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Abstract
Scheduling has been subject to much research.
The resource-constrained project scheduling prob-
lem (RCPSP) is no exception. With the multiple
different variations and additions to the standard
definition that are possible, many exact, heuristic
and meta-heuristic approaches have been proposed.
One of those variations is allowing tasks in the
project to be split up into smaller subsegments and
scheduled at different times. The splitting of tasks
is introduced to try and find project schedules that
require less overall time to complete.
This paper proposes a satisfiability (SAT) encoding
for the RCPSP while also allowing tasks to be split.
A SAT solver is used to solve the encoded problem
instances and compared with the results of a heuris-
tic algorithm. The comparison shows a lower rate
of solved instances but found results are in almost
all cases more optimal and proof of optimality can
be provided. For applications where the sacrifice
of completing tasks without splitting is only worth-
while if the absolute lowest schedule duration can
be found this method provides a good alternative to
other approaches.

1 Introduction
The problem of scheduling tasks arises in industries all the
time. It is not hard to imagine that generating an optimised
schedule can be of great profit for production or logistic op-
erations. For example, optimisation can minimise the overall
required time or minimise the delay before starting a task.
Because this type of problem is so prevalent it has already
been subject to much research.

Formally this specific type of problem is known as the
resource-constrained project scheduling problem (RCPSP)
[1–3]. Problems of this type are considering the allocation
of tasks to resources within a project. Tasks are anything that
needs to be done during a project. Examples could be work
performed by people or a simulation run by a computer. Re-
sources are made available for a project like experts assigned
to the project or time reserved on computers to run simula-
tions. Tasks are given a duration required to finish and a re-
quired amount of a resource during processing. Resources
are limited in availability during the project, eg. only one ex-
pert is available at a single moment in time so multiple tasks
requiring an expert must be processed consecutive. An im-
portant addition to this setup is the order in which pairs of
tasks must be processed. Some tasks require another task to
be finished before it can be started. This requirement is re-
ferred to as a precedence constraint.

It can be required by an application of an algorithm to
include additional constraints on schedules. To provide for
these additional constraints variations and extensions to the
problem definition have been classified over time [4], [5].
More recently, the variations and extensions have also been
surveyed and put into a structured overview [6].

For this research, the preemptive resource-constrained
project scheduling problem with setup times (PRCPSP-ST)

variant is under study. Preemption allows a task to be inter-
rupted during its scheduled time by another task. Each inter-
ruption can be seen as splitting the task into multiple smaller
activities. The setup times are introduced for each interrup-
tion in a task to discourage endless splits resulting in a chaotic
schedule. A model for allowing preemption [7] and a model
including setup times [8] have already been established. Both
models have been combined and a proposed algorithm for it
was found to result in a reduction of the makespan compared
to the optimal schedule without task preemption [9]. Within
this algorithm, the activities are split into all possible integer
time segments and a satisfiability (SAT) solver selects a fea-
sible subset from these segments [10]. The resulting list was
used to construct a schedule with a genetic algorithm estab-
lished in earlier research [11].

In the research done on solving RCPSP variants, the recent
focus has been on heuristic and meta-heuristic algorithms.
These algorithms are usually variants of branch-and-bound
algorithm [7] or a form of genetic algorithms [12] that were
established for the standard RCPSP.

SAT solvers are a general tool that can be used on any algo-
rithmic problem if it is encoded as the required input for the
solver. A SAT solver is a program that tries to solve Boolean
satisfiability problems. Boolean satisfiability problems are a
set of true or false variables that are set up in a formula with
‘AND’ and ‘OR’ operators (sets of variables and operators
are often referred to as clauses). The SAT solver tries to as-
sign values to all variables in such a way that the outcome
of the overall formula becomes true (also referred to as being
satisfied). If a Boolean formula encoding can be found for
a problem, a SAT solver can be used to try and solve it. In
addition to finding a solution to the problem, it can include
information about the solution it provides like the assignment
for the variables it found or a minimal set of unsatisfiable
clauses.

