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ABSTRA CT

Most researc h in to applying AI tec hniques to real-time con trol problems has limited the p o w er

of AI metho ds or em b edded \reactivit y" in an AI system. W e presen t an alternativ e, co op erativ e

arc hitecture that uses separate AI and real-time subsystems to address the problems for whic h eac h

is designed; a structured in terface allo ws the subsystems to comm unicate without compromising

their resp ectiv e p erformance goals. By reasoning ab out its o wn b ounde d r e activity , CIR CA can

guar ante e that it will meet hard deadlines while still using unpredictable AI metho ds. With its

abilities to guaran tee or trade o� the timeliness, precision, con�dence, and completeness of its

output, CIR CA pro vides more 
exible p erformance than previous systems.
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Planning; Co op eration; In telligen t Rob otics.
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1 In tro duction

As Arti�cial In telligence (AI) tec hniques b ecome mature, there has b een gro wing in terest in

applying these tec hniques to con trolling complex real-w orld systems whic h in v olv e hard deadlines.

In suc h systems, the con troller is required to resp ond to certain inputs within rigid deadlines, or

the system ma y fail catastrophically . Since the n um b er of p ossible domain situations is to o large

to b e fully en umerated, and the consequences of failure are so sev ere, testing alone is insu�cien t

to guaran tee the required real-time p erformance [24 , 40]. These con trol problems require systems

whic h can b e pr oven to meet the hard deadlines imp osed b y the en vironmen t. Unfortunately , man y

AI tec hniques and heuristics are not suited to analyses that w ould pro vide guaran teed resp onse times

[11 ]. Ev en when AI tec hniques can b e sho wn to ha v e predictable resp onse times, the v ariance in

these resp onse times is t ypically so large that pro viding timeliness guaran tees based on the w orst-

case p erformance w ould result in sev ere underutilization of the computational resources during

normal op erations [33 ].

Th us w e p erceiv e an apparen t con
ict b et w een the nature of AI and the needs of real-w orld,

real-time con trol systems. While AI metho ds are c haracterized b y unpredictable or high-v ariance

p erformance, real-time con trol systems require constan t, predictable p erformance. Most researc h

on \real-time AI" fo cuses either on restricted AI tec hniques that ha v e predictable p erformance

c haracteristics [4 , 19, 23 ] or on reactiv e systems that retain little of the p o w er of traditional AI [1 , 5].

Sev eral researc hers are in v estigating systems whic h com bine reactiv e and traditional AI metho ds

[2, 14 , 31, 35 ]. These approac hes ha v e concen trated on retaining b oth reactiv e and unpredictable

mec hanisms, but do not address the guaran tees required b y hard real-time tasks.

T o com bine unrestricted AI tec hniques with the abilit y to mak e hard p erformance guaran tees, w e

prop ose a Co op erativ e In telligen t Real-time Con trol Arc hitecture (CIR CA). In this arc hitecture, an

AI subsystem reasons ab out task-lev el problems that require its p o w erful but unpredictable reason-

ing metho ds, while a separate real-time subsystem uses its predictable p erformance c haracteristics

to deal with con trol-lev el problems that require guaran teed resp onse times. The k ey di�cult y with

this approac h is allo wing the subsystems to in teract without compromising their resp ectiv e p er-

formance goals. W e ha v e dev elop ed a sc heduling mo dule and a structured in terface that allo w the

unconstrained AI subsystem to async hronously direct the real-time subsystem without violating

an y resp onse-time guaran tees.

Realistic in telligen t con trol systems m ust recognize their resource limitations and mak e tradeo�s

in the qualit y of their con trol outputs, or resp onses. Section 2 of this pap er brie
y discusses the pre-

vious approac hes that ha v e reasoned ab out suc h limitations, and describ es CIR CA's unique abilit y

to guaran tee a c hosen subset of resp onses. CIR CA's sc heduling mo dule allo ws the AI subsystem to

reason explicitly ab out the real-time subsystem's execution resources, and the resp onse guaran tees

it can pro vide. Since these guaran tees are based on w orst-case p erformance measures, CIR CA also

pro vides mec hanisms to utilize the time whic h b ecomes a v ailable when guaran teed mec hanisms use

less than their sc heduled time allo w ance.

Section 3 dev elops a functional distinction b et w een task-lev el goals and con trol-lev el goals, and

presen ts a formal graph mo del of CIR CA's in teractions with its en vironmen t. This mo del forms

the basis for CIR CA's p erformance guaran tees, and illustrates ho w CIR CA mak es p erformance
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tradeo�s based on resource limitations.

Section 4 presen ts the arc hitecture itself, and describ es the in terface whic h allo ws the AI sub-

system and the real-time subsystem to co op erativ ely guaran tee deadlines and ac hiev e goals. This

section also presen ts a formal statemen t of the guaran tees that CIR CA can pro vide. Section 5

describ es our protot yp e implemen tation, whic h incorp orates an AI subsystem com bining features

of b oth the PRS [13 , 20 ] and blac kb oard [32 ] arc hitectures. The protot yp e system pilots a Heathkit

Hero 2000 rob ot through the hallw a ys of our building. The rob ot uses sonar to sense its orien tation

with resp ect to the hallw a y , as w ell as to sense obstacles and the op en/closed status of do orw a ys

along its path. Throughout the pap er, w e use examples from this domain to illustrate b oth the

concepts underlying the arc hitecture and the details of our protot yp e implemen tation. Section 6

presen ts a more detailed comparison to related w ork, and Section 7 concludes with a brief discussion

of future researc h directions.

2 P erformance T radeo�s and Bounded Reactivit y

The resp onses of an in telligen t con trol system can b e rated along four dimensions: completeness,

precision, con�dence, and timeliness [28 ]. Completeness means that resp onses are pro duced for all

p ossible inputs; timeliness means that the resp onses are pro duced b efore an y asso ciated deadlines.

Precision and con�dence together determine the \qualit y" of a solution, or ho w accurate the output

is, to the b est of the system's kno wledge. An ideal in telligen t con trol system could guaran tee that

an y p ossible sequence of inputs w ould elicit optimal resp onses from the system, within all timing

requiremen ts.

Some systems striv e for this ideal b y assuming they ha v e unlimited pro cessing resources. F or

example, the subsumption arc hitecture [5 ] assigns eac h reactiv e elemen t to a separate pro cessor.

Suc h assumptions limit scalabilit y: it w ould b e highly impractical to build a subsumption system

to con trol an oil drilling platform, whic h can mak e up to 20,000 signals a v ailable to its op erators

[3, 24].

Other systems recognize that pro cessor limitations mak e realistic con trol systems sub ject to the

same \b ounded rationalit y" [38 ] as h umans, pushing ideal p erformance out of reac h. T o deal with

b ounded rationalit y , these systems pro vide di�ering lev els of guaran tees for the four p erformance

dimensions. The guaran tees that a system pro vides are often de�ned b y the conditions that de-

termine when its con trol algorithm returns a result. W e call metho ds that halt when they reac h

a certain threshold along a dimension \an y- < dimension > " algorithms. F or example, \an y-time"

algorithms can b e terminated at an y time, yielding some result, p ossibly with reduced precision,

con�dence, or completeness [4 , 7, 19]. If \an y-time" algorithms are in terrupted b efore the deadline

for ev ery resp onse, they guaran tee timeliness and completeness. Man y iterativ e n umerical metho ds

[6] are \an y-precision" algorithms that terminate when a result with a certain precision has b een

ac hiev ed. Similarly , algorithms that halt when the con�dence in a solution rises ab o v e a threshold

are examples of \an y-con�dence" algorithms.

These t yp es of systems are inappropriate for hard real-time con trol tasks b ecause they can-

not guaran tee ac c eptable results within a deadline. Ev en \an y-time" systems are inappropriate,

b ecause they ha v e no con trol o v er the degree of resp onse qualit y degradation whic h ma y o ccur.

A hard real-time con trol system migh t only guaran tee a subset of tasks, but that subset requires
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guaran teed timeliness, precision, and con�dence to ensure that the system do es not fail catastroph-

ically . Realistic systems m ust also recognize that, in addition to pro cessor limitations, sensor and

actuator limitations constrain in telligen t con trol systems. Ev en if a system's pro cessors are fast

enough, its sensors and actuators migh t not b e able to pro vide ideal p erformance. Th us a system

m ust recognize its \ b ounde d r e activity " as w ell as its b ounded rationalit y .

CIR CA w as designed to meet these demands b y guaran teeing that it will pro duce a precise, high

con�dence resp onse in a timely fashion to a limite d set of inputs . In other w ords, the arc hitecture

can sacri�ce completeness in order to ac hiev e precision, con�dence, and timeliness. CIR CA reasons

ab out its b ounded reactivit y within the AI subsystem (AIS) and the Sc heduler, whic h co op erate

to decide whic h resp onses the real-time subsystem (R TS) can and should guaran tee. The AIS and

the Sc heduler form an \an y-completeness" system, searc hing for a subset of guaran teed resp onses

that will co v er the inputs whic h are exp ected to o ccur in the domain at eac h momen t. If the AIS

can mo v e the subset of guaran teed resp onses o v er the complete resp onse set prop erly , CIR CA will

pro vide guaran teed ideal p erformance.

