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Abstract

To model and simulate social phenomena accurately requires that human
behaviour be captured in the model at a sufficiently high resolution such
that realistic complex behaviour can be generated. Despite this, in the
field of agent-based social simulations(ABSS), there is a tendency to use
simple rules to guide agents’ decision-making processes leading to rudi-
mentary and unrealistic agent behaviour. Although there exist several
computational frameworks that claim to address this issue, they remain
underutilised in social simulations. In this research paper, three compu-
tational frameworks and their inner workings were studied and evaluated
through literature review for the purpose of modelling human behaviour.
This work then compared the usefulness of these frameworks against a
set of criteria and identified their capabilities, limitations and the chal-
lenges hindering the popularisation of these frameworks.
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1 Introduction

Agent-based social simulation (ABSS) is an interdisciplinary field of study that inte-
grates the research areas of computer simulation, social sciences and agent-based com-
puting to produce agent-based models (ABMs) for the simulation of social phenomena
(Davidsson, 2002). The field initially emerged in the 1970s with early influential works
such as Schelling’s Segregation Model and later Epstein and Axtel’s Sugarscape model.
The ABSS field has continued to develop with its recent rapid expansion attributed to
advancements in other disciplines such as artificial intelligence. These advancements
have the potential to facilitate more accurate modelling and simulation research in many
ABSS application fields including: evacuation, social interaction, economic studies,
psychology and social studies (Wijermans, 2023). Consequently, this accelerated de-
velopment has led to confusion among ABSS scientists, who are working in many dif-
ferent fields, as to which of the many proposed methods or techniques should be im-
plemented for their particular application (Li et al., 2008).



An ongoing debate in ABSS, concerns the best approach to modelling human be-
haviour (Balke & Gilbert, 2014). Human behaviour modelling can be highly complex.
Humans are complex beings who are capable of reactive as well as deliberate behav-
iour. This can be influenced by numerous factors such as personality, norms, emotions,
and past experiences. A model on human behaviour needs to be able to reflect these
abilities. The choice of which parts are necessary for a model is up to the modeller.
However, the high level of interconnectivity between all of these factors can be a big
challenge for any modeller (Goldspink, 2000).

Traditionally, ABSS researchers have sought to implement agent behaviour using
simple rules to preserve comprehensibility and explainability of their outcomes i.e.
emergent behaviour. This method is referred to as the production-rule system and is
one of the most popular approaches to designing agent behaviour. However, it is often
criticised for its lack of realism in representing human behaviour (Balke & Gilbert,
2014). This simplicity first approach is captured by the ‘Keep It Simple Stupid’ (KISS)
paradigm as it is referred to in Edmonds and Moss (2004). They argued against the de
facto standard of assuming simpler models lead to better or more accurate outcomes.
Instead, they advocate for the use of more descriptive models that are able to utilise all
available data which are only simplified if needed — ‘Keep It Descriptive Stupid’
(KIDS). Adam and Gaudou (2016) relate this idea from Edmonds and Moss (2004) to
the modelling of human behaviour in ABSS where agent behaviour is often kept very
simplistic.

In ABSS, computational frameworks are used to characterise agents and specify
their decision-making process and behaviour. This research paper follows the classifi-
cation and definitions of computational framework used in Li et al. (2008) which are
described as follows. Computational frameworks can be divided into three overarching
categories: Agent Frameworks, Multi-Agent Frameworks and Cognitive Architecture.
Agent frameworks focus on individual agent behaviours from which social phenomena
emerge and are used in agent design to determine decision-making and interaction pro-
cesses of each agent. Multi-agent frameworks take a different perspective by specifying
the relations between agent behaviour and collective behaviour in the modelling and
simulation of multi-agent organisations. Cognitive Architectures are agent architectures
based on cognitive science that help model social phenomena through the specification
of agent cognition i.e. low-level behaviour in agents.

This research paper attempts to provide a guide for newcomers and researchers in
the field of ABSS to the methods and challenges of modelling human behaviour in their
social simulations. This will be accomplished by a literature review and an in-depth
analysis and comparison of three representative computational frameworks. This will
aid in structuring the different methods of modelling human behaviour and help to reach
the potential of ABSS simulations. It differs from the work of Balke and Gilbert (2014)
who performed a similar study in that the comparisons are made not only on the basis
of agent characteristics but also relating to usability and implementation by researchers.
The paper will explore these themes by answering the following research question:



What are the capabilities and limitations of modelling human behaviour using specific
computational frameworks in ABSS research?

