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Chapter i

Introduction

1.1 General Scheduling Problem

Job-shop scheduling problems arise in almost all areas of human activity. They occur whenever there
is a choice as to the order in which a number of tasks can be performed. A problem could involve:
jobs in a manufacturing plant. aircraft waiting for landing clearances, or programs to be run at 2
computing centre. Regardiess of the character of the particular tasks to be ordered. these problems

may be described in the common language of job-shop scheduling theory.

We may view scheduling in several ways. First. scheduling is a decision-making function: it is the
process of determining a schedule. Second. scheduling is a body of theory: it is a collection of
principles, models. techniques, and logical conclusions that provide insight into the scheduling
function. Scheduling helps the decision-maker to efficiently utilize resources, respond rapidly to

demand. and conform closely to prescribed deadlines.

Many job-shop scheduling problems can be described by specifying four types of information:

1. The jobs and operations 10 be processed.

2. The number and the types of machines that comprise the shop.

3. Disciplines that restrict the manner in which assignment of jobs to time slots and machines can be
made.

4. The criteria by which a schedule will be evaluated.

S. In this research, each job consists of one task, and so the term job will be used interchungeable
with task..



1.2 The Parallel Machine Scheduling Problem

In general. scheduling requires both sequencing and resource allocation decisions. When there is only
a single resource. as in the single-machine model. the allocation of that resource may be completely
determined by the sequencing decision. Consequently there is no distinction between the sequencing

and allocation parts of the problem.

The focus in this research is not on single machine systems, but on systems with two or more
identical processors in parallel All n jobs are assumed to be available for processing at time 0. and
each job can be performed equally well on each machine. In this case. the allocation part of the
problem is to decide which jobs to process on which machines. Once the allocation has been made.
the individual machines may be optimally or sub-optimally sequenced. More specifically. we shall
deal with the problem of minimizing the maximum job completion time, also called the makespan. for
scheduling n jobs on m identical machines (this problem is denoted by PiiCpay). This problem and its
well-known relatives the partition problem and subset-sum problem. have fascinated many
researchers for several decades. Many excellent algorithms have been developed. and almost any
reasonable level of performance may be obtained in modest computer time using various
approximation schemes. We shall also examine the implications of the algorithms under study for the
problem of minimizing a secondary objective. the mean job completion time, which is equivalent to

minimizing the sum of the completion times of all of the jobs.



More specifically, the problem PiIC... ts defined as follows:

Problem instance: a set J={1.....n} of n jobs. where job i has non-negative processing time

4. and m processors ( n 2 m).

Question: Partition the job set into m subsets J;....Jq. 80 as to minimize the maximum sum
of processing times (makespan) of the jobs in any of the subsets. where Jj contains the jobs

which are assigned for processing on machine j.

The mmportance of this problem cannot be underestimated. both for its theoretical vidue and its
practical applications. Detailed discussion of PliCr,, is therefore a feature of every introductory job-
shop scheduling book. In complex real-world systems, parallelism is a common feature, and an
understanding the parallel machine problem enables the master scheduler to deal more etfectively

with the parallel portions of a complex network of processors.

It is unfortunate that the problem PlC.. cannot be solved optimally (in a practical sense) if the
number of jobs becomes too great. The reason is that this problem is in the class of NP-hard
problems [GJ]. for which the only known optimal algorithms grow exponentially in computational
time as the size of the problem grows. Nobody has yet been able to find an "efficient”™ optimal
ajgorithm for any NP-hard problem (efficient meaning an algorithm whose computational time grows
as only a polynomial function of problem size). nor has anybody proved that such a efficient
algorithm does not exist. However, the general practice is to develop computationally efficient
heuristic algorithms (non-optimal but often close to optimal) for such NP-hard problems. to enable
large problems to be reasonably well solved.



For such heuristic procedures, we often evaluate the quality of the algorithm in two ways:

(1) worst case_performance mtio: for each instance of a problem. compute the rutio of the

heuristic value of the objective function obtained for a problem to the optimal value for that
problem. The worst case performance ratio for an algorithm is the maximum of this ratio
over all problem instances.

(i) computational complexity: the number of computations (in effect. the computer time)
required 1o solve any instance of the problem. The computational complexity of a problem
is given as a function of the probler. size (technically. problem size is the length of the input.
ic.. number of binary bits, needed to specify a problem instance. but for most practical
purposes. it may be stated as some natral parameter(s) of the problem. ¢.g.. number of
jobs. number of machines. etc.).

There are several heuristic algorithms for minimizing the makespan on parallel machines when
processing times are known, including the well-known longest processing time (LPT) algorithm.
which will play a major role in this research. The LPT heuristic procedure first orders the jobs by
non-increasing processing times. and then schedules the jobs in order, assigning each job to the
machine with the least amount of processing already assigned to it. Thus, the LPT algorithm is easy.
intuitive. and reasonably fast computationally (running time O(u log n) for fixed m, where there are n
jobs) and was shown by Graham{G] to have a worst case performance ratio of 4/3-1/3m. where m is
the number of machines.

Much more work on the LPT algorithm followed that of Graham [G]. Since the LPT algonithm is
being used for comparison in this thesis, it is worth mentioning some particular results relating to its
performance. The worst case performance ratio of 4/3-1/3m was generalized by Coffman and Sethi
[CS] in 1976 to a bound of (k+1)/k -1/km. where the latest finishing job is assigned by LPT to a
machine with at least k-1 other jobs. This latter bound was shown to be tight for k=1 and for k>=3.
Finally. Chen [C] provided a2 modified tight bound for the case of k=2.



1.3 Ordinal Algorithms

The pragmatic world is full of decision making problems in the presence of uncertainty. and many
disciplines have responded with different approaches. There exist aids to decision making under
uncertanty in many disciplines. For example. political dzcision making approaches {e.g.. election).
psychological approaches (group decision making techniques such as Delphi). and a host of
mathematical approaches such as decision theory. sensitively analysis. statistical modelling. etc. In
particular, for many practical problems including scheduling problems. it is ofien the case that our
ability to find good solutions is severely mited by the availability of only incomplete information
with regard to the problem structure or data. The desired data. ie.. processing times. may be
available in only inexact form. as estimates. ‘guestimates’ or even worse. This problem is weli
recognised, and much work has been done 0 deal with it. e.g., statistics. decision theory. sensitivity
analysis, etc. In scheduling problems, it is often difficult to obtain accurate time estimates for Jobs.
However, it may be much cheaper and easier to establish which of two jobs is Likely to be longer, i.e..
to order the processing times rather than measuring the individual processing times themselves.

The ordinal data model is a new approach to dealing with inexact data. The approach has its
drawbacks. e.g.. there is no guarantee that ordinal data will be available when exact data isn't.
However. it is not unreasonabie to think that it might be, ¢.g.. the decision that one processing time is
less than another may very well be possible, while exact estimates may not (the cake takes longer to
prepare than the stew. but exact times for either may be difficult to determine). As a new approach,
there is very little fiterature available. and all of it is cited in the literature review in this paper. It
should be noted that results will shortly be completed (by W.-P. Liu and J.B. Sidney) on the use of
ordinal data for bin packing (where at least some data must be known exactly) and for minimizing the
deviation of linearly packed weights from a target centre of gravity.



With this is mind, we shall examine the effectiveness of algorithms for scheduling paralie]l machines
when the order of the processing times is known, but the actual imes themszlves are not known.
Thus, without loss of generality we may assume that @; 2 3. 2 ... 2 3,. We refer to such data as
ordinal data. Algorithms which uvtifize only ordinal data rather than actual magnitudes will be called
ordinal algorithms. Ordinal algorithms will be evaluated by their worst case performance ratios with
respect to the actual (unknown) data. Clearly. an ordinal algorithm for PilCou is given by a partition
of the jobs between the m machines. The orders (permmutations) of the jobs on each machmne are
irrelevant for the makespan objective function. but will be taken into consideration later when the
secondary objective of average job completion time is considered.

For example, suppose m=2, n=2, J={ 1.2 } and by assumption a, 2 a. The optimal value Cg., is ;.
and this is achieved by the algorithm which places job i on machine 1 The algorithm which piaces
both jobs on the machine 1 has a worst cass performance ratio of 2. and this occurs for the case of

4 =,

There exist optimal ordinal algorithms for a number of well-known problems. The shortest
processing time rule optimally solves the single machine and the identical parallel machine scheduling
problems when the objective is to minimize mean completion time {CMM]. The greedy algorithm
finds the minimal spanning tree [L1]. Many greedy algorithms have a strong ordinal "flavour” 0
them. e.g., the minimal spanning tree algorithm picks the next edge to be the smallest unused edge
which does not destroy feasibility. An ordinal algorithm for the two machine no-wait flow shop
problem which gives excellent solution values has also been developed [A], where by “no-wait”, we
mean that there can be no time delay between the completion of the first operation and the start of
the second operation of a job. Many other problems are poor candidates for the ordinal algorithm
approach. For example, the problem of scheduling n jobs on a single machine to minimize the



number of late jobs is such an example: without the actual values of processing times and due dotes,

it is impossible to determine if 2 job is late or not.

While our main focus. the parallel machine scheduling problem PIC..,. has been widely studied (sce
for example [LS]). the only previous work on ordinal algorithms for the problem is [LS]. whers
algorithms for the 2. 3. 4 and m machine problems were presented and analyzed for worst case
performance ratios. We briefly describe this last work. as it provides the basis for the current

research.

A problem mstance s given by a set of n processing times and the number m of machines. Let M
dznote the value of makespan given by a heuristic ordinal algerithm for such a problem instance, and
let OPT denote the corresponding optimal valus. Thus for any problem given by n and m. the
measure of the quality of an algorithm will be given by the worst case performance ratio max |
M/OPT }. where the maximization is taken over all i=tances of the problem.

In [LS] ordinal algorithms for the cases of 2, 3 and 4 machines are presented. For the cases of 2 and
3 machines, the algorithms achieve the minimum possible worst case performance ratio over all
problem instances. For example, for m=2 the worst case performance ratio is shown to be 4/3, and
this ratio is tight. The tightess implies there are instances which yield the worst case performance
" ratio of 4/3. Moreover, o other ordinal algorithm (i.c.. assignment of jobs to machines by rank) can
produce a worst case performance ratio less than 4/3. For the 4 machine case, the algorithm has a
Worst case performance ratio very close to the theoretical lowest ratio. For the case of an arbitrary
number m > 4 machines. an algorithm is presented that is guaranteed to produce a solution no worse
than (5m-2)/3m times the optimal value. Finally if the number of machines m gets arbitrarily large. the
best possible ordinal algorithm is shown to have worst case performance ratio of at least 1.52368. It



s shown that for m=18. 19 or m 2 21. the smallest worst case performance ratio for the m machine

problems excesds 3/2.

The table below summarizes the results in [LS]:

Problem Name Number of Machines | Worst Cass | Rato Tight?
Performance Ratio
PYMIC e 2 a3 yes
P(3MCaax 3 715 yes
P()ICqu 4 13/9 * ?
P(m)IICouc m (5m-2)3m Yes for m=4", k>2
Po)iCoax as m —> inf 21.52368 ?

* Lowest worst case ratio known to be at least 10/7.

Table 1.1 : Worst Case Performance Ratios for Existing Algorithms
(Ratio of Heuristic to Optimal Solation Values)




1.4 Problem to Be Studied

In this thesis. we shall use simulation to examine the effectiveness of algorithms for the parallel
machme scheduling problem which use only ordinal data.  Computer simulations will be used 10
study the makespan and average completion time of the jobs. Simulations will be based on muny
different distributions, to facilitate the identification of the kind of data configurations that yield good
{poor) results using ordinal algorithms.

A major shortcoming of the previous work just described [LS] is that worst case performance ratio is
often very unrepresentative of "typical” performance of an algorithm, which for most problems is
usually much better than this pessimistic ratio. In addition, while practitioners may not know exact
values of processing times, they may have some idea as to their distributions. e.g.. the distribution
may be symmetrical. have 2 low coefficient of variation (CV). take on only two values, etc. The
reason of the CV was considered a critical factor that a low CV would represent data which is
“relatively” constant. For example. a CV of G would represent data for which all processing times are
the same. In such a case, LPTa and LPTo are optimal. and there is no problem. However. a high
CV can lead to a few large jobs producing large variation between time assignments to machines.
Thus, while the worst case ratio may be high (say, for example, five-thirds), it may be that for data of
the type being considered (for example. low coefficient of variation) the algorithm tends to perform
very well  Thus. we would like to deal with several issues related to average performance ratio (
rather than worst case performance ratio ):

1. for what data configurations (i.c.. data distributions) do these algorithms give good (poor)
results, where good means competitive with the LPT algorithm using exact values of

processing times.



