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Abstract

! A number of behavior-based autonomous robots
with varying degree of reactive functionality have been
built. The principle of avoiding an explicit represen-
tation of goals inside these robots has limited their
achievements to navigation. As a result reactive func-
tionality and goal fulfilling capability have remained
orthogonal. The current autonomous robot architec-
tures focus extensively on modifying the internal com-
putational mechanisms of robots, ignoring the impor-
tant issue of the tradeoffs in robot-environment-goal
fit. We provide results on the latter issue. We de-
velop a model of behaviors, environmental modifica-
tion and goals. Defining the notion of coupling that
captures dependency within the internal structure of
a behavior space, we show that more complex goals
demand higher coupling or more behaviors or a mod-
ification to the environment. We show that making
behavior-based robots goal-directed without introduc-
ing a planner and explicitly represented goals can also
mean making the environment goal-directed or de-
creasing the modularity of the behavior space by in-
creasing the coupling. We argue that these tradeoffs
show a spectrum of architectures for integrating goals
and behavior-based functionality.

1 Introduction

Artificial Intelligence paradigms today are moving
towards a more distributed agent-based architecture.
It is argued that when intelligence is approached in
such an incremental manner, reliance on representation
disappears [3][4]. Early research on robots assumed
environment to be completely static, predictable and
avoided sensory processes, e.g. in the first robot
project [13], Shakey executed simplified plans and ma-
nipulated blocks, with full a priori knowledge of the
types of objects etc. Internal representations were con-
sidered to be responsible for the failure of this approach
in more complex environments. Ideas of Brooks [3]

! Appears in the proceedings of ICRA-1998 (IEEE Inter-
national Conference on Robotics & Automation, Belgium,
pp. 1128-1133).

lead researchers to build robots without global repre-
sentations and hierarchy. Robots in such systems (also
called situated robots) are largely reactive and commu-
nicate though the world by making changes to it that
other robots can perceive. It is argued that intelli-
gence emerges from the interaction of the robots with
the world since such an evidence has been found in so-
cial insects like ants, wasps and bees. Hence traditional
centralized planning is replaced by robot-environment
dynamics.

Since some such reactive robots exhibited problems
like deadlocks and myopic functionality, hybrid archi-
tectures with a deliberative component to fix these
problems as in [2] began to be explored. The previ-
ous research on autonomous robots has concentrated
on adding separate modules to make behavior-based
robots goal-directed. The conventional wisdom is - au-
tonomous robot architectures should be tiered and the
lack of tiering places a serious limitation. We review
this argument in our research here.

We explore the option of modifying the behavior
structure and environment for fulfilling goals, rather
than introducing additional modules like a planner
and/or a sequencer. We show that an environment
has an important role to play in increasing the goal-
directedness of the situated robots. The notation de-
veloped here and the analysis provided are intended
to reveal the tradeoffs in making the behavior-based
robots goal directed. We examine the relation between
the dependency within a behavior space (defined in
terms of coupling in section 2), goals that can be ful-
filled by it and its environment. We discuss the mech-
anisms of externalizing internal states that enhance re-
activity. We show how an increase in the complexity
of goals affects a behavior space and its environment.
These tradeoffs indicate a new spectrum of architec-
tures for integrating goals and reactive functionality.

2 A Model of Behavior-based Interaction

We develop a model of behaviors, goals and environ-
mental modification and use it in section 3 to prove



our results.

e Behavior - A behavior §; is ith behavior of a
robot, where 1 < i <| B |, modeled as a 2 tuple
< s3,¢; > and defined as a mapping from stimulus
s; to consequence c¢;, both expressed in CNF (conjunc-
tive normal form). B denotes the set of all behaviors
of a robot, also called as behavior space. Note that
though this representation of behaviors is same as the
< pre—condition, post — condition > representation of
state transforming actions or operators in the planning
literature, the execution criteria for behaviors and op-
erators are different. The behavior of an autonomous
robot is generally executed once the stimulus is true,
while an operator is executed only if its pre-conditions
are true and the operator is relevant to the goal that
the planner is trying to achieve. Purely behavior-based
autonomous robots do not have an explicit representa-
tion of goals.

