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Abstract—In Job Shop Scheduling (JSS) problems, there are
usually many conflicting objectives to consider, such as the
makespan, mean flowtime, maximal tardiness, number of tardy
jobs, etc. Most studies considered these objectives separately or
aggregated them into a single objective (fitness function) and
treat the problem as a single-objective optimization. Very few
studies attempted to solve the multi-objective JSS with two or
three objectives, not to mention the many-objective JSS with
more than three objectives. In this paper, we investigate the
many-objective JSS, which takes all the objectives into account.
On the other hand, dispatching rules have been widely used
in JSS due to its flexibility, scalability and quick response in
dynamic environment. In this paper, we focus on evolving a set
of trade-off dispatching rules for many-objective JSS, which can
generate non-dominated schedules given any unseen instance.
To this end, a new hybridized algorithm that combines Genetic
Programming (GP) and NSGA-III is proposed. The experimental
results demonstrates the efficacy of the newly proposed algorithm
on the tested job-shop benchmark instances.

I. I NTRODUCTION
Job Shop Scheduling (JSS) [1] is a significant scheduling
problem with a wide range of applications in many industries
such as manufacturing and cloud computing. Given a set of
jobs and machines to process the jobs, JSS aims to design
a schedule to process the jobs in an optimal way by the
machines, so that the predefined objectives are optimized and
the constraints (e.g. order of the operations of the jobs and the
eligible machines for the jobs) are satisfied.
As a well-known problem, JSS has been intensively investigated in the literature [2]. It has been proven to be NPhard [3], since it can be reduced to the Traveling Salesman
Problem (TSP). Thus, no polynomial method exists to find the
global optimal solution, and exact methods are not applicable
in practice when the problem size is large. In this situation,
heuristics and meta-heuristics become promising methods to
obtain near-optimal solutions within the limited time budget.
There have been a variety of heuristics [4] and meta-heuristics
[5], [6] proposed for JSS.
As a branch of heuristics, dispatching rules have been
successfully used in JSS due to its flexibility, scalability and
quick response to the dynamic environment. So far, there have
been a variety of dispatching rules designed for different JSS
variants [4], [7].
A dispatching rule is a rule to decide which job in the queue
is to be processed by the idle machine at each decision point.
A dispatching rule can be seen as a priority function, which
is used to assign priority to each waiting job. Then, the next
job will be selected based on the priority value. For example,
in the well-known Shortest Processing Time (SPT) rule, jobs

with shorter processing times will enjoy higher priority. There
can be two types of dispatching rules: (1) non-delay and (2)
active rules. As the name indicates, non-delay rules do not
allow any delay on the idle machines as long as the waiting
queue is not empty. On the other hand, active rules allow
some reasonable delay (which is no more than the minimal
processing time of the waiting jobs) to handle the potential
new job arrivals with urgent due date. Obviously, non-delay
rules cannot guarantee optimality. On the other hand, active
rules can guarantee optimality, while it is not trivial to find
a proper delay factor. To simply the study, we focus on nondelay rules in this paper.
In designing a dispatching rule for JSS, there are mainly two
challenges. First, it is hard to identify all the important factors
and understand precisely how they affect the quality of the
rule. In other words, it is hard to find the best priority function
of the rule. Second, the behavior of a dispatching rule can vary
a lot from one scenario to another. For example, the rule which
is good at minimizing the mean flow time may perform poorly
in minimizing the maximal tardiness. Therefore, different rules
will be needed to suit different job shop scenarios.
To address these issues, hyper-heuristics have been adopted
to automatically design the dispatching rules, i.e. optimize
the priority function. A comprehensive survey of automatic
design of dispatching rules is given in [8]. The existing
hyper-heuristics for evolving dispatching rules in JSS can
be divided into two categories, (1) linear regression, and (2)
symbolic regression. The linear regression methods formulate
the priority function as the linear function of all the job shop
attributes and optimize the weights/coefficients [9]. In contrast,
the symbolic regression methods optimize both the structure
and coefficients of the priority function. Genetic Programming
(GP) [10] is a commonly used symbolic regression method for
evolving dispatching rules.
Although it is technically simple to consider only a single
optimization objective for JSS, it is now widely evidenced in
the literature that JSS by nature presents several potentially
conflicting objectives, including the makespan, mean flow
time, maximum tardiness, maximum lateness, total work load,
proportion of tardy jobs. Due to this reason, since early 2000s,
the research on multi-objective JSS starts to gain increasing
popularity. A survey [11] shows that many real-world scheduling problems have inherently multiple objectives. In line with
this view, a lot of independent studies have been carried out
in the literature for multi-objective JSS [12].
Despite of the rapid development of EC techniques for
multi-objective JSS, existing studies of JSS problems having

more than three objectives (so-called many-objective) are still
very limited. There are only a few studies on four objectives
[13]. However, the mutual conflicting nature among different
objectives in a job shop was still not clearly revealed. In
this paper, we aim to explicitly study JSS problems with
many conflicting objectives. Specifically, we proposed a new
algorithm that considers the challenges of both JSS and manyobjective optimization. It combines the evolution process of
GP and the selection scheme of NSGA-III [14], which is one
of the state-of-the-art many-objective evolutionary algorithm.
We evaluated the proposed algorithm by comparing with other
multi-objective evolutionary algorithms (i.e. NSGA-II [15] and
SPEA2 [16]) to verify the efficacy of the proposed algorithm
in solving many-objective JSS.
The rest of the paper is organized as follows: Section II
gives the background, including the problem description and
related work. Section III describes the proposed algorithm for
many-objective JSS. Section IV shows the experimental studies and discussions. Finally, Section V gives the conclusions
and future work.

