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 A B S T R A C T

Sequential task assignment is a crucial process in many contexts, where resource allocation over time is a key 
step to consider and often involves groups of people with diverse objectives, preferences, and constraints. 
Fairness in these scenarios is paramount, as it implies efficiency and satisfaction while also impacting 
performance. Although the definition of fairness depends on the context and domain, it generally ensures 
an equal distribution of tasks among participants, subject to certain constraints and guidelines. Moreover, it 
mitigates biases and disparities, promoting inclusivity and diversity within teams. In this paper, we highlight 
the different aspects of fairness in sequential task assignments and emphasize that the perspectives of various 
stakeholders must be considered. As motivating examples, we concentrate on two scenarios: (a) the timetable 
creation problem in the university domain, showing that the notion of fairness must be considered from both 
the students’ and professors’ points of view, and (b) the tourism traveling planning, where the perspectives of 
tour guides and tourists are taken into account during a planning process. We propose a generic formalization 
of the problem that an optimization algorithm can easily manage. The aim is to find and compare the fairness 
of different stakeholders and evaluate whether a fair solution for one of them can be fair for another with 
different constraints and preferences. We introduce the notion of local and global fairness to highlight that 
an optimal solution for one stakeholder does not necessarily mean it is optimal also for others, and some 
compromises need to be identified. Finally, we explore how global fairness can be achieved by integrating 
multiple solutions, each aligned with a local fairness perspective.
1. Introduction

Assigning tasks effectively is crucial in many contexts, as it can 
significantly impact the creation or destruction of a harmonious social 
environment. Consequently, considering fairness as a guiding ethical 
principle is a strategic approach to cultivating a high-performing and 
positive environment. Moreover, fair task assignment has a significant 
impact on various aspects of data beyond just the assignment process 
itself. For example, distributing tasks over time to groups of people 
within a company enables the establishment of long-term relationships, 
satisfaction, and the achievement of predefined goals, provided that 
everyone has an equal opportunity to showcase their skills and talents. 
In addition, achieving fairness for interacting groups of people reduces 
the perpetuation of stereotypes and guarantees equal opportunities for 
various stakeholders [1].

Fairness is not an easily and universally defined concept, and its 
meaning can vary across cultures, societies, and contexts. In this pa-
per, we discuss how universal principles may underlie fairness, but 
the exact understanding and implementation can depend on different 
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stakeholders’ points of view and must be considered a multifaceted 
process [2].

Among all the possible scenarios, this paper concentrates on the 
problem of assigning sequential tasks to different stakeholders. This 
choice is justified by both the relevance of the problem in real-life situa-
tions and the complexity of managing multiple stakeholders competing 
for the same set of resources in a lifespan that spans the space of a single 
activity. In the following, the term stakeholder will be used to denote 
any individual or group of people that can be affected by or can affect 
the task assignment and have different preferences and constraints. 
Note that even when a single stakeholder represents a group of people, 
it is intended to be treated as an atomic entity with respect to the 
tasks being considered. In this scenario, achieving fairness involves 
finding the right balance between meeting the needs and expectations 
of various stakeholders. We call a solution locally fair if it is fair 
for a single stakeholder. Once a set of local fair solutions has been 
obtained, one for each stakeholder, we will need an algorithm to merge 
them while balancing the previously achieved local fairness, with the 
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ultimate aim of reaching what we call global fairness. Notice that there 
is no guarantee that a perfect, fair model for all stakeholders can be 
achieved, namely that an optimal global solution satisfying all the 
preferences of all stakeholders can be reached, and some compromises 
need to be identified to achieve a global fairness solution satisfying all 
stakeholders in a balanced manner.

This work examines two case studies: one in the university domain 
and the other in the tourism sector. We analyze the local fairness of 
the two main stakeholders involved in each scenario, namely professors 
and students for the former and tour guides and tourists for the latter. 
The experimental process in two real-world domains demonstrates the 
practical utility and robustness of the approach and underlines that 
achieving a local fair solution for each stakeholder is not enough to 
build a fair global solution, but is a useful step to achieve it.

Given all these premises, the main contributions of this work can be 
summarized as follows:

• We formalize the concept of local and global fair solutions for 
sequential task assignments when two temporal dimensions are 
involved, i.e., a sequence of activities forming a task and a 
sequence of tasks.

• We integrate into the fairness formalization the possibility for 
each stakeholder to express personalized soft constraints with 
different levels of severity without the need to express their 
motivations.

• We develop a procedure for reaching local fairness in task as-
signment as a multi-objective optimization problem. In particular, 
we exploit the dominance-based Multi-Objective Simulated An-
nealing (MOSA) technique and propose an extension that utilizes 
the concept of fairness to enhance convergence speed in terms 
of the number of iterations. Such an extension introduces the 
concept of fairness into the definition of the next perturbation and 
can be successfully integrated into other MOSA variants, such as 
AMOSA [3], to accelerate convergence.

• We discuss how local fairness can clash with global fairness in 
a multi-stakeholder environment and evaluate the approach for 
finding a unique global fair solution.

• We test our proposal on two real-world domains: the university 
timetable construction and the tourism travel planning. For each 
use case, we evaluate the accuracy of the result and the per-
formance of the approach, as well as the proposed optimization 
extension.

The remainder of the paper is organized as follows.  Section 2 
explores related work, while Section 3 outlines the formalization of the 
problem. Section 4 presents two case studies, and Section 5 illustrates 
our algorithm for achieving local fairness. In Section 6, we report the 
evaluation of the proposed approach in the two considered scenarios. 
Section 7 evaluates the degree of global fairness achieved by the found 
local fair solutions and discusses how to use the approach to ensure also 
global fairness. Finally, Section 8 summarizes the main contributions 
and outlines future work.

2. Related work

In this section, we review the main concepts underlying our frame-
work, including the foundations of resource allocation and scheduling, 
fairness in resource allocation, and fairness in sequential and multi-
stakeholder task assignment, as well as the principal proposals related 
to the scenarios considered in our running examples. We conclude by 
discussing how our proposal relates to the state of the art. 
2 
2.1. Resource allocation and scheduling foundations

Sequential task assignment builds on a rich literature on resource 
allocation, where tasks must be scheduled across constrained temporal 
and resource dimensions [4]. A foundational treatment is provided 
by classical scheduling theory, which formalizes problems such as 
the Resource-Constrained Project Scheduling Problem and Job-Shop 
Scheduling, both of which integrate resource requirements and tem-
poral dependencies in unified optimization frameworks [5]. When 
decisions about the use of resources must be made across a sequence 
of discrete time periods, as is typical in many real-world applications, 
the problem naturally specializes into discrete-time scheduling, where 
tasks are assigned to time slots while satisfying exclusivity, availability, 
and precedence constraints [6].

Several application domains naturally fit this class of problems. Uni-
versity course timetabling, for example, is a well-established instance of 
this paradigm, in which lectures must be assigned to rooms, instructors, 
and student groups across a weekly allocation composed of discrete 
time periods [7]. Similarly, tourism trip planning can be modeled as 
a discrete-time resource-allocation problem in which activities, ser-
vices, and transportation options must be scheduled over time while 
respecting opening hours, capacity limits, and visitor preferences [8]. 
These applications demonstrate how diverse domains can be unified 
through the common theoretical framework of discrete-time resource 
scheduling.

2.2. Fairness in resource allocation and classification settings

While traditional scheduling research rarely considered fairness 
explicitly, recent efforts across machine learning and decision support 
have increasingly integrated fairness notions into resource allocation 
processes. In these solutions, fairness is often conceptualized as a 
local resource-allocation problem, where the objective is to distribute 
limited resources efficiently while satisfying predefined fairness con-
straints. For example, statistical parity [9] requires that the protected 
groups (e.g., gender groups) experience equal selection rates, whereas 
equalized odds [10] requires that those groups experience equal error 
rates. Numerous techniques can be applied to mitigate bias in data, 
algorithms, or the output [11].

When considering fairness in team formation contexts, [12] formu-
lates the problem as a fair allocation task aiming to assign students to 
projects in a way that balances workloads and tasks across the resulting 
teams. Another example is [13], which examines fair team formation 
in an online labor marketplace. More recently, [14] explores a problem 
where teams have multidisciplinary requirements, and the incremental 
selection of team members is based on the match of their skills and 
the requirements. For assembling multiple teams and fairly allocating 
the best members among them, a heuristic incremental method is sug-
gested to create team recommendations for multidisciplinary projects. 
Similarly, [15] formulates team assembly as a multi-objective opti-
mization task where fairness-aware team assembly involves considering 
several competing objectives. The multi-objective optimization task is 
also addressed in [1], in which the authors introduce a sequence of 
recommendations for groups of users using an algorithm based on the 
Multi-Objective Simulated Annealing (MOSA) [16] technique. Here, the 
preferences of the individual users are combined to provide the best 
possible experience. The literature also includes works that propose 
methods for recommending sequential activities to groups of users, but 
these approaches focus on optimizing a unique utility function [17–20].

Fairness in task assignment is also explored in [21], where the 
problem is framed as a coalition-based task allocation. Workers collab-
orate to complete spatial tasks (e.g., home improvement and furniture 
installation) with the goal of maximizing the overall rewards for all par-
ticipants. However, the objective of coalition-based task assignments is 
to allocate stable worker coalitions to tasks for maximizing rewards, 
which differs from the problem faced in this paper. Here, each user 
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has a predefined set of mandatory tasks (e.g., students attending class 
and professors teaching them), and we aim to determine the optimal 
sequence of class allocations in a timeline that satisfies these predefined 
groups. For this reason, even the solutions proposed by [22,23] for a 
fair task allocation do not apply to our problem due to differing require-
ments; indeed, they do not accommodate sequential task allocation. 
Furthermore, this article delves into a deeper discussion of the meaning 
of fairness constraints and preferences that have not yet been explored 
in the existing literature.

