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Abstract. The InViW o project aims at providing high-level intuitiv e
tools to describe virtual worlds populated with \in telligent" creatures
and avatars. For this purp ose, we have de�ned the Mar vin language,
which enablesthe high-level description of autonomous agent behaviours.
In this paper, we present the underlying model we have designed, es-
pecially our agent and avatar architectures. We then present the main
features of the Mar vin languageand we intro duce the useof constraints
as powerful tools for describing and combining behaviours.

1 In tro duction

1.1 Motiv ations

The InViW o (Intuitive Virtual Worlds) project aims at providing high-level
intuitiv e tools for describinginhabited virtual worlds, i.e. synthetic worlds where
userscan interact with objects and \in telligent" entities. A typical application
area is entertainment worlds, such as the Diamond Park [35], a virtual leisure
park wherevarious virtual agents could either entertain users(e.g. circus agents)
or assist them (e.g. bus drivers). A key point in the design of virtual worlds is
the possibility to de�ne autonomousentities that will \p opulate" the world and
make it more attractiv e to the user.

Our objective is eventually to provide high-level tools, based on a speci�c
language for agent behaviour description. This language, called Mar vin , en-
ables the advanced user to de�ne basic tasks such as goal-directed navigation
or obstacleavoidance,by combining agent behaviours, triggering conditions and
high-level goals in a simple way. Mar vin is essentially basedon reactive rules,
temporal control structures and constraints, and on the primitiv e actions an
agent can perform.
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The underlying agent model has been designedas a synthesis and a sim-
pli�cation of existing agent architectures, in order to present a minimal set of
components that could be easilymanipulated by non-computer scientists. Multi-
agent systemsare currently widely usedto simulate or control complex systems,
as they take advantage of the robustness and the 
exibilit y of collaborating,
adaptive and autonomousentities. Our agent architecture is fully decentralized
and homogeneous.

Figure 1 shows an example of InViW o worlds: the inhabitants are rabbits
moving on a chessboard. Each rabbit has to reach several prede�ned target
points. When a rabbit detectsa collision risk with an obstacle,for instancewhen
a static cube or another rabbit appears into speci�ed boundaries, it will try to
avoid the obstacle while trying not to go too far from its goal tra jectory. On
the screenshot,the sensibility boundariesare represented as transparent spheres
around the characters.

Fig. 1. The autonomous rabbits, seenfrom the avatar point of view.
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1.2 Organization of the pap er

This paper is organizedas follows: �rst, we recall somebackground material on
virtual agents and reactive architectures in section 2. Then section 3 details the
model wehavedesigned,i.e. the overall architecture wehavechosenfor inhabited
virtual worlds, and the modelswehavede�ned for autonomousvirtual agents and
avatars. In section 4, we proposeour approach to easethe description of agent
behaviours: we describe our behaviour-based architecture for action selection,
we present the Mar vin languageand we intro duce the useof constraints in our
model. Before concluding this paper, we shortly describe the InViW o toolkit in
section 5.

2 Related work

2.1 Beha viour-based architectures

Classical Arti�cial Intelligence considerscognitive agents, which have symbolic
representations of their environment and reasoningcapabilities, in order to plan
long-term actions. R. Brooks opposesthe so-called\new Arti�cial Intelligence"
to the cognitiveapproach, becauseof the complexity of the external environment
to be symbolically represented [7]. This bottom-up, reactive approach is strongly
inspired by ethology and biology; it has been successfullyapplied to virtual
creaturescalled animats [5,27,30,33] and to behaviour-basedrobotics [1,7,22].
As purely reactive agents lack of reasoningabilities and high-level, task-oriented
behaviours, many authors have beenadvocating for hybrid agents that combine
reactive and cognitive skills and that are thus able to have both re
ex and
deliberative reactions [1,12,20].

In behaviour-basedarchitectures, sensing,action selectionand acting are dis-
tributed amongindependent basicbehavioural modules, that interact for achiev-
ing particular agent tasks (eating, mating, avoiding predators, etc.). The global
behaviour of the agent emergesfrom the interaction of the concurrent modules.
Behaviour-basedarchitectures have been�rst investigatedby R. Brooks and his
well-known subsumptionarchitecture, which consistsin hierarchical layersof con-
current behaviours combined with inhibition mechanisms [6]. This architecture
hasbeenusedfor controlling robots that should quickly respond to dynamic and
unpredictable environments.

