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Abstract

Although they are vastly outnumbered by simpler con-
trol systems, complex, \delib erative" control systems
have evolved on our planet. Hence, agents with delib-
erative capabilities must have adaptiv e advantages over
agents with simpler control systems in some environ-
ments. This paper examines the tradeo®s between the
costs of control systems and the bene¯ts they o®er in a
variety of environments and discussesthe implications of
these tradeo®s on evolutionary tra jectories from \reac-
tiv e" control systems, through somewhat more complex
\a®ective" systems, to genuine deliberative systems.

In tro duction
Most of the Earth's biomass consists of simple organ-
isms (lik e bacteria, insects, etc.), and the vast major-
it y of evolved specieshave simple control systems. This
seemsto indicate that such organismsare very good sur-
vivors and must be well adapted to their environments.
Furthermore, it suggeststhat most evolutionary tra jec-
tories lead to such simple organisms (at least starting
from the Earth's initial conditions) in that there may be
many nichesin \nic he space"(Sloman 2000) that can be
occupied by simple creatures. Yet, not all evolutionary
tra jectories stop there. Complex organisms with com-
plex control systemshave evolved as well. The natural
question then is: under what circumstancesdid these
complex organismsevolve?

A completeanswer to this questionwill obviously have
to involve multifaceted arguments comprising consider-
ations of physical, physiological, and control tradeo®s.
There are several dimensions along which such trade-
o®s can be studied: genotype vs. phenotype, nature
vs. nurture, body size vs. brain size, r-selection vs. K-
selection, altricious vs. precocious development, innate
vs. acquired strategies, reactive control vs. deliberative
control, etc. In particular, the argument will have to
show how the transition from simple, expendable, fast-
growing, etc. organismswith many o®springto complex,
inexpendable,slow growing, etc. organismswith few o®-
spring could work.

In this paper we will focus on tradeo®sat the level of
architectures of agent control systems. This is not the

level of brain and neural organization per se, but rather a
higher level, implemented in neural brain tissue,at which
we can study control systems consisting of functional
components and their interconnections.

The architectural level allows us to study functional
components and their e®ectson an agent's behavior,
and a fortiori its chancesof survival. We will compare
di®erent kinds of control systems (as de¯ned by their
architectures) under di®erent environmental conditions
in order to assesstheir advantages and disadvantages.
Components in a control system will have a cost asso-
ciated with them, re°ecting the energy expenditure to
build and maintain them in an operational state. By
varying the associated cost under identical environmen-
tal conditions we can derive empirically a cost function,
which points to the tradeo®sbetween the functionalit y
(and the behavioral consequences)a particular compo-
nent may add to the control mechanism of an agent, on
onehand, and the increasein energyexpenditure caused
by adding and using the respective component, on the
other. Systematic experiments with various agent ar-
chitectures allow us to study possible tra jectories from
low-level reactive to high-level deliberative control ar-
chitectures (two notions to be de¯ned below), which we
hope will contribute to some of the open questions in
arti¯cial life research (in particular, questions (5), (6),
(7), (10), and (11) in (Bedau et al. 2000)).

In this paper, we do not attempt to answer the ques-
tion of how deliberative agent architectures evolved di-
rectly (for the problem is by far too complex to be tack-
led at once). Rather, we approach the set of possible
tra jectories from reactive to deliberative systemsby rul-
ing out a large class of initial conditions under which
deliberative systemswould most likely not have evolved,
becausetheir cost outweighstheir bene¯ts.

The paper is organizedasfollows: ¯rst, wede¯ne what
we mean by \reactiv e", \a®ective", and \delib erative"
control architectures. Then, we intro duce the employed
agents, sketch their control architectures and brie°y dis-
cussthe resultant behavioral dispositions. After pointing
to previous experimental ¯ndings regarding the relation
of reactive, a®ective, and deliberative agents with re-



spect to their relative ¯tness 1 in di®erent kinds of envi-
ronments, we present our experimental setup and report
new ¯ndings regarding the relative cost of a®ective and
deliberative extensions of reactive agent architectures.
Finally, we analyze the experimental outcome and dis-
cuss its signi¯cance in the light of evolutionary tra jec-
tories from reactive to a®ective, to deliberative control
systems.

Reactiv e, A®ectiv e, and Delib erativ e
Arc hitectures

Agent architectures play an important role in the un-
derstanding of natural and development of arti¯cial sys-
tems (Sloman & Scheutz 2002). They can be thought of
as blueprints of control systems, where di®erent func-
tional components and their interconnections are de-
picted (e.g., see(Russell & Norvig 1995) for a more de-
tailed de¯nition of \agent architecture"). Sincewewould
like to understand(1) what kinds of components (and ar-
rangements thereof) are required to produce particular
kinds of behaviors, and (2) what the relative tradeo®s
of di®erent control systems(and their implementations)
are, we ¯rst needto de¯ne what we meanby \reactiv e",
\a®ective", and \delib erative" control, or more to the
point, what \reactiv e", \a®ective", and \delib erative ar-
chitectures" are.

