
University of Camerino
School of Advanced Studies

Doctor of Philosophy in
Computer Science and Mathematics - XXXVI Cycle

A Framework for Simulating and
Analysing Multi-Agent Systems

in YODA

Supervisor PhD Candidate

Prof. Michele Loreti Nicola Del Giudice

Cycle XXXVI





Do. Or do not...

There is no try.





ABSTRACT

Modern software solutions vary in dimension and domain scope and may be
composed of a huge and heterogeneous amount of interacting entities. Each
of these entities is characterised by a set of respective local or global goals.
The entities have to operate and adapt according to a strategy, even coop-
erating or competing against each other. These interactions may produce
many intricacies and unexpected results. Predicting these results should be
supported by tools for simulating and analysing.

Operating entities are commonly referred to as agents and if we deal with
multiple agents, this system is called Multi-Agent System. This is defined
as “a loosely coupled network of problem-solving entities (agents) that work
together to find answers to problems that are beyond the individual capabil-
ities or knowledge of each entity (agent)”. Agents may be enclosed in an
environment and the dynamics between the actors may produce even more
complexities, called “emergent behaviours”. A proper definition of environ-
ment can help us define the whole system.

In this thesis, we introduce YODA, a novel framework for simulating agent-
based systems. The framework allows the developer to define how the agents
and the environment evolve by providing a set of formal rules and a specifi-
cation language to model different case scenarios. YODA has been integrated
into Sibilla, a Java-based tool for reasoning about Collective Systems, by
taking advantage of the modular architecture of the tool. The thesis also
includes a set of case studies to understand how YODA works with different
scenarios. Additionally, we present two tools for further analysing Multi-
Agent Systems. In the first case, we introduce Sequit a lightweight visualiser
developed using the Unity Game Engine. On the other hand, we show an
integration with the Model-Checking framework called GLoTL.
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CHAPTER 1

INTRODUCTION

Size matters not.

Look at me.

Judge me by my size, do you?

1.1 Motivation

Modern computing solutions vary in dimension and domain scope. These
may be referred to asCyber Physical Systems(CPS) [1], used in medical
contexts [2] or smart grids [3] where di�erent physical components pass in-
formation about the enclosing environment, or asCollective Adaptive Systems
(CAS) [4], like logistics or supplying networks [5]. A distinguished aspect of
these systems is that they are often composed of a huge and heterogeneous
number of interacting entities. Each of these entities pursues a set ofgoals,
which can belocal (related only to the single entity) or global (related to the
collectivity). The entities have to operate and adapt according to a strategy
and can cooperate or compete against each other in order to complete their
tasks. Another important feature is that these entities do not operate under
centralised control; thus, each one is responsible for its own actions. As we
can imagine, by interacting and executing actions, these entities may pro-
duce many intricacies and even complex results: predicting such a quantity
of outcomes can pose a di�cult task to any user. Tools for simulating and
analysing should support this activity in understanding said behaviours.

The presence of these entities is well-known in Arti�cial Intelligence and
Complex Systems Theory [6]. However, these operating entities are com-
monly referred to asagents, or more precisely, intelligent agents [7]. Agents
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di�er from each other and are used in many research �elds. When consid-
ering a group of agents executing some tasks, we consider a Multi-Agent
System (MAS). The de�nition given by Durfee et al. in [8] describes a MAS
as �a loosely coupled network of problem-solving entities (agents) that work
together to �nd answers to problems that are beyond the individual capabili-
ties or knowledge of each entity (agent)�. The introduction of agencyis what
separates CAS from MAS: in the �rst case, we consider any possible inter-
acting entity, while in the other case, the systems are strictly agent-based.
Additionally, MASs pervade many real applications, from robotic scenarios,
where behaviours are already scheduled, to more complex cases involving
humans. Because of this, it is necessary to have methods to represent them
as realistically as possible.

Over the years, researchers have devised di�erent formalisms to accom-
plish this task, sometimes focusing on more speci�c domains while others
trying to be more general purpose. Along with these languages, many tools
have been developed to simulate agent-based systems. Each has its own
architecture and supported languages, allowing the user to simulate and pro-
duce the intricacies of collective systems. A simulated scenario should take
into account most of the aspects of an MAS, which is not always composed
of mere agents.

Occasionally, the system considers the agents as entities enclosed in an
environment. The latter's de�nition varied over time, as underlined by the
authors of [9]. Some researchers treated the environment as the �external
world�, meaning that the environment is not an explicit part of the models or
architectures [10]. Others saw the environment as a medium for coordinating
agents, creating aggregate behaviour, as shown by the example described
in [11] about aircraft landing. It is also useful to consider those systems
based on stigmergic interactions [12], which are based on the concept of
local information represented as marks (some associate them even to ants'
pheromones) that can be used to retrieve information about the surroundings.

Being able to specify MASs is still a relevant problem, especially when
combining environmental dynamics. Interactions among these components
may produce complexities or even unexpected results, calledemergent be-
haviours [13]. This activity should be supported by tools (such as languages
and software) that provide comprehensive knowledge of the systems. In some
cases, it could be possible that the agents are �blind�, meaning they can not
have direct access to external information [14]. The reasons could range from
fallible sensors to high component costs. In addition, they cannot correctly
update themselves or communicate useful data with others. Thus we need
to depute an appropriate entity to overcome this necessity. As we will see
in this thesis, the enclosing environment�which should not be considered
merely the world around it but also an interacting entity�can resolve this
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issue.

1.2 Contributions

This thesis presents a novel framework dealing with the development and sim-
ulation of agent-based systems. The framework is conceived to allow anyone
to start designing MASs using the provided language, load the speci�cation
into the simulator, and perform the necessary graphical and formal analyses.

Figure 1.1 shows an overview of the framework proposed in this thesis and
how each component interacts with the others. In the scheme, continuous
lines represent the components of the thesis's main contribution. On the
contrary, dashed lines depict components that were already developed and
that have been integrated into the proposed framework.

Figure 1.1: Overview of the framework for simulating and analysing MASs
in YODA

The thesis' contributions can be summed up in the following manner:

ˆ First, we introduce the Sibilla simulation tool [15, 16], a framework
developed in Java to simulate Collective Systems. The tool has been
conceived as modular software acting as a container supporting di�er-
ent speci�cation formalisms. Additionally, it allows the user to inte-
grate multiple analysis techniques, such asoptimisation [17] or model-
checking [18]. The key feature ofSibilla is customizability. Indeed,
Sibilla is already equipped with a set of languages to design collective
systems and a set of functionalities to perform di�erent quantitative
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analyses. To explain the available features, we use two examples, one
based on aRepressilator [19], an auto-regulating genetic network. In
contrast, the other example takes inspiration from the Lotka-Volterra
Predator-Prey model [20], where a pack of wolves hunts down a herd.

ˆ Another contribution is the development ofYODA (Yet anOther agent
Description lAnguagemulti-agent language [21, 22].YODA is a lan-
guage conceived to specify MASs and is equipped with both a compu-
tational model and a speci�cation grammar. The language comes from
a long tradition of research onFormal Methods [23, 24], which are
de�ned as �mathematical techniques, often supported by tools, for de-
veloping software and hardware systems�. Formal Methods are used to
rigorously specify software, stating what it should precisely do. On the
other hand, they should also avoid constraints on how software should
achieve such results. Indeed,YODA's computational model shows what
agents and environment should do to proceed into the next state. To
help the reader understand the language, we use a running example
based on aRobotic Scenario [25]. This considers a group of robots
that, given a starting point, must reach an area at the opposite end of
a grid map. The robots can decide autonomously in which direction
to avoid obstacles and complete their task. We report the results of
simulating the robotic model usingSibilla.

ˆ Together with this example, we speci�ed more complex cases using
YODA, such as theFlock behaviour. This model was inspired by the
well-known Boids scenario designed by Reynolds in 1987 [26]. Agents
(the birds or any entity displaying swarm behaviours) proceed in a
certain direction while adopting one of three possible policies:

Alignment Tending to maintain the same direction as the neighbours;

Cohesion Keeping a certain distance from the others;

Separation Avoiding collisions with each other.

Another complex scenario used to displayYODA capabilities is theFind-
erBot, which recalls those where agents need to retrieve an injured
civilian [27] or eradicate an invasive grass [28]. The proposed model
is useful to understand how the behaviour can drastically change in
YODA-based models. Normally, agents roam, in a random manner, the
environment looking for a target. Once they reach the interested area,
they stop moving and signal the target's position to the other agents.
The third example is based on theSEIR [29], a model used to un-
derstand epidemic scenarios. In this example, a group of susceptible
individuals may get in contact with infected ones. In this case, they
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become exposed and then infected themselves. After a certain time,
the illness ends and the individual recovers. Finally, the last example
is calledRed-Blue and is based on consensus scenarios [30]. Here, we
imagine two types of supporters (red and blue) who can change parties
when there are more of the same side around them.

ˆ As we said, developing complex systems may produce unexpected be-
haviours. These may be involuntary from the developer's perspective,
and they can be investigated only using quantitative analysis tools.
The �nal piece of the thesis regards integrating tools to better compre-
hend the simulation results. Relying only on static visualisation, such
as plotted graphs, could not be enough. For these reasons, we created
Sequit [31], a lightweight visualiser developed withUnity. The idea
is to have a tool that can be used immediately, even by non-experts,
given a.csv �le with simulated agent traces. The visualiser permits us
to appreciate the evolution of the system even further.

ˆ Verifying properties play a signi�cant role in the domain of formal
methods. This technique is fundamental when we need to ensure vari-
ous characteristics in complex systems, such as robustness, consistency,
or reliability. To perform such analyses inYODA, we took advantage
of the GLoTL framework [32]. This logical framework was already
integrated into Sibilla, and we used it to verify some properties of one
of the proposed examples. We will discuss the semantics and syntax of
GLoTL and how we implemented it to model the four additional case
scenarios.

1.3 Structure of the Thesis

The remainder of the thesis is divided as follows.

ˆ Chapter 2 contains an overview of the related works we took as in-
spiration for the development of the framework. We introduce the
Multi-Agent Systems topic in Section 2.1 by looking at some important
languages. These gradually deal with the concept of environment as a
main component of an agent-based system. Then, Section 2.2 presents
some tools focused on MASs we found interesting to understand the
connection betweenYODA and Sibilla. In Section 2.3, we consider more
tools that allow the user to visualise the results of simulated agents as
a confrontation with Sequit. Finally, we discuss general CAS tools in
Section 2.4, posing the foundations of theSibilla simulator.

ˆ Chapter 3 introduces theSibilla simulator, a Java-based modular tool
we used to simulate the agents. In Section 3.1, we start by explaining
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the tool's architecture and how the components interact. Section 3.3
follows with a brief discussion of two examples: one about a biochemical
mechanism, the other on predator-prey behaviour. We conclude the
chapter with Section 3.2, which explains the commands for simulating
and tracing with Sibilla.

ˆ YODA is actually presented in Chapter 4. In Section 4.1, we introduce
the computational model ofYODA. This is used to understand how a
system developed usingYODA works and evolves. Section 4.2 contains
the speci�cation rules for designing MASs withYODA, while Section 4.3
shows how we can simulateYODA models usingSibilla functionalities.

ˆ Chapter 5 contains a set of case studies based on common scenarios
to show how the language works. The �rst case scenario, presented
in Section 5.1, is based on the �ocking behaviour, where the agents
move around in a coordinated way. The FinderBots example, shown in
Section 5.2, describes a scenario where a group of agents has to �nd a
target. Section 5.3 presents the SEIR scenario, which is used to mimic
epidemics and illness transmission. Finally, the last example, based on
a consensus scenario, is discussed in Section 5.4.

ˆ In Chapter 6, we introduceSequit, a Unity -based visualiser to replay
collective system via agent traces. We show in Section 6.1 its archi-
tecture and how the main of the tool interact with each other. The
discussion is followed by the visual representation of the four main
scenarios.

ˆ Chapter 7 presents some analyses using model-checking algorithms.
Speci�cally, we combine the proposedYODA-based scenarios with a
logical framework for model-checking calledGLoTL . This framework
permits reasoning about global (environmental) and local (single be-
haviours) properties of collective systems. Here, we show the plots
related to the satisfaction probability of formulas of the four scenarios.

ˆ We discuss the conclusion by summing up the presented work in Chap-
ter 8. Here, we also discuss the future directions of theYODA frame-
work.



CHAPTER 2

LITERATURE

In a dark place

we �nd ourselves

and a little more knowledge

lights our way.

Over the years, agents have received many de�nitions and characterisa-
tions [33]. Even if the term agent is widely used, there is no universally
accepted de�nition. Commonly, an agent is referred to as something that
resembles what is depicted in Figure 2.1. It interacts with an environment
by receiving observations, which the sensors will detect. Then, depending
on the agent's behavioural rules, these data are used to activate actuators,
allowing the agent to perform an action that will a�ect the environment.
Nevertheless, we can �nd many valid de�nitions in the literature.

One of the most quoted de�nitions is given by Woolridge and Jennings [7],
who identify two di�erent interpretations for agents. The �rst one, called
�weak�, is uncontentious and easy to understand. In this case, an agent can
be an hardware or, more commonly, a software entity that is autonomous,
social, reactive, and proactive. This classi�cation is appreciated by many re-
searchers and is used in disciplines likeagent-based software[34], or di�erent
kinds like software robots (also calledsoftbot) [35]. The �strong� de�nition
of agent, which is more speci�c than the previous one, is more suitable for
those who work in AI �elds. In addition to the aforementioned character-
istics, researchers consider the agent to be a more conceptualised system or
even implementation using concepts applied to humans. Some agents use
mentalistic notions, taking advantage of knowledge or desires (some even
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Figure 2.1: A typical representation of an agent

call these emotional), while others are visually represented with icons and
human-like attributes when human-computer interfaces are discussed.

Russell and Norvig give another well-recognised de�nition in [36], where
a rational agent is an entity that � for each possible percept sequence, an
ideally rational agent should do whatever action is expected to maximize its
performance measure, based on the evidence provided by the percept sequence
and whatever built-in knowledge the agent has.� By the authors' admission,
this de�nition could lead to performing irrational actions. The rationality of
an agent should consider a set of actions for obtaining useful information.

That said, agents usually do not act alone in the environment and must
consider other working entities. When this happens, we are talking about
Multi-Agent Systems. We recall that the authors of [8] consider a MAS
as a �a loosely coupled network of problem-solving entities (agents)�. These
may �work together to �nd answers to problems� or even compete, reacting
to others or their environment according to behavioural rules, ranging from
basic primitives to more complex AI operations. MASs are used, for example,
in manufacturing scenarios, to model processes and automation [37], in power
engineering, to understand the management of electricity [38], or even in
hospital scheduling, to arrange patient appointments [39]. Some MASs are
also used to aid decision-making [40] due to the increasing complexity in
systems or other issues, like retrieving data in real-time.

