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Abstract- In this paper we study a population of indi- the inhabitants plants, respectively animals. Our system can
viduals in a simulated artificial environment. These in- also be seen as a model of a simple artificial society, where
dividuals have a "body” as well as a "mind”, i.e., some inhabitants of the second type have (obtain through adap-
of their features effect their "physical” properties, like tation) a "personality”, i.e., individual characteristics that
speed and strength, while other features influence their determine their attitude towards eating, mating, and fight-
"mental” preferences and choices in interacting with the ing. It is important to note that the system has no abstract
environment and other agents. We compare two ap- fitness function to be optimized, the only driving force is the
proaches to adapting the minds of individuals. In ap- quest for survival and reproduction. Throughout the rest of
proach 1, the bodies and the minds develop through evo- this paper we will not take any particular perspective on the
lution, while in appropach 2 only the bodies evolve and AEGIS world and we will use the terms animal, individual,
the minds are adapted by lifetime-learning. The results and agent as synonyms; the term inhabitant will stand for
indicate that the evolutionary approach is able to sus- either plants of animals.

tain larger and more stable agent populations as well as Previous work with this environment concentrated on the
maintain a higher degree of individual success compared effects of environmental variations on the evolution of the
to the lifetime learning approach. Furthermore, quite  population and the effect of allowing communication be-
unexpectedly, the method used for mental development tween the individuals, cf. [EEVH99]. Our findings can
has a strong effect on the development of the physical be briefly summarized as follows. First, we observed the
features within the very same environment: The indi- best developmehtin those environments that allowed for
viduals’ bodies evolve to completely different segments rapid response. In particular, when the move costs were

of the physical feature space under the two regimes. low (agents could move fast) and when the necessary break
between two consecutive reproduction acts was short (the
1 Introduction population could evolve quickly). Second, we found that

having the possibility of communication can be a matter of

Many researchers have adopted the use of learning and kfie and death: communicating populations survived in de-
tificial evolution mechanisms as a means of adaptation imanding environments where mute ones became extint. A
simulated agent systems [NF02], [NP95], [MF95], [DB94],surprising outcome was the observation that in an "easy”
[PLHFO1] though relatively few have focused research efworld, where actions cost little energy, the individuals be-
forts on the use of learning or evolutionary mechanisms farome more aggressive.
agent controller design in the context of collective intelli- The present investigation is performed in the same ar-
gence systems [WFP02]. The application of learning dificial environment, although with different research ob-
evolutionary mechanisms for adaptive controllers [NF99jectives. Our primary objective here is to introduce an al-
and the simultaneous evolution of agent body [Sim94] iternative to evolutionary adaptation of the agent controllers
an endeavor that has also received relatively little researsfa individual or lifetime-learning and study the differences
attention in the context of collective intelligence systems. between the two approaches. The motivation behind this

In this paper we present a comparative study of differidea is that evolutionary learning issébow mechanism — it
ent adaptive mechanisms in an artificial system containirigkes place on the time scale of many generations. Indi-
thousands of agents. For the agents we distinguish mindisluals that are born with a better set of features tend to
(controllers, mental features) and bodies (physical featuregyoduce more offspring and the composition of the popu-
For instance, a mental feature can be the preference flation is slowly changing towards superior features. Indi-
searching food (as opposed to searching other individuat&gual learning is a faster process as it takes place during
to mate with). This feature affects an agent’s behavior. An individual's lifetime. Each experience, i.e., interaction
physical feature is, for instance, the agent's muscle magsth the environment and/or another agents, delivers data
that affects their speed. and the individual can use data mining to develop a model

The artificial environment is called Artificial Environ- of successful (re)actions. Such a model is then the core of
ment with Genetic Inheritance Simulation (AEGIS). Someits controller and it is being continuously adapted during the
what oversimplifying, it can be perceived as a model of aagents lifetime.
ecosystem, containing two entirely different types of inhab- We deliberately restricted the scope of individual learn-
itants, where one type merely serves as resource (source-of

energy) for the other type. From this perspective we can call *We defined good development by a constantly high number of individ-
uals, that is, large populations with only small and infrequent fluctuations.




