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INVESTIGATING THE USE OF GENETIC PROGRAMMING
FOR A CLASSIC ONE-MACHINE SCHEDULING
PROBLEM

Christos Dimopoulos and Ali Zalzala
Robotics Research Group
Department of Automatic Control & Systems Engineering
The University of Sheffield
Email: rrg @sheffield.ac.uk

Abstract: Genetic programming has rarely been applied to manufacturing optimisation
problems. In this report we investigate the potential use of Genetic Programming for the
solution of the one-machine total tardiness problem. Combinations of dispatching rules are
employed as an indirect way of representing permutations within a Genetic Programming
framework. Hybridisation of Genetic Programming with local search techniques is also
introduced, in an attempt to improve the quality of solutions. Finally, Genetic Programming is
utilised for the evolution of scheduling policies in the form of dispatching rules. These rules
are trained to cope with different levels of tardiness and tightness of due dates.

Keywords: Evolutionary computation, genetic programming, manufacturing optimisation,
tardiness, scheduling.

1. Introduction

Manufacturing optimisation has become a major application field for evolutionary
computation methods. In a recent report [1] we highlighted the surprisingly wide range of
manufacturing optimisation problems covered by active evolutionary computation research.

The combinatorial nature of most manufacturing optimisation problems encourages the use of
evolutionary algorithms (EAs), or any other form of meta-heuristics (Simulated Annealing
[2], Tabu Search [3] etc.).- While numerous applications of traditional EAs (Genetic
Algorithms [4], Evolution Strategies [5], and Evolutionary Programming [6]) have been.
reported, manufacturing optimisation has rarely been the subject of Genetic Programming
(GP) research. Some notable exceptions to this rule are Garces-Peres et al. [7] who presented
an algorithm for the solution of the Facility Layout Problem (FLP) and two process
identification frameworks introduced in [8] and [9].

One of the possible reasons for the lack of GP applications in manufacturing optimisation is
the difficulty of evolving a direct permutation through a GP algorithm. Most solutions of
manufacturing optimisation problems - especially in scheduling - are represented by
permutations. While in a classic Genetic Algorithm (GA) a permutation can be easily coded
as a fixed-size string chromosome and the feasibility of solutions is guaranteed by the
application of various specially designed operators, a similar GP structure would suffer
unfeasibility problems from the application of subtree-crossover and mutation operators.




In this report we investigate the potential use of traditional and modified-GP algorithms for
the solution of a well-researched scheduling problem, the one-machine total tardiness

_problem. Potts & Van Wassenhove [10] have constructed an algorithm that is able to find

optimal solutions for this problem within acceptable computational times even for very large
instances. This algorithm allows the realistic evaluation of the performance of all GP-
generated methods introduced in this report. However, while Potts & Van Wassenhove’s
algorithm is problem-dependent and has no other known applicability, all the methods
described in the following sections can be used - in principle - for the solution of any other
one-machine scheduling problem.

2. Minimising total tardiness in a single-machine environment

2.1 Problem definition .

One of the main objectives of the scheduling procedure is the completion of all jobs
before their agreed due dates. Failure to keep that promise has negative effects on the
credibility of the company. '

If we define lateness of job i as the difference between its completion time C; and the
corresponding due date d;, then the tardiness of the job is calculated from the following
expression: ‘ ' '

T=max(0, C; - d)

In other words, tardiness represents the positive lateness of a job. In a single machine
environment, we define the total tardiness problem as follows:

A number of jobs J, J,....,J, are to be processed in a single facility. Each job is available for
processing at time zero, and is completely identified by its processing time p; and its due date

'd;. We seek to find the processing sequence that minimises the sum of tardiness of all jobs:

n

Y, max(0,C;-dy) (1)

i=1
where C,; is the completion time of job i. If for each job there is an associated weight (penalty)
w;, then (1) becomes ;

n

Y, wi{max(0, Ci-d)} (2)

i=
The objective of the weighted total tardiness problem is the minimisation of expression (2). If
we divide (1) or (2) by the number of jobs n, the objective becomes the minimisation of mean
tardiness. However, since a division by a constant does not alter the nature of the objective,
the problems are essentially the same.

