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Abstract
1

This research focuses on robot behaviors which use
minimal communication and rely mostly on changes in
the environment as their cue for action. The behavior-
based paradigm for building autonomous robots has
recently become very popular because of its successes,
use of the world as an external memory and replace-
ment of classical planning by agent-environment dy-
namics. However there are no metrics for evaluating
and improving the behavior spaces. Our aim here is to
bridge this gap. We define novel metrics (power, use-
fulness, flexibility, modularity and scalability) and in-
vestigate the properties of behavior spaces using them.
We use these metrics to present results on modifica-
tions to individual behaviors and addition of new be-
haviors to the behavior spaces. We discuss the case of
a behavior-based robot operating in kitchen to illus-
trate the significance of our metrics and discuss how
the utility of our metrics remains valid in other be-
havior representations.

1 Introduction

Behavior-based systems became popular in robotics
with the work of Brooks [2], who challenged the delib-
erative paradigm in Al by building stimulus-response
based robots, also known as behavior-based robots. A
typical behavior-based robot is a collection of several
independent task-achieving modules with a simple dis-
tributed control mechanism. Each behavior mediates
directly with the external world and behaviors are in
a parallel control structure, as opposed to the tradi-
tional serial structure where interaction with the world
is processed serially through sensors, reasoners, plan-
ners, actuators, etc. All behavior systems attempt to
reduce or eliminate the centralized shared memory, re-
lying instead on parameter passing and communication
between individual behaviors.
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Successful results have been achieved using this
strategy in the can collection robot [3], navigation
of mobile robot [1], 6 legged walking robot [6], au-
tonomous rover Rockey-III that navigates through
rough outdoor terrain and collects soil samples [7],
behavior-based flying vehicle that won the aerial
robotics competition [8], 12 degree of freedom hyper-
redundant serpentine robot that navigates complex
pipe structures and inspects them [9], walking robot for
exploring volcanic craters [10] and a robot that learns
how to push boxes [4]. The behavior-based model had
a deep impression on Artificial Intelligence and sev-
eral journal issues have recently been devoted to de-
bating this approach (Artificial Intelligence v.47, 1991,
Robotics & Autonomous Systems, v.6:1, 1990, Cog-
nitive Science v.17, 1993, Artificial Intelligence v.73
1995).

However there are no metrics to compare behavior
systems. The design of behaviors is an ad-hoc process
and different designers come up with different sets of
behaviors for the same task. How should these behav-
ior spaces be compared and evaluated ? How should
they be modified to change functionality? How should
the effects of such modifications be evaluated ? This
is not clear. If the behaviors do not work, either the
environment is modified or some heuristics are added
to the programs. Though testing in real world is essen-
tial, it currently lacks formal foundations. We set out
to answer these questions and bridge the gap between
the design of behavior spaces and their testing in the
real world. We develop some metrics for an evaluation
of the behavior spaces and use them to arrive at our
results. We discuss the case of a kitchen management
robot to illustrate the significance of our results. In
conclusion, we discuss why these results are important.

2 What Is a Behavior ?

We consider a system of agents in this work. All
changes to the world are caused by the action of one of
these agents, which are interchangeably called behav-
iors. Nobody changes the world except these agents.



The essential notion of a behavior is a mapping from
a stimulus to a consequence. In this work we followed
the psychologists and adopted a 3-tuple model of be-
havior: stimulus, action, consequence (also referred to
as response in this paper). Thus a behavior §; is de-
noted by < s;,a;,¢; >. In the examples and proofs
that follow, the stimulus s; and the consequence ¢; are
defined using first order predicates as in Brooks’ sub-
sumption architecture. In this article, the stimuli and
consequences are assumed to be in pure conjunctive
form, though our conclusions apply to non-conjunctive
forms as well.

