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1 In tro duction

The researc h agendas of t w o ma jor areas of computer science are con v erging: Arti�cial In telli-

gence (AI) metho ds are mo ving to w ards more realistic domains requiring real-time resp onses, and

real-time systems are mo ving to w ards more complex applications requiring in telligen t b eha vior.

T ogether, they meet at the crossroads of in terest in \real-time in telligen t con trol," or \real-time

AI"
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. This sub�eld is still b eing de�ned b y the common in terests of researc hers from b oth real-

time and AI systems. As a result, the precise goals for v arious real-time AI systems are still in


ux [28 , 31 , 43 ]. This pap er describ es an organizing conceptual structure for curren t real-time AI

researc h, clarifying the di�eren t meanings this term has acquired for v arious researc hers. Ha ving

iden ti�ed the v arious goals of real-time AI researc h, w e then sp ecify some of the necessary steps

to w ards reac hing those goals. This in turn enables us to iden tify promising areas for future researc h

in b oth AI and real-time systems tec hniques.

1.1 Bac kground: Real-Time Systems

In man y applications, a computer con trol system m ust sense the en vironmen t and directly

in
uence it through action. Suc h con trol systems are sub ject to the real-time constrain ts of the

en vironmen ts in whic h they op erate. F or example, an autonomous v ehicle op erating in the real

w orld needs a con trol system that resp onds quic kly enough to a v oid collisions with obstacles or

Da vid Musliner and James Hendler are also a�liated with the UM Institute for Systems Researc h (NSF Gran t NSFD

CDR-88003012).
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These t w o terms are used in terc hangeabl y b y man y researc hers. W e will use the somewhat more common \real-

time AI" for consistency and brevit y .
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other v ehicles. This requiremen t for timely b eha vior is the de�ning c haracteristic of a class of

en vironmen ts kno wn as har d r e al-time domains. Hard real-time domains ha v e deadlines b y whic h

con trol resp onses m ust b e pro duced, or catastrophic failure ma y o ccur. Other common examples

of hard real-time domains include n uclear p o w er plan t con trol, medical monitoring, and aircraft

con trol.

Because catastrophic failure ma y o ccur if deadlines are missed, con trol systems for agen ts op er-

ating in real-time en vironmen ts m ust not only c ho ose appropriate actions in v aried situations, they

m ust also mak e those action c hoices at appropriate times. Researc h in real-time systems addresses

precisely this issue, b y dev eloping metho ds for guar ante eing that the reaction rate of a con trol

system matc hes the rate of c hange in the en vironmen t. Real-time computing is not ab out building

\fast" systems; it is ab out building systems that are predictably \fast enough" to act on their

en vironmen ts in w ell-sp eci�e d w a ys [31 , 43 , 66, 69].

This understanding of what it means to b e \real-time" is dramatically di�eren t from the casual,

non-tec hnical use of the term whic h has b ecome common in man y �elds. F or example, if a database

querying system resp onds quic kly according to h uman time-scales (i.e., in a few seconds or less),

it is called \real-time." But what if w e use that same database system in a critical application

requiring resp onses in milliseconds? Clearly , the system is no longer \fast enough." The fact

that the inadequacy of the system in this new domain (and its \adequacy" in the slo w er domain)

could not b e recognized or predicted in an y rigorous fashion indicates that this system w as nev er

\real-time" in the tec hnical sense; it w as nev er kno wn to meet the required deadlines.

Early real-time systems op erated in relativ ely simple, w ell-c haracterized en vironmen ts. Suc h

\traditional" real-time systems are comp osed of a set of rep eated tasks with kno wn execution times

and arriv al patterns. The primary c hallenge in building suc h systems is to sc hedule these tasks and

ensure they will meet their deadlines. Real-time systems researc hers ha v e dev elop ed a p o w erful

set of to ols for b oth sp ecifying a task's resource requiremen ts and deadlines and for predictably

sc heduling and executing the describ ed b eha viors to guaran tee that they will meet their deadlines.

With the success of these tec hniques, researc hers ha v e b een extending real-time systems to

more complex applications. F aced with resource limitations that mak e it imp ossible to sc hedule

and guaran tee all of the p ossible b eha viors that migh t ev er b e needed in a particular domain, it

has b ecome necessary for systems to adapt to the op erational mo des of the ph ysical pro cesses they

monitor and con trol. F or example, a real-time system con trolling the a vionics of an aircraft has to

deal with di�eren t t yp es of activities during the tak e-o�, cruising, and landing stages. The con trol

system's tasks and their execution c haracteristics will v ary , dep ending on the particular op erational

mo de of the aircraft. Lac k of adaptabilit y w ould require that the sup erset of all tasks required in

all mo des b e activ e at all times. This is clearly an ine�cien t and infeasible approac h| hence,

real-time systems ha v e b een dev elop ed with limited abilities to c hange their task c haracteristics for

di�eren t op erational mo des.

Ho w ev er, this t yp e of simple mo de-switc hing adaptabilit y is insu�cien t for the emerging gener-

ation of complex, dynamic, and uncertain application domains. F or example, consider the prop osed

2



NASA Mars Ro v er, whic h m ust op erate at a distance of ab out 15 ligh t-min utes from Earth, and

th us cannot b e tele-op erated. This system m ust op erate con tin uously and autonomously in an

uncertain and incompletely-sp ec i�e d en vironmen t. The system m ust detect and react in real-time

to unpredictable but dangerous situations suc h as na vigation route blo c k ages and non-geometric

terrain hazards (e.g., sand-pits or other p oten tial traps that cannot b e detected b y sensors di-

rectly [29 ]). These situations require a broad range of adaptabilit y and reasoning pro cesses (e.g.,

route planning) that are b ey ond the abilities of con v en tional real-time systems. F ortunately , these

topics (reasoning, adaptabilit y , general and 
exible in telligen t b eha vior) ha v e long b een the purview

of a di�eren t researc h area: Arti�cial In telligence.