12

how well do ordinal algorithms compare in performance with typical good heurnstc
algorithms which use full data (Le.. actual processing times)?

how does the effectiveness of the algorithms examined differ for ditferent problem sizes

W

(given by n and m). and for different data distnibutions?

1.5 Thesis Outline

Chapter 2 lays out the foundations of the study: definitions. notation, description of algorithms under
study. theoretical considerations, description of the experiments to be performed. description of the
simulation methodology being used. description of the software systern developed for current and
future studies. In Chapter 3 the simulation results are presented. discussed and analyzed. Chapter 4
contains general conclusions and suggestions for further study.

10



Chapter 2

Problem Definition and Experimentai Design

2.1 Definitions and Notations

We now give the details of the algorithms under study and discuss the structure of the
experiments to be performed. As mentioned in the previous chapter, we let M denote the value
of makespan. (i.e.. Cxna) for the heuristic solution given by any of the algorithms for some
problem. and OPT the corresponding optimal value. Thus. for any problem the measure of the
quality of an algorithm will be given by the worst case performance ratio max{ M/OPT }. where

the maximization is taken over all instances of the problem. We also use the secondary l
performance measure average job completion ime., which is easily minimized (to be discussed

below) for any assignment of jobs to machines.
The following notations are given :

M(LPTa) = makespan under aigorithm LPTa

M(LPTo) = makespan under algorithm LPTo

M(P(m)) = makespan under algorithm P(m)

LB = lower bound for makespan problem

C(LPTa) = average job completion time under algorithm LPTa
C(LPTo) = average job completion time under algorithm LPTo
C(P(m)) = average job completion time under algorithm P(m)

i1



The LPT zlgorithm has already been described. We shall use it in two forms:
1. LPTuadenotes the LPT algonthm applied to the actual data ai:
2. LPTo denotes the LPT algorithm applied using ordinal data: assoctated with the i-th

smallest job is the (pseudo-)processing time i.
Algorithm LPTa
1. Construct an ordering of jobs (from large to small).
2. At each iteration assign the next job to the machine with the least amount of
previously assigned processing time.
In the implementation of the LPTa algorithm, if there is a te for the machine with the lowest

time assignment, the next job is allocated to machine i, where i is the smallest possible index.

The worst case performance of LPTa is (4/3 - 1/3m) as previously mentioned.

Algorithm LTPo

For the m machine case. we assign jobs I....,m to machines 1....m. then jobs m+1....2m to the

machines in reverse order, jobs 2m+1 to 3m in the original order. and so on. This amount o

applying LPTa to the ordinal data set { 1. ......n } where i represents the i-th largest job.

The assignments given by algorithm LPTo for the case of m=3 are illustrated below for m=3.
Machinel1: 1 6 7 12 13 ..

Machine2: 2 5§ 8 11 14 ..
Machine3: 3 4 9 10 15 ...

12



The worst case performance ratio of LPTo for the makespan problem is at least 5/3. as can be

seen by applying LPTo to the data set { 1. 1/3. 1/3. 1/3, 1/3. 173, 1/3 }.

The ordinal algorithms from [LS] are described belew. along with information about their worst
case performance ratos. For each value of m. the associated algorithm is described by
specifying the set of jobs assigned to each of the m machines. Before detailing the algorithms, a
few comments are in order. The first instinct of the authors of [LS] was to use the algorithm LPTo
as a good ordinal algorithm. but as illustrated previously, LPTo gives a worst case performance
ration of 5/3. which is higher that the P(m) algorithms achieve. In fact. there appears little intuitive
about the structure of the P(m) algorithms. This was the reality: the authors developed each one
separately. and were unable to detect a pattern which would enable the three special algorithms P(2),
P(3) and P(4). whoss worst case performance is quite good, to be generalized into P(5). P(6). .... .
Thus. for i>4. the algorithm Py, has been used instead of a more specialized and better performing
algorithm.

Algorithm P(2)

The machine assignments are:

MI: {1+3i1i20}

M2: {2+3i1i20} U { 3+3i11 20}
The resulting schedule is illustrated below:

Machine 1: 1 4 7
Machine2: 2 3 5 6 8 9 ...

Algorithm P(2) gives a worst case performance ratio of 4/3. and no other algorithm can do

better. For example, let & = completion time on M1. Then:

13



I 2 3
Q=)+ 0+ 2 +... L + {2+ ar+..) = Tar +7b € 7 max{a. b2},
3 3 3 3

Since max{a;. b/2} is clearly a lower bound on makespan . it follows that the time allotaton to
M1 is less than 4/3 times this lower bound. A similar argument applies for machine 2. The worst
case performance ratio of 4/3 is achieved by the instance given by processing times { 1.1/5,

173. 1/3}.
Algorithm P(3)
The machine assignments are:
MIl: {1+5111 20}
M2: {2} u{Siliz0}u {8+511i20})

M3: {34} U {7+51 1120} U {9451 1120}

The resulting schedule is shown below:

Mi: 16 11 16 21
M2: 2581013 15 18 20 ..
M3: 347 912141719 ..

Algorithm P(3) gives a worst case performance ratio of 7/5. and no other algorithm can do

better.

14



Aleorithm P(4)

The machine assignments are:

Ml:  {1+7i1i2 0}

M2 (2+14i1i20 U {7+14i1i20} U {11+14i1i 20}

M3: {3} U{6+14i1i20} U {9+14i1i20} U {12+14i1i20} U {14+14i1i 20} U
{18+14i1i 2 0}

Md: {4} U {5+14ili20} U {10+1411i20} U {13+14i1i20} U {17+14i1i 20}

o

The resulting schedule is shown below:

M1 : 18! 15 22; 29 36 :
M2 : 27F 11 16 2 25 30 35
M3 3691214 18200 232628 32 34!
M4 45:1013 1719 | 2427 3133 |

Algorithm P(4) gives a worst case performance ratio of 13/9. and no other algorithm can do

better than 10/7. which is only a bit more than one percent below 13/9.
Algorithm Py

For m>=35 jobs are assigned to machine i as follows:

1. Forl<is<lm/2], {ai}\.}{azm,‘“’klm _rm,ﬂj}. k20

2. Forlm/2l+1<i<m, {ai}u {a"'.m-vl-io-k(m-f w2l }U{asm.x-i.um.! mrﬂ)}' k20

15



The assignments given by algorithm P(m) for the case of m=7 are illustrated in below:
Machine I: 1 14 25 36
Machine 2: 24 35
Machine3: 3 12 23 34
Machine4: 4 11 18 22 29 33 40 ...
Machine5: 5 10 17 21 28 32 39 ...
Machine6: 6 9 16 20 27 31 38 ...
Machine7: 7 8 15 19 26 30 37 ...

(8]
—
[FM]

For any m, algorithm Pm gives a worst case performance rato no greater than (Sm-2)/3m.

Note that algorithm P(3) is in fact Py with m=3, 1.¢.. P3.

Once the above algorithms have been applied to obtain makespan. the jobs will have been
partitioned into subsets for each machine. To minimize average job completion time subject to
this partition, the jobs on each machine will be put into shortest processing time order, that is,
from smallest to Jargest. In other words, LPT is used to parttion jobs between machines, and

then SPT is used to order each machine.

The following two lemmas establish some general properties which provide direction in the

research for ‘good’ algorithms for PIICmax: proofs are given in [LS].

Lemma 1. Suppose that an algorithm for PICmax with m machines does not have the following
two properties:
1. jobs ! to m are assigned to different machines:

2. jobsiand 2m+1-i are assigned to the same machine.

Then the algorithm has a worst case performance ratio of at least 3/2.
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Lemma 2. Suppose that an algorithm for PiiCmax with m machines and n jobs schedules nj jobs

on machine 1. Then the wors: caze performance ratio is at least Max [{ni }/ In/ m-l).

As menticned above. for any job assignment to machines given by an algorithm for PlIC,,, . the
average job completion time can be minimized subject to the above assignmen: of jobs to
machines by placing the jobs on each machine in shortest processing tme order (SPT). This
will enable us to compare algorithmic performance on the secondary measure. average

completion time of jobs.

An additional tool we shall use in evaluating the quality of makespan solutions is the easily
calculated lower bound LB = max{a,. a_+a_ ;. b/m}. where b is the sum of job processing

tmes, b= Zai . For the average job completion ime objective. one of the algorithms we shall

use will actually yield the minimum. and this minimum will be used for comparison.

To summarise, for each problem we will compare the makespans produced by three algorithms
with each other and with a lower bound. In addition. we shall compare the average job
completion times produced when the machine assignments produced by the algorithms are
placed in shortest processing time order. and compare the values so obtained with the optimal
(which one of the three algorithms produces). The three algorithms which will be compared for

each random problem generated are:

1. the longest processing time (LPT) algorithm applied to actual data. LPTa

2. the LPT algorithm applied to ordinal data, LPTo

3. the appropriatc ordinal algorithm from [LS]. as determined by the number of
machines, namely P(2), P(3). P(4) or P,. The notation P(m) will be used to denote

any of these algorithms.
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In cach case. the SPT algorithm will be applied after the jobs have been assigned to machines in
order to minimize the secondary performance measure average Job completon tme. We note
that the LPTo algorithm above yields the actual minimum over all schedules for average job
completion time, and this serves as our lower bound on average job completon time. The kinds
of simulation experiments reported in this research typify those done to compare various

scheduling algorithms. see for example [CMM].

As an example, suppose m=3, n=10 and the job dmes are 75. 67, 45, 41. 27. 26, 23. 15. 7. 5.

Then the three algorithms above yield the solutions below. where each machine is in SPT order.

The assignments of jobs using the LPTa algorithm and then reordering the jobs in each machine
by SPT are:

Machine1: 3 7 26 75

Machine 2: 15 27 67

Machine3: 23 41 45
In the above table. the jobs allocated to each machine have been ordered in shortest processing
time order. Thus. mean completion time equals :

[3+ (3+7) + {3+7+26) + ... + (23+41+45)}/10 = 52.2

The total processing time is 111 on machine 1, 109 on machine 2. and 109 on machine 3. Thus
the makespan of the LPTa algorithm is 111. The average job completion time of the jobs is
52.2. ‘

The assignments of jobs using the LPTo algorithm are:
Machine1: 23 26 75
Machine 2: 15 27 67
Machine3: 3 7 41 45
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The total processing time is 124 on machine 1. 109 on machine 2. and 96 on machine 3. Thus

the makespan of the LPTo algorithm is 124, The average job completion time of the jobs is

52.2.

The assignments of jobs using the P(3) algorithm are:
Machine 1: 26 75
Machine2: 3 15 27 67
Machine3: 7 23 41 45
The total procsssing time is 101 on machine 1. 112 on machine 2, and 116 on machine 3. Thus

the makespan of the P(3) algorithm is 116. The average job completion time of the jobs is 52.9.

The lower bound of this example i1s LB = 109.67 = max {75. 41+45. 329/3}.

Thus, for the data given above, the makespan of algorithm LPTa is closest to the lower bound.
next comes P(3), and finally LPTo.

For P(3). the rato of M to LB is 116/109.67 = 1.0577. which is well within the theoretical
upper bound of 7/5 for this algonthm. The average completion time of 52.2 for LPTo is (as
stated previously) optimal, with LPTa equal to the optimal and P(3) within 2 percent of the
optimal for this example.
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.2 Using Simulation

The two main objectives of the thesis are to examine the performance of ordinal algorithms for
the problem PliCmax and to develop a software system to facilitate examinatior of the
performance of other ordinal algorithms. All the algorithms will be evaluated for makespan by
their performance ratios with respect to the lower bound and with respect to each other. In
addition, we examine how well the algorithms perform on the secondary measure of
performance. expected job completion time. In particular, we anticipate that the worst case
performance ratios are not always a good indicator of average performance. and also that the
algorithms that minimize worst case performance ratio may not control average job completion

time very well.