The total tardiness problem is a special case of the weighted total tardiness problem. Both
problems are not easy to solve, especially for large values of n. In the following paragraphs
we will examine various methods that have been proposed for the solution of these problems.




2.2 Problem complexity

The complexity of the weighted total tardiness problem was established by Lawer [11]
in 1977. He proved that the associated decision problem is NP-complete by reduction from
the 3-partition problem. An alternative proof was given by Lenstra et al. [12] the same year.
Lawler also presented a ‘pseudopolynomial’ algorithm for the solution of the total tardiness
problem with agreeable weights (of which the unweighted total tardiness problem is a special
case). Lawler’s algorithm, based on dynamic programming, had a worst case running time of
complexity O(n*P), where

P= Z Pi
i=1

and p; is the processing time of job i . The complexity of the unweighted total tardiness
problem remained unestablished until 1989, when Du & Leng [13] proved that the associated
decision problem is NP-complete by reduction from a restricted version of the Even-Odd
Partition problem. The existence of Lawler’s ‘pseudopolynomial’ algorithm meant that the
unweighted total tardiness problem is NP-hard in the ordinary sense.

2.3 Literature review
2.3.1 Introduction

The research for the solution of both versions of the one-machine total tardiness
problem spans a period of four decades. From the early stages it became apparent that
complete enumeration of all permutations of jobs was inefficient, since the total number of all
possible schedules is (n!), where n is the total number of jobs in the problem. Two main lines
of research were followed during these forty years. In the early stages researchers focused on
the development of efficient implicit enumeration algorithms, mainly Dynamic Programming
and Branch & Bound. While these algorithms are analytical, their application is restricted to
relatively small-sized problems due to computational and memory requirements.

Dynamic Programming (DP), a powerful optimisation method introduced by Bellman [14], is
much faster than complete enumeration (see French [15] for an illustration of computational
requirements). However, it has obvious limitations in terms of memory requirements (2"
values must be stored before the construction of an optimal schedule). Branch & Bound
methods are quite unpredictable in their computational requirements. Their success depends
heavily on the calculation of sharp lower bounds, which will help on the quick elimination of
subtrees, speeding up the procedure considerably.

In recent years, especially after Potts & Van Wassenhove presented a quite efficient algorithm
for the solution of very large problem instances [10], researchers have focused on the
development of fast and efficient heuristic algorithms. While these algorithms perform much
better than implicit enumeration techniques in terms of computational requirements, the
optimality of their solutions is not guaranteed. In the following paragraphs we will present the
research on the one-machine total tardiness problem as it has evolved during the last forty
years.




2.3.2 Early approaches

The earliest investigation of the total tardiness problem is given by McNaughton [16],
who presented some theorems for scheduling independent tasks in a single machine, with
associated penalties for missing the deadlines. McNaughton showed that the set of
permutation schedules is dominant for this objective, and that the WSPT rule produces
optimal schedules when no job can be finished on time. Schild & Fredman [17] extended the
use of dispatching rules on some other cases and proposed a general methodology for the
solution of the problem with no guaranteed optimality. The same authors [18] later proposed
an algorithm for solving the associated problem with non-linear loss functions (quadratic).

Dynamic Programming was for the first time adopted for the solution of sequencing problems
by Held & Karp in a much referenced paper [19]. The principle of optimality for a scheduling
problem of this type states that “in an optimal schedule, the first £ jobs must form an optimal
schedule for the reduced problem based on these k jobs alone”. The recursive equations of DP
are formed based on this principle. Note that this formulation describes the forward DP
approach. Many researchers prefer the backward DP formulation, where the principle
optimality takes a different form. Lawler [20] was the first researcher to utilise Dynamic
Programming for the solution of the weighted total tardiness problem. No results were
. presented, however the author indicated the computational drawbacks of his method.