Reactiv e Arc hitectures
Unfortunately, there seemsto be a wide range of de¯-
nitions of \reactiv e" that di®er in substance(e.g., \re-
active" as \stateless" versus\reactiv e" as \tigh t sensor-
motor coupling"). Hence, it seemsthat \reactiv e" is
best de¯ned in opposition to \delib erative", i.e., as \not
deliberative", which puts the burden on a de¯nition of
\delib erative". Since we are interested in demarcating
an intellectually interesting di®erence,rather than trying
to say what \delib erative" really means, we will construe
\delib erative" as \b eing able to produce and use repre-
sentations of hypothetical past or future states or as yet
unexecutedactions (or sequencesof such actions)". Note
that accordingto this (negative) de¯nition of \reactiv e",
reactive architectures may make useof simple represen-
tations of the state of the world and/or the agent. But
theserepresentations will not explicitly encodegoals,hy-
pothetical states of the world or sequencesof possible
actions. And while we may be able to ascribe inten-
tional states such as beliefs and desires to a reactive
agent, the agent architecture contains no explicit rep-
resentation of thesestates. For example,an agent which

1`Fitness' is here de¯ned as the agent's abilit y to survive
to reproductiv e age. It is measured indirectly by counting
the number of survivors at the end of an experimental run;
agents that generally fail to survive to reproductiv e age will
be poorly represented in the population, whereasagents what
generally succeedin surviving to reproductiv e agewill be well
represented.

exhibits a behavior that could be described as \avoiding
obstacles" can be said to have a goal of \avoiding colli-
sions", even though this goal is not explicitly represented
in the agent's control system.

Delib erativ e Arc hitectures
As mentioned before,a deliberative architecture is onein
which there is someconsideration of alternativ e courses
of action beforean action is taken. Hence,there is need
for the capacity to represent counterfactual states re-
ferring to hypothetical past or future states or as yet
unexecuted actions (or sequencesof such actions), in
which at least some of the basic operations of the ar-
chitecture is to produce/read/write such counterfactual
states. Such states include goals (descriptions of states
to be achieved), plans (sequencesof unexecutedactions),
states describing the imagined consequencesof perform-
ing an action in the current state or some hypotheti-
cal state, partial solutions generatedduring planning or
problem solving, the hypothetical states of the agent's
beliefsgeneratedduring belief revision and many others.
We further require that such states should be in°uen-
tial in the production of actions, in the counterfactual
sensethat, had the (counterfactual) state not beengen-
erated, the agent would have chosena di®erent action to
execute.2

To represent counterfactual states, a deliberative
agent requires a reusableworking memory for the con-
struction and comparison of hypothetical states and
somemeansof deriving the consequencesof actions per-
formed in these states. At its simplest, this might be
a set of memoriesof the consequencesof performing the
action in similar statesin the past. The useof a common
working memory limits the number of alternativ ecourses
of action that can be consideredin parallel, and hence
the degreeof parallelism possible within a deliberative
architecture.

All other things being equal, a deliberative architec-
ture must beslower and require moreresourcesthan a re-
active architecture which encodesa solution to any spe-
ci¯c goal solvable by the deliberative architecture, since
the generation of alternativ es will take time. However,
a deliberative architecture will typically be more space
e±cient than an equivalent reactive architecture, even
though it will often require more spacethan a reactive
solution to any given problem instance,sinceit can solve

2Note that this de¯nition implies no commitments as to
whether the states and operations are ¯ne grained, e.g., deal-
ing with partial plans or alternativ e solutions and their gener-
ation and comparison, or whether the states and operations
are \coarse grained", e.g., a single \plan" operator which
takesa goal and a description of the current state and returns
a plan with the rest of the ¯ne-grained states and operators
buried in the implementation of the architecture and invisible
to the agent program and the agent state. Both caseshave at
least one counterfactual state and one operator that takes a
non-counterfactual state and returns a counterfactual state.



a classof problemsin a ¯xed amount of space,whereasa
reactive architecture requires spaceproportional to the
number of problems. We can view this as an example
of the standard space-timetradeo®, though in this case
there is also the time required to code or evolve all the
reactive solutions.

A®ectiv e Arc hitectures

An a®ective architecture is onein which there areexplicit
representations of a®ective control states such as pref-
erences,desiresor emotions (Scheutz & Sloman 2001).
Such states are directly encoded within the overall state
of an agent and implemented in components of the ar-
chitecture (e.g., in a connectionist unit, a real-valued
variable in a C program, etc.) rather than being su-
pervenient on the architecture (as in the caseof purely
reactive agent). Note that this does not mean that all
a®ective states that could be ascribed to the agent or
emerge from interactions of various components of the
architecture are directly represented in the architecture,
only that someare.

A®ective architectures are orthogonal to the reactive-
deliberative distinction in that they can be combined
with both (i.e., both reactive and deliberative archi-
tectures can be a®ective in the sensespeci¯ed). The
fact that somea®ective states are explicitly represented
within the architecture (and do not merely supervene
on it) means that the architecture could be extended
to monitor the achievement or non-achievement of such
states. Hence, a®ective architectures allow a®ective
statesto take a role in learning, deliberation, the modi¯-
cation of reactive behaviors, etc. In other words, the dif-
ferencebetween reactive and a®ective architecture may
not so much lie in the actual behavioral dispositions of
agents instantiating the architectures, but rather in the
counterfactual modi¯cations (e.g., extensions)of the ar-
chitectures. A deliberative mechanism could monitor an
a®ective control state like hunger to create a represen-
tation of the agent's need for food. Such an extension
may be easy to achieve (e.g., using evolutionary meth-
ods of duplication and specialization (Maynard Smith &
Szathm¶ary 1999)) if the state is already represented in
the architecture, while it will typically be more di±cult
(and require more additions) if no such representation is
present.

