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Abstract

By lo oping o v er a set of b eha viors, reactiv e systems

use rep etition and feedbac k to deal with errors and en-

vironmen tal uncertain t y . Their robust, fault-toleran t

p erformance mak es reactiv e systems desirable for exe-

cuting plans. Ho w ev er, most planning systems cannot

reason ab out the lo ops that c haracterize reactiv e sys-

tems. In this pap er, w e sho w ho w the structured ap-

plication of abstraction and nondeterminism can map

complex planning problems requiring lo op plans in to

a simpler represen tation amenable to standard plan-

ning tec hnologies. In the pro cess, w e illustrate k ey

recip es for automatically building predictable reactiv e

systems that are guaran teed to ac hiev e their goals.

In tro duction

The uncertain t y inheren t in real-w orld domains has

pro v en problematic for traditional AI planning tec h-

nologies that rely on complete, accurate, and deter-

ministic w orld mo dels. In resp onse, reactiv e systems

(e.g., Agre & Chapman 1987; Firb y 1987) ha v e b ecome

p opular b ecause they can deal with the uncertain ties of

real-w orld domains. The primary adv an tage of reactiv e

systems is that they do not mak e predictions based on

a w orld mo del, and th us they a v oid p oten tial failures

due to inadequate mo dels. Instead, reactiv e systems

rely on rep eatedly executing simple \p ersisten t" b e-

ha viors un til feedbac k indicates that their goals ha v e

b een ac hiev ed. Unlik e traditional op en-lo op AI plans,

these reactiv e systems address en vironmen tal uncer-

tain t y and the p ossibilit y of execution-time failures

b y implemen ting rep eated, feedbac k-based, closed-lo op

b eha viors.

One ma jor problem with most reactiv e systems is

that they are di�cult to design (and usually hand-

co ded), so that their b eha viors are not necessarily log-

ically correct or timely . There is no assurance that

these systems will c ho ose an appropriate action for a

giv en situation, or that the selected action will b e ex-

ecuted quic kly enough to meet domain-im p osed dead-
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lines. F urthermore, b ecause the design and construc-

tion pro cess is not automated, building new reactiv e

systems for di�eren t domains requires length y h uman

in teractions. Sev eral researc hers ha v e recognized that

traditional AI planning systems migh t b e used to auto-

mate the ad ho c pro cess of designing reactiv e systems

(e.g., Sc hopp ers 1990), leading to signi�can t adv ances

in p erformance predictabilit y and rapid system adap-

tation. Ho w ev er, most AI planning systems are unable

to plan in domains that in v olv e the t yp e of rep etition

(lo oping) c haracteristic of reactiv e systems. F urther-

more, planners do not usually create reactions, but

rather they generate plans as a �xed sequen tial (or par-

tially ordered) set of distinct actions.

In this pap er w e describ e the use of abstraction and

nondeterminism to allo w planners to generate lo oping

reactiv e plans, th us addressing a critical problem for

h ybrid planning/reaction systems. Essen tially , w e giv e

co okb o ok recip es for transforming the complexities of

a domain in to an abstract form so that reactiv e plans

are suitable and classical planners are useful. Some

of the abstraction tec hniques are no v el, some are not:

our primary con tribution is in sho wing ho w they can

b e com bined in routine w a ys to mak e planners han-

dle lo ops and generate reactiv e b eha viors that can b e

guaran teed to op erate in a logical and timely fashion.

W e b egin b y in tro ducing a simple, in tuitiv e example

to illustrate the �rst abstraction tec hnique and ho w

it can b e useful in the automatic planning of lo ops.

W e then presen t a brief o v erview of the Co op erativ e

In telligen t Real-Time Con trol Arc hitecture (CIR CA)

(Musliner, Durfee, & Shin 1993), a system designed

to automatically plan and execute reactiv e b eha viors.

W e then pro vide a more detailed example sho wing ho w

CIR CA uses abstraction, nondeterminism, and an \ab-

stract" time represen tation to plan reactiv e lo ops. De-

spite the extensiv e domain abstractions used to mak e

planning feasible, CIR CA's automatically -constructed

reactiv e systems are guaran teed to accomplish their

goals and preserv e the system's safet y . Th us CIR CA

com bines the p ositiv e p oten tial of b oth planning sys-

tems (kno wledge-based delib eration, pro v ably logical

b eha vior) and reactiv e systems (rapid, fault-toleran t

feedbac k lo ops).