2.1 Behavior Chain
We define a behavior chain and the corresponding task
as follows.

e Behavior Chain: a temporal sequence of behavior
modules { 8, : Bi, : Big ¢ - : Bi, }. Here the action of
the earlier module changes the situation in such a way
that the newly changed part of the situation provides
stimulus for the next module in the sequence.

e Task: A task is defined as a transition from an ini-
tial state of the world to a new state, achieved through
a temporal chain of behaviors. In particular we are
interested in defining a measure of the number of tasks
that are potentially fulfillable. These correspond to
all possible temporal chains of behaviors. Where this
is achieved by executing behaviors in a temporal se-
quence, tasks can be enumerated by the total number
of chain fragments that are executable. Thus the chain
{1 : Bs : Py} represents a task that is different from
{B1 : Bs}-

At this point, we need to address an issue relating
to all situation calculus models: the finiteness of the
universe. Typically, the set of predicates required for
any set of behaviors is finite. Of this set, only a few
will be affected by the actions in a behavior chain; the
rest constitute the universe, which in the rest of this
discourse, is considered to be a finite set of entities U.
When we write (¢; = si4+1), ¢; contains the entire finite
universe U. For compactness in the explicit statements
below, we do not list all predicates from U and limit
ourselves to those whose change affects the firing of
various stimuli in the chain.

What we mean by the finite universal state can be
clarified by an example. Let the state of the Universe
be X AY AZ and s, = X A\ A. Let us say that
the execution of 8, makes A true. However ¢; is as-
sumed to contain X which is a part of the universe.
Then f; leads to B2 and (¢; = s2). Thus when we
say that {f; : B2}, we mean that a part of s was true
in the Universe and execution of ; causes the rest
of s to become true. This is another version of the
frame problem, which arises in any model of such tem-

poral sequencing, such as the add and delete list model
used widely in planning and knowledge representation.
The model chosen here can be reformulated in terms
of the successor state axioms that Reiter[5] has shown
to be derivable from the positive and negative effect
axiomatic structure.

We define a behavior space B as a set of distinct be-
havior modules, (i.e. no two modules have the same
stimulus and consequence). A temporal chain of be-
haviors C'is said to be composable from B (written as
C<B), if the elements of C are also elements of B. | C |
denotes length of the chain C' (which is same as the
number of behavior modules in the chain). The mem-
bers of a behavior space are denoted by 31, B, ..., B|B|-
2.2 Behavior Metrics
To compare different behavior spaces, we define some
metrics that relate to the effectiveness of a behavior
space.

e Power: A behavior (8 := <s, a, ¢>) is more
powerful than (8" := <s', d, ¢/>) iff (s = s) A(c =
¢). In other words, it can be triggered at least as
frequently as a less powerful behavior and results in
a state that subsumes the older one (Figure 1). A
behavior space B is more powerful than the behavior
space B' iff B' can be obtained from B by replacing
some module 3 € B by less powerful module 8’. By >,
Bs denotes that the behavior space Bj is more powerful
than the behavior space Bs.

Stimuli for behaviors of increasing power

(4) (B) (©)
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can(z) (can(z) V cup(z))

Figure 1: Power: Behavior B can pick up cups as well as cans
(has a more general stimulus). C is even more general. The notion
of power is used to capture this, provided all three behaviors have
the same consequence.

e Span: Behavior space B spans task space 7 iff
and only if V(t € 7) (3(C < B) ful fills(C,t)).

¢ Greatest Potential Task Space 74(B): Is the
set of all tasks that can be fulfilled by behaviors in
B, i.e. the largest task space that is spanned by the
behavior space B.

e Usefulness: The ratio ‘TTL(;‘B)‘. By >, B> de-
notes that the behavior space B; is more useful than
the behavior space Bs. The usefulness of behavior

space B; is denoted by U(B;).




e Flexibility: A behavior space B is at
least as flexible as behavior space B’ iff Vi €
(1a¢(B) N 1¢(B") (3(C < B)(ful fills(C,t) AV (C' <
B") (fulfills(C',t) =| C |<| C" ]))). This means that
B can fulfill tasks with as short or shorter chains (which
can be composed from fewer behaviors). By >; By de-
notes that the behavior space Bj is at least as flexible
as the behavior space Bs.

