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ABSTRACT
Project Scheduling Problem (PSP) plays a crucial role in large-scale
software development, directly affecting the productivity of the
team and on-time delivery of software projects. PSP concerns with
the decision of who does what andwhen during the software project
lifetime. PSP is a combinatorial optimisation problem and inher-
ently NP-hard, indicating that approximation algorithms are highly
advisable for real-world instances which are often large in size.
In this work, we propose an iterated local search (ILS) algorithm
for PSP. ILS is a simple, yet effective for combinatorial optimisa-
tion problems. However, its performance highly depends on its
perturbation operator which is to guide the search to new starting
points. Hereby, we propose a Genetic Programming (GP) approach
to evolve perturbation operators based on a range of low-level op-
erators and rules. The evolution process will go along with the
iterated search process and supply better operators continuously.
The GP based ILS algorithm is tested using a set of well known
PSP benchmark instances and compared with state-of-the-art al-
gorithms. The experimental results demonstrated the effectiveness
of GP generated perturbation operators as they can outperform
existing leading methods.
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1 INTRODUCTION
The Software Project Scheduling (PSP) problem can be considered
as one type of scheduling problems 1. PSP aims to find good, if
not optimal, execution planning in software development so tasks
and resources can be better allocated, the overall project duration
can be reduced and the project expense can be minimised while
project objectives and software quality are not compromised [1].
PSP directly affects the productivity of a project and is apparently
one of the key challenges for software project managers who have
to consider a range of factors and constraints to work out a proper
project schedule. That includes individual tasks, available resources,
task dependencies and so on [25].

Scheduling by hand is possible for small projects but not for large
scale projects, especially when activities can be greatly parallelised
and complex task dependency needs to be observed. There are tools
and methods developed to assist the project scheduling and man-
agement process. Early works used expert system in different ways
to address issues like abnormal patterns [17]. Neural networks
were used to predict fault-detection time to facilitate the sched-
uling [8]. In comparison, evolutionary methods appeared more
frequented in the PSP domain. Genetic algorithms were adopted
in project management to train schedule optimisers using real sce-
narios or synthetic instances [3–5]. More recent work introduced
multi-objective approaches and treated PSP as a problem with two
goals, project cost vs. duration [6, 9, 13]. Co-evolutionary approach
was also used for project scheduling and staff allocation [18]. More
early works can be found in a survey on different search based
optimisation methods for PSP [7].

In this work, we propose a new PSP method which combined
local search, that is iterated local search (ILS), and evolutionary
search [19], that is genetic programming (GP). ILS is a simple and
effective method often used in combinatorial optimisation problems.
ILS has a perturbation operator which is to guide the search to a
new starting point at each iteration. This operator has a great affects
on the performance of ILS and should be adaptive to the search
landscape. Hence, GP is introduced here to evolve perturbation
operators based on a range of low-level operators and rules. The
evolution process goes in parallel with the iterated search process.
More suitable operators will be supplied to ILS continuously. To
evaluate this GP based ILS algorithm, a collection of benchmark in-
stances are used in the test. State-of-the-art algorithms are included
for comparison.

1PSP is also known as SPS, Software Project Scheduling problem
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The rest of the paper is organised as follow. Section 2 describes
Software Project Scheduling problem in details. Section 3 discusses
the main components of the proposed method. Section 4 discusses
the experimental setup. Section 5 shows the experimental results
with the comparison with existing methods. The conclusion of this
study is presented at Section 6.

2 PSP PROBLEM DESCRIPTION
This section describes the project scheduling problem in details
similar to that in [3]. The goal of PSP is to minimise project cost
and project duration considering resources such as employees and
the associated cost.

Let e ∈ E, where e is an employee and E is the employee set. Let
s ∈ S , where s is a skill and S is the skill set, for example one set
S = {s1, s2, s3, s4, s5} and s1, s2, s3, s4, s5 could be skills of front-
end development, security, micro-services, database and testing
respectively. Employees have different skills and an employee may
have several skills. The skill set of the i employee ei can be denoted
as skills(ei ) ⊆ S . Similar the monthly salary of the employee ei can
be expressed as salary(ei ) and the max dedication of the employee
ismaxDedication(ei ). These two properties are real numbers. Max
dedication means the maximum amount of proportion of a day
that the employee can work. For example a value of 0.5 means that
person works half time and 1.0 means that person is a full-time
employee and can work 100% of the day capacity. It is possible to
have a max dedication value that is bigger than 1.0.