SAT solvers have been used as a part of the algorithm but
using them as a complete solution to try and solve PRCPSP-
ST instances has not been researched before. Because RCPSP
is known to be strongly NP-hard [13], a SAT solver might
not be efficient enough to outperform the heuristic and meta-
heuristic methods. But what a SAT solver does provide is a
way to prove if a found solution is optimal and can therefore
not be improved further. When looking for a reduction in
makespan getting confirmation on optimality might be worth
some possible trade-offs a SAT solver introduces.

Because there is room to try and find out if a SAT solver
can match or even outperform the heuristic and meta-heuristic
algorithms the main research question considered in this pa-
per is Can a satisfiability encoding of PRCPSP-ST mod-
els solved on a SAT solver be used to reduce the average
makespan of the resulting schedule compared to a heuristic
algorithm when run for an equal amount time?.

This paper first proposes a heuristic algorithm that can
solve the extended RCPSP instances with preemption and
setup times. This algorithm is used to produce a baseline
result for the instances in three datasets. And then, a satis-
fiability encoding for the instances is run on a SAT solver for
an equal amount of time. The results are compared, and it
shows that the SAT solver approach does struggle with com-



ing up with an initial solution in many cases when the time
limit is strict. It does make up for it by providing better so-
lutions in almost all cases and providing proof of optimality
in over half of its results. For applications of a satisfiabil-
ity approach, the trade-off between always having a solution
compared to knowing when a solution is optimal will have to
be considered.

The following sections of this paper can be summarized as
follows. Section 2 gives the formal definition of the RCPSP
and PRCPSP-ST problems followed by an overview of re-
search done in the field of solving the PRCPSP-ST problem.
Section 3 describes the heuristic algorithm used to gener-
ate baseline results and the Boolean logic encoding for the
PRCPSP-ST problems and the SAT solver that will be used
during testing. Next, section 4 outlines the experiments that
are going to be run to test the performance of both algorithms
and it presents the result data from the experiments. A short
reflection on the ethical implications of competition for the
next state-of-the-art solution is given in section 5. The results
are discussed in section 6. Section 7 concludes the research
and motivates where future research could be focused on.

2 Problem Formulation
The resource-constrained project scheduling problem
(RCPSP) is a strongly NP-hard algorithmic problem [13]
where the objective is to minimise makespan (overall
required time to finish all tasks).

RCPSP is about a project consisting of a set of tasks N
which all have to be completed to finish the project. Each task
i has a duration di and requires an amount ri,k of a resource
type k. A project provides a set of limited resource types R to
process tasks each with an availability ak constant throughout
the project horizon. Tasks can be scheduled in timeslots as
long as the overall resource type requirement does not exceed
the provided amount at any time. Furthermore, a (possible
empty) set of task pairs (i, j) defines precedence relations A
where i has precedence over j. The task pairs have a finish-
start type precedence meaning that a task must be completed
entirely before its successor can be started. Some additional
assumptions are that each resource type required by any task
is provided k ∈ R, no single task will require more of a re-
source type than provided ri,k ≤ ak and a worst-case sce-
nario makespan called the horizon T is given by the sum of
all task durations.

This project structure can be modelled as an activity-on-
the-node network (where activity also means task) G =
(N,A). The network is extended with 2 dummy tasks that
model the start and finish of the project. These dummy
tasks have a duration of 0 and no resource requirement. The
makespan can now be defined as the starting time of the finish
dummy task. An example project network can be seen at the
top of figure 1.

2.1 PRCPSP-ST
The RCPSP definition can be extended in different ways in-
cluding task preemption and setup times. All previous pro-
posed and researched extensions have been surveyed and
summarised in a paper [6, 14].