e Stimulus - It is assumed that each literal in a
stimulus corresponds to a number of sensor readings,
i.e. sensor readings are processed to extract meaning
out of them and there may be a literal to which this
meaning is mapped. For example, if readings of 10
sonars are all less than a certain limit, a wall or a big
obstacle may be located nearby. Then some literal in
stimulus for the behavior avoid_obstacle will become
true. If there are p sensors, each of which can have m
distinct readings, we do not consider them to be mP”
distinct stimuli, since all these readings can be mapped
to fewer literals. s; may contain implications of the

form i
(N 4m = A\ P
m=1 s=1

(discussed in the definition of coupling in this section),
to model parameter passing among behaviors that is
necessary to make the construction of certain behavior
chains (defined in this section) and hence fulfillment of
certain goals possible (A,,, Ps are predicate symbols).
Such an implication can be converted into clauses, thus
maintaining s; in CNF. The stimulus s; is defined to be
at least as strong as stimulus s; if (s; = s;). Stimuli for
default behaviors like random wandering are assumed
to be of the form —(ay A as A az.... A ap). This means
that the robot wanders as long as a certain condition
is false.

e Behavior chain - Complex behavior occurs be-
cause a number of primitive behaviors (e.g. ;) oper-
ate sequentially and/or concurrently. Here we focus on
the temporal sequencing mechanism that gives rise to
a complex behavior. A behavior chain C' is a tempo-
ral sequence of behaviors {f;, : Bi, : Big : - : Bin}s
where 1 <ip, <|B |, 1 <m < k. B, : Bi,,, is used
to denote that these two behaviors occur immediately

next to each other in time, with the former behavior
preceding the latter. Such a chain is said to be com-
posable from B (denoted by C' <1 B) if behaviors in the
chain are elements of B. All possible temporal chains of
behaviors are not programmed a priori, they get com-
posed in real time in a situation driven manner. The
action of an earlier behavior in the chain changes the
situation in such a way that the newly changed part of
the situation in conjunction with the universe U (un-
affected part of the situation) implies stimulus for the
next behavior. Consider the chain {8; : 83 : fBr}.
Here we may have ¢; = (a\Vb) A(c\Vd) and s3 =
(aVoVe)AleVdV )Nz Here (¢; = s3) if U = 2.

z is not explicitly listed in ¢;.

e Goal Complexity - A primitive goal g; is con-
sidered to be specified as a 2-tuple < I;, F; >, where
I; and F; denote the initial and final states of object
i respectively. These are assumed to be expressed in
purely conjunctive form. A primitive goal is consid-
ered to be more complex if it is to be achieved from
a weaker initial state and should lead to a stronger fi-
nal state. A goal g; is said to be at least as complex
as goal g; if (I; = I;) A(F; = Fj). A non-primitive
goal G consists of a set of such primitive goals. A set
of goals G’ is defined to be more complex than a set
G (denoted by G' >. G) if G’ is obtained from G by
replacing one or more primitive goals g; € G by more
complex goals and/or adding more goals to G.

e Marker - We use the term marker to refer to ((a)
new objects introduced in an environment or (b) new
features added to current objects in an environment
or (c) those features of current objects that were not
used before but used later), with the intention of ex-
ternalizing internal state of a behavior e.g. if a robot
is supposed to collect all tennis balls except those near
a cupboard, one way to design the stimulus is to store
the absolute location of the cupboard in the form of
internal state and design pickup behavior of the robot
not to pick up balls within some radius around that
location. However one can install a red pole near the
cupboard and replace the absolute location of the cup-
board in the stimulus of the behavior by presence of
red pole that can be sensed by vision. The red pole
is a marker. Markers can serve other important pur-
pose besides externalizing internal state, e.g. as a tool
for dealing with noisy sensors and reducing perceptual
computations. But these uses of markers are not con-
sidered here.

A marker is denoted by M; and is described by a con-
junction of its features. For example, a colored cube
kept on a flat surface can serve as a marker and be
described as

Jx3y1, ya (cube(x) A is_face_of (z,y1) \ color(y1,red)



Nis_face_of (x,ys) \ color(yz, green)). A marker M;
is at least as strong as a marker M; if (M; = M;). It
is stronger if (M; = M;) is a tautology and the set of
predicates in M is a proper subset of the predicates in
M;. A set of markers becomes stronger as more mark-
ers are added to it and/or existing markers from that
set are replaced by stronger ones. The relation stronger
is intended to indicate that the stronger marker set can
be used in at least as many ways as the weaker marker
set, for the purpose of externalizing internal states. We
assume that an addition of markers to an environment
does not destroy or hide the stimuli.

