
Evolutionary On-line Learning of Cooperative Behavior with
Situation-Action-Pairs

Jörg Denzinger and Michael Kordt
Fachbereich Informatik, Universität Kaiserslautern, Germany

Email:
�
denzinge,kordt � @informatik.uni-kl.de

Abstract

We present a concept to use off-line learning approaches
to achieve on-line learning of cooperative behavior of
agents and instantiate this concept for evolutionary learn-
ing with agents based on prototype situation-action-pairs
and the nearest-neighbor rule. For such an agent model
also modeling of other agents can be achieved using the
agent’s own architecture with situation-action-pairs de-
rived from observations. We tested our on-line learning
agents for different variants of the pursuit game and charac-
terize the aspects of variants for which our on-line learning
agents outperform off-line learning ones. Since our concept
also allows a smooth transition from off-line learning to on-
line learning and vice versa, the resulting system is able to
win much more game variants than systems using either on-
or off-line learning exclusively.

1 Introduction

The use of learning techniques offers a solution to one of
the main problems of many multi-agent systems, namely
how to achieve good cooperation between the different
agents. In general, we can divide the known learning
approaches used in multi-agent systems into off-line and
on-line learning approaches. While off-line learning ap-
proaches are based on the idea to separate the learning phase
and the phase in which the multi-agent system really is used,
on-line learning approaches try to adapt the multi-agent sys-
tem while its agents are working on solving the given prob-
lem.

The big advantage of off-line learning approaches is that
during execution of the learned cooperation concept for the
agents no overhead for learning is necessary. In fact, the
learning components in off-line learning can be mostly sep-
arated from the execution components of the agents. The
advantage of on-line learning approaches is that they can
cope with changing and/or difficult environments. But to
do so the learning techniques have to be integrated into the

agents. In addition, usually some modeling of the other
agents of the system is necessary in order to achieve the
intended adaptation of the agent to the given problem and
its environment and consequently the cooperative behavior
of the agent.

In this paper we present an approach to on-line learning
that is based on off-line learning techniques, namely an evo-
lutionary approach using so-called prototypical situation-
action-pairs (SApairs) and the nearest-neighbor rule (NN
rule) for decision making (see [DF96]). This agent archi-
tecture will be used both for a learning agent and to model
other agents within it.

The general idea of our approach is to add to the possible
actions of an agent also the action “learn”. When this action
is invoked the agent uses the off-line learning technique for
a certain time period and then integrates the results of this
learning into its own decision making. The off-line learning
method uses a genetic algorithm to evolve sets of SApairs,
what we call strategies. The fitness of such a set of SApairs
is determined by simulating the behavior of the multi-agent
system with the agent using this strategy. In our on-line
learning approach the other agents are modeled using also
SApairs and the NN rule, and their SApairs are obtained by
observing their actions in the time before the learning takes
place. If communication between the agents is possible then
the other agents also can transfer their actual SApairs (if
they use the same agent model) to the agent in order to give
it more accurate information about their particular strategy.

Note that using the evolutionary learning approach for
on-line learning a strategy for only one agent results in
a smaller search space (than for the off-line learning ap-
proach) and therefore the possibility to learn more diffi-
cult strategies. Also, as in case of all on-line learning ap-
proaches, no complete strategies have to be learned but only
parts of strategies that are good for the next few steps. This
allows for the adaptation to the problem and to changing
environments.

In this paper we will test our approach on variants of
the pursuit game (see [Be+85]). There are many interesting
questions with regards to the parameters of such a learn-



ing agent and its environment. We will concentrate here on
comparing the pure off-line learning approach with our on-
line approach. We will see that for certain game variants the
on-line learning approach clearly outperforms the off-line
variant both in success-ratio (if random factors are part of
the game variant) and effort needed for learning (measured
both in computing time and number of strategies generated).

2 Evolutionary on-line learning with SApairs

In the following we will firstly present our agent archi-
tecture and then recapitulate the off-line learning approach
we will use. Then we will concentrate on our on-line learn-
ing approach, presenting firstly the general working cycle
including learning and then the handling of the observations
of other agents which also is some kind of learning.

In general, an agent can be seen as a triple ( ����� , ����� , 	�
�� )
of a set ����� of situations, a set �
��� of actions, and a set 	�
��
of values of internal data areas. The agent uses its percep-
tion of the actual situation and the values of the internal data
areas to decide upon the next action. Therefore an agent ���
can be seen as a function f ��� : ��������	�
������
��� . Note that
from outside the agent looks like another function, namely
a function from the set of situations into the set of actions.
This can cause problems if other agents have to reason about
an agent based solely on their observations of its actions.