2.3. Fairness in sequential and multi-stakeholder task assignment

Moving from single-stakeholder fairness to settings with multi-
ple interacting stakeholders introduces a second layer of complex-
ity. Sequential assignments create temporal dependencies, while dif-
fering stakeholder preferences require reconciliation across hetero-
geneous constraints. In recommendation systems, multi-stakeholder 
fairness has been explored in fields such as tourism and group decision-
making [24–26], where balancing the satisfaction of different stake-
holders (e.g., tourists and providers) requires tailored multi-objective 
formulations. Related work on multi-objective fairness in recommen-
dation and decision-support systems [27–29] shows that improving 
fairness for one stakeholder group can come at the expense of an-
other, motivating approaches that explicitly expose and manage such 
trade-offs.

2.4. Academic timetabling and tourism planning

Regarding the fair academic timetabling problem, at the best of 
our knowledge, existing literature primarily focuses on optimizing the 
course allocation without addressing the fairness perspective of the 
two groups of stakeholders involved [30–33]. In more detail, the work 
closest to ours is [30], where the authors propose a solution using 
simulated annealing techniques. Their approach determines the optimal 
timetable by minimizing the total penalty, but it does not explicitly 
incorporate the concept of fairness. Similarly, the authors in [31] frame 
the problem as a multi-objective problem, acknowledging only the 
students’ needs. In contrast, [32] applies a genetic algorithm-based 
methodology; however, a key limitation is that the authors do not 
consider any form of personalization of the constraints specified by the 
stakeholders.

As the authors highlight in [34], fairness needs to incorporate multi-
ple viewpoints. Defining a uniform concept of fairness for all users and 
groups is restrictive. For this reason, in [35], the authors propose a new 
framework to provide recommendations considering different fairness 
concepts. However, not all items need to be assigned in their case. On 
the other hand, in [36], the investigation of fair recommendations in 
two-sided online platforms is addressed as a constrained version of the 
fairly allocating invisible goods problem. However, the main limitation 
of the approach is that fairness is a static notion. The two-sided fairness 
problem is also addressed in [37] by observing the inequality in the 
distribution of drivers’ income on hailing platforms.

2.5. Differences to prior works

Our work builds on the observation that improving fairness for one 
stakeholder group may come at the expense of another, but differs 
from existing approaches by formalizing fairness within a unified opti-
mization framework that captures stakeholder-specific soft constraints. 
Unlike prior multi-stakeholder optimization models, our formulation 
explicitly accounts for the temporal structure of the problem, in which 
tasks unfold sequentially over multiple days and decisions made at one 
step influence or constrain subsequent assignments.

Furthermore, in contrast to previous works, fairness in our study 
is defined by personalizing a set of soft constraints. This allows for 
greater flexibility, as the constraints are expressed without the need for 
3 
Fig. 1. Schematic representation of the considered task assignment problem.

additional sensitive information, using negative numbers in undesired 
time slots. We remark that our approach is general enough to be ap-
plied to any scenario where two distinct stakeholder groups, suppliers 
and customers, each with different needs and competing for common 
resources, coexist. These perspectives must be considered since they 
may influence other factors, such as user satisfaction and the potential 
to improve the target goal (e.g., graduation or completion of a tourist 
trip). Concerning the proposed algorithm, the sequential assignment 
of resources is distributed across two orthogonal temporal domains, 
and we introduce a fair-aware modification of the MOSA algorithm, 
enabling the solution to be reached with fewer iterations.

3. Local and global fairness in sequential task assignment

In this section, we formalize the concept of fairness in sequential 
task assignments. Fig.  1 represents our scenario, where some individual 
users are suppliers of a specific service, and groups of users benefit 
from the service. Both sides have different constraints and preferences 
regarding scheduling the service provided/used on a horizontal tempo-
ral dimension (e.g., within a day) and a vertical temporal dimension 
(e.g., during consecutive days in a week or a month). Note that the 
granularity of horizontal and vertical temporal dimensions can be 
decided based on the considered scenario, and a group of customers can 
also be composed of a single user without modifying our formalization. 
The main aim of our contribution is to recommend a solution for 
scheduling the service that is as fair as possible for all stakeholders.

Following the classification introduced in [33,38], we start by dis-
tinguishing between two main kinds of constraints involved in fairness 
management.

• Hard constraints : a set of mandatory constraints that must be 
satisfied by any valid solution, e.g., a supplier cannot be present 
simultaneously in two places.

• Soft constraints  : a set of constraints, including preferences, 
that are not strictly mandatory and are allowed to be violated in 
a valid solution, but stakeholders can assign higher or lower im-
portance to them, e.g., a supplier may consider quite important, 
but not mandatory, to fulfill his/her tasks within a specific time 
interval.

The distinction between these two kinds of constraints is relevant in 
our formalization. Hard constraints allow the identification of a valid 
solution. In the proposed methodology, we will consider only valid 
solutions, and starting from them, we will evaluate their degree of 
fairness. Indeed, when a solution is invalid, i.e., it does not satisfy 
hard constraints, we do not compute its fairness value. Hard constraints 
can be considered real-world limitations determined by the problem at 
hand, whose satisfaction is necessary to identify a really implementable 
solution. Conversely, soft constraints are used to measure the degree 
of fairness and compare the goodness of two valid solutions. They 
represent the preferences expressed by each stakeholder and can be 
set aside in case they prevent the satisfaction of a hard constraint or 
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Table 1
Task assignment , where the task 𝑇1 requires two slots 
of two hours (𝑇1_2), 𝑇2 one slot of three hours (𝑇2_3), 
and 𝑇3 one slots of two hours (𝑇3_2) and one of an hour
(𝑇3_1).

8–9 9–10 10–11 11–12 12–13 13–14
Mon 𝑇1_2
Tue 𝑇3_2
Wed 𝑇1_2 𝑇2_3
Thu
Fri 𝑇3_1

they are in contrast with the satisfaction of the preferences of other 
stakeholders.

As described previously, each type of constraint is expressed in 
reference to its own specific temporal dimension, which is defined by 
the notion of temporal domain.

Definition 1 (Temporal Domain). A temporal domain TD is a tuple 
(𝑇𝐷,≤) where 𝑇𝐷 is a set of not-empty temporal instants and ≤ is an 
ordering relation on 𝑇𝐷 [39].

Concerning the representation in Fig.  1, each assignment is charac-
terized by two orthogonal subdivisions of the temporal domain that are 
defined with respect to two different temporal granularities.

Definition 2 (Temporal Granularity). Given a temporal domain TD, the 
temporal granularity is a mapping 𝐺 from the integers I (set of indexes) 
to a subset of TD such that:

1. If 𝑖 < 𝑗 and 𝐺(𝑖) and 𝐺(𝑗) are not empty, then the elements of 
𝐺(𝑖) are less than all the elements of 𝐺(𝑗).

2. If 𝑖 < 𝑘 < 𝑗 and 𝐺(𝑖) and 𝐺(𝑗) are not empty, than also 𝐺(𝑘) is 
not empty.

In other words, the granularity defines a partition of the temporal 
domain in elements considered indivisible units, called 𝑔𝑟𝑎𝑛𝑢𝑙𝑒𝑠. Given 
two temporal granularities 𝐺1 and 𝐺2, we can say that 𝐺1 ≺ 𝐺2, if the 
granules of 𝐺1 are finer than the granules of 𝐺2, namely ∀𝑔1 ∈ 𝐺1 ∃𝑔2 ∈
𝐺2 such that 𝑔1 ⊂ 𝑔2.

In this paper, we will consider only discrete temporal domains, 
namely, temporal domains where each element, except the last, has 
an immediate successor, and each element, except the first, has an 
immediate predecessor. In our case, the considered discrete temporal 
domain TD has been subdivided using two orthogonal granularities: 
the set of work days in a week 𝑊  and the set of useful hours inside a 
day 𝐻 . Clearly, the relation 𝐻 ≺ 𝑊  holds between these two temporal 
granularities.

Given two temporal granularities, the intersection between the 
induced subdivisions will be called time slot.

Definition 3 (Time Slot).  Given two temporal granularities 𝐺1 and 𝐺2, 
such that 𝐺1 ≺ 𝐺2, a time slot is a pair ⟨𝑔1, 𝑔2⟩, such that 𝑔1 ∈ 𝐺1 and 
𝑔2 ∈ 𝐺2 ∧ 𝑔1 ⊂ 𝑔2.

With reference to the specific configuration considered in this paper, 
let 𝑊  be the set of work days in a week, i.e., 𝑊 = {𝑀𝑜𝑛𝑑𝑎𝑦, 
𝑇 𝑢𝑒𝑠𝑑𝑎𝑦, 𝑊 𝑒𝑑𝑛𝑒𝑠𝑑𝑎𝑦, 𝑇ℎ𝑢𝑟𝑠𝑑𝑎𝑦, 𝐹𝑟𝑖𝑑𝑎𝑦}, and 𝐻 be the set of hours in a 
typical work day, e.g., 𝐻 = {8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19}. We 
represent a time slot in a day as a pair ⟨ℎ,𝑤⟩, where ℎ = (ℎ𝑏𝑒𝑔𝑖𝑛, ℎ𝑒𝑛𝑑 ), 
with ℎ𝑏𝑒𝑔𝑖𝑛, ℎ𝑒𝑛𝑑 ∈ 𝐻 , and 𝑤 ∈ 𝑊 .

In the following, we will use the  symbol to denote the available 
time slots concerning a particular choice of the two orthogonal gran-
ularities 𝐺1 and 𝐺2. Each time slot in 𝑠 ∈  can also be graphically 
represented as a cell inside a matrix 𝑀 . With reference to the rep-
resentation in Table  1, the rows denote the work days in 𝑊 , and the 
columns are the time intervals inside the day.
4 
Given such subdivisions in time slots, the considered problem aims 
to assign all the tasks in a predefined set to the proper time slot, 
considering the two kinds of identified constraints.