by using these rules will then be evaluated with respect to
a number of objectives f = (f1 , . . . , fD ), where D stands
for the number of objectives. Without losing generality, we
assume that all the dimensions of f are minimized. Here, we
considered D ≥ 4, i.e. there are four or more objectives. In
this case, the problem is called many-objective JSS.
Given two schedules ∆1 and ∆2 , it is said that ∆1 dominates ∆2 if and only if
∀i, 1 ≤ i ≤ D, fi (∆1 ) ≤ fi (∆2 )
and
∃i, fi (∆1 ) < fi (∆2 ).
Consequently, if P1 is the dispatching rule that produces
schedule ∆1 and P2 is the dispatching rule that produces
schedule ∆2 , then we can also say that, for the given problem
instance I, P1 dominates P2 . Based on the above explanations,
it should now be clear that our goal is to evolve a collection
of Pareto optimal dispatching rules, jointly known as the
Pareto front. Each dispatching rule in the Pareto front is not
dominated by any other rules evolved by using our algorithms.

II. BACKGROUND
In this section, the problem description will be introduced
first and then we will discuss some related works.
A. Problem Description
In JSS problem, we are given a set of N jobs and a set
of M machines. Each job ji , 1 ≤ i ≤ N has a sequence
of m operations to be performed, i.e. {o1i , . . . , om
i }. Stringent
restrictions apply to the processing order over all operations
of a job. Specifically, for any job ji , its operation ok+1
cannot
i
start until its previous operation oki has been finished. Every
operation oki , 1 ≤ k ≤ m, is further associated with a fixed
processing time pki > 0 and has to be processed on a specific
machine mi , 1 ≤ i ≤ M . Any solution to such a JSS problem
has to comply with several important rules, as described below.
• Each machine can only process at most one operation of
any job at any given time.
• All operations are non-preemptive. This means that once
an operation starts its processing on a machine, the
machine will continue to process it until completion.
During this period, the machine cannot be interrupted by
other operations.
• All the M machines in the job shop are persistently
available and can be used to process new operations
whenever they become idle.
• The number of jobs is known a priori. Moreover, for every job, the operations to be performed and the processing
time of each operation are also fixed in advance.
• The due date of each job is pre-determined and fixed
during job execution.
• All jobs are immediately ready for processing in the job
shop. No precedence constraints apply to them.
Based on the JSS problem described above, our goal is to
evolve useful dispatching rules that can build the complete
schedules incrementally. The quality of the schedules created

B. Related Works
Huge efforts have been made in developing effective evolutionary computation (EC) algorithm for JSS [17]. In the
literature, many research works have been conducted with the
focus on optimizing a single objective [18], [19]. However,
it is becoming more and more clear that JSS essentially has
multiple (or many) different objectives. In general, there are
two alternative approaches for handling multiple objectives in
a job shop, i.e. the aggregation method and the Pareto dominance method [20]. In a typical aggregation method, multiple
optimization objectives have to be aggregated together to form
a scalar-valued fitness function through weighted sum [21].
Obviously, the usefulness of this method is restricted to the
situation when the preferences over different objectives can be
quantified before applying any EC techniques. On the other
hand, without using any aggregation functions, the Pareto
dominance concept can be exploited to define the optimization
criteria for guided search of Pareto optimal schedules [21].
Based on this idea, many EC algorithms have been proposed
with the aim of evolving the Pareto front [14], [15], [16].
In the literature, the Pareto dominance method has attracted
substantial research attention. Prominent examples include the
Non-dominated Sorting Genetic Algorithm (NSGA-II) [15]
and the Strength Pareto Evolutionary Algorithm (SPEA2) [16].
Specific techniques have also been successfully developed
for multi-objective JSS. For instance, Murata et al. proposed
a multi-objective GA for flow shop scheduling problems.
Their research specifically considered problem instances with
concave Pareto fronts and at most three optimization objectives
(i.e. the makespan, total tardiness, total flow time) [22]. While
solving bi-objective JSS problems, a tradeoff between the
makespan and the availability of machines has also been
identified in [23]. In particular, whenever the makespan is