Agen ts: Arc hitectures and Behavioral
Disp ositions

In the experiments reported in this paper, we employ
three di®erent kinds of agents, reactive, a®ective, and de-
liberative agents, where a®ective and deliberative agents
are extensionsof reactive agents in that their architec-
tures extend the architecture of reactive agents in dif-
ferent ways, leading to di®erent behavioral dispositions
and, hence,di®erent behavior.

All agents are standardly equipped with exteroceptive
\sonar", \smell", and \touc h" sensors.Sonar is usedto
detect obstaclesand other agents, smell to detect food
and water sources,and touch to detect (1) impending
collisions with agents or obstacles,and (2) consumable
food and water sourcesthat are within reach for diges-
tion. In addition, the touch sensor is connected to a
global alarm system (Scheutz, Sloman, & Logan 2000),
which triggers an automatic re°ex-like action pattern,
which the agent cannot suppress,to move it away from
other agents and obstacles.Thesemovements are some-
what erratic and will slightly reorient the agent (thus
helping it to get out of \lo cal minima"). Furthermore,
agents have two proprioceptive sensorsto measuretheir
energy and water levels, respectively. Thesesensorsare
also connected to alarm mechanisms, which will make
agents (1) reducetheir speedto the lowest possiblelevel
(to minimize the energyand water expenditure) and (2)
pursue food or water sourcesexclusively depending on
which level drops below a predetermined critical level
¯rst.

On the e®ector side, they have motors for locomo-
tion (forward and backward), motors for turning (left
and right in degrees)and a mechanism for consuming
food and water (which can only be activated when the
agent is not moving). When agents come to a halt on
top of a food or water source,their ingestion mechanism
suppressesthe motors for locomotion until the item is
consumed, which will take a time proportional to the
amount of energy or water stored in the food or water
source(depending on the maximum amount of food or
water an agent can take in at any given time).

While di®erent agents may have di®erent short-term
goals at any given time (e.g., getting around obstacles,
consumingfood, reaching a water sourcefaster than an-
other agent, or having o®spring),there are two long-term
goals that are common to all of them: (1) survival (i.e.,
to get enoughfood and/or water to maintain all bodily
functions, and to avoid running into obstaclesor other
agents), and (2) procreation (i.e., to live long enough
to have o®spring). In the following, we will brie°y de-
scribe the architectures and behavioral dispositions of
each agent kind.

The Reactiv e Agen ts
All agents processsensoryinformation and produce be-
havioral responsesusinga motor schema-basedapproach
(Arkin 1989). Let Ent k = f f ; w; o;k; kg be an index set
of the ¯v e types of objects food, water, obstacle, agents
of kind k and agentsof a kind di®erent from k relative
to a given agent kind k{all subscript variableswill range
over this set unless stated otherwise. For each object
type in Ent k , a force vector Fi;k is computed, which is
the sum, scaledby 1=jvj2, of all vectorsv from the agent
to the objects of type i within the respective sensory
range, where j̀vj' is the length of vector v. These ¯v e



perceptual schemasare mapped into motor spaceby the
transformation function

Tk (x) =
X

i 2 E nt k

gi;k ¢Fi;k (x) (1)

where the gi;k are the respective gain valuesof the per-
ceptual schemes.The gain valuessimply scalethe e®ect
of sensoryinput, providing a meansby which to priori-
tize certain inputs (e.g., if food is especially important,
its gain value could be higher than the other gain val-
ues, so that sensing food has a greater impact on the
direction chosenthan sensingother entities). Thesegain
valuesare initialized to valuesdetermined to be reason-
able via a seriesof experiments, and are kept constant
throughout the life of a reactive agent.

Reactive agents always behave in the sameway, given
that their gain valuesare constants: their positive gf ;k =
gw;k make them employ a \consume nearest" strategy
(Spier & McFarland 1998),whereastheir negative go;k =
gk ;k = gk ;k valuesmake them avoid obstaclesand other
agents. Consequently , the behavior of reactive agents is
completely determinedby their input{hence their name{
and can be described as \greedy".

The A®ectiv e Agen ts

A®ective agents have in addition to architectural com-
ponents of reactive agents a three-layer interactive acti-
vation and competition (IA C) neural network with ¯v e
input units in , ¯v e hidden units hid, and ¯v e output
units out (Rumelhart & McClelland 1986).3

The input units receive their activations (via appro-
priate scaling functions) from the internal water (in w )
and energylevel sensors(in f ) aswell asthe global alarm
mechanisms(which sendimpulsesto in o, in k or in k units
depending on whether the alarm wastriggered by an im-
pendingcollision with an obstacleor an agent of the same
or of a di®erent kind).

The output units are connected to the gain values
in the motor scheme via individual scaling functions
f i (x) = x ¢ci + bi (where bi is the basegain value and ci

the scaling factor for the activation of outi ).
The activation value acti (t) of an IAC unit i at time

t is de¯ned by

3Note that neural networks employed in other simulations
to control the behavior of agents (Menczer & Belew 1966;
Seth 2000) usually compute the mapping from sensorsto ef-
fectors, while the neural network here is intended to imple-
ment the a®ective system, thus adding another layer on top of
the input-output mapping of reactive agents (which is accom-
plished in a schema-basedmanner; of course, this mapping,
in turn, could have been implemented as neural network as
well).

acti (t) =

8
>><

>>:

(max ¡ acti (t ¡ 1)) ¢neti (t) ¡ decay;
neti (t) ¸ 0

(acti (t ¡ 1) ¡ min ) ¢neti (t) ¡ decay;
neti (t) < 0

where min and max are the minimum and maximum
activation level, respectively, decay is a decay factor de-
¯ned by d ¢(acti (t) ¡ r est) (where d is a constant), r est
the rest level, and neti (t) the weighted sum of all inputs
to unit i at time t.