2.2 Virtual agents

The reactiveapproach hasbeenextensively usedto animate virtual creatures,es-
pecially for navigation, obstacleavoidance,schooling and pursuit simulation [23,
24]. A classicalexample is presented in [34]; the authors have produced realistic
animations of arti�cial �shes by adding biomechanical models to a behavioural
architecture. Behaviour-basedanimations are usually only aimed for spectators
that cannot interact with the virtual entities. Yet, there is a strong need for
highly-in teractive agents, for example in MUD-lik e worlds, which are designed
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for gaming and chatting. In such environments, the userbecomesa \sp ectactor"
interacting with assistants like hosts and security guards [21], chatterbots like
Julia [17], arti�cial pets as in the ALIVE system [18] or virtual humans [3,31,
35].

2.3 Describing the behaviour of hybrid agents

Finite-state automata are traditionally used to describe reactive behaviours.
Game characters [15] or vehicle simulations [9,19] make useof hierarchical par-
allell automata, which reducecomplexity when designingand executing concur-
rent behaviours. In particular, the PaT-Nets (Parallel Transition Networks)
have been intro duced for simulating virtual humans [2]. The main drawback of
�nite-state automata lies in their poor maintainabilit y: a minor modi�cation of
the behaviour speci�cation can lead to the completerede�nition of the automata.

Speci�c languageshave been designedfor high-level behaviour scripting [3,
16], in particular for reviving the cognitive approach in the �eld of computer
animation [11]. The PaT-Nets have been recently extended with an abstract
action model to provide high-level description and parametrization of generic
actions [3]. Some e�orts have also been made to propose intuitiv e graphical
programming, for example in the Vir tual Fisht ank project [32].

3 The InViW o model

3.1 InViW o agents and worlds

We focuson decentralized virtual worlds, whereno entit y is in chargeof manag-
ing the world. Unlike in [14], where the authors distinguish virtual humans and
smart objects, we havechosenan homogeneousapproach: we considerany object
as an agent becauseeach object can possibly autonomously react to incoming
events. An InViW o world is therefore a uniform multi-agent system, and the
environment of an agent is just the set of the other agents. An InViW o world
is basically a set of agents, with no speci�c organization; such a world evolves
depending on the agent interactions, creationsand destructions. InViW o agents
are fully autonomous:the internal state and the behaviour of an agent cannot be
directly manipulated by an external entit y (a scenemanageror another agent).
Simpler agents are reactive, but agents that have a structured memory can useit
to build their own representation of the environment, in order to make temporal
and spatial reasoning.

Our agents communicate with each other via what we call stimuli . Stimuli
are typed messages,which can contain structured data. Interaction with the
environment is thus achieved only through message-basedcommunication, ac-
cording to three modes: unicast, multicast and broadcast communication. The
InViW o world designercan de�ne multi-lev el communication within the same
virtual world by describing appropriate interaction protocols betweenagents.
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3.2 Arc hitecture of the InViW o agents

An autonomous agent is a computational entit y that is able to perceive its en-
vironment and act on this environment. It is autonomoussince it decideswhat
to do depending on the received stimuli, its own resourcesand its goals. The
behaviour of an agent consists of a set of decision rules which lead to action
selection.As shown in �gure 2, an InViW o agent is made of a set of attributes
representing the characteristics of the agent (e.g. its shape, position, or mood)
and its knowledge(e.g.a personalmap of the world), sensorsto perceive internal
and external stimuli, e�ectors to perform internal and external primitiv e actions,
and a decisionprocess.

Sensors

Filters

external stimuli
internal stimuli
value modifications

Decision
process

Effectors

Arbiters

Attributes

Percepts Propositions

Fig. 2. Basic architecture of an InViW o agent.