In 1968 Emmons [21] published a breakthrough paper on the one-machine total tardiness
problem without associated weights. He proved a series of theorems that establish relations
between jobs in an optimal sequence. Emmons also proposed an algorithm that utilises these
theorems in order to reduce the size of the problem and employs branching when no further
relations between jobs can be found. These theorems have formed the basis of many
optimisation methods for the total tardiness problem over the years. Emmons also generalised
the cases where EDD or SPT sequencing yields optimal schedules.

The same year Elmaghraby [22] presented the first Branch & Bound approach for the solution
of the weighted total tardiness problem. He formulated the problem using a network model
and consequently translated the minimisation function into a shortest path problem. A six-
step six-step branch & bound algorithm was then described for the solution of the total
tardiness problem with linear penalty functions. Elmaghraby claimed that his method could
reduce substantially the computational requirements. The operation of the algorithm was
illustrated with the help of an example problem, but no other results were presented.

A few years later Srinivasan [23] introduced a hybrid method based on Emmons’ theorems
and dynamic programming. In this three-step algorithm, Emmons’ theorems were initially
used to reduce the size of the problem and to introduce precedence relations between jobs.
Dynamic programming was then employed to solve the reduced problem. Results from
random generated test problems showed that his method exhibited substantial gain on
computational efficiency in comparison with complete enumeration and classic DP.
Srinivasan also investigated that the effect of changing the parameters of the problem to the
computational requirements. He reported that problems representing shops 60% tardy
(tardiness factor t=0.6) were computationally hard. His observation was latér confirmed by a
number of different researchers.

The same year Wilkerson & Irwin [24] presented the first heuristic technique for the solution
of the total tardiness problem. Their algorithm employed a decision rule and adjacent pairwise
interchanges for the construction of schedules. Their method was substantially faster than
complete enumeration, however, the optimality of solutions was not guaranteed.




Shwimer [25] enhanced the branch & bound formulation of Elmaghraby by using Emmons’
theorems and a number of new dominance criteria. The EDD rule was used to provide good
upper bounds, but the problems considered were still relatively small (n<20). The
computational efficiency of the algorithm varied considerably with the parameters of the
problem.

2.3.3 Development of implicit enumeration algorithms during the 80’s and 90’s

Rinnooy Kan et al. [26] took the brand & bound approach one step further by
presenting an improved algorithm for the weighted version of the problem. They focused their
research on the development of dominance theorems and the calculation of strong lower
bounds. The authors warned that the implementation of their theorems could lead to the
creation of precedence cycles and proposed a method for avoiding this deadlock situation.
Despite the fact that their algorithm was faster than Shwimer’s for problems with 15<n<20,
they underlined the need for sharper lower bounds, and even better dominance theorems.

Fisher [27] recognised this need and produced an algorithm that was able to find extremely
sharp lower bounds for branch & bound algorithms. His method was based on a dual
formulation of the problem. He introduced a sub-algorithm that solved efficiently the
Langrangian problem formed by the dual variables. The solution of this problem provided
both sharp lower bounds and good feasible solutions. In this latter way the algorithm could be
utilised as an efficient heuristic procedure. The extremely sharp lower bounds allowed the
solution of large sized problems (n=50) in moderate computational times. Fisher’s method
presented considerable advantages over the alternative methods that had been proposed until
that time for the same problem.

We already indicated that the dynamic programming approaches to the total tardiness
problem had limited applicability due to the extensive memory requirements. However, in
1978 Baker & Shrage presented two dynamic programming - based methods which were able
to solve large-sized problems (n=50) faster than branch & bound algorithms. The first method
[28] was an investigation on the application of dynamic programming to sequencing
problems with precedence constraints. The authors depicted that when chain-like relations
between jobs exist (jobs with only one direct predecessor and only one direct successor), the
number of feasible subsets that need to be enumerated is reduced, making the DP procedure
much faster. In the case of the total tardiness problem, where no precedence relations exist a
priori, Emmon’s theorems can be utilised to create them a posteriori. A few months later
Shrage & Baker [29] introduced a powerful dynamic programming implementation for
problems of the same type. Their method involved an enumerative procedure for all feasible
subsets, and a labelling procedure for storing and retrieving efficiently the values of these
subsets. Depending on the precedence constraints of the problem, the labelling procedure
could reduce considerably the storage requirements of the algorithm, allowing the application
of dynamic programming in large sized problems. Indeed, Shrage & Baker showed that their
method could solve 50-job test problems much faster than the algorithms of Fisher and
Rinnoy Kan et al.