This article is structured as follows. Section 2 consists of the methodology used for the
literature review, framework selection and formulation of comparison criteria. Section
3 summarises the chosen frameworks in the following order: the Belief-Desire-Inten-
tion (BDI) framework, the Normative Agent Architecture (NoA) and the Physical Con-
ditions, Emotional State, Cognitive Capabilities, Social Status (PECS) framework.
These frameworks are then evaluated and compared using specified criteria in Section
4. This is followed by a discussion in Section 5 on the results and the strengths and
limitations of using these computational frameworks in ABSS research.

2 Methodology

2.1  Search Strategy

A first literature review was conducted on methods used for modelling human behav-
iour in ABSS. From this literature review, representative computational frameworks
were selected for further study. This selection was based on the classification of com-
putational frameworks used in Li et al. (2008). An agent framework, a multi-agent
framework and a cognitive framework were chosen.

This research then focussed on studying three key frameworks for modelling hu-
man behaviour:
o the Belief-Desire-Intention (BDI) framework - an agent framework
o the Normative Agent Architecture (NoA) - a multi-agent framework
e the Physical Conditions, Emotional State, Cognitive Capabilities, Social Sta-
tus (PECS) framework - a cognitive framework.

These frameworks were chosen for their significance in agent-based simulations and
human behaviour modelling. They were researched and analysed for comparison us-
ing a set of relevant criteria adapted from the literature.

The search strategy was designed to capture relevant academic papers through a
combination of database and journal-specific searches, supplemented by a snowball-
ing technique. The database Scopus and search engine Google Scholar were the pri-
mary sources for identifying literature. Additionally, targeted searches were con-
ducted on the websites of the Journal of Simulation and the Journal of Artificial Soci-
eties and Social Simulation to find domain-specific articles. A snowballing technique
was also employed to find additional studies by reviewing the references of papers
that were already identified as relevant. It was applied in particular to the work of
Adam and Gaudou (2016) and Balke and Gilbert (2014) to determine other relevant
literature. This method helped ensure a thorough exploration of existing literature on
the BDI, PECS, and NoA frameworks.



The following keywords and search phrases were used in the Scopus database to iden-
tify relevant papers:

"bdi AND modelling AND human AND behaviour AND agent" (n= 96)

"belief AND desire AND intention AND framework AND agent AND review" (n=
11)

"beliefs AND desires AND intentions AND framework AND agent AND simulation
(n=95)

"human AND behaviour AND pecs AND simulation AND modelling" (n= 8)
"human AND behaviour AND pecs AND simulation” (n=11)

"human AND behaviour AND pecs AND modelling” (n=12)

"noa AND behaviour AND simulation” (n=8)

"human AND behaviour AND noa" (n= 22)

"noa AND multi-agent AND modelling" (n= 2)

These search terms were selected to specifically target papers that focus on agent-
based modelling of human behaviour using the BDI, PECS, and NoA frameworks.
The search process yielded a large number of studies. To ensure relevance, only pa-
pers written in English and containing the identified keywords either in the title or ab-
stract were considered for review. Papers that did not meet these criteria were ex-
cluded from further analysis. The paper selection was a mix of theoretical studies and
research that detailed how these frameworks were implemented in different scenarios
and fields, so their applicability could be assessed in sections 4 and 5.

2.2 Model Comparison Criteria

Previous works in literature have sought to compare or evaluate different architectures
for modelling human behaviour against a set of criteria. These criteria vary depending
on the perspective and values of the researcher. Based on previous work in literature, a
set of criteria were composed for use in the comparison of selected frameworks.

