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Soar is a theory of cognition embodied in a computer system. In 1987 it was used as the central exemplar to 

make th e cas e tha t  cognitiv e scienc e should  attemp t  unifie d theorie s o f  cognitio n ( U T C )  [13] ^  Sinc e then , 

m u ch researc h ha s bee n don e t o m o v e Soa r  towar d bein g a  rea l  U T C ,  rathe r  tha n jus t  a n exemplar .  Figur e 1 

list s th e relevan t  studies^ .  The y hav e bee n don e b y a  broa d communit y o f  researcher s i n th e pursui t  o f  a 

multiplicit y o f  interests .  Thi s symposiu m present s fou r  o f  thes e studie s t o conve y th e curren t  stat e o f  Soa r 

as a  U T C (thei r  name s ar e marke d wit h asterisk s i n th e figure).  Thi s shor t  pape r  provide s additiona l  breadt h 

and context . 

THE SOAR ARCHITECTURE 

We revie w her e th e basi c structur e o f  th e Soa r  architecture ,  whic h ha s bee n describe d i n detai l  elsewher e 

[8 ,  13 ,  20] .  Soa r  formulate s al l  task s i n proble m spaces ,  i n whic h operator s ar e selectivel y applie d t o th e 

curren t  stat e t o attai n desire d states .  Proble m space s appea r  a s triangle s i n Figur e 2  (whic h describe s a 

Soar  syste m fo r  comprehendin g natura l  language) .  Proble m solvin g proceed s i n a  sequenc e o f  decisio n 

cycle s tha t  selec t  proble m spaces ,  states ,  an d operators .  Eac h decisio n cycl e accumulate s knowledg e fro m a 

lon g ter m recognitio n memor y (realize d a s a  productio n system) .  Thi s m e m o r y continuall y matche s agains t 

workin g memory ,  elaboratin g th e curren t  stat e an d retrievin g preference s tha t  encod e knowledg e abou t  th e 

nex t  ste p t o take .  Acces s o f  recognitio n m e m o r y i s involuntary ,  parallel ,  an d rapi d (assume d t o tak e o n th e 

orde r  o f  1 0 milliseconds) .  Th e decisio n cycl e accesse s recognitio n m e m o r y repeatedl y t o quiescence ,  s o 

eac h decisio n cycl e take s o n th e orde r  o f  10 0 milliseconds . 

If Soar does not know how to proceed in a problem space, an impasse occurs. Soar responds to an impasse 

by creatin g a  subgoa l  i n whic h a  n e w proble m spac e ca n b e use d t o acquir e th e neede d knowledge .  I f  a 

lac k o f  knowledg e prevent s progres s i n th e n e w space ,  anothe r  subgoa l  i s  create d an d s o on ,  creatin g a 

goal-subgoa l  hierarchy .  Figur e 2  show s h o w multipl e proble m space s arise .  Onc e a n impass e i s resolve d b y 

proble m solving ,  th e chunkin g mechanis m add s n e w production s t o recognitio n m e m o r y encodin g th e result s 

of  th e proble m solving ,  s o th e impass e i s avoide d i n th e future .  Al l  incomin g perceptio n an d outgoin g moto r 

conmiand s flow  throug h th e stat e i n th e to p proble m spac e (whic h occur s abov e th e space s i n Figur e 2) . 

FOUR EXAMPLES OF RECENT PROGRESS 

NL-Soa r  (Huffman ,  Lehman ,  Lewi s an d Tessler ) 

Th e goa l  o f  th e NL-Soa r  wor k i s t o develo p a  genera l  natura l  languag e capabilit y  tha t  satisfie s th e constrain t 

of  real-tim e comprehension .  T o achiev e rate s o f  200-30 0 word s pe r  minute ,  NL-Soa r  mus t  recognitionall y 

brin g t o bea r  multipl e source s o f  knowledg e (e.g. ,  syntactic ,  semantic ,  an d tas k knowledge) .  I n additio n t o 

'Soa r  researc h encompasse s artificia l  intelligenc e an d huma n compute r  interactio n (HCI )  a s well ,  whic h w e wil l  largel y ignor e 
here . 