Usually, for an agent in a multi-agent system we can di-
vide the sets into parts concerning the agent itself and parts
concerning the other agents. More formally, an element �
of ����� has the form � = ������� �"! � , where ����� � describes the
environment the agent acts in without the other agents and
�"! � provides the information about other agents. ����� can
be divided into the sets �
���$#&% � of the agent’s actions not
dealing with other agents and �����$'(# of its communication
and cooperation actions. The internal data areas of the agent
can belong to three different sets, namely the set 	�
��)#$% � of
values of data areas concerning information about the agent
itself, the set 	�
��&*&+,� of values of data areas concerning sure
knowledge about other agents, and the set 	-
.�)/�*&+,� for un-
sure knowledge about the other agents.

The architecture we will use for our agents is rather sim-
ple. The data areas ( 	�
��$#$% � ) of an agent hold a set of so-
called situation-action-pairs (i.e. 	�
��$#$% � = 2 0�132$4 ! ' 2 ), and
its decision function f �5� uses the nearest-neighbor rule to
determine the action to the actual situation. More precisely,
for all SApairs ( � 1 , 
 1 ) in the actual value of 	�
�� #$% � the
distance of � 1 to the actual situation � with respect to a dis-
tance measure 6 is computed (in our case 6 computes the
Euklidean distance of two number vectors). Then the ac-
tion of the pair with the smallest distance is chosen (i.e. 
 =

 7 with 6 ( ��7 , � ) is minimal). This results in rather reactive
agents.

The off-line learning approach presented in [DF96] uses

this architecture as follows. For all agents in the system
for which cooperative behavior has to be learned their set
of SApairs is evolved using a genetic algorithm (GA, see
[Ho92]). An individual of the population of the GA con-
sists of several sets of SApairs, one set for each agent. As
usual, we use crossover and mutation as genetic operators.
The mutation operator just deletes an arbitrary number of
SApairs in a strategy and then adds some randomly gen-
erated new SApairs. The crossover operator randomly se-
lects SApairs from both parent individuals and puts them
together to form the offspring individual. This selection is
done for each strategy in an individual individually, because
the agents may differ from each other in their sets ����� and
����� .

The fitness computation for the evolutionary learning of
cooperative behavior is based on a restricted simulation of
the behavior of the agents when applied to the task the
multi-agent system has to do. The simulation is restricted
because the number of steps that the agents are allowed to
do is limited. Naturally, the fitness measure has to be based
on the problem to solve and therefore can only be given for
a concrete application. We will do this in the next section.
As usual, the GA favours fitter individuals for use by the
genetic operators.

The problem of this approach is that with complex situ-
ation descriptions and larger numbers of agents an individ-
ual becomes rather large so that the resulting search space
for the GA becomes immense. Nevertheless the approach
showed in an application that it can be quite successful for
tasks of various difficulty.

Our approach for on-line learning of cooperative behav-
ior makes use of the off-line learning approach by adding
an action “learn” to the set of possible actions ����� . When
“learn” is executed, the agent individually performs off-line
learning (of its own strategy only) as described above but
with a rather limited number of generations or a limited
number of applications of genetic operators (depending on
the concrete GA used). Usually, the number of steps in the
simulations that are the basis for measuring the fitness of in-
dividuals is much smaller than in the pure off-line learning
approach.

In order to be able to apply the off-line learning method
the agent needs models of the other agents so that the co-
operative behavior of itself (and the other agents) can be
measured by the fitness obtained by the simulation. Natu-
rally, this learning process takes time and therefore the other
agents of the system will have done some steps towards do-
ing the given task when the agent has finished executing the
action “learn”. Then the learned strategy and the strategy
used by the agent so far have to be combined.

As already stated, a crucial part for the success of our
on-line learning method are the models for the other agents
in the system that an agent uses in the simulations. There
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are various possibilities how this modeling can be achieved.
The easiest way is to get the models directly from the other
agents. This means that the models would be stored in the
data areas with sure knowledge about the other agents and
the simulations will be as accurate as they can be. The
other possibilities are based on the agent observing the other
agents for which it needs models. Building models out of
observations is a learning task, again.

