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Abstract

Most of the GA approaches for job shop scheduling problem (JSSP) represent a
solution by a diromosome @ntaining the sequence of al the operations and deaode
the chiromosome to ared schedule from the first gene to the last gene. There ae two
common problems for this kind d GAs, namely, high reduncancy at the tail of the
chromosome and littl e significance of rea genes on the overal schedule quality. GA-
operators (e.g. the 1-point, 2-paoint crosover, and some mutation operators, etc.)
applied onthe red part of the chromosome (only invalving the change of the red part
of a chromosome) are lesslikely to creae good off springs, i.e., most likely a waste of
evolution (time). In this paper, we propcose agenetic dgorithm with an incomplete
representation (the number of genesislessthan the number of operations) and apply it
to the JISSR. In ou approad, the most important and the largest part of a scheduleis
demded from a diromosome and the rest of the schedule is completed by a simple
heuristic rule.

1. Introduction

The Job-shop scheduling problem (n/m/J/Cyay) is concerned with ordering n jobs on m
madhines [7]: ead jobis composed of an ardered list of m operations and must be processed
during a uninterrupted time period d a given length on eady o the m madhines. The
objedive is to minimise the makespan, i.e. the maximum of job completion times. Since the
publicaion d Davis paper in 1985[5] alot of reseach in the field of production scheduling
with GAs has been dore. The main dfficulty in this subjed arises from the question o how
to represent the problem in the dgorithm, which is known to be most important for genetic
seach [4]. So far, reseachers have proposed many representation approacdes together with
different kinds of GA operators to tadkle the problems. A tutorial survey of the representation
approadies in the literature can be foundin [6]. Among them, some of the most well-known
representation approaches are the priority rule-based representation [3], the randam keys
representation [2], and the operation-based representation, such as [1, 4. Some result
comparison d these goproachesisgivenin [2].

The incomplete representation (IR) is mainly based on the operation-based representation.
The differenceis that its chromosomes use fewer genes than those of the normal operation
based representation. In IR-GA, the number of genes is lessthan the number of operations of
the JSSPR and the most important and the largest part of a schedule is decded from a
chromosome and the rest of the schedule is completed by a simple heuristic rule (more
details and examples can be seen in the next sedion). The norma length (no. of total
operations) of the diromosome used in most GA approades is reduced by 20-30% in ou
approach. This looks like we ae mnsidering the origina problem as a problem with a
smaller size compared with ather complete-representation methods. Theoreticdly, this kind



of simplificaion may affed the optimal (or best) result of the GA approach when there is no
running time limit. In red world, ogimal scheduling is nat very important as most of the
red-word scheduling problems are too large to find their optimal solutions within reasonable
time and the dynamic nature of the problem makes frequent rescheduling necessary. In most
of the caes we ned to find a good o nea-optimal solution for a problem in a reasonable
time, i.e., to balance the computation time and solution quality. The proposed incomplete
representation is designed to find as good average result as the mmplete-representation with
lessevolving generation and to be used in cases where fast approximate solutions are needed.

2. Theincompleterepresentation (I1P) for JSSP

In order to implement and test the IP approad, we used the GA encoding and deading
approach propacsed by Fang et al. [1]. In Fang's approadch, a n-job and mmacine JSSPis
represented by a chromosome with a string containing n x m chunks which are large enough
to hdd the largest job number for the problem. Each chunk is interpreted as the first
unscheduled operation d the job spedfied by the job nunber at the junk (if all operations of
the job have been scheduled, then interpreted it as the next job. Seemore detailsin [1]), and
the first unscheduled operation belonging to the job at ead pasitionin order is sheduled on
the designated machine & the ealiest time it can be started. For example, following is a
typicd chromosome for the 3x3 JSSPin tablel:

[3l2]sf1]2]1]2]1]3]

Table 2 is a schedule deaded from the dove crromosome and the last three genes have no
effeds on the schedule. Any vaues for the last three genes will be decoded as the same
schedule @ table 2. The greyed part of the ciromosome completely deddes the schedule.
There ae alot of chromosomes like this in the seaching space and most of them are not
good ores. In these caes, when GA operators are gplied onthe rea part, it is unlikely to
creae new or better solutions. The IP-GA propased in this paper is based onthis observation.
Instead of seaching awhale pattern as above, IP-GA seaches for a pattern as the greyed part
of the chiromosome and so use fewer genes than the complete representation. Figure 1 shows
the diff erence between the cmmplete and the incomplete GA representation.

