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Abstract. The Job-Shop Scheduling problem is a combinatorial opti-
mization problem present in many real-world applications. It has been
tackled with a colorful palette of techniques from different paradigms.
Particularly, hyper-heuristics have attracted the attention of researchers
due to their promising results in various optimization scenarios, including
job-shop scheduling. In this study, we describe a Genetic-Programming-
based Hyper-heuristic approach for automatically producing heuristics (dis-
patching rules) when solving such a problem. To do so, we consider a set
of features that characterize the jobs within a scheduling instance. By
using these features and a set of mathematical functions that create in-
teractions between such features, we facilitate the construction of new
heuristics. We present empirical evidence that heuristics produced by
our approach are competitive. This conclusion arises from comparing the
makespan of schedules obtained from our proposed method against those
of some standard heuristics, over a set of synthetic Job-Shop Scheduling
problem instances.

Keywords: Hyper-heuristics - Job-Shop Scheduling - Genetic Program-
ming

1 Introduction

Combinatorial optimization problems are widespread in everyday processes, li-
aised with both academic and industrial applications. A particular example of
such combinatorial optimization problems resides in Job-Shop Scheduling (JSS),
where the solving process requires to assign a set of tasks within jobs to a set of
machines in such a way that they minimize the makespan (completion time). A
JSS problem is inherent to any manufacturing process where it is imperative to
schedule an optimal production plan.

Several variations of JSS have risen throughout the years [12,30]. Likewise,
different methods for solving them have appeared in the literature since 1956 [35].
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For example, some authors have tackled the Dynamic Flexible JSS problem
where there is uncertainty in processing times [22,34,36]. Others have consid-
ered the Deterministic No-Wait JSS version, whose primary goal is to find a
schedule that minimizes the makespan [3,23,24]. Since the search space of such
problems is usually huge, exhaustive exploration is impractical. Hence, solving
JSS problems usually relies on approximation techniques. Some illustrative ex-
amples include the dispatching rules proposed by Blackstone et al. [17], and the
shifting bottleneck procedure employed by Adams et al. [1]. Such dispatching
rules refer to low-level heuristics that can either construct or modify a sched-
ule. The main advantage of these approaches is their low computational cost,
which means they deliver quick solutions. Nonetheless, their inability to guar-
antee optimality emerges as a side-effect. Thus, heuristics are usually applied in
practice to solve hard combinatorial optimization problems, including the JSS
problem [27].

One way of surmounting the optimality drawback is to incorporate more ro-
bust search techniques. There are several works following this path, including
strategies such as Tabu Search [13,26], and Guided Local Search with Branch-
and-Bound [2]. However, there are also approaches based on Genetic Algo-
rithms [19,32], Genetic Search [31], and Genetic Programming [25]. Of course,
these strategies also include hybrids [33] and other approaches [8,18,28]. More-
over, there is another strategy that emerged recently: Hyper-Heuristics (HHs) [9].
A HH extends the ideas proposed by Fisher and Thompson [14] and Crow-
ston [10] in the early 1960s: a combination of priority dispatching rules should
perform better than any of the rules in isolation. HHs represent a particular
application where the idea is to automate the design or selection of the available
heuristics. According to Burke et al. [5], HHs can be classified into two main cat-
egories: methodologies that select from a fixed set of heuristics and those that
generate new heuristics. The former produces a mapping between the states of
the problem and a feasible heuristic. Otherwise, generation HHs identify critical
parts of existing heuristics to create new ones [6, 16].

Particularly, the literature contains some interesting works within the in-
tersection of hyper-heuristics and the JSS problem. For example, Chaurasia et
al. proposed a HH based on evolutionary algorithms and a guided heuristic for
JSS problem instances [7]. Similarly, Garza-Santisteban et al. studied the fea-
sibility of using the well-known Simulated Annealing to train HHs [15]. More
recently, Lara-Cardenas et al. implemented Neural Networks for improving the
performance of existing HHs for the JSS problem [21].

