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al. 2001) to the considered problem, a dynamic programming recursion can be formulated
to solve Q|V; € {Vo, Vinaz }, OPT —n[ 3, cr, > w;U} by means of function OPT.

OPT (A0, Aiaz, CO, Ciax j,n!) ©)
where:

j is the job to add to the schedule under construction

n/ the number of jobs that already scheduled

C® is the vector of completion times for the machines with the speedv

A« is the vector indicating at the current recursion the available machines with speed
.

True if the job j can be schedule on the machine
For each machinei we havefffY = with the speed V,
False otherwise

Here, OPT returns the minimal value of >"}'_, w,U, when jobs {1,...,j} have been
scheduled and machines complete at time€’© and Ce=. By computing
OPT(True, True, C° C™a= n) for all relevant C° and C™e=, the following lemma holds.

Lemma 1. A dynamic programing algorithm find an optimal solution for the problem
Qi € {Vo, Vinaz }, OPT — n| Zj OJFij ijjL with the time complexity

o (4m (Z] pj)m x N x nQZog(n))

In addition, a MIP can be formulated for the bilevel problem that will be presented in
details at the time of the conference.
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1 Introduction

Many complex scheduling problems are currently solved by academics worldwide in
order to increase the body of theoretical knowledge and improve their practical applica-
bility in the field of project management. However, the theoretical and practical focus of
research often conflict and academics decide to direct their research efforts into one of
the two directions. On the one hand, complex extensions of project scheduling problems
are investigated by relaxing unrealistic assumptions. Frequently, these extensions are de-
rived from company- or industry-specific cases and the collaboration with these companies
need to result in solution methodologies that are capable of solving large-scale instances
fast. As a result, many problem-specific (meta)heuristics are presented in the literature to
create high-quality (but suboptimal) solutions. On the other hand, state-of-the-art exact
approaches are continuously developed as the shared knowledge on effective solution ap-
proaches in the literature grows constantly and improved computational resources are made
available to researchers at an increasing speed. Unfortunately, these methods are typically
only capable of solving small-scale instances using long computational runs. A challenge of
academic research remains the development of better, yet practically applicable, methods
for complex and relevant scheduling problems.

In this study, a new application of an innovative solution approach is presented that has
a lot of potential for obtaining high-quality solutions for complex project scheduling prob-
lems. The resource-constrained project scheduling problem (RCPSP) is a standard problem
in the project scheduling literature that has been extensively studied in the last decades.
The aim is to provide a timetable with starting times for activities in the project subject
to limited resource availabilities and precedence relations between the activities such that
the project duration or makespan is minimised. A restrictive assumption in the RCPSP is
that the project network structure (i.e. the number of activities and their relations) and
the activity characteristics (i.e. the activity durations and resource requirements) should
be pre-defined and known prior to the project start. In practice, this might be impossible
because of the multi-year scope of many projects and the uncertain project environment.
Therefore, we will focus on an extension of the basic RCPSP, called the RCPSP with al-
ternative subgraphs (RCPSP-AS) in which subsets of activities, labelled work packages,
can be solved in alternative ways. A possible application of this problem is the existence of
alternative technologies that can be used to execute a certain subpart (or work package)
of the project in different ways, yet realising the same scope. As a result, the scheduling
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problem now consists of two subproblem: a scheduling and a selection subproblem. In the
selection subproblem, a specific (alternative) technology needs to be selected for each work
package, while the resulting selected activities need to be scheduled in the scheduling sub-
problem (which corresponds with the traditional RCPSP). The problem is introduced and
formulated by Servranckx and Vanhoucke (2019) and these authors present a tabu search
(TS) for solving the problem using problem-specific operators and an intelligent search
process guided by the project properties. Subsequently, Nekoueian et. al. (2023) present a
priority-rule based approach supported by an extensive search of different rules-of-thumb
and several constructive heuristics.

We aim to investigate the potential of a new solution approach, namely a metaheuristic
extended with a satisfiability (SAT) solver, for the RCPSP-AS. A boolean SAT solver is
an algorithm for establishing satisfiability of binary decision variables that are connected
by logical AND and OR relations. In order to solve the SAT problem, clauses need to be
constructed that combines variables and their complements using a series of logical OR re-
lations and these clauses are then combined through AND relations. To allow algorithmic
search processes checking the satisfiability, this boolean logic should be converted to a stan-
dard form, known as the conjunctive normal form. The logic of the SAT solver is perfectly
suited for solving the selection subproblem of the RCPSP-AS since binary decisions on the
inclusion (=1) or exclusion (=0) of activities need to be made. The scheduling subproblem
of the RCPSP-AS could also be solved using this logic since there already exist studies in
the literature that solve the traditional RCPSP with a SAT solver (Horbach 2010) given
that the time-indexed problem formulation uses binary decision variables to model the
start time of each activity. Due to the explosive growth in the number of resulting clauses,
however, these methods are typically only capable of solving small-scale instances. In this
study, we therefore follow the logic proposed by Coelho and Vanhoucke (2011) to integrate
the SAT solver into a genetic algorithm (GA) framework. More precisely, the GA is re-
sponsible for scheduling the activities, while the selection subproblem is assigned to the
SAT solver.

2 Problem description

In the RCPSP-AS, we distinguish between fized activities that should always be selected
and scheduled, and alternative activities that could potentially be selected and scheduled.
The set of alternative activities that are interchangeable and thus belong to the same work
package is referred to as an alternative subgraph. Each subset of activities that together form
a specific alternative in the alternative subgraph is referred to as an alternative branch.
The objective of the RCPSP-AS is to select for each alternative subgraph exactly one
alternative branch such that the resulting precedence, resource and logical feasible schedule
has a minimal project makespan. However, two types of complex dependencies between
alternatives can be modelled.

— Linked alternative branches indicate that (part of) the activities in a single alternative
branch should be selected when another alternative branch is selected.

— Nested alternative subgraphs indicate that an entire alternative subgraph is triggered
(and the corresponding choice) by the selection of an alternative branch.

In order to illustrate the different concepts and terminology, we show an illustrative example
in Figure 1 where each curved line ’)’ marks a choice between alternative branches in an
alternative subgraph. We observe two alternative subgraphs with two alternative branches
each, of which one alternative subgraph is nested and one alternative branch is linked.
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Fig. 1. Illustrative example of the RCPSP-AS

3 Methodology

Due to the interaction between the scheduling and selection subproblem in the com-
plex RCPSP-AS, the search for a (near-)optimal solutions is hard. As already discussed
before, metaheuristic frameworks are explicitly developed in order to solve such complex
problems fast. However, the search for better schedules (in terms of minimising the project
makespan) can be improved by slightly increasing the computational runtime in case that
the metaheuristic framework is extended with a SAT solver. The search process will be
decomposed, and a GA will be used for solving the scheduling subproblem and a SAT
solver for solving the selection subproblem. Both methods are iteratively called to solve
the RCPSP-AS and are briefly introduced below:

SAT: Several clauses will deal with the various combinations of alternative branches and
the complex relations between them. First, the choices in the previous iteration of
the method are reset by changing all variables to true. Then, a different subset of
activities can be selected in order to create a satisfiable solution. Clause learning ensures
that information obtained during earlier iterations is retained in order to improve the
efficiency of future iterations. It represents an integral part of any SAT solver since
this can avoid the occurrence of similar conflicts (i.e. unsatisfiability) throughout the
search process.

GA: The solution of the selection subproblem in the previous iteration provides activities
with a positive (or zero) duration in case the activity has (not) been selected. The
selection of activities has been logically checked such that such the successors of non-
selected activities also have a zero duration. Then, solutions are assigned to one of
two separate populations: the left population containing left-justified schedules and the
right population containing right-justified schedules (Valls et. al. 2005). The scheduling
process aims to improve the elements of both populations by iteratively combining
them using parent selection, crossover and mutation operators derived from Debels
and Vanhoucke (2007).

Finally, we also investigate the option to eliminate certain alternative branches in the search
procss by means of preprocessing. The resulting limited subset of alternative branches (i.e.
output of the preprocessing) will be used as input for the solution method. The aim is to
reduce the solution space and thus limit the computational complexity.
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4 Computational results and conclusions

In order to test this integrated GA with SAT solvers, we use a large-scale artificial
dataset (ASLIB-0) for the RCPSP-AS developed by Servranckx and Vanhoucke (2019)
using a controlled design based on flexibility parameters such as the degree of linked al-
ternative branches (%L) and the degree of nested alternative subgraphs (%N). The %L
and %N indicate the actual number of linked alternative branches and nested alternative
subgraphs relative to, respectively, the total number of alternative branches and subgraphs.

Based on the preliminary results, we can validate the good performance of the proposed
approach for the complex RCPSP-AS as it is competitive with and even outperforms exist-
ing metaheuristics developed for the problem. In Table 1, we observe that the performance
of the SAT solver performs better as more complex relations (links and nesting) are ob-
served to a certain degree, as its performance again lowers for high levels of complexity. For
low to medium levels of %N and %L, the added value of the clause learning is observed,
while the large number of these clauses hinders the search process in case of very high
levels of %N and %L. As expected, preprocessing has a negative impact on the overall
solution quality since part of the solution space is ignored. However, it is interesting from
a practical perspective that the increase in project makespan is rather limited. The exclu-
sion of some (potentially good) alternative branches implies that more computational effort
can be invested in finding good solutions for the remaining (smaller) set of alternatives.
The theoretical knowledge derived from this study will also contribute to further academic
developments in the field of (project) scheduling.

Table 1. Improvement (% Avg. makespan decrease compared to basic GA) for different levels of
%N and %L (with/without preprocessing)

%N Low Medium High

%L Low Medium High|Low Medium High|Low Medium High
Without preprocessing(1.95 5.70 3.35(1.85 5.97 4.02|1.90 4.08 2.95
With preprocessing 1.45 495 3.03|1.64 5.22 3.62|1.77 3.54 2.25
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1 Introduction

Many important resource provisioning problems in distributed computing are modelled
as vector bin packing, often with additional constraints. The case study we consider deals
with long-running applications (LRAs), which may occupy substantial capacity of cloud
data centres, see, e.g., (Garefalakis et al. 2018), (Liu and Yu 2018), (Verma et al. 2015). In
the underlying optimization models it is usually assumed that within a planning horizon
LRAs are allocated permanently, consuming a certain number of resources of different
types: CPU cores, RAM, GPUs, etc. Planning resource allocation can be performed before
LRA deployment and it is aimed at minimizing the number of nodes to which LRAs are
allocated. This scenario gives rise to the vector bin packing problem (VBP), a generalization
of the bin packing problem which has been under study since the 70s.

In the VBP problem, there are n items Z = {1,2,...,n} and a set of bins. Each item
i € T is characterized by a d-tuple of sizes s;; in dimensions h = 1,...,d. The bins
are identical, with a given size ¢, for each dimension h. In the context of distributing
computing, bins represent compute nodes of a data centre, and dimensions h correspond
to specific resource types of a node. Items i € 7 represent LRAs with their demands s;,
in resources of type h. For example, s;; and s;» may represent the number of CPU cores
and the number of units of memory needed for LRA 4. The demands of any LRA cannot
exceed the capacity of a node, i.e., s;; < ¢ for every LRA i and every resource type h.

In VBP, allocating a subset of items Z’ C Z to one bin is feasible if

Zsihgch for each h =1,...,d. (1)
ieT’

In the context of allocating LRAs to compute nodes, the total demand of all LRAs assigned
to the same node cannot exceed the node capacity in each dimension.

In our case-study, we explore construction heuristics for VBP (Section 2) and adjust
them for solving an enhanced version of the problem, typical for allocation LRAs to cloud
nodes (Section 3). In that version, there are multiple replicas of each LRA i € Z, which
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need to be deployed. Affinity restrictions are defined for pairs of LRAs which replicas can
be jointly co-located to the same node, but with some limits, or for pairs of incompatible
LRAs, which cannot be co-located. If LRA 1 is restrictive to LRA j, then there is an integer
affinity value a;; which sets up an upper bound on the maximum number of replicas of j
that can be co-located on a node where at least one replica of 7 is allocated.

The most recent surveys on approximation algorithms for VBP are presented in
(Christensen et al. 2017), (Epstein and van Stee 2018), while the main survey on heuristics
is (Panigrahy et al. 2011). In our work, we extend the algorithmic toolkit by grouping
heuristics of similar nature in a systematic way, compiling a comprehensive list of heuristic
parameters and developing new approaches. The VBP toolkit, which we call VectorPack, is
additionally adjusted and tuned for solving the affinity-aware version of the VBP problem.
The talk is based on our papers (Mommessin et al. 2023a) and (Mommessin et al. 2023b).

2 Heuristics for VBP

There are two traditional classes of the VBP algorithms: item-centric and bin-centric,
which we discuss in Sections 2.1 and 2.2. Both approaches activate a new bin only if an
item cannot be allocated using bins, which have been already activated. An alternative
set of approaches outlined in Section 2.3 perform multi-bin activation and then attempts
to allocate the items exploring the whole pool of activated bins. Considering a series of
problems with different target number of bins m, the aim is to find the smallest m for
which all items can be allocated.

The toolkit VectorPack is evaluated via computational experiments, providing guide-
lines for practitioners on selecting most appropriate algorithms depending on the features
of datasets.

2.1 Item-centric approach

The item-centric approach stems from the classical algorithms originally proposed in
the context of one-dimensional BP. Items are considered one-by-one and a current item is
allocated to the “best” bin selected according to specially defined rules.

The performance of an algorithm essentially depends on ordering of items and bins.
Since VBP is multidimensional, d-tuples of item sizes s;;, 1 < h < d, are converted into
scalars v(i) which represent for every item ¢ € T its combined size. Similarly, d-tuples of
residual capacities of activated bins By € B are converted into scalars v(By) representing
combined residual capacity v(By) for every bin By.

Using combined size measures for items and residual capacities of the bins, the items
and bins can be ordered. A current item 7 from the item list is allocated to the first bin,
which fits that item, considering the ordered list of bins B. If no bin can accommodate 7,
then a new bin is activated and added at the end of list 5. Since every allocation changes
the residual capacity of the bin used, the ordering of list B requires updating after each
packing of an item.

Typical priority rules for ordering Z and B were originally formulated for one dimen-
sional bin packing, and later on adopted for the multidimensional case of VBP, resulting in
the VBP versions of the famous algorithms First Fit, First Fit Decreasing, Best Fit, Best
Fit Decreasing, Worst Fit, Worst Fit Decreasing. Each of the six algorithms gives rise to a
family of the VBP algorithms, which depend on the way the size measures v(7) and v(By)
are computed. The expressions are based on ¢1, £ and £, norms of h-tuples of item sizes
(Si1s Si2, - - -, 8ia) and h-tuples of bins’ residual capacities, with specially defined weights wy,
computed for dimensions h, 1 < h < d.
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2.2 Bin-centric approach

Bin-centric algorithms consider the bins one-by-one and find (heuristically) the most
promising items to be allocated to a current bin. The items for a current bin By, are selected
according to item-bin scores £;i, which measure how well item ¢ fits into a current bin By.
The initial list of item-bin scores was proposed in (Panigrahy et al. 2011). We extend that
list by adding the expressions from most recent works and introducing two new item-bin
scores. We also incorporate weights wy, 1 < h < d, which can be kept static during the
execution of an algorithm, or updated dynamically.

2.3 Multi-bin activation approach

Multi-bin activation approach deals with a series of problems VBP(m), each with a fixed
value of available bins, all activated at the start. The trial values of m can be increased
in steps or enumerated via binary search, although the latter method has its pitfalls,
associated with non-monotone behavior of the algorithms.