The same year Picard & Queyranne [30] proposed yet another branch & bound algorithm for -
the solution of the weighted total tardiness problem. They devised a novel method for
obtaining lower bounds which is based on relaxation of the time-dependent travelling
salesman problem, a special case of the Quadratic Assignment problem which serves as a
model for sequencing problems. However, their method was applied only in small-sized
problems, and presented no advantage over the contemporary dynamic programming
approach of Shrage & Baker.




In the early 80’s Potts & Van Wassenhove [10] presented a new methodology for the solution
of the total tardiness problem, which combined features from earlier approaches. The
algorithm started by constructing a precedence relations graph based on Emmons’ theorems.
The labelling scheme of Shrage & Baker was then employed to address all feasible subsets. In
the case of a very large number of labels (>35000), the decomposition algorithm of Lawer
[11] was utilised to break up the problem in a number of smaller and easily tackled sub-
problems. Each of these sub-problems was solved optimally by the dynamic programming
approach of Shrage & Baker. The efficiency and the speed of this algorithm enabled the
solution of very large problems (50<1<100) in reasonable computational times. Especially for
problems with n<70, the performance of the algorithm was impressive. In larger problems the
algorithm was slightly slower, but still no optimal results on problems of this size had been
reported from any researcher until that time. The authors indicated that their method did not
generalise for the case of the weighted total tardiness problem. A few years later, they
proposed an alternative branch & bound method for the solution of the latter problem [31].
The lower bounds were: obtained using Langrangian relaxation. The multiplier adjustment
method was employed for the calculation of Langrangian multipliers. Some dominance
features of dynamic programming were also utilised for the elimination of as many nodes of
the solution tree as possible. Potts & Van Wassenhove’s method was able to solve problems
much larger than those reported in earlier branch & bound approaches. The authors concluded
that the existence of a very sharp lower bound was not as important as it was considered to be
by previous researchers. They claimed that a feature of quick enumeration of feasible subsets
- like the one that they used in their algorithm - could enhance considerably the search for an
optimal schedule.

Another implicit enumeration algorithm was proposed by Sen et al.[32] who utilised
Emmon’s theorems and corollaries in order to establish precedence relations between jobs.
They reported that their seven-step algorithm outperformed DP in terms of computational
efficiency for large-sized problems (n>50).

2.3.4 Recent developments

In the last decade, researchers have turned their attention to the implementation of
efficient heuristic methods, which are generally faster and much easier to implement. The
optimality of a heuristic solution is not guaranteed, however, it is easy to test its efficiency by

~ calculating the optimal values using an implicit enumeration algorithm.

A classic local search procedure for permutation problems such as the one-machine total
tardiness problem incorporates Adjacent Pairwise Interchanges (APT's) of jobs in order to
find optimal or near optimal sequences. The quality of an API depends both on the initial
sequence of the algorithm (‘seed’), as well on the search strategy that is employed. Fry et al.
[33] presented a heuristic approach that utilised the best of nine Adjacent Pairwise
Interchange (API) strategies. These strategies were produced by the combination of three
different initialising procedures (EDD, SPT and Minimum Slack Time (MST)), with a same
number of search strategies ( front to back - restart when local optimum found, back to front -
restart when local optimum found, all adjacent pairwise interchanges - restart from the best
found ). A comparison of the method with Wilkerson & Irwin’s algorithm showed that APT’s
constitute a very fast and reliable optimisation for the one-machine total tardiness problem.