1.2 Bac kground: AI

In general, AI researc h attempts to computationally mo del the v arious \in telligen t" capabilities

of h umans, including their abilities to solv e complex reasoning problems while also op erating in

and adapting to dynamic, uncertain, and incompletely-sp ec i� ed domains. Man y of the problems

addressed b y traditional AI researc h can b e view ed as searc h. In its most general sense, searc h is

the pro cess of �nding an appropriate set of op erators (actions) to lead an agen t from some initial

state to some goal state. Early AI researc h cen tered on basic searc h metho ds and represen tations

for tasks in v olving the sorts of sym b olic kno wledge h umans use, as opp osed to the n umeric data

pro cessed b y simple algorithms. Muc h traditional and curren t AI researc h rev olv es around building

p o w erful searc h-based planning mec hanisms that can �nd useful plans of action in complex domains

that ma y include goal in teractions, uncertain t y , and temp oral information.

T raditionally , AI systems ha v e b een dev elop ed without m uc h atten tion to the resource limita-

tions that motiv ate real-time systems researc hers. Ho w ev er, as these AI systems mo v e out of the

researc h lab oratories in to real-w orld applications, they also b ecome sub ject to the time constrain ts

of the en vironmen ts in whic h they op erate. F or example, AI applications are no w b eing used for

monitoring space sh uttle telemetry during launc hes to detect problems quic kly when they dev elop.

They are also used to assist op erators of electrical p o w er distribution cen ters. As the complex-

it y of the con trolled pro cesses increases, the h uman op erators of these systems are increasingly

o v erloaded with data, particularly in time-critical fault reco v ery op erations. Sorting through large

amoun ts of data to iden tify problems and ev aluate solutions can result in c o gnitive overlo ad . The

new generation of AI systems are b eing called up on to pro vide decision-supp ort capabilities that

reduce the cognitiv e burden in these situations.

Early e�orts to build real-time AI systems fo cused largely on ad ho c sp eedups for existing

AI metho ds, yielding systems that are only c oincidently r e al-time [43]. That is, these systems

ha v e b een tested and sho wn to op erate quic kly enough to meet domain deadlines for the test

scenarios, and are th us considered guaran teed real-time. Ho w ev er, complex b eha vior in teractions

and domain v ariations b ey ond the set of tested scenarios ma y still lead to failure, b ecause there is

no rigorous pro of that these systems will meet deadlines or pro vide logically adequate resp onses in

time. As Stank o vic [69 ] p oin ts out, this t yp e of p erformance is not suited to mission-critic al real-
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time systems

2

. Instead, the rigorous design tec hniques dev elop ed b y real-time systems researc hers

m ust b e used to guar ante e that a system will meet domain deadlines, ev en in w orst-case scenarios.

Th us, the tec hnologies of real-time system design and AI are b eing brough t together b y the

needs of real applications. W e w ould lik e to com bine the guaran teed p erformance metho ds of real-

time systems with AI planning, problem-solving, and adaptation mec hanisms to build a 
exible,

in telligen t con trol system that can dynamically plan its o wn b eha viors and guaran tee that those b e-

ha viors will meet hard deadlines. Unfortunately , building suc h a system is not as easy as describing

its b eha vior.

1.3 Real-Time AI: The Problem

In the most general sense, the di�cult y of building real-time AI systems stems from constrain ts

imp osed b y the agen t, its tasks, and its en vironmen t. The agen t itself is sub ject to \b ounded ratio-

nalit y" [67 ], b ecause its data pro cessors ha v e limited sp eed and memory . The agen t is also sub ject

to \b ounded reactivit y" [56 ], b ecause its sensors and actuators are limited in their range, �eld of

view, torque, accuracy , etc. Th us the agen t has only a restricted capacit y to sense its en vironmen t,

pro cess the sensed data, and use that information to a�ect its en vironmen t. Nev ertheless, this

limited agen t is required to p erform a wide v ariet y of tasks ranging from mission-critical emergency

reactions to complex kno wledge-based problem-solving that ma y in v olv e searc hing for solutions

in exp onen tially-large searc h spaces. The domain itself ma y imp ose b oth sev ere real-time dead-

line constrain ts and complexities that result from incompletely-mo deled dynamics, unpredictable

agen ts, and failures. Putting all of these constrain ts together, w e see that real-time AI systems

m ust reliably accomplish complex and mission-critical tasks under realistic resource limitations in

dynamic domains.

More sp eci�cally , real-time AI systems are required to w ork con tin uously o v er extended p erio ds

of time, in terface to the external en vironmen t via sensors and actuators, deal with uncertain or

missing data, fo cus resources on the most critical ev en ts, handle b oth sync hronous and async hronous

ev en ts in a predictable fashion with guaran teed resp onse times, and degrade gracefully . Graceful

degradation ma y b e required to cop e with b oth resource o v erloads (in whic h case a system m ust

alter its v arious p erformance goals or metho ds) and faults (in whic h case a system ma y ha v e to

execute reco v ery actions to resume its normal op erations). Realizing suc h system b eha vior not only

requires that signi�can t researc h adv ances are made in b oth the real-time and AI metho dologies,

but also requires that tec hniques from the t w o discipline s b e com bined or in terfaced. This pap er

outlines man y of the sp eci�c researc h c hallenges that m ust b e solv ed to dev elop future generations

of real-time AI systems.

2

In mission-critical systems, failure to tak e appropriate and timely action ma y lead to loss of life or unacceptably

high economic costs.
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1.4 An Example Domain

Throughout this pap er, w e will dra w examples from the medical In tensiv e Care Unit (ICU)

domain

3

. In an ICU, a patien t is ho ok ed to a n um b er of monitoring and life supp ort devices under

electronic con trol. The goals of the system are ob vious: k eeping the patien t health y and stable,

dealing with unexp ected c hanges in the patien t's condition, and alerting medical p ersonnel if the

situation b ecomes critical. With curren t tec hnology , the individual devices connected to the patien t

are eac h separately con trolled. If the patien t go es in to some t yp e of trauma (e.g., sho c k), a n um b er

of alarms sound to summon medical p ersonnel. During the time that it tak es for the p ersonnel

to arriv e, the patien t's condition deteriorates. Ev en w orse, up on en tering the ICU ro om, medical

p ersonnel m ust w aste precious time trying to �gure out what has happ ened, wh y , and what to do

ab out it.

