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Abstract
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It has been argued that to successfully function
in highly dynamic and uncertain environments, au-
tonomous robots need to be reactive and robust.
Behavior-based robots that identify and repair the
failures have been considered to be a promising op-
tion to achieve such a functionality. However, the no-
tions of reactivity and robustness have been hitherto
only informally used and have been loaded with var-
ious interpretations. This has prevented the design
and synthesis of chains of behaviors whose reactivity
and robustness can be controlled. We define reactiv-
ity and robustness and show how methods for syn-
thesizing behavior chains with controllable reactivity
and robustness can be developed. These design and
synthesis techniques lead to a new computational ar-
chitecture for the autonomous robots that need to be
both reactive and robust.

Keywords - Autonomy, Robotics, Behaviors, Re-
activity, Robustness.

1 Introduction

Classical planners make a number of simplifying as-
sumptions like static and completely observable envi-
ronment, deterministic actions and perfect perception.
Challenging this operation in closed world, behavior-
based robots that autonomously interact with their
environments and avoid global representations were
proposed and developed [6]. However, these reactive
robots exhibited emergent behavior that was some-
times undesirable. Since these robots were situation-
driven and did no goal directed reasoning like backward
chaining planners, these robots were viewed as a com-
bination of lack of goal directedness and incomplete-
ness of depth first forward search. Hence these robots
were augmented with planning capabilities. Since au-
tonomous robots may fail in a variety of ways in dy-
namic and uncertain environments, a variety of mod-

ules for monitoring an environment, managing the con-
tention for sensors, monitoring the internal conditions
of a robot and even learning modules to improve func-
tionality using the domain models, failures and suc-
cesses were added. Though the introduction of these
modules has its own merits and motivation, the transi-
tion towards the implementation of these complex ar-
chitectures has left many important ideas in an infor-
mal stage. Rosenschein & Kaelbling [23] have acknowl-
edged that though reactive architectures have been
proposed as an alternative to traditional AI, their the-
oretical foundations are less developed. In particular,
the widely used key ideas like reactivity and robust-
ness never received a precise treatment. We visit the
conventional interpretations of reactivity and robust-
ness and show that though useful, they do not lead to
design and synthesis of complex behavior whose reac-
tivity and robustness can be controlled. To rectify this
situation, we define metrics for reactivity and robust-
ness. Then we show how these metrics can be used
to synthesize behavior chains whose reactivity and ro-
bustness can be controlled. We propose a new archi-
tecture for autonomous robots that uses such chains.
This architecture consists of a set of behaviors, a set of
behavior chains and a chain modification mechanism
for fulfilling the tasks.

This paper is organized as follows. We give an
overview of the current architectures of autonomous
robots in section 2 and discuss the existing interpre-
tations of robustness and reactivity in section 3. In
section 4, we build a model of reactive and robust func-
tionality. In section 5, we show how one can synthe-
size behavior chains whose robustness and reactivity
can be controlled, using the design foundations in sec-
tion 4. In section 6, we suggest a number of methods
to significantly reduce the complexity of the synthesis
and modification of these chains to make this approach
practical. We also discuss some relevant insights from
the classical planning literature in this section. Our
conclusions are presented in section 7.



2 Background

We review the successes and limitations of the three
types of autonomous robot architectures in this sec-
tion - reactive, deliberative and hybrid, in this order.
This classification covers most of the existing architec-
tures, except those that contain a learning component.
Cyclic wandering, a typical characteristic of purely re-
active behaviors, is reported in [2]. Behavior-based box
pushing robots [19] can get stuck in cycles. Connell [9]
reports cyclic behavior of a can collection robot. While
commenting on such reactive systems, Kirsh [18] co-
gently argues that the duplication of insect behaviors
like wandering, avoiding obstacles and following corri-
dors does not prove that behavior-based robotics is a
“royal path to high level behaviors”.

