisions taken. The second is ually an accumulation of synthetic
parameters and indexes about the search. The use of memory i®wadays recognized as one
of the fundamental elements of a powerful metaheuristic.

We nd it most natural to describe metaheuristics following the single point vs. population-
based search classi cation, which divides metaheuristicato trajectory methods and methods
based on populations. This is motivated by the fact that this categorization permits a clearer
description of the algorithms. Moreover, a current trend is the hybridization of methods in
the direction of the integration of single point search alggithms in population-based ones.

Most of the metaheuristic algorithms iterate on a main loop. This process is stopped as
soon as one or more termination conditions are met. Possibleermination conditions include:
maximum CPU time, a maximum number of iterations, a solution s with f (s) less than a pre-
de ned threshold value is found, or the maximum number of iterations without improvements
is reached.

In the following two sections, the state-of-the-art in metaheuistic research for JSP and OSP
is presented.

2.2 Evolutionary Computation

Evolutionary Computation (EC) algorithms are inspired by n ature's capability to evolve liv-
ing beings well adapted to their environment. EC algorithms can shortly be characterized as
computational models of evolutionary processes. In everytération a number of operators is
applied to the individuals of the current population to generate the individuals of the populat-
ion of the next generation (iteration). Usually EC algorith ms use operators to recombine two
or more individuals to produce new individuals calledrecombination or crossoveroperators,
and also operators which cause a self-adaptation of individals calledmutation or modi cation
operators (depending on there structure). The driving force in evolutionary algorithms is the
selection of individuals based on their tness (this can be the value of an objective function
or the result of a simulation experiment, or some other kind ¢ quality measure). Individuals
with a higher tness have a higher probability to be chosen asmembers of the next iterations
population (or as parents for the generation of new individwals). This corresponds to the
principle of survival of the ttest in natural evolution. It is the capability of nature to adapt
itself to a changing environment, which gave the inspiration for EC algorithms.

There has been a variety of slightly di®ering EC algorithms poposed over the years. Basically
they fall into three di®erent categories which have been dealoped independently from each
other. These are Evolutionary Programming (EP) developed ly Fogel et al. in 1966 [40] [41],
Evolutionary Strategies (ES) proposed by Rechenberg in 19¥ [92] and Genetic Algorithms
initiated by Holland in 1975 [53] (see [46] and [73] for furtler literature). EP arose from
the desire to generate machine intelligence. While EP origially was proposed to operate
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on discrete representations of nite state machines, most fothe present variants are used
for continuous optimization problems. The latter also holds for most present variants of ES,
whereas GAs are often used to tackle discrete optimization mblems. Over the years there
have been quite a few overviews and surveys about EC method#smong those are the ones
by BAck [8], by Fogel [39], by Spears et al. [96] and by MichaWwicz et al. [71]. Cal§gary et
al. [22] tried to give a taxonomy of EC algorithms. A \combinatorial optimization"-oriented
introduction into the eld of EC methods is the overview work by Hertz et al. [52], which
gives, in our opinion, a good overview of the di®erent compants of EC algorithms and of
the possibilities to de ne them. Algorithm 7 shows the basicstructure of every EC algorithm.

Algorithm 7 Evolutionary Computation (EC)
P A GeneratelnitialPopulation()
Evaluatef)
while termination conditions not met do

PYA RecombineP)

POA Mutate(P9

EvaluateP %

P A SelectP®] P)
end while

In this algorithm, P denotes the population of individuals. A population of o®spring is gener-
ated by recombination and mutation operators and the individuals for the next population are
selectedfrom the union of the old population and the o®spring populaton. In the following

we outline the most important EC algorithms to tackle the JSP and the OSP.

2.2.1 EC algorithms to tackle the JSP

EC algorithms have been widely used in the last 10 to 15 yearsot tackle the JSP. A wide
variety of algorithms has been developed. A good overview futil 1997) is given by the
work of Yamada and Nakano [112]. EC algorithms to tackle the SP di®er mainly in the
representation used and the recombination operators appéid. In the following we mainly
focus on these two aspects. We split the di®erent EC algoritims into sections depending on
the solution representation used.

2.2.1.1 Binary representation

The rst algorithms proposed were based on abinary representation which can be applied
to any combinatorial optimization problem. As described in Section 1.1, a (semi-active)
schedule can be obtained by assigning to all disjunctive aca direction such that the resulting
graph remains acyclic. Therefore, by associating every djgnctive arc with a position in a
bit string where the value at this position (0 or 1) indicates the direction, a schedule can
be represented by a binary string. An advantage of using the binary representation is that
conventional recombination and mutation operators, such & one-point, multi-point or uniform
crossover can be applied. However a resulting bit string milgt potentially be infeasible (the

2Usually the following convention holds: The value for a disjunctive arc €oj 0y (Where i< k)is 1if the
arc is directed from oj to oy . O otherwise.
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corresponding disjunctive graph might contain cycles). Trere are two approaches to deal with
this problem: one is to repair an illegal string and the otherone is to add a penalty term to
the objective function to penalize infeasible solutions.

An example for such a conventional EC method is the algorithmproposed by Nakano and
Yamada [76]. They use a method which they calharmonization to repair infeasible bit strings.
They also experiment with a mechanism calledorcing. An illegal bit string produced by the
operators can be considered as a genotype, and a feasible caféer repair can be considered
as a phenotype. Therefore, repairing a bit string does not neessarily mean replacing it with
the repaired version, which would be called forcing. Nakancand Yamada experiment with
limited forcing which improved convergence speed and solidn quality. However, the results
obtained (compared to the state-of-the-art) are not competitive.

2.2.1.2 Permutation representation

A solution to a JSP instance can be characterized by a permutdon of the operations of each
machine. Therefore, a schedule can be represented by the seft permutations (one for each
machine) specifying the processing orders on machines. Thelvantage of this representation
is that operators developed for permutation problems like he Traveling Salesman Problem
(TSP) can be used on every one of then partitions constituting a solution.

Kobayashi et al. [58] presented an algorithm using a recombiation operator called Subse-
quence Exchange CrossovdSXX), a natural extension of the subtour exchange crossowefor
TSPs. A pair of subsequences both originating from the permtation representing the order
on the same machineM;, one from a solutionsy and one from a solutions;, is exchangeable if
and only if the corresponding operations belong to the sameops. Figure 2.1 shows an exam-
ple. In case the resulting solution is not feasible, Kobayds et al. use the GT algorithm (see
Section 1.4.1) to produce a feasible schedule as similar tdn¢ infeasible schedule as possible.

M1 M2 M3 M4
parent1581 942 37 610

parent2185 249 73 610

\4
offspring1 518 492 73 610
offspring2 815 294 37 610

Figure 2.1: SXX crossover: An example for two solutions to tle JSP instance shown in
Figure 1.1,a).

A second permutation representation is based on a permutatin with repetitions. For every
job Ji, i =1;:::;n the number i occursjJij times in such a permutation with repetitions. By
scanning the permutation from left to right the k-th occurrence of a job number refers to
the k-th operation in the ordered sequence of operations belonggnto this job (also called
the technological order). An example on how to decode such agsmutation is given in
Figure 2.2. The well-known order crossover and the partiallymapped crossover for the TSP
are adapted for the application to this representation by Bierwirth et al. [12, 13]. They called
the adapted crossover version§&eneralized Order Crossove(GOX) and Generalized Partially
Mapped Crossover(GPMX). They also proposed Precedence Preservative CrossovefPPX)
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1322312132
Yy
M1 18
M2 4
M3 317
M4 10

Figure 2.2: Decoding of a chromosome for the permutation wh repetition representation:
The chromosome encodes a solution to the JSP instance shown Figure 1.1,a).

which respects the absolute order of genes in parental chronsomes. A randomly generated
bitstring of the length of the chromosomes is used to determie for each gene from which
parent to take it. An example is shown in Figure 2.3

None of the algorithms mentioned in this section belongs to e state-of-the-art nowadays.

parentl @/24&2]/2 132
bitstring @ O T K1 0 0 0

+
parent2 3@4% ¥112

offspring 1 323212132

Figure 2.3. PPX crossover: An example for two solutions to tle JSP instance shown in
Figure 1.1,a).

2.2.1.3 Algorithms without speci ¢ representation

For some algorithms a speci ¢ representation is not necessa as the operators don't work
on the chromosomes themselves, but rather work on the informtion which is contained in a
solution. An example for such an algorithm is the GT crossovebased EC algorithm proposed
by Yamada and Nakano [109]. The GT crossover takes two solutins sp and s; as input and
produces o®spring as follows. For every machinkl;, j = 1;::;;m we have a binary decision
variable Hj for all positions | = 1;:::;jM;jj. Values for these decision variables are randomly
generated. Then the GT crossover { instead of using a prioriy rule to choose from the
restricted set S®as the GT algorithm does { chooses the operatioro® 2 S°which is scheduled
earliest on machineM; in parent sg if Hyc =0, or in parent s; if Hjx =0 (kj 1 operations
are already scheduled on machinél; in the o®spring). A second o®spring is generated by
reversing the values of the decision variables. The advantge of the GT crossover or similar
operators is that they directly incorporate domain knowledge into the algorithm. By using
the GT crossover the search process is limited to active schi@les which is ne, because an
optimal schedule must obviously be an active one. The resudt obtained by the algorithm
proposed in [109] are quite good, but worse than the state-ofke-art.

An EC algorithm proposed by Ono et al. [81] applies a crossoveoperator called Job-Order
Based Crossover(JOX) which is especially designed to preserve characteries of the parent
schedules. It works as follows. A solution to the JSP speci & for every machine the order
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in which to process its operations. So, for every job we knowhe absolute position of its
operations in these machine orders. For the crossover of tweolutions, rst for every job

it is randomly decided if its operations keep their absolutepositions in the machine orders
given by the parents. Then the operations to keep their absaite positions are copied from
parent 1 to o®spring 1 and from parent 2 to o®spring 2. After tlat for o®spring 2 the missing
operations for every machine are taken in the order given by grent 1 and copied in this
order into the still free positions (respectively for o®sping 1 and parent 2). We mention this
method not because there is much evidence that the algorithnproposed in this paper is very
e®ective, but rather for the fact that JOX is used in one of thestate-of-the-art EC methods
to be outlined later.

Among the best performing EC methods for the JSP are the ones sing a recombination
operator guided by probabilistic local search. The rst recmmbination operator of that kind,
which is called Multi-Step Crossover Fusion (MSXF), was proposed by Yamada and Nakano
in [111]. The EC algorithm MSXF-GA based on MSXF belongs to thestate-of-the-art among
EC algorithms to tackle the JSP, therefore we outline it in more detail. The MSXF operator
works as follows. Letsy and s; be the parent solutions, and letd(so; s1) be the DG distance?
betweensy and s;. Then a probabilistic local search with starting solution sy and bias towards
s; is applied as shown in Algorithm 8. This algorithm takes two parent solutions s and s
as input and returns the best solution found during the probabilistic search.

Algorithm 8 MSXF crossover
Spest A S0, Scurrent A So

repeat
repeat
Selects 2 N 3(Scurrent ) With roulette wheel selection inverse proportional to the dis-
tancesd(s; s1).
if Cmax(s)~< C max (Scurrent ) then
Scurrent A S
else
Accept s with probability p(s; Scurrent ; T)f See texy
end if
until s is accepted
if Cmaxsscurrent ) < C max(Spest) then

Sbest A Scurrent
end if

until  some termination condition satis ed
Return Spest

The stochastic local search in Algorithm 8 applies a Simula¢éd Annealing like acceptance
criterion. If the new solution is worse than the current one t is still accepted with the
following probability

u : l
Cmax(8) i Cmax(Scurrent )
T

3If we regard two schedules in disjunctive graph form, then the DG di stance between two solutions s and
s; is the number of disjunctive arcs which are of di®erent direction.

P(S; Scurrent ; T) = exp (2.1)
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The temperature parameter T is kept constant in the course of the recombination operatio.
The neighborhood structure used is theN 3 neighborhood introduced by [27] and to be outlined
in Section 2.3.1. Mutation is applied in MSXF-GA by applying A Igorithm 8 with choosing
among the neighbors of the current solution proportional { instead of inverse proportional {
to the distancesd(s;s;). This mutation operator is applied \instead" of the crossover version
in case the two parent solution are too close to each other.

Another interesting component of MSXF-GA is the usage of thereversed problem instance
In general, a given problem instance of the JSP can be convert to the so-called reversed
problem by reversing the precedence relations of operatiain the jobs (the technological
sequences). Obviously, the reversed problem instance is @galent to the original problem
instance in the sense that reversing the job orders of any sedule for the original problem
instance results in a schedule for the reversed problem inghce with the same makespan.
An active schedule to the original problem instance might beimproved by performing the
following steps: (i) reverse the solution, (ii)) make the rewersed solution active, (iii) reverse
the active reversed solution, (iv) make the re-reversed solion active again. To exploit the fact
that sometimes the reversed problem instance is easier to b@ than the original one, MSXF-
GA starts with a starting population where half of the indivi dual are (active) solutions to the
original problem instance and the other half are (active) sdutions to the reversed problem
instance. Additionally, before crossover or mutation is aplied, an operator reverses every
individual to a certain probability.

Sakuma and Kobayashi [94] proposed an EC algorithm that comimes the JOX crossover
[81] and a crossover calledExtrapolation-Directed Crossover (EDX). The EDX crossover is
very similar to the MSXF crossover outlined above. In fact, the only di®erence to MSXF
is that EDX incorporates a way of adjusting between interpolation behavior (in MSXF the

crossover setting) and extrapolation behavior (the mutation version of MSXF). The results
of this algorithm are comparable to the performance of MSXF-GA. They clearly improve on

the algorithm proposed by Ono et al., which is only using JOX & a crossover operator.

The best EC algorithm for the JSP at the moment is a multi-population method called

Innately Split Model (ISM) proposed by Ikeda and Kobayashi [54]. They analyzed tw well

known and dixcult JSP instances to observe that good quality solutions are scattered all over
the search spac& This, in general, makes it dicult or sometimes even imposible to detect

good \building blocks" (parts good solutions have in commor). This observation emphasizes
the need for a good diversi cation mechanism in search algithms. The performance of ISM

suggests that an EC operating with multiple populations is a good way of attacking this

problem. The multiple populations in ISM are handled as follows.