e Modularity : A behavior space is more modu-
lar if different modules in that space are more inde-
pendent, in the sense of minimal interference between
them. One measure of interference in a behavior space
is the incidence of cyclic behavior (see the definition
of cyclic conflict in section 3). We therefore define the
modularity of behavior space B as the inverse of the
likelihood that cyclic conflicts will arise in the given
behavior space B. B; >,, B> denotes that the be-
havior space Bj is at least as modular as the behavior
space Bs. Modularity, Power and Flexibility are rela-
tive metrics.

e Scalability: We define two disjoint behavior
spaces B; and B; to be scalable together if 7¢(B; U
B;) D (ra(Bi) U g (B;)).

3 Properties of Behavior Spaces

Lemma 1. If B; >, By and By >, Bs, then B; >,
Bs.

Proof - Let the behavior space B3 = BU {f'}. Let
B’ be replaced by a more powerful behavior 5" to derive
the behavior space B, = B U {3"}, so that By >, Bs.
Let 8" be replaced by a more powerful behavior 3"
to derive the behavior space By = B U {3}, so that
By >, B>. Since 3" is more powerful than 3" and 5"
is more powerful than 3', 8" is more powerful than
B'. Hence B; can be obtained directly from Bs by
replacing the behavior 8’ by more powerful behavior
g"'. Hence By >, B3.0

From Lemma 1, we get,

Corollary 1. If a behavior space B’ is obtained
from the behavior space B by replacing some behav-
iors 8; € B by behaviors ] such that each replacing
behavior 3 is more powerful than the replaced behav-
ior f;, then B’ >, B.O

Lemma 2. If B; >; By and By >¢ B3, then By >
B3 if (TG(Bl) ﬂTG(Bg)) g (TG(Bl) N TG(BQ)).

Proof - Since (1¢(B1) N 17¢(B3)) C (r¢(B1) N
ra(By)),

(t¢(B1) N1a(B2) N16(B3)) = (1¢(B1) N 17¢(B3)).
Since (1q(B1) N 7¢(B2) N 17¢(B3)) # ¢, Vt €
(TG(Bl) n TG(B2) n TG(B?,)) (30 < Bl, Cl < BQ, O” <

Bs(fulfills(C,t) \ fulfills(C",t) N\ fulfills(C",t))).

AlSO, since B Zf B> and B, Zf Bg,
| ¢ |<| ¢ |and | €' |<| C" |. Hence | C |<|
C" |. Hence By >y B3.0O

Here we define various types of conflicts that may
occur in behavior spaces and refer to them in some
results in the next sections. In the broad sense of
the word conflict, any behavior chain leading to non-
fulfillment of the desired objectives can be said to con-
tain a conflict. Let a chain C = {8;, : Bi, + .. : Bi, }
, 1 <iy,..iy <| B | (the chain is composable from
B) be the behavior sequence that achieves a desirable
outcome. There are four types of conflicts that can
cause the chain C from not being executed. In each
case, some sequence B, : B, 1 <k < (n—1) must
be broken.

(a)Extraneous behavior Conflict: j; : [,
B'éC, it can be resolved by prioritization.

(b)Cyclic Conflict : This occurs because of an un-
desired repeatition of a behavior chaine.g. {3,
Bipsr = oo F Bigoy 2 Big t Biy t Bippr o Biy
Bi, : ...}. Here the chain preceding j;, executes after
Bi, and the sequence 3;, : f3;,,, is broken.

(c) Skipping Conflict: £; : 8;, f;; € C, j >
(k+1). This type of conflict can be resolved by priori-
tization.

(d) Control Conflict : Stimuli of behaviors 3, , §;;
both belonging to the chain, are triggered simultane-
ously and these behaviors need the same resource to
execute. This may lead to a deadlock if there is no
arbitration mechanism.