Definition 4 (Shared Tasks).  Given a set   of available tasks that need 
to be allocated inside a set of time slots of , each shared task 𝑇 ∈   is 
characterized by an identifier and a temporal duration 𝜃 defined with 
respect to the finer granularity: 𝑇 = ⟨𝑖𝑑, 𝜃⟩.

In the following, for not cluttering the notation, we will denote a 
generic task 𝑇 = ⟨𝑖𝑑, 𝜃⟩, as 𝑇𝑖𝑑_𝜃 . For instance, in the representation of 
Table  1, the task 𝑇1_2 has identifier 1 and takes 2 h to be completed.

Definition 5 (Sequential Task Assignment).  Given a set of shared tasks 
 = {𝑇1_𝜃1 , 𝑇2_𝜃2 ,… , 𝑇𝑚_𝜃𝑚} and a set of time slots , a sequential task 
assignment  is a function  ∶  → ℘() which associate each shared 
task in   to a set of timeslots in .

Given a shared task 𝑇𝑖𝑑_𝜃 ∈  , we say that 𝑇𝑖𝑑_𝜃 ⊏ {𝑠1 … 𝑠𝑛}, if 
𝑇𝑖𝑑_𝜃 has been allocated to the set of time slots {𝑠1 … 𝑠𝑛}. For instance, 
𝑇𝑖𝑑_𝜃 ⊏ {⟨(8, 10),𝑀𝑜𝑛𝑑𝑎𝑦⟩, ⟨(14, 15), 𝑇 ℎ𝑢𝑟𝑠𝑑𝑎𝑦⟩} means that such shared 
task will be provided on Monday from 8 a.m. to 10 a.m. and on 
Thursday from 2 p.m. to 3 p.m.

Table  1 illustrates an example of the allocation of a set of shared 
tasks inside a set of time slots. As you can notice, two slots of two 
hours are allocated to both the shared tasks with identifier 1 (𝑇1_2) 
and identifier 3 (𝑇3_2); conversely, a single slot of three hours has been 
allocated to the shared task with identifier 2 (𝑇2_3).

Each possible sequential task assignment represents a solution to 
our problem. However, among all the possible solutions, we are only 
interested in the valid ones, namely the sequential task assignments 
that comply with the set of given hard constraints.

Definition 6 (Valid Solution). Given a set of hard constraints , a set of 
shared tasks  , and a set of time slots , a sequential task assignment 
is said to be a valid solution if and only if  satisfies all the constraints 
in .

Several valid solutions can be identified for the same set of shared 
tasks  , set of time slots , and hard constraints . However, from 
the perspective of fairness, some solutions may be better than others. 
In particular, every stakeholder can define some time slot preferences, 
namely soft constraints, through a matrix formalized as follows.

Definition 7 (Soft Constraints Matrix).  Given the set of available time 
slots , the preference of a stakeholder 𝑘 for each time slot is expressed 
by a value 𝑛 ∈ [−1, 0], where 𝑛 closer to −1 highlights an undesirable 
time slot. A set of soft constraints 𝑘 for 𝑘 can be represented as a 
matrix 𝑀

𝑘 , with the same structure as 𝑀 , but containing in each cell 
the value 𝑛, instead of the assigned task.

For instance, Table  2 represents the preferences of a user 𝑘 where 
to avoid cluttering the notation, all the zero values are omitted. In this 
case, the less preferable slots for 𝑘 are before 10 a.m., time slots from 10 
a.m. to 11 a.m. have a medium level of dislike, and all other time slots 
can be considered equally preferable by the user. This soft constraint 
representation makes it easier to preserve stakeholder privacy since 
they do not require any explanation.

Given a set of soft constraints 𝑘 for stakeholder 𝑘, we generically 
define the local fairness of a solution in the following way.

Definition 8 (Local Fairness).  Given a set of hard constraints  and 
a set of soft constraints 𝑘, a set of shared tasks   and a set of time 
slots , the local fairness value for the stakeholder 𝑘 of a valid solution 
, denoted as 𝑓 (, 𝑘), is defined as the degree to which  satisfies the 
constraints in   for stakeholder 𝑘.
𝑘
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Table 2
Example of soft constraints represented as a matrix 𝑀

𝑘 .
 8–9 9–10 10–11 11–12 12–13 13–14

 Mon −1 −1 −0.5  
 Tue −1 −1 −0.5  
 Wed −1 −1 −0.5  
 Thu −1 −1 −0.5  
 Fri −1 −1 −0.5  

Table 3
Notation summary.
 Symbol Description  
  Set of hard constraints  
  Set of soft constraints  
 𝐾 Set of stakeholders  
 𝑘 Set of soft constraints of the stakeholder 𝑘  
 TD Temporal domain  
 𝐺, 𝐺𝑖 Temporal granularity  
  Set of time slots  
  Set of shared tasks  
 𝑇𝑖𝑑_𝜃 Shared task with 𝑖𝑑 and duration 𝜃  
  Task assignment  
 𝑀 Matrix representation of the time slot in   
 𝑀

𝑘 Matrix of soft constraint  of the stakeholder 𝑘 
 𝑓 () Local fairness of the assignment   
 𝑔() Global fairness of the assignment   

In reference to the formalization provided in Definition  7, local 
fairness is measured by the sum of the elements in the matrix 𝑀

𝑘 . 
Clearly, a value near zero represents the optimal fairness situation for 
user 𝑘, while a value less than zero means that some soft constraints 
are not satisfied by the provided solution.

Definition 9 (Global Fairness).  Given a set of hard constraints  and 
a collection of sets of soft constraints 𝑘1 …𝑘𝑛 , for stakeholders 𝐾 =
{𝑘1 … 𝑘𝑛}, a set of shared tasks   and a set of time slots , the global 
fairness of a valid solution , denoted as 𝑔(), is defined as the degree 
to which  satisfies the constraints in 𝑘𝑖  for all stakeholders in 𝐾.

In Definition  9 the generic notion of ‘‘degree’’ of satisfaction is used, 
in practice, we mean that in order to achieve a global fair solution, 
we need not only to increase each individual local fairness values, but 
also to balance them, so that no one is satisfied at expense of another. 
A complete formulation of local and global fairness measures will be 
provided in Section 4 in relation to the two considered case studies.

At this stage, the notions of hard and soft constraints are defined and 
applied to a sequential task assignment. These preliminary definitions 
also introduce the concepts of local and global fairness in evaluating 
valid solutions. Table  3 provides a summarization of the main symbols 
introduced here and used throughout the paper.

Given this formalization, the following section introduces the con-
sidered case study on which the proposed algorithms for local and 
global fairness achievement will be applied.

4. Case study

As case studies, we consider two scenarios: the timetable creation 
problem in the university domain, where professors and students share 
classes, and the travel planning problem in the tourist domain, where 
guides and tourists share guided visits. In both domains, one source, 
namely classes and visits, is shared between two groups of users 
(i.e., stakeholders).

Our purpose is to automatically define a fair timetable, where the 
concept of fairness is examined from the perspectives of both stake-
holders. We will solve the two sub-problems separately to achieve local 
fairness and then combine the best solutions to provide a global fair 
solution, if any.
5 
4.1. University timetable construction

As the first application domain, we consider the Italian university 
scenario and the problem of automatically defining a fair timetable 
covering all the planned class sessions planned during a semester.

In this case, the opposite stakeholders are on one side, the set of 
students attending the same degree course in the same year, and on the 
other side, each individual professor. Notice that these two stakeholder 
categories follow two different grouping criteria: all the students of 
the same degree course and year are considered as a unique stake-
holder, since they share the same constraints, need to attend the same 
classes, and in the considered scenario, they cannot express individual 
preferences. Indeed, in Italy, students cannot personalize their degree 
program, which is instead standard and depends on the degree course 
and year. Conversely, each professor is considered an individual with 
his/her preferences and constraints, coming also from the need to teach 
in different classes belonging to several degree courses.

In the university setting, the set of shared tasks   (see Definition  4) 
is represented by the set of classes such as, for example, Programming,
Physics, and Probability. Each degree program 𝑑 includes a subset of 
these classes, divided across different academic years 𝑦 which range 
from 1 to 6.1 The subset of courses available in a given year 𝑦 of a 
degree program 𝑑 is denoted as 𝑑

𝑦 .
In the timetable construction, each day can be viewed as a sequence 

of class sessions (i.e., a sequence of lectures), while a week consists 
of a sequence of university days. Consequently, the sequential task as-
signment problem we examine involves two temporal dimensions: one 
representing the sequence of lectures within a single day (horizontal) 
and the other capturing the sequence of days within a university week 
(vertical). More in detail, a sequential task assignment  (see Definition 
5) refers to the weekly course allocation, which defines the timeline of 
a typical week for students in year 𝑦 of the degree program 𝑑, ensuring 
that the courses in 𝑑

𝑦  are properly allocated.
The set of hard constraints  that each valid solution needs to sat-

isfy includes these two constraints: 𝐻𝑝
1 , namely, ‘‘each professor 𝑝 cannot 

take two class sessions in the same time slot for different courses’’, and 
𝐻

𝑆𝑑
𝑦

1 , namely, ‘‘students 𝑆 attending year 𝑦 of the degree program 𝑑 cannot 
attend two class sessions simultaneously ’’. Given that, the sequential task 
assignment problem can be viewed from two perspectives regarding 
fairness: the professors’ and the students’ sides. Both sides have dif-
ferent preferences, and their degree of satisfaction helps determine the 
fairest solution.

4.1.1. Local fairness for professors
For the professor sub-problem, besides to the set of hard constraints 

 mentioned above, each professor can express his/her undesired time 
slots specified as soft constraints. In particular, a professor could identify 
the more desired time slots by assigning a numeric value in the interval 
[−1, 0] to each slot: the closer it is to −1, the more unfavorable it 
is. Table  4 exemplifies the notation to formulate soft constraints. In 
the example, the considered professor declares that he/she does not 
desire to teach on Friday (score −1), he/she would not like to teach on 
Wednesday in the very early morning (score −0.5), and he/she would 
not like too much to teach on Monday morning (score −0.25).