^We include several unpublished studies to better convey Soar's current state. 
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Figur e 2 :  Achievin g recognitiona l  comprehensio n f r o m deliberat e comprehens io n in  NL-Soar . 

supporting this kind of processing, the system must integrate with the rest of Soar to work in any task that 

require s languag e understanding . 

NL-Soar realizes real-time comprehension by applying a single operator to comprehend each word as it is 

read ,  droppin g int o lowe r  proble m space s t o complet e th e comprehensio n w h e n th e require d knowledg e i s 

not  directl y availabl e (i.e. ,  a n impass e i s reached) .  Figur e 2  show s thi s behavior .  A s i n previou s wor k [11] , 

we assum e tha t  comprehensio n build s a  situatio n mode l  o f  wha t  th e utteranc e i s about ,  an d a n utteranc e 

model  tha t  encode s th e syntacti c structur e o f  th e utterance .  W h e n Soa r  impasse s o n a  c o m p r e h e n d - w o r d 

operator ,  i t  drop s int o th e L a n g u a g e space ,  whic h ha s operator s tha t  m a k e change s t o th e tw o models .  A n y 

kin d o f  knowledg e ca n propos e a n operato r  (e.g. ,  syntacti c o r  semantic) ,  bu t  operator s hav e constraint s tha t 

must  b e satisfie d befor e the y ca n apply .  Thes e constraint s ca n b e arbitraril y  comple x syntactic ,  semantic , 

or  pragmati c tests .  T h e constraint s ar e checke d seriall y i n th e Constraint-chec k space ,  whic h consult s 

th e situatio n an d utteranc e models .  Checkin g semanti c constraint s m a y requir e accessin g genera l  worl d 

knowledge ,  whic h occur s i n th e Recal l  space .  Othe r  space s m a y b e involve d i n comprehension ;  fo r 

example ,  referen t  resolutio n happen s i n th e Resolve-referen t  spac e (no t  s h o w n i n th e figure).  O n c e th e 

deliberat e proble m solvin g produce s th e knowledg e t o resolv e th e c o m p r e h e n d - w o r d operator' s impass e a t 

th e top ,  chunkin g add s n e w element s t o lon g ter m m e m o r y s o comprehensio n ca n procee d b y recognitio n fo r 

simila r  utterance s an d context s i n th e future .  Thes e chunk s d o th e constrain t  checkin g i n parallel ,  integratin g 

int o a  singl e recognitio n th e disparat e knowledg e source s tappe d i n th e deliberat e proble m solving . 
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NL-Soa r  i s a  functionin g languag e system :  it s syntacti c knowledg e currentl y comprise s abou t  7 5 % o f  Jame s 

Allen' s outlin e o f  Englis h i n [1] ,  an d i t  ca n handl e th e semantic s o f  simpl e instruction s fo r  th e immediat e 

reasoning  [11 ]  an d Robo-Soa r  blocks-worl d task s [7 ,  9] .  Th e nove l  aspec t  o f  th e recen t  wor k i s usin g 

chunkin g t o routinel y mov e knowledg e u p th e proble m spac e hierarch y t o creat e a n integrate d recognitiona l 

comprehensio n system .  A  preliminar y analysi s ove r  a  ver y smal l  se t  o f  tes t  sentence s indicate s tha t  abou t 

hal f  th e chunk s perfor m lexica l  acces s (i.e. ,  th e chunk s ar e specifi c  t o lexica l  items) .  Th e remaining  non -

lexica l  chunk s ar e als o fairi y  specific ,  usuall y tie d t o particula r  syntacti c form s an d semanti c categories . 

Whil e ther e i s transfe r  t o ne w utterances ,  th e transfe r  i s  limite d b y th e specificit y o f  th e chunks .  Thi s implie s 

a mode l  o f  comprehensio n tha t  depend s o n a  larg e numbe r  o f  fairl y  specifi c  chunk s [13] .  Thi s doe s no t  mea n 

ther e i s n o generalit y i n NL-Soar' s linguisti c knowledge .  Quit e th e opposite ,  th e Languag e spac e comprise s 

ver y genera l  source s o f  knowledge .  I t  simpl y mean s tha t  th e generalit y i s  limite d a t  th e recognitiona l  level . 

Additiona l  research  i s necessar y t o full y  establis h th e sufficienc y o f  thi s model . 

