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zat ion  o f Fire-Figh t in g Agen ts in  Ph oen ix).

Th ese sect ion s describe h ow Ph oen ix agen ts

p lan  in  rea l t im e b u t  d o  n o t  p ro vid e  t h e

m in ute detail th at is offered elsewh ere (Coh en

et  al. fo rth com in g). Th e n ext  sect ion  illu s-

trates Ph oen ix agen ts con trollin g a forest  fire.

Th e last  section  describes th e curren t status of

th e project  an d our im m ediate goals.

Th e Problem

Th e Ph o en ix  t a sk  is t o  co n t ro l sim u la t ed

forest fires by deployin g sim ulated bulldozers,

crews, airp lan es, an d  o th er objects. We d is-

c u ss  h o w  t h e  s im u la t io n  w o r k s  in  Th e

Ph o en ix  En viro n m en t , Layers 1  an d  2  bu t

con cen t rat e h ere on  h ow it  ap p ears t o  th e

viewer an d th e problem s it  poses for p lan n ers.

Th e Ph oen ix en viron m en t  sim u lates fires

in  Yellowston e Nat ion al Park, for wh ich  we

h a v e  co n st r u c t e d  a  r e p r e se n t a t io n  fr o m

D efen se  M a p p in g  Agen cy  d a t a .  Figu r e  1

sh ows a view of an  area of th e park.

Fires spread in  irregular sh apes an d at  vari-

able rates, determ in ed by groun d cover, eleva-

t io n ,  m o ist u re  co n t en t ,  w in d  sp eed  a n d

t o w a rd  go a ls; a n d  d ist r ib u t ed

p la n n in g a lgo r i t h m s.  Seco n d ,

t h ere are m o t ivat in g issu es, o f

wh ich  th e forem ost  is to un der-

st a n d  h o w  co m p le x  e n v i ro n -

m en ts con strain  on  th e design  of

in telligen t  agen ts. We seek gen -

eral ru les th at  just ify an d explain

wh y an  agen t sh ould  be design ed

o n e  w ay  ra t h er  t h an  an o t h er.

Th e term s in  th ese ru les describe

ch aracterist ics of en viron m en ts,

t a sk s a n d  b e h a v io r s,  a n d  t h e

a rch i t e c t u r e s o f a ge n t s.  La st ,

because AI is st ill in ven tin g itself,

Ph oen ix is a com m en tary on  th e

aim s an d  m eth od s o f th e field .

Our posit ion  is th at  m ost AI sys-

tem s h ave been  bu ilt  for t rivial

en viro n m en t s wh ich  o ffer  few

con strain ts on  th eir design  an d ,

th us, few opportun it ies to  learn

h o w  e n v ir o n m e n t s co n st r a in

a n d  in fo r m  sy st e m  d e sign

(C o h en  1 9 8 9 ).  To  a ffo rd  o u r -

selves th is opportun ity, we began

th e Ph oen ix project  by design in g

a real-t im e, spatially d istribu ted ,

m u lt iagen t , d yn am ic, on go in g,

un predictable en viron m en t.

In  t h e  fo l lo w in g  p a ge s ,  w e

d escribe Ph oen ix from  th e p er-

spect ive of ou r tech n ical aim s an d  m ot ives.

Th e seco n d  sect io n  d escrib es t h e Ph o en ix

task—con trollin g sim ulated forest  fires— an d

exp lain s wh y we u se a  sim u lat ed  en viron -

m en t in stead of a real, ph ysical on e. En viron -

m e n t a l  C o n st r a in t s  o n  Age n t  D e sign

discusses th e ch aracterist ics of th e forest  fire

en viron m en t  an d  th e con strain ts th ey p lace

o n  t h e  d esign  o f a gen t s.  Th e  t w o  lo w est  

la y e r s o f Ph o en ix ,

d e sc r ib e d  in  Th e

Ph o e n ix  En v i r o n -

m en t , Layers 1 an d

2 ,  im p le m e n t  t h e

sim u la t ed  en viro n -

m en t  an d  m ain tain

th e illusion  th at  th e

fo r e s t  f i r e  a n d

a ge n t s  a r e  a c t in g

s i m u l t a n e o u s l y .

Ab o ve t h ese  layers

a r e  t w o  o t h e r s :  a

specific agen t design

(see  Agen t  Design ,

La y e r  3 )  a n d  o u r

organ ization  of m ul-

t ip le  f i r e -f igh t in g

agen ts (Th e Organ i-
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Figure 3. Fire at 3:00 PM: Bulldozers Are 

Beginning to Build a Line around the Fire.
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Figure 4. Fire at 8:00 PM: The Fire is Nearly

Encircled. Bulldozers are Close to 

Meeting at the Fire Front.

The left pane displays the real world; the right pane dis-

plays Bulldozer 11’s view of the world.

Figure 1.  A Portion of Yellowstone

National Park as Viewed within the

Phoenix Sim ulator.

T h is  f igu re sh ow s a  sm a ll  f ract ion

(about 7 km  by 8 km ) of the entire 75-

km -square m ap. The northern tip of Yel-

lowstone Lake is at the bottom  of the

screen. Thin black lines represent eleva-

tion contours, slightly wider lines repre-

sent roads, and the widest lines represent

the fireline cut by bulldozers. Blue lines

represent rivers and stream s. The blue B

in the bottom  left corner m arks the loca-

tion of the fireboss, the agent that directs

all the others. The white icons represent

buildings. Shades of green represent dif-

ferent vegetation, and shades of red rep-

resent different fire intensities.

Figure 2. Fire at 12:30 PM: The Fireboss Is 

Alerted to New Fire and Dispatches 

Two Bulldozers to Fight It.

The left pane displays the actual state of the world; the

right pane displays the current state of the world as the

fireboss sees it.



direct ion , an d n atu-

ra l b o u n d aries. Fo r

exam ple, fires spread

m o r e  q u ic k ly  in

b r u sh  t h a n  in

m a t u r e  fo r e st ,  a r e

push ed in  th e direc-

t io n  o f  t h e  w in d

an d uph ill, burn  dry

fu e l  m o r e  r e a d i ly,

a n d  so  o n .  Th e se

c o n d i t io n s  a l so

determ in e th e prob-

ab ilit y th at  t h e fire

w ill ju m p  t h e  fire-

lin e an d an y n atural

b o u n d aries. Excep t

for two part icu lar con dit ion s (con vective an d

crown  fires), Ph oen ix is an  accurate sim ulator

o f fo rest  fires. Fire-figh t in g object s are also

accurately sim ulated; for exam ple, bu lldozers

m ove at  a m axim um  speed of 40 kph  in  tran -

sit , 5 kph  travelin g cross-coun try, an d 0.5 kph

wh en  cu t t in g a  firelin e. To  give a  sen se o f

scale, th e fire in  figure 1 is abou t  1.5 km  in

diam eter an d h as burn ed for about eigh t sim -

ulated h ours. Th e fire’s h istory, wh ich  can  be

read  in  figu res 2, 3, an d  4, is as fo llows: At

n oon  in  sim u lat ion  t im e (figu re 2) a fire is

ign ited ; later, it  is detected  by a watch tower

(n ot visible in  th e figures). A lit t le later, two

bu lldozers start  a jou rn ey from  th e fire sta-

t ion , m arked by a B in  th e south west corn er,

to  th e rear o f th e fire. Becau se th e win d  is

from  th e n orth , th e rear is th e n orth ern  en d

of th e fire. At 3 PM (figure 3), th e bu lldozers

arrive at  th e rear an d start  cu tt in g a firelin e.

Figure 4 illustrates con dit ion s at  8 PM sim ula-

t ion  t im e. Th e fire is con tain ed a lit t le later.

Th is en t ire sim ulat ion  takes abou t  1 m in u te

on  a Texas In strum en ts Explorer.

Fires are fough t by rem ovin g on e or m ore

of th e elem en ts th at  keep th em  burn in g: fuel,

h eat , an d air. Cutt in g a firelin e rem oves fuel.

Droppin g water an d flam e retardan t rem oves

h eat an d air, respectively. In  m ajor forest  fires,

con tro lled  backfires are set  to  bu rn  areas in

th e path  of wildfires, th us den yin g th em  fuel.

Hu ge p ro ject  fires, su ch  as th ose in  Yellow-

st o n e last  su m m er, a re m an aged  b y m an y

geograph ically d ispersed  firebosses an d  h un -

dreds of firefigh ters.

Th e curren t Ph oen ix p lan n er is a bit  m ore

m odest . On e fireboss d irects a few bulldozers

to cut a lin e n ear th e fire boun dary. Curren tly,

we are im plem en tin g in direct  at tacks, wh ich

exploit  n atural boun daries as firebreaks (such

as th e river in  figure 1), an d parallel at tacks,

wh ich  in volve backfires. Th e Ph oen ix p lan n er

does use com m on  fire-figh tin g p lan s, such  as

t h e “t wo  b u lld o zer

su rrou n d ” illu st rat -

e d  in  figu re s 2 ,  3 ,

an d  4. In  th is p lan ,

two bulldozers begin

at  th e rear of th e fire

an d  work th eir way

aroun d to th e fron t,

p in ch in g it  off.

Th e Ph oen ix fire-

b o ss  d i r e c t s  b u l l -

dozers bu t  does n ot

co m p let ely co n t ro l

t h e m .  In  fa c t ,  t h e

fireboss gives fairly

c r u d e  d i r e c t io n s ,

such  as “go to loca-

t ion  x,y,” an d in dividual agen ts decide h ow to

in terpret  an d im plem en t th em . Th us, bu lldoz-

ers an d  o th er agen t s are sem iau ton om ou s.

Oth er o rgan izat ion al st ru ctu res are en abled

b y in creasin g o r  d ecreasin g t h e  d egree o f

au ton om y; for exam ple, an  earlier fire p lan -

n er, design ed by David Day, h ad a sin gle fire-

bo ss t h at  co n t ro lled  every act io n  o f a ll it s

agen ts. At th e oth er extrem e, we are workin g

with  Victor Lesser on  a com pletely distribu ted

version  of Ph oen ix, in  wh ich  agen ts n egotiate

plan s in  th e absen ce of a sin gle fireboss. We

can  experim en t with  differen t organ ization al

structures because all agen ts h ave exactly th e

sam e arch itecture, an d so each  can  assum e an

auton om ous, sem i-auton om ous, or com pletely

subservien t role.