Figure 1: An example project network (top), non-preemptive sched-
ule (left) and preemptive schedule with makespan reduction (right)

Preemption allows an activity to be paused after it has been
started by the project. A preempted task in a schedule is like
multiple individual tasks that each represent a segment of the
original task. Preemption is only allowed at integer points
of the task duration. Tasks might be preempted at any frac-
tion of the duration but the infinite ways to split a task make
defining an algorithm much harder. A solution to approxi-
mate fractional preemption is rescaling the time units used
project. When hours are scaled down to minutes for example,
a task can be preempted on each minute instead of on the hour
approaching a possible required granularity. Figure 1 shows
a non-preemptive and preemptive schedule for an example
project.

Setup time s is introduced to try and prevent tasks from
being split into many impractical segments. This prevention
is done by adding additional processing time (setup time) to
task segments that start after a previous segment has been pre-
empted. During the setup time, the same amount and type of
resources are required as the task itself. By penalizing pre-
emption in this way algorithms will only introduce split tasks
when the makespan can be improved in a meaningful way.

2.2 Related Work
Algorithms for both preemption and the inclusion of setup
times have been proposed and researched in earlier work.

For pre-emption, a branch-and-bound procedure was used
to show that task preemption did not reduce the makespan
of projects by a significant amount [7]. A zero-one inte-
ger programming approach was used to solve projects with



preemption under multiple objectives [15]. Colouring tech-
niques were used to produce optimal preempted schedule re-
sults [16]. Later, meta-heuristic approaches were shown to
be effective on preemption-based scheduling with linear pro-
gramming algorithms [17, 18]. The branch-and-bound was
researched again but this time allowing parts of tasks to be
scheduled in parallel called fast-tracking [19]. This fast-
tracking did show a more significant reduction in makespan
at the cost of the problem becoming more complicated. The
introduction of preemptive scheduling to the multi-mode vari-
ant of the RCPSP has also been studied [20–22].

Setup times have been introduced for task segments after
preemption before [8]. The setup times can be modelled in
different ways and are summarized in an overview paper [23].
The fast-tracking method used for preemptive scheduling also
included setup times after a task is split [19].

Newer research showed that even without fast-tracking pre-
empted tasks can sometimes lead to a makespan reduction
contrary to previous research [9]. It also showed that when
this reduction is possible it does not require many splits in
the project tasks. This motivates further research into the
PRCPSP-ST problem variant if having a lower makespan is
profitable enough to have tasks not be finished once it is
started. The algorithm used to show that makespan reductions
are possible is meta-heuristic and does not provide proven op-
timal solutions. When having a lower makespan is critical
enough to sacrifice tasks being completed in one go it might
be reasonable to require the schedule to be the most optimal
it can be. This research will provide a satisfiability encoding
of the problem that when solved is proven to be optimal.

3 Heuristic and SAT solver
Two algorithms were implemented for this research to be
compared: a heuristic algorithm and a Boolean satisfiability
encoding run on a SAT solver.

The heuristic algorithm is an adapted version of the iter-
ated greedy algorithm [24]. It was designed for flow-shop
scheduling but with a few tweaks, it can also be applied to
RCPSP.

For a SAT solver to be used the PRCPSP-ST must be en-
coded into conjunctive normal form Boolean logic. When
the encoding is made any SAT solver can provide feasible
schedules. Because there is a clear objective to reduce the
makespan a more advanced MAX-SAT solver is used. A
MAX-SAT solver expands the features of a SAT solver by
adding native support for an objective function. This objec-
tive function gives a score to each solution found and when
running a MAX-SAT solver it continues to maximize this
score until no further improvements can be found.

3.1 Heuristic
As a heuristic solution, a tweaked version of the iterated
greedy algorithm is implemented [24]. This algorithm re-
quires an activity list representation of the project. It starts
with a setup of an initial schedule and then iterates over a de-
struction phase and a construction phase until a time limit or
a given number of iterations limit is reached.