As this thesis concerns the development of a framework to simulate and
analyse MASs, we would like to introduce some related works and similar
solutions in this chapter. We focus on MASs languages in Section 2.1, where
agent-based architectures are shown to understand the development process
of YODA. Section 2.2 introduces highly specialised tools to simulate and anal-
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yse MASs. MAS visualisers and 3D renderers are discussed in Section 2.3
to acknowledge similar instruments ofSequit. Before moving into the next
chapter, which deals with our main toolSibilla, we would like to show some
general-purpose simulators relative to Collective Systems in Section 2.4.

2.1 MAS Models and Architectures

The development of a MAS language should consider the characteristics and
unique traits of existing languages and formalisms. Depending on the type
of speci�cations and requirements, some of them may be more suitable than
others. If we need a more context-agnostic language, we can consider more
general ones. Otherwise, we must rely on those more focused on speci�c
domains. For our means, this section considers only a restricted group of
MAS languages that inspired the formalisation ofYODA.

We start talking about the BDI model, discussed in [41] and among the
most known MAS architectures. The acronym BDI stands forBelief, Desire,
and Intention, intended as three di�erent attitudes that an agent can have
during its execution, and it is inspired by Bratman's model [42]. In this
architecture, an agent's state is represented bybeliefs, which can refer to the
agent itself or other entities. This term, in contrast toknowledge, accounts
also for incorrect information that agents may have. To represent what the
agent wants to accomplish,desires are used. These mental attitudes are
desirable and not mandatory: if we need to de�ne something mandatory
and not concurrent with other desires, we must include agoal. Finally, the
intentions represent what the agent has chosen to perform to proceed into
the next state. When a sequence of action is activated, the agent executes
a plan. This model, however, reserves some issues, ranging from BDI multi-
modal logics practical utility, discussed in [43], to the ability of agents to
adapt and learn from the past [44].

The de�nition of Interpreted Systems(IS) deeply inspired the develop-
ment of YODA and has been explored initially in [45] and further discussed
in [46]. They are used forSituation Analysis, which can be de�ned as con-
textual analysis executed on processes to achieve some kind of knowledge for
a collection of agents. These systems comprise a group of agentsA , plus the
special onee denoting the environment. Each agent's local state is denoted
by l i (while le for the environment), and all local states belong to theglobal
state s. In an IS, actions allow the system to change and are denoted by
ACTi , the set of all possible actions an agent can perform. The evolution of
the whole system is based on the results of each agent's local steps, including
the actions performed by the environment.

It could be interesting to the work presented in [47], where the authors
propose a generic model that can be used to describeSituated MASs. Situat-
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ednessis a property expressing that an agent is not isolated but exists in an
environment. However, situated MASs consider the agents as social entities,
and situatedness expresses the local relationships between them and the ob-
jects in the environment. These relations drive the evolution of the system.
Further studies on the argument [48] underline how some aspects of agent-
based systems �that conceptually do not belong to the agents� should not be
� assigned to, or hosted inside agents�. This latter paper lays the foundation
for the idea that these characteristics, like topologies, speci�c resources, or
indirect coordination, need to be explicit.

Other MASs rarely take an explicit environment into account. As a
derivation from the de�nition of Situated MAS, an interesting point is made
in [9], where the authors claim that the environment should be considered a
�rst-class abstraction, thus being explicit. This environment permits agents
to exist, act, and behave according to their rules, and it is also used to
mediate between entities and available resources. For the authors, another
characteristic of a �rst-class environment is that it should be exploitable by
designers and developers. This means that engineers should think of the
environment as a building block for their MAS. Moreover, the environment
should have separate responsibilities, like maintaining dynamics unrelated to
agents, being accessible by the agents, or de�ning rules.

2.2 MAS Tools and Libraries

Simulation and analysis of MAS are done through the use of speci�c tools.
These aim to provide deep insight into the intricacies of agent-based models,
producing traces and results from simulations. In this section, we survey
some MAS-related tools and libraries.

Among the most famous tools for agent-based system simulation, we �nd
JADE [49, 50], a FIPA-compliant1 tool aiming to facilitate the development
of agent applications. The tool provides programmers with a set of function-
alities, such as management systems, load distribution with other clients,
programming interfaces, and more. JADE also tries to be e�cient in terms
of resource consumption and keeps runtime overheads low, paying runtime
costs only when a feature is used.

Regarding e�ciency, a more recent solution isRepast Symphony[51, 52],
where common tasks are automated and boilerplate code is avoided. This
tool is based on Repast3, a group of open-source libraries for agent modelling,
and keeps all the features of the old version. One of Repast Symphony's
design goals is to separate (and maintain) model speci�cation, execution,
data storage, and visualisation. For this reason, the authors rely on Eclipse

1http://www.�pa.org/index.html
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to develop their framework. Repast Symphony also provides graphical user
interfaces for agent behaviour modelling.

With a long-term support, MASON [53] is one of the oldest agent-based
libraries. It has been developed as a general-purpose library for Java and
consists of two parts. On the one hand, we have the simulator, while on
the other, we have all the tools to visualise data via a graphical interface.
This separation allows the user to run e�ciently on back-ends and view and
modify checkpointed simulations. The authors are working to improve the
tool, by extending the available features and optimising analysis tools [54].

SPADE 3 [55] aims to include various technologies, acting as a middle-
ware for Multi-Agent Systems. The tool aims to �nd a solution to a set of
issues: 1) relying not only on closed or local communication, 2) scalability
for massive MASs, 3) allowing human interactions, and 4) interoperability
with IoT systems. It focuses on XMPP, an XML-based protocol, that allows
message exchange between entities and provides a noti�cation system.

The JaCaMo framework [56, 57] puts together three di�erent agent-based
languages (Jason, CArtAgO, and Moise) to let programmers simplify the de-
velopment of more complex systems. With JaCaMo, authors go beyond
simple integration and provide a support application for synergistically de-
veloping agents, environments, and organisations.

The solutions above are extremely specialised in certain MASs architec-
tures and are not suitable for our objectives: we need a tool that does not rely
on a single language or architecture. For our purposes, we worked withSibilla,
a tool we used as a simulation environment and that has been discussed ini-
tially in [15] and in detail in [16]. Sibilla is a modular tool that permits adding
di�erent or new languages, by developing the necessary classes according to
its architecture.

2.3 MAS Visualisers

Among the techniques for analysing MAS, we can include the possibility
of visualising simulation data. Many approaches combining simulation and
3D visualisation already exist in the literature. Similar to the tools seen in
the previous section, those used to visualise agent-based systems may vary
in architecture, and each one specialises in its own way of representing the
agents. We want to introduce some existing solutions that may be useful to
understand the general overview of the topic in this section.

The �rst platform we would like to cite is AnyLogic [58, 59], a propri-
etary software used in multiple domains (from healthcare to risk events or
even transportation) for simulation. AnyLogic is a programming and sim-
ulation environment based on Java language. The tool focuses mainly on
agent-based and business simulations, but it can also be used in other con-
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texts. In addition, many existing libraries are natively available, like those
for simulating pedestrians or railing systems.

Likewise,StarLogo TNG (The Next Generation)[60], and the newer, web-
based versionStarLogo Nova, is a proprietary tool (in this case owned by
MIT). It relies on visual scripts to ease the development of agent-based sys-
tems. As the name may suggest, the tool is derived fromStarLogo [61], an
agent-based language, which in turn is inspired byLOGO. However, StarL-
ogo TNG has been discontinued, and the last update for the Nova version
dates back to 2021 (at the time of writing).

Moving to open source solutions,GAMA [62, 63], an �agent-oriented�
tool based on Eclipse, is an interesting choice. The platform relies on a spe-
cialised agent language, calledGAML (GAma Modeling Language), which
allows even non-expert users to declare agent species and give them a be-
haviour. GAMA provides a user interface to write and run agent models
and 3D displays to render simulations. Moreover, the simulator is interac-
tive, meaning the user can inspect the entities, interact with the display, and
more.

Gazebo[64, 65] is also an open-source software, even if it is more oriented
to Multi-Robot Systems and robotic simulations. It integratesROS (Robotic
Operating System) to model systems and usesDART as a physics engine.
Gazebo allows the user to interact with the tool via di�erent interfaces (com-
mand line, web, and graphical) and can be extended with other tools or even
graphical plugins.

A recent solution is the one given by the authors of [66]. In this paper,
a graphical user interface is presented to supportFCPP [67] (Field Calculus
implemented in C++), an e�cient library for working with aggregate pro-
gramming. The authors state the necessity of a more readable solution and
not limited to numeric statistical information. For these reasons, the pro-
posed tool aims to provide an interactive real-time visualiser for representing
aggregate systems in 3D. The tool also aims to ease the user experience and
allow control and interaction with the simulation.

The usage of common Game Engines (GE), such asUnity or Unreal En-
gine, for simulating MASs has also been questioned in [68]. Here, the authors
propose a roadmap for integrating GEs and MASs and exploiting the features
of the �rst ones. These should be used for the rendering properties and the
eventual features that may derive from this union. We can �nd some plugins
that can be used in pairs with Unity3D to perform crowd simulation. For
example, the authors of [69] take advantage of BDI architectures, while in
[70] a plugin to use theMengeframework with the GE is presented.
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2.4 CAS Tools

Collective Adaptive Systems can be considered a generalisation of MAS. The
main di�erence between the two kinds of systems is that, unlike in MAS, the
interacting components in CAS may not be agents. This section presents the
main tools proposed to model and forecast the behaviour of CAS. Each of
these tools focuses on a speci�c formalism used to model CAS using distin-
guishing paradigms and forms of interaction. We will see in the next Section
that the tool used in this thesis, namedSibilla, has been conceived as being
language agnostic. This means that any new language can be integrated.

ALCHEMIST [71] is a software which mainly targets scenarios where
agents interact in terms of biochemical-inspired primitives. The tool is based
on an optimised version of the stochastic simulation algorithm designed by
Gillespie, and it is extended with the possibility to deal with the changing
environment (updating rules and items). The tool maintains a pretty generic
simulation framework, allowing other developers to use its APIs in other
applications, like pervasive computing or even swarm scenarios. Indeed, in
[72], the authors use ALCHEMIST's APIs to simulate a complex swarm
behaviour regarding reusable functional blocks.

Concerning the analysis of logistics and transportation systems, we can
include in the discussionRinSim [73], a �exible and modular open-source
simulator addressing this type of application. Parts of the simulation de�n-
ing the addressed problem are called �models�, which can be combined due
to their independence. Of course, these models are also characterised by
constraints to avoid con�icts.

Analyses of quantitative systems are also performed by frameworks like
CARMA [74]. This is a process algebra with a rich set of communication
primitives supporting both unicast and broadcast communications. The rich-
ness is conceived to express the spatial characterisation of CASs. The lan-
guage supports scalable analysis techniques with its semantics, which are ei-
ther discrete or continuous. Supporting tools have been developed to ease the
use of CARMA, such as a plugin for Eclipse [75], and the language has also
been used to mesoscopically model and simulate pedestrian movements [76].

While working on formal models, it is useful to consider model-checking
techniques to validate said systems. Among the most known available model-
checkers, we can �ndPRISM [77], a probabilistic model-checking tool. Di�er-
ent from classical model-checkers, this is based on probabilistic models, mean-
ing that it considers the probability of making a transition rather than its
existence. The PRISM modelling language is also supported bySTORM [78]
probabilistic model-checker. This recent tool succeeded in resolving more in-
stances and faster than the competitors. Moreover, it has been conceived to
be modular, permitting the adaptation of algorithms or other features.





CHAPTER 3

SIBILLA

A Collective Adaptive System [4] is a large group of interactive heterogeneous
entities or components. These cooperate and compete depending on their
properties to reach local and global goals. Predicting the global behaviour
of such systems may be complicated, and interactions among their compo-
nents may introduce new, and sometimes unexpected,emerging behaviour.
Thus, robust modelling techniques should be used to describe CASs and
reason about their behaviour in qualitative and quantitative terms. In the
previous chapter, we saw di�erent tools and languages highly specialised in
MASs. More generally, di�erent approaches have been introduced and suc-
cessfully applied to support the design, analysis, and development of CAS.
These approaches, mainly based on formal techniques and tools, are often
based onhigh-level speci�cation languages. These languages rely onProcess
Algebras [79] and their stochastic variants [80, 81] and are derived from a
long tradition of process speci�cation languages[82]. The latter has been
used to specify a multitude ofDomain Speci�cation Languageslike those re-
lated to Global Computing[83, 84],Service Oriented Architectures[85, 86],
or even Biological Systems[87, 88] That said, a formalism should provide
appropriate abstractions and linguistic primitives to deal with CAS's spe-
ci�c features. For example, SCEL [89] and AbC [90] can be used to model
interacting attributes-basedagents and their behaviour.

To overcome the limits of language-based tools,Sibilla1 [15, 16] has been
developed. The tool provides a standard set of features that can support
di�erent speci�cation formalisms and integrate multiple analysis techniques.
One of the main features ofSibilla is that it is not developed to support
only one speci�cation language but can be integrated with new languages.

1The tool is available on GitHub at https://github.com/quasylab/sibilla .
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Currently, the tool is equipped with APIs for

ˆ system simulationto forecast systems' behaviour;

ˆ transient analysis via statistical model checkingto prove the correctness
of models;

ˆ and modelling di�erent CASs to de�ne various types of systems.

This chapter describesSibilla inner workings by showing its modular ar-
chitecture and three main components. Then, we proceed to explain how
the tool can be used to simulate CASs using two examples: one based on a
repressilator machine, and the other on a predator-prey scenario. Both are
speci�ed using the Language of Population Models.

3.1 Sibilla Architecture

As illustrated in Figure 3.1, Sibilla is based on a modular architecture con-
sisting of three layers. The �rst one is theback-end, which comprises a set
of interfaces and classes used to implement the basic blocks on top of which
Sibilla features are built. Then we have thefront-end classes, providing the
environments used to interact withSibilla. Finally, the interactions between
the other two layers are coordinated byruntime layer. Sibilla has been im-
plemented using Java and is based on Gradle: this allows the user to build
and deploy the system on multiple operating systems.

Figure 3.1: Sibilla Framework Architecture
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Back-End

The back-end ofSibilla is composed of three components:Models, Simulation,
and Analysis. The �rst component is responsible for providing interfaces
and classes, which will be used to describe aStochastic Process[91], which
is formally de�ned as a collection ofrandom variablest X ptq|t P T „ R¥ 0u,
representing values onmeasurable setS, the state spaceof the stochastic
process. In the formula, the random variableX ptq describes the state of the
process at time unit t P T. Depending on theT, which can bediscrete or
continuous, or the properties of the considered process, we can have di�erent
types of stochastic processes. In addition, the componentModels provides
utility classes for handling speci�c features of the considered models, e.g.
transient analysis of Markov Chains [92]. These classes provide the base on
which speci�cation languages can be integrated intoSibilla.