minimized, the availability of machines will be negatively
affected, and vice versa.
In addition to the research works mentioned above, some
researchers have started to consider JSS problems with more
than three objectives. For example, in [24], Nguyen et al. have
considered the problem of designing dispatching rules for general JSS problems with up to five different objectives. In [13],
four different objectives have been considered while evolving
optimal schedules by using multi-objective GA. While showing promise, it is unclear whether standard multi-objective
optimization algorithms such as NSGA-II and SPEA2 are
competent at tackling many-objective JSS problems. It is
also unclear whether the objectives under consideration are
mutually conflicting. If not, we may easily reduce the number
of objectives to three or less.
In fact, as emphasized by Deb in [14], a large proportion
of real-world problems can be described naturally as manyobjective problems. In this paper, we will also demonstrate
that JSS inherently has many (i.e. more than three) conflicting
objectives. [21] gives a nice review of some interesting manyobjective problems investigated in the literature. There is also
a growing interest in industries to tackle problems with many
objectives [25], [26]. In line with this research trend, we
believe that many-objective JSS will attract increasing research
attention in the near future. This paper serves as the first
initiative towards addressing this challenging problem.
It is worthwhile to note that it is not our intention in this
paper to develop a new general-purpose algorithm for manyobjective optimization. In fact, quite a few interesting manyobjective algorithms have already been developed in recent
years [21]. A short review on evolutionary many-objective
optimization techniques can be found in [21]. Among all the
different technologies, we have particular interests in NSGAIII [14].
As we discussed in the Introduction, rather than directly
evolving Pareto optimal schedules, dynamic and responsive
scheduling requires us to evolve dispatching rules. We hope
that the evolved dispatching rules could achieve a good balance
over many conflicting objectives. This is essentially a machine
learning approach where rules can be evolved based on a
training set of problem instances and then further evaluated
on a different set of testing instances. In the literature, the
most widely explored technique is known as the Genetic
Programming based Hyper-Herestic (GP-HH) [27], which will
also be adopted in this paper. The effectiveness of GP-HH has
been extensively demonstrated in the field of JSS [28], [29].
To our knowledge, we are among the first to use GP-HH for
many-objective JSS.
III. A N EW A LGORITHM FOR M ANY-O BJECTIVE JSS
In this section, we describe a new algorithm to solve manyobjective JSS problems by combining GP and NSGA-III. GP
is a commonly used hyper-heuristic for evolving dispatching
rules for JSS and has achieved great success [28], [29]. NSGAIII is one of the state-of-the-art many-objective evolutionary
algorithms. Thus, it is expected that the combination of GP and

NSGA-III can lead to a competitive algorithm for evolving a
set of trade-off rules in many-objective JSS. The framework of
the newly proposed algorithm, which is named as GP-NSGAIII, is given in Algorithm 1. It can be seen that GP-NSGAIII combines the initialization, evaluation and evolutionary
operators of GP, and the selection scheme of NSGA-III.
Algorithm 1: The framework of GP-NSGA-III.
Input : A training set Itrain
Output: A set of non-dominated rules P ∗
1 Initialize and evaluate the population P 0 of rules by the
ramped-half-and-half method;
2 Calculate the reference points Z;
3 Set g ← 0;
4 while g < gmax do
5
Generate the offspring population Qg using the
crossover, mutation and reproduction of GP;
6
foreach Q ∈ Qg do Evaluate rule Q;
7
R g ← P g ∪ Qg ;
8
Form the new population P g+1 from Rg by the
NSGA-III selection;
9
g ← g + 1;
10 end
∗
11 return The non-dominated individuals P ⊆ Pgmax ;

A. Representation of Rules
A dispatching rule is usually described as a priority function
(when the delay factor is not considered). Therefore, optimizing the dispatching rule is equivalent to optimizing the
priority function. In GP, a priority function can be represented
as a GP tree. Fig. 1 shows the GP tree representation of the
2PT+WINQ+NPT rule [4].
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Fig. 1. The GP tree representation of the 2PT+WINQ+NPT rule.

In the GP tree representation, there are two different sets to
be determined: (1) the terminal set and (2) the non-terminal
(function) set. In the example in Fig. 1, the terminals in the
tree are {2, PT, WINQ, NPT}, and the non-terminals are
{+, ∗}. Proper terminal and non-terminal sets are crucial for
constructing promising and concise search space for GP. Here,
the commonly considered job shop attributes are included in
the terminals, which is given in Table I. The non-terminal
set is set to {+, −, ∗, /, min, max, ifte}, where “+”, “−” and

“∗” are basic arithmetic operators. The function “/” is the
protected division operator, which returns 1 if the denominator
is 0. The functions “min” and “max” take two arguments and
return either the smaller or the larger value, respectively. The
function “ifte” takes three arguments a, b and c. It returns b
if a > 0, and c otherwise.
TABLE I
T ERMINAL SET FOR GP FOR JSS.
Attribute

Symbol

Processing time of the operation
Inverse processing time of the operation
Processing time of the next operation
Ready time of the operation
Ready time of the next machine
Work Remaining
Number of operation remaining
Work in the next queue
Number of operations in the next queue
Flow due date
Due Date
Weight
Number of operations in the queue
Work in the queue
Ready time of the machine

PT
IPT
NPOT
ORT
NMRT
WKR
NOR
WINQ
NOINQ
FDD
DD
W
NOIQ
WIQ
MRT

B. Fitness Evaluation
The fitness evaluation is required in lines 1 and 6 of
Algorithm 1. It calculates the objective values by applying
the rule to the training instances. Detailed process for fitness
evaluation is further presented in Algorithm 2. f (·) is the
objective vector, which includes the makespan, maximal flowtime, mean weighted tardiness, maximal weighted tardiness
and proportion of tardy jobs.
Algorithm 2: The evaluation of a dispatching rule.
Input : A training set Itrain and a rule P
Output: The fitness f (P ) of the rule P
1 foreach I ∈ Itrain do
2
Construct a schedule ∆(P, I) by applying the rule P
to the JSS instance I;
3
Calculate the objective values f (∆(P, I));
4 end
P
1
5 f (P ) ← |I |
I∈Itrain f (∆(P, I));
train
6 return f (P );

C. Evolutionary Operators
Standard GP crossover and mutation operators are adopted
for evolving GP trees. Specifically, for crossover, two parents are randomly selected from the population through the
tournament selection method. Then, for each parent, a node
is randomly selected from each parent GP tree. Afterwards,
the sub-trees rooted from the selected nodes are swapped. For
mutation, a randomly node is selected from the child GP tree,
and the sub-tree rooted from the selected node is replaced by
another randomly generated sub-tree.