Using the PASCAL language. a software system was developed coasisting of a simulation shell
to control the simulation experiments, and the simulator itself. The output was carefully
designed to allow convenient {automated) use of available statistical software for analysis of the
results. A typical run of the simulaior for an m-machine n-job problem involves generation of a
large number of random problems, heuristic solution of each problem by the Longest Processing
Time ( LPT ) algorithm . LPTa, solution of an ordinal version of each problem (in which we
substitute the rank of aj in place of its value) by LPTo and by the appropriate ordinal algorithm
given in [LS). The actual values of aj are used with the solutions found by ordinal methods to
compute comparisons of the quality of solutions, i.c.. makespan and average completion time.
between the three algorithms. All objective function values are compared with a lower bound
calculated for the problem. In addition, for each solution to PliCmax. the jobs on each machine
are ordered by non-decreasing processing time to obtain the best average completion ame for
the particular assignment of jobs to machines, and the three algorithms are compared with

respect to average job completion ime. As previously mentioned, the second algorithm. namely



the LPTo algorithm, will yvield the optimal value for the average job completion time. so that our

comparisons of performance for average job completion tme will be made against the oprimal.

While the control shell for the simulation software is relatively simple. we divide the simulator
itself into two main segments. one to generate pseudo-random problems and the other to wun
them and output results. The output segment produces. for each problem, the makespan and
average job completion time for three algorithms ( LPTa using actual data. LPTo using ordinal
data, and the ordinal algorithm P(m) from [LS] ). and also computes a lower bound for the

makespan problem.

2.3 Experiments to Be Performed

A single simuilation run is insufficient to examine the performance of algorithms, We require a
set of results based on the same problem size and the same distribution of job times. More than
one simulation run can be executed in our simulation model. i.e.. the number of repetitions is
greater than one. For each repetition of each problem size and job-time distribution. seven

numbers will be computed for use in comparisons:

1. the makespan for the LPTa algorithm, M(LPTa):

the makespan for the LPTo algorithm, M(LPTo):

the makespan for the P(m) algorithm M(P(m));

the average job completion time for the LPTa algorithm, C(LPTa):
the average job completion time for the LPTo algorithm. C(LPTo):

AN

the average jub completion time for the P(m) algorithm. C(P(m)):
7. alower bound on the optimal makespan : LB = MAX { a,. ag+ag.;. b/m }.
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For cach problem investigated. the simulation output will include:

(1) data describing the method by which dat was generated (to permit replication of
the experiment): # (number of jobs). m (number of machines). distype (distribution used). rep

(numbser of repetitions of the experiment). seed (for pseudo-random number generator):

(2) for each repetition. the makespan given by each algorithm used (3 numbers. one
for each algorithm). the calculated lower bound (1 number). and the average job completion
time when the jobs are divided between the machines according to the makespan algorithm
used. and if these are sequenced on the machines in the shortest processing time order (3

numbers. one for each algorithm).

Using standard statistical tools, the makespans of the ordinal algorithms. LPTo and P(m). will
be compared with each other, and with the makespan of the LPTa algorithm and the lower
bound. The comparisons with the LPTa results will indicate how well the ordinal algorithms
compare with a typical good algorithm which uses actual data. and the comparison with the

lower bound will give an indication of the quality of the solutions obtained.

Additionally, the average completion times for the various algorithms will be computed. and
compared. to indicate the implications of the various makespan algorithms for this secondary

performance measure.



2.4 Methodology

Computer simulation and statistical analysis of the results of these simulations are the main tools

used to answer the questions:

1.

2

for what data configurations (te.. data distributions) do these algorithms give good (poor)
results, where good means competitive with the LPT algorithm using exact values of
processing times.

how well do ordinal algorithms compare in performance with typical good heuristic
algorithms which use full data (Le.. actual processing times)?

how does the effectiveness of the algorithms examined differ for different problem sizes

(given by n and m), and for different data distributions?

The structure of the simulation program is given in Figure 2.1.

ror the three kind of algorithms, LPTa. LPTo and P(m). various representative problem sizes.

given by the values of the number of jobs. n. and the number of machines, m. will be examined

for data drawn from various distributions:

1.

2

Uniform distribution U(a.b). 0 <a<b.

. Truncated normal distribution N( . o). truncated from below at 0. p and © must be

positive numbers.

Shifted exponential E(A. shift ) : both d and the shift must be greater than zero. The
probability density function is given by

£y =hemhomshm

A user-specified distribution is permitted to allow the software to be used in later simulations.

This feature was not applied in the current research.
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Figure 2.1 The Structure of the Simulation Program
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2.4.1 Choice of Environment and Program Language

In this thesis research. the PASCAL programming language is used to construct the simulation

programs. There are several advantages of choosing PASCAL:

PASCAL is a well-known programming language that most computer-literate workers

are able at least to read and understand.

PASCAL is widely available on computers: the Borland Turbo Pascal compilers are
inexpensive and, in particular. are installed on several University of Ottawa networks.

making them convenient for this research.

Because PASCAL is a strongly-typed programming language. each data structure such
as a variable or array must be declared before it is used. This reduces programming
errors, especially those that result when a named data structure is used in different ways

in different places in the program.

There are some disadvantages of our choice. however, such as the limited working memory of
Turbo PASCAL. Data structures are normally not allowed to use more than 64K bytes of
memory. This limitation will not affect our simulaton runs since we do not need to use that

much working memory.



2.4.2 Choice of Random Number Generator

The two major parts of the simulation program are the random number generator and the
simulation "run”. For each repetition of the simulatdon for fixed m and n. we must first generate
a suitable value for the time required for each of the n jobs. We also must rank these n values.
The value and rank of these random numbers are assumed to be the exact value and rank of the

job processing times on the machines we wish to schedule.

The paradox of random number generation presented by John von Neumann in [WH] is:

The random number sequences that computers produce are not truly random at all, since
true¢ randomness depends upcn having a random process available, such as tossing a coin.
Because such a process is not available within a computer, [we] use a pseudo-random process
to produce sequences of numbers that appear to be random and mimic well the behaviour that is

expected to be true for random sequences.

Such a process is not only easier to use than a truly random process. but it also produces
numbers for which the generation can be repeated if necessary. In testing a program. for
example, it is troublesome if every run is necessarily different because of different random
numbers. Pseudo-randomness iets us use the same numbers over and over again for testing but

use difterent ones for each production run.
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The ideal random number generator:

* should be repeatable across computing environments. so that when moving a program
from one machine to another the same numbers will be generated:

¢ should be written in a high-level language so that the code can port from one machine
to another one without difficulty:

e should be efficient in computing effort.

The algorithm presented by Wichmann and Hiil meets all criteria for an effective pseudo-random

number generator [WH]. Moreover, it has a long pertod. That is, it does not repeat itself vntil
2

very many (approximately 101") numbers have been generated. This generator was also

available in Turbo PASCAL. putting it ahead of some other choices.

Like most pseudo-random number generators, the Wichmann-Hill algorithm produces numbers
that are approximately uniformly distributed on the unit interval. We must transform the uniform

{0.1] pseudo-random numbers into other distributions:

—

. Uniform (a.b).

38

. Truncated normal ( 1. ¢ ), truncated at 0.
. Shifted Exponential ( A, shift ).

w
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2.4.3 Transformation to other distributions
(1) Uniform distibution on interval [a. b):

The following transformation of unit uniform pscudo-random numbers produces pseudo-
random numbers on the interval [a.b]. Let s;. i=1.2....n. represent the uniform {0,1] pseudo-
random numbers. Let xj. i=1.2.....n. represent the numbers distributed uniformly on [a.b]. Each

si has a corresponding number xj by inverse transformation:

xi=a+ (b-a)si.
(2) Normal distribution with parameters 1 and G, with truncation at zero:

The following wansformation of unit uniform pseudo-random numbers produces (pseudo)
random selections from the normal distribution { using the Box-Miiller method [JD] ). where the
mean L and the standard deviation o are both positive. Let sj. i=1.2....n, represent the uniform
[0.1] pseuco-random numbers. Let yj. i=1.2.....n. represent a number drawn from the standard
normal distributed number N (0,1). Let xj, i=1.2....n. represent the number distributed as

N(.0). If xj < 0, reject it and regenerate 2 new xj,

With two independent random variables R1 and R2.
R =25~1 and R,=2s,,-1
U=R+R;
Ifux<l
Then y, = {=2InU}"*RU'*
Yig ={2RUYRUV
X =U+Cy;

If xj<O0. then regenerate x;.
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Note that the truncation is nceded because our job times cannot be negative. but this truncation
causes the distribution of times that results to have a mean and standard deviation slightly

different from 1 and 6.
(3) Shifted exponential distribution:

The following transformation of unit uniform pseudo-random numbers produces shified
exponential random numbers with parameters d and shift. where both of the paranu.ters are
positive numbers. The reason for using the shifted exponential distribution instead of the ‘pure’
exponential distribution is to match the mean and standard deviation to that of the uniform
distribution. Therefore. the shifted exponential is comparable to the uniform distribution and

Normal distribution under the same mean and standard deviation.

Let si. i=1.2...n. represent the uniform [0.1] pseudo-random numbers. Let xj. i=1.2....n.

represent the numbers we want. Each s; has a corresponding number x;.
xi = shift + In((1-siy” A
2.4.4 Choice of parameters

It was felt that the coefficient of variation might be a significant factor in the behaviour of the
algorithms. as well as the general shape of the distributions. Therefore, three types of distributions
were used : the uniform, the truncated normal. and the shifted exponential. For each distribution.
three sets of parameters were used (for a total of nine different distributions), in such a way that each

type of distribution was run with approximately equivalent values of mean and standard deviation.
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As mentioned before. three data distributions are examined: uniform U { a.b ): truncated normal
N ( p.o° ) and shifted exponential E ( A.shift ). In order to compare the threz algorithms under

study. we have matched mean and standard deviation for these three distribution types.

For examples, let i1, and G; equal to the mean and standard deviation of uniform distribution: let
p2 and o= equal to the mean and standard deviation of Normal distribution: and let i3 and o

equal to the mean and standard deviaton of shifted Exponental distribution.

Then for Uniform distribution U(a.b )
11 = (a+b)/2
61 2 =(b-a)/12

Normal distribution N(1.G)
set {- =M,. and 0> = G; . Except for one scenario to be mentioned later.  the truncated

normal will for all practical purposes be identical to the  normal in our work.

Shifted exponential E (A.shift)
The probability density function is:
Fay=h et
Then
B, = ]l’f (t)dr

shift
=shift+1/A
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For 6] =], we have

. _m
_-Jb—a

For u, = u,. we have

o+a \6

2 6

-

shift =

(b-a)

In the program. the sample means and sample standard deviations of the data for each

distribution are calculated for comparison with their theoretical values.

2.4.5 Choice of Sorting Codes

Once the (pseudo)-random draws from a distribution are generated, the numbers drawn are the
actual values of job processing times on the machines. The LPTa algorithm uses data to
calculate the makespan and average completion time of jobs. but the ordinal algorithms LPTo
and P(m) use the ranks of these numbers rather than their values. In any event, we sort the

randomly generated job processing times to provide this ranking .
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There are several technigues for sorting arrays. such as bubble sort. linear insertion scit.
quicksort, shellsort. heapsort and  interpolation sort. Based on the efficiency of these sorting
algorithms. such as the running time. data file size, stability and computer stack requirement.

quicksort was chosen to be the sorting algorithm in this simulation model.

2.4.6 Simulation Code

We have already seen that the first part of the simulation process. and of our program. is the
'Problem Generator’ that generates data corresponding to or mimicking a real system of interest.
The other part of our program is the ‘Simulation Run’ which runs and tests the simulated model
under different requirements or environments. In both parts of our program., it is important that
we save information that allows for analysis and conclusions. We will perform our analysis using
standard statistical software (Minitab and Stata). The major advantage of separating the
simulation program into several parts is that we can isolate any errors made. Thus, the
simulation program consists of several individual programs. which eases the task of program
checking and testing. All the individual programs can be linked together by using a bawch file or

execution shell.

The problem generator consists of:

1. Initializing system parameters:
e number of jobs. represented by n:
e number of machines, represented by m:
* number of repetitions. represented by rep;
¢ random number gencrating seed. represented by seed;
e data configuraton type, represented by disttype. where ‘U’ for Uniform. ‘G’
for truncated Normal and 'E’ for shifted Exponential:
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» parameters tor data configuraton type. such as interval @ and & for unitorm.

# and ¢ for truncated normal and A and shift for shifted exponential:

2. Generating pseudo-random numbers

3. Generating suitably distributed pseudo-rundom draws from the distribution,
based on the Wichmann-Hill unitform generator

4. Sorting these random numbers

The values so obtained are assumed to be the job processing imes on machines.

