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of stochastic games and extending our earlier work [1],
we propose a utility-based model which categorizes actions
(and consequently also relationships among agents) as selfinterested, altruistic, competitive, cooperative and adversarial.
The concept of interaction stance allows to define, classify,
and/or regulate agent behaviours not only with respect to
agent’s own objectives but also with respect to objectives of
other agents in the system.
The rest of the paper is organized as follows. In Section II,
we identify factors which affects how an autonomous agent
pursues its objectives. Section III exposes the major part of the
contribution – the classification model of agent’s behaviour.
Section IV shows several examples illustrating the application
of the model. Section V overviews the related work and
Section VI concludes with a summary.

Abstract—Interactions and social relationships among agents
are an important aspect of multi-agent systems. In this paper,
we explore how such relationships and their relation to agent’s
objectives influence agent’s decision-making. Building on the
framework of stochastic games, we propose a classification
scheme, based on a formally defined concept of interaction stance,
for categorizing agent’s behaviour as self-interested, altruistic,
competitive, cooperative, or adversarial with respect to other
agents in the system. We show how the scheme can be employed
in defining behavioural norms, capturing social aspects of agent’s
behaviour and/or in representing social configurations of multiagent systems.

I. I NTRODUCTION
Recently, there has been a growing interest in studying
complex systems, in which large numbers of agents pursue
their goals while engaging in mutual interactions. Examples
of such systems include real-world systems, such as diverse
information and communication networks, as well as simulations of real-world systems, such as models of societies,
economies and/or warfare. With the increasing diversity of
these systems, there is a growing need to develop models
which allow characterizing the behaviour of agents, and their
interactions, in a compact form.
Fundamentally, the behaviour of an agent is driven by its
objectives. In the absence of other constraints and influences,
the agent is expected to perform actions which – incrementally
but not necessarily monotonously – lead towards its objectives.
In some situations, however, the way the agent acts can be
affected by additional factors, be it the surrounding environment, agent’s decision making capability or its relations to
other agents. Knowing and understanding such factors may
help in reasoning about the agent and in obtaining better
prediction of its behaviour, compared to when only agent’s
overall objectives are considered.
Whereas the impact of the first two factors have been studied
in several fields related to intelligent agents, including game
theory and planning, comparatively less work seems to exist
on relating agent’s social relations, agents’ objectives and the
behaviour they ultimately execute. The aim of this paper is
therefore to investigate and formalize inter-agent relations
as an important behaviour-modifying factor in communities
of social agents. Specifically, building on the framework
978-83-60810-14-9/08/$25.00 c 2008 IEEE