2 |SM starts with a number of n, populations with a number of n; individuals each. A
population is initialized by generating a random solution with the GT algorithm and
by generating n; i 1 mutations of this individual (JBSC proposed in [80] is usedas
mutation operator). The motivation is to initialize a popul ation in a con ned area of
the search space.

2 When two populations come too close to each other, one of theris removed from the
search process and a new one is initialized.

4This was also observed by Mattfeld and Bierwirth in [68] who performed a search space analysis for the
JSP.
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2 When a population doesn't improve during some xed period oftime, it is removed
from the search process and a new one is initialized.

As crossover operator JOX together with the GT algorithm for forcing is used and crossover
partners have to be chosen from the same population. In casehé two parents chosen for
crossover are of the same quality (not necessarily the samelsitions) then mutation instead
of crossover is applied. An additional feature is that { as pioposed in [111] { the algorithm
works on both, solutions to the original problem and solutions to the reversed problem.

2.2.1.4 Heuristically guided EC approaches

In contrast to the EC algorithms outlined in the previous sedions, which are working on

more or les$ direct representations, the philosophy of heuristically giided EC approaches is
a di®erent one. These kind of algorithms work on indirect repesentations in the sense that a
chromosome no more represents a solution itself, it rather vides instructions to a schedule
builder on how to build a solution. This bears the advantage hat all possible chromosomes
result in feasible solutions.

The “rst algorithm of this kind was proposed by Fang et al. [36]. A chromosome is of length
jOj and the domain for every locus i 1; :::; ng. The schedule builder scans a chromosome from
left to right. A number a 2 f 1;::;;ng means: Schedule the st untackled task (according
to the technological sequence) of thea-th job with unscheduled operations at the earliest
possible place in the current partial schedule. The schedel builder keeps a circular list of
uncompleted jobs to determine thea-th job with a modulo operation. To insert an operation
in the partial schedule, the schedule builder (without charging the starting times of operations
already scheduled) looks for a hole in the partial machine sgience where the operation can
be scheduled without creating con®icts. If no hole is found,the operation is scheduled at
the earliest time as last operation in the corresponding patial machine sequence. Examining
the behavior of their algorithm, Fang et al. noticed that the convergence of the algorithm
is characterized by an early convergence in the front parts bthe chromosomes and a late
convergence in the last parts of the chromosomes. This is reanable as the meaning of the
numbers at the end of a chromosome are dependent on the numbseiin the front part of
a chromosome. Based on this observation the crossover pomffor one-point crossover and
the positions for mutation are determined by a mechanism whth they call Gene-Variance
based Operator Targeting(GVOT). This mechanism works by measuring the diversity of genes
at each position of the chromosomes in a pool, and choosing ¢hactual point of crossover
or mutation via roulette-wheel-selection proportional to these variances. This mechanism
improved the algorithm considerably. However, the resultsare worse than those of state-
of-the-art algorithms. The performance of this algorithm might be improved by using local
search to improve solutions after crossover.

Dorndorf and Pesch [34] proposed a di®erent heuristicallywded EC algorithm called Priority

Rule Based GA (P-GA). Chromosomes are of lengthn i 1. The domain for each position
in the chromosomes consists of identi ers for di®erent prioty rules to be used by the GT
algorithm which is used as the schedule builder. This meanshiat the choice of an operation

®A direct representation where also infeasible solutions are allowed can also be regarded as an indirect
representation.
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from the restricted set S° for a position | in the sequence of operations build by the GT
algorithm is made with the priority rule on position | of a chromosome.

Another heuristically guided EC algorithm { also proposed by Dorndorf and Pesch in [34]
{ called Shifting Bottleneck Based GA(SB-GA) controls the selection of nodes in the enu-
meration tree of the shifting bottleneck heuristic (see Setion 1.4.2). Here an individual is

represented by a permutation of machine numbers 1:;; m where the entry in the i-th position

of a chromosome represents the machine to be optimized in Atgithm 4. A cycle crossover
operator is used as the crossover for this permutation reprentation.

2.2.2 EC algorithms to tackle the OSP

So far the research on EC algorithms speci cally built to tackle the OSP is somewhat the
“fth wheel on the wagon. The most well-known EC algorithms exgicitly proposed to tackle
the OSP are the 3 versions of a heuristically guided EC algothm proposed by Fang et al.
in [37]. In the Trst version called JOB+OP, a chromosome is oflength 2jOj. There are two
loci associated with every construction step. The rst one & them refers to an operation the
second one to the job the operation has to be taken from. The dwmain for the rst loci is
f1;:::;mg and the domain for every second locus i$1;::;;ng. The schedule builder scans a
chromosome from left to right. For a construction step, the rumbersa 2 f 1;::;;mg in the
“rst locus and b 2 f 1;:::;;ng in the second locus mean: Schedule the rsh-th unscheduled
operation (according to the technological sequence) of thi-th uncompleted job at the earliest
possible place. Again like in the JSP version of this algorihm the schedule builder keeps a
circular list of uncompleted jobs and for every uncompletedjob a circular list of unscheduled
operations. The a-th operation and the b-th job are determined by modulo operations. This
version is a natural extension of the version to tackle the J® proposed in [36].

A second version of the algorithm uses the same chromosomes ¢he JSP version of the
algorithm and choses an unscheduled operations from tha-th uncompleted job by applying
an apriori chosen priority rule (see Table 1.3 for a selectin of priority rules). This version is
called FH (for "xed heuristic).

The third version called EHC (for evolved heuristic choice) evolves the heuristic choice for
every construction step. It uses the chromosomes of versialOB+OP except that the domain
for the rst loci for every construction step is now a set of identi ers for di®erent priority rules.
The results show that versions FH and EHC are superior to JOB+OP. In some cases best
known solutions (generated by a Tabu Search approach by Tal&rd [101]) could be improved.

A technical report about EC methods applied to the OSP was prgared by Prins [89]. Finally
we mention that quite a few EC algorithms developed for the J® could be adapted to work
for the OSP.

2.3 Tabu Search

Tabu Search is a metaheuristic method based on local searciBasic local search is usually
called iterative improvement, since each mov@ within a given neighborhood structure N is

A move is the transition from a solution s to a solution s°2 N (s) and usually de ned by the modication
which has to be done to s in order to generate s°.
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only performed if the solution it produces is better than the current solution. The algorithm
stops as soon as it nds a local minimum (see Section 1.4 for thde nition of local and
global minima and the neighborhood structure). The algorithmic framework for iterative
improvement is sketched in Algorithm 9.

Algorithm 9  Iterative Improvement
s A GeneratelnitialSolution()
repeat

s A Improveg,N (s))
until  no improvement is possible

The function Improveg,N (s)) can either be a rst improvement, or a best improvementfunc-
tion. The former scans the neighborhoodN (s) and chooses the rst solution which improves
the objective function, the latter exhaustively explores the neighborhood and returns one of
the solutions with the lowest objective function value. Both methods stop at local minima,
therefore their performance strongly depends on the de niion of S, f and N. The perfor-
mance of iterative improvement procedures on CO problems isisually quite unsatisfactory,
thus several technigues have been developed to prevent alginms from getting trapped in
local minima, or to escape from them. One of these techniqueis Tabu Search.

Tabu Search (TS) is among the most cited and used metaheurigts for CO problems. The
basic ideas of TS were rstintroduced in [43] and independetty sketched in [50]. A description
of the method and its concepts can be found in [45]. TS explitly uses the history of the
search, both to avoid local minima and to implement an exploative strategy. The framework
of the basic algorithm is given in Algorithm 10.

Algorithm 10 Tabu Search (TS)
s A GeneratelnitialSolution()

kA O
while termination conditions not met do
AllowedSet(s;k) Af z 2 N (s) j no tabu condition is violated or at least one aspiration
condition is satis edg
s A ChooseBestO AllowedSet(s; k))
UpdateTabuListsAndAspirationConditions()
KA k+1
end while

The basic algorithm applies a best improvement local searclas basic ingredient and uses a
short term memory to escape from local minima and to avoid cycles. The short tan memory
is implemented as a set oftabu lists that store solution attributes. Attributes are usually
components of solutions, moves, or di®erences between twolgions. Since more than one
attribute can be considered, a tabu list is introduced for eaxh of them. The set of attributes
and related tabu lists de ne the tabu conditions which are used to Tter the neighborhood of
a solution and generate theallowed sef which is a subset of the set of neighbors. The use
of tabu lists prevents the algorithm from returning to recently visited solutions, therefore it
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prevents from in"nite cycling 7 and forces the search to accept even uphill moves. The length
| of the tabu list (tabutenure) controls the memory of the search process. With small tabu
tenures the search will concentrate on limited areas of the earch space. On the opposite,
a large tabu tenure forces the search process to explore lag regions, because it forbids
revisiting a higher number of solutions. The tabu tenure canbe varied during the search
process.

Storing only attributes of recently visited solutions in th e tabu lists introduces a loss of
information, as forbidding a move means assigning the tabu tatus to probably more than
one solution. Thus, it is possible that unvisited solutions of good quality are excluded from
the allowed set. To overcome this problem,aspiration criteria are de ned which allow to
include a solution in the allowed set even if it is forbidden ly tabu conditions. Aspiration
criteria de ne the aspiration conditions that are used to construct the allowed set. The most
commonly used aspiration criterion selects solutions whig are better than the current best
one.

2.3.1 Tabu Search algorithms to tackle the JSP

Tabu Search has been applied to the JSP since about 15 years @ lot of research has been
devoted to the development of neighborhood structures, whih are the crucial ingredient of

any local search based method. All the neighborhood structres to be outlined in the following

are de ned on at least semi-active schedules. To be able to dee the di®erent neighborhood
structures some extra notations are needed:

2 Given an instance of the JSP, for an operationo, jp (o) and js (o) denote the immediate
predecessor and successor ofin the technological sequence given for jol = j (o) by
the problem instance.

2 Furthermore, given a solution s, mpo and mso denote the immediate predecessor and
successor of an operatiom in the machine sequence of machin® = m(o).

We also require the following de nition.

De nition 3  Given a solution s to an instance of the JSP, amachine block is a maximal
sequence (of size at least one) of operations on the same mawuh on a critical path of s. An
operation o of a machine block is callednternal operation, if it is neither the rst nor the
last operation on the machine block.

Neighborhood Ng: The rst and most simple neighborhood Ng is de ned as follows. A
pair of operations o, o° are swapablewith respect to a solution s, if m(o) = m(0% and either
o= mp(0) or o®= mp(0). In other words: o and o are swapable if they are neighbors
in the machine sequence given by solutiors. A swapping step which consists in reversing
the processing orders of two operation® and o° is depicted in Figure 2.4. Note that this
neighborhood is relatively large and contains many neighbis which are infeasible. Another
disadvantage of this neighborhood is that many neighbors o& solution are not of better qual-
ity. If for example the two swapped operations are not on a criical path, then this critical

"Cycles of higher periods are possible, since the tabu list has a Tite length | which is usually smaller than
the cardinality of the search space.
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mp(o)

Figure 2.4: An example for reversing the processing ordersfdwo operations o and o° where
o= ms(0). The dashed arcs show the resulting processing orders.

path still exists in the obtained neighbor. To our knowledge there is no well-working TS
method based on this neighborhood.

Neighborhood Ni5: This neighborhood outlined by Van Laarhoven et al. in [59] isbased
on the following observations:

2 Reversing the processing orders of two swapable operatiornsn a critical path with
respect to a solutions can never lead to an infeasible solution.

2 If the reversal of the processing orders of two swapable opations that are not on
a critical path with respect to a solution s leads to a feasible solutions® then the
makespan ofs® can not be shorter than the makespan of as the critical path in s still
exists in s°

The neighborhoodN 15 of a solution s is de ned by all solutions s°which can be generated by
reversing the processing orders of two swapable operations any machine block of a critical
path in s. The advantage of this neighborhood is that it is connected.

A re nement Ny, of neighborhoodN 14 was introduced by Matsuo et al. in [67]. This neigh-
borhood is based on the following observation:
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Machine block

S~ —

Figure 2.5: An example for neighborhoodN3: An operation o is moved to the beginning of
the machine block of which it is an internal operation. The dashed arcs show the resulting
processing orders.

2 Reversing the processing orders of two swapabl@iternal operations on a critical path
with respect to a solution s can never lead to a better quality solution s®

Therefore N1, is de ned asN i, excluding the swapable, internal operations.
A further re nement Nic of neighborhood Ny is proposed by Nowicki and Smutnicki [79].
This neighborhood is based on the following observation:

2 Reversing the processing orders of the rst two operations fothe "rst machine block on
a critical path with respect to a solution s can never lead to a better quality solution
s® The same holds for the last two operations in the last machie block on a critical
path with respect to a solution s.

Therefore N1 is de ned as Ny excluding the rst two operations in the rst machine block
of a critical path and the last two operations in the last machine block of a critical path.

Neighborhood N»: Dell'’Amico and Trubian [27] proposed the following neighbahood. For
any two swapable operationso and o° = ms(0) at the beginning or the end of a machine
block on a critical path with respect to a solution s neighbors are obtained by permuting the
processing orders of the operationsnp(o), o and o° or the operations o, o® and ms(0% such
that o and o° are interchanged and the resulting solution is feasible.

Neighborhood N3: Another neighborhood proposed by Dell’Amico and Trubian [27] is de-
‘ned as follows. Considered are machine blocks of size at Ietwo. Neighbors are generated
by positioning an operation o immediately in front of the rst operation or after the last
operation in its machine block. Only feasible neighbors areonsidered. See Figure 2.5 for an
example.

Neighborhood N4: This neighborhood proposed in [67] re-orients at most three dges
simultaneously. A neighbor is obtained by reversing the praessing orders of two swapable
operations o and 0 = ms(0) at the beginning or the end of a machine block in a critical
path. And in addition by (if they exist) reversing the processing orders of operationgp (09
and mp(jp'(aY) for somet , 1 and by reversing the processing orders of operations (0)
and ms(js (0)). In this description jp!(0) of an operation o denotes itst-th job predecessor
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ip(::(jp(0)). The additional interchanges are only performed if certain additional conditions
are met. We refer to [67] for details.