In this work, we explore a novel idea for contributing to the state-of-the-
art about generation HHs. Our model combines features that characterize the
individual jobs within the instances, while other similar approaches from the
literature reuse components from existing heuristics. The main benefit of this
particularity is that we require no information from other heuristics or criteria to
produce new competent ones. We tackle the JSS problem through an approach
based on Genetic Programming (GP) for producing new heuristics. GP is an
evolutionary algorithm that borrows ideas from the theory of natural evolution
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to build a program represented as a tree-like data structure [20]. The method
evolves programs through three genetic operators: selection, crossover, and mu-
tation. In GP, crossover and mutation are specifically designed to work with
the tree-like data structure. This algorithm relies on an objective function to
evaluate the programs, and then, the programs with the best objective values
are more likely to survive to future generations. Thus, our hyper-heuristic model
produces heuristics (or dispatching rules) by combining the features that char-
acterize the jobs in a JSS problem. Merging this material allows to encapsulate
significant human-derived expertise to reuse for improving performance. Our ex-
periments offer empirical evidence that the newly-produced heuristics can be
specialized for specific groups of instances, and that they outperform the best
standard heuristics. Although our model is tested on JSS problems, it may be
applied to other problem domains with ease, as long as they rely on heuristics
that guide the search.

The remainder of this document is organized as follows. Section 2 presents
the basic concepts related to this work. Subsequently, Section 3 describes the
proposed approach and how it produces heuristics for the JSS problem. Section 4
discusses the experiments and main results achieved with such an approach.
Finally, Section 5 remarks the most relevant conclusions and some future research
directions.

2 Background

A Job-Shop Scheduling (JSS) problem is described by a set of jobs and a set of
machines. Each job contains a list of tasks that must be processed in a specific
order. Solving the JSS problem requires that the machines handle all the tasks
in each job, in their corresponding order. Each task has a processing time on a
particular machine since not all the machines can process all tasks. A feasible
schedule must then satisfy that tasks of all jobs have been assigned to one suitable
machine in a valid order of execution. The time needed to complete such a
schedule is known as the makespan. All the solving methods considered in this
work focus on yielding schedules that minimize such a value.

In the following lines, we briefly describe some relevant concepts related to
this study: the available heuristics, the instances we used, the features to charac-
terize the jobs within such instances, and the performance metrics for evaluating
the methods under analysis.

2.1 Heuristics

For this work, we select heuristics based on reports in the same area [15,21]. Thus,
we only consider those that build a solution from scratch by making one decision
per step (i.e., constructive heuristics). For the JSS problem, these heuristics
decide which job to process next among all the available options. Such a decision
is made at each stage of the search. Withal, we describe the selected heuristics
as follows:
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Shortest Processing Time (SPT) picks the activity with the shortest pro-
cessing time, from the available activities to schedule.

Longest Processing Time (LPT) chooses the activity with the longest pro-
cessing time, from the available activities yet to schedule.

Maximum Job Remaining Time (MRT) first takes the job that requires
the most time to finish (i.e., the one with the largest sum of the processing
times of its activities yet to be scheduled). Then, it returns the first possible
activity (in precedence order) that corresponds to such a job.

Most Loaded Machine (MLM) takes the machine with the maximum total
processing time (the one with the largest sum of the processing times of the
activities that it has allocated) from the available machines. Then, it selects
the activity with the shortest processing time, from the activities that can
be allocated on the selected machine.

Least Loaded Machine (LLM) works similar to MLM, but it chooses the
machine with the minimum total processing time from the set of machines.
Then, it selects the activity with the shortest processing time from the ac-
tivities that can be allocated on the selected machine.

Earliest Start Time (EST) finds the job that has the earliest possible start-
ing time at the current problem state, by considering the available activities
yet to be scheduled. Then, it picks the activity corresponding to that job.

In all cases, these heuristics break ties by using the index of the job that
coincides to its belonging activity; they prioritize small values.

2.2 Instances

All the instances considered for this research were synthetically produced by
using the algorithm proposed by Taillard [29]. This algorithm produces JSS
problem instances with a specific number of jobs and machines, specified by the
user. The jobs’ processing times are generated uniformly on an interval from
1 to 99, using the random generator proposed by Bratley et al. [4]. For this
investigation, we set the parameters of the instance generator as recommended
by Taillard [29]. We produced 25 JSS problem instances, with ten machines and
ten jobs. We then split those instances into training and testing sets by using
15 and 10 instances. These sets are mutually exclusive, which means that each
instance appears only in one of the two sets.