For solving an individual problem VBP(m), we propose special adaptations of item-
centric algorithms, namely Worst Fit and Worst Fit Decreasing, and a new family of
pairing algorithms. The latter considers all feasible item-bin pairs when making allocation
decisions. Dealing with a large pool of bins is beneficial for making better-informed decisions
compared to bin-centric and item-centric algorithms, which in every stage are limited to
one bin or to the current set of activated bins. This, however, incurs higher computation
cost.

2.4 Computational Experiments

The talk will discuss the outcomes of extensive computational experiments performed on
famous benchmark instances from (Caprara and Toth 2001) and (Panigrahy et al. 2011),
as well as on a new set of benchmarks. The experiments identify the most successful
approaches for each family of algorithms, depending on an instance type, and on the
choice of tuning parameters: combined size measures for items and bins, computation of
item-bin scores, and on the choice of the weights for dimensions. Further work can consider
randomized versions of the heuristics and analyze instance features for automated tuning
of heuristics and their parameters.

3 Adjusting VBP heuristics for affinity-aware resource allocation in Clouds

The affinity-aware version of VBP deals with replicas of LRAs, which are considered as
individual items, and with compute nodes, considered as bins. All algorithms outlined in
Section 2 require feasibility checks, which include verifying conditions (1) and conditions
incurred by the restrictions on co-location of LRA replicas. Whenever an algorithm con-
siders a possibility of allocating an additional replica of LRA i to a partially packed node,
it needs to verify for every LRA j, which replicas have been already allocated to the node,
whether the affinity parameters a;; and aj; are not exceeded.

The expressions for combined size measures s(i) of replicas, combined size measured
of nodes’ residual capacities v(By) and replica-node scores &;; are computed using the
range of expressions elaborated for the classical VBP, with changes mostly related to the
computation of weights wj, for the dimensions. They take into account the demand of all
replicas of all LRAs in each dimension, as well the characteristics of LRAs that measure
their level of incompatibility. The latter is formalized as a vertex degree in a graph with
verticies corresponding to LRAs and arcs corresponding to affinities.
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With a number of sophisticated tuning parameters, we obtain dozens of algorithms and
their versions for the affinity-aware VBP problem. They are evaluated via extensive com-
putational experiments based on the Alibaba Tianchi dataset https://tianchi.aliyun.
com/dataset/6287 and on additional instances of similar nature, which differ in densi-
ties of affinity graphs, the numbers of LRAs and their replicas. The LRAs, which require
resources of two types, CPU and memory, have time varying resource demands. The plan-
ning horizon is split into 98 time slots, which, together with two types of resources, result
in the VBP problem with 98 x 2 dimensions. The number of LRAs varies in the range
10,000 - 100,000. Solutions of the highest accuracy are obtained by the multi-bin activa-
tion algorithms. Those algorithms ensure spreading of replicas over compute nodes, which
is particularly important for the problem with affinity restrictions. The second successful
algorithm is Worst Fit Decreasing with specially computed weights for dimensions: it is less
accurate than multi-bin activation, but it has shorter running time. The known state-of-
the-art algorithms, LRASched (Cai et al. 2022) and (Garefalakis et al. 2018), are slightly
faster, but they produce solution of lower quality.

To summarize, the toolkit for VBP provides a solid foundation for developing new
enhanced methods for problems with advanced features arising in applications.
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1 Introduction

Agile project management (PM) is widely used (Ozkan and Mishra 2019) but sprint
scheduling is challenging. We address sprint scheduling to maximize value under con-
straints. Prior work examines agile broadly (Raharjo and Purwandari 2020), but sprint
scheduling has received little focus. We define the problem and provide a simulator and
model.

We outline an agile simulator for interactive modeling. A mixed-integer linear program
(MILP) minimizes duration and cost. The model has iterative sprints, adaptive planning,
integration, and prioritization.

To our knowledge, this represents the first attempts to assist agile practitioners with a
decision support tool capturing:

— Iterative sprints incrementally delivering shippable product
— Embracing adaptive planning

Frequent code integration

— Prioritizing backlog items by value

The paper is organized as follows. Section 2 describes the agile simulator for interactive
planning and learning. Section 3 formally defines the sprint scheduling problem and outlines
the MILP model.

2 The modeling tool—the agile simulator

The agile simulator has three major components: Scenario editing, sprint planning, and
sprint execution.

2.1 The scenario editor

The scenario editor is the tool by which new scenarios are created and existing scenarios
are modified. A scenario has several components:

Resources: Resources can be defined by type and instance. For example, an engineer
resource type may have experienced and new engineer instances. While both instances can
perform the same issues, the experiences engineer does so faster with higher capacity. The
resource editor screen (Fig. 1a) allows defining distinct resource types and instances with
differing capacities and costs. This supports modeling teams with members of varying skill
sets and levels.
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The example defines Engineer and Technician resource types. Engineer instances in-
clude a 5-year and 3-year experienced engineer with differing capacities measured in story
points - an abstract measure of complexity. Each instance also has an associated cost per
sprint. Sprints are regular iterative cycles to deliver working functionality. The resources
are limited, for instance 2 senior engineers vs 1 junior technician.

Epics: Epics represent large bodies of work broken into issues - concise user stories to
capture requirements. The example has 3 epics (Fig. 1b) comprising issues to be done by
the resources. Epics are comparable to work packages in traditional PM.

Editor a Epics
Add Resource Add Epic
Syears RESOURCE-1 Engineer 50 $100 2 ya epic 1 design — , P
3years RESOURCE-1 Engineer a0 $700 2 ya —
epic 2 integration and testing EPIC-2 2 7 i
2years RESOURCE-2 Technician 920 $80 1 7
epic 3 commercializing EPIC-3 3 7 i
(a) Resource editor (b) Epics editor
Editor [ A Simulate Sprint
To Do Doing Done
Add Issue Load Issues from CSV Export Issues as CSV  Example CSV.
ssue3P s zsev jssuE2 P B @ JssUE1 9 & D
Required Resource  Estimated Story  Must Estimated issue 3 issue 2 issue 1
IssuE-a 9 0P 208V
1SSUE issue 4
High level design Engineer 20 20
" 1ssUE-S @ BT
issue 5
- rd
Low level design ‘ZSSUt Engineer 30 30 - 1SSUE-6 9 osp oBv
u issue 6

(c) Issues editor (d) Results of a sprint simulation

Fig. 1. Resources, epics issues and sprints in the simulator

Issues, user stories or tasks: Issues link to required resources and have story point
size estimates reflecting the relative complexity. Issues may represent critical functionality
for the minimum viable product (MVP) or nice-to-have items. Issues concisely describe de-
sired features from an end-user perspective to capture requirements. The issues editor (Fig.
1c) allows defining these user stories as connected across epics, along with the resources
and estimates needed to realize them.

2.2 Planning a sprint

Sprint planning marks the start of each sprint, requiring collaborative planning to com-
mit to the upcoming work. The team decides which issues to include based on story point
estimates reflecting complexity. Proper assignment avoids overload or idle time. It priori-
tizes high value and must-have issues first. Capacity planning ensures a realistic workload
so the team can deliver on their commitments. Too many issues pressures completion while
too few causes unused capacity. The goal is to maximize value delivered each sprint within
resource constraints.
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2.3 Executing a sprint

Sprint execution involves actively developing user stories to deliver functionality within
the fixed sprint timeframe. The simulator introduces uncertainty by randomizing resource
capacity and issue effort based on distributions. It tracks progress - completed, started,
or not started issues. Outcomes include value generated, cost incurred, and over/under
utilized resources. This allows experimentation and insights into different plans. Fig. 1d
displays sample sprint simulation results on key metrics like cost, value, and issues status.

3 The scheduling problem

The planning goal is a two-stage process: (1) Deliver a minimum viable product (MVP)
as early as possible at minimum cost, (2) then maximize overall product value under budget,
deadline, and Stage 1 schedule constraints. Key decisions involve assigning resources and
issues to sprints. We formulate a mixed integer linear programming model (MILP) with
Stage 1 minimizing weighted duration and cost. Table 1 defines the parameters, variables,
and sets for the model including issues, resources, story points, costs, sprints, and more.

The optimization model, shown below, minimizes (1) a weighted combination of the
number of sprints (project duration) and total resource cost, subject to: (2) matching
resources and sprints to issue requirements, (3) limiting issue assignment to once, (4) en-
forcing resource capacity limits per sprint, (5) limiting resource usage per availability, (6)
linking assigned issues to sprints executed, (7) precedence constraints forcing predeces-
sor completion before an issue’s assignment, (8)-(10) constraints to define the auxiliary
variables z,,;r connecting resource assignments to sprints.

Our current effort is focusing on modeling Stage 2 and to develop a reinforcement learn-
ing algorithm to solve it based on our previous work (Szwarcfiter et al. 2022, Szwarcfiter
et al. 2023a, Szwarcfiter et al. 2023b).

Table 1. Sets, parameters, and decision variables

Sets

M Set of must-have issues (part of the MVP)

P; Set of predecessor issues that must precede issue
Parameters

I Number of issues

S Upper bound for number of sprints

R Number of resource types

K, Number of resource instances for resource type r
Spi Story points for issue 4

capri Capacity (story points) of instance k, resource r per sprint
Crk Cost of instance k, resource r per sprint

Urk Number of units of instance k, resource r per sprint
regir 1 If issue 7 requires resource type 7, 0 otherwise

w1, W2 Weights to balance duration and cost, respectively
Decision variables

Tsirk 1 if issue ¢ assigned to instance k, resource r in sprint s, 0 otherwise
Ys 1 if sprint s executed, 0 otherwise
Zsrk 1 if instance k, resource r is assigned to sprint s, 0 otherwise
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1 Introduction

Completing a project on time and within costs is one of the challenges of project
management. The management of projects at risk has been explored in the literature from
various angles and has led to many methodologies to better predict, manage and even
reduce risks. Many of these studies approach project risk from an activity point-of-view,
where variability in their durations (or costs) can impact the overall duration of the project.
The risks in the durations are usually modeled by probability distributions, and the risk is
imitated through simulation studies and examined how it affects the project performance
during project execution, and ultimately the final project status.

The current study will build on the insights from previous studies, but the risk will
be defined much more specifically than arbitrary probability distributions. In addition,
the interactions between risks (i.e., the occurrence of one risk is likely to trigger another
risk) are taken into account. More specifically, the project network (PN) will be linked
to a so-called risk interaction network (RIN) in which the risk is defined as a connected
set of possible disruptions that could impact parts of the project. This link between a
risk network and the activity network will be analyzed in detail using existing and new
sensitivity metrics that measure the sensitivity of activity variability to the total project
duration. An extended computation experiment is established to analyze whether these
metrics can facilitate the corrective actions that project managers need to take during
project execution.

2 Risk Model

2.1 Model

A double-layer network (PN-RIN) is constructed by linking a project network (PN)
and a risk interaction network (RIN) to model the interaction between the risks and the
activities of a project, as visualized in Figure 1. More precisely, a project is initially rep-
resented by an activity-on-the-node network consisting of activities between finish-to-start
precedence relations, namely project network. Then, the project risks and the interactions
between these risks (cause/effect relations) are identified and constructed as a risk inter-
action network, which is similar to the project network. Since each risk affects different
activities, the final step involves connecting the relationships between activities in the
project network and risks in the risk interaction network.
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Fig. 1. The PN-RIN Model

2.2 Schedule risk analysis

Schedule risk analysis (SRA) comprises three steps, namely constructing a baseline
schedule as a reference, defining uncertainty for activity, and calculating the sensitivity
metrics of each activity. An earliest start schedule is initially built based on the project
network using the well-known critical path calculation. Subsequently, the risks in the RIN
are served as the source of uncertainty for activity, and modeled by three different risk
concepts. The risk event can occur for no reason other than the random occurrence of the
event itself (risk spontaneous occurrence), but can also be triggered by the occurrence of
another risk event that is linked to the current risk event (risk propagation). Both events can
have an impact on the associated activities, causing delays and need for corrective actions
(activity delay). The dynamic process of risk spontaneous occurrence, risk propagation,
and activity delay are formulated and utilized as the basis for conducting the simulation
in the SRA metrics calculations. Finally, Monte Carlo simulation is employed to generate
real activity duration that is changed by the various simulated risk disruptions. After
sufficient simulations, the simulated data can be used to calculate various SRA metrics that,
depending on the calculation, reflect the sensitivity of the activities in different ways. In this
paper, five existing activity sensitivity metrics and a novel proposed metric are calculated
and compared. More precisely, the existing metrics include the criticality index (CI), the
significance index (SI), the schedule sensitivity index (SSI), the cruciality index (CRI,
three versions), and the management oriented index (MOI) (Van Slyke 1963, Williams
1992, Vanhoucke 2010, Madadi M. and Iranmanesh H. 2012). A novel SRA metric, the
risk contribution index (RCI), is designed based on the PN-RIN model to measure activity
sensitivity from a risk interaction point of view.

3 Control model

This section describes the general methodology to simulate project progress, where the
sensitivity metrics will be used to take corrective actions when the project is in danger of
slowing down resulting in delays and project failure.

3.1 Data generation

To compare the different sensitivity metrics, we tested our risk and control models on
a set of various artificial projects from the literature, which were linked to different types
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of risk networks. A series of parameters are selected to maximally vary the structure of the
project and risk networks, as shown in Table 1.

We have selected an existing dataset of project instances from Martens and Vanhoucke
(2019) which consists of projects with |N| = 30 activities, and the serial/parallel (SP)
values ranging from 10% to 100%, in steps of 10%. On the basis of the project network,
a network generator is designed and programmed to obtain the PN-RIN model with dif-
ferent structures. Specifically, the size and complexity of the risk interaction network are
determined by two indicators, namely risk quantity (RQ) and network density (ND). The
quantity of risks (RQ), equivalent to the number of nodes in the RIN, is set as several
times the number of activities. The network density (ND) is defined as the ratio of the
actual edges in RIN to the maximum number of potential edges in the network. With a
given risk quantity, the higher the network density, the more risk interactions exist in the
RIN. Considering the difference between activities in the number of risks impacting each
individual activity, the risk uniformity (RU) is designed to measure the evenness of risk
amounts among activities. In the experiment, each combination of parameters, as shown
in Table 1, contains 100 projects. As a consequence, 19,200 (= 4 x 3 x 4 x 4 x 100) PN-RIN
models are generated and tested in the experiments.

Table 1. Parameters level

Network structure Parameter Values

Project network Serial/ Parallel network (SP) 0.2, 0.4, 0.6, 0.8

Risk interaction network Risk quantity (RQ) 2X|N|, 4x|N|, 8x|N]|
Network density (ND) 0.2, 0.4, 0.6, 0.8

Links between networks Risk uniformity (RU) 0.2, 0.4, 0.6, 0.8

3.2 Simulation with corrective actions

During the project execution, the project manager should determine the SRA metric for
activity sensitivity assessment, select the activity for corrective actions and take corrective
actions on the selected activity. The efficiency of the SRA metric is tested in measuring the
impact of the risks of the activity on project duration. Subsequently, three activity selec-
tion strategies are examined, namely interventive strategy, preventive strategy, and hybrid
strategy. More precisely, the interventive strategy takes actions on the ongoing activities to
mitigate the impact of the risks occurring in the ongoing activities. The preventive strategy
focuses on future activities that not start yet, aiming to prevent their potential risks. In
the hybrid strategy, both ongoing and future activities are considered. In addition to select-
ing the activity that should be taken actions, decisions still need to be made about when
and how to perform the corrective actions. Accordingly, the periodicity and the control
intensity of the actions are considered and tested.

3.3 Project output performance

As the goal is to reduce the project duration, time effectiveness is employed to evaluate
the performance of corrective actions, which has been introduced by Martens and Van-
houcke (2019). The time effectiveness calculates the ratio between average delay reduction
due to actions (Delay™ — Delay¥e®) and the average delay without actions (Delay™?), as
shown in Eq. 1.