Finally, we consider another soft constraint for professors, i.e., the 
possibility of having classes on two consecutive days. Whenever a 
professor specifies this preference, to manage it, we introduce the 
function 𝑓𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒() that returns 0 if the preference is respected by a 
schedule, a negative value otherwise.

According to Definition  8, fairness can be evaluated for a specific 
professor 𝑝, where a value closer to zero indicates a fairer weekly course 
assignment.

1 In Italy, Bachelor’s programs last three years, and Master’s programs last 
two years. Long single-cycle degree programs last five or six years.
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Table 4
Soft constraints expressed by a professor.
 8–9 9–10 10–11 11–12 12–13 13–14

 Mon −0.25 −0.25 −0.25  
 Tue  
 Wed −0.5 −0.5  
 Thu  
 Fri −1 −1 −1 −1 −1 −1  

Table 5
Weekly course assignment 𝑊 𝑑

𝑦 , where the course 𝐶1 re-
quires two slots of two hours (𝐶1_2), 𝐶2 one slot of three 
hours (𝐶2_3), and 𝐶3 one slot of two hours (𝐶3_2) and one 
of an hour (𝐶3_1).

8–9 9–10 10–11 11–12 12–13 13–14
Mon 𝐶1_2
Tue 𝐶3_2
Wed 𝐶1_2 𝐶3_1
Thu 𝐶2_3
Fri

Table 6
Fairness Value for a professor considering the schedule in 
Table  5 for the courses 𝐶1, 𝐶2, and 𝐶3. 

8–9 9–10 10–11 11–12 12–13 13–14
Mon −0.25 −0.25 −0.25
Tue
Wed −0.5 −0.5
Thu
Fri −1 −1 −1 −1 −1 −1

Sum −0.75 −0.75 0 0 0 0
Tot −1.5

Professor Fairness. Given a valid weekly course assignment  (i.e., an 
assignment satisfying all the hard constraints in ) and the set of soft 
constraints 𝑝 expressed by a professor 𝑝, the fairness of the solution 
, denoted as 𝑓 (, 𝑝), is computed by summing the values of the soft 
constraints for those time slots in which a lesson has been finally allocated, 
with the score obtained by the function 𝑓𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒().

For instance, given the course assignment of Table  5 and the soft 
constraints of Table  4, the final fairness value is −1.5. In Table  6, it is 
possible to see how the fairness score is computed: only the colored 
scores (i.e., only the slots with a lecture in the assignment of Table  5) 
are considered in the sum.

4.1.2. Local fairness for students
Since it is difficult to define individual fairness for each student and 

because in the Italian university style degree curricula are standard, 
i.e. most courses are mandatory in a specific year and the schedule is 
not flexible, the fairness value, in this case, is computed for the set of 
students attending a specific year of the same degree program. In other 
words, in this case, the stakeholder is a group of students who have to 
attend the classes altogether.

As it happened for the professor sub-problem, besides to the set of 
hard constraints , we impose some soft constraints representing the 
overall preferences of this group and whose degree of satisfiability is 
measured by a function. In particular, we have selected from [38] the 
more relevant soft constraints to provide good schedules for students. 
The selected satisfaction functions representing the considered set of 
soft constraints are:

• 𝑓𝑙𝑢𝑛𝑐ℎ: since a fair timetable guarantees a lunch break on each 
day of classes, the function has been introduced to measure the 
number of days with a lunch break.

• 𝑓ℎ𝑜𝑢𝑟𝐺𝑎𝑝 and 𝑓𝑤𝑒𝑒𝑘𝐺𝑎𝑝: they measure the number of gaps between 
two consecutive classes on the same day or in the week. In 
particular, they are defined to minimize the number of free hours 
6 
between classes (i.e., we want to avoid the situation of a day 
where there is a lesson from 8.30 to 9.30 a.m. and another from 
6.30 to 7.30 p.m.) and the number of free days in a week between 
two busy days, e.g., a class scheduled only on Monday and on 
Friday is not a desirable scenario for commuting students. This 
example highlights the flexibility of the approach in integrat-
ing contextual information into the problem, formalized as soft 
constraints.

• 𝑓𝑑𝑎𝑦: it measures the number of days with at least a lesson and is 
used to minimize the days of lectures in a week.

• 𝑓𝑒𝑎𝑟𝑙𝑦 and 𝑓𝑙𝑎𝑡𝑒: measures the number of classes in the early 
morning or the late evening. They have been introduced to avoid 
very early and very late classes with the final aim to encourage 
the use of public transport.

All these functions return a value close to zero when a schedule 
complies with the soft constraint they are checking or a negative value 
otherwise. Again, the more the final value is next to zero, the fairer the 
allocation is.

For instance, Table  7 reports the timeline of the first year of the 
degree program in Computer Science, and Table  8 summarizes the 
values obtained by each function and the final fairness score. We can 
notice that 𝑓𝑙𝑢𝑛𝑐ℎ is not zero since there is no lunch break on Monday. 
On the other hand, 𝑓ℎ𝑜𝑢𝑟𝐺𝑎𝑝 has a value close to zero as there is only 
one free hour for two days between classes in the timeline. The other 
non-zero value is obtained by 𝑓𝑑𝑎𝑦, which points out the number of days 
with a class scheduled. All the remaining functions are at zero, being 
that all other soft constraints are satisfied.

Based on Definition  8, fairness can be defined for the students 
attending the 𝑦th year of the degree 𝑑.
Student class fairness. Given a valid weekly course assignment  (i.e., an 
assignment satisfying all the hard constraint in ) and the value of each 
soft constraint function defined for a student class 𝑆𝑑

𝑦 , the assignment’s 
fairness 𝑓 (, 𝑆𝑑

𝑦 ), is computed by summing the values of the soft constraint 
functions.

Given the values in Table  8, the student class fairness equals −1.01. 
Again, the weekly course assignment becomes fairer as the final value 
approaches zero.

4.1.3. Global fairness for the university timetable problem
Considering the concept of global fairness introduced in Definition 

9, we can now contextualize it explicitly for the university use case.
Global university timetable fairness. Given the set of professors 𝑃 , the 

set of the degree programs 𝐷, the set of the years 𝑌  of each degree program, 
and a valid weekly course assignment  (i.e., an assignment satisfying all 
the hard constraints ). The global university timetable fairness 𝑔() is 
computed as a pair of values 𝑔() = ⟨𝑔𝑎(), 𝑔𝑠()⟩:

𝑔𝑎() = 1
2
⋅

(

1
|𝑃 |

∑

𝑝∈𝑃
𝑓 (, 𝑝) + 1

|𝑆|
∑

𝑑∈𝐷

∑

𝑦∈𝑌
𝑓 (, 𝑆𝑑

𝑦 )

)

𝑔𝑠() =
√

1
|𝑃 |

∑

𝑝∈𝑃
(𝑓 (, 𝑝) − 𝑔𝑎())2 + 1

|𝑆|
∑

𝑑∈𝐷

∑

𝑦∈𝑌
(𝑓 (, 𝑆𝑑

𝑦 ) − 𝑔𝑎())2

 where |𝑆| is the number of different 𝑆𝑑
𝑦  involved in .

In other words, the global fairness for the university case study is 
derived from the local fairness scores of Professor fairness and Student 
class fairness. The combination of these two values includes a computa-
tion of an average fairness value and the standard deviation from that 
value. Indeed, the global fairness computation also needs to consider 
balancing the local fairness associated with each stakeholder.

4.2. Tourism traveling planning

The tourism domain is considered a second case study, and now the 
problem is the automatic definition of travel planning. In this scenario, 
opposing stakeholders include tourists involved in the same sightseeing, 
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Table 7
An example of a complete weekly course assignment 𝑊 𝑑

𝑦 , where 𝑑 = Computer Science and 𝑦 = 1. 
𝐶𝑝𝑟𝑜−2 and 𝐶𝑝𝑟𝑜−3 are two and three hours slots of Programming, 𝐶𝑎𝑟𝑐−2 two hours slots of Computer 
Architecture. Then, 𝐶𝑚𝑎𝑡−2 and 𝐶𝑚𝑎𝑡−3 are two and three-hour slots of Mathematical Analysis, and 𝐶𝑙𝑜𝑔−2
and 𝐶𝑙𝑜𝑔−3 are two and three-hour slots of Logic.

8–9 9–10 10–11 11–12 12–13 13–14 14–15 15–16 16–17 17–18 18–19
Mon 𝐶𝑝𝑟𝑜_2 𝐶𝑎𝑟𝑐 _2 𝐶𝑙𝑜𝑔 _2
Tue 𝐶𝑎𝑟𝑐 _2 𝐶𝑝𝑟𝑜_3 𝐶𝑚𝑎𝑡_3
Wed 𝐶𝑎𝑟𝑐 _2 𝐶𝑚𝑎𝑡_2 𝐶𝑙𝑜𝑔 _3
Thu
Fri
Table 8
Soft constraint score computed for the student sub-problem looking at the 
timeline of Table  7.
 𝑓𝑙𝑢𝑛𝑐ℎ 𝑓ℎ𝑜𝑢𝑟𝐺𝑎𝑝 𝑓𝑤𝑒𝑒𝑘𝐺𝑎𝑝 𝑓𝑑𝑎𝑦 𝑓𝑒𝑎𝑟𝑙𝑦 𝑓𝑙𝑎𝑡𝑒 Sum  
 −0.33 −0.08 0 −0.6 0 0 −1.01 

thus sharing the same constraints, and tour guides with their own 
constraints.