e Degree of Reactivity - We are interested in the
reactivity along spatial dimension - the amount of in-
ternal state. Some internal states have to be updated
whenever external world changes. Externalizing states
eliminates such updates since the most recent infor-
mation is available in the world itself. Hence there are
reasons for a robot to be more reactive. Let the set
of predicates occurring in stimulus s; of a behavior f;
be S;. Let the set of those predicates from S; whose
truth value is decided by the robot based on external
information gathered by sensors be S;.. The degree
of reactivity of the behavior is said to increase if S;, is
modified to S}, such that S;. C S}, S}, C S;. The defi-
nition of degree of reactivity is independent of the time
required to sense or deliberate to determine the truth
of predicates and is concerned only with the spatial
dimension corresponding to internal storage.

e Environment - F « E' denotes that the envi-
ronment E' is obtained from the environment E by
adding zero or more markers to E and/or replacing
the existing markers by stronger ones.

e Coupling - Coupling ¢;,, is said to exist between
two behaviors §8; and f,, if values of some variables
in some literals in s, are set by conditions of the
form (/\f:1 Ar = AL, Ps) (explained later here) in
s; and is defined as the function f(k,u) (f is such that
flkyu) > f(K' o) if & > K ,u > o and f(k,u) >
f(E ') if (K > K,u > u) or (k > k' ,u > u'),
f(0,0) = 0 ) where k is the number of literals in
Sm, one or more variables of which are assigned val-
ues by conditions in s; and w is the number of lit-
erals in the corresponding conditions in s;, e.g. if a
robot is to place painting brushes near windows, then
there may not be any coupling between the behav-
ior that picks up a painting brush (say (1) and the
behavior that puts it near a window (say (). In
that case s; = dz(graspable(x) A\ brush(z)) and so =

Jz,y(in_hand(x) \ brush(z) A\ fobot_at(y) N\ window(y)).

If it is desired
that big brushes should be kept near big windows and
small brushes near small windows, s; can be modified

to be s; = Jz(graspable(z) \ brush(z) A(small(z) =
assign(Y, sm)) A(big(z) = assign(Y, bg))) where it is
assumed that in evaluating the truth of the condition
(A, = Ps) (where A,, is expressed in conjunctive form
and P is an atomic formula or a conjunction of atomic
formulas of arity 2, of type assign(z,a), introduced
for the purpose of making assignments), Ps is evalu-
ated to be true only if A, is true and assign(z, a) sets
value of the variable z to a. s> can be modified to be
3z, z(in-hand(z) \ brush(z) \ robot_at(z) \ window(z)
A size(z,Y)). Here 8; and [, are behaviors that
are coupled. The clauses involved in coupling are
(small(xz) = assign(Y, sm)), (big(xz) = assign(Y,bg))
and size(z,Y"). Hence the actual coupling c¢;2 is f(1,4).
The coupling C of a behavior space increases when cou-
pling c;; between some behavior pair ;, 3; increases,
couplings between other pairs staying constant. The
coupling captures dependency among stimuli of behav-
iors and the modifications made to their structure to
fulfill a goal. Coupling, marker strength and goal com-
plexity are relative measures.

3 Effects of Increasing Goal-Directedness

In this section, we discuss our results on relations be-
tween environment, complexity of goals and coupling.

Theorem 1. As the complexity of a goal increases,
the coupling of the behavior space changes from C to
C' where C' > C, when | B |, E are left unchanged.

Proof - Let the goal G' be derived from the goal G
by adding tuples of the form < I;, F; > to G, and/or
replacing existing goals by more complex goals, so that
G' >.G.

When | B | is kept constant and it is desired that
goals not currently fulfilled by the system should be
fulfilled, the only option is to modify the stimuli of ex-
isting behaviors so that they are chained in a certain
way to fulfill the more complex goal. We consider how
the stimuli of behaviors in the current system can be
modified to fulfill the goals g € (G' —G), without drop-
ping any literal | from existing stimuli (since dropping
literals from existing stimuli to fulfill (G’ — G) may
result in some g; € G not being fulfilled).

