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ABSTRACT

This paper examines the decentralized recognition of groups
within a multiagent normative society. In this work we ex-
plore different mechanisms that allow agents to recognize
the others as members of a certain social group. Considering
as the basic mechanism the one that makes agents interact
with other agents without considering the previous inter-
actions and with no communication, three new algorithms
have been developed and tested to improve the efficiency of
the basic one. These algorithms are: (1) the whitelisting,
(2) the blacklisting, and (3) the labelling algorithm. More-
over, a reinterpretation of the definition of group is done
in order to make it more dynamic and flexible with respect
to the environment where agents are located. Analysis on
simulation results confirms the effectiveness of this dynamic
member evaluation function.
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1. INTRODUCTION AND STATEMENT OF

THE PROBLEM
Social norms provide multiagent societies with a decen-

tralized control mechanism. By donating agents with a set
of social norms to use in the environment where they are
located, they can self-regulate it and control undesired be-
haviors. The definition of social norm [1] tells us that are
“norms that emerge through the decentralized interaction of
agents within a collective and are not imposed or designed by
an authority”, but does not specify what happen when some-
one violates the norm. The society need mechanisms to act
in such situations, that is, coordinated reaction against out-
siders. The coordinated reaction from the group is twofold:
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(1) a coordinated punishment from the group against the
outsider who explicitly does not abide by the same social
norms; and (2) an integration mechanism to force this out-
sider to change its actual behavior to the one accepted by
the group.
Therefore, agents need to have a notion of social group, and
it will be determined by the agent’s behaviour (determined
at the same time by the social norms it uses). In this way, a
social group will be only formed by agents who share a set of
social norms. Once agents possess this notion of social group
they might be able to coordinate according to the situation
in which they meet outsiders. In this work our contribu-
tion is twofold: (1) we introduce different algorithms for the
group recognition process and contrast their efficiencies in
different situations (reducing the number of members be-
lieved to be part of the group while they are not by taking
advantage of the social information); and (2) we introduce a
dynamic member evaluation function, redefining and making
dynamic the concept of being member of a group.

2. GROUP RECOGNITION
We define a social group as a set of agents who are socially

related, being conscious that they are socially related, and
that interact with one another.
Two agents will know if they are socially related following
a similarity evaluation function. This similarity evaluation
function (SEF) will determine the degree of similarity be-
tween two agents. We will introduce two types of similarity
evaluation function: an static SEF that will measure this
similarity in a very naive way; and a dynamic SEF that im-
proves the behaviour of the static function.
Before explaining the similarity evaluation functions we need
to introduce another important concept. In our simulations,
agents are donated with a Friendship Factor (FF). This fac-
tor determines the minimum degree of similarity that two
agents need to reach (by interacting and discovering the oth-
ers’ norms) in order to be considered socially related.

2.1 Static SEF
The most intuitive SEF calculates the percentage of known

common norms that two agents share. In this case, one agent
is considered to be“socially related”with another when they
share (that is, behave the same way given certain conditions)
a certain percentage of social norms. The threshold is de-
termined by the FF. For example, a FF of 0.2 means that
an agent needs to share at least 20% of the norms (where
the 80% remaining can be unknown). As soon as a single
norm is detected to be different, the two agents are no more
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“socially related”.

2.2 Dynamic SEF
In this case, the SEF determines that two agents are

socially related if the sum of the relevances of the
norms that they share minus the relevance of those
they do not share is above the FF. This function is de-
signed to consider both the common and uncommon norms
shared with other agents in order to calculate the similar-
ity. The evaluation of the norm relevance is built during the
execution of the simulation. This evaluation is personal of
each agent, as it is built based on its own interactions with
other agents. We have designed two different functions to
evaluate the norm relevance (from now on Norm Relevance
functions):

• Frequency Based Norm Relevance: The most intuitive
idea to evaluate the relevance of each norm is consid-
ering that the most important norms are those used
more frequently. Here, the relevance of a norm N is
calculated dividing the number of times that the situ-
ation associated to norm N occurs, by the total number
of interactions of any kind that such agent has had.

• Benefit Based Norm Relevance: We identify that the
scenarios where the benefit function can be more useful
are those scenarios where agents have a goal to fulfil
(other than recognizing the group), and the fact of
following the social norms makes the agents closer to
their goal. In this case, depending on the scenario,
agents will have different goals and therefore different
ways of evaluating the benefit of a norm.

2.3 Algorithms
In the following section we will define the basic algorithm

of group recognition, and new algorithms that improve the
behavior of it. The new algorithms take advantage of the
social information that agents are gathering during interac-
tions and that can share with other agents through a com-
munication protocol.

• Basic Algorithm: The simplest mechanism of group
recognition is to allow agents to randomly interact
among them and make themselves keeping record of
how socially related they are. This algorithm makes
each agent interacting with the rest of the society with-
out any preference or intelligence in the partner selec-
tion process.

• Whitelisting Algorithm: It is based on the idea of rec-
ommending newly socially related partners to your al-
ready known socially related partners. When an agent
discovers a new socially related partner (that is, the
degree of similarity with that agent has gone above
the FF ), it will recommend to this new agent some of
its other socially related agents as possible partners to
interact with. If this agent does not know any of the
recommended agents, it will add them to their prefer-
ence list of agents to interact with in order to confirm
this similarity.

• Blacklisting Algorithm: In this case, unlike the whitelist-
ing algorithm, the idea is to inform about non socially
related parters to the rest of agents in the social group.

Once an agent is detected as a non-member of the so-
cial group, this information is transmitted to the other
members of the group so they can avoid that agent in
the future.

• Labelling Algorithm: The main idea here is that agents
are able to assign “labels” to other agents that can be
accessed by a partner when two agents interact. Each
agent carries the labels that others assign to it. The
content of these labels is: (1) the identity of the agent
with whom it interacted, (2) the situation in which
they interacted and (3) the result of the interaction.
It is straightforward to see that the power of this algo-
rithm is based on publishing and making accesible to
all agents previous interactions with different agents.

3. EXPERIMENTS AND RESULTS
The performed experiments show that the basic algorithm

for group recognition can be improved by algorithms (whitelist-
ing, blacklisting and labelling) that take into account the so-
cial information and allow agents to communicate. These
experiments also show that the defined Static SEF is too
strict. Given that, a new similarity evaluation function has
been introduced. This dynamic SEF needs of a norm rele-
vance function (local to each agent) that specifies which are
the most important norms. We have presented two different
norm relevance functions. The experiments showed that bet-
ter results are obtained for the Frequency based Relevance
Function in scenarios where agents have just to recognize the
group depending on the environmental conditions. On the
other hand, the Benefit based Relevance Function is better
when agents are given a goal to fulfill other than the group
recognition.

Last but not least, the group recognition algorithms have
been also studied through experimentation with the new dy-
namic evaluation function. The main conclusion that we can
extract is that the Blacklisting algorithm is not as useful as
it was with the static evaluation function. With the new dy-
namic evaluation function it is harder to recognize another
agent as socially unrelated and the fact of communicating
it does not improve the behaviour of the group recognition
process. The next steps in our research will lead us to re-
search about the coordination mechanisms in decentralized
societies. This coordination mechanisms will allow agents,
once groups are formed, to react against norm-violators or
newcomers.
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