D. Population Update
Unlike traditional GP, which generates the new population
from scratch, GP-NSGA-III first combines the offspring population Q and the parent population P together. Then, all
the individuals in the combined population R is divided into
different ranks using non-dominated sorting [14]. After that,
the new population is obtained by filling in the individuals
from the lowest rank, until the current rank cannot be fully
inserted into the population. Then, each individual of the
current rank is assigned to a reference point Z ∈ Z, and
selected one by one using the niching method. Details of the
population update mechanism can be found in [14].
IV. E XPERIMENTAL S TUDIES
In this section, experimental studies will be conducted to
compare the proposed GP-NSGA-III to NSGA-II [15] and
SPEA2 [16], which are two well-known multi-objective evolutionary algorithms. Both compared algorithms were combined
with GP as well, i.e. they adopted the solution representation
and evolutionary operators of GP. For the sake of convenience,
they are referred to as GP-NSGA-II and GP-SPEA2 hereafter.
In the following, we will describe the dataset used in the
experiments, parameter settings of the algorithms, and results
and discussions.
A. Dataset
In this paper, the widely used Taillard static job shop
benchmark set [30] is selected as the dataset for the experiments. Although the effectiveness of dispatching rules is more
prominent for dynamic JSS, as a starting point, using static
problem instances can make it easier to analyze and understand
the behavior of our algorithm. For the sake of convenience,
the Taillard job shop benchmark set is denoted as the TA set
hereafter.
There are 80 indexed problem instances in the TA set (i.e.
each problem instance has a different ID from 1 to 80), which
can be further divided into eight groups (denoted as the TA1, . . . , TA-8 groups). The problems instances in the same
group have the same number of jobs and machines, but the
processing time matrices were generated by using different
random seeds. Across different groups, the number of jobs
varies from 15 to 100, and the number of machines varies
from 15 to 20. In the experiments, the total 80 instances were
divided into the training set and the test set, each consisting
of 40 instances. Specifically, the training set consists of all
the instances with the odd ID, and the test set contains all the
instances with the even ID.
The release times of all jobs in all problem instances are
safely set to zero. Since there is no due date information
included in the original dataset, we set the due date using
the standard total workload strategy. That is,
dd(ji ) = λ ×

m
X

pki ,

k=1

where dd(ji ) stands for the due date of the job ji , and λ is the
due date factor, which is set to 1.3 in our experiments. The

job weights are set according to the 2:6:2 rule [31]. That is,
the weight is set to 4, 2 and 1 with the probabilities of 20%,
60% and 20%, respectively.
In terms of objectives, we designed two sets of experiments. The first set of experiments considers minimizing
four objectives, i.e. the mean flowtime, maximal flowtime,
mean weighted tardiness and maximal weighted tardiness. The
second set of experiments has an additional objective on the
number of tardy jobs. For the sake of convenience, the first
set is referred to as the “4-obj” experiment, and the second
one the “5-obj” experiment.
For each run of each tested algorithm, the experiment
consists of two steps as follows.
1) Apply the algorithm (GP-NSGA-III, GP-NSGA-II or
GP-SPEA2) to the training set to obtain a set of tradeoff
dispatching rules;
2) For each problem instance in the test set, apply every
obtained rule to produce a schedule and calculate all the
considered objective values with respect to the schedule.
The above steps are repeated for the compared GP-NSGAIII, GP-NSGA-II and GP-SPEA2 algorithms.
B. Parameter Settings
Table II summarized the parameter settings of GP-NSGAIII in detail. To make a fair comparison, the same settings are
also adopted for the compared GP-NSGA-II and GP-SPEA2.
All experimented algorithms were implemented with ECJ [32],
which is a commonly used research system in Java for GP.
TABLE II
T HE PARAMETER SETTING OF THE PROPSED GP-NSGA-III.
Parameter
Population Size
Generation
Crossover rate
Mutation rate
Reproduction Rate
Max-depth
Tournament size

Value
1024
50
85%
10%
5%
8
7

C. Performance Measures
There are a variety of performance measures proposed
for evaluating multi-objective optimization algorithms from
different perspectives. In this paper, following a common
practice, we choose the Hyper-Volume (HV) [33] and Inverted
Generational Distance (IGD) [34] as the two main performance measures. Theoretically, a set of tradeoff dispatching
rules with better performance should have a larger HV value
and a smaller IGD value.
All the objectives have been normalized into the range
between 0 and 1 before calculating the above performance
measures. Then, for HV, the nadir point is set to (1,1) since
all the objective are to be minimized. For IGD, since the true
Pareto front is unknown, an approximate Pareto front was
obtained by selecting the non-dominated solutions among the
final solutions acquired from all the runs of all the three tested
algorithms.