2.3 Job Characterization

In this work, the job characterization relies on six features that capture the state
of the jobs and allow the creation of new heuristics. Such features are described
below:

APT calculates the ratio between the sum of the processing times of the pro-
cessed activities of the job and that of the whole list of the activities of
the job. This feature pictures the completion percentage of the scheduling
process for the job.
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DPT determines the ratio between the standard deviation of the processing
times of the processed activities and their mean value.

SLACK obtains the ratio between the slack (available machine time), and the
makespan of the current schedule.

DNPT describes the ratio between the standard deviation and the mean pro-
cessing times of all the unscheduled activities for each job.

NAPT is the complement of APT. It calculates the ratio between the sum of
the processing times of unscheduled activities of the job and the sum of
the processing times of the complete list of activities of the job (including
scheduled ones).

NJT determines the sum of the processing times normalized for each job. Then,
it divides such an amount by the number of pending jobs. It only applies to
the pending jobs.

2.4 Performance Metrics

To evaluate the performance of the methods studied in this work, we employ
two metrics. The first one is the makespan, which represents the value of the
completion time of the schedule produced by a particular method on a specific
instance. Then, the smaller the makespan, the better the performance. We have
mainly used the total makespan determined as the sum of all the makespans per
instance on the test set. The second metric is the success rate, which estimates
the relative performance of the methods under study. The success rate represents
the fraction of cases where one particular process ‘succeeds’ against another one
by reducing the makespan in a specific instance. With the success rate, the
closer the value to 1, the better the performance. In other words, the success
rate indicates the proportion, from the total instances, where a technique (a
hyper-heuristic, in our experiments) outperforms another model on the test set.

Using these metrics, we evaluated the performance of the heuristics produced
and compared them against the human-made heuristics and a synthetic Oracle
H*. Hence, H* represents the best possible schedule obtained utilizing the six
heuristics to solve each particular instance. Since this value cannot be known
in advance, H* is infeasible in practice. However, it is useful for comparison
purposes, as we show in this investigation.

3 The Hyper-heuristic Approach

This model focuses on the generation of heuristics for the JSS problem utilizing
Genetic Programming (GP). The heuristics produced by our approach contain
an internal function that combines the features, which characterize a job in the
JSS problem, by using a set of available operations. We consider this feature
combination as a high-level feature that increases the discriminative power of
the individual features. When the solving process summons a heuristic, such a
heuristic evaluates all the available jobs employing its internal function. Then,
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the heuristic schedules the next available task in the job with the smallest eval-
uation. After scheduling a task, the solving process requires a new call to the
heuristic (with its corresponding function evaluations) before scheduling another
task. This process is repeated until the instance is solved.

As mentioned before, the evolution of such heuristics (actually, their internal
functions) is achieved through a GP-based approach. A tree-like structure rep-
resents a function, as the example depicted in Figure 1. We can interpret such
a structure as the function f(z1,22,23) = 1 + (2 — x3). In this function, z,
Zo, and x3 can be features that characterize the jobs in the instance. All the
features considered for this work are dynamic, then the heuristics produced are
dynamic as well. In our context, being dynamic means that the values change as
the solving process takes place. Thus, one internal function may return different
values for the same job at different moments of the solution process.

Fig. 1. A tree-like structure that encodes the function f(z1,z2,z3) = 1 + (2 — x3)

The evolutionary process that powers the hyper-heuristic (HH) model is the
component responsible for creating new heuristics by evolving their internal func-
tions. The HH model requires three inputs: the training instances and the ter-
minal and function sets. This model uses the training instances to evaluate the
performance of the heuristics throughout the evolutionary process. The two last
inputs (the terminal and function sets) are a requirement imposed by GP, which
uses those sets to generate and modify the functions. In the GP’s tree-like struc-
tures, leaf nodes always contain an element from the terminal set, while the rest
of the nodes always contain an element from the function set. In this work, the
terminal set is composed of features that characterize jobs, as described in Sec-
tion 2.3 and the ephemeral constant R € [—1,1]. The function set contains six
simple operations: addition (+4), subtraction (—), multiplication (x), protected
division (/), minimization (min), and maximization (max). All these operations
take two operands each.