4 Effects of Behavior Modifications

Here we investigate the effects of modifying the ex-
isting behaviors in a behavior space.

Many times stimuli are specialized to restrict the
situations under which a behavior is triggered. For
example, if the stimulus s; of behavior f; for clean-
ing dishes is Jz(dish(z) A\ graspable(z)) and it is de-
sired that only those dishes that are on the table
should be cleaned, then this stimulus can be specialized
to 3z, y(dish(z) A graspable(x) A\ table(y) A\ on(z,y)).
The action of a behavior can be modified so that it
results in a weaker consequence. We call this mod-
ification response generalization. For example, con-
sequence c; of the behavior 3; for painting the side
and top of a can is y, z (painted(y) A painted(z) A -
equal(y, z)) (s; is 3z,y,z (can(x) A graspable(x) A
side(x,y) A top(x,z) A\ — painted(y) A — painted(z))).
The action of painting can be modified to paint
only the top, resulting in the weaker consequence Jz
(painted(z)).

Lemma 3. Whenever a behavior space B is modified
to B’ by specializing stimulus s of some behavior § € B
to s’ so that (s = s) A-(s = '), then % >
lre (B)]

|B']

Proof - Let s be specialized to s’ so that s’ = s.
Now tasks or subsequent behaviors fulfillable or trig-



gerable in (s - s') (this difference corresponds to the
states of the world in which s holds but s’ does not)
will no longer be so. Thus we need a new behavior 3"
such that (s" U s’) = s, so that 8’ and 8" together
serve the stimulus set s. This implies that | B | in-
creases and the usefulness of B decreases. Without the
new behavior, | 7¢(B) | reduces. O

Lemma 4. Whenever a behavior space is modified
by response generalization, the flexibility or usefulness
of the behavior space decreases.

Proof - The consequence c of 3 is generalized to ¢’
so that ¢ = ¢’. Thus (¢ — ¢') is not being made avail-
able by 8. Let the behavior space containing 3’ be
denoted by B’. Hence other new behaviors are needed
to complete the tasks requiring (c - ¢'), this increases
| B |. This implies that the usefulness of B decreases.
Addition of new modules increases the lengths of the
chains composed to fulfill these tasks resulting in de-
crease in flexibility. If this not done, then some tasks
requiring (c - ¢') (this should be interpreted as a pure
difference of literals) cannot be fulfilled, this implies
that | 7¢(B') | < | 7¢(B) |. This means that the
usefulness of the behavior space decreases. O

Stimulus specialization and response generalization
can be used to eliminate undesirable cyclic conflicts,
e.g. consider the the cycle {8, : Bi, ., : ... @ Bi,_, :
Bi, : Bi, : : Bi, + PBi, : ...} This can be
eliminated either by specializing s;, to s;p such that
—(ci, = ;) or generalizing the consequence ¢;, to ¢;_
so that =(c; = s;,).

Behavior Modification Theorem. Given two be-
havior spaces B and B’ such that B is more powerful
than B’ (i.e. B’ is obtained from B by replacing some
behaviors 8 of B by the less powerful ones ') then:
(a) The greatest potential task space of behavior space
B’ is less than that of B, i.e.

|7 (B')|<|ra(B)|

(b) Usefulness of B is larger than that of B’ i.e.
‘TG|1(3]\3)‘ s lre(BY)|

[B']

(c)Likelihood of a cycle in B is at least as large as that
for B'.