An activity list representation allows a serial generation
scheme to construct a feasible schedule [25]. The activity list

represents a project as a permutation vector of all the tasks. It
is required that no task appears in the list after any of its suc-
cessors. The serial generation scheme schedules all the tasks
in the order of the list at the earliest possible start time that
does not break precedence or resource restrictions. Because
the generation scheme uses the tasks in order of the list tasks
close to the front of the list can be seen as having a higher
priority and are scheduled sooner by the algorithm. When the
algorithm has scheduled all tasks, the result is a left-justified
schedule.

The initial schedule is generated with the use of a greedy
heuristic. Firstly, a resource utility rate ui is calculated for
each task

ui =
di × ri,k

ak
(1)

For each task, its resource requirement is divided by the avail-
ability of the resource. The result is multiplied by the task
duration. Next, all tasks are put into a list and ordered by
non-increasing resource utility rate. After ordering each task
is moved directly in front of the first successor in the list. The
result is an activity list representation, and the serial genera-
tion scheme is run to create the initial (left-justified) schedule.

After the initial list is generated the main iterative part
of the algorithm starts with the destruction phase. During
this phase, a copy is made of the initial schedule and next
d = ⌈ |N |

4 ⌉ tasks are removed from the activity list at random.
These are picked one by one and are kept separately in the
order they were removed.

The second step of the main iteration is the construction
phase. From the removed tasks the first is picked and placed
at any index in the remaining activity list that doesn’t break
the precedence order. For each possible index, the makespan
of the left-justified schedule made with the serial generation
scheme is calculated. The index with the lowest makespan is
chosen and the task is inserted at the index. This process is re-
peated for each removed task until all tasks are in the activity
list added to the schedule. At this point the resulting sched-
ule makespan is compared to the initial schedule makespan
and when an improved makespan has been found the initial
schedule is overwritten by the new schedule.

This heuristic solution can be run for any number of de-
struction and construction phases until either an iteration limit
is reached, or a time limit is reached. At that point, it will re-
turn the most optimal schedule it has found.

3.2 CNF Encoding
The conjunctive normal form encoding used for this research
is based on existing work used to solve the RCPSP with SAT
[26]. This encoding was altered to include preemption.

For the new encoding, a project must be extended into a
new network N∗ by replacing each task with a new network
of tasks that represents all possible ways the task could be
preempted. This extension has already been documented but
a summary will be given [9]. A task will be split into a set
of all possible integer segments. From this new set of seg-
ments, all chains of segments are generated that represent the
original task in its entirety. These chains can now replace the
original task in the task network. All segments are added as
new tasks with precedence relations representing the segment



chains. All predecessors of the task get an additional suc-
cessor for each segment that contains the first integer part of
the original task. Each of the segments that contain the last
integer part of the original task should contain the original
successors of the task.

With the extended network the earliest esi and its latest lsi
start times, its earliest efi and its latest lfi finish times are cal-
culated using the critical-part method by the Floyd-Warshall
algorithm [27]. With these values two Boolean variables will
be defined and used in the SAT clauses. For each task i ∈ N
and t ∈ {esi, ..., lsi} there is a start variable si,t which is
true if activity i start at time t and for east task i ∈ N and
t ∈ {esi, ..., lfi} a process variable ui,t which is true if activ-
ity i is in process at time t.

Now the complete encoding can be made, and it includes
five types of clauses. The completion, consistency, prece-
dence, resource and objective clauses. The first four are de-
fined as hard clauses meaning the SAT solver must satisfy
them. For the objective, a set of soft clauses is used. The SAT
solver will try and maximize the number of soft clauses it can
satisfy.

Completion clauses make sure that each task segment is
processed once and therefore make sure that all the work in
the project is done. New subsets C∗

i,l ⊆ N∗ are required
to define the completion clauses. These subsets each have
as elements all task segments that contain time segment l of
task i. Equation 2 gives the mathematical definition of the
completion clauses.∨

t∈esi,...,lsi

sit j ∈ N ; l ∈ {0, ..., dj}; i ∈ C∗
j,l (2)

When a start variable of a task is set to true the consistency
clauses given in equation 3 ensure that the required process
variables of the task are also set to true.

