
■ In teract ive sim u lat ion  en viron m en ts con st itu te

on e of today’s prom isin g em ergin g tech n ologies,

wit h  ap p licat io n s in  areas su ch  as ed u cat io n ,

m an u fact u rin g, en t ert a in m en t , an d  t ra in in g.

Th ese en viron m en ts are also  rich  d om ain s fo r

buildin g an d in vestigatin g in telligen t autom ated

agen ts, with  requirem en ts for th e in tegration  of a

variety of agen t capabilit ies but with out th e costs

an d dem an ds of low-level perceptual processin g

or robotic con trol.

Our p roject  is aim ed  at  develop in g h um an like,

in t elligen t  agen t s t h at  can  in t eract  with  each

oth er, as well as with  h u m an s, in  su ch  virtu al

en viron m en ts. Ou r cu rren t  target  is in telligen t

au tom ated  p ilots for bat t lefield-sim ulat ion  en vi-

ron m en ts. Th ese dyn am ic, in teract ive, m u lt ia-

gen t  en viron m en ts pose in terest in g ch allen ges

for research  on  specialized  agen t  capabilit ies as

well as on  th e in tegrat ion  of th ese capabilit ies in

th e developm en t  of “com plete” p ilot  agen ts. We

are addressin g th ese ch allen ges th rou gh  devel-

o p m en t  o f a  p ilo t  agen t ,  ca lled  TacAir-So ar ,

with in  th e Soar arch itectu re.

Th is article provides an  overview of th is dom ain

an d  p ro ject  b y an alyzin g t h e ch allen ges t h at

au tom ated p ilots face in  batt lefield  sim ulation s,

describin g h ow TacAir-Soar is successfu lly able to

address m an y of th em —TacAir-Soar p ilots h ave

already successfu lly part icipated  in  con strain ed

air-com bat  sim u lat ion s again st  exp ert  h u m an

p ilo t s—an d  d iscu ssin g t h e issu es in vo lved  in

resolvin g th e rem ain in g research  ch allen ges.

I
n t eract ive sim u lat io n  en viro n m en t s are

becom in g ubiquitous, fin din g application s

in  ed u ca t io n  (M o ravec 1 9 9 0 ),  t ra in in g

(Jon es et  al. 1993; Webber an d Badler 1993),

en tertain m en t (Maes et  al. 1994; Bates, Loyall,

an d  Reilly 1992), an d  m an u fact u rin g (DIS

St eer in g C o m m it t ee  1 9 9 4 ).  Th ese  v ir t u a l

w o r ld s  c a n  b e  p o p u la t e d  n o t  o n ly  w i t h

h u m an s bu t  also  with  in telligent autom ated

agents—AI system s th at  in teract  with  h um an s,

each  o th er, an d  th eir virt u al en viron m en t .

Th ese syn th etic en viron m en ts provide a n ew

laboratory in  wh ich  in telligen t  art ifacts can

be studied.

Alth ough  th e con cept  of a syn th etic en vi-

ron m en t is closely related to th ose of software

(Et zio n i 1993), ro bo t ic (Bro o ks 1991), an d

test -bed  (Han ks, Po llack, an d  Coh en  1993)

en viron m en ts, it  d iffers from  each  in  sign ifi-

can t ways. With  respect  to software en viron -

m en ts, th e m ost sign ifican t d ifferen ce is th at

syn th et ic en viron m en ts u sually requ ire real-

t im e beh avior in  dyn am ic, lim ited -in form a-

t ion  world s. A st ron g dep en den ce on  t rad i-

t ion al p lan n in g tech n iques is th us ru led  ou t

in  syn th et ic en viron m en ts. With  resp ect  to

robo t ic en viron m en ts, th e m ost  sign ifican t

d ifferen ce is th at  syn th etic en viron m en ts do

n ot  h ave to  m eet  th e ch allen ge of low-level

p ercep t io n  an d  m o t o r co n t ro l. Th u s, t h ey

en ab le t h e st u d y o f h igh er-level asp ect s o f

in telligen ce an d th eir in tegrat ion , un fet tered

from  th e dem an ds an d costs of low-level per-

ceptual processin g an d robotic con trol. With

resp ect  to  t est -bed  en viron m en ts, th e m ost

sign ifican t  d ifferen ce is th at  syn th et ic en vi-

ro n m en t s, a t  least  o f t h e t yp e fo cu sed  o n

h ere, a re rea l d o m ain s t h a t  a re d evelo p ed

com m ercially for govern m en t or com m ercial

clien t s wh o  n eed  t h em  fo r t h eir  o wn  u se.

Th us, developers of agen ts for syn th etic en vi-

ro n m en t s d o  n o t  gen era lly h ave t h e sam e

freed o m  t o  p rest ru ct u re t h e en viro n m en t ,

ch oose wh ich  aspects of beh avior will m atter,

or in st ru m en t  th e dom ain  for experim en tal

purposes. On e addit ion al aspect  of syn th etic

en viron m en ts th at  sets th em  apart  from  th ese

o th er th ree en viron m en t  typ es is t h e com -
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ly (such  as drivin g poin t  to  poin t  in  form a-

tion  or en gagin g an  en em y) to som e (relat ive-

ly low) ech elon  of com m an d . High er ech e-

lon s of com m an d are vested in  h um an s, wh o

a re  a lso  resp o n sib le  fo r  co o rd in a t in g t h e

act ivit ies of m ult ip le SAFORs as well as in ter-

ven in g at  lower ech elon s wh en  th e au tom at-

ed  respon ses are in adequate (th us ju st ifyin g

th e term  sem iautom ated).

Th e success of SIMNET h as led  ARPA to pur-

sue th e exten sion  of DIS tech n ology across all

services (air force, arm y, m arin es, an d n avy).

Th e goal is t o  p rovid e a  cost -effect ive an d

r e a l i s t i c  e n v i r o n m e n t  fo r  t r a in in g  a n d

reh earsal as well as th e test in g of n ew doc-

t rin e, t act ics, an d  weap on -system  con cep t s

(DIS Steerin g Com m it tee 1994). Th e exten -

sion  in volves expan din g th e types of veh icle

(to in clude essen tially all active groun d, sur-

fa ce ,  a n d  a i r  v eh ic le s) a s w e l l  a s grea t ly

in creasin g th e n um ber of part icipat in g en t i-

t ies to a level of approxim ately 50,000 (th us

en ablin g effective train in g at  h igh er levels of

com m an d). Despite th is large desired growth

in  th e n um ber of en tit ies, cost  factors d ictate

an  u p p er bou n d  of ap p roxim ately 1000 on

th e n um ber of h um an s th at  can  directly par-

t icipate. Th us, th e rem ain in g 49,000 en tit ies

req u ired  to  fill ou t  t h e bat t lefield  m u st  be

com puter-gen erated forces.

SAFORS can  provide m an y of th ese au tom at-

ed  fo rces.  H o w ever,  t h ey  h a ve  su ffic ien t

weakn esses t o  h ave led  ARPA t o  co n sid er

altern atives. On e m ajor weakn ess is th at  th e

au t o n o m y o f SAFO Rs is ex t rem ely  lim it ed .

Alth ou gh  th ey can  p erfo rm  sim p le m an eu -

vers, SAFO Rs st ill req u ire sign ifican t  h u m an

m a n a ge m e n t  w h e n  i t  co m e s t o  t h e  fin e

p o in t s o f execu t in g a com p lex coord in ated

activity, such  as m ovin g in to a defen sive posi-

t ion  on  a h ill. Th is m an euver requires kn owl-

edge th at  SAFORs do n ot h ave about wh at th e

poten tial aven ues of at tack are, h ow to over-

lap  fire fo r m u tu al p ro tect ion , an d  h ow to

h id e beh in d  featu res o f th e lan d scap e. Th e

resu lt in g n eed to m icrom an age SAFOR en tit ies

can  easily overload  a h um an  con troller dur-

in g th e h eigh t of an  en gagem en t. Moreover,

t h e h u m an  m u st  a t t em p t  t o  sim u la t e  t h e

com bin ed reason in g an d in teraction s am on g

m an y in d ep en d en t  en t it ies in  acco rd an ce

with  th e appropriate m ilitary tactics an d doc-

trin e. Fin ally, th e h um an  con troller m ust  be

h igh ly  skilled : It  t akes ap p ro x im at ely  six

m on th s to train  a n ew con troller. Such  con -

sideration s led  ARPA to in it iate th e In telligen t

Forces (IFOR) Program , with  th e goal of devel-

opin g fu lly au tom ated in telligen t  forces th at

can  part icipate in  th e sim ulated com bat en vi-

m o n  req u irem en t  t h a t  t h eir  agen t s act  as

h um an  surrogates, n ecessitat in g an  im portan t

con strain t  of h um an like beh avior.

Our research  effort  is aim ed at  th is task of

producin g h um an like, in telligen t  au tom ated

agen t s fo r  la rge-sca le, rea list ic sim u la t io n

en viron m en ts. Su ch  agen ts p rom ise several

ben efit s th at  cou ld  en h an ce th e cost  effec-

t iven ess an d  fu n ct io n in g o f t h ese  v ir t u a l

worlds. On e poten t ial ben efit  is th at  in telli-

gen t  a gen t s co u ld  su b st i t u t e  fo r  h u m a n s

wh en  large n um bers of en t it ies are requ ired

to  popu late a virtual world . Th us, in  t raffic

sim ulators in ten ded for t rain in g an d  experi-

m en tat ion , in telligen t  agen ts cou ld  be u sed

to create realist ic scen arios in volvin g slow or

sp eed in g veh icles, p edest rian s, t raffic jam s,

an d oth er com plex traffic pattern s (Crem er et

al. 1994). Sim ilarly, in  large-scale m ilitary bat-

t lefield  sim ulat ion s, in telligen t  agen ts cou ld

su bst itu te for t roops wh o are n eeded  to  fill

ou t  an  en gagem en t  bu t  are n ot  available in

person . An oth er poten tial ben efit  is th at  art i-

ficial agen ts can  sim plify an d speed up exper-

im en t a t io n  b y p ro vid in g m o re co n t ro l o f

b eh a v io r,  r ep ea t a b i l i t y  o f scen a r io s,  a n d

in creased  rat e o f sim u lat ion  (th at  is, fast er

th an  real-t im e sim u lat ion ). Th is ben efit  can

b e  cr i t ica l  fo r  t e st in g n ew  p ro d u ct s t h a t

req u ire rep eat ed  exp erim en t at io n  acro ss a

wid e ran ge o f sit u at io n s, su ch  as co llisio n

warn in g devices in  traffic sim ulators.

Our effort  began  with  a focus on  in telligen t

au tom ated  agen ts fo r bat t lefield -sim u lat ion

en viron m en ts. Th ese en viron m en ts are based

on  distributed interactive sim ulation (DIS) tech-

nology (DIS St eer in g Co m m it t ee 1994), in

wh ich  large-scale in teract ive sim ulat ion s are

bu ilt  from  a set  o f in d ep en d en t  sim u lato rs

lin ked togeth er by a n etwork. Sin ce 1983, th e

Ad van ced  Research  Pro ject s Agen cy (ARPA)

h as been  pursu in g DIS tech n ology aggressive-

ly as a basis for large-scale batt lefield  sim ula-

t ion s. Th e SIMNET effort  (Th orpe et  al. 1989),

wh ich  ARPA un dertook in  cooperat ion  with

th e Un it ed  St at es Arm y, was an  im p ort an t

m ileston e in  t h is regard . SIMNET p rovid es a

su ccessfu l d em o n st ra t io n  o f t h e  essen t ia l

tech n ologies support in g a d istribu ted  bat t le-

field -sim u lat io n  en viro n m en t  in  wh ich  as

m an y as 1000 in depen den t  com bat  en t it ies,

m a in ly  a r m y  sy st e m s su ch  a s t a n k s a n d

arm ored person n el carriers, can  part icipate in

t ra in in g exercises in  a  v ir t u a l b a t t lefie ld .

With in  SIMNET, h um an s an d com puter-gen er-

a t ed  fo rces—referred  t o  as sem iau t o m at ed

fo rces (SAFO Rs)—can  en gage in  u n scrip t ed ,

free-play sim ulated com bat. SAFORs are able to

perform  m an y sim ple activit ies au ton om ous-
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ron m en t. Th e u lt im ate idealization  is to h ave

plug com patibility between  h um an s in  ph ysi-

cal sim ulators an d com puter-gen erated forces:

Eith er could  be p lugged in  to p lay a part icu lar

role in  an  en gagem en t.

Th e key  resea rch  ch a llen ge in  b u ild in g

IFO Rs is gen era t in g in t elligen t ,  h u m an like

beh avior in  a com plex, dyn am ic, an d un cer-

tain  batt lefield-sim ulation  en viron m en t. Th e

ideal is au tom ated  beh avior th at  is in d ist in -

guish able from  h um an  beh avior, at  least  with

resp ect  t o  t h e  m o d a li t ies t h ro u gh  w h ich

agen ts can  be observed  (su ch  as visu al an d

rad ar sen sin g o f t h e veh icle) (Tam be et  al.

1994). However, pragm atically, all th at  is real-

ly n ecessary is t h e p rod u ct ion  o f beh avio r

th at  is clo se en ou gh  to  t h at  o f h u m an s t o

fo rce t h e o t h er en t it ies in  t h e sim u lat io n ,

wh eth er h um an  or IFOR, to in teract  with  th e

IFO Rs in  t h e sam e way th ey wou ld  in t eract

with  h um an s. Th is goal is st ill am bitious, bu t

becau se th is en viron m en t  is syn th et ic, t h e

IFORs, at  least , do n ot n eed to deal with  issues

of low-level percep t ion  an d  robot ic con trol.

Fu r t h e r m o r e ,  t h e  fo r m s o f  in t e r a c t io n

between  en t it ies on  a bat t lefield  are great ly

restricted  by th e specific goals, doctrin e, an d

m issio n s o f t h e p art icip an t s. Fo r exam p le,

th ere are essen t ially n o  verbal in t eract ion s

between  opposin g en t it ies, an d  cooperat in g

en t it ies rest rict  th eir com m un icat ion  to  th e

details of curren t m ission s—th ey rarely if ever

discuss poetry.