The evolutionary process starts with 30 randomly initialized individuals, us-
ing the ramped half-and-half method for this purpose. This process runs for 100
generations. For crossover and mutation, we considered rates of 0.9 and 0.05,
respectively. Finally, for selecting the individuals for mating, we used a tourna-
ment selection of size two. At the end of the 100 generations, the model returns
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the individual with the smallest objective value as the resulting heuristic. At
this point, the heuristic becomes ready to solve unseen instances.

The objective function within the evolutionary process estimates how well the
heuristics will cope with unseen instances by considering two crucial components
when dealing with a set of instances.

The function f(Z) regards both the time for completing all the schedules ( f,)
and the variation in the results from one instance to another (f3), as given

f(@) = fal

where C; stands for the makespan of the schedule for instance ¢ in the test set,
and C is the average makespan of all the instances in the test set.

The rationale behind reducing the total makespan is evident: the sooner the
schedules are completed, the better the solutions. Plus, the reason for mini-
mizing the standard deviation of the results is more difficult to appreciate. We
expect that, by also minimizing the deviation of the makespans of the sched-
ules produced by the heuristics, we are likely to avoid extreme cases where one
heuristic is desirable for some instances but entirely useless for others. The pro-
posed fitness function then aims to render heuristics that show a good and steady
performance in different instances.

4 Experiments and Results

In this work, we generated 30 heuristics for the JSS problem by using the
GP-based hyper-heuristic approach. These heuristics are labeled with the pre-
fix ‘HGP’. Additionally, and for comparison purposes, we also built 30 hyper-
heuristics by employing the model proposed by Garza-Santisteban et al., which
relies on Simulated Annealing (SA) to produce a method capable of switching
heuristics as the solving process takes place [15]. These hyper-heuristics are la-
beled with the prefix ‘HHSA’. The 30 HGPs and the 30 HHSAs were compared
against the human-made heuristics defined in Section 2.1. To evaluate the perfor-
mance of each method, we used two metrics: the success rate and the reduction
in total makespan when solving the test set. Table 1 summarizes the performance
of the methods produced. Due to space restrictions, we only show the results of
the best three performers per method.

Based on the results from Table 1, we can observe that the best method for
the test set was one of the heuristics produced with our approach: HGP22. This
heuristic generated schedules that represent essential savings in time concerning
the schedules provided by human-made heuristics. For example, when compared
against SPT, it saves 132 hours to complete all the schedules for the instances in
the test set. That is more than five days earlier than with the best heuristic for
the test set. The reductions are even more significant for the rest of heuristics.

Although HGP22 proved to be a competent heuristic, not all the heuristics
we produced seem to have the same quality. Regarding the results obtained by
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Table 1. Success rate and time savings (in hours) of the three best heuristics produced
with the proposed approach (HGPs) and the three best hyper-heuristics built with
SA [15] (HHSAs) when compared against the human-made heuristics on the test set.
An arrow (1) before the time savings indicates that, for that particular case, the method
required additional hours to complete the schedules of the test set (no savings were
obtained). The best method is highlighted in bold.

Method SPT LPT MRT MLM LLM EST

HGP16 (0.4, 1100) (0.5, 613) (0.7, 42) (0.4, 156) (0.8, 611) (0.8, 1154)
HGP21 (0.4, 1103) (0.6, 610) (0.6, 39) (0.7, 153) (0.9, 608) (1.0, 1151)
HGP22 (0.5, 132) (0.7, 845) (0.7, 274) (0.6, 388) (0.8, 843) (1.0, 1383)
HHSA03 (0.5, 51) (0.6, 764) (0.6, 193) (0.5, 307) (0.7, 762) (1.0, 1305)
HHSA06 (0.4, 34) (0.8, 747) (0.6, 176) (0.6, 290) (0.9, 745) (0.9, 1288)
HHSA11 (0.6,72) (0.7,785) (0.6, 214) (0.6, 328) (0.9, 783) (0.9, 1326)

HGP16 and HGP21, they are, in all cases, outperformed by any of the HHSA
methods. Then, it may be the case that the competent behavior of HGP22 may
be an exceptional situation challenging to replicate if we rerun the model. Future
work should include a more in-depth analysis of the model behavior.