Proof (a, b) - Let us consider the case where a sin-
gle behavior § has been replaced by the less powerful
B'. The set of chains of behaviors composable from a
behavior space represents a tree with initial point cor-
responding to the availability of the right initial stimu-
lus and each node in this tree represents a world state
which may correspond to the desired state, indicating
existence of a task fulfilling chain. The greatest poten-
tial task space is proportional to the total size of this
tree of behavior chains (this size is defined in terms of
the number of all possible chains contained by the tree
and the number of such trees, since different trees can

be constructed for different initial world states.) Ei-
ther the behavior 8 will have more applicability due to
smaller stimulus length as compared to the behavior
B', or the behavior 8 will have stronger consequence
resulting in more behaviors being triggerable after it
or both. In terms of the task tree, either § will have
more parent nodes, or it will have more children. In ei-
ther case, the branching factor in B is larger than that
in B’ and the size of the task tree will be larger. Hence
the result (a). Since |B| has not changed, the useful-

ness of the behavior space, ‘TGU(??)‘

decreases when £ is
replaced by §’, this proves part (b). This treatment
can be extended to multiple instances of replacing a
strong behavior by a weak one.O

Proof (c) - Let ; € B and 3] € B’ be two behaviors
s.t. f; is more powerful than f}, i.e. (sj = s;) or s;
is at least as weak as s}. Now consider any chains of
length n composable in B and B’, which differ only in
that the module 3; is replaced by Si. Now consider
all behaviors §; €C, ; < B, (< denotes the temporal
precedence operator) with consequence ¢;. We define
the likelihood of a cycle in B, denoted by L.yce(B)
(which is not restricted to 0-1 range like probabilities)
to be

n
Z(prob(cj = 5;))
Jj>i
Then Leycie(B') is

Z(prob(cj = s)).
j2i

Clearly, since (s} = s;), Vj[prob(c; = s;) > prob(c; =
s4)]. Similarly (¢; = ¢}) for which similar analysis can
be carried out. Thus Leycie(B) > Leyere(B'). If there
is a cycle in B’, there will be a cycle in B too. O

Modularity Theorem. Given cycle free behavior
spaces B and B' (B’ is obtained from B by replacing
some behaviors of B by less powerful ones) and a be-
havior module A not belonging to B and B’ is added to
both of them, then the space BUA can be at the most
as modular as the space B'UA.
Proof - The theorem follows from the part (c) of be-
havior modification theorem. As B contains more pow-
erful behaviors, from part (c) of behavior modification
theorem, Leycie(B) > Leyeie(B'). Thus Leyere(BUX) >
Leyeie(B' U X). Hence Lcyczel(BUA) < LcycziB’UA)' This
decreases modularity as defined in section 2. These
results imply that more powerful behavior spaces are
consequently less modular.O

Behavior Metrics Theorem. If B; >, B, then
B, >, By, By >; B> and By >, B;.

Proof - From behavior modification theorem, it fol-
lows that By >, Bs. From modularity theorem, it fol-




lows that By >, By. If By >, B>, then B is obtained
from B; by replacing one or more behaviors by more

powerful ones. Hence | By |=| Bz |. Consider some
task fulfilling chain C' < By such that fulfills(C,t).
Let C = {le : Biz Dot Bin}al S il;---ain S| B2 |

For each f;, € By, 1 < k < n, one can find correspond-
ing ,Bi;c € B; such that ,Bi;c is at least as or more power-
ful than j;,. Hence Bii has at least as weak or weaker
stimulus and/or at least as strong or stronger conse-
quence. Hence there exists a chain C' <1 By such that
fulfills(C',t) and | C" |<| C'|. Hence By > B,.0

5 Augmentation of Behavior Spaces

By augmentation of behavior spaces, we mean
adding more behaviors to an existing behavior space.

Without proof we state,

Lemma 5. If disjoint behav-
ior spaces Bj, B, ...., B, are scalable together, then
UB)« | B |> (U(B))x | By | +..+ U(Bu)x | By |
where B = Bl @] BQ u..u Bn

Lemma 6. When p new behaviors are added to a
behavior space B, 7¢(B) must increase by a factor of
at least (% + 1) for the usefulness to increase.

Lemma 7. If a behavior 8’ is added to behavior
space B such that there exists # € B which is less or
more powerful than 4’ and 8 and ' cannot execute
concurrently, there exists a control conflict in the be-
havior space (B U §').