In this use case, the set of shared tasks defined in Definition  4 
is represented by the set of visitable points of interest, e.g.,  =
{Archaeological museum at the Roman Theatre, Natural History museum,
The Cathedral, . . . }. Starting from the set of visitable points of inter-
est, it is possible to create different guided tours, where each one is 
considered as a subset of  .

As in the previous case study, the problem we address considers two 
temporal dimensions: each week is represented as a sequence of days, 
each consisting of a sequence of point-of-interest visits. Again, the task 
assignment problem and the fairness analysis can be examined from the 
perspectives of the two stakeholders: the guides and the tourists.

Every tourist guide is responsible for multiple points of interest 
𝑣 ∈  , thus the first hard constraint defined starting from the guide 
perspective 𝑔

1  is ‘‘each guide 𝑔 cannot take two visits in the same slot 
for different groups of tourists’’. Secondly, another hard constraint 𝑔

2  is 
established: ‘‘each guide 𝑔 cannot hold a visit to a point of interest 𝑣 during 
its closing hours’’. Finally, we can identify a hard constraint also from 
the perspective of the tourist 𝑡

1 regarding the overlaps between items: 
‘‘each tour group 𝑡 ∈ 𝑇  cannot attend two visits in the same time slot ’’. 
Overall, the set  of hard constraints is composed of three constraints 
that any valid solution needs to satisfy.

Similarly to the professor sub-problem, each guide can express soft 
constraints to indicate their preferences for the slots, using a number 
between −1 and 0, where −1 indicates the least preferred slots. Accord-
ing to Definition  8, we can establish the notion of fairness for each 
guide 𝑔.
Guide local fairness. Given a valid weekly tourist visit assignment 
(i.e., an assignment satisfying all the hard constraints ) and the set of 
soft constraints 𝑔 expressed by a guide 𝑔, the fairness of the solution , 
denotes as 𝑓 (, 𝑔), is computed by summing the values of the soft constraints 
for those time slots in which a visit has been finally allocated.

The representation of constraints and the assignment of guide sub-
problem are analogous to the previously mentioned example involving 
professors in Section 4.1.1.

Similarly to students, collecting tourists’ constraints is not trivial; 
therefore, individual fairness cannot be defined. Likewise, in this sce-
nario, the fairness value is calculated for a set of customers, i.e., the 
group of tourists attending the same tourist tour together. For them, we 
establish some soft constraints through the functions defined as follows:

• 𝑓ℎ𝑜𝑢𝑟𝐺𝑎𝑝 and 𝑓𝑤𝑒𝑒𝑘𝐺𝑎𝑝: they measure the number of gaps between 
two consecutive visits within a day or week. The aim is to 
minimize free hours between activities and empty days, as tourists 
typically prefer consecutive visits without breaks.
7 
• 𝑓𝑑𝑎𝑦: it measures the number of days with at least a visit to a 
point of interest, and it could be used when the tourist group has 
a limited number of days to spend.

• 𝑓𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒: it measures the distance that users walk between 
points of interest visits; thus, when designing tours, the distance 
between attractions should be minimized.

The functions above return a negative value if the timeline con-
tradicts them and zero otherwise. Once again, fairer timelines have a 
fairness value close to zero.
Tourist local fairness Given a valid weekly tourist visit assignment 
(i.e., an assignment satisfying all the hard constraints in ) and the value 
of each soft constraint function defined for a group of tourists 𝑡, the fairness 
of the assignment is 𝑓 (, 𝑡), which is computed by summing the values of 
the soft constraint functions.

The way the functions are represented and the sub-problem’s as-
signment is similar to the example previously described for students in 
Section 4.1.2.

The notion of global fairness (Definition  9) regarding the tourism 
domain can be defined similarly to the university use case.
Tourism global fairness. Given the set of the guides 𝐺, the set of tour 
groups 𝑇𝐺, and a valid weekly tourist visit assignment  (i.e., an assignment 
satisfying all the hard constraints ), the tourism global fairness 𝑔() is 
computed as a pair ⟨𝑔𝑎(), 𝑔𝑠()⟩

𝑔𝑎() = 1
2
⋅

(

1
|𝐺|

∑

𝑔∈𝐺
𝑓 (, 𝑔) + 1

|𝑇𝐺|

∑

𝑡∈𝑇𝐺
𝑓 (, 𝑡)

)

𝑔𝑠() =
√

1
|𝐺|

∑

𝑔∈𝐺
(𝑓 (, 𝑝) − 𝑔𝑎())2 + 1

|𝑇𝑆|
∑

𝑡∈𝑇𝑆
(𝑓 (, 𝑡) − 𝑔𝑎())2

 Once again, global fairness is computed starting from the local fairness 
of all the stakeholders involved taking care of both their average and 
standard deviation values.

5. The FaST-MOSA algorithm

The local and global fairness problems introduced in the previous 
section can be viewed as a multi-objective optimization problem subject 
to certain constraints. In particular, for each stakeholder 𝑘, the hard 
constraints ℎ ∈  can be considered the optimization constraints. 
In contrast, soft constraints 𝑥 ∈ 𝑘 can be translated into objective 
functions with eventually different weights.
𝑚𝑖𝑛⟨𝑥1,… 𝑥𝑛⟩ (1)
subject to ℎ1 …ℎ𝑚 (2)

Finding an optimal solution for such optimization problems is com-
putationally expensive; therefore, we will employ heuristics to find a 
satisfactory solution within a reasonable amount of time. In particular, 
we will exploit the dominance-based Multi-Objective Simulated Anneal-
ing (MOSA) [16] technique. The choice towards the MOSA technique, 
instead of other approaches like a greedy algorithm is due to two 
main reasons: (i) it is able to reach a global optimum if annealed 
sufficiently slowly, while other solutions, like the greedy algorithm, 
can stuck in local optima [40]; (2) in the search space exploration, 
instead of using completely random artificial solutions, we can rely on 
the concept of fairness to accelerate the convergence process by guiding 
the perturbation process, originating our extension called FaST-MOSA.



A. Dalla Vecchia et al. Information Systems 139 (2026) 102700 
5.1. Multi-objective optimization with MOSA

The MOSA technique resembles the physical process of heating 
a material and slowly lowering the temperature to decrease defects. 
In the same way, the heuristic is based on the use of a parameter, 
called temperature, which is high at the beginning, allowing a random 
exploration of the search space, then, it is progressively decreased 
to converge the solution to the optimum. It has been proven that 
the MOSA technique can reach a global optimum if the solution is 
annealed sufficiently slowly [41]. Conversely, one of the major draw-
backs of many optimization heuristics, like the greedy algorithm, is the 
possibility of getting stuck in local optima.

The exploration of the search space is based on the comparison 
of a current solution 𝑠curr with another potential solution 𝑠new which 
is obtained from 𝑠curr by applying to it a simple modification, named 
perturbation. The probability of choosing 𝑠new in place of 𝑠curr depends 
on both the goodness of the new solution compared to the previous 
one and the value of the temperature. Indeed, at higher temperatures 
(i.e., at the beginning), the probability of choosing the new solution is 
greater, independently of its goodness, allowing a more random search 
space exploration. The goodness evaluation is based on the notion 
of dominance, which also allows us to define a partial order on the 
solutions: given two solutions 𝑠1 and 𝑠2, we say that 𝑠1 dominates 𝑠2
(i.e., 𝑠1 ≺ 𝑠2) if 𝑠1 is better in at least one object function and equivalent 
in the remaining ones: 

𝑠1 ≺ 𝑠2 ⇔
{

∀𝑖 ∈ {1,… 𝑛} 𝑥𝑖(𝑠1) ≤ 𝑥𝑖(𝑠2)
∃𝑗 ∈ {1… 𝑛} 𝑥𝑗 (𝑠1) < 𝑥𝑗 (𝑠2)

(3)

The set of mutually non-dominating solutions is called Pareto set
 , and a solution not dominated by another solution is called Pareto 
optimum. Given a Pareto set  it is possible to compute the Pareto front
 ⊂ R𝑛, which is the set of points in the objective space:  = {𝑥̄(𝑠)|𝑠 ∈
}, where 𝑥̄ is the evaluation of the solution 𝑠 with respect to the 
various objective functions 𝑥1,… 𝑥𝑛. A MOSA algorithm aims to move 
the current Pareto front towards the optimal one (i.e., the Pareto front 
of the Pareto optimum set) while encouraging the diversification of the 
candidate solutions.

Algorithm 1 
Input:  time slots,   shared tasks, 𝑡init initial temperature
Output:  Pareto set of task assignments
1:  ← ∅
2: 𝑠 ← 𝑟𝑎𝑛𝑑𝑜𝑚𝐴𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡( ,  )
3:  ←  ∪ {𝑠}
4: 𝑡 ← 𝑡𝑖𝑛𝑖𝑡
5: while 𝑡 < 𝑡𝑚𝑖𝑛 do
6:  𝑠′ ← 𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑎𝑡𝑖𝑜𝑛(𝑠)
7:  𝑝 ← 𝑎𝑐𝑐𝑒𝑝𝑡𝑎𝑛𝑐𝑒𝑃 𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑠, 𝑠′, 𝑡,)
8:  if 𝑟𝑎𝑛𝑑(0, 1) < 𝑝 then 
9:   ←  ⧵ {𝑠} ∪ {𝑠′}
10:  𝑠 ← 𝑠′

11:  end if
12:  𝑡 ← 𝑢𝑝𝑑𝑎𝑡𝑒𝑇 𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒(𝑡)
13: end while
14: return 

In the considered problem, a solution 𝑠 represents a task assignment 
, i.e., a weekly course or touristic visit allocation. Thus, the Pareto 
set  contains a set of equally good assignments regarding the given 
notion of fairness. The algorithm starts with a random task assignment 
(line 2), and at each iteration at line 6, a perturbation of the current 
solution 𝑠 is done, obtaining a new solution 𝑠′. For our purpose, the 
perturbations are moving one shared task to a new slot or swapping the 
time slots of two tasks. Then, it evaluates the probability 𝑝 of taking 
𝑠′ as the new current solution. The computation of 𝑝 of the line 7 
8 
depends on the energy of the two solutions and the temperature 𝑡. 
The energy of a solution 𝑠, denoted by 𝐸(𝑠, ), measures the portion 
(i.e., number of solutions) of the current Pareto front  that currently 
dominates 𝑠: 𝐸(𝑠, ) = |{𝑣 ∈  ∣ 𝑣 ≺ 𝑓 (𝑠)}|. Note that the energy of a 
solution 𝑠 belonging to the Pareto front is 0. Given that, the acceptance 
probability 𝑃 (𝑠, 𝑠′, 𝑡) is defined as: 

𝑃 (𝑠, 𝑠′, 𝑡) = min
(

1, exp
(

−
𝐸(𝑠, ′) − 𝐸(𝑠′, )

𝑇

))

(4)

where  ′ =  ∪ {𝑠′}. Notice that a candidate solution dominated by 
one or more members of the current estimated Pareto front can still 
be accepted with a probability 𝑝 > 0. On the other hand, a solution 
belonging to the Pareto front is always accepted with probability 𝑝 = 1.