OPERATOR precise-ha mm er- bl ow

PRECONDS: ((arm-rai sed T) (nail-hei gh t ?X))

POSTCONDS : ((arm-raise d nil)

(nail-heig ht (max 0 (- ?X 1.2))))

precise-
hammer-blow

ARM-RAISED   T

NAIL-HEIGHT   4.3

precise-
hammer-blowARM-RAISED   NIL

NAIL-HEIGHT   3.1

ARM-RAISED   T

NAIL-HEIGHT   3.1

raise-arm

ARM-RAISED   NIL

NAIL-HEIGHT   1.9

Figure 1: A �ctitious hammering op erator and the

plan that migh t result.

A Simple Example

In his early w ork on represen ting plan lo ops, Drum-

mond (1985) illustrates a plan for hammering a nail b y

rep eatedly raising and lo w ering a hammer, nev er ter-

minating. In this section, w e in tro duce our approac h

to planning lo ops using this same example, with t w o

signi�can t di�erences: �rst, our hammering plan is au-

tomatically generated, and second, the plan will termi-

nate when the nail is driv en 
ush.

Consider �rst the w a y in whic h a (h yp othetical) tra-

ditional planning system migh t address the hammering

problem, as illustrated in Figure 1. Here the precise-

hammer-blo w op erator m ust sp ecify exactly ho w far

do wn it driv es the nail, and the �nal plan yields a w orld

mo del that en umerates all the p ossible heigh ts the nail

ma y protrude.

The hammering domain illustrates sev eral critical

asp ects of lo oping plans that mak e them di�cult for

planners. First, uncertain t y ma y mak e it imp ossible

to sp ecify an op erator's e�ects so precisely , and hence

imp ossible to predict exactly ho w man y lo op iterations

will b e necessary to ac hiev e the goal. In suc h uncer-

tain domains, the termination conditions of the lo op

can only b e determined during the actual execution

of the lo op. Ho w ev er, traditional planning op erator

represen tations (e.g., STRIPS add/delete lists (Nils-

son 1980)) cannot represen t an op erator whose e�ects

are not fully deterministic

1
. Another ma jor problem

is that, ev en if w e could predict ho w man y iterations

are necessary , a classical planning system w ould need

to en umerate at least one state (and probably man y)

for eac h of the iterations. This is ob viously undesir-

able, since it exacerbates the state-space explosion al-

ready exp erienced b y classical planners. T o address

these problems and allo w a planner to deriv e a com-

pact plan without considering inn umerable states, w e

apply t w o forms of abstraction

2
.

1

A deterministic op erator implemen ts a �xed mapping

of an input to a unique corresp onding output. A nondeter-

ministic op erator implemen ts a completely uncertain (or

random) mapping from an input to one of a set of p ossible

outputs.

2

W e use \abstraction" in a general sense to mean the

omission of detail. This usage conforms nicely with in-

ACTION hammer-b low

PRECONDS: ((arm-rai se d T))

POSTCONDS: (((arm-rai sed nil) (nail-flu sh T))

((arm-rai sed nil) (nail-flu sh nil)))

NAIL-FLUSH   NIL

ARM-RAISED   T

hammer-blowraise-arm
ARM-RAISED   NIL

NAIL-FLUSH   NIL

ARM-RAISED   NIL

NAIL-FLUSH   T

A B C

Figure 2: A nondeterministic transition, and the re-

sulting dynamically-termi nated lo op.

First, w e m ust abstract a w a y the details in the

domain represen tation that cause problems with the

state-space explosion. In the hammering domain, the

heigh t of the nail is the domain feature that c hanges on

eac h lo op of the plan, so it is the culprit, the \coun ting"

v ariable. W e remo v e this coun ting e�ect b y abstract-

ing the heigh t feature to t w o critical v alues: either the

nail is 
ush or it is not.