Delay™ — Delayves
Delay™

Time ef fectiveness =

(1)
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4 Results

First, the overall results show that the proposed RCI metric outperforms the existing
sensitivity metrics in steering project control. The time effectiveness of corrective actions
using the novel RCI metric is highest, followed by the SSI and MOI metrics. In addition,
the sensitivity metrics are more beneficial for projects with more parallel activities. With
the increasing SP value, the RCI exhibits a marginal decrease, in contrast to the steep
declines observed in other metrics. It indicates that the RCI is more reliable than other
metrics in determining sensitive activities to take corrective actions for different project
network structures under risk interaction. Moreover, at the same size of risk interaction
network, the superiority of RCI becomes more significant as the density of risk interactions
increases (referred as to ND). This illustrates how important it is to also incorporate the
indirect impact of risk (risk events triggered by other risk events) on the project duration
into measuring activity sensitivity under risk interaction, something which is completely
ignored by the other sensitivity metrics (like SSI and MOI).

Subsequently, the overall results show that the use of the hybrid strategy results in
better time effectiveness regardless of the project network structures. Moreover, on average,
the time effectiveness of actions increases with the growing control intensity of action, which
conforms to the intuition. However, in some projects characterized by low or medium
complexity in the RIN, the effect of the actions with low control intensity can rival that of
the actions with high control intensity. This can be explained as follows. In these projects,
the corrective actions with low intensity can mitigate the major risks of sensitive activities
that have both direct impact and indirect impact on project delay, cutting the key paths
of risk propagation in RIN, and thus, significantly decreasing the occurrence probability
of project risks. The slack of activity can counteract the impact of risks remaining in the
activities.
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1 Introduction

In project-based industries, such as the construction industry, having cost-efficient
project schedules is essential to allocate resources for the lowest cost possible. Conven-
tionally, project and personnel scheduling are performed separately in sequence. However,
in previous research, we show that scheduling these two sequentially may not be the most
cost-efficient way. While integrated project and personnel scheduling using mixed-integer
programming (MIP) models has shown promising results, many of the instances consid-
ered are too complex for commercial MIP solvers. In fact, in several cases, the solver is
not even able to find feasible solutions before it is terminated after three hours. Therefore,
we present an adaptive large neighbourhood search (ALNS) procedure to address these
challenges.

Our work aims to build upon these findings by comparing solutions obtained from the
MIP solver and our ALNS procedure. In addition, we want to explore whether there is
any improvement of fixing project schedules and initialising the solver with the best ALNS
solutions. This is of particular interest for the instances in which the MIP solver finds no
feasible MIP solutions within a three-hour time limit.

Although the integrated project and personnel scheduling has not received the same
attention in the literature compared to the project scheduling and personnel scheduling
problems (Maenhout and Vanhoucke 2017), there are some papers that apply heuristic
solution methods to solve the integrated problem. For instance, Kolisch and Heimerl (2012)
introduce a hybrid heuristic approach that utilises a genetic algorithm followed by a tabu
search. Moreover, Van Den Eeckhout et al. (2019) propose an iterated local search (ILS)
procedure. Their perturbation procedure is based on both randomisation and the solution
quality of the previous solutions, and their acceptance criterion is based on hill climbing.
Furthermore, Cordeau et al. (2010) introduce an ALNS procedure to schedule technicians
and tasks in a telecommunications company.

2 Problem description

This paper addresses the integrated project and personnel scheduling problem for mul-
tiple projects at different locations. Each project involves scheduling various preemptive
activities, each with multiple modes and potential precedence constraints. These activities
require personnel with specific skills, and equipment to be completed. The activities are
subject to earliest- and latest-start time windows. Additionally, projects must be finished
by a given deadline.

To satisfy the activities’ personnel demands, we allocate personnel that are available
from both a limited internal and an unlimited external source. Internal employees are
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multi-skilled, while external employees possess one skill only. Both internal and external
employees are allocated to work in non-overlapping stints that respect labour regulations.
A stint is a set of working days and off days that an employee is assigned to. For instance,
if we have a 12-9 stint, the employees work 12 days before they have 9 days off. Each
stint is associated with one project. The costs of scheduling an employee for a specific stint
are influenced by travel and accommodation considerations, which come from the varying
distances between employees’ home locations and the respective project sites. Furthermore,
equipment, either owned or rented, must be allocated to activities. Also, internal equipment
needs to be transported between the activities.

The objective is to minimise overall costs, including salaries to internal employees, costs
related to hiring external personnel, preference violation costs, equipment transportation,
and costs for renting external equipment. Decisions include activity scheduling, personnel
allocation to stints, equipment transportation, and renting of external equipment.

3 Solution methods

The adaptive large neighbourhood search (ALNS) procedure is first presented in Rgpke
and Pisinger (2006). The ALNS is an extension of the large neighbourhood search (LNS)
procedure proposed in Shaw (1997). In contrast to many other neighbourhood-based meta-
heuristic procedures, the neighbourhoods of the LNS and ALNS are not defined explicitly.
Rather, they use destroy and repair operators. The LNS uses only one of each, while the
ALNS can include several destroy and repair operators. What makes the ALNS an adaptive
procedure is that it chooses the destroy and repair operators based on all the operators’
performance in previous iterations. The better the operators perform in previous iterations,
the more likely they are to be chosen in the next iteration. Our ALNS implementation con-
sists of 28 destroy operators and 15 repair operators designed to improve various parts and
structures of the current solution. The destroy operators are divided into four categories,
which consists of destroying the activity schedules, the employee allocations, changing the
modes of one or more activities, and removing the equipment allocations. To repair the
destroyed solution, we have three types of repair operators that repair the activity sched-
ules, allocate employees to meet the personnel demands, and allocate equipment to fulfil
the equipment demands. The initial solutions used by the ALNS are found using a greedy
construction heuristic.

In addition, we provide the solutions generated by our ALNS to the MIP solver using
two different solution methods that we call the fized-projects and warm-start methods.
The fixed-projects approach is a method where the project schedules determined by ALNS
are fixed, while the MIP solver optimises the allocation of personnel and equipment. This
strategy uses the scheduling capabilities of our ALNS to find a good initial schedule, upon
which the MIP solver efficiently allocates the resources. By narrowing the MIP solver’s
focus, this approach can significantly enhance the overall efficiency and effectiveness of the
problem-solving process.

Warm-starting the MIP solver with an initial solution from ALNS is a technique de-
signed to begin with an already promising solution, rather than starting the search from
scratch. This approach enables the MIP solver to search for improved solutions more ef-
fectively since the ALNS solution is more likely to be closer to the optimal solution than
the first feasible solution found by the MIP solver.
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4 Computational study and results

Both a mixed-integer programming (MIP) model and an adaptive large neighbourhood
search (ALNS) procedure have been formulated and implemented, respectively, to solve
this problem. The implementation of the MIP is written in Xpress Mosel and solved using
the Xpress Optimizer, while the ALNS is implemented using C++.

The MIP solver is executed for a maximum duration of three hours for each instance,
while the ALNS is terminated after five minutes have passed. Moreover, the ALNS is run
twelve times for each instance in parallel threads. Also, we check whether fixing the best
project schedules from the ALNS and warm-starting the MIP solver with the best ALNS
solutions yield better results. As the ALNS is run for five minutes before we start the
fixed-projects and warm-start approaches, the maximum computation time for the MIP
solver is set to two hours and 55 minutes.

Both the MIP solver and the ALNS have been tested on 1,500 instances of various
sizes based on the dimensions of the number of projects (p), employees (w), days (d),
pieces of equipment (e), and modes (m). For the results, we use aggregation patterns to
indicate which instances we are aggregating. For example, “p-w-d-e-m” gives the average
over all instances, while “1p-w-d-e-m” is aggregating all the instances with one project.
We measure the performance by using the gap' between the primal and dual bounds. In
cases a solution method does not find any feasible solutions, the gap is set to 100%.

In Figure 1, we see that the MIP on average yields the highest gaps in all aggregations
apart from the one-project aggregation, mostly because the MIP solver mainly finds optimal
solutions for the instances with one project. Furthermore, for the majority of instances
involving five and ten projects, the MIP solver fails to find any feasible MIP solutions,
negatively impacting the aggregated averages. Apart from the one-project aggregation,
the ALNS yields lower optimality gaps on average than the MIP solver for both the best
and average objective value aggregations. On the whole, the best ALNS solution for each
instance roughly halves the optimality gap when compared to the MIP solution from the
solver This shows that the ALNS is able to find relatively good solutions in a short time.
Also, presenting the best ALNS solution for each instance to the MIP solver improves
the solution further by either fixing the projects from the solution or warm-starting the
solver using the solution. As we can see from the aggregations in Figure 1, the warm-start
approach has consistently the lowest average gaps based on these specific aggregations.

_ Best dual bound from MIP

! We define the gap to be Gap =1 Best solulion
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Looking at the overall distribution of the best solutions across the different methods,
the warm-start approach accounts for approximately 48%, the fixed-projects approach for
30%, and the MIP formulation for the remaining 22%. Consequently, even though it finds
relatively good solutions in only five minutes of execution, there are no instances in which
the ALNS finds the best solution. This can be explained by the fact that both the fixed-
projects and warm-start approaches are improving the solutions provided by the ALNS.
Although the MIP formulation finds the best solutions in 22% of the instances, notably in
the instances with one project, as shown in Figure 1, and is able to prove optimality in 25
of the instances, it remains the only method that does not find any feasible solutions in 361
of the instances. The warm-start method does not find more optimal solutions beyond the
same 25 instances as for the MIP, while the fixed-projects approach identifies ten optimal
solutions. As the ALNS does not find any optimal solutions, albeit some are very close,
this indicates that ten of the ALNS solutions have the optimal project schedule but not
the most cost-efficient allocation of personnel and equipment. When it comes to execution
times, both the MIP formulation and the warm-start approach on average spend mostly all
the three allocated hours. In comparison, the longest time for the fixed-projects approach
is one hour and forty minutes, having an average time of eight minutes, which includes five
minutes of running the ALNS, and the ALNS always terminates after five minutes.

5 Concluding remarks

This study presents a problem for the integrated project and personnel scheduling in
project-based industries, such as the construction industry. As the previously formulated
MIP struggles to find feasible solutions for 24% of the instances, an ALNS procedure is
proposed. This approach not only provides feasible solutions to all the 1,500 instances
under study but also allows for further comparisons with the computed MIP solutions.

We find that our ALNS is a promising tool for finding good solutions to the integrated
project and personnel scheduling problem efficiently. Introducing the ALNS solutions to
the MIP solver, either by fixing the project schedules from the ALNS before re-optimising
the resource allocation or to warm-start the solver, further improves the solutions. While
both strategies offer ways to improve the initial ALNS solutions, they require additional
time after the ALNS is terminated. Particularly for the fixed-projects approach, while it
generally does not add much more time, there is a possibility the scheduler might have to
wait more than an hour to find the optimal fixed-projects solution.
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1 The scheduling problem

In this paper we consider a resource-constrained project scheduling problem in which
there are uncertain task durations as well as minimum and maximum time lags between
pairs of tasks. We do not assume any distribution of task durations. We focus on a special
case with the following key features. There is a finite set of resources R,..., R, and
the capacity of Ry is ¢; > 0. There are n identical jobs Ji,...,J,, where each job J;
is a sequence of ¢ tasks, T; 1,...,T;¢. The resource requirements of T; ; is given by the
vector p; € RY, for j = 1,...,¢, and it does not depend on the job, since the jobs are
identical. Each task has a fixed duration, except for the tasks T; ,_1, which have an interval
of possible durations. That is, for j € [¢] \ {¢ — 1}, the common duration of all the tasks
{T;; : i=1,...,n}is dj, a positive number, whereas the duration of the T; ,_; is specified
by an interval [d}, d*2X], meaning that the duration of T} 4 can be any number between
the given lower and upper bounds, and may be different for each i. The tasks of each job J;
are connected by end-to-start precedence constraints, that is, T; ;41 can only start if T; ;
is completed. The minimum time lag between T; ; and T; ;11 is 0, and the maximum time
lag is also 0, except for the last pair, i.e., between T} ,_; and Tj ¢, where it is a common
non-negative number A. Finally, each job J; has a job-dependent release date e; > 0.

Since the tasks T; 1 have uncertain durations, and we also have maximum time lags, it
is not possible to determine the starting times of the tasks in advance, in general. Instead,
the starting times will be determined incrementally by a scheduling policy, which takes into

account the realized durations d~i,g_1 € [d;“_i‘i, d;n_"‘i‘] of the uncertain-duration tasks. Notice

that cZ,,H becomes known only upon completing T; o—;. Let S; ; be the starting time of
task T; ; determined by the policy. Then the .S; ; have to satisfy the following constraints:
— Si,1 > e; for each job J;,
— Sie—1+ LZM_1 < Si¢ < Cip—1+ A for each J;, where C;p—1 = S; -1 + (L-,g_l is the
completion time of T; ,_1,
— Cyj = Sij41 for j=1,...,0—2 for each J;, where C; ; = S; ; + d; is the completion
time of T} ;, and
— For any time point ¢t > 0, let A; be the set of tasks being executed at time ¢, i.e.,
Ae ={Ti; | Si,; <t < Ci;}. The capacity constraints 3, 4, p; < c are satisfied for
any time t > 0.

To define the objective function, we need one more notion. The waiting time of a job J;
is the total time between e; and C;, where no task of the job is processed, i.e., W; =
(Si,1 —ei) + (Sie — Cig—1). The objective is to minimize ), W;

Our main goal is to give a policy that determines the start times of the tasks according
to the incrementally changing schedule. Taking the jobs one-by-one in release date order,
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we determine the earliest time point ¢ for the current job with the property that starting
the job at ¢, no matter what the realized durations of the previously scheduled uncertain
tasks are, the resource constraints and time lag constraints are always met. At each decision
point (i.e. when a task with uncertain duration finishes), we update the schedule according
to the realized task durations and update the start time of the not-yet started jobs.
Motivation from practice. A possible domain of applications is bio-manufacturing, where
some processes have large uncertainty in their duration. For instance, the production of
CAR T cells for personalized gene therapies of patients with a serious disease. In such
a therapy, white blood cells of the patient are genetically modified and returned to the
patient. The production process consists of a number of steps, where the penultimate one
is cell expansion, where millions of CAR T cells are grown in a cell culture (June et.
al. 2018), and the duration of cell expansion may vary from patient-to-patient. In addition,
the variance of cell expansion time may be several days, while the other production steps
are deterministic and take a couple of days (Béckel et. al. 2023).

Numerical example. Suppose we have four identical jobs Ji, ..., Js. Each job J; is a sequence
of 4 tasks (T;1,T;.2,T;,3,Ti.4). T; ; must be started without any delay after the completion
of T; ;1 for j = 2,3, and T; 4 must be started after the end of T; 3 at most A = 2 time
units later. The tasks T; 1,7T; 2 and T; 4 have a duration of 1,2 and 3, respectively, while
T; 3 has uncertain duration in the interval [2,5]. We have two resources, Ry with capacity
3 and Ry with capacity 2. For each job J;, T; 1 and T; 3 require one unit from R;, and
T, 2 and T; 4 require one unit of Ry. Without loss of generality, the jobs are scheduled
in increasing index order. Our policy selects the earliest starting time for each job such
that under any realizations of the uncertain task durations, the schedule remains feasible.
The selected earliest starting times are 0, 0, 4, and 10. The Gantt chart below depicts the
solution constructed at time 0.

