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Abstract

In order Lo successfully apply evelutionary learning to the increasing complex Multiagent Systems, we must develop new techniques to
improve the performance of the learning process. Evelutionary algorithimns, by themselves are very slow, when applied 1o a complex
nwltiagent system, convergence problem becomes more critical since appropriate coordination sirategies befween the constituent parts
should be achicved and this highly increases the complexity of the problem [1]. Here, we successfully apply a layered Genetic Algorithm to
evolve behavioral sirategies in a multiagent environment namely The Pursuit problem. Experimental results show that this method

outperforms single layer GA and an auction based traditional algorithm,
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1. Introduction

Multiagens svstems propose new chalienges toward using
evolutionary leaming. When agents evolve to perform a task
in a MAS, they should learn not only to concern with their
own goals, but alsc to be able to adapt themselves to their
environment inchzding other agents. This adaptation may be
formed in the sense of cooperation or competition with other
agents £12,15,16]. In this case, evolved behavior in
combination with other agents' strategies makes up the entire
solution. This is in contrast with evolution in single agent
environments where each individual in the population is
typicaily considered as a compiete solution to the problem.

When coevolution is used to evolve the desired behavior,
complexity of the system stafe space grows drasticaily since
several agents participate in the evolution simultaneously and
hence simple genetic algorithms usually fail fo achieve the
expected behavior. This is also the case when agents have
. noisy sensors/actuators and are supposed to perform complex
behaviors {211 From this standpoint, several techniques have
been used 1{o overcome this problem. Gomez and
Miikkufainen used incremental evolution i order to emerge
complex behaviors, They started evolution with simple goals
and gradually increased the difficulty of the expected

behavior as the agents learn to perform simpler tasks [201
Whiteson and Stone showed in a series of papers that layered
learning can greatly improve the performance when
coevolution is used in complex environments [17,18,19].
Here we successfully apply two-layered genetic algorithm to
evolve behavioral strategies of predators in the Pursuit
environment. This fayering i different from  previous
approaches in that we use a separate population within each
individual in order to perform a fine-uning search, while in
previous approaches, layering is based on the task itself
rather than the state space.

Layered learning in here consists of an inner agent and an
inter-agent carning; both layers use GA for evolution and a
link is provided 1o connect these two layers. Experimental
results show that this architecture outperforms both single
layer GAs and auction based tradiional algorithms.

The rest of this paper is organized as follows: after the
introduction, in section twoe the predator-prey pursuit
eavironment is introduced and its specifications are briefly
described. Section three discusses some issues for applying
GA to multiagent systems, We then describe the proposed
method used in the Pursuit problem in section four and
finally section five concludes the paper.
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2. The Pursuit Problem

The Predator-Prey Pursuit game was first introduced by
Benda et. al [2] and comprised 4 predators which try to
capture a prey by surrounding it in 4 directions in a grid-
world. Sc¢ far, the game has been one of the finest
environments to  study multiagent systems and their
properties. Simpiicity and extendibility of the environment
along with the potential power of agenis to show compiex
behaviors in the form of simpie actions have all caused the
game to be a suitable enviromment fo test multiagent
sirategies. By now, many different configurations have begn
suggested for the system 18,9,241, Each set of these
configurations leads to a specific level of complexity in the
game. it is eligible fo mention that changing these parameters
will significantly change the performance of the agenfs and
therefore # should be considered when comparing different
strategies.

In the first version, each agent can only move into one of the
four neighborhood cells around him. The prey moves
randomly and stands still 10% of the cycles in order to
simulate a slower movement. The world is surrounded by
wails, meaning that prey can be captured using less than 4
predators by forcing the prey to move to the corners of the
world. Ageats can sense up fo four cells away in each
direction. Predators can sec each other independent of their
positions in the world and predators decide without using
communication. Below is a list of important parameters of
the system,

+ Definition of the capture scemario. Different
situations could be imagined as the capture scenario. While
int some configurations, surrounding the prey is the only way
to capture it, in other configurations, simultaneous movement
of the prey and a predator to a same cell will cause the prey
1o be captured.

» World. Removing the walls from the environment greatly
increases the complexity of the garme since the prey can flee
by rounding the world.