If 𝑠′ is chosen in place of 𝑠 (lines 8–11), the Pareto set and the 
current solution are adequately updated.

5.2. Fair sequential task assignment-MOSA

The core of the MOSA’s solution exploration is the perturbation 
applied at each iteration. To determine 𝑠′, i.e., the new task assignment, 
it is essential to define the possible operation that can be performed: 
(a) moving a randomly chosen shared task 𝑡 ∈   to a random empty 
slot and (b) swapping two randomly chosen shared tasks 𝑡1, 𝑡2 ∈  .

In this article, we evaluate two alternatives: the first is an approach 
based on pure random perturbations, and the second one uses only 
perturbations that can resolve some unfair situations.

The first solution adheres to the original MOSA algorithm, where 
perturbations are randomly chosen from the two provided. It performs 
a random exploration of the search space to avoid getting stuck in local 
optima.

On the other hand, the second one proposes only changes that 
can improve at least one constraint. The priority is given to hard 
constraints, which must be satisfied to obtain a valid solution. Then, 
the perturbation can propose a change to improve the satisfiability 
of soft constraints. For clarity, we will refer to this new algorithm as 
Fair Sequential Task Assignment-MOSA (FaST-MOSA). The proposed 
variation reduces the explored search space in a clever way, discarding 
the evaluation of solutions that will not lead to a useful path. This is 
possible because in our specific scenario, all shared tasks in   need 
to be allocated in some way, i.e., we do not perform a choice among 
them, and the allocation order does not matter, i.e., we do not care 
if a task 𝑇𝑖 takes place immediately before or after the task 𝑇𝑗 . The 
focus is on allocating tasks to time slots, and we are only interested 
in identifying free and busy time slots. The proposed FaST-MOSA is an 
efficient alternative, i.e., it allows us to reach the solution with fewer 
iterations. Moreover, the proposed principles driving the perturbation 
construction could be applied to other MOSA variants, as discussed in 
the following section.

5.3. Extension to other MOSA variants

The term MOSA denotes not only a specific Multi-Objective Simu-
lated Annealing technique, but also a family of algorithms that share 
a common framework while differing in their specific strategies and 
implementations. Since our approach operates at the level of the pertur-
bation mechanism, FaST-MOSA can be naturally applied and integrated 
into other variants of the MOSA family without altering their under-
lying annealing procedure. In this paper, besides the classical MOSA, 
we also consider the Archived Multi-Objective Simulated Annealing 
(AMOSA) [3] as a representative variant. This variant shares the same 
core structure of the classical MOSA presented in Alg. 1, differing only 
in how it adjusts temperature schedules, acceptance rules, or adaptive 
parameters. In particular, it relies on an archive of non-dominated 
solutions and an acceptance rule based on the amount of domination, 
while preserving the same overall annealing pipeline as MOSA, to 
increase the performance of every single iteration.
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The performed experiments reported in Sections 6 and 7 provide 
evidence that our solution could be effectively employed in other 
variants of the MOSA family, providing a flexible mechanism to embed 
fairness considerations into a family of optimization algorithms.

6. FaST evaluation

This section extensively evaluates the proposed approach using two 
real datasets: the timeline of the Computer Science Department of the 
University of Verona and the dataset of tourist Points of Interest (POIs) 
visited in Verona. The sets of hard and soft constraints for these two 
use cases are those presented in Sections 4.1 and 4.2, respectively.

Regarding the university dataset, we use a subset of the original one 
that concerns the courses offered in the bachelor’s degree programs in 
Computer Science, Bioinformatics, and Biotechnology. The professors 
are limited to those with at least one module in one of the degree 
programs chosen for the evaluation. For each year of the degree pro-
gram, we have a list of the shared tasks 𝐶𝑖𝑑_𝜃 associated with a specific 
professor, representing the courses to be allocated in the available time 
slots.

The tourism dataset encompasses five tours covering 31 POIs. Each 
POI is assigned to a tour guide, and there are seven guides available. 
Every guide is responsible for multiple POIs and their associated tour 
visits. For each tour, we have a list of planned POI visits 𝑉𝑖𝑑_𝜃 , each 
linked to a specific tour guide.

Given such datasets, we first explore the best hyperparameter con-
figuration, then we compare the performances of the two strategies 
presented at the end of the previous section (i.e., FaST-MOSA and 
FaST-AMOSA) with the traditional MOSA and the AMOSA variant, and 
finally, we evaluate how the local fairness of a stakeholder can impact 
the local fairness of the other stakeholders, with the aim of finding the 
global solution.

All the experiments were conducted on a MacBook Pro equipped 
with an Apple M3 Pro processor and 18 GB of RAM. The code and 
dataset can be found in the GitHub repository.2

6.1. Tuning hyperparameters

To find the best configuration for the local fairness solution, we run 
our approach by varying (a) the initial temperature, which controls the 
number of iterations, and (b) the maximum number of perturbations 
at each iteration. Since the first step of the Alg. 1 is a random item 
allocation, the experiments are conducted with at least five seeds for 
each hyperparameter.

6.1.1. Initial temperature
The initial temperature 𝑡𝑖𝑛𝑖𝑡 is tested from 10 to 100 for the university 

domain, and from 10 to 50 for the tourism dataset. The minimum 
temperature 𝑡𝑚𝑖𝑛 is set to 5, and the maximum number of perturbations 
at each iteration is set to 10. The difference between the span of 
the trials is guided by the processing time: running the algorithm 
with guides and tours, which have many constraints, requires a longer 
execution time.

Fig.  2(a) reports the results obtained for the university domain. For 
an initial temperature greater than 20, the orange solution obtained 
with FaST-MOSA is consistently fairer than the other three approaches, 
both in terms of 𝑔𝑎() and 𝑔𝑠() as depicted on the left and on the 
right, respectively. Notably, FaST-MOSA achieves higher average global 
fairness values (higher 𝑔𝑎) while simultaneously exhibiting a lower dis-
persion across stakeholders (lower 𝑔𝑠), indicating a more balanced and 
equitable distribution of fairness. Even when employing the AMOSA 
approach, our FaST variant yields better results regardless of the initial 

2 https://github.com/4nnina/fair_seq_task_assignment.
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temperature value, demonstrating its effectiveness in improving both 
the overall fairness level and stability.

Similar results are observed for the tourism travel planning problem, 
reported in Fig.  2(b), where our fairness-driven perturbation strategy 
achieves fairer solutions with lower initial temperature values, with 
both MOSA and AMOSA variants.

For both use cases, the processing time increases as the initial 
temperature rises, and the time increase is faster with FaST-MOSA. 
Note that FaST-MOSA can achieve a better fairness score with a lower 
initial temperature value and, thus, in less time. On the other hand, the 
AMOSA algorithm allows a higher number of iterations, maintaining 
the time computation limited compared to the traditional MOSA. Al-
though the setup used to collect the results is not a high-performance 
computing system, the outcomes are produced in a reasonable time-
frame, as shown in Fig.  3.

6.1.2. Number of perturbations at each iteration
We also test the maximum number of perturbations for each iter-

ation, considering a range from 5 to 50 for both the use cases. The 
minimum temperature 𝑡𝑚𝑖𝑛 and the initial temperature 𝑡𝑖𝑛𝑖𝑡 are set to 5 
and 25, respectively.

In Figs.  4(a) and 4(b), we observe that better results are achieved as 
the number of iterations increases. This deep exploration of the search 
space enables the improvement, albeit at the expense of increased 
processing time.

Also during these tests, FaST-based perturbations reaches the de-
sirable results first with both the MOSA variants and datasets. This 
trend indicates that incorporating fairness guidance into the perturba-
tion mechanism accelerates convergence towards balanced solutions, 
reducing the need for extensive exploration even in the early stages of 
the annealing process.

6.2. Perturbation evaluation

This section illustrates the results obtained with the two types 
of perturbations. This article presents a novel perturbation solution 
(i.e., the fairness-driven perturbation of FaST-MOSA and FaST-AMOSA) 
that is effective for this problem since the course and visit allocation 
orders are irrelevant. As we can notice from the plots of the previ-
ous section, the fairness-driven perturbation of the proposed MOSA 
variants reaches better results with a lower value of the analyzed 
hyperparameters compared to the random perturbations of the classical 
MOSA. Therefore, regarding time and the number of iterations of the 
algorithm, FaST-based strategy is better since it reaches the fairest 
result before the two considered MOSA variants.

In relation to the university use case illustrated in Figs.  2(a) and
4(a), the fairest solution, where the majority of preferences are met, is 
reached with an initial temperature of 20 and fewer than 20 perturba-
tions using the FaST-MOSA algorithm.