Since the heigh t of the nail has b een abstracted a w a y

to a binary v alue, the e�ects of the hammer-blo w

op erator m ust b e similarly abstracted. In the pro cess,

the excessiv e precision asso ciated with the con tin uous-

v alued op erator is abstracted a w a y , and nondetermin-

ism is used to represen t the resulting uncertain t y . Fig-

ure 2 sho ws the abstracted op erator, whose e�ects are

no w represen ted as a nondeterministic transition either

to (nail-
ush T) or bac k to (nail-
ush nil) .

So no w w e ha v e the w orld mo del sho wn in Figure 2,

whic h more accurately re
ects the uncertain t y of the

real w orld: the nail is initially stic king out ab o v e the

surface, and w e can k eep hitting it un til it is �nally


ush with the surface, at whic h time w e will mo v e out

of the lo op and in to state C . Summarizing the tec h-

niques used th us far, w e ha v e the follo wing recip e:

Recip e 1: Eliminati ng Coun ting V ariables

1. Create a binary v ariable with T and nil states cor-

resp onding to the critical \some or none" transition

of the coun ting v ariable.

2. Mo dify the incremen t op erator to lead to the T state

of the binary v ariable.

3. Mo dify the decremen t op erator to b e nondetermin-

istic, leading to either of the binary v ariable's states.

With the abstract nail-
ush feature and the corre-

sp onding op erator, the state-space problem has b een

addressed and the mo del in Figure 2 represen ts the

need for a lo op whic h rep eats un til a dynamic termi-

nation condition holds. Note that the hammer-blo w

action is not su�cien t b y itself, b ecause w e do not w an t

to hit the nail ev ery time w e are holding up the ham-

mer. T o build a reaction that w ould yield the state-

space b eha vior sho wn in Figure 2, we stil l ne e d a plan-

ner to decide whic h of the v arious applicable op erators

should actually b e executed in an y particular w orld

tuition, as w ell as with (Wilkins 1988), in that our ab-

stract mo dels matc h larger sets of p ossible w orlds than less-

abstract mo dels.
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Figure 3: Ov erview of CIR CA.

state. The planner m ust decide that w e should in v ok e

the hammer-blo w action only when the nail is not

y et 
ush (i.e., in state B only , not in state C ). In the

next section, w e brie
y describ e ho w CIR CA is able

to p erform this t yp e of planning (despite the result-

ing state-space lo ops), and ho w the system addresses

the �nal problem of the hammering domain: actually

represen ting a lo oping plan.

Ov erview of CIR CA

As illustrated in Figure 3, CIR CA consists of three

subsystems op erating in parallel (Musliner, Durfee, &

Shin 1993). The AI Subsystem (AIS) acts as a planning

system, reasoning ab out a mo del of the domain and de-

riving appropriate reaction plans. These plans are sen t

to the Sc heduler mo dule, along with timing constrain ts

expressing ho w frequen tly eac h reaction m ust b e exe-

cuted. The Sc heduler tries to build a cyclic sc hedule

of reactions that will meet all the timing constrain ts.

If a sc hedule is found, the planned reactions can b e

sen t to the Real-Time Subsystem (R TS) for execution.

The R TS executes previously-deriv ed plans while the

AIS and Sc heduler are co op erativ ely dev eloping a new

plan; eac h reaction plan is designed to k eep the system

safe (a v oiding failures), so that the searc h-based plan-

ning p erformed b y the AIS is isolated from the ongoing

real-time deadlines of the en vironmen t.

CIR CA's reactiv e plans are built as sc hedules of

T est-Action P airs (T APs). As sho wn in Figure 4, eac h

T AP is an annotated pro duction rule consisting of a

test expression, an action, and a timing constrain t on

ho w frequen tly the T AP m ust b e executed. When ex-

ecuting a T AP , the R TS ev aluates the test expression

and, if it returns true, the R TS executes the corre-

sp onding action. T APs di�er from other reactiv e mec h-

anisms suc h as RAPs (Firb y 1987) in t w o fundamen-

tal w a ys: �rst, T APs are automatically generated b y

CIR CA's planning system, and second, T APs sp ecify

ho w frequen tly they m ust b e executed in order to meet

domain deadlines. CIR CA's Sc heduler mo dule uses the

T AP timing requiremen ts when it builds T AP sc hed-

ules that are themselv es lo ops; Figure 4 sho ws a simple

sc hedule for the hammering domain, whic h oscillates

b et w een the raise-arm and hammer-blo w T APs.

