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Abstract

(Appears in IEEE transactions on Systems, Man, and Cybernetics (Part
C: Applications and Reviews), Volume 29, Number 2, May 1999, pp. 216-
226.)

Reactive robot behavior has been claimed as a model of memoryless intelligence.
Using recent results highlighting the cyclic conflicts in such systems, we throw light
on similar phenomena in biology such as human amnesic behavior. In this paper, we
present a formal characterization of cycles in the temporal sequence of memoryless
behaviors and show that attempts to eliminate cycles result in less powerful behav-
ior systems. Conversely, more powerful behavior systems are more likely to exhibit
cyclicity. Such systems can be viable in performing simple tasks only by using the
world as an external memory. Our results also provide useful insights into a better
design of strategies for the treatment of amnesics.

“These memoryless robots will exhibit certain behavioral maladjustments, since,
having no memory, they cannot react to events occurring over an interval of time.
What reaction is suitable to a given input may depend on previous inputs, and such
distinctions are a closed book to the memoryless robot. Also, these robots might
easily get hung up or trapped even in a completely inanimate environment.” - James
Culbertson, 1963 [10].

“Amnesics are conspicuously inaccurate in recalling the order of past events, and
at times quite astoundingly imperceptive of the recurrences of similar occasions.” -
George Talland, 1965 [32].



1 Introduction

Artificial intelligence (AI) has long owned up its debt to biology, but the gains to the
biological sciences from the synthetic approaches of Al have been less prominent. Despite
the differences in structure between brains and computers, the increasing similarities in
functional objectives and methodology are making cross-disciplinary comparisons with
synthetic intelligence models more and more relevant, even though these models lay no
direct claim of cognitive or neuropsychological validity.

In this paper, we study a specific phenomenon that is exhibited similarly in memoryless
systems in machines, animals, and humans — patterns of repeated behavior or cycles. This
work is largely interdisciplinary, but is presented more from the Artificial Intelligence
point of view than that of a cognitive psychologist. We consider a simplified memoryless,
reflexive mode of behavior exhibited by a large class of reactive models used to design
robot behavior. We conduct a formal analysis of such systems and relate our results to
similar observations found in neuropsychological studies.

Particularly significant is the case where the consequences of one or more behaviors
contain the stimulus for some previous behavior, resulting in cycles that can be potentially
endless. The key result of this work is the finding that in memoryless systems, the like-
lihood of developing such cycles increases as the tasks attempted increase in complexity.
We discuss existing mechanisms of breaking cycles like inhibition and claim that they do
not reliably eliminate cycles. We also investigate some behavior modification mechanisms
that are capable of reliably removing such cycles, but show how these result in a degraded

performance.



Both artificial intelligence and biological intelligence use the term “behavior” to refer
to some type of stimulus-driven actions. However the wide use of this convenient term
has overloaded it with many differences of meaning, from the very complex human in-
teractions characterized by Skinner, the specific patterns of ritual activity exhibited by
animals (Lorenz), the input-output relation modulated by perceptual signals as in the mo-
tor schema model (Schmidt) to the boolean logic stimulus-response character of machine
behaviors as in Brooks’ subsumption architecture [7]. Before we can create any formal
models of behavior, it is imperative that we state exactly what is it that we are char-
acterizing. We shall do this in the next section but first, let us introduce the notion of
“memoryless behaviors” from the biological and artificial systems. In our discussion, bio-
logical memoryless systems are represented by amnesics and artificial memoryless systems
are represented by the subsumption architecture-based robots of Brooks.

The relation between environmental change and action has sought to be related to
specific characteristics of brain physiology. One of the richest lodes for this study has
been the study of abnormalities or some form of brain deficiency. Neuropsychological
research in past century has shown that damage to specific areas of the brain deprives a
person of previously acquired knowledge and skill. Studies of impairment to memory owe
much to the pioneering work by Korsakov. An interesting repetitive behavior was recorded
by Korsakov for the microcephalic patient who repeatedly restarted dinner whenever food
was brought in, without any recollection. This form of Korsakov syndrome (also called
amnestic confabulatory syndrome as mentioned in [6]) results in the loss of memory of

recent events, while impressions of long ago are recalled properly, so that the patient’s



personality is largely unaffected. Korsakov amnesics show near-normal effects of memory
in their performance of a stem-completion task, even though their performance on direct
tests of memory is severely impaired [16]. Eccles[11] reports an amnestic syndrome which
causes a complete failure to establish memories for any happenings or experiences after
the occurrence of bilateral destruction of the hippocampus and/or associated structures.
This book also reports a patient with this amnestic syndrome who tries the same jigsaw
puzzle day after day without showing any practice effect and reads the same magazines
again and again without finding their contents similar. This forgetfulness also applies to
people he has met since the lesion and even to those neighbors who have been visiting his
house regularly for past six years. The patient has not learned their names and does not
recognize them if he meets them in street.

“Could creatures who never remembered anything they perceived or experienced, have
anything like human powers? Surely not” [19]. Several cases of amnesics are presented
in [20] [32]. A Korsakov syndrome patient Jimmie thinks that he is thirty years younger
and has no idea of the current date and when asked which month it is, he tries to look
out and guess from the weather, using the world as an external memory [29]. He does not
remember that he has talked to his doctor recently and greets him afresh as if meeting him
for the first time [29]. Another type of cyclicity is exhibited in bodily functions - Jimmie
starts to eat whenever food is presented, although he may have just finished his meal and
may realize shortly thereafter that he is unable to eat. These types of cyclicity constitute
a behavior parallel to that of memoryless robots that execute the same behaviors over and

over again.