71,1 Th,2 T1,3 T1,4 min dur max dur
n I : [ ] I
J2 | L | ]
J3 I:I | L |
Ja O [ I ]
0 5 10 15 20 t

Both of J; and J; can be started at 0, since each resource has a capacity of at least
2. Job J3 cannot be started earlier than 2, since T 2, To 2 and T35 cannot be executed
in parallel because the capacity of Ry is 2. It cannot be started at 2 or 3, otherwise if
the realized duration of both 77 3 and 75 3 is 5 and that of T3 3 is 2, then, since T 4,75 4
and T3 4 cannot be all executed in parallel, at least one of Ji, Jo and J; would violate
the maximum time lag constraint. It is not difficult to check that any realizations of the
uncertain task duration permit starting Js at 4, therefore its earliest starting time is 4.
Similar reasoning shows that the earliest starting time of Jy is 10.

Now suppose the uncertain tasks 77 3 and 753 both complete at time 5. Then, the
schedule is updated as shown in the Gantt chart below. As we can see, job J; can be
started earlier.

T1,3 T1,4
N I I
72 C ] om, 1]
J3
I | l
J4
1 I | [
0 5 10 15 20 t

Related work. The literature on project scheduling with minimum and maximum time lags
combined with uncertain task durations is rather scarce. Fu et. al. (2012) consider stochastic
local search to minimize the expected project duration and they note that the failure rate
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of their method increases as the maximum time lags between the tasks diminish. Research
on stochastic project scheduling, or project scheduling with minimum and maximum time
lags is abundant. For instance, Rostami et. al. (2018) propose a new stochastic scheduling
policy which after some preprocessing, makes the final decisions online as the project
progresses. However, no maximum time lags between pairs of activities are permitted.
Davari and Demeulemeester (2019) considered a variant where the possible realizations of
task durations are vectors that constitute a finite set of scenarios, and each scenario has
a probability. The authors propose four models for solving the problem. There are many
approaches for solving RCPSP /max either exactly, or heuristically Kreter et. al. (2016).
Main results. (i) We describe an iterative algorithm for constructing a robust schedule.
The schedule is feasible for any realization of the uncertain task durations within the given
limits, and at the same time each job starts as early as possible relative to the schedule
of previous jobs; (ii) We prove that our method is of polynomial time complexity. This
is a striking result as robust scheduling problems may well be beyond the class NP, the
class of decision problems which admit polynomial size certificates that can be checked in
polynomial time. (iii) To measure the efficiency of our method, one can compare its waiting
time to the offline optimum, i.e. the total waiting time of the best schedule for the problem
where the duration of every task is known in advance. We have shown that our problem
does not have an approximation algorithm of constant approximation ratio.

2 Main results

In this section we give an overview of our scheduling policy and its properties. We have
a set of jobs Jy, ..., J,, with release dates e; < --- < e,,. The initial part of any job consists
of the first ¢ — 1 tasks. Our method for completing all the jobs goes as follows:

Proactive-Reactive Method

. Compute an initial schedule S using Robust Scheduling Algorithm.

. Execute the tasks in S until an uncertain task or all the job get completed.

. If all the jobs are completed then STOP.

. Recompute the schedule S using Robust Scheduling Algorithm, and proceed with
Step 2.

=W N

The crux of the method is the Robust Scheduling Algorithm which takes as input
the current state of the system, and outputs a new schedule. The state of the system is
described by the set of completed tasks, their completion times, and the starting times of
those tasks that are being executed at the moment the scheduling algorithm is invoked.
The schedule specifies a starting time for each not-yet-started task except for those last
tasks, where their preceding uncertain task (of the job) is not completed. The algorithm
processes the jobs which are not started yet in non-decreasing release date order, and deter-
mines the earliest starting time of each job in turn in polynomial time. Finally, it provides
the starting times for the last tasks of those jobs which admit a completed uncertain task.

Robust Scheduling Algorithm
input: status of the jobs, and current schedule S.
output: updated schedule S’.

1. Let J, be the subset of those jobs not started yet, and 7. the subset of those jobs
where the uncertain task is completed, but the last task is not started yet.

2. Process the jobs of 7, in non-decreasing release date order. Let J; be the next job to
be processed.
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3. Determine a set A; of possible starting times for J;.

4. Process the time points in A; in increasing order. Let ¢ be the next time point to be
verified.

5. Check if J; can be started in ¢ such that no resource and maximum time lag constraints
are violated for any choice of the duration of the uncertain tasks which belong to some
job in S and also that of J;. If the answer is YES, then fix the starting time of J; at ¢,
and add to S the initial part of J;. Otherwise proceed with the next time point in A;.

6. Extend S by the last tasks of the jobs in 7.

In Step 5, the procedure for checking if J; can be started at time point ¢ is of polynomial
time complexity, and boils down to scheduling the last tasks greedily after setting the
durations of the uncertain tasks. The main point is that the set of task durations to
be verified is of polynomial size in the input, and depends only on the schedule of the
fixed duration tasks in S, and determining this set takes polynomial time. Finally, the
computation of the set A; also takes polynomial time. Hence, we have the following result:

Theorem 1. The Robust Scheduling Algorithm constructs a schedule in polynomial time
which is feasible for any realization of the uncertain task durations within the given limits.
Moreover, each job starts as early as possible relative to the previously scheduled jobs.

3 Final remarks

Our Proactive-Reactive method can also be used in an online scenario, where the jobs
arrive one-by-one at their release dates. This is indeed our main application area. However,
the method is suitable to handle this problem, since it schedules the jobs in non-decreasing
release date order. In future work we aim to compare our method to stochastic ones, where
some distribution of task durations are known, and which can take, at least in principle,
maximum time lag constraints into account.
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1 Introduction

Industrial projects often face cost and time overruns due to uncertainties (De Meyer
et al. 2002). Furthermore, almost half of all projects fail to satisfy stakeholders by not
delivering the expected value (The Standish Group 2015). To address these challenges, this
research puts forth an innovative reinforcement learning (RL) based approach to balance
project schedule, cost, and value under uncertain activity durations.

Project value is determined by multiple attributes that represent the extent to which the
project meets stakeholders’ needs and expectations. These attributes may include scope,
quality, reliability, aesthetics, features, functions, size, availability, and more. Value pa-
rameters associated with each project activity capture its contribution to overall value.
For example, in a radar system project, value attributes can be range, quality, and relia-
bility. The project value is a weighted sum of the value attributes. The selection of modes
for each activity directly impacts the value parameters and thus the overall project value.

The research introduces models and algorithms to tackle three distinct project man-
agement problems that aim to create stable and robust project baseline schedules:

1. Lean project management (LPM) to maximize value while meeting chance constraints
for schedule and budget.

2. Chance-constrained critical chain buffer management (CCBM) to minimize project
delivery time.!

3. Tradeoff between project value and net present value (TVNPV) to optimize weighted
achievement of both objectives.

Together, these problems cover the interrelated aspects of overruns, value shortfalls,
and scheduling delays plaguing projects.

2 Novel Contributions

The research offers several key contributions:

e New LPM, CCBM, and TVNPV models with chance constraints and stochastic activity
durations.

e An LPM model maximizing value under chance constraints (first such formulation,
Szwarcfiter et al. 2022).

e A direct chance-constrained approach for CCBM (new to literature, Szwarcfiter et al.

2023b).

157



Booklet of abstracts for the 19" International Workshop on Project Management and Scheduling, April 2-5, 2024

e Joint optimization model for project value and robust NPV (new concept, Szwarcfiter
et al. 2023a).

e RL heuristics to solve the models (innovative application).

e Efficient frontiers showing tradeoffs between objectives for decision-making.

3 Solution Methodology

The study utilizes a Monte Carlo control RL method leveraging simulation (refer to
Sutton and Barto 2018 for the RL terms employed in this paper). Chance constraints
are handled via a scenario approach (introduced in Calafiore and Campi 2005) to tackle
uncertainty. This involves:

1. Generating N samples or scenarios to represent possible outcomes for the random
activity durations in the chance constraints.

2. Replacing the deterministic constraints with their scenario-based counterparts. For
example, the due date constraint becomes a set of IV constraints, one for each scenario.

3. Ensuring the proportion of scenarios that satisfy the probabilistic constraints meets
the desired levels. For example, if the desired on-time probability is 95%, at least 95%
of the N sampled scenarios must finish within the due date.

4. Solving the resulting mixed-integer linear program with the scenario-based chance con-
straints.

In this way, the SA method transforms a stochastic optimization model with chance con-
straints into a deterministic equivalent that can be readily solved by standard solvers.

The RL framework begins by placing an agent in a state .S, which represents a project
activity. The agent takes an action A, which involves selecting a mode 7i; and additionally,
in the CCBM and TVNPV cases, a start time fj for activity j. The agent then transitions
to the next state S’ and receives a reward R’. This pattern continues as the agent goes
through each activity. The objective is to learn a policy 7(S, A) to maximize cumulative
reward. An action-value function ¢(S, A) estimates the expected reward for taking action
A in state S.

For the LPM problem, the reward R is the project value if the solution meets the
chance constraints; otherwise, R = 0. For CCBM, R is proportional to m
For TVNPV, R is the weighted objective function value.

The RL algorithm has an initialization phase where optimistic action values encourage
exploration. Then in each iteration:

1. Calculate an e-greedy policy 7 using the action values ¢
2. Follow policy 7 to select modes 72; and times fj

3. Compute reward R for the selected actions

4. Update action values g using the reward R

5. Repeat until convergence

Two action value update rules are used. The first averages all rewards obtained when
selecting a mode. The second uses constant step size to give more weight to recent rewards.

4 Experiments

The models and algorithms were tested on standardized PSPLIB (Kolisch and Sprecher
1997) and MMLIB (Vanhoucke and Coelho 2018) datasets. Duration uncertainty was mod-
eled via 3-point estimates. Comparative analysis used:

e LPM: Genetic algorithm and mixed integer linear program (MILP).

e CCBM: Priority rules and MILP.
e TVNPV: Tabu search and MILP.
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5 Key Results

The RL methods proved effective, outperforming benchmarks in multiple experiments.
The main findings include:

e RL generates higher project value than genetic algorithms.

e Solving chance-constrained CCBM yields shorter schedules.

e RL delivers competitive CCBM solutions vs. heuristics and MILP.
e RL determines efficient project value vs. NPV tradeoffs.

6 Implications and Future Research

The models and methods equip managers to balance objectives under uncertainty. Plot-
ting efficient frontiers facilitates focused decision-making. Fig. 1 depicts an example effi-
cient frontier for LPM. Fig. 2 shows an efficient frontier for TVNPV, where the robust
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Fig. 1. LPM efficient frontier

NPV (zrNPV) refers to the project NPV that is achieved with a likelihood of at least the
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include scaling with approximation methods.

7 Conclusion

The study introduces new models advancing project value, scheduling, and risk manage-
ment. RL demonstrates applicability for these problems, despite limited use thus far. The
findings offer promising directions to support planning and optimization in project-centric
operations.

Notes

!The project delivery time refers to the overall time-buffered project duration that includes
the baseline schedule, activity durations, and project buffer. By minimizing this duration subject
to the chance constraint of meeting the desired on-time probability, we directly search for the
shortest robust schedule.
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1 Introduction and related work

High-energy prices are driving industries to consider energy efficiency as an important
metric to evaluate their performance. Researchers on the other hand, have developed meth-
ods to treat energy efficient scheduling problems. The relevant literature for our work lays
in the intersection between two main elements: scheduling problems and energy efficiency.
Hybrid and flexible flow shop scheduling problems are very common in the industry. When
combined with a multi-line system, they may offer more flexibility and improve the pro-
duction capacity of the manufacturing system. Energy efficient hybrid flow shop scheduling
problems have been addressed in the literature using exact methods and meta-heuristics
(Schulz et. al. (2019)). Li et. al. (2018) proposed a heuristic with the goal to minimize total
energy consumption and the makespan for a hybrid flow shop scheduling problem. Gong
et. al. (2020) suggested a meta-heuristic to tackle human and energy efficiency indicators
for a flexible flow shop problem. In this paper, we treat a new scheduling problem which
is an extension of a hybrid flow shop scheduling problem with energy considerations. To
the best of our knowledge, there is a very limited available literature regarding energy
efficient multi-line hybrid flow shop scheduling problem and was treated for the first time
in Taguemount et. al. (2023). Another scheduling problem that may be assimilated to a
multi-line hybrid flow shop is the distributed hybrid flow shop. Meta-heuristic algorithms
have been widely proposed to solve distributed hybrid flow shop scheduling problems for
their performance in solving industrial instances and in generating quality solutions in a
reasonable computing time. Lu et. al. (2021) developed a heuristic for the optimization of
total energy consumption and the makespan for a distributed flow shop scheduling prob-
lem. Wang and Wang (2022) tackled energy efficiency within a distributed hybrid flow
shop system by optimizing total energy consumption and makespan.

2 Problem Definition

The problem is formulated as a multi-line hybrid flow shop scheduling problem (MHF-
SSP) with a time of use pricing structure. In this problem, a job j € J has to be assigned to
aline [ € L; and to be operated on consecutive stages consisting of one or more parallel het-
erogeneous machines m € Mj;,. Every operation o € Oj; has a processing time Pjjo,, and
can be divided into Pjj,p, sub-operations. The problem considers a total energy consump-
tion Ejjom for every operation and a peak power Wijom for its it sub-operation. Wy, qz
and TEC,,,, are respectively maximum power consumption and maximum total energy
consumption over the makespan. The goal is to determine the starting dates of all opera-
tions o € Oj; in order to minimize the total energy cost Cr. In Taguemount et. al. (2023),
a time-indexed approach has been investigated to solve the problem.
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2.1 An example of a multi-line hybrid flow shop architecture

We consider a system of three jobs, two lines and five machines (Fig.1). Every line has
a number of stages. jo can be processed both on line 1 and 2, j; can only be processed on
line 1, jo can only be processed on line 2. The processing times and energy consumptions
are predefined. Energy prices are defined per consecutive time slot durations.

M3

L2
M1 — M2

RF

Fig. 1: Multi-line hybrid flow shop

3 Algorithm

In order to obtain solutions to a MHFSSP, we propose a multi-start heuristic approach
consisting of: (i) a randomized solutions generation, (ii) an evaluation procedure, (iii) a
stochastic local search algorithm.

3.1 Encoding approach

Amongst all solution representations in the scientific literature, we have selected the
repetition vector as this representation permits to consider the order between jobs according
to their starting date on machines. Therefore, solutions represent a feasible order between
operations. Considering the characteristics of a MHFSSP, a solution is viewed as a triplet
vector (v,0,m), where v denotes the assignment of each job to a production line, o is the
assignment vector stating which of the parallel machines at a given stage should perform
the operation (i.e. Suppose that job jp is assigned to line 1 in Fig.1. At stage 2 of line 1, an
operation could be performed either on M2 or M3 if both are available. If operation 2 of
job jo is performed on M2 then ¢[2]<0.5, if M3 is chosen then ¢[2]>0.5) and 7 determines
the sequencing order of jobs and is built as a repetition vector.

3.2 Decoding approach

The decoding approach is based on an earliest starting date approach. All jobs j are
assigned to a line [. For every job, a machine m is selected amongst all parallel machines
at every stage. To determine the earliest start date of each job j7 on machine m, we shall
consider the order between the operations of a job and positions of jobs on machines. We
note Cj,—1 as the completion time of job j at stage £ — 1 and C}, is the completion time
of job j' at stage k. A job j is operated on machine m at stage k once job j at stage k — 1
and job j’ on machine m at stage k have been completed. For each job j on machine m, the
start date equals maximum (Cj/k, Cjr—1). The start date of a job j at stage k equals the
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end date of job j at stage k — 1 with respect to the processing order of operations of job j.
Moreover, it equals the end date of job j’ at stage k when there is only one machine at stage
k. The job j on machine m starts at the earliest date considering the precedence constraints
and the availability of energy resource. The computed objective function is equal to the
energy cost while adding up a penalty if the makespan, the energy consumption and the
peak power upper-bounds have been exceeded.