« Action policy. Two possible strategies could be
considered here; serial movement lets the agents move in
tern while in parallel movement, all agents move
simultancously. By choosing  the agents to move
simultaneously we are adding the task of agent-modeling to
the agents goals and thus increasing the complexity finther.
In our configuration, our aim is to make the task of predators
as complicated as possible thus we have made the world
without borders and let the agents {o move simultaneously.
The prey, in the other hand, moves as fast as the predators
and uses a semi random strategy.

This set of parameters chosen for the system has greatly
reduced the chance of capture by chance in the system.
Along with these parameters, 2 new object is added fo the
environment namely the obstacle. Fach obstacle occupies
one cell and prevents other agents to move to that cell. This
is to let predators evolve sirategies which use chstacles to
capture the prey.

3. Genetic Algorithms and Multiagent

Systems
Applying Genetic Algorithms to a multiagent system
reguires a great care to be taken. GAs are by themselves slow

solutions; applying them to a MAS drastically increases the
complexity of the process and therefore convergence
problem becomes more challenging. In & multiagent system
using Division or Interaction mechanisms where each agent
is supposed to be different from the others in terms of
behaviors, betiefs or even goals [10], traditional GAs usually
fail to emerge these characteristics since individuals are
typically evaluated in isolation and represent the complete
solution to the problem while in a multiagent system,
complete solution comprises all of the individuals in the
current generation [4].

In order to overcome the convergence problem, several
techniques are used by different researches; one idea is to
reduce the complexity of the systern by letting each agent to
perform separately {3)]. This is done by evaluating each
individual i a separate simulation. In each run, several
copies of an agent are placed in the environment to perform
the task. The main problem with this approach is that we're
narrowing the search space down to a very small region
where agents are equal in their behavioral strategies. Another
problem is that in some cases the expected behavior is not
met because individuals can not self frick. In other words, in
systems where ageats are supposed o compete with each
other as well as to cooperate, Hke the Pursuit problem, agents
typically fail to compete with themselves and therefore they
either cause toc many conflicss with each other resulting in &
less opportunity of capture or they gradually lose their desire
o compete, furning to a more cooperative strategy (collusion
emerges instead of competition), This will cause them to fail
when they face new opponeats such as human experts [6}.

Coevolution is also used to ameliorate this problem.
Coevolution is beneficial in that it aliows several agents to
evoive at the same fime. As the agents are performing
simuitanecusly in the same environment, they get the chance
of adapting themselves to other agents and the environment
more actively and thus preparing to chalienge new situations
more easily [7). This is specially the case when developing
games that may be used later to challenge human experts,
The probiem with coevolution is the convergence problem;
in fact building a coevolutionary system that practicaily
converges is really hard when the individuals competle each
other rather than just performing like parasites. The problem
occurs when agents happen to follow each other rather than
to learn new behaviors, Le. Agents are not getting wiser but
just regulating their actions to fit other agents. Another
problem with traditioral coevolutionary systems is that
they're critically depenrdant on the nature of the environment
which the leamners are placed and the specific attributes of
the task domain [11].

Sometimes new extensions are built in order to firther ease
the task of learning. In [I2] representatives from other
species are used to evaluate cach agent in the population and
therefore different species do not learn simultancously in the
same environment. This enhances the convergence process.
Concurrent layered leaming, Incremental learning and
leaming through task decomposition are also some other
techniques, used to  overcome the same problem
[17,18,19,20].

Here we successfully apply a two-layered genetic algorithm
to the population of predators in the pursuit problem.
Predators perform simuitancously in the same eavironment
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and are evaluated according to other agents. In the next
section we describe the proposed algorithm in detail.

4. The Proposed Method

4.1 Constructing the environment

A grid world of size 20x 20 is used as the environment.
There is only one prey in the scene and its strategy is5 a semi-
random one. It first finds the empty cells that can be moved
inte and then randomly selects one of them. The complete
random methed is not used because we want 1o have all the
agents move at the same speed; if the prey moves in a
complete random manner, it may be stopped by the confliets
with other predators resulting in a siower movement. On the
other hand, a finear prey manages to escape the predators by
moving in only one direction and causing all the predators to
remain behind it. This problem is mainly due to the
borderiess attribute of the environment.