In Adam et al. (2017), the focus was on model comparison of two complex models
for which different agent architectures had been utilised: Finite-State Machines(FSM)
and BDI. Their criteria focussed on evaluating the agent architecture from the perspec-
tive of its complexity and usability to the researcher. Their selection criteria includes:

Difficulty of description: Length of code (in characters)

Difficulty of creation: Memory usage, Computational time

Difficulty of appropriation: Understandability, Explainability, Extensibility
Model credibility: error between model output and observed data

In Balke and Gilbert (2014), they explore models for agent decision-making through a
discussion of 14 agent architectures. Its focus is on determining a suitable computa-
tional model of a human behaviour depending on the domain application. A list of 5
dimensions is used to differentiate agent architectures: Cognitive, Affective, Social,



Norm Consideration and Learning. These dimensions differ from Adam et al. (2017)
as they are based on desirable agent characteristics for ABSS problems and do not con-
sider implementation aspects beyond the availability of resources and platforms.

Wray and Chong (2007) compares a number of computational tools for representing
human behaviour. They differentiate between cognitive models which express low-
level detail of human behaviour and human behaviour models which are often informed
by psychological theories and used to generate more complex behaviour. Yet it is em-
phasised that cognitive models and human behaviour models share a continuous spec-
trum of characteristics when implemented.

A cognitive architecture is defined as an implementation platform for both cognitive
models and human behaviour models. The work defines a set of general functionalities
of cognitive architectures which are used to compare cognitive models and human be-
haviour models. These functionalities include:

e Context-based reasoning/action
Least commitment/run-time decision-making
Contextual conflict resolution
Scalable knowledge bases
Learning

Drawing from the literature on the comparison of agent architectures, existing criteria
can be categorised at a higher level as focussing on agent capabilities, researcher usa-
bility and resources for implementation. Given that this work seeks to compare the ar-
chitectures themselves and not the details of their implementations, not all of the afore-
mentioned dimensions of comparison will be used.

Therefore, this work uses the following criteria in Table 1 to evaluate the selected agent
architectures. The definitions of the criteria have been adapted from the papers dis-
cussed previously in this section.

Table 1: showing the comparison metrics for the study adapted from Balke and Gilbert
(2014), Wray and Chong (2007), Adam et al. (2017)

Criteria Definition

Agent Capabilities Context based reasoning Agent’s state trajectory is
not prescribed but able to
adapt based on perception
of the current situation/con-
text.

Affective Agents are able to have
emotional representation by
the architecture

Learning Agents are able to learn
from past behaviour




Norm consideration Agents able to reason about
social and legal norms, and
consequently also can
shape emergent norms

Social The architecture specifies
social interactions or a
means of agent communi-
cation

Implementation/Usability

Extensibility Additional features can be
introduced into the archi-
tecture with ease.

Explainability of behav- The architecture can facili-
iour tate comprehension of the
link between individual
agent behaviours and out-

Comes.

Understandability of ar- Ease of interpretation and

chitecture understanding of the archi-
tecture.

Accessibility Support and resources

available to implement the
computational architecture

The three frameworks were scored on all criteria to provide a comparative overview.
The scoring was done based on the literature research on each of the frameworks. The
following five words were used to provide the score for the criteria.

Table 2: Scoring terminology used to evaluate computational frameworks

Scoring Word Definition

Good Claimed by the developers and/or tested and
proven in other research

Contested Both claimed to be suited as well as un-
suited by different researchers

Untested Claimed to be appropriate, but untested in a
research model

Limited Claimed to be unsuited/difficult to do
within the framework

Unspecified No claims or tests performed

3 Frameworks

As mentioned in the methodology, the following frameworks were chosen for their sig-
nificance in agent-based simulations and human behaviour modelling. BDI is a quite




prominent theoretical frameworks in the field of simulating human behaviour whereas
PECS was created to replace BDI, and NoA offers a slightly different perspective of a
norm- governed society.

3.1 BDI: Beliefs Desires Intentions

Description

There exist several formalisms, architectures and implementations of the BDI model
(Herzig et al., 2017; Norling, 2009; Rao & Georgeff, 1991; Wooldridge, 2000). As
such, the following description of BDI is a generic overview based on the works by
Adam and Gaudou (2016)and Norling (2009).

BDI architecture describes the behaviour of a rational agent in terms of mental atti-
tudes of belief, desire and intention.

There are five main components of a BDI agent according to Norling (2009).