3 Making P erformance Guaran tees

Ho w can CIR CA pro vide an y p erformance guaran tees when its AIS uses high-v ariance or un-

predictable computations? The answ er is based on the distinction w e dra w b et w een task-lev el goals

and con trol-lev el goals. This distinction is largely a functional one: in CIR CA, the R TS uses pre-

dictable metho ds to ac hiev e con trol-lev el goals, while the AIS has unpredictable AI tec hniques to

decomp ose task-lev el goals in to con trol-lev el goals. CIR CA is designe d to r e ason ab out guar ante eing

its c ontr ol-level go als, but not ne c essarily its task-level go als.

The c hoice of whic h sp eci�c goals are assigned to whic h category is largely up to the system

designer: the \con trol-lev el" and the \task-lev el" are somewhat arbitrary divisions along a con tin u-

ous range of problem complexities. Ho w ev er, since CIR CA's guaran tees are based on w orst-case

p erformance assumptions, assigning goals whic h need high-v ariance algorithms to the R TS results

in a decreased capacit y to guaran tee other con trol-lev el goals. Th us the system designer m ust

decide whic h t yp es of goals will require guaran tees, and whic h can b e left less predictable. Giv en

that separation, the AIS and Sc heduler attempt to guaran tee the con trol-lev el goals.

W e ha v e dev elop ed a graph mo del that represen ts the AIS' reasoning ab out the R TS and its en-

vironmen t. The graph mo del sho ws ho w w e can recognize what subset of reactions are necessary to

satisfy the system's con trol-lev el goals. Th us the mo del allo ws us to concisely state the assumptions

that CIR CA requires to guaran tee its con trol-lev el goals (see Section 4.6). F urthermore, the mo del

sho ws ho w a subset of all reactions can isolate the guaran teed con trol lev el from the unguaran teed

task lev el, so that the unpredictable AIS do es not cause the R TS to violate hard deadlines.

3.1 The Graph Mo del of R TS/En vironmen t In teraction

The directed graph mo del represen ts the worst-c ase b eha vior of the en vironmen t, and the actions

whic h the R TS can tak e to a v oid failure. The graph mo del has �v e elemen ts ( S; F ; T

E

; T

A

; T

T

):

1. A �nite set of \states" S = f S

1

; S

2

; :::; S

m

g , where eac h state S

i

represen ts a description of

relev an t features of the w orld.
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2. A distinguished failure state F , whic h subsumes all states that violate domain constrain ts or

con trol-lev el goals (e.g., system surviv al). The system striv es to a v oid the failure state.

3. A �nite set of \ev en t transitions" T

E

= f T

E 1

; T

E 2

; :::; T

E n

g , that represen t w orld o ccurrences

as instan taneous state c hanges.

4. A �nite set of \action transitions" T

A

= f T

A 1

; T

A 2

; :::; T

Ap

g , that represen t actions p erformed

b y the R TS.

5. A �nite set of \temp oral transitions" T

T

= f T

T 1

; T

T 2

; :::; T

T q

g , that represen t the progression

of time. W e represen t only the signi�can t temp oral transitions whic h lead to state c hanges.

Eac h transition T

i

2 T = T

E

[ T

A

[ T

T

is a mapping b et w een states; T

i

: S ! S . The functions

D : T ! S and R : T ! S determine the domain and range of a transition; T

i

: D ( T

i

) ! R ( T

i

).

An \ev en t-closed" set of states S

E C

� S is de�ned as a connected set of states for whic h

ev ery ev en t transition from ev ery state in the set leads to a state that is also in the set. That is,

8 T

E i

2 T

E

j D ( T

E i

) =2 S

E C

_ R ( T

E i

) 2 S

E C

. In other w ords, non-temp oral ev en ts (as opp osed to

the mere progression of time) cannot mo v e the system out of the ev en t-closed set of states.

An ev en t-closed set of states whic h do es not con tain the failure state is called a \safe" set of

states ( F =2 S

saf e

). Note that a safe set of states can still lead to failure through temp oral transitions

(i.e., it is p ossible that 9 T

T i

2 T

T

j D ( T

T i

) 2 S

saf e

^ R ( T

T i

) = F ). These temp oral transitions to

failure corresp ond exactly to violating the hard real-time domain constrain ts: if the system en ters

a new state b ecause of an ev en t, but fails to react to the new state b efore a hard deadline, it will

ha v e en tered the failure state via a temp oral transition: that is, b y \w aiting to o long" to react, the

system fails.

Figure 1 sho ws a p ortion of the graph mo del for the example hallw a y-follo wing task. Eac h

lab eled b o x in the graph mo del represen ts a state S

i

. Solid single arro ws represen t ev en t transitions

T

E i

, dashed single arro ws represen t action transitions T

Ai

, and double arro ws represen t temp oral

transitions T

T i

. In the �gure, states f A,B,C,D,E g form a safe set of states S

saf e

: no ev en t transitions

lead out of the set. Ho w ev er, temp oral transitions can still lead to failure. In the example, w e can

see this in the transition from state B to state C caused when an obstacle app ears in the path;

if the system w aits to o long to recognize the situation and tak e action, it will follo w the temp oral

transition to F b y colliding with the obstacle. But, if the system quic kly detects the obstacle

and halts, it can a v oid a collision and transition to state E instead. Th us, if the system can

guaran tee that it will alw a ys preempt temp oral transitions that lead from states in the safe set to

the failure state, mo ving instead to another state within the safe set, then the system c an r emain

in a safe set of states for an inde�nite p erio d of time without violating its c ontr ol-level go als or the

domain c onstr aints . The big \if," then, requires that the system pro vide the appropriate action

transitions to sta y within the safe set. CIR CA w as designed to ac hiev e just that, using the AIS

and Sc heduler to reason ab out whic h transitions to guaran tee, and the R TS to implemen t those

guaran teed transitions.

In our protot yp e implemen tation, describ ed in Section 5, the AIS reasons implicitly ab out the

information in the graph mo del to deriv e the necessary R TS reactions. W e are in v estigating a

generalized pro duction represen tation for the graph transitions that ma y allo w the AIS to reason
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- Moving
- Not oriented
- Path clear

- Moving
- Oriented
- Path clear

wait too long: collide
FAILURE

action:
sense state &
correct steering

event:
wheel slips

event:
obstacle appears

- Moving
- Oriented
- Path not clear

- Not moving
- Oriented
- Path clear

- Not moving
- Oriented
- Path not clear

action:  sense state,
halt & notify AIS

action:  sense state,
resume motion &
notify AIS

event:
obstacle disappears

wait

wait

wait wait

wait

F

CB

A

D E

wait too long:
collide

Figure 1: An example p ortion of the graph mo del of R TS/en vironmen t in teractions. Some

states and transitions are omitted for clarit y .

explicitly ab out the graph mo del without encoun tering the state space explosion asso ciated with

en umerating all p ossible w orld states.

3.2 Mo del Requirem en ts

The example graph mo del sho ws only deterministic transitions, where a giv en state and input

(action, ev en t, or time) alw a ys determine a unique new state. Ho w ev er, nothing prev en ts us from

mo deling non-deterministic transitions, whic h can map a giv en state and input in to one of sev eral

new states. W e are not concerned with actually sim ulating the b eha vior of the w orld, but rather

with extracting its w orst-case b eha vior and the minim um time to failure from v arious w orld states.

Th us non-determinism only pro vides more paths to consider when deriving w orst-case b eha viors.

T o allo w guaran teed preemption of temp oral transitions to failure, w e m ust place t w o require-

men ts on the b eha vior of the w orld. First, w e m ust kno w the minim um duration of an y w orld

states that require resp onses, so that w e can deriv e a sampling frequency su�cien tly high to detect

the state. Second, if failure ma y result from p erforming an action required b y a state after that

state has b een left, w e m ust ensure that our sensors ha v e a predictiv e capabilit y that spans the

gap b et w een sensing a state and acting on that information. That is, a sensor reading m ust indic-

ate b oth that a particular condition exists, and that it will con tin ue to exist long enough for the

resp onse action to o ccur. Both of these assumptions are required b y an y system striving to mak e

similar guaran tees.
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3.3 Accoun ting for Incomplete Kno wledge and Bounded Rationalit y

Since the graph mo del represen ts the AIS' reasoning ab out the R TS and the en vironmen t, it

is inheren tly sub ject to the AIS' incomplete domain kno wledge. The mo del only represen ts those

states and transitions whic h the AIS can reason ab out. F or example, the protot yp e AIS has no

kno wledge to indicate that the Hero's battery ma y b ecome disc harged, and th us the AIS do es not

reason ab out that p ossibilit y , its graph mo del w ould not include that transition to F , and it do es

not arrange resp onses to a v oid that t yp e of failure. This is p erfectly acceptable, since no system

can plan to a v oid an ev en t for whic h it has no relev an t kno wledge.