ing to mental attributes. Applying it to physical featuresbut the plant'snergy is aboveaunchThreshold  then it
could be an analogy of sports excercises or any other phytkunches a seed to a random place on the scape and dies. If
cal training, but our interest here is the development of corthe seed lands on a place which is occupied by an other
trollers. As a consequence, our comparative experimenttant, then it bounces and is lost. Otherwise it gets ini-
to test the adaptability of AEGIS agents differ only in thetialised withbirth energy If the energyTransfer  flag is
adaptive mechanisms regarding the controllers. In the firgue, then the parent plant loses thieth energyof the new-
experimental series both the bodies and controllers of agefitsrn plant from its owrenergy .

have been evolved. In the second one we kept the evolution

of bodies but used lifetime learning to develop the ager#t.2 AEGIS - Agents

controllers. It is important to note that in the latter case

we used a combination of learning and evolution, but thes-lt:,his section briefly overviews the properties of our agents.

were not combined as is typical in many adaptive behavi(;rrhe main C(_)r_nponents of our agent arehitely and con-
troller. Additionally, an agent can belong to a particular

studies [NF99]. The difference is that in our combined evo ) i . 2
lution+learning experiments the two adaptive mechanisni®€C1€S (depending on its body characteristics), can perform

actin a different spacethe individual learning mechanisms 2tions, and has a certain energy, vision, speed, mobility,
act in the space of agent controllers, while evolution acts iwortallty and it can engage in direct competition by fight-
the space of physical agent properties. in
The rest of the paper is organized as follows. In SedBody Agents have 3 inheritable physical properties: gender,
tion 2 we present the world and the agents of AEGIS. Theuscle and skid. These properties determine their skills
adaptive mechanisms, evolution and individual learning, a@nd their relations to other agents. Thus, firstly, agents have
discussed in Section 3. We describe the experimental setagender , i.e., male or female. Secondly, they haskin
in Section 4. The results are shown in Section 5 and furthandmuscle , whose strength (skin thickness, resp. muscle
analyzed in Section 6. Finally, the paper is concluded bmass) is represented by real values betw/@et]. Higher

Section 7. values stand for thicker skin, respectively more muscle. The
agents’ physical features can evolve, becausey¢heer |,

2 AEGIS skin , andmuscle parameters are inhertable as described
in Section 3.

This section describes the world and the inhabitants ‘gpeciesBased on thekin andmuscle attributes we in-
AEGIIS. Space limitations prevent giving all details, for &qqyce speciation. Two agents belong to the same species
complete description we refer to [Bur04]. if their skin andmuscle attributes are close to each other:

the difference between thaikin attributes is less than 25%
2.1 AEGIS - World (0.25 on our scale); the same goes fouscle . Two agents

ScapeThe artificial world is a two dimensional grid popu- ffom the same species can mate and propagate their genes
lated withplantsandagents The grid is wrapped around at through the offspring. Otherwise they does because they

its borders. Each point of the grid is calledell. The scape Consume the same resources but are useless for each other
containswidth timesheight cells. A cell can hold at most in terms of reproduction. At initialisation, thekin and

one agent and one plant. The time on the scape is divid&tscle attributes are set in such a way that agents from the
into cycles In each cycle plants and agents can perform a§&me species are close to each other geographically.

tions. Agents may perform more than one action in a cycl&ontroller The controller enables the agent to determine an
plants can perform only one. At initialisation, the scape igction to perform in a certain situation. If there is no possi-
populated uniformly wititialPopulation number of  ple action to perform, then it do@sthing The controller is
agents anchitialFlora number of plants. a parameterized decision procedure whose parameters (per-
Plants Plants are the source of energy in the world. Eachéived as mental attitudes) are inheritable and evolve over
plant has a certain amount ehergy . This energy in- time together with the physical attributes. Our second ex-
creases bgrowthand decreases kBating Plants are very Periment is based on acquiring experience during lifetime
simple creatures who can only perform one action per cy@nd to use this experience to develope a controller. In this
cle, which action containgrowth followed by reproduc- ~¢ase no mental features undergo evolution. The exact mech-
tion. They are not evolving creatures, they have all th@nisms are described in Section 3.