The choice of IAC units over standard perceptrons is
basedon their update rule, which is particularly suited
to implement important temporal features of a®ective
states in that it (1) takesinto account the previousacti-
vation (hence,can be usedto implement \inner states"),
and (2) incorporates a decay term to raise or lower the
activation to a predetermined base level (both features
that seemto be typical of the temporal development of
certain a®ective states, e.g., basic emotional states).

Although fully connectedIAC networks are possible,
we will focuson a subsetof networks to reducecomplex-
it y, where weights betweenin i and hid i are always non-
zero and some(possibly all) of the weights betweenhid i

and outi , call them \gain weights" owi , are non-zero,all
other weights being zero.

Foraging in a®ective agents, then, is not solely deter-
mined by their sensory inputs, but also by their \in-
ner states" as de¯ned by the activation of the hidden
units in the neural network. These states can imple-
ment primitiv e motivational and emotional states like
\h unger", \thirst", \fear", and \aggression" as argued
in (Scheutz 2001). Hence,a®ective agents forage based
on their perceptions and needs: they may avoid food if
not \h ungry", or ignore food if very \thirst y", or skip
food if \afraid" of obstacles,etc. By modifying the gain
values of the motor schema depending on their inter-
nal states, a®ective agents can in°uence the combina-
tion of the sensoryvector ¯elds in the motor schema to
their advantage. Note that the integration of this a®ec-
tiv e system in the reactive system is conservative in the
sensethat no modi¯cation of the reactive systemis nec-
essary;the a®ective components are simply \added" to
the existing components, which could be relevant for the
evolution of force-¯eld basedcontrol systemsin nature
(as adding components without the need to change the
existing structure seemsto be favorable over additions
that require modi¯cations, thereby raising the chances
that a previously functional organization may become
distorted in the extensionprocess).

The Delib erativ e Agen ts
Deliberative agents extend reactive agents in various
ways. First, they have an additional perceptual mech-
anism that allows them to extract objects in the en-
vironment and to represent their type, distances, and



directions relative to an agent-centric polar coordinate
system. This \vision facilit y" allows deliberative agents
to single out and represent an individual entit y (e.g., a
food or water item) and store it in memory for later use
(in planning, for example). It is ¯rst and foremost this
abilit y of being able to represent items in the environ-
ment that opens up further possibilities such as storing
and retrieving representations, using them in planning
and plan execution, etc. None of these possibilities are
available to reactive agents, which have accessto sensed
objects only in a holistic manner (via an agglomerated
force vectors).

Second, they have memory components that allow
them to store information about food and water items
and obstacles. A \comparator" component constantly
checks whether a perceived item is present in memory,
and if it is not found there, causesit to be stored. In
addition to the memory components, they have a mecha-
nism that will update the relative positions of the object
stored in memory depending on the agent's movements.
Furthermore, a coherencemechanism constantly checks
whether a stored item within sensoryrange is actually
perceived and removes an item from memory if it does
not seemto exist any more in the environment.

Third, deliberative agents have a simple route plan-
ning mechanism which allows them to ¯nd a route to
the nearest food or water item, avoiding obstacles. The
planner is given a list of obstacles,food and water items
known to the agent (i.e., stored in the agent's memory),
and returns a plan, which is a list of headingsand dis-
tances, of how to get to the nearest reachable item of
a given type. The plan is then passedto a plan ex-
ecution mechanism, which ensuresthat plan steps are
executedby overriding the headingsgeneratedby the re-
active mechanismsin a manner similar to subsumption-
style architectures (Brooks 1986).

The planner is basedon a simpli¯ed version of the A¤
²

algorithm (Pearl 1982). A¤
² is a variant of A¤ in which

the cost of the solution returned is guaranteed to be no
greater than (1 + ²)£ (the cost of the optimum solu-
tion). A¤

² is a good choice for a route planning agent, as
all that is neededare \good" rather than optimal plans.
The cost of a plan is the distance the agent has to travel
to reach the goal, with a penalty for routes which pass
through the collision region around an obstacle(any rea-
sonablecost function must besuch that no route through
a collision region is ever cheaper than a route around the
region).

Planning (or \re-planning") can be triggered in vari-
ous ways: (1) by the obstacle alarm mechanism, (2) by
the completion of an existing plan, (3) by the disappear-
ance of the goal item, and (4) by the appearanceof a
closeritem of the samekind as the goal item within sen-
sory range (for details of the planner and a description
of someof the di±culties of integrating a discrete plan-

ner with the continuouscontrol of a reactive system,see
(Scheutz & Logan 2001)).

Decisionsabout the goal object for the planner (i.e.,
food or water) are made by explicitly comparing rep-
resentations of energy and water levels; whichever is
neededmore (relativ e to the maximum capacity) will be
selectedas a goal. If, however, no goal item of the cho-
sen kind can be sensedin the environment or retrieved
from memory, deliberative agents will attempt to go for
the other kind. If the other kind is not available either,
agents will engagein an \search behavior" that makes
them sample their environment (without moving) until
they sensea food or water item.