Proof - Let us say that 3’ is more powerful than 3.
When 3 is triggered, 8’ will also be. If 3’ is less pow-
erful than 3, then when £’ is triggered, 8 will also be.
Hence in any of the two cases, 3, 3" will be triggered
at the same time, resulting in a control conflict. Hence
the proof.0

Behavior Space Augmentation Theorem.
Elimination of cyclic conflicts places a bound on the
power of behaviors that can be added to a behavior
space.

Proof - Let the new behavior to be added to the
behavior space B be ;. There should not exist a
chain {,8“ H ,Bi2 H /Big et 61']‘71 H ﬂz]} in the
tree corresponding to 7¢(B) such that new behavior
can come after this chain and the chain can immedi-
ately succeed the new behavior, resulting in the chain
{Biv + Bi + Big = o 2 Bisy 2 Biy 2 Bt By ¢ Bip
Biz ¢ oot Bi;_y ¢ Bi; ¢ Br ¢ ...}. This means that
either (1) S should not occur next to 3, or (2) S
should not occur next to B or (3) Bk should delete
some literal a in stimulus of some behavior §;, in the
chain {8, : Bi, : ... : Bi;} and no other behavior j3;,
in the chain should make a true. Satisfying this condi-
tion eliminates the cycle. Then intuitively, s; should
be stronger and ¢ should be weaker (to fulfill 1, 2), so
that 8 cannot both occur immediately after the exist-

ing chain and immediately precede the existing chain.
This places a bound on the strength of s;, and ¢y, hence
the result.d

Ideally a behavior space should exhibit the same per-
formance irrespective of the order in which the behav-
iors are added. The following result shows that this is
not always true.

Lemma 8. If a set of behaviors {3;,, Bi,, Bis» -, Bir, }
(such that these behaviors form a cycle free behavior
space) is to be added to a behavior space B such that
for all 1 < m,n < k,m <n, f;, is more powerful than
Bi,., then there exist orders in which the behaviors can
be added to detect and avoid cycles in the resulting
behavior space.

Proof - One can add the most powerful behavior
B, first and check if the behavior space (B U {8;,})
contains a cycle. If the new behavior space is cycle
free, adding one or more less powerful behaviors will
not introduce a cycle and behaviors from the remain-
ing set {Bi,, Bis» Bigs -+ Bir_, } can be added in any or-
der. If addition of j;, results in a cycle, one can avoid
adding it and add remaining behaviors in decreasing
order of power. This ensures that the largest subset
of {Bi,, Biss Bisy -+, Bir_, } that does not cause a cycle
when added to B, is added to B. One can add the
least powerful behavior g;, first and check for the ex-
istence of cycle in the space (BU{f;,}). If (BU{S:, })
contains a cycle, adding any other behavior will also
result in a cycle. Hence the proof.00

6 A Case Study

Let us consider a behavior-based robot working in
kitchen. Let its behavior space consist of following
behaviors - open_water_tap(5,), close_water_tap(fz),
open_refrigerator(fs), close_refrigerator(Bs),
open_microwave(fs), close_microwave(fg),
pick_up-dish(B7), deposit_dish(fs),
pick_up_can(By), deposit_can (o),
open_trash_can(f1), close_trash_can(f:2),
pull_chair(B13), push_chair(B14),
turn_on_microwave(f1s ), set_microwave_timer(S1¢),
pick_up-box(B17), deposit_box(B1s),
avoid_obstacle(19) and wander(Bs9). This behavior
space has the potential to fulfill a number of tasks
like washing dishes (by the chain {open_water_tap :
pick_up_dish : deposit_dish : pick_up_dish} when the
deposit_dish behavior puts the dish below the water
tap), moving food boxes into and out of refrigerator,
trashing objects and preparing lunch and dinner using
microwave.

The behaviors f7,89 and fBi7 for picking up
dishes, cans and boxes can be replaced by a

single more powerful behavior whose stimulus is
Jz((can(z) \/ box(z) \/ dish(x)) \ graspable(x)). This



maintains the greatest potential task space constant
and lowers the size of the behavior space. Hence use-
fulness of the behavior space increases.