E�ectors encapsulateabstract actions to be realized through combinations
of primitiv e actions. Three primitiv e actions are available:

{ Sendan external stimulus (according to a speci�ed communication mode).
{ Modify the value of an attribute.
{ Modify the agent structure by adding or removing a component. This kind

of actions enablesevolutiv e agents.

An internal state modi�cation, either a structure or an attribute change,
causesthe appropriate internal stimulus to be generated. Sensorscan receive
both external stimuli from the environment and internal stimuli from inside
the agent. Figure 2 only represents the attribute modi�cation and reaction, for
clarit y purposes.

Sensorstranslate the received stimuli into perceptsand sendthose percepts
to the decisionprocess,after a �ltering step. Activ ation bounds can be speci�ed
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in the sensorsas facilities for external stimulus �ltering. The decisionprocessis
made of independent decision-making units called behavioural modules, which
run concurrently to select actions to be performed. A behavioural module is
basically a set of rules activated on the received percepts, and that lead to
action propositions madeto the e�ectors (seesection4.1 for details). The arbiter
associated with an e�ector should solve the con
icts betweenthe requestsfrom
the concurrent behavioural modules when needed: the decision processof an
agent is thus sharedbetweenthe behavioural modulesand the arbiters, as in the
DAMN architecture [28]. The e�ectors �nally perform the chosenactions.

3.3 The InViW o avatars

Within a virtual world, the human operator (or user) is usually represented by
an avatar, which is in chargeof two separatetasks: it represents the user towards
the other users,and it includes navigation and basic perception capabilities. In
most cases,the object representing the user can move within the world and a
camera gives him/her a subjective view of the 3D scene.The simplest way to
integrate usersinto InViW o worlds is to considerthe avatar as an agent, which
both represents the user towards the other agents, and gives him a personal
view of the environment with the capability to act on it: an InViW o avatar is
a speci�c agent, which can be interactively controlled by a human operator. We
thus prefer to refer to the InViW o avatar asa mediator of the user, rather than
to his/her representation, since it is a bidirectional translator:

{ It receives external stimuli, and it informs its user about its internal state
and about the environment.

{ It executesusercommandsby modifying its attributes and structure and by
sendingexternal stimuli into the environment.

As shown in �gure 3, the interaction betweenthe user and his/her avatar is
realized by adding speci�c stimuli called user stimuli . The user interface should
be able to sendand receiveuserstimuli in order to communicate with the avatar.
This model makesthe user interface completely independent from the avatar; it
also enablestwo original usesof avatars:

{ A user can control several avatars in the sameInViW o world, and thus be
represented by di�eren t characters and perceive the world through di�eren t
points of view, at the sametime.

{ An avatar can be controlled by several users,and thus becomea \m ulti-user
avatar".

In many existing systems,the user can have multiple views and perform ac-
tions in the virtual world, even if the avatar does not have the corresponding
sensorsand e�ectors. We think that a user should not be able to do more than
his/her avatar can do: the user partly controls his InViW o avatar, but he/she
can be constrained by its abilities. When autonomous enough, the avatar may
assistthe userby executing repetitiv e or high-precision tasks, like walking on an
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Fig. 3. The InViW o avatar, the user interface and the user.

irregular ground or grasping a glassof water. Moreover, the avatar can have its
own personality, and thus constrain the user in a role, in order to get a believ-
able behaviour: for example, a user should not be able to control the lurching
behaviour of his drunk avatar.

As an InViW o avatar is an agent, the avatar autonomy can be achieved
with little e�ort: in the example of �gure 1, the avatar is basedexactly on the
samebehavioural modulesas the rabbits. We just added the abilit y to take user
inputs into account by adding avatar-speci�c behavioural modules and the cor-
responding userstimuli: the usercan request to go forward or backward, to turn
right or left and to stop walking. Without having to program the corresponding
behavioural modules twice, we obtain a semi-autonomousavatar, which avoids
static and dynamic obstaclesby itself. Con
icts between the autonomous part
and the user-controlled part of the agent are solved by the arbiters in an homo-
geneousway.
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4 Describing virtual agent behaviours