The above concerns the employees and their properties. Another
key aspect of PSP is the task in the software project. Let t ∈ T , where
t is a task and T is the task set. A task requires a set of skills and
adequate amount of effort to accomplish it. That can be expressed
as skills(ti ) and e f f ort(ti ) respectively, where skills(ti ) ⊆ S . One
important property of task is the precedence or the dependency
of tasks. This type of relationships between tasks can be described
as an acyclic directed graph called Task Precedence Graph (TPG).
Let us denote the graph as G(V ,E) where V is the vertex set that
contains tasks involve dependency,V ⊆ T , and E is the set of edges
on the group. If (vi ,vj ) ∈ E is true then task t(vi ) must complete
before task t(vj ), and there is no inverse edge, �(vj ,vi ). Figure 1
shows an example of TPG. Each task on the figure is associated
with a required skill set and effort.

PSP has a range of constraints that need to be observed.

(1) Each task must have at least one employee allocated to it.
(2) The required skill set of a task must be a subset of the com-

bined skill set of all employees allocated to that task.
(3) All employees have to keep their work under their individual

maximum dedication at all time.
(4) The total effort allocated to a task would be no less than the

required amount to accomplish the task

It should be noted that defining the skill set requires careful con-
sideration and experience, as that greatly affects the scheduling pro-
cess. On one extreme, one can define S = {So f tware Development}
which contains only one element covering all aspects of software
development. Then scheduling becomes meaningless because there
will be only one task. On the other extreme, one can define S to
very fine details, such as database creation using Python, database

update using Java, GUI testing in Rails and so on. Then the required
skill set of a project and the skill set of an employee would both be
big or the project is broken down to too many small pieces to have
a small skill set for each task. Nevertheless, that will significantly
increase the difficulties in scheduling computationally. Determining
the appropriate granularity of skills and tasks is beyond this study.

Once a scheduling problem is defined, then the solutions can be
represented. A solution can be represented with a matrix X = (xet )
of size E×T where xet ≥ 0. For example the matrix below describes
a scenario where 8 tasks are required and 4 capable employees are
available for the tasks.

X =
©­­­«
t1 t2 t3 t4 t5 t6 t7 t8

e1 1 0 0 1 0.1 0.3 0.5 0.3
e2 0 0.5 0 0.2 0.4 0.5 0.2 0
e3 0 0.3 0.9 0.3 0.4 0.7 0 0
e4 0.2 0.1 0 0.2 0.1 0.5 0.6 0.2

ª®®®¬
One element xet is the time of employee ei allocated to task tj . A

zero value on the matrix means that employee is either not capable
for taking that task or not allocated to it even the skill requirement
is met. The skill requirement of a task now can formally expressed
as

skill(t) ⊆ ∪
|E |
e=1{skille |xet > 0}

With the matrix the resource allocation of each task can be
computed easily. In the above example the total effort allocated to
Task t1 is

4∑
e=1

t1 = 1 + 0 + 0 + 0.2 = 1.2

and that for Task t2 is
4∑

e=1
t2 = 0 + 0.5 + 0.3 + 0.1 = 0.9.

The above matrix is not a schedule yet. To work out a proper
plan, for example in the form a Gantt chart, the above matrix needs
to be combined with task precedence that are expressed as TPG in
Fig 1. Also the duration of individual tasks need to be calculated
using the following formula

Durt =
e f f ort(t)∑ |E |

e=1 xet
, t ∈ T .

The working hour of an employee is then

Dur(e,t ) = Durt × x(e,t ), e ∈ E.

An example Gantt chart is shown in Fig 2.
With a schedule, we can now evaluate its quality in term of

project duration, project cost and feasibility. That is whether the
schedule violates any of the constraints. As for the evaluation of
project duration, we denote the total duration as Durproj , which
can be measured by as the distance between the start point and the
end point on the gantt chart schedule.

The cost of the project then can be computed as:

Costproj =

[E |∑
e=1

salary(e)

|T |∑
t=1

Dur(e,t ).