The world of Shakey [10] was very carefully engi-
neered. Walls were specially constructed and painted
with matte finishes. This deliberative robot computed
and executed plans for goals, but its knowledge of the
world was stored in its knowledge base. As Agre [1]
says, just as planning offered no account of moment-to-
moment interaction with the world, reaction offered no
account of how the organism or robot’s actions could
be guaranteed to work. This concern inspired the de-
velopment of the hybrid architectures.

Saffiotti et al [24] and Arkin [3] integrate planning
and reactive control, for robot navigation. Many more
implemented hybrid architectures like [11],[13],[25] ex-
ist. A rover Rockey-III that navigates through rough
outdoor terrain and collects soil samples has been re-
ported in [21]. Bonasso et al [5] describe a robot for
find and fetch tasks in an outdoor environment.

Despite these interesting implementations, a num-
ber of problems exist. Planner and reactor are used
in ad-hoc ways. Planner is used all the time and re-
actions are used for exceptional situations [25]. This
is contrary to the widespread strategy of using reactor
as much as possible and planner only to handle prob-
lems with reactivity. Chapman [7] says that combining
classical planners with reactive systems combines the
worst of both worlds - planning is expensive and reac-
tivity is myopic. It is concluded by Firby & Simmons
[12] that hybrid architectures do not combine reactive
and deliberative paradigms effectively. Though a lot of
implementations have acknowledged and addressed the
need to have robust and reactive functionality, the pre-
cise treatment that can make the synthesis of behavior
chains with controllable reactivity and robustness pos-
sible is missing.

3 Robustness & Reactivity

We here examine the conventional interpretations of
the notions of robustness and reactivity.

3.1 Robustness

There are at least five different interpretations of the
notion of robustness that we visit here.

(a) Graceful Degradation The behaviors of a
robot can be organized into a hierarchy depending
on their complexity, as in the subsumption architec-
ture of Brooks [6]. For example, solving a puzzle may
be viewed as more complex than avoiding an obsta-
cle, as per some complexity metric like the amount of
search required to solve the problem. Each behavior
in the hierarchy needs some resources (computational
or physical) to function successfully. For example, ef-
ficiently solving the puzzle will require good heuristics
and avoiding obstacles will require sonars whose read-
ings are not arbitrarily noisy. As the availability of the
resources or the quality of the pre-requisites deterio-
rates, the corresponding behaviors degrade. However,
the robot continues to have a mobile existence in the
world until the pre-requisite of the simplest behavior
is lost, degrading gracefully.

(b) Repeated Effort This exhibits a strong com-
mitment to achieving the goals. The autonomous
robots that react to external stimuli do partially have
this feature, since they continue to respond to a stim-
ulus as long as it is true. If the can falls down at
an inappropriate location because of a slippery grip-
per, the robot will pick it up again, as long as the can
is visible. However if the can rolls on the floor and
reaches an area far away, the robot will have to track
the can and move it. Such a “try until you succeed”
type behavior is also called robust.

(c) Pre-canned Methods This can be considered
as achieving fault tolerance through some sort of re-
dundancy in the software. Important or frequently oc-
curring failures and the situations under which they
occur are identified a priori and a set of situation-
dependent remedies are supplied to the robot for online
use. Even alternative methods (hence the redundancy
in the software) to fix the same failure in the same
situation may be supplied, e.g. avoiding obstacles in a
dark room can be handled by both sophisticated image
processing and a sonar-based method. Thus the com-
plexity of online synthesis of a remedy is pushed to the
complexity of offline design. Because of the ability to
handle multiple failures under multiple situations, the
behavior looks robust.

(d) Redundant Hardware Extra sensors can be
provided to avoid the contention for sensory resources
arising in perceptually demanding situations, e.g. nav-
igation in the presence of multiple mobile obstacles. In
this case the robot may want to use the camera to pick
up an object but an obstacle approaching may force the
camera to be turned in a different direction. Similarly,
if sonars are used to detect obstacles of certain height,



obstacles that are too short may go undetected. Such
situations can be handled by providing more cameras
and installing additional sonars at the base of the robot
to handle small obstacles on ground.