Observations already provide an agent with SApairs, so
that using these pairs and the NN rule as agent model is a
good idea, again. Note however that such models represent
unsure knowledge about the other agents. As already stated,
an agent also uses the values of its internal data areas for
its decision making, and these values cannot be observed.
Hence, we cannot be sure that later the agent will perform
in the same situation the same action. Also, other agents
might change their behavior. As a result, several different
SApairs with the same situation might exist in the model
for another agent and the number of pairs can become large.
Therefore procedures for compacting the set and resolving
conflicting information might be needed.

The scenario of our on-line learning approach can also
be seen as some kind of planning during the learning phase
of an agent. This learning results in a strategy, which
can also be called a plan, of how to proceed in the next
steps. So again, the close connection of learning and plan-
ning in multi-agent systems becomes obvious. Learning ap-
proaches for agents are often analyzed with respect to the
two terms exploration and exploitation. Obviously solving
the given task (without the execution of the action “learn”)
is pure exploitation of learned knowledge. The idea of the
learning action is exploration of the possibilities. And, as it
is well known, genetic algorithms are rather good at this.

3 Pursuit games and the OLEMAS system

The pursuit game was originally presented in [Be+85].
In this original pursuit game four so-called hunter agents
had to immobilize a prey agent on an infinite grid start-
ing from random positions. All the agents could only per-
form four moves (forward, backward, left, right) and had
the same speed, one square of the grid per time unit (and
move).

Many variants of this pursuit game have been used in
literature. In [DF96] the variants have been classified ac-
cording to several features, namely

� the agents themselves,
� the start position, and
� the goal of the hunt.

Especially for the agents themselves there are several sub-
features than can be varied, as for example their form, their

moves, their speed, and, in case of the prey agents, their
strategies. From a multi-agent perspective the goal is to find
cooperative strategies for the hunter agents to reach the goal
of the hunt. Naturally, there is not one single strategy for all
the variants of the game that achieves this multi-agent goal.
In fact, there are variants for which there is no solution to
this problem (i.e. the prey will always escape). But even for
the solvable variants the strategies for the hunter agents that
represent solutions differ very much from variant to variant.

While the original pursuit game and many slight vari-
ations of this original definitely have to be classified as
“toy examples”, varying features like form and speed of the
agents and adding various obstacles to the world not only re-
sults in more difficulties to find good cooperative strategies
for the agents. Such game variants also describe on a high
level problems that teams of robots have to face (as com-
ing near places they have work to do at, finding good rela-
tive positions around a working place, and so on). There-
fore pursuit games are a very good testbed for learning ap-
proaches for multi-agent systems.

Our OLEMAS system (On-Line Evolution of Multi-
Agent Systems) is intended to use this testbed. It contains a
component to simulate many variants of the pursuit game
and it also has, in addition to components for (learning)
agents and for evolutionary learning, a component to vi-
sualize game runs. OLEMAS is implemented in C++ and
has a clearly defined interface so that different agents (using
different models) can be used both as hunter or prey (and
even as innocent bystander that just hinders or helps both
hunters and preys). Whenever an agent can move it gets
from OLEMAS the actual situation of the game and has to
send its next move back to OLEMAS. If the move conflicts
with moves of other agents, only one of the agents in con-
flict is allowed to move while the others have to stay put.
After the time units it takes to execute a move (meaning
the number of basic time steps that the move is supposed
to take) the agent will be asked for its next move again.
OLEMAS guards the rules of the particular variants of the
pursuit game and detects situations in which the goal of the
hunt is achieved. OLEMAS also protocols all moves (and
their outcome), and this protocol is accessible by the agents,
serving as a basis for observations.

Figure 1 depicts the architecture of OLEMAS and the
data flow between the components. The agents component
provides classes for different agent models that can be in-
stantiated by setting various parameters (for example, form,
color and possible moves of an agent). Although our main
interest is in agents using SApairs, in OLEMAS there are
also various agents with hardwired strategies to be used as
either hunter, prey or obstacle.