Alth ou gh  Ph oen ix agen ts an d  th eir en vi-

r o n m e n t  a r e  a l l  p a r t  o f a  la r ge  so ft w a r e

system , we design ed th em  to give th e im pres-

sion  of in dep en den t  agen ts p layin g again st

sim u la t ed  fo rest  fires,  m u ch  as w e p lay  a

video gam e. In  fact , early in  th e project , we

bu ilt  an  in terface to  allow us, in stead  of an

au t o m at ed  p lan n er, t o  d irect  fire-figh t in g

agen ts. It  required us to sim ultan eously con -

t rol several agen ts, an d  dem an ded  con sider-

ab le  fo resigh t  an d  p lan n in g. We fo u n d  it

im possible to con trol m ore th an  a couple of

bu lldozers in  real t im e in  th e vicin ity of th e

fire, so  we gave bu lld ozers sim p le reflexes,

en ablin g th em  to scurry away from  en croach -

in g fire. Sin ce t h is t im e, t h e basic st yle o f

in t eract io n  b et ween  t h e Ph o en ix  en viro n -

m en t  a n d  t h e  Ph o en ix  p la n n e r s h a s n o t

c h a n ge d : O n e  o r  m o r e  p la n n e r s ,  AI  o r

h u m an , d irect  sem iau t o n o m o u s agen t s t o

m ove aroun d a m ap, bu ild in g a lin e aroun d

con tin uously burn in g fires.

To som e, th e decision  to develop  an d test

Ph oen ix agen ts in  a sim ulated en viron m en t is

profoun dly wron g. On e argum en t is th at  by

bu ild in g th e en viron m en t  an d  th e in terface
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Phoenix is a real-tim e, adaptive planner that

m anages forest fires in a sim ulated environm ent.

Alternatively, Phoenix is a search for functional

relationships between the designs of agents, their

behaviors, and the environm ents in which they

work. In fact, both characterizations are appro-

priate and together exem plify a research m ethod-

ology  t h a t  em ph asiz es  com plex ,  dyn am ic

environm ents and com plete, autonom ous agents.

W ith in  th e Ph oen ix  system , w e em pirically

explore the constraints the environm ent places

on the design of intelligent agents. This article

describes the underlying m ethodology and illus-

trates the architecture and behavior of Phoenix

agents.



t h e ra t e a t  wh ich  win d  d irect io n  sh ift s o r

speed  up  th e rate at  wh ich  fire bu rn s. Most

im portan t , from  th e stan dpoin t  of our work

on  real-t im e p lan n in g, is th e fact  th at  we can

m an ipu late th e am oun t  of t im e an  agen t  is

allowed to th in k relat ive to th e rate at  wh ich

th e en viron m en t  ch an ges, th us exert in g (or

decreasin g) th e t im e pressure on  th e agen t (see

Th e Ph oen ix En viron m en t, Layers 1 an d 2).

Repeatability 

We can  guaran tee iden tical in it ial con dit ion s

from  on e run  to th e n ext; we can  exactly p lay

back som e h istories of en viron m en tal con di-

t ion s an d selectively ch an ge oth ers.

Replication  

Sim ulators are portable; so th ey en able repli-

cation s an d exten sion s of experim en ts at  d if-

fe r e n t  l a b o r a t o r i e s .  Th e y  e n a b le  d i r e c t

com parison s of resu lts, wh ich  wou ld  o th er-

wise depen d  on  un certain  parallels between

th e en viron m en ts in  wh ich  th e resu lts were

collected.

Variety 

Sim u lators allow u s to  create en viron m en ts

wh ich  don ’t  occur n atu rally or wh ich  aren ’t

accessible or observable.

In terfaces 

We can  con struct  in terfaces to th e sim ulator

th at  allow u s t o  d efer q u est ion s we wou ld

h ave to address if our agen ts in teracted with

th e ph ysical world , such  as th e vision  prob-

lem . We can  also con struct  in terfaces to sh ow

elem en ts th at  aren ’t  easily observed  in  th e

ph ysical world; for exam ple, we can  sh ow th e

differen t views wh ich  agen ts h ave of th e fire,

th eir rad iu s o f view, th eir dest in at ion s, th e

p ath s th ey are t ryin g to  fo llow, an d  so  on .

Th e Ph oen ix en viron m en t  graph ics m ake it

easy to see wh at agen ts are doin g an d wh y.

En viron m en tal Con strain ts 
on  Agen t Design

Fr o m  t h e  p r e ce d in g  d e sc r ip t io n s  o f  t h e

Ph o en ix  en viro n m en t  an d  t asks, o n e can

begin  to  see th e ch allen ges th ey p resen t  to

Ph oen ix agen ts. As research ers, our ch allen ge

is t o  d esign  t h ese agen t s fo r  t h e Ph o en ix

en v iro n m en t .  Th e  re la t io n sh ip s b e t w een

agen t  d esign , d esired  agen t  beh avio rs, an d

en viron m en t  ch aracterist ics are clarified  by

wh at we call th e beh avioral ecology trian gle,

sh own  in  figure 5.

Th e vert ices of th e trian gle are th e agen t’s

design  (th at  is, in tern al st ru ctu res an d  p ro-

cesses), it s en viro n m en t , an d  it s b eh avio r

to agen ts, we risk deferrin g or ign orin g diffi-

cu lt  problem s. For exam ple, if we build  a sim -

u lated  agen t  th at  h as a com pletely accu rate

in tern al m ap  of it s sim u lated  en viron m en t ,

an d  wh en  it  m oves, it s “wh eels” don ’t  slip ,

th en  all its p lan n in g an d actin g can  be dead

reckon in g. Obviou sly, we can  create t rivial

en viron m en ts an d  develop  tech n iq u es th at

won ’t  work in  real en viron m en ts, bu t  wh y

would we? Th e poin t  of usin g sim ulators is to

create realist ic an d ch allen gin g worlds, n ot  to

avo id  t h ese ch allen ges. In  resp on se t o  t h e

crit icism  th at  sim u lators can  n ever p rovide

faith fu l m odels of th e real, ph ysical world , we

argue th at  th e fire en viron m en t is a real-t im e,

sp at ia lly  d ist r ib u t ed , o n go in g, m u lt iact o r,

dyn am ic, un predictable world , irrespective of

wh eth er it  is an  accurate m odel of h ow forest

fires spread. As it  h appen s, th e fire en viron -

m en t is an  accurate m odel of forest  fires, bu t

th is accuracy isn ’t  n ecessary for th e en viron -

m en t to ch allen ge our curren t p lan n in g tech -

n ology. Moreover, we wan t to leave open  th e

p ossib ilit y o f workin g in  sim u lat ed  world s

wh ich  are un like an y ph ysical world  th at  we

h ave en coun tered.

Th e advan tages of sim ulated en viron m en ts

are th at  th ey can  be in strum en ted  an d  con -

trolled  an d provide variety, all essen tial ch ar-

a c t e r i s t i c s  fo r  e x p e r im e n t a l  r e se a rc h .

Specifically, sim ulators offer con trol, repeata-

bility, replication , variety, an d in terfaces.

Con trol 

Sim u lators are h igh ly p aram eterized , so  we

can  exp erim en t  with  m an y en viron m en t s.

For exam p le, to  test  th e robu stn ess of real-

t im e p lan n in g m ech an ism s, we can  ch an ge
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environmental
characteristics

behaviors

dynamic, ongoing

real time

unpredictable

varied

multiple scales

spatial distribution

resource management

uncertainty management

cooperation

planning

agent design

Figure 5. The Behavioral Ecology Triangle.



(th at  is, th e problem s it  solves an d th e ways it

so lves th em ). In  th is con text , ou r five tasks

(an d , in deed , th e tasks of all AI research  on

in telligen t agen ts) are:

1. En viron m en t An alysis: Wh at ch aracterist ics

of an  en viron m en t m ost sign ifican tly con -

strain  agen t design ?

2. Design : W h at  arch it ect u re p ro d u ces t h e

desired beh aviors un der th e expected ran ge

of en viron m en tal con dit ion s?

3 . Pred ict io n : Ho w d o es a  p art icu lar agen t

beh ave in  part icu lar en viron m en tal con di-

t ion s?

4. Explan ation : Wh y does an  agen t beh ave as

it  does in  part icu lar en viron m en tal con di-

t ion s?

5. Gen eralizat ion : Over wh at  ran ge of en vi-

ron m en tal con dit ion s can  we expect part ic-

u lar beh aviors from  th e agen t? Over wh at

ran ge o f p ro b lem s? O ver  wh at  ran ge o f

design s?

To date, th e Ph oen ix p ro ject  h as con cen -

trated  on  en viron m en t an alysis (later in  th is

sect ion ), th e design  task (see Agen t  Design ,

Layer 3 an d Th e Organ ization  of Fire-Figh tin g

Agen ts in  Ph oen ix), an d  th e bu ild in g of an

en viron m en t in  wh ich  th e oth er tasks can  be

em pirically pursued.  Figure 5 im plicit ly cap-

tures m an y h ypoth eses an d explan atory tasks.

We can  th in k of an ch orin g two corn ers an d

so lv in g fo r  a  t h ird .  Fo r  ex a m p le ,  w e  ca n

an ch or an  en viron m en t  an d  a set  of beh av-

iors an d solve for an  agen t design , or we can

an ch or a design  an d an  en viron m en t an d test

p red ict io n s ab o u t  b eh avio r. An o t h er m o re

exploratory research  strategy is to an ch or just

o n e co rn er, su ch  as t h e en viro n m en t , an d

look for t rade-offs in  th e o th er corn ers. For

exam p le, given  t h e Ph o en ix  en viro n m en t ,

h ow is ad ap tab ilit y t o  ch an gin g t im e p res-

sures affected by th e design  decision  to search

fo r p lan s in  m em o ry ra t h er t h an  gen era t e

th em  from  scratch ?

Let  u s su rvey  t h e  ch a ract er ist ics o f t h e

Ph o en ix  en v iro n m en t  t h a t  co n st ra in  t h e

design  of Ph oen ix agen ts an d  th e beh aviors

th e agen ts m u st  d isp lay to  su cceed  at  th eir

t a sk s .  Th e  f i r e  e n v i r o n m e n t  i s  d y n a m ic

because everyth in g ch an ges: win d speed an d

d irect ion , h u m id ity, fu el typ e, th e size an d

in ten sity of th e fire, th e availability an d posi-

t ion  of fire-figh tin g objects, th e quan tity an d

quality of in form ation  about th e fire, an d so

on . Th e en viron m en t is on goin g in  th e sen se

th at  th ere isn ’t  a sin gle, well-defin ed problem

to be solved, after wh ich  th e system  quits, bu t

rath er a con tin uous flow of problem s, m ost of

wh ich  are un an ticipated. Th e en viron m en t is

real t im e in  th e sen se th at  th e fire set s th e

p ace t o  wh ich  t h e agen t  m u st  ad ap t .  Th e

agen t’s action s, in cludin g th in kin g, take t im e,

an d  d u rin g t h is t im e, t h e en viro n m en t  is

ch an gin g. Th ese ch aract erist ics req u ire an

agen t  t o  h ave so m e co n cep t  o f rela t ive o r

p assin g t im e. Th e agen t  m u st  reason  abou t

th e poten tial effects of its action s an d, part ic-

u larly, abou t  h ow m u ch  t im e th ese act ion s

m igh t require. Addit ion ally, it  m ust be able to

perceive ch an ges in  it s en viron m en t , eith er

d irect ly th rough  its own  sen ses or in direct ly

th rough  com m un ication  with  oth er agen ts.