There are basically ve di®erent well-working TS algorithmsto tackle the JSP. The TS al-

gorithm proposed by Taillard [102] uses the neighborhoodN 15. After the processing orders
of two swapable operationso and o® = ms(0) have been reversed, the reversal of° and its

machine successor is put in the tabu list. The size of the tabuist is variable. Every 15

iterations a new length for the tabu list is chosen uniformly random between 8 and 14. The
strategy to search the neighborhood is the following. To sa® computation time, the quality

of a neighbor is only estimated in such a way that the estimates exact when both operations
involved in the swap are still on a longest path, and that it is a lower bound otherwise. Then,
from the allowed set, the schedule with minimum estimated m&espan is selected.

The TS algorithm proposed by Barnes and Chambers [10] also es neighborhoodN 5. The
length of the tabu list is kept x in this algorithm. In case th e allowed set is empty, the tabu
list is emptied. The quality of the neighbors are calculatedrather than estimated. A starting
solution for this algorithm is obtained by taking the best from a set of schedules produced
by the GT algorithm and the Non-Delay algorithm using di®erert priority rules. The results
obtained by this algorithm are comparable to the results obiined by the algorithm proposed
by Taillard.

A TS algorithm proposed by Dell’Amico and Trubian [27] obtains even better results. This
algorithm uses a union of neighborhood®N, and N3. The items on the tabu list are forbidden
re-reversals of processing orders. Depending on the type okighbor, one or more such items
are on the list. The length of the tabu list depends on how the mality of the current solution
relates to the quality of the previous solution and the quality of the best solution found.
Furthermore, the minimal and maximal allowable lengths of the tabu list are changed after a
certain number of iterations. In case the allowed set is empt, a random neighbor is selected.
A starting solution is obtained by a procedure called \bidir", which applies list scheduling
simultaneously from the beginning and the end of the schedel.

One of the best TS methods proposed, which belongs to the statof-the-art algorithms nowa-
days for the JSP, is the TS algorithm by Nowicki and Smutnicki [79]. The neighborhood
used isN1c with the restriction that only one critical path is regarded 8. The items on the
tabu list are forbidden re-reversals of processing orders. Ae length of the tabu list is "xed
to 8. In case the allowed set is empty, the following mechanma is applied. If there is one
neighbor only (which is tabu), then this one becomes the new wrent solution. Otherwise,
the oldest item on the tabu list is removed iteratively until the allowed set contains at least
one neighbor. A starting solution is obtained by the GT algorithm or an insertion technique.
Another interesting feature of this algorithm is a backtracking scheme. The backtracking
scheme forces the algorithm to restart from promising situdions encountered in the recent
past. The algorithm stores a xed number of such situations n a FIFO list. Backtracking
is applied in case the algorithm does not improve over a ceria number of iterations. Also,
complete restarts are applied, because neighborhood ;. might not be connected.

A TS algorithm comparable (if not even better) than the one by Nowicki and Smutnicki is
proposed by Pezella and Merelli in [86]. It is characterizedby the following features. The
initial solution is generated by the shifting bottleneck procedure (see Algorithm 4). Each

8Note that there might be several critical paths in a schedule.
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time the algorithm nds a new best solution it is subject to a re-optimization based on
the re-optimization cycle of the shifting bottleneck procedure. The algorithm uses three
neighborhood structures: (i) a restriction of N1, where the reversal of the processing orders
of the rst two and the last two operations is excluded. (ii) A modi cation of neighborhood
N3: Considered are only machine blocks of size at least three. dighbors are generated by
positioning an operation o at the second position or the last but one position in its mactine
block. Only feasible neighbors are considered, and (iii) ithe neighborhood Ni.. Moves in
the “rst two neighborhoods are calledinternal moves because they don't change the critical
path. Moves in the third neighborhood do change the critical path and are called external
moves Moves in the rst neighborhood are applied in an intensi cation phase of the algorithm
whereas moves in the second and third neighborhood are applil in diversi cation phases.
The tabu list applied is of dynamic size depending on the progess in the search process.

Recently a technical report has been released by Grabowskinad Wodecki [48]. The results
reported are even slightly better than the results by Pezelh and Merelli. Furthermore the
computation times are far below the computation times of the algorithm by Pezella and
Merelli. 1t seems that this algorithm once published will be the state-of-the-art algorithm for
tackling the JSP, both in speed and solution quality.

2.3.2 Tabu Search algorithms to tackle the OSP

Two TS methods have been proposed to tackle the OSP. The rst ne was proposed by
Alcaide et al. [6]. The second one, which is currently the stte-of-the-art algorithm for the
OSP, was proposed by Liaw in [62]. Liaw generalized neighbbood structures de ned for the
JSP with the following more general de nition of a block

De nition 4  Given a solution s to an instance of the OSP, ablock is a maximal sequence
(of size at least one) of operations on the same machine or irhe same job on a critical path
of s. An operation o in a block is called aninternal operation if it is neither the rst nor the
last operation in this block.

Then the following generalization of neighborhoodN ;; was used.

Neighborhood Nic.osp: Considering two operationso and o® where m(o) = m(d9, o® =
ms(0) and either o is the rst operation of a block in a critical path or o°is the last operation
of a block in a critical path, neighbors are obtained by any ofthe following four steps: (1)
reverse the processing order of and o®only, (2) reverse simultaneously the processing orders
of o and o®and of jp (6% and o° (3) reverse simultaneously the processing orders af and o°
and of o and js (0), (4) reverse simultaneously the processing orders af and o® of jp (0% and
o%and of o and js (0). Accordingly consider these for steps (withjs replace by ms and jp
replaced by mp) if o and o®are from a job block instead of a machine block.

The algorithm works with a tabu list of xed length and the ini tial solution is produced
by a list scheduler algorithm applying a certain priority ru le. Similar to the TS algorithm

by Nowicki and Smutnicki, this algorithm uses restarts and a backtracking scheme. The
backtracking scheme forces the algorithm to restart from pomising situations encountered in
the recent past. It is applied in case the algorithm does notinprove over a certain number
of iterations.
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As a nal note in this section we mention that most if not all of the neighborhoods de ned
in the previous section can be adapted by replacing the de rtion of a machine block (see
Def. 3) by the de nition of the more general block de nition given in Def. 4. In this way the

TS algorithms for the JSP can also be applied to the OSP.

2.4 Simulated Annealing

Simulated Annealing (SA) is commonly said to be the oldest amang the metaheuristics and
surely one of the rst algorithms which had an explicit strategy to avoid local optima. The
origins of the algorithm are in statistical mechanics (Metropolis algorithm) and it was rst
presented as a search algorithm for CO problems in [57] and R. The fundamental idea is to
allow moves resulting in solutions of worse quality than thecurrent solution (uphill moves) in
order to escape from local minima. The probability of doing sich a move is decreased during
the search. The high level algorithm is described in Algoribm 11.

Algorithm 11  Simulated Annealing (SA)

s A GeneratelnitialSolution()
TA To
while termination conditions not met do
s°A PickAtRandom( (s))
if f(s9 <f (s) then
sA s¥s%replacessg
else
Accepts®as new solution with probabilitp(T; s s)f see texy
end if
Update(T)
end while

The algorithm starts by generating an initial solution (eit her randomly or heuristically con-
structed) and by initializing the so-called temperature parameter T. Then this cycle is re-
peated until the termination condition is reached. The instructions in the inner cycle are very
simple: a solutions®2 N (s) is randomly sampled and it is accepted as new current solutin
depending onf (s), f (s9 and T. sCreplacess if f (s) <f (s) or, in casef (9 , f(s), with a
probability which is a function of T and f (s j f (s). The probability is generally computed
following the Boltzmann distribution exp(j f(SO@A).

The temperature T is decreasefl during the search process, thus at the beginning of the
search the probability of accepting uphill moves is high andit gradually decreases, converging
to a simple iterative improvement algorithm. This process s analogous to the annealing
processes of metals and glass, which assume a low energy aguration when cooled with an
appropriate cooling schedule. Regarding the search procgsthis means that the algorithm is
the result of two combined strategies: random walk and iterdive improvement. In the rst
phase of the search, the bias toward improvements is low and permits the exploration of the
search space; this erratic component is slowly decreaseduh leading the search to converge

ST is not necessarily decreased in a monotonic fashion. Elaborate cooling skemes also incorporate an
occasional increase of the temperature.
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to a (local) minimum. The probability of accepting uphill mo ves is controlled by two factors:
the di®erence of the objective functions and the temperatue. On the one hand, at xed
temperature, the higher the di®erencd (s i f (s), the lower the probability to accept a move
from s to s° On the other hand, the higher T, the higher the probability of uphill moves.

The choice of an appropriate cooling schedule is crucial fathe performance of the algorithm.
The cooling schedule de nes the value off at each iteration k, Tx+1 = Q(Tk;k), where
Q(Tk; k) is a function of the temperature at the previous step and of he iteration number.
Theoretical results on non-homogeneous Markov chains [1] ate that under particular con-
ditions on the cooling schedule, the algorithm converges improbability to a global minimum
fork!'1 . More precisely:

9f 2R s.t. kIlilm P rob[global minimum found after k steps] =1

X i
i® exp(=—)=1
Tk
k=1

A particular cooling schedule which fullls the hypothesis for the convergence is the one
that follows a logarithmic law: Tyg+1 = W (where kg is a constant). Unfortunately,
cooling schedules which guarantee the convergence to a gliboptimum are not feasible in
practice because they take in nite time. Therefore, fastercooling schedules are adopted in
applications. One of the most used follows a geometric lawTy+; = ®Ty, where ® 2 ]0; 1],
which corresponds to an exponential decay of the temperatug.

The cooling rule can vary during the search, with the aim of tuning the balance between
diversi cation and intensi cation. For example, at the beginning of the search, T might be
constant or linearly decreasing, in order to sample the seah space; then,T might follow a
rule like the geometric one, to converge to a local minimum atthe end of the search. More
successful variants arenon-monotonic cooling schedules (e.g., see [82, 65]). Non-monotonic
cooling schedules are characterized by alternating phased cooling and reheating, thus pro-
viding an oscillating balance between diversi cation and ntensi cation.

The cooling schedule and the initial temperature should be dapted to the particular problem
instance, since the cost of escaping from local minima depeés on the structure of the search
landscape. A simple way of empirically determining the stating temperature Ty is to initially
sample the search space with a random walk to roughly evalua the average and the variance
of objective function values. But also more elaborate scheancan be implemented [55].

2.4.1 SA algorithms to tackle the JSP

SA algorithms have been applied to the JSP since about 10{15ears. They mostly di®er in
the neighborhood structure and in the cooling schedule apj¢d. In the following we describe
the most important ones from the literature.

The SA algorithm proposed by Matsuo et al. in [67] is a variantwhich incorporates iterative
improvement local search (see Algorithm 9). Given a solutio s, a neighbors®2 N 4(s) (see
Section 2.3.1 for the denition of N4) is randomly selected. The acceptance o8° as new
current solution is decided by the usual acceptance criteon. In cases?is rejected, iterative
improvement local search also in neighborhood 4 is applied and stopped at the local optimum
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s% If s%%mprovess it is accepted as the new current solution. Their method alsadi®ers from
most other implementations of SA in that the acceptance prolability for a solution worse
than the current solution is independent of the di®erence irfmakespan.

In [59] and [2] Aarts et al. describe and test two versions of a SA algorithm for the JSP. The

“rst version uses N1, as neighborhood structure and the second one usé$, as neighborhood
structure with t = 1 (see Section 2.3.1 for the de nition of these neighborhod structures).

Both algorithms use the same three-parameter cooling schediet A rst parameter »p de nes
the initial temperature, a second parameter25 de nes the nal temperature and a third

parameter + determines the decrement of the temperature.

In [97], SteinhAfel et al. report on two SA approaches whiclyuite improve on the results of
the approaches mentioned before. They introduce the follomg neighborhood de nition.

Neighborhood Ns5: This neighborhood is an extension of the neighborhoodN 1, de ned in

Section 2.3.1. A neighbor of a solutions is obtained by performing the following steps: (i)
choose two operationso and o from a machine block in a critical path with respect to s. Re-

verse all the processing orders of operation pairso; ms(0)i, hms(0); ms2(0)i, ... ,hmp(09; 3.

If mp(o) is also on the critical path directly before o then introduce the processing order
mp(o) ! 0% Similarly, if ms(d9 is also on the critical path immediately after o° then intro-

duce the processing orden! ms(d9.

Both SA versions proposed in [97] are based on this neighboood. The two versions di®er
in the cooling schedule applied. The rst cooling schedules given by the simple relation
T(t+1) A (1j c1) ¢T(t) where T(t) is the temperature at time t and T(0) is appropriately

de ned (by taking into account upper and lower bounds for the makespan with respect to
the problem instance to be tackled), andc; is a small positive constant. The second cooling
schedule is governed by the hyperbolic function

T(0)
1+ ((t+1) ¢A(c) ¢T(0))

T(t+1) A 2.2)

where A:x 7! In(1+ x)=(CY8 i CLB)) and c, is a positive constant.

Applying the rst cooling schedule, relatively small problems could be solved quite quickly.
The second cooling schedules produced better results (cdg down very slowly) on large
problems and even improved the best known solutions on somastances introduced in [109].
In [5] a parallel implementation of the two SA approaches is @scribed.

Yamada and Nakano [110] proposed an SA algorithm based on a wo published earlier
[113] which is a hybrid between SA and an improvement technige based on the shifting
bottleneck procedure (see Algorithm 4). The algorithm published in [113] is a SA based on
the neighborhoodN 3 (see Section 2.3.1). The main feature of this algorithm is tlat it jumps
back to the best solution found after a number of steps in whib no improvements could be
found. The enhanced version in [110] has the following feates. The disadvantage ofN3 is
that it might contain neighbors which are not feasible. Intending to preserve the idea ofN3
the following neighborhood based on the GT algorithm was prposed.