Animals with memory deficiencies also exhibit many instances of repeated cyclic behav-
ior. Monkeys with medial temporal lesions constitute an animal model of human amnesia
[38]. Repetitive behavior has been reported [25] in rats with dorsal hippocampal lesions.
The running and sniffing in corners exhibited by a normal rat in a strange cage drops to a
lower level after 10-15 minutes, but rats with damage to the dorsal hippocampus continue
for at least an hour and probably for more than 12 hours. Kimble [17] reports that rats
with hippocampal lesions made many repetitive errors in mazes. Passingham [27] reports
that in the task of searching for food behind doors, operated monkeys (sulcus principalis
group) returned fruitlessly to locations from which they had already removed the food,
exhibiting a cyclic behavior.

In constructing synthetic models of intelligence, a roboticist is forced to simplify and
abstract the biological systems, since biological systems of intelligence carry much evolu-
tionary baggage that may not be relevant for their silicon-based counterparts [2]. Nonethe-
less, the construction of artificial systems is inspired by the study of natural animals. Beer
et al [3], in their work on computational neuroethology, develop artificial nervous systems
for insects to understand the neural mechanisms underlying the behavior of animals in
their natural environments.

The neuroanatomist Braitenberg in his classic work Vehicles [5] describes a series of
imaginary wheeled carts fitted with sensors and motors reflecting the idea of complex
behavior arising from simple components. This paradigm of “synthetic psychology” has
now been adopted by a large group of roboticists, who find it easier to model and debug

smaller behavior modules as opposed to larger and more integrated centralized controllers.



Interesting results have been achieved using this strategy in the can collection robot [9],
navigation of mobile robot [2], office rearrangement tasks in robot competitions, etc. The
behavior-based intelligence paradigm propounded by Brooks and others has challenged
the role of representation in AI. Brooks argues that when intelligence is approached in
such an incremental manner, the reliance on representation disappears [8].

In response, traditional AI researchers and cognitive scientists such as Kirsh have
argued that control cannot serve as a complete substitute for representation [18]. Vera &
Simon [36] also show that internal representations are necessary for memoryless artificial
systems if they are to perform really complex tasks. Boden [4] reports that even simple
animals form representations and that experiments show that monkeys are sensitive to
temporal order. At the same time, behavior systems have also been moving away from
the memoryless or purely reactive paradigm. A well-known extension of the Brooks’
approach includes building maps [7] in a module that learns what looks suspiciously like a
central representation. Our results however, are limited to the memoryless, purely reactive
systems.

Recently, cyclic behaviors similar to those of amnesics, have begun to show up in arti-
ficial reactive systems. Connell records an instance where a can collecting robot attempts
to re-pick the can it has just deposited in the destination area as shown (Figure 1); this
conflict was detected only after a full implementation [9]. Cyclical wandering and cyclic
conflict of going back and forth between two obstacles have been reported by Anderson &
Donath [1]. Even the very early reactive systems such as the “tortoises” constructed by

Grey-Walter in the 1960’s could find themselves in cycles. Anderson & Donath [1] say that



such cyclical behavior may indicate that an essential characteristic of a truly autonomous
robot is that of having and using memory (i.e., the ability to react to events which occur
over a number of intervals of time and the ability to alter behavior depending upon previ-
ous behaviors). Our results put this intuition on a more formal basis by showing that the
absence of temporal global memory in particular leads to a lower modularity (defined in
2.3) in behavior systems. Figure 2 shows a general model for cyclic conflicts where agents

A, B, and C stimulate each other in an endless cycle.

(stimulus = (Ax (can(z) \ graspable(x)) ))———— pickup(z) — move(z)

J

drop(z)

Figure 1: Conflict in can picking. After dropping the can, the stimulus for the pickup
behavior is immediately activated if the robot is looking towards its dropoff point.

TN

A B

C

Figure 2: Cyclic Conflict. Agent A’s action triggers Agent B. B triggers C, which calls for
action by A again, endlessly.

Our analysis in this paper is dependent on a crucial observation regarding the temporal
structure of memoryless systems. The conflicts we are addressing are temporal sequence
conflicts for which it is necessary to define the temporal structure of behaviors, which is

usually sequential since one behavior usually provides the stimulus for another, so that



there is often a clear temporal sequence in which behaviors are executed. In this paper
we show that cycles occuring in this temporal sequence can be avoided reliably only by
modifying the behaviors themselves, and we introduce two such modifications, based on
specializing the stimulus or restricting the action of a behavior. One of the key results of
the paper is that any such modification reduces the usefulness of the behavior structure
and makes it less flexible. The paper is organized as follows - in section 2, we develop a
formal model of reactive systems and use it to prove our results in section 4. In section 3, a
classification of behavior conflicts is provided and the potential of inhibition to eliminate
cycles is discussed. In section 4, we discuss our behavior refinement mechanisms for
reliably eliminating cycles and prove our results on the effects of behavior refinements
and modularity of behavior systems. In section 5, we discuss the insights we obtained on
the connection between synthetic psychology and neuropsychology. Section 6 presents our

conclusions.

2 What Is a Behavior?

Ethologists, psychologists and cognitive scientists are mostly interested in analyzing pre-
existing behaviors, but synthetic biologists and roboticists are interested in creating models
of behavior. Each of these groups uses the term behavior in senses that are related but
are fundamentally different.