¬si,t ∨ ui,l i ∈ N∗; t ∈ {esi, ..., lsi}; l ∈ {t, ..., t+ di − 1}
(3)

A set of precedence clauses is introduced to satisfy the re-
quired precedence constraints. This is done by only allowing
a task to have a start variable set to true if all predecessors
started early enough to be finished by that time. This clause
is given in equation 4.

¬si,t
∨

l=esj ,...,esi−dj

sj,l (j, i) ∈ A; t ∈ {esi, ..., lsi} (4)

The resource clauses are defined as a pseudo-Boolean
function that is converted into true CNF. The conversion is
done by first building binary decision diagrams from the
pseudo-Boolean function. And next, the binary decision di-
agrams are converted to a set of CNF clauses that represent
the same pseudo-Boolean function. The process of convert-
ing pseudo-Boolean into SAT is known and researched [28].
The used pseudo-Boolean function is given in equation 5.

n∑
i=1

ui,tri,k ≤ ak t ∈ {1, ..., T}; k ∈ R (5)

Table 1: Summary of datasets used in the experiments

Name # inst # tasks subset size # tasks in subset
DC1 1800 10 - 50 480 10 - 20
J30 480 30 480 30

RG30 1800 30 480 30

Lastly there are the objective clauses in equation 6. These
are soft clauses, and the SAT solver tries to satisfy as many
of these clauses as possible.

si,t t ∈ {1, ..., T}; i = dummy finish task (6)

When this encoding is done the result is run on the Pump-
kin MAX-SAT solver that was provided to the research by
supervisor Emir Demirović.

4 Experimental Setup and Results
To test the performance of the different algorithmic ap-
proaches to solving PRCPSP-ST several experiments have
been carried out. Each experiment is run on the high-
performance computing cluster at the Delft University of
Technology. The algorithms have access to 8GB RAM and
1 core of the Intel(R) Xeon(R) Gold 6248R CPU running at
a base frequency of 3.00 GHz and a max turbo frequency of
4.00 GHz.

4.1 Project data
To test the difference between the algorithmic approaches to
solve instances with activity preemption several tests are per-
formed using three different datasets. The complete datasets
contain a different amount of problem instances (# inst) and
projects ranging from 10 to 50 tasks (# tasks). The J30 from
the PSPLIB [29] and RG30 datasets contain projects with 30
tasks and have 480 and 1800 instances respectively and the
DC1 dataset has projects ranging from 10 to 50 tasks also
containing 1800 instances. For the experiments, the subset of
the first 480 instances has been taken from all three datasets.
This reduces the size of the projects in the DC1 dataset to a
range from 10 to 20 tasks. The information about the datasets
is summarized in table 1.

The network structures of the datasets have been subject to
earlier research. One thing of note is the serial/parallel indica-
tor I2 (later renamed to SP) of the datasets [30,31]. This indi-
cator measures how close the network structure of a project is
to a complete serial or parallel network. The indicator shows
that both the DC1 and J30 have a more limited SP indicator
range and the RG30 has the largest range. This means that the
RG30 dataset has the biggest variance in network structures
for its project instances.

The setup time penalty s is set to 1, 2 and 5 time units to test
the impact on the overall makespan. These values are chosen
to be around .1, .2 and .5 times the length of the longer tasks
in the datasets that are around 10 time units.

To solve the instances the tweaked version of the iterated
greedy heuristic is used to calculate a baseline and the CNF
encoding run on the Pumpkin MAX-SAT solver is used to
calculate data to compare to the baseline. Each algorithm is
run for 60 seconds of CPU time on each instance.