3.3 Local Search Algorithm

Launching a stochastic local search algorithm permits to generate potential vectors
(v,0,m) minimizing energy cost with respect to makespan, energy and peak limits by ex-
ploring a set of neighbors (v',0’,7’) of the initially generated solution. A number p is
randomly selected from ]0, 1[. If p < 0.33 then we generate the neighboring vector # of .
Furthermore, when p < 0.66, the neighboring vector ¢’ of ¢ is constructed and if p < 1
then the neighboring vector 4/ of v is built. The neighboring vectors are generated through
randomly applying disturbances on the initial solution’s triplet vectors. 7’ is generated
by switching the position of two randomly selected jobs’ occurrences. A new vector o’
consists in randomly changing the value of a machine’s assignment. Moreover, A different
line is selected for a randomly chosen job to generate the neighboring vector of . The
objective function of the neighboring solution S’ obtained from S is then computed. If
objective function(S") < objective function(S) then S’ is kept as the current solution, and
the local search continues until reaching a predefined number of iterations. Finally, S is
kept as the best found solution.

4 Results

The implementation of the algorithm to solve the example in section 2 has given the
solution in Fig.2 below. This solution can be represented by the triplet «[i] = [1 220 1 0],
ofi] =1 0.6 1021 1] and v[j] = [1 1 2]. The algorithm is implemented considering
the following parameters: Maximum total energy consumption TEC),4, = 500; maximum
power peak WL = 30; Maximum makespan C,,, = 30. The result is displayed as a Gantt
chart in Fig.2 which illustrates the peak power per step time and the periods of energy
price variations. The returned cost equals 4962. As can be viewed in this figure, maximum
power consumption is reached at periods P1 and P5, the heuristic places operations at the
earliest starting date considering the order between operations and the positions of jobs on
machines (i.e. the second operation of j, is assigned to M3 at stage 2 of line 1 starts right
after the end of operation 1 of job jp).

5 Conclusion

In this abstract, a heuristic approach is investigated for a multi-line hybrid flow shop
problem with energy considerations. First, further tests and analysis of the heuristic’s
performance will be conducted by implementing the algorithm on a set of instances. We
will create instances that vary in terms of instance size, flexibility level, upper-bounds
on parameters (i.e. makespan, total energy consumption and peak power). Since hybrid
flow shop and distributed hybrid flow shop scheduling problems have been treated in the
literature using heuristics and meta-heuristics, it would be also interesting to compare
the performance of the proposed algorithm to other algorithms by applying it to a set of
instances from the literature while adapting them to this particular scheduling problem
structure and energy efficiency context.
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Machines

L1-51-M.1
L1-52-M.2
L1-S2-M.3
L2-51-M.4
J2
- 14
L2-52-M5 23 )
Time
PO P1 P2 P3 P4 PS5 PO
5 10 12 18 16 9 5

instance_20 - makespan: 25 - cost: 4962 - peak: 27 - energy: 399

Fig. 2: Obtained solution using the meta-heuristic on the numerical example: Gantt chart
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1 Introduction

As projects become more and more complex and the external environment increasingly
uncertain, projects become susceptible to various risks that could potentially disrupt their
execution. Such interruptions can have a profound impact on the availability of project
resources and the realized project duration, and project managers should therefore evaluate
the possibility and severity of uncertainty before establishing a baseline schedule (Deblaere
et. al. 2011). By building sufficient buffers against time and resource conflicts into the
project schedule, they can be better prepared for possible disruptions and better mitigate
the impact on the planned schedule when unforeseen emergencies arise (Lambrechts et.
al. 2008).

Of all the sources of uncertainty that exist in a project, disruptions in the duration
of activities are a central concern for project managers (Chen et. al. 2018). Since the
duration estimates in the project schedule always contain a certain degree of uncertainty,
deviations from these estimates must be taken into account (Van de Vonder et. al. 2008).
Therefore, significant research efforts have been devoted to the domain of uncertainty in
project scheduling, with an emphasis on creating schedules that show a high degree of
resilience in the face of unforeseen disruptions.

This study will extend the deterministic resource-constrained project scheduling problem
(RCPSP) to a stochastic version focusing on the uncertainty of the duration of activities.
More specifically, the study aims to construct a project schedule that changes as little as
possible when disruptions occur during project execution by using activity buffers. The
project schedule will be generated by an adaptive Tabu Search method to optimize the
trade-off between stability and the expected project duration. This method makes use of
three definitions of possible conflicts that may arise in the project schedule to obtain the
best possible schedule.

2 Problem Statement

2.1 Stochastic activity duration

In the stochastic project scheduling problem, a project can be represented by an acyclic
activity-on-the-node network G = (IV, A), where the non-dummy activities are character-
ized by the node set N = {1, ...,n} and the precedence relations between activities i and j
by the arc set A, i.e. (i,j) € A. The project also consists of a dummy start activity 0 and
a dummy end activity n + 1, which both have a zero duration and resource requirement.
Each activity ¢ € N has a non-zero duration d; and a non-zero requirement r; ;, of resource
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type k per unit time. There are K types of renewable resources and each resource type
k has a fixed resource availability Ry. T'S; denotes the set of all the transitive successor
activities of activity ¢ and S} denotes the set of all its immediate successors. A schedule s
contains the start times s; of all activities i € N and the project should be completed prior
to the deadline §. The weight w; represents the instability cost caused by activity ¢ and
has a crucial part in the trade-off between the stability and the expected project duration
of a schedule.

This paper assumes that every activity ¢ has both a certain part and an uncertain part
of the duration, and the uncertain part follows a lognormal distribution, i.e. d; ~ Ln(ju;,07)
with the mean duration p; and standard deviation o;. This uncertain part of the duration is
then limited to a range of the activity duration between two percentiles, a lower percentile
and an upper percentile. As a result, the activity execution period can be formulated as a
combination of the certain and uncertain part.

Therefore, the cumulative distribution function cdf;(t) of d; will represent the possibility
of activity ¢ being completed before time ¢ given the uncertain part of the activity execution
period and 1 — cdf;(t) represents the possibility that activity ¢ is not completed before time
t. This information will subsequently be used to determine the probability and impact
of conflicts between activity ¢ and its successors, and thus the maximum risk caused by
the uncertainty of activity i. This degree of conflict risk among related activities impacts
the instability of the project execution, and in the following section the types of potential
sources of conflicts are briefly outlined.

2.2 Three types of conflict overlap

Three sources of conflicts will be analyzed and a measure of the possibility of conflicts
will be proposed along the following lines:

Precedence conflict Conflicts arise when, for precedence related activities, the succeed-
ing activity starts before the certain completion of the preceding activity and the total
risk of the conflict can be computed based on cdf;(t).

Resource conflict Besides the precedence relations, the resource availability also con-
strains the activities in the project. When creating the baseline schedule based on the
mean value of the activity durations p;, the overlap of the uncertain parts of the du-
ration from various activities could potentially result in a resource conflict and should
therefore be considered.

Deadline conflict Project deadlines limit the execution of activities near the end of the
project and thus restricts the certain execution interval of activities to exceed the
project deadline. However, there is a possibility that the uncertain execution interval
of these activities exceeds the project deadline, resulting in a deadline conflict.

Given these three types of conflicts, the overall conflicts in the project are determined
by multiplying the individual activity conflicts together with the activity weights. The
more conflicts in the project, the greater the project risk during actual implementation.
Therefore, this paper aims to minimize the project conflicts by reasonably arranging the
start time of activities by using an efficient solution method discussed in the following
section.

3 Solution Method

Our solution method is derived from the Earliest-Start Policy by Stork F. and Uetz M.
(2005) in order to reduce the number of temporary minimal forbidden sets (TMFS) in a
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baseline schedule using a Tabu Search procedure. Below, we briefly outline the different
steps of the algorithm.

Step 1 Initiate a schedule sy using the serial schedule generating scheme (SSGS) with
a random activity list AL and a time buffer list BL presented in Lambrechts et. al.
(2008). The AL and BL will be added to the activity tabu list ATL and buffer tabu
list BT L respectively.

Step 2 Find out all the TMFS, in which the resource requirement of all the activities is
over-usage but the resource conflict will be eliminated when any one of the activities
is removed.

Step 3 Adjust the start time of activities in TMFS forward or backward in order to
mitigate the conflicts and add all the local improved solutions into the tabu lists AT'L
and BTL.

Step 4 Generate a new AL after a certain number of iterations without improvement in
BL, by swapping the activity pair following the greedy strategy to reduce the most
weighted overlap respecting the precedence relationship.

Step 5 Go back to step 2 until any of the stop criteria is reached.

4 Experiments

4.1 Generation of test instances

We use the 480 instances with 30 activities from the well-known PSPLIB for the RCPSP
and assume that the activity durations follow a lognormal distribution, as shown in Table
1. The weights of all the non-dummy activities are generated from a discrete, triangular
shaped distribution between 1 and 10 with respect to P(w; = x) = 0.21 — 0.02z Van de
Vonder et. al. (2008). The weight of the dummy end activity denotes the marginal cost of
not meeting the project deadline and is important for dealing with the deadline conflicts.
It is set equal to w,+1 will be fixed at |10 x 3.85]. In our experiment, the project deadline
6 of each instance is set equal to the optimal makespan in the deterministic environment
and a deadline factor «. This factor models the trade-off between the project stability
and project duration, and is set to three levels in our study (10%, 20%, 30%). For the
evaluation of a schedule, the weighted deviation of realized and scheduled start times
represents the stability measure (M1) and the total number of times that the deadline is
surpassed represents the protection measure (M2).

Table 1. The parameters of the lognormal distribution

m 02 variance
3d; 10 dy

V3d} d;
Lgn2 In( o ) ln(%) -

Lgn3 In( dz;) In(2) d;

4.2 Benchmarks schedules

The schedules generated using our will be benchmarked against three types of schedules:

Benchmark Schedule 1 (BS1) This benchmark solution assumes a static environment
as we use a state-of-the-art heuristic method to solve the basic RCPSP under deter-
ministic activity duration.
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Benchmark Schedule 2 (BS2) This benchmark solution is generated using the robust-
ness measure proposed in Lambrechts et. al. (2008),i.e. MazFS = Z;Vd CIWjZf;Sf et
Benchmark Schedule 3 (BS3) is generated by the STC method proposed in Van de

Vonder et. al. (2008).

The results of the computational experiments provide the following insights. First, a
increased attention to stochastic activity durations improves the schedule stability and de-
creases the expected project makespan compared to the deterministic assumption. Second,
the method adopted in this study proves to be more effective than existing methods in
improving both the stability and reducing the project makespan. Finally, decision makers
can achieve a trade-off between the schedule stability and the protection of the project
makespan by adjusting the relative activity weights.

5 Conclusion

In uncertain and complex projects, the assumption of deterministic activity duration
has become obsolete and project managers need to consider stochastic activity durations.
In order to deal with the trade-off between the schedule stability and the project makespan,
we study three types of conflicts (precedence, resource and deadline). We conclude that our
adaptive Tabu search procedure can generate better schedules compared to three bench-
marks in terms of both schedule stability and expected makespan objectives.
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1 Introduction

In this contribution we focus on a particular setting in which two agents are concerned
by the scheduling of a set of n jobs. The first agent, called the leader, can take some deci-
sions before providing the jobset to the second agent, called the follower, who then takes
the remaining decisions to solve the problem. As an example, the leader could select a
subset of n’ < n jobs that the follower has to schedule. Notice that the decisions the agents
can take are exclusive: in this example, the follower cannot decide the jobs to schedule
and the leader cannot schedule the jobs. This setting falls into the category of bilevel op-
timization (Dempe et al. 2015). In such problems it is assumed that the leader and the
follower pursue their own objectives which can be contradictory, so leading to very hard
optimization problems. The existence of potential multiple optimal solutions to the fol-
lower’s problem leads to two classes of problems (Dempe 2003): optimistic and pessimistic
bilevel problems. In an optimistic bilevel problem, it is assumed that the follower returns,
among all its optimal solutions, the one that leads to the smallest value of the leader’s
objective function. On the contrary, in a pessimistic bilevel problem, it is assumed that the
follower returns its optimal solution that is the worst for the leader’s objective function.
Another class of bilevel optimization problems can be met in the literature, that are called
adversarial bilevel problems. In this setting, the leader takes decision so that the optimal
solution of the follower’s problem is the worst possible.

Recently, many papers on bilevel combinatorial optimization appeared, here we refer
to (Caprara et al. 2016, Della Croce and Scatamacchia 2019, Fischetti et al. 2017, Fis-
chetti et al. 2019, Fischetti et al. 2018, Woeginger 2021) just to mention a few. On
the other hand, to the authors knowledge, the literature on bilevel scheduling is much
more limited. (Karlof and Wang 1996), and next (Abass 2005), first considered a flow-
shop scheduling problem with operators where the leader determines the schedule of op-
erators to minimize the sum of job completion times while the follower determines the
schedule of jobs to minimize the makespan. (Kovacs and Kis 2011) consider an optimistic
bilevel single machine problem in which the leader selects the set of jobs the follower
next schedules. Following the standard scheduling notation, this problem is denoted by
1OPT—n,r;,dj| > wk;, > wl' CF, with OPT—n meaning that the optimistic setting is
considered and |} ijasj is the total weight of selected jobs. (Kis and Kovacs 2012) consid-
ered both the PIOPT — Ay| Y-, wiCF, Y wi'C{ and P|PES — Ax| Y- wiCy, Y wi Cf
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problems: they correspond to the optimistic (OPT') and pessimistic (PES) settings of the
problem where the leader defines the set of jobs Ay assigned to any machine k while the
follower sequence them on each machine. The problem is shown to be strongly NP-hard.
(Kis and Kovacs 2012) considered again the 1{OPT — n,r;, d;| 3=, wiz;, 3 wi Cf prob-
lem and showed that it is weakly AP-hard.

In this work we focus on single machine scheduling problems in the bilevel adversarial
setting. It is a follow up of (T’kindt et al. 2024). We define in section 2 the different scenario
that can be met and we provide a synthesis of the proposed results. Section 3 provides
details about some of these results. Section 4 consider extensions of these problems to
optimistic problems.

2 Adversarial bilevel single machine scheduling

It is assumed that n jobs are to be scheduled on a single disjunctive machine. Each
job j is defined by a processing time p; and, depending on the problem, a weight w;
or a due date d;. The follower is scheduling jobs so that its objective function f¥' €
{2 CJF,Z]- wa’JF,Lf:mx,Zj UF} is minimized. Beforehand, the leader can take some
decisions that impact the instance solved by the follower. In this contribution we consider
the scenario when a set of NV jobs is given to the leader. Next, he selects a subset of n < N

jobs, for any given n, that the follower schedules.

The leader takes decisions so that the optimal solution computed by the follower is as
bad as possible. In this contribution, we focus on scenario (S1). Considering the three-field
notation for scheduling problems, the corresponding problems are denoted by ADV — n.
The proposed results, discussed during the conference, are summarized in Table 1. Notice
that we focused on problem that are polynomially solvable in a classical setting: those
that are already known to be AP-hard in the classical setting, e.g. 1[|>_; T}, cannot be
polynomially solvable in the adversarial bilevel setting. Table 1 shows that, surprisingly,
the minimization of Zj ijJF is an open problem. Also, minimizing the number of tardy
jobs > y U JF can be achieved in polynomial time but the problem of deciding whether or
not there exists a schedule with jobs in £ tardy, with £ a given set of jobs, is an N'P-hard
decision problem.