Brooks looks upon behaviors as types of an intelligent module, an input-output rela-
tion to solve small problems [7]. Hopefully these modules can be combined to solve larger

problems. There is no shared global memory. The stimulus to a behavior is boolean and



is tested by an applicability predicate as opposed to the continuum of activation (where
the strength of a stimulus matters, rather than just its presence) typically noted in bio-
logical behaviors. Each behavior intermediates directly between the input stimulus and
the output action, and the inter-process communication is kept at a minimum [7]. In this
paper, we investigate this robotic model of behavior in principle, and show how some of
the results we establish also apply in biological domains.

There also exist other models of artificial behavior. Minsky suggests thinking about
a goal directed behavior as an output of a difference engine that measures the differences
between the current world state and the goal state and takes actions to reduce these
differences [26]. This has the flavor of means ends analysis. Tharp et al conclude that new
and complex behaviors rarely emerge spontaneously in their complete form, rather than
awaiting such an improbability, a wise interventionist will begin the teaching process from
that point in the behavioral repertoire which is the closest, if still imperfect approximation
to the ultimate criterion [33]. This sounds like planning. Arkin proposes the perceptual
and motor schemas as a model of behavior specification for the navigation of a mobile

robot [2]. Next, we develop our notation.

2.1 Notation

In this work we have followed the behaviorists and adopted a &-tuple model of behavior:
< stimulus, action, consequence >. A behavior module 3 takes the form <s, a, c>.
However, the action a is not directly referred to by us, and we sometimes abbreviate the
notation to <s, ¢>. The behaviors we refer to have a primitive action component that

is directly executable. Hence building a house is not a behavior as per our definition,



rather it is an abstract task that may be fulfilled if the behaviors get chained properly.
In the examples and proofs that follow, the stimulus s and the consequence ¢ are defined
in terms of a conjunction of predicates as in Brooks’ subsumption architecture. However,
any type of activation, where the consequence of one behavior leads in turn to the stimulus
for another, could be substituted, and the basic structure of our analysis and the results
would remain unchanged. The following symbols are standard to predicate calculus: A
- conjunction, \/ - disjunction, = - implication, ~ - negation, V - universal quantifier, 4
- existential quantifier. We note that any behavior has two states - waiting-for-stimuli,
which may be called the dormant state, and the actual action, which may be called the
dominant state. We define the dominant period of a behavior as that period when the
behavior is active. In most behavior implementations, behaviors become dominant in a
temporal sequence. We use the symbol “” (precedes) to denote this. 3 : B2 implies that

behavior B3 becomes dominant following the behavior ;.

2.2 Behavior Chain

We define a behavior chain as a sequence of behavior modules {31 : B2 : B3 : ... : Bn}.
Here the action of the earlier module changes the situation in such a way that the newly
changed part of the situation is in turn a stimulus for the next module in the sequence. If
the consequence and stimulus include a finite universal state as well, then we can say that
the stimulus s;4; of the behavior module §; is logically implied by the consequence of the
module f; i.e. (¢; = s;j+1). What we mean by the finite universal state can be clarified by
an example. Let Universe = X A Y A Z and ¢y = A and so = X A\ A. Then B; leads to

B2 but (c; # s2). This is another version of the frame problem, which arises in the add and
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delete list type notation as well [12] (Some planning systems that use operators represent
consequence of an operator in terms of an add list and a delete list, i.e. they separately
list predicates that are made true and false). One of the methods for overcoming this is
to have the state of the universe included in all stimuli and consequences in the system.
Thus when we say that (c; = s2), we mean that a part of s was true in the universe and
some literals in ¢; cause the rest of sy to come true. Thus in order for (c; = s2) to be
true, both the stimulus and consequence should always contain the state of the universe.
This allows us to develop the argument effectively, skirting the philosophical debate on
the frame problem.

Such a chain of behaviors is observed in biological systems too, e.g. Tinbergen [34]
reports that a stickleback’s courtship behavior can be characterized by the chain - Female
appears, Female gives head-up display, Male swims zigzag to female, Female swims head
up towards male, Male swims towards nest, Female follows the male, Male shows the nest,
Female enters the nest, Male tremble-thrusts, Female spawns, Female leaves, Male enters,
Male fertilizes.

We define a behavior space B as a set of behavior modules. A temporal chain of behav-
iors C'is said to be composable from B (written as C<IB), if and only if (C = ordered set{3;} A
(VB; € C)(B; € B)). A stimulus space ¥ of a behavior space B is the union of the stimuli

of all behavior modules in B.

2.3 Power, Usefulness and Flexibility of Behaviors

To compare different behavior systems, we define a few relative measures.

Definition 1

11



e Power: A behavior (8 :=< s, a,c >) is more powerful than (8’ :=< s',a',¢ >)if f(s' =
) Ae= ) AB#B).

In other words, the more powerful behavior can be triggered at least as frequently as
the less powerful one and results in at least as strong a consequence. In Figure 3, behavior
C is most powerful since it has the most general stimulus, though A, B and C all have
similar consequences.

This argument can be generalized for the entire behavior space. A behavior space B
is more powerful than the behavior space B’ if B’ can be obtained from B by replacing

some behavior(s) § € B by less powerful behavior(s) .