Neighborhood Ng: Let s be an active and feasible schedule. A neighbor is obtained by
performing the following steps: (i) choose a machine bloclB on a critical path, (i) chose
an internal operation o on this path, (iii) apply the modi ed GT algorithm which crea tes a
solution a) where o is moved as far left inB as possible while maintaining feasibility and b) a
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solution where 0 is moved as far right in B as possible while also maintaining feasibility. For
details on the modi ed GT algorithm we refer to [110].

Another feature of the algorithm is due to the fact that when t he temperature drops situations
might occur where all the neighbors are chosen several timelsefore one of them nally is
accepted. To avoid wasting time a mechanism is introduced wich keeps track on which
neighbors were already chosen and in case all of them were afdy chosen and none of them
was accepted, a neighbor is chosen proportional to the relate acceptance probabilities and
accepted as new current solution. A last mechanism added tohte basic algorithm is called
BottleRepair, which is a an improvement technique based on the shifting bttleneck procedure.
With a solution s as input it works as follows: (i) reset all sequences on non-itical machines
(machines which do not include any part of a critical path), (ii) re-optimize the still sequenced
machines, (iii) solve a one-machine scheduling problem foraeh unsequenced machine and
rank them by their makespans in descending order, (iv) add tle machine sequences in order
to the partial schedule and reoptimze every scheduled machge after adding one new machine.
This mechanism is applied whenever a neighbor is not accepte In caseBottleRepair generates
a solution s° better then the current solution, s®is accepted as new current solution. The
results obtained with this algorithm are in terms of solution quality close to the state-of-the-
art.

A general conclusion for SA based algorithms is that they camperform very well in tackling
the JSP when run-time is of no concern. The results after long unning times, especially for
the SA methods of SteinhAfel et al. [97] and of Yamada and Nako [110] are very good. But
when good solutions are required quickly, the TS algorithmshave a clear advantage.

2.4.2 SA algorithms to tackle the OSP

To our knowledge there has been no SA algorithm proposed to txkle the OSP. However, for
SA the same holds as for TS. Existing algorithms to tackle theJSP can be applied to the OSP
by extending the neighborhood de nitions from machine bloks to general blocks as done in
Def. 4.

2.5 Ant Colony Optimization

Ant Colony Optimization (ACO) is a metaheuristic approach p roposed by Dorigo [29] and
later by Dorigo and colleagues [33, 31]. In the course of thisection we follow the description

of ACO given in [30].

The inspiring source of ACO is the foraging behavior of real ats. This behavior { described

by Deneubourg et al. in [28] { enables them to nd shortest pahs between food sources
and their nest. While walking from food sources to the nest ad vice versa, ants deposit
a substance calledpheromone on the ground. When they decide about a direction to go
they choose, in probability, paths marked by strong pheromme concentrations. This basic
behavior is the basis for a cooperative interaction which lads to the emergence of shortest
paths.

In ACO algorithms, an arti cial ant incrementally construc ts a solution by adding solution



CHAPTER 2. METAHEURISTICS FOR JOB AND OPEN SHOP SCHEDULING 33

components to a partial solution under consideratiort®. For doing that, arti cial ants perform
randomized walks on a completely connected grapks = ( C, L) whose vertices are the solution
componentsCand the setL are the connections. This graph is commonly called aonstruction
graph. The problem constraints - are built into the ants' construc tive procedure in a way
such that in every step of the construction process only feable solution components can be
added to the current partial solution. In most applications, ants are implemented to build
feasible solutions, but sometimes it is unavoidable to worlon infeasible solutions. Components
¢ 2 C and connectionslj 2 L can have associated gpheromone value, (¢ if associated to
components,¢; if associated to connections), and éeuristic value” (" and “j; respectively)
representinga priori or run time information about the problem instance. These vdues are
used by the ants to make probabilistic decisions on how to ma¥ on the construction graph.
The probabilities involved in moving on the construction graph are commonly calledtransition
probabilities.

Algorithm 12 Ant System (AS)

InitializePheromoneValues()
while termination conditions not met do
for allantsa2 A do
Sa A ConstructSolutiong,”)
end for
ApplyOnlineDelayedPheromoneUpdate()
end while

The rst ACO algorithm proposed in the literature is called A nt System (AS) [33]. The
pseudo-code for this algorithm is shown in Algorithm 12. In this algorithm, A denotes the
set of ants ands, denotes the solution constructed by anta 2 A . After the initialization of
the pheromone values, in every step of the algorithm every anconstructs a solution. These
solutions are then used to update the pheromone values. Theomponents of this algorithm
are explained in more detail in the following.

InitializePheromoneValues():At the beginning of the algorithm the pheromone values ¢;
and/or ¢;j ) are initialized to the same small numerical valueph > 0.

ConstructSolutiong,” ): In the construction phase an ant incrementally constructs asolution
by adding solution components to the partial solution constructed so far. The probabilistic
choice of the next solution component to be added is done by irsg the transition probabilities,
which in AS are determined by the following state transition rule:

8

< (1% ] -
. R e if ¢ 2 J(sa[c
Pcrisalo]) = | cuzacsaon (o]l _ (Sala] (2.3)
-0 otherwise

In this formula ® and ~ are parameters to adjust the relative importance of heurisic infor-
mation and pheromone values andl] (s3[¢]) denotes the set of solution components which are
allowed to be added to the partial solution s;[¢] with ¢ as the last component added (note

O Therefore, the ACO metaheuristic can be applied to any combinatorial op timization problem for which a
constructive heuristic can be de ned
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that for the sake of simplicity in the above formula we are ony dealing with pheromone on
solution components).

ApplyOnlineDelayedPheromoneUpdate@nce all ants have constructed a solution, theonline
delayed pheromone update rulés applied:

. X
GA i Bty + ¢ gfa (2.4)
a2A
where
(
¢ S = fga) if ¢ is a component ofs, 2.5)
9 0 otherwise, :

wheref (s3) is the quality of solution s;, 0 <% < 1 is a pheromone evaporation rate and) is
a parameter usually set to 1. This pheromone update rule leaslto an increase of pheromone
on solution components which were found in better quality sdutions than other solution com-
ponents (where the pheromone will decrease).

In the following we describe the more general ACO metaheurisc, which is based on the same
basic principles as AS. The ACO metaheuristic framework shan in Algorithm 13 covers all

the improvements and extensions of AS which have been devgled over the years. It consists
of three parts gathered in the ScheduleActivitieconstruct. The ScheduleActivitiesonstruct

does not specify how these three activities are scheduled drsynchronized. This is up to the

algorithm designer.

Algorithm 13  Ant Colony Optimization (ACO)
while termination conditions not met do
ScheduleActivities
ManageAntsActivity()
EvaporatePheromone()
DaemonActions()f optionalg
end ScheduleActivities
end while

ManageAntsActivities(): An ant builds constructively a solution to the problem by moving
through nodes of the construction graphG. Ants move by applying a stochastic local deci-
sion policy that makes use of the pheromone values and the hestic values on components
and/or connections of the construction graph (see the statetransition rule of AS as an ex-
ample). While moving, an ant keeps in memory the partial soldion it has built in terms

of the path it was walking on the construction graph. When addng a componentc; to the
current partial solution, it can update the pheromone value(s) ¢ and/or ¢ (in case the ant
was walking on connectionl;; in order to reach componentc;). This kind of pheromone up-
date is calledonline step-by-step pheromone updateOnce an ant has build a solution, it can
(by using the memory of the walked path) retrace the same pathbackward and update the
pheromone values of the used components and/or connectioreeccording to the quality of the
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solution it has built. This is called online delayed pheromone update

EvaporatePheromone():Pheromone evaporation is the process by means of which the ph
romone intensity on the components decreases over time. Fo a practical point of view,
pheromone evaporation is needed to avoid a too rapid conveemce of the algorithm toward
a sub-optimal region. It implements a useful form offorgetting, favoring the exploration of
new areas in the search space.

DaemonActions():Daemon actions can be used to implement centralized actionghich cannot
be performed by single ants. Examples are the use of a local timization procedure applied
to the solutions built by the ants, or the collection of global information that can be used to
decide whether it is useful or not to deposit additional pheomone to bias the search process
from an non-local perspective. As a practical example, the damon can observe the path
found by each ant in the colony and choose to deposit extra plremone on the components
used by the ant that built the best solution. Pheromone updates performed by the daemon
are called o2ine pheromone updates.

Within the ACO metaheuristic framework as shortly described above the currently best work-
ing versions in practice are Ant Colony System (ACS) [32] andMAX -MIN  Ant System
(MM AS) [100]. In the following we are going to outline the pecularities of these algorithms
shortly.

Ant Colony System (ACS): The ACS algorithm has been introduced to improve on the
performance of Ant System (AS) [33]. ACS is based on AS but preents some important
di®erences. First, the daemon updates pheromone values dde: At the end of an iteration
of the algorithm { once all the ants have built a solution { pheromone is added to the arcs
used by the ant that found the best solution from the start of the algorithm. Second, ants
use a di®erent decision rule to decide to which component to ave next in the construction
graph. The rule is called pseudo-random-proportionalrule. With this rule, some moves are
chosen deterministically (in a greedy manner), others are ltosen probabilistically with the
usual decision rule. Third, in ACS, ants perform only online step-by-step pheromone updates.
These updates are performed to favor the emergence of otheolsitions than the best so far.

MAX -MIN Ant System ( MM AS): MM AS is again an extension of AS. First, the
pheromone values are only updated o2ine by the daemon (the acs that were used by the it-
eration best ant or the best ant since the start of the algorithm receive additional pheromone).
Second, the pheromone values are restricted to an interval¢hin ; émax] and the pheromone
values are initialized to their maximum value ¢nax. Putting explicit limits on pheromone

values prevents the probability for any solution to be constucted to drop below a certain
value greater than 0. This means that the chance of nding a gbbal optimum never vanishes
during the course of the algorithm.

Recently researchers have been dealing with nding similaties between ACO algorithms, EC
algorithms and other probabilistic learning algorithms. An important step into this direction
was the development of the Hyper-Cube Framework for Ant Colory Optimization (HC-ACO)
proposed by Blum et al. [17]. In this framework the introduction of a kind of normalized online
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delayed pheromone update rule enables to draw explicit corgctions to algorithms from EC
like PBIL, or a simple GA using a recombination operator called Gene Pool Recombination
[74].

2.5.1 ACO algorithms to tackle the JSP

Up until now there are two works on ACO algorithms to tackle the JSP. ACO algorithms
mostly di®er in four constituents of the algorithm. These ak:

2 The underlying constructive method which is used to constrict solutions.

2 The pheromone model which has the function of an adaptive memry used to make the
construction mechanism probabilistic.

2 The evaluation of the pheromone information. In other words How are the transition
probabilities de ned?

2 The pheromone update rule.

We will concentrate on these topics in order to outline the di®erences between the two ap-
proaches. The rst ACO algorithm for the JSP was proposed by @lorni et al. in [26]. The
constructive method used to probabilistically build solutions is the mechanism of list sched-
uler algorithms (see Algorithm 1). In every stept = 1;:::;jOj, the algorithm uses pheromone
information and heuristic information to decide the next operation in the sequences to be
built. The pheromone model is the following.

Learning of a predecessor relation in s: In this model (called PHg,c) we have a pheromone
value ¢g;, On every pair of operationsoi; o 2 O and we have pheromone valueg, 80 2 O.

The probabilities for operations o 2 S°to be scheduled in stept dependent on the partial

schedules;; 1;jo; are as follows.

8 1 1@
% P [“’J'M“i], w » ifg2S%t=1
_ okzso[wk]fj[ 0%]
P(01iSt 10)) = 3 P ok[::t)f;].{ko]]“% T if o 2 S0t> 15y 1oilti 11= o (26)
0 . otherwise

where S°= S is the set of operations which can be scheduled now (as de ndd Algorithm 1).
In this way of modeling the pheromones in every step of the castruction phase (except for
the rst step) the next operation to be scheduled is dependenon the operation scheduled in
the previous step.

As heuristic information several priority rules where tried in a randomized way. E.g., the SPT
(shortest processing time) rule was used aSq = p(—(l)J) 80, 2 O. As a pheromone update
rule the original Ant System global pheromone update rule isused. The results obtained
with this algorithm are far o® the state-of-the-art. There are mainly two reasons for that:

1) Recent research showed that local search is needed to ingpre solutions constructed by
the ants to assist in guiding the search. 2) The algorithm prgosed does not include any
mechanisms for additional intensi cation and diversi cation of the search process which is
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needed for problems like Shop Scheduling problems where gb®olutions don't necessarily
have parts in common (see [68]). For the sake of completenesg mention that exactly the
same algorithm was reinvented by van der Zwaan and Marques ifil05].

A second ACO approach for the JSP was proposed by Teich et al.ni[104]. This algorithm
also applies the mechanism of list scheduler algorithms tobabilistically construct solutions.
The di®erence is in the pheromone model and the generation ttie transition probabilities.
Teich et al. applied the following pheromone model which wasntroduced by Merkle and
Middendorf in [69] for permutation problems.

Learning of absolute positions in s: This model can be regarded as a standard in per-
mutation type problems. To every operation g; 2 O and every positioni in a sequences we
have associated a pheromone valug, ;. Teich et al. use two di®erent strategies to generate
the probabilities for the operations in set S®of the ant construction phase to be chosen by the
ant (called transition probabilities). The rst evaluatio n strategy is the standard evaluation:

; [eop 10 o 1°

R CU s w 1 if o 2S°
p(ojjst; 1;jOj;t)= . OkZSO[a’k?‘]q'Ok] ! 2.7)

-0

otherwise

With this pheromone representation the algorithm tries to learn absolute positions of oper-
ations in a sequences. The second evaluation strategy { called summing evaluatio { was
introduced in [69] and further tested in [70]. The transition probabilities are:
8 h o
< o P L]D Coj |l G[ o ]®
p(ojjsti l;jOj;t) =, okzsol =1 [iﬂk;l]q{'ok]@
0 . otherwise

if o 0
if g28S (2.8)

In this way of evaluating the transition probabilities, if a n operation is by some stochastical
error not placed at a position in s where it should have been placed, the probability remains
high to schedule it closely afterward. In the following we d&ote this pheromone model
combined with standard evaluation by PHa,s and combined with summing evaluation by
PHsym.