(e) General Behavior A behavior can be viewed
as robust if it is general enough to work under differ-
ent circumstances. This can be achieved by providing a
weaker or more general stimulus. For example, the be-
havior of picking with stimulus 3z(can(z) V bottle(z) vV
cup(z)) is more general than the behavior with the
stimulus 3z (can(x) V bottle(x)) because the former be-
havior can pick up cups that the latter cannot. 3 and
V denote existential quantifier and logical disjunction
respectively.

All these interpretations of robustness, though valu-
able, focus on equipping a robot to handle failures due
to a problem in the hardware or the changes in the
external environment. Our view of robustness is more
general and it is based on the ability of a behavior
space to efficiently deal with changes. These changes
could be changes in goals to be achieved or changes in
states of hardware, changes in an external environment
or changes in the internal conditions of a robot.

3.2 Reactivity

We discuss various interpretations of the term “reac-
tivity” here that are based on the factors like internal
state, response time and computational structure.

(a) Amount of Internal State Reactive robots re-
act to the percepts from their environment (e.g. obsta-
cles, gestures of their user etc.) As per the interpreta-
tion of reactivity based on this internal state criterion,
since the stimuli that trigger the behaviors of a robot
are available in the environment itself, higher reactiv-
ity means lower internal state and vice versa. However
there is no established threshold for the amount of in-
ternal state that draws a line between reactive and
deliberative behavior. Some argue that reactive be-
havior maintains no internal state and thus random
navigation with obstacle avoidance using bumpers or
sonars is perhaps the most complex reactive behavior.
On the other hand, Brooks [6] allows limited internal
state that is distributed and thus local to the behaviors
and he claims that 97 % of the pragmatic activity is
reactive [18].

(b) Response Time As per this interpretation, be-
haviors that respond faster to the stimuli or user’s re-
quests are more reactive. This notion is very close
to that of reflex action. For example, a robot that
avoids obstacles by using the sonar readings to infer
the presence of obstacles may avoid them faster than
a robot that grabs the image of its surrounding and
then processes it to extract shapes and matches them
with the internal models of obstacles. Thus the robot

that uses sonars may be considered to be more reactive
than the robot that uses vision. However there are, like
the internal state-based interpretation, no established
thresholds for response times to create the reactive-
deliberative dichotomy. A vision-based robot that uses
parallel processors and efficient hardware may respond
faster than the sonar-based robot. Hence the response
time is an ad-hoc measure.

(c) Computational Structure The production
rules with the “if (condition) then (action) else ..”
structure have a reactive flavor where the action ex-
ecuted can be viewed as a reaction to the condition
that is satisfied. The behavior modules in [6][9] are
defined in this manner.

Our explanation of these three ways of understand-
ing the concept of reactivity shows that all of them
have been used without formalization. Response time
can be viewed as being dependent on the reasoning
performed over the internal state. The response time
may also be affected by the delays in the hardware,
however we focus on the internal computational struc-
ture here and ignore the hardware delays, though these
considerations are important in practice. We use the
internal state and its persistence to define a metric to
capture the amount of reactivity. We adopt the tra-
ditional production style (if (condition) then (action)
else ..) computational structure to express the behav-
iors.

4 A Model of Reactivity & Robustness

In this section, we develop a model of reactive and
robust functionality. The notions of reactivity and ro-
bustness here are the key design foundations for the
synthesis of reactive and robust behavior chains we ad-
dress in sections 5 and 6.

e Behavior - A behavior 8; is modeled as a 2 tu-
ple < s;,¢; > and defined as a mapping from stim-
ulus s; to consequence ¢;. There is an action part
between stimulus and consequence which makes the
consequence true. Besides motor control, the action
part may contain a computational mechanism to up-
date internal states of a behavior.