Stimuli for behaviors of increasing power
(4) (B) (©)
graspable(z)\ | graspable(x)A graspable(x)
can(x) (can(z) V cup(x))

Figure 3: 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 Usefulness: We define a task as a transition from one state of world to another,
achieved by a temporal chain of behaviors. A behavior space B spans the task space 7 if

and only if V(¢ € 7) (3(C' < B) ful fills(C,t)). The greatest potential task space 7¢(B) is the

largest task space that is spanned by the behavior space B. The usefulness of a behavior

|7¢(B) |
Bl

space is defined as the ratio

12



e Flexibility : A behavior space B is at least as flexible as the behavior space B’ if
(Vt € (t¢(B) N 17¢(B") 3(C < B)(ful fills(C,t) A (V(C' < B") (fulfills(C',t) =| C |<|
C' |))). This means that B can fulfill tasks with shorter chains (which are composed
from fewer behaviors). It is possible that 7¢(B1) = 7¢(B2) but | By |<| Bz | because
the behaviors in By allow a richer composition of chains that are shorter. The flexibility
metric captures this. Here higher flexibility is also correlated with higher usefulness. But
note that the semantics of flexibility and usefulness is considerably different. Consider the
case where | By |=| By | and 7¢(B1) = 7¢(B2) and hence these behavior spaces have the
same usefulness. However the user of By, Bs may be interested in only a proper subset of
T¢(B1). Hence even though both By, By have the same greatest potential task space and
usefulness, B; may be more flexible and preferred by the user over Bs.

e Modularity : A behavior space is more modular if different modules in that space
are more independent, in the sense of minimal interference between its modules. One
measure of interference in a behavior space is the incidence of cyclic behavior. We therefore
define the modularity of behavior space B as an inverse of the likelihood that cyclic conflicts

will arise in B. The properties of these metrics are discussed in [24].

3 Detection of Conflicts

In the broad sense of the word conflict, any behavior chain leading to non-fulfillment of the
desired objectives can be said to have a conflict. Let the chain C = {f; : f2: ... : B} be
the desirable behavior sequence that achieves a desirable outcome. There are three types

of conflicts that can prevent the chain C from being executed, by breaking the sequence
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Bi : Bit1-

Definition 2

(a)Extraneous behavior Conflict: g; : ', 8'¢C.

(b)Cyclic Conflict: 3; : Bk, Br € C, k < i. (discussed later)

(c) Skipping Conflict: §; : Bk, Bk € C, k > (i+1). This type of conflict can be treated

in a manner analogous to extraneous behavior conflicts by prioritizing the behaviors.
The type of behavior that we are investigating is the cyclic conflict, where, both ;41

and [ may be triggered and clearly the triggering of 5 would lead to a cycle (Figure 4).

4+3Tk|aklck+>' -—tsi|ai iiH5i+1|az‘+1|Ci+1‘

Figure 4: Cycle in a temporal chain of behaviors. Consequence ¢; triggers the stimulus s
of an earlier behavior. f; : B should be broken but the chain from behavior £; to (5;41
should remain intact.

3.1 Terminating Cycles

All cycles do not result in a conflict. Let us say that a tower of specific height needs to be
built with a number of small blocks. Let us say that the module build_tower repeatedly
stacks the blocks one above the other until the tower has the required height. Although
this involves a cycle, there is a clear termination condition implied by the height of the
tower, hence this is not a cyclic conflict. One of the difficulties of robots and other synthetic

behavior systems is distinguishing the fatal cycles from the desirable ones, a problem that
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can be shown to be equivalent to the well known halting problem, and is known to become
prohibitively expensive to solve as the number of modules grows.

3.2 Inhibition

One of the conflict handling methods widely observed in natural behavior systems is that
of behavior inhibition, where one behavior inhibits another from performing its normal
task. The inhibitive effect may or may not continue beyond the end of the dominant

period of the inhibiting behavior. We define two types of prioritization based on this.

e inhibition or suppression, a module v suppresses the output of 3, and instead of
«: B, a: vy occurs, where « is the behavior module that was dominant immediately

before the inhibition occurred.

e Delayed action is a special case of inhibition, where the inhibitive link remains ef-
fective for some time #4.14y even after the inhibiting module is no longer dominant.

Connell uses the term retriggerable monostable to capture this sense [9].

These mechanisms are not guaranteed to kill the stimulus of S, hence S may be active
after the dominant period of the suppressing module is over. Thus within the scope of the
prioritization schemes discussed here, it is not possible to guarantee that cyclic conflicts

in artificial systems will be avoided.

3.3 Detecting Cycles in Behavior Graphs

Mali & Mukerjee [23] mention that cyclic behavior can be detected by detecting cycles
in the temporal graph constructed by connecting individual behavior chains. However

this is subject to identifying all terminating cycles, which can be done, for example, by
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flagging all such loops at the programming time. Similar models can also be constructed
for memoryless biological systems. For example, in one of the examples in [27], in the food
search task, the unoperated control group does not revisit nodes, but the sulcus principalis
group of monkeys revisits some of the nodes several times, indicating the presence of some
type of cycle in their behavior graph (Figure 5). Similar cycles have been observed in the

reactive navigation of robots [2].

11 12
%O%
ﬁ %3 O
0
: O
5 o Y 20
O O
4 19
2 O 15
3 18
O
16 17
P 2

12

Figure 5: First 20 moves made by each animal on Trial 21 of the search task. (The star
gives the first door opened, and each move is numbered. UC = unoperated control, SP =
sulcus principalis.) (Figure reproduced from [27].)
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4 Behavior Refinement

In this section, we investigate the very viability of memoryless systems. Can a system
exhibiting cyclic conflict be modified in such a manner as to avoid these cycles? What are
the effects of such modifications?