In addition to the above cost and duration calculations, a solution
needs to be examined in terms of feasibility to check whether it
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Figure 1: An Example of Task Precedence Graph (TPG)

Figure 2: An example of project schedule presented as a Gantt chart

has any constraint violations, for example one employee working
more than his/her maximum dedication, a task with inadequate of
effort allocated to it or task dependency being violated.

For an optimisation method, the task for PSP is to search for
the best possible schedule using the above criteria. PSP is a combi-
natorial optimisation problem rather than a numeric optimisation
problem, as the dedication and allocation are discrete, not contin-
uous. That makes PSP in the category of NP hard problems. As
discussed early, different search methods have been proposed for
PSP to find better solutions quicker. In the next section we will
describe our proposed method in detail.

3 METHODOLOGY OF GP BASED ILS
Our proposed method is built on a local search method, namely
Iterated local search (ILS). ILS is a well-knownmeta-heuristic search
algorithm. In contrast with population basedmethods, ILS is a single
point search approach. It is known for its effectiveness and has been
successfully applied on various challenging optimisation problems
[12]. Hence it was selected as the basis of this study.

ILS is an extension of multi-restart search which iteratively
restarts the search with different initial configurations. A tradi-
tional ILS scheme involves three main components known as (1)
local search, (2) perturbation and (3) acceptance criterion. The local

search procedure starts from an initial solution and then repeatedly
explores the neighbouring solutions around the current solution
until it finds a better solution. Hence the local search alone can be
easily trapped by local optima. To deal with that issue, the perturba-
tion operator kicks in which modifies the current solution and bring
the search to a new territory. The operator iteratively generates
new starting points in the solution space for each cycle of local
search. The resulting solution will be examined by the acceptance
criterion which is to decide whether to accept or reject this new
solution for the next iteration of search.

General speaking the effectiveness of ILS depends on the pertur-
bation procedure. A perturbation which is too strong can make ILS
behave like random search as the continuity of the search would
be virtually no existent. On the other hand a perturbation of which
the magnitude is too small, then the search would very likely go
back to the same local optima repeatedly as the search is not able
to step out the local region. The right magnitude of perturbation is
dependent on the circumstance that the local search is in. Ideally
the perturbation can be adaptive to problems and search situations.
However most existing ILS methods still use single point search
with a fixed perturbation strength.

To achieve adaptive perturbation, we propose a genetic pro-
gramming (GP) approach [16] which generates the perturbation
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operators along with the search process. With this proposed GP
based ILS, we only need to supply various basic operators and rules.
GP is responsible to combine them and formulate a suitable set of
perturbation operators with different strength to accommodate the
search.

The flowchart of the proposed ILS is presented in Figure 3. Firstly
the parameter values and the initial solution are set. Then one
step of local search is applied to explore the neighbouring regions
of the initial solution until no improvement can be found. Then
ILS enters into the main loop where perturbation operator will
be invoked and initiate another round of local search. Different
to typical ILS, the perturbation operator in our GP based ILS is
randomly selected from the pool of operators that was generated by
a GP evolution process. The next step after perturbation is the same
as the traditional counterpart, meaning a local search is invoked to
explore the neighbouring regions of the new point just generated by
the perturbation operator. When there is no further improvement,
the acceptance criterion will be applied to determine whether the
new solution is to be accepted or rejected. Before re-entering the
perturbation process, ILS will check for termination conditions.
The search process will stop if one of the condition is satisfied.
Otherwise a new iteration will begin from a solution point.

More details of the components are described in the following
subsections.

Start

Set the initial solu-
tion and parameters

Apply local search procedure

Apply perturbation operator Pool of perturbation operators

Genetic Programming
Evolution Process

Apply local search procedure

Apply acceptance criterion

Termination con-
ditions satisfied?

Stop

yes

no

Figure 3: Flowchart of the proposed GP-ILS

3.1 Set the initial solution and parameters
The initial solution is often randomly generated in ILS. That is the
case in our GP based ILs as well. In addition a set of parameters need
to be set. That includes the maximum number of iterations and the
max perturbation strength. In Section 4.2 we show the preliminary
experiments which were used to determine these settings.