Th e en viron m en t is un predictable because

fires can  eru p t  a t  an y t im e an d  an y p lace;

b e ca u se  w e a t h e r  co n d i t io n s ca n  ch a n ge

abrup t ly; an d  because agen ts can  en coun ter

u n exp ected  t errain , fire, o r o th er agen t s as

th ey carry ou t p lan s. An  agen t m ust respon d

t o  t h e  u n e x p e c t e d  o u t co m e s o f  i t s  o w n

action s (in cludin g th e action s takin g m ore or

less t im e th an  exp ected ) an d  to  ch an ges in

th e st at e o f t h e world . Th is resp on siven ess

req u ires in t erleavin g p lan n in g, execu t io n ,

an d  m on ito rin g an d  su ggest s t h at  d et ailed

plan s of lon g duration  are likely to fail before

successfu l com pletion . Th e un predictability of

th e en viron m en t  requ ires agen ts to  be flexi-

ble, part icu larly in  th e way th ey h an dle tem -

p o r a l  r e so u rc e s .  In  fa c t ,  a l l  r e so u rc e s ,

in clu d in g t im e, fire-figh t in g agen ts, m on ey,

fuel, an d equ ipm en t, are lim ited  an d n on re-

n ewable. Becau se th e en viron m en t  is on go-

in g, decision s about resources h ave lon g-term

effects th at  con strain  later action s an d require

agen ts to m an age th eir resources in telligen tly,

wit h  a  glo b al p ersp ect ive. Fo r t h is reaso n ,

am o n g o t h ers,  Ph o en ix  agen t s can n o t  b e

exclusively reactive.

Wh ereas un predictability is a ch aracterist ic

o f t h e  Ph o en ix  en viro n m en t ,  u n cer t a in t y

arises in  agen ts. Un certain ty is th e resu lt  of

th e fire con t in uously m ovin g, un pred ictable

ch an ges in  win d  sp eed  an d  d irect ion , com -

m u n icat ion  delays between  agen ts, an d  th e

lim ited world  views of th e in dividual agen ts.

For exam p le, to  th e n orth west  o f Bu lldozer
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t r ib u t ed  so lu t io n s t o  p lan n in g p ro b lem s.

Th ey also  expan d  th e scope of ou r research

from  a stu d y o f agen t  d esign  to  a stu d y o f

organ ization al design . We h ave drawn  a lin e,

tem porarily, an d excluded th e lat ter.

In  sum , to  perform  th eir design ated  tasks

u n der th e con st rain t s o f th e Ph oen ix en vi-

ron m en t, Ph oen ix agen ts m ust en gage in  par-

t i cu la r  b e h a v io r s .  In  g r o ss  t e r m s,  t h e se

beh aviors are resou rce m an agem en t , u n cer-

tain ty m an agem en t , p lan n in g, an d  coopera-

t ive p roblem  so lvin g; we ju st  d iscu ssed  th e

m o re sp ecific b eh avio rs. Th e q u est io n  we

ad d ress in  Agen t  Design , Layer 3  an d  Th e

O r ga n iza t io n  o f Fi r e -Figh t in g  Age n t s in

Ph o en ix  is h o w t h e ch aract er ist ics o f t h e

Ph oen ix en viron m en t , in  con cert  with  th e

d esired  b eh avio rs o f Ph o en ix  agen t s, co n -

st rain  th e design  of th e agen ts. Specifically,

wh at  arch itectu re is capable of p lan n in g in

real t im e, respon d in g to  even ts at  d ifferen t

t im e scales, coordin atin g th e efforts of several

agen ts, collectin g an d in tegratin g data about

a ch an gin g en viron m en t, an d so on . 

Th e Ph oen ix  En viron m en t,
Layers 1 an d 2

To facilitate experim en ts, Ph oen ix is bu ilt  in

four layers. Th e lowest  is a task coord in ator

th at  on  a serial m ach in e, m ain tain s th e illu -

sion  of sim ultan eity am on g m an y cogn it ive,

perceptual, reflexive, an d en viron m en tal pro-

c e sse s .  Th e  n e x t  l a y e r  im p le m e n t s  t h e

Ph oen ix en viron m en t itself—th e m aps of Yel-

lowston e Nat ion al Park an d  th e fire sim ula-

t ion s. Th e th ird  layer con tain s th e defin it ion s

of th e agen t com pon en ts—our specific agen t

design . Th e fourth  layer describes th e agen ts

o r ga n iza t io n ,  t h e i r  co m m u n ica t io n  a n d

au th ority relat ion sh ip s. Layers 3  an d  4 are

described in  later section s.

Th e two  lowest  layers in  Ph oen ix, called

th e task coordin ator layer an d th e m ap layer,

resp ect ively, m ake u p  th e Ph oen ix d iscret e

even t  sim ulator. We d iscuss th e task coord i-

n ator first . It  is respon sible for th e illusion  of

sim u lt a n e i t y  a m o n g t h e  t h r ee  fo l lo w in g

even ts an d action s.

1. Fires. Multip le fires can  burn  sim ultan eous-

ly in  Ph oen ix. Fires are essen tially cellu lar

au tom ata t h at  sp read  acco rd in g t o  local

en viron m en tal con dit ion s, in cludin g win d

sp eed  an d  d irect ion , fu el typ e, h u m id ity,

an d terrain  gradien t. 

2 .  Agen t s’ p h ysica l act io n s.  Agen t s m o ve

fro m  o n e p lace t o  an o t h er, rep o rt  wh at

th ey perceive, an d cu t a firelin e.

11, in  th e righ t -h an d  p an e o f figu re 4  is a

sm all black patch  of th e firelin e. Th is in for-

m at ion  is all Bu lldozer 11 kn ows abou t  th e

location  an d progress of th e oth er bu lldozer

(wh ose actual locat ion  is sh own  in  th e left -

h an d pan e of figure 4) an d illustrates h ow far

Bulldozer 11 can  see. It  follows th at  Bulldozer

11’s fire m ap , as sh o wn  in  t h e righ t -h an d

pan e, m ust m erge wh at it  curren tly sees with

wh at it  recalls. As on e would expect, th e rec-

o llect ion  is in accu rate; Bu lld ozer 11 th in ks

th e fire at  its n orth ern  poin t  is a few h un dred

m eters from  th e firelin e because th at’s wh ere

it  was wh en  Bulldozer 11 cu t th e firelin e. In

fact , th e fire h as spread all th e way to th e fire-

lin e, as sh own  in  t h e left -h an d  p an e. As a

con seq u en ce o f th ese typ es o f u n cert ain ty,

agen ts m u st  allo t  resou rces for in form at ion

gath erin g. Agen ts m u st  be able to  in tegrate

a n d  d isse m in a t e  lo ca l  in fo r m a t io n ,  a n d

becau se o f t h eir own  localized  views, t h ey

m ust be able to com m un icate an d coordin ate

with  each  oth er.

Th e fact  t h at  even t s h ap p en  at  d ifferen t

scales in  th e Ph oen ix en viron m en t  h as p ro-

foun d con sequen ces for agen t design . Tem po-

ral scales ran ge from  secon ds to days, spatial

sca les fro m  m et ers t o  kilo m et ers.  Agen t s’

p lan n in g activit ies also take p lace at  d isparate

scales; for exam p le, a bu lldozer agen t  m u st

react  qu ickly en ough  to follow a road  with -

out strayin g as a resu lt  of m om en tary in atten -

t io n  a n d  m u st  p la n  se v e r a l  h o u r s  o f

fire-figh t in g act ivity, bo th  with in  th e t im e

con strain ts im posed by th e en viron m en t.

Given  th e size an d variat ion  in  th e world

m ap , th e degree to  wh ich  th e en viron m en t

ca n  ch a n ge ,  a n d  t h e  p o ssib le  a c t io n s o f

agen ts, th e en viron m en t can  produce a large

var ie t y  o f st a t es.  C o n seq u en t ly,  an  agen t

m ust kn ow h ow to act  in  m an y differen t situ -

a t io n s. Th e ram ificat io n s fo r agen t  d esign

depen d on  wh eth er sm all d ifferen ces in  en vi-

ron m en tal con dit ion s can  produce large d if-

feren ces in  p lan  u t ilit ies.  Fo r  exam p le ,  if

every fire scen ario  is t ru ly d ifferen t  in  t h e

sen se th at  each  requ ires a un ique, scen ario-

sp ecific p lan , th en  it  m igh t  be p o in t less to

p rovid e agen t s with  m em ories o f p reviou s

p lan s. In  fact , we believe th at  alth ough  th e

fire en viron m en t  p resen ts a wide variety of

states, th ese d ifferen ces do n ot  requ ire rad i-

cally d ifferen t p lan s.

Th e Ph oen ix en viron m en t is spat ially d is-

t r ib u t ed , an d  in d ivid u al agen t s h ave o n ly

lim ited, local kn owledge of th e en viron m en t.

Moreover, m ost  fires are too big for a sin gle

agen t to con trol; th eir perim eters grow m uch

faster th an  a sin gle agen t  can  cu t  a firelin e.

Th ese co n st ra in t s d ict a t e  m u lt iagen t , d is-
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3 .  Agen t s’ in t e rn a l

a c t io n s.  In t e rn a l

a c t io n s  in c lu d e

sen sin g, p lan n in g,

an d reflexive reac-

t io n s t o  im m ed i-

ate en viron m en tal 

con dit ion s.

Th ese t asks a re n o t

gen erated at  th e task

coord in ato r level o f

Ph oen ix, ju st  sch ed -

u led  o n  t h e cen t ra l

p r o c e ss in g  u n i t

(C PU ) t h e r e .  Fi r e

t a sks a re  gen era t ed

at  th e m ap layer, an d

agen t  t asks are gen -

era t ed  a s d escr ib ed

in  later section s.

Typically, th e task coordin ator m an ages th e

ph ysical an d in tern al action s of several agen ts

(fo r exam p le, on e fireboss, fou r bu lld ozers,

an d  a  co u p le  o f wa t ch t o wers) an d  o n e o r

m ore fires. Th e illusion  of con tin uous, paral-

lel activity on  a serial m ach in e is m ain tain ed

by segregatin g each  process an d agen t activity

in to  a sep arate t ask an d  execu t in g th em  in

sm all, d iscrete t im e quan ta, en surin g th at  n o

t ask ever get s t o o  far ah ead  o r beh in d  t h e

o th ers. Th e d efau lt  set t in g o f t h e syn ch ro -

n ization  quan tum  is five m in utes, so all tasks

are syn ch ron ized with in  five m in utes of each

oth er. Th e quan tum  can  be in creased, wh ich

im p ro ves t h e CPU u t iliza t io n  o f t asks an d

m akes th e testbed run  faster bu t in creases th e

sim ulation -tim e disparity between  tasks, m ag-

n ifyin g coordin at ion  problem s such  as com -

m u n icat in g an d  kn owin g th e exact  state of

th e world  at  a  p art icu lar t im e. Con versely,

decreasin g th e quan tum  reduces h ow ou t  of

syn c processes can  be bu t  in creases th e run -

n in g t im e of th e sim ulation .