The predators use Case Base Reasoning [13] for their
decision making. Figure 1{B) shows a typical Case of a
predator. While each predator is considered as an individual
in the population of agents, it serves as an environment
which contains Cases or Rules (Figure 1(A)) within him.
Each simulation run is 200 cycle and agents are positioned
randomty in the environment at the beginning of each run.

(A

Figure 1. (a) Structure of populations in the system, (b)
A typical Case.

4.2 Inner agent evolution
The genetic aigorithm used inside agents is to equip each
individua! with learning ability during his lifetime. This GA
performs evolution to the cases of the agent and starts when
the predator is born and continues until he is dead. Below are
the properties of the algorithm:

Individuals. As suggested above, individuals in this
algorithm are the cases which the agent uses in his CBR.
Each case is in the form of situation ~» action where
situation is the vecior of sensory information gained by the
agent and Action is the corresponding movement to be taken
in the range of (N,W.5,.E).

Producing the first generation. First generation is built
when the agent is born and it is automaticaily inherited from
predator's parents, In fact, there is no need to make the start
up population since the outer layer of evolution makes it
First generations of predators which are fed into the system
at the beginning do not kave any cases. They gradually add
cases to their repository. Other strategies could also be
imagined here; preliminary cases can be constructed using
other methods such as newral networks, human experts, ete.

Executing Cuases. Selecting a case t0 be executed in each

cycle is done via a simple resemblance detection algorithm.
Each case is checked against current situation to find the
nearest one. A threshold is then used to check whether the
case should be appiied or not, if the distance between the two
situations is foo long then a new case is created with carrent
situation and a random direction as the movement, and then
#'s added to the case repository. The threshold is a Hnear
function of fitness of the selected case. The higher the fitness
is, the farther it can be from the cusrent situation. Below is
the actual function used in the system.

Tresh(c) = 0.2 fitness{¢) + 3.0 (1)

Fitness Fanction, Finess of cach case is the sum of all the
rewards it has received from the environment upon its
execution divided by the number of times # is used so far.
Every time a case is execuied, its reward is caiculated by the
environment from the point that how beneficial the
movement has been, be. a reward is the difference between
the value of the situation in current cycle and the value after
execution of the case. Value of a situation is calcuiated as
follows: .

1. Add 2.5 units if the agent itself is in the neighborhood of

the prey.
2. Add 1 unit if another predator is in the neighborhood of
the prey.
3. Add ! for i=(1,2,...,number of
AMD { prey | predator |}
predators) and MDD is the Manhaftan Distance

\footnote{Sum of x and y offsets} between two agents,

Evolution Process. Evolution is applied every 3 eycles. In
order to generate next population; tournament selection [14]
is used. Siagie point crossover is used fo consiruct the
situation part of the offspring case. The action part is chosen
from one of the parents with a 50% probabilily. Mutation
operator only changes the action part to a pew random
direction and is applicd with a variable rate starting from 5%
at the beginning and slowing down as time goes by, The
fitness of the newly generated case is set to a constant higher
than zero to increase the durabilify of the ¢ases which have
not been exscuted vet (good cases may not have yet the
opportunity to show their abilities).

Once a new offspring is born, we decide whether 1o insert the
case info the repository or to replace another case. For this,
the most similar case to this offspring in the population is
found and then replaced by it if its fitness is lower; otherwise
the offspring is simply inserted into the repository. We use a
threshold for the number of cases to avoid explosion of
population. If the number of cases reaches the threshold, a
suicide attack is vsed to eliminate poor-valued cases.

4.3 Outer layer evolution

Fhis layer of the algorithm is applied to the popuiation of
predators as individuals. The evoltion is competitive as well
as cooperative, It is cooperative since agents share the same
goai and should cooperate with each other in order to capture
the prey. Once the prey is captured, the reward is sent back to
participating agents. And if's competitive because only
predators surrounding the prey receive special rewards for
capturing the prey. Agents who rarely participate in captures
are eliminated from the population. Below are the properties
of this fayer:
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Structure of Individuals. Predators are the participants of
the evolution in this layer. Encoding is achieved by
concatenating all the cases in the CBR repository.