Polynomially solvable problems
1JADV — |y, CJ1I[ADV —n|L}4x
1ADV —n|Y. US
NP-hard problem
1|ADV —n, L]|—

Open problem
LADV —n|y, w;C}

Table 1. Complexity status of some bilevel single machine scheduling problems
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3 Solving problem 1|ADV —n|3}_, ijJF and 1{ADV —n|}_; UJF

First, consider the unweighted case, i.e. the minimization of > ; CJF . The bilevel prob-
lem can solved in polynomial time as follows: (1) the leader selects the n jobs with the
largest processing times, (2) the follower schedules these n jobs in increasing order of their
processing time (SPT order).

When generalizing to the weighted case, one could think that the following algorithm is
optimal: (1) the leader selects the n jobs with the largest ratio 7%_, (2) the follower sched-
ules these n jobs in increasing order of their ratio (WSPT order). It is a natural intuitive
extension of the algorithm for the unweighted case but that is, unfortunately, not correct.
It is enough to consider the following counter example with N = 4 jobs, p = [10;1;3;1]
and w = [1000; 2;4;1]. Suppose n = 3 and let s = (2,3,4) be the solution obtained if the
leader selects the 3 jobs with largest ratio % We have 3, w; CF(s) = 23. But if the leader

selects jobs {1,2,3} then WSPT gives s' = (1,2,3) and >, w;Cf (s') = 10078,
A thorough analysis of the problem enables to establish the following result.

Lemma 1. Let be two jobs k and £ such that:

Pr  Pr
1. wr < wg? and

2. There are at least n jobs j such that 5}—’; < f;—-;, and
3. There are strictly less than n jobs j such that 2£ < Pi,

we wy

Then, the two following conditions hold:

(C1) if we > wy, then there does not exist an optimmal solution to the bilevel problem in which
k is selected and not ¢.

(C2) if wy < wy and pr > pg then there does mot exist an optimal solution to the bilevel
problem in which ¢ is selected and not k.

However, the complexity of the 1{ADV —n| . w; CJF problem remains open: this prob-
lem seems to be at the border between easy and hard problems.

Now, assume that each job j has a due date d; and the follower minimizes the number
of tardy jobs Zj UJF with UjF =1if CJF > d; and 0 otherwise. We assume that jobs are in-
dexed following the non-decreasing order of their due date (EDD order), i.e. d; < ... < dy.
To solve this problem, we propose a dynamic programming algorithm.

Let C(j, k, €) be the value of the smallest makespan when k jobs among the j first ones
are selected and e of them are tardy. We have:

C(j,k,€) =
max | C(j—1,k,e) ;min (C(j —1,k—1,e—1); C(j—1,k—1,€) +p; )
N——————’
7 is not selected j is tardy if C(j—1,k —1,€) +p; < dj; +oo otherwise

j is selected

with C(j,k,e) = 400 whenever € < 0 or € > j, C(j,k,e) = —oco whenever j < k, and
C(0,0,0) = 0. Notice that the two terms inside the min() correspond to j being scheduled
tardy and, respectively, being scheduled early. Besides, whenever the min() returns +oo,
this value must be transformed into —oco during the recursions. This is due to the fact that
when the min() returns +oo there is no feasible solution when j is selected and this term
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must be transformed to —oo to be taken into account in the max() as an infeasible decision.
Solving the bilevel problem requests to determine the greatest value ey such that
C(N,n,ey) # —oo. This dynamic programming algorithm requires O(/Nn?) time and space
which implies that the 1{ADV —n|}_, Ul problem can be solved in polynomial time.

To conclude this section, and in order to further highlight how challenging bilevel
scheduling problems are, we consider a problem closely related to the above 1|ADV —
n 2, UJF problem. Assume that the list £ of tardy jobs is imposed, that is the problem
turns to a decision problem where the leader has to select (n — |£]) jobs so that when
the follower schedules the n jobs, only those in £ are tardy. This problem is denoted by
1JADV —n, L|— and is proved to be N"P-complete by reduction from Equal-size Partition.

4 Extension to optimistic problems

At the conference we will also provide results about some optimistic problems. We
will notable focus to the case when the follower minimizes the sum of completion times
>-; Cj'- We will show that when the leader minimizes the number of tardy jobs -, U/
the bilevel problem can be solved in polynomial time. However, the problem turns to be
NP-hard when the leader minimizes the weighted number of tardy jobs Zj w; UjL or the

total tardiness Y T}
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1 Introduction

In this work, a robust real-life multi-skill resource-constrained multi-project scheduling
problem is modeled and solved. The problem is motivated by the scheduling problem faced
by the ten heavy maintenance centers of SNCF, the French national railway company,
where the most heavy maintenance operations, and thus longest ones (several weeks to
several months), are carried out. Several rolling stock units are maintained simultaneously,
and each unit is considered as a project. To complete each project, a set of activities
that require resources with different skills must be performed. Different types of multi-
skilled resources (maintenance operators and machines) with different characteristics and
constraints are taken into account (Torba et al. 2024).

In the context of heavy maintenance, many operations are performed by human oper-
ators and estimating the required workload is not easy. Moreover, uncertain tasks, with
a known probability to be required or not, should also be considered. This paper extends
our previous work in (Torba et al. 2024) and integrates the different uncertainties in the
decision process to generate robust schedules i.e., schedules that remain efficient in case
of disturbances. To build robust schedules, involving hundreds of projects and thousands
of operations, scenarios with a limited budget of uncertainty (Bertsimas & Sim 2004) are
embedded into a memetic algorithm (MA). The objective is to maximize the probability
of meeting the customer deadlines.

2 Literature review

The resource-constrained project scheduling problem (RCPSP) is a NP-hard opti-
mization problem that involves scheduling a set of activities subject to precedence con-
straints and resource availability (Deblaere et al. 2011). Since its formulation by (Pritsker
et al. 1969), many extensions and solution methods have been proposed. A generalization
of the RCPSP is to consider the resource-constrained multi-project scheduling problem
(RCMPSP) which better addresses the complexity of some real-world applications (Lova
et al. 2000). Solving the RCMPSP is more challenging due to the simultaneous manage-
ment of multiple projects, leading to larger problem sizes and other factors to consider such
as project tightness and delay penalties. The Multi-Skill Resource-Constrained Project
Scheduling Problem (MSRCPSP) extends the RCPSP by considering resources that have
multiple skills (Bellenguez & Néron 2004). Over the past decade, researchers are showing
a growing interest in the the Stochastic Resource-Constrained Project Scheduling Prob-
lem (S-RCPSP). In fact, in many real-world problems, ignoring uncertainties may lead to
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schedules of poor quality under real conditions (Bruni et al. 2017). The main approaches
proposed in the literature to deal with uncertainties are:

— Reactive Scheduling, which involves finding the best scheduling policies when dis-
ruptions affect the initial schedule. This approach is relevant when disruptions are
unpredictable, lacking any prior information about uncertainties (Deblaere et al. 2011).
Predictive Scheduling, which requires a precise estimation of uncertainties to com-
pute a predictive baseline schedule. However, accurate data on uncertainties being
often not available, the disruptions are tackled by the reactive approach, recognized as
predictive-reactive scheduling (Herroelen & Leus 2005) .

— Stochastic Scheduling, when the probability distributions of uncertainties are known.
However, two major problems arise: the availability of probability data and the prac-
tical difficulty of solving stochastic models (Deblaere et al. 2011).

Robust (or Proactive) Scheduling, where robust schedules are determined that are
less sensitive to disturbances. Unlike predictive and stochastic scheduling, this approach
can be used even if uncertainties are known only approximately (Bruni et al. 2017).

A robust scheduling approach is the most reasonable approach to deal with real-world
problems where data is not (always) accurate, in particular in the considered problem where
activities are performed by maintenance operators. Hence, a novel robust optimization
method for the RCPSP with multiple projects and multi-skilled resources is presented.

3 Generation of scenarios and solution approach

3.1 Generation of scenarios

To generate robust schedules, we first start by defining scenarios based on the analy-
sis of historical data. For uncertain tasks, we compute the probability of having to per-
form the task or not. In each scenario, an uncertain task has either a workload equal
to zero with a probability of p;, or a non-zero workload with a probability of py (where
p1 + p2 = 1). Following the same reasoning, to handle poor workload estimation, we de-
fine several realization modes for a given task. Each mode has a different workload and
an associated probability of occurrence. As many uncertainties are observed, the gener-
ation of all possible scenarios is computationally intractable. Using the worst scenarios
to determine a robust schedule is (in most cases) very pessimistic and over-conservative
(Bruni et al. 2017). Furthermore, the chances that all activities take their worst modes
are nearly zero. Generating a subset {2 of random scenarios using the probabilities asso-
ciated to each mode and each task could be a potential solution. However, this leads to
the same issue as when generating all scenarios. In fact, a huge number of scenarios must
be generated to effectively capture uncertainties, and computing a robust solution with a
lot of scenarios induces significant computational challenges. Considering that our primary
objective is to tackle large industrial instances, we limit ourselves to a subset of scenar-
ios with a specified budget of uncertainty (Bertsimas & Sim 2004). To better represent
reality, distinct budgets of uncertainty I5.;: are defined and computed using historical
data for each resource r, skill £ and period t. By increasing the budget of uncertainty,
the approach tends to be more conservative and, for large enough I, it is similar to
considering worst-case scenarios. More precisely, I}, defines the following uncertainty
pOlytOpe: @T',@t = {¢a,'r,k7a S A/Esa =1, ZaeA(d)a,’r,k - ¢a,'r,k) <= Fr',k,t}7 where ¢a,7',k
(respectively @q r k) is the realized (respectively deterministic) workload for activity a € A,
resource r and skill k, and ES, is the earliest starting time of activity a. To generate sce-
narios, the scheduling horizon H is divided into months. The general idea is to model the
variation of the task workload, transitioning from the planned values to those observed in
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historical data. A scenario w represents a set of realized workloads necessary to process the
activities: w = {¢q,rk,a € A,7 € R,k € K}. Note that ¢, has a direct impact on the
resource requirement and, consequently, on the starting time of the activities for a given
sequence. Furthermore, if for an activity a € A, ¢4, = 0 for all » € R and k € K, then
the activity is not required, and the processing time p, is set to 0.

3.2 Solution approach

To address this large industrial problem, an efficient memetic algorithm (MA) was
implemented, and validated in both real instances and benchmark instances with multi-
ple projects, for the deterministic problem (Torba et al. 2024). The same algorithm was
adapted to compute a robust schedule that maximizes the probability of meeting the rolling
stock due dates. Given a set of scenarios 2 and a sequence of activities S (representing an
assignment and a precedence feasible activity list), this probability is defined as the tar-
diness service level (following (Dauzére-Pérés et al. 2008) and (Flores-Gomez et al. 2023))
and can be written: «(S, 2,e) = P(T.(S5, 2) = 0) for rolling stock unit e. As we deal with
several projects (i.e. rolling stock units), and since the projects do not have the same prior-
ity, the weighted sum of the tardiness service level of the rolling stock units is maximized:
S, 02,8) = > e wP(Te(S, £2) = 0), where w, is the weight of project e € £. The initial
solutions are computed using the deterministic data and the original memetic algorithm.
Then, the service level of each initial solution is evaluated and further improved using the
MA. The computation of the service level of a sequence S, given a set of scenarios {2, is
formalized in Algorithm 1.1.

Algorithm 1.1 Evaluation of «(S, £2, &) of a given sequence S

1: Initialize P(Te(S, £2) = 0) to zero for each e € E;

2: for w € (2 do

3: {Te,e € E} + Evaluate(S;(w));> Returns the tardiness of each project given scenario w;
4 for e € £ do

5 if Te==0 then

6 P(Te(S, 2) =0) < P(Te(S, 2) =0) + 1/|02);
T end if

8: end for
9:

0:

1:

end for
a(Si, 2,€) + 3, ce weP(To(S, 2) = 0);
return a(S;, 2,€);

4 Numerical results

Preliminary results show that schedules with a very good service level can be computed
in a few iterations, even if the service level of the initial schedules is very poor. An example
is illustrated in Figure 1, where the service level of the best initial solution is 20%, and
after 1,200 computed schedules the MA found a solution with a service level of 100%. Note
that this is a real instance of a SNCF maintenance center that includes 174 projects and
4,553 activities. To evaluate the service level, 500 scenarios with a budget of uncertainty
were generated.
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Fig. 1. Convergence of the service level (in %) over the number of computed schedules

5 Conclusions

An original robust multi-skill resource-constrained multi-project scheduling problem is
addressed. Different uncertainties are considered and modelled using scenarios defined with
a budget of uncertainty and real data. An adaptation of a memetic algorithm proposed
for the deterministic problem is proposed to determine robust schedules. Computational
experiments, with different budgets of uncertainty and numbers of scenarios are being
conducted, the results of which will be presented and discussed at the conference.
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1 Introduction

Recent studies acknowledge that project risks are not independent but rather dependent
through cause-effect relationships. Tools to facilitate these relationships are referred to as
risk models serving in sensitivity analysis, risk response planning, and forecasting. This
research, however, specifically emphasizes on forecasting.

In literature two methods are used for forecasting with risk models. The first method
is the Bayesian Networks (BN) for forecasting project duration and cost relying on proba-
bilistic causation between risks. The second method is the Structural Equation Modeling
(SEM) founded on cause-effect reasoning. BN exhibits more effectively in forecasting com-
pared to SEM due to the ability to update forecasts when the model is introduced with
new data. SEM is less optimal because of the potentially changing model structure when
new data is introduced. Based on this limitation, also noted in Gupta and Kim (2008),
this research utilizes these two methods within a hybrid procedure. First, SEM is used to
validate theoretical relationships derived from the literature. Then a BN relying on the
validated SEM as an input is subsequently used for predicting the final performance of un-
seen projects. The accuracy results will be compared against forecasts generated by various
benchmark methods. The general methodology is performed in four phases, each detailed
in the following sections.

2 Phase 1. Theoretical risk model

The theoretical model in Figure 1 depicts proposed cause-effect relationships between
risk variables and the final project performance relying on the previous research Van-
houcke (2012). The model sonsists of two types of variables, Latent variables illustrated
with ellipses and observable variables illustrated with rectangles. Latent variables cannot
be directly measured and must therefore be calculated using statistical methods over the
observable variables. Latent variables consist of Network Topology (NT), mean and stan-
dard deviation of Time Sensitivity (T'Sm and TSsd) and Cost Sensitivity (CSm and CSsd)
which are assumed to causally affect two dependent risk variables, Time (T) and the Cost
(C) of the project. Observable indicators consists of given project network indicators (for
NT) and risk metrics for time and cost sensitivity (for TS and CS) and performance data
for T (Actual Duration / Planned Duration) and C (Actual Cost / Budget at Completion).
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3 Phase 2. Data generation and simulation scenarios

This phase generates the project data for validating the theoretical model utilizing 900
artificial project networks from Vanhoucke et al. (2008). During simulation, uncertainty
in the activity durations and costs are modelled across nine different simulation scenarios
given in Figure 2, controlled by the coefficient of variation at different levels. Duration vari-
ation is modelled using triangular distributions with minimum, most likely and maximum
values where the most likely value is assumed to be the baseline duration. Cost variation is
modelled by employing combinations of fixed cost and variable cost sampled from uniform
distributions, each having different ranges.

4 Phase 3. Model construction and training

This phase is designed in two steps. In the first step, SEM is employed to assess the
fit between the theoretical model and data, using the Maximum Likelihood Estimation
algorithm resulting in two different model structures. The model on the left side of Figure
3 is resulted from scenarios 1, 2, 3, 4, and 7, excluding CS variables since activity costs are
higly correlated with the activity durations due to low variation either in duration or cost.
Conversely, the model on the right side emerges from scenarios 5, 6, 8, and 9, retaining
the cost sensitivity variable (CSsd) in the theoretical model. This highlights the potential
impact of CSsd on project performance, in addition to the TSsd and TSm when variation
in activity duration and cost are either medium or high. The first step of this phase results
in two model structures accompanied by SEM parameter sets including factor loadings
to quantify the importance of each observable indicator in measuring the respective risk
variable.