The AIS migh t recognize its o wn b ounded rationalit y , and further limit the exten t of the graph

mo del it considers, in order to sp eed pro cessing. F or example, the AIS could incorp orate an

\an y-time" algorithm whic h w ould incremen tally expand the graph mo del it used to deriv e the

guaran teed set of resp onses for the R TS. The AIS w ould start with only the most probable states

and transitions, and w ould add new, less probable states to the mo del only after a guaran teed

resp onse set w as generated for the previous partial mo del. If the AIS ran out of time b efore

examining the en tire set of states that the graph mo del could p oten tially in v olv e, it w ould at least

ha v e built a set of resp onses to co v er a highly-probable subset of the safe set.

3.4 Accoun ting for Bounded Reactivit y

As discussed in Section 2, a realistic con trol system also has b ounded reactivit y . The AIS can

accoun t for the limitations on sensor and actuator resources a v ailable to the R TS b y e�ectiv ely

mo difying its graph mo del. F or example, if the AIS attempts to guaran tee resp onses to preempt

b oth of the temp oral transitions to failure sho wn in Figure 1, the Sc heduler ma y indicate that the

R TS do es not ha v e su�cien t sensor resources to guaran tee b oth resp onses (it cannot sense for b oth

orien tation and obstruction frequen tly enough). The AIS can then mo dify its mo del to decrease

the sensor requiremen ts, p ossibly b y eliminating lo w probabilit y transitions asso ciated with the

o v ersubscrib ed sensor. In this example, the AIS migh t stop considering the transition from B to C ,

eliminating the demands for sensors to c hec k that transition. This solution trades o� completeness

against guaran teed timeliness, so that the system can no longer guaran tee its safet y from all kno wn

forms of failure.

As an alternativ e approac h to mo difying the mo del to accoun t for resource limitations, the

AIS migh t c hange a parameter whic h a�ects the deadlines asso ciated with temp oral transitions to

failure. F or example, if the rob ot's sp eed is decreased, the time b efore the transition from state C

to F will b e increased. Th us the R TS w ould not ha v e to c hec k for obstacles ahead as frequen tly ,

and the demands on the sensors w ould decrease.

This pro cess of reasoning ab out resource constrain ts is CIR CA's mec hanism for making tradeo�s

in the completeness of its guaran teed resp onses. The system striv es to guaran tee to preempt all

kno wn transitions to failure; when it cannot, it mo di�es the mo deled set of states and transitions,

and th us alters the required subset of guaran teed resp onses.

4 CIR CA

Figure 2 illustrates the Co op erativ e In telligen t Real-Time Con trol Arc hitecture. The R TS is

resp onsible for implemen ting the actual guaran teed resp onses; the AIS and the Sc heduler co op erate
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Sensors Actuators

Environment

Real-Time Subsystem AI Subsystem

Inference Engine

World Model

SchedulerTAP Schedule

Limited World Model

data
control
signals

TAPs
TAP
schedules

feedback
data

feedback
data

Figure 2: The Co op erativ e In telligen t Real-Time Con trol Arc hitecture.

to adjust the subset of resp onses that the R TS is supp orting, attempting to ensure that the o v erall

system meets hard deadlines and also ac hiev es system goals as closely as p ossible.

The R TS executes a cyclic sc hedule of simple test-action pairs (T APs

1

) whic h ha v e kno wn

w orst-case execution times. Since the R TS p erforms no other functions, it can guaran tee that the

sc heduled tests and actions are p erformed within predictable time b ounds. The AIS reasons ab out

the R TS' b ounded reactivit y , attempting to �nd a subset of T APs whic h can b e guaran teed to meet

the con trol-lev el goals and mak e progress to w ards the task-lev el goals. In co op eration with the AIS,

the Sc heduler reasons ab out the limited execution resources a v ailable to the R TS, and builds the

sc hedule of T APs. Since the AIS and R TS run async hronously , the AIS need not conform to the

rigid p erformance restrictions whic h the R TS uses to guaran tee meeting hard deadlines. Th us the

AIS can utilize unpredictable, high v ariance heuristics without compromising the o v erall system's

abilit y to meet real-time deadlines.

4.1 T est-Action P airs (T APs)

The T AP structure w as dev elop ed to pro vide a standard primitiv e with whic h the Sc heduler

and AIS can reason ab out the timing and resource c haracteristics of the R TS' b eha vior, in order

to guaran tee meeting deadlines and resource restrictions. An implemen tation of CIR CA de�nes a

n um b er of T AP classes, and the R TS runs sc hedules made up of instances of these classes. Eac h

T AP class has a �xed set of tests (or preconditions), a set of actions to tak e if all the tests return

true, data ab out the sensing and actuating resources the T AP requires, and w orst-case timing data

on ho w long it tak es to test the preconditions and execute the actions. Sp eci�c T AP instances also

ha v e parameters whic h the AIS can set dep ending on the con text in whic h the T AP is used. These

parameters include frequency requiremen ts or deadlines, whic h constrain the times at whic h a T AP

m ust b e in v ok ed. T AP tests and actions ma y include acquiring sensor readings, p erforming limited

data pro cessing, and con trolling the system actuators.

F or example, Figure 3 sho ws an instance of the simple stop-if-ob ject-ahead T AP class used in

the hallw a y-follo wing task. The TEST sp eci�es that the T AP should only b e executed if the rob ot

1

Not to b e confused with Firb y's RAPs [12], whic h are larger in scale and do not ha v e predictable execution times.

CIR CA 7 12:28 Marc h 26, 1993



TAP stop-if-object-ahead

:TEST (and *moving* (< (get-sonar-reading-ahea d) *safety-distance*))

:ACTION (progn (halt) (notify-AIS 'halted))

:RESOURCES (sonar base-motors)

:MAX-PERIOD .70 :TEST-TIME .15 :ACTION-TIME .05

Figure 3: A stop-if-ob ject-ahead T AP instance.

is mo ving and the distance ahead of the rob ot, as sensed b y sonar, is less than *safety-distance* .

If these conditions are true, the rob ot is halted and the R TS sends a noti�cation message to the

AIS. T esting and executing this T AP tak es a maxim um of .20 seconds (TEST-TIME + A CTION-

TIME), and the AIS has determined that it m ust b e run at least ev ery .70 seconds (MAX-PERIOD)

to guaran tee a v oiding collisions with ob jects in fron t of the rob ot. Note that the frequency with

whic h this T AP m ust b e executed is dep enden t on the sp eed of the rob ot's motion: the AIS reasons

ab out this and other v ariables to pro duce the parameters suc h as MAX-PERIOD, whic h can b e

di�eren t in eac h T AP instance.

4.2 The AI Subsystem (AIS)

The AIS decomp oses task-lev el goals in to plans consisting of sev eral phases. The AIS reasons

implicitly ab out the safe set of states whic h the R TS migh t encoun ter during eac h plan phase, and

tries to generate a set of T APs whic h will preempt the temp oral transitions to failure, so that the

R TS remains in the safe set. In our mo del of the AIS/Sc heduler co op eration, the AIS suggests this

set of T APs to the Sc heduler, whic h attempts to build a T AP sc hedule. The Sc heduler returns

either a successful sc hedule that meets all the timing constrain ts, or some informativ e feedbac k if

it fails to pro duce suc h a sc hedule. In that case, the AIS will mo dify the suggested set of T APs,

p ossibly b y altering timing parameters, b y c ho osing alternate T APs to pro duce a desired b eha vior,

or b y actually dropping some T APs altogether. In this w a y , the AIS and Sc heduler reason ab out

the R TS' b ounded reactivit y , and c ho ose ho w to degrade p erformance to meet those limitations.

The AIS and the Sc heduler run in parallel with the R TS, trying to form the T AP sc hedule for

the next plan phase b efore the R TS has accomplished the goals of the curren t phase. The AIS

can immediately do wnload the new T AP sc hedule to the R TS, and the R TS will switc h to the new

sc hedule when the curren t goals are ac hiev ed (see Section 4.4). If the AIS and Sc heduler do not

pro duce the new T AP sc hedule b efore the R TS has accomplished the goals of the curren t sc hedule

(p ossibly b ecause of unexp ected ev en ts), the R TS con tin ues to execute the curren t sc hedule, w aiting

in a safe set of states. Th us the R TS' guaran tees of system safet y are decoupled from the AIS'

unpredictable p erformance.