One of the most important types of modification of behaviors in biology is that of
Conditioning, or behavior refinement, whereby a behavior adapts to a new environmental
reaction. In artificial intelligence parlance, this is typically known as “learning.” Learning
can be of two types; adaptation where a behavior is adapted to meet a new but similar
environment; and generalization where a behavior is generalized to be able to handle both
new and old environments. For example, the behavior pick-up-cup, may be adapted to
become pick-up-soda-can, which would work with soda cans. A more powerful form of
learning would result in the generalized pick-up-drink, which can pick up either a coffee
cup or a soda can (Figure 3). In the latter instance, the stimulus has been generalized,
and the consequence remains the same, so this new behavior is more powerful than the
old one in the sense of the definition of power in section 2.3.

In biological memoryless systems however, the capability to learn may or may not
survive, depending on the type of memory loss or amnesia. In addition, as we show,
memoryless-ness leads to the higher likelihood of conflict for the learned, more powerful
behaviors.

From definition 2, whenever there is a cycle in a behavior chain C = {g; : 2 : ... :
Bt vt Bi t Big1 ¢ ..t B}, there must be a triggering of the kind 3; : B, where k& < 3.

Then both B; : B;4+1 and B; : Bk can occur at this point. Our objective is to break the
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Bi : B link without disturbing the §; : B;11 or Br_1 : B triggerings which are essential
to the successful execution of the chain. We have seen that priority-based methods are
not guaranteed to achieve this, so we look for behavior modification approaches which
will maintain (cx_1 = sg), (¢;=s;+1) and break (¢;=>s;). We develop two methods for
achieving this: in stimulus specialization, sj is specialized, and in response generalization,

¢; is generalized.

4.1 Stimulus Specialization

Let us consider the conflict in picking up the soda cans, where the freshly deposited can is
picked up. If we were to add the condition “not-deposited-just-now (x)” to the stimulus for
the behavior pickup, then we would need only a small recency memory (recently dropped
can). Thus the stimulus for 5 becomes more specialized. However, in doing this, one must
be careful so as not to disturb the rest of the chain, i.e. (cy—1=>si) should still hold but
(ci =si) must not. Clearly this will not be possible where (¢;=-ci_1), then any changes
we make in si such that 8; : [ is broken will also result in S;_1 : Sx being broken (which
breaks the chain in an undesirable way). Thus stimulus specialization can be used only
if (¢; = c¢;_1) is not true. To break the cycle without disturbing the rest of the chain,
consider the scenario where there exists a literal y such that (cx_1 = (sx A7)) but ¢; does
not imply (sx A7y). We call the conjunction of all such literals ' = (y3 A2 A ---Ym), the
maximal difference between c,_; and ¢;. Stimulus specialization works only when " # (),
and involves modifying si to (sx A7), ¥ € I'. Tt is advisable not to overspecialize s; (e.g.
by adding excessive literals), since this adversely affects the power of the behavior ;. For

the purpose of understanding, one can consider a simpler case where both ¢; and ¢
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are in purely conjunctive form. Then I' is nothing but the difference (cx—1 — ¢;) and s
is modified by conjunction with one of the literals that is in ¢;_; but not in ¢;. Note
that since the stimulus is specialized, any stimuli that are required by the action are still

available to it.

S7 Cr = a2

S1 | :(al/\a2) S92 = a2 Co |—»---— Sp 652(02/\03)—» .....

Before specialization of the stimulus so

s1 |e1 = (a1 A ag) so = (a1 N ag)| €2 f——>eeeeeer S5 |es = (ag A ag) ——

After specialization of the stimulus so

Figure 6: Effect of stimulus specialization (Though the cycle is broken due to stimulus
specialization, the chain {7 : P2 : ... : B5 : ...} is no longer composable).

4.2 Response Generalization

Here the action is modified so that the consequence of the action is weaker i.e. if the old
consequence was ¢ and the new one is ¢ then (¢ = ') but ¢’ does not imply ¢. For example,
we can modify the action of the module drop so that while dropping the can on the ground,
the robot puts it in an inverted position which prevents the robot from detecting that the

object is a can. The original consequence was 3z (can(z) \ graspable(z)) and the modified

19



s7 = (az A a3)

Cr

s1 |e1 = (a1 A ag) S92 = a2 Cc2 - S5 |c5 = (ag ANag) > S6 = a3 Co
Before generalization of cs
s1 |e1 = (a1 A ag) 82 = ay ca - S5 Cs =az (— S¢ =203 Cs

After generalization of cs

Figure 7: Effect of response generalization (Though the cycle is broken due to response

generalization, the chain {81 : B2 : ...

20

: B5 : B7} is no longer composable).




consequence is 3z graspable(z), assuming the sensors cannot identify cans that have been
inverted. Otherwise, we may modify the consequence by covering the can to make the
predicate can(z) false, then this leads to addition of a new behavior module or modifying
the action part of the original module, both of which require considerable re-programming,
and are expensive. In response generalization, (¢; = s;) must be negated, while (¢; =
s;+1) must hold. Hence response generalization can be used only when (s;11 = si) does
not hold. In fact, one could characterize the process of response generalization by saying
that there must exist a literal o s.t. ¢; = (¢, A o) and (¢} = si+1) ((¢; = sg) holds from
the definition of cycle) but ¢, does not imply s;. Again, if s; and s;4; are in conjunctive
form, then modifying ¢; is better understood as dropping the literal o already appearing
in ¢;, written as (¢; — o). Since stimuli/consequences are often conjunctive, this difference
notion is a useful concept in practice. Thus ¢; is modified to (¢; — o), where o € (s —S;41).

