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Abstract. Taxonomies in the area of Multi-Agent Systems (MAS) classify prob-
lems according to the underlying principles and assumptions of the agents’ abili-
ties, rationality and interactions. A MAS typically consists of many autonomous
agents that act in highly complex, open and uncertain domains. A taxonomy can
be used to make an informed choice of an efficient algorithmic solution to a class
of decision making problems, but due to the complexity of the agents’ reason-
ing and modelling abilities, building such a taxonomy is difficult. This paper
addresses this complexity by placing model representation, acquisition, use and
refinement at the centre of our classification. We classify problems according to
four agent modelling dimensions: model of self vs. model of others, learning vs.
non-learning, individual vs. group input, and competition vs. collaboration. The
main contributions are extensions of existing MAS taxonomies, a description of
key principles and assumptions of agent modelling, and a framework that enables
a choice for an adequate approach to a given MAS decision making problem.

1 Introduction

Coordination of activities in natural and engineered systems often require that agents
make individual and joint decisions. Multi-Agent Systems (MAS) consists of au-
tonomous agents that make their own decisions (and do not follow decisions made
by others) and have their own beliefs (and do not rely on beliefs maintained by other
agents) [[112]]. Choosing an adequate method for effective coordination requires a thor-
ough understanding of the underlying assumptions and principles of how agents model
their social surroundings and how these models are used in decision making.

An autonomous agent requires a model of its own behaviour and that of other agents
to make informed decisions about taking its next action. Knowledgeable agents (i.e.,
agents that have models) can predict its own actions and those of other agents. A sys-
tem with such agents is structured and predictable. This is opposed to a system with
ignorant agents associated with chaotic behaviour [1/2]. Research has demonstrated
that using agent models benefits agent coordination in a variety of scenarios [3/415].
However, despite the importance of agent models in coordination, previous taxonomies
do not place a notable emphasis on an agent’s ability to model agent behaviour for
its decision making processes. Instead, taxonomies often organise the problem space
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considering macro features of decision making problems. For example, [6/7] centre
the issue of how many agents are required to perform one or several tasks. [8] considers
how to classify different types of joint activity problems, and [9] classifies based on het-
erogeneity, distribution, and autonomy. This research offers useful insights into MAS
coordination, but it does not emphasise a central feature of agent systems: the complex-
ity involved when an agent maintains models of itself and others to make decisions. A
better understanding of the appropriateness of an approach to a problem requires a re-
organisation of the problem space based on the underlying assumptions and principles
of MAS.

This paper offers extensions to existing MAS taxonomies and advances the state of
the art in artificial intelligence, and particularly MAS, as follows.

— Organisation of the space of decision making problems. Unlike previous tax-
onomies, we propose a classification structure of decision making problems in
MAS that places the role of agent models at its centre.

— Analysis of the problem space. We identify critical assumptions that define four
agent modelling dimensions across the space of problems. The location of a deci-
sion making problem in this space requires an analysis against these assumptions.

— Prescriptive framework. Our taxonomy enables an informed choice of an ap-
proach for a given problem class as we have a clear understanding of the underlying
assumptions and principles of the role of agent models in coordination.

— Identification of research opportunities. This taxonomy is used to classify well-
known approaches, some offer provable, others heuristical solutions to problems.
Our taxonomy indicates underexplored types of decision making problems.

This research arranges decision making problems in MAS emphasising the use of mod-
els maintained by agents. This taxonomy is a first attempt to find an appropriate ap-
proach for a given problem, and offers a basis to develop a unified model.

Section 2l discusses related research. Section 3] defines the four agent modelling di-
mensions, offers a classification scheme and positions well known existing approaches.
Section [ discusses a possible unified approach. Section [5]concludes this paper.

2 Related Research

Section 2.1] discusses the use of agent models in of MAS coordination. Section 2.2]
reviews related MAS taxonomies.