The simulation run consists of

1. Imtalizing simulation variables:

4

Calculating the longest processing time and the average completion time of jobs by

using LPTa algorithm. M(LPTa) and C(LPTa):

3. Calculating the longest processing time and the average completion time of jobs by
using LPTo algorithm, M(LPTo) and C(LPTo);

4. Calculating the longest processing time and the average completion time of jobs by
using P(m) algorithms. M(P(m)) and C(P(m)):

5. Calculatng the lower bound for makespan problem. LB.

Note that steps 2. 3. and 4 each generate two “result” numbers, and step 5 generates one, for a

total of seven.
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2.4.7 Implementation of the Problem Generator

The problem generator was programmed in  PASCAL using the algorithms mentioned in

Section 2.4.6.

1. pseudo-random numbers:

One of the system parameters is the random number generating seed. which is initialized at the
beginning of the program. All the n pseudo-random numbers are generated based on this seed.
This is transformed into three seed values needed by the Wichmann-Hill uniform pseudo-
random number generator. This generator has been isolated in the code segment whrng.pas. but
the three seed values are global variables to our calling program. make.pas.

The fiow chart of the pseudo-random number generating algorithm is shown in figure 2.2

2. Transformation of uniform pseudo-random numbers to desired distributions

We transform the uniform pseudo-random numbers on the unit interval using the methods

discussed above in Section 2.4.2. A flow chart is presented in Figure 2.3,
3. Sorting

An implementation of Quicksort was adapted from code initially obtained from TUG. the

Turbo Pascal Users’ Group.
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2.4.8 Implementation of the Simulation

The various algorithms in this study were programmed as directly as possible in PASCAL. along
with the lower bound of the makespan problem. There are seven data values output for each
single simulation replicate as mentioned above. Since there are rep replications of each setting
of the number of machines. number of jobs. and distribution type ( all starting from a single
value of a seed for pseudo-random number generation ). there will be 7*rep numbers to store

for each “run” we set in motion.

The statistical analysis is based on these data to examine the performance of all the actual
algorithm and the ordinal algorithms. To make the task of analysis easier, we output the results
in the form that can be directly executed within one of the Minitab or Stata statistical packages.
That is. our PASCAL *‘write” statements included appropriate syntax to set up and execute
commands for these packages. This saves us work when errors or new ideas cause us to alter
our simulation. It does. however, require discipline in our choice of variable names for our
output data. We also spent a considerable effort to include comment lines in the output files to

allow us wrack our work.

The flow chart of the simulation run is shown in Figure 2.4.
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Chapter 3

Experimental Result and Analysis

3.1 Choice of Experiments and Notations

The basic considerations in deciding what experiments to perform in this first investigation of the

empirical properties of ordinal algorithms for the parallel machine makespan problem were:

L. Use of disiributions with fundamentaily different shapes. The uniform and truncated
normal represent symmetrical (near symmetrical) distributions, while the shifted

exponential represents a highly skewed distribution.

[

Matching of coefficients of variation. As mentioned. it was felt that the coefficient of
variation might be a significant factor in the performance quality of the ordinal algorithms.
Each of the three distribution types was run with the same mean and standard deviation,

therefore the same coefficient of variation.

The three coetficients of variation (CV) used were .5774, .1925. and .0148. the first having been
selected because it is the largest one achievable with the uniform distribution (The CV for the
L
Nl
0.5774. and this occurs for a=0. ). In retrospect, it would have probably been useful to try some

1 b-
uniform distribution is 73'(b—+§)' Since 0 £ a < b in the current research. the maximum CV is

distributions with still greater coefficients of variation, and this is proposed for future work. Table
3.1 shows the values of the parameters of each distribution used to obtain the desired coefficients of
variation. In the case of the truncated normal, we matched the coefficient of variation of the non-
truncated normal For all but the first case (CV = .5774). this should make virtually no difference,

39



since the truncated tail is more than three standard deviations from the mean. However, for the cass

of .5774. the true coefficient of variation for the truncated normal is a bit less than .5774.

For number of machines m = 2. 3. 4. 5. and 10, all nine distributions were used. for a total of 45

experiments. In all cases, the number of jobs was set equal to 1

A second set of experiments was performed using only the uniform distribution on the interval (5.10)
in order to see how problem size, as measured by number of jobs. affected the results. There were
thirty experiments in this second set, corresponding to m = 2, 3. 4. 5. and 10 and number of jobs n =

25, 50, 75, 100, 125, and 150.

The comparison of theoretical values of mean and standard deviation with the sample means and

sample standard deviations for the processing tmes is shown in the following tble:



Unitorm (a.bh)

U0.1) udd U{1920) uld U{S510) u3d

mean stdev v mean | stdev cv mean stdev (Y

0.5 0.2887 0.5774 19.5 0.2887 0.0143 7.5 14434 0.1923
04585 0.287% 05735 19.4985 0.2879 0.0148 74927 1.4394 0.1921

Normal ( mean, var)
nld n2d n3d

mean stdev cv mean sidev cv mean stdev v

0.5 0.2887 <0.5774 19.5 02887 0.0148 7.5 1.443< 0.1925
0.5262 - 02895 0.5502 19.4983 022895 0.0148 74917 1.4475 0.1932

Exponential (A, shift)

E (A=1.3643, shift=0.2113) cld

E (A=1.36435hift=19.2111) ¢2d

E (A=09124, shit1=6.0566) ¢3d

mean stdev Ccv mean stdev cv mean stdev cv
0.5 0.2887 05774 19.5 02837 0.0148 7.5 14434 0.192s
04988 0.2866 0.5746 : 19,4986_ 3 0.2866 - 0.0147 74942 14329 0.1912

Note: stdev : standard deviation,

The mean and stdev in the clear area are the theoretical ones calculated from the

distribution parameters.

The values in the shadow area are the sampie mean and sample stdev.

Table 3.1 Mean, Standard Deviation and CV of Experiments
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3.2 Simulation Results

3.2.1 Behaviour of the Algorithms for Constant Number of Jobs

Let the sum of all of the processing times for a problem instance be denoted by b. A near
optimal makespan algorithm will assign to each machine approximately (i/m)-th of the total
time b. Therefore we would expect that the graph of makespan versus (l/m) will be
approximately linear for 2 good algorithm. Graphs B.1 to B.3 (see Appendix B) reveal this
linearity for LPTa and for LPTo. but not for P(m). This information in confirned by the
information in Table A.3 (see Appendix A). where it is ciear that LPTa and LPTo generally
produce near optimal solutions, while P(m) tends to produce results which are greater than
optimal (M/OPT > 1).

To get some idea of what one might intwitively expect. we compute the makespan for problems
with n=100 jobs when all processing times are equal to 1 (this could be done in automated
fashion by use of the uniform distribution with lower and upper end points equal to 1). If we do
this. we find that the estimated makespans under the various algorithms are as follows. for
n=100 jobs:

# machines, m 2 3 4 5 10
LTPa 50 34 25 20 10
LPTo 50 34 25 20 10
P(m) 66 40 35 25 13

Ehywhich ) | 2m | 176% | 40% | 2% | 30%

* e 32% = (66-50)/50.

Table 3.2 Makespan with n=100 and a,= 1
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To see that this applies to our simulations, consider Table A.l. column U(19.20). Roughly
speaking. we may assume that all processing tmes are approximately 19.5 (this is reasonable.
given the low coefticient of variation). Thus. we may muldply the times computed above by
19.5 to "verify” the operations of the algorithms. The agreement of Table A.l with the above

esamates s excellent.
32.1.1 Average Performance Ratios : Makespan

Table A.1 reveals excellent performance of the LPTa and LPTo algorithms, with average ratio
of heuristic value to lower bound (M/LB) below 1.01 in most cases. Ten of the nineteen cases
which yielded ratios greater than 1.01 occurred under the shifted exponential distribution,
confirming our prior expectations, which were based upon the idea that the shifted exponential
would "upset the apple-cart” by producing one or two very large tmes. Recall that the
exponential distribution has 2 long tail to the right. so with low probability will generate values
far from the mean. In this regard. over half the dmes in which one of LPTa or LPTo exceaded
1.01. so did the other. Of course. the excellent ratios for LPTa and LPTo actually overestimate
the worst case performance ratio. since the denominator is a lower bound which may be less
than the optimal value in each case. These observations on Table A.1 are also reflected in the

95% confidence intervals shown in Tables A.3 and A.5 (see Appendix A).

There is a suspicion based upon the data in Table A.1 that problems with more machines may
produce higher ratios than are seen up to m=10. In particular. note the apparent growth in the
ratio for the LPTo algorithm under the distribution E(1.3643. 0.2113), which ratio is close to
1.09 for m=10. While no broad conclusions can be made, further study on this point would be
worthwhile. And once again, the shifted exponential was the "guilty party”, i.e., performance

using a skewed distribution was worse than with a symmetrical one.
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The worse and average case performances of the algorithms P(m) illustrate what is
acknowledged by researchers to be typical: guarantees of good worst case performance often
entail a severe sacrifice of average performance. The predicted performance based upon all

times equal to 1 were closely approximated. as expected (see Table 3.2).

Onc idea clearly emerges from the above observations: LPTa and LPTo are almost
indistinguishable with respect t0 worst case performance ratio for makespan for the data

configurations which were examined.

It is also worth noting that the greatest deterioration in algorithm performance for the LPT
based algorithms occurred under the shifted exponential with the highest coefficient of variaton.
It is conjectured that the asymmeuy and the high coefficient of variaton are the causes of the

deterioration, but to confirm this would entail further investigation.
3.2.1.2 Average Performance Ratio: Mean Completion Time

We now consider average completion time. Recall that for average completion time, LPTo
gives optimal results. Thus. in Tables A2 and A.4(see Appendix A). we examine the ratos
using the LPTo value as denominator. and these ratios are truly the worst case performance
ratio. Table A2 reveals unexpected results. First. for our data configurations. there is a
remarkable agreement between LPTa and LPTo with respect to average completion time. In
fact. the only differences at all occur for the case of the highest coefficient of variation (5774)
which was examined. and the differences in these cases were tiny. While we expected close
agreement between results using the two algorithms, we did not anticipate the nearly identical
performance. A little thought based upon the following property reveals the reason for these

surprising results:



Average completon time is minimized for the m machine problem if and only it each

successive group of m jobs is assigned to different machines ((CMM], P77).

For example. for a 7 job. three machine problem. jobs 1 to 3 must 2ach be on a Jifterent
machine. jobs 4 to 6 must each be on a different machine. and job 7 may go anywhere.
Consider how this observation applies to the case of U(19.20). In the LPTa algorithm, after the
assignment of 3k jobs the amount of time assigned to each machine will be 19k + (a relatively
small amount). Moreover. the relatively small amounts should be about equal. Theretore, the
next three jobs will be split berween the three machines. and an inductive argument suggests
that for “not badly behaved” data LPTa will optimize average compietion ime. Thus. tor data
drawn from 2 "smooth” distribution LPTa can be expected 10 produce near optimal values of

average completon tme.

P(m) performs much better with respect to average performance than with respect to worst case
performance. Table A2 shows that the mean value of C(LPTa)/C(LPTo) is almost always 1,00,
while the average value of C(P(m))/C(LPTo) takes on the following values as a function of m
(the values shown below are the mean of the nine means in the appropriate row of Table A.2;

for example. for m=4. 1.084 = 1.08387 + 1.08385 + ... + 1.08330):

Number of Machines: 2 3 4 ) 10
Mean of 9 Means: 1.101 1.075 1.084 1.076 1.077

Thus. P(m) is not competitive with either of the other algorithms for the mean completion time

objective.
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To summuarize. the performance of LPTa and of LPTo is of almost the same quality for both the
makespan and average compietion tme objectives, while P(m) is on average considerably worse

for both objectives.