D. Results and Discussions
TABLE III
T HE MEAN AND STANDARD DEVIATION OVER THE HV VALUES OF THE 30
INDEPENDENT RUNS OF THE COMPARED ALGORITHMS IN THE 4- OBJ
EXPERIMENT. T HE SIGNIFICANTLY BETTER RESULTS ARE IN BOLD .
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

#J #M
15 15
15 15
15 15
15 15
15 15
20 15
20 15
20 15
20 15
20 15
20 20
20 20
20 20
20 20
20 20
30 15
30 15
30 15
30 15
30 15
30 20
30 20
30 20
30 20
30 20
50 15
50 15
50 15
50 15
50 10
50 20
50 20
50 20
50 20
50 20
50 20
100 20
100 20
100 20
100 20

GP-NSGA-III
.0292(.0068)
.0541(.0049)
.0668(.0062)
.0329(.0049)
.0344(.0034)
.1027(.0087)
.0668(.0085)
.1193(.0118)
.1287(.0109)
.1106(.0118)
.0945(.0056)
.0873(.0064)
.0348(.0057)
.0826(.0047)
.0030(.0032)
.2235(.0188)
.2092(.0132)
.1932(.0132)
.1976(.0161)
.1863(.0157)
.1863(.0184)
.0777(.0067)
.1739(.0127)
.1687(.0147)
.1692(.0127)
.2609(.0139)
.3092(.0229)
.2453(.0159)
.2811(.0216)
.2708(.0177)
.2143(.0135)
.3182(.0193)
.2568(.0162)
.2955(.0189)
.2737(.0130)
.3333(.0163)
.2687(.0164)
.2659(.0145)
.2345(.0134)
.3564(.0190)

GP-NSGA-II
.0035(.0007)
.3430(.0493)
.0197(.0021)
.1136(.0250)
.0122(.0012)
.1796(.0094)
.2354(.0122)
.2506(.0138)
.0593(.0035)
.0876(.0038)
.2706(.0139)
.5793(.0209)
.0332(.0015)
.0241(.0017)
.0161(.0012)
.1729(.0048)
.1514(.0046)
.1402(.0041)
.1525(.0057)
.1533(.0044)
.1188(.0038)
.0230(.0019)
.1119(.0034)
.1401(.0028)
.1252(.0035)
.1999(.0062)
.2035(.0047)
.1820(.0070)
.1789(.0062)
.1845(.0053)
.1738(.0062)
.2001(.0042)
.1829(.0066)
.1876(.0046)
.1851(.0043)
.2169(.0062)
.0896(.0037)
.2141(.0057)
.1141(.0668)
.2217(.0046)

GP-SPEA2
.0170(.0028)
.0345(.0037)
.0179(.0017)
.0126 (.0012)
.0116(.0017)
.0410(.0032)
.0425(.0017)
.0457(.0029)
.0602(.0047)
.0533(.0032)
.0307(.0031)
.0361(.0021)
.0346(.0024)
.0330(.0025)
.0158(.0017)
.1263(.0062)
.1139(.0047)
.1194(.0057)
.1058(.0040)
.1163(.0046)
.0839(.0047)
.0249(.0031)
.0880(.0058)
.0900(.0034)
.0920(.0044)
.1713(.0070)
.1750(.0061)
.1577(.0058)
.1578(.0067)
.1599(.0098)
.1366(.0054)
.1582(.0045)
.1383(.0051)
.1522(.0055)
.1500(.0064)
.2131(.0081)
.0796(.0048)
.2132(.0061)
.1111(.0055)
.2211(.0059)

Tables III and IV show the mean and standard deviation over
the HV values of the 30 independent runs of the compared
algorithms with respect to the 40 test instances in the 4obj experiment. For each instance, Wilcoxon’s rank sum test
[35] was conducted to compare the best performing algorithm
against the other two algorithms. The corrected significance
level under Bonferroni correction is set to 0.05/2 = 0.025.
That is, if both p-values are smaller than 0.025, then the best
algorithm is considered significantly better than the other two
algorithm. The significantly better results are marked in bold.
In the tables, “ID” is the instance ID, and #J and #M indicate
the number of jobs and machines, respectively. One can see
that as the instance ID increases, the problem size increases
as well. Tables III and IV together suggest that GP-NSGA-III

TABLE IV
T HE MEAN AND STANDARD DEVIATION OVER THE IGD VALUES OF THE
30 INDEPENDENT RUNS OF THE COMPARED ALGORITHMS IN THE 4- OBJ
EXPERIMENT. T HE SIGNIFICANTLY BETTER RESULTS ARE IN BOLD .
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

#J #M
15 15
15 15
15 15
15 15
15 15
20 15
20 15
20 15
20 15
20 15
20 20
20 20
20 20
20 20
20 20
30 15
30 15
30 15
30 15
30 15
30 20
30 20
30 20
30 20
30 20
50 15
50 15
50 15
50 15
50 15
50 20
50 20
50 20
50 20
50 20
100 20
100 20
100 20
100 20
100 20