Some years later, Holsenback & Russel [34] introduced their powerful Net Benefit Of
Relocation (NBR) heuristic procedure. Emmons stated in one of his corollaries that an EDD




sequence is optimal if the tardiness of each job is less or equal than its processing time. The
NBR heuristic is based on this observation. Starting from the last job of the EDD sequence
the algorithm finds the first job which possesses ‘reducible’ tardiness (i.e. T;>p;). For each job
preceding job i in the sequence the Net Benefit of Relocation is calculated, i.e. the benefit in
tardiness units of exchanging the positions of these jobs. The job with the higher NBR
(subject to NBR>0) exchange its position with job i. The same procedure is repeated on the
remaining i-1 jobs. NBR method produced high quality results even for very large problem
instances (n=100). The deviations from the optimal values - obtained using Potts &
Wassenhove’s method - were very small, while the computational times where excellent
(around one second of CPU time for problems with n=100).

A year later Panwalkar et al. [35] introduced the PSK heuristic, which performed
impressively on a number of different cases. PSK is a simple, effective procedure that starts
from a n SPT sequence and constructs a schedule by making n-passes one for each job. The
algorithm uses two sets of jobs, the SPT set of unscheduled jobs {U}, and the set of the of
jobs that have already been scheduled {S}. In each pass, a job from {U} is considered to be
active, starting from the leftmost one. If the scheduling of this job is necessary since it is
already tardy or on time, or because the successive job will make it tardy, then it is removed
from {U}and it is placed on {S}. Otherwise the next job in {U} becomes active and the same
set of comparisons is performed. The algorithm was tested on a wise range of problems
producing very good results. However, Russel & Holsenback [36] questioned the validity of
their results, claiming that in their own experimentation with the same problems used in [35],
the NBR was generally superior to PSK. In any case, they noted that PSK is particularly
suitable for a specific set of problems characterised by high values of tardiness factor and
range of due dates.

Recently, Russel & Holsenback [37] introduced some modifications to the NBR heuristic,
which improved the performance significantly, especially in the case of large - sized problems
(n=100). They also proposed the composite use of the modified NBR and PSK heuristics,
since both methods are extremely fast, easy to implement and complementary in nature.

Meta-heuristics (simulated annealing, tabu search, genetic algorithms etc.) have gained a
considerable research interest the last decade. All of these techniques have been applied to a
wide range of scheduling problems. Matsuo et al. [38] were the first researchers to employ
simulated annealing for the solution of the weighted total tardiness problem. A few years later
Potts & Van Wassenhove [39] presented a simulated annealing algorithm for the unweighted:
case of the same problem, adopting the adjacent pairwise interchange strategy for the creation
of neighbourhood schedules, and a special interweaving procedure which performed local
search at certain stages of the algorithm. A much simpler simulated annealing method was.
proposed a few years later by Ben-Daya & Al-Fawzan [40]. Random job interchanges were
used for the creation of neighbourhood schedules and no form of local search was employed.
Their method outperformed the heuristic approaches of Fry et al. [33] and Holsenback &
Russel.[34] in a wide range of test problems. However, while Holsenback’s heuristic is
extremely fast, Ben-Daya’s algorithm suffers from slow convergence, a well-known
disadvantage of simulated annealing.

Another dynamic programming - based approach for the solution of the weighted total
tardiness problem was introduced recently by Ibaraki & Nakamura [41]. Their method is
called Successive Sublimation Dynamic Programming and aims to reduce the number of
subsets that need to be considered in a dynamic programming procedure. The algorithm
utilised upper and lower bounds to eliminate as many states of the scheduling tree as possible.




Experimentation showed that Ibaraki’s approach was much faster than classic dynamic
programming. However, as the authors indicated, the method has limited applicability to
- problems characterised by certain levels of tardiness

Tausel & Sabuncuoglu [42] have recently presented an interesting investigation on the total
tardiness problem, utilising geometric representations in order to analyse and prove Emmons’
theorems. Their research further included a number of theorems that identified ‘easy’ or
‘hard’ problem instances based on the graphic representation of the problem’s data. They
noted that a particularly ‘hard’ family of problems (the one where Emmons’ theorems cannot
be initiated), is difficult to be created using a random number generator, thus the reliability of
the randomly generated test problems usually employed by researchers is not guaranteed.