Fitnesy Function, Fitness function consists of tweo parts
whick are used in previous researches [3]. The first part
measures the participation level of the agent in prey capture.
Every time the prey is captured, the surrounding predators
receive a constant amount of energy P,

The next part is used to fine-tune the evaluation process.
Since predators hardly capture the prey in the beginning of
the simulation, this method is used to give more energy to
predators who manage to maintain 2 minimam distance 1o
the prey in  their lifetime. This function adds
1 , .
DGl re) w ape(sel) to the agent's energy in each cycle
where MD is the Manhattan Distance and Age is the age of
agent. Of course this amount is insignificant in comparison
with the constant P and only serves ag the fine tuning
evaluation.

Evolution Process. Each generation lasts for 3 simulation
runs, ie. 600 cycles. Afler this period, tournament sefection
is used to find some parents from the population. Then a
special kind of crossover operator is used. Parents” cases are
either selected fo be inherited by the offspring or to be
thrown away according to the function SP. Here, we intend

to reduce the number of cases by approximately %and at the

same time allow cases with higher fifness to have more
chance to be inherited.

3 x {itness{case) )
HG

Unlike the inner layer, here we pever allow the offspring to

be added to the population; in return we always replace the

weakest individual by the newly bormm predator. This is

because each agent has had enough oppertunity to perform

and lower encrgy really means weaker strategy.

SP(case) =

Linking two layers. The two layers are closely related to
each other. While the outer layer finds the solution to the
problem, the inner layer helps each individual to leamn
independently in its lifetime to further avoid collusion
problem which usually happens in coevolutions. The ‘outer
layer provides the newly born predators with a startup

population of cases and at the same time inner layer

contributes to the energy of the agent and therefore affects
his position in the population.

5. Experimental Results

Figure 2 shows the effectiveness of the algorithm in
capturing the prey during the first 1080 generation {this adds
ap to 600,000 cycle of simulation). Figure 3 shows
maximum, average and minimum energy of the predators in
each generation. Ag it is shown in the chart, energy function
is not changed a lot during the simulation: After a few
generations, predators manage to stay around the prey but
they lack useful coordination strategies to successfully
capture the prey. Soon after, they find new coordination
strategies and manage to capture the prey more often.

an
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Figure 2. Average number of captures in the first 10060
generation

Fitness of Predaters
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Figure 3. Maximum, Minimum and Average of predators’
energy levels

In Fable | the result of this algorithm is compared to a single
layer GA and also an suction based traditional algorithm,
The algorithm outperforms single layer GA both in the speed
of convergence and the overall performance of the predators,
interestingly, the average energy of agents in single layer
methed is slightly higher than the energy function with two
layered approach which shows that predators manage (o stay
around the prey better when using single layer approach but
the conflicts between predators doesn't aliow them to capture
the prey effectively.

Strategies which cause the ageat to stay close to the prey
receive instant rewards from environment while strategies
which consider ageat coordination should wait until a capture
scenario occurs, Single layer GA dees not distinguish the
benefit of these strategies and is more interested in selecting
strategies that can receive instant reward and therefore is
more susceptible fo be trapped in local minimums. That's
why the average energy function is higher in single GA

- approach.

6. Conclusions and Future Work

I {his paper, we showed that a two-layer genetic algorithm
¢can be used f¢ evolve complex behavioral strategies in
multiagent systems. The layering is based on the state space
and causes a hierarchical searching paradigm. While the
outer layer performs a coarse search, the inner layer fine-
tunes the results by providing learning ability for predators in
their lifetime. While the layering causes a wider search
scheme, resulting in an appropriate amount of diversity in the
patterns, evolution in the inner layer causes a boost toward
efficient sub-structures.

Table 1. Result of Three different algorithimg for predators
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. : Single layer Multi-
Resulis/Algonithm | Auction GA layer GA
Capiures in each 70% 73% 81%
run
Average Energy 4.04 4.94 4.87

Future works will include testing this approach in other
environments. One of these suitable environments is the
Keepaway Task {23} which is an extension to the Simulated
RoboCup soccer environment. The environment is like the
pursui{ game in the way that multiagent coordination is
highly required for the team to survive but the behaviors of
the agents are more compiicated. Another system to test the
proposed solution i3 a new form of the classical pole
balancing problem [25]. In the new form, several agents are
put around the carriage containing the pole. Agents can only
force the carriage forward and carriage can move omni
directional. The goal of the whole team is to keep the balance
of the pole. Another set of experiments could be performed
with decision making methods other than CBR. ESP {22] and
a fuzzified CBR are good candidates.
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