Th e task coordin ator m an ages two types of

t im e: CPU t im e an d  sim u lat ion  t im e. CPU

tim e refers to th e len gth  of t im e th at  process-

es run  on  a processor. Sim ulation  t im e refers

to th e t im e of day in  th e sim ulated en viron -

m en t. With in  th e predefin ed t im e quan tum ,

all sim ulated  parallel p rocesses begin  or en d

at rough ly th e sam e sim ulation  t im e. To exert

real-t im e p ressu re on  th e Ph oen ix p lan n er,

every CPU secon d of th in kin g is followed by

K sim ulat ion -t im e m in u tes of act ivity in  th e

Ph oen ix en viron m en t . Cu rren t ly K = 5, bu t

th is param eter can  be m odified  to experim en t

with  h ow th e Ph oen ix p lan n er copes with  dif-

feren t degrees of t im e pressure.

Th e fire sim ulator resides in  Ph oen ix’s m ap

layer; th at  is, th e m ap  layer gen erates tasks

th at  p roduce dyn am ic forest  fires wh en  exe-

cu ted by th e task coordin ator. Ph oen ix’s m ap,

wh ich  represen ts Yellowston e Nat ion al Park,

is a  co m p o sit e o f severa l t wo -d im en sio n al

st ru ct u res an d  st o res in fo rm at io n  fo r each

coordin ate about groun d cover, elevation , fea-

tu res (roads, rivers, h ouses, an d  so on ), an d

fire state. Th e fire itself is im plem en ted  as a

cellu lar au tom aton  in  wh ich  each  cell at  th e

bo u n d ary d ecid es wh et h er t o  sp read  t o  it s

n eigh bors, depen din g on  th e local con dit ion s

just  m en tion ed an d global con dit ion s such  as

win d  sp eed  an d  d irect ion  (cu rren t ly, we do

n ot m odel local variat ion s in  weath er con di-

t ion s). Th ese con d it ion s also  determ in e th e

probability th at  th e fire will jum p th e firelin e

an d an y n atural boun daries.

Th e Ph oen ix d iscrete even t  sim u lat ion  is

gen eric. It  can  m an age an y sim ulat ion s th at

in volve m aps an d processes. For exam ple, we

could  replace th e forest  fire en viron m en t with

an  o il sp ill en viron m en t . We cou ld  rep lace

our m ap  of Yellowston e with  ocean ograph ic

m aps of, say, Prin ce William  Soun d in  Alaska.

Fire processes h ave spatial exten t an d spread

accordin g to win d speed, d irection , fuel type,

t e r r a in ,  a n d  so  o n .  Th ey  co u ld  ea si ly  b e

rep laced  with  oil slick p rocesses, wh ich  also

h ave spat ial exten t  an d  sp read  accord in g to

o th er ru les. Sim ilarly, we cou ld  rep lace th e

defin it ion s of bu lldozers an d  airp lan es with

defin it ion s of boats an d boom s. 

Agen t Design , Layer 3

Th e t h ird  layer  o f Ph o en ix  is o u r  sp ecific

agen t  d esign , wh ich  is co n st ra in ed  b y t h e

forest  fire en viron m en t  as described  earlier.

For exam ple, because even ts h appen  on  two

d r a m a t ic a l ly  d i f fe r e n t  t im e  sc a le s ,  w e

Articles

FALL 1989    39

 reflexive

component

sensors

effectors

trigger

other agents

program

program program

program

dataflow

dataflow

 cognitive component

communication

timelin

plan librar
state

memory

cognitive

scheduler

Figure 6. Phoenix Agent Design.



su ch  as reso u rce m an agem en t  o r sp at ia lly

exten sive tasks su ch  as p ath  p lan n in g with

ren dezvou s p o in t s fo r several agen ts. Th u s,

we h ave adopted  a design  in  wh ich  reflexes

h an dle im m ediate tasks, an d a cogn it ive com -

pon en t h an dles everyth in g else.

Th e cogn it ive com p on en t  o f an  agen t  is

resp o n sib le  fo r  gen era t in g an d  ex ecu t in g

plan s. In stead of gen eratin g p lan s de n ovo, as

c la ss i c a l  h ie r a r c h ic a l  p la n n e r s  d id ,  t h e

Ph oen ix  cogn it ive com p on en t  in st an t iat es

an d executes stored skeletal p lan s. We believe

th is design  is a good  on e for th e forest  fire

en viron m en t because, first , a relat ively sm all

n u m ber o f skelet al p lan s is p robab ly su ffi-

cien t  to cope with  a wide ran ge of fires an d,

secon d , t h e st o re-recom p u te t rad e-o ff su g-

gest s relyin g o n  st o red  p lan s, ra t h er  t h an

com pu t in g th em , in  real-t im e situat ion s. In

addit ion  to con trollin g sen sors an d effectors,

th e cogn it ive com pon en t h an dles com m un i-

cation s with  oth er agen ts (in cludin g in tegrat-

in g sen sor reports), an d  it  respon ds to  flags

set  wh en  reflexes execute. It  also en gages in  a

wide ran ge of in tern al action s, in cludin g pro-

jection  (for exam ple, wh ere th e fire will be in

20 m in u tes), p lan  select ion  an d  sch edu lin g,

p lan  m on itorin g, error recovery, an d rep lan -

n in g. Our im plem en tation s of som e of th ese

capabilit ies are qu ite rud im en tary an d  leave

m uch  room  for im provem en t , as we d iscuss

in  Curren t Status an d Future Work.

As an  overview, th is is h ow th e cogn it ive

com pon en t works: In  respon se to a situation

su ch  as a  n ew fire, an  ap p ro p ria t e p lan  is

retrieved from  th e p lan  library an d p laced on

th e t im elin e (figu re 6). State m em ory stores

in form ation , such  as weath er, resource con di-

t ion s, an d sen sory in put, th at  h elps th e cog-

n it ive  agen t  se lect  ap p ro p r ia t e  p lan s an d

in stan t iate th e variables of th e ch osen  p lan

for th e curren t situation . For exam ple, if th e

fire is sm all an d  n earby, an d  th e weath er is

calm , th en  a on e-bu lldozer p lan  is ret rieved

an d in stan tiated with  situation -specific in for-

m ation  such  as th e win d speed an d th e cur-

ren t  location  of th e fire. Th e action s in  a p lan

are even tually selected  for execu t ion  by th e

cogn it ive sch eduler, wh ich  is described sh ort-

ly. At  an y t im e du rin g th is p rocess, sen sory

data can  t rigger reflexive act ion s; for exam -

ple, if th e cogn it ive com pon en t is executin g a

com m an d  to  m ove to  a d est in at ion , an d  a

sen sor reports fire ah ead , th en  th e reflexive

co m p o n en t  sen d s a  co m m a n d  t o  reverse

direction . Th is reaction  h appen s very fast  rel-

at ive to th e cycle t im e of th e cogn it ive com -

p on en t , so  t h e reflexive com p on en t  set s a

flag to tell th e cogn it ive com pon en t wh at it

d id . Wh en  th e cogn it ive com pon en t n otices

d esign ed  an  agen t  w it h  t w o  p a ra lle l  an d

n early in depen den t m ech an ism s for gen erat-

in g action s (figure 6). On e m ech an ism  quick-

ly gen erates reflexive action s—on  th e order of

a  few seco n d s o f sim u lat ed  t im e—an d  t h e

oth er gen erates p lan s th at  can  take h ours of

sim ulated  t im e to  execu te. Th is lon ger-term

p lan n in g can  be com p u tat ion ally in ten sive

becau se it  in cu rs a  h eavy t im e p en alty fo r

switch in g con texts wh en  in terrupted. For th is

reason , th e cogn it ive com pon en t is design ed

to perform  on ly on e action  at  a t im e (un like

sen sors, effectors, or reflexes wh ere m ult ip le

activit ies execute in  parallel). Both  th e cogn i-

t ive an d reflexive com pon en ts h ave access to

sen sors, an d both  con trol effectors, as sh own

in  figure 6.

Th e agen t  in teracts with  it s en viron m en t

th rough  its sen sors an d effectors, an d action

is m ed iat ed  by t h e reflexive an d  cogn it ive

co m p o n en t s.  Sen so ry  in fo rm at io n  can  b e

provided au ton om ously or can  be requested,

an d  sen sors’ sen sit ivity can  be ad ju sted  by

th e cogn it ive com pon en t . Effectors p roduce

action s in  th e world , such  as gath erin g in for-

m ation , bu ild in g a firelin e, an d m ovin g. 

Reflexes are t r iggered  b y sen so r o u t p u t .

Th ey ch an ge th e program m in g of effectors to

preven t  catastroph es or fin e tun e th e opera-

tion of effectors. For exam ple, a bu lldozer is

stopped by a reflex if it  is about to m ove in to

th e fire, an d reflexes h an dle th e fin e tun in g

n ecessary for th e bu lldozer to follow a road.

Reflexes are allotted  alm ost n o CPU tim e an d

h ave n o m em ory of even ts, so  th ey can n ot

p rod u ce coo rd in at ed  seq u en ces o f act ion s.

Th ey  a re  d esign ed  fo r  r a p id ,  u n t h in k in g

action . Alth ough  som e research ers h ave sug-

gest ed  t h a t  lo n ger-t erm  p lan s can  em erge

fro m  co m p o sit io n s o f re flex es (Agre  a n d

Ch ap m an  1987 ; Bro o ks 1986), we d o  n o t

b elieve t h a t  co m p o sit io n s o f reflexes can

h an d le tem porally exten sive p lan n in g tasks

The 

com bination

of a reflexive

and cognitive

com ponent is

designed to

handle tim e

scale m is-

m atches

inherent in the

fire-fighting

environm ent.

Figure 7. Contents of Fireboss’s Tim eline after Being Notified of a New Fire:

Action to Search for a Plan to Deal with the Fire.

selection action

deal with fire 27

step 1:

TIMELIN
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th e flag, it  m igh t m odify its p lan . Th e an alo-

gy h ere is to our own  reflexes, wh ich  yan k us

away from  h ot surfaces lon g before our cogn i-

t ive apparatus becom es aware of th e problem .