II. AGENT ’ S D ECISION M AKING
As already mentioned, the behaviour of an agent is primarily driven by its overall objectives (also referred to as
desires in the BDI architecture [2]). Out of the factors which
constraints/affect how the agent actually behaves, we can
distinguish
• social relations to other agents – if an agent is cooperative
with another agent, it may consider the other agent’s
objective in choosing the action it performs. If it has
multiple alternatives how to fulfil its objectives, it can
choose the one that would help the other agent or even
follow a suboptimal course of action in order to help the
other agent reaching its goals.
• environment can limit the available actions the agent is
able to perform; additionally, the environment can make
action outcomes non-deterministic due to its stochastic
nature or interfering actions of other agents
• decision-making capability reflects the extent with which
the agent is able to pursue its objectives. Some agents
are purely reactive, others can use planning or predict
changes of environment. The agent can be trying to reach
a goal, but due to insufficient computational resources or
some architectural limits end up choosing a suboptimal or
even contra productive action. Decision making capability
is closely related to the issue of bounded rationality [3].
47
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Explicit consideration of different factors affecting agent’s
behaviour provides for a more detailed characterization of
agent’s decision making, in turn allowing to reason not only
about agent’s current behaviour but also about its behaviour
in situations where some of these factors change.
For example, knowing than an agent A has a cooperative
stance towards agent B allows to infer that, in the presence
of agent B, the agent A will, if at all possible, perform
actions that contribute towards achieving agent B’s objectives
if such actions are not necessarily optimum when agent A’s
objectives are considered alone (and which agent A would
pursue if agent B was not present). Similarly, knowing that
the environment prevents an agent from executing an action
that contributes towards its objectives allows to infer that,
should the environment state change favourably, the agent
would execute the action (even if it has not performed it so
far at all).
The rest of the paper is dedicated to formalizing the above
given notions. Primarily, we focus on the effect of social
relations, though the role of the environment is also considered
to an extent.
III. I NTERACTION - BASED C LASSIFICATION M ODEL
This section presents an interaction-based model developed
for multi-agent systems with asymmetric agent’s utility functions. The model allows classifying actions and their sequences
with respect to their effects on utilities of agents in the system.
It is based on the formalism of partially observable stochastic
games [4] generalized to infinite state, action, and observation
spaces and omitting the initial state and reward functions,
which are substituted by agent utility functions.
The choice of utility functions as a linear combination of
some predefined characteristics of the world as we define
it later, over possibly more expressive reward functions is
motivated primarily by the compactness of representation
allowed by the former. The description of agents using utilities
also seems closer to how people tend to think about agents –
it is more straightforward to specify what an agent is trying to
achieve in terms of the desired state of the world than trying
to assign a reward for each possible state.
Although the underlying model of stochastic games is general enough to describe incompleteness of agent’s knowledge
about the world, we do not consider this factor in the current
version of the model. Likewise, the explicit consideration of
agent’s possibly limited decision-making capability is currently not considered.
A. Fundamental Definitions
Definition
1. The
game
model
is
a
tuple
(I, W, {Ai }, {Oi }, P), where
• I is a finite set of agents (players) indexed by 1, . . . , n
• W is a possibly infinite set of all states of the world
• Ai is a set of actions available to agent i ∈ I and A =
Xi∈I Ai is a set of joint actions where a = ha1 , . . . , an i
denotes a joint action

•

•

Oi is a set of observations for agent i and O = Xi∈I Oi
is the set of joint observations where o = ho1 , . . . , on i
denotes a joint observation
P is a set of Markovian state transition and observation
probabilities, where
P(w′ , o | w, a)1 denotes the probability that taking a joint
action a in a state w results in a transition to state w′ and
a joint observation o.

Another part of the formal model is the space of all possible
world characteristics that could concern some agent. We refer
to this space as the utility space and we assume that it is
a subset of Rm , where m is the number of characteristics
considered. A point in the utility space is a vector of worldspecific values of these characteristics. Let us consider an
example game in which an agent considers building a highway.
Different characteristics the agent can consider in such a
scenario include the impact on the traffic situation, financial
cost or harm to the surrounding nature. Different agents have a
different view on the importance of individual characteristics.
Definition 2. The utility space U ⊆ Rm of a system is a vector
space generated by all components of the utility functions in
the system. We assume there exists a global utility function
~u : W → U that assigns a utility vector to each state of the
world.
Each agent in the world values the components of the
utility space differently. A local scout organization cares more
about trees and the local labour union values more employed
workers. The government should consider both characteristics.
The preferences of an agent over the utility space components
(i.e. the characteristics) are expressed by a vector of real
weights. The overall utility that an agent ascribes to a state
of the world is then a preference-weighted sum of the utility
components.
Definition 3. If ~u(w) ∈ U is
corresponding to a state w ∈
Rm , |u~A | = 1 is the preference
the utility of the state w for the
uA (~u(w)) =

m
X

a point in the utility space
W of a system and u~A ∈
vector of agent A ∈ I, then
agent A is

uiA ui = u~A · ~u(w)

i=1

where the dot operation represents the dot product in Rm . For
a group of agents G ⊆ I we define the preference vector as
X
u~G =
u~i
i∈G