same features which do not change. When a plant is bor@enetic makeuplnheritable properties of the agents are en-

it gets abirth energy which is uniformly drawn between coded in their chromosome. These chromosomes are sub-
minBirthEnergy ~ andmaxBirthEnergy . This interval is  ject to evolution for they undergo variation (cf. Section 3)
the same for all plants. Agents get energy from plants bind selection. For the first type of controller (with mental
eating them. A plant dies if itsnergy drops to zero. The attitudes), the chromosome consists of 6 genes: 3 genes for
plant'senergy increases bylantGrowth  in each cycle. the physical properties (gender, muscle and skin) and 3 for
If a plant reaches a certain energy levelitThreshold ,  the mental properties (attack, food, and social). This chro-

it tries to reproduce to one neighbouring cell if there is
no plant there. The neighbours of a cell are the ones at 2other physical properties, e.g., vision, are not genetically encoded,
east, west, north and south. If there is no free cell arourigerefore are not evolvable.




mosome is shown in Figure 1. The chromosome for the sec-
ond type of controller contains only the 3 genes for physical
properties.
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Actions Agents can perform the following actionsnove

- move to a neighbouring cell, east, west, north or south;
eat - eat the plant on its current locatiomate- perform  Figure 1: Example chromosome setup of agent with inheri-
reproduction with another agent and give life to a child; anghble physical and mental attributes.

attack- hit another agent. Agents can perform more actions

per cycle.

Energy and eating Agents needcenergy to live. It is 3 Adaptive Mechanisms

needed to perform actions, however some actions may B agents have the same kind of body as outlined above, but
performed free of cost. Agents obtain energy by eatinghey can have two types of controllers: either basethen-
plants. Theeataction is performable if there is a plant andtg) attitudesor on an eaction chooser developed by observa-
the agent is hungry. An agent is hungry whereitergy is  tjons. We make this distinction because of the two learning
belowmaxEnergy . The energy is transfered from the plantyypes involved that enable the controller to adapt: evolu-
to the agent by a bite. The bite cannot be bigger than th@ynary learning and lifetime learning. Evolutionary learn-
hungeror the plant'senergy . An eat actionis cost free. ing tweaks the mental attitudes of agents; lifetime learning
Doing nothingcostsidleCost ~ energy. works directly on an action chooser adjusting it by the ob-

Fighting Agents can fight for resources, i.e., plants. Agent§ervations that an agent makes. In all experiments, the body
within the same species do not fight against each other. /A the agents is subject to evolutionary learning.
attackaction means one hit to a foe. Attackaction costs This Section describes the adaptive learning mechanisms
fightCost , which is substracted froranergy . Theat- for the agent’s body (only evolutionary learning) and con-
tack action can be performed if the attacker has more thdfollers (both evolutionary and lifetime learning).
fightCost  energy and there is at least one foe around
(east, west, north or south). A hit decreases the attacke®sl Body
energy by two timesfightCost  and increases itsge by . .
damage If the attacked agent'skin is O then it dies. Mating and reproduction
o . . A child is born if two agents mate. Several conditions must
Vision An agent can see its surrounding square shape arggq for them to make reproduction possible: 1) they must
with radiqusion . Thevision attribute of an agent is pg of opposite sex; 2) they must be close enough to each
drawn uniformly betweeminVision ~andmaxVision at  other (maximum distance is 1 cell); 3) they both must be
its birth. fertile: theirage is betweerbeginChildBearingAge and
SpeedThe number of actions an agent can perform is detegndChildBearingAge  ; 4) they both must havenergy >
mined by itsspeed , which depends oskin andmuscle .  sexCost ; 5) there must be a cell around the initiating par-
We omit the exact formula here, but the idea is that an age@ft that can hold the child; 6) their last reproduction action
with more muscle can perform more actions; with thickemust have been more thaexRecoveryPeriod ~ number
skin, it can perform fewer. Each action performed by a®f actions ago; 7) they must be from the same species; and
agent increases itsge. Thus fast agents are get sooneB) they must have similar mental attitudes (explained in de-

weared and teared. tail below).
Chromosomes are real-valued vectors, with gene values

between 0 and 1. The child’s chromosome is constructed
rom the parent’s chromosomes using 1-point crossover fol-