1235 General reading

Despite the fact that this review covers a wide range of research papers, we cannot
claim that forty years of academic research has been included in the previous pages. For the
interested reader, we recommend the books of Baker [43], French [16] and Pinedo [44],
which give an excellent introduction on scheduling problems and discuss single machine
scheduling in great depth. Gupta & Kyparisis [45] present an excellent review on single
machine scheduling research until mid 80’s. Sen & Gupta [46] focus on scheduling problems
involving due dates for the same period. Finally, Baker & Martin [47], Van Wassenhove &
Gelders [48], Potts & Van Wassenhove [31] and Russel & Holsenback [34] give comparative
results on the application of different optimisation methods to the one machine total tardiness
problem.

3. Brief introduction to Genetic Programming

Genetic Programming belongs to the family of evolutionary computation methods. During the
'80’s a number of researchers investigated the use of evolutionary computation for program
induction [49]-[51]. Koza [52], [53] introduced the most efficient of all methods and used the
term ‘Genetic Programming’ to describe it.

The operation of GP is quite similar to those of other evolutionary algorithms. The concept of
Darwinian strife for survival is the driving force of the algorithm. A potential solution of an
optimisation problem is appropriately coded into a form of chromosome, and a population of
these solutions is employed for the evolution of optimal or near optimal solutions through
successive generations. Each new generation is created by probabilistically selecting
individuals from the old generation according to their fitness. These individual either survive -
intact to the new generation or they are genetically modified through a number of operators.
In traditional evolutionary algorithms individuals are most of the times fixed-sized strings of
problem parameters. In contrast, GP evolves computer programs of variable size, i.e.
representations that can be translated by a computer either as they have been evolved or with
slight modifications. In that sense GP is a form of automatic programming (a method of
teaching the computers how to program themselves).

Genetic programs are usually illustrated as collections of function and terminal nodes in the
form of a parse tree (fig. 1).




=x*z+(x-y)

Fig. 1: An example of a GP parse tree and its interpretation

A tree structure is interpreted in a depth-first, left to right postfix way as depicted in the same
figure. This type of representation is dominant in the GP field, since Koza adopted it in his
pioneering works. However, a number of alternative program representations have been
proposed in the last few years (Nordin [54], Teller & Veloso [55]).

Like in most EAs, crossover & mutation are the two major operators that are employed for
the genetic modification of tree structures. The application of these operators in GP is quite
simple. For the crossover operator (mostly known as subtree-crossover) two individuals are
probabilistically selected from the population according to their fitness. A crossover point is
selected randomly at each tree, and the subtrees defined by these points exchange their
positions at the genetic programs (see Appendix: Example 1). The functions and the terminals
of the system have been selected and designed in a way that ensures satisfying the closure
property (closure property: any function should be able to accept any other function or
terminal as its input, without bringing the system to a halt).

Mutation operates as follows: A genetic program is probabilistically selected from the
population based on its fitness, and a cut-off point is chosen randomly. The subtree defined
by this cut-off point is deleted, and a new subtree randomly created takes its place in the
program, subject to the size constraints defined by the user (see Appendix: Example 2).

Traditionally, subtree crossover is considered to be a significant element of GP. Koza applies
it to individual programs with a probability of 90%! However, in the last few years some
researchers have argued that the success of the crossover operator might be problem-
dependent, since studies have shown that most of crossover operations that take place in an
independent GP-run produce a negative effect on the fitness of the solutions (see Banzhaf et
al. [56] for an in-depth analysis on the subject of GP-crossover and its implications).




4. A GP-heuristic for the solution of the one-machine total tardiness
problem

4.1. Design of the algorithm
4.1.1 Problem representation

A natural representation for the solution of the one-machine total tardiness problem is a
permutation of all jobs to be scheduled. Evolutionary computation researchers have
extensively used permutation representations for flowshop and one-machine scheduling
problems like the one discussed in this report. Specially designed genetic operators (originally
created for the solution of the Travelling Salesman Problem) ensure the feasibility of
solutions throughout the evolutionary procedure.

The representation of a permutation within a conventional GP framework is not
straightforward, since genetic programs are structures of variable length while a permutation
has a predefined length size.