Using this preference vector, the utility of the state of the
world w for the group is defined as
uG (~u(w)) = u~G · ~u(w)
1 Since we do not focus on agents’ observations, we will omit them in the
following text, i.e. we will use this notation: P(w ′ | w, a).
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B. Normalization
Note that we require the preference vectors to be normalized
for individual agents. The main reason for that is that we want
to be able to compare and sum utilities of different agents. If
we have two agents and both of them want to maximize only
the amount of their money, we do not consider reasonable to
say that one of them wants to maximize it more than the
other. The difference comes only with introducing another
utility component, e.g. harming innocent people. After that,
the agents can differ in how much they want to maximize their
money considering how their actions harm innocent people.
However, the preference vector for a group of agents is
not normalized anymore. It expresses not only the preference
relations between the different components, but also how big
and consistent in the preferences the group is. A big group
with agents that have random preference vectors has the group
preference vector close to zero whereas a group of agents
with identical preferences has a large preference vector in the
direction of the preferences of individual agents.
The above definition of group preference vector also ensures
the property of associativity of subgroups. If we have a set of
agents grouped into several groups and we join the groups to
create a bigger group including all the agents, the preference
vector of the resulting group only depends on the individuals
in the group and not on the subgroups they were previously
part of. This property would not hold if we normalized
group preference vector and combine the resulting normalized
vectors.
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Our main goal in this section is to classify joint actions as
cooperative, self-interested, competitive and adversarial, with
respect to different agents or groups thereof. Collectively, we
refer to these classes as interaction stance. In order to do this,
we need to separate the part of the action effect which is
relevant for the group and to think about what could the group
have done differently to change its influence to the part.
First of all, we need to get rid of the irrelevant components
of the outcome. Consider two groups of agents with preference
vectors u~G and u~H . These two vectors generate a vector
subspace of the utility space. If the directions of the preference
vectors are the same or opposite, the subspace degenerates to
a single dimension; otherwise it is a two-dimensional plane.
The model works also for one dimension, but let us assume
a more general vector orientation. For any action, the important
part for classification from the viewpoint of the groups G and
H is the projection of the action’s expected utility vector to the
subspace. If we assume for a while, that a group of agents G
is fully responsible for a joint action a considering the groups
G and H, we can draw the action classification scheme as in
Figure 1. Below we examine the different interaction stances

C. Action Utility
Although utility is usually defined for a state of the world,
we also define it for an action in a state of world. The utility
of an action is the difference between the utility of the state
after the action is performed and the utility of the state before.
However, such a definition does not take into account the
potential non-determinism of action effects. Instead we define
the expected utility of an action as the average utility of an
action if it was performed an infinite number of times in the
same state of the world.
Definition 4. If w0 ∈ W and a ∈ A are a world state and a
joint action, then we define the expected utility of the action
a in the world state w0 as
Z

eu(a,
~
w0 ) =
P(w | w0 , a)~u(w)dw − ~u(w0 )
W

Note that eu(a,
~
w0 ) ∈ U.
D. Taxonomy of Actions
There is nothing but joint actions in the real world. All
agents are concurrently choosing from amongst a huge number
of their individual actions and the world changes accordingly.
Some actions can be easily attributed to a single agent, e.g.
pressing a button, however many other actions may have
multiple actors involved to a different degree, e.g. a car
accident. The outcome of a joint action can also have multiple
independent parts relevant to different agents.

Fig. 1.

Classification of a joint action.