As heuristic information, Teich et al. used the SPT priority rule in the same way as outlined
above. However, this algorithm neither reaches state-of-thart performance.

2.5.2 ACO algorithms to tackle the OSP

To our knowledge there has been no ACO algorithm proposed todckle the OSP. The algo-
rithms proposed for the JSP can easily be adapted to work for he OSP though.

2.6 Other metaheuristic approaches

Except for the metaheuristic approaches mentioned in the pevious sections there have been
a few more approaches which we outline in the following.
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2.6.1 A large-step optimization method to tackle the JSP

The large-step optimization method proposed by Lourenco [6B ts into a metaheuristic frame-
work which is nowadays known as Iterated Local Search (ILS)99, 64]. ILS applies local search
to an initial solution until it nds a local optimum; then it p  erturbs the solution and it starts
again a local search. On the basis of an acceptance criteriahis then decided whether the new
local optimum is accepted as the new current solution. The inportance of the perturbation
is obvious: a too small perturbation might not enable the sysem to escape from the basin
of attraction of the local optimum just found. On the other side, a too strong perturbation
would make the algorithm similar to a random restart local search.

To tackle the JSP, Lourenco [63] introduced a combination ofsmall step moves based on the
neighborhoodN 15 (this corresponds to applying iterative improvement local search) and large
step moves in order to reach new areas in the search space ($htorresponds to the perturba-
tion mechanism). The large steps considered are as followsRkandomly select two machines
and remove them from the current schedule. Then solve the onrenachine problem for each
of the two machines and insert the obtained machine sequenseinto the current schedule.
Starting solutions are generated through the application d a randomized GT algorithm. The
results obtained are not state-of-the-art.

2.6.2 A GRASP to tackle the JSP

The Greedy Randomized Adaptive Search Procedure (GRASP), &e [38, 87], is a simple
metaheuristic approach which combines constructive heustics and local search. GRASP is
an iterative procedure, composed of two phases: solution ostruction and solution improve-
ment. In the construction phase, a feasible solution is bull, one element at a time. At each
construction iteration, the next element to be added is detemined by ordering all elements
in a candidate list with respect to a greedy function that measures the benet of selecting
each element. The adaptive component of GRASP arises from h fact that the bene ts as-
sociated with every element are updated at each iteration othe construction phase to re°ect
the changes caused by the selection of previous elements. &lprobabilistic component of
GRASP is characterized by the random choice of an element fio a restricted candidate list
in every construction step.

Binato et al. [14] propose a GRASP algorithm to tackle the JSP Their algorithm is charac-
terized by a construction phase based on list scheduler algithms and by a local search phase
based on theN15; neighborhood (see Section 2.3.1). The construction stepsre in°uenced
by a set of elite solutions found in the course of the search prtess. Solution components to
be found in elite solutions are preferred in a randomized waywhile constructing a solution.
Another interesting feature of this algorithm is the Proximate Optimality Principle (POP)
introduced by Glover and Laguna in [44]. This principle states, that good partial solutions
on a number ofx < jOj operations are similar to good partial solutions when one opration
is added to the x operations. This principle in mind, iterative improvement based on neigh-
borhood N4 is applied to partial solutions at certain stages of the conguction process.
This algorithm obtains good solutions for relatively easy poblem instances. For dixcult
problem instances the results are quite far o® the best knowsolutions though.



CHAPTER 2. METAHEURISTICS FOR JOB AND OPEN SHOP SCHEDULING 39

2.6.3 A variable depth search method to tackle the JSP

One of the most powerful and certainly one of the state-of-the-& algorithms to tackle the
JSP is a method calledGuided Local Search! (GLS) proposed by Balas and Vazacopoulos in
[9]. Their algorithm is based on a neighborhood where a varyig number of processing orders
is reversed to obtain the neighbors. The neighborhood is dened as follows.

Neighborhood N7: A neighbor s° of a solution s is obtained by an interchange of two
operations 0 and o’ in the same machine block on a critical path ofs. Either operation o°is
the last one in the block and there is no directed path in the dsjunctive graph corresponding
to s connectingjs (o) to o or, operation o is the rst one in the block and there is no directed
path connecting o to jp (d9.

This neighborhood is further restricted by applying experience in the form of so-calledguide-
postsgathered during the search process. For details we refer t®]. GLS works by building
up an incomplete enumeration tree (called neighborhood tre). Each node of such a tree
corresponds to a solution. An edge of a tree joins two solutios s and s® where the child s°
is obtained through applying a N7 move to s involving two operations o and o as outlined
above. The reversed processing order af and o° is preserved in all nodes in the subtree
rooted in s°. The children of a node are ranked by their evaluations. The mmber of children
is limited by a decreasing function of the depth in the neighlorhood tree. Finally, besides
“xing of certain processing orders and restricting the numker of children, the depth of a tree
is limited by a logarithmic function of the number of operations on the tree's level. Altogether
the size of the neighborhood tree is bounded by a linear funan of the number of operations.
GLS works by iteratively constructing neighborhood trees. If a tree contains the best solution
found so far, it is accepted as the next tree root. Otherwisea random solution in the current
neighborhood tree is chosen as the root of the next tree. Thelgorithm starts with a solution
constructed by the GT algorithm using the MWR (most work remaining) priority rule.

In the same paper, Balas and Vazacopoulos outline some conmations of GLS and the shift-
ing bottleneck procedure. The idea is to replace the re-optinzation cycle of the shifting
bottleneck procedure with applying GLS instead. So, wheneer there are a number ofmg
“xed machine sequences de ning a partial solutionsp, GLS is applied for a certain number of
neighborhood tree generations. The root of the rst tree is & ned by the partial solution sp.
The machine sequences de ned by the best solution found by Gk are then used to continue
the shifting bottleneck procedure. This enhancement of theshifting bottleneck procedure
works extremely well for a lot of benchmark problems, both intime and in solution quality.

1 The name of this algorithm is not to be mistaken with the general concept m etaheuristic Guided Local
Search introduced by Voudouris and Tsang in [107].



Chapter 3

Metaheuristics for Group Shop
Scheduling

The Metaheuristic Network [114] is a Research Training Netvork funded by the Improving
Human Potential program of the CEC. It aims at the comparison of metaheuristics on dif-
ferent combinatorial optimization problems. For each combnatorial optimization problem
considered, ve metaheuristics are implemented by di®erameople in di®erent sites involved
in the Metaheuristics Network. The ve metaheuristics congdered are: Ant Colony Opti-
mization (ACO), Evolutionary Computation (EC), Iterated L ocal Search (ILS), Tabu Search
(TS), and Simulated Annealing (SA). This chapter is devotedto the research conducted in the
course of the Metaheuristics Network on the Group Shop Schading problem (GSP). As the
author of this thesis developed and implemented the ACO metheuristic to tackle the GSP,
the focus of this chapter is on the ACO metaheuristic and the esearch results published in
the following papers:

2 C. Blum, A. Roli and M. Dorigo. HC-ACO: The Hyper-Cube Framework for Ant
Colony Optimization. In Proceedings of the 2001 Metaheuristics International Corgr-
ence, MIC'01, 2002 [17].

2 C. Blum and M. Sampels. Ant Colony Optimization for FOP Shop scheduling': A case
study on di®erent pheromone representations. IProceedings of the 2002 Congress on
Evolutionary Computation, CEC'02 (to appear), 2002 [18].

2 C. Blum and M. Sampels. When Model Bias is Stronger than Seldon Pressure.
Submitted to the 2002 Conference on Parallel Problem Solving in Nature, PPSN'R,
[19].

2 M. Sampels, C. Blum, M. Mastrolilli and O. Rossi-Doria. Metaheuristics for Group
Shop Scheduling. Submitted to the 2002 Conference on Parallel Problem Solving in
Nature, PPSN'02, [95].

2 C. Blum. ACO applied to Group Shop Scheduling: A case study onintensi cation and
Diversi cation. Submitted to ANTS2002, [16].

For historical reasons, the GSP was called FOP Shop Scheduling in [18]. However, the name Group Shop
Scheduling "ts better to the structure of the problem.

40
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The structure of this chapter is as follows. First, the devebped metaheuristics are described.
Then we compare these metaheuristics on GSP instances fronh¢ range between JSP and
OSP { the two extreme cases of the GSP { in order to further improve the understanding of
the di®erences between OSP and JSP. Often when reading resetapapers from the literature,
it becomes obvious that comparisons of metaheuristics areat done in a fair way. Usually,
researchers compare their results with results from the lierature. There are several pitfalls
when doing that: (i) the paper where the results are taken fran might be pulished much
earlier such that the computation times are not comparable because the advance in computing
power from year to year is tremendous, (ii) the compared algdgthms might be implemented
on completely di®erent data structures, such that again theresults are not comparable, (iii)
the compared algorithms might be implemented in di®erent pogramming languages. In the
Metaheuristics Network we tried to eliminate these factorsin metaheuristic comparison by
“xing the framework for the comparison in the following way:

2 The programming language was decided to be C++. The compilerchosen was the GNU
C++ compiler gcc, version 2.95.3.

2 The basic data structures to hold the problem data and to repesent solutions were
provided. Furthermore, a neighborhood structure to be outined in the following section
was provided. Every algorithm based on neighborhood struaires (such as TS, SA, or
local search to be used inside the population-based metahestics) had to be based on
this neighborhood structure.

2 The metaheuristics were all tested on a beowulf cluster consting of 8 PCs with AMD
Athlon 1100 Mhz CPU under Linux.

By xing this framework we created the basis for a fairer commrison of metaheuristics than
what is done usually.

3.1 Common neighborhood and local search

In Def. 3 of Section 2.3.1 and in Def. 4 of Section 2.3.2 we gawbe de nitions of machine
blocks and more general blocks (including machine blocks ahjob blocks) on critical paths of
solutions to the JSP and the OSP. In the following we generalie these de nitions to obtain
a de nition of blocks for the GSP.

De nition 5  Given a solution s to an instance of the GSP, ablock is a maximal sequence
(of size at least one) of operations on the same machine or ohé same group on a critical
path of s. An operation o in a block is called aninternal operation if it is neither the rst
nor the last operation in this block.

According to this block de nition we generalize the neighbahood structure N4 { introduced
by Nowicki and Smutnicki in [79] for the JSP { for the applicat ion to the GSP.

Neighborhood structure Nic.csp: The neighborhood of a solutions is de ned by all solu-
tions s®which can be generated by reversing the processing orders tife “rst two operations
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or the last two operations in a block of a critical path with re spect to a solutions. Excluded
are the rst two operations in the rst block and the last two o perations in the last block.

By providing the neighborhood structure to be used by any lo@al search method we make
sure that every metaheuristic searches the same landscapeshich might enable us to draw
conclusions on which metaheuristic searches this landscapn a more e®ective way than others.

3.2 Ant Colony Optimization

The ACO algorithm outlined in this section? is characterized by a new pheromone model
combined with a new evaluation strategy. Furthermore, it is implemented in the Hyper-Cube
Framework, which is a certain way of implementing ACO algorithms proposed by Blum et al.
in [17]. Based on the Hyper-Cube Framework, additional intersi cation and diversi cation
mechanisms are introduced into the search process by mean$ @ list of elite solutions found
in the course of the search.

3.2.1 A new pheromone model PH

As outlined in Section 2.5, there have been two di®erent ACO proaches to tackle the JSP.
They use three di®erent \pheromone-model"-"pheromone-evalation-strategy" combinations.
These are (i) learning of successor relations in sequences be built combined with the stan-
dard evaluation (PHsyc), (ii) learning of absolute positions of operations in the £quences to
be built combined with the standard evaluation (PHaps), and (iii) learning of absolute posi-
tions combined with the summing evaluation (PHsym). However, all three combinations seem
to model the GSP, and Shop Scheduling problems in general, ia somewhat arti cial way.
Combination (i) is arti cial because by using this combination the algorithm tries to learn
successor relationships among the operations in sequence® be generated by the algorithm.
This means that the algorithm potentially learns relationships between operations which are
not related at all (which means that they are not to be procesgd on the same machine or that
they are not in the same group). Combinations (ii) and (iii) are arti cial because an algo-
rithm using these \pheromone-model"-"pheromone-evaluationstrategy" combinations learns
absolute positions in the sequences generated by the algorithm and does only implicitly take
into account the relations among operations. By introducing the following pheromone model
in [18] we intended to introduce a more natural modeling of Sbp Scheduling problems.

Learning of relations among operations: In this new pheromone model { which we
called PHy¢ in [18] { we assign pheromone values to pairs ofelated operations. We call two
operationso;; o 2 O related if they belong to the same group, or if they have to be processke
on the same machine. Formally, a pheromone valug,, .o for a pair of operations ¢;;0 2 O,
where o 6 o, exists i®g(0;) = g(gj) or m(o;) = m(g;).

The meaning of a pheromone valu&y, .o is that if ¢ .0 is high then operation o; should be
scheduled before operatiory;. The choice of the next operation to be scheduled is handled
as follows. If in stept of the construction mechanism (which is the list scheduler &gorithm)
there is an operationg; 2 S? (remember that SPis the restricted set of operations which can
be scheduled in stept of the construction phase) with no related and unscheduled perations

2This ACO algorithm was developed at IRIDIA, Universit§ Libre de Br uxelles, Belgium, by Christian Blum.
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left, it is chosen. Otherwise we choose among the operationsf set SP with the following
transition probabilities:
8

< b m|n0r255el oor

p(oj St; l;jOj) = okzstominmzs{,i' oy ior

if 028?
otherwise

where S = f0°2 O j m(d%) = m(0) _ g(0% = g(0), 0°not scheduled yety, and s;; 1;jo; is a
partial sequence of lengtht j 1 and nal length jOj. The meaning of this rule for computing
the transition probabilities is the following: If at least o ne of the pheromone values between
an operation g; 2 S? and a related operationso, that is not scheduled yet is low, then the
operation o; probably should not be scheduled now. By using this pheromoa model the
algorithm tries to learn relations between operations. Theabsolute position of an operation
in the sequences is not important anymore. Of importance, is the relative position of an
operation with respect to the related operations.

non

As shown in [18],PH,e appears to be superior to the other \pheromone-model"-"pheranone-
evaluation-strategy" combinations proposed for Shop Schedling type problems. In particular
{as shown in [19] { unlike other pheromone modelsPH,g does not introduce an overly strong
model bias potentially leading the search process to low quay areas in the search space.