With  th is overview in  m in d, let  us con sider

th e operation  of th e cogn it ive com pon en t in

detail. We focus on  th e operation  of th e fire-

boss agen t, wh ich  p lan s th e activit ies of oth er

agen ts such  as bu lldozers an d crews. Each  of

t h ese, in  t u rn , p lan s h o w t o  carry o u t  t h e

d irect ives of th e fireboss. Because bu lldozers

an d crews h ave th e sam e arch itectu re as th e

fireboss (figure 6), th ey can  reason  in  exactly

th e sam e way. In  th e followin g discussion , we

fi r s t  d e sc r ib e  p la n n in g  w h e n  t h in gs  go

acco rd in g t o  p lan  an d  t h en  d escrib e erro r

h an dlin g, in terruption s, an d oth er un expect-

ed even ts.

W h en  a fire is rep orted , an  act ion  called

“d eal wit h  fire” is ret rieved  fro m  t h e p lan

library an d used to create a t im elin e en try, in

th is case called  “deal with  fire 27,” wh ich  is

added  to  th e t im elin e (see figu re 7). Actions

are gen eral rep resen tat ion s of th e cogn it ive

activit ies th e agen t can  perform , such  as path

p lan n in g o r co m m u n icat io n , an d  d escrib e

applicability con dit ion s, resource con strain ts,

an d un in stan tiated variables. Creatin g a t im e-

lin e en try in stan t iates an  act ion , bin din g its

variables an d addin g th e tem poral con strain ts

th at  relate it  to  o th er act ion s th e agen t  h as

ch osen  to execute. Alth ough  t im elin e en tries

rep resen t  act ion s, it  is n ot  qu ite accu rate to

say th ey are execu ted  (alth ough  we use th is

term in ology wh ere th e accurate descrip tion  is

too awkward). In  fact , wh en  a t im elin e en try 

is created, it  in h erits a set  of execution  m eth -

ods from  th e act ion  it  in stan t iates. Each  of

th ese m eth od s execu tes th e d esired  act ion ;

t h ey d iffer  a lo n g d im en sio n s, su ch  as t h e

t im e t h ey req u ire an d  t h e q u alit y o f t h eir

ou tpu t . For exam ple, a sin gle act ion  “p lan  a

p ath ” p o in ts to  several p ath -p lan n in g algo-

rith m s, som e wh ich  run  qu ickly an d  retu rn

adequate path s an d  som e wh ich  run  lon ger

bu t  p roduce sh orter path s. Wh en  a t im elin e

en try is selected for execution , th e execution

m eth od m ost  appropriate to  th e cu rren t  cir-

cum stan ces is ch osen . By delayin g th e ch oice

o f m et h o d s,  t h e  co gn it ive  sch ed u le r  ca n

reason  abou t  it s own  use of t im e an d  select

execu tion  m eth ods th at  are su ited  to em erg-

in g t im e con strain ts.

If en tries exist  on  th e t im elin e (for exam -

p le, “deal with  fire 27”), th en  th e cogn it ive

sch edu ler o f th e Ph oen ix cogn it ive com p o -

n en t m akes th ree decision s: (1) wh ich  action

to execute n ext, (2) h ow m uch  t im e is avail-

able for its execution , an d (3) wh at execution

m eth od sh ould  im plem en t th e action .

Th e cogn it ive sch edu ler always selects th e

n ext  act ion  on  th e t im elin e to  execu te, bu t

often , several act ion s h ave th is d ist in ct ion ,

an d  a ch oice m ust  be m ade. Act ion s on  th e

tim elin e can  be un ordered (an d, th us, equally

en tit led  to go first) for several reason s: Skele-

t a l p lan s o ft en  leave act io n s u n o rd ered  so

th at  th e cogn it ive sch eduler h as flexibility at

execu t ion  t im e to  select  th e best  order. Fre-

quen tly, th e agen t  is execu tin g several p lan s

sim u lt an eou sly, fo r exam p le, wh en  several

fires are rep o rt ed . Th e p lan n er fo rm u la t es

p lan s for each  bu t  doesn ’t  specify tem poral

co n st ra in t s am o n g act io n s fro m  d ifferen t

p lan s. In  th e cu rren t  exam ple, h owever, th e

on ly action  on  th e t im elin e is “deal with  fire

27,” so  th e cogn it ive sch ed u ler d et erm in es

h ow m uch  t im e is available to execute it  an d

selects an  execu t ion  m eth od . In  th is case, it

select s a  m et h o d  called  t h e fin d -an d -filt er

p lan  (st ep  2 , figu re 8). W h en  execu t ed , it s

effect  is to search  th e p lan  library for a p lan  to

“deal with  fire 27.” First , it  fin ds all p lan s for

dealin g with  fires of th is type; th en  it  filters th e

in feasible on es; it  selects from  th e can didates

to fin d th e m ost appropriate on e; an d last , it

adds a n ew act ion  to  th e t im elin e called  “2

BD su rrou n d .” (Th is p lan  in vo lves sen d in g

two bulldozers to a ren dezvous poin t , th en  to

t h e fire, a ft er  wh ich  t h ey cu t  a  firelin e in

opposite d irection s aroun d th e fire.)

On ce again , th e cogn it ive sch eduler selects

an  action  (th e on ly on e is “2 BD surroun d”),

assesses h o w m u ch  t im e is ava ilab le ,  an d

selects an  execution  m eth od. In  th is case, th e

m eth od is to expan d th e p lan . Th e resu lt  is to

ad d  a n etwork o f act ion s, p art ially o rd ered

over t im e, to  th e t im elin e (step  3, figu re 9).

Th e n etwork starts with  a p laceh older action ,

s, fo llo wed  by t wo  u n o rd ered  act io n s t h at

allocate bu lldozers 1 an d 2, respectively. Th e

n ext action  determ in es th e ren dezvous poin t
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Figure 8. The Fireboss Executes Tim eline Action “deal with fire 27.”

This action searches the plan library, selects the 2 BD surround plan as appropriate

for dealing with a new fire, and places the new plan on the tim eline.
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in g to p lan , bu t in  th e Ph oen ix en viron m en t

it  rarely does. Ph oen ix agen ts h ave th ree abil-

it ies, all rudim en tary, for h an dlin g un expect-

ed even ts. Reflexes, operatin g on  a sh ort  t im e

scale, can  h alt  or m odify poten tially in jurious

act io n s, su ch  as st rayin g in t o  t h e fire . By

d esign ,  r e flex es d o  l i t t le  p r o cessin g  a n d

return  lit t le in form ation . Wh en  a reflex h alts

a bu lldozer, it  sim ply posts a flag for th e cog-

n it ive com pon en t ; it  does n ot  in terrup t  th e

cogn it ive com pon en t to explain  wh at it  d id .

Th e co gn it ive co m p o n en t  d o esn ’t  beco m e

aware of th e ch an ge un til it  executes a regu-

larly sch ed u led  st a t u s-ch eckin g act io n . In

fact , by design , n oth in g ever in terrupts a cog-

n it ive action  because th e cost  of savin g state

an d switch in g con text is proh ibit ive. In stead,

th e reflexive com pon en t of a Ph oen ix agen t

is exp ect ed  to  d eal with  sit u at ion s as t h ey

arise. Most situation s, such  as stayin g parallel

to a m ovin g fire, n ever require th e at ten tion

of th e cogn it ive com pon en t; bu t  even  wh en  a

serious problem  com es up, th e reflexive com -

pon en t  is design ed  to  keep  th e agen t  fu n c-

t io n in g  u n t i l  t h e  c o gn i t iv e  c o m p o n e n t

fin ish es its curren t task.

Th e secon d m ech an ism  for h an dlin g un ex-

pected situation s is error recovery an d replan -

n in g .  Errors a r e  u n e x p e c t e d  e v e n t s  t h a t

p reclu d e t h e com p let ion  o f an  act ion  o r a

p lan . For exam p le, bu lldozers can  t ravel to

th eir design ated destin ation s bu t fail to fin d a

fire, path  p lan n in g som etim es fails to gen er-

ate a path , select ion  act ion s can  search  th e

plan  library bu t fail to fin d a p lan  th at  satis-

fies all con strain ts, an d so on . Curren tly, over

a  d o zen  erro r  t yp es can  a r ise  in  Ph o en ix ,

alth ough  we don ’t  h ave p lan s to deal with  all

of th em  yet . Th e error-h an dlin g m ech an ism

is to post  on  th e t im elin e a “deal with  error”

fo r  t h e  b u l ld o ze r s.  Th en  t w o  u n o r d e r ed

act ion s b in d  th e variables in  th e p lan  with

th e curren t win d direction  an d th e previously

determ in ed ren dezvous poin t. (Space precludes

sh owin g th e rest  of th e p lan  in  figure 9.)

Th e cogn it ive sch eduler again  looks at  th e

t im elin e  a n d  n o w  m u st  m a ke  a  d ecisio n

abou t  wh ich  act ion  to  select . Th e “allocate

b u lld o zer”  act io n s a re  u n o rd ered ,  so  o n e

m ust be selected to go first . Th en , as before,

th e cogn it ive sch eduler assesses th e available

t im e an d  select s an  execu t ion  m eth od . We

discuss th is exam ple furth er, later.

Th ree kin ds of action s can  be differen tiated

by th eir effects on  th e t im elin e wh en  th ey are

executed: First , selection actions, such  as “deal

with  fire 27,” resu lt  in  a search  of th e p lan

library. Next, a plan action, such  as “2 BD sur-

r o u n d ,”  i s  p o st e d  o n  t h e  t im e l in e .  Pla n

action s are p laceh olders for p lan s; execu tin g

th em  resu lts in  p lan  expan sion s bein g posted

on  th e t im elin e. Man y of th e action s in  a p lan

are o f th e th ird  typ e, prim itive actions, th at

resu lt  in  a com putat ion  (for exam ple, calcu-

lat in g a rou te) or a com m an d to a sen sor or

effector. However, a p lan  can  con tain  an y of

th e th ree types of act ion s; for exam ple, th e

exp an sio n  o f “2  BD su rro u n d ” co n t a in s a

selection  action . Wh en  executed, it  resu lts in

a search  of th e p lan  library for a p lan  to h ave

th e two bulldozers ren dezvous. Plan s can  also

con tain  p lan  action s, wh ich , wh en  executed,

add subplan s to th e n etwork. Th is n estin g of

plan s with in  p lan s is our m ech an ism  for rep-

resen t in g h ierarch ical p lan s. Last , p lan s can

con tain  just  a sin gle, prim itive action , such  as

fin d in g th e ren d ezvou s p o in t  fo r two  bu ll-

dozers.

We d iscu ssed  h ow act ion s are sch ed u led

an d  execu ted  wh en  everyth in g goes accord-
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plan action:

2 BD surround

primitive action

allocate BD 1

primitive action

allocate BD 2

selection action

rendezvous

BD1 and BD2

primitive action

get wind direction

primitive action

find rendezvous

point.

step 3: execution method:expand plan

s

TIMELINE

plan
library

Figure 9. The Fireboss Executes the Tim eline Action, “2 BD surround,” which Expands into a Network of Plan Steps.
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selection  action , wh ich , wh en  executed, gen -

erates a p lan  for dealin g with  th e error. Cur-

ren tly, error recovery in volves lit t le t in kerin g

wit h  t h e act io n s t h at  are cu rren t ly o n  t h e

tim elin e, th at  is, n o serious replan n in g.