The evolutionary learning component of OLEMAS can
be used to learn strategies for one, several or all agents, thus
enabling both on- and off-line learning. There are the usual
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parameters of genetic algorithms (maximal number of in-
dividuals in the population, number of generations, basic
probabilities used in the genetic operators) that can be set
from outside. The learning component also needs a descrip-
tion of the pursuit game variant for which it has to learn,
both in order to pass it to the simulation component (to-
gether with strategies for the learning agents) and in order
to define the possible situation vectors and actions. The sit-
uation vector of an agent contains each other agent’s coor-
dinates relative to the position of the agent, its orientation
(this is important if agents fill more than a square), and its
type. The sequence of the other agents in this vector is fixed.
Therefore, for measuring the distance between two situa-
tions the types of the agents are not important. If a situation� contains the coordinates � 1 7 and � 1 7 of agent � , 1 � ��� n,
and its orientation � 1 7 (one of 0 = north, 1 = east, 2 = south,
3 = west), then the distance 6 to situation � is computed as

6�� �
	 ����
 ��
1���� ����� 1 7�� � 1�� ��������� 1 7�� � 1�� �����
����� 1 7 � � 1 � � � mod 8 ���"!

The contribution of the orientation of the agent has to be
taken mod 8 in order to treat different orientations clock-
wise and anticlockwise the same. Without this modification
the difference � 1 7#� � 1�� between � 1 7 = north and � 1�� = east
would not be the same as the difference between north and
west, which is not our intention. Since we use the square

of the distance, the results must be modified by mod 8. Fi-
nally, there is also a limit on the number of SApairs in the
strategy of an agent.

The fitness function used by the learning component as-
signs to an individual winning the game variant the number
of time units needed for the win as fitness. As in [DF96],
the fitness of an individual not winning the game variant
within the allowed number of time units $&% +"' is gener-
ated by summing up the sums of the distances of the hunter
agents to the prey for each time unit. More precisely, this
elementary fitness efit of an individual ( for one simulation
run is defined as

efit �)(���
+* �&* 	 success in �$* steps,.-0/21�3
2��&� , �

1 �&�54 � � 	 ��� 	 in case of failure,

where 4 � � 	 ��� is the Manhattan distance that separates
hunter � from the prey at time step � (or the sum of the dis-
tances to all prey agents if there are more than one) and
� * �6$ % +7' .

If we have to deal with either random effects or unsure
data then one simulation run per individual is not sufficient.
Thus, the overall fitness fit of an individual ( is defined as

fit ��(���
98:<;>=�
1 �&� efit 1 ��(�� 	

where
:

is the number of simulation runs, again a parameter
of OLEMAS. All in all, the evolutionary learning compo-
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nent is just an extension of the one used in [DF96] to han-
dle more types of agents and a broader variety of variants
of the pursuit game. To do so, it was necessary to switch to
an “egocentric” agent view, i.e. all coordinates in a situation
vector are with respect to the agent for which the vector is
intended.

When using on-line learning agents in OLEMAS, at least
two instances of OLEMAS are needed: the instance that
handles the game in which the on-line learning agents have
to act (the “real world”) and for each of these agents its own
instance that is used when the action “learn” is executed.
The additional data flow in OLEMAS for on-line learning is
depicted in Figure 1 by the dashed lines. The description of
the game variant that is given to the simulation component
contains, besides the usual data, for each on-line learning
agent an initial strategy (in form of a set of SApairs).

In Section 2 we already sketched alternatives with re-
spect to some aspects of on-line learning agents. In OLE-
MAS we tried to cover many alternatives with respect to
various design decisions. Therefore, in addition to the
game variant and the parameters of the evolutionary learn-
ing component, OLEMAS offers many variants of on-line
learning that are determined by several additional param-
eters and their value sets. In the following, we will only
describe the alternative(s) we used in our experiments.

The action “learn” is performed by an agent within at
least learn � 1 � and at most learn � +7' time units after its last
execution. Within this interval it is chosen when the vari-
able

��� 
 �
is zero or less. After its initialization with a pos-

itive number, after each move
��� 
 �

is incremented by 1, if
the distance agent-prey decreased, and decremented by 2,
if the distance increased. This achieves a success-oriented
handling of the execution of “learn”.

In order to perform “learn” a new instance of OLEMAS
is generated. The game variant for it is mainly the same
as that of the “real world”, except for the f ! � -functions of
the other agents and the start situation. The start situation
is the predicted situation after “learn” has been performed.
It is computed by running the new instance of OLEMAS,
starting with the actual situation, for the number of time
units that the action “learn” is allowed to take (naturally
without any actions by the learning agent). The prediction
of the start situation as well as the whole simulation runs
naturally depend on the actions that the other agents will
do. We used two alternatives to get the f ! � -functions of
other agents. The first alternative is to use the f ! � -functions
of the original OLEMAS instance, which can be seen as the
agents communicating their behavior to the learning agent.
The other alternative is to use the models of the other agents
the learning agent has.