3.2.2 The Hyper-Cube Framework for Ant Colony Optimization

In most ACO implementations the hyperspace for the pheromoe values used by the ants to
construct solutions is only implicitely limited. In contra st, the Hyper-Cube Framework { in-

troduced in [17] { provides a way of implementing ACO algorithms such that the hyperspace
for the pheromone values is explicitly know to be [Q1]* where z is the number of pheromone
values. In the following we describe the Hyper-Cube Framewdt on the pheromone model
introduced in the previous section. The Hyper-Cube Framewok is characterized by a phero-
mone update rule where the relative di®erence between the qlities of the solutions produced
in an iteration are important rather than the absolute quali ties of these solutions. In general,
any pheromone update rule can be adapted to work in the Hyper-Qbe Framework. In order
to present the idea, we choose the usual Ant System global phemone update rule as pro-
posed in [33]. For the pheromone valueg,, ;o 0of pheromone modelPH introduced in the

previous section the usual Ant System global pheromone upda rule is the following one.

B X
oo A (Li oo t+ ¢ % oo 3.1)
=1
where

R%.
2 if o beforeg; in s;

otherwise.

1
Crax (5 (3.2)

¢S oo T
In the Hyper-Cube Framework a normalization of the contribution of every solution used for
updating the pheromone values is done in the following way.

- Xk
loiog A (Li Y Cinio + Y8 ¢ (3.3)
=1
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where
8 1
< C max (51) if o, beforeo; in s
, _ P — ] 1 Iy
¢ o0 = . =1 Cra () J (3.4)
0 otherwise.

where we multiply the sum of normalized contributions with the evaporation rate %2 The
Hyper-Cube Framework allows a nice interpretation of the phe@omone update rule. In the
following we regard the set of all pheromone values as a veatog where each position is
associated with exactly one of the pheromone valués Remember that the meaning of each
pheromone valueé, .o is the following: If ¢ is high { which means close to 1 { theno;
should be scheduled beforej, and vice versa. This means that we can regard a solutios as
a vector s of the same size ag where a position associated to pheromone valug, o, is set
to 1, if o is scheduled beforeg; in s, and O otherwise. Now we transform equations (3.3) and
(3.4) to obtain the following pheromone update rule.

AR L e ) |
c sy XG0S
~ Cm i
(bi;oj A (.Di;oj + YL a‘lﬁ(il) 1 i ¢o ;0] (35)
I=1 r=1 Cmax (51)
where
72 1 if o bef i
o _ if oj beforeo; in s;
Hoi:9;58) = 0  otherwise. J (3.6)
By de ning
A !
d.A X( Cmaj-(sl) ¢ 3.7
P71 — ¢s 3.7)
=1 r=1 Cmax (Sr)

we can rewrite equation (3.5) in vector form as
3

A 2+ Ut & 2 (3.8)

where @ is the weighted sum of solution vectorss, | = 1;:::;;k. This means that the Ant

System global pheromone update rule in the Hyper-Cube Frameuwrk shifts the vector ¢ with

stepsize Y2toward the weighted sum of solution vectors §. This also implies that if the

algorithm starts with pheromone values from the interval [0; 1] then they will have a lower
bound 0 and an upper bound 1. If the algorithm even starts withan initial pheromone vector
in the convex hull of feasible solution vectors, then it will never leave this convex hull. This
view is graphically presented in Figure 3.1.

3.2.3 MAX -MIN Ant System for the GSP

MM AS was proposed by Stéitzle and Hoos as an improvement of theiginal Ant System
(AS) proposed by Dorigo et al. in [33]. MM AS di®ers from AS by applying a lower and an
upper bound, ¢min @and ¢max, on the pheromone values. The lower bound (a small positive

3This means that the vector ¢ has as many positions as the cardinality of the set of pheromone values.
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Solution of ant 2
(0,1,1)
(1,1,1) (1,1,1)

0,1,1)

0,0,1 0,0,1
¢ ) (1,0,1) ¢ ) (1,0,1)

T
-l

(1,1,0) e’ (1,1,0)

Solution of ant
(0,0,0) (1,0,0) (0,0,0) (1,0,0)

a) b)

Figure 3.1: The Hyper-Cube Framework: An example for an arti cial problem instance
modeled by three pheromone values. The length of the pheronme vector ¢ and the length

of the solution vectors s is therefore 3. We assume to have three di®erent feasible atibns:

(0;0;0), (1;1;0) and (0; 1; 1). The gray shaded area is the convex hull of the feasible aations,

which corresponds to the hyperspace in which the pheromoneector moves. In b) a situation

is depicted where the algorithm has produced two solutions@; 0; 0) and (0; 1;1). We assume
(0; 0; 0) to have the shorter makespan. Therefore, vectod, which is the weighted sum of these
two solutions, is closer to (Q 0; 0) than to (0;1;1). The update rule will then shift vector z

toward this vector d.

constant) is preventing the algorithm from converging* to a solution. Another important
feature of MM AS is that { due to a quite aggressive pheromone update { the ajorithm
concentrates quickly on an area in the search space. When th&ystem is stuck in an area of
the search space the best solution found since the start of the algorithm is usd to update
the pheromone values in every iteration until the algorithm gets stuck again. After that,
a restart is performed. The reason for doing that is the hope b nding a better solution
between the restart best solution and the best solution foud since the start of the algorithm.
This mechanism is clearly an intensi cation mechanism. Addtional diversi cation is reached
by the original MM AS by restarting the algorithm with equal pheromone values. This way
of diversifying the search process is not guided by any sedndistory.

The framework of our MM AS algorithm for the GSP is shown in Algorithm 14. The most
important features of this algorithm are explained in the following.

In Algorithm 14, ¢ = f¢s1;::55 40 is a set of pheromone valuesn, is the number of ants, and
sj is a solution to the problem { a sequence containing all operaons { constructed by ant
j, wherej = 1;::;n,. Furthermore, sj, denotes the best solution constructed in an itera-
tion, s, denotes the best solution found in arestart phaseof the algorithm (a phase where
globconv == FALSE ), and sy, denotes the best solution found since the start of the algo-
rithm.

InitializePheromoneValueg]: In the basic version of the algorithm we initialize all the phero-
mone values to the same positive constant 3.

“In the course of this work we refer to convergence of an algorithm as a state where only one solution has
a probability greater than O to be generated.
5This is usually determined by some convergence measure.
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Algorithm 14 MM AS for the GSP
Sgb A NULL
sty A NULL
ctAO
globhconvA FALSE
InitializePheromoneValueg]
while termination conditions not met do
for j =1to ny do
s; A ConstructSolutiong)
LocalSearchg; )
end for
sib A argmin(Cmax (s1); :::; Cmax (Sna))
Updateip; Srb; Sgb)
if globhconv== FALSE then
ApplyOnlineDelayedPheromoneUpdages:,)
else
ApplyOnlineDelayedPheromoneUpdaggggn)
end if
cf A ComputeConvergenceFact@y
if cf , 0:99 AND glohconv==TRUE then
ResetPheromoneValues(
S A NULL
glohconvA FALSE
else
if cf, 0:99 AND globconv== FALSE then
globhconvA TRUE
end if
end if
end while

ConstructSolutiong): An important part of an ACO algorithm is the constructive me chanism
used to probabilistically construct solutions. We used the mechanism of a list scheduler
algorithm as outlined in Algorithm 1 in Section 1.4.1. To summarize, the list scheduler
algorithm builds a sequences of all operations { starting with an empty sequence { by
performing jOj steps as follows:

1. Create a setS; (where t is the step number) of all operations that can be scheduled
next.

2. Use a heuristic to produce a seB’u S;.

3. Use a heuristic to pick an operationo 2 S? to be scheduled next. Add operationo to
the partial sequences;; 1;jo;-

Remember that a sequencs of all operations is a total order on all operations that speces a
total order on the operations of each group and of each mach& This unambiguously de nes
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a solution to an instance of the problem. The construction mehanism applied by the ants
choosesS?= S; in step 2, and in step 3 it chooses among the operations 82 probabilistically.
The probabilities for the operations in S (called transition probabilities) to be chosen, depend
on the pheromone model. For our algorithm we choose the phermone modelPH,¢ proposed
by Blum et al. in [18] and outlined in the previous section. The transition probabilities {
biased by heuristic information { are generated as follows:

8 3

2 or2spe o Cog . if 028P
p(o] st 1;101) S i o 2P minorzs{,‘i' oior Cop®

"0 . otherwise,

where S = fo°2 O j m(a% = m(o) _ g(d) = g(0), o° not scheduled yegy. As heuristic
information ~, we use the inverse of the earliest starting time of an operatin o with respect
to the current partial schedule s;; 1;1-01-6, and ® is a parameter to adjust the in°uence of the
heuristic information .

LocalSearchg;): To every solution s; constructed by the ants, a best improvement local search
based on neighborhood structureN 1¢.csp as outlined in Section 3.1 is applied.

Update(ip; Srb; Sgn): This function updates solutions sy, and sy, with the iteration best solu-
tion sip. Sip is replaced bysiy, if Cmax(Sib) < Cmax(Srp). The same holds forsgp,

ApplyOnlineDelayedPheromoneUpdaggg): The algorithm is implemented in the Hyper-Cube
Framework described in Section 3.2.2MM AS algorithms usually apply a pheromone update
rule which (depending on some convergence measure) uses fikeration best solution sj,, the
restart best solution s, and sy, the best solution found since the start of the algorithm,
to update the pheromone values. Our algorithm only uses the eéstart best solution and the
global best solution. The reason for that is the di®erent stucture of the scheduling problems
covered by the GSP. Preliminary experiments showed that forOSP instances a much higher
selection pressure is needed to make the algorithm convergban for JSP instances. The
implications in practice are that the use of the iteration best solution sj, for updating the
pheromone values would have to be ne-tuned depending on therpblem instance structure.
To avoid this we decided against using the iteration best saltion.

As our algorithm { at any time { only uses one solution (sy, or sgp) for updating the phero-
mone values, we can specify the pheromone updating rule foruo algorithm deriving it from
equation (3.5) as follows.

oi ;0 A fmmas chi;oj + Y20(H0;0;S) i oo )¢ (3.9)
where the delta-function is as de ned in equation (3.6), and
8 .
< émin if X < ¢ min;
fmmas (X) = X if émin -+ X émax; (3.10)
émax if X > ¢ max:

®We add 1:0 to all earliest starting times in order to avoid division by O.
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We set the lower bound ¢min for the pheromone values to @01 and the upper bound ¢max
to 0:999. Therefore, after applying the pheromone update rule abve, we set the pheromone
values that exceed the upper bound or are below the lower bouhback to the respective bound.

ComputeConvergenceFactg). To measure the \extent of being stuck" in an area in the
search space we compute after every iteration a so{calledonvergence factorcf. We compute
this factor as follows.
~ &0 dnax | <¢oj;0; 1 €0j;0; | dmin
cf A a6 rejted i i 05 ¢2:0 (3.11)

060 ; related émax i dmin

From the formula above it becomes clear that when the algoribm is initialized (or restarted)
with pheromone values all 05, cf is 0.0 and when all pheromone values are either equal to
émin Or equal to ¢max, cf is 1:0.

ResetPheromoneValuesy(; In the basic version of our algorithm we reset all the pheronone
values to the same positive constant (b.

This concludes the description of the basicMM AS for the GSP (henceforth identi ed by
U for uniform initialization and resetting of pheromone values). As mentioned before, Shop
Scheduling problems are in general multimodal problems in hie sense that good solutions
are scattered all over the search space. Therefore we expetd be able to improve the
basic algorithm presented in this section with additional intensi cation and diversi cation
mechanisms.

3.2.4 Intensi cation and diversi cation strategies

Intensi cation and diversi cation of the search process ae quite unexplored topics in ACO re-
search. There are just a few papers explicitly dealing with he topic. The mechanisms already
exisiting can be divided into two di®erent categories. The rst one consists of mechansims
changing in some way the pheromone values, either on-line @. [32, 91]) or by resetting
the pheromone values (e.g., [100, 103]). The second categaronsists of algorithms applying
multiple colonies and exchanging information between themin some way (e.g., [72, 56]). In
contrast to that, most of the intensi cation and diversi ca tion mechanisms to be outlined in
the following are based on a set of elite solutions found by ta algorithm in the history of the
search process.

As a rst strategy to introduce more intensi cation and dive rsi cation into the the search
process performed by Algorithm 14, we changed the function$o initialze and reset the phe-
romone values. In an algorithm henceforth identi ed by R (for random pheromone setting)
we use a pheromone value initialization and resetting fundbn that generates for every phero-
mone a value uniformly random between @5 and Q758. This introduces more intensi cation,
because right from the start of a restarting phase the algoithm is more focused on a certain

"Note that in contrast to the usual way of implementing ACO algorithms, i n the Hyper{Cube Framework
also the upper bound for pheromone values is hecessary to avoid convergece to a solution.

8Note that the Hyper{Cube framework facilitates a strategy like that, as w e explicitly know the space in
which the pheromone values move to be [Q 1 where z is the number or pheromone values.
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area in the search space given by the randomly chosen valuesrfthe pheromones. On the
other side more diversi cation is introduced, because withevery restart the algorithm focuses
probably on a di®erent area of the search space.

Examining the behaviour of the MM AS algorithm presented in the previous section we no-
ticed that the algorithm wastes time by always { at the end of a restart phase { moving

towards the best solution found since the start of the algorihm. After some while there are

no improvements to be found around this solution. The strategy of always moving toward

the best found solution might work well for problems like the Traveling Salesman Problem
with a “tness-distance correlation®, for problems without a “tness-distance correlation other

strategies seem to be required. To change this strategy we &p a list L¢jite Of elite solutions

found during the search. Henceforth, we call the solutionss,, { the best solutions found in a

restart phase of the algorithm { elite solutions. Lgjite Works as a FIFO list and has a max-
imum length I. The framework of the algorithm using this list of elite solutions, henceforth

called E-MM AS, is given in Algorithm 15.