De�ning an exact numerical analysis may be di�cult or even impossible
when considering a system composed of many entities. This issue is mainly
due to the problem ofstate space explosion[93]. To avoid this issue, a set of
classes is provided to support the simulation of stochastic processes. These
permit the sampling of apath from the model, representing a possible compu-
tation/behaviour of the model. Moreover, the same classes provide methods
to extract measuresfrom a path and to collect statistical information. Sam-
plings and statistical analyses rely on the widely used and well-known API
The Apache Commons Mathematics2. Unfortunately, simulations may re-
quire a remarkable computational e�ort, and e�cient use of computational
resources is crucial. Because of this,Sibilla simulation classes follow amulti-
threading approach based onJava Concurrency API. Di�erent scheduling
policies are available to executesimulation tasks, and can be tailored to �t
with the parallelism of the hosting architecture3.

The �nal component of the architecture is the module responsible for per-
forming analysis techniques used to extract data. These are collected from
the Sibilla simulator to asses the quantitative properties of analysed systems.
These analyses rely onstatistical inference techniques. Currently, the inte-
grated techniques are the computation of�rst-passage-time [94], reachability
analysis [95], and monitoring of properties. The �rst-passage-time is used
to estimate the average amount of time needed by a model to reach a given
condition, which is stated in terms of apredicate on the states of the consid-
ered process.Reachability analysispermits estimating the probability that
a given set of states (identi�ed by acondition) can be reached within a
given amount of time by passing through states satisfying a given predicate.
Finally, monitoring of properties is used to compute the probability that a

2https://commons.apache.org/proper/commons-math/
3The impact of scheduling policiesis reported at https://github.com/quasylab/

sibilla/wiki/Multi-threading-simulation
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given property, speci�ed via aSignal Temporal Logicformula, will be veri�ed
at a given time.

Runtime

The Runtime layer coordinates and controls those interactions between the
front-end and back-end. If we compare it to the standardModel-View-
Controller (MVC) pattern [96], this layer is similar to the controller com-
ponent, and it is used by all the components in theSibilla front-end. From
the composition point of view, the Runtime is structured inmodules, each
of which manages aspeci�cation languages. A module is identi�ed by a
unique name. This is used toselect the speci�cation language while the user
is working in the runtime environment. Each speci�c module extends the
abstract classAbstractSibillaModule , which implements some methods of
the SibillaModule interface class. TheAbstractSibillaModule class pro-
vides the operations that are common to each speci�cation language, such as
retrieving information from the speci�cation (parameters, constants, initial
con�guration names), controlling the simulation parameters, or executing
di�erent analyses like the reachability or theFirst-Passage-Time. This mod-
ular architecture simpli�es the integration of new speci�cation languages into
Sibilla.

Front-End

The front-end layer provides the interfaces that allow users to interact with
Sibilla. The software and the user interactions can occur via the command
line tool, denominatedSibilla shell, or at a code level, using Java or Python
scripts. The Sibilla shell provides a simple script language that can be used
to interact with the tool. It can be used interactively or in a batch modeto
execute saved scripts.

The Python front end permits using all the provided features in a Python
script. This component relies on thePyjnius library [97] that simpli�es the
interaction between Python and Java classes. This front-end allows to use
many of the available Python libraries, like Matplotlib4 that simpli�es data
visualisation. Moreover, it also allows the useSibilla within a web-based IDE
such as Jupyter notebook/lab [98] and Google Colaboratory [99].

Finally, Sibilla can be integrated into other Java applications. After hav-
ing imported the module Runtime, Sibilla features are available employing
classSibillaRuntime.java . This class permits accessing all function-
alities provided by the Sibilla the back-end, together with the methods for
specifying simulation and analysis tasks.

4https://matplotlib.org
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3.2 Simulating with Sibilla

Sibilla provides a set of commands that can be used to interact with the
tool. These permit selecting themodule to use, loading a speci�cation from
a �le, setting the correct parameters, and performing analyses. The main
commands that can be used to perform a simulation inSibilla are reported
in Listing 3.1.

module "<name>"
load "<f i l ename >"
i n i t "<confname>"
add a l l measures
d e a d l i n e <re a l >
dt <r ea l >
r e p l i c a <in t >
s imu la te
save output "<fo ldername >" p r e f i x "<p r e f i x >" p o s t f i x "<p o s t f i x >"

Listing 3.1: Basic commands for simulating withSibilla

Command module "<name>" is used to select the module to use and we
are telling to Sibilla which language we want to use. For example, if we want
to use the YODA module, we can type in the CLI the commandmodule "

yoda" . After that, the command load "<filename>" can be used to load a
speci�cation �le from the given path, e.g. if we want to use a given model
developed inYODA, we can useload "myModel.yoda" . Then, we must select
the initialisation con�guration from which the simulation will start. This
operation is performed by using the commandinit "<confname>" , where
"<confname>" is the model con�guration name we want to select. Obviously,
the con�guration should be included in the model and the name should be
unique.

To con�gure the simulation, we need to set some parameters. The com-
mand add all measures permits us to add every speci�ed measure. These
are functions used to collect data from the simulated model. If we want to
capture only one measure, we can useadd measure "<name>" : in the avail-
able languages ofSibilla, we can declare the categorymeasure followed by an
identi�er, which can group a set of chosen entities. To set the deadline of the
simulation, commanddeadline <real> is used. This permits determining
how long the simulation will last. Finally, dt <real> is used to select the
sampling time while replica <int> sets the number of replicas to perform
the simulation.

The command simulate can be used to start the simulation while
the commandsave output "<foldername>" prefix "<prefix>" postfix

"<postfix>" permits saving data to an external �le. With this last com-
mand, we choose the name of the output folder, the pre�x, and the post�x
to di�erentiate the saved �les.
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The Sibilla shell interpreter has a limited amount of commands. The
Python-based front-ends represent more complete solutions. These are also
considered commands to work with plotter and other Python tools. An
interested reader can view the complete command list on the GitHub wiki
page.

Simulation can be used to sample a given number of computations from
a given model and collect statistical data.

Sometimes, it is helpful to render the result of a single run of a model.
For this project, we decided to add toSibilla a way to produce single traces
of the agents. For this reason, thetrace command has been implemented to
capture the agent state at each instant of the simulator runtime. The trace
speci�cation requires little e�ort from the developer, and it helps theSibilla
.csv writer to understand how data should be printed. The following syntax
shows how a trace speci�cation can be expressed:

  name¡ =   expr ¡ ;
  name¡ = {   whenBlock¡ } ;

A trace speci�cation code line consists of two main parts: the label and an
assigned value (which can be an element of the expression syntactic category
or a multiple cases block). The labels identify what should be captured
at each time instant and can not be changed. Apart from theTime , the
assignable labels are the following:

ˆ x, y, z , the three axes that are used to Vector3 variable used to move
the agent in the space;

ˆ direction , a variable used to rotate the agent in a certain direction;

ˆ shape, used to change the shape (sprite or model);

ˆ colour , a variable used to change the colour of the agent.

The assigned value can refer directly to a variable of a speci�ed model
or other values. Additionally, the assignment is done automatically if the
variable has the same name as the label. However, if we want to switch
between certain values, we need to use the syntactic category  whenBlock¡ ,
which is declared in the following manner:

(when   guard¡ :   expr ¡ ;)*
otherwise   expr ¡ ;

Depending on the guard, which usually refers to a model variable, a
speci�c value is given to the label (otherwise, the default case is activated)
Indeed, this block is often used to change the shape and colour of the agents.

A trace speci�cation is called at runtime using the corresponding com-
mand. This command should be declared in the following manner:
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t̀race ' (input=STRING) ` in ' (output=STRING) (` h' `=' header=expr)?;

As we can see, we can identify three di�erent parts. First, we decide
which trace speci�cation we would like to use for producing the .csv �les.
Then we indicate the output folder. Finally, we need to decide if we want
the header row or not. At the end of the command, we can indicate this by
typing h = true/false .

3.3 Sibilla at Work

We have already remarked that the simulator does not focus on a speci�c
formalism to model systems' behaviour but is conceived to integrate multi-
ple speci�cation languages. At the moment, three languages are supported
other than YODA: Language of Interactive Objects(LIO), Simple Language
for Agent Modelling (SLAM), and Language of Population Models(LPM).
Focusing on the latter, it consists of agents belonging to a given set of
species[100]. A system evolves usingreaction rules describing how the num-
ber of elements of the di�erent species changes. Rules are applied with arate,
a positive real value that depends on the number of agents in the di�erent
species. The stochastic process associated with an LPM speci�cation is a
Continuous Time Markov Chain[101]. Population Models have been widely
used to model di�erent systems in di�erent application domains ranging from
ecology [102] to epidemics [103].

We consider two examples, based on the LPM, to show howSibilla can
execute simulations to support analysis of complex scenarios. In the �rst case
study, we will consider theRepressilatormodel, a genetic regulatory network
that consists of a loop of interactions between at least three genes. Then,
we will discuss aPredator-Prey scenario, where we represent a �ock escaping
from a pack of wolves and moving inside a grid. These two simple and well-
known scenarios permit appreciating howSibilla can be used to simulate and
analyse data. The full speci�cations of the proposed models can be found in
Appendix A.

Repressilator

A Repressilator is a genetic network auto-regulated via a feedback loop with
at least three genes in a �rock-paper-scissors� fashion. The model, initially
described in [19], can be speci�ed in terms of the rules of a population model.
In our speci�cation (an excerpt is shown in Listing 3.2), we declare the six
species: three mRNA segments, calledX, Y and Z, and their three corre-
sponding proteins,PX, PY and PZ. Moreover,VOID is an arti�cial species
used to simplify the model and is involved when we need rules aboutdegrada-
tion (segments and proteins degrade),translations(production of proteins),
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and transcription (production of mRNA segments). Figure 3.2 shows the
results of 25 simulation runs of 250 time units. It has quantities of mRNA
segments and the protein produced over time.
param . . .

cons t s ta r tY = 20 ;
cons t startVOID = 1 ;

s p e c i e s VOID;
s p e c i e s PX; . . . s p e c i e s X; . . .

r u l e degradat ion_of_X_transcr ip ts { . . . }
. . .
r u l e t rans lat ion_of_X { . . . }
. . .
r u l e degradation_of_X { . . . }
. . .
r u l e t ranscr ip t ion_of_X { . . . }
. . .
system i n i t i a l = Y < star tY >|VOID < startVOID >;

Listing 3.2: Repressilator model snippet in LPM

Figure 3.2: Quantities of mRNA and proteins over time in Repressilator

Predator-Prey

This classical model describes the behaviour of two kinds of animals, one
acting as predators (wolves,W) and the other as prey (sheep,S). In the
speci�ed model, of which we �nd an excerpt in Listing 3.3, we assume that
only prey die (eaten by the wolves), di�erently from similar models like the
Lotka-Volterra [20]. We focus on the behaviour of Predator-Prey. We also
assume that all animals move on a grid of dimensionsN � M. Thus, the
available species are equal to the dimension of the grid times the number
of animals. The model has two kinds of rules: movement and interaction.
The movement rules describe sheep trying to go into less dangerous cells,
which have fewer wolves, while wolves tend to move to cells with a larger
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number of sheep. For the interactions, we consider only a wolf eating a
sheep. The probability of this event depends on the percentage of wolves
and the probability of eating a sheep in the same cell. For example, we
consider a scenario in which the predators are spawned at the vertexes of
the grid and the prey at the centre. In this scenario, we start with a �ock
of 100 specimens at the centre of a grid of size7 � 7, while 10 wolves are
placed at each of the four angles. After a simulation with100time units, we
observe that the mean number of sheep is drastically decreased, while the
average number of wolves is the same, as shown in Figure 3.3. Moreover, we
can observe that the spatial con�guration is entirely di�erent: the wolves are
spread all over the grid.
cons t startW = 20 ; cons t s t a r t S = 100 ;
cons t N = 7 ; cons t M = 7 ;
. . .
s p e c i e s W o f [ 0 ,N] * [ 0 ,M] ;
s p e c i e s S o f [ 0 ,N]* [ 0 ,M] ;

r u l e go_up_S f o r i i n [ 0 ,N] and j i n [ 0 ,M] when j<M = 1 { . . . }
. . .
r u l e go_left_S f o r i i n [ 0 ,N] and j i n [ 0 ,M] when i > 0 { . . . }

r u l e e a t i n g f o r i i n [ 0 ,N] and j i n [ 0 ,M] { . . . }

r u l e go_up_W f o r i i n [ 0 ,N] and j i n [ 0 ,M] when j<M = 1 { . . . }
. . .
r u l e go_left_W f o r i i n [ 0 ,N] and j i n [ 0 ,M] when i > 0 { . . . }

. . .
system star t_sur rounded = W[0 ,0] <10 >|W[6 ,0] <10 >|W[0 ,6] <10 >|W[6 ,6] <10 >|S

[3 ,3] <100 >;

Listing 3.3: Predator-Prey model snippet in LPM

Figure 3.3: Distribution of Sheep and Wolves after100 time units (10 runs)





CHAPTER 4

YODA: YET ANOTHER AGENT
DESCRIPTION LANGUAGE

If no mistake have you made,

yet losing you are. . .

a di�erent game

you should play.

An agent speci�cation language is equipped with a set ofconstructs and
primitivies that permit modelling a system according to a givenperspec-
tive. In this chapter, the languageYODA will be presented. YODA has been
introduced �rst in [21] and further discussed in [22].

We �rst present the YODA computational model by focussing on three
main concepts: the de�nition of agents, the de�nition of the environment
where they operate, and how agents and environment interact. After that,
the YODA speci�cation language is presented. This is anhigh-level language
that can describe MAS according to theYODA paradigm. Finally, we will
show how, thanks to the integration ofYODA in Sibilla, a simple scenario can
be analysed.

A simple running example will be used throughout the chapter to intro-
duce theYODA features and to help the reader understand howYODA works.
We consider an example that is inspired by classical robotic scenarios where
robots (the agents) move around in an environment to reach a goal area [25],
as shown in Figure 4.1. In our scenario, robots can choose which direction
to take autonomously, given a speci�c set of observations. These result from
the interaction between an agent and its environment.
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Figure 4.1: The basic Robotic Scenario

4.1 YODA Computational Model

The computational model of YODA permits to describe the behaviour of
agents operating and evolving in an environment. InYODA, the environment
is used to model the physical context where the agents operate. We de�ne two
types of dynamics, allowing the agent to evolve:environmental and internal
behaviour. The environmental dynamic describes the interaction between
an agent and its enclosing environment. For example, a typical use of the
environmental behaviouris for modelling the agentmovementover an area.
The agent evolution is also in�uenced by its internal behaviour, depending
on a local knowledgeand on those data which aresensedfrom the enclosing
environment.

As said in Section 2.1,YODA has been inspired by the de�nition ofInter-
preted System[104, 105] (IS). This approach has been used to reason about
temporal and epistemic properties of agents [106]. An IS consists of a set of
agentsA1; : : : ; AN . Each agentA i has alocal state ` i P L i and can perform
a �nite set of actions Act i . The global stateof a system consists of a tuple
p̀ 1; : : : ; `N q associating each agenti with its local state ` i . At each step,
each agenti selects the following action to be performed according to the
local stateof i and the global statesof all the other agents.