Previous Findings
Various previous experiments have con¯rmed that af-
fective control mechanisms can and will evolve under
di®erent environmental conditions. For example, we
found that agents with primitiv e motivational states
(i.e., \h unger" and \thirst" drives) can be evolved from
reactive agents if reactive agents are allowed to mutate
into a®ective agents, which in turn can mutate their owf

and oww weights (?). Such \motiv ational agents" are
likely to evolve from reactiveagents independent of many
environmental conditions such as the frequency of ap-
pearanceof new food and water sources,or the numbers
and initial distributions of food and water sources,obsta-
clesand agents. Someof them can also be learned dur-
ing the lifetime of an agent (using associative learning) if
the corresponding weights have the right sign (i.e., lead
to attractiv e or repulsive behavioral disposition depend-
ing on the a®ective state to be implemented (Scheutz
2000)). Furthermore, we found that starting with moti-
vational agents, di®erent kinds of agents with di®erent
combinations of primitiv e emotional state like \fear" or
\anger" will evolve, if the owo and owa weights are mu-
tated (Scheutz 2001). Such primitiv e \emotional" agents
will also evolve directly from reactive agents (Scheutz
2002). In all of the above cases,we argued in detail that
the evolved mechanisms(i.e., positive or negative \gain
weights") indeedimplement a®ectiveprocesses,basedon
(1) the functional characterizations of the involved a®ec-
tiv e processes,(2) the observable behavior of the agents
in the environment, and (3) the evolved architectural
components (i.e., connection weights).

In other previous experiments we compared the per-
formance of particular kinds of reactive, a®ective, and
deliberative agents in one-resourcetasks (i.e., food for-
aging) and found that in certain environments a®ective
agents perform better than certain kinds of deliberative
agents (Scheutz, Sloman, & Logan 2000;Scheutz & Lo-
gan 2001).

Common to all these ¯ndings is that various kinds of
a®ective agents seemedto perform better than merely
reactive or even certain kinds of deliberative agents (in
certain environments). However, none of the previous



experiments attempted to assessthe additional struc-
tural and processingcosts of the added components in
the employed a®ective or deliberative architectures (rel-
ative to the components in the basic reactive architec-
tures). Hence, it was not clear to what extent a®ective
or deliberative control would pay o® relative to the en-
ergy expenditure required by the additional components.
Such tradeo®s,however, are crucial to an understanding
of possibleevolutionary tra jectories from simple to com-
plex creatures,for if the gain in ¯tness is disproportional
to the cost of the added mechanism, it is unlikely that
it would have evolved aspart of an agent control system
in a multi-agent, multi-sp eciesenvironment.

In the following, wewill remedythis lack by investigat-
ing the relative ¯tness of a®ectiveand deliberativeagents
with respect to di®erent costs associated with their ar-
chitectural features.

Exp erimen ts
The Agen t-Based Alife Sim ulation
Environmen t SimWorld

SimWorld is an agent-based arti¯cial life simulation
built on top of the SimAgent toolkit developed by
Aaron Slomanand colleaguesat the University of Birm-
ingham, England.4 It consists of a continuous, poten-
tially unlimited two-dimensionalsurfacepopulated with
various kinds of spatially extendedobjects, in particular,
di®erent kinds of agents, static and moving obstaclesof
varying size,and food and water sources.

Static and moving obstacles are typically generated
onceat the beginning of a simulation run and either re-
main in place or move in a predetermined direction at a
predetermined speed throughout the run of the simula-
tion.

Food and water sources,on the other hand, pop up
at random locations within prede¯ned areasof the sim-
ulation environment, at prede¯ned frequencies,and stay
for a prede¯ned period of time, after which they disap-
pear unlessconsumedby agents. They contain a ¯xed
amount of energy and water that can be consumedby
agents at their maximum intake capacity per simulation
update cycle.

Agents are in constant needof food and water. Every
simulation cyclethey will spenda certain amount of their
stored energyand water to maintain the functionalit y of
their bodies and their control systems(t ypically at least
one unit of each). Moving agents consumeeven more
energyand water asmeasuredin terms of somefunction
(t ypically quadratic) of their speed. When the energyor
water level of an agent drops below a certain threshold
! , agents \die" and are removed from the simulation.

4SimWorld is freely available and can be downloaded
from http://www.nd.edu/~airolab/simw orld. The SimAgent
toolkit can be downloaded from
http://www.cs.bham.ac.uk/research/p oplog/newkit.tar.gz

They also die and are removed if they run into other
agents or obstacles.

After a certain age® (measuredin terms of simulation
cycles), agents reach maturit y and can procreate asexu-
ally, if their energyand water levels are above the mini-
mum necessaryfor procreation.5 The energy and water
necessaryfor creating the o®springare subtracted from
the parent, and a new agent will pop up in the vicinit y
of the parent in the subsequent simulation cycle. After
giving birth, parents cannot have o®springfor a prede-
termined time, which is due to a built-in mechanism that
is intended to prevent them from depleting themselves
too much (which typically results in their death).6

Exp erimen tal Setup and Results
We conducted various experiments to study the bene-
¯t of the added components in a®ective and delibera-
tiv e agents with respect to their potential for survival
(i.e., the increasein ¯tness) relative to the added cost
imposedby these components. For all of the following
experiments, we limited the world to a squaredarea of
800 by 800 units, where water and food appear equally
distributed in the centered subregion of 720 and 720.
The probabilit y of a new food sourceappearing at any
update cycle is 0.25, that for water 0.2.