3.2 Local search

Algorithm 1: Variable neighbourhood descent algorithm
(VND)
1 Let K be the number of Neighbourhood Structures (NS ) ;
2 Set i ← 1;
3 Solutioninit ial ← Init ialSolution();
4 while i ≤ K do
5 Solutionupdated ← Generate a neighbour of Solutioninit ial using NSi ;
6 if f (Solutionupdated ) < f (Solutioninit ial ) then
7 Solutioninit ial = Solutionupdated ;
8 i=1;
9 else
10 i=i+1;
11 end
12 end
13 Return Solutionupdated ;

As mentioned before, a local search procedure begins with an
initial point and then explores the surrounding areas around this
point. Traditional ILS uses steepest descent method as the local
search method. The advantage of steepest descent is its speed. It
looks for a path way which gives the maximum change. Also steep-
est descent is easy to implement. However it has disadvantages.
Steepest descent is easy to be trapped in a local optima. Further-
more, it utilises a single neighbourhood structure to navigate the
search space.

To address the above shortcomings, our proposed ILS uses vari-
able neighbourhood descent (VND) algorithm [10] as the local
search procedure. Instead of one neighbourhood structure in steep-
est descent, VND uses a set of neighbourhood structures to move
from the current solution to the next neighbourhood point. These
structures are used in search in a predetermined sequence. By us-
ing a set of neighbourhood structures, VND has better chance of
escaping from a local optima, because a local optima for one neigh-
bourhood structure may be no longer a local optima in another
neighbourhood structure. So switching between different neigh-
bourhood structures makes VND less vulnerable to local traps. In
addition this feature of multiple structures could also help search
in dealing different problem instances and dynamic environment.

Algorithm 1 is the pseudocode of the VND. Firstly the VND
algorithm sets the maximum number of neighbourhood structures
as K (Line 1) and the initial index of neighbourhood structure i as 1
(Line 2). Then the initial solution Solutioninit ial is generated (Line
3). After that VND starts the main while-loop which is from Line
4 to Line 12. At each loop iteration, VND uses NSi to generate a
neighbourhood solution (Line 5). If the new neighbourhood solution
(Solutionupdated ) generated by NSi is better than Solutioninit ial
(Line 6), then Solutioninit ial will be replaced with the updated one
(Line 7). And the counter i will be reset to 1 (Line 8). Otherwise, i will
increase to run the next neighbourhood structure in the sequence
(Line 10). Hence we can see that VND will only stop the search if all
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neighbourhood structures were explored and no better solution can
be found. If a better solution is found, then the search will restart
as the counter i is set to 1 at this point. Since the solution cannot
keep improving, the VND algorithm is not possible to run into an
infinite loop.

3.3 Neighbourhood structures for PSP
As described in Section 3.2, the VND algorithm uses a set of neigh-
bourhood structures. The VND algorithm itself is domain inde-
pendent. However neighbourhood structures are problem specific.
Hence each problem should have different structures designed. In
this work, we use the following neighbourhood structures for PSP:
• NS1: Randomly select two dedications from Matrix X and
swap their rows.
• NS2: Randomly select two dedications from Matrix X and
swap their columns.
• NS3: Randomly select a group of dedications from Matrix X
and change the value no greater than its 1/7.

The above structures make an aforementioned point clear that
different structures may have different local optima. For example
when the search reaches a local optima in NS1, the neighbouring
point on NS2 or NS3 would be very different to that on NS1 and
lead to possible further improvement.

3.4 GP based perturbation
The perturbation operator plays a big role in ILS directly affecting
the performance. The selection of perturbation operator, which is
most suited to the problem, can be a challenge in practice. Hence
in our proposed method, Genetic Programming (GP) is utilised to
assemble and select these operators for ILS.

GP is an important member of evolutionary methods. It shares
many similarities with Genetic Algorithms. It can also be consid-
ered as a population based search which rely on selection, crossover
and mutation produce new generation of solutions and use fitness
measure to guide the search to find better solutions [16]. GP has
been successfully used in a wide range of complex real world prob-
lems including job scheduling [15], time series analysis [27] and
machine vision tasks [2]. GP has also been used as a hyper-heuristic
method [22], [21], [20].