Agents live in an environment modelled via a special agent, denoted by
E. Environment evolves similarly to the other agents and may a�ect their
behaviour. At global level, a computational step is performed when each
agent (including the environment) has selected and executed its action.

An IS is limited by how the environment is represented: the environment
is considered as any other agent and does not permit appropriate modelling
of the physical aspects of the system We explicitly model the environment in
YODA to overcome this issue. The interactions between the environment and
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agents are modelled in terms ofobservations. These are a class ofattributes
used to sensedata from the environment. Like in IS, in YODA agents can
perform actions selected according to the local agent state and the obser-
vations. The execution of an action triggers an update on the agent's local
state.

4.1.1 YODA Agents

In YODA, each agent is represented via an agent name inN PAgName and an
agent storein � P � that maps attributes in values. We let Ag � AgName � �
denote the set ofYODA agents. Elements ofAg are denoted byA, A1, A1,. . . .

Each YODA agent provides three kinds of attributes:conditions, features,
and observations. Conditions describe the set of attributes under the direct
control of the agent. These represent the internal state of an agent and what
is intrinsically known by it. If we consider our robotic running example, con-
ditions can be used to modelrobots' direction. The robot can move according
to the four cardinal points in this context. Features identify the environmen-
tal properties of an agent. These are the attributes under the control of the
environment and change according to dynamics that may depend onagents
conditions. Di�erently from the conditions, features are not readable nor up-
datable by the agent itself. In the running example, theposition coordinates
can be considered as features of a robot because it is out of the control of the
agent. Finally, observationsare used to perceive the enclosing environment.
These attributes play the role ofsensors. Observations are updated by the
environment and then interpreted by the agent. The robots in the running
example can observe their surroundings by sensing the presence of possible
obstacles randomly placed in the area or understanding whether the agent
has reached the goal area. According to these three elements, we letAttr C ,
Attr F and Attr 
 indicate the set of conditions, features, and observations,
respectively and de�neAttr � Attr C Z Attr F Z Attr 
 .

Let Val denote the (measurable) set of values, anagent store, denoted
by � P � , consists of a triplep� c; � f ; � ! q where:

ˆ � c P� C : Attr C Ñ Val associatesconditions to values;

ˆ � f P� F : Attr F Ñ Val associatesfeatures to values;

ˆ � ! P� 
 : Attr 
 Ñ Val associatesobservationsto values.

Each agent, at speci�c time intervals, performs anaction (e.g. the robot
moves towards a certain direction). Actions are identi�ed by a name in
ActName and represent a function that yields new agent conditions, given
the agent conditions� c and observations� ! . An action can be performed
only if it is allowed by the behaviour of an agent. This is de�ned in terms of
two functions:
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ˆ � PB � � C � � 
 Ñ Dist pActNameq;

ˆ � PA � ActName Ñ � C � � 
 Ñ Dist p� Cq.

The �rst function is directly related to the agent's behaviour. Given an
agent's conditions and observations, it yields a probability distribution over
action names that is used to select the next action to execute. For example,
if the agent observes an obstacle, it avoids the object by turning in a speci�c
direction. On the other hand, the second formula describes the e�ect of
actions on the agent's conditions (producing a distribution of conditions).

An agent is de�ned in terms of its behaviour and actions. Thus, an agent
de�nition � is a function that associates each agent name with its behaviour:

� : AgName Ñ B � A

In the remainder of the section, for anyN P AgName such that � pN q �
p�; � q, we will use� N

� (resp. � N
� ) to denote the function � (resp. � ).

4.1.2 YODA Environment

We describe an environmentE as a function associating to each agent name
N PAgName two di�erent functions:

ˆ a feature dynamic functionF : � C � � F Ñ � F ;

ˆ an observation function
 : Ag� � Ag Ñ Dist p� 
 q.

The feature dynamic function describes how the features of an agent
evolve in time. Given the current agent conditions� c and features � f ,
F p� c; � f q yields agent features after one step.Feature dynamic functions
are used to model aspects like the movement of agents, energy consumption
and level of batteries. As we said, these aspects depend on the current agent
conditions. For instance, an agent's position may depend on direction and
speed, which the agent controls and stores as conditions.

The observation functionis used to sense data from the environment. It
takes the list sequence of the (other) agents in the system as arguments and
returns the perceived observations. In our running scenario, observations are
used to perceive obstacles and to check if thegoal areahas been reached. We
remark that the result of the observation function is not a speci�c� ! but a
probability distribution on � 
 in order to model the data sensed from the
environment are not exact and may be subject to errors.

For any environment E and N P AgName such that EpN q � p F ; 
 q, we
let EN

F (resp. EN

 ) to denote function F (resp. 
 ).
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4.1.3 System Con�guration

A system con�guration consists of a sequence of agents. We letS denote one
element in Ag� . Each agent is identi�ed using the index of its position in
the sequence. For eachS PAg� we let |S| denote the number of agents inS,
while Srisdenotes the agent in positioni , where1 ¤ i ¤ | S|. Finally, for any
i such that 1 ¤ i ¤ | S|, we let S{i denote the con�gurationS1 PAg� obtained
from S by removing the agent in positioni . Namely, the con�guration such
that |S1| � | S| � 1 and for any j such1 ¤ j ¤ | S| � 1

S1rj s �
"

Srj s pj   iq
Srj � 1s otherwise

4.1.4 YODA Semantics

Given an agent de�nition � and an environmentE, the behaviour of aYODA
con�gurations are described in terms of aDiscrete Time Markov Chain
(DTMC) M �

E � p Ag� ; P �
E q. We recall that a Markov Chain is a stochas-

tic process and describes a set of possible events that happen according to
a given probability. This probability is in�uenced only by the state of the
original event and not by previous iterations. In the case of a DTMC [107],
the sequence of steps is de�ned in discrete time intervals. We can observe
that under the assumption that Val is measurable, the same can be con-
sidered for � and Ag� . For the sake of simplicity, we do not provide all
the details about the standard underlying probability settings. Moreover,
we assume thatVal and Attr are countable. Interested reader can refer
to [108, 109, 110] for details.

Given an agents de�nition � and an environmentE the probability tran-
sition function P �

E : Ag� Ñ Dist pAg� q, given a con�guration S, gives the
probability to jump to any other con�guration:

P �
E pSq � b |S|

i � 1ANext�E pS{i; Srisq

whereANext�E : Ag� � Ag Ñ Dist pAgqgives the probabilistic behaviour of an
agent cooperating with a given tuple of agents, whileb is used to compute the
joint probability of the obtained probability distributions. We can observe
that the position i of an agent does not a�ect its behaviour.

Let � 1; � 2 PDist pX q, for some measurable setX , � 1� � 2 is the probability
distribution � 1 P Dist pX � X q such that � 1pa; bq � � 1paq � � 2pbq, for any
a; bPX .

Function ANext�E describes the behaviour of an agentA that is cooperat-
ing with a sequence of agentsS. The result of all this function is a probability
distribution on agents that measures the probability of an agentA to evolve
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in a step into the possible states. This probability distribution results from
the computation of the following operations:

1. the environment updates agent's observations;

2. according to the current state and the new observations, the next action
to execute is selected;

3. an action is executed to update the agent's conditions;

4. the environment updates the agent's features.

Considering our running scenario, the environment sends information about
possible obstacles (or if they reached the goal area) to every agent as the �rst
operation. Then, the robots decide which actions they could perform based
on the new observations and their subsequent behaviour. Now, the robot can
decide, for example, to turn in a certain direction and update its direction
accordingly. Finally, the environment reads the new conditions and modi�es
each robot's position in the arena.

Let N r� c; � f ; � ! s be an agent working in the con�gurationS. To obtain
the measure of the possible observations, one has to apply the environment
function EN


 pS; Nr� c; � f ; � ! sqthat yields a probability distribution � ! P� 
 .
Given � c P� C , � ! PDist p� 
 qand � : � C � � 
 Ñ Dist pActNameq, we let

sampleActionp�; � c; � ! qdenote the probability distribution � over ActName �
� 
 such that:

� pa; � ! q � � p� c; � ! qpaq �� ! p� ! q

Function sampleActionyields the probability distribution associating the fol-
lowing action to execute with speci�c observations.

To compute the execution results of actions, functionapplyActionis used.
This function takes as input an action execution function inA , agent's con-
ditions � c and a distribution � P Dist pActName � � 
 q and yields a prob-
ability distribution in Dist p� C ; � 
 q that measures the probability that the
agent evolves in a state with the given conditions and observations. Namely,
applyActionp�; � c; � q � � s where:

� sp� 1
c; � ! q �

¸

aPActName

� paqp� c; � ! qp� 1
cq �� pa; � ! q

Given a probability distribution on � P Dist p� C ; � 
 q, we can �nally ap-
ply features dynamicsF to obtain the probability distribution of possible
agent con�gurations. We letcomputeFeaturespN; F ; � f ; � qgive the probabil-
ity distribution � Ag PDist pAgq such that:

� AgpM r� 1
c; � 1

f ; � 1
! sq �

"
� p� 1

c; � 1
! q M � N ^ � 1

f � F p� f ; � 1
cq

0 otherwise
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Summing up, givenS PAg� andN r� c; � f ; � ! s PAgName, function ANext�E
can be de�ned as follow:

ANext�E pS; Nr� c; � f ; � ! sq �
let � a � sampleActionp� N

� ; � c; EN

 pS; Nr� c; � f ; � ! sq

in
computeFeaturespN; EN

F ; � f ; applyActionp� N
� ; � c; � aqqq

4.2 YODA Speci�cation Language

We saw howYODA allows us to describe MASs. However, to fully exploit the
functionalities of formalism, we need to introduce a speci�cation language.
This section provides an insight into how we can useYODA Speci�cation
Languageto model Multi-Agent Systems. We focus on the process of de-
signing models, explaining how and why we write certain rules. It should
be noted that the syntax presented is shortened, with respect to the actual
grammar. The interested reader can �nd the full speci�cation grammar in
the Sibilla repository1 and in Appendix B of this document. To help the
designer in specifying models withYODA, a light language extension for the
Visual Studio Code editor is available on GitHub as well2. It provides a set
of rules for syntax highlighting and snippets to ease the task of writing a
YODA speci�cation.

According to the formalism seen in the previous section, we need to con-
sider three main components to de�ne aYODA model: agents, systems, and
con�gurations. The developed grammar has been conceived trying to keep it
as simple as possible: the model speci�cation, the actions, and the behaviour
are easy to understand. However, simplicity comes with a price, and the more
complex the system to be developed, the more e�ort the designer should put
into the model speci�cation and the description of how the system evolves.
In detail, a YODA speci�cation consists of a list of elements

ˆ Constant, Parameters, and Functions

ˆ Agents, Scene Elements, and Groups

ˆ Environment

ˆ System Con�gurations

ˆ Measures and Predicates
1The tool is available at https://github.com/quasylab/sibilla
2The extension is available at https://github.com/quasylab/

LangExt4Sibilla
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Below each of them is presented by using code snippets and the considered
running example.

4.2.1 Parameters, Constants, and Functions

In the previous section, where we described the formalism, we stressed that
values play a central role inYODA, thus we need to includeconstants and
parameters. These elements allow us to associate names with values and to
reuse them in di�erent parts of the model. As one can imagine, we consider
constants as �xed values that can not be changed. On the contrary, parame-
ter variables can be changed at runtime. We will see later that this is useful
when one is interested in verifying the behaviour of a system under di�erent
conditions, such as the number of agents or the number of obstacles in the
arena.

Syntax of constants and parameters declarations is the following:

param   name¡ =   expr ¡ ;
const   name¡ =   expr ¡ ;

where   name¡ refers to the syntactic category ofnames, while   expr ¡
is used when de�ning an expression. A validname is a sequence of letters,
digits or the symbol _̀' that does not start with a digit, similar to many
other programming languages. On the other hand, expressions are built by
using standard boolean/arithmetic operators.

In YODA, three basic types can be used:int , real and bool . These refer
to integer values, �oating point values in double precision, and boolean val-
ues. Other data types could be easily integrated into our language. However,
for the sake of simplicity, we have limited our attention to those commonly
used in many models. The type associated with constants and parameters is
directly inferred from the used expression.

Example 1 (Parameters and Constants). In the case of our robotic scenario,
we will use constants to de�ne the dimensions of the grid where the agents
operate (Listing 4.1). These are de�ned by the constantsheight and the
length . On the contrary, we use parameters to de�ne the number of obstacles
no and the number of robotsna. Following this approach, we can analyse our
model by varying the number of agents without changing the con�gurations.

cons t he igh t = 10 ;
cons t l eng th = 10 ;
param no = 10 ;
param na = 5 ;

Listing 4.1: Parameters and constants variables in a Robotic Scenario
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If we need to perform elaborate computations, we can include in aYODA
speci�cation new functions. This can improve the readability of the code by
reducing the lines of code and modularising the code. Syntax of function
declarations is the following:

let   name¡ ((  type¡   name¡ )*) =
  functionStatement ¡

end

A function is characterised by a name and a (possibly empty) list of argu-
ments. Following a functional approach, the body of a function can be a
return , an if then else , or a let in statement.

Finally, any expression can only use previously de�ned constants, param-
eters and functions. This avoids recursive computations that may lead to
divergent behaviour.

Example 2 (Functions). The following is the de�nition of a function that
can be used to compute the distance between two pointspx1; y1q and px2; y2q:

l e t d i s t a n c e ( r e a l x1 , r e a l y1 , r e a l x2 , r e a l y2 ) =
l e t dx = x1 = x2
and dy = y1 = y2
in

re tu rn s q r t (pow( dx , 2 )+pow( dy , 2 ) )
end

Listing 4.2: Function in a Robotic Scenario

4.2.2 Agents and Scene Elements

In a YODA speci�cation, the agent is divided into �ve major components:
conditions, features, observations, actions, and behaviour. The �rst three
components are used to store agent attributes. The �rst,conditions , de-
clares internal attributes, such as a chosen direction or battery charge per-
centage, and expresses what is intrinsically known by the agent. On the other
hand, external information that the agent can not modify is included in the
features declaration, like the position on a grid. Finally, theobservation

attributes store data about the agent's surroundings. These can be, for ex-
ample, observations about the occupancy of a certain space or the type of
tile the agent is currently on.

These three categories of agent attributes can be described in the follow-
ing manner:
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agent   name¡ =
conditions :

(  type¡   name¡ =   expr ¡ ;)*
features :

(  type¡   name¡ =   expr ¡ ;)*
observations :

(  type¡   name¡ =   expr ¡ ;)*
...

Example 3 (Robot Attributes) . In our model, each robot is represented
with an agent namedRobot . For the sake of simplicity, we assume that our
robots move on a grid. At each step, the direction is selected depending on
the perceived obstacles. Indeed, each robot is equipped with four sensors that
permit checking if an obstacle is located in front of one of the four possible
directions (north, south, eastand west). Moreover, a further sensor is used
to check if thegoal areahas been reached. The �rst part of the declaration
of the agent Robot is reported in Listing 4.3.

agent Robot =
c o n d i t i o n s :

i n t d i r x = 0 ;
i n t d i r y = 0 ;

f e a t u r e s :
i n t x = 0 ;
i n t y = 0 ;

o b s e r v a t i o n s :
boo l nor th = f a l s e ;
boo l south = f a l s e ;
boo l e a s t = f a l s e ;
boo l west = f a l s e ;
boo l goa l = f a l s e ;

. . .