SC-Soar (Simon) 

The goa l  o f  th e SC-Soa r  wor k i s t o develo p a  mode l  o f  regularity  detectio n a s i t  occur s i n serie s completio n 

task s (e.g. .  A ,  B ,  A ,  C ,  A ,  ?) .  Solvin g thes e puzzle s require s th e capabilit y  t o hypothesiz e an d tes t  th e 

underiyin g rul e o f  th e series .  Th e series-completio n tas k provide s a  microcos m fo r  studyin g concep t 

acquisition ;  i t  involve s inducin g a  concep t  fro m example s an d encodin g th e environmen t  i n term s o f  th e 

ne w concept . 

SC-Soar solves a series completion problem by casting it as a comprehension task: comprehension operators 

ar e applie d t o eac h ite m i n th e series ,  an d subspace s encod e th e knowledg e o f  ho w t o hypothesiz e an d tes t 

th e imderiyin g rule .  Th e structur e i s tha t  o f  NL-Soar ,  althoug h th e knowledg e i s no t  abou t  languag e bu t 

abou t  th e relations  tha t  characteriz e th e series ,  an d th e focu s i s o n th e deliberat e phas e o f  thi s specialize d 

comprehension .  Comprehendin g a n ite m involve s finding  relationships  betwee n th e ite m an d othe r  item s i n 

th e serie s (relationship s ca n b e alphabeti c o r  identity) .  T o establis h a  relationship,  attentio n mus t  b e focuse d 

on a t  leas t  on e othe r  item ;  th e attentio n operator s posite d fo r  th e wor k o n immediat e reasoning  [16 ]  provid e 

thi s functionality .  Attendin g t o othe r  item s ma y als o trigge r  knowledg e t o hypothesiz e a  perio d siz e fo r  th e 

series .  Onc e a  perio d i s hypothesized ,  SC-Soa r  re-represent s th e serie s b y structurin g i t  int o group s o f  items . 

Thi s i s no t  accomplishe d i n on e massiv e step ,  bu t  occur s b y re-reading  th e series .  Thus ,  SC-Soa r  exhibit s a 

for m o f  progressiv e deepening .  Comprehensio n chunk s learne d durin g th e first  pas s transfe r  t o subsequen t 

passes ,  s o tha t  som e o f  th e deliberat e processin g ca n b e avoided .  Afte r  thi s re-encoding,  comprehensio n 

proceed s b y establishin g relationships  betwee n group s rathe r  tha n singl e items .  A  relationship  betwee n 

groups ,  combine d wit h th e simple r  relationships  withi n groups ,  establishe s a  hypothesi s fo r  th e underlyin g 

rul e o f  th e series .  Thi s hypothesi s i s teste d b y generatin g expectation s an d matchin g the m agains t  th e res t 

of  th e series . 

The novel features of SC-Soar are structuring the system into comprehension operators, modulating problem 

solvin g b y attention ,  an d learnin g durin g th e task .  Th e first  tw o hav e independen t  suppor t  fo r  thei r  plausibilit y 

fro m othe r  wor k [11 ,  13 ,  16] .  Th e learnin g i s importan t  fo r  modelin g progressiv e deepenin g behavio r  an d 

improvemen t  acros s trials .  Currentl y SC-Soa r  solve s te n ou t  o f  fifteen  serie s i n th e origina l  Simo n an d 

Kotovsk y se t  [22] .  Th e five  serie s i t  canno t  solv e wer e amon g th e mos t  difficult .  Fo r  th e te n i t  solves ,  th e 

number  o f  decisio n cycle s i t  take s t o hypothesiz e th e correc t  patter n provide s a  measur e o f  duratio n tha t 

correspond s closel y t o th e relative  difficult y o f  thes e serie s fo r  th e subjects .  Th e learnin g ha s no t  ye t  bee n 

compare d wit h huma n data . 
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Robo-Soa r  an d Hero-Soa r  (Laird ) 

Th e goa l  o f  th e Robo-Soa r  an d Hero-Soa r  wor k i s t o ge t  Soa r  t o interac t  wit h a n externa l  environment . 

Th e functiona l  demand s o f  workin g i n a  dynami c environmen t  includ e reactiv e execution ,  interruptibility , 

flexible  on-deman d planning ,  an d th e conversio n o f  deliberat e plannin g t o reactiv e execution .  Robo-Soa r 

and Hero-Soa r  ar c robotic  system s develope d t o explor e h o w Soa r  ca n suppor t  thes e capabilitie s [7 ,  9] . 