The w orld mo del and planning algorithm that

the AIS uses to dev elop T AP plans are detailed in

(Musliner, Durfee, & Shin 1994). F or our purp oses, it

is su�cien t to understand that the mo del is a mo di�ed

state/transition graph in whic h states corresp ond to

complete descriptions of the w orld (mo dulo some lev el

TAP hammer-bl ow

TEST: (and (nail-flus h nil) (arm-rais ed T))

ACTION: hammer-blow

MAX-PERIOD: 2 seconds

SCHEDULE: (raise-arm hammer-blo w) repeat

Figure 4: A trivial example T AP & T AP sc hedule

for the hammering domain.

of abstraction), and three t yp es of transitions represen t

the w a ys the w orld can c hange. T emp or al tr ansitions

represen t time and ongoing pro cesses. The timing b e-

ha vior of a temp oral transition is related to the rate

of the pro cess it represen ts: for example, the pro cess

of consuming a jar of salsa will tak e some minim um

amoun t of time to complete, dep ending on the rate of

consumption. Event tr ansitions represen t o ccurrences

outside the agen t's con trol, while action tr ansitions

represen t the in ten tional actions of T APs. CIR CA can

con trol the timing b eha vior of action transitions b y

setting the timing constrain ts of T APs. F or example,

CIR CA can build a T AP that executes at least once ev-

ery min ute, to ensure that a new jar of salsa is op ened

within t w o min utes after the last jar is �nished.

T o build plans, CIR CA b egins with a set of goal de-

scriptions, a set of initial w orld states, and a set of

transition descriptions that detail the t yp es of ev en ts,

actions, and pro cesses p ossible in the w orld. The plan-

ning algorithm pushes the initial states on to a stac k

and then p erforms a mo di�ed STRIPS-lik e depth-

�rst searc h for a plan that satis�es all the system's

goals. On eac h planning lo op iteration, the top state

is p opp ed o� the stac k and all applicable ev en t and

temp oral transitions are applied, generating new reac h-

able states that are pushed on to the stac k. The planner

uses a m ulti-step lo ok ahead heuristic to c ho ose the b est

action for the curren t state, generates the states that

result from the selected action, and then rep eats the

planning lo op. Chronological bac ktrac king is initiated

if the planner cannot �nd a go o d plan (e.g., if it cannot

a v oid a catastrophic failure state).

T o illustrate the planning pro cess, consider again the

nailing domain example in Figure 2. If state A is the

initial condition giv en to the planner, it will c ho ose

to apply the raise-arm action, generating state B . In

state B , when the hammer-blo w action transition is

applicable, the planner will pro ject forw ard b oth of

the action's p ossible p ostconditions, and will recognize

that it ma y lead to the desired state C , where (nail-


ush T) holds. Th us the hammer-blo w action will

b e c hosen correctly to accomplish the task. Pro jecting

forw ard along the other branc h of the nondeterminis-

tic p ostconditions, the planner will also realize that the

action transition ma y lo op bac k on to state A . Since an

action has already b een selected for that state, no fur-

ther planning is necessary . Th us the nondeterminism

p oses no di�cult y , and CIR CA can easily plan lo oping

b eha viors with dynamic termination conditions.



The rep etition itself is inheren t in all of CIR CA's

plans, b ecause they are implem en ted not as traditional

sequen tial plans but as reactiv e T AP plans. The R TS

con tin ually lo ops o v er the sc hedule of T APs, rep eat-

edly testing their applicabilit y conditions and execut-

ing their actions whenev er appropriate. Th us, if the

w orld mo del con tains a lo op (i.e., the planner thinks

the w orld ma y re-en ter a state it has b een in b efore),

the T AP form of the con trol plan already ensures that

the state will b e recognized and appropriate action

tak en, as man y times as necessary . The planner do es

not need to p erform an y additional reasoning to ac-

commo date rep eated b eha viors.

