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Introduction
Several systems (usually robotics) are controlled by a multi-
agent system (MAS). In such systems, the group of agents is
responsible of deciding which action the system has to take.
The different methods used to select the action are known
as action selection mechanisms, and there is a wide range of
them in the literature (a review of coordination mechanisms
can be found in (Weiss 1999)).
We have focused on developing an action selection mech-

anism within the frame of a robot navigation system. One
interesting characteristic of such a system is that there exists
a clear distinction between the agents that have a global view
of the task to be performed (i.e. navigate to reach a target)
and those that have local views (such as avoiding obstacles).
The agents with global views have a wider perception

of the environment than those with local views, and they
have knowledge for solving the task. On the other hand, the
agents with local views have a very restricted perception and
are only capable of solving local situations.
This distinction is also applicable to the kind of contri-

bution the agents do to the system. The agents with global
views contribute in reaching the goal and, talking in terms
of rewards, maximise the benefit associated to the robot per-
formance, while the agents with local views contribute in
solving specific problems and minimise local costs that will
affect the final benefit for the system.
In this paper we present an action selection mechanism

based on this idea. The agents in the MAS are divided in
two groups, global agents and local agents. Combining the
different views of the agents, the action that is found to be
the most beneficial in order to reach the goal is selected. The
aim of this mechanism is not finding optimal behaviours, but
robust ones, in the sense that it does not find optimal paths
to the target, but ensures that the robot reaches it.

Action selection mechanism
As actions are performed, new states of the task to be solved
are reached. Thus, solving the task results in going through
a sequence of states, starting at an initial state and having to
reach the goal state.
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As in reinforcement learning models, we assume that ac-
complishing the task has a reward for the system. Reaching
this goal is certainly not cost free, the actions performed by
the system have an associated cost that will decrease the to-
tal final reward. Therefore, the main objective of the system
is to reach the goal by incurring the minimum cost.
The mechanism works as follows. Each agent evaluates

each possible action and computes the utility of perform-
ing that action (in a similar way as is done in (Rosenblatt
2000)). These utilities are then send to a coordinator agent
that combines the utilities from all the agents to determine
which is the most useful action. This action is then per-
formed, and a new state of the task is reached. Then the
process starts again: each agent evaluates the current state
of the task, sends its utilities and one action is selected.
The computation of these utilities depends on internal pa-

rameters of the agents. Different parameters’ values will
give different utilities’ values, and thus, the selected actions
and the overall behaviour will be different. Appropriate
tuning of this parameters will be needed to ensure that the
combination of global and local views leads to a correct be-
haviour.

Task representation
As mentioned in the previous section, the system will go
through several states. These state transitions show the evo-
lution of the task resolution and are used by the agents to
compute the utilities of the different actions.
Any state is defined as a vector of values over variables,

which can be of any type (real values, interval values, quali-
tative values,...):

� � ��� � ��� �� � ��� ���� �� � ���

the set of states is named �, and a concrete state � � � is a
sequence of values of the form

� �� 	�� ���� 	� 
 ���� 	� � ��

However, each individual agent does not perceive the whole
state representation. It only perceives a subset of the state
variables, depending on its specific task solving capability.
So the state view by agent � would be based on:

� � � ���� ��� ���� ���� �
� � �
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Utility computation
We differentiate two types of agents in our system: agents
with global views and agents with local views. Agents with
global views over the environment, or global agents, are
those whose goal is to accomplish the task (e.g. an agent
responsible of moving a robot to a target position) and are in
charge of maximising the benefit. Agents with local views,
or local agents, are those whose main goal is not to accom-
plish the task, but to satisfy certain properties when local
state changes take place (e.g. an agent responsible of avoid-
ing bumping into nearby obstacles).
Global agents can compute an expected gain on perform-

ing an action from the reward and the potential cost given its
view on how to solve the problem. On the other hand, local
agents can only have a notion of cost for reaching adjacent
states, but are blind with respect to the final reward.
A global agent � computes the utility of state �� as:

�
����� � �� ����

����� �� (1)

where  is the reward for accomplishing the task, common
to all the agents, and ��������� �� is the cost of going from
state �� to the goal state, as seen by agent �.
Knowing how to compute the utility of any state, the

global agent � is now able to compute the utility gain in
performing an action � that changes state � � into state ����:
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����� ����� (2)

We assume deterministic actions. The agents must have a
function��������� � ������������� �����, that gives the
resulting state of performing a certain action in a given state.
In formula (2), ������������� �� � ����. By combining
formulas (1) and (2) we obtain:
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that relates the gain to costs, without the need of knowing
the reward.
The local agents, on the other hand, have no knowledge

about the overall task, so they cannot compute any benefit
nor state utility. Instead, they can compute their view of the
expected cost of performing an action:

������
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where � ���� is the probability of the state � being in the
optimal solution to reach the goal, from the point of view
of agent �, and �� �

�
�� ������������� �

�� represents any
other reachable state from �� by performing some other ac-
tion ��.
Once the global agents have computed their estimated

benefits and the local agents their estimated costs, they send
this information to a coordinator agent that will determine
the winning action.