Th is art icle explores th e ch allen ge of creat-

in g in telligen t  agen ts for d ist ribu ted  bat t le-

field  sim u lat io n s, o u t lin es o u r p ro gress t o

date in  m eetin g th is ch allen ge, an d discusses

th e rem ain in g research  ch allen ges. It  is d iffi-

cu lt  in  gen era l t o  say wh at  ch a llen ges an

en viron m en t presen ts with out un derstan din g

wh at  tasks are to  be perform ed in  th e en vi-

ron m en t . For th is effort , th ese tasks are p ri-

m arily d efin ed  by th e d em an d s o f a  large-

scale sim ulated tactical exercise to take p lace

in  1997 called  Sim ulated  Th eater of War ‘97

(STO W-9 7 ).  STO W-9 7  is t o  in vo lve ab o u t

50,000 en tit ies from  all bran ch es of th e m ili-

t ary. Ou r ch allen ge is t o  p rovid e syn th et ic

p ilo ts for all th e m ission s in  STOW-97 th at

in volve m ilitary aircraft , in clu d in g figh ters,

bo m bers, t ro o p  t ran sp o rt s, reco n n aissan ce

aircraft , an d h elicopters.

Th is art icle begin s with  an  exam in ation  of

t h e sim u lat ed  air-co m bat  en viro n m en t , in

part icu lar, an  in -depth  exploration  of a frag-

m en t of a typical air-to-air m ission , as m igh t

o ccu r  d u r in g STO W-9 7 .  Th is ex p lo ra t io n

brin gs ou t a set  of requirem en ts for au tom at-

ed p ilots th at  in cludes a variety of im portan t

ca p a b il i t ie s: go a l-d r iven  a n d  kn o w led ge-

in ten sive beh avior, react ivity, real-t im e per-

form an ce, con form an ce to  h u m an  react ion

tim es an d lim itation s, perform an ce of m ulti-

p le overlappin g tasks, coordin ation  with  oth -

er agen t s, com m u n icat ion , agen t  m od elin g

(plan  recogn it ion ), tem poral reason in g, p lan -

n in g, m ain ten an ce of ep isodic m em ory, an d

explan ation .

We su b seq u en t ly  d escr ib e  in  d et a il  t h e

d esign  an d  st atu s o f ou r au tom ated  p ilo t s,

alon g with  th e work th at  rem ain s to  en able

th em  to part icipate in  STOW-97. Th e creation

of effect ive, in telligen t , au tom ated  p ilo t s is

facilitated  by an  un derlyin g arch itecture th at

can  su p p o rt  t h e p revio u sly list ed  req u ire-

m en ts in  an  in tegrated  fash ion . To develop

our p ilot  agen ts, we focused on  th e Soar in te-

grated  arch itectu re (Rosen bloom  et  al. 1991;

Laird , Newell, an d  Rosen bloom  1987). Th e

system  we developed with in  Soar, TacAir-Soar

(Joh n son  et  al. 1994; Jon es 1994), represen ts

a gen eric au tom ated p ilot . Specific au tom ated

pilot  agen ts are created by specializin g it  with

specific param eters an d  dom ain  kn owledge.

Th ese p ilot  agen ts th en  part icipate in  batt le-

field  sim ulation s by sim ulated aircraft  provid-

ed  b y Mo d SAF (Cald er  et  a l.  1993), a  d is-

t ribu ted  sim u lator th at  h as been  developed

com m ercially for th e m ilitary.

Version s o f th ese au tom ated  p ilo t  agen ts

h ave already been  dem on st rated  on  several

occasion s to  n avy p erson n el, ran gin g from

curren t  an d form er n avy p ilots to a h an dfu l

o f ad m irals, at  th e Un ited  States Naval Air

Stat ion  Ocean a (in  Virgin ia Beach , Virgin ia).

Two of th e earlier dem on stration s focused on

sm all-sca le  sim u la t ed  a ir-co m b a t  en gage-

m en ts again st  expert  h um an  pilots. Alth ough

th ese en gagem en ts were sim p lified  bo th  in

term s of th e n um bers of aircraft  in volved in

th e com bat  an d  th e types of m an eu ver th e

h u m a n  p i lo t s  co u ld  u se ,  t h e  a u t o m a t e d

p ilo t s’ p erform an ce was im p ressive en ou gh

for n avy person n el to provide very en th usias-

t ic feedback. Captain  McLan e, com m an der of

th e Navy Figh ter Weapon s Sch ool (TOPGUN),

was presen t at  on e of th e dem on stration s an d

com m en ted as follows on  th e set  of air-com -

bat–sim u lat ion  capabilit ies h e witn essed  (of

wh ich  TacAir-Soar p rovided  th e on ly in telli-

gen t au tom ated p ilots): “I am  totally en th usi-

ast ic. I h ave been  lookin g for six m on th s for

th is type of capability. I wan t on e n ow.”

Th e m ost recen t dem on stration  was part  of

a m uch  larger en gagem en t  called  Sim ulated

Th eater of War, Europe (or STOW-E), wh ich

was h eld  4–7 Novem ber 1994. STOW-E was

an  op erat ion al (an d  in tern at ion al) m ilit ary
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in  a ran ge of m ission s across all four days of

th e exercise, an d on  m ore th an  on e occasion ,

we sh ot down  h um an  pilots flyin g in  sim ula-

tors. Our un derstan din g is th at  TacAir-Soar is

th e first  AI system  to h ave part icipated direct-

ly in  an  operation al m ilitary exercise.

We later p rovide a broader perspect ive on

TacAir-Soar’s relat ion sh ip  with  oth er AI sys-

tem s. Th e fin al sect ion  p resen ts ou r con clu -

sion s.

Th e Air-Com bat–Sim ulation
Dom ain

In  DIS, large-scale, in teractive sim ulation s are

developed from  a set  of in depen den t sim ula-

tor n odes lin ked togeth er by a n etwork. Th ese

n odes com m un icate u sin g th e DIS stan dard

n etwork protocol (IEEE 1993). Each  n ode sim -

ulates th e activit ies of on e or m ore en tit ies in

th e en viron m en t an d com m un icates relevan t

in form ation  to th e oth er n odes in  real t im e.

To con trol th e cost  of th e sim ulation , a cen -

tral h ypoth esis un derlyin g DIS is th at  th ere is

n o n eed to strive for com pletely realist ic (th at

is, high-fidelity) sim ulation s of th e batt lefield .

In stead , th e em p h asis is on  sim u lat in g th e

en viro n m en t  t o  a  su fficien t  level (t h a t  is,

exercise—in  fact , th e largest  d istribu ted sim u-

lat ion  exercise to  d at e—in vo lvin g ap p roxi-

m ately 2000 en tit ies origin atin g from  19 sites

across th e Un ited  States an d  Eu rop e. Th ese

en tit ies represen ted everyth in g from  aircraft ,

sh ips, an d groun d veh icles to in dividual sol-

diers an d m issiles. Som e en tit ies correspon d-

ed  to  actu al m an n ed  veh icles (for exam ple,

actual F18 figh ter jets) th at  were broadcastin g

t h e i r  s t a t u s  o v e r  t h e  D IS n e t w o r k  o r  t o

m an n ed  sim u lat o rs. Ho wever, m o st  o f t h e

en tit ies correspon ded to com puter-gen erated

fo rces. Ou r ro le in  STOW-E was to  p rovid e

IFORs for a ran ge of air-to-air, air-to-groun d ,

an d  air-to-su rface m ission s. Th is dem on stra-

t ion  was a real learn in g experien ce for us in

u n d erstan d in g wh at  h ap p en s in  su ch  com -

plex situation s, both  in  term s of th e stress it

pu ts on  th e low-level tech n ology (such  as th e

n u m b er  o f cycles r eq u ired  t o  co n st a n t ly

m ain tain  an d  d isp lay th e status of so m an y

en tit ies on  a workstation ) as well as th e m an y

su rp rises it  p rovides for th e agen ts (such  as

th eir bein g sh ot  down  by surface-to-air m is-

sile bat teries th at  we h ad  n o idea existed  or

th e un expected  form s of beh avior exh ibited

by u n con st rain ed  h u m an  p ilo t s). Non eth e-

less, we were able to  successfu lly part icipate

Articles

18 AI MAGAZINE

Figure 1. Hum an and Autom ated Pilots Interact with the DIS Environm ent Using Distributed Sim ulators.



selective fidelity) to  t rigger tact ically relevan t

respon ses from  h um an s (Crooks et  al. 1992).

Figure 1 illustrates a portion  of th e DIS n et-

work. It  sh ows t h ree in t eract in g sim u lato r

n o d e s:  a  p h y sica l  co ck p i t  s im u la t o r  fo r

h u m an  p ilo t s an d  t wo  UN IX wo rkst a t io n s,

each  run n in g a copy of th e ModSAF sim ula-

tor (Calder et  al. 1993). Each  copy of ModSAF

can  sim ultan eously sim ulate a n um ber of d if-

feren t  figh t er  a ircra ft .1  Th ese  a ircra ft  can

en gage in  sim u la t ed  a ir  co m b at  w it h  an d

again st  each  oth er, eith er on  a sin gle worksta-

t ion  or across th e n etwork on  m ultip le work-

stat ion s, in  real t im e. Th e total n um ber of air-

c r a ft  s im u la t e d  o n  a  s in g le  w o r k st a t io n

depen ds on  th e com plexity of th e au tom ated

p ilots flyin g th e aircraft  an d , obviously, th e

type of workstation . We are curren tly able to

ru n  as m an y as six TacAir-Soar–p ilo ted  air-

craft , p lus ModSAF, on  a sin gle R4400-based

Silicon  Graph ics INDIGO workstation . ModSAF

m od els t h e relevan t  d et ails o f t h e aircraft ,

in clu d in g t h eir m o t ion  d yn am ics, sen so rs,

an d weapon  capabilit ies, for selective fidelity

sim ulation . In  run n in g th e sim ulation , Mod-

SAF’s basic cycle starts by sequen tially in vok-

in g each  agen t. It  th en  updates its sim ulation

m odel based  on  th e act ion s of th ese agen ts,

data received  over th e n etwork abou t  o th er

agen ts, an d th e predicted m ovem en t of oth er

agen t s (b ased  o n  elap sed  t im e). Fin ally, it

b ro ad cast s ch an ges in  it s agen t s’ m o t io n s

over th e n etwork. Th e basic cycle t im e is flex-

ible, adjustin g between  2 an d 15 t im es a sec-

o n d  b a se d  o n  a v a i l a b le  c o m p u t a t io n a l

resources.

As sh own  in  figu re 1, an  au tom ated  p ilot

m akes u se o f an  abst ract  co ckp it  in t erface

(Sch wam b, Koss, an d Keirsey 1994) to in teract

with  th e aircraft  p rovided  by ModSAF. Th is

in terface is in ten ded to em ulate th e en viron -

m en t th at a h um an  pilot en coun ters—th e air-

craft  cockpit . Th e in terface provides an  auto-

m a t e d  p i lo t  w i t h  d a t a  co r r e sp o n d in g  t o

sen sory in form ation  it  would obtain  from  an

aircraft  cockp it , for exam ple, radar d isp lays,

rad io  m essages, veh icle st atu s in st ru m en ts,

a n d  v i su a l  s igh t in gs o u t  o f  t h e  co ck p i t

can opy. However, to avoid expen sive low-lev-

el sign al p rocessin g, t h e in t erface p rovid es

th ese data in  th e form  of n um eric or sym bolic

en codin gs rath er th an  actual im ages or d igi-

t ized  aud io . For exam ple, th e in terface sup -

p lies n um eric data correspon din g to th e air-

craft’s alt itude, say, 10,000 feet, rath er th an  an

im age of its alt im eter. Th e sen sors do n ot pro-

vide un lim ited access to th e en viron m en t but

in stead attem pt to m odel th e perceptual lim its

th at  actual p ilots wou ld  h ave. Curren t ly, 31

static in put an d 19 dyn am ic in put are avail-

able to an  agen t, wh ich  describe its own  state,

plus 3 static in put an d as m an y as 10 dyn am ic

in put for each  radar or visual con tact.

To allow th e sim ulated  aircraft  to  be con -

t rolled  by an  au tom ated  p ilo t , th e in terface

also accepts com m an ds from  th e p ilot , again

in  n u m eric o r sym b o lic fo rm . Th ese co m -

m an ds are th en  sen t  to  ModSAF to  con t ro l

th e aircraft’s m otion  (desired speed, h eadin g,

alt itude, rate of tu rn ), adjust  th e radar system

(orien tat ion , m ode), select  an d  fire m issiles,

o r com m u n icate by rad io . Cu rren t ly, t h ere

are a to tal o f 26 typ es of ou tp u t  com m an d

th at  an  agen t can  sen d to th e in terface. Th e

u n derlyin g m odel of th e veh icle con st rain s

th e agen t to perform  on ly th ose action s th at

would be possible in  a real p lan e. Th is m odel

h as b een  rest r ict ed  t o  in clu d e so m e co n -

strain ts on  p ilots. For exam ple, th e au tom at-

ed p ilot  can  n ever cause th e p lan e to perform

m an euvers th at  would exceed th e G force sus-

tain able by a h um an  p ilot . On e verificat ion

of th e sufficien cy of th e cockpit  abstraction  is

th at  we h ave been  able to bu ild  software on

top  o f it  th at  allows h u m an s to  fly aircraft

effectively in  ModSAF usin g a sim ple, graph -

ic,  m o u se-d r iven  in t er face  (van  Len t  an d

Wray 1994).

Figu re 2 sh ows a sn apsh ot  taken  of Mod-

SAF’s p lan -view display of an  air-com bat sim -

u lat ion . Th e backgrou n d  sh ad in g in d icates

th e terrain . Th e grid  is used for m easurem en t;

in  th is case, each  grid  cell in dicates an  area of

10 × 10 kilom eters. Th e four aircraft  icon s in

th e figure h ave been  art ificially m agn ified  for

visibility. Th e ligh t-sh aded aircraft  are sim u-

lated  F-14Ds, an d  th e dark-sh aded  on es are

sim u lated  MiG-29 aircraft . Th e sm aller win -

d o ws a lo n g t h e sid e o f t h e  figu re  d isp lay

in form ation  abou t  th e act ive goal(/operator)

h ierarch ies o f t h e TacAir-Soar–based  p ilo t s

con trollin g th ese aircraft . Th ese goal h ierar-

ch ies are a sm all port ion  of th e en tire forest

of goals th at  th e p ilots can  possibly h ave (fig-

ure 3).