Listing 4.3: Attributes of a Robot Agent

To represent the Robot's direction, integer conditionsdirx and diry are
used, while the featuresx and y are used to store its position. Observations
contain the declaration of boolean attributesnorth , south , east and west ,
that perceive obstacles in the forth directions, and the attributegoal that
checks if the goal area has been reached.

In the previous section, when describing the actions formalism, we saw
how these are used to update the agent's conditions. For example, we can
declare an action that allows the agent to know if it is going to accelerate
in a speci�c direction. The declaration of possible actions is contained in a
block starting with the keyword actions . The whole block syntax is reported
below:

actions :
  name¡ [   attrUpdate¡ * ]
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An action can be identi�ed using a unique  name ¡ . We associate a se-
quence of commands for each action name that uploads the agent condition
attributes. Each update is referred to as  attrUpdate ¡ . We can have
di�erent attribute update forms, which can be seen in the full grammar. If
the action body has no  attrUpdate ¡ , the agent will move to the next
step without updating anything. Here we mention the simple update that
permits changing the value of a speci�c attribute:

  name¡ <-   expr ¡

In the above update,  name¡ must be an agent condition variable, while
  expr ¡ can only refer to conditions and observations.

Example 4 (Robot Actions). The robot performs actions (declared in List-
ing 4.4) to reach the goal area and avoid obstacles on the grid. The actions
modify the conditions of the agent, namely changing the values of attributes
dirx and diry . We can also add a stop action that will be performed when
the robot reaches the goal area and does not need further operations.

. . .
a c t i o n s :

moveNorth [ d i r x < = 0 ; d i r y < = 1 ; ]
moveSouth [ d i r x < = 0 ; d i r y < = = 1;]
moveEast [ d i r x < = 1 ; d i r y < = 0 ; ]
moveWest [ d i r x < = = 1; d i r y < = 0 ; ]
s top [ d i r x < = 0 ; d i r y < = 0 ; ]

. . .

Listing 4.4: Actions of a Robot Agent

Given the speci�cation of the attributes and the actions, the �nal compo-
nent that should be declared while designing aYODA agent is included in the
block behaviour . This block describes how the agent will act given a certain
guard condition. In fact, it consists of a sequence ofguards associated with
a list of weighted action names. The latter permits associating action names
with weights and is used to derive a probability distribution among actions.
The syntax of the behavioural block is presented below:

behaviour :
when   guardExpr ¡ -> [(  weightedActions¡ )]
(orwhen   guardExpr ¡ -> [(  weightedActions¡ )])*
otherwise [(  weightedActions¡ )]

end

The �rst satis�ed guard is found to select the action to execute, and the
corresponding action probability is generated. If no guard is satis�ed, the
probability in the caseotherwise is returned.
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Example 5 (Robot Behaviour). The robot's behaviour, declared in List-
ing 4.5 is based on the observations about its surroundings. It will stop mov-
ing if it has reached the goal area because the objective has been achieved.
The movement is performed according to the presence of obstacles around
the agent. First, the agent observes if there is something in the box in front
of itself. In the negative case, the robot will move upwards; otherwise, it will
decide in a non-deterministic fashion whether to turn left or right. The other
two behavioural rules allow the robot to not crush into the wall or an obsta-
cle. Indeed if the agent �nds an obstacle in thenorth and in the east , it
will turn left. Similarly, the agent will move right if the second obstacle is on
the west . The agent will automatically stop moving if none of the precedent
conditions are matched.

. . .
behav iour :

when goa l => [ s top : 1 ; ]
orwhen ! nor th => [ moveNorth : 1 ; ]
orwhen north => [ moveEast : 0 . 5 ; moveWest : 0 . 5 ; ]
orwhen north && e a s t => [ moveWest : 1 ; ]
orwhen north && west => [ moveEast : 1 ; ]
o the rw i se [ s top : 1 ; ]

end

Listing 4.5: Behaviour of a Robot Agent

Sometimes, it is helpful to considerstatic agents. In this case, one can
usescene elements. These are static objects that other agents can perceive.
Scene elementsand are de�ned in the following manner:

element   name¡ =
  type¡   name¡ =   expr ¡ ;
...
  type¡   name¡ =   expr ¡ ;

end

A scene element consists of a set of (static) attributes associated with
a default value. For each attribute, we declare the  type¡ (integer, real,
and boolean), an identi�er   name¡ , and a (default) value obtained by the
evaluation of the given expression  expr ¡ that should be consistent with
the assigned type.

Example 6 (Obstacles). The robots must avoid obstacles randomly placed
in the operational area to complete their tasks. The obstacles are scene ele-
ments, declared in Listing 4.6, that require a set of coordinates. They will be
initialised later.



4.2. YODA SPECIFICATION LANGUAGE 37

element Obstac le =
i n t posx = 0 ;
i n t posy = 0 ;

end

Listing 4.6: Obstacles in a Robotic Scenario

4.2.3 Environment

A YODA system is de�ned in the syntax as the entity that regulates the
whole enclosing environment. Specifying a system requires the programmer
to consider thesensing functionand the dynamics of the environment. The
sensing function is crucial to updating every available agent's observations.
In this component, we need to identify the type of agent, i.e. the name we
gave in the previous declarations, that will be updated. Here, we can only
modify the observations �elds using a group of  attrUpdate ¡ constructs,
already discussed in the blockactions presented above. Similarly, we can
update the agent information state in the environment dynamics declaration
using the same construct of the sensing function.

environment :
sensing :

(  agentName¡ [
  attrUpdate¡

])*
dynamic :

(  agentName¡ [
  attrUpdate¡

])*
end

In the context of sensing block,group expressionscan be used. These
expressions permit collecting data from a group of agents and allow to:

ˆ check if there exists an agent belonging to a speci�c class satisfying a
given boolean expression:

any (  name¡ )? ':'   expr ¡

ˆ count the number of agents belonging to a speci�c group whose at-
tributes satisfy a given predicate:

# (  name¡ )? '['   expr ¡ ']'
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ˆ evaluate themin, max and sum and mean of an expression computed
over the attributes of the agents belonging to a speci�c group whose
attributes satisfy a given predicate:

min (  name¡ )? '['   expr ¡ ']'. expr
max (  name¡ )? '['   expr ¡ ']'. expr
sum (  name¡ )? '['   expr ¡ ']'. expr
mean (  name¡ )? '['   expr ¡ ']'. expr

These group expressions permit modelling stigmergic behaviour [111].
Each group expression may contain a predicate (a boolean expression 
expr ¡ ), which �lters those entities that match the addressed conditions.
For example, in theany group expression, we consider any agent that passes
the requested �lter.

To compute these expressions we may need to relate the values of at-
tributes in a speci�c agent, with the agents located in the surrounding. In
this case, the pre�x it. is used to retrieve attributes from the agent where
the expression is evaluated:

it .   name¡

Example 7 (Robotic Scenario Environment). The environment declaration
(Listing 4.7) includes the functions to update the agents' observations and
features. In the �rst case, we exploit the group expressionany to check if an
obstacle is located in a particular position. In case we are searching for an
obstacle in the north, we look at the position above the agent using theitself
expression (it.x , it.y+1 ) and we compare it with every initialised obstacle
until we �nd one that is in the same position. Indeed theany group expression
returns a boolean value, as required by thenorth observation attribute. The
same principle applies to the other three observation directions. Regarding
the goal observation attribute, the environment just checks if the value of
it.y is equal to the height of the grid plus 1.

For the feature updates, the environment simply updates the two coordi-
nates according to the new condition attribute values. In this case, we don't
need to use theit. expression because the operation is done on local vari-
ables. The actual position coordinates are summed with the new direction
values.

4.2.4 Con�guration Declaration

While declaring a model inYODA, designers need to consider the system's
initial con�guration. This construct is used to initialise the agents and the
elements that will be loaded in the environment. A con�guration requires an
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environment :
s e n s i n g :

Robot [
nor th < = any Obstac le : ( posy==i t . y+1)&&(posx==i t . x ) ;
south < = any Obstac le : ( posy==i t . y = 1)&&(posx==i t . x ) ;
e a s t <= any Obstac le : ( posx==i t . x+1)&&(posy==i t . y ) ;
west <= any Obstac le : ( posx==i t . x = 1)&&(posy==i t . y ) ;
goa l <= i t . y==he igh t +1;

]

dynamic :
Robot [

x < = x + d i r x ;
y < = y + d i r y ;

]
end

Listing 4.7: Environment in a Robotic Scenario

identi�er that the simulator will use to initialise data. Then, we must declare
both agents, scene elements, and initial attributes. If attributes are not
initialised, the default value de�ned in the declaration will be used. Iterative
and conditional operators can be used to instantiate a multitude of agents.

con�guration   confName¡ :
  collectiveExpressions¡

end

The syntactic category of  collectiveExpressions¡ allows us to pop-
ulate the system with an arbitrary number of agents and scene elements.
Three di�erent blocks can be used:

ˆ instantiating an agent with a set of given attribute values:

  name¡ '[' (   name¡ '='   expr ¡ ';')* ']'

In this case, we need only to indicate the name of the agent or scene
element to instantiate together with the (optional) assignment of at-
tributes.

ˆ iterating through a set of values:

for   name¡   setOfV alues¡
do   collectiveExpressions¡
endfor

The for-cycle statement permits simplifying the instantiation of a group
of agents. The group of values can be selected from an interval, an
enumeration, or a random expression. In the latter case, one can also
impose that randomly selected values can be distinct. We will use this
feature later when we place agents/elements in distinct positions.
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ˆ using a ternary if block to di�erentiate an agent depending on a guard:

if   expr ¡
then   collectiveExpressions¡
else   collectiveExpressions¡
endif

Example 8 (System Con�guration). The initial con�guration code for the
Robotic Scenario, shown in Listing 4.8 de�nes the initial position of both
agents and obstacles. In both cases, we cycle through a number of steps equal
to the corresponding parameter (na represents the number of agents,no the
number of obstacles) and we obtain an integer value from thefloor(U[n,
m]) function, which calculates the �oor approximation of a random value
between0 and thewidth . The two entities di�er because, as stated before,
the agents start at the bottom row, while the obstacle can be randomly located
on any column and from the second row.

c o n f i g u r a t i o n Main :
f o r i sampled d i s t i n c t na t ime from f l o o r (U[ 0 , width ] ) do

Robot [ x = i ; y = 0 ; ]
end fo r
f o r o sampled d i s t i n c t no t ime from f l o o r (U[ 0 , width ] ) do

Obstac le [ posx = o ; posy = f l o o r (U[ 2 , he igh t ] ) ; ]
end fo r

end

Listing 4.8: Con�guration of a Robotic Scenario

4.2.5 Measures

A measure is a function associating a real value toYODA con�gurations.
Measures are used during simulations to collect data and to analyse system
behaviour.

The syntax of a measure declaration is the following:

measure   name¡ =   expr ¡

The expression associated with a measure can contain one of thegroup ex-
pressionsdescribed above.

Example 9 (Robot's Measures). In our robotic scenario, one could be in-
terested in measuring the number of robots that have reached thegoal area.
In Listing 4.9, we show how to declare a measure for our robots.
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measure inGoalArea = #Robot [ i t . goa l ] ;

Listing 4.9: Measure of a Robotic Scenario

4.2.6 Predicates

A predicate is a boolean expression that can be evaluated either at a global
level, i.e. by taking into account the properties of aYODA con�guration,
or at a local level, by considering the properties of a single agent. In the
�rst case, we will speak aboutglobal predicates, and in the latter, about local
predicates.

To declare a predicate, the following syntax can be used:

(local )? predicate   name¡ =   expr ¡

The declared predicate isglobal if the optional keyword local is omitted,
local otherwise. The expression associated with a predicate is a boolean
expression. When the predicate is global, this expression can contain one of
the group expressionsoutlined above.

Example 10 (Robot's Predicate). Global predicates can be used to identify
speci�c situations in our system. For instance, in the case of our robotic
scenario, we can check if all the robots have reached the goal area. This is
presented in Listing 4.10.

p r e d i c a t e s u c c e s s = %Robot [ i t . goa l ] == 1 ;

Listing 4.10: Predicate of a Robotic Scenario

4.3 Tracing and Simulating YODA with Sibilla

To support simulation and analysis ofYODA models, our formalism has been
integrated in Sibilla. The integration consists in amodule that provides:

ˆ a set of classes implementing the computational model described in
Section 4.1;

ˆ a parser that loads a speci�cation �le as described in Section 4.2, checks
its correctness, and instantiates the model for the analyses.

Going in-depth with the description of these classes goes outside the in-
terests of this thesis. Indeed, they consist of the implementation of the
semantic functions introduced in Section 4.1 and of the implementation of
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standard parsing techniques. An interested reader can get more details about
the implementation by looking at theSibilla Git repository accessible via the
following link: https://github.com/quasylab/sibilla .

In the rest of this section, we will show howSibilla can be used to trace
and simulateYODA speci�cations.

4.3.1 Tracing the Running Scenario

Sibilla permits tracing models' behaviour to render the sequence of steps
performed by the agents in the system.YODA exploits this functionality of
Sibilla to get a complete insight into a modelled scenario, allowing the user
to understand the evolution of each agent. As previously said in Section 3.2,
we must de�ne the tracing speci�cation in a �le describing the set of features
collected from the agents.

shape = square ;
c o l o u r = {

when goa l : g reen ;
o the rw i se : red ;

}

Listing 4.11: Tracing Speci�cation for a Robotic Scenario

In the case of our running scenario, we can consider the rules declared
in Listing 4.11. These are relatively simple. A square represents each agent,
green-coloured if the goal area has been reached and red otherwise. Agents
are plotted in a 2D area. Thex and y feature attributes are omitted because
they match the tracing elements. Finally, thedirection is set to a default
value because it is neither speci�ed nor implicitly included in the model.

We can execute the simulation on our Robotic Scenario and obtain its
traces. Using theSibilla native shell, we type down the commands in List-
ing 4.12.

module "yoda" / * Load YODA model * /
load " r o b o t i c . yoda" / * Load system s p e c i f i c a t i o n * /
i n i t "Main" / * Set i n i t i a l c o n f i g u r a t i o n * /
d e a d l i n e 100 / * Set s imu la t i on d e a d l i n e * /
t r a c e " r o b o t i c . t r c " i n " . / r e s u l t s " h = t rue / * Trace and save r e s u l t s * /

Listing 4.12: List of commands to start simulating the Robotic Scenario

Listing 4.12 shows the commands for simulating the running example.
The �rst command, module "yoda" , asks the runtime to use theYODA mod-
ule as an interpreter for the speci�ed model, which is loaded in the second
line with the load command by identifying the path of the �le. To initialise
the model, we use theinit command followed by the con�guration name,
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which should be contained in the speci�cation. Thedeadline command is
the time horizon of the simulation. Finally, with the command trace , we
save the results of a single simulation: this command needs the trace spec-
i�cation we saw earlier, the output folder, and the header �ag (to add the
headers to the .csv �les).