Table 2: Heuristic and SAT algorithm percentage of makespans re-
duced by allowing preemption

Dataset s %Imp by heuristic %Imp by SAT
DC1 1 13 % 12 %

2 4.5 % 14 %
5 0.34 % 11 %

J30 1 3.5 % 5.8 %
2 1.4 % 6.7 %
5 0 % 4.3 %

RG30 1 0.84 % 1.9 %
2 0.63 % 1.5 %
5 0 % 1.5 %

4.2 Performance indicators
The percentage of schedules that can be reduced below the
known optimal solution by allowing preemption is calculated
to motivate why introducing preemption can be beneficial for
certain projects. This value is then calculated by taking the
percentage of instances within a dataset for a certain setup
time that is lower than the known optimal makespan. Addi-
tionally, the deviation percentage of the lower makespan can
indicate the amount of time saved and is also calculated.

To assess the performance two test values are calculated.
First, the average percentage deviation from either the known
optimal makespan or the lower bound makespan without ac-
tivity preemption is calculated. This is used to check if both
algorithms can come up with schedules that are reasonably
close to existing solutions. The second test value is the per-
centage of makespans that is improved by the CNF encoding
run on the Pumpkin MAX-SAT solver compared to the iter-
ated greedy heuristic solution. This measure will show if us-
ing a CNF encoding instead of a heuristic approach without
any further optimization could be used to find more optimal
schedules.

During the assessment of the two test values, it must be
considered that the CNF encoding solved by a SAT solver
might not produce a single schedule within the given time
limit. So, a percentage of instances where the SAT solver
finds a solution is also calculated. This number will indicate
the trade-off for finding a proven optimal solution when the
time to create a schedule is limited.

4.3 Results
The experiments described have been performed and the data
is collected and summarized.

Table 2 shows the percentage of instances for which the
algorithms could find a lower makespan when preemption is
allowed (%Imp). For the lower setup times of 1 and 2 time
units, the heuristic approach could find reduced makespans in
0.8 to 13% of instances. This number drops down to almost
0% for the high setup time of 5 time units. The SAT solver
approach shows a similar range of 1.9 to 13.6% for the lower
setup times but this number stays more consistent at a range
of 1.5 to 10.8% when the setup times are increased to 5 time
units.

For the improved instances, the deviation percentage
(%Dev) from the known optimal solutions is shown in table

Table 3: Heuristic and SAT algorithm %Dev of optimal makespan
for improved instances

Dataset s %Dev heuristic %Dev SAT
DC1 1 -3.6 % -4.8 %

2 -3.4 % -4.2 %
5 -4.5 % -4.1 %

J30 1 -2.9 % -3.4 %
2 -2.1 % -3.7 %
5 - -3.2 %

RG30 1 -1.2 % -3.0 %
2 -1.2 % -3.5 %
5 - -2.6 %

Table 4: Deviations from known optimal or lower bound makespan
solutions

Dataset s %Dev heuristic %Dev SAT
DC1 1 -0.16 % -0.18 %

2 -0.16 % 0.08 %
5 0.71 % -0.20 %

J30 1 1.9 % 1.4 %
2 2.4 % 0.32 %
5 2.9 % 1.83 %

RG30 1 5.3 % 12 %
2 5.8 % 10 %
5 5.6 % 9.5 %

3. When the heuristic algorithm finds an improved schedule
the deviation percentage from the known optimal solution is
around -3.8% for the DC1 dataset, -1.2% for the RG30 dataset
and -2.5% for the J30 dataset. The SAT solver algorithm has
values of -4.4%, -3.4% and -1.6% for those datasets respec-
tively. These are the averaged values over the different setup
times.

Table 4 shows the average deviation percentage (%Dev) of
all instances compared to the known optimal solutions. For
the DC1 dataset, all deviations for both algorithms are close
to 0. The results for dataset J30 show a higher deviation of
around 2 to 3% for the heuristic algorithm and around 0.5
to 1.5% for the SAT solver algorithm. The higher number
indicates the algorithms could not find the known optimal so-
lutions on average. For the RG30 dataset, these numbers go
up the highest at 5% for the heuristic and 10% for the SAT
solver approach.