¢ Behavior space - It is the set of all behaviors of
a robot. It is denoted by B and | B | is size of the
behavior space.

e Stimulus - We assume that stimuli of all behav-
iors are expressed in a purely conjunctive form. It is
assumed that each literal in a stimulus may correspond
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.
(A predicate is an atomic formula and a literal is an
atomic formula or negation of an atomic formula. We
assume that stimuli contain only positive literals (thus



no negations are allowed in stimuli).)

The universe is a conjunction of literals denoted by
U. Hence when we say that a stimulus is s;, we mean
that it is (s; A X), where (U = X), X being a part
of the universe, e.g. to pick up a can, it is necessary
for a robot to have a gripper in a good condition (not
mechanically damaged), but this is not listed in stimu-
lus of the behavior pick_up_can. = and A respectively
denote logical implication and logical conjunction re-
spectively.

e Consequence - It is assumed that consequences
of all behaviors are expressed in a purely conjunctive
form. The consequences may contain both positive and
negative literals.

e Behavior chain - Complex behavior occurs be-
cause a number of primitive behaviors (like ;) 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, : Bis ¢ - & Bin }s
where 3;,, : Bi,,, is used to denote that these two
behaviors are contiguous and occur immediately next
to each other in time, with the former behavior preced-
ing the latter. Such a chain is said to be composable
from the behavior space B if behaviors in the chain
are elements of B. This is denoted by C' <1 B. This
sequential model of complex behavior is very widely
used in ethological analysis [8]. 3; < (; denotes the
temporal precedence relation where ; occurs in the
chain earlier than ;. Concurrent behaviors that do
not interfere can be ordered (linearized) and included
in the sequential chain model, e.g. if the behaviors g7
and By occur concurrently, they can either be treated
as {87 : Pio} or {Bio : Br}. Our behavior chains
are similar to the paths in the finite state diagram of
behavior schemas used in the hybrid planner-reactor
architecture of Arkin & Balch [4].

In the chaining mechanism, the action of an earlier
behavior changes the situation in such a way that the
newly changed part of the situation in conjunction with
the the universe U implies stimulus for next behavior in
the chain (however the universe is not explicitly listed
in the logical formulae which describe stimuli and con-
sequences). Consider the chain {8, : f3 : f7}. Here
we may have ¢; = (aAc) and s3 = (aAcAz). (¢1 = s3)
if (U = z), but z is not explicitly listed in ¢;. In case
z is not true in the universe, the chain will be broken.

The length of a chain C; is defined as the number of
behaviors in the chain. Behavior chains are responsible
for fulfilling tasks (defined in the discussion on task
space in this section).

e Internal State - The local internal state of a be-
havior can be considered to be of two types - perma-

nent and temporary. We assume that the permanent
component of the internal state is fixed and the tempo-
rary component is variable. The internal state of a be-
havior 3;, denoted by §; is thus defined as the function
fi(dip,0i), where 0;p,0; denote the permanent and
temporary components. The estimates of d;p,d;x can
be provided using the knowledge of the functionality
of B;. The temporary part is variable since it depends
upon the context. For example, the behavior of picking
dishes from a particular table may store the location
of the table and the model of a dish (so that it can be
compared with the image grabbed) in the permanent
component and the location of the dish to be picked
next in the temporary component. This temporary
state may be updated as the robot moves (since the
distance of the dish from the robot changes), until the
dish is picked up. The temporary state may also be up-
dated because the object providing the stimulus is mo-
bile. Not all internal state of a behavior is necessarily a
part of its stimulus, e.g. the stimulus of the behavior of
picking dishes may be Jx(dish(x) A graspable(x)) and
clearly, the distance of the dish from the robot is such a
portion of internal state (which does not appear in the
stimulus). The idea behind maintaining the tempo-
rary internal state and updating it is to avoid sensing
from scratch, e.g. if the robot recognizes a cupboard
to be opened and if the camera turns in another di-
rection (leaving the cupboard out of sight), it is not
a good idea to be recognize the cupboard again, since
this will duplicate the recognition computation. Thus
the location of the cupboard may be stored in the tem-
porary internal state and updated as the robot moves.
It is not just the location of an object providing the
stimulus that may be a part of the temporary internal
state, some local cues useful in relocating the stimulus
may be stored in the temporary internal state as well.
We assume that the temporary internal state is erased
immediately after the completion of the execution of a
behavior.