A More Complex Example

Sev eral asp ects of the hammering domain mak e it par-

ticularly simple, including the lac k of ev en ts and tem-

p oral transitions (pro cesses), the lac k of timing re-

quiremen ts suc h as deadlines, and the simple goal of

ac hiev emen t. T o extend b ey ond those limitati ons, w e

in tro duce the \gro cery sto c king" domain, in whic h an

agen t m ust nev er run out of a particular gro cery item

(sa y , salsa). The agen t m ust dev elop a plan that co-

ordinates op ening new jars of salsa, putting salsa on

the shopping list when sto c k runs lo w, and going gro-

cery shopping to replenish the sto c k. There are sev eral

tough problems hidden in this seemingly simple do-

main, including plan lo ops, a coun ting v ariable, and a

sp ecial t yp e of goal.

Ho w ev er, b efore w e address these problems with the

abstraction tec hniques describ ed ab o v e, w e m ust �rst

utilize a di�eren t form of abstraction called indexic al

fe atur es (Agre & Chapman 1987). This tec hnique is

used to a v oid the en umeration problems that result

from individuating sp eci�c ob jects in the en vironmen t.

F or example, if the planner distinguished b et w een indi-

vidual salsa jars (e.g., jar21 and jar22 ) it w ould ha v e

to kno w all the p ossible jar names ahead of time, or

else it w ould need the abilit y to generate new names,

and the state space w ould b e in�nite.

T o a v oid this problem, w e enco de the en vironmen t

using indexical features, whic h refer to ob jects b y their

relationship to our agen t. F or example, w e can use a

feature ha v e-op en-salsa to indicate that a jar of salsa

is curren tly b eing consumed, but the sp eci�c iden tit y

of that jar need nev er b e established. Indexical fea-

tures th us abstract a w a y from the iden tit y of ob jects,

but they do so in a sligh tly un usual fashion. The map-

ping of individual ob jects to their \classi�cation" b y in-

dexical features is dynamic, c hanging as ob jects mo v e

through the w orld. So the salsa jar that is op en at

one time ma y b e di�eren t than the jar op en at another

time, but the agen t's represen tation will not indicate

an y di�erence.

Man y reactiv e systems use indexical features to a v oid

the di�culties of establishing sym b ol grounding and

\ob ject p ermanence" through sensing (e.g., determin-

ing that the jar y ou lea v e in the refrigerator is jar21 ,

and that it is the same one y ou �nd there the next

ACTION open-new -ja r

PRECONDS: ((have-sal sa- in -st ock T))

POSTCONDS: ( ((have-open -s als a T)

(have-sals a- in- sto ck T))

((have-open -s als a T)

(have-sals a- in- sto ck nil)) )

MAX-DELAY: 5 minutes

ACTION put-sals a-o n-l is t

PRECONDS: ()

POSTCONDS: ((salsa-on -li st T))

MAX-DELAY: 1 minute

ACTION go-shopp ing -an d- get -s als a

PRECONDS: ((salsa-on -li st T))

POSTCONDS: ((have-sal sa- in -st ock T)

(salsa-on -li st nil))

MAX-DELAY: 1 hour

TEMPORAL finish-sa lsa -j ar

PRECONDS: ((have-ope n-s al sa T))

POSTCONDS: ((have-ope n-s al sa nil))

MIN-DELAY: 2 days

TEMPORAL starve-wi tho ut -sa ls a

PRECONDS: ((have-ope n-s al sa nil))

POSTCONDS: ((failure T))

MIN-DELAY: 8 hours

GOALS: ((failur e nil))

INITIAL STATE: ((salsa-on- li st nil)

(have-open -s als a T)

(have-sals a- in- sto ck T))

Figure 5: Example domain description for the salsa-

sto c king problem.

da y). Although common among reactiv e systems, in-

dexicalit y is rare among traditional planning systems,

whic h usually name ob jects individually .

Recip e 2: Eliminati ng Named Ob jects

1. Replace non-indexical state features with indexical,

agen t-orien ted features.

2. Mo dify related op erators.

Because the agen t ma y sto c k up on salsa, a com-

pletely accurate mo del of the problem w ould ha v e to

include a v ariable indicating exactly ho w man y jars are

in sto c k at an y time. W e ha v e already seen ho w suc h

coun ting v ariables can cause problems with state-space

en umeration and o v erly-precise op erators. Therefore,

w e apply Recip e 1 to con v ert the coun ting v ariable in to

a binary feature.

The salsa domain also in tro duces a di�eren t t yp e of

goal: a goal of a v oidance (nev er run out of salsa), rather

than a goal of ac hiev emen t (mak e the nail 
ush)

3
.