In OLEMAS, learning agents model other agents by pro-
totypical SApairs and the NN rule (as can be seen for agent
n in Figure 1). The SApairs are generated out of the obser-

vations the agent can make. In principle, the observations
are taken from the protocol component, but there is the ad-
ditional possibility to filter the protocol. Such a filtering can
be used to simulate limited observation capabilities (hiding
agents, for example, or imprecise observations) and is in-
tended for future use. In addition to filtering, also a com-
pactification of the observed data could be performed. In
our experiments we took all the observed SApairs and, in
case of several SApairs matching a situation, the action of
the first pair in the list of SApairs was chosen (which re-
flects the most recent observation).

The execution of the action “learn” results in the evolu-
tionary learning component of the new OLEMAS instance
generating a fixed number of generations starting from an
initial population that was randomly generated in our ex-
periments. The result of learning is the strategy out of all
generated individuals with the best fitness, as usual. In our
experiments, we deleted the former strategy of the agent and
replaced it by the newly learned one.

With the generation of this new strategy the execution of
“learn” ends, the 	�
��$#$% � -area of the agent is updated and
the new OLEMAS instance is discarded. Then the agent
has to act in the “real world” using this new strategy until
“learn” has to be performed again.

4 Experimental results

We have performed various experiments with different
variants of the pursuit game and both the off-line learn-
ing approach and our new on-line learning one. Due to the
enormous number of different game variants and the large
number of parameters and their values in OLEMAS, many
more experiments can be done, but our experiments so far
already allow us to give an impression of the strengths and
weaknesses of our new approach. In the following, we will
present a few selected experiments that highlight what on-
line learning can do better than off-line learning.

For all comparisons and experiments both approaches
used the described fitness measure. In all game variants
horizontal, vertical, and diagonal translations, rotations (if
sensible) and staying put were allowed moves, each of them
taking one time unit. In the evolutionary learning process
the best 20 individuals of a generation were always also part
of the next one. The first strategy to win the game (or 9 out
of 10 runs, if random factors were included) was selected
as new strategy of a learning agent. If no such strategy was
evolved then the one with the best fitness was selected. If
not stated otherwise, “learn” took 3 time units.

In general, our experiments showed that there are game
variants that can only be solved using on-line learning and
also variants that can only be solved using off-line learning
(or on-line learning with settings of the learning component
equivalent to the ones used for off-line learning, plus execu-
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Figure 2. Tested variants (grid size 30 � 30 in
all cases)

tion of “learn” within the first few moves). The reasons for
the later are well-known in the area of real-time search (see
[Ko90]). As in case of on-line learning, in real-time search
the number of transitions is limited and after the limit is
reached, an action has to be performed. Due to the limit
it is possible that an action is chosen whose consequences
cannot be negated by other actions afterwards. This might
result in not being able to find a solution to the given prob-
lem although one exists.

On the other side, if a task to be done can be divided into
a sequence of subtasks that are based on each other then the
evolutionary off-line learning approach has to evolve proto-
typical SApairs for each of the subtasks together and with-
out knowing about the existence of the subtasks. The on-
line learning approach just can tackle each of the subtasks
when they become obvious. In Figure 2 a) and b) we have
depicted two variants of the pursuit game that obviously
consist of subtasks, namely navigating through the obsta-
cles and then catching the prey (i.e. moving on a square still
occupied by it), while the strategy of the prey is to stay away
from the hunter as far as possible.

Our on-line learning agent wins variant a) after 165 time
units of the game (while needing appr. 4 minutes real time
on an UltraSparc IIi). The length of the simulation runs was
13 units. An individual consisted of at most 20 SApairs and
we allowed a population size of 100 and 20 generations for

var. percentage solved time off-line mean time
off-line on-line learning on-line runs

1 40 64 62 min 58 sec
2 42 75 2633 min 358 sec
3 39 57 480 min 15 min

Table 1. Results of 100 games for each variant

the genetic algorithm. The whole game was limited to 300
time units. The off-line learning approach was not able to
solve the game with these parameters (but setting the al-
lowed time units in a simulation run to 300). By choosing
some rather extreme parameters, for example 100 SApairs
per individual and a population size of 5000, the off-line
learning approach could solve the game variant using two
days on the same machine. But even such extreme parame-
ter settings do not allow the off-line learning hunter to solve
the variant b) (that consists of more subtasks), while the on-
line learning agent wins it after 249 time units (8 minutes
run-time) using the same parameter settings as for variant
a).