Figure 4.2: Simulation Results of a Robotic Scenario

Figure 4.2 presents a 2D static plot of �ve robot trajectories. The plot
reports the behaviour of �ve robots. Following a probabilistic approach, each
turns left or right when encountering an obstacle. In the running scenario,
collisions are not considered. Indeed, the traces of the three agents on the
right side of the picture overlap.

4.3.2 Simulating the Running Scenario

Tracing permits getting information about a single simulation run. However,
to infer performance measures, a larger number of simulations is needed for a
more detailed statistical analysis.Sibilla has functionalities for collecting and
aggregating simulation results. This section exploits these functionalities to
provide new insight into the robotic scenario. We focus on the execution of
two di�erent analyses: First-Passage-Time(FPT) and Reachability.

The FPT analysis [112] determines the time an observed variable takes to
reach a certain state. This kind of analysis is usually done in economic cases
to represent bankruptcy when a model reaches the value of 0 or in medicine
to represent patients' issues. We refer to the Reachability [113] analysis as
the ability of a distributed system to reach certain global states.

As we saw in Section 4.2.6, we use a predicate to consider the fraction of
agents that have reached thegoal area. The predicate is satis�ed if the frac-
tion equals 1, meaning that every agent has completed its task. To improve
the results of both analysed properties, we expand the considered system
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by increasing the number of agents and obstacles and enlarging the arena.
We use an arbitrary valuek to modify no, the number of obstacles, and the
height and width of the arena. We initialise20 agents: a higher number
will only slow down the simulation without producing any meaningful re-
sults. Concerning the simulation parameters, we set the deadline atk+20

time units and execute100replicas.
For the First-Passage-Time analysis, we want to know the mean time it

takes for the system to satisfy the predicate. Due to the system's simplicity,
where the robots only turn right or left and we have only one obstacle for
each column, we don't expect to satisfy the property before a time span
equal to an arbitrary value k+1 . This �perfect� case means that every agent
encounters only one obstacle, which is impossible. In Figure 4.3, we present
the results of our analysis.

K Test Hits Mean SD Min Q1 Q2 Q3 Max
20 100 100 25.83 2.15 24 25 25 26 40
50 100 100 55.5 1.55 54 55 55 56 65
100 100 100 105.32 1.1 104 105 105 106 110
200 100 100 205.18 0.8 204 205 205 206 208

Figure 4.3: FPT Analysis Results for the Robotic Scenario

We consider four scenarios, withk set to 20, 50, 100, and 200respectively.
The Mean time to satisfy the predicate requires around5 time units more
than k, with a more precise result for each case study, as shown by the
decreasingStandard Deviation. The system requires always at least4 time
units more than the k. Instead, theMax time is lesser with a biggerk.

A reachability property shows the probability of a system satisfying a
predicate within a deadline. Figure 4.4 shows the results of the Robotic Sce-
nario wherek is set to 20. Our reachability analysis of the Robotic Scenario
shows that the predicate is unlikely to be satis�ed after20 time units. The
probability of having a successful model is signi�cant around the 24th time
interval. The probability of seeing that every agent has reached the goal
area after25 time units. The curve stabilises itself around the 40th interval.
These observations con�rm what we saw in the FPT analysis, thus the model
is veri�ed.
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Figure 4.4: Reachability Analysis Results for the Robotic Scenario





CHAPTER 5

YODA AT WORK

Truly wonderful

the mind of a child is.

Multi-Agent Systems vary in composition, �nality and objectives. Under-
standing their intricacies and possible limits is complicated without proper
models and simulations. For these reasons, we decided to design a set of case
studies that embrace the new language and use them to understand if the
YODA may be a viable framework to simulate MASs.

This chapter contains four additional examples taken from the litera-
ture, that have been rede�ned according toYODA grammar rules. The �rst
example, in Section 5.1 is based on a�ock scenario, which considers the
coordinated movement of a group of birds.. The second example presented
in Section 5.2 describes a team of robots (or more generally agents) aiming
to �nd an object, for example, an injured one or an infesting grass ran-
domly located on the map. In Section 5.3, the third example shows how we
can simulate aSEIR, commonly known as an epidemic scenario. Finally, a
consensus-based example calledRed-Bluescenario is presented in Section 5.4,
to mimic the interactions between two types of agents. Di�erently from the
Robotic Scenario, the examples considered in this section allow us to appreci-
ate how theYODA framework permits modelling and analysing the behaviour
of a collective of interacting agents.

5.1 Flock

A �ock is considered a group of birds (or boids) freely roaming around.
Originally, this model was developed by Reynolds in [26], but it was further
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explored and improved, for example, in [114]. These agents move in a certain
direction, given an acceleration, from an origin point. However, birds adopt
three types of policy to avoid collisions: alignment, cohesion, or separation.
In the �rst case (Figure 5.1a), each agent aligns itself according to its neigh-
bours' direction. When adopting the cohesion (Figure 5.1b), a bird tries to
keep a short distance from each other, meaning that it will estimate the fu-
ture position of its neighbour and turn towards it. Finally, in the separation
policy (Figure 5.1c), birds try to avoid colliding by distancing themselves.

(a) (b) (c)

Figure 5.1: The three policies of a �ock

The �ock behaviour used here is a reinterpretation of Reynolds's orig-
inal model. First of all, the birds are free to move without caring about
possible obstacles in the environment. Then, the bird movement is based
on a mean point calculated on the mean position of every available agent.
The decision is taken considering two main conditions: the position and the
distance. Regarding the �rst condition, each agent is informed about the
actual position of the mean point concerning its position. In the other case,
the bird observes the distance from said point. After these two variables are
observed, the agent decides whether to distance itself, get closer, or maintain
its direction. For simplicity reasons in reading the model, we omitted the
steering factor of the bird, meaning that the bird immediately turns in the
chosen direction.

5.1.1 Flock Speci�cation

The Flock scenario speci�cation is de�ned in Listing 5.1. Unlike the other
two case studies, we will not consider the presence of obstacles or inanimate
objects, thus no elements are declared. We declare �ve parameters for this
model: the number of birds available in the simulationnbirds , the maximum
distance maxDist , the minimum one minDist , the actual speed of the bird
speed , and �nally the support parameter delta .
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An agent Bird is equipped with the three main sets of attributes:condi-
tions, features, and observationsFor what concerns the �rst attribute store,
we only need to consider theangle , which is initialised with a random value
in radians between 0 and� . As features, we consider the coordinatesx and y.
Finally, the bird can observe where thecenterOfMass is oriented in respect of
the agent and if it isTooClose or isTooFar from said focal point. Regarding
the available actions, an agent can only perform two custom actions. The
�rst one is return , which allows the agent to reach for the centre of mass
by modifying the angle with the perceived centerOfMass summed with a
random value between� {4 and � � {4 radians. Similarly, the escape action
considers the focal point of the �ock, but the added random value is between
3� {4 and 5� {4 radians, which permits the agent to move away. Finally, the
agent's behaviour is expressed via three rules based on the distance from the
mass centre. We highlight that the default rule, identi�ed by the keyword
otherwise , performs the actionskip : this is a static action that does not
require any speci�cation and leaves unchanged the state attributes.

The environment updates the observations and the position as well. To
compute the observations, we exploitgroup expressions, that calculate a value
on a de�ned group of agents, andtemporal variables. The latter are used to
update each of the three bird observations. The position is updated in the
dynamic by adding to the actual position the sine or cosine of theangle

multiplied by the speed .

5.1.2 Flock Simulation

The con�guration seen in Listing 5.2 is used to initialise the birds. We
position a number of bird (nbirds ) in random coordinates using a single
for-cycle, which calculate both the x-coordinate and the y-coordinate.

For this model, we use the trace shown in Listing 5.3. Similarly to the
Robotic Scenario, we don't explicitly declare the coordinates, which are di-
rectly taken from the �ock speci�cation. For this simulation, we used the
z-axis instead of the y-axis because it will be read by the visualiser proposed
in the next chapter. The angle variable seen in the speci�cation is assigned
to the direction �eld. The shape is associated with a bird and the colour is
based on the variablesisTooFar and isTooClose .

Considering the proposed model, we expect the �ock dimension to expand
and shrink. In fact, we do not consider the steering phase for this version
of the model, and birds can turn directly in the assigned direction. Using
Figures 5.2 (three agents), 5.3 (�ve agents), and 5.4 (ten agents), we discuss
the results obtained from the simulation. In the plotted results, each bird of
the �ock is represented by a di�erent random colour. Moreover, we set the
deadline for the simulation to 100 time units.

The scenario where we consider three birds allows us to better appreciate
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param nb i rds = 5 ;
param maxDist = 2 ; param minDist = 1 ;
param speed = 1 ; param d e l t a = 2 ;

agent Bird =
s t a t e :

r e a l ang le = 0 . 0 ;
f e a t u r e s :

r e a l x = 0 . 0 ;
r e a l y = 0 . 0 ;

o b s e r v a t i o n s :
r e a l centerOfMass = 0 . 0 ;
boo l isTooFar = f a l s e ;
boo l i sTooClose = f a l s e ;

a c t i o n s :
goBack [ ang le <= centerOfMass+U[ = 1/4 * PI , 1/4 * PI ] ; ]
escape [ ang le <= centerOfMass+U[3 /4 * PI , 5/4 * PI ] ; ]
s k i p [ angle<= ang le ; ]

behav iour :
when isTooFar => [ goBack : 1 ; ]
orwhen isTooClose => [ escape : 1 ; ]
o the rw i se [ sk i p : 1 ; ]

end

environment :
s e n s i n g :

Bird [
l e t meanX = mean Bird [ d i s t a n c e ( i t . x , i t . y , x , y )<d e l t a ] . x
and meanY = mean Bird [ d i s t a n c e ( i t . x , i t . y , x , y )<d e l t a ] . y
in

isTooFar < = d i s t a n c e ( i t . x , i t . y , meanX , meanY) > maxDist ;
i sTooClose <= d i s t a n c e ( i t . x , i t . y , meanX , meanY) < minDist ;
centerOfMass < = angleOf (meanX , meanY , i t . x , i t . y ) ;

e n d l e t
]

dynamic :
Bird [

x < = x + cos ( ang le ) * speed ;
y < = y + s i n ( ang le ) * speed ;

]
end

Listing 5.1: Flock Scenario Speci�cation

c o n f i g u r a t i o n Main :
f o r o sampled d i s t i n c t nb i rds t ime from U[ 0 , nb i rds ] do

Bird [ x = o ; y = o ; ]
end fo r

end

Listing 5.2: Flock Scenario Con�guration
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d i r e c t i o n = ang le ;
shape = b i rd ;
c o l o u r = {

when isTooFar : b lue ;
when isTooClose : red ;
o the rw i se : ye l l ow ;

}

Listing 5.3: Tracing Speci�cation for a Flock

Figure 5.2: 3 birds �ock

Figure 5.3: 5 birds �ock
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Figure 5.4: 10 birds �ock

the individual traces of each bird. Looking at the image, we can deduce that,
once every bird is in a stable state, the �ock move to the right. In the case
where we initialise �ve birds, we can still understand the behaviour of each
one: they start moving right, but suddenly, the mean point of the �ock shifts
to the left side of the map. The last image, which considers ten birds, does
not permit us to appreciate the movements, but it is useful to understand
that if they don't reach a stable state, they can not move from a certain
position.

5.2 FinderBots

In this scenario, a group of robots has to �nd a target located inside the area.
Initially, the �nders move randomly, looking for the objective, which can be
an injured person (if we imagine the robots working inside a collapsed build-
ing) [27] or an infesting grass (if we consider an agricultural scenario) [28].
As we can see in Figure 5.5a, a group of robots roam in an environment
looking for the object (the grey triangle). While they roam, the robots may
eventually get closer to the target. Once they get close enough to the target,
the agent stops moving. However, the system aims to make every agent reach
the target zone. Using the previous behaviour may take an inde�nite time
to complete the task. To avoid this, we use trigonometric formulas to calcu-
late the approximate position of the target zone using the average position of
those agents that have reached the goal. Indeed, in Figure 5.5b, an agent has
reached the goal area and its position is communicated to the other, which
will steer in the approximate direction of the �rst one.
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(a) (b)

Figure 5.5: Finder Bots before (a) and after (b) �nding the target zone

5.2.1 FinderBots Speci�cation

In Listing 5.4, we can identify three main components: the elementTarget,
the agentFinder and theenvironment. The Target speci�cation is similar to
the one we saw before, with two coordinates, both expressed as real values,
to locate its position in the environment.

The Finder speci�cation considers, along with the direction (dirx and
diry ), a state variable found that allows the robot to know if it has found
a target. As external features, the agent shows its position (x and y) and a
visible light that alerts the others if the target has been found. The Finder
can observe if it is close to the objective withtarget_sensor , the approxi-
mate angle of the objective area, and thetoSensor variable for indicating
if the agent is moving towards the target. The agent can perform three dif-
ferent actions: stop , roam , or moveto . When the stop action is performed,
both directions of the agent are set to0.0 and the found state variable is set
to true . In contrast, for the roaming action, we give both a random value
between-1.0 and 1.0 . The last action is calculated on theangle observa-
tion using the cosine (fordirx ) and sine (for diry ) functions. Finally, the
behaviour states three conditions: 1) if the agent has found the target, it
will stop its execution, 2) if the angle is di�erent from zero, the robot will
proceed in the target's approximate direction, or 3) otherwise will roam.