We consider a stimulus to be true when all predi-
cates from the stimulus are true. The temporary in-
ternal state is stored from that point in time when
some part of a stimulus is detected to be true, e.g. a
from (a AbAc¢). The difference between this time and
the time at which the behavior execution ends is the
time for which the temporary internal state is stored,
different parts of the temporary internal state detected
at different times being stored for different times. Such
times can be arbitrarily long and need to be controlled
to achieve faster functionality and avoid state update
computations. For example, if the stimulus of a behav-
ior is detected to be true at time ¢ and the behavior
execution starts at time ¢’, then it is important to min-



imize the idle time (¢’ —t) by executing the behavior as
early as possible, thus controlling the value of ¢'. The
other option is to control the value of ¢ by not record-
ing the state even if the stimulus is available (but this
may duplicate the recognition computation). If this is
not done, the behavior remains idle.

e Effective Internal State - The amount of time
for which a state is stored is important besides the
state, because of its potential effect on the response
time due to the state update computations. We con-
sider these two factors in the notion of the effective
internal state of a chain. The effective internal state
of a chain {81 : B2 : f3 Br} is defined
as a function of the internal states of the individual
behaviors and the tlmes for which they are stored,
9(f1(61p,018)s ooy fr(Onpy Ont), t11, t12, -y tou,
tQQ, ceny t31, t32, t33, ey tnla th, ), where tij is the time
for which j th part of the temporary internal state of
behavior j3; is stored. Estimates of ¢;; values can be
either learned or supplied by the user. Note that the
internal states that we are considering in this paper are
minimal information about environment that is needed
by behaviors. The internal states do not contain any
guidance (e.g. meta-level knowledge) for improving the
functionality, except some environmental cues. Thus
we expect higher internal states or higher storage times
to increase state update computations and thus lead to
higher response times and slower functionality.

Since we do not assume any shared memory and the
state is completely distributed, it is legal to define the
effective internal state as the function g. A chain is
more reactive if its effective internal state is lower. We
denote the effective internal state of a chain C' by ¥,

e Task space - A task is defined as a transition from
an initial state of the world to a new state, achieved
through a temporal chain of behaviors. Thus the chain
{B1 : B2 : B3} fulfills a task that is different from
{B1 : B2}. The set of all possible temporal chains of
behaviors from B is defined as the greatest potential
task space, denoted by 7¢(B).

e Chain Library - A chain library, denoted by
S(B), is a set of chains composed from the behaviors
in B. Note that S(B) is much smaller in size than
7¢(B). Each chain from S(B) fulfills some task 7,
defined as < I;,G; >, I;,G; being the corresponding
initial and goal states. The description of the initial
state is complete and that of the goal state is partial.
I; must contain all predicates necessary for the execu-
tion of the task fulfilling chains to begin. The initial
and goal states are purely conjunctive. These chains
from the library are meant for reuse. Each chain can
be modified to solve one or more new tasks 7; defined
as < I/, G} >, that a user may assign to the robot.

e Chain Repairs - To fulfill a new task, given chain
may be modified in two ways - adding a behavior to the
chain and removing an existing behavior. The change
in the order of behaviors can be described in terms
of two addition and two deletion operations. We also
refer to these modification operations as repairs. The
total number of chain repairs is the sum of the number
of additions and deletions of behaviors.

e Chain Robustness - The amount of modification
made to a chain to fulfill a new task can be considered
as a measure of its robustness. A chain that requires
more modifications as the tasks to be fulfilled change
can be viewed as brittle and thus less robust. We define
a chain to be (i,7) robust if it can fulfill at least j
tasks with at the most 4 repairs. This metric of chain
robustness is based on the ease of reusability of a chain.
Thus the definition of robustness subsumes the ability
to fulfill new tasks with some modification.