Figure 4 sh ows th is sam e sn apsh ot bu t with

th e t errain  an d  sid e win d ows rem oved  fo r

clarity an d  an  airfield  added  (sh own  by th e

crossed lin es in  th e bottom  left  corn er). Th is

sn apsh ot is th e first  in  a scen ario th at  we use

to illustrate th e key requirem en ts for bu ild in g

in telligen t  au tom ated  p ilots in  th is en viron -

m en t. Th e scen ario in volves four figh ter air-

c r a f t :  Th e  t w o  l igh t -sh a d e d  a i r c r a f t  a r e

d efen d in g t h e a irfie ld , an d  t h e t wo  d ark-

sh aded aircraft  are at tem ptin g to clear ou t th e

ligh t-sh aded aircraft  so th at  bom bers can  later

m ake it  t o  t h e a irfield  u n co n t est ed  (t h ese
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t ive  p a t t ern  b et ween  t h e  a irfie ld  an d  t h e

an t icipated  d irect ion  of at tack. In  service of

th is patrol, th ey are flyin g as a closely coordi-

n ated pair, called  a section. As specified  by th e

m ission  p aram eters, p ilo t  LL (th at  is, ligh t

lead ) is t h e lead er, o r lead, o f t h is sect ion .

Pilot  LW (th at  is, ligh t  win gm an ) is th e wing-

m an of th is section —it is m ain tain in g form a-

t io n  an d  clo sely fo llo win g an y co m m an d s

issued by LL. LL an d LW are flyin g in  a for-

m a t io n  ca lled  t h e  f igh t in g w in g,  w it h  LW

sligh tly beh in d an d offset  from  LL. Th e two

d ark-sh ad ed  aircraft —DW  (d ark win gm an )

an d DL (dark lead)—are flyin g in  a trail for-

m ation, with  DW directly beh in d DL. DL an d

DW  are a t t em p t in g t o  clear o u t  t h e ligh t -

bom bers are n ot sh own  in  th e figure). As th e

scen ario progresses (figures 5 th rough  9), th e

two ligh t -sh aded  aircraft  fire m issiles at  th e

dark-sh aded  aircraft ; h owever, th ese m issiles

fail to h it  th eir targets. Th e aircraft  th en  repo-

sit ion  th em selves for a n ew attack. Th is sce-

n ario  is rep resen t a t ive o f sim u la t io n  ru n s

in v o lv in g  Ta cAir -So a r –b a se d  a u t o m a t e d

p ilo t s, alth ou gh  som e m in or m od ificat ion s

were m ade for illustrat ive purposes.

At th e begin n in g, in  figure 4, th e two air-

craft  groups are separated by a large distan ce

an d can n ot  sen se each  oth er, even  on  lon g-

ran ge rad ars. To  d efen d  t h eir  a irfield , t h e

ligh t -sh aded  aircraft  are flyin g a com bat air

patrol; th at  is, th ey are patrollin g in  a repeti-
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Figure 2. A Snapshot of ModSAF’s Sim ulation of an Air-Com bat Situation.



sh aded aircraft  by perform in g a sweep; th at  is,

th ey will fly in  an d en gage LL an d LW in  an

attem pt to eith er destroy th em  or drive th em

away.

Th e sp ecific m ission  an d  m ission -relat ed

param eters for each  of th e p ilots are specified

to th em  in  a briefing session  prior to th e m is-

sion , th at  is, before th e aircraft  are airborn e.

(Th e actu al select ion  p rocess fo r p art icu lar

m ission s o r m ission -relat ed  p aram eters are

n ot of con cern  in  th is scen ario.) Th e m ission

param eters typ ically specify a p ilo t ’s ro le as

th e lead or win gm an  in  th e m ission , its in it ial

fligh t  fo rm at ion , an d  th e sp ecific n u m bers

an d types of m issile th at  it  is to carry on  its

aircraft . In  addit ion , th e m ission  param eters

also  specify th e rules of engagem ent an d  th e

com m it  criteria, both  im portan t  param eters.

Ru les o f en gagem en t  are a set  o f d irect ives

regard in g th e gen eral con duct  of a m ission .

For figh ter p ilots, th ese directives m igh t spec-

ify th at  th ey m ust  posit ively iden tify an  air-

craft  to be en em y m ilitary before firin g. Th is

iden tification  can  be don e usin g a variety of

m eth ods, such  as th e use of special electron ic

beacon s. Com m it criteria are used by a p ilot  to

decide wh eth er to intercept, th at  is, en gage in

com bat with , an  en em y aircraft . For exam ple,

th e com m it criteria m igh t specify th at  a p ilot

m ust in tercept an y en em y aircraft  approach -

in g its airfield  bu t n ot in tercept oth er en em y

aircraft  (becau se it  m igh t  leave th e airfield

un protected).

Th e im portan t  poin t  to n ote in  th e discus-

sion  of figure 4 is th at  th e m ission  an d m is-

sio n -re la t ed  p a ram et ers h e lp  t o  sp ecify  a

p ilot’s goals. Figure 3 illustrates a port ion  of

th e forest  of goal h ierarch ies th at  are em bod-

ied  in  th e p ilots. Not  all th ese goals will be

active at  an y on e t im e: For exam ple, th e p ilot

will usually on ly be executin g on e m ission  at

a t im e; so, on ly on e ch ild  of execute-m ission

will be active at  a t im e. However, goals from

m ultip le h ierarch ies, such  as survive an d exe-

cu te m ission , will o ft en  be sim u lt an eou sly

active. Th e p ilot’s beh avior n eeds to be driven
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Figure 3. A Portion of an Autom ated Pilot’s Forest of Goal Hierarchies.



by th ese active goals. For th e p ilot  to gen erate

t h is b eh av io r,  i t  n eed s t o  p o ssess a  la rge

am oun t of kn owledge relevan t to th e various

m issio n s an d  m issio n -rela t ed  p a ram et ers.

Th us, figures 3 an d 4 illustrate a requirem en t

for kn owledge-in ten sive an d goal-driven  (top-

down ) beh avior. In  addit ion , th e previous dis-

cussion  also illustrates a requirem en t for reac-

t ive (bo t t o m -u p ) beh avio r. In  p art icu lar, a

w in gm a n  (e i t h e r  LW  o r  D W ) co n st a n t ly

n eeds to m on itor its posit ion  with  respect  to

it s lead  (eit h er LL o r DL) an d  co n t in u ally

m od ify it s h ead in g, sp eed , an d  alt it u d e t o

m ain tain  th e form ation . Th is level of reactivi-

ty on  th e part  of th e win gm an  is im portan t;

b ecau se o f t h e rea lism  in  t h is sim u la t io n ,

con t in u ou s m on ito rin g an d  co rrect ion  are

n e c e ssa r y  e v e n  w h e n  a t t e m p t in g  t o  fl y

straigh t toward a predeterm in ed destin ation .

Now con sider th e situation  sh own  in  figure

5. Here, LL an d LW, by virtue of th eir lon ger-

ran ge radar, spot DL an d DW before th ey are

th em selves d etected . As th e lead  o f it s sec-

t io n ,  LL ch ecks t h e  co m m it  cr i t e r ia  an d ,

a c c o r d in g  t o  i t s  r u le s  o f  e n ga ge m e n t ,

at tem pts to m ake a posit ive iden tification  of

th e en em y aircraft . In  th is case, we assu m e

t h a t  it  su cceed s in  d o in g so . In  ad d it io n ,

because th ese aircraft  are approach in g in  th e

d irect ion  of LL’s airfield , it s com m it  criteria

are also sat isfied . Hen ce, it  decides to  in ter-

cept th em .

LL’s first  step is to en sure th at wh ile prose-

cu t in g th is in tercep t , it  m ain tain s advan ta-

geo u s co n d it io n s fo r it self an d  it s p art n er

(LW). For exam ple, it  is advan tageous for LL

to m ain tain  rough ly 10 kilom eters of lateral

separation  durin g th e in tercept. Lateral separa-

tion is th e perpen dicular distan ce between  LL’s

position  an d its oppon en t’s (in  th is case, DL’s)

projected  straigh t  lin e of fligh t . In  th is case,

LL gain s lateral separation  with  respect to DL

rat h er t h an  DW  b ecau se DL is clo ser an d ,

h en ce, con sid ered  th e p rim ary th reat . DL’s

p ro ject ed  lin e o f fligh t  is in d icat ed  by t h e

dash ed lin e exten din g from  its n ose in  th e fig-

ure. Flyin g alon g eith er of th e two dotted lin es

run n in g parallel to th is lin e can  provide th e

d esired  10 kilom eters o f lat eral sep arat ion .

Th is la t e r a l  se p a r a t io n  i s  a d v a n t a ge o u s:

Am on g oth er th in gs, it  m akes it  easier to per-

form  a visu al iden t ificat ion  (sh ou ld  on e be

n ecessary), it  isolates th e oppon en ts on  on e

side of th e aircraft  (if don e to th e correct side),

an d it  m akes it  easier to turn  back to reen gage

i f  t h e  o p p o n e n t s  a r e  p a sse d  a n d  n o t

destroyed. In  addition  to ach ievin g lateral sep-

arat ion , it  is advan tageous to m ain tain  h igh

speed  an d  alt itude du rin g th e in tercep t  (for
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Figure 4. Snapshot 1: 

The Initial Positions of the Aircraft in the Air-Com bat–Sim ulation Scenario. 

Figure 5. Snapshot 2: LL Attem pts to Achieve Lateral Separation.



im proved m an euverability) an d n ot cross an

en em y aircraft’s projected fligh t  path .

Based  on  th e p reviou s con siderat ion s, LL

cou ld  con ceivably gen erate a detailed  p lan ,

prescribin g th e precise sequen ce of action s for

an  optim al in tercept of DL an d DW. However,

su ch  a  p la n  is a lm o st  gu a ra n t eed  t o  fa i l

because of th e un certain ty an d  dyn am ics of

th is en viron m en t. For exam ple, an y tu rn  by

th e op p on en t  will in valid ate th e d etails o f

th e p lan . However, th e obvious altern ative of

ju st  react in g to  th e situ at ion  is also  in ad e-

quate because th e im plicat ion s of th e situa-

t ion  m igh t  exten d  con siderably beyon d  th e

im m ed iat e ch o ice o f act io n . As a  co m p ro -

m ise, TacAir-Soar com m its to abstract  p lan s,

such  as to prosecu te th e in tercept  from  DL’s

righ t side (wh ich  keeps th e oppon en ts on  on e

side with out crossin g th eir path ). Such  p lan s

con strain  fu ture action s (Bratm an , Israel, an d

Pollack 1988) bu t can  th em selves be discard-

ed if th e situation  ch an ges en ough  to warran t

it  (su ch  as if an  at t ack were n o w req u ired

from  th e oth er side).

On ce th e abst ract  p lan  is estab lish ed , LL

attem pts to posit ion  itself to fire a m issile at

its oppon en t. LL is flyin g an  F-14D, wh ich  in

th is case carries two lon g-ran ge radar-gu ided

m issiles as well as several m edium - an d sh ort-

ran ge m issiles. For LL to  fire it s lon g-ran ge

m issiles, it  n eed s t o  be with in  a p art icu lar

ran ge (distan ce) from  th e en em y aircraft . Fur-

t h erm o re, as ju st  d iscu ssed , it  sh o u ld  a lso

h ave abou t  10 kilom eters o f lat eral sep ara-

t io n . As sh o wn  in  t h e figu re, LL ach ieves

th ese goals by specializin g its abstract  p lan  to

fly to DL’s righ t side, alon g th e 10-kilom eter

lateral separat ion  lin e. (Th e sm all arc alon g

LL’s n ose in  th e figure in dicates it’s tu rn in g in

service of th is p lan .)

If a t  t h is p o in t  DL su d d en ly  t u rn s an d

in creases or decreases lateral sep arat ion , LL

n eeds to tu rn  as well to at tem pt to regain  th e

desired lateral separation . Wh ile LL is m an eu-

verin g in  th is fash ion , LW con tin ues to m ain -

tain  it s p osit ion  relat ive to  LL based  on  it s

perception  of LW’s m otion . In  gen eral, LL will

n o t  d irect ly com m u n icate it s m an eu vers to

LW bu t  will in stead  expect  th e win gm an  to

o b serve an d  m at ch  t h e t u rn s o n  it s o wn ,

reducin g th e cogn it ive load on  LL an d m in i-

m izin g radio com m un ication . Th e few excep-

t io n s t o  t h is ru le are fo r p art icu larly large

tu rn s; in  wh ich  case, th e win gm an ’s un der-

stan din g of th e tu rn  is m ore im portan t  th an

th e com m un ication  costs.

Tw o  im p o rt an t  p o in t s co m e o u t  o f t h e

descrip tion  of figure 5. Th e first  is, again , th at

th e p ilo t s’ m ix o f goal-d riven  an d  react ive
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Figure 6. Snapshot 3: LL Fires a Missile at DL.

Figure 7. Snapshot 4: DL and DW  Begin a Post-Hole Maneuver.



for DL an d DW to again  en d up in  trail for-

m at ion  (th eir p reviou s form at ion ) bu t  with

DW  as t h e lead  an d  LL an d  LW  co n fu sed

abou t  h ow m an y aircraft  are ou t  th ere an d

wh ere th ey are.

Figu r e  7  i l lu st r a t e s w h y  t h e  p o st -h o le

m an eu ver can  h elp  DL su rvive t h e m issile

attack. As DL begin s executin g th is m an euver,

it  tu rn s rough ly perpen dicu lar to th e path  of

LL’s radar em ission . Because LL’s radar oper-

a t es o n  t h e  D o p p le r  p r in cip le ,  i t  ca n n o t

d e t e c t  t h i s  p e r p e n d icu la r  m o t io n . 2  Th is

m otion  causes LL to lose radar con tact  with

DL, th us defeatin g m issile M1 by deprivin g it

of th e required radar gu idan ce (h en ce, M1 is

n ot sh own  in  figure 7). Th is loss in  radar con -

tact  can  also poten tially con fuse LL. To m in i-

m ize t h is co n fu sio n , LL h as t o  in fer  DL’s

on goin g m an euver based on  DL’s tu rn . LL can

th en  an t icipate th e likely loss in  radar con -

tact , recogn ize th at  its m issile is likely to be

defeated, an d switch  radar m odes to m ain tain

co n t act  (w h ich  is n o t  t o  b e  d o n e  l igh t ly

because it  guaran tees th at  th e m issile will n o

lon ger t rack DL). Durin g all th is m an euver-

in g, as sh own  in  figure 7, LW reach es its own

m issile-firin g ran ge an d fires a m issile (M2) at

DW.

Figures 6 an d 7 again  illustrate th e kn owl-

edge-in ten sive n ature of th is task—th e p ilots

n eed  t o  b e  w e l l  in fo r m ed  a b o u t  v a r io u s

m an euvers, such  as th e Fpole an d  post-h ole

m an eu vers. More im p ortan t ly, t h e d escrip -

t ion s also illustrate som e n ew requ irem en ts.

