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Abstract. This paper describes a distributed mechanism for concurrent
behavior selection in agents using extended behavior networks. Resource
nodes are introduced into the networks to coordinate conflicting behav-
iors and manage limited resources of the agent. Concurrent behavior
selection improves the agent’s reactivity and allows pursuing multiple
goals at once. Empirical data on concurrent behavior selection in the
RoboCup domain shows significantly better results compared to serial
behavior selection.

1 Extended Behavior Networks

Extended behavior networks [1] are a means to carry out reactive and goal-
directed behavior selection. They extend original behavior networks [3] through
the explicit representation of goals with dynamic, i.e. situation-dependent, util-
ity function and through the introduction of continuous state-propositions to ex-
ploit additional information in continuous domains. A shortcomming of present
behavior networks is that behavior selection results in a single behavior to be
executed at any time. Concurrent execution of behaviors that is not supported.
This paper describes the extensions neccessary to overcome this limitation.

In order to decide if behaviors interfer, resources are introduced into the
model. Two behaviors do not interfer if they do not use any resource in com-
mon or if the resources they both use are sufficiently available. Two issues can
be directly concluded from this. First, resource usage between the competence
modules that represent the agent’s behaviors must be coordinated. Therefore
resource nodes are introduced.

Definition 1. A resource node is a tupel (res, g, Oges) with

— res the resource represented by this node,
— ¢ the amount of resources bound by a currently active competence module,
— BRes the resource-specific activation threshold.

Second, a competence module needs to know which and how many resources
it will use if it is executed. The amount of resources needed may be situation-
dependent. The stamina needed, for example, by the behavior 'runToBall’ de-
pends on the distance to the ball. This information is added to a competence
module.



Definition 2. A competence module is a tupel (Pre, b, Post, Res, a) with

— Pre the preconditions of the module,

— b the behavior that is executed once the module is selected for execution,

— Post the effects of the behavior with corresponding effect probabilities,

— Res the resources used by b, with 7i;(k,res,s) the situation-dependent
amount of resources expected to be used,

— a the activation of the module.

An extended behavior network able to deal with resources is then defined by:

Definition 3. An ezxtended behavior network EBN is a tupel (G, M, U, IT), with
G the goals of the agent, M a set of competence modules, I/ a set of resource
nodes and II the parameters used to control activation spreading and behavior
selection.

For a more detailed description on goals and parameters see [1]. To be able to
coordinate concurrent behavior selection and to avoid resource conflicts, a com-
petence module is connected to the resource nodes of resources its behavior will
use. These connections are used to exchange information on available resources
and on resource usage by a behavior. The process of concurrent behavior selec-
tion that is based on this information is described in the next section.

2 Concurrent Behavior Selection

Concurrent behavior selection is done in a cycle containing the following steps:

1. Calculate the execution-value h of each module, which is a monotonically
increasing function of the activation and executability of a module (see [1]
for details).

2. For each resource res used by competence module k, starting with the pre-
viously unavailable resource

(a) Check if h supercedes the activation threshold fges, of the corresponding
resource node.

(b) Check if enough resource units are available, i.e. check if 7y < Tr(res, s).
If so, bind the resource-units, i.e. increase the number of used resource-
units of the resource node by the number of expected units the behavior
will use.

3. If all tests in 2 succeeded
(a) Execute the corresponding behavior.
(b) Reset the activation thresholds of all resources used.

4. Release all bound resource-units, i.e. reduce the number of bound resource
units of the resource node by the number of previously bound units.

5. Repeat from 1.



The activation threshold fg.s, ensures that the competence module with highest
activation value that is executable will be executed. g5, linearly decreases over
time so that eventually a module supercedes the threshold and may be executed.
If the execution of the module with highest activation value is prevented by
a missing resource, another module with less activation not using the missing
resource may be executed. Modules that have disjunct resources may be executed
concurrently.

Besides allowing concurrent behavior selection, this algorithm overcomes an-
other limitation of behavior networks. Behavior selection has previously been
done by selecting the most active executable competence module for execution.
Unfortunately, this information can not be calculated locally in a competence
module. Therefore, the process of action selection could not be calculated dis-
tributedly in each competence module and has not been parallelizable. By in-
troducing resource nodes, a competence module is now able to perform action
selection locally.

serial|parallel|p (n = 30)

Mean no of goals| 2.4 43| <0.001

Table 1. Comparison of serial und parallel behavior selection in the RoboCup domain.

3 Empirical Results

Since version 5 of the RoboCup-soccerserver, commands can be executed concur-
rently, if they do not use the same resources. A say-command, for example, can
be executed concurrently with a kick-command or a turn_neck-command. The
concurrent execution of such actions should improve the speed and reactivity of
an agent.

This has been examined in a series of 30 soccer-games. Two identical teams
played against each other. The only difference was that one team used concurrent
behavior selection, while the other team used serial action selection, i.e., only
the first action of a cycle was executed. The concurrent team’s agents were
able to execute communication, head turning and running and kicking actions
concurrently. Since the number of cycles an agent can communicate is restricted
to 4% of all cycles and because separate turning of the head relative to the
body was only executed in about 8% of all cycles, concurrent behavior selection
effectively only took place in 2% of the cycles. Despite this, the team using
concurrent behavior selection scored significantly! more goals than the team
using serial behavior selection (see table 1).

! two samples t-test with o = 0.01.



4 Future Work

Besides the improvements of concurrent behavior selection we are working on
several other improvements for RoboCup2000 in Melbourne.

We are currently working on an improved memory model for extended be-
havior networks. Besides the memorization of perceptions in a global map that
is already done by agents of magmaFreiburg99 [2], extended behavior networks
should be able to have access to previous decisions and other internal informa-
tion. Information that is difficult to perceive, e.g., being in offside, should be
accessible to the agent for some time after the agent came to the conclusion
that it was offside. We hope that a mechanism like this will produce a more
continuous behavior in specific situations. Other mechanisms to produce a more
continuous behavior, like the inertia of activation, which is already part of our
model, are not specific enough to improve the overall success of the agents.

Other (domain dependent) issues we are working on are the marking of oppo-
nent players, which was not implemented in our last team, improvement of ball
capabilities to reduce the number of ball losses and the ability to communicate
team strategies. We are also looking into agent debugging, which is becoming
increasingly important once the basics of an agent’s capabilities are working. An
interesting approach has been demonstrated by [4].
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