The environment is used to update the observations and the features of
the Finder robot. In the sensing function, thetarget_sensor observation
�eld is updated, calculating if the agent is in thetolerance distance from the
target. The angle and toTarget observations are calculated on the existence
of at least one Finder with the light feature set to true. If this condition
is met, the arctangent function is applied to the mean position of the agents
while the other observation �ag is activated. Otherwise, they are set to the
default value, and thus, the moving towards behaviour is not activated. The
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dynamic component is used to update the position of each agent by adding
dirx and diry to the corresponding position feature values and activate the
light �ag.

param na = 3 ; param t o l e r a n c e = 2 . 0 ;
param tposX = 5 . 0 ; param tposZ = 5 . 0 ;

agent F inder =
s t a t e :

r e a l d i r x = 0 . 0 ;
r e a l d i r z = 0 . 0 ;
boo l found = f a l s e ;

f e a t u r e s :
r e a l x = 0 . 0 ;
r e a l z = 0 . 0 ;
boo l l i g h t = f a l s e ;

o b s e r v a t i o n s :
boo l ta rge t_senso r = f a l s e ;
r e a l ang le = 0 . 0 ;
boo l toTarget = f a l s e ;

a c t i o n s :
s top [ d i r x < = 0 . 0 ; d i r z < = 0 . 0 ; found < = t rue ; ]
roam [ d i r x < = U[ = 1.0 , 1 . 0 ] ; d i r z < = U[ = 1.0 , 1 . 0 ] ; found < = f a l s e ; ]
moveto [ d i r x < = cos ( ang le ) ; d i r z < = s i n ( ang le ) ; found < = f a l s e ; ]

behav iour :
when ta rge t_senso r => [ s top : 1 ; ]
orwhen toTarget => [ moveto : 1 ; ]
o the rw i se [ roam : 1 ; ]

end

element Target =
r e a l posx = 0 . 0 ; r e a l posz = 0 . 0 ;

end

environment :
s e n s i n g :

F inder [
t a rge t_senso r < = ( any Target : d i s t a n c e ( posx , posz , i t . x , i t . z ) <

t o l e r a n c e ) ;
i f ( any Finder : l i g h t ) then

l e t meanX = mean Finder [ l i g h t ] . x
and meanZ = mean Finder [ l i g h t ] . z
in

ang le <= angleOf (meanX , meanZ , i t . x , i t . z ) ;
toTarget < = t rue ;

e n d l e t
e l s e

ang le <= 0 . 0 ;
toTarget < = f a l s e ;

e n d i f
]

dynamic :
F inder [

x < = x + d i r x ;
z <= z + d i r z ;
l i g h t < = found ;

]
end

Listing 5.4: FinderBot Scenario Speci�cation Snippet
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5.2.2 FinderBots Simulation

The FinderBot scenario is con�gured using the parameters in Listing 5.5. In
this component of the speci�cation, we need to declare where we will place the
objective and where the agents will start their search. For this instance, we
choose a static initial position of the target that can be freely changed before
simulating the scenario using the command to modify parameters. Instead,
the Finder bots are generated inside the same row on di�erent columns. The
value of a column (ox ) is produced by a random real value between 0 and 10.
This procedure is repeatedna times, which has been declared as a parameter
at the beginning of the speci�cation.

c o n f i g u r a t i o n Main :
f o r ox sampled d i s t i n c t na t ime from U[ 0 , 10 ] do

Finder [ x = ox ; z = 0 . 0 ; ]
end fo r
Target [ posx = tposX ; posz = tposZ ; ]

end

Listing 5.5: FinderBot Scenario Initial Con�guration

Here, we consider a case where the target is located at (7,7) and expect
the agents to take some time to �nd the objective. Figure 5.6 is a possible
simulation that may happen with our scenario. Each agent is represented
with a di�erent colour, while the static target is shown as a bold cross.

Figure 5.6: Simulation Results of FinderBot

Analysing the �gure, we can deduce that the green agent is the �rst to
reach the tolerance zone, signalling to the others the approximate location of
the objective. Until this point, the other two had roamed the map without
success (for example, the blue one moved in a di�erent direction from the
target). Now, they receive the signal from the green agent and can move
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towards it. The second successful agent is the brown one, reaching the ob-
jective zone. When this happens, the blue agent slightly steers towards the
middle point between the actual positions of the green and brown agents.

5.3 SEIR

Multi-Agent Systems are widely used in epidemic scenarios to simulate illness
transmission. These are used to understand how fast a population gets in-
fected with a disease and, in some cases, how people can contrast the spread
of the illness. For example, epidemic models have been widely used in the last
COVID-19 global pandemic [115], especially the SEIR [29] and its derived
models. In the SEIR model, a group ofsusceptibleindividuals may come into
contact with an infected one. The latter can infect the others, turning them
into exposed. Exposed people have a determined incubation period that will
make them infected. Finally, they will recover from the illness after some
time. In some cases, the model also considers the possibility of becoming
infected again. The full cycle is shown in Figure 5.7.

Figure 5.7: The SEIR model cycle

In the proposed version of the epidemic, we consider a continuous evo-
lution of the infection in a person. After being exposed to the virus, the
agent moves into an infectious state and then recovers from it. However, the
recovered agent could be susceptible again, allowing the cycle to start again.

5.3.1 SEIR Speci�cation

The model speci�ed in Listing 5.6 shows how to express a SEIR-based
scenario. Because the interactions are only between agents, we need only to
specify theAgent as the main actor of the scenario. The model considers a
group of constants associated with an integer value. These are used to de�ne
the actual health of the agent:0 if susceptible, 1 if exposed, 2 if infected, and
3 if recovered. We can include the initial number of susceptible agentsnSus

and infected onesnInf as parameters. We can also declare the exposition
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cons t S = 0 ; cons t E = 1 ; cons t I = 2 ; cons t R = 3 ;

param nSus = 10 ; param nIn f = 3 ;
param er = 0 . 1 5 ; param i r = 0 . 2 5 ; param r r = 0 . 2 5 ; param l r = 0 . 1 ;
param t o l e r a n c e = 1 0 . 0 ; param speed = 1 ;

agent Agent =
s t a t e :

i n t s t a t u s = 0 ;
r e a l d i r = 0 . 0 ;

f e a t u r e s :
boo l con tag ious = f a l s e ;
r e a l x = 0 . 0 ;
r e a l z = 0 . 0 ;

o b s e r v a t i o n s :
boo l con tac t = f a l s e ;

a c t i o n s :
move [ d i r < = U[ 0 .0 , (2 * PI ) ] ; ]
getExposed [ d i r < = U[ 0 .0 , (2 * PI ) ] ; s t a t u s < = E ; ]
g e t I n f e c t e d [ d i r < = U[ 0 .0 , (2 * PI ) ] ; s t a t u s < = I ; ]
r e c o v e r [ d i r < = U[ 0 .0 , (2 * PI ) ] ; s t a t u s < = R ; ]
l o s t [ d i r < = U[ 0 .0 , (2 * PI ) ] ; s t a t u s < = S ; ]

behav iour :
when con tac t && ( s t a t u s == S) => [ getExposed : e r ; move : (1 = er ) ; ]
orwhen ( s t a t u s == E) => [ g e t I n f e c t e d : i r ; move : (1 = i r ) ; ]
orwhen ( s t a t u s == I ) => [ r e c o v e r : r r ; move : (1 = r r ) ; ]
orwhen ( s t a t u s == R) => [ l o s t : l r ; move : (1 = l r ) ; ]
o the rw i se [ move : 1 ; ]

end

environment :
s e n s i n g :

Agent [
con tac t < = ( any Agent : ( con tag ious && ( d i s t a n c e ( i t . x , i t . z , x , z ) <

t o l e r a n c e ) ) ) ;
]

dynamic :
Agent [

con tag ious < = ( s t a t u s == I ) ;
x < = ( x + cos ( d i r ) ) * speed ;
z <= ( z + s i n ( d i r ) ) * speed ;

]
end

Listing 5.6: SEIR Scenario Speci�cation Snippet
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rate er , the infection rate ir , the recover raterr , and �nally the lost rate
lr . As rates, these four variables should consider only real values between
0 and 1. As additional parameters, we can consider thetolerance , as the
safety distance between agents, and thespeed .

The Agent state includes two variables. The integer variablestatus refers
to the actual health state of the agent, while thedir variable is used to
express the direction. As external features, agents can show if they are
contagious or not, and their position (in terms of coordinates on a plane).
Concerning the available actions, an agent can perform the basic movement
with move, or combine it with an action related to the infection. For example
getExposed assigns to thestatus the codeE (1), while getInfected sets
the status to I (2). Similarly, recover and lost allow the agent to set
the status to R and S respectively. These actions are chosen according to
the behaviour. As the �rst rule, an agent can get exposed or keep moving
according to the exposition rateer , but only if it has been incontact with an
infected and its health status is equal toS. The other behavioural conditions
consider only thestatus and the corresponding action is executed on the
related rate.

As usual, the environment manages the sensing function and the dynam-
ics. Concerning the observations, we need only to update thecontact �eld.
This is set to true if there is at least anAgent that is contagious and, at
the same time, is closer than thetolerance distance. On the other hand,
the dynamic update function sets thecontagious �eld to true if the agent
has beeninfected . The coordinatesx and z are modi�ed according to the
dir and the speed .

5.3.2 SEIR Simulation

The Main con�guration in Listing 5.7 considers two types of agents' initial-
isation. In the �rst case, we use the parameternSus to create a group of
susceptible agents. On the other hand, the second cycle is used to initialise
nInf infected agents, with thestatus state set to I and the contagious

feature to true .
Concerning the trace speci�cation shown in Listing 5.8, we use thedir

state to show the direction and a triangle as a shape. On the contrary, the
colour has been customized to change to red if the agent has been infected,
yellow if it has been exposed, blue if it has recovered, and green if it is
susceptible.

For this scenario, we are interested in understanding the trends of the
agents' state. We are particularly interested in showing how the four popu-
lations (infected, exposed, recovered, and susceptible) evolve over time. The
plotted results of the simulation, which considers a deadline of 100 time units,
can be seen in Figure 5.8. We initialise90 susceptible agents and10 infected
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c o n f i g u r a t i o n Main :
f o r i sampled d i s t i n c t nSus t ime from U[ 0 , ( n In f+nSus ) / 2 ] do

Agent [ x = i ; z = U[ 0 , 5 0 ] ; ]
end fo r
f o r j sampled d i s t i n c t n In f t ime from U[ 0 , ( n In f+nSus ) / 2 ] do

Agent [ x = j ; z = U[ 0 , 5 0 ] ; s t a t u s=I ; con tag ious = t rue ; ]
end fo r

end

Listing 5.7: SEIR Scenario Con�guration

d i r e c t i o n = d i r ;
shape = t r i a n g l e ;
c o l o u r = {

when ( s t a t u s == 2) : red ;
when ( s t a t u s == 1) : ye l l ow ;
when ( s t a t u s == 3) : b lue ;
o the rw i se green ;

}

Listing 5.8: Tracing Speci�cation for SEIR

agents for this example. To change state, the agents use the same rates pre-
sented in the speci�cation, which means thater is equal to0:15, ir to 0:25,
rr to 0:25, and lr to 0:1.

Figure 5.8: Simulation Results of SEIR

The simulated infection shows that many susceptible agents become ex-
posed to the disease due to the mild exposition rate. As expected, the number
of infected and contagious agents increases right after. The time spent by
each agent in an illness state (exposed or infected) is quite low, also because
there is a 25% of chances to recover from the illness after one step. The
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number of recovered agents reaches its peak at half the simulation, while
after 30 time units, the recovered agents become susceptible again. In this
model, safety distance also plays a crucial role. Indeed, this �rst simulation
considers atolerance of 10 space units.

However, if we set it at7:5, which means that the agents should be closer
to each other to get exposed, we can see that there is only a pit of susceptible
agents around the 20th step, but then the whole, healthy population increases
again. This case is shown in Figure 5.9.

Figure 5.9: Simulation Results of SEIR with 7.5tolerance

The proposed plots consider only one simulation of our SEIR model. We
recall that Sibilla is equipped with a set of functionalities to study trendings
of multiple simulations. In Figure 5.10, we can analyse the mean trendings of
a group of measures: the number of agents belonging to a particular health
status. Indeed, we can deduce that Figure 5.8 is compliant to this last plot.

5.4 Red-Blue

Agent-based systems can show how consensus dynamics work. Consensus
refers to a group of actions allowing the agents to agree on certain values or
states [30]. Many protocols have been formalised in the literature to mimic
politics and other behavioural scenarios. Indeed, some authors use binary
consensus to simulate decisional processes [116].

In our consensus scenario, we consider a population of agents that can
be members of theRed party or of the Blue one. Figure 5.11 shows how
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Figure 5.10: 100 Replicas of SEIR Model

Figure 5.11: Red-Blue Scenario Interaction
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an agent evolves. After observing the others close to it, the concerned agent
perceives how many agents are in its group and then decides to keep the same
party or switch. In the image, the central red agent sees that it �nds itself
surrounded by two other red agents and a blue one. In the next iteration,
the agent becomes blue to support the opposite faction.

5.4.1 Red-Blue Speci�cation

The full speci�cation of the Red-Blue scenario is described in Listing 5.9,
which considers theSupporter as the main interacting entity. The model
considers the following parameters: to assign the agents to the two parties, we
use respectivelynRed and nBlue , while tolerance is the considered distance
by every agent,speed how fast it can move, andcr is the rate for changing
the party.

The Supporter knows its direction , described as a real value, and if it
has decided to change its colour (with the boolean attributeswitchParty

). As external features, the agent shows its position coordinates and is a
member of theblueParty or the redParty . Lastly, observation attributes
are composed of a boolean that signals the agent if it has beenchallenged

by the other surrounding agents and a real variabledelta , which is based
on the number of the surrounding entities. TheSupporter can only perform
two tasks: the basic movement, allowing it to choose a direction and keep
the same colour status, and thechangeParty action, which considers a new
direction and sets theswitchParty variable to true . Finally, the behaviour
is simply based on thechallenged observation variable. In a positive case,
the agent may decide to perform thechangeParty action with a probability
of delta * cr or perform the basicmove action.

Concerning the environment, it updates the observationchallenged by
considering the number of red and blue agents around the observer and its
colour. The condition is activated when the considered agent is surrounded
by more agents of the same party than the other. In this case, theSupporter

is challenged , and the variable is activated. Thedelta observations �eld is
updated according to the absolute value of the di�erence between the number
of surrounding red agents and the blue ones, divided by the sum of these two.
On the other hand, the dynamic function �rst updates the position based
on the direction vector and then the corresponding colour using an XOR
mechanism: the attribute is set totrue only if the agent colour feature is
active or the agent has decided to switch. If both conditions are met, the
feature is deactivated.
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param nRed = 70 ;
param nBlue = 30 ;
param t o l e r a n c e = 10 ;
param speed = 1 ;
param cr = 1 ;

agent Suppor ter =
s t a t e :

r e a l d i r e c t i o n = 0 . 0 ;
boo l swi tchPar ty = f a l s e ;

f e a t u r e s :
boo l redParty = f a l s e ;
boo l b luePar ty = f a l s e ;
r e a l x = 0 . 0 ;
r e a l z = 0 . 0 ;

o b s e r v a t i o n s :
boo l c h a l l en ge d = f a l s e ;
r e a l d e l t a = 0 . 0 ;

a c t i o n s :
changeParty [ d i r e c t i o n < = U[ 0 . 0 , 2* PI ] ; swi tchPar ty < = t rue ; ]
move [ d i r e c t i o n < = U[ 0 . 0 , 2* PI ] ; swi tchPar ty < = f a l s e ; ]

behav iour :
when ch a l l e ng ed => [ changeParty : d e l t a * c r ; move : (1 = d e l t a * c r ) ; ]
o the rw i se [ move : 1 ; ]

end

environment :
s e n s i n g :

Suppor ter [
l e t ac tua lB lue = # Suppor ter [ b luePar ty && ( d i s t a n c e (x , z , i t . x , i t . z )<

t o l e r a n c e ) ]
and actualRed = # Suppor ter [ redParty && ( d i s t a n c e (x , z , i t . x , i t . z )<

t o l e r a n c e ) ]
i n

i f ( ( ( actualRed+ac tua lB lue ) >0)&&(( i t . redParty && ( ac tua lB lue <
actualRed ) ) | | ( i t . b luePar ty && ( ac tua lB lue >actualRed ) ) ) ) then

c ha l l e ng ed <= t rue ;
d e l t a < = abs ( ac tua lB lue = actualRed ) / ( actualRed+ac tua lB lue ) ;

e l s e
c ha l l e ng ed <= f a l s e ;
d e l t a < = 0 . 0 ;

e n d i f
e n d l e t

]
dynamic :

Suppor ter [
x < = ( x + cos ( d i r e c t i o n ) ) * speed ;
z <= ( z + s i n ( d i r e c t i o n ) ) * speed ;
redParty < = (redParty && ! swi tchPar ty ) | | ( ! redParty && swi tchPar ty ) ;
b luePar ty < = (b luePar ty && ! swi tchPar ty ) | | ( ! b luePar ty && swi tchPar ty ) ;

]
end

Listing 5.9: Red-Blue Scenario Speci�cation
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5.4.2 Red-Blue Simulation

This simulation is based on a con�guration (Listing 5.10) considering 100
units: nRed is equal to 70, whilenBlue to 30. The �rst group will be assigned
to the redParty , while the other is assigned to theblueParty . The entities
are positioned, at the beginning, at a random point inside a 100x100 square
space.