More importantly GP is capable of evolving executable programs.
That makes GP an excellent choice to generate perturbation op-
erators in comparison with GA, PSO and other EA methods. GP
supports multiple representations of solutions. In our method, clas-
sical tree representation is used. Under this representation, a GP
individual is a program tree in LISP S-expression. The internal nodes
of the tree are functions and the leave nodes are terminals. Func-
tions are often operators while terminals are often input variables
and numerical constants which can serve as function coefficients.
The evolution process of GP is briefly described as follows:

(1) A population of initial individuals are constructed by given
functions and terminals.

(2) Execute these individual programs to evaluate their fitness.
(3) Repeatedly creating the new generation until one termina-

tion condition is met. A new generation is generated by
selecting individuals to perform cross, mutation and elitism.

(4) Return the best individual in the population.

The GP representation especially the functions and terminals
are often problem dependent. The function and terminal sets used
in our GP ILS method are shown in Tables 1 and 2 with their data
type. Note the division operator / is protected so any time divided
by zero will produce zero instead of yield an exception.

Table 1: GP Function Set

Function Data Type
+ Integer
− Integer
× Integer
/ Integer

Table 2: GP Terminal Set

Terminal Data Type
Starting time of the task Integer
Finishing time of the task Integer
Estimated effort for the task Integer
Number of required skills for the task Integer

The proposed GP framework is trained using a set of PSP in-
stances. Firstly a part of the initial population are randomly selected
to be in the pool of perturbation operators and be applied on the
current solution to generate new solutions. The difference between
the new and the current solution is the fitness evaluation score
of that GP program. Obviously the more improvement the better.
Worse solutions are possible, hence the fitness of an GP individual
can be reduced and lower than individuals that are not selected.
Then the good individuals will be selected to produce the new gen-
eration. After that the pool will be renewed for the next iteration of
ILS, which will assign fresh fitness values to the individuals in the
pool. So the iterative process of ILS and the evolution process of GP
goes in parallel. To minimise disruption introduced by these parallel
processes, GP maintains a high elitism so more good solutions can
stay in the pool and be re-applied in the next iteration.

During one particular perturbation procedure, perturbation op-
erators will be picked from the pool of operators. Each operator
randomly removes a set of tasks from the current solution and then
re-insert them based on elements on the GP individual. Each GP
operator ranks the tasks which are treated as input through the
terminals on the program tree. The value returned by a GP tree
represents the rank of the current task. The ranked tasks are then
re-assigned to the solution one by one based on their ranks. Note
that the ranks are relative, meaning that is based on the sorted
outputs of these individuals.

3.5 Acceptance criterion
Acceptance criterion in ILS decides whether to accept or reject
a newly generated solution. In our proposed GP-ILS, improved
solutions are always accepted. Solutions that are worse than the
current best may also be accepted if they satisfy the Exponential
Monte Carlo (EMC) acceptance criterion. In EMC, the probability
of accepting worse solution is as follows [23], [24]:

R < exp(−δ ),
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where R is a random number between [0, 1] and δ is the change
in the quality of the final and initial solutions. The probability of
accepting worse solutions will decrease as δ increases.

4 EXPERIMENT SETTINGS
This section describes our experiments which are to evaluate the
proposed GP-ILS method based on benchmark PSP instances.

4.1 PSP Instances
The PSP benchmark instances are frequently used in the literature.
The dataset consists of 5 different groups of total 48 instances. These
instances vary in number of tasks, employee skills and number of
employees. Benchmark 1 involves four instances with different
number of employees 5, 10, 15 and 20. Benchmark 2 has three
instances with 10, 20 and 30 of tasks respectively. Benchmark 3 con-
tains 5 instances. Employees here have 2, 4, 6, 8 and 10 skills, which
are randomly chosen from a set of 10 project skills. Benchmarks
4 and 5 contain instances of different projects and employees of
different salaries. Each benchmark here has 18 instances which are
different in number of employees and tasks. 2.

4.2 Parameters

Table 3: The parameter setting of GP

Parameter Value
Maximum Generations 30

Population size 10
Maximal depth 6
Crossover rate 85%
Mutation rate 15%

Elitism 3 individuals
Selection method Binary tournament

Table 3 shows the GP parameters used in our study. These values
are based on an empirical experiment which tested different settings
used 20 PSP instances [11]. The best 3 individuals generated by
GP are kept in the pool of perturbation operators for the proposed
ILS. The ILS has two parameters than need to be fixed in advance.
These are the maximum number of iterations and the perturbation
strength. The fine tuned settings for these two parameters after
several trails are as follows: the maximum number of iterations is
fixed into 150 and perturbation strength are 5%, 10%, 15% and 20%.