4.3 The Sc heduler

The Sc heduler is resp onsible for building a cyclic sc hedule from the list of T APs suggested b y the

AIS. The Sc heduler reasons ab out the maxim um p erio ds of the T APs, their w orst-case execution

time and resource needs, and the resources a v ailable from the R TS. If the Sc heduler cannot build

a successful sc hedule to guaran tee all the T AP timing constrain ts, it returns a failure message to

the AIS, whic h m ust adjust its prop osed T AP list to lo osen the sc heduling constrain ts.
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(load-bootstrap-schedule)

(setf *run-current-schedule* T)

(while T (while *run-current-schedule* (process-TAP-schedule *schedule*))

(setf *schedule* *new-schedule*)

(setf *next-schedule-available* nil)

(setf *run-current-schedule* T))

Figure 4: The R TS main lo op.

TAP check-for-new-schedule

:TEST (msg-pending-from-AIS)

:ACTION (progn (read-bytes-from-AIS *packet-size* *new-schedule*)

(if (schedule-complete *new-schedule*)

(setf *next-schedule-available* T)))

:MAX-PERIOD 1.5 :TEST-TIME .10 :ACTION-TIME .15

Figure 5: A c hec k-for-new-sc hedule T AP instance.

The Sc heduler builds sc hedules based on the assumption that eac h T AP will use its w orst-

case time to test and execute. But, when the R TS is running, man y T APs test negativ e and

are not executed. Their sc heduled execution time is a v ailable for other R TS activit y . T o �ll in

these unpredictable blo c ks of free time, the AIS sends a sp ecial \unguaran teed" list of T APs to

the R TS along with the guaran teed T AP sc hedule. When T APs don't �re, the R TS can lo ok for

unguaran teed T APs that �t the remaining sc heduled execution time

2

, and in v ok e them instead.

These unguaran teed T APs pro vide a form of graceful degradation: as the system b ecomes more

time-pressured, they will b e run less frequen tly .

4.4 The Real-Time System (R TS)

The R TS is actually a fairly simple program lo op, sho wn in Figure 4, that loads and then

executes the T AP sc hedule sen t from the AIS. Since the R TS has no other duties, its p erformance

exactly follo ws the mo del whic h the Sc heduler used to pro duce the T AP sc hedule. The R TS runs

through the guaran teed T AP sc hedule, c hec king the tests for eac h T AP and �ring those T APs

whose tests return true. If a T AP is not �red, the R TS uses the time sc heduled for its execution to

searc h for and in v ok e one or more of the unguaran teed T APs.

But, if the R TS is only executing the T AP sc hedule, ho w do es it ev er get a new T AP sc hedule?

The answ er is simple: the T AP sc hedule itself includes the c hec k-for-new-sc hedule T AP , sho wn

in Figure 5, whic h causes the R TS to c hec k for a new T AP sc hedule from the AIS. In other w ords,

the AIS actually determines ho w often the R TS is c hec king to see if a new sc hedule is a v ailable.

Th us, when the AIS exp ects the en vironmen t to b e highly dynamic and c hallenging for the R TS, it

can cause the R TS to sp end less time c hec king its input comm unication bu�ers, b y increasing the

maxim um p erio d of the c hec k-for-new-sc hedule T AP .

The c hec k-for-new-sc hedule T AP is also imp ortan t b ecause it reads in the new T AP sc hedule

2

Actually , the un used time min us the time needed to �nd an appropriate unguaran teed T AP .
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TAP end-hallway

:TEST (>= (get-distance-traveled) *traversal-distance*)

:ACTION (cond (*next-schedule-available *

(setf *run-current-schedule* nil))

(*moving* (halt) (notify-AIS 'reached-end)))

:MAX-PERIOD 1.5 :TEST-TIME .15 :ACTION-TIME .10

Figure 6: An end-hallw a y T AP instance.

incremen tally . Eac h time the T AP's test indicates there is data w aiting from the AIS, the R TS will

read in a constan t amoun t of the new sc hedule from the AIS. This has the e�ect of in terlea ving the

do wnloading of the next sc hedule with the execution of the curren t sc hedule, a v oiding unpredictably

long p erio ds in whic h the R TS is in v olv ed in comm unication. All incoming comm unication is brok en

up in to �xed size pac k ets whose pro cessing is explicitly sc heduled.

Switc hing con trol to the new T AP sc hedule is somewhat complex, b ecause the system m ust

con tin ue to ensure its safet y during and after the switc h. F rom the graph mo del viewp oin t, the

system m ust only switc h to a new sc hedule when the w orld is in a state shared b y the mo dels

used to generate b oth the old and new sc hedules. In other w ords, the w orld states accoun ted for

b y the new sc hedule m ust include at least one state that is also reac hable with the old sc hedule.

If the new sc hedule completely subsumes the old, then the switc h can o ccur at an y time. More

lik ely , the AIS will ha v e to decide on one or more states from whic h it will switc h to the next plan

phase, and do wnload T APs to detect when the w orld is in one of those states and a new sc hedule is

a v ailable. Figure 6 sho ws an example T AP that detects when the rob ot has tra v eled the in tended

distance. If the sc hedule for the next plan phase is a v ailable, the T AP sets a 
ag causing the R TS to

terminate the curren t sc hedule, dropping bac k in to the main R TS lo op sho wn in Figure 4. A t that

p oin t, the R TS mak es three v ariable assignmen ts and immediately returns to executing the T AP

sc hedule. Th us, the transition b et w een T AP sc hedules is extremely rapid, and can b e subsumed

b y the execution time requiremen ts of the end-hallw a y T AP without great cost.

The output c hannel from the R TS to the AIS is also used only within T APs, as illustrated in

Figure 6. The end-hallw a y T AP includes an explicit message-sending function, whose execution

time is included in the A CTION-TIME for the T AP . Similarly , the I/O time required to comm u-

nicate with the sensors and actuators is included in the timing c haracteristics of the T APs that

use those c hannels. Th us all comm unication in and out of the R TS is sc heduled explicitly within

T APs, a v oiding unpredictable I/O dela ys. This not only allo ws the Sc heduler to mak e guaran tees,

it also giv es the AIS con trol o v er the amoun t of feedbac k data whic h the R TS sends to the AIS,

allo wing a dynamic �ltering similar to that used b y Guardian [17 ].

In general, the R TS migh t run on m ultiple pro cessors, as long as the Sc heduler could mo del its

p erformance correctly . W e ha v e presen ted the R TS and T AP in terface for a single pro cessor; the

principles of predictable primitiv es and incremen tal, sc heduled comm unication w ould extend in a

straigh tforw ard manner. Ho w ev er, if more than one T AP could b e activ e sim ultaneously , issues

of command fusion and resource access arbitration w ould complicate the predictabilit y . Reactiv e

arc hitectures whic h assume n umerous parallel b eha viors ha v e b een dev elop ed to address these
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problems [1 , 5, 34 ].

4.5 Ho w CIR CA Meets the Requiremen ts for Real-Time In telligen t Systems

Based on an extensiv e surv ey of curren t researc h and dev elopmen t, La�ey et al. [24 ] outlined

sev eral requiremen ts for real-time in telligen t systems. In this section, w e sho w ho w CIR CA meets

most of these requiremen ts explicitly , and pro vides a framew ork within whic h adv anced AI tec h-

niques can address the remaining goals.

In tegration of Numeric and Sym b olic Computing: Highly predictable, n umeric al-

gorithms for signal pro cessing and feature extraction can b e easily in v ok ed b y T APs, and their

results can b e utilized b y the reactiv e R TS as w ell as transmitted to the sym b olically-orien ted AIS.

CIR CA pro vides the T AP formalism to express the con trol of suc h algorithms, and the Sc heduler

reasons ab out the in tegration of their p erformance with sensing and acting b eha viors.

In terrupt Handling: Man y systems use hardw are in terrupts to async hronously signal im-

p ortan t ev en ts. As discussed ab o v e, the R TS is exp ected to ha v e T APs that c hec k for all imp ortan t

ev en ts as frequen tly as necessary . Th us, the R TS do es not need hardw are in terrupts; in fact, al-

lo wing in terrupts w ould mak e the R TS' p erformance unpredictable, v oiding CIR CA's guaran tees.

In a sense, w e ha v e mo v ed the lo op whic h p olls for imp ortan t ev en ts out of the in terrupt hardw are

and in to the soft w are R TS, so that the AIS and Sc heduler can reason explicitly ab out the form

and frequency of that p olling lo op. Mo ving the p olling lo op decreases its frequency , since man y

pro cessor instructions are in v olv ed in running eac h T AP , but increases the arc hitecture's abilit y to

con trol and predict the lo op.

Resource Utilizat ion: The Sc heduler reasons explicitly ab out the computing, sensing and

actuating resources a v ailable to the R TS, so it can sc hedule optimal resource utilization. The

ongoing co op eration b et w een the AIS and the Sc heduler allo ws CIR CA to trade o� an y of its

p erformance dimensions for an y other, based on the system goals and the resource limitations.

