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Abstract. Case Based Reasoning is a feasible approach for recognizing
and predicting behavior of agents within the RoboCup domain. Using the
method described here, on average 98.4 percent of all situations within
a game of virtual robotic soccer have been successfully classified as part
of a behavior pattern. Based on the assumption that similar triggering
situations lead to similar behavior patterns, a prediction accuracy of up
to 0.54 was possible, compared to 0.17 corresponding to random guess-
ing. Significant differences are visible between different teams, which is
dependent on the strategic approaches of these teams.

1 Introduction

Our work is concerned with the analysis of the behavior of agents in a highly
dynamic and heterogeneous domain— virtual robotic soccer (RoboCup [4]). Here,
two teams of 11 agents each connect to a server that simulates their environment
and their ‘bodies’ in discrete time-steps of 100 ms [11]. The agents have a limited
field of view and partially incomplete information about their surroundings.
Agents within a team may communicate, but this is limited.

This paper addresses a way of automatically classifying and an attempt at
predicting the behavior of a team of agents, based on external observation only.
A set of conditions is used to distinguish behaviors and to partition the resulting
behavior space. From observed behavior, team specific behavior models are then
generated using Case Based Reasoning (CBR) [5,6]. These models, which are
derived from a number of virtual soccer games, are used to predict the behavior
of a team during a new game.

This work is based on a diploma thesis by Uwe Miiller [9] and a doctoral
thesis by one of the authors [15].

2 Approach

There have been previous attempts at recognizing behavior within RoboCup, es-
pecially for automatically commenting on soccer games (see, for instance, André
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et al. [1], Voelz et al. [14], Matsubara et al. [7], Frank et al. [2] and Raines et
al. [12]). Wiinstel et al. (see, for instance, [18]) use self organizing feature maps to
highlight typical behavior elements of teams of agents on a global scale. In Miene
and Visser [8] a universal approach for specifying and recognizing behavior is
introduced based on spatial and temporal relations.

Relatively little has been published in the RoboCup domain concerning the
prediction of individual moves of soccer agents, however, Riley and Veloso [13]
use behavior models to predict movements of opponents in standard soccer sit-
uations by maintaining probability distributions of the positions of individual
agents.

In [17], one of the authors has used a CBR based behavior model to imitate
the successful behavior of agents (specifically, the passing behavior).

2.1 Terms

A behavior model is a structure MM = [€;B; f], where € is a nonempty set of
causes, ‘B is a nonempty set of behaviors, and f is a function f : € — *B.
Behavior models may be based on actions or situations. Actions are not directly
observable in our approach and can not always be determined because they can
not always be distinguished by their outcomes. Therefore, we base our approach
on situations and assume that similar situations correspond to similar behavior.

Behaviors may be modeled implicitly or explicitly; for instance, the agents
of our team AT Humboldt 98 [3,10] have used an implicit model based on their
own interception algorithm to estimate the intercept behavior of opponents and
teammates.

A situation S} is what the agent i knows of a world situation W;. This
situation is generated by combining several observations. An observation O; is
a part of a world situation W;, interpreted by an agent ¢, and may be erroneous
and incomplete. A world situation consists of the features that determine the
state of the agents’ environment at a given time-step ¢, such as the positions
of agents and the ball, their speed vectors, the game-state, the score and the
stamina values of the agents.

An (observed) behavior is a process that extends over several adjacent situ-
ations and may be described by events. A behavior is caused by the actions of
multiple agents and what follows from these actions. The part of the data that
is considered to lead to a behavior is what we call a trigger. As trigger we apply
an extract (relevant data from an observers point of view) of the situation at
the start time of the according behavior.

Similar behaviors are grouped into behavior patterns, and likewise, sets of
triggers that lead to the same behavior pattern are grouped into trigger patterns.

To describe behaviors, we resort to a sequence of values that we call a
behavior-essence, with behaviorsg being the set of all behavior essences. Thus,
we can describe the behavior model as 9t = [situations;behaviorsg; f], with
f :situations — behaviorsg.
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2.2 Using CBR

f is implemented by a CBR system, which consists of a case base, a similarity
measure defined between the cases, a method for updating the case base, and a
method for predicting behavior.

To collect cases, behaviors needs to be specified and recognized (section 3).
The behavior essences and its triggers are specified (sections 4.1, 4.2) and cases
which consist of a trigger and a behavior essence are generated (section 4.3).

Because triggers and behavior essences are determined by a sequence of val-
ues, combined similarity measures are used (section 4.4). Each combined measure
consists of local similarities between two individual values and a weighted sum
of these local similarities. For the behavior similarities, weights and values are
specified by the designer. For triggers, only local similarities are given by the
designer, and weights are determined automatically.