An in telligen t real-time con trol system could v astly impro v e this situation. A computer con trol

system that could see the whole picture (in tegrating the results of the man y sensor readings coming

at v arious rates from a patien t) could then initiate small actions (suc h as adjusting the feed rate

on a respirator) whic h migh t prev en t the patien t from exp eriencing the trauma. In addition, if the

patien t do es go in to sho c k, the system can diagnose the cause and ha v e diagnostic (and treatmen t)

suggestions ready b y the time medical p ersonnel arriv e. In cases where immediate steps m ust b e

tak en, the system can initiate precursor actions suc h as reducing a particular gas in a v en tilator,

whic h should b e done if emergency surgery ma y b e required.

F rom this example domain, the need for com bined real-time and AI capabilities b ecomes clear.

T raditional real-time con trol systems could not handle the decision-making inheren t in p erforming

on-line diagnosis or treatmen t planning (whic h ma y also require access to sym b olic information

suc h as patien t history , information ab out the surgery from whic h the patien t is reco v ering, or the

qualitativ e assessmen ts made b y medical p ersonnel). On the other hand, a traditional AI-based

medical diagnostic system could not handle the real-time needs of monitoring sensor data or of

pro ducing action plans during critical ev en ts (suc h as a drop in blo o d pressure). Th us the ICU

domain captures the need for b oth in telligen t, sym b olic, delib erativ e AI tec hniques, and the need

for guaran teed real-time reactions.

2 Categorizing Approac hes to Real-Tim e AI

There are three principal w a ys that real-time systems and AI tec hniques can b e com bined

in to a single system [22 , 56]: b y em b edding AI in to a real-time system, b y em b edding real-time

reactions in to an AI system, and b y coupling AI and real-time subsystems as parallel, co op erating

comp onen ts. Figure 1 illustrates these three system organizations. As w e will see, these di�eren t

approac hes do not aim at the same result: the desired p erformance of a real-time AI system has

not b een clearly and uniquely de�ned. In the follo wings subsections, w e pro vide additional details

on the three main approac hes to real-time AI, describing their o v erall p erformance goals and the

3

These examples are based on the Guardian real-time AI pro ject [34] under the direction of Dr. Barbara Ha y es-

Roth at Stanford Univ ersit y .
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AI methods

AI subsystem

Real-time system

Environment

Environment

Environment

Real-time  subsystem

Real-time reactions

AI system

Figure 1: The three main approac hes to real-time AI.

di�culties to b e addressed.

Note that these categories are somewhat arti�cial, in that man y implemen ted systems com bine

asp ects from more than one approac h. Ho w ev er, b y classifying the general approac h a system tak es

to implemen ting real-time AI, w e can understand more clearly the precise goals and in ten t of the

system, and its suitabilit y for di�eren t t yp es of tasks.

2.1 Em b edding AI in Real-Time

The simplest approac h to com bining real-time and AI tec hnologies is to em b ed AI metho ds

within a con v en tional real-time system, forcing the AI computations to meet deadlines just lik e

other real-time tasks. The goal, then, is to b e \in telligen t in real-time," so that all of the system's

reasoning capacit y is applied to eac h decision b efore its deadline. In man y w a ys this p erformance

goal is the most in tuitiv e in terpretation of \real-time AI," since the term itself seems to imply that

the in telligen t metho ds will run in real-time. Some researc hers refer to this particular approac h as

\real-time problem solving," clearly indicating that complex, traditional AI tasks suc h as searc h-

based problem-solving will b e constrained to meet real-time deadlines.

The fundamen tal problem with this approac h is that AI tasks are generally ill-suited to real-time

sc heduling mec hanisms, whic h rely on allo cating the w orst-case execution time for all tasks. AI

tasks suc h as planning and searc h-based problem-solving often ha v e unkno wn or extremely large

w orst-case execution times [58 ]. While con v en tional real-time tasks often ha v e small execution

time v ariations due to data dep endency , man y AI tasks ha v e additional v ariations due to searc h

and bac ktrac king. As a result, simply applying con v en tional w orst-case sc heduling metho ds to AI
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tasks results in systems whic h are either not sc hedulable, or ha v e v ery lo w utilization.

There are t w o general metho ds for addressing this con
ict b et w een high-v ariance AI tasks and

real-time sc hedulers: the v ariance of the AI tasks ma y b e reduced, or the AI tasks ma y b e cast

as incremen tal, in terruptible algorithms. Systems that address the con
ict and are able to use the

em b edded-AI approac h include:

� Delib erativ e AI arc hitectures suc h as PRS [30 , 37 ], in whic h the AI searc h mec hanisms ma y

b e b ounded so that the o v erall resp onse-time of the system can b e predicted. Appro ximation

tec hniques and m ultiple problem-solving metho ds [14 , 46 ] ma y b e used to pro vide additional


exibilit y within time b ounds.

� Purely reactiv e AI arc hitectures lik e the subsumption arc hitecture [5] and REX/Gapps [39 ],

in whic h all of the reactiv e elemen ts are assumed to run in real-time. Reactivit y can b e seen

as the ultimate simpli�cation or remo v al of AI searc h from planning tasks, and the v ariance

of the tasks is remo v ed with the searc h, making real-time guaran tees feasible.

� An y-time algorithms and delib eration-sc heduli ng systems [8 ], in whic h all AI tasks are cast

as incremen tal metho ds that can b e in terrupted b efore an y deadline, yielding a result that

ma y ha v e reduced precision, con�dence, accuracy , etc.

2.2 Em b edding Real-Time in AI

Em b edding real-time capabilities in to an AI system is an alternativ e approac h, whic h essen tially

assumes that the o v erall system will emplo y t ypical AI searc h-based delib eration tec hniques, but

that under some circumstances these tec hniques migh t b e short-circuited in fa v or of a real-time

re
exiv e action. This t yp e of system is suited to domains in whic h delib erativ e action is the norm,

and mission-critical real-time reactions will not b e common. By retaining a uni�ed system with

a single lo cus of con trol, this em b edded-real-time approac h prioritizes real-time reactions without

restricting the complexit y of the AI metho ds that ma y b e used. These systems are designed to

op erate in domains where they can rely mainly on delib erativ e pro cessing for the in telligen t selection

of actions, o ccasionally o v erridden or preempted b y real-time re
exes.

Implemen ted em b edded-real-time systems ha v e used sev eral metho ds to ac hiev e this b eha vior,

including:

� Mo di�ed pro duction systems suc h as Soar [45 ]. In Hero-Soar [44 ], distinguished real-time

pro ductions b ypass the normal delib erativ e op erator selection phase; instead, the action of a

real-time pro duction is executed as so on as the pro duction is matc hed.