Regarding the tourism use case, as depicted in Figs.  2(b) and 4(b), 
the initial temperature remains more stable, showing little improve-
ment as it increases. However, the goodness of FaST-MOSA is evident. 
In contrast, the number of perturbations has a greater influence, high-
lighting the effectiveness of fairness-driven perturbations: with only 
a maximum of 10 perturbations, the FaST-based variants achieve the 
same fairness scores that random perturbations reach only when using 
50 perturbations.

In conclusion, the perturbations of FaST-MOSA enable better results 
with lower hyperparameter values, thereby minimizing the computa-
tional time across all use cases. Moreover, when execution time is a 
critical factor, applying fairness-driven perturbations within AMOSA 
allows the algorithm to achieve good-quality solutions with a limited 
computational budget. 

https://github.com/4nnina/fair_seq_task_assignment
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(a) University.

(b) Tourism.

Fig. 2. The global fairness score’s variance and mean as the initial temperature changes.. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
Fig. 3. The computational time’s variance and mean as the initial temperature changes for the university dataset.. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
7. Global fairness evaluation

In this section, we outline the process of achieving a global fair 
solution for all stakeholders. The identification of a global solution 
can be achieved in two ways: (1) starting from a set of identified 
local fair solutions and refining them to achieve global fairness, or (2) 
executing the FaST-MOSA algorithm from scratch while considering 
10 
the soft constraints of all stakeholders, without relying on previously 
computed local fair solutions.

Given the results discussed in the previous section and the absence 
of strict time constraints, the following analysis focuses on the FaST-
MOSA approach; however, the same considerations apply analogously 
when FaST perturbations are integrated within AMOSA.
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(a) University.

(b) Tourism.

Fig. 4. The global fairness score’s variance and mean as the maximum number of perturbations per iteration increases.. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
Table 9
Student fairness divided by degree courses and year, starting from professors’ timeline.
 Computer science Bioinformatics Biotechnology

 1 2 3 1 2 3 1 2 3  
 Fairness −2.62 −1.15 −1.57 −1.93 −1.02 −1.56 −1.0 −0.8 −2.23 
7.1. From local to global fairness

The first alternative to produce a global fair solution is to start by 
generating a local fair solution from each stakeholder’s preferences, and 
then add all soft constraints to create a unified timeline suitable for real 
task assignments.
University timetable problem. Firstly, we analyze the scenario in which 
the timetable is optimized from the professors’ perspective, i.e., a 
valid schedule that focuses on satisfying the soft constraints of the 32 
professors. The resulting schedule is locally fair for professors, as on 
average, 95% of their soft constraints are satisfied, and no hard con-
straints are violated. However, this locally optimal configuration does 
not translate into a feasible timetable for students. When this schedule 
is transferred to the student side, most cohorts experience significantly 
unfair allocations. Table  9 reports the fairness values obtained for each 
degree program and year under the professor solution.

Across the nine student cohorts, the resulting fairness is poor: 
the average fairness value is below –1.5, indicating that several soft 
constraints, such as avoiding early hours, long gaps, and guaranteeing 
the lunch break are violated; with this approach, the global fairness of 
11 
this professor-driven solution is ⟨−1.02, 1.04⟩, where the first component 
𝑔𝑎() represents the average global fairness value and the second 𝑔𝑠()
its standard deviation, reflecting a high dispersion among stakeholders. 
Applying FaST-MOSA with all soft constraints to this configuration 
produces an improvement, yielding a global fairness of ⟨−0.56, 0.22⟩.

Conversely, Table  10 presents the student class fairness obtained 
when the timetable is initially optimized for students. In this case, 
the resulting solution better satisfies the students’ soft constraints, but 
introduces violations for professors: 9 out of 32 professors have at least 
one unsatisfied preference. The global fairness score is ⟨−0.84, 0.87⟩, 
indicating a more balanced situation than in the professor scenario.

Starting from this last assignment, which presents better fairness 
characteristics, we apply FaST-MOSA considering the global problem 
to improve the obtained solution. The algorithm converges to a global 
fairness of ⟨−0.50, 0.09⟩, which not only increases the average fairness 
value but also reduces the variance across stakeholders. This reduction 
in dispersion reflects a more equitable distribution of constraint satis-
faction, with fewer stakeholders experiencing significantly lower levels 
of satisfaction.

Table  11 summarizes the fairness scores obtained by using the 
different optimization strategies. The first two strategies compute the 
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Table 10
Student fairness divided by degree courses and year, starting from students’ timeline. 
 Computer Science Bioinformatics Biotechnology

 1 2 3 1 2 3 1 2 3  
 Fairness −1.55 −1.02 −1.57 −1.41 −1.15 −1.57 −1 −0.8 −1.55 
Table 11
Summary of fairness results across the two optimization strategies. Average 
and standard deviation are computed across all stakeholders, and the global 
fairness is reported. The first two strategies are local fair solutions, while the 
last two strategies are global solutions computed from local fair ones.
 Strategy Professors Students Global  
 (avg, std) (avg, std) ⟨𝑔𝑎(), 𝑔𝑠()⟩ 
 Professors’ preferences −0.49, 0.86 −1.54, 0.58 ⟨−1.02, 1.04⟩  
 Students’ preferences −0.40, 0.83 −1.29, 0.28 ⟨−0.84, 0.87⟩  
 Global from professor 0.0, 0.0 −1.11, 0.22 ⟨−0.56, 0.22⟩  
 Global from students 0.0, 0.0 −1.01, 0.09 ⟨−0.50, 0.09⟩  

global solution by considering only soft constraints of a single stake-
holder group (i.e., students or professors). The latter two strategies 
begin with a preliminary, local fair assignment and then refine it 
through global optimization. Interestingly, the Professors’ preferences
configuration, which prioritizes professors’ soft constraints, produces 
the worst professor fairness. This outcome highlights that, even though 
the professor-oriented solution is locally optimal for professors, com-
bining it with the students’ constraints leads to conflicts that need 
to be solved by identifying some compromises. Conversely, starting 
from the students’ preferences provides a more balanced initialization, 
where student constraints are aligned with the overall feasibility of 
the timetable. As a result, the subsequent global optimization step 
(i.e., Global from Students) produces the fairest solution, with both 
the highest average fairness and the lowest standard deviation. This 
suggests that a locally fair timetable for students provides a structurally 
better starting point for global optimization than the professor-oriented 
one.

Tourism traveling problem. In the tourism scenario, the number of soft 
constraints defined by guides and tourists is more balanced than in 
the university use case. As a result, optimizing the schedule from one 
stakeholder’s perspective does not drastically penalize the other. A 
timetable optimized first for guides, then with FaST-MOSA, with all soft 
constraints remaining reasonably fair for tourists, improving the global 
fairness, and vice versa, with no major divergence between the two 
local optima. This balanced constraint structure implies that starting 
from a guide-local fair or tourist-local fair solution yields comparable 
results. Consequently, in the tourism domain, the choice of which 
stakeholder to optimize first has a marginal effect on the final fairness 
outcome.

7.2. Global fairness construction

The second option we consider executes the FaST-MOSA algorithm 
by jointly considering not only all the hard, but also all the soft 
constraints of all the stakeholders involved. As expected, achieving a 
global fair solution requires a higher number of iterations, resulting in 
increased execution time. In the plot of Fig.  5, the trends for global 
fairness and execution time for the university use case are reported as 
the number of iterations increases.

The plot is generated by running the algorithm with seven different 
seeds, demonstrating that the behavior remains consistent across all 
trials. The best global fairness achieved for the university use case is 
⟨−0.54, 0.12⟩. In this configuration, only 1 out of 32 has only an un-
satisfied constraint, with a standard deviation of 0.04 for the professor 
and 0.12 for the students.

In Table  12, the global fairness, in terms of the average and stan-
dard deviation, for students and professors of the global approach are 
12 
Table 12
Summary of fairness results across the optimization strategies. Average and 
standard deviation are computed across all stakeholders, and the global 
fairness is reported.
 Strategy Professors Students Global  
 (avg, std) (avg, std) ⟨𝑔𝑎(), 𝑔𝑠()⟩ 
 Global from students 0.0, 0.0 −1.01, 0.09 ⟨−0.50, 0.09⟩  
 Direct-global −0.01, 0.04 −1.07, 0.12 ⟨−0.54, 0.12⟩  
 Real −0.09, 0.21 −1.5, 0.39 ⟨−0.80, 0.45⟩  

reported, together with the corresponding best results obtained from 
the local to global approach and the scores of the real schedule timeline 
from which the data were extracted.

Considering the real timeline, the global fairness is ⟨−0.80, 0.45⟩
with a standard deviation of 0.21 for professors and of 0.39 for stu-
dents. Although the professors show very good average fairness values, 
this comes at the cost of completely disregarding the students’ prefer-
ences. Moreover, the standard deviation observed in the real timeline 
indicates that only a few professors have unmet constraints; in other 
words, fairness is unevenly distributed, and a minority of professors is 
disproportionately penalized.

Conversely, the application of FaST-MOSA directly to the global 
problem improves fairness by reducing the standard deviation of the 
global score, which captures the dispersion across stakeholders. How-
ever, when comparing the approaches under the same computational 
budget, the strategy that starts from a locally fair solution consis-
tently produces better global fairness outcomes than running the global 
optimization from scratch. In particular, for the same number of iter-
ations (e.g., an initial temperature of 35 and a maximum number of 
perturbations of 10), the configuration obtained by starting from the 
students’ preferences and then performing global refinement (Global 
from Students) achieves both a higher average global fairness and a 
lower standard deviation. Moreover, even when the initial temper-
ature is further reduced to 25, starting from the local solution still 
yields comparable results (⟨−0.54, 0.23⟩). These results suggest that 
local initialization provides a more effective starting point for global 
optimization, enabling the algorithm to achieve fairer solutions more 
quickly. 