Based on the case base and the similarity measure the methods to predict
behaviors and to update the case base are introduced (section 4.5).

3 Behavior Recognition

The basic recognition process is based on behavior patterns. Behaviors are con-
structed from events, and they can be recognized by performing a pattern match-
ing of these events against the observations. The general behavior recognition
algorithm can be found in [15].

Whenever behaviors contain each other, the longest recognizable behavior is
used (for instance, within a dribbling, further instances of dribbling may occur.
Currently, we only examine behaviors involving the ball (i.e. positioning behavior
such as the building of a pass chain are not considered).

3.1 Specification of Behaviors

Behaviors are specified by defining and arranging the events they are constructed
of. We have specified behaviors for passing, dribbling, goal-kicking, clearing and
other. We will give a short overview how the pass behavior has been specified.
The exact specification can be found in [15] and [16].

For the pass behavior it is necessary that one player controls the ball exclu-
sively during a small time interval. After that the ball mustn’t be controlled by
any player for some time. Finally the ball needs to be exclusively controlled by
another player. Further conditions are used to distinguish a pass from a mere
ball transfer, like that the ball is departing from the kicker with enough speed
and other.

By adding further conditions regarding ball speed and player movement fur-
ther differentiation between direct passes, indirect passes and passes with ap-
proaching movement is possible. Diagonal passes, back passes and transversal
passes can be identified by taking the angle of the ball movement into account.

A behavior fails if an opponent gets into possession of the ball, or if the
game-state changes in such a way that an opponent will receive ball control, for
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instance, when the ball has been shot out of the field. We have added conditions
to classify both cases for the four behavior patterns pass, dribbling, goal-kick
and clearing.

3.2 Abstraction Levels for the Description of Behaviors

A behavior instance is (from the point of view of an observer) completely deter-
mined by a sequence of world states. We discern four levels of abstraction:

— General description: on this level we use names like pass, dribbling or other.

— Manifestation description: this introduces sub-categories like direct pass etc.

— Source-target description: the source of all ball transfers is given by the
kicking agent. The target may be a receiving agent, the goal, a position on
the field etc.

— Detailed description: this consists of all relevant features of the behavior,
that is, of the values of all important attributes. For passing, these are the
kicking and the receiving players, the start and end time of the pass, the ball
speed and the movement of the receiver.

Of these levels, the source-target description and the detailed description are
used for the behavior prediction, while the general and manifestation description
maybe important to describe and predict higher level strategies.

4 Prediction of Behaviors

4.1 The Trigger Patterns

The prediction of behaviors is based on the recognition of associated triggers,
which are assumed to cause the agents to start the corresponding behavior.
Unfortunately, the comparison between triggers that account for all relevant
attributes is computationally expensive, let alone the recognition of similarities.
To make the comparison of triggers feasible in real-time, only the most important
attributes are considered. The primary attributes for a pass are the position of
the initiating player pi, the vector from the initiating to the receiving player
D1p3, the angle £(p1ps; pips) to the first opponent ps to the right, the distance
|p1p3| to ps, the angle £(pipa; p1ps) to the first opponent py to the left and the
distance |pipi| to pa.

For dribbling, clearing and goal-kicking, similar attributes have been defined.
For additional tests, player number, game state, name of opponent team and
time-step are included as secondary attributes.

4.2 Behavior Essences

Just like triggers, behavior essences consist of a sequence of primary and sec-
ondary attributes. Only the primary attributes are used for the similarity cal-
culations. For passing, the primary attributes are the ball speed, the direction



Recognizing and Predicting Agent Behavior with Case Based Reasoning 733

of ball movement, the movement of the receiver, the duration and success or
failure.

The reason for failure is examined as secondary attribute.

For other behaviors, similar behavior essences have been specified.

4.3 Generation of Cases

A case assigns a behavior essence to a trigger:
case = (T'; BE) : T € triggers; BE € behaviorsg

Let us examine the generating process of a case. As mentioned in section
2.1, the agents each perceive a partial extract of a world-situation W; as an
observation O; and react with actions A; that contribute to the world-situation
Wiy1. This results in a sequence of world situations within the environment. In
every time-step, the modeling agent observes the multi-agent system and receives
a sequence of observations, which is subsequently evaluated until a complete
behavior B’g‘” is recognized. For this behavior, the situation at its starting point
is examined to determine the respective Ty. Eventually, the pair of recognized
trigger and behavior essence BE,’;H is added to the case base.