Robo-Soa r  control s a  P u m a ar m an d receive s perceptua l  inpu t  throug h a  camera ;  it s tas k i s t o alig n block s 

i n a  wor k area ,  unles s interrupte d b y a  flashin g "trouble "  light ,  i n whic h cas e i t  shoul d immediatel y pus h a 

button .  Hero-Soa r  control s a  mobil e robot  wit h gripper s an d sona r  sensors ;  it s  tas k i s t o navigat e aroun d a 

room lookin g fo r  cup s t o retrieve . 

Robo-Soar and Hero-Soar cope with the demands of external interaction by taking advantage of the three 

differen t  way s tha t  Soa r  ca n inten d actions :  b y recognition ,  b y deliberat e operato r  selection ,  an d b y 

unrestricte d proble m solving .  A t  th e lowes t  level ,  action s ca n b e evoke d b y a  singl e chun k i n recognitio n 

memory.  Thi s support s high-spee d respons e fo r  automati c reflexes ,  suc h a s stoppin g th e whee l  motor s 

when Hero-Soa r  detect s a n objec t  i n it s path .  N o deliberatio n i s involved ,  henc e th e actio n canno t  b e 

modulate d b y additiona l  knowledge .  A t  th e nex t  leve l  o f  control .  Soa r  choose s a n actio n b y selectin g a n 

operato r  i n a  proble m space .  Fo r  example ,  i n Robo-Soa r  operator s exis t  fo r  close-gripper ,  open-gripper , 

and move-gripper .  A t  eac h decisio n cycle ,  recognitio n m e m o r y retrieve s al l  th e relevan t  preference s abou t 

what  actio n t o d o next ,  an d th e decisio n procedur e interpret s thes e preference s t o m a k e a  uniqu e selection . 

Thus ,  th e decisio n i s base d upo n a n integratio n o f  al l  immediatel y availabl e knowledge ,  rathe r  tha n a n 

isolate d stimulus .  Thi s make s Soa r  interruptible ,  a s a t  eac h decisio n cycl e an y operato r  ca n b e propose d 

and considere d (e.g. ,  th e operato r  t o pus h th e button) .  Th e cos t  o f  bringin g mor e knowledg e t o bea r  i s time . 

However ,  th e decisio n cycl e i s fas t  enoug h (abou t  te n decision s pe r  second )  tha t  th e operato r  leve l  effect s 

reactiv e execution .  W h e n Soa r  lack s th e knowledg e t o selec t  th e nex t  actio n uniquely ,  a n impass e arises . 

Soar  respond s b y formulatin g thi s selectio n a s a  proble m t o b e solve d i n a  proble m space .  Plaimin g i s bu t 

one o f  a  numbe r  o f  method s available .  Fo r  example .  Soa r  coul d as k a n outsid e agen t  fo r  help .  Onc e th e 

impass e i s resolved ,  chunk s ar e adde d t o recognitio n m e m o r y tha t  wil l  allo w th e decisio n t o b e m a d e i n 

th e futur e withou t  proble m solving .  Thus ,  a s i n NL-Soa r  (Figur e 2) ,  chunkin g support s th e conversio n o f 

deliberat e processin g t o reactiv e execution . 

Robo-Soar and Hero-Soar are not psychological models of perception and action. However, whether the 

goal  i s  t o buil d a  mobil e robot  o r  mode l  huma n behavior ,  th e functiona l  demand s o f  workin g i n a  dynamic , 

uncertai n environmen t  ar e th e same .  F ro m th e U T C perspective ,  th e Robo/Hero-Soa r  wor k establishe s 

tha t  Soa r  i s sufficien t  t o handl e som e o f  thes e demand s an d permit s th e exploratio n o f  h o w perceptio n an d 

moto r  behavio r  integrat e wit h centra l  cognitio n an d learning .  I t  pave s th e w a y fo r  adoptin g psychologicall y 

realisti c perceptua l  an d moto r  systems . 