We have largely ignored the information on confidence imiervals (which of course gives
hypothesis test results as a by-product) in Tables A.3 1o A.5 (see Appendix A). The reason is
that the very small standard deviations shown in Tables A.1 and A.2 (see Appendix A) have the
effect of making the mean observed values into virwal constants. and there is really no
additional insight obtained by additional discussion of the confidence intervals. Perhaps
experiments with higher CV’s might show wider confidence intervals: however. as discussed in
the cnnclusions.‘ a CV of 0.5774 is certainly not small for empirical data. Tables A.6 and A7
(see Appendix A) give the observed mean values and standard deviations for makespan ancl‘ for
average completion time from the various experiments. and are included for compleweness.
Finally. the data in Table A.9 simply confirms previous conclusions with respect to the mean

completion ime objective.
3.2.2 Behaviour of the Algorithms for Different Numbers of Jobs

The next experiments examined the performance of the various algorithms for different problem

sizes, using only the distribution U(5.10).
3.2.2.1 Makespan as a Function of n:

For smooth distributions with a not 100 large coefficient of variation. the lower bound
max{ Q) . g+ . b/m } will equal b/m for n of reasonable size. for example, n>2m. For small
values of n, b/m is likely 1o be a significant underestimate of the true optimal value. For

example. suppose m=10 and n=21. If all imes were equal to 1, the lower bound would equal
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2.1. while the opamal value would be 3. More generaily. assuming all times are equal to 1, for
n>2m we have optimal value equal w [wm] while b/m = /m. and hence (optimal valueY(lower

bound) = wm V(r/m). which is relatively large for n near to 2m. but converges to | for n large.
ylarg g L

Intuitively. the lower bound b/m "assigns” to each machine n/m jobs, and unless n/m is integer.
an underestimate will tend to occur because some machines will have assigned to them at least
(n/m ] jobs. Thus for n=25 and m=10. the ratios in Tabies A.8 and A.10 (sce Appendix A) may
be assumed to be significant overestimates of the true worst case performance ratios. There is
some effect for the other n=25 cases. but for n = 50 much smaller effects. For the case of m=5,
the above effects will not occur at all since 5 divides all of the values of n which were used. 1t is
recommended that the work reported here be modified in the future by use of the more general

bounding procedures. such as those described in [VD].

Next we compare the performance of LPTa and LPTo. For m=2 to 5 and n>25. there are very
few cases in which the ratdus shown in Table A.8 exceed 1.01 (see Graphs B.4 and Graph B.S in
Appendix B as well). For n=25, it is likely that the ratos shown represent a significant
overestimate of the worst case performance ratio, as suggested in the previous paragraph, with
the overestimation increasing with the number of machines. Notice that tor the case of m=3, the
performance ratios are all less than 1.01. with the exception of the LPTo algorithm with n=25.
These uniformly low values reflect the fact that was mentioned above, namely that m divides n
for all of the n used.

Thus. to evaluate the effectiveness of the algorithms LPTa and LPTo under different problem

sizes. it is useful to focus on the pairs (m. n) for which m divides n. as follows:
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m=2, n= 50. 1) 150

m= 3. n= 75. 150

m=4, n= 100

m=35. n= 25, 50. 75. 100. 125. 150

m=10 a= 50. 100. 150

For these cases. there are only two cases of ratios greater than 1.01. and these are for LPTo
with m=5 and n=25, and LPTo with m=10 and n=50. Even in these cases the ratios were only
about 1.015. The conclusion is that LPTa and LPTo give very good values of worst case
performance ratio. approaching 1 as n increases. This confims well documented information

about LPTa, but previously unknown information about LPTo.

For the P(m) algorithms, the performance ratios approximate what would be expecied by setting

al! dmes equal to 1. Asn gets large, the values predicted by setang all imes equal to 1 are:

m=2: 1.33
=3:1.20
=4:143
=5:1.25

m=10: 1.33

The results for P(m) are illustrated in Graph B.6.
Hence. we can conclude that P(m) will give makespans whose performance ratios approach

their predicted values, which are in all cases much greater than 1. and much greater than the
values achieved by the algorithms LPTa and LPTo.



3.2.2.2 Average Completion Time as a Function of n:

As previously discussed. LPTa for the smooth distributions under consideration gives the same

average completion imes as LPTo.

For all values of m the ratios observed for P(m) approximate closely those which would be

predicted by setting all imes equal to 1.

To conclude. LPTa and LPTo both perform optimally for the problems under consideration.

although theoretically only LPTo is guaranteed to do so in all circumstances.

As previously. there is nothing significant to learn from the confidence interval data of Tables
A.10to A.12 (see Appendix A).

To summarize the empirical results reported in this chapter. the LPT algorithm using either
actual or ordinal data gives extremely good worst case performance over datx drawn from a
variety of smooth distributions and for varying problem sizzs. for both the makespan and the
average completion objectives. Simply because heuristics often produce good results, it was
expected in advance of this study that the ordinal LPT algonthm would give good results for
makespan, and that the LPT algorithm using actual data would give good results for average
completion time. However, it was never anticipated just how surprisingly good these results _
would be.

From a practical point of view. ordinal data is as good as actual data for minimizing makespan
and average completion time with the LPT algorithm for smooth data distributions. On the

other hand. unless very unusual data configurations are expected. the special algorithms P(m)
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which guarantee good worst case performance for makespan should be bypassed tfor both

objective functions.,
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Chapter 4: Conclusions and Further Research Directions

This research was motivated by the observation that many real-world optimization problems
have to be solved with very incomplete knowledge of the data. Often one s forced to rely on
estimates, "guestimates” or even worse. One pussible model for such data for certain kinds of

problemns is the ordinal data model.

For the range of data examined. the P algorithms are. in a practical sense. useless. For the
makespan problem. they guarantee theoretical worst case performance to be minimal (m=2.3).
close to minimal (m=4). and reasonable (m>4). for smooth data with CV<.58 but they
consistently give worst makespan considerably higher than LPTo. Similarly. they give

significantly worse average completion time than LPTo.

While larger CV values should be explored. note that the CV's examined are representative of
large classes of real data. For example. to match the CV of .577. an exam with an mean mark

of 70% would need to have a standard deviation of 40%.

While it was anticipated that the LPTa and LPTo algorithms would yield similar results, the
actual closeness of the performance of the two algorithms under varying problem sizes
{measured by m and n) and different smooth distributions was quite a surprise. In retrospect. it
is possible to get some intuidve idea of what seems to be going on by looking at problems with
all imes equal to 1. and this technique can be used in planning new experiments. The excellent
results of the LPTo algorithm compared with the LPTa algorithm suggest further exploration of
even weaker forms of data as the basis for parallel machine scheduling. For example. ordinal
data implies prior knowledge of a total ordering of the jobs by processing ime. What forms of

partial orders would be sufficient to yield gocd results from “partial-ordinal algorithms™?
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The algorithms which guarantee low worst case performance for makespan are really of no
practical use for the kind of smocth data distributions which were studied. and it is likely that

for most practical problems these algorithms are of litde value.

There are several areas for further empirical research. First. the results reported for makespan
could be sharpened by implementng more effective lower bounding procedures. Second. the
development of algorithms using partial orders. Third, further experiments should be performed
using distributions with much higher coefficients of variation. Third. it would be interesting to
generalized this work from the paralle] identical processor case 10 the parallel uniform processor
case. in which the processing time for job i on machine j is given by hja,. where by is the speed
factor for machine j. For the parallel uniform processor case. the assumption would be that the
hy’s are known, but the processing time information is only ordinal. Finally. a hybrid version of
the parallel uniform processor problem, in which some the a's are known precisely. and m

addition the ordinal sequence for all ;s is known, would be worth investigating.
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Appendix C : Simulation Program

C.1 Program : Problem_generator

13M 65000.3000.5000)
[SN+]
Prozram problem_genertor (input. output);

{ Name : Makeprob.pas|
{ 1. Generating suitable distributed rundom numbers basedd on the pacedo-random
aumbers on U0 1)
2, Examing different distributions : U--Unitorm, N--truncated Normai,
E—shitted Exponcatiul
3, Giving the number ol machines : num_machines = 2,334,510
4. Calling simulation run.

Varibles are:
number of jobs : num_jobs;
number of machines : num_machines:
type of distributions : disttype:
# of repetiticn Treps
LPT ol 'LPTo’ sord_Ipt:
LPT of 'LPTu' zact_lpt;
LPT of 'Ordinal Algorithms' :m_lpt;
lower bound of maksxpun problem : 1b:
Distribution parameters : dparm1, dparm?2;
pscudo r.n. generwtor seed : seed, misx, msy. msz;
All these variables are GLOBAL.
Currently procedure call:

ordalgd2.pas ( simulation run )
curdate.pus  ( time update )
whrmgl.pas  ( function to generate a pscudo .0, )

)

uses DOS, CRT:

const
maxnum_job = 150; { maximum number of jobs }
maxnum_machine = 15 { maximum number of machines )
maxrep = 250; { maximum number of replicatins)

type

jary = array [1..maxnum_job] of rcal;

mary = array [1.maxnum_machine] of real;

mjary= array [l.maxnum_machine, 1..maxnum_job] of real;
maryi= array [ l.maxnum_machine] of integer;

var
num_jobs, num_machines, rep: integer;
disttype: char;
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U = uniform, N = Normal, E = Exponential ]

seed: real;
dparm1, dparm2 : real;
¢ Unitorm (w.h) : a=dparm]. b=dparm2 ]

! Normal (mu. sigma)  : mean=dparm|. stdev=dparm? |
{ Exponential {d. shift) : d=dpurm 1, shift=dparm2 ]
ord_Ipt. act_Ipt. m_lpt. lb: real:
num_rep: integers | current # of replications |
disx, disy, disz: real:
msx. msy, msz integer: { giobal seeds |
status: boolean;
fname. distname, algfname: string:
{ file name with NO cxtension]
{ file name of distributed random numbers = fname + ".dat’ |
{ file name of simulation results = fname + ".sol’ )
con, dist, algf, indfile @ text;
dr.ul, v2, b, s: rcall
i. j: integen:

{ Current program calls following procedures/functions |
{SI curdate pus} { ime updated preedure )

{SI whmg pas) [ pseudo r.a. generating function )
{51 ordalg.pas) { simulation run )}

var
mach_sct: array [1..10] of integer:
pos: boolcan:
means, vars : arrayf l.maxrep] of double;
meanm, meanv, varm, vary : double;
mean, vvar : double: { sample mean and sample standard deviation |

{ Main program )

begin
assign(con,’CON'),
rewrite(con):
assign(input,”); reset(input);
assign{output.”}; rewritc(output); {needed for /O redirection)

{ initialize )
tor i:=1 to maxrep do
begin
means]i] ;= 0.0
vars{i] :=0.0;
end; { for }
meanm = 0.0;
meanv = 0.0;
varm = 0.0;
vary =0.0;
pos = truc;
num_rep :=1: { initialize current replication )

{ write information on screen §
writeln(’ -- prepare maching job assigment problems’):
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write(™Number of Jobs 1 ) reaudIngnum_jobs);
write('Distribetion type : "% readIn(disttype):

write('# of Replications : ); readin(rep):

write(Pscude Random Number Generator Seed ) readingseed);
Gistiype 1= upcaseidistiype):

msx = round(sced*2) [ inttialize global seeds )

sy = round(zeed+10000);

msz ;= round(sead+5000);

casc disttype of | pass parameters to cach distribution |
U : begin {uniform )
writeln("Parameters of Uniform distribution:'):
while pos do
begin
write("a: ) read(dparm1i);
write('b: ) readin(dparm?);
if dpurm1 <= dparm?2 then pos 1= false
clse
writeln(’ !!! Error input: parameter a >= b'):
end: { while }
pos = true:
writeln("Meun and variance:”,0.5*(dparm 1+dparm2).’ .
(dparm2-dparm1)* (dparm2-dparm1)/12.0);
end: { uniform )
N : begin {truncated Normal)
writeln('Parameters of Normal distribution: ):
while pos do
begin
write(" mu = ): readln(dparm1);
write(’ sigma  (not SQUARED) "); readin(dparm?2);
if (dparm1>=0) and (dparm2>=0) then pos := false
else
writeln("!!! Error lnput: negative input’);
end: { whilc }
pos = truc;
writeln{"Mcun and variance:' . dparm1.”".
dparm2*dparm2);
end; { Normal }
'E’ : vegin { Exponential )
- write("Parameters of Exponential distribution: *);
while pos do
begin
write(' b = ); rcadin(dparm1);
write(’ shift = *); readin(dparm?2);
if dparm1 >=0 then pos := false
clse
writeln('!!! Error input: Negative input.');
end: { while )
pos = truc;
writeln(Mean and variance:’,
(dparm1*dparm1*dparm2+1.0)/(dparm1*dparm1),’ ",
1.0/(dparmi*dpurm1*dparm1*dparm1));
end: { Exponential )
cisc begin
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wrile{ ' Not ready.’); readln:
halt:
end: { else )
end; [ case |
write! Filename (NO extension) : °): readIn(fname);
distname := fname + .dut’;
alefname ;= fname + '.sol';

assign(dist, disfname);

rewrite(dist):

assagnfalgf, algtname):

rewrite(algt):

assign{indfile. "test.ind’);

rewrite{indfile): ]