in more detail. An action is considered self-interested from
the group G if it increases the utility of the group.
Definition 5. We say that a joint action a ∈ A is self-interested
for a group of agents G ⊆ I in a state of the world w ∈ W
siG (a, w) ⇔ u~G · eu(a,
~
w) > 0
We say that an action is cooperative with H, if it changes
the world in a way that increases the utility of both groups.
Cooperative actions are symmetric. Actions that are cooperative from G towards H have exactly the same expected utility
vectors as actions that are cooperative from H towards G.
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Definition 6. We say that a joint action a ∈ A is cooperative
from a group of agents G ⊆ I towards a group H ⊆ I in a
state of world w ∈ W
coopG→H (a, w) ⇔ u~G · eu(a,
~
w) > 0 & u~H · eu(a,
~
w) > 0
An action is competitive, if it does not decrease the utility
of the group H more than it increases the utility of the group
G.
Definition 7. We say that a joint action a ∈ A is competitive
from a group of agents G ⊆ I towards a group H ⊆ I in a
state of the world w ∈ W
compG→H (a, w) ⇔
u~G · eu(a,
~
w) ≥ |u~H · eu(a,
~
w)| & u~H · eu(a,
~
w) < 0
An action is adversarial if it lowers the utility of the group
H more then it increases the utility of the group G or even
decreases the utilities of both the groups.
Definition 8. We say that a joint action a ∈ A is adversarial
from a group of agents G ⊆ I towards a group H ⊆ I in a
state of the world w ∈ W
advG→H (a, w) ⇔
u~G · eu(a,
~
w) < −u~H · eu(a,
~
w) & u~H · eu(a,
~
w) < 0
The last interaction stance not yet defined is the altruistic
action. We define it as an action which helps some other agent
while lowering the utility of the performing agent.
Definition 9. We say that a joint action a ∈ A is altruistic
from a group of agents G ⊆ I towards a group H ⊆ I in a
state of the world w ∈ W
altG→H (a, w) ⇔
u~G · eu(a,
~
w) < 0 & u~H · eu(a,
~
w) > 0
At this point, we can define several classic game theoretic
concepts in our framework. For example the utilities of a two
player zero-sum game can be described by two vectors for
which u~A = −u~B . Generally, we can define relationships
between agents and group of agents based on the similarity of
their weights of different utility components.
Definition 10. We say, that groups of agents G, H ⊆ P have
cooperative potential if
u~G .u~H > 0
They have adversarial potential
u~G .u~H < 0
The definitions correspond to the correlation of agent payoffs used in game theory [5]. Two groups have cooperative
potential if most of the self-interested actions of each group
are cooperative with respect to the two groups. The adversarial
potential occurs if most of self-interested actions are competitive or adversarial.

E. Intentionality of Adversarial Action
The above defined concept of the adversarial action considers the effects of an action with respect to agents’ individual
and collective utilities. Classifying an agent as an adversary
is based on the purely external analysis of agents behaviour,
without taking into account agent decision-making capabilities
and the influence of the environment on the executability and
outcomes of its actions. The model presented so far can only
represent whether the actions of a particular agent or a group
of agents are helping or harming someone else.
In the real world, however, cooperative agents are often
forced to choose the smallest evil, e.g. to choose an action that
will harm the others least from all the available actions. In such
situations, classifying the least harmful action as adversarial,
as done by the model, might not be appropriate, as it may be
the case that the agent has no other choice than to harm the
other agents. A similar problem arises with the classification
of the least beneficial action as cooperative if an agent can
only perform beneficial actions.
This problem has been in part addressed in [6], where the
concept of intentional adversarial action has been introduced.
This definition assumes intentional adversariality based on
agents’ knowledge of adversarial nature of the particular action
and agents knowledge of the existence of an alternative action
that can be performed with less harmful effect. The definition
could be loosely rewritten in the presented formalism as
follows. If Aw
G is the set of actions available to the group
of players G in the state of world w ∈ W and a0 ∈ Aw
I\G is
a combination of actions of the players that are not in G, then
an action a = (a0 , aG ) is intentionally adversarial if
advG→H (a, w) ∧ ∃a′ = (a0 , a′G ) ∈ A such that
u~H · eu(a,
~
w) + u~G · eu(a,
~
w) <
u~H · eu(a
~ ′ , w) + u~G · eu(a
~ ′ , w)
This definition is quite strict. If a player with almost all its
actions adversarial towards someone does not perform the
single least harmful action, it is considered adversarial.
An alternative approach to the definition of an intentionally
adversarial action and to effective separation of agent’s intention and the interfering effect of the environment is based
on the concept of neutral behaviour. Which action should an
agent choose so that nobody could legitimately accuse it of
acting self-interestedly or adversarially? The best solution in
our opinion is to consider neutral an agent which chooses
its action randomly with uniform distribution. With respect to
this, the neutral outcome of an action is not the zero vector,
but the average outcome of all the actions performable in a
certain state of world. This corresponds to the centre of mass
of all performable actions.
Definition 11. If Aw
G is the set of actions available to the group
of players G in the state of world w ∈ W and a0 ∈ Aw
I\G is
a combination of actions of the players that are not in G then
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the neutral utility is
1
~c = w
|AG |