4.4 Similarity Measures

To determine the similarity between triggers of the same trigger pattern and
between behavior essences of the same behavior essence pattern two similarity
measures are required:

similarity : triggers x triggers — Ryg

similarityp : behaviorsp X behaviorsp — Ry

These are defined using a weighted sum of the local similarities that correspond
to the individual primary attributes of the triggers and behaviors. The weights
are specific to each pattern, that is, they are the same for all triggers or behaviors
of the same pattern, respectively. Thus, for each pattern a sequence of weights
is required.

The local similarities are functions that return values € R|o,1); as an example,
we give the local similarity function for the positions vy, v; of initiating players
for the pass trigger pattern:

1 if (v — vg)| < 2
simpy” (vg, v) = € 0 if [(vg —og)| > 15
1 — lloecve)|=2 1_5%%'_2 else

Similar functions exist for the other primary attributes of the pass trigger
pattern.
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While the local similarities and the weights for behavior patterns are defined
by the designer, the weights for trigger patterns are determined automatically
using the following method. The goal of this method is, given a set of models M
and a finite set of data D C X x Y, to find the model M* € M that best describes
the functional relationship between the input values X € X to the output values
Y € Y. D is separated into a set of base data and a set of test data. Each model
is then evaluated in combination with the base data for every test item. The
best model M is determined by calculating the prediction error of all models
and choosing the one with the minimal error.

The course of a game is taken as test data TD C situations X behaviorsg
and the best weights model W* is then determined using

1
W* = argmax —— Z similarityg (BEj, predict(W;, caseBase, S;))
W;Eweights, | ‘ (S;,BE;)ETD

where predict is the behavior prediction function that returns an estimate for
the behavior BE € behaviorsg, based on a sequence of weights for the trigger
W; € weights,, a case base caseBase C cases and a situation S; € situations.

2cases

predict : weights,; X X situations — behaviorsg

Thus, this method determines the sequence of weights that maximizes the
similarity between predicted and recognized behavior for a set of test data TD.
The sequence of weights depends on the basis data and test data and therefore
on the modeled team.

The complexity of this calculation depends linearly on the cardinality of the
test set TD, on the cardinality of the set of weight sequences weights; and
the complexity of predict. By assuming that identical attributes have identical
weights, we may reduce the space of weights, from R2° (because there are 20
primary attributes) to RS (there are only 5 different primary attributes). If
the weights for each attribute are limited to natural numbers < n, only (n+1)3
sequences of weights have to be tested. Still, this is too computationally expensive
for the given predict function.

Instead of varying the weights between 0 and n, a distribution of n weight
units on k primary attributes is considered, i.e. n weight points are completely
distributed to the k attributes, weights; = {(wi,...,w) : w; € NA Zle w; =
n}. Thus, the set of weight sequences has ("+,€(le)) elements, and for 10 weights
and 5 primary attributes, there are 1001 weight sequences.

4.5 Selecting Cases from the Case Base

The function f of the behavior model 9 = [situations;behaviorsg; f] is
primarily determined by the function predict:

£(S) = {predict(VV7 caseBase, S) if S is a decision situation
L else
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that is, f gives results only in decision situations - this is the case when an agent
of the modeled team controls the ball. Furthermore, decision situations have to
be at least 4 time-steps apart (this is the minimal dribble duration).

In a decision situation, first potential triggers are identified. For passing this
are up to 10 triggers, for goal-kick up to one trigger, and for dribbling and
clearing exactly 6 triggers.

For every identified trigger, the case base is searched for cases with similar
triggers. The similarity leads to an assessment of the cases. The best cases are
selected.

From these cases, the best case is chosen using preferences, which are partly
derived from the secondary attributes. Cases are preferred, if e.g.

— they reflect the same game state as the trigger
— they have the same opponent team as the trigger
— they have the same initiating agent as the trigger

The degree of preference depends on a bonus value for each criterion. The
bonus values are determined automatically and in the same manner as the trigger
weights.

The case that maximizes the sum of similarity and bonus value is chosen.
Finally, the case is adapted according to the situation at hand: by comparing
the observed trigger and the trigger stored in the case, the speed and angle of
the ball movement, as well as the behavior duration are adjusted.

The function predict returns the adapted behavior essence of the case that
maximizes the sum of similarity and bonus value.

The case base is extended by the current case (i.e. the case derived from
the trigger and the actually observed behavior) if the similarity between the
predicted behavior and the observed behavior is smaller than a fixed value o;mis
(i.e. the behavior essences differ significantly). Deletion or modification of cases
does not take place. The similarity measure is updated by recalculating the
sequence of weights for all trigger patterns.