Beliefs are the agent’s possibly flawed knowledge of the world i.e. their sub-

jective reality.

o Desires (also referred to as goals) consist of possible states of affairs that the
agent seeks to achieve. To achieve these goals requires appropriate plans of
action typically implemented as a plan library.

e Anplan library is a set of actions, the corresponding desires they achieve and
the conditions under which they operate.

e Intentions are the agent’s commitments to performing particular plans of ac-
tion in order to achieve their desires.

e Reasoner is the engine that gathers information from the environment, updates

the beliefs and desires, selects the plan to achieve the desire and selects the

next action to execute from the set of intentions.

Adam and Gaudou (2016) summarise the core functionalities of a BDI architecture as
requiring representations of beliefs, desires and intentions; rational and logical pro-
cesses for selecting intentions and adaptable commitment to the set of current inten-
tions.

At each time step, a BDI agent perceives its environment, updates its beliefs based
on its perception, and pushes intentions generated by the reasoner into the relevant
stack. For the next intention in the stack, the plan library is searched for all plans with
preconditions agreeing with the agent’s beliefs and postconditions corresponding to the
selected intention. These plans form a set of possible actions from which the agent
chooses the most relevant actions depending on its state (Ye & Wang, 2017).



Application

The BDI model originated from philosophy with Michael Bratman’s theory of inten-
tion. This theory was embraced by Artificial Intelligence (Al) researchers for the design
of autonomous agents. From the Al field, BDI formalisms, software implementations
and agent languages were created based on the theory(Herzig et al., 2017).

Though BDI is the most popular agent architecture for agent-based systems, in the
field of Agent-based modelling and simulation, BDI remains underutilized (Adam &
Gaudou, 2016). Yet BDI-based architectures have found applications for modelling de-
cision-making processes in different fields such as the air traffic simulations (Wolfe et
al., 2008), evacuation modelling (YenChern et al., 2021) and emergency response
(Larsen, 2019).

Larsen (2019) stated that common agent-based simulation(ABS) platforms typically
do not provide the ability to use agent architectures like BDI. However, of those that
do provide the BDI framework, they incorporate BDI into the agent-based simulation
in different ways. For instance, Repast, a popular ABS toolkit, embeds BDI systems
into their ABM simulations by integrating the platform with the agent programming
platform JACK(Padgham et al., 2011). Other platforms have extended their function-
alities to enable BDI models like GAMA with its simple BDI architecture.

Challenges

BDI architecture does not account for many generic facets of human behaviour. As a
result, when implemented, modellers who require additional features must take the time
to do the implementation themselves (Norling, 2004).

Traditional BDI is known to lack specifications for: social interactions such as agent
communication, normative considerations, emotions, a learning mechanism from past
behaviour among other features(Balke & Gilbert, 2014). These deficiencies have re-
sulted in the production of a range of frameworks that extend the basic BDI architecture
to meet the needs of modellers such as eBDI and BOIDS architectures.

Norling (2004) points out that the assumed decision-making strategy of BDI agents
is utility-based according to the original theory and contrasts with realistic decision-
making behaviour as researchers have reported that an individual’s decision-making
strategy changes depending on their situation. A solution to this problem was formu-
lated in Norling (2004) through an extended BDI architecture.

According to Adam and Gaudou (2016), BDI agents possess Theory of Mind i.e. the
ability to reason about the thoughts and feelings (mental states) of themselves and other
agents(Franchin, 2022). This contrasts with the work of Balke and Gilbert (2014) that
maintains that traditional BDI does not implement this capability.



BDI does not perform well when implemented for an agent whose decision-making
process is not well-defined or for which there is a lack of data (Wolfe et al., 2008). BDI
requires granular data on individual behaviours which is often not readily available and
has to be collected by other means such as participatory modelling or based on literature
of psychological theories (Adam & Gaudou, 2016).

The BDI architecture lacks scalability due to the computational cost of implementa-
tion(Adam & Gaudou, 2016). Implementing BDI agents in agent-based simulations that
often simulate large numbers of agents produces computational inefficiencies and se-
verely slows simulation execution (Wolfe et al., 2008).

Conceptualising BDI agents can be difficult for non-programmers as they have to
think about their model in terms of mental attitudes instead of objects and meth-
ods(Adam & Gaudou, 2016).