� In terruptible blac kb oard-st yle systems lik e PRS [30 , 37 ] and R T-1 [17 ]. In resp onse to a

high-priorit y input that requires a resp onse b efore a deadline, PRS ma y in terrupt ongoing

non-real-time AI tasks and switc h to a predictable real-time task to generate the resp onse

4

.

4

Note that w e ha v e no w seen ho w PRS can op erate b oth as an em b edded-AI and em b edded-real-time system; the

arc hitecture is 
exible enough for either approac h, and the c hoice is made when enco ding pro cedural kno wledge for

the system.
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There are sev eral di�culties with the em b edded-real-time approac h, including the problem of

e�ectiv ely co ordinating and mediating re
exiv e b eha viors with the o v erall delib erativ e b eha vior

of the system; if the re
exiv e actions can b ypass the normal delib eration mec hanisms, it ma y

b e di�cult or imp ossible for the delib eration pro cessing to reason ab out and a�ect the real-time

reactions. F urthermore, some systems using this approac h can add to their rep ertoire of re
exiv e

actions based on inference or on exp erience (e.g., Soar's c h unking [45 ]). The trouble with this

approac h is that the pattern-matc hing activit y p erformed b y the AI system against all of the

p ossible cognitiv e and re
exiv e actions migh t b e hard to b ound

5

. As a result, ev en if the re
exiv e

actions themselv es ha v e w ell-c haracterized real-time prop erties, they are in v ok ed b y high-v ariance,

unpredictable AI tec hniques.

2.3 Co op erating Real-Time and AI

The third approac h to real-time AI attempts to k eep the strengths of real-time and AI systems

undiluted b y not mixing them directly , but instead allo wing separate real-time and AI subsystems

to co op erate in ac hieving o v erall desirable b eha viors. The AI and real-time subsystems m ust b e

isolated, so that the AI mec hanisms cannot in terfere with the guaran teed op erations of the real-time

subsystem, but the subsystems m ust also b e able to comm unicate and judiciously in
uence eac h

other.

The p erformance goals of this t yp e of co op erativ e system are considerably di�eren t from the

em b edded-AI approac h, in whic h all of the AI pro cessing w as required to meet real-time deadlines.

In the co op erativ e approac h, the AI subsystem can b e isolated from the real-time en vironmen t b y

the concurren t con trol b eha viors of the real-time subsystem. Th us the goal of co op erativ e systems

can b e more broadly stated as b eing \in telligen t ab out real-time," rather than necessarily b eing

\in telligen t in real-time."

The tasks that are executed on the real-time subsystem of a co op erativ e system ma y con tain

virtually an y pro cessing, as long as the tasks will de�nitely execute within their allo cated time in

the task sc hedule. Th us co op erativ e systems can tak e adv an tage of an y adv ances in em b edded-AI

tec hnology: when AI metho ds are built that can b e em b edded within real-time en vironmen ts, those

metho ds ma y also b e used within the real-time subsystem of a co op erativ e real-time AI system.

In other w ords, the real-time subsystem ma y execute complex AI metho ds, as long as they are

predictable and sc heduled.

Co op erativ e real-time AI systems span a wide range of designs, v arying greatly in the complex-

it y of the pro cessing a v ailable on the resp ectiv e AI and real-time subsystems, and in the precise

relationship b et w een these subsystems. A t one extreme is a mo di�ed subsumption-based mo del

suc h as DR/MAR UTI [35 ] where a n um b er of real-time re
exiv e b eha viors execute concurren tly ,

while higher-lev el AI pro cesses adjust parameters that a�ect ho w the re
exiv e b eha viors com bine

in to out w ard action. This mo del essen tially assumes that the system has su�cien t resources to

guaran tee that ev ery real-time reaction will meet its deadline, and that in telligence is primarily

5

But see [18 ] for recen t results indicating that, in some cases, suc h pattern matc hing ma y b e scalable.
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� Sc heduler F eedbac k.

� Sc heduling Iterativ e T asks.

� Comm unication.

� Scenario Sw apping (Mo de Switc hing).

� Real-time T ask Languages.

� Non-real-time T asks.

� Enhanced T ask Sp eci�cations.

Figure 2: Summary of real-time systems c hallenges.

useful for mediating amongst these sometimes-con tradictory reactions (e.g., when one ICU reaction

suggests increasing respirator 
o w, while a di�eren t reaction suggests the opp osite).

Ho w ev er, as noted in Section 1.1, trying to sc heduling the sup erset of all tasks required in all

mo des of b eha vior can lead to v ery ine�cien t or infeasible system designs. Th us, at the other

extreme of coroutining, real-time AI systems suc h as CIR CA [56 , 57] ha v e an AI comp onen t that

reasons ab out whic h real-time b eha viors need to b e carried out at an y giv en time, and designs a

real-time con trol plan appropriately . The real-time subsystem is only exp ected to sc hedule and

execute a subset of all of its p ossible b eha viors; as circumstances c hange, the AI system constructs

alternativ e real-time reactiv e plans. The c hallenges in this approac h include minimizing the real-

time subsystem's reliance on receiving new sc hedules within hard deadlines, and dev eloping ric h

w orld mo dels that the AI system can use to reason ab out the real-time c haracteristics of a situation.

3 Challenges for Real-Tim e Systems

T o date, real-time systems researc h has fo cused largely on dev eloping lo w-lev el op erating system

mec hanisms to supp ort predictable execution of traditional p erio dic con trol tasks with only minor

data dep endencies. As more v aried t yp es of in telligen t con trol tasks and real-time AI arc hitec-

tures are implemen ted, the role of system-lev el supp ort for predictable hard real-time op erations

is expanding and c hanging. Figure 2 summarizes sev eral fo cus areas w e ha v e iden ti�ed as b eing of

prime concern for supp orting future mission-critical real-time AI systems. The follo wing paragraphs

pro vide additional details.