5 Chain Synthesis

We discuss how the problems of controlling the reac-
tivity and robustness of behavior chains can be speci-
fied and solved.

5.1 Controllable Reactivity

We discuss two important versions of this problem
that are general enough to cover the reactivity-related
requirements. (1) Synthesize a behavior chain of
length k or less that not only fulfills the given goal
but also has the effective internal state less than some
limit 7. An algorithm to solve this problem can be im-
plemented as a search procedure that starts with the
initial state and selects behaviors till a task fulfilling
chain C' of length k or less is found such that T < .
This in the worst case, will take O(| B |¥) time, since
each behavior in the tree of height k¥ may be chosen af-
ter examining O(] B |) options. (2) Given a behavior
chain C’ of length k fulfilling a task such that ¥ > 6,
modify the chain to C" such that ¥ < 0. Let us as-
sume that the chain is minimal, so no behavior can be
removed from the chain to lower ¥ without losing the
task fulfilling capability. The only option then is to re-
order the existing behaviors in the chain C' to derive
C" that satisfies the inequality. Though a brute force
algorithm will visit k! orderings in the worst case, a
number of strategies/heuristics that we propose in 6.1
can be used to restrict the computation in both (1)
and (2) to be practical.

5.2 Controllable Robustness

The problem of controlling robustness can be stated
in a variety of ways. We discuss two important ver-
sions here. (1) Given a set of tasks Y, synthesize a
set (library) S(B) of p chains such that each chain is
(i,7) robust, such that for each task 7 € T, there ex-
ists a chain C in the set S(B), such that C' can be



repaired with at the most i modifications to fulfill 7,
and C can fulfill at least j such tasks with such re-
pair. A naive algorithm to solve this problem is to
compute all possible minimal chains to fulfill each task
and then process the chains by adding or removing be-
haviors to achieve the (4,j) robustness and then store
these chains. This algorithm will explore a combina-
torially large search space. (2) Given an (i, j) robust
chain, derive an (i + 4’,j + j') robust chain from it,
such that i’ <0, (i +4") > 0,7 > 0 (this makes an ex-
isting chain more robust). A brute force algorithm for
this problem will be inefficient. To deal with the com-
putational burden in (1) and (2), we suggest several
strategies/heuristics in 6.1.
5.3 Repairing the Robust Chains

In 5.1 and 5.2, we discussed the problems of com-
ing up with chains that meet the specified reactivity
and robustness criteria. This requires the chains to
be synthesized from scratch. The resulting chains are
then stored in the chain library. In this subsection, we
discuss an incremental, rather than the from-scratch
problem. In the incremental problem, modifications
to the chains already in the library are carried out, to
meet the new robustness and reactivity constraints.

Let us examine the complexity of applying a fixed
number of repairs (k) to a given chain of length m.
Let the k repairs contain k; behavior additions and ks
deletions, (k1 +k2) = k. As the insertions and deletions
take place, the length of the chain varies, changing the
possible number of deletions and possible places for
additions. The maximum length of the modified chain
will be (k1 +m). In the worst case, no portion of the
reused chain will be applicable and an entirely new
chain of length (k; + m) will have to be synthesized
from scratch. Since each behavior can be chosen in
O(] B |) ways, the time complexity of this from-scratch
synthesis will be O(| B |(¥1+m)),

The primary motivation for repairing the chains is
to reuse them to fulfill new tasks. However this repair
should not excessively increase the effective internal
state. The computation of effective internal state can
be applied to each chain explored in the space of re-
pairs, to control the potential increase in ¥. Thus the
complexity analysis above also applies to the general
case where a robust chain is repaired to fulfill a new
task and also meet an internal state constraint.