There exists a gap between the original BDI model and several of its implemented
architectures in the role played by intentions. Intentions are high-level plans that are
refined iteratively to result in an action. This process of intention refinement is de-
scribed as fundamental to the BDI model in Herzig et al. (2017) which notes its absence
from many studies on BDI agents.

Many BDI implementations (i.e. agent languages) are quite limited by their formal-
isation as they cannot be used to describe agents as having higher order beliefs (for
instance, beliefs about what other agents believe) due to the lack of the formal logic
semantics required for this task. Such BDI agents are unable to express social intelli-
gence. (Herzig et al., 2017)

3.2 NoA: A Normative Agent Architecture

Description

NoA (Normative Agent Architecture) is an architectural framework designed to support
the development of agent societies where the behaviours of agents are guided by norms,
such as obligations, permissions, and prohibitions. These norms serve as directives for
agents in contexts like automated business transactions within electronic commerce,
ensuring correct contract execution and fostering trust between parties (Kollingbaum
& Norman, 2004).

NOA operates through two main components: the NoA language and the NoA inter-
preter. The NoA language enables the specification of plans and norms, while agents
within this architecture act based on a set of beliefs, pre-specified plans, and norms.
Plans are executable when their preconditions are met, and norms are activated based
on the agent's beliefs. Norms, which can define obligatory, permitted, or forbidden ac-
tions, are filtered through the NoA interpreter to ensure compliance (Kollingbaum &
Norman, 2004).
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Agents prioritise their own goals but must evaluate the impact of norms on their
objectives before complying with them. If a norm conflicts with an important goal, an
agent may choose to disregard it, though this typically results in penalties (Lopez &
Marquez, 2004). This flexibility is crucial for resolving conflicts between agents with
differing goals within a synthetic society. Norms help mitigate these conflicts by en-
suring that the behaviour of agents aligns with the overarching goals of the system
(Lépez & Marquez, 2004; Kollingbaum & Norman, 2003).

Norm adoption in NoA involves agents recognizing their responsibilities toward
other agents and internalising norms that define these responsibilities. This process is
guided by the agent's evaluation of its obligations, prohibitions, and permissions. Con-
flicts may arise between norms, particularly when obligations contradict prohibitions,
but NoA provides mechanisms for resolving these issues through norm filtering and
evaluation (Boissier et al., 2012; Kollingbaum & Norman, 2003). Obligations, Prohi-
bitions and Permissions are defined as the following:

Obligations: Adopted under specific circumstances, these can conflict with other norms
(Kollingbaum & Norman, 2003).

Prohibitions: These impose restrictions on the agent’s behaviour.

Permissions: These override prohibitions, allowing the agent to engage in previously
restricted actions (L6pez & Marquez, 2004; Kollingbaum & Norman, 2004).

Further, a unique aspect of NOA is its treatment of agent autonomy. Autonomy in
NoA refers to the agent’s ability to choose between various plans to achieve its goals
while still adhering to norms. This flexibility allows agents to adapt their behaviour in
dynamic environments (LOpez & Marquez, 2004). Agents in NoA can modify their
plans based on changing conditions, which is particularly important in contexts like
electronic commerce, where agents must respond to evolving norms and contractual
obligations (Kollingbaum & Norman, 2003; Boissier et al., 2012).

Applications

NoA excels in managing complex decision-making processes where agents need to ad-
here to specific norms, such as in process-flow interactions and such. Its core strength
lies in the way it handles obligations, prohibitions, and permissions, allowing agents to
behave in predictable ways according to established rules. In human contexts, this could
parallel behaviours motivated by laws, contracts, or societal expectations (Lépez &
Marquez, 2004). The architecture enables agents to reason about the consequences of
their actions, allowing them to choose plans that not only satisfy immediate goals but
also comply with the broader normative framework (Kollingbaum & Norman, 2003;
Lopez & Mérquez, 2004).

The framework provides a robust framework for modelling human-like behaviour in
multi-agent systems by incorporating norms, obligations, permissions, and prohibitions
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that guide agent actions. However, while NoA offers several advantages in simulating
structured, rule-based behaviours found in human societies, it also has notable limita-
tions in capturing the full complexity of human behaviour, as does any modelling tech-
nique.