Listing 5.11 shows the trace speci�cation for the Red-Blue scenario. In
this example,direction is omitted because the speci�cation recognises the
same attribute from the agent declaration. We chose the triangle as the main
shape, and the assigned colour is associated with the corresponding party.

c o n f i g u r a t i o n Main :
f o r i sampled d i s t i n c t nRed t ime from U[ 0 , 1 0 0 ] do

Suppor ter [ redParty = t rue ; b luePar ty = f a l s e ; x = i ; z = U[ 0 , 1 0 0 ] ; ]
end fo r
f o r j sampled d i s t i n c t nBlue t ime from U[ 0 , 1 0 0 ] do

Suppor ter [ redParty = f a l s e ; b luePar ty = t rue ; x = j ; z = U[ 0 , 1 0 0 ] ; ]
end fo r

end

Listing 5.10: Red-Blue Scenario Con�guration

shape = t r i a n g l e ;
c o l o u r = {

when redParty : red ;
when bluePar ty : b lue ;
o the rw i se gray ;

}

Listing 5.11: Tracing Speci�cation for Red-Blue

The model's objective is to see if the agents reach a consensus among
them. We are interested in having both populations around 50% The plotted
result in Figure 5.12 considers 100 time units and the changing ratecr is set
to 1, thus it does not a�ict delta .

The trends are symmetrical, as we can see, because the agent can only be
blue or red. The goal is immediately reached in the plot, even if the agents
change their colour repeatedly. This is caused by the slight concentrations
of entities around an agent, which makes it easier for it to make the change.
Indeed, the case presented in Figure 5.13 shows how more agents, in this
case, 300 blue agents and 700 red ones, can mitigate the e�ect seen before.

Similarly to the SEIR scenario, we want to know the average trends of
the Red-Blue scenario. In Figure 5.14, we analyse how agents behave on
average. The plot considers 100 simulation replicas and the original con�g-
uration of 70/30 agents. Unlike the single trace plot, the population trend
is smoother. However, the larger sections mirror what happens in the single
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Figure 5.12: Simulation Results of Red-Blue

Figure 5.13: Simulation Results of Red-Blue with 1000 agents
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trace (for example, the expansion after the 40th step is similar to the one in
Figure 5.12).

Figure 5.14: 100 Replicas of RB Model

5.5 Concluding Remarks

In this Chapter, we have seen how di�erent MAS models can be described in
YODA. Each of the considered scenarios allowed us to highlight the role of the
mechanisms provided byYODA. Moreover, thanks to the simulation features
provided by Sibilla, we have obtained a view of the possible behaviours of
the considered models. With the Flock, which will act as the new running
scenario, we showed how we can express coordination among agents. The
plotted results of the birds' movements demonstrated how the �ock remained
cohesive during the simulation. In the FinderBot example, we appreciated
how each agent can drastically change their behaviour after an event. Indeed,
agents that are further from the objective turn towards the target once they
receive the signal. Finally, the classic SEIR model and the Red-Blue example
give insight into how agents interact and modify their state according to their
perception of their surroundings.



CHAPTER 6

VISUALISING YODA
SIMULATIONS

Through the Force,

things you will see.

Other places.

The future. . . the past.

Simulations of CASs generate a determined quantity of possible compu-
tations. Being able to represent results well is crucial, and it permits those
who are not used to reading data to have a better insight into what a system
may produce. The authors of [117] stress the attention onhow simulations
should be represented, highlighting the fact that poor visualisation may be
counterproductive. To strengthen the importance of visualisation, the au-
thors of [118] individuate di�erent issues during the process, which starts
from the data collection and ends with the representation of knowledge.

Visualisation methods can range from more static ones to more complex
replays. This distinction depends on the level of detail we want to achieve.
On the one hand, analysts can perform statistical analysis from the results
of graphs, charts, or diagrams. This is useful when working on quantita-
tive analyses which require the study of trends and average evolution of
systems [119]. In the other case, visualisation is based on graphical solu-
tions. These are used in various application domains, like robotics [120] or
ecology [121], and usually exploit graphics processing power rather than the
computer one. Plotting a graph is an easier task than creating a real-time
visualisation tool. Many libraries already exist, starting from the well-known
Python Matplotlib [122], and they can support di�erent types of analysis.
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With this chapter, we introduce Sequit1, a tool that, integrated with the
Sibilla simulator, permits rendering in 2D and 3D environments the evolu-
tion of a set of agents [31]. The visualiser should overcome the necessity of
replaying agent traces, allowing us to appreciate even more how agents move
and act. Indeed, other approaches are often too specialised by referring to
speci�c languages or frameworks, as shown in Section 2.3. On the contrary,
Sequit aims to provide an agnostic solution: by following the same philosophy
of Sibilla, it does not rely on a single language.

Moreover, by relying on Unity technology, we can buildSequit and run
it on many existing architectures, allowing designers to integrate the tool as
an external component in the simulation pipeline.

6.1 Implementing Sequit

While Sibilla has been developed in Java and takes advantage of computa-
tional e�ciency, from the graphical point of view, we need a more complete
and well-structured solution that can host simulation visualisation. For this
reason, we rely on the well-known Game EngineUnity 2, which is a real-time
environment used not only in gaming, but also in movie making, architecture,
and automotive. The term Real-time describes images' rendering frequency
and the possibility of dynamically interacting with the application. As a
Game Engine, Unity serves as a convergence point of di�erent developing as-
pects, allowing assets to interact. In this section, we discuss how the module
is implemented. We will see how the classes and available game objects work
so that we can replay each agent's simulation traces.

6.1.1 Architecture

In Unity, classes and objects are included in what are technically calledGame
Objects (GO). These are the foundations for scenes (the environment where
actions take place) and �act as a container for functional components which
determine how the Game Object looks and what the Game Object does.� 3 A
GO can be anything belonging to a single scene, from a 3D model to a camera
or even the user interface. Our solution has been developed in a single scene
including the necessary GOs. They are represented as three invisible GOs
allowing the management of the simulation. These are:Button Manager,
Game Manager, and Simulation Manager. Moreover, we included a set of
utility classes to read �les. Figure 6.1 shows an overview of the architecture

1The tool is available at https://github.com/quasylab/Sequit
2Full site at https://unity.com/
3https://docs.unity3d.com/Manual/class-GameObject.html
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Figure 6.1: Sequit Architecture

and how each component interacts with each other or external resources,
while Figure 6.2 represents the actual GOs.

Figure 6.2: Scene Hierarchy ofSequit

Button Manager. This object manages how the user can directly in-
teract with the tool using the available buttons. The assigned script
contains the methods invoked when one of the corresponding buttons is
pressed. For example, if we press theQuit button, the GO calls the
QuitApplication method and closes the app; if we click on theCam-
era button, the ChangeCamera method changes the camera type. Due
to its nature, the Button Manager interacts with the Game Manager, the
Simulation Manager, and the Camera object.

Game Manager. The Game Manager is a common object used while de-
veloping applications within an engine. Usually, it manages and coordinates
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the interactions between the user and the game, e.g., by showing the col-
lected points or the player's remaining life. InSequit, the Game Manager is
conceived to navigate between the interfaces and control eventual keyboard
inputs, which are used to move around the visualisation, close the action
menu, and more. However, its main task is to modify the time scale of the
visualisation. The attached script contains a set of methods, that exploit
Unity's libraries, to stop, resume, and even change the velocity of the simu-
lation.

Simulation Manager. The Simulation Manager GO is responsible for in-
stantiating and managing the acting agents of the visualisation. Depending
on the type of agent we want to visualise, the manager generates 2D or 3D
agents based on an interface calledIAgentController . In both cases,
the implemented controllers should be able to change shape and colour and
proceed to the next step.

Utils. The Utils namespace contains the utility classes for reading and
interpreting the .csv �les. Two custom interfaces have been developed
(IFileReader and IStepsController ) from which we derive two
classes: theCsvFileReader class and theFileStepsController class.
The �le reader is responsible for interpreting the table and is based on the
.NET native classStreamReader . Apart from the constructor, we use the
existing library to read the lines. The other utility class checks the correct-
ness of each line parsed by the reader and scrolls up and down the data table.
A single line in the given �le is represented by the classStep It consists of
�ve variables providing the information the agent controller can use to move
or visually inform of a state change. These are:

ˆ Time , a �oat variable to measure the time steps;

ˆ Position , a Vector3 variable used to move the agent in the space;

ˆ Rotation , a Vector3 variable used to rotate the agent in a certain
direction;

ˆ Shape, a string variable used to change the shape (sprite or model);

ˆ Color , a string variable used to change the colour of the agent.

It should be noted that the previous format must be the one used in the
.csv �le. This �le format can be obtained from the Sibilla trace command or
other sources and software.
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6.1.2 Features

Sequit has been implemented keeping in mind the basic needs of a common
user. As a lightweight tool, its objective is to provide a solution that can be
used immediately. The actual version of the visualiser has the following func-
tionalities: two degrees of freedomfor the camera,controlling the simulation,
and adding2D and 3D agents. In this section, we discuss said features.

Switching Cameras. Our solution permits the user to visualise the replay
of traces from two points of view. By clicking on the corresponding button,
the user can switch between the two camera modes, shown in Figure 6.3:
eagle-eyeand rotatory. In the �rst case (Figure 6.3a), the camera is put above
the plane where the agents operate and allows the user to better comprehend
2D cases or those where agents move in two directions. With this kind of
camera, the user can navigate with WASD/Arrow keys and move away with
the mouse wheel to get a better view of the scene or get closer to appreciate
the details. The rotatory camera movement (Figure 6.3b) is based on focusing
on a focal point located in the middle of the scene and can be useful for
inspecting 3D scenarios. It uses the same keybindings to move around in a
spherical way.

(a) (b)

Figure 6.3: The two di�erent available cameras

Simulation Control. The agents move in the scene according to the pro-
vided traces. However, one may be interested in understanding how the
entities are located in the environment at a certain moment. For this reason,
the visualiser implements a set of methods that, using basic Unity constructs,
permits the management of the velocity of the visualised agents. By pressing
the corresponding button (or the spacebar key), we can stop (and resume)
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the time, allowing us to inspect the situation. It is also possible to speed up
or slow down the visualisation. The actual velocity of the simulation and the
utility buttons are displayed in the user interface, as shown in Figure 6.4.

Figure 6.4: UI of the visualisation speed

Generating Agents. The fulcrum of the visualiser is the possibility of
loading the traces and generating the agents.Sequit provides a form where
it is possible to con�gure the visualisation as the user desires. Initially,
we must decide whether we want to generate 2D agents (as sprites) or 3D
agents (as models). Independently of the type, we can specify the directory
path containing the .csv �les in the text �eld. The �nal step is to choose an
optional preloaded plain among those available. Once we press the generation
button, the visualiser reads the provided data and generates an entity for
each available �le. The agents will start moving right after the data has
been loaded correctly.

6.2 Visualising the Flock Scenario

In this section, we will show how the �ock example, introduced in Chapter 5,
can be visualised usingSequit. In particular, we will show how a given
set of traces can be visualised inSequit4. We can remark that, if needed, a
model speci�cvisualisation environment can be developed by using the Unity
Editor. However, in this section, we will focus only on the use ofSequit as a
stand-alonetool.

Once we are provided with the simulation traces from our model, we can
load them into Sequit. When Sequit is executed a simple user interface is
provided to start the visualisation or to quit the application (see Figure 6.5).
By pressing the buttonStart, the dialogue window of Figure 6.6 is provided.
This can be used to select the kind of model to render (2D or 3D), the
directory where the simulation traces are located, and theplane to use as a
background.

4A demo video is available athttp://quasylab.unicam.it/sibilla/sequit/
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Figure 6.5: The starting screen ofSequit

Figure 6.6: The initial interface with the agent form
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When all the needed parameters are provided, the visualisation can be
started by pressing the buttonGenerate Agents. The tool instantiates all
the agents that will start moving according to the info saved on the loaded
traces. The button bar placed at the bottom of the window can be used
to control the visualisation. On the left, we can �nd the buttons that can
be used tostart / pause the video and to control the playback speed, which
can be used to slow down or speed up the video. On the other side, the
buttons that control the camera, as described in Section 6.1.2, are placed.
In our example, we have used the 2D con�guration, the �Sky� plane, and the
eagle-eye view camera. We can observe that the birds appear in a di�erent
colour depending on the distance from the mean point of the �ock: blue if
it is too far, red if too close, and yellow if it is at the right distance range.
In Figure 6.7 we can see the �ve birds and, as expected, the middle one is
red, because it is too close to the center, the two yellow ones are at the right
distance range, and �nally, the blue ones are too far from the mean point.

Figure 6.7: The Flock at the beginning of the simulation

In Figure 6.8, we present a screenshot of a time instant where all the birds
are far from the mean point. As we can see, here all the birds are coloured
blue, which they need to get closer, according to the speci�ed behaviour.

6.3 Visualising the Other Scenarios

In Chapter 5, we implemented three additional advanced models inYODA.
Let us recall that every model considers spatial features, thus we can replay
the traces in Sequit. In this section, we discuss the visualisation of these
three scenarios.
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Figure 6.8: The Flock after a while

6.3.1 Visualising FinderBot

For this simulation, we instantiate 10 agents looking for the target. They
are represented as cubes because we use thesquare shape in the trace
speci�cation and a three-dimensional environment. In Figure 6.9, we can see
them coloured red because they have not found the target yet. In this phase,
they roam around randomly, looking for the target. We preventively know
that the objective is located at [5.0, 5.0] , but it is not visible in the
screenshots because it is not an agent, thus we can not produce a trace.

Figure 6.9: FinderBot in Sequit at the beginning

After a few rounds, some agents �nd the target, becoming green. Fig-
ure 6.10 is a screenshot of the moment when this happens, and the infor-
mation about the target's location is sent to the other agents. The agents
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