X

eu((a
~
0 , aG ), w)

aG ∈Aw
G

If we want to classify an action, we first have to subtract
the neutral utility from its expected utility and classify the
difference as described above. Based on the neutral utility, an
intentionally adversarial action would be defined as follows:
Definition 12. We say that a joint action a = (a0 , aG ) ∈ A
is intentionally adversarial from a group of agents G ⊆ I
towards a group H ⊆ I in a state of the world w ∈ W
adv intG→H (a, w) ⇔
u~G · (eu(a,
~
w) − ~c) < −u~H · (eu(a,
~
w) − ~c)
∧ u~H · (eu(a,
~
w) − ~c) < 0
If the agent has no alternative to the action that is a
subject of our investigation, its expected utility would be the
same as the expected utility of the neutral action, and thus
(eu(a,
~
w) − ~c) = 0. This fact does not allow classifying
the action as intentionally adversarial. The least harmful
action from all possible actions also cannot be classified as
intentionally adversarial. The last statement is generalized in
the following proposition.
Proposition 1. If there is an action a = (a0 , aG ); aG ∈ Aw
G
intentionally adversarial from group G towards a group of
agents H then there exists a sub-action a′G ∈ Aw
G that forms
an action that is less harmful to H.
adv intG→H (a, w) ⇒ ∃a′G ∈ Aw
G
′
u~H · (eu((a
~
~
0 , a G ), w)) > u~H · (eu((a
0 , aG ), w))
Proof: Assume for contradiction that
′
~
~
∀a′G ∈ Aw
0 , aG ), w))
0 , aG ), w)) ≤ u~H · (eu((a
G u~H · (eu((a

then using the definition of the neutral utility
X
1
′
u~H · ~c = w
u~H · eu((a
~
0 , aG ), w)
|AG | ′
w
aG ∈AG

≤ u~H · eu((a
~
0 , aG ), w)

X
1
1
w
|AG | ′
w
aG ∈AG

= u~H · eu((a
~
0 , aG ), w)
The inequality holds thanks to the assumption. Now look at the
definition of intentional adversariality. The second condition
in the definition is
u~H · (eu((a
~
c) < 0
0 , aG ), w) − ~
hence
u~H · eu((a
~
c
0 , aG ), w) < u~H · ~
This contradicts the inequality above and thus concludes the
proof.
The presented classification expects the agent to have full
information about the world. This is usually not true, the
information an agent has can be partial, incorrect, or the agent
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can even overestimate its capabilities. In this case the expected
utility of an action changes to what agent believes is their
expected utility and the perceived neutral utility becomes the
average outcome of all the actions the agent believes it can
perform.
F. Traces of Actions
We can easily generalize the classification of actions to classification of runs in a multi-agent system in a straightforward
way. The expected effect of the actions in a run on the utilities
is the sum of the expected effects of the actions included
in the run. Other definitions would be possible, but this one
manifests the intentions of an agent with full information about
the world, and is therefore most suitable for the classification
of the interaction stance.
Definition 13. Run in a multi-agent system is a sequence of
world states and actions
ρ = (w1 , a1 , w2 , a2 , ..., wk+1 ); wi ∈ W, ai ∈ A
where the state of the world is transformed from wi to wi+1
via ai .
Definition 14. Let ρ = (w1 , a1 , w2 , a2 , ..., wk+1 ); wi ∈
W, ai ∈ A be a run of a multi-agent interaction, we define
the real utility of the run
~u(ρ) = ~u(wk ) − ~u(w1 )
The expected utility of the run is
eu(ρ)
~
=