Sc heduler F eedbac k

As alw a ys in real-time systems, sc heduling is a paramoun t concern. Ho w ev er, the un usual

nature of the tasks generated b y real-time AI systems imp oses sp ecial requiremen ts and suggests

sev eral areas for future dev elopmen t. Most fundamen tally , the inclusion of in telligen t delib eration

tec hniques in a real-time AI system raises the hop e that AI metho ds based on decision theory migh t
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b e used to con trol p erformance tradeo�s in the face of resource limitations. Suc h tradeo� tec hniques

could mak e e�ectiv e use of feedbac k information that an enhanced \co op erativ e" sc heduler could

pro vide. In the ICU domain, for example, the sc heduler of a co op erativ e real-time AI system

lik e CIR CA [56 , 57 ] migh t indicate that a particular heart-monitoring task is the most sev ere

constrain t making a particular sc hedule infeasible. Using that feedbac k information, the system's

planner migh t decide to decrease the required frequency of the monitoring task (and th us ease the

sc heduling constrain ts), if the patien t is curren tly stable. Ho w ev er, if the planner deems the high-

frequency monitoring task essen tial, it migh t instead c ho ose to omit a less-imp ortan t task from the

sc hedule, suc h as a long-term data ev aluation and diagnosis task.

Researc h on this t yp e of adv anced sc heduling system could in v olv e extending the view of

sc heduling as a searc h pro cess that can generate explicit feedbac k, and/or in tegrating sc hedul-

ing mec hanisms with more traditional AI planning tec hnologies (e.g., Miller's w ork on planning

b y searc h through sim ulations [54 ]). Searc h is a particularly apt metaphor for complex m ulti-

pro cessor sc heduling tasks, so applying the AI comm unit y's exp erience with searc h metho ds ma y

yield signi�can t adv ances in this area.

Sc heduling Iterativ e T asks

Sc heduling tec hniques that can utilize task p erformance pro�les and in tegrate real-time and

non-real-time tasks in a fair w a y are also of in terest. The real-time systems coun terpart to the

an y-time algorithm metho d, kno wn as imprecise computation [47 ], has led to sev eral adv ances in

suc h sc heduling tec hnologies. Additional w ork will b e required, ho w ev er, to impro v e our abilit y

to build p erformance pro�les automatically and to enhance sc hedulers to manage tasks that are

c haracterized b y more complex represen tations suc h as conditional p erformance pro�les [73 ] or

qualit y functions.

In the ICU domain, for example, the utilit y of the results from an incremen tal treatmen t-

planning task ma y v ary greatly dep ending on the patien t's condition: if the patien t is ha ving

sev ere respiratory di�cult y , ev en an abstract, incomplete treatmen t plan ma y ha v e v ery high utilit y

b ecause it w ould b egin b y increasing respirator pressure and summoning medical p ersonnel. On

the other hand, if a patien t has no emergency conditions, then taking action based on only partial

planning w ould b e ill-advised, and of lo w utilit y . Th us the o v erall utilit y of a particular partial plan

can dep end up on the con text in whic h it is generated, and �xed p erformance pro�les w ould not b e

su�cien t to represen t these dep endencies. Conditional p erformance pro�les, whic h can tak e in to

accoun t suc h con text dep endencies, represen t a �rst step to w ards addressing this represen tation

problem.

The in tro duction of AI metho ds in real-time tasks also raises the p ossibilit y of tasks that

pro vide p erio dic estimates of their remaining required execution time, whic h a sc heduler could use

to mak e dynamic adjustmen ts to the task's resource allo cation. These dynamic sc hedule c hanges

could allo w a system to adapt more e�ectiv ely to uncertain, data-dep enden t searc h metho ds and

c hanging en vironmen ts. F or example, a system migh t initially attempt to use a p o w erful mo del-
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based diagnosis metho d to plan treatmen t. Ho w ev er, if the mo del-based task initially ev aluates the

problem and indicates that it is exp ected to require sev eral min utes to arriv e at a treatmen t, the

system migh t c ho ose to �rst quic kly retriev e a relev an t treatmen t plan via case-based metho ds, in

order to stabilize an y emergency conditions.

Comm unication

The co op erativ e approac h to real-time AI places the most stringen t demands for extensions on

existing real-time systems, b ecause it in v olv es dramatically new t yp es of op erations. F or example,

comm unication b et w een real-time and non-real-time tasks is a ma jor issue in the co op erativ e ap-

proac h, while it is virtually nonexisten t in em b edded AI systems. In co op erativ e systems, the AI

subsystem m ust b e able to in teract with the concurren tly executing real-time con trol plan, either

receiving feedbac k information (e.g., patien t symptoms), do wnloading new plans (e.g., monitor-

ing and treatmen t tasks), or comm unicating action arbitration information (e.g., whic h of sev eral

con
icting treatmen ts should b e used). The real-time supp ort system m ust pro vide appropriate

comm unication c hannels while also ensuring that those c hannels cannot in terfere with ongoing

guaran teed real-time tasks. F or example, a system ma y b e required to ensure that a real-time task

will de�nitely receiv e an action arbitration message from a non-real-time AI task b y a particular

time, and it m ust b e p ossible to pro vide that assurance to the system's AI metho ds despite ongoing

sc hedule sw aps and task v ariations.

Scenario Sw apping (Mo de Switc hing)

In the co op erativ e mo del of real-time AI, the AI subsystem generates a real-time task sc hedule

that m ust then b e rapidly sw app ed in for execution b y the real-time subsystem, without violating

an y hard real-time deadlines. This capabilit y requires the real-time system to supp ort predictable-

latency sc hedule substitutions. In com bination with the precomputing concept describ ed b elo w

for AI systems, it ma y also b e necessary for the real-time subsystem to pro vide storage space for

an ticipated real-time sc hedules, and dynamic links b et w een them. Th us, for example, an ICU task

sc hedule used for monitoring a stable patien t migh t itself trigger the action of sw apping in a sp ecial

sc hedule for treating sho c k when certain sensor readings are noted.

Supp ort for this t yp e of activit y will require not only rapid sc hedule sw aps, but the abilit y

to reason ab out the temp oral latencies that ma y arise during sw aps, as w ell as the p ossibilit y of

o v erlapping p ortions of task sc hedules during startup and sh utdo wn phases of op eration. In the

previous example, the tasks used to treat sho c k migh t require an initializi ng pro cess that loads

data from the prior general-monitoring tasks. T o accommo date that information transfer, tasks

from b oth the general monitoring and sp ecial treatmen t sc hedules m ust b e in terlea v ed during the

transition p erio d b et w een sc hedules.