Combining gains and costs
The coordinator agent receives the information from each
agent, and it has to combine them in order to decide which is

T

Figure 1: Map. Black squares are obstacles, grey squares
represent bad terrain, white squares are free space and T is
the target point.

the best course of action. For each action, it receives utilities
from global and local agents. The action overall utility is
computed as:

����� � ���
�
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�
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Taking the maximum gain and the minimum cost is an op-
timistic view. We could have the pessimistic view by swap-
ping these operators.
The action with the maximum overall utility is the one

selected to be performed:
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Examples
We have tested our approach on a toy example. The task to
be solved is to move a robot from an initial point in a grid
to a target point (see Figure 1), without bumping into the
obstacles and with minimum cost.
The actions that can be performed are the movements of

the robot from the current position to any of the four neigh-
bouring non-diagonal cells (except obstacles and walls). The
robot can make some observations of the environment: it can
detect the characteristics of the adjacent areas (whether it is
an obstacle, difficult terrain or free space).
The state represents the position of the robot in the grid.

The current position of the robot and the position of the tar-
get are known at any time.
The MAS in control of the robot is composed by the fol-

lowing two agents:
� Target Tracker: its goal is to move the robot to the target
point. It is able to construct a map of the environment, up-
dated every time an obstacle is detected, and compute the
Manhattan distance to the target taking into account these
obstacles. It is able to perceive the position of the robot
and the target. It is a global agent, and its gain function
is:
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��	� ��� � �
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where ������� � � is the Manhattan distance from posi-
tion � to the target, computed using the information stored
in the map, and �� is the cost of moving the robot from
one area to an adjacent one (and thus, ������ �� ����� �
��, for any ��� ����).

� Terrain Assessor: its goal is to avoid obstacles and dif-
ficult terrains. It can perceive the characteristics of the
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Figure 2: Sample run. The path is shown in darkest grey.
The ellipsis shows the area of looping (left). Sample run
with new probability function (right).

neighbouring areas. It is a local agent, and its cost func-
tion is:

�������	� � � ������������ �����
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These costs depend on the perceived characteristics of the
neighbouring areas. We have set all the probabilities� ���
to �

�
since there are four possible states to be reached and

any of them could be the best one.

A sample simulation is shown in Figure 2. The starting
point is the bottom left corner.
As it can be seen, the robot has not reached the target.

The problem is that the robot enters a loop (see the encircled
region) by moving from left to right and vice versa indefi-
nitely.
To avoid this behaviour, we have changed the probability

function of the Terrain Assessor agent. Instead of giving the
same probability to every state, it will depend on how many
times the robot has visited that state. The more visits, the
less probable. This way we are favouring the exploration of
new paths. A sample run with this new function is shown in
Figure 2. As it can be seen, the robot has now reached the
target, after having done some exploration.
It should be noted that the robot did not find the optimal

path. This could only be done having complete informa-
tion about the environment, which is not the case. What we
are trying to do is having a robust behaviour, able to cope
with any situation the robot may encounter while trying to
accomplish the task.
Another example run is shown in Figures 3-4. The target

is surrounded by a difficult area. If we only had the Target
Tracker agent, it would go straight to the target (Figure 3).
If we add the Terrain Assessor with equal probabilities for
each state, the robot is constantly going around the difficult
area, but never enters it (Figure 4). If we use the probability
function depending on the visits, the robot goes once around
the difficult area, and then it realizes that there is no other
way to go to the target than going through the difficult area
(Figure 4). Although in this case the final reward would
be less than going straight to the target, it would have done
better if a clear path existed somewhere around the target.

Conclusions and future work
In this paper we have presented a new action selection mech-
anism that takes into account the different roles of the agents
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Figure 3: Target point surrounded by a difficult area (left).
Sample run with the Target Tracker agent (right).
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Figure 4: Sample run with both Target Tracker and Terrain
Assessor (left). Terrain Assessor with modified probability
function (right).

in a MAS, with the main objective of adding robustness to
the system. These roles can be either benefit-maximiser or
cost-minimiser, and can be found in many systems governed
by a MAS. As a typical system of this type, we have focused
on a robot navigation system.
Although we have achieved successful results, it has been

on a very simple example. We would like to use the mech-
anism presented in this paper on a more complex and real
scenario. In particular, we want to use it in the robot naviga-
tion system described in (Sierra et al. 2000). In this previous
work we used the idea of action selection through bidding,
but the bids were not defined in terms of utilities, gains or
costs, but specific “urgency” functions for each agent.
However, the addition of the new mechanism is not

straight-forward. The difficulty lies in the state representa-
tion. In the example shown previously, the robot had perfect
knowledge about its location and the target’s positions, and
the effects of the actions were clearly defined. In the new
robot system there is no precise knowledge about the loca-
tion of the robot, and the environment is not a grid (the nav-
igation system uses a topological map instead), which adds
more difficulty to the definition of states transition.
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