cell (east, west, north or south). It costsveCost which is . . .
: lowed by Gaussian mutation with mean zero and standard
substracted from the agengsergy . Themoveaction can . o
deviationmutationSigma

be performed if there is at least one free direction and ”ErossoverThe crossover operator produces one chromo-

agent has more thanoveCost energy. : :
some. If chromosome length is then a crossover point
Mortality Agents have arage attribute which tells how cp is uniformly drawn from(0, n]. The firstep number of
many actions they have performed in their life. Téw® genes are get from the first parent and the remaining genes
attribute is increased by one if the agent performs an agfter positioncp are get from the second parent. Who is the
tion. The lifetime is limited bydeathAge . If an agent's first, is randomly choosen.
age reachesdeathAge then it dies. When an agent is Mutation After the crossover operator produced the new
born, itsage is set to 0 and itsleathAge is uniformly  chromosome, a Gaussian mutation operator is applied to it.
drawn betweemontrollereathAge andmaxDeathAge .  The mutation pointnp is uniformly drawn from[1,n]. The
An agent may also die when itenergy level is 0. selected gene undergo mutation. A random value drawn
At initialisation, energy is uniformly choosen between from a Normal distribution with mean 0 and standard de-
mininitialEnergy andmaxinitialEnergy . viation mutationSigma  is added to the gene, cutting its

Mobility Agents explore the world to find food, friends and
foes. Themoveaction consists of one step to a neighbourin
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Figure 3: Agent type that performs actions directly based
Figure 2: Agent type that performs actions based on ment@f oPservations.

attitudes.
vision . An agent also knows about its internal state:
value to fall betweerp, 1]. 1) its energy , 2) its sexRecover , and 3) whether it is
underAttack
gene;np = max(0, min(1, gene,,, + o)) Figure 3 shows two major components: thetion
chooserand thedirection chooser Theaction choosecan
whereos € N(0, mutationSigma ). be learned, thdirection choosers fixed.

Action chooser The action chooseiis a decision tree that
3.2 Controller outputs a particular action to perform in a given situation.
3.2.1 Evolution At initialisation, the agent gets an handmade decision tree
. ] ) to rank actions. Throughout the agent’s life, it collects ex-
Consider Figure 2 which shows the agent controller typgerience, based on which it builds a new action chooser.
based ormental attitudesThis controller contains the fol- Experiences a set ofobservations An observation is
lowing attitudesn‘po_d - measure of affinity to easpocial an environmentstatus action successtuple. When an
- measure of affinity to be social; arttack - measure agent performs an action it creates an observation and adds
of affinity to fight. These attitudes can take values betweggiq jig experience. An agent can only holpCapacity
[0,1]. The higher the value the agent has higher affinity fohymper of observations. If it reaches its capacity then a
a certain action. Atinitilisation, these mental properties argyngomly chosen observation is thrown away and the new
initialized ra_mdomly, drawn uniformly betwedf, 1]_. The  (neis added to its experience. This is cafiegetting
agent type is taken from related work on emerging mental ap observation contains thetatusof the agentdnergy |
features [EEVH99]- . . sexRecover andunderAttack ), the state of thenviron-
Based on its mental attitude, an agent decides t0 gheny the action it decided on, and theuccess of the
thermove eat mateor attack The action chooser draws gction, which is an integer value. A more successful ac-
three random numbers uniformly: € [0,attack ], f € tion gets a highesucces value. Success is determined by
[0,food | ands € [0,social . Let f be the agent's current eventsccurred during this and next action. Each event has
gfflnlty to eat « its affinity to attackands for be_mg_soual, a weight, which can be positive or negative. This weight
.e., tomate Letm = max(a, f,s). As shown in Figure 2, s added tasuccess every time an event occurs. The fol-
the agent’s controller now prescribes the action that it W"iowing events are recorded: ate- an agent takes part
pe_:rform. If an agent chooses movebut cannot perform iy reproduction, which is weighed thenefitMate ~ ; 2) at-
this (because it has not enough energy), then it @8S-  ack - an agent attacks another agent, which is weighed by
ing. Note that doingrothingmay has cost. _ benefitAttack  ; 3) being attacked an agent is attacked
The same evolutionary process that was explained ab0\® another one, weighed IbenefitBeingAttacked : 4)
which was use_d for dgveloping the physicfell properties (skigat- an agent eats food, weighed bgnefitEat  ; 5) star-
and muscle), is applied here for developing the mental ajxtion- an agent'energy is belowmaxEnergy /2 and is
titudes. As mentioned before, evolution in this case Workﬁ/eighed bybenefitStarvation
on a chromosome cqnsisting of both phy;ical and mental We denote the averageicces®f all actions performed
properties (6 genes) instead of only physical properties @y an agent bksucc . (Note that we can measuksucc