Browser-Soar (John) 

Th e goa l  o f  th e Browser-Soa r  wor k i s t o mode l  h o w human s interac t  wit h a  reactiv e environmen t  ( a compute r 

browser )  i n a  rapi d perception-actio n loo p [5] .  Browser-Soa r  i s intende d t o b e a  detaile d psychologica l  mode l 

of  th e moment-by-momen t  interaction. ^  Browser s ar e applicatio n program s tha t  allo w multipl e acces s path s 

t o dat a base s vi a recognitio n o f  pointer s (a s oppose d t o retrieva l  b y a  quer y conmian d language) .  Th e us e 

of  browser s i s characterize d b y bot h deliberat e searc h an d opportunisti c switche s i n searc h strategy .  Th e 

specifi c  browse r  studie d i s th e on-lin e hel p syste m fo r  cT ,  a n interactiv e graphic s programmin g language'* . 

Thi s browse r  consist s o f  thre e windows :  on e provide s acces s t o topic s vi a a  hierarchica l  menu ,  anothe r 

^Browser-Soa r  doe s no t  ye t  interfac e wit h actua l  roboti c effector s an d perceptua l  devices . 

*cT was developed at the Center for the Design of Educational Computing (CDEC), Carnegie Mellon University. 
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provide s acces s vi a a n alphabeti c list ,  an d th e thir d display s th e hel p tex t  fo r  a  selecte d topic . 

Browser-Soar consists of a set of problem spaces that provide the capability to search deliberately through the 

hel p windows ,  whil e allowin g recognitio n o f  ne w item s t o trigge r  knowledg e a t  an y tim e tha t  ma y chang e th e 

searc h strategy .  Th e to p proble m spac e i n Browser-Soa r  (Browse )  i s entere d whe n a n impass e arise s i n th e 

tas k spac e fo r  programmin g i n th e c T language .  A  browsin g episod e involve s bringin g u p th e hel p window , 

findin g th e appropriat e help ,  an d applyin g th e newl y foun d informatio n t o th e proble m a t  hand .  Eac h o f 

thes e activitie s correspond s t o a n operato r  i n th e Brows e space .  Currently ,  Browser-Soa r  implement s th e 

find-appropriate-help  operato r  Applyin g thi s operato r  result s i n a n impass e becaus e th e operato r  canno t 

be implemente d b y recognition .  Soa r  respond s b y settin g u p anothe r  proble m space ,  wit h operator s tha t 

defin e th e searc h criteri a (e.g. ,  wha t  label s t o loo k fo r  i n th e hel p windows) ,  defin e th e evaluatio n criteri a 

(ho w t o decid e tha i  som e piec e o f  informatio n wil l  actuall y hel p resolv e th e impass e i n th e tas k space) , 

carr y ou t  th e search ,  an d evaluat e th e searc h results.  Eac h o f  thes e operator s i s als o implemente d i n a 

proble m space ;  fo r  example ,  carryin g ou t  th e searc h fo r  th e define d criteri a i s accomplishe d i n a  spac e wit h 

operator s tha t  selec t  amon g searc h method s an d execut e them .  A t  th e botto m o f  th e proble m spac e hierarch y 

ar e moto r  operator s tha t  contro l  mous e an d keyboar d actions ,  an d cognitiv e operator s tha t  ca n b e applie d 

wit h directl y availabl e knowledge .  Th e operator s i n Browser-Soa r  ca n b e viewe d a s deliberat e goals ,  an d 

thi s organizatio n i s usefu l  fo r  modelin g th e goal-oriente d componen t  o f  browsin g a s wel l  a s th e mechanic s 

of  manipulatin g th e window s use d fo r  browsing .  Data-driven ,  opportunisti c behavio r  emerge s becaus e a n 

additiona l  operator ,  evaluate-new-items ,  i s propose d wheneve r  ne w informatio n i s brough t  withi n th e scop e 

of  attentio n (evaluate-new-item s i s availabl e i n ever y Browser-Soa r  proble m space) .  Th e curren t  proble m 

solvin g i s thu s interrupte d (a s i n Robo/Hero-Soar )  s o th e ne w item s ma y b e considered ,  possibl y suggestin g 

a mor e relevant  pat h t o pursue . 