NOA enables agents to dynamically evaluate conflicts between norms and personal
goals. Agents can choose whether to violate a norm if it negatively affects a priority
goal, much like how humans might prioritise personal objectives over social obligations
(Lépez & Marquez, 2004).

The implementation of NoA in literature, has demonstrated that agents can success-
fully navigate complex environments by adhering to predefined norms. The architec-
ture supports adaptive behaviour, enabling agents to adjust their actions based on evolv-
ing norms, a critical feature for maintaining trust in agent interactions, as long as there
are predefined norms for them to follow.

Challenges

While NoA is effective in managing norm-driven behaviours, it faces limitations when
dealing with scenarios beyond pre-defined norms and plans. It struggles in dynamic,
unpredictable environments where agents are required to operate outside established
norms (Boissier et al., 2012; Kollingbaum & Norman, 2004). The following discussion
highlights the key challenges that are a fundamental part of the NoA framework.

While NoA provides a strong foundation for modelling rule-based decision-making,
it falls short in capturing the emotional aspects of human behaviour. Human decisions
are often driven not only by rational calculations of costs and benefits but also by emo-
tions such as guilt, shame, or pride, which are deeply intertwined with social norms
(Argente et al., 2022). The absence of emotional modelling in NoA means it cannot
fully simulate how humans might be motivated or constrained by feelings in response
to norm violations or compliance. For instance, a human might obey a rule out of fear
of social disapproval, a dynamic that NoA does not capture well (Argente et al., 2022).
Following from this, NoA’s reliance on predefined norms and plans also limits its abil-
ity to handle the unpredictability and emergent behaviours seen in human societies.
Human behaviour is often shaped by spontaneous actions, cultural influences, or the
development of new norms through social interaction, which NoA does not adequately
simulate (Boissier et al., 2012).

Although NoA allows for some flexibility in plan selection and norm compliance, it
ultimately operates within a structured, predefined set of actions and outcomes (Kol-
lingbaum & Norman, 2004). It models agents as primarily self-interested entities with
individual goals, which works well in structured systems like electronic commerce.
However, human behaviour is often driven by complex social relationships, such as
friendship, familial obligations, and long-term reciprocity, which influence decision-
making beyond immediate goal satisfaction (Tufis & Ganascia, 2014). While NoA
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incorporates some aspects of social behaviour through norm compliance, it does not
capture the subtleties of human relational dynamics, where norms may be negotiated or
reinterpreted based on social ties.

3.3 PECS: Physical conditions, Emotional state, Cognitive Capabilities, Social
Status

Description

PECS is a reference model introduced in 2000 by Urban that is supposed to support
modellers in the design process of agent-based models that focus on human individual
human decision making and human interactions (Urban, 2000). The model architecture
enables agents to show reactive behaviour, deliberative behaviour as well as reflective
behaviour (Schmidt, 2000a). This behaviour can be needed to create more realistic hu-
man behaviour of agents. The framework is especially strong when it comes to showing
emergent behaviour resulting from a social environment and is therefore great for ap-
plications in a ABSS (Schmidt, 2000b.).

The framework architecture consists of a set of sub models that interact in specific
ways. There are three layers. Firstly the input layer. The agents have sensors, which are
connected to their perception. This layer is responsible for the processing of the input
data. The second layer is composed of the set of internal state components. These com-
ponents, Physis, Emotion, Cognition and Social Status are all connected in various
ways and model the internal state of the agent. Lastly, these are connected to the last
layer, the behaviour layer. This layer is responsible for the selection and execution of
the agent's various actions (Urban, 2000)

With this architecture, modellers can be enabled to build in a wide range of human
characteristics and behaviour. The various components can be made simple, or more
complicated, depending on the modeller's needs and interests. Notable are the ability to
build in reflective behaviour of agents. Based on the social status, emotional or physical
condition, agents can be made to adapt their actions or become biassed. They can save
information or have decaying memories due to age or other factors (Schimdt, 2000b)
All in all, there are many possibilities which lead to a wide range of possible applica-
tions in many simulation fields, where reactive, deliberative or reflective behaviour is
required and where emergent behaviour is of interest. These fields include but are not
limited to; evacuation simulation, social (-psychological) simulations or any simulation
that requires human intelligent behaviour.