Last , Ph oen ix agen ts h ave lim ited  abilit ies

for m on itorin g th eir own  progress. Th is m on -

itorin g is accom plish ed by gen eratin g expec-

t a t io n s o f p ro gress an d  m at ch in g t h em  t o

actual progress. In  th e n ear fu ture, th is m ech -

an ism  (called  en velop es; see Cu rren t  Statu s

an d Future Work) will en able Ph oen ix’s cogn i-

t ive co m p o n en t s t o  p red ict  fa ilu res befo re

th ey occur.

In  su m ,  p la n n in g  i s  a c c o m p l i sh e d  b y

add in g a select ion  act ion  to  th e t im elin e to

search  for a p lan  to address som e con dit ion s.

Ex ecu t in g t h e  se lec t io n  a c t io n  p la ces a n

appropriate p lan  action  or prim itive action  on

t h e  t im e l in e .  If t h is n ew  en t ry  is a  p la n

action , th en  it  expan ds in to a p lan  wh en  it  is

execu ted  by pu t t in g it s subact ion s on to  th e

t im elin e with  t h eir t em p oral in t errelat ion -

sh ip s. If it  is a  p rim it ive act ion , execu t ion

in stan tiates th e requisite variables, selects an

execution  m eth od, an d executes it . In  gen er-

al, a cogn it ive agen t in terleaves action s from

th e several p lan s it  is workin g on .

Th is style of p lan n in g is lazy skeletal refin e-

m e n t ,  l a zy  b e c a u se  so m e  d e c i s io n s  a r e

d eferred  u n t il execu t io n  t im e. Sp ecifically,

p lan s are n ot  selected  un til select ion  action s

a re  ex ecu t ed , an d  ex ecu t io n  m et h o d s a re

selected on ly wh en  an  action  is about to exe-

cu t e . Th is st y le  o f p lan n in g an d  act in g is

d e sign e d  t o  b e  r e sp o n siv e  t o  a  co m p le x

dyn am ic world  by postpon in g decision s wh ile

groun din g poten tial action s in  a fram ework (a

skeletal p lan ) th at  accoun ts for data, tem po-

ral, an d  resource in teract ion s. Th e com bin a-

t ion  of a reflexive an d cogn it ive com pon en t

is design ed to h an dle t im e-scale m ism atch es

in h eren t  in  an  en viro n m en t  t h a t  req u ires

m icroaction s (for exam ple, followin g a road)

an d  con tem plat ive p rocessin g such  as rou te

p lan n in g, wh ich  in volves lon g search  t im es

an d  t h e in t egra t io n  o f d isp ara t e  d a t a . We

m u st  st ress, h owever, th at  it  is too  early in

Ph o en ix ’s d evelo p m en t  t o  cla im  t h a t  o u r

agen t  design  is n ecessarily th e best  on e for

th e Ph oen ix en viron m en t (see Curren t Status

an d Future Work).

Th e Organ ization  of Fire-
Figh tin g Agen ts in  Ph oen ix

Th e fourth  level of th e Ph oen ix system  is th e

cen tralized , h ierarch ical organ izat ion  of fire-

figh t in g agen ts. Because all agen ts h ave th e

sam e arch itectu re, m an y oth er agen t  organ i-

zation s are possible. Our cen tralized m odel is

n eith er robust  (for exam ple, wh at h appen s if

t h e  fi r eb o ss is d isa b led ) n o r  p a r t icu la r ly

soph ist icated. However, it  is sim ple, wh ich  is

a great  ad van tage in  th ese in it ial p h ases o f

th e project . On e fireboss coordin ates all fire-

figh t in g agen t s’ act iv it ies,  sen d in g act io n

directives an d receivin g status reports, in clud-

in g fi r e  sigh t in gs,  p o si t io n  u p d a t es,  a n d

act ion s com pleted . Th e fireboss m ain tain s a

glo b a l view o f t h e fire  sit u a t io n  b ased  o n

th ese reports, usin g it  to ch oose global p lan s

fro m  it s p lan  lib rary. It  co m m u n icat es t h e

act ion s in  t h ese p lan s t o  it s agen t s, wh ich

t h e n  se le c t  p la n s  fr o m  t h e i r  o w n  p la n

libraries to effect  th e specified  act ion s. On ce

th eir p lan s are set  in  m ot ion , agen ts report

progress to th e fireboss, from  wh ich  th e exe-

cu tion  of global p lan s is m on itored. All com -

m u n ic a t io n  in  t h i s  c e n t r a l i ze d  im p le –

m en tat ion  is between  t h e fireboss an d  t h e

in d ivid u al agen t s; n o  cross-t alk t akes p lace

am on g th e agen ts.

Th e fireboss m ain tain s global coh eren ce,

co o r d in a t in g  t h e  a v a i l a b le  f i r e -f igh t in g

resources to  effect ively con trol th e fire. It  is

respon sible for all th e work required to coor-

din ate agen ts, such  as calcu latin g ren dezvous

p o in t s,  d ecid in g h o w  t o  d ep lo y  ava ilab le

resources, an d n oticin g wh en  th e fire is com -

pletely en circled by th e firelin e. Th e p lan s in

its p lan  library are in dexed by global factors,

such  as th e size of th e fire an d  th e weath er

con dit ion s. Th e action s in  its p lan s are m ostly

con cern ed  with  coord in at in g an d  d irect in g

o t h er  agen t s. Th e fireb o ss’s st a t e  m em o ry

reco rd s t h e cu rren t  en viro n m en t a l co n d i-

t io n s,  w h ere  a gen t s h a ve  seen  fire ,  w h a t

act io n s h ave b een  t aken , wh a t  agen t s a re

a va ila b le ,  a n d  h o w  w ell  glo b a l  p la n s a r e  

p rogressin g. Th e fireboss is cu rren t ly im p le-

m en t ed  wit h o u t  an y sen so rs, effect o rs, o r

reflexes. It  is a  co gn it ive agen t  t h a t  relies

solely on  com m un ication  for its kn owledge of

wh at develops in  th e ou tside world , alth ough
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feren ce between  th e fireboss an d  th e o th er

agen ts lies in  th eir views of th e world  an d th e

t y p es o f p la n s ea ch  kn o w s.  Th e  l in e s o f

au th ority an d  d ivision s of respon sibility are

clear: Th e fireboss m ain tain s th e global p ic-

tu re, based  on  th e local views of it s agen ts,

an d  it  execu t es p lan s wh o se effect s are t o

gath er in form ation , sen d directives to agen ts,

an d  coord in ate th eir act ivity th rou gh  com -

m un ication s. In  con trast , th e agen ts execute

p lan s wh o se act io n s p ro gram  sen so rs an d

effect o rs,  w h ich ,  in  t u rn ,  e ffect  p h ysica l

action s in  th e world . In  som e sen se, th e fire-

boss is a m etaagen t wh ose sen sors an d effec-

tors are oth er agen ts.

An  Ex am ple

We n ow return  to th e exam ple th at  we in tro-

duced  earlier to  illu st rate cogn it ive sch edu l-

in g. In  th is two-bulldozer-surroun d p lan , th e

fi r eb o ss in st ru c t s t w o  b u l ld o ze r s t o  ren -

dezvous, th en  go to th e fire an d build  a fire-

lin e aroun d it  in  opposite d irection s. Figures

2, 3, an d  4 sh ow th e p rogress o f th is p lan .

Each  offers two views of th e situation . Figure

2 sh ows th e real world  in  th e left  pan e an d

th e fireboss’s view in  t h e righ t  p an e. No te

th at  th e fireboss is un aware of th e true exten t

of th e fire. Wh at it  kn ows is based on  status

r e p o r t s  f r o m  a  w a t c h t o w e r  a ge n t  (n o t

sh own ). Each  watch tower h as a sen sor p ro-

gram m ed to look for n ew fires at  regular t im e

in tervals. Wh en  it  spots a fire, it  reports th e

locat ion  an d  size to  th e fireboss. Based  on

th is rep ort  an d  th e resou rces availab le, th e

fireboss select s t h e two-bu lld ozer-su rrou n d

plan . Th e first  p lan  steps allocate th e bu lldoz-

ers, wh ich  en su res t h ey are n o t  bu sy with

oth er tasks an d assign s th em  to th is p lan . Th e

n ext  st ep  in st ru ct s t h em  t o  ren d ezvo u s so

th ey can  fo llow th e sam e rou te to  th e fire.

Next, th e fireboss p lan  calcu lates a rou te for

th e bu lldozers to  fo llow, th en  execu tes two

steps in  wh ich  it  com m un icates in struction s

to  each  bu lld ozer to  fo llow th e given  p ath

an d en circle th e fire. Th ey are given  clockwise

an d  cou n terclockwise en circlin g d irect ion s,

respectively.

After receivin g it s in st ruct ion s, each  bu ll-

dozer search es its p lan  library to fin d a p lan

fo r fo llowin g it s given  p ath  an d  en circlin g

th e fire in  th e given  direction  un til it  closes

th e firelin e. Neith er bu lldozer kn ows abou t

t h e  o t h er,  n o r  d o es e i t h e r  kn o w  t h e  fu l l

exten t  or precise location  of th e fire.  Recall

th at  th e fireboss doesn ’t  kn ow exactly wh ere

th e fire is eith er, so th e path  it  supplied  to th e

bulldozers can  direct  th em  wide of th e fire or,

m ore often , to a location  th at  is burn in g. In

it  does h ave a m ap  of th e stat ic featu res of

Yellowston e.

Each  of th e oth er fire-figh tin g agen ts h as a

local view of th e en viron m en t  based  on  it s

own  sen sory in put. Th ey h ave access to m aps

of th e stat ic features in  Yellowston e, such  as

gro u n d  co ver, ro ad s, an d  r ivers,  b u t  o n ly

kn ow abou t  dyn am ic p rocesses su ch  as th e

fire from  wh at th ey see or are told  by th e fire-

boss. Sen sors h ave a lim ited  rad iu s of view,

alth ough  agen ts are able to  rem em ber wh at

h as been  perceived but is n o lon ger in  view.