4.1 The behaviour-based architecture

Our behaviour-based architecture for action selection is strongly inspired from
the principles of reactive synchronous systems,in particular from the Esterel
language[4]. The InViW o behavioural modules are reactive, concurrent units
that should respond instantaneously to input signalsby emitting output signals;
it meansthat output signalsshouldbeproducedin the sameinstant (timestep) as
input signals.Signalsare typed messages,which can contain structured values.
The outputs of a module can be routed to the inputs of other modules, by
creating speci�c channels; this connection is possible only if the linked ports
have the sametype. As shown on �gure 4, the perceptsbuilt by the sensorsare
actually signals,as well as the action propositions received by the e�ectors.

s1 s2

s1

s2
s3 s1

s2

s3

Module 2

Module 1 Module 3
s1

s1

s2

Effector 2

propositions
Action

Percepts

s1

s2

s1

Effector 1

Sensor 2

Sensor 1

filter

filter arbiter

arbiter

Fig. 4. Example of a behavioural network.

A behavioural module is basically made of a decision process,and possibly
of internal variables and encapsulatedsubbehaviours. The decision processis
roughly a set of decisionrules, triggered when speci�c signalsare received. The
activation of a rule leads to the emissionof output signals and possibly to the
modi�cation of internal variables.Sensorsand e�ectors aresimilar to behavioural
modules, with somedi�erences:

{ A sensor has no input signals, as it receives stimuli; its �lter is able to
translate the received stimuli into signals.

{ An e�ector has no output signals, as it performs internal and external ac-
tions; its arbiter is able to perform primitiv e actions, such as sending an
external stimulus or modifying the value of an attribute.

We have described a decomposition of the decisionprocessinto independent,
concurrent behavioural modules.This decomposition enablesmodular program-
ming (e.g. in Mar vin ) as well as visual component-based description of the
behaviour of an InViW o agent.
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4.2 The Marvin language

The Mar vin languageis clearly inspired from Esterel , with the addition of
object-oriented and agent-oriented features. Agents and agent components are
speci�c objects. Behavioural modules described in Mar vin are composedof an
interfaceand a body: input and output signalsare declaredin the interfacepart,
and the body part contains a composition of imperativeand reactiveinstructions.
A behavioural module can only modify its own state or emit output signals.
Sensorsand e�ectors are syntactically similar to behavioural modules, to keep
an homogeneousdescription language.

The following example of a Mar vin description shows how we can describe
the management of the agent energylevel. This level decreasesat each timestep
of the agent or when the Loose signal is received. We assumethat the attributes
energy and energy step do exist; those attributes can be read by using the
owner keyword, which refers to the agent:

behaviour loose_energy
in Loose (int) ;
out Reduce (int) combine with + ;

body
loop

wait
Tick -> emit Reduce (owner.energy_step)

| Loose (a) with [ a > 0 ] -> emit Reduce (a)
end wait

end loop
end body

end behaviour

The Tick signal, used in the �rst reactive rule, is a pure prede�ned signal
corresponding to the internal clock; it doesn't needto be declaredin the module
interface. The secondrule makes use of a guard concerning the received signal
parameter; this guard ensuresthat the reaction will only lead to a decreasingof
the energy level. Such a guard can also be applied to the agent attributes or to
the internal variables of the module.

The two rules can be activated simultaneously if both signals are received
at the sameinstant; those rules can thus emit simultaneous di�eren t values for
the Reduce signal. To avoid inconsistencies,we have to de�ne a combination
method for this output signal; when both rules are triggered, the two emitted
valuesare added(+) in order to get only onesignal value for the current instant.
The module we have de�ned should be linked with the appropriate sensorsor
other behavioural modulesso it can be activated; it should alsobe routed to the
appropriate e�ectors so it can have an e�ect on the energy attribute.