T emp oral Reasoning and T ruth Main tenance: The protot yp e AIS, describ ed in Sec-

tion 5.1, curren tly includes rudimen tary mec hanisms to reason ab out relations b et w een time p oin ts.

The AIS uses these mec hanisms to reason ab out the temp oral relations b et w een tasks, so that it can

fo cus its atten tion on the earliest-deadline task during time-pressured situations. Nothing prohib-

its the in tegration of truth main tenance systems [10 ] or more e�cien t temp oral reasoning systems

[9, 22] in to the AIS.

Con tin uous Op eration and F ault T olerance: The arc hitecture uses async hron y , the T AP

in terface, and safe sets of states to isolate the predictable R TS (whic h is con tin uously reactiv e)

from the unpredictable AIS (whic h is con tin uously delib erativ e). CIR CA can detect faults in its

sensors, actuators or the R TS b y ha ving the Sc heduler monitor those subsystems (without in ter-

fering with the R TS), or b y ha ving explicit monitoring T APs built in to the T AP sc hedule. The

AIS and Sc heduler can then mo dify their mo dels of those resources, taking faults in to accoun t

and automatically adjusting their p erformance. In situations where the AIS and R TS are ph ys-

ically separated, the Sc heduler's monitoring b eha viors migh t b e b est implemen ted on the same

platform as the R TS. CIR CA supp orts this p ossibilit y b y assuming only a lo ose coupling b et w een

the co op erating Sc heduler and AIS.
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Predictabilit y: CIR CA w as primarily designed to ac hiev e the goal of predictabilit y . By reas-

oning explicitly ab out the detailed, predictable b eha viors describ ed b y T APs, CIR CA can pro vide

guaran teed timeliness, precision, con�dence, and completeness, if su�cien t resources are a v ailable.

And, when resource restrictions prohibit ideal p erformance, CIR CA can explicitly reason ab out

trading o� these p erformance dimensions to ac hiev e guaran tees for a subset of con trol-lev el goals.

4.6 The Con trol-Lev el Guaran tee

As discussed in Section 3, CIR CA striv es to guaran tee its con trol-lev el goals. Of course, all

guaran tees m ust mak e some assumptions, and the v alue of a guaran tee dep ends on ho w w ell un-

dersto o d and reasonable those assumptions are. W e no w describ e the assumptions whic h underlie

the arc hitecture's con trol-lev el guaran tees, and argue that they are quite reasonable.

Assuming that

A 1) the space of system states can b e co v ered b y safe sets of states, and

A 2) the R TS is giv en complete T AP sc hedules to preempt the temp oral transitions to failure in

eac h safe set, then

G 1 ) CIR CA can guaran tee that it will nev er violate a con trol-lev el goal or domain constrain t.

Assumption A 1 is really not v ery restrictiv e, since the only t yp e of transition that cannot b e

co v ered b y a safe set of states is a non-temp oral ev en t transition to failure. This is reasonable,

b ecause if there is no time dela y b et w een an ev en t and failure, the system cannot p ossibly preempt

the failure. F or example, if our mo del of the en vironmen t includes the p ossibilit y of a n uclear

blast v ery near the rob ot, no con trol system could guaran tee a v oiding failure. Essen tially , requiring

co v erage b y safe sets of states merely insists that it is p ossible for the agen t to guaran tee surviv al

in its en vironmen t.

Assumption A 2 requires that the AIS and Sc heduler manage to pro duce a successful, complete

T AP sc hedule for eac h phase of a plan b efore the R TS b egins executing that phase. By the de�nition

of a safe set of states, no non-temp oral ev en ts can mo v e the system out of the safe set. And, since

the previous T AP sc hedule is guaran teed to preempt all temp oral transitions out of the safe set,

the R TS can remain in a safe set of states for an indeterminate p erio d without failure. Therefore,

the AIS is not r e quir e d to pro duce T AP sc hedules b efore the R TS has accomplished the purp ose of

a previous sc hedule. F or example, once the Hero has tra v ersed a hallw a y it ma y w ait (safely) at the

end of the hall for a new T AP sc hedule. Th us assumption A 2 is reduced to a simple requiremen t

that the AIS and Sc heduler pro duce the T AP sc hedule at some time.

F urthermore, if w e assume that

A 3) the AIS and Sc heduler p erform a complete searc h of the space of T AP sc hedules,

then A 2 reduces to a requiremen t that some complete T AP sc hedule exists for eac h safe set of states.

This is equiv alen t to sa ying that the R TS has su�cien t resources to guaran tee con trol-lev el goals in

the giv en en vironmen t, and of course that assumption m ust underlie all systems whic h mak e suc h

guaran tees. W e can th us restate G 1 as follo ws: if the system has the requisite resources and it is

p ossible to guaran tee surviv al in the en vironmen t, then CIR CA can guaran tee all its con trol-lev el

goals.
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4.7 The T ask-Lev el Guaran tee?

The con trol-lev el guaran tee is based largely on the fact that the system can remain in a safe set

of states for an indeterminate amoun t of time without violating its con trol-lev el goals. Of course,

the same cannot b e said for task-lev el goals: the AIS m ust pro duce the necessary T AP sc hedules fast

enough that the system ac hiev es its task-lev el goals within their deadlines. Guaran teeing task-lev el

goals presen ts sev eral di�culties, not the least of whic h is de�ning \fast enough" in the previous

sen tence.

One problem with reasoning ab out the task lev el results from task decomp osition: when a

high-lev el goal is brok en up in to sequences of subgoals, and �nally in to T APs, the time a v ailable to

ac hiev e the high-lev el goal m ust also b e split in to in terv als for eac h subgoal. Doing this correctly

w ould require the AIS to ha v e a predictable mo del of ho w long it tak es to solv e a subgoal. But

w e ha v e already noted that AI metho ds are either to o unpredictable or to o high-v ariance to b e

usefully mo deled. Th us the AIS cannot use unpredictable metho ds and also reason accurately

ab out app ortioning time to subgoals.

Ev en if w e restricted the complexit y of the AIS to predictable metho ds, the time required

to actually ac hiev e eac h subgoal in the real w orld is dep enden t on the dynamic en vironmen t.

Th us, unexp ected ev en ts migh t dela y the accomplishmen t of a subgoal, violating the subgoal's

time in terv al. In man y cases, this violation need not b e a fatal ev en t; the AIS migh t b e able to

manipulate the time sp en t on later subgoals so that the o v erall high-lev el goal is still ac hiev ed

b efore its deadline. F or example, a deliv ery task with a hard deadline migh t b e brok en in to sev eral

hallw a y tra v ersal tasks. If the Hero's path is temp orarily blo c k ed during one of those tra v ersals,

the system migh t need to adjust the subsequen t tra v ersals to a higher sp eed, to mak e up for the

lost time. This adjustmen t w ould probably reduce the safet y of the system, sacri�cing safet y for

timeliness. This t yp e of dynamic p erformance tradeo� requires complex task-lev el reasoning that

v aries with the en vironmen t, and th us de�es a priori analyses and guaran tees.

5 The Protot yp e Implemen tation

W e ha v e built a protot yp e CIR CA system whic h emphasizes the in terface b et w een the subsys-

tems, bridging the gap b et w een the uncertain p erformance of the AIS and the rigid constrain ts of

the R TS. The protot yp e is designed to pro vide con trol-lev el guaran tees based on the graph mo del

whic h underlies the arc hitecture's design. And, when resource restrictions mak e ideal p erformance

imp ossible, the protot yp e AIS has sev eral strategies for reducing resource requiremen ts, trading o�

the v arious dimensions of p erformance against eac h other.

5.1 The Protot yp e AI Subsystem

The design of the protot yp e AIS is motiv ated b y sev eral op erational requiremen ts. T o decide

what subset of all p ossible T APs should b e activ e at an y giv en time, the AIS m ust reason ab out

the system goals, the curren t w orld state, the an ticipated future w orld states, and the capabilities

of the R TS. Our implemen tation reasons ab out a declarativ e w orld mo del built up on classes of

\ob jects" and \tasks." Ob ject classes and instances are used to represen t the ph ysical en vironmen t

and the system's sensor and actuator resources. T ask classes and instances pro vide a hierarc hic

represen tation of the goals whic h the system is pursuing, their temp oral relations, and the progress
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(assert-initial-world-model)

(setf *soak* (get-all-matched-KSs))

(while T

(assert *soak*)

(setf *new-soak* (get-new-matched-KSs))

(cond ((and (null *soak*) (null *new-soak*)) ;; Stop if no KSs matched.

(return))

((null *new-soak*) ;; If no meta-level KSs

(execute-KS (random-choice *soak*)) ;; matched, fire one from

(unassert *soak*) ;; last soak.