In Algorithm 15, if loc_conv == FALSE and globconv == FALSE we say the algorithm is in

a restart phase In caseloc_conv== TRUE and globconv== FALSE we say the algorithm
is in the phase of local convergengeand in caseloc_.conv == FALSE and glohconv ==
TRUE we say the algorithm is in the phase of global convergenceln Algorithm 15, the
phase of convergence to the best solution found since the staof the algorithm as shown in
Algorithm 14 is replaced by consecutive phases of local andapal convergence. In the phase
of local convergence the system moves toward a solutioBggsest, Which is closest tosy, in
Leiite With respect to the following distance measure:

dn(s1;s2) = #(0i; 0 S1; S2), (3.12)
060 ; related

where +(0;; 0;;S1;S2) = 0 if the processing order betweeno; and o is the same in both so-
lutions s; and s, and #(0j; 0;;S1;S2) = 1 otherwise. By doing that the algorithm tries to
improve solution sgesest- IN the phase of global convergence, the system moves towaml so-
lution spest, Which is the best quality solution among the solutions inLgjite . The components
of Algorithm 15 di®erent or additional to the components of Algorithm 14 are outlined in the
following.

AddToEliteList(L ¢jite ,Srb): Every solution sy, at the end of a restart phase is added td_ gjte -
At the beginning of the algorithm the list is empty. In a situa tion where the length of L gjixe
is smaller than |, the new solution is just added. In case the length oL ¢jiie is |, additionally
the “rst element of Lgjie is removed.

UpdateEliteList( ¢jite ,S,Srb): At the end of the phases of local or global convergence it is
checked if Sgiosest, respectively Spest, Was improved. If this is the case,Sgosest; respectively
Spest» 1S removed from the list Lgjiie and the improved solution s, is added at the end of
Leiite - This mechanism implies that a solution, once added td_gjie , hasjLejite j (the length of

%Informally, the expression tness-distance correlation denotes the existence of the following property: The
higher the quality of a solution, the higher is the probabilitiy that it  has many parts in common with the
global optimum.
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Algorithm 15 E-MM AS for the GSP

SgbA NULL, sy A NULL, Sgiosest A NULL, Spest A NULL, cf A 0
loc.convA FALSE, globhconvA FALSE
InitializePheromoneValueg]
while termination conditions not met do
for j =1to nydo
sj A ConstructSolution¢)
LocalSearchg; )
end for
sib A argminCmax (51); 1% Cmax (Sna))
Update@iv; Srb; Sgb)
ApplyOnlineDelayedPheromoneUpdagess)
cf A ComputeConvergenceFactgj
if cf , 0:99 AND globconv == FALSE AND loc_conv== FALSE then
AddToEliteList(L gjite ,Stb)
Sclosest A argminf dn(Srp:S) j S 2 Leiite ;S 6 Sibg fsee text for denition of dy(:;:)g
S A Sclosest
loc.convA TRUE
else
if cf , 0:99 AND globconv== FALSE AND loc_conv== TRUE then
Upda:[eE“teLiSt(- elite +SclosestSrb)
Sbest~A argminf Cmax (s) j S 2 Leiite 9
Srb A Sbest
loc.convA FALSE
globhconvA TRUE
else
if cf , 0:99 AND globhconv==TRUE AND loc_conv== FALSE then
UpdateEliteList{ gjite ,Sbest,Srb)
ResetPheromoneValues
Stb A NULL, Sgosest A NULL, spest A NULL
globconvA FALSE
loc.convA FALSE
end if
end if
end if
end while
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L elite ) restart phases of the algorithm to be improved. If it is improved it has again the same
time to be improved again. If a solution in Lgjie is not improved within jL ¢jie j restart phases

of the algorithm, it is dropped from Lgjiie and its neighborhood is regarded as an explored
region of the search space.

The intuition behind the usage of a list of elite solutions asdescribed above is the following.
Instead of only on one area { as done in the usuaMM AS { our algorithm works on several
areas in the search space trying to improve the best solution found in these areas. If it can
not improve them in a certain amount of time they are discarded even if they contain the best
solution found since the start of the algorithm. This prevents the algorithm from wasting time
and acts as a diversifying component. This mechanism also aorporates a strong intensifying
component by applying the phase of local convergence and thphase of global convergence
as described above.

Algorithm E- MM AS using the random pheromone initialization and resettingas described
at the beginning of this section is henceforth identi ed by ER. We also developped two more
ways of resetting the pheromone values in Algorithm EMM AS. The rst one is aiming at
a diversi cation of the search depending on the elite solutns in Lgjie . In this scheme the
pheromone values are reset as follows.

ke ro0 _S)ﬂ g 05+ x if x< 0:25
ooy A f Pree—— = wheref (x)= | 10j x if 0:25- x - 075 (3.13)
" Xj 05 ifx> 075
The delta-function is the same as de ned in (3.6). The intuition of this setting is that we
want to reset the pheromone values in order to concentrate te search in areas of the search
space di®erent from the current set of elite solutions. Howeer, the more agreement is found
among the elite solutions about an order between two relatedperations o; and g;, the more
we rely on the accuracy of this order and the resetting of the orresponding pheromone values
is approximating equal chance for both directions (casex < 0:25 and x > 0:75 in (3.13)).
Algorithm E- MM AS using for the “rst three restart phases the random setting d pheromone
values and afterwards this diversi cation scheme is hencefth identi ed by ED.
Another scheme for resetting pheromone values aims at an iensi cation of the search process.
First the best solution syest among the elite solutions is chosen, then another onGsecong
di®erent from spegt is chosen fromLgjie Uniformly random. Using these two solutions, the
resetting of pheromone values is done as follows.
! H0i; 0 ; Spest) + H(Gi; G ; Ssecond)
2:0

where the delta-function is as de ned in (3.6) and the function f mmas, Which keeps the
pheromone values in their bounds, is as de ned in (3.10). Algrithm E-MM AS using for the
“rst three restart phases the random setting of pheromone véues and °iping a coin for all
consecutive restart phases to choose among the diversi cain setting of pheromone values
described above and the intensi cation setting is hencefdh identi ed by EDI .

C.Oi o] A fmmas (314)

3.2.5 Choice of an ACO algorithm for the comparison

In order to choose one of the ACO algorithms for the metaheustics comparison, we ran
experiments on the "ve di®erent algorithm options outlined in the previous sections. These
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are: U, R, ER, ED and EDI . Additionally, we tested a further enhencement of EDI where
we incorporated a short Tabu Search run based on the neighbbood structure N1¢..csp applied
to the best ant per iteration. We xed the length of this Tabu Search run to jOj=2. This
version of the algorithm is henceforth identi ed by EDI ts. A summary of the characteristics
of the di®erent algorithm options is given in Table 3.1. We tested these six versions on three

Table 3.1: Di®erent versions of the ACO algorithm to tackle the GSP

| Identi'er | Characteristics |

U MM AS using uniform setting of pheromone values

R MM AS using random setting of pheromone values

ER E-MM AS using random setting of pheromone values

ED E-MM AS using random setting for the rst three restart phases,
and after that the diversi cation setting of pheromone values

EDI E-MM AS using random setting for the rst three restart phases,

and after that °iping a coin in every restart phase to choose aong
diversi cation setting and intensi cation setting

EDI 15 The same asEDI with an additional short Tabu Search run

for the best ant in every iteration

problem instances. We chose the rst problemtai_15.15_1_jsp with 15 jobs and 15 machines
introduced by Taillard in [101] for the JSP, and the rst prob lem tai_ 15151 osp with 15
jobs and 15 machines also introduced in [101] for the OSP. Theptimal solutions for these
problems are known to be 1231, and 937 respectively. As a thdrproblem we chosewvhizzkids97
which is a very ditcult GSP instance on 197 operations introduced for a competition held
at the TU Eindhoven in 1997. The optimal solution for this problem is 469. We ran each of
the six versions of our algorithm 10 times for 18000 secondsnceach problem instance. The
results are shown in Figures 3.2, 3.3 and 3.4. There are sewatmbservations to be mentioned.
The short Tabu Search run on the iteration best ant improves the algorithm considerably.
Version EDI ts nds the optimal solutions for the JSP and the OSP instance by Taillard
and produces a solution which is only 277% above the optimal solution for the instance
whizzkids97 Furthermore, the results on the whizzkids97instance show that the versionsR,
ER, ED and EDI clearly improve on the basic versionU of our algorithm. Among these four
improved versions, versionEDI has a clear advantage over the other three versions. These
observations are supported by the result of the pairwise Witoxon rank sum test. This test
produced probabilities between 89% and 98% for versiokDI to be di®erent from the other
versions. The results concerningeDl are the same { even if not with the same statistical
signi cance { on the two instances by Taillard. The lack of statistical signi cance might be
caused by the fact that these two instances are easier to savthan the whizzkids97instance.
The diversi cation setting alone (version ED) and the random settings (versionsR and ER)
do not seem to improve the basic versiorlJ on the Taillard instances. Therefore we choose
version EDI 1 as the ACO algorithm to enter the comparison of metaheuristcs to tackle the
GSP.
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Figure 3.2: Comparison of the ACO versions summarized in Tale 3.1 on the whizzkids97
instance. The absolute values of the solutions generated byach ACO version (left) and their
relative rank in the comparison among each other (right) aredepicted in two boxplots. A box
shows the range between the 25% and the 75% quantile of the dat The median of the data
is indicated by a bar. The whiskers extend to the most extremedata point which is no more
than 1:5 times the interquantile range from the box. Extreme points are indicated as circles.
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Figure 3.3: Comparison of the ACO versions summarized in Tale 3.1 on thetai_15.15 1 jsp
instance. The absolute values of the solutions generated byach ACO version (left) and their
relative rank in the comparison among each other (right) aredepicted in two boxplots. A box
shows the range between the 25% and the 75% quantile of the dat The median of the data
is indicated by a bar. The whiskers extend to the most extremedata point which is no more
than 1:5 times the interquantile range from the box. Extreme points are indicated as circles.
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Figure 3.4: Comparison of the ACO versions summarized in Tale 3.1 on thetai_15.15 1 osp
instance. The absolute values of the solutions generated byach ACO version (left) and their
relative rank in the comparison among each other (right) aredepicted in two boxplots. A box
shows the range between the 25% and the 75% quantile of the dat The median of the data
is indicated by a bar. The whiskers extend to the most extremedata point which is no more
than 1:5 times the interquantile range from the box. Extreme points are indicated as circles.

3.3 Evolutionary Computation

The EC algorithm*? developed for the GSP is characterized by a steady-state ewation pro-
cess. To improve the o®spring after crossover, we use a besiprovement local search on
the neighborhood structure Nic.gsp de ned in Section 3.1. Tournament selection is used
to choose which individuals reproduce at each generation aha \replace if better policy" is
used to decide whether or not to accept the o®spring for the ne population. The initial
population is built by using the Non-Delay algorithm (see Algorithm 3 in Section 1.4.1). The
population size is set to 50. A solution is represented by a sgience (total order onO), which
induces a total order on each machineM 2 M and each groupG 2 G.

The crossover that is applied by this algorithm is a kind of uniform order based crossover
respecting group precedence relations. It generates an g®sg from two parents as follows:

1. Produce a partial child sequence where each position isteer Iled with the content of
the rst parent or left free, with equal probability.

2. Insert the missing operations in the partial list in the order in which they appear in the
second parent.

3. If there is a free position between the last operation of tle previous group and the rst
of the next one, put the current operation there.

0 This algorithm was developed at the Napier University, Edinburgh, UK , by Olivia Doria-Rossi.
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S
6

£1;2;3g;J, = f4;5,69;J3 = f7;80g, M = fM; = f1;5;7g;M, = f2;4g;M3 = f3;6;8gg;
G=fGy = f1,29;G, = f39;G3 = f4g;Gs = 5;60;Gs = f79;Ge = f8gg;, G1 A G,;G3 A
G4; Gs A Gg, processing times are ommitted.

4. Otherwise, put it just before the rst operation of the next group and shift the list to
1l the rst free position.

In order to demonstrate this mechanism, we consider the GSPristance depicted in Figure 3.5.
The two parents below are both feasible schedules for the desbed instance. A partial child
sequence is produced and its free positions are lled as follvs:

Parentl 2 1 4 3 5 6 7 8

Parent2 7 4 8 1 5 2 6 3

Partial child o 1 o 3 ©o 6 7 o
piiiiiiiiiiii 1 T TR TR T T B

Child 4 1 5 2 3 6 7 8

The rst operation of the second parent that is not yet in the partial sequence, in this case
operation 4, is inserted in the rst free position; then opemtion 5 is inserted in the next free
position checking that it occurs after 4, which is the last operation of the previous group in
job 2; now operation 8 has to be inserted, but since it has to bescheduled after operation
7, it ends up in the next free position after 7; nally operation 2 has to be scheduled before
operation 3, and since there is no free position in the list bfore 2, it is inserted immediately
before 2 and the list is shifted forward until the next free pasition is reached.

As modi cation (mutation) operator we implemented a variab le neighborhood search (VNS)

where N (* °) = |\|1C;Gsp(N 1c;?§p(¢ ¢ ¢N;Gsﬁ(l ?))). That means that a random solution in

k
Nic.gsp is chosen rst, then the local search is applied, and if no impovement is found, a
random solution in N, is chosen followed by local search, then a random solution i3 and
so on until a better solution is found. The mutation rate is set to be 0:5.
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3.4 lterated Local Search

ILS, in spite of its simplicity, is a powerful metaheuristic that applies a local search algorithm
iteratively to modi cations of the current solution. A deta iled description of ILS algorithms
can be found in [64]. ILS roughly works as follows. First an iitial locally optimal solution,
with respect to the given local search, is constructed. A god starting point can be important,
if high-quality solutions are to be reached quickly. Then, mae importantly, a perturbation
has to be de ned, that is a way to modify the current solution to an intermediate state to
which the local search can be applied next. Finally, an accejance criterion is used to decide
from which solution to continue the search process.