5 Evaluation

For testing our approach, we made use of the data set derived from the Ger-
manOpen RoboCup competition of 2001, which consisted of 44 games by 12
teams.

5.1 Behavior Recognition

We have found that using our approach on the full set of 44 games, we managed
to classify between 96.4 and 99.7 percent of all ball controlling behaviors. Of
these, passing amounted on average to 43.4 percent, dribbling to 24.8 percent,
clearing to 20.2 percent and goal kick to 2 percent. Ball combat was observed in
8.2 percent of the time, one-two passes in 1.1 percent. Only in 1.4 percent of the
time, non-classifiable ball transfers were observed, with 0.1 percent of completely
unrecognized behavior.

The results of the algorithm have been verified against an independent, de-
tailed manual classification of the same data.
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5.2 Prediction of Behavior

Prediction of behaviors can be done at different abstraction levels (see section
3.4). We use here the “detailed description”-level and concentrate our experi-
ments on pass behaviors. For every pass the predicted pass instance is compared
with the actual performed pass instance. For the comparison the similarity mea-
sure for behaviors are used.

Using the described approach, a number of experiments for the prediction of
ball-handling behaviors were conducted, especially to determine the relationship
between prediction accuracy and the number of cases and the number of weight
units. In detail we will only present the experiment regarding the dependency
of the behavior model on the modeled team. For more experimental results,
especially on the prediction of passing partners, see [15].

When using different numbers of weight units, it becomes clear that the
distribution of weights on the individual attributes differs with the modeled
team, i.e. teams differ in the importance they apply to the individual attributes.

During the experiments we discovered that a small number of weight units
is sufficient to find a good team specific weight sequence. With more than 10
weight units, no further substantial improvements in prediction accuracy could
be made using our approach.

The accuracy of prediction can be improved by increasing the number of
cases. When using between 900 and 1000 cases (8 games), a plateau in prediction
accuracy was reached, and the inclusion of more cases did not result in visible
improvements any more. The maximum average prediction accuracy for the team
“Brainstormers01” amounted to 0.54 (using 928 cases), however, for a game of
the “Brainstormers01” against a different team, the accuracy was 0.46, using the
same case base.

Dependency of Behavior Model on Modeled Team. To establish that
the models obtained using cross validation are indeed team specific, we have
used the “Brainstormers01” model to predict the behavior of other teams in the
tournament. We have found that the behavior models are indeed specific for the
modeled team.

The experiment was done for all teams who reached the final round. The
case bases were generated based on the first five games per team. The weight
sequences are determined for a randomly chosen game (among the 5). The pre-
diction is evaluated for all final games of the team a) using the case base of the
modeled team, and b) using the case base of the team “Brainstormers01”.

The prediction using the team specific model is in all cases more accurate
than the one with the ‘alien’ “Brainstormers01” model. The relatively high simi-
larity between the prediction results of “Brainstormers01” to “DrWeb”, “MRB”
suggest that these teams use strategies for behavior selection that bear similarity
to that of “Brainstormers01”.

“Aras”, “FCPortugal” and “RoboLog2kl”, on the other hand, seem to use
strategies that are very different from those of “Brainstormers01”.
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Fig. 1. Prediction accuracy for eight teams using a team specific model and the model
of the “Brainstormers01” team

5.3 Conclusion and Outlook

We have found that, using our approach, ball controlling behaviors can be suc-
cessfully classified, but predicted only with an accuracy between 0.39 and 0.54.
However, this compares favorably to random guessing, which returns an accu-
racy of only 0.17. To obtain these results, a case base with about 1000 entries
and a similarity measure using 10 weight units are sufficient.

It can be shown that the prediction model is specific for each team, whereby
the use of the model of another team points to the use of similar strategies.

The limited accuracy of the results is due to two aspects: First, there are
limitations that stem from the assumptions of the approach, which is ignorant
of internal states of the agents, such as an incomplete world model, previous
communication between agents or the execution of long-term plans. On the other
hand, the description of the cases has been severely restricted to few parameters,
which was necessary to limit the complexity of the modeling process.

Our approach only attempts to determine the behavior with the maximum
probability. A more general description can be achieved by learning the proba-
bility distribution of the behaviors that are triggered by each trigger pattern.

Still, we consider the approach as being successful. We expect that some im-
provements over our current results can be made with alternative case descrip-
tions. Substantially better results will probably be obtained with the simulation
of internal states of the agents, thus performing a transition from a reactive to
a context dependent model.
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