To determine the e®ectof intro ducing additional cost
on architecture extensions(i.e., \relativ e cost" to a given
basearchitecture), we conductedvarious experiments in
which two agent kinds had to compete for survival in
various environments with di®erent numbers of static
obstacles. Each experiment started with 10 agents of
each type, 10 food and 10 water sources,and a varying
number of obstacles, and proceededfor 10,000 cycles;
each generation(i.e., the averagetime betweenthe birth
of parents and that of their o®spring) is slightly longer
than ! , so 10,000cyclesallows roughly 35 generations.
The performancemeasureused(and depicted in the ta-
blesbelow) is the averagenumber of surviving agents of a
particular kind at the end of an individual experimental
run averagedover 20 runs with di®erent initial positions
of agents, obstacles,food and water sources.Over a se-
ries of experiments, the number of static objects in the

5Note that both parameters, ® and ! , can be used to
specify whether the simulation is used as an exogenousor as
an endogenous¯tness model.

6SimWorld also features a complex mutation mecha-
nism that can modify the architectural parameters of agents.
If mutation is turned on, a prede¯ned set of architectural
components can be modi¯ed with a prede¯ned probabilit y
¹ , again according to prede¯ned mutation operations. For
example, a connection weight in a neural network could
be increased or decreasedwith a certain probabilit y, or a
condition-action rule added to the ruleset of an agent. Hence,
someo®springwill start out with the modi¯ed parameters in-
stead of being exact copies of the parent. Furthermore, it is
possible to mutate agents of one kind into agents of another
kind. In the experiments described below, mutation is not
used; agents with prede¯ned parameters are compared.



environment wasvaried (from 30 to 50), aswas the rela-
tiv e cost of the architecture of one agent kind compared
to the cost of other (i.e., the cost of the ¯rst was set
equal to the cost of the secondmultiplied by C, where
C rangedfrom 1.0 to 5.0). Cost wasassessedasa reduc-
tion in energy reservesderived from the consumption of
food.

Table 1 gives the results for reactive and deliberative
agents. When the relative cost of deliberation is 1.0 (i.e.,
the same as the cost of reactive agents), deliberative
agents enjoy a clear advantage across all obstacle en-
vironments. Especially high numbers of obstaclesmake
foraging a very di±cult (if not impossible)task for reac-
tiv e agents, for one becausebeing repelled by the prox-
imit y of high density obstacle regions causesthem to
ignore saferoutes through theseregionsto food and wa-
ter, which deliberative agents are able to exploit. As the
cost of deliberation increases(up to ¯v e times the cost
of reactive agents), however, the reactive agents begin
to make inroads, as expected. Still, deliberative agents
proved better able to navigate the environment as ob-
stacle count increase(relativ e to reactive agents).

Comparing a®ective and deliberative agents, we ¯nd
that a®ective agents fare better than their reactive coun-
terparts against deliberative agents (Table 2). However,
the sametrend appearswith regard to the obstacleenvi-
ronment, albeit lesspronounced: deliberative agents are
better suited for survival in cluttered environments.

Finally, comparing reactive to a®ective (in Table 3),
we notice that the advantages of a®ective agents over
reactive agents are su±cient to overcomeonly minor in-
creasesin the cost function of the a®ective agents. Reac-
tiv e agents begin to perform better even before the cost
of being a®ective is double the cost of reactive agents
over all obstacleenvironments examinedhere.

Analysis

The above results point to a general ¯tness ordering
among the examined agent kinds: deliberative agents
are generally better at surviving than a®ective agents,
which, in turn, are better than reactive agents. More-
over, the relative di®erencesin ¯tness levels increaseas
the obstacleenvironment becomesmore dense,which is
not surprising, sincethe added deliberative mechanisms
will only develop their fullest potential (relativ e to the
other foraging mechanisms) in very cluttered environ-
ments, where the planner can detect routes that are not
open to force ¯eld-based control systems. In fact, ex-
periments using environments without any or with only
very few obstaclesshow that deliberative agents are at a
disadvantage against both reactive and a®ective agents,
even without taking cost into account (which is largely
due to the fact that they do not pick up items on the
way to their goal location if these items are of a di®er-
ent kind than the goal item{a behavior that is a natural

consequenceof the force ¯eld-based control favored by
many simple species).

Deliberative agents are able to maintain their advan-
tage over both a®ective and reactive agents through
more dramatic increasesin relative cost, especially in
more denseobstacleenvironments. However, further in-
creasewill eventually lead to an inversion of this order-
ing. By the time the cost of being deliberative reaches
¯v e times the cost of the competing agents, deliberative
agents perform very poorly in comparison.

Comparing the relative cost of the addedarchitectural
mechanisms (i.e., memory to hold locations of items
in the environment, updating mechanisms, coherency
mechanisms for new perceptions, etc.) in terms of ac-
tual memory (at least 100 times) and actual computa-
tion time (at least 10 times) to the cost of the break-even
point in the above experiments (between3 and 5 if esti-
mated conservatively), it is easyto seethat deliberation
would not pay o®in the scenarioswe investigated. Note
that the problem here is not simply one of ¯nding a
tra jectory from reactive/a®ective agents to deliberative
agents composedof adaptations with costssmall enough
for deliberative agents to compete e®ectively; the \¯n-
ishedproduct", i.e., agents with fully developed memory
capacity and planning mechanisms, fail to perform well
enougheven at very modest relative cost levels.