Another strength of on-line learning agents, we ob-
served, is dealing with game variants including random fac-
tors. Although [DF96] demonstrated the ability of the off-
line learning approach to cope with such variants, for more
complex agents on-line learning achieves a greater percent-
age of wins. Table 1 compares the performance of both
approaches for three game variants.

Variant 1 consists of the hunter H1 depicted in Figure 2
d) using a fixed strategy that tries to come as near as possible
to the standard prey that occupies a single square and that
itself tries to maximize the distance to the nearest hunter.
Together with H1 we use an on-line learning agent occupy-
ing a single square. Randomness is introduced by randomly
generating the start positions of all agents. Therefore we
do not have a picture of the start positions in Figure 2. The
goal of the game now and for the following variants is to
immobilize the prey. For variants 1 and 2 the simulation
runs were limited to 23 time units. The GA was allowed 15
generations of 300 individuals.

In variant 2 we made the task for the learning hunter
more difficult by giving it the shape of H2 in Figure 2 d).
In variant 3 we have the start situation as depicted in Fig-
ure 2 c). The hunter in the above left corner uses the strategy
of H1 of the previous two variants, while the other hunter
has to learn its strategy. Now the prey makes random moves
which leads to a harder to solve game variant. Due to the
unpredictability of the prey’s moves, for performing “learn”
we counted only 2 time units, but to make up for this we
limited the simulation runs to only 13 time units. Also we
allowed only 12 generations of 100 individuals.

For all three variants, the on-line learning agent clearly
outperforms an agent using an off-line learned strategy (see
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Table 1). If we are interested in one single run only, then
the chance is higher that an on-line learning agent helps the
other hunter to achieve success. In addition, the time needed
for learning is much less than for off-line learning (the time
needed for the “real-world” game for the off-line learned
agent is neglectable). While by using an off-line learned
strategy the agent has to hope that both certain critical situ-
ations occur and the subsequent actions of the other agents
follow what occurred during learning, using on-line learn-
ing allows for starting from the actual situation and looking
at shorter action sequences. This results in the observed
better performance.

Although the learning agent in the variants of Table 1 has
to learn a strategy that cooperates with the rather limited
strategy of the other hunter, learning cooperative behavior
often is thought of as involving all the agents, in our case
all the hunters. Therefore we repeated the experiments of
variant 2 of Table 1 but now let both hunters use on-line
learning. This resulted in an improvement to winning 80
per cent of the games with a mean time for a game of 6
minutes. We also tried the off-line learning approach for
this game variant, i.e. learning strategies for both hunters,
but the system was not able to evolve an acceptable solution
within 3 days of run-time.

So far, in all experiments the on-line learning agents used
sure knowledge about the strategies of the other agents in
the simulation runs while performing the action “learn”.
Naturally, if the prey makes random moves (as was the case
for variant 3 of Table 1) this knowledge does not help much,
since the moves in the simulation runs are likely to be differ-
ent from the ones that the prey will do in the “real world”.
For such agents also modeling them using observations will
not help a hunter agent much.

In our next series of experiments we used variant 2 from
Table 1 with two learning hunters (as described above) and
let them model the prey agent using all SApairs from their
observations and the NN rule. So, the learning with respect
to the behavior of the prey was learning by heart. As can be
expected, the very unsure knowledge, to which this learn-
ing and modeling led, resulted in a worse percentage of won
game runs, namely only 41 per cent. The mean time needed
for a game run was 20 minutes, a result of the rather large
SApair sets (for the prey) out of which the nearest situation
had to be found. It should be noted that the resulting per-
centage of wins is nearly as good as the percentage of the
off-line learning agent for variant 2 and better than the re-
sult of off-line learning for both hunters (which both did not
model the prey but used its real strategy during the simula-
tion runs). Note also that we did not allow the hunters more
time units for winning the game than in these other variants.

Since the success of learning should improve with addi-
tional experience, our final series of experiments repeated
the last experiment but now doubling the allowed number

of time units. Then the agents were able to win 72 per cent
of the game runs in a mean time of 38 minutes.