5 RESULTS AND DISCUSSION
Two sets of experiments were conducted to evaluate GP-ILS. The
first one was to determine the benefit of adding GP on ILS in solving
PSP (Section 5.1). The second one is to evaluate the performance of
GP-ILS against state of the art algorithms. In both experiments, 31
independent runs were carried out on each instance with different
random seeds (Section 5.2).

2All related details about PSP benchmark instances can be found in http://tracer.lcc.
uma.es/problems/psp/generator.html

5.1 Evaluate the effectiveness of GP for ILS
In this part we compare the performance of ILS with (denoted as GP-
ILS) and without (denoted as ILS) GP. In ILS, we used one operator
which randomly moves a set of tasks from their current assignment
into a new one. The size of the set was was randomly set to 5%, 10%,
15% and 20%. The results recorded include the average, standard
deviation, the best result, the average cost and the average time.
The results are collected from 31 independent runs of GP-ILS and
ILS and presented in Table 4. The best obtained results are in bolt
font. As can be seen, GP-ILS results are better than those from ILS
across all metrics. The capability of GP is clear.

Statistical comparison between GP-ILS and ILS were also carried
out using Wilcoxon signed rank test with 0.05 confidence level.
The p-vales of GP-ILS versus ILS show that the result of GP-ILS is
statistically better (p-value <0.05) than ILS for 39 out of 48 tested in-
stances. This result again justify the contribution of GP framework
on ILS performance.

Table 4: Average results of GP-ILS versus ILS

GP-ILS ILS
Average results 4.5106 4.5721

Standard deviation 0.0468 0.0892
Best results 4.3242 4.5142
Average cost 1,830,035.86 1,830,214.43
Average time 25.8695 27.6918

5.2 GP-ILS compared to state of the art
algorithms

The following state of the art algorithms were used in this compar-
ison:
• GA-MAB: An evolutionary hyper-heuristic [26].
• GA-OS: Genetic algorithm with adaptive operator [14].
• GA: Genetic algorithm [3].

To ensure a fair comparison, we have used the same evaluation met-
rics and problem formulation on all the methods. Table 5 presents
the average results, standard deviation, best result, average cost
and the average time of GP-ILS, GA-MAB, GA-OS and GA. In the
table, the best result of each row is highlighted in bold font. From
the table, we can see that GP-ILS produced better results across all
metrics.

6 CONCLUSIONS
In this study we proposed an GP based Iterated local search (ILS)
algorithm for solving PSP. The goal of GP here is to evolve per-
turbation operators based on a range of low-level operators and
rules. The GP evolution process goes along with the iterated search
process and supply better operators continuously in parallel. Our
methods have been tested on a set of well known PSP benchmark
instances. The result shows that GP is indeed beneficial to local
search. When comparing with those state-of-the-art algorithms,
we can see our GP-ILS clearly outperformed the existing methods
demonstrating the effectiveness of GP generated perturbation op-
erators. This study of GP is still at its early stage. A few extensions

http://tracer.lcc.uma.es/problems/psp/generator.html
http://tracer.lcc.uma.es/problems/psp/generator.html
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Table 5: GP-ILS comparing with the state of the art algorithms

GA-MAB [26] GA-OS [14] GA[3] GP-ILS

Average results 4.5351 4.5552 4.6369 4.5106

Standard deviation 0.0856 0.1009 0.0509 0.0468

Best results 4.3617 4.3709 4.5534 4.3242

Average cost 1,830,377.14 1,830,223.09 1,830,037.07 1,830,035.86

Average time 27.046 27.2475 28.0686 25.8695

will be investigated in the near future, for example evolving the
local search and the acceptance criterion. In addition, we will study
the impact of using co-evolutionary GP in evolving competitive
and comparative search methods. We also would like to test the
proposed GP on other combinatorial optimisation problems such
dynamic vehicle routing and resource allocation.
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