Application

Not a lot of applications of PECS were found in our literature review. Early implemen-
tations were made by the original research group to show the proof of concept. These
include a simple survival model that includes emotion, food management and planning
and a memory (Schmidt, 2000b). A second implementation they showed is to illustrate
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the possibilities to model group dynamics. Here students have to try to learn the most
knowledge, by balancing their personal intelligence, as well as their social abilities to
be able to join and function in a study group. They claim that the procedure they used
‘show in exemplary and prototypical fashion the procedure to be followed in the mod-
elling of complex human behaviour’ (Schmidt, 2000b).

Implementations past the original proposal and proof of concept models are scarce
and difficult to find. Furthermore, no built- in support for PECS in any popular ABSS
simulation programs has been implemented. However, a few implementations have
been made, like a more recent one from 2019 by Nguyen et al. They created an adapted
framework from the PECS architecture inside a model of inhabitation. They mainly
focused on the emotion component and used it as a part of their larger model. The
emotional component is related to the behaviour component of the agents which con-
trols how it makes decisions (Nguyen, 2019).

Challenges

The major challenge of PECS is the little research done after the initial proposal. Lots
of potential has been shown, but up to now, based on the papers reviewed for this re-
search, it has not been reached.

A second raised challenge comes from Nguyen et al. (2019). They call for more
research to be able to expand their framework. They require more psychological and
sociological research to be able to connect psychological motives to social groups' char-
acteristics and to have more accurate input data. This could enable them to introduce
more connected and accurate methods to their agents.

4 Comparison

In table 3, the three frameworks, BDI, NOA and PECS have been scored based on the
criteria outlined in the methods. There are clear differences between the three frame-
works.

Table 3: Comparison of three computational architectures: Belief-Desire-Intention (BDI), Nor-
mative Agent Architecture (NoA), Physis, Emotion, Cognition and Social Status (PECS) based
on criteria specified in Table 1

Criteria BDI NoA PECS
Agent Context based | Good Good Good
Capabilities reasoning

Affective Unspecified Untested Good

Learning Unspecified Unspecified Good

Norm Unspecified Good Untested

Consideration
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Social Contested Good Good
Implementa- | Extensibility | Good Good Good
tion/ Usability | Explainability | Good Good Good

Understanda- | Good Good Good

bility of Ar-

chitecture

Accessibility | Contested Limited Limited

BDI scores the worst on the agent capabilities. This means that very specific behaviour
and interactions that might be required have to be programmed by the researcher. How-
ever, in contrast to the other two frameworks, it scores contested on accessibility, so it
could potentially be easier to implement using some available resources. Together this
means that BDI could be a good framework to use for higher level implementations.
NoOA scores better than BDI on the agent capabilities. Norm consideration stands out,
as it is the only framework that scores good for that criterion. Therefore, NoA could be
a good choice when your agents and model have large interactions with norms. It is
important to note that NoA scores limited on accessibility. That means it will be more
complicated to implement the framework. PECS scores the best on the agent capabili-
ties. It offers the widest options of the three frameworks for complex agents. Further-
more, just as NOA, it scores limited on accessibility. Therefore, the PECS frameworks
should be considered when a complex agent is required, but similar to NoA, it will be
relatively complicated to implement the framework.

5 Discussion

5.1 Table Evaluation

The basic BDI architecture was evaluated in Table 3 using the comparison criteria.
Many aspects of human behaviour were seen to be unspecified in this architecture. This
is compensated by the ease with which BDI can be extended to include additional fea-
tures resulting in the development of a family of BDI-based architectures. On the other
hand, BDI scored well for usability criteria as the architecture is based on folk psychol-
ogy and expressed at a high-level of abstraction similar to the manner in which people
explain their own actions making it easily comprehensible to researchers(Norling,
2009). Furthermore, BDI due to being a popular framework in the agent-based compu-
ting and artificial intelligence fields is supported by an extensive body of research and
implementations. However, it is noted that though support for BDI is good in general,
in ABSS, support for BDI is limited to a few platforms, therefore its accessibility was
scored contested. As a result it is highly accessible for ABSS researchers who wish to
learn about BDI but BDI implementation in ABSS tools may be limited.