A®ective control, on the other hand, despite its mod-
est increasein ¯tness might well pay o® given that the
actual additional cost (again measuredin terms of com-
putation time and memory) of a®ective systemsis only
a fraction of that of the reactive system. Hence,while it
seemsunlikely that a deliberative control system (with
similar capacities to the ones used here) would have
evolved, a®ective control doeshave a \competitiv e edge"
over mere reactive control within the given cost frame-
work.

Discussion
Agents possessingdeliberative capacitiesdo exist in na-
ture. The di±cult y is to understand what ecological
niche might enabledeliberative agents to perform better
than reactive or a®ective agents despite the signi¯cant
increasein cost causedby deliberative extensionsof re-
active or a®ective architectures.

For one,it seemsthat the moreregular and predictable
an environment is, while at the sametime being danger-
ousand di±cult to explorefor agents with simple control
systems,the more deliberation will pay o®. In the above
experiments, this can be seenfrom the fact that envi-
ronments with more static obstaclesbecomemore pre-
dictable (as more items in the environment becomepre-
dictable) and more dangerous(as there are more chances
for agents to accidentally crash into an obstacle).

The de¯ning properties of such \stable" environments,
where change occurs only infrequently and essential re-
sourcesare by and large predictable, square well with



30 static obstacles 40 static obstacles 50 static obstacles
Cost Reactive Deliberative Reactive Deliberative Reactive Deliberative
mult. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std.
1.0 0.3 1.34 24.65 4.0 0.0 0.0 21.25 4.0 0.0 0.0 18.55 5.34
1.4 0.95 3.27 20.6 7.1 0.0 0.0 19.8 2.78 0.0 0.0 16.75 4.88
1.8 0.6 2.26 21.8 4.34 0.0 0.0 15.7 3.61 0.0 0.0 14.35 5.25
2.2 1.7 3.57 15.6 5.13 0.0 0.0 15.05 4.32 0.3 1.34 11.35 5.74
2.3 6.5 9.05 10.4 6.92 0.0 0.0 14.75 5.87 0.3 1.34 12.2 5.27
2.4 8.95 9.75 6.7 7.34 1.4 3.57 12.85 6.2 0.0 0.0 11.2 3.37
2.5 7.4 9.88 8.9 8.94 0.7 2.9 11.7 4.22 0.3 1.34 8.0 6.33
2.6 9.35 9.07 6.1 6.52 3.55 5.6 7.6 6.06 0.35 1.35 9.0 4.81
3.0 9.15 8.5 4.7 6.26 3.05 5.24 8.0 6.97 2.05 3.9 8.15 5.44
3.4 11.35 7.92 2.25 4.7 2.95 5.84 6.6 4.5 1.78 3.74 5.9 5.45
3.8 11.75 6.84 2.2 4.54 2.9 4.42 4.52 4.63 2.0 4.34 4.7 5.79
4.2 12.53 6.71 1.45 3.77 5.6 4.67 3.25 5.5 2.95 4.82 2.8 3.81
4.6 14.05 4.71 0.2 0.89 7.35 5.88 1.85 3.45 2.45 3.91 1.65 3.12
5.0 13.45 6.51 0.3 1.34 8.05 7.85 1.0 2.58 4.9 5.59 0.7 1.98

Table 1: Deliberative agent performancerelative to reactive agents

30 static obstacles 40 static obstacles 50 static obstacles
Cost A®ective Deliberative A®ective Deliberative A®ective Deliberative
mult. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std.
1.0 0.85 3.68 22.97 5.72 0.0 0.0 23.1 3.78 0.0 0.0 18.0 4.69
1.4 4.4 8.04 15.75 9.33 0.15 0.67 19.1 3.32 0.85 3.57 16.2 5.63
1.8 6.5 7.61 12.65 8.15 1.4 4.17 14.25 6.32 0.35 1.57 13.9 6.42
2.2 7.55 8.25 8.75 7.38 2.3 4.99 11.45 6.06 1.8 5.03 9.45 5.39
2.3 13.8 10.36 6.0 7.81 3.0 5.52 9.75 7.06 1.4 2.93 10.1 6.69
2.4 9.6 7.84 6.8 8.04 5.55 6.78 8.2 7.74 2.15 4.12 9.35 6.21
2.5 11.2 10.47 5.55 6.96 7.25 8.34 6.1 6.72 2.7 6.41 9.05 6.32
2.6 14.05 8.5 2.95 5.98 9.1 9.01 5.9 6.92 3.32 4.97 8.28 5.79
3.0 19.25 5.07 0.05 0.22 7.9 7.45 4.4 5.67 4.2 6.01 5.8 5.05
3.4 15.55 5.86 0.55 2.46 8.3 7.1 4.35 5.69 3.65 5.53 3.25 4.94
3.8 19.5 4.48 0.0 0.0 12.1 5.88 0.55 1.76 5.55 6.07 3.35 4.82
4.2 19.8 5.08 0.0 0.0 11.9 7.31 0.75 2.31 6.6 5.53 1.85 3.45
4.6 17.9 5.78 0.0 0.0 12.4 5.73 0.45 1.15 9.15 5.43 0.35 1.57
5.0 19.35 5.39 0.0 0.0 13.4 4.16 0.25 1.12 7.27 6.0 0.53 2.08

Table 2: Deliberative agent performancerelative to a®ective agents

deliberative mechanisms. These properties ensure that
information regarding the location of a resourcewill nor-
mally be accurate, hencerepresentational capacitiesen-
abling information to be stored in memory and used in
planning or reasoningare advantageous.