Th e fireboss’s global view is on ly available to

an  agen t th rough  com m un ication . A bulldoz-

er is an  exam p le of an  agen t  typ e. It  h as a

m ovem en t  effector th at  can  follow roads or

travel cross-coun try. Wh en  it  lowers its blade

wh ile m ovin g, it  d igs a firelin e an d  m oves

m o re slo wly. It  h as a  sen so r t h a t  sees fire

with in  a radius of 512 m eters. An oth er sen sor

p icks u p  t h e  co n t o u r  o f a  fire  (w it h in  it s

radius of view). Wh en  a bu lldozer is bu ild in g

a firelin e at  th e con tour, it  uses th e follow-fire

sen sor in  com bin at ion  with  th e m ovem en t

effector (with  lowered blade) an d a reflexive

act ion  th at  h elps m ain tain  a cou rse parallel

to th e con tour. As th e con tour ch an ges, th e

con tou r sen sor registers th e ch an ge, wh ich

triggers a reflex to adjust  th e m ovem en t effec-

tor’s course. Th e bu lldozer’s p lan  library h as

p lan s for sim ple bu lldozer tasks such  as fol-

lowin g a given  path  or en circlin g a fire with  a

firelin e.

Alth ough  all agen ts h ave th e sam e arch i-

tecture (th at  is, t im elin e, cogn it ive sch eduler,

p lan  library, state m em ory, sen sors, effectors,

an d  reflexes),  t h ey d o  n o t  h ave t h e sam e

plan s, reflexes, sen sors, or effectors. Th e d if-
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th is exam ple, th e path  given  by th e fireboss

en ds at  a poin t  en gulfed  in  fire, so th e bu ll-

dozers follow th e path  un til th ey detect  it . In

figu re 3 , we see t h e b u lld o zers st a rt in g t o

b u ild  a  l in e .  In  t h e  fireb o ss’s v iew  (r igh t

pan e), each  on e appears at  th e posit ion  it  h ad

reach ed  wh en  it  m ade it s last  statu s report .

Th us, th ey are at  sligh t ly d ifferen t  posit ion s

th at  are ou t of date with  respect  to th eir real

posit ion s in  th e left-h an d pan e.

Wh en  fire is seen , a bu lldozer reflex is trig-

gered to stop  its m ovem en t effector. A cogn i-

t ive action  also n otes th at  th e sen sor h as seen

fire an d reprogram s th e sen sors an d effectors

with  th e righ t com bin ation  of in struction s to

fo llow th e fire in  th e d irect ion  specified  by

th e fireboss, bu ild in g a firelin e as it  goes. A

m essage is sen t  to  th e fireboss to  sign al th e

st art  o f lin e bu ild in g. Each  bu lld ozer stop s

build in g a lin e wh en  it  fin ds an oth er firelin e

an d closes it  off. In  figure 4, we see in  th e left

pan e th at  th e bu lldozers h ave alm ost  en cir-

cled th e fire. In  th e righ t pan e is th e view of

t h e  b u lld o zer  en circlin g in  t h e  clo ckw ise

direction . Note th at  it  on ly kn ows about th e

fire it  h as seen  as it  was bu ild in g lin e. It  is just

com in g with in  ran ge of th e oth er bu lldozer

(see th e spot  of firelin e to  th e n orth west  of

th e bu lldozer).

Th is sim ple bu lldozer p lan , to follow a path

an d en circle a fire with out referen ce to oth er

bulldozers, can  be used by on e, two, or m an y

bulldozers. With  its global view, th e fireboss

p icks p o in t s a ro u n d  t h e  fi r e ,  se lec t s a n y

n um ber of bu lldozers, an d directs each  to go

to on e of th e poin ts an d build  a firelin e in  a

sp ecified  d irect ion . Th e bu lld ozers on ly act

with  regard to th eir in struction s an d th e local

in form ation  in  th eir field  of view. If th e bu ll-

dozers fail to fu lly en circle th e fire (for wh at-

ever reason ), t h e fireboss is resp on sib le fo r

n oticin g th e failu re, based on  wh at is reported

to it  from  watch towers an d bulldozers.

Figure 10 sh ows th e fireboss’s t im elin e for

t h is p lan  at  abo u t  t h e t im e t h e bu lld o zers

com plete th eir en circlem en t  of th e fire. Th e

n etwork in  th e top , left  box is th e top  level of

th e t im elin e, wh ich  con tain s four en tries an d

reads from  left  to righ t . Th e en tries are start

action  an d en d action  (p laceh olders) an d two

with  n o tem poral con st rain t  between  th em .

Th e top  en t ry is an  act ion  th at  period ically

executes an d updates state m em ory with  n ew

in fo rm a t io n  ab o u t  t h e  en viro n m en t .  Th e

bottom  en try is an  action  th at is autom atically

p laced  o n  t h e fireb o ss’s t im elin e wit h  t h e

rep o rt  o f a  n ew fire. Th is select io n  act io n

causes a p lan  to be selected from  th e fireboss’s

p lan  library, based  on  th e ch aracterist ics of

th e reported fire, an d th en  expan ded on  th e

tim elin e, as illustrated in  Agen t Design , Layer

3. Th e selected p lan  is sh own  in  th e top , righ t

box, an d  its expan sion  is sh own  in  th e two

m iddle boxes (th e p lan  un folds left  to  righ t

an d  is con t in ued  in  th e lower, m iddle box).

Gray act io n s h ave a lread y b een  execu t ed .

Th ese action s in clude allocatin g each  bulldoz-

er, in struct in g th em  to ren dezvous, calcu lat-

in g a rou te for th em  to take to th e fire, an d

(in  un determ in ed order) in struct in g th em  to

follow th is rou te an d  en circle th e fire. Th ey

also  in clu de n ot icin g wh en  th e fire is com -

pletely en circled an d in structin g th e bulldozers

to stop  bu ild in g a firelin e. Th ese act ion s are

n ecessary because th e fireboss m ain tain s th e

global view of th e fire an d m ust tell th e bu ll-

dozers wh en  th e fire is surroun ded. Th e bull-

dozers’ t im elin es are n ot sh own  in  figure 10.

Th e fireboss is cu rren t ly execu t in g a p lan

action  for each  bulldozer th at  expan ds in to a

p lan  fo r sen d in g th e bu lld ozer back to  th e

base. Note th at  th ese action s are n ot tem po-

rally ordered in  th e p lan , so th e fireboss h as

to decide on  an  order. Th e t im elin e expan sion

fo r t h is p lan  (fo r o n e o f t h e bu lld o zers) is

sh own  in  th e bottom  box, wh ere th e curren t-

ly execu t in g act ion  is calcu lat in g a path  for

th e bu lldozer. Subsequen t  steps in st ru ct  th e

b u lld o zer  t o  fo llo w  t h e  p a t h ,  w a it  fo r  an

a ck n o w le d gm e n t  t h a t  t h e  b u l ld o ze r  h a s

reach ed  th e base, an d  m ake a m en tal n o te

abou t  th e bu lld ozer’s availab ility to  figh t  a

n ew fire.

Curren t Status an d Future Work

Th e Ph oen ix system  is a work in  progress. As

is clear from  th e p reced in g sect ion s, several

im portan t  aspects are h an dled in  a rudim en -

t a r y  o r  p r e l im in a r y  w a y.  C u r r e n t ly,  f iv e

people are pursu in g research  an d  en h an cin g

th e system  in  th e followin g areas.

We h ave about a dozen  p lan s th at  d irectly

at tack fires, with  as m an y as four bu lldozers

build in g a lin e at  th e fire fron t un til th e fire is

en circled. We are start in g to develop in direct

attack p lan s th at  in corporate n atural barriers.

Th ese  p lan s req u ire  m o re  kn o w led ge an d

co o rd in a t io n  o n  t h e  p a r t  o f t h e  fireb o ss;

because oth er agen ts can ’t  see th e fire un less

th ey are close to  it , th e fireboss m ust  gu ide

th eir act ivit ies wh en  th ey are workin g at  a

distan ce. Th e fireboss m ust take advan tage of

n atural barriers wh en  decidin g wh ere to bu ild

a firelin e, wh ich  requires th e ability to project

th e spread of th e fire an d th e progress of th e

fire-figh t in g agen ts. As we develop  n ew an d

m o r e  so p h is t i c a t e d  p la n s,  w e  m u st  a l so

en h an ce t h e m ech an ism s by wh ich  agen t s

select  p lan s. Curren tly, th e keys for selectin g
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error is to travel a lit t le furth er in  a specified

direction , lookin g for th e fire. A really in telli-

gen t error recovery kn ows wh en  to try ch eap

fixes, such  as m odifyin g a destin ation ; wh en

to  begin  a search  for a way to  sign ifican t ly

m odify a p lan  (for exam ple, by d ispatch in g

an oth er bu lldozer); an d wh en , as a last  resort ,

to aban don  th e curren t p lan  an d begin  from

scratch . Error recovery an d replan n in g sign ifi-

can t ly depen d  on  in telligen t  m on itorin g; in

fact , en velopes are design ed to predict  errors

before th ey h appen , m in im izin g down tim e.

We n eed to en h an ce th e sch edu lin g abili-

t ies o f t h e  co gn it ive  co m p o n en t  t o  m ake

agen t s resp on sive t o  real-t im e d em an d s in

fire figh tin g. Th is n eed is part icu larly true for

th e fireboss in  our im plem en tation  because it

is essen t ia lly a  co gn it ive agen t . Cu rren t ly,

sch edu lin g in volves th ree act ion s: select in g

an  act io n  t o  execu t e, d ecid in g h o w m u ch

tim e is available, an d selectin g an  execution

m eth od. Alth ough  th ese act ion s are ch arged

for th e t im e th ey use, th ey are n ot th em selves

sch edu led , n or are th ere m u lt ip le execu t ion

m eth ods to  im p lem en t  th em . In  sh ort , th e

cogn it ive sch eduler is a separate in terpreter of

t h e  t im elin e .  To  m a ke  t h e  sch ed u lin g o f

a c t io n s co m p le t e ly  u n ifo rm ,  sch ed u l in g

act io n s m u st  t h em selves b e sch ed u led . In

addit ion , we m ust develop sch edulin g strate-

gies,  a lo n g t h e  l in es su ggest ed  in  Lesser,

Durfee, an d Pavlin ’s (1988) approxim ate pro-

cessin g proposal.

To  facilit a t e  exp erim en t s wit h  d ifferen t

agen t  design s in  d ifferen t  en viron m en ts, we

h ave started  to bu ild  a gen eric agen t arch itec-

t u re .  It  is a  co llect io n  o f p a ram et er izab le

structures th at  represen t th e design  of parts of

an  agen t . Fo r exam p le, o u r gen eric act io n

st ru c t u re  in c lu d es p o in t e r s t o  ex ecu t io n

m eth ods, en velopes, an d  p red icates th at  are

tested  before th e act ion  is selected . Gen eric

execu t io n  m et h o d s, in  t u rn , co n t a in  est i-

m ates of th eir t im e requ irem en ts, th eir p re-

requ isites, an d  so  on . We also  h ave gen eric

st ru ctu res fo r sen so rs an d  effecto rs. In  t h e

n ear fu ture, we will im plem en t gen eric struc-

tures for strategies, in cludin g m em ory-access

strategies an d cogn it ive-sch edulin g strategies.