Th e first  n ew requ irem en t  is agent m odeling

(Ward  1991; An d erso n  et  a l. 1990), wh ich

in vo lves o bservin g o t h er agen t s’ lo w-level

action s—in  th is case, an  oppon en t’s tu rn s—to

in fer its h igh er-level beh aviors. Th is capabili-

ty is closely related to p lan  recogn it ion  (Kautz

an d Allen  1986), alth ough  th e em ph asis h ere

is n ot so m uch  on  recogn izin g oth er agen ts’

p lan s as it  is o n  reco gn izin g t h eir  flex ib le

co m b in a t io n  o f go a l-d r iven  a n d  rea ct ive

b eh avio r. Th e seco n d  n ew req u irem en t  is

sim ultan eous perform an ce of m ult ip le tasks.

Th is requirem en t is seen  in  DL’s m odelin g of

it s oppon en ts’ act ion s an d  it s sim u ltan eous

m an euverin g of its own  aircraft  an d, possibly,

m on itorin g quan tit ies such  as lateral separa-

t io n  fo r  i t s  o w n  in t e rc e p t .  A t h i r d  n e w

req u irem en t  is real-t im e p erfo rm an ce. Th is

req u irem en t  is seen  in  DL’s n eed  to  in fer a

m issile firin g, in terru p t  it s on goin g m an eu -

vers, an d  in it iate a p ost -h o le m an eu ver, all

before th e m issile gets too close. A fourth  n ew

requirem en t is th e ability to act  in  a coordi-

n ated  fash ion . Th is req u irem en t  is seen  in

th eir flyin g an d  tu rn in g in  fo rm at ion , p er-

beh avior, as seen  in  LL’s decision  to in tercept

its oppon en t an d its con tin ued m an euvers to

m ain t ain  la t eral sep arat io n . Th e seco n d  is

th at  fragm en ts of p lan n in g are also seen , par-

t icu larly in  LL’s determ in at ion  of th e d irec-

t ion  for th e in tercept.

As sh own  in  figure 6, LL even tually reach es

its lon g-ran ge m issile-firin g posit ion  an d fires

a m issile (M1) at  DL. In  th e process, it  h ad to

decide wh eth er it  sh ould  target  DL or go after

DW  in stead . Th is d ecision  is m ad e by first

select in g a sorting criterion , wh ich  sp ecifies

h o w  t h e  o p p o n e n t s  sh o u ld  b e  d iv id e d

between  LW an d itself. Based on  th e relat ive

posit ion s of th e four aircraft , LL decides h ere

to sort  by ran ge an d com m un icates th is crite-

rion  to LW. LW, as th e win gm an , th en  targets

th e fu rth est  oppon en t  (DW), an d  LL, as th e

lead , targets th e closest  (DL). LL, th erefore,

targets DL by gett in g a radar lock an d turn in g

to attack heading, th at  is, th e collision  course

for its m issile. It  th en  fires m issile M1, wh ich

obtain s it s gu id an ce in fo rm at ion  from  LL’s

radar lock. To con tin ue to provide radar gu id-

an ce to M1 an d reduce th e rate at  wh ich  th e

two aircraft  are closin g, LL th en  turn s its n ose

away fro m  DL—a m an eu ver  kn o wn  as an

Fpole—as sh own  in  figure 7. As a resu lt  of th e

Fp o le  a n d  t h e  d e c r e a se d  r a t e  o f  c lo su r e

between  th e two plan es, DL will n ot  ach ieve

its own  m issile-laun ch  criteria un til after M1

h as reach ed  it  (th e m issiles of a MiG-29 do

n o t  h ave a ran ge as lon g as th ose o f an  F-

14D).

Mean wh ile, back in  figu re 6, th e aircraft

com e sufficien tly close to allow DL an d DW

t o  acq u ire rad ar co n t act  wit h  LL an d  LW.

Th ey th en  m an euver th em selves to reach  an

advan tageous posit ion  in  th eir in tercept of LL

an d  LW. W h ile m an eu verin g, t h ey observe

LL’s own  m an euvers on  th eir radar. Th ese par-

t icu lar m an euvers are closely associated with

m issile firin gs. Th erefore, DL an d DW in fer a

possible m issile firin g, alth ough  th ey h ave n o

m ean s of ph ysically detectin g th e m issile (th e

radar cross-section  of a m issile is too sm all to

be detected), an d th us, th ey can n ot be abso-

lu t ely  cer t a in  ab o u t  it .  No n et h eless,  t h ey

assum e th e worst  an d act  as th ough  a m issile

h as actually been  fired . Th erefore, th ey sus-

pen d  th eir in tercep t  m an euvers an d  in stead

a t t em p t  t o  su rvive t h e m issile . O f severa l

available altern at ives, in  th is case, th ey exe-

cu te a post-hole m aneuver. Th is m an euver aim s

n ot on ly to defeat  th e m issile bu t also to con -

fuse LL an d LW. Th e m an euver in volves DL’s

tu rn in g fu ll circle so th at  it  en ds up  beh in d

DW. It  also  in volves DL’s switch in g roles as

th e lead  with  DW. Th e in ten ded  resu lts are
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form in g coordin ated m an euvers, an d dyn am -

ically ch an gin g respon sibilit ies between  lead

a n d  w in gm a n .  Th e  f i f t h  a n d  f in a l  n e w

req u irem en t  is t h e ab ilit y to  com m u n icate

with  oth er p ilots. Th is requirem en t is seen  in

th e com m un ication  between  LL an d LW th at

occurs durin g th e process of sort in g th e oppo-

n en ts.

In  figure 8, as DL con tin ues to tu rn  fu ll cir-

cle, it  loses radar con tact  with  th e oth er air-

craft . As DL turn s even  furth er (figure 9), its

radar again  sh ows th ree aircraft . However, DL

can n o t  au tom at ically assu m e th at  th ey are

DW, LL, an d LW. It  is qu ite possible th at  dur-

in g th e t im e th at  DL lost  con tact , th ree n ew

en em y aircraft  approach ed th e com bat aren a.

Such  a situation  would be extrem ely un favor-

able for DL. Th us, DL n eeds to reestablish  th e

iden tit ies of th e aircraft  on  its radar. In  m ili-

tary parlan ce, th is problem  is called  m aintain-

ing situational awareness. To th is en d, DL esti-

m ates th e to tal t im e in terval for wh ich  th e

aircraft  h ave been  in visib le to  it . Based  on

th is est im ate an d th e speed of each  aircraft , it

projects th e m ost likely posit ion  of each  air-

craft . Th en , based  on  th is ext rap o lat ion , it

con cludes th at  th e th ree aircraft  on  its radar

are m ost likely to be DW, LL, an d LW.

Mean wh ile, in  figure 8, DW, wh ich  h as tak-

en  over as th e lead sin ce th e begin n in g of th e

post-h ole m an euver, con tin ues to fly straigh t

toward th e oppon en ts. Un fortun ately, in  th is

case, DW focuses its radar on  LL an d fails to

observe LW’s m an euvers. As a resu lt , it  fails to

recogn ize LW’s m issile firin g. Fortun ately for

DW, m issiles som etim es sim ply fail to  reach

th eir targets, an d th is on e passes by h arm less-

ly (figure 9). Mean wh ile, both  LL an d LW rec-

ogn ize th at  th eir m issiles h ave failed  to  h it

t h e i r  t a r ge t s—LL r e co gn ize s t h i s  fa i lu re

because it  loses radar con tact  with  DL, wh ile

LW keeps track of th e m issile’s expected t im e

of im pact an d n otices th at  th is t im e h as been

exceed ed , w it h o u t  it s t a rget  d isap p ear in g

from  th e radar. Furth erm ore, because LL an d

LW are n eith er fooled n or con fused by th eir

oppon en ts’ m an euvers, th ey tu rn  back for a

n ew attack (figure 9).

Th e n ew requirem en ts brough t ou t  in  fig-

u res 8 an d 9 are cen tered  on  DL’s tu rn . Th e

p lan e t h at  DL is flyin g cou ld  t h eo ret ically

execu te a fu ll-circle tu rn  ext rem ely qu ickly.

However, t h ere are p h ysical lim it at ion s on

h ow quickly a h um an  can  turn  a figh ter air-

craft  with out blackin g out. Furth erm ore, after

co m p let in g it s t u rn , DL m u st  id en t ify t h e

radar blips on  its screen . Alth ough  in form a-

tion  is available with in  th e sim ulator so th at

th is iden tification  can  be m ade im m ediately,
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Figure 8. Snapshot 5: DL’s Turn Causes It to Lose Radar Contact with 

All Other Aircraft.

Figure 9. Snapshot 6: All Four Fighter Aircraft Have Repositioned 

Them selves for a New Attack



m en ts for bu ild in g au tom ated  p ilo ts in  th is

virtual en viron m en t, at  least  with in  th e space

o f  s im u la t io n  p a r a m e t e r s  t h a t  w e  h a v e

e n c o u n t e r e d  so  fa r.  In  su m m a r y,  t h e se

requirem en ts are (1) goal-driven  beh avior, (2)

kn owledge-in ten sive beh avior, (3) react ivity,

(4) real-t im e perform an ce, (5) con form an ce to

h u m an  react ion  t im es an d  lim it at ion s, (6)

overlap  of perform an ce of m ultip le h igh -level

tasks, (7) m u lt iagen t  coord in at ion , (8) com -

m u n icat ion , (9) agen t  m od elin g (esp ecially

oppon en t m odelin g), (10) tem poral reason in g

(dealin g with  t im e in tervals), (11) p lan n in g,

(12) m ain ten an ce of ep isod ic m em ory, an d

(13) explan ation .

Addit ion al requ irem en ts are also expected

t o  c o m e  u p  a s  t h e se  r e q u i r e m e n t s  a r e

addressed an d as n ew types of veh icle (such

as h elicopters) an d  m ission  are in vest igated .

For exam ple, learn in g is even tually goin g to

b e req u ired  t o  im p ro ve p erfo rm an ce b o t h

d u rin g an d  acro ss en gagem en t s. Ho wever,

because learn in g doesn ’t  com e up h ere to an y

great  exten t, we won ’t  focus on  it  fu rth er in

th is art icle oth er th an  to m en tion  th at  usin g

it  effectively in  th is dom ain  looks to be qu ite

n on trivial.

Creatin g In telligen t 
Autom ated Pilots

To create effective au tom ated p ilots, it  is n ec-

essary to address th e list  of requirem en ts from

th e previous section  in  an  in tegrated fash ion .

We h ave ch osen  to do so usin g Soar, a un ified

so ftware arch it ectu re bein g d evelop ed  as a

b a si s  fo r  in t e g r a t e d  in t e l l ige n t  sy s t e m s

(Rosen bloom  et  al. 1991; Laird , Newell, an d

Rosen bloom  1987). Soar is also a developin g

un ified  th eory of cogn it ion  (Rosen bloom  an d

Laird  1994; Newell 1992a, 1992b, 1990). Th is

th eory en tails a n u m ber o f con st rain t s (fo r

exam ple, con cern in g h um an  react ion  t im es,

kn owledge represen tation , an d learn in g) th at

bear d irect ly on  p o t en t ial so lu t ion s t o  t h e

requ irem en ts presen ted  previously. For read-

ers un fam iliar with  Soar, a brief descrip t ion

appears in  th e sidebar.

TacAir-Soar h as been  con structed from  Soar

t h r o u gh  t h e  a d d i t io n  o f p e rce p t u a l  a n d

m otor in terfaces (in  th e form  of C code) th at

allow TacAir-Soar p ilots to fly ModSAF plan es

in  th e DIS en viron m en t , specific kn owledge

about th e tactical air-com bat dom ain  (in  th e

fo rm  o f ru les), an d  st rat egies fo r aid in g in

a d d ressin g  t h o se  r eq u ir em en t s n o t  fu l ly

addressed by th e Soar arch itecture itself (also

in  t h e  fo rm  o f ru les).  Th is in t e r fa ce  a n d

kn owledge are curren tly m ain tain ed as a con -

it  would cause DL to react  m ore qu ickly an d

m o re accu rat ely t h an  co u ld  h u m an s, t h u s

affect in g th e realism  of th e exercise. Th ere-

fore, th e in pu t  available to  DL are m ade to

correspon d to th e sam e in put th at  would be

available to a real p ilot , leadin g to DL’s n eed

to perform  a m en tal p roject ion  to  m ain tain

situation al awaren ess, just  as h um an s would

h ave to . For th is p ro ject ion , DL m u st  t rack

th e t im e in terval durin g wh ich  aircraft  were

in visible an d reason  with  th is in form ation .

Th u s, t wo  ad d it io n al req u irem en t s arise

h ere. First , th e au tom ated  p ilo t s m u st  con -

form  to h um an  lim itation s on  aspects such  as

G forces, reaction  t im es, an d levels of accura-

cy. Secon d, th e au tom ated p ilots n eed to rea-

son  with  tem poral in tervals. Th is reason in g

with  tem poral in tervals also sh ows up in  LW’s

trackin g of its m issile’s expected t im e of fligh t

as well as in  oth er situation s in  th is en viron -

m en t.

Ty p ica l ly,  t h e  scen a r io  d e sc r ib ed  h e r e

w o u ld  c o n t in u e  b e y o n d  t h e  sn a p sh o t

d ep ict ed  in  figu re 9 , an d  t h e p ilo t s wou ld

con tin ue to em ploy differen t m an euvers un til

eit h er t h ey t h em selves o r t h eir op p on en t s

were d est royed  o r ran  away. Fo llowin g th e

scen ario, th ey would part icipate in  a debrief-

in g process in  wh ich  th ey would be asked by

an  in structor, an  evaluator, or a superior offi-

cer about wh at h appen ed durin g th e m ission

an d wh y th ey did  wh at th ey did  at  key jun c-

tu res (Joh n son  1994a, 1994b). Debriefin g is

an  im portan t  m ean s by wh ich  oth ers can  val-

idate an d gain  con fiden ce in  th e p ilot’s judg-

m en t. With  respect  to capabilit ies, debriefin g

re in fo rces t h e  n eed  fo r  co m m u n ica t io n ,

alth ough  th is t im e in  a m ore expan sive an d

less t im e-crit ical set t in g. It  also  reveals th e

n eed  for som e form  of ep isod ic m em ory to

en ab le t h e p ilo t s t o  rem em b er wh at  t ran -

sp ired  du rin g th eir en gagem en ts an d , m ost

crit ically, a self-explan ation  capability. Such  a

cap ab ilit y is essen t ial fo r au tom ated  p ilo t s

becau se it  can  h elp  give m ilit ary p erson n el

con fiden ce in  th e agen ts’ kn owledge an d rea-

son in g capabilit ies. Alth ough  debriefin g can

also poten tially provide feedback from  wh ich

t h e p ilo t  can  learn , su ch  learn in g d o esn ’t

actually com e up as a requirem en t in  th is sce-

n ario because th ese are expert  p ilots perform -

in g a rou tin e m ission . However, such  learn in g

is likely to becom e in creasin gly im portan t  in

th e fu ture.