In table 5 the comparison between the results of the SAT
solver compared to the heuristic algorithm is shown. For the
DC1 and J30 datasets, the number of instances for which the
heuristic solution could find a solution strictly better than
the SAT solver is around 9% on average over the differ-
ent setup times. The RG30 dataset shows that the heuristic
approach found lower makespans in around 70% of the in-
stances. These results are calculated for the instances where
the SAT solver could find a solution.

Finally, an overview of the SAT algorithm performance is
given in table 5. This shows that the percentage of instances
for which a schedule could be found (%Satisfied) are 75.2%,
28.8% and 24.0% in the DC1, J30 and RG30 datasets respec-



Table 5: Comparison of SAT solver solutions against heuristic algo-
rithm

Dataset s %Imp by SAT %Equal
DC1 1 13 % 80 %

2 20 % 60 %
5 19 % 78 %

J30 1 30 % 58 %
2 39 % 56 %
5 38 % 55 %

RG30 1 18 % 7 %
2 24 % 6 %
5 27 % 8 %

Table 6: SAT algorithm performance

Dataset %Satisfied %Optimality proven
DC1 75.2 67.5
J30 28.8 81.9

RG30 24.0 9.0

tively. For found schedules, the SAT solver also provides if
it is proven to be optimal. The percentage of proven optimal
solutions (%Optimality proven) are 67.5%, 81.9% and 9.0%
for the DC1, J30 and RG30 datasets respectively.

5 Responsible Research
In algorithmic optimization for NP-hard problems, the im-
possibility of brute-force methods on large problem instances
results in researchers competing to improve the current state-
of-the-art solutions. Because research is mostly focused on
positive results several criteria for optimizing the state-of-the-
art are often overlooked or ignored. The result is research
papers that look like they indicate more optimal algorithms
have been found whereas the truth of the improvement might
come from a different place altogether.

When technology evolves a lot of variables involved in al-
gorithm testing are also improving, even without directly be-
ing a part of the algorithm. Examples are newer hardware,
better compilers, improved coding skills and programming
language differences. If a new algorithm is tested and these
variables are not kept the same or the old versions are retested
with the same new variables the resulting improvement might
not be a result of a more optimal algorithm. Additionally,
these variables do not cancel each other out. Over time it is
to be expected that all the example variables are resulting in
better performance as time passes.

To compare the performance of algorithms in a fair way
some rules to keep variables equal are required. In this project
the following rules have been set to keep the results fairer in
comparison:

• Each algorithm is implemented in the same coding lan-
guage

• The algorithms are implemented by the same researcher
to ensure the coding skill is consistent

• Every algorithm is run on the same hardware

• Compiler and operating system are equal for all algo-
rithms

• As a stopping criterion the CPU time is used

To make sure these rules can also be adhered to in the fu-
ture the source code is provided1 to test the algorithms on
newer hardware when it is released. Other researchers are
also encouraged to implement the described algorithms for
themselves and set up the experiments alongside their algo-
rithms.

6 Discussion
The deviation percentage from the optimal or best-known so-
lutions in table 4 is important to be discussed first. They show
if the algorithms can come up with schedules that are some-
what reasonable compared to the known optimal makespans
without activity preemption. When these values become too
high the comparison between the two algorithms becomes
less valuable. This is because existing approaches without
preemption can come up with better schedules already. Look-
ing at the algorithms produced for this research the results for
the DC1 and J30 datasets are close enough to compare the
approaches further. The percentage deviation from the non-
preemptive makespans is within 3% for the J30 and around
0% for the DC1 dataset. This deviation is close enough to
continue the comparison between the algorithms. The RG30
dataset on the other hand shows to be much harder to solve
with deviations going up to 12%. This could be a result of
the high variance in serial/parallel indicators of the network
structure for the RG30 dataset.