The next example describes a sensor,which supervises the energy level in
order to warn the other behavioural components when its value falls below a
speci�ed threshold; we assumethat this threshold is an agent attribute. This
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behaviour is realized by waiting for the internal stimulus energy , with the
appropriate guard:

sensor energy_sensor
out Dead ;

filter
waitstim _energy

with [ owner.energy < owner.min_energy ] -> emit Dead
end filter

end sensor

In the following example, we describe an e�ector, which accepts two kinds
of action propositions: adding or subtracting a given quantit y to the energy
attribute. The set primitiv e a�ects the given value to the attribute (known by
its identi�er) and then generatesthe associated internal stimulus:

effector energy_effector
in Add (int), Subtract (int) ;

method sum (l)
q <- 0 ;
foreach p in l do

q <- q + p
end foreach ;
return q

end method

arbiter
loop

add <- 0 ; sub <- 0 ;
wait

all Add as propositions ->
add <- sum (propositions.values())

| all Subtract as propositions ->
sub <- sum (propositions.values())

end wait ;
set (owner.energy.id, (add - sub))

end loop
end arbiter

end effector

The \ all S as var" construction meansthat all the S signalsreceived simul-
taneouslywill be placedin a dictionary called var . This construction enablesthe
arbiter to processthe multiple propositions made by the behavioural modules
for the current instant. As an e�ector is an object, we can de�ne a method sum
for factorizing code.



The InViW o Toolkit 11

4.3 Using constrain ts

Constrain t solv ers for arbitration A constraint is simply a logical relation
betweenseveral variables,which restricts the degreesof freedomof the variables,
that is the possiblevaluesthe variablescan take in their speci�c domain. A con-
straint thus represents somepartial information relating the objects of interest.
The whole idea of constraint solving is to start reasoningand computing with
partial information, ensuring the overall consistencyand reducing as much as
possible the domains of the variables in order to prune the search space.Con-
straint Programming combinesthe declarativit y of high-level languageswith the
e�ciency of specializedalgorithms for constraint solving, sometimesborrowing
techniquesfrom Operations Research and Numerical Analysis [29]. It hasproved
to be very successfulfor Problem Solving and Combinatorial Optimization ap-
plications. While constraint solvers can be enhancedby using agent-based ap-
proaches,multi-agent systemscan take advantage of the constraint computation
paradigm [10].

In the InViW o framework, constraint solvers can be usedin the arbiters, in
order to choosethe actions to perform accordingto the propositions given by the
behavioural modules.Classicalconstraint solverscan combine non-contradictory
actions to get emergent behaviours. For example, a left move combined with a
right move will lead to go straight. To handle possibly contradictory actions, we
need to use soft constraints solvers, as detailed in [13]. Soft constraints are no
more simple boolean logical relations, but are valued in a semi-ring structure.
For instance, fuzzy constraints are valued in the set [0::1] equiped with max and
min as additiv e and multiplicativ e operations.

Goal constrain ts and adaptiv e search Constraints can also be used to ex-
presshigh-level goalsin a declarative way: we call goal constraint a relation that
the agent should try to achieve whenever it is not satis�ed. We cannot consider
classical Constraint Programming to handle dynamic and unpredictable envi-
ronments: we therefore proposea new solving method called adaptive search to
iterativ ely selectactions that will eventually lead to the satisfaction of the goal
constraints [8].

At each timestep, the agent should selectthe best action, in order to reduce
the discrepancybetweenits current state and the overall satisfaction of the set
of goal constraints. It is thus possible to reactively adapt the agent behaviour
to a changing environment. It is worth noticing that behaviours are stated in
an implicit way by giving a set of constraints and not in an explicit way, for
example by giving a precise tra jectory. Our framework can be used as a mo-
tivation architecture for virtual creatures, by considering constrained variables
for denoting internal states (e.g. energy level or thirst), and goal constraints for
de�ning internal needs(e.g. the energy level should stay above a given value),
routine behaviours (e.g. if the energy level is too low, go for food) or external
desiredproperties (e.g. stay away from predators).