genes). for agents with mental attitudes as well.)
o . The action part of the observation contains the action
3.2.2 Lifetime Learning type (move eat mateor attack. In case ofmove it also

Consider Figure 3 that shows the agent controller type th§Pnt@ins the selectatirection o _

chooses actions directly based on observations (instead of 1€ action chooser uses a decision tree to predict the suc-
indirectly via mental attitutes). The agent receives on itS€SS Of an action if performed in a certain situation. The
input information about observetbod, friends and foes input of this decision tree is based upon the structure of the

around. How much it can observe, depends solely on ibservations. The action chooser predicts the success of all



Exp | Body Controller Exp Population size Avg kSucc
11 evolutionary | evolutionary Mean Stdev Mean | Stdev
1.2 evolutionary | lifetime learning 1.1 8888.64 | 379.76 | 3.41 0.32
2.1 evolutionary | constant (best evolved 1.2 1660.93 | 892.77 | 1.39 0.71
2.2 | evolutionary | constant (best learned 2.1 | 9866.40| 18.02 457 | 0.05
2.2 | 4004.24| 1254.52| 1.69 | 0.58

Table 1: Experimental design.
Table 2: Statistics over collected data.

performable actions in the given situation using its decision )
tree, and chooses the most successful action. For learni@gd plants; 2) number of agent births and deaths; 3) average

Weka's J4.8 decision tree builderas used with default pa- sPeed of agents; and 4) average number of different actions
rameters [Qui93]. performed per cycle. Additionally, we recorded tién -

o o . . . muscle distributions in the last cycle of each run.
Direction chooserDirection choosing determines the direc- y

tion in which an agentoves. Each free direction is evalu-
ated by theevalDirection function. This function works
based on the energy of the agent: if the energy is usigr
of maxEnergy , then the agent is inclined to move toward
food; if itis over75% of maxEnergy , then it moves towards
foes; in all other cases it moves towards friends.

5 Results

The obtained graph results of the experiments are shown in
SFigures 4 to 11. Each Figure shows the result of a repre-

sentative run of a particular session. The results concerning
the physical developments of the agents are shown as den-
] sity maps on thekin -muscle plain, where a darker colour

4 Experiments means higher density (more agents) in a given region mea-

In the following we describe the experimental setup includS""co I (1€ last population.
¢ foflowing we describe Ine experimental Sep INCUC- - pagides these visual representations of the experimen-

ing the experimental design, the parameters that we f'x?gl outcomes we also provide some statistical data in Table

throughout all experimental sessions, and the variable P3- Eor each experimental session, we show the population

rameters that we monitored throughout running the experé—i'Ze (number of agents) and the averagacc (explained
ments. in Section 3).

4.1 Experimental Setup 6 Analysis

Table 1 shows the design of the experiments reported here.
The physical body of the agergk{n andmuscle ) is al- Here we consider the otcomes as shown in Figures 4 to 11

ways learned evolutionary. As for developing the conand the statistics in Table 2.

trollers, we conducted two experiment series, each consiggpylation Dynamics From experiments 1.1 and 1.2 we
ing of two subseries. In the first series the agents adapt theserved that both the evolutionary and lifetime learning
controllers by means of either evolutionary learning (1.1) Ghopulations can lead to oscillating and stabilising popu-
lifetime learning (1.2). In two series of control experimentyations.  However, the majority of evolutionary popula-
we took the most successful controller from these runs afghns stabilises, whereas the majority of lifetime populations
executed simulations with all individuals having the samgeeps oscillating. This is illustrated in Figures 4, 8 and Fig-
controller, not changing during a run. In these cases thges 6, 10 that show typical runs. It can also be derived
agents still adapt their physical properties (skin and musclghm Table 2 where the ratios between mean and standard
by means of evolutionary learning. For each of these foifeyiations are much smaller for the evolutionary run than

series, 10 independent runs were conducted. for the lifetime learning run. For comparing sessions 1 and
_ 2, we look particularly aphase transitionsvhich are the
4.2 Fixed Parameters time points at which an oscillating population changes into