Real-time T ask Languages

Some co op erativ e real-time AI designs require the AI subsystem to do wnload new real-time

con trol tasks for predictable execution. Th us a task-sp eci�cation language m ust b e dev elop ed
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whic h is amenable b oth to manipulation b y the AI subsystem (for planning) and to subsequen t

rapid execution b y the real-time subsystem. This t yp e of language ma y form a bridge b et w een the

kno wledge and action represen tations common in AI planning systems and the more traditional

systems-programming languages that real-time systems researc hers ha v e dev elop ed [40 ]. In the ICU

domain, suc h a language w ould ha v e to b e capable of describing patien t monitoring and treatmen t

tasks, along with their pro jected e�ects on a patien t (for planning) and their resource requiremen ts

(for sc heduling). Pro viding b oth rigorous execution timing con trol and useful seman tic 
exibili t y

will b e a signi�can t c hallenge. The w ork b y Ly ons et al. on the RS represen tation [49 , 50 ] exempli�es

a programming language mo del that com bines asp ects of real-time temp oral sp eci�cations with AI-

lik e planning mo dels.

Enhanced T ask Sp eci�cations

Because the computational tasks in a real-time AI system ma y b e generated automatically , the

planning system ma y b e able to pro vide detailed information ab out those tasks to the sc heduler.

F or example, an AI planner migh t b e able to tell the sc heduler ab out run time dep endencies and

constrain ts b et w een tasks, suc h as that a particular pair of tasks will nev er need to execute con-

curren tly (i.e., they are m utually exclusiv e), and the sc heduler migh t use this information when it

is allo cating tasks to pro cessors. Or, the sc heduler ma y b e giv en timing information ab out a task

other than just its w orst-case execution time and required p erio d (e.g., a probabilit y distribution

of arriv al times for an ev en t-driv en task, or a maxim um allo w able in v o cation separation [55]). Ad-

v ances in sc heduling tec hniques that can tak e full adv an tage of this additional information should

b e able to sc hedule more tasks than simpler existing metho ds.

Non-real-time T asks

The inclusion of non-real-time AI tasks in the same pro cessing en vironmen t as guaran teed real-

time tasks can in tro duce man y complications relating to resource managemen t, sc heduling, and

comm unications (as ab o v e). One primary concern with non-real-time AI tasks is that they are not

usually cast as short, easily restartable computations. Instead, AI problem-solving metho ds ma y

ha v e v ery large run times and con tain v ast state information. F or example, a mo del-based diagnosis

metho d in the ICU domain could main tain a large op en set of partially-h yp othesized diagnoses as it

searc hes for the b est solution. Suc h tasks m ust b e treated as ongoing, non-terminating tasks m uc h

lik e those found in traditional Unix-t yp e op erating systems. Ho w ev er, this capabilit y is un usual for

real-time op erating systems, whic h ma y not ev en pro vide virtual memory .

4 Challenges for AI

Nearly all of the areas of curren t AI researc h could �nd applications in future real-time AI

systems. Ho w ev er, w e can pinp oin t sev eral areas of AI that ma y ha v e signi�can t impact on the

dev elopmen t of real-time AI systems, b ecause they are related to the fundamen tal op erational

constrain ts of these systems. Figure 3 summarizes the areas w e ha v e iden ti�ed, while the follo wing

paragraphs pro vide descriptions and examples for eac h.
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� Reduction of Searc h V ariance.

� Incremen tal and Appro ximate Problem-solving.

� Customized Problem-solving.

� Precomputing.

� Represen ting, Planning, and Learning Reactions.

� Utilit y-based Mo deling.

� T emp oral Represen tation and Reasoning.

� Represen tation and Prediction of Pro cesses.

� Concurren t Planning and Execution.

� Multi-agen t Reasoning and Commitmen t.

Figure 3: Summary of AI c hallenges.

Reduction of Searc h V ariance

Strosnider & P aul [70 ] ha v e iden ti�ed sev eral tec hniques b y whic h the v ariance inheren t in

searc h-based AI problem solving can b e reduced, th us making problem-solving metho ds amenable

to w orst-case sc heduling. These tec hniques include searc h-space pruning (remo ving p ortions of

the space kno wn to not con tain a solution), searc h ordering (adjusting the order in whic h the

searc h space is explored), and scoping (limiting the lo ok ahead used to select op erators). Other

researc hers are fo cusing on impro v ed searc h algorithms suc h as R T A* [41 ]. If these tec hniques

can b e successfully applied to a particular domain's AI searc h problems, then the em b edded-AI

approac h can pro vide real-time problem solving for the domain. In the ICU example, if w e could

use these tec hniques to manipulate the space of p ossible treatmen t plans suc h that the searc h for a

treatmen t could b e guaran teed to complete in a reasonably short amoun t of time, then the searc h

could b e sc heduled and executed eac h time a c hange of patien t status o ccurred.

Incremen tal and Appro ximate Problem-solvi ng

Most curren t AI planning and problem-solving systems attempt to generate a complete and cor-

rect solution to a problem. In resource-b ounded situations, it ma y b e more e�ectiv e to quic kly gen-

erate an appro ximately correct solution. Incremen tal constrain t-satisfaction tec hniques, iterativ e-

deep ening-st yle searc h strategies [41 ], dynamic programming [9], transformational planning [53 ],

and appro ximate reasoning metho ds [14 , 46] are curren tly b eing explored as w a ys to generate in-

cremen tal and impro ving solutions. In the ICU system, these tec hniques could b e used to quic kly

dev elop an appro ximate treatmen t plan (i.e. start to administer a dose of a particular drug) at the

onset of an emergency , follo w ed b y impro ving this treatmen t as the patien t stabilizes (i.e., decide
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to stop at 22.5 ccs).