Th e even tual goal is a fu ll gen eric agen t arch i-

tecture th at  m akes it  easy to im plem en t d if-

p lan s are just  win d speed an d th e availability

of fire-figh tin g agen ts, as well as som e plan -

sp ecific crit eria su ch  as wh eth er bu lld ozers

are n earby or d istan t  wh en  th e p lan  is select-

ed. Th e keys h ave to becom e m ore discrim i-

n a t in g, an d  we p ro b ab ly h ave t o  d evelo p

m ore soph isticated plan -selection  m ech an ism s.

We h ave d esign ed  a  gen eral m o n it o rin g

m ech an ism  called  envelopes th at  m in im izes

th e cogn it ive resources devoted  to  m on itor-

in g yet  provides early warn in g of p lan  failu re.

En velop es in corp orate exp ectat ion s o f h ow

p lan s are t o  p ro ceed ; t h ey rep resen t  t h ese

expectat ion s as fun ction s. As actual progress

is reported, it  is com pared with  th ese expecta-

t ion s, an d deviation s ou tside certain  param e-

terized  th resh o ld s are flagged  fo r cogn it ive

atten tion . For exam ple, if an  agen t m ust be at

a certain  p lace at  a certain  t im e, we can  tell

by p roject ion  wh eth er th e dead lin e is feasi-

ble—can  th e agen t travel th e distan ce in  th e

given  t im e? By projectin g th e expected t im e

of travel (based on  a param eter such  as aver-

age speed for th e agen t on  th e given  terrain ),

we can  create an  en velope for th e travel t im e

an d  u se it  to  m on ito r th e agen t ’s p rogress.

Th e  en ve lo p e  a lso  p red ic t s t h e  ex p ect ed

arrival t im e based  on  th e recen t  p rogress of

th e agen t. Furth erm ore, it  predicts th e m in i-

m um  speed  at  wh ich  th e agen t  m ust  t ravel

over th e rem ain in g d istan ce to arrive before

th e deadlin e.  If th is speed is at  or approach -

in g th e top  speed of th e agen t, th en  th e en ve-

lope sign als th e p lan n er th at  th e deadlin e is

in  jeopardy, providin g an  early failu re warn -

in g. Curren tly, we h ave h ooks for en velopes

in  p lan s, an d  lim ited  m ech an ism s to rep lan

wh en  en velopes are violated. For exam ple, if

th e fire sp reads q u icker th an  an t icip ated , a

slack t im e en velope is  violated an d th e fire-

boss sen ds on e or m ore addit ion al bu lldozers

to h elp  ou t.

Error recovery an d  rep lan n in g are im p le-

m en ted  as cogn it ive act ion s, ju st  like p lan

selection  an d p lan  expan sion . Wh en  an  error

is detected  in  a p lan , an  act ion  is posted  to

t h e  t im e l in e  t h a t  in sp ec t s t h e  e r ro r  a n d

at tem p ts to  fix th e exist in g p lan . Con sider,

for exam ple, a failu re on  th e part  of a bu ll-

dozer to fin d fire at  th e location  to wh ich  it

was sen t. A plan  we curren tly h ave to fix th e
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feren t  agen t  d esign s by sp ecifyin g h ow th e

agen t  m an ages i t s sen so rs,  e ffect o rs,  an d

m em ory, an d decides wh at to do n ext.

We d em on st rat ed  on e way to  o rgan ize a

m u lt iagen t  p lan n er in  th e Ph oen ix testbed ,

bu t  th e agen t  arch itectu re certain ly supports

oth ers. Work is un der way in  Victor Lesser’s

laboratory to bu ild  a cooperatin g, d istribu ted

p lan n er fo r t h e Ph oen ix t estbed . Alth ou gh

prelim in ary, th is m odel assum es m ultip le fire-

bosses, each  with  sph eres of in fluen ce (geo-

graph ic areas an d  agen ts) u n der it s con t ro l,

wh o cooperatively figh t fires at  th eir borders,

loan in g resources to  n eigh bors or redrawin g

t h eir  bo u n d aries t o  sh ift  t h e wo rk lo ad  in

tim es of stress. Alth ough  th is m odel is sim ilar

to  th e Ph oen ix p lan n er in  th e relat ion sh ip

between  firebosses an d agen ts, it  adds a coop-

erative relat ion sh ip  between  firebosses.

Ph oen ix  agen t s sh ou ld  learn  t o  im p rove

t h e ir  p er fo rm an ce .  Th e  o p p o r t u n it ies fo r

learn in g are m yriad: We can  learn  n ew reflex-

es an d ch ain  reflexes togeth er to learn  sh ort

p lan  fragm en ts. We can  learn  n ew plan s from

patch es to failed  on es. We can  learn  correla-

t io n s b et ween  en viro n m en t a l co n d it io n s,

such  as ch an ges in  win d  d irect ion , an d  fail-

ures, such  as bu lldozers becom in g trapped in

t h e  fire .  C u rren t ly,  w e  a re  ex t en d in g t h e

error-recovery m ech an ism s to  learn  patch es

to  failed  p lan s. Th is is on e asp ect  o f Ad ele

Howe’s (1989) d issertat ion  work. Allen  Newell

recen tly poin ted out th at  “you  can ’t  program

SOAR” because m uch  of its beh avior em erges

from  seq u en ces o f locally select ed  ch u n ks,

an d  n o  way rea lly ex ist s t o  p red ict  h o w a

ch u n k, ad d ed  b y h an d , m akes t h e syst em

beh ave. We h ave foun d th e sam e to be true of

act ion s an d  reflexes in  Ph oen ix an d  con cu r

w it h  N ew ell t h a t  o n ce  a  syst em  a t t a in s a

d e g r e e  o f  c o m p le x i t y,  i t  m u st  l e a r n  t o

im prove its perform an ce on  its own .

Con clusion

Th e developm en t  of Ph oen ix h as been  in t i-

m ately t ied  to  ou r evo lvin g id eas abou t  AI

research  m eth odology an d, specifically, to our

un derstan din g of th e role of evaluation  in  AI

resea rch  (C o h en  a n d  H o w e  1 9 8 8 ,  1 9 8 9 ).

Clearly, th e evalu at ion  o f Ph oen ix m u st  be

with  respect  to th e goals of th e project . More-

over, it  m ust tell us n ot on ly wh eth er we h ave

succeeded but wh eth er we are succeedin g an d

wh y o r wh y n o t . As n o ted  in  Th e Ph oen ix

Research  Agen da, th e goals of Ph oen ix are of

th ree kin ds. Our tech n ical goals are to bu ild  a

real-t im e p lan n er with  learn in g, approxim ate

sch edulin g, en velopes, an d th e oth er features

n oted earlier. Our scien tific goal is to un der-

st a n d  h o w  en v iro n m en t a l  ch a ra ct e r ist ics

in fluen ce agen t design —th e relat ion sh ips dis-

cussed in  th e con text of th e beh avioral ecolo-

gy  t r ia n gle  (figu re  5 ).  La st ,  w e  a re  u sin g

Ph oen ix as a fram ework in  wh ich  to develop

AI m eth odology.

Progress toward each  of th ese goals is eval-

u ated  d ifferen t ly. Ph oen ix is p aram eterized

an d in strum en ted at  all its layers to facilitate

eva lu a t io n s o f sp ecific t ech n ica l d evelo p -

m en ts; for exam ple, we can  assess wh eth er an

approxim ate sch edu lin g algorith m  is robu st

again st  varyin g t im e pressure because we can

vary t im e p ressu re wh ile we h old  oth er fac-

to rs con stan t . We can  ru n  fire scen arios in

d ozen s o f con d it ion s with  d ozen s o f varia-

t ion s in  th e algorith m s used by th e Ph oen ix

plan n er. Th ese experim en ts are sch eduled  to

begin  in  th e fall of 1989. Th ey will en able us

to  d em on st rat e t h e u t ilit y o f ou r t ech n ical

solu tion s, explain  wh y th ey are solu tion s, an d

discover th e lim its on  th eir scope (Coh en  an d

Howe 1988).

Clearly, th ese can n ot  be th e on ly aim s of

th e exp erim en ts. Alth ou gh  it  is valu able to

probe th e scope an d efficacy of specific tech -

n iques, such  experim en ts m igh t n ot n ecessar-

ily  ad d ress o u r  scien t ific go a ls.  We m igh t

sh ow th at  a Ph oen ix p lan n er works well in

th e Ph oen ix en viron m en t  bu t  n o t  h ow th e

en viron m en t  con st rain s th e design  of p lan -

n ers. Fu rt h erm o re, u n less we are t ryin g t o

an swer specific question s of th is sort , experi-

m en ts with  tech n iques are un guided. Dozen s

of variat ion s on  th e Ph oen ix p lan n er exist  as

well as h un dreds of en viron m en tal con dit ion s

in  wh ich  th ey m igh t be tested. To guide th e

search  of th is space, we will gen erate an d test

gen era l ru les t h a t  ju st ify  an d  exp la in  t h e

design  of agen ts. Th ese ru les will call on  fun c-

t ion al relat ion sh ip s th at  cap tu re t rad e-o ffs.

For exam ple, th e well kn own  store-recom pute

t rade-off lu rks in  th e design  of th e Ph oen ix

p lan n er: We use it  to  ju st ify th e decision  to

rely on  stored p lan s in  an  en viron m en t th at

exert s t im e p ressu re, favo rin g st o rage o ver

com putation . Perh aps, th ere is a gen eral ru le

h ere (for exam ple, un der t im e p ressu re, rely

on  storage over com putat ion ), or m an y spe-

cific varian t s o f th is ru le fo r en viron m en t s

wit h  d ifferen t  kin d s o f t im e p ressu res an d

agen t s with  d ifferen t  kin d s o f sto re-recom -

pute trade-offs. In  an y case, our scien tific goal

is to d iscover fun ction al relat ion sh ips (an d to

exp lo it  t h ose we alread y kn ow su ch  as th e

store-recom pu te t rade-off) an d  em bed  th em

in  ru les for design in g in telligen t  agen ts. To

evaluate progress toward th is goal, we n eed to

m easure th e exten t to wh ich  perform an ce can

be predicted. If we really un derstan d th e rela-
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t ion sh ips between  en viron m en tal ch aracteris-

t ics, agen ts’ beh aviors, an d  agen ts’ design s,

th en  we sh ould  be able to predict  th at  agen ts

with  part icu lar design s will beh ave in  part icu-

lar ways un der part icu lar en viron m en tal con -

dit ion s.

Alth ou gh  we are far from  th is goal, it  is

paradigm atic of th e style of AI research  we ad-

vocate. To evaluate th e success of th is m eth od-

ological stan ce will take a lon g t im e, bu t if it

is possible, surely th ere is n o better aim  for AI

th an  to  u n d erst an d —to  th e p o in t  o f bein g

able to predict  beh avior—h ow to design  in tel-

ligen t agen ts in  com plex en viron m en ts.  ■
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