Case 1. Consider behaviors 3; and f(,, where
s; contains conditions that assign values to vari-
ables in literals of s,,. One can modify the val-
ues that are being assigned in assign(z,a) to fulfill
elements of (G' — G) or rearrange existing literals,
e.g. if instead of dropping big brushes at big win-
dows and small brushes at small windows, it is de-
sired that big brushes should be dropped at small
windows and small brushes should be dropped at
big windows, the assignment conditions (small(z) =
assign(Y,sm)), (big(z) = assign(Y,bg)) in s; can
be changed to (small(z) = assign(Y,bg)), (big(xz) =



assign(Y,sm)). If it is desired that small brushes
should not be moved, s; can be changed to include
(small(x) = assign(Y,sm)) A\ ~small(xz). However
these changes leave k,u (in the definition of coupling)
unchanged. This argument can be repeated for other
pairs of stimuli. Hence C' = C.

Case 2. Stimuli are changed by adding new condi-
tions to s; and/or increasing the number of literals in
Sm, variables of which are assigned values. This leads
to an increase in k and/or u. Let k, u be increased by k'
and u' respectively. In that case, the new coupling be-
tween the behaviorsis f(k+&', u+u') > f(k,u). For ex-
ample, if in the goal of moving brushes, there is a third
category of brushes and windows, say medium, then an
additional condition (medium(z) = assign(Y, md))
will be needed. Here u is increased. If it is required
that brushes of a particular size should be dropped at
only those windows which also have a cupboard of cor-
responding size near them, stimuli will have to be mod-
ified, increasing both k& and u. This argument can be
extended to multiple pairs of behaviors. Since the cou-
pling of at least one behavior pair increases, C' > C.
Hence the proof. O

Only one robot is responsible for moving and
dropping the brush at desired location, once it
picks up a brush in the example of moving
brushes discussed above. To eliminate coupling,
one will have to design multiple behaviors for
picking and dropping, e.g. separate behaviors
for picking brushes of different sizes with stimuli
Jz(small (x) \ brush (z)), Jz(big (x) A\ brush (x)) and
Iz (medium (x) \ brush (x)) and corresponding behav-
iors for dropping the brushes. Then even if a robot
picks up a brush and drops it at an incorrect location,
other robot can pick it up and drop at the correct loca-
tion independently. This suggests another dimension
of analysis.

Theorem 2. If the coupling of a behavior space is
changed from C to C', C' < C, keeping | B | fixed, ful-
filling original goals requires introduction of m mark-
ers, m > 1.

Proof - Since coupling of the space is reduced, there
exists a pair of behaviors, 3;, 8m, such that the cou-
pling ¢;,, between them is reduced. This means that
either the number of literals in s,,, variables of which
were assigned values by conditions in s; were reduced
and/or the number of literals in conditions in s; mak-
ing truth assignments were reduced (the coupling ¢;p,
reduces in these cases). These changes will either re-
sult in variables in literals in s,, not having any values
assigned to them or variables that have some value as-
signed arbitrarily (these values are not set by conditions
in s;, e.g. instead of letting a condition in s; set value

of V in at(Y) in s,,, one can force it to some arbi-
trary value and reduce the coupling) or variables that
have incorrect values assigned, resulting in fewer goals
fulfilled or an undesired behavior. One has to then
create markers that act as substitutes for the values
to be assigned, (e.g. one can write the size of win-
dow near which a brush is to be dropped on the brush
itself and then modify the previously discussed stim-
uli s1 = Jxz(graspable(z) A\ brush(xz) \(small(z) =
assign(Y,sm)) A(big(z) = assign(Y,bg))), s2 =
Jz,y(in_hand(z) A\ brush(x) A robot_at(y) \ window(y)
Asize(y,Y))

to s1 = Fx(graspable(z) \ brush(z) A\ has_word(z))
(has-word(x) means that x has a word written on it)
and sy = Jx,y, z(in_hand(x) A\ brush(xz) A\ robot_at(y)
N\ window(y) A\ on(z, z) \ word(z) \ size(y,z)). This
introduces m > 0 markers, hence the proof. O

From Theorem 1, Theorem 2 and the definition of
environmental transformation, we have

Theorem 3. When a goal G to be fulfilled by a
behavior space in environment E is modified to more
complex G’ (G' >, G) and the coupling C and | B |
are kept constant, fulfilling G’ requires modification of
E to E', such that F oc E'.

This result also shows that making a behavior-based
robotic system goal-directed may also mean making its
environment goal directed, since markers are seeded in
the environment to bias the behaviors towards fulfilling
goals.