The implementation described heré! for the GSP works with a best improvement local search
based on neighborhood structureN 1c.gsp. The initial solution is generated using the Non-
Delay algorithm (see Section 1.4.1). The idea used for the pturbation is to slightly modify
the de nition of the problem instance data and apply the loca search for this modi ed instance
to the current solution regarded as a solution of the new insance; the result is the perturbed
solution in the original problem instance. In the GSP the processing times of the operations,
unlike group or machine data, can be easily modi ed such thata solution to one problem
instance can be regarded as a solution to the other. For a peentage ® of operations the
processing time is therefore increased or decreased (witlhé same probability) by a certain
percentage of its value; then the local search within the modi ed problem instance is run
for the current solution and nally the resulting locally op timal solution to the modi ed
instance, regarded as a solution to the original instance,s the perturbed solution. Note that
this solution is not necessarily a local optimum for the orignal instance. Now the local search
can be applied to the intermediate perturbed solution to reach a locally optimal solution.

Finally the acceptance criterion tells us whether to contirue the search from the new local
optimum or from our previous solution. Random walk, the \accept-only-if-better" strategy,
and SA type acceptance criteria have been tested along with i®erent values for® and .
The random walk acceptance criterion with® =40 and = 40 has been selected as it gives
the best performance.

3.5 Simulated Annealing

SA is a metaheuristic based on the idea of annealing in physic[3]. The algorithm starts out
with some initial solution and moves from neighbor to neighlor. If the proposed new solution
is equal to or better than the current solution, it is accepted. If the proposed new solution is
worse than the current solution, it is even then accepted wih some positive probability. For
the SA implemention!? for the GSP the latter probability is

(Crax (* u() i Cmax(* 9)=Cmax(* %)
T

where ! ® denotes the current solution,* “°denotes the the proposed next solution, ¢ is the
percent cost change, and the temperaturd is simply a control parameter. ldeally, when local
optimization is trapped in a poor local optimum, Simulated A nnealing can \climb" out of the

¢
Paccept = €Xp( ?) =exp(i )

1 This algorithm was developed at the Napier University, Edinburgh, UK , by Olivia Doria-Rossi.
2This algorithm was developed at IDSIA, Lugano, CH, by Monaldo Mastrolilli.
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poor local optimum. In the beginning the value of T is relatively large so that many cost-
increasing moves are accepted in addition to cost-decreagirmoves. During the optimization
process the temperature is decreased gradually so that fewand fewer cost-increasing moves
are accepted.

The selection of the temperature is done as follows. We set #initial temperature such
that the probability to accept a move with ¢ = £ =0:01 isPgat = 0:9. Moreover, at the
end of the optimization process, we would like that the probaility to accept a move with
¢ = £=0:01isPeng = 0:1. With these requirements, weﬁonstraint the temperature & time
X tobeT = r¥imax, where ¢max = i £=INPgart, 1 = '™ £XIN(1=Pgnq) ¢émax), and where
tmax denotes the maximum time allowed for computation.

3.6 Tabu Search

In the TS algorithm implemented for the GSP'3, according to the neighborhood structure
Nic.csp, @ move is de ned by the exchange of certain adjacent critichoperation pairs. We
forbid the reversal of the exchange of a critical operation pir by recording the iteration
number on which the exchange was performed and requiring thtathis number plus the current
length T be strictly less than the current iteration number.

The tabu status length T is crucial to the success of the TS procedure, and we proposeself-
tuning procedure based on empirical evidenceT is dynamically de ned for each solution. Itis
equal to the number c of operations of the current critical path divided by a suitable constant
d (we setd = 5). We choose this empirical formula since it summarizes, 6 some extent, the
features of the given problem instance and those of the curré solution. For instance, there
is a certain relationship betweenc and the instance size, betweerc and the quality of the
current solution. In order to diversify the search it may be unpro table to repeat the same
move often if the number of candidate moves is \large" or the slution quality is low, in some
sense, whert is a \large" number.

With the aim of decreasing the probability of generating cydes, we consider a variable neigh-
bor set: every non tabu move is a neighbor with probability 08. Moreover, in order to explore
the search space in a more excient way, TS is usually augmentewith some aspiration crite-
ria. The latter are used to accept a move even if it has been m&ed tabu. We consider a tabu
move as a neighbor with probability 0.3, and perform it only if it improves the best known
solution. To summarize, the proposed TS considers a variabl set of neighbors and performs
the best move that improves the best known solution (aspiraton), otherwise performs the
best non tabu move chosen among those belonging to the curremariable neighborhood set.

3.7 Comparison

We tested the proposed metaheuristics on thevhizzkids97instance. This is a GSP instance
that was used for a mathematics competition in The Netherlards in 1997 [115]. It consists of
197 operations on 15 machines and 20 jobs which are subpaitined into 124 groups. As this
is the only established GSP instance, we derived further GSRnstances from JSP instances.

13This algorithm was developed at IDSIA, Lugano, CH, by Monaldo Mastrolilli.
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The most prominent problem instance for JSP is a problem with 10 machines and 10 jobs
which was introduced 1963 by Fisher and Thompson in [75]. It lad been open for more
than twenty years before the optimality of a solution was proved by Carlier and Pinson [24].
Another famous series of 80 problem instances for JSP and 60SP instances was generated
by Taillard [101]. We use the Fisher-Thompson instancdt10 and Taillard's rst JSP instance
tai_15.15_1_jsp on 15 jobs and 15 machines to generate 10 respectively 15 nevernchmark
instances for the GSP. For both problems, we re ned the job patition into a group partition

We tested the “ve developed metaheuristics: ACG4, EC, ILS, SA and TS as described in the
previous sections. From thewhizzkids97GSP instance we derived three problem instances: (i)
The original GSP instance in the following denoted bywhizzkids97gsp (ii) the OSP version
whizzkids97osp and (iii) the JSP version whizzkids97jsp where we xed the technological
sequences as they appear in the Te. We tested each metahestic for 10 trials of 18000
seconds each (1800 seconds for the OSP version). The OSP versof this problem turned
out to be very easy to solve (see Figure 3.6) and all metaheustics, except for the EC algorithm
which is performing worse, show a similar performance. Hower, ACO is the only algorithm
which always nds the best solution found. The original GSP instance (see Figure 3.7) seems
to be much harder to solve, especially for the population basd methods. TS, although not
‘nding the best solutions found by SA, showed the overall bet performance, followed by
ILS, SA, ACO and further behind the EC algorithm. The JSP instance (see Figure 3.8)
again shows TS in the advantage over the other algorithms. 1IS, ACO and SA show a similar
performance. SA shows a higher variance in the qualities ofte solutions produced. Again the
performance of the EC algorithm is worse than the performane of the other metaheuristics.

We further tested our metaheuristics on the 10 GSP instanceglerived from ft10 for a time
limit of 60 seconds for each of the 10 trials per metaheurist. A summary of these results
showing the mean ranks in a mean rank based comparison is gien Figure 3.9. Again, TS
showed the best results for most group sizes, except for grpusize 8 where ACO has a slight
advantage. ACO is altogether the second best algorithm. Theresults in Figure 3.10 show
that ACO, EC and TS nd the optimal solution 930 to the origina | JSP version offt10 within
60 seconds. The third algorithm in the ranking is ILS which peforms poorly for group size
1, but then ranks between 2 and 4 for the other group sizes. EClows a quite particular
behaviour. It performs quite well for small and large group $zes'®, but shows decreasing
performance for the medium group sizes. SA ranks last for meof the groups sizes. It might
be that for SA 60 seconds is not enough for reaching good solons.

We observed a similar behavior for the 15 instances derivedrdm tai_15.15 1 jsp, which we
tested for running times of 600 and 1800 seconds for each oféhlO trials per metaheuristic
(see Figures 3.11 and 3.12). It turned out that with increashg running time the di®erence
between TS and the other metaheuristics became smaller, an@lS was outperformed by ACO
and ILS for some medium group sizes (7, 9 and 10). ACO even ougsforms TS slightly on
groups sizes 2 and 4 for the longer running times. For longerunning times ACO is for nearly

Y version EDI ts described in Section 3.2.
5 For instances close to JSP and close to OSP.
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Figure 3.6: Comparison of the metaheuristics on thewhizzkids97osp problem, which is the
OSP instance derived fromwhizzkids97 The absolute values of the solutions generated by
each metaheuristic (left) and their relative rank in the comparison among each other (right)
are depicted in two boxplots. A box shows the range between th 25% and the 75% quantile
of the data. The median of the data is indicated by a bar. The whskers extend to the most
extreme data point which is no more than 15 times the interquantile range from the box.
Extreme points are indicated as circles.
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Figure 3.7: Comparison of the metaheuristics for the origiml whizzkids97gsp problem. The
absolute values of the solutions generated by each metahdstic (left) and their relative rank
in the comparison among each other (right) are depicted in tvo boxplots. A box shows the
range between the 25% and the 75% quantile of the data. The mean of the data is indicated
by a bar. The whiskers extend to the most extreme data point whch is no more than 15
times the interquantile range from the box. Extreme points are indicated as circles.
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Figure 3.8: Comparison of the metaheuristics on thewhizzkids97jsp problem, which is the
JSP instance derived fromwhizzkids97 The absolute values of the solutions generated by
each metaheuristic (left) and their relative rank in the comparison among each other (right)
are depicted in two boxplots. A box shows the range between th 25% and the 75% quantile
of the data. The median of the data is indicated by a bar. The whskers extend to the most
extreme data point which is no more than 15 times the interquantile range from the box.
Extreme points are indicated as circles.

all group sizes quite close to the performance of the TS. Hower, the TS is the only algorithm
which "nds (even within 600 seconds) the optimal solution 131 for the original JSP version
of tai_15.15_1_jsp (see Figure 3.13). EC again performs rather poorly on mediungroup sizes
and performs well on small group sizes (where the VNS might Hp to nd good solutions)
and big group sizes (where the Non-Delay algorithm to producehe initial solution helps to
“nd very good starting solutions).

Summarizing we can say: TS overall shows the best performae¢ which indicates the power
of the neighborhood structure de ned in Section 3.1. ACO shws overall the second best
performance even outperforming the TS on some group sizesoplfowed by the ILS whose
performance is for a few exceptions consistently slightly wrse than the performance of the
ACO. The EC approach performs well on small and big group size, whereas for medium
group sizes the relative performance of the algorithm is rater poor. SA can perform very
well when long running times are allowed. For example, SA fond the best solution among
the metaheuristics for the dixcult original whizzkids97problem when given 18000 seconds of
running time. Therefore, we conclude that among the populaton based metaheuristics the
ACO implementation shows a clear advantage over the EC implmentation, and among the
trajectory methods in general the TS implementation outperforms the ILS implementation
and the SA implementation. However, we suggest that there isno \best metaheuristic" with
which to tackle the GSP. Our fair comparison showed that depading on the position of
the problem instance between JSP and OSP di®erent metaheutic techniques show advan-
tages. The GSP might best be tackled by a hybrid metaheuristt approach that combines the
elements of the algorithms described in this work accordingo the results of our analysis.



CHAPTER 3. METAHEURISTICS FOR GROUP SHOP SCHEDULING 61

3.8 Outlook to future work

There are several possible directions for future work. Conerning the ACO algorithm, dif-
ferent heuristic information should be tested. An interesting result might be that di®erent
heuristic information leads the algorithm to di®erent areas in the search space which would
suggest the usefulness of using di®erent heuristic inforrtian in di®erent restart phases. Also,
other construction mechanisms for ACO could be consideredFor example, an insertion based
construction algorithm might be computionally more expensdve, but might improve the per-
formance.

Concerning problem instances, a generator should be devgled which generates GSP in-
stances not only with O variance in the group sizes, but rathe providing a way of adjusting
the desired variance in the group sizes of the problem instate to be generated.
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Problem Instance: ft10, 60 seconds
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Figure 3.9: Mean ranks (x-axis) of the solutions generated byhe metaheuristics to the 10 GSP
instances derived fromft10. The group size (y-axis) varies from 1 to 10. The metaheurists
were tested 10 times each on every derived problem, for a timef 60 seconds per run. Note
that the best mean rank a metaheuristic can achieve is 5 in casthe solutions produced in
its 10 trials are all better than the 40 solutions generated ly the other 4 metaheuristics.
Accordingly the worst mean rank is 45.
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Figure 3.10: Comparison of the metaheuristics on the origial ft10 problem, which is a JSP
instance. The absolute values of the solutions generated byach metaheuristic (left) and their
relative rank in the comparison among each other (right) aredepicted in two boxplots. A box
shows the range between the 25% and the 75% quantile of the dat The median of the data
is indicated by a bar. The whiskers extend to the most extremedata point which is no more
than 1:5 times the interquantile range from the box. Extreme points are indicated as circles.
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Problem Instance: tai_15_15 1 jsp, 600 seconds
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Figure 3.11: Mean ranks (x-axis) of the solutions generated Yy the metaheuristics to the 15

GSP instances derived fromtai_15.15.1_jsp. The group size (y-axis) varies from 1 to 15. The
metaheuristics were tested 10 times each on every derived pblem, for a time of 600 seconds
per run.
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Problem Instance: tai_15 15 1 jsp, 1800 seconds
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Figure 3.12: Mean ranks (x-axis) of the solutions generated Yy the metaheuristics to the 15

GSP instances derived fromtai_15.15.1_jsp. The group size (y-axis) varies from 1 to 15. The
metaheuristics were tested 10 times each on every derived gblem, for a time of 1800 seconds
per run.
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Figure 3.13: Comparison of the metaheuristics on the origial tai_15.15 1 jsp problem, which
is a JSP instance. The absolute values of the solutions gerated by each metaheuristic
(left) and their relative rank in the comparison among each dher (right) are depicted in two

boxplots. A box shows the range between the 25% and the 75% qutle of the data. The

median of the data is indicated by a bar. The whiskers extend ¢ the most extreme data
point which is no more than 1.5 times the interquantile range from the box. Extreme points
are indicated as circles.
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