(setf *soak* (get-all-matched-KSs)))

(T (unassert *soak*) ;; Else, climb to meta-level.

(setf *soak* *new-soak*))))

Figure 7: The protot yp e AIS in terpreter.

made so far.

Since CIR CA is designed to op erate in highly dynamic en vironmen ts where plans ma y fail and

unexp ected circumstances ma y arise at an y time, the protot yp e AIS should b e highly in terruptible,

and allo w rapid con text switc hes to reasoning ab out new, unexp ected problems. The protot yp e

AIS m ust b e able to reason ab out m ultiple goals and ab out m ultiple metho ds for ac hieving those

goals, so that it can ev aluate tradeo�s of the v arious p erformance dimensions based on resource

limitations, ev en t probabilities, criticalit y measures, etc.

The protot yp e inferencing mec hanism incorp orates features deriv ed from the PRS [13 , 20 ] and

blac kb oard arc hitectures [32 ]. Pro cedural kno wledge is enco ded in a set of Kno wledge Sources (KSs)

similar in form to those of a blac kb oard system: eac h KS has a set of class-constrained v ariables

and a set of parameterized preconditions whic h m ust all b e true for the KS to b e \applicable" to

the state of the w orld mo del. Eac h KS also has a set of routines that are run if the KS is actually

\�red," or c hosen and executed.

The in terpreter that c ho oses the next KS to �re is dra wn almost directly from the PRS arc hi-

tecture [20], and b ears little resem blance to a blac kb oard's agenda mec hanism. Figure 7 sho ws the

Lisp co de for the protot yp e AIS in terpreter. Eac h cycle of the in terpreter �nds the set of KSs whose

preconditions are true in the curren t state of the w orld mo del (the \set of applicable KSs" or soak ),

and then asserts the v alue of the curren t soak in to the w orld mo del, essen tially making the w orld

mo del represen t the fact that the system is considering executing those KSs. This new assertion

ma y cause new, meta-lev el KSs to matc h the w orld mo del state. The meta-lev el KSs are resp onsible

for c ho osing whic h KS to �re from the soak matc hed in the previous in terpreter cycle. Figure 8

sho ws an example meta-lev el KS that c ho oses whic h lo w er-lev el KS to �re for a particular task,

based on a global strategy v ariable (that some other KSs can manipulate). When an y KSs matc h

at the meta-lev el, the in terpreter remo v es the previously asserted soak from the w orld mo del and

asserts the v alue of the new (meta-lev el) soak to b e exactly the set of newly matc hed, meta-lev el

KSs. Again, new KSs ma y matc h against this assertion, forming a meta-meta-lev el. In this w a y ,

the in terpreter can clim b an arbitrary n um b er of meta-lev els. When no new meta-lev el KSs matc h,
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KS strategy-choice

:VARIABLES (task-p ?task) (soak-p ?soak)

:PRECONDITIONS (get-KSs-for-task ?soak ?task)

:ACTIONS (let ((task-KSs (get-KSs-for-task ?soak ?task)))

(execute-KS (random-choice

(get-KSs-for-strategy task-KSs *strategy*))))

Figure 8: The strategy-c hoice meta-lev el KS.

the system executes a single KS, c hosen randomly from the soak of the previous reasoning lev el.

Our protot yp e AIS di�ers from PRS in the relativ ely unstructured form of our KSs, and the

lac k of an arc hitectural \in ten tions" structure. In the protot yp e AIS, �ring a KS simply means

running some blo c k of Lisp co de. A PRS Kno wledge Area (KA), on the other hand, is a structured

represen tation of the set of plans to ac hiev e a goal. When a PRS KA is c hosen b y the in terpreter

describ ed ab o v e, it is merged in to the PRS in ten tions structure, whic h represen ts the cognitiv e

commitmen ts of the system. The KA is then executed at some later time, as the in ten tions structure

is tra v ersed b y the PRS execution phase (whic h has no parallel in our implemen tation). Cognitiv e

commitmen ts are represen ted in our system b y task ob jects whic h are manipulated b y KSs in the

same w a y as other tasks, rather than b y arc hitectural mec hanisms.

Messages to the protot yp e AIS from the R TS are receiv ed in to a bu�ered I/O pro cess that

in terrupts the AIS when a complete message has arriv ed. The in terrupt handler asserts the new

message in to the AIS w orld mo del and ab orts the curren t activit y . Con trol returns to the start

of the in terpreter lo op, so that the AIS can then decide whether to pro cess the incoming data,

restart the previous task, or switc h to a new task en tirely . W e are in v estigating w a ys in whic h the

comm unication in terrupt handler can sa v e the state of a KS rather than ab orting it [16 ].

Remaining in terruptible giv es PRS and our AIS the useful abilit y to p erform arbitrarily complex

computations within a KS while also attending to ongoing w orld ev en ts. In particular, Ingrand and

George� [20 ] ha v e sho wn that, giv en certain reasonable assumptions ab out ev en t frequency and KS

precondition complexit y , the protot yp e AIS will notice ev ery ev en t that generates an in terrupt.

The protot yp e AIS has KSs to incremen tally form hierarc hical plans to na vigate through the

hallw a ys of our 
o or. Giv en a destination and the curren t lo cation of the Hero, KSs at the \hallw a y"

abstraction lev el build a plan from hallw a y-path tasks. Hallw a y-path tasks are decomp osed in to

one or more tasks at the \tra v ersal" abstraction lev el. This decomp osition ma y in v olv e splitting the

hallw a y in to di�eren t sections whic h are tra v ersed in di�eren t w a ys. F or example, a long hallw a y

migh t b e tra v ersed in a \ballistic-tra v erse" task for most of its length, so that the R TS only uses the

Hero's wheel-enco ders to k eep trac k of its progress do wn the hallw a y . Then, when the end of the

hallw a y dra ws near, the tra v ersal can b e switc hed to a \cautious-tra v erse" task, during whic h the

Hero also c hec ks its p osition and orien tation b y sensing landmarks (w alls, do orw a ys, and corners).

A t the tra v ersal abstraction lev el, sev eral KSs matc h eac h class of tra v ersal task to suggest the

T APs needed to implemen t the tra v ersal. These KSs essen tially form the AIS' implicit reasoning

ab out the graph mo del corresp onding to the tra v ersal phase and the reactions required to preempt
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KS suggest-stop-if-object-ah ead

:VARIABLES (traversal-task-p ?task)

:PRECONDITIONS (null (tap-list ?task))

:ACTIONS (push (make-tap 'stop-if-object-ahead

:MAX-PERIOD (/ *safety-distance* (speed ?task)))

(tap-list ?task))

Figure 9: The suggest-stop-if-ob ject-ahea d KS.

failures. F or example, the suggest-stop-if-ob ject-ahead KS, sho wn in Figure 9, matc hes all

classes of tra v ersal tasks and adds the stop-if-ob ject-ahead T AP to the list of suggested T APs

for the task. Note that the MAX-PERIOD for the T AP is based on the sp eed at whic h the tra v ersal

will tak e place. When the strategy-c hoice meta-lev el KS c ho oses to decomp ose a tra v ersal task,

it executes al l of the KSs whic h suggest T APs for the tra v ersal task, rather than c ho osing just one.

3

The resulting list of T APs is then sen t to the Sc heduler.

5.2 The Protot yp e Sc heduler

In the curren t implemen tation, the R TS can run only one T AP at a time, and T APs are not

in terruptible, so the protot yp e Sc heduler do es not need to consider T AP preemption. F or the sak e

of simplicit y , the Sc heduler also assumes that T APs are indep enden t of eac h other: that is, the

�ring of one T AP has no b earing on the �ring of an y other T AP . In fact, this is not true, since

sets of T APs can enable eac h other or act in a m utually exclusiv e fashion. F or example, if one

T AP sp eci�es ( *moving* ) in its precondition and another T AP sp eci�es (not *moving* ), the T APs

cannot b oth �re in a cycle of the R TS unless an in termediate T AP c hanges the v alue of *moving* .

A more sophisticated Sc heduler w ould b e able to tak e in to accoun t suc h dep endencies and pro duce

more e�cien t sc hedules.

By assuming T AP indep endenc e and T AP atomicit y , the protot yp e Sc heduler can use a simpli-

�ed deadline-driv en sc heduling algorithm [30 ] to optimally deriv e a T AP sc hedule. This algorithm

sp eci�es that, eac h time the system can c ho ose whic h T AP to run, it should run the a v ailable T AP

with the closest deadline. T o deriv e a cyclic sc hedule with this criterion, the Sc heduler sim ulates the

op eration of a dynamic sc heduler, incremen ting a time coun ter and deciding whic h T APs to run as

sim ulated time passes. After the sim ulation has progressed far enough to in v ok e the T AP with the

maxim um MAX-PERIOD, the Sc heduler b egins scanning the trace of the sim ulation, attempting

to extract a lo op of T AP in v o cations whic h meets all T AP timing requiremen ts. The maxim um

p ossible lo op size is equal to the least common m ultiple of the T AP MAX-PERIODs. Note that

w e can relax the atomicit y requiremen ts, and allo w T AP preemption, without losing the abilit y

to build a pro v ably optimal sc hedule. Deadline-driv en sc heduling has b een sho wn to b e optimal

for suc h problems [30 ], but the short execution time of curren t T APs do es not w arran t the cost of

adding preemption mec hanisms to the R TS.