Along with the new t yp e of goal comes the complex-

it y of represen ting time and ongoing pro cesses in the

3

Goals of a v oidance (e.g., a v oid (out-of-s al sa T) )

migh t also b e though t of as goals of negated main tenance

(e.g., main tain (not (out-of-sal sa T)) ).



w orld. T o mak e sure that the agen t do es not starv e

from lac k of salsa, the planner m ust reason ab out the

relativ e sp eeds and frequencies of shopping trips, salsa

consumption, and other activities.

While there ha v e b een man y fora ys in to temp oral

represen tations for planners (e.g., Allen 1983), none

ha v e fo cused on the sort of rep eated, long-term b eha v-

iors w e are in terested in pro ducing. Instead, most tem-

p oral logic systems fo cus on main taining partial order-

ing constrain ts among time in terv als, for non-lo oping

plans. Plan lo ops w ould p ose sev ere problems for these

approac hes, in part b ecause the duration of a lo op ma y

not b e determined un til run time. Instead, w e in tro duce

an abstracted form of time information that is simple to

manipulate, y et allo ws CIR CA to build reactiv e plans

that are guaran teed to meet domain deadlines.

Figure 5 sho ws a sample set of CIR CA transition de-

scriptions for the salsa domain. W e ha v e applied the

previously-describ ed abstraction tec hniques to elimi-

nate the sto c k-coun ting v ariable, instead using the bi-

nary v ariable ha v e-salsa-in-st o c k . The action of buy-

ing more sto c k no w simply sets ha v e-salsa-in-st o c k

to T , and remo ving a jar from sto c k has a nondeter-

ministic outcome, either lea ving some sto c k, or not.

The pro cess of salsa consumption is represen ted b y the

temp oral transition �nish-sals a-jar , indicating that

the agen t tak es at least t w o da ys to consume a jar. The

goal of a v oidance is expressed b y the starv e-without-

salsa temp oral transition, whic h indicates catastrophic

failure will o ccur if the agen t has no op en jar of salsa

for eigh t hours.

These latter temp oral transitions em b o dy our recip e

for temp oral abstraction: rather than represen ting de-

tailed information ab out the rate at whic h a pro cess

pro ceeds (whic h ma y v ary with domain features (e.g.,

men us, time of da y)), w e abstract that information to

a single worst-c ase n um b er. F or temp oral transitions,

this is the shortest p ossible time un til the transition to

a new state migh t o ccur. F or action transitions, the

w orst case is the longest p ossible time un til the action

will o ccur. These w orst-case v alues can then b e used

to deriv e the rates at whic h v arious reactions m ust b e

executed in order to ac hiev e their goals. In the salsa do-

main, w e m ust ensure that the starv e-without- salsa

transition to failure is nev er allo w ed to happ en. The

basic idea is to build a T AP that executes frequen tly

enough that some action will de�nitely b e tak en b efore

that temp oral transition to failure o ccurs, pr e empting

failure and leading instead to a more desirable state.

F or example, CIR CA ma y decide that it m ust execute

a T AP implemen ting the op en-new-jar action at least

once ev ery 7 hours, to a v oid starving from lac k of salsa.

Note that this do es not mean that a new jar will b e

op ened that frequen tly , but rather that the system will

c hec k to see if a new jar should b e op ened.

Because CIR CA only deals with a single w orst-case

timing v alue for eac h action and temp oral transition,

the pro cess of manipulating this timing information is

fairly simple. Ho w ev er, b y retaining enough informa-

tion to plan preempting reactions that deal with the do-

main's w orst-case situations, this abstraction metho d

still allo ws CIR CA to build T AP plans with guaran teed

b eha vior. Summarizing, w e ha v e:

Recip e 3: Simplif yin g Time

1. Enco de temp oral transitions (external pro cesses)

with a minim um time to completion.

2. Enco de action transitions (desired activities) with a

maxim um time to completion.

3. The only useful relation b et w een these timed transi-

tions is preemption.