Response generalization requires that the action should be modified, whereas stimu-
lus specialization only makes the same action more restrictive. However, stimulus spe-
cialization may not always be possible; e.g. with “not-deposited-just-now(x)” the robot
may still pick up a can that was not dropped recently. Better solutions to this, such

” would require considerable mem-

as “never-deposited-before(x)” or “not-at-repository(x)
ory. Therefore, stimulus specialization, while cheaper to implement, may not be effective
in many instances, since the right level of specialization may require large memory and
specializing with limited memory may result in an undesired behavior.

Though this cycle elimination analysis has been developed for artificial systems, sim-

ilar solutions may apply in the domain of biological memoryless systems like amnesics.
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Here specializing the stimulus may be seen as creating a reminder message in the am-
nesics’ environment. In case of Jimmie [29] who wants to talk to the same doctor again
and again without remembering that he has recently had a conversation with his doctor,
photographs of people with whom Jimmie had a conversation can be kept in the external
world near Jimmie. There is some evidence of the ability of external sources of information
to strengthen recollections in humans, lowering the effect of childhood amnesia (childhood
amnesia refers to forgetting events in childhood and not being able to report them when

one is an adult) as discussed in [35].

4.3 Effects Of Behavior Refinement

Let us now investigate the effects of stimulus specialization and response generalization.
Lemma 1(a). Whenever a behavior space B is modified to B’ to eliminate cyclic con-
flicts by specializing stimulus s of some behavior 8 € B to s’ so that (s’ = s), then

‘Tﬁ’é?” > |T(flg],5")| (the usefulness of the behavior space decreases).

Proof :- Let 3 be the stimulus space and s € ¥ be a stimulus in conjunctive form. Now
let s be specialized to s’ so that (s’ = s). Now tasks or subsequent behaviors fulfillable
or triggerable 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 8" such that
s" will be triggered in those states of the world in which s is triggered but s’ is not, so
that 8’ and 8" together serve the stimulus set s which implies that | B | increases and the
usefulness of B decreases (as per the definition in 2.3) (We assume that ¢ = ¢’ = ¢ since

our aim is to restore the functionality of the behavior space back to its original with as
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few local changes as possible. However Lemma 1(a) also holds when either ¢’ or ¢’ or both
are weaker than c). If the new behavior is not added, the usefulness decreases because of
decrease in the greatest potential task space. If there is another behavior " € B such
that s = s and ¢ # ¢ (otherwise 8 and " will be the same), then will 3" maintain
| 7¢(B) | constant? This cannot happen because either (i) just like s, s will also have to
be specialized to eliminate cycles or (ii) 8" will not participate in the cycle and not keep
T¢(B) constant since it has a different consequence. Hence no other existing behavior in
B can maintain | 7¢(B) | constant. Hence the size of 7¢(B) reduces. The argument in this
proof can be generalized to non-conjunctive stimuli, where also a similar set of unserviced

stimuli can be found.O

If a new behavior is added, length of the chain required to fulfill unfulfilled tasks will
not necessarily increase, hence we do not claim that stimulus specialization does reduce
flexibility. However this is not the case with response generalization. This leads us to the
next result.

Lemma 1(b). Whenever a behavior space is modified to eliminate cyclic conflicts by
response generalization, the usefulness of the behavior space decreases.

Proof :- Let the consequence c¢ of 8 be generalized to ¢’ so that (¢ = ¢’) keeping the stimulus
same (s = s'). Thus (¢ — ¢/) is not being made available by 3. Let the behavior space
containing ' be denoted by B’ (the spaces B, B’ differ only because 3 € B is replaced by
B' to derive B’ from B, all other behaviors from these two spaces are the same). Hence

new behaviors like 5" are needed to complete the tasks requiring (c - ¢’) and this change
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increases | B |. This implies that the usefulness of B decreases (as per the definition in
2.3). (We assume that s = s’ = s since our aim is to restore the functionality of the
behavior space back to the original with as few local changes as possible. We also assume
that ', 8" execute without any control conflict (which may arise due to contention for
resources) to provide ¢ such that ¢ = (¢’ A ¢”). However Lemma 1(b) also holds when
s" or " or both are stronger than s.) Also the addition of the new module or a set of
modules increases the lengths of the chains composed to fulfill these tasks resulting in a
decrease in the flexibility. If this not done, then some tasks requiring (c - ¢’) (this should
be interpreted as a pure difference of literals) cannot be performed which implies that |
7¢(B') | < |7¢(B) | which means that the usefulness of the behavior space decreases.

If there is another behavior 8” € B such that ¢ = ¢ and s” # s (otherwise 8 and "
will be the same), then will 8" maintain | 7¢(B) | constant? This cannot happen because
either (i) just like ¢, ¢” will also have to be generalized to eliminate cycles or (ii) 8" will
not participate in the cycle and not keep 74 (B) constant since it has a different stimulus.
Hence no other existing behavior in B can maintain | 7¢(B) | constant. Hence the size of
76 (B) reduces.

The argument in this proof can be generalized to non-conjunctive consequences, where

also a similar set of unserviced stimuli can be found.O

Let us say that we have a behavior § whose consequence ¢ = (p A ¢) leads to a cycle.
If we use response generalization, (and hence design action of the behavior in such a way

that the consequence c¢ after modification contains either p or ¢ but not both), we may
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have to design two behaviors 8’ and 3" such that ¢ = q and ¢” = p. If 8 has the stimulus
s = (p V ¢) which is triggered leading to a cycle and if we use stimulus specialization
(which means dropping p or ¢ from the current stimulus s), we may have to design two
more behaviors 3 and 3" such that s’ = p and s” = q. If pick_up is specialized so that it
does not pick up a can it has dropped, then to drink coffee, we will have to design another
“multiple_pick_up”. In some cases, it may not be possible to design an action that will
fulfill these conditions. This discussion brings us to our most important results, which
have to do with the power and usefulness of behavior spaces.