! write information to distributed r.n. tile )
writc(dist, '# );

curdate(dist):

writeln(disf, "% Data file niome . disfname);
writeln(dist. "2 Number of jobs  :”, num_jobs):
writcln(disf, *# Total number of replications: ', rep):

writeln(clist, #')
case disttvpe of
U wrteln(disf. % Uniform distribution™);
‘G writeln(dist,'# Truncated Nomal distribution’);
‘E": writeln(dist.'# Shifted Exponential distribution’):
clse begin

writeln(’' Failure -- what distibution 77);

reading halt;

end:

end; [case)

case disttype o { Generate suitable distributed random numbers |
‘U begin { Uniform }
writeIn(disf, # 2 =".dparm1:10:5. b= "dparm2:10:5);
writeln(disf, "#):
for num_rep :=1 torep do
hegin
writeln(disf, "# Replicate):
writeln(disf. num_rep: 7%
mean := 0.0;
vvar = 0.0;
for i==1 to num_jobs do
begin
{ transform 2 pseudo-random number to 4 Uniform r.n. on (Lb) }
dr := dparm 1+(dparm2-dparm1) * whmd:
write(dist, dr8:6."' %
if 8*int(i div 8) =i then writeln(disf):
meanz=mean-Hr: vwar=vvar+dr*dr;
end: { for}
if 8*int(i div 8) <= i then writeln(disf):
writeln(disf, “# end of replicate’):
{ caleulate sample mean for cach replication )
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mean:=mean/num_jobs;

! calculate sample standard deviation tor cach replication |
vvar=(vvar-num_jobs¥*mean*meun)inum_jobs-1);
means{num_tepl:=mean: vars[num_reph=vvan

end: | for?
cnd: {ewe U}

N:begin { Normal |
writeln(disf. "2 mu = "dparm1:10:5. sigma = ".dparm2:10:5);
writeln(dist, '#)
for num_rep ;=1 torep do
begin

wrteln(dist, '# Replicae™:
writcln(dist, num_rep:7):
j=0
s:= 1.0
mean = 0.0;
vvar 3= 0.0
for =1 to num_jobs do
begin
repeat
1fj=1then
besin
dr:=D5"u2; { generate a standard Normal rn. |
i=0
end
clse
begin { j=0}
rcpeat
ul :=2.0*whrnd-1.0;
u2 ;= 2.0*whmd-1.0:
£ =ul*ul + u2*u2:

until s<1.0:

b = sqr1(-2.0*In(s)/s);

dr:=b*al; { gencrate a standard normal r.n. |

j=1;

end: { clse )
{transform a stundard normal r.n 1o a general normal . )
dr := dparm1 + dr*dparm?;
if dr<0 then ji=0;
until dr>=0; { wuncated if r.n. <0 }
write(disf, dr:8:6, ' %
if $*int(i div 8) = i then writcln(disD);
mean=mean+dn vvar=vvar+dr*dr;
end; { for)
it 8*int(i div 8) <> i then writcln(dish:
writcln(disf, "4 cnd of replicate’);

{ calculate sample mean for cach replication |
mean:=mcan/num_jobs;

{ catculaic sample standard deviation for cach replication |
vvar=(vvar-num_jobs*mecan*mecan)/(num_jobs-1);
means{num_rep):=mean; vars[num_rep):i=vvar;

end; { for}
end; {caseN)
'E" begin  { Exponential )
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writelnfdist, '# d = "dparm1:10:5. " shift =7, dparm2:1(:5)
writelnfdist, '# )y
for num_rep :=1 to rep do
begin
writeln(disf, '# Replicate');
writeIn(dist, num_rep:7):
mezn ;= 0.0:
vvar ;= 0.0;
for i:=1 to num_jobs do
begin
{ tznsform a2 pseudo ran. to a shifted exponential .o, |
dr := dparm2+In(1.0/(1.0-whmd))/(dparm 1 *dparm1 ):
write(dist, dr8:6." %
it 8*int(1 div 8) = 1 then writeln(dist):
mean:=mean+dr; vvars=vvar+dredr
end: | for )
if 8*int(i div 8) < 1 then writeIn(disf);
writeln(dist, "# end of replicate’):

{ calculate sample mean for cach replication
mean:=mean/num_jobs:

{ calculate sample standard deviation for cach replication |
vvar=(vvar-num_jobs*mean*mean)/(num_jobs-1);
means[num_repl:=mean: vars[num_repli=vvan

end; { for)
emd; { casc )
end: [case]

writcln(disf,## display and compute means and vartances’):
fori:==1 w0 repdo
begin
vriteln{disf,## *i:4," meansfi]: 10:6," "vars[i]: 10:6);
meanm:= meanm+means[il:
varm = varm+means{i]*meansfi);
meanv:= meanv+vars[i]:
vary = varve+vars[i]*vars[i];
cnd;
MEANM;=MeUnm/rep;
meanvi=meanv/rep:
varm ;=(varm-rep*meanm™*meanm)/(rep-1);
viry =(varv-rep*meany*meanv)/(rep-1):
writcln(disf, ## MEANS - mecan="mcanm:10:6," varmance="varv:10:6):
writeln(disf.'## VARIANCES - mean="meanv:10:6." vanance="varm:10:6);

{ set up num_machines =2, 3.4, 5,10 )
mach_sctfl] =2
mach_sct[2] = 3:
mach_sct[3] =4
mach_sctfd] =5
mach_sct[5] == 10;
mach_set[6] := -1
fort=1t06do
begin
num_machines := mach_seti]:
if num_machines <> -1 then
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ordalg(i. dist, alef, alefname); | eall simuiation run |
end: { for )

{ Mimtab commarnd to wput the
1 sample means and saemple stdevs for replications )
wrteln(algf. read ¢36 37
fori:=1torep do

writeln(algf, means[i}: 1006, wvars[i: 10:6. ')
writeln{alef, ‘end’):
writeln{algt. 'name ¢36 ".chr(39).{name. means’.chr(39).

b

¢37 ".chr(39).fname.vars'.chr(3%)):
writeln(algf"SAVE ".chr(39).fname.chr 39):

flush(dish):
close(disD;
fTush(alzf):
closc(alat):

{ flush(indfile):
close(indtile):

1
]

end. {problem_generator}
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2 Procedure : Ordalg
-- Simulation Run

Proccdure ordale ( num_run : integer;
var indati, df 2 text; diname: suing):

! Programe Name: ordalg.pas |

! Paramcters passed in
num_ren  : current # of simulation run;
indata : data file with distributed ramdom numbers
df, dfname : lile for simulation resutls

Notation of algorithms :
LPTa : LPT afgorithm using actual data for all m:
LPTo : LPT algorithm using ordinal data for all m:
P(2) :ordinal algorithm when m=2:
P(3) : ordinal algorithm when m=3;
P(3) : ordinal algorithm when m=1;
P(m) : ordinal algorithm when m><=5:

1. Calculate the makespan of LPTa, LPTo and P(m)
2. Caleulate the Averuge Completion Time of jobs of LPTa, LPTo and P(m)
3. Culculate the lower bound of makespan problem.

Functions and Procedures :

Function unbusy (iary @ jary ) :inlcgen
---> Find the smallest value in an armay and
RETURN the corresponding array index of that eiement
Function busy (iarr:jary ):inlcgen
-—> Find the largest value in an aray and
RETURN the corresponding array index of that clement
Function largest (iary :jary ):real:
—-> Find the largest value m an array and RETURN iL
Function lowerb ( nm, nj: integer; fary : jary ) :real:
~-> Calculate the lower bound of makespan problem.

Procedure sort ~-> Sort input data from large to small;
Procedure Ipt: —-> LPT for actual data on any number of machines,
perform algorithm LPTu:
Procedure lpto —-> LPT for ordinal data on any number of machines,
perform algorithm Ipto:
Procedure ord_two_proc ---> Ordinal alporithm with 2 machines,
perform algorithm P(2);
Procedure ord_three_proc —-> Ordinal algorithm with 3 machines,
perform algorithm P(3):
Procedure ond_four_proc -—> Ordinal algorithm with 4 machines,
perform algorithm P(4);
Procedure ord_any_proc —> Ordinal algorithm with m (m>4) machines,
machincs, perform algorithm P(m);
Procedure DataEvl -—> Given the input information, ¢g. number of
machines and dat file, display the job assighment
on machines 1o a file.
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3
1

i call procedure tor time update |
{ST curdate.pas)

I
L

Functicn istr : convert 2 value (o 1 string

o 3

tunction 1str(myint: tnteger): string:
var

mys: siring;
beygin

str{myint. mys):

IUE=Mys:
cnd: { istr )

{

Procedure © sort
Sort input data from large to small
Sort an array using the "Quickson” algorithm (recursive form)

The source code is from: Program SortDemo.
Author: Richard R. Rebouche

——

Procedure Sort (var A : jary: L. R : Inlcger):

Var
] :Intcger:
X, temp : real:

Bezin
I:=L: J:=R;
X = A[trunc((L+R) Dav 2}];
Repeat
While A[l] > X do
=1+1;

While X > A[J] do
J=J)-1:
If1<=Jthen
Begin
temp = A{ll; { swich A[i] and A[j] }
Alll = A[:
AlJ] := temp:
=11 =1
End; { if' }
Until I>];
ItL <] Then
Sort (A. L, D);
If 1 <R Then
Sort (A, I, R);

End; { sort)
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procedure quicksort (Var A jary )

Begin
Sort (A, 1. num_jobs);
End: | quicksort |

f
L

Function : unbusy

Find the smallest value in an array and RETURN the
corresponding wrray index 1f the valee of two array Ue,
then return the smaller index

Function unbusy { 1ary : mary ) : integen

vur
temp : real:
i:micger;
hegin
unbusy = It
wemp = tary[ 1
for 1;=2 to num_machines do
it temp > tary(i] then
begin
temp = iarv{il;
unbusy =1
end; { il }
cnd; { function unbusy |

Function : busy

Find the larpest value in an array and RETURN the corresponding
array index if the value of two armay tic,

then retum the smaller index

Function busy (iarr: mary ) : integen

var
i 1 integer:
begin
j=1
tor 1:=2 to num_machines do
if tarr{j] < tarrfi] then j = 1i;
busy = j:
end: { function busy }

Nt

Find the Largest value in an array and RETURN it ]

{
{  Function: largest
{
{ )

Function largest ( iary : mary ) :real

vur
temp : real:
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1:inlegern
begin
temp :=larv[i]:
for 1:=2 to num_machines do
if temp < tary{1] then tenp := wary|if:
largest := temp:
cnd: | function largest |

f
\
Function : lowerb

Find the Lower Bound of makespan problem for m paralle! machines

1
]

Function lowerb ( nj. nm: integer: wry :© jary ) : real:
[ nj: number of jobs:
nm: number of machines:
Lry: INpUL aray:

var
lowb: armay [1..3] of real:
temp: real:
i: integer;
begin
if nj<=nm thcn
for i:=nj+1 to nm+1 do
iary[il = 0:
lowb[1] :=iarv[1];
lowb[2] := iury[nm] + ixrv[nm+1];
lowb[3]:=0:
for i:=1 tonj do
lowb|3] := lowb[3] + iary]il:
lowb[3] = lowb[3}/nm;

(* lower bound = MAX { a(1), a(m}H+a(m+1), sum(a(i))/num_tobs | *}
if lowb[1] >= lowb|2] then temp = lowb[1]
clse temp = lowb|2];
if lowb{3] > temp then temp := lowb[3]:
lowerb:=temp:

end; { lowerb }

(li
{

Procedure : job_assign
wrile down the job assignment on each machines

Procedure job_assign (im : mjary;
nj_mch : maryi;
un : mary;
ac:real );

{ parameters imfij] :j-th job on machine i
nj_mch[i]: # of jobs on machine i
tm(i] : total time on machine i
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av Daveruge completion ame |
wir
i ] ;inteyern
hegin
writeln(indiile):

“Tilcln(iﬂdﬁlc. AR LR R AR LS LR R A L R R L R R L N R A S R i SR AR ....-)_.
curdate(indfile):

writcIn{indfile, "File Name ;. ‘test.ind);

writeln(indtile, "Number of machines : . num_machines):

writeln{indtile, "Number of jobs : . nmn_jobs);

writeln(indfile. 'Data distribution ; . disttype):

wric(indfile, Number of replications : . rep.” ')

wrilcIn(indfile. ‘Current number of rep. © ' num_rep):
writeln(indfile, %
for iz=1 to num_machines do
begin
writeln(indiile, "Jobs on machine: ', 1);
for j:=1 to nj_mchii] do
begin
write(indile, im|ij]:9:4. )
it $*int(} div ¥) = j then writeln(indfile):
¢end:; { for) }
it 8*iat(j div 8) < j then writeIn(indiile):
writcln({indfile, Totzl Machine Time :°, tm]i]:10:3):
writeln(indfile):
end; {fort )
writeln{indfile, *"Averuge Completion Time : *, ac: 10:4):
writeln(indfile, * F
writeIn(indfile):
end: { procedurc )
*)

{

Procedure : LPTa
LPT algorithm for actual data 10 assign n jobs to m machines,
return the longest processing time on machines and
the Jogest processing time.