We need the abilit y to handle internal variables, parametrized inputs and
dynamic representations of goals to be achieved. Constraints are used to state
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goals,or morepreciselypartial goals,that the agent hasto achieve.The primitiv e
spatial constraints for autonomousnavigation are:

{ in(r egion): stay within the zonede�ned by region
{ out(region): stay outside the zonede�ned by region
{ go(object) : move towards the location of object
{ away(object) : move away from the location of object
{ attraction(stimulus) : move towards the sourceof stimulus
{ repulsion(stimulus): move away from the sourceof stimulus

Thesedeclarative constraints will reduceto somearithmetic constraints. For
a circle region, the in(r egion) constraint will for instance reduceto:

agent:position � r egion:center < region:r adius

It is clear that a combination of such goal constraints could produce quite
complexbehaviours: a following behaviour can be simply obtained by combining
a go constraint and an out constraint, in order to move towards the followed
object but not too close.The limited set of primitiv e goal constraints has been
chosen becausee�cien t methods can be designedto solve them. Indeed, one
can de�ne a repair mechanism for each constraint: this mechanism will propose
an action that could reduce the degreeof violation of the constraint whenever
the constraint is not satis�ed. For example, the repair action for a go constraint
could perform the following navigation step in the direction of the target object :

agent:position = agent:speed� kobject:position � agent:position k

Let us now detail how to solve a combination of goal constraints by choosing
the most appropriate repair action. Local search methods, such assimulated an-
nealing or geneticalgorithms, are working by iterativ e improvement over an ini-
tial state and are thus well-suited to reactive environments. The basicalgorithm
consistsin starting from a random con�guration, explore the neighbourhood and
then move to the best candidate; this processwill continue until a satisfactory
solution is found.

In our framework, we select the adequate repair action whenever goal con-
straints are not fully satis�ed. The input of the method is a set of variables
V , a set of constraints C over V , and a cost function F to be minimized (for
example, the number of violated constraints). For each constraint, we needalso
an error function giving an indication on how much the constraint is violated.
Adaptiv e search seeksto reducethe error on the worsevariable. It also include
an adaptive memory module to prevent being trapp ed by local minima, like in
the Tabu search method: each variable leading to a local minimum is marked
and cannot be chosenfor new iterations. The algorithm starts from a random
assignment of the variables in V , and then repeats the following steps until a
solution is found or the maximal number of iterations is reached:

1. Compute scores of constraints in C and combine scoreson each variable.
2. Select variable X with highest scoreand evaluate cost of all possiblemoves

from X.
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3. If no better move then mark X tabu else select the best move and change
the value of X accordingly.

This very simple method is surprisingly e�cien t to solve complexcombinato-
rial problems such as the well-known \magic square" puzzle (see[8] for details).
This framework alsonaturally copeswith over-constrainedproblems.As de�ned
above, this method doesnot perform any planning, as it only computesthe next
move out of all possible current moves. A simple extension would be to allow
somelimited planning by consideringnot only the immediate neighbours but all
con�gurations on paths up to a given distance, and then chooseto move to the
neighbour in the direction of the most promising node. Therefore the method
can plan for the best tra jectory in a limited time-window. Goal constraints are
expressedin Mar vin as speci�c entities, basedon behavioural modules.

5 The InViW o to olkit

The current protot ypeof the InViW o toolkit is developed in Java, to beportable
and to take advantage of simple GUI design. We use the Java3D API for dis-
playing the 3D view of avatars.

The low-level library implements a programming interface and an execution
platform. The platform is in chargeof executingagent behaviours and of handling
the communication betweenentities. The API provides the basic genericagent
and avatar components we described in sections 3.2 and 3.3. Programmers
can easily extend our model and develop new components. No interpreter for
the high-level language is available at the moment: Mar vin descriptions are
speci�cations that we manually translate into Java programs, which make use
of the InViW o API.

6 Conclusion

We have proposeda multi-agent model for inhabited virtual worlds, i.e. worlds
populated with autonomous agents and avatars. We have designeda synthetic
agent architecture, in order to easethe description of virtual creatures.We have
extended this architecture to integrate avatars while keeping an homogeneous
model; moreover, avatars can be partly autonomous and thus have their own
behaviour or personality.

The control architecture of our hybrid agents is a behaviour-based model,
whereconcurrent behavioural modulesproposeactions and wherearbiters select
�nal actions to beperformedamongthosepropositions.Behavioural modulescan
be spci�ed in the high-level languageMar vin , inspired from Esterel . The use
of constraints extends the expressivity of our language,and makesit possibleto
add someplanning capabilities to the InViW o agents.
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