In the second step of this phase, validated observable indicators along with the factor
loadings are employed to calculate scores for the risk variables which cannot be directly
measured. These scores are then utilized to train BN models with structures determined
in the initial step by the SEM. Finally, Bayesian Maximum Likelihood Estimation algo-
rithms are employed to estimate BN parameter sets, consisting of conditional probability
distributions for each risk variable.

5 Phase 4. Forecasting and results analysis

During this phase, the scores for NT, TSm, TSsd and CSsd variables are utilized as
input to simulate the BN models for 1,000 runs. Following this, the weighted average of
the T and C values over 1,000 runs are determined, yielding a single point estimate for
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the predicted time and cost performance. In the remaining of this section, we present the
results of the forecasting phase using five key concepts.

1. Data selection: 33 projects are selected from a database of 181 empirical projects
sourced from Batselier and Vanhoucke (2015) considering the availability of observable
indicators and the even distribution across various sectors.

2. Model identification: Using the k-nearest neighbour technique, the best-performing
risk model is selected from nine candidates, which will be referred to as RM in the remainder
of this paper. This selection is based on how closely the model matches the characteristics
of a test project, assessed by comparing the estimated percentage differences in duration
and cost.

3. Benchmark selection: The accuracy of the RM is compared with various bench-
mark methods. These include baseline estimates (BS), Monte Carlo simulations (MCS),
machine learning algorithms (decision trees (DT) and random forest (RF)). In this study,
we also explore a total of nine versions of Earned Value Management (EVM) and three
versions of Earned Duration Management (EDM) for time forecasting. Additionally, we
evaluate eight versions of EVM for cost forecasting. However, due to space constraints, we
only discuss the best-performing versions in comparison to RM.

4. Time accuracy: Table 1 compares the accuracy of methods in terms of Mean
Absolute Percentage Error (MAPE) on average and for different percentiles of the empirical
projects. As shown, RM outperforms the BS and MCS, while slightly falls behind the
machine learning algorithms DT and RF on average. RM performs worse than DT and RF
for only 33% of projects that with higher but less frequent deviations from the baseline
schedule (75*" percentile). Table 1 also shows that the best performing EVM method (ES1)
exhibits slightly better performance compared to the RM, on average over all tracking
periods, while the best performing EDM method (EDM1) falls behind the RM. The average
accuracy over all periods does not completely elucidate the overall accuracy since ES1
and EDM1 only begin to outperform RM in the later stages, around 50% completion, as
illustrated in Figure 4.

5. Cost accuracy: Table 1 shows that RM performs equal or slightly better cost
forecasting than BS, MCS, DT and RF for all percentiles. Similar to the time accuracy,
the advantage of the best performing EVM version (EAC2) over RM typically starts only
at around 30% completion, depicted in Figure 4. Therefore, it can be concluded that RM
outperforms EVM in cost forecasting during the early stages of the project, as observed in
time forecasting.
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Table 1. Accuracy comparison in MAPE (%)

MAPE

Time accuracy

Cost accuracy

BS MCS DT RF RM ES1 EDM1

BS MCS DT RF RM EAC2

25" percentile 4.2 6.3

3.0 45 2.4

50" percentile 12.6 24.7 7.0 7.1 5.4 -
75" percentile 20.7 31.0 10.3 11.9 14.0 -

- 1.5
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Fig. 4. Comparison of risk model accuracy to the EVM methods at different stages

This research has presented a hybrid forecasting model for predicting the total duration
and cost of projects combining SEM and BN. 33 empirical projects were used for testing the
model, and the accuracy of those were compared with various methods from the literature.
The results have shown that an accurately selected risk model potentially outperforms
not only the forecasts of the existing pre-project methods but also the EVM/EDM in the
early stages of the project. This highlights the value of applying RM in the initial project
phases, followed by the EVM/EDM, leveraging performance data in the latter stages.
Future research aims at extending the analysis by the benchmark methods and the risk
variables under consideration.
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1 Introduction

Effective project management involves meticulous planning, execution, and control to
ensure that project objectives are achieved within specified timeframes and budgets. The
ongoing monitoring and control of projects play a pivotal role in facilitating corrective
actions in case of deviations and, ultimately, delivering projects promptly. As projects
unfold, project managers are confronted with the unavoidable realities of uncertainty and
variability. These factors can lead to delays or cost overruns, requiring timely corrective
actions to realign the project with its baseline schedule. Conversely, projects may present
opportunities for early completion or cost savings, which necessitate proactive actions.

A multitude of project control methodologies have been proposed in the literature, often
incorporating schedule risk analysis, which considers the sensitivity of activities and their
expected impacts on the overall project duration. However, despite the extensive research
in the realms of risk analysis and project control, a few key questions remain unaddressed.
Our study concentrates on two fundamental aspects. Firstly, project managers operate
within resource constraints and must make judicious decisions about which actions to take
during a project’s lifecycle. Although warning systems can flag the need for action, they
often fall short in providing specific guidance on the selection of activities. In this study, we
employ simulation and analytical sensitivity metrics to develop an “activity ranking” system
that assists in the judicious selection of actions. We compare two classes of activity ranking
to enhance the process of corrective actions under uncertainty. Secondly, the effectiveness
of corrective actions not only depends on the chosen activities but also on the nature of
the action itself. Limited research has explored how different types of actions interact with
activity uncertainty. Our study delves into two classes of actions: one aimed at altering
the average duration of selected activities and the other at reducing variability in activity
durations. This research contributes to a deeper comprehension of the relationship between
activity uncertainty and the type of action deployed.

Our findings, based on an array of artificial projects, demonstrate that specific simulation-
based ranking and the analytical ranking method outperform other approaches. They not
only excel in predicting the impact of actions on expected project duration and variability
but also enhance the efficiency of project managers in controlling project outcomes.

2 Literature study

In the realm of schedule risk analysis, prior research has primarily centered on the
development of various sensitivity metrics for project activities. These metrics, often gen-
erated through Monte Carlo simulations, offer a quantitative measure of activity criticality
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or sensitivity, typically expressed as a percentage. Higher percentages correspond to more
sensitive activities, as seen in the works of Van Slyke (1963) and Williams (1992). A re-
cent study by Vaseghi et. al. (2022) has introduced an innovative analytical approach as
an alternative to Monte Carlo simulations. This approach assesses activity sensitivity by
gauging the influence of changes in activity durations on the overall project duration. Both
simulation-based and analytical methodologies are designed to enhance our comprehension
of activities that exert a substantial impact on project outcomes. These insights serve as
valuable guides for project managers, enabling them to make informed decisions regarding
corrective actions during project execution. Taking actions on highly sensitive activities are
expected to yield greater effects compared to those involving activities with low sensitivity
values.

Furthermore, extensive exploration in the domain of project control has delved into the
implementation of corrective actions during project execution. These studies encompass a
variety of monitoring methods aimed at evaluating project performance at specific junc-
tures, particularly in terms of detecting delays or cost overruns. Earned value management
is a frequently adopted approach across diverse project scenarios, including various project
network structures and levels of activity variability. The literature has considered three key
types of corrective actions: activity crashing, variability reduction, and fast tracking. Ac-
tivity crashing entails reducing activity durations by increasing effort to curtail the project
timeline. This approach has been explored in multiple studies (Hegazy and Petzold (2003);
Vanhoucke (2010); Vanhoucke (2011); Hu et. al. (2016); Song et. al. (2020)). Variabil-
ity reduction focuses on diminishing project variability and activity uncertainty (Madadi
and Iranmanesh (2012); Martens and Vanhoucke (2019)). Lastly, fast tracking seeks to
expedite project completion by concurrently executing partially precedence-related activ-
ities, circumventing the typical project network structure. While previous studies have
predominantly merged the use of simulation-based sensitivity metrics into the corrective
action process, this study seeks to incorporate both simulation-based sensitivity metrics
and analytical ranking procedures. A comparative analysis of their performance within the
framework of activity-based bottom-up project control is a central objective of this research.

3 Computational experiments

This paper conducts a comparative analysis of two distinct activity ranking approaches
aimed at enhancing the corrective action process within uncertain project environments.
In each of these methods, activities are ranked based on specific criteria, and the highest-
ranked activities are grouped into what is termed an action set. This action set guides the
selection of activities for particular corrective actions, as it consists of the most sensitive
activities where corrective actions are likely to have a significant impact. The first class
of ranking measures are the analytical-based ranking measures, which relies on exact or
approximate analytical computations to establish activity rankings. This ranking measure
comprises two analytical metrics, AR,, and AR, introduced by Vaseghiet. al. (2022),
designed to assess the anticipated impact of activities on the distribution of project duration
following corrective action. AR, ranks activities based on their impact on the mean project
duration, while AR, ranks activities based on their impact on the standard deviation of
project duration when subjected to a particular type of action. This analytical method is
comparad with a simulation-based ranking method, which employs Monte Carlo simulations
to assess activity sensitivity. The simulation-based ranking measures represent the main
sensitivity metrics derived from schedule risk analysis (SRA) methodologies, as proposed
by various researchers in the literature. These metrics include CI, SI, SSI, CRI, MOI, and
CSS.
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For computational experiments, the simulation-based and analytical ranking approaches
are evaluated within preventive and protective control strategies. The preventive strategy
takes all actions before project initiation, representing a pure control approach, while the
protective control strategy entails periodic monitoring and the execution of corrective ac-
tions on activities in the action set during project progress. Additionally, we explore the
influence of network topology and action set size on the cumulative impact of corrective
actions. The performance measures used in the computational experiments, taken from
previous research study by Vaseghiet. al. (2022), measure the relative impact of the ac-
tions on the mean and standard deviation of the project duration distribution, represented
by TC,, and TC;, respectively.

Preliminary results. To demonstrate the relevance of activity ranking, three distinct
methods of activity selection were employed to form the action set up to six activities. First,
the good ranking includes the highest-ranked activities, assuming they are the most sen-
sitive. The random ranking randomly selects activities, disregarding the activity ranking,
while the bad ranking selects the lowest-ranked activities. Figure 1 presents a comparison
of these activity selection methods, employing the analytical ranking measure AR,, and
the simulation-based sensitivity metric SSI for implementing Action 1, which is a specific
type of action to reduce the activity and project durations. The results indicate that the
good ranking method outperforms the other two approaches, underscoring the importance
of ranking activities before project initiation. Furthermore, as the number of actions in
the action set increases, both the total contribution and the significance of a robust rank-
ing system grow. The findings also suggest that the simulation-based SSI metric can be
competitive with analytical indicators.

Ranking measure: AR, Ranking measure: SS/

10

7C,

# Action # Action

—Good ranking ----Random ranking —s—Bad ranking

Fig. 1. Comparison of good, bad and random activity ranking

Figure 2 illustrates the performance of analytical and simulation-based ranking mea-
sures, classified in three groups for taking Action 1 in protective control strategy. The
results demonstrate a notable dependency on the serial/parallel indicator (SP), with per-
formance decreasing as SP values increase. This trend aligns with existing literature, which
consistently indicates that bottom-up project control, particularly when employing sensi-
tivity metrics, is notably effective for parallel projects but significantly less so for serial
network structures. The first group consists of the best performing methods, which consists
of the analytical ranking methods and the SSI. The second group consists of the MOI and
the three versions of the CRI metric, which shows a relatively stable deviation from Group
1, which means that they perform never as good as the best performing metrics, but the
difference from them is independent of the network structure. The last group consists of
three sensitivity-based metrics, SI, CI and CSS, which perform relatively well for parallel
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networks but their good performance drops quickly when projects are more serial in their
structure. At the very serial network side, these sensitivity metrics have a very weak per-
formance compared to the other ranking methods, and should therefore not be used at all
for activity ranking.
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Fig. 2. Performance of all ranking methods split in 3 groups vs. SP
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1 Introduction

The resource-constrained project scheduling problem (RCPSP) stands out as one of the
most investigated problems in the context of project scheduling. The core of this problem
revolves around finding start times of project activities that are subject to precedence
and resource constraints while minimizing the project makespan. Many extensions to the
RCPSP have been proposed to make this problem more applicable to real-life situations.
One of these extensions describes resources as human workers that are able to master
one or multiple skills. In contrast to the RCPSP, activities in the multi-skilled resource-
constrained project scheduling problem (MSRCPSP) have a requirement for skills instead of
a direct requirement for resources. Therefore, it is necessary to not only assign resources to
activities but also to decide on which specific requirement these resources will be deployed.
In literature, several solution methodologies are described to solve project instances for the
MSRCPSP. These methodologies range from simple and fast single-pass heuristics to more
advanced but slower multi-pass meta-heuristics. Given the NP-hard nature of the problem
(Correia et al. 2012), the possibility of obtaining optimal solutions through exact methods
is inherently constrained by instance size, and therefore the development of efficient and
fast heuristics that produce high-quality solutions is of relevance.

In this research, a new heuristic procedure is developed which is based on a parallel
schedule generation scheme that uses various types of priority rules (PR). Well performing
priority rule combinations are selected based on their solution quality and employed to
generate solutions for a benchmark dataset. Additionally, preliminary results are provided
on existing and newly developed priority rules and their ability in generating solutions of
high quality for the MSRCPSP. The procedure is able to generate new best-known solutions
(BK) for the considered dataset.

2 Problem description

In the MSRCPSP, a project network can be represented by a topologically ordered
acyclic activity-on-the-node network G = (N, A). In this network, N = {0, ...,n+ 1} is the
set of nodes that represent activities in the project. In total, | N| activities are considered,
including a dummy start- and end-node, and n project activities. Each project activity ¢
has a standard processing time p;, which is predefined and can not be pre-empted. A is the
set of arcs that represent a finish-start precedence relation with a time-lag of zero, between
the activities. The multi-skilled workforce is specified by the resource-set R = {1, ..., |R|}.
All resources master one or multiple skills which are defined by the skill-set S = {1, ...,|S|}.
To allow resources to master skills at a specific level, the skill level set L = {1, ...,|L|} and
the discrete skill level distribution bl;; are included in the problem definition. bl equals

185



Booklet of abstracts for the 19" International Workshop on Project Management and Scheduling, April 2-5, 2024

l € L if resource k masters skill j at level [ and zero otherwise. In the MSRCPSP, a resource
k can be assigned to an activity when it masters the required skill.

The function of skill levels in the problem description is dependent on which MSRCPSP
version is used. In this research, four different MSRCPSP versions are considered, one of
which is discussed here. For a detailed overview of the different versions, the reader is
referred to Snauwaert and Vanhoucke (2022).

3 Solution methodology

To solve project instances for the described problem, a procedure is required that is able
to give each activity a start-time while assigning the required resources to these activities.
To do this, a parallel schedule generation scheme (PSGS) is developed which is able to
give activities start times and includes an assignment procedure for the resources. This
PSGS is based on the heuristic provided by Almeida et al. (2016) although a different
assignment procedure is applied. A single run of the PSGS takes three types of priority
rules (PR) and the instance data as input and generates the makespan for the selected rule
combination. The three types of PR are classified as follows. An activity PR determines
which eligible activity receives the highest priority to be scheduled with the available
resources. The choice of an activity PR has an impact on the project makespan. When
the selected activity has multiple requirements, the skill PR determines the order in
which the skill level requirements are considered for resources to be assigned to. When
a specific skill requirement is selected, the resource PR determines the order in which
unassigned resources are considered for assignment to that requirement. Both the skill PR
and resource PR have an impact on which resources are assigned to which requirement of
a given activity. By using the three types of PR’s the PSGS becomes deterministic. This
means that it will always generate the same makespan and resource assignment for the
selected PR combination and project-instance. However it is possible that the used PR’s
result in an infeasible solution for a given project instance.