k
X

eu(a
~ i , wi )

i=1

The expected utility of a run can be classified in the same
way as the expected utility of an action. By comparison of
~ and eu(ρ),
the of the utility vectors u(ρ)
~
we can analyze how
predictable or in a way intentional was the real outcome of a
sequence of actions.
G. Illustrative Example
To illustrate the use of the classification model introduced
in the previous section, we apply it to a simulation of a
flood relief operation. We consider three agents in the operation: the local government, humanitarian non-governmental
organization (NGO) and separatists. The overall goal of the
government, helped by the NGO is to stabilize the situation
whereas the separatists want to take advantage of the situation
is gain control over the affected regions.
Specifically, applying the proposed model, we identify the
following utility components in the scenario: (1) the number
of people with sufficient food and shelter, (2) the number of
villages that are under the control of the government and (3)
the state of the infrastructure damaged by the flood. One of
the basic rules of the scenario is that the government cannot
control a village, where people do not have enough food
and shelter because of the riots that arise. The objectives of
the three agents involved in the scenario are as follow. The
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government wants to maximize all three utility components.
The NGO cares only about maximizing the number of people
with food and shelter. Finally, the separatists also care about
people’s well-being, but prefer the government not to have
control. Consequently, they do not want the infrastructure
repaired, because it gives tactical advantage to the government.
If all three agents value all the utility components equally,
then the normalized preference vectors, using the order in
which the components were introduced above, are:
~uGOV = (0.58, 0.58, 0.58)
~uN GO = (1, 0, 0)
~uGN G = (0.58, −0.58, −0.58)
Some of the relevant actions in the scenario are delivering
food to a village, destroying food supplies in a village or
rebuilding infrastructure in a village. Below, we classify these
actions with respect to the government and separatist agent.
If we project the expected utilities of the actions to the plane
generated by their utility vectors, we get the situation depicted
in Figure 2. A typical cooperative action of one of the players

A. Interaction Norms
Exploring how expected and/or allowed behaviours of
agents in open multi-agent systems can be described, monitored and possibly enforced is an active research topic. Most of
the developed formalisms, however, focus on defining norms
as restrictions on actions an agent must or must not take in
particular situations, without explicit reference to utilities of
other agents.
The concept of interaction stance, as formally introduced
in this paper, allows to specify norms which involve such a
reference. It can be e.g. stipulated that every agent must be
cooperative with respect to the head agent of the community,
or that it must not be adversarial to any other member of the
community2. Instead of prescribing literally which behaviours
are allowed, such interaction-based norms allows prescribing the behaviour relative to other agents. The advantage
of interaction-based norms in their flexibility – should the
utility of the administrator agent change (e.g. due resource
congestion arising in the system), individual member agents
must adjust their behaviour accordingly (e.g. stop bandwithintensive transfers).
An important property of the proposed classification scheme
is that it is operationalizable. Whenever an agent performs an
action in the system, it is categorized and depending on the
resulting category, respective norms can be applied.
B. Agent Profiles

Fig. 2. Actions in the disaster relief scenario and their relation to the utilites
of the Goverment and Separatists agent

towards the other is delivering food to starving people. The
expected utility of the action is (1, 0, 0) and it improves the
utility of both players to the same extent. A competitive action
of the government towards the separatists is e.g. rebuilding
infrastructure, with the expected utility of (0, 0, 1). The utility
the government gains from this action is the same as the loss
of the separatists. An adversarial action of the separatists is
destroying food supplies in a village with the expected utility
of (0, −1, 0). It lowers both players’ utilities equally, because
the food cannot be delivered to the starving people. Still, the
separatists may choose to perform such an action with the
intention to harm the government and with the anticipation
of riots and subsequent government’s loss of control over the
village, which would eventually increase separatists utility.
IV. A PPLICATIONS
In addition to providing formal grounding for a terminology
used in categorising inter-agent relationships, the proposed
scheme has several other applications.