GP-NSGA-III
.0071(4.0E-05)
.0071(6.9E-05)
.0009(1.9E-05)
.0057(3.9E-05)
.0013(1.6E-05)
.0024(2.2E-05)
.0110(7.5E-05)
.0027(4.0E-05)
.0023(2.3E-05)
.0029(3.0E-05)
.0017(1.4E-05)
.0023(1.8E-05)
.0016(9.7E-06)
.0021(2.3E-05)
.0032(3.6E-05)
.0009(1.7E-05)
.0024(3.3E-05)
.0017(2.0E-05)
.0025(3.4E-05)
.0015(2.3E-05)
.0026(4.1E-05)
.0040(2.5E-05)
.0027(2.0E-05)
.0033(5.1E-05)
.0030(4.0E-05)
.0013(1.3E-05)
.0007(1.2E-05)
.0041(4.2E-05)
.0017(3.0E-05)
.0020(3.6E-05)
.0010(1.0E-05)
.0008(9.6E-06)
.0033(5.0E-05)
.0012(2.4E-05)
.0013(2.2E-05)
.0011(1.6E-05)
.0005(8.4E-06)
.0015(1.7E-05)
.0012(1.3E-05)
.0009(1.4E-05)

GP-NSGA-II
.0077(4.9E-05)
.0037(2.1E-05)
.0018(6.1E-06)
.0036(1.2E-05)
.0023(1.4E-05)
.0028(3.3E-05)
.0088(5.9E-05)
.0038(3.3E-05)
.0033(3.9E-05)
.0044(5.6E-05)
.0025(1.5E-05)
.0031(2.4E-05)
.0027(1.0E-05)
.0027(2.2E-05)
.0050(4.0E-05)
.0013(1.9E-05)
.0032(4.9E-05)
.0023(3.0E-05)
.0033(3.8E-05)
.0018(3.1E-05)
.0033(4.7E-05)
.0048(2.7E-05)
.0031(3.1E-05)
.0037(5.0E-05)
.0037(3.6E-05)
.0018(2.9E-05)
.0013(2.2E-05)
.0047(8.3E-05)
.0023(4.2E-05)
.0024(4.0E-05)
.0015(4.2E-05)
.0013(2.1E-05)
.0035(4.5E-05)
.0016(2.8E-05)
.0020(3.3E-05)
.0016(1.9E-05)
.0012(1.9E-05)
.0018(3.3E-05)
.0027(3.7E-05)
.0015(2.3E-05)

GP-SPEA2
.0087(1.4E-05)
.0105(9.3E-05)
.0017(1.8E-05)
.0119(4.7E-05)
.0037(4.9E-05)
.0051(6.2E-05)
.0167(1.4E-05)
.0060(9.2E-05)
.0054(7.5E-05)
.0072(9.0E-05)
.0046(6.3E-05)
.0048(5.9E-05)
.0042(8.1E-05)
.0045(5.7E-05)
.0083(9.3E-05)
.0020(2.5E-05)
.0054(5.5E-05)
.0036(3.4E-05)
.0052(6.3E-05)
.0030(2.8E-05)
.0050(1.0E-05)
.0080(7.5E-05)
.0048(4.4E-05)
.0059(6.3E-05)
.0059(6.1E-05)
.0031(3.5E-05)
.0022(2.7E-05)
.0081(9.8E-05)
.0041(4.9E-05)
.0041(4.6E-05)
.0024(4.3E-05)
.0021(3.2E-05)
.0058(6.6E-05)
.0026(2.7E-05)
.0034(3.4E-05)
.0030(3.8E-05)
.0010(1.4E-05)
.0035(8.8E-05)
.0047(5.8E-05)
.0028(4.6E-05)

performed significantly better than both GP-NSGA-II and GPSPEA2 in most of the tested instances with 4 objectives. In
terms of HV, GP-NSGA-III performed the best with statistical
significance on 31 out of the total 40 instances. GP-NSGA-II
outperformed other algorithms in the remaining 8 instances.
SPEA2 failed to achieve the best performance in any instances.
In terms of IGD, Table IV showed a similar pattern. GPNSGA-III performed significantly better on 37 out of the 40
instances, and GP-NSGA-II achieved the best performance on
the remaining 3 instances. Again, there is no instance where
GP-SPEA2 performed the best.
When taking a closer look at the tables, it can be found
that GP-NSGA-II performed better on smaller instances (no
more than 20 jobs and 20 machines). On the other hand, GPNSGA-III appeared to be more effective on larger instances.

TABLE V
T HE MEAN AND STANDARD DEVIATION OVER THE HV VALUES OF THE 30
INDEPENDENT RUNS OF THE COMPARED ALGORITHMS IN THE 5- OBJ
EXPERIMENT. T HE SIGNIFICANTLY BETTER RESULTS ARE IN BOLD .
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

#J #M
15 15
15 15
15 15
15 15
15 15
20 15
20 15
20 15
20 15
20 15
20 20
20 20
20 20
20 20
20 20
30 15
30 15
30 15
30 15
30 15
30 20
30 20
30 20
30 20
30 20
50 15
50 15
50 15
50 15
50 15
50 20
50 20
50 20
50 20
50 20
100 20
100 20
100 20
100 20
100 20