A similar behavior is observed in the tourism travel planning prob-
lem. The direct global optimization achieves the best overall fairness 
⟨−0.88, 0.44⟩, this result is obtained at the cost of longer execution 
times compared to starting from a local solution. Nevertheless, unlike 
the university scenario, a real-world tourism timeline is not available. 
Therefore, a direct comparison against an existing schedule cannot be 
performed.

7.3. Validation in a real use case

To evaluate our approach, we conducted a questionnaire involving 
102 Bachelor’s and Master’s degree students from the University of 
Verona. This survey serves two different purposes: (i) to evaluate the 
perceived importance of the objective functions, (ii) to evaluate the 
goodness of the approach. Regarding the first aspect, we can observe 
that in the proposed case study, students and tourists are treated as a 
single entity, and they cannot express individual preferences during the 
problem instantiation. Therefore, the set of objective functions has been 
defined to incorporate all usual preferences informally acquired from 
the domain experts’ experience. Clearly, some students may be more 
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(a) Fairness trend over iterations.

  
(b) Execution time trend over iterations.

 

Fig. 5. Evolution of fairness and execution time with increasing iterations.
Fig. 6. Timeline chosen by the participants of the questionnaire. In red, the cases in which the participants prefer the timeline generated with MOSA are 
highlighted.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
sensitive to specific aspects, while others may be more interested in oth-
ers. With the questionnaire, we can evaluate the perceived importance 
of the chosen objective functions. 

Firstly, we anonymously collected student-type information, as pref-
erences may vary depending on the group to which they belong. 
Specifically, students were categorized into three groups: commuters, 
who live more than 40 km from the university (48%); on-site students, 
who live close to the university (34,3%); and off-site students, who 
rent an apartment near the university during class periods (17,6%). 
The classification based on their proximity to the campus seems to 
be the most informative distinction to understand the importance of 
the objective functions. Note that this information is used only to 
understand the obtained results, not to drive them. Indeed, any attempt 
to consider them during the perturbation could lead to a solution that 
prioritizes the majority class over the minority one. 

After this preliminary question, participants were asked to choose 
between two timelines and explain their selection. Using the MOSA and 
FaST-MOSA algorithms, we generated 10 different timelines with both 
approaches. As shown in Fig.  6, in 9 out of 10 timelines, the students 
prefer the solution proposed by FaST-MOSA. Looking more in detail 
at the timeline generated in Table  13, the q6–MOSA generated offers 
a more enjoyable slot for the lunch break than the q6–FaST-MOSA 
generated. Thus, there is no situation of unfairness in none of the two 
timelines, hence we can consider them as equivalents.

The plots in Fig.  7 display preferences categorized by student groups 
identified in the first question. Notably, on-site and off-site students, 
who live near the university, expressed different preferences from 
commuters in the final question. Examining Table  14, which represents 
13 
the timeline of q10, reveals the cause of this divergence: commuters 
prefer the timeline with fewer days.

Additionally, participants rank the constraint in order of impor-
tance, from most to least significant. The results show that different 
types of students prioritize constraints differently. Notably, commuters 
ranked having fewer days as their top priority, while lunch break con-
sistently placed second or third among all participants. Besides the 
differences in the importance of these objective functions, the ques-
tionnaire confirms the validity of the chosen objective functions, since 
they are perceived by students as important soft constraints in their 
preference expression.

7.4. Discussion

The analysis in Section 7.1 reveals that achieving a local fair solu-
tion for each stakeholder is not enough to build a global fair solution or 
even a valid solution for another stakeholder.  In this regard, a multi-
objective optimization approach is a powerful tool for identifying a 
local fair solution, as each preference (transformed into an objective 
function) can be considered of equal importance in the dominance 
relation, while the set of common hard constraints defines the notion 
of a valid solution. Conversely, when considering global fairness, the 
classical MOSA technique has some limitations, as the dominance 
relation tends to favor the scenario where one stakeholder increases 
the corresponding objective function, while the other maintains its 
satisfaction level, rather than a more equitable situation in which the 
satisfaction of all stakeholders is similar.

Therefore, the choice to start by identifying local fair solutions is 
reasonable, but once they have been achieved, a proper procedure 
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(a) Commuter.

  
(b) On-site.

 

 
(c) Off-site.

 

Fig. 7. Detailed plots about the timeline chosen from each group of students. The cases where the participants prefer the timeline generated with MOSA are 
highlighted in red.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 13
Timelines proposed in the 6th questionnaire question.

(a) MOSA
8–9 9–10 10–11 11–12 12–13 13–14 14–15 15–16 16–17 17–18 18–19

Mon 𝐶𝑃𝑟𝑜𝑔𝑇 _1 𝐶𝑀𝑎𝑡ℎ_2 𝐶𝑃𝑟𝑜𝑔𝑇 _2
Tue
Wed 𝐶𝑁𝑒𝑡_2 𝐶𝑃𝑟𝑜𝑔𝐿_2 𝐶𝑁𝑒𝑡_1 𝐶𝑀𝑎𝑡ℎ_3
Thu
Fri

(b) FaST-MOSA
8–9 9–10 10–11 11–12 12–13 13–14 14–15 15–16 16–17 17–18 18–19

Mon 𝐶𝑃𝑟𝑜𝑔𝑇 _2 𝐶𝑁𝑒𝑡_2 𝐶𝑃𝑟𝑜𝑔𝑇 _1
Tue 𝐶𝑀𝑎𝑡ℎ_3 𝐶𝑁𝑒𝑡_1 𝐶𝑃𝑟𝑜𝑔𝐿_2 𝐶𝑀𝑎𝑡ℎ_2
Wed
Thu
Fri
Table 14
Timelines proposed in the 10th questionnaire question.

(a) MOSA
8–9 9–10 10–11 11–12 12–13 13–14 14–15 15–16 16–17 17–18 18–19

Mon
Tue
Wed 𝐶𝑀𝑎𝑡ℎ_3 𝐶𝑃𝑟𝑜𝑔𝑇 _1
Thu 𝐶𝑃𝑟𝑜𝑔𝑇 _2 𝐶𝑃𝑟𝑜𝑔𝐿_2 𝐶𝑁𝑒𝑡_1
Fri 𝐶𝑀𝑎𝑡ℎ_2 𝐶𝑁𝑒𝑡_2

(b) FaST-MOSA
8–9 9–10 10–11 11–12 12–13 13–14 14–15 15–16 16–17 17–18 18–19

Mon
Tue
Wed
Thu 𝐶𝑁𝑒𝑡_1 𝐶𝑀𝑎𝑡ℎ_2 𝐶𝑃𝑟𝑜𝑔𝐿_2
Fri 𝐶𝑁𝑒𝑡_2 𝐶𝑃𝑟𝑜𝑔𝑇 _1 𝐶𝑀𝑎𝑡ℎ_3 𝐶𝑃𝑟𝑜𝑔𝑇 _2
is necessary to combine them to obtain a global fair solution for all 
stakeholders. In the identification of global fairness, a modification of 
the notion of dominance and acceptance probability is needed, as well 
as a measure of global fairness (see Definition  9) which cannot be 
considered a mere summation or average of the local fairness values 
14 
𝑓 () individually computed. Indeed, the standard deviation of each 𝑓 () is 
also included to measure the spread or dispersion of such values. A fair 
solution is not a solution that completely satisfies one at the expense of 
others, but a solution that eventually does not save anyone in the same 
proportion.
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7.5. Limitations

In both application domains, the individual preferences of students 
and tourists were not modeled explicitly, but the soft constraints as-
sociated with these stakeholders were defined at an aggregated level, 
relying on common general preferences, also coming from the litera-
ture [42]. 

The choice to have different granularities in stakeholder character-
ization and preference definition (e.g., all students in the same cohort 
together, versus each professor alone) allows us to demonstrate the 
flexibility of the approach and the possibility of describing preferences 
at different aggregation levels. However, as discussed in Section 7.3, 
within the student group, there may be sub-groups with different 
sensitivities to the chosen objective functions. Moreover, the proposed 
formalization simplifies the underlying real-world problems in order to 
focus on the interaction between local and global fairness. For instance, 
in the university timetable case study, the classroom availability and 
capacity are not considered. Similarly, in the tourism domain, we 
do not account for factors such as delays or unexpected changes in 
visit availability. These simplifications make it possible to initiate the 
analysis of fairness-related topics, but pose an important direction for 
future work in refining both hard and soft constraints for applicability 
to more complex operational settings.

Finally, global fairness is quantified through a specific aggregation 
that combines average fairness and its standard deviation across stake-
holders. This design choice explicitly captures both overall satisfaction 
and balance, but alternative aggregation strategies could reflect differ-
ent normative interpretations of fairness. Exploring such alternatives 
constitutes a natural extension of this work.

8. Conclusion

This work provides a comprehensive framework for multi-sided se-
quential task assignment that integrates formal definitions of local and 
global fairness, practical implementation, privacy preservation, and 
real-world applicability. Indeed, integrating personalized constraints 
without requiring stakeholders to reveal their motivations is important 
in today’s data-sensitive environment. Discussing potential conflicts 
between local and global fairness highlights the complexities and trade-
offs involved in multi-stakeholder environments. This insight is es-
sential for designing systems that effectively balance individual and 
collective fairness.

The paper formulates the goal of identifying both the local and 
global fair solutions as a Multi-Objective Optimization problem and 
proposes an extension of the MOSA algorithm, called FaST-MOSA, to 
effectively address both sub-problems by exploiting fairness principles 
to speed up convergence. The validation of the proposed solution in 
two real-world domains shows the practical utility and robustness of 
our approach.

In future work, we are extending the notion of soft constraints to 
include preferences unrelated to calendar slots. Another possible ex-
tension is to consider the impact of external factors, as it is well known 
that the context greatly enhances the benefits of multi-stakeholder 
Recommendation Systems. On the other hand, the order in which tasks 
are completed may be relevant (e.g., hard lectures are better in the 
morning than in the late afternoon). However, these aspects can be 
easily implemented through additional constraints that may generalize 
our proposal.
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