The interaction stance of an agent towards other agents
(or classes thereof) can be made part of agent’s profile. If
combined with the knowledge of agent’s base utility, a set of
such profiles can provide for a compact representation of social
relationships in agent community in way that allows reasoning
about the behaviour of different (sub-)groups of agents in the
system. Based on the profile of agents in a community and
the profile of a potential new entrant, it can be determined
whether the introduction of the new agent would benefit or
harm the community.
C. Case-based Reasoning
The compact description using agent profiles, each combining agent’s base utility and its interaction stance towards other
agents, can be further used in a case-based reasoning system.
When an agent is to operate in a community with a particular
configuration of agents, it can search the case base for a
situation in which the same or similar agents with the same
or similar interaction stances were involved. For example, a
humanitarian relief operation can proceed differently if farmers
are cooperating than if they are adversarial.
D. Agent Design
Design of autonomous agents for open MAS is another
application of the classification scheme. By taking into account the primary utilities of other agents in the system, the
behaviour of the designed agent can be adjusted to implement
2 Note

that this is not possible for all combinations of agent’s utlities.
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the desired stance towards other agents in the system. Such
an adjustment can be done off-line by a designer or on-line
by the agent itself, provided agent’s decision mechanism is
flexible enough to realize such adjustment.
V. R ELATED W ORK
The different factors affecting how agents choose actions
they perform have been widely studied in the literature.
The impact of limited decision-making capabilities has been
explored within the topic of bounded rationality (see e.g. [3]).
The role of the environment in affecting agent’s ability to
achieve its objectives has been long-studied in planning; the
concept of joint action capturing the effect of other agents’
actions on the desired outcome of the action performed by the
agent has been long-known in game theory and multi-agent
reinforcement learning.
The concept of adversariality has been studied from game
theoretical perspective with applicability in economical theories and wargaming [7]. The repeated games approach with
incomplete information and knowledge was used to model
attackers and defenders in information warfare [8]. In robotics
domains (especially robocup soccer) the adversarial actors
are preventing the other actors from effective achieving their
goals [9], [10]. An incentive-based modelling and inference of
attacker intent, objectives, and strategies has been reported in
e.g. [11]. Recently behaviour of adversarial agents in multiagent domains has been defined via motivation to cause a drop
of agents’ social welfare, even at the cost of the adversarial
agents individual utility [1]. However, so far there seems
to be no computer-science literature attempting to formally
ground the otherwise frequently used informal notions of
adversariality or altruism and relating them to agent objectives
defined as utility functions.
VI. C ONCLUSION
In complex scenarios, agents do not always choose actions
that lead optimally to the fulfilment of their objectives. The
factors causing such a behaviour can be multiple, including
agent’s limited decision-making capability or the restrictive
force of the environment. The paper focuses on the factor
which has not yet been sufficiently addressed in this context –
agent’s social relationships to other agents. Agents may choose
to perform actions not fully aligned with their objectives, if
this helps or possibly prevents other agents from reaching their
objectives.
In order to formalize such influence of social factors,
we employ a formalism based on partially observable
stochastic game to describe inter-agent interactions and
define the concept of interaction stance, which categorizes
agents’ actions as self-interested, cooperative, competitive
and adversarial. The classification is based on agents’
preferences over different characteristics computed from
the state of the system in consideration. We present two
possible views of the classification. The first considers the
effects of the actions of a group of agents towards other agents
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without taking into account actions available to the agents,
whereas the other does take the real action options in account.
The later approach allows differentiating between behaviours
producing unintended negative effects and behaviours that are
deliberatively adversarial. We show several applications of the
model for the representation of norms, compact representation
of social aspects of agent behaviour and representing social
configurations of multi-agent systems.
In the future, we plan to include partial information about
the world state, which can be represented via observations
in the formalism, and extend the classification scheme to
include agent beliefs about the world and the impact of their
actions. Another important direction is the creation of methods
for the reconstruction of agent utilities and their interaction
stance from the observations of their actions in different social
environments.
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