Th e scen ario th at  we just  wen t th rough  is

on ly on e of m an y possible scen arios, an d  a

la rge  n u m b er  o f v a r ia t io n s a re  p o ssib le .

Non eth eless, t h e sn ap sh o t s an d  associat ed

discussion  brin g out m ost of th e key require-
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stan t  across all TacAir-Soar–based p ilots. In di-

vidu al p ilo t s can  th en  vary in  term s of th e

m ission  an d  veh icle param eters p rovided  to

th em  d u rin g th e briefin g p rocess an d , to  a

sm all exten t, th e kn owledge an d tactics th at

th ey em ploy (by selectively disablin g parts of

less com peten t  p ilots). Allowin g wider varia-

t ion s in  structure, kn owledge (in cludin g tac-

t ics), tem peram en t, an d preferen ces is a topic

for fu ture work.

Th e first  two  req u ired  cap abilit ies—goal-

orien ted  beh avior an d  kn owledge-in ten sive

beh avio r—are ad d ressed  by t h e m an n er in

wh ich  TacAir-Soar u ses it s arch it ectu re an d

kn o wled ge in  t h e  p ro cess o f d yn am ica lly

expan din g an d  con tract in g a goal h ierarch y

fo r  t h is d o m a in .  Le t ’s lo o k  a t  a  co n cre t e

exam p le o f LL’s op erat ion  from  a situ at ion

th at  arises sh ortly after it  h as decided to pros-

ecute th e in tercept of DL an d DW (figure 5).

Figu re 10 dep icts LL’s h ierarch y of p roblem

spaces an d  operators. (Goals are represen ted

im p licit ly in  th is d iagram  as th e d esires to

a p p ly  o p e r a t o r s  t h a t  h a v e  r e a c h e d  a n

im passe.) Th is h ierarch y is gen erated  as fol-

lows:

In  th e top-m ost problem  space (top-PS), LL

is at t em p t in g to  accom p lish  it s m ission  by

applyin g th e execute-m ission operator. Th e ter-

m in at ion  con d it ion  o f t h is op erato r is t h e

com pletion  of LL’s m ission  (wh ich  is to pro-

t ect  it s h o m e b ase fo r  a  m issio n -sp ecified

tim e period). Because th is con dit ion  h as n ot

yet  been  ach ieved, a subgoal is gen erated  to

com plete th e app licat ion  of execute-m ission.

Th e ex ecute-m ission problem  space is select-

ed  fo r u se in  th is su bgoal. In  th is p roblem

space, LL selects th e intercept operator to per-

form  th e in tercep t . Th e term in at ion  con d i-

t ion  of th is operator—th at th e oppon en ts are

eith er destroyed or ch ased away—is also n ot

yet  ach ieved, leadin g to a secon d subgoal of

com pletin g th e in tercept. Th e in tercept prob-

lem  sp ace is select ed  fo r  u se in  t h is go a l.

W it h in  t h is p ro b lem  sp ace, LL select s t h e

em ploy-m issile operator, wh ich  uses m issiles to

eith er destroy th e oppon en ts or force th em  to

r u n  a w a y.  H o w e v e r,  b e ca u se  LL h a s n o t

reach ed  a posit ion  from  wh ich  it  can  fire a

m issile ,  a  t h ird  su b go a l is gen era t ed . Th e

em ploy-m issile problem  space is selected for

u se  in  t h is su b go a l.  W it h in  t h is p ro b lem

space, LL attem pts to ach ieve a firin g posit ion

for its m issile by selectin g th e get-m issile-LAR

operator. (LAR stan ds for launch acceptability

region, th at  is, th e region  from  wh ich  LL can

effect ively fire a  m issile at  it s op p on en t s).

Be c a u se  su c h  a  p o si t io n  h a s  n o t  b e e n

ach ieved, a fourth  subgoal is gen erated , an d

th e get-m issile-LAR problem  space is selected

for it . Here, th e cut-to-LS operator is selected

to ach ieve lateral separation . Fin ally, th e cut-

to-LS operator leads to a fifth  subgoal, with in

wh ich  th e desired-m an euver problem  space

is selected . With in  th is sp ace, th e just-turn

op erato r is select ed  an d  ap p lies d irect ly t o

issue a n ew h eadin g com m an d to th e cockpit
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Figure 10. LL’s Problem -Space Hierarchy.

Boxes in dicate problem  spaces, with  n am es in  bold  to th eir righ t. Nam es with in

boxes in dicate operators with in  problem  spaces. Italicized n am es in dicate 

curren tly selected operators.



to th e goal/operator h ierarch y. Th us, at  every

st ep , TacAir-Soar’s beh avio r is based  on  it s

assessm en t, given  th e curren t situation  an d its

own  goals, of wh at is th e best th in g to do.

Alth ough  usin g ru les to provide reactivity is

sim ilar to th e approach  taken  in  pure situated-

act ion  syst em s (Agre an d  Ch ap m an  1987),

t h i s  d o m a in  d e m a n d s—a n d  Ta cAir -So a r

en ables—th e use of persisten t  in tern al state.

Relyin g on ly on  extern ally available cu es is

sim ply in su fficien t  h ere for effect ive perfor-

m an ce. Sim ple exam ples of th is ph en om en on

can  be seen  in  situation s wh ere oth er aircraft

are n ot visible on  an  agen t’s radar. For exam -

ple, LL loses con tact with  DL in  figure 8 but

n eeds to reorien t itself to fire a secon d m issile

at  DL. If LL waits for DL to  reappear on  it s

radar, it  m igh t h ave already lost its advan tage.

Sim ilarly, DL loses con tact with  th e oth er air-

craft  in  figure 7 but n eeds to turn  a fu ll circle.

As discussed earlier, DL can n ot just  keep turn -

in g un til it  sees som e aircraft  back on  its radar

because oth er aircraft  m igh t be in  th e vicin ity.

In  such  cases, TacAir-Soar can  en gage in  a sub-

stan tial effort  to deliberately m ain tain  in ter-

n al state in form ation .

Th e basic real-t im e p erfo rm an ce req u ire-

m en t is th at  sim ulated p ilots n eed to be able

to respon d to en viron m en tal con tin gen cies as

fa st  a s  h u m a n  p i lo t s  d o ; o t h e r w ise ,  t h e

beh avior can  be un realist ic. Alth ough  com bat

between  jet  aircraft  soun ds like th e ep itom e

of a h igh -speed, sh ort-deadlin e task, it  tu rn s

out th at  it  m ostly is n ot. In  part icu lar, at  least

in  th e in it ial ph ases of th e com bat, given  th e

great  d istan ces in volved , p ilots do h ave sec-

on ds or ten s of secon ds available for th eir in i-

t ial activit ies, such  as iden tifyin g con tacts on

radar or p lan n in g in tercept geom etry. Howev-

er, even  at  th ese distan ces, th ere can  be sh ort

bursts of in ten se activity, such  as m an euvers

t o  evad e m issiles, an d  u n realist ica lly slo w

react ion  t im es can  be fat al. As t h e aircraft

con tin ue to m an euver an d get  closer to each

oth er, slow reaction  t im es becom e in creasin g-

ly  p ro b lem a t ic .  Su ch  p ro b lem s ca n  a r ise

e i t h e r  f r o m  t o o  m a n y  d e c i s io n s  b e in g

req u ired  befo re act ion  occu rs o r t oo  m u ch

t im e bein g req u ired  fo r each  d ecisio n . We

h a ve  a p p ro a ch ed  t h e  fo rm er  p ro b lem  b y

fo cu sin g o n  ex p er t -leve l  p e r fo rm a n ce  in

TacAir-Soar. In  p art icu lar, we h ave t ried  to

p rovid e it  en ou gh  kn owled ge to  avo id  t h e

n eed  for exten sive m etalevel reason in g an d

plan n in g, especially durin g t im e-crit ical seg-

m en t s o f an  en gagem en t . Th is exp ert -level

kn owledge allows operators an d action s to be

select ed  w it h o u t  im p asses o ccu r r in g an d ,

th erefore, with out exten sive n um bers of deci-

in terface, cau sin g th e aircraft  to  tu rn  in  an

attem pt to ach ieve lateral separation .

As LL turn s, if th e term in ation  con dit ion s

of an y of th e operators in  th e h ierarch y are

satisfied , th en  th e operator is term in ated, an d

all th e subgoals gen erated in  respon se to th is

op erator are rem oved—th ey are n ow irrele-

van t. For exam ple, if th e desired lateral sepa-

ration  is ach ieved, th en  th e term in ation  con -

d it ion  of th e cut-to-LS operator is ach ieved .

Th e operator is th en  term in ated an d replaced

by th e m aintain-LS operator—to m ain tain  lat-

eral separation —an d its subgoal an d associat-

ed  p ro b lem  sp ace (d esired -m an eu v er) are

flush ed. Sim ilarly, if a m issile-firin g posit ion

is reach ed, th e term in ation  con dit ion  of LL’s

get-m issile-LAR operator is sat isfied; h en ce, it

is t erm in at ed  alon g with  t h e two  su bgoals

ben eath  it .

Th e go al-d riven  asp ect  o f t h is b eh avio r

sh o u ld  be o bvio u s fro m  t h e exam p le. Th e

kn owledge-in ten sive aspect  arises because all

TacAir-Soar’s beh avior is driven  by accessin g

relevan t kn owledge about action . Th e gen era-

t ion  of altern at ive operators occurs th rough

ru les t h a t  exam in e t h e go a l,  t h e p ro b lem

space, an d  th e state an d  create in stan t iated

operators th at  m igh t be relevan t. On ce th ese

operators are gen erated , fu rth er ru les fire to

gen erate preferen ces th at  h elp  select  th e oper-

ator m ost  app ropriate for th e cu rren t  situa-

t ion . On ce an  operator is selected, addit ion al

ru les fire to perform  th e appropriate action s.

Th e requirem en t for reactivity is addressed

th rough  a com bin at ion  of Soar’s use of p ro-

duction s to en force ubiquitous con text sen si-

t ivity in  th e represen tation  an d use of kn owl-

ed ge as well as Soar’s op en  an d  in tegrat ive

decision  procedure. TacAir-Soar’s production s

are co n st an t ly  t est in g in p u t  fro m  sen so rs

(such  as th e h eadin g of an  oppon en t), in fer-

en ces d rawn  by oth er kn owledge abou t  col-

lection s of sen sor data (such  as an  oppon en t

is a th reat), curren t goals an d operators bein g

pursued (such  as in terceptin g th e oppon en t),

an d poten tial action s to take in  th is situation

(such  as ach ievin g a posit ion  to fire a m issile).

Th is kn owledge can  react  to  ch an ges in  th e

situation  (such  as a sudden  turn  by its oppo-

n en t) by suggestin g n ew operators to pursue

at  an y level in  th e goal h ierarch y, gen eratin g

preferen ces am on g suggested  operators, ter-

m in atin g exist in g operators, or even  directly

su ggest in g n ew extern al act ion s. W h en  th e

production s h ave fin ish ed m akin g th eir sug-

gest ion s (gen erat in g th eir p referen ces), t h e

d ecisio n  p ro ced u re in t egrat es a ll availab le

su ggest io n s/ p referen ces t o get h er t o  d et er-

m in e wh at ch an ges sh ould  actually be m ade
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sion s. Th e lat t er p rob lem —in d ivid u al d eci-

sion s takin g too lon g—can  poten tially occur

because of slown ess in  th e ModSAF sim ulator,

t h e  So a r  a rch it ec t u re ,  t h e  in t e r fa ce  co d e

between  ModSAF an d Soar (th at  is, th e cock-

p it  abst ract ion ), o r th e u se o f TacAir-Soar’s

kn owledge. Th ere is lit t le action  to be readily

h ad from  th e first  th ree sources: We h ave n o

direct  con trol over th e ModSAF sim ulator, th e

Soar arch itecture is already h eavily optim ized

with  a n ew C-based version  th at  is a factor of

15 to 20 t im es faster th an  th e previous Lisp-

b ased  versio n  (Laird  et  a l.  1993), an d  t h e

in t erface is q u it e  m in im al.  We h ave t h u s

focused our efforts on  th e fourth  source—th e

kn owledge (th at  is, th e ru les). Th is effort  h as

in vo lved  u sin g ru le-cod in g styles th at  h elp

en sure in expen sive ru le m atch ; detectin g an d

elim in a t in g u n n ecessa ry  ru le  fir in gs; an d

m ovin g som e low-level, bottom -up com puta-

t ion s ou t of th e ru les an d in to th e in terface.

To illustrate m ovin g com putation s from  ru les

in to th e in terface, con sider wh at in form ation

t h e  p la n e ’s  r a d a r  p r o v id e s  t o  a  Ta c Ai r -

Soar–based  p ilo t . In it ially, th is in form at ion

con sisted  of on ly th e posit ion , h eadin g, an d

speed of detected  p lan es. Production s would

th en  com pute relevan t relat ion s, such  as th e

bearin g to  th e p lan e, it s lat eral sep arat ion ,

an d th e bearin g of th e agen t’s p lan e from  th e

oth er p lan e (th ese relat ion s are relevan t  for

certain  tactics).

However, th ese values n eeded to be recom -

puted each  t im e th e p lan es m oved (essen tial-

ly every decision ); so , th e calcu lat ion s were

m oved in to th e in terface wh ere th ey could  be

don e m ore efficien tly with  dedicated C code,

an d  t h e relat io n s t h u s beco m e p art  o f t h e

in pu t  from  th e sen sor. Th is approach  m igh t

seem  in ap p ro p ria t e. Ho wever, it  t u rn s o u t

t h at  d esign ers o f figh t er a ircraft  h ave also

h eavily u sed  th is st rategy. Th ey at t em p t  to

reduce th e p ilot’s cogn it ive load  as m uch  as

possible by offloadin g m an y of th e low-level,

b o t t o m -u p  co m p u t at io n s o n t o  t h e p lan e’s

in strum en ts.