Incremen tal impro v emen t mec hanisms allo w an em b edded-AI system to meet deadlines b y sim-

ply in terrupting the incremen tal algorithm when a deadline arriv es. This approac h, v ariously kno wn

as \an y-time algorithms" [8], \imprecise computations" [47 ], \b est-so-far metho ds" [70 ], and \in-

creasing rew ard for increasing service" (IRIS) tasks [16 ], has gained ev en more prop onen ts than

names. Ho w ev er, signi�can t adv ances are still necessary in c haracterizing task p erformance to de-

v elop the mappings b et w een solution qualit y and service time (\p erformance pro�les") that are

needed to ensure that the in terrupted algorithms will indeed pro duce results of acceptable qualit y

b y the time a deadline arriv es. In addition, the pro cess of comp osing larger systems from sev eral

incremen tal algorithms (\delib eration sc heduling") is a gro wing area of researc h [4 , 61], closely

related to sc heduling researc h in the real-time systems comm unit y .

Mo di�cations to basic incremen tal metho ds ma y also lead to v arian ts suc h as \dynamic exp ected

run time" tasks, whic h w ould o ccasionally re-ev aluate their o wn exp ected run times and notify the

real-time supp ort system. Using this up date information, an in telligen t real-time con trol system

could mo dify its task sc hedules and adjust its b eha vior to accoun t for its curren t progress and

exp ected future w ork.

Customized Problem-solving

A sligh tly di�eren t approac h, under in v estigation b y Garv ey & Lesser [27 ], is to p ostulate a

�nite set of alternativ e computation metho ds for solving eac h particular problem a system migh t

face. F or example, the ICU con troller migh t ha v e complex causal mo del-based metho ds for ana-

lyzing sensor data and arriving at a diagnosis, as w ell a set of simpler rules that classify situations

less accurately , but m uc h more quic kly . Using the \design-to-time" (DTT) metho dology , selections

are made from these alternativ e problem-solving tec hniques giv en a priori kno wledge of the re-

quired resources and task deadlines. One signi�can t w eakness of this approac h is the need for suc h

a priori information. Ho w ev er, the discrete set of alternativ e metho ds used in DTT ma y b e m uc h

more feasible to accurately c haracterize than the generalized incremen tal computations needed for

delib eration sc heduling. Researc h in the real-time systems comm unit y on \v ersion selection" [51 ]

and \load adjustmen t" [42 ] is closely related to DTT.

Precomputing

AI systems curren tly solv e problems from scratc h or use memory-based tec hniques to solv e

curren t problems based on past exp erience. A related tec hnique that ma y impro v e real-time p er-

formance is to cac he solutions for an ticipated problems| that is, essen tially creating a case memory

based on reasoning ab out h yp othetical situations, rather than on past practice [6]. This approac h

ma y include b oth compiling problem solutions and pre-prioritizing b eha vioral tradeo� decisions

that ma y arise in the future. In the ICU domain, for example, the system migh t generate and store

sample treatmen t plans for lik ely medical complications and trauma conditions, and then retriev e

them for use in an emergency . As the plans tak e e�ect, they can then b e tailored to the precise

condition of the curren t patien t.
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Represen ting, Planning, and Learning Reactions

Reactiv e AI systems that p erform little or no lo ok ahead planning are w ell-suited to in teracting

with real-time domains b ecause they a v oid the high v ariance of planning and searc h activities.

Ho w ev er, in order to b e applicable to hard real-time domains, existing represen tations of reaction

(e.g., RAPs [26 ], routines [1], and monitors [63 ]) m ust b e extended to supp ort predictable, pro v ably-

correct b eha vior. This requires enhanced capabilities to represen t b oth the resource requiremen ts

of a reaction [56 ] and the functional b eha vior of a reaction [60 ].

In man y t yp es of real-time AI systems, in telligen tly adapting to dynamic en vironmen ts requires

the abilit y to create and use reactiv e plans that can immediately mak e necessary c hanges while a

planner b egins to determine longer-term actions. F or planners that build reactiv e plans, signi�can t

areas of researc h include reaction planning mec hanisms [39 , 53, 56, 65 ] and formalisms whic h can

supp ort the pro ofs of guaran teed b eha vior that are necessary in hard real-time domains [40 , 49 , 50].

The inheren t parallelism of reactiv e con trol systems is a particularly c hallenging asp ect for AI

planners, whic h ha v e largely fo cused on sequen tial plan execution.

In addition, using learning metho ds to acquire reactions could pro vide impro v ed reaction sp eed

and co v erage. T ec hniques that ha v e pro v en useful in this area include compilation of reactiv e

b eha viors [64 ], \c h unking" of previous action sequences [45], reinforcemen t learning [38 , 59 ], and

dynamic programming metho ds [3 ]. Suc h learning tec hniques allo w a system to tak e necessary

actions (e.g., increasing respirator rate) in emergencies (e.g., a decrease in blo o d pressure), if the

action has b een useful in the past.

Utilit y-based mo deling

Giv en the dynamic and uncertain nature of real w orld domains (particularly as view ed through

sensor readings), an in telligen t con trol system m ust often mak e decisions based on incomplete

information. T o ac hiev e optimal b eha vior according to some metric, the system migh t reason

ab out probabilities and exp ected utilities [20 , 25 , 36 , 72]. Ho w ev er, traditional decision theory

often requires more information than is a v ailable in realistic domains. In these situations, a more

qualitativ e mo del of uncertain t y and decision-making is needed, including the abilit y to represen t

the gro wth of uncertain t y as time passes. In the ICU case, suc h metho ds migh t lead to a decision

to tak e certain actions based on their immediate b ene�cial e�ects (e.g., increasing respirator 
o w

rate), ev en if the long term e�ects ma y b e less clear (e.g., if left at to o high a rate, this could

ev en tually cause a respiratory problem).

T emp oral Represen tation and Reasoning

P articularly in systems where all AI pro cessing is not guaran teed to meet real-time deadlines, it

b ecomes imp ortan t for a system to ha v e an explicit understanding of the temp oral c haracteristics of

its b eha viors. In the ICU domain, for example, if administering a particular test and analyzing the

resulting data tak es sev eral min utes, it ma y b e imp ortan t for the system to an ticipate this dela y and

implemen t in termediary treatmen t actions, p ending the results of the test. Curren t AI researc h
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on represen tations of time [2, 10 , 32 , 52, 71 ] generally in v olv es complex constrain t propagation

mec hanisms to main tain partial ordering relations b et w een time in terv als. In man y cases, it ma y

b e p ossible to use simpler, more e�cien t temp oral represen tations that can still pro vide the t yp es

of w orst-case timing information required for real-time guaran tees [57 ].