Behavior Modification Theorem. Given two behavior 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 smaller than that of B, i.e.
|7a(B")|<|7(B)]

b) Usefulness of B is larger than that of B’ i.e.
(b) g

re(B) - |ra(B))]
B> T

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

Proof (a, b) :- First, let us consider the case where a single behavior 3 has been replaced
by the less powerful 5’. The set of chains of behaviors composable from a behavior space
represents a tree with the root corresponding to the availability of the right initial stimulus
and each node in this tree represents a world state which may correspond to the desired
state, indicating an existence of a task fulfilling chain. The greatest potential task space

is proportional to the total size of this tree of behavior chains (this size is defined in terms
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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. Such trees can
be combined into a single tree, the root of which is a node that represents virtual initial
state. This root can then be connected to the actual initial states (roots) of the individual
trees by links). Now, either the behavior $ will have more applicability due to a weaker
stimulus as compared to the behavior ', or the behavior 3 will have stronger consequence
resulting in more behaviors being triggerable after it or both. In terms of the task tree,
either 8 will have more parent nodes, or it will have more children. In either 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 usefulness of the behavior space,
% decreases when f is replaced by 4 which proves part (b). This treatment can be
extended to multiple instances of replacing a stronger behavior by a weaker one.O

(This argument has a connection with biological systems too, at neural level, branching
at axons and dendrites enables a single neuron to interconnect with a huge number of
receptors, effectors and other neurons. This establishes the cellular basis for behavioral
flexibility that characterizes animals with complex nervous systems [30]. In biological
systems, this holds at behavioral level too. Stronger consequence enables more actions
and behaviors with weaker stimuli have a wider applicability.)
Proof (¢) :- Let 8; € B and 3, € B’ be two behaviors s.t. ; is more powerful than £,
ie. (si = s;) or s; is weaker than s;. The spaces B — {f;} and B’ — {§}} are the same.
Now consider any chains of length n composable in B and B’, which differ only in that

the module f; is replaced by gj. Consider all behaviors §; €C, j > i, with consequence
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¢;. The likelihood of a cycle in B, denoted by Lye(B) (which we do not restrict to 0-1
range like probabilities) is

n

Z(prob(cj = 5i)),

J2i
and Lyee(B') is

n

Z(prob(cj = 5)).

J2i
Clearly, since (s; = s;), Vej(prob(c; = s;) > prob(c; = s;)). Similarly (¢; = ¢}) for which
similar analysis can be carried out. Thus Leyee(B) > Leyee(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 module A not belonging
to B and B’ is added to both of them, then the space BU{A} is at the most as modular
as the space B'U{\}.
Proof - The theorem follows from the part (c) of behavior modification theorem. As B con-
tains more powerful behaviors, the chance of occurrence of a chain C = {f; : B2 : .00}

such that (¢; = si), i > k,1 <4,k <n is higher in BU {\} and from part (c) of behavior

modification theorem, Leyee(B) > Leyere(B'). Thus, Leyere(B U {A}) > Leyee(B' U {A}).

Hence + This decreases modularity as defined in section 2.3,

1 < 1
cycle(BU{A}) - Lcycle(B’U{A}) ’
hence the space B U {\} can be at the most as modular as the space B’ U {A}. This

holds irrespective of the power of the behavior A. These results imply that more powerful

behavior spaces are consequently less modular.O

These results show that for memoryless models of intelligence, the more powerful
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one tries to make a system, the more difficult it is to avoid destructive cycles. Also,
when expanding the behavior repertoire, it is likely that new behaviors will need to be
developed along with the old ones, many times at the cost of modularity. These results are
of importance to the debate within the AT community on the nature of behavior models.
However, in a broader sense, these results also throw up important insight into the role of
memory in general architectures of intelligence, which becomes clearer when we compare
these results with those from biological systems under conditions of memory deficit, as
with the lesions in the parts of a brain or its pathways. This is explored in the next

section.
5 Cyclicity in Biological Systems

Stimulus specialization results in a more specific stimulus for a given action. Instead of sit-
ting on all yellow flowers, a butterfly may specialize by going only to marigolds. Response
specialization may lead the butterfly to mark flowers it has visited by a characteristic
scent, in addition to the original behavior of nectaring. These types of behavior modifi-
cations are however not a result of avoiding cyclic conflicts, but of following higher-level
goals or motivation. Such actions require some form of memory, which may be a part of
a creature’s internal state. Memoryless systems may not have this type of capability, and
those which do not, have actually been observed to exhibit cyclic behavior. This is one
of the stronger reasons why pure subsumption robots in the zero-global-memory version
may be limited in the complexity of tasks that they can perform. There is a considerable

cognitive evidence for spatial memory not only for the scene visible at each moment but
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also the broader space that extends beyond the current sensory range [13]. Our results
suggest that without such a model for spatial memory, mobile robots will be severely lim-
ited in the kinds of the spatial tasks they perform. This explains why autonomous robots
that are purely reflexive have been able to achieve little more than obstacle avoidance and
wandering over short distances.