6 Discussion

The ideas presented here can be implemented via a
new hybrid architecture for autonomous robots. This
architecture will have three components - the behavior
space, the chain library and the chain repair mecha-
nism. A user can supply a list of tasks to a robot for
it to fulfill autonomously.

6.1 Computational Considerations

We discuss several strategies/heuristics to reduce the
computations in repairing the chains to fulfill tasks and
the computations in modifying the chains to reduce the
effective internal state. These strategies can be applied
together to synthesize chains that are adequately reac-
tive and robust. Some of these strategies can also be
used to efficiently generate chains that are stored in
the chain library for future use, the problem that we
discussed in 5.1 and 5.2.

6.1.1 Reducing Chain Repair Computation

(a) Restricting the Repair Nature - We can ei-
ther allow behavior modules to be only deleted from
the chain or only added, but not the both. This does
offer a significant reduction in the space of possible
repairs. (b) Restricting the Repair Location -
We can restrict the behavior modules to be inserted
at and removed from only certain places rather than
all possible places. This offers a significant reduction
in the repair space. (c) Relevance Analysis - One
can use polynomial time pre-processing techniques like
the “operator graphs” of [26] that compute the set of
actions relevant to the given problem using the infor-
mation about the initial state, goal state and the stim-
uli and consequences of the actions. One can simi-
larly construct a behavior graph and use it to select
an appropriate chain from the library for modifica-
tion and then remove irrelevant behaviors from this
chain and add only the relevant behaviors if they are
missing. (d) Using Macro-behaviors - A behav-
ior chain C that fulfills a task 7 can be viewed as a
macro-behavior. Thus to fulfill the task 7, one need
not synthesize a behavior chain from scratch, but one
can just retrieve C' and execute it. A frequently useful
behavior chain can be stored as a sequence of macro-
behaviors. This restricts the locations of repair. For
example, the chain {8 : B5 : B3 : B4 : Pz} can be
also stored as {Cy : Cy : 7}, where C; = {f1 : B5},
Cy = {B3 : B4} are the macros. Similarly the new
modules to be added to a behavior chain can be re-
stricted to be macros rather than singleton behaviors.
(e) Advice from the Domain Expert - Just like do-
main experts provide guidance to planners in the form
of hierarchical problem decomposition strategies that
are captured in the reduction schemas [17], experts can
also provide additional constraints on the process of re-
pairing the chains. (f) Division of Functionality -
By bounding the scope of environment and the tasks
that a robot is responsible for, one can make sure that
the size of the chain library and the repair compu-
tations are reasonable. (g) Compaction of the li-
brary The behavior chains may be replaced by a fewer
number of partial orders on the behaviors. Similarly



the set of tasks that repaired versions of different chains
can solve should ideally be non-overlapping, so that the
size of the library is not huge. Certain tasks may be
reliably fulfilled just because the behaviors get chained
though the world in a linear fashion, without any pos-
sibility of branching. Then, only those tasks that need
chains that cannot be reliably composed through the
world should be solved by repairing the chains. Thus
the chain library should have chains for only the latter
type of tasks. (h) Interleaving Execution and Re-
pair It is not necessary to retrieve and repair a chain
immediately after a task is chosen for fulfillment. A
robot can execute the applicable behaviors (provided
the initial state in the task specification is true) and
retrieve and repair a chain only if no progress is made
in the execution. Some tasks may be fulfilled without
any chain repair, thus the repair effort can be avoided.