For this research, 12 activity PR’s, 12 resource PR’s and 4 skill PR’s are considered,
represented in Table 1. The newly developed PR’s are indicated in bold text. These rules
allow for a total of 576 rule combinations to solve a single project instance.

Table 1. Priority rules used in heuristic

Rule  Explanation Rule Explanation Rule Explanation
SPT  Shortest Processing Time LB Lowest Breadth HSS Highest Skill Strength
LPT  Longest Processing Time HB Highest Breadth LSS Lowest Skill Strength
MIS  Most immediate successors LGB Lowest Grouped Breadth HSC Highest Skill Criticality
EST  Earliest Start Time HGB Highest Grouped Breadth LSC Lowest Skill Criticality
EFT  Earliest Finish Time o LAD  Lowest Average Depth

ZLST  Latest Start Time = HAD Highest Average Depth =

'E LFT Latest Finish Time § LTND Lowest Total Negative Depth UE)

< MSLK Minimum Slack ~ HTND Highest Total Negative Depht
LSF  Lowest Skill Factor LBRC Lowest Basic Resource Criticality
HSF Highest Skill Factor HBRC Highest Basic Resource Criticality
LRSC Lowest Ranked Skill Criticality LARC Lowest Advanced Resource Criticality
HRSC Highest Ranked Skill Criticality] HARC Highest Advanced Resource Criticality

4 Experiments

To test the solution quality of the procedure, the MSLIB4 dataset is considered. This
is one of the subsets of the MSLIB dataset, created by Snauwaert and Vanhoucke (2023).
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It is composed of 5,000 project instances which includes projects of 30 activities, 4 skills
and a variable amount of resources. The procedure is run on these instances using all 576
rule combinations. To gain insight in the solution-space quality of the PR’s, the average of
the best makespans for each project instance can be compared with the average makespan
of the best-known solutions (BK). These BK’s are obtained by the genetic algorithm (GA)
developed by Snauwaert and Vanhoucke (2021). The average makespan of the BK equals
83.43, while the average of the best makespans of all 576 rule combinations equals 84.46.

The instances are categorized in four classes,"Better", "Equal", "Worse", or "Infea-
sible". These imply that the heuristic obtains better, equal, worse or infeasible results
compared to the BK. The number of instances for each of these classes is represented in
Table 2 with their average %GAP. Note that the priority heuristic is able to generate
16.20% solutions which are better than the solutions generated by the GA. However, it
is still required for the heuristic to generate 576 solutions per project instance. In a next
experiment we select rules in a smart way to reduce this amount significantly.

Table 2. Solution space quality of the considered PR’s for the MSRCPSP.

Quality |#instances| %G AP
Better 16.20% |—3,69%
Equal 36.10% 0.00%
Worse | 47.66% | 4.80%

Infeasible| 0.00% -

A subset of MSLIB4 is created, which includes all the instances for which all rule
combinations lead to a feasible solution. This minimum feasibility set (MF) is used to see
how the cumulative performance changes when the solutions of more rule combinations
are added. The rule combinations are ranked on basis of their average performance for
the MF set. The cumulative performance of these ranked rule combinations is represented
in Figure 1 (dotted line) for the 100 best performing rule combinations. However, if each
rule combination is iterative checked on their improvement when they are added to the
set of considered rule combinations, rule combinations can be selected in a smart manner.
All the rule combinations are cross compared and the rule combination which increases
the performance of the set the most, is added to the set. Notice that, by selecting 10 rule
combinations in this manner, the solution quality (full line) is equal to selecting the first
48 ranked rule combinations. This allows us to reduce the amount of schedules generated
per project instance significantly.

63,75

63,25 - --Ranked on performance

62,75 —Smart selection
62,25
61,75

61,25

Average makespan MF

60,75

60,25

0 10 20 30 40 550 60 70 80 90 100
Added rule combinations

Fig. 1. Evolution of the cumulative performance in relation to the number of rule combinations
considered for the MF subset.
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In a next step, the previous 10 selected rule combinationS are tested on their solution
quality. The cumulative performance of the selected rule combinations, compared to the
BK is represented in Table 3. The heuristic obtains 10.96% better solutions compared to
the BK’s. Additionally, it is able to generate equal solutions in 30.12% of the instances.
These results confirm that using a simple heuristic procedure with a reasonable amount of
priority rule combinations to solve MSRCPSP instances provides, on average, promising
results. Especially because the heuristic can find these equal (and better) solutions much
faster. The presented priority rule heuristic only generates 10 schedules for 5,000 instances
which requires an average of only 0.0064 seconds computation time per schedule.

Table 3. Comparison of the cumulative performance of the selected rules and BK

Quality |#instances| %GAP
Better 10.96% |—3.56%
Equal | 30.12% | 0.00%
Worse 58.92% | 6.06%

Infeasible| 0.00% -

5 Conclusion

The MSRCPSP is an NP-hard problem that requires activity-scheduling and the as-
signment of resources to these activities. In literature, advanced meta-heuristic procedures
are often employed to obtain near optimal solutions. However, this paper shows that it is
possible to obtain reasonably good solutions with the use of simple heuristic priority rules.
A parallel schedule generation scheme is developed which combines three types of priority
rules to solve project-instances for the MSRCPSP. New PR’s are developed that consider
skill-specific priority values. Preliminary results for the solution quality of existing and
new PR’s is provided. A heuristic procedure is developed which selects well performing
PR combinations in order to minimise the project makespan. The heuristic obtains new
best-known solutions for the MSLIB4-dataset.
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1 Introduction

We address the resource overload problem with general temporal constraints, where a
tardiness penalty is added to the objective function when a predefined project makespan
is exceeded. This penalty allows for a trade-off between a balanced resource utilization
and a minimization of the project makespan. For small and medium-sized instances, ge-
netic algorithms obtain good solutions in reasonable time e.g. described in Schnabel et. al.
(2018) and Wohlert and Zimmermann (2023). For large instances with up to 500 activities,
we propose a population-based greedy method. First, a diverse population of solutions is
generated with a serial generation scheme. Afterwards, the solutions are subjected to a
greedy improvement procedure which aims to create a more balanced resource utilization
for selected project makespans.

2 Problem description and structural properties

A given project is composed of a set of activities V' consisting of 1,. .., n real activities
and fictitious activities 0 and n + 1 which represent the project start and the project
completion. Each activity ¢ € V is assigned a processing time p; € N, which must be
carried out without interruption. The start time of each activity ¢ € V is specified as
S; > 0, and the sequence of all activity start times, ordered by their index, is given in
a schedule S = (Sp,S1,...,S,41). The start times are restricted by general temporal
constraints of the form S; — S; > d;;, where §;; > 0 indicates a minimum time lag and
d0;; < 0 a maximum time lag. The maximum project duration d € Nis given as a maximum
time lag between the project completion S,; and the project start Sy. Using a longest
path algorithm, the longest distance d;; from activity ¢ to activity j can be determined.
With that, the earliest start time ES; = dyp; and latest start time LS; = —d;y for each
activity ¢ € V can be obtained. Besides the maximum project duration d, we assume a
given prescribed project makespan T € {ES,1,...,d}, which can be exceeded, but then
a constant delay cost factor p > 0 is added to the objective for each time unit of delay.
During their execution [S;, S; + pi), the activities have a demand for a set of renewable
resources R. The resource utilization of each activity 7 and resource k is assumed to be
constant and is given by r;; > 0. The cumulative resource utilization of each activity in
execution at a given point in time ¢ and schedule S for a resource k is given by ri(S, ).
This resource utilization 74(S,t) is not constrained by a resource capacity, but positive
deviations from a resource threshold Y} are penalized with a cost factor cg.

The objective of the given problem is to obtain a schedule, which satisfies all temporal
constraints, that minimizes the combined cost of resource overload and a project delay. The
search space of this problem can be reduced by dividing the problem into two subproblems
for which there is always a quasistable schedule among the optima. The first subproblem
has a maximum project duration of T, whereas the second subproblem has a minimum
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project duration of T (Wohlert and Zimmermann 2023). A quasistable schedule S has
useful structural properties as for the start time of each activity ¢ € V', there is always an
activity j € V with either a binding precedence relationship S; = S; + p; or S; = S; — p;
or a binding temporal constraint S; = S; + §;; or S; = S; — §;;. Assuming that the project
starts at Sp = 0 and all §;; € Z, a quasistable schedule contains only integer start times.
The problem with discretized start times can be described as follows.

Minimize — f($) =Y e Y. (rk(S,t) =Yi)" +p (Sup1r —T)F
keR  tefo,...,d—1}

subject to Z rie <ri(S,t) (keR,t€{0,...,d—1})
1€V :S; <t<S;i+p;
S; —8i > by ((i,7) € E)
So=0

3 New solution approach

The solution approach starts with the generation of a diverse initial population. Then,
an improvement method is applied to the solutions in the population which is based on
unscheduling and rescheduling subsets of activities.

The initial set of schedules is generated based on a decoding scheme for a genetic algo-
rithm described by Wohlert and Zimmermann (2023) which exploits the already presented
search space reduction. It is shortly described in the following. At initialization, the project
start is scheduled at Sy = 0 and added to set C' = {0}. All of the other activities remain
in the set of to be scheduled activities C. In each scheduling step, it is assessed for each
h € C whether a binding temporal or precedence constraint with any j € C results in
a feasible start time Sj,. For the start time of the project completion, S,,y1 = T has to
be considered additionally. If at least one feasible S} can be found, h is added to a set
of eligible activities. Of those, one activity ¢ is chosen and a complete set of eligible start
times is determined which consists of all start times that lead to at least one binding tem-
poral or precedence constraint with an activity in C. In a greedy variant, the start time
with the smallest increase in the resource overload objective is selected as S;. In case of
tied start times, the earlier start time is chosen. If C' = (), the scheme terminates and a
feasible schedule S results. To increase the diversity of the population, we have adapted the
generation scheme by also considering the later start time to break a tie. When generating
a solution, the same tie-breaker is used for scheduling all activities and is saved alongside
the resulting schedule.

The generated schedules are subjected to the improvement method in ascending order
of their objective value. In the following, the originally generated schedule is called baseline
schedule SB. In the first improvement step, the resource overload of S is tried to be re-
duced with a fixed project makespan m = SZ 1. For that, each real activity ¢ is unscheduled
as a primary activity in order of non-increasing resource demands p; ), . it Together
with ¢ further activities are unscheduled with regard to a selected strategy. Rescheduling is
done as described previously with a greedy start time selection in regards to the resource
overload objective. When every real activity has been considered as the primary activity
and no schedule with a better objective value can be found, the improvement method
terminates for the given project makespan. Afterwards, the current project makespan
m is adapted by A,, = 1 time units. If the project makespan of the baseline sched-
ule is closer or equally as close to the project deadline than to the prescribed makespan
(SB., > (d+T)/2), the project makespan is reduced by A,,. To obtain a feasible schedule
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S™ with the given project makespan, SP is copied and the start times for real activities
where SP + d;n41 > (SB., — A,,) are adjusted by the difference between the left and
right sides of the inequality. In case of S 1 < (d +T)/2, the project makespan m is in-
creased by A,,. If a better schedule is found with the adjusted project makespan, 4,, is
doubled. If that is not the case, after at least one more iteration, the direction is changed
to re-approach the last makespan where an improvement could be found, 4,, is halved.

Algorithm 1 Improvement method

Require: Schedule SB, U,-strategy and tie-breaker
Sort activities 1,...,n according to non-increasing resource demands resulting in order O
S* « 8P
while Makespan-adaption is feasible do
Adapt m and adjust SZ to feasible S*™
while Improvement is found do
for i € O do
S5 m U ={i},U = {}
Extend U; and U, according to given strategy and schedule S
Sort U1, Uz according to non-increasing resource demands
Unschedule activities € U; N Uz from S
Schedule activities in U; into S regarding the given tie breaker rule
Schedule activities in Uz into S regarding the given tie breaker rule
if f(S) < f(S™™) then
SHM e §
if f(S*™) < f(S*) then
S* « f(8*™)

The activities which are unscheduled never include the project start or the project
completion and are classified into two sets U; and Us, where U; always contains i. Activity
set Uy can be enlarged utilizing two strategies to select further activities related to i. The
first strategy (vertical) focuses on activities that are executed in parallel with activity .
A similar strategy is utilized in Ballestin et. al. (2007). In Harris (1990), a heuristic for a
resource leveling problem with precedence constraints is presented, where an activity ¢ is
scheduled considering the best start times of its predecessor and successors. Since we assume
general temporal constraints, we exploit this idea by a second strategy (horizontal) that
includes all activities that have a binding precedence constraint with activity ¢ in the
current schedule. This enables activities with binding precedence constraints to be shifted
together or their order to be changed.

To remove all possible start time restrictions for .S;, activity set Us includes all real
activities (not already part of U;) which have a binding temporal constraint with activity 4
and recursively all other real activities which have a binding temporal constraints with the
activities already included in U,. The activities in both sets are sorted by non-increasing
resource demands. To make use of the lack of start time restrictions for S;, the activities
in Us are scheduled after the activities in U;. In each rescheduling step, the next activity j
is taken from the respective set and a set of eligible start times is determined. Firstly, this
set includes all start times which result in a binding precedence constraint with an already
scheduled activity. As it cannot be guaranteed that this set always contains at least one
start time, the updated £/S; and LS; are added to the set. This is done instead of assessing
binding temporal constraints, as the predecessors and successors might be in set Us. Out
of the set of eligible start times, the start time S; is chosen which results in the lowest
increase in resource overload. In case of a tie, the tie-breaker used to create the baseline
schedule is utilized. When the scheduling is complete and a better solution has been found,
the schedule is saved and used for the following improvement attempts.
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4 Experiments

In order to evaluate the performance of our new solution approach, we conduct ex-
periments with the presented method and the genetic algorithm described in Wohlert and
Zimmermann (2023), which are both implemented in C++. The problem instances are
based on the benachmark test sets UBO for the RCPSP/max (Schwindt 1998), where the
maximum project duration is limited with d := [« - ES, ;1] and the prescribed project
makespan is chosen as T := |3 - ES,;1]. The resource thresholds Y, are set according to
the rounded up ratio of the respective total resource utilization and the prescribed project
makespan. The cost factors ¢, are assumed to be 1 and the delay cost factor p is set by
p =YY per Y& The mutation probability for each gene within the genetic algorithm is
set to 2.5%, the scaling factor to 16 and the population size to 200. For the new solution
approach, a population of the same size is created, where in contrast half of the solutions
are generated with either tie-breaker. Three different variants to obtain set Uy are tested.
Firstly, U; only consists of the primary activity (strategy i). The other strategies are
horizontal and vertical. Table 1 shows the preliminary results for all U; strategies with
a runtime of 60s, displaying the average gap (@gap,,) to the best solution obtained by the
genetic algorithm and the number of solutions (#npest), which are the best alongside all
found for a specific instance. In total, there are 90 instances within each test set.

Table 1. Preliminary results

Instances U, strategy
i horizontal vertical
o B v n| Bgapga|%]  #Hnvest | Dgapga[%]  H#nvest | Bgapga%]  Hnpest
1.25 1.0 0.3 100 4.86 5 2.52 20 6.37 1
200 -7.19 9 -9.61 79 —5.52 0
500 —22.42 4 -24.79 86 -21.02 0

The results indicate that the best strategy to form U; is horizontal and that our new
approach is able to obtain considerably better solutions for n € {200,500} than the genetic
algorithm. The results could be further improved by parallelization, since the improvement
of a solution is independent of the other solutions. For instances with 100 activities, the
improvement method might be more interesting when applied to a later population in the
genetic algorithm.
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