Browser-Soar simulates in detail a 67 second episode of a cT programmer using the on-line help to try to 

find  a  particula r  graphic s command .  Th e simulatio n show s th e user' s behavio r  t o b e largel y GOMS-lik e [2] , 

i.e .  a  routin e cognitiv e skill ,  eve n though ,  becaus e o f  th e continuou s rapi d feedback ,  th e behavio r  migh t 

see m mor e ope n an d intelligentl y spontaneous .  O n th e othe r  hand ,  th e episod e contain s thre e faile d accesse s 

of  hel p tex t  an d tw o change s o f  searc h strategy .  T o handl e thes e require s form s o f  contro l  tha t  li e outsid e 

of  th e GOMS-styl e procedura l  hierarch y (e.g. ,  th e interrupt) .  Thus ,  Browser-Soa r  no t  onl y show s tha t  thi s 

browsin g behavio r  i s GOMS-like ,  bu t  characterize s th e way s i n whic h i t  depart s fro m tha t  simpl e model . 

MAKING PROGRESS TOWARD A UNIFIED THEORY OF COGNITION 

We no w ste p bac k fro m a n examinatio n o f  specifi c  model s t o loo k a t  ho w Soa r  a s a  whol e i s developing . 

Breadt h shoul d b e th e hallmar k o f  a  U T C .  I n fact ,  a  U T C effor t  tha t  engage s a  larg e numbe r  o f  independen t 

investigator s wil l  b y natur e procee d breadth-first .  Soa r  certainl y fits  thi s model ,  an d continue s t o cove r 

a wid e rang e o f  cognitiv e phenomen a (Figur e 1)^ .  Th e tas k variet y exhibite d i n Figur e 1  range s fro m 

traditiona l  proble m solvin g task s lik e Towe r  o f  Hanoi ,  t o highl y skille d task s suc h a s natura l  language , 

t o plaimin g an d interactin g i n a  dynami c externa l  environment .  Th e spa n o f  time-scale s i s als o eviden t 

fro m Figur e 1 ,  rangin g fro m immediat e response  task s t o developmenta l  tasks .  W e ar e beginnin g t o tak e 

advantag e o f  cross-domai n integration .  B y integratin g differen t  capabilitie s t o mode l  a  whol e task ,  w e ca n 

brin g mor e constraint s  t o bea r  an d reduc e theoretica l  degree s o f  freedom .  Thi s kin d o f  integratio n i s eviden t 

i n th e clos e relation  betwee n NL-Soa r  an d th e serie s completio n mode l  (SC-Soar) ,  an d i n wori c o n takin g 

^We tal k abou t  individua l  attempt s t o us e Soa r  a s a  cognitiv e theor y a s i f  the y wer e separat e systems ,  an d giv e the m uniqu e 
names,  suc h a s XX-Soar .  I n fact ,  eac h suc h syste m i s th e sam e Soar ,  bu t  wit h differen t  knowledge .  Suc h knowledg e i s ofte n ad-hoc , 
whic h pose s a  proble m o f  identifyin g th e contribution s o f  th e theory ,  bu t  thi s i s a  proble m fo r  al l  o f  psychology .  Se e [11 ]  fo r  a n 
approac h t o thi s proble m wit h Soar . 
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instruction s (NL-Soar ,  Bl-Soar ,  an d IR-Soa r  [11]) . 

In addition to achieving wide coverage, Soar must ultimately provide theories that press the scientific frontiers 

of  specifi c  domains .  Soa r  i s beginnin g t o achiev e suc h dept h i n divers e ways .  Th e immediat e behavio r  model s 

provid e zero-paramete r  prediction s o f  performanc e time s fo r  simpl e reaction ,  choic e reaction ,  transcriptio n 

typing ,  an d stimulus-respons e compatibilit y  task s [4 ,  13] .  IR-Soar(Syl) ,  th e syllogisti c reasoning  mode l 

[15,16] ,  ha s recentl y bee n extende d t o giv e a  detaile d accoun t  o f  individua l  differences .  Th e Browser-Soar , 

Data-Soa r  [24] ,  Generi c Desig n [14] ,  an d TOH-Soa r  [21 ]  model s provid e simulation s o f  thinkin g alou d 

protocol s fo r  thei r  respective  tasks .  Th e Towe r  o f  Hano i  simulatio n i s particularl y interestin g a s i t  use s 

chunkin g t o mode l  strateg y change .  Figur e 1  note s som e o f  th e differen t  way s tha t  Soa r  theorie s mode l 

behavior :  accountin g fo r  individua l  difference s (I) ,  simulatin g protocol s (P) ,  providin g qualitativ e coverag e 

of  phenomen a (Q) ,  demonstratin g th e sufficienc y o f  Soa r  t o accomplis h th e tas k (S) ,  an d makin g zer o 

paramete r  prediction s (Z) . 