So far, we have shown that it is possible to improve upon the results from
human-made heuristics by employing the heuristics generated by the GP-based
approach. However, we have not yet analyzed how these results look when com-
paring the heuristics and hyper-heuristics against the best possible outcome by
using the human-made heuristics, i.e., the Oracle (H*). The total makespan of
H* on the test set was 7846 hours while the total makespans of HGP22, HGP16,
and HGP21 were 8205, 8437, and 8440 hours, respectively. These makespans
are similar for the hyper-heuristics produced by using Simulated Annealing,
HHSA11, HHSA03, and HHSAO06, which required 8265, 8286, and 8303 hours
to finish their schedules. When we compare the best performer of each method,
HGP22 and HHSA11, we observe a difference of 60 hours that favors HGP22. It
is essential to mention that neither HGP22 nor HHSA11 can improve the total
makespan of the Oracle, but they achieve it on a per-instance basis. The success
rates of HGP22 and HHSA11 are 0.4 and 0.3, respectively, which indicates that
they indeed improved the best possible result from the human-made heuristics
for some specific instances in the test set.

Deepening on the reductions in the makespan for some specific instances, Fig-
ure 2 depicts the distribution of makespan differences (in hours) of the HGPs and
HHSAs when they are compared against H* (drawn as a red line). The human-
made heuristics are omitted in this chart since they are already represented in
the Oracle’s behavior. In this plot, values below zero mean that the method
improved the best schedule produced with the human-made heuristics. It is in-
teresting to notice that HGP16 has a considerable variation in the makespans
of the schedules it produces. For some instances, the schedule obtained has a
very small makespan. However, for some others, it pays the price, and their
schedules are among the worst in the makespan. In other words, their results
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are not consistent, which results in an overall performance that sits below the
other HGPs and HHSAs. But, it achieves significant savings in some isolated
instances, savings that no other method can achieve.
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Fig. 2. Distribution of the makespan of the three best heuristics produced with the
proposed approach (HGPs) and the three best hyper-heuristics produced with SA [15]
(HHSASs) when compared against H* (red line) on the test set.

Finally, we conducted two pairwise two-tailed ¢-tests with a significance level
of 5% to validate our results statistically. Although HGP22 and HHSA11 ob-
tained good results on an individual level (some specific instances), we observed
that they failed to reduce the total makespan of H* in the test set. Nonethe-
less, we scrutinized if the statistical evidence suggests differences in the perfor-
mance of such methods. The tests were conducted on the pairs (HGP22, H*)
and (HHSA11, H*). The p-values for these tests were 0.1323 and 0.1033, respec-
tively. Then, the statistical evidence suggests that both HGP22 and HHSA11
are similar to the Oracle in terms of makespan for the test set.

5 Conclusions

In this study, we proposed an approach based on Genetic Programming (GP)
for tackling the Job-Shop Scheduling (JSS) problem. The model produces new
heuristics by combining features that characterize jobs within the instance being
solved; this makes our model unique. To the best of our knowledge, other genera-
tion hyper-heuristic approaches rely on components of existing heuristics, which
are reused. In our case, we do not have this limitation. Thus, the proposed model
is free to explore and produce heuristics that explode a criterion that probably
has never been seen before, since the evolutionary process creates a function
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that reflects such a criterion. However, the solution model now depends on the
expressiveness of the features that describe the jobs.

In general, the GP-based approach favors the creation of heuristics that out-
perform the Oracle, at least for some instances in the test set. This was inferred
from the results presented in Table 1 and Figure 2. However, we are aware
that our training and test sets are quite short, and to validate our proposal
thoroughly, we require to test it on a more extensive and diverse collection of
instances. We plan to expand the set of training and test instances in the future.
As future work, we would like to explore other features to characterize the jobs
within the instance and compare the performance of the refined model against
other existing generation hyper-heuristic models from the literature. Also, we
consider that a combination of selection and generation hyper-heuristics might
be possible by extending the model described in this document. We think that
the model could use a hyper-heuristic that chooses among heuristics most of
the time but generate completely new heuristics when the situation requires it.
These new heuristics would be available for selection in future cases, extending
the heuristic pool as the model deals with more instances. Furthermore, we plan
to implement this GP-based approach in continuous optimization problems, for
example, to create brand-new search operators [11].
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