In  addit ion  to  th e basic real-t im e requ ire-

m en t ,  t h ere  is a lso  a  seco n d ary  rea l-t im e

req u irem en t  h ere th at  stem s from  h ow th e

ModSAF sim ulator in teracts with  th e syn th et-

ic p ilots. ModSAF’s con trol structure is based

on  th e assu m p t ion  th at  each  agen t  can  be

trusted to relin quish  con trol of th e processor

on  it s own  an d , th erefo re, th at  each  agen t

can  be free to  take com plete con t ro l of th e

processor wh ile it  is active. Th erefore, durin g

each  cycle o f th e sim u lat ion , each  agen t  is

ca lled  in  t u rn  t o  p erfo rm  act io n s u n t il  it

relin qu ish es con trol. On ce all th e agen ts are

don e, th e en viron m en t  is updated . ModSAF

d ep en d s on  each  su ch  cycle—execu t in g all

th e agen ts p lus updatin g th e en viron m en t—

com p let in g in  66 to  500 m illisecon d s to tal

(t h e  u n d e r ly in g  sim u la t io n  d y n a m ica l ly

adjusts to th e t im e required), alth ough  it  can

be lon ger for sh ort  periods of t im e with ou t

disruptin g th e sim ulation . To cope with  th ese

im plicit  soft  deadlin es an d, th us, deserve th e

trust  th at  ModSAF is im plicit ly p lacin g in  th e

TacAir-So ar–b ased  p ilo t s, we h ave lim it ed

each  p ilot  to on e decision  in  each  sim ulation

cycle an d  u t ilized  th e tech n iq u es described

ea r l ie r  t o  m in im ize  t h e  a m o u n t  o f t im e

required for each  decision . Th e softn ess of th e

d e a d l in e s  in  t h i s  d o m a in  m a k e s  t h i s

ap p roach  accep table, as lon g as th e system

it se l f i s fa st  en o u gh ,  a n d  t h e  w o r st -ca se

beh avior is n ot too far ou t of lin e.

Th e bot tom  lin e with  respect  to  th e real-

t im e requ irem en t  is th at  on  a sin gle Silicon

Graph ics R4400-based INDIGO workstation , we

are curren tly able to run  th e ModSAF sim ula-

to r p lu s as m an y as fou r TacAir-Soar–based

pilots an d rem ain  with in  p lausible cogn it ive

lim its 94 percen t of th e t im e an d with in  th e

sim ulator’s expected  t im e lim its 100 percen t

o f t h e t im e an d  as m an y as six  p ilo t s an d

rem ain  with in  p lau sible cogn it ive lim its 75

percen t  of th e t im e an d  with in  th e sim u la-

tor’s expected  t im e lim its 88 percen t  of th e

t im e. To  go  b eyo n d  six  a ircraft  scen ario s,

addit ion al aircraft  can  be added by distribu t-

in g th em  across m ultip le workstation s. As th e

n eed for syn th etic p ilots expan ds to h un dreds

(o r th ou san d s), th e q u est ion  o f h ow m u ch

h a r d w a r e  i s  r e q u i r e d  fo r  e a ch  p i lo t  w i l l

becom e crit ical, su ggest in g th at  ad d it ion al

speedups will always be usefu l.

Th e requirem en t of con form in g to h um an

react ion  t im es is closely related  to  th e real-

t im e requirem en t. In  fact , th e basic real-t im e

requirem en t is just  th at  syn th etic beh avior be

n ot too m uch  slower th an  th e correspon din g

h u m an  b eh avio r. Ho wever, t h ere is a lso  a

sym m etric requirem en t th at  syn th etic beh av-

ior be n ot too m uch  quicker th an  th e corre-

spon d in g h um an  beh avior. To som e exten t ,

th e Soar arch itecture starts us off in  th e righ t

p lace in  term s of h ow lon g it  takes to do sim -

ple cogn it ive tasks (Newell 1990). In  practice,

th ere h as n ot been  a sign ifican t problem  with

co gn it io n  ru n n in g t o o  q u ickly. W h at  h as

proven  to be a greater problem  is th e rate at

wh ich  h um an  ph ysical activit ies are sim ulat-

ed. Because we are n ot usin g a m odel of th e

h um an  body an d, in  part icu lar, of th e speed

at  wh ich  it  can  p erfo rm  p h ysical act ivit ies

su ch  a s m o vin g eyes,  scan n in g d ia ls an d
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level tasks. For exam ple, con sider a situat ion

wh ere LL n eed s to  in terp ret  an  op p on en t ’s

m an euver wh ile it  at tem pts to  reach  its own

m issile-firin g posit ion . In  th is case, LL con -

st ru ct s a goal h ierarch y fo r ach ievin g m is-

sile-firin g p osit ion , as sh own  in  figu re 10.

Th e p roblem  is th at  alth ough  a secon d  goal

h ierarch y is also  requ ired  h ere—to in terp ret

th e oppon en t’s m an eu ver—LL can n ot  in de-

p en d en t ly con st ru ct  it  becau se o f th e con -

st rain t  im posed  by Soar th at  th ere be on ly a

sin gle act ive goal h ierarch y. Th e approach  to

th is p roblem  th at  is cu rren t ly im plem en ted

in  TacAir-Soar is t o  com m it  t o  ju st  on e o f

th e goal h ierarch ies an d  in stall operators for

th e rem ain in g h igh -level goals, as n eeded , at

th e bot tom  of th is goal h ierarch y. Th u s, in

th e earlier exam ple, LL com m its to a h ierar-

ch y for at tain in g a m issile-firin g posit ion  but

th en  in stalls an  in terpret-m an euver operator

a s  a  su b go a l  o f  t h e  j u s t -t u r n  o p e r a t o r.

Alth ough  with  su fficien t  care th is approach

can  be m ade to work, it  also h as a sign ifican t

p roblem : An y at tem p t  to  u p date th e u p p er

goal h ierarch y will elim in ate th e lower on e

because Soar au tom atically in terprets lower to

m ean  dependent on , even  th ough  th e h ierar-

ch ies really are in depen den t h ere. We gen er-

a lly a t t em p t  t o  m in im ize t h is p ro b lem  b y

en surin g th at  th e lower h ierarch y is p resen t

for on ly a brief t im e—in  part icu lar, it  is usual-

ly lim ited to th e application  of a sin gle opera-

tor with in  a sin gle decision —h owever, a m ore

gen eral solu t ion  is clearly requ ired . Altern a-

t ive solu tion s th at  are curren tly un der in ves-

t igation  in clude (1) ch an gin g th e arch itecture

to  allow th e exp licit  u se of a forest  o f goal

h ierarch ies (Jon es et  al. 1994); (2) m ergin g

operators across goal h ierarch ies so th at  a sin -

gle h ierarch y can  represen t th e state of all th e

h ierarch ies sim ultan eously (Covrigaru  1992);

an d  (3) flu sh in g th e cu rren t  goal h ierarch y

wh en ever a n ew on e n eeds to be establish ed

yet  dep en d in g on  learn in g to  com p ile goal

h ierarch ies in to  sin gle op erato rs an d , th u s,

red u ce (o r elim in ate) th e overh ead  o f con -

st an t ly flu sh in g an d  reb u ild in g large go al

h ierarch ies (Rubin off an d Leh m an  1994).

Th e n ex t  req u irem en t —agen t  co o rd in a-

t io n —is an  ex t rem ely d ifficu lt  p ro b lem  in

gen era l  (D u r fee  a n d  M o n t go m ery  1 9 9 0 );

h owever, th e m ilitary sim plifies it  as m uch  as

possible by relyin g on  sh ared  kn owledge of

com m on  doctrin e an d tact ics an d provid in g

d etailed  m ission  sp ecificat ion s th at  ou t lin e

ah ead  of t im e th e roles of th e coord in at in g

p ilo t s.  M o st  o f t h is kn o w led ge is a lread y

en cod ed  in  TacAir-Soar agen ts so  th at  th ey

can  correctly perform  th e m ission s, alth ough

radar screen s, an d turn in g kn obs, TacAir-Soar

p ilo t s can  react  sign ifican t ly m ore q u ickly

th an  h um an  pilots. Pragm atically, such  prob-

lem s can  often  be ign ored  because th ey are

effect ively m asked—th at  is, red u ced  t o  t h e

level of n oise—by th e m uch  lon ger respon se

tim es of th e p lan e or en viron m en t. For exam -

p le, t h e t im e t o  resp o n d  t o  u p d at ed  rad ar

in fo rm a t io n  m igh t  b e  d o m in a t ed  b y  t h e

refresh  t im e o f t h e rad ar it self, wh ich  can

require from  2 to 10 secon ds. In  oth er cases,

we h ave in troduced deliberate delays to slow

down  som e of TacAir-Soar’s respon ses. Sim ilar

ad  h oc app roach es h ave also  been  taken  to

m odel oth er h um an  ph ysical lim itat ion s; for

exam ple, m axim um  G forces su stain able by

h um an  p ilots are m odeled  by restrict in g th e

plan e so th at  it  can n ot exceed th em  (even  if

t h e p lan e t h eo ret ically cou ld ). Th e co rrect

lo n g-t erm  so lu t io n  t o  t h ese  p ro b lem s, o f

course, would be to use a better m odel of th e

ph ysical body.

Th e rem ain in g requ irem en ts from  th e list

p resen ted  earlier—overlap p in g p erform an ce

of m ult ip le h igh -level tasks, agen t  m odelin g

an d coordin ation , com m un ication , tem poral

reason in g, p lan n in g, m ain ten an ce of episodic

m e m o r y  a n d  e x p la n a t io n —a r e  o n e s  fo r

wh ich  th e un derlyin g Soar arch itectu re does

n ot eith er d irectly provide a solu tion  or d ic-

tate a specific approach  to a solu t ion . Th ese

requirem en ts h ave th us presen ted in terestin g

research  ch allen ges th at  h ave to be addressed,

at  least  to som e exten t, to provide com peten t

beh avior in  th is en viron m en t. In  m an y ways,

t h is research  h as been  m ad e easier by t h e

gen eralized  support  Soar provides for in telli-

gen t beh avior, as d iscussed un der th e capabil-

it ies alread y d escribed . However, Soar also

im poses a n um ber of con strain ts on  develop-

m en t—stem m in g from  its bein g a th eoretical-

ly m otivated attem pt at  con structin g a coh er-

en t  a rch i t ec t u re  fo r  in t e l l igen t  b eh a v io r

rath er th an  sim ply a grab bag of tools—th at

don ’t  always fit precisely with  th e dem an ds of

th is en viron m en t . Th ese m ism atch es eith er

reflect  ways in  wh ich  th e Soar arch itecture is

in adequate, or th ey reflect  con strain ts with in

w h ich  p eo p le  d o —an d  syn t h e t ic  syst em s

sh o u ld —fin d  w ays o f ex ist in g.  W h ich  o f

t h e se  i s  t h e  c a se  i s  a n  o p e n  q u e st io n ,

alth ough  an  actively in vestigated on e.

Th e first  of th e rem ain in g requ irem en ts—

sim ultan eous perform an ce of m ult ip le h igh -

level t asks—h as tu rn ed  ou t  to  be th e m ost

problem atic of th e set . In  part icu lar, as lim it-

ed  by th e Soar arch itecture, TacAir-Soar can -

n ot  d irect ly con struct  m u lt ip le in depen den t

goal h ierarch ies in  service of m ult ip le h igh -
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som e addit ion al kn owledge is required about

t h e cap ab ilit ies o f o t h er agen t s. Ho wever,

th ere are st ill m an y circum stan ces in  wh ich

dyn am ic coordin ation  is n ecessary. For exam -

p le, a m ore realist ic version  of th e scen ario

described  earlier wou ld  in clu de an  E2C air-

craft  (wh ich  h as a radar th at  can  see in  a 250-

m ile radius) aid in g LL an d LW an d a groun d

con troller (also with  a large radar) aid in g DL

an d DW. Th ese addit ion al agen ts support  th e

figh ters by providin g th em  with  sigh tin gs of

plan es an d som etim es directives for th eir m is-

sion s. In  oth er situation s, a con troller m igh t

dyn am ically ch an ge a p lan e’s m ission . Part ici-

pation  in  th ese types of scen ario requires th e

Ta cAir -So a r  a gen t s t o  co m m u n ica t e  a n d

sim u lt an eo u sly m an eu ver t h eir  a ircraft  (a

capability th at  is curren tly ach ieved usin g th e

t ech n iq u e o u t lin ed  in  t h e  p rev io u s p a ra -

graph ). It  also requires th e agen ts to be task-

able, th at  is, to be able to dyn am ically ch an ge

t h eir  m issio n s (an d  go a ls) in  resp o n se  t o

in t e r a c t io n s w i t h  o t h e r  a ge n t s .  C u r r e n t

TacAir-So ar agen t s d o  p art icip a t e in  t h ese

t yp es o f scen ar io  b o t h  as p ilo t s an d  co n -

trollers (Laird , Jon es, an d Nielsen  1994).

Th e p rim ary com m un icat ion  requ irem en t

in  th e scen ario arises in  th e con text of in tera-

gen t coordin ation . Th is form  of com m un ica-

tion  is curren tly based on  a fixed set of m es-

sage tem plates th at are derived from  th e actual

m essages spoken  by p ilots (th ere are over 70

d ifferen t  t yp es o f m essage th at  TacAir-Soar

agen ts can  sen d  an d  receive). Alth ough  th is

approach  h as proven  adequate in  th e scen arios

en coun tered  so far, its lack of flexibility will

likely prove problem atic in  th e future. To pro-

vide for flexible n atural lan guage com m un ica-

tion , a research  effort is un der way to in tegrate

NL-Soar (Leh m an , Lewis, an d Newell 1991), an

in d ep en d en t ly d evelop ed , Soar-based , real-

tim e n atural lan guage system , in to TacAir-Soar

(Rubin off an d Leh m an  1994).

A secon dary com m un icat ion  requ irem en t

in  t h e scen ar io  a r ises d u r in g p o st m issio n

d eb riefin g (Jo h n so n  1994a , 1994b ). Here,

TacAir-Soar m ust accept question s an d gen er-

ate respon ses. Quest ion s are cu rren t ly in pu t

t h r o u gh  a  d y n a m ica l ly  ge n e r a t e d  se t  o f

m en us. An swers are gen erated usin g a com bi-

n ation  of text  (with  a sim ple fun ction al-un ifi-

ca t io n -gram m ar–b ased  lan gu age gen era t o r

im plem en ted in  Soar) an d graph ic depiction s

of aircraft  con figu rat ion s. Th e com m u n ica-

t io n  t ech n iq u es u sed  h ere, a lt h o u gh  m o re

gen eral th an  th ose curren tly used for in tera-

gen t  coord in at ion , st ill n eed  to  be gen eral-

ized . Th ese t wo  fo rm s o f co m m u n ica t io n

capability also n eed to be m erged in to a sin -

gle m ultifun ction al capability.