If the Sc heduler cannot build a successful sc hedule to guaran tee all the T AP timing constrain ts,

it returns a failure message to the AIS, whic h m ust adjust its prop osed T AP list to lo osen the

sc heduling constrain ts. The protot yp e AIS can mak e this adjustmen t b y altering the tra v ersal task

3

Figure 8 sho ws a simpli�ed v ersion of the strategy-c hoice meta-lev el KS that alw a ys in v ok es one KS.
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1 AIS: Decomposing hallway task #<TASK HALLWAY-PATH1>

2 AIS: Creating new cautious traverse #<TASK CAUTIOUS-TRAVERSE3>

3 AIS: Speed = 16 inches/second, Distance = 427 inches, Deadline = 36 seconds

4 AIS: Running all KSs for strategy SUGGEST-TAPS on #<TASK CAUTIOUS-TRAVERSE3>

5 AIS: Suggesting check-orientation TAPs, max period 1.88 seconds

6 AIS: Suggesting get-next-schedule TAP

7 AIS: Suggesting follow-hall TAPs

8 AIS: Suggesting stop-if-object-ahead TAP, max period .50 seconds

9 AIS: Running Scheduler for #<TASK CAUTIOUS-TRAVERSE3>...

10 SCHED: FAILURE: #<BEHAVIOR STOP-IF-OBJECT-AHEAD> exceeded max period of .50

11 SCHED: WARNING: No schedule was possible

12 AIS: Decreasing speed for #<TASK CAUTIOUS-TRAVERSE3>

13 AIS: Set speed to minimum required to meet deadline: 12 inches/second

14 AIS: Running all KSs for strategy SUGGEST-TAPS on #<TASK CAUTIOUS-TRAVERSE3>

15 AIS: Suggesting check-orientation TAPs, max period 2.50 seconds

16 AIS: Suggesting get-next-schedule TAP

17 AIS: Suggesting follow-hall TAPs

18 AIS: Suggesting stop-if-object-ahead TAP, max period .67 seconds

19 AIS: Running Scheduler for #<TASK CAUTIOUS-TRAVERSE3>...

20 SCHED: Successful schedule is:

21 SCHED: #<BEHAVIOR CHECK-ORIENTATION>

22 SCHED: #<BEHAVIOR STOP-IF-OBJECT-AHEAD>

23 SCHED: #<BEHAVIOR FOLLOW-HALL>

24 SCHED: #<BEHAVIOR STOP-IF-OBJECT-AHEAD>

25 SCHED: #<BEHAVIOR GET-NEXT-SCHEDULE>

26 SCHED: #<BEHAVIOR STOP-IF-OBJECT-AHEAD>

27 SCHED: loop.

Figure 10: A trace of AIS/Sc heduler in teractions. \Beha viors" consist of one or more T APs

group ed together for sc heduling e�ciency . This trace do es not illustrate an y T APs

on the unguaran teed list.

and then re-running the KSs whic h suggest the T APs for the task. The KSs adjust their parameters

based on the new tra v ersal task, and create an alternativ e T AP list. Our implemen tation curren tly

has t w o metho ds for altering a tra v ersal task to ease the sc heduling problem. Figure 10 sho ws a

system trace illustrating the �rst metho d, in whic h the AIS c hanges a tra v ersal parameter suc h as

the Hero's sp eed. In the example, the AIS initially prop oses to use a 16 inc h/second \cautious"

tra v erse (lines 1{3), and KSs suggest the appropriate T APs with the necessary timing constrain ts

(lines 4{8). The Sc heduler is unable to build a sc hedule (lines 9{11), so the AIS decreases the

tra v ersal sp eed to the minim um required to meet the tra v ersal deadline (lines 12{13), and deletes

the previous T AP suggestions. KSs then �re to suggest T APs with revised timing constrain ts (lines

14{18), and this time the Sc heduler succeeds in building a cyclic sc hedule.

The AIS' second metho d for ameliorating sc heduling problems is to c hange the class of the

tra v ersal. F or example, c hanging a \cautious" tra v ersal to a \ballistic" tra v ersal eliminates the
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need to guaran tee the T APs that sense landmarks

4

and c hec k orien tation, and th us decreases the

n um b er of T APs to b e sc heduled. Ballistic-tra v ersal tasks actually include the landmark-sensing

T APs on the unguaran teed list, so that if the R TS has time it will try to v erify the Hero's p osition.

Th us c hanging the class of a tra v ersal task can ha v e the e�ect of mo ving a T AP from the guaran teed

to the unguaran teed T AP list, or dropping the T AP en tirely .

6 Comparison to Related W ork

In recen t y ears, n umerous systems ha v e b een dev elop ed to apply AI tec hniques to real-w orld

domains, particularly those whic h in v olv e resp onse deadlines. In this section, w e discuss related

researc h from an arc hitectural p oin t of view, where the form of the system and the division of

resp onsibiliti es among its comp onen ts is signi�can t. W e will also consider the t yp es of p erformance

guaran tees these systems can pro vide, and th us ho w w ell they address real-time con trol issues.

There are t w o common approac hes to dev eloping in telligen t real-time con trol systems: em b edding

an AI system within a real-time system, and vice v ersa [11 ].

6.1 Em b edding In telligence in a Real-Time System

Most researc hers striv e to em b ed in telligence within a real-time system, so that the AI mec h-

anisms are required to meet deadlines. One w a y to accomplish this is to simplify an AI system's

kno wledge-base and inference mec hanism so that it resp onds to all inputs within a b ounded time

[24 , 27 ]. Unfortunately , this approac h engineers out of the AI system the high-v ariance unpredict-

abilit y whic h distinguishes AI tec hniques from simple algorithms. In a sense, when a system with

these limitations can alw a ys solv e a problem, that problem is no longer in the realm of AI.

Another approac h to em b edding in telligence in a real-time system assumes that the system

runs on a single pro cessor whic h m ust satisfy b oth the b ounded real-time tasks and the uncertain

AI tasks. P aul et al. [33 ] deal with this problem b y encapsulating high-v ariance AI tasks within

a serv er pro cess that is sc heduled to run around the real-time tasks. Th us the real-time tasks

can b e guaran teed to meet their deadlines, and the AI task assumes the remaining CPU time

(min us con text switc hing o v erhead). Kaelbling [21 ] presen ts a similar approac h in whic h the real-

time pro cesses are describ ed in REX, a language with pro v able run-time prop erties. While these

systems ac hiev e the desired isolation of the real-time pro cesses from the AI pro cesses, they do

not address the fundamen tal issue of ho w the systems in teract to pro vide o v erall goal-directed

p erformance. Hendler and Agra w ala [18 ] are in tegrating the Dynamic Reaction system and the

MAR UTI op erating system, to implemen t guaran teed real-time reactiv e reasoning in a manner

v ery similar to CIR CA's guaran teed T AP sc hedules. They to o are in v estigating the mec hanisms

b y whic h a planning system can generate real-time task requiremen ts. Ho w ev er, b y restricting

the system to a single pro cessor, they exacerbate the complex issues of trading o� action and

delib eration [14 , 29].

A re�nemen t of the single-pro cessor approac h uses iterativ e impro v emen t algorithms to guar-

an tee that the in telligen t system can b e in terrupted at an y time and will still yield a solution,

p ossibly with reduced precision or con�dence [4 , 19 ]. Suc h \an ytime" algorithms cannot pro vide

4

Sets of related T APs can b e group ed together in to \b eha viors" for sc heduling e�ciency . The follo w-hall b eha vior

in Figure 10 includes T APs to recognize landmarks during a cautious tra v erse.
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an y p erformance guaran tees, since the degree of resp onse qualit y reduction is not under the sys-

tem's con trol. The imprecise computation metho d [7] sp eci�es that some minim um amoun t of

computation is p erformed b efore the problem-solving can b e in terrupted, and th us this metho d

could mak e guaran tees ab out its w orst-case p erformance.

Ho w ev er, all of these metho ds are limited to problems whic h are suited to iterativ e impro v emen t

algorithms. In man y real-time applications, meeting time constrain ts migh t require pro ducing

resp onses that are signi�can tly di�eren t from the resp onses that w ould b e appropriate without

time constrain ts. And, in man y situations, appro ximate resp onses are not desirable at all. F or

example, when tra v ersing a cro wded area, a quic k appro ximation (to an ideal collision a v oidance

maneuv er) suc h as \turn righ t 70 degrees, plus or min us 30 degrees" migh t lead to disaster, while

a completely di�eren t resp onse suc h as \halt" w ould b e far b etter [11 ].