Soar theories can be novel in their predictions and explanations, and/or synthetic, by incorporating existing 

theorie s an d wel l  understoo d mechanisms .  Fo r  example ,  beside s providin g a  ne w theor y o f  individua l 

differences ,  IR-Soar(Syl )  i s  syntheti c i n it s incorporatio n o f  th e theor y o f  menta l  model s [6] .  Browser -

Soar  i s essentiall y  a  GOMS-lik e model ,  bu t  introduce s ne w contro l  mechanisms .  NL-Soa r  i s syntheti c i n 

it s assimilatio n o f  existin g linguisti c knowledge ,  bu t  i s nove l  i n it s metho d fo r  automaticall y becomin g 

recognitional .  I n contrast ,  th e inunediat e behavio r  theor y build s mostl y o n previou s wor k i n HC I  [2 ,  3] , 

whil e th e mode l  o f  th e balanc e bea m tas k [13 ]  i s completel y uniqu e t o Soar . 

FUTURE DIRECTIONS 

We believ e i t  i s  no w fai r  t o asses s Soa r  a s a  genuin e candidat e fo r  becomin g a  generall y usefu l  U T C . 

Soar' s breadt h i s impressiv e an d ther e ar e beginnin g t o b e place s wher e i t  make s specifi c  contribution s a t  th e 

frontier .  However ,  th e coverag e remains  quit e patchy ,  whic h substantiall y  diminishe s th e assessmen t  o f  Soa r 

as a  coheren t  theory .  Also ,  Soa r  effort s ofte n evolv e alon g idiosyncrati c paths ,  viewe d agains t  th e standar d 

ways theor y an d dat a develo p i n psychology .  Fo r  instance ,  NL-Soar' s mechanis m fo r  th e transitio n fro m 

deliberat e t o recognitiona l  comprehensio n emerge s wel l  befor e NL-Soa r  confront s an y standar d linguisti c o r 

psycholinguisti c phenomena .  Ther e ar e reasons  fo r  thi s priority ,  namely ,  th e functiona l  necessit y o f  creatin g 

and growin g th e mas s o f  comprehend-wor d operators .  Bu t  i t  leave s NL-Soa r  deficien t  whe n evaluate d b y 

curren t  criteri a i n eithe r  linguistic s o r  psycholinguistics .  Mor e example s ca n b e easil y found .  Thus ,  ou r 

net  assessmen t  i s tha t  Soa r  mus t  stil l  b e viewe d a s nascent ,  an d a  substantia l  wait-and-se e attitud e i s stil l 

justified . 

Yet if one looks for encouraging results, they are also easily discerned. Integration of perception, cognition, 

and moto r  behavio r  i s proceeding ,  althoug h muc h stil l  need s t o b e done .  Th e littl e cluste r  o f  integratio n 

of  languag e comprehensio n (NL-Soar) ,  immediat e reasoning  (IR-Soar) ,  instruction-takin g (Bl-Soar) ,  an d 

concep t  formatio n (SC-Soar )  i s a n importan t  harbinger . 

Important changes are occurring that involve evolution of the Soar architecture itself. We have shifted to an 

underlyin g processin g o f  state s b y continuou s modificatio n rathe r  tha n discret e copyin g [10] .  W e continu e 

t o mov e towar d usin g a n annotate d model s representation  [16 ]  i n al l  o f  ou r  systems .  Th e effor t  i s alread y 

underwa y t o exten d Soa r  perceptio n t o mode l  visua l  attentio n [27] .  W e hav e becom e convince d tha t  th e 

existin g recognitio n memor y i s computationall y unrealistic ,  s o wor k i s i n progres s t o examin e alternativ e 

fomiulation s [25] .  W e ar e als o explorin g th e possibilit y  o f  implementin g th e Soa r  architectur e usin g a  neura l 

networi c  [17] . 
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