Th e  n ex t  t h ree  r eq u irem en t s fro m  t h e

list—agen t m odelin g, p lan n in g, an d tem poral

reason in g—are also at  th e top  of our research

agen d a. Fo r each  o f t h ese cap ab ilit ies, t h e

rea l-t im e,  d yn am ic,  l im it ed -in fo rm a t io n ,

m ultiagen t n ature of th is en viron m en t poses

th e im portan t  research  ch allen ge. For exam -

ple, m uch  of th e exist in g work in  agen t m od-

elin g, as well as in  th e closely related area of

p lan  recogn it ion , h as focused  on  stat ic, sin -

gle-agen t en viron m en ts (except perh aps for a

recen t  effort  [Rao an d  Murray 1994] also in

t h e  a ren a  o f a ir -co m b a t  sim u la t io n ).  Th e

tech n iques th at  h ave em erged from  th is work

are n o t  d irect ly ap p licab le in  ou r en viron -

m en t given  th e agen ts’ com plex m ix of goal-

driven  an d reactive beh avior. Th e key idea in

th e solu tion  th at  we are in vestigatin g is th at

t h e  m ech an ism s t h a t  a  TacAir-So ar  agen t

em p loys in  gen erat in g it s own  flexib le an d

reactive beh aviors can  be used to track oth er

agen ts’ flexible an d reactive beh aviors (Tam be

an d Rosen bloom  1994). Prelim in ary solu tion s

from  th ese in vest igat ion s are bein g in corpo-

rated in to TacAir-Soar.

Th e n ext  requ irem en t  in  th e list  is m ain -

tain in g ep isod ic m em ory. Ep isod ic m em ory

in  TacAir-Soar is u sed  p rim arily to  su p p ort

exp lan a t io n —an  agen t  can n o t  exp la in  it s

decision s an d act ion s if it  can n ot  rem em ber

th em . It  is also em ployed to a lim ited exten t

durin g agen t m odelin g, so th at  an  oppon en t’s

cu rren t  act ion s are in terp reted  based  on  it s

action s in  th e past . Episodic m em ory in  gen -

e ra l  r a ise s h a rd  lea rn in g issu es fo r  So a r :

Because episodic m em ory is a basic ch aracter-

ist ic of h um an  cogn it ion , a un ified  th eory of

cogn it ion  ough t to provide a gen eral m ech a-

n ism  for it . Th e ep isod ic-m em ory m odel in

TacAir-So ar was d esign ed  t o  m eet  sp ecific

requ irem en ts for agen t  debriefin g as well as

gen eral con st rain ts im posed  by th e dom ain

an d th e arch itecture. Th e gen eral con strain ts

are th at  ep isod ic m em ory sh ou ld  add  m in i-

m al processin g overh ead durin g m ission  exe-

cu tion  an d, for efficien cy reason s, sh ould  n ot

substan tially in crease th e size of Soar’s work-

in g m em ory. Min im izin g processin g overh ead

m ean s t h at  ep isod ic m em ory con st ru ct ion

sh ould  n ot in volve th e explicit  application  of

o p era t o rs t h a t  can  co m p et e  an d  in t erfere

with  t h e o th er t asks t h at  t h e agen t  is p er-

fo rm in g. Th e n eed  to  m in im ize t h e u se o f

workin g m em ory im p lies th at  sim p le so lu -

t io n s, su ch  as lo ggin g all even t s an d  st at e

ch an ges, are in adequate. To p rovide a h igh -

quality debriefin g capability, it  is im portan t

th at  th e agen t  h ave an  accu rate m em ory of
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own  or are flyin g in  coord in ated  pairs (th at

is, as a sect ion ). Th ey m igh t  addit ion ally be

supported  by groun d  or air con trollers wh o

can  use th eir m uch  larger radar coverage to

provide in form ation  to th e figh ters on  en em y

figh t ers t h a t  a re  o u t sid e  t h e ir  o w n  rad a r

ran ge. Th ese con trollers can  be realized eith er

by h um an s th rough  a special graph ic in ter-

face to  ModSAF or by th e specificat ion  of a

grou n d - o r air-con t ro l m ission  to  a TacAir-

Soar agen t.

By takin g advan tage of th e n etworked en vi-

ron m en t (figure 1), we h ave been  able to run

scen arios in volvin g as m an y as eigh t figh ters

an d  two con trollers. TacAir-Soar’s m ain  area

o f exp ert ise  is beyond-visual-range com bat ,

wh ere p ilots on ly h ave radar an d com m un i-

cat ion  in form at ion  abou t  en em y aircraft , as

opposed to within-visual-range com bat, wh ere

pilots can  also directly see th e en em y aircraft .

TacAir-Soar p ilots can  fly th ree differen t types

of aircraft , th ree d ifferen t  types of “aircraft -

versu s-aircraft” com bat  m ission , an d  a su b-

st an t ia l var iet y  o f m an eu vers an d  t act ics.

TacAir-Soar in cludes approxim ately 200 oper-

a t o rs sp read  o ver  2 4  p ro b lem  sp aces an d

about 1700 ru les. It  h as con sum ed about two

years’ worth  of team  effort  to reach  th is poin t

(in cludin g a large ram p-up t im e for relevan t

kn o wled ge acq u isit io n  an d  in frast ru ct u re

developm en t).

Mo re recen t ly, we h ave b een  ex t en d in g

TacAir-Soar to  fly typ es o f aircraft  an d  p er-

form  types of m ission  th at  are qu ite d ifferen t

from  th ose u sed  in  “aircraft -versu s-aircraft”

scen arios. With  resp ect  t o  aircraft , t h e key

n ew  t yp e is an  at tack  h elicopter (G u n st o n

1 9 8 6 ) ,  w h ic h  a c t s  m u c h  l ik e  a  h y b r id

between  a fixed-win g aircraft  an d  a grou n d

veh icle (such  as a tan k). Its m ission s, tactics,

an d weapon s differ in  a n um ber of sign ifican t

ways from  fixed-win g air-to-air com bat, m ost

im p o rt an t ly in  t h e way it  n eed s t o  reaso n

about, p lan  with  respect  to, n avigate with in ,

an d exploit  terrain  features such  as h ills an d

trees. With  respect  to fixed-win g aircraft  m is-

sion s, t h e key n ew on e is close air support,

wh ich  is an  “aircraft -versu s-grou n d  t arget”

m issio n  co n d u ct ed  in  su p p o r t  o f gro u n d

t r o o p s.  A key  a d d i t io n a l  ca p a b i l i t y  t h a t

TacAir-Soar p ilots require for close air support

is th e ability to accept n ew m ission s dyn am i-

cally an d  p lan  th e details of it s at tack. Th is

capability in volves determ in in g factors such

a s  t h e  t im in g ,  o r d n a n c e ,  a l t i t u d e ,  a n d

m eth od of at tack. Th is p lan n in g is based on

in form at ion  regard in g th e weath er, t errain ,

t arget  size, en em y an t iaircraft  cap ab ilit ies,

an d so on . Th us, th e beh avior of th e system

even t s an d  t h eir  seq u en ce, p erh ap s m o re

a ccu r a t e  t h a n  h u m a n  e p iso d ic  m e m o r y,

wh ich  is pron e to errors in  both  recon struct-

in g even t s an d  d e t e rm in in g t h e ir  p ro p er

order. Th e curren t im plem en tation  of episod-

ic m em o ry is a  co m p ro m ise am o n g t h ese

requirem en ts. Th e sequen cin g of even ts (th at

is, sign ifican t operator application s) is record-

ed  in  w o rk in g m em o ry  so  t h a t  i t  ca n  b e

recalled  accurately. Th e states in  wh ich  th ese

even ts occurred, h owever, are stored by com -

m itt in g state ch an ges to lon g-term  m em ory.

Th e lon g-term  m em ory m ech an ism  em ploys

ch un kin g, usin g a varian t  of th e data-ch un k-

in g m ech an ism  used in  oth er Soar system s to

rem em ber d eclarat ive in fo rm at io n  (Ro sen -

bloom , Laird , an d Newell 1987).

Th e  fin a l  r eq u ir em en t —t h e  a b i l i t y  t o

exp la in  o n e’s o wn  b eh avio r—is b o t h  co n -

strain ed an d facilitated  by th e Soar arch itec-

ture. Th e con strain t arises from  th e in ability of

Soar-based  agen ts to  d irect ly exam in e th eir

own  ru les. Th is con st rain t  is m ot ivated  by,

am on g oth er th in gs, com parable h um an  lim i-

tation s on  self-reflection . It  im plies th at un der-

stan d in g of on e’s own  beh avior m u st  com e

from  th e observation  of, th e learn in g about,

an d, possibly, th e experim en tat ion  with  th is

beh avior rath er th an  by direct exam in ation  of

th e code th at gen erated it . Th e facilitation  aris-

es from  th e m etalevel support  Soar p rovides

for explorin g its own  beh avior. Such  support

en ables Soar to both  reflect on  th e actual deci-

sion s th at were m ade an d reason  h ypoth etical-

ly about altern ative situation s an d decision s to

iden tify wh ich  situation al factors are m ost sig-

n ifican t for decision  m akin g. In  con trast to th e

tim e-lim ited  n ature of th e beh avior requ ired

du rin g m ission s, wh ere exten ded  m etalevel

activity can  be problem atic, such  beh avior is

ju st  wh at  is n eeded  du rin g a debriefin g ses-

sion . Fu rth erm ore, th e resu lt s o f m eta-level

reason in g are sum m arized  in  ch un ks, wh ich

facilitate subsequen t  exp lan at ion . Curren t ly,

TacAir-Soar’s explan ation  capability allows it

to  an swer quest ion s regard in g th e act ion s it

perform ed an d th e con clusion s it  cam e to dur-

in g task perform an ce. In  th e future, addition al

capabilities m igh t en able TacAir-Soar to obtain

feedback from  expert  p ilo t s du rin g su ch  an

explan ation  session , providin g TacAir-Soar an

op p ortu n ity to  im p rove it s p erform an ce by

learn in g from  th is feedback.

Curren t Status an d Future Needs

TacAir-Soar is at  presen t capable of part icipat-

in g in  sim ulated tactical air-com bat scen arios

in vo lvin g figh t ers t h at  are eit h er o n  t h eir
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can  be very differen t if on e of th ese param e-

ters is ch an ged (for exam ple, if th e weath er is

part ly cloudy in stead of clear). Th is p lan n in g

capability is a prototype for som e of th e types

of p lan n in g th at  will be req u ired  fo r o th er

m ission s.

D u r in g  t h e  n e x t  t h r e e  y e a r s ,  w e  w i l l

expan d th e scope (breadth ) an d com peten ce

(depth ) of TacAir-Soar in  preparation  for th e

STOW-97 exercise. In  term s of scope, TacAir-

Soar n eed s t o  cover a  t o t al o f 16  d ifferen t

m ission  types, in cludin g suppression  of elec-

tron ic defen ses, strategic at tack, in terdiction ,

su rface a t t ack, t ro o p  t ran sp o rt , reco n n ais-

san ce, an d  refuelin g. Som e of th ese m ission

types are n atural exten sion s of its air-com bat

an d close air support  m ission s, bu t  oth ers are

quite d ifferen t.

Providin g com peten ce in  th ese m ission s is

n ot just  a m atter of developin g each  m ission

for an  in dividual p lan e to fly. Man y of th ese

m ission s, such  as close air support , require a

section  or d ivision  (two section s) of p lan es to

ch eck in  with  variou s con t ro llers wh o  can

d yn am ically m od ify variou s asp ect s o f t h e

m ission , such  as th e gen eral rou te th e p lan es

are to take or th e specific target  of th e at tack.

Moreover, th ere are in tegrated m ission s, such

as an  offen sive strike, th at  in volve as m an y as

20 to 30 aircraft , each  with  its own  m ission

but able to coordin ate its beh avior with  oth er

aircraft . In  support  of th e various m ission s,

TacAir-Soar will n eed  to kn ow h ow to fly as

m an y as 50 differen t aircraft  types. Alth ough

m an y of th ese aircraft  are sim ilar to th e air-

craft  it  can  already fly—at  least  at  th e level

th ey are m odeled for our sim ulation s—som e,

su ch  as th e h elicop ters, are q u ite d ifferen t .

We an ticipate th at  th ese n ew types of m ission

an d  aircraft  will d rive m u ch  o f o u r fu t u re

research  an d developm en t effort  in  th is area.

Alth ough  th e requ irem en ts with  regard  to

scop e are th u s at  least  som ewh at  clear, th e

requ irem en ts with  regard  to com peten ce are

n ot. In  part icu lar, th e goal of th e TacAir-Soar

system  is n ot to win  a sim ulated air com bat

by an y an d  all m ean s (in clu d in g sim u lato r

qu irks). Rath er, th e goal in volves rem ain in g

faith fu l to th e specified  con strain ts, in cludin g

th e m ission  p aram eters an d  th e con t in u ed

display of h um an like beh avior. Th us, in  som e

scen arios, TacAir-Soar m igh t  fail at  perform -

in g its m ission  in  a tactical sen se bu t st ill be

com pletely successfu l in  term s of th e require-

m en ts for in telligen t  au tom ated  forces. Our

p lan , th erefore, is to  u se con stan t  feedback

from , an d  com parison s with , expert  h um an

pilots to drive both  th e developm en t an d th e

evaluation  of TacAir-Soar’s com peten ce (com -

plem en ted with  m ore abstract  evaluation s of

in d ividual system  com pon en ts, wh ere feasi-

b le). Gen era lly, t h is p lan  in vo lves h avin g

experts watch  sim ulated en gagem en ts in volv-

in g TacAir-Soar an d  h um an  p ilo ts an d  th en

askin g th e experts to  an alyze an d  com m en t

on  th e beh avior of th e part icipan ts. So far, we

h ave received  en th usiast ic com m en ts abou t

TacAir-Soar’s beh avior, alon g with  som e spe-

cific su ggest ion s abou t  h ow it s beh avio r is

in appropriate. However, th ere is st ill a lon g

way to go.

Related Work

Th ere are at  least  fou r classes of system s to

wh ich  TacAir-Soar n eeds to be com pared. Th e

first  class in cludes system s th at provide in telli-

gen t forces for battlefield  sim ulation s in  gen -

eral an d air-com bat sim ulation s in  particular.

Sem iautom ated forces ten d to be developed as

com bin ation s of fin ite-state m ach in es (FSMs)

an d  arbit rary code (Calder et  al. 1993). Th is

st rat egy h as p roven  ad eq u ate fo r en cod in g

fragm en ts of well-defin ed beh avior but h as so

far fallen  con siderably sh ort of auton om ously

com peten t beh avior (th us requirin g frequen t

in terven tion  by kn owledgeable h um an s). FSM

lan guages are sim ply too restrictive to support

th e represen tation  of h um an like in telligen ce.