—

Procedure Ipta (nm. nj : integer:
in_data : jary;
var It, act: real):

{
variable nm : number_of_machincs
"~ nj:number_ol_jobs
in_data : sorted processing time of jobs
It : logest processing time
act average completion ume
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var
i, {. 4. U sntogern:
mt I myary:
pumj_mt  : maryi
otal_mt - mary:

begin

tor i:=1 1o nm do { initialize mi, numj_mi and total_mt }
begin

for =1 to nj do

mtij]:= 0.0;

numj_mt[i] := O;

total_mt[i]:= 0.0:
end: | ini )
act :=0.0:

it nm >= nj then | number of machines >= nunber of jobs )

begin { 1 job goes to cuch machine |
fori:=1to nj do
begin

nymj_mt[i] == 13
mifi.1] ;= in_dawi]:
total_mt]i] := total_muit + in_damfil
end: | for )
end: [if )
ifnmm<njthen | number of machings < nunber of jobs |
hegin
for i:z=1 to nm do { first nm out of nj jobs assigned o cach
machines, the longest one gose first |
begin
numj_mt|if = 1:
mifi.1] == in_dataji]:
total_mti] ;= w_dawfi];

end: { for )
for j=nm+1 wonjde  { assign the rest of nj jobs |
begin

q = unbusy( otal_mt };
numj_mtlq] := numj_mt{q] +1I;

{ keep tracking of time used on cach machines )
mitlg.numj_milq]) ;= mi{q.numj_mi[q]] + in_datafj};
total_mit[q] := total_mtq] + in_data[j]:

end; { forj )
end: (if)

for 1:=1 to nm do { find the average completion time )
for j==1 to numj_mt]i} do
act:= act + i*mtfij]:
act 3= act/nj; .
It := largest (total_mt); { find the longest processing time )

(‘

job_assign( mt, numj_mt. total_mt. act):
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writeln(indfile. '@ € @ End of LPT Actui! Alzorithm @ @ @500,
wnteln(indtile):
*)

end: | procodure al_act |

i
1
Al procedure 1 LPT algorithm for ordinal daty 1o assign njobs w
m machines, return the otal processing time on each
machines and the logest processing tme.
machines  jobs

] 189 16
21 271015
3 361114
4 451213
MW

-

Proccdure al_ord (nm. nj : integer:
in_data : jarys
var ILact: real):

{
variable nm : number_of_machines

nj : number_of_jobs
in_data : soried processing time of cach job
It : longest processing time
act average completion time

\

]

var
i, ). 4. k : integer:
mt : mjary:
numj_mt : maryi:
total_mt : mary:

begin
fori:=1 oemdo { initialize mt. numj_mt and total_mt |
begin
forj:=1tonjdo
mt[ij)= 0.0
numj_mtfi] :=0;
total_mit{i]:= 0.0;
end: { int )
act == 0.0
if nm > =nj then { n.umber of machines >= nunber of jobs }
begin { 1 job goes to cach machine )
tor i:=1 to nj do
begin
numj_mtfi} :=1;
mit[1.1] := in_dawafi):
end; { for)
end; {if)
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it nm < nj then  { number of machines < nunber of jobs |
begin
for =1 W nm do
hegin
k=0 feveleof 2*nm |
=1+2"nm*k: I fist half of cvele )
g:=2*nm+1-1+2*nm*k: | second half of cycle

while j<=nj do { assign fimst hadf of cycle |
begin
numj_mtji] := numj_mt[i] + 1;
mufi, 2*k+1] = in_datfj}: ! track the time on each machines |
k=k+1:
ji=1#2*nm*k;
end; { while |

k=0
while g<=nj do | issign second half of cyele |
begin

numj_mi[i] ;= numy_mt[i] +1:
mitfi, 2*k+2] := in_datafq]: { track the time on-2ach machines
k= k+1;
q = 2*nm+1-i+2*nm*k:
end: { while }
end: { for )
end: [1if)

for i:=1 to nm do
begin
tor j:==1 toni do
begin
totzl_mt|i] := total_mifi] + mtfi.j:
act = act + j*mt[i.j):
end; { forj)
end; { fori }
act = act/nj;
It == largest( total_mt ).
(‘h
job_assign( mt, numj_mt, total_mt, act);
writeln(indtile, '@ @@ End of LPT Crdinal Algorithm ":50);
writeln(indfile):
*)
¢nd: { procedurc al_ord |

{

A2 procedure : Algorithm for ordinal data 10 assign n jobs to
2 machines., return the total processing time on cach
machines and the logest processing tite.

machines  jobs
1 1 4 7
2 235689

-
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Procedure ord_two_proc ( np : integer:
wn_data : qary :
var ltact: reab);

f
L

variable nj @ number_ot_jobs
in_data @ sorted processing time of cach job
Ii : logest processing time
act: averase completion time
]
1)

var
di.d2. d5. 1. j : integen:
mt I mjary;
numj_mt : marvi;
total_mt: mary:
route : boolean;

begin
for =110 2 do { tnitiadize mt. numj_mt and tot_mt }
begin
forj:=1tonjdo
mit[i.j]:=0.0:
numj_mtfi] := 0;
totl_mt[il:= 0.0
end; [int |}
act = 0.0
t =0 {cycle] { imtinlize )
route = truc;
while route do
begin
dl = 3*%i+1;
d2 == 3*+2:
d3 =3"i+3;
if dl<=nj then
begin
numj_m[1] ;= numj_mi[1] +1;
mt[1, numj_mi[1]] := in_data]d1};
end {if )
clse route == false:
if d2<=nj then
begin
numj_mt|2] := numj_mt[2] +1;
mi[2, numj_mt[2]] ;= in_data[d2];
end {if)
else route ;= false;
if d3<=nj then
begin
numj_mi]2] ;= numj_mt[2] +1;
mtf2, numj_mt{2]] := in_data{d3];

end {if}
clse route := false;
1=1+1;
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end; | while |

tor =1 1w 2 do
begin
for ;=1 1o num)_mtfi} do
begin
tol_mtfi] ;= owl_mt{1] + mtfij):
act '= act + p*mifij):
end; | forj )
end; { fori]
act == acunj;
it total_mt[1] > total_mt}2] then le=total_mt] 1]
chse Iu=towl_mt[2]:

(t
job_assign(mt, numj_mt, total_mi act):
writcIn{indfile. '@ @@ End of Ordinal Algorithm for 2 machine 50):
writeln(indfile):
*)
end; { A2}
{
A3 procedure : Algorithm for ordinal data to assign n jobs to
3 machines, return the total processing time on each
machines and the logest processing time.
machines  jobs
6 11
3
2

1
2
3

[PV S

5
4

——

Procedure ord_threc_proc (nj : inlegen
in_data : jary:
var It, act @ real):

{
variable nj - number_of_jobs
in_dats ; soried processing time of cach job
It : longest processing time
act: averuge completion time
H
viar
di, d2, d3, d4, d5. 1. j ¢ integen:
route : boolcan:
mt :mjary
numj_mt : maryvi;
total_mt mary;

begin
fori:=1t0 3 do { inmtializc mt, numj_mit and total_mt nm=3 ]
begin
for j=1 wnj do
mtfiji=0.0;
numj_mtfi] = 0:
total_mt[i}:= 0.0
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end: [t}

act = 0.0:

it num_machines >= nj then | number of muchines >= number of jobs !
begin {1 job gose o cach machine )
foru=Ttonjdo
begin
numj_mtf1j = 1:
mift. 1] == in_datafi}:
end: { tor |
end: {if)
it num_machines < nj then | number of machines < number of jobs
begin
=1
ronic = trud,

whil¢ route do
begin
while ( 1<=n] ) and ( i<=5 ) do
begin [ assign first 5 jobs or less )
caseiof
1 :begin
numj_mt[1] ;= numj_mi1] + 1:
mt]1L.numj_m1[ 1]] := in_datali]:
end: [casel)
2.5:begin
numj_mt]{2] ;= numj_mt[2] + 1;
mi[2.numj_mt[2]] := in_data[i]:
cend: {case25)
3.4 : begin
numj_mt 3] := numj_mtf3] + 1;
mi[3.numj_mi[3]] := in_datafi);
end: { case 3.4}
cad; { case )
1:=1+1:
{ stop if less then 5 jobs or the next job is 6th |
if (i>nj) or (>5) then route:=faise;
end; { while )
end; { while 'route’ )

if i<=nj then { assign jobs start from 6th )
begin
route ;= truc;
=12

while route do

begin
dl := 5%i+1;
d2 = 5%1+2;
d3 = 5%i+3;
d4 = 5*i+4;
ds = 5"i+5;
if d1<=nj then
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begin
numj_mt[1} = numj_mt[1]+1:
mifl. numj_mtj1]] := in_datafd1 ]z
end {1t}
clse route = false:
if d2<=nj then
begin
numj_mt[3] := numj_my[3] +1:
mi[3, numj_mtf3]] := in_data]d2]:
end it}
clse route = lalse;
il d3<=nj then
hegin
numj_mt[2] := numj_mt[2} +1:
mt{2, numj_mt{2]] := in_data[d3]:
cnd {1f )
clse route = false;
if d4<=nj then
begin
numj_mt[3] := numj_me[3] +1:
mt[3, numy_mi[3]] ;= in_data[d4]:
end [ 1f)
¢lse route = talsce;
if d5<=nj then
begin
numj_mt|2] := numj_mt[2] +1;
mtj2, numj_mt][2)] := in_data{d5]:
end {il)
clse route = false:
=i+l
cnd: { while )
end; { if )
end; {if)

fori:=1to3do
begin
for i:=1 to numj_m[i] do
begin
total_mu[i] := owl_mtfi] + mt{i,j};
act = act + j*mt[ij]:
end: { forj )
cnd: { fori)
act := act/nj:
It := largest ( total_mt ):

(t
job_assign(mt. numj_mt, total_mt. act);
writcln{indfile, '@ @@ End of Ordinal Algorithm for 3 machine *:50):
wrtcln(indtile);

"

end: { A3 )
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A4 procedure @ Algerithm for ordinil data 1o assign n jobs o
= machines, retum the total processing tme on cach
muachines and the logest processing ume,

machines  jobs

1 1 ] 15 22

2 27 11 16 21

3 36 9 12 14 is 20 23

3 45 10 13 17 19 24
(m=0) (=) (m=

26
o

-

1)

Procedure ord_four_proc ( nj : integer:
in_data : jarv:
var ltact: read);

{

variable nj : number_of_jobs

in_data : sorted processing time of cach job

It : longest processing time
act average completion time
1
J

var

dl.d2, d3.d4. d5.d6.d7. 1. j. m, & U: integen:

route : boolcan:
mt  :mjary:
numj_mt : maryi:
total_mt: mary:

begin

fori:=1 to4 do [ initializc mt. numj_mt and totl_mt. nm=3 }

begin
for j:=1 1o nj do
mt{i,j]:= 0.0
numj_mt[i} ;= 0:
total_mi[i]:= 0.0;
cend: { ini )
act .= 0.0;

if num_machines >= nj then
begin { 1 job gose to cach machine |
for i:=1 to nj do
begin
numj_mt[i] := 1;
mt[i1] = in_data[i];
end; { for)
end { if }
else { number of machines < numbcr of jobs |
begin
t:=1;
route := truc;

while route do
begin
while (i<=nj ) and (i<=7 ) do
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begin | sizn it 7 jobs or loss |
case 1 of
I :begmn
numj_mt[1] = numj_mi[1]+ I:
mt] l.numj_mt[ 1]} := in_dua1);
end; [casel ]
2.7 :hegin
numj_mt[2] := numj_my21 + I:
mt[2.numj_mi[2]] := in_data]i};
end: | case 2.7 )
3,6: begin
numj_mt]3] ;= numj_mi[3] + 1;
mi|3.numj_mit[3]} := in_datai):
end: | case 3.6 )