4 Behavior-based House Cleaning

We discuss here how the ideas presented before can
be used. Consider a robot with following behaviors
for house cleaning -
pick_air_freshener(B1), drop-air_freshener(f8s),
spray-air_freshener(fs), wander(84),
pick_floor_mop(Bs), sweep_floor(Bs),
drop_floor_mop(Br), pick_bowl_scrub _brush(fs),
drop_bowl _scrub_brush(fy), scrub_bowl(S10),
pick_tub_scrub_brush(B11), drop_tub_scrub_brush(B:2),
scrubtub(B13). Consider the goal of sweeping the
floor. The chain {85 : B¢ : B} fulfills this goal. Once
the robot picks up the mop, it should sweep the floor.
However it is possible that it will drop the mop im-
mediately, since having the mop in hand provides the
stimulus for dropping it. To increase the probability
of execution of the chain {85 : B}, we can couple the
behaviors (5 and 4, so that 35 sets values of variables
in literals in the stimulus of wander to wander till dirty
floor is found. Once a dirty floor is found, the stimulus
of B¢ will be triggered and the floor will be swept.

If one decides not to introduce the coupling, one can
introduce a marker in the environment and design the
stimulus of the behavior wander to move the robot



till the marker is found. It is possible that the mop
will be dropped at an undesired place after the floor
is swept. To prevent that, one can introduce a differ-
ent wander behavior to ensure that the robot moves to
the correct place for dropping the mop. One can avoid
the introduction of the new wander behavior by intro-
ducing coupling or adding more markers. The chain
{B1 : B3 : P2} freshens air. The chain {83 : f1o : Po}
cleans toilet bowl. The chain {811 : Si3 : Si2} fulfills
the goal of cleaning the bath tub. To reliably compose
these chains, one can introduce coupling and/or mark-
ers, as discussed in the case of sweeping the floor. One
may be required to prioritize the behavior modules to
resolve conflicts.

5 Discussion

We review some architectures of autonomous robots
in this section and show how our approach differs from
them.

Basic behaviors for navigation such as “avoiding ob-
stacles”, “moving towards free space”, “following tar-
gets”, “follow wall”, “explore open space”, “track tar-
get” and “search target” are implemented on robots
[10]. There is no integration of more complex goals
in the architecture. Gat & Dorais [9] propose condi-
tional sequencing as a mechanism for navigation. A
conditional sequence is similar to a script. They have
implemented navigation behaviors like “dead reckon-
ing”, “avoiding obstacles”, “following walls”. Saffiotti
et al [14] argue that engaging in more purposeful activ-
ities than wandering requires more than pure reactivity
and that an explicit reasoning to fulfill goals is needed.
Their work fits in the tradition of the “two level” ap-
proaches to robot control in which a strategic planner is
used to guide a reactor. Simmons’ methodology in the
task control architecture [16] is to first develop systems
having sequential sense-plan-act cycles and then use
additional facilities to add concurrency. He says that
the decision making for autonomous robots should be
a combination of both reactivity and planning. Con-
nell [5] proposes a three layer architecture with sym-
bolic, subsumption and servo layer (which directly in-
teracts with the world). The symbolic layer maintains
a world model and takes strategic decisions. Lyons &
Hendriks [11] advocate a combination of the ability to
plan and react. Their planner maintains a world model
and tunes the behavior of reactor to achieve goals. Fu-
jimura [7] presents a distributed approach for multi-
robot navigation. Each robot plans reactively and the
plans may be aborted, revised or completed, depending
upon the situation. This is similar to a planner-reactor
style hybrid architecture.

Behavior hierarchies are proposed by Seeliger &
Hendler [15] to avoid explicit planning. However these

hierarchies provide a detailed guidance for achieving
the goals. Such hierarchies are provided by a do-
main expert and may not always be available. The
most abstract modules lie at the root of behavior hi-
erarchy and they are triggered by an explicitly stated
goal rather than environmental stimuli. Maes [12] pro-
poses an algorithm for autonomous action selection
that combines the characteristics of both traditional
planners and reactive systems. This algorithm makes
it possible for one to trade off goal-orientedness for
situation-orientedness, bias towards ongoing plans (in-
ertia) for adaptivity, thoughtfulness for speed and ad-
just sensitivity to goal conflicts. However the activa-
tion from goals and the current situation is computed
and spread in an ad-hoc manner, making the outcome
unpredictable.