As for the motivation to allow preemption the percentage
of tasks that could be improved in table 2 and by how much
these instances are improved in table 3 the statement made
in earlier research could be confirmed. In a non-insignificant
amount of cases, a reduction of makespan can be found when
allowing preemption [9]. The research on this topic can
provide valuable insights when the absolute lowest schedule
makespan is required.

The SAT algorithm performance in table 5 and the com-
parison of the SAT algorithm against the heuristic algorithm
6 gives the most important insight into the value and short-
comings of a SAT solver approach. For both the DC1 and
J30 datasets the SAT solver matched or even outperformed
the heuristic approach in around 90% of the instances where
it could find a solution in time. Finding a solution in time is
also the biggest downside of using an approach aimed at find-
ing the most optimal solution. For the DC1 dataset over 75%
was solved and this is better in most cases. For the J30 dataset
with less than 30% of instances getting a result within time, it
is harder to decide what the better approach is, and it depends
much more on the practical application. When having the ab-
solute minimum makespan is worth the risk of not having a
solution or depending on a heuristic approach the SAT solver
might still be worth it. In the cases it does provide a solution
over 80% is also proven to be optimal. This provides the cer-
tainty that no further effort must be spent on trying to reduce
the makespan.

1https://gitlab.com/itstherealjasper/cse3000



Lastly a note on the impact of the setup times. The percent-
age of instances for which the makespan can be reduced when
allowing preemption drops as the setup time increase as ex-
pected as shown in table 2. The makespan deviations for im-
proved instances show too much variance to draw any conclu-
sions. Earlier research already showed the difference in setup
times has a much lower impact on the average makespan re-
duction than allowing for preemption in the first place [9].

7 Conclusions and Future Work
RCPSP has been around for some time now and a lot of re-
search has gone into optimizing algorithms that can solve it
efficiently. For the practical applications that require addi-
tional or custom constraints, an increasing number of varia-
tions of the problem have become the subject of study. In
this paper, an exact approach in the form of a satisfiability
encoding for the preemption extension with setup times has
been proposed and tested against a heuristic solver. When
tested both methods were able to produce schedules that were
close to optimal non-preemptive schedules or the best-known
non-preemptive schedules. After establishing both solutions
are capable of producing results close to established results
a comparison between the two algorithms could be made.
Comparing the approaches showed benefit in the exact SAT
solver method if makespan reduction is necessary enough to
sacrifice intermediate solutions in case of a timeout. This was
shown by the over 90% of equal or improved instance solu-
tions from the SAT solver over the heuristic solutions when
the SAT solver found a solution in time for the J30 dataset.

Unfortunately, the results for the RG30 dataset are not
close enough to the best-known solutions. Especially the SAT
solver struggled to come up with solutions and when it did
the results were still unimpressive. A possible explanation is
a high variance in how serial/parallel the network structure of
the instances is. This could not be confirmed within the time
for this research though and could be a start for a follow-up
study. Because the heuristic approach also showed worse re-
sults on the RG30 dataset it can at least be concluded that
some factor other than project size causes the problems to be
harder when preemption is allowed.

Future research could focus on comparing different SAT
solvers once the problems are encoded into satisfiability
clauses. Solvers are often optimized for different objectives,
and some might find an intermediate solution quicker or go
for the optimal solution directly. A second suggestion is con-
verting the proposed SAT encoding into a more generalized
satisfiability modulo theories encoding. This encoding has
native support for formulas including integers and makes en-
coding the resource constraints more straightforward. An-
other great way to build on the work done in this paper is
changing the Pumpkin MAX-SAT solver to be more special-
ized on the specific problem variation. The size of the CNF
encodings is big because of the extended network after each
task has been expanded to all its possible subsegments. An
example would be to provide the solver with an initial solu-
tion created by the first iteration of the heuristic algorithm as
a starting point. At the very least an implementation in this
way will always produce a result when the encoding can be

made within time.
Allowing preemption for project tasks seems to be able to

provide lower makespan schedules. If future research can find
the optimal solutions within the time limit with higher consis-
tency it seems like it will be well worth the effort.
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