In Figure 5, w e ha v e expressed the goal of a v oidance

via the starv e-without -salsa temp oral transition to

failure. W e can v ary the precise meaning of the goal b y

altering the transition's timing parameter. F or exam-

ple, if the goal is \absolutely nev er run out of salsa,"

w e can set the transition's timing dela y to zero, so that

as so on as there is no more salsa, failure o ccurs. Al-

ternativ ely , if the goal is \nev er run out of salsa for

more than eigh t hours," then the transition dela y will

b e eigh t hours, and the agen t will ha v e a somewhat

easier time dealing with the problem. Figure 6 sho ws

a domain mo del for the latter case, in whic h the plan-

ner has reasoned ab out the rate of salsa consumption

and the time un til \salsa starv ation" sets in, and it

has decided when it m ust go shopping. In this case,

the planner has found that it is acceptable to allo w the

agen t to empt y its sto c k of salsa en tirely , ev en �nish-

ing o� the last op en jar b efore going shopping to a v oid

\salsa starv ation." If the T APs built for this reaction

plan are appro v ed b y the Sc heduler, the plan is feasi-

ble, and CIR CA can guaran tee to a v oid failure through

starv ation.

Th us CIR CA illustrates t w o of the desirable features

of a h ybrid planning/reacting system: �rst, CIR CA's

reactiv e plans are automatically generated, so they are

pro v ably logical and timely; and second, the system

can adapt to new domains using its planner. F or ex-

ample, supp ose that the starv ation transition's dela y is

shorter, and the agen t can not b e sure that it could go

shopping quic kly enough after all the salsa is consumed

to a v oid starv ation. In that case, CIR CA's planner

w ould �nd that the former plan is un tenable, and it

w ould bac ktrac k to try a di�eren t approac h. As sho wn

in Figure 7, the planner could decide to go shopping as

so on as the last jar of salsa is op ened, rather than w ait-

ing un til it has b een consumed. In this w a y , CIR CA can

reason ab out the timing constrain ts on its b eha vior and

build goal-orien ted reaction plans despite uncertain t y ,

abstraction, and the lo ops in the domain mo del.

Conclusion

W e ha v e illustrated the use of sev eral forms of abstrac-

tion to simplify complex planning domains, and mak e

their lo oping b eha vior amenable to classical planning

tec hniques. Using nondeterministic op erators, index-

ical features, and w orst-case timing v alues, CIR CA

is able to automatically build reaction plans that are
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Figure 6: One p ossible w orld mo del of the salsa domain, after the planner has deriv ed actions to a v oid failure.

In this case, the shopping need only b e done after all the salsa has b een consumed.
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SALSA-ON-LIST   NIL
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FAILURE

starve-without-
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HAVE-SALSA-IN-STOCK   T
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HAVE-OPEN-SALSA   NIL HAVE-OPEN-SALSA   T

SALSA-ON-LIST   NIL

HAVE-SALSA-IN-STOCK   NIL
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HAVE-SALSA-IN-STOCK   NIL

SALSA-ON-LIST   T

finish-salsa-jar

finish-salsa-jar

finish-salsa-jar open-new-jar

go-shopping

Figure 7: Another p ossible domain mo del, in whic h the agen t m ust put salsa on the shopping list as so on as the

sto c kpile is empt y .

guaran teed to \do the righ t thing, b y the righ t time."

These asp ects of pro v ably logical and timely b eha vior

mak e CIR CA's h ybrid approac h to planning and reac-

tion more 
exible and rigorous than previous systems.

There are sev eral ob vious extensions to the abstrac-

tion tec hniques w e ha v e describ ed. F or example, the

replacemen t of coun ting v ariables with binary features

can b e generalized to the use of �nite-range abstract

features with a larger set of op erators. In the salsa

domain, if the time to �nish a jar and starv e w as less

than the shopping time, a useful enco ding of the do-

main w ould ha v e a trinary feature that could represen t

when only one jar remains, at whic h time the system

w ould need to go shopping.

Curren tly , CIR CA requires the h uman system de-

signer to mak e its represen tation decisions, suc h as ho w

to map a coun ting v ariable in to an abstract feature.

Ho w ev er, giv en mapping patterns of the sort describ ed

here, and an abilit y to recognize critical state distinc-

tions, it seems clear that an automated system should

b e able to deriv e useful and appropriate abstract rep-

resen tations for complex domains. F uture w ork, then,

migh t fo cus on dev eloping additional recip es for ab-

straction, and extracting rules for when the recip es are

useful and appropriate.
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