Represen tation and Prediction of Pro cesses

In a medical diagnostic kno wledge-based system, the inputs used in making the diagnosis are

t ypically symptoms observ ed at a particular time. In con trast, in the ICU example the symptoms

include a recognition of ho w the patien t's health is c hanging o v er time, in resp onse to ongoing

ph ysical pro cesses and actions tak en b y the system. Being able to represen t and reason ab out

pro cesses is crucial to predicting the p ossible future states of the patien t and what to do ab out

them. In addition, predicting ho w long a pro cess should tak e (e.g., this IV should tak e ab out 20

min utes to drain) and comparing this to the actual b eha vior (e.g., after 10 min utes it is still 90%

full) can b e an imp ortan t asp ect of in telligen t b eha vior and fault detection (e.g., the IV is not

inserted correctly). This t yp e of p erformance has b een initially in v estigated b y Cohen et al. [7 , 33 ]

using \en v elop es" describing pro jected plan execution. Other tec hniques exp ected to b e of use

include extending planning systems to handle pro cesses using quan titativ e [11 , 62 ] and qualitativ e

represen tations [15 , 19 ], and mo difying Ba y esian tec hniques to cop e with c hange o v er time.

Concurren t Planning and Execution

In the co op erativ e approac h to real-time AI, the abilit y to concurren tly plan and execute actions

is crucial to successful p erformance [56 , 65 ]. It is particularly useful to b e able to b egin executing

plans b efore they can b e completely 
eshed out. F or example, if the ICU patien t is starting to

en ter a respiratory failure, the con trol system should immediately b egin to increase o xygen 
o w,

ev en b efore completely determining what other actions will b e tak en later. T ec hniques useful in

enabling this sort of b eha vior include the use of iterativ e planning mo dels (whic h can rapidly

iden tify promising steps to w ards goals) [48 , 53 ] and decision-theoretic con trol tec hniques (whic h

can iden tify the most imp ortan t steps to tak e).

Multi-agen t Reasoning and Commitm en t

In man y cases, deadlines and time constrain ts stem from commitmen ts b et w een agen ts. The

ICU, for example, mak es commitmen ts to a patien t and his or her family to monitor the patien t's

signs and in terv ene (to the exten t p ossible) quic kly enough to prev en t the patien t's condition

from degrading signi�can tly . It is this commitmen t that places suc h sev ere time constrain ts on

automated diagnostic systems in the ICU. The same systems, if emplo y ed in a morbidit y/mortalit y

study , w ould lik ely b e able to tak e more time to explain the progression of symptoms and outcomes.

Ev en then, ho w ev er, the systems m ust meet (p ossibly implicit) time commitmen ts to pro vide results

in time for a hearing, or publication.

While in some domains an agen t will ha v e little 
exibili t y o v er the deadlines placed on a sup-

p orting kno wledge-based system (e.g., the ICU patien t), in other cases deadlines can b e m uc h
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more negotiable. It is imp ortan t to understand ho w deadlines arise due to commitmen ts b et w een

agen ts [68 ], ho w di�eren t t yp es of relationships b et w een the tasks at di�eren t agen ts in
uence the

sev erit y and 
exibilit y of time commitmen ts [12 , 13], ho w commitmen ts and goals can b e revised,

relaxed, and reassigned as unexp ected ev en ts c hange what can b e done when [6, 21 , 23 ], and ho w ab-

straction can b e used to generate the righ t degree of commitmen t under v arious circumstances [24 ].

5 Summary

Extending previous w ork [22 , 56 ], w e ha v e iden ti�ed and describ ed three fundamen tal ap-

proac hes to dev eloping real-time AI systems. This pap er impro v es up on the previous classi�cation

b y distinguishing the v arious approac hes according to their p erformance goals, in addition to their

arc hitectural organization of real-time and AI metho ds. With the �eld of real-time AI still in 
ux,

c ho osing an appropriate system arc hitecture for a particular application requires a clear description

of the system's p erformance goals and design features. W e hop e that our classi�cation of existing

approac hes to real-time AI will serv e as a starting p oin t for suc h descriptions.

By examining the functional constrain ts that these di�eren t arc hitectures place on their com-

p onen ts, w e ha v e pinp oin ted sev eral c hallenging researc h areas that are critical to the dev elopmen t

of next-generation real-time AI systems. As more complex, in telligen t programs are applied to

con trolling systems in mission-critical domains, the need for more p o w erful and 
exible real-time

systems supp ort tec hnology is gro wing rapidly . In Section 3 w e outlined sev eral areas in sys-

tems supp ort that will b e imp ortan t for the short-term dev elopmen t of next-generation in telligen t

real-time con trol systems. Lik ewise, w e ha v e found that the broad application of AI metho ds to

real-time domains will require new approac hes, di�ering from man y of the traditional searc h-based

tec hniques explored in the �eld. As discussed in Section 4, reactivit y , incremen tal algorithms,

decision-theoretic tradeo� metho ds, and other non-traditional tec hniques will b e required to in tel-

ligen tly meet the demands of mission-critical en vironmen ts. This pap er ma y th us serv e, in part, as

a guideline for future researc h aimed at adv ancing the state of the art.

Existing systems represen t a strong initial e�ort, but do not y et pro vide the comprehensiv e

co ordination of real-time reactivit y and in telligen t, delib erativ e b eha vior implied b y the full sense

of \real-time AI." The em b edded-AI and em b edded-real-time approac hes place strong constrain ts

on either the AI or real-time comp onen ts, making them applicable to only limited domains. The co-

op erativ e approac h to real-time AI remo v es some of those constrain ts, but curren t implemen tations

remain largely master-sla v e systems in whic h the real-time subsystem is ensla v ed, simply execut-

ing plans sen t from the AI subsystem. In the long term, w e exp ect that the merging of real-time

and AI researc h will lead to systems in whic h task planning, sc heduling, and execution are more

in tegrated, y et still retain the guaran teed p erformance c haracteristics required for mission-critical

op erations. Precisely ho w this will b e accomplished is, of course, the sub ject of future w ork. Ho w-

ev er, it is clear that adv ances the areas w e ha v e pinp oin ted will lead us closer to the o v erall goal

of building a 
exible but predictable goal-directed mec hanism capable of recognizing and adjusting

to en vironmen tal dynamics and its o wn resource b ounds.
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