GP-NSGA-III
.0113(.0033)
.0216(.0031)
.0223(.0037)
.0187(.0035)
.0193(.0031)
.0444(.0055)
.0657(.0046)
.0457(.0038)
.0455(.0063)
.0362(.0041)
.0231(.0031)
.0248(.0035)
.0294(.0048)
.0321(.0051)
.0148(.0036)
.0667(.0070)
.0791(.0189)
.0758(.0052)
.0713(.0058)
.1186(.0072)
.0601(.0063)
.0404(.0048)
.0732(.0059)
.0554(.0048)
.0363(0.005)
.2507(.0092)
.2286(.0121)
.2283(.0091)
.2243(.0130)
.1822(.0134)
.1389(.0070)
.1821(.0082)
.1414(.0054)
.1614(.0086)
.2040(.0063)
.1285(.0077)
.1338(.0082)
.1646(.0060)
.1176(.0049)
.1503(.0077)

GP-NSGA-II
.0259(.0030)
.0225(.0049)
.0250(.0035)
.0179(.0024)
.0244(.0036)
.0345(.0038)
.0312(.0035)
.0281(.0045)
.0300(.0036)
.0312(.0056)
.0306(.0040)
.0143(.0017)
.0265(.0034)
.0352(.0029)
.0148(.0024)
.0212(.0046)
.0195(.0080)
.0272(.0036)
.0273(.0052)
.0311(.0057)
.0338(.0057)
.0273(.0045)
.0293(.0042)
.0296(.0042)
.0361(.0041)
.0321(.0046)
.0280(.0050)
.0284(.0052)
.0222(.0039)
.0241(.0045)
.0276(.0045)
.0301(.0053)
.0286(.0061)
.0295(.0045)
.0303(.0049)
.0220(.004)
.0226(.005)
.0285(.0042)
.0189(.0046)
.0253(.0048)

GP-SPEA2
.0007(.0002)
.0012(.0003)
.0012(.0003)
.0010(.0003)
.0011(.0002)
.0025(.0005)
.0040(.0005)
.0027(.0004)
.0028(.0005)
.0022(.0004)
.0012(.0002)
.0014(.0003)
.0017(.0003)
.0018(.0004)
.0009(.0002)
.0040(.0008)
.0041(.0015)
.0046(.0005)
.0044(.0008)
.0070(.0008)
.0035(.0006)
.0024(.0005)
.0044(.0006)
.0033(.0004)
.0021(.0005)
.0155(.0013)
.0140(.0016)
.0139(.0014)
.0139(.0016)
.0112(.0017)
.0082(.0010)
.0111(.0014)
.0084(.0010)
.0100(.0010)
.0124(.0013)
.0159(.0017)
.0165(.0015)
.0145(.0017)
.0138(.0016)
.0178(.0016)

This demonstrates the advantage of GP-NSGA-III especially
on challenging problems since a large size usually indicates
a more difficult problem. In addition, GP-NSGA-III showed
better performance in terms of IGD than in terms of HV. This
might be due to the generation of the approximate Pareto front
based on the results of all the compared algorithms. That is,
GP-NSGA-III seems to contribute most of the elements in the
approximate Pareto front.
Tables V and VI jointly present the corresponding results for
the 5-obj experiment. The tables exhibited the same patterns to
that of the 4-obj experiment. Overall, GP-NSGA-III performed
the best, followed by GP-NSGA-II. GP-SPEA2 performed the
worst. In addition, in terms of HV, it can be seen that the
performance of all the algorithms are worse for 5 objectives
than for 4 objectives. This is consistent with our intuition that

#J #M
15 15
15 15
15 15
15 15
15 15
20 15
20 15
20 15
20 15
20 15
20 20
20 20
20 20
20 20
20 20
30 15
30 15
30 15
30 15
30 15
30 20
30 20
30 20
30 20
30 20
50 15
50 15
50 15
50 15
50 15
50 20
50 20
50 20
50 20
50 20
100 20
100 20
100 20
100 20
100 20

GP-NSGA-III
.0040(4.7E-05)
.0040(3.0E-05)
.0011(6.5E-06)
.0071(4.3E-05)
.0021(1.4E-05)
.0033(2.0E-05)
.0062(3.3E-05)
.0022(1.6E-05)
.0060(3.9E-05)
.0024(1.5E-05)
.0038(2.3E-05)
.0036(2.0E-05)
.0050(3.3E-05)
.0030(2.0E-05)
.0071(7.4E-05)
.0021(1.8E-05)
.0034(1.5E-05)
.0032(1.7E-05)
.0018(1.1E-05)
.0024(1.6E-05)
.0032(2.2E-05)
.0030(2.5E-05)
.0025(1.7E-05)
.0028(1.8E-05)
.0031(1.9E-05)
.0021(7.7E-06)
.0021(1.3E-05)
.0022(8.7E-06)
.0022(1.1E-05)
.0024(1.6E-05)
.0020(1.2E-05)
.0021(1.0E-05)
.0024(1.1E-05)
.0012(8.9E-06)
.0024(8.1E-06)
.0021(6.6E-06)
.0021(8.7E-06)
.0024(7.8E-06)
.0020(7.4E-06)
.0027(1.1E-05)