In the implementation proposed in sections 4 and 5, common manufacturing dispatching rules
are employed as an indirect way of representing a permutation through a genetic program. A
dispatching or priority rule is a method of determining the next job to be scheduled out of a
set of unscheduled jobs. The decision is based on certain job characteristics like processing
times, due dates etc. There is a wide variety of dispatching rules available, especially for
dynamic scheduling problems [57]-[59]. However, in our case the choice of dispatching rules
is limited since we are addressing a static scheduling problem.

The idea of using combinations of dispatching rules for the solution of scheduling problems is
not new. In a well-known scheduling textbook, Fisher & Thompson [60] proposed the
probabilistic learning of scheduling rules as a method of tackling job- shop scheduling
problems. Many other researchers have employed combinations of dispatching rules for the
solution of similar problems [61]-[63] . The majority of these approaches are based on the
idea of utilising different dispatching rules on individual machines and scheduling points in
the plant. Dorndorf & Pesch [64] proposed a concept that is similar to the one proposed in
this section. He employed a string of dispatching rules as a decision policy for the conflict set
of jobs created by Giffler & Thompson’s algorithm in job-shop problems. While this method
was unsuccessful in comparison with other algorithms proposed in the same paper, it
suggested that a combination of dispatching rules performed better than individual
dispatching rules. '

4.1.2. Function and terminal sets

In the algorithm presented in this section, a sequence of jobs is constructed indirectly by an
associated sequence of dispatching rules. While dispatching rules can be easily represented in
a GP framework as terminal nodes, there are still several issues that need to be addressed
before a GP run can take place. The first problem that needs to be solved is the connection
mechanism between the dispatching rules within a genetic program. Koza has already
suggested a way of sequencing two or more functions or terminals by employing the function
PROGN (the notation is taken from the LISP - equivalent function). PROGN takes as
arguments two or more function or terminal nodes and operates as a connection point
between these arguments. Fig.2 portrays the operation of PROGN function.
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@ Equivalent Code

schedule a job according to EDD rule

@ @ then schedule a job acéording to SPT rule

Fig.2 Operation of the PROGN function

In our experimentation we employed two variations of the PROGN function, the PROGN2
and PROGN3 functions which require two and three arguments respectively. While PROGN2
function is sufficient for small sized problems PROGN3 enhances the performance of the
algorithm in large-sized problems. Tests were also made with PROGN4 and PROGNS
functions without any significant change on the results. As a result, the function set of our
algorithm contains the two connecting functions PROGN2 and PROGN3.

The terminal set, as expected, is comprised of a number of dispatching rules that can be
considered as good building blocks for the combinations. Three rules were selected to take
part in this terminal set. The first one is the Earliest Due Date rule (EDD) which sequences
jobs in non-decreasing order of their due date. The second one is the Shortest Processing
Time rule (SPT) which sequences jobs in non-decreasing order of their processing time. Both
these rules are known to perform optimally or near-optimally in specific cases: The SPT rule
produces an optimal schedule when no job can be completed on time, while the EDD rule
schedules optimally when at most one job in the problem is tardy. More general cases for the
optimality of EDD and SPT scheduling are given by Emmons [21]. Based on these theorems
we can expect the SPT rule to perform better at problems with high levels of tardiness, and
the EDD rule to be ideal for the inverse case. The last rule used in our terminal set was
originally introduced by Montagne [65] for the solution of the weighted total tardiness
problem. This rule sequences jobs in non-decreasing order of the following ratio:
p

,. 1
—

“ (1_‘1;' ipi]
i=1

where w; is the associated penalty for job i. By setting all weights to one, we obtain the ratio
used for the unweighted version of the problem:

Pi

Z p,—d,
i=1

(the summation term that is missing in the numerator of the ratio, has no effect on the
operation of the rule). We can say that Montagne’s rule (MON), is a problem specific
dispatching rule since its design has been based on the knowledge of the problem. If for
example a due date of a job is close to the makespan of all jobs, then the ratio becomes larger,
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