Behaviors like “avoid obstacle”, “decelerate at
curve”, “decelerate at narrow road”, “wander”, “follow
left edge”, “follow right edge”, “follow road” are imple-
mented using potential fields in [17]. Huber & Grupen
[18] propose a hybrid discrete event dynamic systems
approach to robot control in which reactive module
and a symbolic reasoner to generate control strategy
are used. Ferguson [19] proposes a hybrid architecture
combining deliberative and reactive control.

It is true that autonomy does not necessarily entail
an extreme level of intelligence. For example, an ant
is autonomous, though it does not exhibit higher level
of intelligence. Though an automated chess player ex-
hibits higher level of intelligence, it is not autonomous.
As a result, it is the criterion of autonomy rather than
intelligence, that was used to evaluate the success of
the early implementations of behavior-based agency.
Explicit goals and reasoners were added on the top of
behavior spaces, since goal fulfilling functionality did
not always emerge from the robot-environment inter-
action.

Though only a few hybrid architectures have been
quoted here, the actual list is very long. Gat [8] ar-
gues that it is easy to combine different computational
mechanisms, and hence an architecture should be het-
erogeneous. He describes a hybrid architecture that in-
tegrates classical world models with reactive systems.
Despite such claims, the division of functionality be-
tween reactor and planner remains a matter of consid-
erable debate. Does learning overcome these limita-
tions 7 A closer look at the learning in situated robots
shows reinforcement learning to be the most widely
used form of learning. Dorigo & Schnepf [6] report a
simulated robot that learns to follow light and avoid
hot dangerous objects. This however turns out to be
an even more challenging task, since both the behav-
iors as well as the co-ordination among them has to



be learnt (whereas reactors have a ready to use set of
behaviors and planners have pre-canned co-ordination
strategies). Though learning is more suitable for do-
mains where such pre-canned sets are not available,
the difficulty in specifying the right reward and pun-
ishment functions has placed a limitation on the suc-
cess of these architectures. We do not claim that our
approach of introducing coupling and/or markers is an
alternative to learning. However our approach does
address the problem of orthogonality of reactive and
goal fulfilling functionality, without introducing het-
erogeniety, an issue that the architectures of learning
for situated robots are struggling with.

Clearly, higher coupling between behaviors makes a
behavior space less modular. Instead of using a planner
and/or sequencer to compose goal fulfilling behavior
chains, we modify the < s;,¢; > type behavior struc-
ture itself and/or the environment. Such a structural
modification increases the probability of goal fulfill-
ment and makes the behavior-based robots more goal
directed. We do not argue that such modifications can
always replace an explicit planner. However they chal-
lenge the belief that reactive behaviors need explicit
planners for tasks more complex than simple naviga-
tion. Planners in the current hybrid architectures fulfill
goals at the cost of reactive functionality. Since the in-
troduction of coupling and markers does not explicitly
select and order behaviors to achieve explicit goals, our
approach is different from the previous architectures.

6 Conclusion

Our results apply to other kinds of autonomous
agents as well, e.g. some search algorithms of a soft-
bot trying to retrieve data fulfilling certain character-
istics from a database can be viewed as its sensors and
markers can be introduced in the database to assist
the search algorithms. Balch and Arkin [1] describe
reactive robots that use potential fields to compute be-
havioral response. Even if our first order logic based
< si,¢; > representation is changed to some other,
say potential fields (which considers stimulus to be a
summation of potential fields that are attractive or re-
pulsive, and hence stimulus there is a grey level value
rather than boolean), our arguments about relations
between coupling, goal fulfilling capability and envi-
ronmental transformation continue to apply.

We showed that more complex goals increase cou-
pling and that trying to eliminate coupling increases
the number of required behaviors or markers. Hence
it can be concluded that fulfilling more complex goals
while curbing the coupling either makes B more com-
plex to debug (due to increase in the size) or makes the
environment more goal directed, requiring reasoning
about the impact of markers on overall functionality

of the robot. The size of a behavior space, environ-
ment and the coupling have an impact on the amount
of testing required to verify that the robot will ex-
hibit an acceptable level of reactive and goal fulfilling
functionality. The environment affects the perceptual
computations and the goal complexities are related to
a customer’s expectations from the robot. The trade-
offs we showed indicate a rich space of behavior-based
architectures that no longer require reactivity and goal
fulfilling capabilities to be orthogonal and provide flexi-
ble options for integrating goals with behaviors, main-
taining the homogeniety of the computational struc-

ture.
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