6.2 Reactiv e Arc hitectures

A t the other end of the \pro cessor coun t" dimension, em b edding in telligence in a real-time

system leads to reactiv e arc hitectures suc h as P engi [1 ] and the subsumption arc hitecture [5 ]. Lik e

CIR CA, these systems ha v e separate b eha viors whic h are eac h resp onsible for recognizing and

reacting to sp eci�c input patterns. Ho w ev er, these systems assume that all of their b eha viors are

running concurren tly on separate pro cessors. In addition to the scaling problems discussed earlier,

the pro cessor-p er-b eha vior sc heme also w astes computing p o w er, since man y b eha viors need not

b e activ e at v arious times. Other systems [8, 39] ha v e made pro visions to activ ate only subsets

of b eha viors, in m uc h the same w a y as CIR CA runs di�eren t T AP sc hedules. Ho w ev er, these

other systems do not reason ab out the resources required for eac h set of b eha viors, and do not use

adv anced AI tec hniques to con trol the set of activ ated b eha viors

5

. CIR CA's resource allo cation

and sc heduling are crucial to the system's 
exibilit y , extensibilit y and e�ciency . And, b y explicitly

reasoning ab out time and resources, CIR CA is able to pro vide guaran teed p erformance, whic h

reactiv e systems cannot. Reactiv e systems simply run as fast as they can, and th us they are only

\coinciden tly real-time" [24 ].

Finally , since purely reactiv e systems lac k the abilit y to learn and to form complex sym b olic

plans or exp ectations, they ha v e little of the p o w er w e asso ciate with in telligen t systems [14 ].

Essen tially , all of the inferencing and uncertain t y asso ciated with in telligen t b eha vior has b een

engineered out of these systems. W e migh t consider them to b e con v enien t, p o w erful form ulations

of traditional con trol systems, rather than in telligen t real-time con trol systems.

6.3 Em b edding Reactivit y in an AI System

Other researc hers ha v e tak en the opp osite approac h, em b edding real-time capabilities within

an AI system. These systems use a set of designated reactions whic h b ypass the normal in v o cation

mec hanisms, leading to faster resp onse times. Soar [26 ], for example, enco des reactiv e kno wledge

in the same pro duction form as its other kno wledge, with the added feature that reactiv e op erators

are �red immediately after they are matc hed [25 ]. This eliminates the p ossibilit y of recursiv e

subgoaling, pro viding an immediate reaction once the pro ductions are matc hed. Ho w ev er, since

Soar tries to matc h all its pro ductions all the time, its gro wing kno wledge base mak es b ounding

5

Although Connell and Viola [8] are on a similar trac k: they use a h uman to mak e the decisions.
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reaction time problematic. Assumptions of complete matc h parallelism lead to the same scaling

di�culties and ine�ciency as the reactiv e arc hitectures discussed ab o v e.

CIR CA a v oids these problems b y c ho osing the subsets of reactiv e kno wledge it will test during

eac h cycle of the R TS. These c hoices prev en t CIR CA from displa ying the opp ortunistic b eha vior

of general pattern-directed in v o cation metho ds, but they are necessary to cop e with restricted

resources and b ounded reactivit y . The c hoice of T APs also has the e�ect of fo cusing the system's

atten tion on features whic h are deemed imp ortan t, eliminating the assumption that all c hanges in

the w orld are detected b y the sensor system [25 ].

6.4 Co op erativ e Systems

CIR CA demonstrates an alternativ e to the em b edded approac hes, using separate, concurren t AI

and real-time subsystems to co op erativ ely pro duce the desired p erformance. Hanks and Firb y [14 ]

are in v estigating a similar approac h, com bining a transformational planner [15 ] with an execution

mo dule based on Reactiv e-Action P ac k ages (RAPs) [12 ]. Their w ork do es not concen trate on

pro viding timeliness, since RAPs are executed b y a complex queue manager. Also, the strategic

planning and RAP execution subsystems share a global w orld mo del; this shared resource could

lead to con ten tion problems that w ould dela y the subsystems. CIR CA a v oids shared data for this

reason, and relies instead on message passing and in terrupts.

Arkin's Autonomous Rob ot Arc hitecture (AuRA) [2 ] includes a reactiv e execution subsystem

and a hierarc hical planner that determines whic h reactiv e \sc hemas" are activ e. A w orld mo delling

subsystem con trols AuRA's stored kno wledge, pro viding an in terface that a v oids shared-memory

assumptions. AuRA also includes a \homeostatic con trol" subsystem that monitors the in ternal

conditions of the execution subsystem, allo wing c hanges in the execution subsystem to a�ect the

planning pro cess. CIR CA's AIS and Sc heduler can pro vide similar functionalit y b y monitoring the

R TS, as men tioned in Section 4.5. AuRA do es not address the timeliness or resource restrictions

that are the fo cus of our arc hitecture.

Simmons' T ask Con trol Arc hitecture (TCA) also com bines reactiv e and planning systems [35 ,

37]. Although TCA do es not pro vide execution-time guaran tees, it do es reason ab out its limited

sensor capabilities, and is in tended to deriv e sensing parameters (suc h as frequency) from a causal

explanation of the sensing b eha vior and en vironmen t. This corresp onds directly to CIR CA's reas-

oning ab out T AP parameters. Ho w ev er, although sensing monitors are under the con trol of a

cen tral AI system, the reactiv e elemen ts of TCA whic h attempt to k eep the system safe are outside

the system's con trol [36 ].

Miller and Gat ha v e dev elop ed the three-la y er A TLANTIS system [31 ], in whic h the b ottom

la y er pro vides a subsumption-lik e reactiv e con troller and the top la y er is a delib erativ e planner

and w orld mo deller. In b et w een, the sequencing la y er turns on and o� sets of reactiv e b eha viors,

m uc h as CIR CA runs di�eren t T AP sc hedules. The sequencing la y er actually do es more, since it

also main tains a task queue similar to the RAP in terpreter, and sequences these tasks when it is

in terrupted or detects that the previous task is �nished. A TLANTIS do es not address the resource

reasoning or guaran teed p erformance ob jectiv es of CIR CA.
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7 Curren t Status & F uture Directions

As presen ted in Section 5, the protot yp e AI subsystem successfully plans hallw a y paths, break-

ing them in to tra v ersal phases and dev eloping T AP sc hedules in co op eration with the protot yp e

Sc heduler. Curren tly , the Sc heduler is encapsulated within a KS, and returns either a successful

sc hedule or nil . W e are in v estigating w a ys in whic h the Sc heduler can pro vide more informativ e

feedbac k ab out the cause of a sc heduling failure, so that the AIS can mak e in telligen t decisions

ab out ho w to mo dify the suggested set of T APs. This will allo w the AIS and Sc heduler to in teract

in a more in telligen t manner than the curren t \generate and test" sc heme. W e are also examin-

ing more p o w erful sc heduling algorithms that w ould accoun t for dep endencies b et w een T APs or a

m ultipro cessor R TS.

The R TS, describ ed in Section 4.4, has successfully piloted the Hero through n umerous hallw a y

tra v ersals, including stopping for obstacles, rounding corners, and recognizing do orw a ys. Although

the Hero's inaccurate sensors and wheel slippage ha v e caused o ccasional na vigation failures, the

safet y of the rob ot has not b een violated (it has nev er collided with w alls or obstacles). W e are

planning to re-implemen t the R TS in C, to eliminate Lisp's unpredictable garbage collection and

to sp eed p erformance.

W e also seek to ev aluate and v erify the protot yp e system's timeliness guaran tees. The graph

mo del and the concept of a safe set of states are the foundation for the arc hitecture's con trol-lev el

p erformance guaran tees. The guaran tees whic h an implemen tation mak es dep end on the accuracy

of the timing information used to sc hedule T APs and an ticipate con trol-lev el deadlines. Curren tly ,

the AIS and Sc heduler use �xed, estimated timing parameters. W e hop e to dev elop metho ds whic h

can deriv e the relev an t domain deadlines from a mo del of the en vironmen t, pro viding a sound basis

for safet y guaran tees and the adjustmen t of T AP parameters.

In summary , CIR CA is an inno v ativ e arc hitecture in whic h co op erating subsystems pro vide

b oth the p erformance guaran tees needed for real-time con trol and the p o w erful, unpredictable

in telligence needed to address complex task-lev el problems. Using deadline-driv en sc heduling and a

graph mo del of the R TS and the en vironmen t, CIR CA represen ts a unique and promising metho d

of applying unrestricted AI tec hniques to tasks with hard real-time deadlines.
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