NoA is great for modelling human behaviour that can be encapsulated though norms
and interactions that can be guided by goals. As per the literature reviewed for this
study, there are no experiments which describe the ability of the architecture to model
or simulate emotions, but this has been stated as a theoretical possibility. As of the
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current research status, it fails to capture the complexity of human emotions- which are
a critical part of human decision making. It is also not equipped to deal with unexpected
situations which cause changes in the prescribed norms and goals of individual agents.
It is unclear whether the goals of the individual agents can actually change contextually
without prior-definition. However, it must be highlighted that this is an easy critique,
and a critique that is true for most frameworks for modelling human behaviour, there-
fore it is important to reiterate at this point that the idea and purpose of these frame-
works is not to replicate human behaviour, because that is an insurmountable task. In-
stead the goal is to identify the strengths and weaknesses of various frameworks, in an
effort to aid modellers and scholars in deciding the most appropriate framework to use
depending on the task at hand.

The evaluation of PECS in Table 3 showed a lot of strengths of PECS. It scored very
well on most criteria. PECS does offer many strengths, especially when it comes to
making a complex agent. However, as shown in the table, it has limited accessibility.

This comes from the little research and applications of PECS. This makes it very
difficult to build an agent. There is little guidance and examples. Furthermore, because
there is so much customizability, a lot of theories from psychology and sociology and
very specific data are needed to make an accurate agent. Although there is significant
research into the inner workings of humans, it still remains very difficult to find the
right data (Wijermans, 2023).

5.2  Overlapping Limitations

From the research, certain challenges were observed to be common amongst the frame-
works despite their differences. PECS, NoA and BDI require sufficient data on human
behaviour to effectively use the architectures for agent design. This problem was also
echoed in Kennedy (2012) as one the main challenges in modelling human behaviour
in ABM. Another issue is the representation of affectivity which is difficult to encode
and express in these frameworks as evidenced by both BDI and NoA. Although PECS
includes the capacity for affectivity, this remains difficult due to limited accessibility
and the need for the researcher to find and implement psychological theories of emo-
tions. Limited implementation of these architectures in agent-based modelling plat-
forms is another issue particularly for NoA and PECS although they differ from BDI
which is the most popular architecture. As noted in (Wolfe et al., 2008), scalability of
these architectures for use in ABMs can be computationally expensive. As such, there
exists a trade-off between using these architectures to realise more accurate human be-
haviour modelling and the computational power available to researchers. The afore-
mentioned challenges contribute to the ongoing underutilisation of these architectures
in ABSS research to model more complex human behaviour.
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6 Conclusion

This paper has provided insight into the capabilities and limitations of three specific
computational frameworks that are used in ABSS research.

Common limitations were found to be availability of individual behavioural data, rep-
resentation of emotions in agent decision-making, lack of support for architectures in
ABSS platforms and computational cost.

The research has shown that for implementations of high-level behaviour, the BDI
framework can be a good choice. It has relatively good support from applied research
and a significant amount of literature to use. When it comes to modelling a system
where norms and agent interactions are more important, it has been shown that NoA is
a good pick. Normative architectures like NoA allow not only specification of the
agent’s micro-level behaviour but also incorporate top-down rules into the decision-
making process by considering a potential action’s compliance with norms, effect on
other agents and effect on agent achieving its own goal. Lastly, PECS has been found
to be able to offer the most customizability. It gives the modeller a lot of options and
freedom to build their agent and make it complex. However, it also requires a lot of
social and psychological theories and data, which can be a significant challenge.

It is important to note that this study was limited by the scope of the research and situ-
ated within the capabilities of the researchers. The scope was limited to the three frame-
works of BDI, NoA and PECS but there are several computational frameworks that
have been developed. Moreover, the paper’s scope excluded testing and evaluating the
few available implementations of these frameworks in software platforms. As such, this
was not included in our criteria. It is recommended that future research could investi-
gate the fidelity of architecture implementation against the conceptual models in plat-
forms that claim to support them.
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