Th e ability to use arbitrary code does provide

sign ifican t im provem en ts in  flexibility; h ow-

ever, th is flexibility of lan guage un fortun ately

does n ot by itself tran slate in to flexibility of

beh avior by th e system  th at  is p rogram m ed

with in  th e lan guage. Wh at  is m issin g is th e

h igh er-level support n ecessary to en able such

beh avioral flexibility, such  as th e support for

d yn am ic in t egra t io n  o f kn o wled ge d u rin g

beh avior an d goal-driven  problem  solvin g an d

plan n in g.

Most  o f t h e syst em s th at  go  beyon d  th e

sim ple FSM strategy are structured  as sim ple

ru le-based expert  system s for tactical decision

m akin g (Korn ell 1987; Zytkow an d  Erickson

1987). Given  TacAir-Soar’s own  kn owledge-

in ten sive (ru le-based ) ap p roach  to  d ecision

m akin g, it  does sh are som e sim ilarit ies with

such  system s. However, alth ough  expert  sys-

tem s h ave som e of th e stren gth s required for

realist ic sim u lat ion , th ey are weak in  o th er

areas. For exam ple, in  a stan dard  ru le-based

approach , it  is d ifficu lt  to  cap tu re th e com -

plexity of th e m ult ip le dyn am ic goals about

wh ich  p ilots m ust  reason . In  addit ion , th ese

system s typically rely on ly on  h igh -level tac-

t ical kn owledge an d, as a resu lt , prove to be

ra t h e r  r ig id —u n less t h ey  ca n  b e  p r ep ro -

gram m ed  fo r  every  p o ssib le  co n t in gen cy,
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All tasks in Soar are formulated as attempts to achieve

goals in problem spaces (Newell et  al. 1991). Each

problem space consists of a set of states and a set of

operators. States represent situat ions, and operators

represent actions. Operators perform the basic deliber-

ate acts of the system. They can perform simple, prim-

it ive act ions that  modify the internal state (such as

determining if all commit criteria are achieved) and/or

generate primitive external actions (such as switching

radar modes), or they can perform arbitrarily complex

actions, such as executing a mission. The basic pro-

cessing cycle is to repeatedly propose, select , and

apply operators of the problem space to a state, mov-

ing ahead one decision at a t ime. Operator selection,

application, and termination are all dynamically deter-

mined by the system’s knowledge. 

For expert-level performance, sufficient knowledge

is generally available so that the selection of the next

appropriate operator is not  problemat ic. However,

when operator-select ion knowledge is insufficient to

determ ine the next  operator to apply, an impasse

occurs, leading to the creation of a subgoal to deter-

m ine which operator should be selected (possib ly

through some search or planning technique [Rosen-

b loom , Lee, and Unruh 1993; Laird , N ew ell, and

Rosenbloom 1987]). Sim ilarly, if an operator is too

complex or unfamiliar for the available applicat ion

knowledge to handle directly, an impasse occurs, lead-

ing to the creation of a subgoal to apply the operator.

This type of operator and associated subgoal is ubiqui-

tous in TacAir-Soar, where operators such as intercept

are selected and, in turn, lead to a goal in which oper-

ators specific to intercepts, such as plan-intercept -

geometry or employ-missile, are proposed, selected,

and applied to carry out the intercept. This is a goal-

decomposition scheme in which the decomposition of

a goal is not static but is determined step by step as

operators are dynamically selected and applied. Thus,

subgoals arise during the process of select ing and

applying operators, leading to the dynamic generation

of a goal hierarchy. These subgoals disappear when

the associated impasse is resolved, either because an

operator can be selected or because a selected opera-

tor is terminated.

Each problem space for each goal in the hierarchy

has its own state. Each such state includes a represen-

tat ion of all its supergoals (and their states)—Soar’s

subgoals are funct ionally at  the metalevel (Rosen-

bloom, Laird, and Newell 1988)—plus, possibly, repre-

sentat ions that  are local to the part icular goal and

problem space. The top state includes all sensor data

from the external environment , which is thus also

available in all subgoals. At any time, states at any lev-

el of the goal hierarchy can change, usually through

the changing of sensor values. Because Soar’s knowl-

edge is also active for all levels, an operator can termi-

nate at any level of the hierarchy—including interme-

d iat e levels—at  an y t im e.  Such  a t erm in at ion

automatically flushes all lower levels of the hierarchy

and can lead to the select ion of a new operator to

replace the terminated one.

All Soar’s knowledge, be it for selection, application,

or termination of operators, is stored in the form of

productions (condit ion-action rules). Any changes in

goals, states, and perceptions can cause these produc-

tions to fire. There is no conflict resolution, so all appli-

cable productions are allowed to fire in parallel. Oper-

ator-select ion knowledge consists of product ions that

test the current goal or state and generate symbolic

preferences about the absolute or relat ive worth of

operators. For example, given a particular situation, a

production might generate a preference that an oper-

ator to turn left  is bet ter than an operator to turn

right. As the state changes, some preferences can be

retracted (if the situation no longer matches the con-

dit ions of the rules that generated them) and others

generated, so that decisions—which are made by a

fixed, architectural decision procedure—can always be

based on preferences relevant to the current situation.

Operator-applicat ion knowledge consists of productions

that modify the state in accordance with the particular

operator selected and, possibly, generate output com-

mands. Operator-terminat ion knowledge consists of

productions that test the state and generate a termi-

nat ion signal if the state corresponds to what  the

operator is to accomplish.

Goals and their results form the basis of Soar’s learn-

ing mechanism, chunking. Chunking acquires new

productions, called chunks, that summarize the pro-

cessing that leads to subgoal results, that is, to ele-

ments generated in subgoals that  are accessible in

supergoals. A chunk’s act ions are based on these

results. Its condit ions are based on those aspects of

the supergoals that are relevant to the determination

of the results. Once a chunk is learned, it can fire in

relevantly similar future situations, directly producing

the required result and possibly avoiding the impasse

that led to its formation. This chunking process is a

form of explanat ion-based learning (M itchell, Keller,

and Kedar-Cabelli 1986; Rosenbloom and Laird 1986).

Articles

34 AI MAGAZINE

Soar



t h eir  p erfo rm an ce d egrad es grea t ly  w h en

faced  wit h  u n exp ect ed  sit u a t io n s. Fin a lly,

expert  system s gen erally ign ore th e oth er cog-

n it ive aspects of th e task, such  as m odelin g of

oth er agen ts in  th e en viron m en t an d beh av-

in g in  a h um an like m an n er. Soar was specifi-

cally con st ru cted  to  overcom e su ch  lim ita-

t ion s of stan dard  ru le-based  expert  system s.

Besides Soar, on e o th er system  in  th is class

th at  at tem pts to provide for flexible beh avior

is a recen t  effort  at  th e Au st ralian  Art ificial

In telligen ce In st itu te (Rao  et  al. 1993) th at

attem pts to use th e procedural reason in g sys-

tem  (PRS) (Georgeff an d  Lan sky 1986) as a

basis for m odelin g p ilots in  air-com bat sim u-

la t io n .  H o w ever,  t h is e ffo r t  d o es n o t  ye t

appear to be far en ough  alon g to evaluate th e

exten t to wh ich  it  can  actually provide such

flexibility in  th is dem an din g dom ain .

Th e secon d class of system s in cludes th ose

based  on  o th er AI agen t  arch it ectu res t h at

at tem pt th e in tegrat ion  of a variety of com -

pon en t capabilit ies. Th is category of system s

is m uch  broader. For exam ple, con sider th e

la rge n u m b er o f syst em s p resen t ed  a t  t h e

1991, 1994, an d  1995 AAAI Sp rin g Sym p o-

siu m  o n  Agen t s an d  Agen t  Arch it ect u res.

Un fortun ately, th e ch aracterist ics of th e space

o f agen t  d esign s an d  arch it ect u res are n o t

well en o u gh  u n d erst o o d  t o  en ab le a  clear

u n d erst an d in g o f th e relat ion sh ip  between

TacAir-Soar an d  th ese o th er system s. Abou t

th e best  we can  do at  th is poin t  is to com pare

th e n um ber an d types of capabilit ies exh ibit-

ed  by th ese system s. Based on  such  an  evalua-

t ion , TacAir-Soar appears to be on e of a very

few system s th at  in tegrate so  m an y d ist in ct

capabilit ies (alth ough  clearly n ot all its capa-

bilit ies exist  in  as gen eral a form  as th ey u lt i-

m ately ough t to). An oth er stron g effort  in  th e

a ren a  o f h igh ly  in t egra t ed  a gen t s w o u ld

appear to be Vere an d Bickm ore’s (1990) BASIC

AGENT, wh ich  com bin es lim ited  n atu ral lan -

gu age u n derstan d in g an d  gen erat ion , p lan -

n in g, t em p o ral reaso n in g, p lan  execu t io n ,

episodic m em ory, sim ulated sym bolic percep-

tion , an d som e gen eral world  kn owledge.

Th e th ird  class is oth er system s im plem en t-

ed  wit h in  t h e So ar arch it ect u re. Alt h o u gh

th ere are m an y such  system s (descrip tion s of

a n u m ber o f th em  can  be fou n d  in  Rosen -

bloom , Laird , an d Newell [1993]), two im por-

tan t  ch aracterist ics of TacAir-Soar set  it  apart .

First , TacAir-Soar is to actually be fielded an d

used in  a real-world  en viron m en t. Th is sim u-

lation  en viron m en t is real world  in  th e sen se

th at  it  h as been  developed by ou tside (com -

m ercial an d govern m en t) groups, it  is of sig-

n ifican t d irect  value to th ese groups, an d th ey

h ave a d irect  n eed  for part icipat ion  in  it  by

in t e l l ige n t  a ge n t s .  Se c o n d ,  Ta c Ai r -So a r

requires th e in tegration  of a m ore diverse set

of capabilit ies th an  an y p revious Soar-based

sy st e m .  M o st  o f  t h e se  ca p a b i l i t i e s  h a v e

alread y been  exh ib it ed  by in d ivid u al Soar-

b ased  syst em s—kn o w led ge-in t en sive  an d

go al-d riven  b eh avio r (Priet u la  et  a l. 1991;

Rosen bloom  et  al. 1985), reactivity an d real-

t im e perform an ce (Pearson  et  al. 1993; Laird

an d  Ro sen b lo o m  1990), p lan n in g (Ro sen -

bloom , Lee, an d Un ruh  1993; Stobie, Tam be,

an d Rosen bloom  1992), agen t m odelin g (Hill

an d Joh n son  1994; Ward 1991), an d n atural

lan gu age co m m u n icat io n  (Leh m an , Lewis,

an d Newell 1991)—an d th ese earlier system s

h ave provided th e stron g foun dation s n eces-

sary fo r th e work on  TacAir-Soar. However,

m o st  o f t h e se  sy st em s,  in  r e fle c t in g  t h e

research  in terest s o f th eir d evelop ers, h ave

targeted in dividual capabilit ies in  isolation  or

a sm all n u m ber of cap abilit ies in  com bin a-

t ion . Th ere h ave been  in it ial prom isin g steps

toward  in t egrat ion  o f m u lt ip le cap ab ilit ies

( fo r  e x a m p le ,  H u ffm a n  [1 9 9 4 ];  N e l so n ,

Leh m an , an d  Joh n  [1994]; Laird  an d  Rosen -

b lo o m  [1 9 9 0 ];  Po lk ,  Le w is ,  a n d  N e w e l l

[1989]), bu t  th ese h ave been  exception s. We

h ave th us realized for som e t im e n ow, as h ave

som e oth ers, a n eed for Soar system s th at  pro-

vide a t igh ter in tegration  of a wider ran ge of

capabilit ies. For exam ple, Hayes-Roth  (1993)

in  h er com m en ts on  th e work on  in tegration

in  Soar states,

Let  m e p resu m e t o  o ffer  a  fr ien d ly

ch a l len ge  t o  t h e  So a r  t ea m .  G iv e  u s

“Agen t-Soar,” in tegratin g all of th e “con -

ten t” of th e exist in g Soar application s in

a gracefu l, p rin cip led  fash ion  with in  a

sin gle in stan ce of th e Soar arch itectu re.

Sh ow us th e resu lt in g econ om ies of stor-

age an d  Agen t-Soar’s global perspect ive

on  its kn owledge. Sh ow us h ow Agen t-

So ar  can  exp lo it  a ll  o f it s co n t en t  t o

m eet  several of th e com pon en t requ ire-

m en ts for in telligen ce sim ultan eously.

Ta cAir -So a r  t a kes so m e co n cre t e  st ep s t o

address th is frien dly ch allen ge. As outlin ed in

th e previous section , TacAir-Soar already in te-

gra t es a  d iverse  set  o f cap ab ilit ies,  an d  it

p rom ises to  in tegrate even  m ore, in clu d in g

n atural lan guage an d learn in g.

Th e fou rth  class is system s th at  specialize

in  TacAir-Soar’s in d ividual capabilit ies, such

as p lan n in g or agen t  m odelin g. Th ese capa-

bilit ies rep resen t  core research  issu es in  AI,

wh ich  o u r p ro ject  m u st  ad d ress, a lt h o u gh

wit h in  t h e co n fin es o f creat in g in t egrat ed

pilot  agen ts. We n ecessarily look to th ese spe-
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of th e oth er m em bers of th e team  in volved in

th e creation  of th e TacAir-Soar system , part ic-

u larly Jill Leh m an , Pau l Nielsen , an d  Robert

Rubin off.
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an d  fro m  t h e  N a va l Resea rch  La b o ra t o r y

(NRL) to  th e Un iversity of Mich igan  (an d  a

su bco n t ract  t o  t h e Un iversit y o f So u t h ern
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ject  wou ld  n o t  h ave been  p ossib le with ou t

th e vision ary support  of Com m an der Den n is

McBrid e o f ARPA/ ASTO  an d  t h e t ech n ica l

su p p o r t  o f Ed  H a r v e y,  To m  Br a n d t ,  Bo b

Rich ard s, an d  Craig Pet ersen  o f BMH In c.;
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In c.; an d David Keirsey of Hugh es Aircraft  Co.

Notes

1. ModSAF also provides oth er types of air, groun d,

an d sea veh icles n ot d iscussed h ere as well as facili-

t ies fo r creat in g an d  con t ro llin g sem iau tom ated

forces.

2. LL’s radar h as oth er m odes of operation , n ot all

of th em  based on  th e Doppler prin cip le. However,

th e Doppler m ode is n ecessary for lon g-ran ge m is-

sile firin g.
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