We took the experimental parameters for the world an@l stabilising one. We see that the a phase transition for evo-
agents from [EEVH99] of which this work is a continua-'utionary learning occurs earlier in the control experiment

tion. These parameters include, among others, initial pop{#-1) than in the standard experiment (1.1), giving an extra
lation size, maximum life time, movement cost, sex recovndication of the superiority of the evolved controller used
ery, etcetera. For details we refer again to [Bur04]. in experiment (2.1).

Statistics Firstly, we observe that the evolutionary popula-
4.3 Monitors tions in both the standard (by factor 4) and control experi-
Fnts (by factor 2) are much larger than the lifetime learn-
g populations. Secondly, the evolutionary populations are
ore stable with max standard deviation56f, while the
etime learning populations have standard deviations up to

SWeka is an open source datamining library written in Java. J4.8 iéo%' Thlrdly’ we observe that eVOIUtlonary Iearnlng ob-

Weka’s implementation of the latest C4.5 Revision 8 decision tree buildé_F’J‘inS more_s_uccess_fu!l controllers. This is §urprising, since
algorithm. it only implicitly optimizeskSucc , whereas lifetime learn-

. . . . ..m
For all experimental sessions, we recorded basic statlst|c|a
properties (mean, standard deviation, minimum, maximum

of the following measures in each run: 1) number of agen 3




ing explicitly optimizes it. Finally, for the control experi- [DB94]
ments (2.1 and 2.2), we see that both mechanisms beat the
standard ones (1.1 and 1.2) - this means that in both cases
something was indeed learned.

Physical DevelopmentTo our surprise, we observed that[EEngg]

the two mechanisms lead to different physical bodies even
though the environment remained the same. This can be
concluded from the density maps that show théscle -

skin distributions. Additionally, we observe that the evolu-
tionary controllers in experiments 1.1 and 2.1 are consistent
with each other - both obtain physical bodies in the lower-
right quadrant of thekin -muscle density maps. We also
observe that the lifetime learning controllers are not consis-
tent with each other in experiments 1.2 and 2.2. This leadMF95]
us to conclude that lifetime learning may not be able to de-
velop stable physical bodies.

. NF99
7 Conclusions ! ]

From a very coarse-graded perspective we can observe ITIQF:OZ]
our system does have a stable state with large, constant pop-
ulations, cf. Figures 4 and 6. Whether or not such a stable
state is reached depends on the "personalities” of the inhabi-
tants, that is, on the agent controllers which, in turn, deperldlP95]
on the applied mechanism of adaptation. To this end see
Figures 8 and 10.

From the perspective of comparing the the evolutionary
approach with the lifetime learning approach to empower
mental development (that is, the adaptation of the agent co
trollers) the following can be noted. In the AEGIS word,
as used here, the evolutionary approach was clearly more
successful in the sense that agent populations whose con-
trollers have been evolved were larger and more stable thafig3;
those whose controllers have been learned. Additionally,
these evolved agents obtained a higher degree of success,
cf. Table 2. These differences were observable in the exper-
iments with the adaptation mechanisms working on-the-flySim94]
as well as in the control experiments that utilized the results
of these in a nonadaptive fashion.

An intresting angle for evaluating our experimental data

is that of the development of the bodies. Considering th@t_\/FPOZ]

the environment (properties of plants, etc.) and the adap
tion mechanism applied to the bodies of the agents were the
same in both types of experiments, we expected no signifi-
cant difference between the emerged physical properties of
the agents. However, the results clearly show that the mech-
anism utilized to derive an agent controller strongly affects
the development of agent body. Further research is required
to investigate the scope of this effect, to study under which
circumstances, i.e., when, it happens and to find explana-
tions clarifying why it happens.
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