Sometimes cans, boxes and dishes may be picked
from and deposited at different places of the same
empty flat surface. This requires a chain of at
least three behaviors, e.g.  pick_box,wander and
deposit_box. Similar chains will be used to move cans
and dishes. To reduce the lengths of these chains,
one can add behaviors like push_can,push_boxr and
push_dish. This makes the augmented behavior space
more flexible than the original behavior space. How-
ever since the size of the behavior space increases by 3,
there may be a reduction in the usefulness of the be-
havior space. We leave it to the user to decide which
metrics are important. However the potential loss of
usefulness can be curbed by replacing the 3 specific
push behaviors by a more powerful push behavior that
can push dishes, boxes and cans. This will increase the
size of the behavior space by only 1.

If one unions
the existing behavior space with new behavior space
{turn_on_oven, set_oven_temperature, turn_of f_oven},
then greatest potential task space increases, indicat-
ing that the two behavior spaces are scalable. How-
ever there are potential cyclic conflicts like opening
and closing water taps, opening and closing refrigera-
tor doors, opening and closing microwave and turning
the oven off and on an arbitrary number of times. This
indicates that the modularity of the behavior space
lowers when it is augmented with behaviors for using
the oven.

7 Conclusion

The results provided here offer guidelines for the
evaluation and modification of the behavior spaces.
If one expects different functionality out of a behav-
ior space, one need not always add new behaviors or
redesign the behavior space from scratch. One can
inspect individual stimuli and consequences and see
if modifying them can fulfill the required function-
ality. Our metrics and proofs apply to stimuli and
consequences expressed in conjunctive normal form as
well. A weaker stimulus expressed in conjunctive nor-
mal form has either fewer clauses or more literals in
each clause or both. A stimulus can be made stronger
(and hence specialized) either by adding more clauses
or dropping literals from existing clauses or both. The
consequences can be made weaker or stronger in similar
way. The power metric we developed cannot compare
stimuli not related by the implication (=) relation-
ship. This applies to consequences as well. However
we do not see this as a limitation of our metric, since
comparing arbitrary stimuli or consequences does not

make sense (one can develop other statistical measures
for that).

The metrics that we developed can be extended to
handle other representations as well, where stimuli and
consequences are expressed as values in potential fields
or degrees of memberships of fuzzy sets. In our nota-
tion, stimuli and consequences are boolean, they are
either true or false. In the potential field-based ap-
proach, goals and obstacles are modeled by potential
functions, the obstacles exert repulsive force on the
robot and the goals exert an attractive force. The sum-
mation of these forces is used in computing the next ve-
locity vector. Manipulating the clauses in stimuli and
consequences to make them stronger or weaker corre-
sponds to changing the potential function definitions
and membership functions of the fuzzy sets.

Whatever the chosen representation for stimuli and
consequences may be, it will be important to have be-
haviors of higher power that provide higher function-
ality by executing under a wider range of situations
and by creating stronger consequences. It will be nec-
essary for the behaviors to get chained to fulfill more
complex tasks. The amount of chaining will continue
to be a measure of the usefulness of the behavior space.
Though the behavior chains may be task fulfilling, they
cannot be arbitrarily long. The flexibility metric cap-
tures this. The behavior spaces may need new behav-
iors if the owner of a robot expects it to fulfill more
goals. However the augmentation should not weaken
the original functionality. Hence scalability will con-
tinue to be important. Though it is desirable to have
highly powerful, useful and flexible behavior spaces,
they should not have undesirable interactions among
the behaviors. Hence the modularity metric we de-
fined will continue to be relevant. Hence the utility of
our metrics is independent of representation. Though
one can redefine our metrics to handle other repre-
sentations, our current representation itself is valuable
in measuring the performance of behavior spaces and
modifying them intelligently.
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