4.5 begin
numj_mi[4] ;= numj_mt[4] + 1:
mi[d.numj_mt]4]] ;= in_data[i]:
end; {cawedS)
end: { case |
i=1+l
it (i>nj) or (i>7) then rovte:=false:
{ stop if less than 7 jobs or agxt job is 8th]
end; { while |
cnd; { while ‘route’ )

il i<=nj then | assign the rest of jobs start from Sth |
begin
routc = truc;
i=1;
s:=0;
r=0;
while route do
begin
dl == 7"i+1:
42 = 7*1+2;
d3 = T7"1+3;
dd = 7"k
ds =7"i+5;
db = T*i+6:
d7 = T*1+ 72
m :=imod 2:
cusem of
0 : begin
t:i=1+1;
it d1<=nj then { assign i job to machine 1)
begin
numj_mt[ 1] := numj_mt{1] +1:
mi[ 1. i+1]):= in_data[d1];
end {if)
clse route ;= false:
it d2<=nj then { assign i job to machine 2 )
hegin
nemi_mt[2] := numj_mt[2] +1;
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mi] 2, i+t = in_datafd21;
end )
else route 1= false:

it d3<=nj then | assign i job 1o machine 4
begin
numj_mt[<] := numj_mit[4] +1:
mif<4. 2%+ 1= in_dat[d3
end {if )
¢lse route = false:
if dd<=nj then | assign ajob o machine 31
hegin
numj_mt[3] ;= numj_m1]3] +1:
mt]3, 3*+i+1 )= in_datfd3];
end {if}
clse route 1= false:
if d5<=nj then | assign 2 job to maching 4 )
begin
numj_mt[4] := numj_mt{d] +1:
mtf4, 2*1+2]:= in_data[d5]:
ead [if)
else route = false:;
if d6<=nj then [ assign ajob to machine 3
begin
aumj_mt[3] ;= numj_mi[3] +1;
mt[3, 3*t+i+2]:= in_data]dé);
end {if)
clse route = false:
if d7<=nj then { assign a job to machine 2
begin
numj_mt[2] := numj_mt[2] +1:
mif2, t+1+2]:= in_data[d7]:
cnd §if }
else route = false;
ir=iels
end: { case 0"}
1: begin
8= s+l
ifdl<=nj then { assign ajob to machine 1)
begin
numj_mi[1] ;= numj_mi[1] +1:
mt[1, t+13:= in_data[d1];
end {if})
clsc route = false:
if d2<=nj then | assign a job to machine 3 )
begin
numj_mt[3] ;= numj_mu3] +1;
mt[3, 3*s+1-1]:= in_datad2];
end {if }
clse roule ;= false;
if d3<=nj then { assign 4 job to machinc 4 )
begin
numj_mt[4] := num;_mt[4] +1;
mt[4, 2*i+1]:= in_data[d3];
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end [t ]
else route 1= fulwe;
it dd<=nj then | assizn a job w machine
begin
numj_mt[2] := numj_mt[2] +1:
mif2. s+i+1]:= in_dat[d3]:
end [if )
clse route 1= [alse:
if d5<=nj then | assign ajob o machine 3 )
hegin
numj_mt[3] ;= numj_mt[3] +1:
mit[3. 3*s+i]:= in_duaw]d5]:
cod {if}
elsc route = talse:
if dé<=nj then [ assign a job to machine 4 |
begin
numj_mt[4] ;= numj_mt[4] +1.
my4. 2*i+2]= in_data[d6]:
end {if)
else route = false:
if d7<=nj then | assign a job to machine 3 }
begin
numij_mt[3] := num;j_mt[3] +1;
mitf3, 3*s+i+1]:= in_daafd7]:
end [if)}
clse route ;= false:
=i+l
cnd; { case’1")
end: [ case )
end: { while )
end; {if )
end; { clse )

A
-

for =1 w4 do
begin
for j:=1 10 numj_mt[i] do
begin
total_mt{t] := total_mt[i] + mt[ij]:
act = act + j*mifijl
end: {forj)
end: | fori)
act = act/nj;
It == largest ( total_mt );

(*
job_assign(rat, numj_mt. total_mt. act):
writeln(indfile, '@ @ @ End of Ordinal Algorithm for 4 machine :50);
writeln(indfile);

*)

end: [ Ad)

{
AS procedure @ Algorithm for ordinal data to assign n jobs 0
m (m>4) machines, return the total processing time
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on cach machine and the logest progessing tme,
machines  johs

1 114 23 36

2¢=3) 213 24 33

3 312 23 34

4 4 1118 22 29 33 40

S(=34) 510 17 2§ 28 32 3

6 6 916 20 27 31 38

7 7 8 1519 26 30 37
1
]

Procedure ord_any_proc (nm. nj : integer:

in_data : jary;
var ltact @ real);

I
L
vartable nm : number_of_machines
nj : number_of_jobs
in_data : sorted processing time of cach job
It : logest processing time
act: average completion time

1
J

vir
k.1 t.qQ. 1 integen
mt: mjary;
numj_mt : maryi:
total_mt : mary:

begin
k:=0:
if {(nm mod 2) = 0 then
r ;= round{nm/2)
clse
r = round{nm/2)+1:
t := trunc(nm/2);
for i:=1 to nm do { initializc mt. numj_mt and total_mt }
begin
for j:=1tonj do
mt[ijl:= 0.0
numj_mt[i] ;= O;
total_mt[i]:= 0.0;
end; {ini)
act:=0.0;

if nm>=nj then { number of muchines >= number of jobs ]

begin { 1 job gosc to cach machine }
fori=1twonjdo
begin

numj_mt[i] ;= 1;
mt[i.1] := in_data[i):
end; { for)
end; { if )
if nmn < nj then { number of machines < number of jobs }
begin
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for =1 to nm do { assign {irst nm jobs to cach machine |
begin
numj_miji] := numj_mti] +i:
mi|i.numj_mifi]] ;= in_datafi]:
end; | tor |
for i:=1 1o tdo | assign rest of jobs (nj-nm) |
begin ¢ assign jobs to first round(nm/2) machines |
g = (2*nm+1-1) + R*(nm+1):
while g<=nj do
begin
numj_mtli] ;= numj_mi|1} +1:
mtfik+2] := in_datalgl:
k:=k+1;
q = (2*nm+1-1) + k*(nm+r):
end: { whilc }
k:=0;
end: { for )

k:=0;
tor i:=t+1 o nm do { assign jobs to the reat of machines |
begin

q = (2*nm+1-1) + kK*(nm+r):
j = (3 nm+1-1) + k*{nm+r):
while g<=nj Jdo
begin
numj_mifi] := numj_mii] +13
mt]:,2*k+2] = in_data[g]:
k:=k+1:
g = 2*nm+1-1) + K*(nm+r);
end; { while )

k=0
while j<=nj do
begin
numj_mt[i} ;= numj_mt[i] +1:
mit]i.2*k+3]:= in_datafj]:
k=k+l:
j = (3*nm+1-i) + K*(nm+r)
end; { whilc }
ki=0:
end; | for )
end; { else )

for i:=1 to nm do
begin
for j:=1 to numj_mt[i] do
begin
total_mt{i] := total_m1[i} + mi[i.j};
act ;= act + j*mufijl:
end: { forj)
end: { fori)
act = act/nj:
It := largesy total_mt )
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-
Joh_sssign(mlt. numj_mt. total_mi act);
writeln(indfile. '@ @ @ End of Ondinal Alzorithm tor m machine :50);
writeln(indfile):;

*)

end: § AS procedure |

1
1

{ Main Part |

var
l.j.n.m :integen
alzreal; | alfa)
olp. alp. mip, lob: real:
o_act. a_act. m_act: reals
in_dat : jary:
iscomd : char
firstd : string:
code :intcger:
inistr, ts : string;
nmach : char:

begin

reset(indata):

num_rep:=0;

al=0;

write(df, # ");

curdatc(df):

writeIn(df, '# Filec Name: ', dfname);

writeln(df, "# Number of jobs: ', num_jobs):
wntcln(df. '# Number of machines: ', num_machines):
writcln(df, % Sced: ', sced:10:4);

writeln(df, # Distribution: . disttype):

writcln(df, ¥ Paramcters: ', dparm1:8:2, dparm2:8:2, dparm3:8:2 ):
writeln(df);

case disttype of
'UJGE : begin
writeln(df, #,'LPT2:10,'LPTo’:10,'LPTm": 10,
‘ACTa"10.'ACTo: 10, "ACTm"10, 'Lower B.:10);
end;
end: { case)

if num_machines = 10 then nmach:='x’
clse begin
ts:=istr(inum_machines):
nmach:=ts[1];
end:

writeln{df, 'READ C'1+(nun_run-1)*7, -C’, num_run*7);
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while not EQF( indat: ) do
bezin
tseomd ="
whilc iscomd=""do
read! mdata, iscomd ):
if iscomd = '# then readlIn( indata 3 | The ling sturting wath '#7)

fis acommand, skip it |}

clse [ iscomd < # ) { Read data set by set |
begin
firstd ="

while (iscomd < " ") and (iscomd <> chr(13)) do
§ read first dota as o string |

begin

firstd 2= concat(finud. iscomd); {merge first data char by char)

read( indata, iscomd ):
end; { while )
va( firstd, num_rep, code );  { convertit to valuc
it code=0 then
begin

for i:=1 10 num_jobs do { read all the data of processing times)

read( mndat, in_darafi]):
readin(indata);

quicksort(in_data)
lob ;= lowerb{num_jobs. num_machines, in_data)
al_act { num_machines, numn_jobs, in_data, alp. a_act)
al_urd ( num_machines, num_jobs, in_data, olp. o_act);
case num_machines of

2:ord_two_proc (num_jobs, in_data, mlp, m_act);

3 : ord_three_proc (num_jobs, in_data, mlp, m_act):

4 : ord_four_proc (num_jobs, in_dat, mlp, m_act);

¢lse begin

ord_any_pree (aum_machines,num_jobs.in_data.
mlp.m_act):
end: { cuse ‘else’ )

end; { case )

case disttype of
"UJ/GVE' : begin
writcln(df.alp:11:4, "olp:9:4." ", mlp:9:4." ".a_act:9:4," ".0_act:9:4,' ",
m_act:9:4." " lob:9:4);
end; {cascU. G, E)
cnd: { case)

end { if)

clse begin
rotoxy(l, 23);
writeln(’ code: °, code):
writcln{ ' Error; Convertion Fail * );
exit;

cnd;
end; { clse )

end; { EOF }
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writeln{d):
writeln{df END)
wrleIn(d2 . NAME Clnum_run*7-6.7".
chr(39).fname. la’.amach,che( 39 )
wriicln(df. NAME Conum_run™7-3." ",
chr(39).inams. 1o’ .nmach.chr(39:
witeln{dfNAME Clnum_run*7-3," ",
chr(39)%fname. Tp’ .nmach.chr(39)):
writcIn{df. NAME C.num_run*7-3."".
chr{39).fname."ax’ nmach.chn 39
writeln(dfNAME Conum_run*7-2." ",
¢chr(39).thame. 10" . nmach.chr(39))
writeIn(df. WAME C.num_rua*7-1."",
chr(39).fname.'ap’.nmach.chr(39)):
writcin(df. NAME C.oum_run*7. .
chr(39),fname, bl .nmach.chr(39)):
writcln(df):

end: { ordalg }
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C.3 Function : Pseudo-random number generator

function whmd : real:
fwhmg.pas - Wichmann & Hill uniform pscudo-rzndom number generator
! Byte Magurine |
var
[ msx, msy, msz: intcger:)
temp: reals
begin
{ first generator |
max o= 171 * (msx mod 177) - 2 * (msx div 177):
if msx < O then masx ;= msx + 30269;
{ second gencrator |
msy = 172 * (msy mod 176) - 35* (msy div 17€):
it msy < 0 then msy = msy + 30307;
{ third gencrator }
msz = 170 * (rmsz mod 178) -63* (msz div 178):
if msz < 0 then msz 1= msz + 30323;
{ combine to give function valuc )
temp = msx/30269.0 + mxy/30307.0 + msz/3C323.00
whrnd := femp - trunc(icmp)
cend; {whmyg)
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C.4 Procedure : Time update

procedure curdate(var outiile:text):
tSouree code from “pdate.pas”™, J C Naxh!
{ Display current date 1n a fhile!

const
vearwrit = 1990:

pe
str2 = string2]:

var
vear: word:
month: word:
day: word:
dayofweek: word;
hour: word:
minute: word:
second: words
secl00: word:

begin
getdate(year, month, day, dayotweck):
it year<yearwrit then writcln(Computer clock/calendar necds setting');
getume(hour, minute, second, »ec100):
writeln{outfile, * Current date & time: *year,Mmonth, 7 .day,
* hour.: minute,’?’ sceond,sec100):
end; {curdate.pas)
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