Table 1: a3 job and 3macdine JSSP Table 2: A schedule (solution) decoded from the
(M;, n): stands for an operationto be typicd chromosome for the sample problem.
performed onmadinei for ntimeunits.  The makespan is 20 (optimal).
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Figure 1. The difference of complete andincomplete GA representation



The incomplete representation dscards the n; X m genes at the rea part of the chromosome
which are known having high redundancy and little significance In the incomplete
representation, the first (n - n;) x m operations are deamded acwrding to the diromosome and
the rest n; x m operations are deaoded by a simple heuristic rule. The heuristic rule used in
this approach seleds the next adivity (from thase unscheduled by GA) with minimal |atest
end time from those can be started first and heve a minima ealiest start time. Initia
experimental result show that n; / n shoud be lessthan 30% and the exad value shoud be
dightly varied with spedfic problems (ni/n is problem spedfic). The heuristic rule doesn't
take more time than the GA to deaode the rest of the (n - ny) X m operations.

3. Initial Experimental Results

We have implemented the IP-GA in Visua C++ 5.0and wsed Matthew’s GA-lib version 2.4
at http://lancet.mit.edu/galib-2.4/ as our starting point. For convenience of implementation
we used ILOG Solver 3.2and ILOG Scheduler 2.2, which are both C++ libraries, to asdgst the
deading process However, ILOG libraries are nat direaly involved with problem solving
and have no effed on the fina performance The gproach has been tested on the two
benchmark problems, FM20(20x5) and FM10(10x10) that can be obtained from the OR-
Library at http://mscmgams.ic.acuk/jeb/orlib/jobshopnfo.ntml. The GA operators and
parameters used in the experiment are described in table 3, and the GA-objedive is the same
as makespan o the schedule, the maximum completion time of al the jobs. 100runs have
been made for eath of the test to get the average result and the initial popuation was
randamly creaed with random seed. Table 4 and table 5 give the results of our experiment.

Table 3. GA operators and parameters used in the experiment

Basic GA Seady-Sate Crosover Rate 0.8
Scding Method Linear Scaling Mutation Rate 0.005
Crosover Method 2-Point Crossover Replacement Rate 10%
M utation Method Swap Mutation Seledion Scheme Rank Selector
Table 4. Average results on FM20 Table 5. Average resultson FM 10
pxg pxg
300
« \[100 | 20 |30 | x200 | 500 | 600 50 | 100 | 150 | 200 | 250 | 200
m/n x100| x200 |x300 | x400| x500 | X600

ny/n

0% |1369% |1333# |13213 (1303241305 (12956
0% |10762 | 10503 | 10460 | 103%5| 10303 | 10191

20% (13592 |13271 (13120 (13030 (12954 (12883
20% | 10450 | 10242 | 1019 | 10131 | 10083 | 10015

30% (13762 13427 (13260 | 13142 |130680 | 12975

(* my/n: percentage of genes cut from the complete representation, p X g : population x generation)

In table 4, the best average results are obtained by ni/n = 20%. However, the results of
n;/n=30% is nat as good as those of ny/n=0 (the cmplete representation, i.e. Fang's basic
approad). This is probably because we aut the tail too much for this problem. In table 5,
there is a grea improvement on average results by incomplete representation over complete
representation. The average results of incomplete representation with population X



generation of 50x100, 106200 and 15&300, are mmparable with those of complete
representation with population x generation of 15x300, 25&500and 30600 respedively.
In this case, the incomplete representation is much more dficient than the complete
representation.

4. Conclusion

We propose agenetic dgorithm with an incomplete representation and apply it to the job-
shop scheduling problems. Initial experimental results dow that the incomplete
representation is promising and wseful when GA is nealed to find rea-optimal or reasonable
solutions in a reasonable computation time. By cutting the genes with high redundancy and
littl e significance d the rea part of the diromosome, we believe GA could be more dficient
because useless (most likely) GA operators applied onthe rea part of the caromosome ae
automaticdly avoided. However, this approad still need more tests on more benchmark
problems with dfferent GA parameters and hav to dedde the exad ni/n (the radio o
discarded genes to the total number of genesin a complete representation) of the incomplete
GA representation for a particular problem is gill unknawvn.
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