6.1.2 Reducing Computations in Control of
Reactivity

We suggest several heuristics to reduce the computa-
tions in reducing the effective internal state of a chain
below. Most of these heuristics order all or selected
behaviors in the chain to reduce the effective internal
state. (a) High Internal State First The behaviors
which have a higher value of the temporary internal
state component §;; should be ordered to occur as early
in the chain as possible, with the constraint that this
reordering should not affect the task fulfilling capabil-
ity of the chain. (b) State Externalization Internal
state can be externalized by putting markers in an en-
vironment. For example, if it is desired that all the
recently bought groceries should be kept in the cup-
board or refrigerator, except some that are required to
cook dinner, their location can be stored as an inter-
nal state in the stimulus of the behavior for picking up
the groceries. But one can also externalize this state
by keeping the groceries to be used on a marker like
red paper and modify the stimulus of the behavior by
replacing the internal state by the description of the
marker. (c¢) Thresholding Behaviors §; whose inter-
nal state f(d;,0d;p) exceeds a certain threshold # may
not be included in the chain. (d) Selective Ordering
Instead of ordering all the behaviors in a chain based
on their internal state, only a selected ones may be or-
dered. (e) Model of Causality The stimulus s; of a
behavior §; in a chain is true either at the beginning
of the chain or it is made true by behaviors like 3; in
the chain such that 5; < 3;, where < denotes temporal
partial order. Though such causality is never explicitly
represented in behavior-based approach, it is responsi-
ble for the formation of chains. These causality con-
straints can be used to prune many of the reorderings
that may be tried while reducing the effective inter-

nal state. (f) Exploiting Concurrency A behavior
chain is a sequence (the behaviors are totally ordered).
However there may be non-interfering behaviors whose
stimuli are true at the same time, making the con-
current execution of these behaviors possible. Thus a
chain can be non-linearized for the purpose of execu-
tion to reduce the effective internal states, since the
non-linearization of the chain decreases the idle times
of the concurrent behaviors.

6.2 Connections with AI Planning

The idea of storing, retrieving and repairing the be-
havior chains is similar to reusing plans. The stimulus,
consequence definition of a behavior is similar to the
pre-condition, post-condition (effects) definition of an
action or operator in planning. Ginsberg [14] proposes
that to alleviate the complexity of plan synthesis, one
can use a planner that generates plans that are approx-
imately correct. Our chain library can be considered
as a set of approximate solutions that are repaired to
get the accurate ones. Our view of the robustness of
a chain is similar to the notion of robustness of the
solution of a constraint satisfaction problem in [15],
where a solution is considered to be more robust if it
can be modified with lower effort to handle more con-
straints. Both Hanks & Weld [16] and Kambhampati
& Hendler [17] point out that the efficiency of reusing
plans to solve new problems depends crucially on the
amount, of modification applied to the original plan.
Thus it is very important that the reused plan be as
close to the solution plan as possible. Thus heuristics
for selecting good candidates for reuse are important.
These arguments apply to our strategy of repairing be-
havior chains from the chain library as well and the
relevance analysis we suggest in 6.1.1 is this kind of
heuristic. The computational complexity-based argu-
ment in [22] shows that in the worst case, reusing a
plan can be harder than planning from scratch. This
argument applies to chain modification too. A com-
bination of various remedies we suggested in 6.1 can
however reduce the computations to be practical.

7 Conclusion

We reviewed a number of architectures of au-
tonomous robots and the conventional interpretations
of reactivity and robustness. Arguing that there are no
methods for designing and synthesizing chains whose
reactivity and robustness can be controlled, we for-
malized these notions. We discussed how our metrics
can be used to synthesize and modify behavior chains
with a control over the reactivity and robustness prop-
erties. We suggested several strategies for reducing
the computational effort involved in the synthesis and
modification of these chains. With this reduction, it is
possible to reduce the times for task completion. We



showed how our metrics and the methods to control
them can be incorporated into an architecture for au-
tonomous robots that need to exhibit a robust and
reactive behavior.

Our architecture has potential applications in
perceptually challenging environments where object
recognition times are high and thus distributed internal
states need to be maintained and updated to avoid rep-
etition of the recognition computations. It can also be
used in the scenarios where the types and magnitudes
of changes in the requirements of a user or changes in
an environment are bounded, since these can be han-
dled by repairing the chains.
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