2.1 Role of Agent Models

[1] argue that the coordination of MAS will be chaotic if agents are not able to predict
their own behaviour and that of others. Enabling agents to maintain models of the be-
haviour of other agents is an important requirement for the coordination of MAS [1].
Previous research has demonstrated that using agent models benefits agent coordination
in predicting the decisions made by collaborators [4], matching students with tutors
in collaborative support environments [S], and predicting the performance of soccer-
agents in RoboCup [3]. Each initiative makes distinct assumptions that influence what
to model (feature selection), how to model it (feature representation), and how to use
models (model usage). Previous research has not adequately addressed the classification
of MAS decision making based on the role of agent models.
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Fig. 1. A taxonomy on decision making problems in MAS

2.2 Multi-Agent System Taxonomies

Modelling the behaviour of agents is a crucial skill of an agent [[1], but many MAS tax-
onomies do not place the role of agent models at the centre of the classification [9l6U7U8].
[7] has been widely used for task classifications and uses four categories.

|Task execution requires one agent |Task execution requires several agents
Separate task Single Agent - Single Task (SA-ST) |Mult. Agents - Single Task (MA-ST)
Simultaneous tasks|Single Agent - Mult. Tasks (SA-MT)|Mult. Agents - Mult. Tasks (MA-MT)

This taxonomy demonstrates how a well structured classification can assist in under-
standing a complex problem space. As such, the taxonomy offers a useful starting point
to understand fundamental types of decision making problems. However, this MAS
taxonomy (as well as many others [6{7I89]]) has a significant limitation as the classifi-
cation is not based on models maintained by agents. Our taxonomy structures this space
by placing the complexity of building agent models at the taxonomy’s centre.

3 Four Agent Modelling Dimensions

The complex role of models maintained by agents is central to our MAS decision mak-
ing taxonomy. We consider the role of agent models in being able to make particular
types of decisions. This taxonomy enables positioning of a problem in the decision mak-
ing space. As with other MAS taxonomies (e.g., [6/7]), our taxonomy identifies classes
of decision making problems where provable optimal solutions exist while other classes
can only be solved using heuristics. While this taxonomy is not exhaustive, it charac-
terises the complexity of agent modelling in MAS decision making problems. Four axes
describe the space of MAS decision making problem (defining 16 classes, Figure[I). We
now discuss a rationale for each axis.

3.1 Dimension 1: Self Model versus Model of Others

Does an agent model only its own performance or also that of others? At one extreme,
an agent has information that pertains to itself, for example, it estimates its own perfor-
mance or it holds a value that represents the estimated pay-off for taking a particular
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Fig. 2. Input offered by several agents (a) for each agent’s decision making process with conse-
quences for itself, or (b) for group decision making process with consequences for entire group

action. Many approaches based on each agent’s knowledge of its own behaviour are
market-driven approaches, because each agent is assumed to know its own performance
best and accurately. In the Contract Net (CNET) protocol, a manager agent announces
a task, each contractor assesses how well it performs the task and makes a bid, and
the manager then assigns the task to the contractor which made the most adequate bid.
The CNET protocol works best when the agents have accurate self-estimations, because
the manager can rank the bids and select the highest bidder [10].

At the other extreme, an agent has information that pertains to other agents. Ap-
proaches where an agent requires information of other agents’ behaviour are referred to
as agent modelling approaches. Agent models are used to predict decisions of collab-
orators [4], match students with tutors in collaborative support environments [5]], and
predict the performance of soccer-agents in RoboCup [3].

3.2 Dimension 2: Individual Input versus Group Input

The input of a decision making process is either derived from an individual, or a group
(Figures[2(a)|and[2(D)). At one end of this spectrum, an individual agent makes a deci-
sion and uses as input for the decision making process its own knowledge (Figure 2(a)).
An example here is Multi Agent Reinforcement Learning (MARL), where multiple
agents execute tasks individually and use reinforcement learning to coordinate their ac-
tions, taking into account various configurations (e.g., if agents can observe each others’
actions) [L1i12[13]. MARL agents do not jointly select a team which then executes a
given task, instead MARL is concerned with the internal coordination of a team.

At the other end of this spectrum, we have decision making processes that require
the input of several agents (Figure 2(b)), which we refer to as group decision making.
Voting is a preference aggregation procedure applied in situation where agents have
conflicting preferences — agents “compete” as each aims to see its own preference im-
plemented [[14/15]. The aim of preference aggregation is to find a “collective decision”
of what best reflects the “will” of the group.