Behavior modification of the type discussed in the previous section can be achieved
externally or internally. For amnesics who are likely to have no temporal recollection, one
could arrange to change the environment, e.g. by putting up a written poster that they
can see. In case of the amnesiac Jimmie [29], who addresses the same doctor afresh each
time as if he had never met him in his life, one could modify this behavior by keeping
around photographs of familiar people. Note the similarity between this and the repeated
pick-up behavior of a robot, and how it can be solved by tagging the deposit area as
already-deposited. In biology however, absolute absence of memory is never there - even
severely amnesic people are capable of having considerable memory, and may be able to
learn and make small internal corrections, but they are often themselves unaware of it
[15].

Some of the results regarding the loss of power under corrective action in artificial
systems may also extend to biological systems. For example, Jimmie using pictures of
people requires that the interaction be modified to include photo-taking, matching and
adding photos to the list, etc, which reduces the flexibility of the behavior space. Thus,
the results that we have formally proved for artificial systems regarding the weakened

modularity and higher conflict likelihood in more powerful behavior systems may hold in
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biological systems as well, though establishing this formally would require substantially
more work.

Another question raised by this study is the nature of memory needed to avoid cyclicity.
If a robot transports ten cans and memorizes their locations, then picking them up again
can be avoided. However if there are more cans than can be stored in the memory, then
some of the can locations may be erased making them liable to be picked up again. With
more cans, the likelihood of cycles will increase. Alternately, one may denote some class
information, e.g. by tagging the depository room instead so that the robot can ignore all
cans in this vicinity. This brings up the need for abstraction in memory, a case that is
beyond the scope of this paper.

Learning biological behaviors is a relatively slow process, and stimulus specialization
and response generalization mechanisms may not apply as directly to them as they do to
the artificial systems. However, instances such as the Pavlovian generalization of salivation
by a dog from the sight of food to the sound of the bell involves an association similar to
a stimulus generalizing mechanism, where the stimulus for salivation has been generalized
to (presence_of_food\/ sound_of _bell).

One of the differences to keep in mind when comparing artificial memoryless systems
such as the purely reactive robots with biological systems such as amnesics or brain-
lesioned animals, is that biological systems, even when they do not exhibit memory, are
still responsive to their internal motivation. This makes it possible for them to change
priorities dynamically, whereas in artificial systems, priorities are pre-assigned by the

programmer. The role of motivation in artificial systems is yet to receive the fullest
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treatment, and this may hold answers to many of the questions raised here. However,
even with a motivation, some memory is clearly needed, without which the system may

again exhibit some type of cyclicity.

6 Conclusion

In this work, we have constructed a model for memoryless systems, which can be artificial
or biological. Our prime impetus, however, is from the study of the models of artificial
behavior, as in the purely reactive robots. The results are also meant for such artificial
systems, though the analogical situation in biology adds significance to these, and calls
for a possibly independent study of such effects in the biological domain.

Our main result is that in a memoryless system, there is a tradeoff between the like-
lihood of cyclic conflict and the complexity of the behavior system. Also, these behavior
spaces become less modular as they become more powerful, in the sense that if new pow-
erful behaviors are developed in isolation, then cyclic conflicts are more likely to appear
when these new behaviors are added to the system. This challenges the modularity as-
sumption, implicitly made by the behavioral model, that intelligence can be developed in
independent modules.

Another observation is that the effect of learning may exacerbate the tendency towards
cycles, since learning typically produces more general behaviors — e.g. a child climbing up
a chair generalizes that behavior to climb up a couch, stair and table etc., thus having
generalized the stimulus. Some evidence of this may be found in recent work on robot

learning [22].
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The other results of this work attempt to offset the negative connotations of the above
by identifying a methodology for overcoming such cyclic conflicts. Reliable solutions are
unlikely to be based on suppression, where a solution will work only if the stimulus for the
conflict disappears by the end of the suppressing behavior. Other methods for avoid cycles
involve modifying the behaviors themselves, and this can be done either by specializing
the stimulus or generalizing the response of some behavior modules. Unlike learning,
which makes the behaviors more powerful, these modifications reduce the usefulness of
the behavior spaces. If a robot can pick up a soda can, it should be able to pick up a
coffee cup or other similar object. Using stimulus specialization, such a general behavior
would be split into many separate behaviors for picking up separate objects. Thus, this
solution actually comes at a heavy price.

One possible criticism of the model adopted in this work may be that it uses predicate
logic to represent the stimuli and consequences, whereas these may involve some other
underlying representation such as fuzzy logic (stimuli may be continuous as opposed to
binary), or connections with variable activation levels as in [21]. However, what causes
the cycles in these systems is not the representation, but the underlying lack of internal
state. For example, if we port the can-pickup example into any of these representations,
the conflict does not go away, since the conflict arises at the knowledge level and not at
the representation level.

Finally, we note that the cyclicity problems of behaviors also apply to other paradigms
in AI such as planning. One solution to the cyclicity problems in planning is the use

of a meta-level reasoner, an idea which has been used in behavior systems as well [2].
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Boden [4] has argued for a greater study of planning as it occurs in animal and human
systems. However, behavior models differ from planners in some crucial aspects. Locality
of behavior programming makes opportunistic plan-generation automatic, since the rele-
vant behavior is triggered automatically when stimulus becomes sufficiently strong. Also,
cycles are much more of a problem in behavior models since unlike the operators in plans,
a behavior does not “switch-off-and-die” after execution; if the stimulus reappears, it may
re-execute, causing a cycle.

In conclusion, we say that this new approach to the study of artificial memoryless
systems can provide important insights into the organization of biological systems with
memory, just as the study of amnesics provides important clues into the operation of the

brain.
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