While these results indicate that using SApairs and the
NN rule for modeling other agents when performing on-line
learning can achieve some success, there is much room for
improvements. Future work must be directed towards find-
ing good filters (as indicated in Figure 1) and using some
analysis of the observed behavior (resulting in better learned
models).

Our results show that on-line learning allows OLEMAS
to deal much better with more complex (game) tasks and
games involving random factors. The price to pay are longer
game run-times, because now learning is not separated from
the runs anymore (a run using off-line learned strategies
takes less then a second). But the differences in learn-
ing time between on- and off-line learning is very large so
that even for several runs the combined times of the on-line
learning runs are smaller than the off-line learning time.

5 Related work

The most often used concept for on-line learning is re-
inforcement learning (see [Wa89]). Its general idea is to
associate with each action for each situation a weight de-
scribing its usefulness. Rewards of chains of actions are
propagated back through the chains to adjust these weights.
In order to achieve an exploration of the possibilities, not
always the action with the best weight is chosen. Concepts
like the bucket-brigade (see [We95]) try to catch the idea of
reinforcement learning on the multi-agent level.

Our approach using SApairs does not use weighting of
actions for situations and adjusting weights with experience
over time. Instead, we have a clearly defined exploration
phase and as a result exactly one action for a situation.
Changing this action is the task of later executions of ac-
tion “learn”. A big advantage of our approach is that we do
not need to store the weights for each action and each sit-
uation, a matrix that is usually very large. We even do not
have to store one action for each situation, since we learn a
set of prototypical situations.

In the domain of pursuit games, most of the published
learning approaches are off-line ones (see [DF96] for an
overview). Also, these approaches have only been tested
for slight modifications of the original game (no obstacles,
no other forms of agents than a single dot). The approaches
mainly differ in the agent architectures used. In general,
evolutionary methods to implement off-line learning are
rather often used. In [MC93] a GA evolved good parameter
settings of a given agent control program, while in [Ha+95]
genetic programming was used to find good control pro-
grams.

An on-line learning approach based on reinforcement
learning for the pursuit game was first presented in [Ta93].
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In [OF96] a modular reinforcement approach was evaluated
for a slight modification of the game. An agent used several
learning modules, each of them focusing on only a part of a
situation vector, namely the part for one other agent and the
prey. So, also some modeling of the behavior of the other
agents was achieved, but the model was not explicit and not
separated from the on-line learning of the agents.

Modeling other agents has been of quite some interest in
the last years. Section 2 of [Ga+98] gives a good overview
of the known approaches to model other agents, ranging
from using BDI formulae as models to game- and decision-
theoretic approaches centered around payoff matrixes and
functions and needing rationality of the agents as premise.
[Ga+98] itself is also concerned with learning models for
other agents from observations. Instead of constructing a
strategy, as in our case, an agent is modeled as a probabil-
ity vector for a fixed set of given strategies. The entries in
the vector describe the probability that the other agent fol-
lows the particular strategy, and incrementally updating the
vector is done using the observations.

6 Conclusion and future work

We presented a concept for on-line learning of coopera-
tive behavior of agents that is based on using off-line learn-
ing techniques while performing a special action “learn”.
We instantiated this concept for evolutionary learning of
prototypical situation-action-pairs and demonstrated in ex-
periments that the on-line learning approach allows to solve
variants of the pursuit game that the pure off-line learn-
ing approach is not able to deal with. For other variants,
a higher success rate and much less time spent for learning
was achieved.

But there are also game variants for which off-line learn-
ing achieves better results. Since our on-line learning con-
cept is based on off-line learning, by incrementing the look-
ahead, represented by the allowed length of the simulation
runs during learning, it is possible to achieve a smooth tran-
sition towards off-line learning. Therefore a system based
on our concept can use the strengths of both on- and off-line
learning.

So far, we have conducted a small part of the experi-
ments that are possible and interesting with regards to the
various parameters and alternatives for on-line learning im-
plemented in OLEMAS. The length of simulation runs, the
maximal number of SApairs in a strategy, and the interval
between executions of “learn” obviously have quite some
impact on the performance of the learning agents. Also the
influence of the time units spent in the “real world” game is
of interest. With regards to having several on-line learning
agents and agents modeling other agents using observations
our first experiments have been very promising, but more
series of experiments should be made to evaluate the poten-

tial of these abilities of OLEMAS.
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