3.3 Dimension 3: Learning versus Non-learning

We can divide this space by considering decision making problems that are made only
once, or over multiple rounds where learning plays an important role [[16]. In the latter
case, each agent requires adequate processes to maintain models and refine them over
time. For example, an agent can update its models whenever new information of its
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own behaviour and that of agents is available. This information may be acquired from
different sources. For example, [17]’s agents update their models using observations of
other agent’s behaviour over several iterations. Agent models in [3] are refined using
information derived from explicit communication. Further discussions on related topics
of MAS learning can be found in [16]).

Many other MAS decisions do not consider multiple rounds and learning is therefore
not required. The Contract Net (CNET) protocol is an example which considers only a
single round before a decision is made [[10]. In particular, the CNET protocol and many
of its extensions describe how a contract is made after a single announcement of the
task (i.e., in a single round). In these cases, managers and contractors are not required
to be able to learn. Similarly, in many voting frameworks, a group makes a decision
with little consideration to long term consequences [[14/15].

3.4 Dimension 4: Collaboration versus Competition

An agent’s decision making style can range from being collaborative to being compet-
itive. That is, an agent makes a decision intending to improve the welfare of a group or
task (collaborative) or its own welfare (competitive).

Collaborative agents aim to maximise the welfare of the group, e.g., by finding the
best allocation of a team to a task (i.e., an agent maximises the group or task utility
before its own). These agents aim to offer a best “global solution” as opposed to com-
petitive procedures that aim to find adequate trade-off’s between several parties. For
example, [[18]’s agents are collaborative, because each agent aims to detect and resolve
problems that could jeopardise a successful completion of a mission.

A competitive agent exhibits behaviour that maximises its own utility — a behaviour
also referred to as self-rational or self-interested. Agents exhibit self-rational behaviour
in settings where resources are limited or different agents have opposing or conflicting
beliefs. For example, in auctioning, a group decision is made based on the competitive
bids of agents [[19J20]. In these settings, an agent may only have information of its own
evaluation of the auctioned item in question, but information by competing agents may
be unreliable and its accuracy can not be trusted.

4 A Unified Approach to Distributed Decision Making?

Can we find a unified approach that represents and solves the problem classes defined
in our taxonomy? Our taxonomy shows that there is a multitude of MAS approaches
for decision making, and many are located at different ends of the dimensions as we
discussed in Section 3l How can we build a computational model that unifies many, if
not all approaches to decision making problems classified in our taxonomy?

[21] offers an initial framework that captures a wide variety of decision making prob-
lems located across the dimensions discussed in Section[3] [21] studies the refinements
of allocations based on group decisions. We refer to this as Collective Iterative Allo-
cation (CIA), because decisions are made together and allocations can be refined (and
iterated over time). In CIA, agents model their own performance (as in CNET) and that
of others. It allows for single round decision problems as well as for multiple rounds
(where agents are able to learn). Different competition and collaboration approaches
can be defined by the group decision policy. The CIA framework assumes that a deci-
sion is always made by a group (that is, the voting policy requires input from several
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agents). One way to address this issue is to consider the conditions under which each
agent should make its own decisions (e.g., as is done in MARL) or follow the decisions
made by the group decision policy.

5 Conclusion

This paper discusses a taxonomy for MAS decision making problems. This paper offers
extensions to existing taxonomies on decision making in MAS and makes four contri-
butions. We propose a classification structure of decision making problems in MAS that
places the role of agent models at its centre (this classification can be represented using
a tree structure where classes are clearly separated). We identified critical assumptions
which define four agent modelling dimensions in the space of problems. A location of
a decision making problem in this space requires an analysis against these assumptions.
Our taxonomy enables an informed choice of an approach for a given problem class
as we have a clearer understanding of the underlying assumptions and principles of the
role of agent models in coordination. Finally, this taxonomy can be used to identify
research opportunities as it classifies well-known approaches. We also discussed that
the CIA framework is a first step towards a unified approach for many decision making
problems. A future research direction is to extend this framework to enable further unifi-
cation. In future works, we aim to offer a comprehensive survey of existing approaches,
as well as to continue the formalisation of the taxonomy discussed in this paper.
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