GP-NSGA-II
.0049(5.9E-05)
.0060(6.1E-05)
.0021(1.5E-05)
.0071(5.5E-05)
.0035(2.7E-05)
.0039(3.1E-05)
.0078(8.2E-05)
.0030(4.7E-05)
.0065(6.4E-05)
.0035(3.4E-05)
.0039(3.1E-05)
.0050(3.9E-05)
.0052(2.9E-05)
.0036(2.8E-05)
.0112(7.6E-05)
.0030(4.4E-05)
.0035(2.6E-05)
.0036(3.0E-05)
.0029(3.0E-05)
.0030(3.2E-05)
.0042(3.9E-05)
.0038(3.9E-05)
.0032(2.2E-05)
.0031(2.5E-05)
.0036(2.7E-05)
.0026(2.8E-05)
.0034(3.1E-05)
.0030(3.2E-05)
.0031(2.7E-05)
.0035(3.7E-05)
.0027(2.9E-05)
.0029(3.4E-05)
.0032(4.2E-05)
.0020(2.3E-05)
.0031(3.5E-05)
.0021(2.0E-05)
.0021(2.5E-05)
.0024(2.1E-05)
.0029(2.9E-05)
.0027(3.4E-05)

GP-SPEA2
.0053(1.0E-04)
.0055(8.1E-05)
.0015(2.6E-05)
.0094(7.5E-05)
.0027(2.9E-05)
.0043(4.5E-05)
.0082(8.5E-05)
.0029(3.3E-05)
.0079(6.9E-05)
.0032(4.5E-05)
.0051(3.2E-05)
.0047(3.0E-05)
.0067(6.8E-05)
.0040(4.2E-05)
.0094(1.0E-05)
.0028(5.3E-05)
.0048(3.2E-05)
.0045(3.4E-05)
.0024(5.2E-05)
.0031(3.0E-05)
.0042(6.1E-05)
.0040(4.9E-05)
.0033(3.5E-05)
.0037(3.2E-05)
.0041(5.0E-05)
.0028(1.9E-05)
.0028(4.1E-05)
.0029(2.6E-05)
.0028(3.1E-05)
.0032(6.1E-05)
.0026(2.7E-05)
.0028(4.3E-05)
.0032(4.9E-05)
.0016(2.0E-05)
.0031(4.3E-05)
.0033(3.6E-05)
.0034(2.4E-05)
.0040(4.2E-05)
.0047(4.7E-05)
.0042(3.2E-05)
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0.8
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ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

30 independent runs of GP-NSGA-II and GP-NSGA-III on
instance 6 with 4 objectives. It can be seen that GP-NSGA-II
managed to achieve better values in objectives 2 and 4, and
covered a wider range of objective 3. This explains why GPNSGA-II outperformed GP-NSGA-III in this instance. It also
shows that the four objectives are conflicting to each other.
Although the two figures demonstrate better performance for
GP-NSGA-II, for a majority of the problem instances, GPNSGA-III in fact achieved consistently better results.

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1

2

3

4

Objectives

Fig. 2. The non-dominated set obtained by the 30 independent runs of GPNSGA-II on instance 6 with 4 objectives.
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TABLE VI
T HE MEAN AND STANDARD DEVIATION OVER THE IGD VALUES OF THE
30 INDEPENDENT RUNS OF THE COMPARED ALGORITHMS IN THE 5- OBJ
EXPERIMENT. T HE SIGNIFICANTLY BETTER RESULTS ARE IN BOLD .

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1

2

3

4

Objectives

increasing the number of objective can dramatically increase
the difficulty of the problem. Note that when 5 objectives
are being considered, there are some problems instances in
which no significance can be found (e.g. instance 4). For these
instances, GP-NSGA-III was still one of the best performing
algorithms. It is also found that when the number of objectives increases, the advantage of GP-NSGA-III becomes more
obvious. Meanwhile, Table V shows that, with 5 objectives,
GP-NSGA-III performed statistically the same as GP-NSGAII on instances 4, 15 and 25. Notice that, for the same two
instances, GP-NSGA-II actually performed better in the 4-obj
experiment. In terms of IGD, GP-NSGA-III performed at least
statistically the same as the other algorithms, and achieved
significantly better performance in most instances.
Figs. 2 and 3 depict the non-dominated set obtained by the

Fig. 3. The non-dominated set obtained by the 30 independent runs of GPNSGA-III on instance 6 with 4 objectives.

V. C ONCLUSIONS AND F UTURE W ORK
In this paper, we have discussed the importance of considering many (i.e. four or more) potentially conflicting objectives for effective JSS. Aimed at solving JSS problems
with many objectives, we have also successfully developed a
new algorithm that seamlessly combines GP-HH for evolving
dispatching rules with the selection technique introduced in
NSGA-III. To examine the effectiveness of our algorithm,
experimental studies have been carried out by using the
Taillard static job-shop benchmark set. Through experimental
comparison with two competing algorithms for multi-objective
optimization, i.e. NSGA-II and SPEA2, we obtained clear

evidence that our algorithm performed consistently better on
a majority of the problem instances, especially when five
objectives were considered. This finding leads us to believe
that our algorithm is more effective for many-objective JSS
than commonly used multi-objective optimization algorithms.
Our experiments also showed that many-objective JSS is more
challenging than multi-objective JSS and therefore demands
new and effective algorithms. Our study serves as the first
initiative towards achieving this goal.
In the future, we have the plan to further examine the effectiveness of our algorithm for dynamic JSS where GP-HH is
considered more useful. We would also like to investigate the
potential enhancements of our algorithm by using archiving
methods, niching mechanisms and local search techniques so
as to achieve better results on a wide range of JSS problems.
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