Conversely, in environments where resourcesare not
predictable, the bene¯ts of deliberative mechanismsare
likely not su±cient to outweigh the increased cost of
those mechanisms. In these \unstable" environments,
a®ective agents will typically perform better than de-
liberative agents, and memory and planning may be of
little use.

Conclusion and Future Work
We conjecture that most evolutionary tra jectories of
control systemsstarting with only reactive mechanisms
reach a ¯tness maximum in some of their a®ective ex-
tensions. What is still unclear is exactly under what
environmental conditions this ¯tness peak of a®ective

control systemscan be overcomeby adding deliberative
extensions.Predictabilit y and stabilit y of resourcesseem
to be part of the requirement. This may either involve
the prediction of locations where to ¯nd food, or in the
caseof a predator, the abilit y to predict its prey's be-
havior when confronted, chased,etc. Social factors (such
as tracking mental states of other group members) will
certainly play an important role, although they do not
seemto be necessaryfor the development of delibera-
tiv e control systems. Most importantly , perhaps, the
co-evolution of control system and body may ¯gure in
the search for the needof more complex control systems
(e.g., energy, size,and other constraints may make mere
\reactiv e" extensionsimpossible).

Although deliberative extensions might not pay o®
right away, they need to add someinitial bene¯t to the
control system'sfunction, otherwise they will not evolve
in competitiv emulti-sp eciesenvironments (as their bear-
ers will likely not survive in the long run). Based on



30 static obstacles 40 static obstacles 50 static obstacles
Cost Reactive A®ective Reactive A®ective Reactive A®ective
mult. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std. Av. Std.
1.0 6.85 9.58 11.05 10.04 1.45 4.49 12.6 6.84 2.3 4.51 4.4 5.45
1.1 3.5 7.56 14.25 8.5 3.9 4.89 9.3 8.88 0.9 2.36 5.8 5.55
1.2 6.9 8.78 9.25 9.08 2.45 4.65 8.45 7.93 2.05 4.19 3.5 4.58
1.3 7.23 8.96 9.15 9.07 5.2 6.66 5.4 6.24 1.5 3.32 2.9 3.58
1.4 8.75 8.17 4.65 7.26 6.4 6.55 4.35 5.89 2.45 3.05 1.65 3.12
1.8 9.6 9.28 3.45 5.74 5.0 6.11 3.95 6.08 2.7 4.55 1.15 2.46
2.2 14.2 6.74 0.0 0.0 7.8 6.18 0.95 2.46 3.25 4.71 0.0 0.0
2.6 13.15 6.88 0.45 2.01 8.95 6.14 0.0 0.0 3.9 4.0 0.0 0.0
3.0 14.1 7.24 0.25 1.12 9.2 6.86 0.2 0.89 6.5 6.28 0.0 0.0
3.4 14.2 6.81 0.0 0.0 9.75 4.79 0.0 0.0 4.33 5.16 0.0 0.0
3.8 12.1 6.49 0.0 0.0 9.9 5.39 0.0 0.0 3.5 4.68 0.0 0.0
4.2 11.6 4.45 0.0 0.0 10.0 7.03 0.0 0.0 2.35 3.39 0.0 0.0
4.6 16.55 5.06 0.0 0.0 10.35 6.27 0.0 0.0 3.6 4.63 0.0 0.0
5.0 14.1 7.17 0.0 0.0 11.65 5.78 0.0 0.0 3.25 5.02 0.0 0.0

Table 3: A®ective agent performancerelative to reactive agents

preliminary evolutionary experiments with agent archi-
tectures, we predict that, when there is interspeciescom-
petition for resources,it will be di±cult to ¯nd neighbor-
hoods in designspaceof architectures where even prim-
itiv e deliberative extensionsare viable (relativ e to their
cost). The main theoretical, explanatory di±culties are
not so much connectedto a full-°edged, fully functional
deliberative system, which already has enormousadap-
tiv e advantage over a®ective control systems (e.g., in
highly structured, regular environments). Rather, they
areconnectedto explanationsof the intermediary stages,
where somedeliberative capacitieshave evolved and are
combined with a®ective control. What complicates the
pictures is the fact that not all combinations of a®ective
and deliberative control are bene¯cial, even if both the
a®ective and deliberative subsystemsmay show satisfac-
tory performancein isolation (e.g., see(Scheutz & Logan
2001)).

It almost seemsthat individual deliberative subcom-
ponents in natural evolutionary tra jectories must have
had a su±cient bene¯t of their own, i.e., independent of
other deliberative subcomponents, before they became
part of a larger, even more bene¯cial deliberative sys-
tem. We are currently investigating this hypothesis by
adding various deliberative subcomponents (e.g., mem-
ory, \p erceptual coherencymechanisms", etc.) to a®ec-
tiv e agents to seewhether they are bene¯cial in certain
environments (e.g., where food and water still appear
at random, but are con¯ned to certain subareasin the
environment).

We are alsoworking on a more detailed analysisof the
notion of \cost of a component in an agent architecture",
which will allow us to get a ¯ner-grained break-down of
the net bene¯t of di®erent functional components with
respect to the overall agent behavior, and henceon the
likelihood that they will evolve in certain environments.

Finally, we seethe need for many more experiments

with di®erent reactive and a®ective control systems in
di®erent environments to map out the spaceof possible
control mechanisms. It is their relative¯tness with which
deliberative control systemswill have to compete.

Only if we understand the potential and limitations of
reactive and a®ective control, we believe, will we be able
to understand the circumstancesunder which delibera-
tiv e systems,and consequently minds, have evolved.
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